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Abstract-Management of traffic emergencies has become very popular in recent years. However, timely response to
emergencies and recovering from an emergency is an important problem in itself. The strategies in the current studies
merely suggest that after an emergency vehicle passes, the state should iterate to the next phase. Therefore, this paper
proposes a novel approach for recovering from an emergency situation at an intersection based on real scenarios. The
proposed method is a combination of context-aware and Reinforcement Learning (RL) models that predicts better
alternatives for different states rather than just iterating to the next phase. In this regard, a new algorithm, named
Interrupt Algorithm, is proposed to predict proper actions for recovering the emergency situation. This algorithm uses
a Q-learning-based model that learns from traffic context for an emergency situation and chooses viable action from
an action set. The recovery actions are categorized as max, min, and avg, respectively. Test results show that our
proposed model outperforms traffic flow over than standard single choice recovering action-based approach by
approximately 80%. Based on this, it may be more beneficial to choose different actions and therefore, proposed
algorithm with the help of RL presents a more dynamic emergency recovery model.

Keywords- Reinforcement Learning, Q-Learning, Intelligent Traffic Management, Emergency Situation, Traffic
Recovery

1. INTRODUCTION

1.1. Background

High demand on life standards drives people to search for practical and efficient solutions for everyday issues. Traffic-
related problems such as longer waiting hours, traffic jams, green environment issues, and noise complaints are among
these issues. Given traffic issues, maintaining effective traffic light management could be a potential candidate for a
better solution to this matter. Problems may arise if traffic light timing, phase order, and other parameters are not set
properly in terms of environmental demands. On the contrary, if there is a well-defined policy, it can be said that
efficiency is more likely to be acceptable by nature. Effective traffic policy implementation focuses on handling these
issues and improving performance. Besides, the critical issue is to understand how accurate and good a policy is. The
basic definition of a good traffic policy suggests that demand should be met with lesser traffic jams, and fewer delays
and waiting times such as waiting queues [1, 2]. Therefore, defining and managing a suitable model based on a well-
defined policy is essential. In other words, a good evaluation method is needed to assess the model performance in
terms of expectancy.

Because problems exist for a reasonable amount of time in a highly dynamic environment, some options and
approaches are made to improve traffic flow and increase the ability of traffic flow demand. Different techniques like
trying a time sequence for traffic lights, using statistical models based on some performance measures, fuzzy
approaches, and machine learning/reinforcement learning-based methods are used to increase traffic flow [1-5].



Within these possible techniques, machine learning-based intelligent methods come forward [6, 7]. Briefly, the best
approach to optimize these systems is still an open question for researchers, but a promising approach is learning-
based Al techniques [8]. Traditional traffic light management policies are based on assumptions or educated guess
processes related to statistical data. However, machine learning-based techniques rely on data and experience. Because
they learn from the environment and generate relevant results based on existing values without further statistical or
empirical studies, these approaches have an advantage over others in terms of preprocessing, policy definition, and
learning curve [9]. Once machines have learned, they can predict solutions for similar environments with reasonable
success. Among the machine learning methods, Reinforcement Learning (RL)-based methods may be the most
suitable for solving this problem. Because there are dynamic environmental conditions as well as many parameters in
traffic light management problems. In this regard, RL methods can present ideal approaches due to their working
mechanism. As RL can learn and improve over time with experience, it has great potential for intelligent traffic light
management problems [10]. The RL approach ensures that the model learns through selecting the most appropriate
actions, and the environment is appropriately monitored [11]. Because it learns from its experience, in an environment,
by taking action for a state based on an exploring/exploiting mechanism and generates a degree of reward [12]. As
time progresses, it learns according to the reward/penalty mechanism, creates a model, and becomes experienced. A
reward is a critical measurement for model efficiency. Various potential candidates can be considered as reward
parameters like the number of cars waiting for injunction/light, the throughput of junction or combined/grid
intersection, waiting time as well as a combination of these [6, 7]. Besides, there may be different definitions for the
efficiency term. For example, time derivative parameters such as waiting time are better when they are lower. Whereas
the number of passing cars or throughput is better when higher. Briefly, the RL-based methods are suitable for real-
time traffic, which can tolerate contingencies more efficiently. In addition, it does not require external supervision and
prior knowledge of the working environment [13].

When we consider traffic flow, it is not just about handling traffic demand in a given context. Traffic flow has
emergency issues or some kind of unexpected, interrupt-like actions as well. These issues are outlier elements of the
traffic system in this context because they usually need exceptional state and action definitions. As in high demand
traffic flow, emergency service response time is a critical issue — both in dispatch timing and arrival at the event site.
Because emergency vehicles have priority in traffic flow, choosing a good way of response system for emergency
situations is important. A traffic light management system should detect this kind of priority and adjust traffic light
orders or states to respond to the emergency issue. Signaling intersection light management, placing vehicles in more
efficient locations in a covered area, and route planning are some of the potential improvements and considerations.
Similarly, recovering from this exceptional state should also be considered. Because when traffic flow is interrupted
and the system is set an unstable state, at least for some time, recovering from such a state should be seen as important
in traffic flow and performance. Indeed, we need to respond to what happens after the emergency vehicle passes/exits
the system or intersection. Dealing with emergency issues is highly important, but what happens after the emergency
has been cleared is also significant.

