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Abstract

Traffic congestion is a perennial issue for most cities. Various artificial
intelligence (Al) algorithms, which can categorize as deterministic and
metaheuristic algorithms have been suggested to mitigate congestion.
Although traffic flow is dynamic and stochastic in nature, most of the
previous works evaluated the algorithms with a deterministic or non-
stochastic traffic flow pattern. As such, the adaptiveness of those Al
algorithms in dealing with stochastic traffic flow patterns is yet to be
investigated. Therefore, this paper aims to explore the feasibility of both
algorithm types in controlling stochastic traffic flow. In this work, a
benchmarked traffic flow model is modified and developed as the
simulation platform with the parameters extracted from the guidelines
of Public Works Department Malaysia (JKR). Normal distribution
function is embedded in the developed model to simulate non-uniform
headway for inflow and outflow vehicles. Two commonly used
algorithms, namely Fuzzy Logic and Genetic Algorithm are proposed
as the adaptive controller to optimize the traffic signalization based on
the instant stochastic traffic demand. The simulation results show the
metaheuristic algorithm performs better than the deterministic
algorithm. The mutation mechanism of the metaheuristic algorithm
improves the exploration ability of the algorithm in seeking the
optimum solution within the solution space without bounded by a set of
fixed-computational rules.
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1. INTRODUCTION

The challenge of traffic congestion is a perennial issue for
most countries, especially for those countries with a low modal
share of public transport. This issue is exacerbated by rapid
motorization and under-investment in infrastructure. As a result,
congestion undermines the benefits of urbanization. Based on a
study of the World Bank, Malaysia had lost 24.7 billion ringgits
due to traffic congestion. Most of the losses were caused by travel
delay, which was 19.6 billion ringgits or equivalent to 79.4% [1].

Due to the space constraint [2] and low modal share of public
transport [3] in most of the Malaysian cities, traffic signal
optimization has become the most cost-effective way to mitigate
the local congestion issue [4]. Various artificial intelligence (Al)
algorithms were proposed in the literature to relieve congestion
[5]-[10].

Generally, all the reported algorithms can categorize into two
types, namely deterministic and metaheuristic algorithms. The
deterministic algorithm, such as Fuzzy Logic [11] [12], Artificial
Neural Network [13] [14] and Q-Learning [15] [16], is an
algorithm which will always produce the same output if given by
a particular set of input, whereas the metaheuristic algorithm, such
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as Genetic Algorithm [17] [18], Particle Swarm Optimization [19]
[20] and Ant Colony Optimization [21] [22], is a partial search
algorithm that may provide an adequately optimized solution.

However, the simulated performances of these reported
algorithms were evaluated based on a non-stochastic traffic flow
model [23]. Although the actual traffic flow is dynamic and
stochastic, most of the previous works still defined the charging
and discharging rates of a traffic network as a fixed flow pattern
[24]. The headway between two consecutive vehicles is usually
defined as a constant. As such, the adaptiveness of those reported
Al algorithms in controlling stochastic or non-deterministic
traffic flow patterns is yet to be investigated.

Therefore, this paper aims to explore the feasibility of both
deterministic and metaheuristic algorithms in controlling
stochastic traffic flow. This work proposes Fuzzy Logic and
Genetic Algorithm as the deterministic and metaheuristic
approaches respectively to optimize the traffic signalization. Both
algorithms are selected because they are the most common
techniques reported in the literature.

A benchmarked traffic flow model is developed [25] as the
platform to examine the functionality of both proposed
algorithms. Normal distribution function [26] is embedded in the
benchmarked model to improve the model by simulating non-
uniform headways for inflow and outflow vehicles. The model
parameters, such as geometric design, signal timing and saturation
flow, are extracted from the guideline of Public Works
Department Malaysia (JKR) [27] so that it can represent the traffic
flow in Malaysia.

In this work, traffic demands are limited close to the network
capacity to avoid the whole network collapse due to oversaturated
conditions. Besides, the predetermined saturated traffic demands
can effectively assess the feasibility of both the proposed
algorithms in controlling stochastic traffic flow. If the algorithm
is less adaptive, it is unable to clear all the vehicles at the
intersection in every signal cycle. As a result, the queued vehicles
will keep increasing as time and eventually cause the whole
network collapse.

