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Abstract

This thesis presents and tests different approaches for optimizing traffic signal
timings using genetic algorithms in order to optimize traffic flow. Three approaches
are designed and tested, which differ in how they handle traffic variability. Two of the
approaches exist in past literature; the last approach is the novelty of our research.

The approaches are implemented with the help of Distributed Evolutionary
Algorithms Python (DEAP) module for python and Traffic Simulation Framework,
provide by Dr. Pawel Gora. The approaches are tested by varying simulation
parameters, such as simulation time and optimization parameters such as number of
time intervals. Performance is measured in terms of total waiting time for simulated
cars. The proposed approach failed to perform satisfactorily due to a large search
space resulting in poor convergence of the genetic algorithm.
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Introduction

Traffic congestion is a globally occurring problem that results in a massive waste of
resources. More than often, the congestion is repetitive and occurs as a result of the
increase in inflow from certain sources. Current traffic management methods are far
from efficient. As of right now, in many cities, the traffic signal timings are constant.
They don’t change depending on the traffic conditions. Managing traffic signal
timings based on traffic conditions is an efficient way of reducing traffic congestion.
Genetic algorithms can be used to optimize traffic signaling based on changing traffic
conditions and have been shown to be more efficient compared to other evolutionary
strategies [6].

There have been many researches that attempt to use genetic algorithms to optimize
traffic signal timings. However, they mostly focused on real time control based on
existing traffic conditions. Due to the time constraints of real time control, the
simulation time for most of the researches was only of the order of a few minutes.
Actions on traffic signals can have long term consequences that are overlooked when
using short time simulations. Furthermore, this approach fails to capitalize on the
history of traffic, which can help in managing traffic more efficiently. The difficulty
of optimizing traffic signaling over a long period of time arises due to the
computational difficulty of running repeated simulations over long durations of time
over a large area. It has been shown that expanding the area considered yields better
optimization results [4], and increasing simulation time will allow the genetic
algorithm to find better solutions. However, the potential of using genetic algorithms
for traffic optimization hasn’t fully been realized due to the time complexity issues.

In our project, we attempt to overcome this obstacle by creating generic traffic light
signal timings for an area during certain periods based on historic traffic data.
Furthermore, we are going to be optimizing time series of signal timings, this way, the
timings respond to the way that traffic changes. We use these settings as a basis for
future optimization, i.e. use these settings to evolve settings to fit future scenarios.
This gives us the benefit of conducting longer simulations to optimize traffic, without
having to conduct such long simulations during real-time control. During real-time
control, we generate new timings based on the generic timings using much shorter
simulations, hence improving computation time.



Thesis Structure

This thesis consists of seven chapters which are arranged as follows:

Objectives and problem description: Defines the problem that we are trying to
deal with and establishes the objectives and scope of the research

Related works: Examines several other publications related to optimization of
traffic signal timings

Background knowledge: Covers topics necessary in order to understand the
thesis

Approach: Covers different approaches that were experimented with to
optimize traffic flow

Implementation: Describes the implementation of the components necessary to
carry out the required experiments and appropriately display the results
Experimental results: Displays the results obtained from our experiments
Conclusion: Discusses the results and concludes the thesis



Chapter 1

Objectives and Problem Description

1.1 Problem statement

Genetic algorithms can be used to efficiently optimize traffic signals and reduce
traffic congestion; however, the time complexity of the task is too high to be practical.

1.2 Problem Description

One of the most cost-effective ways of managing traffic is optimizing traffic signal
timings. Genetic algorithms can be used to find near optimal traffic signal timings.
However, prior researches on the application of genetic algorithms to the traffic
setting problem have had limited results due to the computational complexity of
simulating traffic. As a result, optimizing traffic over long periods of time has proven
to be problematic. This project aims to overcome this obstacle by performing the
computations for long term traffic control prior to real time control and formulating a
traffic control strategy. Then using a real time algorithm to adapt to the pre computed
long term strategy. The application of this method is expected to reduce the total
waiting time of cars by more than 20% for the area considered.

1.3 Objectives

We have established the following major objectives for our project:
1. Gather travel speed data for roads in the selected region:

This data is going to be used to initialize and alter the simulations, as well as to
understand the variability of traffic, which we will attempt to simulate.

We are going to acquire the travel speed data at roads near intersections using the
TomTom traffic API. Then we will have to use that data to derive information
about traffic flow at different time intervals. This information is meant to guide
the traffic flow during simulations.

2. Set up traffic simulation model:
In order to use evolutionary algorithms, we need a mechanism to predict the
fitness of a solution. We are going to need a traffic simulation model that can
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accurately predict traffic conditions based on changing traffic inflow and changing
traffic light signaling.

Thus far, we have acquired permission to use the traffic simulation framework
developed by Pawel Gora. Traffic simulation framework is an advanced tool for
simulating and investigating real vehicular traffic in cities [8]. In the event that the
time complexity of the task prevents the usage of traffic simulation framework,
we will have to look into developing a mesoscopic traffic simulation model.

3. Implement algorithms to optimize traffic flow in simulation:

We need to implement algorithms capable of improving the fitness of the
simulated traffic. In this project, we are going to use genetic algorithms to
optimize traffic flow. The details about the function and implementation of the
genetic algorithms are given in the chapter 4.

4. Experiment with different optimization algorithms;

We are going to experiment with our proposed approach and other methods of
optimizing traffic, to determine the merits of our proposed approach. The details
about the experiments are given in the 5th chapter.

S. Implement GUI:

In order to visualize the changes to traffic as the genetic algorithm progressively
generates better signal timings, we are going to need a GUL The GUI is meant to
provide a visual representation of the optimization process, as well as to give the
user control over the optimization process.

