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ABSTRACT 
 

  In the practice of homeland security planning and emergency management, an 

important task is to isolate service areas that would be affected by a future catastrophic 

event in a power grid.  Existing approximation methods used by critical infrastructure 

protection (CIP) planners are geographically implicit and therefore treat demand and 

supply homogenously.  The goal of this research is to create a geographically explicit 

demand-based resource allocation model that will estimate electric substation service 

areas.  It will be achieved through a four step process that identifies and represents 

demand and supply, allocates resources, delineates service areas, and validates the 

results.  The methodology incorporates the use of a neural network with an optimization 

algorithm and GIS to allocate the resources and then delineate the service areas.  

Theoretically, the resource allocation method is more advantageous because it is capable 

of considering surface conditions that have yet to be materialized.  This paper will 

conclude with a real world application of the methodology in a GIS and neural network 

environment and an accuracy assessment.  

  

 
KEYWORDS: delineation of electrical service areas, spatial modeling, homeland 
security planning, critical infrastructure protection, GIS, resource allocation, 
optimization, neural network, simulated annealing 
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1. INTRODUCTION 
 

In the practice of homeland security planning and emergency management, an 

important task is to isolate service areas that would be affected by a future catastrophic 

event in a power grid.  However, the delineation of such areas is often hindered by the 

lack of information due largely to the fact that an estimated 85 percent of all critical 

infrastructures (CIs), including power grids, in the United States is in the private sector. 

As such critical infrastructure protection (CIP) planners have experimented with a variety 

of spatial approximation methods in delineating service areas within a power grid.  There 

are two existing methods that are currently used by CIP planners—rule-of-thumb 

methods and spatial proximity methods.  These two types of methods are geographically 

implicit because there is no explicit consideration given to the demand and supply 

conditions.  There is a homogenous assumption of the spatial distribution of demand and 

supply with the existing two methods.  Delineation of service areas has been made 

possible through geographically explicit softwares such as ArcGIS, however these 

softwares require data that is often unobtainable.  It is designed for utility corporations 

and not for CIP planners (Meyers, 2001).  This is why CIP planners have been 

experimenting with approximation methods such as rule-of-thumb and spatial proximity.  
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  (A)          (B)      (C) 
  
Figure 1.1. A comparison of the three existing approximation methods: (A) Rule-of-thumb, (B) Thiessen 
polygon, and (C) Euclidean distance. 
 

The first method examined is the rule-of-thumb method.  The rule-of-thumb 

method approximates service areas based on the assumption that the service area of a 

substation spans across a two mile radius in urban areas (York, 2006).  This method is 

geographically implicit and assumes that supply is homogenous from the substations.  

This means that each electric substation distributes the same exact amount of power.  

This method does not account for demand inputs.   

The rule-of-thumb method simply creates a 360° buffer based on a static distance 

around a point.  Figure 1.1 (A) shows an example of the rule-of-thumb method.  This 

method is vector-based, creates hard-line boundaries, and allows for overlapping 

boundaries.  Rule-of-thumb methods are not associated with optimization algorithms and 

thus approximate the service areas based on points nearest to the supply point. 

Rule-of-thumb methods do have one advantage - the ability to create overlapping 

boundaries, which better represent integrated electricity power grids.  Power grids are 

constructed in a way in which if an area loses power, then a switch can be opened up to 

distribute power to compensate for the power loss (Schumpert, 2005).  Overlapping 
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boundaries have the ability to show the relationship of interconnected service areas 

between two or more substations.  

Rule-of-thumb methods’ disadvantages far outweigh their one advantage.  These 

methods cannot create abstract area boundaries.  Abstract area boundaries do not conform 

to known shapes such as circles, rectangles, and squares.  Electric substation service areas 

are not perfect circles because they are constrained by natural features such as lakes, 

rivers, and mountains.  They do not solve for the global optimum because the methods 

are not guided by an optimization algorithm.  The method only accounts for the points 

nearest to the supply point.    

The second methodology is called the proximity model.  In this model, the 

substation service areas are determined through either thiessen polygons or euclidean 

distance.  This model relies on how close a particular area is to a substation.  A region of 

influence is created to signify which areas are closest to a particular node (Demers, 2000, 

305).  Neither proximity models account for the demand or supply of resources. 

Thiessen polygons operate on the assumption that every point within its area is 

the closest to the supply point for that polygon.  Each supply point will have a polygon 

created around it that includes all points that are the closest (Figure 1.1 B).  This method 

is geographic implicit because it is solely based on distance and treats demand and supply 

as homogenous surfaces.   

Thiessen polygons do have one advantage - the ability to create abstract 

boundaries.  This is important in approximating substation service areas because the 

service areas are constrained by geographic features such as rivers, lakes, and wetlands.  

On the flip side, one of their disadvantages is the inability to consider demand.  Thiessen 
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polygons are only concerned with midpoint distance when constructing their area 

boundaries.  Just like the rule-of-thumb methods, thiessen polygons are not guided by an 

optimization algorithm that allows them to break free of the local optima.  Local optima 

is where a node is assessed individually without regard to the rest of the nodes globally.  

Euclidean distance is the third existing approximation method used by CIP 

planners.  It operates on the same assumption as thiessen polygons – that every point 

nearest to the supply point belongs in that supply point’s service area.  Euclidean distance 

is similar to thiessen polygons except for the fact that it does not create the hard-line 

boundaries and therefore does not take the mid points between two points to draw 

boundary lines (Figure 1.1 C).  Instead, euclidean distance assigns distance values to the 

raster cells as it radiates away from the points.  When two cells compete to belong to the 

region of influence of a point, the cell with the lowest distance value receives that 

assignment to that particular point (Schumpert, 2005).   

Just like thiessen polygons, euclidean distance’s major advantage is that it can 

construct abstract area boundaries.  Both are geographically implicit and is not guided by 

an optimization algorithm. 

This is where the need for a geographically explicit resource allocation method 

arises.  Since the existing methods treat supply and demand as homogenous surfaces, a 

method that could consider various quantities of demand and supply is needed in order to 

approximate service areas that are more representative of the actual service areas.  

Consideration of demand and supply are important because they vary depending on land 

use type and building size.  This method accounts for how many kilowatt per hour (kwh) 

of demand are associated with residential, commercial, institutional, and industrial land 
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uses in relation to the size of the structure on that land use.  This gives a more accurate 

representation of the geography.  One area of a city may have more demand because it 

contains many industrial factories while another area of a city may have less demand 

because it is comprised of single-family homes.  On the supply side, the method allows 

for CIP planners to apply unique capacity for each substation.  For instance, urban 

substations may have less supply than rural substations because rural substations are 

farther apart and must support a larger service area.  The current methods treat every 

substation as if it has the same supply.  Figure 1.1 (A) implies that the substations that are 

farther apart are not able to supply demand to the entire area near them.   

The goal of this research is to create a geographically explicit resource allocation 

model that will estimate electric substation service areas.  This method is geographically 

explicit because it represents demand and supply as heterogeneous surfaces.  By knowing 

the service areas of substations, estimations can be made as to where power will be lost if 

a substation were out of service. 

Some of the major features of this resource allocation method are its ability to 

solve for the global optimum and to be integrated within a neural network and GIS 

framework.  This method does not assign a point to a service area just because it is the 

closest to a particular supply point.  Instead, it attempts to approximate service areas that 

allow for an optimal electric network.  One of its greatest features is to integrate a non-

spatial neural network with spatial data such as points, lines, and polygons from a GIS.  

The neural network application used in this study incorporates a nonlinear optimization 

algorithm.  This application represents polygon data as nodes.  The neural network and 

the GIS are used together to ultimately create the service area boundaries. 
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  In the following chapters I will explain the science behind the demand-based 

resource allocation method, discuss how this method can be implemented in a GIS and 

neural network environment, and present how this method works on real world data in a 

case study of Charlotte, NC.   

 

 

2. A METHODOLOGY FOR AREA APPROXIMATION 

This methodology is comprised of four parts.  The first step is to identify and 

represent supply and demand.  The demand polygons will be converted to demand nodes 

so that they can be analyzed by the resource allocation model.  The resource allocation 

model executes an optimization algorithm that will solve for the global optimum based 

on the supply nodes and the demand nodes that are passed to it.  The output is represented 

by a graph that shows the supply nodes connected to the demand nodes by lines.  A 

geographic aggregation method is performed on the output of the resource allocation 

model to create the substation service areas.  These service areas are then 

cartographically displayed and studied by a subject matter expert (SME) for validation.  

