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Abstract 

MODELING THE IMPACT OF TRANSPORTATION ON PUBLIC HEALTH USING 

FUZZY LOGIC 

 

Binay Adhikari, City and Regional Planning (MCRP) 

 

The University of Texas at Arlington, 2013 

 

Supervising Professor: Jianling Li, Ph. D. 

Research has proved that built environment affect public health in various ways 

ranging from direct impacts like physical activity to indirect impacts such as housing 

affordability, employment accessibility, social capital etc.  Built environment is shaped by 

plans and policies related to transportation.  Such plans and policies make significant 

impacts on public health.  There is increasing interest on the effects of transportation 

decisions in public health.  Recently, transportation planners and public health 

practitioners have begun to find ways to work collaboratively in varieties of capacities.  

However, two significant aspects related to impacts of transportation on public health 

need to be addressed to incorporate health into transportation planning.  First, impact of 

transportation on human health cannot be defined with certainty (Kjellstrom, Kerkhoff, 

Bammer, & McMichael, 2003).  For example, the same level of exposure to pollution from 

vehicular emissions impact different age group differently.  Second, physical, social, and 

mental well-being are subjective and inherently ambiguous which cannot be easily 

quantified (Massad, Ortega, Barros, & Struchiner, 2009).  Goodchild (1999) mentions two 

distinct methods to handle the uncertainty; first is the use of statistical and probability 

theory, and second is the use of fuzzy sets or fuzzy logic.  First approach requires a fairly 

sophisticated knowledge of statistical theory (Goodchild, 1999, p. 5).  Furthermore, 
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statistical method does not address the ambiguity in the subjective interpretation of health 

status since its foundation lies in Boolean logic (Massad, Ortega, Barros, & Struchiner, 

2009).   

This study explores the application of fuzzy logic to address the limitation of 

Boolean logic in dealing with the ambiguity and uncertainty in assessing health impacts of 

transportation.  First it develops a fuzzy logic GIS system on the platform of ArcGIS.  It 

also demonstrates the application of such a decision support system in assessing the 

impact of transportation on public health.    

The findings of this study suggest that fuzzy logic addresses the limitation of 

Boolean logic by adding the capacity to model uncertainty, and ambiguity related to 

health impacts of transportation.  However, fuzzy logic performs well if detailed data are 

used.  The Health Insurance Portability and Accountability Act of 1996 (HIPAA) prevents 

making individually identifiable health information public due to which most of the health 

data are aggregated to higher level which diminishes the performance of fuzzy logic.  

Additionally transportation planners use Traffic Analysis Zone as the unit of analysis 

which requires detailed data that might not comply with HIPAA requirements.  Using 

health data at traffic analysis zone level can better enhance the performance of fuzzy 

logic and enhance current method used to assess the impact of transportation on public 

health. 

Keywords:  - Public Health, Transportation Planning, Fuzzy Logic, Geographic 

Information Systems. 
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Chapter 1  

Introduction 

1.1. Background 

Urban planning and public health share the same origin which goes back to the 

nineteenth century.  The unprecedented spatial impact of industrialization that created 

unhealthy urban environment set stage for the genesis for both professions (Northridge & 

Sclar, 2003; Corburn, 2012).  However, currently there are minor overlaps between to the 

two fields.  Public health, on one hand, is concentrated on the biomedical factors while 

planning, on the other hand, is less concerned about the impact of the plans and policies 

on the health of general public (Corburn, 2004).  There is increasing interest on the 

effects of transportation decisions on public health.  However, the current transportation 

policies have not been able to incorporate public health in the planning process resulting 

in unprecedented health impacts like obesity, heart diseases, and mental illness.  

Recently, transportation and public health practitioners have begun to find ways to work 

collaboratively in varieties of capacities.   

1.2. Problem Statement 

Two significant aspects related to the impacts of transportation on public health 

need to be addressed to model the impact of transportation on public health.  First, 

impact of transportation on human health cannot be defined with certainty (Kjellstrom, 

Kerkhoff, Bammer, & McMichael, 2003).  For example, the same level of exposure to 

pollution from vehicular emissions impact different age group differently.  Second, 

physical, social, and mental well-being are subjective and inherently ambiguous which 

cannot be easily quantified (Massad, Ortega, Barros, & Struchiner, 2009).  Goodchild 

(1999) mentions two distinct methods to handle the uncertainty; first is the use of 

statistical and probability theory, and second is the use of fuzzy sets or fuzzy logic.  First 
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approach requires a fairly sophisticated knowledge of statistical theory (Goodchild, 1999, 

p. 5).  Furthermore, statistical method does not address the ambiguity in the subjective 

interpretation of health status since its foundation lies in Boolean logic (Massad, Ortega, 

Barros, & Struchiner, 2009).  Fuzzy logic can properly handle both uncertainty and 

ambiguity as compared to Boolean Logic.  Fuzzy logic (Zadeh L. A., 1965) is a 

mathematical concept that is based on the principle of approximated reasoning.  

Approximate reasoning is significant while modeling human knowledge that cannot be 

easily quantified and is highly ambiguous (Zadeh L. A., 1988).    

1.3. Hypothesis and Research Questions 

This study focuses on exploring the application of fuzzy logic to appraise the 

impact of transportation on public health.  The hypothesis of the study states-Fuzzy Logic 

can better model the ambiguity and uncertainty inherent in the impacts of transportation 

on public health.  To test the hypotheses, two different research questions were 

formulated which are as follows:- 

 What are the ambiguity and uncertainty while assessing the impact of 

transportation on public health? 

 Can fuzzy logic perform better than Boolean logic to address the 

uncertainty and ambiguity related to the health impacts of transportation?  

1.4. Research Objectives 

This study explores the potential application of fuzzy logic to address the 

uncertainty and ambiguity inherent in the impacts of transportation on public health.  This 

is done by using a Fuzzy Inference System developed within GIS platform.  Fuzzy 

Inference system uses the concept of fuzzy logic to analyze the approximate information 

(Jang J. , 1997).  Conclusion of this study provides information about the potential 

application of fuzzy logic to assess the impact of transportation on public health. 
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1.5. Methodology 

This study uses fuzzy inference system to assess the health impact of 

transportation.  Fuzzy inference system is a decision support system that uses a set of 

rules in the form "if-then" to analyze input data.  Significant numbers of studies have used 

fuzzy logic and GIS however; few studies have used fuzzy logic based on Mamdani 

method entirely within GIS platform.  This study discuses the development process of 

fuzzy inference system within ArcGIS platform using Sugeno method.  The system is 

largely based on the architecture proposed by Adhikari and Li (2013) which tests the 

performance of the system on detailed and aggregated data.  The system is built using 

model builder, raster calculator, and python script tool present in ArcGIS platform.  

1.6. Significance and Limitations 

Potential application of fuzzy logic to model the impact of transportation on public 

health in explored in this study.  The fuzzy logic based decision support system proposed 

in the study is not only limited to assessing the health impacts of transportation but can 

be used in diverse issues that involve uncertainty and ambiguity while using spatial data.  

ArcGIS version 10 has already developed function related to fuzzy logic which includes 

fuzzy membership, and fuzzy overlay.  The fuzzy membership function in ArcGIS 10 

lacks the capability to create multiple raster layers, such as low, medium, and high, to 

model different linguistic variables.  Likewise, users do not have flexibility to define the 

parameters while creating fuzzy sets using the fuzzy membership tool.  Likewise, 

defuzzification, which is the significant part of fuzzy inference system, also needs to be 

explored.  Some studies have proposed development of fuzzy inference system within a 

GIS platform (Yanar & Akyürek, 2006; Jasiewicz, 2011) using Mamdani Method which 

poses computation burden during the analysis.  This study explores application of 

Sugeno Method of fuzzy inference which is computationally efficient compared to 
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Mamdani method (Sivanandam, Sumathi, & Deepa, 2007).  The proposed system 

enhances the applicability of the new tools related to fuzzy logic to develop inference 

system in ArcGIS.  However, the system only works with raster data and does not work 

with vector data.  Besides, secondary data are used to test the potential application of the 

system.   
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Chapter 2  

Literature Review 

2.1. Introduction 

This chapter is divided into six sections.  First section gives a general overview of 

the impact of transportation on public health.  Second section discusses the limitation of 

Boolean Logic to model uncertainty and ambiguity while assessing the impact of 

transportation on public health.  This section is followed by overview of ambiguity in 

spatial analysis in urban planning.  The theoretical foundation of fuzzy logic and its 

capability to model uncertainty and ambiguity is discussed in the fourth section.  The 

subsequent sections discuss the application of fuzzy logic in urban planning, and public 

health respectively. 