1.2. Motivation and Contribution

In literature numerous studies exist on emergency issues in traffic flow or urban traffic situations [14-17]. Although
they cover various aspects of response issues, they lack strategies on what to do afterwards. Strategies that involve
events right after the emergency response and remediation have not received academic attention. That means, although
there are important ideas and approaches on how to deal with the emergency issue itself, restoring balance or a stable
state should also be covered by researchers. In our study, recovering from an emergency state is worth considering as
well as responding to the event itself. In this paper, a novel algorithm for dealing with the aftermath of emergencies
is proposed. This is called recovery algorithm and it is based on reinforcement learning. The model learns from traffic
flow, then simulates emergency issues/states, and acts accordingly based on the reinforcement learning process. It
should be noted that current systems are usually just implementing the next stage/cycle configuration [17-19]. It means
that the system continues with the next state defined after the given amount of time for the green light. Searching for
a different and possibly better solution is the main proposal of this study. Considering proper usage with more options
in what to do after an emergency vehicle passes an intersection can increase traffic flow performance. This paper
suggests that there can be more than one option and reinforcement learning-based traffic light system gain experience
from the environment and act accordingly. In this regard is defined three options in action selection: (1) Using the
remaining interrupted red time so the traffic light configuration will resume the red time for the line which interrupt



event occurred. (2) Using the median of remaining red time, so similarly in action 1, the traffic light configuration
will resume the red time for the line which interrupt event occurred, but in this case, the duration will be half of the
remaining time. (3) Iterating to the next phase.

As mentioned above, the classic approach uses iterating to the next phase. However, this study is aimed to train and
create an appropriate model, so that more accurate and efficient action choices will be made. Therefore, better options
can be selected in terms of recovery. In other words, our proposed model helps such interrupts to be handled more
smoothly. Because the line that the emergency vehicle passed has a red-light configuration, it gets green time before
the desired period and may affect other lines of the intersection. Therefore, adjusting the best possible action can
decrease the side effects of interrupting. Existing studies do not directly address these afterward events, so this is a
relatively new research topic. In brief, our contributions in this research suggest that, with the help of reinforcement
learning methods, traffic recovery scenarios that take place after the emergency situation can vary, and there can be a
better option for the desired context. In other words, the addressed issue can be defined as researching a suitable and
effective model for recovering from an emergency passing event in an intersection. This study shows that the traffic
flow can be resumed and recovered to a better state.

The rest of the paper is as follows: related works about the topic are given with brief discussions in Section 2. Proposed
methods are explained in detail in Section 3. Simulation results are given and discussions about these results are
presented in Section 4. The last section concludes the paper and provides future work.

2. RELATED WORKS

In recent years, many studies have been carried out with different approaches in reinforcement learning-based
Intelligent Traffic Systems (ITS). Improving intelligence of light management can be seen as a frontier topic in this
research area [4]. Because traffic flow is mainly managed with traffic light configuration systems, most of the studies
are focused on light management topics. In this regard, some of these studies focused on traffic light timing [1, 20],
while others concentrated on phase ordering [3] and other similar issues [8-10]. Also single or multi-agent approaches
can be seen. Some of these studies propose their solutions for a single intersection, while some of them consider
multiple and connected intersections.

2.1. Factors in Traffic Light Configurations

Traffic light order or phase order, cycle length, green light duration, phase sequence, and variance are significant
parameters in traffic light management. These elements are modified so that desired traffic flow performance could
be reached. In order to observe and assess whether performance is increased, some other measurements are required.
Naturally, queue length, average speed, waiting time, delay, throughput, and the number of stops are used as
configuration and solution factors in studies. Also, assigning a better phase timing and phase order to an intersection
is the main goal of the traffic light configuration process. Therefore, attention should be paid to investigating the
timing policy as well as the order of the lights.

2.2. Application of RL method in Traffic Light Management

Reinforcement learning has the ability to learn from experience [32]. This approach does not require a predefined
model or set of outcomes, and the reward definition and state-action relationship are enough to act upon experience
[1, 3]. Because traffic is a dynamic environment and it is relatively complex to define a good policy to manage, RL is
a good choice to consider. In this regard, researchers have focused more on light management problems with the use
of RL.

As mentioned earlier, traffic light management focuses on parameters such as light timing, phase sequence, and cycle
length. The timing of a traffic light and the duration of green light are considered in many studies [1-8]. In this
approach, the main purpose is to find the optimum traffic light duration for a light. It could be one value for every
light in the cycle or different values for every light. Phase order is another important parameter that attracts researchers.
In [3, 4, 8], the order of green lights and variances of these lights are studied. A cycle could cover every green phase
for lights or it could be used in one of many cycles [10, 37]. For this, Q-learning and deep learning-based methods are
becoming widespread [3, 8]. The Q-learning is used in mainly single intersection problems or non-grid-based multi-



agent environments. Other approaches are integrated like deep learning if the problem domain addresses bigger
connected intersection networks [8, 11].

Traffic light management also includes different movement options and other traffic-related entities such as
pedestrians and small mobility vehicles. In some studies, these factors also are considered [35]. Free turn for a direction
has a different learning effect on RL-based models and traffic flow considered based on these free turn lines. Also,
pedestrians could affect traffic flow because in some cases, intersections have the functionality to intercept defined
policy. They do that with an interaction point, such as a movement request button, and the intersection gives them
proper crossing time. This changes intersection policies that’s why some studies consider pedestrians whereas most
of them do not [11, 35].

Reinforcement learning consists of 3 main mechanisms which are state, action, and reward, as stated earlier. These
elements are combined and aligned properly with traffic light configuration choices. Mostly, one parameter in these
factors is used in the state or reward definition instead of combining multiple parameters [4, 8, 10]. Action definitions
basically include 2 options: iterate to the next state or extend the existing state duration [3].

