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ABSTRACT 

 
 

This study evaluates the effectiveness of an artificial neural network (ANN) to predict 
locations of urban change at a countywide level by testing various calibrations of the Land 
Transformation Model (LTM).  It utilizes the Stuttgart Neural Network Simulator (SNNS), a 
common medium through which ANNs run a back-propagation algorithm, to execute neural net 
training.   

This research explores the dynamics of socioeconomic and biophysical variables (derived 
from the 1990 Comprehensive Plan) and how they affect model calibration for Montgomery 
County, Virginia.  Using NLCD Retrofit Land Use data for 1992 and 2001 as base layers for 
urban change, we assess the sensitivity of the model with policy-influenced variables from data 
layers representing road accessibility, proximity to urban lands, distance from urban expansion 
areas, slopes, and soils.  Aerial imagery from 1991 and 2002 was used to visually assess changes 
at site-specific locations. 

Results show a percent correct metric (PCM) of 32.843% and a Kappa value of 0.319.  A 
relative operating characteristic (ROC) value of 0.660 showed that the model predicted locations 
of change better than chance (0.50).  It performs consistently when compared to PCMs from a 
logistic regression model, 31.752%, and LTMs run in the absence of each driving variable 
ranging 27.971% – 33.494%.  These figures are similar to results from other land use and land 
cover change (LUCC) studies sharing comparable landscape characteristics.  Prediction maps 
resulting from LTM forecasts driven by the six variables tested provide a satisfactory means for 
forecasting change inside of dense urban areas and urban fringes for countywide urban planning. 
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Chapter 1: Introduction 

Introduction 

 Urban and suburban regions in the United States began to experience uncoordinated and 

scattered development, known as urban sprawl, near cities and towns after World War II.  Such 

development patterns heavily burden local governments with high financial costs due to the 

lower densities at which they must provide services.  Today, local governments face controversy 

as they attempt to deal with the consequences of dispersed infrastructures, growth, and land use 

changes. 

To prevent undesirable urban growth patterns and the economic downfalls associated 

with them, in 1975 the Virginia Code required municipalities to manage growth and guide new 

development using comprehensive plans.  These plans allow for reduced costs for infrastructure 

improvements and development.  Comprehensive plans are not always effective, however, 

because planners often cannot foresee those areas or land uses which are likely to be catalysts of 

land use fragmentation because of the complexity of factors driving urban change.  Despite the 

importance of “visioning” within the planning discipline, few planning departments use 

predictive modeling.  Urban growth modeling can help policy-makers weigh the effects of 

different planning scenarios (McCormick et al., 2001).   

Analysis of land use and land cover change (LUCC) uses various modeling techniques to 

represent the complex nature of land use systems to evaluate spatial change,  temporal change, 

and the sensitivity of selected socioeconomic and biophysical drivers of change (Veldkamp & 

Lambin, 2001; Hu & Lo, 2007).  Such analyses promote understanding of the factors driving 

land use change so that better predictions can be made about the ecosystems around them 

(Berling-Wolff & Wu, 2004).  Models can also examine the effects of existing land change 
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trends on future landscapes by assessing spatial patterns of land cover change (Brown et al., 

2002). 

Today, urban growth modeling research depends upon continued assessment of variations 

in model structure, model drivers, data quality, and resolution (Allen & Lu, 2003).  One type of 

urban growth model, the Land Transformation Model (LTM), offers methods for assessing these 

needs for further analysis with a flexible parameterization process using Geographic Information 

Systems (GIS) technologies and machine learning, specifically artificial neural network (ANN) 

algorithms (Pijanowski et al., 2002a).  Although several deficiencies currently exist in the 

validation of such models, relatively new techniques such as Relative Operating Characteristics 

(ROC) offer a more standardized method for comparing LUCC models’ ability to predict spatial 

change (Pontius & Batchu, 2003; Pontius et al., 2004; Hu & Lo, 2007).  By testing various 

predictive modeling techniques, such as ANNs, LUCC modeling can work towards building a 

readily agreed upon and robust model for the planning community.   

 

Statement of Purpose 

The ability of modelers to interpret spatial change and development patterns has 

improved over the years as spatial datasets become readily available along with improved 

remotely sensed data (Bian & Walsh, 2002).  Planners and decision-makers have the opportunity 

to keep pace with advancements in ecological modeling, especially in the context of urban 

dynamics, by utilizing the latest technologies and newest spatial datasets (Allen & Lu, 2003; 

McCormick et al., 2001). 

This study evaluates the effectiveness of an artificial neural network to predict the 

locations of urban change at a countywide level by testing various calibrations of the LTM.  



3 

 

Analysis provides further insight for county planners into the specific dynamics of urban change 

in Montgomery County, Virginia, and offers an opportunity to see the utility of urban forecasting 

as a tool in the comprehensive planning process by applying GIS and predictive modeling 

techniques in the context of urban planning.  This research contributes to the growing body of 

literature on neural network simulation as it integrates commonly used data inputs with policy-

oriented land use drivers.  It offers unique perspectives on land use change through various 

LUCC validation techniques, including the use of ROC, rigorous visual assessment, and 

comparison with other popular LUCC models. 
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Chapter 2: Literature Review 

Introduction 

The practice of land use and land cover change modeling (LUCC) is rooted in 

understanding the interaction of socioeconomic and biophysical forces factors influencing urban 

dynamics and establishing their connections with technology to accurately represent landscape 

changes.  While comprehensive planning provides the context for these factors influencing 

development through policy in Virginia, the challenge of fitting these policies into an appropriate 

LUCC model still remains.  The Land Transformation Model (LTM), a type of artificial neural 

network (ANN) utilizing machine learning, can evaluate spatially-explicit land use changes 

within a policy-oriented context at the county level in Virginia. 

 

Planning 

The state of Virginia requires municipalities to manage growth and guide new 

development by using comprehensive plans, as outlined in section 15.2223 of the Virginia Code 

stating: 

The local planning commission shall prepare and recommend a comprehensive plan for 
the physical development of the territory within its jurisdiction and every governing body 
shall adopt a comprehensive plan for the territory under its jurisdiction.  
 
In the preparation of a comprehensive plan, the commission shall make careful and 
comprehensive surveys and studies of the existing conditions and trends of growth, and of 
the probable future requirements of its territory and inhabitants. The comprehensive plan 
shall be made with the purpose of guiding and accomplishing a coordinated, adjusted 
and harmonious development of the territory which will, in accordance with present and 
probable future needs and resources, best promote the health, safety, morals, order, 
convenience, prosperity and general welfare of the inhabitants, including the elderly and 
persons with disabilities.  
 
The comprehensive plan shall be general in nature, in that it shall designate the general 
or approximate location, character, and extent of each feature, including any road 
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improvement and any transportation improvement, shown on the plan and shall indicate 
where existing lands or facilities are proposed to be extended, widened, removed, 
relocated, vacated, narrowed, abandoned, or changed in use as the case may be.  
 

The role of comprehensive planning in Montgomery County, Virginia has evolved over 

the last 30 years, yet has retained the goal of maintaining planned and orderly development of 

the county.  The function of the plan is to state the county’s goals, guide decision-making, 

consider long-term consequences based on current trends, promote civic communication, 

education, and in some cases stand as legal documentation.  These functions are specifically met 

by establishing goals, putting forth policies to achieve those goals, and setting strategies to meet 

each policy.  Montgomery’s 1990 Comprehensive Plan provides a long-range perspective to 

guide the county for 5-10 years, specifically addressing environment, water and sewer, 

transportation, housing, economy, and community facilities. 

Comprehensive plans reduce costs to infrastructure improvements and make development 

more predictable because they often recommend decreases in the distances public services must 

be stretched and layout the optimal development patterns for the planned area.  Although the 

practice of comprehensive planning varies from community to community, all localities begin 

the planning process with a research phase in which data is gathered and future trends are 

forecast (Levy, 2006).   

