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ABSTRACT

PREDICTION BASED REAL TIME TRAFFIC

MANAGEMENT USING CONNECTED AUTONOMOUS

VEHICLES

The increasing population of big cities and hence the increasing rate of vehicle

use with the population bring important environmental and economic problems. Traf-

fic congestion is one of the main causes of these problems. The presence of factors

that may cause traffic to slow down or even stop locally increases the density of traffic,

especially in highly populated cities, and the effect of these factors can cease to be local

and affect the entire road network. Therefore, the effective management of traffic plays

an essential role in reducing these negative effects. In this thesis, the real-time man-

agement using the connected autonomous vehicles, namely SWSCAV, [1] was tested in

the 11 km long road network using the SUMO (Simulation of Urban Mobility) envi-

ronment. Then, SWSCAV [1] with and without the prediction was compared with two

real-time traffic management methods, namely the Variable Speed Limits and Lane

Control Systems. 2400 different scenarios were created changing the parameters: the

control distance and the percentage of the connected autonomous vehicles in the traffic

flow. SWSCAV [1] with prediction where there are 50% connected autonomous vehi-

cles decreased the density by an average of 58.18%. This scenario provided a 61.61%

decrease in the density locally with a control distance of 1250 meters.
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ÖZET

BAĞLI OTONOM ARAÇLARI KULLANARAK TAHMİNE

DAYALI GERÇEK ZAMANLI TRAFİK YÖNETİMİ

Büyük şehirlerin artan nüfusu ve dolayısıyla nüfusla birlikte artan araç kullanım

oranı, önemli çevresel ve ekonomik sorunları da beraberinde getirmektedir. Trafik

sıkışıklığı, bu sorunların ana nedenlerinden biridir. Trafiğin yavaşlamasına ve hatta

yerel olarak durmasına neden olabilecek faktörlerin varlığı, özellikle yüksek nüfuslu

şehirlerde trafik yoğunluğunu arttırır ve bu faktörlerin etkisi yerel olmaktan çıkıp

tüm yol ağını etkileyebilir. Bu nedenle, trafiğin etkin yönetimi, bu olumsuz etki-

lerin azaltılmasında önemli bir rol oynar. Bu tezde, SWSCAV [1] adı verilen bağlı

otonom araçları kullanan gerçek zamanlı trafik yönetimi yöntemi, SUMO (Simula-

tion of Urban Mobility) ortamı kullanılarak 11 km uzunluğundaki yol ağında test

edilmiştir. Daha sonra tahminli ve tahminsiz SWSCAV [1], Değişken Hız Sınırları

ve Şerit Kontrol Sistemleri olmak üzere iki gerçek zamanlı trafik yönetimi yöntemi ile

karşılaştırılmıştır. Kontrol mesafesi ve bağlı otonom araçların trafik akışındaki yüzdesi

parametreleri değiştirerek 2400 farklı senaryo oluşturulmuştur. Trafikteki otonom

araçların sayısının tüm araçlara oranının % 50 olduğu tahminli SWSCAV [1] yöntemi,

kritik bölgedeki yoğunluğu ortalama% 58,18 azaltmıştır. Bu senaryo, 1250 metrelik bir

kontrol mesafesinde yerel olarak yoğunlukta % 61,61 azalma sağlamıştır.
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1. INTRODUCTION

1.1. Introduction and Motivation

Congestion affects traffic mainly by increasing densities, travel times, delays, and

by decreasing the safety and quality of life of passengers. Traffic incidents also reduce

road capacity and cause lane closures [2]. One of the most significant reasons for con-

gestion is incidents since incidents are unexpected events. One way to diminish the

effects of incidents and improve the traffic condition is by implementing traffic man-

agement methods.

Many traffic management methods are being used in real-life traffic networks.

Lane control signals (LCS), variable speed limits (VSL), ramp metering, traffic route

diversion are some examples of traffic management methods. These methods mainly

aim to utilize the infrastructure better to mitigate congestion and improve traffic safety.

Novelties in technology have enabled the introduction of new techniques and

agents into traffic management systems. The efficiency of traditional traffic manage-

ment methods is also seen to be increasing by the implementation of technological

features. There are many studies in the literature regarding the utilization of currently

existing technology to improve traffic management systems [3–6]. These studies mainly

focus on the use of the Internet of Things (IoT) to ease the collection and processing of

data to detect congestion faster and respond more efficiently. Besides these improve-

ments, autonomous vehicles (AV) and connected autonomous vehicles (CAVs) are new

emerging technologies that have drawn the focus of traffic studies. Even though it

is a new technology, the use of AVs in traffic is not far from today. Advancements

in communication technologies have made it possible for autonomous vehicles to use

vehicle-to-infrastructure (V2I) and vehicle-to-vehicle (V2V) technologies [7]. AVs that

use these communication technologies are called connected autonomous vehicles be-

cause they are connected to the infrastructure and other vehicles, which eases the

transmission of data.

There are many studies about the potentials of AVs and CAVs in traffic manage-
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ment [8–11]. In this study, the real-time traffic management method using connected

autonomous vehicles, namely SWSCAV [1] with and without prediction is tested and

compared with two real-time traffic management methods using a 3-lane study network.

1.2. Autonomous Vehicle Studies in the Literature

With the rapid increase in urban population, traffic networks started facing more

traffic load, which increase the volume to capacity ratio of the traffic and increase con-

gestion [12]. The main purpose of traffic management methods is to improve traffic

flow on the existing infrastructure rather than constructing new ones. Improvements to

the traditional traffic management methods are still being studied; however, alongside

these studies, the potential benefits of including autonomous and connected vehicles in

traffic flow are also a focal point of researchers. Even though studies indicate perfor-

mance enhancements regarding the utilization of AVs and CAVs in traffic flow [13,14],

there are some concerns about this integration. Because AVs and CAVs have the poten-

tial to provide mobility for non-drivers, the traffic load is expected to increase [15–17].

However, novelties in connectivity and autonomy levels of the AVs are seen to be in-

creasing the efficiency of self-driving cars in traffic, which can compensate for the traffic

load increase in means of traffic efficiency parameters.

Equipping AVs with V2V and V2I technologies and increasing the connectivity

and cooperation aspects has been seen to be increasing the improvements of AVs on

traffic [18, 19]. Besides these improvements, CAVs have the feature of data trans-

mission. A study shows that traffic conditions such as incidents and congestion can

be detected more quickly through the utilization of V2I technology and data trans-

mission [20]. Additionally, market penetration rates of CAVs carry big importance

on the improvements that they provide to traffic. In studies regarding the effects of

the market penetration rate of CAVs, the general outcome is that improvements in

traffic efficiency, safety, environmental aspects, etc., increase with increasing market

penetration rates [21–23]. In different studies, an optimum market penetration rate of

CAVs is indicated [24–26]. Taking into consideration that having traffic full of CAVs

is not possible soon; hence, an optimum rate is used as an option. A different study
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investigates the effects of different CAV market penetration rates on different incident

cases [27]. One of the incident scenarios consists of 900 seconds of incident duration

and an 80% CAV market penetration rate. Results of this simulated scenario show

that the total travel times of the drivers decrease by 20%. In another study, the in-

fluence of vehicle-to-everything (V2X) technology on traffic efficiency is investigated

under incident cases [28]. Results of the simulations indicate a 6% decrease in travel

times, 9% reduction in average stop delays, and 27% reduction in average vehicle stops.

In different studies, it is also seen that CAVs provide improvements, such as increased

average speed and bottleneck prevention, when traffic demands are high [29,30]. This

may show that managing the traffic by CAVs in congested regions is a feasible method.

1.3. Traffic Management using CAVs in the Literature

In the literature, many studies investigate the potential of CAVs in traffic man-

agement. One advantage of using CAVs in traffic is that they can detect congestion

faster than traditional detection methods. Early congestion detection helps traffic

management methods in responding quicker and managing the traffic before the con-

gestion gets too severe. Different studies show that the severity and relief duration

of congestions increase with the delay in detection [31–34]. To mitigate the severity,

CAVs can be used in traffic. In a study about this matter, it is stated that vehicle-

to-infrastructure (V2I) communication technology used by CAVs has the advantage of

detecting incidents faster by processing the collected data [35]. There are many more

studies regarding the congestion detection precision and accuracy of CAVs [36–38].

These studies present promising results in the usage of CAVs at congestion detection,

which highly contributes to traffic management systems’ efficiency.

Novelties in autonomous vehicle technologies enabled the utilization of these ve-

hicles in traffic management systems. Studies show that the integration of AVs and

CAVs into traffic management systems increases efficiencies of the traffic management

systems [39, 40]. In a study, the implementation of the traffic management method

called variable speed limits and the improvements to this method using CAVs is inves-

tigated [41]. This management system aims to reduce the speeds of drivers according
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to unexpected cases such as incidents and weather conditions. Results of this study

indicate that existence of CAVs improves the efficiency of VSL and CAV-enabled VSL

implementation reduces traffic congestion up to 7-12%. Another traffic management

method, which is also widely used, is lane control signals (LCS). LCS aims to guide

drivers into changing lanes when a lane downstream is unavailable. In a study regarding

the effectiveness of LCS, it is seen that this method reduces travel times and increases

average speeds [42]. In a different study regarding using CAVs with the LCS traffic

management method, the effects of such an integration are investigated [43]. Simu-

lations of the scenarios are performed in an environment calibrated with real-world

traffic data. Results of the simulations show that CAV-enabled LCS implementation

consistently outperformed real-world LCS implementation with an average increase of

18.4%, 9.6%, and 12.8% in throughput under three scenarios. The effects of different

market penetration rates should also be investigated. In a study, the dynamic route

guidance traffic management method is investigated under different CAV market pen-

etration rates in a work zone case [44]. Vehicle-to-vehicle communication technology

is used by CAVs to receive work zone information early and look for possible escape

routes. Results of the simulations show that under 40% market penetration rate, traffic

flow becomes safer, but over 40%, the traffic safety of the drivers reduces. The results

of this simulation study are only related to safety measures, so there are no findings

on traffic efficiency subject. Some studies analyze the integration of CAVs and ramp

metering [45,46]. Results of the studies show a promising potential due to the observed

improvements in traffic efficiency.



5

2. THEORY

2.1. Shockwave

Shockwave refers to the boundary at which flow, speed and density states on the

time-space domain are changing remarkably [47]. There are six kinds of shockwave,

namely rear stationary, backward recovery, frontal stationary, forward forming, back-

ward forming, and forward recovery.