Table 1. Traffic Light Configuration Factors in RL Based Approaches

Factor Definition Performance Expectation
Queue length Total number of waiting cars in line Lower queue length
Waiting time Total duration of non-moving time for every car Lower waiting times
Delay Expected travel time compared to actual travel time Minimized delay
Throughput Total number of passed cars at certain time Maximized throughput
Average speed Vehicle speed percentage by speed limit Maximized average speed
Number of stops Total number of stop-non moving action for every car Lower number of stops

2.3. Emergency Response and Recovery

Besides normal flow, emergency vehicles and their relations with a traffic light system are also relatively broad
research areas because this is also an essential part of ITS. Most of the current studies focus on solving routing issues
or guiding emergency vehicles through intersections because it is the first problem to assess [15, 21]. Reaching the
event site on time which can be named response time, is crucial in emergency issues so finding the most optimum
route under every possible condition is significant. For that matter, some of the researchers try to improve existing
strategies in the intelligent traffic light management context as well. For example, [17, 20, 22] has addressed how to
signal the intersection system or change the light state properly before the vehicle approaches the intersection. In [23,
24] has been focused on locating an emergency vehicle effectively in geographically better places in order to improve
response times when an event occurs. The methods and findings of literature studies are generally as follows. It must
be stated that existing studies do not directly give a solution to what happens after an emergency vehicle passes an
intersection. Rather, some state that the model will be iterated to the next state defined in the policy. Because there
are no examples to consider and compare directly in the literature for our knowledge, related works are given in
emergency handling strategies manner, and if there is a reference to traffic recovery, it is also reported.

Moroi and Takami proposed a method for reducing travel time [18]. They used the Vehicular Ad-hoc Network
(VANET) structure for messaging between cars and roadside units. When an emergency occurs, the emergency path
and direction are transferred by a message through cars and roadside units, which are carrier beacons for messaging.
When an emergency vehicle travels through a route, vehicles in the environment receive an emergency issue message
and defined route so they can make a proper maneuver to make way. VANET acts like a connected network in the
environment and these messages are transferred to the next block of vehicles. The authors state that sending route and
incoming emergency vehicle position decrease the travel time to the location in which the event occurred. However,
recovering from the emergency issue is not mentioned in this study. In [14], researchers have used the traveling
salesman problem-based shortest path algorithm to find an optimum route for an emergency vehicle. The shortest and
strongest path is the preferred route in this research because of safety and traffic density issues. They calculate weights
for possible paths and choose the best option in terms of travel time and findings to show that a good performance can
be achieved. Weighted route sections help emergency vehicles to select the best option possible for the event site.
Although the shortest path is the desired route, the authors state that traffic density and dynamic flow may cause the



route to be a poor option. State iterates back to normal after the emergency vehicle gets service from intersections, but
detailed information on how it was done was not provided.

Linders has proposed a general approach in his relatively old research which is an interesting paper to evaluate for
future reference correlation [15]. He suggests a method in which every aspect of traffic flow can be digitalized and
connected through some form of network, including maps, vehicle positioning, road situations in a time interval, etc.
He stated that such a network could improve dispatching and routing performance for emergency vehicles because
there can be a lot of proper information to use. Although this paper is relatively old, its focus on networking and using
different layers of information to sort out path-finding problems is a good example of a common approach for solving
traffic emergency issues and is still a valid approach. This work could be stated as a general framework for intelligent
traffic management, but recovery scenarios are not mentioned.

Al-Ostath et al. have proposed a Radio Frequency (RF) based signaling unit for sending and receiving emergency
messages to intersections [16]. They put an RF signaling unit in emergency vehicles which can send messages when
an event occurs and needs to clear path. At the intersection, they also used an RF unit that can receive a message from
an emergency vehicle and then change the phase to green for the road emergency vehicle. This is the main sketch in
many types of research, which is signaling and adjusting intersection green phase status. The difference in their study
is in communication level. They claim that this type of communication is secure and faster so traveling time can be
reduced. There is not any reference to restoring balance or what to do after the vehicle passes the intersection.
Almuraykhi and Akhlaq implemented a multi-layer signaling intelligent traffic light system to arrange a green phase
for the proper path [17]. In their paper, they defined a physical layer for gathering signals and sending messages and
a middleware to dispatch messages properly for the application. They have calculated the shortest path to the event
site and signal traffic lights in that route to set to green before the vehicle approaches the intersection by relying on
Maps services Message Queuing Telemetry Transport (MQTT) and Google Maps services. They benefit from multi-
layer structure and middleware communication and they state that data transfer and orientation mechanism helps
response time significantly. They show that the arrival time is significantly reduced by giving three-layer intersections
to organize. The model returns to normal flow again, but detailed information on how and under what circumstances
is not given. Ye et al. presented an algorithm for positioning emergency vehicles in a mapped network [22]. Different
from other emergency situation response research, their focus is mainly on finding proper locations to consider for
emergency vehicles. They stated that covering every site on a map is very important in order to reduce response time,
so they proposed an algorithm that puts vehicles in different locations on a map. They calculate a vertex coverage
weight for every possible intersection and try to find proper locations to place vehicles. They use a genetic algorithm-
based coverage approach with demand ratios and show that for proper maturity level-which can be set on the model,
very high percentages can be reached. The authors show in simulation results that the response times can be reduced
based on their suggested algorithm. However, there is not any reference or mentioned option about recovering from
the emergency situation.

In another study, Palle et al. The Arduino unit proposes an emergency response situation in terms of road clearance
using a signaling system consisting of InfraRed (IR), a sound warning system, transmitters, and other sensors [23].
They are also used in various systems such as wireless sensot networks [24]. The primary purpose is to allocate road
sections to increase travel time and reduce the time required to reach the emergency site. They propose that using
dynamic line changer equipment and sending a move action signal will distribute traffic flow to more lines, and one
of the lines will be dedicated to the ambulance. They tested this proposition with a simple led-based environment and
stated that the proposed method decreases the time used to get to the destination. Again, there is no mention of an
emergency recovery policy in this study. Mouhcine et al. propose a method for path selection in a distributed manner
based on the ant colony algorithm [25]. They have used environmental variables like traffic density, speed limit, and
availability of ambulances. The proposed method includes three agents, called routing, ambulance, and emergency
center. These three agents interact with each other to find an optimum weighted path. The emergency center agent
receives calls and initiates processes and manages other agents. This agent sends messages to other units to calculate
the cost of possible paths. Every agent is responsible for designated tasks and performs action according to
communication between agents. The routing agent is the core structure that calculates the density-based proposition
for the ambulance. The authors have shown that the results in their study are better than other known approaches.
However, there is no mention of an emergency recovery in their model.



