
Chapter 4: Fuzzy Control Strategy Development 
4.1 Introduction: 

Getting the influence described in last chapter for the input of the Fuzzy Inference 

System, the Split is decided. Fuzzy sets of the input and the output, Fuzzy rule 

development and the way of deciding the split according to the changing traffic load 

are described in this chapter. Detectors give their values periodically. Getting those 

values in to account, the influence is calculated by the intersection controller and those 

influence values are taken for the input to the fuzzy inference system. FIS determines 

the green phase for each approach. Starting from detector value count to the output 

phase light energizing, the controller has to act as the brain of the intersection control 

system. The way of control mechanism developed and the way of controller behave 

accordingly are discussed in this chapter. 

4.2 Fuzzy Inference System 

4.2.1 Fuzzy basics: 

The concept of Fuzzy Logic (FL) was conceived by Lotfi Zadeh, a professor at the 

University of California at Berkley, and presented not as a control methodology, but 

as a way of processing data by allowing partial set membership rather than crisp set 

membership or non-membership. This approach to set theory was not applied to 

control systems until the 70's due to insufficient small-computer capability prior to 

that time [8], 

Fuzzy Logic incorporates a simple, rule-based IF X AND Y THEN Z approach to a 

solving control problem rather than attempting to model a system mathematically. The 

Fuzzy Logic model is empirically-based, relying on an operator's experience rather 

than their technical understanding of the system. 

Fuzzy Logic requires some numerical parameters in order to operate such as what is 

considered significant error and significant rate-of-change-of-error, but exact values of 

these numbers are usually not critical unless very responsive performance is required 

in which case empirical tuning would determine them. 

Fuzzy Logic was conceived as a better method for sorting and handling data but has 

proven to be an excellent choice for many control system applications since it mimics 
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human control logic. It can be built into anything from small, hand-held products to 

large computerized process control systems. It uses an imprecise but very descriptive 

language to deal with input data more like a human operator. It is very robust and 

forgiving of operator and data input and often works when first implemented with 

little or no tuning. Fuzzy inference systems have been successfully applied in fields 

such as automatic control, data classification, decision analysis, expert systems, and 

computer vision. Because of its multidisciplinary nature, fuzzy inference systems are 

associated with a number of names, such as fuzzy-rule-based systems, fuzzy expert 

systems, fuzzy modeling, fuzzy associative memory, fuzzy logic controllers, and 

simply (and ambiguously) fuzzy systems. The design of a fuzzy inference system 

includes fuzzification of inputs and outputs with a knowledge base that contains the 

membership functions and the rule sets and the defuzification method to get the 

reasoned output values. In this research, a single input single output fuzzy inference 

system is used to decide the split for each approach. Four fuzzy inference systems are 

to be implemented in one intersection controller to decide each green phase for four 
approaches at the intersection. 

4.2.2 Fuzzification: 

Mamdani's fuzzy inference method [22] is the most commonly seen fuzzy 

methodology. Mamdani's method was among the first control systems built using 

fuzzy set theory. The fuzzification comprises the process of transforming crisp values 

into grades of membership for linguistic terns of fuzzy sets. The membership function 

is used to associate a grade to each linguistic term. 

Influence is taken as the fuzzy input. Since it has been set as a factor compared to the 

maximum possible influence, it gets a value in between zero and one. Fuzzification is 

the process by which system input is evaluated to determine the degree at which it 

belong to a particular fuzzy set, on a scale from 0 to 1. The system input has been 

categorized into five fuzzy sets as mentioned in Table 4.1. 

A membership function (MF) is a curve that defines how each point in the input space 

is mapped to a membership value (or degree of membership) between 0 and 1. The 

input space is sometimes referred to as the universe of discourse, a fancy name for a 
simple concept. 
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If X is the universe of discourse which is the influence which stands in between 0 to 1 

and its elements are denoted by x, then a fuzzy set A in X is defined as a set of 

ordered pairs [22], 

A = {x, nA(x) | x e X} 

The membership function nA(x) of the input influence categorization is taken as 

trapezoidal membership function, which has a flat top and really is just a truncated 

triangular curve. These straight line membership functions have the advantage of 

simplicity [8]. 