If the results are not representative of the actual service areas then the process has the 

ability to go back to any of the previous steps.  Figure 2.1 shows a graphical 

representation of the methodology. 
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Figure 2.1. A methodology for electrical service area approximation. 
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2.1. Demand/Supply Identification and Representation 

 Components of the demand-based resource allocation method include, a supply 

surface comprised of locations of substations, a demand (costs) surface that incorporates 

factors indicative of electricity consumption, and an optimization algorithm that 

distributes supplies from the substations among the demands. 

This step is an important part of this method because the optimization algorithm 

requires the correct type of data in order to accurately delineate the substation service 

areas.  Correct locations of the electric substations are required in order for the algorithm 

to accurately estimate their service areas for validation purposes.  The demand surface 

must be complete and contain the adequate data required to perform the analysis.  This 

information includes land use type and building square footage.  The outcomes of this 

step are two types of inputs that include substation locations as nodes and demand as 

nodes.  These inputs are then passed into the resource allocation model.    

 
2.1.1. Resource supplies 

The supply surface with the substation locations allows for the model to 

incorporate capacity in its analysis.  The supply surface is required for this method to 

work because it contains the geometric features and the coordinates of the distribution 

substations.  That information is then coupled with the demand surface data for analysis.  

The locations of the substations were derived using aerial photography. 

 
2.1.2. Demand surface 

The demand surface is also required for this method to work.  The demand 

surface is comprised of tax parcels, building square footage data, land uses, and energy 

consumption statistics.  This information is used as an input in the optimization 
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algorithm.  Before demand is passed to the resource allocation step, it must be converted 

from polygons to nodes.  The resource allocation model can only operate if the demand 

features are represented as nodes.  This is important because in the service area 

delineation step, the nodes need to be converted back to polygons for service area 

approximation.  Appendix C contains the metadata for all existing data and new data used 

in this study.   

 
 

2.2. Resource Allocation 

The optimization algorithm used in this model is known as simulated annealing.  

Simulated annealing is an algorithmic approach to approximate optimal solutions for 

problems in a combinatorial optimization (Cerny, 1985).  This technique stems from 

thermal annealing, which aims to obtain perfect crystallization by a slow enough 

temperature reduction to give atoms the time to retain the lowest energy state (National 

Institute of Standards and Technology, 2006).  The purpose of this step is to assign the 

demand points to the supply points in an optimal way.  Simulated annealing is the heart 

of the methodology because it produces the results that are later used to delineate the 

service areas and to validate the accuracy of the method.    Simulated annealing’s major 

advantage over other methods is an ability to avoid becoming trapped at local minima.  

The algorithm employs a random search, which not only accepts changes that decrease 

objective function, but also some changes that increase it. 

 
2.2.1. Science behind simulated annealing  

Digital computers are unable to solve problems under a wide range of conditions 

adequately so this prompted researchers to study biological neural systems in attempt to 
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design computational systems with brain like capabilities.  This research allowed for the 

creation of neural networks.  Neural networks provided the computational model 

necessary to program and coordinate the behavior of thousands of processing elements 

(Tagliarini, et al, 1347, 1991).  Neural networks represent a rich and flexible family of 

spatial interaction function approximators (Fischer, et al, 36, 2003).  Neural networks are 

differentiated by the directions in which signals flow.  There are two types of neural 

networks: feedback networks in feedforward networks.  Feedback networks allow for 

signals to transfer from the output of a neuron to the input of any neuron.  The 

feedforward networks transfer signals from an input stage to an output stage through 

intermediate neurons.  In terms of this study, the neural network used is a feedback 

network where the neurons are the nodes in the network and the signals are the 

connections between the nodes.  Feedback neural networks are capable of unsupervised 

learning, self organization, and computing solutions to a variety of optimization problems 

(Tagliarini, et al, 1348, 1991).  Tagliarini, et al (1991) concludes in his paper that neural 

networks are capable of yielding high-quality solutions to complex problems.  He 

supports this by designing a neural network for a complex resource allocation problem, 

which was to assign weapons to counter threats in an optimal manner.  His problem 

consisted of more than 46,000 neural elements and more than 49 million connections. 

 Tagliarini’s research leads to the notion of applying neural networks in a 

geographic setting through the needs of spatial analysis.  With the increasing use of GIS 

and a rapid increase in the volume of data, either explicitly geographic or linked to 

geographic identifiers (i.e. geocoding), the use of neural networks in spatial analysis 

becomes important (Armstrong, 147, 2000).  Economic geography is a discipline in 
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which neural networks have been applied to resource allocation problems.  Just like 

electrical networks, the networks of trade between resource locations, manufacturing 

facilities, markets, and labor presents a combinatorial problem at various spatial scales 

(regional, international, and local) (Krugman, 413, 1994).  Although Krugman’s 

description of his methodology is not technical, you can identify the components of a 

neural network in his paper based on my discussion in section 2.2.  Krugman (1994) 

describes the random allocation of manufacturing across space and the organization of 

the model into a highly ordered structure for optimization.   

The traveling salesman problem has been recognized by computer scientists as a 

spatial-optimization problem that requires extensive amounts of combinatorial search.  

The complexity of this type of problem requires a considerable amount of computation.  

The location-allocation problem also requires a substantial amount of computer runtime 

(Armstrong, 148, 2000).  Neural networks have the ability to cut down on the computer 

runtime in order to derive an optimal solution. 

 Fischer (2003) looked at neural networks in a geographic context and discussed 

how they may be used to decrease computer runtime.  The neural network applied in my 

study is based on the summation of units.  The disadvantage of this type of network is the 

increase in computation time for data sets containing many inputs.  Fischer (2003) found 

that in neural networks can also be based on product units.  Product unit networks have 

the advantage-given the appropriate training algorithm-to learn the higher order terms 

that are required to approximate a specific constrained spatial interaction function.  

However, product unit networks create an error surface that contains more local minima 

than compared to using summation unit networks (Fischer, 42, 2003).   
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Genetic algorithms are an existing method of optimization that was considered for 

this study.  Genetic algorithms solve combinatorial problems based on how well the 

individual components or individuals adapt to the changing environment, much like 

Darwinian evolution (Spears, 4, 1989).  The combinatorial problem presented in this 

paper is known as a NP-Complete problem.  A NP-Complete problem is a problem that is 

not solvable in polynomial time.  Examples of this type of problem include job shop 

scheduling, bin packing, and traveling salesman problems (Spears, 2, 1989).  Genetic 

algorithms work well when the values for the parameters can be selected independently.  

It has been found however, that when genetic algorithms are applied to NP-Complete 

problems they violate the independence assumption.  This causes genetic algorithms to 

perform poorly on NP-Complete problems (Spears, 10, 1989).  Another disadvantage of 

genetic algorithms compared to neural networks is that genetic algorithms find good 

solutions quickly and are not well-suited for local searches.  The inability to perform 

local searches increase the probability that genetic algorithms will become stuck in local 

minima (Spears, 12, 1989).  Neural networks prove to be a good method to attain the 

research goal and objective of this study. 

Simulated annealing is based on a neural network.  Neural networks have been 

found to show tremendous promise in solving difficult optimization problems such as the 

traveling salesman problem (Peterson, 2, 1989).  A neural network alone suffers from the 

local minima problems whenever it is applied to optimization problems.  Therefore, 

simulated annealing algorithms are combined with neural networks in order to overcome 

this weakness (Chen, 8, 1995).  

A neural network is comprised of the following components (Spears, 27, 1989): 
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A. A set of processing nodes 

B. A state of activation for each node 

C. A pattern of connectivity among nodes (a graph) 

D. A propagation rule 

E. An activation rule (allows for connections between nodes) 

Each network consists of a number of processing elements (nodes) connected in a 

graph.  Each node represents some feature of the problem that is being explored.  The 

nodes receive input values from other nodes that help maintain a state of activation and 

sends output values to other nodes.  The activation of a node is computed using the net 

input to the node, the temperature, and the Boltzmann distribution.  A rule of propagation 

determines how the combination of outputs from nodes becomes input to other nodes.  

Given a set of inputs to a node at its current state of activation, an activation rule 

establishes a new state of activation for a node (Spears, 27, 1989). 

The activation of connections between nodes is based on local neighbor 

information. 