2.2. Transportation Planning and Public Health  

Transportation planning, which is a major component of urban planning (Sallis, et al., 

2006), can make both negative as well as positive impacts on the health of general public 

(Kersten, Rausa, Schuchster, & Erp, 2011).  Research has proved that built environment 

affect public health in various ways ranging from direct impacts like physical activity to 

indirect impacts such as housing affordability, gentrification, employment etc.  Built 

environment is shaped by plans and policies related to transportation.  Such plans and 

policies make significant impacts on public health (Litman, 2013).  Figure 2-1 shows the 

cause of mortality in 2010 in the United States.  Of the leading ten, top five are related to 

transportation which is heart disease, malignant neoplams, chronic lower respiratory 

diseases, cerebrovascular diseases, and accidents (Litman, 2013).  Additionally, 

comparing this date with the mortality cause in 1900 further suggests that transportation 

has, over the last century, made significant impact on public health (Figure 2-2).   
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Figure 2-1.  Leading ten causes of death in the US for year 2010 (Source: Litman, 2013). 

 

Figure 2-2.  Leading cause of death in US in 1900 AD (Source: Litman, 2003). 
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2.3. Ambiguity and Uncertainty of Data Used In Transportation Planning and Public 

Health  

Currently, there are a variety of health-related data used in transportation 

planning.  For example, data related to air quality, traffic fatalities, traffic noise level, 

commute time have been used in transportation planning (Litman, 2013; Litman, 2003).  

On the other hand, public health professionals have looked at the effect of behavior 

factors on health outcomes such as obesity, asthma, diabetes, heart diseases etc. 

(Bhatia, 2011).  However, two significant aspects related to impacts of transportation on 

public health need to be addressed to while assessing the impact of transportation on 

public health.  First, impact of transportation on human health cannot be defined with 

certainty (Kjellstrom, Kerkhoff, Bammer, & McMichael, 2003).  For example, the same 

level of exposure to pollution from vehicular emissions impact different age group 

differently.  Second, physical, social, and mental well being are subjective and inherently 

ambiguous which cannot be easily quantified (Massad, Ortega, Barros, & Struchiner, 

2009).  For example, low physical activity due to auto-oriented planning has been related 

to obesity (Frank, 2000; Frank & Engelke, 2001).  Studies have shown that areas where 

the population is physically active, such as transit oriented development, the chances of 

prevalence of obesity are low (Brown & Werner, 2008).  However, the chances of 

prevalence of obesity cannot be defined with certainty.  Likewise, classification of the 

degree of incidence cannot be determined with certainty (Frank, Andresen, & Schmid, 

2004).  Figure 2-3 shows categorization of the severity of incidence of obesity base on 

the number inactive population.  X-axis shows the number of inactive population and Y-

axis shows chances of incidence of obesity which range for 0 to 1.  Assuming that the 

ambiguity and uncertainty are symmetric and sinusoidal Figure 2-3-A shows the 

uncertainty and ambiguity while classifying the incidence of obesity in categories like low, 
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medium, and high which are denoted by the pink, blue and green graphs respectively.  

The shaded regions show gradual transition in values in Y-axis with change in the value 

in X-axis.  Additionally, certain values in X-axis belong, such as x, belong to two different 

categories at the same time with different values of y.  However, Boolean logic lacks the 

capability to efficiently model such uncertainties and ambiguities in the interpretation 

impact of health and health status.  Due to its crisp, deterministic and precise nature, it 

imposes artificial precision creates crisp and precise categories as seen in Figure 2-3-B.  

Though multiple categories can be created using Boolean logic to created gradual 

transition in the categories, it is time consuming and inefficient to model the variation.  

Additionally, Boolean logic lack the capability to model the ambiguity in linguistic term 

used to create different categories where some values can belong to more than one 

category at the same time.   

 

Figure 2-3.  Uncertainty Ambiguity in linguistic term to categorize the incidence of obesity 

and limitation of Boolean logic to model such properties (Figure adapted from Adhikari 

and Li, 2013). 
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2.4. Ambiguity in Urban Planning and Limitation of Current Methodology 

Spatial data analysis is an important part of urban planning and management.  

Pleho et al. (2008) state planning as a science of managing and directing city growth 

which involves land utilization through the exploration of various aspects of the built and 

social environments in urbanized municipalities and communities.  Most of the data 

related to urban and regional planning and the assessment of economic, environment, 

and social sustainability of a city or region have a spatial component.  Planners use 

spatial information as a reference to make decision related to spatial problems 

(Polydorides, 1989).  The pluralistic nature of decision making process (Nijkamp, 1989) 

involves subjective interpretation of spatial information by experts from different 

background and interests.  Subjective interpretations are mostly vague, imprecise, and 

ambiguous which cannot be modeled by the conventional Boolean logic (Feng & Xu, 

1999).  The conventional methodology used in GIS lacks the ability to model such 

imprecision by imposing "artificial precision" on the vague subjective interpretation of the 

information by the experts (Stefanakis, Vazirgiannis, & Sellis, 1996).  Artificial precision is 

imposed when subjective and vague interpretations are categorized into discrete 

objective class.  For example, accessibility to Public Park is used by transportation 

planners as well as public health professionals as a factor to enhance level of physical 

activity (Miranda & Silva, 2012; Bedimo-Rung, Mowen, & Cohen, 2005).  Distance to park 

is one of the factors to determine the accessibility.  Based on the distance from the park, 

accessibility can be low, high, and medium.  However, definition of low, medium, and 

high is highly ambiguous and uncertain.  Assuming that the ambiguity and uncertainty is 

symmetric and sinusoidal,  Figure 2-4 shows three different categories of accessibility 

based on linguistic terms which is similar to uncertainty and ambiguity observed in Figure 

2-3-A.  However GIS lacks the capability to model the imprecision and ambiguity in the 



10 

linguistic terms and imposes artificial precision creating sharp boundaries where each 

location can belong to only one category with full certainty (Figure 2-4 B).  To address 

this limitation of Boolean logic an alternative concept of fuzzy logic has been used by 

many researchers working in the field of spatial analysis (Sui, 1992; Feng & Xu, 1999).  

Fuzzy logic, unlike Boolean logic, can efficiently model both uncertainty and ambiguity in 

the linguistic arguments. 

 

 

Figure 2-4.  Limitation of Boolean Logic in modeling the linguistic terms used to classify 

accessibility to public park (Figure adapted from Adhikari and Li, 2013). 
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First it models the vagueness inherent in linguistic arguments and second it models the 

fuzziness in defining categories wherein one entity can fall simultaneously in more than 

one category (Zadeh 1973).  

2.5.1. Fuzzy Sets 

Fuzzy Sets are the major components in fuzzy logic.  Fuzzy Set is "a class of 

objects with a continuum of grades of membership.  Such a set is characterized by a 

membership function which assigns to each object a grade of membership ranging from 0 

to 1" (Zadeh L. A., 1965, p. 338) .  The class of object, however in the real world, is 

difficult to define precisely.  Such example in case of urban planning includes maximum 

walk able distance, proximity of highway, accessibility to certain urban amenities etc.  

Such class of object can be defined by membership function that generates output value 

ranging from 0 to 1 for each element is a set. 

In classical logic, a membership function takes the form 

 
       

     
     

  Equation 2-1 

 

where, 

      is the membership function( characteristic function) of element x in set A.   

                Equation 2-2 

For equation 1       can either have 1 or 0 depending whether x belongs to set A 

or not.  This concept of bivalent set was extended by Zadeh by introducing the concept of 

degree of membership.  The degree of membership extends the Boolean value of       

to a continuous interval [0, 1] (Sivanandam, Sumathi, & Deepa, 2007). 