A M * ) 
Very Low 0 - 0 . 2 

Low 0 - 0 . 6 

Average 0 .2 -0 .75 

High 0 . 5 - 1 

Very High 0.8- 1 

Table 4.1- Membership values of the Input Influence 

In Figure 4.1, the membership functions with their values are graphically represented. 

The y-axis in Figure 4.1 represents the degree of truth from completely false (0) to 
completely true (1). The x-axis represents the range of input values for the particular 
system input. 

Average High 

input variable "Influence" 

Figure 4.1- Trapezoidal Membership Function for the Input Influence 
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The membership function |iA(x) of the output Split categorization is taken 

triangular membership function, which has a sharp top. 

A jiA(x) (Sec.s) 

Very short 0 - 9 

Short 1 0 - 2 0 

Average 2 5 - 3 5 

Long 4 5 - 5 5 

Very long 5 5 - 6 0 

Table 4.2- Membership values of the Output Split 

In Figure 4.2, the membership functions with their values for the output Split are 

graphically represented. The y-axis in Figure 4.2 represents the degree of truth from 

completely false (0) to completely true (1). The x-axis represents the range of output 

values for the particular system output 0 to the maximum of 60 sees.. 

Very^ort S h o r t A y e r a g e 

output variable "Split" 

Figure 4.2 -Triangular Membership Function for the Output Split 

The membership function is a graphical representation of the magnitude of 

participation of each input [8], It associates a weighting with each of the inputs that 

28 



are processed, define functional overlap between inputs, and ultimately determines an 

output response. The rules use the input membership values as weighting factors to 

determine their influence on the fuzzy output sets of the final output conclusion. Once 

the functions are inferred, scaled, and combined, they are defuzzified into a crisp 

output which drives the system. There are different membership functions associated 

with each input and output response. The membership functions associate a weighting 

factor with values of each input and the effective rules. These weighting factors 

determine the degree of influence or degree of membership (DOM) each active rule 

has. By computing the logical product of the membership weights for each active rule, 

a set of fuzzy output response magnitudes are produced. All that remains is to 

combine and defuzzify these output responses. 

Figure 4.3 represents the variation of Split according to the given influence. It can be 

noticed that with the increase of influence to the particular approach, the Split also 

increases accordingly. 

Figure 4.3 -Variation of Split Vs. Influence 
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4.2.3 Rule base: 

As inputs are received by the system, the rulebase is evaluated. The antecedent (IF X 

AND Y) blocks test the inputs and produce conclusions. The consequent (THEN Z) 

blocks of some rules are satisfied while others are not. The conclusions are combined 

to form logical sums. These conclusions feed into the inference process where each 

response output member function's firing strength (0 to 1) is determined. A firing 

strength for each output membership function is computed. All that remains is to 

combine these logical sums in a defuzzification process to produce the crisp output. 

Fuzzy sets and fuzzy operators are the subjects and verbs of fuzzy logic. These if-then 

rule statements are used to formulate the conditional statements that comprise fuzzy 

logic. A single fuzzy if-then rule assumes the form [22] 

if x is A then y is B 

where A and B are linguistic values defined by fuzzy sets on the ranges (universes of 

discourse) X and Y, respectively. The if-part of the rule "x is A" is called the 

antecedent or premise, while the then-part of the rule "y is B" is called the consequent 

or conclusion. 

In this research single input single output Fuzzy Inference System is used and hence 

simple five rules were developed. Therefore complex operators are not required to get 

the output value determined. Those rules are mentioned below. 

If influence is VERY LOW, then split is VERY SHORT 

If influence is LOW, then split is SHORT 

If influence is AVERAGE, then split is AVERAGE 

If influence is HIGH, then split is LONG 

If influence is VERY HIGH, then split is VERY LONG 

Rule evaluation is how Fuzzy Logic performs calculations. The fuzzy values produced 

membership functions are passed through the rule list to find the fuzzy output. The 

consequent specifies a fuzzy set be assigned to the output. The implication function 

then modifies that fuzzy set to the degree specified by the antecedent. The most 

common ways to modify the output fuzzy set are truncation using the min function 
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(where the fuzzy set is "chopped off ' ) or scaling using the prod function (where the 

output fuzzy set is "squashed"). Both are supported by the Fuzzy Logic Toolbox. 