     Energyi = netijai                                                                (1)                   
      

        neti = Σ wijaj                                                                    (2) 
    j  

where   
ai = activation of node i 
wij = weight between node i and node j 
Energyi = local energy contribution of an individual node 
neti = the net input to a node from its immediate neighbors. 

           
The combination of all nodes working in parallel leads to global energy 

optimization (Spears, 29, 1989).  However, these equations cannot solve for the global 

optimum.  To solve for the global optimum, the Boltzmann distribution must be applied.   
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The Boltzmann distribution indicates that the ratio of probabilities of the two 

states is related to the energy difference between the two states.  At high temperatures 

many possible energy states exist and the kinetic energy of the particles helps the energy 

states escape from local optima.  At very low temperatures the system freezes into one 

state, sometimes the global optimum.        

                                                    
T

EnergyEnergy AB

e
AobablityPr
BobabilityPr )(

)(
)( −
=                                      (3) 

 
where 
A and B are two states of the network. 
Energy = local energy contribution of the state 
e = energy difference 
T = temperature 

 
   This says that the ratio of probability of the two states is related to the difference 

of energy of the two states.  The Boltzmann distribution determines the energy of the 

processing nodes within the network (Spears, 30, 1989). 

 One of the most important components in a neural network is the activation of a 

node.  As you recall the activation of a node is computed using the net input to the node, 

the temperature, and the Boltzmann distribution.  Equation 4 describes how to activate a 

node. 

                                    
⎟
⎠
⎞

⎜
⎝
⎛ −

+

==
T
neti i

e
taobabilityPr

1

1)1)((                                     (4) 

         where 
         ai = activation of node i 
         T = temperature 

e = energy difference 
neti = the net input to a node from its immediate neighbors 
t = time 
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At high temperatures, the probability goes to 1/2, indicating random choice.  As 

the temperature decreases, positive net input yields a probability that approaches one, 

while negative input yields a probability that approaches zero (Spears, 30, 1989).  Geman 

and Geman found that if the cooling schedule is slow enough to be at least inversely 

proportional to the logarithm of time, then globally optimal solutions can be found (Chen, 

922, 1995).  Simulated annealing has the ability to accept or reject each change to the 

system.  This is known as the Metropolis algorithm.  Equation 5 is a combination of the 

Boltzmann distribution and the Metropolis algorithm that calculates the probability that 

the new state is accepted (Pai, 2677, 2005). 

 

                                                                       E(sold) – E(snew)                             (5) 
P(accept  snew) = exp (-                            ) 

                                     kT 
 where 
 P = probability 
 E(sold) = old energy state 
 E(snew) = new energy state 
 k = constant 
 T = temperature 
 

When the system is in the original state sold with energy E(sold), a randomly 

selected atom changes the system resulting in snew with energy E(snew).  If E(snew) < = 

E(sold) then the new state is automatically accepted because it has a lower cost.  Equation 

5 calculates the probability that the new state is accepted if E(snew) > E(sold) occurs (Pai, 

2677, 2005).  This is tested after each iteration of the algorithm.  Each iteration also 

involves the temperature variable to be decreased whether the new state is accepted or 

not. 

New Temperature = (Current Temperature) x p,  where 0 < p < 1          (6) 
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where 
The variable p is a pre-determined value established by the user (Pai, 2678, 2005).   

At very low temperatures, stopping constraints become a factor.  There are three types of 

stopping constraints in simulated annealing: (CSEP, 2006): 

A. the detection of the solution 
B. low temperature (i.e. the material freezes) 
C. times out (an acceptable change could not be reached after a fixed number 

attempts) 
 

Despite being a promising algorithm in solving optimization problems, simulated 

annealing does posses some shortcomings.  These include the size of the temperature 

steps during annealing, the temperature range, and the number of re-starts and re-

direction of the search (Chen, 7, 1995).  The technology used to implement this algorithm 

that is described in Chapter 3 is affected by these shortcomings.  It is a function of how 

the algorithm is programmed and how the parameters are set in the application. 

The outcome of this step is the connections between the supply nodes and the 

demand nodes.  These connections are then used in service area delineation. 

 
2.2.2. Simulation protocol 

The simulated annealing algorithm has the ability to reject or accept changes it 

makes to the network.  If the connection between two nodes results in a higher cost it has 

the ability of rejecting that connection.  Likewise, if the connection between two nodes 

results in lower costs it has the ability of accepting that connection.  The algorithm is 

more tolerant of higher cost changes while the temperature variable is high.  As the 

temperature variable decreases in value the algorithm becomes less tolerant of higher cost 

(uphill) movements.  If the connection is accepted, the network updates itself, decreases 

the value of the temperature variable, and begins a new iteration.  If the connection is 
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rejected, the network returns to its previous state, decreases the value of the temperature 

variable, and begins a new iteration.  Figure 2.2 shows the simulation protocol of the 

simulated annealing process from activation to detecting a stopping constraint. 
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Figure 2.2. Simulated annealing protocol (CSEP, 2006). 
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2.3. Service Area Delineation 

 The purpose of this step is to take the outcome of the resource allocation model 

and apply a geographic aggregation method that delineates the service area boundaries.  

This can be done by exporting the data from the neural network to a GIS as will be 

explained in Chapter 3.  The product of this step is the approximated substation service 

areas that can be represented cartographically.  This step is important because the 

approximated service areas are compared to the actual service areas for accuracy 

assessment in the next step, verification and validation. 

 
 
2.4. Verification & Validation 

 Verification and validation is the last step in the methodology.  The purpose of 

this step is to assess and confirm that the method operated as it was expected and 

produced accurate results.  The outcome of this step identifies if this is the correct 

methodology for this type of problem.  If it is not, the methodology has the ability to 

return to a previous step to make adjustments that might affect the outcome of this step. 

Verification is based on whether a model accurately represents the documented 

specifications or not (Weeks, 1, 2006).  This methodology shows the process of 

preparing, developing, implementing, and measuring the model.  The simulated annealing 

algorithm searches for the global optimum in a network much like a power grid is 

established to meet demand within the entire network as efficiently as possible.  

 A subject matter expert will compare the approximate boundaries versus the 

actual boundaries for validation purposes.  Validation is used to determine if the method 
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correctly corresponds to the real world based on its intended uses (Weeks, 1, 2006).  

Validation is concerned with how accurate the results are.  Figure 2.1 shows that if the 

results of the method do not correctly correspond to the case study data then it allows for 

returning to preparation of the database to ensure that the correct data is used, the 

allocation of resources were performed with consistent settings, or the service area 

boundaries were exported correctly to the GIS.       

 

  

3. IMPLEMENTATION OF THE METHODOLOGY 

 This section will discuss how the demand-based resource allocation method is 

implemented using Geographic Information Systems (GIS) and ViPOR technology.  

ViPOR is an optimization model for designing village electrification systems (NREL, 

2005).  ViPOR was developed by the National Renewable Energy Laboratory (NREL), 

an agency of the U.S. Department of Energy.  ViPOR has been used successfully by Alex 

Zahnd of Katmandu University to plan the power system for Chauganphaya village in 

Nepal.   NREL used it to plan the power system on Isla Tac, Chile (Lambert, 2006).   

 
 
3.1. Demand/ Supply Identification and Representation 

ViPOR is the neural network application that performs the optimization algorithm 

on the data.  Simulated annealing is the optimization algorithm that ViPOR executes to 

produce the least cost distribution system.  ViPOR allows for many types of user inputs.  

These include load types, source types, transformers, linear features, costs, degree of 

accuracy, and constraints.  The load types store the demand information and are 
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represented as nodes in the application.  Demand nodes are called load nodes in the 

ViPOR application.  The source type stores the supply information of the substations and 

is represented as a node feature.  Supply nodes are called source nodes in the ViPOR 

application.  Transformers act as links between the source nodes and load nodes.  Linear 

features are stored as arcs and contain information on transmission lines.  Construction 

and maintenance costs of network components are factored into ViPOR’s optimization 

algorithm to produce the least cost distribution system.  ViPOR relies on a generation 

cost curve generated by a supplement application known as Homer.  Homer calculates the 

costs associated with operating a network based on hourly loads, network components, 

and maintenance.  This information is then used by ViPOR to solve for the global 

optimum. 

3.1.1. Demand scale 

 Scale is an important factor to consider when you represent and identify your 

demand surface.  The allocation of resources in ViPOR is sensitive to exact locations of 

demand nodes because distance plays a role in the overall solution that is produced.  This 

paper does not attempt to identify the optimal scale to be used, which is why analysis was 

performed at the various scales. 