Given that there is a noticeable change in the traffic flow parameters between two

road sections A (upstream) and B (downstream) Fig. 2.1. qA, kA, and uA represent

the flow, density and speed characteristics of section A, and qB, kB, and uB represent

the flow, density and speed characteristics of section B. ωAB represent the shockwave

speed, which occurs in-between the sections A and B. To calculate the shockwave speed,

initially, the fundamental relationship equations are constructed for each section:

qA = (uA − ωAB)kA (2.1)

qB = (uB − ωAB)kB (2.2)

Figure 2.1. Shockwave parameters at state A and state B

NB represents the number of vehicles, which leave B and NA represents the number
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of vehicles, which enter A. NB and NA are equal to each other because the number of

vehicles leaving B must be equal to the number of vehicles entering A since there is no

addition or removal of vehicles. Values of NB and NA can be found with the following

equations:

NA = qAt = (uA − ωAB)kAt (2.3)

NB = qBt = (uB − ωAB)kBt (2.4)

Solving the equation for ωAB we get:

ωAB =
qA − qB
kA − kB

(2.5)

2.2. Fast Fourier Transform (FFT) Upsampling

Fast Fourier Transform (FFT) is an algorithm that is used to calculate Discrete

Fourier Transforms and enables filling of data gaps by making a signal approach to

spatial and temporal data. In this algorithm, the discretized equivalents of the data

points to be filled are calculated by transferring the data to the frequency domain by

trigonometric interpolation [48]. This sampling transformation can be applied to data

of any dimension, which means that the algorithm can be applied to 1-dimensional data,

image data, and any data in the time or space domain. In the process of up-sampling,

first, the number of data points is equalized to the target data number with the zero-

stuffing method. The purpose of this process is to do the interpolation correctly and

save processing power. The zero-stuffing process is shown in Equation 2.6.:

Kzero−stuffed[χ] =

Kt[
χ
M

], χ
M
∈ z

O, else

χ = 1, 2, 3, 4...., N (2.6)
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where Kt is the 1-dimensional data array for which up-sampling is intended. Kzero-stuffed[x]

is the x-th value of 1-dimensional zero-stuffed dataset Kzero-stuffed. Kzero-stuffed is simply

the dataset where zero values are inserted between each successive pair of the input

data point. M is the multiplication factor, which must be an integer. N is the target

number of the data points of the up-sampled data array. N is simply the product of

the length of Kt and M. Spacing between two adjacent data points of Kzero-stuffed can

be calculated as below:

Szero−stuffed =
LKt
N

SKt (2.7)

, where Szero-stuffed is the space between two successive data points of the up-sampled

array, LKt is the length of the Kt and SKt is the space between two adjacent data points

of the initial array. After Kzero-stuffed is obtained, the data is up-sampled by applying

FFT transformation, assuming that the data exhibits signal behavior. Each element

in the up-sampled data array is calculated with Equation 2.8. shown below:

Kup−sampled[χ] =
N∑
n=0

Kzero−stuffed[n] ∗ e(
−2∗π∗i
N

∗χ∗n) χ = 0, 1, 2, 3...., N (2.8)

where Kupsampled[x] is the xth data point of a 1-dimensional upsampled data array.

Figure 2.2. is an illustration of the relationship between initial traffic density data and

up-sampled traffic density data. Blue dots represent traffic density data collected by

the detectors, and orange dots represent up-sampled traffic density data.
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Figure 2.2. Fast Fourier Upsampling applied to the sample of traffic density data

2.3. Fused Lasso

The Lasso (Least Absolute Shrinkage and Selection Operator) is a statistical

method that includes both variable selection and regularization. The Lasso regularizes

the model variables by penalizing their coefficients, even reducing some of them to zero.

The Fused Lasso is a data smoothing technique used for both spatial and tem-

poral datasets to observe significant pattern changes. β̂ coefficients in the Fused Lasso

method should satisfy the following Equation 2.9. and Equation 2.10.:

β̂ = arg min

{ N∑
i

(
yi −

∑
j

χiβj

)2}
(2.9)

subject to

p∑
j=1

|βj| ≤ s1 and

p∑
j=2

|βj − βj−1| ≤ s2 (2.10)

where N is the total number of cases having outcomes y1, y2, y3. . . yn and features xij,

where i = 1,2,3...N and j = 1,2,3...p. The first constraint, s1, encourages sparsity in the

coefficients; the second, s2, encourages sparsity in their differences, i.e. flatness of the

coefficient profiles βj as a function of j [49]. The second constraint shrinks the absolute
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differences between successive data points of y, thus it provides a piecewise constant

solution. In Figure 2.3., Fused Lasso is applied to a 1-dimensional sample up-sampled

traffic density array. The red line is the 1-dimensional Fused Lasso approximation

solution which is the smoothed traffic density distribution, and blue dots are the up-

sampled traffic density data. Traffic density values close to each other are clustered in

the form of a straight line.

Figure 2.3. Up-sampled traffic density data with Fused Lasso application

2.4. Pix2Pix Generative Adversarial Networks Algorithm

Pix2Pix General Adversarial Networks (GAN) is a conditional GAN (cGAN)

architecture designed to transform an image into a different image in the same dimen-

sions. cGAN is a type of GANs, in which the output of the model is conditionally

dependent on an input, which is the input image for Pix2Pix. Pix2Pix architecture

consists of two parts. The first one is the generator model that creates the fake image

from the input image, the second is the discriminator model that tests whether the

synthetic image created by the generator is real or not. During the training process

of the model, the generator is trained with adversarial loss according to the response

from the discriminator, while the discriminator is updated via L1 loss directly. Si-

multaneous training of these two different models allows the generator to be better

trained to “trick” the discriminator and at the same time, the discriminator can make



10

the discriminations more accurately. The loss function of the cGAN models is given in

Equation 2.11.

LcGAN(G,D) = Ex,y[ logD(x, y) ] + Ex,z[ log (1−D(x,G(x, z))) ] (2.11)

where x is the observed image, z is the random noise vector, y is the output image, G

is the trained generator model, D is the trained discriminator model. Thus, G(x,z) is

simply trying to reach to y. G tries to minimize this loss function and D maximize the

loss function, so that the images created by G cannot be distinguished from real images

as much as possible and D can discriminate that the visuals created by G are fake.

However, the generator’s only task is not to ”trick” D, but also to bring the output

image closer to the input image. Traditional L1 distance rather than L2 distance is

selected to train G in Pix2Pix algorithm to reduce unclearness as shown in Equation

2.12.

LL1(G) = Ex,y,z[ ||y −G(x, z)||1 ] (2.12)

Thus, the final objective function of Pix2Pix is:

G∗ = arg min
G

max
D
LcGAN(G,D) + λLL1(G) (2.13)

In Figure 2.4., The traffic density heat map estimated by Pix2Pix algorithm is shown.

The left-most image is the input heatmap image, the image in the middle is the target

image and the right-most image is the predicted density heatmap image.
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Figure 2.4. Measured input density image(left-most), target density image(middle)

and predicted density image(right-most)
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3. METHODOLOGY

The flow chart of the methodology is presented in Figure 3.1.

Figure 3.1. Flow chart of the methodology.

3.1. Simulation of the Study Network using SUMO

The open-source SUMO traffic simulation software is used for the evaluation of

the real-time traffic management methods since it enables the agent to exploit run-

time simulation with the TCP-based client-server architecture library in Python 3.6.

(TraCI). In the road networks created in SUMO, road geometry and properties, sensor

types and locations, vehicle types and characteristics, and traffic flow values are pro-

vided as input.

The study network is 11 kilometer-long. The first and last 250 meters of this

network are modeled as sections separate from the main road section so that the speed

changes of vehicles while entering to and leaving from the simulation do not affect the

analysis data. The road segments modeled in the simulation are as follows:

i. Entry section (250 meters).

ii. Main section (10.500 meters).

iii. Exit section (150 meters).
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The road consists of 3 lanes and the width of each lane is 320 centimeters. Sensors are

placed every 500 meters. The illustration of the road network is given in Figure 3.2.

Yellow lines indicate sensor locations.

Figure 3.2. The study network

Simulation parameters are given in Table 3.1.

Table 3.1. Simulation parameters

Parameter Value

Simulation period 90 Minutes

Maximum Speed (Vmax) 110 km / hr

Detector time-frequency for data collection 15 Seconds

Distance between detectors 500 meters

The total length of the road 10500 meters

The vehicle parameters are then defined in the SUMO environment. In this

study, there are two different vehicle types in the road network which are vehicles with

drivers and connected autonomous vehicles. Vehicles with drivers are prone to making

mistakes or reacting late to traffic events and signs. The other vehicle type is connected

autonomous vehicles. This vehicle type reacts in a shorter time and obeys the signs.

The characteristics of the vehicle types modeled in the simulation are shown in Table

3.2.
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Table 3.2. Characteristics of the vehicle types modeled in the simulation

Vehicle Parameter Vehicle with Driver Connected Autonomous Car

Maximum Acceleration 2.7 m/s2 2.7 m/s2

Maximum Deceleration 4.5 m/s2 4.5 m/s2

Length of vehicle 4.5 m 4.5 m

The maximum speed of a vehicle 110 km/hour 110 km/hour

Speed Factor 0.9 0.9

Minimum Gap 1.5 meters 1.5 meters

Sigma 0.4 0.05

Speed Deviation 0.35 0.1

The maximum acceleration and deceleration values are the maximum speed change

values per second allowed throughout the simulation for vehicle types. During the sim-

ulation, vehicles do not move away from these values unless an otherwise command is

transmitted to the vehicles via TraCI.

“Sigma” and “Speed Deviation” are two parameters that clearly distinguish these

two vehicle types from each other in this study. Sigma is defined as the driver imperfec-

tion in the SUMO manual. This parameter is a Krauss car following model parameter

that directly affects the awareness of the driver and regulates the variation of accelera-

tion of the vehicles caused by a driver. It is scaled between 0 and 1, where 0 means the

driver is perfect. That means the driver is fully aware and accelerates in the theoreti-

cally most smooth way. The “Speed Deviations” parameter is the standard deviation of

the standardized speed distribution of that type of vehicle. CAVs demonstrate a more

homogeneous speed distribution compared to vehicles with drivers, the speed values of

CAVs should be grouped more around the center value.
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3.1.1. Assumptions of the Network

i. In the simulation, there are autonomous vehicles and vehicles with drivers. Both

vehicles are 4.5 meters long.

ii. Krauss vehicle tracking theory is the default vehicle tracking theory used in this

study.

iii. The two variables that distinguish autonomous vehicles from driven vehicles are

driver imperfection (sigma) and speed deviation.

iv. Connected autonomous vehicles follow the given instructions without any excep-

tion.

v. It takes one second for connected autonomous vehicles to receive information

from the sensors and take action.

vi. It is assumed that the connected autonomous vehicles know their location clearly

at any time.

vii. It is assumed that the connected autonomous vehicles in traffic converge linearly

to the shock wave speed with a pre-determined acceleration/deceleration.

3.1.2. Simulation Workflow

In this thesis, each simulation scenario was run in a statistically sufficient number

of 6 different ways in total. These are: there are no CAVs, CAVs are available but

traffic is not managed, and traffic is managed by four different traffic management

method (SWSCAV [1] with and without prediction, LCS, and VSL).

3.1.3. Common Scenario Parameters

These variables are the percentage ratio of the number of CAVs in traffic to

the number of all vehicles, the occurrence time, the duration and the position of the

incident, the lane where the incident occurred, and the length of the accident duration.

The simulations were run by selecting a completely random integer value for each seed

from the ranges of these variables, given in Table 3.3. The ratio of connected vehicles
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is equal to the ratio of the number of connected vehicles to the number of all vehicles

in traffic. Since the traffic flow value in this study was determined as 1500 vehicles

per hour per lane, the 10% CAV ratio corresponds to 150 CAV per hour per lane.

The incident time is randomly decided through the occurrence time of the incident, in

seconds, of the simulation at the beginning of the simulation. The incident duration

and incident position are predetermined values at the beginning of the simulation.

The incident time controls how long the accident will last and the incident position is

where the accident occurs. The random lane value controls in which lane of the road

the incident will occur. Besides these variables, each traffic management method has

its variables.

Table 3.3. Common scenario parameters for all tested real-time traffic management

methods

Parameter Range

Connected Vehicle Ratio (%) [10,20,30,40,50,60,70,80]

Incident Time(sec) Random integer in the range of (900,2700)

Incident Duration(sec) Random integer in the range of (600,1500)

Random Position(meter) Random integer in the range of (4500,8000)

Random Lane [0,1,2]*

*where 0 = Right lane , 1 = Middle lane and 2 = Left Lane

3.1.4. Data Collection and Storage Process

In this study, average flow, density, and velocity values are used for analysis.

For this reason, only these data were collected from the sensors to use both processor

power and storage capacity efficiently. In each lane of the road network, a sensor is

placed every 500 meters. (Figure 3.2). That is, there are 3 different sensors in the

road network, one in each lane for every 500 meters which means there are 21 sensor

locations in a 10,500 meter-network. These sensors collect data every 15 seconds. The

flow, density, and speed values read from these three sensors are averaged to obtain
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the general state of the road depending on time and location using Equation 3.1:

χi,t =
χi0,t + χi1,t + χi2,t

3
i = 1, 2, 3..., 21 (3.1)

,where x can be one of the flow, density, or speed values collected from a sensor, i is

the indicator of sensor location.xi0 ,xi1 and xi2 indicates the value read on the ith sensor

in the right, middle and left lanes respectively. In later stages, for data from sensors,

instead of x, the notations q for flow, k for density, and v for speed will be used.

