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ABSTRACT 

Spring weight restrictions (SWR) are imposed by transportation agencies to reduce heavy 

vehicle loads during spring thaw when road infrastructure is most susceptible to traffic 

damage. Smartphone devices can be used to monitor surface roughness by converting the 

accelerometer output into International Roughness Index (IRI) values. This research 

explored the potential of using these devices to monitor IRI as an indicator of thaw-

weakening potential during spring thaw to contribute to an evidence-based framework to 

support real-time changes to SWR. 

Roughness was monitored on a 1 km section of two New Brunswick highways, Route 105 

(collector) and Route 616 (local), over the SWR period employed by the New Brunswick 

Department of Transportation and Infrastructure (NBDTI) from March 15 to May 17, 

2015. Data from both locations show a similar trend in the progression of roughness, with 

an IRI peak within the first 2 weeks of SWR, followed by a decrease in IRI that reached 

baseline values 2 weeks before the end of SWR.  The maximum IRI for Route 105 was 

2.54 m/km (baseline 1.35 m/km) and maximum IRI for Route 616 was 6.60 m/km 

(baseline 3.34 m/km).  In both cases, maximum IRI was approximately double baseline 

values.  Changes in roughness observed with these devices could be associated with 

trigger values to initiate a protocol to respond to drastic weather changes, including 

focusing strength testing efforts. The results suggest weekly monitoring would be 

sufficient during the spring thaw, with a doubling in frequency desirable when 

temperatures change drastically. A framework and monitoring guidelines were developed 

for the inclusion of mobile roughness in the SWR decision-making process. 
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 Introduction 

Spring weight restrictions (SWR) are seasonally imposed by transportation agencies in 

cold weather climates to reduce allowable truck gross vehicle weights for a time period 

encompassing the maximum loss in road strength associated with the spring thaw.  

Multiple methods have been developed to assist transportation agencies in selecting start 

and end dates for SWR; however, most quantitative methods heavily rely on the collection 

of pavement performance data and subsurface measurements (Chapin et al. 2009). 

Monitoring of the load bearing capacity of pavements is commonly performed to support 

decision-making with respect to SWR dates and percentage load reductions; however, 

collecting strength data is expensive and time consuming. The monitoring of surface 

roughness (quantified through the International Roughness Index or IRI) could be used 

indirectly to quantify frost heave as an indicator of thaw-weakening, but is typically 

collected by an expensive specialized vehicle and only when the road is the strongest.  

At a time when many agency operating budgets are increasingly restricted, labour 

intensive network data collection efforts are also becoming limited, leading to a scarcity 

of road performance data to support decision-making. Agencies such as the New 

Brunswick Department of Transportation and Infrastructure (NBDTI) have adapted by 

moving to a policy-based decision making process regarding SWR.  Prior to 2013, NBDTI 

monitored structural capacity of roads on a weekly basis to support SWR, testing is now 

performed only on a by request basis.  

The current process relies on historical strength data combined with weather forecasts to 

choose restriction dates and relies on past experience to close or restrict roads in response 

to drastic weather changes. NBDTI also collaborates with neighboring provinces to 
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harmonize restriction dates (C. White, personal communication 2015). While NBDTI 

appears to have measures in place to support SWR decision-making on an annual basis, 

like many agencies they have limited capacity to collect real-time road performance data. 

Many transportation agencies appear to have limited data to respond to real-time changes 

that could influence the practicality of the restrictions. 

Recent research at the University of New Brunswick (UNB) explored whether road 

performance data scarcity could be overcome by leveraging the computing power and 

ubiquity of smartphone technology (Hanson et al. 2014).  The researchers successfully 

converted the accelerometer output from consumer-level smartphone technology into IRI 

values comparable to a Class I inertial profiler.  They concluded that smartphones could 

be the platform for a low-cost, high-speed road surface monitoring system by pairing 

devices with existing highway agency vehicles, increasing network coverage and enabling 

continuous collection of road roughness data.  

1.1 Problem statement  

The potential for continuous collection of road roughness data raises the possibility of 

using smartphone devices to address the scarcity of performance data during spring thaw 

when road infrastructure is most susceptible to traffic damage, yet no research has 

explored this.  IRI calculated from these devices could be used as an indicator of thaw-

weakening and provide a valuable screening tool to focus strength testing efforts to 

confirm the weakening and take the appropriate action. Research is needed to understand 

the performance of the device as it collects data over the spring thaw, and how data from 

the device would be incorporated into an evidence-based decision framework to support 

decision-making regarding SWR by agencies such as NBDTI.  
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1.2 Project significance 

The problem of seasonally weakened pavements exists at the provincial, territorial and 

municipal level in Canada as well as in other parts of the world including the United States, 

Asia and Europe. Improving SWR decision-making processes is crucial to reduce 

economic and performance losses to the trucking industry, and maximize maintenance 

costs savings. In New Brunswick for example, trucking gross vehicle weights can be 

reduced to 80% on some provincial highways (including resource highways) for two 

months, therefore the trucking industry would benefit from minimizing the restriction 

window.  Conversely, enacting the restrictions a week later than suggested by strength 

tests can shorten pavement life by 4% to 8%, equivalent to 2-4 weeks of additional 

pavement damage every year for a 20 year service life (Montufar and Clayton 2002), 

which is why an agency would benefit from maximizing  the restriction window.  The 

challenge is that in the absence of an evidence-based process to respond to weather 

changes, restriction dates may not be aligned to maximize benefits to both parties. In New 

Brunswick, SWR are set by NBDTI. Historically, NBDTI monitored structural capacity 

to support the SWR decision-making. Dynaflect deflection testing was performed on a 

weekly basis on 40 affected control sections and combined with weather forecast to guide 

the implementation and removal of restrictions (Bullock et al. 2006; C-SHRP 2000). Due 

to budgetary constraints, NBDTI ceased to monitor deflections in 2013. Dynaflect testing 

can be performed on a by request basis if funding is available (C. White, personal 

communication, 2015).  Data collection of pavement performance indicators is now only 

performed on certain highways for asset management purposes on a 3-year cycle basis. 

Surface roughness of arterial, collector and local asphalt surface highways and structural 
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capacity of arterial and collector asphalt surface highways is collected typically during 

fall to represent baseline conditions without seasonal influences (Cunningham et al. 

2010).   

Collecting strength data is a slow, complicated and costly process creating the opportunity 

for cost reduction, time savings and an increased frequency in data collection by 

integrating the use of this technology in support of SWR. Employing this on a network at 

a provincial basis could allow for real-time collection of IRI data by instrumenting fleet 

vehicles with this technology. The real-time data could be used to enhance the planning 

and implementation of SWR. The adjustment of these policies could benefit both the 

province and the trucking industry. 

1.3 Research hypothesis 

If smartphone accelerometer technology can be used to observe the effect of seasonal 

weather changes on IRI, then a network-wide road roughness monitoring system could be 

used to support an evidence-based SWR decision-making process based on IRI as an 

indicator of thaw-weakening potential.  

1.4 Research goal and objectives 

The goal of this thesis was to assess the value of real-time monitoring of road roughness 

using smartphone technology to support the SWR decision-making process. In order to 

achieve this goal, the following objectives were completed: 

1. Monitor changes in IRI on two different road classes over the time NBDTI 

employs SWR using smartphone technology 
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2. Analyze the data to identify if IRI changes significantly during this time period 

and between observations 

3. To relate changes in IRI to known weather patterns 

4. Gain a better understanding of the processes for enacting SWR at NBDTI 

5. Develop a framework to incorportate IRI data from smartphone devices into the 

SWR decision-making process. 

The IRI values could potentially serve as a screening process for highway agencies to 

identify areas of excessive or problem heaving on which to focus their structural adequacy 

tests. This could lead to the identification of a trigger value when IRI change drastically 

enough to warrant a change in restrictions. 

1.5 Scope  

This research assessed the value of routine monitoring of road roughness during the 

seasonal weather changes occurring in the spring. For the study, collection of smartphone 

accelerometer data was performed during the time NBDTI employs SWR (March 15, 

2015 to May 17, 2015). The accelerometer data were transformed into IRI data by third 

party software. The study was limited to two road segments of approximately one 

kilometre in length within the Fredericton area: Route 105 near Douglas and Route 616. 

Both sections are posted to 80% during spring weight restrictions. The data were analyzed 

to determine if IRI collected with smartphone technology changes notably or significantly 

during the spring thaw and whether it can be correlated with weather patterns. A possible 

framework for the incorporation of IRI data from smartphone devices into the SWR 

decision-making process and data collection guidelines were developed.  Exclusions from 
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the scope included: identifying an IRI-based trigger value; the specific details of a 

montoring plan if deployed at an agency level; communication and data processing needs 

if deployed at an agency level. 

1.6 Thesis organization 

The remainder of the thesis is organized in the following manner: Chapter 2 provides 

background and a review of the literature conducted to explore topics relevant to the 

performance of pavement structures over the spring thaw period, including pavement 

performance indicators and data collection techniques, climatic influences and methods 

used to establish SWR periods. The chapter also provides an overview of Canadian 

practices for SWR as well as a more in depth description of the decision-making process 

in New Brunswick. Chapter 3 describes the methodology for this research, including data 

collection procedure and analysis. Results of the analyses are presented and discussed in 

Chapter 4.  A framework for the incorporation of IRI data from smartphone devices into 

the SWR decision-making process and data collection guidelines developed based on the 

results of the study are proposed in Chapter 5. The main conclusions drawn from the study 

are  summarized in Chapter 6 followed by recommendations for future work. 
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 Literature Review 

Large parts of Asia, Europe, Canada and the United States are considered seasonal frost 

areas. These geographic regions are characterized by average temperatures during any 

calendar month equal to or less than 0ºC or frost penetration to a depth of 0.3 m 1 year in 

10 (Kestler 2003). Seasonal variations experienced in these areas, such as freeze-thaw 

cycles (FTC), cause changes in temperature and moisture which affect the performance of 

pavements causing premature deterioration and failure. The maintenance-free life of 

pavements in seasonal frost areas averages less than half that of similar pavements in non-

frost areas (Kestler 2003).  

The following sections of the literature review explore topics relevant to the performance 

of pavement structures over the spring thaw period, such as pavement performance 

indicators and data collection techniques, climatic influences and methods used to 

establish SWR periods. 

2.1 Pavement performance indicators  

Pavement performance can be quantified using various indicators. A few measures are 

described in this section. 

2.1.1 Surface roughness: the International Roughness Index 

Roughness is used as an indicator to define overall pavement condition and performance. 

The Transportation Association of Canada (TAC) establishes IRI as the standard 

roughness data collection and analysis technique for pavements in Canada (Tighe 2013). 

IRI was developed by the World Bank to provide time-stable, transportable, and relatable 

road roughness values that could be collected by practitioners worldwide. IRI is a 
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summary statistic that characterizes road roughness based on the simulated response of a 

standardized quarter-car moving over the longitudinal profile of the road. The roughness 

value is expressed in distance of accumulated vertical travel per horizontal distance 

travelled (m/km) (ASTM International 2015; Tighe 2013). Figure 2-1 shows levels of 

roughness varying with speed typically observed for different surfaces.   

 

 

Figure 2-1 International Roughness Index (Sayers et al. 1986) 

Equipment used to measure road roughness can be categorized by accuracy and reliability 

as follows (Tighe 2013; Sayers et al. 1986): 

• Class 1 – Precision Profiles (true longitudinal profile of wheel track); 

• Class 2 – Other profilometric methods (non-biased methods);  

• Class 3 – Response type devices (devices that can be correlated to IRI); 

• Class 4 – Subjective ratings (panel ratings). 
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2.1.2 Structural capacity 

Pavement performance can be assessed by the strength of a pavement. Canadian standards 

categorize methods to evaluate the structural capacity of the pavement as non-destructive 

and destructive testing. Destructive methods include direct field measurements such as 

probe holes, test pits and coring with material sampling (Tighe 2013). Non-destructive 

testing focuses on characterizing pavement layer properties through deflection testing. 

Surface deflection is defined as the pavement surface’s vertical deflected distance as a 

result of an applied load. Deflection is used to quantify a structure’s ability to transfer 

loads and can be used in back calculation methods to determine structural layer stiffness 

and subgrade resilient modulus (Pavement Interactive 2010). Non-destructive testing 

methods are separated into the following categories: static deflection or slow moving 

devices, vibratory devices, and dynamic impact type devices (Tighe 2013).  

Common testing instruments used in North America are the Benkelman Beam, the Falling 

Weight Deflectometer (FWD), and Dynaflect (Tighe and McLeod 2011). The Benkelman 

Beam is a static deflection device that measures deflection in response to a static load, 

providing a single deflection measurement (Pavement Interactive 2010). FWD is an 

impulse load deflection device which applies a temporary load on the pavement surface. 

The load is similar in magnitude and duration to that of a single axle load at moderate 

speed. A standard weight is dropped onto a loading plate and the resulting pavement 

deflection basin is measured at intervals spaced radially outwards from the plate (ASTM 

International 2009; Montufar and McGregor 2006). Dynaflect is a vibratory structural 

evaluation device; similar to the FWD it measures the deflection basin resulting from a 

dynamic load (ASTM International 2008).  
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2.1.3 Applications of smartphone/embedded technology in pavement management 

Modern smartphones and vehicles are equipped with various useful sensors - such as 

accelerometers and Global Positioning Systems (GPS) - and wireless communication 

technology. Smartphone devices are cellular phones with integrated computer capabilities, 

typically having touchscreen interfaces, internet access and the ability to run software 

applications and store data (Dictionary.com n.d.). The potential of using these devices for 

low-cost, widespread data collection has been recognized in recent years and their use in 

pavement management applications is increasing. Smartphones allow for the 

simultaneous collection and wireless transmission of accelerometer and location data.  

Research incorporating the technology in the field of pavement management has mostly 

been focused on detecting road anomalies, such as bumps and potholes. Numerous 

systems to monitor road surfaces have been developed by researchers using different 

algorithms; some of these system use external sensors in cars while others use smartphone 

technology or a combination of both (Mednis et al. 2011). Systems using smartphones 

typically allow for real-time collection of data, while the use of external sensors may 

require the data to be downloaded after the event.  

Researchers from the Massachusetts Institute of Technology were among the first to 

explore the technology for the detection of road anomalies through a monitoring system 

called the “The Pothole Patrol”. Taxis in the Boston area were equipped with mobile 

vibration and GPS sensors to identify potholes and other severe road surface conditions 

through anomalies in accelerometer data. Manual inspection of potholes reported by the 

system indicated that over 90% were in need of repair (Ericksson et al. 2008). In 2010, a 

crowdsourced smartphone application was launched based on this research. The app Street 
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Bump allows for the collection of anonymous GPS and accelerometer data on city streets 

which is analyzed to identify potholes. Once a pothole was identified by three different 

road users, Boston’s road maintenance crews received geographical data, allowing them 

to go out and make repairs (DataInformed 2013).  

Recently, the use of smartphone technology in measuring standard road roughness was 

explored. A feasibility study was performed at UNB in 2012 to evaluate the technology’s 

potential to measure IRI. A framework was developed for converting raw vertical 

acceleration data into IRI using signal-processing techniques and the repeatability and 

performance of the process was tested under controlled and real world settings (Hanson 

and Cameron 2012). The study yielded promising results for the method’s ability to 

accurately determine standard road roughness and further research was performed at UNB 

to improve and validate the process. The smartphone technology yielded values to within 

1% of values collected by a Class 1 inertial profiler on a one kilometre long test section 

on Route 105 in Fredericton, NB (Hanson et al. 2014). Different scenarios were compared 

to identify the effect of varying vehicle suspension, smartphone device, mounting 

arrangement and location, and speed under real world settings. Varying factors were not 

found to have a significant impact on results except for the mounting arrangement of the 

device, and IRI results were found to be higher at higher speeds for two of the three 

vehicles (Hanson et al. 2014). The framework uses various software packages and 

methods resulting in a lengthy process; it is currently being automated into a smartphone 

application to facilitate further testing and the quick processing of a large amount of data. 

Researchers at the University of Illinois also developed a framework to convert vertical 

acceleration data collected using android-based smartphones to IRI values. In this process, 
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the pavement profile is obtained through numerical double integration of the acceleration 

data to position data. IRI values are then calculated from the profile using the ProVAL 

software. A smartphone application, Roughness Capture, was developed using this 

process and when tested was found to have an acceptable level of repeatability for its 

intended application. When compared to an industry-standard inertial profiler, values 

obtained through the application were found to be similar, although specific numbers have 

not been published. The experiment observed test sections with different levels of 

roughness and correlation was found to be weaker at higher levels of roughness. The 

system does not account for suspension damping and the need to develop calibration 

factors was identified (Islam et al. 2014). The use of double integration is the most direct 

method to obtain a road profile from accelerometer data to calculate IRI; however, each 

integration step adds error making this method less reliable than the use of signal-

processing techniques (Cameron 2014).   

2.2 Factors influencing pavement performance 

Extensive research has been conducted to evaluate the effect of different factors on 

pavement performance. The major contributing factors to pavement deterioration are 

weather and climate factors, structural and maintenance characteristics, traffic loading, 

and construction (Mills et al. 2007).  