3.1.2. Supply capacity 

 Substation capacity is a component that the resource allocation method accounts 

for while performing its analysis.  The user has the ability to assign a unique capacity 

value to each substation so that it can be considered during resource allocation. 
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3.2. Resource Allocation 

ViPOR’s simulated annealing algorithm works by repeatedly making random 

changes to the system, allowing it to evolve towards the optimum allocation solution.  

For example, ViPOR may randomly add a node to the distribution grid, move a 

transformer, or select a different centralized system location.  Any change that results in a 

lower total cost is accepted and the system is allowed to continue to evolve from that 

point (NREL, 2005).  Changes that result in a higher total cost (uphill moves) are treated 

probabilistically; some are accepted and some are rejected.  If a change is rejected this 

system is returned to its previous state and another change is attempted.  In the early 

stages of the solution process, the algorithm is very tolerant of uphill moves but as the 

process continues, it becomes less and less tolerant of uphill moves (NREL, 2005).  It is 

this feature of the simulated annealing algorithm that allows it to search out the global 

optimum without getting caught in local optima (solutions that are better than their 

neighbors, but not as good as the global optimum).  The tolerance of ViPOR to uphill 

moves is controlled by a parameter called temperature.  Temperature is a variable in the 

algorithm that is not measured by a unit but represents the concept of temperature in 

thermal annealing.  When the temperature is high, ViPOR has a high tolerance for uphill 

moves.  When the temperature is low, ViPOR has a low tolerance for uphill moves.  The 

temperature variable starts out at a high initial temperature and is multiplied by a calling 

ratio (a number less than one) after each iteration.  The algorithm stops when an 

acceptable change cannot be found after a fixed number of attempts (NREL, 2005).  This 

is how ViPOR implements simulated annealing as its optimization algorithm. 
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3.3. Service Area Delineation 

GIS is another important technology used to implement the demand-based 

resource allocation method.  GIS is an integrated collection of computer software and 

data used to view and manage information about geographic places, analyzes spatial 

relationships, and models spatial processes.  ESRI, one of the largest GIS software 

manufacturers defines a GIS as, “a framework for gathering and organizing spatial data 

and related information so that it can be displayed and analyzed” (2006).   

In this study, GIS is used to spatially represent and analyze the data used in the 

neural network, ViPOR.  GIS is a spatial component of the demand-based resource 

allocation method, while ViPOR is the optimization component of the demand-based 

resource allocation method.  Although these are two separate applications there is a 

connection between them.  These two applications have the ability to interface with one 

another, which is key when delineating the electric substation service areas and validating 

the results (Figure 3.1).  The data produced in GIS can be imported into ViPOR.  This 

data includes the coordinates for polygons, lines, and points and the demand stored in the 

load nodes in ViPOR.  Since ViPOR is unable to represent demand as polygons the 

centroid of our unit of analysis had to be calculated in GIS.  Appendix B.1 explains how 

to calculate the centroid in GIS and how to prepare the data to be imported into ViPOR. 

The solutions produced by ViPOR can be imported into a GIS.  These data 

include substation service area loads and demand within analysis zones.  ViPOR creates a 

Grid Report that calculates the demand for each source node, which can be imported into 

a GIS.  Appendix B.2 explains how the grid report can be imported into a GIS. 
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Figure 3.1. GIS and ViPOR interface. 
 

 

3.4. Verification & Validation 

 The demand-based resource allocation method was successfully implemented 

using ViPOR and GIS.  ViPOR’s simulated annealing algorithm was able to analyze the 

load nodes and the source nodes and create linkages between them to delineate the 

substation service areas.  During its analysis, ViPOR would accept or reject each 

connection it made between load nodes and load nodes or between load nodes and source 

nodes to create a pattern of connectivity (graph).  After each simulation, ViPOR had the 

ability to create and export an Evolution Report that shows the decrease in the 

temperature variable and the total network cost after each iteration.  The report is 
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extremely long but from this short sample the cost changes that ViPOR is performing in 

relation to the decrease in the temperature variable can be seen.  The following is an 

excerpt of the Evolution Report: (Table 3.1) 

          
Table 3.1.  
The relationship between temperature and total network cost 

Evolution Report 
Temperature Total NPC 
1411302.0 9782400.00 
1411302.0 9133967.00 
1411302.0 9550572.00 
1273700.0 2553873.00 
1273700.0 2552862.75 
1273700.0 2552041.50 
  103162.9     33119.30 
  103162.9     34753.09 
  103162.9     35419.50 
  103162.9     37656.53 
       2201.9      25197.47 
       2201.9      25197.47 

                2201.9            25922.45 
 

 

GIS was able to export surface and demand data into ViPOR’s optimization 

algorithm in order to perform the analysis.  GIS was then able to import the resource 

allocation results produced by ViPOR’s simulated annealing algorithm for service area 

delineation. 

 

 

 

 

4. A CASE STUDY 
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 Now that we have discussed the science behind the demand-based resource 

allocation method and the technology used to implement this method, I will now present 

how this method works on real world data.  This case study will use open source data 

such as tax parcel information with land-use data, electric distribution substation 

locations, energy consumption statistics, and various scales of analysis zones within 

Charlotte, NC to demonstrate this method. 

 
 
4.1. Demand/Supply Identification and Representation 

 The average energy consumption rates per customer per month as acquired by the 

U.S. Department of Energy are as follows for the following land-uses: (Table 4.1) 

Table 4.1.  
Average Energy Consumption Rates per Customer per Month by Land Use Type 

Average Energy Consumption Rates 
Residential 1,088 kWh 
Commercial 6,030 kWh 
Industrial 222,415 kWh 

 

These statistics, in conjunction with tax parcel data that contain information of the 

square footage of buildings is used to create a demand surface.  By dividing the average 

energy consumption rate for each land-use category by the heated square footage of the 

building on the tax parcel, a more accurate representation of demand can be obtained 

(Table A.1.).  Within the attribute table of the tax parcel layer in GIS a new field was 

added so that the kwh/sq. ft. data could be stored.  Once the kwh/sq. ft. data is stored, it 

can be used to calculate the total demand for each service area delineated by scale of 

analysis.  This allows me to compare the outcomes of the solutions for each scale of 

analysis. 

4.2. Resource Allocation 
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Four scales of analysis were considered in the demand-based resource allocation 

method in order to measure accuracy and test the constraints of ViPOR: neighborhood 

scale, transportation analysis zone (TAZ) scale, Census block group scale, and parcel 

scale.  The neighborhood scale is comprised of the official boundaries of the inner-city 

neighborhoods in Charlotte.  This was the largest scale used in the analysis.  

Transportation analysis zones are a smaller unit of analysis compared to neighborhoods 

but larger than the Census block group and parcel scale.  Census block groups were 

derived from the 2000 U.S. Census and act as a smaller scale of analysis.  Parcel scale 

analysis is the smallest unit of analysis and is the basis in calculating the demand for each 

larger unit of analysis.  Table 4.2 shows a comparison of the number of features required 

at each analysis scale. 

Table 4.2.  
A comparison of the different scales of analysis by number of analysis features within CWAC. 

 
 Each of the methods involved in the Charlotte case study were applied to the same 

study area and their results were validated by Ronald York of Duke Energy. 

 
4.2.1. Neighborhoods 

The first analysis was performed using the demand-based resource allocation 

method at the neighborhood scale.  Although 10 substations were used in the analysis 

only nine service areas were created at this scale.  This means that a service area was not 

created for one substation.  This can be explained because ViPOR’s main charge is to 

Number of Features 
Geographic Scale Number of Features 

Neighborhood 74 
Transportation Analysis Zone 256 
Census Block Group 997 
Parcel 64,185 
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produce the least cost distribution system.  As discussed previously, ViPOR relies on a 

generation cost curve created by the Homer application that takes into account operating 

costs, equipment costs, and maintenance costs.  The optimization algorithm concluded 

that by adding the tenth substation into the centralized network that it would not satisfy 

the global optimum solution (NREL, 2005).  This has serious implications on the 

accuracy of this method at the neighborhood scale.  Figure 4.1 shows the allocation of 

resources at the neighborhood scale. 

 
Figure 4.1. Resource allocation outcome at the neighborhood scale. 
 
  
 

 

 

4.2.2. Transportation analysis zones 

Neighborhood 
Scale 
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The demand-based resource allocation method at the transportation analysis zone 

scale was the next analysis performed.  Unlike at the neighborhood scale, all 10 

substations were accounted for and all of the service areas were created (Figure 4.2).  