Flow values are stored by converting the total number of vehicles recorded in the

sensors for 15 seconds to the number of passing vehicles per hour. This transformation

is given in Equation 3.2:

Qi,t =
qi,t × 3600

15
i = 1, 2, 3..., 21 (3.2)

,where, Qi is the transformed flow value to store.

Speed values are calculated by storing and averaging the speeds of each vehicle

passing through the sensor location. This calculation is given in Equation 3.3:

Vi,t =

∑k=N
k=0 υ(i,t),k

N
i = 1, 2, 3..., 21 (3.3)

,where; Vi,t is the speed value at position i stored to be analyzed, v(i,t),k is the speed

of the kth vehicle measured instantaneously at that location and N is the total number

of vehicles detected by the ith sensor at any time.

Density values cannot be obtained directly from the simulation. Occupancy val-

ues measured from the sensors are converted into density. The formula used in the

transformation is given in Equation 3.4

Ki,t =
oi,t
L+ d

i = 1, 2, 3..., 21 (3.4)

where, Ki is the density value at position i stored to be analyzed, oi is the occupancy

value read by ith sensor, L is the length of a vehicle and d is the length of the detector.
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3.1.5. LCS Implementation

Lane control systems (LCS) is a real-time traffic management method applied

for a more stable and safe operation of lanes in freeways. This goal is achieved by

electronic signs placed above the lanes informing drivers to change their speed or lane.

LCS screens on a 4-lane road are shown in Figure 3.3.

Figure 3.3. Illustration of LCS Implementation on a 4-Lanes Road (TRUMM, 2010)

In this study, the following assumptions were made while implementing LCS:

i. Lane control signs start 300 seconds after an incident occurs. Also, these signs

continue to run for up to 300 seconds after the incident completely is removed.

ii. Drivers notice these LCS signs 30 meters before the first sign away further away

from the incident and take action within a maximum of 2 seconds

iii. While connected autonomous vehicles obey LCS without exception, regular ve-

hicles follow LCS with some compliance rate.

iv. Two LCS are placed in the system. The first one is placed in the first sensor

position just before the accident (LCS 1), the second is placed a control distance

away from the LCS 1 (LCS 2). Sensor locations during an incident are given in

Figure 3.4. In Figure 3.4, the yellow lines show the sensor positions and the pink

rectangle provides the incident position.

v. If the LCS shows the lane change sign:

a. In the right lane: Lane change is towards the middle lane.

b. In the left lane: Lane change is towards the middle lane.

c. In the middle lane: The lane is towards a randomly selected one from the
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right or left lane.

Figure 3.4. Sensors Locations

Drivers’ responses to LCS 1 and LCS 2 differ from each other in terms of compliance

rate [50]. Using a trial-and-error method through an extensive number of simulations,

the optimum parameters for LCS implementations are selected [1]. The simulation

parameter values of the LCS implementation are given in Table 3.4.

Table 3.4. LCS Simulation Parameters

Parameter Value

LCS 1 Compliance Rate (%) 80

LCS 2 Compliance Rate (%) 70

Control Distance (meter) 1000

The LCS compliance rate gives the probability that a vehicle within the range

of the LCS 1 will comply with its signs. It should be recalled that CAV vehicles obey

these signs completely. The control distance represents the distance between LCS 1

and LCS 2. The flow chart of the LCS implementation is given in Figure 3.5.
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Figure 3.5. The flowchart of LCS implementation

3.1.6. VSL Implementation

The Variable Speed Limit (VSL) is a real-time traffic management method. It is

based on the principle of managing the traffic by regulating the speed of the vehicles

in conditions such as traffic congestion. In this study, the following assumptions were

made while implementing the VSL:

i. VSL signals start to inform drivers 300 seconds after an incident occurs. Also,

these signals continue to run for up to 300 seconds after the incident completely

is removed.

ii. Drivers notice these signals 30 meters before the first signal upstream and take

action within a maximum of 2 seconds.

iii. Drivers following the signs reduce their speed to the recommended speed as early

as possible.
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iv. While connected autonomous vehicles comply with the VSL signals without ex-

ception, vehicles with drivers follow these signs with a certain compliance rate.

v. v. There is only one VSL signal. This signal is placed as far back as the control

distance from the accident location. The visual representation of the VSL signal

location is given in Figure 3.6.

vi. VSL signs in each lane show the same target speed.

Figure 3.6. The sketch of the study network for VSL implementation

VSL parameters giving the best results are presented in Table 2.5 obtained through a

comprehensive simulation study [1].

Table 3.5. VSL Simulation Parameters

Parameter Value

Compliance Rate (%) 50

Control Distance (meter) 1000

Target Speed (km/hour) 40
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The compliance rate shows at what rate the vehicles with driver obeys the VSL

signal. The target speed indicates the speed value at which the vehicles need to be

adjusted their speeds. The control distance shows how far behind the vehicles will start

to be managed from the accident location. VSL implementation flowchart is given in

Figure 3.7.

Figure 3.7. VSL simulation flowchart

3.1.7. SWSCAV [1] Implementation

This implementation uses multiple mechanisms simultaneously to provide dy-

namic management of traffic.

SWSCAV [1] is based on managing the speeds of the connected autonomous vehi-

cles in traffic during the presence of any shockwave, starting from the control distance

of the boundary opposite to the direction of the traffic flow. In this study, the following

assumptions were made while modeling SWSCAV [1]:
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i. Connected autonomous vehicles constantly know their location very accurately

and can receive information from infrastructure.

ii. Connected autonomous vehicles implement the given directive as soon as possible

without any exception.

iii. Connected autonomous vehicles reduce their speed linearly to equal their speeds

to shockwave speed when it reaches the upstream direction of the shockwave.

iv. Momentary traffic density data based on the location shows wave behavior.

v. Vehicles cannot exceed the maximum speed of the road and do not apply when

a speed lower than 10 km / h is recommended.

In this process, sensor data collected every 15 seconds is used to check whether a shock

wave is present at that time. After the shock wave is detected, the sensor data is

up-sampled to prevent underutilization caused by the distance between the sensors.

The up-sampled data is smoothed to remove noise and sensor error. Then, using this

up-sampled and smoothed density and flow data, the position of the boundary of the

shockwave located upstream of the traffic and the speed of the backward shockwave

is calculated. This calculated speed is then transmitted to the connected autonomous

vehicles that are as far back as the control distance from the shock wave boundary

in traffic, and the connected autonomous vehicles regularly adjust their speed to the

shock wave speed. The flow chart of the SWSCAV [1] is given in Figure 3.8.
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Figure 3.8. Flowchart of SWSCAV [1] Implementation

3.1.7.1. Shockwave Detection. During simulations, every 15 seconds, the flow, occu-

pancy, and speed values collected from sensors are placed on every 500 meters. These
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data are processed to calculate average flow, density, and speed values at sensor lo-

cations. These data are used to detect the shockwave and after advanced processing,

to find the shockwave boundary of the traffic upstream. The pseudo-code of shock

wave detection is given in Figure 3.9. Critical density was determined as 38 vehicles

per kilometer by preliminary work. This value is the lowest traffic density value where

congestion is observed in a region. According to Figure 3.9, if the average density at a

location is greater than 38 veh / km for 15 seconds and the average speed in that area

falls below 30 km / h, that location indicates the presence of a shock wave.

Figure 3.9. Shockwave Detection Algorithm

3.1.7.2. Application of Data Up-sampling. After the shock wave has been detected,

further procedures should be performed to determine the speed and location of the

shock wave more accurately. In the road network used in this study, sensors were placed

on the road at 500 meters intervals. While the 500-meter sensor range may be sufficient

to provide information on the current state of traffic, the situation where sensors are

placed more frequently than 500-meter intervals can be converged to fine-tune with data
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processing techniques. In this study, the Fast Fourier Transform (FFT) Upsampling

method is used to make the sensor arrangement placed every 500 meters approach the

question of the sensor placed every 50 meters. In this study, it is assumed that the

instantaneous density values of traffic show wave behavior during the simulation. The

basic principles of the FFT process are given under the theory section. Traffic density

and flow data are up-sampled to determine the speed and location of the shockwave.

There is no need to up-sample speed data. In Figure 3.10, traffic density values are

provided according to the sensor positions during a shockwave. Figure 3.11 shows the

up-sampled traffic density data. When the two shapes are examined, the wave behavior

approach can be seen clearly. For the remainder of this study, each of the red dots in

Figure 3.11 will be treated as if there were sensors.

Figure 3.10. Average Density Values at Sensor Locations

Figure 3.11. Up-sampled Average Density Values at Sensor Locations
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3.1.7.3. Application of Data Smoothing. After the data was sampled up, the Fused

Lasso algorithm was used to minimize the instantaneous measured error, minimize the

effect of outlier values while processing the data, and determine the important change

points in the data. The basic principles of this algorithm are given in the ‘Theory’

section under the title of ‘The Fused Lasso’. In this study, the Fused Lasso algorithm

is used to determine the boundaries of the shock wave and to calculate the shock wave

velocity. In Figure 3.12, the up-sampled data shown in Figure 3.11 is processed with

the Fused Lasso algorithm. The data point having the lowest average density value

above the critical density value at the left-hand side of the peak formed on the data

is the upstreaming boundary point of the shock wave of the traffic. The upstreaming

shock wave boundary is shown in Figure 3.12 as a purple dot.

Figure 3.12. Smoothed Up-sampled Average Density Values at Sensor Locations

3.1.7.4. Shockwave Speed Calculation. Until this stage, the data collected from the

sensors were processed and the positions of the imaginary sensors and the average flow

and density values were obtained. In Figure 3.12, the sensor location, which is the

shockwave boundary, is given as a pink dot. That location is referenced to calculate

the shockwave speed. The shockwave speed calculation is given in Equation 3.5.

υsw =
qx − qx−1

kx − kx−1

(3.5)
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,where vsw is the shockwave speed, qx and kx are the average flow and density val-

ues, respectively at the shockwave boundary sensor, and qx-1 and kx-1 are the average

flow and density values, respectively, at the sensor just behind the shockwave bound-

ary sensor. And finally, this calculated shockwave speed is transmitted to connected

autonomous vehicles within control distance to adjust their speed to that speed.

3.1.8. SWSCAV with Prediction [1] Implementation

The difference between the SWSCAV with Prediction [1] and SWSCAV [1] is that

the main data used to determine the shockwave location and velocity are taken from

a row of an estimated heat map, not from the instantly collected data. Also, a row of

predicted 2-minutes estimated heatmap of 2 minutes later is used for data processing.

The flow chart describing the implementation of SWSCAV with Prediction [1] in the

simulation environment is shown in Figure 3.13.
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Figure 3.13. The flow chart of the implementation of SWSCAV with the prediction [1]

The data used for processing are density and flow data exactly 3 minutes after

the instantaneous time. For example, suppose a shockwave is detected at the 30th

minute of the simulation. Using the stored flow and density data between the 28th and

30th minutes of the simulation, flow and density heat maps between the 32nd and 34th

minutes of the simulation are estimated. As the data is collected every 15 seconds, the

size of the 2-minute heat maps consists of 21 columns (sensor locations) and 8 lines

(15 seconds timesteps). Pix2Pix deep learning algorithm was used in this prediction

process. The basic principles of this learning algorithm are given in the ”Theory”
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section.

3.1.8.1. Training and Implementation of Pix2Pix Algorithm. For heatmap predictions,

Pix2Pix image-to-image algorithm is selected. For this algorithm to work, one image

input with the same size as the desired output image must be given. In this study, it

was decided to estimate the two-minute heatmaps. Therefore, two-minute heatmaps

should be given as input. To train the prediction model to be used in this study,

heatmaps sections were taken from the base scenarios where only the incident occurred

but not managed. Since the prediction model will only be used in the presence of a

shockwave, no heat map has been obtained except in cases of the shockwave. In this

way, the prediction model is enabled to make more accurate predictions in the presence

of a shockwave. 13125 input images and 13125 output images, which were collected

from scenarios in which only the accident occurred but was not managed, were used in

the training process of the model. To ensure that the model is trained with the lowest

loss, several different Convolutional Neural Network hyperparameters have been used

and the model has been trained with the hyperparameters that give the lowest loss.

