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Abstract 

Three sensors were tested for non-destructive and real-time monitoring of wood log 

moisture content (MC), air-dry density and basic specific gravity (BSG): a near-infrared 

(NIR) spectrometer, a time-resolved NIR instrument and a ground penetrating radar 

(GPR). Statistical and physical models were established to relate the NIR and GPR data 

to the wood properties investigated. The physical models involved the computation of 

intermediate physical properties: the optical coefficients and the relative permittivity for 

the NIR and GPR models, respectively. Additionally, the ability of these sensors to 

characterize properties from thawed and frozen wood, softwood and hardwood, sapwood 

and heartwood as well as from the cross section (CS) and through the bark (TB) of the 

logs was also investigated. The best estimation accuracies were achieved with the 

statistical models using partial least squares (PLS) regression. MC was best predicted 

using the GPR (with a root mean square error [RMSE] of 7% and a coefficient of 

determination [R2
] of 0.95), while BSG was best predicted using the NIR spectrometer 

(RMSE = 0.019, R2 
= 0.78). Air-dry density was estimated with a RMSE of 0.047 g·cm·3 

(R2 = 0.56) using time-resolved NIR analysis and one single wavelength (846 nm). The 

statistical models were capable of handling the influence of the log state, which was not 

taken into account in the physical models. However, the physical models presented are 

more easily transferable among sensors. Using the GPR, larger wood volumes are also 

sampled than when using the NIR systems. This work demonstrates that portable sensors 

based on NIR and GPR technologies could be used to determine MC and BSG of logs in 

the field. Such sensors could be used to reduce energy consumption, reduce waste, 

increase product quality and decrease production costs in the forest industry. 
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Chapter 1. Introduction 

1.1. General context 

Canada has 396.9 million hectares of forest, which represents about 10% of the world's 

forest cover and 39% of Canada's land area. It is a major natural resource and Canada's 

forest industry contributes substantially to its economy. The Canadian forest industry is 

a major employer nationwide, providing direct and indirect employment in 2014 to 

about 600,000 people (representing 1. 7% of the country's population). However, the 

forest product sector's share of GDP decreased between 1996 and 2013 from 3.25% to 

1.1 %, with a more significant drop between 2005 and 2009 (Natural Resources Canada 

2013). This recession was associated with the global economic downturn and with a 

decrease in demand for forest products. The housing crisis in the United States and the 

increasing use of electronic media at the expense of paper had the most important 

impacts on the Canadian forest industry. Since the recession, the product manufacturing, 

forestry and logging sectors have been steadily recovering thanks to a strong domestic 

demand, a rebound of the U.S. housing market and rapidly expanding Asian markets. 

The pulp and paper sector continues to decline. Currently, Canada is the second largest 

exporter of primary forest products in the world (after the United States), with a total 

exportation value of 25 .1 billion dollars in 2012. It is the world's leading exporter of 

softwood lumber, newsprint and wood pulp. Exports of wood biomass for bioenergy 

production have also been rapidly increasing in recent years. The main destinations for 

Canadian forest product exports in 2012 were the United States, China, Japan, the 
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European Union, South Korea and India, which receive respectively 63.1 %, 16.3%, 

5.2%, 3.8%, 2% and 1.3% of the total export value (Natural Resources Canada 2013). 

In today's global marketplace, innovation at every part of the forest sector value chain -

from the harvesting of the logs to the manufacturing of the final product - is critical to 

ensure the competitiveness of Canada's forest sector. Innovation includes the 

development of both new products (ranging from bioenergy to new building systems) as 

well as new processes that maximize the value that can be extracted from each tree. The 

diversity of the wood products available and of the corresponding manufacturing 

processes involved in tum leads to an increase in the complexity of the forest value 

chain (see Figure 1.1). Hence, the new forest economy requires full value chain 

optimization. Such optimization can be achieved through a better characterization of 

wood properties. Indeed, the knowledge of wood characteristics is essential to ensure 

full utilization of the biomass (Trung and Leblon 2011). 

To achieve such process optimization, there is a need to develop portable systems 

capable of providing real-time and non-destructive monitoring of the wood properties 

from standing trees to the final products (Bucur 2003, Trung and Leblon 2011). Real

time and non-destructive wood characterization is being used to assist in tree breeding 

and silvicultural programs ( Jones et al. 2007, Brashaw et al. 2009, Alves et al. 2012, 

Inagaki et al. 2012). Optimization potential further down the value chain includes a 

reduction of transportation costs (Tahvanainen and Anttila 2011), a more accurate 

scaling of the logs at the entrance of the mills, a decrease in the fuel and electricity 

consumption in the mills (Leger and Amazouz 2003), an improvement of the 

productivity and of the quality of the products in different types of industries (Knudson 
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and Groves 2011 ), as well as a better determination of the heating value of biofuels 

(such as woodchips and pellets) (Nystrom and Dahlquist 2004, Paz et al. 2008). 

1.2. Wood properties 

Wood, the material under investigation in this thesis, is well known to be anisotropic, 

hygroscopic and heterogeneous, with a structure presenting variation at both the 

microscopic and macroscopic levels. Such properties make the definition of the wood 

moisture content, density and specific gravity quite complex. In this chapter, a brief 

description of the chemical and anatomical properties of softwoods and hardwoods is 

presented first. Details are then presented of the three main wood properties that are 

studied in this thesis, namely moisture content (MC), basic specific gravity (BSG), and 

air-dry density. 

1.2.1. Chemistry 

Wood is composed principally of carbon, hydrogen and oxygen, which can be found in 

form of three major polymers: cellulose, hemicellulose and lignin. The relative 

proportions of the latter two polymers vary widely among species ( especially between 

hardwood and softwood), as shown in Table 1.1 (Kollmann and Cote 1968, Walker 

2006). Pectine and starch are also present in smaller quantities, as are other elements 

such as calcium, potassium, magnesium and silica. 
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Table 1.1: Organic constituents of wood in percent (%) of dry weight (according to 
Walker 2006). 

TYPe Softwood Hardwood 
Cellulose 42±2 44±2 
Hemicelluloses 27±2 28 ± 5 
Lignin 28 ± 3 24±4 
Extractives 3±2 4±3 

While cellulose is a polymer made of up to 10,000 glucose units, hemicellulose is a 

polymer of a few hundreds of other sugar derivatives, such as galactose, mannose, 

xylose, arabinose and glucuronic acid, along with glucose. The long chains of cellulose 

laterally aggregate in a well-defined way with their neighbors to form highly crystalline 

networks of cellulose known as microfibrils. Lignin is a complex and high molecular 

weight polymer built upon phenylpropane units and occurring in various forms (Rowell 

1984, Walker 2006). 

1.2.2. Heterogeneity 

The high heterogeneity of the wood material has its origins in the production of the 

wood during tree growth. This heterogeneity can be described at the micro- and 

macroscopic levels. This section will briefly review the major factors causing such 

heterogeneity. 

At the microscopic scale, high heterogeneity is present in the cell walls ( which are 

formed of layers that differ according to their chemical composition and the orientation 

of the cellulose micro fibrils). From the outer to the inner part of the cell wall, the 

primary and secondary layers can be distinguished, the latter containing three different 
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sub-layers, numbered S-1, S-2 and S-3. The primary cell wall layer, which is rich in 

pectin at the beginning of the cell wall formation and later becomes heavily lignified, is 

reinforced with a more-or-less random network of cellulose microfibrils (Bowyer et al. 

2007). The secondary cell wall layer, however, shows a very organized microfibril 

pattern: microfibrils in the S-1 and S-3 layers have their long axis almost perpendicular 

to the long axis of the cell, while in the S-2 layer, they form a much smaller angle with 

the cell axis (Walker 2006, Bowyer et al. 2007). Since the S-2 layer is much thicker than 

the other layers, it has the greatest influence on the behavior of the cell and the 

mechanical properties of the wood. 

One source of heterogeneity in wood is the difference between softwood and hardwood 

tree species. These species differ in the type of cells from which they are composed. 

Softwoods are composed principally of longitudinal tracheids, which represent 90% to 

95% of the wood volume. These tracheids are usually 2000 µm to 5000 µm long, 20 µm 

to 60 µm wide and with a cell wall thickness of 2 µm to 8 µm (Tsuchikawa et al. 1996, 

Kienle et al. 2008). Tracheids have hollow centers (lumens ), but are closed at the ends. 

However, the tracheids are connected together by pits on their radial cell walls. Pits are 

small regions of the cell walls where the secondary layer is lacking and where fluids and 

gases can therefore penetrate more easily (Walker 2006, Bowyer et al. 2007). Some 

softwood species also contain, in small proportions, longitudinal parenchyma cells as 

well as resin canals bordered by epithelial cells. Rays also characterize softwood species 

and are oriented perpendicularly to the longitudinal direction of the stem. In softwood, 

rays can be composed of tracheids and parenchyma cells and can contain resin canals. 
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Hardwoods are composed of a more diverse range of cell types than softwoods. 

Hardwoods are composed of at least four major kinds of cells: fibers, vessel elements, 

longitudinal parenchyma and ray parenchyma. Hardwood fibers form 15% to 60% of the 

xylem volume and are shorter than softwood tracheids. They are also more rounded in 

cross sections and have thicker cell walls. Their primary function is the mechanical 

support of the stem, while tracheids in softwood ensure both support and conduction. 

Pits connect the fiber together and to parenchyma cells. Vessel elements are specialized 

conducting cells of hardwoods that are shorter than hardwood fibers and softwood 

tracheids but of larger diameter. They constitute 20% to 60% of hardwood xylem 

volume. The vessel elements link end to end in the longitudinal direction to form vessels 

( or pores). The ends of the vessel elements are perforated, and the pattern of these 

perforations varies depending on the species. Lateral connections between the vessel 

elements and other cells ( fibers, parenchyma) are also provided by numerous pits. 

Parenchyma cells are thin-walled storage units and can be oriented longitudinally or 

radially (rays). The longitudinal parenchyma can constitute up to 24% of the hardwood 

xylem volume, while the ray parenchyma represents 5% to 30% of this volume. Unlike 

softwoods, the cells of hardwood rays are all of parenchyma type (Bowyer et al. 2007). 

Another source of heterogeneity is the various types of tissues that compose the wood 

which are generated by the complex development process of the stem and which have 

different properties. 

First, in temperate zones (such as those found in Canada), tree growth is faster in spring 

than in fall. This seasonal alternation of growing speeds generates the well-known 

annual growth rings of trees. Each annual growth ring is constituted of earlywood 
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(formed in spring, the fast growing season) and latewood (formed in fall, the slow 

growing season). Because of the slow growth rate of trees during the fall, latewood 

tissue has thicker cell walls (smaller lumens) and is therefore of higher density than the 

earlywood (Forest Products Laboratory 1999, Bowyer et al. 2007). 

Second, the examination of a stem in cross section will often reveal a dark-colored 

center (heartwood) and a lighter-colored outer zone (sapwood). Such a color difference 

exists for most tree species; in some species, however, both tissues can have the 

identical color. Sapwood is constituted of living cells that provide the conduction of the 

sap in the tree and that store biochemical components, such as starch and lipids 

(Wiedenhoeft and Miller 2005). The death of the sapwood cells marks the formation of 

the heartwood. The factors responsible for the heartwood formation are still not 

completely understood, but the process is accompanied by the accumulation of 

metabolites known commonly as extractives (usually polyphenols such as oils, gums, 

tannins, resins and aromatics as well as fats and waxes) in cell walls and lumens. These 

metabolites are produced by the sapwood parenchyma cells. The presence of these 

metabolites in the heartwood are responsible, in some cases, for the heartwood's darker 

color, its higher resistance to decay and insects, its higher impermeability, its distinct 

odor and its higher specific gravity (Forest Products Laboratory 1999, Bowyer et al. 

2007). Though heartwood is dead, it still provides critical structural support to the tree. 

Third, differences also exist between the wood formed in the early Guvenile) stages of 

the tree growth, called the juvenile wood, and the mature wood formed later. Juvenile 

wood is the wood at the center of the tree that is formed at a juvenile stage as well as 

during the entire life of the tree. The width of the juvenile wood zone seems, in general, 
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to decrease from the bottom to the top of the tree. However, some studies have also 

suggested that the juvenile wood zone is biconical, with a thickening at the bottom of the 

live crown (Groom et al. 2002). Juvenile wood usually presents shorter cells, thinner cell 

walls and less latewood than mature wood. Moreover, the microfibril angle (MF A) in 

the S-2 layer of the cell walls is typically greater in juvenile than in mature wood 

(Bowyer et al. 2007). As a result, juvenile wood has lower density and strength. 

Fourth, reaction wood can form in trees to counteract external forces such as wind or 

gravity (when a tree is growing on a slant). Reaction wood in softwoods is called 

compression wood and it is formed on the lower side of the leaning stem, where the 

compression stress is generated. Compression tracheids are shorter and contain less 

cellulose and more lignin than those of normal mature wood. Compression wood also 

exhibits greater shrinkage and higher density than normal wood for a similar strength. 

Reaction wood in hardwoods is called tension wood and it is formed on the upper side of 

the leaning stem, where the tension stress is generated. Tension wood has a higher 

cellulose content, higher density, higher shrinkage along the grain and usually lower 

strength than normal wood (Forest Products Laboratory 1999, Bowyer et al. 2007). 

Finally, several other anatomical features (such as the orientation of the grain and the 

presence of rays and knots) as well as the presence of defects ( such as rot and decay) 

will also considerably influence the wood properties. 
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1.2.3. Anisotropy 

Wood properties vary according to the anatomical structure and arrangement of the 

fibers. As a result of this anisotropy, three directions are usually defined according to the 

orientation of the grain: longitudinal (parallel to the grain), radial and tangential (both 

perpendicular to the grain and to each other) (Figure 1.2). Wood properties usually differ 

more between the longitudinal and the radial or tangential direction than between the 

latter two (Bowyer et al. 2007). Anisotropy affects mechanical, electrical and optical 

properties. When wood is cut, its anisotropy is also responsible for the resulting surface 

roughness differences, because of the alternation of cell walls and lumens. The 

roughness of the transversal section will typically be higher than the roughness of the 

tangential and radial section (Tsuchikawa et al. 1996, Defo et al. 2007). 

Direction 
Tangential 

Longitudinal 

Radial 

Figure 1.2: Anisotropy directions with regards to the orientation of the wood fibers. 
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1.2.4. Hygroscopicity 

Wood is a hygroscopic material because it is capable of exchanging water vapor with the 

surrounding air until it reaches equilibrium moisture content (EMC). The exchange 

process includes water adsorption and desorption phenomena that can be described by 

sorption isotherms (Rowell 1984, Forest Products Laboratory 1999, Bowyer et al. 2007). 

The porous nature of the wood is responsible for its hygroscopic behavior. Indeed, wood 

can be seen as being constituted of cell wall substance (mainly cellulose, hemicellulose 

and lignin), air (in the lumens of the cells) and water (which can be present in the cells 

walls and in the lumens). When the wood is saturated, water is held in the cell walls and 

fills the lumens completely (Figure 1.3A). At the beginning of the wood drying process, 

free water present in the lumens is lost. Afterwards, increasing energy is required to 

extract water held in the lumens by capillary forces. When all of the water has been 

extracted from the lumens and is held only in the cell walls, the fiber saturation point 

(FSP) is reached (Figure 1.3B). It is typically around 30% MC (Forest Products 

Laboratory 1999). Drying the wood below the FSP still requires more energy because 

water is adsorbed in the cell walls and bound in mono- or poly-molecular layers to the -

OH groups of cellulose and hemicellulose by hydrogen bonds (Torgovnikov 1993). 

Moreover, as the wood dries below the FSP, it shrinks (Figure l.3C). For small pieces of 

stress-free wood, the dimensional changes generated by the shrinkage are reversible and 

wood swells as water enters the cell wall during the humidification process (Bowyer et 

al. 2007). 
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Figure 1.3: Wood cells that are (A) saturated with water; (B) at the fiber saturation point 
(FSP); (C) dried. 

1.2.5. Moisture content 

The moisture content is the amount of water contained in a piece of wood or a wood 

product. It can be expressed in different manners. In the solid wood product industry, it 

is defined as the weight of the water in the wood expressed as a percentage of the oven-

dry wood (i.e. , MC on a dry basis): 

MC(%)== 
M-M 

g od X 100 
Mod 

Equation 1.1 

where Mg is the mass of the moist (green) wood sample and Mod is the mass of the oven-

dry wood. In this thesis, we measured the wood MC following method A of ASTM 

D4442-07 (2009). Following this method, the moist (green) wood was weighed and then 

oven dried at 103 ± 2°C and weighed a second time when dry. Because this thesis 

focuses on solid wood samples, Equation 1.1 is used as the definition of MC. 
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In the pulp and paper industry, the wood MC is defined on a wet basis: 

M-M 
MCw (%) = 9 M od x 100 

g 

Equation 1.2 

The volumetric wood MC (MCv) is also sometime used in the literature, especially to 

measure MC of bulk wood material such as woodchips (Paz et al. 2011). It is defined as 

follows: 

M - Md 
MCv (%) = g 

O 
x 100 

Pw X Vg 

Equation 1.3 

where Pw is the density of the water at 4°C (1000 kg·m-3
) and Vg is the volume of the 

green sample. Since solid wood is a hygroscopic material and has a volume dependent 

on the water content, the gravimetric expressions of MC (Equation 1.1 and Equation 1.2) 

are usually preferred. 

The MC of green wood varies considerably depending on the species, the location, the 

season, the age and size of the tree. The MC of sapwood for softwood species is usually 

much higher than it is for heartwood, by a factor of three or more (Forest Products 

Laboratory 1999, Bowyer et al. 2007). Hardwoods generally have smaller differences in 

MC between sapwood and heartwood. 
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1.2.6. Density and basic specific gravity 

Wood is a porous material consisting of cell wall substance ( which has a density of 

about 1520 kg·m-3
) and of voids filled with water and air. Density is defined as the mass 

of wood per unit volume (kg·m-3
), with both mass and volume being measured at a 

defined MC (Williamson and Wiemann 2010): 

Mme 
Pwood =v.

mc 

Equation 1.4 

where Pwood is the density of the sample at a given MC (Kg·m-3), Mme is the mass of the 

sample at a given MC (kg), and Vmc is the volume of the sample at a given MC (m\ 

Equation 1.4 shows that Pwood strongly depends on the MC because wood is a 

hygroscopic material. Usually, Pwood is expressed either for air-dry, oven-dry or green 

conditions (Haddadi et al. 2015). 

Because of the hygroscopic properties of the wood, basic density (BD) is often the 

prefered way to express the mass of wood material per unit volume. BD is defined as the 

ratio between the mass of an oven-dry sample and the volume of the same sample when 

it is green (Walker 2006, Williamson and Wiemann 2010): 

M 
BD=~ 

Vg 

Equation 1.5 

A convenient method to measure the volume of the green sample is by water immersion, 

as described in method B of ASTM D2395-07a (2009). The wood sample is immersed 
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into a water container that has been placed on a scale and its weight is measured. Since 

the density of the water at 4 °C corresponds to 1000 kg·m-3
, the weight of the sample 

measured is equal to its volume. This is the method used in this thesis. 

Finally, specific gravity (SG) is also commonly used to describe the mass of wood 

material per unit volume. SG is defined as the ratio of the density of a material to the 

density of water (pw) at 4°C (1000 kg·m-3
) and therefore has no units (Williamson and 

Wiemann 2010). For wood, the basic (or green) specific gravity (BSG) is calculated as 

the ratio between the BD and the water density (Williamson and Wiemann, 2010): 

BD 
BSG=

Pw 

Equation 1.6 

It can be seen from both Equation 1.5 and Equation 1.6 that at 4 °C and under normal 

atmospheric pressure, BSG is equal to one thousandth of BD. BD and BSG are the most 

useful descriptions of the mass of wood material per unit volume because they do not 

depend on the sample MC (Haddadi et al. 2015). BSG was shown to be related to cell 

diameters, cell lengths, cell wall thickness, proportion of different cell types within the 

tree and presence of extractives (Panshin and De Zeeuw 1980). 

Wood density, BD and BSG vary as a function of species, growth rate, location in trees, 

geographic location, site conditions and genetics factors. Density of juvenile wood is 

usually less than that of mature wood. Density of heartwood is often higher than that of 

sapwood because it contains higher concentrations of extractives such as terpenes, resins, 

polyphenols and inorganic compounds. The amount of extractives in wood can vary 

from less than three to over 30% of the oven dry weight (Bowyer et al. 2007). 

15 



Because of these variations, attention should be paid to the type of sample used to assess 

log density and BSG. Log BSG should always be measured from wood disc in order to 

be representative of the radial variation. BSG can also be measured from a pith to bark 

core, but in this case, the proportion of wood toward the pith is overrepresented and an 

area-weighted mean of the segments of the core should be employed to determine the 

average wood BSG of the log (Williamson and Wiemann 2010). 

In this thesis, for Chapters 3, 4, 6, 7 and 8, log BSG was assessed from wood discs cut in 

the middle of the log in order to avoid MC gradient that might be present at the ends of 

the log. For Chapter 5, wood air-dry density was measured from small clear wood 

samples at 12% MC. 

1.3. Non-destructive testing and evaluation of wood 

Non-destructive testing and evaluation (NDTE) methods constitute a group of analysis 

techniques used in science, engineering and in the industry to assess the properties of a 

material, component or system without causing damage. Such methods can be used at 

different levels of the forest value chain (Figure 1.1) to monitor wood properties. Indeed, 

non-destructive characterization of the wood properties is of great importance in the 

industry to allow manufacturing process optimization and quality control of the final 

products. Methods, techniques and instruments used for wood NDTE are very diverse 

and reviews of their advantages and disadvantages are discussed by different authors 

(Bucur 1995, Nicolotti and Miglietta 1998, Nicolotti et al. 2003, Bucur 2003, Niemz and 

Mannes 2012). 
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1.3.1. Overview of the methods 

Wood NOTE methods can be classified in four different categories according to the 

principle of the technique used (Mannes 2009): 

1. Mechanical testing (including acoustic methods) 

2. Electrical testing 

3. Chemical testing 

4. Sensing using electromagnetic (EM) radiations 

The three first categories of methods are usually slow, laborious to implement and 

difficult to use at an industrial scale for monitoring wood properties directly on the 

production chain. Moreover, they are often semi-invasive since they require close 

contact with the wood and surficial damage commonly occurs. For example, lumber MC 

can be measured using a conductivity-based moisture meter ( electrical testing), but the 

measurement requires inserting the pins of the instrument into the wood. A common 

type of mechanical testing used in the industry is the machine stress-rating (MSR) of 

lumber, but the equipment is quite expensive and the method does not replace visual 

grading (which is still required to override machine decisions when the lumber does not 

meet allowable visual defect requirements). Acoustic methods including sonic (audible) 

and ultrasonic frequency ranges have been the subject of great interest for characterizing 

wood mechanical behavior and have been reviewed in detail by Bucur (1995). 

Mechanical and acoustic methods are only able to provide macroscopic information 

about the wood such as, for example, lumber strength. In contrast, electromagnetic (EM) 

radiations of shorter wavelengths, such as those of near-infrared (NIR) radiations and 
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microwaves, allow to obtain microscopic or small details about the wood structure 

(Bucur 2003). A better understanding and characterization of wood properties 

distribution can then be obtained and eventually exploit for manufacturing process 

optimization. Moreover, EM radiations are also faster than acoustic methods and 

therefore more suitable for real-time monitoring of wood properties in the forest industry 

(Halabe et al. 2009). 

With the emergence of new technologies, trends in wood NDTE research are 

increasingly focusing on methods from the fourth category, that is, the use of sensors 

utilizing EM radiations to assess wood properties (Bucur 2003). Sensors using EM 

radiations of various wavelengths (Figure 1.4) have already been tested by researchers 

and industries worldwide for characterizing wood properties (Brashaw et al. 2009). 

Several types of portable and non-portable sensors are already available in the market, 

but research in this area is also still very active given that many challenges remain to be 

solved (Brashaw et al. 2009). The advantage of such sensors is that wood properties can 

be monitored non-destructively, in real-time and both in the field as well as on the 

production chain. In order to better explain the choices of the technologies tested in this 

thesis, a brief overview of the most common sensors using EM radiations tested in 

research projects or already being used in the wood industry follows. 
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1.3.2. Electromagnetic radiation based sensors 

All sensors used in this thesis are based on EM radiations covering different regions of 

the EM spectrum (Figure 1.4). EM radiations are described by their wavelength, 

frequency and energy. 
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Figure 1.4: The electromagnetic spectrum. 

Oscillating electric charges that give rise to EM radiations can only take discrete packets 

of energies, called quanta ( or photons, in the case of light) (Montwill and Breslin 2013). 

The energy of a quantum of EM radiation (Eq, in J) is proportional to the frequency of 

this radiation (f, in s-1), which can be expressed as (Smith and Thomson 1988): 

Eq = hf 

Equation 1. 7 

with: 

C 
f = -

A 

Equation 1. 8 

where A is the wavelength of the EM radiation (m), c the free space EM propagation 

velocity (2.997· 108 m·s-1
) and h is Planck's constant (6.626x 10-34 J·s or 

4.135x10-15 eV·s). 
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Short-wavelength EM radiations of high energy are capable, when interacting with the 

matter, of removing electrons from atoms, thus creating ions. These radiations are 

commonly referred to as ionizing radiations and are generated by atomic and nuclear 

reactions. EM radiations of longer wavelengths and lower energy are non-ionizing and, 

when interacting with matter, cause the vibration of atoms and molecules. These EM 

radiations are commonly called waves because they are generated and detected as 

oscillating electric and magnetic fields (Smith and Thomson 1988). 

Ionizing radiations are X-rays, y-rays and neutron radiation (Bucur 2003). Ionizing 

radiations can penetrate the wood and have wavelengths that are short enough to detect 

not only macroscopic but also microscopic wood structures details (Wei et al. 2011 ). 

Portable sensors using X-rays (Bucur 2003, Wei et al. 2011) and y-rays (Tiitta et al. 

1996, Tiitta 2006) were already developed and tested in the field for monitoring wood 

properties. A well-known application of X-rays sensors in wood science research is the 

SilviScanTM (CSIRO, Melbourne, Australia) instrument that uses X-ray densitometry and 

diffractometry to simultaneously measure several properties such as wood density, 

stiffness, microfibril angle (MF A), tracheid diameter, coarseness and cell wall thickness 

(Evans 1994, 1999). X-ray computed tomography (CT) can be used to acquire 3D 

representation of the wood structure from images obtained from different angles (Niemz 

and Mannes 2012). This allows to observe details such as the wood anatomic structure 

and the water content of cell walls and lumens (Bucur 2003 ). Among all ionizing 

radiations, X-rays are the easiest to use in the wood industry, due to the complexity of 

the equipment required to produce y-rays and neutron radiations (Wei et al. 2011). In the 

industry, X-ray systems also have the advantage of scanning in real-time a large volume 
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of material for routine quality control of wood products (Bucur 2003, Wei et al. 2011). 

FPlnnovations (Vancouver, BC, Canada) has an X-ray based CT scanner used for 

research and capable of reconstructing in 30 the internal structure of an entire log. 

Recently, MiCROTEC GmbH (Brixen, BZ, Italy) commercialized an X-ray CT scanner 

for log which can be installed on the production line and which is adapted for process 

optimization in high-speed volume-oriented sawmills. However, the major 

disadvantages of sensors utilizing ionizing radiations are the health and safety issues 

associated with the use of such wavelengths as well as the high cost of the instruments 

(So et al. 2004, Wei et al. 2011). Moreover, on CT images, the effect of wood MC 

interferes with the effect of wood density, making the characterization of their respective 

contributions difficult (Danvind and Moren 2004, Wei et al. 2011). 

EM waves like visible (VIS) light and NIR radiations are sensitive to the chemical 

composition of the wood and provide information that can be correlated to its physical

mechanical properties (Niemz and Mannes 2012). Different techniques using VIS-NIR 

radiations have been developed, such as reflectance, transmittance and interactance 

spectroscopy, hyperspectral imaging, microspectroscopy, time-resolved and continuous 

wave laser techniques. VIS-NIR spectroscopy has been used for NOTE of wood MC, 

density, microfibril angle and other mechanical properties as well as to sort wood 

according to these properties or according to the species and the wood type ( see reviews 

of Schimleck et al. 2000, So et al. 2004, Tsuchikawa 2007, Leblon et al. 2013, 

Tsuchikawa and Schwanninger 2013). Hyperspectral imaging is also based on NIR 

spectra measurements, but each pixel of the image contains the NIR spectra measured at 

several different wavelengths. Hyperspectral imaging of wood has been investigated to 
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map compression wood (Hagman 1997, Nystrom and Hagman 1999, Duncker and 

Spiecker 2009), MC (Tormanen and Makynen 2011, Mora et al. 2011, Haddadi et al. 

2014) and basic density (Mora et al. 2011, Haddadi et al. 2015) of wood logs and lumber. 

For example, hyperspectral cameras can be installed on the production lines for quality 

control. Microspectroscopy is used to obtain spatially resolved chemical information of 

wood microstructure and map its chemical constituents (Fackler and Thygesen 2013). 

However, due to its high cost and low speed, it is used only for research. Time-resolved 

NIR instruments enable measurements of a medium's absorption and reduced scattering 

coefficients to be performed independently from each other (Johansson et al. 2002). Up 

to now, these systems have been only laboratory-based; however, portable devices could 

be developed in the near future (Cubeddu et al. 2001). NIR systems are non-destructive 

and do not present any health or safety issues. One major limitation of NIR radiations is 

that their maximum penetration depth is limited to about 1 to 5 mm depending on the 

wavelength and on the surface roughness (Tsuchikawa et al. 1996, Sykes et al. 2005). 

This limited penetration can lead to a large variation in model performances and a strong 

dependence on preparation technique (Yeh et al. 2004). NIR radiations are also highly 

influenced by environmental parameters, such as temperature change and the presence 

of dust or particles on the wood surface. 

Thermal infrared (TIR) techniques (thermography) investigate temperature change at the 

surface of a material and use differences in heat conductivity of wood (Niemz and 

Mannes 2010). Thermal waves are generated by the modulation of the temperature of 

the wood structure (Bucur 2003). Active or passive heating procedures can be used. The 

differences in temperature are mostly determined by wood density and MC (Nicolotti 
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and Miglietta 1998). Thermal imaging and filming can be performed using infrared 

cameras that detect emissions from objects and map surface temperature distribution. 

Thermography can also be used, for example, to detect decay and defects in trees 

(Nicolotti and Miglietta 1998) and poles (Wyckhuyse and Maldague 2001 ), to determine 

wood density (Lopez et al. 2013) and grain angle (Naito et al. 2000), as well as to grade 

lumber (Van Dyk 2010). Similarly to the VIS-NIR sensors, the advantages of thermal 

sensors are that they perform non-contact and real-time measurements and are easy to 

use. However, thermography only investigates the external part of the logs (penetration 

depth of 3 to 5 cm) and measurements can be affected by irradiation effects from the sun. 

Moreover, the cameras need to be calibrated according to the ambient temperature 

before each measurement (Bucur 2003). 

The characterization of wood properties with microwave and radio frequency (RF) 

techniques is based on the determination of the wood dielectric properties, as well as the 

attenuation, the phase shift and the polarization angle of the EM waves (Kraszewski 

2001, Kim et al. 2002). Several types of microwave instruments that use different setups 

and technologies are available. According to Nyfors (2000) and Polivka (2007), 

microwave instruments can be categorized into the following five main groups as a 

function of the measurement technique and setup: resonators, transmission sensors, 

reflection and radar sensors, radiometers and tomographic sensors. A microwave sensor 

functioning as a line-scan camera has been used to perform microwave imaging of wood 

density and MC (Hansson et al. 2005, Lundgren et al. 2006). The sensor used by 

Kaestner (2002) to detect knots in logs was composed of a wideband antenna in front of 

which the logs were rotated and images were reconstructed based on the measured 
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dielectric parameters. In the wood industry, microwave techniques were originally 

oriented towards the improvement of heating, drying and gluing treatments of wood 

(Bucur 2003). Microwave sensors can be implemented to measure wood MC, density, 

thickness, surface roughness and strength as well as to detect defects, knots and grain 

orientation (Bucur 2003, Sahin and Ay 2004). James et al. (1985) also showed that it is 

possible to measure several of these properties at the same time. In particular, using two 

different frequencies, the measurement of the wood MC (under the fiber saturation 

point) can be taken independently from the measurement of density (Archibald 1998, 

Ben Slima et al. 1999, Zhang and Okamura 1999). The advantage of using microwaves 

over VIS, NIR and TIR wavelengths is that they reach deeper penetration into the wood. 

A particular type of sensor that can use either microwave or radio frequencies is the 

radar ( radio detection and ranging) system. Radar sensors, which generate a very short 

EM pulse with a very wide spectrum, are mainly used to measure the distance and the 

shape of object. Radar systems used to scan the wood are commonly denominated as 

impulse radar, ground penetrating radar (GPR), tree radar, and ultra-wideband (UWB) 

systems. The term GPR is used in this thesis to refer to such systems. Application of 

GPR to wood NDTE is recent and still at the experimental level, although Halabe et al. 

(2009, 2011) presented a prototype system aimed at optimizing lumber manufacturing 

and increasing yields in sawmills based on GPR. Problems that have arisen with the 

application of GPR to logs include poor surface-antenna coupling due to the rounded 

shape of the logs, the difficulty of interpreting the data and the high attenuation of the 

signal at higher frequencies (Nicolotti et al. 2003). 
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Radio frequency NDTE devices use nuclear magnetic resonance (NMR), a physical 

phenomenon in which magnetic nuclei are excited by radio frequency magnetic fields 

and then detected by induction. The magnetic resonance phenomenon occurs at a 

specific frequency (resonance or Lamor frequency), which depends on the strength of 

the magnetic field and on the magnetic properties of the isotope of the atoms (Lamason 

et al. 2014). NMR imaging is achieved by placing the sample in a spatially 

inhomogeneous magnetic field and matching its nuclear resonance frequency to the EM 

signal. NMR techniques are rapid, nondestructive and offer a great potential for 

characterizing wood properties. NMR and magnetic resonance imaging (MRI) 

techniques have been employed for inspection of wood anatomy and structure, decay 

and preservation (Bucur 2003, Lamason et al. 2014). NMR has also been used for MC 

estimation in logs, lumber and pellets (Lamason et al. 2014 ), as well as for the detection 

of annual rings, knots, decay and other defects in wood (Bucur 2003). NMR can 

distinguish free water from bound water in moist wood but it cannot be used under 

freezing conditions as it requires the water to be in its liquid state (Lamason et al. 2014). 

In addition, the cost of NMR equipment currently limits its utilization in the wood 

industry. However, recently a small and low-cost portable unilateral magnetic resonance 

device was tested by Lamason et al. (2014) to monitor log MC. 

Three types of sensors were identified and used in this thesis for NDTE of wood MC, 

BSG and air-dry density: a NIR spectrometer, a time-resolved NIR transmittance device 

and a GPR. The reasons for these choices are explained in the following section (1.4. 

Thesis goal and objectives). The principles of these technologies and a literature review 

of their applications for wood property determination are presented in Chapter 2. 
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1.4. Thesis goal and objectives 

The overall goal of this dissertation is to develop portable, operational, affordable and 

robust sensor systems for real-time and non-destructive monitoring of MC, air-dry 

density and BSG for logs and wood products at different stages along the forest value 

chain (Figure 1.1 ). These sensors will help to better characterize wood properties and, in 

turn, help the forest industries to optimize wood product manufacturing processes. 

Process optimization could lead to a reduction of energy consumption, a reduction of the 

quantity of wood residuals generated, an improvement in the quality of the final 

products and a reduction of production costs. For example, the oriented strand board 

(OSB) industry is interested in sorting the logs according to MC because moisture 

affects glue bonding as well as the generation of very small wood particles (termed 

"fines") that significantly reduces a mill's wood recovery and increases its 

manufacturing costs. Fines generation can represent 5 to 30% of the total wood volume 

depending on log properties and strander operation (Knudson and Groves 2011 ). 

Knudson and Chen (2001) showed that fines generation increased from 2.8% to 5.4% by 

weight as log MC decreased from 130% to 50%. They estimated that for a typically 

sized mill, an annual savings of $300,000 could be made for each 1 % improvement in 

productivity. 

The pulp and paper industry in Canada is interested in sorting logs according to the 

wood BSG because it was found that high-cost low BSG black spruce (Picea mariana 

[Mill.] Britton, Sterns & Poggenburg) could be replaced by low-cost high BSG balsam 

fir (Abies balsamea [L.] Mill.) located closer to the mill while still maintaining the yield 

and quality of the paper produced. For every 1 % of high BSG fir substituted for spruce, 

26 



it was estimated that there is an annual reduction of approximately $175,000 in wood 

costs due to shorter supply distances (FPinnovations 2013). However, monitoring wood 

BSG directly from standing trees in the field is required to harvest balsam fir stands of 

higher BSG. 

Measuring wood MC also remains a major barrier to introducing advanced control 

systems for lumber drying processes. The development of sensors that can measure in 

real-time lumber MC could in turn help to develop advanced control system for kiln 

drying. The lumber drying cost for softwood in 2001 varied between approximately $6.4 

and $10.6 per cubic meter, which represents about 25% of production costs. In 1999, the 

fossil fuel and electricity consumption of the Quebec sawmill industry totaled about 

$100 million. Advanced control systems for kiln drying could therefore help not only to 

save on energy consumption costs, but also to reduce carbon dioxide emissions (Leger 

and Amazouz 2003). A better determination of the wood MC could also help in the 

scaling of the full load of the trucks entering the mill. 

We limited our investigations to log MC, air-dry density and BSG because, as discussed 

above, the efficiency of several processes along the forest value chain depend on these 

properties. Moreover, these properties are also closely related to the wood's 

hygroscopicity, strength, shrinkage and swelling, as well as to its thermal, acoustical, 

mechanical and electrical properties (Simonaho and Silvennoinen 2006, Fujimoto et al. 

2007, Hein et al. 2009, Santos et al. 2012). 

This research is part of a research program to investigate several NDTE methods that 

best meet the above-mentioned requirements for characterizing log MC, BSG and 
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density. These NDTE methods include NIR spectroscopy, time-resolved NIR analysis, 

hyperspectral imaging, GPR probing and nuclear magnetic resonance (NMR) imaging. 

This thesis is limited to the investigation of three of these methods, namely: NIR 

spectroscopy, time-resolved NIR analysis and GPR probing. There are two reasons for 

this. First, as the focus was oriented towards real-time and non-destructive monitoring of 

logs in mill yards, there was a need to develop portable, low-cost and safe sensors that 

can be taken in the field for measurement. Second, the system also needed to be capable 

of performing measurement independent of weather conditions, particularly to handle 

the measurement of frozen logs. 

Two major goals were pursued: 

• To compare the ability of the sensors to characterize MC, BSG and air-dry 

density in logs and then to determine which sensor is the most suitable for 

determining these properties. 

• To develop physical and statistical models that relate the NIR and GPR data 

to the wood properties of interest and to determine which type of model is 

the most suitable and accurate. 
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1.4.1. NIR spectroscopy 

Portable NIR spectrometers have already been tested to measure wood MC, density, 

blue stain, decay, Kraft pulp yield and cellulose content on standing trees and stacked 

logs in mill yards as well as to identify hybrids within a species (Hsieh et al. 2006, 

Downes et al. 2009, Meder et al. 2009, Galleguillos-Hart et al. 2010, Meder et al. 2011, 

Downes 2011, Abasolo et al. 2013). However, for all in-field testing of these sensors, 

measurements were only performed on thawed wood, and there was no attempt to take 

the influence of the different sources of variation that affect the NIR spectra into account 

in the modeling of the wood properties. 

Before starting this thesis, preliminary tests were performed with two handheld 

spectrometers: the Phazir™ and the MicroPhazir™ (Thermo Fisher Scientific, 

Wilmington, MA, USA). These two sensors cover two complementary spectral ranges 

(Figure 1.5). The tests showed that spectra from the Phazir™ were best for predicting 

MC, while negligible differences between the two sensors were observed for BSG 

prediction. Therefore, the P hazir ™ was chosen to carry out the experiments presented in 

this thesis. Note also that the samples used to test the Phazir™ come from three 

different locations in Canada: Newfoundland (black spruce), New Brunswick (black 

spruce) and Saskatchewan ( quaking aspen (Populus tremuloides [Michx.]) and balsam 

poplar (Populus balsamifera [L.])). Samples from Newfoundland and Saskatchewan 

were cut in the same logs than samples used to perform GPR measurements. However, 

samples from New Brunswick were not used in GPR experiments because their 

dimensions were too small ( 10 cm length) which generated noisy signals. 
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Figure 1.5: NIR spectra collected on green and dry lumber using two portable 
spectrometers: the Phazir™ (spectra from 939.5 nm to 1796.6 nm with a resolution of 
11 nm) and the MicroPhazir™ (spectra from 1595.7 nm to 2396.3 nm with a resolution 
of 8.7 nm). 

A first specific objective of this thesis is to evaluate the ability of the portable 

Phazir™ NIR spectrometer to assess log MC and BSG in real-time. A second 

specific objective is to evaluate the ability of partial-least square (PLS) regression1 

to take into account the influence of different sources of variations that affect the 

NIR spectra (such as tree species, log state, wood type and wood anisotropy) into a 

single general model for the prediction of MC and BSG in logs. The three species 

considered in this research were chosen for their economic importance in Canada: black 

spruce, quaking aspen and balsam poplar. The types of wood considered were 

heartwood and sapwood. The anisotropy was taken into account by investigating two 

different wood sections, namely tangential and transversal. 

1 See Appendix A for details about the PLS regression. 
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The following hypotheses were made: 

• Log MC and BSG can be predicted non-destructively and in real-time directly in 

the field using the Phazir™ NIR spectrometer based on statistical relationships 

with NIR absorbance spectra. 

• NIR data from different species, wood type and collected at various temperature 

can be combined in a single PLS regression model capable of performing 

prediction of log MC and BSG taking all these factors into account. 

• NIR spectra collected from heartwood and sapwood will give lower prediction 

accuracies than the average spectra between these two wood types to predict logs 

average properties. 

1.4.2. Time-resolved NIR analysis 

Time-resolved NIR analysis has been used to measure wood MC using NIR laser 

radiation (Tsuchikawa et al. 2000, D' Andrea et al. 2008), detect oxygen and water vapor 

in wood pores (Alnis et al. 2003, Andersson et al. 2006) and determine wood optical 

properties (Kienle et al. 2008, Bargigia et al. 2013). However, the ability of time

resolved NIR spectroscopy to predict wood air-dry density has not been investigated yet. 

No models that relate wood absorption and reduced scattering coefficient to its air-dry 

density were reported in the literature. Note that the instrument we used for this research 

is not portable. However, this research was carried out because the development of low

cost portable time-resolved instrument could be feasible in the near-future (Cubeddu et 

al. 2001 ). Also, because the time-resolved NIR instrument used was a prototype located 

31 



at Nagoya University (Japan), samples used for this experiment were different then 

samples used in other experiments presented in this thesis. 

In comparison with traditional NIR spectroscopy, time-resolved ( or time-of-flight) NIR 

analysis presents several advantages. First, the spectral contribution of the absorption 

and scattering effects can be determined independently, while under traditional NIR 

spectroscopy they are both confounded factors. Second, physical models that directly 

relate the wood optical properties to the properties of interest can be developed. Physical 

models present two advantages in comparison with statistical models: first, they require 

less data; second, they are more easily transferable among sensors. 

A third specific objective of this thesis is to investigate the capacity of time-resolved 

analysis to determine air-dry wood density by establishing physical models that use 

the wood optical properties. For this purpose, the absorption and reduced scattering 

coefficients of samples from two softwood species (Larix kaempferi [Lamb. Carr.] and 

Chamaecyparis obtusa [Endl.]) and five hardwood species ( Cercidiphyllum japonicum 

[Siebold and Zucc.], Kalopanax pictus [Koidz.], Castanea crenata [Siebold and Zucc.], 

Dactylocladus stenostachys [Oliv. and Palaquium sp.]) were determined. 

The following hypotheses were made: 

• The absorption and reduced scattering coefficients measured by time-resolved 

NIR analysis can be used to predict wood density. 

• Different species will present different absorption and reduced scattering 

coefficients due to their different anatomical and chemical composition. 
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1.4.3. GPR probing 

In the forestry sector, the use of GPR to detect decay in aspen bolts started in 1985 

(Canpolar, 1987). Since then, GPR has been used mainly to detect defects in logs such 

as knots, decay, resin pockets, air-filled voids and embedded objects (Detection Science 

1994, Agrawal 2005, Devaru 2006, Jadeja 2007, Halabe and Gopalakrishnan 2007, 

Hislop et al. 2009, Halabe et al. 2009, 2011) and in standing trees (Miller and Doolittle 

1989, Nicolotti and Miglietta 1998, Godio et al. 2000, Mucciardi 2002, Nicolotti et al. 

2003, Butnor et al. 2009). GPR has also been used for grading structural timber 

(Rodriguez Abad et al. 2007), as well as for inspection of wooden bridges (Emerson et al. 

1998, Hernandez and Duwadi 2000, Muller 2002) and building structures (Leucci et al. 

2013). While these studies were mostly qualitative, GPR has also been used recently to 

quantify the dielectric properties of timber beams of different species (Rodriguez Abad 

et al. 2010a, Martinez Sala et al. 2013) as well as the MC oflumber (Rodriguez Abad et 

al. 201 Ob, 201 Oc, 2011) and of various wood biomass products (Paz et al. 2008, Paz 

2008, 2010). 

However, GPR has never been tested for measuring MC from logs, and results are 

expected to differ from measurement performed on beams for two reasons. First, flat 

beam surfaces allow better coupling with the GPR antenna than the round log surfaces 

(which affect the GPR signal measurement). Second, the bark of the logs is also 

expected to influence the signal, but measurement of wood MC through the bark using 

GPR has never been investigated. Note also that in previous studies, GPR was always 

tested on thawed (or unfrozen) wood. The use of GPR to measure frozen wood MC is 

also new. 
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A fourth specific objective of this thesis is to investigate the capacity of GPR to 

determine the MC of both thawed (or unfrozen) and frozen logs from 

measurements performed on the cross section ( CS) and through the bark (TB) 

using statistical and physical models. Measurements were performed on the same 

three species (black spruce, quaking aspen and balsam poplar) than for the Phazir™. A 

new statistical modeling technique that relates the early-time GPR signal to the wood 

properties of interest using partial least squares (PLS) regression is proposed and its 

performance is compared with another established technique called the average envelop 

amplitude (AEA) method. A physical model is also presented based on the measurement 

of the signal propagation velocity and its corresponding apparent permittivity. The 

signal propagation velocity is determined from the GPR signal by using a first break 

picking algorithm that was developed for the analysis of noisy microseismograms. 

The following hypotheses were made: 

• Log MC can be predicted non-destructively and in real-time directly in the field 

using GPR based on statistical relationships with the GPR signal and because of 

its influence on the wood permittivity and on the GPR signal velocity. 

• At the frequency used by the GPR (1 GHz), the imaginary part of the permittivity 

can be neglected and log MC can be predicted based on the measurement of the 

GPR signal velocity. 

• Frozen wood measurements will be characterized by GPR signals having higher 

amplitudes and velocities than for thawed wood due to the lower permittivity of 

the ice with regards to water. 
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• The PLS regression method will lead to better log MC prediction accuracy than 

other methods using statistical attributes of the GPR signal because it exploit all 

the information provided in the signal. 

1.5. Thesis organization 

This thesis is organized into nine chapters: this introduction (Chapter 1) is followed by 

Chapter 2 ("Sensing wood properties"), which reviews the principles of the NOTE 

methods used in this thesis (NIR spectroscopy, time-resolved NIR analysis and GPR 

probing), as well as the literature related to their applications for monitoring wood 

properties. 

Chapters 3 to 8 present the six manuscripts on which the thesis is based: 

Chapter 3 is entitled "Monitoring of moisture content and basic specific gravity in black 

spruce logs using a handheld MEMS-based near-infrared spectrometer" and was 

published in The Forestry Chronicle in October 2013. This manuscript presents the 

evaluation of a portable NIR spectrometer for monitoring black spruce log MC and BSG, 

taking into account the effect of the log states (thawed and frozen), the wood type 

(sapwood and heartwood) and the wood section (tangential and transversal) in a single 

general PLS model. 

Chapter 4 is entitled "Determination of moisture content and basic specific gravity of 

Populus tremuloides (Michx.) and Populus balsamifera (L.) logs using a portable near

infrared spectrometer" and was published in Wood Material Science & Engineering in 

35 



March 2014. This manuscript presents the evaluation of a portable NIR spectrometer for 

monitoring quaking aspen and balsam poplar log MC and BSG taking into account the 

effect of the log states (thawed and frozen), of the wood type (sapwood and heartwood) 

and of the two species, in a single general PLS model. The MC prediction accuracies of 

green and oven-dry wood are also compared to each other. PLS-DA is used to categorize 

the logs in different classes of MC and BSG, as well as to segregate heartwood from 

sapwood and the two species from each other. 

Chapter 5 is entitled "Assessment of variations in air-dry wood density using time-of

flight near-infrared spectroscopy" and was published in Wood Material Science & 

Engineering in May 2014. This manuscript presents the evaluation of a time-resolved 

NIR transmittance device to measure air-dry wood density. The absorption and reduced 

scattering coefficients of samples from two softwood species (Larix kaempferi [Lamb.] 

Carr. and Chamaecyparis obtusa Endl.) and five hardwood species ( Cercidiphyllum 

japonicum Siebold and Zucc., Kalopanax pictus Koidz., Castanea crenata Siebold and 

Zucc., Dactylocladus stenostachys Oliv. and Palaquium sp.) are computed and 

relationships are established with air-dry wood density. The computed coefficients are 

also used to correct NIR spectra collected with a portable spectrometer from scattering 

effect using a transformation proposed by Leonardi and Burns (1999). 