Planning actions form one of the main influences upon land use change through zoning, 

conservation easements, and in Montgomery County’s case, Agricultural and Forestal Districts 

(AFDs) (Theobald & Hobbs, 1998).  Such decisions influence development patterns by steering 

construction to new locations, guiding land use density, and altering development patterns 

(Theobald & Hobbs, 1998). 
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LUCC modeling research has the potential to aid planners and policymakers as a tool in 

forecasting future land use changes and managing urban growth.  Although there is growing 

literature addressing the field of growth modeling, there is little published research devoted to 

the application of predictive modeling in policy development.  In their 2003 study, Allen and Lu 

found that most innovative modeling techniques are confined to academic research and that 

predictive modeling is only just beginning in the applied urban studies field.  They call for 

further analysis of interactions of planning and the latest predictive modeling techniques in 

practical applications. 

 

Modeling Techniques 

 

Policy-oriented Models  

Lowry (1965) distinguished between descriptive, predictive, and planning models.  

Descriptive models attempt to replicate relevant features from an existing land use change for the 

purpose of formulating or justifying a theory.  Predictive models forecast the consequences of 

implementing a theory.  Planning models use predictive techniques and evaluate the results in the 

context of satisfying planned goals.   

Good policy models must possess clarity, robustness, realistic data needs, appropriate 

spatio-temporal detail, and sufficient influential policy variables to evaluate policy scenarios 

with significant confidence (Lee, 1973).  While deterministic models are commonly meaningful 

and operational, they often generalize reality because they fail to use a sufficient number of 

components and variables (Sui, 1997).  Allen and Lu (2003) recognize the complexity of 

modeling urban land use systems and concede that it is impossible to encompass all of the 
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elements of both natural and human elements into a single model.  They call for methods that can 

incorporate the knowledge of planners and developers with tangible variables to create more 

realistic predictions using scenario-based simulations.   

The main focus of policy-oriented models, however, is not to produce definitive results –

rather, results that encourage thought and discussion among stakeholders and decision-makers 

(Argawal et al., 2002; Barredo et al., 2003).  Scientists create these models in the hope that 

results will be considered during the policy process, fitting them perfectly into the research and 

forecasting phase of the comprehensive planning process.  In his comparison of popular LUCC 

models, Pontius et al. (2008) noted the necessity for communicating variations in modeling 

techniques in ways that are scientifically detailed, yet general in nature and intellectually 

accessible.  

 

Spatially Explicit Models 

Spatially explicit models attempt to determine temporal relationships of a set of land 

classes, their spatial locations, or both temporal and spatial changes.  They can be calibrated 

using historical land use data and/or “drivers” hypothesized from influential factors.  Spatially 

explicit models usually produce likelihood maps that display patterns of probabilities for 

conversion to a certain land use class, or a map predicting land use change by location at various 

temporal scales. 

There are two primary spatially explicit land use change models: regression and spatial-

transition based (Theobald & Hobbs, 1998).  Regression models attempt to determine functional 

relationships between variables that predict locations of spatial change using statistical 

regression.  They assume that development patterns are a result of location factors such as 



distance decay.  Pijanowski et al. (2002a) focused on the application of regression type models 

citing the ease with which they can be calculated.  Landis (1995) and Allen and Lu (2003) also 

highlighted use of statistical methods, mainly logistic regression, to identify which variables best 

represent urban reality.  Other LUCC modeling approaches (Hilferink & Reitveld, 1999; Pontius 

et al., 2001; Verburg et al., 2002; Engelen et al., 2003; McConnell et al., 2004) offer the option 

of using a statistical regression.  

Logistic regression can represent the nonlinear nature of urban growth.  Currently, 

IDRISI Andes 15.0 Software’s LOGISTICREG module performs a binomial logistic regression, 

in which a binary dependent variable follows a logistic curve estimated as;  

∑
∑

+
==

)exp(1
)exp(

)1(
BX

BX
XyP

 [Eq. 2.1] 

 

where P represents the probability of the dependent variable being one, X stands for independent 

variables, and B signifies the estimated parameters. 

Spatial transition-based models combine aspatial Markov-chain techniques with 

stochastic cellular automata (CA) approaches (Theobold & Hobbs, 1998).  Markov-chain models 

calculate the probability of transition where land use at time t+1 is based exclusively on prior 

land use at time t (Kocabas & Dragicevic, 2006).  Stochastic CA models base transition 

probabilities on values of neighboring cells.  CA has formed the core of integrated modeling 

approaches, because they use data with high spatial resolution, simple rules, and dynamic 

behavior (Theobald & Hobbs, 1998; Barredo et al., 2003).  Standard integrated CA models 

include Clarke et al., 1997; Silva & Clarke, 2002; and Engelen et al., 2003. 

Regression and spatial-transition based models perform equally well when predicting the 

spatial location and proportions of discrete data (Theobald & Hobbs, 1998), although regressions 
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often result in highly fragmented patterns, while transition models are known to produce more 

realistic landscape patterns (Turner, 1988).   

 

Artificial Neural Networks  

 Artificial neural networks (ANNs) are software tools designed as a system of nodes and 

connectors which find relationships between given sets of inputs and outputs.  These networks 

are intended to mimic the way humans solve problems through a series of repeated observations 

between neurons and synapses within the brain.   

 The first ANN was created by Rosenblatt (1958) when he introduced the single node 

“perceptron.”  This single node received outputs directly from weighted inputs and was useful 

when working with data operating as linear functions (Pijanowski et al., 2002a).  The multi-layer 

perceptron (MLP), however, is the most commonly used neural net for machine learning 

(Skapura, 1996).  The MLP is comprised of three layers: an input layer, any number of hidden 

layers, and an output layer (Figure 2.1).  Its ability to interconnect between different nodes 

through the hidden layer allows it to evaluate data with non-linear functions.   

Input 1

Input 2

Output 1

Hidden 1

Hidden 2
 

Figure 2.1  MLP showing one layer for input, hidden, and output nodes. 

The MLP uses algorithms to calculate weights for input values at each node as the data is 

introduced to the network in a “feed forward” manner (Pijanowski et al., 2005).  Output values 

from each node are calculated as functions of inputs, known as activation functions.  These 
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functions may have a coefficient, called a bias, used in some cases.  The most common algorithm 

used for building a neural network is the back-propagation algorithm (Skapura, 1996).   

In a network utilizing this algorithm, a Back-Propagation Network (BPN), weights are 

randomly assigned to the initial input connectors, propagated forward through the network, and 

calculated for comparison against some known output value.  Differences between all the known 

and propagated output values for every observation are calculated as a mean squared error.  Each 

of the values is propagated back through the network using the generalized delta rule, 

distributing the total error according to Equation 2.2.   

[Eq. 2.2] 
2)(

x
xutw −=Δ η

 

Here network weights ( ) are modified from this equation, where η is the learning rate, t-u is 

the difference between actual outputs and expected outputs, and x is the value of an input at a 

certain node (Pijanowski et al., 2002b).  

wΔ

Each time data are fed forward then back-propagated iteratively through the network 

(known as a cycle) errors are reduced (Pijanowski et al., 2005).  This phase of presenting data in 

repeated cycles to the neural net is known as training.  A final phase known as testing can be 

achieved by running the neural network using the trained network files without known output 

data to evaluate the effectiveness of the network’s pattern development. 

 Although applied research on ANNs has been more prevalent in other fields, there has 

been a movement in the GIS and environmental research communities to study applications of 

machine learning for environmental purposes.  In the LUCC realm, most of ANN application has 

been for preparation of remote sensing data.  Neural networks are often used to classify land use 

from imagery by finding relationships between land classes and digital pixel values in an 
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iterative process to reduce error until classification accuracy is maximized (Campbell, 2007).  Of 

the popular LUCC models tested to date, Pijanowski’s et al. Land Transformation Model (2001, 

2002a, and 2005) is the only regression model that uses a neural network while other hybrid 

models attempt to combine ANNs with CA spatial-transition based models (Pontius et al., 2008; 

Yeh & Li, 2003).  The SLEUTH model also uses machine learning, however, via the Monte 

Carlo method to carry out multiple iterations (Silva & Clarke, 2002). 