Another study on traffic management was studied by Feroz et al. [26]. The authors have introduced a comprehensive
fog computing-based system for a smart and connected traffic environment. In this study, a new type of messaging
system has been proposed in which messages are carried mostly on a fog network and using VANET interactions,
broadcasted to vehicles. Cutting network package travel time and using cars as connected agents helps reduce
messaging time therefore, travel times can also be reduced due to faster response actions. Because traffic has dynamic
and life flow conditions, cutting communication costs may reduce the time to take action. They stated that travel time
is significantly lower than other agent-based full network models. In this model, it is said that the system state iterates
back to normal coinfiguration but there is no detailed info.

In [27], Li et al. proposed a method for solving clearance problems in heavy traffic conditions. This study covers the
solution for automated and connected environments due to simplifying human interaction problems. The authors
suggested a type of cluster head approach as emergency vehicle approaches to a block of vehicles. When this model
is used, the connected cars in front of the emergency vehicle move accordingly and give way. This is held in the
shortest time and with the least loss of speed. Relevant mechanism continues until the crash site has been reached.
They calculate trajectories in online and offline options. Because a connected environment can act faster than a human-
oriented decision system, automated vehicle response times are also better. The authors state that with a connected
and automated environment, clearance can be held in an online manner which in turn decreases travel time. There is
not any reference or mention of emergency recovery that could be found in this research. In [28], the authors proposed
an Internet of Things (IoT)-based method consisting of multiple layers and components interacting with each other.
They use a mobile application and Global System for Mobile communications (GSM). When an emergency occurs,
optimal route selection is calculated based on current location and traffic density. When a route has been selected,
green wave conditions, and lights set to green in an ordered fashion are implemented via sensor and GSM modules.
There are no statistical results in this study as it is a preliminary approach. However, the authors specify that by using
connected internet-based applications and beacons, the system should perform better than Radio Frequency
Identification (RFID) and such old technologies. Also, there is no mention of what happens after the emergency.

Shamsi et al. use deep reinforcement learning to reduce the delay that is emergency vehicles pass the intersections on
the path at a better timing value [29]. They use accumulated total waiting time as a reward function. The simulation
environment consists of a 4-way intersection, and the episode time is around 30 minutes. Their findings suggest that
a 27% to 40% decrease in average delay can be reached. This study shows that teaching a model what to do in an
emergency situation can increase response performance. However, there is not any recovery scenario in this study. In
[30], researchers have studied about adaptive emergency traffic management with a multi-agent-based convolution
neural network structure. They use a delay matrix to improve decisions based on actions. The authors tested the model
in average traffic density as well as high-demand traffic. This paper has a similar approach to Shamsi et al. but they
use a delay matrix rather than an accumulated waiting time. The results show that the proposed model is better than
some of the existing benchmarking studies and methods. In this paper, no reference can be found about recovering
after an emergency situation. In [31] Nama et al. have studied opportunities and challenges in machine learning-based
intelligent traffic management systems. Their study gives a comprehensive background in different ITS aspects,
including emergency vehicle routing. In this regard, data collection, analysis and using proper algorithms for desired
solutions have been examined. Finally, the authors stated that shortest path algorithms such as Dijkstra can be used
for emergency vehicle routing. This study gives an overall look at the topic, but there is no mention of an emergency
recovery strategy or method.

A brief comparison of the studies discussed and reviewed is presented in a concrete form in Table 2. In all studies,
there seems to be no specific work or focus on what to do after the emergency-interrupt event occurs. Only some of
the papers mention models could go back to their normal state. It has been inferred from that explanation that the
model should iterate to the next phase in this scenario. This shows that there is a serious gap worth investigating.
Because it is unclear how back to normal approach could be accomplished, we considered these mentions to simply
iterate to the next defined phase. As known, these studies mostly focused only on how to deal with emergencies.
Hence, the findings show that proposed models respond well to traffic flow and emergencies. Naturally, interest in
improving response and travel time and how to configure the environment in an emergency situation is vital but so is
what happens after. We present a new research model by considering the latter issue. The motivation behind our study
is to examine whether a different strategy can be applied to the traffic light configuration after an emergency event. If



there is, we aim to devise a solution that helps traffic management systems take more proper actions to improve traffic
flow after the interrupt event.

Table 2. Comparison of current studies based on emergency issues

Study Goal Method/Approach Recovery
Scenario
[14] Optimal path selection Calculating shortest and strongest path Not mentioned
[15] Reduce response time Construct a traffic network DB with different parameters | Back to normal
available
[16] Reduce response time Arrange traffic lighs with sender-receiver RF based | Not mentioned
communications
[17] Reduce travel time Multi layer smart traffic light system with mqtt and maps | Back to normal
integration
[18] Reduce travel time VANET based messaging with vehicles and road beacons Not mentioned
[22] Optimal location Calculate map coverage for vertexes and edges N/A
selection
[23] Reduce travel time Dynamic road lane allocation with signalization N/A
[25] Optimal path selection Ant colony based distributed path selection Not mentioned
[26] Reduce travel time Fog computing-based communication Back to normal
[27] Clearance for emergency | Kinematics based platoon movement calculations Not mentioned
vehicle
[28] Reduce response time IoT based communication via mobile apps and sensors Not mentioned