2.2.1 Long-term pavement performance studies 

The Federal Highway Administration’s Long-Term Pavement Performance (LTPP) study 

considers Northern States and Southern Canada as a deep-freeze climate region. Findings 

indicate that pavement roughness progresses more rapidly in wet deep-freeze zones. In 
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areas of moderate and deep frost penetration, considerable increases in roughness occur 

during the freezing season and subside during the following summer. Deep-freeze regions 

were also found to accumulate larger amounts of rutting and exhibit premature transverse 

cracking (Jackson and Puccinelli 2006). 

Grouping the Northern States and Southern Canada into one climate zone is reasonable 

relative to climates occurring in the Southern part of the states. While this provides some 

insight into climatic influences on pavement performance, climatic conditions vary 

significantly throughout Canada. The Canadian Strategic Highway Research Program’s 

(C-SHRP) LTPP study further breaks down data on the Canadian level to evaluate factors 

influencing roughness progression. The study identified NB as a wet, low-freeze zone 

characterized by high levels of precipitation, low depths of frost penetration in the 

subgrade and a relatively high number of FTC. Pavements in this zone were found to be 

more likely to see an increase in IRI than in dry or high-freeze zones. Overlay thickness 

and climatic conditions were identified as factors that have a significant effect on 

roughness progression. Finer subgrade soils were also found to affect IRI progression rates 

in wet, low-freeze zones. Findings from the LTPP study indicated that the relationship 

between moisture and IRI progression rates needs more research (Tighe 2002). 

Bae et al. (2008) conducted an experiment that identified the relationship between 

subgrade moisture parameters and pavement profile roughness through seasonal 

monitoring of pavement sections. Surface distortions contributing to roughness are 

characterized by wavelength and amplitude; wavelengths typically vary between 0.4 to 50 

m while amplitude can vary from a few millimeters to 200 mm (Fradette et al. 2005). In 

regions where freezing of the subgrade occur, it was observed that moisture variation 
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contributes to roughness deterioration. The experiment identified the relationship between 

moisture variations and pavement roughness on a broader scale than IRI. While the range 

of observed wavelengths encompassed the effects of moisture in wavelengths that do not 

contribute substantially to IRI, it was noted that for freezing sites the wavelengths most 

affected by moisture changes were 14.9 to 24.0 m which correspond to the frequency band 

that maximizes the IRI calculation (Bae et al. 2008). 

IRI encompasses multiple wavelengths and does not allow differentiation between the 

subgrade and surface influences to roughness. C-LTTP data were analyzed to identify 

different influences by separating wavelengths contributing to IRI into categories of short 

(0-2 m), moderate (2-5 m), and long wavelengths (>5 m). The moderate wavelengths 

correspond to the frequency that most affects the human body, thus suspensions have been 

designed to minimize vehicle motions at these frequencies. This is represented in IRI 

values since a quarter-car simulates a vehicle’s suspension system.  Long wavelengths are 

related to deformations occurring in the subgrade and generate vehicle oscillations that 

make driving uncomfortable. Results indicated that deep layers and subgrade soil play an 

important role in IRI deterioration and that frost action is a potential contributor to long 

wavelengths. Short wavelengths are indicative of surface distortions which induce 

steering vibrations and increase the risk of accidents.  Transverse cracking is the dominant 

form of distress affecting short wavelengths.  

Table 2-1 shows the proportion of the IRI value attributed to short and long wavelengths 

for C-LTTP sites in NB (Doré et al. 2002). Long wavelengths resulting from subgrade 

influences represent a large portion of IRI values.  
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Table 2-1 Percentage of IRI associated with short and long wavelengths (Doré et al. 2002) 

Site Wheel path Short 
wavelengths 
(<2 m) (%) 

Long 
wavelengths 
(>5 m) (%) 

Source of 
roughness 
deterioration 

Soil type 

84201011 

 

OWP  

IWP 

36.0 

35.0 

31.9 

28.9 

 Clayey and 
silty gravel 

8402041 

 

OWP  

IWP 

28.0 

28.0 

42.3 

43.1 

Deep 
layers/subgrade 

Silty sand 
and clay 

8406041 

 

OWP  

IWP 

40.0 

36.0 

34.8 

35.2 

 Sandy gravel 

OWP: Outer wheel path 

IWP: Inner wheel path 

 

In wet, low-freeze zones, such as NB, changes in the subgrade caused by seasonal changes 

play an important role in pavement performance; these findings validate the use of IRI as 

a roughness measurement over the spring thaw period.   

2.2.2 Frost action 

Temperature is known to be the climatic factor that most influences the performance of 

flexible pavements. In Canada, frost action and the associated thaw weakening are the 

most important climate-related processes that affect pavement deterioration.  Frost action 

occurs in the presence of frost susceptible soil, sub-freezing temperatures and moisture.  

Freezing air temperatures cause pavement structures to freeze from the surface downward. 

As the freezing front penetrates the structure, high soil suction develops drawing all 

available water to the freezing front. Excess water freezes and ice lenses develop, resulting 

in ice rich, low density soil. The volumetric increase associated with the freezing of water 
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is of approximately 9% (Craig 2004), resulting in a vertical displacement of the pavement 

layer known as frost heave (Tighe 2013; Doré and Imbs 2002). The process of frost action 

and the resulting frost heave is illustrated in Figure 2-2.    

 

Figure 2-2 Frost action in pavements (Kangas et al. 2000) 

For climatic conditions prevailing in Canada, frost heave often exceeds 100 mm and can 

reach 200 mm; peak values occur when frost penetration is deepest. Heaving of pavement 

surfaces at test sites in Quebec were reported to reach 10-15 mm before the frost front 

reached the subgrade, with sections reaching a total heave over 150 mm. This indicates 

that frost penetration in the subgrade is the major contributing factor to frost heave (Doré 

and Imbs 2002; Kangas et al. 2000; Doré et al. 2001).  

Frost heave is not always detrimental to pavement performance. In soils with uniform 

properties, heaving will be uniform; however, subgrade soils are generally heterogeneous 

causing differential heaving resulting in cracks and distortions at the surface. Experience 

in Quebec indicates that in pavements with general heaving of less than 50 mm differential 

heaving will not be noticeable, however if heaving exceed 80 mm differential heaving 

becomes a problem. Differential heaving can be measured indirectly through IRI by the 

differential between summer and winter values; however, agencies do not typically 

measure IRI in winter. The ministère des Transports du Quebec reports routine 
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measurements of differential heaving; trends in Quebec indicate IRI deterioration rate is 

above the normal rate (0.1 m/km/yr) when the differential between winter and summer 

IRI is greater than 1 m/km (St-Laurent 2012). 

Frost damage can include distortions (bumps or dips), wheel-path rutting, cracking 

(transverse, longitudinal and fatigue) and potholes. During winter months, swelling and 

depressions can form in the pavement profile as a direct result of subgrade freezing. Snow 

cover on road shoulders will restrict freezing resulting in a greater frost depth at the center 

of the structure, this transverse differential heaving is likely to generate excessive tensile 

stresses causing the pavement layer to fail along the longitudinal axis (Doré 2002). As 

temperatures cool, thermal contraction also occurs in the pavement structure. Cooling 

temperature will cause the asphalt concrete layer to contract, as flexible pavements are 

infinite along their longitudinal axis, the contraction is restricted and tensile stresses to 

accumulate. Transverse cracking occurs as stresses accumulated along this axis exceed 

the strength of the material (Doré 2002).  

Once cracking is initiated, pavement deterioration is accelerated. The infiltration of 

additional water through these cracks will increase the moisture content of the structure 

contributing to frost damage, as well as weakening the surrounding base layer amplifying 

damage caused by heavy vehicles.  In regions where deicing salts are used, their 

infiltration in cracks can cause significant localized differential heaving along transverse 

cracks; elevation differences along transverse cracks in Canada can be as high as 90 mm 

(Doré 2002).  
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2.2.3 Thaw weakening 

Air temperatures during spring months rise causing the pavement structure to thaw from 

the surface downward.  Changes in ground temperatures will lag behind changes in air 

temperature. Thawing of the pavement structure can begin when ground temperatures are 

still slightly below 0°C; studies report thawing begins at approximately -2°C (Janoo and 

Shepard 2000, Janoo and Berg 1990). As the thaw front progresses through the structure, 

water is released and is temporarily trapped in the thawed layer by the underlying 

impermeable frozen layer and pavement layer. Snow cover on road shoulders and ditches 

can cause differential thawing as thaw will occur faster under the snow-free road surface, 

restricting lateral drainage (See Figure 2-3). The thawing layer reaches moisture levels 

near saturation with high pore water pressure, which combined with low soil densities 

causes partial settlement and weakening of the structure; this issue is amplified in areas 

with high levels of precipitation. Reduced structural support can result in accelerated 

pavement damage (Shoop et al. 2007; Doré and Imbs 2002; Simonson and Isacsson 1999).  

This period, known as the critical thawing period, is then followed by the recovery period 

in which water drains from the thawed structure allowing complete settlement and gradual 

recovery of strength. Thaw weakening is a complex process dependent on the amount of 

frost heave present in the structure, the rate of thawing and the rate of consolidation (Doré 

and Imbs 2002). 
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Figure 2-3 Thawing in pavements (Kangas et al. 2000) 

Distresses resulting from frost action are at their peak during the critical thaw conditions 

and usually become less pronounced as the structure recovers (St-Laurent 2012; Schaus 

and Popik 2011; Kestler et al. 2005; Janoo and Barna 2002; Doré and Savard 1998; Raad 

et al. 1998). Damage during spring is mainly a propagation of existing distresses formed 

during the freezing period; however, fatigue cracking can occur almost equally in winter 

and spring; cracking is caused by partial thawing of the base as a result of intermittent 

FTC in winter and by the thaw-weakened base in the spring (Doré and Savard 1998).  

The base layer is responsible for the absorption of contact pressure from traffic and its 

distribution to the subgrade; in saturated conditions its inability to do so will cause upward 

pressures forming cracks and potholes around existing cracks in the wheel path.  Rutting 

is a form of deformation that occurs in the wheel path as a result of densification of the 

material and permanent deformation under a load. It is the main form of distress occurring 

in pavements as a direct result of being subjected to heavy loading while in their thaw-

weakened state (Mills et al. 2006; Shoop et al. 2007; Simonson and Isacsson 1999). 

Maximum damage was found to coincide with maximum unfrozen moisture content 

(Kestler et al. 2007).  
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2.3 Effect on  pavement performance 

In regions such as New Brunswick, where pavement structures are exposed to numerous 

FTC and high levels of precipitation, material properties of the structure are subject to 

change which affects pavement performance.  

2.3.1 Bearing capacity 

Numerous studies have been performed to try to characterize material behavior during the 

spring thaw process, commonly through laboratory resilient modulus measurements or 

field observations using deflection testing. Reported results are consistent, indicating 

strongest pavement conditions occur during the freezing period when the structure is 

completely frozen and relatively free of moisture followed by considerable decreases in 

the bearing capacity as thaw begins and water content rapidly increases within layers. 

Bearing capacity can also be affected by intermittent FTC in winter causing partial 

thawing of the base and slight reductions in bearing capacity.  

Thaw penetration into the subgrade is associated with the largest reduction in bearing 

capacity and pavements are their weakest when the structure is completely thawed just 

prior before recovery. Reductions in bearing capacity can range from 20-60%, with soil 

type and moisture content identified as the major contributing factors (Norouzi et al. 2013; 

Salour and Erlingsson 2012; Heydinger 2003; Kangas et al. 2000). Reductions in bearing 

capacity over the thaw-weakening and recovery process have reported load-induced 

damage 1.5 to 3 times higher than the average annual damage (Salour and Erlingsson 

2012). Figure 2-4 depicts how the pavement modulus changes as the moisture content of 



 

21 

the structure fluctuates, and the resulting effects on pavement distresses with or without 

SWR, which are noted as seasonal load restrictions (SLR) in the figure.   

Strength recovery can extend over a period of weeks or months depending on factors such 

as frost depth, soil type, water content and drainage conditions (Simonson and Isacsson 

1999). Studies in Minnesota have shown that overall deflections indicate a steeper 

increase in stiffness within 3 weeks of thaw completion, where strength levels recovered 

to 50% two weeks past the end of thaw (Ovik et al. 2000). Similarly, monitoring of 

pavement deflection in four structures in Manitoba indicated substantial recovery to 

within 14-15% of baseline deflections (September) on May 26 when pavement moisture 

content in the upper 1 meter of the pavement stabilized. Slow recovery of deflections 

occurred over the summer, on average 4% per month (Bradley et al. 2012) 

 

Figure 2-4 Functions of time during spring thaw and recovery: (a) moisture, (b) modulus, and (c) 

damage (Kestler et al. 2011) 
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2.3.2 Roughness 

The major factors that contribute to pavement roughness and its progression are the initial 

roughness of the surface, surface deterioration, heavy vehicle traffic, and differential soil 

movement caused by FTC (Fradette et al. 2005; Doré et al. 2001). Increasing precipitation 

is also noted as an important contributor to roughness progression as wet climatic regions 

are characterized with higher rates. Increasing precipitation during the freeze-thaw 

process affects surface distresses, which are reflected in the longitudinal profile of the 

road. IRI can be a consequence of distresses present over the freeze-thaw process 

including rutting, fatigue and thermal cracking (Qiao et al. 2013). 

Seasonal variations in freezing areas can cause significant changes in IRI; up to one m/km 

between summer and winter months can be expected. The effect is found to be more 

apparent for rougher pavements sections. Increases in roughness occurring during the 

freezing season can be up to double the summer IRI values and will subside during the 

following summer; however, residual roughness was found to remain after the spring 

thaw, possibly caused by new distresses formed during the process (Corley-Lay and 

Mastin 2009; Kameyama et al. 2002; Doré and Savard 1998). 

The two major factors contributing to the development of roughness over winter are the 

frost susceptibility of the subgrade and frost heaving of transverse cracks (Fradette et al. 

2005; Kameyama et al. 2002). Seasonal monitoring of pavement roughness in Quebec has 

shown increases early in the winter (December), IRI increases rapidly as the freezing front 

progresses through the structure and causes heaving of transverse cracks.  A clear increase 

in IRI occurs as a result of frost heave when the front reaches the frost-susceptible 

subgrade soil. A rapid decrease in IRI is observed during the early thaw period as crack 
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settlement occurs with the partial thaw of the pavement layer. Reduction of the IRI to near 

pre-freeze levels occurs when the thaw front has reached the subgrade soil (Fradette et al. 

2005). A study in Japan reports similar trends in IRI, indicating IRI reaches maximum 

value just before the maximum depth of frost penetration is achieved (Kameyama et al. 

2002). Van Deusen et al. (1998) observed that subsidence in frost heave corresponds to 

the approximate date of thaw completion and maximum deflection. 

2.4  WWP/SWR practices 

Frost action and thaw weakening are the major climate-related processes that contribute 

to premature pavement deterioration. During winter months, pavement structures freeze, 

ice formation causes a volumetric expansion of the structure known as frost heave. Frozen 

pavements exhibit higher load bearing capacity values than non-frozen structures. Warmer 

spring temperatures then lead to the thawing and settlement of pavement structures. 

Thawing progresses from the surface downward causing melt water to be temporarily 

trapped between the surface layer and the underlying frozen layer; during this critical thaw 

period, moisture levels in thawed layers reach near saturation.   

Flexible pavements are designed to transfer traffic loading vertically from one layer down 

to another, allowing the structure to bend without rutting or breaking. Under critical thaw 

conditions, pavements are unable to properly transfer traffic load through the structure; 

resulting load-induced damage can be 1.5 to 3 times higher than the average annual 

damage (Salour and Erlingsson 2012).  

It is challenging and costly to design pavements capable of withstanding very low 

temperatures in the winter and high temperatures in the summer while maintaining their 
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ability to support heavy vehicle traffic. Typically, only high traffic routes such as arterial 

highways are designed to be all weather, and as an alternative to designing all pavements 

to support loads at weakened times or on existing highways, SWR are applied by agencies 

in order to minimize pavement damage and rehabilitation costs. SWR restrict the axle 

loading on heavy vehicles in an effort to minimize load-induced damage to the weakened 

roads.  

Benefits of SWR are, amongst others, annual maintenance cost savings and pavement life 

extension (Levinson et al. 2004; C-SHRP 2000). The Federal Highway Administration 

reports that 20% and 50% weight restrictions can increase pavement life by 65% and 95% 

(Kavanagh and Shalaby 2013). Similarly, analyses of flexible pavements in Quebec have 

indicated that the use of SWR can result in an increase in average life expectancy of 

pavements between 6% and 14% (Baïz et al. 2008). While beneficial to highway agencies, 

SWR have a large economic impact on trucking agencies causing indirect effects to any 

industry with high reliance on trucking – such as the forest industry in New Brunswick 

(NB) (Levinson et al. 2004; CSHRP 2000; Chapin et al. 2009).  

In an attempt to counteract these impacts, certain agencies allow the use Winter Weight 

Premiums (WWP). WWP allow heavy vehicles to increase their loads during freezing 

conditions, increase can range from 10 to 25% on certain axles but are limited by the 

capacity of bridges and structures. It is assumed that the frozen structure is capable of 

withstanding additional loading without damage. WWP policies encourage a shift of 

spring loads into winter (CSHRP 2000), however, removing a 10% WWP one week late 

can shorten the life of a pavement by 5% to 12%, equivalent to 2.5-6 weeks of additional 

damage every year for a 20 year service life (Montufar and Clayton 2002). 