Since this was a smaller scale analysis, the linkages between the source nodes and the 

load nodes were shorter and therefore resulted in lower costs and enabled all 10 

substations to be included in the solution.   

 
Figure 4.2. Resource allocation outcome at the transportation analysis zone scale. 
  
 
4.2.3. Census block group 

An analysis was performed at the Census Block Group scale.  This scale of 

analysis is slightly larger than parcel scale analysis, but much smaller than transportation 

analysis zone scale analysis.  In order for ViPOR to perform this analysis some of the 

smaller block groups had to be aggregated (Figure 4.3).  Since location is important in 

aggregating the block groups, some of the smaller block groups were combined together 

to represent clusters.  Analysis performed at the parcel scale for the demand-based 

Transportation 
Analysis Zone 
Scale 
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resource allocation method was never completed.  This is because of the inability of 

ViPOR to store a large enough number of load nodes to perform a detailed analysis.  In 

order to create an accurate solution at the parcel scale at least 6,000 load nodes were 

needed.  Unfortunately, ViPOR is unable to store any more than 1,000 load nodes.    

 
Figure 4.3. Resource allocation outcome at the census block group scale. 
 

  
4.3. Service Area Delineation 

 This section will display the delineation of the substation service areas based on 

the allocation of resources from the previous step.  Each of the graphs created by ViPOR 

were analyzed to assign the load nodes to the GIS polygon layers for each of the three 

scales of analysis. 

 
 
 
 
4.3.1. Neighborhoods 

Census Block 
Group Scale 
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 The delineation of the substation service areas at the neighborhood scale was the 

quickest to complete since there were fewer features.  It took 45 seconds for ViPOR to 

complete its analysis at this scale.  Figure 4.4 shows the results of ViPOR’s analysis in a 

GIS environment. 

 
Figure 4.4. Substation service areas at the neighborhood scale. 

 
4.3.2. Transportation analysis zones 

 ViPOR’s analysis of the demand-based resource allocation method at the 

transportation analysis zone scale did not take too much longer to process compared to 

the neighborhood scale.  It took ViPOR 3.75 minutes to complete its analysis at this 

scale.  Figure 4.5 shows the substation service areas after the results were exported to a 

GIS. 
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Figure 4.5. Substation service areas at the transportation analysis zone scale. 

 
4.3.3. Census block groups 

 ViPOR’s simulation at the Census block group scale took a considerably longer 

time to complete because the neural network was performing at its maximum ability in 

terms of the number of load nodes.  It took approximately 25 minutes for the algorithm to 

complete its analysis of the data.  Figure 4.6 shows the substation service areas at the 

Census block group scale after the results were exported to a GIS. 
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  Figure 4.6. Substation service areas at the Census block group scale. 
 
 
 
4.4. Verification & Validation 
 
 This chapter combines the science behind the demand-based resource allocation 

method with the technology used for implementation in order to perform analysis on real 

world data.  This method was successfully performed on the open source data available 

for Charlotte, North Carolina.   

In order to validate the results produced by ViPOR, Figures 4.5, 4.6, and 4.7 were 

submitted to Ronald York at Duke Energy to measure the accuracy of the demand-based 

resource allocation method.  Table 4.3 displays Ronald York’s accuracy measurement of 
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the substation service areas.  Chapter 5 will provide a thorough explanation of how 

ViPOR’s results were measured and how they compare with an existing method. 

 
Table 4.3.  
A comparison of the extent accuracy of the demand-based resource allocation method at the three scales of 
analysis. 

 
The demand-based resource allocation method was the most accurate at the 

transportation analysis zone scale.  There was a 23% increase between the analysis 

performed at the neighborhood scale and the transportation analysis zone scale.  It is 

interesting to note that the transportation analysis zone scale analysis accurately 

estimated the substation service areas at 90% or higher on two occasions.  The 

neighborhood scale and the transportation analysis zone scale of analysis were performed 

without aggregating any of the features.  There was a 27% decrease in accuracy between 

the transportation analysis zone scale and the Census block group scale.  One reason for 

this decrease in accuracy is the fact that the Census block groups had to be aggregated 

and so there was not a true representation of the location of demand. 

 
 

Service Area Extent Accuracy 
  

Substation Area Neighborhoods 
Transportation Analysis 

Zones 
Census Block 

Group 
Northend 50% 50% 80%
NoDa 50% 80% 20%
Central Ave 25% 90% 30%
Coliseum Drive 25% 50% 30%
Downtown East 25% 50% 10%
Downtown South 0% 20% 30%
Dilworth 40% 50% 40%
Westside 30% 95% 20%
Hoskins 25% 50% 40%
Downtown West 50% 50% 15%
Average 36% 59% 32%
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5. DISCUSSION 

This section will compare the demand-based resource allocation method with an 

existing method.  The previous three chapters discussed the methodology, 

implementation, and real world application of the method.  Two different measures of 

accuracy were used for comparison.  One accuracy measure, referred to as the extent 

accuracy in this paper, based the percent accuracy on how much the estimated service 

area overlapped the actual service area and how much they did not overlap.  The second 

accuracy measure, referred to as the coverage accuracy in this paper, based the percent 

accuracy on how much of the actual service area was accounted for by the estimated 

service area.  A comparison index for both accuracy measures was created in order to 

easily compare an existing method with the demand-based resource allocation method for 

validation purposes.  The comparison index will be the tool used for validation. 

The thiessen polygon method will be the existing method that I use to compare 

the accuracy of against the demand-based resource allocation method.  This approach is 

the easiest to perform and is analyzed completely in GIS.  The thiessen polygon method 

does not take into account demand or supply when it delineates the substation service 

areas.  Once the thiessen polygons are created, the service areas of the 10 substations are 

analyzed by calculating their total demand.  One of the biggest advantages this method 

has over the demand-based resource allocation method is that it is not constrained by the 

limits of the ViPOR application.  This means that the surrounding substations affected the 

resultant service areas of the 10 substations that were studied.  With ViPOR’s limit on the 

number of source nodes that could be added to the application, the surrounding 



36 

substations had no effect on the boundaries of the service areas for the 10 substations that 

were studied.   

 
 
5.1. Extent Accuracy 

Table 5.1 compares the extent accuracy of the electric substation service areas 

created by the demand-based resource allocation method at all three scales of analysis.  

Ronald York (Apr. 2006) estimated the extent accuracy of my service areas against the 

actual service areas by estimating how much they overlapped and how much they did not 

(Figure 5.1). 

 
Figure 5.1. Extent accuracy measure 
  

In Figure 5.1, the blue polygon represents the transportation analysis zone 

estimated service area of the Westside substation.  The yellow polygon represents the 

actual service area (the actual service area is for demonstration purposes only and is not 

the real actual service area).  The extent accuracy measure is represented by the area 

bounded by the red line.  Even if the estimated service area completely covers the actual 
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service area 100%, if the estimated service area stretches past the actual service area 

boundary and includes points not in the actual service area then, the accuracy decreases.  

For example, at the Census Block Group scale, Northend has an accuracy of 80%.  That 

means that 80% includes how much the estimated service area matches the actual service 

area and how much the estimated service area does not match the actual service area. 

 
5.1.1. Extent comparison index 

How does the demand-based resource allocation method fare with respect to the 

other methods?  In order to measure this, a comparison index was created.  The 

comparison index is based upon the extent accuracy of the service areas at the 

transportation analysis zone scale and the thiessen polygon scale in relation to the area 

that these two scales have in common with the actual service area.   Figure 5.2 shows an 

example of this relationship.  The yellow polygon represents the Northend substation 

service area at the thiessen polygon scale.  The blue polygon represents the Northend 

substation service area at the transportation analysis zone scale.  The green polygon is the 

area that the two scales have in common.  
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Figure 5.2. Common area shared by the thiessen polygon service area and the transportation analysis zone 
service area.  
  

The common areas were found using the Intersect tool in ArcGIS.  This analysis 

was performed for each of the 10 substation service areas.  Ronald York from Duke 

Energy evaluated the extent accuracy of these common areas just as he did when he 

estimated the extent accuracy of each scale of analysis.  Figure 5.3 shows the resulting 

common areas for each of the ten service areas.   
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Figure 5.3. Common areas between thiessen polygons and transportation analysis zone service areas. 
 

Once the accuracy of the common areas was found, the following equations were 

applied to create the Comparison Index (Equation 7 and 8). 