3. PROPOSED METHODS

Emergency situations are important in traffic flow scenarios where they should be dealt with immediately. Hence,
managing traffic flow and intersection light configurations are possible actions to take in an emergency situation for
ITS scenarios. Because there will be an interrupt, the traffic system faces an abnormality, and it also has to be dealt
with. As stated before, this study suggests that with the help of reinforcement learning methods, traffic recovery
scenarios that occur after the emergency situation can vary, and there can be a better option for the desired context.
Since RL methods do not need a ready-made model and learn from experience, they can be more effective and better
modeled in observing the traffic environment in a particular context [32, 33]. We can benefit from this mechanism
without the need for preprocessing. Due to the nature of the problem under consideration, other machine learning
methods cannot offer very useful and realistic results, because neither a ready-made model can be used, nor the results
are predetermined. The reinforcement Learning method can model dynamic, variable, and continuous-based problems
because it supports model-free algorithms. One of the methods from this method family and suitable for the problem
is the Q-Learning algorithm. The Q-learning can interact with an environment based on the reward model, so the
model does not need to be defined precisely. That means we could focus on defining a good performance
measurement, rather than a well-defined model. So we can overcome this problem with the help of Q-learning. This
study suggests that recovering from an emergency situation could be improved in terms of traffic flow performance.
A Q-learning-based model is proposed to interact with the environment and learn from experience to assess which
option could be better. Hence, one of our important contributions to the topic is defining multiple action choices.
These options are based on possible actions related to traffic light timing in which an emergency vehicle passes.
Therefore, this study will shed light on future studies.

3.1. An overview of the proposed model

Segmentation of the emergency event should be considered in order to better and comprehensively understand the
problem area. Three sections could be named as approach, event, and recovery, respectively, as shown in Figure 1.
The approach can be defined as signaling-about to be period of the event. In this section, a distributed model/traffic



system is about to be aware of an interrupt action. The event section means the actual passing of the emergency vehicle
from the intersection. Third, recovery represents the action to be taken after the emergency vehicle exits the
intersection, and this is the focus of our proposed model. In the approach section, an emergency vehicle enters an
intersection or intersection system. At this point, there must be a way to inform the traffic light infrastructure by
communicating with the right-of-way rules. As shown in Figure 1, action named 1 is the event of entering the system
in which an emergency vehicle sends a message to the traffic light control system. After that, the traffic light control
unit configures the lights accordingly to make a proper green light setting in action named 2. This is an exception for
underlying traffic light infrastructure, which means the line which is the emergency vehicle approaching should be
turned to green as soon as possible, if not immediately. When the approach section event is complete, an emergency
vehicle can cross the light and the intersection, named as interrupt event section. No blocking configurations should
be allowed in this stage according to traffic rules [2]. The emergency vehicle passes from the intersection in this
section without any concern of blocking traffic in action namely 3. After the interruption section is completed, the
emergency vehicle exists at the intersection and in the system. This is the period where recovery occurs. In action
number 4, the emergency vehicle signals the traffic light infrastructure that the request to pass through the intersection
is complete. That means the emergency vehicle has passed the intersection, and the need for interruption is complete.
After that, taking proper action according to learned values is implemented as in number 5, based on reinforcement
learning. Learned action for the state is applied to intersection light configuration accordingly. If learning mode is on
and the model is still learning from the environment, newly acquired values are updated for the state.
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Figure 1. High level view of model interactions

Approach and event sections are prior stages for recovery and they do not play role in the learning of our proposed
model. In the recovery section, an action selection, simulation, statistics collection and learning are performed. This
is an important phase where data has meaningful value for the model. In other words, data collected from the recovery
section is used in learning. At actions named 4, 5, and 6, the model learns what to do in time. This is done with
reinforcement learning, which is essentially a mechanism that learns from observation and experience-reward
feedback. Defining which data could be useful or considered valid in the environment is in the context-awareness
domain. When an emergency vehicle enters a traffic light/intersection system, it must be arranged so that it can cross
the intersection as soon as possible. Since these types of vehicles have the right of way, the traffic light configurations
should be changed in case of need. As mentioned before, after the vehicle passes the intersection and exists the system,
what should be implemented as the next action is not detailed in existing studies.

Our question is: is there a better alternative that can be learned from experience to choose rather than just iterating to
the next state approach? This is why we propose an interrupt algorithm responsible for arranging the light status as
well as actions after emergency vehicle passing. Once an interrupt occurred, the system has to act accordingly and
give way as in standard secure approaches and previous works. After that, the policy/system can arrange settings to
resume the current light state within the remaining duration or some other choice and iterate to another phase.
Recovering after an emergency state is our definition of after the action period in this model. The proposed model
states that the timing of the interrupt can affect recovery options. If the interrupt takes place in the last seconds of
light, for example, it might be useful to continue with the next state but in some alternatives, re-running the existing
state could be better. When we consider the interrupt event itself, it pulls forward the green cycle for the lines in which



the event occurred. Density then becomes another important aspect to consider in recovering situations. This paper’s
reinforcement learning-based context-aware model learns from these context values as experience and selects the best-
known option for recovery. The results of this study, which are presented in section 4, show that this model
outperforms.

3.2. Revisiting Reinforcement Learning and Context-Awareness

The RL has three main blocks: state, action, and reward [34]. In general, the RL model learns from experience based
on some reward evaluation. The state represents the existing situation based on the environment and problem domain.
Action is the procedure to take on that state based on some reward. There are rule-based, model-defined algorithms
and model-free, off-policy algorithms, as shown in Figure 2. In every algorithm, state, action, and reward are defined
regardless but with minor differences in computation methods. The state always represents environment/domain
definition and action defines what could be the proper set of behavior. The reward is the measurement of state change
performance, and it is crucial as it is stated above because the reward definition gives an option to the RL method to
learn from experience. Performance measurements and learning feedback are held by the reward function in the
reinforcement learning method. In other words, the core learning mechanism of these types of algorithms is strongly
related to reward definition. The reward can be defined as a tabular relation that could be given by an expert in the
domain as well as some function of the environment. The general schema of the reinforcement learning agent and
environment architecture is shown in Figure 3.