 

25 

2.4.1 Commonly used methods 

Various methods have been developed to assist agencies in predicting start and end dates 

for SWR. Techniques can be qualitative, such as the use of preselected dates, or 

quantitative. The use of preselected dates is convenient for trucking agencies, allowing 

them to more effectively manage their schedules; however, unpredictable climate every 

year makes it difficult to effectively determine start date and incorrect dates are likely. 

Over-conservatism resulting in early placement of the restrictions will create to economic 

losses to the trucking industry; on the other hand, late placement or early removal of the 

restrictions will lead to additional roadway damage and maintenance costs. Quantitative 

methods are more accurate but can be costly and rely heavily on the collection of field 

data. A major problem associated with field testing is the 3 to 5 day lag time that is 

required to notify the trucking industry of any change in restrictions (Chapin et al. 2009). 

A few commonly used methods are outlined in this section. 

The most common method to establish SWR is the limitation of pavement deflections or 

stiffness modulus estimated from deflections. Pavement deflections are monitored over 

the thaw-weakened period, agencies report performing one or two measurements a week, 

using apparatus such as the FWD, Benkelman Beam or Dynaflect (Tighe and McLeod 

2011). Restrictions are placed once deflections reach a specified threshold value and lifted 

when deflections fall below the threshold; values found in literature indicate 80% of fully 

recovered baseline moduli as an acceptable threshold value (Kavanagh and Shalaby 2013; 

Kestler et al. 2011). A major problem associated with limiting tests to weekly 

measurements is the difficulty to predict changes in pavement deflection between weekly 

measurements. If the thaw rate increases, the threshold may be reached between 
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measurements and restriction will be placed too late, alternatively, if the rate slows, 

restrictions may be placed too early (Goodman 2006).  Current methods of deflection data 

collection are time-consuming and costly, limiting opportunities to increase data 

collection (Chapin et al. 2009).  

Subsurface temperature sensors such as thermistors and thermocouples, and sensors 

indicating the state of ground (frozen or thawed) such as frost tubes and resistivity probes, 

can assist with SWR implementation. Common practice is to impose SWR when near-

surface temperatures rise to 0ºC; while these sensors are useful in predicting the onset of 

thaw, they do not provide assistance during recovery and aid in lifting SWR. These sensors 

can be combined with the use of a predetermined SWR period or subsurface moisture 

sensors such as Time Domain Reflectometers (TDR) and Radio Frequency (RF) Probes 

to determine when restrictions should be removed. Moisture can  be used as an indicator 

of modulus, the dissipation of moisture within the pavement structure indicates that the 

road is no longer highly susceptible to damage and SWR can be lifted (Kestler et al. 2011; 

Kestler 2003). The price of these sensors vary widely; certain sensors require manual 

extraction of data and some can be automated. Direct sensors can have shortcomings in 

terms of reliability and complexity. The price of acquiring a system varies widely based 

on requirements, their major downfall is that they are site specific (Yu et al. 2009; Kestler 

2003). 

Indices such as the Freezing Index (FI) and Thawing Index (TI) have been developed to 

quantify the intensity of a freezing or thawing season to assist practitioners in 

implementing and lifting WWP and SWR.  The depth of frost present in a pavement 

structure depends in part on the amount and duration of the temperature differential below 
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or above freezing at the ground surface allowing the simple use of daily air temperature 

to predict thaw. The FI, shown in Equation 2.1, represents the positive cumulative 

deviation between a reference freezing temperature (0ºC) and the mean daily air 

temperature for successive days (Ovik et al. 2000). Agencies can use the FI to implement 

WWP using a threshold value indicating that a certain frost depth is reached. The lifting 

of WWP is recommended immediately when thawing begins. 

𝑭𝑭𝑭𝑭 = ∑(𝟎𝟎℃− 𝑻𝑻𝒎𝒎𝒎𝒎𝒎𝒎𝒎𝒎)                 [E. 2.1] 

The TI, shown in Equation 2.2, represents the positive cumulative deviation between the 

mean daily air temperature and a reference freezing temperature (relates air and ground 

temperatures) for successive thawing days (Ovik et al. 2000). The TI can be used to predict 

the onset and duration of thaw using forecast air temperatures. Agencies place and remove 

SWR once the cumulative thawing index (CTI) reaches predefined thresholds. This simple 

method does not require any knowledge of pavement structures and can be used for any 

number of roads. The use of forecast air temperatures allows a 3 to 5 day window to notify 

trucking agencies of upcoming restrictions (Goodman 2006). 

𝑇𝑇𝑇𝑇 = ∑�𝑇𝑇𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 − 𝑇𝑇𝑟𝑟𝑚𝑚𝑟𝑟�                 [E. 2.2]                            

The reference freezing temperature was originally set at -1.7ºC based on work from the 

Washington Department of Transportation combined with a threshold of 15 to 30ºC-days 

was set for the start of SWR. The duration of thaw could be estimated using the following 

relationships (Mahoney et al. 1986): 
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𝑫𝑫 = 𝟐𝟐𝟐𝟐 + 𝟎𝟎.𝟎𝟎𝟎𝟎𝑭𝑭𝑭𝑭                      [E. 2.3] 

𝑻𝑻𝑭𝑭 = 𝟎𝟎.𝟑𝟑𝑭𝑭𝑭𝑭            [E. 2.4]  

The Minnesota Department of Transportation refined the equation by including the use of 

a variable reference temperature set at -1.5ºC on February 1st and decreasing by 0.56ºC 

each week in February and March to account for pavement warming due to solar radiation. 

The threshold of 15ºC-days and a fixed duration of eight weeks was recommended (Ovik 

et al. 2000).  

The province of Manitoba uses a reference temperature of -1.7ºC on March 1st that 

decreases 0.06ºC per day, with a threshold of 15ºC-days for the start of SWR and of 

350ºC-days, amongst other conditions, for their removal (Bradley et al. 2012). Both the 

Minnesota and Manitoba reference temperatures were found to successfully predict the 

start of thaw for the City of Ottawa when compared to measured Dynaflect deflections 

(Goodman 2006). A study evaluating the effect of climate change on pavement 

infrastructure in Southern Canada used a fixed reference temperature of -2ºC when 

calculating the TI. Locations for the case studies were spread across Canada and included 

Fredericton, NB. The threshold for SWR was set at 13ºC-days, with the additional criteria 

that the threshold be sustained and TI of 30ºC-days was attained within the next seven 

days with an average TI of no less than 21.5ºC-days (Mills et al. 2007).  

The original TI technique was modified to use a 0ºC as a reference eliminating the use of 

location specific reference temperatures. The technique uses annual sinusoidal 

temperature variations to approximate average daily air temperatures.  Ratios between air 

and pavement surface freezing or thawing temperatures (n-factors) are applied to the curve 
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to obtain an average surface temperature curve.  The daily temperature differences 

between the two curves can be added to measured average daily air temperatures to obtain 

estimated average daily pavement surface temperatures. Cumulative degree-days are used 

to determine the onset of thaw (Berg et al. 2006). 

2.4.2 Practices in Canada 

A summary of practices by Canadian agencies for establishing WWP and SWR developed 

based on the review of available literature can be found in Appendix A. TAC has identified 

the need for a load management best practice guide, the requested project is to be 

completed by May 2016 and include a comprehensive review of current practices with 

regards to allowing/limiting seasonal loads, allowable loads, and methods used to impose 

and enforce (start/end dates and triggers) used by various transportation agencies within 

Canada and from international jurisdiction and the state of technology available to assist 

agencies (TAC 2014).   

2.4.3 NBDTI SWR/WWP decision-making process 

NBDTI is responsible for a network of 16,300 kilometres of asphalt and chipseal surfaced 

highways and local roads on which WWP and SWR are employed (Cunningham et al. 

2010). In New Brunswick, SWR are set using a policy-based decision making process. 

The process is based on the use of historical strength data and knowledge as well as 

collaboration with the surrounding provinces of Quebec (QC) and Nova Scotia (NS) to 

ensure connectivity throughout truck routes. NBDTI ceased to monitor pavement 

deflections to support the SWR decision-making process in 2013 (C. White, personal 

communication 2015). 
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Highways part of the National Highway System are typically set to 100% due to their 

higher design standards, and restrictions of 10% and 20% are applied to a large portion of 

the province’s secondary highways. SWR are set to fixed levels of 100, 90 or 80%, 

historically these levels were selected based on maximum deflection data observed in the 

last 2-3 years, where, for example, roads experiencing below 70% of their baseline 

Dynaflect values in April (worst case scenario) were restricted to 80%. Allowances are 

made in certain cases for roads crucial to certain industries such as the maple syrup and 

pulp industries. Damage to these roads is accepted and offset through the province’s asset 

management system, where these secondary roads are identified as more important (C. 

White, personal communication 2015). 

Restrictions in NB are typically set within the first three weeks of March based on multiple 

years of experience with SWR. NBDTI announces the predefined start and end dates at 

the same time, the fixed dates can be adjusted according to forecasted temperatures. As 

warmer temperatures approach, the departments of transportation for the provinces of QC 

and NS are contacted. SWR are separated into two zones in NB, shown in Figure 2-5 

(NBDTI 2015). The zones allow NBDTI to set two different restriction schedules in the 

instances where both provinces have different start dates, where the restrictions in the 

northern zone can start with the restrictions in southern QC and the southern zone can 

parallel restrictions in NS. Prior to 2013, restrictions were lifted when Dynaflect values 

recovered to 90% of their baseline values and forecasted air temperatures indicate warmer, 

dry temperatures over the next three weeks. Restrictions are now lifted based on 

consultation with NS and QC. Restrictions can be extended at short notice based on 
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weather forecasts; however, restrictions periods are not shortened (C. White, personal 

communication 2015).  

 

Figure 2-5 Map of 2015 SWR (NBDTI 2015) 

In 2014, NBDTI partnered with Forest NB and piloted a WWP program allowing an 

additional weight of 2000 kg for forest industry vehicles on predefined roads (NBDTI 

2016a). The program was supported by three years of historical weather data from the 

province’s Road Weather Information Stations (RWIS) and automated frost probes. 
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Reported air temperatures were used to predict freezing and thawing conditions in roads 

using air freezing and thawing indices (NBDTI 2016b).    

The program has been renewed for the 2015-2016 winter season. A study of the loading 

effects of various forestry vehicle configurations relative to routes included in the WWP 

program has led to the refinement of the axle group allowances and the inclusion of 

additional routes in the program (NBDTI 2016a). The start of the WWP period was 

established based on average frost penetration reaching a depth of 1.0 m, in areas without 

frost probes the frost depth is estimated using Equation 2.5. WWP were removed when 

the five-day forecast indicated that the CTI will exceed the threshold of 10ºC-days 

calculated using a reference temperature of -0.6 ºC (NBDTI 2016b). 

𝑭𝑭𝑫𝑫 = 𝑪𝑪𝑭𝑭√𝑪𝑪𝑭𝑭𝑭𝑭            [E. 2.5] 

Where: 

 FD = frost depth (cm) 

 CFI = Cumulative freezing index (ºC-days) 

 CF = Frost depth coefficient (5.612 is used for NB) 

2.5 Summary of the literature review 

Multiple methods exist to assist agencies with the implementation of SWR; most methods 

rely heavily on the collection of pavement performance data and subsurface 

measurements. The majority of Canadian agencies rely on the monitoring of the load 

bearing capacity of pavements to support enacting SWR. Multiple studies have explored 

the effects of weather on pavement performance; the relationship between seasonal 



 

33 

changes and bearing capacity is well established. The strength of a pavement structure 

increases when the structure is frozen and free of moisture and decreases considerably 

during spring as the structure thaws and moisture content increases.  

Studies indicate a strong connection between roughness and seasonal changes, where IRI 

values increase as the structure freezes followed by a decrease over the spring thaw period. 

The relationship indicates the potential to use roughness as an indicator of strength to 

support SWR decision-making. There is a precedent for monitoring of seasonal changes 

in IRI for long-term pavement performance studies and research; however, it has not been 

done in a systematic way. 
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 Methodology 

There is currently a scarcity of road performance data for NBDTI to use during the 

decision-making process with regards to SWR. This research aimed to assess the value of 

real-time monitoring of road roughness using smartphone technology to support the SWR 

decision-making process. 

3.1 Study areas 

Roughness values were collected over two road segments in the Fredericton area to allow 

the comparison of roughness progression on two types of road. In order to be consistent 

with previous methods and align with the standard method of IRI data collection, the 

following criteria were used when selecting the test sections: 

• Speed limit of 80 km/h or higher; 

• Safe turnaround locations for the data collection vehicle; 

• Approximately 1 kilometre in length; 

• Limited changes in grade and horizontal alignment; 

• Perceived variability in longitudinal roughness; 

• Maintained by NBDTI;  

• Posted with spring weight restrictions. 

In addition to the descriptive criteria, both areas needed to be located in proximity of each 

other (maximum 30 minute drive) to limit driving time during data collection. 

The first test section is located on Route 105 (Figure 3-1), locally known as Clements 

Drive, west of the Carlisle Road on the North side of Fredericton.  This section, used in 

previous research at UNB, was found to also fit the criteria for this study.   
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Figure 3-1 Study area on Route 105 (From Google Maps) 

The section which was resurfaced in 2013 has a smooth asphalt surface as shown in Figure 

3-2; the resurfacing however, makes it impossible to compare new results to previous data. 

Prior to resurfacing, a standard inertial profiler measured the test section’s average IRI at 

2.60 m/km. Data logging only occurred on the eastbound lane. Route 105 is posted to an 

80% weight restriction during the spring thaw.  

With a newly resurfaced section as the first section, the second test section was selected 

to be a road of weaker strength and higher anticipated roughness to allow the comparison 

of roughness progression on two types of road. Review of the literature indicated that 

seasonal variation in roughness is significant in areas that experience freezing, where it 

holds especially true for pavements with measureable rutting and cracking.  A section of 

Route 616, locally known as Keswick Ridge Road, was chosen for the study (Figure 3-3).  
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Figure 3-2 Photo of the road surface at R105 

The surface of the section, shown in Figure 3-4, shows various types of pavement 

distresses including rutting and cracking. Data logging occurred in the southbound lane of 

the section. Route 616 is also posted to an 80% weight restriction during the spring thaw.  

For future reference, the test sections will be referred to as R105 and R616. 
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Figure 3-3 Study area on Route 616 (From Google Maps) 

 

Figure 3-4 Photo of road surface showing visible signs of distress at R616  
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3.2 Sampling 

The required sample size for test runs was estimated using the following equation 

(Dowdey & Wearden, 1983): 

𝐧𝐧 = (𝐕𝐕𝐕𝐕
𝐄𝐄

)𝟐𝟐      [E. 3.1] 

Where: 

 n = number of samples required 

 V = coefficient of variation 

 t = student “t” test statistic 

 E = acceptable error 

 

The coefficient of variation (COV) for the test section on Route 105 was found to be 

7.33% through previous testing (Cameron 2014).  This COV value for R105 was used 

under the assumption that the repaved section would be smoother and produce less 

variance between runs. The t-value at a 5% level of significance is 1.96 and an error of 

±10% was deemed acceptable level given that previous research has shown that roughness 

can increase up to 100% of baseline values. The required sample size was calculated to be 

3; however, this method assumed that the COV remains constant in every run. This is 

unlikely to be the case due to random experimental errors. In order to account for the 

possibility that the standard deviation is higher in subsequent tests, 4 runs were performed.  

A test run was performed to validate the sample size. 

3.3 Instrumentation 

The equipment was selected to replicate expected field conditions if this data collection 

method was to be performed by a highway agency such as the NBDTI. The selection of 
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equipment for this research was guided by the results of scenario tests conducted by 

Cameron (2014) and reported in Hanson et al. (2014).  The research compared different 

scenarios using three different smartphones, three different types of vehicles, three device 

mounting arrangements and two speeds (50 km/h and 80 km/h) to collect IRI.  

The Apple IPhone 5 was found to provide values close to the Class 1 profiler, and while 

it was not the smartphone identified to provide the best results, it was chosen based on the 

ubiquity of the device. An IPhone 5C equipped with the same accelerometer chip was 

used in this study. Table 3-1 summarizes key characteristics of the device and Table 3-2 

key mechanical characteristics of the accelerometer chip (ST Microelectronics n.d). 

Table 3-1 Key characteristics of device 

Device Accelerometer 
manufacturer 

Designation Range Application to 
log 
acceleration 
data 

Data 
recording 
frequency 

Output 

iPhone 
5C 

STMicroelectronics LIS3331DLH ±2.0g Sensor Log 32 Hz .csv 

 

Scenario testing by Cameron (2014) indicated that a 2011 Nissan Rogue and 2008 Ford 

F250 yielded significantly similar results when collecting data. The 2008 Ford F250 

owned by the UNB Department of Civil Engineering was used as the data collection 

vehicle. The vehicle was assumed to be representative of highway agency work vehicles 

that would likely be used by NBDTI if this data collection method was to be used. A 

windshield bracket was identified as the best device mounting arrangement; a 

commercially available bracket shown in Figure 3-5 was used for testing. The bracket by 
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iGRIP is specially designed for iPhones, the device is securely fastened in an upright 

position and the bracket is mounted to the windshield by a suction cup.  