1.4 Scope

The following defines the scope of the research:

® Develop GA based algorithms capable of determining traffic signal timings
that reduce waiting time for cars in a simulation

* Different algorithms will be compared in their ability to reduce waiting time
with changing experiment parameters

e Traffic Simulation Framework will be used to simulate traffic, limiting the
area of simulation to Warsaw and optimization period to 1 hour



Chapter 2
Related Works

The problem of optimizing traffic flow using traffic light signaling is a complex one
and has been researched often. Many methods have been tested in their capability of
optimizing traffic. These Methods include reinforcement learning, genetic algorithms,
swarm algorithms, neural networks, organic computing and fuzzy logic [3]. For our
project, we focused mostly on genetic algorithms. Most of the papers researched in
this literature review focus on the application of genetic algorithms and different
traffic simulation methods to the traffic optimization problem. ‘

[3]: In this paper, Pawel Gora uses a genetic algorithm to optimize the flow of traffic
using traffic simulation framework. The major shortcoming of the approach was the
low simulation time of 600 seconds. This was due to the computational complexity of
the simulations that were microscopic in nature. Microscopic models are models that
continuously or discretely predict the state of individual vehicles [2]. As a result, the
improvement in traffic conditions was only minor (3.1%).

[4]: This paper builds upon the work of Pawel Gora. It used a modified version of the
traffic simulation framework and a high performance computing cluster to overcome
the computational limitations. The results obtained were slightly better than in [3].
However, the results were still not satisfactory, in spite of running much more
iterations of algorithms (50 populations). The results obtained after using a
mesoscopic traffic simulation were much better. A significant result of this research
was the impact of the area simulated and the area used for computing fitness.
Performance is improved by expanding area optimized and reducing area for
computing fitness.

[5]: This paper also focuses on real time control of traffic by using genetic algorithms
to optimize traffic in a microsimulation. The scale of the simulation however, is
smaller. The simulation model consisted of only six intersections with one way roads.
The results from the prior paper show that optimization will not yield successful
results when considering a small area; this is reflected by the fluctuations in the graph
of performance and generation number in this paper.

[6]: A graph model is used to represent traffic in this research. They devise a branch
and bound algorithm to obtain the optimal solution [6], this method takes a very long
time in case of large graphs though. The paper also explores the effects of using other
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evolutionary algorithms such as genetic algorithms, particle swarm optimization and
ant colony optimization. Amongst the tested evolutionary algorithms, genetic
algorithms had the best performance.

[7]: In this paper, a genetic algorithm is used for real time optimization. But the
algorithm also takes into account the importance of a road in the intersection. The
parameter optimized is the total number of cars on a road. The results compared the
efficiency of the genetic algorithm in comparison to a fixed timing system. The
improvement was of almost 22%. That seems too good, in comparison to prior papers.
We suspect that this improvement is due to the different models; similar to the
improvement of performance in [4] when a mesoscopic model was used instead of a
microscopic one.

[15]: Instead of optimizing traffic using just traffic light signal timings, this paper also
examines the impact that optimizing individual car routes can have on overall traffic.
Tests were performed to see how route optimization and signal timing optimization
affected optimization in general. The results showed that optimizing traffic signaling
in conjunction with traffic routes is a promising way to optimize traffic.

[16]: This research applies high performance computing and genetic algorithms to
traffic optimization. It also presents an extensive analysis of the impact of different
fitness functions on traffic optimization as well as the correlations that exist between
the fitness functions. The paper was suggestive of using multi-objective fitness
functions to optimize traffic.

The reviewed papers tend to mostly focus on short term control of traffic based on the
current traffic conditions. There are two shortcomings of this approach. Firstly, traffic
congestions have a tendency to repeat, optimizing based only on current traffic
conditions fails to capitalize on this property of traffic. Secondly, actions on traffic
have long term consequences that real time control will fail to consider. Real time
control forces the use of short term simulations due to computational cost of long term
simulations. Hence, we propose a new strategy for traffic optimization that formulates
a long term strategy and focuses on short term adaptation to the strategy.



Chapter 3
Background Knowledge

This chapter elaborates on knowledge that might be needed to understand our project.
This chapter is broken down into the following subsections:

Traffic simulation.

Traffic Simulation Framework.

Genetic algorithms.

Current state of traffic control in Thailand.

3.1 Traffic Simulation

Traffic Simulation is a mathematical model of transportation system that evaluates the
patterns of traffic behavior. The model usually accepts census data as an input and
generates the estimated behavior of the traffic situation [11].

3.1.1 Types of Simulation Models

Traffic simulation models can be classified based on various criteria. They are usually
classified based on the following criteria [12]:

e Criterial: Based on how the elements describing a system change their state,
traffic simulation models can be classified as continuous or discrete.

o Criteria2: They can also be categorized by the type of processes represented
by the model, into deterministic model and stochastic model.

* Criteria3: The level of detailing is another basis used to classify models.
According to this basis, the traffic simulation model is classified into
macroscopic model, mesoscopic model, and microscopic model.

Classification based on criterial

* Continuous Model is a model which the state of the system continuously
changes as shown in Figure 3.1.

* Discrete Model is a model which the change in the state of system occurs at
discrete point of time as shown in Figure 3.2.
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Figure 1: Continuous Model, taken from [13]
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Figure 2: Discrete Model, taken from [13]

Classification based on criteria2

® Deterministic Model represents a fully determined result by non-probabilities
or non-random parameters. The model usually represents worst case analysis
of the system.

* Stochastic Model includes probability or random parameter. The same set of
parameters could lead to dissimilar output.

Classification based on criteria3

e Macroscopic Model describes the traffic as overall detail of the intersections.
In macroscopic model, three main characteristics those describes the traffic
condition are speed, flow, and density. The scope of simulation in
macroscopic models is significantly smaller than other types of models; hence
the computational complexity of macroscopic models is significantly lower
than microscopic models.



* Microscopic Model considers the interactions between vehicles in the stream.
In microscopic model, there are many more parameters describing the
behavior as compared to macroscopic model, resulting in longer simulations.
The data parameters could be flow, density, speed, travel and delay time, long
queues, stops, pollution, fuel consumption and shock waves. The level of
detail involved also means that microscopic simulation models tend to be
more accurate to real life traffic.

® Mesoscopic Model describes traffic information of small groups of vehicles or
area. There are two methods of this model which are platoon dispersion and
vehicle platoon behavior. Platoon dispersion is a phenomenon where a platoon
moves downstream from an upstream intersection, and the vehicles scatters
due to the increase of distance occurring by the vehicles speed, its interaction,
and other interference. Vehicle dispersion describes a group of vehicles which
travels at the same speed and short time headway.

