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ABSTRACT

This thesis is about improving safety of urban expressways. In order to achieve this goal, a real-
time crash prediction model (RTCPM) and intervention is proposed. The idea of real-time crash
prediction to identify the hazardous traffic condition leading to crash in advance to take measures
to avoid the crash. RTCPMs are highly dependent on high quality and high density traffic and
crash data. These data are collected from the detectors or sensors installed on road networks. For
this thesis, route 3 Shibuya (11.9 km) and route 4 Shinjuku (13.5 km) - two radial routes of Tokyo
metropolitan expressway were chosen because of the availability of traffic data collected round

the clock, every minute from detectors which are on average 250 meters spaced.

Most RTCPMs studies are based on the detector data which are already installed and are fixed.
For this reason, different approaches were taken by researchers to design the data collection
process which effects the RTCPMs. As the construction of an RTCPM is computationally costly,
it is not efficient if a model has to be built from scratch for every route and every detector layout.
Additionally, instrumental failure of detectors are common. Hence rises the importance of a
method to create uniformly distributed simulated detectors. A macroscopic model called cell
transmission model (CTM) is adopted to serve this purpose. CTM takes traffic data from the
existing detectors and divide it into ‘cells’ each of which consists of traffic flow data. Additionally,
the CTM was modified to accommodate an intervention method called variable speed limit (VSL).
The traffic data from CTM was compared to the existing detector data and it was found that the

CTM can generate traffic flow data with an error of about 13%.

The performances and transferability of the CTMs were investigated by constructing RTCPMs.
For RTCPMs, a machine learning method called Bayesian network (BN) and dynamic Bayesian
network (DBN) was employed. Because, these methods are capable of adopting new traffic data
and updating themselves. Moreover, BN has the property to handle missing data, which means, in
case of instrumental failure, the model will still be able to predict crash likelihood with partially
available data. These two are important properties to build a RTCPM. After validating the
RTCPMs built with CTM generated data, it was found that the 11 out of 16 CTM-based RTCPMs
(BN) outperformed the loop detector based RTCPMs, similar result was seen when RTCPMs were
built with DBN.



VSL was chosen as an intervention method. Previously, in several studies VSL was applied to
regulate traffic flow by limiting the allowable speeds on the road network. There are several
situations when a lowering speeds could be effective, such as in situations of adverse weather, if
an incident takes place at downstream, or congestion occurs in a specific segment of road etc.
Different studies focused on objectives such as- reducing congestion, active traffic management,
regaining bottleneck capacity on freeways etc. Few studies also focused on improving safety.
Different strategies were selected by researchers to apply VSL. Still, there are some critical issues
which have not been addressed such as- the optimum location of VSL control, duration of VSL
control, transferability of the control strategy, effect of VSL control on crash risk. This thesis
adopted deep learning methods called Q-learning (QL) and a deep reinforcement learning method
called deep Q-learning (DQL). These methods getting popularity because of the model-free nature,
which does not require to decide on a strategy for implementation, rather the model itself learns
from its experience. To explain in brief, there is an ‘agent’ (the model) that observes different
‘states’ (traffic flow parameters, e,g, flow, speed, density etc.) and takes ‘actions’ (selects VSL
values) in order to gain ‘rewards’ under a ‘policy’ (reducing crash risk). Hence, the model learns
which VSL values are to be taken in which traffic condition to keep the crash risk under a threshold
given. In this thesis, a crash risk threshold of 10 was chosen after investing RTCPM’s
performances and transferability in the earlier chapter. VSL was applied to a 0.90 km long segment
of route 4 Shinjuku between Eifuku and Hatagaya with. By comparing both of the method with no
speed control cases, it was found that the QL and DQL were able to improve the safety of the study
location at the targeted segment where VSL was applied. In few cases, improvement at the
upstream of the target location was also observed. By comparing the two method- QL and DQL,

it was apparent that the DQL performed better than QL for the same study segment.

The necessity of establishing a universal RTCP and intervention method is undeniable, considering
it is data intensive, computational labor dependent. Although, the idea of a model-free intervention
method is still a new concept, it has a potential towards the universal crash prevention method.
The goal of this thesis was to go one step forward to achieve the universality of RTCP and

intervention method.
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CHAPTER 1
INTRODUCTION
1.1 Background and context

1.1.1 Context

Road traffic crashes are one of the world’s largest public health and injury prevention problems.
According to WHO, approximately 1.3 million people die each year on the world's roads. Several
crash prediction models have been built as a tool to augment road safety. A huge concern regarding
the conventional models was their incapability to predict crashes that may be caused due to the
suddenly developed unfavorable driving condition on a specific road section (Oh et al, 2001; Lee
et al., 2003a,b). Oh et al. (2001) introduced a fourth component alongside road geometry and
environment, vehicle and human; - the traffic dynamics. They suggested that crashes can occur
even if the vehicle, environment and road geometry are favorable to safe driving. This happens
due to sudden formation of hazardous traffic condition causing driving discomfort. Also, complex
traffic dynamics instigates driving errors (Hossain and Muromachi, 2009). This contrived the
opportunity to improve the shortcoming of the conventional crash prediction models that employ
aggregated measures of traffic flow variables to identify hazardous locations. The findings lead to
the necessity to predict the instantaneous crash risks for given road sections. Lee et al. (2003b)
have compared this new idea with the already existing incident prediction models and implied that
the proactive nature of the real-time crash prediction model contains much higher potential in
improving road safety than the incident prediction models that minimizes the consequences of a
crash by preventing secondary crashes.

With the advancement of Intelligent Transportation System (ITS) and development of advanced
transportation information systems (ATIS), traffic data collection has become easier.
Consequently, numerous Real-time Crash Prediction Models (RTCP) assessing crash or nearly
crash-prone situations of highways and expressways were introduced. The concept of real time
crash prediction is based on the hypothesis that the probability of a crash on a specific road section
can be predicted for a very short time window using the instantaneous traffic flow data (Lee et al.
2002 and 2003a, b; Pande and Abdel-Aty, 2005; Hossain and Muromachi, 2010a,b).

12



The modern traffic data sensing technologies now present an array of options (inductive loop
detectors, magnetic sensors, video image processors, microwave radar sensors, infrared sensors,
laser radar sensors, etc.). Many of the modern sensor technologies have the ability to classify
vehicles by their length and report vehicle presence, flow rate, occupancy, and speed for each class.
The recent widespread availability of GPS technologies for in-vehicle navigation systems along
with the advancements in the telecommunication sector and hand held devices such as smart
phones have created the opportunity to collect traffic flow data directly from the vehicles which
has, to a great extent, eliminated the needs of incrementing the expressways with sensors. When
the data are available, they can be fed into the real-time crash prediction models and the output of
these models can be utilized through the means to inform the road users about the prevailing road
condition and/or providing driving guidance. The means can be posting warning message (Lee and
Abdel-Aty, 2008) through variable message signs (VMS), variable speed limits, also known as
VSL (Abdel-Aty et al., 2006b,c, 2008b;Lee and Abdel-Aty, 2008) and ramp metering (Lee et al.,
2006b;Abdel-Aty et al., 2007).

1.1.2 Real-time crash prediction model

The task of real-time crash prediction is to detect the hazardous traffic condition formation.
Recognizing hazardous traffic conditions from real-time traffic data is very important as it provides
with knowledge about the crash mechanism, which in turn helps to introduce interventions for

real-time traffic management.

Appropriate traffic variables needs to be chosen for RTCPM building, which can locate hazardous
and non-hazardous traffic situations. The necessity of learning about hazardous situations and the
availability of high density traffic data from the detectors have raise the importance of studying

crash mechanisms for intervention application.

There are several limitations when it comes to use detector data. The most common is instrumental
failure. For this, alternative detector spacing should also be available to ensure unhindered
monitoring of the area of interest. This will also enable in identifying the optimum detector layout
plan. In addition to detector data, sufficient amount of crash data must be available for RTCPMs.
The model can only perform well when the quality of the data is ensured by removing all the faulty
data.
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Then, the next goal is to select a highly flexible modeling method should be chosen that can
perform these activities without needing to re-build or re-calibrate itself from the scratch. The
model should be able to update itself with the addition of new data, it should be able to incorporate

new variables, and must be able to predict crash even if few data are missing

Most real-time crash prediction studies use volume/occupancy/speed parameters data extracted
from sampled floating cars or road side detectors. It has been indicated that for different
combinations of upstream and downstream traffic states, the crash involvement rates and crash
risk ratios (ratio of crash cases and non-crash cases) are inconsistent. Considering that a crash can
be induced by the disturbance of traffic flow before the crash occurs, time series traffic data
consisting of several time intervals should be used to illustrate the dynamic process of traffic flow
before crash occurrence. Thus, it is inessential to establish a single model that can address such
time series data and the evolving process of traffic flow. Therefore, in this study, Bayesian network
(BN) and dynamic Bayesian network (DBN) model of time sequence traffic data has been
proposed to investigate the relationship between crash occurrence and dynamic traffic flow data
with one-minute-interval of six months on one of the busiest Tokyo Metropolitan Expressway
(March to August, 2014) kindly provided by the Tokyo Metropolitan Expressway Company
Limited.

1.1.3 Macroscopic traffic model

The existing RTCPMs are developed depending on the detector layout that exists in the study area.
Hence, variation in detector layout raises the issue of spatial transferability of the RTCPMs as
altering the locations or installing new detectors to replicate the detector layout of the model is
neither practical nor cost effective. Moreover, even for new roads, it may not always be plausible
to follow a specific detector spacing. To address these issues, there has been an urge to devise a
mechanism to simulate traffic sensor data of desired spacing from any detector layout that can be
fed into an RTCPM. This study employed a macroscopic dynamic freeway traffic model called
CTM, introduced by Daganzo (1994,1995), which is consistent with the hydrodynamic theory of
traffic flow (Lighthill, 1955), to transform the traffic states obtained from non-uniform detector
layouts into a pre-defined detector layout. The CTM was chosen for its analytical simplicity and

ability to reproduce congestion propagation dynamics.
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1.1.4 Real-time intervention

Several studies showed that it is possible to reduce the risks of road crashes by altering the traffic
states with suitable interventions. For a real-time intervention, a threshold of crash likelihood can
be a useful measure to formulate a proactive control strategy (Lee et al., 2004). Studies on real-
time interventions followed either a traffic simulation program (Lee et al., 2004, 2006; Abdel-Aty
et al., 2006a,b,2007a,b,2008, Yu and Abdel-Aty, 2014; Abdel-Aty and Wang, 2017) or a driving
simulator (Lee and Abdel-Aty, 2008) to reproduce pre-crash traffic conditions and various
countermeasures such as a variable-message sign (VMS) (Lee and Abdel-Aty, 2008) and a variable
speed limit (VSL) (Lee et al., 2004; Abdel-Aty et al., 2006a,b,2007a,b,2008; Lee and Abdel-Aty,
2008; Yu and Abdel-Aty, 2014; Abdel-Aty and Wang, 2017). Similarly, a coordinated or
uncoordinated ramp metering (Lee et al., 2006; Abdel-Aty et al., 2007a,b; Abdel-Aty and Gayah,
2010) helped control the crash-prone traffic conditions effectively. Park et al. (2018) used

warnings in order to avoiding the secondary crashes.

Variable speed limit (VSL) triggered through RTCPMs were adopted in a number of studies which
reduced the crash probability effectively (Lee et al., 2004; Li et al., 2016, 2017; Abdel-Aty et al.,
20064a, 2007b, 2008). Lee et al. (2004) reduced the speed when a crash probability measured by
an RTCPM crossed a predetermined threshold. Abdel-Aty et al. (2006a) was successful by
changing the speed limit gradually every 10 min at 5 mph rate: an abrupt change in space; a
reduction for upstream while an increase for downstream. Abdel-Aty et al. (2006b, 2007b, 2008)
found that VSL was effective for medium to high speed regimes and had a limited impact for lower
speeds. Later on, Abdel-Aty et al. (2008) suggested a homogeneous speed zone for VSL
implementation. Lee and Abdel-Aty (2008) stated that VMS and VSL in tandem could reduce
speed variations. Abdel-Aty et al. (2006b) found improved safety in the zone of VSL
implementation but the high-crash potential was relocated at the downstream. Carlson et al. (2011)
and Lu et al. (2011) applied VSL at the upstream of the bottleneck area to control the outflow of
the VSL section. This way, the capacity drop at the bottleneck can be avoided, and the bottleneck
capacity can be retrieved. A solution to the shifting of crash risk can be found in Yu and Abdel-
Aty (2014) who proposed an optimization algorithm to minimize the overall crash risk for the total
VSL corridor. Li et al. (2014) employed VSL close to the freeway recurrent bottlenecks to reduce

rear-end collision risks where the control strategy included a controlling of start-up threshold, a
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target speed limit (56.33 km/h), and a speed change rate (16.09 km/h every 30 s). Later on, Li et
al. (2016) considered a start-up threshold of 20% as a control strategy to activate the VSL in a
large-scale freeway segment and found that the crash risk was reduced by 22.62% and injury
severity by 14.67%. Recently, Abdel-Aty and Wang (2017) applied VSL successfully to the

congested weaving sections of an expressway for reduction of crash risk.

The aforementioned studies on the combination of RTCPM and VSL focused only on adjusting
the speed limit in respect of control strategy, VSL control zone, time of control, and response time
considering the pattern of hazardous traffic state. Accordingly, the objective was limited to bring
the traffic back to normal in the best possible way using a predetermined set of VSL-based
interventions administered during a specified time interval. Therefore, they lack the embedded
intelligent agent capable of learning by itself to tackle non-recurrent complex traffic patterns.
Reinforcement learning (RL), an artificial intelligence-based semi-supervised machine learning
algorithm, can support VSL in this regard. In RL, an agent reacts with the environment through
several trial and error to optimize the total reward by choosing a state-action pair for every time
step (Watkins, 1989; Sutton and Barto, 1998; Hasselt, 2011). Thus, an RL agent exhibits ability
for decision making in respect of proactive speed control (Li et al., 2017; Zhu and Ukkusuri, 2014,
Davarynejad et al., 2011). The ability to take real-time proactive control decisions without the need
for a model architecture makes RL appealing in ITS field (Rezaee et al., 2012; EI-Tantawy et al.,
2010; Abdulhai et al., 2003). A Q-learning-based multi-agent RL, which is the most commonly
used RL algorithm, was used in studies to reduce crash risk by optimizing the ramp metering
(Davarynejad et al., 2011; Rezaee et al., 2012), while, in another study (EI-Tantawy et al., 2010),
a multi-agent RL was used in conjunction with game theory to alleviate traffic gridlock. An R-
Markov average reward technique (R-MART)-based RL was used to optimize VVSL control for
reducing travel time and vehicle emission (Zhu and Ukkusuri, 2014). Li et al. (2014, 2016)
improved on their genetic algorithm-based VSL optimization strategy by using Q-learning-based
RL at a freeway recurrent bottleneck (Li et al. 2017). Isele et al. (2018) learned policies and active
sensing behaviors employing RL that exceeded the capabilities of the commonly used heuristic
approaches in several categories such as task completion time, goal success rate, and ability to

generalize the problem, for navigating occluded intersections with autonomous vehicles.
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Although, Q-learning for VSL-controlled optimization performed pretty well compared to the
traditional feedback-based VSL control, there are a few issues, such as adaptability of continuous
traffic states, location of VSL control sections, and the reliability of the VSL models in real time
in terms of crash risk reduction, which are yet to be resolved. In this study, Q-learning and deep
Q-network (DQN) are adopted to design the self-learning intelligent agents for real-time proactive
VSL control. The study commences by simulating the traffic state data from Shinjuku 4 routes of
Tokyo Metropolitan Expressways Company Limited when no crash took place using the CTM- a
microsimulation model. Then, Bayesian Network based four different RTCPMs were constructed
considering different variable combinations. Afterwards, a deep reinforcement learning-based
intelligent intervention is designed applying Q-learning and DQN for VSL control, which was
programmed with Python based library called Keras which is integrated to the CTM. Eventually,
the whole system utilizes the crash risk predicted with RTCPMs to evaluate real-time safety and
compare the proactive safety management performances of QL and DQN-based VSL interventions

with situations when ‘no VSL control’ was administered.

1.2 Definitions and terminologies
1.2.1 Definitions and terminologies: Traffic flow

The Highway Capacity Manual (2000) provides the following definitions of the basic traffic
related terminologies. The symbols x and t represents distance (measured in the direction of traffic

flow) and time respectively.

Speed v (x, t): Speed is the rate of motion expressed as distance per unit time. Depending on how
it is measured, it can be either space mean speed or time mean speed. The speed of a vehicle is
defined as the distance it travels per unit of time. Most of the time, each vehicle on the roadway
will have a speed that is somewhat different from those around it.

Space-mean speed: It is computed by dividing the length of a road by the average time it takes for
vehicles to traverse it. It is the arithmetic mean of the speed of those vehicles occupying a given

length of road at a given instant.

Time-mean speed: It is measured by taking average of the speeds of the vehicles observed passing

a given point. Time-mean speed can be obtained directly from a measuring device, sensor or
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detector. It is the arithmetic mean of the speed of vehicles passing a point during a given time

interval.

Free-flow speed v (x, t): It is the average speed of the traffic measured under conditions of low

volume, when vehicles can freely move at their desired speed.

Volume (x, t): Volume is simply the number of vehicles that pass a given point on the roadway
in a specified period of time. By counting the number of vehicles that pass a point on the roadway
during a 15-minute period, you can arrive at the 15-minute volume. Volume is commonly

converted directly to flow (g), which is a more useful parameter.

Flow q (x, t): It is the total number of vehicles that pass by the point x, given a time interval t,
divided by the length of the time interval. It is usually expressed as an hourly rate and is easily
measured with road sensors. Flow is one of the most common traffic parameters. Flow is the rate
at which vehicles pass a given point on the roadway, and is normally given in terms of vehicles
per hour. The 15-minute volume can be converted to an hourly flow by multiplying the volume by
four. If our 15-minute volume were 100 vehicles, we would report the flow as 400 vehicles per
hour. For that 15-minute interval of time, the vehicles were crossing our designated point at a rate
of 400 vehicles/hour.

Density k (x, t): It is the number of vehicles occupying a length of road about point x at time
instant t. This measurement is difficult as it requires observation of a stretch of road. Instead, it is
often approximated from measurements of flow and speed as:

k (x,t) = 10 (2.4)

v(x,t)

Density refers to the number of vehicles present on a given length of roadway. Normally, density
is reported in terms of vehicles per mile or vehicles per kilometer. High densities indicate that
individual vehicles are very close together, while low densities imply greater distances between

vehicles.

Headway (t): Headway is a measure of the temporal space between two vehicles. Specifically,
the headway is the time that elapses between the arrival of the leading vehicle and the following

vehicle at the designated test point. Headway between two vehicles can be measured by starting a
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chronograph when the front bumper of the first vehicle crosses the selected point, and subsequently
recording the time that the second vehicle’s front bumper crosses over the designated point.

Headway is usually reported in units of seconds.

Spacing (x): Spacing is the physical distance, usually reported in feet or meters, between the front
bumper of the leading vehicle and the front bumper of the following vehicle. Spacing complements
headway, as it describes the same space in another way. Spacing is the product of speed and

headway.

Gap (x): Gap is very similar to headway, except that it is a measure of the time that elapses
between the departure of the first vehicle and the arrival of the second at the designated test point.
Gap is a measure of the time between the rear bumper of the first vehicle and the front bumper of
the second vehicle, where headway focuses on front-to-front times. Gap is usually reported in units

of seconds.

Clearance (x): Clearance is similar to spacing, except that the clearance is the distance between
the rear bumper of the leading vehicle and the front bumper of the following vehicle. The clearance
is equivalent to the spacing minus the length of the leading vehicle. Clearance, like spacing, is
usually reported in units of feet or meters.

Demand: It is the number of vehicles that desire to use a given facility during a specified time

period.

Capacity: It’s the maximal hourly rate at which vehicles reasonably can be expected to traverse a
point or a uniform section of a lane or a roadway during given time period under prevailing

roadway, traffic and control conditions.

Bottleneck: It is defined as any road element where demand exceeds capacity. Freeway
bottlenecks sometimes appear near heavy on-ramps, where a localized increase in demand is

combined with a decrease in capacity due to lane changing.

Jam density k; (x,t): the density when speed and flow are zero.
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Shockwaves: Shockwaves occur as a result of differences in flow and density which occur when
there are constrictions in traffic flow. These constrictions are called bottlenecks. The speed of
growth of the ensuing queue is the shockwave, and is the difference in flow divided by the
difference in density.

Hazardous state: In this thesis, hazardous state refers to the traffic states 3 minutes before a crash

took place.

Normal state: In this thesis, normal state refers to the traffic states on a normal or no-crash day, 3
minutes before corresponding to the hazardous state.

1.2.2 Definitions and terminologies: Cell transmission model

Cell: It is the subdivision of a road network which is generated by CTM and from where traffic

flow parameters can be generated.
Links: Inside a network, each cell is connected with links with one another.

Nodes: There are three kinds of nodes- simple, diverge and merge. The cells, which has a diverging
location, it is called a diverge node, if it has a merging location, it’s called a merge node, all other

nodes are called simple nodes.

1.2.3 Definitions and terminologies: Real time crash prediction

Real-time: It describes computing systems that are able to deal with and use new information
immediately and therefore influence or direct the actions of the objects supplying that information

(Cambridge Advanced Learner's Dictionary, 2018).

Intelligent: A model or agent can be called intelligent if it is able to acquire knowledge from the
surroundings or environment given and can come up with reasoning and is able to formulate

solutions accordingly.

Road safety management system: a system that is capable of monitoring and evaluating the road
safety condition in real-time by instantaneously sensing the traffic flow data, introducing

appropriate intervention upon detecting sign of hazardous traffic formation, varying its evaluations
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and/or interventions in response to varying situations and past experience, and updating itself

through its inherent capability to adapt to new situations (Hossain, dissertation 2011).

1.2.4 Definitions and terminologies: Deep reinforcement learning

Supervised learning: In the field of ML, there are three types of tasks that can be done- supervised
learning, unsupervised learning and reinforcement learning. Supervised learning is learning from

a training set of labeled examples provided by a knowledgeable external supervisor.

Unsupervised learning: Unsupervised learning is typically about finding structure hidden in
collections of unlabeled data. Reinforcement learning (RL) is the task of learning how agents ought

to take sequences of actions in an environment in order to maximize cumulative rewards.

Reinforcement learning: whereas RL is different from unsupervised learning because it tries to
maximize a reward signal instead of trying to find hidden structure. Reinforcement learning

algorithms study the behavior of subjects in an environment and learn to optimize that behavior.

Deep Learning: DL is a branch of machine learning that uses what’s called “supervised” learning
— where the neural network is trained using labeled data — or “unsupervised” learning — where the

network uses unlabeled data and looks for recurring patterns.

Deep reinforcement learning: Deep reinforcement learning is the combination of reinforcement

learning (RL) and deep learning.

Agent: An agent is a program that observes its environment and collects data, then performs some

actions following a policy in order to maximize reward.
Environment: An environment is where an agent interacts via states and actions.

Reward: This is the self-evaluation method of an agent about the quality of the action it takes

following a policy.
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1.3 Objective and scope
1.3.1 Objective

The main objective of this thesis is to affirm traffic safety on urban expressway. As discussed in
the previous section, traffic safety analysis has been a crucial issue in the field of transportation
engineering for a long time. Over the last few decades several methods have been employed to
achieve a universal way to prevent crash and maintain uninterrupted traffic flow, especially in the

urban context where traffic flow is huge.

To achieve this objective, two major tasks needs to be done- predict the crash and prevent it from
happening. This research’s focus is to build a real-time crash prediction model in order to receive
the information of a possible occurrence of crash or, the crash likelihood before it takes place so

that we can take preventive measures.

The concept of real-time crash prediction is yet considered as ‘emerging’. Several researchers has
proposed different methodologies to build an efficient RTCPM by introducing different
modifications and incorporating various features to improve the model. Whilst, it is necessary to
explore different arenas for improvements, it is also important to have a common ground or
universality for an RTCPM in order to ensure transferability and applicability of the model. This
is because of the obvious fact that the traffic modelling requires handling of tremendous amount
of data and long time for model training and development. Due to the huge computational cost, it
is inefficient to construct RTCPMs from scratch every time, individually for every road networks
all over the world. The efficient way to build an RTCPM is to add such features which would
increase its universality, so that in future, a model built for one road network could be used for
predicting crash of another one. Hence, a modified version of a classic macroscopic traffic model
based on kinematic wave theory called the cell transmission model (CTM) is adopted in this
research. The idea is to apply CTM to divide the study area into homogeneous small sections called
‘cell’. These cells would act as virtual detectors encompassing traffic flow parameters from the
existing detectors. The advantages of uniformly distributed detectors are two fold- (a) the ability
of collecting and controlling traffic data at preferred sections of study area, and (b) creating a scope
of transferability in terms of geometric design of a road network.
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The second major task is to prevent the predicted crash. Amongst different methods, the variable
speed limit (VSL) is adopted here as an intervention. But, VSL control has few limitations such as
deciding when, where and what amount of speed needs to be decreased/ increased in order to
prevent crash while maintaining uninterrupted traffic flow. Instead of deciding these matters by
ourselves, which could be confusing at times because of versatility of intervention policies by
different transportation experts, an intelligent deep reinforcement learning (DRL) agent is given
the task of deciding upon the policies. DRL is gaining popularity recently due to its model-free
features, which enables the DRL agent to learn from the environment through interaction by taking
actions, then learning whether the decision of taking those actions aere actually good or not by
receiving rewards over time. Because of its model-free property, we do not have to feed the agent
with labeled data to train it like we usually do in case of classification or regression, or other
machine learning problems. The agent can observe the states in an environment e.g. traffic data,
take an action e.g. select a VSL value, then get a positive or negative reward for taking that action,
e.g. positive if safety improves, negative otherwise- by doing it over and over, and the agent learns
which actions are the best ones in which states. This is the basic concept of DRL which is utilized
in this thesis for deciding VSL-based intervention modeling.

Hence, the objectives of this research is to address the answers of the following questions-
e How to predict crash risk in real-time?
e In what way the universality of a RTCPM can be improved?
e How to decide on a policy for an intervention to prevent crash?

1.3.2 Scope

The scope of this research is exclusively limited to the urban expressways. The entire research is
conducted with the traffic flow data i.e. flow (veh/min), speed (km/h) and occupancy (%) collected
during march, 2014 to August, 2014 from the two major radial routes- route 3 Shibuya and route
4 Shinjuku of Tokyo metropolitan expressway company ltd. The route 3 Shibuyaisa 11.9 km long
two-lane radial route stretching between Takaido and Gaien consists of (43+41) freeway detectors
and 6 on-ramp and 5 off-ramp detectors in the inbound and outbound directions. Route 4 Shinjuku

is 13.5 km long radial route located between Yoga and Takagicho harboring (50+40) freeway, 10
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on-ramp and 11 off-ramp active detectors altogether including both lanes and both directions.
These are the detectors which were found to be in excellent working conditions throughout the day
and collect traffic flow data 24x7 which was later aggregated to one minute. Data was extracted
during March 2014 to August, 2014. This high density data makes these routes suitable candidates
for RTCPM and intervention construction. Moreover, the route encompasses about 300 crash cases
recorded from reported data. Additionally, both of the routes has long freeway segment which was
required for the CTM model in order to avoid merging and diverging conditions. The detectors are
spaced about 250 meters on average. The high density data with accuracy and fairly equidistant
detector layout and availability of long basic freeway segment etc. makes this study location

appropriate for this research.

1.4 Contributions

The contributions of this thesis are situated on two main components of the traffic safety- RTCPM

and intervention, and on the synergy that emerges when they are considered together.

1.4.1 Real-time crash prediction

A machine learning algorithm namely Bayesian network and dynamic Bayesian network was
adopted for RTCPM construction with the traffic flow parameters extracted from the loop detectors.
The models were built and validated with various combinations of information parameters to
investigate the robustness of the models and to ensure the adaptability property of the BN
algorithm. The most influential traffic parameters in terms of crash prediction was also identified

which later on, were used to build the intervention model.

1.4.2 Macroscopic traffic simulation

The first order kinematic wave theory based macroscopic traffic model called the cell transmission
model (CTM) was used to generate uniformly distributed simulated detectors to achieve the second
objective mentioned earlier. The CTM was then modified to enable it for incorporating variable
speed limit (VSL). The reason for modifying the original CTM was to use it for traffic data
simulation when VSL is activated. The original CTM model is driven by a fixed fundamental
diagram (FD) introduced by Daganzo (1994, 1995), but the modified CTM has the flexibility to
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change its FD depending on the speed condition of the study location and the on the intervention

model.

1.4.3 Real-time intervention

The final contribution of this thesis is the real-time intervention for the crash predicted earlier.
This is done by introducing a deep reinforcement learning (DRL) based model-free intervention
method where an intelligent ‘agent’ will observe ‘states’ its ‘environment’ and will take ‘actions’
in order to receive ‘rewards’. The agent’s goal is to maximize the rewards, and to do that, it
undergoes numerous episodes of observations to learn the appropriate actions according to several
states. This state-action relationship results in policy optimization. In this study, the agent observes
traffic data, and looking at the crash risks associated with the traffic data observed at a specific
time, takes an action of changing the speed limit and gets a positive or negative reward depending
on the improvement in safety of the target location.

1.5 Outline

The outline of thesis is described below. A schematic diagram of the flow of the thesis is shown

in Figure 1.1.

The thesis is divided into six chapters, chapter 1 being the introduction, where a general idea of
the real-time crash prediction (RTCP) and intervention methods are discussed. Then the objectives,

scope and contribution of the thesis is defined.

Chapter 2 is the literature review discussing the evolution and current condition of macroscopic
models, RTCPMs and VSL control methods are explained along with the scope of improvements.

Chapter 3 is on the study area and construction of CTM-based macro simulation and validation.
The necessity of uniformly distributed simulated detectors and how to generate those are discussed

here.

Chapter 4 is about the RTCPMs constructed with BN and DBN method. Although, later on, only
the BN-based RTCPMs were adopted for intervention, a comparison between the performance of

BN and DBN models in terms of predicting crash likelihood is shown.
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Figure 1. 1 Schematic diagram of the flow of the thesis.

Chapter 5 is the deep reinforcement learning- based real-time intervention is explained. A brief
overview of te evolution of deep learning (DL) and reinforcement learning (RL) is also discussed

as these are comparatively new in the field of traffic management.

Finally, chapter 6 concludes the findings and discusses the results in terms of achieving the
objectives along with future scope of work.

1.5 Chapter Conclusion

Road safety management has always been an essential topic in the field of transportation
engineering. Several attempts have been made to ‘perfect’ the crash prediction models. RTCPMs
are one of those attempts which utilizes the advancement of ITS and active traffic management
systems. The main issue in improving RTCPMs was found to be the adaptability and transferability
of the models, so that the model could update itself when new traffic data is received without

requiring to build from scratch. Another issue addressed here is the inconsistency of the inter-
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detector spacing throughout the route, which requires to take different data collection and
modeling methods for different routes. A uniformly distributed detector layout could solve this
issue while addressing the situations of instrumental failure or inaccessible road geometry. And,
last but not the least, the intervention which is intelligent enough to learn and decide by itself how
to control the allowable speed limit when a crash prone situation occurs is discussed. It is an

emerging technology, yet with high potential.
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CHAPTER 2

LITERATURE REVIEW

2.1 Macroscopic traffic flow model

The first beginnings for traffic flow descriptions on a highway are derived from observations by
Greenshields, firstly shown to the public exactly 75 years ago (Proc., 13th Annual Meeting of the
Highway Research Board, Dec. 1933). He carried out tests to measure traffic flow, traffic density
and speed using photographic measurement methods for the first time. Greenshields postulated a
linear relationship between speed and traffic density, as shown in Figure 2.1 using the relation:

flow = density * speed.

The linear speed—density relation converts into a parabolic relation between speed and traffic flow.
Increasingly even the term “flow” was not known 75 years ago and Greenshields called that term
“density-vehicles per hour” or density of the second kind. In this model some traffic flow
characteristics are expressed well. It shows a maximal traffic flow with the related optimal traffic
density. In the g-v-diagram exists two regimes, meaning it is possible to have two speeds at the
same traffic flow. By this the traffic flow is classified in a stable and an unstable regime.
Greenshields linear relation would be called a univariate model, because both regimes are
calculated with the same formula. Early studies at traffic capacity of motorways had two different
approaches. On the one side speed-traffic density relations were analyzed. Here a constant (free)
speed was implied.

q=vf*k (2.1)

On the other side distance phenomenon at high traffic density were analyzed and as easiest

approach a constant reaction time tr was implied, which brings you to the gross headway
l=1ly+v=*t, withk=1/1 (2.2)

q=— lO/tr * (k — kmax) With, kpax = /1 (23)
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Figure 2. 1 Speed—density relation V (Greenshields 1934) and The first Fundamental Diagram
as ¢-v diagram (Ku'hne,R.D.,2011)

Also a linear relationship between g and k, but with a negative congestion broadening speed—I0/tr
as proportionality constant. Summarizing both regimes creates a triangle function as traffic flow—
traffic density relation. Lighthill and Whitham as well as Richards preached this triangle function
as flow—density—curve and the use of the Kinematic wave theory on road traffic as instrument to
combine both fields and to explain the dispersion of shock waves as reverted going congestion
front (LWR theory). Also the g-k-relation established by Lighthill and Whitham has a parabolic
curve progression and it’s a one field model, too. The maximum stands for the expected road
capacity of a motorway section. The insights of Greenshields inspired the development of two-

and multiple-regime models in the aftermath.

2.1.1 Microscopic model and macroscopic model

There exists two fundamentally different approaches for traffic modelling. The microscopic
approach seeks to reproduce the behavior of an individual vehicle, as its driver responds to its
environment by adjusting its speed and lane. Microscopic models typically involve variables such
as vehicle positions, speed and headway. On the other hand, the macroscopic approach ignores the
dynamics of individual vehicles and instead attempts to replicate the aggregate response of a large
number of cars. These models represent traffic as a compressible fluid in terms of flow, speed,
density. Traffic engineering has benefitted immensely from macroscopic models. They are widely
used in the design of freeway facilities, and they are present nearly in all model-based ramp
metering designs. Because of its emphasis on quick and quantitative assessment, the tools for

operational planning and procedures are based on macroscopic models that are easier to assemble,
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calibrate and automate compared to their microscopic counterparts. Carrying out micro-

simulations for all plausible actions is not practical in every situation.

2.1.2 First order kinematic wave theory for macroscopic model: The Lighthill-
Witham-Richards (LWR) (1956)

Many approaches to the macroscopic, analytical descriptions of traffic on a single homogenous
road have been developed over the years. Its theory and impact on DNL and dynamic traffic
assignment (DTA) literature are summarized next, to quickly converge to the elements that are
important for the development of the link model for our network model. The fundamentals of
kinematic wave theory for traffic have been described by LWR-theory (Lighthill and Whitham,
1955) and (Richards, 1956) more than half a century ago. It is composed of a partial differential
equation (PDE) that represents the conservation of vehicles, and a fundamental relation (Figure
2.2) between instantaneous flow and local density called the fundamental diagram (FD). The
LWR-PDE is described in function of the density of vehicles along a road. Classical first order
finite difference approaches (Godunov, 1959) for numerically solving PDEs are widely used in
practice, e.g. CTM of (Daganzo, 1994) or (Lebacque, 1996). These methods operate on a
computation grid that discretizes space in cells and time in slices to provide an approximate
solution to the PDE. The solutions have interesting physical properties like storage of vehicles (in
terms of vehicle densities) along a link, the formation of shock waves and the relations between
traffic states along characteristic speeds such as observed on real roads. However, this method is
also computationally demanding requiring a link to be cut into smaller cells and updating times to
be limited by the Courant Friedrich and Lewy (CFL) conditions (Courant et al., 1967). These CFL-
conditions state that the time discretization should not be longer than the shortest possible travel
time of traffic over a cell. With short cells and high speeds, this time step is in realistic networks
typically in the order of a few seconds.

This thesis is built on the seminal work of Newell on simplified theory of kinematic waves (Newell,
19934, 1993b, 1993c). He simplified the FD to a triangular shape that proves to be efficient for
numerical schemes in realistic networks (Yperman et al., 2005), and more importantly, he used
cumulative vehicle number (CVN) functions to represent traffic. This intermediate abstraction
(Moskowitz, 1965) by CVN functions (referred to as (x,) at location x and time instant t) has also

been of great importance for building exact solutions. It was formalized by (Claudel and Bayen,
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2010a; Daganzo, 2005a; Friesz et al., 2013; Laval and Leclercq, 2013) using theory of variations
and Hamilton Jacobi (HJ) PDEs for general FD. Solutions to HJ-PDEs are described in function
of CVN from which travel times and densities are easily derived (Szeto and Lo, 2005). The
numerical evaluation of the CVNs involves the convex Legendre-Frechel transformation of the
FD and the use of Lax-Hopf formulas to translate the initial values and boundary conditions into
a traffic state at any location or time within the homogenous link (Mazaré et al., 2011). This Lax-
Hopf formula can also be used to construct a grid that leads to exact and efficient solutions using
dynamic programming techniques while assuming a simplified triangular FD (Daganzo, 2005b).
Such grids become increasingly difficult to define in large networks (Raadsen et al., 2014) so a
simpler rectangular grid is assumed, with a triangular FD defined for each link. The grid is
evaluated by an iterative procedure such that for each result only locally (at each grid point) the
Lax-Hopf formula holds. This leads to faster algorithms, with substantially less grid points to be
stored by the algorithm, while still computing a good approximate solution that is sufficient for

practical applications.