Model parameters and losses are given in Table 3.6. In this table,

• The “Neural Network Architecture” column shows how many neurons are in each

layer in the neural network architecture consisting of 7 layers.

• The ”Convolution Filter Size” column shows the size of the window that strides

over the image during the training of the model.

• The ”Dropout” column shows the rate of dropout used to prevent the model from

overfitting, to increase its performance, or to save CPU/GPU power.

• The “Discriminator Real Loss” column is a measure of the discriminator’s success

in detecting the real image.

• The “Discriminator Generator Loss” column is a measure of the discriminator’s

success in detecting the generating image.

• The “Generator Loss” column shows how successful the generator is in deceiving

the discriminator.
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Table 3.6. Convolutional Neural Network Parameters and Losses

Architecture

Number

Neural Net-

work

Architecture

Convolution

Filter Size

Dropout Discriminator

Real Loss

Discriminator

Generator Loss

Generator

Loss

1 8-16-32-64-64-1 2x2 0.5 0.544 0.377 5.579

2 16-32-64-128-

128-1

2x2 0.5 0.195 0.409 4.527

3 32-64-128-256-

256-1

2x2 0.5 0.274 0.376 2.689

4 32-64-128-256-

256-1

2x2 False 0.345 0.357 1.571

5 32-64-128-256-

256-1

2x2 0.2 0.327 0.355 1.671

6 32-64-128-256-

256-1

3x3 False 0.345 0.351 1.691

7 32-64-128-256-

256-1

4x4 False 0.351 0.359 1.641

According to Table 3.6, Architecture 4 has been selected because it gives the lowest

values for ”Generator Loss” and the other loss values are also low. After the model

was trained, the trained model was used for real-time prediction in simulation. Flow

and density data recorded every 15 seconds throughout the simulation are stored for

2 minutes. If a shock wave is detected, flow and density data stored for the last two

minutes are inserted as input to the model. The output obtained is the 2-minute flow

and density heatmaps of the 2 minutes later. The row in the middle of the estimated

heatmap, that is, 3 minutes after the instantaneous situation, starts to be subjected to

the data processing process starting from section 3.1.7.2. to 3.1.7.4.. In other words,

traffic is managed according to the situation 3 minutes after the instant, not the instant

situation.

3.1.9. Measures of Effectiveness

To assess the improvements related to the real-time traffic management methods,

various performance criteria parameters are determined. Selected performance criteria
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are specified in Table 3.7.

Table 3.7. Example Performance Measurement Table

Features Base Uncontrolled LCS VSL Controlled Predicted

K > 38(%) 3.81 3.48 3.52 3.28 3.12 2.27

K > 28(%) 4.24 3.72 4.18 3.68 3.76 3.01

Overall Avg. K 12.19 10.93 11.24 10.89 10.97 10.72

Overall Avg. Speeds (km/hour) 64.68 72.47 71.14 72.43 71.84 71.94

Shockwave duration (min) 27.25 27.25 27.25 27.25 27.25 27.25

Shockwave length (meter) 3000 3000 3000 3000 3000 3000

In CR K > 38 (%) 35.71 32.99 33.51 31.17 29.61 21.43

In CR K > 28 (%) 39.48 34.81 38.96 34.68 35.45 28.44

In CR Avg. Speeds(km/hour) (%) 38.59 44.19 40.77 44.54 41.19 39.92

Compared scenarios in Table 3.7 consist of base scenarios and uncontrolled, LCS,

VSL, controlled (SWSCAV: Gokasar, 2019), and predicted methods (SWSCAV with

the prediction: Gokasar, 2019). These scenarios differ according to the variables present

in the first column of Table 3.8.

Table 3.8. Features of Each Traffic Management Method

Base Uncontrolled LCS VSL Controlled Predicted

Incident Present Present Present Present Present Present

CAV - Present Present Present Present Present

Traffic Management - - Present Present Present Present

SWSCAV - - - - Present Present

Shockwave Prediction - - - - - Present

In Table 3.9, the data given in Table 3.7 are calculated in percent changes accord-

ing to the base scenarios to be able to observe the changes more accurately. Calculations
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of the percent changes are done according to the following equation

%Change =
Vmethod − Vbase

Vbase
(3.6)

,where

1. %Change is the percent difference between the base scenario values and the spec-

ified method’s performance criteria values.

2. Vmethod is the value of the specified method’s performance criteria.

3. VUncontrolled is the value of the specified method’s performance criteria.

Table 3.9. Percentage Change of Example Performance Measurement Table

Features Base Uncontrolled LCS VSL Controlled Predicted

K > 38(%) 3.81 -8.70 -7.53 -13.73 -18.04 -40.33

K > 28(%) 4.24 -12.13 -1.43 -13.10 -11.16 -28.93

Overall Avg. K 12.19 -10.37 -7.76 -10.70 -10.01 -12.08

Overall Avg. Speeds (km/hour) 64.68 12.04 9.97 11.97 11.07 11.21

Shockwave duration (min) 27.25 27.25 27.25 27.25 27.25 27.25

Shockwave length (meter) 3000 3000 3000 3000 3000 3000

In CR K > 38 (%) 35.71 -7.64 -6.18 -12.73 -17.09 -40.00

In CR K > 28 (%) 39.48 -11.84 -1.32 -12.17 -10.20 -27.96

In CR Avg. Speeds(km/hour) (%) 38.59 14.53 5.67 15.43 6.74 3.46

The initial performance measure of the simulation study is the density threshold, which

accounts for the entire simulation. Density thresholds are determined as 28 and 38.

These two threshold values are the breaking points of the heatmaps. Rows ‘K>38’

and ‘K>28’ represent the percent values at which density is bigger than the specified

threshold values. The second performance criterion is the ‘Overall Avg. K’, and this

measure stands for the average density of the whole simulation. The third performance

criterion is the ‘Overall Avg. Speeds’, which is the average speed of the overall simu-

lation. ‘shockwave duration’ represents the duration of the shockwave created by the
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incident. ‘shockwave length’ corresponds to the length at which the traffic flow is af-

fected by the incident. Because incidents create shockwaves upstream of the incident

location, examining the changes corresponding to the shockwave area rather than the

whole simulation is more important. Therefore, the region bounded by the ‘shockwave

duration’ and ‘shockwave length’ is marked on the heatmaps to be able to observe

the density changes regarding the shockwave area since the aim of this study is to

improve shockwaves. In each scenario, a critical region is specified on the heatmaps

just like it can be seen in Figure 3.14. After creating the critical regions, the last three

performance measures are investigated, which are ‘In CR K>38’, ‘In CR K>28’, and

‘In CR Avg. Speeds’ since these are the values that are related to the critical region.

While comparing the performance measure values of different methods, percent changes

between the critical region values are considered more important.

Figure 3.14. Illustration of Critical Region
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Percent density values shown in Table 3.7 are calculated by dividing the area at

which the density values are bigger than the specified threshold values to the entire

area, making these percent values refer to the overall traffic flow. However, since the

critical region is bounded by the shockwave duration and shockwave length, density

values higher than the threshold values are mostly observed in the critical region. This

increases the percent density values in the critical region as can be seen from Table

3.7.

Tables 3.7 and 3.9 are the results of a scenario chosen at random between 2400

different scenarios. In Table 3.9, it is observed that the controlled method reduces

densities larger than 38 and 28 by 18.04% and 11.16% respectively compared with the

base scenarios. It is also seen that the overall density of the traffic reduces by 10.01%.

Considering these results, it is seen that the most effective improvement is observed

on densities larger than the threshold of 38. This is related to the fact that; the con-

trolled method aims to improve incident-induced shockwaves, which create high-density

congestions. Therefore, the controlled method improves these highly dense areas by

spreading the density to a greater area.

Improvements related to the critical region are more important since the con-

trolled method aims to mitigate the effects of the shockwaves, which are mainly present

in the critical region. In Table 3.9, it is observed that critical region densities higher

than 38 and 28 is reduced by 17.09% and 10.20% respectively. Density reductions in

the critical region are smaller compared to the overall simulation density reductions.

On the other hand, it is seen that overall speed in the critical region is increased by

6.74%, whereas the overall network average speeds increased by 11.07%. An increase

in speeds and a decrease in the percent densities indicate that the traffic flow becomes

more stable with fewer speed differences. Other scenarios of the study show close trends

to the results of this scenario.

The analysis provided in the following parts is all performed based on the crit-

ical region and the density threshold of 38. In Table 3.10, improvements, in short,

medium, and long incident durations are shown for different CAV penetration rates

based on mean and standard deviation values. The relationship between mean and

standard deviation values is an important aspect of the analysis. If the decrease in



36

standard deviation value is higher than the increase in mean value, it means that the

critical region is being stabilized. Analyzing Table 3.10, it is observed that for short

and medium incident duration cases, 40% and higher CAV penetration rates show the

most improvements, and for the long incident duration cases, results indicate that 50%

and higher CAV penetration rates show the most improvements. It is also seen that

the stability of the improvements is lower when the CAV penetration rates are low.

In Table 3.11, the comparison of mean and standard deviation values with the CAV

penetration rates is displayed. The difference between Table 3.10 and 3.11 is that Ta-

ble 3.11 does not include the duration parameter of the incidents, so only the CAV

penetration rates are discussed. Results within Table 3.11 indicate that the system

works most efficiently under the penetration rates of 70% and 80%.

Table 3.10. Performance of SWSCAV for Each Incident Duration

Scenario CAV 10-15

K>38

Mean

10-15

K>38

Std

Dev

Short

Dura-

tion # of

Scenarios

15-20

K>38

Mean

15-20

K>38

Std

Dev

Moderate

Dura-

tion # of

Scenarios

20-25

K>38

Mean

20-25

K>38

Std

Dev

Long

Dura-

tion # of

Scenarios

0 10% -32,31 39,85 85,00 -24,31 29,81 65,00 -3,08 46,97 90,00

1 20% -39,80 32,18 85,00 -34,29 33,68 65,00 -24,67 31,92 90,00

2 30% -43,81 30,53 85,00 -28,61 26,63 65,00 -30,37 35,14 90,00

3 40% -51,70 28,82 85,00 -45,90 23,13 65,00 -27,71 35,81 90,00

4 50% -54,74 25,19 85,00 -47,31 21,17 65,00 -42,21 41,62 90,00

5 60% -52,55 27,83 85,00 -49,42 24,03 65,00 -49,79 28,54 90,00

6 70% -55,73 29,05 85,00 -53,83 30,76 65,00 -42,63 29,22 90,00

7 80% -54,06 24,49 85,00 -52,99 17,03 65,00 -37,76 23,62 90,00

Table 3.11. Performance of SWSCAV for Each Penetration Rate

Scenario Features 10% 20% 30% 40% 50% 60% 70% 80%

0 K>38 Mean 2,04 -4,45 -1,93 -9,00 -5,97 -14,77 -16,31 -16,14

1 K>38 Std Dev 32,81 22,64 20,59 26,80 32,48 12,02 20,79 14,80

2 K>28 Mean 2,19 -2,62 2,31 -9,59 -8,23 -16,15 -2,95 -18,61

3 K>28 Std Dev 33,81 17,35 23,94 19,55 29,08 10,30 26,02 15,67

4 Scenario Number 161,00 109,00 93,00 79,00 48,00 51,00 61,00 49,00
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The incident lane is the next important variable of the study because the lane

at which the incident occurs distinctively affects the properties of the congestion and

shockwave. For example, if the incident is located at the middle lane, lane changes

affect both right and left lanes directly and interrupt the flow of both lanes, whereas

it is not the same case for incidents located at right and left lanes. Table 3.12 shows

the mean and standard deviation values for each lane under different CAV penetration

rates. There are 105, 95, and 100 cases of incident scenarios for right, middle, and left

lanes respectively, however, the formation of the shockwave is not the case for each

scenario. As can be seen in Table 3.12, only 60 right lane incident scenarios, 95 middle

lane incident scenarios, and 85 left lane incident scenarios contain shockwaves. Given

standard deviation and mean values are calculated for the cases that contain shock-

waves. Considering the ratio of the number of shockwave scenarios to the number of

total scenarios for each lane, it is seen that right lane scenarios require less interference

compared to other lanes. High rates of change in right lane incident scenarios can

be clarified by this. Since mitigating the effects of a low severity congestion is eas-

ier, higher percentage changes are observed for right lane incident scenarios. Middle

and left lane incident scenarios contain more shockwaves that are controlled by CAVs.

