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ABSTRACT 

Planning models require accurate base-year floorspace data to properly allocate/predict 

activities and study the interactions between different land uses. Currently, most planning 

models estimate base-year floorspace data according to limited population/employment 

data provided by the census and in general their accuracy is unknown. In this study, 

building information is extracted from LiDAR data using a free LiDAR classification 

software. In addition, through a novel machine learning approach, the extracted buildings 

are further enhanced by systematically considering a set of LiDAR features in the 

classification process. The accuracy of building information extracted from LiDAR data 

and the geographic building footprint layer are then examined and validated through a 

field survey. It is found that LiDAR data can provide building height, footprint and, 

therefore, floorspace estimates with a good accuracy. Furthermore, two base-year 

floorspace estimation methods, one is based on the LiDAR data and the other is based on 

census data, are compared for sample zones and distinguished by land-use category. The 

results of this study show that the traditional census-based approach may be very 

unreliable in estimating base-year floorspace. Comparisons reveal differences as high as 

37% for the Residential category. The errors are even higher for the non-residential 

categories, with average absolute percent errors ranging from 39% for the Office 

floorspace to 190% for the Accommodation and Recreation. Overall, the results obtained 

from this study indicate that the traditional census-based approach is very unreliable and 

inaccurate for modelers/planners to prepare their base-year floorspace, and therefore 

suggest that LiDAR data be used as a powerful add-on for planning models. 
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1 Introduction 

Many cities are·showing a growing interest in developing or using existent planning 

models to respond to their local or regional transportation and land-use planning needs. 

Planning models are composed of either independent land-use and travel mo~els or have 

been combined into one model known as Integrated Land-Use Transport Models 

(ILUTM). These models take into account the dynamic interactions between urban 

activity and transportation demand, which influences location choice, land-use and land 

development through accessibility measures over a long term (]). Moreover, land use 

patterns impact travel behavior, resulting in traffic volume and travel mode alteration. 

Due to the fact that most socio-economic activities originate from the built infrastructure, 

therefore, it is important to provide accurate building/floorspace data, which will be used 

to refer the locations of urban activities, for planning models. 

One of the main challenges modelers have been primarily facing is to provide their 

models with a sound base-year floorspace/building data. Currently, in most cases, reliable 

floorspace/building data does not exist and proxy-based methods are used in practice to 

provide this essential input. These proxy-based methods mainly include 

floorspace/building estimation and synthesis using limited population and employment 

data available from the Census. 

Developing floorspace/building inventory (2D and 3D models) can also support the 

visualization and analysis of land-use patterns in the context of existing and future 
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situations through a planning model. Buildings, as the "containers" of socio-economic 

activities, are among the most prominent objects as they are constantly subjected to 

construction and destruction, leading to rapid changes of activity locations and travel 

patterns in urban areas. Therefore, planning models require an effective 

building/floorspace information collection method to replace either traditional costly 

ground survey techniques or those based on "proxy" data like census or rent (2). 

Light Detection And Ranging (LiDAR) is an established remote sensing technology 

which is shown to be able to collect the location and elevation information of the 

reflecting surfaces of large areas in an efficient and reliable way (3). LiDAR point cloud 

data requires classification prior to building/floorspace extraction, a delicate process 

generally only available in high-end extraction solution software. 

The first step of developing a planning model, such as PECAS or UrbanSim, for a 

specific area is to create a base-year database ( 4). Data requirements vary from model to 

model. However, data, such as population, employment, household and floorspace 

quantity classified by category and zone, are necessary inputs for most models. It is 

essential to note that, no matter how perfect or acceptable a model is, a detailed and 

reliable outcome cannot be sought without providing accurate base-year floorspace input 

to the model. In particular, data on floorspace inventory is required, which is a type of 

information that is not readily available from public sources, such as the census (2). 

Obtaining floorspace data is simplified in most modeling applications by transforming 

census household and employment data into floorspace via conversion factors (5). 
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It is evident that very limited literature has been reported for improving the precision of 

base-year floorspace estimates. Planning researchers have been mainly focusing on 

either synthesizing floorspace data using the data from different sources or estimating it 

using easily accessible census employment and household data ( 6). 

1.1 Goals and Objectives 

The primary goal of this study is to assess the utility of LiDAR data in providing base

year building/floorspace data for planning models. Therefore, this research is designed 

with the objectives listed below: 

1. Identify the importance of base-year physical built form for planning models as 

either an input for the models or for calibration or visualization resolutions. 

2. Identify and describe current schemes used to estimate building floorspace and 

density data by examining operational planning models in Canada and other 

places in the world. Also identify the challenges, uncertainties and difficulties of 

current methods in estimating parcel and zonal floorspace information. 

3. Describe the data collection concept ofLiDAR technology and the data extraction 

procedure used for this study. 
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4. Compare the building information extracted from LiDAR data with the ground 

truth data that is collected through a field survey to validate the accuracy of the 

LiDAR technology in terms of building footprints and height. 

5. Compare the floorspace quantities extracted from LiDAR point clouds with the 

conventional proxy-based estimation method currently practiced in planning 

models. 

1.2 Scope 

The main focus of this study is to assess the accuracy and contributions of using a remote 

sensing technology LiDAR to estimate zonal floorspace, when compared to ground truth 

(surveyed) data and floorspace estimates based on Census population/employment data. 

This study will show how LiDAR data can provide modelers with accurate base-year 

building/floorspace data and reveal the inaccuracies that are currently included in zonal 

floorspace input that is estimated based on the proxy-based methods through census data. 

Our study area is the City of Fredericton, which does not contain very tall buildings or 

high density residential or business districts. It is necessary to state that the results of 

similar studies may differ for larger cities mainly because smaller cities ( as used in our 

case) tend to have more uniform and homogeneous land use in a specific zone compared 

to larger cities. Moreover, mixed land use is also far more frequent in large cities. 
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It is crucial to note that this study only aims to assess the utility of LiDAR technology in 

estimating base-year floorspace/building for planning models. However, the impact of 

providing improved base-year floorspace information to a planning model is not 

investigated or analytically assessed. For example, the results of providing an ILUTM 

with enhanced floorspace/building information will not be compared with those obtained 

based on the conventional floorspace estimation methods, as it is a very time consuming 

process and out of the scope of this study. Nevertheless, due to the importance of base

year floorspace/building information, it is speculated that supplying planning models 

with such improved input will improve the model's accuracy. 

This study is specifically important to modelers/planners by providing them with an 

outlook on the inaccuracies that they could introduce into their models by estimating the 

base-year building/floorspace data using census alone. This in tum suggests the modelers 

and planners could resort to LiDAR or similar techniques, to prepare base-year 

floorspace database for their planning models. 

1.3 Thesis Organization 

This Thesis is organized in the following manner. Chapter 2 reviews LiDAR concepts 

and technology and how it can be applied to this study. Furthermore, current methods 

practiced in preparing base year floorspace information for planning models and the 

importance of base-year floorspace data are discussed for several models. A brief 

introduction to LiDAR technology is also provided. Chapter 3 is devoted to the 
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preparation of various data layers required for this study. The chapter also provides a 

description of the study methodology on floorspace estimation using LiDAR and census 

data and corresponding classification enhancement and accuracy assessment procedure. 

The comparison procedure with the proxy-based method is also presented. In Chapter 4, 

the building extraction and classification enhancement results are presented. Further, 

zonal floorspaces estimated from LiDAR data are compared with those estimated from 

Census household/employment data, classified by category and by zone. In the final 

chapter, conclusions drawn from this thesis are presented and future works are discussed. 
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2 Literature Review 

2.1 Background 

It has been proven that the transportation network and the spatial arrangement of land-use 

significantly influence each other over time (7). On one hand, the transportation network 

provides accessibility that plays an important role in the location of activities. On the 

other hand, land-use changes lead to alternation of origin and destinations. Land-use is 

frequently referred to as the "built environment" or "buildings", in which activity 

productions and attractions are taking place. In other words, urban activity, as a whole, 

consists of all socio-economic activities, which are mostly occurring within the built 

environment ( 8). Land-use and transportation models are developed to capture such an 

interaction and, moreover, to identify how the physical form of an urban area will be 

transformed that, in tum, determines the movement of people, goods and services. This 

comprehensive approach towards the urban system is one of the main strengths in 

addressing various urban problems we are facing, such as pollution and sprawl. 

As previously explained, land-use and transportation models are either stand-alone or are 

in some cases integrated into one super structure. The land-use component of these 

models is used to simulate the spatial distribution of population, income and employment, 

along with their built environment. In most cases, modelers merely use zonal population 

and employment data as a "proxy" variable to estimate floorspace. 
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A functional model should be able to fully capture all or most of the real world land use 

and transportation interactions. In order to develop and implement such a model, it is 

essential to address a variety of issues, such as representing the physical system, process, 

decision makers and implementation issues. Most of the planning models developed are 

not ideal due to the fact that they may ignore one or a few of the mentioned components 

in their structure. One of the most challenging issues is the physical representation of the 

"built environment" of the urban system. In this regard, base-year building/floorspace 

stock is fundamental since the building type/quantity determines the occurrence location 

of a specific activity ( 8), but building/floorspace data is, in general, unavailable from 

current public data sources. 

As will be discussed thoroughly in Section 2.2.3, modelers are heading towards 

disaggregate urban models for a more comprehensive representation/evaluation of land

use and transportation interactions. For this purpose, it is essential to provide models 

with disaggregate data input at a very detailed level, such as parcel-based floorspace 

quantity. Literature indicates that determining parcel by parcel floorspace is a 

considerable challenge for the data preparation work of a microsimulation model, such as 

UrbanSim (9). 

Currently the mainstream of modeling practice is based on aggregate input data, which 

also requires accurate floorspace information at the zonal level. Several floorspace 

estimation methods are currently pursued for developing this essential data such as 
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proxy-based and synthesizing techniques, which will be explained and discussed further 

in Section 2.3. 

2.2. Aggregate/Disaggregate modeling and the ideal model 

In this section, first, aggregate and disaggregate modeling and the importance of 

individual floorspace/building information in these models are introduced with a 

summary of the evolution of planning models through time. Next, the feasibility of using 

aggregate data in disaggregate models is discussed. Finally, the main characteristics of an 

ideal planning model is described and how accurately identifying and quantifying the 

built infrastructure can contribute to this issue is explained. 

2.2.1 Aggregate spatial interaction models 

Aggregate models are relatively simple mathematical models, such as the Lowry model, 

which consider urban development to be a function of the basic employment sector of 

each zone. They allocate activities to zones according to the land-use 

capacity/characteristics and accessibility of the zones. Overall, these models simulate 

land use and transportation interactions at the zonal level and therefore they are called 

"aggregate spatial interaction" models. 

2.2.2 Disaggregate spatial interaction models 

Disaggregate spatial interaction models utilize disaggregate, rather than aggregate, data 

for land-use and transportation modeling. Disaggregate models provide a much detailed 
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behavioral representation in order to model complex journey and location decisions. They 

are sophisticated models, which are in most cases an integration of land-use and transport 

models. 

2.2.3 Evolution of planning models 

In order to provide a better understanding of different modeling approaches, a short 

summary of the evolution of planning models is explained. Approaches to land use 

modeling over the years can be divided into pre 1990 modeling and post 1990 modeling. 

Figure 2-1 provides a diagram that roughly explains where some of the important models 

stand historically and describes the main land use frameworks upon which planning 

models are built. From the 1950s, planners took an aggregate approach in predicting 

spatial movements such as the Four-step model for travel demand modeling. However, at 

the same time, the impact of other urban sectors on transportation, such as land-use, was 

realized. The Lowry model was the first official land use model introduced in 1964 ( 10). 

This model is highly aggregate and largely based on the mechanics of spatial interaction 

originating from Newton's gravity model. Later on, Putman developed the first Integrated 

Transportation and Land Use package (ILUTP). The model was developed around a 

household and an employment allocation submode} called DRAM and EMPAL. 

The foundation of econometric input-output models is known to be set by Leontieff and 

such models were soon integrated into MEPLAN and TRANUS ( 11). In TRANUS, a 

land supply model predicts the behavior of developers in choosing where to build. 

Floorspace/building stock inventory is an essential data requirement for this model ( 12). 
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Moreover, a popular ILUTM developed in recent years - PECAS (Production, Exchange, 

and Consumption Allocation System) takes a similar approach. PECAS micro-simulates 

land development at parcel level of analysis for some of its applications, such as those for 

Baltimore and Montgomery. In 1980s, METROSIM and MUSSA were developed, which 

made use of integrated urban economics and discrete choice theory (Aggregate 

equilibrium discrete choice model) (J 0). MUSSA was developed based on the bid-rent 

theory framework in which zonal building-stock supply and demand is explicitly 

modeled. !n an effort to become more disaggregate, MUSSA makes use of small zones as 

the unit of analysis. In the year 2000, UrbanSim was redeveloped based on a bid-rent 

dynamic discrete choice theory and a disaggregate spatial representation 

(Microsimulation) (13). Recent UrbanSim models tend to estimate floorspace supply at 

the parcel level. 

One advantage of using disaggregate models is that, in practice, they are easy to calibrate 

and deal with (J 0). They have the advantage to operate even when only sample data is 

available. However, as argued in another study (14), one of its main disadvantages is that 

these models are extremely data hungry and data preparation for disaggregate models is 

extremely time consuming and in some cases may take years to develop. However, the 

study also claims that probably a disaggregate model like UrbanSim with imperfect input 

data works better than an aggregate model like TELUM working with a complete 

database. 
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Figure 2-1) Land use and transportation models in time (Source: (15)) 

Lee (16) published an article under the title of 'Requiem for Large-Scale Models ' in the 

journal of the American Institute of Planners in 1973. In the article, he discusses ' seven 

deadly sins of urban models ' . He argues that excessive data requirements of these models 

should be known as a "sin" in land use modeling. This might say that, by 

microsimulating and analyzing models at individual spatial levels, planners are 

committing the same "sin" he has alerted planners to avoid. However, this issue is 

debatable in the year 2013 ; it is noted that this article was written in 1973 and the 

computational power of those days cannot be compared to computers of today. Probably 

the main reason he called it a "sin" is due to data collection issues and lack of data 

storage facilities in 1973, which is not so much of a problem today either. Moreover, as 
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explained previously, planning models are becoming more detailed and require data such 

as building/floorspace supply at a very detailed spatial level, such as parcel. 

In 1995, as concluded from a land use modeling conference in Dallas ( 17), one of the 

main restrictions preventing accurate land use forecasting is data limitations. Moreover, 

the conference also highlighted that planning models tend to go towards disaggregation 

rather than aggregation. As a conclusion from the conference, providing detailed and 

timely floorspace/building information is essential and such data will make numerous 

contributions to disaggregate modeling in practice. 