2.1.3 Triangular fundamental diagram

The existence of a fundamental relation between traffic states has been empirically proven and
many approximations have been proposed in literature (Greenberg, 1959; Greenshields et al.,
1935; Underwood, 1961). Usually this relation is illustrated by plotting the instantaneous flow
(veh/h) in function of the local density (veh/km). An example of observed aggregated traffic data
(density and flow) on a highway lane and an approximate triangular shaped fundamental relation
is shown in Figure 2.2. Free-flow states are represented by diamond markers and triangular
markers represent congested traffic states. The hypocritical and hypercritical branch of the
triangular function can be found by simple regression techniques on both sets of points. The slope
of both linear approximations represent the characteristic wave speeds, in this case the free flow
speed (y) in uncongested traffic and the spillback speed of perturbations in congestion (—w). Also
the maximum storage capacity or jam density of a link (j) and the maximum throughput (c) at the

critical density (k) are defined on the graph.
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Figure 2. 2 Speed—density relation V (Greenshields 1934) and The first Fundamental
Diagram as q-v diagram (Ku'hne,R.D.,2011)

he triangular shape is often used because it leads to efficient numerical solution schemes (CTM,
LTM). The Lax-Hopf equations (see discussion in the next section) are reduced significantly in
this case because only two characteristic kinematic wave speeds (one forward and one backward)
govern the prevailing traffic states (Claudel and Bayen, 2010b; Daganzo, 2005b; Han et al., 2012b;
Jin, 2015). In principle the iterative procedure that is proposed in the next sections can be adopted

to handle any concave FD.

2.1.4 An overview of existing macroscopic models

Real-time crash prediction model (RTCPM) is based on the hypothesis that the probability of a
crash on a specific road section can be predicted for a very short time window using the
instantaneous traffic flow data (Lee et al, 2003; Pande et al, 2005). Current RTCPMs are mostly
based on traffic flow data from dual loop detectors, placed at fixed locations beneath the road
surface where the inter-detector spacing varied substantially with an average of around 0.80 km
and had high standard deviation (Abdel-Aty et al, 2012, Hossain and Muromachi, 2011; Shi et al,
2015). A study (Abdel-Aty et al, 2012) showed a range of standard deviation between 0.88 and
3.60 km for an AVI system. Another study (Shi et al, 2015) reported a minimum spacing of 0.16
km to a maximum of 5.90 km with a standard deviation ranging between 0.16 and 1.56 km. Hong
and Fukuda, 2012 used cell transmission model (CTM) with ensemble Kalman filter (EnKF) in

estimating the impact of various detector location configurations on estimation of travel speed and
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concluded that sensors located at large distances from each other without location optimization
lead to an overestimation of travel speed, whereas sensor numbers can be reduced if their locations
are optimal to achieve a better estimate of travel speed. Many studies attempted to minimize the
number of detectors (Bianco et al, 2001; 2006; 2007) whereas Morrison and Martonosi, 2014
examined whether there are sufficient conditions for optimal solutions for the detector locations.
This non-uniformity in existing detector layouts along with high variability in detector spacing
among expressways/freeways raise questions about the universality as well as transferability of
such models. The doubt gets further bolstered by the studies (Abdel-Aty et al, 2012; Hossain and
Muromachi, 2010) where the authors examined the performances of RTCPMs built with traffic
data collected from six different combinations of detector layouts and found different results for
each combination. Therefore, there is sufficient evidence postulating that variation in detector
layout has an impact on the states of traffic flow variables.

The existing RTCPMs are developed depending on the detector layout that exists in the study area.
Hence, variation in detector layout raises the issue of spatial transferability of the RTCPMs as
altering the locations or installing new detectors to replicate the detector layout of the model is
neither practical nor cost effective. Moreover, even for new roads, it may not always be plausible
to follow a specific detector spacing. To address these issues, there has been an urge to devise a
mechanism to simulate traffic sensor data of desired spacing from any detector layout that can be
fed into an RTCPM.

Crashes occurring on freeways/expressways are considered to relate closely to preceding traffic
states occurring before the crash, which are time-varying (Mihajlovic et al, 2001). Thus, it is
essential to establish a single model that can address such time series data and the evolving process
of traffic flow to predict crash risk in real time. Substantial effort has been put into improving the
RTCPMs by employing sophisticated modeling methods such as artificial neural networks,
Bayesian structural equations, Bayesian networks (BNs), dynamic Bayesian networks (DBNS),
Bayesian classifier, support vector machines, genetic programming etc.(Hossain and Muromachi,
2001, Sunetal, 2015, 2016; Lee et al, 2006). Among these, the modeling architecture of a dynamic
Bayesian network (DBN) conforms to this requirement (Mihajlovic et al, 2001; Sun et al, 2015;
Roy et al, 2016).
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This study employed a macroscopic dynamic freeway traffic model called CTM, introduced by
Daganzo (1994, 1995), which is consistent with the hydrodynamic theory of traffic flow (Lighthill
et al, 1955), to transform the traffic states obtained from non-uniform detector layouts into a pre-
defined detector layout. The CTM was chosen for its analytical simplicity and ability to reproduce
congestion propagation dynamics. Then, RTCPMs were built by simulating uniformly spaced
detector data from fixed detector layouts and using BD and DBNs as the modeling method to

distinguish between crash prone and normal traffic conditions.

2.1.5 Daganzo’s (1996) kinematic wave theory based on the triangular fundamental
diagram

The CTM proposed by Daganzo (1994, 1995) is based on the relationship between traffic flow (q)
and density (k). If the relationship can be expressed in a triangular form as in Figure 2.2, then the
Lighthill, Whitham, and Richards (LWR) equations for a single highway link can be approximated
by a set of difference equations where current conditions (the state of the system) are updated with

every clock interval as:

q = min{Vek, qmar w (k; — k)}, for0 <k <k; (2.5)
Where V5 is the free flow speed,

Qmax 1S the maximum flow (or capacity),

w is the back wave or wave speed, and

k; is the jam density.

In the CTM, a road segment is divided into several homogeneous cells, i, whose length is equal to
the free flow speed times one clock interval. The state of the system at instant t is then given by
the number of vehicles contained in each cell, n_i (t). The following parameters are defined for

each cell:

N;(t) = maximum number of vehicles that can be present in cell i at time ¢;
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Q;(t) = maximum number of vehicles that can flow into cell i when the clock advances from t to
t+ 1.

The flow evolution in each cell can be expressed as:

n(t+1) = n(t) + yi(t) — yira (V) (2.6)
where y;(t) is the inflow to cell i in the time interval (t, t + 1), given by

yi () =min {n;_4(t), Q:(t), d[N;(t) — n; (O]} (2.7)
where d = w/iv

2.1.6.1 Velocity based cell transmission model

As mentioned earlier, the primary parameters of a CTM are defined by the left limb, the right limb
and the apex of the triangle of the FD. The left limb decides the sending flow from an upstream
cell to the downstream cell and the right limb decides how much flow it can receive depending on
its current capacity. Generally, the FD for a link or segment remains the same throughout the
simulation which is one of the positive sides of using a macroscopic traffic model. However, the
model has to be in such a way so that the FD does not remain fixed throughout the simulation. The
left and right limbs, or the sending and receiving functions needs to be adjusted to accommodate
the VSL values (Mihn et al, 2015). So, the sending and receiving functions shown of the traditional

CTM will be changed to the followings-
si(6) = min{Vs; (£). k; (¢), Qus, 3 Where, Vs, (¢) € [a; ] (2.8)
ri(6) = min {w;. (ki jm — ki(8)), Qvst } (29)

Where, s;(t) is the sending flow at time t, r;(t) is the receiving flow, a, is the action set which

will be decided by the RL agent.

The flow in a cell i can be defined by the following receiving function:

qi(t) = min{s;_; (), 7;(t)} (2.10)
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The density evolution can be determined by the following equation:
kit +1) = k;(¢) + AT/Li(qi-1(6) — q:(8)) (2.11)

Here, AT is the simulation time step, which is equal to the time with which a vehicle passes a cell
at free-flow speed. L; is the cell length of cell i. The speed within each cell can be determined

according to the current density, k;(t) and speed limit, Vs, :

~ min{Vs, (t — 1), V¢ } if ki(t) < kyg
vit) = (ki.jam(t) — ki (2). k‘:‘g)) if ki(£) > kysy (212)

Where, dyg, is the density associated with the flow Qy,; (Figure 2.3.) under the speed limit Vs, .

To summarize, in order to build the modified CTM model, the basic parameters of an FD which
are free-flow speed, back wave speed, jam density and the maximum flow will be estimated from
the traffic flow data from the loop detectors and these parameters will remain fixed. Then, similar
as the traditional CTM, the simulation time step will be decided to get the cell length according to
the formula cell length = free-flow speed times time step. This is to ensure that the vehicles don’t
cross multiple cells at a time step. So, after calculating the free-flow speed and deciding a suitable
cell length, the time step is calculated. Next, unlike the traditional FD, the modified FD (Figure
2.3.) whose left limb can be moved lower depending on the VSL value chosen, will be constructed
with a sending and receiving function as shown in the equation 2.8 and 2.9 . The sending function
will choose either the maximum flow under current VSL value, Qy; or the actual flow under
current VSL value (Vs (t).k;(t)) whichever is the minimum. At the same time, the receiving
function will follow equation 2.8, and receive the minimum of the maximum flow under current

VSL value, Qys, and the back-wave speed calculated from the jam density and current
density, w;. (ki, jam — ki(t)). According to Daganzo’s original CTM theory, the sending flow of

upstream cell (i —1) is the receiving flow of downstream cell i. Hence, the flow entering cell i
will follow the minimum of the sending flow of cell (i —1) and receiving flow of cell i, according
to equation 2.10. As for the speed evolution in a cell, it will depend on, if the current density falls

to the left or right hand side of the density under current VSL value. If it falls on the left region,
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the speed will be dominated by either the V or VSL value; on the other hand, if it falls under the
right-hand side, the speed will be decided by the jam density and the back-wave speed.

A
Q(: """"""

QVSL

Flow

d, dys, d;
Density

Figure 2. 3 The modified CTM with VSL control

2.2 Real-time crash prediction models

The concept of real-time proactive road safety management in general comprises of detection of
hazardous traffic formation (which is known as real-time crash prediction) and subsequent
introduction of interventions to reduce the chance of a crash occurrence in real-time. Sometimes,
the data that have been collected for model construction are also utilized for knowledge discovery.
This holds paramount importance as knowing the crash mechanism can help in building more
accurate models as well as designing effective countermeasures. In other words, the RTCP model
should be able to answer — 'how can an implementable real-time crash prediction model be built

to ensure timely detection of hazardous traffic formation?".

In order to choose the appropriate variables for model building, it is important to know which
variables have higher capacity to distinguish between a hazardous and normal traffic condition.
This has created the necessity to perform an in-depth study on crash mechanism using high
resolution real-time traffic sensor data that will provide insight into crash phenomena and help to

identify the most significant variables for model building.

It is quite common for a detector to go out of order due to natural wear and tear. For this, alternative
detector spacing should also be available to ensure unhindered monitoring of the area of interest.
This can be achieved by carefully choosing a study area that is densely packed with detectors
having relatively uniform inter-detector spacing. This will enable in identifying the optimum
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detector layout plan. It should also be noted that the study area must have a large enough crash

sample to give the models acceptability.

A highly flexible modeling method should be chosen that can perform these activities without
needing to re-build or re-calibrate itself from the scratch: i) update itself in short time interval and
with partially available data, ii) add new variables if and when needed, iii) make predictions with

partially missing data, and iv) possess capability to handle highly correlated data.

Crashes occurring on freeways/expressways are considered to relate closely to previous traffic
conditions occurred before the crash, which are time-varying. Meanwhile, most studies use
volume/occupancy/speed parameters data extracted from sampled floating cars or road side
detectors. It has been indicated that for different combinations of upstream and downstream traffic
states, the crash involvement rates and crash risk ratios (ratio of crash cases and non-crash cases)
are inconsistent. Considering that a crash can be induced by the disturbance of traffic flow before
the crash occurs, time series traffic data consisting of several time intervals should be used to
illustrate the dynamic process of traffic flow before crash occurrence. Thus, it inessential to
establish a single model that can address such time series data and the evolving process of traffic
flow. Therefore, in this study, a dynamic Bayesian network (DBN) model of time sequence traffic
data has been proposed to investigate the relationship between crash occurrence and dynamic
traffic flow data with one-minute-interval of six months on one of the busiest Tokyo Metropolitan
Expressway (March to August, 2014) provided by the Tokyo Metropolitan Expressway Company
Limited.

2.2.1 A review of existing RTCPMs

Since last few decades, there had been several studies targeting the improvement of RTCPMs.
Different researchers have tried to construct RTCPMs in different ways depending on the goals,
study locations, base and derivative of traffic parameters, road geometry, weather condition, type

of crash, type of vehicles etc. A brief review is given below.

Oh et al. (2001) developed the first real-time crash prediction model where he separated traffic
dynamics into two categories — disruptive and normal, and assessed the likelihood of future traffic
flow data falling into either of these two categories. Normal condition was specifically defined as
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a5 minute period occurring at 30 minutes prior to the crash and the disrupted condition was defined
as the 5 minute time period just before the crash. They used 52 crash data and corresponding traffic
data from loop detectors and applied nonparametric Bayesian approach (Oh et al. 2005a) to
identify the real-time crash likelihood. In the later study (Oh et al. 2005b) they applied Probabilistic
Neural Network (PNN). They employed t-test on the mean and deviation of three variables —
occupancy, flow and speed, to identify the crash indicator. However, there was no suggestion
explaining if they have tested the data for normality as t-test is applicable only with the assumption
that the data follow normal distribution. Some later studies (e.g., Luo et al., 2006) found that the
standard deviation of speed on freeways does not follow normal distribution. Another study
(Ulfarssonet al., 2005) indicated that mean and standard deviation of speed are correlated. Oh et
al., in their first two studies (2001, 2005a) identified standard deviation of speed to be the most
significant variable. But in a later study (Oh et al., 2005b) they selected standard deviation of speed
as well as the average occupancy to be the predictors. Later they evaluated their newly built model
by randomly selecting 30 crash data from their sample and testing their outcome and repeating the
process for 30 times. They used two threshold values and the prediction success was respectively
38.2% and 44.9%.

The motivation for Golob et al. (2002) to develop a real-time crash prediction model was to
understand the complex relationship between traffic flow and traffic crashes rather than to develop
a proactive highway safety system. The study by Lee et al. (2002) was the first of its kind to point
out the potential of real-time crash prediction to be applied as a proactive road safety management
system, i.e., anticipate future crashes and apply counter measures to prevent it from taking place.
They introduced a new term called ‘crash precursors', which was defined as traffic conditions that
exist before the occurrence of a crash. Their second study (Lee et al., 2003) basically reduced the
number of assumptions they made in the first study to make it more acceptable. In their latest
model they selected speed variations along a lane, traffic queue and traffic density at given road
geometry, weather condition and time of the day as predictors and applied aggregated first order
log-linear model to predict crash. The study used 234 crash data. Data for the normal traffic
condition traffic were collected by acquiring the traffic data of 2 week days with clear weather
condition when no crash happened. The developed model was not validated with another dataset
and the prediction success was represented with the overall model fit, statistical significance of the

coefficients and the consistency of the coefficients with the order of levels of crash precursors.
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The study by Abdel-Aty and Pande (2004) and Abdel-Aty and Abdalla (2004) are acceptable due
to relatively larger sample size, meticulous considerations for modeling, choice of predictors and
acceptable model validation method. In the first study (Abdel-Aty and Pande, 2004), they used a
sample size of 148 crashes, of which, 100 were used to generate the model and the rest 48 were
used for validation. They used the concept of logistic regression and odds ratio to develop a new
index called 'Hazard ratio’, which essentially represents the factor with which the risk of observing
a crash in the vicinity of the 'station of the crash' will increase with unit increase in the
corresponding risk factor (here, the predictors of crash). Lastly, they used Probabilistic Neural
Network (PNN) to distinguish between crash and non crash situation. They found the coefficient
of variation in the speed obtained from the station near the crash and two stations immediately
preceding in the upstream direction prior to crash to be the most suitable predictors. Although their
study produced by far the best results to predict crashes, the overall classification, i.e., for both
crash and non-crash situations together, was poor (62%). In a later study (Abdel-Aty and Abdalla,
2004) they used Generalized Estimating Equation method where they included road geometry as
variables as well. The study found that high variability in speed for a period of 15 minutes for a
specific location increases the likelihood of crash and also, low variability in volume over 15

minutes at a given location increases the crash likelihood in the downstream.

Alongside these successful studies, there are two more mentionable studies that could not find any
relationship between crashes and their prior traffic conditions. The first one was conducted by
Kockelmanet al. (2004) where they used variation of speed as well as average speed both along
the lane and for different defined sections to predict future crashes. They used several conventional
statistical distributions to calculate the likelihood of crash and concluded that speed or its measures
of dispersion were not correlated according to their data. They further used a very low data
aggregation (30 seconds) but came down to the same conclusion. One of the latest additions in
real-time crash prediction has been the study by Luo and Garber (2006) which conducted a
comprehensive critical review of the major past studies concluding that the previous studies are
weak in one or more of the three areas - unrealistic data requirements, inconsiderate to the
interaction among variables and selecting predictors without validating them with pattern
recognition techniques. Therefore, Luo and Garber (2006) invested substantial amount of labor in
identifying crash patterns with three different methods — K means clustering, Naive Bayes method

and Discriminant Analysis. They also studied the joint effects of two or more traffic variables to
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identify traffic patterns leading to crash. They considered daytime and nighttime crashes separately,

too. However, the outcome of the study was inconclusive.

Road crash is a complex phenomenon and it is yet to be known how to classify a traffic condition
to be hazardous or normal by observing the traffic flow variables. Another major concern with
these models is the possibility of calibration in future as it can be expected that driving behavior
varies depending on demography and each model associated with specific detectors needs to be
calibrated separately (Kuchangi, 2006). This may even require addition or truncation of some
demography related variables. An actionable model must use variables which are universal (e.g.,
traffic flow) to most of the types of detectors and the model must have capability to update itself
with time as, quite understandably, the initial model will be built with very few samples. So far
the concentration in previous studies has been on how to improve the prediction success and for
that, the researchers used complex forms of traffic flow variables and different statistical models
(mainly). In this study, we attempt to address these issues by developing a real-time crash
prediction model with readily available variables and use a real-time risk assessment method — the
Bayesian Network. The idea of developing models for predicting crash in real-time for
expressways from high resolution sensor data is now more than a decade old.

2.2.2 Shortcomings of the existing models

In spite of several improvements which have been made for an efficient RTCPM, there are still

some lacking which needs to be addressed.
e Location of detector

The performance of RTCPM largely depends on the quality of data which are collected from
detectors. Hence, it is important to consider type, spacing and layout of detectors. Most studies
uses traffic data from fixed loop detectors (Abdel-Aty et al., 2004, 2005; Abdel-Aty and Pande,
2005) which are installed on the road network usually without any preliminary analysis about
which would be the optimum location to install those. Roshandel et al. (2015) pointed this out as
their location is fixed on the road and their distance from crash locations cannot be controlled.
Several studies have been conducted in order to find the optimum detector location for RTCPM.

For example, Hossain and Muromachi (2011) showed that if a detector pair is 750 meters apart
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with the upstream detector more closely spaced to the location of crash occurrence, the model can

predict with about 65% accuracy. The issue of optimum detector location is still being studied.
e Variable Space

The major traffic variable used for RTCPMs are flow, speed and occupancy, and/ or their
derivatives (Lee et al., 2003b, 2006a; Pande and Abdel-Aty, 2006b). Several other studies have
adopted weather conditions, visibility and road geometry as variable to construct RTCPMs too
(Pande and Abdel-Aty, 2006a; Lee et al., 2003b), while other researchers also considered
congestion index as a variable congestion index (Dias et al., 2009). Some studies employed
engineering judgment to choose the variables, others applied statistical methods (testing the
significance by developing logistic regression models with one variable at a time) as a solution to
the problem (Abdel-Aty et al., 2004,2005; Abdel-Aty and Pande, 2005; Pande and Abdel-Aty,
2005, 2006a, 2007; Zheng et al., 2010). Choosing an appropriate variable space is important
because the inappropriate variables might result in a huge variable space within a small data set.
The variable space might also suffer from the correlation problems as traffic variables are closely
related. Moreover, in situations, where a variable is not available, another variables should be able
to capture the traffic situation properly. So, choosing variables which are influential to RTCPMs

are important.
e Modeling Method

With the advancement of ITS and availability of high density traffic data, numerous modeling
methods have been adopted over the decades. These methods can broadly divided into two
categories- statistical (Abdel-Aty et al., 2004, 2005; Abdel-Aty and Pande, 2005; Pande and
Abdel-Aty, 2007; Lee et al.,2006a; Zheng et al., 2010) and machine learning based such as neural
networks (Abdel-Aty et al., 2008a; Abdel-Aty and Pande, 2005; Pande and Abdel-Aty,2006a; Oh
etal., 2005a,b), fuzzy logic (Oh et al., 2006) and classification trees (Pande and Abdel-Aty, 2006b)
etc. As mentioned earlier, traffic variables are highly related, which could be a problem while
modeling with statistical approaches like regression analysis due to co-linearity problem. Machine
learning can overcome this problem. Although, ML-based modeling requires a vast amount of
database and huge computational time.
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2.3 Decision support system for Intervention: A comparative analysis of existing
traffic intervention methods

In the field of intelligent transportation system (ITS) real-time crash prediction and interventions
have been one of the major concerns. With the increase in application of advance ITS technologies
it is now possible to get access to the high quality real-time traffic data which calls for proactive
traffic safety measure to reduce the crash risks on a road network. To introduce a proactive safety
measure, it is important to understand the crash mechanism under different traffic conditions to
identify the contributors to crash occurrence. Given that the traffic parameters change over time,
the crash likelihood must be predicted in real-time. Numerous real-time crash prediction models
(RTCPMs) have been developed over the years to predict crash risks given the real-time traffic
data. A number of cutting edge modelling methods, such as, various kinds of Neural Networks
(Liu and Chen, 2017; Park et al., 2018), Support Vector Machine (Katrakazas et al., 2017),
Bayesian Network (Hossain and Muromachi, 2013), Dynamic Bayesian Network (Roy et al.,
2018), Deep Neural Network (Yang et al., 2018), etc.; they are to some extent transferrable (Park
et al., 2018); and their accuracy in predicting crash is commendable (Yang et al., 2018 — 96%, Wu
et al., 2018 — 87%) with low false alarm (Yang et al., 2018 — 10%, Wang et al., 2017a — 2.7%).

For real-time intervention, a certain threshold of real-time crash likelihood can be used as a
measurement to formulate a proactive control strategy (Lee et al., 2004). Several studies have
concluded that abrupt change in speed plays a vital role for crash occurrence, such as increase in
speed limit can cause higher fatal crashes (Kloeden et al., (2001); Ossiander et al., 2002). Generally,
the low speed limit reduces the dissemination of speeds and hence reduces the possibility of vehicle
collisions. Additionally, lower speed limits decrease the chance of high crash. Variable speed limit
(VSL) control has been proven as a well-established and innovative technique to reduce crash risks
in mainline freeways (Lee et al., 2004; Li et al., 2016, 2017; Abdel-Aty et al., 2006, 2007, 2008).
The core idea of VSL is- it is an ITS device which is triggered in order to improve the traffic
operation by changing the allowable speed limit of a road segment once a certain threshold of
control factor is exceeded. Previous studies have suggested a number of strategies to apply VSL
control. For example, Lee et al. (2004) considered four start-up thresholds of crash potential (O,
2.5, 12, 18) depending on the road geometry, while a set of durations of intervention (2, 5, 10, 15

min) were chosen and the magnitude of VSL was selected from- a set of seven fixed speed limits,
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or, the average speed of downstream detector, or, average of up and downstream detectors of the
current location (transition speed). Their study showed that the overall crash potential and travel
time (in case of threshold 12) was reduced by 5-17% and 0.4% respectively when the transition
speed was selected as the magnitude of the VSL control. In another study (Li et al., 2016)
considered a start-up threshold of 0.2 as a control strategy to activate the VSL in a large scale
freeway segment and found that the crash risk was reduced by 22.62% and injury severity by
14.67%. In a later study (Li et al., 2014), the authors employed VSL close to freeway recurrent
bottlenecks to reduce rear-end collision risks where the control strategy included start-up threshold
(25%), target speed limit (35mile/h) and speed change rate (10mile/h/30sec). Few studies (Carlson
etal., 2011; Lu et al., 2011) applied VSL at the upstream of the bottleneck area in order to control
the outflow of the VSL section. This way the capacity drop at the bottleneck can be avoided and
the bottleneck capacity can be retrieved. However, by reducing the capacity at the VSL section, a
congestion might form at the bottleneck, propagating further upstream which in turn resulting in
increased risks of rear-end collisions in the upstream area. Hence, the VSL control strategy that
reduces delay, might increase rear-end crash risks at the VSL section of a freeway recurrent
bottleneck. Abdel-Aty et al. (2008) used VSL strategies to reduce rear-end and lane-changing crash
risks in a network with huge speed differences between up and downstream. They concluded that
VSL is effective in reducing crash risk during uncongested condition only. From these studies it’s
evident that the strategy of VSL application in freeways to reduce crash risk is yet to be well
established.

Besides setting the VSL strategies, the optimization of the strategy is also an eminent issue while
designing the real-time intervention. A popular optimization method is the automated control
strategies by PARAMICS (Lee et al., 20046, Abdel-Aty et al., 2005, 2006, 2008) which has been
vastly used due to its scalability and proven application on freeways. It has been employed to
optimize VSL strategies of split models for multi-vehicle crashes during both congested and
uncongested conditions (Lee et al., 200, Abdel-Aty et al., 2005, 2006), for rear-end and lane
changing crash risk reduction in homogenous speed zones while inducing 60, 80, 90% loading of
traffic volumes to the model (Abdel-Aty et al., 2008). In contrast to the traditional optimization
method, Abdulhai et al. (2003) introduced an artificial intelligence based semi-supervised machine
learning algorithm called reinforcement learning (RL) to find the optimal control of traffic signal

in a heavily congested condition. In RL, an agent reacts with the environment through several trial
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and error to optimize the total reward by choosing a state-action pair for every time step (Watkins,
1989; Sutton and Barto, 1998; Hasselt, 2011). RL is gaining popularity in traffic control problems
since it does not require a model structure per se which reduces its dependency on the previous
information of the system to be controlled enabling it to tackle non-recurrent complex traffic
patterns. A Q-learning based multi-agent RL, which is the most commonly used RL algorithm,
was used in a study for motorway ramp-metering control with queuing consideration (Davarynejad
et al., 2011) and traffic control performance evaluation (Rezaee et al., 2012). Another study (EI-
Tantawy et al., 2010) a multi-agent RL was used in conjunction with the game theory to alleviate
traffic gridlock. An R-Markov average reward technique (R-MART) based RL was used to
optimize VSL control for reducing travel time and vehicle emission (Zu et al., 2014). A study by
Li et al. (2014, 2016) applied genetic algorithm for VVSL optimization. However, in later study Li
et al. (2017) used Q-learning based RL at a freeway recurrent bottleneck to optimize VSL control.
The RL based solution was applied to a metro station in Shanghai and it proved its efficacy in
minimizing safety risk and simultaneously alleviating passenger congestion at certain stations.
Unsignalized intersections are considered as one of the most crash prone locations on a road
network and therefore, training autonomous vehicles to drive at such locations is a difficult
challenge. Isele et al. (2018) learned policies and active sensing behaviors employing RL that
exceeded the capabilities of commonly-used heuristic approaches in several categories, such as,

task completion time, goal success rate and ability to generalize the problem.

In spite of the promising success records of application of Q-learning for VSL control optimization
compared to traditional feedback based VSL control method, there are few issues such as
adaptability of non-discretized (continuous) traffic states, location of VSL control sections and the
reliability of the VSL models in terms of crash risk reduction in real-time is still under vigilance.
Another new RL method namely dueling DQN (Mihn et al., 2013, 2015; Hasselt et al., 2016)
which can accommodate continuous traffic states and can more quickly identify the correct action
during policy evaluation as redundant or similar actions are added to the learning problem. has
been used in Hence, to address these issues and inspired by the recent success of Q-learning and
dueling DQN in designing intelligent agents to solve transportation problems in real-time, two
reinforcement learning based intelligent frameworks for real-time proactive variable speed limit

control are being proposed in this manuscript.
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CHAPTER 3

STUDY AREA, DATA COLLECTION AND DEVELOPMENT OF
MACROSCOPIC TRAFFIC MODEL: THE CELL TRANSMISSION MODEL
(CTM)

3.1 Introduction

The concept of a real-time crash prediction model (RTCPM) building is based on the hypothesis
that the probability of a crash on a specific road section can be predicted for a very short time
window using the instantaneous traffic flow data ((Lee et al, 2003; Pande et al, 2005). Most
existing literature has made use of traffic flow data from dual loop detectors, placed at fixed
locations beneath the road surface where the inter-detector spacing varied substantially with an
average of around 0.80 km and had high standard deviation (Abdel-Aty et al, 2012, Hossain and
Muromachi, 2011; Shi et al, 2015). A study (Abdel-Aty et al, 2012) showed a range of standard
deviation between 0.88 and 3.60 km for an AVI system. Another study (Shi et al, 2015) reported
a minimum spacing of 0.16 km to a maximum of 5.90 km with a standard deviation ranging
between 0.16 and 1.56 km. Hong and Fuduka, 2012 used cell transmission model (CTM) with
ensemble Kalman filter (EnKF) in estimating the impact of various detector location
configurations on estimation of travel speed and concluded that sensors located at large distances
from each other without location optimization lead to an overestimation of travel speed, whereas
sensor numbers can be reduced if their locations are optimal to achieve a better estimate of travel
speed. Many studies attempted to minimize the number of detectors (Bianco et al, 2001; 2006;
2007) whereas Morrison and Martonosi, 2004 examined whether there are sufficient conditions
for optimal solutions for the detector locations. This non-uniformity in existing detector layouts
along with high variability in detector spacing among expressways/freeways raise questions about
the universality as well as transferability of such models. The doubt gets further bolstered by the
studies (Abdel-Aty et al, 2012; Hossain and Muromachi, 2010) where the authors examined the
performances of RTCPMs built with traffic data collected from six different combinations of
detector layouts and found different results for each combination. Therefore, there is sufficient
evidence postulating that variation in detector layout has an impact on the states of traffic flow

variables.
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The existing RTCPMs are developed depending on the detector layout that exists in the study area.
Hence, variation in detector layout raises the issue of spatial transferability of the RTCPMs as
altering the locations or installing new detectors to replicate the detector layout of the model is
neither practical nor cost effective. Moreover, even for new roads, it may not always be plausible
to follow a specific detector spacing. To address these issues, there has been an urge to devise a
mechanism to simulate traffic sensor data of desired spacing from any detector layout that can be
fed into an RTCPM. This study employed a macroscopic dynamic freeway traffic model called
CTM, introduced by Daganzo (1994, 1995), which is consistent with the hydrodynamic theory of
traffic flow (Lighthill et al, 1955), to transform the traffic states obtained from non-uniform
detector layouts into a pre-defined detector layout. The CTM was chosen for its analytical

simplicity and ability to reproduce congestion propagation dynamics.

Crashes occurring on freeways/expressways are considered to relate closely to preceding traffic
states occurring before the crash, which are time-varying (Mihajlovic et al, 2001). Thus, it is
essential to establish a single model that can address such time series data and the evolving process
of traffic flow to predict crash risk in real time. Substantial effort has been put into improving the
RTCPMs by employing sophisticated modeling methods such as artificial neural networks,
Bayesian structural equations, Bayesian networks (BNs), dynamic Bayesian networks (DBNS),
Bayesian classifier, support vector machines, genetic programming etc. (Hossain and Muromachi,
2001, Sunetal, 2015, 2016; Lee et al, 2006). Among these, the modeling architecture of a dynamic
Bayesian network (DBN) conforms to this requirement (Mihajlovic et al, 2001; Sun et al, 2015;
Roy et al, 2016). Therefore, this study develops RTCPMs by simulating uniformly spaced detector
data from fixed detector layouts and uses DBNs as the modeling method to distinguish between
crash prone and normal traffic conditions. Finally, the model performance is compared with the
models constructed with fixed detector layouts and for which BNs are employed as the modeling

method.
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3.2 study area and data collection

Tokyo Metropolitan Expressway’s 11.9 km long route 3 Shibuya and 13.5 km long route 4
Shinjuku are the two routes of this study which sustains substantial number of crashes throughout
the year. The routes have two lanes in each direction with 43 and 41 detectors in the inbound and
outbound direction respectively for route 3; and 50 and 44 detectors in the inbound and outbound
direction respectively for route 4 (roughly 250 m apart) as shown in Table 3.1. Figure 3.1 shows
both routes and the distribution of active detectors which were found to be valid and functioning
without errors in the inbound direction (route 4) and outbound direction (route 3). The fixed loop

detectors collect flow, average speed, and occupancy for each minute round the clock.
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Table 3. 1 Tokyo Metropolitan Expressway Route 4 (Shinjuku) and Route 3 (Shibuya)
number of detectors

Route 4 detectors Route 3 detectors

BFS On-ramp Off-ramp | BFS On-ramp Off-ramp
Inbound 50 7 3 43 2 4
Outbound 44 3 7 41 4 1
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In order to construct RTCPMs, both crash data and corresponding high-resolution detector data
are needed. Therefore, the study collected detector data and the matching crash data from Route 3
(Shibuya) and Route 4 (Shinjuku) of the Tokyo Metropolitan Expressway for a period from March
2014 to August 2014. The pre-crash traffic data were then extracted for 101 crash cases for which
complete matching detector data were found. The one-minute pre-crash data was collected, three
minutes prior to the occurrence of the crash, and the corresponding normal (or no-crash) data was
collected for the same time frame, but from the days when no crashes took place. The data
comprising the time and location of the crash helped when matching the crash and detector
databases. The fixed loop detectors collected the cumulative vehicle count (veh/min), average

speed (km/h), and average occupancy (%) aggregated for every minute, round the clock.

In order to build the RTCPMs, about 101 crash cases and 1732 no-crash cases were considered for
model building and validation. While validating, to distinguish between crash and no-crash cases,
different thresholds of probability of crash prediction was tested. In several studies by Abtel-Aty
et al. (2005), Sun J. (2015), Hellinga et al. (2003a) crash and corresponding normal cases were
selected in the similar manner as is in this study which is a well-established method of sampling
in RTCP modeling. In addition, unlike several statistical methods, machine learning methods such
as BN and DBN has adaptation property which makes the models incorporate new real-time traffic
data into the model while fading away the old traffic data which is one of the important features

of these models.

The issue inappropriate mixture of traffic conditions relating to crash and non-crash cases is
referred as data imbalance (Kui et al, 2018). Several studies tried to address it by approximately
balancing the data which caused biased outcomes. Deep neural network (DNN) was used for
predicting crash-prone traffic conditions (Kui et al., 2018) where they found that DNN can predict
63-65% of the crashes with 5% false alarm rate. Furthermore, it also addressed the class- balancing
issue of the training data and concluded that the prediction performance degrades with the
increasing size of balanced data as huge amount of data gets eliminated during class balancing of

data and deep learning methods like DNNSs requires big data.
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3.3 Theoretical background of CTM

The workflow followed in this study is illustrated by Figure3.2. According to the CTM (Daganzo,
1995; Lee et al, 2006), if the relationship between traffic flow (q) and density (k) can be expressed
in a triangular form as in Figure 3.3, then the Lighthill, Whitham, and Richards (LWR) equations
for a single highway link can be approximated by a set of difference equations where current

conditions (the state of the system) are updated with every clock interval as:

q= min{VFk, Qmaxr W (kj — k)}, for0 < k < k; (3.1)
Where V5 is the free flow speed,

Qmax is the maximum flow (or capacity),

w is the back wave or wave speed, and

k; is the jam density.

In the CTM, a road segment is divided into several homogeneous cells, i whose length is equal to
the free flow speed times one clock interval. The state of the system at instant t is then given by
the number of vehicles contained in each cell, n;(t). The following parameters are defined for each

cell:
N;(t) = maximum number of vehicles that can be present in cell i at time ¢;

Q;(t) = Maximum number of vehicles that can flow into cell i when the clock advances from t

tot + 1.