Chapter 6 is entitled "Determination of log moisture content using early-time GPR 

signal" and was published in Wood Material Science & Engineering in July 2014. This 

manuscript presents a new methodology to estimate the wood MC from the GPR signal 

based on the use of the early-time of the signal coupled with PLS regression. The ability 

of the method to predict wood MC from the log cross section (CS) and through the bark 
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(TB) is then investigated. MC predictions for thawed and frozen logs and for the 

different species (black spruce, quaking aspen, and balsam poplar) are also compared to 

each other. 

Chapter 7 is entitled "Determination of log moisture content using ground penetrating 

radar (GPR). Part 1. Partial Least Squares (PLS) method" and was published in 

Holzforschung in January 2015. In this manuscript, log MC is assessed using the same 

method as presented in Chapter 6 (PLS regression) but applied to the full instead of the 

early-time GPR signal. It is shown that log MC prediction accuracies from the full and 

the early-time GPR signal are very similar. Log MC prediction results from thawed and 

frozen logs of three different species (black spruce, quaking aspen and balsam poplar) 

and for GPR measurements performed on the cross section and through the bark are 

compared to each other. 

Chapter 8 is entitled "Determination of log moisture content using ground penetrating 

radar (GPR). Part 2. Propagation Velocity (PV) method" and was published in 

Holzforschung in January 2015. This manuscript presents the measurement of log MC 

using the signal propagation velocity (PV) method. With this method, the apparent 

permittivity of the wood is deducted from the measured GPR signal PV in the log. The 

apparent permittivity of the log is then related to its MC using a simple linear regression 

model. The MC prediction accuracies obtained are compared to those acquired with the 

PLS regression method. 

For Chapters 3 through 8, the author designed the experimental procedure with the 

approval of his supervisors and advisory committee, performed the processing of the 
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data and the statistical analysis, wrote the first draft of each manuscript and corrected 

each manuscript based on the inputs from the respective co-authors and referees. 

For Chapters 3, 4, 6, 7 and 8, the author conducted the experiments with the help of 

other students, technicians and scientists from FP Innovations and the University of New

Brunswick as well as the personnel of the forest industries involved ( the companies 

desire to remain anonymous). In addition, for Chapter 3, help was also provided by the 

personal of the Department of Natural Resources and Environment (DNRE) of the 

Government of Newfoundland and Labrador. For Chapter 5, the author conducted the 

experiments with the help and advice of other students, researchers and professors from 

Nagoya University. For Chapters 6, 7 and 8, advice for the GPR data collection and 

signal processing was provided by Sensors & Software Inc. (Mississauga, ON, Canada). 

Chapter 9 is the conclusion of the thesis. Potential for future research is also briefly 

discussed in this chapter. Finally, an appendix that presents complementary information 

is provided. 
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Chapter 2. Sensing wood properties 

This chapter presents the principle of the three wood NDTE methods used in this thesis, 

namely: near-infrared (NIR) spectrometry, time-resolved NIR analysis and ground 

penetrating radar (GPR) probing. Literature concerning the use of these methods to 

monitor wood properties is also reviewed. 

2.1. Near-infrared spectroscopy 

2.1.1. Principle 

The principle of near-infrared (NIR) spectroscopy is to illuminate a sample (solid, liquid 

or gaseous) with a source of NIR radiation and to measure the spectrum of absorption 

bands generated by molecular overtones and combination vibrations caused by 

interaction of NIR radiations with matter. The NIR region of the electromagnetic (EM) 

spectrum refers to radiation with wavelengths falling between 700 - 2500 nm (14,285 -

4000 cm-1), while visible (VIS) light and mid-infrared (MIR) regions fall between 400 -

700 nm (25,000 - 14,285 cm-1
) and 3000 - 8000 nm (1250 - 3333 cm-1), respectively. 

NIRS measurements can be done in reflection, transmission, interaction or transflection 

(Kawano 2002). As solid wood is an opaque material that does not allow radiation to 

pass through thick samples, the NIR spectra are most often collected in reflection mode 

(Figure 2.1 ). In reflectance spectroscopy, the radiation energy sent by a source interacts 

with the sample material producing scattering, transmission and absorption (Leblon et al. 
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2013) and the radiation energy that is reflected back from the sample is measured. The 

reflectance (R) at one wavelength ').,, is defined by: 

I(il) 
R(il) = 1

0
(1) 

Equation 2.1 

where I and 10 are the reflected and incident radiation energy (W·m-2), respectively. 

Reflectance is then converted into absorbance, because absorption spectra can be more 

easily interpreted as a function of known absorption bands (Figure 2.2). By convention, 

physicists define absorbance using the natural logarithm as A = - ln(lllo), while chemists 

use a base 10 logarithm: 

Equation 2.2 

However, in NIR spectroscopy, relative absorbance according to a reference material 

( such as ceramic plate) is usually measured, rather than absolute absorbance of the 

material investigated (Figure 2.2). Relative absorbance Ar at a given wavelength can be 

expressed by (Kawano 2002): 

Equation 2.3 

where Ir and Is are the radiation energies reflected from the reference and from the 

material investigated, respectively. While absorption bands in the MIR spectra 

correspond to fundamental molecular vibrations, in the NIR spectra they correspond to 

overtones and combinations of these fundamentals vibrations. 
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I 

Reflected 
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Figure 2.1: Radiation energy reflected from a solid medium. 

Absorption bands intensities decrease from the MIR to the VIS reg10ns of the EM 

spectrum. Overtones and combination bands of CH, OH and NH functionalities 

dominate the NIR spectrum. The superposition of many different overtone and 

combination bands in the NIR region causes a very low structural selectivity for NIR 

spectra, while many fundamental vibrations can be observed in isolated positions in MIR 

spectra. These overtones are anharmonic (i.e. , they do not behave in a simple fashion) , 

thus making NIR spectra complex and more difficult to interpret than other spectral 

reg10ns. 

For a molecule to show NIR absorption, its electric dipole moment must change during 

vibration. It is actually this energy state transition that allows us to perform NIR 

measurements (Miller 2001, Ciurczak 2001 , and Simpson 2005). Many organic 

molecules absorb NIR radiation, whereas inorganic molecules like metals (including 

silver and lead) cannot absorb NIR radiation (Leblon et al. 2013). Absorption bands due 

to CH functionality are mainly associated with fats, oil and hydrocarbons, while those 
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due to OH are associated with water and alcohol and those due to NH are associated 

with proteins. Other chemical bonds may exhibit overtone bands in the NIR region, but 

they are generally too weak to be considered for analyzing complex materials such as 

wood, foods and agricultural products. Like most chemical and biochemical materials, 

wood is known to have unique and well-defined features in the NIR spectral region that 

can be used for both qualitative and quantitative purposes. However, interpretation of 

wood NIR spectra is complicated because of the overlapping of overtones and 

combination bands (Leblon et al. 2013). 
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Figure 2.2: Relative absorbance NIR spectrum collected from a wood sample of black 
spruce. 
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Some researchers have tried to identify specific spectroscopic wavelength bands for 

wood. Michell and Schimleck ( 1996) investigated the origins of bands in the NIR 

spectra of wood from eucalyptus (Eucalyptus globulus Labill. ). Bands in the eucalyptus 

spectra were compared with those in the spectra of cellulose, glucuronoxylan, milled 

wood lignin and hot water extractives, as well as with bands removed from the wood 

spectra by treatment with sodium chlorite and weak alkali. Schimleck et al. (1997) found 

correlations between bands in NIR spectra and the chemical compositions of eleven 

eucalyptus wood samples. Tsuchikawa et al. (2005) assigned wood-specific absorption 

bands in the case of Japanese red pine (Pinus densiflora Siebold & Zucc.) and Japanese 

zelkova (Zelkova serrata [Thunb.] Makino). Recently, Schwanninger et al. (2011) 

provided a comprehensive summary of NIR bands important to wood and wood 

components (ho lo-cellulose, cellulose, lignin and extractives) based on 70 years of 

literature. The major wood absorption bands for the NIR spectra between 1100 and 2500 

nm are summarized in Figure 2.3. 

52 



Second Overtone Region Combination Band Region 

First Overtone Region 

1100 1200 1300 1400 1500 1600 1700 1800 1900 2000 2100 2200 2300 2400 2500 nm 

Legend 
Lignin 
Cellulose 
Hemicell ulose 
Water 
Extractives 
Carbohydrates 

Figure 2.3 : NIR spectra band (1100-2500 nm) assignments of major wood components (reproduced from Leblon et al. (2013) with 
permission of the Canadian Institute of Forestry, see Appendix C). 



2.1.2. Chemometrics 

The tools and techniques used to analyze the NIR spectra and obtain useful information 

about the properties of a sample belong to a discipline commonly known as 

chemometrics. The term chemometrics was introduced in the early 1970's to refer the 

use of mathematical, statistical and data mining techniques to describe and extract useful 

information from chemical data, particularly spectral data (Burger 2006). In forestry and 

wood science, chemometrics is used to estimate the physical, chemical or mechanical 

properties of wood from spectral measurements. 

Multivariate data analysis includes linear techniques, such as multivariate linear 

regression models, principal component analysis (PCA), principal component regression 

(PCR), canonical correlation analysis (CCA) and partial least square (PLS) regression, 

as well as non-linear techniques, such as using artificial neural networks (ANN) and 

support vector machine (SVM). These methods are capable of extracting relevant 

information from spectra over a broad range of wavelengths and allow all data to be 

used in the analysis, thus avoiding the selection of wavelength band-based data subsets. 

In comparison with ANN and SVM, PLS regression is a linear approach that is simpler, 

computationally faster and easier to be applied to large data sets (Boulesteix and 

Strimmer 2006, Balabin and Lomakina, 2011). Such a method can also be used in the 

case of non-linear relationships, because data pre-processing methodologies can reduce 

part of the non-linearity of the relationship and thus allow construction of PLS models of 

higher simplicity and with greater predictive capacity (Blanco et al. 2000). 
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PLS regression is the most common method used for spectrometric analysis (Bertrand 

2005). It is the main multivariate data analysis method used in this thesis, along with 

PLS discriminant analysis (PLS-DA) (which is a very similar technique since the only 

difference concerns the use of a discrete response variable instead of a continuous one). 

Partial least squares ( or projection to latent structures) regression originated from the 

NIP ALS (Nonlinear estimation by Iterative P Artial Least Squares) algorithm developed 

by Wold (1966). PLS regression generalizes and combines features from PCA and 

multiple regression. The PLS regression algorithm used in this thesis is presented in 

Appendix A. 

2.1.3. Wood properties prediction from NIR spectra 

Over the last decade, VIS-NIR spectroscopy has received increasing attention as a 

means to monitor wood properties (Meder and Schimleck 2011 ). Portable NIR 

spectrometers have been developed and recently tested for monitoring wood properties 

in mill yards and on standing trees (Hsieh et al. 2006, Downes et al. 2009, Meder et al. 

2009, Galleguillos-Hart et al. 2010, Meder et al. 2011, Downes 2011, Abasolo et al. 

2013). Studies of solid wood using PLS regression applied to NIR absorbance spectra 

are summarized for moisture content (MC), air-dry density and basic specific gravity 

(BSG) in Table 2.1, Table 2.2 and Table 2.3, respectively. MC was predicted with an 

accuracy ranging from 0.35% to 30% (Table 2.1), while air-dry density and BSG were 

predicted respectively with an accuracy ranging from 17.3 kg·m-3 to 97.1 kg·m-3 (Table 

2.2) and from 0.009 to 0.045 (Table 2.3). Prediction accuracy depends on the wood 
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heterogeneity, anisotropy and hygroscopicity (So et al. 2004, Inagaki et al. 2012, Leblon 

et al. 2013), on the species studied (Schimleck et al. 2001, 2006), on the surface 

roughness (Tsuchikawa et al. 1992, Faix and Bottcher 1992, Mora et al. 2008, 

Schwanninger et al. 2011), on the wood aging (Tsuchikawa et al. 2005, Via et al. 2008, 

Inagaki et al. 2010) and temperature (Thygesen and Lundqvist 2000a,b, Wulfert et al. 

2000), on the biodegradation (Stirling et al. 2007, Via et al. 2008), and on the 

illumination and viewing geometries (Hagman 1997). For BSG, an additional factor to 

consider is the influence of MC (Thygesen 1994, Schimleck et al. 2003, Cooper et al. 

2011). The range of wavelength used also affects the prediction accuracy (Kelley et al. 

2004, Adedipe et al. 2008). The influence of some of these factors on NIR spectra is 

studied in this thesis and the corresponding literature is now briefly reviewed. 

2.1.3.1. Influence of the wood heterogeneity 

Wood heterogeneity has a major influence on the estimation accuracy of its properties 

using NIR spectroscopy. For example, when calibrating a model for wood properties 

estimation, the locations on the wood sample where the NIR spectra are collected are of 

great importance and must be chosen carefully depending on the specific application. 

There is a need to consider the type of wood tissue (e.g., heartwood or sapwood) where 

the scan will be done. Indeed, heartwood and sapwood are well known to have highly 

different MC values (Forest Products Laboratory 1999, Jeremie et al. 2004). 
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Table 2.1: Literature results of PLS predicted models for moisture content (MC) of solid wood using near-infrared spectroscopy 
(reproduced from Leblon et al. (2013) with permission of the Canadian Institute of Forestry, see Appendix C). 

Scanned Spectral MC range Wood R2 RMSE PLS 
N Species Author(s) 

section range (nm} (%} (!roduct (%} factors 
400-2500 43.0-67.0 Log disk 0.73 2.IO 9 36 Lob lolly pine (Pinus taeda L.) Mora et al. 201 la 

400-2500 68.4-99.6 Lumber 0.93 2.90 8 28 Red oak (Quercus spp.) Defo et al. 2007 

900-2400 0.0-50.0 Lumber 0.96 3.03 Southern yellow pine (Pinus sp.) Cooper et al. 2011 

900-2400 0.0-250.0 Lumber 30.00 
Western red cedar (Thuja plicata 

Cooper et al. 2011 
Donn ex D.Don) 

Transversal I000-2500 44.0-99.0 Strip 5.20 9 19 Birch (Betula sp.) 
Thygesen and Lundqvist 
2000b 

I000-2500 44.0-99.0 Strip 8.40 9 18 
Norway spruce (Picea abies (L.) Thygesen and Lundqvist 
Karst.) 2000b 

1200-2400 0.0-27.0 Small clear 0.99 0.35 8 
Norway spruce (Picea abies (L.) Hoffmeyer and Pedersen 
Karst.) 1995 

1200-2400 65.4-75.6 Log disk 0.92 1.90 6 13 
Norway spruce (Picea abies (L.) 

Thygesen 1994 
Karst.2 

Radial 400-2500 68.4-99.6 Lumber 0.90 3.60 8 28 Red oak (Quercus spp.) Defo et al. 2007 

400-2500 68.4-99.6 Lumber 0.58 6.70 8 28 Red oak (Quercus spp.) Defo et al. 2007 
Tangential 

1400-1940 0.3-80.0 Veneer 0.98 2.75 4 80 
Yell ow-poplar (Liriodendron Adedipe and Dawson -
tuliQifera L.} Andoh.2008 

Mixed 1300-2050 35.0- I05.0 Lumber 0.93 5.70 3 72 
Western hemlock ( Tsuga 

Watanabe et al. 2011 
heteroehJ::..lla {Raf.} Sarg.} 



Table 2.2: Literature results of PLS predicted models for air-dry wood density using near-infrared spectroscopy (reproduced from 
Haddadi et al. (2015) with the permission of the Taylor & Francis Group, see Appendix C). 

Scanned 
Spectral Density 

Wood 
RMSE 

PLS MC 
section 

range range 
product 

R2 or SE 
factors 

N Density type 
(spectra) 

Species Author(s) 
(nm) (kg·m-3) (kg·m-3) 

1000-2500 660-940 Strip 0.91 19.0 8 50 Air-dried density @0-27% <1> air dry Eucalyptus camaldulensis 
Inagaki et al. 
2012 

780-2500 494-767 Stick 0.58 22.0 6 200 Air-dried density @6-21 % <2> 6-21 
Forest red gum (Eucalyptus Kothiyal and 
tereticomis Sm.) Raturi 2011 
Hybrid larch (Larix Fujimoto et 

Tangential 
1300-2300 420-690 Lumber 0.69 30.0 8 20 Air-dried density @13 .1 % <2> 13.1 gmelinii var. japonica x 

al. 2008 
Larix kaempferi) 
Hybrid larch (Larix Fujimoto et 

1300-2300 420-690 Small clear 0.68 30.0 7 70 Air-dried density @13. I% <2> 13.1 gmelinii var. japonica x al. 2008 
Larix kaempferi) 

1300-2300 382-721 Lumber 0.57 32.2 3 34 Air-dried density@l0.6% <2> 10.6 
Japanese larch (Larix Fujimoto et 
kaemeferi) al. 2010 

1100-2500 341 - 502 Strip ( clear) 0.94 17.3 7 34 Air-dried density@l2% <2> 12 
Loblolly pine (Pinus taeda Schimleck et 
L.) al. 2002 

780-2500 495-767 Stick 0.75 20.0 5 200 Air-dried density @6-21 % <2> 6-21 
Forest red gum (Eucalyptus Kothiyal and 
tereticomis Sm.) Raturi 2011 
Balsam fir (Abies balsamea 

1100-2400 341-672 Disk 0.88 23.0 4 19 Air-dried density @8% <3> <8% 
(L.) (Mill.) and black Xuetal.2011 
spruce (Picea mariana 
(Mill.) B.S.P.) 

Radial 
Balsam fir (Abies balsamea 

1100-2400 341-672 Disk 0.86 25.0 6 19 Air-dried density @8% <3> green 
(L.) (Mill.) and black Xuetal.2011 
spruce (Picea mariana 
(Mill.) B.S.P.) 
Hybrid larch (Larix 

Fujimoto et 
1300-2300 390-660 Small clear 0.73 30.0 8 70 Air-dried density @13 .1 % <2> 13.1 gmelinii var. japonica x 

al. 2008 
Larix kaempferi) 
Hybrid larch (Larix Fujimoto et 

1400-2200 400-710 Small clear 0.84 30.0 3 20 Air-dried density @13 .1 % <2> 13.1 gmelinii var. japonica x 
Larix kaemeferi) 

al. 2007 

V. 
00 



Table 2.2 ( continued): Literature results of PLS predicted models for air-dried solid wood density using near-infrared spectroscopy 
(reproduced from Haddadi et al. (2015) with the permission of the Taylor & Francis Group, see Appendix C). 

Scanned 
Spectral Density 

Wood 
RMSE 

PLS MC 
section 

range range 
product 

R2 or SE 
factors 

N Density type 
(spectra) 

Species Author(s) 
{nm) (kg·m-3) (kg·m-3) 

1100-2500 330-710 Clear 0.85 30.0 3 118 Air-dried density @12% <2> 12.0 
Loblolly pine (Pinus teada Schimleck et 
L.) al. 2005b 

1100-2500 450-990 Stick ( clear) 0.92 30.6 5 34 Air-dried density @12% <2> 12.0 
Alpine ash (Eucalyptus Schimleck et 
delegatensis R.T. Baker) al. 2001 

1100-2500 397-768 Small clear 0.92 31.2 4 33 Air-dried density @7% <3> 100-154 
Loblolly pine (Pinus teada Schimleck et 
L.) al. 2005a 

1100- 2500 400-800 
Dried wood 

0.90 32.8 4 32 Air-dried density @7% <3> 7.0 
Loblolly pine (Pinus taeda Schimleck et 

strips L.) al. 2003 
Air-dried density @8% - no 

Loblolly pine (Pinus taeda 
Mora and 

1100-2498 327-810 Strip 0.85 42.2 4 101 extraction (Silviscan-X-ray 8.0 Schimleck, 
densitometer)<***> L.) 

2010 Radial 
Strip from 

Loblolly pine (Pinus taeda Jones et al. 
1100-2500 337-832 increment 0.82 45.8 6 225 Air-dried density @7% <3> 7.0 

L.) 2005 
core 

1100-2500 400-800 
Green wood 

0.74 57.6 3 32 Air-dried density @7% <3> 100-154 
Loblolly pine (Pinus taeda Schimleck et 

strips L.) al. 2003 
Strip from 

Loblolly pine (Pinus taeda Jones et al. 
1000- 2500 337-832 increment 0.76 61.5 5 87 Air-dried density @7% <3> 7.0 

L.) 2007 
core 
Strip from 

Loblolly pine (Pinus taeda Jones et al. 1250 - 1650(*) 337-832 increment 0.53 97.l 5 83 Air-dried density @7% <3> 7.0 
L.) 2007 

core 

715-2500 243 -559 Log stick 0.85 17.4 13 270 
Oven-dried density ( dried 7.5& Sugi (Cryptomeria japonica Watanabe et 
Weight/dried Volume) 12-14 D. Don) al. 2012 

Transversal 
Norway spruce (Picea 

Hoffmeyer 
1200-2400 450-500 Small clear 0.94 19.0 8 127 Air-dried density @0-27% <2> 0-27 and Pedersen 

abies (L.) Karst.) 
1995 



Table 2.2 ( continued): Literature results of PLS predicted models for air-dried solid wood density using near-infrared spectroscopy 
(reproduced from Haddadi et al. (2015) with the permission of the Taylor & Francis Group, see Appendix C). 

Scanned 
section 

Transversal 

Spectral 
range 
(nm) 

1000- 1961 

1100- 2500 

1000- 1961 

1100-2500 

1100-2500 

1000-2500 

Density 
range 
(kg·m-3) 

241-639 

331-710 

270-650 

397-768 

400-800 

300-900 

Wood 
product 

Strip 

Clear 

Strip 

Small clear 

Dried wood 
strips 

Disk 

0.95 

0.84 

0.92 

0.83 

0.82 

0.76** 

RMSE 
or SE 
(kg·m-3) 

29.0 

30.0 

31.0 

42.0 

45.2 

50.7** 

PLS 
factors N 

6 87 

4 118 

5 108 

3 33 

4 32 

5** 93 

Density type 

Air-dried density <4> 

Air-dried density @12% <2> 

Air-dried density <4> 

Air-dried density @7% <3> 

Air-dried density @7% <3> 

Air-dried density @8% <2> 

MC 
(spectra) 

air dry 

12.0 

air dry 

Species 

Maritime pine (Pinus 
pinaster Aiton) 

Author(s) 

Alves et al. 
2012 

Loblolly pine (Pinus teada Schimleck et 
L.) al. 2005b 
Larch (Larix X eurolepis 
Henry) 

Alves et al. 
2012 

100
_ 1

54 
Lob lolly pine (Pinus teada Schimleck et 
L.) al. 2005a 
Loblolly pine (Pinus taeda Schimleck et 
L.) al. 2003 7.0 

Longleaf pine (Pinus 
8.0±1.3 palustris Mill.) Via et al. 2003 

1100 - 2500 400 - 800 Gtr~en wood 0. 74 60.1 3 32 Air-dried density @7% (3) 100-154 LLoblolly pine (Pinus taeda alSch2iOm013eck et 
s nps -~ . 

(1) Weight at air-dried MCNolume saturated; <
2
> Weight at equilibrium MCNolume at equilibrium MC; n Weight after extraction/ 

Volume before extraction (Silviscan-X-ray densitometer); <4> X-ray scanned images; <*) Hyperspectral Imaging System; <**) PCR; <***) 
Estimated value. 



Table 2.3: Literature results of PLS predicted models for basic specific gravity (BSG) of solid wood using near-infrared spectroscopy 
(reproduced from Haddadi et al. (2015) with the permission of the Taylor & Francis Group, see Appendix C). 

Scanned Spectral 
BSG range Wood product R2 RMSE PLS 

N 
MC Species Author(s) 

section range (nm) or SE factors (Spectra) 

400-2500 0.496 - 0.644 Lumber 0.6 0.034 8 28 68-100 Red oak (Quercus spp.) Defo et al. 2007 
Tangential 

800-2850 0.338-0.746 Disk 0.7 0.045 4 85 12 Eucalyptus urophylla Hein et al. 2009a 

1000-1960 0.432 - 0.649 Disk 0.9 0.009 4 45 Air-dry 
Blackwood (Acacia melanoxylon Santos et al. 2012 
(R. Br.)) 

400-2500 0.496 - 0.644 Lumber 0.9 0.011 8 28 68-100 Red oak (Quercus spp.) Defo et al. 2007 

1000-1960 0.400-0.900 Small clear 0.020 7 51 12.3±0.3 
European larch (Larix decidua Gindi et al. 2001 

Radial 
Mill.) 

800-2850 0.338-0.746 Disk 0.9 0.023 3 85 12 Eucalyptus urophylla Hein et al. 2009a 

640- llOO(**) 0.364 - 0.519 Increment core 0.87 0.030 12 39 Saturation Eucalyptus nitens 
Galleguillos-Hart 
et al. 2010 

1100-2498 0.316-0.682 Strip 0.8 0.042 7 32 100-154 Loblolly pine (Pinus taeda L.) 
Mora and 
Schimleck 2009 

1200-2400 0.307 - 0.406 Log disk 0.7 O.oI7 8 14 89-2ll 
Norway spruce (Picea abies (L.) 

Thygesen 1994 
Karst.) 

400-2500 0.496 - 0.644 Lumber 0.9 O.oI8 8 28 68-100 Red oak (Quercus spp.) Defo et al. 2007 

1100-2280 0.303 - 0.590 Log disk 0.8 0.019 12 34 70-200 Loblolly pine (Pinus taeda L.) 
Mora and 
Schimleck 2009 

Transversal 400-2500 0.275 - 0.575 Log disk 0.8 0.023 9 36 59 Loblolly pine (Pinus taeda L.) Mora et al. 201 la 

1005 - 1645(*) 0.275 - 0.575 Log disk 0.7 0.024 8 24 55 Loblolly pine (Pinus taeda L.) Mora et al. 201 lb 

800-2850 0.407 - 0. 708 Lumber 0.9 0.026 6 40 14 Eucalyptus urophylla and grandis Hein et al. 2009b 

800-2850 0.338 --0. 746 Disk 0.8 0.033 7 85 12 Eucalyptus urophylla Hein et al. 2009a 

800-2850 0.407 - 0. 708 Lumber 0.70 0.035 5 138 14 Eucalyptus urophylla and grandis Hein 2010 

('} Hyperspectral Imaging System;("} NIR transmittance. 



Beside the difference in MC, sapwood has a higher carbohydrate content (mainly starch; 

Willfor et al. 2005) and heartwood has a higher lignin content (Magel 2000). Such 

differences may affect the spectra and the ability ofNIR spectroscopy to predict MC and 

density. Karttunen et al. (2008) showed using NIRS that the root mean square error of 

prediction (RMSEP, see Appendix A) was higher for sapwood (10%) than for heartwood 

(0.8%) in the case of MC estimation of Scots pine (Pinus sylvestris L.). However, 

differences in cellulose/hemicellulose and lignin contents between heartwood and 

sapwood allow the use ofNIRS to separate both tissues of Norway spruce (Picea abies 

[L.] Karst) logs (Sandberg and Sterley 2009). This is clearly visible in Figure 2.4, where 

the absorbance of heartwood is higher than sapwood for two species studied: quaking 

aspen (Populus tremuloides [Michx.]) and balsam poplar (Populus balsamifera [L.]). 

This is probably due to the slightly higher heartwood MC for these two species as well 

as to higher concentrations of extractives in heartwood. 

Differences between juvenile and mature wood are also evident from NIR spectra. These 

differences arise from the lower density, higher MC and higher mean microfibril angle 

of juvenile wood. Via et al. (2003) showed that the ability to predict strength and 

stiffness of longleaf pine (Pinus palustris Mill.) using NIRS decreased from mature to 

juvenile wood. 

Compression and tension wood also affect wood properties. Compression and tension 

wood both have a density greater than normal wood. Gindl et al. (2001) pointed out that 

the relationship between wood density and absorbance of NIR radiations can be different 

for compression wood. 
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Figure 2.4: NIR spectra collected over sapwood and heartwood of two hardwood species 
(quaking aspen and balsam poplar) having the same average MC (50%) and BSG 
(0.380). 

The average absorbance of compression wood is lower than expected according to its 

density. Gindl et al. (2001) suggested that the rounded cell shape of compression wood 

tracheid could lead to a higher reflection of incident light and thus a lower absorbance. 

Duncker and Spiecker (2009) classified compression wood of Norway spruce into 

categories of severe compression, moderate compression, normal wood and 

background/cracks using NIR hyperspectral imaging. 

Finally, other wood defects such as knots, decay, wetwood and so forth affect NIR 

spectra. Knots present a higher density than normal wood. Depending on studies and 

methods used, knots can be included in the models or not (Mora et al. 201 la). Decay is a 

major matter of concern in the wood industry because it reduces wood strength and can 

be difficult to detect. Wetwood present in some species often has higher MC than 

normal wood, which poses problems for lumber drying (Jeremie et al. 2004). 
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2.1.3.2. Influence of the wood anisotropy 

NIR spectra are also influenced by wood anisotropy. Defo et al. (2007) found that 

models built to estimate MC of red oak (Quercus spp.) lumber from spectra collected on 

transversal sections were better than models based on spectra acquired over tangential or 

radial sections. Differences between transversal and radial measurements were lower in 

the case of density estimation (Schimleck et al. 2005a, Defo et al. 2007, and Fujimoto et 

al. 2008). Tsuchikawa et al. (1996) explained the difference between tangential and 

transversal measurements by the fact that when scanning the transversal section, incident 

radiation directly interferes with free water present in the lumen of the cell (which is not 

the case when scanning tangential or radial sections, since radiations will first encounter 

the cell wall). According to Defo et al. (2007), better prediction models obtained from 

transversal or radial sections could also be due to distinct anatomical differences within 

growth rings. Indeed, tangential section surface may contain only earlywood or only 

latewood at the location where the scan is performed, both differing in density and MC. 

The difference between tangential and transversal sections can also be due to surface 

roughness differences, which relate to particle size differences and influence radiation 

scattering (Schwanninger et al. 2011 ). This can result in spectral changes such as 

baseline offset as well as slope and band shift (Ciurczak et al. 1986, Shenk et al. 2001, 

Schwanninger et al. 2011 ). According to Tsuchikawa et al. (1996), the roughness of the 

transversal section is higher than the roughness of the tangential and radial section. 

Transversal sections consist of transversal sections of tracheid cells, which have a 

longitudinal axis that is parallel to the direction of the NIR incident radiation. Therefore, 

the NIR radiation can travel further into the wood, causing an increase in absorbance 
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(Fujimoto et al. 2008). This phenomenon is clearly visible in Figure 2.5, where the NIR 

absorbance from 900 to 1800 nm is higher for a transversal section than it is for a 

tangential section of black spruce sapwood. 

The radial section of the wood coincides with the longitudinal orientation of the 

medullary rays forming the tissue that radiates between the pith and the bark. This 

results in higher absorbance than for the tangential section. Using simulations, 

Tsuchikawa et al. (1996) showed that the effect of surface roughness on NIR radiation 

absorbance depends on both the wavelength and the orientation of the tracheid. For a 

given wavelength and a given illumination angle with respect to the normal direction, 

absorbance of NIR radiations decreases when surface roughness increases. However, 

this influence is lower at high angles between the tracheid orientation and the incident 

radiation. As a result, surface roughness effect on NIR absorbance becomes almost 

negligible when tracheid cells are oriented perpendicularly to the incident radiation (i.e., 

for radial and tangential sections). 

2.1.3.3. Influence of the hygroscopicity 

An additional factor that should be considered when using NIRS for wood MC and 

density estimation is that the two properties are not independent. The main determinate 

of wood density is the relative volume of lumen and cell wall material present in the 

wood (Schimleck and Evans 2002, Via et al. 2003). As lumen volume decreases, the 

density increases; this means that the maximum MC that the wood can contain will 

decrease as density increases, because there is less space available for free water (Forest 
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Products Laboratory 1999). Therefore, above fiber saturation point (FSP), density 

decreases as MC decreases; below FSP, however, density increases as MC decreases. 

This occurs because the dry weight remains constant while the volume decreases during 

drying. MC variation may add noise to NIR spectra and influence density predictions 

(Via et al. 2003 , Schwanninger et al. 2011) as well as the ability to sort species (Cooper 

et al. 2011). However, NIRS can still be used for wood MC determination independently 

from density, because the wood density influences on the NIR spectra can be minimized 

by using derivative spectra ( at least when the sample is above FSP) (So et al. 2004, Via 

et al. 2005). As shown in Figure 2.6, the absorbance at all wavelengths increases when 

the wood MC increases. 
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Figure 2.5: Influence of wood anisotropy on NIR radiation absorbance for black spruce 
sapwood. 
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Figure 2.6: Influence of MC on NIR spectra for a given sample of black spruce. 

2.1.3.4. Influence of the wavelength range 

NIRS prediction models accuracy is also influenced by the wavelength range used for 

the measurement. Visible-NIR spectroscopy is based on reflectance spectra acquired in 

the 400 - 2500 nm spectral domain. This EM spectral region contains four major water 

absorption bands (located at 900, 1450, 1900 and 2500 nm), as well as most absorption 

peaks of chemical components that are linked to wood density (such as cellulose, 

hemicellulose and lignin) (Schwanninger et al. 2011 ). MC prediction is not deeply 

influenced by the spectral range used, as long as the 1450 nm water absorption bands is 

measured (as in most of the studies presented in Table 2.1). For example, when limiting 

the spectral range to 1400 - 1940 nm, Adedipe and Dawson-Andoh (2008) could predict 

wood MC with almost the same accuracy as when they used a larger spectral range (800 

- 2500 nm). 
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For prediction of wood density, it seems that reducing this range to either 1800 - 2400 

nm or 1400 - 2000 nm and therefore omitting information about cellulose and 

hemicellulose peaks reduces the model quality (Adedipe et al. 2008). However, as 

shown in Table 2.2, sufficient accuracy can still be achieved when using reduced 

spectral ranges to sort wood products into broad density classes. As already suggested 

by Kelley et al. (2004) and Mora et al. (2011a), using a reduced spectral range also 

opens the possibility of measuring wood properties directly in the field using handheld 

spectrometers that have narrow spectral ranges. 

2.1.3.5. Influence of the temperature 

NIR spectroscopy is a technique particularly sensitive to temperature changes. This is 

especially important where wide seasonal thermal variations in wood yards are common. 

Temperature fluctuations will cause changes in the vibrational spectrum because 

intermolecular interactions are usually very weak and can be broken when temperature 

increases (Swierenga et al. 2000). Most studies presented in Table 2.1 and Table 2.2 

were performed under normal temperature conditions. Thygesen and Lundqvist (2000a, 

2000b) studied the effect of variable temperatures ranging from - 20°C to + 20°C on MC 

estimation using NIR spectra scanned over the transversal section of small wood strips. 

They used spectra collected at one given temperature to predict MC at another 

temperature for the same samples. This method usually produced high estimation errors, 

showing the strong effect of temperature on NIR spectra. Models built with NIR spectra 

obtained at a temperature around the freezing point (0 ± 1 °C) were best able to handle 
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temperature change from -10°C to + 10°C for MC prediction. When temperature 

increased above 0°C, Thygesen and Lundqvist (2000a) observed a shift towards shorter 

wavelengths of about 0.4 nm/°C for two main peaks (at approximately 1450 nm and 

1930 nm), which corresponded to the hydroxyl group (OH) absorption bands of the NIR 

absorbance spectra. Below 0°C, they noticed that the relationship was noisier, but that 

the tendency was the same. A similar shift was observed in our data between frozen and 

unfrozen (thawed) wood, as shown in Figure 2.7. 
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Figure 2.7: Shift of the 1450 nm absorption peak with change of the wood state from 
unfrozen (thawed, 20°C) to frozen (-15°C). The right-hand graphic is a zoom of the left
hand one. 

At the freezing point (0°C), the shift was about 25 nm in the case of sapwood and 5 nm 

in the case of heartwood (Thygesen and Lundqvist 2000a). The authors explained these 

hydroxyl peak shifts towards longer wavelengths by the fact that the decrease in 

temperature increases the average number of hydrogen bonds per OH group that bounds 

the water present in cell walls to hydroxyl groups of hemicellulose and lignin. 
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According to Thygesen and Lundqvist (2000b ), two solutions can be considered for 

handling the effect of temperature on NIR spectra. The first is to build several models, 

each of which is designed for a specific and limited range of temperature variation. The 

second is to build a generalized model based on spectra collected at all temperatures. 

This second solution was chosen in this thesis. 

2.2. Time-resolved near-infrared analysis 

2.2.1. Principle 

The reflectance or transmittance of a medium measured according to that of a non

absorbing standard (typically a ceramic plate) using traditional NIR spectroscopic 

techniques combines both absorbance and scattering interactions of NIR radiations with 

the medium. Since scattering is generally independent of wavelength in the NIR range, a 

good relationship can still be obtained when assessing wood properties using traditional 

NIR spectroscopy, assuming the measurement configuration is kept constant 

(measurement on sample presenting similar surface roughness, on the same wood 

section, etc.). Nevertheless, it would be more practical - and probably more accurate - if 

the absorption and scattering contributions of NIR radiations could be assessed 

independently. Such independent measurement of absorption and scattering properties of 

a medium can be done using time-resolved (also called time-of-flight, TOF) NIR 

analysis. Absorption and scattering properties of a medium are characterized by the 

absorption and reduced scattering coefficients noted µ0 and µs ' respectively, which 

constitute the medium's optical properties. 
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Principle of time-resolved NIR analysis (Figure 2.8) is to send short light pulses into a 

medium and to measure the time-resolved profile (TRP) of diffusely transmitted photons 

(Diop and Lawrence 2013). Photons that are scattered in the sample experience a longer 

pathlength (i.e., time-of-flight) and therefore spend more time in the sample, resulting 

theoretically in a transmitted photon time-of-flight distribution (TOFD; Leonardi and 

Burns 1999a). However, TRP measured differs slightly from theoretical TOFD in that it 

additionally contains noise caused by the instrumental response function (IRF). 
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Figure 2.8: Principle of time-resolved NIR analysis of a wood sample in transmission 
(adapted from Svensson et al. 2009). 

Wood is considered a turbid medium, that is, a medium presenting considerable amount 

of scattering. In contrast, clear media are those in which NIR radiations are not scattered 
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and are only absorbed, transmitted or reflected. Diffusive media are turbid media where 

light propagation occurs in the diffusive regime, i.e., propagation is dominated by 

multiple scattering, and photons undergo many scattering events before being detected 

(Martelli et al. 2010). Propagation of NIR radiations in diffusive media is described by 

different theories presented in detail by Griffiths and Dahm (2008). One of these 

theories is used in this thesis and will be described in greater detail in the following 

section (2.2.2. Modeling of photon transport). 

For clear media, when a beam of known intensity lo crosses a layer of known thickness d, 

part of the radiation is absorbed and the rest is transmitted on the other side of the layer. 

For an infinitesimal layer, this can be expressed in mathematical terms as (Caffini et al. 

2012): 

Equation 2.4 

where z is the direction of the incident radiation beam. Interpretation of the absorption 

coefficient is straightforward since la = µ/ represents the mean free path traveled by a 

photon before being absorbed. 

Integrating Equation 2.4 over the entire sample thickness ( or pathlength) d leads to the 

famous Beer-Lambert law describing the exponential decay of the beam as it travels 

through the medium (Caffini et al. 2012): 

Equation 2.5 
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The absorption coefficient µa (cm-1
) of the substance at a given wavelength can be 

expressed in terms of the molar concentration (C in mol·r1
) and of the molar extinction 

coefficient (or molar absorptivity, a in l·mor1·cm-1
) (Schmidt 1999): 

a 
µ - C 

a - log10 (e) 

Equation 2.6 

Note that the molar extinction coefficient is divided by log10(e) in Equation 2.6 because 

the absorbance of radiations (A) by a substance is usually defined in chemistry and in 

physics using different logarithmic bases, as stated earlier. 

Combining Equation 2.5 and Equation 2.6 with Equation 2.2, the Beer-Lambert law can 

be re-written in its linear form as: 

A= aCd 

Equation 2. 7 

It can also be expressed as a linear regression model of parameters a (slope) and b 

(intercept) by combining the molar extinction coefficient and the pathlength together 

(Heise and Winzen 2002): 

C=aA+b 

Equation 2.8 

In this case, a and b can be determined by establishing a calibration model. Note that the 

assumption of a linear relationship between spectral bands intensities and properties of 

interest following the Beer-Lambert law is violated in many cases when applied to wood 

properties. While wood properties such as density might be directly related to absorbers 

concentrations (considering that the molar absorptivity and sample path-length do not 
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change; Via et al. 2003), others, such as MC measured on a dry basis (MCd), do not 

follow this linear relationship. In this latter case, MC should rather be expressed on a 

wet basis. Lobell and Asner (2002) showed, for example, that the relationship between 

NIR reflectance and volumetric soil MC was rather exponential. Nevertheless, even 

when the relationship between NIR absorbance and the property of interest is not linear, 

it is still possible to obtain good models using multivariate data analysis (Swierenga et al. 

2000). 

In turbid media, the scattering of NIR radiations originates from two different sources: 

the heterogeneity of the refractive index inside the medium and the effect of the particles 

dispersed inside the medium (Martelli et al. 2010). While absorption depends mainly on 

the medium's chemical composition, scattering depends mainly on microphysical 

properties (size, shape and refractive index) of the particles composing the medium and 

on the mismatch of refractive index between layers. Interactions due to scattering can be 

described using the scattering coefficient µs and the scattering phase function p(s, s'). 

The scattering coefficient is equal to the inverse of the scattering pathlengh ls = µ/, 

which can be defined as the average distance a photon travels between consecutive 

scattering events (Schmidt 1999). 

The phase function is the angular distribution of light intensity scattered by a particle at 

a given wavelength. Its dimensions are in inverse steradians (sf1). This function gives 

the angular probability that a photon incident along a direction described by the unit 

vectors, which experiences a scattering event, is being scattered into the directions' 

(Schmidt 1999). For example, a popular scattering phase function in biological tissue 

optics is that of Henyey-Greenstein (Henyey and Greenstein 1941 ). Considering 

74 



isotropic scatterers (spherical particles or randomly oriented non-spherical particles), the 

scattering function depends only on the scattering angle (} between s and s' (Martelli et 

al. 2010): 

p(s, s') = p(e) 

Equation 2.9 

When propagation is dominated by multiple scattering, a single number can be sufficient 

to characterize the scattering function. This is the anisotropy ( or asymmetry) factor g 

defined as the average cosine of the scattering angle (Martelli et al. 2010): 

B = (cos 8) 

Equation 2.10 

In the case of a perfectly isotropic scattering, g = O; for a complete forward scattering of 

the incident beam, g = 1 (Schmidt 1999). Therefore, for anisotropic scattering, a reduced 

scattering coefficient µs' is used, which can be interpreted as representing the equivalent 

isotropic scattering. It is defined as (Schmidt 1999): 

Equation 2.11 

The mean free path z; travelled by a collimated beam before it becomes effectively 

isotropic is given by (Schmidt 1999): 

l l I -1 
s = µs 

Equation 2.12 

75 



The total power extracted by absorption and scattering is described by the extinction ( or 

attenuation) coefficientµ 1 (Schmidt 1999, Martelli 2012): 

Equation 2.13 

The dependence of TRP patterns on the medium's optical properties can be easily 

observed. An increase of the reduced scattering coefficient leads to an increase of 

photons mean pathlength and of their time-of-flight through the sample. Therefore, as 

the reduced scattering coefficient increases, the maximum peak of TRPs shifts towards 

later times. An increase of the absorption coefficient results in a decrease of the amount 

of photons transmitted through the sample since a higher number is absorbed. Photons 

travelling straight across the sample without being scattered (i.e., those having the 

shorter pathlength) have a higher probability to be transmitted through the sample. 

Therefore, an increase of the absorption coefficient leads to a narrowing of the full width 

at half maximum (FWHM) of the TRPs and a decrease of the falling edge angle of the 

curve (Caffini et al. 2012). 

2.2.2. Modeling of photon transport 

The TRP of a diffusive medium can be estimated by an analytical expression derived 

from the diffusion approximation to the radiative transfer equation (Caffini et al. 2012, 

Martelli 2012). Indeed, the propagation ofNIR radiations through biological tissues can 

be expressed mathematically by the radiative transfer equation (RTE) that is based on 

the principle of energy conservation for NIR propagating into an absorbing and 
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scattering medium at a macroscopic scale (Caffini et al. 2012). Analytical solutions of 

the RTE have been obtained for simple geometries; for more complex ones, however, 

the RTE is usually solved numerically (Martelli 2012). 

Further simplified assumptions can be made about the RTE and different approximations 

can be derived, such as the diffusion equation (DE). The DE assumes that the radiance 

inside a diffusive medium is almost isotropic and that photons are much more scattered 

than absorbed. The DE is a partial-differential equation and any general solution will 

contain unknown constants that need to be determined using proper boundary conditions 

( depending of the physics of the problem investigated) (Martelli et al. 2010). The infinite 

slab geometry with extrapolated boundary conditions is assumed in this thesis (Patterson 

et al. 1989, Martelli et al. 2010): the slab is considered as an infinite homogeneous 

medium, the light source is supposed as isotropic and characterized by a spatial and 

temporal Dirac delta function of unitary strength in the origin and photons fluence rate 

is assumed to be null on the extrapolated surface boundary at specific distance from the 

physical boundary of the diffuse medium (Martelli et al. 2010). The solution used was 

the one proposed by Patterson et al. (1989): 

V P2 
{ (s Z )e (s4-;vt - (s + z0)e (s4+;vt } T( ') ---µavt - O 

p, s, t = 3/ s; e 4Dvt (3s-zo)2 (3s+zo)2 

( 4nDv) 2t 2 + (3s _ zo)e 4Dvt - (3s + z0)e 4Dvt 

Equation 2.14 

where pis the distance of the receiver from the pencil light beam (m), sis the thickness 

of the slab (m), tis the time (s), vis the EM propagation velocity in the medium (m·s-1), 

zo = µs'-t is the depth (m) at which all the incident photons are assumed to be initially 
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scattered (isotropic point source assumption) and Dis the diffusion coefficient (m) given 

by (Patterson et al. 1989): 

1 
D= ----

3(µa + µD 

Equation 2.15 

Note that the EM propagation velocity in the medium was obtained by dividing the 

average EM free space propagation velocity by the index of refraction of dry wood ( n = 

1.19), as proposed by Kienle et al. (2008). 

The TRP measured can be expressed as a convolution between the instrumental response 

function (IRF) and the true photons time-of-flight distribution (TOFD) (Diop and 

Lawrence 2013): 

TRP =/RF* TOFD 

Equation 2.16 

where* denotes the convolution operator. Therefore, the DE solution (Equation 2.14) 

can be convoluted with the IRF in order to model the TRP. A Levenberg-Marquardt 

optimization algorithm is then typically used to fit the convolution between the IRF and 

the DE solution to the measured TRP (Figure 2.9). Since in our case p was null, v was 

assumed as constant, and the thicknesses of the wood samples were known, the only 

unknowns were the absorption (µ 0 ) and reduced scattering coefficients (µs ), which can 

therefore be obtained from the curve fitting (Caffini et al. 2012). 

According to Martelli et al. (2010), the DE cannot be applied to wood because of its 

anisotropic structure (which strongly influences its scattering properties). However, 

Kienle et al. (2007) demonstrated that, in the time domain, the use of isotropic diffusion 
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models to characterize anisotropic biological media leads to good results for the 

determination of the absorption coefficient but can lead to higher errors concerning the 

reduced scattering coefficient. 
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Figure 2.9: Fitting of the convolution between the IRF and the model solution (red 
curve) to the measured TRP (blue curve) using the Levenberg-Marquardt optimization 
algorithm. 

2.2.3. Wood properties prediction using the optical coefficients 

Once the optical coefficients (µa and µs) of a wood sample are obtained, they can in turn 

be used to explain other properties (for example, air-dry density and MC). Measurement 

of wood MC using NIR laser radiation was first investigated by Tsuchikawa et al. (2000). 

D' Andrea et al. (2008) also showed that time-resolved NIR spectroscopy in the 700 -

1040 nm region and in reflectance geometry could be used for non-invasive 

characterization of dry, wet and degraded wood, particularly for MC estimation. They 

reported that the reduced scattering coefficient (µs) was almost constant among the 

spectral wavelength range investigated, which was not the case for the absorption 

coefficient (µa). Moreover, µa was shown to be independent of the orientation of the 
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injection/detection line with regards to the wood fiber, and therefore independent of the 

wood section investigated. However, this was not the case for µ5 ' which was strongly 

affected by the wood anisotropy and much higher values of µ5 ' were obtained when 

wood fibers were oriented perpendicularly with regards to the injection/detection line. 

Both µ 0 and µ5 ' were affected by the wood type of the two species studied: sweet 

chestnut (Castanea saliva Mill.) and silver fir (Abies alba Mill.). Sweet chestnut samples 

have higher value for both coefficients causing strong reduction of signal intensity and 

of signal to noise ratio (SIN). 