This paper is organized as follows: section 2 discusses the
modification of traffic network modelling; section 3 explains the
development of both proposed algorithms; section 4 presents the
results and discussion and section 5 concludes the findings of this
paper.

2. METHODOLOGY

This section discusses the development of traffic network
model. An arterial traffic network along Jalan UMS, Kota



MIN KENG TANA et al.: A COMPARISON STUDY OF DETERMINISTIC AND METAHEURISTIC ALGORITHMS FOR STOCHASTIC TRAFFIC FLOW OPTIMIZATION UNDER

SATURATED CONDITION

Kinabalu, Malaysia is modeled as the platform to investigate the
feasibility of both the proposed algorithms. The location of
signalized intersections is circled in the map, as shown in the
upper part of Fig.1. The distance between each intersection is
1km, 2km and 3km respectively. The bottom part of Fig.1
illustrates the number of lanes for each approach at every
intersection with the traffic flow directions. The Table.1 tabulates
the geometric parameters.

In order to simulate non-uniform headway traffic flow
behavior, the normal distribution function [26] is introduced to
simulate the inflow and outflow traffic flows, as shown in Eq.(1).

(a-9)°
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where, g is the inflow/outflow rates, q
inflow/outflow rates, o is the standard deviation.

The Eq.(2) shows the cumulative density function (CDF),
where x is the inflow/outflow vehicle. A random number will be
generated randomly, the g has the smallest CDF value that is
higher than the generated random number [26].

Fa)=]" f(a)dt=1(x=q)

is the average

)

Table.1. Geometric Parameters

Parameter Value
Grade (terrain level) 0.0%
Width of lane 3.25m
Width of median 1.00m

0.00°
18.0m
12.5m

Horizontal alignment angle

Left-turning radius

Right-turning radius

ntersection 2

44
o © o
W3 2

To Kota
Kinabalu City

Fig.1. Arterial traffic network along Jalan UMS [28]

3. ADAPTIVE SIGNAL CONTROLLER

This section discusses the development of deterministic and
metaheuristic-based traffic signal controller.
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3.1 FUZZY LOGIC BASED SIGNAL CONTROLLER

Fuzzy Logic as a semantic rule-based algorithm is employed
as the computational algorithm to determine the optimum traffic
signal timings. It calculates the suitable cycle time based on the
critical demands of all traffic phases and then allocates green
timing based on the inflow vehicles fraction of each traffic phase.

The Fig.2(a) shows the framework of Fuzzy Logic based traffic
signal control system. Generally, Fuzzy Logic consists of four
mechanisms, namely fuzzification, rule base, inference and
deffuzification [29]. The framework of Fuzzy Logic is shown in
Fig.2(b).

The fuzzification consists of several appropriate defined
membership functions to describe the crisp data. A membership
function is a curve that defines how each point in the input space
is mapped to a membership value. The input space is referred to as
the universe of discourse. During the fuzzification process, the
controller will convert the crisp input values, which are inflow
vehicles and the number of vehicles in queue, to fuzzy set values.
The conversion process is based on the corresponding membership
degrees, which is in between 0 and 1.

Rule-base is a collection of if-then rules. It maps the fuzzy
inputs with the respective fuzzy outputs. In this work, all rules
contain all the information about how to tune the cycle time. Based
on the inputs, each computation may execute three to four rules in
the rule-base. The inference engine is used to deduce a logical
conclusion using the rule base. The inference engine formulates
the mapping from the given inputs to an output using the concept
of fuzzy logic. In this work, Mamdani system is used.

Fuzzy Logic
to.tg and
R :
Inflow Signalised 1 | Outflow
vehicles intersection vehicles

Inflow vehicles
from upstream
intersections

Traffic network

To downstream <
intersections

Fm e e e e e

Fig.2(a). Control diagram of Fuzzy Logic based signal controller

Defuzzification is the process of determining a quantifiable
result based on the given rules and membership degrees. In
contrast to the fuzzification, this process converts the fuzzy values
into a crisp output data. During the defuzzification, AND function
will be used in the implication process to determine all the
truthness degrees for each rule. Then, it will aggregate all the
truthness degrees based on OR function to form a single geometric
shape, the total area of the created shape, and determine the
centroid of the shape. This centroid value is the output of Fuzzy
Logic or equivalent to the optimum cycle time. Finally, the
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algorithm will allocate the suitable green timing based on the
actual demand of each traffic phase.