Zadeh (1965, p. 339) states that " a fuzzy set A in X is characterized by a 

membership function        which associates with each element X a real number in the 
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interval [0, 1], with the value       at x representing the grade of membership of   in A."  

Equation 2-2 now takes the form 

               Equation 2-3 

 

 The membership function can be linear or non linear (Figure 2-5).  However, all 

functions have three main components core, support, and boundary.  All elements with 

membership value 1 fall in core category while those will value not equal to zero falls in 

support category.  The elements with value between 1 and 0 fall in boundary category.  

The elements with value 0 do not belong to the defined fuzzy set ( Figure 2-6). 

 

Figure 2-5.  Fuzzy membership function (Figure adapted from Sivanandam, Sumathi, & 

Deepa, 2007).  

With the value ranging from 1 to 0 the linguistic variables soft boundary can be 

modeled efficiently.  Different methods can be used for membership value assignment 

which includes intuition or by using some algorithm or logical procedures (Sivanandam, 

Sumathi, & Deepa, 2007, p. 76).  
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Figure 2-6.  Components of fuzzy membership function (Figure adapted from 

Sivanandam, Sumathi, & Deepa, 2007). 

2.5.2. Fuzzy Set Operations and Fuzzy Relation 

The operations in fuzzy set include Union, Intersection, Complement, and 

Containment.  For two fuzzy sets A and B defined in the universe X. 

a) Union of the two sets can be defined as the maximum of the membership 

function of the two sets.  This operation is similar to "Or" logic used in Boolean algebra. 

  
   

  
 
   

 
 Equation 2-4 

 

Where   represents union, and   represents maximum. 

b) Intersection of the two sets is the minimum of the membership function of the 

two individual membership function of A and B.  This operation is similar to "And" logic 

used in Boolean Algebra  

             Equation 2-5 
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c) Complement of the set A is defined as negation of the membership function 

defined on A which is equivalent to "Not" function used in Boolean Algebra. 

          Equation 2-6 

Fuzzy relation between the two sets A and B is defined by a membership 

function,   
   

       where a ϵ A, and b ϵ B.  Let the two fuzzy sets A and B be defined 

on Cartesian space X x Y.  Then following operations apply to membership functions for 

different set operations (Ross & Parkinson, 2002).  Figure 2-7 shows the graphical 

representation of the different operations.  

Union                                  Equation 2-7 

 

Intersection                                   Equation 2-8 

 

Complement                      Equation 2-9 

 

Figure 2-7.  Fuzzy Set Operations (Figure adapted from Sivanandam, Sumathi, & Deepa, 

2007). 
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2.5.3. Fuzzy Systems 

Fuzzy systems are knowledge-based or rule-based systems.  The heart of a 

fuzzy system is a knowledge base consisting of the so-called fuzzy IF-THEN rules.  A 

fuzzy IF-THEN rule is an IF-THEN statement in which some words are characterized by 

continuous membership functions (Wang L. X., 1997, p. 2).  A typical rule in the fuzzy 

system can take the form as shown in Equation 2-10 

If  

                                                     

                        

 

Equation 2-10 

Where,  

                       are all fuzzy sets defined by membership function defined in  

                      respectively in linguistic term.  "IF" portion of the statement is 

also called "Antecedent," and "Then" portion is "Consequent."  Equation 2-10 can also 

take a form 

If highway noise level is low, and pedestrian fatality is low, and distance to Public 

Park is less, then the people living in the area are mentally less stressed. 

If respiratory diseases are less; and obesity is low; and pedestrian fatalities is 

low; then people living in the area are physically active. 

If grocery store is near; and median household income is low; and obesity rate is 

low then people have high access to healthy food.  

If commute time is less, and distance to nearest transit station is low, and 

community gathering space is near then the area has high social network. 

The combinations of various rules create an inferences engine normally called 

"Fuzzy Inference Engine."  The common inference methods include Mamdani Method, 

and Takagi-Sugeno-Kang method or Sugeno Method.  The two method differ in the 
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method the antecedent is determined in the "If-Then" rule.  Mamdani method uses 

linguistic variable in the antecedent while Sugeno method uses mathematical function to 

derive antecedent.  

Mamdani Rule: IF X is A, and Y is B then Z is C 

Sugeno Rule: If X is A, and Y is B, then Z is f(X, Y). 

where A,B, and C are fuzzy sets. 

The function f(X, Y), in Sugeno method, is a crisp polynomial function.  When 

f(x,y) is a constant it is called zero-order Sugeno fuzzy model or also called a special 

case of the Mamdani fuzzy inference system with consequent defined by fuzzy singleton 

(Jang J.-S. R., 1997).  Sugeno method is used in this study for its higher computational 

power over Mamdani method.  Sugeno method also has the advantage of guaranteed 

continuity of output surface and works well with optimization and adaptive techniques 

(Sivanandam, Sumathi, & Deepa, 2007).  

Defuzzification is another important aspect in Fuzzy systems.  Different methods 

of defuzzification are used which include center of gravity, center average, and maximum 

deffuzifier.  The process of defuzzification is time consuming and complicated.  To make 

the computation process easier simple method (Kainz, 2010)of defuzzification is adopted 

in this study which works in three steps as described follows: 

Let       be the input for the premise variables for A and B respectively. 

Then, using "And"(minimum criterion) logic 

Rule (R1):    ) = min (    
         

      Equation 2-11 

Rule (R2):  (  ) = min (    
         

      Equation 2-12 

Rule (R3): (  ) = min (    
         

      Equation 2-13 

Rule (R4):  (  ) = min (    
         

    ) Equation 2-14 
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. 

. 

. 

. 

Rule (Rn): (  ) = min (    
         

    ) Equation 2-15 

 

Corresponding conclusion value per rule can be written as: 

Conclusion of Rule (R1):   
        Equation 2-16 

Conclusion of Rule (R2):   
        Equation 2-17 

Conclusion of Rule (R3):   
        Equation 2-18 

Conclusion of Rule (R4):   
        Equation 2-19 

. 

. 

. 

Conclusion of Rule (Rn):   
        Equation 2-20 

 

Final conclusion is given as 

Conclusion of Rule (Rn): 
    

   
  

   

   
 
   

 Equation 2-21 

 

Most of the analysis of spatial data using fuzzy logic is done by different 

statistical packages like Matlab, Mathematica which handle small data set.  However, due 

to the large GIS data sets the computation in such packages is time consuming 

(Jasiewicz, 2011).  This makes Sugeno model an efficient method to create a Fuzzy 

Inference System in ArcGIS platform. 
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2.6. Application of Fuzzy Logic in Urban Planning 

The concept of fuzzy logic was proposed by Lofti A. Zadeh in his paper in 1965 

which was further extended in his paper published in 1975.  Mamdani (1977) 

demonstrated the practical application of fuzzy logic to approximate reasoning using 

linguistic synthesis, with particular reference to “controller design” for industrial plants.  

He discussed “the use of application of rule based decision making applied to hard 

system” (Mamdani, 1977, p. 1190).  Rule based system uses a set of conditionals that 

result a consequence if the conditions are met.  Such system use “if”- “then” statements 

to create a set of rules that are used for analysis.  For example "If population density is 

high and housing supply is low then there will be increase in housing price."  Here 

population density and housing supply determine the housing price. 

There has been a significant increase in application of the concept of fuzzy logic 

in Geographic Information Systems (GIS).  1980s was golden age of proliferation of the 

use of GIS, especially in the field of urban and regional planning (Scholten and Stillwell 

1990 as cited by Sui 1992).  During the same period inadequacy of Boolean Logic, used 

in GIS applications, to model imprecision and uncertainties related to spatial data 

modeling was recognized by different scholars (Burrough 1986 as cited by Sui 1992).  

Boolean Logic is based on the concept of bivalent logic which uses sharp boundaries to 

categorize information.  The significance of imprecision and uncertainties of human input 

in decision making process and the limitation of the Boolean logic to model such process, 

was felt by some experts working in the field.  