If cells are numbered consecutively starting with the upstream end of the road from i = 1 to I, the

recursive relationship of the CTM can be expressed as:

ni(t+1) =n(t) + yi() - yir1 (V) (3.2)
Where y;(t) is the inflow to cell i in the time interval (t, t + 1), given by

yi () =min {n;_4(t), Q:(t), d [N;(t) — n; (O]} (3.3)
Where d = w/v
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Figure 3. 2 Workflow diagram

3.4 Development and validation of CTM

3.4.1 Experimental setup and model development

The objective of this thesis was to observe the crash risk situation with and without VVSL control.
In order to do that, a simulated traffic model was essential. Previously, microscopic simulation
model has been constructed using loop detector data. Hence, to investigate an alternative way to
investigate and compare the crash risk situation with and without VSL control, in this thesis, the

CTM was adopted to simulate the traffic data using the high density loop detector data.

Moreover, in order to resolve the issue of non-uniform detector spacing, CTM was employed. If
CTM transforms the inter-detector spacing into a homogeneous distribution then it can be used
anywhere in the world with any detector spacing with necessary modification. This uniformity in
detector layout also provides with the opportunity to investigate the optimal location problems for
traffic data collection and VSL control application.

The fundamental diagrams (FD) with VSL control have been chosen in various ways in the
previous studies. For example, a study (Frejo, J. R. D., 2018) combined first order (Hegyi and
Hoogendoorn, 2010) and second order (Carlson et al., 2010, 2011) macroscopic model to find a
better FD in order to ensure safety and resolution of traffic congestion. In their proposed model,
the compliance affects the VSL-induced critical density and capacity. So, the model changes with

the change in compliances. The other parameters such as k_c and Q_c can be adjusted accordingly.
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Their study found that the Kc increases with decrease of VSL, Q_c¢ decreased with reduction of
VSL, For low densities, compliance can be very low and When densities are increased, the VSL-
induced speeds start to decrease substantially. The proposed model can accommodate both of the
models, though has some limitations.

Another study by Papageorgiou et al., 2008 found that the parameters of FD do not necessarily
remain constant, in fact, the parameters may change considerably from day to day without any
obvious reasons. They found that the application of VSLs decrease the slope of the flow—
occupancy diagram at under critical conditions, and shift the critical occupancy to higher values,

and enable higher flows at the same occupancy values in overcritical conditions.

Nunzio et al., 2014, took an attempt to generate a variable length model (VLM) with the influence
of both traffic light and VSL control to analyze steady-state behavior of the system. In this
particular model, Q_max of the road segment remains fixed, and the max allowed speed (VSL),
back-wave (w), jam density (k_j) etc. are uniquely defined after the nominal critical density (k_c).
The objective functions included traveling time reduction, infrastructure utilization and energy
consumption reduction. The outcome showed that if congestion doesn’t spill back or disappear,
the system is stable and multiple equilibrium points can be reached via VSL. Location of operation

control and desired traffic conditions were identified but did not meet all of the objective functions.

The ‘traditional CTM” or the general CTM proposed by Daganzo, C.F. (1994) is with the shape
of a trapezoid where the back-wave speed is less than the free-flow speed and the flow in a cell is
decided by the equations (3.1 to 3.3). The physical meaning could be vehicle moving at a free-
flow speed till the first critical density, then face the increasing density and the move toward a

congested situation then will move with a congested speed.

In the modified CTM, the maximum flow, jam-density, back-wave speed are assumed to be fixed
for the day on April, 8, 2014. Only the free-flow speed can be changed according to the VSL
control value decided by the RL-agent (value selected from the action set). This is to keep the
VSL-based CTM model simple and more flexible to accommodate VSL values at times of crash
risk >10. If all the parameters (back-wave, capacity flow, jam density etc.) kept susceptible to
change, it becomes difficult to execute VSL control along with RL-based intervention as RL-based

simulation requires several time consuming simulations. Hence, in order to allow the CTM model
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incorporate the VSL property into it, the three parameters of FD is kept fixed for the study segment
for the day.

The general procedure for networks involves two steps for each clock interval.
(1) Determine the flow on each link with the equivalent of Equation (3.3).

(if) Update the cell occupancies by transferring the flows of step (i) from the beginning cell to the

end cell of each link.
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Type O cell: Type 1 cell: Type 2 cell: Arc2 Arc 1
Ordinary cell Diverge cell Merge cell diverge Cell merge cell

Figure 3. 3 Fundamental diagram and nodes (simple, diverge and merge) of CTM

In CTM, a road segment is described by nodes and directed arcs where each arc possesses some
physical data that includes its length and the parameters defining a flow—density relation for a
steady state of traffic of the type shown in Figure 3.3. There are three kinds of cells: (i) ordinary,

(i) diverge, and (iii) merge cell as shown.

For this study, five days (April 1, August 21, June 26, March 26, and May 2, 2014) were selected
as on these days most of the detectors in Shibuya Route 3 line inbound direction were in sound
condition (fewer missing data) and there was enough traffic flow to ensure the fundamental
diagram (FD) to fulfill the conditions to form the CTM. The FD was generated in the following

way.
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1. For each sound detector on the freeway, the flow and density data were extracted.
2. The maximum value of the flow was considered as the capacity, gmax-

3. According to Dervisoglu et al. (2009) and Kurzhanskiy and Varaiya (2009, 2010), the
density—flow pair provides a good fit for free flow speed,v. The least-squares method was

used to estimate the free-flow speed, v.

4. The critical density was found using k. = e
F

5. The constrained least-squares method was employed to determine the back-wave speed, w.

Afterwards, CTM was applied to the entire Shibuya Route 3 (inbound direction) for 24 hours on
the aforementioned five days using traffic flow data for each minute (total of 1440 minutes a day).
Since the cell length is the product of free flow speed and time step, to keep the cell length
approximately uniform, the time step was chosen accordingly. To build the CTM model, the
AuroraRNM (Kurzhanskiy, 2009) simulator was used and it has an option that enables the user to
choose different time steps for different links. The traffic flow data generated using CTM was

validated using the traffic data extracted from the fixed loop detectors.

3.4.2 Model validation

To employ the CTM to the entire route, a FD of traffic was generated using a flow—density graph.
Figure 3.4 (a) and (b) show examples of good and poor datasets, respectively.

The values of FD parameters ranged as follows: capacity (q,,q,) 1800-3900 vehicles/h; free flow
speed (v) 66.92-139.2 km/h; critical density (k.) 22.6-31.52 vehicles/km; jam density (k;) 75—
130 vehicles/km; and back wave (w) 33.6-40.3 km/h. The cell length was kept at 240 m, the

average inter-detector spacing for this study route, to generate uniformly distributed detectors.
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Figure 3. 4 Estimating the fundamental diagram: (a) good data; and (b) poor data

Validation of the CTM was done by comparing traffic flow parameters of the cells located closest
to each of the 35 detectors. For example, on June 26, 2014 between detectors 03-01-24 and 03-01-
27, the free flow speed was found to be 139.2 km/h with the distance between these two detectors
being 1.14 km. To maintain the cell length to be approximately 240 m, the average inter-detector
spacing for this route, a time interval of 6 seconds was chosen (cell length = free flow speed times
time interval). Three cells in the link between detectors 03-01-24 and 03-01-27 were generated by
the CTM (Figure 3.5). Between 07:00 and 09:00, the flow in this segment was uninterrupted and,
therefore, a plot of the flow, speed, and occupancy data during this time stretch was generated to
allow a comparison between the CTM and loop detector data. For comparative purpose, cell 2
which is closest to detector 03-01-26 was selected. It can be observed from Figure 3.5 that the
simulated value follows the measured value well when it comes to flow and occupancy data;
however, the speed data differ from the original data to some extent. Such a comparison was
conducted for all 35 detectors with their nearest cells for 24 h for every minute of 5 days as
suggested by previous study (Mufioz et al, 2003). The mean percentage error (MPE) defined by
Equation3.4 was calculated to validate the data, where N = total number of data for a day = number
of detectors x time (min) = 35 x 1440 (Table 3.2).

1 ZN Valueoriginal-valuecypy

N &l (3.4)

Valueoriginal
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Figure 3. 5 Measured and simulated flow, speed, and occupancy between detector 03-01-27
and 03-01-24 on June 26, 2014 (07:00-09:00)

Table 3. 2 Mean percentage error for flow, speed, and occupancy estimates

Mean percentage error (%)
Date Flow Speed Occupancy
APRIL 1 0.177 0.403 0.080
AUGUST 21 0.040 0.180 0.057
JUNE 26 0.090 0.314 0.108
MARCH 26 0.084 0.111 0.064
MAY 2 0.025 0.142 0.071

3.5 Development and validation of modified CTM

In the previous sections, the construction and validity of a CTM was performed using traffic data

of route 3 Shibuya. Later on, in this thesis, a variable speed limit is used as intervention, for which
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traffic data of route 4 Shinjuku is employed. The intervention is integrated with the CTM model
with the help of python program. Hence, in this section the construction of the CTM for route 4

Shinjuku will be discussed.

As mentioned earlier, the primary parameters of a CTM are defined by the left limb, the right limb
and the apex of the triangle of the FD. The left limb decides the sending flow from an upstream
cell to the downstream cell and the right limb decides how much flow it can receive depending on
its current capacity. The theoretical background of the basic CTM has been discussed in the earlier
section. Now, to incorporate the VSL, as a measure for reducing crash risk, the CTM needs to be

modified.

Generally, the FD for a link or segment remains the same throughout the simulation which is one
of the positive sides of using a macroscopic traffic model. In this thesis, the VSL control
optimization and policy making will be conducted by a reinforcement learning method, hence, the
modified CTM model does not have to be burdened with solving the optimality problem for crash
risk reduction. However, the model has to be in such a way so that the FD does not remain fixed
throughout the simulation. The left and right limbs, or the sending and receiving functions needs
to be adjusted to accommodate the VSL values. So, the sending and receiving functions of the
traditional CTM will be changed to the followings-

s5i(t) = min{Vs, (t). k;(t), Qvsr }  Where, Vs, (t) € [ a; ] (3.5)
ri(6) = min {w;. (kg jam — ki(8)), Qvsz | (36)

Where, s;(t) is the sending flow at time t, r;(¢t) is the receiving flow, a; is the action set which
will be decided by the reinforcement learning (RL) agent. For example, a; = {£20, £0, Vz} km/h,
which means the current speed could be reduced or increased by 20km/h, or the free flow speed
for the segment will be chosen, depending on the optimization target- reducing crash risk at a target
cell. V is the free-flow speed, Vs, (t)is the speed limit chosen at time k, k;(t)is the density, Q. is
the maximum flow under current speed limit Vs, (¢), w; is the back wave speed and k; j,mis the

jam density.

The flow in a cell i can be defined by the following receiving function:

76



q;(t) = min{s;_, (), ()} (3.7)
The density evolution can be determined by the following equation:
kit +1) = k;(¢) + AT/Li(qi-1(6) — q;(8)) (3.8)

Here, AT is the simulation time step, which is equal to the time with which a vehicle passes a cell
at free-flow speed. L; is the cell length of cell i. The speed within each cell can be determined

according to the current density, k;(t) and speed limit, Vs, :

~ min{Vg, (t — 1), Vp } if ki(®) < kygy
vi(t) - (ki,jam(t) - ki(t)- k‘;zit)) if ki(t) > kVSL (3l9)

Where, dyg, is the density associated with the flow Qys; (Figure 3.6.) under the speed limit, Vs, .
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Figure 3. 6 The modified CTM with VSL control

To summarize, in order to build the modified CTM model, the basic parameters of an FD which
are free-flow speed, back wave speed, jam density and the maximum flow will be estimated from
the traffic flow data from the loop detectors and these parameters will remain fixed. Then, similar
as the traditional CTM, the simulation time step will be decided to get the cell length according to
the formula cell length = free-flow speed times time step. This is to ensure that the vehicles don’t

cross multiple cells at a time step. So, after calculating the free-flow speed and deciding a suitable
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cell length, the time step is calculated. Next, unlike the traditional FD, the modified FD (Figure
3.6.) whose left limb can be moved lower depending on the VSL value chosen, will be constructed
with a sending and receiving function as shown in the Equation 3.5 and 3.6. The sending function
will choose either the maximum flow under current VSL value, Qy; or the actual flow under
current VSL value (Vg (t). k; (t)) whichever is the minimum. Not to mention, the VSL values will
be chosen by the RL agent that can choose a value ranging from [10km/h to 110 km/h,V, no-
control] etc. At the same time, the receiving function will follow Equation 3.6 and choose the

minimum of the maximum flow under current VSL value, Q5. and the back-wave speed
calculated from the jam density and current densityw;. (ki_ jam — ki (t)). According to Daganzo’s

original CTM theory, the sending flow of upstream cell (i —1) is the receiving flow of downstream
cell,i. Hence, the flow entering cell i will follow the minimum of the sending flow of cell (i —1)
and receiving flow of cell,i, according to Equation 3.7. As for the speed evolution in a cell, it will
depend on the if the current density fall to the left or right hand side of the density under current
VSL value. If it falls on the left region, the speed will be dominated by either the V, or VSL value;
on the other hand, if it falls under the right-hand side, the speed will be decided by the jam density

and the back-wave speed.

In this thesis a modified CTM is considered to incorporate VSL control properties into it. The
CTM is based on FD where the three major parameters- capacity flow, free flow speed and jam
density needs to be defined. The left limb of the triangular FD represents free-flow condition and
the right limb represents congested condition. In order to incorporate VVSL control, the FD of the
modified CTM has flexibility to change its free-flow limb, whereas the right limb remained fixed
assuming the back-wave speed will not be controlled by this modified CTM. However, the change
of the traffic condition with the change of the FD for different speed limits can be demonstrated

briefly as follows-
The sending and receiving function of the modified CTM is expressed as:

s5i(t) = min{Vs, (t). k;(t), Qysy, } ;

Where, Vs, (t) € [ a; = 10,20 ....,no control, V]
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In case, when the there is no congestion, the traffic is in free-flow condition. Hence, all the flow
values will be on the left limb. Let’s assume a traffic state a on the left limb and a speed limit Vg,
was applied. If g, < Qys;, then after applying the Vs, , the traffic state a will move to a™®"

position which means higher density with the same flow, q,,.

Q.
QVSL """""""""""""" -
a  onew
q, @
Ve Ver
>
k kVSL

Figure 3. 7 modified CTM when q, < Qysy,

In case, when the there is no congestion, the traffic is in free-flow condition. Hence, all the flow
values will be on the left limb. Let’s assume a traffic state a on the left limb and a speed limit Vg,
was applied. If g, > Qyg., then after applying theVs, , the traffic state a will move to a™¢"

position which means higher density with the lower flow, Qy; .

Qe

Qvst

A4

k ks,

Figure 3. 8 modified CTM when q, > Qysg;,
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Algorithm for modified CTM

Algorithm-1: modified CTM

Initialize CTM
Define CTM parameters using FD: qmqx, Vi, kj, w, k¢, AT, L;

Generate traffic flow parameters in cells using equation 6 and 7
At time=t
If Crash risk > threshold, activate VSL
[crash risk by RTCPM]
[VSL by RL]

Select Qg for chosen Vs; .
Get Speed v;(t)
min{Vg, (t — 1), Vg } if ki(t) < kysy

MO (kijam® ~ ki) @) > sy

Calculate cell flow, g;(t):

si_1(t) {VSL- ki(t) if (Ver-ki(t)) < Quse
o Qvst ,otherwise
r() {wi- (ki,jam - ki(t)) if (Vor-ki(£)) < Qusy
l Qvst ,otherwise

Get flow g;(t) = min{s;_,(t),r;(t)}

Update density,

ki(t+1) = k;(t) + AT/Li(q;-1(t) — q: (D))
Repeat for t=t+1

For this thesis, traffic data of inbound direction on April 8th, 2014 is chosen for data collection

and simulation as on this day, no crashes occurred and the traffic was steady. There are two

segments of route 4. segment 1 (2.09 km) and 2 (2.52 km) which encompasses the longest

expressway segments. So, these two segments will be used for intervention application in chapter

5. First of all, to construct the CTM for route 4, the FD needs to be defined. FD was generated

using traffic data collected during 12:00-12:01 to 17:59-18:00 time from segment 1 and 2 (Figure

3.1), because, during this time the traffic was steady whilst with the presence of back wave. Both
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free-flow and back wave is necessary to construct the FD to generate left and right hand side of
the triangle. In Figure 3.9, the space-time diagram of speed data, speed is color coded from green
(higher speed) to red (lower speed). It shows that the traffic was more or less steady in both
segments 1 (detector 62 to 54) and 2 (detector 48 to 39) except for the segment 2 during 16:00-
16:15 when there was a back-wave generated probably due to the sudden rush hour. After
considering the availability of steady flow, the FD was constructed as shown in Figure 3.8.

Figure 3. 9 Space- tlme dlagram of speed of route 4 segments 1 (detector 62 to 54) and 2
(detector 48 to 39) during 12:00-12:01 to 17:59-18:00

In order to investigate the variation of FDs among each detectors in a segment, and to compare the
day-to-day variations, the min, max, average plots of the parameters of FDs are generated (Figure
3.1 and Appendix 1). The parameters are tabulated in the following tables as well and the
individual FDs are enclosed in the Appendix I. From the plot, it was found that the parameters
change from detector to detector and from day to day. This plot is from five Tuesdays in the study
segment. The inter-detector variations: maximum flow varied between 4000 to 3400 veh/h, free-
flow speed 166 to 109 km/h, critical density 34 to 22veh/km, jam density 180 to 109 veh/km,
congested speed 24 to 43 km/h. The day-to-day variations were also considerable (Figure 3.10)
maximum flow varied between 4000 to 3700 veh/h, minimum flow varied between 3400 to 3600
veh/h; maximum free-flow speed varied between 166 to 146 km/h, minimum free-flow speed
varied between 141 to 109 km/h; maximum critical density varies between 34 to 27veh/km,
minimum critical density 22 to 25veh/km ; maximum jam density varied between 180 to 150
veh/km, minimum jam density varied between 125 to 109 veh/km; maximum congested speed
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varied between 43 to 35 km/h, minimum congested speed varied between 24 to 27 km/h. The value
of free-flow speed and the back-wave speed of some fundamental diagrams (FDs) were higher
than the usual range. For example, the free-flow speed was found to be 154km/h on March 18 near
detector number 40 (Table 3 in Annex I) and back-wave speed was found to be 43km/h on June 3
and April 8 at detector 48 (Table 1, 2 in Annex 1). The reason for this could be unusual speed of
some vehicles and also a sudden change in the traffic flow due to sudden release of congestion,
which later on contributed in the formation of a steady flow at those particular detector regions.
However, the average values of the parameters more or less were similar to the FD built with the

aggregated data of all the detectors in the segment as shown in the Figure 3.10-
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Figure 3. 10 Variations of FD parameters of each detectors in the study segment and on
different days

For this thesis, the FDs were generated for 5 freeway segments of route 4, and FDs were
investigated days of the week basis. For this thesis the aggregated (all detectors in a freeway
segments) FD is constructed for the study segments based on days of the week.
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Capacity (q,,,,), veh/hr 3780

free flow speed (v), km/h 135
-\ Jam density (k;), veh/km 120
back wave (w), km/h 41

Critical density, (k.), veh/km 28

Figure 3. 11 Fundamental diagram (FD) for route 4 Shinjuku

3.5.1 Model construction and validation

The values of FD parameters are as follows: capacity (g,;qx) 3780 vehicles/h; free flow speed (V)
135 km/h; critical density (k.) 28 vehicles/km; jam density (k;) 120 vehicles/km; and back wave
(w) 41 km/h. The cell length was kept at 240 m, the average inter-detector spacing for this study
route, to generate uniformly distributed detectors. Additionally, the Qy; values were calculated
for different Vg, values using the FD i.e.Vg, Qys, = {(10,750), (20,1350), (30,1830), (40,2220),
(50,2520), (60,2880), (70,3060), (80,3240), (90,3420), (100,3600), (110,3720)}.

Validation of the CTM was done by comparing traffic flow parameters of the cells located closest
to original detectors. To maintain the cell length to be approximately 150 m, the average inter-
detector spacing for this route, a time interval of 4 seconds was chosen (cell length = free flow
speed times time interval). As shown in Figure 3.12, the cells generated through the CTM are
validated by comparing traffic data from the nearest original detector. For example, cell 1 and 2
comparing with detector data from detector number 62 and so on. The mean percentage error
(MPE) defined by Equation 3.4 was calculated to validate the data, where N = total number of
data for six hours = number of detectors x time (min) x variables = 18 x 360 x 3= 19440. After
cleaning the data, 18348 data were found. MPE is found to be 0.0825, 0.1667, and 0.0449 for flow,

speed and occupancy respectively and an average MPE of about 10% was calculated.
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Figure 3. 12 CTM simulated detector arrangement alongside original detector layout

FLOW, SPEED AND OCCUPANCY FROM LOOP DETECTOR AND CTM

—4—flow —M—speed —&—occupancy flow_n —%—speed_n —@—occupancy_n

1 2 3 4 5 6 7 8 9 10 11 12 13

Figure 3. 83 Flow, speed and occupancy from loop detector and modified CTMs

The Courant-Friedrichs—Lewy or CFL condition is a condition for the stability of unstable
numerical methods that model convection or wave phenomena. CFL condition states- the full
numerical domain of dependence must contain the physical domain of dependence (Laney, 1998).
It means, the distance that any information travels during a time-step within the cell must be lower
than the distance between cell elements. The Courant number is a dimensionless quantity and can

be stated as follows:

C=a= (3.10)
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Where athe magnitude of the velocity (length/time) is, At is the time step (time), Ax is the length
interval (length). For any explicit simple linear convection problem, the Courant number must be

equal or smaller than 1 (Courant, R.; Lewy, H.; Friedrichs, 1928).

The Courant number was observed for the speed values with given cell length (150 m) and time
step (4 seconds). If the values are less than or equal to 1, the condition is considered met. From the
Courant number for six hours speed data, it can be seen that the value is less than 1 and thus meets

the CFL condition. The values are shown in the Appendix I.

3.6 Chapter conclusion

In this chapter, a method of dividing a route uniformly into same length cells using a macroscopic
traffic model called the cell transmission model (Daganzo, 1994, 1995) was generated with the
loop detector data. The idea behind this is to create a uniform layout of simulate detectors. This
will give us more flexibility over controlling the data collection locations. Many times, due to
instrumental fault or geographical difficulties, traffic data cannot be collected from every location
a transport researcher would require. This macroscopic model could be of a solution to that issue.
Moreover, over the years accident researchers have used different data collection methods and
layouts, to create crash prediction models. This CTM-based model would provide a universal
layout generation technique for future.

A traditional CTM model was constructed with route 3 detector data and the model was validated
which was able to produce traffic data with an average MPE of 13%. This model will be used in
chapter 4 for constructing RTCPMs. Furthermore, as the goal of this thesis is to propose an
intervention along with crash prediction, a modified CTM is also introduced. This CTM
incorporates the property of accommodating a flexible FD, which is used to incorporate VSL into
the model. Generally, there is an optimization problem which is addressed while using VSL as an
intervention for crash prevention. In this thesis, that will be conducted with a reinforcement
learning (RL) agent in chapter 5. Hence, this modified CTM does not require to address the
optimization into it. The modified CTM was constructed with the route 4 Shinjuku data for April
8, 2014 and was validated with the loop detector data which has showed an average MPE of about

10%. In chapter 5, it is checked how the model performs in conjunction with the RL agent.
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CHAPTER 4

REAL-TIME CRASH PREDICTION MODEL (RTCPM)
4.1 Introduction

Predicting crash likelihood in real-time is a relatively much newer concept as compared to the
conventional crash prediction models. Even the inspiration to build RCPMs in some way was
derived from the willingness to improve the existing crash prediction models. However, this thesis
takes a stand in suggesting that these two are very different types of models and has their own non-
overlapping utility in road safety. For this, the distinctions between real-time and non- real-time
crash prediction models were analyzed based on three broad categories — contextual issues, policy
and practice related issues, methodological issues. The contextual issues are pertaining to the
notion behind conducting the study, i.e., purpose and objectives. Policy and practice related issues
refer to how the outcome of the models could be used in practice as well as to formulate policies.
The methodological issues discuss how the model building processes differ. Due to their high
interdependency, the contextual and policy and practice related issues are merged together in the

following discussion.

4.2 Theoretical background
4.2.1 Bayesian Network

Bayesian Belief Net, also known as Bayesian Network, is a probabilistic graphical modeling
method where we represent a system with a graph and a joint probability distribution compacted
with the notion of conditional independence. Later, we can use this model of system to understand
the dynamics within the system and also to predict the state of variables in lights of the evidence
on any one or more variables. Figure 4.1(a) presents a simple BBN involving five variables. Here,
each variable is represented with a node and the influence of one variable on others is demonstrated
with directed edges (may or may not represent causality). We would like to mention here that these
graphs are acyclic in nature and are called acyclic directed graph (DAG). The nodes from which
edges generate are parents to the child nodes where the directed edge ends. In case of prediction
modeling, the variable which we are predicting is called the “outcome variable” and the rest are

called “decision variables”. Now, as per Figure 4.1 (a), A is a parent to B, B is a parent to D and
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Cisaparentto B, D and E. Nodes D and E are parents to none. Now, regarding the joint probability
distribution, if a BBN has a universe of variable U = {41, ...., An} then using the chain rule of

probability, its joint probability distribution can be presented as:
P(U) = [T, P(AilA; - Ans) (4.2)

Now, BBN suggests that assuming conditional independence of the variables, Eq. 1 can be

compacted as:
P(U) = [[iz1 P(4i|Pa(4)) (4.2)

Where Pa(4;) is the set of parents of A;. This substantially reduces the size of the conditional
probability tables (CPTs) of different nodes. Now, if we have evidence e ... .... e, on m number

of variables out of n (n > m), then we can re-write Equation 4.2 as:

P(U,e) = [Ii=1 P(Ai|Pa(A)) ITj% ¢ (4.3)

D O0—® B ©O—EC

@‘@ @‘@ E

(a) (b)

Figure 4. 1 An example Bayesian Belief Net

At this point, the probability of any variable A from the universal variable space U can be
calculated by marginalizing P(U,e) as follows:

XuseP(U,e)  XysaP(Ue)
P(e)  P(4e)

P(Ale) = (4.4)

Hence, our BBN in Figure 4.1 can be written as:

91



P(A,B,C,D,E) = P(A)P(B|A,C)P(C)P(D|B,C)P(E|C) (4.5)

Now, assume that a new variable F gets introduced as presented with Figure 4.1(b). Then the

model equation can be updated as:
P(AB,C,D,E,F) = P(A)P(BI|A,C)P(C)P(DIB,C)P(E|C,F)P(F) (4.6)

We can observe here that the addition of a new variable could be accommodated only by partially

updating the existing model keeping most of it almost unchanged.

4.2.2 Structural Learning: NPC-Algorithm

When the interaction among variables within a problem domain is not known, we can employ
structural learning algorithms to determine the direction of the edges in a BBN. In order to
understand NPC-Algorithm it is important to understand its predecessor PC-Algorithm. Both the
algorithms explore the data to come up with a set of conditional dependence and independence
relationship through statistical tests and then based on that they decide the direction of the edges.
In PC-Algorithm, at first, the conditional independence of all pairs of variables in the BBN is
evaluated through statistical tests. Then an undirected graph is drawn by adding connections
between those pairs of variables for which no conditional independences were found. Next, the
pairs of links which meet at a node (also known as colliders) are identified in such a way that the
BBN remains a DAG. Afterwards, using the colliders and positively identified conditional
independences, directions of undirected edges are established. Lastly, for those links which still
remains undirected, their directions are randomly assigned ensuring that the BBN remains a DAG.
PC-algorithm performs well when there is no limitation in sample size. NPC-Algorithm overcomes

this weakness of the PC-algorithm by adding an extra constrain of existence of a path:

“the necessary path condition for the absence of an edge says that in order for two variables X
and Y to be independent (in a DAG faithful data set) conditional on a minimal set SXY, there must
exist a path between X and every Z €SXY (not crossing Y) and between Y and every Z €SXY

(not crossing X), For those edges where decisive directions cannot be found (also known as

ambiguous zone), the researchers can use their expert opinion to choose those direction.
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4.2.3 Batch Learning (EM-Algorithm) and Sequential Learning (Adaptation
Algorithm)

The task of EM-Algorithm in BBN is to determine the conditional probability tables (CPTs) for
nodes based on prior probabilities and availability of new N number of records. The algorithm has
two steps — calculating the expected sufficient statistics and then maximizing its likelihood. To
elaborate more, if no probability is assigned to a variable for which we are estimating the
parameters, a uniform distribution is assumed. Then, with presence of a batch of data, the new
parameter is estimated in such way that first, the expected sufficient statistics under that parameter
is calculated and then the log-likelihood of that parameter under the expected sufficient statistics
IS maximized. This is an iterative process and it stops when one of these two criteria are satisfied
—i) the maximum number of iteration specified by the user has exceeded, or, ii) the relative log-
likelihood between two successive iterations is smaller than the preset minimum difference value.
Here, it is important to mention that the EM-algorithm does not need data on each of the variables
to update the model. The adaptation algorithm (Lauritzen, 1995) is similar to the EM-algorithm
with the exception that here the evidence from each record is propagated throughout the network

and the parameters for each of the variables are updated accordingly.

4.3 Dynamic Bayesian Network

One of the evolving areas that would certainly occupy computer scientists in the next decade is
concerned with building software, which will be able to make conclusions based on information
gathered from various sources. Interesting path to the solution of this problem would be to simulate
reasoning process of humans, based on their ability to sense the environment in multiple ways and

to integrate this sensed information in one global picture of the environment.

Human beings as well as the other animals integrate observations received from multiple senses
to comprehend the environment and to take proper actions. Probability theory, thus, with its
inherent notions of uncertainty and confidence had found widespread popularity in the
multisensory fusion community. Various researchers had proposed many different probabilistic

models for this purpose.
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In this thesis, focus will be given in BNs and their extensions that try to unify temporal dimension
with uncertainty. It starts with the simple concepts and then introduce static Bayesian networks, as
well as basics of dynamic Bayesian networks as powerful tools for representing such uncertain
events. Different levels in creating DBNs are presented.

Most of the events that we meet in our everyday life are not detected based on a particular point in
time, but they can be described through a multiple state of observations that yield a judgment of
one complete final event. Statisticians have developed numerous methods for reasoning about
temporal relationships among different entities in the world. This field is generally known as time-
series analysis. According to (Adhikari et al, 2013) time-series is a sample realization of a

stochastic process consisting of a set of observations made sequentially over time.

Time is also an important dimension in the field of Al and reasoning. However, BNs do not provide
direct mechanism for representing temporal dependencies. In attempting to add temporal
dimension into the BN model various approaches has been suggested. Frequent names used to
describe this new dimension in BN models are “temporal” and “dynamic”. However, the difference
between these models and their denomination cannot uniquely point to one typical model. Sterritt
et al. tried to distinguish these categories in the manner that would be described below.

Dynamic Bayesian Networks (DBN) should be a name of a model that describes a system that is
dynamically changing or evolving over time. This model will enable users to monitor and update
the system as time proceeds and even predict further behavior of the system. In such models word
dynamic is connected with a “motive force”. Changing the nature of the static BN to model
“motive forces” can then be thought of as adapting it to dynamic model. Although every system
that changes its state involve time, authors differentiate between the two terms dynamic and
temporal. In temporal models explicitly model time as continuous permanent category as opposed
to other changes in the system such as the change in state or a system. Hence, temporal models
would be a sub-class of dynamic. If every time slice of a temporal model corresponds to one
particular state of a system, and if the movement between the slices reflects a change in state

instead or time, in most cases that model is classified as a dynamic model.

According to the same authors, considering time representation, temporal approaches could be

classified into two main categories, namely those models, which represent time as points
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(instances) or as time intervals. However time intervals can be thought of as a set of consecutive
time points. Therefore, time-point representation seems to be more appropriate and more

expressive.

Figure 4. 2 Diagram showing approach where time slice is used to present a snapshot of the
evolving temporal process

Figure 4.2 represents an approach where time slice is used to represent snapshot of the evolving
temporal process. It can be said that the belief network consists of a sequence of sub-models each
representing the system at a particular point or interval in time (time slice). These time slices are
interconnected by temporal relations, which are represented by the arcs joining particular variables

from two consecutive time slices.

Figure 4. 3 Temporal model with duplicated time slices over time

Figure 4.3 represents another model where the network is composed of identical sub-models
duplicated over each time slice. This means that it has the same temporal structure as previous

model. However, links between state variables within a time slice are here disallowed.

Dynamic Bayesian Networks are usually defined as special case or singly connected Bayesian
Networks specifically aimed at time series modeling like stated in previous section. All the nodes,
edges and probabilities that form static interpretation of a system is identical to BN variables here
can be denoted as the state of a DBN, because they include a temporal dimension. The states or
any system described as a DBN satisfy the Markovian condition that is defined as follows: The

state of a system at time t depends only on its immediate past. i.e. its state at time t-1. Also, this
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property is frequently considered as a definition of First order Markov property: the future is

independent of the past given present.

Now, as we can see, the BN model is expanded, we can allow not only connections within time
slice known as intra-slice connections, but also the one between time slices. These temporal
connections incorporate condition probabilities between variables from different time slices. The
transition matrix that represents these time dependencies is often called a Conditional Probability
Table (CPT), since it represents the CPD in tabular form, Intra-slice CPDs can also be represented

by CPTs, i.e. in tabular form.

The states of a dynamic model do not need to be directly observable. They may influence some
other variables that we can directly measure or calculate. Also, the state or some system needs not
to be a unique, simple state. It may be regarded as a complex structure of interacting states. Each
state in a dynamic model at one time instance may depend on one or more states at the previous
time instance or/and on some states in the same time instance. It was shown that complex structures
like this could also be represented as DBNs. So, generally, in DBN states of a system at time, t
may depend on systems states at time t-1 and possibly on current states of some other nodes in the

fragment of DBN structure that represents variables at time t.

We can describe DBN saying that it consists of probability distribution function on the sequence
of T hidden-state variables X ={X,,....Xr_1} and the sequence of T observable variables Y=
{Y, ....Xr_1 }, where T is the time boundary for the given event we are investigating. This can be

expressed by the following term:

Prx,Y) = | [Preeecben) | [Provete)  Prex) (4.7)
t—1 t—0

In order to completely specify a DBN we need to define three sets of parameters:

« State transition pdfs Pr(X; |X—4 ) that specifies time dependencies between the states
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* Observation pdfs Pr(Yy | Xt ) that specifies dependencies of observation nodes regarding to other

nodes at time t and

* Initial state distribution Pr(X,) that brings initial probability distribution in the beginning of

the process.

First two parameters had to be determined for all states in all time slices t= 1....T. There is a
possibility that conditional pdfs can depend on time instance, that is to be time-varying
(Pr(Xr|Xr—1) = Pr(Xr|Xr_q1,t)), or time invariant. Time invariant conditional pdfs can be
parametric (Pr(Xr |Xr—1) = Pr(Xr|Xr—1,0)), or nonparametric, when they are described using
probability tables (CPTs). Depending on the type of the state space or hidden and observable

variables, a DBN can be discrete, continuous, or combination of these two.
Similarly, as we propose in static BNs, in DBNs we may be interested in the following tasks:

1. Inference: estimate the pdf of unknown states given some known observations, and initial

probability distribution.

2. Decoding: find the best-fitting probability values for sequence or hidden states that have

generated the known sequence or observations.

3. Learning: given a number of sequences of observations, estimate parameters of a DBN such
that they best fit to the observed data, and make the best model for the system.

4. Pruning: distinguishing which nodes are semantically important for inference in DBN structure,

and which are not, and removing them from the network.

Within every time slice it is possible to identify a subset of the nodes that describes current state
of the world (environment), denoted as W, (t) ..... W, (t), which represents either the entire world
state, or the part we want to inspect. We call these the designated world nodes. These nodes are
chosen in the way that if their states are known, then nodes V(¢ ). where t,, < t, are no longer
relevant to the overall goal of the inference. If for everyiin[1..... q] there is an ‘s’ such that
(Pr(W:(t) = s;) =1, then the general pruning action is as follows: (I) delete all nodes

V(t,)where t, < t, and (2) explicitly incorporate knowledge that W, (t) = s,. We explicitly
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incorporate the information that W;(t) = s; is known to be in state s; , by deleting all states except
for state s;, and in that way, reducing the state space. Also, if a node V/(t) has no successors and

if Pr(V(t) = s) = 0, then we can delete state ‘s’.

In a special case, when the node V(T) has no predecessors, its state is known to be s; and its other
states s; #s; , are deleted, the conditional probability tables of its successor nodes must be updated

to reflect this. Now, there may exist states that are impossible. All such states must then be deleted,

and the pruning procedure performed recursively on successors.

These are just some basic pruning procedures, and they are not sufficient for controlling the
inference complexity. There are also some marginal pruning procedures. For example, if there is
no initialization information, no pruning will be performed. Even with initialization information,

if a DBN models sensors failure there is always a small chance that the data is incorrect.