In Table 3.13, it is seen that, as the CAV penetration rate increases, congestions de-

crease. It is also seen that, at a 30% CAV rate, both left and middle lane show high

improvements, which is not expected.

Table 3.12. Performance of SWSCAV for Each Incident Lane

Scenario CAV Right

K>38

Mean

Right

K>38

Std

Dev

Right #

of Shock-

wave Sce-

narios

Middle

K>38

Mean

Middle

K>38

Std

Dev

Middle #

of Shock-

wave Sce-

nario

Left

K>38

Mean

Left

K>38

Std

Dev

Left #

of Shock-

wave

Scenario

0 10% -12,98 60,85 60,00 -14,03 18,82 95,00 -29,31 43,77 85,00

1 20% -45,74 38,29 60,00 -24,32 20,90 95,00 -32,67 37,18 85,00

2 30% -44,42 30,36 60,00 -32,08 26,09 95,00 -30,64 37,58 85,00

3 40% -46,57 48,68 60,00 -32,74 17,47 95,00 -46,68 27,98 85,00

4 50% -65,20 46,50 60,00 -37,27 13,07 95,00 -47,93 29,01 85,00

5 60% -70,81 25,50 60,00 -38,15 17,44 95,00 -50,45 28,62 85,00

6 70% -50,62 37,14 60,00 -38,10 25,47 95,00 -48,42 30,10 85,00

7 80% -45,08 31,65 60,00 -43,79 15,47 95,00 -53,80 23,43 85,00
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Another important parameter of the study is the control distance, which is taken

as 500, 750, 1000, 1250, and 1500 meters. At each incident scenario, CAVs are utilized

in the control mechanism. The point at which CAVs are first instructed is determined as

the point, which is a control distance upstream from the shockwave boundary. In Table

3.13, improvements due to different control distances and different CAV penetration

rates can be observed. Results given in Table 3.13 indicate that each control distance

provides noticeable improvements at each CAV market penetration rate except at 10%.

It is also observed that, as the control distance increases, congestion improvements also

increase. This improvement is related to the fact that high control distance means the

control starting farther from the incident location. However, this might also result in

the under utilization of the network.

Table 3.13. Performance of SWSCAV for Each Control Distance

CV 500m

K>38

Mean

500m

K>38

Std

Dev

500m # of

Cases

750m

K>38

Mean

750m

K>38

Std

Dev

750m # of

Cases

1000m

K>38

Mean

1000m

K>38

Std

Dev

1000m #

of Cases

10% -15,83 46,43 48,00 -16,87 43,65 48,00 -19,22 41,92 48,00

20% -29,39 36,15 48,00 -30,49 33,28 48,00 -33,55 30,82 48,00

30% -28,97 36,12 48,00 -32,33 33,76 48,00 -34,04 31,43 48,00

40% -36,61 33,41 48,00 -39,92 31,62 48,00 -43,11 33,47 48,00

50% -43,97 36,30 48,00 -45,62 33,50 48,00 -48,08 31,63 48,00

60% -47,10 27,96 48,00 -49,35 26,47 48,00 -49,92 28,52 48,00

70% -40,31 34,79 48,00 -42,66 31,91 48,00 -47,35 29,85 48,00

80% -44,26 24,72 48,00 -43,97 24,52 48,00 -48,16 23,48 48,00

CV 1250m

K>38

Mean

1250m

K>38

Std

Dev

1250m #

of Cases

1500m

K>38

Mean

1500m

K>38

Std

Dev

1500m #

of Cases

10% -21,90 39,41 48,00 -22,08 40,80 48,00

20% -36,13 30,58 48,00 -34,70 31,70 48,00

30% -37,35 27,98 48,00 -40,59 30,17 48,00

40% -40,62 30,61 48,00 -45,40 31,64 48,00

50% -50,29 27,54 48,00 -52,18 30,44 48,00

60% -51,85 28,17 48,00 -55,12 24,44 48,00

70% -46,24 28,21 48,00 -47,87 29,10 48,00

80% -49,78 22,53 48,00 -52,12 22,41 48,00



39

Line charts of density and speed changes are provided in Figure 3.15. Analyzing

Fig. 3.15., it is observed that CAV penetration rates higher than 40% provide lower

densities in the case of an incident. This shows that high CAV rates improve congestions

by stabilizing the traffic flow. Checking Fig. 3.16., it is seen that high CAV market

penetration rates, such as 50-80%, do not provide as many changes in speeds as it

does in density changes. However, due to the early and sharp decrease in speeds at

high CAV rates, speed differences in the critical region are reduced and the traffic flow

is homogenized. By the reduced speed differences, delays faced in the critical region

mitigates and effects of shockwaves also reduce. On the other hand, in both Fig 3.15

and Fig 3.16, it is observed that the recovery after the incident location is much faster

and more efficient at high CAV penetration rates. This reduces the impact of the

incident on the overall network rather than just improving the critical region.

Figure 3.15. Density vs Time at the Incident Location
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Figure 3.16. Speed vs Time at the Incident Location

3.1.10. Heatmaps

Fig. 3.17 and 3.18 provide the heatmaps of a base and controlled method of the

same scenario. Comparing Fig. 3.17 and Fig. 3.18, it is observed that the controlled

method distributes the density over time, which reduces the severity of the congestions

present in the critical region. Both heatmaps contain a backward forming shockwave

and a frontal stationary shockwave, which is the incident. After the incident location,

a backward recovery shockwave is present. In the comparison of the heatmaps, it is

seen that the controlled method reduces shockwave length, mitigates the shockwave’s

congestion severity, and distributes the severe congestions over time rather than having

highly congested areas for less duration. These improvements provide fewer delays and

fewer stop-and-go motions.



41

Figure 3.17. Uncontrolled Traffic Density Heatmap (seed=25)
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Figure 3.18. Controlled Traffic Density Heatmap(seed=25, CD=1000m, PR=70%)

3.1.11. Comparison with LCS and VSL

Lane control signals (LCS) and variable speed limits (VSL) are two widely used

traffic management systems, which mainly aim to increase the traffic efficiency and

safety aspect of the traffic in the case of an incident. The level of improvements of

both management methods varies according to the compliance rate of the drivers. In

the controlled method, LCS and VSL are simulated in the same environment to be

able to compare them more accurately.
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Table 3.14. Comparison of SWSCAV with Other Traffic Management Methods

Features Base Uncontrolled LCS VSL Controlled Predicted

K > 38(%) 3.81 -8.70 -7.53 -13.73 -18.04 -40.33

K > 28(%) 4.24 -12.13 -1.43 -13.10 -11.16 -28.93

Overall Avg. K 12.19 -10.37 -7.76 -10.70 -10.01 -12.08

Overall Avg. Speeds (km/hour) 64.68 12.04 9.97 11.97 11.07 11.21

Shockwave duration (min) 27.25 27.25 27.25 27.25 27.25 27.25

Shockwave length (meter) 3000 3000 3000 3000 3000 3000

In CR K > 38 (%) 35.71 -7.64 -6.18 -12.73 -17.09 -40.00

In CR K > 28 (%) 39.48 -11.84 -1.32 -12.17 -10.20 -27.96

In CR Avg. Speeds(km/hour) (%) 38.59 14.53 5.67 15.43 6.74 3.46

Table 3.14, Table 3.7, and Table 3.9 are the results of the same scenarios, which

have the variables of 1000 meters control distance and 40% CAV percentage. In Table

3.14, it is seen that the controlled method improves the critical region better than any

other method present by reducing densities at a higher percentage. Even though VSL

has better results in average speeds, density reductions due to the controlled method

carry bigger importance in relieving the critical region. It is also possible to observe

that LCS does not provide as much when compared to VSL and controlled methods

due to low-density reductions and speed increases. Even the uncontrolled method,

which is having unmanaged CAVs in the system, performs better than LCS in means

of both density reductions and speed improvements.
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3.1.12. Simulation Results of Predicted Control Method

Table 3.15. Performance of SWSCAV for Each Incident Duration

Scenario CAV 10-15

K>38

Mean

10-15

K>38 Std

Dev

Short Du-

ration # of

Scenarios

15-20

K>38

Mean

15-20

K>38

Std

Dev

0 10% -34.58 29.23 85 -38.95 25.91

1 20% -45.10 35.05 85 -27.92 26.57

2 30% -47.37 33.49 85 -27.68 30.07

3 40% -54.91 23.88 85 -49.19 23.40

4 50% -63.06 18.95 85 -50.34 23.45

5 60% -60.69 27.49 85 -57.77 18.17

6 70% -63.03 20.94 85 -44.39 27.94

7 80% -62.01 20.88 85 -55.37 15.00

Scenario CAV Moderate

Duration

# of Sce-

narios

20-25

K>38

Mean

20-25

K>38 Std

Dev

Long Du-

ration # of

Scenarios

0 10% 65 -4.54 59.51 90

1 20% 65 -21.16 33.24 90

2 30% 65 -20.04 42.36 90

3 40% 65 -41.14 31.10 90

4 50% 65 -59.25 35.36 90

5 60% 65 -47.83 30.18 90

6 70% 65 -34.22 25.18 90

7 80% 65 -40.00 25.51 90

In Table 3.15, standard deviation and mean values of the changes in density, which

are bigger than the threshold of 38 veh/km, according to different incident durations

and changing CAV percentages are present. For the short duration incidents that take

around 10 to 15 minutes, it is observed that 50% CAV is the optimum case since the

biggest decrease in mean values and the lowest increase in standard deviation values



45

is seen at this CAV percentage value. For the moderate duration incidents that take

around 15 to 20 minutes, 60% CAV is seen to be the optimum case due to the mean

and standard deviation values and for the long duration incidents, which take around

20 to 25 minutes, 50% CAV is seen to be the best case.