2.2.4 Development of disaggregate models with aggregate data 

It is argued that UrbanSim' s excessive data requirements, such as building information at 

the parcel level, are disadvantageous as most regions likely would not have detailed 

building/floorspace data at that level, but at T AZ (Traffic Analysis Zone) level or other 

municipal partitions. For this reason, a study (9) attempted to assess the feasibility of 

using aggregate land-use data in disaggregate models. The main aim of the study was to 

discover whether it is possible to create a database for Urbansim with disaggregate land

use or floorspace data using aggregate information. The Second objective was to evaluate 

the outcomes of taking such an approach. The approach taken in one of the cases related 

to Brussels was to scatter and convert the aggregate land-use data into predetermined grid 

cells. The study shows that by taking such an approach a lot of vital information is lost. 

The results clearly confirm that it does not seem possible to develop a land-
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use/floorspace database solely based on aggregate land-use data. Then the only solution 

to support the development of disaggregate planning models seems to be to devise a way 

to collect detailed land-use or other input data in a timely and cost-effective manner. 

2.2.5 The ideal model 

Due to the fact that no model is perfect, in a study researchers try to discuss and define 

what an ideal model should look like ( 17). In the article, the physical system of an ideal 

model is explained. It was debated that, in an ideal model, the whole system and their 

markets will not be in an equilibrium status, but in a constant process to progress to such 

a status. An ideal model also requires a highly detailed illustration of the urban network. 

Residential and commercial floorspace market and the economic features of these 

markets must be modeled unambiguously. It is also claimed that the economic base of 

such a model should also include superior economic influences such as regional interest 

rates and inflation rates. Furthermore, it is stated that in a perfect model, the basic unit of 

land should be at the individual lot/building, and each building should be exclusively 

characterized by the amount of floorspace, type and other features. 

2.3 Building/Floorspace data in planning models and estimation methods 

In this section, first the functionality of floorspace data is reviewed in a few planning 

models. Next, some of the currently practiced methods in estimated floorspace/building 
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data are presented. Further, some methods used to estimate residential and non-residential 

floorspace are presented followed by a summary of the floorspace synthesis method. 

2.3.1 Floorspace functionality in planning models 

The following paragraphs describe how several "classic" planning models consider land

use or floorspace supply and demand in their frameworks. The importance of floorspace 

as either an input, intermediate variable or an output is evident across all of these models. 

One of the main data requirements of DRAM and EMPAL is the percent of land already 

developed (J 8). However, one of the main limitations of these models is too much 

aggregation in their spatial representation. No specific information can be found on how 

the data of existing developments is prepared for these models. 

MEPLAN and TRANUS are integrated models that require floorspace quantities by 

category at a zonal level as one of their main data inputs (J 9). These models consist of 

two main subsystems: activities and transport. In these models, the real estate supply is a 

main component in determining the location and interaction between activities. Unlike 

DRAM and EMP AL, both models simulate the floorspace (real estate) market and 

contain a floorspace consumption submode!. It appears that these models are not suitable 

for local modeling due to the high level of aggregation and are more suitable for regional 

and national applications. 
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MUSSA is also an integrated model, which, in addition to household, employment, and 

accessibility indexes by zones, also requires residential and non-residential floorspace 

and building type for each forecasting year including the base year as an essential input 

for the model (20). 

DELTA is a land-use model which can also be linked with transportation models to study 

the effects of land-use and transportation policies. One of the main predictions of this 

model is the quantity and quality of floorspace available for occupation in a specific time. 

In this model, the location and relocation submodel links activity and floorspace, or in 

other words, it is the link between land-use and transportation. In this model, the total 

floorspace type in a specific zone at a specific time is calculated using the following 

Equation (1) (21). 

Where 

TFS r z (t) is the total floorspace typer in zone z at time t; 

p is the period from time t tot+ 1; 

a~.z is the unit of floorspace typer in zonez during period p per household typeor 

peremployeepersection i 

LP;,z (p )' is the activity typei located from the pool to zone z during period p for each 

floorsap ce typer 

LM~z{p) is the mobile activity typei located tozonez during period p for each 

floorspace typer 

VFSr,z(P) is the vacant floorspace typer in zonez during period p 

IFSr,z{P) is the immobile floorspace typer in zonez during period p 
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The floorspace price is determined by assuming that equilibrium exists between the 

demand and the supply. The prices of different floorspace categories are fine-tuned until 

all the floorspace, calculated using Equation (1 ), in each zone have been considered. 

UrbanSim is an integrated planning model which both land-use and transportation 

interactions are modeled in one package. The floorspace supply in each zone is one of the 

factors that determine the unit price of floorspace. Equation (2) shows the price 

adjustment formula (21): 

PFS r z (t + 1) = PFS r z (!)( Dr,z (t) )p 
· · (1-a)Sr,z(t) 

(2) 

Where 

PFSr,z(t) 

Du(!) 

srz (!) 

a 

/3 

is the unit price for floorspace typer in zone z at time t 

is thetotaldemand in the current yearforfloorspacetyperin zonezat timet 

is thetotalsupplyof floorspace typer in zonez at time t 

is the normal vacancy rate 

is a scaling parameter for the price of adjustment, initially set to 1 

As can be seen in Equation (2), the unit price of each type of floorspace is a function of 

the total floorspace demand and supply in each zone for a specific year. All of the above 

examples indicate the importance of providing relatively accurate floorspace information 

for planning models. 
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2.3.2 Practicing floorspace estimation methods 

In planning practice, mainly three modeling frameworks are embraced. The three 

frameworks are aggregate spatial interactions models, econometric models and 

microsimulation models ( 7). However, a survey conducted by FAMPO (Fredericksburg 

Area Metropolitan Planning Organization) evident in Figure 2-2 indicates that more than 

80% of current models operate at a high aggregate spatial level. 

Figure 2-2) Models practiced (Source: (22)) 

Floorspace quantity is an essential input to aggregate models. Census data contain 

population and employment information mostly at the zonal level , and they do not have 

any building/floorspace information. This issue has to be dealt with in modeling in both 

residential (housing) and non-residential ( employment) land-uses. Modelers have had to 

use alternative methods to correspond to such a data requirement. In some models, 
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planners decide to totally neglect such an input; they prefer to ignore it rather than to 

increase uncertainties in their database. Another method used to address the 

floorspace/building data requirement of planning models is to estimate floorspace 

quantities for each category based on census data that is accessible (5) (23). For example, 

considering a certain amount of floorspace for each employee and multiplying this value 

by the number of employees in that zone (for each employment category) provides a 

rough estimation of the floorspace quantity. Another method used in an UrbanSim model 

for Austin, Texas is to estimate floorspace according to the building's estimated 

construction cost ( 14). 

In some applications of TRANUS and DELTA, the floorspace quantities are estimated 

according to the floorspace rent. Housing monthly rents can be obtained from the Census 

housing mortgage and rent database. This approach is more close to reality than just 

considering a universal conversion factor for every case. However, collecting rent data 

adds complexity to the process. 

Floorspace conversion factors used in the PECAS application are determined according 

to population, number of employees and rent values (23). It appears that floorspace 

estimation using census employment/household data is the most frequent approach in 

developing floorspace data for planning models. The next two sections will mainly cover 

the fundamentals of this approach followed by another frequently applied method: 

synthesizer. 
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2.3.3 Non-residential floorspace estimation 

Limited literature exists on the factors used to represent employee-floorspace 

relationships in practical modeling. For example, in a study conducted at the University 

of Washington in 2004 (2), the data for an UrbanSim model developed for the Puget 

Sound region is used to calculate an average square feet per employee ratio. These 

coefficients are obtained according to employment category, land use type, and the urban 

or rural location where it is located. For that UrbanSim model, base-year building data 

was available and used for the analysis. It is appealing to note that it was realized in the 

study that the total floorspace in many zones calculated by adding up each individual 

building's square footage, did not match the total floorspace value estimated for that zone 

using census data (2). The database used is an extremely large four-county land-use data 

set compiled by the UrbanSim research group. Employment data comes from the Puget 

Sound Regional Council and Washington Employment Security Department - the data is 

largely derived from the QCEW (Quarterly Census of Employment and Wages). The 

study clearly concludes that these ratios can vary for different employment categories in 

different cities and regions. Results show, that even for the same land-use category, 

square feet per employee ratios differ from city to city. For example for office land-use, 

Seattle and Bellevue have an average of 250 square feet per employee while in cities such 

as Everett and Kent the average is 400 square feet per employee for this category. These 

variations between different cities are also clearly visible in other land-use categories 

such as industrial and commercial. Therefore, it recommended that caution should be 

taken in applying these factors to other cities or at least a range of values should be 

considered to represent uncertainties. 

20 



2.3.4 Residential floorspace estimation 

Ratios for converting household (HH) numbers to floorspace quantities vary substantially 

depending on the region and may also differ from zone to zone even in a single urban 

area. Many approaches can be taken to reach a suitable HR-floorspace conversion factor. 

One approach is to identify a zone which the modeler would consider to be a reliable 

representation of the overall city or study area. Moreover, a building to building survey 

can be carried out in that zone to collect the floorspace data. Then by dividing the total 

surveyed floorspace by the population living in that zone, derived from census data, a 

regional conversion factor can be obtained. A rather straight forward method would be to 

simply adopt a ratio factor from other studies. In this regard, the United States Housing 

Survey (24) can be a valuable source for this purpose (]). 

2.3.5 Synthesizing floorspace data 

Advanced land-use transportation models require base-year building/floorspace input to 

represent the built form. As discussed, base-year floorspace data may not always be 

complete or readily available. This issue is of such importance for these models that 

researchers have resorted to alternative methods in order to artificially develop a detailed 

base-year building database. 

One of these methods is floorspace synthesizer to "synthesize" building/floorspace 

information (25). Synthesizing is used in cases where data deficiencies exist or when the 

datasets available contradict. In a study by Abraham et al. (25), three methods of 
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synthesizing base-year floorspace data are developed and experimented. Moreover, the 

general algorithm consists of two main sections, which are developing floorspace 

inventory and then assigning the floorspace to parcels of land. The current developments 

are then identified using a combination of assessor data and areal imagery. According to 

census data and by using square feet per employee factors, the quantity of non-residential 

floorspace in each zone is obtained. For residential floorspace, census data related to the 

number of households and income are transformed into residential floorspace quantities. 

Zonal regulations are also applied to constrain the building space permitted per square 

foot of land. In the assigning procedure, at the T AZ (Traffic Analysis Zone) level, each 

parcel is scanned and parcels are scored in a routine that higher scores are assigned to 

those with higher potential for growth based on the examined attributes. Moreover, the 

space, developed in the previous step, is spread among parcels based on their score and 

the lowest scoring parcels are left vacant. The quantity of space assigned to each parcel is 

constrained by the provided FAR (Floorspace Area Ratio) target that is defined by the 

user. These constraints are based on density policies enforced in each zone. The study 

describes the process as more challenging than expected. The study concludes that the 

synthetic built form does not match ground truth information. Further it is concluded that 

the floorspace synthesizer used can be used to represent the diversity of land-use in a 

zone but cannot accurately simulate land use at individual parcel level. 

In another study (26), a similar approach has been taken in synthesizing base-year built 

form for the Montgomery region. In the analysis section of the study, the floorspace 

synthesized and assigned to parcels are compared to that of the official map provided by 
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the assessors department. The comparison results clearly conclude that the synthesizer is 

not able to model the quantity and type of built area in a truthful manner. Many reasons 

have been stated for this inaccuracy, but no practical attempt has been made to resolve 

these issues. 

2.4 LiDAR and its application in urban modeling 

In this section, a brief introduction to LiDAR technology, data collection and data 

classification is provided. Further, a summary of the literature reviewed regarding 

LiDAR data accuracy and building extraction accuracy is given. Finally, some of the 

applications of LiDAR data in urban modeling and planning are reviewed and discussed. 

2.4.1 Introduction to LiDAR 

Remote sensing is the activity of perceiving and obtaining information from objects and 

actions without direct physical contact from further distance (27). One type of remote 

sensing technique focused in this study is Light Detection and Ranging (LiDAR). LiDAR 

makes use of laser light in order to measure the distance to and from its target, which can 

provide accurate x,y and z measurements. The returning light is post-processed and along 

with the three dimensional points of the illuminated object, other attributes are also 

recorded for each laser pulse. Some of these attributes are: intensity, GPS time, number 

of returns, return number, density, scan angle and direction. Some of these attributes can 

be used for classification purposes. 
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One of the main components of a LiDAR system is the collection method, which ranges 

from tripods to aircrafts. The data collection method using airborne LiDAR is an 

effective and accurate way of producing digital surface and elevation models (DSM & 

DEM) for relatively large areas. LiDAR products can provide cost effective, horizontal 

and vertically accurate elevation data sets. These data sets have many applications, such 

as detection of natural and man-made elements and providing the opportunity for 3D 

modelling of the identified objects. 

The LiDAR system, as shown in Figure 2-3, consists of three main components: lasers, 

GPS and an inertial navigation system. The combination of these three tools allows 

recovering the returning points of the laser with high accuracy. The travel time of the 

laser pulse is recorded, and using the three tools previously mentioned, accurate x, y and 

z coordinates are obtained. 
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Figure 2-3) LiDAR data collection system (Source: (28)) 

2.4.2 LiDAR pulse returns 

The reflection of the laser beam striking one or more objects is termed as "return". As the 

cone of light emitted from the LiDAR sensor travels towards the ground, it might hit 

several objects in its path. For example, the pulse can strike the top of a tree and further 

on penetrate through the tree returning multiple reflections as it strikes the tree ' s branches 

and leaves. LiDAR returns operate in three modes (29): 

• First-return, which measures the range of the first object encountered. 

• Last-return, which measures the range of the last object usually (but not always) 

the ground surface. 
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• Intermediate returns, which measures the range of mid-way objects. They are 

ideal for determining vegetation structures. 

Each LiDAR point obtained in the air sweeping process is categorized as one of the 

groups mentioned above. LiDAR technology also provides an active sensing system that 

does not require sunlight to operate. LiDAR also contains a direct terrain measurement 

unlike a photogrammetry technique which uses infrared (30). 

2.4.3 LiDAR data classification 

Prior to post-processing the data, the LiDAR point cloud is pre-processed for improved 

accuracy and noise filtering. Furthermore, the raw data requires classification in order to 

define to which type of object each point is related. The classification is done by 

assigning certain codes, determined by the American Society of Photogrammetry and 

Remote Sensing (ASPRS), to each point. The main classification categories and 

classification values are (31): 

• 0-Never Classified 

• I-Unassigned 

• 2-Ground 

• 3-Vegetation 

• 4-Medium Vegetation 

• 5-High Vegetation 

• 6-Building 

• 7-Noise 
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• 8-Model Key (Thinned bare-earth) 

• 9-Water 

The classification process can either be done semi-manually or through an automated 

procedure. The automated procedure for LiDAR data classification makes use of the 

aforementioned LiDAR attributes to categorize points. For example, first returns can be 

used to create digital surface models that include ground and ground features, such as 

buildings, bridges and tree canopy. Multiple returns are in many cases valuable for 

separating penetrable objects such as plants and trees from non-penetrable objects among 

the above-ground features. Last returns could be a good first approximation of the bare 

ground surface (30). 