A theoretical model based on the microstructure of softwood was proposed by Kienle et 

al. (2008) to simulate light propagation in wood. In this model, softwood is considered 

as being made of long cylindrical tracheids (which are the main cause of anisotropic 

light propagation) and by other scatterers having isotropic optical properties (such as pits 

and other cell components). Kienle et al. (2008) assumed that tracheids were infinitely 

long parallel cylinders having an average diameter d of 30 µm and a minimal wall 

thickness of 3 µm. It follows that about 35% of the volume is actual wood substance 

( cell walls) while the remaining volume ( cells lumens) is filled with air and water. The 

refractive index of the cell wall substance, air and water were assumed to have 

respective values of 1.55, 1.0 and 1.33. This led to an average index of refraction 

( arithmetical mean weighted by the volume percentage) of 1.19 and 1.41 for dry and wet 

wood, respectively. Scattering by tracheids was calculated using the solution to 

Maxwell's equations for. a plane wave, which is incident on an infinitely long cylinder 

presented by Yousif and Boutros (1992). Photons incident on an infinitely long cylinder 

at an angle <pare scattered in specific directions that form a cone with the cylinder as the 
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axis and having a half angle <p (Kienle et al. 2008). The scattering coefficient of the 

cylinders was computed as (Kienle et al. 2008): 

Equation 2.1 7 

where Pa (mm-2
) is the density of the cylinders in the model and Q5c is the scattering 

efficiency of a single cylinder that is also calculated from Maxwell's equations (Yousif 

and Boutros 1992). All other structures were described as having isotropic optical 

properties with an anisotropy factor g = 0. 9 and using a Henyey-Greenstein phase 

function. Simulations were performed by applying the RTE to the model and solving the 

problem using the Monte Carlo method to obtain the spatially and time-resolved 

reflectance (Kienle et al. 2008). By fitting the solution of the DE to the time-resolved 

reflectance obtained from the Monte Carlo simulations, the authors acquired reduced 

scattering coefficients for dry wood of 1.7 mm-1 and 10 mm-1 respectively in the parallel 

and perpendicular direction to the tracheids. Corresponding values for wet wood were 

0.8 and 2.4 mm-1
• 

D' Andrea et al. (2009) used time-resolved NIR spectroscopy over the 700 - 1100 nm 

spectral range to assess silver fir wood MC variation from 4 to 18% (dry basis). 

According to these authors, the strong decrease of µa between 700 and 800 nm can be 

assigned to lignin and extractives, while cellulose and water contribute mainly to 

absorption above 800 nm. Finally, Bargigia et al. (2013) used time-resolved NIR 

spectroscopy to assess the optical properties, porosity, gas permeability and MC of 

Norway spruce. 

81 



2.3. Ground penetrating radar probing 

2.3.1. Principle 

Ground penetrating radar (GPR), also referred to as impulse radar or ultra-wideband 

(UWB) systems, is a particular type of radar system that emits EM pulses to probe the 

subsurface of a medium. Although the term GPR is commonly used for many 

applications, it may be misleading because it is used to describe a variety of systems 

employed in different configurations and for different purposes unrelated to subsurface 

imaging of the ground. For example, TreeRadar™ {Tree Radar Inc., Silver Spring, MD, 

USA), which was developed for the assessment of tree and root health, is a GPR. The 

common property of all of these systems is that they use short pulses of high-frequency 

EM waves typically in the range of 10 MHz - 2 GHz to investigate the subsurface of a 

material and the bandwidth of the pulse is about equal to the center frequency (Davis 

and Annan 1989). Frequency and bandwidth concepts are illustrated in Figure 2.10, 

where a continuous wave (Figure 2.10A) is characterized by a very narrow bandwidth 

(Figure 2.10B), while a pulse (Figure 2.1 OC) is characterized by a much larger 

bandwidth (Figure 2.1 OD). Generally, the higher the frequency of the transmitted EM 

wave, the higher the resolution. However, attenuation is also higher and penetration 

depth shallower at higher frequencies. Penetration depth of EM waves into the 

subsurface is highly dependent on the electrical properties of the host material, which 

governs the attenuation (Duke 1990). Dielectric properties of wood will be reviewed in 

detail later in this chapter (section 2.3.3. Wood dielectric properties). In low

conductivity media (such as dry sand and gravel), low-frequency GPR systems (e.g., 50 

- 100 MHz antennas) can achieve penetration up to several tens of meters, and high-
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frequency systems (e.g., 450 - 900 MHz antennas) achieve penetration of one to several 

meters. For silty sands and clays, penetration depth will be significantly less (Huisman 

2003). 
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Figure 2.10: Examples of a continuous wave (A) in the time domain and (B) in the 
frequency domain, as well as of a pulse (C) in the time domain and (D) in the frequency 
domain. Units are arbitrary. 
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The GPR technique is conceptually quite simple and similar in principle to se1sm1c 

methods (Annan 1973). GPR uses EM energy that propagates through a medium to 

measure contrast in subsurface dielectric properties (Duke 1990). The propagation of 

this EM energy can be described by Maxwell's equations. In the case of the most 

commonly used bistatic systems, GPRs are equipped with two antennas (transmitter and 

receiver) located at a specific separation distance and placed at the surface of a material 

(Figure 2.11 ). 

Transmitter Receiver 

G) .__I ___ ____,), G) Air Wave 

<;_'j,. --·~~ 
V:::. · Ground Wave 

Medium 1 (E 1 ) Reflected Wave 

Medium 2 (E 2 < E 1 ) 

Figure 2.11: Main propagation paths of a GPR signal in a medium with two layers of 
contrasting dielectric permittivity (£1 and £2). 

EM waves can follow multiple paths from transmitter to receiver and propagate: (i) 

directly through the air (air wave); (ii) at the subsurface of the material (ground wave); 

or (iii) through the material, being reflected when encountering any dielectric 

discontinuity in the material (reflected wave) (Annan 1973). In the case of a monostatic 

GPR (where transmitter and receiver are quite close), the term direct wave is used to 
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refer to the superposition of the air and ground waves when they are not distinguishable 

one from another (Figure 2.12). 
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Figure 2.12: GPR trace presenting a direct and a reflected wave. 
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The transmitter radiates short pulses both upward into the air and downward into the soil, 

and the other antenna (receiver) measures the emitted signal as a function of time. 

However, in most cases GPR will be shielded in order to limit the propagation of EM 

waves upward and avoid interference with elements from the environment. Any 

subsurface contrast in electrical properties will result in some energy being reflected 

back to the surface. 

GPR data consist of a sequence of voltage measurements acquired in time on the 

receiving antenna following the initiation of a pulse on the transmitting antenna (Figure 

2.12). This sequence of measurements is referred to as trace. Traces can be collected at 

regular intervals along a straight line to form a radargram in two dimensions ( distance 
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versus time or depth). Similarly, successive lines parallel and perpendicular to each 

other following a grid pattern can be collected on a surface and a 3D map of the 

subsurface can be reconstructed. 

GPR can be used in reflection or transillumination mode. Although it is used for 

geotechnical and civil engineering applications, the GPR transillumination mode is not 

common. However, it could be suitable to scan logs (Mucciardi 2002). It uses two 

separate antennas positioned opposite to each other. The signal is directly transmitted 

from transmitter to receiver. The main advantage is that we can estimate the velocity of 

the wave and its attenuation directly from the travel time and the amplitude 

measurement (assuming that the antenna separation is known) (Joi 2009). One 

requirement of the transillumination mode to permit more simplified analysis is that the 

antenna separation must be sufficiently large to be in the far-field of the antenna (Joi 

2009). In other words, the antenna separation must be higher than the dominant 

wavelength of the GPR pulse which is given by the ratio of the wave velocity in the 

material over the GPR center frequency. 

In reflection mode, which is by far the most common, different reflection setups can be 

used. The distinction is usually made between fixed-offset and multiple-offset GPR 

configurations, for which measurements are made respectively with a fixed antenna 

separation or multiple different antenna separations (Huisman et al. 2003). The fixed

offset mode is used to acquire profiles ( or radargrams) of the subsurface to determine 

depth and position of buried objects and stratigraphic horizons. With the multiple-offset 

mode, a multiple trace analysis (MT A) can be performed to estimate signal velocity and 

to infer the medium permittivity and MC (Galagedara et al. 2003). Signal velocity can 
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also be measured using a single trace analysis (STA) by extracting the arrival time of 

direct ( air-ground) and reflected waves. Each of these configurations and techniques of 

analysis presents advantages and disadvantages depending on the type of application. 

More details can be found in Huisman et al. (2003), Galagedara et al. (2003), and Di 

Matteo et al. (2013). 

The GPR signal return can have the same or inverse polarity as the incident signal, 

depending on the nature of the change in electrical properties that cause the reflection. In 

this context, the target or interface that causes the change in electrical properties can be 

characterize by its electrical impedance (Z, in 0) which measure the opposition that an 

alternating current (AC) circuit presents to the passage of a current when a voltage is 

applied. The impedance can be defined as the ratio between the voltage ( V, in V) and the 

current intensity(/, in A). The reflection coefficient (R) is also used to quantify how the 

amplitude of the EM field varies across an interface between two materials (Annan 

2005). The reflection coefficient can be express as a function of the impedance of the 

two medium on both sides of the interface (Z1 and Z2) as: 

Z1 cos 61 - Z2 cos 62 R=--------
Z1 cos 61 + Z2 cos 62 

Equation 2.18 

where fh and fh are the angles between the propagation vector of the EM wave and the 

perpendicular to the interface in the medium 1 and 2, respectively. Hence, a high 

impedance target (such as air-filled voids) yields a positive reflection coefficient, 

whereas a low impedance target (such as a metal) yields a negative reflection coefficient 

(Annan 2005). Note that the ground wave has an inverse polarity with regards to the air 

wave. 
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Therefore, the act of placing a metal plate underneath the material investigated (logs, in 

our case) will change the polarity of the GPR reflected wave. This change of polarity 

can be exploited to isolate and amplify the reflected wave from the rest of the signal by 

subtracting the trace collected with the metal plate (M trace) from the trace collected 

without the metal plate (W trace). The resulting trace is referred to as the "D trace". 

These different traces are presented in Figure 2.13. It is clearly visible that the reflected 

wave of M traces presents a negative polarity (Figure 2.13A) and that the reflected wave 

of W traces presents a positive polarity (Figure 2.13B) that is identical to that of the 

direct wave. It is to conserve this positive polarity on D traces that M traces were 

subtracted from W traces (and not the opposite) (Figure 2.13C). Note that the name "M 

trace" was chosen for "Metal" while "W trace" was chosen for "Without metal" and that, 

in this thesis, these denominations are not related to the shape of the signal. 

2.3.2. Methods of analysis of the GPR signal 

2.3.2.1. The early-time signal 

The early-time signal of the GPR, as its name indicates, is the early portion of the GPR 

record, and is made of a superposition of the air and ground waves. Its length may vary 

depending on the time window considered, but for example it commonly includes the 

first onset of the signal ( the part between time zero and the first positive peak of the real 

trace), the maximum amplitude of the ground wave ( the part between time zero and the 

maximum amplitude of the ground wave) or the first half cycle ( the part between time 

zero and the maximum amplitude of the envelope). 
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Figure 2.13: GPR signal collected (A) with a metal plate placed under the log; (B) 
without the metal plate (air) and (C) difference trace (D trace= W trace - M trace). 
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Recently, several studies used the early-time approach to relate the average envelope 

amplitude (AEA) of the early-time GPR signal to near-surface dielectric properties and 

MC of the material investigated (Pettinelli et al. 2007, 2014, Ferrara et al. 2013a, 2013b, 

Di Matteo et al. 2013). The AEA used in the early-time approach is defined as the 

average of the envelope amplitude, which is the absolute value of the complex trace 

obtained from Hilbert transform of the original GPR trace (Ferrara et al. 2013a, 2013b). 

The GPR direct wavelet amplitude contained in the early-time signal depends on 

shallow dielectric properties of the material, even when direct air and ground waves 

overlap (Ferrara et al. 2013a, Di Matteo et al. 2013). The early-time approach was 

successfully used for measuring soil dielectric properties (Pettinelli et al. 2007, 2014, Di 

Matteo et al. 2013) and water content (Ferrara et al. 2013 b) as well as concrete water 

content (Ferrara et al. 2013a). Di Matteo et al. (2013) indicated that both linear and non

linear models could quite well explain the relationship between the AEA and the soil 

dielectric permittivity, but the linear model showed a slightly better fit. Pettinelli et al. 

(2014) also established linear regression models between the AEA of the GPR early

time signal and the soil permittivity and conductivity measured by time-domain 

reflectometry (TDR). An important issue concerning the early-time GPR signal analysis 

is the estimation of the effective depth and volume sampled using this method. As the 

early-time signal is a superposition of both the air and ground waves, it can be assumed 

that the ground wave sampling depth represents well the early-time sampling depth. 
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2.3.2.2. Ground wave and sampling depth 

Several approximations of the GPR ground wave sampling depth in soil have been 

proposed in the literature, with most studies concerning soil MC measurements. These 

approximations are summarized and discussed in Grote et al. (2010). Van Overmeeren et 

al. (1997) proposed approximating the GPR ground wave sampling depth (zd, in m) as: 

Equation 2.19 

where vis the signal velocity (m·ns91), as is the antenna separation (m) andfc is the GPR 

central frequency (ns-1
). Du (1996) suggested that the sampling depth was not affected 

by the separation distance between the GPR antennas and ranged from half the 

wavelength to a full wavelength. 

In a survey using common midpoint (CMP) measurements (a technique where both GPR 

antennas are moved simultaneously from each side of a common point), Galagedara et al. 

(2005) determined that the sampling depth could be approximated by: 

zd = 0.6015,1 + 0.0468 

Equation 2.20 

where Ji. is the wavelength (m). In this model, frequencies used were ranging from 100 to 

900 MHz and the ground wave sampling depth was defined as the thickness of the upper 

soil layer at which the CMP velocity differed by 5% from the velocity of a wave 

traveling only in the upper layer. According to Grote et al. (2010), this last model is the 

best correlated with experimental data. 
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2.3.2.3. Propagation velocity analysis 

The velocity of the GPR signal traveling in a medium can be computed by measuring the 

two-way travel time ft (ns) of the GPR signal through the material. In practice, the travel 

time of the signal reflected from a target can be computed as the difference between the 

arrival time of the direct and reflected waves measured from a GPR trace (Figure 2.14). 

Arrival times can be determined manually from the time profiles (Rodriguez Abad et al. 

2011, Wunderlich and Rabbel 2013) or using algorithms (Molyneux and Schmitt 1999, 

Giroux et al. 2009, Sabbione and Velis 2010). Knowing the distance to the target (d, in 

m), which corresponds to the log length or diameter in our case, the velocity of the GPR 

signal propagating through the medium can be computed by: 

2 .J d 2 + (O.Sa5)2 
v=------

tt + td 

Equation 2.21 

where fd = a5 /c (ns) is the time that the direct wave required to travel from transmitter to 

receiver through the air. Rigorously, the absolute travel time of the GPR signal 

correspond to the sum ft+ fd. However, since fd is a constant, ft is used here to discuss the 

travel time of the GPR signal. 
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The propagation velocity ( v) of an EM wave travelling through a dielectric medium is 

determined by its dielectric properties according to the following relation (Huisman et al. 

2003): 

C 
V = ----------1 

[~ ( 1+ [1 + (~:ft)r 
Equation 2.22 

where c is the velocity of the EM wave in free space (- 0.3 m·ns-1). In the GPR 

frequency range and for low-loss materials, e'' is often small compared to e ', and several 

authors have stated that it could be neglected for dielectric materials such as soil (Topp 

et al. 1980, Huisman et al. 2003), bulk vegetation (Ulaby and Jedlicka 1984) and wood 

(Rodriguez Abad et al. 2011 ). In such cases, the velocity can be approximated by: 

C 

R 
Equation 2.23 

Note that the use of this equation to determine the permittivity, knowing the velocity, 

leads to an approximation called the apparent permittivity and simply noted e. This 

apparent permittivity is used to establish empirical relationships with the wood MC. The 

error eventually made when computing velocity, due to inaccuracies in determining the 

travel time, has no impact since MC is simply being correlated with e. A review of the 

relationships between wood MC and the real or apparent permittivity found in the 

literature is summarized in Table 8.1 and Table 8.2 for measurement performed with the 

electric field oriented respectively parallel and perpendicular to the wood grain direction. 
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Figure 2.14: Direct and reflected wave arrival times. 

2.3.3. Wood dielectric properties 

The wood dielectric properties influence the distribution of an applied EM field 

(Komarov et al. 2006). Real (c ') and imaginary (c ") parts of permittivity are the 

quantities used to describe the dielectric properties of a material (Komarov et al. 2006). £' 

and£ " are also known as dielectric constant and loss factors, respectively. £' represents 

the electric potential energy that can be stored in a material in the form of polarization 

under the influence of an EM field, while £ ' ' represents the dissipation or loss of part of 

this energy in the form of heat when the EM field changes (Sabin and Ay 2004). For a 

given frequency, the complex permittivity (E*) can be expressed as: 

Equation 2.24 

where i2 = -1. The relative permittivity (er) of a material is the ratio of the complex 

permittivity ( E*) to the vacuum permittivity (co = 8.8541 x 10-12 F·m-1
). Wood 
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permittivity has a major role in determining the response measured with GPR. Note that 

the permittivity and refractive index of a material (n) are different ways of expressing 

the same property and that one can be computed from the other following: 

n = .Jerµr 

Equation 2.25 

where µr is the relative permeability (equal to 1 for non-magnetic materials). Typically, 

the permittivity is used for the discussions of EM methods ( at low frequencies), while 

the refractive index is more commonly used in optics (at high frequencies). 

c' and c" depend on frequency, wood MC and density, tree species, temperature, wood 

grain direction with regards to the electric field orientation and the type of wood tissue 

considered. 

2.3.3.1. Influence of frequency 

The decrease of c ' with increasing frequencies has been demonstrated by many authors 

(Norimoto and Yamada 1970, 1972, James 1975, Norimoto 1976, Torgovnikov 1993, 

Kabir et al. 2001, Afzal et al. 2003). This is due to the fact that with increasing 

frequencies, polar wood molecules have insufficient time to reorient following the 

external field changes and so the medium is less polarizable. At microwave frequencies, 

the period of the field oscillation is comparable to the relaxation time of the molecules. 

c '' of oven-dry wood follows a bell-shaped curve with increasing frequencies from 102 

to 1011 Hz, reaching a maximum around 10 7 Hz corresponding also to the frequency at 

which c'' of cellulose is maximum and coinciding with the relaxation time of the cell 
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wall substance of oven-dry wood (Torgovnikov 1993). Pattern of the e'' curve 

dramatically changes at low frequencies (below 107 Hz) when wood MC increases due 

to the high ionic conductivity taking place. However, at high frequencies (above 107 Hz) 

the pattern stays relatively constant. 

According to Torgovnikov (1993), Bucur (2003) and Komarov et al. (2006), in the GPR 

frequency range of 915 - 2450 MHz, dipole rotation is the dominant polarization 

mechanism occurring in moist wood. Dipole rotation is associated not only with the 

rotation of free water molecules, but also with the displacement of the bound water as 

well as of the OH and CH20H polar groups of cellulose, hemicellulose and lignin that 

form the cell wall substance. Frequency increase leads to a decrease in e ', because fewer 

polar molecules have sufficient time to follow the external field changes (Norimoto and 

Yamada 1970, 1972, Torgovnikov 1993, Kabir et al. 2001, Afzal et al. 2003). 

2.3.3.2. Influence of moisture content 

In oven-dry wood, cellulose molecules are bound by a secondary valence force that 

prevents the dipoles of the molecules from displacing under the influence of the EM 

field. Humidification process leads to penetration of water molecules between the 

molecules of cellulose and to the weakening of transverse bonds, which in tum increases 

dipoles mobility (Sahin and Ay 2004). As wood MC increases, water molecules will be 

found in different forms: bound in mono-layers (for MC from Oto 5%), bound in multi

layers (for MC from 5 to 18-23%), capillary-condensed (for MC from 18-23% to the 

FSP) and free (above the FSP). Significant change of dielectric properties occurs at each 
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of these boundary lines due to change in relaxation times (Torgovnikov 1993, Cao and 

Zhao 2000a,b). Bound water is characterized by a large spectrum of relaxation times and 

its dielectric properties lie between those of free water ( e' = 80 at + 20°C) and crystalline 

ice (e' = 3.2 at -12°C). According to Torgovnikov (1993), the influence of water in wood 

up to 5% MC is insignificant because of the high strength of hydrogen bonds between 

water molecules and wood. Above 5% MC, e' and e '' increase as MC increases 

(Peyskens et al. 1984, Torgovnikov 1993, Sabin and Ay 2004). It seems also that with 

increasing MC, the maximum value of e '' shifts to higher frequencies. For an increase of 

MC from 3% to 20% at 20°C and for measurements performed in the transversal 

direction, the peak of e" shifts from 25 MHz to 8 GHz (Torgovnikov 1993) and 

therefore falls within the GPR frequency range at these MC levels. In proportional 

amounts, the influence of bound and capillary-condensed water on wood dielectric 

properties would be more pronounced than the influence of free water (Peyskens et al. 

1984, Torgovnikov 1993). Above FSP, free water interacts with the electric field 

independently of cell wall substance and bound water. Therefore, change of e' and e'' 

are determined mainly by dielectric properties of free water and its relative amount in 

wood (Torgovnikov 1993). 

Several studies have been carried out only for wood with MC below FSP (James 1975, 

Norimoto 1976, Peyskens 1984, Afzal et al. 2003, Sahin and Ay 2004). However, others 

have also been undertaken for a wide range of MC variation (James et al. 1985, 

Torgovnikov 1993, Kabir et al. 1997, 1998, Daian et al. 2006, Koubaa et al. 2008, 

Rodriguez Abad 2010, 2011). In both cases (below and above FSP), linear or curvilinear 

relationships between wood MC and e' were reported. A summary of the models found 
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in the literature is presented in Table 8.1 and Table 8.2. According to Lin (1967), 

increase of c' with MC is exponential below FSP because of the increased freedom of 

rotation of the polar groups (in addition to the increase of MC) and then linear above 

because only MC increases. 

In comparison with c '' of oven-dry wood ( which presents a maximum around 10 7 Hz as 

mentioned in the previous section), c '' of bound water reaches a maximum value 

between 108 and 109 Hz, and in this domain, c' ' of free water reaches a minimum (Bucur 

2003). The influence of free water is more important at frequencies higher than 1 GHz 

(Bucur 2003 ). 

2.3.3.3. Influence of density 

Wood density is the principal factor determining the permittivity of oven-dried wood. 

Both c ' and c ' ' increase with wood density throughout the entire frequency range 

(Torgovnikov 1993). From the data presented by Torgovnikov (1993), for each percent 

increase in oven-dry wood density, c' and c" increase roughly by 2% and 0.1 % 

respectively at 20°C and a frequency of 10 GHz. Therefore, the effect of wood density 

on its dielectric properties remains weak in comparison with the effect of MC (Afzal et 

al. 2003, Koubaa et al. 2008). The lower dielectric properties of wood with lower 

density can be explained by the fact that there are fewer polar groups and therefore 

lower polarization as wood density diminishes (Sahin and Ay 2004). Several authors 

found a linear relationship between c ' and wood basic density in the frequency range of 

2.3 to 10 GHz (Johansson 2003, Lundgren et al. 2006, Holmes et al. 2013). However, it 
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seems that this relationship can be linear or curvilinear depending on the frequency 

(Norimoto 1976, Peyskens et al. 1984, Torgovnikov 1993). Torgovnikov (1993) found a 

second order polynomial relationship between e ' and density for frequencies ranging 

from 102 to 1011 Hz and for measurement performed in the transverse direction. 

According to Lin (1973), MC alone accounts for more than 94% of the variability ins' 

and including BSG as an additional independent variable along with MC in a multiple 

linear regression model to predict wood dielectric properties did not lead to any 

improvement. 

2.3.3.4. Influence of the species 

Several different studies showed that the species effect on wood dielectric properties 

was weak in comparison with the effect of density and MC (Peyskens et al. 1984, 

Torgovnikov 1993, Sahin and Ay 2004, Koubaa et al. 2008). However, there are 

considerable differences in dielectric properties between softwood and hardwood species 

that might be explained by their different anatomical structures. From the results 

obtained by Peyskens et al. (1984), it appears that e '' shows more variation according to 

the species than e '. It seems also that the permittivity measured in the perpendicular 

direction is influenced by tree species considerably less than the permittivity measured 

in the parallel direction with regards to fiber orientation (Torgovnikov 1993). 

Distinct e ' values were found by Duchow and Gerhardt ( 1996) between softwood and 

hardwood explained by the lower porosity of hardwood. They related the wood porosity 

to e ' measured at 1 MHz and established two different models for softwood and 
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hardwood, indicating that differences in dielectric properties for different wood and 

direction of measurement arise from differences in wood microstructure. 

2.3.3.5. Influence of temperature 

Temperature is well known to affect wood dielectric properties because an increase of 

temperature causes a decrease of the relaxation time in polarization phenomena 

(Torgovnikov 1993). In the high frequency range (above 107 Hz), e' and e" of oven-dry 

wood increase as temperature increases. 

Below FSP and for high frequencies, e ' and e '' increase continuously with increasing 

temperature from -20 to 80°C (without abrupt change when passing the 0°C point) 

(Torgovnikov 1993). Above FSP and at frequencies of 0.9 to 2.4 GHz, temperature 

changes from 20 to 90°C do not affect e ' significantly. At these frequencies and in the 

negative temperature range, e' increases with increasing temperature and is less subject 

to the influence of MC. Above FSP, an abrupt increase of e' value is noted at 0°C 

because free water turns from solid to liquid state. At negative temperatures, wood 

consists mainly of cell wall substance, air, ice and non-freezing bound moisture. Change 

of dielectric properties with decreasing temperature from -5 to -30°C is small at 

microwave frequencies. Therefore, the quantity of non-freezing bound moisture is the 

main factor determining change in dielectric properties of frozen wood (Torgovnikov 

1993). 

The influence of temperature on e' ' above FSP is more complicated and contradiction 

exists within the literature. An example of this contradiction can be found between 
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results presented by Koubaa et al. (2008) and those presented by Torgovnikov (1993). It 

seems, according to Torgovnikov (1993), that e" increases slightly from -20 to 0°C, 

followed by an abrupt change when passing the 0°C point. Above 0°C, e '' can increase 

or decrease with increasing temperature depending on the quantity of free water and on 

the frequency. Von Rippel and Dietz (1942) found that in moist wood, e" decreased 

with increasing temperature due to the decreasing amount of friction experienced by 

water dipoles. From the data presented by Torgovnikov (1993) and Koubaa et al. (2008), 

it appears that change of e ' and e ' ' with change of temperature below and above the 0°C 

point does not exceed 10% of their respective values. However, when passing the 0°C 

point, the value of e ' and e ' ' can be multiplied by several orders of magnitude depending 

on the quantity of free water present in the wood and on the frequency (Torgovnikov 

1993). Torgovnikov (1993) also pointed out that wood at negative temperature still 

contains unfrozen supercooled water with a e' at super high frequencies (3 to 30 GHz), 

which is 2 to 25 times higher than the one of ice and a e '' several orders higher. This can 

cause a considerable spread in the data obtained. For example, at -50°C, it seems that 

about 12% of the water remains unfrozen in wood with MC above FSP (Torgovnikov 

1993). Lamason et al. (2014) also showed that bound water in heartwood at -20°C 

remains unfrozen and that in sapwood, the phase transition of bound water to ice occurs 

below -60°C. Moreover, ice formed by free moisture forms crystals on which a thin film 

of water is always present and which has a maximum dielectric loss in the frequency 

range of 0.3 to 3 GHz (Torgovnikov 1993). Paz et al. (2006) studied the influence of 

temperature on MC measurements of woodchips at frequencies between 300 and 800 

MHz. They concluded that the influence of temperature from 0°C to 70°C could be 
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neglected in models calibrated for MC prediction because characteristics of the 

woodchips had a higher influence on the model than temperature. 

2.3.3. 6. Influence of anisotropy 

As shown by several authors (Norimoto and Yamada 1972, N orimoto et al. 1978, 

Peyskens et al. 1984, Torgovnikov 1993, Sahin and Ay 2004, Daian et al. 2005, 

Lundgren 2007, Rodriguez Abad 2011, Martinez Sala et al. 2013), e' and e" are always 

the highest in the wood longitudinal direction, while they are only slightly higher in the 

radial than in the tangential direction. Differences between radial and tangential 

directions diminish with increasing frequencies and are not detectable at 1 GHz and 

higher (Torgovnikov 1993, Bucur 2003). The dielectric anisotropy is therefore described 

by a tensor. However, because the permittivity measured in the radial direction is almost 

similar to the tangential one, in numerous studies of wood dielectric properties, only two 

directions are considered: perpendicular and parallel to the wood fiber orientation 

(Martinez Sala et al. 2013, Kaestner 2002). 

For oven-dry wood, e' and e ' ' measured at 10 7 Hz in the longitudinal direction 

respectively have values of about 1.3 and 2. 7 times higher than in the transverse 

direction. These differences fall to 1.12 - 1.16 and 1.45 - 1.50 times at 1010 Hz, 

respectively (Torgovnikov 1993). With increasing MC, difference between e' measured 

in the longitudinal and transverse directions will increase. For different softwood species 

at 35% MC and at 3 GHz, Peyskens et al. (1984) reported e' and e" values in the 

longitudinal direction of 1.5 and up to 3 times higher respectively than in the transversal 
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direction. For different hardwood species at 30% MC and at 2.45 GHz, Sahin and Ay 

(2004) reported e' and e '' values in the longitudinal direction up to 1.3 and 2.1 times 

higher respectively than in the transversal direction. According to James et al. (1985), 

the dielectric anisotropy of wood causes linearly polarized waves to become depolarized 

and the electric vector of the incident wave is resolved into components in the direction 

of maximum and minimum e '. 

The anisotropy of wood dielectric properties can be explained by the properties and 

layout of cellulose, hemicellulose and lignin as well as by the arrangement of cell walls 

and lumens. Indeed, polar groups of cellulose and hemicellulose are likely to have more 

freedom of rotation along the grain. This is why larger dielectric parameters values are 

obtained when the electric field is oriented along the grain (Lin 1967, Norimoto and 

Yamada 1972, Torgovnikov 1993). In the transverse direction, lignin would have a 

considerable influence and has lower dielectric properties than cellulose. The slightly 

higher e ' obtained in the radial direction compared to the tangential could also be due to 

rays arrangement (Torgovnikov 1993). 

2.3.3. 7. Influence of the wood type 

Great differences in anatomical and physical properties exist between different tissues 

and regions of a tree. Indeed, contrast of dielectric properties should be expected 

between, for example, sapwood and heartwood, earlywood and latewood, juvenile and 

mature wood as well as between wood and bark. Moreover, defects such as knots, rot 

and resin pockets also strongly influence the wood dielectric properties (Bucur 2003 ). 
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Unfortunately, in most of the studies, authors do not mention the type of wood used in 

their analysis (Table 8.1 and Table 8.2). Sapwood was used by Sahin and Ay (2004) and 

Koubaa et al. (2008). El-Rayes and Ulaby (1987) demonstrated that e' was decreasing 

radially from pith to bark in balsam fir (Abies balsamea [L.] Mill.). Holmes et al. (2013) 

showed that in the frequency range of 4.6 to 6.1 GHz, e' of sapwood was increasing with 

frequency while for heartwood it stayed approximately constant. They reported that 

when approaching 10 GHz, e' and e'' in sapwood increased rapidly due to the large free 

water component within the sapwood. Salas et al ( 1994) found higher e' and e '' in the 

sapwood of Tsuga canadensis (L.) Carriere and Picea rubens Sarg. than in their 

heartwood and bark at 0.44 and 1.25 GHz. They pointed out that large variation of MC 

occurred within centimeters along the radial core. They also monitored temporal 

variation of dielectric properties during the day due to transpirational water loss in living 

trees: e' and e" essentially remained static from early morning until midday, at which 

time they underwent a gradual, steady decrease and lost about 40% of their value within 

four hours. The authors also noted that variations in ionic concentration did not appear to 

significantly affect e' and e'' for varying MC and at 5.3 GHz. 

Relative volumes of earlywood and latewood also significantly affect e' due mainly to 

the increase of the wood average density value. According to Holmes et al. (2013), the 

earlywood/latewood layering in wood can "duct" microwave energy in a preferred 

direction and change the electric field polarization. These authors also showed that the 

change of permittivity between earlywood and latewood gives rise to cyclic variation in 

the radial direction. An increase of latewood proportion from 10 to 3 0% increases e' by 

12 to 25% (Norimoto et al. 1978, Torgovnikov 1993). 
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Bark is more heterogeneous than wood and has different anatomical, chemical and 

physical properties. e' of spruce bark measured in the perpendicular direction at 97% 

MC and at 0.915 GHz is approximatively 3.2 at -15°C and 11.4 at 20°C. Under the same 

conditions, aspen bark has similar e' values (respectively 3.5 and 9.8). Similarly to wood, 

bark presents a sharp increase of e' at 0°C when temperature increases from negative to 

positive values. However, bark presents a large variability of dielectric properties due to 

its heterogeneity and depending on the inner (living and conducting tissue) to outer 

(mostly dead tissue) bark ratio (Torgovnikov 1993). Large variability was also reported 

by Holmes et al. (2013), who also mentioned that e'' of bark was extremely high (which 

would suggest that much of the incident microwave energy would be attenuated in the 

bark). 

From this review, it is clear that further research is needed to better understand and 

characterize the influence of wood anatomy on its dielectric properties. Especially, it 

would be important to better characterize variation of wood dielectric properties around 

the 0°C point. Also disagreements between authors could be explained by high 

differences of dielectric properties between hardwood and softwood species as well as 

between heartwood, sapwood and bark. Further in-depth investigations of wood 

dielectric properties in future researches should address these issues. 
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2.3.4. Wood properties prediction using GPR 

Assessment of wood properties using GPR seems to have started in 1985 when Canpolar 

Inc. (Toronto, ON, Canada) carried some testing to detect decay in aspen (Populus sp.) 

bolts using a pulseEKKO GPR system with a center frequency of 700 MHz (Canpolar, 

1987). They could observe difference in radargrams between defect-free and decayed 

wood samples. Several other studies followed, suggesting encouraging results using 

GPR to detect defects in standing trees (Miller and Doolittle 1989, Nicolotti and 

Miglietta 1998, Godio 2000), in softwood logs (Detection Sciences Inc. 1994, Schad et 

al. 1996) and in timber structures (Hernandez and Duwadi 2000, Muller 2002) as well as 

for structural timber grading (Rodriguez Abad et al. 2007). However, the common point 

of all these studies is that assessment of radargrams was done visually. No or very 

limited processing of the GPR data was performed mainly due to the lake of signal 

digitalization and to the limited computation power available. GPR data were recorded 

on magnetic tapes and radargrams were reproduced on electrostatic paper. Moreover, all 

these studies were performed using GPR in reflection mode. Antenna used had central 

frequency ranging from 120 MHz to 4 GHz depending on the study. 

In 2002, a method using GPR in reflection and transillumination mode was patented (US 

6,496,136 Bl) to detect internal decay in standing trees (Mucciardi 2002). With this 

method, GPR is move circumferentially around the tree trunk at different elevations to 

obtain radargrams of the cross-section in polar coordinates. Radargrams are then 

processed to extract valuable information. Similar methods were used by Nicolotti et al. 

(2003) and Fu et al. (2014) to detect defect in standing trees, by Hislop et al. (2009) to 

detect resin defect in slash pine (Pinus elliottii Engelm.) and by Butnor et al. (2009) to 
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identify and assess the volume of decay-related defect in standing trees. However, this 

method is relatively slow and laborious to implement and is not suitable for rapid 

monitoring of defects in logs in the forest industry. 

Halabe and Gopalakrishnan (2007) as well as Agrawal (2005), Devaru (2006) and 

Halabe et al. (2009) also developed MATLAB algorithms for the detection and location 

of defects (such as knots, decays and embedded object) in debarked and canted logs 

from GPR radargrams (recorded with 900 and 1600 MHz central frequencies GPR). 

They could locate defects with an accuracy of 0.02 and 0.04 m along log length and 

diameter (depth), respectively. Jadeja (2007) and Halabe et al. (2011) used these 

algorithms to optimize the sawing of canted logs in real-time through the control of the 

cutting sequence in sawmill. Two 900 MHz central frequency GPRs were used to scan 

two adjacents faces of canted logs and resolve the location and dimension of the defects 

in a 3D coordinate system. The cutting sequence generated lead to 27% increase in the 

yield (in terms of dollar value) in comparison with random cutting of boards. 

Rodriguez Abad et al. (2009) studied the dielectric properties of maritime pine (Pinus 

pinaster Aiton) using GPR. They showed that GPR signal velocity and amplitude were 

always greater when the electric field was oriented perpendicular to wood fiber 

( corresponding to a lower permittivity) rather than when it was parallel. Signal velocity 

was also higher when measurements were obtained from the radial or tangential section 

rather than from the transversal section of wood (keeping the electric field oriented in 

the same direction with regards to the wood fiber). Martinez Sala et al. (2013) studied 

the dielectric anisotropy of 12 commonly commercialized sawn timber in Spain ( using a 

107 



1.6 GHz central frequency GPR) in order to assess historic building structures in a need 

of preservation. 

Concerning MC prediction, Rodriguez Abad et al. (2011) found good correlation (R2 = 

96%) between MC of maritime pine joists (with MC ranging from 11 to 129% and an 

average density of 0.49 g·cm-3
) and their permittivity measured through the tangential 

section (electric field perpendicular to fiber orientation). Good correlations were also 

found between MC and signal velocity (R2 = 96%) and the direct (R2 = 87%) and 

reflected (R 2 = 95%) waves amplitudes. Although they reported some difficulty to 

appreciate the arrival time of the reflected wave due to a strong attenuation for MC 

higher than 34%, the results obtained were promising. They established a polynomial 

relationship between maritime pines joists MC and permittivity (see Table 8.1 ). 

However, it is probably easier to measure signal travel time and establish MC

permittivity relationships for joists than for logs because there is a better coupling 

between the wood surface and the GPR antennas (Redman et al. 2014). Paz et al. (2008) 

measured the water content of woody biomass ( woodchips, bark, sawdust and different 

types of wood-based residues) directly in trailer truck containers using a 250 MHz 

central frequency GPR. Samples water content was ranging from 16 to 68% and bulk 

densities were ranging from 160 to 590 kg·m-3
• They used two different methods to 

estimate MC: the PLS regression over the full waveform and the classical physical 

approach based on the estimation of permittivity from signal travel time measurements. 

They used air-coupled and surface-coupled GPR setups. Their tests showed that, using 

PLS regression, it was possible to predict biomass water content with a RMSE of 6.5% 

instead of 7.3 % based on the classical physical approach. Paz et al. (2011) presented a 
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dielectric mixing model for the determination of volumetric water content in woody 

biomass assuming that it is a mixture of wood cellular material, bound water, free water 

and air. They performed the measurements with a log periodic antenna emitting a sweep 

of frequencies between 310 and 800 MHz. The Maxwell-Garnett model best fit 

experimental data with a RMSE of 0.4 for permittivity and 0.03 for water content 

(ranging from 0.07 to 0.29). 

Finally, note the density-permittivity relationships could also be established by 

Rodriguez Abad et al. (2010) using GPR over the tangential (R2 = 0.73) and transversal 

(R2 = 0.53) sections of maritime pine joists (the electric field being oriented 

perpendicular to the wood fiber). 

2.3.5. The GPR trace pattern and wood properties 

The character of a GPR trace is influenced not only by the factors that influence the 

wood dielectric properties (i.e., temperature, orientation of the electric field with regards 

to the grain direction, tree species, wood density and MC), but also by surface-antenna 

coupling and log shape. The two latter factors cause artifacts and ringing in the GPR 

signal due to reflections coming from log edges for both cross-section (CS, Figure 6.2B) 

and through-bark (TB, Figure 6.2A) measurements (Redman et al. 2014). Note that the 

character of GPR traces depends also on the orientation of the electric field with regards 

to wood fibers direction. However, this aspect is not considered in this thesis since the 

orientation of the electric field was always kept perpendicular to wood fibers direction. 

No significant effect of the species or BSG on the GPR signal was found. Such factors 
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are known to have weak effects in comparison with MC, as already shown in several 

studies (Lin 1973, Peyskens et al. 1984, Torgovnikov 1993, Sahin and Ay 2004, Koubaa 

et al. 2008). 

2.3.5.1. Influence of the log state and moisture content 

The effects of log state (thawed and frozen) and of MC on the direct wave ( early-time 

signal) are detailed in Chapter 6. This section will therefore focus on their effects on the 

reflected GPR wave. The reflected wave amplitude measured from frozen logs is higher 

than from thawed logs (Figure 2.15) for similar MC due to the lower e' of frozen wood. 

Indeed, lower e ' lead to higher amplitudes because the signal is less attenuated (i.e. less 

energy is absorbed by dipole rotations). In both cases, the reflected wave amplitude is 

considerably lower than the direct wave amplitude due to the attenuation of the EM 

wave with increasing depth. Figure 2.15 also shows that, with increasing MC, the 

reflected wave arrives later in time and its amplitude decreases. An increase of e' leads 

to a decrease of signal velocity and therefore to an increase of the two-way travel time. 

2.3.5.2. Ringing response 

Ringing is a term generally used in the GPR community for signals that reverberate in a 

regular fashion. Ringing responses (Figure 2.16) are created when a GPR signal interacts 

with an object in such a way that the signal repeatedly bounces around either within an 

object or between two or more objects (Annan 2005). It represents a resonant condition 
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system. It can be caused by various sources, but the most important one in our case is 

probably the log edges, which act as reflectors (with the signal bouncing back and forth 

between the log edges and the antenna). GPR ringing is very selective because the 

excitation wavelength, object geometry and material properties must be in accord to get 

a resonant response (Annan 2005). 
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Figure 2.15: Influence of MC (%) on the reflected wave (D traces) measured through the 
cross section (CS) of quaking aspen and balsam poplar logs having lengths ranging from 
19 to 21 cm, diameters between 22 to 35 cm and BSGs ranging from 0.271 to 0.443 for 
A) thawed and B) frozen logs. Each trace presented is an average of 50 GPR traces 
collected on different logs with similar MC. 
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Figure 2.16: GPR signal presenting some ringing collected through the bark of the log. 

Logs having a diameter similar to the GPR wavelength used (10 to 20 cm) may present a 

significant amount of ringing, as shown in Redman et al. (2014). This is especially true 

for measurements performed through bark. Consequences of this ringing response are 

increased difficulty in picking the arrival time of the reflected wave and reduced 

accuracy of MC prediction. 

2.3.5.3. Influence of the log diameter 

The effect of the log diameter on the reflected wave from thawed oven-dry wood is 

presented in Figure 2.17 and Figure 2.18 for CS and TB measurements, respectively. 

The influence of the log diameter on the early-time signal measured from CS is quite 

small (Figure 2.17 A). We note a small decrease of amplitude with increasing log 

diameter. However, as pointed out by Redman et al. (2014), the log diameter impact on 

the amplitude of the direct wave and on MC prediction is quite small. The ringing 

112 



character of the reflected event in Figure 2.17B is probably related to constructive 

interference of diffractions of the bottom edges of the log (Redman et al. 2014). As the 

log diameter increases, its dimension becomes similar to the GPR wavelength, which 

might cause the higher amplitudes observed in Figure 2.17B for logs of higher diameters 

( due to constructive interference). 
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Figure 2.17: Influence of the log diameter on the A) GPR full trace (W trace) and on the 
B) reflected wave (D trace) measured from the cross section (CS) of oven-dry quaking 
aspen, balsam poplar and black spruce thawed logs. Each trace presented is an average 
of 20 GPR traces collected on different logs of similar size. 
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For TB measurements, as expected, the reflected wave arrives later in time for logs of 

higher diameters simply because the distance travelled increases (Figure 2.18A). 

However, no significant effect is observable on the early-time signal. The reflection 

event presents a significant ringing (Figure 2.18B), which was also previously shown 

from numerical simulations by Redman et al. (2014). This effect is attributed to energy 

scattered back from the closer parts of the curved inner surface of the log and is larger 

for smaller diameter logs (Redman et al. 2014). 
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Figure 2.18: Influence of the log diameter on the A) GPR full trace (W trace) and on the 
B) reflected wave (D trace) measured through the bark (TB) of oven-dry quaking aspen, 
balsam poplar and black spruce thawed logs. Each trace presented is an average of 20 
GPR traces collected on different logs of similar size. 
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In addition, larger signal amplitude is recorded from logs of smaller diameters due to the 

reduced path length. This effect is illustrated in Figure 2.19 for frozen logs of quaking 

aspen. It is clearly visible that signal attenuation increase as the log diameter increase . 
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Figure 2.19: Attenuation of the GPR signal with increasing log diameter. Data obtained 
from frozen logs of quaking aspen. 

The attenuation (A , in dB) was defined here as: 

Ad 
A= 20 x log1011 

r 

Equation 2.26 

where Ad and Ar are the amplitudes of the direct and reflected wave of normalized GPR 

traces. 
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Note that Figure 2.17 and Figure 2.18 concern oven-dry wood and that the response for 

moist wood presented less ringing and smaller amplitudes. 

2.3.5.4. From the frequency domain viewpoint 

Large focus is given in this thesis to the analysis of GPR time domain data. However, 

relationships can also be established between frequency domain data and wood 

properties such as MC and permittivity. Indeed, the frequency of EM waves being 

closely related to their wavelength and velocity (Equation 1.8), it will be also affected by 

the dielectric properties of the medium. Figure 2.20 presents frequency spectra of GPR 

signals collected on black spruce logs of different MC. Frequency spectra were obtained 

from Fast Fourier Transform (FFT) of the time domain data. It is clearly visible that 

wood MC is influencing the frequency content of GPR signals. Especially, it can be seen 

that, for CS measurements, a shift of the spectra' s maximum peak towards higher 

frequencies occurs as MC decreases (Figure 2.20A). This trend is more obvious in 

Figure 2.21 which shows a strong logarithmic relationship (R2 = 0.71) between the GPR 

signal central frequency and log MC. This relationship was obtained with CS 

measurements performed over thawed and frozen logs of quaking aspen. 

Although one single model is presented for illustration purpose, the data points pattern 

in Figure 2.21 suggest that two models, designed for thawed and frozen logs separately, 

would be required to better explain relationships between the GPR signal central 

frequency and log MC. 
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Figure 2.20: Frequency spectra of black spruce thawed logs of different MC obtained 
from (A) cross section and (B) through bark measurements. Each spectrum presented is 
an average of spectra collected on different logs having similar MC ranges. 

Log MC not only influences the position of the central frequency peak but also the 

magnitude of frequency spectra (Figure 2.20). Indeed, strong linear relationships can be 

found between the magnitudes of the spectra at specific frequencies and log MC. For 

example, such relationships were found for black spruce thawed logs at 360 MHz 

(Figure 2.22B) and 1.2 GHz (Figure 2.22A) for TB and CS measurements, respectively. 
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Figure 2.22: Linear regression models between the magnitude of the frequency spectra 
and thawed black spruce logs MC. Magnitudes were measured at (A) 1.2 GHz for CS 
measurements and (B) at 3 60 MHz for TB measurements. 
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From these results, it is obvious that multi-linear regression models could be established 

to explain log MC variations based on different parameters measured from GPR time 

and frequency domain data. However, some of these parameters are likely to be highly 

correlated to each other. Therefore, another technique that can be used and which is 

capable of exploiting all the information provided in the signal is PLS regression. 

Example of PLS regression models relating GPR frequency spectra of thawed black 

spruce logs to their MC is presented in Figure 2.23 for TB measurements. The cross

validation model lead to a MC prediction accuracy (RMSE) of 6.8%. 
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Figure 2.23: (A) Calibration and (B) leave-one-out cross-validation PLS regression 
models relating GPR frequency spectra of thawed black spruce logs to their MC for TB 
measurements. 
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Chapter 3. Monitoring of moisture content and basic density 

of black spruce logs using a handheld near

infrared spectrometer2 

Abstract: Our study presents results of a test of a hand-held micro-electro-mechanical 

system (MEMS) based near-infrared (NIR) spectrometer to estimate moisture content 

and basic specific gravity of black spruce frozen and unfrozen logs. The spectra were 

acquired on sapwood and heartwood as well as on tangential and transversal log sections. 

Partial least square regression was used to develop and validate the models that relate 

NIR spectral data to the log properties. Models were developed for the frozen and 

unfrozen logs separately (temperature-specific models) and for both kinds of logs 

together (generalized model). Both model types gave similar prediction accuracy and 

there were no temperature condition effects on the PLS model, for both moisture content 

and basic specific gravity estimation. This implies that the NIR spectrometer can be used 

whatever the log temperature conditions, even under freezing conditions. 

2This chapter was published in The Forestry Chronicle (Volume 89, issue 5, pages 13 to 
25, September/October 2013) under the following authorship: Hans, G., Leblon, B., 
Stirling, R., Nader, J., La Rocque, A., and Cooper, P. doi: 10.5558/tfc2013-112. It is 
reproduced with the permission of the Canadian Institute of Forestry (see letter of 
permission in Appendix C). 
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3.1. Introduction 

Due to increasing manufacturing costs, competition from low cost producers of fast

growing fibre in other countries, and competition from other man-made materials, it is 

critical that the Canadian forest products industry optimize processes to minimize costs 

(Trung and Leblon 2011). Process optimization in the forest industry involves the 

characterization of wood properties in order to perform various tasks such as wood 

sorting, scaling and grading. Characterization of wood properties on the production line 

requires the use of sensors that are able to monitor these properties non-destructively and 

in real time (Bucur 2003). Among all the properties to be monitored, basic specific 

gravity and moisture content are two of the most important, because they affect several 

process efficiencies as well as the physical and mechanical properties of final products 

(Fujimoto et al. 2007). While some sensing technologies are already operational at the 

industrial level, portable sensors capable of measuring log properties within the plant, in 

the mill yard and in the forest under variable environmental conditions (including 

freezing temperatures that are common in Canada) are still to be developed. 

Measurement of log moisture content and basic specific gravity directly in the mill yard 

would help to improve scaling and sorting of the wood and would not only increase a 

mill's efficiency but also most likely its profit margin. 

In this study, we evaluate a hand-held micro-electro-mechanical system (MEMS) digital 

transform spectrometer (DTS) working in the near-infrared (NIR) range to measure 

moisture content and basic specific gravity of black spruce (Picea mariana [Mill.] BSP) 

frozen and unfrozen logs. Partial least square (PLS) regression models were developed 

for the frozen and unfrozen logs separately (temperature-specific models) and for both 

134 



kinds of logs together (generalized model). In each case, the models were developed 

using NIR spectra collected on the transversal section (sapwood and heartwood) as well 

as on the tangential section ( sapwood) of the logs. 