Table 3-2 LIS3331DLH Mechanical specifications 

Parameter Range 

Measurement range ± 2.0 g 

Output data rates 0.5 Hz to 1 kHz 

Sensitivity change vs. temperature ± 0.1 %/°C 

Zero-g offset accuracy ± 20 mg 

Zero-g offset accuracy vs. temperature ± 0.1 mg/°C 

Operating temperature -40 to +85 °C 

 

  

Figure 3-5 Device mounting arrangement 

The speed of the vehicle was found to have no impact on the collection of data in 

Cameron (2014); a speed of 80 km/h was used to be consistent with data collection 

procedures outlined by Sayers et al. (1986). 
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3.4 Data collection procedure and time frame  

Data were collected three times a week over the time period NBDTI employs restrictions 

during the spring thaw. NBDTI’s 2015 SWR became effective at midnight on March 15th; 

the end date was initially set for May 10th for the southern part of NB but was extended 

until May 17th (NBDTI 2015). Data were collected for a total of nine weeks beginning a 

few days prior to the posting of the restrictions. Data collection was scheduled according 

to technician availability, a complete schedule can be found in Appendix B. Ideally, data 

collection would have been performed on a daily basis, however due to schedule 

limitations and equipment availability data collection was limited to three times a week. 

Three times a week was deemed to be practical and more realistic from a highway agency 

operating point of view. Data were collected during non-peak hours (9 to 11 AM or 1 to 

3 PM) to minimize transverse wandering of the vehicle due to traffic. Varying vehicle 

wheel paths causes variations in IRI between runs, transverse wandering of the vehicle 

can result in a 5-10% difference in IRI values for a divergence of 30 cm (Corley-Lay and 

Mastin 2009). 

Vertical acceleration caused by anomalies in the road profile was logged in the field using 

a third-party smartphone application SensorLog. The application logs data from the 

different sensors within the smartphone, including accelerometer data. The data stored in 

the form of comma separated value files (.csv) can be transferred to a computer by email. 

A detailed procedure on how daily monitoring runs are to be performed was developed in 

order to ensure that runs are consistent and experimental error is reduced. Factors included 

in the procedure are: 
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• Same instrumentation; 

• Consistent device set up (same location in vehicle);  

• Maintaining constant speed of vehicle; 

• Monitoring tire pressure to ensure consistency; 

• Consistent start and stop points for data collection. 

3.5 Data management/processing 

Raw accelerometer data collected in the field were processed into IRI values using the 

procedure developed by Cameron (2014). Data processing was performed by Total Pave, 

a startup company co-founded by Cameron, which develops tools to collect industry 

standard pavement condition using smartphone technology. The multi-step framework 

used to convert accelerometer data outlined in Figure 3-6 can be summarized into the 

following steps: 

1. Filtering the raw acceleration data to remove the effect of gravity on the device 

2. Applying a Fast Fourier Transform (FFT) to convert the dataset from the time 

domain to the frequency domain 

3. Converting acceleration signal into displacement using signal-processing 

techniques using vibration analysis software DATS Toolbox 

4. Converting back to time domain using and Inverse Fast Fourier Transform (IFFT) 

The result is a displacement dataset in the time domain representing the perceived road 

profile. The profile can then be used to calculate IRI through ProVAL, software developed 
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by the U.S. Federal Highway Administration.  Total Pave has automated this multi-step 

process allowing for quick processing of the large amount of data collected for this study. 

 

Figure 3-6 Conversion of raw acceleration to IRI (Cameron 2014) 

As each day of data collection involved 4 runs at both study areas, performing these runs 

three time a week over a nine-week period generated a large amount of data. It was crucial 

the data be indexed and managed effectively to avoid confusion between parties. Data was 

stored and shared with Total Pave through a folder on Google Drive, where data was 

stored in folders by study area, and then in separate folders by date. Each file was labelled 

to include route number, date, and run number according to the following format: 

rXXXmmmdd_#.csv. For example, the first run on Route 105 on March 12, 2015 is 

labelled r105mar12_1.csv. Data processed by Total Pave was shared in the same folder.  

3.6 Assumptions 

1. The research assumes that changes in roughness will be noticeable enough to be 

monitored using smartphone technology. 

2. Data collection using smartphones is as effective at high values of roughness as 

profilers. Previous research indicates lower levels of correlation for higher IRI 

values. For the purpose of this experiment value precision is not expected to be as 

important as the variations between the monitored values. 

3. The device used in monitoring has the same technology (accelerometer) and 

applications as devices used in previous research. 

Raw 
Acceleration

Centered 
Acceleration

Displacement 
Conversion 

(DATS Toolbox)

IRI Calculation 
(ProVAL)
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4. The road will be cleared of snow and any obstructions in order to measure the true 

profile of the road. 

5. The length of the two test sections will be sufficient to draw meaningful 

conclusions.  

3.7 Test run 

A test run was performed on March 11, 2015, in which 4 samples were collected at each 

section. The data were analyzed to establish that the selected sample size was sufficient 

on both sections and that the samples from the two test sections have equal variances. 

Descriptive statistics from the test run are shown in Table 3-3. The COV for both sections 

were less than the COV of 7.33% used to calculate the sample size, indicating that the 

sample size of 4 was appropriate for the two test sections. 

Table 3-3 Test run descriptive statistics 

Test section R105 R616 

Average IRI (m/km) 2.29 5.33 

Std. dev. 0.085 0.173 

COV 3.71 3.24 

 

A two-sample F-test for equality of variances was performed to determine if the samples’ 

variances differed significantly. The test assumes a null hypothesis that that the variances 

were equal, results found in Table 3-4 indicate that there is not sufficient evidence to reject 

the null hypothesis at a confidence level of 95%. The difference between the variations is 
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not statistically significant signyfing that the device can be used on roads of varying 

roughness and performs equally well on both roads.  

Table 3-4 Test run two sample F-test for variances 

Test section R616 R105 

Mean 5.33 2.29 

Variance 0.0298 0.0072 

Observations 4 4 

df 3 3 

F 4.14 

p-value 0.137 

F critical one-tail 9.28 

 

The F-test results justified the selection of a two-sample t-test assuming equal variances 

to determine whether the means of the samples differ significantly. The test results shown 

in Table 3-5 indicate that the null hypothesis where the means are equal should be rejected. 

The means of the two test sections are significantly different at a 95% confidence level, 

indicating that the device can sucessfully differentiate between the different levels of 

roughness of the two roads. 
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Table 3-5 Test run two sample t-test assuming equal variances 

Test section  R616 R105 

Mean 5.33 2.29 

Variance 0.0298 0.0072 

Observations 4 4 

df 6 

t-statistic 31.55 

p-value 6.73E-08 

t-critical two-tail 2.45 

3.8 Analysis 

A simple time-series experiment was used for the testing of the two test sections during 

spring thaw. A time-series experiment aims to show that change occurs over time only 

after the treatment has been administered (Leedy and Ormrod 2005). In this case, the 

treatment is the spring thaw effects caused by seasonal changes in weather. The use of a 

simple time-series experiment allows observation of the changes in road roughness at each 

test section during spring thaw.  

Data were collected on two road sections to allow the comparison of roughness 

progression on two types of road: a newly re-surface section (R105) and an older road of 

higher anticipated roughness (R616). A paired t-test was used to compare average IRI 

values between sections for the 26 data collection days; the paired t-test allows to compare 

means of independent pairs.  
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3.8.1 IRI changes 

Data collected over the observation period were analyzed using two-sample t-tests 

assuming equal variances to identify if there were any significant changes in IRI between 

the two road sections, as well as between readings on each individual road.  When using 

a t-test for analysis, there is always a possibility that null hypothesis is true and gets 

rejected, known as Type 1 error, which is equal to the level of significance (in this instance 

α=5%). When analyzing data using multiple t-tests, the error accumluates so ANOVA 

testing is used instead to control Type 1 error. However, for this study only two 

observations were compared to each other justifying the use of a t-test.    

The t-test type was selected based on results obtained from the test run which indicated 

that the samples had equal variances. The t-test determines if the means of the runs are 

statistically different allowing the comparison of IRI changes over the study period. The 

tests assumed a null hypothesis that the means between the samples are equal. The null 

hypothesis is rejected if the the t-statistic obtained is greater than the critical t-statistic. 

The critical value for two-tailed tests was used to identify significant changes whether 

they be increases or decreases in IRI.   

Since the number of days between consecutive data collection efforts varied on a weekly 

basis, observations were paired with consecutive IRI readings measured 1 to 7 days later 

to determine whether significant differences could be observed between a reading and a 

reading “n” days later.   Ideally data collection would be done on a daily basis, but this 

does represent a considerable improvement from current practices given that NBDTI 

currently employs a 3-year cycle for the collection of surface roughness and structural 

capacity data (Cunningham, et al. 2010).  
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3.8.2 Weather patterns 

Weather has been identified as an important contributor to IRI; the contribution of weather 

to patterns to changes in IRI over the observation period was analyzed. In order to relate 

IRI changes to weather patterns, average IRI values were graphically represented over 

time alongside temperature data to identify trends. The timelines for significant IRI 

changes identified through the breakdown of the data pairs over the SWR timeline were 

also compared to weekly weather patterns to identify trends. 

Weather data were obtained from the Environment Canada website to relate changes in 

IRI to known weather patterns. The Mactaquac station was found to be the closest station, 

however, multiple gaps in data were found over the study period. The Fredericton CDA 

CS station was chosen for its proximity to the test sections while still providing the 

necessary level of data. Daily weather data obtained from the weather station included 

maximum temperature, minimum temperature, mean temperature and total precipitation. 

Temperature data was missing for April 17th; data available from the closest station the 

Fredericton (airport) station was used to fill the gap. 

3.8.3 Regression analysis 

Regression is used to model how a response variable, in this case IRI, is affected by 

changes in predictor variables (Andersson 2012). A regression model was developed for 

each section to model how IRI is affected by changes in different weather variables over 

the spring thaw, allowing the elimination of factors that do not contribute to variations in 

IRI. While it is recognized that other variables not included in the model such as traffic 

volumes, truck volumes, etc. have an effect on IRI, the regression model was developed 
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to identify which weather variables had an effect on IRI rather than to develop a predictive 

model for IRI. It should be noted that the results from the models developed are only 

applicable during the spring thaw period when pavements structures are subject to thawing 

conditions.  

A stepwise linear regression was used in both models and run using the IBM SPSS 

Statistics software. The stepwise linear regression method consists of running multiple 

linear regressions using an iterative process to remove the weakest correlated variables. 

The final regression model contains the variables that best predict the dependent variable. 

The model was developed to quantify the effect on IRI of the following variables: 

• Mean temperature one day prior to performing runs 

• Precipitation one day prior to performing runs 

• Daily maximum –minimum  temperature one day prior to performing runs 

• Mean temperature two days prior to performing runs 

• Precipitation two days prior to performing runs 

• Daily maximum –minimum  temperature two days prior to performing runs 

• Mean temperature three days prior to performing runs 

• Precipitation three days prior to performing runs 

• Daily maximum –minimum  temperature three days prior to performing runs 

Models were evaluated based on their ability to predict IRI values, the R2 value indicates 

the percentage of the variation in IRI which can be explained by the significant variables 

included in the model. The significance of variables was identified by comparing p-values, 

variables with p-values less than the significance level (α = 0.05) were considered 
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significant. The effect of each significant variable on IRI values were quantified in the  

regression equation. The models assume that the data are normally distributed and that 

there is no correlation between the independent variables known as collinearity.  
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 Analysis and Results 

The following chapter provided a breakdown of key results from the study including a 

general overview of IRI observations and results from the statistical tests performed. 

4.1 IRI observations 

Vertical accelerations caused by anomalies in the road profile were collected using 

smartphone technology. Raw accelerometer data were processed into IRI values. Data 

were collected on 26 occasions over the study period from March 12th to May 15th, 2015.  

4.1.1 Baseline values 

Roads are assumed to have reached baseline values where IRI measurements are not 

affected by seasonal variation during the autumn. Baseline values were collected for 

comparison purposes at both test sections on September 14, 2015. Ideally, baseline values 

would have been collected the September prior to the data collection period as research 

has shown that residual increases in IRI are found to remain after the spring thaw, 

however, the project timeline did not allow for data collection in the fall of 2014. Baseline 

values are summarized in Table 4-1.  

Table 4-1 Baseline IRI values 

Test Section R105 R616 

Baseline IRI value (m/km) 1.35 3.10 3.34 

Speed (km/h) 80 60 80 
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4.1.2 Roughness progression over the SWR period 

Figure 4-1 shows the progression of IRI values at both test sections over the study period 

relative to the start of SWR on March 16th, 2015. IRI values and descriptive statistics for 

each day of data collection can be found in Appendix C. The large drop in IRI values and 

discontinuity in baseline values observed at R616 17 days into the SWR period (April 2nd) 

is explained by a change in data collection speed discussed in Section 4.1.4. 

As expected from the literature review, the roughness at the test sections reflect seasonal 

influences, where higher values of roughness were experienced in March followed by 

decreases as spring progressed until IRI values leveled around the end of April. IRI values 

observed in March increased up to 1.88 times higher than baseline values on R105 and up 

to 1.98 times higher on R616.  

 

Figure 4-1 Roughness progression over the study period 
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IRI values peaked at R105 eight days after the beginning of the SWR period (March 24th) 

and after fifteen days of SWR (March 31st) at R616. The minimum IRI value at R105 

occurred 53 days into the 62 day SWR period (May 8th) and six days later at R616 on 

(May 14th).  While the maximum and minimum values average IRI values for Route 616 

were recorded one week after the maximum and minimum values were recorded on Route 

105, the second highest and second lowest average IRI values were recorded on the same 

day on Route 616 as the highest and lowest values on Route 105.   The difference between 

the highest/lowest, second highest/lowest values on Route 616 was less than 1% in both 

cases, which was within the 10% tolerance, suggesting that the maximum and minimum 

values could have been observed at the same time on both roads.  The implication is that 

if roads of different class within a five kilometre geodesic distance behaved the same way, 

once a baseline is established for all roads in a certain area not all roads would have to be 

monitored.  

The progression at both sections also appears to follow a similar trend over the spring 

thaw period. Comparing weekly IRI averages in Figure 4-2 confirms that roughness 

progresses in the same way at both sections, where both sections experienced increases in 

average weekly IRI in the first two weeks following the implementation of SWR and 

decreases for the remainder of the SWR period.  Table 4-2 summarizes the weekly IRI 

values observed over the study period and the standard deviations associated with these 

averages. Higher standard deviations were observed in weeks 4 and 5, and 5 and 6 for 

R105 and R616 indicating that changes in IRI were likely greater during those weeks of 

the SWR period.  
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Figure 4-2 Average weekly IRI 

Important IRI values used for analysis are summarized in Table 4-3; as can be seen, a 

higher level of roughness was observed on R616. Results from a paired t-test confirm that 

the means of IRI samples for the two test sections are different, where roughness at R616 

was found to be significantly higher (See Appendix D for results). Also included in Table 

4-3 are the difference between winter (max IRI) and fall values (baseline values) which 

can be used as an indirect measurement of differential heaving. Both test sections 

experienced differentials greater than 1.0 m/km, which according to trends in Quebec 

indicates that the IRI deterioration rate is above normal and heaving is a problem (St-

Laurent 2012). The difference observed at the R616 was two times larger than that of 

R105, also confirming that as anticipated seasonal effects are more pronounced on 

sections with measurable rutting and cracking.  
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Table 4-2 Summary of weekly IRI values 

Weeks 
from 
SWR 

Dates R105 R616 

Average 
IRI 

Standard 
deviation 

Average 
IRI 

Standard 
deviation 

-1  Mar 9 – 15 2.26 0.08 6.00 0.02 

1  Mar 16 – 22 2.45 0.05 6.29 0.21 

2 Mar 23 – 29 2.51 0.04 6.54 0.03 

3  Mar 30 – 5 2.37 0.03 - - 

4  Apr 6 – 12 2.10 0.12 5.84 0.08 

5  Apr 13 – 19 1.72 0.17 5.43 0.30 

6  Apr 20 – 26 1.31 0.05 4.05 0.35 

7 Apr 27 – 3 1.31 0.05 3.31 0.02 

8  May 4 – 10 1.27 0.08 3.06 0.06 

9  May 11 – 17 1.25 0.00 3.07 0.11 

Table 4-3 Summary of IRI values 

Test 
Section 

Max IRI 
(m/km) 

Min IRI 
(m/km) 

Baseline IRI 
(m/km) 

Max IRI – Baseline 
IRI (m/km) 

Ratio of Max IRI to 
Baseline IRI 

R105 2.54 1.19 1.35 1.19 1.88 

R616 6.60  2.99 3.34  3.26  1.97 

 

4.1.3 Validity of sample size 

A COV of 7.33 % obtained from previous testing on R105 was used to calculate the 

required sample size, giving an estimate of three.  Four runs were performed to account 

for situations where the COV may be found to be greater due to experimental error.  
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Figure 4-3 displays the frequency of observed COV values categorized into bins. None of 

the observed COV values were greater than 7.00, indicating that the sample size for each 

run was sufficient on both sections. 