                                                        10                   (7) 
ITAZ = Σ (Ck)(AkTAZ) 

                                                       k = 1 

where 
ITAZ = Comparison Index at the transportation analysis zone scale 
Ck = the percent accuracy of the common area for substation service area k 
AkTAZ = the percent accuracy of the substation service area k at the transportation 
analysis zone scale 
k = an integer representing each of the 10 substation service areas 

 

                                                        10                                                                          (8) 
ITP = Σ (Ck)(AkTP) 

                                                       k = 1 

where 
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ITP = Comparison Index at the thiessen polygon scale 
Ck = the percent accuracy of the common area for substation service area k 
AkTP = the percent accuracy of the substation service area k at the thiessen 
polygon scale 
k = an integer representing each of the 10 substation service areas 

 

 Table 5.1 shows the comparison indexes for the transportation analysis zone scale 

and the thiessen polygon scale along with the percent accuracy of the common area 

between these two scales of analysis. 

Table 5.1.  
Extent comparison index for the thiessen polygons and transportation analysis zone service areas.   

  Extent Comparison Index 

Substation Area 
Common Area 

Accuracy 
Thiessen 
Polygon 

Transportation Analysis 
Zones 

Northend 80% 0.640 0.400
NoDa 50% 0.200 0.400
Central Ave 50% 0.375 0.450
Coliseum Drive 40% 0.300 0.200
Downtown East 80% 0.640 0.400
Downtown South 30% 0.150 0.060
Dilworth 70% 0.490 0.350
Westside 80% 0.640 0.760
Hoskins 70% 0.525 0.350
Downtown West 70% 0.350 0.350
 Total: 4.310 3.720

 

 The comparison index is calculated by multiplying the common area accuracy for 

each substation service area by the substation service area accuracy at the thiessen 

polygon scale and at the transportation analysis zone scale.  For example, after applying 

Equation 7 to the Northend substation the comparison index at the transportation analysis 

zone scale is .40.  After applying Equation 8 to the Northend substation the Comparison 

Index at the thiessen polygon scale is .64.  This means that the thiessen polygon service 

area accounts for 64% of the thiessen and transportation analysis zone common area 

compared with the actual service area.  On the other hand, the transportation analysis 



41 

zone service area only accounts for 40% of the thiessen and transportation analysis zone 

common area compared with the actual service area.  This suggests that the thiessen 

polygon method was more accurate in representing the actual service area than the 

demand-based resource allocation method at the transportation analysis zone scale.   

Keep in mind that one reason why the transportation analysis zone scale was less accurate 

was that it included more area that was outside of the actual service area.  This is the 

result when larger geographic units of analysis are applied to the demand-based resource 

allocation method.  Thiessen polygons are not limited by the natural boundaries like the 

transportation analysis zones.   

The extent comparison index tells us that overall, the substation service areas 

delineated by the thiessen polygon method had more commonality with the actual service 

area than the demand-based resource allocation method did at the transportation analysis 

zone scale.  Out of ten substation service areas, the thiessen polygon method had a higher 

comparison index score in six of them.  Three substation services areas had higher index 

scores with the demand-based resource allocation method than with the thiessen polygon 

method.  One substation service area, Downtown West, had the same index score for both 

methods.  

 
5.2. Coverage Accuracy 

 The second accuracy measure relates to how much of the actual service area is 

covered by the estimated service area at the thiessen polygon scale and the transportation 

analysis zone scale (Figure 5.4). 
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Figure 5.4. Coverage accuracy measure. 

 In Figure 5.4, the yellow area represents the actual service area and the blue area 

represents the estimated common service area.  The green area with the orange boundary 

represents the coverage area in which this accuracy measure is based upon.  For example, 

if the actual service area is 7 sq. miles and the coverage area is 2.75 sq. miles, then the 

coverage accuracy is approximately 40%.  This is useful to know because one method 

might have a higher coverage accuracy than extent accuracy of the actual service area.  

For instance, the demand-based resource allocation method at the transportation analysis 

zone scale had a coverage accuracy of 90% for the Downtown West substation area while 

it had an extent accuracy of only 50% for the same area.  This is because the coverage 

accuracy is more focused on the actual service area in terms of how much overlap exists 

with the estimated service area.  The coverage accuracy results will be displayed using 

the comparison index in the exact same manner as the extent accuracy results were 

displayed in the previous section. 
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5.2.1. Coverage comparison index 

 The comparison index for coverage accuracy was executed in the same exact 

manner as the extent accuracy.  Equation 7 and equation 8 were implemented the same 

way as described in section 5.1.1.  The results in Table 5.2 are based on the geometries of 

the same common areas discussed above. 

Table 5.2.  
Coverage comparison index for the thiessen polygons and the transportation analysis zone service areas. 
  Coverage Comparison Index 

Substation Area 
Common Area 

Accuracy 
Thiessen 
Polygon 

Transportation Analysis 
Zones 

Northend 95% 0.808 0.713
NoDa 90% 0.765 0.720
Central Ave 85% 0.638 0.595
Coliseum Drive 85% 0.468 0.340
Downtown East 85% 0.765 0.680
Downtown South 60% 0.180 0.180
Dilworth 85% 0.680 0.638
Westside 85% 0.638 0.595
Hoskins 80% 0.720 0.640
Downtown West 90% 0.810 0.810
 Total: 6.470 5.910

 

 The results show that there was an increase in the comparison index when applied 

to the coverage accuracy results.  The index increased for thiessen polygons by 50% and 

for the transportation analysis zones by nearly 60%.  This increase was to be expected 

since the measure was based on just the areas where the actual service area and the 

estimated service area overlapped.  The coverage accuracy did not decrease because the 

estimated service area included points outside of the actual service area.  The thiessen 

polygon method has a higher comparison index than the demand-based resource 

allocation method at the transportation analysis zone scale.  There is only a .56 difference 

between the comparison indexes of the two methods.  The thiessen polygon method has a 
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higher comparison index for eight of the ten substation service areas.  In the remaining 

two substation service areas, Downtown West and Downtown South, the two methods 

have the same comparison index.   

The importance of the coverage comparison index is about what it represents.  For 

example, for the Hoskins substation service area, the coverage comparison index for the 

thiessen polygon method was .720.  This means that the thiessen polygon service area 

accounted for 72% of the common area compared with the actual service area.  On the 

other hand, the transportation analysis zone service area only accounted for 64% of the 

common area compared with the actual service area.  This suggests that the thiessen 

polygon method produces a service area that is more representative of the actual service 

area than the demand-based resource allocation method in terms of coverage. 

 

 

6. CONCLUSIONS 

 The estimation of electric substation service areas is an important component in 

critical infrastructure protection and homeland security planning.  Since CIP planners do 

not have perfect information of a power grid, they must rely on approximation methods 

to delineate substation service areas.  The existing approximation methods are 

geographically implicit and therefore treat demand and supply homogenously.  This 

research set out to develop a geographically explicit resource allocation method that was 

demand and supply based.  This resource allocation method performs using open source 

data and does not rely on perfect information like previous geographically explicit 

methods.  The demand-based resource allocation method performed as I planned using a 



45 

four step methodology.  It was able to convert demand into demand nodes that could be 

combined with supply nodes for resource allocation by an optimization algorithm.  The 

output of the resource allocation model was imported into a GIS for service area 

delineation.  Finally, those service areas were compared with the actual service areas and 

validated by a subject matter expert.   

The results of the comparison between the thiessen polygon method and the 

demand-based resource allocation method show a non-dominant situation.  For both 

accuracy measures, neither method dominated over the other for every substation service 

area.  While it does have its limitations, the demand-based resource allocation method 

has the potential to be a superior method for delineating substation service areas using 

open source data.       

There are two main limitations to the demand-based resource allocation method; 

(1) it is scale sensitive and (2) configuration sensitive.  Scale is an important factor in the 

performance of the demand-based resource allocation method.  Too large of a scale or too 

small of a scale results in a decrease in accuracy of the substation service areas.  The 

constraints of current technology hinder the performance and results of the demand-based 

resource allocation method at a small scale analysis, such as one performed at the parcel 

level or Census block group level.  Further refinement of the neural network application 

should be carried out so that more data inputs can be stored for analysis. 