LiDAR systems have the ability to record multiple returns for the same pulse. The 

illustration in Figure 2-4 depicts how the beam may impact leaves at the top of a tree 

canopy, by traveling further, striking more leaves or branches. The beam touches the 

ground at the end, thus assigning the point as a multiple return. This feature is crucial in 

distinguishing between pervious and non-pervious objects in highly vegetated areas. 

Because of this, if a return is only single, it can be inferred that a building or ground 

surface has been struck, and if it is a multiple return, then the points are probably related 

to vegetation. The last return of the beam, when processing multiple returns, can be 

classified as ground surface. 
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Figure 2-4) LiDAR multiple returns (Source: (32)) 

In addition to recording the time of a return pulse, most LiDAR systems record the 

intensity, or the magnitude, of the return pulse. In other words, they not only identify and 

record the return pulse, but also measure the strength of the reflecting pulse. Objects with 

high reflectivity, such as snow or a metal roof, show a higher intensity return than dark 

objects, such as asphalt roadways (33). 

Aside from the LiDAR point attributes for classification purposes, other features can also 

be developed, which represent the situation of a point in accordance to its surrounding 

points. Some of these features and methods are: standard deviation of height and slope, 

surface roughness, focal standard deviation and profile windows (34). LiDAR data can be 
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automatically classified according to a combination of these features or in some cases 

integrating LiDAR data with high resolution imagery ( colored) for more precise feature 

extraction and classification. 

2.4.4 Accuracy of building extraction from LiDAR 

Several factors can influence the accuracy of the building extraction results from LiDAR 

data. Two main factors are the LiDAR data density/resolution and the classification 

algorithm or method. These two factors may differ for different applications and studies. 

This is the main reason why the accuracy of the extracted buildings in one study cannot 

be directly related to another. However, all of the studies reviewed state that LiDAR data 

is very accurate in terms of both lateral location and height. For example, in a study 

conducted by the American Environmental Agency (35), the accuracy for LiDAR data is 

assessed using Ground Control Points (GCP) for several types of areas and terrain types. 

The results show a root mean square error (RMSE) of0.071 cm and a 95th percentile 

vertical accuracy of 0.13 cm in urban areas. Overall, the results show that LiDAR can 

provide highly accurate vertical and horizontal data. 

Geomatic research for building extraction from LiDAR has been largely devoted to 

enhancing the details of a building structure using the point cloud data and in some cases 

other sources such as aerial imagery (36) (37) (38). It is found that, by integrating 

photogrammetric data with LiDAR data, cleaner digitized building outlines can be 

obtained (39). 

29 



In 2001, NASA initiated an R&D program to develop an automated building extraction 

system ( 40). The automatic extraction algorithm developed is based on the geometric 

characteristics of buildings which distinguish between buildings and other features. An 

accuracy assessment is conducted to quantify the accuracy of the extraction results by 

comparing to the reference data manually digitized from aerial images with 0.25m 

resolution. The reference data only contains the building footprints, and therefore vertical 

geometric accuracy assessment is not carried out in the study. The area difference 

between the extracted results and the reference data is shown to be 15% with a 

classification accuracy of 90.9% ( 40). 

2.4.5 LiDAR applications in urban modeling and planning 

LiDAR data collection, post-processing and classification procedures are all important 

research topics in the Geomatics field. Urban modeling and 3D building reconstruction 

from point cloud data is an important application of LiDAR data. Buildings are important 

features that planning researchers are constantly interested in visualizing, monitoring and 

quantifying. Many methods can be used for this purpose but LiDAR technology provides 

a fast and flexible technique for creating accurate point cloud data to facilitate urban 

modeling and visualization ( 41). 

Urban modeling is not so much about LiDAR data classification but more about using the 

extracted urban features to understand and simulate how urban systems evolve. LiDAR 

data may not be the only source used for this purpose and other data sources such as high 
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resolution imagery and photogrammetric techniques can be used to assist the process. A 

study related to urban visualization using LiDAR data concludes that urban and building 

visualization by solely using LiDAR requires high resolution data, and their proposed 

algorithm fails to do so when using low resolution LiDAR data ( 42). 

With the development in Geographic Information Systems (GIS), planning models are 

also becoming much more integrated with GIS platforms. The main aim of this 

integration is to visualize current and future land use and infrastructure changes. 

Moreover, visualizing spatial data helps the planners and policy makers gain a better 

understanding of the existing situations and propose future improvements based on this 

information ( 43). Therefore, the effects on land-use, development and travel behavior of 

implementing certain policies or proposing solutions to existing problems can be 

visualized. Planners are also interested in visually presenting the inputs and outputs of 

their models in a GIS platform. In general, visualization is data hungry and a variety of 

urban spatial and geographic information is required. In this regard, LiDAR data can 

provide rich data, particularly for base year, for visualizing urban and land-use features, 

such as buildings, in a GIS framework. For example, METROPILUS is a fully 

functioning land use visualization system in which DRAM, a residential location model, 

and EMPAL, an employment location model and LANCON, a land consumption model, 

are implemented around a GIS core (Arc View) ( 44). 

A data collection system for monitoring urban developments over time can also be useful 

for model calibration purposes ( 45). Further, Wegner ( 46) states that model validation is 

the only real test to identify the model's performance. Urban developments and land-use 
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changes over time, predicted from the land use submodels, can be compared with real 

world observations in order to fine tune the model parameters, in order to reasonably 

represent regional land-use characteristics and development behavior. For this purpose, 

"base-year" information is used to estimate the models parameters and constants, and a 

model is validated and calibrated by comparing its results with real world observations. 

One of the main challenges in model validation is lack of sufficient data over a specific 

span of time related to land use and infrastructure changes. Due to lack of such data, 

models are validated by comparing their results with each other (47). Therefore, 

collecting accurate building/floorspace data on urban developments and changes over 

certain time intervals, using LiDAR technology, is highly desirable for calibrating the 

land-use submodels/components for more realistic modeling results. Actually, this has 

become the reality and cities routinely conduct LiDAR surveys around the globe. 
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3 Data and Methodology 

In this chapter, the data and methodology of this study are presented. The study Data 

section is divided into spatial and statistical data in which the details of each dataset are 

explained and presented. 

The second section presents the research methodology used in this study. The 

methodology covers the procedures that are followed for building extraction, 

enhancement, validation and floorspace estimation from LiDAR data. Furthermore, the 

methods used to develop floorspace conversion factors and to conduct the comparison 

analysis are also presented. 

3.1 Study Data 

The data used in this study can be divided in two major categories: spatial data and 

statistical data. The spatial data used are: LiDAR data, building footprint geographic 

vector data, digital property map (parcel) data, surveyed building data, zoning data and 

aerial imagery. The statistical data used are: Census employment and household data, 

employment-floorspace conversion factors and household-floorspace conversion factors. 

3.1.1 Spatial data 

It is essential to note that, as can be seen in Figure 3-1, the above GIS layers are overlaid 

in a GIS platform, ArcGIS 10.0, to conduct the analytical operations. In this regard, all 
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data layers used should necessarily be in the same geographic coordinate system. The 

common coordinate system used in this study is NAD 1983 CSRS New Brunswick 

Stereographic Coordinate System. The following section provides a detailed description 

of the GIS layers used in this thesis. 

Surveyed Buildings 

DPM 

DA Zones 

Footprints Extracted from LiDAR D ata 

GIS Building Footprints 

Aerial Image 

Figure 3-1) Geographic data layers used in this study 

3.1.1.1 LiDAR Data 

The 2007 LiDAR data from the City of Fredericton, Canada is used in this study. The 

point cloud data covers mainly the south side of the city, where many commercial and 

residential zones are located. The pre-processed LiDAR data requires filtering and 

classification prior to building/floorspace extraction, which will be explained further in 

Section 3 .2.1. 
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As previously explained, airborne LiDAR data is collected in a strip-wise fashion. The 

LiDAR data available from the City of Fredericton consists of 13 LiDAR strips. In Figure 

3-2, a screenshot of one of the strips is visible. 

The 13 LiDAR strips are merged together to create one larger file ofLiDAR data in LAS 

format to facilitate the following analysis. The merging process is done using the 

LasMerge tool in LasTools® and the result is shown in Figure 3-3, visualized using 

Fugro Viewer®. The LiDAR strips in some cases overlap with other strips, providing 

more dense point clouds in some areas. 

In order to gain a better understanding of the geographical extent that this LiDAR dataset 

is covering it is georeferenced with the aerial image of the city using ArcMap. The 

dataset is shown with a 50% transparency in Figure 3-4, overlaid with the city's aerial 

image. As can be seen the dataset mainly covers the south side of the city. 
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Figure 3-2) One strip of the LiDAR data used in this study visualized using Fugro Viewer® 

Figure 3-3) LiDAR data strips merged into one file 
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Figure 3-4) Merged LiDAR data overlaid with aerial image of the city 

This LiDAR point cloud dataset covers approximately 25.01 km2 of area. Moreover, as 

the LiDAR data statistics in Table 3-1 show, the total number of pulses recorded is 

57,665,118, which results in a total average pulse density of 2.31 pulses per square meter. 

It should be noted that pulse density ranging from 0.5-2 pulses per square meter is 

generally classified as low density data ( 48). High-density LiDAR data can have a 

density as high as 10-15 pulses per square meter. Therefore, the density of the LiDAR 

dataset used in this study should be classified as "low density" . LiDAR data density is a 

crucial element, which can significantly affect the feature extraction results especially in 

the case of building extraction, where extra finesse is required. Percentages of 1st, 2nd, 3rd 
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and 4th returns are also calculated and presented in Table 3-1. As can be seen from the 

table, most of the LiDAR points have the 1st return only, about 77% of the total. 

Table 3-1) Summary statistics about the LiDAR data used 

Return Number of points Percentage 

3.1.1.2 GIS Building Footprint Data 

The building footprint data is a GIS shapefile containing the building outlines derived 

from orthophotos, provided by the City of Fredericton. The buildings geospatial 

information and 3D features such as footprint areas and heights are extracted from the 

stereo imagery and added to their attributes. It should be noted that the building footprints 

from this GIS layer are manually vectorized by the operators based on the stereopairs, 

and building heights are estimated through the photogrammetry. The building footprint 

areas in the GIS layer are manually drawn by the operator(s) using aerial images with 

0.5m resolution; therefore the accuracy of the drawn outlines essentially should not be 

less than 0.5m. In addition, the manual vectorization is believed to have brought the 

building representation to a new level especially when a building is partially covered by 
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trees; the operator can interpret the building edges underneath the canopy and a much 

better building outline can be achieved, which otherwise is just impossible through other 

automated techniques. A screenshot of this layer is shown in Figure 3-5. 

Figure 3-5) Screenshot of the GIS building footprint layer 

Figure 3-6 shows a close-up view of a section of this data overlaid with the aerial 

imagery. This GIS layer is linked to an attribute table which includes a column of data 

showing the height of each building. Moreover, the building areas are calculated in a 

separate column using the "Calculate Geometry Tool" from the ArcGIS in square meters. 
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Figure 3-6) A Close view of the GIS building footprint layer overlaid with aerial image 

3.1.1.3 Digital Property Map 

The 2008 GIS digital property map (DPM), as shown in Figure 3-7, consists of a spatial 

file outlining the boundary of each parcel within the city limits provided by the City of 

Fredericton. This data layer is also linked to an attribute table, which contains 

information related to each parcel (such as parcel type, parcel area and parcel code). The 

parcel code indicates the land use category of the parcel and is used to categorize 

buildings/floorspace from other layers such as those extracted from LiDAR data and from 

the GIS building footprint into corresponding land-use types. 

40 



Figure 3-7) Screenshot of the GIS parcel layer 

In the attribute table, the land-use category is stored as a "Land-Use Code" for each 

parcel. All land-use types are grouped into 6 major categories and each major category is 

also divided into a number of subcategories. Table 3-2 shows a section of the property 

codes related to residential and commercial land-use. As can be seen from the table, a 

unique code is assigned to each subcategory. For a complete list of land-use codes, please 

refer to Appendix A. 
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Table 3-2) Sample of the land-use category associated with the GIS parcel layer (Source: (49)) 

Residential / 101 Residential Lots - Serviced Terrain residentiel 

Residentiel viabilise 
102 Residential Lots - Unserviced Terrain residentiel non 

viabilise 
103 Residential Land - Vacant Terrain residentiel vacant 

104 Mobile Home Parks Pare de maisons mobiles 

105 Mobile/Mini Homes & Land Maison mobile, maison 
prefabriquee mobile et 
terrain 

106 Mobile/Mini Homes - No Land Maison mobile/ maison 
prefabriquee mobile, sans 
terrain 

120 Residential Improved Propriete residentielle 
amelioree 

121 Condominium Units Condominium 
122 Residential with Non- Propriete residentielle 

Residential Portion avec portion non 
residentielle 

123 Manses, Parsona es, Rectories Presb ere 
199 Other Autre 

Commercial I 201 Commercial Land - Terrain commercial non 
Commercial Unim roved ameliore 

202 Service Station (Auto repair & Station-service 
Gas Bar) (reparation d' automobile 

et oste d ' essence) 
203 Restaurants Restaurant 
204 Combination - Service Station, Combinaison (station-

Restaurants, service, restaurant, poste 
Gas Bars, Convenience Stores, d' essence, depanneur, 
Car Washes lave-auto) 

205 Car Washes Lave-auto 
206 Gas Bars Poste d' essence 
207 Convenience Stores De anneur 
208 Shopping Malls, Strip Malls Centre commercial, 

centre commercial 
lineaire 

209 Banks & Other Financial Banque et autre 
Institutions etablissement financier 

210 Retail Stores Ma asin de detail 
211 Office Com lex Immeuble a bureaux 
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3.1.1.4 Ground Survey Data 

A ground survey is conducted to validate the accuracy of the LiDAR and the GIS 

building layer in terms of building footprints and height. Fourty different types of 

buildings are chosen from sample zones (see Figure 3-8 for these zones) and their 

footprint and height values are surveyed. The survey is done using the Mobile Mapper 

6®, GPS receiver, Leica® reflector-less Total Station and a Johnston® laser measuring 

device (Figure 3-9). The GPS device used is Mobile Mapper 6, which records GPS raw 

data and its software also provides the opportunity for post-processing the points for 

improved accuracy. The building heights are also measured at the main corners of the 

surveyed buildings using the Total Station and laser measuring device with sub 

centimetre accuracy. 