Figure 4.4 represents the graphical representation of rule evaluation to a particular 

input value. 

\ 

Figure 4.4- Graphical representation of rule evaluation. 

In Figure 4.4, the way of split determination to the input value of the influence at 0.5 

is shown. When the influence is at 0.5, it gives a membership value of zero to the 

membership function VERY LOW. In the same way, it gets 0.45 of membership value 

from the membership function LOW, the maximum of "completely true" membership 

value 1 from the membership function AVERAGE and the membership value 0 from 

both membership functions HIGH and VERY HIGH. That grading is shown at the left 

hand side of the diagram. At the right hand side of the diagram, the split determination 

is shown according to each rule. At the bottom of the right hand side, it is shown the 

final determination of the split according to the averaging technique. After getting 

each split with reference to all of the rules mentioned above, they are averaged to 

determine the final best fit value for the output split. In this example it was determined 

as 24.3 seconds to be the split for 0.5 of the influence. 
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Interpreting if-then rules is a three-part process. This process is explained in detail 
below [8, 22], 

1. Fuzzify inputs: Resolve all fuzzy statements in the antecedent to a degree of 

membership between 0 and 1. If there is only one part to the antecedent, this is 

the degree of support for the rule. 

2. Apply fuzzy operator to multiple part antecedents: If there are multiple parts to 

the antecedent, apply fuzzy logic operators and resolve the antecedent to a 

single number between 0 and 1. This is the degree of support for the rule. 

3. Apply \implication method: Use the degree of support for the entire rule to 

shape the output fuzzy set. The consequent of a fuzzy rule assigns an entire 

fuzzy set to the output. This fuzzy set is represented by a membership function 

that is chosen to indicate the qualities of the consequent. If the antecedent is 

only partially true, (i.e., is assigned a value less than 1), then the output fuzzy 

set is truncated according to the implication method. 

The output of each rule is a fuzzy set. The output fuzzy sets for each rule are then 

aggregated into a single output fuzzy set. The logical product of each rule is inferred 

to arrive at a combined magnitude for each output membership function. This can be 

done by max-min, max-dot, averaging, RSS, or other methods. Once inferred, the 

magnitudes are mapped into their respective output membership functions, delineating 

all or part of them. The "fuzzy cento id" of the composite area of the member 

functions is computed and the final result taken as the crisp output. Tuning the system 

amounts to "tweaking" the rules and membership function definition parameters to 

achieve acceptable system response. Finally the resulting set is defuzzified, or 

resolved to a single number. 

Since decisions are based on the testing of all of the rules in an FIS, the rules must be 

combined in some manner in order to make a decision. Aggregation is the process by 

which the fuzzy sets that represent the outputs of each rule are combined into a single 

fuzzy set. Aggregation only occurs once for each output variable, just prior to the final 

step, defuzzification. The input of the aggregation process is the list of truncated 

output functions returned by the implication process for each rule. The output of the 

aggregation process is one fuzzy set for each output variable. 
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4.2.4 Determination of the single output: 

The final step in the Fuzzy Logic calculation is defuzzification, when the raw fuzzy 

outputs are evaluated to create a composite system output. 

Mamdani-type inference, which has been defined in the Fuzzy Logic Toolbox, expects 

the output membership functions to be fuzzy sets. After the aggregation process, there 

is a fuzzy set for each output variable that needs defuzzification. It's possible, and in 

many cases much more efficient, to use a single spike as the output membership 

function rather than a distributed fuzzy set. Hence a triangular shaped spike has been 

used as the membership function for the split as shown in Figure 4.2. This is 

sometimes known as a singleton output membership function, and it can be thought of 

as a pre-defuzzified fuzzy set. It enhances the efficiency of the defuzzification process 

because it greatly simplifies the computation required by the more general Mamdani 

method, which finds the centroid of a two-dimensional function. Rather than 

integrating across the two-dimensional function to find the centroid, we use the 

weighted average of a few data points. 