This method is also configuration sensitive.  The demand-based resource 

allocation method is based on an optimization algorithm that solves for the global 

optimum.  However, the real world does not operate at the global optimum.  Electric 

power grids are not 100% efficient, even though they would like to be.  This method 



46 

overestimates the efficiency of service areas.  Given the data that is available justifies the 

use of an optimization method.  This is an approximation of the real world if the utility 

industry operated at optimization.  Existing geographically implicit approximation 

methods do not consider optimization of power grids as they delineate service areas. 

 The development of the demand-based resource allocation method does produce 

an opportunity for further research.  Given the sensitivity to scale of this method, what 

would be the optimal scale for optimization that would produce the most accurate 

representation of actual substation service areas?  Scale is a tremendous issue of this 

methodology as previously discussed.  In addition, given the sensitivity to scale of the 

algorithm, what is the optimal scale of analysis in relation to CIP issues?  Should 

announce be run at the local scale, regional scale, national scale, or international scale?  

This is important to consider because CIP planners exist in all geographic scales and they 

are concerned about issues facing their unit of analysis (local, regional, national, 

international).  The transferability of this methodology at all spatial scales is an important 

consideration in determining the targeted users.    

Further exploration of the relationship between the thiessen polygon method and 

the demand-based resource allocation method should be studied since the thiessen 

polygon method had a higher comparison index score for both accuracy measures.  

Perhaps a geographically implicit method coupled with a geographically explicit method 

might delineate service areas that are more representative of the actual service areas.  

Results of that study may indicate that a hybrid model of the two methods might be the 

best method for accurately estimating electric substation service areas. 
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APPENDIX A – TABLES 

Table A.1.  
Relationship between kwh and sq. ft. of building in demand representation. 

Electric Energy Consumption by Land Use Type 
Land Use 
Category Avg. kWh rate Area in ft. 

kWh per SqFt 
per Month 

Commercial 6,030.00 2,346.79 2.75 
Condominium  5,657.60 3,902.73 1.45 

Gov’t-Inst 6,030.00 867.32 6.95 
Hotel/Motel 6,030.00 7,670.06 0.79 

Manufactured 1,088.00 655.37 1.66 
Multi-Family 5,657.60 3,667.30 1.54 

Office 6,030.00 2,379.00 2.53 
Single-Family 1,088.00 1,791.38 0.61 
Stadium/Arena 222,415.00 9,490.07 23.44 

Warehouse 6,030.00 3,207.64 1.88 
Warehouse Lg 6,030.00 7,113.38 0.85 

 Source: U.S. Department of Energy – Energy Consumption Statistics 
 
 
 
Table A.2. 
A comparison of the areas in sq. mi. of the total service areas created using the various scales of analysis. 
 Total Service Areas (sq. mi.) 

Substation Area 
Thiessen 
Polygon Neighborhoods

Transportation 
Analysis Zones 

Block 
Group 

Northend 14.24 21.42 8.81 11.33
NoDa 12.25 16.81 8.66 1.06
Central Ave 17.3 6.78 7.3 4.68
Coliseum Drive 16.46 28.68 19.24 37.53
Downtown East 6.88 5.1 21.52 1.15
Downtown South 4.06 0 1 14.3
Dilworth 22.43 36.62 52.34 39.6
Westside 28.99 34.17 12.41 3.38
Hoskins 19.3 22.73 24.43 27.42
Downtown West 7.19 4.98 6.8 11.35
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Table A.3.  
A comparison of the total demand of the service areas created using the various scales of analysis. 
 Total Service Area Demand (kwh) 

Substation Area 
Thiessen 
Polygon Neighborhoods

Transportation 
Analysis Zones 

Block 
Group 

Northend 6,550 10,789 3,645 5,726
NoDa 9,761 10,408 7,149 1,199
Central Ave 8,919 6,120 4,742 3,358
Coliseum Drive 11,872 18,556 12,428 25,893
Downtown East 7,537 7,634 22,204 947
Downtown South 4,988 0 1,094 18,033
Dilworth 16,987 18,736 17,354 21,295
Westside 9,284 5,626 5,799 927
Hoskins 10,025 12,035 15,408 13,759
Downtown West 9,554 9,315 10,417 8,648
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APPENDIX B – GIS/ViPOR INTERFACE METHODOLOGY 

B.1. GIS to ViPOR 

1. Add X and Y field to the attribute table of the Tax Parcel shapefile. 
 
2. Highlight the X field in the attribute table and open the Calculate window. 
 
3. Check the Advanced checkbox and insert the following VBA code that will 

calculate the centroid (X coordinates) of the polygon features within the Tax 
Parcel shapefile. 

                      Dim dblX As Double 
Dim pArea As IArea 
Set pArea = [Shape] 

dblX = pArea.Centroid.X 
 

4. Insert dblX in the text box below the code where your field name = the solution 
from the above code.  

 
5. Repeat steps 2 through 4 replacing all X characters with Y.  The outcome will be 

the X and Y coordinates for the centroids of the polygons. 
 

6. Open the Tax Parcel’s .dbf file in Microsoft Excel.  Delete all fields except for the 
unique ID field and the X and Y fields.  Save as a .csv file so that you do not 
overwrite the Tax Parcel’s .dbf file. 
Note: The proper format for the import file should look like this: 

1 1458370 548840 NoDa 
2 1455070 552795 northend 
3 1461230 533718  
4 1447210 543107 dwntn west 
5 1452920 539748 dwtwn east 
6 1447780 532055 dilworth 
7 1437250 540030 westside 
8 1448970 538972 dwntn south 
9 1462560 537173 central ave 
10 1439810 551273 Hoskins 
 

You may keep fields in the .csv file that will help you identify the parcels as long 
as they come after the unique ID, X, and Y fields.  Keep in mind that the more 
data you keep, the larger the file size and the more issues you may encounter 
when importing to ViPOR.  
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7. Copy and paste the data from the .csv file into a Notepad .txt file.  It should copy 
in the format displayed above. 

 
8. Save the .txt file.  Open up ViPOR, go to Inputs, and go to Nodes….  
 
9. The Nodes window will open up.  Make sure the appropriate tab is selected (Load 

Nodes, Dummy Nodes, Sources) and click the Import… button. 
 
10. Select the .txt file that you just saved and click Open.  The Import window will 

open up so that you can see the data in the .txt file that you are importing.  Select 
the appropriate coordinate system that your X and Y fields are based on and then 
click OK.  A window will tell you that the number of records in that .txt file has 
been imported.  Click OK again and your point features should now be displayed 
in ViPOR’s graph. 

 

B.2. ViPOR to GIS 

These instructions will explain how to import the solutions from ViPOR into a GIS. 

1. After ViPOR has finished its analysis, click Export, then Grid Report.  Save the 
.txt file. 

 
2. Open the .txt file in Notepad and scroll all the way to the bottom.  The last section 

of information in this file shows the load of each substation. 
 
3. Using ArcCatalog, Preview the attribute table of the shapefile containing your 

substation point features.  Add a field called Load and make it a Long Integer. 
 
4. Open up the .dbf file of that same shapefile in Microsoft Excel. Copy the load 

numbers from the Grid Report .txt file and paste it into the Load field that you just 
created in your substation point .dbf file. 

 
5. Now you can visually display the loads of each substation (Figure B.1). 
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Figure B.1. Substation loads calculated by ViPOR at the Transportation Analysis Zone scale. 
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APPENDIX C – METADATA 

C.1. Files Previously Created 

File Name Abstract Purpose Supplementary 
Information 

Time Period Publication 
Information 

BlockGroup.shp U.S. Census Block 
Groups within 
Mecklenburg County, 
NC. 

To apply the demand-
based resource allocation 
method at a smaller scale 
given the constraints of 
ViPOR. 

None 2000 United States Census 
Bureau.  2000 

 
CWAC.shp Polygon shapefile 

containing the 
neighborhood boundaries 
of Charlotte, NC’s inner 
City Within A City 
neighborhoods. 

To apply the demand-
based resource allocation 
method at the largest 
scale for analysis. 

None N/A Charlotte-
Mecklenburg 
Planning 
Commission 

 
Meck_Boundary.shp 
 

Displays the outline of 
Mecklenburg County. 

This file was used for 
mapping purposes. 

None 2003 Charlotte-
Mecklenburg 
Planning 
Commission 

 
Meck_TAZ Polygon shapefile 

containing the 
Transportation Analysis 
Zones in Mecklenburg 
County 

To apply the demand-
based resource allocation 
method at a scale smaller 
than neighborhoods but 
larger than Block Groups. 