 Applications of neural networks offer considerable benefits to researchers.   They are 

simple from a mathematical standpoint, because data sets are randomly weighted for input nodes, 

and machine learning will derive relationships between input and output layers.  Neural networks 

do not require data sets to be perfect, because they are inherently built for error minimization.  

Fischer and Gopal (1994) and Yeh and Li (2003) found that ANNs perform better than 

conventional models because they are better suited to adjust to uncertainties in spatial data. 

 ANNs are best known for their ability to generalize among large sets of data.  In a 2001 

study, Pijanowski et al., utilized a neural network within their Land Transformation Model 

(LTM) to successfully transfer training patterns from one region, the Detroit Metropolitan Area 

(DMA), to model growth in another similar area, the Twin Cities Metropolitan Area (TCMA).  

Although the test did not work as well when reversed (TCMA to DMA), their model shows 

evidence of the neural nets’ ability to generalize growth patterns for like urban areas of similar 

scale. 

 Challenges of employing neural nets include a lack of user control, lengthy processing 

times, and repeated trial and error.  Once initial inputs are set, neural net training produces 

network files that are not always visible to the user until after all training is complete.  Without 

access to these files, even a skilled user may not be able to determine the number of necessary 
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cycles to run prior to the testing phase.  Despite the speed of current processors, training of 

neural nets can be very time-consuming, especially when working with large networks and 

datasets.  The practice of network simulation depends upon continued trial and error.  Without 

familiarity with the specifically proposed application, a user may have to continually adjust the 

size of the network, and the number or type of inputs before the network begins to show signs of 

improvement. 

 

Land Transformation Model 

The Land Transformation Model forecasts changes in land use by integrating geographic 

information systems (GIS), artificial neural networks, geostatistics, and remote sensing 

technologies.  The LTM can be used to study spatial interaction between various biophysical and 

socioeconomic drivers which have historically caused land use change.  By determining the 

nature of the spatial interactions between these drivers through neural network technologies and 

machine learning, the model can simulate local land use changes. 

  Pijanowski et al. (2002a) used four steps to run the LTM.  First, he processed and coded 

land uses and features into base layers through GIS to create a grid of predictor cells.  Each 

driver for change was then quantified into a grid displaying the spatial effects of predictor cells 

on land use change by one of four transition rules.  A “neighborhoods and densities” rule looks at 

effects of surrounding cells on a single cell in the middle, and their tendencies to change to other 

land uses.  “Patch sizes” relate the values of all cells in defined zones (like parcels) to the 

likelihood of change.  “Site specific characteristics” assign values to each cell based on its 

biophysical or socioeconomic characteristics.  The “distance from the location of a predictor 



variable” rule measures Euclidean distance from the nearest predictor variable.  All cells where 

change could not occur were included in an exclusionary layer. 

 In their 2002 paper, “Using neural networks and GIS to forecast land use changes: a Land 

Transformation Model,” Pijanowski et al. used an artificial neural network to integrate predictor 

variables to create a map of transition probability values.  The values are the combined result of 

executing the ANN using the back-propagation algorithm. 

 Pijanowski et al. (2002a) proposes a “principle index driver” or PID (Eq. 2.3) to calculate 

the amount of land expected to change: 

 [Eq. 2.3] )(*)()( tA
dt
dPtU =

 

This equation calculates the expected amount of new urban land U created, in the specified time 

interval t, where dP/dt is the number of new population in any area over a certain time interval 

and where A is the per capita requirements for urban land (Pijanowski et al., 2002a).  By 

controlling the quantity of change, the user can set locations of spatial change as the dependent 

variable and forecast where land use changes will take place in the future using patterns derived 

from ANNs.  
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Chapter 3: Methods 

Study Area  

  Montgomery County, Virginia is a 1,005 

square kilometer area located in the mountains of 

southwestern Virginia (Figure 3.1).  The county 

experienced urban growth in both urban and rural 

areas during the 1990s while attempting to follow 

policy-oriented development patterns laid out by 

its 1990 Comprehensive Plan.    

Urbanized regions are represented by, 

Blacksburg and Christiansburg, the two principal 

towns in the county.  Blacksburg is home to 

Virginia Tech, the county’s biggest employer; 

while Christiansburg is home to a majority of the 

area’s commercial/retail industry.  A third area, 

the Radford Army Ammunition Plant, has declined in significance since the mid-1980s, yet still 

lies as the third largest contributor of urban land area in the county. 

Legend
New River

Study Area 

Counties

Figure 3.1  Montgomery County, Virginia 
and its surrounding area. 

The towns of Blacksburg and Christiansburg, combined with the City of Radford, form a 

socially and economically cohesive area that earned designation as a metropolitan statistical area 

(MSA) in the year 2003.  According to U.S. Census Bureau, population estimates during the 

study time-period grew from 75,600 in 1992 to 84,300 in 2001. 

The majority of the county’s land use is devoted to forests to the north and east while 

agricultural lands occupy much of the county’s southern and western portions.  Other notable 
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land uses include smaller urban areas “villages” located throughout the county.  During the 

1990’s, these satellite locations around both towns were considered urban expansion areas 

because of their geographical and community-defined points of centrality among the areas they 

surrounded.  Planners designated these areas as expansion areas in the expectation that 

development would occur there based on their low slopes, proximity to major roads, and 

designation as priority areas to receive public water and sewer. 

 

LTM 

 The Land Transformation Model (LTM) is a simulation program that works with distinct 

file formats.  Each of the drivers and land use grids must be converted from their original GIS 

formats to ASCII files for the model to operate upon them (Pijanowski et al., 2002b).  The LTM 

uses text files outlining network parameters and executable files allowing the network to make 

computations with batch processes.  Currently, the publicly available download of the LTM 

software does not provide a graphical user interface (GUI), so users must process executable 

files from the Windows command prompt.  The model (and video-tutorial) was obtained via 

download from Purdue University’s LTM website under a GNU general public license 

agreement. 

The model can be used to train, test, and forecast land use change. It utilizes the Stuttgart 

Neural Network Simulator (SNNS), a common medium through which ANNs run a back-

propagation algorithm, to execute neural net training (Imrie et al., 2000).  The number of input, 

hidden, and output nodes must first be entered to build the initial neural net.  Next, input 

parameters: the land use base, final land use layer, exclusionary layer, drivers, and any sampling 

boxes must be identified to produce network files in 100-cycle epochs.  Testing begins once the 



user believes error has been reduced to sufficient levels.  This phase is run by using pattern files 

the network created from training for each of the network files to produce residual files 

(transition probability maps) and prediction maps.  A resulting text file also provides statistics 

detailing each epoch’s performance in 

terms of a percent correct metric 

(PCM), Kappa values, and the numbers 

of cells falling into various categories 

of error (Table 3.1).  
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These metrics can be used to 

determine the performance of the 

model to forecast future growth 

correctly.  The focus of this research, however, is to explore the dynamics of each driver and 

how they affect model calibration.  

 

Data 

The following sub-sections provide the justification, source, and process through which 

each driver was created in GIS, as well as, maps displaying their distribution throughout 

Montgomery County.  Each dataset was created using ESRI ArcGIS software to fit to 

Montgomery County’s publicly available boundary shapefile.  All of the following data were 

created as 1290 by 1423 (rows by columns) raster grids with a 30-meter cell size before 

conversion to ASCII format. 