As reviewed by Leblon et al. (2013), most NIRS studies on wood moisture and basic 

specific gravity estimation were carried out on lumber and small clears. Only three 

studies considered logs. The first one used Norway spruce (Picea abies [L.] Karst.) 

(Thygesen 1994), the second one, Scots pine (Pinus sylvestris L.) (Karttunen et al. 2008), 

and the third one, loblolly pine (Pinus taeda L.) (Mora et al. 2011 ). In each case, only 

unfrozen logs were considered and the tested device was a laboratorybased spectrometer, 

but not a hand-held MEMS-based DTS. Compared with conventional instruments, 

MEMS-based DTS offers significant advantages in terms of size, weight, robustness, 

spectral range, signal-to-noise ratio, low power consumption and low cost (Day et al. 

2005, Geller and Ramani 2005, Schuler et al. 2009, Perez-Marin 2011). These 

advantages are key drivers in developing new applications that were previously either 

technically impossible or not economical ( Geller and Ramani 2005), such as measuring 

log properties in a mill yard. 

3.2. Materials and Methods 

3.2.1. Sample origin 

The samples were extracted from two stands of black spruce. The first one is an 80-year

old slow-growing stand located in Point Leamington, Newfoundland, from which 30 

trees were randomly harvested in June 2011. The second one is a 28-year-old fast 

135 



growing stand located in Fredericton, New Brunswick, from which eight trees were 

randomly harvested in January 2012. 

3.2.2. Measurement of wood properties 

Two 4-cm thick disks (A and B) were cut at the base of each stem with a chainsaw. They 

were shipped to the University of New Brunswick where they were kept frozen for 

further analysis. Disks from Group A were used to measure the basic specific gravity 

(based on oven-dry weight and green volume) by water immersion according to ASTM 

D2395-07a (2009). Disks from Group B were dried stepwise to reach different moisture 

content levels ( covering a targeted range from 120% to 10% ). The number of drying 

steps varied from three to five depending on the initial moisture content of the disk 

(Figure 3.1). After each drying step, the samples were refrozen at -15°C. The weights of 

the disks were recorded at each step, for both, unfrozen and frozen disks. The dry weight 

of each disk was determined at the end of the drying process according to ASTM 

D4442-07 (2009) in order to be able to determine the moisture content (in percentage of 

the dry weight). In total, 130 measurements of moisture content were obtained from 38 

disks. Temperature of the disks (frozen and unfrozen) was monitored with a hand-held 

thermocouple. A hole of 4 cm depth and 2 mm of diameter was drilled in each disk in 

order to insert the probe of the thermocouple. 
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Figure 3 .1: Drying process of the logs (NIR spectra have been collected at each step). 

3.2.3. Near-infrared spectroscopy 

As both Disks A and B were extracted from the same logs at adjacent locations, we 

assumed that the spectra acquired over Disks B were representative of Disks A. 

Therefore, NIR spectra were acquired only on Disks B. They were collected with a 

hand-held MEMS-based spectrometer working in the spectral range from 939.5 nm to 

1796.6 nm with a spectral resolution of 11 nm and a pixel spacing of 8 nm (Phazir™, 

Thermo Fisher Scientific, Wilmington, MA). A tungsten radiation source was used for 

illuminating the sample in the near-infrared region and the illumination spot had a 

diameter of 7 mm. The surface of the wood was not polished but was cleaned up to 

remove dust with a steel wire brush before taking the scan. The Phazir™ was configured 

to average 10 spectra for each scan. A total of seven scans were collected on each disk: 

one on the tangential section and six on the transversal section of the disk ( three on the 

sapwood and three on the heartwood according to Figure 3.2). For each log, the spectra 
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collected on transversal section were averaged separately for the sapwood and for the 

heartwood ( average of three spectra in each case) as well as all together ( average of the 

six spectra). 

Since rapid, non-destructive mill yard measurements can only be obtained on the 

transversal section ( cross section of the log) or on the tangential section ( side of the log, 

under the bark), we limited this study to those two sections and ignored the radial 

section of the wood. Unfrozen disks were scanned after each drying step and after letting 

the samples cool down to room temperature (20°C). Frozen disks were scanned just after 

taking them out from the freezer, one by one in order to keep the surface frozen (-15 °C). 

In each case, measurements were performed avoiding knots, rot and compression wood. 

A total of 1560 spectra were collected. 

3.2.4. Multivariate data analysis 

Following Wold et al. (1987), a principal component analysis (PCA) was used to remove 

spectra outliers. Two outliers were identified and removed resulting in a final data set 

containing 256 spectra (128 from the unfrozen disks and 128 from the frozen disks). The 

method used to build the models is the partial least square (PLS) regression. PLS 

regression combines features from principal component analysis and linear regression. It 

is especially useful when the data from the predictive matrix show a high level of 

multicollinearity. In our study, the predictive matrix is the matrix of the NIR spectra and 

the vectors to predict are the moisture content and basic specific gravity. 
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Figure 3.2: Position of each NIR scan performed on the disks: scans 1-3-5 on the 
heartwood and scans 2-4-6-7 on the sapwood (with scans 2-4-6 being performed on 
the transversal section and scan 7 on the tangential section). 

Following Thygesen and Lundqvist (2000b ), temperature specific and generalized 

models were developed to handle temperature effects on the estimation. Two 

temperature-specific models were built, one for the frozen disks and one for the 

unfrozen disks. As shown in Figure 3 .1 , the same disks were used for each temperature

specific model. For each category of disks (frozen and unfrozen), four models were 

designed: one for the tangential section (sapwood) and three for the transversal section, 

using spectra collected either on the sapwood or the heartwood as well as using the mean 

spectra between the sapwood and heartwood spectra ( referred hereafter as mean spectra). 

For each temperature-specific model, the whole data set of 128 scans (for unfrozen or 

frozen disks) was divided randomly in a calibration set of 100 scans and a prediction set 

of 28 scans. For the generalized model, the entire data set was divided in a calibration 

set of 200 observations and in a prediction set of 56 observations. 
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We tested different kinds of transformations (such as first and second derivative, 

multiplicative scatters correction, orthogonal signal correction, smoothing or selection of 

wavelengths based on variable importance in projection), but the best model accuracy 

was produced with different transformations depending on the property. Such 

inconstancy led to a difficult model comparison. The presented models were therefore 

built using untransformed, raw spectra as they were of good quality and with little noise. 

This allows an easier comparison between models. 

The PLS regression method requires defining the number of components that are used in 

the model (Tenenhaus 1999). The number of components is selected to minimize the 

root mean square error of cross-validation (RMSEcv) and to maximize the Stone-Geisser 

criteria Q2 obtained from a leave-one-out cross-validation of the models (Tenenhaus 

1999, Cecillon et al. 2008). For several models presented in this paper, the number of 

components could be reduced without decreasing significantly the accuracy as measured 

by the RMSEcv. However, in order to allow an easy comparison between our models as 

well as with the ones of the literature, we choose to keep nine as the number of 

components for the temperature-specific models and 16 for the generalized models. 

These numbers are comparable to the ones used in other studies on wood moisture 

content and basic density estimation: 8 (Hoffmeyer and Pedersen 1995, Defo et al. 2007, 

Fujimoto et al. 2008); 9 (Thygesen and Lundqvist 2000a, Mora et al. 2011); 10 

(Thygesen and Lundqvist 2000a); and 14 (Defo et al. 2007). 

All data analysis was conducted using R statistical computing software V2.13.1 with the 

ade4 package for PCA analysis (Chessel et al. 2004) and the pis package for PLS 
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regression ( orthogonal scores algorithm) and multiplicative scatter correction (Mevik 

and Wehrens 2007). 

3.3. Results and Discussion 

3.3.1. Wood property measurements 

The range of moisture content varied between 9.1 % and 132% for unfrozen disks and 

between 9.1 % and 140% for frozen disks (Table 3.1). According to the Wood Handbook 

(Forest Products Laboratory 1999), moisture content in trees can reach more than 200% 

of the weight of dry wood substance. The difference in moisture content between 

unfrozen and frozen disks is due to water loss during sample thawing/freezing cycles 

(Table 3.1). The range of basic specific gravity for our samples varied between 0.355 

and 0.492 (Table 1) and is similar to that reported for black spruce by Zhang and 

Morgenstern (1995). 

Table 3 .1: Mean, standard deviation, minimum and maximum values of basic specific 
gravity and moisture content of the unfrozen and frozen disks (N = 128). 

Mean 
Standard deviation 
Minimum 
Maximum 

Basic Specific Gravity 

Unfrozen and Frozen 
0.422 
0.040 
0.343 
0.492 

Moisture Content 
(% dry basis) 

Unfrozen Frozen 
48.4 49.6 
28.8 29.9 
9.1 9.1 
132 140 
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3.3.2. Spectral data 

Figure 3 .3 presents the raw NIR spectra for unfrozen and frozen disks collected on the 

sapwood and on the heartwood, as well as on the transversal section and on the 

tangential section of the log. Figure 3 .4 presents the same spectra after applying the 

multiplicative scatter correction (MSC) in order to remove the difference due to surficial 

radiation scattering effect produced among others by ice on the surface of the frozen 

disks (Thygesen and Lundqvist 2000a,b ). In both cases, unsmoothed spectra are 

presented because the measured spectra were of good quality with little noise. Indeed, in 

MEMS-based DTS, the use of a single InGaAs detector instead of a detector array 

eliminates detector-element variability as a source of noise. Furthermore, the modulation 

sequence used in DTS creates inherent stray-radiation insensitivity because only 

radiation that is modulated synchronously with the DTS mask sequence is received as 

signal by the detector. Fixed background radiation has no effect and DTS devices deliver 

a net signal (Day et al. 2005). 

However, when comparing Figure 3.3 to Figure 3.4, we can clearly see a stronger 

absorbance difference between the frozen and unfrozen disks for the uncorrected spectra 

(Figure 3 .3) and that this difference does not exist anymore when the correction for 

surficial radiation scattering is applied (Figure 3 .4 ). In the case of the frozen disks, the 

surficial radiation scattering is caused by the ice that was apparent on the disks. Since 

the MSC correction did not significantly change the PLS model R2 and RMSEs, 

uncorrected spectra were used for developing the PLS prediction models for both the 

moisture content and the basic specific gravity. 
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Figure 3.3: Raw mean spectra obtained at 57% moisture content and for a basic specific 
gravity of 0.460 according to the log temperature condition, tissue and section. 

Figure 3 .4 shows that for the frozen disks, the peak of absorbance located around 1450 

nm ( corresponding to the water and hydroxyl absorption band) has shifted towards 

higher wavelengths in comparison with the unfrozen disks, whatever the log section. 

The average shifts computed with all the spectra are of 17.2 nm and 8.6 nm, respectively, 

for the measurements performed on the sapwood ( for the transversal and tangential 

section) and on the heartwood. Using a FT-NIR spectrometer on Norway spruce planed 

square samples, Thygesen and Lundqvist (2000a) reported a shift of 39 nm for the 

sapwood and 19 nm for the heartwood when the temperature decreased from 20°C to -

15°C. These shifts are about double ours, but like Thygesen and Lundqvist (2000a), we 

found that the shift in the heartwood spectra was half the one for the sapwood spectra. 

Thygesen and Lundqvist (2000a) explained that the magnitude of the shift might vary 
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depending on the amount of bound unfrozen water in the wood as well as the ions and 

others elements present in the sapwood. 

Moreover, Figure 3.3 and Figure 3.4 show that for the transversal section measurements, 

the spectra collected from the sapwood have a higher absorbance than the spectra 

collected from the heartwood. This can be explained by the fact that, for softwood 

species, the moisture content of the sapwood is usually much higher than the moisture 

content of the heartwood. According to the Wood Handbook (Forest Products 

Laboratory 1999), the average moisture contents of green black spruce heartwood and 

sapwood are 52% and 113% respectively. Therefore, the higher moisture content of the 

sapwood results in a higher NIR absorbance. 

For the sapwood, we can see that the absorbance of the NIR radiation is higher along the 

transversal section of the log than along the tangential section. This is consistent with the 

results of Defo et al. (2007) and can be explained by a higher roughness of the 

transversal section than the tangential section. Moreover, the cut ends of the lumens of 

the tracheids are exposed to the NIR incident radiation when scanning the transversal 

section of the wood and as a result, the NIR energy can travel further into the wood and 

is more absorbed (Fujimoto et al. 2008). By contrast, when scanning the tangential 

section, it is the cell wall of the tracheid which is exposed to the NIR incident radiation 

resulting in a lower absorbance. 
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Figure 3.4: Multiplicative scatter corrected (MSC) mean spectra obtained at 57% 
moisture content and for a basic specific gravity of 0.460 according to the log 
temperature condition, tissue and section. 

3.3.3. PLS Models 

Following Thygesen and Lundqvist (2000b ), the generalized models were designed 

using the whole data set and a higher number of components ( 16) than the temperature

specific models (9); both types of models are presented in the same table as they showed 

similar results. Temperature-specific and generalized models obtained for the prediction 

of moisture content are presented in Table 3.2. All the models are significant at p < 

0.001. The RMSE and R2 of the calibration and validation models obtained for the 

unfrozen logs are slightly better than that obtained for the frozen logs. RMSE values 

obtained for transversal measurements on sapwood and using the mean spectra (acquired 

on both the sapwood and heartwood) have similar values to those obtained by Thygesen 

and Lundqvist (2000b) who used a 1000-nm to 2500-nm NIR spectra on Norway spruce 

unfrozen (RMSE = 7.8%) or frozen wood (RMSE = 8.1%) and on both frozen and 
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unfrozen wood (RMSE = 8.4%). As reported by Thygesen and Lundqvist (2000b), 

RMSE and R2 were not very different between the temperature-specific models and the 

generalized model. 

Tissue type and the log section had a stronger effect on model accuracy than the log 

temperature condition (Table 3.2). Whatever the log temperature condition, the worst 

models were obtained on the heartwood of the transversal section. The best models were 

obtained for the transversal section using either the sapwood spectra or the mean spectra. 

In the case of the mean spectra, R2 ranges between 0.93 and 0.94 and RMSE ranges from 

7.5% to 7.7% for the calibration models, but R2 ranges from 0.84 to 0.91 and RMSE 

from 8.4% to 11.6% for the validation models (Table 2). Our RMSEs were obtained 

with a restricted wavelength range (939.5-1796.6 run) and for logs having moisture 

contents ranging from 9 .1 % to 140%. They are higher than those of Mora et al. (2011) 

(RMSE = 2.1 %), who used the full range of wavelengths (400-2500 nm) over loblolly 

pine green disks (with moisture content ranging from 43.0% to 67.0%) and of Thygessen 

(1994) (RMSE = 1.9%) who used a restricted range of wavelengths (1200-2400 nm) 

over Norway spruce green disks (with moisture contents ranging from 65.4% to 75.6%). 

The difference we observed between the heartwood and sapwood models with the 

transversal section spectra can be explained by the fact that black spruce heartwood has 

lower moisture content than the sapwood (Jeremie et al. 2004). Therefore, the moisture 

content of the whole sample is less representative of the moisture content of the 

heartwood than that of the sapwood. However, if the moisture content was measured 

independently for the heartwood and the sapwood, Karttunen et al. (2008) showed that 

better prediction accuracy was obtained for the heartwood than for the sapwood. The 
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low accuracy of the model obtained with the sapwood spectra over the tangential section 

compared to the transversal section is consistent with Defo et al. (2007). It supports the 

idea of Tsuchikawa et al. (1996) that the NIR radiation can interfere directly with the 

water present in the lumen when the spectrum is collected on the disk transversal section, 

while it is not the case when the spectrum is collected on its tangential section. 

The 1 :1 plots for the mean spectra transversal models are presented in Figure 3.5 for the 

temperature-specific models and in Figure 3.6 for the generalized models. For both the 

frozen and unfrozen logs, data points are closely grouped along the 1: 1 line without any 

data clump showing that there is no saturation in the estimation for both the calibration 

and the validation models. The generalized model performs about as well as 

temperature- specific models and log temperature condition had little effect on the NIR 

estimation of moisture content. This has an operational advantage as the log temperature 

condition does not have to be considered when using NIR spectroscopy for determining 

log moisture content. 

Because the moisture content has a strong effect on NIR spectra, initial models for basic 

specific gravity were constructed using only samples with moisture content below 25% ( 

Table 3.3). As the data set is reduced (N = 36 for the temperature-specific models and N 

= 72 for the generalized models), only the calibration models were developed using all 

the available data. All the models are significant at p < 0.001. The RMSE and R2 of the 

models are slightly better for the unfrozen logs in the case of sapwood and mean spectra, 

but not in the case of heartwood spectra. As with moisture content, better models were 

obtained using the transversal spectra than using the tangential spectra. 
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Table 3.2: PLS models for moisture content (MC) prediction according to the log temperature condition (frozen and/or unfrozen), 
tissue (sapwood or heartwood) and section (transversal or tangential). 

Log 
Log section Tissue 

Calibration models8 Validation models6 

condition RMSE(%) R2 p-value RMSE(%) R2 p-value 
Unfrozen Transversal Sapwood 7.9 0.92 <0.001 7.7 0.93 <0.001 

Heartwood 12.4 0.81 <0.001 13.4 0.78 <0.001 
Meanc 7.7 0.93 <0.001 8.4 0.91 <0.001 

Tangential Sapwood 10 0.88 <0.001 11.2 0.84 <0.001 

Frozen Transversal Sapwood 8.9 0.91 <0.001 10.6 0.87 <0.001 

Heartwood 13.9 0.78 <0.001 16 0.70 <0.001 
Meanc 7.5 0.94 <0.001 11.6 0.84 <0.001 

Tangential Sapwood 10.8 0.87 <0.001 11.8 0.83 <0.001 

Unfrozen & frozen Transversal Sapwood 8.1 0.93 <0.001 9.8 0.86 <0.001 
(generalized model) Heartwood 13 0.81 <0.001 13 0.75 <0.001 

Meanc 7.7 0.93 <0.001 8.9 0.89 <0.001 

Tangential Sapwood 10.7 0.87 <0.001 10.2 0.85 <0.001 

a N = 100 for the frozen or unfrozen log case; N=200 for the generalized model 
b N=28 for the frozen or unfrozen log case; N=56 for the generalized model 
c Mean spectra between sapwood and heartwood spectra 



However, for the transversal measurements, the models were better using the mean 

spectra than the sapwood or hardwood spectra. The accuracy of the models developed 

using the mean spectra (RMSE = 0.012-0.016 and R2 = 0.86-0.92) is slightly better than 

the one obtained by Hoffmeyer and Pedersen (1995) with 1200-nm to 2400-nm spectra 

acquired over Norway spruce lumber having a range of moisture content from 0% to 

27%. The corresponding 1: 1 plots do not show any saturation of the relationship nor any 

data clumping as a function of the log temperature conditions (Figure 3. 7). At least for 

lower-moisture content logs, NIR spectroscopy can be used to determine log basic 

specific gravity whatever the log temperature condition. 

With the whole data set (Table 3.4), both the calibration and validation models have a 

higher RMSE and a lower R2
, and two validation models built with tangential spectra 

were not significant at p < 0.001. It seems therefore, that high moisture content 

decreases the ability of the models to predict wood basic specific gravity. 

The increase of moisture content has an effect on the NIR spectra that cause other 

properties such as basic specific gravity to be more difficult to estimate. Indeed, 

Fujimoto et al. (2007) found significant correlations in the NIR spectra at the absorption 

bands of water for the basic specific gravity. Cooper et al. (2011) already pointed out the 

spectral influence of moisture content when trying to perform species-sorting of lumbers 

using NIR spectroscopy. As for the low-moisture-content logs, RMSE and R2 of the 

models are slightly better for the unfrozen logs whatever the models ( except for the 

calibration model with the heartwood spectra). 
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Figure 3.5: Temperature-specific PLS models for the prediction of moisture content 
(MC) using NIR spectra obtained from (A and B) unfrozen and (C and D) frozen logs. 
Models were built using nine components and the mean spectra collected on sapwood 
and heartwood over the transversal section (/1 unfrozen log• frozen log). 
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Figure 3.6: Generalized PLS models for the prediction of moisture content (MC) using 
NIR spectra obtained from unfrozen and frozen logs. Models were built using 16 
components and the mean spectra collected on sapwood and heartwood over the 
transversal section(~ unfrozen log• frozen log). 

Table 3.3: Calibration PLS modelsafor basic specific gravity (BSG) prediction according 
to according to the log temperature condition (frozen and/or unfrozen), tissue (sapwood 
or heartwood) and section (transversal or tangential), for moisture content lower than 
25%. 

Log condition8 

Unfrozen 

Frozen 

Unfrozen & frozen 
(generalized 
model) 

Log Section 
Transversal 

Tangential 
Transversal 

Tangential 
Transversal 

Tissue RMSE R2 p-value 
Sapwood 0.016 0.86 <0.001 

Heartwood 0.018 0.82 <0.001 
Meanb 0.016 0.86 <0.001 

Sapwood 0.019 0.78 <0.001 
Sapwood 0.017 0.84 <0.001 

Heartwood 0.017 0.84 <0.001 
Meanb 0.015 0.88 <0.001 

Sapwood 0.020 0.78 <0.001 
Sapwood 0.013 0.91 <0.001 

Heartwood 0.016 0.85 <0.001 
Meanb 0.012 0.92 <0.001 

Tangential Sapwood 0.017 0.83 <0.001 
a N = 3 6 for the frozen or unfrozen log case; N = 7 2 for the generalized model 
b Mean spectra between sapwood and heartwood spectra 
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As with low-moisture-content logs, better models were obtained with the transversal 

spectra than with the tangential spectra. With spectra acquired over red oak (Quercus 

rubra L.) on a limited range of moisture content (green wood moisture content between 

68.4% and 99.6%), Defo et al. (2007) already showed that a better model for wood basic 

density was obtained from NIR spectra collected on the transversal section than from the 

tangential one. Defo et al. (2007) explained the differences by distinct anatomical 

differences within the growth rings between earlywood and latewood (which both differ 

greatly in density and moisture content). For the transversal measurements, the models 

were better using the mean spectra than using the sapwood or hardwood spectra. The 

accuracy of the related models based on the whole data set (RMSE of 0.021 for the 

calibration models and 0.025 for the validation models) is similar to the one obtained for 

basic density by Mora et al. (2011) over loblolly pine green logs (RMSE = 23 kg·m-3), 

but a little higher than the one obtained by Thygessen (1994) over Norway spruce green 

logs (RMSE = 17 kg·m-3). 

The 1: 1 plots for the temperature-specific models are presented in Figure 3.8 and the 

generalized model in Figure 3.9. There is no data clump according to the log 

temperature condition. Therefore, as for moisture content (Table 3.2), it seems that the 

generalized PLS model can handle the temperature variation quite efficiently. However, 

all the prediction models for basic specific gravity tend to saturate for basic specific 

gravities above 0.450. 

152 



0.50 

~ 0.45 

m 

i :S 0.40 
! 
a. 
IX 
z 

0.35 

0.30 

(A) Calibration 

N •38 
RMSE = 0.018 
R2 = 0.88 (p < 0.001) 

A 

A 

0.30 0.35 0.40 0.45 

ASTM measured BSG 

0.50 

~ G.45 

m 

! i 0.40 .. 
a. 
a:: 
z 

0.35 

(B) Callbratlon 

N•38 
RMSE •0.015 
R2 = 0.88 (p < 0.001) 

,-. . / 
/ . 

/J : 
' .. . ,,,, .. . ~/ ·: .. ~./'' . ~/ 

/ . ' . 
/_.//,.. . . ,,/. 

/ 
/ . 

/ 

0.30 / 
L,,.,._._,-'T"-""TI ·---.---.,....-,,---;---·----·rf ----.----, 

0.50 0.30 0.35 0.40 0.45 0.50 

ASTM measured BSG 

0.50 

i 0.45 

i 
10.40 

a. 
a:: 
z 

0.35 

(C) Callbratlon 

N• 72 
RMSE = 0.012 
R2 = 0.92 (p < 0.001) 

0.30 /// 
""'-r---.-----,~---r----r-~r---,----. 

0.30 0.35 0.40 0.45 0.50 

ASTM measured BSG 

Figure 3.7: PLS calibration models for the prediction of basic specific gravity (BSG) of logs under the Fibre Saturation Point (MC< 
25%) using NIR spectra for (A) unfrozen logs, (B) frozen logs and (C) frozen and unfrozen logs (generalized model). Models were 
built using the mean spectra collected on sapwood and heartwood over the transversal section. Nine components were used for the 
temperature-specific models and 16 components for the generalized model(~ unfrozen log• frozen log). 



Table 3.4: PLS Models for basic specific gravity (BSG) prediction according to the log temperature condition (frozen and/or 
unfrozen), tissue (sapwood or heartwood) and section (transversal or tangential). 

Log 
Log section Tissue 

Calibration models8 Validation modelsb 
condition RMSE R2 p-value RMSE R2 p-value 
Unfrozen Sapwood 0.021 0.70 <0.001 0.024 0.65 <0.001 

Transversal Heartwood 0.026 0.58 <0.001 0.023 0.67 <0.001 
Meanc 0.021 0.71 <0.001 0.019 0.78 <0.001 

Tangential Sapwood 0.030 0.41 <0.001 0.032 0.34 0.0589 
Frozen Sapwood 0.025 0.60 <0.001 0.035 0.23 <0.001 

Transversal Heartwood 0.024 0.64 <0.001 0.029 0.49 <0.001 
Meanc 0.023 0.66 <0.001 0.028 0.52 <0.001 

Tangential Sapwood 0.030 0.41 <0.001 0.036 0.20 0.0050 
Unfrozen & frozen Sapwood 0.022 0.69 <0.001 0.038 0.03 <0.001 
(generalized model) Transversal Heartwood 0.022 0.70 <0.001 0.028 0.46 <0.001 

Meanc 0.021 0.74 <0.001 0.025 0.58 <0.001 
Tangential Sapwood 0.029 0.48 <0.001 0.036 0.09 <0.001 

a N = 100 for the frozen or unfrozen log case; N=200 for the generalized model 
b N=28 for the frozen or unfrozen log case; N=56 for the generalized model 
c Mean spectra between sapwood and heartwood spectra 



0.50 

i 0.45 

m ,, 
I j 0.40 

Q. 
a: z 

0.35 

0.30 

1 

(A) Cellbration 

N • 100 
RMSE •0.021 
R2 = 0.71 (p < 0.001) 

~.:/ ,. 
/~ 

4 ·/~ ,. !>: 
/ 

~ A .. 
A 

A 

A 

A 

.....,__,_....-,--,----.-----..---
0.30 0.35 0.40 0."5 0.50 

ASTM measured BSG 

(C) Cellbration 

0.50 i N • 100 
RMSE •0.023 

/ 

0.45 
C) 
(I) 
m 
i I 0.40 

a. 
a: 
z 

0.35 

0.30 

~ 

0.30 

R2 • 0.66 (p < 0.001) 
. / 

,, < ••• . // ... . ,' ,,. . : . :·· ,,t. ;:• ... 
·! ;!·:• ••• * ... . _/~· ... . . ' 

/ 

0.35 0.40 0.45 0.50 

ASTM measured BSG 

0.50 

i 0.45 

m 
"t, 
GI 

Ji 0.40 

I a. 
a: z 

0.35 

(B) Validation 

N•28 
RMSE • 0.019 A 

R1 = 0.78 (p < 0.001) 
A

6 4rA A 
,// A A 

A 4~/-:. 

A //-

/' A ,:A 
/6,AA 

i A ... · 

/ 

0.30 .._,· ...---.....---,-.-..----.--......--.-----,....-

0.50 

0.45 c., 
(I) 
m 

I j 0.40 

a. 
a: 
z 

0.35 

0.30 G.35 0.40 0.45 

ASTM measured BSG 

(0) Validation 

Na28 
RMSE•0.028 
R2 = 0.52 (p < 0.001) 

.. 

/ 

. .. 

/ 
/ 

/ . 

0.30 , 

0.30 0.35 o.,o 0.45 

ASTM measured BSG 

0.50 

0.50 

Figure 3.8: Temperature-specific PLS models for the prediction of basic specific gravity 
(BSG) using NIR spectra obtained from unfrozen (A and B) and frozen (C and D) logs. 
Models were built using 16 components from the mean spectra collected on sapwood 
and heartwood over the transversal section(~ unfrozen log• frozen log). 

Apart from the influence of the moisture content, the accuracy of the basic specific 

gravity models might also depend on the small size of the scanning zone. The 

penetration depth of the NIR radiation in solid wood varies approximately from 1 nm to 

5 mm depending on surface roughness and the wavelength used (Tsuchikawa et al. 1996, 
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2001; Sykes et al. 2005). Therefore, the log volume that is scanned with the Phazir™ 

ranges from 38.46 mm3 to 192.32 mm\based on a spot diameter of 7 mm), which is a 

rather small size scanning zone. Wood basic specific gravity is highly variable at a small 

scale with, for example, great variations between earlywood and latewood (Defo et al. 

2007). This variability can introduce a bias if the area scanned is too small. The scanned 

spot size should be large enough to represent the mean basic specific gravity of the 

whole piece of log as determined by the reference method (Thygesen 1994, Cooper et al. 

2011, Mora et al. 2011). Hsieh et al. (2006) were able to reduce the RMSE of the 

prediction for the basic specific gravity of Pinus contorta Douglas from 0.045 to 0.031 

by increasing the scanning spot size diameter of the spectrometer probe from 0.5 cm to 

1.8 cm (the type of samples scanned and the optics of the contact probes were, however, 

different in the two cases). Mora et al. (2011) also showed that the accuracy of the 

model could be improved by averaging a higher number of spectra. 

Another parameter influencing the accuracy of the basic specific gravity models is the 

range of variation considered. In this case, the logs came from two stands of a single tree 

species and the basic specific gravity ranged from 0.343 to 0.492 (Table 3.1). Another 

way to improve the prediction model accuracy would be to build the model by 

considering several tree species ( for example black spruce and balsam fir) that have 

different basic specific gravities as shown in different studies (Schimleck et al. 2001, 

2003; Kelley et al. 2004; Xu et al. 2011) or by collecting the samples in stands having 

different tree densities and soil richness in order to maximize the variation range for the 

basic specific gravity. 
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Figure 3.9: Generalized PLS models for the prediction of basic specific gravity (BSG) 
using NIR spectra obtained from unfrozen and frozen logs. Models were built using 16 
components from the mean spectra collected on sapwood and heartwood over the 
transversal section(~ unfrozen log• frozen log). 

3.3.4. Regression coefficients and absorption bands 

The relationship between the regression models and the physical properties of the wood 

can be explained on the basis of vibrational spectroscopy. Regression coefficients 

( divided by the absolute maximum value) of the temperature-specific models are 

presented in Figure 3.10 for moisture content and in Figure 3.11 for basic specific 

gravity. Regression coefficients are the numerical coefficients that express the link 

between variation in the predictors ( absorption bands corresponding to overtones and 

combinations of fundamental molecular vibration) and variation in the response 

(Fujimoto et al. 2008). We can see that regression coefficients follow approximately the 

same pattern for the unfrozen and frozen wood although the intensity of the peaks is not 

equal and that some of them appear to be shifted. 

157 



Moisture Content 

1.0 E 
A ' ,1 ,• H ,1 

I I 
I I K M I I - 0.5 B 1 

C 
CD I I 

u I I 

= I I 

' 
I 

CD . I I 
0 I\ I I u I I 
C 0.0 I I 
0 I I -;; I I 
fl) I I 
CD I I ... 
C, I I I 
Cl) I !L: 0::: -0.5 

1 I 
I I 
I I 

I J I I 

C 
I I , , 
I J F ,, , , 

ti 

-1.0 
I~ Unfrozen log 
D Frozen log 

1000 1200 1400 1600 1800 

Wavelength (nm) 

Figure 3 .10: Variation of the PLS regression coefficients as a function of the wavelength 
for the temperature-specific models predicting the moisture content for the mean spectra 
case. 

Half of the most significant regression coefficients peaks identified in this study appear 

at the same location for the two properties studied. This result is also observed by 

Fujimoto et al. (2008), who obtained regression coefficients showing the same spectral 

pattern for MOE (modulus of elasticity), MOR (modulus of rupture) and density. They 

concluded that important explanatory variables included in the models are common to 

the studied wood properties. 
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Figure 3 .11: Variation of the PLS regression coefficients as a function of the wavelength 
for the temperature-specific models predicting the basic specific gravity for the mean 
spectra case. 

The most important regression coefficients are labelled in Figure 3.10 and Figure 3.11 

and tentatively assigned to corresponding absorption bands in Table 3.5. We found 

significant regression coefficients at the peaks corresponding to water absorption bands. 

In the spectral domain studied (939.5-1796.6 nm), there are three absorption bands 

located around 970 nm (A), 1200 nm (C) and 1425 nm (F) involving symmetric 

stretching, bending and asymmetric stretching modes of the water molecules (Buijs and 

Choppin 1963, Bokobza 2002, Weyer and Lo 2002). A significant peak was also 

observed at the 1386 nm (E) absorption band corresponding to the first overtone of OH 

stretching in OH isolated groups (Schwanninger et al. 2011). The cellulose in wood can 
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be classified into amorphous, semi-crystalline and crystalline regions (Tsuchikawa and 

Siesler 2003). Significant regression coefficients peaks corresponding to these three 

regions have been observed respectively at 1428 run (F), 1467 run (G) and 1592 run (J) 

to 1632 run (K) due to the first overtone of the fundamental OH stretching vibration 

mode (Tsuchikawa and Siesler 2003, Fujimoto et al. 2007, Schwanninger et al. 2011). 

Significant peaks have also been identified at 1368 run (D), 1510 run (H) and 1579 run 

(I). Based on the review of band assigrunent in NIR spectra of wood by Schwanninger et 

al. (2011), we assigned these peaks to absorption bands due to OH and CH groups of 

cellulose. We found significant regression coefficients at the wavelength of 1666 run (L), 

1710 run (M) and 1 724 run (N), which were linked to the first overtone of CH stretching 

in hemicellulose. The high positive regression coefficient associated to the 114 7 run (B) 

absorption band has been assigned to lignin (Schwanninger et al. 2011). 

According to Schwanninger et al. (2011 ), the spectral range below 1486 run is 

influenced by particle size and color change. A number of significant regressions 

coefficients below this threshold could not be related to any absorption bands and could 

account for the difference in surface roughness and color of the wood. 

Due to the complexity of the wood material and the extensive overlap and combination 

of molecular vibration in the NIR range, it is extremely difficult to assign particular 

molecular features to the NIR spectra. However, a tentative of band assigrunent was 

made here in order to support the better understanding of the reliability of the PLS 

models. Hence we can see for the prediction of wood moisture content how different 

molecular features such as the free water and the bonded water in the amorphous regions 

of cellulose are taken into account in the model. 
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Table 3.5: Assignment of the representative absorption bands for black spruce wood. 

Labels of 
Wavelength 

Figures Bond vibration Remarks Reference 
10 and 11 

(nm) 

2n overtone OH 

A 970 
symmetric stretching and 

H20 
Weyer and Lo 

1st overtone OH 2002 
asymmetric stretching 
2nd overtone CarH 

CH3 groups and aromatic Schwanninger 
B 1147 stretching and CH 

stretching of CH3 groups. 
moieties, Lignin et al. 2011 

1st overtone combination 

C 1200 
of OH symmetric 

H20 
Buijs and 

stretching, bending and Choppin 1963 
asymmetric stretching 

D 1368 
1st overtone CH stretching 

Cellulose 
Schwanninger 

and CH deformation et al. 2011 

E 1386 1st overtone OH stretching OH isolated groups 
Schwanninger 
et al. 2011 

Amorphous regions in 
Tsuchikawa 

F 1425 - 1428 1st overtone OH stretching and Siesler 
cellulose and H20 

2003 

Semi-crystalline regions 
Tsuchikawa 

G 1467 1st overtone OH stretching and Siesler 
in cellulose 

2003 
0(6)-H6-0(3)' interchain 

Schwanninger 
H 1510 1st overtone OH stretching H-bond of cellulose, 

main conformation Ia 
et al. 2011 

0( 6)-H6-0(3 )' interchain 
H-bond of cellulose, 

Sch wanning er 
I 1579 1st overtone OH stretching minor conformation III, 

strongly H-bonded OH 
et al. 2011 

groups in cellulose 113 

Crystalline region in 
Tsuchikawa 

J 1592 1st overtone OH stretching and Siesler 
cellulose 

2003 

K 1632 1st overtone OH stretching 
Crystalline region in Schwanninger 
cellulose et al. 2011 

L 1666 1st overtone CH stretching 
CH3 groups, Schwanninger 
hemicellulose et al. 2011 

M 1710 1st overtone CH stretching 
Furanose or pyranose Sch wanning er 
due to hemicellulose et al. 2011 

N 1724 1st overtone CH stretching 
Furanose/pyranose due Fujimoto et al. 
to hemicellulose 2007 

We see also that different elements such as water, cellulose, hemicellulose and lignin 

influence the prediction of the basic specific gravity. Further work will be necessary to 
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better understand the contribution of the different wood constituents to the NIR spectra 

and to statistical models. 

3.4. Conclusions 

For both moisture content and basic specific gravity, there were no significant 

differences between models obtained with frozen and unfrozen log measurements. This 

implies that the NIR spectrometer can be used whatever the log temperature conditions, 

even under freezing conditions. Better models were obtained from the spectra collected 

on the transversal section than from spectra collected on the tangential section. Also, 

tangential measurements require log debarking, which is an operational disadvantage. 

The models built from the mean spectra between heartwood and sapwood spectra gave 

the best results. 

We showed that the accuracy of basic specific gravity models was better for low 

moisture-content logs than for the whole moisture content range of variation. In 

particular, in the latter case, the predicting models show some saturation above 0.450, 

which was not the case for the low moisture-content logs. Besides influence of the 

moisture content, there are two other reasons explaining the lower accuracy of basic 

specific gravity models. The P hazir™ spectrometer has a rather small scanning spot size 

(7-mm diameter) and produces NIR radiation that has a limited penetration depth 

leading to a low wood volume that was scanned. Such limited size measurements cannot 

be representative for the average basic specific gravity of the whole disk, given the 

variability of this wood property, particularly between earlywood and latewood and 

162 



radially across the stem. Further work is needed to test MEMS-based DTS using larger 

scanning spot sizes and on a larger range of basic specific gravity; for example, by using 

more than one species. 

The models we presented here have enough accuracy for using the Phazir™ as a tool for 

sorting of logs into broad categories of moisture content or basic specific gravity, 

without necessarily estimating absolute values for these properties. Such a sorting tool is 

required in many processes in the wood industry (Via et al. 2005). The developed 

models for Phazir™ are currently being operationally tested to sort logs according to the 

moisture content and the basic specific gravity in several Canadian forest products 

companies. 
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Chapter 4. Determination of moisture content and basic 

specific gravity of Populus tremuloides (Michx.) 

and Populus balsamifera (L.) logs using a portable 

near-infrared spectrometer3 

Abstract: Portable sensors are required for rapid and nondestructive measurements of 

wood properties in the field to ensure optimal use of the fiber. We tested a handheld 

near-infrared (NIR) spectrometer to estimate moisture content (MC) and basic specific 

gravity (BSG) of quaking aspen (Populus tremuloides Michx.) and balsam poplar 

(Populus balsamifera L.) frozen and thawed logs. Partial least square (PLS) regression 

general models were developed to estimate MC and BSG by considering the influence of 

the following factors: log conditions (frozen and thawed wood), species, and types of 

wood (sapwood and heartwood). In addition, the influence of MC was also considered 

when estimating BSG. Including the two types of wood in a general model improved 

MC prediction (R/ = 0.83, RMSEr = 11.1%) while including the two species improved 

BSG prediction (R/ = 0.57, RMSEr= 0.022). Similar accuracies were obtained for BSG 

prediction from green (R/ = 0.35, RMSEr = 0.027) and oven-dried wood (Rp 2 = 0.43, 

RMSEr = 0.027). PLS discriminant analysis was applied successfully to NIR spectra to 

sort the wood according to their MC, BSG, species, and wood type with overall 

accuracies of 86%, 65%, 98%, and 79%, respectively. 

3This chapter was published online in Wood Material Science & Engineering (May 
2014) under the following authorship: Hans, G., Leblon, B., Cooper, P., La Rocque, A., 
and Nader, J. doi: 10.1080/l 7480272.2014.916349. It is reproduced with the permission 
of the Taylor & Francis Group (see letter of permission in Appendix C). 
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4.1. Introduction 

Real-time characterization of wood properties is essential at different stages of the forest 

value chain to optimize the manufacturing process, reduce the production costs, and 

increase the competitiveness of the sector (Meder et al. 2010, Trung and Leblon 2011). 

Several studies have demonstrated that nearinfrared (NIR) spectroscopy enables rapid 

and non-destructive assessments of wood properties (see the reviews of Schimleck et al. 

2000, So et al. 2004, Tsuchikawa 2007, Leblon et al. 2013). Moreover, the recent 

emergence of handheld NIR spectrometers allows in-field and on-site evaluation of 

wood (Geller and Ramani 2005, Sorak et al. 2012). They have already been tested to 

measure wood moisture content (MC), density, blue stain, decay, Kraft pulp yield, and 

cellulose content on standing trees and decked logs in mill yards as well as to identify 

hybrids within a species (Hsieh et al. 2006, Downes et al. 2009, Meder et al. 2009, 

Galleguillos- Hart et al. 2010, Downes 2011, Meder et al. 2011, Abasolo et al. 2013, 

Hans et al. 2013). 

Among the wood properties, MC and the basic specific gravity (BSG) are two of the 

most important ones because they affect several wood manufacturing process 

efficiencies as well as the physical and mechanical properties of the final products 

(Fujimoto et al. 2007, Hein et al. 2009, Santos et al. 2012). NIR spectral information is 

usually related to MC or BSG through the calibration or training of a statistical model, 

which is in turn used to establish MC or BSG predictions on new data-sets. This method 

is relatively simple to implement in a laboratory where environmental conditions do not 

change and samples can be prepared in a standard manner. However, in the field, 

numerous sources of variation render the selection of a representative set of samples and 
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the establishment of a robust calibration model more complex. Indeed, a considerable 

part of the variation in the spectra is related to the measurement conditions and to the 

external variations that are not related to the measured wood property. There are two 

remedies to this problem. A robust wavelength selection could be performed to exclude 

external spectral variations before the modeling step and the calibration model would 

then be less prone to influence of the external factors (Swierenga et al. 2000). 

Alternatively, a robust calibration model could be developed to include the measurement 

conditions and external variations into a single general model (Swierenga et al. 2000). In 

a general calibration model, the measurement of samples under normal conditions ( e.g. 

thawed, high MC) is combined with measurements of these samples under different 

conditions ( e.g. frozen, low MC). Thus, external variations are implicitly taken into 

account in the calibration model. This is the method that is used in our study. 

For in-field and on-site characterizations of MC or BSG using NIR spectroscopy, we 

identified the following eight sources of spectral variations ( denominated "factors" in 

this paper) which should be taken into account to develop a robust general calibration 

model: anisotropy and heterogeneity of the wood itself (So et al. 2004, Inagaki et al. 

2012, Leblon et al. 2013), species (Schimleck et al. 2001, 2006), surface roughness (Faix 

and Bottcher 1992, Tsuchikawa et al. 1992, Mora et al. 2008, Schwanninger et al. 2011 ), 

aging (Tsuchikawa et al. 2005, Via et al. 2008, Inagaki et al. 2010), temperature 

(Thygesen and Lundqvist 2000a, 2000b, Wulfert et al. 2000, Hans et al. 2013), 

biodegradation (Stirling et al. 2007, Via et al. 2008), illumination, and viewing 

geometries (Hagman 1997). For BSG, an additional factor to consider is the MC 

(Thygesen 1994, Schimleck et al. 2003a, Cooper et al. 2011). 
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In this study, we used a handheld microelectromechanical system (MEMS) digital 

transform spectrometer (DTS; Phazir™, Thermo Fisher Scientific, Wilmington, MA, 

USA) working in the NIR range (939.5-1796.6 nm, with a resolution of 11 nm) to 

predict MC (%dry basis) and BSG of quaking aspen (Populus tremuloides Michx.) and 

balsam poplar (Populus balsamifera L.) logs. 

Among the eight factors identified earlier that can affect the NIR spectra and thus the 

performances of the estimation, three were taken into account in this study: ( 1) the logs 

state (model designed for thawed and/or frozen logs), (2) the species (model designed 

for quaking aspen and/or balsam poplar), and (3) the wood heterogeneity (model 

designed for sapwood and/or heartwood). Finally, we also studied the influence of the 

MC variation on the determination ofBSG (model designed for dry and/or green wood). 

The other factors were not considered for the following reasons. The surface roughness 

was assumed to be constant as the surfaces of each log were refreshed using a chainsaw 

before taking the measurement. The illumination and viewing geometries were assumed 

to be constant since the spectra generated by the MEMS-DTS are of good quality with 

little noise (Day et al. 2005). Logs with visible decay or blue stain were excluded and 

the aging of the wood was ignored in this study. These two last factors should be 

considered when using the developed models in a mill yard. 

In the first part of this paper, for each of these four cases, specific models that are 

designed to handle one single source of variation were compared to general models 

incorporating the different sources of variations. 
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In the second part of this paper, the accuracy of wood sorting according to MC, BSG, 

the species, and the wood types is investigated. Indeed, on a practical point of view, an 

absolute wood MC or BSG value is not required in most of the cases and the log 

management in the mill yard could be improved when they are sorted into broad MC or 

BSG classes ( e.g. low, medium, and high).Similarly, sorting the wood according to the 

species or the wood type could help to optimize the manufacturing process for several 

wood products. 

4.2. Materials and methods 

4.2.1. Sample origin 

Samples (i.e., wood disks) were collected from fresh green quaking aspen and balsam 

poplar logs in the mill yard of an oriented strand board (OSB) mill in Meadow Lake, 

Saskatchewan, in July 2012. Logs (approximately 480-cm long) were selected to cover a 

range of different diameters (that are related to the tree age). A total of 47 logs were 

selected for quaking aspen and 45 logs for balsam poplar. 

4.2.2. Measurement of wood properties 

Two 4-cm thick disks (A and B) were cut at the base of each log with a chainsaw. Disks 

were protected individually with plastic wrap in order to limit water loss and shipped to 

the FPinnovations laboratory in Vancouver (British Columbia) where they were kept 

frozen prior to further analysis. Disks from group A were used to measure BSG 
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according to ASTM D2395-07a (2009). Disks from group B were dried in three 

different steps to reach different MC levels. At each drying step, the samples were 

frozen back to -15 °C and the fresh weights of the disks were recorded for both thawed 

and frozen disks (Figure 4.1 ). The dry weight of each disk was determined at the end of 

the drying process according to ASTM D4442-07 (2009) in order to be able to determine 

a posteriori MC at each step. The temperature of the disks (frozen and thawed) was 

monitored with a handheld thermocouple. A hole of 4 cm depth and 2 mm of diameter 

was drilled through the tangential section of each disk in order to insert the probe of the 

thermocouple. 

NIR spectra NIR spectra 

~ _F~e:z~~>-
Green wood 

Oven-dried wood E · :J 
V' 

NIR spectra 

- Frozen disks (-15 °C) 

Drying 

Step 1 

Drying 

Step 3 

NIR spectra 

{} 

E '.J 

-v 
NIR spectra 

NIR spectra 

{} 
Freezing -- - - - -> l Drying 

Step 2 

Freezing 
<- - - - - E. :1 

,!} 
NIR spectra 

I ] Unfrozen/Thawed disks (+20 °C) ---
Figure 4.1: Drying process of the logs (NIR spectra have been collected at each step). 
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4.2.3. NIR spectroscopy 

As both disks A and B of a given log were extracted at adjacent locations, we assumed 

that the spectra acquired over disks B were representative of disks A. Therefore, NIR 

spectra were acquired only on disk B. The illumination spot diameter of the Phazir™ 

was 7 mm. The spectrometer has a single InGaAs detector instead of a detector array, 

which has the advantage of eliminating detector-element variability as a source of noise 

(Day et al. 2005). The surface of the wood was not polished but was cleaned up to 

remove dust with a steel wire brush before scanning. The Phazir™ instrument was 

configured to average 10 spectra for each scan and for each reference. A total of six 

scans were collected on the transverse section of each disk: three on the sapwood and 

three on the heartwood (Figure 4.2).Thawed disks were scanned after each drying step 

and after their internal temperature reached the one of the laboratory (20°C). Frozen 

disks were scanned just after taking them out from the freezer, one by one to keep the 

surface frozen (- l 5°C). Measurements were done on the same six locations on the disks 

at each step. A total of 4416 spectra were collected. 

4.2.4. Multivariate data analysis 

The method used in this study to build the models relating the NIR reflectance spectra to 

the wood properties was an orthogonalized partial least square (PLS) regression (Wold 

et al. 1983, Martens and Naes 1992). Data analysis was conducted using R statistical 

computing software V3.0.2 (lhaka and Gentleman 1996) with the pis (Mevik and 

Wehrens 2007) package for PLS regression (orthogonal scores algorithm). 
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Figure 4.2: Example of the NIR scan positions on the wood disk: scan numbers 1, 3, and 
5 corresponding to heartwood and scan numbers 2, 4, and 6 corresponding to sapwood. 

PLS models were built usmg untransformed raw spectra. However, Savitzky and 

Golay' s (1964) second derivative (7-point window and second-order polynomial) was 

used to enhance the resolution of the spectra in order to facilitate their interpretation 

(Heise and Winzen 2002). The signal (Signal Developers 2013) package in R was used 

to compute second derivative spectra. All the models presented in this paper were 

significant at p < 0.001 (unless otherwise indicated). Depending on the set of samples 

selected to establish the calibration and validation models, the value of the root mean 

square error (RMSE), the coefficient of determination (R 2) and the ratio of performance 

to deviation (RPD; Williams 2001 , Cozzolino et al. 2005 , Saeys et al. 2005, Alves et al. 