The basis of making a pruning decision is the tradeoff between the savings on execution of the

inference versus the likelihood of making an error.

4.3.1 Methodology

In this study, the hidden state variables are the crash likelihood and the observation variables are
the traffic flow variables (i.e. flow, speed, occupancy, difference between upstream and
downstream flow, speed, occupancy, etc.). Thus, the state transition could be denoted as Pr

(crash|previous crash).

Traffic data was collected from the nearest upstream and downstream loop detectors of the crash
location. In the case of CTM-based RTCPMs, for each crash case, one the segment of the road was
selected where both upstream and downstream detectors were present and traffic flow data was
extracted from the closest upstream and downstream cells from the crash location. RTCPMs are
highly dependent on the information variables chosen. In previous studies (Mihajlovic et al, 2001;
Sun et al, 2015; Roy et al, 2016) BN and DBN models were generated using various combinations
of traffic flow variables, i.e. flow, speed, occupancy, etc., along with their descriptive statistics.
Existing literature also suggests that the overall performance of DBN models built with a
combination of traffic parameters are better than the models with only one traffic parameter (Lee

et al, 2006; Roy et al, 2016). From these studies, it was established that the information variables
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such as downstream speed, occupancy, difference of upstream and downstream speed occupancy,
and upstream flow are suitable predictors to develop BN and DBN models. In this study, 16
different combinations of 6 base variables and 3 relative variables were produced (Table 4.1) to
construct BN and DBN models to compare their performances in terms of sensitivity, specificity
etc. to identify the best possible combination of the variables.

Table 4. 1 List of BN and DBN Models

Description of RTCPMs (both BN and DBN)
Model 1 | Downstream flow, speed, occupancy, difference of upstream and downstream flow

Model 2 | Upstream flow, speed, occupancy, difference of upstream and downstream flow

Model 3 | Downstream flow, speed, occupancy, difference of upstream and downstream
occupancy
Model 4 | Upstream flow, speed, occupancy, difference of upstream and downstream occupancy

Model 5 | Downstream flow, speed, occupancy, difference of upstream and downstream speed

Model 6 | Upstream flow, speed, occupancy, difference of upstream and downstream speed

Model 7 | Difference of upstream and downstream flow, speed, occupancy, downstream
occupancy
Model 8 | Difference of upstream and downstream flow, speed, occupancy, upstream occupancy

Model 9 | Difference of upstream and downstream flow, speed, occupancy, downstream flow

Model 10 | Difference of upstream and downstream flow, speed, occupancy, upstream flow

Model 11 | Difference of upstream and downstream flow, speed, occupancy, downstream speed

Model 12 | Downstream flow, speed, occupancy

Model 13 | Upstream flow, speed, occupancy

Model 14 | Downstream speed, occupancy, difference of upstream and downstream flow

Model 15 | Upstream speed, occupancy, difference of upstream and downstream flow

Model 16 | Difference of upstream and downstream flow, speed, occupancy, upstream speed

Models 1, 3, and 5 consist of all downstream variable and one relative variable assuming that the
downstream traffic condition is more reliable to demonstrate a crash prone situation. Models 2, 4,
and 6 include the upstream variables along with a relative variable that deals with the changes in
traffic upstream of the incident. Models 7-11 basically account for all the relative traffic
parameters intending to detect the crash prone situation from only the longitudinal changes of
traffic. Models 12 and 13 consist of only the base variables whereas models 14-16 are developed
with different combinations of base and relative traffic variables to investigate the performance of

models in the case of missing predictors.
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In this manuscript, 30 crash cases and corresponding 748 normal cases were extracted to construct
BN and DBN based RTCPMs. The objective of such models is to maintain a high detection rate
for the detection of crash prone traffic conditions but at the same time maintain low false alarm.
In order to construct the model, first, the raw data was screened for faulty detectors and the accurate
crash time was estimated from the reported crash time by investigating the upstream and
downstream detector’s traffic data for each crash. Since the traffic data is recorded every minute,
the variation in traffic flow variables were evident and it was possible to locate the actual time of
each crash. Then, for crash cases, data was collected for 1 minute just before the incident occurred.
For the corresponding normal data, traffic flow data was collected from the same detectors and
cells during the same time as crash cases, but for those days when no incident took place. For
example, if a crash had occurred on Wednesday March 3 at 15:00, then traffic flow data on March
3 at 14:59 was counted as crash data and traffic flow data from all other Wednesdays at 14:59 was
considered normal data. In addition, for a DBN model with three time slices, traffic data was
extracted at 14:59, 14:58, and 14:57 timestamps as 1, 2, and 3 minutes before crash, respectively.
Traffic data was collected during a six-month period. Thus, for a single crash case there are
approximately (5 months x 4 days + 1 month x 3 days = 23 days % 33 crash cases =) 759 days of
normal data was found; of which 748 were selected after removing erroneous data. This data was
divided into training (20 crash and corresponding 496 normal) and test (10 crash and
corresponding 252 normal) data for RTCPM building and validation purposes, respectively.
Several studies conducted by Abdel-Aty et al. (2012), Sun and Sun (2016), and Lee et al. (2003)
used both crash and normal traffic data to construct RTCPMs in a similar manner. A total of 16 x
2 x 2 = 64 BN- and DBN-based RTCPMs were generated by employing existing loop detectors
and the simulated CTM data. Performances based on accuracy of crash detection and false alarm

rate were calculated using validation data.

4.3.2 ANALYSIS, RESULTS, AND DISCUSSION

In chapter 3, the procedure of constructing CTM and validation is explained in details. In this
chapter the RTCPMs with CTM and loop detector data will be explained. To employ the CTM to
the entire route, a FD of traffic was generated using a flow—density graph. If a detector with poor

data was found, the next closest detector data was used for analysis.
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Figure 4. 4 BN model structure (left) and DBN model structure with three time slices
(right)

The values of FD parameters ranged as follows: capacity (q,,4,) 1800-3900 vehicles/h; free flow
speed (v) 66.92-139.2 km/h; critical density (k.) 22.6-31.52 vehicles/km; jam density (k;) 75—
130 vehicles/km; and back wave (w) 33.6-40.3 km/h. The cell length was kept at 240 m, the
average inter-detector spacing for this study route, to generate uniformly distributed detectors.
Validation of the CTM was done by comparing traffic flow parameters of the cells located closest

to each of the 35 detectors.

To generate traffic flow data for crash prediction analysis. While generating BN and DBN models,
CTMs were reproduced separately for each road segment corresponding to a crash for each day,
thus the FDs for separate detectors were different based on their locations and days of data

collection. A BN and corresponding DBN model structure of model 13 is shown in Figure 4.4.
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COMPARISON OF OVERALL CRASH PREDICTION PERFORMANCES (%)
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Figure 4. 5 Comparison of overall crash prediction performances (%).FIGURE 4.5
Comparison of overall crash prediction performances (%o).

Separate test data was used to validate all (16 x 4) BN and DBN models built with both loop
detectors and the CTM data for different threshold values. Crash prediction accuracy and
sensitivity—specificity were calculated for each model (Table 4.2). Figure 4.5 shows the
comparison of overall accuracy of prediction of crash likelihood of DBN- and BN-based models
built with the loop detectors and the CTM data. All the models can predict with an overall accuracy
over 65%. In the case of loop detectors, both BN- and DBN-based models perform well and 10
BN models showed better prediction accuracy than the DBN models. Similar results are seen in
the case of models with the CTM data. Since the cells are shorter in length (150 m) than the average
loop detector spacing, this result shows that the cells can generate traffic flow data that can be used
for RTCPMs. In addition, in situations of faulty detectors, the CTM can be used to produce the

traffic data from the vicinity of that incident.
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Table 4. 2 Performance Evaluation of BN- and DBN-based Real-time Crash Prediction
Models with Loop Detectors and CTM Data

Modeling BN DBN
method
Data | Model Sensitivity | Specificity | Accuracy | False | Sensitivity | Specificity | Accuracy | False
Type | Number | (%) (%) (%) alarm | (%) (%) (%) alarm
(%) (%)
1 0.50 0.82 0.81 0.18 0.30 0.73 0.71 0.27
2 0.60 0.85 0.84 0.15 0.20 0.88 0.85 0.12
3 0.20 0.85 0.82 0.15 0.40 0.86 0.84 0.14
4 0.40 0.85 0.83 0.15 0.40 0.84 0.83 0.16
5 0.20 0.82 0.79 0.18 0.20 0.82 0.80 0.18
E 6 0.50 0.78 0.77 0.22 0.40 0.85 0.84 0.15
E 7 0.60 0.73 0.73 0.27 0.20 0.74 0.72 0.26
§ 8 0.70 0.65 0.65 0.35 0.20 0.68 0.66 0.32
% 9 0.60 0.77 0.76 0.23 0.40 0.77 0.76 0.23
g 10 0.70 0.69 0.69 0.31 0.30 0.70 0.68 0.30
§' 11 0.60 0.71 0.71 0.29 0.20 0.74 0.72 0.26
- 12 0.10 0.96 0.93 0.04 0.20 0.94 0.92 0.06
13 0.20 0.74 0.72 0.26 0.10 0.76 0.73 0.24
14 0.60 0.92 0.91 0.08 0.20 0.93 0.90 0.07
15 0.70 0.85 0.84 0.15 0.30 0.86 0.83 0.14
16 0.70 0.71 0.71 0.29 0.20 0.73 0.71 0.27
1 0.70 0.85 0.84 0.15 0.60 0.84 0.83 0.16
2 0.60 0.83 0.82 0.17 0.60 0.83 0.82 0.17
3 0.80 0.82 0.82 0.18 0.70 0.83 0.82 0.17
— 4 0.80 0.85 0.84 0.15 0.60 0.83 0.82 0.17
é 5 0.80 0.85 0.84 0.15 0.80 0.84 0.84 0.16
E 6 0.60 0.81 0.81 0.19 0.60 0.83 0.82 0.17
<__g 7 0.80 0.83 0.82 0.17 0.80 0.83 0.83 0.17
é 8 0.80 0.83 0.82 0.17 0.80 0.82 0.82 0.18
g 9 0.70 0.81 0.81 0.19 0.80 0.82 0.82 0.18
8 10 0.40 0.82 0.80 0.18 0.60 0.81 0.80 0.19
% 11 0.80 0.83 0.82 0.17 0.80 0.81 0.81 0.19
E 12 0.20 0.81 0.79 0.19 1.00 0.82 0.83 0.18
8 13 0.60 0.82 0.81 0.18 0.60 0.85 0.84 0.15
14 0.80 0.84 0.84 0.16 1.00 0.86 0.86 0.14
15 0.80 0.81 0.81 0.19 0.60 0.82 0.81 0.18
16 0.44 0.84 0.81 0.16 0.44 0.84 0.81 0.16
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From the overall accuracy of prediction of crash likelihood, loop-detector-based model 12 has the
highest performance of 93% (BN) and 92% (DBN) with false alarm rates of 4% and 6%,
respectively. In the case of CTM-based models, the overall accuracy of prediction of crash
likelihood of model 14 was 84% (BN) and 86% (DBN) and with false alarm rates was 16% and
14%, respectively. The information variables of models 12 and 14 are: downstream flow, speed,
occupancy, difference of upstream and downstream flow. In previous studies (Pande and Abdel-
Aty, 2005; Morison et al, 2013,Roy et al, 2016; Hossain and Muromachi, 2013), downstream flow
and speed and the relative flow value were found to play a significant role in RTCPM. Model 12
consists of downstream flow, speed, and occupancy, which implies that the change in traffic
situation at the downstream of a crash location can detect an impending hazardous situation. On
the other hand, information variables of model 14 explain hazardous situations with not only
downstream speed and occupancy, but also with the sudden change of traffic flow. Compared with
loop detectors, 11 out of 16 BN models using the CTM data showed on average 8% more overall
accuracy of prediction of crash likelihood, whereas 9 out of 16 DBN models showed on average

10% more overall accuracy.

4.3.3 Transferability of the models

Four RTCPMs are chosen which includes downstream speed, downstream occupancy and
difference of up and downstream flow as the hyperparameters because, from chapter 3, these
parameters were found to be the most influential ones for predicting crash. Data was collected
from Route 4 (the Shinjuku Expressway) to construct the RTCPM, and separate validation data
from both Route 4 and Route 3 (the Shibuya Expressway) were employed to check the
transferability of the model. the existing practice of real-time intervention design in the literature
is to adopt one highly accepted RTCPM construction methodology and focus on the intervention
planning and design, and the RTCPM employed for this thesis follows the literature (Hossain and
Muromachi, 2012; Roy et al., 2018 [a, b]). In these studies, it was evident that BN-based RTCPMs
possess properties of adaptability and can withstand data that are missing due to infrastructural
failure. The adaptability of the models enables them to be transferable. In this study, the
transferability was tested with data from Routes 3 and 4. As shown in Table 4.3 and Figures 4.7
and 4.8, the overall performance and the predictive accuracy of the of four models built with route

4 data after validating separately with data from Routes 3 and 4. Figures 4.7 and 4.8 show the
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overall accuracy of crash likelihood predictions of the four models corresponding to four
thresholds. The RTCPMs were built with route 4 data and validated with route 4 and 3 data
respectively. In the figures route 4 means model validated with route 4 data, route 3 means model
validated with route 3 data. It can be observed that the models are able to predict crash likelihood

from the data for both routes with decent accuracy.

Upstream Crash Downstream @ @

Detectors CH Detectors
— / —

-g% N\ = \
Traffic Flow Direction ) @

Qup AQ anwn
Kw AV Vaown
Kup AK Kdown
Q = Traffic flow per minute @ @ @ @

V = Average speed per minute
K = Occupancy (%)

A= Difference between up and downstream @ @
traf fic

Model- 3 Model-4
Figure 4. 6 Four BN-based RTCPMs for rash risk calculation
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Figure 4. 7 Overall accuracy (%) of the four RTCPMs with respect to four thresholds (%0).
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Figure 4. 8 Crash likelihood (%0) of the four RTCPMs with respect to four thresholds (%0).

Table 4.3 summarizes the performances of the four models in terms of overall accuracy and crash
detection accuracy (crash likelihood) evaluated with respect to four threshold values — 5%, 10%,

15%, and 25% respectively.

The performance of the RTCPMs can be expressed in terms of prediction accuracy of crash

likelihood and overall accuracy. These indices are explained below.

Table 4. 3 Confusion matrix

Predicted

Crash No crash
Actual Crash TP FN
No crash FP TN

In the confusion matrix,

TP= crashes predicted as crashes (T)
FP=normal cases predicted as crashes (F)
FN= crashes predicted as normal cases (F)

TN= normal cases predicted as normal cases (T)

106



The prediction accuracy of crash likelihood, or also known as true positive, or sensitivity is

estimated in the following way-

probability of crash likelihood (%) = (TPZPFN) (4.8)

Which is the ratio of number of crashes predicted correctly and the actual total number of crashes.

On the other hand, the overall accuracy is defined as follows-

TP+TN )

Overall accuracy (%) = (—
y (%) TP+FN+FP+TN

(4.9)

Which is the ratio of total number of crash and normal cases predicted correctly and the total

number of crash and normal cases.
The confusion matrix for model-3 for threshold 10 is given below-

Table 4. 4 Confusion matrix for model 3

Threshold=10 Predicted
Crash No crash
Actual Crash 14 16
No crash 103 439

The accuracy of crash likelihood decreases with the increase of threshold as the model tends to
give more false negative values, which means, with the increase of threshold, the model
categorizes actual crashes as normal conditions. Whereas, in case of overall accuracy, the models
performance increases with increase of threshold. Because, overall accuracy represents the
model’s capacity to identify both crash and normal cases correctly. In this case, the model is able
to identify more normal cases correctly with the increase of threshold, which means it gives lower
false alarm. The accuracy of crash likelihood varied because the accuracies were estimated for
threshold of 5, 10, 15 and 25 and the distribution of probability of crash likelihood among the crash
cases were more concentrated near the value of 10% probability as that’s approximately the

average crash prediction probability of the model.

There are few other indices in addition to overall accuracy and true positive rate or, sensitivity, to
indicate model’s performance, such as misclassification rate: which explains overall, how often

the model predicts wrong; false positive rate: it refers to when it's actually no crash, how often
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does it predict yes; prevalence: it means how often does the crash condition actually occur in the

sample, etc. Another way to show model’s performance is by using an ROC curve.

ROC curve

Sensitivity

maodel-4
model-3
maodel-2

model-1

100-Specificity

Figure 4. 9 ROC curve for model 1, 2 ,3 ,4 at different threhsolds.

A receiver operating characteristic curve (ROC) is shown below. The ROC curve is a sensitivity
versus (1-specificity) curve. It demonstrates how much model is capable of distinguishing between
correct and the wrong prediction by the model with respective to different threshold values. The
higher is the area under the ROC curve, the better is the performance of the model. From the
Figure 4.9, it can be seen that the area under ROC curve for model 3 and 1 are larger than model
2 and 4.

In the practical scenario, experts can set the threshold values based on their experience considering
their priorities, available countermeasures to calm down the traffic condition and costs associated
with not predicting a future crash and cost of false alarms due to misclassifying a normal traffic

condition. They can even set different threshold value at different time of day.

It is clear that a lower threshold value will help the model predict most of the crashes at the cost
of misclassifying normal situations causing a low overall accuracy and vice versa. All the models
have exhibited overall accuracy over 49% with the highest being 94% (Model 2) which means that
Model 2 is able to identify 94% of the crash and no-crash conditions correctly at a threshold of 25.
Model 1 and 4 can classify most number of crashes accurately (60%) for a threshold of 5, which

means that the model is able to identify 60% of the crashes correctly with the risk >5%.
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Additionally, it can also be observed that the crash detection rate (%) decreases vastly with the

increase in threshold in the case of Models 1, 2, and 4, whereas the value remained fairly consistent

for Model 3. The observations from Figure 4.7 and 4.8 are-

From the overall accuracy, it can be seen that the overall accuracy has increased with

increase in thresholds for all four models.

However, the accuracy of predicting crash likelihood decreased with increase in threshold
for all four models, especially model -1, 2 and 4.

Model-3 on the other hand showed a consistency in prediction accuracy and the value was
kept over 20% for all thresholds.

In case of transferability, even with validated by route 3 data, all four models showed
overall accuracy at least over 49%. And in case of threshold 5, the overall accuracy was
higher than model validated with route 4 for all the models, whereas at threshold 25, it was
almost the same. For threshold 10 and 15, it was either higher or the same. From the
prediction accuracy of crash likelihood, at threshold 5, model-1 and 3 performed better
when validated with rote 3 data. At threshold 10, model-1 and 4 performed better; at
threshold 15, model-1, 2 and 4 performed better; at threshold 25, model- 1 and 4 performed
better. Hence, model- 1 was able to adopt the transferability the most. However, model-1's

prediction accuracy is lower than other three models.

Hence, to summarize, model- 3 showed consistency in prediction accuracy of crash likelihood at

all thresholds and both validation. From Figure 4.8, for model- 3, although the highest accuracy

was found at threshold 5 and 10 (when validated with route 4), the overall accuracy of model-3 at
threshold 5 (49%) was less compared to threshold 10 (60%). So, in the later chapters of this thesis,
model-3 will be used as the RTCPM and crash risk threshold of 10% will be the threshold for

intervention decision making.

From previous studies by Lee et al. (2003), Pande et al. (2005), Lu et al. (2010) and Roy et al.

(2018) it was evident that an impending hazardous traffic condition can be detected with higher

accuracy by those RTCPMs using as information variables the downstream flow, speed,
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occupancy, and difference in traffic flows upstream and downstream of the crash location. These
information variables proved to be more reliable in identifying hazardous situations. Model 3 has
the information variables of downstream flow, speed, and relative flow, and showed a consistent
performance in predicting crash likelihood compared to the other three models. Therefore, Model
3 is used in the later part of the study for evaluating the efficacy of RL-based VSL application.
Table 4. 4 Crash prediction accuracy for the RTCPMs

Crash Risk Threshold Validation 5 10 15 25
Routes

Model 1 | Overall Accuracy Route 4 54.20 77.97 83.22 94.06
(%) Route 3 68.90 77.80 89.90 93.50

Crash Likelihood Route 4 56.67 26.67 6.67 0.00

(%) Route 3 60.00 30.00 13.00 8.50

Model 2 | Overall Accuracy Route 4 63.81 74.48 84.97 94.23
(%) Route 3 72.60 81.30 85.00 94.10

Crash Likelihood Route 4 40.00 30.00 16.67 03.33

(%) Route 3 40.00 30.00 23.30 0.00

Model 3 | Overall Accuracy Route 4 49.13 60.14 63.99 77.45
(%) Route 3 56.30 64.20 71.50 79.20

Crash Likelihood Route 4 50.00 50.00 40.00 30.00

(%) Route 3 55.00 46.70 32.00 20.00

Model 4 | Overall Accuracy Route 4 51.40 73.08 83.39 93.36
(%) Route 3 71.30 82.30 86.40 92.80

Crash Likelihood Route 4 60.00 26.67 6.67 00.00

(%) Route 3 40.00 30.00 26.70 6.70
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4.3.4 The CTM and unsteady traffic state

In case of the CTM, the traffic condition in a cell is assumed to be steady. Hence, it might seem
like that the model can only operate at steady state conditions of traffic. However, the CTM does
not assume steady traffic condition among the cells, i.e. inter-cell traffic can still be unsteady. In
this thesis, the RTCPMs were constructed with traffic flow parameters such as downstream flow,
speed and difference of up and downstream density. Hence, the difference of traffic parameters
between the adjacent cells were used as information variables of the RTCPMs which can capture
if the traffic condition between adjacent cells were unsteady depending on the threshold given.
Hence, a unsteady traffic situation can be captured from the inter-cell traffic difference of a CTM.

kdown

Vdaown

traffic direction
— > [ ] —

Aq = Qaown- Qup
Figure 4 .9 Traffic parameters collection from crash location

In order to construct RTCPMs, in this thesis, the crash data was collected from 3 minutes before
the crash occurred, and normal data was collected for similar duration from a day when no crash
occurred. The traffic conditions before the crash took place is considered as the hazardous traffic

condition; similarly, the traffic state during the no crash data is considered normal condition.

The RTCPMs were trained with the combinations of these data, and were validated with the

hazardous and normal conditions data separately to check the model’s prediction accuracy at
different thresholds.

For example, if the threshold is set to 5, the model will predict all the traffic conditions which led
to probability of crash likelihood of 5 or more. In the confusion matrix, it is shown that at threshold
5, the model identifies 1 crash cases correctly, but also predicts 188 normal cases as crash, which
is false alarm (34% false alarm rate). Because, it was decided by setting the threshold that above

it, all the traffic conditions will be considered as hazardous.
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Figure 4 .10 Example of number of crashes over threshold =5

According to the definition of hazardous and normal state, all the crashes took place in hazardous
state. Hence, the total number of crashes (101 crashes) are considered happened in hazardous state.
However, the number of crashes are not only defined from the raw traffic data, but also from the
RTCPM output. If the probability of crash is found more than equal to the threshold set, the model

normal
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threshold crash normal total crash cases
0.05 18 12 30
0.1 14 16 30
0.15 10 20 30
0.2 4 26 30
0.25 4 26 30
threshold crash |nor‘ma| total normal cases
0.05 183 354 542
0.1 111 431 542
0.15 38 504 542
0.2 17 525 542
0.25 11 531 542
Predicted
threshold= 5
crash no crash
Actual crash 18 12
nocrash| 188 354
Overall Accuracy (%) 65.03
crash likelihood (%) 60.00

outputs all those cases as the harardous states and vice-versa.

4.4 Chapter Conclusion

In this study it has been attempted to establish a method for using a uniformly and densely
distributed simulated detector layout to create a framework for developing a real-time crash
prediction model which is transferrable over space. A simple method of the CTM was employed

in the study route to generate the simulated detector data. It was found that the CTM-based method

112




could reproduce values of the traffic flow variables with an average error of 13% where the speed
data showed higher MPE as compared to flow and occupancy data. One of the reasons is that the
basic FD does not allow us to control speed resulting in simulated speed values unresponsive of
the traffic situation. However, with a flexible FD the speed can be controlled which could generate
speed data with greater accuracy. Moreover, recent studies identified (Coifman, 2014; Lu, 2010)
speed data to be the most vulnerable data considering the detector type, traffic state, and the quality

of other traffic variables.

The performance of BN- and DBN-based RTCPMs built with traffic data from both fixed detectors
and CTM has been also investigated. A series of models with different information variables
suggested the most influential variables to be downstream flow, speed, and occupancy, difference
of upstream and downstream flow. Although, the results showed that the loop detector based
RTCPMs performed slightly better than the CTM based models, it is too early to draw statistically
significant conclusions. In any case, it is certain that these preliminary results indicate that CTM
is able to generate reliable traffic parameters to overcome the transferability and facilitate a
solution to the missing data problem of the future universal RTCPMs. One area of future work
will be to the investigation of the optimum location of the simulated detectors or cells by
experimenting with different cell lengths and different locations (50, 100, and 150 m upstream and
downstream). Moreover, other than freeway stretches, the model in future can be upgraded to
incorporate ramps rather than considering only the basic freeway segments. The RTCPM is highly
dependent on the quantity as well as the quality of the traffic flow data. Therefore, it is
recommended that more case studies and different time-steps should be incorporated to ensure an

efficient model that can be implemented in real-time.

After investigating the transferability of the four RTCPMSs, model- 3 showed consistency in
prediction accuracy of crash likelihood at all thresholds and both validation. For model- 3,
although the highest accuracy was found at threshold 5 and 10 (when validated with route 4), the
overall accuracy of model-3 at threshold 5 (49%) was less compared to threshold 10 (60%). So, in
the later chapters of this thesis, model-3 will be used as the RTCPM and crash risk threshold of
10% will be the threshold for intervention decision making.
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CHAPTER 5

REAL-TIME INTERVENTION MODEL: DEEP REINFORCEMENT
LEARNING-BASED VARIABLE SPEED LIMIT

5.1 Introduction

Deep learning (DL) has flourished with enormous success in last few decades in a variety of
application domains. This new field of machine learning has been growing rapidly since 2012 and
has been applied to most traditional application domains like computer vision, image processing,
speech recognition etc., as well as some new areas that present more opportunities. Different
methods have been proposed based on different categories of learning, including supervised, semi-
supervised, and un-supervised learning. Several advances have occurred in the area of Deep
Learning (DL), starting with the Deep Neural Network (DNN) (Rosenblatt, 1957). The survey
goes on to cover Convolutional Neural Network (CNN) (LeCun, 1989), Recurrent Neural Network
(RNN) (Schmidhuber et al, 1997), including Long Short-Term Memory (LSTM) (Schmidhuber et
al, 1997) and Gated Recurrent Units (GRU), Auto-Encoder (AE) (Liou et al, 2014), Deep Belief
Network (DBN) (Hinton, 2009), Generative Adversarial Network (GAN) (GoodFelow, 2014), and
AlexNet (Krizhevsky, 2014).

DL is a subset of machine learning that uses a cascade of many layers of nonlinear processing units
for feature extraction and transformation (Deng and Yu, 2016; Bengio et al, 2013, 2015;
Schmidhuber, 2015). Each successive layer uses the output from the previous layer as input. The
algorithms may be supervised or unsupervised and applications include pattern analysis
(unsupervised) and classification (supervised). DL can be represented in many ways such as a
vector of intensity values per pixel, or in a more abstract way as a set of edges, regions of particular
shape, etc. Some representations are better than others at simplifying the learning task (e.g., face
recognition or facial expression recognition (Glauner, 2015). One of the promises of deep learning
is replacing handcrafted features with efficient algorithms for unsupervised (where input data are
not labeled) or semi-supervised (when part of input dataset is labeled) feature learning and
hierarchical feature extraction (Song et al, 2013). In some articles, DL has been described as a
universal learning approach that is able to solve almost all kinds of problems in different

application domains. In other words, DL is not task specific (Bengio, 2009).
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5.2 Variable speed limit and deep reinforcement learning

Advancement in intelligent transportation systems (ITS) has made it possible to obtain high-
quality real-time traffic data that calls for a proactive traffic safety management system to reduce
crash risks on a road network. However, this also demands assessing crash risk with changing
traffic conditions reliably. In response to that, numerous real-time crash prediction models
(RTCPMs) have been developed over the years to predict crash risks based on the real-time traffic
data. A number of cutting-edge modeling methods, such as, various types of Neural Networks (Liu
and Chen, 2017; Park et al., 2018), Support Vector Machine (Katrakazas et al., 2017), Bayesian
Network (Hossain and Muromachi, 2013), Dynamic Bayesian Network (Roy et al., 2018a), Deep
Neural Network (Yang et al., 2018), etc. have been employed successfully. The accuracy of the
recent RTCPMs in predicting crash risk is observed to be commendable (crash risks: Yang et al.,
2018 —96%, Wu et al., 2018 — 87%; low false alarms: Yang et al., 2018 — 10%, Wang et al., 2017a

— 2.7%). Some of these models are even transferrable to a limited extent (Park et al., 2018).

A proactive safety management can systematically reduce the risks of road crashes by altering the
traffic states with suitable measures. For a real-time intervention, a threshold of crash likelihood
can be a useful measure to formulate a proactive control strategy (Lee et al., 2004). Studies on
real-time interventions followed either a traffic simulation program (Lee et al., 2004, 2006; Abdel-
Aty et al., 2006a,b,2007a,b,2008, Yu and Abdel-Aty, 2014; Abdel-Aty and Wang, 2017) or a
driving simulator (Lee and Abdel-Aty, 2008) to reproduce pre-crash traffic conditions and various
countermeasures such as a variable-message sign (VMS) (Lee and Abdel-Aty, 2008) and a variable
speed limit (VSL) (Lee et al., 2004; Abdel-Aty et al., 2006a,b,2007a,b,2008; Lee and Abdel-Aty,
2008; Yu and Abdel-Aty, 2014; Abdel-Aty and Wang, 2017). Similarly, a coordinated or
uncoordinated ramp metering (Lee et al., 2006; Abdel-Aty et al., 2007a,b; Abdel-Aty and Gayah,
2010) helped control the crash-prone traffic conditions effectively. Park et al. (2018) used
warnings such as ‘watch out’ or ‘pay attention’ to enable the drivers more vigilant thereby avoiding

the secondary crashes.

A number of studies reduced the crash probability effectively by implementing VSL triggered
through RTCPMs (Lee et al., 2004; Li et al., 2016, 2017; Abdel-Aty et al., 2006a, 2007b, 2008).
Lee et al. (2004) reduced the speed when a crash probability measured by an RTCPM crossed a
predetermined threshold. Abdel-Aty et al. (2006a) was successful by changing the speed limit
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gradually every 10 min at 5 mph rate: an abrupt change in space; a reduction for upstream while
an increase for downstream. Abdel-Aty et al. (2006b, 2007b, 2008) found that VSL was effective
for medium to high speed regimes and had a limited impact for lower speeds. Later on, Abdel-Aty
et al. (2008) suggested a homogeneous speed zone for VSL implementation. Lee and Abdel-Aty
(2008) stated that VMS and VSL in tandem could reduce speed variations. Abdel-Aty et al.
(2006b) found improved safety in the zone of VSL implementation but the high-crash potential
was relocated at the downstream. Carlson et al. (2011) and Lu et al. (2011) applied VSL at the
upstream of the bottleneck area to control the outflow of the VSL section. This way, the capacity
drop at the bottleneck can be avoided, and the bottleneck capacity can be retrieved. A solution to
the shifting of crash risk can be found in Yu and Abdel-Aty (2014) who proposed an optimization
algorithm to minimize the overall crash risk for the total VSL corridor. Li et al. (2014) employed
VSL close to the freeway recurrent bottlenecks to reduce rear-end collision risks where the control
strategy included a start-up threshold, a target speed limit (56.33 km/h), and a speed change rate
(16.09 km/h every 30 s). Later on, Li et al. (2016) considered a start-up threshold of 20% as a
control strategy to activate the VSL in a large-scale freeway segment and found that the crash risk
was reduced by 22.62% and injury severity by 14.67%. Recently, Abdel-Aty and Wang (2017)
applied VSL successfully to the congested weaving sections of an expressway for reduction of

crash risk.

Although the combination of RTCPM and VSL is promising and also proactive in some aspects,
there are still scope of improvements, especially in terms of self-learning or using ‘intelligence’.
The aforementioned studies focused only on adjusting the speed limit in respect of control strategy,
VSL control zone, time of control, and response time considering the pattern of hazardous traffic
state. Accordingly, the objective was limited to bring the traffic back to normal in the best possible
way using a predetermined set of VSL-based interventions administered during a specified time
interval. Therefore, they lack the embedded ‘intelligent agent’ capable of learning by itself to
tackle non-recurrent complex traffic patterns. Reinforcement learning (RL), an artificial
intelligence-based semi-supervised machine learning algorithm, can support VSL in this regard.
In RL, an agent reacts with the environment through several trial and error to optimize the total
reward by choosing a state-action pair for every time step (Watkins, 1989; Sutton and Barto, 1998;
Hasselt, 2011). Thus, an RL agent exhibits ability for decision making in respect of proactive speed
control (Li et al., 2017; Zhu and Ukkusuri, 2014, Davarynejad et al., 2011). The ability to take
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real-time proactive control decisions without the need for a model architecture makes RL
appealing in ITS field (Rezaee et al., 2012; EI-Tantawy et al., 2010; Abdulhai et al., 2003). A Q-
learning based multi-agent RL, which is the most commonly used RL algorithm, was used in a
study for motorway ramp-metering control with queuing consideration (Davarynejad et al., 2011).
In another study (Rezaee et al., 2012) Q-learning based RL method was employed to a freeway
road for ramp-metering to compare its performance with ALINEA controller and found that the
Q-learning based controller was able to reduce travel time by 17%. Another study (El-Tantawy et
al., 2010) a multi-agent RL was used in conjunction with the game theory to alleviate traffic
gridlock. An R-Markov average reward technique (R-MART)-based RL was used to optimize VSL
control for reducing travel time and vehicle emission (Zhu and Ukkusuri, 2014). Li et al. (2014,
2016) improved on their genetic algorithm-based VSL optimization strategy by using Q-learning-
based RL at a freeway recurrent bottleneck (Li et al. 2017). Isele et al. (2018) learned policies and
active sensing behaviors employing RL that exceeded the capabilities of the commonly used
heuristic approaches in several categories such as task completion time, goal success rate, and
ability to generalize the problem, for navigating occluded intersections with autonomous vehicles.
Most of these studies mentioned about the major advantage of RL’s model-free property, reduced
computational complexity and its ability to accommodate non-recurrent traffic patterns. An RL
agent continuously gathers information over different traffic patterns and adapts their control
policy on-line, making them suitable for complex traffic network control problem with many non-

recurrent patterns.

Previous studies on VSL control can be categorized into two- rule-based and proactive approaches
(Khondoker et al., 2015). The former approach used a preset thresholds of traffic parameters to
activate fixed VSL values on various locations in order to improve safety (Rama, 1999, Piao and
McDonald, 2008). The proactive or model predictive approach (MPC) approach refers to
preventing problems before it actually takes place, usually, with a target to reduce travel time (TT)
and improve safety (Khondoker, 2015). It is a dynamic process and the VSL values are updated
and coordinated with new dataset. For example, a Dutch study (Hoogen et al., 1994) tried to
homogenize the traffic flow with two speed limits 70km/h and 90km/h, updated every minute. In
France, VSL control activated only when the flow exceeded 3000 veh/h and the maximum VSL
limit was set to 110km/h (Rivey, 2010). In other studies (Allaby et al., 2007, Lee et al, 2004) logic
tree-based VSL algorithm was used using threshold values of traffic parameters, which showed

121



improvement in safety but increased TT in all scenarios. A review paper on VSL control (Lu et al.,
2014) concluded that improvement of traffic flow was not observed in most VSL approaches
targeting safety improvement and that the most VSL strategies are yet immature and ad-hoc.
Moreover, in another study, it was shown that even in the proactive approach, with the absence of

online traffic prediction models, the VSL controllers cannot perform (Li et al., 2017).

Reinforcement learning (RL)-based VSL control allows agents to automatically determine the
ideal actions within a specific context to maximize its performance (Watkins et al, 1992, Sutton
and Barto, 1998, Barto, 2003). After getting trained an RL agent can, theoretically, make
predictions on system evolution and achieve a proactive control scheme. A study by Zhu and
Ukkusuri (2014) used an RL approach for dynamic VSL control in a large roadway network, where,
the VSL value in each link was allowed to fluctuate from the real-world VSL value to select the
optimal dynamic speed limit scheme. Li et al. (2017) incorporated the RL in VSL control strategies
to reduce traffic congestion at recurrent merge bottlenecks on freeways where the bottleneck
density control was set as the reward function or objective. The advantage of deep RL is, it can
incorporate real-time traffic parameters and can decided appropriate VSL values from a set, and
decide when and in what location to trigger depending on the predefined threshold (here, in this

thesis a crash risk of 10).