3.2 Traffic Simulation Framework

The Traffic Simulation Framework is an advanced tool for simulating and
investigating real vehicular traffic in cities [8]. The TSF model is a cellular
automaton-based model inspired by the Nagel-Schreckenberg model for simulating
highway traffic.

3.2.1 Nagel-Schreckenberg model

The Nagel-Schreckenberg model simulates traffic on a single lane. The road is
represented as a tape, divided into cells. At any time, each cell in the model can be
occupied or unoccupied by a car. The state can be represented by two variables, the
positions of all the cars, and the velocities of all the cars. The velocity of a car is an
internal property that can take a limited number of discrete values. The simulation
progresses in discrete states, the next state can be obtained from the current state by
applying the following rules to all cars at the same time:

® Acceleration: The velocity of the vehicle v is advanced by [v-=>v+ 1) ifits
velocity is lower than the maximum velocity and if the distance to the next car
is larger than v + 1.

¢ Slowing down (due to other cars): If there is a vehicle at site i and a vehicle at
site i+ and j <v then the vehicle at site i reduces its speed to j —
1[v-j—1].

* Randomization: The velocity of each vehicle is decreased by [vov-1)
randomly based on probability p.

e Car motion: Each car moves forward v sites at each step.

The above rules are taken from [10]



3.2.2 TSF model

The TSF model inherits the properties of the Nagel-Schreckenberg model and
introduces more details in the simulation, to more accurately simulate traffic. The
novelties of the TSF model are as follows:

® The road network is a directed graph.

* The position and velocities of cars are not discrete.

® Each car has a pre-selected route calculated using the A* algorithm based on
starting point and destination.

® The road network supports roads with multiple lanes.

e There are different classes of roads, cars on the same road classes behave
similarly.

* Every driver has its own profile which affects the behavior of the car.

® Certain crossroads have traffic signals; the traffic signals on the same
crossroad are synchronized.

® The vehicle’s slow down before crossroads depending on the route of the
vehicle and can also change lanes.

® The movement of the vehicles is similar to that in the last step of the Nagel-
Schreckenberg model.

The above details are taken from [8].

3.2.3 Traffic Simulation Framework

The Traffic Simulation Framework is an advanced software based on TSF model that
can be used to simulate and investigate traffic in cities. The Traffic Simulation
Framework can simulate up to 1000000 cars on a road network in real time using a
standard desktop machine [8]. As of right now, the Traffic Simulation Framework
only provides simulations in the road network of Warsaw. The main functionalities
provided by the software are as follows:

e Graphical user interface.

e Traffic simulation with route generation for drivers and modifiable traffic
settings.

e [Editing distribution of start points and destination points.

* Specifying streets and areas which should be monitored during simulation.

e Showing traffic state during simulation.

The above details are taken from [9].
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3.3 Genetic Algorithms

3.3.1 Concept

Genetic algorithm is a class of evolutionary algorithms used in computational
mathematics to solve optimization and search problems. Evolutionary algorithms
were developed based on some phenomena in evolutionary biology, including
genetics, mutation, natural selection, and hybridization. For an optimization problem,
candidate solutions (called individuals) can be abstractly represented as
chromosomes. Traditionally, binary representations (strings of 0 and 1) have been
used, but other representations can be used. Evolution begins with a population of
completely random individuals out of which the best individuals are used to generate
new better populations.

3.3.2 Terminology

Gene: A gene is a value that is used to represent some characteristic of an individual.
For example, if there is a string S=1011, then the four elements 1, 0, 1 and 1 are
called the genes. Their values are called the Alleles.

Chromosome: Chromosomes can also be called individuals. A chromosome
represents a solution and is formed by joining together genes.

Generation: In GA, a new hypothesis collection consists of previous assumptions, by
selecting the complete chromosome (usually has a high adaptability) in order to move
forward to a new generation of unspoiled (choice), by turning the existing complete
chromosome and move it forward to a new generation (mutations), or the most
common is, through the use of existing genes as the parent children cultivate a new
generation of chromosomes.

Crossover: The crossover method is used after selection to breed subsequent
generation. There are many different crossover operators that can be used to create
new individuals by mixing the genes of the parent individuals.

Selection: The goal of selection is to ensure that the best performing (highest fitness)
individuals are used to produce the next generation. In selection, a certain number of
the best individuals are selected from the population, to be used for subsequent
population generation.

Mutation: As in biological terms, mutations are used in GA to push the hypothesis to
the optimum. Often used with caution, the mutation only flips the bits of the random
gene and pushes the entire chromosome toward the offspring, a strategy that evades
potential local minima.

12



Fitness: The degree to which each individual adapts to the environment is called
fitness. In order to reflect the adaptability of chromosomes, a function that can
measure each chromosome in the problem, called the fitness function, is introduced.

3.3.4 Computing process
The basic process of genetic algorithms is as follows:

* Initialization: Set the generation counter =0, and randomly generate M
individuals as the initial population P(0).

* Individual evaluation: Calculate the fitness of each individual in the
population P(t).

e 9

® Selection: apply the selection operator to the group. The purpose of the
selection is to obtain the best individuals from a population. The selection
operation is based on the fitness assessment of the individual in the group.

® Crossover: The crossover operator is applied to the population. By applying
crossover to the selected individuals, we get a new population that includes the
descendants of the selected individuals.

* Mutation: The mutation operator changes the gene values at certain locations
of an individual’s strings. The population P(t) is subjected to selection,
crossover, and mutation operations to obtain the next generation population
P@41D).

® Termination condition judgment: The termination condition can be based on
time taken, fitness of best individual or the number of generation. Once the
termination condition is met, the individual with the greatest fitness obtained
in the evolution process is output as the optimal solution, and the calculation is
terminated.

3.3.5 Problem domain

Problems that seem particularly suited to genetic algorithms include optimization and
scheduling problems. As a general rule of thumb, genetic algorithms may be useful in
problem domains with complex adaptive patterns, namely, mutations associated with
crossing, designed to keep populations away from local optimization, and traditional
hill-climbing algorithms may be stuck observing that commonly used crossing
operators cannot alter any uniform population. A single mutation provides the
ergodicity of the entire genetic algorithm process (seen as a markov chain).