Figure 3-8) Sample zones used in the Ground Survey 
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Mobile Mapper 6 is a SBAS (Satellite-Based Augmentation System) enabled handheld 

GPS receiver, which can log geospatial information and can reach sub-meter accuracy 

after post processing. The building outlines are surveyed by logging points at the main 

comers of the chosen buildings. 

Figure 3-9) Johnson laser measure (left)- Leica reflector less total station (middle)-Mobile Mapper 6 

GPS receiver (right) 

The device ' s software provides a post processing option for the raw GPS data recorded 

by the device. The post processing was done using Mobile Mapper Office 4.0 in three 

main steps. First, the data layer collected is exported from the GPS receiver, as a 

shapefile, and imported into the post-processing program. The next step is to add the 

rover ' s (the GPS device itself in this case) raw data from the GPS device recorded while 

surveying the buildings. Lastly, by choosing the "reference raw data from web" option 

the software searches for the closest place to the surveyed area to find an International 

GNSS Server (IGS) as a reference. The closest station found was the UNBJ (UNB Javad) 

station whose antennas have been mounted on the roof of Head Hall at UNB. Fortunately, 

the reference station is located very close to the surveying areas, which increases the 
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accuracy of the post-processing results. The following figure (Figure 3-10) shows a 

screenshot of the final results of a number of surveyed buildings. 

Figure 3-10) field survey data for sample buildings 

3.1.1.5 Census Dissemination Area boundary file 

Census employment and residential data is conveniently available at the Dissemination 

Area (DA) level, which is a group of one or more neighbouring blocks with a population 

of 400 to 700 persons. Although household data also exists at the Dissemination Block 

(DB) level, employment data is not available at that level due to privacy issues. As shown 

in Figure 3-11 , this data layer consists of each DA' s geographic boundary along with a 

unique identifier stated as DAUID, with which this layer and the Census zonal 

employment and household data share as a common index. 
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Figure 3-11) DA zones for the City of Fredericton 

3.1.1.6 Aerial Image 

Although aerial imagery does not readily contain any direct attributes related to urban 

and ground features, it supports the visual validation in terms of locations and quantities 

of buildings. The aerial images used in this study are provided by the City of Fredericton 

and were taken in 2005. A screenshot of the aerial image overlaid with DA zones are 

visible in Figure 3-12. 
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Figure 3-12) Aerial image for the City of Fredericton 

3.1.2 Census Data 

The 2006 census household and employment data are used in this study. This dataset 

provides a comprehensive body of information about the number of households living or 

people working in each Dissemination Area (DA). Further, the employment data is 

categorized according to occupation. The occupation types are categorized according to 

the 2002 North American industry classification system (NAICS). The system covers all 

economic activities and has a hierarchical structure. As shown in Table 3-3 , NAICS 

divides all economic activities into 20 major sectors and each major category is also 

divided into many employment subcategories at lower levels essentially covering all 

existing employments. 
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Table 3-3) NAICS classification and codes (Source: (50)) 

Code Category Code Category 

21 Mining and Oil and Gas 54 Professional, Scientific and Technical 

Extraction 

23 Construction 

41 Wholesale Trade 

48- Transportation and 

49 Warehousing 

52 Finance and Insurance 

56 

62 

72 

91 

48 

Services 

Administrative and Support, Waste 

Management and Remediation 

Services 

Health Care and Social Assistance 

Accommodation and Food Services 

Public Administration 



3.2 Methodology 

The main aim of this study is to compare the following two approaches: one is 

floorspace/building quantity estimated from census household and employment data, 

currently widely practiced in urban modeling field, with the one using LiDAR data for 

developing base-year floorspace/building inventory. In this section, the LiDAR 

classification procedure is first explained. Then, two approaches used to further enhance 

the building classification results are presented. After that, the process followed to 

validate the extracted results is presented. Then, the floorspace calculation methods using 

the census data and extracted buildings from LiDAR data are described. Finally, the 

methodology pursued for the comparison analysis is further clarified. 

3.2.1 LiDAR data classification 

The LiDAR data used in this thesis is primarily in a raw point cloud format. In other 

words, the point cloud data has yet to be classified into the standard classification 

categories such as trees or buildings, as previously explained in the Chapter 2. In Figure 

3-13, a section of the raw data is displayed and color-coded according to its source ID 

(raw data). As can be seen from the figure, the buildings or other features are difficult to 

be visually identified in raw LiDAR data without it being color classified. In Figure 3-14, 

the points are color coded (blue to red) according to their relative height from the ground. 

Then as can be seen from the figure, the taller buildings are easier to identify due to their 

higher elevation. Figure 3-15 presents a screenshot of the 30 view of a small area 

created using the LiDAR dataset used in this study (color-coded with earth tones). 
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Figure 3-13) Raw LiDAR data from a close view 

Figure 3-14) Raw LiDAR data color coded based on point heights 
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Figure 3-15) 30 view of St Thomas University created from the LiDAR point cloud color coded using 

earth tone 

In this study, a number of different spatial layers are overlaid in a GIS platform in order 

to assist corresponding analysis. To be successful, it is essential for these layers of 

information to be available in a common format readable by the GIS software. ArcGIS 

10, the GIS software used for this study, solely does not have the ability to read, visualize 

or analyze LiDAR data in the commonly used LAS or LAZ format. It is possible to 

import LiDAR data by developing an x,y and z event-layer. However, the experiences in 

this study show that ArcGIS 10 is not capable of handling very large point datasets even 

on a high-end computer system. The LiDAR points must be classified, and the buildings, 

which this study is targeting to, should be extracted and saved in a shapefile format to 

make further analysis possible. 
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LasTools (51) is a software utility (available for free for research purposes) that consists 

of various tools for LiDAR data processing. This includes the ability to classify LiDAR 

point clouds and to extract the buildings required for this study. However, to achieve this, 

each tool must be applied in its correct phase in the classification and extraction 

procedure. Some of the tools require execution from the command line and are initially 

less user friendly since they lack a graphical user interface (GUI). 

The tools used to extract the building outlines are as follows: 

• Lasview: a LiDAR data viewer that can read LiDAR format and compute and 

display a TIN (Triangulated Irregular Network). 

• Lasboundary: reads LiDAR from LAS format and computes a boundary 

polygon for the island of points. 

• Lasmerge: reads multiple LiDAR data files in LAS format and merges them 

into a single LAS file. 

• Las2tin: reads LiDAR data in LAS format and creates a TIN. This tool 

provides the functionality to triangulate only certain points such as only first 

returns or only last returns or the points that carry the same classification 

code. 

• Lasheight: This tool computes the height of each LAS point above the ground. 

This assumes that grounds points have already been classified ( classification = 

2) so they can be identified and used to construct a ground TIN. 

• Lasground: This is a tool for bare-earth extraction: it classifies LiDAR points 

into ground points and non-ground points. 
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The classification and building extraction process is as follows: 

1) The LiDAR data provided for this project was available in 13 separate files. The 

LiDAR data files are first merged into one LAS file using the Lasmerge tool. 

2) Identify the bare earth points and assign them as Class 2. This tool not only 

identifies the existing points related to the ground but also interpolates the ground 

surface under vegetation and buildings. 

3) Calculate the height of each point using the LasHeight tool. In this study, the 

relative height of building points from the ground surface is of importance. 

Therefore, the relative heights are calculated using the LasHeight tool. 

4) Classify the points using the Lasclassify tool. Lasclassify tries to find neighboring 

points that are at least 2 meters above the ground. Moreover, the tool identifies 

planar (buildings) and non-planar (vegetation) regions by developing a roughness 

factor, which is usually defined as the standard deviation of the height of one 

point relative to its surrounding points. As displayed in Figure 3-16, in vegetated 

areas, the points are highly disperse and a higher standard deviation of point 

heights is obtained compared to points located on a building roof, which generally 

form a planar surface with a relatively lower standard deviation. In addition, the 

tool provides the functionality to adjust the standard deviation thresholds and to 

experiment with different values for best classification results depending on the 

LiDAR data quality and characteristics. The default threshold is 0.1 for buildings 
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and 0.4 for trees (vegetation). Further, it is found that, for the LiDAR data used in 

this study, a planarity value of 0.2 results in the best building extraction. 

The final results of LiDAR data classification and boundary extraction will be presented 

in Chapter 4. 

Figure 3-16) relatively planar LiDAR points on the building roof compared to the trees and 

vegetation (points color coded based on height using earth tones) 

3.2.2 Improving building classification 

A variety of issues, such as the data pulse density, over hanging trees and the limitations 

of the extraction tool, in some cases result in false-positives or incomplete extraction of 

building boundaries (false-negatives). False-positives are the cases where the 

classification tool incorrectly classifies non-building points as buildings. It is necessary to 

point out that these issues are not very frequent and in most cases, as far as this study is 
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concerned, are in an acceptable range of error. However, two procedures are pursued to 

enhance the extracted results. The first method is to use an area threshold to eliminate 

existing false positive polygons. The second method is to use a set of additional LiDAR 

features and machine learning approach to further enhance the accuracy of the extracted 

buildings. 

3.2.2.1 Area Threshold 

One of the procedures utilized to eliminate false-positives is using an area threshold. By 

using this approach, all polygons that have a smaller footprint area than this threshold 

will be deleted from the final building extraction results. After a careful examination, it is 

decided to use a 35 m 2 area as the proposed threshold. This procedure is proven to be very 

effective, due to the fact that most false-positive points are located on top of large tree 

canopies or medium sized vegetation. These misclassifications in most cases create a 

small "island of points". Therefore, the false-positive footprints are small in most cases 

and the area threshold effectively deletes almost all of the non-building polygons without 

harming the true results. 

3.2.2.2 Footprint enhancement using machine learning 

Cases exist where the extraction solution software (LasTools) fails to correctly and 

completely extract a building outline from the LiDAR data. Therefore, it was decided to 

address such issues by developing a data mining/machine learning building detection 

system for LiDAR data. As previously explained, LiDAR data has several attributes that 
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can be used for feature extraction purposes. A number of these features, which were 

believed to be able to contribute to distinguishing buildings from vegetation, were 

chosen. These features include intensity, density, standard deviation of elevation, first of 

double return pulses, multiple returns, normalized height and slope. These features will 

be further explained in the following section. The main aim is to classify all points into 

two classes, which are building and non-building points using the mentioned features. 

3.2.2.2.1 Developing raster layers of features 

To assist this analysis, one raster layer for each of the chosen features is developed. 

Based on the LiDAR dataset' s point density (2.5 points per square meter), a grid cell of 

0.5x0.5 meter is considered. The raster layers are created using the LasGrid tool from 

LasTools. Using this approach, the following raster layers are created for several sample 

LiDAR tiles: 

1) Intensity: By using LasGrid, a raster layer containing the average intensity of the 

LiDAR points is created. As can be seen in Figure 3-17, intensity is apparently a 

distinguishable feature for building identification. Intensity measures the 

reflectivity of impacted objects using a grayscale value of between O and 255. 

With a close examination to the intensity layers, it is understood that the intensity 

of the LiDAR points located on building roofs are usually in a specific range, from 

0 to 38. 
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38.17-84.11. 

84.21-150 

Figure 3-17) LiDAR return intensity raster ovelaid with aerial image 

2) Density: The average 32-bit density of points is another feature, which is believed 

to be able to contribute to building identification. A sample of this raster layer 

overlaid with aerial imagery can be seen in Figure 3-18. As shown in the figure, 

the building outlines are visually detectable from the color-coded density layer. 

Therefore, it is speculated that this feature, solely or in connection with other 

features , may help distinguish building points from non-buildings. 

57 



Figure 3-18) LiDAR density raster layer overlaid with aerial image 

3) Standard deviation of elevation: Using the LiDAR dataset containing normalized 

height values, a raster layer of the standard deviation of the point elevations is 

created using LasGrid. The standard deviation of the point elevations is believed to 

be higher on non-planar (vegetation) surfaces compared to planar features 

(building roofs) . A screenshot of this layer overlaid with its aerial image is 

presented in Figure 3-19. It can be seen that the grid cells located on trees tend to 

have higher values (shown with white cells) compared to building roofs. 
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Figure 3-19) Standard deviation of point elevations raster layer overlaid with aerial image 

4) First of double return pulses: Double returns are believed to be more frequently 

located on building edges. A cone of light impacting the building edge will in most 

cases result in a two pulse return. One pulse returns from the ground below, and 

the other reflects from the building edge above. In order to develop such a layer, 

the Las2las filter is used to keep the double return pulses, and to drop the rest. 

Further, the second return of these double return pulses are then filtered out to 

obtain a point cloud of "first of double return pulses". As shown in Figure 3-20, a 

binary raster layer is created using this dataset. In other words, if such a point is 

available, the grid cell is assigned as one, and if it is not present, the grid cell is 

assigned as zero. It can be seen from Figure 3-20 that double returns can 

effectively outline the edges of buildings. 
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Figure 3-20) First of double returns raster layer overlaid with aerial image 

5) Multiple returns: Multiple returns are mostly frequent in penetrable objects such as 

trees. In order to create such a raster layer, using the Las2las filter, the single 

returns are dropped and a raster layer containing points with multiple returns is 

developed. As presented in Figure 3-21 , this layer is also in a binary format. It can 

be seen that unlike buildings, points located on trees and vegetation contain 

multiple returns. This is a good indication for the learning model to differentiate 

buildings from non-buildings. 
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Figure 3-21) multiple return raster overlaid with aerial image 

6) Slope: Points located on building roofs tend to create lower slope values compared 

to points on trees and vegetation. To create a raster layer of this feature, the 

Las2dem tool is used. This tool reads the Lidar points and temporarily triangulates 

the points into a TIN and then develops a raster of the slopes. Figure 3-22 shows a 

screenshot of the slope raster layer overlaid with the aerial image. It can be seen 

from this color-coded figure that building roofs have smaller slope values 

compared to the ones located on trees. 

One of the main steps in utilizing machine learning is to identify, extract and prepare 

features from the data used. In this analysis, these rather distinguishable features have 

been identified and extracted. The extracted features require to be labeled for the learning 

algorithm to find patterns in the provided dataset. 
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Figure 3-22) Slope raster layer overlaid with aerial image 

3.2.2.2.2 Data Mining and Machine Learning 

Extracting buildings from LiDAR data is a matter of partitioning points into two classes, 

buildings and non-buildings. Therefore, if a set of "examples" can be provided for a 

model to " learn", a machine learning approach can be used to enhance this process. A 

machine learning system requires at least two sets of data, a learning dataset and a testing 

dataset (52). A learning dataset is a labeled dataset, in which each of its rows contains the 

feature data for one grid cell that has been developed in the previous step. The reason it is 

called a " labeled dataset" is that, each instance in this dataset is characterized as either a 

"building" or "non-building" instance. This labeled dataset is created by overlaying the 

point files on the aerial images and the building footprint dataset. With this approach, the 

points belonging to the buildings are visually identified and their corresponding instances 

are correctly labeled. In this case, the instances are either labeled as buildings or non

buildings. Figure 3-23 , below shows a screenshot of a section of the labeled learning 
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dataset created. As can be seen from the figure, each instance is linked to seven features 

along with a "Yes" or "No" label in the "Building" column. 