Rule-Base

Y
Inference Engine
(Decision Making)

Y

Inputs Fuzzification —>

Y

Defuzzification

Y
Cycle Time

A 4
Green Time

Fig.2(b). Framework of Fuzzy Logic

3.2 GENETIC ALGORITHM BASED SIGNAL
CONTROLLER

Genetic Algorithm (GA) is an algorithm that exploits
probability search method to optimize traffic signalization based
on the Darwinian evolutionary theory: Survival of the fittest [30].
The Fig.3 illustrates the framework of GA, where GA consists of
three  mechanisms, namely initialization, evaluation and
reproduction.

During the initialization stage, 50 chromosomes are randomly
generated and each of them is encoded with the information of
optimum cycle time for each traffic phase. Since this work has
considered pedestrian crossing time, the cycle time is bounded in
between 45s and 120s, as suggested by JKR manual.

The evaluation mechanism calculates the fitness of each
chromosome. A novel metamodel and fitness function are
designed, as stated in Eq.(3) and Eq.(4) respectively, to estimate
the performance of each chromosome in minimizing the traffic
delay. In this work, chromosomes that lead to the smallest travel
delay will receive the highest fitness value as a reward, otherwise,
the chromosome will receive lower fitness value.

Z(td “Gin )

XY

R==

Y

where tq is travel delay, gin is inflow vehicles, R is the fitness value
or reward value.

The reproduction process can further divide into two parts,
namely crossover and mutation. During the crossover process,
chromosomes with higher R are preferentially to be selected as
parents. The rank selection technique is implemented to keep
diversity in the mating pool so that pre-mature can be avoided.
With a predefined crossover probability, Py, both selected parents
will proceed with the crossover process, as described in Eq.(5)
and Eq.(6).

offspring_1 = (a)(parent_1) + (1-a)(parent_2)

®)

(4)

®)
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offspring_2 = (1-a)(parent_1) + (a)(parent_2)
where « is the crossover factor.

Initialize the potential
solutions (chromosomes)

(6)

Evaluate the fitness a
of each chromosome

Finish evaluate all
chromosomes?

Reach stopping
criterion?

Er P

Generated rand.
num. < P,?

Determine
optimum
solution

Crossover

Generated rand.
num. < Pp,?

No. of offspring =
population size?

End

Fig.4. Framework of Genetic Algorithm

The mutation mechanism is used to keep diversity in the newly
produced offspring population. All the offspring will have a small
mutation probability Py, to mutate its chromosome. If the mutation
occurred, a random value within the solution space will be
generated and replaced to the respective offspring.
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4. RESULTS AND DISCUSSION

The robustness of both proposed algorithms is tested under
two cases, namely deterministic traffic flow and stochastic traffic
flow. The performances of Fuzzy Logic (FL) under the two cases
are shown in Fig.4 and Fig.5, whereas the performances of
Genetic Algorithm (GA) under the same cases are illustrated in
Fig.6 and Fig.7. The performance measurements of these results
are tabulated in Table.2.

From the observation (Fig.4 and Fig.6), the performances of
queue dissipation for both FL and GA are very similar. They are
able to maintain the average queue length and average delay at the
minimum level. However, the GA is slightly better than FL since
it can minimize the travel delay below 60s while the travel delay
with FL controller is near to 60s. From the results, the queue at
the critical intersection is discharged by compromising the
interest of other intersections. For example, Fig.6(b) @t=500s,
GA compromises the interest of Intersections 2, 4 and 8 to reduce
the queue at Intersection 6. As such, the delay at Intersection 6
can be distributed to other intersections, thus the average delay for
the entire network can be reduced.

As shown in Fig.5, FL is inadequate to cope with the
stochastic traffic flow. The ineffectiveness of FL in clearing all
the queued vehicles in each cycle (Fig.5(a)) has resulted in the
accumulation of vehicles within the network. The number of
vehicles in queue keeps on increasing with time and eventually
might cause the entire network collapse.