 

Land Use 

Symbol Classification Description

TN True Negative No change in both real & simulated

TP True Positive Change in both real &simulated

FN False Negative Change in real but not simulated

FP False Positive Change in simulated but not in real

SN SimulatedNegative Total no change in simulated

SP Simulated Positive Total change in simulated

RN Real Negative Total no change in real

RP Real Positive Total change in real

GT Grand Total Total cells transitioned

Table 3.1  Explanation of LTM prediction categories.
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All land classified as “built-up” or “urban” by Anderson classification level I was used to 

define urban areas (Anderson et al., 1976).  These sites include all land covered by built 

structures.  Urban land also includes any nonconforming use located in the vicinity of structures 

if the area has relatively intensive residential, commercial, and industrial uses, or provides 

transportation, communication, or utilities as defined by Anderson classification level II.  Areas 

such as golf courses, parks, cemeteries, and other structure-free lands with intensive usage are 

also considered urban areas. 

Land use for our area was derived from the National Land Cover Database (NLCD) 

1992/2001 Retrofit Land Cover Change Product Multi-zone data downloaded from the Multi-

Resolution Land Characteristics Consortium (MRLC) website.  Although this product was 

designed for use with broad-scale projects (national, state, or regional) rather than county-level 

evaluation, it provides the most accurate publically available depiction of urban land use at 

Anderson level I.  The limitations of this dataset are discussed further in a subsequent section. 

Since Montgomery County falls on the border of the NLCD’s download webpage 

(regions 13 & 14), a series of raster calculations were performed to merge the two files within 

the county boundaries.  Unchanged cells where urban land uses persisted over the nine-year 

period were classified as urban from 1992.  All cells where non-urban lands converted to urban 

lands were classified as 2001 urban cells.  Non-urban areas were reclassified with a value of zero 

and urban areas a value of one resulting in the binary 1992 land use base and 2001 land use final 

datasets combined in Figure 3.2, Map 1. 
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Exclusionary Layer 

 The LTM allows the user to block out areas where development cannot occur because of 

either strict policy enforcement or physical constraints.  Montgomery County’s physical 

Figure  3.2   Maps  representing  land  use  change  over  the  study  period  (map  1), 
excluded cells (map 2), and six driving variables being analyzed (maps 3‐8). 

Map 1: Real Change
Map 2: Exclusionary Layer 
Map 3: Road Proximity
Map 4: Road Density
Map 5: Distance from Urban 
Map 6: Distance from Urban 

Expansion Zone
Map 7: Percent Slope
Map 8: SoilsLand Use

1992 Urban
New 2001 Urban

Non-Urban

Map 1

Open Cells
Blocked Cells

Map 2

Cell Value

High : 1

Low : 0

Map 3

Cell Value

High : 1

Low : 0

Map 4

Cell Value

High : 1

Low : 0

Map 5

Cell Value

High : 1

Low : 0

Map 6

Cell Value

High : 1

Low : 0

Map 7

Cell Value

High : 1

Low : 0

Map 8

Data Layers
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ded because no 

, Map 2) to form the exclusionary layer whose purpose was to block certain 

reas from analysis. 

 to these accessibility phenomena are standard to all LUCC models 

amin

the base for two 

layers of accessibility: proximity to 1992 roads, and density of roads for 1992.   

constraints include open water, existing 1992 urban (because growth cannot occur where it 

already exists), and cells falling within conservation easement boundaries and Jefferson National 

Forest to the north were also blocked.  Local parks, however, were not exclu

policy prohibiting development in these areas existed during the analysis period. 

 Open water and 1992 urban cells were selected out using the NLCD Retrofit dataset, 

while policy constraints were provided online by the county in shapefile format.  A conservation 

easement file featured seventeen areas around the county and a zoning file providing Jefferson 

National Forest’s boundary with its C-1 (conservation zone) classification.  These sets were 

combined (Figure 3.2

a

 

Accessibility 

 Throughout LUCC literature it is widely accepted that the building or improvement of 

roads will spur development because of improved accessibility.  Denser urban areas which 

already have access to utilities like water lines, sewer lines, electricity, and cable services among 

others also can be expected to attract residential development because of the reduced cost of 

connecting to these services (Pijanowski et al., 2005, Allen & Lu, 2003).  Because these areas 

are already filled with a high density of roads, road density can indicate presence of such urban 

services.  Datasets related

ex ing urban growth. 

 For our area, road centerline data derived from Topologically Integrated Geographic 

Encoding and Referencing system (TIGER) data for the year 1992 provided 
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The proximity layer was created by taking the Euclidean distance from each cell to the 

nearest road.  The grid was then divided by its maximum value and subtracted from one to show 

the negative relationship between road proximity and likelihood for urbanization in a 0-1 range.   

Road density was found using Spatial Analyst’s simple density function with a search 

radius matching the grid extent (1290 cells).  Dividing this grid by its maximum value provided a 

range of cell values from 0-1.  Proximity to roads and road density maps are displayed in Figure 

3.2, Maps 3 & 4. 

 

Proximity to Urban Land 

 Areas closest to urban areas are likely locations for urbanization because they are 

assumed to require the least monetary cost for connecting to urban services such as water and 

sewer (Pijanowski et al., 2005).  The 1991 Blacksburg Comprehensive Plan also calls for higher 

density cluster development.  It specifically aims to implement policies encouraging new 

industrial sites to be located adjacent to existing industrial, commercial expansion along collector 

streets, and filling linear commercial expansion in vacant parcels near existing strip commercial 

lands. 

 Using Spatial Analyst’s straight line feature, the Euclidean distance was calculated from 

all 1992 urban cells for the entire study area.  By dividing the furthest distance from the entire 

layer and then subtracting the layer from one, a negative relationship was calculated (Figure 3.2, 

Map 5). 

 

Urban Expansion Areas 
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 The Comprehensive Plan classified seven urban expansion areas throughout the county 

which were encouraged to promote medium density residential growth, community-oriented 

businesses, and small industries.  Likewise, two rural expansion areas were also designated with 

similar development goals of lower intensity development and greater agricultural focus.  These 

nine areas provide linkages between all county urban areas because of their location along major 

roads and are likely sites for new water and sewer utilities over the next 5-10 years.   

 The 1990 Montgomery County Comprehensive Plan Map provided locations of these 

expansion areas.  The paper map was georeferenced from a scanned TIFF image using road 

centerlines (provided by the county) as the reference for control points.  By using road 

intersections to create 20 control points, the map was georeferenced with a total RMS (root-mean 

square) positional error of 35.94 (meters).  It was then rectified to an Imagine file and the seven 

urban expansion areas, along with the two rural expansion areas were digitized to a new polygon 

file.  The towns of Blacksburg and Christiansburg were also pulled from the county provided 

boundary file and included in this polygon feature because a majority of higher intensity 

development (residential, commercial, and industrial) was expected within their boundaries. 

 Straight line distances for each cell were calculated from each town or expansion area.  

They were then broken down into ten classes: nine using the geometric interval method, and a 

tenth for all areas falling directly within towns or expansion areas.  Bordering grids cells 

resulting from vector lines were also reclassified to a value of ten, while those furthest were 

reclassified as one.  Multiplying the grid by 0.1 produced ten classes in a 0-1 range (Figure 3.2, 

Map 6). 

 

Slope 



22 

 

 According to the 1990 Comprehensive Plan, areas with “a natural slope less than 25%” 

are designated for urban expansion areas and rural expansion areas.  Slopes above this range are 

declared not suitable for development.  The Route 460/114 Corridor Development Plan and 

Standards (1988) broke topography down further into four classes of slope percentage: level land 

(0-5%), rolling land (6-10%), hilly land (11-15%), and steep land greater than 15%.  In keeping 

with the comprehensive plan’s, the 15-25% slopes were included with the lowest suitability 

scores other than zero. 