2012, Santos et al. 2012) may change slightly which results in variable model 

performances. In order to limit this sampling effect, 25 cross-validation steps of each 

model were run with a different random sampling at each step for the calibration and 
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validation data-sets. Average RMSE, R2
, and RPD between the 25 steps are presented in 

this paper. Each model was built using nine latent variables in order to allow an easy 

comparison between our models as well as with the ones of the literature. This number is 

comparable to the ones used in other studies on wood MC and BSG estimation 

(Hoffmeyer and Pedersen 1995, Thygesen and Lundqvist 2000a, Defo et al. 2007, 

Fujimoto et al. 2008, Mora et al. 2011). 

Two types of models were designed for MC and BSG prediction: specific models that 

were built separately for each factor (log state, species, and wood type) and general 

models that integrate and handle the variability generated by these different factors. 

Specific and general models performances were compared to each other and the 

influences of the different factors on the performance of the models were studied. 

General models based on the average spectrum between the six spectra collected on the 

cross-section of each sample were compared to the ones based on only two spectra ( one 

collected on the sapwood and one collected on the heartwood). The performances of the 

specific models for BSG prediction from oven-dried samples and green samples (from 

the freshly cut logs) were compared to each other to investigate the influence of the MC 

on the BSG estimation. Oven-dried and green wood models were designed using thawed 

wood samples from the two species ( quaking aspen and balsam poplar) together. The 

loadings ( of the X matrix) and regression coefficients of these models are also compared 

and discussed. 

Each model presented ( excepted oven-dried and green wood models) includes data 

collected during different steps of the drying processes and constitutes therefore repeated 

measurements on same samples at different MC levels. Therefore, the data will tend to 
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be more correlated than data collected from independent samples. However, it has been 

shown that the success of using NIR spectroscopy to estimate wood properties from 

replicates or repeated measures was not due to autocorrelation nor related to the 

presence of replicates in the data (Schimleck et al. 2005a, Mora et al. 2008). The results 

obtained on lob lolly pine (Pinus taeda L.) radial samples by Mora et al. (2008) indicate 

that the use of repeated measurements in the calibration set does not represent a practical 

problem for the development of NIR calibration models for the prediction of wood 

properties. 

Partial least square discriminant analysis (PLSDA) (Barker and Rayens 2003, Haartveit 

and Flaete 2008, W esterhuis et al. 2008) was also used to sort the log data among three 

MC or BSG classes (low [MC~ 45%; BSG ~ 0.350], medium [45% <MC~ 90%; 0.350 

< BSG ~ 0.400], or high [MC > 90%; BSG > 0.400]) as well as between the two species 

and the wood types. The percentage of samples correctly assigned by the PLS-DA to 

their respective category was computed using a confusion matrix. The caret (Kuhn 

2008) package in R was used to compute the confusion matrix. The classification 

accuracy was measured using the sensitivity, the specificity, and the overall accuracy 

(Altman and Bland 1994a, Altman and Bland 1994b, Alberg et al. 2004, Kuhn 2008). 

4.3. Results 

4.3.1. Wood property measurements 

The range of MC (dry basis) varied between 14% and 83% for quaking aspen and 

between 14% and 139% for balsam poplar (Table 4.1). The range of MC variation for 
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quaking aspen falls within the broader MC range for balsam poplar. The BSG varies 

between 0.374 and 0.447 for quaking aspen and between 0.305 and 0.401 for balsam 

poplar. These ranges are complementary to each other and mixing the two species 

together increases the range of variation of the BSG (from 0.305 to 0.44 7 with an 

overlap between 0.374 and 0.401). 

Table 4.1: Statistics for BSG and MC of quaking aspen (Populus tremuloides Michx.) 
and balsam poplar (Populus balsamifera L. ). 

MC {% dry basis} 
BSG Green wood Full data set8 

N 46 46 295 

Mean 0.405 62.2 48.9 

Quaking aspen 
Standard 

0.021 10.9 15.5 
deviation 

Minimum 0.374 44.7 14.2 

Maximum 0.447 83.3 83.4 

N 40 40 273 

Mean 0.352 107.8 78.9 

Balsam poplar 
Standard 

0.027 15.1 29.7 
deviation 

Minimum 0.295 56.3 14.1 

Maximum 0.406 139.2 139.2 

a Moisture content of the samples measured at each step of the drying process, 
from frozen and thawed wood. 

4.3.2. NIR spectra 

Figure 4.3 presents NIR mean raw absorbance spectra and their normalized (by 

maximum amplitude) second derivatives obtained from frozen and thawed, green and 
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oven-dried wood for quaking aspen and balsam poplar. The raw spectra from frozen 

green wood (Figure 4.3A) presented a lower absorption and a shift of the absorption 

peaks toward higher wavelengths with decreasing temperature in comparison with the 

thawed green wood spectrum. In comparison, the spectra collected from oven-dried 

wood (Figure 4.3B) display different patterns and absorption bands. Absorption bands 

are more clearly distinguishable from second derivatives spectra (Figure 4.3C and 

Figure 4.30). Absorption bands related to wood components have been labeled in Figure 

4.3 and tentative band assignments are given in Table 4.2. 

4.3.3. PLS models and PLS-DA 

PLS models for MC and BSG prediction are presented in Table 4.3 for each factor 

separately (log state, species, and wood type) as well as for all factors together (general 

models). The RMSE, R2
, and RPD of the models obtained from the thawed logs were 

slightly better than those obtained for the frozen logs. 

The correction of the scattering produced by the ice at the surface of the samples with 

the multiplicative scatter correction (MSC) on the spectra from frozen logs helped to 

reduce the number of latent variables required in the models, but did not improve the 

prediction accuracy for frozen wood with regard to the thawed wood. PLS models built 

for quaking aspen showed lower performances than the one for balsam poplar. Models 

built from heartwood spectra performed better than the ones built from sapwood spectra 

concerning MC prediction while performances were almost identical for BSG. 
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Figure 4.3: Average raw and second derivative spectra of green and oven-dried thawed 
and frozen wood (mean spectra between the two species: quaking aspen and balsam 
poplar). Numbers correspond to tentative band assignments (refer to Table 4.2) 

General models showed very similar results in comparison with the specific models built 

for frozen and thawed wood as well as for the species (concerning MC prediction). 

However, general models for the prediction of BSG showed quite higher R2 than the 

models built for each species separately. They gave better results than sapwood and 

heartwood models for both properties (MC and BSG). 
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Table 4.2: Assignment of the representative absorption bands for quaking aspen and 
balsam poplar wood. 

Labels in 
Wavelength 

Figure 4.3 Bond vibration Remarks Reference 
and 7 

(nm) 

2n overtone OH symmetric 
Weyer and Lo 

la 979 stretching and 1st overtone OH H20 liquid 
asymmetric stretching 

2002 

2nd overtone OH symmetric 
Weyer and Lo 

lb 1025 stretching and 1st overtone OH H20 solid (ice) 
asymmetric stretching 

2002 

Combination of 1st overtone of 
Bonded OH groups in Weyer and Lo 

2 1065 OH stretching and twice the CH 
deformation 

alcohols (lignin) 2002 

3 1157 & 1171 2nd overtone CH stretching 
CH3 groups in acetyl ester Schwanninger 
groups ofhemicelluloses. et al. 2011 

1st overtone combination of OH 
Buijs and 

4a 1200 symmetric stretching, bending H20 
and asymmetric stretching 

Choppin 1963 

1st overtone combination of OH 
Weyer and Lo 

4b 1250 symmetric stretching, bending H20 solid (ice) 
and asymmetric stretching 

2002 

5 1272 Unknown Cellulose 
Alves et al., 
2012 

6 1368 
1st overtone CH stretching and 

Cellulose 
Schwanninger 

CH deformation et al. 2011 

7 1428 1st overtone OH stretching 
Amorphous regions in Tsuchikawa and 
cellulose and H20 Siesler 2003 

1st overtone OH symmetric 
Weyer and Lo 

8a 1453 stretching and asymmetric H20 
2002 

stretching 

9 1489 1st overtone OH stretching 
Crystalline regions in Tsuchikawa and 
cellulose Siesler 2003 

1st overtone OH symmetric 
Weyer and Lo 

8b 1492 stretching and asymmetric H20 solid (ice) 
2002 

stretching 
0(3)-H(6)-0(3)' 

Schwanninger 
10 1510 1st overtone OH stretching interchain H-bond of 

cellulose. 
et al. 2011 

Crystalline regions in 
Schwanninger 

11 1548 1st overtone OH stretching cellulose, 0(3 )-H(3 )-0( 5) 
interchain H-bond. 

et al. 2011 

12 1592 1st overtone OH stretching 
Crystalline region in Tsuchikawa and 
cellulose Siesler, 2003 

13 1666 & 1681 1st overtone CH stretching 
CH3 groups, Schwanninger 
hemicellulose et al. 2011 

14 1724 1st overtone CH stretching 
Furanose/pyranose due to Fujimoto et al. 
hemicellulose 20072010. 
Semi- crystalline or 

Fujimoto et al. 
15 1780 1st overtone CH stretching crystalline regions in 

cellulose 
2007 2010. 
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Table 4.3: PLS models for MC (% oven-dry basis) and BSG prediction according to the log state, the species and the wood type 
(sapwood or heartwood). 

Property Factors Model 
Calibration (N = 182) Validation (N = 90) 
RMSEc R2c RMSEp R2p RPD 

Log state 
Thawed 8.9 0.91 10.0 0.88 2.93 
Frozen 10.2 0.84 11.8 0.78 2.20 

Species 
Quaking aspen 7.2 0.78 7.6 0.75 2.03 
Balsam poplar 9.9 0.89 10.8 0.86 2.75 

MC 
Sapwood 13.5 0.77 15.0 0.69 1.84 

Wood type 
Heartwood 11.5 0.82 12.7 0.77 2.09 

General 
6 spectra 10.1 0.87 11.1 0.83 2.48 
2 spectra 11.7 0.83 13.1 0.78 2.17 

Log state 
Thawed 0.019 0.69 0.022 0.60 1.60 
Frozen 0.020 0.67 0.022 0.60 1.59 

Species 
Quaking aspen 0.018 0.26 0.020 0.07a 1.05 
Balsam poplar 0.019 0.35 0.022 0.18 1.11 

BSG 
Sapwood 0.022 0.60 0.024 0.52 1.46 

Wood type 
Heartwood 0.022 0.58 0.025 0.47 1.39 

General 
6 spectra 0.020 0.66 0.022 0.57 1.55 
2 spectra 0.020 0.66 0.023 0.55 1.51 

a All the models are significant atp-value < 0.001, except this one which has ap-value of 0.0088. 



A general model based on six spectra averages shows slightly better performances than 

the one based on two spectra averages. 

The results obtained to assess the influence of MC on the performance of the BSG 

prediction are presented in Table 4.4. The oven-dried wood model performances were 

only slightly better than the ones for the green wood. The loadings of the two first 

factors ( of the X matrix) and the regression coefficients of the green and oven-dried 

wood calibration models for BSG are presented in Figure 4.4A and Figure 4.4B, 

respectively. The loadings of the two first factors only were presented because most of 

the Y-relevant information in X is displayed in the first few factors (Martens and Naes 

1992). The loadings of the two first factors of the oven-dried wood model (Figure 4.4A) 

look both similar to the oven-dried wood spectrum (Figure 4.3B) and explain 96.9% and 

2.9% of the variation in the X matrix as well as 4.3% and 1.8% of the variation in the Y 

matrix. In the green wood model, the loadings of the first latent variable seem more 

correlated with the water spectrum and explain 97 .5% and 42.5% of the variation in the 

X and Y matrices, respectively. The loadings of the second latent variable seem more 

correlated with the oven-dried wood spectrum and explain 1.7% and 2.8% of the 

variation in the X and Y matrices, respectively. The bands having the highest regression 

coefficients are labeled in Figure 4.4B and correspond to the absorption bands identified 

in the second derivative spectra (Figure 4.3C and Figure 4.30) and presented in Table 

4.2. 
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Table 4.4: PLS models for BSG prediction according to the moisture content (MC) of 
the wooda. 

MC level 

Green wood 

Oven-dried wood 

Calibration (N=58) 
RMSEc R2c 

0.018 

0.017 

0.74 

0.75 

Validation (N=28) 

0.027 

0.027 

0.35 

0.43 

1.31 

1.37 

a Oven dry references are the wood samples oven-dried at 104 ± 2°C. 

PLS-DA was applied to the NIR spectra to sort the scanned logs as a function of their 

MC, BSG, species, and wood type. The confusion matrix showing the classifications 

obtained from the PLSDA prediction models as well as the corresponding sensitivities, 

specificities, and overall accuracies are presented in Table 4.5. The results of the PLS

DA are in agreement with the PLS models results presented earlier which showed 

systematically lower performances for BSG than for MC prediction. The log segregation 

into three classes of MC and BSG (low, medium, and high) lead to a better overall 

accuracy for MC (86%) than for BSG (65%). In both cases (for MC and BSG), the 

medium classes had lower sensitivity than the two other classes. The sensitivity to the 

low and high classes and the specificities for the three classes were ~77%. Concerning 

the log sorting according to the species, samples were correctly assigned to their 

respective category with sensitivities of 100% and 97% for quaking aspen and balsam 

poplar, respectively. Sapwood and heartwood spectra were correctly assigned to their 

respective category with sensitivities of 87% and ?1 %, respectively. 
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Figure 4.4: X-loadings and regression coefficients plots of the PLS models for BSG 
estimation of green and oven-dried thawed quaking aspen and balsam poplar logs 
(species mixed together in the models) . Numbers correspond to tentative band 
assignments (refer to Table 4.2). 

4.4. Discussion 

4.4.1. Wood property measurements 

Our BSG values are on the same order as the ones found in the literature. Kennedy 

(1965) reported BSG values for small clear samples of quaking aspen and balsam poplar 

grown in Canada of, respectively, 0.374 ± 0.024 and 0.372 ± 0.032. The BSG of balsam 

poplar in Alberta reported by Kellogg and Swan (1986) varies from 0.326 to 0.346 

depending on the site. In western USA, a value of 0.38 ± 0.08 has been reported as BSG 

of quaking aspen (USDA Forest Service 1985). 
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Table 4.5: Accuracies of the PLS-DA prediction models for the log sorting according to their MC, BSG, species and wood type. 

Model Class Np Confusion Matrix Sensitivity Specificity 
Overall 

accuracy (%) 

Low (L) [~ 45%] 120 L M H 0.85 0.91 

Medium(M) 
120 

L 36 7 0 
0.76 0.91 MC [45% <MC~ 90%] 86 

M 6 29 1 

High (H) [> 90%] 120 H 0 2 39 0.97 0.97 

Low (L) [~ 0.350] 130 L M H 0.95 0.78 

Medium(M) L 36 18 2 
BSG 130 0.18 0.92 65 

[0.350 < BSG ~ 0.400] M 2 8 5 

High (H) [> 0.400] 130 H 0 19 40 0.85 0.77 

Quaking aspen (QA) 90 QA BP 1 0.97 
Species 

QA~ 
98 

Balsam poplar (BP) 90 BP O 40 0.97 1 

Heartwood (H) 90 H s 0.71 0.87 
Wood 

H 8t5E 79 
type 

Sapwood (S) 90 s 0.87 0.71 6 



4.4.2. NIR spectra 

The influence of the water content on the raw and second derivative spectra of the green 

wood is clearly visible: the green wood spectra (Figure 4.3A and Figure 4.3C) are 

dominated by large and intense absorption peaks due to liquid water, around 979 (la), 

1200 (4a), and 1453 nm (8a), for the thawed wood and ice, around 1025 (lb), 1250 (4b), 

and 1492 nm (8b ), for the frozen wood. These peaks mask the absorptions from other 

compound ( cellulose, hemicellulose, and lignin) appearing at adjacent locations in the 

raw spectra of green wood (Abrams et al. 1988) but which are more clearly visible in the 

second derivative spectra. In comparison, it is possible to discern, on the oven-dried 

wood raw spectrum, several absorption bands (5, 6, 9, 11, 12, 13, 14) which were not 

visible in the green wood raw spectrum. In particular, the peaks due to water-ice (8a-8b) 

absorption in the green wood spectra have been replaced by the 1489 nm (9) peak due to 

crystalline cellulose (Tsuchikawa and Siesler 2003) in the oven-dried wood spectra 

(Figure 4.3B and Figure 4.30). Two distinct peaks are visible in the second derivative 

spectrum of the frozen green wood at 1428 (7) and 1492 nm (8b) which correspond 

probably to the water adsorbed in the amorphous region of cellulose, which do not 

freeze at the temperature used in this experiment (Torgovnikov 1993 ), and the ice 

absorption bands, respectively. The second derivative spectrum obtained for the frozen 

oven-dried wood has two absorptions bands at 1428 (7) and 1489 nm (9) representing, 

respectively, the amorphous and crystalline regions of cellulose (Tsuchikawa and Siesler 

2003). 

The shift of the water absorption peaks with temperature observable in Figure 4.3A and 

Figure 4.3C has already been reported by different authors. Swierenga et al. (2000) 
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pointed out that, for pure water, a decrease in the temperature results in a decrease of the 

spectrum intensity, a peak shift toward higher wavelengths, and band broadening. 

Indeed, temperature variations produce changes in band shapes by changing the weaker 

inter- and intra-molecular forces (Wulfert et al. 2000). The average shift of the maximum 

absorbance peak (around 1450 nm) in our data is 8.6 nm for the sapwood and 25.8 nm 

for the heartwood. Hans et al. (2013) reported an opposite tendency for the shift between 

thawed and frozen wood spectra of black spruce sapwood and heartwood with values of 

17.2 and 8.6 nm, respectively. Using FT-NIR spectra acquired from Norway spruce 

(Picea abies [L.] H. Karst) planed square samples, Thygesen and Lundqvist (2000a) 

reported a shift of 3 9 nm for the sapwood and 19 nm for the heartwood when the 

temperature decreased from 20°C to - l 5°C. It seems, therefore, from these values that 

the magnitude of the shift is closely related to the water content of the wood. This is why 

the shift observed for quaking aspen and balsam poplar heartwood is higher than the one 

observed for the sapwood. The resolution of the spectrometer used also influences the 

value of the shift computed, and to some extent, ions and others elements such as 

extractives present in the sapwood might also have an effect (Thygesen and Lundqvist 

2000a). 

4.4.3. PLS models 

4.4.3.1. Influence of the log state 

The difference of accuracy between frozen and thawed log models (Table 4.3) was not 

due to the NIR spectral measurements but due to the reference MC measurement. Indeed, 
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ice and frost were present at the surface of the frozen wood and modified the weight of 

the samples when performing the reference MC measurement. This explains the increase 

in RMSE values from 1 % to 2% between the thawed and frozen wood models. 

· General models are leading to similar results than thawed and frozen wood models and 

demonstrate that the log state does not have a great influence on the performances of the 

model. However, using a higher number of latent variables in the general models might 

improve their performance since additional factors could help to take into account the 

variability produced when mixing the two log states together. Wulfert et al. (1998, 2000) 

previously showed that the inclusion of temperature through the calibration design in the 

models results in reasonable predictions (for mixtures of ethanol, water, and 2-propanol 

as well as heavy oil products) but at the cost of an increased model complexity (number 

of latent variables) when compared to models without temperature effects. Kelley et al. 

(2004) also mentioned that for general models, the most heterogeneous set of samples 

tends to increase the number of latent variables required for a good model, while the 

relatively wider range of physical properties covered and the larger data-set tends to 

reduce it. 

Regression coefficients for the thawed and frozen models followed approximately the 

same pattern (Hans et al. 2013). Noticeable changes were related to variation in peak 

intensity and wavelength shift, especially for the peaks linked to water absorption bands. 
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4.4.3.2. Influence of the species 

The influence of the species on the performances of the models is directly related to the 

statistics presented in Table 4.1. Indeed, the standard deviations (and so the variance) of 

MC and BSG are almost four and two times higher for balsam poplar than for quaking 

aspen, respectively. This directly influences the statistics presented in Table 4.3 and the 

difference of performances between the models is therefore not only due to the species 

in itself but also due to the difference of sampling realized in this experiment. However, 

balsam poplar wood was presenting a surface roughness more important than quaking 

aspen, which might also explain the higher RMSE obtained for the first species. 

The better performances (higher R2 and RPD) of the BSG general models with regard to 

the single species models are directly related to the increase of the variance of BSG 

obtained when mixing the two species (having complementary ranges of BSG) together. 

General models for BSG with higher R2 were also reported by Schimleck et al. (2001, 

2002, 2003b) who developed models including 54 different species coming from around 

the world. They also indicated that the standard error of calibration (SEC) of the general 

models was considerably higher when the species were mixed together than when they 

were separated. This is also confirmed in our results since higher RMSE was obtained. 

Similarly, Fujimoto et al. (2007) demonstrated for hybrid larch air-dry density prediction 

that models designed from a wide density range data-set all showed better performances 

than the models built from a narrow density range data-set. Besides their better 

performances for the prediction of some wood properties, another advantage of general 

models is their increased applicability for predicting wood properties from samples that 

cover a wide range of environmental and genetic variation (Jones et al. 2005). 
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4.4.3.3. Influence of the wood type 

The fact that general models give better results than specific models for sapwood and 

heartwood is not surprising since it is the mean MC or BSG of the entire wood sample 

(including heartwood and sapwood) which is predicted. The results obtained for the MC 

specific models for heartwood spectra ( which performed better than the ones for 

sapwood) are in agreement with the MC models obtained by Karttunen et al. (2008) over 

Scots Pine (Pinus sylvestris L.). 

For BSG, the better predictions obtained from the general model than from the sapwood 

or heartwood models are similar to the results reported by Hans et al. (2013) over black 

spruce logs. However, in contrast to Hans et al. (2013), the model for the heartwood was 

not as good as the one for the sapwood. It is important to point out that in some cases 

scans performed on the sapwood and heartwood of the wood disks correspond to the 

mature and juvenile woods, respectively. It is well known that the mature wood usually 

has higher BSG than juvenile wood. This might also affect the BSG model but was not 

taken into account in this study. However, Schimleck et al. (2005b) demonstrated that 

stronger models were obtained when both juvenile and mature wood were included in 

the calibration set rather than when only one of them was considered, which correspond 

to our results. 

4.4.3.4. Influence of the number of spectra averaged 

Our results are consistent with Mora et al. (2011) who showed for the prediction of MC 

and BSG of loblolly pine logs that the model performance improved as the number of 
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spectra collected and averaged increased from two to eight. Thygesen (1994) also 

mentioned that the average spectrum between several spectra collected on a wood disk is 

better correlated with its average basic density than each spectrum separately. However, 

reducing the number of spectra to two allow faster scanning of the logs while RPD does 

not decrease dramatically. Santos et al. (2012) reduced the number of spectra averaged 

per disk from 50 to 3 while still reaching an RPD of 3 .2 for basic density prediction. 

4.4.3.5. Influence of MC for the determination of BSG 

No obvious difference between the performances of the green and oven-dried wood 

models was noticed, showing that MC does not have a strong influence on the ability of 

the PLS model to predict BSG in the NIR range (939.5-1796.6 nm) used in this study. 

Using NIR spectra from 1200 to 2400 nm in reflectance and transmittance mode, 

Thygesen ( 1994) compared the performances of PLS models for Norway spruce basic 

density prediction from green and dry shavings. She obtained a slightly better model for 

the dry shavings than for the wet shavings using NIR transmittance spectra but did not 

note any difference with the NIR reflectance spectra. Schimleck et al. (2003a) also 

obtained slightly better estimation of the air-dry density from dry (MC of 7%) than from 

green (MC from 100% to 154%) radial strips of loblolly pine using the 1100-2500 nm 

NIR spectral range. They concluded that NIR spectroscopy could be used to predict 

properties of green wood with sufficient accuracy for ranking standing trees. Xu et al. 

(2011) indicated that air-dry density calibration models for balsam fir (Abies balsamea 

[L.] Mill.) and black spruce ovendried wood required fewer components than for green 
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wood. Both our results and the literature ones show that stronger R2 is acquired from dry 

wood samples, but performances of green wood models are of sufficient quality with 

respect to the BSG estimation accuracy required by the industry. 

It seems from the loadings of the models (Figure 4.4) that the first factor of the green 

wood model expresses most of the variation due to MC and the following factor 

accounts for BSG. As there is no variation due to MC in the oven-dried wood model, the 

first factor of the model directly expresses the variation due to BSG. This also explains 

why the performance of the BSG estimation model seems relatively independent of MC 

variation since the first factor of the model explains a large part of this variation. The 

most important regression coefficient peaks identified appear at the same location for 

oven-dried and green wood showing that exactly the same absorption bands are taken 

into account in the models. Fujimoto et al. (2008) also showed that the regression 

coefficients obtained for the prediction of the moduli of elasticity and rupture and air

dried density presented the same pattern. In comparison with the second derivative 

spectrum, two more absorption bands related to cellulose were identified in the 

regression coefficients plot at 1510 nm (10) and 1780 nm (15). Three absorption bands, 

located around 1489 (9), 1592 (12), and 1724 nm (14), related to cellulose and 

hemicellulose, were identified by different authors (Fujimoto et al. 2008, Fujimoto et al. 

2010, Schwanninger et al. 2011, Alves et al. 2012) as being useful for the prediction of 

air-dried density and BSG of different softwood and hardwood species. This 

demonstrates, on one hand, the importance of this region of the NIR spectrum for the 

prediction of wood BSG and, on the other hand, that the selection of specific absorption 
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bands might allow developing models for BSG prediction independently of the species 

and MC. 

4.4.4. PLS discriminant analysis 

With respect to sorting the logs according to MC and BSG, the fact that a substantial 

fraction of the logs belonging to the medium class were assigned to either the low or 

high class is probably linked to the fact that MC and BSG are continuous variables and 

that the split between the three different classes is challenging. The overall accuracy that 

we obtained to distinguish the two species is similar to the one (94%) obtained by 

Haartveit and Flaete (2008) who sorted softwood species (Norway spruce (Picea abies 

[L.] H. Karst), Sitka spruce (Picea sitchensis [Bong.] Carr.), and Lutz spruce (Picea x 

lutzii Little)) using PLS-DA requiring four latent variables. Other studies have shown 

that NIR spectroscopy was a useful tool for species sorting (Antti et al. 1996, Brunner et 

al. 1996, Gierlinger et al. 2004, Adedipe et al. 2008, Haartveit and Flaete 2008, Cooper 

et al. 2011, Espinoza et al. 2012, Abasolo et al. 2013, Luan et al. 2013) and that it could 

also possibly be used to distinguish samples coming from different origins and sites for 

the same species (Schimleck et al. 1996, Rana et al. 2008). Our good sorting accuracy 

can be related to the fact that our species were hardwood species. Tsuchikawa et al. 

(2003) have shown that the Mahalanobis' generalized distance applied to NIR spectra 

acquired over samples having MCs ranging from oven-dried to fully saturated values 

can more easily sort hardwood species than softwoods species. Haartveit and Flaete 

(2008) classified the heartwood and sapwood of Scots pine and achieved sensitivities of 
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97% and 94%, respectively (and an overall accuracy of 96%) using PLS-DA (five latent 

variables) and NIR spectra from 800 to 2250 nm. Sandberg and Sterley (2009) separated 

heartwood and sapwood of Norway spruce in dry state from orthogonal signal corrected 

(OSC) 400-2500 nm spectra using PLS regression with an overall performance of 95%. 

Similarly, Stirling (2013) reported differentiation of heartwood and sapwood in western 

hemlock (Tsuga heterophylla [Raf.] Sarg.) and amabilis fir (Abies amabilis Douglas ex J. 

Forbes) with greater than 90% prediction accuracy based on spectra from 350 to 2500 

nm (eight latent variables). Some studies show that the visible spectrum has an 

important impact on the model and the exclusion of the visible region makes the model 

weaker and increases the number of components required (Haartveit and Flaete 2008, 

Sandberg and Sterley 2009). This might explain the lower performance of our model 

with regard to other studies since the visible part of the spectrum was not included in our 

analysis. Another point made by Pfautsch et al. (2012) is that (for Eucalyptus and 

Corymbia species) species-specific PLS-DA models perform usually better than general . 

(multispecies) models at differentiating sapwood from heartwood. The wood types 

classification presented in this study includes the two species mixed together and 

segregating sapwood from heartwood for each species separately was not attempted. 

4.5. Conclusions 

Using a handheld NIR spectrometer to scan the wood cross-section, general PLS models 

capable to handling several sources of variation encountered in field conditions were 

calibrated and validated. 
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The results show that the temperature variations, which engender a shift of the water 

absorption bands, were incorporated successfully in the general model. Predictions from 

frozen wood were less accurate than from thawed wood but were still of good quality. 

The calibration of the model for frozen wood is crucial for its operation ability all year 

round. The models designed from data presenting higher MC and BSG variances have 

higher RMSEs but show better performances in terms of R2 and RPD than the models 

built from data having smaller variances. General models are capable of predicting both 

species properties. The average spectra between sapwood and heartwood give the best 

prediction for the average MC and BSG of the samples. The models based on the 

average of six spectra collected at the surface of the sample also give better results than 

models based on the average of two spectra. Although more robust models were 

developed from dry wood for BSG prediction, the performances obtained for wood 

representing a wide range of MC variation were sufficient to address most of the 

practical requirements in the industry. Indeed, the MC variation can be handled by the 

PLS model when predicting BSG. Different absorption bands were identified as being 

useful for the prediction of MC and BSG and might be independent of the species. 

Sorting the logs into classes of MC, BSG (low, medium, and high), and/or according to 

the species can be performed using PLS-DA. This sorting of the logs before entering in 

the production chain could help optimizing the process in the wood product industry and 

does not increase significantly the complexity of the mill yard management. Sorting of 

the wood according to the wood type can also be performed. Moreover, coupling PLS

DA and PLS regression opens the possibility of developing decision-tree-based models 
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that can first recognize the species, second the type of wood, and third predict its 

properties. 
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Chapter 5. Assessment of variations in air-dry wood density 

using time-of-flight near-infrared spectroscopy4 

Abstract: Non-destructive measurement of wood density usmg reflectance and 

transmittance near-infrared spectroscopy (NIRS) has already been reported by several 

researchers. However, these methods do not allow an independent determination of the 

spectral contributions of the absorption and scattering effects. In this study, time-of

flight NIRS (TOF-NIRS) was used to measure wood density of seven softwood and 

hardwood species. A curve fitting procedure was used to resolve the diffusion equation 

and compute the absorption (µa) and reduced scattering coefficients (µs ') from the time

resolved profiles (TRPs) acquired from the wood samples. Statistical parameters were 

also computed from TRPs and correlated with the wood airdry density as well as with 

both optical coefficients. A simple linear regression model was built to relate air-dry 

wood density to µa (R2 
= 0.56, root mean square error [RMSE] = 0.047 g·cm-3,p value< 

0.05). Results obtained were in good agreement with the modified Beer-Lambert law for 

turbid media. The square root of the µs'lµa ratio (which was well correlated with the 

photons mean path length) was used to correct for the distortion due to scattering in 

absorbance NIR spectra acquired using reflectance spectroscopy. This research 

demonstrates the potential of TOF-NIRS to assess wood density and to correct 

reflectance spectra for scattering effects. 

4This chapter was published online in Wood Material Science & Engineering (June 
2014) under the following authorship: Hans, G., Kitamura, R., Inagaki, T., Leblon, B., 
and Tsuchikawa, S. doi: 10.1080/17480272.2014.923937. It is reproduced with the 
permission of the Taylor & Francis Group (see letter of permission in Appendix C). 

203 



5.1. Introduction 

Real-time and nondestructive monitoring of wood properties in the forest industry is of 

great importance to improve the quality of the products, to ensure the optimal use of the 

wood resource, and to reduce the production costs (Meder et al. 2010, Trung and Leblon 

2011). Especially, the density of the wood is among the most important properties to 

measure because it is closely related to its hygroscopicity, strength, shrinkage, and 

swelling as well as its mechanical, thermal, acoustical, and electrical properties 

(Simonaho and Silvennoinen 2006, Fujimoto et al. 2007, Hein et al. 2009, Santos et al. 

2012). Moreover, wood density is also an important parameter to monitor in the wood 

products industry because it determines the quality of the final products and influences 

several processes (e.g. the quantity and the quality of the paper produced). More recently, 

wood density also became a parameter of great importance ta.ken into account in tree 

genetic improvement programs (Zhang and Morgenstern 1995, Jones et al. 2005, Alves 

et al. 2012, Inagaki et al. 2012). 

Near-infrared spectroscopy (NIRS) is receiving an ever-increasing attention as a mean to 

monitor wood properties in forestry and the forest products sector (Meder and 

Schimleck 2011 ). A massive literature which present promising results is available on 

the use of NIRS to characterize several wood properties ( see the reviews of Schimleck et 

al. 2000, So et al. 2004, Tsuchikawa 2007, Leblon et al. 2013, Tsuchikawa and 

Schwanninger 2013). However, most of these studies are based on the use of statistical 

models to relate the reflectance or transmittance NIR spectra to the wood property of 

interest. Such methods have several disadvantages. First, the spectral contribution of the 

absorption and scattering effects cannot be determined independently. Second, 
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prediction measurements are based on previously established calibration models which 

require a considerable amount of data and are usually not transferable among 

instruments. Third, as a consequence, since the scattering is not measured independently, 

prediction from such models will be influenced by sample preparation, especially by its 

surface roughness (Hein et al. 2010). 

In contrast, time-of-flight NIRS (TOF-NIRS) enables performing measurements of a 

medium's absorption (µa) and reduced scattering (µs') coefficients independently from 

each other and therefore enables to overcome the above-mentioned limitations 

(Johansson et al. 2002). The principle of TOF-NIRS is to send short light pulses into a 

medium and to measure the time-resolved profile (TRP) of the diffusely transmitted 

photons (Diop and Lawrence 2013). Photons that are scattered in the sample experience 

a longer path length (i.e. time-of-flight) and therefore spend more time in the sample, 

resulting theoretically in a transmitted photon time-of-flight distribution (TOFD; 

Leonardi and Burns 1999a). However, the TRP measured slightly differs from the 

theoretical TOFD in that it additionally contains noise caused by the instrumental 

response function (IRF). From the TRP, the absorption and the reduced scattering 

coefficients of the medium can be computed by solving the diffusion approximation to 

the radiative transfer equation (Caffini et al. 2012, Martelli 2012). 

TOF-NIRS has been used mostly for medical (Chance et al. 1988, Schmidt 1999, 

Svensson et al. 2005, Diop et al. 2010), pharmaceutical (Johansson et al. 2002, Khoptyar 

et al. 2013), and agricultural (Cubeddu et al. 2001, Tsuchikawa et al. 2002, 2003, 

Nicolai et al. 2008, Kurata and Tsuchikawa 2009) applications. As shown in the 

following review, the application of TOF-NIRS to wood properties assessment is quite 
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recent. In the present study, TOF-NIRS was used to determine the absorption (µ0 ) and 

the reduced scattering (µs') coefficients of seven softwood and hardwood species. The 

TRP and the photons TOFD acquired for the different species are presented and 

discussed. The mean path length (MPL) of the photons through each sample was 

computed from the optical coefficients and sample thickness using a relationship 

presented by Patterson et al. ( 1989) and different statistical parameters, such as the full 

width at half maximum (FWHM), the travel time, and the attenuation of the signal, were 

also acquired from the TRP. Relationship was established between all these parameters 

as well as between the parameters and the wood density. Finally, following Leonardi and 

Burns (1999b), we showed that the NIR absorbance spectra acquired in reflectance 

spectroscopy can be corrected using the µ0 and µs' measured at one single wavelength. 

5.2. Short review on the use of TOF-NIRS for wood properties 

assessment 

Measurement of wood moisture content using nearinfrared laser radiation has been first 

investigated by Tsuchikawa et al. (2000). The effect of the wavelength of the laser beam, 

detector position, sample thickness, surface roughness, and the incident angle of the 

transmitted radiation on the TRP was also studied (Tsuchikawa et al. 2000, Tsuchikawa 

2001, Tsuchikawa and Tsutsumi 2002). For this purpose, TRP was characterized using 

three parameters: the attenuation of the transmitted power, the time delay of the peak, 

and the FWHM. Alnis et al. (2003) used gas in scattering media absorption spectroscopy 

(GASMAS) to detect oxygen in the pores of wood from eight species. They showed that 
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a relationship existed between the equivalent MPL of oxygen and the wood density. 

Andersson et al. (2006) used GASMAS at 760 and 980 run to measure water vapor and 

oxygen during the drying process of wood. They could identify the time at which all the 

free water had evaporated from the wood. D'Andrea et al. (2008) showed that TOF

NIRS in the 700- to 1040-run region and in reflectance geometry could be used for non

invasive characterization of dry, wet, and degraded wood, and especially for the 

estimation of wood moisture content. They reported that the reduced scattering 

coefficient (µ. 5') was almost constant among the spectral wavelength range investigated, 

which was not the case for the absorption coefficient (µ.a). Moreover, µa was shown to be 

independent of the orientation of the injection/ detection line with regard to the wood 

fiber, and therefore independent of the wood section investigated. However, this was not 

the case for µs' which was strongly affected by the wood anisotropy and much higher 

value of µs' was obtained when the wood fiber was oriented perpendicularly with regard 

to the injection/detection line. Both µa and µs' were affected by the wood type of the two 

species studied: sweet chestnut ( Castanea sativa Mill.) and silver fir (Abies alba Mill.). 

Sweet chestnut samples have higher value for both coefficients causing a strong 

reduction of the signal intensity and a reduction of the signal to noise ratio. Kienle et al. 

(2008) determined µa and µs' of dry and wet silver fir, theoretically (using Monte Carlo 

simulations) and experimentally and found good qualitative agreement between both 

determinations. They estimated that µs' was about four times higher for dry than for wet 

wood and they showed that some variations of the refractive index between the cell 

walls and the lumens as well as depending on the moisture content should be expected. 

They also showed that even though wood was an anisotropic material, the isotropic 

diffusion equation could be used to estimate µa. D'Andrea et al. (2009) used TOF-NIRS 
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spectroscopy over the 700- to 1100-nm spectral range to assess silver fir wood moisture 

content variation from 4% to 18% ( dry basis). According to these authors, the strong 

decrease of µa between 700 and 800 nm can be assigned to lignin and extractive, while 

cellulose and water contribute mainly to the absorption above 800 nm. Kurata et al. 

(2011) simulated the TRP of wood samples based on the diffusion approximation to the 

radiative transfer equation using µa and µs' computed from the Kubeika-Munk theory. 

They found good agreement between simulated and experimentally measured TRP for 

thick wood samples. Finally, Bargigia et al. (2013) used TOF-NIRS and GASMAS to 

assess the optical properties, porosity, gas permeability, and moisture content of Picea 

abies (L.) H. Karst and confirmed the results obtained by D' Andrea et al. (2008). 

5.3. Materials and methods 

5.3.1. Measurement of wood properties 

Wood samples were taken from the collection of the Bioagricultural Sciences 

Laboratory of Nagoya University. The samples had average dimensions of 10 cm x 7.5 

cm x 0.5 cm and were chosen according to two main criteria: the larger face of the 

sample had to correspond to the longitudinal-tangential section of the wood and samples 

had to cover a wide range of density. As a result, seven samples were selected, two 

softwood species (Larix kaempferi [Lamb.] Carr. and Chamaecyparis obtusa Endl.) and 

five hardwood species ( Cercidiphyllum japonicum Siebold and Zucc., Kalopanax pictus 

Koidz., Castanea crenata Siebold and Zucc., Dactylocladus stenostachys Oliv., and 

Palaquium sp.). Samples were conditioned in the laboratory at about 12% moisture 
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content ( dry basis) and the wood air-dry density was measured by dividing the weight of 

the samples by their volume ( computed from the measured dimensions). 

5.3.2. TOF and reflectance NIRS 

The description of the TOF-NIR system used in this study was previously given in 

Tsuchikawa et al. (2002). Briefly, the system is mainly composed of a picosecond light 

pulser, with a wavelength of 846 nm, a pulse width of 70 ps, and a beam diameter on the 

sample was approximately 1.5 mm (PLP-10, Hamamatsu Photonics Co., Hamamatsu, 

Japan). The variation of the transmitted radiation intensity with time was recorded with a 

streak camera having a time resolution of 10.3 ps (C5680, Hamamatsu Photonics Co., 

Hamamatsu, Japan). The distance between the pulsed laser and the streak camera was of 

360 mm and the wood sample was placed at 135 mm from the laser source. The IRF was 

measured with a neutral density filter that had a transmission ratio of about 1 % at 846 

nm (AND-50C-001, Sigma Koki Co., Tokyo, Japan) and which was placed directly in 

front of the camera slit. TRP was acquired exactly at the opposite site of the incident 

beam on a time range of 5 ns (photon count was performed during 500 s) from three 

different locations on the tangential section of each wood sample. TRP was smoothed 

using a 17 points average window. The baseline shift was corrected by subtracting the 

average value of the first 25 sampling points from each point along the TRP. Signal 

processing was conducted using routines implemented in R statistical computing 

software V3.0.2 (lhaka and Gentleman 1996). Absorbance spectra were also acquired 

from each wood in the visible (VIS) and NIR ranges. The spectrometer used was a 
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portable system (K-BAlOOR, Kubota Co., Osaka, Japan) working in the 500-1000 nm 

range with a spectral resolution of 2 nm. Spectra were collected in interactance mode: 

the field of view of the detector was separated from the illuminated wood surface by a 

distance of 2 mm and the light source, directly in contact with the wood surface, formed 

a concentric ring around the detector. Diameters of the detector and of the illuminator 

ring were respectively of 5 and 3 8 mm. 

5.3.3. TRP analysis 

The TRP measured can be expressed as a convolution between the IRF and the true 

photons TOFD (Diop and Lawrence 2013): 

TRP =/RF* TOFD 

Equation 5 .1 

where * denote the convolution operator. The absorption (µ0 ) and reduced scattering 

coefficients (µs') are obtained from the TOFD using the solution of the diffusion 

approximation equation for infinite slab with extrapolated boundary conditions in 

transmittance (Patterson et al. 1989, Leonardi and Burns 1999a). The average index of 

refraction for dry wood proposed by Kienle et al. (2008) was used in our model (n = 

1.19). 

Practically, the coefficients µ0 and µs' were computed by fitting the convolution between 

the IRF and the model solution to each measured TRP. A Levenberg-Marquardt 

optimization algorithm was used for the fitting procedure which minimized the sum of 

square errors between the theoretical and the observed curves in a fitting range set to 
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80% of the peak value on the leading edge and 20% on the falling edge of the TRP 

(Alerstam et al. 2008, Diop et al. 2010, Diop and Lawrence 2013). Levenberg

Marquardt optimization algorithm was implemented using the minpack. lm package in R 

(Elzhov et al. 2013). µ0 and µs' were computed separately for each TRP (resulting in 

three pairs of coefficients per samples) and then averaged for each sample. Photons 

TOFD were then simulated based on the infinite slab with extrapolated boundary 

conditions model, knowing the coefficients µ0 and µs' as well as the thickness of each 

sample. The MPL of the photons through each sample was computed as (Patterson et al. 

1989): 

1 
exp ( 2/µ~jµaJD) ( d _ 1/µ~)- d -1/µ~ 

MPL = x ---------------
.J4µaD exp(%~Jµa/D )-1 

Equation 5 .2 

where D = (3 [µa + µ;])- 1 is the diffusion coefficient and d is the thickness of the 

sample. In addition to the FWHM, the travel time ( defined here as the difference of 

arrival time between the peak maximum of the IRF and the one of the TRP of the wood 

samples) as well as the attenuation ( defined here as the negative natural logarithm of the 

ratio between the peak maximum amplitude of the TRP of the wood samples and the one 

of the IRF) was determined from the TRP. 

211 



5.4. Results and discussion 

5.4.1. TRPs and.photons TOF distributions 

Sample density and thickness varied from 0.444 to 0.674 g·cm-3 and from 4.69 to 5.26 

mm, respectively (Table 5.1). The TRP obtained for each wood samples is presented in 

Figure 5.1. Their shape is influenced by the IRF (Diop and Lawrence 2013) and the 

wood sample properties (density, thickness, anisotropy, anatomy, and chemical 

composition). We can see in Figure 5.1 that the signal obtained for Palaquium sp. 

( which has the highest density) presents low signal to noise ratio due to high signal 

attenuation. Lower signal to noise ratio for Sweet chestnut than for silver fir was also 

reported by D' Andrea et al. (2008) who explained such difference by the higher 

absorption and reduced scattering coefficients of the first species. Samples having lower 

and higher densities than the ones used in this study could not be measured because of 

the over/under-loading of the detector. Similar limitations about the density and the 

thickness of the samples, respectively, were also observed by Alnis et al. (2003) and 

Kurata et al. (2011 ). 

Average µ0 and µs' values obtained at 846 nm for each sample are presented in Table 5.1 

along with their standard deviation and with the values obtained by D'Andrea et al. 

(2008) for A. alba (Mill.) and C. sativa (Mill.). Note that the standard deviation was 

computed from the measurements performed at three different locations on each sample 

and represents therefore the variation encounter due to local heterogeneities in the 

sample and to the system stability. 
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Figure 5.1: TRP obtained from the different wood sample (average from three different 
positions). The number of counts is presented in a logarithmical scale (base 10). 

Our results match relatively well the range of variation reported by D' Andrea et al. 

(2008). It is interesting to note the two species from the same genus (i.e. Castanea) have 

very similar µs', while µ0 of C. crenata is almost twice higher than the one of C. saliva 

even though the density of the last species is higher. This µ0 difference might be due to 

the high moisture content of our sample ( 12%) as well as to different concentration of 

cellulose, hemicellulose, lignin, and extractives between the two species. 

The photons TOFD simulated for each sample are presented in Figure 5.2 and were 

normalized with regard to their maximum amplitude. From Figure 5 .2, it appears that the 

two softwood species (L. kaempferi and C. obtusa) have clearly different patterns 

characterized by high scattering and low absorption with regard to the other species. The 

µs' /µ 0 ratios for these species (as well as for another softwood species A. alba) are above 

1420, while those of the hardwood species are all below 815 (Table 5.1). Absorption and 

scattering phenomena determine the pattern of the photons TOFD: an increase of µs' 
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tends to shift the TOFD peak in time due to the longer path length experienced by the 

photons in higher scattering media. In contrast, an increase of µ0 tends to increase the 

slope angle of the falling edge of the TOFD, reducing the FWHM but leaving the peak 

position almost unchanged (Leonardi and Burns 1999a, Johansson et al. 2002, Caffini et 

al. 2012). For the hardwood species, we note that the order of the TOFD from left to 

right on Figure 5.2 follows the decrease of µ 0 and the increase of the µs'/µ 0 ratio and of 

the MPL in Table 5 .1. The decrease of the scattering along with an increase of the 

absorption contributes to reduce the µs' I µ0 ratio which translates the shorter path length 

and the higher absorption experienced by the photons traveling through the sample. 

Palaquium sp. illustrate well this phenomenon since it has the highest density and 

absorption coefficient (µ 0 = 0.093 mm-1
) as well as the lowest reduced scattering 

coefficient (µs' = 16.1 mm-1
) in comparison with the other hardwood species. The high 

absorption engendered high attenuation and low signal to noise ratio as mentioned above 

(Figure 5.1 ). Detected photons were therefore the ones which were not absorbed, 

experiencing therefore the shorter path length and appearing early in time in Figure 5.2. 

Note that Palaquium sp. had also a small thickness in comparison with the other 

hardwood species, which probably also contributed to the short MPL and to the 

important shift of the signal toward early time in Figure 5.2. 
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Figure 5.2: Photons TOFD for the different wood samples obtained from the 
approximation of the diffusion equation considering an infinite slab with extrapolated 
boundary conditions. Profiles have been normalized to their maximum amplitude for 
plotting purposes. 

5.4.2. Relationships between absorption coefficient, MPL, and FWHM 

FWHM was found to have strong positive and negative correlations with the travel time 

(0.90) and attenuation (-0.91), respectively. Negative correlations were also found 

between the two latter (-0.77). FWHM determined directly from the measured TRP 

explained also very well the variability of µ0 and MPL obtained using the solution to the 

approximation of the diffusion equation (Figure 5.3A and B), both being highly 

negatively correlated between each other (-0.97). Leonardi and Burns (1997, 1999a) 

already demonstrated that statistical parameters ( such as the peak area, the peak maxima, 

the mean slope of the rising, and the falling edge, etc.) measured from the TRP could be 

used to estimate µ0 and µs' . parameters such as the peak area, the peak maxima, the area 

under the rising and falling edges of the TRP, and the mean slopes of the rising and 

falling edges of the TRP. 
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Table 5 .1: Measured physical parameters of the different species. 

Wood type Species Densi~ Thickness µ/ µs' a 
µs'I µa 

MPLb 
(g·cm-) (mm) (mm-1

) (mm-1) (mm) 

Palaquium sp. 0.674 4.75 0.093 ± 0.003 16.1 ± 0.1 173 48.8 ± 0.5 
Cercidiphyllum japonicum 0.516 4.83 0.053 ± 0.001 17.7±0.3 333 67.0 ± 0.3 

Hardwood 
Castanea crenata 0.526 4.93 0.047 ± 0.002 21.6 ± 1.3 464 81.3 ± 4.0 
Dactylocladus stenostachys 0.582 5.03 0.042 ± 0.001 25.7 ± 0.7 607 95.6 ± 1.9 
Kalopanax pictus 0.482 5.01 0.026 ± 0.001 20.2 ± 1.2 779 101.9 ± 5.1 
Castanea sativac 0.560 0.024 19.5 ± 0.1 812 
Chamaecyparis obtusa 0.444 5.26 0.011 ± 0.002 15.3 ± 0.3 1421 125.3 ± 6.8 

Softwood Larix kaempferi 0.573 4.69 0.008 ± 0.001 17.4±0.9 2068 125.2 ± 6.3 
Abies albac 0.430 0.004 10.0 ± 0.2 2500 

a Mean and standard deviation values of three measurements of absorption (µ 0 ) and reduced scattering (µ 5 ') coefficients. 
The measurements were obtained by TOF-NIRS at 846 nm. 
b mean path length (MPL) computed according to the equation given in Patterson et al. (1989). 
c values reported by D' Andrea et al. (2008) at -840 nm. 