 

Figure 4-3 Observed coefficients of variation 

4.1.4 Change in data collection speed 

As the study timeline progressed, deformations at the surface of R616 became 

pronounced. The decision to reduce the data collection speed on R616 from 80 km/h to 

60 km/h was made on April 2nd due to safety concerns and the potential for damage to the 

vehicle’s suspension system. The data collection speed remained at 80 km/h for R105.  

Previous research by Hanson et al. (2014) found that speeds of 50 to 80 km/h did not have 

an impact on IRI results, however, given the higher level of roughness observed at R616 

and a drop of 0.97 m/km in IRI upon changing the data collection speed, additional 

analysis was warranted. A t-test confirmed the large drop in IRI at R616 as significant, 

while the change that occurred at R105 over the same time period was not significant. In 
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response, additional samples were collected at different speeds. Average IRI values 

obtained at speeds of 60 and 80 km/h for each test section can be found in Table 4-4. 

Table 4-4 Average IRI values at speeds of 60 and 80 km/h 

Test Section R105 R616 

Speed (km/h) 60 80 60 80 

Avg. IRI (m/km) 1.39 1.35 3.10 3.34 

 

Two-sample t-tests assuming equal variances were used to determine whether the means 

of the samples differed significantly, results are summarized in Table 4-5. As expected, 

R105 results indicated that at the 95% confidence level no significant differences exist 

between the means of the R105 samples, indicating that speeds of 60 km/h and 80 km/h 

did not have an impact on IRI results. However, results from the R616 speed samples 

provide enough evidence to reject the hypothesis that the means are equal, indicating that 

the differences between the means of the samples were statistically significant. From this 

finding it was concluded that when comparing values for analysis, values observed after 

the change in data collection speed could not be compared statistically to values before.  

The t-statistic from the R616 test was close to the critical value (2.6 vs. 2.4).  This suggests 

reducing speed on a rougher road may return lower IRI values with this method, though 

the difference would be in the same order of magnitude of the 10% tolerance used to 

determine sample size.  
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Table 4-5 t-test for speed samples  

R105  60 km/h 80 km/h R616 60 km/h 80 km/h 

Mean 1.39 1.35 Mean 3.10 3.34 

Variance 0.0060 0.0059 Variance 0.0085 0.0248 

Observations 4 4 Observations 4 4 

df 6 df  6 

t-statistic 0.693 t-statistic -2.609 

p-value 0.514 p-value 0.04 

t critical  2.447 t critical  2.447 

 

4.2 Analysis of IRI changes  

The 26 days of observations were organized into pairs of observations collected between 

1 to 7 days apart to determine whether significant changes to IRI can be observed one day 

later, two days later, etc, up to 1 week from an initial reading.  The goal was to develop 

recommendations for data collection frequency for a transportation agency.  These pairs 

of observations were analyzed by road class and by week of data collection.   

The organization of the pairs of daily observations are profiled in Figure 4-4.  On both 

roads, there were six instances when IRI could be compared to a previous day’s reading, 

and eight instances when IRI could be compared to a reading from five days earlier.  The 

difference between the number of comparative observations for both roads is due to the 

excluded values from R616 due to the change in collection speed. The data were analyzed 

using two-sample t-tests assuming equal variances, resulting t-statistics were compared to 
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a critical t-statistic of 2.447.  Pairs of observations and detailed t-test results can be found 

in Appendix D. 

 

Figure 4-4 IRI pairs of observations 

4.2.1 IRI changes at R105  

A summary of the analysis for R105 can be found in Table 4-6. A total of 34 pairs of 

observations (57.6%) of IRI changes were found to be significantly different. Significant 

changes in IRI values averaged at 0.22 m/km, the highest difference observed was of 0.51 

m/km (over seven days) and the lowest was 0.09 m/km (observed over two and four days). 

The majority of changes observed were not significant when observations were less than 

four days apart.  
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Table 4-6 IRI changes at R105 

# of days between 
IRI values 

# of data pairs # of 
significant  
ΔIRI  data 

pairs 

% significant 

 

Max 

significant 

ΔIRI (m/km) 

1  6 1 16.7 -0.12 

2 9 4 44.4 -0.21 

3  7 3 42.9 -0.18 

4  9 7 77.8 -0.33 

5 8 7 87.5 -0.39 

6 7 3 42.9 -0.30 

7 13 9 69.2 -0.51 

 

4.2.2 IRI changes at R616 

A summary of the analysis for R616 can be found in Table 4-7. A total of 27 pairs of 

observations (49.1%) of IRI changes were found to be significantly different. Significant 

changes in IRI values average at 0.61 m/km, the highest difference observed was of 1.44 

m/km (over seven days) and the lowest was of 0.11 m/km (over five days). There were no 

significant changes in IRI observed between readings taken on two consecutive days. 

Higher proportions of significant changes were observed between observations taken five 

and seven days apart.  
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Table 4-7 IRI changes at R616 

# of days between 
IRI values 

# of  data pairs # of 
significant 
ΔIRI data 

pairs 

% significant Max 

significant 

ΔIRI (m/km) 

1  6 0 0.0 - 

2 8 4 50.0 -0.36 

3  6 3 50.0 -0.72 

4  9 3 33.3 -0.70 

5 8 6 75.0 -1.08 

6 7 3 42.9 -0.71 

7 11 8 72.7 -1.44 

 

4.2.3 IRI changes over the SWR timeline 

The data pairs were further broken down over the study time period to identify when 

significant changes in IRI occurred relative to the SWR timeline. The data pairs were 

divided into ten bins, where each bin represents a period of one week before or after the 

implementation of the SWR on March 16th, 2015. The data pairs were placed into bins 

according to the date of the second observation. Table 4-8 summarizes for each data pairs 

with “n” days between readings during which weeks significant changes were observed. 

If any significant differences were observed between any of the data pairs, it was denoted 

with a “Y” (yes) in Table 4-8; otherwise it was denoted with a “N” (no).  
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Table 4-8 Significant IRI changes over the SWR timeline  

Weeks 
from 
SWR 

Dates Significant ΔIRI data pairs by “n” days (Y/N) 

R105 R616 

1 2  3 4 5 6 7  1 2   3 4 5 6 7  

-1  Mar 9 – 15 Y - - - - - - N - - - - - - 

1  Mar 16 – 22 N -  Y Y Y - Y N - Y N N - Y 

2 Mar 23 – 29 - N - Y - N N - N N N - N Y 

3  Mar 30 – 5 N N N N Y Y Y N - - N N N N 

4  Apr 6 – 12 N Y Y - Y Y Y N N N - Y Y - 

5  Apr 13 – 19 - Y N Y Y Y Y - Y N Y Y Y Y 

6  Apr 20 – 26 - N Y Y Y - Y - Y Y Y Y - Y 

7 Apr 27 – 3 N - N Y N N N N - Y Y Y Y Y 

8  May 4 – 10 - Y - Y - N N - N - N - N N 

9  May 11 – 17 N - - - - N N N - - - - N N 

 

Data pairs indicate that higher proportions of significant changes are observed in weeks 4 

to 7 of the SWR timeline. In the week prior to the start of SWR, two readings taken on 

consecutive days show a significant difference; however this represents only a single pair 

of observations. A large number of significant observations were also observed in the first 

week of the SWR period, all of which were increases in IRI. The data suggest that weekly 

monitoring would likely capture the majority of significant changes over the entirety of 

the spring thaw period, however, during weeks where significant changes occur increasing 

the data collection frequency to four or five days may be beneficial.  
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4.3 Factors affecting IRI 

4.3.1 Weather Patterns 

Daily weather data obtained from the Fredericton CDA CS weather station included 

maximum temperature, minimum temperature, mean temperature and total precipitation. 

Temperature data from March 9th to May 17th used for analysis are displayed in Figure 4-

5; total precipitation data over the same period are displayed in Figure 4-6. 

  

Figure 4-5 Fredericton CDA CS daily temperature data from 03/09/2015 to 05/17/2015 
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Figure 4-6 Fredericton CDA CS daily precipitation from 03/09/2015 to 05/17/2015 

When average IRI values are graphically represented over time in conjunction with 

cumulative daily mean temperatures (Figure 4-7), the expected trend is visible where IRI 

values increased with lower temperatures due to frost heave and decreased with increasing 

temperatures until it stabilized to the baseline conditions. 

The timelines for significant IRI changes identified through the breakdown of the data 

pairs over the SWR timeline were compared to weekly weather patterns to identify 

temperature influences. Weather data were summarized on a weekly basis in Table 4-9 

for analysis. Air temperatures vary from ground temperatures thawing; pavements freeze 

later than freezing air temperatures and begin thawing before air temperatures are above 

0°C. A temperature of -2°C identified in the literature review for Southern Canada was 

used. 
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Figure 4-7 Average IRI along with daily mean temperatures over the study period 

 

Table 4-9 Average weekly weather data over the study period 

Weeks from 
SWR 

Dates Average 
Max Temp 

(°C) 

Average 
Min Temp 

(°C) 

Average 
Mean Temp 

(°C) 

Weekly Total 
Precipitation 

(mm) 

-1  Mar 9 – 15  1.1 -12.8 -5.9 15.9 

1  Mar 16 – 22 -0.2 -12.1 -6.1 11.3 

2 Mar 23 – 29  4.0 -7.0 -1.5 3.1 

3  Mar 30 – 5 4.3 -6.8 -1.2 14.5 

4  Apr 6 – 12  6.4 -4.6 0.9 11.3 

5  Apr 13 – 19  13.6 -0.4 6.6 2.1 

6  Apr 20 – 26  9.4 0.6 5.0 44.0 

7 Apr 27 – 3 10.8 0.8 5.8 9.7 

8  May 4 – 10  18.9 5.1 12.1 3.3 

9  May 11 – 17  17.7 4.8 11.3 28.4 
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Mean temperatures in the first week of SWR remained below -2°C, during which both 

sections experienced increases in IRI. Weekly mean temperatures rose above -2°C during 

the second week (March 23rd to 29th); where daily mean temperatures rose above -2°C for 

the first time on March 26th. Maximum daily temperatures did not fall under -2°C after 

March 23rd. Only one significant IRI change was observed on each section during the 

second week of the SWR, both of which were increases in IRI and occurred before daily 

mean temperatures rose above -2°C.  

The majority of significant changes between IRI observations were identified to occur 

between weeks three to six at R105 and weeks four to seven at R616. Daily mean 

temperatures during week three fluctuate below and above -2°C during which 50% of 

observations indicated significant IRI decreases at R105 while no significant changes 

were observed at R616. Week four (April 6th to 12th) marks the time where the weekly 

average mean temperatures rose above 0°C and daily mean temperatures remained above 

-2°C. Both sections experienced significant IRI changes, decreases were observed at R105 

while increases occurred at R616.  

Mean temperatures rose considerably in week five, during which both sections responded 

the same and experienced decreases in IRI. Decreases in IRI continue to be observed at 

both sections during week six. R616 experienced significant decreases during week seven, 

while one small increase in IRI of 0.09 m/km was observed at R105.  Decreases in IRI 

were observed at R105 during week eight with continued warmer temperatures, no 

changes were observed during week nine. No changes in IRI were observed during weeks 

eight and nine at R616. 
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4.3.1.1 Comparing IRI to NBDTI’s frost depth model 

NBDTI has piloted the use of a frost penetration model to support WWP in areas of the 

province without automated frost probes. The model shown in Equation 2.5 (refer to 

Section 2.4.3) predicts frost depth based on the CFI calculations using air temperatures. 

Typically, these calculations are performed using forecasted air temperatures, these 

calculations performed post facto use the recorded daily mean temperatures. Frost depths 

were estimated using the frost depth coefficient of 5.612 for New Brunswick. The 

maximum estimated frost depth was found to occur on March 25th after which mean 

temperatures rose above 0°C. This coincides with the maximum IRI value at R105 and 

the second highest at R616 observed on March 24th (no observations were made on the 

25th) after which both sections began experiencing decreases in IRI.  

IRI values observed until March 31st, the time at which R616 values peaked, are graphed 

alongside estimated frost depth in Figures 4-8 and 4-9 for R105 and R616, respectively. 

The frost depth can only be estimated using the model as long as mean temperatures 

remain below 0°C, the dotted line after March 25th was used to symbolize thawing with 

its curve following fluctuations in mean air temperatures as thawing would be expected 

to occur but does not represent actual frost depths estimations. The observations follow 

the expected trend that IRI values linearly increase with frost depth.  While actual thawing 

expected in the structure could not be estimated, the IRI values at R616 appear to vary 

closely with changes in temperatures. 
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Figure 4-8 Average IRI values and frost depth estimations at R105 

 

Figure 4-9 Average IRI values and frost depth estimations at R616 



 

69 

4.3.1.3 Regression Analysis 

The changes in IRI values when compared to mean temperatures indicate a lag of a few 

days between changes in temperature and changes in IRI. Regression models were 

developed in an attempt to quantify the effect of weather in days prior to the observation 

a separate model was run for each test section. It should be noted that the results from the 

models developed are only applicable during the spring thaw period when pavements 

structures are subject to thawing conditions. The regression models were developed to 

quantify the effect on IRI of the following variables: 

• Mean temperature one day prior to performing runs 

• Precipitation (mm) one day prior to performing runs 

• Daily maximum – minimum temperature one day prior to performing runs 

• Mean temperature two days prior to performing runs 

• Precipitation (mm) two days prior to performing runs 

• Daily maximum – minimum temperature two days prior to performing runs 

• Mean temperature three days prior to performing runs 

• Precipitation (mm) three days prior to performing runs 

• Daily maximum – minimum temperature three days prior to performing runs 

A stepwise linear regression model was run for each section. Five iterations were 

performed to remove the weakest correlated variables in the R105 model. The model 

shown in E.4.1 had an R2 value of 0.863, indicating that 86.3% of the variation in IRI can 

be explained by the significant variables. At the 95% confidence level, significant 

variables included mean temperature three days prior, precipitation one day prior, mean 
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temperature one day prior and precipitation three days prior, all other variable were 

excluded from the model. Key results from the final R105 weather variable model are 

summarized in Table 4-10, a detailed output can be found in Appendix D. Collinearity 

diagnostics showed all condition index values below fifteen indicating low levels of 

correlation between independent variables. 

IRI = 2.036-0.035(mean temp three days prior)-0.011(precipitation one day prior)         [E.4.1] 

-0.036(mean temp one day prior)-0.012(precipitation three days prior) 

The R105 regression model indicates that IRI values decrease with increasing mean 

temperatures both one and three days prior, when comparing the regression equation 

coefficients both variables appear to have the same effect on IRI values.  IRI values also 

decrease with increasing precipitation one and three days prior, similarly to the mean 

temperatures both variable have the same effect on IRI values.  

Table 4-10 R105 weather variable regression model results 

Included variables Excluded variables 

Variable Coeff. t-stat Sig. Variable Coeff. t-stat Sig. 

Constant 2.036 91.306 0.000 Daily max –min  
temp 1 day prior 

0.008 0.184 0.855 

Mean temp 3 
days prior  

-0.035 -7.733 0.000 Precipitation 
(mm) 2 days 
prior 

-0.057 -1.461 0.147 

Precipitation 
(mm) 1 day prior 

-0.011 -4.064 0.000 Daily max –min  
temp 2 days prior 

0.030 0.664 0.508 

Mean temp 1 day 
prior 

-0.036 -7.349 0.000 Daily max –min  
temp 3 days prior 

-0.002 -0.051 0.959 

Precipitation 
(mm) 3 days prior 

-0.012 -4.292 0.000 Mean temp 2 
days prior 

-0.149 -1.504 0.136 
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The plot of residuals for the regression model shown in Figure 4-10 appear symmetrical 

around the 0 values but otherwise without a clear pattern that would suggest rejecting a 

linear model for the data. 

 

Figure 4-10 R105 regression model residual plot 

Four iterations were performed to remove the weakest correlated variables in the R616 

model. The model shown in E.4.2 had an R2 value of 0.763, lower than that of the R105 

model. At the 95% confidence level, significant variables included mean temperature two 

days prior, mean temperature one day prior, precipitation one day prior, daily maximum–

minimum temperature three days prior and precipitation two days prior, all other variables 

were excluded from the model. Key results from the final R616 weather variable model 

are summarized in Table 4-11, a detailed output can be found in Appendix D. Collinearity 

diagnostics showed all condition index values below fifteen indicating low levels of 

correlation between independent variables. 
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IRI = 4.926-0.090(mean temp two days prior)-0.087(mean temp one day prior)         [E.4.2] 

-0.026(precipitation one day prior)+0.047(daily max-min temp three days prior) 

-0.055(precipitation two days prior) 

The R616 regression model indicates that IRI values decrease with increasing mean 

temperatures one and two days prior, regression equation coefficients indicate both 

variables have the same effect on IRI values. IRI values also decrease with increasing 

precipitation one and two days prior; precipitation occurring two days prior appears to 

have a larger effect on IRI values with a coefficient of -0.055 compared to precipitation 

occurring one day before with a coefficient of -0.026. The difference between the daily 

maximum and minimum temperatures three days prior increases IRI values.  

Table 4-11 R616 weather variable regression model results 

Included variables Excluded variables 

Variable Coeff. t-stat Sig. Variable Coeff. t-stat Sig. 