Some initial applications of fuzzy logic in GIS were done to handle the 

imprecision in geographic database (Robinson, 1988; Bedard, 1987).  The different 
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methodologies used to collect geographic data create imprecision and uncertainties 

which create ultimate uncertainties in the information stored in the geodatabase
1
 

(Bedard, 1987).  Robinson (Robinson, 1988) proposed two different methods to model 

the imprecision and inexactness in the database management system.  These models 

included the Semantic Import (SI) model, and the "Similarity Relation" (SR), model both 

of which use the concept of fuzzy logic.  Another important aspect in a database is 

database query.  Most of the query is done using a linguistic variable that depicts 

uncertainty and vagueness.  Conventional GIS, however, lacks the capacity to model the 

uncertainty and vagueness of linguistic variables.  As a solution for this an application, in 

data query, is discussed by Wang (2000) wherein possibility theory
2
 and fuzzy grammar 

theory are used to analyze the linguistic input.  Possibility theory (Zadeh 1979) is used to 

handle incomplete information while fuzzy grammar theory
3
 is used to handle imprecision 

in natural language (Ibid).  Morris (Morris, 2003) also discusses the uncertainties in data 

queries and objects in GIS.  A Fuzzy Object Oriented Spatial Boundary and Layer 

System (FOOSBALL) is proposed which handles both Boolean, and fuzzy queries.  

Fuzzy logic also have its application in extracting objects from image data (Cheng, 

Molenaar, & Lin, 2001), and intelligent data handling (Karabegovic, Avadagic, & Ponjavic, 

2006).  Another parameter that creates uncertainty in spatial information is time which 

current GIS applications fail to address (Langran & Chrisman, 1988).  Urban expansion 

exhibits change of spatial attributes with time creating dynamic information which cannot 

be fully captured by periodic snapshots.  The concept of fuzzy logic and spatio-temporal 

                                                 

 
1
 Geodatabase is a collection of different geodatasets compiled in a common file system 

folder.  For more refer 
http://help.arcgis.com/en/arcgisdesktop/10.0/help/index.html#//00050000000r000000  
2
 Possibility theory is extension of fuzzy sets and fuzzy logic which deals with 

uncertainties. It is also taken as an alternative to probability theory. 
3
 Fuzzy grammar is related to terms that are used in analysis using fuzzy logic. 
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interpolation has been applied in GIS for temporal modeling of urban expansion process 

(Dragicevic & Marceau, 2000).   

Apart from database management and data mining significant number of 

researchers and spatial analysts have used the concept of fuzzy logic in data analysis 

and spatial decision support system.  Sui (1992) discusses about the use of fuzzy logic in 

GIS platform for urban land evaluation.  Though GIS is equipped by numerous functions 

and tools it still lacks functionalities for decision making.  Stefanski et al. (1996, p. 6) 

argue that Boolean Logic, used in GIS, causes four problems: (1) it imposes artificial 

precision on intrinsically imprecise information, graded spatial phenomena and process, 

(2) it fails to determine and communicate to users the extent of imprecision and error, (3) 

it is inappropriate to model human cognition, perception and though processes which 

generally are coded with imprecision, and (4) It is in adequate to model natural 

languages, which are imprecise in nature."  They conclude that implementation of fuzzy 

logic concept can be an advantageous, over the Boolean Logic, to design efficient spatial 

decision support system.  Various Spatial Decision Support Systems
4
 (SDSS) have been 

developed by different scholars by using the concept of fuzzy logic.  The Decision 

Support System suggested by Feng, and Xu (1999) integrates knowledge based 

system
5
, artificial neural networks

6
, and fuzzy systems as noble tool to assist urban 

development policy making.  Similar system in also discussed by Makropoulos et al 

(2003) demonstrates the application of application of fuzzy system, using GIS and 

                                                 

 
4
 Spatial Decision Support System is program used to make complex spatial decisions. 

5
 Knowledge bases system is computer software that captures human knowledge to 

solve complex problems. It uses symbolic format to capture the knowledge unlike the 
traditional method which uses arithmetic algorithms.  For more refer: 
http://wiki.answers.com/Q/Explain_what_a_knowledge_based_system_is_and_its_exam
ples 
6
 Artificial Neural Network is mathematical analysis method that uses the working method 

of natural neurons in human system.  http://arxiv.org/ftp/cs/papers/0308/0308031.pdf  
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Matlab
7
, to better model approximate reasoning made by experts for urban water 

management.  

Using the combination of Fuzzy Logic System, Cellular Automata
8
, Neural 

Network different studies have been made to better understand the model the ambiguity 

in urban planning (Wu, 1998; Zheng & Kainz, 1999; Mantelas, Hatzichristos, & Prastacos, 

2008).  These models, though have used fuzzy systems to analyze the complex urban 

phenomena, they are either case specific (Wu, 1998) or use third party software for fuzzy 

analysis (Zheng & Kainz, 1999).  Several researches have been made, in the field of 

urban planning, using the concept of fuzzy logic.  Most of the spatial analysis like 

accessibility analysis (Thériault & Rosiers, 2004; Lotfi & Koohsari., 2009), ecological 

impact assessment (Bojorquz-Tapia, Juarez, & Cruz-Bello, 2002; Pleho & Avdagic, 2008; 

Liu & Lai, 2009), locating urban facilities (Al-Jarrah & Abu-Qdais, 2006; Ocalir, Ercoskun, 

& Tur, 2010), transportation planning (Silva & Almeida, 2007; J.Jassbi, P.Makvandi, 

Ataei, & Sousa, 2011; Thériault & Rosiers, 2004; Teodorović, 1999), ground water 

vulnerability assessment (Rezaei, Safavi, & Ahmadi, 2013), human activities (D’Urso & 

Massari, 2013), urban design (Xirogiannis, Stefanou, & Glykas, 2004), urban simulation 

(Al-Ahmadi, See, Heppenstall, & Hogg, 2009), landscape dynamics (Berling-Wolff & Wu, 

2004) landscape regionalization (Steinhardt, 1998), sustainability (Cornelissen, Berg, 

Koops, Grossman, & Udo, 2001; Andriantiatsaholiniaina, Kouikoglou, & Phillis, 2004)use 

spatial data that are inherently imprecise and vague.  This is further complicated when 

expert knowledge is combined thus creating a validity of the result obtained through 

                                                 

 
7
 Matlab is software used for computation and visualization. 

8
 Cellular automata are discrete dynamical systems that model complex behavior based 

on simple, local rules animating cells on a lattice.  It is studied in the field of computability 
theory, mathematics, physics, complexity science, theoretical biology, and microstructure 
modeling.  
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conventional Boolean logic used in GIS.  Different studies using this kind of analysis have 

pointed out this deficiency of conventional GIS and used fuzzy logic to handle the 

imprecise information.  ArcGIS, in most of the cases, is only used as a graphic display 

tool of the result of the analysis done in other inference system, whereas some have 

model that are case specific.  A few studies, such as Yanar & Zuhal (2006)and Jasiewicz 

(2011), attempt to integrate Fuzzy Inference System within a GIS platform with the 

Mamdani method, a solution with low computation power.  

2.7. Fuzzy Logic in Public Health 

Application of fuzzy logic in health community is mostly observed in the field of 

life science, and biomedicine with most of the research done after 1990 (Teodorescu, 

Kandel, & Jain, 1999).  However, little research has been done in the field of 

epidemiology to explore the potential of fuzzy logic (Massad, Ortega, Barros, & 

Struchiner, 2009).  The branch in health community that deals with the study of disease 

distribution and its determinants in human populations is called epidemiology (Rothman, 

Greenland, & Lash, 2008).   

Some of the early applications of fuzzy logic in epidemiology include the work of 

Bassanezi and Barros (1995) which discusses the application of fuzzy logic model 

subjective parameters of life expectancy.  They argue that different qualitative indicators 

like "degree of poverty," and "adverse living conditions" which affect life expectancy 

cannot be properly evaluated using the deterministic models.  Incorporation of physical, 

social, and mental well being as indicators has increase the ambiguity since these factors 

are more subjective. Fuzzy logic has proved to efficiently model such subjective concepts 

(Costa, Massad, Ortegs, & Araujo, 2004). Factors such as social mobility, level of 

physical activities, and social activities are defined different by different people. Similarly, 

severity of disease can also differ among patients and doctors.  The prevailing symptoms 
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as defined by patients cannot be precisely evaluated to arrive at a decision. For example 

definition of severe asthma and moderate asthma depends on how the patients perceive 

its effect. And there is always ambugutiy in determining the boundary between moderate 

asthma and severe asthma (Lurie, Marsala, Hartley, Bouchon-Meunier, & Dusser, 2007; 

Chen, et al., 2007; Anand, Kalpana, & Vijayalakshm, 2013).  