13



3.3.6 Disadvantage

e The coding is not standardized and there is an inaccuracy in the representation
of the code.

* A single genetic algorithm encoding cannot fully represent the constraints of
the optimization problem. One way to consider constraints is to use thresholds
for infeasible solutions, but then, the computation time will increase

® The genetic algorithm is prone to premature convergence.

® Genetic algorithm has no effective quantitative analysis method for the
accuracy, feasibility and computational complexity of the algorithm.

14



Chapter 4
Approach

In order to use genetic algorithms (GA) and traffic simulations to optimize traffic, we
need to define a genotype for the GA.

Definition 1: Let A = {A;,A, A, ... A} be the sct of traffic lights at a single
crossroad. Representant of the set A is any element of the set A. It will be marked as
r(A). Representant of any element A; € A is r(A): VA; € A.(A;) = r(A). The choice
of representant is important, because different representants will yield differing signal
timings, however, the eventual result will be the same change in fitness, even though
the genotype might look different.

Definition 2: Let C = {C1,C2,Cs,...,Cy} be the set of all crossroads in the road
network. Let G = {r(Cy), r(C,),r(Cs), .+, T(Cy)} be the set of representants of all
crossroads.

Definition 3: Let N = {min,, .., Max,} be the set of possible phase offsets for the
red and green phase durations (difference between durations of the two phases.

Definition 4: Let C = {C;,C,,C,, ., Cn} be the set of all crossroads in the road
network. Let G = {r(C,), r(C;),r(Cs), +,T(Cp)} be the set of representants of all
crossroads. Let N = {miny, -.,maxp} be the set of possible phase offsets for traffic
signals (difference between green phase and red phase duration). Genotype for the
road network is any function Genotype: G — N or.

The above definitions are based on genotype definitions in [3]. A genotype represents
the signal phases for each intersection of the road network.
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Figure 5: Genotype for 6 crossroads in GA

The traffic optimization process goes as follows:

A traffic simulator is set up to test the genotypes generated by the GA

GA generates a population of random genotypes, each genotype representing
the timings at traffic signals across the road network for the considered time
duration (optimization period)

The fitness of these genotypes is calculated by using the traffic simulator, to
measure how well each genotype is able to handle traffic

The GA selects some of the genotypes based on some criteria and uses them to
generate the next population of genotypes that are then again tested using the
traffic simulator.

4.1 Setting up traffic simulation model:

The traffic simulation model is meant to provide predictions of traffic conditions
based on the changing traffic signal timings and changing traffic flow. We are going
to use a series of simulations with similar traffic conditions, to test how our
hypothesis about using past simulations (GA1) to better improve similar traffic
conditions at a later stage (GA2).

In order to set up the model, we need to do the following:

Select a region to model the traffic
Setup a model that can accurately predict traffic based on the changing inflow
and outflow of traffic from each road.
Acquire data about the inflow and outflow of traffic for each road during the
considered time period. To get information about traffic flow, we need to do
the following:

©  Acquire Travel speed data at each road near the intersections.

o Convert travel speed data into approximate density data.

o Calculate the fraction of cars exiting into each road from an

intersection using the density data

Use the information gathered about traffic flow at a given time to initialize and
direct the traffic simulation.
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4.2 Genetic Algorithm Specifications:

Initialization:

Depends on approach used
Fitness function:
Depends on approach used
Selection:

We have opted to choose the best individuals in the population, due to the small
population size imposed by long computation times. Hence, if there are N individuals

in the population, we will select VN /2 of the individuals with the best fitness score,
Crossover:

The crossover operator will be selected based on the results of a parameter search.
The parameter search is meant to sclect the suitable hyper parameters for traffic
optimization. The results of the search are presented in chapter 6.2.

Mutation:

The mutation operator will be selected based on the results of a parameter search. The
parameter search is meant to select the suitable hyper parameters for traffic
optimization. The results of the search are presented in chapter 6.2.

Termination:

We will terminate computation, once a predefined generation limit has been reached.

4.3 Approach 1:

In this approach, the genotypes represent the traffic signal timings for the entire
optimization period. The approach is identical to the one explained previously, at the
beginning of this chapter.

GA Initialization:

The genotypes will be initialized randomly.

GA fitness function:

We are going to base the fitness of a genotype on either of the following attributes:

® Peak car density at any road in the road network.
* Total waiting time for cars.
* Average travel speed
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4.4 Approach 2:

Let N represent the duration of the optimization period. In this approach, the
optimization period is divided into n smaller intervals, each of which will be called a
time step. Then we carry out n optimizations for each of the smaller intervals, each
optimization identical to the optimization in approach 1.

) Approach 1
optimization

Smaller interval

3 Approach 1
optimization

Smaller interval

Optimization period

= Approach 1
optimization

Smaller interval

Approach 1
optimization

Smaller interval

Figure 6: Approach 2
GA Initialization:
The genotypes will be initialized randomly.
GA fitness function:
We are going to base the fitness of a genotype on either of the following attributes:

® Peak car density at any road in the road network.
e Total waiting time for cars.
e Average travel speed
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4.5 Approach 3:

Let N represent the duration of the optimization period. In this approach, the
optimization period is divided into n smaller intervals, each of which will be called a
time step. Then, one optimization is carried out, in which each genotype is also
segmented into n sub-genotypes. Each sub-genotype represents the timings in one of
the smaller intervals. The genotype representation in approach 3 is as follows:

Definition 4: Let T = {t,, L2, t3, o) thum_steps} be the set of time steps. Let g: G - N
be any function mapping the set of representants to the set of possible phase durations
and let GN = {g,, g,,g, =) 8num_steps} be a set of different possible mappings from
the set of representants to the possible phases. Genotype for the road network is any
one to one mapping Genotype: GN — T.

Timings at crossroads Timings at crossroads
attime step 0 at time step 1

12 o4 32 32 54 13 65 34 3 46 32 65

timings for
crossroad 1

Figure 7: Genotype with 6 crossroads and 2 time steps in approach 3

Optimizing traffic by this approach can be very time consuming. Using this approach
in real-time optimization is hence not practical. In order to circumvent this issue, we
propose the following optimization procedure:

* Use above approach to optimize recurring traffic congestion over a long
period of time based on historic traffic data.