In the Fuzzy Logic Toolbox, there are five parts of the fuzzy inference process: 

fuzzification of the input variables, application of the fuzzy operator (AND or OR) in 

the antecedent, implication from the antecedent to the consequent, aggregation of the 

consequents across the rules, and defuzzification. 

Once proper weighting has been assigned to each rule, the implication method is 

implemented. A consequent is a fuzzy set represented by a membership function, 

which weights appropriately the linguistic characteristics that are attributed to it. The 

consequent is reshaped using a function associated with the antecedent (a single 

number). The input for the implication process is a single number given by the 

antecedent, and the output is a fuzzy set. Implication is implemented for each rule. 

The input for the defuzzification process is a fuzzy set (the aggregate output fuzzy set) 

and the output is a single number. As much as fuzziness helps the rule evaluation 

during the intermediate steps, the final desired output for each variable is generally a 

single number. However, the aggregate of a fuzzy set encompasses a range of output 

values, and so must be defuzzified in order to resolve a single output value from the 
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set. Perhaps the most popular defuzzification method is the centroid calculation, 

which returns the center of area under the curve. 

As shown in Figure 4.2, the split for the influence at 0.5 is determined in this way and 

the single defuzzified output split has been determined as 24.3 seconds. 

Four Fuzzy Inference Systems are implemented to decide each four splits at the 

intersection and the control strategy to control the changing traffic load at real time is 

discussed below. 

4.3 Control Strategy 

4.3.1 System Architecture: 

The basic structure of the proposed system includes one independent controller for 

each intersection. The functions that a system intersection controller performs are the 

following. 

• It reads the detector's state and hence it computes traffic flow information. 

• It computes the timing schedule for the intersection based on traffic flow. 

• It switches traffic lights on and off 

The whole system can be integrated in a programmable logic controller or in a micro 

controller. The number of inputs should be equal to the number of detectors and the 

number of outputs should be the number of light signals connected to that particular 

approaches. For the intersection shown in Figure 3.3, the system should include eight 

digital inputs module completes with twenty four outputs module integrated to the 

controller. 

Figure 4.5 denotes the block diagram of the control mechanism. Getting influence and 

the delayed cycle time as system inputs, the rule base determines the values for the 

approach split for each rule. They are aggregated and defuzzified to get a single value 

for the split. By totalizing four splits, the cycle time is determined. 
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Figure 4.5- Block diagram of the Control System 

4.3.2 Decentralized approach: 

Many adaptive traffic control systems developed in the world are centralized, network 

control systems. There one intersection controller is placed at the intersection and 

performs all functions and computations required at the intersection. The intersection 

controllers are connected to a central computer named master controller. Intersection 

controllers act according to the instructions given by the master controller and the 

master controller calculates the split, offset and cycle time required to the control of 

traffic load. Hence the total traffic grid is performed for a common cycle. Figure 4.6 

shows the way of the communication network built in many other traffic control 

structures, which are having a network control approach [2], 
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Figure 4.6-Master Slave Control Model 

In the proposed system, a decentralized method is introduced. Each intersection at the 

grid is having its own intersection controller and this controller calculates all the 

parameters such as split, cycle and offset required to control the traffic load at that 

intersection. Hence a master controller is not needed. As a result of this independency, 

intersections at the grid do not perform according to a common optimizing method 

and hence do not having common parameters at all. With decentralized control 

strategy, controller may be able to react to incident with short response time and in a 

proactive way. Since no master controller is required and not functioning according to 

a common algorithm for the whole grid, adding new intersections to the network 

increases only the computation loading on neighborhood intersections while rest of 

the network remains same. 