 To include the impact of elevation and slope in the analysis, a digital elevation model 

(DEM) from the United States Geological Survey’s (USGS) National Elevation Dataset provided 

a grid of 1 arc-second (30-meter resolution) of elevation data.  Using Spatial Analyst’s slope 

tool, slope percentages were calculated and reclassified into their five respective slope classes 

listed above [4, 3, 2, 1, and 0] and multiplied by a value of .25.  This process resulted in a value 

range from 0 – 1, level land having a value of one and unsuitable lands a value of zero (Figure 

3.2, Map 7).   

 

Soils 



 Montgomery County’s 1983 Comprehensive Plan aspired to preserve the county’s 

farmlands by diverting development towards other land uses, mainly forest, which does not 

contribute as much to the economy as do agricultural lands.  Although earlier efforts were 

unsuccessful in limiting development on farming lands, the 1990 plan set forth a policy (EN 

3.3.0) and strategy (EN 3.3.1) to protect prime agricultural lands in active use.  Planners used the 

Land Evaluation and Site Assessment (LESA) system as a tool in the decision-making process 

concerning farmlands with the goal (EN 3.0.0) of preventing conversion to other land uses 

(1984).  The county designated 17 soils for their physical/chemical properties, rating their 

potential suitability of producing an indicator crop (corn) based on LESA findings (Table 3.2). 

Table 3.2 
Soil potential index for 17 agricultural soils. 

SOIL NAME SOIL POTENTIAL INDEX 
16B Grosclose Poplimento 100%
28    Ross 96%
15B Glenelg 92%
20B Hayter 89%
30B Unison Braddock 89%
12B Frederick Vertress silt 89%
11B Duffield-Ernest complex 87%
13 B Frederick Vertrees cherty 85%
19B Gurnsey 83%
16C Groseclose Poplimento 82%
12C Frederick Vertrees silt 81%
30C Unison Braddock 80%
11C Duffield-Ernest complex 78%
21C Hayter 77%
15C Glenelg 76%
17C Groseclose Poplimento cherty 76%
13C Frederick Vertrees cherty 75%

Spatial and tabular SSURGO 2.2 files downloaded through the United States Department 

of Agriculture’s (USDA) Natural Resources Conservation Service’s (NRCS) Geospatial Data 
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Gateway provided information concerning the soil substratum.  The 17 soils for this region were 

classified as inverted percentages of their respective soil potential index scores.  Frederick 

Vertrees cherty soil (13C), for example, was assigned .25 while Grosclose Poplimento soil (16B) 

was assigned zero.   All areas outside of the 17 classified soils were assigned values of one 

because policy did not affect their potential for development (Figure 3.2, Map 8). 

 

Neural Network Parameterization 

 This neural network was built to examine the accuracy of the LTM’s ability to locate 

cells of change, and to gain a better understanding of how each of the six drivers mentioned 

above contribute to the overall performance of the model.  This model followed the LTM’s 

recommended standard structure with one input layer, one hidden layer, and one output layer.  

Six nodes (one representing each land change driver) were made for both the input layer and 

hidden layers, while one node (“new urban”) was assigned to the output layer (Figure 3.3).  Each 

of the six drivers were randomly assigned to each input node (by the SNNS), while a “real 

change” binary layer was created for the output node from the LTM’s subtraction of 1992 urban 

from 2001 urban. 



 
Figure 3.3  Neural network structure.

 Sample areas were chosen to train the model to mimic the regional approach most LUCC 

models take and to assure the model was generalizing patterns.  Selecting a training region from 

within the county was necessary to assure the model could predict urban growth patterns 

exclusively to Montgomery County, VA.  The county was broken into four quadrants; the neural 

net was executed on each quadrant, stopping at the 10,000th cycle.  The quadrant analysis allows 

us to represent nearly 20% to 30% of urban change cells in the county while offering variations 

in land uses matching the rest of the county’s makeup.  Similar methods were used by 

Pijanowski et al. (2005) when training the Twin Cities Metropolitan Area on 1% of the study 

area containing 50% of urban transition cells.  The accuracy of spatial prediction produced from 

training each quadrant was compared and the best performing model was chosen for further 

analysis. 

   

Validation Techniques 
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PCM’s and Kappa statistics are the two automated results the LTM produces for each 

simulation epoch.  Percent correct metrics are calculated by dividing the number of true positive 

cells (TP) by the total number of cells changing over the analysis period (RP).  Kappa values are 

calculated using the values from the contingency table (Table 3.3) in the following equation:    

[Eq. 3.1] 
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where P(A) is the fraction of agreement (sensitivity coefficient) and P(E) is the expected fraction 

of agreement subject to the observed distribution.  

Relative Operating Characteristics 

(ROC) is one method Pontius & Batchu 

(2003) offer to assess the spatial accuracy 

of LUCC models.  The ROC module, 

found in IDRISI Andes, was used to 

predict the location of new urban cells by 

comparing an input suitability image of 

change representing the probability of urban growth to occur from the LTM being tested with a 

reference image showing where the real change occurred in binary format.  Pontius et al. (2001) 

notes the utility of this statistical analysis because it allows the researcher to assess a set of maps 

in terms of cell location without seeking agreement between maps in the context of cell quantity. 

Real Change Categories Total
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M
 C
ha
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es 0 1

0 TN FN SN

1 FP TP SP

Total RN RP GT

Table 3.3  Contingency Table comparing LTM 
with real change using prediction categories 
from Table 3.1.

The best performing LTM model was compared to results from IDRISI’s Logistic 

Regression (LR) model to assess how the neural net compares to a common LUCC model.  The 

IDRISI drivers were assigned equal weights to assure the model gave each driver the same 
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consideration as the LTM.  Since IDRISI’s logistic regression module did not offer a choice for 

defining a training region, a stratified random sample of urban and non-urban cells nearly 

equivalent to the LTM’s training quadrant was used to train the LR model.  

The LTM was also executed six separate times, each without one of the driver variables 

to assess the relative sensitivity of each driver’s contribution to the overall performance of the 

model.  Along with this sensitivity analysis, the resulting prediction and suitability maps from 

the highest PCM model were used to assess the model’s performance with varied land uses (land 

use assessment) and investigate the causes of error for each predicting category (TN, FN, FP, 

TP). 

Visual assessment identified patterns in resulting prediction maps and examined the real 

changes that occurred over the nine-year study period.  Aerial images from 1991 National Aerial 

Photography Program (NAPP), 2002 Virginia Base Mapping Program (VBMP), and 2005 

National Agriculture Imagery Program (NAIP) provided the basis for assessing land use changes 

at each predicted category, and aided in accuracy assessment of the original land use data.  First-

hand knowledge of the study area also contributed to understanding of observed changes. 

 

 

 

 

 

 

 

 



Chapter 4: Results 

The southwestern quadrant yielded the highest PCM and Kappa values of the four initial 

runs of the LTM.  Unless otherwise noted, this model, trained on the southwestern portion of the 

county, will represent the LTM model for the remainder of this analysis.  The suitability map 

(Figure 4.1, right) shows the rank of each cell’s likelihood for converting to urban land use from 

a non-urban use between 1992 and 2001 according to the LTM model.  After the highest ranking 

11,823 (number of cells matching “real change” over nine years) were selected, a categorical 

error map (Figure 4.1, left) shows the accuracy of the model’s prediction by representing 

correctly predicted cells as “true” (blue and green) and incorrectly predicted cells as “false” 

(orange and red). 

 

 Results show a PCM of 32.843% and a Kappa value of 0.319.  A ROC value of 0.660 

calculated from the highest ranking cells in the suitability map showed that the model performed 

Figure 4.1  LTM predicted categories (left) and ranked cell suitability map (right). 
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better than chance (0.50).   The error matrix (Table 4.1) for the categorical map from Figure 4.1 

shows the totals for each predicted category used to calculate the Kappa. 