Table 3.16. Performance of Predicted SWSCAV for Each Penetration Rate

Scenario Features 10% 20% 30% 40% 50% 60% 70% 80%

0 K>38 Mean -24.50 -31.47 -31.79 -48.20 -58.18 -55.08 -47.18 -51.96

1 K>38 Std Dev 45.18 33.79 38.04 27.25 27.66 26.95 27.46 23.42

2 K>28 Mean -23.82 -30.73 -31.31 -47.29 -56.42 -54.86 -45.91 -50.88

3 K¿28 Std Dev 37.20 29.24 35.21 23.99 24.56 21.80 26.46 19.50

4 Scenario Number 240 240 240 240 240 240 240 240

In Table 3.16, standard deviation and mean values of the changes in density,

which are bigger than the thresholds of both 28 and 38 veh/km, according to changing

CAV percentages are present. Unlike Table 3.16, the incident duration is not a variable

in this table, so the optimum CAV percentage is observed regardless of the incident

duration variable. Analyzing the table, it is seen that 50% CAV penetration rate is the

optimum case for the predicted method because for both ‘K>38’ and ‘K>28’ mean and

standard deviation rows, the biggest decrease in mean percent density change values

are observed at 50% CAV penetration rate and one of the lowest standard deviation

increase is seen again at 50% CAV penetration rate.
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Table 3.17. Performance of SWSCAV for Each Incident Lane

Scenario CAV Right

K>38

Mean

Right

K>38 Std

Dev

Right #

Shockwave

Scenarios

Middle

K>38

Mean

Middle

K>38 Std

Dev

Middle #

Shockwave

Scenario

0 10% -20.95 68.20 60 -25.01 17.36 95

1 20% -32.66 35.86 60 -31.81 23.43 95

2 30% -34.44 48.16 60 -41.60 19.69 95

3 40% -59.00 36.79 60 -43.66 14.71 95

4 50% -88.71 12.63 60 -50.47 13.03 95

5 60% -62.70 25.66 60 -55.00 16.39 95

6 70% -41.64 34.55 60 -49.75 18.15 95

7 80% -45.93 28.95 60 -54.91 12.25 95

Scenario CAV Left K>38

Mean

Left K>38

Std Dev

Left #

Shockwave

Scenario

0 10% -26,43 46,82 85,00

1 20% -30,25 41,57 85,00

2 30% -18,94 42,12 85,00

3 40% -45,64 28,40 85,00

4 50% -45,25 31,17 85,00

5 60% -49,79 35,12 85,00

6 70% -48,20 30,12 85,00

7 80% -52,92 27,71 85,00

In Table 3.17, mean and standard deviation values of the percent changes in

densities bigger than the threshold 38 veh/km are shown according to variating CAV

percentages and incident lanes. There are 105, 95 and 100 cases of incident scenarios

for right, middle, and left lanes respectively, however the formation of the shockwave

is not the case for each scenario just like it is stated in the discussion of the controlled

method. Right lane incident cases having a low ratio of shockwave formation indicates

that improving shockwaves that are due to right lane incidents is much easier than

middle and left lane incident cases. High mean and low standard deviation values of

the right lane incident cases compared with the other incident lane cases support this

idea. Analyzing the table for the right lane case, it is seen that 50% CAV penetration

shows 88.71% decrease in mean percent density value and 12.63% increase in standard
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deviation value, which is a great improvement compared to the results of both the

controlled method and other incident lane cases. For the middle and left incident lane

cases, it is observed that 50% and 60% CAV penetration is the optimum case.

Table 3.18. Performance of SWSCAV for Each Control Distance

Scenario CV 500m

K>38

Mean

500m

K>38

Std

Dev

500m

#

Cases

750m

K>38

Mean

750m

K>38

Std

Dev

750m

#

Cases

1000m

K>38

Mean

1000m

K>38

Std

Dev

1000m

#

Cases

0 10% -21.06 46.88 48 -20.14 48.15 48 -28.69 45.81 48

1 20% -27.76 36.85 48 -29.24 32.97 48 -36.16 32.99 48

2 30% -25.02 42.60 48 -29.26 39.51 48 -36.53 32.03 48

3 40% -44.75 29.93 48 -47.29 26.43 48 -52.17 26.52 48

4 50% -54.70 31.15 48 -54.85 30.99 48 -60.86 27.34 48

5 60% -50.42 29.69 48 -52.99 27.09 48 -59.40 24.25 48

6 70% -43.22 29.19 48 -41.88 29.36 48 -51.72 26.42 48

7 80% -46.72 24.35 48 -49.87 23.34 48 -56.44 23.29 48

Scenario CV 1250m

K>38

Mean

1250m

K>38

Std

Dev

1250m

#

Cases

1500m

K>38

Mean

1500m

K>38

Std

Dev

1500m

#

Cases

0 10% -27.19 38.77 48 -25.41 46.98 48

1 20% -29.93 34.34 48 -34.27 32.27 48

2 30% -29.76 42.27 48 -38.36 32.35 48

3 40% -47.05 27.74 48 -49.71 26.00 48

4 50% -58.90 25.61 48 -61.61 22.62 48

5 60% -55.00 27.97 48 -57.58 25.60 48

6 70% -47.58 27.05 48 -51.49 24.60 48

7 80% -51.75 23.38 48 -55.01 22.38 48

Another important variable of the study is the control distance from the upstream

boundary of the shockwave at which CAVs are being instructed. In Table 3.18, the

effects of control distances with changing CAV penetration rates are given. Comparing

each control distance depending on the mean and standard deviation values, it is

observed that 1250 meters are the most optimum control distance since at the best CAV

penetration rate, which is 50%, the highest mean value decrease and lowest standard
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deviation increase is seen at this control distance. Even at CAV penetration rates

different than 50%, a control distance of 1250 meters shows the best or second-best

results compared to other control distances.

3.1.13. Lineplots

Figure 3.19. Time vs Density Graph 750m

Figure 3.20. Time vs Density Graph 1000m
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Figure 3.21. Time vs Density Graph 1250m

In Fig 3.19, 3.20 and 3.21., line plots of density vs. time for different control

distances, which are 750, 1000 and 1250 meters, and different CAV percentages are

provided. Comparing these plots, it is observed that, best density improvements are

seen at the control distance of 1250 meters due to the lowered densities in the shockwave

area. By the reduction in densities in the critical region, it is possible to say that delays

and stop-and-go motion faced in the critical region are reduced. It is also observed that,

at the most optimum control distance, which is 1250 meters, CAV penetration rates of

40%, 50%, and 60% outperform other penetration rates. These findings support the

idea of the most optimum case for the predicted control method being the 50% CAV

penetration rate at a control distance of 1250 meters.



50

Figure 3.22. Time vs Speed Graph 750m

Figure 3.23. Time vs Speed Graph 1000m
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Figure 3.24. Time vs Speed Graph 1250m

In Fig. 3.22, 3.23 and 3.24, line plots of speed vs. time for different control

distances and CAV percentages are provided. Comparing these line plots, it is seen that

at the control distance of 750 meters, there are sharp speed increases and decreases,

which may increase the delays faced, safety issues, and also decrease fuel efficiency.

As the control distance increases, it is seen that the first sharp decrease in speeds is

taking place at a farther location from the incident and there are not many sharp

speed changes after the first decrease, which reduces speed differences, homogenize the

traffic, increases the safety of the drivers, and increase fuel efficiency due to reduced

stop-and-go motions faced. Best speed improvements related to the homogenization

of the speeds are observed at 1250 meters. Analyzing the CAV percentage trends at

the control distance of 1250 meters, it is seen that the CAV penetration rates of 40%,

50%, and 70% show the best improvements, which supports the selection of 50% CAV

penetration as the most optimum one.
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3.1.14. Heatmaps

Figure 3.25. Controlled Traffic Density Heatmap(seed=37 CD=750m PR=50%)
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Figure 3.26. Controlled with Predicted Traffic Density Heatmap(seed=37 CD=750m

PR=20%
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Figure 3.27. Controlled with Predicted Traffic Density Heatmap(seed=37 CD=750m

PR=50%

In Fig.3.25, 3.26 and 3.27, three different heatmaps are present. Fig. 3.25 is

the heatmap of a base scenario where Fig. 3.26 and Fig.3.27 are the heatmaps of the

results of the predicted control method with different CAV penetration rates. Fig.

3.26 contains 20% CAV and Fig. 3.27 contains 50% CAV. All three heatmaps are

constructed according to the same control distance, which is 750 meters. Comparing

the heatmaps, it is observed that the predicted control method reduces densities and

improves the critical region. Shockwave distances and shockwave durations of the 500

meters intervals within the critical region are significantly reduced. This shows that the

lengths of the queues, which are due to the incident are lowered and stop-and-go motion

within the shockwave area is reduced. It is also seen that 50% CAV outperforms the
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20% CAV case by the reduction in shockwave length in the critical region and better

mitigation of highly dense areas.

Figure 3.28. Controlled Traffic Density Heatmap(seed=37 CD=1250m PR=50%)
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Figure 3.29. Controlled with Predicted Traffic Density Heatmap(seed=37 CD=1250m

PR=20%
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Figure 3.30. Controlled with Predicted Traffic Density Heatmap(seed=37 CD=1250m

PR=50%

In Fig 3.28, 3.29 and 3.30, heatmaps of a base scenario and two predicted control

method is present. Heatmaps of the predicted control method are constructed based

on the control distance of 1250 meters, which is the optimum control distance for the

method. Fig 3.29 and Fig 3.30 differ on the CAV percentage being 20% and 50%

respectively. Comparing these scenarios, its possible to see that the predicted control

method mitigates high-density areas very successfully, and also, this method starts

the management of the shockwave from a farther distance from the incident, which

creates small highly dense areas upstream. Management starting from a farther point

homogenizes the critical region to a better extent. Comparing Fig 3.27 and Fig 3.30,

it is easily seen that the optimum control distance being 1250 meters is an accurate
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analysis due to the heatmap, present at Fig 3.30, having less highly congested areas

and more stable traffic.

3.1.15. Comparison of Predicted Control Method with LCS and VSL

Table 3.19. Comparison of Predicted Control Method with LCS and VSL

Scenario Features Base Uncontrolled-

% Change

LCS-%

Change

VSL-%

Change

Controlled-

% Change

Predicted-

% Change

0 K > 38(%) 3.81 -28.62 -28.26 -27.68 -35.06 -43.34

1 K > 28(%) 4.24 -28.91 -18.99 -26.05 -25.72 -42.14

2 Overall Avg. K 12.19 -17.43 -13.37 -16.32 -16.44 -17.10

3 Overall Avg.

Speed (km/hour)

64.68 22.05 18.60 21.94 21.15 19.85

4 Shockwave dura-

tion (min)

27.25 27.25 27.25 27.25 27.25 27.25

5 Shockwave

length (meter)

3000 3000 3000 3000 3000 3000

6 In CR K > 38

(%)

35.71 -29.45 -29.09 -28.73 -36.00 -44.00

7 In CR K > 28

(%)

39.48 -29.93 -20.39 -27.30 -26.97 -42.76

8 In CR Avg.

Speeds(km/hour)

(%)

38.59 37.69 31.36 36.06 27.91 18.66

In Table 3.19, the results of a simulation with the variables of 1250 meters control

distance and 50% CAV penetration rate, which are the optimum values of the variables

for the predicted control method, are present. Comparing the results of LCS, VSL, and

predicted control method, it is possible to observe that the predicted control method

improves both highly dense areas and the overall density of the network to a better

extent. However, improvements regarding the critical region are more important when

comparing these management methods since these methods are used to improve the

critical region in the case of an incident. Comparing the results of the changes in the

critical region, it is seen that the predicted control method is better in controlling the

shockwave due to the higher percent changes in the areas, where density is bigger than

the thresholds of 28 and 38 veh/km. These findings can also be interpreted as the
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predicted control method reduces the stop-and-go motions in the critical region and

stabilizes the traffic better than LCS and VSL.
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Table 3.20. Comparison of the Predicted and Unpredicted SWSCAV by Incident