Similar to Leonardi and Burns (1997, 1999a), we also found high correlations (0.71-

0.94) between the FWHM and several other statistical. The increase of FWHM leads to 

a decrease of µ0 (Figure 5.3A) and an increase of MPL (Figure 5.3B). Indeed, as µa 

decreases, the photons travel a longer distance without being absorbed. FWHM could 

therefore be used as a good indicator of the path length traveled by the photons inside the 

medium. The path length being directly related to the travel time, both determining the 

velocity of the photons inside the medium, it is quite logical that high correlations are 

found between both parameters(0.94). 

The velocity of the photons inside a media(v) is determined by its refractive index (n): 

C 
v=

n 

Equation 5 .3 

where c is the speed of the light in free space (299.7925 mm·ns-1). In this experiment, we 

used for all the species a value for n of 1.19 obtained by Kienle et al. (2008) for dry 

wood of A. alba. Strictly, this value should not be used for other species since n depends 

on the density and porosity of the wood which are different for each species. However, 

as pointed out by Alnis et al. (2003), obtaining accurate values of n for each species is 

particularly difficult. A better knowledge of the refractive index of each species should 

help to obtain more accurate computed values of µ0 andµs' using TOF-NIRS. 
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Figure 5.3: Relationships between the FWHM of the TRP and (A) the MPL and (B) the 
absorption coefficient (µ 0 ) measured by TOF-NIRS. 

5.4.3. Relationships between the optical parameters and the wood density 

Single regression models were built between the wood density and the measured optical 

parameters (µ 0 , µs', MPL, and FWHM). The models build for µ0 (Figure 5.4A) and µs' 

(Figure 5.4B) were fitted including the data from D'Andrea et al. (2008) for A. alba and 

C. sativa. The best model was obtained with µ0 (R2 = 0.56, root mean square error 

[RMSE] = 0.047 g·cm-3
, and p-value = 0.0203) that leads to a positive relationship 

(Figure 5.4A). Such relation can be explained by the fact that the increase in wood 

density results in an increase of the absorber concentration and therefore in an increase 

of the fraction of total radiation that will be absorbed for an identical volume. In the case 

of air-dry wood, the absorbers are mainly cellulose, hemicellulose, lignin, extractives, 

and bound water. 
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Figure 5.4: Relationship between air-dry wood density and (A) the absorption coefficient 
(µa), (B) the reduced scattering coefficient (µs') measured by TOF-NIRS. 

However, at the wavelength used in this study (846 nm), the absorption spectrum 

presents a minimum (which corresponds to deeper penetration inside the wood) and the 

absorption at this wavelength would be mainly due to lignin and extractives (Bargigia et 

al. 2013). There is another second absorption minimum around 1100 nm that would be 

more sensitive to cellulose and water (D'Andrea et al. 2008, 2009, Bargigia et al. 2013). 

The high error (RMSE) made in this model for wood density determination based on µa 

might therefore be explained by the fact that the wavelength used has a poor sensitivity 

to cellulose and hemicellulose which are among the most important constituents 

determining wood density along with lignin. Additional µa measured at wavelengths 

sensitive to cellulose and hemicellulose should help to improve the model accuracy. 

There is also a positive trend between µs' and density (Figure 5.4B). Explaining this 

trend is less intuitive than the relationship between µa and density because the origins of 

light scattering in wood are multiples and complex. Scattering in wood is caused not 
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only by the interaction of the light with small particles having a different refractive 

index than the surrounding medium ( such as the cells components) but also by the 

mismatch of refractive index between the cell walls and the lumens (which can be filled 

with variable fractions of air, water, and dissolved components depending on the type of 

wood and on its moisture content; Maier et al. 1994, Mourant et al. 1998, Hewko et al. 

2003, Taroni et al. 2003, Ozer et al. 2006, Jacques 2013). Several authors also 

mentioned that the pits influence the scattering of the light transmitted through the wood 

(Borch et al. 1971, Simonaho and Silvennoinen 2004, Kienle et al. 2008). If pits 

influence the scattering of the light, the type of vessel perforations, the presence of 

tyloses in the vessels as well as the ring porosity and pore arrangements in hardwood 

might also affect such scattering. Scattering can also be due to the surface roughness of 

the wood (Tsuchikawa 2001, Tsuchikawa and Schwanninger 2013) and to the 

birefringent nature of the cellulose microfibrils (Carson et al. 1967, Revol et al. 1997, 

Nogi et al. 2006, Cranston and Gray 2008, Gierlinger et al. 2010, Fackler and Thygesen 

2013). 

Among all the aforementioned factors affecting the light scattering in wood, porosity is 

probably of major importance. When modeling light propagation in softwood, Kienle et 

al. (2008) considered the cylindrical structures describing the tracheids as the main cause 

of the light propagation anisotropy. Also, it was shown by Peelen and Metselaar (1974) 

that the porosity (pores size and distribution) of alumina was the main factor responsible 

for light scattering. The increase of µs' with increasing density could therefore be 

explained by the corresponding decrease of porosity. Indeed, an increase of wood 

porosity is translated into a decrease of the cell wall thickness and an increase of the 
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pore diameters for the same volume, in other words, a decrease of the wood density. For 

example, Otsuka (2004) showed that the scattering coefficient was inversely 

proportional to the particles size of phenacetin at 1010, 1330, and 2220 nm. 

Considering the difference in anatomy between the different wood species and the 

numerous factors affecting the light scattering in the wood, the relationship between µs' 

and the wood density should be complex. This complexity explains the weak statistics 

obtained for the linear models including different species presented here. However, 

relationships between wood density and light scattering pattern reflected and transmitted 

from wood have already been reported in the literature (Borch et al. 1971, Simonaho and 

Silvennoinen 2006). 

As discussed earlier, good correlations were found between µ0 , MPL, and FWHM. Since 

significant relationship was found between µ0 and density, we investigated the 

relationships between the density and MPL as well as FWHM. None of the found 

relationships were significant, but general trend showed a decreasing of density with 

increasing MPL and FWHM. The lack of significance of these models is probably due to 

the fact that MPL and FWHM are both influenced by the thickness of the samples. Even 

though samples were cut with similar thickness, it has a great impact on the results since 

the time-of-flight is measured in nanoseconds. It has already been shown by Kurata et al. 

(2011) that the effective optical path length of the photons (which were found in this 

study to be also highly correlated with the FWHM) increases with increasing sample 

thickness. 
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5.4.4. Correction of the attenuation 

The modified Beer-Lambert law for turbid media relating the absorbance (A) of the 

radiation to the absorption coefficient can be written as (Delpy et al. 1988, Tsuchiya 

2001, Sassaroli and Fantini 2004, Martelli 2012): 

Equation 5 .4 

where (L) represents the mean average path length of the detected photons and A(µ0 = 0) 

is the attenuation due only to scattering. Based on this equation, we corrected the 

attenuation that we measured from the TRP according to the photons MPL (A/MPL) and 

obtained excellent relationship with µ0 (Figure 5.5A). Good relationships were also 

obtained between the MPL and the square root of the µs' /µ 0 ratio (Figure 5.5B). 

Proportionality between these two parameters has also been demonstrated by Sevick et 

al. (1991). Therefore, as suggested by Leonardi and Burns (1999b), the signal 

attenuation could be normalized by the square root of the µs' I µ0 ratio to account for path 

length variations related to absorption and scattering. The advantage of using this ratio is 

that its computation does not depend on the sample thickness. 

Moreover, it has been demonstrated by D'Andrea et al. (2008, 2009) and Bargigia et al. 

(2013) that the µs' was quite constant over the wavelength range from 700 to 1200 nm. 

Therefore, the spectral attenuation in a measured sample can be related to the 

wavelength-dependent absorption as well as to the wavelength-independent scattering 

(Leonardi and Bums 1999b ). 
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Figure 5.5: Relationship between (A) the corrected attenuation (A/MPL) of the 
transmitted signal and the absorption coefficient (µ 0 ) and (B) the square root of the µs' /µ 0 

ratio and the photons MPL. 

Absorbance spectra measured by reflectance NIR spectroscopy in the wavelength range 

from 500 to 1000 nm were normalized by the square root of the µs'/µ 0 ratio, with the 

optical coefficients measured at 846 nm by TOF-NIR spectroscopy. Raw and corrected 

spectra are presented in Figure 5.6A and B, respectively, for each species. 

Corrected spectra from top to bottom in Figure 5.6B follow exactly the same order than 

the TOFD from left to right in Figure 5.2, which correspond also to the decreasing order 

of absorption coefficients (Table 5.1 ). As we can see by comparing both figures, strong 

scattering affects the raw spectra (Figure 5.6A) and the relative absorbance measured by 

the reflectance spectroscopy was much higher than the actual absorbance of the wood. 

The corrected spectra show also a quasi-constant absorption in the wavelength range 

investigated which means that a strong collinearity exists between the relative absorption 

values measured at each wavelength for the different species. 
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Figure 5.6: (A) Raw and (B) corrected relative absorbance spectra collected on the 
different wood species between 500 and 1000 nm. The correction has been made by the 
square root of the µs'lµ 0 ratio measured at 846 nm by TOF-NIRS. 

In order to improve the accuracy of air-dry wood density measurements using NIR 

spectroscopy, wavelengths sensitive to the different wood components ( cellulose, 

hemicellulose, lignin, and extractives) should be selected in order to obtain better 

information about the density and increase the robustness of the estimation models. 
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5.5. Conclusions 

A first investigation of the measurement of air-dry density of softwood and hardwood 

species using TOF-NIRS at 846 run was presented. Softwood species were characterized 

by a high µs'lµa ratio in comparison to hardwood species. Species of high density and 

high thickness, presenting high absorption and scattering coefficients could not be 

measured due to the underloading of the detector and this is a limitation of the method. 

The variation of density of the samples could be explained by the variation of their 

absorption coefficient µa. The attenuation of the transmitted radiation measured was in 

good agreement with the modified Beer-Lambert law for turbid media. We also showed 

that the absorbance spectra measured by reflectance spectroscopy (500-1000 nm) can be 

corrected using the square root of the µs'lµa ratio. This demonstrated the advantage of 

measuring independently the absorption and reduced scattering coefficients since it 

enables to correct the absorbance spectra from distortions due to scattering. 

We only investigated the use of an 846-nm detector and using multiple wavelengths 

sensible to the different wood constituents ( cellulose, hemicellulose, lignin, and 

extractives) might improve the accuracy of the density estimation. Using multiple 

wavelengths could also help to measure the concentration of each wood constituent 

independently. Coupling TOF-NIRS with traditional reflectance spectroscopy would 

allow correcting the spectra for the scattering effects and might help to develop more 

robust models as well as to perform measurements independently of the wood section 

and of the surface roughness. Although further research will be needed before TO F

NIRS can be transferred to the industry, it has good potentials not only for the 
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characterization of wood properties but also for the quantification of the different wood 

constituents, as already stated by Bargigia et al. (2013). 

This work showed that TOF-NIRS could be a valuable technique for the non-destructive 

evaluation of air-dry wood density and that it could be a useful tool for process 

optimization and products quality control in the forest industry. The cost and portability 

of such instrument remain currently an issue, but Cubeddu et al. (2001) showed that the 

development of low-cost portable time-resolved instrument is feasible. 

5.6. Acknowledgments 

The first author thanks the Graduate School of Bioagricultural Sciences of Nagoya 

University, for technical and kind support. This work was supported by the Natural 

Sciences and Engineering Research Council of Canada (NSERC) [Strategic Grant 

STPGP 396789] and the New Brunswick Innovation Foundation (NBIF) [Research 

Technician Initiative Grant 2012-018]. 

226 



5. 7. References 

Alerstam, E., Andersson-Engels, S., & Svensson, T. (2008) Improved accuracy in time
resolved diffuse reflectance spectroscopy. Optics Express, 16, 10440-10454. 

Alnis, J., Anderson, B., Sjoholm, M., Somesfalean, G., & Svanberg, S. (2003) Laser 
spectroscopy of free molecular oxygen dispersed in wood materials. Applied 
Physics, B77, 691-695. 

Alves, A., Santos, A., Rozenberg, P., Paques, L. E., Charpentier, J.-P., Schwanninger, 
M., & Rodrigues, J. (2012) A common near infrared-based partial least 
squares regression model for the prediction of wood density of Pinus pinaster 
and Larix x eurolepis. Wood Science and Technology, 46, 157-175. 

Andersson, M., Persson, L., Sjoholm, M., & Svanberg, S. (2006) Spectroscopic studies 
of wood-drying processes. Optics Express, 14, 3641-3653. 

Bargigia, I., Nevin, A., Farina, A., Pifferi, A., D' Andrea, C., Karlsson, M., Lundin, P ., 
Somesfalean, G., & Svanberg, S. (2013) Diffuse optical techniques applied to 
wood characterisation. Journal of Near Infrared Spectroscopy, 21, 259-268. 

Dorch, J., Sundararajan, P. R., & Marchessault, R. H. (1971) Light scattering by 
cellulose. III. Morphology of wood. Journal of Polymer Science, 9, 313-329. 

Caffini, M., Contini, D., Re, R., Zucchelli, L. M., Cubeddu, R., Torricelli, A., & 
Spinelli, L. (2012) Functional near infrared spectroscopy and diffuse optical 
tomography in neuroscience. In Vikas Chaudhry (ed.) Advances in Brain 
Imaging (Rijeka, Croatia: InTech), pp. 51-76. Carson, J. H., Sowden, L. C. and 

Colvin, J. R. (1967) The induction of birefringence in pellicles of bacterial cellulose 
from Acetobacter xylinum by lipids. Canadian Journal of Microbiology, 13, 
837-844. 

Chance, B., Leigh, J. S., Miyake, H., Smith, D. S., Nioka, S., Greenfeld, R., Finander, 
M., Kaufmann, K., Levy, W., Young, M., Cohen, P., Yoshioka, H., & Boretsky, 
R. (1988) Comparison of time-resolved and -unresolved measurements of 
deoxyhemoglobin in brain. Proceedings of the National Academy of Sciences 
of the United States of America, 85, 4971--4975. 

Cranston, E. D., & Gray, D. G. (2008) Birefringence in spincoated films containing 
cellulose nanocrystals. Colloids and Surfaces A: Physicochemical Engineering 
Aspects, 325, 44-51. 

Cubeddu, R., D'Andrea, C., Pifferi, A., Taroni, P., Torricelli, A., Valentini, G., Ruiz
Altisent, M., Valero, C., Ortiz, C., Dover, C., & Johnson, D. (2001) Time
resolved reflectance spectroscopy applied to the nondestructive monitoring of 
the internal optical properties in apples. Applied Spectroscopy, 55, 1368-1374. 

D'Andrea, C., Farina, A., Comelli, D., Pifferi, A., Taroni, P., Valentini, G., Cubeddu, 
R., Zoia, L., Orlandi, M., & Kienle, A. (2008). Time-resolved optical 
spectroscopy of wood. Applied Spectroscopy, 62, 569-574. 

D'Andrea, C., Nevin, A., Farina, A., Bassi, A., & Cubeddu, R. (2009) Assessment of 
variations in moisture content of wood using time-resolved diffuse optical 
spectroscopy. AppliedOptics, 48, B87-B93. 

227 



Delpy, D. T., Cope, M., van der Zee, P., Arridge, S., Wray, S., & Wyatt, J. (1988) 
Estimation of optical path length through tissue from direct time of flight 
measurement. Physics in Medicine and Biology, 33, 1433-1442. 

Diop, M., Tichauer, K. M., Elliott, J. T., Migueis, M., Lee, T.-Y. and Lawrence, K. St. 
(2010) Comparison of time-resolved and continuous-wave near-infrared 
techniques for measuring cerebral blood flow in piglets. Journal of Biomedical 
Optics, 15, 057004. 

Diop, M., & Lawrence, K. S. (2013) Improving the depth sensitivity of time-resolved 
measurements by extracting the distribution of times-of-flight. Biomedical 
Optics Express, 4, 447-459. 

Elzhov, T. V., Mullen, K. M, Spiess, A.-N., & Bolker, B. (2013) minpack.lm: R 
interface to the Levenberg-Marquardt nonlinear least-squares algorithm found 
in MINPACK, plus support for bounds. Accessed 15 November 2013, available 
at: http://www. cran.r-project.org/ 

Fackler, K., & Thygesen, L. G. (2013) Microspectroscopy as applied to the study of 
wood molecular structure. Wood Science and Technology, 47, 203-222. 

Fujimoto, T., Yamamoto, H., & Tsuchikawa, S. (2007) Estimation of wood stiffness 
and strength properties of hybrid larch by near-infrared spectroscopy. Applied 
Spectroscopy, 61, 882-888. 

Gierlinger, N., Luss, S., Konig, C., Konnerth, J., Eder, M., & Fratzl, P. (2010) Cellulose 
microfibril orientation of Picea abies and its variability at the micron-level 
determined by Raman imaging. Journal of Experimental Botany, 61, 587-595. 

Hein, P. R. G., Campos, A. C. M., Trugilho, P. F., Lima, J. T., & Chaix, G. (2009) Near 
infrared spectroscopy for estimating wood basic density in Eucalyptus 
urophylla and Eucalyptus grandis. CERNE, Universidade Fereral de Lavras, 
Brasil, 15, 133-141. 

Hein, P. R. G., Lima, J. T., & Chaix, G. (2010) Effects of sample preparation on NIR 
spectroscopic estimation of chemical properties of Eucalyptus urophylla S.T. 
Blake wood. Holzforschung, 64, 45-54. 

Hewko, M. D, Leonardi, L., & Sowa, M. (2003) Tissue Viability/Health Monitor 
Utilizing Near Infrared Spectroscopy. United States Patent Application 
Publication, US 2003/0139667 Al. 

Ihaka, R., & Gentleman, R. (1996) R: A language for data analysis and graphics. 
Journal of Computational and Graphical Statistics, 5, 299-314. 

Inagaki, T., Schwanninger, M., Kato, R., Kurata, Y., Thanapase, W., Puthson, P., & 
Tsuchikawa, S. (2012) Eucalyptus camaldulensis density and fiber length 
estimated by nearinfrared spectroscopy. Wood Science and Technology, 46, 
143-155. 

Jacques, S. L. (2013) Optical properties of biological tissues: A review. Physics in 
Medicine and Biology, 58, R37-R61. 

Johansson, J., Folestad, S., Josefson, M., Sparen, A., Abrahamsson, C., Andersson
Engels, S., & Svanberg, S. (2002) Time-resolved NIR/Vis spectroscopy for 
analysis of solids: Pharmaceutical tablets. Applied Spectroscopy, 56, 725-731. 

Jones, P. D., Schimleck, L. R., Peter, G. F., Daniels, R. F., & Clark, A. (2005) 
Nondestructive estimation of Pinus taeda L. wood properties for samples from 
a wide range of sites in Georgia. Canadian Journal of Forest Research, 35, 85-
92. 

228 



Khoptyar, D., Subash, A. A., Johansson, S., Saleem, M., Sparen, A., Johansson, J., & 
Andersson-Engels, S. (2013) Broadband photon time-of-flight spectroscopy of 
pharmaceuticals and highly scattering plastics in the VIS and close NIR spectral 
ranges. Optics Express, 21, 20941-20953. 

Kienle, A., D'Andrea, C., Foschum, F., Taroni, P., & Pifferi, A. (2008) Light 
propagation in dry and wet softwood. Optics Express, 16, 9895-9906. 

Kurata, Y., & Tsuchikawa, S. (2009) Application of time-of-flight near-infrared 
spectroscopy to fruits: Analysis of absorption and scattering conditions of near
infrared radiation using cross-correlation of the time-resolved profile. Applied 
Spectroscopy, 63, 306-312. 

Kurata, Y., Fujimoto, T., & Tsuchikawa, S. (2011) Optical characteristics of wood 
investigated by time-of-flight nearinfrared spectroscopy. Holzforschung, 65, 
389-395. 

Leblon, B., Adedipe, E.O., Hans, G., Haddadi, A., Tsuchikawa, S., Burger, J., Stirling, 
R., Pirouz, Z., Groves, K., Nader, J., & LaRocque, A. (2013) A review of near 
infrared spectroscopy for monitoring wood moisture content and bulk density. 
Forestry Chronicle, 89, 595-606. 

Leonardi, L., & Burns, D. H. (1997) Quantitative constituent measurements in 
scattering media from statistical analysis of photon time-of-flight distributions. 
Analytica Chimica Acta, 348, 543-551. 

Leonardi, L., & Burns, D. H. (1999a) Quantitative measurements in scattering media: 
Photon time-of-flight analysis with analytical descriptors. Applied 
Spectroscopy, 53, 628-635. 

Leonardi, L. and Burns, D. H. (1999b) Quantitative multiwavelength constituent 
measurements using single-wavelength photon time-of-flight correction. 
Applied Spectroscopy, 53, 637-646. 

Meder, R., Trung, T., & Schimleck, L. (2010) Guest editorial. Seeing the wood in the 
trees: Unleashing the secrets of wood via near infrared spectroscopy. Journal of 
Near Infrared Spectroscopy, 18, v-vii. 

Meder, R., & Schimleck, L. (2011) Has the time finally come for NIR in the forestry 
sector? Journal ofNear Infrared Spectroscopy, 19, v. 

Maier, J. S., Walker, S. A., Fantini, S., Franceschini, M. A., & Gratton, E. (1994) 
Possible correlation between blood glucose concentration and the reduced 
scattering coefficient of tissues in the near infrared. Optics Letters, 19, 2062-
2064. 

Martelli, F. (2012) Review: An ABC of near infrared photon migration in tissues: The 
diffusive regime of propagation. Journal of Near Infrared Spectroscopy, 20, 29-
42. 

Mourant, J. R., Freyer, J. P., Hielscher, A. H., Eick, A. A., Shen, D., & Johnson, T. M. 
(1998) Mechanisms of light scattering from biological cells relevant to 
noninvasive optical-tissue diagnostics. Applied Optics, 37, 3586-3593. 

Nicolai, B. M., Verlinden, B. E., Desmet, M., Saevels, S., Saeys, W., Theron, K., 
Cubeddu, R., Pifferi, A., & Torricelli, A. (2008) Time-resolved and continuous 
wave NIR reflectance spectroscopy to predict soluble solids content and 
firmness of pear. Postharvest Biology and Technology, 47, 68-74. 

229 



Nogi, M., Ifuku, S., Abe, K., Handa, K., Nakagaito, A. N., & Yano, H. (2006) Fiber
content dependency of the optical transparency and thermal expansion of 
bacterial nanofiber reinforced composites. Applied Physics Letters, 88, 133124. 

Otsuka, M. (2004) Comparative particle size determination of phenacetin bulk powder 
by using Kubeika-Munk theory and principal component regression analysis 
based on nearinfrared spectroscopy. Powder Technology, 141, 244-250. 

Ozer, K., Tabakoglu, 0., Kurt, A., & Giilsoy, M. (2006) Optical properties of native and 
coagulated lamb brain tissues in vitro in the visible and near-infrared spectral 
range. Proceedings SPIE 6084, Optical Interactions with Tissue and Cells XVII, 
San Jose, CA, January 21. 

Patterson, M. S., Chance, B., & Wilson, B. C. (1989) Time resolved reflectance and 
transmittance for the non-invasive measurement of tissue optical properties. 
Applied Optics, 28, 2331-2336. 

Peelen, J. G. J., & Metselaar, R. (1974) Light scattering by pores in polycrystalline 
materials: Transmission properties of alumina. Journal of Applied Physics, 45, 
216-220. 

Revol, J.-F., Godbout, D. L., & Gray, D. G. (1997) Solidified Liquid Crystals of 
Cellulose with Optically Variable Properties. United States Patent Application 
Publication, US 5,629,055. 

Santos, A. J. A., Alves, A. M. M., Simoes, R. M. S., Pereira, H., Rodrigues, J., & 
Schwanninger, M. (2012) Estimation of wood basic density of Acacia 
melanoxylon (R. Br.) by near infrared spectroscopy. Journal of Near Infrared 
Spectroscopy, 20, 267-274. 

Sassaroli, A., & Fantini, S. (2004) Comment on the modified Beer-Lambert law for 
scattering media. Physics in Medicine and Biology, 49, N255-N257. 

Schimleck., L. R., Raymond, C. A., Beadle, C. L., Downes, G. M., Kube, P. D., & 
French, J. (2000) Applications of NIR spectroscopy to forest research. Appita 
Journal, 53, 458-464. 

Schmidt, F. E. W. (1999) Development of a Time-Resolved Optical Tomography 
System for the Neonatal Brain Imaging. Thesis (London: University College 
London). 

Sevick, E. M., Chance, B., Leigh, J., Nioka, S., & Maris M. (1991) Quantitation of time
and frequency-resolved optical spectra for the determination of tissue 
oxygenation. Analytical Biochemistry, 195, 330-351. 

Simonaho, S.-P., & Silvennoinen, R. (2004) Light diffraction from wood tissue. Optical 
Review, 11, 308-311. 

Simonaho, S.-P., & Silvennoinen, R. (2006) Sensing of wood density by laser light 
scattering pattern and diffractive optical element based sensor. Journal of 
Optical Technology, 73, 170-174. 

So, C.-L., Via, B. K., Groom, L. H., Schimleck, L. R., Shupe, T. F., Kelley, S. S., & 
Rials, T. G. (2004) Near-infrared spectroscopy in the forest products industry. 
Forest Product Journal, 54, 6-16. 

Svensson, T., Swarding, J., Taroni, P., Torricelli, A., Lindblom, P., Ingvar, C., & 
Andersson-Engels, S. (2005) Characterization of normal breast tissue 
heterogeneity using time resolved near-infrared spectroscopy. Physics in 
Medicine and Biology, 50, 2559-2571. 

230 



Taroni, P., Pifferi, A., Torricelli, A., Comelli, D., & Cubeddu, R. (2003) In vivo 
absorption and scattering spectroscopy of biological tissues. Photochemical and 
Photobiological Sciences, 2, 124-129. 

Truog, T., & Leblon, B. (2011) The role of sensors in the new forest products industry 
and forest bioeconomy. Canadian Journal of Forest Research, 41, 2097-2099. 

Tsuchikawa, S., Takahashi, T., & Tsutsumi, S. (2000) Nondestructive measurement of 
wood properties by using near-infrared laser radiation. Forest Product Journal, 
50, 81-86. 

Tsuchikawa, S. (2001) Non-traditional application of time-of-flight near-infrared 
spectroscopy to biological material having cellular structure. Analytical 
Sciences, 17, 463-466. 

Tsuchikawa, S., & Tsutusmi, S. (2002) Application of time-of-flight near-infrared 
spectroscopy to wood with anisotropic cellular structure. Applied Spectroscopy, 
56, 869-876. 

Tsuchikawa, S., Kumada, E., Inoue, K., & Cho, R.-K. (2002) Application of time-of
flight near-infrared spectroscopy for detecting water core in apples. Journal of 
the American Society for Horticultural Science, 127, 303-308. 

Tsuchikawa, S., Sakai, E., Inoue, K., & Miyamoto, K. (2003) Application of time-of
flight near-infrared spectroscopy to detect sugar and acid content in Satsuma 
mandarin. Journal of the American Society for Horticultural Science, 128, 391-
396. 

Tsuchikawa, S. (2007) A review of recent near infrared research for wood and paper. 
Applied Spectroscopy Reviews, 42, 43-71. 

Tsuchikawa, S., & Schwanninger, M. (2013) A review of recent near-infrared research 
for wood and paper (Part 2). Applied spectroscopy Reviews, 48, 560-587. 

Tsuchiya, Y. (2001) Photon path distribution and optical responses of turbid media: 
Theoretical analysis based on the microscopic Beer-Lambert law. Physics in 
Medicine and Biology, 46, 2067-2084. 

Zhang, S. Y., & Morgenstern, E. K. (1995) Genetic variation and inheritance of wood 
density in black spruce (Picea mariana) and its relationship with growth: 
Implications for tree breeding. Wood Science and Technology, 30, 63-75. 

231 



Chapter 6. Determination of log moisture content using early

time ground penetrating radar signal5 

Abstract: Fast, reliable and non-destructive measurement of log moisture content (MC) 

is important to optimize the forest value chain. We investigated the use of early-time 

ground penetrating radar signals to determine MC of stacked logs of black spruce, 

quaking aspen and balsam poplar in mill yards. Two approaches are presented: a linear 

fitting between the average envelope amplitude (AEA) and MC and a partial least square 

(PLS) regression between the signal amplitude and MC. We show that PLS regression 

enable us to greatly improve the prediction of MC in comparison with the AEA method. 

Moreover, the PLS technique allows us building models which integrate the signal 

variability due to the different species and log states (thawed and frozen). Models 

acquired with measurements collected on the logs ends produced usually higher 

accuracies (with Rv 2 ranging from 0.67 to 0.95 and root mean square error of prediction 

[RMSEv] ranging from 6% to 13 % ) than models acquired with measurements collected 

through the bark of the logs (with R/ ranging from 0.18 to 0.83 and RMSEv ranging 

from 7% to 22% ). The depth of influence of the ground wave was estimated to be 

between 8.3 cm and 21.7 cm, with higher penetration in the frozen wood. 

5This chapter was published online in Wood Material Science & Engineering (July 
2014) under the following authorship: Hans, G., Redman, D., Leblon, B., Nader, J., and 
La Rocque, A. doi: 10.1080/17480272.2014.939714. It is reproduced with the 
permission of the Taylor & Francis Group (see letter of permission in Appendix C). 
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6.1. Introduction 

Real-time monitoring of wood properties such as moisture content (MC), basic specific 

gravity (BSG) and strength at different stages along the forest value chain is important to 

optimize industrial processes, reduce the production costs and increase competitiveness 

(Trung and Leblon 2011). Examples of processes that could be optimized with in-field 

wood properties monitoring capabilities include a reduction of transportation costs 

(Tahvanainen and Anttila 2011 ), a more accurate scaling of the logs at the entrance of 

the mills, a decrease of the fuel and electricity consumption in the mills (Leger and 

Amazouz 2003 ), an improvement of the productivity and of the quality of the products 

in different type of industries such as Oriented Strand Board (OSB) and plywood plant 

(Knudson and Groves 2011) as well as a better determination of the heating value of 

biofuels such as woodchips and pellets (Nystrom and Dahlquist 2004, Paz et al. 2008). 

Properties of standing trees and logs in the forest and in the mill yards are currently 

poorly monitored because of the lack of suitable portable tools allowing reliable, rapid 

and non-destructive measurements. 

Ground penetrating radar (GPR), or formerly also referred to as impulse radar, is a 

particular type of radar system that emits microwave pulses with bandwidths that are 

about equal to the centre frequency (Davis and Annan 1989). GPR systems are equipped 

with two antennas (the transmitter and the receiver) which are located at a specific 

separation distance and placed at the surface of a material for sounding of its subsurface. 

The transmitter radiates short pulses of high-frequency electromagnetic (EM) waves, 

typically in the range of 10 MHz to 2 GHz and the receiver measures the amplitude of 

the reflected signal as a function of time. EM waves can follow multiple paths from the 
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transmitter to the receiver and propagate (1) directly through the air (air wave); (2) at the 

near surface of the material (ground wave); (3) through the material, being reflected 

when encountering any dielectric discontinuity (reflected wave; Annan 1973). For a 

complete description of the GPR technology we refer the reader to Daniels (2004), 

Annan (2005) and Joi (2009). 

GPR can be deployed in several different configurations depending on the application 

which will also result in different types of data analysis and processing (Huisman et al. 

2003, Galagedara et al. 2003). The analysis of single GPR traces (signals) acquired in 

reflection mode can be performed following three main methods. A first approach is 

based on the physical relationships between the propagation velocity of the EM waves 

travelling in a dielectric medium and its apparent permittivity. The velocity of the GPR 

signal travelling through the medium is computed from the measured travel time, 

knowing the propagation distance and the separation between the antennas (Huisman et 

al. 2003, Rodriguez Abad et al. 2011). The difficulty of implementing this method lies in 

the accurate measurement of the travel time. For single traces, the travel time is 

measured as the differences between the arrival times of the direct and reflected waves. 

Arrival times can be picked manually on the time profiles (Wunderlich and Wolfgang 

2013) or using algorithms (Giroux et al. 2009, Sabbione and Velis 2010). This approach 

will be presented in a companion paper. A second approach relates GPR signal 

parameters to the studied property using statistical methods such as simple correlation 

and regression or multivariate data analysis. Such statistical analysis can use only the 

early-time GPR signal (that contains the direct wave which is a superposition of the air 

and ground waves) or the full signal. The advantage of statistical methods is that there is 
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no need to measure the travel time of the GPR signal travelling through the medium. 

The disadvantage is that a large amount of data is required to calibrate the model. The 

statistical method is used in this study and will be detailed in the following section. 

Finally, for GPR signals acquired with a zero-offset GPR that uses a single antenna as 

emitter and receiver, a third method was proposed in which the subsurface electric 

properties of the medium are directly retrieved from the GPR signal by inversion, based 

on solutions to Maxwell's equations for wave propagation in 3-D multilayered media 

(Lambot et al. 2004, Minet et al. 2010). 

GPR has been used over the past decades for a large range of applications, mostly in 

geology, engineering, archaeology and soil sciences. In the forestry sector, the use of 

GPR started in 1985 to detect decay in aspen bolts (Canpolar 1987). Since then, only a 

few GPR applications related to standing trees and forest products have been reported in 

the literature, mainly for detecting defects such as knots, decays, resin pockets, air-filled 

voids and embedded objects, in logs (Detection Science 1994, Agrawal 2005, Devaru 

2006, Jadeja 2007, Halabe and Gopalakrishnan 2007, Hislop et al. 2009; Halabe et al. 

2009, 2011) and in standing trees (Miller and Doolittle 1989, Nicolotti and Miglietta 

1998, Godio et al. 2000, Mucciardi 2002, Nicolotti et al. 2003, Butnor et al. 2009). GPR 

has also been used for grading structural timber (Rodriguez Abad et al. 2007) and for 

wooden bridge inspection (Hernandez and Duwadi 2000, Muller 2002). 

The use of the GPR technology to characterize standing trees and forest products 

presents several advantages. It is a robust and hand-held system which allows 

performing non-destructive and rapid measurements ( data are recorded within tenths of a 

second) in the forest, in the mill yard or on the production chain. Moreover, because it 
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operates in the microwave frequency range with longer wavelengths, it produces more 

penetrating radiation than those of other technologies currently tested for non

destructive evaluation of wood, such as the nearinfrared spectroscopy. It can therefore 

see deeper into the material, the depth of penetration depending on the GPR central 

frequency used. 

Another important use of GPR in the forest products industry concerns the monitoring of 

wood MC. Indeed, the EM waves used by GPR are influenced by the dielectric 

properties of the scanned medium which in turn are related to its MC. GPR data have 

been used to estimate dielectric properties of timber beams of different species 

(Rodriguez Abad et al. 2010a, Martinez Sala et al. 2013) as well as to determine MC of 

maritime pine (Pinus pinaster Aiton.) lumbers (Rodriguez Abad et al. 2010b, 2011), and 

of various wood biomass products (woodchips, bark, sawdust and different types of 

wood-based residues; Paz et al. 2008, Paz 2008, 2010). However, in these studies, GPR 

measurements were carried out on thawed or unfrozen wood and, to our knowledge, 

GPR has not been tested to measure MC of frozen wood. 

In this study, we investigated the feasibility of using a single offset GPR to determine 

MC of stacked thawed and frozen logs of black spruce (Picea mariana [Mill.] Britton, 

Sterns & Poggenburg), quaking aspen (Populus tremuloides Michx.) and balsam poplar 

(Populus balsamifera L.) in mill yards. Single GPR signals were acquired through the 

bark (TB) and the cross section (CS) (end) of the logs. The waveform pattern of the 

early-time GPR signal was related to the MC of the logs using different statistical 

methods, including linear and partial least square (PLS) regressions. The performances 

of the different techniques are compared and the performances of general PLS 
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regression models capable of handling different species and log states are also compared 

to the ones of specific models designed for each factor independently. The ability of the 

PLS models to predict log MC independently of the species considered is also 

investigated. Finally, the sampling depth of the direct air/ground wave was also assessed 

since it is important to understand and quantify the volume sampled when using the 

earlytime signal approach for the determination of logs MC. 

6.2. Statistical estimation of dielectric properties or moisture content 

The first studies on estimation of dielectric properties or MC with GPR data that are 

based on a statistical approach used the full GPR trace. Nonlinear (logarithmic and 

exponential) relationships were established between the volumetric soil MC and the 

kurtosis statistic of the GPR trace, i.e., the flatness of the trace amplitude spectra 

(Charlton 2000) or the mean instantaneous amplitude (MIA; Charlton 2001). Some 

linear relationships were also found for some soil types between the volumetric soil MC 

and the MIA (Charlton 2001). Charlton (2001) pointed out the important role of the 

direct wavelet in his analysis. With respect to wood material, Rodriguez Abad et al. 

(2010c, 2011) related the maximum amplitude of the direct wavelet to the wood MC 

using a polynomial relationship. 

More recently, several studies used the early-time approach that relates the average 

envelope amplitude (AEA) of the early-time GPR signal to the nearsurface dielectric 

properties or MC of the material (Pettinelli et al. 2007, 2014, Ferrara et al. 2013a, 2013b, 

Di Matteo et al. 2013). The AEA used in the early-time approach is defined as the 
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average of the amplitude envelope which is the absolute value of the complex trace 

obtained from Hilbert transform of the original GPR trace (Ferrara et al. 2013a, 2013b). 

The GPR direct wavelet amplitude contained in the early-time signal depends on 

shallow dielectric properties of the material, even when direct air and ground waves 

overlap (Ferrara et al. 2013a, Di Matteo et al. 2013). The early-time approach was 

successfully used for measuring soil dielectric properties (Pettinelli et al. 2007, 2014, 

DiMatteo et al. 2013) and water content (Ferrara et al. 2013b) as well as concrete water 

content (Ferrara et al. 2013a). Di Matteo et al. (2013) indicated that both linear and non

linear models could explain quite well the relationship between the AEA and the soil 

dielectric permittivity, but the linear model showed a slightly better fit. Pettinelli et al. 

(2014) also established linear regression models between the AEA of the GPR early

time signal and the soil permittivity and conductivity measured by time-domain 

reflectometry. 

All the aforementioned studies have the drawback of using single statistical parameters 

computed from the GPR signal instead of the full information of the GPR trace. By 

contrast, multivariate data analysis has the advantage of considering the full information 

of the GPR trace. 

Multivariate data analysis includes linear techniques, such as principal component 

regression and PLS regression, and non-linear techniques, such as artificial neural 

networks (ANN) and support vector machine (SVM). With GPR data, ANN have been 

used to determine the dimension and the depth of buried targets (Al-Nuaimy et al. 2000, 

Travassos et al. 2008), the permittivity of materials (Caorsi and Cevini 2003), the water 

content in unsaturated subgrade soils (D' Amico et al. 2010) and the water and chloride 
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contents of concrete (Sbartai et al. 2009). SVM has been applied to GPR data for pattern 

recognition (Xu et al. 2008) and dielectric permittivity reconstruction (Zhang et al. 

2007). However, ANN and SVM models are computationally intensive procedures that 

require long training time and a large number of iterations to converge (Specht 1991, Tu 

1996, Drucker et al. 1999, Cao and Tay 2003). 

In comparison with ANN and SVM, PLS regression is a linear approach which is 

simpler, computationally faster and easier to be applied to large data-sets (Boulesteix 

and Strimmer 2006, Balabin and Lomakina, 2011). Such a method can be also used for 

non-linear relationships because data preprocessing methodologies can reduce part of 

the non-linearity of the relationship and thus allows the construction of PLS models of 

higher simplicity and predictive capacity (Blanco et al. 2000). Since linear relationships 

were used to relate the AEA with the permittivity of the material (Charlton 2000, 2001, 

Pettinelli et al. 2007, 2014, Di Matteo et al. 2013), we can assume that linear methods 

such as PLS could also be used adequately to estimate MC from GPR data. Moreover, 

another advantage of the PLS regression is that it requires little pre-processing of the 

GPR signal. Indeed, information present in the signal that are significant for the 

relationship will be taken into account by the PLS model, even for weak signals, because 

loadings are applied by the PLS algorithm to each time sample of the signal. Therefore, 

signal preprocessing methods, such as dewowing or gain functions will have few effects 

on the final accuracy of the PLS model. Paz et al. (2008) used PLS regression over the 

full waveform of the GPR to estimate the water content of woody biomass. They pointed 

out one additional advantage of using PLS regression for GPR signal processing that is 
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the compensation of signal disturbances by the use of many variables since the full 

shape of the signal is taken into account. 

6.3. Materials and methods 

6.3.1. Sample origin 

Samples (i.e., wood discs) were collected from fresh green logs of three species chosen 

for their economic importance in Canada: black spruce, quaking aspen and balsam 

poplar. Logs were sampled in the mill yard of an OSB mill located in Meadow Lake, 

Saskatchewan (in July 2012). We selected 37, 47 and 45 logs of black spruce, quaking 

aspen and balsam poplar, respectively. Logs were approximately 480 cm long and were 

selected to avoid rot and to cover a range of diameters and densities. 

6.3.2. Measurement of wood properties 

A piece of approximately 20 cm long was removed from one of the ends of each log 

using a chainsaw in order to produce a clean regular surface and reduce the MC gradient 

which might be present at the ends of the logs due to water loss. Afterwards, two discs 

of 5 and 20 cm thick (labelled discs A and B) were cut from each log. The discs were 

weighted directly after cutting and disc B was scanned with the GPR following the 

method presented in the next section. Then, discs were protected individually with 

plastic wrap in order to limit water loss and shipped to FPinnovations facilities 

(Vancouver, BC, Canada) where they were kept frozen for further analysis. 
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Discs from group A were used to measure the BSG according to method B of ASTM 

D2395-07a (2009). The specific gravity is defined as the ratio of the density of a 

material to the density of water at 4°C (1000 kg·m-3
) and has therefore no units. For 

wood, because it is a hygroscopic material, the BSG is always calculated using the green 

volume (saturated with water) and the oven-dry mass (103 ± 2°C) of the sample 

(Bowyer et al. 2007). As both discs A and B of a given log were extracted at adjacent 

locations, we assumed that the BSG measured over disc A was representative of disc B. 

Discs from group B were dried in three different steps to reach different MC levels. At 

each drying step, the samples were frozen back to - l 5°C and the fresh weights of the 

discs were recorded, for both, thawed and frozen discs (Figure 6.1 ). The oven-dry 

weight of each disc was determined at the end of the drying process in order to 

determine a posteriori MC at each step according to method A of ASTM D4442-07 

(2009). The gravimetric MC of the wood measured on a dry basis is used in this study 

(ratio between the mass of the water inside the wood and the mass of the dry wood). 

The temperature of the discs (frozen and thawed) was monitored with a hand-held 

thermocouple. A hole of 4 cm depth and 2 mm of diameter was drilled TB (tangential 

section) of each disc in order to insert the probe of the thermocouple. The diameter 

(measured with a diameter tape) and the bark thickness (measured with a digital calipre, 

as the average between the points where the bark had visually the highest and lowest 

thickness) of disc B were also recorded in the laboratory. 
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Figure 6.1: Drying process of the wood samples (GPR traces have been collected at each 
step). 

6.3.3. Ground penetrating radar measurements 

Wood being an anisotropic material, three directions are usually defined according to the 

orientation of the fibre: longitudinal, tangential and radial (Figure 1.2). As shown by 

several authors (Norimoto and Yamada 1971 , Peyskens et al. 1984, Torgovnikov 1993, 

Sahin and Ay 2004, Daian et al. 2005, Lundgren 2007, Rodriguez Abad et al. 2011 , 

Martinez Sala et al. 2013), the wood permittivity is always the highest in the 

longitudinal direction, while it is only slightly higher in the radial than in the tangential 

direction. GPR signals (single trace) were acquired on the end or CS (Figure 6.2B) and 

TB of disc B (Figure 6.2A). It follows that CS measurements were collected with the 

electric field oriented in the radial direction and the signal propagating in the 

longitudinal direction (Figure 6.2B) while TB measurements were realized with the 

electric field oriented in the radial direction and the signal propagating in the tangential 

direction (Figure 6.2A). Signals were acquired using a TRl 000 GPR (Sensors & 
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Software Inc., Mississauga, ON, Canada) with a central frequency of 1 GHz, a time 

window of 25 ns and a time sampling interval of 50 ps. Thawed discs were scanned after 

each drying step and after their internal temperature reached the one of the laboratory 

(20°C). Frozen discs were scanned just after taking them out from the freezer, one by 

one to keep them frozen (-15°C). The DC offset was removed from the signals by 

subtracting from each data point the average of the first 25 sampled amplitude values of 

each trace which occurred before the signal arrived from the transmitter. Arrival times of 

the direct wavelet were picked on each trace on an amplitude threshold corresponding to 

14% of the maximum amplitude. This threshold level is not critical but was selected as 

an optimum value to provide consistent picking of the direct wavelet arrival with this 

GPR unit. Traces were shifted in time according to the picked arrival times to improve 

the consistency of the pulse onset times (this step is known as the time zero correction). 

The resulting signal, after DC and time zero correction, is referred to in the rest of this 

paper as the "raw signal". Signal processing was performed using routines implemented 

in R statistical computing software V3.0.2 (Ihaka and Gentleman 1996). 

6.3.4. Early-time signal analysis 

In order to facilitate comparisons, analyses were carried using the same number of 

samples that was randomly selected for each species and data-sets (thawed and frozen 

wood as well as for TB and CS measurements). Data collected on the oven-dried logs 

were discarded from our data-set because most of them were presenting some clipping 

of the signal amplitude due to the high gain applied in the GPR receiver. 
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(A) 

Figure 6.2: Position of the GPR and of its antennas on the log and orientation of the 

electric field(£) and propagation direction (k) vectors of the EM wave for measurement 
taken (A) on the cross section and (B) through the bark. 

Hence, for each direction of measurement, log state and species, 96 observations (GPR 

traces and their corresponding MC reference measurements) were available, resulting in 

a total of 1152 observations. As mentioned earlier, the envelopes of the GPR signal were 

computed using the Hilbert transform implemented with the Seewave package (Sueur et 

al. 2008) in R. The AEAs were computed for different time windows (0-1 , 0.5-1.5 , 1-2, 

1.5-2.5, 2-3 and 0-3 ns) as well as for the first onset of the signal (part between zero and 

the first positive peak of the real trace), for the maximum amplitude of the ground wave 

(part between zero and the maximum amplitude of the ground wave) and for the first 

half cycle (part between zero and the maximum amplitude of the envelope). 
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Pearson's correlation coefficients between the AEA and the wood MC were computed 

for each time window following the study of Di Matteo et al. (2013). Then, linear 

models were fitted to relate the AEA to the wood MC for each direction of measurement, 

log state and species. To this purpose, each data-set (containing 96 observations) was 

randomly split into a calibration and validation data-sets of 64 and 32 observations, 

respectively. Such split was done to allow comparing the results of the AEA-based 

method with those of the PLS regression method, which commonly uses calibration and 

validation data-sets. Calibration data-sets were used to build the models from which 

wood MCs corresponding to each observation of the validation data-set were predicted. 

Predicted MCs were compared to the measured ones and the performances of the 

prediction models were assessed using the coefficient of determination (R 2 v) as well as 

the root mean square error of prediction (RMSEv ). Assuming that the data-set follows 

the normal distribution, we can expect that 68% of the actual MC values fall within MCv 

± RMSEv, MCv being the predicted MC values (Lind et al. 2004). Note that, for the sake 

of conciseness, modelling results presented in this paper are limited to only four time 

windows: 0-1, 0.5-1.5, 1-2 and 0-3 ns. 

As for all indirect MC measurements, it is important to quantify the sampling depth 

being investigated using the early-time approach. Different authors showed the 

dependence of the sampling depth on the frequency and wavelength of the GPR signal 

(e.g. Van Overmeeren et al. 1997, Grote et al. 2003, Galagedara et al. 2005a, 2005b). 

Grote et al. (2010) also compared experimentally different models to estimate the 

ground wave sampling depth for dry and saturated sand at three different GPR 

frequencies. The ground wave results from the refraction, at the surface of the material, 
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of the spherical wave radiating from the GPR dipole antenna and contributing to the 

early-time signal (Pettinelli et al. 2014). The depth of influence of the ground wave is 

greater in dry material than in wet materials and signals with lower central frequencies 

have a deeper zone of influence than signals with higher central frequencies (Du et al. 

1994, Grote et al. 2003). Galagedara et al. (2005b) expressed the depth of influence (z) 

of the ground wave as: 

z = 0.6015 · ;t + 0.0468 

Equation 6.1 

where A is the wavelength of the ground wave. The depth of influence of the ground 

wave is therefore mainly determined by its wavelength in the medium. Grote et al. 

(2010) concluded that, among the various empirical models available to estimate the 

ground wave sampling depth, the model given by Equation 6.1 was the best correlated 

with experimental data for dry and saturated sand. This is the reason why this model was 

chosen in this study. The purpose here is to present a first estimation of the GPR ground 

wave sampling depth in the wood but further testing will be necessary to determine it 

more accurately. The wavelength in Equation 6.1 can be expressed as (assuming low

loss conditions): 

C 
.,l = 

f . ../Er 
Equation 6.2 

where f is the central frequency in the medium, er the relative permittivity and c is the 

velocity of the EM wave in free space (-0.3 m·ns-1
). The wood relative permittivity was 

estimated based on the data presented in Torgovnikov (1993) and describing its 

relationship with the MC of thawed and frozen wood of oven-dry density 0.4 g·cm-3 
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(Figure 6.3). Two linear models were fitted to explain these relationships and used to 

predict the permittivity of our samples from their MC. Central frequency of the early

time signal for each measurement were picked from their frequency spectra obtained 

using fast Fourier transform as mentioned in Grote et al. (2003). From these parameters, 

the depth of influence of the ground wave was then computed using Equation 6.1 and 

Equation 6.2. 