Massad, Burattini and Ortega (1999) state their paper to the first to desribe the 

application of fuzzy logic concept in the field of public health. They use fuzzy logic to 

design a vacciation campaign in Sao Paulo, Brazil. They conclude that fuzzy logic 

approach proved to be useful especially to model the intuitive knowledge from public 

health experts.  Apart from modeling the imprecise knowledge, uncertainty in health 

outcome based on various levels of exposure has also been addressed by fuzzy logic. 

Some on the examples include risk analysis of Salmonella Typhimurium infection (Qin & 

Yang, 2011), noise induces sleep disturbance (Zaheeruddin & Jain, 2006), safety related 

to hazardous recycling facilities (Hatami-Marbini, Tavana, Moradi, & Kangi, 2013), 

cholera risk prediction (Fleming, Merwe, & McFerren, 2007).  

Boolean probability theory has been a traditional part of twentieth century 

medical science (Helgason & Jobe, 1998). Probability theory uses statistical model to 

handle uncertainity in the field of epidimiology. These model cannot model vagueness 

and ambuguity in the defining the different indicators of health status. Fuzzy logic, in 

addition to dealing with uncertainty, also models the vagueness and ambuguity (Massad, 

Ortega, Barros, & Struchiner, 2009; Massad, Ortega, Struchiner, & Nasimento, 2003).   

2.8. Conclusion 

The fact that transportation impacts public health is acknowledged by both 

planning community as well as public health community.  Various data are used to 

assess such impacts.  However, two distinct limitations prevail while assessing the 
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impact of transportation on public health.  First the impact of transportation on public 

health cannot be defined with certainty.  Second, physical, social, and mental well being 

is highly ambiguous.  Boolean logic, due to its bivalent character does not provide room 

to model such ambiguity.  Fuzzy logic provides a promising potential to model such 

uncertainty and ambiguity while assessing the impact of transportation on public health. 

Spatial information play significant role while making decision in planning.  The 

pluralistic nature of decision making process (Nijkamp, 1989) involves subjective 

interpretation of spatial information by experts from different background and interests.  

Subjective interpretations are mostly vague, imprecise, and ambiguous which cannot be 

modeled by the conventional Boolean logic (Feng & Xu, 1999).  Due to its weak and 

restrictive analytical capabilities GIS lacks the capability to solve decisions that are 

imprecise and loose in structure (Leung 1997, pp 5).  Fuzzy logic addresses this 

limitation of Boolean logic and model the uncertainty and ambiguity while making 

decisions using spatial data.  Significant numbers of studies have been done to 

investigate the application of fuzzy logic in urban planning and public health limited 

studies have used GIS as the main platform for the analysis.  Integration of fuzzy logic in 

GIS, which a rich data processing tools for planners, can enhance the capability to 

capture the knowledge making GIS an intelligent tool for spatial decision making. 
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Chapter 3  

Methodology 

3.1. Study Design 

Various data can be used to assess the impacts of transportation on public 

health.  Some of such data include commute time to work, mode of commute, vulnerable 

population, level of leisure physical activity etc.  Studies have shown that transit 

commuters walk more frequently compared to commuters using private automobiles 

(Lachapelle & Noland, 2012).  Likewise, Christian (2012) states that increase in commute 

time is negatively correlated with the time used for health related activities such as 

physical activity and cooking.  Lack of physical activity has been cited as a major factor 

for increase in obesity in United States (Sallis, et al., 2006).  Studies have cited obesity 

as a pandemic resulting from the lack of physical activity (Sallis, et al., 2006; Lopez-

Zetina, Lee, & Friis, 2006).  Additionally, vulnerable population is always at high risk of 

being negatively impacted by the transportation decisions (Ross, Elliot, Rushing, 

Barringer, & Smith, 2012).  A study done using the longitudinal analysis of the data from 

1999 to 2010 shows that obesity prevalence is high among African American Population 

compared to other races in the United States (Flegal, Carroll, Kit, & Ogden, 2012).   

The above mentioned factors are only cover a segment of the factors that can be 

used to assess the impact of transportation on public health.  Since this method focuses 

on the applicability to model such health impact only three factors are used to study the 

incidence of obesity in Dallas-Fort-Worth Metroplex region.  The result of the analysis 

does not necessarily show the real scenario in the metroplex.  The data used for the 

analysis include Population commuting to work driving more than 25 minutes and drove 

alone, Vulnerable Population ( African American Population), and Population never doing 

vigorous leisure activity per week (Table 3-1).  According to American Community 
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Survey, (McKenzie & Rapino, 2011) the average commute time for US is 25.4 minutes.  

Likewise, African American Population has been historically impacted by the decisions 

related to transportation planning (Sanchez, Stloz, & Ma, 2003).  The data used for the 

analysis are at block group level accessed from the National Historic Geographic 

Information System (NHGIS), and Simply Map.  The Health Insurance Portability and 

Accountability Act of 1996 (HIPAA) prevents making individually identifiable health 

information public due to which most of the health data are aggregated to higher level.  

NHGIS uses the data from US Census and GIS shape files are based on the TIGER/line 

data created by US.  Simply map provides data along with online mapping tools which 

can be used to create various maps.  Table 3-1 shows the data and sources of data used 

for analysis.   

Table 3-1. Data used for the analysis. 

Data Level Source 

Population commuting to work driving more 
than 25 minutes and drove alone  

Census Block Group NHGIS 

Vulnerable Population ( African American 
Population)  

Census Block Group Simply Map 

Population never doing vigorous leisure 
activity per week  

Census Block Group Simply Map 

  

3.2. System Architecture 

This study aims to develop system, within ArcGIS, that uses the concept of fuzzy 

logic and demonstrates its application to incorporate the health data into transportation 

planning.  The system is built using existing tools within ArcGIS which include raster 

calculator, model builder, and python script. The mathematical algorithms of fuzzy logic 

are encrypted in tools to create a fuzzy inference system.  
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3.3. System Development 

Proposed system uses the basic framework of "fuzzy inference system" which is 

based on three functional engines.  Figure 3-1 shows the logical and physical 

architecture of the proposed system.  The logical architecture shows demonstrates the 

framework to develop the physical architecture of the system in ArcGIS platform.  The 

system uses the tools present with ArcGIS environment such as python script and model 

builder.  Fuzzy membership engine, fuzzy inference engine, and defuzzification engine 

are the three main components that take experts rules at various stages.  The system is 

based on Sugeno model which is an improvement over Mamdani method due to its 

higher computational power.  Sugeno method also has the advantage of guaranteed 

continuity of output surface and works well with optimization and adaptive techniques 

(Sivanandam et al., 2006). 

3.3.1. Fuzzy Membership Engine 

 This engine converts the crisp data into fuzzy set using membership function.  

Users have the option of classifying data into three fuzzy sets- high, medium, and low.  

The value for each function ranges from 0 to 1; 0 means the data does not satisfy the 

condition while 1 means the data fully satisfies the condition and anything in between is 

the gradual change in the likelihood of the data to satisfy the condition. 

The following equations show the linear membership function and sinusoidal membership 

function used in the engine.                              .  

Linear membership function: 

         

      
    

     

            

                

                                             

 

Equation 3-1 
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Equation 3-2 

          

               
    

     

           

         

             
Equation 3-3 

Sinusoidal membership function:  

        

 
 

 
                                            

 

 
        

    

     

             

                                            

         

 

Equation 3-4 

           

 
 
 
 

 
 
 

                                                    

 

 
        

    

     

              

                                                          

 

 
        

    

     

             

                                                   

     

 

Equation 3-5 

         

 
 

 
                                          

 

 
        

    

     

            

                                            

   

 

Equation 3-6 
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Figure 3-1.  Logical architecture and physical architecture of the system (Source: Adhikari & Li, 2013). 
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By choosing appropriate value of                different function can be 

created which include S-Shaped, Trapezoidal, Triangular, and L Shaped function.  

Determination of the values of                is totally dependent in the user intuition.  