® Use another genetic algorithm that uses the signal timings and traffic densities
obtained from the prior optimization to optimize traffic conditions similar to
the one optimized previously. This optimization can be done in real time, since
it is similar to approach 2, the difference being the fitness function (density
based) and the initialization (non-random, based on population from prior
optimization)
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solutions at t4
Traffic densities and
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GA1

4 Traffic densities and
Signal solutions at t2
Traffic timings Traffic densities and
conditions solutions at t1
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conditions

4

Traflic Simulation

Current Traffic data Model

Figure 8: Diagram showing the operation of proposed method

4.5.1 Optimization 1 with GA1:

Once we have the traffic data over a time period that relates to repeating traffic
congestion, the long term genetic algorithm is meant to optimize a sequence of traffic
signals over the entire period. The output of this process is going to be the optimal
traffic signal timings at each time step. This task is computationally expensive and
will have to be done prior to the real time control task.

Initialization:

The genotypes will be initialized randomly.

Fitness function:

We are going to base the fitness of a genotype on either of the following attributes:

® Peak car density at any road in the road network.
e Total waiting time for cars.
e Average travel speed.

Output of GAI1:

Definition 5: Let D be the set of densities at each road in the network, D =
{D1,D;, D3, ..., Dy}, where Dy is the density at road k. Let D' denote the set of road
densities at each road in the network at time step t for some genotype. Let DTT be the
set of densities at each road in the network at each time step
DTT = {D%,D? D3, ..., Dnum.steps},

The output includes the genotypes with the highest finesses and their corresponding
DTTs.
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4.5.2 Optimization 2 with GA2:

The second genetic algorithm will be used to achieve real time control of traffic.
Instead of initializing the population randomly, GA2 derives its population from the
signal settings obtained from GA1. GA2 then evolves these settings further to fit the
current traffic conditions. Another modification is that GA2 can try to evolve the
signal timings such that the traffic densities mimic the ones obtained from GAl. In
that case, the fitness function for this genetic algorithm will be the difference between
the simulated traffic densities produced by the individuals in the population and DTT.

Initialization:

Optimization 1 was done over time period N split into n smaller intervals.
Optimization 2 will be done similar to approach 2, in that there will be n repeated
optimizations. However, the initialization of the genotypes won’t be random. For
optimization k out of the n optimizations, the population will be generated based on
the kth regions of the selected genotypes from optimization 1. The selected regions
will be treated as individual genotypes and be crossed with each other to create the
population.

Fitness functions:

In order to specify the fitness of a genotype, we need to define the attribute to be used
to measure the fitness. We use the traffic density as the fitness measure. A genotype’s
fitness can be defined as follows

Definition 6: Consider a genotype G generated by GA2 corresponding to time step i
from the long-term simulations conducted prior and its output densities D for each
road, D = {D4, D, D, ..., D}, where Dy is the density at road k. The fitness of G is
given by the equation f = [|DTT[i] — D||, where DTT is the optimal densities at each
time step obtained from the long-term genetic algorithm, DTT[i] are the optimal
densities at each road at time step i.

Apart from the above defined measure of fitness, we will also experiment with other
fitness functions listed as follows:

® Peak car density at any road in the road network.
e Total waiting time for cars.
® Average travel speed.

Output of GA2:

The output for GA2 is going to be the traffic signal timings that provide the greatest
simulated fitness.

2t



Chapter 5

Implementation

In this section, we describe the implementation of the systems required to conduct the
experiments.

This section can be broken down into the following parts:

* Data gathering

* Using traffic data in the simulation

®  Genetic algorithms and traffic simulation
* GUI application

5.1 Data gathering

In order to gather the necessary traffic data, to set up the traffic models, we need to do
the following:

* Identify and index all the traffic intersections in the selected region.

® Identify and index all the unsegmented road sections (no roads feed in or out
from the chosen road).

® Obtain the number of lanes and trave] speed data at each road near the traffic
intersection that feeds into the road using tomtom traffic API.

* Convert all travel speeds into car densities. We do this by using a simple
opencv look up table for now.

® Use the density data to obtain information about what proportion of cars go to
which roads at what times.

In order to get the traffic data, we wrote a function-based script to obtain the travel
speeds over an interval of time for a certain set of points using TomTom APL The
output of the script is a .csv file which contains the following information:
{Timestamp, Speed, Coordinates, Lanes, Length, Road_id}

The travel speed data is processed in the next script to convert travel speed data into
relative traffic flow information. The input taken is the travel speed data on various
roads at various time intervals and information about which roads lead into and out of
which intersections. This information is used to calculate the proportion of traffic

22



headed into each road at an intersection at different time intervals. The pseudocode to
determine the proportions is as follows:

def getFlow(roadsln, roadsOut):

consideredLen = 10

flow = {}

carsOut =0

for road in roadsOut:
carsOutl = road.getDensityMoving()*consideredLen*road.getLanes()
carsOut+=carsOut1

for road in roadsOut:
carsOutl = road.getDensityMoving()*consideredLen*road. getLanes()
self.flow[road] = carsOutl/carsOut

return flow

3.2 Using traffic data in traffic simulation

We utilize the traffic data by generating routes for cars in the traffic simulation. We
begin by generating a certain number of cars at the input nodes. The rate of incoming
cars at the input nodes will be based on the travel speed data for the corresponding
road segment. Each car needs to have a fixed path, leading to some output node, such
that overall distribution of cars on roads matches the traffic data obtained. These paths
are then supplied to TSF. In order to determine the paths of the cars, the cars at the
road segments are sent off into different directions on intersections based on the
probability of a car heading into that direction. The probability is based on the traffic
flow information determined in the previous section.

The steps of the algorithm are as follows:

® For each input node, determine a certain number of cars to arrive and the time
at which each car arrives

® For each car, determine a route through the city probabilistically (sequentially
determine which road to take at each intersection)
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5.3 Genetic Algorithms and Traffic Simulation

The genetic algorithms were implemented using the Distributed Evolutionary
Algorithms in Python (DEAP) module in python. DEAP provides functions to
facilitate crossover, mutation, selection and other actions in genetic algorithms. The
structure of the software is as follows:

«<<interface>>
Corttroller

+mun() : void
FAY
:
ExperimertN
- params : dict

+run0) : void

Simul ator Evaluator

- params : dict - decoder : Decoder

+clear() : void f Simejtor Saniater ! + decode(population : array) : ama
+getFitness(population : amay) : void + getFitness(population : ammay) : voi

!