6.3.5. PLS regression 

In addition to using a simple linear model to fit the AEA with the wood MC, we 

evaluated the use of PLS regression to relate directly the GPR signal to the wood MC. 

PLS regression combines features from principal component analysis and multiple 

regressions. This technique is especially useful in our case since the predictive data (the 

GPR signal) show a high level of multicollinearity ( correlation between each time 

sample) which can be well handled by the PLS method. Indeed, the signal amplitude 

value measured at time i is highly correlated with the amplitude measured at time i + M 

( considering that M is small with regards to i) since the trace are band limited with 

frequency content well below the Nyquist frequency. Traditional regression and multi

regression techniques handle poorly such highly correlated data. The algorithm used in 

this study is the orthogonalized PLS regression (Martens and Naes 1989). For more 

details about the PLS regression, we refer the reader to Wold et al. ( 1983 ), Geladi and 

Kowalski (1986) as well as Martens and Naes (1989). PLS regression was implemented 

in R using the pis packages (Mevik and Wehrens 2007). 
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Figure 6.3: Relationship between the wood (with an oven-dry density of 0.4 g·cm-3
) 

moisture content and permittivity (measured with the electric field oriented 
perpendicularly to the wood grain) at +20°C (thawed) and -20°C (frozen) and at a 
frequency of 1 GHz. Adapted from Torgovnikov (1993). 

PLS regress10ns were performed usmg the same 64 and 32 observations, for the 

calibration and validation models respectively, as the ones used for the linear regression 

models based on the AEA. However, for PLS regression, the entire raw GPR signal was 

used to establish the model instead of the AEA. Each time sample of the raw signal is 

used as explanatory variable in the PLS regression (within the concerned time window). 

PLS calibration and validation models were computed for each data-set (i.e. each 

direction of measurement, log state and species). Moreover, on the 0-3 ns time window 

of the early-time signal, we compared the models obtained independently for each 

species and each log state (thawed and frozen) with some general models that integrate 

all the three species mixed together (multi-species models) and/or the two types of log 
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states together (multi-state models). The purpose of building the general models is that 

they are more convenient to use in practice since they can handle the variability 

generated by different sources of variations studied (log states and species in our case) 

and the users do not need to use a different model for each particular case (Thygesen and 

Lundqvist 2000, Hans et al. 2013). Note that when building the multi-species and multi

state models, the same number of observation as for the single species and single-state 

models have been randomly selected in order to facilitate the comparison. 

While a multi-species models have the advantage to handle prediction from different 

species, it is still required to calibrate the model taking into account the different species 

of interest. Therefore, if the model calibrated for one species could be used to make 

prediction on other species, this would be even more practical because it would greatly 

reduce the work and time required to perform the sampling and build the calibration 

model. In this perspective, the species data-set (including thawed and frozen wood) were 

divided into calibration and validation sets ( containing 80 and 40 observations, 

respectively). Data were also selected in such way that the same range of MC variation 

was covered for each species (from 15% to 70%). Calibration models designed for a 

given species were then used to predict the MC of the two others. 

The performances of the calibration and validation PLS models were assessed using R2
, 

RMSE and ratio of performance to deviation (RPD). The RPD is defined as the ratio of 

the standard deviation of the data in the validation set to the RMSEv (Cozzolino et al. 

2005, Saeys et al. 2005). The higher the RPD, the more precise are the predictions of the 

model (Williams 2001, Alves et al. 2012). For all the PLS models presented in this paper, 
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the number oflatent variables was set to 5 and all were significant at p < 0.001 (unless 

otherwise indicated). 

6.4. Results 

6.4.1. Wood properties 

The range of MC covered by the three species is large, going from 8% to 102% while 

BSG range between 0.295 and 0.505 (Table 6.1 ). The diameter of the logs sampled 

varied from 10.4 cm to 34.5 cm. Several black spruce logs had small diameters (smaller 

than the size of the TRlOOO) and the related mean value (14.9 cm) is therefore much 

lower than for the two other species. Finally, the bark of the black spruce was much 

thinner (with an average thickness of 1.7 mm) than the bark of quaking aspen and 

balsam poplar which had an average thickness of 9.0 and 14.0 mm, respectively. 

6.4.2. Early-time GPR waveform pattern 

Signals collected on the logs CSs show on average slightly lower amplitude and a time 

shift in comparison with the signals acquired TB (Figure 6.4). In Figure 6.5, signals 

measured on the frozen wood typically are higher amplitude than those measured on 

thawed wood. Only signals acquired from thawed wood and from the CS are presented 

but similar patterns were obtained from the measurements performed on frozen wood 

and TB respectively. 
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Table 6.1: Reference measurements performed on the three tree species. 

Quaking asl!en Balsam J!OJ!lar Black SJ!ruce 
Na 192 192 192 

Moisture 
Mean 39 52 34 
Standard 

content 
deviation 

20 28 17 
(%) 

Minimum 9 13 8 

Maximum 78 102 71 

N 47 45 37 

Basic 
Mean 0.408 0.360 0.436 

specific 
Standard 

0.023 0.029 0.029 
deviation 

gravity 
Minimum 0.372 0.295 0.392 

Maximum 0.447 0.444 0.505 

N 47 45 37 

Log 
Mean 25.9 25.8 14.9 
Standard 

diameter 
deviation 

4 4.4 2.8 
(cm) 

Minimum 15.7 18.9 10.4 

Maximum 33.7 34.5 22.2 

N 47 45 37 

Bark 
Mean 9.0 14.0 1.7 
Standard 

thickness 
deviation 

3.6 3.3 0.8 
(mm) 

Minimum 4.7 8.0 0.8 

Maximum 28.1 20.6 4.5 
a Measurements repeated on the samples after each drying and freezing steps. 
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Figure 6.4: Early-time GPR signal amplitudes measured from the cross section and 
through the bark of thawed logs of quaking aspen, balsam poplar and black spruce. Each 
signal presented is an average of 288 GPR traces collected on different logs of similar 
MCandBSG. 
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Figure 6.5: Early-time GPR signal amplitudes measured from thawed and frozen logs of 
quaking aspen, balsam poplar and black spruce. Each signal presented is an average of 
288 GPR traces collected on the cross sections of different logs of similar MC and BSG. 

Figure 6.6 shows the influence of the MC below and above the fibre saturation point 

(FSP) on the earlytime GPR waveform. The FSP is the point below which no free water 

remains in the capillary tubes of the wood and remaining water is bound to the cell walls. 

Bound water can be adsorbed at the surfaces of the cellulose microfibrils ( adsorption 

water) or retained in the tubes by capillarity forces ( capillary condensed water; 
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Torgovnikov 1993). According to the Wood Handbook (USDA 2010), the average FSP 

is around 30%. It can be seen in Figure 6.6A that an increasing of MC below the FSP 

leads to a slight amplitude decrease. However, the effect of MC on the waveforms is 

clearer above the FSP (Figure 6.6B) where a reduction of amplitude and a time

stretching occurs with increasing MC. Similar trends were observable from frozen logs 

and for the measurements performed TB. The effect of BSG on the early-time signal 

waveform collected from thawed oven-dried logs is presented in Figure 6.7. No 

significant change of amplitude is observable but a slight time shift of the ground wave 

(second positive peak of the direct wavelet) with increasing BSGs seems to occur. This 

shift was also observable for each species separately indicating that it is rather an effect 

of BSG rather than of the species. However, the influence of wood BSG on the GPR 

signal remains very weak in comparison to the influence of the MC and the effect of 

BSG on signal acquired from wet logs could not be discerned from the one of MC. 

6.4.3. Correlations, linear and PLS regression models 

Table 6.2 presents the Pearson's correlation coefficients obtained between the AEA in 

different time windows and the wood MC. It can be seen that Pearson's correlation 

coefficients are generally quite high up to 2 ns as well as for the portion of the signal up 

to the maximum amplitude of the ground wave, the first half cycle and in the 0-3 ns time 

window. However, correlations for the 1.5-2.5 ns and 2-3 ns time windows are quite 

poor and it is the reason why there were discarded from Table 6.3. Note also that the 

time windows for the first onset, the maximum amplitude of the ground wave and the 
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first half cycle could not be used in the PLS regression because their length vary for 

each trace. 
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Figure 6.6: Early-time GPR signal amplitudes measured from thawed logs of quaking 
aspen, balsam poplar and black spruce for (A) MC below the FSP and (B) MC above the 
FSP. Each signal presented is an average of 15-110 traces (depending on the moisture 
content range) collected on the cross sections of different logs of similar BSG. 
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Figure 6.7: Early-time GPR signal amplitudes measured from thawed oven-dried logs of 
quaking aspen, balsam poplar and black spruce as a function of the BSG range. Each 
signal presented is an average of 17-37 traces (depending on the BSG range) collected 
on the cross sections of different logs. 

From Table 6.3, it appears clearly that the models obtained with the PLS method were 

considerably better (with higher R\ and lower RMSEv) than the linear regression 

models based on the AEA method for each case. Obviously, the R2 
v coefficients of the 

linear models follow similar trends to Pearson's correlation coefficients presented in 

Table 6.2. The most accurate models for all factors together (measurement direction, log 

state and species) were obtained using the PLS method over the 0-3 ns early-time 

window, therefore, this time window was used to build the general models (multi

species and multi-states). 
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Table 6.2: Pearson's correlation coefficients between the sample moisture content and the average envelope amplitude of the GPR 
signals for the different time windows and time portions of the signal. 

Time windows 
'"CJ 

~ = -= u 
Q ~ .... .. u 

f#:.1 rlJ ~ ~ ~ = ~ = = rlJ -Q .... 
": II) = = ~ = rlJ f#:.1 rlJ rlJ 0 = rlJ .... ~ = ~ = f"i = ~ = u rlJ ... 

~ ~ u ~ M ~ 
.... j;;li,, .... 

~ bJ) rlJ rlJ .. ~ 
II) ": .. = = a. ... Q ~ I I ... 

~~ 
. .. I = ~ 00. = = ~ ~ M ~ ~ = 

Aspen -0.84 -0.75 -0.62 -0.51 -0.56 -0.25 -0.77 -0.67 -0.70 
Thawed Poplar -0.89 -0.75 -0.32 0.06 0.01 -0.50 -0.68 -0.57 -0.41 

Cross Spruce -0.70 -0.60 -0.60 -0.52 -0.39 -0.25 -0.63 -0.78 -0.61 
Section Aspen -0.77 -0.70 -0.64 -0.69 -0.80 -0.13 -0.66 -0.69 -0.77 

Frozen Poplar -0.84 -0.77 -0.44 -0.21 -0.49 -0.22 -0.74 -0.81 -0.66 
Spruce -0.74 -0.70 -0.64 -0.60 -0.62 -0.23 -0.69 -0.65 -0.68 
Aspen -0.69 -0.67 -0.47 -0.15 -0.13 -0.30 -0.65 -0.58 -0.51 

Thawed Poplar -0.78 -0.81 -0.74 -0.54 -0.12 -0.61 -0.82 -0.70 -0.75 
Through Spruce -0.66 -0.83 -0.45 0.24 0.24 -0.22 -0.85 -0.43 -0.19 

Bark Aspen -0.67 -0.73 -0.51 -0.39 -0.27 -0.11 -0.71 -0.67 -0.56 
Frozen Poplar -0.74 -0.81 -0.61 -0.50 -0.31 -0.38 -0.81 -0.70 -0.71 

Spruce -0.33 -0.44 -0.25 -0.32 -0.49 -0.03 -0.43 -0.54 -0.49 
Note: Results are presented for each direction of measurement, tree species and log state (in each case, N = 96). 



Table 6.3: Coefficient of determination (R2 v) and root mean square error of prediction (RMSEvin% of MC) obtained for the simple 
linear and PLS regression prediction models as a function of the direction of measurement, tree species and log state (in each case, N = 
96). 

Time windows 
= ~ 

"O . s .... 
~ ~ 0-1 OS 0.5 -1.5 OS 1-2 OS 0-3 OS Q .... .... ~ -= CJ ~ ·u 

~ e t,J) ~ 

'1 s Q C. R\ RMSEv R2 RMSEv R2 RMSEv R\ RMSEv ~ rll V V 

Aspen 0.72 12 0.57 14 0.34 18 0.44 16 
Thawed Poplar 0.83 13 0.55 21 0.06 30 0.13 29 

Cross S[!ruce 0.33 13 0.14 15 0.03 16 0.03 16 
Section Aspen 0.66 12 0.55 14 0.39 17 0.61 13 

Linear Frozen Poplar 0.64 18 0.51 21 0.21 27 0.46 22 
regression S[!ruce 0.52 IO 0.36 12 0.23 13 0.31 12 
based on Aspen 0.64 13 0.59 14 0.29 18 0.37 17 
theAEA Thawed Poplar 0.69 17 0.69 17 0.58 20 0.51 21 

Through S[!ruce 0.37 13 0.58 IO -0.35 19 -0.30 18 
Bark Aspen 0.56 14 0.52 15 0.36 17 0.42 16 

Frozen Poplar 0.65 18 0.61 19 0.17 27 0.45 22 
Spruce -0.12 16 0.00 15 -0.16 16 0.04 15 
Aspen 0.87 8 0.83 9 0.85 8 0.90 7 

Thawed Poplar 0.94 8 0.92 9 0.94 8 0.95 7 
Cross S[!ruce 0.63 IO 0.53 11 0.55 11 0.67 9 

PLS 
Section Aspen 0.85 8 0.79 IO 0.78 IO 0.82 9 

regression 
Frozen Poplar 0.94 7 0.93 8 0.92 8 0.93 8 

based on 
Spruce 0.55 IO 0.58 10 0.57 IO 0.71 8 

the raw Aspen 0.70 12 0.73 11 0.63 13 0.73 11 

signal Thawed Poplar 0.65 18 0.74 16 0.75 15 0.74 16 
Through Spruce 0.66 9 0.84 6 0.85 6 0.83 7 

Bark Aspen 0.61 13 0.55 14 0.56 14 0.62 13 
Frozen Poplar 0.59 19 0.77 14 0.71 16 0.82 12 

Spruce 0.49 11 0.53 IO 0.48 11 0.78 7 

N 
VI 
-.....J 



In Table 6.4, it is visible that the performances of the multi-species and multi-states PLS 

models designed from CS measurements are considerably better than the one designed 

for TB measurements, particularly from the RMSE point of view. However, no obvious 

differences are discerned between multistate PLS models and the ones including only 

one state (they have similar R2 and RMSEs). Multispecies models presented usually 

slightly higher RMSEs but similar R2 and RPD values in comparison with single-species 

models. 

Table 6.5 clearly shows that the quaking aspen calibration model can be used to predict 

balsam poplar MC and vice versa. However, we see that the use of the hardwood species 

(quaking aspen, balsam poplar) to predict MC of a softwood species (black spruce) or 

inversely leads to really poor predictions in each case. 

Results presented in this study focus mainly on MC prediction because best results were 

obtained with MC. However we also tried to predict the wood BSG using the same 

approach. The best prediction results obtained for BSG prediction were from the multi

species PLS model acquired from the CS of thawed oven-dried wood with RMSE of 

0.026 and 0.030 and R2 of 0.68 and 0.42, respectively for the calibration and the 

validation. Finally, note that including the BSG or the bark thickness in the predictive 

matrix to build the various PLS models for MC prediction did not lead to any 

improvement in our results. 
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Table 6.4: PLS model statistics for the prediction oflog MC using the 0-3 ns window of the early-time signal of the GPR. 

Calibration (N = 64) Validation (N = 32) 

Direction Log state Species RMSEc R2 RMSEv R\ RPD 
{%MC} C {%MC} 

Aspen 5 0.94 7 0.90 3.3 

Thawed 
Poplar 7 0.93 7 0.95 4.4 
Spruce 7 0.83 9 0.67 1.8 

Multi-S(!ecies 8 0.88 10 0.80 2.3 
Aspen 6 0.89 9 0.82 2.4 

Cross 
Frozen 

Poplar 8 0.91 8 0.93 3.9 
Section Spruce 7 0.78 8 0.71 1.9 

Multi-s[!ecies 10 0.78 10 0.78 2.2 
Aspen 7 0.85 6 0.92 3.5 

Multi-states8 Poplar 7 0.94 9 0.87 2.8 
Spruce 8 0.74 8 0.78 2.2 

Multi-s[!ecies 9 0.87 13 0.74 2 
Aspen 12 0.56 11 0.73 1.9 

Thawed 
Poplar 13 0.78 16 0.74 2 
Spruce 6 0.86 7 0.83 2.5 

Multi-S(!eCies 13 0.65 14 0.56 1.5 
Aspen 10 0.73 13 0.62 1.6 

Through Bark Frozen 
Poplar 13 0.76 12 0.82 2.4 
Spruce 8 0.77 7 0.78 2.2 

Multi-S(!eCies 14 0.58 14 0.55 1.5 
Aspen 11 0.65 13 0.62 1.7 

M ulti-states8 Poplar 15 0.71 21 0.34 1.2 
Spruce 8 0.73 12 0.49 1.4 

Multi-s[!ecies 14 0.65 22 0.18 1.1 

aMulti-states contain 48 samples from the thawed and frozen data sets. 



Table 6.5: PLS models for the prediction of logs MC between different species using the 0-3 ns window of the early-time signal of the 
GPR. 

10 

°" C 

Calibration (N = 80) 
Measurement 

Species RMSEc 
R2c (%MC) 

Aspen 6 0.87 

Cross 
Section 

Poplar 5 0.88 

Spruce 9 0.56 

Aspen 10 0.56 

Through 
Bark 

Poplar 9 0.54 

Spruce 9 0.50 

a Model not significant at p < 0.001. 

Species 

Aspen 
Poplar 
Spruce 
Aspen 
Poplar 
Spruce 
Aspen 
Poplar 
Spruce 
Aspen 
Poplar 
Spruce 
Aspen 
Poplar 
Spruce 
Aspen 
Poplar 
Spruce 

Validation (N = 40) 
RMSEv 

R\ RPD 
(%MC) 

7 0.81 2.3 
8 0.72 1.9 
15 -0.36 0.87 

9 0.68 1.8 
7 0.74 2 
13 -0.04 0.99 
12 0.43 1.34 
14 0.02 1.02 
9 0.57 1.54 

11 0.51 1.45 
14 O.Ola 1.02 
15 -0.26a 0.9 
10 0.6 1.59 
14 0.12 1.08 
14 -0.09 0.97 
13 0.27 1.19 
17 -0.39a 0.86 
10 0.39 1.3 



6.4.4. Sampling depth of the ground wave 

The sampling depth of the ground wave in the logs was computed using Equation 6.1 

and Equation 6.2 and was found to vary between 8.3 and 21. 7 cm (Table 6.6). The 

approximate volume sampled with this method and with the GPR antenna used in this 

study (TRI 000) was therefore between 400 cm3 and 1060 cm3 (7 cm x 7 cm x sampling 

depth). Moreover, a clear difference is observable between the thawed and frozen wood: 

the sampling depth being about 2.1 to 2.8 cm greater in the frozen wood. 

Table 6.6: Estimated sampling depth ( cm) obtained from the early-time GPR signal. 

Direction 
Log 

Species Mean 
Standard 

Minimum Maximum 
State deviation 

Aspen 12.1 1.3 9.9 15.7 
Thawed Poplar 12.0 1.5 9.3 15.3 

Cross S~ruce 12.0 1.3 9.9 16.5 
Section Aspen 14.5 1.2 12.5 17.2 

Frozen Poplar 14.8 2.1 12.3 21.7 
S~ruce 14.2 0.6 12.9 15.1 
Aspen 11.6 1.9 8.6 16.7 

Thawed Poplar 10.7 1.9 8.3 15.7 
Through S~ruce 11.8 1.4 8.7 14.2 

Bark Aspen 13.9 1.2 11.7 18.0 
Frozen Poplar 13.5 1.3 11.4 16.4 

S~ruce 14.0 0.8 12.3 18.0 
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6.5. Discussion 

6.5.1. Influence of the measurement direction 

Measurements performed on the CS and TB, as mentioned earlier, were both performed 

with the electric field oriented in the radial direction. Therefore, even though the GPR 

signal was travelling in two different directions (longitudinal and tangential), the 

influence of the wood anisotropy on the signal in this experiment is probably weak in 

comparison with the influence of the rounded shape and of the bark of the logs. These 

two factors are probably responsible for the different waveform patterns visible in 

Figure 6.4. The rounded and irregular shape of the logs causes a poor and variable 

surface-antenna coupling which results in variable signal distortion (Hislop et al. 2009, 

Redman et al. 2014). Moreover, the bark of the log has different properties and anatomy 

than the wood which could also influence the signal to some extent. However, it has 

been shown using microwave modelling that when the bark layer is much thinner than 

the wavelength used, the effect of the bark could be neglected (Sjoden 2008). 

6.5.2. Influence of the log state 

For logs of similar MC content, higher signal amplitude obtained from frozen logs 

(Figure 6.5) is explained by the difference of permittivity between water and ice. Indeed, 

according to Torgovnikov (1993), the permittivity of the cell wall substance (i.e. 

cellulose, hemicellulose and lignin) at a frequency of 1 GHz is 3.4 at -20°C and 3.5 at 

+ 20°C. In comparison, the permittivity of the water at + 20°C is about 80 and the one of 
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ice at -12°C is about 3.2. Moreover, Lamason et al. (2014) have shown that bound water 

in heartwood at -20°C remains unfrozen and that in sapwood, the phase transition of 

bound water to ice occurs below -60°C. Therefore, the permittivity of thawed and frozen 

wood (at the temperature used in this study, -15°C) with water content below the FSP 

will be dominated by the dielectric properties of bound water. The permittivity of 

thawed and frozen wood with water content exceeding the FSP will be determined 

mainly by dielectric properties of free water and ice respectively. 

6.5.3. Influence of the log MC 

From Figure 6.6, it is clear that the early-time GPR waveform is affected by the logs MC. 

The MC of the wood directly influences its permittivity (Figure 6.3) which in turn 

influences signal patterns. Below the FSP (Figure 6.6A), the permittivity of the logs will 

be mostly affected by bound water. The process of humidification leads to the 

penetration of water molecules into the cellulose and to the weakening of the transverse 

bonds, which results in an increased mobility of the polar components of the cell wall 

and cellulose (Sahin and Ay 2004). As a result, slight reduction of the signal amplitude 

occurs as MC (and permittivity) increase below the FSP. As the MC approaches the FSP, 

the mobility of the polar groups of the wood does not increase anymore, because they 

reach the maximum of freedom in their rotation (Peyskens et al. 1984 ). Above the FSP 

(Figure 6.6B), free water interacts with the EM field independently of the other wood 

components and its bound water (Torgovnikov 1993). Increasing MC in the logs gives 

263 



rise to a similar dependence of the waveforms as it was observed by Pettinelli et al. 

(2007) and Di Matteo et al. (2013) who showed that waveforms acquired from soil with 

different dielectric properties differed in terms of amplitudes and time-stretching. Note 

that free water in the wood might also induce some conductivity at the frequency used in 

this experiment (1 GHz) especially due to dissolved minerals and organic compounds in 

the sap. However, according to Di Matteo et al. (2013), the permittivity affects the early

time signal in a more significant way than the conductivity. 

6.5.4. Influence of logs BSG on the early-time signal and on MC prediction 

The effect of BSG on the GPR signal collected from thawed oven-dried logs is hardly 

noticeable in Figure 6. 7. Similar patterns were observed for each species separately 

which show that, as concluded by Torgovnikov (1993), the permittivity value of 

ovendried wood is influenced by the tree species considerably less than by wood density. 

Indeed, other factors being equal, the density of the wood is the principal factor 

determining the dielectric properties of oven-dried wood (Torgovnikov 1993). Topp et al. 

(1980) also noticed that in the frequency range of 1 MHz to 1 GHz, the real part of the 

permittivity appears to be weakly sensitive to soil density. Figure 6.7 supports therefore 

the fact that wood permittivity and GPR signal are mainly dominated by the influence of 

MC. This also explains the poor model performances obtained for BSG prediction 

(results not presented). Multi-species PLS models gave the best prediction results for 

BSG thanks to a higher BSG range covered when mixing the species together. The 

increased performances of PLS models when mixing species of different BSG together 
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has already been demonstrated by different authors using on near-infrared spectroscopy 

(Kelley et al. 2004, Jones et al. 2005, Fujimoto et al. 2007, Hans et al. 2014). Including 

the BSG and the log diameters as explanatory variable in the PLS models when 

predicting MC did not lead to any improvement in our results. Paz et al. (2008) used 

PLS regression over the full GPR waveform acquired on wood chips to predict their MC 

and noticed improvement of the models performances when including density as 

explanatory variable. However, they mentioned that the early-time signal was important 

in their model and when removed, it was still possible to see a correlation, but the 

performance of the model decreased. Density and depth became important explanatory 

variables only when the early-time signal was not taken into account in the PLS model. 

Since only the early-time signal is considered in this study, the influence of BSG in the 

models is negligible because they are already of good quality. 

6.5.5. Time windows and model performances 

Pearson's correlation coefficients obtained in Table 6.2 are in accordance with the results 

of Pettinelli et al. (2007, 2014) and Di Matteo et al. (2013) which also obtained high 

correlations (between the AEA or inverse AEA and the permittivity of the soil) with the 

first time windows of the signal and the first half cycle. However, Di Matteo et al. 

(2013) obtained also good correlation using the first onset of the signal while ours are 

quite poor. Possible reason of this discrepancy might be that the direct air wave event is 

substantially weaker in our data because the signals were collected with shielded 

antennas while the model used by Di Matteo et al. (2013) did not incorporate antenna 
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shielding. In addition, real data ( acquired with the GPR) contains significantly more 

noise and variability related to surface coupling and heterogeneity that are not 

incorporated in a model. Di Matteo et al. (2013) also recommended using the first 

positive half cycle of the early-time GPR signal instead of just the first onset to establish 

the correlations, particularly when subsurface heterogeneities are present in the material. 

Results obtained in Table 6.3 clearly demonstrate the higher performances of the models 

obtained using the PLS method based on the raw signal in comparison with the linear 

regression method based on the AEA. Stronger statistics (higher R2 and lower RMSE) 

were obtained with the PLS method for all the different time windows and for each 

factor considered (wood section, log state and species). The fact that the PLS method is 

based on the raw signal is also an advantage since less signal pre-processing is required. 

6.5.6. Comparison of the models between the different factors 

Model performances for measurements performed TB were generally lower for quaking 

aspen and balsam poplar while higher for black spruce (Table 6.2-Table 6.4). This result 

is probably due to the same factors that caused the difference between the two 

waveforms in Figure 6.4. The poor surface-antenna coupling resulted in a decrease of 

the model performances for quaking aspen and balsam poplar. Moreover, these two 

species had also the thicker barks while black spruce had the thinner one which might 

have compensated the poor surface-antenna coupling effect and contributed to a higher 

quality of the models for this last species concerning TB measurements. The lower 

performances of the models obtained for black spruce for CS measurement is attributed 
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to the small diameters of the logs which generated reflection and refraction of the signal 

from the log edges resulting in complicating log diameter dependence (Redman et al. 

2014 ). Further studies are currently being undertaken to assess more precisely the effect 

of the rounded shape of the logs and of the bark on the measured signal. 

Models for frozen wood were generally of slightly lower quality than those for the 

thawed wood. Indeed, when weighting the frozen samples to measure their MC with the 

reference method, ice and frost were present at the surface of the bark and introduced an 

error in the weight of the samples and therefore in the estimated MC since this water do 

not contribute to the wood MC. 

The different results obtained between the species might be partly explained by the 

different ranges of MC covered (lower, intermediate and higher MC ranges covered by 

black spruce, quaking aspen and balsam poplar respectively). A wider range of variation 

of the properties modelled tends to increase the performance of statistical models 

(Kelley et al. 2004, Jones et al. 2005, Fujimoto et al. 2007). Finally, the lower 

performances of the black spruce models in comparison with the two other species could 

also be due to the higher amount of knots for this species in our samples. It has been 

shown that knots in the wood generate distortions of the signal and of its travel path 

(Canpolar 1987, Halabe et al. 2009). 

Results from Table 6.4 indicate that general PLS models can be used in the field to 

predict logs MC independently of the species and log state. RPD values obtained show 

that several models can be used for screening (RPD > 2.5) of logs MC in the industry 

(Chang et al. 2001, Alves et al. 2012). 
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Results from Table 6.5 showed that, using the PLS method, logs MC prediction was 

quite independent of the species for quaking aspen and balsam poplar. These species are 

both hardwood species from the same gender (Populus sp.) and we can expect that they 

have similar wood anatomy and properties, which explain these good results. The poor 

prediction results obtained for black spruce might be due to their different anatomy 

(softwood), smaller diameter, thinner bark and high number of knots. 

6.5. 7. Sampling depth of the ground wave 

As pointed out by Pettinelli et al. (2007), the volume sampled with the early-time 

approach is different from the volume measured with the reference method. This is 

clearly reflected in Table 6.6 and might also explain some difference between the 

performances of the models. Since the wood can present a high heterogeneity in MC 

distribution, the volume sampled with the GPR will not always represent accurately the 

average MC of the whole sample. Therefore, collecting several measurements at 

different positions along the log (especially for freshly cut logs) will give more 

representative values of the average MC and of its variation along the log. Nevertheless, 

these results show that the depth and so the volume sampled using this method is much 

higher than using other techniques such as near-infrared spectroscopy for example which 

has a penetration depth of 1 to 5 mm (Sykes et al. 2005). 
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6.6. Conclusions 

In this paper, we investigated the use of GPR data to estimate the MC of quaking aspen, 

balsam poplar and black spruce, thawed and frozen logs using two approaches: (1) a 

simple linear regression based on the AEA of the GPR trace and (2) a multivariate 

statistical technique (the PLS regression) based directly the raw GPR trace. We 

demonstrated that the second method leads to more robust models and more accurate 

results because the PLS regression method takes into account each sampling point of the 

trace in the relationship. MC was predicted from frozen logs with slightly higher errors 

than from thawed logs. General PLS models could be built to perform MC prediction 

including thawed and frozen logs as well as the different species, which present an 

advantage for the user since it will not be required to use different models for different 

species or log states. PLS models build for quaking aspen were successful at predicting 

balsam poplar MC from logs CSs and inversely. Moreover, it was possible, using such 

method, to estimate MC of the wood from GPR measurements performed directly TB of 

the logs which is a practical advantage in the industry and would also allow measuring 

standing trees. However we found that models built for black spruce logs lead to lower 

performances than for the two other species and this result might be due to the different 

anatomy (softwood), the smaller diameter, the thinner bark and the high number of knots 

of black spruce. Further studies, including modelling, are currently being undertaken to 

assess the effects of the logs diameter and bark thickness on the GPR signal. 

The sampling depth of this early-time method was estimated to vary between 8.3 cm and 

21.7 cm. It results in an approximate sampling volume varying between 400 cm3 and 
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1060 cm3
• Such penetration is sufficient for several different applications in the forest 

industry and multiple measurements can be taken along the log to have a better 

representation of MC variations. Finally, the technique presented here could probably 

also be used to predict other wood properties such as the relative dielectric permittivity. 
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Chapter 7. Determination of log moisture content using 

ground penetrating radar (GPR). Part 1. Partial 

least squares (PLS) method6 

Abstract: Ground penetrating radar (GPR) is a handheld system showing good potential 

for the real-time and nondestructive characterization of wood moisture content (MC). 

However, measurements performed over logs can be challenging because of their curved 

surface that can affect the GPR signal. In this study, the MC of thawed and frozen logs 

was estimated for three species ( quaking aspen, balsam poplar, and black spruce) using 

the full GPR signals and the partial least squares (PLS) regression method. The signal 

was acquired from the cross-section (CS) and through the bark (TB) of the logs with and 

without an aluminum plate placed under the log. The full GPR signal does not provide 

better log MC prediction accuracy for small logs compared with the early-time GPR 

signal. The information about the shape and diameter of the log is contained in the direct 

and reflected .waves of the GPR signal. CS models provided more accurate log MC 

prediction (RMSEv= 7 - 25%) than TB models (RMSEv = 6 - 40%) for the hardwood 

species. Thawed and frozen log models showed similar performances. This study 

demonstrates that GPR in combination with PLS regression is suitable for predicting log 

MC in the field. 

6This chapter was published online in Holzforschung (January 2015) under the following 
authorship: Hans, G., Redman, D., Leblon, B., Nader, J., and La Rocque, A. doi: 
10.1515/hf-2014-0286. It is reproduced with the permission of the De Gruyter group 
(see letter of permission in Appendix C). 
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7.1. Introduction 

The real-time and nondestructive monitoring of wood log properties, such as moisture 

content (MC), directly in theforest or in the mill yard is of great practical interest. In the 

field, such capabilities would lead to the improvement of several industrial processes 

because of the better pre-process evaluation of the wood properties and the sorting of the 

raw material in more homogeneous categories (Trung and Leblon 2011 ). Multiple 

instruments and techniques have already been introduced to characterize wood MC 

nondestructively and in real-time. Recent methods are increasingly focusing on sensors 

using electromagnetic (EM) radiations of various wavelengths (Brashaw et al. 2009). 

For example, wood MC was recently successfully determined based on X-ray imaging 

(Tanaka et al. 2009; Wei et al. 2011), near-infrared (NIR) spectroscopy (Karttunen et al. 

2008; Watanabe et al. 2011; Hans et al. 2013; Leblon et al. 2013; Tsuchikawa and 

Schwanninger 2013), hyperspectral imaging (Mora et al. 2011; Tormanen and Makynen 

2011; Kobori et al. 2013; Haddadi et al. 2014), NIR time-resolved spectroscopy 

(D' Andrea et al. 2008, 2009), terahertz time domain spectroscopy (Inagaki et al. 2014), 

ground penetrating radar (GPR) (Paz 2008, 2010; Paz et al. 2008; Rodriguez Abad et al. 

2010a,b, 2011; Hans et al. 2014), microwave scanning (Bucur 2003; Lundgren et al. 

2006; Schajer and Orhan 2006), and nuclear magnetic resonance (Hartley et al. 1994; 

Merela et al. 2009; MacMillan et al. 2011; Telkki et al. 2013; Lamason et al. 2014). 

In comparison with other technologies, GPRs have high potential for in-field 

applications because they are portable, light, and low-cost devices, and they do not 

present any health and safety issues in contrast with X-ray-based sensors. The 
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penetration depth of the GPR signal in the wood is much higher than the one reached 

with optical and NIR-based sensors, and they are much faster than acoustic technologies 

and therefore more suitable for implementation in the forest industry. Finally, GPRs are 

capable of producing 2D and 3D images of the wood subsurface, which can also 

facilitate the assessment of wood properties and quality. 

As detailed by Daniels (2004), Annan (2005), and Jol (2009), GPRs are robust battery

operated tools equipped with an antenna for the transmitter and another one for the 

receiver. The transmitter emits short pulses of high frequency (microwave) EM waves 

with bandwidths almost equal to their center frequency, typically in the range of 10 MHz 

to 2 GHz (Davis and Annan 1989). In the reflection mode, the two GPR antennas are 

located on the same side of the medium investigated and the signal reflected from the 

subsurface of the medium is measured. GPR data consist of a sequence of voltage 

measurements acquired in time on the receiving antenna following the initiation of a 

pulse on the transmitting antenna. This sequence of measurements is referred to as trace. 

In this study, the early-time GPR signal is defined as the portion of the trace from O to 3 

ns, whereas the full GPR signal is the entire trace (0 - 18.55 ns). The propagation path 

of the EM waves from the transmitter to the receiver defines the type of waves: (1) the 

air wave traveling directly through the air, (2) the ground wave traveling at the near 

surface of the material, and (3) the reflected wave traveling through the material and that 

is reflected when encountering any dielectric discontinuity (Annan 1973). 

As mentioned above, GPR has already been tested to assess the MC of lumber 

(Rodriguez Abad et al. 2010a,b, 2011) and woody biomass (Paz 2008, 2010; Paz et al. 
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2008). Log MC determination based on early-time GPR signals in combination with the 

partial least squares (PLS) regression approach was also reported by Hans et al. (2014). 

This approach led to root mean square errors (RMSE) as low as 6%, but the early-time 

GPR signal has a limited sampling depth of 8.3-21.7 cm. The MC determination oflogs 

is a big challenge because the rounded geometry affects the coupling between the 

surface of the log and the GPR, which leads to noisy traces. The interface between bark 

and wood may also produce undesirable reflections that can influence the pattern of the 

traces. The effect of the rounded shape on the GPR trace was studied through numerical 

simulations by Redman et al. (2014). They showed that, for measurements performed on 

the ends of the log, the early-time amplitude would be influenced by the log diameter for 

logs smaller than 20 cm in diameter, resulting in significant errors in MC prediction. 

In Part 1 of this series, the results obtained by combining the full GPR signal with PLS 

regression to estimate the log MC will be presented. The advantages and disadvantages 

of the early-time and full signal approaches will be discussed. In Part 2, an alternative 

approach will be presented, called the " propagation velocity " (PV) method, to assess 

the log MC based on the measurement of the travel time and the deduction of the PV of 

the GPR signal through the log. 

7 .2. PLS regression 

PLS regression combines the features from principal component analysis and multiple 

linear regression and is especially useful when the data from the predictive matrix show 
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a high level of multicollinearity (such as the time samples of GPR traces). Each time 

sample of GPR traces is used directly in PLS regression as an explanatory variable. For 

more details about PLS, see Wold et al. (1983), Geladi and Kowalski (1986), and 

Martens and Naes ( 1992). 

PLS regression requires no or very little pre-processing of GPR traces and can be carried 

out either on only some parts of the GPR trace such as the early-time signal (Hans et al. 

2014) or on the full signal (Paz et al. 2008). PLS application is easier in the case of the 

former because it contains less data than the full GPR signal. However, the full GPR 

signal contains more information and is more representative of a higher wood volume. 

Although noisy GPR traces, from which reflected events cannot be identified, cannot be 

processed with the PV technique (Part 2), they can always be analyzed with PLS 

regression. Indeed, PLS regression is capable to enhance important features in GPR 

traces by applying loadings. This is of interest in the case of the determination of MC 

from logs because, as shown by Redman et al. (2014 ), important distortions of the GPR 

signal might be caused by the rounded shape of the log. 

7.3. Materials and Methods 

Disks were collected from fresh green logs of three different species chosen for their 

economic importance in Canada, namely, black spruce (Picea mariana [Mill.] B.S.P.), 

quaking aspen (Populus tremuloides Michx. ), and balsam poplar (Populus balsamifera 

L.). The logs of each species were sampled in an oriented strand board mill located in 
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Meadow Lake, Saskatchewan, Canada, in July 2012, and additional logs of black spruce 

were sampled in a saw mill located in Point Lemington, Newfoundland and Labrador, 

Canada, in June 2011. Number of logs selected: 104 (black spruce), 43 ( quaking aspen), 

and 45 (balsam poplar). The logs were approximately 480 cm long and free of rot and 

covered a large range of diameters and densities. 

A disk of approximately 20 cm thick was removed from one end of each log by a 

chainsaw to produce a clean regular surface and to reduce the gradient of MC at the end 

of the logs due to water loss. Afterwards, two disks of 5 and 20 cm thick (labeled disks 

A and B) were cut from each log. The disks were weighted directly after cutting, and the 

disks from group B were scanned with the GPR following the method presented in the 

next section. Then, the disks were wrapped individually with plastic to limit water loss 

and then shipped to FPinnovations facilities (Vancouver, British Columbia, Canada), 

where they were kept frozen for further analysis. The disks from group A served for 

measuring the basic specific gravity (BSG) according to Method B of ASTM D2395-07a 

(2009a). The disks from group B were dried in three different steps to different MC 

levels. At each drying step, the samples were frozen back to -15°C and the fresh weights 

of the disks were recorded for both thawed and frozen disks. The oven-dried weight of 

each disk was determined at the end of the drying process for a posteriori gravimetric 

MC measurement according to Method A of ASTM D4442-07 (2009b ). The temperature 

of the disks (frozen and thawed) was monitored with a handheld thermocouple. A hole 

of 4 cm depth and 2 mm diameter was drilled through the bark of each disk to insert the 

probe of the thermocouple. The diameter of each disk B was measured with a diameter 
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tape. The details about the MC, BSG, and diameter of the samples are provided by Hans 

et al. (2014) . 

The GPR signals were acquired by a TRI 000 GPR (Sensors & Software, Inc., 

Mississauga, Ontario, Canada) with a central frequency of 1 GHz, a time window of 25 

ns, and a time sampling interval of 50 ps. Each trace was computed as an average of 512 

measurements. A GPR trace was acquired at the end or cross-section (CS) and through 

the bark (TB) of disks from group B. The traces were always recorded with the electric 

field oriented in the perpendicular direction but with the EM wave propagating in the 

parallel and perpendicular direction for CS (Figure 7.lA and B) and TB (Figure 7.lC 

and D) measurements, respectively. Two traces were acquired for each direction of 

measurement (CS and TB) and for each disk. The first trace was acquired with an 

aluminum plate placed under the disk on a thin-walled plastic box (M trace; Figure 7.lA 

and C). The second trace was acquired without the aluminum plate (W trace; Figure 7 .1 

B and D). The effect of the wall of the plastic box was minimal, but its purpose was to 

have a high contrast between the reflection coefficient of the aluminum plate and the one 

of the air at the bottom of the disk ( under the plastic box) when the measurement was 

done without the aluminum plate. The M trace was subtracted from the W trace to 

isolate and allow a clear identification of the reflected wave. The subtraction was done 

in this order to keep a signal with a positive polarity. The resulting trace is referred 

hereafter as the " D trace ". The thawed disks were scanned after each drying step and 

after their internal temperature reached room temperature (20°C). The frozen disks were 

scanned just after taking them out from the freezer, one by one to keep them frozen (-

150C). The GPR signals were corrected for DC offset and a time O (time O correction). 
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(A) (B} 

(C} (D} 

Figure 7.1: Position of the GPR for the log measurements on CS (A) with the aluminum 
plate and (B) without the aluminum plate, and on TB (C) with the aluminum plate and 
(D) without the aluminum plate. 

PLS regression was implemented using the orthogonal score algorithm (Martens and 

Naes 1992) available in the pis package (Mevik and Wehrens 2007) of R statistical 

computing software V3.0.2 (lhaka and Gentleman 1996). PLS regressions were 

performed based on the same data sets as the ones described by Hans et al. (2014), but 

the full GPR signal was used instead of the early-time GPR signal. For each direction of 

measurement (CS and TB), log state (thawed and frozen) , and species ( quaking aspen, 

balsam poplar, and black spruce), 96 observations (GPR traces and their corresponding 

MC reference measurements) were selected, resulting in a total of 1152 observations. 
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Each one of these data sets was divided into sub-data sets of 64 and 32 observations, 

which were used for the calibration and validation of PLS regression models, 

respectively. Five latent variables were included in all models. PLS models were built 

based on the full GPR signal collected with (M trace) and without (W trace) the 

aluminum plate and the reflected signal (D trace). The performances of PLS regression 

models were assessed based on the coefficient of determination (Re 2 and R/ for the 

calibration and validation model, respectively), the RMSE (RMSEc and RMSEv for the 

calibration and validation model, respectively), and the ratio of performance to deviation 

(RPD) of the validation model. 

7 .4. Results and discussions 

PLS calibration and validation models obtained for the prediction of log MC from the 

full GPR signals are presented in Table 7.1 for the W, M, and D traces as well as for the 

different factors investigated (direction of measurement, log state, and species). All 

models were significant at p < 0.001 (except otherwise indicated). 
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Table 7.1: Estimation oflog moisture content (MC) using the full GPR signal and PLS regression. 

= = ~ u 
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W trace ( air) M trace (aluminum plate) 
Calibration Validation Calibration 

(N = 64) (N = 32) (N = 64) 

tU tU tU 
rl.l 0 > 0 

~ i;.il 0 i;.il > 0 i;.il 0 ... 
~ u 00 ~ 00 ~ ~ 

00 ~ ..... 
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~ ~ ~ ~ ..... c.. 
00 00 

Aspen 4 0.95 7 0.88 3 5 0.94 
Thawed Poplar 6 0.95 8 0.92 3.7 7 0.94 

Spruce 6 0.88 9 0.66 1.7 6 0.85 

Frozen 
Aspen 6 0.90 10 0.78 2.2 6 0.89 
Poplar 7 0.93 10 0.88 2.9 7 0.92 
Spruce 6 0.83 8 0.67 1.8 7 0.79 
Aspen 10 0.69 11 0.73 2 11 0.67 

Thawed Poplar 12 0.81 16 0.73 2 11 0.84 
Spruce 5 0.91 8 0.76 2.1 6 0.85 
Aspen 9 0.76 12 0.68 1.8 10 0.71 

Frozen 
Poplar 12 0.81 13 0.80 2.2 13 0.76 
Spruce 8 0.75 9 0.67 1.8 10 0.59 

8ln percent(%) MC measured on a dry wood basis. 
1Not significant at p < 0.001. 
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(N = 32) 

tU 
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9 0.66 12 0.30 
13 0.53 20 0.12° 
21 0.39 40 -0.78b 
10 0.61 12 0.47 
15 0.31 20 0.15b 
22 0.33 30 -0.05b 
11 0.53 12 0.34 

0 
~ 

1.7 
1.2 
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1.1 
1 

1.3 



7.4.1. Comparison of the models based on early-time and full GPR signals 

In comparison with the early-time GPR signal (from Oto 3 ns) described by Hans et al. 

(2014), the full GPR signal (W or M trace from Oto 18.55 ns) in combination with the 

PLS regression method leads, on average, to more accurate calibration models (in terms 

of R: 2 and RMS Ee) but to less accurate validation models. This unexpected result 

indicates that the information contained in the reflected wave is not as useful as expected 

for the MC prediction of the logs and that sufficient information is already provided in 

the early-time GPR signal. The volume sampled with the early-time GPR signal varies 

between 400 and 1060 cm3 depending on the MC and on the state of the log (Hans et al. 

2014 ). In comparison, the volume of the log samples varied approximately between 

1700 and 18 700 cm3
• Due to the homogeneous MC of the samples, the volume sampled 

with the early-time GPR signal is well representative of the sample properties and this 

could explain why the higher volume sampled with the full GPR signal does not provide 

better predictions. However, in the case of larger logs, the full GPR signal could lead to 

better predictions because of the more heterogeneous distribution of the MC along the 

log. 

7 .4.2. Comparison of the models for the W, M and D traces. 

On average, the best MC predictions (lower RMSEv and higher Rv 2) were obtained in 

the case of the W trace ( collected without the aluminum plate under the log). The 

aluminum plate might have generated or enhanced undesired reflection events ( coming 

from the edges of the log or metal plate itself), which deteriorated the signal-to-noise 
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ratio, leading to the slightly lower accuracy of the model based on the M traces. Using 

only the reflected wave of the GPR signal (D trace) in PLS regression leads to poor 

model performances (some models were even nonsignificant). This confirms that, in 

comparison with the information provided by the early-time signal, the information 

about the MC variation provided by the reflected wave does not improve the log MC 

prediction accuracy. 

Paz et al. (2008) pointed out that the density and length of the samples should be an 

important explanatory variable in the PLS model in the case of the D trace evaluation by 

regression. When including the BSG and/or the length or diameter (for CS or TB 

measurements, respectively) of the sample along with the reflected wave as explanatory 

variables, the performance of the calibration models slightly increased. However, it did 

not improve significantly the accuracy of the validation models. Similar conclusions 

were drawn by Hans et al. (2014) for the early-time GPR signal evaluation. These results 

are also in agreement with the conclusions of Bucur (2003) on microwave measurements, 

who found that including the density as an explanatory variable in MC prediction 

improves the regression only by a few percent. 

These results can be explained as follows. The BSG of the wood is known to have a 

weak influence on the dielectric properties of moist wood (Torgovnikov 1993; Afzal et 

al. 2003; Koubaa et al. 2008) and therefore on the GPR signal. Consequently, including 

the BSG as an explanatory variable in the model will not significantly affect the 

prediction. Concerning the log diameter and length, it was possible to predict them using 

the GPR signal and the PLS regression method with an accuracy smaller than 2 cm 
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(results not shown). The fact that adding this information as an explanatory variable in 

the models does not improve significantly their prediction accuracy indicates that the 

PLS regression method already compensates (by applying loadings) for the influence of 

the log length or diameter on the GPR signal when estimating log MC. Paz et al. (2008), 

working on the full GPR signal for MC estimation of woody biomass, similarly 

concluded that the PLS regression method compensates for signal distortion by using 

variables that take the full shape of the signal into account. 

7.4.3. Factors influencing model accuracy 

Better models were generally obtained from CS than from TB measurements, with an 

exception of the black spruce logs. Similar results were obtained with the early-time 

GPR signal (Hans et al. 2014 ). The differences in model performances between CS and 

TB measurements as well as between the species have various origins. 

First, depending on the direction of measurement (CS or TB), the respective influence of 

the bark, the sapwood, and the heartwood on GPR traces might be different. Indeed, 

these three parts of the stem have different dielectric permittivity and electrical 

conductivity values that might therefore influence significantly the GPR measurements 

(Fu et al. 2014 ). However, further experimental and numerical studies of the electrical 

properties of the sapwood, the heartwood, and the bark are needed to assess their 

influence on GPR traces. 
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Second, the difference between CS and TB measurements can also be due to the log 

shape and diameter, which influence the GPR trace as shown by Redman et al. (2014). 