Figure 3-23) A section of the learning dataset 

The dataset developed requires some cleaning in order to remove points with no data. For 

this, the instances which have an elevation value of zero are filtered out and removed 

from the dataset. The learning dataset developed for this analysis consists of 57,912 

labeled instances. 

Weka® is the data mining software used in this study for enhancing the building 

classification. This machine learning software is used in order for the system to learn and 

discover patterns in the data provided and to generalize over unseen datasets. Several data 

mining methods can be utilized to create the learning model based on the learning 
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dataset. Some of the most powerful and reliable learning models are tested in this study. 

These methods include the Decision Tree model and the Neural Networks model. 

The learning dataset is prepared in the "csv" format readable by W eka, and then three test 

options are run for each method of classification. The first test option used is using the 

entire training dataset. By this testing method, a classification model is developed using 

the learning dataset, and the final result is also tested on the entire learning dataset itself. 

The second test option used is "Cross Validation". Cross validation is a machine learning 

testing method, which tests the data in the following manner (53). First, the entire 

learning dataset is randomly divided into n subsets, where "n" is determined by the user. 

Second, the model is built based on n-1 samples, as the learning dataset, and is tested on 

the remaining subset. The process is repeated n rounds until each of the samples are used 

once as the testing set. The results are then averaged and reported. 

The third testing option is to provide the model with a completely new labeled testing 

dataset. By this method, the learning model is created using the previously developed 

learning dataset and is then applied to the testing set. The final classification results are 

then compared with the labeled data (true data) previously determined, and evaluation 

statistics are developed. For this purpose, two labeled testing sets are created. The first 

dataset consists of 4,613 and the second set contains 6,312 labeled instances. 
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The result8 of applying the decision tree and neural network model using the three testing 

options and the final classification results are presented in Chapter 4. 

3.2.3 Extraction and validation of buildings from LiDAR data 

After the LiDAR points have been classified, the LasBoundary tool is used to create the 

building outlines. LasBoundary uses a convex hull algorithm for building-boundary

tracing within which the concavity value can be modified. A trial and error procedure 

revealed that a concavity value of 2.5 provides the best results. The final extraction 

results are provided in the next chapter. 

The next task is to determine and validate the accuracy of the buildings extracted from 

LiDAR data in terms of the building heights and footprints using the GIS building layer 

and ground survey results. In this process, the building footprints from LiD AR data are 

compared with their corresponding polygons in the GIS building footprint layer. Also, the 

accuracy of the above two datasets is also validated using the surveyed building data 

mentioned before. Further, the building height values from LiDAR data are compared 

with the field survey results and the GIS footprint layer's building height values. 

Correctness and completeness, calculated based on Equation (3) and (4) below, are two 

measures used to evaluate the quality of the building extraction results. In this study, 

these two measures are used in terms of the number of"building counts" compared to 

reference data. It is important to note that the last section (Section 3.2.2) is dedicated to 
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developing a machine learning system to improve LiDAR point classification and the 

accuracy is evaluated at that level. TP, FP and FN, in turn, represent the number of True 

Positives, False Positives and False Negatives from the extraction results, when 

compared to the building reference data. 

Completeness = 100 * (TP / TP + FN) 

Correctness = 100 * (TP / TP + FP) 

(3) 

(4) 

Overall, by this method the LiDAR building/floorspace layer is validated and then used 

as the basis of the comparison with the census-based approach. 

3.2.4 Floorspace estimation using LiDAR data 

It is important to note that all comparisons in both residential and non-residential cases 

are in terms of floorspace quantity. Floorspace is defined as the number of floors in each 

building multiplied by the building footprint area. 

In order to estimate floorspace from the buildings extracted from LiDAR data, the 

number-of-stories assigning process is done as follows. First, the heights of boundary 

points composing the outline of a building polygon are averaged to reach a single "mean 

height" value, which is in turn assigned to each individual building. Then, the maximum 

height of the outline points are also identified and assigned to each building. 
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The second step is to assign a number of stories to each building based on the determined 

height per floor values. By a trial and error approach and examining a set of sample 

buildings, a height threshold of 3.9 meters is chosen as the "standard" story height for the 

first story and 3 meters for extra stories. It is found that using the maximum outline 

height to determine the number of stories is best. The maximum height is also checked 

with the mean outline height, and if the deviation is too high (more than 1 story), the 

building is examined manually. Further, the number of stories for irregular shaped 

buildings, such as churches or warehouse buildings (e.g., large grocery stores, malls and 

industrial warehouses), are checked and assigned manually according to their "true" story 

numbers observed through the field survey or Google Streets View®. After the numbers 

of stories are assigned to each building, sample buildings are chosen randomly and their 

numbers of stories is checked visually using Google Streets View® to validate the floor 

assigning procedure. 

In order to visually check height variations along a building's outline in a 2D view (from 

above) in ArcMap, the following procedure is followed. The points located on the outline 

of each building are color-classified according to their height value. This is especially 

effective for buildings with large footprint areas, which usually have considerable height 

variations in different sections of the building. As can be seen in Figure 3-24, by using 

this method and also by the visual examination to the aerial imagery, large buildings, if 

necessary, are divided into several smaller segments and a height value ( and number of 

floors) is assigned to each of those sections. In this way, a much more accurate floorspace 

estimate is obtained. 
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It is essential to note that the point with the maximum height in the boundary of each 

building is also highlighted. This is used for the manual check for cases where a large 

height difference exists between the highest point and the mean height value of the 

boundary points. By using this method, unusual features on building roof boundaries that 

may be falsely increasing the building height, are easily detected. 

Figure 3-24) Sample building with color classified outline based on elevation overlaid with aerial 

image 

3.2.5 Employment conversion Factors 

As explained in the literature review, in modelling practice, the census employment data 

is usually converted into building/floorspace quantity by means of conversion 

coefficients that roughly represents the average floorspace required per employee for a 

given sector. The factors used in this study are those utilized in a real PECAS model 
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application. In the PECAS application, employment is categorized into 9 fields as 

presented in Table 3-4. 

Table 3-4) Employment categories considered and corresponding floorspace usage coefficients 

PECAS Categories ft 1 I employee 

Light Industrial 820 

Commercial 250 

Accommodation 910 

Healthcare 267.5 

3.2.6 Residential Conversion Factors 

Floorspace per household coefficients are usually locally determined and vary from city 

to city. However, since the local data is not available, for this study, the 2001 US 

Housing Survey tables are used to reach a reasonable factor for this purpose (24). The 

2001 American Housing Survey has the advantage of being available online for free. This 

highly detailed and rich dataset contains various information related to housing and 

households in the US published in 2001. In Section 18 of this housing survey report, the 

square footage per household and unit size has been reported according to the number of 
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people in each household. This data can be used as a reliable source to approximate 

residential floorspace. The US Housing Survey report classifies households into 6 

categories according to a range of unit size thresholds, starting from under 500 square 

feet to over 2500 square feet. A section of the data is shown in Figure 3-25. 

Using this dataset a weighted average is initially calculated for each type of household 

(by household size). A close examination of the weighted-average household floorspace 

consumption rates (the last column of Table 3-5) for different types of households 

indicates that they are in general very similar. Based on this finding, a grand weighted

average value (1832 sqft/HH) is calculated and then is used in the following analyses. It 

is believed that using a grand weighted average value is more accurate for estimating the 

gross residential floorspace quantity for a zone than using a particular value for each 

household category in this exercise, given the fact that errors exist in the data and the data 

used in this study is from two totally different sources. 
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Figure 3-25) Screenshot of a section the 2001 US Housing Survey, square footage of unit by HU size 

(Source: (24)) 
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Table 3-5) HH-floorspace conversion factor developed using the 2001 US Housing Survey 

Characteristics Size of occupied home 

# of I -person HH 172 1929 3793 2804 1641 1426 18777550 

# of 3-person HH 60 759 2501 2824 1921 2446 19710250 

# of 5-person HH 19 237 936 1120 975 1328 9161100 

Total WA (sqft/HH) 1832 

3.2.7 Comparison of two estimation approaches 

In this step, the residential and non-residential floorspace quantities extracted from 

LiDAR are compared with the Census-based approach. In the Census-based approach, for 

the non-residential comparison, the zonal employment data is converted into floorspace 

by multiplying them with the floorspace coefficients shown in Table 3-4. As previously 

mentioned, the factors adopted in this study are those utilized in a real PECAS model 

application. In the PECAS application, employment is categorized into 9 fields ; therefore, 

the 20 census employment categories are retrofitted into the 9 categories of the PECAS 

model. 

The building dataset extracted from LiDAR only contains building footprint areas and 

building height information. The land-use category of each building cannot be identified 

primarily using only this layer of information. The dominant land use type in each zone is 

readily identifiable, but mixed land uses are quite frequent in most of the sample zones . 
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Since this study intends to compare floorspace quantities by land-use category for each 

zone, the parcel layer is overlaid with the buildings extracted from LiDAR to identify the 

land-use purpose of each building along with its external attributes. 

The parcel layer provided by the City of Fredericton categorizes all parcels into different 

land-use categories, as can be seen in Appendix A. Each land-use category from the 

parcel (DPM) layer is assigned into one of the nine PECAS land-use categories, as shown 

in Table 3-6. 

The 20 census employment classes from NAICS are also retrofitted into 9 categories of 

the PECAS land-use classifications as shown in Table 3-6, where the corresponding 

floorspace consumption coefficient per employee (in ft2
) is also listed. 
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Table 3-6) NAISC, PECAS and the corresponding Parcel Land-use categories 

DPM Fredericton 

Warehouses/food 
processing /chemical 

manufacture/ Industrial 
Manufacturing 

Service station/ Auto 
service /Banks and 

financial/Dry cleaner 

Fast food /Hotels and 
Motels/ Bed and 

Breakfast/ Museum/ Art 
Galleries/ 

Tourism/Theatres 
Bowling Alleys 

Senior Citizens' Housing/ 
Day Care Centres/ 

Healthcare and Medical 
Clinics/ Special Care 

Homes/ Hospitals 

PECAS 
Categories 

Light Industrial 

Commercial 

Accommodation 
and Recreation 

Healthcare and 
Institution 

North America 2002 
Classification system for 

Employed labor force 

Utilities/Manufacture/ 
Warehousing and 

transportation/Waste 
management 

Real estate/ Finance and 
insurance/ repair service/Other 

Accommodation and food 
services, Entertainment and 

Recreation 

Healthcare, social assistance 

Square 
feet per 

employee 

820 

250 

910 

267.5 

The floorspace quantities are estimated by zone and by employment category. For the 

buildings extracted from LiDAR, the non-residential floorspace is obtained for every 
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employment category by scanning the parcels in each zone and assigning the parcel's 

land-use category to the building (extracted from LiDAR data) located in that parcel. 

Later, the floorspace for each land-use category (e.g., industrial vs. commercial) is 

summed across each zone. Then the floorspace is also estimated by multiplying the 

number of employees for a given industry category from census with a corresponding 

floorspace conversion factor. Finally the two are compared and the estimation errors are 

calculated. 

For the residential floorspace comparison, similar to the estimation of employment 

floorspace, the household floorspace are calculated for each zone by multiplying the 

square feet per household conversion factor by the number of households in that zone 

provided by the census. As previously mentioned, the conversion factor for this case is 

developed using the 2001 US Housing Survey report (explained in Section 3.2.6). 

Similar to the non-residential comparison, residential floorspace from LiDAR data is 

summed for the entire zone. The two are compared and the estimation errors are 

calculated. 

In different sections of this study, many sets of data are compared with each other. In 

order to evaluate the degree of error, the Absolute Percentage Error (APE) is frequently 

used. APE is used to evaluate the accuracy of the building areas and height values from 

LiDAR data with the building reference layer and the field survey results. It is also used 

to compare the estimated floorspace quantities by category, by zone from the census-
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based approach with those extracted from LiDAR data. APE is calculated using the 

formula below ( 5). 

APE= I estimated quantity from a method - the corresponding quantity from the ground - truth I x 100 ( 5) 

corresponding quantity from the ground -truth 

In addition, once the APE is calculated for each zone, the average, the 50th percentile, the 

75th percentile and the 95th percentile of all APEs are presented, in an effort to show a 

detailed profile of error distribution. 
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4 Results and Discussion 

This chapter presents study results and related discussions. In the first section of this 

chapter, the primary results of the LiDAR data classification and building extraction 

using LasTools are provided. Further, the results of applying the machine learning and 

area threshold procedures for enhanced building classification are presented. Next, a 

complete section is devoted to the accuracy assessment and validation of the building 

extraction results. Later, all of the existing and pre-processed data are used to compare 

the floorspace estimated using the previously mentioned census-based method with the 

proposed LiDAR approach. Finally, a discussion is conducted to analyze the final results 

and to clarify some of the observed issues in further detail. 

4.1 LiDAR classification and building extraction results 

In this section first, the preliminary building extraction results using LasTools is 

presented. In the second part, the building enhancement results using the machine 

learning approach and the area threshold are provided. 

4.1.1 Preliminary classification results from LasTools 

By following the LiDAR data classification and building extraction procedure of the 

LasTools software, explained in the Methodology section, each point is categorized as 

one of the standard classification codes (Figure 4-1 & 4-2). LasTools allows the user to 

filter or keep any point category desired. For this study, all points except for the building 
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points ( classification=6) can be filtered out. As shown in Figure 4-3 , the so called island 

of points (buildings) can be extracted after the filters are applied. 

Figure 4-1) Classified LiDAR points (purple-ground, red-building and green-vegetation) 

Figure 4-2) A section of classified LiDAR data shown in 3D ( orange-building, brown-ground, green

vegetation) 
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Figure 4-3) Building islands of points extracted from the LiDAR data 

The LasBoundary tool is then used to draw a boundary polygon for each " island of 

points" using the most outer edge points for each case. This method is known as creating 

a convex hull for which the concavity threshold can be modified in the tool. A trial and 

error procedure revealed that a concavity threshold of 2.5 provides the best results. A 

screenshot of the building extraction results of the entire LiDAR dataset under study, 

after the final step, is shown in Figure 4-4. As can be seeen from Figure 4-5, the extracted 

building areas are very similar to those from the GIS building footprint layer, and they 

are also consistent with what are shown in the aerial images from the City of Fredericton. 