Figure 3-2 shows the graphic representation of linear and sinusoidal function.  This 

engine also creates a database in C Drive of the computer where all the fuzzy sets are 

stored after being created.  This tool is creates using python script (Appendix A).  User 

interface of the fuzzifier engine is represented in Figure 3-3. 

 

Figure 3-2.  Graphical representation of linear membership function and sinusoidal 

membership function (Figure adapted from Sivanandam, Sumathi, & Deepa, 2007). 

. 
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Figure 3-3.  User interface of fuzzifier engine. 

Figure 3-4 shows division of population commuting to work driving more than 25 

minutes alone in car into high, medium, and low categories based on fuzzy logic and 

Boolean logic.  As can be seen in the figure, results obtained using fuzzy logic are 

distributed from 0 to 1 whereas results obtained using Boolean logic area shows just two 

values 0 or 1.  



 

 

3
2

 

 

Figure 3-4.  Classification of data using fuzzy logic and Boolean logic.
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Figure 3-5.  Classification using fuzzy logic and Boolean logic. 

Another significant aspect of data classification is related to ambiguity.  The 

linguistic terms high, low, and medium cannot be divided with sharp boundaries.  In such 

cases it is highly likely that certain value can belong to two different categories at once.  

Figure 3-5 shows graphs showing commuting population on x-axis and degree of 

certainty to belong in high, medium, and low categories in y-axis.  Figure 3-5-A shows 

how fuzzy logic classifies commuting population into three categories.  Overlap between 

two categories can be seen with values ranging from 1 to 0 in the shaded regions.  For 

example population x belongs to class high with    certainty and class medium with    

certainty.  However, data classified using Boolean logic are crisp and deterministic which 
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do not model the ambiguity of the linguistic terms (Figure 3-5-B).  Table 3-2 shows the 

parameters used to classify the data.  

Table 3-2.  Classifications for Analysis. 

Features Category 
Fuzzy Logic 
Parameters* 

Boolean Logic 
Ranges 

Commuting population 

Low 
       <300 

  = 350 
 

Medium 

  = 250 
   = 350 300-450 

        

        

High 
       >450 

    = 500 
 

Vulnerable Population 

Low 
  = 100 <125 

  = 150 
 

Medium 

  = 100 
 

  = 150 125-175 

  = 150  

  = 200  

High 
  = 150 >175 

   = 200 
 

Population not doing  
physical activity 

Low 
  = 510 <525 

  = 540 
 

Medium 

  = 510 
 

  = 540 525-575 

   = 560 
 

   = 580 
 

High 
   = 560 >575 

   = 580 
 * Note:- Refer Figure 3-2 for             .  The values of the parameters can be defined 

by the experts and users. 
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3.3.2. Rules 

 This step consists of creation of rules in "If-Then" format.  Expert's knowledge 

can be used in creating rules that can be used in the fuzzy inference engine.  Since the 

proposed system uses Zero Order Sugeno Model the antecedent of the rule is a real 

number.  The fuzzy sets created by membership engine are used as "Lingustic Variables" 

such as high, medium, and low.  The ratings given to each variable are standardized by 

using weights.  Table 3-3 shows rating and weight assigned to each fuzzy set created 

by fuzzification engine.  The rating and weights are formulated based on the expert's 

intuition. 

Table 3-3. Rating for analysis. 

Features Category Rating Weight Standardized Rating 

Commuting Population 

Low 3 

0.35 

0.75 

Med 2 
0.5 

High 1 
0.25 

Vulnerable Population 

Low 3 

0.2 

1.125 

Med 2 0.75 

High 1 
0.375 

Population not doing 
physical activity 

Low 3 

0.45 

1.125 

Med 2 
0.75 

High 1 
0.375 

 

Table 3-4 shows all possible rules used for analysis.  The standardized ratings were used 

to give score to each rule.  For example 

Rule 1: If Commuting Population is Low (0.75)& Vulnerable Population is Low (1.125) & 

Population not doing physical activity is Low (1.125) Then Chances of not being Obese is 

(0.75+ 1.125+ 1.125) 3.  
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Table 3-4.  Rules used for analysis. 

Rule No. Condition Antecedent 

1 If C is Low & V is Low &  E is Low Then Chances of not being Obese is 3 

2 If C is Low & V is Low &  E is Medium Then Chances of not being Obese is 2.55 

3 If C is Low & V is Low &  E is high Then Chances of not being Obese is 2.1 

4 If C is Low & V is Medium &  E is Low Then Chances of not being Obese is 2.8 

5 If C is Low & V is Medium &  E is Medium Then Chances of not being Obese is 2.35 

6 If C is Low & V is Medium &  E is high Then Chances of not being Obese is 1.9 

7 If C is Low & V is High &  E is Low Then Chances of not being Obese is 2.6 

8 If C is Low & V is High &  E is Medium Then Chances of not being Obese is 2.15 

9 If C is Low & V is High &  E is high Then Chances of not being Obese is 1.7 

10 If C is Medium & V is Low &  E is Low Then Chances of not being Obese is 2.65 

11 If C is Medium & V is Low &  E is Medium Then Chances of not being Obese is 2.2 

12 If C is Medium & V is Low &  E is high Then Chances of not being Obese is 1.75 

13 If C is Medium & V is Medium &  E is Low Then Chances of not being Obese is 2.45 

14 If C is Medium & V is Medium &  E is Medium Then Chances of not being Obese is 2 

15 If C is Medium & V is Medium &  E is high Then Chances of not being Obese is 1.55 

16 If C is Medium & V is High &  E is Low Then Chances of not being Obese is 2.25 

17 If C is Medium & V is High &  E is Medium Then Chances of not being Obese is 1.8 

18 If C is Medium & V is High &  E is high Then Chances of not being Obese is 1.35 

19 If C is High & V is Low &  E is Low Then Chances of not being Obese is 2.3 

20 If C is High & V is Low &  E is Medium Then Chances of not being Obese is 1.85 

21 If C is High & V is Low &  E is high Then Chances of not being Obese is 1.4 

22 If C is High & V is Medium &  E is Low Then Chances of not being Obese is 2.1 

23 If C is High & V is Medium &  E is Medium Then Chances of not being Obese is 1.65 

24 If C is High & V is Medium &  E is high Then Chances of not being Obese is 1.2 

25 If C is High & V is High &  E is Low Then Chances of not being Obese is 1.9 

26 If C is High & V is High &  E is Medium Then Chances of not being Obese is 1.45 

27 If C is High & V is High &  E is high Then Chances of not being Obese is 1 

C = Commuting Population 
V= Vulnerable Population 
E= Population not doing physical activity 

3.3.3. Fuzzy Inference Engine 

Inference engine uses the fuzzy overlay function to create two groups of raster 

layers.  These two groups are used as input for the defuzzification engine in later step.  
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"And" and "Or" method can be used to overlay the layers which respectively imply 

"minimum criterion," and "maximum criterion."  The tool is developed using model builder 

and can do multiple overlay at once (Figure 3-6).  

 

Figure 3-6.  Fuzzy inference engine created using model builder. 

 

Figure 3-7.  User interface of the fuzzy inference engine. 

 

Rule: - If Commuting Population is Low & Vulnerable Population is Low & Population not 

doing physical activity is Low Then Chances of not being Obese is 3. 

 In relation to Equation 2-15,  

                                                                            

The rule takes the form, 

Commuting population =  , high =    

Vulnerable population =  , high =     

Population not doing physical exercise =  , high =    
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Risk of heart disease and diabetes = , 3=   

Following inputs are required in this engine: 

Rule Combination:-Fuzzy Raster sets classified as high commuting population 

(                , high vulnerable population (                   and high population not 

doing physical exercise (                    are entered. 

Overlay type:-It can be “And” or “Or” which can be called “Intersection” or “Union.” 

Conclusion: - The conclusion of rule is entered which, in this case, is 3                   

The following are the output from the engine:- 

Output Rule Combination: - This contains fuzzy overlay output of the Fuzzy Sets as 

defined by the rules.  The mathematical function applied to obtain this output is defined 

by Equation 2-15.  For this case the equation takes the form 

Rule ( R): (  ) = min(    
         

         
      

Where,   = Output rule combination. 