Decoder

GA GA1
2
612 - toolbox : Toolbox - params : int
- params : int ™ - evaluator : Evaluator 4 +run() : void
+runQ ; vod |k paams : dROAIA . T e P + getTimings(timeStep : int) : amay
+ NextGeneration(selectedindividuals : int) : ama + fitnessFunction(population : amay) : voil + getDensititesitime Step : int) : void
= +mm{) : void + NextGeneration(selectedindividuals : int) : ama
-
\_\\ [ /
.
\\‘ ‘
Na ‘
Toolbox
+ population(n : int) : amay
+mate(ind1 : Individual, ind2 : Individual) : voi
+mutateind : Individual, p : int) : void
+ select(population : aray) : amay
P H ] =
s vl S5
= // / \ B -
~
v / \ _
37 \ PSS
<<interface >> <<interface>> <<interface>> <<interface>>
Crossover Mutator Selector PopulationCreator
+mate fnd? : individual, ind2 : individual) : void +murate(ind : Individual, p : int) : void| +select(population : amay) : array| +population(n :int) : array
72 7.y = Z
| i i |
s L
Somecrossover Operator SomeMutation Operator Some Selection Operator SomePopulation Creator
= | Lot
+mate(ind! : Individual, ind2 : Individual) : v;}i +mutatefind : Individual, p : int) : vold + select(population : amay) : irnq +population(n : int) : amay

Individual

- chromosome : amay.
- fitness : int

Figure 9: Class diagram of genetic algorithms
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The sequence of actions required for optimizing traffic by approach 1 is shown as
follows:

% Controller

: User 1: Optimization(params)() I

<<create>>

»} _ A GMiEuame) _ _[EEan

1.2: run()

|
<<destroy>> |

1.3: destroy() > |
< Results _JJ

1J |

Figure 10: The sequence diagram for optimizing traffic by approach 1

The controller is one of the experiment files, or the UI application. For approach 1, we
use GAl implemented for approach 3, and set the parameters such that the
optimization period doesn’t get split into smaller intervals.
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The sequence of actions required for optimizing traffic by approach 2 is shown as

follows:
% Controller
: User 2 Al T
1: Optimization(params)()
ﬂ[_
alt : loop A
<<create>>
[time steps remain] ¢
| _ 11:GAparams)) _ GA2
1.2: run() |
o — — . Carpositions, fitness _ _ ]
|
<<destroy>> |
1.3: destroy() '
_J< ______ Besuts _ _ /) Wr-RJ J1J
|

Figure 11: The sequence diagram for optimizing traffic by approach 2

The controller is one of the experiment files, or the Ul application. For approach 2, we
use GA2 implemented for approach 3. The implementation was made such that in the
absence of the required input supplied from the output of GAl, GA2 acts as an
algorithm implementing approach 2.
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The sequence of actions required for optimizing traffic by approach 3 is shown as
follows:

% Controller

- User Pl 3 [ <<Create>>
1: Optimization1(params)()
Lo S ) CAllparams)() _ - GA1
|
1.2:run() |
e _Car positions, fitness _ e ples
l
<<destroy>> |
.3 destroy() '
SRR T i, J_iJ
2: Optimization2(params)() > H'
alt: |00D J <<Create>>
[time steps remain] | 2.1: GA2(params)() GA2
2.2:1un() L"
Car positions, fitness
e TP O )
<<destroy>> |
2.3: destroy() ;
1J<_ ______ ResligNn_ 4134 _J_,_J
|

Figure 12: Sequence diagram of using genetic algorithms
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The sequence of actions by which the genetic algorithms calculate the fitness of all
individuals in a population is as follows:

L Decoder I I Simulator '
| ]
| |

| 1: getFitness(population)() o |

|
|
1.1: decode(population)() |
I
_______________ |
|
| |
< _—_finesses =
|

Figure 13: Sequence diagram of getting fitness values

|
|
|
|

The sequence of diagrams to use TSF to obtain the fitness of individuals is as follows:

| | |
|

1% getFilness(populahon)()

alt : loop
[current individual index<# of individuals)

|
|
alt 1.1: simulate(timings, SimulationData)() T
[Current time step<# of time steps)
|
l | .
|

____________ Fi "_T‘ESES__________________JJ )

Figure 14: Sequence diagram of using TSF

In order to simulate traffic settings, the genetic algorithms use the Simulator object.
The simulator object uses the requestStats function to post a request to the Traffic
Simulation Framework, which is a microservice in the azure cloud. To determine the
fitness of an individual, we send the signal timings at each time step in the individual
to be simulated by TSF. TSF responds with the fitness of the timings at each time
step. We get the fitness of the individual by summing the fitness of the timings at each
time step.

The run time of one experiment can be very long; hence we had to parallelize the
requests such that the fitness of multiple individuals could be computed at the same
time. We parallelized the requests to the server by using the joblib module in python.
As of right now, 16 Jobs can be executed in parallel.
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3.4 GUI application

The GUI was implemented to give a visual representation of the optimization process,
as well as to allow the user to direct the optimization, The application can be opened
on any browser compatible with J avascript,

5.4.1 Tools and frameworks used in application

In this web application, the tools and frameworks used to build the architectyre are
React (v16.8.4), Python (v3.5), Django (v2.0), SQLite and Representational State
Transfer (REST) framework. React is used to bujld the frontend of the application,

frontend. REST is used as the communication architecture between frontend and
backend.