In spite of the success records of Q-learning for VVSL-controlled optimization compared to the
traditional feedback-based VSL control, there are a few issues, such as adaptability of continuous
traffic states, location of VSL control sections, and the reliability of the VSL models in real time
in terms of crash risk reduction, which are yet to be resolved. Another new adaptation of RL,
namely, dueling DQN (Mihn et al., 2013, 2015; Hasselt et al., 2016), which can accommodate
continuous traffic states and identify the correct action quickly during policy evaluation, has

emerged recently.

Before jumping into the VVSL strategies, deep learning and reinforcement learning is explained in

section 5.2 to 5. with theoretical explanations, history and algorithms.
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5.3 Artificial intelligence and machine learning:

The terms ‘artificial intelligence (AI)’ and ‘machine learning (ML)’ are often tossed around
interchangeably, but they are not exactly the same thing. If anything, ML is a subset of Al. In the
Google Trends graph (Figure 5.1), it can be seen that Al was the more popular searched term until
machine learning passed it for good around August, 2015. ML has become one of — if not the —

main applications of artificial intelligence.

Worldwide ~ 1/1/12-6/3/19 ~ All categories ~ Web Search ~

Interest over time

3

<> <

Crossover of Al
and ML

Aug 2015

artificial intelligence 23
machine learning 25

Note
Jan1,2012 Aug 1,2014 Mar 1,2017 Jun 1,2019

Figure 5. 1 Google trends graph of the term Al and ML (2012- 2019)

Figure-5.2 shows the taxonomy of Al. Al can be considered the all-encompassing umbrella. It
refers to computer programs being able to “think,” behave, and do things as a human being might
do them. It’s usually classified as either general or applied/narrow (specific to a single area or

action).

ML goes beyond Al. It involves providing machines with the data they need to “learn” how to do
something without being explicitly programmed to do it. An algorithm such as decision tree
learning, inductive logic programming, clustering, reinforcement learning, or Bayesian networks

helps them make sense of the inputted data.
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Design an intelligent agent that perceives its environment and makes decisions to
maximize chances of achieving its goal.

Subfields: vision, robotics, machine learning, natural language processing etc.

Gives computers the ability to learn without being explicitly programmed- (Arthur Samuel, 1959)

Clustering, dimensionality
education, recommendation

CNN, Q-learning, DQN, Double DQN etc.

Figure 5. 2 Taxonomy of Artificial intelligence

Classification, regression etc. Reward maximization

5.4 Deep Learning
5.4.1 The Definition of ‘deep learning’

Deep Learning (DL) is a branch of ML- a new take on learning representations from data that puts
an emphasis on learning successive layers of increasingly meaningful representations. DL is a new
area of ML research, which has been introduced with the objective of moving ML closer to one of
its original goals: Artificial Intelligence (Al). DL uses what’s called “supervised” learning — where
the neural network is trained using labeled data — or “unsupervised” learning — where the network

uses unlabeled data and looks for recurring patterns.

The term ‘deep learning’ was first introduced to the machine learning community by Rina Dechter,

a Professor of Computer Science at the University of California in 1986. In her paper, she proposed
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a solution to the dead-end situation of intelligent backtracking in PROLOG or Truth-Maintenance-
Systems (TMS) in case of search efficiency (Dechter, 1986). Her solution was a constraint
recording method as a learning process for making efficient future decisions. She coined the term
‘deep learning” while exploring solution to constraint satisfaction problems (CSP) using deep

second- order learning.

Geoffrey Hinton is a pioneer in the field of artificial neural networks (ANN) and co-published the
first paper (Hinton, 2006) on the backpropagation (BP) algorithm for training multilayer
perceptron (MLP) networks which is the basic unit of a DL network. He may have started the
introduction of the phrasing “deep” to describe the development of large-scale artificial neural
networks (Hinton and Salakhutdinov, 2006, 2009). According to Hinton, Deep Belief Networks
were the start of deep learning in 2006 and that the first successful application of this new wave
of deep learning was to speech recognition in 2009 (Abdel-Rahman et all, 2010).

One of the major contribution of DL is its ability of working with large number of data or
scalability. In addition to scalability, another often cited benefit of DL models is addressed by
Peter Norvig (director of research at Google) (Russel and Norvig, 2010)- “it is a kind of learning
where the representation formed have several levels of abstraction, rather than a direct input to
output”. This means DL models have the capability to perform automatic feature extraction from
raw data via feature learning (Bengio, 2012). According to Andrew Ng (Andrew Ng’s talk in
ExtractConf, 2015), chief scientist at Baidu research and former founder of Google Brain, the core
of deep learning is the existence of fast enough computers and enough data to actually train large
neural networks. He also put emphasis on the scale of the data- the more data are available, the
better will be the performance. Jeff Dean from Google Brain project and one of the founder of
TensorFlow put emphasis on large-scale neural networks while defining DL (Jeff Dean’s talk at
Startup Campus Korea, 2016). The ‘deep’ in ‘deep learning’ does not refer to any kind of deeper
understanding achieved by the approach; rather it stands for this idea of successive layers of
representations. It came from the several hierarchal concepts represented by multiple or, deep
layers that allows the computer to learn complicated concepts by building them out of simpler ones
(GoodFellow and Bengio, 2016). Yann LeCun is the director of Facebook Research has agreed

with the above statement. He also, defined DL as the development of large convolutional neural
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network (CNN) because, like MLP, this method scales with data and model size and can be trained

with backpropagation (LeCunn et al, 1998).

5.4.2 How does DL work?

The way how DL works can be divided into three parts- (a) parameterizing a deep neural network
(DNN) by its weights, (b) measuring the quality of the output with loss function, and (c) adjusting
of weights using feedback. DNN takes input and maps those to targets via deep sequence of layers

by exposure to examples (Figure 5.3).

Firstly, the input data is stored as a layer’s weights. The target is finding a set of values for the
weights of all layers in the network so that the network will correctly learn to map inputs to their
associated targets. Secondly, to control the output, it’s important to measure how far away it is
from the target and this difference (or, score) is measured by the loss function. Lastly, the score
measured is used as a feedback signal (by backpropagation) to the network to adjust the value of
the weights in a way so that the current loss function is minimized. And this adjustment is done by
the optimizer that carries out the backpropagation. Initially, random values are assigned to the
weights, which naturally outputs a value far from the target, hence giving a high score of loss
function. Eventually, with every example the network processes, the loss score minimizes leading

the network towards the correct direction. This is how a DL program is trained.
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Figure 5. 3 Mechanism of deep learning (Francois Chollet, 2017)

DL uses layers of algorithms to process data. Figure 5.4 shows a schematic diagram of an ordinary
DNN. Information is passed through each layer, with the output of the previous layer providing
input for the next layer. The first layer in a network is called the input layer, while the last layer is
called an output layer. All the layers between the two are referred to as hidden layers. Each layer

is typically a simple, uniform algorithm containing one kind of activation function.

input layer
hidden layer 1 hidden layer 2

Figure 5. 4 Schematic representation of a typical deep neural network

Feature extraction is another aspect of Deep Learning. Feature extraction uses an algorithm to
automatically construct meaningful “features” of the data for purposes of training, learning, and

understanding.
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5.4.3 Types of deep learning approaches

DL refers to a rather wide class of machine learning techniques and architectures, with the hallmark
of using many layers of non-linear information processing that are hierarchical in nature.
Depending on how the architectures and techniques are intended for use, e.g., synthesis/generation

or recognition/ classification:
Supervised learning

This is by far the most common case. Deep networks for supervised learning are intended to
directly provide discriminative power for pattern classification purposes, often by characterizing
the posterior distributions of classes conditioned on the visible data. In this method, the model
learns to map input data to known targets (annotations). Target label data are always available in

direct or indirect forms for such supervised learning.

Example: There are different supervised learning approaches for deep leaning, including Deep
Neural Networks (DNN), Convolutional Neural Networks (CNN), Recurrent Neural Networks
(RNN), including Long Short Term Memory (LSTM), and Gated Recurrent Units (GRU),
regression and classification, linear regression, Sequence generation, Syntax tree prediction,
Object detection, Image segmentation etc.

Unsupervised learning

This consists of finding interesting transformations of the input data without the help of any targets,
for the purpose of better understanding the correlations present in the data at hand. Deep networks
for unsupervised or generative learning are intended to capture high-order correlation of the
observed or visible data for pattern analysis or synthesis purposes when no information about
target class labels is available. In the case of unsupervised learning, the network is provided with
some labeled input data and it learns the structure of the data so that it can apply this knowledge
to a new input. In this case, the agent learns the internal representation or important features to

discover unknown relationships or structure within the input data.

Example: There are several members of the deep learning family that are good at clustering and

non-linear dimensionality reduction, including Auto-Encoders (AE), Restricted Boltzmann
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Machines (RBM), and the recently developed GAN. In addition, RNNSs, such as LSTM and RL,

are also used for unsupervised learning in many application domains.
Semi-supervised learning

Semi-supervised learning is learning that occurs based on partially labeled datasets. Hybrid deep
networks, where the goal is discrimination which is assisted, often in a significant way, with the
outcomes of generative or unsupervised deep networks. This can be accomplished by better
optimization or/and regularization of the deep networks by supervised learning. The goal can also
be accomplished when discriminative criteria for supervised learning are used to estimate the

parameters in any of the deep generative or unsupervised deep networks.

Example: In some cases, DRL and Generative Adversarial Networks (GAN) are used as semi-
supervised learning techniques. GAN is discussed in Section 7. Section 8 surveys DRL approaches.
Additionally, RNN, including LSTM and GRU, are used for semi-supervised learning as well.

Self-supervised learning

This is a specific instance of supervised learning, but it’s different enough to deserve its own
category. It is the supervised learning without human-annotated labels. The inputs are still labelled
like in supervised learning, but the labels are generated from the input data, typically using a
heuristic algorithm. Self-supervised can be interpreted as either supervised or unsupervised

depending on whether the focus is on the learning mechanism or on the context of its application.
Example: Autoencoders.
Reinforcement learning

Reinforcement learning has its roots in behavioral psychology. An agent is trained by rewarding
it for correct behavior and punishing it for incorrect behavior. In the context of deep reinforcement
learning, a network is shown input data and is given a positive or negative reward based on whether
it produces the correct output from that input. Thus, in reinforcement learning, we have sparse and

time-delayed labels. Over many iterations, the network learns to produce the correct output.
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In RL, an agent receives information about its environment and learns to choose actions that will
maximize some reward. For example, a neural network looks at a video of a game screen and

outputs gaming actions in order to maximize its score, which is trained by RL.

The pioneer in the deep reinforcement learning space was a small British company called
DeepMind, which in 2013 published a paper (Mnih, 2013) describing how a convolutional neural
network (CNN) could be taught to play Atari 2600 video games by showing it screen pixels and
giving it a reward when the score increases. The same architecture was used to learn seven different
Atari 2600 games, in six of which the model outperformed all previous approaches, and it

outperformed a human expert in three.

5.4.4 A brief history of deep learning:

Until recently, most machine learning and signal processing techniques had exploited shallow-
structured architectures. These architectures typically contain at most one or two layers of
nonlinear feature transformations. The concept of DL originated from the artificial neural network
(ANN). For a long time, training a NN in an efficient way had been a problem until mid-1980s,
when several researchers independently rediscovered backpropagation (BP). BP is a way to train
chains of parametric operations in NN using gradient descent optimization. But, BP alone didn’t
work well when it came to large number of hidden layers (Bengio, 2009; Glorot and Bengio, 2010)
while optimization- it often got stuck in the local optima, instead of global optima, especially when
the network is deep. This is one of the reasons why ML researchers went back to focusing on
shallow algorithms like support vector machines (SVMs).

This optimization problem was solved with the introduction of an unsupervised learning
algorithm- deep belief net (DBN) (Hinton et al, 2006; Hinton and SalaKhutdinov, 2006). A deep
belief net (DBN) is composed of a stack of restricted Boltzmann machines (RBMs). The core
component of DBN is a greedy, layer-by-layer learning algorithm which optimizes DBN weights.
Initializing the weights of an multilayer perceptron (MLP) with a correspondingly configured deep
belief net (DBN), often produces much better results than that with the random weights. So, this
type of MLPs with many hidden layers or, in other words, deep neural networks (DNNSs), which
are learned with unsupervised deep belief net (DBN) pre-training, followed by BP fine-tuning is
sometimes called the DBNs by some researchers (Dahl et al, 2012; Mohamed et al, 2012,a,b).

130



Even sometimes, when DBN is used to initialize the training of a DNN, the resulting network is
called DBN-DNN. Recently, researchers are more careful in distinguishing between DBN and
DNN.

The very first successful practical application of NN came in 1989 when Yann LeCun combined
the ideas of CNN and BP (LeNet) to the problem of hand written zip code classification. After that,
in 1995, Vapnik and Cortes came up with a kernel method called ‘Support Vector Machine (SVM)’.
SVMs aim at solving classification problems by finding good decision boundaries between two
categories. Decision boundary is a line or surface separating the training data into spaces
corresponding to two categories. But SVM had some limitations when it came to large scale
datasets and it didn’t provide good results for perceptual problems like image classification. A
significant amount of researches were conducted around 2000-2010s on neural networks. In 2011,
Dan Ciresan from IDSIA (Switzerland) began to win academic image classification competitions
with GPU-trained DNNs. Then in 2012, G. Hinton’s team lead by Alex Krizhevsky, participated
in the ImageNet competitions, which means to classify a dataset of 1.4 million high resolution
images into 1000 categories. They were able to achieve an accuracy of 83.6% which was a
significant breakthrough. Ever since, the competition has been dominated by deep CNNSs
(Convnets) every year and by the year 2015, an accuracy of 96.4% were achieved and the problem
was considered solved entirely. Since 2012, Convnets have become a popular algorithm for all
computer vision tasks. By 2015-2016 there were numerous researches on convnets in terms of
computer vision problems and began to flourish in other type of problems like natural language
processing (NLP) or voice recognition etc. Convnet has replaces SVM and random forest (RF)

completely in wide range of applications.

There have been a lot of developments and advancements in the DL fields over the past 80 years
(Figure 5.6). The evolution of DL can be summarize with a rough timeline (Table 5.1):
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Table 5. 1 The history of deep learning (1940- 2019)

1943 McCulloch & Pitts show that neurons can be combined to construct a “Turing
Machine’

1958 Rosenblatt shows that perceptron’s will converge if what they are trying to
learn can be represented

1965 Alexey Ivakhnenko and V.G. Lapa proposed the first working deep learning
networks

1980 Kunihiko Fukushima introduced Neocognitron: a hierarchical neural
network capable of visual pattern recognition

1985 The backpropagation algorithm by Geoffrey Hinton et al. revitalizes the
field.

1989 CNNs with Backpropagation for document analysis by Yann LeCun

2006 The Hinton lab solves the training problem for DNNs

2015 Generative Adversarial Networks (GAN)

2016- | A variety of deep learning algorithms are increasingly emerging

present

5.4.5 Why DL became popular now?

The two key ideas of DL— CNN and BP were already understood in 1989. The long-short term
memory (LSTM) algorithm was developed in 1997 and has barely changed since. Hence the
question arises why DL is taking over now?

In general, three technical forces are driving advances in ML:
e Hardware
* Datasets and benchmarks
* Algorithmic advances

The true bottlenecks throughout 1990-2000 were the data and hardware. And during this period,

the internet took off and high-performance graphic chips were developed due to the boosting of

the gaming market.

Hardware- Between 1990 and 2010, the CPUs became about 5000 times faster. But typical DL
models for image classification, speech recognition etc. requires more computational power than
CPUs. Throughout the 2000s, companies like NVIDIA and AMD have been investing billions of
dollars to develop massively parallel chips- GPUs. In 2007, NVIDIA launched CUDA- a

programming interface for its line of GPUs. Nowadays, the DL industry is approaching beyond
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the GPUs by investing in increasingly specialized and efficient chips for DL. In 216, Google

revealed its TPU project, which is 10 times faster and far more energy efficient than GPUs.

Datasets and benchmarks- Over the last 20 years, the rise of the internet made it possible to get
access to huge database for ML. The most popular datasets- image, video, natural language etc.

are only accessible due to internet (e.g. Flicker, YouTube, Wikipedia etc.).

Algorithmic advances- In addition to hardware and data, a reliable way to train very deep networks
was missing until the late 2000s. Early NNs were shallow and were inferior to other ML algorithms
like SVMs or RFs. The main issue was that the feedback signal which was used to train a NN,
(gradient propagation) would fade away with increasing number of layers. In 2009-2010, there
were better activation functions, weight initialization and optimization schemes (e.g. RMSProp,
ADAM etc.). Finally, during 2014-2016, more advanced ways of gradient propagation were
discovered, such as batch normalization, residual connections and depth-wise separable

convolutions.

5.4.6 Properties of DL

DL has several properties that justify its status as an Al revolution. As it is still emerging very fast,
in future, there might be more advanced NN, but even that NN would be something inherited from

the core concept of today’s DL. These core properties can be broadly categorized into four:

1. Simplicity: DL replaces the requirement of feature engineering — heavy engineering

pipeline with simple end-to-end trainable models.

2. Scalability: DL is highly amenable to parallelization on GPUs or TPUs. In addition, DLs
iterate over small batches of data while training, which allows them to be trained by

arbitrary size of datasets.

3. Versatility and reusability: Unlike previous ML approaches, DL models does not require

retraining on additional data from scratch. It makes DL viable for continuous online
learning. Moreover, trained DL models are repurposable, hence reusable. It means, a DL

model trained on image classification problem, can be used for video processing pipeline.

133



4. Universal Learning Approach: The DL approach is sometimes called universal learning

because it can be applied to almost any application domain.

5.5 A brief history of RL

The early RL had two major threads- one deals with learning by trial-and-error which basically
started in the field of psychology, and the other deals with the problem of optimal control and its
solution using dynamic programming and value functions. However, there is a third and less
distinct thread which deals with the temporal difference (TD) method. The modern RL is the
product of intertwining of these three threads (Sutton and Barto, 2017).

The basic concept of trial-and-error was succinctly expressed by Throndilke (1911) with the ‘Law
of Effect’. It describes in psychological terms how the animals would grow a tendency to select
certain actions based on the events (related to those actions) experienced by them. The term
‘reinforcement’ appeared in the English translation of Pavlov's (1927) monograph in the context
of animal’s conditional reflexes. But, Alan Turing (1948) was the first to employ the trial-and-
error learning in terms of computer learning calling it the ‘pleasure-pain-system’. Several electro-
mechanical machines were built using the concept of trial-and-error such as SNARCs (Stochastic
Neural-Analog Reinforcement Calculators) introduced by Minsky (1954). This influenced the rise
of several other electro-mechanical machines based on the same concept, but many of those shifted
their focus from the trial-and-error learning to supervised learning (Clark and Farley, 1955) and
created a blurry area where researchers working with supervised learning started to believe they
were working on RL. For example, neural network pioneers such as Rosenblatt (1962) and Widrow
and Hoff (1960) used the language of rewards and punishments-but the systems they studied were
supervised learning systems suitable for pattern recognition and perceptual learning. The
confusion could have arose due to the fact that NNs use terms like trial —and —error to update the
weights during the process of training. But this is not the same as the RL because, in RL the actions
are selected on the basis of evaluative feedbacks (rewards) without any reliance on the information
about which action is correct. Influential works were conducted by Donald Michie where he
described RL learner called MENACE to play tic-tac-toe (1963). They applied RL learner GLEE
and RL controller BOXES to the task of learning to balance a pole hinged to a movable cart on the
basis of a failure signal occurring only when the pole fell or the cart reached the end of a track

(Michie and Clakson, 1968). This was one of the best example of early RL and several researchers
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adopted different versions of this example in their work (Barto, Sutton, and Anderson, 1983;
Sutton, 1984). Research on learning automata had a more direct influence on the trial-and-error
thread leading to modern reinforcement learning research. Learning automata are simple, low-
memory machines for improving the probability of reward in these problems (Narendra and
Thathachar, 1974, 1989). John Holland introduced classifier systems, true RL systems including
association and value functions (Holland, 1976, 1986). A key component of Holland's classifier

systems was the ‘bucket-brigade algorithm’ for credit assignment.

The individual most responsible for reviving the trial-and-error thread to reinforcement learning
within artificial intelligence was Harry Klopf (1972, 1975, 1982). Klopf recognized that essential
aspects of adaptive behavior were being lost as learning researchers came to focus almost
exclusively on supervised learning. What was missing, according to Klopf, were the hedonic
aspects of behavior, the drive to achieve some result from the environment, to control the
environment toward desired ends and away from undesired ends. This is the essential idea of trial-
and-error learning. Klopf's ideas were especially influential on the authors because our assessment
of them (Barto and Sutton, 1981a) led to our appreciation of the distinction between supervised
and reinforcement learning, and to our eventual focus on reinforcement learning. Other studies
showed how reinforcement learning could address important problems in neural network learning,
in particular, how it could produce learning algorithms for multilayer networks (Barto, Anderson,
and Sutton, 1982; Barto and Anderson, 1985; Barto and Anandan, 1985; Barto, 1985, 1986; Barto
and Jordan, 1987).

Another thread of RL- optimal control and dynamic programming, which describes the problem
of designing a controller to minimize a measure of a dynamic system’s behavior over time. One
of the approaches developed is a functional equation called ‘Bellman’s equation’ uses the concepts
of a dynamical system's state and of a value function. The methods for solving optimal control
problems by solving this equation came to be known as dynamic programming (Bellman, 1957a).
Dynamic programming suffers from what Bellman called ‘the curse of dimensionality’ meaning
that its computational requirements grow exponentially with the number of state variables, but it
is still far more efficient and more widely applicable than any other general method. Bellman
(1957b) also introduced the discrete stochastic version of the optimal control problem known as

Markovian decision processes (MDPs), and Ronald Howard (1960) devised the policy iteration
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method for MDPs. All of these are essential elements underlying the theory and algorithms of
modern reinforcement learning. Optimal control and dynamic programming was disconnected
from learning for a long time possibly because they belong to different disciplines. Also because,
the simplest form of dynamic programming is a computation that proceeds backwards in time,
making it difficult to see how it could be involved in a learning process that must proceed in a
forward direction. The full integration of dynamic programming methods with on-line learning did
not occur until the work of Chris Watkins in 1989, whose treatment of reinforcement learning
using the MDP formalism has been widely adopted (Watkins, 1989). Since then these relationships
have been extensively developed by many researchers, most particularly by Dimitri Bertsekas and
John Tsitsiklis (1996).

The third and final thread of RL is the temporal difference (TD) learning. This thread is smaller
and less distinct than the other two, but it has played a particularly important role in the field, in
part because TD methods seem to be new and unique to RL. TD learning methods are distinctive
in being driven by the difference between temporally successive estimates of the same quantity.
Arthur Samuel (1959) was the first to propose and implement a learning method that included TD
ideas, as part of his celebrated checkers-playing program, which was later studies extensively by
Minsky (1961). Later, a method was developed by integrating TD learning with trial-and-error
learning, known as the ‘actor critic architecture’, which was applied to Michie and Chambers's
pole-balancing problem (Barto, Sutton, and Anderson, 1983). Witten's 1977 paper spanned both
major threads of reinforcement learning research: trial-and-error learning and optimal control-
while making a distinct early contribution to TD learning. As mentioned earlier, the TD and
optimal control threads were fully brought together in 1989 with Chris Watkins's development of

Q-learning.

5.5.1 Definition of Reinforcement learning

In the field of ML, there are three types of tasks that can be done- supervised learning,
unsupervised learning and reinforcement learning. Supervised learning is learning from a training
set of labeled examples provided by a knowledgeable external supervisor; whereas unsupervised
learning is typically about finding structure hidden in collections of unlabeled data. Reinforcement
learning (RL) is the task of learning how agents ought to take sequences of actions in an

environment in order to maximize cumulative rewards. RL is different from unsupervised learning
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because it tries to maximize a reward signal instead of trying to find hidden structure.
Reinforcement learning algorithms study the ‘behavior’ of subjects in an ‘environment” and learn
to optimize that behavior. Deep reinforcement learning is the combination of reinforcement

learning (RL) and deep learning.

The key aspects of RL are- an agent which learns a ‘good behavior’ incrementally and through
trial-and-error of ‘experiences’. Hence, the agent works without requiring any prior knowledge,
only acquiring information by interacting with the environment. RL uses ‘offline’ or ‘online’
learning methods. In the offline method, the experience is gathered a priori and then is used as a
batch for learning. On the other hand, in online learning method, the sequential data is fed to the
agent to progressively update its behavior. The basic learning algorithm for both methods are the
same except, the online method has to deal with the ‘exploration and exploitation dilemma’.
Exploitation means to take the same action which leads to a high reward known to the agent by far
without trying look for actions which might result in even higher rewards. Exploration enables the
agent to explore and try actions which may not lead to a high reward immediately but leading to
new actions resulting in higher rewards in the long run at the expense of time spent for exploration.

So, a balance between these two is important.

5.5.2 Framework of RL or MDPs

The problem of sequential decision making with RL can be formalized using ideas from dynamical
systems theory like Markov decision processes (MDPs). MDPs are a classical formalization of
sequential decision making, where actions influence not just immediate rewards, but also
subsequent situations, or states, and through those future rewards. The components of MDPs are
agent, environment, state action and reward. The agent-environment interface of MDPs are

explained below (Figure 5.5).

For the sake of simplicity, let us consider the case of Markovian stochastic control processes as
(Norris, 1998).

137



A\ A 4

Agent }—

State, Reward, Action,
St R; As

Repr (7
. Environment }7

Figure 5. 5 Agent- environment interaction in finite MDPs (Sutton and Barto, 2017)

In MDPs, there is a decision maker, called an ‘agent’ that interacts with the ‘environment’ it is
placed in. These interactions occur sequentially over time. At each time step,t = 0,1, 2, ...., n, the
agent will get some representation of the environment’s state, S; € S. Given this state, the agent
takes an action, A; € A . The environment is then transitioned into a new state, S;,, € S and the
agentis givenareward, R;,; € R asaconsequence of the previous action. The algorithm of MDPs
is explained in the following steps-
1. Attime, t, the environment is in state, S;.
. The agent observes the current state, S; and selects action, A;.

2
3. The environment transitions to state, S;,; and grants the agent reward, R, .
4

. This process then starts over for the next time step, t + 1.
Hence, the trajectory representing the sequential process of MDPs can be represented as-
SOIAO'RtrSt'Atr Rt+1rSt+1'At+1'Rt+2' """ (51)

In a finite MDP, the sets of states, actions, and rewards (S, 4, R) all have a finite number of elements
and have well defined discrete probability distributions dependent only on the preceding state and
action. For example, let’s choose a random state, s’ € S, action a’ € A and reward, r’ € R. The
probability of receiving reward r' by transitioning to (s’,a’) at time t, given particular values of

the preceding state, s € S and action a € A(s) can be defined as-

Pr(s’,r'|s,a) = Pr(S; = s',R, =71"|S;_1 = s, A, =a) (5.2)
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This means that the future of the MDP only depends on the current observation, and the agent has

no interest in looking at the full history.

An MDP can also be defined in terms of a tuple (S, A4, T, R,y) (Sutton and Barto, 2017, Levet et
al, 2018), where
e S is state space.
e A isaction space.
e T is transition function: set of conditional transition probabilities between states.
e R isreward function: set of possible rewards (continuous values in a range of [0, R,,qx])-
e 1y €0, 1]is the discount factor.
At each time step t, the probability of transitioning to state, S;,,; by taking action, A, is given by
the transition function T'(S;, A¢, S¢+1) and for that the reward received is given by the reward

function R(S;, A;, St+1) (Figure 5.6).

Transition Transition
function, function,
T(StJAt!St+1) T(St+1!At+1JSt+2)

t+2

Reward function,

Reward function,
R(St41,Ar+1,Se12)

R(SEJ At’ St+1)

Figure 5. 6 Illustration of MDPs (Levet et al, 2018)

5.5.3 Policy of MDP

Which action, a € A would the agent choose is defined by the policy, m: S — A. It’s the mapping
from states to actions. Policies could be either stationary (continuing) or non-stationary (episodic).
A non-stationary policy refers to an agent collecting cumulative rewards within a finite number of
time steps (Bertsekas et al., 1995), whereas stationary policy deals with cumulative rewards
acquired from an infinite horizon. Another criterion to categorize policies is either deterministic,

7 (s) or stochastic, (s, a). Now the question that arises is how to define the optimality of policies
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and which criterion should be optimized when finding policies. This is discussed later in the policy
and value function section of this thesis. In this thesis we consider infinite-horizon optimality,

which means that all rewards received by the agent are taken into account.

5.5.4 Expected Return of MDP

The agent in MDP follows a reward hypothesis which is to maximize the expected cumulative

reward in the long run. It can be formalized mathematically as follow-
G¢ = Rey1 + Repo+ Reps +--+ Ry (5.3)

Where, G, is the return attime , R;;1 + R;4, .... are the possible future rewards calculated at time
t, and T is the final time step. In case of non-stationary (episodic) policy, the time step, T is finite
and known. In the stationary (continuing) case, T = oo. But, if the final time step is infinite, the
return itself could become infinite. To tackle this problem, the concept of discounted return is
introduced.

5.5.5 Discounted Return of MDP

In general, the agent seeks to maximize the expected return, where the return, denoted by G; is
defined as some specific function of the reward sequence (equation 5.3). In cases the agent—
environment interaction does not break naturally into identifiable episodes, but goes on continually
without limit, the concept of discounted return is applied. According to this approach, the agent
tries to select actions, A; so that the sum of the discounted rewards G; it receives over the future is

maximized (equation 5.4).

- 2
Gt = Rey1 +YRpy2 + Y Rpyz +

— ' k

= k=0 V" Ritks1 (5.4)
Where, y is the discount rate [0 < y < 1]. It ensures that rewards received in the near future are
more important than rewards received later. So, when the agent calculates the rewards it expects

to receive in the future, the more immediate rewards have more influence when it comes to making

a decision about taking a particular action. Equation 5.4 can also be expressed as below-
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- 2
Gt = Reyq YRy + VR +

= Riy1 +Y(Reyz + YReps +00)

= Rey1 + VG (5.5)
Equation 5.5 shows how the successive returns are related to one another. It also shows that even
though the return at time ¢t is the sum of infinite future returns, it is actually finite as long as the

reward is nonzero and constant, and y < 1. For example, if the reward at each time step is a

constant 1 and y < 1 then the return is-
Ge = YoV R = Y=o ¥" = — (56)
t k=0V Rt+k+1 k=07Y — :

Hence, the infinite sum yields a finite result.

5.5.6 Policies, Value Functions and their Optimalities:

5.5.6.1 Policy, m:

Reinforcement learning methods specify how the agent’s policy is changed as a result of its

experience. There are two questions that arise while discussing the MDPs-
How probable is it for an agent to select any action from a given state?
How good is any given action or any given state for an agent?

The first question is addressed by policies. As mentioned earlier, a policy is a function, m (a;|s;)
that maps a given state, s; to probabilities of selecting each possible action, a; € A(s) from that

state.

The second question is addressed by value function. Value functions are functions of states, or of
state-action pairs, that estimate how good it is for an agent to be in a given state, or how good it is
for the agent to perform a given action in a given state. This notion of how good a state or state-
action pair is given in terms of expected return. Since the way an agent acts, is influenced by the
policy it's following, hence, value functions are defined with respect to policies. There are two

kinds of value functions-
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5.5.6.2 State Value Function, v,:

The state value function for policy m, denoted by v, refers to how good any given state is for an
agent following policy m. It gives the value of a state under 7. Generally, the value of state, s under
policy m is the expected return from starting from s at time t and following policy m thereafter.

This can be expressed mathematically as-

U (8) = Ep[Ge| S; = 5]

= E.[Xr=o Vth+k+1 | S; = s] (5.7)
Forall s € S.

5.5.6.3 State-action Value Function, q,:

Similarly, the state-action value function for policy m, denoted by g,, refers to how good is it for
an agent to take any given action from a given state while following policy . It gives the value of
an action under m. Generally, the value of an action, a in state s under policy = is the expected
return from starting from s at time ¢, taking action, a and following policy r thereafter. This can

be expressed mathematically as-

q.(s,a) = E [G.| S, = s,A; = a]

= E;[Yr-0o Y¥Riyis11Se = 5,4, = a] (5.8)

Forall s € S and a € A. Conventionally, the action-value function g, (s, a) is referred to as the Q-
function, and the output from the function for any given state-action pair is called a Q-value. The

letter “Q” is used to represent the quality of taking a given action in a given state.

5.5.6.4 Optimal Policy, m,:

Solving a reinforcement learning task means, roughly, finding a policy that achieves a lot of reward

over the long run. In terms of return, a policy, m is considered to be better than or the same as
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policy r'if the expected return of « is greater than or equal to the expected return of =z’ for all
states. It means, = > n’, ifand only if, v, (s) = v,/ (s) forall s € S. Hence, a policy that is better
than or at least the same as all other policies is called the optimal policy, =,.

5.5.6.5 Optimal State Value Function, v,:

Although there may be more than one optimal policy, all the optimal policies are denoted by m,.

They share the same state-value function, called the optimal state-value function, denoted by v,,

and defined as
v,(s) = max,v,(s) (5.9)

For all s € S. In other words, v, gives the largest expected return achievable by any policy & for
each state.
5.5.6.6 Optimal State-action Value Function, q.,:

Similarly, the optimal policy has an optimal action-value function, or optimal Q-function, which

we denote as g, and define as-
q.(s,a) = max,q,(s,a) (5.10)

Forall s € S and a € A(s). In other words, g, gives the largest expected return achievable by any
policy 7 for each state-action pair (s, a).
5.5.6.7 Bellman optimality equation for v, and q,:

The fundamental property of value function is to satisfy the recursive relationship of the already
established value function. So, from the action value function, for any policy m, and any state s,

the recursive relationship between values of s and values of its possible successor states-
Un(s) = Epl[Gel S = 5] (by 5.7)

= Ep[Res1 + ¥ Geyql St = 5] (by 5.5)

= Z m(als) Z Z p(s',7ls, @) [r + VE[ Geyrl S¢ = s]]

a
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= Xa m(als) Xs (s’ 7ls,a) [r+yvr(s)] (5.11)

Fors' € S,a € A(s) and r € R . The equation 5.11 is called Bellman equation for v, expressing
the relationship between values of a state and values of its successor states. The relationship can
be expressed with the backup diagram (Figure 5.7). In this figure, the open circles are the states
and the solid circles are the state-action pairs. Only three of them are shown here. Starting from
state s, the agent could take any of the action sets depending on its policy and dynamics given by
the function p and achieve next state s’ with a reward r. The Bellman Equation (5.11) averages
over all the possibilities, weighting each by its probability of occurring. It states that the value of
the start state must equal the (discounted) value of the expected next state, plus the reward expected

along the way.

r r
p P
s’ S
Figure 5. 7 ‘Backup diagram’ for v_sz and q_=x (Sutton and Barto, 2017)

As mentioned in section 5.5.6.5, v, is the optimal value function for a policy, so it must satisfy the
self-consistency condition given by the Bellman equation for state values (equation 5.11).
Intuitively, the Bellman optimality equation expresses the fact that the value of a state under an

optimal policy must equal the expected return for the best action from that state:
v.(s) = Maxgea(s)qn, (S, a)

= maxgyE; [G| S; = 5,4 = a

= maxEy [Reyq + V6ol Se = 5,4 = a]

= MaxoE[Rep1 + ViS4l Se = 5,4 = a] (5.12)
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= maxg Y5 »P(s',7rls,a) [r +yv(s')] (5.13)
Equation 5.12 and 5.13 are called the Bellman optimality equations for v.,.

The similar can be derived for optimal action value function, q,:

q.(s,a) = maxaE[RH_1 + yq*(SHl,a’)l S, =s,4A, = a] (5.14)

¢.(5,@) = max, L, p(s,rls,a) [r + ymax,q.(s,a)] (5.15)

The meaning of the equation is, for any state-action pair (s, a) at time t the expected return from
starting in state (s) , selecting action (a) and following the optimal policy (g.) thereafter (also
known as the Q-value of this pair) is going to be the expected reward we get from taking action
(a) instate (s), whichis R, plus the maximum expected discounted return that can be achieved

from any possible next state-action pair.

Since the agent is following an optimal policy, the following state s;,; will be the state from which
the best possible next action a’can be taken at time t + 1. The Bellman equation can be used to
find g, and then the optimal policy can be determined because, with q,, for any state s, a

reinforcement learning algorithm can find the action a that maximizes q.(s, a).

The optimal policy m, can be obtained from the g,:

m.(s) = argmaxgc,q.(s, a) (5.16)

5.6 Deep reinforcement learning

The DRL is the combination of DL and reinforcement learning. The general schema of DRL is

shown in Figure 5.8.
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Figure 5. 8 General schema of deep reinforcement learning
5.6.1 Basic Q-learning (QL)

It is a form of simple yet the most popular model-free RL algorithm where an agent learns the best
actions suitable for given states by estimating a long-term discounted reward in controlled
Markovian domain. According to Watkins et al. (1989), it is an asynchronous dynamic
programming that learns via ‘temporal difference’ method. At time step, t , the agent experiences
a state, S; from a state set under the given environment and selects an action, a, from the action
set. This selection of action by observing a state is the behavioral policy of the agent. Then, the
agent updates the state to a new state S, ;, which brings in a reward of r,,; to evaluate the change
of state. After repeating this process several times, the agent learns the actions that led to maximum
accumulated rewards over time. Each state-action pair receives a Q-value [Q*(S,, a,)] at every

time step, which is updated with new training data on a continuous basis using Equation. 5.17.