     
                                                             

    
                                                               

    
                                                                                

Output Rule Conclusion: - The Output Rule Combination multiplied with the raster cell 

values entered as “Conclusion.”  Equation 2-20 defines the mathematics behind the 

output. 

  
        

Where,   
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3.3.4. Defuzzification Engine 

 Often defuzzification is time consuming and complicated.  Since this project is 

more focused on testing the implementation of fuzzy logic using GIS tool simple method 

of defuzzification is chosen.  Instead of giving conclusion in linguistic variable a real 

number is given in the result which makes it easier to derive conclusion.  This engine is 

created using model builder with different parameters (Figure 3-8) and developed in 

tool with user interface (Figure 3-9). 

 

Figure 3-8. Defuzzification engine created using model builder. 

The model has three parameters- two are inputs and one output. 

Following are the inputs 

Conclusion: - Output Rule Conclusion from fuzzy inference engine entered. 

Rule: - Output Rule Combination from fuzzy inference engine entered. 

The model then divides Conclusion by Rule using Divide tool and the final output 

is the result for the whole analysis.  Equation 2-21 is used for the division of the raster 

layers. 
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Figure 3-9.  User interface of defuzzification engine. 

 

3.4. Conclusion 

The methodology presented in this study helps to model the uncertainty and 

ambiguity related to the health impact of transportation.  By properly modeling the 

vagueness and imprecision inherent in spatial data, fuzzy inference system can be an 

efficient tool for planners as well as public health practitioners.  The model proposed in 

this study can be applied as a decision support system using raster data for diverse 

urban issues as well.   
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Chapter 4  

Findings  

4.1. Fuzzy Logic and Health Impact  

Results obtained from the proposed methodology were compared with the 

parallel analysis done using conventional Boolean logic.  Figure 4-1 shows the result of 

fuzzy analysis and  

Figure 4-2 shows result of Boolean analysis.  Similar result is observed in both 

maps which depict the people near urban center are less likely to be obese compared to 

sub-urban areas.  However, some regions near urban areas have high risk of being 

obese compared to sub-urban areas.  This is because these regions have low rating for 

all the three factors.   

 

 

Figure 4-1.  Result of Fuzzy analysis. 
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Figure 4-2.  Result of Boolean analysis. 

 

Figure 4-3.  Result of fuzzy analysis showing area near urban center. 
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Figure 4-4.  Result of Boolean analysis showing areas near urban center. 

The cell rating distribution graph shows that the results from fuzzy analysis are 

distributed while, 1341 values, the result from Boolean logic shows distribution 25 values 

for total 1,32,55,653 cells used in the analysis.  Figure 4-5 shows the cell rating 

distribution based on the results obtained using fuzzy logic, and Boolean logic.  Since 

some of the values have very high frequency the result does not show significant 

difference.  Figure 4-6, and Figure 4-7 show the distribution after removing high 

frequency from which it can be clearly inferred that the result from fuzzy analysis give 

distributed rating which lacks in the result of Boolean analysis.  This difference in results 

can be attributed to the classification method used in the two approaches.  While fuzzy 

logic uses more relax method of classification with range of membership values from 0 to 
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1 with dual membership (Equation 2-2), Boolean logic uses crisp and deterministic 

approach with single membership values either 0 or 1(Equation 2-1). 

 

 

Figure 4-5.  Cell statistics of the result of fuzzy logic and Boolean logic. 

 

Figure 4-6.  Cell value distribution after removing top 16 high frequency values of fuzzy 

analysis. 
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Figure 4-7. Cell value distribution after removing top 7 high frequency values of the result 

of Boolean analysis. 
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Chapter 5  

Further Research and Conclusion 

5.1. Further Research 

The methodology presented in this study helps planners to address ambiguity, 

related to health data.  Fuzzy logic can be effective for modeling the vagueness and 

imprecision inherent in spatial data.  The model proposed in this study can be applied as 

a decision support system using raster data not only for health data but also for diverse 

urban issues.  However, the system does not work with vector data that is also used for 

spatial decision making.  The zero order Sugeno model used in the system uses real 

number for conclusion of rules.  The model can be further improved by replacing the Zero 

Order Sugeno Model with a polynomial function in the fuzzy inference system and adding 

additional membership functions to model more linguistic variables.  The proposed 

methodology uses only two types of membership functions to create fuzzy sets each of 

which create three different fuzzy sets to model linguistic input.  However, these three 

fuzzy sets- high, medium, and low, are inadequate to perfectly model linguistic variables 

like slightly high, more or less medium, etc.  Incorporation of more membership functions 

and algorithms to model various linguistic variables can further enhance the capability of 

the model.  Likewise, potential to enhance the model using Adaptive Neural Network 

(ANN) needs to be explored to develop an intelligent decision support system.  ANN is a 

computational approach that is inspired from the human brain and has the capacity for 

learning and it can be enhanced by running the model with various sets of existing data 

on health determinants and health outcomes.  Incorporation of ANN would facilitate 

experts to makes rules while using the inference engine by reducing the discrepancy 

while making the rules.   
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5.2. Conclusion 

Most of the decisions made in urban planning are made after a rigorous dialogue 

and interaction between people from diverse background and interests.  Such dialogues 

and interactions are done in spoken language.  Spoken language, or natural language, is 

vague and ambiguous when used in the communication of spatial concepts (Wang, 

Maceachren, & Cai, 2004).  Such uncertainty and ambiguity need to find proper place in 

urban planning (Feng & Xu, 1999). Boolean logic cannot efficiently to model the 

uncertainty and ambiguity.  Fuzzy logic addresses the limitation of Boolean logic by 

adding the capacity to model uncertainty, and ambiguity related to spoken language. 

This study demonstrates the application of fuzzy logic to model the uncertainty 

and ambiguity while assessing the impact of transportation on public health.  However, 

fuzzy logic performs well if detailed data are used (Adhikari & Li, 2013).  The Health 

Insurance Portability and Accountability Act of 1996 (HIPAA) prevents making individually 

identifiable health information public due to which most of the health data are aggregated 

to higher level which diminishes the performance of fuzzy logic.  Additionally 

transportation planners use Traffic Analysis Zone as the unit of analysis which requires 

detailed data that might not comply with HIPAA requirements.  Using health data at traffic 

analysis zone level can better enhance the performance of fuzzy logic and enhance 

current method used to assess the impact of transportation on public health.  This study 

uses only three factors to demonstrate how fuzzy logic can be used to address the 

uncertainty and ambiguity while assessing the impact of health on public health.  

Incorporating more factors into the analysis would further enhance the applicability of 

fuzzy logic while assessing such impacts.   

Geographic Information System, over the last two decades, has become integral 

part of the planning process (Drummond & French, 2008).  Though GIS initially 
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developed as a tool used by environmental planners, it has now captured broader arena 

of which planning is a small component.  This has made GIS a separate field of study 

with experts devoted to enhance its capability to better understand spatial complexity. 

Using GIS planners around the world are working on development of various planning 

support systems such as UrbanSim, LEAM, and Community Viz etc  These models 

address uncertainties by using statistical methods like Mote Carlo method, and Latin 

Hypercube method (Pradhan & Kockelman, 2002). However, statistical methods require 

sophisticated knowledge of statistics (Goodchild, 1999, p. 5) and cannot model ambiguity  

(Massad, Ortega, Barros, & Struchiner, 2009).  Though the potential of fuzzy logic to 

address the uncertainty and ambiguity has already been confirmed, few studies have 

been done to develop fuzzy logic based systems in GIS platform.  This study 

demonstrates the development process of such systems in GIS and validates the 

applicability of such system.  However, further research needs to be done to enhance the 

proposed system and test its applicability while assessing the impact of transportation on 

public health.    
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Appendix A 

Python Script Used To Create Fuzzification Engine.
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The Python Script Used For Creating Fuzzy Membership Engine  

# Impports arcpy and gp (gp is only for the raster calculator, which is not included in 

arcpy) 

import arcpy 

import arcgisscripting, sys 

gp = arcgisscripting.create() 

 

# Input and output 

inputraster = sys.argv[1] 

# output_raster = sys.argv[2] 

condition = sys.argv[2] 

La = sys.argv[3] 

Lb = sys.argv[4] 

Ma = sys.argv[5] 