Total

0 1
0 877289 7940 885229
1 7940 3883 11823

Total 885229 11823 897052

Real Change Categories

LT
M
 C
ha

ng
e 

Ca
te
go
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es

 

Table 4.1  Comparison of LTM prediction cells and real change cells used to calculate Kappa. 

 A logistic regression model, trained on a stratified random sample of 36.3% of both urban 

and non-urban cells resulted in a PCM of 31.752%, a Kappa of 0.308, and a ROC of 0.654.  In 

1977, Landis and Koch divided KHAT values into three ranges: >0.80 (strong agreement), 0.40-

0.80 (moderate agreement), and <.40 (poor agreement).  Although these Kappa values represent 

poor agreement between prediction and real change, the similar performance using logistic 

regression indicates consistency between the two model types (Landis and Koch, 1977; 

Congalton and Green, 1999).   

The sensitivity analysis (Table 4.2) shows the resulting PCM, Kappa, and ROC values.  

Each row shows the performance of the full model in the absence of a designated driver and the 

difference from the LTM for each statistic. 

Driver Removed PCM Kappa ROC
LTM (Full) 32.843 0.319 0.66
Road Density 27.971 (‐4.872) 0.270 (‐0.049) 0.635 (‐0.025)
Distance from Urban 28.030 (‐4.813) 0.271 (‐0.048) 0.635 (‐0.025)
Distance from Urban Expansion Zone 29.908 (‐2.935) 0.290 (‐0.029) 0.645 (‐0.015)
Percent Slope 31.566 (‐1.277) 0.307 (‐0.012) 0.653 (‐0.007)
Road Proximity 32.987 (0.144) 0.321 (0.002) 0.660 (0)
Soils 33.494 (0.651) 0.326 (0.007) 0.663 (0.003)  

Table 4.2   Model performance statistics  in the absence of the driver  listed  in first column and 
the difference from the model run with all six drivers. 
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PCM and Kappa values maintain poor agreement during each test of the sensitivity 

analysis.  ROC values ranging from 0.635-0.663 show that model performance is better than 

chance.  Although these statistics seem to maintain consistency with full runs of the LTM and 

LR models, note that the model actually shows improved performance in the absence of the soils 

driver. 

Several tests of both models using the given drivers seem to show that predictability 

could be maximized at approximately 33%.  ROC values consistently around 0.65 also indicate 

that although the spatial prediction is better than chance, there is no indication of strong 

predicting ability.  This neural network model performed similarly to LTM models done at 

regional scales.  In their calibration of the Twin Cities and Detroit metropolitan areas, Pijanowski 

et al. (2005), calculated Kappas from error matrices of the LTM model resulting in ranges from 

0.12-0.30 and 0.20-0.26 respectively for six simulations tested on each site. 

None of the 1992 urban cells converted to other land uses, while together, barren, forest, 

and agricultural lands shifted 11,823 cells to urban by 2001 (Table 4.3).  Agricultural land gained 

10,323 cells (a 1.2% change) despite forfeiting 3,307 to urban uses.  Forests (which make up 

over 60% of the county’s land use) experienced a -2.3% change.  Of the lost forested land, over 

42% (8,520 cells) converted to the urban classification. 

Table 4.3  Contingency table displaying the number of cells for each land use class. 

Water Urban Barren Forest Grassland/Shrub Agriculture Wetlands Totals
Water 3489 0 0 1 0 165 0 3655
Urban 0 128608 10 8520 0 3307 0 140445
Barren 0 0 123 390 0 40 0 553
Forest 0 0 0 704718 0 3800 0 708518
Grassland/Shrub 0 0 0 1297 1139 8 0 2444
Agriculture 0 0 0 10323 0 251704 0 262027
Wetlands 0 0 0 0 0 0 177 177

Totals 3489 128608 133 725249 1139 259024 177 1117819

1992 Land Use
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Chapter 5: Discussion 

Analysis 

During the nine-year study period, our analysis of NLCD Retrofit data shows the county 

experienced a 1% increase in urban land use.  These changes can be characterized as either of 

two main types: infilling and expansion (Civco et al., 2002).  During the analysis period, infilling 

accounted for a majority of the growth.  This type of growth, characterized by the urbanization of 

smaller non-urban areas surrounded by existing urban areas, primarily occurred within the 

county’s two towns and to a lesser extent within urban expansion areas.  Growth included 2,020 

new urban cells in Blacksburg, 2,870 in Christiansburg, and 1,479 spread among urban and rural 

expansion areas.  Major urban growth also included expansion along roads, including the Smart 

Road, a proposed connector to I-81 southeast of Blacksburg and a new road near the county’s 

eastern border.  These new roads contributed 421 and 376 new urban cells respectively to the 

real change occurring during the study period. 

The LTM performed well at predicting infill development (Figure 5.1).  Most false 

positives (orange) occurred on the fringes of towns, while false negatives (red) occurred along 

roads, as the model did not predict growth there.  This pattern is not surprising given that 

Blacksburg’s 1991 Comprehensive Plan called for higher density clustered development for new 

industrial areas to be located adjacent to existing industrial uses, commercial expansions to occur 

along collector streets, and filling linear commercial expansion in vacant parcels near existing 

strip commercial. 



Relative to the amount of 

urban growth occurring in most 

LUCC studies, Montgomery County 

showed little urban development.  

Pontius et al. (2008) hypothesizes 

that reference maps showing larger 

amounts of net change in land use 

offer LUCC models better 

opportunities to detect and predict 

change purely due to the increased 

probability of finding change when there is a greater quantity of change.  In his evaluation of 

nine models, Pontius et al. (2008) fails to mention that models tested on developing countries or 

developing regions seem to perform far better than those applied to areas already extensively 

developed.  A model run on a large region, with ample land availability open to development, 

certainly seems to have little chance of performing at the same level as a model in a smaller area 

where larger proportions of land are subject to development.  This quantity issue, coupled with 

America’s sprawling patterns, often characterized by leapfrogging of development over open lots 

to reach land further from existing development, greatly complicates the effort to model new 

urban land. 

True Negative
False Positive
False Negative
True Positive
Excluded

Figure 5.1   Categorical assessment of 
Blacksburg and surrounding area. 

Our model may have predicted patterns correctly based on the policy-oriented rules set 

for the region, while developers may have behaved irrationally in decision-making for land 

development or (more accurately) the model may not have implemented the same logic 

employed by developers.  It is possible the LTM acted as a suitability model identifying optimal 

32 

 



33 

 

development sites while developers applied a different mix of criteria selecting land for 

development.  Much of this disparity may be due to the absence of economic drivers for the 

network (Irwin & Geoghegan, 2001).  Ideally, this research would also include a normalized 

dataset for land value.  Another useful driver would likely be a constraint that allows only parcel 

size units to change rather than individual cells.  These drivers, in conjunction with a broader 

time-span, could allow the model to identify situations in which “leapfrog” development might 

occur, due to variations of land value and lot size.  Areas such as the new residential subdivisions 

might have been identified with additional data; however, neither of these sets was available for 

the time of analysis. 

 

Sensitivity Analysis 

 Six suitability maps showing the 11,823 cells most likely converting to urban land use 

from the LTM were produced to compare visually the prediction patterns of models executed 

missing one driver with the patterns produced by a model using the full complement of drivers 

and a map of the actual change that occurred.  Each of these maps (Figure 5.2) will be referred to 

by their respective map numbers.  Comparison of these maps (5-10) also offers a means for 

assessing of the relative sensitivity of each driver. 



Urban Change
New Urban Cells
No New Urban

Map 3: Real Change
Map 4: Full LTM 
Map 5: *Road Density
Map 6: *Distance from Urban
Map 7: *Distance from Urban 

Expansion Zone
Map 8: *Percent Slope
Map 9: *Road Proximity
Map 10: *Soils
*= Absence of driver from NN

Map 3

Map 5 Map 7Map 6

Map 8 Map 9 Map 10

Map 4

 

Figure 5.2  Map of “real” new urban cells (Map 3) and predicted urban change maps (Maps 4‐
10.)  