Q! (Spap) « (11— a)Qt (S a) + alrey, +y max Qt (St+1,Ars1)] (5.17)

Here y is the discount factor (0 < y < 1) that ensures that a higher reward is assigned to the recent
actions taken compared to the actions to be taken in the future because the certainty about selecting
a state-action pair gets lesser as it goes closer to the future; « is the learning rate that controls the
updating rate of the Q-value where the goal of the agent is to maximize the reward over time.
Although it is common for an agent to make imprecise estimates while learning at the beginning,
QL runs a maximization step that tends to choose overestimated values that caused possibly by

erroneous action values irrespective of the source of approximation error (Thrun and Schwartz
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1993). The QL agent runs each action for each state multiple times until the convergence of Q-
value thereby completing the learning process. As the agent learns the optimum actions for given
states provided with the largest Q-values, it can determine the optimal control strategy for the
system (Li et al., 2017; Abdulhai et al., 2003).

The Q-learning is conducted with the use of a table which has actions in the horizontal axis and
states in the vertical axis, and the table is called Q-table. The table is filled with Q-values that the
agent received for taking an action in a particular state. Initially the Q-table is filled with zeroes as
the agent doesn’t know which action is better. Hence, the agent will start at a random selection of
action while maintaining the exploration and exploitation using the ¢ — greedy method, where
€ [0, 1], the higher the value is, the more will be the exploitation. So, it is wise to start with a lower
€ value so that the agent will explore more, meaning that the agent will take different actions from
the same state during different episodes. After going through few episodes, the agent will slow
down the exploration as it has now experienced all the (s, a) pairs a few times, and will tend to
exploit more, that is, the agent will take the actions leading to high rewards more often to gain
higher expected returns. All these happens by running several episodes and updating the Q-table
with new Q-values with the goal of reducing the loss between the Q-value (q,;) and the optimal Q-

value (q.). So, from equation 5.8 and 5.15-

Loss = q.(s,a) —q,(s,a) (5.18)

Loss = E[Rt+1 + ymaxa'q*(s', a')] — E[X%0 V¥ Resiesal (5.19)

Another question that arises while running Q-function is the ‘learning rate (a)’, which refers to the
frequency of updating the Q-table. The agent doesn't just overwrite the old Q-value, but rather, it
uses the learning rate as a tool to determine how much information to keep about the previously
computed Q-value for the given state-action pair versus the new Q-value calculated for the same
state-action pair at a later time step. The higher the learning rate, the more quickly the agent will
adopt the new Q-value. For example, if the learning rate is 1, the estimate for the Q-value for a
given state-action pair would be the straight up newly calculated Q-value and would not consider
previous Q-values that had been calculated for the given state-action pair at previous time steps.

The equation to calculate the new Q-value for state-action pair (s, a) at time, t is:
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q""(s,a) = (1 —a) q(s,a) + a[Res1 +y max, q (s',a’)] (5.20)

{ J
f

Old Q-value Learned value

The algorithm of Q-learning is as follows-

Algorithm-5.1: Q-learning

Initialize Q-table Q [num_states, num_actions]
Arbitrarily observe initial state s
Repeat
Select and carryout a section a
Observe reward r and move to new state s’.
q""(s,a) = (1 —a) q(s,a) + a[Rey1 +y maxy q (s',a')]
s=s'
Until game over
The algorithm is basically doing stochastic gradient descent on the Bellman equation,

backpropagating the reward through the episodes and averaging over many trials (or epochs).

5.6.2 Real-time intervention: Variable speed limit with Q-learning

Back to the application of variable speed limit (VSL). The real-time crash prediction and
intervention is designed by integrating a real-time crash prediction model with a real-time
intervention model. The RTCPMs are built with the BN using the traffic data received from the
macro simulation model CTM (chapter 3). In this chapter, the CTM for Shinjuku route 4 of Tokyo
metropolitan expressway is employed for traffic data extraction to construct a uniformly
distributed virtual detector layout, to which DRL-based VSL intervention will be integrated using
Keras- a python-based open source deep learning library (https://keras.io/). Several attempts have
been taken over the years by researchers to introduce various VSL strategies depending upon the
location, traffic condition and detector locations. Most of the cases, the strategies were set by the
researchers themselves based on their expertise and experience. Hence, there is no particular
strategy to be singled out which can be claimed to be the ‘best’ one. In this thesis, DRL is adopted
to find out VSL strategies in order to utilize the benefit of DRL’s model-free learning ability.
Which means, without the assistance of any external force (the model designer), the agent of the
model itself will figure out the strategies of VSL from the information it receives from the
environment (the traffic data). The procedure is described in the following sub-sections. The

algorithm is shown in Figure 5.9.
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Figure 5. 9 Algorithm for RTCP and DRL-based intervention model.

The detailed explanation is described in the following sections starting from BN-based RTCPM
building, CTM-based macrosimulation for traffic data generation, and DRL-based VSL control

for intervention model.

5.6.3 The RTCPMs

To construct a DRL-based (Q-learning) intervention, at first a Q-table is required which includes
the possible actions and states of the model to be tabulated. The states are the traffic data (flow,
speed, occupancy) and the corresponding crash risks. Chapter 4 explains the methodology of BN-
based RTCPMs in details. In this chapter, the models and their results are shown directly. A study
by Roy et al. (2018 (a)) employed different combinations of six base parameters (flow, speed,
occupancy, etc.) and three relative parameters (difference of upstream and downstream flow, etc.)
to generate 16 BN- and DBN-based RTCPMs. In their study, some of the RTCPMs had four
information parameters and others had three. After judging the overall prediction performances, it
was clear that the number of information parameters did not influence the prediction accuracy of
the models significantly. The four information parameters found to be the most influential in

predicting a crash were: downstream flow (veh/min), speed (km/h), occupancy (%), and difference
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values of upstream and downstream flow (veh/min). In this study, four BN-based RTCPMs are
built with different combinations of nine information variables: flow (veh/min), speed (km/h),

occupancy (%) data from upstream and downstream; and their differences.

After considering the prediction accuracy of crash likelihood and overall accuracy, out of four BN-
based RTCPMs model-3 with the information variables downstream speed, downstream
occupancy and the difference of up and downstream density was chosen for constructing the Q-
table. In order to construct a Q-table the continuous traffic data needs to be discretized into classes.
Here, the traffic values are discretized into 5 classes and the corresponding crash risks are also
recorded from the BN-based RTCPM (Table 5.2).

Table 5. 2 Discretization of traffic parameters

Elements Class (1) Class (2) Class (3) Class (4) Class (5)
Vaown (km/h) <4952 | 4952-64.83 | 64.83-70.69 | 70.69-76.11 76.11<
Kaown (veh/km) | <2254 | 22.54-30.66 | 30.66-40.19 | 40.19-50.02 50.02<
AQ (veh) <-6.50 —6.50-—1.50 —1.50-1.50 1.50-6.50 6.50<

5.6.3 QL-Based VSL Strategy

A Q-table is basically a look up table for the RL agent. The rows of the table represents states and
the columns all the possible actions. In this case, with three traffic parameters each categorized
into five classes, in total 53 = 125 states are created and all possible actions are either {20, 30, 40,
50, 60, 70, 80, 90, 100, 110, no control} km/h or {+10, +0, Vi ee—f10w } km/h depending on the
current state of the environment. Hence, there are two Q-tables with (125 x 11) and (125 x 5) sizes.
The states and action sets are explained in the following section of this chapter. The Q-table would
possibly look like Table 5.3. Each cell in the Q-table is filled with zeros initially, afterwards, the
table is updated with Q-values that the agent receives over the time after several iterations.

Table 5. 3 Sample of a Q-table

States Action 1 Action2 | .............. Action 11
State 1 Q-value 1 Q-value2 | ............... Q-value 11
State 2

State 125 Q-value 125
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For QL application, the 2.52-km-long segment of route 4 Shinjuku is selected because it qualifies
as the longest freeway segment harboring ten detectors (detectors 48 to 39) and has steady state
flow during the off-peak hour. The target location where the crash risk needs to be reduced is
between cells 12 and 17 (loop detector 42 and 39) (Figure 5.10). For the purpose of learning by
the QL agent, simulation is run during 12:00-17:59 with a warm-up period of an hour, hence data
for 5h simulation was collected. Total 36 iterations were done and the duration of each simulation
time step is set to 1 min (total simulation time =5 h x 60 min x 36 iterations = 10,800 min). Q-
value is calculated for each action taken. In the case of the action ‘no control’, which means at the
beginning when no VSL is activated and the crash risk has not exceeded, Q-value is calculated
using the simulated data from only one section at cells (14-15), because these two are the central
cells of the target section and calculating Q-value with each cell’s value would cause
computational cost which is not necessary during steady state of traffic. Three major parameters

are required to define for Q-learning- states, actions and rewards. These are described below.

Eifuku — — Hatagaya

48-47 | 47-46 | 46-45 | 45-44 | 44-43 | 43-42 | 42-41 | 41-40 | 40-39
48 47 46 45 44 43 42 41 40 39

Figure 5. 10 QL-based VSL controlled segment

State, s,: For QL, states needs to be discretized and defined for learning the speed control strategy
by observing simulated traffic flow data from a detector. In this study, the cells 12 to 17 are selected
as a section for VSL application, for defining states and is represented by traffic parameters of
RTCP Model. The states are discretized into five classes (Table 5.2) generating (53) = 125

combinations of states.

Rewards, r;: The target location for calculating the crash risk is between the cells 12 to 17 from
which simulated traffic data is collected during 13:01-17:59, and crash risk is calculated based on

the 125 states defined in (i) for which 125 crash risks are stored. For this, the crash risk threshold
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is set to 10. In case of receiving rewards by the agent, if the crash risk between the target section

is lower than 10, a reward of r, = +1 is provided, whereas a reward of r, = —1 is given otherwise.

Action, a;: A set of 11 values of speed control is selected that includes {20, 30, 40, 50, 60, 70, 80,
90, 100, 110, no control} km/h, where ‘no control” suggests that the speed is the same as the free-
flow speed for that segment. While executing VSL control, there are two possible situations: (1)
VSL control is not running in current state, s; and (2) VSL control is running in current state, s;.
For the former situation of ‘no VSL control’, a; is running in current state, s, and the set of actions

from which the agent can choose an action is-

a:+1 = {20,30,40,50,60,70,80,90,100, 110, no control}km/h. For the latter case, when VSL
control is running at current state, s,, the choice of actions would be, a;;; = {ilO,iO,
Vfree_ﬂow} km/h for every speed in the VSL speed control set {20, 30, 40, 50, 60, 70, 80, 90,
100, 110, no control} km/h. For example, if the VVSL is activated currently and the speed observed
at current state, s, is 70 km/h, then the choices of actions would be, a;;; =

{80,60, 70, Viree—fiow- } kKm/h.

The learning rate refers to how frequently the RL agent will update its Q-values, which means how
much it will remember the old learning and how much it will replace with new experience is
decided by the learning rate (). The learning rate was set to about 0.0001 at first. The discount
factor represents the importance given to the predicted possible future rewards compared to the
current reward. The value of discount factor (y) was kept around 0.9. And the final parameter (¢)
explains the exploration and exploitation ratios of the agent while training. The value is set to 1 so

that the model can explore more and gradually decrease it with every iteration.

5.6.4 Outcome of the QL-Based VSL Strategy

A comparison is performed between the crash risks before and after applying the VSL control
between the cells 12 to 17. Figure 5.11 demonstrates a space-time diagram of the difference of
number of events that had crash risk higher than 10, i.e., the number of events with risk higher
than 10 are stored before and after VSL was applied. Then the difference of the number of events
are plotted against space and time during 13:01-17:59 along the entire segment between cells 12

to 17 (detector 42-39). The red and green colors represent the increase and decrease in number of
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events due to application of VSL control (with risk higher than 10), respectively, whilst the white
color means no improvement or deterioration in crash risk. Hence, the green color is the desired
outcome of VVSL control and vice-versa. Additionally, the first row at the bottom of the s-t diagram
represents if the VSL was triggered or not. If yes then its colored orange. The second row
represents the VSL values taken by the agent at that time, which was selected from the action set
(color code of the action set is shown). The color code is shown at the bottom, speed increases
gradually from red via orange and yellow to green, and the darkest green color is for ‘no control’
or free-flow speed. Thus, it can be observed that the QL agent has chosen an action that lowers the
speeds in most of the cases. Few other occasions, such as between 14:00-14:10, 14:20-14:30 pm,
the agent chose to increase the existing speed limit that led to either improvement or no change of
the crash risk most of the times. At one point during 15:10-15:20, after lowering the speed limit,
there was a sudden increase of number of events with risk (NER) >10, which within next 2 minutes
improved the number of crashes significantly. Also, interestingly, few cases can be observed when

the VSL control improved NER >10 upstream to the target location during 17:30-18:00.
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Figure 5. 11 Space-time diagram of change in crash risk before and after the application of
VSL control using QL
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A bar chart was generated to show if the model was able to lower the number of crashes with risk
>10 at the target location. Figure 5.12 compares the NER >10 with and without VSL Control. It
is verbatim that, VSL control could improve the crash risk at the upstream of the study location
(cell 1 to 11) but not significantly, in fact the opposite was observed at cell5 and 6. However, it
was able to reduce crash risk at the VSL controlled area (cells 12 to 17) which was the target

location to reduce crash risk.

Eifuku —» Number of accidents with risk >10 Hatagaya
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Figure 5. 12 Comparison of NER >10 with and without VSL Control (QL)

From Table 5.4, improvements can be observed at the targeted location if the risk threshold is set
to risk >10 whereas deterioration of the risk was also observed at the targeted location if the
threshold is set risk = 50. Which means, if the threshold is set to a value as high as 50, the model
would not be able to recognize crash prone events. Hence, will take actions only in fewer cases

which may in turn cause increase of crash likelihood.
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Table 5. 4 Comparison of NER >10 and NER = 50 (cells 12 to 17)

Cells Section [ No controII Control | Difference | No control | Control | Difference
Risk = 50 Risk >10

1 0 9 9 0 83 82 1
2 9 9 0 83 82 1
3 1 0 0 0 77 76 1
4 0 0 0 77 76 1
5 2 8 8 0 57 58

6 8 8 0 57 58

7 3 5 5 0 51 50 1
8 5 5 0 51 50 1
9 4 4 4 0 54 53 1
10 5 7 7 0 48 43 5
11 7 7 0 48 43 5
12 6 9 7 2 58 50 8
13 9 7 2 58 50 8
14 7 7 6 1 64 55 9
15 7 6 1 64 55 9
16 8 3 5 56 49 7
17 3 5 56 49 7

12:01-13:00 ] 13:01-14:00 14:01-15:00 Eifuku

|
15:01-16:00 16:01-17:00 _ 17:01-18:00

Without Control

| 5
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12:01-13:00 | 13:01-14:00 14:01-15:00 Hatagaya

|
1
15:01-16:00 16:01-17:00 17:01-18:00 Hatagaya
| |

With Control

50 | 40| 30| 20| 10 iEE
Figure 5. 13 Comparison of NER >10 with and without VSL Control (QL)

Figure 5.13 shows a space-time diagram of the entire route during 12:01-17:59 when VSL was
applied (bottom of the figure) and there was no speed control. While the goal is to improve crash

safety, it is also important to consider the functionability of the route. If a capacity drop appears
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due to the VSL control, that might cause not only congestion but also increase the possibility of
rear-end crashes. From Figure 5.13, it can be seen that the speed control has created a back-wave
and a cluster of slow moving vehicles probably due to congestion during 15:30-16:00 which is
concerning. This is one of the limitations of the model.

While QL is a useful method for learning policies, it has its other limitations too. As mentioned
earlier that the traffic parameters needs to be discretized in order to create the Q-table, which in
turn returned with a set of 125 state values. With 125 states and 11 actions there are 1375 state-
action combinations that the agent has to monitor at every iteration. But the traffic parameters are
continuous and if not discretized, the model would suffer from a huge number of parameters
causing slow simulation which is inefficient. Hence, QL method has no scalability and cannot
accommaodate continuous values, or multiple sections as input parameters. On the other hand, there
are neural networks which works better in handling continuous data and are scalable. In the
following section, another reinforcement learning method combined with the deep neural network

called deep Q-learning (DQL) is introduced to apply VSL.

5.7 Deep Q-Network (DQN)

Deep Q-learning is the is the first deep reinforcement learning (DRL) method proposed by Mihn
et al. (2015) that combines RL with DL (a multi-layered deep CNN) (Krizhevsky et al., 2012) to
create a single algorithm addressing a range of challenging tasks. The deep CNN consists of
hierarchical layers of convolutional filters that enable the algorithm to accept data in abstract form
and to categorize the objects directly from the raw sensor data. Similar to QL, deep Q-network
(DQN) consists of an agent dealing with the state-action pairs in an environment while receiving
rewards with the goal of maximizing the cumulative future rewards. In this case, the deep NN is
applied for estimating the Q-value:

Q*(s,a) = max E[r; + yrep1 + Y744 v +Y ™ rein | St = 5,0, = a, 7] (5.21)

where Q* (s, a) is the maximum sum of rewards, r; discounted by y at each time step, t, (s) is state,

(a) is action, and the behavioral policy is denoted by = = p(als).
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Since NNs have local connectivity (that is, each neuron is connected to only a local region of its
input), it avoids these impossible or improbable input combinations. Hence a NN can be used to

model a Q-function very effectively.
Experience reply and target network

DQN overcomes unstable learning of RL using two techniques: experience reply and target
network. Experience reply randomizes over data, removing the correlations in the state sequences
and smoothing the data distribution. In the case of target network, the Q-values are updated only
periodically towards the target values thereby reducing the correlations with the target. The agent’s

[ b

strategy would logically be to train the network to predict the best next state‘s"” given the current
state (s, a, r). It turns out that this tends to drive the network into a local minimum. The reason for
this is that consecutive training samples tend to be very similar. To counter this, during observation
of states, it collects all the previous moves (s, a, r, ") into a large fixed size queue called the reply
memory. The reply memory represents the experience of the network. When training the network,
it generates random batches from the reply memory instead of the most recent (batch of)
transactions. Since the batches are composed of random experience tuples (s, a, r, s') that are out
of order, the network trains better and avoids getting stuck in local minima. Yet another approach
is to collect experiences by running the network in observation mode for a while in the beginning,
when it generates completely random actions (& = 1) and extracts the reward and next state from

the game and collects them into its experience reply queue.

An approximate value function Q(s, a, 6;) using the deep CNN is estimated, in which 6;
represents the weight given to the DQN at iteration i. In experience reply, agent’s experiences, e;
(s¢, ag, 11, Sp41) are stored at each time-step t in a set of data, D; {e;,..., e;}. The relationship
updated by QL as in Eq. (1) is applied on experiences (s, as, R, s;+1) ~ U (D), which is selected
randomly from the samples. The QL update at iteration i uses the following loss function presented
in Eq. (3):

Li(6:) = Esarspes) ~u @R +ymaxyQ(Ses1, e, 07) — Q(spar, 0,))*]  (5.22)
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Where, 6; are the parameters of the DQN at iteration i and 6; are the network parameters, used to
compute the target at iteration i. The target network parameters 6; are only updated with the DQN

parameters (6;) periodically and are held fixed between individual updates.

The algorithm for DQL is:

Algorithm-1: Deep Q-learning with experience reply

Initialize memory D to capacity N
Initialize action- value function Q with random weights
For episode=1, M do
Initialize sequence s; = {x;} and preprocessed sequenced @; = @ (s;)
Fort=1, T do
With probability e select a random action a,
Otherwise select a; = max,Q* (0 (s;),a; 8)
Execute action a, in emulator and observe reward r, and image x;,,
Set 5,41 = Sp, Ag, Xpq1 and preprocess @1 = D (Se41)
Store transition (@, a;, 1, D¢41) IND
Sample random mini batch of transitions (@, a;, 1, @;4,) from D
7 for terminal @;,4
Sety; = {rj+maxarQ*(®,-+1),a’: 0) for non — terminal @ ;.4
Perform a gradient descent step on (y; — Q(®,, a;; ) according to the
equation of loss function
end for
end for

Algorithm credit: (https://storage.googleapis.com/deepmind-media/dgn/DQNNaturePaper.pdf)

5.7.1 Deep Q-Network (DQN) based VSL strategy

As described in the previous section, DQN consists of neural network, which means, it has an input
layer, an output layer and in between these two layers, all the layers are hidden layers. In this
scenario, the neurons in the input layer will take states as inputs, which are traffic parameters. The
output layer consists of multiple neurons each of those are actions to be taken. For each given state

input, the network outputs estimated Q-values for each action that can be taken from that state.

The objective of this network is to approximate the optimal Q-function which will satisfy the
Bellman equation-
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q.(s,a) = max, Yo, p(s’, r|s,a) [r + ymaxyq.(s’, a')] or, (5.23)

q.(s,a) = E [r41 + ymax,q.(s', a')] (5.24)

This is because, the Bellman equation can be used to find optimal value function, g, (s, a). Once
q.(s, a) is found, the optimal policy can be determined, because, knowing q. (s, a) and with state
s as input, the RL agent can find the action a that maximizes g, (s, a). Then the loss from the
network is calculated by comparing the outputted Q-values to the target Q-values (Equation 5.18
to 5.20) from the right-hand side of the Bellman equation, and as with any network, the objective
here is to minimize this loss. After the loss is calculated, the weights within the network are
updated via SGD and backpropagation. This process is done over and over again for each state in

the environment until the network sufficiently minimizes the loss and get an approximate optimal

Q-function.
Input layer Hidden layers Output layer
States .
Flow. speed Actions
. St OW, Spec a,={40.50,60... no control}km/h
Number of input neurons = number of cells, or ar={£20,20, Vyeo_ pione vk
L L P = ree—flow.

detectors x number of traffic parameters

Target Q — values
Target Q-value: Bellman equation
q.(5,a) = E ey + ymax,q.(s"a)]

Estimated

Q — values

Loss = q.(s,a) — Q(s,a,)

Backpropagae loss to update weights of input neurons

Figure 5. 14 DQN-architecture

Similar to the Q-learning method, the states, rewards and actions needs to be defined for DQL as

follows:

State, s,: States of DQN are the traffic parameters collected from simulation from the similar
segment of route 4 consisting cells 1 to 17 (detectors 48-39) (Figure 5.15) during 13:01-17:59

(deducting the warm up period), except, there will be two cases with different target locations-
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first one consists of cells 9 to 17 (about 1.35 km long) and the second one is longer from cell 5 to
17 (about 1.95 km long).

Eifuku — — Hatagaya

48-47 | 47-46 | 46-45 | 45-44 | 44-43 | 43-42 | 42-41 | 41-40 | 40-39
48 47 46 45 44 43 42 41 40 39

Figure 5. 15 DQN-based VSL controlled segments (cells 12 to 17)

Rewards, r;: The target location for calculating the crash risk is between cells 9 to 17 (detector
44 and 39). The crash risk threshold for receiving rewards is set to 10. If the crash risk at the target

location is lower than 10, a reward of r, = +1 is provided, —1 is given otherwise.

Action, a;: In case of QL, an action set of 11 actions were used for the case when VSL control
was not activated. Now in case of DQN, a set of 8 values of speed control is selected eliminating
the lower speed values (10, 20, 30 km/h etc.). This action set includes {40, 50, 60, 70, 80, 90, 100,
no control} km/h. The another action set is for the situation when there is an VSL control activated
at current state,s;, and a possible crash risk is observed (i.e. a state leading to crash risk >10) the
set of actions to be taken is a;,, = {iZO,iO, Vfree_ﬂow} km/h. For example, if the speed
observed at current state, s, is 70 km/h, then the choices of actions would be, a,,; =
{90, 70, 50, Viree—riow- Ykm/h and the agent will receive a positive or negative reward (r; = +1, -
1) based on how well the agent performed by taking that particular action at time t which then
changed the current state, s; to s;,4. Simulation is run during 13:00-17:59 the duration of each
simulation time step is 1 min (total simulation time= 5 h x 60 min x 36 iterations = 10,800 min).
To evaluate the policy established by the agent, Q-value is calculated for each action taken. For

the target section between cell 12 to 17, the input, hidden and output neurons were (12, 36,36,4).

The learning rate refers to how frequently the RL agent will update its Q-values, which means how
much it will remember the old learning and how much it will replace with new experience is
decided by the learning rate (). The learning rate was set to about 0.0001 at first. The discount
factor represents the importance given to the predicted possible future rewards compared to the

current reward. The value of discount factor (y) was kept around 0.9. And the final parameter (&)
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explains the exploration and exploitation ratios of the agent while training. The value is set to 1 so

that the model can explore more and gradually decrease it with every iteration.

5.7.2 Outcome of the DQN- based VSL strategy (cell 12 to 17)

The outcomes of the DQN-based VVSL control strategy are presented in Figures 5.18. It shows the
comparison of NER >10 with and without VSL control. Similar as in the case of QL, in the space-
time diagram the green bars and the red bars represent improvement and deterioration of the crash

risk respectively. It shows the increase or decrease of NER >10.
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From Figure 5.16 it can be observed that the crash risk has improved at the targeted location (cells
9-17) in few cases, and deteriorated in others. Previously, QL based VSL control showed
improvement of risk at the upstream of the targeted location, in case of DQN-based VSL control,

improvement in the upstream cells were observed as well when the crash risk threshold was set to
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>10. The risk was improved due to lowering speed limit at most of the times, but increasing the
limit caused improvement. This is also notable to mention that the action strategy was made in a

way (£20, £0, Vree—ri0w) kKm/h so that the consecutive VSL actions taken does not have a huge

difference causing a sudden disruption in the traffic flow. Another observation from Figure 5.17
and Table 5.5 is that there were cases (during 17:20, 17:30, 16:00, 15:30-15:40) when the VSL
control worsen the risk at the targeted cells. Figure 5.17 and Table 5.5 shows the similar analogy
about the reduction of NER >10 at the targeted location (cells 12-17) and improvements in the
upstream (cells 10 and 11) of it. However, the improvements at the targeted location seems much
higher than the one found in the QL-based VSL control. In the table, a comparison between no
control and control cases with crash risk = 50 is also shown. It is evident that if the threshold is set
to 50, the model barely detects any condition as crash prone and hence VSL control was not

triggered and there is almost no changes in crash risk.

Eifuku —» Number of accidents with risk >10 Hatagaya
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Figure 5. 17 Comparison of NER >10 with and without VSL Control (QL) (cell 9 to 17)
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Table 5. 5 Comparison of NER >10 and NER =50 (cell 12 to 17)

Cells Section [ No control | Control | Difference [ No control | Control | Difference
Risk = 50 Risk >10
1 0 9 9 0 83 83 0
2 9 9 0 83 83 0
3 1 0 0 0 77 77 0
4 0 0 0 77 77 0
5 2 8 8 0 58 58 0
6 8 8 0 58 58 0
7 3 5 5 0 50 50 0
8 5 5 0 50 50 0
9 4 4 4 0 53 53 0
10 5 7 7 0 45 43 2
11 7 7 0 45 43 2
12 6 9 7 2 58 50 8
13 9 7 2 59 50 9
14 7 7 6 1 69 54 15
15 7 6 1 69 55 14
16 8 3 5 -2 64 50 14
17 3 5 -2 64 50 14
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Figure 5. 18 Space-time diagram of speed during 12:01-17:59 at the entire section (cells 1-
17) after employing DQN-based VSL control (bottom half) and without control (upper
half)

Figure 5.18 shows a space-time diagram of the entire route during 12:01-17:59 when VSL was
applied (bottom of the figure) and there was no speed control. While the goal is to improve crash
safety, it is also important to consider the functionability of the route. If a capacity drop appears
due to the VSL control, that might cause not only congestion but also increase the possibility of
rear-end crashes. From diagram 5.20, few changes in the speed profile with the application of VSL
control can be observed. The DQN model performed well not only in reducing NER >10, but also
it did not generate any major fluctuation in the speed of the targeted location except for the slightly
low speed occurred during 16:01-17:00. But, the speed remained well distributed overall even after
employing the VSL control.

5.8 Chapter conclusion

In this chapter, RL-based VSL was introduced as intervention for the accident risk prevention. The
reason for choosing RL-based VSL control is to utilize the model-free property of RL algorithm.
As discussed in the introduction of this chapter, several previous studies have employed different
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VSL strategies to improve crash risks, by implementing policies such as applying a VSL control
value and incorporating functions for gradual increasing or decreasing of the VSL control speed
etc. Few researchers even divided the study segment according to bottleneck location, VSL control
location and transition from VSL control to bottleneck location to apply different VVSL strategies
to different segments. There is no concrete solution when it comes to deciding upon a strategy for
VSL control. RL has been gaining popularity nowadays, especially among the video gaming
community to discover an intelligent agent who can play video games on its own without any
outside human player’s help. There is no need for constructing a structured model to teach the
agent with labeled input data, rather it learns in a model-free way by playing the game and learning

to take the best possible actions to win from it experience.

This is an important property and could be utilized in many fields including transportation where
decisions and policies needs to be made. Hence, in this thesis the RL method namely Q-learning
and deep Q-learning is adopted. First, the classic Q-learning method that uses a Q-table to learn
policies was used. It showed promising improvement in reducing NER >10. Although it caused a
disruption in the speed of the vehicles leading to a congestion on the study location. Whilst this
was a useful method for retrieving policy, the method fails when it comes to using continuous data
and when the size of the state space increases. In order to overcome the scalability and the

discretization issues, DQN-based RL was adopted for policy learning.

Another observation of trying two thresholds- risk = 50 and risk >10, showed that the agent was
not able to recognize most of the crash prone situations when the threshold was set to 50. This
resulted in a drastic deterioration of the safety of the targeted location. Whereas the threshold of
risk >10 performed well in terms of identifying crash prone situations and in decreasing the number

of crashes in the target section.
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Figure 5. 19 Comparison among Q-learning (0.9 km), DQN (0.9 km)

Figure 5.19 the percent difference of NER >10. It is apparent that, between the QL and DQN with
the same length (0.9 km), DQN performed better than the QL model. This is because of DQN’s
ability to take continuous traffic parameters and scalability. Another observation is, that the QL

model applied a VSL strategy of speed change according to the action set, a, = {—_I—10,i0,
Vfree_ﬂow} km/h, whereas DQN agent chose actions from the action set, a, = {—_|-20,—_|-0,
Vfree_ﬂow} km/h. Hence, the action strategy of incrementing speed at a rate of 20 km/h

depending on current states, proves to be better than an increment of 10 km/h.
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CHAPTER 6

CONCLUSIONS AND FUTURE SCOPE OF WORK

6.1 The Objectives

Back to chapter 1 where the objectives of this research was established as the following questions-
e How to predict crash risk in real-time?
e In what way the universality of a RTCPM can be improved?
e How to decide on a policy for an intervention to prevent crash?

In order to achieve these objectives, in chapter 3, CTM and modified CTM were applied to the
route 3 and 4 to generate uniformly distributed simulated detectors. To answer the first question
of the objectives, BN and DBN- based RTCPMs were built with both fixed detector data and CTM
generated data, and a comparison was made. For the last objective, in chapter 5 a deep RL-based
model-free intervention method was employed to prevent possible crash predicted by the RTCPM.
In the next section, the solutions or how the models performed overall is discussed in brief to draw

a conclusion.

6.2 Discussion on results
6.2.1 The RTCPMs: with CTM and fixed detectors

In this study it has been attempted to establish a method for using a uniformly and densely
distributed simulated detector layout to create a framework for developing a real-time crash
prediction model which is transferrable over space. A simple method of the CTM was employed
in the study route to generate the simulated detector data. It was found that the CTM-based method
could reproduce values of the traffic flow variables with an average error of 13% where the speed
data showed higher mean percent error (MPE) as compared to flow and occupancy data. One of
the reasons is that the basic FD does not allow us to control speed resulting in simulated speed
values unresponsive of the traffic situation. However, with a flexible FD the speed can be

controlled which could generate speed data with greater accuracy. Moreover, recent studies
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identified (Coifman, 2014; Lu, 2010) speed data to be the most vulnerable data considering the

detector type, traffic state, and the quality of other traffic variables.

In order to apply the CTM to an existing road network, the Courant—Friedrichs—Lewy (CFL)
condition needs to be met. According to the CFL condition, the cell length must be bound to the
product of free-flow speed and the time step. This is to ensure that the vehicle does not pass more
than one cell in a single time step. But, in practicality, while simulating, few vehicles might tend
to pass multiple cells in a time step. To avoid that, the cell length must be considered longer than
the exact calculated value. In this thesis, the cell length was estimated at 150 meters, which was

kept constant along the 2.5km long study segment. In order to maintain the CFL condition
(At * Z—i < 1)(Courant, R.; Lewy, H.; Friedrichs, 1928), the cell length should be kept longer than

actual calculated one.

The performance of BN- and DBN-based RTCPMs built with traffic data from both fixed detectors
and CTM has been also investigated with 16 RTCPMs. These 16 models with different information
variables suggested the most influential variables to be downstream flow, speed, and occupancy,
difference of upstream and downstream flow. The comparison results between loop detector and
CTM generated BN and DBN models are show below-

1. Comparison between BN and DBN with loop detector data showed that 7 (out of 16) DBN
models performed better, which means, BN models dominated with crash prediction

accuracy with loop detector data.

2. Comparison between BN and DBN with CTM generated data showed that 6 (out of 16)
DBN models performed better, which means, BN models dominated with crash prediction

accuracy with CTM generated data.

3. Comparison of BN models with loop detector and CTM generated data showed that (11
out of 16) CTM models performed better, which means, CTM dominated over loop
detector data.
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4. Comparison of DBN models with loop detector and CTM generated data showed that (9
out of 16) CTM models performed better, which means, CTM dominated over loop

detector data.

Although, the results showed that the CTM based RTCPMs performed slightly better than the loop
detector based models, it is too early to draw significant conclusions. In any case, it is certain that
these preliminary results indicate that CTM is able to generate reliable traffic parameters to
overcome the transferability and facilitate a solution to the missing data problem of the future
universal RTCPMs.

The comparison between BN and DBN-based RTCPM built with CTM generated data showed
that the BN-based model outperforms DBN-based models in most of the cases. This might be
because of lack of training data while constructing the RTCPMs. The author believes that the
overall prediction could be improved with the inclusion of more training data.

Four RTCPMs were constructed with the most influential traffic parameters found from chapter 3
(downstream speed, downstream occupancy and difference of up and downstream flow) with route
4 data. The models were validated with both route 4 and route 3 data to investigate transferability
of the models. The models’ performances were tested with four thresholds- 5, 10, 15 and 20%.
The results showed that the model’s ability of identifying crash likelihood decreases with
increasing threshold. In case of model-3, the crash likelihood decreased with increase of threshold,

but yet kept over 20%. Hence, this model was selected for the VVSL control later on.

After investigating the transferability of the four RTCPMSs, model- 3 showed consistency in
prediction accuracy of crash likelihood at all thresholds and both validation. For model- 3,
although the highest accuracy was found at threshold 5 and 10 (when validated with route 4), the
overall accuracy of model-3 at threshold 5 (49%) was less compared to threshold 10 (60%). So, in
the later chapters of this thesis, model-3 will be used as the RTCPM and crash risk threshold of

10% will be the threshold for intervention decision making.

6.2.2 The intervention: DRL-based VSL control

In this chapter, RL-based VSL was introduced as intervention for the accident risk prevention. The
reason for choosing RL-based VVSL control is to utilize the model-free property of RL algorithm.
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RL has been gaining popularity nowadays, especially among the video gaming community to
discover an intelligent agent who can play video games on its own without any outside human
player’s help. There is no need for constructing a structured model to teach the agent with labeled
input data, rather it learns in a model-free way by playing the game and learning to take the best

possible actions to win from it experience.

This is an important property and could be utilized in many fields including transportation where
decisions and policies needs to be made. Hence, in this thesis the RL method namely Q-learning
and deep Q-learning is adopted. First, the classic Q-learning method that uses a Q-table to learn
policies was used. It showed promising improvement in reducing the number of events with risk
>10 (NER >10). Whilst this was a useful method for retrieving policy, the method fails when it
comes to using continuous data and when the size of the state space increases. In order to overcome

the scalability and the discretization issues, DQN-based RL was adopted for policy learning.

According to our analytical results, it is apparent that, between the QL and DQN with the same
length (0.9 km), DQN performed better than the QL model. This is because of DQN’s ability to

take continuous traffic parameters and scalability

Another observation of trying two thresholds- risk = 50 and risk >10, showed that the agent was
not able to recognize most of the crash prone situations when the threshold was set to 50. This
resulted in a drastic deterioration of the safety of the targeted location. Whereas the threshold of
risk >10 performed well in terms of identifying crash prone situations and in decreasing the number

of crashes in the target section.