It appears that the LiDAR data can be used to extract building with a high accuracy, and 

there are only minor differences between the roof edges extracted from the two 

approaches. 
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Figure 4-4) Building boundary polygons extracted from LiDAR data 

Figure 4-5) Left: Sample buildings extracted from LiDAR data, Right: GIS Building Footprints 

developed from stereo pairs for the same area (both overlaid with Aerial Photo) 
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4.1.2 Results for enhanced building extraction 

The building extraction enhancement procedure consists of two main sections. First the 

machine learning approach is applied using the previously mentioned features and the 

results are presented in this section. The final results are further enhanced by utilizing the 

area threshold approach. 

4.1.2.1 Results after applying machine learning 

As explained in Chapter 3, a machine learning approach is pursued to enhance the 

boundary of the poorly extracted buildings. In the following section, the results of the two 

classifiers built based on the machine learning approach described in Chapter 3 are 

presented. The three testing methods, explained in Section 3.2.2.2.2 are applied to these 

classifiers and the accuracy evaluation results are presented. 

4.1.2.1.1 Results for Decision Tree 

The first predictive model used is the decision tree. An example view of the decision tree 

created using the learning dataset is presented in Figure 4-6. A clear view of sections A to 

E of the decision tree are presented in Appendix B. The summary accuracy evaluation 

results of applying this predictive model to the learning dataset itself (first testing 

method) are shown in Figure 4-7. The evaluation summary also provides a confusion 

matrix stating the number of true positives, false positives, false negatives and true 
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negatives. As can be seen from the figure, the decision tree model results in a high 

accuracy with a correction rate of 94.4% and a Kappa coefficient of 0.84. 
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Figure 4-7) Accuracy evaluation statistics for decision tree - whole dataset validation 

The second test option is to use the cross-validation method. Figure 4-8 shows the results 

of the cross validation method after being applied to the same dataset used in the 

decision-tree model. The cross validation testing method applied to the decision tree 

classifier results in an accuracy of approximately 94% in classifying building points, 

which is slightly smaller than that of the first approach. 
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Figure 4-8) Accuracy evaluation statistics - cross validation method 

The third testing method is applied to two labeled testing sets previously created. The 

first testing dataset consists of 4,630 labeled instances. The evaluation results are 

presented in Figure 4-9. The results show that by applying the decision tree classifier to 

this testing set, 95% of the testing set instances are correctly classified. As can be seen 

from the confusion matrix provided, out of 3,665 non-building instances, only 59 of them 

are falsely classified as building points. 
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Figure 4-9) Accuracy evaluation statistics for decision tree- first testing dataset 

The second testing dataset consists of 6,312 labeled instances. This dataset is also tested 

on the created learning model. The results in Figure 4-10 show that this classifier is able 

to correctly classify more than 96% of the instances. Overall, the evaluation results on the 

two testing datasets show that the decision tree classifier and the selected features are 

able to classify LiDAR data into buildings and non-building points with a high accuracy. 

As shown in the confusion matrix, out of 5,356 non-building instances, this model 

manages to correctly predict 5,240 of them. 
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Figure 4-10) Accuracy evaluation statistics for decision tree - second testing dataset 

4.1.2.1.2 Results for Neural Network model 

A similar approach to the decision tree model is followed for the neural network (NN) 

model. As shown in Figure 4-11 , by testing the NN classifier on the learning dataset itself 

(first testing method), 93% of the instances are correctly classified. Further, Figure 4-12, 

shows the classification results after applying 10 fold cross validation to the learning 

dataset. This approach also shows an accuracy of 93% in correctly classifying the 

building points. 
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Figure 4-11) Accuracy evaluation statistics for neural network model- whole dataset validation 
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Figure 4-12) Accuracy evaluation statistics for neural network model - Cross validation 
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Figure 4-13 shows the results of testing this classifier with the first labeled testing dataset 

containing 4,630 instances. The results show that the neural network model created using 

the learning dataset is able to correctly classify 95% of the first testing set instances. The 

result of applying this model to the second testing dataset, which consists of 6,312 

labeled instances, is presented in Figure 4-14. The results show an accuracy of about 95% 

in classifying the testing dataset. 
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Figure 4-13) Accuracy evaluation statistics for neural network model - First testing dataset 
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Figure 4-14) Accuracy evaluation statistics for neural network model- Second testing dataset 

As can be seen from above results, both classification methods prove to develop very 

accurate results in classifying building and non-building points. By using this machine 

learning approach, several sections of the LiDAR dataset used in this study are better 

classified. They are mainly sections where LasTools has failed to completely and 

correctly extract the building footprints. In the following section, the results of applying 

this system for building extraction are presented. These results are, in turn, compared 

with the extraction results from LasTools and the reference building footprint layer. 
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4.1.2.2 Results after Applying Area Threshold 

As explained in Chapter 3, a 35 m2 threshold is used to eliminate non-building polygons 

which have been falsely assigned as buildings. As presented in Figure 4-15 , this method 

proves to be very efficient in reducing the number of false positives. It should be noted 

that, as can be seen in Figure 4-6, small sheds are not extracted as buildings, mainly 

because they have very small footprints. However, this issue will not affect the analysis 

carried out in this study because small buildings such as sheds do not contribute any 

"useable" floorspace , and therefore they are not of importance to this study and any 

planning models per se. 

Figure 4-15) Extracted polygons before applying the area threshold. Right picture shows the same 

location .after applying the area threshold. 

4.1.3 Comparison of Building Extraction from Las Tools and Machine Learning 

Below is a comparison between the buildings extracted from LasTools and those 

extracted using the proposed machine learning approach. Five sample comparisons are 

presented in Figure 4-16. In this figure, the red polygon and points are extracted using the 
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proposed machine learning approach, which is, in tum, overlaid with the green polygon 

(lighter colored polygon beneath), extracted using LasTools and overlaid with the 

reference building boundaries. As the figures and building area values in this figure 

show, the building footprints extracted using this machine learning approach is much 

closer to the area values of the reference building layer (see case #3 and #5), compared to 

the extraction results from LasTools. 
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1 Area (Machine Leamin ) Area (LasTools) 
259.62 m 253.82 m 

2 Area (Machine Leaming) Area (LasTools) 
85.125m 70.24 m 

2 

3 

Area (Ground Truth) 
292.22 m 

Figure 4-16) Building extraction results using machine learning compared to reference building 

layer and extracted results from LasTools (Continued next page) 
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4 Area (Machine Learning) 
151.00 m 

4 

5 Area (Machine Learning) 
221.238 m 

5 

Area (LasTools) 
141.44 m 

Area (LasTools) m 
206.26 m 

Area (Ground Truth) 
183.98 m 

Figure 4-16) Building extraction results using machine learning compared to reference building layer 

and extracted results from LasTools 

4.2 Validation of Building Data Extracted from LiDAR 

In this section, the accuracy of the extracted results are further validated at the following 

two levels: macro and micro. At the macro level, it is evaluated in terms of correctness 

and completeness measures. Secondly, the footprint and height values of the individual 

buildings extracted from LiDAR data are compared with those from the building 

footprint geographic vector layer and the surveyed results. 
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4.2.1 Completeness and Correctness 

As explained in the Methedology section (Section 3.2.2), completeness and correctness 

are two measures frequently employed to assess the accuracy of building extraction 

systems. These two measures are calculated for the selected eight sample zones, shown in 

Figure 4-16, by comparing the extracted results from LiDAR data using LasTools with 

the reference GIS footprint layer in terms of the polygon counts. Table 4-1 shows the 

computed confusion matrix calculated for the sample zones in terms of number of 

buildings identified. TP, FP and FN in tum, represent the number of True Positives, 

False Positives and False Negatives of the obtained results. 

Table 4-1) Building identification confusion matrix for chosen sample zones 

Confusion Matrix GIS Footprint Reference Layer 

Building 160 (TP) 2 (FP) 

In this regard, the calculated value of the completeness (Equation (3)) measure is as high 

as 98% and the correctness value (Equation (4)) equals to nearly 99%. 

4.2.2 Validation of Building Footprint and Height 

The buildings previously extracted from LiDAR data require accuracy validation prior to 

using this layer as the base of our comparisons. For this purpose, the GIS layer of 

building footprint data is overlaid with the extracted results from LiDAR data and 

94 



compared. It is known that the building footprint area and building height value from the 

GIS layer were extracted through a photogrammetric technique - stereo pairs and the 

building footprint outlines are manually drawn by the operator( s) based on a set of aerial 

images with 0.5m resolution. First, it was assumed that this geographic vector dataset 

should provide accurate building height and footprint area data, and therefore it was used 

as the basis to validate the building extraction results from LiDAR. 

In this process, the footprint area and height of each building from the GIS building layer 

were used as the basis and compared to those extracted from the LiDAR data one by one 

over a set of sample zones (as shown in Figure 4-17). Within the eight sample zones, 

Zone #1, #3, #4, #5, and #6 are primarily for institutional/educational purposes, whereas 

Zone #2 is for residential purpose, Zone #7 for commercial and Zone #8 is the downtown 

area for commercial and government administrative uses. 
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Zone #8 

Zone #2 

Zone #4 

Zone #5 

Figure 4-17) Sample zones chosen for LiDAR accuracy validation 

Table 4-2 shows the comparison results. Using the footprint area and height values from 

the geographic vector layer as the basis, it is found that the building areas extracted from 

the LiDAR dataset match those from the GIS dataset reasonably well, with an average 

error of 9.4%, and a 95th percentile error of24%. It is observed that the LiDAR extraction 

method tends to slightly underestimate the area of a building footprint, if we assume that 

the building footprint outlines of the GIS dataset are well drawn by operators. Because of 

this, 137 of the 160 building footprint areas were underestimated, which is about 87% of 
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all cases. Several factors are believed to contribute to this, including the low point density 

of the LiDAR dataset used and tree canopy, which will be explained thoroughly in the 

discussion section. 

Table 4-2) Comparison of building footprints and height between the ground-truth GIS building 

layer and those extracted from LiDAR 

P50 

P85 

Underestimation 
cases ( out of 160) 

Footprint area 

7.0% 

17.1% 

137 

Height 

35.7% 

111.3% 

15 

However, it is surprising to see from the table that the building heights from the two data 

sets are very different, with an average error of 54% and a 95th percentlie error of as high 

as 172%. This seems very odd as many sources prove that LiDAR can deliver very 

accurate vertical and horizontal point clouds of the surface even in average meterological 

situations (54) (55). Another source (54) finds LiDARs vertical accuracy in picking up 

ground features to be less than 15 cm. 

A visual examination against Google Street View ® indicates that actually the building 

height data from the GIS dataset are very inaccurate. This seems consistent with the 
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common knowledge in the remote sensing industry that the stereo-pair photogrammetry 

technique tends to be accurate for extracting areas, but not for height values of surface 

features. 

Following the above efforts, the accuracy of the above two datasets were further 

validated through a field survey, where 40 buildings from the above samples zones were 

selected and their building outlines and heights were surveyed through the GPS device 

(Mobile Mapper 6), the Total Station and the laser measuring device presented in Chapter 

3. The area and height of the chosen buildings are calculated and compared once again 

with those from the geographic vector layer and those extracted from LiDAR data. Table 

4-3 shows the comparison results between the surveyed data and those from the above 

two sources. 

Again, the comparison results presented in Table 4-3 confirms our speculations above. It 

can be seen from the first three columns of the table that the surveyed building footprint 

areas meet those from the geographic vector layer (GVL) and those extracted from 

LiDAR well. When compared to those from the GVL and the field survey, the average 

error is 7.1 % and the 95th percentile error is only 13.5%. On the other hand, the errors for 

building footprints extracted from LiDAR seem a little bit high, but the average error is 

11 % and the 95th percentile error is only 18.2%. The reasons for such errors will be 

mentioned and discussed in the Discussion section (Section 4.3) further through this 

chapter. 
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The last three columns of Table 4-3 show the comparison results between height values 

from the above three datasets. It is found that building heights extracted from the LiDAR 

dataset agree with those from the field survey very well, with an average error of 3% and 

a 95th percentile error of as low as 7%. However, when comparing building heights from 

the GVL to those from the field survey, it is obvious that the former are very inaccurate, 

with average errors of 18-19% and 95th percentile errors of more than 60%. Again, it 

appears that the building heights extracted using the stereo pair technique tends to be very 

inaccurate. Nevertheless, all of above validations support that LiDAR is a reliable tool to 

generate building footprint/roofprint and height, although it tends to slightly 

underestimate building foot/roofprint (on average about 10%) and therefore floorspace. 

Nevertheless, this kind of inaccuracy is deemed acceptable to a planning study like the 

one carried out in this thesis. Therefore, in the following part of this chapter, the 

floorspace estimated from the LiDAR dataset is used as the basis for checking the 

accuracy of the conventional census-based floorspace estimation method. 
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4.3 Comparison analysis 

By now, the accuracy of the buildings extracted from LiDAR data has been validated 

against ground truth information. In this section, the conventional method of the 

floorspace estimation, using census employment and household data, will be compared 

with floorspace quantities extracted from LiDAR data. For this purpose, 24 zones shown 

in Figure 4-18 are chosen from the study area. The zones are chosen in a manner to 

contain various land-use types in order to provide a comprehensive evaluation to the 

comparison results. It should be noted that, although the LiDAR data used this study 

covers a large area, only the 24 zones chosen have all the data required available. 

Figure 4-18) 24 zones chosen for the comparison analysis 
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4.3.1 Comparison of residential floorspace estimation 

By utilizing the household-floorspace conversion factor previously developed from the 

2001 US Housing Survey, the estimated household floorspace in each zone is calculated 

by multiplying the number of households in each zone by the square meter per HH 

conversion factor. On the other hand, the number of stories is assigned to each residential 

building (identified by the parcel layer) extracted from LiDAR data and then it is 

multiplied by the footprint/roof area of each building to reach a building floorspace value. 

Then such estimates are totaled over each zone. Table 4-4 shows the extracted residential 

floorspace quantities from LiDAR compared to those estimated using census data over 

the 24 sample zones. 

The accuracy of estimated floorspace from census is evaluated considering the floorspace 

value from LiDAR as the basis or an approximation of the ground truth. The next column 

shows the percentage of over or under estimations compared to that of LiD AR with the 

positive (overestimating) and negative (underestimating) symbols. The last column shows 

the corresponding APEs and summary statistics. 
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Table 4-4) Comparison of Residential floorspace estimated from LiDAR and Census (using the 

results extracted from LiDAR as the basis) 

DAUID Households Residential Residential Estimation Absolute 
floorspace floorspace Error estimation 
From from census percentage error of 
LiDAR (m2) floorspace 
(m2) 

13100209 255 38443 43428 13% 13% 

13100207 280 40833 47685 17% 17% 

13100205 230 30698 39170 28% 28% 

13100217 215 56275 36615 -35% 35% 

13100243 230 55062 39170 -29% 29% 

13100215 175 48262 29803 -37% 37% 

13100208 330 62626 56201 -10% 10% 

13100221 300 46205 51059 11% 11% 

13100213 260 52650 44252 -16% 16% 

13100229 195 28956 33189 15% 15% 

13100228 265 44994 45103 0% 0% 

13100202 260 47993 44252 -8% 8% 

50th 14% 
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The residential floorspace comparison results between the proxy-based estimations and 

the floorspace extracted from LiDAR data (Table 4-4) are relatively consistent. APE 

values range from as low as 0% up to 3 7%. Overall, the results show that very large error 

variations do not exist and 16 out of 24 zones have APE values of less than 20%. 