They showed that, for CS measurements, there is a significant dependence between the 

log diameter and the amplitude of the early-time GPR signal, especially for log diameter 

smaller than 20 cm. The character and amplitude of the reflection event from the far side 

of the log was also considerably affected by the log diameter due to the interferences 

with reflections coming from the edges of the log. The black spruce logs had smaller 

average diameters ( 15 cm) than quaking aspen and balsam poplar (26 cm) logs, which 

significantly increased MC prediction errors for CS measurements. The log MC 

prediction accuracy for quaking aspen and balsam poplar was not as much affected 

because of the large log diameters of these species. For TB measurements, there is a 

poor surface antenna coupling between the curved surface of the log and the GPR, which 

generates noise in the GPR trace. This poor surface antenna coupling is probably 

responsible, at least in part, for the poorer log MC prediction accuracy obtained from TB 

than from CS measurements for quaking aspen and balsam poplar. 

Third, the thickness of the bark was much higher for quaking aspen and balsam poplar 

(9 ± 3 and 14 ± 3 mm, respectively) than for black spruce (5 ± 3 mm). Probably, this has 

also contributed to better TB models for black spruce and to lower the accuracy for 

quaking aspen and balsam poplar. 

Finally, MC was predicted with very similar accuracies from thawed and frozen logs. On 

average, slightly better models were obtained from thawed logs. The lower accuracy 
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obtained from frozen logs is probably due to slight errors in the reference MC 

measurements caused by the ice present at the surface of the sample during the scaling. 

7 .5. Conclusions 

The GPR signal traveling through logs is mostly influenced by their state (frozen or 

unfrozen), MC, shape, and size. The BSG seems to have a very limited effect on the 

GPR signal. In comparison with the early-time GPR signal, the reflected wave in 

combination with PLS regression does not improve significantly the MC prediction 

accuracy of logs. However, in the case of larger log dimensions, the full GPR signal 

might be helpful for better MC prediction, but this remains to be verified. The PLS 

regression method is capable of compensating for the GPR signal distortions caused by 

the variation of shape and size of the logs. CS measurements provided better log MC 

estimations than TB measurements for quaking aspen and balsam poplar logs probably 

because they had diameters higher than 20 cm; therefore, the signal-to-noise ratio of the 

GPR signal was better (because it contained less reflections coming from the edges of 

the log). The thin bark of black spruce has also contributed to the better accuracies 

obtained from TB measurements compared with CS measurements. Further researches 

are needed to assess the effect of the sapwood, the heartwood, and the bark on the GPR 

signal acquired from logs. MC could be predicted with similar accuracy from thawed 

and frozen logs. Regardless of the preliminary character of this research and a lot of 

unanswered questions, the high potential of the GPR approach for practical MC 

determination can be concluded. 
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Chapter 8. Determination of log moisture content using 

ground penetrating radar (GPR). Part 2. 

Propagation Velocity (PV) Method7 

Abstract: Log moisture content (MC) has been determined based on the propagation 

velocity (PV) of ground penetrating radar (GPR) signals. This approach is based on 

measuring the travel time of the GPR signal through the log, from which its PV and the 

apparent log dielectric permittivity can be retrieved. Linear regression between the log 

dielectric permittivity and MC was established for each of the investigated wood species 

(quaking aspen, balsam poplar, and black spruce), log state (thawed and frozen), and 

direction of measurement [on the log cross-section (CS) and through the bark (TB)]. CS 

and TB measurements led to different results depending on the log state and wood 

species. Linear models with different slopes were found for thawed (slope= 6.4-9.8) and 

frozen (slope= 12-29) logs due to the difference in the dielectric properties of the frozen 

and unfrozen water in wood. The models for quaking aspen and balsam poplar were very 

similar to each other and differed from that of black spruce in terms of slopes and 

intercepts. Generally, the PV method leads to poorer log MC prediction accuracy than 

the partial least squares method presented in Part 1 of this study. 

7This chapter was published online in Holzforschung (January 2015) under the following 
authorship: Hans, G., Redman, D., Leblon, B., Nader, J., and La Rocque, A. doi: 
10.1515/hf-2014-0287. It is reproduced with the permission of the De Gruyter group 
( see letter of permission in Appendix C). 
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8.1. Introduction 

In Part 1, it was demonstrated that it is possible to estimate log moisture content (MC) 

using partial least squares (PLS) regression applied to the full ground penetrating radar 

(GPR) signal. The strength of this approach is that even noisy GPR traces (early-time or 

full signals) can be analyzed. PLS regression models can also be calibrated by tal<lng 

into account the effect of wood species and log states (in terms of frozen or unfrozen 

state). However, the calibration of the PLS regression models can be time consuming 

because of the variability of the different factors affecting the signal that need to be 

taken into account in the model and also because of the variability in the electronic 

responses that induce slight signal variations between sensors. This paper presents an 

alternative approach called "propagation velocity" (PV). Here, the results are not 

specific for a special GPR instrument, because it is based on the measurement of the 

travel time and velocity of the GPR signal through the log. In our study, travel time is 

measured automatically by a modified energy ratio (MER) algorithm (Han et al. 2010), 

and it is, to our knowledge, the first time that this algorithm is used in this context. 
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8.2. Theoretical Background 

The PV ( v) of an electromagnetic (EM) wave travelling through a dielectric medium is 

determined by its dielectric properties according to the following relation: 

C 
V = ----------1 

[~ ( 1+ [1 + (~:ft)r 
Equation 8.1 

where c is the velocity of the EM wave in free space (-- 0.3 m·ns-1). e' and e" are the real 

and imaginary part of the complex dielectric permittivity, also known as the dielectric 

constant and loss factor, respectively. e' represents the electric potential energy that can 

be stored in the material in the form of polarization under the influence of an EM field, 

and e ' ' represents the dissipation or loss of part of this energy in the form of heat when 

the EM field is removed (Sahin and Ay, 2004). For a given frequency, the complex 

permittivity (e*) can be expressed as: 

E* = c' - if'' 

Equation 8.2 

where the complex number i = R. 

The relative permittivity (er) of a material is the ratio of the complex absolute 

permittivity (e*) to the vacuum permittivity (eo = 8.8541 x 10-12 F·m-1)_ In the GPR 

frequency range and for low-loss materials, e'' is often small compared to e' and it can 

be neglected for dielectric materials such as soil (Topp et al. 1980, Huisman et al. 2003), 
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bulk vegetation (Ulaby and Jedlicka, 1984) and wood (Rodriguez Abad et al. 2011). In 

such cases, the velocity can be approximated by: 

C 
V ~-

vi 
Equation 8 .3 

Based on the data presented by Torgovnikov ( 1993) measured at 915 MHz, we 

determined that such approximation leads to a negligible error on the computed velocity 

ranging from 0.06% to 0.28% for Populus sp. and Picea sp. logs having MC ranging 

from 5% to 80% at 20°C. At -l 5°C, the error was 0.28% for Picea sp. wood at 58% MC. 

However, the use of Equation 8 .3 leads to an approximation of e ', which is called the 

apparent permittivity and simply noted e (Huisman et al. 2003). 

One of the main factors influencing the wood dielectric properties is its MC 

(Torgovnikov 1993; Bucur 2003). According to Lin (1973), wood MC alone accounts 

for more than 94% of the variability in e '. The apparent permittivity, as well as e ', 

increases with increasing wood MC, and the empirical relationship between both 

parameters is linear or curvilinear for measurements made with the electric field that is 

parallel (II; Table 8.1) or perpendicular (..l; Table 8.2) to the wood grain direction. 

Indeed, wood anisotropy strongly affects its physical and dielectric behavior. As a 

consequence, at microwave frequencies, e '11 is up to three times higher thane '.L· However, 

in this study, only the latter case (e '.L) is considered. e' and e" depend also on the 

frequency, wood density, tree species, temperature, and wood tissue type (Norimoto and 
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Yamada 1972; Lin 1973; James 1975; Norimoto 1976; Norimoto et al. 1978; Peyskens 

et al. 1984; James et al. 1985; Torgovnikov 1993; Salas et al. 1994; Duchow and 

Gerhardt 1996; Kabir et al. 1997, 1998, 2001; Afzal et al. 2003; Bucur 2003; Sahin and 

Ay 2004; Daian et al. 2005, 2006; Paz et al. 2006; Koubaa et al. 2008; Holmes et al. 

2013). 

8.3. Materials and Methods 

The log samples and the data sets are identical with those described in Part 1 (Hans et al. 

2015). The two-way travel time tr (ns) of the GPR signal through the log can be 

computed as the diff erence between the arrival times of the direct and refl ected waves 

of the GPR traces. Knowing the GPR antenna separation a (m) and the thickness ( or 

diameter) of the log d (m), the velocity v (m·ns-1
) of the GPR signal can be computed as 

(Figure 8.1 ): 

2 .J d 2 + (O.Sa)2 
v=------

tt + td 

Equation 8 .4 

where tr al c (ns) is the travel time of the direct wave from transmitter to receiver 

through the air. The antenna separation of the GPR (TRI 000 manufactured by Sensors 

& Soft ware, Inc., Mississauga, Ontario, Canada) in this study was 7 cm. From Equation 

8.4, it is evident that the accuracy of the velocity measurement depends on the accuracy 

of the two-way travel time (tr) measurement, that is, on the accurate determination of the 
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arrival times of direct and reflected waves. This was done as follows. The DC offset was 

removed from the GPR traces and time O correction was performed on 14% amplitude 

threshold. This time O corresponds to the arrival time of the direct wave and was easy to 

determine. The arrival time of the reflected wave can be determined from the D trace. 

The latter contains only the reflected wave because · the direct wave is removed by 

subtracting the M trace from the W trace. 

Transmitter Receiver 

d 

Medium 

Air Ez < Et 

Figure 8.1: Schematic representation of the GPR reflected signal route in a medium. 

However, several D traces have low signal-to-noise (SIN) ratio probably due to the 

slight displacement of the GPR antenna on the disk surface between the measurements 

of M and W traces. The low SIN ratio did not allow the determination of the arrival time 

of the reflected wave based on 14% threshold. To overcome this limitation, a two-step 

approach was tested. First, the SIN ratio of D traces was computed following Giroux et 
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al. (2009), where the SD of the noise (an) was calculated with the 35 first time samples 

of D traces. All traces having an SIN ratio lower than 5 were removed from the data set. 

Second, to determine the arrival time of the reflected wave, three algorithms were tested, 

namely, the modified Coppens method (Coppens 1985), the entropy method (Sabbione 

and Velis 2010), and the MER algorithm (Han et al. 2010), which were developed for 

the automatic determination of first breaks on seismic traces. The MER algorithm 

produced the best and most consistent results and was also the fastest in terms of 

computational time. The arrival time of the refl ected wave on each trace presenting an 

SIN ratio higher than 5 was therefore determined based on the MER algorithm with a 

time window of 25 sampling points. Because a time O correction was previously applied 

to each trace, the arrival time of the reflected wave corresponds to the two-way travel 

time (t1) of the GPR signal through the log. However, because the arrival time of the 

direct wave serves as the reference, the time between the transmission of the GPR signal 

and the first reception is not taken into account in the two-way travel time (t1) computed 

by this method. This time corresponds to the travel time of the direct wave from 

transmitter to receiver (td) and must be added to the two-way travel time (t1) of the GPR 

signal through the log to be exact [as in Equation 8.4]. The velocities computed from 

Equation 8.4 are then inserted in Equation 8.3 to determine the apparent permittivity e. 

Empirical relationships (simple linear regression models) between e and wood MC were 

established for the three wood species (black spruce, quaking aspen, and balsam poplar), 

the two log states (thawed and frozen), and the two directions of measurement [cross

section (CS) and through the bark (TB)]. These relationships will be called hereaft er as 

the PV model. The performance of the linear model is assessed based on the coefficient 
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of determination (R2
) and the root mean square error (RMSE). Signal processing and 

data analysis was performed with routines implemented in R statistical computing soft 

ware V3.0.2 (Ihaka and Gentleman 1996). 

8.4. Results and discussions 

8.4.1. Wood properties 

As several GPR traces with an SIN ratio lower than 5 and their corresponding samples 

were removed from the data set, the range of log properties investigated here slightly 

differs from that described in Part 1. The essential data are presented in Table 8.3. The 

average±SD MCs are 36±19% (quaking aspen), 45±24% (balsam poplar), and 33±15% 

(black spruce). The corresponding basic specific gravity (BSG) data are 0.406±0.021, 

0.358±0.035, and 0.438±0.028, respectively. Several black spruce logs had diameters 

smaller than 15 cm. Thus, the average diameter of this species was 20±6 cm, whereas 

that of the two other species was (26±4 cm). 

8.4.2. Relationships between log MC and apparent permittivity 

The relationships obtained between the apparent permittivity ( e) computed with 

Equation 8.3 and wood MC are presented in Table 8.3. The graphical comparison in 

Figure 8.2 is based on the models obtained by Torgovnikov (1993) for Populus sp., 

Picea sp., and a frozen wood (unknown species). 
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Table 8.1: Literature results on empirical relationships between wood moisture content (MC) and the real part of its permittivity ( e ') or 
its apparent permittivity (e) measured at ultra-high frequency and at room temperature (20-25°C) with the electric field oriented 
parallel to the wood grain direction. BSG: basic specific gravity; RMSE: root mean square error; R 2: coefficient of determination. 

MC 
Model Frequency range Density Wood RMSE 

no. (GHz) (%) (kg m-3r) BSG type<?> Relationship<3> (%) R2 Species Instrument Lit. 

0.91 0-115 0.370 s MC= -5.24 + 4.30·e' 5.45 0.98 Populus tremuloides Michx. Resonator 

2 0.91 59-133 0.380 s MC= 8.09 + 3.94·e' 6.29 0.94 Betula papyrifera Marshall Resonator 

3 0.91 46-136 0.390 s MC= -11.25 + 5.50·e' 4.73 0.98 Betula al/eghaniensis Britt. Resonator 

4 0.91 43-102 0.420 s MC= -6.61 + 5.13-e' 4.20 0.97 Acer saccharum Marshall Resonator 

5 0.91 5-80 470 H MC = 0.44 + 3.49·e' 1.61 0.99 Popu/ussp. Standard waveguide 2 

6 0.91 5-120 420 H MC= -4.49 + 5.07-e' 2.24 0.99 Piceasp. Standard waveguide 2 

7 0.91 5-120 420 H MC= -4.83 + 2.12-e' 4.77 0.96 Larixsp. Standard waveguide 2 

8 0.91 5-120 420 H MC = -1.38 + 2.97-e' 1.02 0.99 Betula sp. Standard waveguide 2 

9 1.00 0-100 590-600* 
MC= -28.58 + l 5.44·e' - l.84·e' 2 

0.26 0.99 Hevea brasi/iensis Mull. Arg. 
Open-ended coaxial 3 + 0.11 ·e' 3 

- 0.002·e' 4 probe 

10 1.60 10-130 490* MC= -4 + 7·e - 0.12·e2 + 4· 10-4·e3 0.96 Pinus pinaster Ait. GPR 4 

11 2.45 10-30 MC =4.36 + 2.13-e' 3.65 0.80 
Picea mariana (Mill.) Britton, Open-ended coaxial 5 
Stems & Poggenburg probe 

12 2.45 10-30 MC= 1.58 + 3.95·e' 0.94 0.99 Abies balsamea (L.) Mill. 
Open-ended coaxial 

5 
probe 

13 2.45 10-30 MC = 4.68 + 2.48·e' 3.58 0.81 Larix laricina (Du Roi) K. Koch 
Open-ended coaxial 5 
probe 

14 2.45 0-28 0.363 s MC= -25.04 + l 7.35·e' - 0.98·e' 2 1.47 0.97 
Popu/us x Euromericana cv. I- Slotted waveguide 6 
214 

15 2.45 0-28 0.475 s MC= -27.73 + 16.05·e' -0.72·e' 2 0.30 0.99 
A/nus g/utinosa subsp. Barbata 

Slotted waveguide 6 
(C.A. Mey) Yalt 

16 2.45 0-28 0.658 s MC = -32. 74 + 16.35-e ' - 0. 76·e' 2 0.88 0.99 Fagus orientalis Lipsky. Slotted waveguide 6 

17 3.00 10-30 MC= 3.04 + 0.57-e' + 0.81 ·e' 2 0.20 0.99 Pinus sy/vestris L. Slotted waveguide 7 

<
1
> Oven-dry density and density measured at 12% MC(*); <2> S and H stand for sapwood and heartwood respectively; <

3
> When relationships were not provided, second or fourth 

order polynomials were fitted using the plot data according to the indications given by the authors and linear models were fitted when no indication was available about the form of 
the curve. Lit. 1: Kouba et al. (2008); Lit. 2: Torgovnikov (1993); Lit. 3: Kabir et al. (1998); Lit. 4: Rodriguez Abad et al. (2011); Lit. 5: Afzal et al. (2003); Lit. 6: Sahin and Ay 
(2004); Lit. 7: Peyskens et al. (1984). 
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Table 8.2: Literature results on empirical relationships between wood moisture content (MC) and the real part of its permittivity (e ') 
measured at ultra-high frequency and at room temperature (20-25°C) with the electric field oriented perpendicular to the wood grain 
direction. Abbreviations as indicated in Table 8.1. 

MC 
Model Frequency range Density Wood RMSE 

no. (GHz) (o/o) (kg m-J)<•> BSG type<2> Relationship<3> (o/o) R2 Species Instrument Lit. 

18 0.91 5-80 470 H MC= -10.42 + 9.l4·e' 2.57 0.98 Populussp. Standard waveguide 2 

19 0.91 5-120 420 H MC= -15.52 + 10.89·e' 1.99 0.99 Piceasp. Standard waveguide 2 

20 0.91 5-120 420 H MC= -1.72 + 3.73-e' 0.76 0.99 Larixsp. Standard waveguide 2 

21 0.91 5-120 420 H MC= -7.12 + 6.64·e' 2.09 0.99 Betula sp. Standard waveguide 2 

22** 1.00 0-100 400 MC = -140.61 + 88.64·e' 1.81 0.99 2 

23 1.00 0-93 590-600* 
MC= -5.90 + 1.81-e' + 0.66-e' 2 

0.54 0.99 Hevea brasiliensis Mull. Arg. 
Open-ended coaxial 

3 - 0.04·e' 3 + 6-10-4·e' 4 line 

24 2.45 10-30 MC= -2.80 + 4.88·e' 3.11 0.85 
Picea mariana (Mill.) Britton, Open-ended coaxial 

5 
Stems & Poggenburg probe 

25 2.45 10-30 MC= 6.22 + l. 76·e' 3.73 0.80 Abies balsamea (L.) Mill. 
Open-ended coaxial 5 
probe 

26 2.45 10-30 MC= 5.82 + l.85·e' 3.34 0.83 Larix laricina (Du Roi) K. Koch 
Open-ended coaxial 5 
probe 

27 2.45 0-28 0.363 s MC= -59.51 + 50.89·e ' - 7.08·e' 2 0.49 0.99 Populus x Euromericana cv. 1-214 Slotted waveguide 6 

28 2.45 0-28 0.475 s MC= -42.57 + 32.11 ·e' - 3.40·e' 2 0.99 0.98 
A/nus glutinosa subsp. Barbata 

Slotted waveguide 6 
(C.A. Mey) Yalt 

29 2.45 0-28 0.658 s MC = -41.4 7 + 26.30·e' - 2.38·e' 2 0.97 0.99 F agus orientalis Lipsky. Slotted waveguide 6 

601-
30 2.45 0-95 718 MC= -15.17 + 6.82-8' 3.63 0.99 Eucalyptus globulus Labill. Standard waveguide 8 

31 3.00 10-30 MC= -35.41 + 27.70·e' -2.49·e' 2 0.17 0.99 Pinus sylvestris L. Slotted waveguide 7 

32 4.81 12-150 
0.380-

MC= 8.80 + 5.87-e' 4.48 0.99 
Pseudotsuga menziesii (Mirb.) 

Hom antenna 9 
0.460 Franco 

<h Oven-dry density and density measured at 12% MC (*); <2> S and H stand for sapwood and heartwood respectively; <3> When relationships were not provided, second or fourth 
order polynomials were fitted using the plot data according to the indications given by the authors and linear models were fitted when no indication was available about the form of 
the curve.(**) Model #22 was obtained at-20°C. Lit. 8: Daian et al. (2006); Lit. 9: James et al. (1985); Other literature as indicated in Table 8.1. 

w 
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The best fitting for all cases was achieved with a simple linear regression. In comparison 

with the literature results (Table 8.1 and Table 8.2), the presented models have higher 

RMSE (8 - 16%) and lower R 2 (0.43 - 0.86). Several reasons are conceivable for these 

deviations. Most of the models presented in the literature were calibrated from clear 

wood samples that have similar density or BSG, which contained no or few defects and 

did not have curved surfaces. 

In contrast, the logs tested here covered a wide range of BSG variations (Table 8.3), had 

a curved surface (for TB measurements), and contained several knots as well as cracks 

for specimens with low MC. This results in scattering data points (Figure 8.2), higher 

residuals errors, and RMSEs. Lundgren (2005) and Hansson et al. (2006) already 

showed that, at a microwave frequency of 10 GHz, the variations in wood density are 

causing a spread in the MC-permittivity relationship. However, at the frequency used in 

this work (1 GHz), density and BSG effects are probably minor, as suggested in Part 1. 

In comparison, the round shape of the logs might have a much higher influence because 

it generates high noise levels, which hamper the accurate determination of the arrival 

time of the reflected wave (Redman et al. 2014). However, this effect was limited by the 

fact that the traces presented an SIN ratio lower than 5 were removed from the data set. 

This is the reason why different numbers of samples are presented in the various plots of 

Figure 8.2 and in Table 8.3. 
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Table 8.3: Empirical relationships obtained between the log moisture content (MC) and apparent permittivity (e) measured using a 
1GHz central frequency GPR (all models are significant with p-value < 0.001). 

w 
0 
\0 

MC(%) 
Direction State S~ecies range 

Aspen 8 - 74 
Poplar 13 - 101 

Thawed Hardwood 8 - 101 
Spruce 9- 78 

cs All seecies 8 - 101 
Aspen 9 - 75 
Poplar 14 - 96 

Frozen Hardwood 9 - 96 
Spruce 9- 63 
All seecies 9 - 96 
Aspen 8 - 77 
Poplar 14 - 100 

Thawed Hardwood 8 - 100 
Spruce 11 - 61 

TB 
All seecies 8 - 100 
Aspen 9- 73 
Poplar 14- 96 

Frozen Hardwood 9- 96 
Spruce 13 -63 
All seecies 9-96 

Abbreviations as indicated in Table 8.1. 

Apparent 
permittivity Diameter 

range BSG range range {cm} 
1.3 - 14 0.372 - 0.447 15.7 - 36.2 

2.1 - 16.2 0.271 - 0.444 18.9 - 35.1 
1.3 - 16.2 0.271 - 0.447 15.7 -36.2 

1.4 - 7.4 0.374 - 0.505 10.4- 34.5 
1.3 - 16.2 0.271 - 0.505 10.4-36.2 

1.3 - 5.9 0.372 - 0.447 15.7 -36.2 
1.5 - 5.7 0.275 - 0.444 18.9- 35.1 
1.3 - 5.9 0.275 - 0.447 15.7 -36.2 

1 -4.6 0.393 - 0.505 10.9-22.2 
1 - 5.9 0.275 - 0.505 10.9-36.2 

1.8 - 8.1 0.372 - 0.447 15.7 -36.2 
1.2 - 11.1 0.295 - 0.444 18.9 - 35.1 
1.2 - 11.1 0.295 - 0.447 15.7 -36.2 

1.8 - 7.5 0.374 - 0.501 10.4- 34.5 
1.2 - 11.1 0.295 - 0.501 10.4-36.2 

1.4 - 5.3 0.372 - 0.447 15.7 - 33.5 
1.6 - 4.1 0.271 - 0.444 18.9-34.5 
1.4 - 5.3 0.271 - 0.447 15.7 -34.5 
1.4 - 4.3 0.393 - 0.505 12.6-22.2 
1.4 - 5.3 0.271 - 0.505 12.6-34.5 

RMSE 
Relationshi~ {%Mq R2 N 

MC = -0.34 + 6.4·e 10 0.73 123 
MC= 0.81 + 6.7·e 10 0.86 115 

MC= -0.022 + 6.7·e 10 0.83 238 
MC= -11 + 9.8·e 11 0.51 226 
MC = 1.2 + 6.8·e 11 0.73 464 
MC= -18 + 16·e 12 0.56 130 
MC= -18 + 18·e 16 0.43 93 
MC= -18 + 17·e 14 0.48 223 
MC= -6.6 + 13·e 11 0.47 81 
MC= -14 + 16-e 14 0.50 304 

MC= -2.1 + 7.6·e 11 0.64 88 
MC= 1.9 + 7·e 15 0.61 51 

MC= -0.38 + 7.3·e 13 0.63 139 
MC= -1.4 + 6.8·e 8 0.54 122 
MC= -1.6 + 7.2·e 11 0.61 261 

MC = -23 + 20·e 10 0.67 114 
MC = -40 + 29·e 12 0.63 74 
MC = -24 + 22·e 12 0.59 188 

MC= -2.4 + 12·e 10 0.46 63 
MC= -14 + 17·e 13 0.49 251 



8.4.3. Comparison of the PV and PLS methods 

Log MC was generally estimated with higher accuracy (lower RMSE) based on the PLS 

regression method compared to the PV method. The situation was different in the case of 

TB measurements on the frozen hardwood species (quaking aspen and balsam poplar), 

for which the PV models provided higher accuracies compared to the PLS approach. 

This discrepancy can be explained by the fact that several traces presenting low SIN 

ratio were removed from the frozen data set for the PV models, whereas these traces 

were included in the PLS models. Also, because more samples were removed from the 

TB than from the CS data sets, the PV method leads apparently to better models based 

on TB than on CS measurements for frozen logs (Table 8.3). However, as already shown 

in Part 1, TB measurements are usually noisier. 

As pointed out by Hans et al. (2014), the asset of the PLS approach is that it is capable 

of coping with measurements from thawed and frozen logs in the same model. In 

contrast, Table 8.3 indicates that this is not the case for the PV method. Lower apparent 

permittivity values ( e) were systematically estimated for frozen than for thawed log 

models. An abrupt increase of e with a factor 2 is noted for moist wood at 0°C, as it was 

also observed by Torgovnikov (1993). The corresponding slope of the plots from frozen 

wood is higher than that from thawed wood (Figure 8.2). Above and below the 0°C zone, 

the scattering of the plots as a function of temperature is small, and the models presented 

here are mainly independent of the temperature. Thawed wood models are in good 

agreement with the models of Torgovnikov ( 1993) for the same wood and with 

measurements made at similar frequencies (Figure 8.2A and B). Rodriguez Abad et al. 

(2011) found a third-order relationship for Pinus pinaster Ait. timber (Table 8.1). One of 
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the reasons for deviations from literature data may be due the higher frequency (1.6 

GHz) applied by the quoted author. Moreover, the electric field orientation ( II in the 

literature and ..l here) was also different. Additionally, the arrival times in the quoted 

paper were determined according to the maximum amplitude of the first positive peak of 

the direct and reflected waves. Such approach would be difficult to apply to round logs 

due to the clutter and ringing present in the GPR signal, which hampers the accurate 

identification of the maximum amplitude of the reflected wave. It would in turn lead to 

higher errors in the estimation of the travel time of GPR signal and to overestimations of 

e. Therefore, the method based on the MER algorithm (Han et al. 2010) applied in this 

study is more robust for round logs. For frozen wood (Figure 8.2C and D), the 

discrepancies from the data of Torgovnikov (1993) (measured at -20°C from unknown 

wood) were even higher. 

The models obtained for quaking aspen and balsam poplar are very similar to each other. 

However, for hardwoods and softwoods, different models are adequate. Distinct e values 

between softwood and hardwood species were also found by Duchow and Gerhardt 

( 1996) , who explained these differences in terms of porosity and anatomy of hardwood 

and softwood species. Thus, a generalized model for all wood types is less accurate. 
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Figure 8.2: Relationship between the MC and apparent permittivity (c:) of quaking aspen, 
balsam poplar, and black spruce thawed and frozen logs for the measurement performed 
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8.5. Conclusions 

The PV method led to linear relationships between log MC and apparent permittivity (e) 

for all three wood species in both thawed and frozen states. The accuracies of the PV 

models are generally lower than those of the PLS models presented in Part 1. The large 

data scattering is probably due to the large variation of properties ( diameters, defects, 

and BSG) of the log samples in question and due to the noise generated in the GPR 

signal by the poor surface-antenna coupling (particularly in the case of measurements 

performed TB) and by the interferences of reflections coming from the log edges. It was 

shown that an MER algorithm developed for the automatic detection of first breaks on 

microseismograms can be used to determine the arrival time of the reflected signals of 

GPR traces. However, such algorithms can only be applied to GPR traces with high SIN 

ratio, which is often not the case for GPR traces collected from round logs. 

In contrast to the PLS regression method, different PV models are needed for the MC 

determination of thawed or frozen wood and of hardwood or softwood species. The PV 

models are applicable below and above the 0°C point independent of the temperature, 

but it is not reliable at approximately 0°C. Further studies are needed to assess more 

accurately the dielectric properties of wood at approximately 0°C and their impact on the 

MC estimation. In this perspective, PV models that take the temperature effect into 

account when predicting MC could be designed, such as done by Gao et al. (2014) in the 

acoustic domain for MOE estimation. The dielectric properties of the sapwood, the 

heartwood, and the bark should also be investigated in more detail in terms of their 

effect on the GPR signal. 
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The PV method has two main advantages. First, it covers a large wood volume, as it is 

based on the velocity of the signal traveling through the whole log. In comparison, the 

PLS regression method relies heavily on the earlytime GPR signal that has a reduced 

penetration depth. Second, PV models are more easily transferable among GPR 

instruments with the same central frequency than PLS regression models. 
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Chapter 9. Conclusions 

Three sensors were tested for real-time and non-destructive estimation of log moisture 

content (MC), air-dry density and basic specific gravity (BSG): a portable near-infrared 

(NIR) spectrometer, a time-resolved NIR laser device and a ground penetrating radar 

(GPR). The technical details of each sensor are summarized in Appendix B. While the 

NIR spectrometer and the GPR were operated in reflectance to measure MC and BSG, 

the time-resolved NIR instrument was used in transmittance mode to estimate air-dry 

density. 

Two kinds of models were used to assess the wood properties: physical and statistical 

models. Physical models involved the measurement of intermediate physical parameters, 

such as the optical coefficients (in the case of the time-resolved NIR analysis) or the 

apparent permittivity (in the case of the GPR). Relationships were then established 

between these physical parameters and the wood properties of interest. A first physical 

model was presented relating the absorption coefficient measured at 846 nm using time

resolved NIR to the wood air-dry density. This model could predict air-dry wood density 

with a root mean square error (RMSE) of 0.047 g·cm-3 and had a coefficient of 

determination (R2
) of 0.56. A second physical model, called the propagation velocity 

(PV) model, was established to relate the apparent permittivity measured using the GPR 

signal to the wood MC. To establish this model, the arrival time of the reflected wave 

from the GPR signal was determined using an algorithm originally designed for first

break picking on noisy micro-seismograms. The best model obtained for the prediction 

of wood MC using this method had a RMSE of 10% and an R2 of0.86. 
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Statistical models were presented to relate the NIR spectra and the GPR waveform 

directly to the property of interest (MC or BSG). Statistical models generally lead to 

better prediction accuracies than physical models. Using NIR spectroscopy and partial 

least square (PLS) regression, the best models obtained for log BSG prediction had a 

RMSE of 0.022 (R2 = 0.60) for quaking aspen and balsam poplar (both species 

combined in the same model) and of 0.019 (R2 = 0.78) for thawed black spruce. The best 

PLS regression model built using the early-time GPR signal for log MC prediction was 

obtained with balsam poplar and had a RMSE of 7% (R2 = 0.95). The lower prediction 

accuracy obtained with the physical models can be explained by the fact that the error 

associated with the computation of the intermediate variables is added to the total 

prediction error of the wood property. Moreover, the PLS regression method utilizes all 

points of the NIR spectra or GPR trace to exploit all of the information available in the 

data, while physical modeling often exploits only part of this information. Generally, 

moisture content was best predicted using the GPR (of 1 GHz central frequency), while 

BSG was best predicted using the NIR spectrometer (working in the 939.5 - 1796.6 nm 

range). Variation in wood BSG was found to have an insignificant effect on the GPR 

signal. However, the prediction accuracies and robustness of the models depend not only 

on the wavelength used, but also on several wood properties ( such as the anisotropy, 

heterogeneity, state and the species investigated), as well as on the shape and size of the 

log scanned. The variability of these parameters should be taken into account in the 

calibration model in order to be able to perform robust predictions. 

It is clear that the prediction accuracies of the wood properties depend on the range of 

wavelength (or frequency) used. Although different sensors using fundamentally 
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different regions of the EM spectrum were utilized, the effect of the spectral range used 

by each sensor to perform the prediction was not investigated in this thesis. Portable 

spectrometers using larger NIR spectral ranges or different regions, particularly longer 

wavelengths of the NIR spectrum, should be tested to improve BSG prediction because 

multiple absorption bands of cellulose, hemicellulose and lignin are assigned to longer 

NIR wavelengths. Similarly, time-resolved NIR measurements should be performed 

using multiple wavelengths to improve the air-dry wood density prediction accuracies. 

Using multiple wavelengths could also help to measure the concentration of each wood 

constituent independently. Moreover, in future research, the ability of time-resolved NIR 

analysis to assess wood MC, BSG and air-dry density in reflectance mode should be 

investigated. The GPR performance in a transillumination configuration to measure 

wood MC should also be assessed. 

Wood anisotropy affects both NIR and GPR measurements. NIR spectra collected from 

the different wood sections (transversal, radial and tangential) presented different 

relative absorbance values. This is due to scattering differences of NIR radiations 

between the different wood sections. Indeed, it can be shown using the time-resolved 

NIR measurements that similar absorption but different reduced scattering coefficients 

are obtained for the different sections. We found with NIR spectrometry that better 

prediction accuracies were obtained from the spectra collected on the transversal section 

of the logs. Scattering differences between the log sections could probably be taken into 

account in a general PLS calibration model. Another option would be to correct the NIR 

spectra for scattering effect using optical coefficients measured using time-resolved NIR 

devices. Similarly, the GPR waveform is also affected by the wood anisotropy, because 
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measurements performed with the electric field oriented parallel to the grain direction 

present higher permittivity values than those performed with the electric field 

perpendicular to the grain. However, in this thesis, the electric field was always kept 

oriented perpendicular to the grain. Further work is required to better assess the 

difference of scattering properties between various wood sections. Concerning the GPR, 

models relating the permittivity and the MC of the wood need also to be established with 

the electric field oriented parallel to the fiber direction. 

As reviewed in Chapter 1, the heterogeneity of the wood also highly affects the variation 

of the properties at different locations and scales. On the same wood sample, properties 

at one location might be very different to those at another location. Moreover, wood 

properties depend also on the scale or volume considered. For example, at the ring scale, 

high density variations are observable between earlywood and latewood, while at the log 

scale, moisture content variations can be observed between sapwood and heartwood. 

Therefore, the determination of the wood properties depends on the type of wood (i.e., 

the part of the tree) investigated and volume under consideration. The characterization of 

a small wood volume on a sample might not always correctly reflect its average 

properties. Since it is usually the average log properties that are used in the forest 

industry, increasing the volume probed helps to better assess the average log properties. 

The volume probed depends on the area scanned and the radiation penetration depth. 

The area scanned with the NIR spectrometer was increased by taking multiple 

measurements on the cross section of the logs on both the sapwood and the heartwood, 

and by averaging them to perform prediction of the average MC and BSG of the logs. It 

was noticed that the average spectra gave better prediction of the average log properties 
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than the sapwood and heartwood spectra considered independently. PLS-DA was also 

performed from these measurements, and the sapwood and heartwood could be 

identified with an overall accuracy of 79%. The area scanned with the GPR in some 

cases covered the entire cross section of the log or was even larger. GPR measurements 

were therefore directly representative of the average properties of the log and the two 

types of wood (namely, sapwood and heartwood) were probed at the same time. The 

penetration depth depends mostly on the wavelength of the EM wave. For NIR based 

sensors, since the wavelengths used are short, penetration depth in wood is generally 

smaller than 1 cm. The sampling depth of the early-time GPR signal was estimated to 

vary between 8.3 and 21.7 cm while the one with the full GPR signal corresponds to the 

diameter of the log. As a result, very small volumes were probed using NIR 

spectroscopy and time-resolved analysis (::S 770 mm\ while larger volumes were 

investigated using the GPR (~ 400 cm3). 

The effect of the species was different for NIR and GPR measurements. The difference 

between the species could be detected with NIR spectrometry. For example, using PLS

DA, quaking aspen and balsam poplar could be identified with an overall accuracy of 

98%. However, it was shown that the different species could be included in a same PLS 

calibration model to perform MC and BSG prediction independently of the species. The 

effect of the different species on the GPR signal did not appear to be significant. For 

example, using the early-time GPR signal, the MC of balsam poplar logs could be 

predicted with a PLS regression model calibrated for quaking aspen with good accuracy, 

and vice versa. 
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The effect of the log state (thawed and frozen) on the measurement was a special focus 

of this thesis, because one of the objectives was to develop prediction models that can be 

used all year round in Canada ( and therefore handle measurement over frozen logs in 

mill yards during the winter). The log state, or more exactly the state of the free water 

inside the logs, was found to influence both NIR spectra and GPR signals. Indeed, shifts 

of the water absorption bands were observed in the NIR spectra due to the temperature 

change and higher scattering was also obtained from the frozen logs (probably due to the 

presence of ice). The log state also significantly influenced the amplitude of the GPR 

signal. The higher amplitudes measured from frozen than thawed logs were due to the 

low relative permittivity of ice (3.2 at -12°C) in comparison to that of water (80 at 20°C). 

Despite these effects, the prediction accuracies obtained from the PLS regression models 

were similar for thawed and frozen logs for both NIR and GPR measurements. In 

addition, a general PLS calibration model could also be built with all of the data 

( whatever the log state) that presented a prediction accuracy similar to those of the 

specific PLS models designed for thawed and frozen wood separately. However, for the 

GPR physical models, different calibrations had to be done due to the difference of 

permittivity between thawed and frozen logs. Further studies are needed to more 

accurately assess the performance of the NIR and GPR sensors around the 0°C point 

since the change of the state of the water dramatically influence the wood dielectric 

properties and might also influence the optical coefficients values. 

The log shape and size have an influence on the GPR signal due to the fact that the 

wavelength used by the GPR is much higher than the one of NIR. Measurements with 

the GPR were performed on the cross section and through the bark of the logs. For both 
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type of measurements, a significant effect of the log size and shape was observed in the 

signal. These effects were manifested as a distortion of the signal due to reflection 

coming from the edges of the logs, ringing and inadequate surface antenna coupling for 

through bark measurements. These effects mostly affected the prediction made from the 

physical model, since the algorithm used was not able to determine the arrival time of 

the reflected events from GPR traces presenting signal to noise ratios (SIN) lower than 5. 

Consequently, it was not possible to predict the MC of the corresponding logs. However, 

using the PLS regression method, log MC could always be predicted. The loadings 

applied to the data by the PLS algorithm make this method less sensitive to signal 

distortion. Through bark measurements for determining log MC could be performed 

with the GPR, but not with the NIR system. Since no bark removal is required, 

measurements could even be performed on standing trees. Future studies will need to 

examine with more details how the GPR signal is affected by the shape of the logs, the 

thickness of the bark and the difference of dielectric properties between the bark, the 

sapwood and the heartwood. 

The prediction capabilities obtained from the NIR spectrometer and the GPR were of 

sufficient accuracy to allow process improvement in the forest industry. Each sensor 

presents its own strength and weaknesses; therefore, combining multiple sensors 

together could be a step towards improving the assessment of diverse wood properties 

non-destructively and in real-time. The NIR spectrometer and the GPR are currently 

being tested in several mills across Canada for sorting logs into categories of more 

homogenous MC and/or BSG and assessing the benefit of using such sensors. Log 

sorting can be performed without necessarily estimating absolute values of the wood 
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properties concerned, but rather by assigning logs to classes of low, medium and high 

MC and/or BSG. For example, a better control of the log MC at the entrance of the 

Oriented Strand Boards (OSB) manufacturing process would help to decrease the 

number of fines generated and therefore increase the quality of the boards. Moreover, it 

could also help to decrease the energy consumption required to dry the strands. Many 

other processes in the forest industry could be improved with portable sensors that can 

be carried into the field to characterize in real-time and non-destructively the properties 

of logs and standing trees under both freezing and non-freezing conditions. 

Consequently, the quantity of wood residuals generated and the energy consumed by the 

forest industry would decrease, which would in tum lead to a decrease of production 

costs. In addition, this would also lead to an increase of the quality of the final wood 

products. 
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Appendix A. 

Partial least squares regression 

The goal of PLS regression is to predict Y, the response matrix, from X, the explanatory 

matrix, and to describe their common structure (Abdi 2010). X and Y are constituted of I 

observations (row) and respectively J and K variables (columns), with K usually being 

much greater than I (Figure A.1 ). In our case, Y is constituted of one single column 

which is the MC or BSG reference values. The K variables of the X matrix are either the 

wavelengths of the NIR spectra or the time samples of the GPR signals. There are I 

observations which are constituted each time of the reference and sensor data measured 

over one sample. 

J K 

y X 

J --·---·----

Figure A.1 : Response (Y) and explanatory (X) matrix. 

PLS regress10n searches for a set of latent variables that performs a simultaneous 

decomposition of X and Y with the constraint that these latent variables explain as much 
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as possible of the covariance between X and Y. It is followed by a regression step where 

the decomposition of Xis used to predict Y(Abdi 2010). 

There are several different PLS regression algorithms presented in the literature, such as 

the kernel algorithm (Dayal and MacGregor 1997), the orthogonal scores algorithm ( also 

known as NIP ALS algorithm) (Martens and Naes 1989) and the simple PLS (SIMPLS) 

algorithm (de Jong 1993). The orthogonal scores algorithm was used in this thesis and 

implemented using the pis package (Mevik and W ehrens 2007) in R statistical 

computing software V3.0.2 (Ihaka and Gentleman 1996). This orthogonal scores 

algorithm of Martens and Naes (1989) is now presented assuming that X and Y have 

been previously scaled and centered. Note that the operator" '" and the superscript" A" 

respectively designate the transposed matrix and the estimated parameter. 

For each latent variable a = 1, 2, ... , Amax, performs steps 1 to 5: 

Solve the equation: 

Xa-1 = UaW~ + E 

Equation A.1 

using the least square method to estimate the loadings w a· Note that for the first 

algorithm iteration, Ua has been given some start value ( e.g., the column in Ya-I with the 

largest sum of squares). The solution of Equation A. l is: 

Xf A 

- a-1Ua 
w = --:::===== a ,,.., X X' "' 

'V Ua a-1 a-1 Ua 

Equation A.2 

where the denominator is used for scaling purposes, to make the length of the final Wa 

equal to 1. Equation A.2 is represented by arrow number 1 in Figure A.2. 
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Estimate the scores fa using the model: 

Equation A.3 

Since w~wa = 1, the least square solution is given by: 

Equation A.4 

Equation A.4 is represented by arrow number 2 in Figure A.2. 

Estimate the explanatory loadings Pa using the equation: 

" I E Xa-1 = taPa + 
Equation A.5 

Which gives the least square solution: 

Pa= 
X I t" a-1 a 

t~ta 
Equation A.6 

Estimate the response loadings q0 using the equation: 

Equation A. 7 

Which gives the solution (arrow number 3 in Figure A.2): 

Equation A.8 
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Check if the algorithm converged (i.e., if the elements of tia have not changed 

meaningfully since the last iteration): 

If convergence is not reached, estimate temp~rary factor scores Ua using the 

following equation: 

Equation A.9 

Which gives the solution (arrow number 4 in Figure A.2): 

Equation A.10 

And go back to step 1. 

Else, go to step 5. 

Create the X and Y residuals by subtracting the estimated effect of this factor: 

Equation A.11 

Equation A.12 

Replace the former Xa-J and Ya-I by the new residuals E and/ respectively and increase a 

by 1. 
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Determine the best number of latent variable A to retain in the PLS calibration model 

and compute h0 and B corresponding to A according to the following equations: 

y = h0 +XB 

Equation A.13 

Equation A.14 

b' y-' - x-'B~ o= 

Equation A.15 

J 1 1 K 

iYa I Ua Xa 
I 

' ·-I I 
I I 

1 I, , qa [ ! Wa 1 

Figure A.2: Schematic representation of the PLS algorithm steps. 

The performance of the PLS regression model is most commonly assessed using three 

parameters: the root mean square error (RMSE), the coefficient of determination (R2
) 

and the ratio of performance to deviation (RPD). The coefficient of determination 

measures the proportion of the total variation accounted for by the model (Kusumo 
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2009). It is computed to assess the quality of the fit (proportion of the variation 

explained by regression line) and is defmed as: 

R2 = 1 - L(Y - Y)2 
L(Y - Y) 2 

Equation A.16 

where Y and Y are the measured and estimated value of the variable and Y is the average 

of all the Y value measured. The coefficient of determination can be computed for the 

calibration and the validation PLS models using their respective datasets. For the 

calibration model, the value of R2 is always between O and 1, while, for the validation 

model, R2 can takes negative values. Another interesting property of R2 is that, in the 

case of a simple linear regression model, it is equal to the square of the correlation 

coefficient and it can be shown that (Chatterjee and Hadi 2006): 

R2 = [Cor(Y,X)] 2 = [Cor(Y, Y)] 2 

Equation A.17 

where X represents the predictive variable. Note that since it is squared, R2
c will always 

take positive values. While the R 2 measures the proportion of the total variation 

explained by the model, it would also be useful to have a measure of the precision of the 

prediction (i.e., the expected error made when predicting a value with the model with 

regards to the actual value). 
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This can be done using the root mean square error (RMSE), which is defined as the 

standard deviation of the model residuals: 

RMSE = J:cr; P/ 

Equation A.18 

where N is the number of samples used in the model. The RMSE can be computed for 

the calibration and the validation PLS models using their respective datasets. Assuming 

that the data set follows the normal distribution, it is expected that 68% of the actual 

values (Y) fall within Y ± RMSE (Lind et al. 2004). The relationship between measured 

(Y) and predicted (Y) values should follow a 1: 1 trend with no intercept. 

The last parameter, the ratio of performance to deviation (RPD), is most often calculated 

only for the validation model and is defined as the ratio of the standard error of 

prediction to the standard deviation of the measured data in the validation set (Williams 

1987): 

SD(Y) jN ~ 1 L(Y-Y)2 

RPD = RMSE = RMSE 

Equation A.19 

The RPD attempts to scale the error in prediction with the standard deviation of the 

property. If the error in estimation is large compared with the standard deviation, then 

the model is not performing well (Minasny and McBratney 2013). 
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However, the RPD does not add any additional information to what is already given by 

R2 and RMSE since it is actually inversely related to R2 according to the following 

equation (Minasny and McBratney 2013): 

1 
RP D = ---;:=== 

~(1- R2) 

Equation A.20 

Moreover, the RPD assumes normally distributed data since it is based on the standard 

deviation and therefore does not correctly represent the spread of non-normally 

distributed populations. In the latter case, Bellon-Maurel et al. (2010) recommended the 

use of a ratio of performance to interquartile range (RPIQ), which would better represent 

the spread of the population. 

PLS regression typically requires the user to define the number of latent variables 

(components) used in the model. Theoretically, it is possible to compute K latent 

variables (Geladi and Kowalski 1986). However, a few of them are usually sufficient to 

give good prediction accuracies and additional latent variables will increase model 

complexity. The adequate number of latent variables to be used in PLS regression 

models is usually determined by cross-validation. One of the most common methods 

used is the leave-one-out (LOO) cross-validation. This method consists in taking out the 

observations one by one, calibrating a model with the observations remaining and 

predicting the one taken out. Therefore, I validation are performed independently 

(Bertrand 2005). One advantage of PLS regression is that statistics such as RMSE and 

R2 can be computed for every latent variable. This is an ideal means of following the 
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model-building process (Geladi and Kowalski 1986). Hence, it is possible to examine 

graphically the change of the cross validation model ' s RMSE with the number of latent 

variables used in the prediction (Figure A.3). The number of latent variable is chosen in 

order to minimize both, the RMSE of the cross validation model and the number of 

latent variables. For example, the graphic presented in Figure A.3 suggest that 8 latent 

variables would be suitable. The additional latent variables mostly describe noise present 

in the data (Geladi and Kowalski 1986). This number of latent variable in then used to 

build establish the final prediction model. This technique was used for most of the 

models presented in this thesis. 
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Figure A.3: Change of RMSE of the LOO cross-validation model for the prediction of 
black spruce logs MC. 
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Appendix B. 

Technical details of the sensors 

Table B.1: Technical specifications of the sensors investigated for monitoring wood 
properties. 

Model 

Company 
Address 

Picture 

Emission 

Reception 

Configuration 
Portable 
Wavelength 
(nm) 
Diameter of 
the area 
scanned (mm) 
Estimated 
penetration 
depth in wood 
(mm) 
Estimated 
wood volume 
probed (mm3) 

NIR 
spectrometer 

Phazir1
M 

Thermo Fisher 
Scientific Inc., 

81 Wyman 
Street, Waltham, 

MA, 02451 , 
USA 

Tungsten bulb 
Single photo

detector 
Reflectance 

Yes 

939.5 - 1796.6 

7 

:S 770 

Time-resolved NIR 
device 

Prototype 

Graduate School of 
Bioagricultural Sciences, 
Nagoya University, Furo
cho, Chikusa-ku, Nagoya, 

464-8601 , Japan 

Pulsed laser 

Streak camera 

Transmittance 
Not yet 

846 

2 

:::; 8 

:S 100 

GPR 

TRlOOO 

Sensors & 
Software Inc., 1040 

Stacey Court, 
Mississauga, ON, 

L4W 2X8, Canada 

Dipole antenna 

Dipole antenna 

Reflectance 
Yes 

3·107 

150 

2'.: 80 

2'.: 400 
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