4.3.3 Prediction method: 

For proactive traffic control, it is important to predict vehicle arrivals, turning 

probabilities and queues at intersections, in order to compute phase timings that 

optimize a given measure of effectiveness [6, 23]. Considering the intersection shown 

in Figure 3.3, it has four approaches. Associated with each approach are several 

possible traffic movements of left turn, right turn and a through movement. Any non 
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conflicting combination of movements that can share the intersection at any one time 

can be assigned a single phase that allows those movements protected use of the 
intersection. 

In the proposed system, detectors are to be installed just after the neighboring 

intersections hence vehicles are get counted at the beginning of the path to the 

particular intersection. Thus, the vehicles will get a chance to be on travel after got 

counted by the relevant detector and the chance has been maximized to have the green 

phase get activated for the approach to enter, when they reach the intersection. As a 

result of that, the delay has been minimized. 

The vehicle flow pattern is identical to each intersection. If both cross roads have 

equal priorities as shown in Figure 3.3, High priority is given to the through 

movement and 15% of vehicle count is assumed to get left or right turns. But this 

should be differing from intersection to intersection. If one road gets more priority 

than the other crossed road as if it is a crossed lane, high priority is given to the main 

road and these turning vehicle percentages are to be got after doing an analysis of 

these vehicles movement on this intersection along peak hours. 

Two issues are important to predicting traffic flow. They are the length of the time 

horizon and the number of prediction points per time horizon, which is the prediction 

frequency [3], The prediction time horizon provides the real time traffic adaptive 

signal timing control logic with the ability to plan the future signal timing decisions. 

It is assumed as the traffic load at the current cycle time is similar to the load got in 

the previous cycle. If differences are there, it gives negligible effect since the longest 

cycle time allowed for all intersections .is 240 seconds. Hence considerable change 

cannot be predicted in adjacent time periods. Hence it uses the output of the detectors 

on the approach as inputs of the controller and inbuilt counters get the counted 

numerical values of the moved vehicles across the detectors. These counted values are 

taken for the next phase and cycle time prediction. The signal timing logic assumes 

that the vehicles arrive uniformly during the particular cycle time and were taken for 

next cycle calculations. 

4.3.4 Control mechanism: 

Figure 4.7 shows the control flow diagram of the control strategy. The system adapts 

its timing to traffic demands by continuously changing the cycle time. Each cycle may 

37 



have a different duration compared to the previous cycles. The cycle time is computed 

by the intersection controllers in a distributed fashion at the end of each cycle. The 

computation of that cycle time is based on traffic measurements taken during the 

previous cycle. The cycle time can change according to the traffic demand. 

Before the beginning of a traffic light cycle, the controller computes the influence 

according to the detector measurements during the previous cycle. From these 

influences, the optimal green phases for each approach are computed as described in 

chapter 3. 

At the initial start up, all the splits of all approaches are taken as 15 seconds and the 

cycle time is to be 60 seconds. The output timers are set in to these values and the 

light signals are energized accordingly. Starting from approach A, green phase is 

given 15 seconds each and rotates clockwise till approach D gets its green phase on. 

While the cycle is running, detectors energize their relay outputs for each vehicle 

passing across. These output values are the inputs to the controller and the counters in 

control program count these input pulses. Influence is calculated by the controller and 

the phase values are determined. By totalizing those four splits, cycle time is 

computed. After the determination of those splits, the output timers are given those 

split values and the counters are reset. Then the next cycle run is started with 

energizing the traffic signals for the determined time period at its green phase. After 

that cycle run finished, the timers are reset and the next cycle run is started. The same 

methodology continues and repeats on all subsequent cycles till the controller gets 

power off or any kind of fault detection. 

In order for a controller to compute the optimal timing for the next cycle, it must 

predict traffic conditions. Thus, the controller assumes that during the next cycle the 

distribution of arrivals will be exactly the same with that of previous cycle. For that 

reason, the controller keeps detailed information for the arrivals during the complete 

cycle time. 
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Figure 4.7- Flow Chart for Proposed Adaptive Control Mechanism 
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The strategy for determining green to each approach and repeating the same sequence 

of control program has been developed as shown in Figure 4.7 and the simulation 

model with simulation results for a set of data and comparison results against the 

existing fixed time traffic control system are described in the next chapter. 
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