The comparison of the performance of QL and DQN-based models can be done from two point of
views- comparison with non-RL based VSL control and RL-based VSL control. From the previous
studies discussed in section 5.2, it is evident that the application of VSL is an ad-hoc basis. The
VSL strategies and control measurement is highly dependent on the traffic on the particular road
network. RL-based VSL control has the advantage of adopting various traffic conditions and has
the ability to apply VSL accordingly due to its model-free structure. Another way of comparison
is between two RL-based VSL methods applied in this thesis: QL and DQN.

181



QL is the basic reinforcement learning method and DQN is a combination of QL and deep learning
(neural network). According to Hasselt et al., (2016), QL algorithm may overestimate action
values under certain conditions, and another deep learning method such as Double DQN can help
reduce the overestimation resulting in better learning. Another study (Li et al., 2017) showed that
an offline QL-based VSL control reduced travel time by 49.34% in stable demand scenario
compared to feedback-based VSL control. In this study, the QL and DQN-based VSL control were
employed and it was found that the DQN-based VVSL control outperformed QL-based VSL control
method by 1.3% in terms of safety improvement. Since, the DQN has the ability of including
continuous traffic data and has added advantage of random sampling from experience reply, it is
expected that DQN would perform better given the learning rate and discount factor etc. remains
the same. However, QL uses a set of pre-defined combinations of states and actions to iterate for
each time step, hence the number of iterations can be limited by the state-action tuple. On the other
hand, the DQN is dependent on the number of layers and the number of neurons and the rate of
experience reply. The performance and the execution time (or, iteration number) is dependent on
the combinations of the mentioned factors. For example, the deeper the layers are, the better would
be the performance but at the cost of longer execution time. It takes several trials to decide upon a
set of factors (i.e. neurons, layers, learning rate etc.). Considering the time and simulation
complexities, DQN takes longer time and more effort which might give an impression that QL is
a better choice. But, QL’s lack of scalability or inability to incorporate large scale continuous data
is a big issue while handling complicated traffic data. Once established, DQN can be used for
feeding more data with less trials to decide the more or less optimum values of the factors. Hence,

in the long run, DQN will be a better choice over QL.

No similar study is currently available to compare the significance of the difference of the
performances between QL and DQN-based VSL control to reduce crash risk. As learning rate,
number of study segment, iteration numbers influence the agent’s decision of selecting actions,
further study is required to investigate with several scenarios, including additional objective
functions such as TTT, and other RL-based algorithms such as Asynchronous Actor-Critic Agents
(A3C) or Long-short-term memory (LSTM) methods etc.
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6.3 Future scope of work

1. Transferability of an RTCPM can be tested in three ways- terms of detector layout, adaptability
and fading properties of the algorithm of the model. One of the properties for transferability is
achieved by generating uniformity in detector layout by using CTM. The other properties i.e.
adaptability and fading can be attained by employing machine learning algorithms like
Bayesian network, K-nearest neighbors (KNN) etc. (Hossain and Muromachi, 2011,
Katrakazas et al, 2017). These machine learning algorithms has an inherent ability to modify
it to become transferable. However, the KNN was referred as performing in slow speed and
BN requires high density data. In this thesis, BN and DBN was employed as traffic data was
available for every minute (24h) and for six months. Once the RTCPM is built, the model
would run based on the data it was trained on and with the addition of new data, the model
updates itself and fades away the historical data. In future this features should be tested while
investigating transferability of a model. Additionally, a crash prediction model of an
expressway not only influenced by the traffic data, but also affected by the urban design
(Hossain et al, 2018) and its surrounding environment, road geometry etc. A study ranked the
predictive power of various factors by Granger causality analysis, and established the order of
crash predictive power as traffic flow > traffic accident > geographical Position > weather +
air quality + holiday + time period, the (Ren et al, 2017). Although, traffic parameters are the
most influential ones, road geometry parameters should be considered as information variables

while constructing RTCPMs in future to ensure transferability.

2. In order to implement VSL, in thesis, the driving compliance of 100% is assumed. However,
the assumption might be far from the reality. In case of the study location, route 4 of Tokyo
metropolitan expressway, there is no VSL control available currently. Hence, verification of

driver’s compliance is not possible for this thesis.

Driver’s compliance or, how drivers respond after activating VSL (or, posted speed limit) is a
significant issue which must be confirmed by comparing it with the observed speed value after
posted speed limit from the field data. This ensures the effectiveness and real-world
applicability of the VSL control.
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One way to adopt driver’s compliance into VSL control could be done by observing the
driver’s driving behavior. In real —~world, a driver might choose to speed up after observing the
posted speed limit in an unsaturated condition (Li et al., 2017). Hence, the difference between
posted speed and the observed ‘after speed’ can be added to the posted speed limit which can
be the revised VSL value,Vs, (new) = min{Vz, Vs, + AV,perspeea}- After simulating with the
revised posted limit, the model’s performance can be checked with observed data. Based on
the result, some kind of incentives can be introduced, so that drivers responds to the posted
VSL value. However, this thesis did not consider driver’s compliance as an objective. The
study area, route 3 and route 4 of Tokyo metropolitan expressway does not consist VSL control
till date. Hence, the driver’s actual speeds after posted VSL cannot be measured to incorporate

the ‘over speed’ value into the simulation and validation.

. With the advancement of hardware capacities, the use of RL models has increased
tremendously (Chollet, F, 2016) which makes them capable of incorporating huge database. In
the field of transportation RL is being used for active traffic management through congestion
analysis (Rezaee et al., 2012), reducing traffic gridlock (El-Tantawy et al., 2010), even for
VSL control for reducing travel time and vehicle emission (Zhu and Ukkusuri, 2014), in
eliminating traffic congestions at recurrent bottlenecks (Li et al, 2017). In terms of reducing
crash risk, few studies were conducted such as support vector machine (SVM) was used for
crash prediction (Sun et al, 2017). Deep neural network (DNN) was used for predicting crash-
prone traffic conditions (Kui et al., 2018) where they found that DNN can predict 63-65% of
the crashes with 5% false alarm rate. Furthermore, it also addressed the class- balancing issue
of the training data and concluded that the prediction performance degrades with the increasing
size of balanced data. Another study by (Dong et al, 2018) developed a deep learning model
which includes an additional regression layer utilizing multivariate negative binomial (MVNB)
model. This model showed improved performance in comparison to deep learning model
without the additional regression layer and the SVM model. A study by Ren et al, 2018 applied
long-short-term memory (LSTM) method to predict crash risk based on frequency of crash risk

to capture temporal-spatial patterns of crashes.

The two basic form of reinforcement learning- QL and DQN was employed in this thesis. The

QL utilizes a Q-table which includes all the traffic states values in it. The QL agent’s target is
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to maximize Q-value by selecting appropriate speed values in certain traffic conditions. On the
other hand, DQN utilizes the function approximation capability of neural network by forward-
and-back propagating the network parameters (e.g. weights, biases etc.) to adjust the
parameters in a way so that appropriate action which has the highest Q-value gets selected.

Several studies (Lyles et al., 2004, Soriguera et al., 2013, Li et al., 2017 ) suggested that the
for any VSL control implemented, it would not affect the flow elsewhere in the network, or
the overall efficiency of the network. To ensure that, additional objectives such as total time
spent (TTS), delays on queues (congestion control) etc. can be formulated in addition to crash
risk reduction while implementing the VSL control. Furthermore, the traffic states before and
after an event or incident can be observed and considered as a precursor, or state set in the RL-
based VSL control.

In the past, various RTCPMs have been proposed which can broadly divided into- various
types of logistic regression models, neural networks, Bayesian networks, and classifying
methods, such as, classification and regression trees, support vector machine (SVM) or simple
rule based classifier. From knowledge generation perspective, Bayesian network and
classification based methods have advantages over other methods. Both the methods have
graphical representations, making the interrelationship among variables easy to comprehend.
Classification and regression trees mainly explains the direction of classification of an
observation. For example, ‘crash’ can be a dependent variable and the method can identify
combinations of the observations which are more likely to be associated with the crash. SVM
models Li et al. (2012) can also evaluate the observation parameters in terms crash or injury
severity which proved to have a decent accuracy considering roadway geometry and weather

conditions (Qu et al., 2012). These methods can be considered in future RTCPM construction.

Other DL (Deep Learning) methods such a LSTM, RNN can be used for RTCP, where the Al-
based traffic monitoring camera can capture image data of individual vehicle and generate data
such as- vehicle type, vehicle capacity, number plate etc. With the help of these data and
applying Al, traffic information like trip generation information, traffic dynamics can be
understood.
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6.

In a recent study (Yuan et al., 2019) Bayesian conditional logistic models were developed by
incorporating the Bluetooth, adaptive signal control, and weather data in addition to the
traditional traffic data to predict crash in real-time, which indicated the most influential

parameters to predict crash and for application of integrated active traffic management.

The data can be collected using Bluetooth sensors, which can detect Bluetooth enabled vehicles
using the fixed censors along roadside. This way, individual driver’s behavior, origin-
destination, speed, occupancy etc. can be extracted from the Bluetooth sensors with precision.
This has been applied in Chuo expressway in Japan, some arterial roads in Australia and
Bangkok.

This goes without saying that in order to ensure throughput of a road network, the outflow of
a bottleneck area needs to be controlled so that the inflow entering the bottleneck remains
lower than the outflow from that bottleneck area until the discharge capacity is restored (Kerner,
2007). This can be achieved with traffic control measures such as: ramp metering that limit the
number of vehicles entering the bottleneck or/and VSL that reduce the speed of traffic to delay
it from entering the bottleneck. Hence, these intervention methods must be considered in the

proactive traffic control measurement in the future.

One area of future work will be to the investigation of the optimum location of the simulated
detectors or cells by experimenting with different cell lengths and different locations (50, 100,
and 150 m upstream and downstream). Moreover, other than freeway stretches, the model in
future can be upgraded to incorporate ramps rather than considering only the basic freeway
segments. The RTCPM is highly dependent on the quantity as well as the quality of the traffic
flow data. Therefore, it is recommended that more case studies and different time-steps should

be incorporated to ensure an efficient model that can be implemented in real-time.
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Figure 1 to 13. CFL values and speed values

speed (km/h)  C-value speed (kn C-value speed (kmC-value speed (knC-value speed (km C-value speed (km C-value

80.8 0.6 817 0.6 87.4. 0.6 82.6 0.6 83.1 0.6 83.9 0.6

816 0.6 71 0.5 77.4 0.6 68 0.5 817 0.6 83.3 0.6

829 0.6 75.15 0.6 79.85 0.6 67.8 0.5 83.1 0.6 83.5 0.6

84.5 0.6 83.1 0.6 83.9 0.6 87.15. 0.6 80.35 0.6 80.15 0.6

80.5 0.6 817 0.6 833 0.6 87.35. 0.6 71.7 06 82.75 0.6

76.95 0.6 83.1 0.6 83.5 0.6 89.55 0.7 77.3 0.6 84.5 0.6

76.75 0.6 80.35. 0.6 80.15 0.6 73.3 0.5 811 0.6 87.25 0.6

85 0.6 717 0.6 82.75 0.6 68.75 0.5 86.9. 06 87.85 0.7

75.9 0.6 77.3 0.6 84.5 0.6 74.1 0.5 75.7 0.6 83 0.6

80.5 0.6 811 0.6 87.25 0.6 73.9 0.5 77.85 06 79.6 0.6

87.6. 0.6 86.9 0.6 87.85 0.7 76.05 0.6 75.3 0.6 814 0.6

85.05 0.6 75.7 0.6 83 0.6 66.9 0.5 79.2 06 83.8 0.6

79.85 0.6 77.85 0.6 79.6. 0.6 82.3 0.6 78.8 06 83.25 0.6

77.35 0.6 75.3 0.6 814 0.6 81.25 0.6 77.5 06 90.55 0.7

79.8 0.6 79.2 0.6 83.8. 0.6 76.6 0.6 76.6 0.6 88.9 0.7

82.25 0.6 78.8 0.6 83.25 0.6 717 0.5 83 0.6 88.35 0.7

87.45 0.6 775 0.6 90.55 0.7 715 0.5 84.45 06 93.3 0.7

90.65 0.7 76.6 0.6 88.9 0.7 73.25 0.5 85.95 06 90.85 0.7

74.2 0.5 83 0.6 88.35 0.7 75.6 0.6 78.4 0.6 813 0.6

78.55 0.6 84.45 0.6 933 0.7 84.2 0.6 82.95 06 80.45 0.6

80.25 0.6 85.95. 0.6 90.85 0.7 86.15. 0.6 80.35 0.6 87.15 0.6

80 0.6 78.4 0.6 813 0.6 739 0.5 81.35 0.6 87.75) 0.7

84.7 0.6 82.95 0.6 80.45 0.6 76.9 0.6 79.25 0.6 86.85) 0.6

83.4 0.6 80.35 0.6 87.15 0.6 69.9 0.5 81.15 0.6 83.45 0.6

85.65 0.6 81.35 0.6 87.75 0.7 74.05 0.5 78.7 0.6 88.75) 0.7

86.75 0.6 79.25 0.6 86.85 0.6 76.4 0.6 83.15 0.6 87.75) 0.7

86.9 0.6 81.15 0.6 83.45 0.6 87.7, 0.6 87.1 0.6 93.85 0.7

88.7 0.7 78.7 0.6 88.75 0.7 84.05 0.6 88.3 0.7 92.65| 0.7

76.6 0.6 83.15 0.6 87.75 0.7 84.95 0.6 76 0.6 78.6 0.6

77.55 0.6 87.1 0.6 93.85 0.7 85.75 0.6 76.55 0.6 78.25 0.6

91.4 0.7 88.3) 0.7 92.65 0.7 89.25 0.7 86.8 0.6 94.1] 0.7

88.35 0.7 76 0.6 78.6 0.6 739 0.5 86.75 0.6 89.2) 0.7

80.45 0.6 76.55 0.6 78.25 0.6 84.2 0.6 84.45 0.6 89.25) 0.7

81.4. 0.6 86.8 0.6 94.1 0.7 86.5 0.6 88.05 0.7 89.1 0.7

87.55 0.6 86.75. 0.6 89.2 0.7 813 0.6 82.25 0.6 88.75 0.7

80.35 0.6 84.45 0.6 89.25 0.7 77 0.6 80.55 0.6 87.1 0.6

83.85 0.6 88.05. 0.7 89.1 0.7 84.4 0.6 86.25 0.6 86.95 0.6

817 0.6 82.25 0.6 88.75 0.7 89.25. 0.7 87.4. 0.6 82.6 0.6

7 0.5 80.55 0.6 87.1 0.6 88.65 0.7 77.4 0.6 68 0.5

75.15 0.6 86.25. 0.6 86.95 0.6 86.3 0.6 79.85 0.6 67.8 0.5

speed (km/h) Cvalue speed (knC-value speed (kmC-value speed (kn C-value speed (ki C-value speed (ki C-value

77.05 0.6 76.95 0.6 74.7 0.6 81.45 0.6 86.95 0.6 80.1 0.6
81.15 0.6 84.5 0.6 77 0.6 76.5 0.6 89.55. 0.7 85 0.6
815 0.6 86.7. 0.6 88.45 0.7 79.45 0.6 83 0.6 87.5. 0.6
78.95 06 8275 06 8755 06 7565 06  8L6 06 863 06
81.45 0.6 84.95 0.6 82 0.6 79 0.6 819 0.6 85.05 0.6
85.85. 0.6 82.75 0.6 815 0.6 77.3 0.6 83.55 0.6 84.1 0.6
91.6; 0.7 86.1 0.6 8175 0.6 83.05 0.6 81.6 0.6 83.55 0.6
84.1 06 8495 06 8495 06 862 06 8695 06 8225 06
726 0.5 87.45 0.6 91 0.7 92.75 0.7 83.7 0.6 81.45 0.6
79.9 0.6 80 0.6 84.6 0.6 88.25 0.7 93.25. 0.7 82.55 0.6
87.55. 0.6 823 0.6 77.8 0.6 88.3. 0.7 93.5. 0.7 93.7. 0.7
89.8 07 8355 06 786 06 772 06  87.25 06 97 07
87.3 0.6 87.95 0.7 783 0.6 79.75 0.6 74.2 0.5 91.55 0.7
85.35. 0.6 85.25 0.6 80.85 0.6 84.7 0.6 79.9 0.6 815 0.6
85.1 0.6 84.65 0.6 82.25 0.6 86.35 0.6 88.65. 0.7 83.2 0.6
89.9 07 8605 06 8105 06 877 06 9305 07 943 07
89.45. 0.7 87.45 0.6 85.65 0.6 85.6. 0.6 93, 0.7 100.2; 0.7
90.65! 0.7 86.55 0.6 90.35. 0.7 84.9 0.6 83 0.6 88.95 0.7
79.6. 0.6 87.45 0.6 89.8 0.7 81.95 0.6 82.85 0.6 86.25 0.6
75.2 06 776 06 846 06 8165 06 8465 06 8815 07
81.7. 0.6 84.75 0.6 731 0.5 84.95 0.6 81 0.6 84.05 0.6
78.3 0.6 84.2 0.6 70.25 0.5 78.2 0.6 88.7 0.7 90.5. 0.7
83.45 0.6 84.4 0.6 85.2 0.6 75.45 0.6 79.6 0.6 88.2. 07
84.25 06 8085 06 8875 07 8105 06 774 06 813 06
81.8. 0.6 83.3 0.6 89.7 0.7 80.85 0.6 77.35 0.6 779 0.6
80.05 0.6 85.1 0.6 82.25 0.6 86.1 0.6 78.55 0.6 87.75 0.7
81.35 0.6 87.15 0.6 81.05 0.6 815 0.6 73.85 0.5 81.35 0.6
85.75 06  97.65 07 7965 06 808 06 7925 06 791 06
76.9 0.6 91.25 0.7 81.75 0.6 81.45 0.6 80.3 0.6 87.95 0.7
77.65 0.6 81 0.6 79.7 0.6 83.8 0.6 79.6 0.6 88.6. 0.7
83.05. 0.6 8175 0.6 69.7 0.5 85 0.6 85.35. 0.6 87.5. 0.6
80.35 0.6 80.45 0.6 77.5 0.6 76.2 0.6 85.2 0.6 86.15 0.6
78.85 0.6 82.65 0.6 81.8 0.6 78.75 0.6 75.4 0.6 86.65 0.6
81.35 0.6 87.65 0.6 79.7 0.6 87.85 0.7 80.45 0.6 71 05
76.35 0.6 86.6. 0.6 79.7 0.6 86.45 0.6 85.2 0.6 68.9 0.5
84,65 0.6 90.1. 0.7 74.45 0.6 88.65 0.7 88.7 0.7 87.05 0.6
90.8 0.7 81 0.6 75 0.6 83.85 0.6 817 0.6 84.75 0.6
88.7. 0.7 84.2 0.6 77.25 0.6 83.25 0.6 811 0.6 85.15 0.6
76.9 0.6 81.35 0.6 79.15 0.6 813 0.6 79.1 0.6 80.35 0.6

199

speed (ki C-value

speed (k C-value

87.15. 0.6
87.35. 0.6
89.55. 0.7
733 0.5
68.75 0.5
74.1 05
73.9 05
76.05 06
66.9 0.5
82.3 06
81.25 06
76.6 0.6
7.7 05
715 05
73.25 05
75.6 0.6
84.2 06
86.15. 06
73.9 0.5
76.9 0.6
69.9 0.5
74.05 05
76.4 06
87.7 06
84.05 06
84.95 06
85.75 06
89.25 07
739 05
84.2 06
86.5 06
813 06
77 0.6
84.4. 0.6
89.25, 0.7
88.65, 0.7
86.3 0.6
84.75. 0.6
76.6 0.6
83 0.6

81.95 0.6
77.85 0.6
87.3 0.6
85.25 0.6
716 0.5
79.9 0.6
79.85 0.6
79.15 0.6
78.7 0.6
79.85 0.6
789 0.6
813 0.6
84.1 0.6
87.15 0.6
84.2 0.6
80.3 0.6
814 0.6
81.1 0.6
85.35. 0.6
89.7 0.7
89.85 0.7
88.05 0.7
93.1 0.7
911 0.7
813 0.6
78.85 0.6
92.85 0.7
93.35 0.7
89.4 0.7
89.25 0.7
87.45 0.6
83.95 0.6
88.55 0.7
86.65 0.6
817 0.6
84.15 0.6
83.35 0.6
85.3. 0.6
85.6. 0.6

speed (km C-value

speed (k C-value

90.05 0.7
81.65 0.6
80.2 0.6
81.25 0.6
81.85 0.6
83.3 0.6
86.25 0.6
90.5 0.7
86.9 0.6
82.85 0.6
79.5 0.6
78.25 0.6
78.65 0.6
90.7 0.7
87.05 0.6
89.05 0.7
95.2 0.7
87.05 0.6
76.7 0.6
74.5 0.6
86.05 0.6
902/ 0.7
87.15 0.6
87.3 0.6
85.35 0.6
84.2 0.6
84.65 0.6
84 0.6
70.6 05
80.15 0.6
82.75 0.6
81.05 0.6
81.15 0.6
84.75 0.6
815 0.6
835 0.6
82.7 0.6
81.35 0.6
84.3 0.6
79.2 0.6

88.55 0.7
87.55 0.6
87.05 0.6
96.2| 0.7
94.25 0.7
80.7. 0.6
80.8. 0.6
84.5 0.6
91.35 0.7
87.15 0.6
86.95 0.6
89 0.7
89.8 0.7
93.75 0.7
84.4 0.6
70.1 0.5
75.8 0.6
89 0.7
88.9. 0.7
89.75 0.7
86.6 0.6
815 0.6
77.05 0.6
76.4 0.6
81.1 0.6
74.2 0.5
80.45 0.6
82.65 0.6
81.35 0.6
80.05 0.6
77 0.6
816 0.6
873 0.6
90.65 0.7
88.15. 0.7
80.4 0.6
82.05 0.6
82.15 0.6
80 0.6

speed (km C-value

speed (k C-value

82.5 0.6
81 0.6
84.05. 0.6
84.15 0.6
89.8 07
89.05. 0.7
97.4 07
89 07
817 0.6
83.35 0.6
86.15. 0.6
85.25. 0.6
89.6 07
93.35. 07
87.7 06
87.6 06
86.85. 0.6
89.45. 07
818 0.6
78.4 0.6
88.9 07
85.2 0.6
86.25 06
85.35 0.6
88.45 07
86.5. 06
83.75 0.6
818 0.6
715 0.5
8235 0.6
917, 07
93.05 07
84.15 0.6
81.75 0.6
77.6 0.6
82.3 0.6
89.35, 0.7
90.5 0.7
87.7 0.6
81.75 0.6

85.1 0.6
87 0.6
89.25 0.7
90.1 0.7
9.3 0.7
89.1 0.7
77.6 0.6
77.85 0.6
93.4 0.7
92.05 0.7
89.5. 0.7
87.7 0.6
84.7 0.6
86.1 0.6
86.5. 0.6
77.3 0.6
77 0.6
80.4 0.6
817 0.6
78.15 0.6
8165 0.6
785 0.6
77.65 0.6
74.45 0.6
79.75 0.6
84.85 0.6
78.6 0.6
79.4 0.6
78.35 0.6
81.1 0.6
83.15 0.6
78.25 0.6
80.3 0.6
87.05 0.6
88 0.7
83.5 0.6
75.5 0.6
73.15 0.5
79.15 0.6

speed (ki C-value

speed (kn C-value

83.85 0.6
83.5 0.6
86 0.6
89.05 0.7
89.55 0.7
85.65 0.6
87.65 0.6
88.55 0.7
715 0.5
81.85 0.6
90.8. 0.7
84 0.6
79.85 0.6
81.25 0.6
786 0.6
85.45 0.6
88.2 0.7
91.95 0.7
78 0.6
83.95 0.6
79.75 0.6
83.85 0.6
87.2 0.6
89.7 0.7
87.95 0.7
91.2] 0.7
9238 0.7
92.65 0.7
83 0.6
80.1 0.6
95 0.7
92.9 0.7
91.45 0.7
87.5 0.6
89.8 0.7
87.55 0.6
86.55 0.6
87.75 0.7
82 0.6
85.05 0.6

80 0.6
83.35 0.6
84.6 0.6
80.2 0.6
85.7 0.6
87.7 0.6
85.35. 0.6
79.2 0.6
78.8 0.6
82.25 0.6
80.65 0.6
82.55 0.6
85.1 0.6
85.65 0.6
86.1 0.6
84.8 0.6
85.4 0.6
73.6 0.5
75.45 0.6
87.2 0.6
87.1 0.6
86.3. 0.6
86.7 0.6
811 0.6
81.05 0.6
83.05 0.6
81.95 0.6
79.6 0.6
77.45 0.6
811 0.6
82.85 0.6
80.05 0.6
817 0.6
81.9 0.6
83.1 0.6
85.95. 0.6
84.5 0.6
72.7 0.5
773 0.6

speed (km C-value

91.45. 0.7
89.35. 0.7
86.95. 0.6
81.05 0.6
80.15. 0.6
80.45 0.6
90.3 0.7
89.2 0.7
79.2 0.6
82.15 0.6
83 0.6
83.35. 0.6
86.8 0.6
90.3 0.7
92.5 0.7
93.05! 0.7
92.3 0.7
93.45. 0.7
79.8 0.6
79.85 0.6
89.1 0.7
89.35. 0.7
87.15 0.6
87.75 0.7
87.45 0.6
85.45 0.6
87.45 0.6
86 0.6
812 0.6
82.05 0.6
88.9, 0.7
87.85 0.7
87.9 0.7
96.3 0.7
88.45, 0.7
85.05. 0.6
86.6 0.6
94.4 0.7
76.4 0.6
818 0.6

speed (kn C-value

86.15 0.6
79.45 0.6
81.15 0.6
79.65 0.6
80 0.6
83.15 0.6
83.6. 0.6
88.7 0.7
78.9 0.6
79.4 0.6
78.15 0.6
79.7 0.6
84.7 0.6
90.85 0.7
88.75 0.7
89.6 0.7
100.2; 0.7
97, 0.7

81 0.6
80 0.6
90.15 0.7
93.85 0.7
91.45 0.7
92.7 0.7
93.4 0.7
94.75 0.7
93 0.7
86.3 0.6
73.6 0.5
84.1 0.6
92.8 0.7
87.95 0.7
85.1 0.6
87.15 0.6
86.15 0.6
85.05 0.6
89.85 0.7
86.8. 0.6
74.3 0.6

speed (ki C-value

924 0.7
92.85 0.7
91.55 0.7
91.25 0.7
89.15 0.7

88.7 0.7

89.1 0.7

85.9 0.6

75.9 0.6

77.4 0.6
89.25 0.7

88.7 0.7

84.2 0.6
87.25 0.6

85.9 0.6

82 0.6
85.8. 0.6
87 06

76 0.6
78.45 0.6

835 0.6

839 0.6

81.9 06

825 06

83.1 06

84.6. 06
83.45 06

84.4 0.6

80.3 06

75.6 0.6
86.75 06
86.85 06
83.05 06
84.55 0.6

79.8. 0.6
77.85 0.6
80.85 0.6

816 0.6

81.8. 0.6

80.1 0.6

speed (km C-value

71.7 0.6
87.7 0.6
84.5 0.6
82.75 0.6
83.45 0.6
83.55 0.6
82.6 0.6
83 0.6
83.75 0.6
80 0.6
76.95 0.6
78.4 0.6
80.8 0.6
86.8 0.6
83.2 0.6
819 0.6
84.7 0.6
84.1 0.6
86.2 0.6
78.4 0.6
78.8 0.6
84.8 0.6
87.4 0.6
83.75 0.6
81.25 0.6
80.3 0.6
82.35 0.6
88.6 0.7
88.7 0.7
79.4 0.6
84.1 0.6
82.4 0.6
818 0.6
85.05 0.6
815 0.6
87.15. 0.6
88.15. 0.7
96.15/ 0.7
91.5. 0.7



speed (km/h)

85.4.
79.15
90.15.
89.65.
98.2.
%0.25
95
91.45
89
89.9
715
76.8
94.25
20.85
87.9
90.75.
87.15
84.85

85.4.

85.35
86.25
85.85

85.25
82.05
85.35
86.2
94.35.
80.4
82.45
818
83.2
85.95
93.65!
94.55.
89.6.
88.7.

speed (km/h)

80.55
85.2
79.8.
80.55.
70.65
71.2
73.05
75.1
771
81.35.
87.6.
83.5
68.6
69.9
733
77.55
81.05.
80.1
73.35
71.05
78.9.
77.4
76
74.9
84.2.
80.45
76.95
76.75
71.65
72.65
78.9.
80.65
79.8.
79.95.
88.05!
85.95
76.2.
77.15
76.9

C-value

C-value
0.6
0.6
0.6
0.6
05
0.5
0.5
0.6
0.6
0.6
0.6
0.6
0.5
0.5
0.5
0.6
0.6
0.6
0.5
0.5
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.5
0.5
0.6
0.6
0.6
0.6
0.7
0.6
0.6
0.6
0.6

speed (kn C-value

85.5.
72.9
76.4
91.85
86.6.
89.1)
83.35
79.95
82.4
83.7
84.45
67.3
66.4
88.4
85.85
83.65
80.9.
83.35
71.65
71.05
69.65
67.2
73.25
81.45
88
8115
69.75
62.3
65.15
66.25
72.4
717
816
70.1
68.65
66.95
70.25
66.5
75.4

speed (kn C-value

814
88.65
89.05

80
80.75
79

79.7

82.55
84
85.95
82.85
88
88.35

817

78.1
91.55

90.2.
89.15
87.95

80.5.

816
80.65
80.35

76.8
74.75
89.55
86.65
87.55
78.85

66.55
75.1
79.55

77.3
79.55
79.85

72.8

0.6
0.7
0.7
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.7

speed (km C-value

84.65
87.75
84.1
87.05.
65.45
64.15
62.6
78.95
85.8
91.25
92.4
88.35.
77.6.
77.1
65.9
59
89.45.
90.45'
83.5.
85.85.
85.9
83.7,
80.2
78.65
81.45
86.95
84.15
83
88.85.
813
80.15.
83.45
77.8
78.4.
87.15.

79.9
73.9
69.05

0.6

speed (km C-value

74.2
75.4
87.05
843
715
78.55
78.5
819
79.2
79.55
80.65
85.5.
85.55.
85.85.
75.4
77.2
82.1
83.45
8.1
87.7
79.4
80.25
80.75
84.9
79.4
83.85
86.7
86.85
818
71.7
89.3
85.5
97.2
93.45.
86.3
82.15
86.6
89.85.
85.45

0.5
0.6
0.6
0.6
0.5
0.6
0.6
0.6
0.6
0.6
0.6

speed (kn C-value

76.85
88.35
85.05
84.3
815
66.45
72.65
76.25
79.1
86.2
87.95
93.2.
91.9.
73.6
815
78.2
87.75
88.05
89.5.
87.8.
92.05
89.05
86.9.
726
75.85
86.25
91.6.
86.5.
85.2.
82.95
85.4.
87.3.
85.5.
70.9
776
88.5.
817
85.75
84.45

speed (kn C-value

86.4.
84.15
82.85
87.35

85

74.7
76.35
92.25
83.85
76.65
78.05

80.15

77.65

87.55
70.9
733
83.2

84.45

0.6

speed (km C-value

87.4
83.5
91.35.
94.7
84.4
90
87.6
84.55
84.95
90.15'
94.85.
95.4
98.7.
88.75
74
79.1
92.95!
91

94
825
77.6
75.3
82.85
91.2.
87.7
826
823
833
79.1
79.5.
79.35

90.15!
88.75.
77.6
74.1
88.35.
83.85.
85.1

0.6

speed (km C-value

80.8
81.25
77
79.3
78.8
78.6
76.5
85.1
79.85
78
79.85
81.55
74.45
80.1
88.95
86.55
77
77.35
816
81.25
82.05
81.05
82.9
85.95

87.8
77.9
78.9
85.35
85.6
80.95
81.95
80.85
75.35
89.1
88.95
80.9
81.05
80.75

0.6
0.6

speed (kn C-value

86.9.
86.9
87.1
85.85
81.65
73.9
75.85
86.65
86.1
86.8
79.8.
78.9
78.4.
92.3|
89
78.8.
78.25
79.95
79.85
74.2

82.75
82.9
84.35
81.9.
78.6
78.35

80.7.
80.7.
776
77.55
76.35
80.8.
81.3.
719
74.05
78
76.15

speed (k C-value

83.7
85.15
83.5
81.75
83.75
83.95
83.3.
73.9
79.65
84.4
82.2
82.5
82.15
79.05
81.35
86.85
93.1
74.7
883
82.45
815
87.65
85.15
88.35
93.5.
98
92.4.
813
88.1
89.35
95.55
95.45

94.75
86.8.
93.6
88.3.
78.6

82.25

0.6
0.6
0.6
0.6
0.6
0.5
0.6
0.6
0.6
0.6

0.6
0.6

200

78.6
76.75
75.75

77.9

78.4

814

77.5

79.9

80.5.

82
80.05
77.6
73.7
72
84.6.
82

718
78.85
83.45

83.6

76.5

76.8

79.2
77.15

85.7

93.1

82.1

78.6
79.55
80.05
80.35
81.85

76.6

84.6
82.05

75.7
79
85.35

92.15
87.8
89.65
88.75
87.5
88.35
87.7
90.35
75.7
79.6
86.85
89.2
89.15
86.45
88.65
87.45
85.4
83
78.2
738
89.5.
84.85
81
86.3.
80.35
78.4
80.8
85.25
732
69.6
85
83.9
817
81.85
84.45
83.2
86.1
91.05
86

speed (k C-value

speed (km C-value

0.7
0.7

speed (kn C-value

85.15
79.8
78.35
81.05
81.2
82.6
83.7.
74.2
77.45
77.65
78.85
83.2.
79.2
82.65
86.05
88.4.
85.85
73.9
76.7
80.35
81.2
80.9
82.5.
78.85
82.4.
83.1
83.9
70.6.
75.35
83
82.5.
81.55
80.05.
80.35
75.7
77.55
77.95
76.8.
78.6.

0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.5
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.7
0.6
0.5
0.6

speed (km C-value

78.2
83
86.25
85.55
85.35
86.05
91.45
85.25
83.4
71
82.45
85.2.
86.55
84.9
82.95
76.1
79.35
85.1
9145
83
78.4
75.55
79.3
82.5
80.1
88.45
83.9
79.85
82.6.
76.5
78.65
86.7
85.5.
80.05
75.3
773
79.4
81.25
87.8.

0.6
0.6
0.6
0.6
0.6
0.6
0.7
0.6
0.6
0.5
0.6
0.6
0.6
0.6
0.6

speed (k C-value

83
82.5
80.3.
80.1
75.65
71.95
77.35

87.6.

83.9
80.65
79.45

75.75
7535
70.45
82.4
84.6
883
78
79.75
78.4
83.6
82.2
84.25
92.7.
83.8
94.15

77.2
80.4
90.2.

89.15
92.05
85.3.
79.1
82.95
88.85
718

0.6
0.6
0.6
0.6
0.6
05
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.5
0.6
0.6
0.7
0.6
0.6
0.6
0.6
0.6
0.6
0.7
0.6
0.7
0.6
0.6
0.6
0.7
0.7
0.7
0.7
0.6
0.6
0.6
0.7
0.5

speed (k C-value

75.2
75.55
74.35

73.6

78.1
83.65

83.5

80.5.
80.25
85.55

729
82.95
86.05

84.9
86.05
75.35

74.9

70

86.8

90.95

77.7
78.8
79.8

79.9
82.75
90.35
91.25
89.75

81.2
82.45

86.6.

85.4

84.45

87.7
88.25
90.15

0.6
0.6
0.6
0.5
0.6
0.6
0.6
0.6
0.6
0.6
0.5
0.6
0.6
0.6
0.6
0.6
0.6
0.5
0.6
0.7
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.7
0.7
0.7
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.7
0.7

speed (km C-value

spe:

73.2
80.2
82
81.2
75.25
80.8
79.35
81.1
82.85
77.2
80.75
79.1
80.4
79.9
80.25

79.15

89.4

0.5
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6

ed (km C-value

88.65.
80.3
823
84.4
86.7

84.15

89

90.85.

89.25.
91.9

90.35.

83
84.8
87.4
89.4

89.85.

89.25.
88.8

89.85

90.25.

96.05!
77.2
87.3
91.7
92.9

86.45
90.9

90.15

91.15.

100.45:

96.65'
79.3
83.2

89.45
86.3

90.95
90.9

92.15.

88.95.

0.7
0.6
0.6
0.6
0.6
0.6

speed (kn C-value

73.1
78.4
67.85
75.25
80.2.
83.95
85.85
84
84.55
85.1)
729
77.55
81.05
83.7
88.6.
86,
83.2.
79.4
82.65
84.4
78.6.
76.15
83.5.
85.55
80.1
77.75
78.5.
82.5.
85.9.
86.55
79.9
79.85
73.35
77.5
79.75
83.6.