Duration

Control Method Scenario CAV 10-15

K>38

Mean

10-15

K>38

Std

Dev

Short Du-

ration # of

Scenarios

15-20

K>38

Mean

15-20

K>38

Std

Dev

Moderate

Duration

# of Sce-

narios

Predicted Control Method

0 10% -34.58 29.23 85 -38.95 25.91 65,00

1 20% -45.10 35.05 85 -27.92 26.57 65,00

2 30% -47.37 33.49 85 -27.68 30.07 65,00

3 40% -54.91 23.88 85 -49.19 23.40 65,00

4 50% -63.06 18.95 85 -50.34 23.45 65,00

5 60% -60.69 27.49 85 -57.77 18.17 65,00

6 70% -63.03 20.94 85 -44.39 27.94 65,00

7 80% -62.01 20.88 85 -55.37 15.00 65,00

Scenario CAV 20-25

K>38

Mean

20-25

K>38

Std

Dev

Long Du-

ration # of

Scenarios

0 10% -4.54 59.51 90

1 20% -21.16 33.24 90

2 30% -20.04 42.36 90

3 40% -41.14 31.10 90

4 50% -59.25 35.36 90

5 60% -47.83 30.18 90

6 70% -34.22 25.18 90

7 80% -40.00 25.51 90

Controlled Method

Scenario CAV 10-15

K>38

Mean

10-15

K>38

Std

Dev

Short Du-

ration # of

Scenarios

15-20

K>38

Mean

15-20

K>38

Std

Dev

Moderate

Duration

# of Sce-

narios

0 10% -32,31 39,85 85,00 -24,31 29,81 65,00

1 20% -39,80 32,18 85,00 -34,29 33,68 65,00

2 30% -43,81 30,53 85,00 -28,61 26,63 65,00

3 40% -51,70 28,82 85,00 -45,90 23,13 65,00

4 50% -54,74 25,19 85,00 -47,31 21,17 65,00

5 60% -52,55 27,83 85,00 -49,42 24,03 65,00

6 70% -55,73 29,05 85,00 -53,83 30,76 65,00

7 80% -54,06 24,49 85,00 -52,99 17,03 65,00

Scenario CAV 20-25

K>38

Mean

20-25

K>38

Std

Dev

Long Du-

ration # of

Scenarios

0 10% -3,08 46,97 90,00

1 20% -24,67 31,92 90,00

2 30% -30,37 35,14 90,00

3 40% -27,71 35,81 90,00

4 50% -42,21 41,62 90,00

5 60% -49,79 28,54 90,00

6 70% -42,63 29,22 90,00

7 80% -37,76 23,62 90,00
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In Table 3.20, mean and standard deviation values of the percent change in

densities bigger than the threshold 38 for each CAV percentage are present for short,

moderate, and long duration incident scenarios. Comparing the optimum cases for

each control method, which are 50% for the predicted control method and 70% for the

controlled method, it is observed that in many of the scenarios, the predicted control

method outperforms the controlled method with higher reductions in mean values and

lower increases in standard deviation values. Analyzing short and moderate incident

duration, it is seen that the predicted control method improves the critical region

to a better extent at almost every CAV penetration rate. However, at long-duration

incidents, the predicted control method shows better performance at only 40% and 50%

CAV penetration rates, which are near around the optimum CAV percentage rate of

the method. These findings indicate that the implementation of the predicted control

method at short and moderate incident duration cases is more appropriate regardless

of the CAV percentage, but the application of the predicted control method at long

incident duration cases is dependent on the CAV percentage.

Table 3.21. Comparison of Predicted and Unpredicted SWSCAV by Penetration Rate

Control Method Scenario Features 10% 20% 30% 40% 50% 60% 70% 80%

Predicted Control Method

0 K>38 Mean -24.50 -31.47 -31.79 -48.20 -58.18 -55.08 -47.18 -51.96

1 K>38 Std Dev 45.18 33.79 38.04 27.25 27.66 26.95 27.46 23.42

2 K>28 Mean -23.82 -30.73 -31.31 -47.29 -56.42 -54.86 -45.91 -50.88

3 K>28 Std Dev 37.20 29.24 35.21 23.99 24.56 21.80 26.46 19.50

4 Scenario Number 240 240 240 240 240 240 240 240

Controlled Method

0 K>38 Mean 2,04 -4,45 -1,93 -9,00 -5,97 -14,77 -16,31 -16,14

1 K>38 Std Dev 32,81 22,64 20,59 26,80 32,48 12,02 20,79 14,80

2 K>28 Mean 2,19 -2,62 2,31 -9,59 -8,23 -16,15 -2,95 -18,61

3 K>28 Std Dev 33,81 17,35 23,94 19,55 29,08 10,30 26,02 15,67

4 Scenario Number 161,00 109,00 93,00 79,00 48,00 51,00 61,00 49,00

In Table 3.21, the impact of CAV percentage on both control methods is investi-

gated. The effect of the CAV penetration rate is analyzed on the mean and standard

deviation values of the changes in percent densities bigger than the thresholds of 28

and 38. Unlike Table 15, this table does not take incident durations into account, so
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average results are present. Comparing the controlled method and the predicted con-

trol method, it is observed that, predicted control method outperforms the controlled

method at each CAV percentage since mean values of the decrease in density values

bigger than 38 and 28 are higher when the predicted control method is applied. It is

also seen that the standard deviation of the changes shows better results in controlled

method results due to lower values, however, changes in mean values are comparatively

more significant. Therefore, predicted control method results indicate better use of the

predicted control method when CAV percentage dependent results are compared.
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Table 3.22. Comparison of Predicted and Unpredicted SWSCAV by Incident Lane

Control Method Scenario CAV Right

K>38

Mean

Right

K>38

Std

Dev

Right # of

Cases

Middle

K>38

Mean

Middle

K>38

Std

Dev

Middle #

of Cases

Predicted Control Method

0 10% -20,95 68,20 60,00 -25,01 17,36 95,00

1 20% -32,66 35,86 60,00 -31,81 23,43 95,00

2 30% -34,44 48,16 60,00 -41,60 19,69 95,00

3 40% -59,00 36,79 60,00 -43,66 14,71 95,00

4 50% -88,71 12,63 60,00 -50,47 13,03 95,00

5 60% -62,70 25,66 60,00 -55,00 16,39 95,00

6 70% -41,64 34,55 60,00 -49,75 18,15 95,00

7 80% -45,93 28,95 60,00 -54,91 12,25 95,00

Scenario CAV Left K>38

Mean

Left

K>38

Std

Dev

Left # of

Cases

0 10% -26,43 46,82 85,00

1 20% -30,25 41,57 85,00

2 30% -18,94 42,12 85,00

3 40% -45,64 28,40 85,00

4 50% -45,25 31,17 85,00

5 60% -49,79 35,12 85,00

6 70% -48,20 30,12 85,00

7 80% -52,92 27,71 85,00

Controlled Method

Scenario CAV Right

K>38

Mean

Right

K>38

Std

Dev

Right # of

Cases

Middle

K>38

Mean

Middle

K>38

Std

Dev

Middle #

of Cases

0 10% -12,98 60,85 60,00 -14,03 18,82 95,00

1 20% -45,74 38,29 60,00 -24,32 20,90 95,00

2 30% -44,42 30,36 60,00 -32,08 26,09 95,00

3 40% -46,57 48,68 60,00 -32,74 17,47 95,00

4 50% -65,20 46,50 60,00 -37,27 13,07 95,00

5 60% -70,81 25,50 60,00 -38,15 17,44 95,00

6 70% -50,62 37,14 60,00 -38,10 25,47 95,00

7 80% -45,08 31,65 60,00 -43,79 15,47 95,00

Scenario CAV Left K>38

Mean

Left

K>38

Std

Dev

Left # of

Cases

0 10% -29,31 43,77 85,00

1 20% -32,67 37,18 85,00

2 30% -30,64 37,58 85,00

3 40% -46,68 27,98 85,00

4 50% -47,93 29,01 85,00

5 60% -50,45 28,62 85,00

6 70% -48,42 30,10 85,00

7 80% -53,80 23,43 85,00
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In Table 3.22, mean and standard deviation values for each CAV percentage and

incident lane scenario are present. Analyzing middle and left incident lane simulation

results, it is observed that the predicted control method enhances the critical region

better than the controlled method since the mean percent decrease in density values

are better at each scenario and standard deviation values are similar, which makes the

predicted control method a better choice. Checking the results of the right lane incident

scenarios, the predicted control method outperformed the controlled method at only

40% and 50% CAV penetration rates. The same findings also apply for Table 3.15 short

duration scenarios because comparing the results of each incident duration case, it is

seen that improvement regarding the short duration case is very promising even at very

low CAV percentages, so improving short duration incident scenarios is easier compared

to other incident duration cases. Right lane scenarios and short incident duration

scenarios have this in common and also, the fact that the controlled method shows

better results at these scenarios, except for 40% and 50% cases, indicates that improving

shockwaves, which are easy to deal with, can be solved by the controlled method more

efficiently, whereas shockwaves, which are complicated and hard to deal with, can be

improved by the implementation of predicted control method more efficiently.
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Table 3.23. Comparison of Predicted and Unpredicted SWSCAV by Control Distance

Control Method Scenario CV 500m

K>38

Mean

500m

K>38

Std

Dev

500m #

Cases

750m

K>38

Mean

750m

K>38

Std

Dev

750m #

Cases

1000m

K>38

Mean

1000m

K>38

Std

Dev

1000m #

Cases

Predicted Control Method

0 10% -21.06 46.88 48 -20.14 48.15 48 -27.19 38.77 48

1 20% -27.76 36.85 48 -29.24 32.97 48 -29.93 34.34 48

2 30% -25.02 42.60 48 -29.26 39.51 48 -29.76 42.27 48

3 40% -44.75 29.93 48 -47.29 26.43 48 -47.05 27.74 48

4 50% -54.70 31.15 48 -54.85 30.99 48 -58.90 25.61 48

5 60% -50.42 29.69 48 -52.99 27.09 48 -55.00 27.97 48

6 70% -43.22 29.19 48 -41.88 29.36 48 -47.58 27.05 48

7 80% -46.72 24.35 48 -49.87 23.34 48 -51.75 23.38 48

Scenario CV 1250m

K>38

Mean

1250m

K>38

Std

Dev

1250m #

Cases

1500m

K>38

Mean

1500m

K>38

Std

Dev

1500m #

Cases

0 10% -25.41 46.98 48 -28.69 45.81 48

1 20% -34.27 32.27 48 -36.16 32.99 48

2 30% -38.36 32.35 48 -36.53 32.03 48

3 40% -49.71 26.00 48 -52.17 26.52 48

4 50% -61.61 22.62 48 -60.86 27.34 48

5 60% -57.58 25.60 48 -59.40 24.25 48

6 70% -51.49 24.60 48 -51.72 26.42 48

7 80% -55.01 22.38 48 -56.44 23.29 48

Controlled Method

Scenario CV 500m

K>38

Mean

500m

K>38

Std

Dev

500m #

Cases

750m

K>38

Mean

750m

K>38

Std

Dev

750m #

Cases

1000m

K>38

Mean

1000m

K>38

Std

Dev

1000m #

Cases

0 10% -15,83 46,43 48 -16,87 43,65 48 -19,22 41,92 48

1 20% -29,39 36,15 48 -30,49 33,28 48 -33,55 30,82 48

2 30% -28,97 36,12 48 -32,33 33,76 48 -34,04 31,43 48

3 40% -36,61 33,41 48 -39,92 31,62 48 -43,11 33,47 48

4 50% -43,97 36,30 48 -45,62 33,50 48 -48,08 31,63 48

5 60% -47,10 27,96 48 -49,35 26,47 48 -49,92 28,52 48

6 70% -40,31 34,79 48 -42,66 31,91 48 -47,35 29,85 48

7 80% -44,26 24,72 48 -43,97 24,52 48 -48,16 23,48 48

Scenario CV 1250m

K>38

Mean

1250m

K>38

Std

Dev

1250m #

Cases

1500m

K>38

Mean

1500m

K>38

Std

Dev

1500m #

Cases

0 10% -21,90 39,41 48 -22,08 40,80 48

1 20% -36,13 30,58 48 -34,70 31,70 48

2 30% -37,35 27,98 48 -40,59 30,17 48

3 40% -40,62 30,61 48 -45,40 31,64 48

4 50% -50,29 27,54 48 -52,18 30,44 48

5 60% -51,85 28,17 48 -55,12 24,44 48

6 70% -46,24 28,21 48 -47,87 29,10 48

7 80% -49,78 22,53 48 -52,12 22,41 48

In Table 3.23, improvements provided by the controlled method and predicted

control method are presented with the variables of control distance and CAV percent-

age. It is seen that as the control distance decreases, the effectiveness of the methods

also decreases. Analyzing the results of the predicted control method given in Table
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3.23, it is seen that the best improvements on the shockwave are met at the control

distance of 1250 meters because the highest mean decreases with comparatively low

standard deviations are observed at this control distance. For the controlled method,

the optimum control distance is observed to be the same, which is 1250 meters, due

to the same reason. These findings finalize the selection of the optimum case for

each method with the determination of the optimum control distances. The controlled

method’s optimum case is seen at the scenario with a control distance of 1250 meters

and 70% CAV penetration rate, whereas the optimum case of the predicted control

method is seen at the same control distance, but with the CAV penetration rate of

50%. In Tables 3.24 and 3.25, results of the simulations regarding the optimum cases

of each method at the same seed are present.