HTTP request based on REST

| AW ,_w,___.ww; Backend
Frontend ; | (Eytigiy

View Controller API view

System files(HTM
,CSS,1S)

Application logic

Serializer

1

[ Yoo ] 3
JSON response based on REST [0 )
SQLite DBMS

Figure 15: The application diagram
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5.4.2 Use Cases

Set
optimization
parameters

View
optimization
results

User

Optimization2

Figure 16: Use Cases

The following are the brief use cases for each process

Set optimization Parameters: For each of the optimizations, the user has to supply
parameters such as duration, time steps, fitness function, etc. That is done via this use
case.

can be used to perform optimization via approach 2, or part 2 of approach 3. The user
needs to input GA?2 parameters and traffic data in the form of a csv file to start




View optimization results: After completing the Initialization of Real Time
Optimization, the result of the optimization wil] be shown according to the input. The
results include a map to show the state of the traffic at the end of each time step, along

with graphs to show rate of convergence and numerical statistics to show the
performance of the optimization,

3.4.3 Activity Diagram

A) Optimization 1 activity diagram

1time interval

Approach 1
optimization

save
Optimizati
on data

Show
results

Initialize GA1

Recieve
user input

Approach 3
optimization

intervals

Figure 17: Initialization Activity Diagram

B) Optimization 2 activity diagram

No initialization
Pparameters

Approach 2
optimization

Approach 3
oplimization

Figure 18: Real Time Optimization Activity Diagram

Initialize GA2

Recieve
user input

Initialization
parameters
present
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5.4.4 Application interface

Optimal Traffic Control

start optimization

Figure 19: Optimization 1

This page shows the input page for optimization 1. The user supplies the optimization
parameters such as time duration, time steps, number of GA generations etc, before
beginning the simulation. At the end of this simulation, a few results (best individual)
are saved in a file

19:18: 34

{GMT+2) EU/Warsaw

Optimal Traffic Control

@ Current
Tratfic

Ball mitiakization

® Real Time B Time Step
Optimization 1 s Vo

Time Duration

Ohr 4+ — Omin 4 —
Generation

1 .

Number of Individuals

10 S

GA2

( start optimization

Figure 20: Optimization 2

This page shows the input page for optimization 2. Also called real time optimization,
not because it is actually real time, but it could be applied for real time optimization.
The user supplies optimization parameters similar to optimization 1, except for one
more parameter, initialization file (file saved during optimizationl). Using the
initialization file makes this into approach 3, otherwise, approach 2.
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Figure 21: Loading page

The Waiting page is displayed while running the simulation. We are considering

developing a better waiting page, which shows results of the optimization while the
optimization is taking place.

Optimal Traffic Control

Traffic Improvement

Figure 22: Result Page

The result of optimization is visualized in three ways:

* A map to show the state of the traffic at the end of each time step.

e Graphs to show the improvement in traffic conditions after time
steps/generations

* Numerical statistics (not shown here)
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Chapter 6

Experimental Results

This section describes the experiments conducted and the results obtained from these
experiments.

6.1 Experiment setup:

The experiments were run using an ASUS ROG G751JT notebook; the following are
its specifications:

® Processor: Intel® Core™ 7 4710HQ Processor

® OS: Windows 8.1

* Chipset: Intel® HM87 Express Chipset

®* Memory: DDR3L MHy, SDRAM, 16GB

* Graphic: NVIDIA® GeForce® GTX970M with 3GB GDDRS

The simulations were run on a 16-core virtual machine on the azure cloud; the settings
for the simulations are as follows:

®  Number of cars: 30000

® New cars (rate of adding new cars): 20

® Step size: 1000 milliseconds

® Acceleration: 10

® Crossroad penalty (penalty refers to the deceleration of speed): 0.25

°® Turning penalty (penalty refers to the deceleration of speed): 0.5

® Traffic data: We were unable to use the traffic data mentioned in 5.2, instead,
we used the default data provided by TSF

All the experiments use the same settings unless mentioned otherwise.

6.2 Tuning Hyperparameters:
A search was conducted on the hyperparameter space, to determine suitable

parameters for GA1 and GA2. The searches for each GA were conducted separately,
the difference between the two being the number of time steps. The search was not a
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complete search due to the time required to conduct such a search. The parameters we
were searching for were a mutation Operator and a crossover operator.

6.2.1 GA1:

The settings used for GA | when conducting the search are as follows:

* Generations: 3

® Individuals: 40

* Optimization duration: 6 minutes
® Time steps: 3

The results of the grid search are as follows:

)

exOnePoint m_mm_
oxTwoPoint [ muttniformint o0

| mutUniformin 55080

cxSimulatedBinaryBounded (eta: 1)
cxSimulatedBinaryBounded (eta:
10)
chimu]atedBinaryBounded (eta: 5.490394391
o 1ee\ T
mutPolynomialBounded (eta: 1)
cxTwoPoint mutPolynomialBounded (cta: 10)
m mutPolynomialBounded (cta: 100) 2.499430957
 exTwoPoint | Y7 €7 4Ty, § mutShufflelndexes
Table 1: Grid search reusits for GA1

¢xTwoPoint
From the above results, we selected cxTwoPoint as the crossover operator and
mutShufflelndexes as the mutation operator.

.
|

I
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6.2.2 GA2:

The settings used for GA?2 when conducting the search are as follows:

* Generations: 3

® Individuals: 40

° Optimization duration: 2 minutes
® Time steps: 1

The results of the grid search are as follows:

¢xOnePoint
cxTwoPoint

4.329009403
cxSimulatedBinaryBounded(eta: 1) MM_
cxSimulatedBinaryBounded(eta: 10)
cxSimulatedBinaryBounded(eta: 100) MMM_
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cxTwoPoint 14.09403904
BT TR ey 9439009930
M mutPolynomialBounded (eta: 1) 4.090399501
M mutPolynomialBounded (eta: 10) 7.765208547
¢xTwoPoint mutPolynomialBounded (eta: 100) 8.986538774
m_ mutShuffleIndexes 9.490092953

Table 2: Grid search results for GA2
From the above results, we selected cxTwoPoint as the crossover operator and
mutUniformInt as the mutation operator.

|
ﬁﬁ

6.3 Hypotheses

As described in chapter 4, approach 3 consists of two parts. The accuracy of the first
part is likely to be significantly higher; however, part 2 is necessary due to time

6.3.1 Hypothesis 1:

Optimization using sequences of timings (approach 3) is better than the default
approaches 1 and 2. In other words, using optimization | alone, from approach 3 can
outperform approaches 1 and 2

Experiment design:
The performance of each approach will be based on the following:

® Fitness after optimization (FAO): The fitness of the system after application of
the best solution obtained. Fitness is measured in tota] waiting time of cars,