Constant 4.926 23.563 0.000 Daily max –min  
temp 1 day prior 

0.031 0.491 0.625 

Mean temp 2 days 
prior 

-0.090 -4.745 0.000 Daily max –min  
temp 2 days prior 

-0.096 -1.364 0.176 

Mean temp 1 day 
prior 

-0.087 -4.327 0.000 Mean temp 3 days 
prior  

0.165 -1.506 0.135 

Precipitation 
(mm) 1 day prior 

-0.026 -2.759 0.007 Precipitation (mm) 
3 days prior 

-0.013 -0.224 0.823 

Daily max –min  
temp 3 days prior 

0.047 2.730 0.008     

Precipitation 
(mm) 2 days prior 

-0.055 -2.216 0.029     
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The plot of residuals for the regression model shown in Figure 4-11 indicates a possible 

need for some non-linear terms in the model.  Further work on identifying trigger values 

will need to incorporate this.  

 

Figure 4-11 R616 regression model residual plot 

The R616 and R105 models only had two significant variables in common: mean 

temperature one day prior and precipitation one day prior. This indicates that weather the 

day before may play a significant role in IRI changes during spring thaw. The coefficients 

associated with both variables are approximately 2.4 times larger in the R616 model than 

the R105 model, aligning with the fact that IRI values observed at R616 are approximately 

2.5 times larger indicating that the variables have the same effect on IRI in both models.  

The limitations of using linear regression in this case are that data are primarily only 

available for decreasing values of IRI; it appears that the roads were nearly already at their 

peak roughness by the time weight restrictions were applied.  The non-linearity observed 
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in the R616 residual plot may be reflective of some IRI values collected prior to the 

observed peak.  

4.3.2 Vehicle Performance 

Previous research found that data collection using smartphones indicates lower levels of 

correlation at higher levels of roughness as the system does not account for the vehicle’s 

suspension damping. The results from this study (shown in Figure 4-12) indicate a higher 

level of variability between runs as average IRI values increase. While for the purpose of 

this experiment value precision was not as important as the change between values, this 

highlights the importance of minimizing variance in the wheel path while collecting data. 

 

Figure 4-12 Variability in data with level of roughness 

Average IRI values were used for analysis based on samples of four runs. Collecting four 

runs every time may not be realistic expectation for road supervisors. The average IRI and 

their respective standard deviations were found using the four runs of data collected to 

identify a trend between the number of runs and the variance in data. Table 4-12 indicates 
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an increasing level of variance between values with fewer runs at both test sections, where 

at two runs the maximum standard deviations are higher than some of the maximum 

significant IRI changes identified in Tables 4-6 and 4-7.  

Tire pressure (TP) was recorded on each day of data collection. In order to represent 

operating conditions of highway agency vehicles where tire pressures would not 

necessarily be monitored and kept consistent, tire pressures were monitored but not 

adjusted. Figure 4-14 show a diagram indicating the labeling of tires used for recording 

purposes.  

Table 4-12 Standard deviations observed for average IRI values based on the number of runs  

 R105 R616 

#  of runs 4 3 2 4 3 2 

Min st. dev. 0.02 0.01 0.00 0.02 0.01 0.00 

Max st. dev. 0.08 0.10 0.13 0.26 0.31 0.43 

Range 0.07 0.09 0.13 0.23 0.30 0.43 

 

Tire pressure readings were taken while the vehicle was inside the garage where it is 

stored; on three occasions, the vehicle was used previously and parked outside. Air 

pressures drop with lower temperatures, decreases up to 5 psi from the last recording were 

observed; therefore these readings were excluded from analysis. Table 4-13 shows the 

average tire pressure and standard deviation for each tire over the data collection period. 
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Figure 4-13 Data collection vehicle diagram 

Tire pressures remained relatively consistent over the study, remaining within a 2.5 psi 

range. Effort was put into a regression exercise which yielded no conclusive indications 

of the effect of variability in tire pressure on IRI. Regression models are used to predict 

dependent variables based on predictor variables; however, factors known to affect IRI 

such as varying vehicle wheel path cannot be included as predictor variables in a model. 

The use of regression analysis to quantify the variance in IRI attributed to tire pressure 

would likely result in over attributing the variance to tire pressure due to the lack of 

adequate predictor variables. It is assumed that the effects of the variance observed over 

the study period are negligible.   

Table 4-13 Summary statistics for individual tire pressure 

Tire Average tire pressure (psi) Standard deviation 

1 68.1 0.66 

2 68.5 0.50 

3 66.8 0.53 

4 66.8 0.51 
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4.4 SWR timeline 

The weather data obtained was used to perform thaw index calculations (See E.2.2) to see 

where the thaw should be reflective to the study’s data collection. Start and end dates for 

the 2015 SWR in New Brunswick identified using three scenarios obtained through the 

literature review (Section 2.4.1) are summarized in Table 4-14. Where the duration was 

not provided in the literature, an estimated threshold for duration was calculated using 

E.2.4 in Section 2.4.1. It should be noted that typically TI calculations are performed using 

forecasted air temperatures; these calculations using the recorded daily mean temperatures 

may yield different results if temperatures were different than forecasted.   

Table 4-14 Thaw index calculation scenarios 

Scenario Reference 
temperature (°C) 

Location Threshold Duration Start 
date 

End 
date 

1 -2 ºC Southern 
Canada 

13ºC-days 260ºC-
days1 

Mar. 28 May 7 

2 -1.5 ºC (Feb 1) 
Decreases by 0.56 

each week in 
February and March 

Minnesota 15ºC-days 8 weeks Mar. 27 May 22 

3 -1.7 ºC (March 1) 
Decreases by 0.06 

each day 

Manitoba 15ºC-days 350ºC-days Mar. 28 May 6 

1. Duration calculated using E.2.4 (See Section 2.4.1) using a published FI value of 867 ºC-days for 

Fredericton, NB (Dow Chemical Canada 2008) 

All scenarios indicate similar start dates for the end of March, on the 27th or 28th. When 

compared to the frost depth estimations calculated using NBDTI’s frost depth model and 

mean temperature patterns, freezing conditions were found to occur until March 25th. The 

first significant decreases in IRI observed over a 7 day period March 24th and 31th at R105 
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and April 8th and 15th at R616 (Note no 7 day data pairs were available for analysis 

between March 31st and April 7th). The start date set by NBDTI was March 15th; almost 

two weeks earlier than the scenarios indicating values collected at the start of the period 

can be associated with a higher level of strength. 

Scenarios one and three which use degree-day thresholds for the removal of restrictions 

provide similar end dates (May 6th-7th). The other scenario uses a fixed duration which 

suggests two additional weeks of SWR; however, when applying a 350ºC-days threshold 

to this scenario a date of May 3rd is suggested. Significant IRI changes between data pairs 

7 days apart were not observed after April 24th at R105 and April 27th at R616, and no 

significant IRI changes occurred after May 8th at R105 and April 28th at R616. IRI values 

appear to level out around the time that thawing conditions stabilize and restrictions can 

be removed. The initial date set by NBDTI for the removal of SWR was initially May 10th 

aligns with the scenarios; the restrictions however were extended to May 17th due to the 

weather forecast indicating wet conditions, which are not reflected in the recorded 

temperatures. 

4.5 Summary of results 

This research aimed to assess the value of real-time monitoring of road roughness using 

smartphone technology to support the SWR decision-making process. Collection of 

smartphone accelerometer data was performed on two road segments during the time 

NBDTI employs SWR. The accelerometer data were transformed into IRI data by Total 

Pave. The device can monitor changes in IRI over time and returns higher IRI for a rougher 

road as expected. The validated device was found to perform equally well on both roads, 
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however, a higher level of variability between runs was observed as the level of roughness 

increased. 

IRI values at the test sections reflected seasonal influences; IRI reached a peak in March 

and decreased until IRI values leveled to baseline values around the end of April. IRI 

values increased up to 1.88 and 1.98 times higher than baseline values on R105 and R616, 

respectively. IRI was found to be significantly higher on R616; as anticipated, seasonal 

effects were more pronounced on the section with measurable rutting and cracking. 

Maximum and minimum IRI values were observed around the same time on both sections, 

indicating that the progression of roughness followed a similar trend at both roads 

regardless of road class. 

Changes in IRI are not generally significant on a daily basis, but significant over a few 

days. Collecting data twice a week, or once every few days, would be reasonable to 

capture the majority of significant changes in observations. For research purposes, a 

sample size of four runs was used and found to be adequate for both roads. Performing 

four runs may not be a realistic expectation for road supervisors, however, the standard 

deviation associated with average IRI values increases with fewer runs to a level at times 

above some of the significant IRI changes. 

When compared to weather patterns, data followed the expected trend that IRI increases 

with freezing temperatures and decreases with warmer temperatures during the spring 

thaw period. Significant changes in IRI when compared to temperatures indicated a 

possible lag between changes in temperature and a response change in IRI. Linear 

regression models for each section indicated mean temperature and precipitation the day 

prior to the observation as variables contributing to decreases in IRI. 
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Comparing changes in IRI to the SWR timeline and weather patterns indicates the study 

period began prior to thawing conditions, indicating values collected at the start of the 

period may be associated with a higher level of strength. IRI values appear to level out 

around the time that thawing conditions are assumed to be stabilized and enough strength 

is recovered to remove restrictions. 
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 Framework for Mobile Roughness Data to Support SWR Decision-Making 

The following chapter outlines the gaps in the current process for enacting spring weight 

restrictions at NBDTI and explores the role of mobile roughness data in the context of the 

SWR decision-making process. A possible framework for the incorporation of IRI data 

from smartphone devices into the SWR decision-making process and data collection 

guidelines are proposed. 

5.1 Gaps in the SWR decision-making process 

The lack of real-time data to support decision making when implementing SWR leads to 

gaps in the process. These gaps could potentially be addressed if mobile roughness could 

be used as a proxy for indicating changes in strength.  

5.1.1 Response protocol 

NBDTI engineers are authorized to close roads to truck or impose restriction on any 

highway or portions of highways at any time should the weather conditions warrant a 

change (NBDTI 2015).  However, in the event of a drastic weather change there is 

currently no evidence-based protocol in place to allow for a response and guide the 

decision to adjust the restrictions if necessary. 

Smartphone devices are capable of monitoring changes in IRI over time caused by 

seasonal weather patterns. Monitoring changes in roughness in concert with the use of 

trigger values comprised of either an IRI threshold, or a change in IRI could be used to 

initiate a protocol to respond to drastic weather changes. A trigger value combined with 

forecasted temperatures could be used to guide decision-making if conditions warrant a 

change.  
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Initiating a response protocol will depend on the nature of the data collection platform.  If 

all NBDTI vehicles are automatically and routinely recording roughness data with a 

smartphone through a third-party platform, then the postprocessing of the data will need 

to include a step that assesses the recorded values against a pre-selected trigger.  If the 

smartphone devices are used as standalone units to collect roughness data (similar to how 

it was employed in this research), a response protocol will require a step to initialize 

monitoring.  It is the protocol associated with the latter scenario which is presented below.  

5.1.2 Establishing SWR levels 

SWR are set to fixed levels allowing 100, 90 or 80% of the maximum axle weights, the 

levels on roads are selected based on maximum deflection data observed in the last 2-3 

years (C. White, personal communication, 2015).The latest network strength data 

collected over spring thaw dates from 2013 and while strength data is still collected for 

pavement management purposes, it represents baseline conditions without seasonal 

influences. These historic strength data cannot exclusively indicate spring thaw conditions 

as reductions in strength are influenced by many factors. Without recent data, it is 

impossible to determine if the SWR levels are still adequate.  

There is potential to further explore roughness levels to see if the SWR level could be 

based on the roughness of the surface. IRI can be used indirectly to measure frost heave 

which in turn can be an indicator of thaw-weakening. IRI readings during fall and winter 

conditions could be used to determine the potential for thaw-weakening; indicating roads 

with higher levels of frost heave which may require higher restrictions. 
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5.2 Monitoring Approach  

The following sections outline procedures and recommendations to be followed when 

collecting mobile roughness as part of a routine monitoring program, rather than real time 

data collection and processing as part of a fully instrumented NBDTI vehicle fleet. 

5.2.1 Identifying candidate sections 

Even though collecting real-time, comprehensive roughness data on every road would be 

ideal (and possible), it may only be necessary to monitor a subset of routes initially.  

Candidate sections should be selected to provide a good representation of the two SWR 

zones in New Brunswick (refer to Figure 2-5).  Any road selected should meet the 

following criteria: 

• Posted with spring weight restriction; 

• Speed limit of 50 km/h or higher;  

• Located in proximity to a weather station preferably one of NDBTI’s RWIS. 

Data only need to be logged in one direction; routes should be carefully identified to 

ensure the repeatability of the process by someone else. The speed limits and any 

permanent obstacle such as stop signs that will require the vehicle to slow down while 

logging data should be identified; such data for the province of New Brunswick is 

obtainable through existing Geographic Information Systems databases. This information 

will be useful in post processing of the data. 

The roughness behaviour exhibited by the two road classes in this study in response to 

changing weather conditions was similar: both roads reached maximum and minimum IRI 

values around the same time, though the magnitudes were different.  Given that   the roads 
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were within a five kilometre geodesic distance, their similar response suggests that it may 

be possible to predict roughness on adjacent roadways within a certain distance.  This 

suggests that once a baseline is established for all roads in a certain area, not all roads 

would have to be routinely monitored. Further investigation is required to determine the 

size of an area in which roads could be expected to behave in a similar fashion.  

5.2.2 Data collection speed 

Mobile roughness can be collected at speeds between 50 and 80 km/h. The data collection 

speed should be set based on the posted speed limit; the recommended speed is 80 km/h 

where possible. It should be noted that for higher speed roads with higher levels of 

roughness, operating at a speed of 80 km/h may not always be possible. It is important to 

ensure the data collection speed remains the same over the monitoring period; therefore, 

test runs should be performed to identify roads where lower speeds might be required. 

Further investigation could be performed to identify adequate speeds for various levels of 

roughness.  

5.2.3 Data collection frequency  

The analysis of the IRI differences between readings (Sections 4.2.1 and 4.2.2) can 

provide valuable information regarding the necessary data collection frequency. Results 

indicated that in only one of the 12 instances where IRI was recorded on consecutive days 

was the difference significant; therefore, there is likely no need to collect roughness data 

on a daily basis.  While based on a small sample of observations, the data suggests that 

performing data collection twice a week, or once every few days would be reasonable to 

capture the majority of significant changes in observations. The practicality of performing 
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runs every few days based on how often road supervisors are out on roads should be 

considered.   

The data collection platform outlined assumes the smartphone devices are used as 

standalone units which have to be initialized rather than real time data collection and 

processing as part of a fully instrumented NBDTI vehicle fleet. For the purpose of 

research, four runs were collected each time the vehicle was out, however, this may not 

be realistic expectation for road supervisors. There is a clear tradeoff between the number 

of runs performed and the consistency of the IRI values reported. For practical reasons, 

these guidelines propose performing only one run; however, the possibility of 

instrumenting several vehicles with overlapping routes could be an alternative.  

5.2.4 Data collection procedure and data processing 

The smartphone device should be mounted in an upright position in the center of the 

vehicle’s windshield. A sturdy windshield mount that secures the device into place should 

be used.  To ensure proper orientation of the device a compass application can be used to 

ensure the device is leveled and not tilted. It is important to maintain a consistent device 

set up and recommended the device be set to a do not disturb function if available to 

minimize disruptions during data collection. The same vehicle and device should be used 

to ensure consistency in data collection. After ensuring the device is properly mounted 

into place, the device should be initialized. 

The vehicle should drive the identified route of candidate sections attempting to reach the 

appropriate data collection speed swiftly but in a safe manner and ensure the speed is 

maintained throughout the length of the section. It is recommended that data be collected 
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during non-peak hours to minimize disruptions requiring the vehicle to slow down or 

transverse wandering of the vehicle due to traffic. Varying vehicle wheel paths will cause 

variations in IRI; therefore, it is important for the driver to attempt to follow the same 

wheel path each time. A log should be kept of any disruptions to the process and data 

should be uploaded from the device as soon as possible. The accelerometer data coupled 

with GPS data allow for mapping of the data. Post processing of the data can be used to 

remove erroneous data cause by starting and stopping of the vehicle keeping only data 

logged at the data collection speed. IRI values should be reported in values of m/km for 

analysis.  

5.3 Framework for mobile roughness 

The potential exists to use changes in IRI as a trigger to guide decision-making should 

conditions warrant a change. In order to develop a trigger value, changes in IRI would 

need to be related to changes in strength over the same period. While IRI was not 

monitored over the freezing period, it is expected that roughness follows a curve that 

resembles a normal distribution curve over the freezing and thawing period; where IRI 

values increase with freezing temperatures and decrease with warmer temperatures to 

reach their baseline level until the next freezing period. Collection of IRI data for the 

freezing portion of the freeze thaw cycle would allow determination of the thaw-

weakening potential of a structure. Simultaneously collecting strength data and 

monitoring weather patterns could allow exploration of how changes in IRI reflect 

changes in strength, and trigger values representing a certain level of loss or gain of 

strength could be developed to assist decision-making.  
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Figure 5-1 depicts roughness progression and what is suspected to happen to strength over 

the stages of the spring thaw based on the observations from the study. It appears the study 

period began prior to thawing conditions, during which it is well established that strength 

levels are above baseline values. Over this time, roughness was found to increase, where 

the maximum roughness was found to occur immediately before mean temperatures rose 

above 0ºC. The possible contribution to increases in IRI of increased surface distress 

caused by roads breaking up due to max temperatures reaching above 0ºC and thus 

initiating partial thaw of the structure was not quantified. It is expected that the decreases 

in roughness coincide with the critical thaw period where significant decreases in strength 

are observed, as they both occur during warming temperatures. Comparing the SWR 

timeline to IRI values indicates that the leveling out of the curve occurs around the time 

that thawing conditions in the structure have stabilize and sufficient strength has been 

recovered to allow the removal of restrictions. 