83.6.
87.45

05
0.6
0.5
0.6
0.6
0.6
0.6
0.6

speed (kn C-value

92.8
83.95
815
83.95
87
85.05
92.5.
87.35
90.3.
91.95
97.8.
91.4.
84.4
85.5.
88.85
85.45
84.05
87.85
86.05
88.25
87.4
89.15
79.6
79.55
95.45
92.45
86.3.
84.1
78.65
80.5.
90.65
87.75
72
76.6
80.4
79.25
82.45

81.05

speed (km C-value

87.2
75.7
74.2
79.55
83.2
80
83.2
78.65
78.4
72.05
73.9
70.5
74.4
83.15
84.7
80.15.
76.05
69.65
715
721
76.9
68.4
75.6.
79.6.
77.9
7335
715
67.65
703
74.55
78.85

76.2
71.6
71
71.45
67.85
66.45
73.6

0.6
0.6
0.5
0.6
0.6
0.6
0.6
0.6
0.6
0.5
0.5
0.5
0.6
0.6
0.6
0.6
0.6
0.5
0.5
0.5
0.6
0.5
0.6
0.6
0.6
0.5
0.5
0.5
0.5
0.6
0.6
0.5
0.6
0.5
0.5
0.5
0.5
0.5
0.5

speed (km C-value

85.25
84.7
82.7
75.5

83.95

77.95

82.05
80.5.
82.7
84.7

88.95.

88.55.
91.3.
77.5

88.25

84.75

83.85

93.25.

87.55
88.9
89.2
92.7
88.7
77.6
83.2
90.8
86.8
83.9
88.9

88.35.
93.3.
95.4

105.4;

80

77.65
92.1
88.4

92.55.
98.7.

0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.7
0.7
0.7
0.6
0.7
0.6
0.6
0.7
0.6
0.7
0.7
0.7
0.7
0.6
0.6
0.7
0.6
0.6
0.7
0.7
0.7
0.7
0.8
0.6
0.6
0.7
0.7
0.7
0.7



speed (km/h)

89.85/
75.95
87.65
80.65
723
79.2
83.25
82.05
81.9
817
77.9
85.15
88.9
86,
78.6
75.1
74.1
76.4
77.45
81.75
83.5
83.25
78
78.7
68.5
72.15
86.25
813
77.9
77.1
73.95
68.75
81.05
84
76.2
72.9
77.25
71.6
73.25

speed (km/h)

84.5
84.75
82.45
81.1
80.25
79.7
73.7
76.35
82.75
84.25
793
73.45
70.6
73.95
82.75
84.85
76.5
73.6
75
71.75
70.8
77.5
815
81.9]
793
79.9
68.5
80,
70.75

78.6.
76.35
70.05

68.1

79.1
85.45!

74.7
72.35

72.1

C-value
0.7
0.6
0.6
0.6
0.5
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.7
0.6
0.6
0.6
0.5
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.5
0.5
0.6
0.6
0.6
0.6
0.5
0.5
0.6
0.6
0.6
0.5
0.6
0.5
0.5

C-value
0.6
0.6
0.6
0.6
0.6
0.6
0.5
0.6
0.6
0.6
0.6
0.5
0.5
0.5
0.6
0.6
0.6
0.5
0.6
05
0.5
0.6
0.6
0.6
0.6
0.6
0.5
0.6
0.5
0.6
0.6
0.6
05
0.5
0.6
0.6
0.6
0.5
0.5

speed (kn C-value

76
76.75
80.4
80.55
814
78.4
83.85
75.85
78.7
79.1
73.35
75.7
76.75
85.4.
87.8.
815
80.05
75.75
79
81.15
84.55
87.7
83.45
91.25
87.75
77
82.2
89.75
89.65
86.5
85.7.
86.35
85.3.

92.35

86.3.
76.95
78.95
82.25

0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.5
0.6
0.6
0.6
0.7
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.7
0.7
0.6
0.6
0.7
0.7
0.6
0.6
0.6
0.6
0.7
0.7
0.6
0.6
0.6
0.6

speed (kn C-value

75.7.
77.65.
76.75

74.7
71.75.

79.3.

78.5.

70.1
73.55.
75.95.
77.45
76.05
75.45

76.1

73.4
79.85

82.2

74.3
78.65.

73.5.

76.6
78.65.

74.35
78.7.
87.2
89.9.
75.7.
70.5.
78.7
81.4.

80.15
86.9.

86.95

81.75
84.4

77.8
84.85

0.6
0.6
0.6
0.6
0.6
0.6
0.6
05
0.5
0.6
0.6
0.6
0.6
0.6
0.5
0.6
0.6
0.6
0.6
05
0.6
0.6
0.6
0.6
0.6
0.6
0.7
0.6
05
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6

speed (km C-value

86.4
88.4
923
83.7
86.45
89.3
79.2
72.85
95.9.
98.85!
82.7
79.45
79.05
85.1
87.35
87.8
735
84.4
81.55
80.6
83.85
77.35
79.65
76.6.
100.05!
92.25
73.9
76.05
77.3
79.45
783
90.65!
93.7
85.45
82.75
81.45
74.3
74.2
82.05

0.6
0.7
0.7
0.6
0.6
0.7
0.6
0.5
0.7
0.7
0.6
0.6
0.6
0.6
0.6
0.7
0.5
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.7
0.7
0.5
0.6
0.6
0.6
0.6
0.7
0.7
0.6
0.6
0.6
0.6
0.5
0.6

speed (km C-value

88.35.
88.45.
85.65'
81.45
86.7
92.05!
93.35.
94.05
78.6.
75.9
79.8.
81.55.
82.25
90.15!
85.85.
85.15.
87.7
85.55.
72.3
82.05.
90.05
86.9.
82
80.45.
82,95
79.35
88.05!
86.25.
78.9
87.5
80.2

87.5.
91.15
87.7
88.45.
90.95!
88
70.9

0.7
0.7
0.6
0.6
0.6
0.7
0.7
0.7
0.6
0.6
0.6
0.6
0.6
0.7
0.6
0.6
0.6
0.6
0.5
0.6
0.7
0.6
0.6
0.6
0.6
0.6
0.7
0.6
0.6
0.6
0.6
0.6
0.6
0.7
0.6
0.7
0.7
0.7
0.5

speed (kn C-value

87.15
84.3
78.1

77.75
76.5

74.05
82.7.
72.5

81
82.2
83.6.
77.6

76.45

733

73
818
90.1)
78.9

84.95

74.25

73.75

75.95

78.8
86.55
93.5)
85.45
723
75.15
79.15

93.2.
87.45
81.4
82.8.

85.65
74.7
715

0.6
0.6
0.6
0.6
0.6
0.5
0.6
05
0.6
0.6
0.6
0.6
0.6
0.5
0.5
0.6
0.7
0.6
0.6
0.6
05
0.6
0.6
0.6
0.6
0.7
0.6
0.5
0.6
0.6
0.7
0.7
0.6
0.6
0.6
0.6
0.6
0.6
0.5

speed (kn C-value

75.2.
85.95
92.15
90.55

86.2.
78.45
79.85

813
78.85

719
66.85
82.45
78.95
76.95
72.55

71.9

72.6
60.05

77.7

69.6.
71.55
78.25
74.95

73.2.

74.1

69.8
66.45
55.35

79.9.

73.1
72.05
72.55

75.1
76.55

714

63.7.

58.8.

64.2.

75.8.

0.6
0.6
0.7
0.7
0.6
0.6
0.6
0.6
0.6
0.5
0.5
0.6
0.6
0.6
0.5
0.5
0.5
0.4
0.6
0.5
0.5
0.6
0.6
0.5
0.5
0.5
0.5
0.4
0.6
0.5
05
0.5
0.6
0.6
05
0.5
0.4
0.5
0.6

speed (km C-value

83.25
82.55
81.65
843
85.05
86.15
84.5
833
73.2
74.95
88.05.
883
88.3
85.05
82.15
81.6
79.1
89.5.
78.2
87.45
80.15
79.75
825
82.75
90.2.
92.8
102.7
96.65'

78.45
89.25.
91.35.
94.85
94.3
88.1

83.7
82.4
73.6

0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.5
0.6
0.7
0.7
0.7
0.6
0.6
0.6
0.6
0.7
0.6
0.6
0.6
0.6
0.6
0.6
0.7
0.7
0.8
0.7
0.6
0.6
0.7
0.7
0.7
0.7
0.7
0.6
0.6
0.6
0.5

speed (km C-value

71
76.9
76.15.
77.9
72
69.7
63.8
58.35
76.2
79.5
71
76.75
72.15
76.55'
74.45
70.55
59.15
69.05.
82.8
83.05.
71.4
73.55.
74.45
725
67.7
69.7
64.7

81.15.
812
71.6.

70.95

71.65

73.05

73.45

67.95

67.15

90.35!

110

0.5
0.6
0.6
0.6
0.5
0.5
0.5
0.4
0.6
0.6
0.5
0.6
0.5
0.6
0.6
0.5
0.4
0.5
0.6
0.6
0.5
0.5
0.6
0.5
0.5
0.5
0.5
0.6
0.6
0.6
0.5
0.5
0.5
0.5
0.5
0.5
0.5
0.7
0.8

speed (km C-value

78.7
76.6
83.3.
82.9
76.95
75.65
78.05
83.25
85.25
79.6.
79.35
75.9
74.25
77.4
81.25
84.75
84.15
86.85
85.8.
77.9
783
79.95
83.7.
85.8.
73.55
78.75
79.95
87.85
82
723

80.05
81.05
76.5
78.2
79.95
85.85
89.2.
90.4.

speed (km C-value

95.5.

51.65
45.7
233
413

54.65

60.95
42.9
28.6

0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.5
0.6
0.6
0.7
0.6
0.5
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.7
0.7

0.7
0.6
0.4
0.6
0.6
0.7
0.7
03
03
0.4
03
0.4
03
0.4
0.4
03
0.4
0.4
0.4
03
0.5
0.4
03
03
0.4
0.4
0.4
03
0.4
0.4
0.4
0.4
03
0.2
03
0.4
05
03
0.2

201

79.3
76.1
79.15
815
82.35
86.5.
80.55
80.85
82.7
82.45
723
77.3
84.35
83.9
82.15
78.05
79.5
74.7
77.1
85.2
83
85.1
77.6
78.7
77.6
79
80.5.
87.5.
91.85
90.2
78.4
74.6
79.55
84.5
86.55
87.6.
77.15
83.4
80.45

41.4
44.8
42.75
56.8
39.3
16.25
289
58.7
40.5
45.8
513
353
36.7
62.05
43.85
43.7
193
258
45.4
63.6
78.75
38
27.8
53.35
55.3
53
42.05
37
18.65
53.9
725
43.5
42.25
333
58.95
519
44.25
59.3
28.1

speed (ki C-value

0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.5
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.7
0.7
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6

speed (ki C-value

0.3
0.3
0.3
0.4
0.3
0.1
0.2
0.4
0.3
0.3
0.4
03
0.3
0.5
0.3
03
0.1
0.2
0.3
0.5
0.6
03
0.2
0.4
0.4
0.4
0.3
0.3
0.1
0.4
0.5
0.3
0.3
0.2
0.4
0.4
0.3
0.4
0.2

speed (k C-value

78.35
69.7
76.25
82.15
80.95
80.7.
78
773
76.3
85.45
83.85
75.2
82.2
77
77.5
76.6.
79.7
80.95
84.75
91.35
86.25
72.6
74.05
83.15
86.6.
83.55

80.45
81.9
78.4

80.85
74.3

75.15

80.55

80.75

77.55

77.25
76.8

74.95

0.6
0.5
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.7
0.6
0.5
0.5
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6

speed (k C-value

22
70.1.
47.4

51.05
45.9
39.05
51.95
49.75
62.6.
45.75
222
20.7
45.45
48.9
55.3.
40.65
37.6
63.95
60.2.
50.65
58.4
286
371
51.15
56.95
55.85
335
45.2
57.1
62.65
64.5.
43.45
45.85
27.35
58.15
55.4.
35.4
42.15
47.4

0.2
0.5
0.4
0.4
03
03
0.4
0.4
0.5
03
0.2
0.2
03
0.4
0.4
03
03
0.5
0.4
0.4
0.4
0.2
03
0.4
0.4
0.4
0.2
03
0.4
0.5
0.5
03
03
0.2
0.4
0.4
0.3
03
0.4

speed (ki C-value

82.85
81.45
73.8
75.95
773
80.05
79.2
78.25
71.25
82.85
85.2.
82.85
79
73.9
79.25
81.35
80.95
80.6.
819
85
85.9
89
73.9
82.15
77.5
77.55
79.25
86.3.
83.55
82.7
87.35
91.9.
79.2
76.6
82.95
81
85.05
85.9
84.9

0.6
0.6
0.5
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.5
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.7
0.5
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.7
0.6
0.6
0.6
0.6
0.6
0.6
0.6

speed (ki C-value

61.05
61.7
44.2

43.05

45.45
54.4

64.45

50.15

38.25

40.65

50.55
58.7
50.1

37.95
343

60.05.
64.6
49.9
46.3
51.1

38.85
50.3.
67.5.
35.8
336
47.2

54.4

50.65
50.05
40.7
77.6
43.95
26.4
45.3

523
49.9

0.5
0.5
0.3
03
0.3
0.4
0.5
0.4
0.3
0.3
0.4
0.4
0.4
0.3
0.3
0.4
05
0.4
0.3
0.4
03
0.4
0.5
0.3
0.2
0.3
0.5
0.4
0.4
0.4
0.4
0.3
0.6
03
0.2
0.3
0.5
0.4
0.4

speed (ki C-value

79.2
84.1
80
73.2
75.1
81.35
89.35.
82.15
75.8
63.65
726
77.9
80.9
731
74.8
78.1
76.65
71.7
75.65
79.85
80.65
79.6.
81.05
74.7
76.05
79.75
78.15
80.8
77.45
81.55
80.85
86.8
85.95.
80.2
81.65
77.85
823
83.7
88.15.

0.6
0.6
0.6
0.5
0.6
0.6
0.7
0.6
0.6
0.5
0.5
0.6
0.6
0.5
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.7

speed (ki C-value

57.6.
35.95
69.5
75.15
50.75
47.25
30.55
60.4
513
51.75
61.15
39.5
64.4
72.2
50.05
52.05
50.7
39
47.8
45.85
64.35
435
73.9
80.4
40.75
44.25
57.25
48.65
40.55
37.95

59.6.
75.1
79.2
47.35
34.15

58.15
50.55

0.4
0.3
0.5
0.6
0.4
0.4
0.2
0.4
0.4
0.4
0.5
0.3
0.5
0.5
0.4
0.4
0.4
03
0.4
0.3
0.5
03
0.5
0.6
03
03
0.4
0.4
03
0.3
0.5
0.4
0.6
0.6
0.4
03
0.4
0.4
0.4

speed (kn C-value

86.6.
83.6.
90.35
86.8
75
77.4
84.25
86.95
84.8.
78.1
817
82.35
86.5
83.2
80.6.
74.75
78.1
79.35
77.05
83.5.
84.3
85.65
85.35
84.1
76.3
73.75
83.25
85.65
85.55
85.35
79.25
79.4
78.55
85.6
76.8
76.5
82.45
84.45
77.2

0.6
0.6
0.7
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.5
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6

speed (kn C-value

35.05
56.85
87.55
79.7
88.65
50.65
42.55
36.95
63.4.
57.55
45.75
81.2.
80.4
718
76.1
49.15
49.9
515
58.15
68.6.
75.5.
82.15
819,
77.4
75.95
50
48.45
62.05
64.2.
76.7

80.95
82.05
73.5
77.3.
47
45.3

77.9.

0.3
0.4
0.6
0.6
0.7
0.4
0.3
03
0.5
0.4
0.3
0.6
0.6
0.5
0.6
0.4
0.4
0.4
0.4
0.5
0.6
0.6
0.6
0.6
0.6
0.4
0.4
0.5
05
0.6
0.6
0.6
0.6
0.5
0.6
0.3
0.3
0.4
0.6

speed (km C-value

75.55
79.95
82.85
89.55
80.65
74.7
80.45
76.55
79.95
81.75
83.6
80.1
79.1
80.6
87.85
793
79.85
779
79.35
80.45
814
83.7
88.9
89.4
90.9.
74.7
82.55
80.9
85.2
85.75
85.2
86.9
86.35.
89
87.2
76
75.35
87.5.
80.45

0.6
0.6
0.6
0.7
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.7
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.7
0.7
0.7
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.7
0.6
0.6
0.6
0.6
0.6

speed (km C-value

73.95
74.7
76.35
78.9
74.7
75.25
47.2
37.8
63.4.
69.5
69.3
743
821
83.35.
77.2
69.55.
49.75
36.35

76.05.
71.65
82.1
85.25.
81.15.
63.1
56.9
53.2
43.1
65.85

75.35
76.65
733
68.35
62.7
72.35
63.55.
703
73.85.

0.5
0.6
0.6
0.6
0.6
0.6
0.3
0.3
0.5
0.5
0.5
0.6
0.6
0.6
0.6
0.5
0.4
0.3
0.5
0.6
0.5
0.6
0.6
0.6
0.5
0.4
0.4
0.3
0.5
0.6
0.6
0.6
0.5
0.5
0.5
0.5
0.5
0.5
0.5



speed (km/h)

72.8
70.95
69.25
64.4
73.65
73
77.05
71.6
72.2
72.25
72.6
64.45
63.8
68.45
86.55
82.1
81.45
71.8
72.95
72.95
72.55
77.15
82.35
91.05
94.45
83
79.65
78.45
78.4
83.25
87.7
91.85
94.2
917,
87.45
76
80.2
87.35
90.6|

speed (km/h)

771
77.15
77.85
83.1
85.25.
825
82.8.
77
73.65
69.7
77.65
75.95
80.4.
82,15
81.65
81.45
79.4
721
77
72.05
75.7
78.05
74.8
70.45
74.85

91

83
75.6
78.75
79.35
76.55
713
81.95
85.4.
88.15
83.55.

715

C-value
0.5
0.5
05
0.5
0.5
0.5
0.6
0.5
0.5
0.5
0.5
05
0.5
0.5
0.6
0.6
0.6
0.5
0.5
05
0.5
0.6
0.6
0.7
0.7
0.6
0.6
0.6
0.6
0.6
0.6
0.7
0.7
0.7
0.6
0.6
0.6
0.6
0.7

C-value
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
05
0.5
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.5
0.6
0.5
0.6
0.6
0.6
0.5
0.6
0.6
0.7
0.6
0.6
0.6
0.6
0.6
0.5
0.6
0.6
0.7
0.6
0.6
0.6

speed (kn C-value

88.1
86.15
85.15
84.55

85.7.

85

72.1
79.95

83.5.
84.55

83.6.

84.8

817
84.25
86.45

87.7.

75.1
79.05

84.45
81.6
84.4
90.7.

93.95
93.2.
91.8
817

78.85

87.95

86.85
89.45
94.3
88.7
93
89.45
78.6
79.1
91

speed (kn C-value

79.15
81.85
78.8
80.25
79.75
84.4
90.75
88.25
70.8
77.65
83.3
83.55
85.4.
815
78.8
77
80.8.
81
76.7
76.6
83.7
78.7
74.45
75.25
73.25
83.5

speed (ki C-value

89.95.
85.7
84
82.45
82.4
85.5.
84
77.2
80.05
87.9
85.1
80.6
77.4
79.7

86.75
89.95
79.3
76.35
76.6.
79
76.6.
83.35
82.8
87.45
89.15

77.8
73.3
85.05
86.6
81.45
77.85
79
823
84.05
83.65
77.2
78.05

speed (km C-value

79.05
76.1
80.1

80.05

83.85
92.1

93.25.

88.45
85.3
73.6

80.35

86.95

86.15
83.65
84.1
81
89.1
84.25
92.9
100.8:
103.8;

0.6
0.6
0.6
0.6
0.6
0.7
0.7
0.7
0.6
0.5
0.6
0.6
0.6
0.7
0.6
0.6
0.6
0.7
0.7
0.6
0.6
0.6
0.6
0.6

speed (kn C-value

80.85
83.4
79.8
80.7

78.65
82.7

85.45
91.5)
816
83.2
78.9

79

83.15
91.2.

92.75
95.3.

94.85

90.45
76.9
82.1
88.4

88.85

95.35

87.75
87.1
88.6.
89.2.
79.4
76.9

82.75

85.45

82.25

84.55

81.65
82.3

85.65

85.55
73.6

0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.7

speed (kn C-value

84.5
89.9
82
83.55
88.25
95.45
87.95
89.9.
91.85
81.35
67.4
73.9
88.3.
86.4.
83.55
81.45
77.95
75.4
77.65
78.25
73.6
76.65
80.9
819
78.55

77.35
75.85
79.75
79.05

725
70.85

67.5
74.05
76.25

743
71.95

79.3

0.6
0.7

speed (k C-value

80.2
79.85
819
83.45
81.85
815
84.05
87.85
84.7
70.4
75
79.45
78.7
83.2
814
80.4
80.45
82.15
84.35
72.1
8L5
87.1
86.55
80.05
85.95.
82.75
83.6
83.9
89.35.
80.4
76.05
85.1
84.2
83.7
84.9

80.6
80.4
82.2

0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.7
0.6
0.5
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.5
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.7
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6

speed (ki C-value

789
76.2
771
68.3
73.95
74.85
74.8
72.5
717
85.3
88.15.
781
75.85
713
75.75
76.95
80.1
79.5
79.7
83.15
79.75

77.05
78.4
78.7

78.15
72.25
77.55
78.7
83.45
80.3
80.5.
78.05
8175
77.7
79.35
80.95
843

0.6
0.6
0.6
0.5
0.5
0.6
0.6
0.5
0.5
0.6
0.7
0.6
0.6
0.5
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.5
0.6
0.6
0.6
0.6
0.6
0.5
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6

speed (kn C-value

81.1
80.5.
85.7.
82.4
79.35
81.25
80.05
786
90.95
92.15
776
86.3.
79.8
80.2
80.4.
83.75
91.8
99.25)
101.15
99.15]
79.8
89.35

95.65
93.05

84.75
87.05
88.45
82.05
729
722
89.9.
90.85
86.55
82.95
77.2
76.7
77.6

speed (kn C-value

89.15
85.7
77.2
78.1

72.95
77.8
82.9

87.35

86.85

92.45
86.6.

83.75
77.8

81.45

90.35

88.05
85.5.

80.95

80.05

87
88.15
76.4
78.6.
78.25

78.05
87
78.85
84.55
76.2
82.8
79.8

89.1
89.15
83.45

72.8

0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.7
0.7
0.6
0.6
0.6
0.6
0.6
0.6
0.7
0.7
0.7
0.7
0.6
0.7
0.6
0.7
0.7
0.6
0.6
0.6
0.7
0.6
0.5
0.5
0.7
0.7
0.6
0.6
0.6
0.6
0.6

0.7
0.6
0.6
0.6
05
0.6
0.6
0.6

202

78.75
755
72.65
82.05
76.6
73.65
75.8
77.05
78.2
77.35
77.85
726
789
715
74.1
76.55
78.95
74.45
75.25
83
82.85
79.6
783
75.4
79.35
75.85
77.4
83.35
82.85
84.9
80.05
717
75.35
80.15
80.45
79.7
76.4
75
79.35

72.85
79
91.65
83
84.75
77.9
81
77.45
72.75
75.9
79.1
84.8
85.85.
823
84.2
76.85
78.05
81.15
78.9
69.7
86.35
100.3!
93.9
85.9
84.7
82.1
85.4
92.45
88.55
91.45
88.15
93.85
90.45
85.6.
83.85
89.9
90.7.
89
92.3

speed (k C-value

speed (k C-value

0.5
0.6
0.7

speed (k C-value

86.1
89.75
776
80.15
77.95
80.8.
77.35
77.4
82.1
90.6.
88.75
85.45
75.6
75.5
82.45
87.25
80.65
80.9
83.1
80.95
86.05
80.6.
78.9
81.4.
79.05
80.25
82.1
86.5.
83.9
83.8
90.45
91.65
76.6
70.85

89.95
88.75.
88.95
85.95

0.6
0.7
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.7
0.7
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.7
0.7
0.6
0.5
0.6
0.7
0.7
0.7
0.6

speed (kn C-value

88.9
91.15
91.65

84.9

71.8

80.2
87.15

91.9
94.85

85.85

82.05

78.25
85.85

75.9
77.55
77.5
815
80.8.

0.7
0.7
0.7
0.6
0.5
0.6
0.6
0.7
0.7
0.6
0.6
0.6

speed (k C-value

82.15
80.65
71.75
65.4
733
92.5.
88.8.
8115
76
76.65
73.85
78.05
87.85
74.7
77.4
72.2
69.7
74.2
79
79.05
79.45
77.5
81.15

83.6
72.95
75.4
71.75
73.25
66.45

82.9
81.95
73.6
74.75
71.25
77.8
78.35
73.6

0.6
0.6
0.6
05

speed (k C-value

72.25
74.6
80.1

86.25

87.05
77.9
78.8

71.05

73.45

75.55
82.9

82.85

79.65

82.6

93.5.
102.3!
102.3!
89.75
81.95

89.4
76.2
73.6
89.65
84.45

0.5

speed (ki C-value

76
81.25
85.75.

91.6,
81.8
83.8
80.7
78.75
78.5
83.25
91.5.
90.5.
95.45
96.2.
76.2
74.6
83.85
87.85.
93.25.
89.1
87.3
84.1
85.9
83.65

70.55

833
82.15
83.15
83.45
81.85

79.9
75.25
78.45

72.7
84.05
81.95
79.15

78.5

0.6
0.6
0.6
0.7
0.6
0.6
0.6
0.6

speed (km C-value

82.85
80.85
84.8
80.1
76.65
737
72.3
79.65
84.6
92.1
83.75
72.95
71.15
76.15
76.25
82.2
78.4
78.55
738
76.35
71.45
75.75
733
75.85
87.35

80.7
78.85
70.1
75.6
79.15
82.05
80.45
86.5.
83.85
83.7
75.4
78.9
77.25

speed (kn C-value

74.3
74.7
79.55
92
87.95
82.2
83.6.
72.7
79.5.
83.75
84.5
85.7.
85.4
86.15
87.85
75.6
83.15
82.6.
83.4
88
87.95
83.9
83.25
86.35
85.15

77.5
82.8
816
78.15
78.05
79.55
84.15
86.6
84.4
813
82.7.
75.6
819

0.6

speed (kn C-value

81.05
82.1
80.8.

84

80.65
82.9

87.65
77.2
77.1

85.15

85.65
83.7

81.55
81.1

82
88.1
87.8.
75.2

76.35

83.85

84.05

80.55

89.45

88.65

90.95
95.1.
94.7.

83

82.85

80.65
86.9

91.25
86.7.

92.85
91.2.
80.9

79.45

76.1

speed (k C-value

86
81.45
78.8
80.85
86.05.
92.95.
86.9
85.55
82.85
80
833
90.3.
93.5
90.95.
92.65'
89.25.
80.4
79.55
99.45.
915,
90.35
86.35.

88.85.
86.8
84.9
77.2

79.85
80.4

85.55
84.4

82.65
73.7

76.75
80.6

86.75
73.9

77.45
72.4

0.6
0.6
0.6
0.6
0.6
0.7
0.6
0.6
0.6
0.6
0.6
0.7
0.7
0.7
0.7
0.7
0.6
0.6
0.7
0.7
0.7
0.6
0.6
0.7
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.5
0.6
0.6
0.6
0.5
0.6
0.5

speed (km C-value

76.55
88.35
84.55
83
80.4
79.65
71.8
79.5
8175
87.5.
85
85.7
83.9
76.95
74.45
84.75
89.75.
85.35.
86.25
87.1
79
73.6
83.9
88.65
84.4

87.55.
76.55

81.6
82.35
89.85.
8135
79.95

75.85
75.8
78.7

86
82.1

0.6
0.7
0.6
0.6
0.6
0.6
0.5
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.7
0.6
0.6
0.6
0.6
0.5
0.6
0.7
0.6
0.6
0.6
0.6
0.6
0.6
0.7
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6



speed (km/h) speed (kn C-value speed (kmC-value speed (kmC-value speed (kmC-value \speed(kn\c—value speed (km C-value speed (km C-value speed (knm C-value speed (kn C-value speed (kn C-value speed (km C-value \

ed (km C-value  speed (kn C-value speed (km C-value speed (kn C-value speed (knm C-value speed (kn C-value speed (kn C-value speed (km C-value
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speed (km/h)

78.85
774

77.55

7575 06
%8 06
66.55 05

C-value
0.6
0.6

0.5

speed (km C-value
88.9
78.05
81.1
90.05
84.9
92.2|
86.95
82.85
82.9
84.45
90.3|
83.25
83.6,
87.6)
8165
82.15
84.85
89.4)
84
82.55
89.75
84.3
90.55
83.6
87.05
96.15
98.4)
97,

speed (km C-value
89.15,
86.55
92.6/
776
88.9)
84.4
93.4
85.15,
82.7,
8175
72.35
8175,
79.05
84.6,
815
80.65,
79.6.
82.05,
77.4
827
89.8
843
93.25,
98.55
77.05
85.05,
89.6,
87.95
84.6,
80.4.

speed (km C-value
80.4
83
90.85
84.8
83.8
82.35
74.75
85.3
7735
80.7
80.15
83.5
83.15
74.6
65.7

88.9
84.2

86.8

74.4
84.05

85.5

86.85

86.8
86.7

84.65

85.6

79
84.7.

84.8

speed (km C-value
84.65
86.55
82.25
86.7,
87.4
92.25
93.65
88.25
89.65
84.45
87
87.6,
94.45
88.1
86.95
86
81.45
86.5
89.8
88.55

89.25
93.4
92.1]

85.35

90

speed (kn C-value
89.85
87.5
84.35
82.2
86.85
76.25
82.65
79.35
84.75
819
75.5
78
66.2
79.45
77.3
79.45
74.75
79.85
85.3
83.95
77.85
793
92.1
87.75
86.45
89.05
80.5,
91.2
86.75
91.85
90.5/
85.4

_p_
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o
=
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o
@

oo °
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89.45
79.9
87.8

82.55
85.3
85.4
84.1
83.6
79.7

83.65
825

speed (km C-value

628 05
53.95 04
55.1 0.4
558 04
5195 04
60.1 04
51.9 0.4
65.1 05
7315 05
5335 04
626 05
53.1 0.4

47.05
64.7
65.6.

0.3
0.5
0.5

speed (kn C-value
91.05
90.15
86.55
89.25
843
84.95
86.25
86.1
79.7
80.2
818

86.85
85.5,

83.65
77.9
80.2.

73.65

81.05

78.15
73.9
74.8

78.35
88.1

84.75

71.95
67.1
86.3
89.4
90.2.

99.15)

88.6
85.2
88.75
87.05
81.55
83.15
85.6.
85.2
80.65
80.6
83.9.
81.25
78.65
77.8
86.3.
85.25
85.5
88.4]
76.3
80.45
83.1
88.15
87.85
80.95
76.6
78.45
7735
79.95
84.45
77.6
72.95
81.65
82.1
81.35
80.85
84.75
83.25
75.75
80.15

speed (km C-value

79.15
7135
84.9
88.7
85.45
88.8
89.95
826
82.65
85.6
91.35
84.6
84.75
81.65
713
83.9
80.05
85
82.4
85.05
83.25
78.95
80.65
82.3
92.85
84.95
82.6
86.3.
79.85
84.8
796
86.75
86.2
86.25
85.05
85.35
85.4
88.05
94.2

0.5

0.4

0.5

70.15

77.7
825
83.15,
811
81.8

63.65
79.85
88.8
8:
87.3)
86.65,
86.75,
58.8
82.25

&

86.8
88.4
88.2,
84.25
88.8
92.15
91.15,
83.7
79.25
76.95
66.6.
83.95,
79.45
76.4
717
74.25
78.45
75.85
67.8
718
78.95

speed (km C-value
825,
79.95
85.65
813
833
825
88.75
88.1
85.65
87.85
71.75
80.85
83.7,
84.05
80.9
76.35
78.15
78
89.4
70.55
47.6 0.4
80.45
83.4
80.55
78.45
77.85
64.4 0.5
412 0.3
54.95 0.4
82.9
83.75
81.65
74.95
59.5
73.25
80.7
783
82.35
793

-9- -
>

81.2
78.6
75.65

76.05
70.2
77.3.

78.65

76.05

74.95

76.75

57.95 0.4
66.5 0.5
86.7
85.9.

81.75

76.15
55.15
79.95
87.25
84.35

833
87.55

86.15
89.95
98.9.
91.25
82.2
79.55
67.35 0.5
84.75
79.45
78.2

&8

o
o
=

723
76.25
62.7 0.5

-

speed (km C-value

78.05
79.75
85.75

79.5
80.85
81.25

735
77.65

86.4/

81.55

79.95

724
69.15
79.75
78.45
67.3 05
66.1 05
%3 06
60.05 04
76.45
7765
7165
60 04
64.05 05
7255 05
55.55 04
74.45
76.8
70.9
60.15 04
75. 15-
722
7.1
77.15
79.65
8175
83.8
75.1
a3 03
77.65
90.55
85.05
87.85
80.95
74.1
5.4 04
824
86.7
82.55

speed (km C-value

82.75,
84.8
79.9
73.75
79.1
90
85.4
84.7
91.95,
84.75.
83.05
86
86.8
86.7,
83.65.
80.8
69.85
82.1
78.85
83.45,
79.95
77.9
726
71.05
76.95
79.75
82.15,
76.95
74
811
77.45
72
76.75
87.1
82.8
75.8

76.95
815,

77.65

75.75
75.45

79.9
77.65
68.55
79.05

86.15
85.65
81.35
83.45

81.1



speed (km/h)
83.95
90.25
90.3]
86.4.
92.25
88.2
86.7,
88.75
95.8
92.05
88.15
80.8
70.9
91.2
80.4
83.95
783
80.1
81.95
733

74.75
76.15
82.6
84.8

82.9
83

C-value

speed (km C-value
82.35
75.5
77.25
793
84.7
83.65
85.1
86.15
86.1
80.15
78.3
89.9
88.9
86.05
95.6
76.95
80.3
89.4)
90.8|

85.25
80.45

speed (km C-value
95.55
90.6
83.75,
83.6,
73.05
86.2
80.6.
82,9
833
819
87.5
81.25,
64.95
84.85
87.6
86.5)
83.4
87.4
79.7
68.8
85.1

83.5
85.3

speed (km C-value
74.3
86,
77.5
80.8
76.4
73.5
7€
76.35
66.25
7135
80.5
79.5

speed (km C-value

92.15
88.65
86
77.25
88.5
84.4
87.45
87.3
85.65
88.65
91.1
811
87
94.7

86.05

speed (kn C-value

73.85
713
84.1
82.1
84.3
82.8

78.45
67.3

75.15

93.25)

89.35)

92.85
85.3

81.15

62.25

82.35

90.25
87.3)
87.3
85.7,
732

65.35
81.3

84.05
80.9,

77.5

o °
& &
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87.5
86.45
79.45

815

77.4

85.7
86.45

89.6/
87.35

80.4

80.75
77.3

84.5

76.15

82.25
79

825

69.2

speed (km C-value

82.85
84.7
81.6
76.8

81.45
81.4
69.4

76.15
85.5)
85.8

86.95

88.45
82.8

69.55
82.2

87.15

83.15
81.9

82
813
74.6

75.05

82.15

®
5]

76.35
80.25

74.1
70.75
71.65

78.95
80.45
83.7,
87.15
65.75
77.2.
90.5
87.95
82.55

0.5
0.5
0.5

speed (kn C-value

82.4
78.65
61.95

816

95
85.95
83.75

82.8

733

82

77.5
79.65
79.95

79

815

84.6
64.25

74.5
86.65

91.9
88.95
88.75

85.5.

75.6

86.9
90.85

89.2
88.35
88.35

80.5
81.2.

90.55
88.15
90.15
76.75
85.8
86.7

speed (km C-value

93]
86.95
87.35
87.65
76.55
75.85

78.8
89
86.5,
84.65
85.5
90.35)
66.6
87.1
93.5
95.45
93.5)
95.45
79.55
93.85

91
96.55
88.35)

81.4
75.05
70.45

84

70.3

74.7
75.65

75.5,

82.4
69.85

64.3

64.3

87.9

83.7

78.6,

speed (km C-value

speed (km C-value

7106
58.75 0.4
74.2
84.05
8155
83.8,
85.8
77.45
60 0.4
68.9 0.5
89.25
86.05
87.35
89.9
75.65
54 0.4
80.45
86.7)
82.45
81.15
81.2
67.2 0.5
65.3 0.5
74.55
82.25
80.7
80.75
80.25
80.9
54.2 0.4
74.35
91.25
85.9
91.65
90.9
819
65.7 0.5
93.6
92.65

88.5)
86.15
82.35,
75.55

77.4
75.25

887,
86.55,
84.05,
86.85
76.15

75

79.5

86.6,
79.35.

83
82.45,
77.95
80.05

76.1

speed (km C-value