Policy-Based Value-Based Learn Model Model Given

Figure 2. Taxonomy of reinforcement learning algorithms [35]
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Figure 3. Elements of reinforcement learning



Q-learning, which is used in this study, is one of the algorithms that can be used in the realm of reinforcement learning.
This is because the Q-learning algorithm is very suitable for working in a coordinated manner in this type of ambiguous
problem. Q-learning is an incremental reinforcement learning method that can be performed online without the need
for an environment model, which further assists in solving the focused problem of this study. It embodies parameters
like learning rate and discount factor, and uses a reward calculation methodology, either a tabular form or some
function to learn from experience. Since Q-learning can be used off-policy, it can also be easily modeled. In other
words, a model can be constructed easily without defining a well-structured policy in the Q-learning algorithm [34].
As it has shown in Equation 1, Q-learning process combines the current reward value and some degree of next state
value, which can be obtained from the discount factor. Q+1y(s,a) is the state that is going to be updated. Q (s, a;) is
the existing value for the state and MaxQ; (sct1,a) is the maximum Q value for current state-action pairs. vy is discount
factor, which can be set from 0 to 1 interval. The discount factor shows how important a future reward is for the model.
If it is set to a higher value, current rewards have less weight and future rewards are considered more important. It is
set to a lower value and as it is nearer to 0, the model tends to be short sighted-that is current rewards are considered
more [36]. A is learning rate, which can be set at a value between 0 to 1 as well. If it is set to near 0, newly acquired
information is omitted and model might not learn the newly acquired information, whereas a higher value means that
new experience is considered valuable, and Q-values are updated accordingly [37]. In this case, previous experiences
may be overshadowed. Therefore, it is important to stay in a balanced place by decreasing from 1.

Q(t+ 1) (st,at) « Qt(st,at) + Alrt+1 + yMaxQt(st+1,a) — Qt(st,at)] @8

The Q-learning algorithm allows us to build a simple yet efficient model if relevant parameters are selected
accordingly. The algorithm gains experience and updates its knowledge with newly acquired data in the process. This
process includes exploring/exploiting strategies. Explore means that the algorithm randomly chooses an action in the
action set, with greedy or other approaches. This is the mechanism to achieve new information about the environment.
Exploit is the option in which the algorithm selects the best action in the state based on the previously recorded reward
value at this point. Defining a good balance between these two strategies is essential. Most of the implementations use
more exploration at the beginning of the learning process or iterations. When the model becomes experienced, the
exploit takes more action in the learning scenario.

Context-awareness can be seen as a domain-specific knowledge method, and it suggests that a model or system can
handle states and changes in these states according to its context and environment rules [20]. It means that context-
awareness makes environment interaction more meaningful. Thinking with reinforcement learning, which is
essentially a model based on environment observation, context-aware models can be helpful in solving such problems
efficiently. Although reinforcement learning uses observing, models are generally domain-independent generic
approaches. Therefore, combining context-awareness with a reinforcement learning approach is potentially good
practice to pursue. Reinforcement learning methods require a good understanding of the context, and interaction with
context is therefore important. Context-aware models need a good definition of what is being observed, not the
knowledge-based desired [24, 35]. We can feed context-aware domain parameters to the reinforcement learning
environment, and ergo this will be a good combination. Traffic light state, green time and current time interval, number
of cars in the system, traffic density, and such values can be used in context-aware traffic light management [6, 23].
These parameters then easily are used in the learning process of reinforcement learning.

3.3. Interrupt Recovery Algorithm

When an emergency vehicle needs to pass an intersection, it interrupts the current state, and this can be executed in
different ways [16, 17]. With this interrupt request, the designated signal turns accordingly, which is red to green in
this case. Because emergency vehicles have right-to-pass, non-blocking action must be taken in traffic light
configuration. For evaluation criteria, the timing of interrupt is the most proper parameter to use in our model. That
means the event time of interrupt is the most important value in our proposed model. It can be defined as categorical
values such as beginning, middle, and end. These values define when the interrupt occurred within a light duration or
phase.

Action parameters are defined as potential usage of the remaining time. The proposed method assumes that the
interrupt occurs in red light states for simplification purposes although it can occur in a green light state. Three
categorical values, min, max, and avg, are defined for the action parameters. When the option (action) is max, then the



remaining red light time is used. That means the state resumed from the point/second where interrupt occurs first. The
next stage is used for the min option, which means the model continues with the next phase. This is the standard
mechanism that is applied in intersections and some of the studies mentioned above. Avg option is the middle point of
the other two selections, using the average time of the remaining red phase but not the whole period. As an example,
for 40 seconds of the red-light phase, if the interrupt occurs at the 10th second and the remaining time is 30 seconds,
then the model will execute avg option for the 15-second red timing phase. During the interrupt period, approaching
and passing the intersection will take some time. This means that our modem can be used in real scenarios. Because
emergency situation should be dealt with before the actual passing from the intersection, the state turns in the green
phase for that lane. Then emergency vehicle passes through the intersection; this action is referred to as clearance in
this paper. The clearance time for the model is predefined for a reasonable time period such as 10 or 15 seconds, which
is normal for an emergency vehicle expected to pass an intersection in that time period.