* Improvement in fitness of best individual in last generation as compared to
best individual first generation. Improvement wil] not be considered for the

>

of multiple optimizations, each with g worst solution, combining those worst
solutions to compute improvement wil] greatly skew the resulis

In the experiments to be conducted, the following are considered to be the major
factors:

* Time duration (duration of optimization perjod)
® Time steps (number of intervals)
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m
Experiment 1 Duration: 20
Experiment 2 Duration: 20
Duration: 20
Duration: 40
Experiment 5 Duration: 40

Experiment 6 Duration: 40
Intervals: 10
Duration: 60
Intervals: 4

Duration: 60
Intervals: 8
Experiment 9 Duration: 60

Intervals: 10

Table 3: Experiment parameters

Experiment 3

Experiment 4

Experiment 7

Experiment 8

Note: for approach L, the number of intervals always remains 1

Other factors that could influence the results were held constant; following are the
specifications for those factors:

® Crossover operator: Two-point crossover

® Mutation operator: Shuffle index, mutation probability = (.1
e Selection operator: Select best

® Number of individuals:

® Number of generation:

* Crossroads: 21

® Maximum phase offset: 119

® Minimum phase offset:

The following are the results for experiments relating to hypothesis -

Experiment
Experiment |

Approach 1
FAO: 72932
Improvement:
15.1% 11.6%

Experiment 2 FAO: 68427 FAO: 63182 FAO: 82839
Improvement: Improvement: - Improvement:

3

Approach 2
FAO: 67251
Improvement: -

Approach 3
FAO:79809
Improvement:




19.0%

Experiment 3 FAO: 69245 FAO: 59416 FAO: 80688
Improvement: Improvement: - Improvement:
18.2% 13.5%

Experiment 4 FAO: 145934 FAO: 142350 FAO: 172246
Improvement: Improvement: - Improvement:
19.6% 11.5%

Experiment 5 FAO: 150092 FAO: 131677 FAO: 168943
Improvement: Improvement: - Improvement:
16.2% 10.7%

Experiment 6 FAO: 149479 FAO: 117103 FAO: 163029
Improvement: Improvement: - Improvement:
18.9% 10.9%

Experiment 7 FAO: 209489 FAO: 186435 FAO: 258394
Improvement: Improvement: - Improvement: 9.39%
16.7%

Experiment 8 FAO: 197174 FAO: 190653 FAO: 248938

Improvement:
17.0%
FAO: 193831
Improvement:
19.1%

Table 4: Experiment results for hypothesis 1

Improvement: - Improvement:
11.2%

FAO: 241902
Improvement:

12.0%

Experiment 9 FAO: 180188

Improvement: -

6.3.2 Hypothesis 2:

optimization.
Experiment design:

The performance of our proposed method (approach 3) will be measured based on
fitness after improvement, which is based on total waiting time of cars. We were
unable to implement the density based fitness function described in chapter 4, as such;
we will not be using that fitness function. The performance of approach 3 will then be
compared with the performance of approach 1 and 2 using the same settings.

The performance of approach 3 is going to depend largely on the following factors:

® Time duration

® Time steps

® Variability of traffic: The traffic was varied by randomizing a proportion of
the cars’ starting points and destinations. This proportion controls the
variability of traffic between past and future optimizations.

The time duration and time steps are fixed based on the best results obtained from
prior experiments for hypothesis 1. As such time duration is fixed to 20 minutes and
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time steps fixed to 4, this selection was made based on the ratio of FAO to
optimization duration. The traffic variability however is varied from 10% to 50%.

Other factors that could influence the results were held constant; following are the
specifications for those factors:

® Crossover operator: Two-point crossover

® Mutation operator: Shuffle index, mutation probability = 0.1
e Seclection operator: Select best

e Number of individuals:

® Number of generation:

e Crossroads: 21

® Maximum phase offset: 119

®  Minimum phase offset: )

The following are the results for experiments relating to hypothesis 2:

Experiment Traffic variability FAO

Experiment 1 10% 68939
Experiment 2 20% 59942
Experiment 3 30% 62088
Experiment 4 40% 70418
Experiment 5 50% 62793

Table 5: Experiment results for hypothesis 2

The performance of approach 3 is very similar to that of approach 2 for the same
settings (duration 20 with 4 time intervals). Approach 3 averages out to a fitness of
64836, approach 2 achieves a fitness of 6725] and approach 1 gives a fitness of
72932. More experiments should be conducted due to the high variability in the
results, however, that is not possible due to the time consumed in conducting the
experiments.
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Chapter 7

Conclusion

We had expected approach 3 to be the best, followed by approach 1 and lastly
approach 2. The reason for these expectations was that approach 3 took into account
the variation of traffic flow during the considered optimization period and dealt with
it by optimizing sub-genotypes to better optimize overall traffic. Approach 2 was
expected to perform worst, as the optimization periods seemed too small to have a
significant impact on the traffic flow.

Approach 2 proves to work the best compared against the other approaches. We
believe that approach 3 was unable to perform due to the large size of its genotype.
This resulted in a very large search space and the poor convergence of the genetic
algorithm. Therefore, hypothesis 1 was incorrect. As far as performance of approach 1
compared to approach 2 goes, we were wrong about the duration of optimization
period needed to have a significant impact on traffic flow. A much smaller interval is
enough to have a significant impact on traffic. This is also demonstrated by the
improving performance of approach 2 when more intervals are used to optimize the
same optimization period, as shown in the experiment results.

Hypothesis 2 has neither been proven nor falsified. The performance of approach 3 is
able to compete with that of approach 2, because part 2 of approach 3 is identical to
approach 2. Therefore, we don’t get to see whether using previously optimized traffic
signals for future traffic congestions offers any significant advantage.

The fundamental idea of approach 3, which is to optimize traffic while considering its
property to continuously vary can still be used to better optimize traffic; just not by
genetic algorithms. Population based optimization algorithms have to spend excessive
time computing fitness of individuals during optimization which has to happen in
real-time. This reduces the optimization capability of population based optimization
algorithms. Another approach will have to be developed based on some other
optimization algorithm. Future research should be directed towards reinforcement
learning or some similar optimization algorithms.
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