None N/A Charlotte Department 
of Transportation 
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File Name Abstract Purpose Supplementary 
Information 

Time Period Publication 
Information 

Parcels_SDE.shp Contains polygon 
features that contain tax 
parcel information. 

To store kwh/sq. ft. data, 
to measure sq. mi. of 
service areas, and to 
apply smallest scale 
analysis. 

This data is part of a 
larger Spatial Data 
Warehouse 
continually 
maintained by the 
City of Charlotte. 

February 2006 Charlotte-
Mecklenburg 
Planning 
Commission 

 
roadSDE.shp Contains line features that 

contain roadway 
information. 

To overlay on top of 
service areas for mapping 
purposes. 

This data is part of a 
larger Spatial Data 
Warehouse 
continually 
maintained by the 
City of Charlotte. 

February 2006 Maintained by 
several departments 
in the City of 
Charlotte and 
Mecklenburg County 

 
Power_substation.shp Point features that 

represent the location of 
electric substations. 

To base analysis off of to 
estimate their service 
areas. 

Created using aerial 
photography. 

2005 N/A 

 
Thiessen3 polygon 
coverage 

Displays Thiessen 
Polygons based on 
electric substation 
locations. 

To apply the proximity 
method to compare the 
results to the demand-
based resource allocation 
method. 

N/A 2005 Andrew Schumpert; 
UNC-Charlotte – 
Dept. of Geography 
& Earth Sciences 
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C.2. New Files Created 

File Name Abstract Purpose Supplementary 
Information 

Time Period Publication 
Information 

BlockGroup_ServiceAreas
.shp 

Contains the results of the 
demand-based resource 
allocation model at the 
block group scale. 

For mapping purposes 
and to calculate demand 
and area for each 
individual service area. 

N/A March 28, 2006 Steven Castongia; 
Master’s Thesis; 
UNC-Charlotte – 
Dept. of Geography 
and Earth Sciences 

 
CentralAve.shp Contains the common 

area for this service area. 
For obtaining its accuracy 
and using it to calculate 
the comparison index for 
both accuracy measures. 

Combined with 
service areas from 
thiessen polygon 
method and demand-
based resource 
allocation method at 
TAZ scale. 

April 4, 2006 Steven Castongia; 
Master’s Thesis; 
UNC-Charlotte – 
Dept. of Geography 
and Earth Sciences 

 
ColiseumDr.shp Contains the common 

area for this service area. 
For obtaining its accuracy 
and using it to calculate 
the comparison index for 
both accuracy measures. 

Combined with 
service areas from 
thiessen polygon 
method and demand-
based resource 
allocation method at 
TAZ scale. 

April 4, 2006 Steven Castongia; 
Master’s Thesis; 
UNC-Charlotte – 
Dept. of Geography 
and Earth Sciences 

 
CWAC_BlockGroup.shp Contains the block groups 

within the City within a 
City boundary used in the 
demand-based resource 
allocation analysis. 

To decrease the number 
of load nodes imported 
into ViPOR for 
performance and storage 
purposes. 

None March 28, 2006 Steven Castongia; 
Master’s Thesis; 
UNC-Charlotte – 
Dept. of Geography 
and Earth Sciences 
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File Name Abstract Purpose Supplementary 
Information 

Time Period Publication 
Information 

CWAC_Substations.shp 
 

The ten substations used 
in the study. 

To perform consistent 
analysis for assessment of 
the methods. 

None January 2006 Steven Castongia; 
Master’s Thesis; 
UNC-Charlotte – 
Dept. of Geography 
and Earth Sciences 

 
CWAC_TAZ.shp The transportation 

analysis zones within the 
City within a City 
boundary 

To decrease the number 
of load nodes imported 
into ViPOR for 
performance and storage 
purposes. 

None February 2006 Steven Castongia; 
Master’s Thesis; 
UNC-Charlotte – 
Dept. of Geography 
and Earth Sciences 

 
CWAC_TAZ_Dissolve.sh
p 

The individual electric 
substation service areas 
delineated by ViPOR.  

To compare the 
boundaries, demand, and 
area of the service areas 
estimated at other scales 
and by other methods. 

None February 2006 Steven Castongia; 
Master’s Thesis; 
UNC-Charlotte – 
Dept. of Geography 
and Earth Sciences 

 
CWAC_TAZ_Parcels.shp Contains tax parcel 

information within the 
service areas delineated 
by ViPOR at the TAZ 
scale. 

For calculating area and 
demand.  To increase 
performance while 
performing the queries. 

N/A February 2006 Steven Castongia; 
Master’s Thesis; 
UNC-Charlotte – 
Dept. of Geography 
and Earth Sciences 

 
Dilworth.shp Contains the common 

area for this service area. 
For obtaining its accuracy 
and using it to calculate 
the comparison index for 
both accuracy measures. 

Combined with 
service areas from 
thiessen polygon 
method and demand-
based resource 
allocation method at 
TAZ scale. 

April 4, 2006 Steven Castongia; 
Master’s Thesis; 
UNC-Charlotte – 
Dept. of Geography 
and Earth Sciences 
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File Name Abstract Purpose Supplementary 
Information 

Time Period Publication 
Information 

DowntownEast.shp Contains the common 
area for this service area. 

For obtaining its accuracy 
and using it to calculate 
the comparison index for 
both accuracy measures. 

Combined with 
service areas from 
thiessen polygon 
method and demand-
based resource 
allocation method at 
TAZ scale. 

April 4, 2006 Steven Castongia; 
Master’s Thesis; 
UNC-Charlotte – 
Dept. of Geography 
and Earth Sciences 

 
DowntownSouth.shp Contains the common 

area for this service area. 
For obtaining its accuracy 
and using it to calculate 
the comparison index for 
both accuracy measures. 

Combined with 
service areas from 
thiessen polygon 
method and demand-
based resource 
allocation method at 
TAZ scale. 

April 4, 2006 Steven Castongia; 
Master’s Thesis; 
UNC-Charlotte – 
Dept. of Geography 
and Earth Sciences 

 
DowntownWest.shp Contains the common 

area for this service area. 
For obtaining its accuracy 
and using it to calculate 
the comparison index for 
both accuracy measures. 

Combined with 
service areas from 
thiessen polygon 
method and demand-
based resource 
allocation method at 
TAZ scale. 

April 4, 2006 Steven Castongia; 
Master’s Thesis; 
UNC-Charlotte – 
Dept. of Geography 
and Earth Sciences 

 
Hoskins.shp Contains the common 

area for this service area. 
For obtaining its accuracy 
and using it to calculate 
the comparison index for 
both accuracy measures. 

Combined with 
service areas from 
thiessen polygon 
method and demand-
based resource 
allocation method at 
TAZ scale. 

April 4, 2006 Steven Castongia; 
Master’s Thesis; 
UNC-Charlotte – 
Dept. of Geography 
and Earth Sciences 
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File Name Abstract Purpose Supplementary 
Information 

Time Period Publication 
Information 

NoDa.shp Contains the common 
area for this service area. 

For obtaining its accuracy 
and using it to calculate 
the comparison index for 
both accuracy measures. 

Combined with 
service areas from 
thiessen polygon 
method and demand-
based resource 
allocation method at 
TAZ scale. 

April 4, 2006 Steven Castongia; 
Master’s Thesis; 
UNC-Charlotte – 
Dept. of Geography 
and Earth Sciences 

 
Northend.shp Contains the common 

area for this service area. 
For obtaining its accuracy 
and using it to calculate 
the comparison index for 
both accuracy measures. 

Combined with 
service areas from 
thiessen polygon 
method and demand-
based resource 
allocation method at 
TAZ scale. 

April 4, 2006 Steven Castongia; 
Master’s Thesis; 
UNC-Charlotte – 
Dept. of Geography 
and Earth Sciences 

 
ThiessenPolygons_CWAC
.shp 

Contains the electric 
substation service areas 
using the Thiessen 
Polygon method. 

To assess the accuracy of 
the methods. 

None February 2006 Steven Castongia; 
Master’s Thesis; 
UNC-Charlotte – 
Dept. of Geography 
and Earth Sciences 

 
Westside.shp Contains the common 

area for this service area. 
For obtaining its accuracy 
and using it to calculate 
the comparison index for 
both accuracy measures. 

Combined with 
service areas from 
thiessen polygon 
method and demand-
based resource 
allocation method at 
TAZ scale. 

April 4, 2006 Steven Castongia; 
Master’s Thesis; 
UNC-Charlotte – 
Dept. of Geography 
and Earth Sciences 
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