As mentioned earlier, since Q-learning has the ability and flexibility to learn from experience without a well-defined
model, the proposed model in this study was inspired by this algorithm for the intelligent traffic light system. Because
it is relatively simple to implement and has a good performance in learning, we also benefit from the Q-learning
algorithm in a mobile context. Without a need to define a complex/complete traffic signal model, the off-policy Q-
learning approach still has good coverage over the ITS problem domain [7]. The proposed model uses a model-free
and off-policy approach as well. However, due to some features of RL-based algorithms, a new method is presented
by combining it with the context-aware-based approach. The context awareness helps the proposed model for
addressing related data. What to observe and how to combine observed data into the proposed model could be assisted
by a context awareness approach. At an intersection, traffic demand per time, traffic flow directions, queue lengths,
and other known parameters could be used to gather and observe the environment. Because Q-learning is model-free
and non-dependent on the environment, because it interacts with the environment via a reward mechanism, a strategy
is needed to infer meaningful information. Interrupt event, as detailed above, includes many parameters to define and
interact with the intersection mechanism so context-aware, self-aware observation is included in the learning process.
In this study, the terms of state and action, which are constantly used, are defined as follows.

State definition consists of a couple of parameters, including lane name with labeling light, light durations for every
lane, current phase, and current green lights. Interacting with a context-aware observing approach, the current state
and values for each parameter can be set. For interruption events, it was assumed that an emergency vehicle could
interact with the intersection system, and transmit information to make configurations accordingly. The state can be
expressed as a vector, S={current_phase, interrupt_period, duration}. The current_phase is the number representation
of the phase order that interrupts the action that occurred. The interrupt _period is the categorical value of emergency
action timing and duration is the current green light duration. The interrupt_period can be beginning, middle or end,
respectively. In our method, besides the definition of state, action must also be defined. Action options were defined
as remaining time usage strategy, min, max, and avg in which they form an action set, A={min:next cycle,
max:use_remaining, avg:use_median_remaining}, as presented in Equation 2. As the name suggests, model iterates
to next phase in min selection. Max sets the remaining time to be used as action, and avg is the median of the remaining
time. A basic comparative representation of actions is given in Figure 4 with the timeline approach.

Interrupt Event

Clearance

Prefferred Action- Min: iterate to next phase

Preffered Action-Avg: use average of remaining green duration

Preffered Action-Max: use all of remaining green duration

Figure 4. Prefferred actions given in timeline
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One of the most important and difficult elements in reinforcement learning is to define the reward mechanism [6].
Choosing an appropriate evaluation method is very important for measuring performance. Many studies use a single
type of parameter such as total cars passed, average waiting time, throughput, etc. [6-17]. But in addition to that, we
use efficiency as a reward, as a total of cars that go through green stages each time (Equation 3). The total number
difference of passing cars in a given time is the measurement in short, for this reward calculation.

r = 3600. (——)
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Where N is the total number of passing vehicles, #v is the time period of the last passed vehicle (measured in seconds),
and #; is the initial time period of passed vehicle (also measured in seconds), and finally, r is the reward value
calculated.

In brief, the proposed model calculates all three stages of an emergency situation because these are all parts of an
emergency situation. As stated above, these stages consist of approach, event, and recovering, and every number of
vehicles is counted as input. As expected, the model uses these parameters and learns from traffic flow simulations.
Categorical values are used in our proposed model, and for simplification purposes, we use three for each. When we
consider real traffic situations, much more values are probably required; even some form of continuous parameters
should be used to improve traffic flow. However, examining whether the proposed model has potential or not and if
there is, how efficient that has directed us to make simplification. Recovering from an emergency situation is a
relatively new aspect and challenge of intelligent traffic management. Therefore, simplifications and dividing the
problems into small examples can provide an opportunity to solve the problem effectively and to work in this field.

The core functionality of the proposed method relies on context parameters. Knowledge about events and the
environment makes new and potential multiple actions. If the model could learn from experience labeled with evet
timing, the lane that the emergency vehicle needs to pass as well as the direction, actions could be more specific. The
proposed model uses 3 categorical values in a way that did not use before, therefore different and potential better
traffic flow results are possible. As the model evolves and learns from experience, based on the Q-learning algorithm,
given state and action definitions become more valuable. The existing strategy does not count on any observation
about the environment right after the emergency event, whereas our proposed model’s novelty suggests that it is
eminent.
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Figure 5. Q-Value update process for Q-Table




After learning is complete, the model can choose the best-known action on any interrupted event. Max Q-values are
the ones for every state that must be selected when an interrupt occurs. Q-Table has been constructed with these
experiments and includes the relation between state and actions. That means Q-Table is the resulting policy chart for
what to do in a state. The learning process is determined according to equation 1.

In Figure 5, a simplified representation of the learning process and effects on the Q-Table are shown. At the initial
stage, Q-values are set to zero. In the learning episodes, reward values are updated according to state-action pairs.
Eventually, when the learning is completed, the Q-table stores max values for every state-action pair. These max pairs
are preferred state-action pairs. The proposed Q-Learning-based Interrupt Recovery algorithm is introduced as
pseudocode in Algorithm 1. In addition, the working mechanism of the proposed method is presented in Figure 6 as a
flowchart.

Set Environment Iterate until epoch . Observe interrupt Simulate Interrupt
int Params > Variables 1 count reached ’,5'9"3' Interrupt Event|—> details > Eventfor Cycle

(.