 Different types of growth patterns can be recognized in visual assessment of maps.  The 

real change map (Map 3) displays dense growth with several clusters visible in Christiansburg 

and some in Blacksburg, while more scattered growth is evident throughout the rest of the 

county. 
34 
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 The absence of the road density driver (Map 5) creates the most dispersed pattern of 

growth and shares the poorest spatial predictability scores with the model leaving out “distance 

from urban” (Map 6) according to resulting ROC values (Table 4.2).  Conversely, “distance from 

urban” sensitivity shows the most cohesive grouping of prediction cells with tightly clustered 

growth evident from the dense white patches in and around the towns and village fringes.  Map 5 

also incorrectly predicts development in a rural expansion zone south of Christiansburg -- while 

no other model displays a cluster of prediction cells there.  Distance from urban expansion areas 

may have constrained growth to towns and villages, because in its absence real change cells 

missed by all other models, predicted the growth of new urban cells for a residential area just 

east of Blacksburg.  Surprisingly, lack of a distance from urban expansion zone driver still shows 

growth in villages.  The distance from urban driver probably makes up for the expansion zone 

absence, because it recognizes the urban cells in these smaller satellite communities.    

Figure 5.3  Knob Hill site at 1991 (left), 2002 (center), and 
2005 (right) (NAPP 1991, VBMP 2002, NAIP 2005).

True Negative False Positive

True Positive False Negative

Large clusters of prediction cells are positioned around the middle of Blacksburg just 

inside the eastern border, known today as the Carriage Court and Knob Hill subdivisions (Maps 

4 and 6-10).  This area included consistently high values for each road density pixel, causing the 

area to be nearly non-existent in Map 5.  It is evident from 2002 aerial imagery that growth did 

not occur here, despite strong suitability values among all drivers.  However, 2005 NAIP 
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imagery reveals that these areas were later developed into small cookie-cutter subdivisions 

characteristic of modern residential development (Figure 5.3).  This phenomenon indicates the 

model has the ability to forecast future development sites based on given suitability inputs, but in 

this instance, development did not occur within the nine-year study period. 

Similar sets of prediction patterns are found in and around towns and villages (Maps 7-

10), indicating that interaction of the distance from urban and road density drivers balance the 

two types of patterns the model displays: (1) clustered-dense growth from the road density driver 

and (2) dispersed-spotty growth as the model attempts to place new growth near prior urban 

cells. 

 

Land Use Assessment 

 During the study period, 10 barren cells, 8,506 forest cells, and 3,307 agriculture cells 

converted to urban land use.  The LTM predicted 30% of barren cells and 25% of forest cells 

correctly, but over 50% of agriculture cells correctly (Table 5.1).  This large disparity in 

predictive ability could be attributed to the larger percentage of agricultural cells available for 

training in the southwest corner.  According to Nefeslioglu and Gokceoglu’s 2008 review of 

neural network literature, approximately 80% of all data is usually needed to train networks 

before testing final models.  The LTM tutorial, on the other hand, recommends using sample 

boxes covering about 10% of data.  Nevertheless, training the network on the entire county 

yielded testing results of approximately 33% PCM.  It should be noted that of the four quadrants 

tested as training areas, the chosen southwest quadrant contained the most “new urban” cells, 

indicating that running the LTM with higher quantities of “known change” cells may provide 

greater predicting power. 



False Negative  True Positive
Barren 7 3
Forest 6284 2222
Agriculture 1649 1658  

Table 5.1  Numbers of cells in each land use predicted correct and incorrectly. 

Agriculture and forest contributed the most land to new urban growth over the nine-year 

span of this study.  After the county’s second comprehensive plan in 1983, planners found that, 

while agricultural lands were more economically profitable, they were being converted to urban 

areas, despite the availability of less expensive of forested land.  In response to this finding, the 

1990 comprehensive plan called for increased protection of agricultural soils, specifically citing 

the 17 soils found in the 1984 Land Evaluation Study and Assessment (LESA) to be the most 

agriculturally suitable.  Therefore, it is not surprising that 72% of land use converted to urban 

came from forested lands.  This figure signifies that the comprehensive plan may have been 

effective in preserving some agricultural lands -- a significant finding. 

 

Categorical Error Assessment 

 Comparisons of locations and quantities of cells falling into each category of prediction 

with their representations on aerial imagery offered site-specific ground conditions which may 

have affected model behavior.  Generally, true positives fall within dense urban areas, false 

positives fall at the fringes of towns, and false negatives are dispersed throughout the county 

along urban corridors. 

 

True Positives 

37 

 



 Most true positive (TP) cells (where the model predicted change correctly) occur deep 

within towns and villages.  Of the 3,883 TP cells the LTM produced, 2,132 fell in 

Christiansburg, 1,205 in Blacksburg, and 498 within urban and rural expansion areas, leaving 

only 1.2% (48) of true positive cells outside planned urban areas.  These figures demonstrate that 

the model can be expected to perform best when predicting open cells in previously urbanized 

areas. 

NAPP 1991 VBMP 2002 

True Negative
False Positive
False Negative
True Positive
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Figure 5.4  Pheasant Run housing complex in Blacksburg 1991 (left), and 
2002 (right) (NAPP 1991, VBMP 2002). 

New residential sites were well-predicted.  Housing developments infilling prior 

developments comprised a majority of TPs in Blacksburg as well as Christiansburg which also 

correctly predicted some commercial and industrial developments upon visual inspection.  Figure 

5.4 shows one site (Pheasant Run) in Blacksburg where townhomes were developed in close 

proximity to previous residential communities.  

 

False Positives 



 False positives (FPs), cells in which the model predicted change when it did not actually 

occur, were mostly located at the fringes of towns or along the interior rims of undeveloped 

patches (Figure 5.5).  A majority of the 7,940 FP cells fell within Blacksburg (3,320) and 

Christiansburg (2,781), while 1,517 fell within urban and rural expansion areas.  Therefore, only 

4% (322) of missed predictions fell outside previously or expected areas of development. 

VBMP 2002

VBMP 2002

NAPP 1991

NAPP 1991

1

2 True Negative False Positive

False NegativeTrue Positive

Figure 5.5  Context of FNs for Blacksburg County Club Estates (1, top) and the Smart Road 
Corridor (2, bottom); aerial images of 1991 (left) and 2002 (right) (NAPP 1991, VBMP 2002). 

Since false positive cells seem to fall into thin segments along the borders of already 

urbanized areas, a change in unit of analysis may improve performance in these areas.  If units 

for study were parcels, for example, entire parcels would be predicted to convert land use rather 

than small sections of parcels. 

 

False Negatives 
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 False negatives (FNs) are areas in which the model failed to predict cells that experienced 

urban growth.  FNs seemed to mainly fall close to roads, usually near intersections.  Of the 7,940 

cells falling into this category, 5.3% (421) fall into the Smart Road Corridor (Figure 5.5), and 

4.7% (376) come from a new road near the eastern border of the county.  The model failed to 

predict a single cell of change within these corridors falling outside town limits.  In both cases, 

FNs are clearly cells representing paved roads.  Visual inspection on these sites, however, shows 

many cases where roads show no signs of improvement or widening (represented by small red 

speckles seen throughout Figures 4.1 and 5.5), a finding that illustrates the limitations of the land 

use data. 

 The model missed some residential developments dispersed throughout the county, and 

one new school.  Blacksburg Country Club Estates (Figure 5.5) represents one of these larger 

developments.  Although this site seems to have moderately high suitability scores for four 

drivers, a relatively low score for distance from urban expansion areas and its proximity to 

agricultural soils may have prevented this area from being predicted correctly.  These 

characteristics are similar to the other large FN patches found throughout the county. 
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Figure 5.6  Collegiate Suites apartment complex in Blacksburg 1991 (left), and 2002
(right) (NAPP 1991, VBMP 2002). 