In the residential floorspace comparison, the census-based approach under-estimates the 

floorspace in 13 out of 24 zones. It appears that the estimate from census-based approach 

tends to be balanced around those from the LiDAR data. The average APE is 16% and 

the 95th percentile APE is as high as 34%. In Zone 13100228 and 13100204, the two 

residential floorspace values estimated from the LiDAR and the census have the lowest 

difference compared to other zones. By a closer look through the zones with the high 

accuracies, it is clear that they are all low-density homogenous, residential zones, which 

in most cases have fairly similar buildings in terms of their size and height. As visible in 

Table 4-4, Zone 13100215 has the least accuracy, for which the census-based approach 

clearly underestimates the residential floorspace. Zone 13100215 is a mixed educational 

and residential zone. The University of New Brunswick and St Thomas University are 

both located in this rather large zone. The census data states that only 175 HHs are 

located in this zone, but this number seems suspiciously low. The main reason for this is 

that many students live in those residential zones near the universities and the size of the 

residential section of this zone is fairly large. Therefore, it is speculated that census data 

may not have captured such a student population and corresponding "residential" 

floorspace, because the census data is collected over the summer season when many 

houses in the zone are vacant. As validated earlier, the extracted building floorspace 
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values from LiDAR data are found fairly accurate, and this implies that the conventional 

way of estimating household floorspace through census may be unreliable. These 

findings are consistent with some of the literature reviewed in the chapter 2 on being 

cautious with using floorspace conversion factors. 

4.3.2 Comparison of non-residential floorspace estimation 

The comparison process for non-residential floorspace is similar to that for the 

residential, in which the floorspaces for each employment category estimated from the 

census are compared to the same floorspace category extracted from the LiDAR data. 

The floorspace from LiDAR data is calculated by multiplying the number of building 

stories, previously determined according to the building height, by the footprint area of 

each building. The land-use type of each building and corresponding floorspace is 

identified through the GIS parcel layer (DPM). 

The comparison is conducted for the same 24 sample zones as what has been done for the 

residential floorspace estimation. In this analysis it is realized that, in some zones, some 

conflicts are visible between the census employment data and the information presented 

in the parcel layer. In some zones, despite the fact that the census data confirms that a 

number of employees have occupied a certain job in that zone, the parcel data does not 

show any parcels assigned to the corresponding land-use. This issue is visible mainly in 

residential dominant zones. Most likely, such inconsistencies are caused by 
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errors/innacuracies in data or the time lag between the two pieces of data (e.g., census 

data was for 2006, but the parcel layer was created in 2008) 

Another issue worth mentioning is that Zone 13100215, where the University of New 

Brunswick is located, is an educational zone to which the parcel database also confirms. 

However, census data does not categorize all of the University employees to be a part of 

the educational category. The reason is clear, due to the fact that a university complex 

contains various occupations, such as retail and industrialial occupations. On the other 

hand, the buildings extracted from LiDAR data inherit the land-use information from the 

parcel layer, which does not distinguish usage (e.g., residential vs. commercial) of 

different buildings inside this educational zone. For this reason, the floorspace estimated 

using census data is aggregated and assigned as the educational floorspace, which will be 

compared to the floorspace extracted from LiDAR data. 

The comparisons between the estimated employment floorspace quantities based on the 

census data and those extracted from LiDAR data are presented in Table 4-5. In Table 4-

5, the letter "NIA" indicates that no such floorspace is found in a particular zone, whereas 

the letter "C" symbolizes that the census employment data is contradicting with the 

parcel data (with which the buildings extracted from LiDAR are categorized), due to 

either data errors or data inconsistency. 
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Table 4-5) The APE of Estimated Employment Floorspace Quantities by Category, by Zone from 

Census (Using the results extracted from LiDAR as the basis) 
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13100209 NA 64% 53% 73% 47% 76% 52% 

13100207 C 83% 82% 47% 324% NA 271% 

13100205 NA 35% NA NA C 54% NA 

13100217 NA NA NA NA NA NA NA 

13100243 NA NA NA NA NA NA NA 

13100215 NA NA NA NA NA 42% NA 

13100208 439% 51% 69% 8% 55% 44% C 

13100221 C 70% 238% 47% 724% 58% C 

13100213 C 48% NA C 63% NA NA 

13100229 NA 39% 48% NA C 70% C 

13100228 NA NA NA C NA NA 47% 

13100202 NA 49% 18% C NA NA 55% 

P50 58% 51% 69% 21% 55% 58% 55% 

P95 383% 82% 217% 62% 596% 163% 388% 
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As can be seen from Table 4-5, over the 24 sample zones, the average errors for all types 

of floorspace estimates from the conventional census-based method are very high, 

ranging from an average of 28% for the Retail sector to around 191 % for the 

Accommodation & Recreation category. Even for the Office floorspace estimates, the 

average error is 53%. Again, except for the retail floorspace, the 75th percentile APEs for 

all other types of employment floorspace are more than 60% and the 95th percentile APEs 

range from 80% for Office floorspace to 380% for the Industrial and 380% for the 

Healthcare Institutions. The 95th percentile APE for the retail floorspace is also high, 

which is 62%. 

It should be noted that, for certain land-use categories (i.e. industrial) only 4 out of 24 

sample zones have such uses and therefore the resulting errors tend to be high. This may 

indicate that a larger dataset or testing area should be used in a future study. Nevertheless 

the large errors shown in Table 4-5 do suggest that the conventional census-based 

approach may be very unreliable and inaccurate in estimating employment-related 

floorspace. 

4.4 Discussion 

In this section, several issues related to the study results are discussed and clarified. First, 

a discussion is conducted on the quality of the building boundaries extracted from 

LiDAR data and the factors contributing to these issues. Further, the results of the 
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residential and non-residential floorspace comparisons are discussed with detailed 

explanations of some of the existing inconsistencies. 

4.4.1 Discussion on Building Extraction results using LiDAR data 

As can be seen from the results obtained, it is obvious that the LiDAR extraction method 

tends to underestimate the area of a building footprint, as proven by comparison with 

building footprint outlines from the GIS building footprint, surveyed building data, and 

aerial images. Several factors contribute to this issue: the quality and density ofLiDAR 

data, tree canopy overhanging and the extraction software used. 

In a study by Lohani and Singh (56), the effects of three parameters, related to LiDAR 

data quality, have been investigated in the final building extraction results using a 

systematic building extraction approach. The three factors are point density, scan angle 

and flight height. The study concludes that the most influential factor for accurate 

building extraction is point density. The effect of this factor is also evident for the LiDAR 

dataset used in this study. For example, as can be seen in Figure 4-19, due to the low

density nature of the LiDAR dataset used, a part of the building is not classified as 

"building". In the case of overhanging trees, higher density data increases the chance of a 

laser pulse to penetrate tree's branches and leaves, therefore capturing a more complete 

building rooftop. 
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Figure 4-19) Classified LiDAR points (red: building, purple: ground, green: trees and light green: 

medium vegitation) 

The second issue observed is overhanging tree canopies on buildings. As shown in Figure 

4-18, the building is covered partially by trees at its upper right and lower left corners and 

therefore those parts (points are highlighted with "green") are not recognized as building. 

Another example is shown in Figure 4-20 and 4-21 where the building edge is clearly 

covered partially by a large tree and therefore, decreasing the overall footprint area of the 

building. Overhanging trees are common problem in the study area, and this is why 137 

of the 160 sample building footprint areas were underestimated, which is about 87% of 

all cases (Table 4-1 ). 

In addition, it is speculated that the LiDAR data used may not be intended for building 

extraction purposes. In cases where buildings are of primary interest, for example urban 

planning purposes, LiDAR data can be collected in late fall/early winter when the trees 
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do not have as many leaves as in summer. This, in tum, will increase the chance of a laser 

pulse to pass tree branches and reach building roofs. 

Figure 4-20) Overhanging trees on building roofs 
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Figure 4-21) 3D view of the overhanging tree on the building edge 

Another very important influential factor is the extraction software used. LasTools is an 

extraction software package developed in 2009 and was primarily open source and free 

for use. Although LasTools provides many LiDAR processing functionalities, it has not 

been intentionally designed for high quality building extraction and reconstruction. As 

can be seen in Figure 4-19 & 4-20, the software clearly has issues in classifying points 

located on building edges and corners. At these locations, LiDAR pulses tend to receive 

multiple returns and create areas with high roughness values. In other words, these points 

create non-planar surfaces, which usually have the same characteristics as points located 

on top of a tree canopy. Therefore, these points are mistakenly assigned as vegetation by 

the tool without further inspection. 
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LasTools is chosen because it is free to use and it provides the basic functionalities 

required. It is speculated that using more established commercialized LiDAR 

classification software may provide better results. Nevertheless, regardless of these 

issues, LiDAR data, even like the low-density dataset used in this study, still can provide 

a very good representation of urban features for planning purposes. 

4.4.2 Discussion on the final comparison results 

It is essential to note from Table 4-5 that, in some cases, the estimation errors are very 

high. For example, in Zone 13100220, a very high APE of 466% is visible for the 

Healthcare land-use category. It is understood that the census data has assigned 35 

employees to this healthcare category, but according to the parcel database, only a small 

parcel with a healthcare-related land-use code is available in this zone. These conflicts 

are either a result of data errors in the census data and the parcel database or the existence 

of mixed-use parcels and developments. Observations indicate that the latter seems to be 

more relevant. For example, in this specific zone, many parcels have been assigned as 

office land-use, but with a closer observation, it is found out that many of these office 

buildings are mixed-use developments containing doctor's office and clinics. It is then 

understood that the parcel database does not distinguish between different employment 

categories and it only describes the predominant use of the property. This is the reason 

why it was decided to combine similar and indistinguishable categories to reach more 

realistic comparison results. Office (Office & Government}, Commercial and Healthcare 
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( and related institutions) are combined into one category called the "Office Combined" 

and the results are regenerated according to this new approach as shown in Table 4-6. 

Table 4-6) The APE of Estimated Employment Floorspace Quantities by Category, by Zone from 

Census with "Office Combined" category 

DAUID Industrial Retail Accommodation Educational Office 
Recreation Combined 

13100209 NA 73% 47% 76% 47% 

13100207 C 47% 324% NA 65% 

13100205 NA NA C 54% 35% 

13100217 NA NA NA NA NA 

13100243 NA NA NA NA NA 

13100215 NA NA NA 42% NA 

13100208 439% 8% 55% 44% 45% 

13100221 C 47% 724% 58% 12% 

13100213 C C 63% NA 48% 

13100229 NA NA C 70% 22% 

13100228 NA C NA NA 47% 

13100202 NA C NA NA 29% 

P50 58% 21% 55% 58% 41% 

P95 383% 62% 596% 163% 71% 
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As can be seen in Table 4-6, the combined category seems to provide much more realistic 

and reasonable results compared to the previous categorization. However, the APEs are 

still high with an average APE of 39% and with a 95th percentile of 71 % for this category 

clearly showing the unreliability of the proxy-based floorspace estimation method. 

Despite the fact that the floorspace extracted from LiDAR data may be in some cases 

underestimating the real building's floorspace, the comparisons with ground truth data 

show the estimation errors are fairly minor. This fact indicates that LiDAR technology is 

a reliable tool for extracting buildings and preparing base-year floorspace estimates. On 

the other hand, the differences between the results extracted from LiDAR and the one 

estimated from census data are fairly large. In terms of estimation error, the residential 

floorspace quantities estimated from census data are more acceptable than their 

employment counterparts. However, the resulting APE clearly shows that the census

based estimation method is very unreliable, which, in tum, alerts that planners and 

modelers should use more accurate methods to prepare their base-year floorspace 

inventory. 
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5 Conclusions and Recommendations 

In this chapter, first a short summary of the thesis is provided. Next, important 

conclusions of this study are presented. Further, the limitations and drawbacks of this 

study are pointed out followed by a recommendation of future work. 

5.1 Summary 

This study is focused on the assessment of the utility ofLiDAR data in extracting 

building/floorspace information, as a vital input for planning models. The research also 

aims to evaluate the accuracy of the currently practiced method of building/floorspace 

quantity estimations using census employment and household data compared to that 

extracted from LiDAR data. Several sets of statistical and spatial data are used in this 

study, including LiDAR data, GIS building footprint layer, digital property map layer and 

census employment/household data. First, the accuracy of the buildings extracted from 

LiDAR data are validated using ground truth building information collected through a 

field survey. The floorspace/building quantities extracted from the LiDAR dataset are 

then compared with the conventional census-based method. This is done for both 

residential and non-residential land-uses. 

5.2 Conclusions 

Based on the findings from this thesis, the following conclusions are drawn: 
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1. By searching through planning and modeling research publications available, it is 

understood that base-year floorspace data is an essential requirement for most 

models. However, it is found that scarce research has been devoted to how 

floorspace data can be better prepared. Most of the research papers reviewed did 

not explicitly discuss how the base-year floorspace input is prepared and what 

kind of accuracy such an input has. 

2. Consistent with the literature, it is found through this study that the buildings 

extracted from this LiDAR dataset tend to slightly underestimate (10%) building 

footprint areas due to issues such as data density and overhanging trees. However, 

it does provide very accurate building height and reasonably accurate floorspace 

estimates. 

3. The results from this study prove that the approach, in using the 2001 US Housing 

Survey to develop a RH-floorspace conversion factor can be in some cases 

relatively accurate (in 16 out of 24 cases the error is less than 20%). However, in 

the worst case, more than 1/3 of residential floorspace will be either 

overestimated or underestimated. Due to such unreliability, it is still not 

recommended to use a universal HR-floorspace conversion factor. 

4. The non-residential comparison results show that, in most cases, the zonal 

floorspace quantity estimated from the census is very different from that extracted 
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from LiDAR with average APEs more than 70% and the 95th percentile APEs as 

high as more than 150% in three out of five broad employment land-use 

categories considered. One of the minor reasons for this large gap may be due to 

fact that the parcel database used in this study only records the primary use of a 

parcel, but does not distinguish the mixed uses by different employments ( e.g., 

Commercial vs. Healthcare). For this reason, several land-use categories are then 

combined into one broader "combined office" category. However, the results still 

show a large discrepancy between the two approaches with an average error of 

39%. 