In contrast to FL, GA has shown better performance in the
second case study, where it can maintain the queued vehicles at
the minimum level, as illustrated in Fig.7(a). Since the average
delay is directly proportional to the queue length, the average
delay experienced by the GA is also kept at the minimum level,
as shown in Fig.7(b).

From the Fig.6 and Fig.7, it can be observed that GA has
shown similar performance in both cases. This shows that GA is
able to determine the near-optimum solution with a partial
knowledge about the traffic flow pattern.
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Fig.4. Performance of FL with deterministic traffic flow

Average Queue
T T

I 1 I I !
1500 2000 2500 3000 3500

Time (s)

] 560 10|00
(a) Average queue

Average Delay
140 T T

Delay (s}

I I 1 1 1
1500 2000 2500 3000 3500

Time (s)

(b) Average delay

0 1 1
0 500 1000

Fig.5. Performance of FL with stochastic traffic flow

Overall, GA improves the network flow by reducing 3.8% in
average delay under the second case study as compared to FL
(Table.2). With the mutation mechanism, GA is able to have
better exploration in solution space because it is not constrained
by a deterministic computation process.
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In contrast, FL computes the solution based on the fixed
computation procedure. It follows the predefined rules and
membership function in computing the centroid of an aggregated
geometric shape. When the traffic condition changed to stochastic
behavior, FL might need to re-tune its membership function so
that it can describe the scenario more accurately. In this paper,
since the rules and membership functions of FL are non-adaptive,
it can be observed that the FL is inadequate to cope with the case
which differs from its nominal settings. As a result, the queue
keeps on increasing until the entire network collapses.

In conclusion, the deterministic algorithm with fixed
computational procedure is inadequate to cope with a stochastic
traffic scenario, while the metaheuristic algorithm with the
mutation mechanism may be able to seek the optimum solution
by having a wider exploration in solution space.

Table.2. Summary Table

Measured Parameters Fuzzy Logic GA
Parameter Unit DT ST DT ST
vehin veh |48.010|48.001|48.003|48.007
vehout veh |47.244|47.178(47.272|47.257
ve_hq veh 8.166 | 8.378 | 7.761 | 8.019
Travel delay S 56.673|57.203|53.851|55.045
Fuel wastage £ 846.5 | 854.3 | 804.2 | 822.1
Remarks: DT: Deterministic traffic flow, ST: Stochastic traffic flow
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Fig.6. Performance of GA with deterministic traffic flow
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Fig.7. Performance of GA with stochastic traffic flow
5. CONCLUSION

This paper has discussed the performances of deterministic
and metaheuristic algorithms in controlling stochastic traffic flow.

A benchmarked arterial traffic is developed as the platform for
the study. Normal distribution function is embedded in the model
to allow the model to simulate a non-uniform headway for inflow
and outflow vehicles. As such, this non-uniform traffic flow
pattern will pose more challenges to the artificial intelligence (Al)
in determining optimum solution under a stochastic scenario.

Two commonly used Al algorithms, namely Fuzzy Logic (FL)
and Genetic Algorithm (GA), are proposed as the adaptive signal
controllers in this work. FL represents the deterministic
algorithm, whereas GA represents the metaheuristic algorithm.
The adaptiveness of both the proposed algorithms are tested under
two cases, which are the conventional deterministic and the
stochastics traffic flow patterns.

The simulation results show that both proposed algorithms
have similar performance under the first case study. Since the
traffic flow pattern is in a fixed-pattern, both algorithms can
minimize the average delay at minimum level. This is also
because the parameters of both the algorithms are well-tuned with
the case, and then tested with it again. This scenario is similar to
using the training set data to train the algorithm and then using the
same data to examine its feasibility.
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Under the second case study, FL is inadequate to handle the
stochastic traffic flow. As a result, the queued vehicles
accumulate in every cycle and eventually cause the entire network
to collapse. On the other hand, GA has shown better performance.
With the mutation mechanism, GA is able to explore the solution
space without being bound by the fixed-computational procedure.

In the future, GA can be improved by introducing an adaptive
metamodel in its fitness function.

Table.3. Glossary

Definition
Maximum flow rate during a specified time
A complete sequence of traffic signal indications
Extra travel time experienced by each vehicle
Number of vehicles desiring service on the road

Glossary
Capacity
Cycle
Delay
Demand

Headway|Distance between two consecutive vehicles
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