 



For our area, the model does not predict the transfer of large contiguous areas to urban 

land use.  The LTM never produced one instance in which true positive cells fell more than three 

cells deep into a patch of new development because these cells are not in close proximity to 

already urbanized lands.  An example of this phenomenon is shown at the Collegiate Suites 

apartment complex, built in 1998, showing that true positive cells form a ring at the edge of prior 

urban cells, but false negatives fill the inside of the ring (Figure 5.6).  In this example, the model 

clearly recognizes that new development will occur because drivers display high suitability there, 

with the exception of soils which can unrealistically weight the suitability values of neighboring 

cells. 

This phenomenon is repeated in the middle of Christiansburg where two true positive 

rings (blue) surround large patches of false negative cells at the Vistavia and Oak Tree 
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Townhomes subdivisions (Figure 5.7).  Although the model shows the ability to recognize that 

NAPP 1991 VBMP 2002 
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True Positive

Figure 5.7  Vistavia and Oak Tree Townhomes subdivisions in 
Christiansburg 1991 (left), and 2002 (right) (NAPP 1991, VBMP 2002). 
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change is likely to occur in areas surrounded by true positive rings, the model will never 

perfectly predict the location of a large development using this study’s unit of analysis.  

Running ANNs may be helpful for identifying areas a GIS model fails to recognize.  For 

example, if errors were consistently detected at the locations of schools for resulting ANN maps, 

a distance from schools driver could be added to the GIS to determine if it could improve that 

model.  It seems new roads, road extensions, or road improvements were not predicted by the 

model, as is evident from the number of false negative cells located near these features.  The 

inability of the model to predict change in these areas suggests to a planner/modeler that a new 

driver may be needed to address this failure.  Although the 1990 comprehensive plan only 

addresses road improvements in the document’s text, new comprehensive plans could improve 

modeling by including maps displaying locations of future road improvements.  A new driver 

could be created from this future road map in the same fashion as the “distance from urban 

expansion areas” grid to provide one method for improving model calibration for a neural 

network in Montgomery County, Virginia. 

 

Limitations 

 Data and software limitations created some inconsistencies across the county.  The 

metadata indicates retrofit sets were derived from Landsat ETM+ (TM) scenes from 1991, 1992, 

and 2000.  Most of the land use classification for the early period was created from a late 

September image (09/30/1991) during the leaf-off season, while a smaller portion came from the 

leaf-on season of spring (05/11/1992).  Land use classifications for the end of the study period 

were derived from imagery taken during leaf-on, June 10, 2000.  Spectral differences resulting 

from varying seasons could have contributed to irregularities in land use classification.   
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 Each of the pixels used in retrofit creation were produced first using Anderson level I 

classifications and filtered in cells falling within a 70% confidence level of both classification 

years (1992 and 2001).  Areas not meeting this confidence level were refined using an 8-

neighbor clump and 5-pixel sieve process in which only contiguous areas of 5 pixels or more 

were retained.  Since these refined cells were evaluated using areas approximately equivalent to 

one acre, they did conform to our 30-meter unit of analysis during preparation.  Therefore, it is 

possible that areas where a relatively small amount of urban change at a 30-meter resolution may 

not have been detected by the original coarser resolution retrofit data.  Visual inspection of 

retrofit data sets, often showed new urban cells falling along roads where not previously 

represented as continuous segments in 1992 land use data.  Several false negative cells were 

likely attributable to these areas.   

Various methods of supervised and unsupervised land use classifications were used 

during our initial data compilation, however, these techniques often resulted in unrealistic 

classifications displaying either speckled urban patches throughout the county, often in deep 

forest areas or over simplification where several urban cells were removed from growing urban 

areas.  While the MRLC warns against the use of retrofit data at local levels, this set provided 

easily accessible data with the greatest relative accuracy for this study.  Although full accuracy 

assessment for this region is not currently available, initial assessments of the decision-tree 

classification method used to produce the retrofit found a 94.2% agreement against change/no-

change pixels identified using traditional methods (Homer et al., 2007). 
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Chapter 6: Conclusions 

Further Research 

The calibration of the LTM in this analysis presents a useful set of driving factors to 

forecast future development for Montgomery County, Virginia.  An urban growth forecast based 

upon census bureau population projection data, could be made using Pijanowski’s principle 

index driver (2002a) (Eq. 2.3).  Further research projecting development patterns beyond the 

testing period, however, should be done cautiously.  Although the model performed well at 

predicting infilling and fringe development at previously urbanized sites, it performed poorly in 

tests at forests, which make up a majority of the county.   

Although this study reasonably generalized urban growth patterns from the southwest 

quadrant of the county for the entire area, this training region should be applied to other similar 

landscapes to further assess the LTM’s generalization ability.  Different grid resolutions and 

numbers of neural network simulation cycles also need to be tested, as well as, additional drivers 

and variations in the types of drivers as new datasets become available. 

 The current structure of the LTM neural network only allows us to evaluate land use 

change for one time interval rather than evaluating change in a time-step manner such as is 

permitted by Markov-chain techniques.  As current LUCC modeling research moves toward the 

use of hybrid models, researchers should investigate integration of the use of neural networks 

with cellular-automata models to account for land use changes at various temporal scales. 

 

Applications of ANNs for Planners 

To some degree, the ambiguity of neural networks may be its greatest asset.  The inter-

workings of the model are largely unknown to the analyst as data are provided for a so-called 
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“black box;” however, the LTM’s ability to randomize variable weights without user-defined 

weighting offers a relatively hands-free user experience.  A model that works independently of 

user bias may currently be the best modeling option for the field of urban planning, characterized 

by technological capabilities still in a state of infancy. 

Development of LUCC models is not a competition to determine which model performs 

best, rather to gain a better understanding of the factors at play guiding urban dynamics (Pontius 

et al., 2008).  Although the model presented here shows no significant advantage over a logistic 

regression model, the LTM does show some ability to predict infilling and fringe development at 

the county-level.  Perhaps such models would be better suited for a more densely packed urban 

area or large city with traditional growth patterns.  Additional research is needed to assess the 

model’s ability to predict change at various scales and with the use of with different drivers. 

 

Summary 

 The LTM (utilizing an ANN) and a logistic regression appear to perform almost exactly 

the same when compared to each other after training on nearly a third of the study area’s urban 

land.  Results of testing one full run of the LTM using six variables and six variations of the 

model with five variables show that the model performs consistently, albeit poorly, by Kappa 

agreement standards.  When comparing the results of this countywide study with other variations 

of popular regional models, the LTM shows accuracy consistent with those models where similar 

economic and biophysical landscapes were most similar (Pontius et al., 2008).  The use of ANNs 

provides a satisfactory technique for assessing and understanding the spatial patterns and 

dynamics of urban systems in Montgomery County, Virginia by current LUCC standards.   
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VBMP Disclaimer 
 

ALL DATA IS PROVIDED “AS IS.”  THE COMMONWEALTH OF VIRGINIA, THE 
VIRGINIA GEOGRAPHIC INFORMATION NETWORK AND THEIR RESPECTIVE, 
OFFICERS, AGENTS AND EMPLOYEES JOINTLY AND SEVERALLY DISCLAIM ANY 
AND ALL REPRESENTATIONS OR WARRANTIES, EXPRESS OR IMPLIED, WRITTEN 
OR ORAL, IN FACT OR ARISING BY OPERATION OF LAW, INCLUDING ANY 
WARRANTIES OF MECHANT ABILITY, FITNESS FOR A PARTICULAR PURPOSE, 
ACCURACY, CURRENCY, COMMERCIAL VALUE, OR FREEDOM OF DATA FROM 
INFRINGEMENT OF ANY THIRD PARTY INTELLECTUAL PROPERTY RIGHTS. 
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