5. LiDAR data, even with a low density, can provide planning models with 

relatively much more accurate estimates of floorspace/building quantities 

compared to the conventional census-based method. It is proven that the 

conventional method, which uses the number of HH or employees in a zone and a 

set of floorspace conversion factors to estimate floorspace, is inaccurate and 

unreliable in almost every case tested in this study. 

6. The results presented in this study alert the modelers/planners about the 

inaccuracies that they could introduce into their planning models by estimating 

the base-year building/floorspace data using census alone. This in tum suggests 

the modelers and planners should resort to other techniques, such as the LiDAR, 

to prepare a base-year floorspace database for planning purposes. LiDAR data can 

contribute to planning models by providing more accurate floorspace input than 
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conventional methods. This research has been able to demonstrate/validate the 

utility of LiDAR data as a powerful add-on for these models in general. 

5.3 Limitations 

Although this research has reached its objectives, there are a few unavoidable limitations. 

First, the LiDAR data used in this study is of low density. As discussed previously, the 

density of the LiDAR data plays an important role in the quality of the extracted 

buildings/floorspace. The second limitation is the extraction tool used for LiDAR data 

classification. The software used has issues with correctly classifying points located on 

building edges and corners. These issues might have affected the overall results of this 

study, but by employing several improvement techniques the effects of these factors have 

been decreased significantly. 

Another limitation of this study is the limited number of testing zones available. This is 

mainly due to the fact that not many zones of the city are covered by the LiDAR data 

used in this study. 

The analysis in this study is carried out at the DA level. DAs cover a relatively large area 

and may contain several DBs. Due to privacy issues, employment data is not released at 

DB level. Therefore, this analysis was limited to the DA level. An analysis at DB level 

would have provided a better insight of the differences between the two approaches. 
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5.4 Recommendation and Future Work 

The following is a list of recommendations developed based on the findings in this study: 

1. It is proven that the conventional census-based approach is inaccurate and 

unreliable and therefore, it is not recommended to be used for preparing base-year 

floorspace inputs for planning models. 

2. It is recommended that, even if the proxy-based building/floorspace estimation 

method has to be used for planning models under certain circumstances, a range 

of values should be considered as conversion factors to represent variations in 

floorspace consumption. 

3. Given the nature ofLiDAR technology, it is recommended to use high density 

LiDAR data for planning and urban modeling purposes. 

4. It is recommended to compare the proposed approach from this study with other 

methods of base-year floorspace inventory preparation mentioned in the literature 

review, such as those based on construction costs or floorspace synthesizer. This 

may provide additional insights. 

5. The development of a more accurate proxy-based method. A set of 

building/floorspace spectrum corresponding to different types of land-uses, can be 
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developed based on the extracted floorspace information from LiDAR data 

coupled with the parcel dataset used in this study. 

6. Efforts should be made to quantify the effects of using relatively accurate 

floorspace information from LiDAR as the base-year floorspace data for planning 

models and comparing the final results of the model with the conventional 

method. 

7. It is recommended that LiDAR data be collected during off-leaf season to decrease 

the impact of dense tree canopies overhanging building roofs, which is found to 

significantly reduce the building extraction accuracy from LiDAR data. 

8. It is also recommended to test the results with a better LiDAR classification software 

and redo the comparison analysis. 

9. Develop a more sophisticated floorspace estimation tool, which can digitally 

reconstruct an entire building using LiDAR data. With this approach, a very 

accurate estimation of the number of building floors and floorspace can be 

developed for each section of a building. 
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Appendix A - DPM Categories 
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Residential / 101 Residential Lots - Terrain residentiel 
Residentiel Serviced viabilise 

102 Residential Lots - Terrain residentiel non 
Unserviced viabilise 

103 Residential Land - Terrain residentiel vacant 
Vacant 

104 Mobile Home Parks Pare de maisons mobiles 

105 Mobile/Mini Homes Maison mobile, maison 
&Land prefabriquee mobile et 

106 Mobile/Mini Homes - Maison mobile/ maison 
No Land prefabriquee mobile, sans 

120 Residential Improved Propriete residentielle 
amelioree 

121 Condominium Units Condominium 

122 Residential with Non- Propriete residentielle 
Residential Portion avec portion non 

123 Manses, Parsonages, Presbytere 
Rectories 

199 Other Autre 

Commercial / 201 Commercial Land - Terrain commercial non 
Commercial Unimproved ameliore 

202 Service Station (Auto Station-service 
repair & Gas Bar) (reparation d'automobile 

203 Restaurants Restaurant 

204 Combination - Combinaison (station-
Service Station, service, restaurant, poste 

205 Car Washes Lave-auto 

206 Gas Bars Poste d' essence 

207 Convenience Stores Depanneur 

208 Shopping Malls, Strip Centre commercial, 
Malls centre commercial 

209 Banks & Other Banque et autre 
Financial Institutions etablissement financier 

210 Retail Stores Magasin de detail 
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211 Office Complex Immeuble a bureaux 

212 Commercial and Propriete commerciale et 
Residential - propriete residentielle 

213 Office and Residential Habitation et bureaux 
- Combination combines 

214 Fast Food Outlets Etablissement de 
restauration rapide 

215 Greenhouses Serre 

216 Automobile Concessionnaire 
Dealerships d' automobiles 

217 Parking Facilities Installation de 
stationnement 

218 Funeral Homes or Salon funeraire 
Parlours 

219 Rental Agencies (All Agence de location 
Types) ( toutes categories) 

220 Salvage Dealers (All Brocanteur (toutes 
Types incl. categories, y compris les 

221 Small Motor Concessionnaire de petits 
Dealerships (Incl. moteurs (y compris les 

222 Taverns and Lounges Taveme et salon-bar 

223 Hotels and Motels Hotel et motel 

224 Tourist Cabins Cabine de touristes 

225 Bed and Breakfasts Glte touristique 

226 Office & Retail - Commerce au detail et 
Combination immeuble a bureaux 

227 Truck Garages Garage pour camions 

228 Building Supply Point de vente de 
Outlets materiaux de 

229 Showrooms & Offices Salle d ' exposition et 
bureaux 

230 Veterinary Clinique 
Clinics/ Animal veterinaire/hopital pour 

231 Glass Repair Shops Centre de reparation pour 
vitrines 
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232 Dry Nettoyeur a 
Cleaners/Laundromats sec/laundrette 

233 Bus Terminals Terminus d' autobus 

234 Parking Lots Terrain de stationnement 

235 Repair Shops - Tire, Atelier de reparation 
Muffler, Auto Body (pneus, silencieux, 

236 Crematoriums Crematorium 

237 Supermarkets Supermarche 

238 Farm & Heavy Concessionnaire 
Equipment d'equipement de ferme et 

299 Other Autre 

Industrial / 301 Industrial Land - Terrain industriel non 
Industriel Unimproved ameliore et non viabilise 

302 Industrial Land - Terrain non ameliore 
Unimproved Serviced viabilise 

303 Warehouses Entrepot, y compris les 
(Including Cold chambres froides 

304 Food Processing U sine de transformation 
Plants alimentaire 

305 Fish Processing Plants Usine de transformation 
du poisson 

306 Textile Manufacturing Usine textile 
Plants 

307 Apparel Usine de fabrication de 
Manufacturing Plants vetements 

308 Pulp and Paper Mills Usine de pates et papiers 

309 Lumber and Wood U sine de sciage 
Product Mills 

310 Furniture U sine de fabrication de 
Manufacturing Plants meubles 

311 Refineries (All Types) Raffinerie (toutes 
categories) 

312 Chemical Usine chimique 
Manufacturing Plants 

313 Printing and Atelier d ' impression et 
Publishing Plants d' edition 
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314 Mining Operations Exploitation miniere 

315 Fabricated Metal Etablissement d'usinage 
Product Plants des metaux 

316 Pre-Manufactured U sine de maisons 
Home Plants prefabriquees 

317 Abattoirs Abattoir 

318 Trucking Transfer Centre de transit de 
Establishments camions 

319 Utilities Service public 

320 Manufacturing Plants Usine de fabrication/ 
(Miscellaneous)/ Usine de transformation 

321 Government Garage, Garage et atelier d ' hiver 
Salt Domes du gouvernement ( domes 

322 Woods Operation Exploitation forestiere 

323 Oil Storage Tanks Reservoir de carburant 

324 Dry Docks Cale seche 

325 Laundry Plants Blanchisserie 

326 Tower/Satellite Sites Tour/Site de satellites 

327 Sub-Stations Sous-station 

328 Asphalt Usine de fabrication 
Manufacturing Plants d' asphalte 

329 Concrete Usine de fabrication de 
Manufacturing Plants beton 

330 Packaging Plants Usine d' emballage 

331 Warehouse/Retail - Entrep6t/Magasin de 
Combination detail combines 

332 Warehouse/Office - Entrep6t/B ureau 
combines 
C rri'r a 
Pipeline 
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335 Water & Sewage U sine de traitement d ' eau 
Treatment Plants et d ' epuration des eaux 

336 Pumping Stations, Station de pompage, 
Reservoirs reservoir 

337 Railway Lines (In Ligne de chemin de fer 
use) (utilisee) 

338 Railway Lines Ligne de chemin de fer 
(Abandoned) ( abandonnee) 

339 Water Lots Terre submergee 

340 Natural Gas Gazoduc de distribution 
Distribution Pipeline du gaz nature! 

399 Other Autre 

Institutional / 401 Institutional Land - Terrain institutionnel non 
Institutionnel Unimproved ameliore 

402 Schools Ecole 

403 Colleges College 

404 Universities Universite 

405 Hospitals Hopital 

406 Health Centres or Centre de soins de sante 
Medical Clinics ou clinique medicale 

407 Penal Institutions Etablissement carceral 

408 Libraries Bibliotheque 

409 Museums, Art Musee, galerie d ' art et 
Galleries and societe historique 

410 Senior Citizens' Logement pour 
Housing personnes agees 

411 Day Care Centres Garderie 

412 Post Offices Bureau de poste 

413 Custom Houses Bureau de douane 

414 RCMP Quarters Detachement de la GRC 
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415 Tourism Facilities Installation touristique 

416 Auxiliary Homes Foyer de soins prolonges 

417 Nursing Homes Foyer d' accueil reconnu 
(Licensed) du N.-B. 

418 Special Care Homes Foyer de soins speciaux 
(Registered) enregistre 

419 Municipal Buildings Batiment municipal (non 
(Unspecified) precise) 

420 Fire Stations Poste de pompiers 

421 Police Stations Poste de police 

422 Provincial Buildings Edifice provincial (non 
(Unspecified) precise) 

423 Federal Buildings Edifice federal (non 
(Unspecified) precise) 

424 Subsidized Family Logement familial 
Accommodations subventionne 

425 Dumps - Municipal & Decharge publique 
Provincial (municipale et 

426 Airports (Including Aeroport ( avec hangars) 
Hangars) 

427 Light-Houses & Phare et site de balise 
Range Light Sites lumineuse 

428 Churches Eglise 

429 Cemeteries Cimetiere 

430 Church Halls Salle paroissiale 

431 Convents & Couvent et monastere 
Monasteries 

432 Church Properties - Propriete de l'Eglise 
Combination (combinee) 

433 Indian Reserves Reserve indienne 

434 Pollution Control Installations de lutte 
Facilities contre la pollution 

435 Wharves Quai 

132 



436 Abandoned Dumps Decharge publique 
abandonnee 

499 Other Autre 

Recreational/ 501 Recreational Land - Terrain de loisirs non 
Loisirs Unimproved ameliore 

502 Recreational - Private Terrain de loisirs prive 
Improved Properties ameliore 

503 Camping Sites Terrain de camping 

504 Parks Pare 

505 Golf Courses Terrain de golf 

506 Curling Clubs Club de curling 

507 Golf and Curling Club de curling et terrain 
Clubs - Combination de golf combines 

508 Social Clubs/Service Club philanthropique 
Clubs 

509 Health Clubs Club de sante 

510 Arenas/Civic Centres Patinoire/Centre civique 

511 Bowling Alleys Salle de quilles 

512 Billiard Parlours Salle de billard 

513 Theatres, Cinemas Cinema 

514 Drive-In Theatres Cine-pare 

515 Community Centres Centre communautaire 

516 Youth Camps Camp de jeunes 

517 Ski Resorts Centre de ski 

518 Marinas Port de plaisance 

519 Race Tracks (All Piste de course (toutes 
Types) categories) 
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520 Tennis Courts, Ball Terrain de tennis, de 
Fields, Outdoor base-ball, patinoire 

521 Historic Sites, Lieu historique, pare 
National Parks, national, sanctuaire 

522 Senior Citizen Clubs Club d' age d'or 

523 Campsite Lieu de camp (sous bail 
Leases/Permits ou licence) 

524 Salmon Fishing Installation de peche au 
Leases saumon 

525 Hunting/Fishing Club de chasse/peche 
Clubs or Lodges 

526 Aquatic Centres, Centre aquatique, piscine 
Swimming Pools 

527 Zoos Zoo 

528 Gymnasiums Gymnase 

529 Exhibition Poire/exposition 
Association/Fair 

530 Amusement Facilities Pare d' attractions 

599 Other Autre 

Farms/ 601 Farmland - Cultivated Terre agricole cultivee 
Etablissements 

602 Farmland- Pasture Paturage 

603 Marsh Land Marais 

604 Blueberry Land Bleuetiere 

605 Farmland- Terre agricole 
Abandoned abandonnee 

606 Bush Land Region forestiere peu 
peuplee 

607 Swamp Land Marecage 

609 Dairy Farms F erme laitiere 

610 Beef Farms F erme d' elevage des 
bovins 
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611 Potato Farm F erme de culture de la 
pomme de terre 

612 Tobacco Farms F erme de culture du 
tabac 

613 Mixed Type Farms Ferme mixte 

614 Vegetable Farms F erme de culture de 
legumes 

615 Market Gardens Jardin potager 

616 Orchards Verger 

617 Hog Farms Porcherie 

618 Poultry Farms Ferme avicole 

619 Strawberry Farms F erme de culture de 
fraises 

620 Fisheries/ Aquaculture Etablissement de 
peche/ Aquaculture 

621 Horticulture Farms Ferme d'horticulture 

622 Exotic Animal Farms F erme d ' animaux 
exotiques 

623 Peat Moss Operations Tourbiere 

624 Cranberry Bogs Marais a canneberges 

699 Other Autre 

Woodland/ 701 Timberland Lot a bois 
Terres 

702 Sugar Woods Erabliere 

703 Christmas Tree Culture de sapins de Noel 
Development 

704 Tree Nurseries Pepiniere 

705 Other Autre 
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Appendix B - Decision Tree 
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Appendix C - Floorspace Estimations by Category by Zone 
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