Mb = sys.argv[6] 

Mc = sys.argv[7] 

Md = sys.argv[8] 

Ha = sys.argv[9] 

Hb = sys.argv[10] 

# TargetLocation = sys.argv[11] 

TargetLocation = "C:/Fuzzy_GIS/Fuzzy.gdb" 

MosaicRaster = sys.argv[11] 

# raster calculator 

 

if arcpy.gp.exists("C:/Fuzzy_GIS/Fuzzy.gdb"): 

    if arcpy.gp.exists("C:/Fuzzy_GIS"): 

        arcpy.gp.AddMessage("Folder and Database Already exist") 

else: 

    arcpy.gp.CreateFolder_management("C:/", "Fuzzy_GIS") 

    arcpy.gp.AddMessage("Folder Created") 

    arcpy.gp.CreateFileGDB_management("C:/Fuzzy_GIS", "Fuzzy.gdb") 

    arcpy.gp.AddMessage("Database Created") 
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if condition == 'LINEAR': 

    try: 

        arcpy.gp.RasterCalculator ('Con(\"'+ inputraster +'\" < ' + La + ',1)', "X") 

        arcpy.gp.RasterCalculator ('Con(( \"'+ inputraster +'\" >= ' + La + ')  &  (\"'+ 

inputraster +'\" <= ' + Lb + '),(' + Lb + ' - \"'+ inputraster +'\") / (' + Lb + ' - ' + La + 

'))', "Y") 

        arcpy.gp.RasterCalculator ('Con(\"'+ inputraster +'\" > ' + Lb + ',0)', "Z")         

        arcpy.gp.AddMessage('Low it is then') 

        arcpy.gp.MosaicToNewRaster_management ("X;Y;Z", TargetLocation, 

MosaicRaster + '_Low', '#',"32_BIT_FLOAT",'#', "1") 

        arcpy.Delete_management ( "X") 

        arcpy.Delete_management ( "Y") 

        arcpy.Delete_management ( "Z") 

        arcpy.gp.RasterCalculator ('Con(\"'+ inputraster +'\" < ' + Ma + ',0)', "M") 

        arcpy.gp.RasterCalculator ('Con((\"'+ inputraster +'" >= ' + Ma + ') & (\"'+ inputraster 

+'\" <= ' + Mb + '),(\"'+ inputraster +'\" - ' + Ma + ') / (' + Mb + ' - ' + Ma + '))', "N") 

        arcpy.gp.RasterCalculator ('Con((\"'+ inputraster +'\" > ' + Mb + ') & (\"'+ inputraster 

+'\" < ' + Mc + '),1)', "O") 

        arcpy.gp.RasterCalculator ('Con((\"'+ inputraster +'" >= ' + Mc + ') & (\"'+ inputraster 

+'\" <= ' + Md + '),(' + Md + ' - \"'+ inputraster +'\") / (' + Md + ' - ' + Mc + '))', "P") 

        arcpy.gp.RasterCalculator ('Con(\"'+ inputraster +'\" > ' + Md + ',0)', "Q") 

        arcpy.gp.AddMessage('Medium') 

        arcpy.gp.MosaicToNewRaster_management ("M;N;O;P;Q", TargetLocation, 

MosaicRaster + '_Medium', '#',"32_BIT_FLOAT",'#', "1") 

        arcpy.Delete_management ( "M") 

        arcpy.Delete_management ( "N") 

        arcpy.Delete_management ( "O") 

        arcpy.Delete_management ( "P") 

        arcpy.Delete_management ("Q") 

        arcpy.gp.RasterCalculator ('Con(\"'+ inputraster + '\" < ' + Ha + ',0)', "A") 

        arcpy.gp.RasterCalculator ('Con(( \"'+ inputraster +'\" >= ' + Ha + ')  &  (\"'+ 

inputraster +'\" <= ' + Hb + '),(\"'+ inputraster +'\" - ' + Ha + ') / (' + Hb + ' - ' + Ha + 

'))', "B") 
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        arcpy.gp.RasterCalculator ('Con(\"'+ inputraster +'\" > ' + Hb + ',1)', "C") 

        arcpy.gp.AddMessage('High') 

        arcpy.gp.MosaicToNewRaster_management ("A;B;C", TargetLocation, 

MosaicRaster + '_High', '#',"32_BIT_FLOAT",'#', "1") 

        arcpy.Delete_management ( "A") 

        arcpy.Delete_management ( "B") 

        arcpy.Delete_management ( "C") 

       

    except: 

        gp.AddMessage((gp.GetMessages())) 

elif condition == 'SINUSIDAL': 

    try: 

        arcpy.gp.RasterCalculator ('Con(\"'+ inputraster +'\" < ' + La + ',1)', "T") 

        arcpy.gp.RasterCalculator('Con((\"'+ inputraster +'\" >= ' + La + ') & (\"'+ inputraster 

+'\" <= ' + Lb + '),( 1 + Cos(math.pi * (\"'+ inputraster +'\" - ' + La + ') / (' + Lb + ' - ' 

+ La + '))) / 2)', "Y") 

        arcpy.gp.RasterCalculator ('Con(\"'+ inputraster +'\" > ' + Lb + ',0)', "Z")         

        arcpy.gp.AddMessage('Low') 

        arcpy.gp.MosaicToNewRaster_management ("T;Y;Z", TargetLocation, 

MosaicRaster + '_Low', '#',"32_BIT_FLOAT",'#', "1") 

        arcpy.Delete_management ( "T") 

        arcpy.Delete_management ( "Y") 

        arcpy.Delete_management ( "Z") 

        arcpy.gp.RasterCalculator ('Con(\"'+ inputraster +'\" < ' + Ma + ',0)', "M") 

        arcpy.gp.RasterCalculator('Con((\"'+ inputraster +'\" >= ' + Ma + ') & (\"'+ inputraster 

+'\" <= ' + Mb + '),( 1 - Cos(math.pi * (\"'+ inputraster +'\" - ' + Ma + ') / (' + Mb + ' - 

' + Ma + '))) / 2)', "N") 

        arcpy.gp.RasterCalculator ('Con((\"'+ inputraster +'\" > ' + Mb + ') & (\"'+ inputraster 

+'\" < ' + Mc + '),1)', "O") 

        arcpy.gp.RasterCalculator('Con((\"'+ inputraster +'\" >= ' + Mc + ') & (\"'+ inputraster 

+'\" <= ' + Md + '),( 1 + Cos(math.pi * (\"'+ inputraster +'\" - ' + Mc + ') / (' + Md + ' - 

' + Mc + '))) / 2)',"P") 

        arcpy.gp.RasterCalculator ('Con(\"'+ inputraster +'\" > ' + Md + ',0)', "Q") 
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        arcpy.gp.AddMessage('Medium') 

        arcpy.gp.MosaicToNewRaster_management ("M;N;O;P;Q", TargetLocation, 

MosaicRaster + '_Medium', '#',"32_BIT_FLOAT",'#', "1") 

        arcpy.Delete_management ( "M") 

        arcpy.Delete_management ( "N") 

        arcpy.Delete_management ( "O") 

        arcpy.Delete_management ( "P") 

        arcpy.Delete_management ("Q") 

        arcpy.gp.RasterCalculator ('Con(\"'+ inputraster + '\" < ' + Ha + ',0)', "A") 

        arcpy.gp.RasterCalculator('Con((\"'+ inputraster +'\" >= ' + Ha + ') & (\"'+ inputraster 

+'\" <= ' + Hb + '),( 1 - Cos(math.pi * (\"'+ inputraster +'\" - ' + Ha + ') / (' + Hb + ' - ' 

+ Ha + '))) / 2)', "B") 

        arcpy.gp.RasterCalculator ('Con(\"'+ inputraster +'\" > ' + Hb + ',1)', "C") 

        arcpy.gp.AddMessage('High')            

        arcpy.gp.MosaicToNewRaster_management ("A;B;C", TargetLocation, 

MosaicRaster + '_High', '#',"32_BIT_FLOAT",'#', "1") 

        arcpy.Delete_management ( "A") 

        arcpy.Delete_management ( "B") 

        arcpy.Delete_management ( "C") 

    except: 

        gp.AddMessage((gp.GetMessages()))   
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