 

Figure 5-1 Assumed progression of strength stages with observed roughness over spring thaw 
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The identification of trigger values was outside the scope of this study, however, a 

proposed preliminary framework that could be used to guide the decision-making process 

can be found in Figure 5-2. Further research is required to develop trigger values, refine 

and validate the framework. The prospective process outlined in Figure 5-2 represents a 

response to thawing temperatures where IRI trigger values represent a decrease in 

strength. A data collection schedule should be developed to ensure mobile roughness data 

is collected once a week; the process ensures intermediate runs are performed to capture 

changes if need be.  

The process should be initiated on a candidate section as thawing temperatures are 

approaching using the reference temperature of -0.6°C used by NBDTI to relate air and 

pavement temperatures when calculating the TI. If the three to five day weather forecast 

indicates thawing temperatures, initial IRI readings should be assembled on candidate 

roads to identify roughness conditions prior to the thaw, a second test should then be 

performed one week later. 

Once two observation days are completed, the difference between IRI values should be 

calculated and compared to the weekly trigger value. If the change does not exceed the 

trigger value, then the weather forecast should be used to identify if thawing conditions 

are still occurring. While NBDTI does not currently use the TI and degree-day thresholds 

to assist with establishing the start and end dates of restrictions, other agencies have 

explored the use of threshold values such as 350ºC-days to remove SWR. Exploring the 

use of a threshold for New Brunswick conditions could be used to indicate when the 

roughness monitoring program should be terminated at the end of thawing conditions. 
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Frost probes or subsurface equipment could also be used to define the end of thawing 

conditions. If thawing conditions are still occurring, weekly monitoring should continue.  

In the event that the trigger is exceeded, an intermediate run should be performed within 

the next seven days. The data suggests these intermediary readings be taken 4 to 5 days 

apart, assuming road supervisors would typically only work five days a week (Monday to 

Friday) it is recommended weekly readings be taken on either Mondays or Friday to allow 

the intermediate readings to be collected on the following Thursday/Friday or 

Monday/Tuesday respectively. The IRI change between the two runs should then be 

compared to a secondary trigger value as the magnitude of the significant change is 

assumed to be relative to the time between observations. If the trigger is exceeded the 

decision-maker should recommend preforming a strength test, strength test results should 

be used identify the need for continued monitoring. If the trigger value is not exceeded, 

weekly monitoring should be resumed or terminate if thawing conditions have ended. 
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Figure 5-2 Proposed process to use mobile roughness in support of the SWR decision-making 

process 
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 Conclusions and Recommendations 

This research aimed to assess the value of real-time monitoring of road roughness using 

smartphone technology to support the SWR decision-making process. Collection of 

smartphone accelerometer data was performed on two road segments of approximately 

one kilometre in length during the time NBDTI employs SWR resulting in 26 observations 

at each section. The accelerometer data were transformed into IRI data by Total Pave and 

analyzed to determine if the devices can detect if IRI changes notably or significantly 

during the spring thaw. The following sections outline the major conclusions drawn from 

the study and recommendations for future work. 

6.1 Conclusions 

Comparing the IRI data over time indicated that the device can monitor changes in IRI 

over time. The observed COVs were less than 7.33% indicating that the sample size was 

sufficient on both roads. Equal variances observed at both sections indicated that the 

device performs equally well on both roads, but that the device can be used to differentiate 

between the different levels of roughness of the two roads. 

Excessive frost heaving led to a change in data collection speed from 80 and 60 km/h on 

the test section R616 in order to maintain a safe operating environment for the vehicle and 

its occupants. Analysis of the effect of speed on the different levels of roughness indicated 

that both speeds yield similar IRI values on R105. However, at R616 IRI values collected 

at different speeds were found to have a difference of statistical significance.  

IRI values at the test sections were found to reflect seasonal influences, where IRI reaches 

a peak in March followed by decreases in April until IRI values leveled around the end of 
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April. IRI values observed increased up to 1.88 times higher than baseline values on R105 

and up to 1.98 times higher on R616.  As expected, the devices were found to return higher 

IRI values for a rougher road. IRI was found to be significantly higher on R616; as 

anticipated seasonal effects were more pronounced on the section with measurable rutting 

and cracking. 

Maximum and minimum IRI values were observed around the same time on both sections, 

indicating that the progression of roughness followed a similar trend at both roads 

regardless of road class. Comparing weekly IRI values indicated that IRI values at both 

test sections increased and decreased together. If roads of different classes (collector vs. 

local) within a five kilometre geodesic distance behaved the same way, this suggests that 

once a baseline is established for all roads in a certain area, only a subset may need to be 

routinely monitored.  

When comparing changes in IRI values over the study period, the majority of significant 

differences between observations were found to occur four to seven days apart, indicating 

that changes are generally not significant on a daily basis. The data suggests that 

performing data collection twice a week would capture the majority of significant changes 

in observations.   

Comparing average IRI values to weather patterns showed the expected trend that IRI 

increases with freezing temperatures and decreases with warmer temperatures.  

Significant changes in IRI when compared to temperatures indicated a possible lag 

between changes in temperature and a response change in IRI. Stepwise linear regression 

models for each section yielded different significant variables summarized in Table 6-1, 
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however, both models indicated mean temperature and precipitation the day prior to the 

observation as variables contributing to decreases in IRI. 

Table 6-1 Summary of significant variables in regression models 

Model R105 R616 

Significant 

variables 

• mean temp. three days prior  
• precipitation one day prior  
• mean temp. one day prior  
• precipitation three days prior 

 

• mean temp. two days prior 
• mean temp. one day prior 
• precipitation one day prior  
• daily maximum–minimum temp. 

three days prior  
• precipitation two days prior 

 

Comparing changes in IRI to the SWR timeline and weather patterns indicates the study 

period began prior to thawing conditions, indicating increasing roughness values collected 

at the start of the period may be associated with a higher level of strength. It is expected 

that the following decreases in roughness coincide with the critical thaw period where 

significant decreases in strength are observed, as they both occur during warming 

temperatures. Comparing the SWR timeline to IRI values indicates that the leveling out 

of the roughness curve occurs around the time that thawing conditions in the structure 

have stabilized and sufficient strength has been recovered to allow the removal of 

restrictions. 

While the device was found to perform equally well on both roads, a higher level of 

variability between runs was observed as the level of roughness increases. This highlights 

the importance of minimizing variance in the wheel path while collecting data. Performing 

four runs may not be a realistic expectation for road supervisors; however, the standard 

deviation associated with average IRI values increases with fewer runs to a level at times 
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above some of the significant IRI changes. The effect of the variance of tire pressure on 

IRI could not be quantified but was considered to be negligible for this study based on the 

consistency of the monitored tire pressures. 

6.2 Recommendations 

The role of mobile roughness data in the context of the SWR decision-making process 

was explored and a possible framework for the incorporation of IRI data from smartphone 

devices into the SWR decision-making process and data collection guidelines were 

proposed. The framework explores the potential to use changes in IRI as a trigger to guide 

decision-making should conditions warrant a change. Further research is required to refine 

and validate the framework and data collection guidelines; the following is a list of 

recommendations for further research. 

1. Develop trigger values by relating changes in IRI to changes in changes in 

strength. It is recommended IRI and strength data be collected over the spring thaw 

preferably in an area where NBDTI has a RWIS or subsurface sensors to develop 

relationships between roughness, strength and other factors such as weather. 

2. Roughness on roads of different class within a five kilometre geodesic distance 

behaved the same way over the spring thaw, suggesting that, once a baseline is 

established for all roads in a certain area, not all roads would have to be monitored. 

Further investigation is required to determine the size of an area in which roads 

could be expected to behave in a similar fashion. 

3. Operating at a speed of 80 km/h may not always be possible on high speed roads 

due to increased pavement distresses over the thawing period. Changes in 

operating speed will cause a discontinuity in data; further investigation could be 
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performed to identify adequate data collection speeds for various levels of 

roughness. 

4. The study shows a clear tradeoff between the number of runs performed and the 

consistency of the IRI values reported. For practical reasons, the data collection 

guidelines propose performing only one run every few days, further investigation 

is required to identify the significance of this tradeoff.  

5. Exploring the potential of using mobile roughness data to support winter weight 

premiums. Mobile roughness was found to detect increases in roughness with 

colder temperatures at the start of the study period, the potential exists to relate the 

changes in IRI with NBDTI’s frost probe data and frost depth model. 

6. There is potential to further explore roughness levels to see if the SWR levels could 

be set based on the roughness of the road. IRI can be used indirectly to measure 

frost heave which in turn can be an indicator of thaw-weakening. IRI readings 

during fall and winter conditions could be used to determine the potential for thaw-

weakening, indicating roads with higher levels of frost heave which would require 

higher restrictions. 
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Appendix A: Summary of Canadian practices 

Table A-1 Summary of Canadian practices for SWR and WWP 

Jurisdiction SWR WWP Year Ref. 

Imposition Lifting Imposition Lifting 

Alberta Thermistors, 
weather 
conditions  

Thermistors  Thermistors 
(frost depth 
> 1 m) 

Thermistors 
(<30 cm of 
freezing)  

2015 Alberta 
Transp. 
n.d. 

Bullock et 
al. 2006 

British 
Columbia 

Frost probes, 
weather, 
historical, 
judgment 

Benkelman 
Beam 

N/A N/A 2004 Bullock et 
al. 2006 

Manitoba CTI of 15ºC-
days 

 

Sooner of 56 
days or CTI 
reaches 
350ºC-days 

 

CFI of 
150ºC-days 
(approx. 
frost depth 
of 0.75 m) 

 

CTI of 1ºC-
days 

 

2012 Bradley et 
al. 2012 

New 
Brunswick 

Historical 
Dynaflect, 
judgment, 
weather 
conditions 

Historical 
Dynaflect, 
judgment, 
weather 
conditions 

Frost probes 
and CFI 

CTI 10ºC-
days 

2015 C. White 
2015 

Newfoundland
/Labrador 

N/A N/A N/A N/A 2004 Bullock et 
al. 2006 

Nova Scotia1 Thermistors, 
moisture 
sensors and 
RWIS 

 

Dynaflect 
and road 
condition 
information  

N/A N/A 2011 Pouliot et 
al. 2011 

Northwest 
Territories 

Road 
inspection 

Benkelman 
Beam, road 
inspection 

# of days of 
cold weather 
(degree day 
count) 

Road 
inspections 

2004 Bullock et 
al. 2006 
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Nunavut N/A N/A N/A N/A 2004 Bullock et 
al. 2006 

Ontario Fixed date 
modified 
based on 
temperature 
and road 
conditions 

 

Fixed date N/A N/A 2004 Bullock et 
al. 2006 

P.E.I Frost tubes, 
Benkelman 
Beam 

Frost tubes, 
Benkelman 
Beam, 
weather 
conditions 

N/A N/A 2004 Bullock et 
al. 2006 

Quebec Frost tubes, 
RWIS, 
weather 
conditions 

Frost tubes + 
fixed 
duration 

N/A N/A 2015 Transports 
Québec 
2015 

Saskatchewan Thermistor, 
weather, 
road 
condition 

Road 
inspection or 
max of six 
weeks 

Fixed date + 
weather 
conditions  

Fixed date + 
weather 
conditions 

SWR
2004 

WWP
2015  

Bullock et 
al. 2006 

Gov. of 
Sask. 2015  

Yukon 
Territory 

Thermistors 
(thaw depth 
0.3 m), 
weather, 
road 
conditions  

Thermistors 

(thaw depth 
1.0-1.4m) 

 

N/A N/A 2015 Yukon 
Gov. 2015 
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Appendix B: Data collection schedule 

Table B-1 Data collection schedule 

March 

Monday Tuesday Wednesday Thursday Friday 

2 3 4 5 6 

9 10 11 12 13 

16 17 18 19 20 

23 24 25 26 27 

30 31       

     

April 

Monday Tuesday Wednesday Thursday Friday 

    1 2 3 

6 7 8 9 10 

13 14 15 16 17 

20 21 22 23 24 

27 28 29 30   

     

May 

Monday Tuesday Wednesday Thursday Friday 

        1 

4 5 6 7 8 

11 12 13 14 15 

18 19 20 21 22 

25 26 27 28 29 

     

Legend:     

9:00 AM     

1:30 PM     

Holiday / Previous Commitment Not Available 

 



 

 107 

Appendix C: IRI Observations 

Table C-1 IRI observations descriptive statistics 

Date R105 R616 

Avg. IRI 
(m/km) 

Std. 
Dev. 

COV Avg. IRI 
(m/km) 

Std. 
Dev. 

COV 

Test run 2.29 0.085 3.71 5.33 0.173 3.24 

March 12 2.32 0.065 2.79 5.99 0.204 3.41 

March 13 2.20 0.058 2.65 6.01 0.192 3.19 

March 16 2.50 0.083 3.30 6.27 0.157 2.50 

March 17 2.44 0.048 1.96 6.08 0.081 1.33 

March 20 2.40 0.064 2.67 6.51 0.255 3.91 

March 24 2.54 0.071 2.79 6.56 0.098 1.49 

March 26 2.48 0.059 2.39 6.51 0.019 0.29 

March 30 2.40 0.079 3.30 6.50 0.134 2.06 

March 31 2.34 0.063 2.69 6.60 0.101 1.54 

April 021 2.37 0.037 1.58 5.63 0.102 1.81 

April 07 2.17 0.059 2.75 5.93 0.146 2.46 

April 08 2.17 0.045 2.09 5.82 0.066 1.13 

April 10 1.96 0.049 2.49 5.77 0.110 1.91 

April 13 1.86 0.072 3.84 5.72 0.057 1.00 

April 15 1.75 0.028 1.62 5.47 0.072 1.32 

April 17 1.54 0.017 1.07 5.11 0.125 2.45 

April 20 1.35 0.044 3.21 4.40 0.089 2.02 

April 22 1.32 0.050 3.78 4.03 0.111 2.75 
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1 Reduction of data collection speed from 80 km/h to 60 km/h on R616 

 

 

 

 

 

 

 

 

 

 

 

 

April 24 1.25 0.044 3.54 3.70 0.041 1.11 

April 27 1.28 0.054 4.26 3.29 0.087 2.64 

April 28 1.34 0.047 3.51 3.33 0.180 5.41 

May 04 1.34 0.043 3.18 3.12 0.153 4.90 

May 06 1.28 0.038 2.96 3.04 0.085 2.79 

May 08 1.19 0.019 1.57 3.01 0.182 6.04 

May 14 1.25 0.072 5.76 2.99 0.147 4.91 

May 15 1.25 0.062 4.96 3.15 0.093 2.69 
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Appendix D: Statistical analyses 

Table D-1 Paired t-test 

Test section R616 R105 

Mean 5.02 1.86 

St. deviation 1.38 0.52 

Observations 26 26 

df 25 

t-statistic 17.832 

p-value 0.00 

t-critical 1.708 
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Table D-2 Two sample t-test results 

 Dates 

R105 R616 

t-statistic ΔIRI 

 

t-statistic ΔIRI 

 

1 
da

y 
di

ff
er

en
ce

 

Mar 12 – 13 2.745 -0.12 -0.124 0.02 

Mar 16 – 17 1.199 -0.06 2.140 -0.19 

Mar 30 – 31  1.161 -0.06 -1.197 0.10 

Apr 7 – 8 -0.069 0.00 1.283 -0.10 

Apr 27 – 28 -1.828 0.07 -0.322 0.03 

May 14 – 15 0.008 0.00 -1.851 0.16 

2 
da

y 
di

ff
er

en
ce

 

Mar 24 – 26 1.319 -0.06 0.968 -0.05 

Mar 31 – 2 -0.583 0.02 - - 

Apr 8 – 10  6.083 -0.20 0.789 -0.05 

Apr 13 – 15 3.064 -0.12 5.263 -0.24 

Apr 15 – 17 12.797 -0.21 4.950 -0.36 

Apr 20 – 22 0.909 -0.03 5.137 -0.36 

Apr 22 – 24 2.074 -0.07 5.618 -0.33 

May 4 – 6 2.062 -0.06 0.952 -0.08 

May 6 – 8 4.440 -0.09 0.265 -0.03 

3 
da

y 
di

ff
er

en
ce

 

Mar 13 – 16 -5.943 0.30 -2.120 0.27 

Mar 17 – 20 1.061 -0.04 -3.168 0.43 

Mar 30 – 2  0.854 -0.04 - - 

Apr 7 – 10 5.204 -0.20 1.676 -0.15 

Apr 10 – 13 2.319 -0.10 0.942 -0.06 

Apr 17 – 20 7.881 -0.18 9.327 -0.72 

Apr 24 – 27 -0.661 0.02 8.516 -0.41 
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4 
da

y 
di

ff
er

en
ce

 