Table 3.24. Scenario Control Distance=1250 Penetration Rate=50 Seed=4

Scenario Features Base Uncontrolled LCS VSL Controlled Predicted

0 K > 38% 2.55 2.33 2.28 2.31 2.00 1.57

1 K > 28(%) 2.80 2.60 2.92 2.49 2.39 2.09

2 Overall Avg. K 11.59 10.18 10.62 10.05 10.07 10.14

3 Overall Avg. Speeds (km/hour) 61.52 76.30 75.30 78.01 77.18 75.59

4 Shockwave duration (min) 22.50 22.50 22.50 22.50 22.50 22.50

5 Shockwave length (meter) 2500.00 2500.00 2500.00 2500.00 2500.00 2500.00

6 In CR K > 38 (%) 35.35 29.12 28.21 28.75 24.73 18.50

7 In CR K > 28 (%) 38.46 32.23 35.53 30.95 29.85 23.26

8 In CR Avg. Speeds(km/hour) (%) 38.60 47.87 45.38 49.85 45.25 42.19

Scenario Features Uncontrolled-

% Change

LCS-%

Change

VSL-%

Change

Controlled-

% Change

Predicted-

% Change

0 K > 38% -8.66 -10.59 -9.23 -21.56 -38.20

1 K > 28(%) -6.89 4.37 -10.85 -14.61 -25.31

2 Overall Avg. K -12.09 -8.36 -13.27 -13.11 -12.46

3 Overall Avg. Speeds (km/hour) 24.02 22.39 26.80 25.44 22.87

4 Shockwave duration (min) 22.50 22.50 22.50 22.50 22.50

5 Shockwave length (meter) 2500.00 2500.00 2500.00 2500.00 2500.00

6 In CR K > 38 (%) -17.62 -20.21 -18.65 -30.05 -47.67

7 In CR K > 28 (%) -16.19 -7.62 -19.52 -22.38 -39.52

8 In CR Avg. Speeds(km/hour) (%) 24.03 17.58 29.15 17.22 9.32
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Table 3.25. Scenario Control Distance=1250 Penetration Rate=70 Seed=4

Scenario Features Base Uncontrolled LCS VSL Controlled Predicted

0 K > 38% 2.55 2.09 2.16 2.03 1.79 1.38

1 K > 28(%) 2.80 2.22 2.62 2.24 2.13 1.92

2 Overall Avg. K 11.59 9.48 9.60 9.47 9.70 9.40

3 Overall Avg. Speeds (km/hour) 61.52 80.95 80.16 80.79 78.93 79.28

4 Shockwave duration (min) 22.50 22.50 22.50 22.50 22.50 22.50

5 Shockwave length (meter) 2500.00 2500.00 2500.00 2500.00 2500.00 2500.00

6 In CR K > 38 (%) 35.35 26.19 27.11 25.27 22.34 15.75

7 In CR K > 28 (%) 38.46 28.02 33.33 28.02 26.74 20.51

8 In CR Avg. Speeds(km/hour) (%) 38.60 56.74 50.21 54.97 51.27 45.67

Scenario Features Uncontrolled-

% Change

LCS-%

Change

VSL-%

Change

Controlled-

% Change

Predicted-

% Change

0 K > 38% -15.32 -20.45 -29.59 -45.87 -18.00

1 K > 28(%) -20.47 -6.32 -19.75 -23.67 -31.20

2 Overall Avg. K -18.19 -17.17 -18.28 -16.24 -18.89

3 Overall Avg. Speeds (km/hour) 31.58 30.30 31.32 28.29 28.87

4 Shockwave duration (min) 22.50 22.50 22.50 22.50 22.50

5 Shockwave length (meter) 2500.00 2500.00 2500.00 2500.00 2500.00

6 In CR K > 38 (%) -25.91 -23.32 -28.50 -36.79 -55.44

7 In CR K > 28 (%) -27.14 -13.33 -27.14 -30.48 -46.67

8 In CR Avg. Speeds(km/hour) (%) 47.02 30.08 42.43 32.83 18.33

Results present in Table 3.24 are the results of the scenario, which is the optimum

case for the unpredicted method. Comparing the results of the controlled and predicted

controlled methods, it is easily observed that the predicted control method outperforms

the controlled method at each density improvement-related parameter, but it is also

seen that the controlled method has a better performance in speed improvements.

Analyzing the results present in Table 3.25, which are the results of the optimum

scenario for the controlled method, it is seen that SWSCAV [1] with the prediction

again outperforms the controlled case at density improvements. On the other hand,

checking the results present in Table 3.25, the predicted control method having higher

percent decreases in density than the results present in Table 3.24 is an unexpected

finding since Table 3.24 is constructed regarding the optimum case for the predicted

control method. This unexpected event is due to the seed-applied because values in

these tables are the results of two scenarios of one seed rather than being the average

values of more seeds.
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3.1.16. 3D Plots

Figure 3.31. Density 3D Surface Plot for Controlled SWSCAV Method

Figure 3.32. Density 3D Surface Plot for Predicted SWSCAV Method
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Comparing the 3D plots present in Fig. 3.31 and 3.32, it is seen that there

are more highly dense areas in the controlled method case. It is also observed that,

at the predicted method case, density is distributed upstream to relieve the critical

region. This distribution is related to the fact that the prediction tool added to the

control method aims to predict the upstream boundary of the shockwave rather than

using the current boundary of the shockwave. This makes the control distance start

from a point, which is located more upstream. Therefore, at the predicted control

method shockwaves are from farther away compared to the controlled method, which

distributes the density as stated.

Figure 3.33. Controlled Traffic Density Heatmap(seed=59 CD=1250m PR=50%)
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Figure 3.34. Predicted Traffic Density Heatmap(seed=59 CD=1250m PR=50%)

Heatmaps given in Fig 3.33 and 3.34, support the idea of the predicted control

method starting the management of the shockwave from a farther point since in Fig.

3.34 there is a high-density zone created at a far spot and the highly-dense areas present

in the critical region are mitigated. This improvement stabilizes the shockwave area

by reducing the speed differences and reduces the stop-and-go motion of the vehicles

present in the critical region.
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4. CONCLUSION

In this thesis, SWSCAV [1], a real-time traffic management method using con-

nected autonomous vehicles with and without prediction is tested and compared with

LCS and VSL implementations. To achieve this, instantaneous or predicted sensor data

were processed, and the speed and boundaries of the shockwave were determined. Af-

terward, the shockwave was transmitted to autonomous vehicles with speed-dependent

to adjust their speed. SUMO simulation software was used to model and test the

scenarios. SUMO is open-source microscopic simulation software. SUMO was chosen

because TraCI, a TCP-based client-server architecture, allows the simulation to be

manipulated with the Python 3.6 software language. A road network consisting of 11

kilometers and 3 lanes was created in the simulation environment. Performance criteria

of these models are average density and speed values in the critical region. The critical

region is defined as the smallest rectangle that contains the shockwave in a heatmap.

To test the performance of the real-time traffic management methods, a shock-

wave was created in the road network first. This shockwave is created by stopping

a vehicle on the road in a random lane, in a random location, in a random period,

and for a random time. The flow rate of the road network is 1500 veh / hour/lane.

Within this flow, scenarios with 10%, 20%, 30%, 40%, 50%, 60%, 70% and 80% con-

nected autonomous vehicles defined as penetration rate were created. Scenarios have

been created in which this traffic flow value includes 10%, 20%, 30%, 40%, 50%, 60%,

70% and 80% connected autonomous vehicles. This ratio is called “penetration rate”

through the thesis. Also, traffic management methods have variables. In the publica-

tion, which is a preliminary study of this thesis, variables giving the best results for

VSL, and LCS were obtained. In the scenario where traffic is managed with instanta-

neous and predicted sensor data, control distances of 500, 750, 1000, 1250, and 1500

meters are chosen as the variable. 2400 scenarios were tested in 60 different scenario

seeds, with 5 different control distances and 8 different penetration rates. During the

simulation, when a shockwave is detected, the density and flow data collected from

the sensors are firstly up-sampled with the Fast Fourier Transform algorithm to pre-
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vent underutilization from the sensor opening. The up-sampled data are cleared from

outlier values and smoothed with the Fused Lasso algorithm to determine important

change points. Then, the shockwave speed at the upstream boundary of the shock-

wave is calculated and this value is transmitted to the connected autonomous vehicles

to adjust their speed. In SWSCAV [1] with predicted sensor data, the only difference

is that the density and flow values after 3 minutes are estimated before the sensor data

is processed. The data is then processed by using those 3 minutes later density and

flow data. This predicted density and flow data is formed as a result of estimating

the heatmap of the last 2 minutes with Pix2Pix GAN algorithm. Pix2Pix Generative

Adversarial Network or GAN is a deep learning algorithm designed to train the deep

convolutional neural network to obtain an image from one image to another. Pix2Pix

GAN algorithm has been trained with the neural network architecture that gives the

best results, with 13125 input heatmap images and 13125 output images where shock-

waves are observed. Each simulation takes 1.5 hours and a clear simulation of 1 hour

is obtained by discarding the first and last 15 minutes.

It was observed that different variables of 2400 different scenarios affect the per-

formance of the method differently. In the method in which instant traffic data is used,

as the percentage of autonomous vehicles increases, the performance of the model grad-

ually increases. Penetration rates of 70% and 80% give the best results. As the duration

of the accident increased, the effectiveness of SWSCAV [1] implementation gradually

decreased for each percentage of connected vehicles. At a 70% penetration rate, an

average of 55.73% improvement was observed in short-duration accidents, while this

rate decreased to 42.63% in long-duration accidents. SWSCAV [1] gives proportionally

better results in traffic congestion covering less distance. In simulations, there was

less queue in right lane accidents. Therefore, a proportionally higher improvement was

observed in the right lane, while less improvement was observed in the middle and

left lane than in the right lane. Besides, it is observed that as the control distance

increases, both the average speed of the traffic increases and the density in the critical

region decreases. In SWSCAV [1] implementation using instantaneous sensor data, the

best improvement with an average improvement of 55.12% was observed at a 60% pen-

etration rate and 1500 meters control distance. In SWSCAV [1] implementation with
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predicted sensor data, the best results were obtained with 58.18% in scenarios with a

50% penetration rate. Except for 50% and 60% penetration rates, as in SWSCAV [1]

implementation with instant traffic data, the proportional performance decreases as

the duration of the accident increases. However, the penetration rate of 50% showed a

more stable behavior compared to the other rates, showing improvements of 63.05%,

50.33%, and 59.24% in short, medium, and long-lasting accidents, respectively. In

SWSCAV [1] implementation with predicted data, the improvement in traffic is similar

in all lanes, unlike the method managed with instant data. Even at 70% and 80% pen-

etration rates, there is a higher proportional improvement than in the right lane, where

in the middle 54.9% and 49.75% and left lanes than in the right lane with 45.58% and

51.09%, respectively. In SWSCAV [1] with estimated data implementation, no signif-

icant improvement was observed in the penetration rates of 40% and above after 750

meters control distance. According to these results, the traffic can be managed with

the highest efficiency with the requirement of lower control distance and penetration

rate in studies conducted with estimated data.

In SWSCAV [1] implementation, the speed of the traffic flow is managed by using

the information acquisition and implementation speeds of the connected autonomous

vehicles. In this way, the regional density in traffic is reduced and a safer and more

stable driving experience is aimed. Reducing the impact areas of accidents is important

not only for the safety and driving experience but also for reducing the negative impact

of traffic on the environment and community psychology.

The values found in this study may vary depending on many parameters such as

traffic demand, road geometry, and driver aggressiveness. As further studies, subjects

such as the speed given to vehicles different from the shockwave speed, a different

data processing and transmission process, ideal traffic management with autonomous

vehicle behavior in different road networks can be tested.
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