Mar 12 – 16 -3.445 0.18 -2.174 0.28 

Mar 13 – 17 -6.441 0.24 -0.719 0.08 

Mar 16 – 20  1.907 -0.10 -1.559 0.23 

Mar 20 – 24  -2.966 0.14 -0.366 0.05 

Mar 26 – 30  1.615 -0.08 0.149 -0.01 

Apr 13 – 17 8.898 -0.33 8.716 -0.60 

Apr 20 – 24 3.204 -0.10 14.236 -0.70 

Apr 24 – 28 -2.748 0.09 4.085 -0.38 

May 4 – 8 6.560 -0.15 0.924 -0.11 

5 
da

y 
di

ff
er

en
ce

 

Mar 12 – 17 -3.065 0.12 -0.839 0.09 

Mar 26 – 31   3.200 -0.14 -1.717 0.09 

Apr 2 – 7  5.695 -0.20 -3.331 0.30 

Apr 8 – 13   7.154 -0.30 2.508 -0.11 

Apr 10 – 15   7.746 -0.22 4.568 -0.30 

Apr 15 – 20 15.144 -0.39 18.763 -1.07 

Apr 17 – 22 8.095 -0.21 12.928 -1.08 

Apr 22 – 27 1.249 -0.05 10.527 -0.74 

6 
da

y 
di

ff
er

en
ce

 

Mar 20 – 26 -1.850 0.08 -0.019 0.00 

Mar 24 – 30 2.651 -0.14 0.706 -0.06 

Apr 2 – 8   6.714 -0.20 -3.198 0.19 

Apr 7 – 13   6.461 -0.30 2.703 -0.21 

Apr 22 – 28 -0.571 0.02 6.709 -0.71 

Apr 28 – 4 0.091 0.00 1.734 -0.20 

May 8 – 14 -1.569 0.06 0.214 -0.02 

7 
da

y 
di

ff
er

en
c

 

Mar 13 – 20 -4.627 0.20 -3.117 0.50 

Mar 17 – 24 2.321 0.10 -7.647 0.48 



 

 112 

Mar 24 – 31 4.204 -0.20 -0.607 0.04 

Mar 26 – 2 3.341 -0.12 - - 

Mar 31 – 7    4.120 -0.18 - - 

Apr 8 – 15 15.778 -0.42 7.218 -0.35 

Apr 10 – 17 16.584 -0.43 7.894 -0.66 

Apr 13 – 20 12.178 -0.51 24.889 -1.32 

Apr 15 – 22 14.706 -0.42 21.760 -1.44 

Apr 17 – 24 11.937 -0.28 21.439 -1.41 

Apr 20 – 27 2.191 -0.08 17.798 -1.11 

Apr 27 – 4  -1.820 0.06 1.964 -0.17 

May 8 – 15 -1.793 0.06 -1.328 0.14 

Note: All t-test samples had 4 observations. For six degrees of freedom, t-critical two-tailed = 2.447 
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Route 105 Regression Model 

Table D-3 R105 stepwise linear regression variables entered/ removed 

Model Variables 
Entered 

Variables 
Removed 

Method 

1 MeanTemp2 . Stepwise (Criteria: Probability-of-F-to-enter <= 
.050, Probability-of-F-to-remove >= .100). 

2 MeanTemp3 . Stepwise (Criteria: Probability-of-F-to-enter <= 
.050, Probability-of-F-to-remove >= .100). 

3 Precipitation1 . Stepwise (Criteria: Probability-of-F-to-enter <= 
.050, Probability-of-F-to-remove >= .100). 

4 MeanTemp1 . Stepwise (Criteria: Probability-of-F-to-enter <= 
.050, Probability-of-F-to-remove >= .100). 

5 Precipitation3 . Stepwise (Criteria: Probability-of-F-to-enter <= 
.050, Probability-of-F-to-remove >= .100). 

6 . MeanTemp2 Stepwise (Criteria: Probability-of-F-to-enter <= 
.050, Probability-of-F-to-remove >= .100). 

 

Table D-4 R105 Stepwise linear regression model summary 

Model R R Square Adjusted R Square Std. Error of the Estimate 

1 .867a .751 .749 .25600 

2 .891b .795 .791 .23365 

3 .908c .825 .820 .21662 

4 .922d .849 .843 .20214 

5 .931e .867 .860 .19123 

6 .929f .863 .858 .19245 

a. Predictors: (Constant), MeanTemp2 

b. Predictors: (Constant), MeanTemp2, MeanTemp3 

c. Predictors: (Constant), MeanTemp2, MeanTemp3, Precipitation1 

d. Predictors: (Constant), MeanTemp2, MeanTemp3, Precipitation1, MeanTemp1 

e. Predictors: (Constant), MeanTemp2, MeanTemp3, Precipitation1, MeanTemp1, Precipitation3 

f. Predictors: (Constant), MeanTemp3, Precipitation1, MeanTemp1, Precipitation3 

 

 

 

 



 

 114 

Table D-5 R105 Stepwise linear regression coefficients 

Model Unstandardized 
Coefficients 

t Sig. Collinearity Statistics 

B Std. 
Error 

Tolerance VIF 

1 (Constant) 1.975 .026 76.038 .000   

MeanTemp2 -.063 .004 -17.543 .000 1.000 1.000 

2 (Constant) 1.965 .024 82.553 .000   

MeanTemp2 -.035 .007 -5.081 .000 .227 4.409 

MeanTemp3 -.032 .007 -4.632 .000 .227 4.409 

3 (Constant) 1.996 .023 85.621 .000   

MeanTemp2 -.035 .006 -5.549 .000 .227 4.411 

MeanTemp3 -.031 .006 -4.978 .000 .227 4.409 

Precipitation1 -.013 .003 -4.183 .000 .999 1.001 

4 (Constant) 2.007 .022 91.560 .000   

MeanTemp2 -.019 .007 -2.726 .008 .157 6.389 

MeanTemp3 -.027 .006 -4.545 .000 .220 4.552 

Precipitation1 -.012 .003 -4.187 .000 .994 1.006 

MeanTemp1 -.025 .006 -3.980 .000 .247 4.055 

5 (Constant) 2.035 .022 91.764 .000   

MeanTemp2 -.011 .007 -1.504 .136 .138 7.222 

MeanTemp3 -.030 .006 -5.182 .000 .217 4.614 

Precipitation1 -.011 .003 -4.188 .000 .990 1.010 

MeanTemp1 -.031 .006 -5.032 .000 .227 4.399 

Precipitation3 -.010 .003 -3.552 .001 .869 1.151 

6 (Constant) 2.036 .022 91.306 .000   

MeanTemp3 -.035 .005 -7.733 .000 .351 2.847 

Precipitation1 -.011 .003 -4.064 .000 .995 1.005 

MeanTemp1 -.036 .005 -7.349 .000 .354 2.829 

Precipitation3 -.012 .003 -4.292 .000 .982 1.018 
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Table D-6 R105 Stepwise linear regression excluded variables 

Model Beta t Sig. Partial 
Cor. 

Collinearity Statistics 

Tol. VIF Min. 
Tol. 

1 MeanTemp1 -.399 -4.441 .000 -.404 .256 3.908 .256 

Precipitation1 -.176 -3.783 .000 -.352 .999 1.001 .999 

DailyDiff1 .052 1.050 .296 .104 .989 1.011 .989 

Precipitation2 .041 .807 .421 .080 .969 1.032 .969 

DailyDiff2 -.051 -1.016 .312 -.101 .984 1.016 .984 

MeanTemp3 -.439 -4.632 .000 -.419 .227 4.409 .227 

Precipitation3 -.056 -1.112 .269 -.110 .970 1.031 .970 

DailyDiff3 .093 1.879 .063 .184 .962 1.040 .962 

2 MeanTemp1 -.336 -3.974 .000 -.369 .248 4.034 .157 

Precipitation1 -.175 -4.183 .000 -.386 .999 1.001 .227 

DailyDiff1 .074 1.629 .106 .161 .979 1.021 .225 

Precipitation2 -.017 -.360 .720 -.036 .900 1.111 .211 

DailyDiff2 -.086 -1.895 .061 -.186 .960 1.042 .218 

Precipitation3 -.092 -2.021 .046 -.198 .944 1.059 .215 

DailyDiff3 .043 .900 .370 .090 .901 1.109 .213 

3 MeanTemp1 -.313 -3.980 .000 -.371 .247 4.055 .157 

DailyDiff1 -.025 -.500 .618 -.050 .715 1.398 .224 

Precipitation2 -.037 -.834 .406 -.084 .890 1.123 .211 

DailyDiff2 -.047 -1.074 .285 -.107 .908 1.102 .217 

Precipitation3 -.085 -2.002 .048 -.197 .943 1.061 .215 

DailyDiff3 .053 1.199 .234 .120 .899 1.113 .212 

4 DailyDiff1 .025 .527 .599 .053 .666 1.502 .151 

Precipitation2 -.035 -.842 .402 -.085 .890 1.124 .154 

DailyDiff2 .042 .887 .377 .089 .695 1.439 .155 

Precipitation3 -.141 -3.552 .001 -.338 .869 1.151 .138 

DailyDiff3 .067 1.647 .103 .164 .892 1.121 .156 

5 DailyDiff1 -.001 -.013 .990 -.001 .648 1.542 .136 

Precipitation2 -.049 -1.259 .211 -.127 .881 1.135 .135 

DailyDiff2 .025 .571 .569 .058 .687 1.455 .138 

DailyDiff3 .012 .273 .785 .028 .738 1.355 .132 

6 DailyDiff1 .008 .184 .855 .019 .660 1.515 .343 

Precipitation2 -.057 -1.461 .147 -.146 .900 1.111 .331 
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DailyDiff2 .030 .664 .508 .067 .690 1.449 .265 

DailyDiff3 -.002 -.051 .959 -.005 .773 1.294 .328 

MeanTemp2 -.149 -1.504 .136 -.150 .138 7.222 .138 

 

 

Table D-7 R105 stepwise linear regression collinearity diagnostics 

Model Dimension Eigenvalue Condition Index 

1 1 1.256 1.000 

2 .744 1.299 

2 1 1.982 1.000 

2 .904 1.481 

3 .114 4.165 

3 1 2.012 1.000 

2 1.226 1.281 

3 .648 1.762 

4 .114 4.197 

4 1 2.827 1.000 

2 1.240 1.510 

3 .649 2.086 

4 .186 3.902 

5 .098 5.379 

5 1 2.913 1.000 

2 1.415 1.435 

3 .844 1.858 

4 .561 2.279 

5 .181 4.014 

6 .086 5.825 

6 1 2.098 1.000 

2 1.326 1.258 

3 .842 1.578 

4 .553 1.948 

5 .181 3.406 
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Route 616 Regression Model 

Table D-8 R616 stepwise linear regression variables entered/removed 

Model Variables 
Entered 

Variables 
Removed 

Method 

1 MeanTemp2 . Stepwise (Criteria: Probability-of-F-to-enter 
<= .050, Probability-of-F-to-remove >= .100). 

2 MeanTemp1 . Stepwise (Criteria: Probability-of-F-to-enter 
<= .050, Probability-of-F-to-remove >= .100). 

3 Precipitation1 . Stepwise (Criteria: Probability-of-F-to-enter 
<= .050, Probability-of-F-to-remove >= .100). 

4 DailyDiff3 . Stepwise (Criteria: Probability-of-F-to-enter 
<= .050, Probability-of-F-to-remove >= .100). 

5 Precipitation2 . Stepwise (Criteria: Probability-of-F-to-enter 
<= .050, Probability-of-F-to-remove >= .100). 

 

 

Table D-9 R616 stepwise linear regression model summary 

Model R R Square Adjusted R Square Std. Error of the Estimate 

1 .825a .680 .677 .77304 

2 .852b .726 .720 .71942 

3 .860c .740 .732 .70431 

4 .866d .751 .741 .69273 

5 .873e .763 .751 .67957 

a. Predictors: (Constant), MeanTemp2 

b. Predictors: (Constant), MeanTemp2, MeanTemp1 

c. Predictors: (Constant), MeanTemp2, MeanTemp1, Precipitation1 

d. Predictors: (Constant), MeanTemp2, MeanTemp1, Precipitation1, DailyDiff3 

e. Predictors: (Constant), MeanTemp2, MeanTemp1, Precipitation1, DailyDiff3, Precipitation2 
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Table D-10 R616 stepwise linear regression coefficients 

Model Unstandardized 
Coefficients 

t Sig. Collinearity Statistics 

B Std. Error Tolerance VIF 

1 (Constant) 5.329 .078 68.286 .000   

MeanTemp2 -.160 .011 -14.806 .000 1.000 1.000 

2 (Constant) 5.365 .073 73.345 .000   

MeanTemp2 -.090 .020 -4.568 .000 .260 3.850 

MeanTemp1 -.088 .021 -4.114 .000 .260 3.850 

3 (Constant) 5.420 .075 71.876 .000   

MeanTemp2 -.094 .019 -4.834 .000 .258 3.874 

MeanTemp1 -.084 .021 -4.015 .000 .258 3.872 

Precipitation
1 

-.023 .010 -2.329 .022 .994 1.006 

4 (Constant) 5.008 .210 23.885 .000   

MeanTemp2 -.088 .019 -4.599 .000 .254 3.941 

MeanTemp1 -.085 .021 -4.155 .000 .258 3.877 

Precipitation
1 

-.024 .010 -2.464 .015 .991 1.009 

DailyDiff3 .035 .017 2.098 .038 .958 1.044 

5 (Constant) 4.926 .209 23.563 .000   

MeanTemp2 -.090 .019 -4.745 .000 .254 3.944 

MeanTemp1 -.087 .020 -4.327 .000 .257 3.884 

Precipitation
1 

-.026 .009 -2.759 .007 .977 1.023 

DailyDiff3 .047 .017 2.730 .008 .863 1.159 

Precipitation
2 

-.055 .025 -2.216 .029 .863 1.159 
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Table D-11 R616 stepwise linear regression excluded variables 

Model Beta t Sig. Partial 
Cor. 

Collinearity Statistics 

Tol. VIF Min Tol. 

1 MeanTemp1 -.419 -4.114 .000 -.377 .260 3.850 .260 

Precipitation1 -.134 -2.462 .015 -.237 .999 1.001 .999 

DailyDiff1 .042 .752 .454 .074 .989 1.011 .989 

Precipitation2 -.051 -.896 .373 -.088 .969 1.032 .969 

DailyDiff2 -.091 -1.635 .105 -.160 .984 1.016 .984 

MeanTemp3 -.239 -2.077 .040 -.201 .228 4.392 .228 

Precipitation3 .002 .030 .976 .003 .969 1.031 .969 

DailyDiff3 .092 1.638 .104 .160 .962 1.040 .962 

2 Precipitation1 -.119 -2.329 .022 -.226 .994 1.006 .258 

DailyDiff1 .093 1.764 .081 .173 .942 1.061 .247 

Precipitation2 -.059 -1.117 .267 -.110 .968 1.033 .259 

DailyDiff2 .008 .133 .894 .013 .783 1.278 .207 

MeanTemp3 -.161 -1.463 .147 -.144 .220 4.550 .160 

Precipitation3 -.067 -1.212 .228 -.120 .888 1.126 .231 

DailyDiff3 .101 1.936 .056 .189 .960 1.041 .255 

3 DailyDiff1 .039 .629 .531 .063 .670 1.492 .235 

Precipitation2 -.071 -1.383 .170 -.137 .958 1.043 .257 

DailyDiff2 .039 .668 .506 .067 .744 1.344 .206 

MeanTemp3 -.163 -1.512 .134 -.150 .220 4.550 .159 

Precipitation3 -.058 -1.084 .281 -.108 .885 1.131 .229 

DailyDiff3 .107 2.098 .038 .205 .958 1.044 .254 

4 DailyDiff1 .007 .118 .906 .012 .628 1.592 .235 

Precipitation2 -.117 -2.216 .029 -.217 .863 1.159 .254 

DailyDiff2 .001 .015 .988 .002 .669 1.494 .204 

MeanTemp3 -.112 -1.012 .314 -.101 .205 4.888 .158 

Precipitation3 -.020 -.351 .726 -.035 .765 1.308 .229 

5 DailyDiff1 .031 .491 .625 .050 .611 1.636 .233 

DailyDiff2 -.096 -1.364 .176 -.136 .483 2.071 .192 

MeanTemp3 -.165 -1.506 .135 -.150 .197 5.084 .157 

Precipitation3 -.013 -.224 .823 -.023 .762 1.313 .228 
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Table D-12 R616 stepwise linear regression collinearity diagnostics 

Model Dimension Eigenvalue Condition Index 

1 1 1.256 1.000 

2 .744 1.299 

2 1 2.012 1.000 

2 .859 1.531 

3 .130 3.941 

3 1 2.062 1.000 

2 1.169 1.328 

3 .641 1.793 

4 .129 4.004 

4 1 2.493 1.000 

2 1.515 1.283 

3 .808 1.757 

4 .129 4.394 

5 .054 6.775 

5 1 2.545 1.000 

2 1.678 1.231 

3 .967 1.622 

4 .631 2.009 

5 .129 4.441 

6 .051 7.083 
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