Calculate Instant
—| terate Through Next [€<— SelectRandom [€YES: Is Explore )< Select Next State  [«— Reward for Current [€«—j Ananqe Context
State State Variables

Select Known Best

Calculate Future Update Q-Table for
Reward State

Select MaxQ States

YES
Y

Update Learning
Rate and Discount
Factor

Figure 6. Flowchart of learning process

Algorithm 1. Interrupt Recovery

Input: traffic state observation
Output: best states for interrupt events

Init parameters
Qe (st,at) « 0 //Initialize Q-table for Interrupt
Set environment variables

for all episodes do

1
2
3
4
5 for all light duration_config do //Iterate through light-duration configuration
6 interrupt(state) //Signal interrupt to system

7 observe(environment) //Observe interrupt details

8 environment: Light name, phase, interrupt second, interrupt phase

9 run(interrupt_cycle) //Simulate interrupt cycle

10 interrupt_cycle: Simulate interrupt period for selected action

11 stats(traffic) //Observe traffic stats

12 Transfer context values for every phase change

13 Calculate instant reward

14 select(next state) //Select next state



15 Explore/exploit using e-greedy approach

16 Transfer context values for next cycle

17 state < next_state //Iterate through next state

18 Calculate reward for next_state

19 Qe+ (st,at) < Qe(st,ac) + Afre+1 + yMaxQe(sc+1,a) — Qe(st,ac)] //Update Q-Table
20 end for //Iterate through light-duration configuration

21 end for //Episodes

22 Select max reward solutions as interrupt-value-mapping

4. SIMULATION RESULTS AND DISCUSSION

In this section, we present and analyze the numerical results for the proposed model. Simulations have been held on a
PC with an Intel i5 processor with 2.2GHz and 8 GB of RAM. Several simulations were made to obtain a good
measurement because the Q-learning process has randomness in it. To obtain a healthy measurement, multiple runs
must be made. For the Q-learning parameters, the learning rate was set to 0.7 and the discount factor to 0.9;
furthermore, 5000 rounds were also used for learning epoch count. The reward function is defined as throughput,
which is based on the number of passing cars in time as mentioned above. The case study is based on real data from
the Bayrampasa district of Istanbul, Turkey. Traffic data was gathered from Istanbul Municipality within Traffic
Management Department’s statistical analysis and monitoring process. Also, traffic data was used in a study in which
researchers work on a queue mechanism for improving traffic flow [38]. Used real data is also shared as a
supplementary file. Based on the traffic data of this district, the simulation environment in this paper we use has an 8-
way intersection, and light durations can vary from 10 to 90 seconds with 5-second intervals, such as 15, 20, 25, etc.
All road lines and lights that manage these lines are attached to state definition as in context variable. No free turns
are allowed in this type of intersection. The traffic density of this intersection varies from 245 to 1492 cars per hour.
Lines named 3 and 7 have a higher density than others, and 4 and 8 are the lines that the least cars pass. As seen in
Figure 7, there are 8 lights and 8 roads. Every light period in a single phase is equal. It means in a given phase, every
light consumes the same amount of time whether its state is red or green. The traffic cycle consists of 5 phases. In
every phase, 2 lines are allowed to be green. Green lines in every phase are as follows: /={3, 7}, 2={1, 5}, 3={3, 4},
4={7, 8}, and 5={2, 6). Light duration is predefined and fixed for every phase and set to values from 30 to 60.
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Figure 7. Intersection configuration

Table 3. Simulation parameters

Parameter Value
Learning Rate (o) 0.7 to 0.5 gradually
Discount Factor (y) 0.9 to 0.5 gradually

Epoch 5000 times



Min Traffic Rate 0.002 seconds per car

Max Traffic Rate 0.42 seconds per car

Phase Count 5

Green Light Duration 30 to 60 with 5 second intervals
Interrupt Period-Beginning 25% of current light duration
Interrupt Period-Middle 50% of current light duration
Interrupt Period-Ending 75% of current light duration

Traffic data is gathered by related organizations in Istanbul Municipality, as mentioned above. Data gathering is made
by sensor usage at an intersection. There are sensors at every road for the intersection which are located around 100
meters away from the lights. Also, there are sensors at the lights as well. When incoming traffic is observed by input
sensors, these are recorded as entry time slots. When a vehicle passes through a light, sensors on the light also observe
that movement and mark it as exit action. In this way, the total number of vehicles observed and elapsed time can be
calculated. Figure 8 schematically shows how traffic data is gathered from an intersection. The speed limit is set to
standard urban rules and there are not any specific restrictions or conditions regarding traffic flow weather and road
quality conditions, so these are not considered in the model.

Output Sensors Input Sensors

Figure 8. Schema of Traffic Data Gathering Positions

The parameters and environmental values, which are used in this study for analysis and comparison, are given in Table
3. As episodes increased, the learning rate and discount factor decreased. Since a higher learning rate indicates that
the model mostly learns from new experiences, decreasing the learning rate in higher epochs helps the model to use
existing best strategies because the model would have experience. Exploring from the early stages is the preferred
method, but after some epochs, the model should use existing best-known states. Otherwise, the model will just
memorize, which in return, could cause false output predictions. Because the discount factor measures how much the
model learns from future gains, this value should also be considered as a candidate to have lesser value as episodes
progress. In other words, lower rates tend to act more myopic where rewards are calculations of the current state in
every epoch. Starting with 70% of epoch count, rates are rearranged accordingly, which ends with a value of 0.5 for
both discount factor and learning rate. Traffic rates are measured in seconds; for example, every 0.42 seconds, a car
enters the intersection on a higher traffic density road. Interrupt period values are numerical assignments for
categorical state definitions. The proposed model assumes an interrupt event can occur in 3 time periods; in the
learning process (as well as testing), a given amount of light duration is passed before the event. That means, if the
interrupt in ending states and light duration is 40 seconds, the model assumes that the interrupt event occurs at 30
seconds.

A sample of simulation results for the interrupt algorithm is given in Table 4. An interrupt line is the way an emergency
vehicle comes from. The period is the timing of the interrupt, and the phase is when the event occurred in the cycle.
Preference is what we propose, what to choose in that state. Cycle length is the total time calculated after the whole
cycle is completed; this includes usage of remaining time plus clearance for an emergency vehicle. The average



waiting time is in seconds, and the total passing cars is the number of cars passed after the whole cycle has been
completed. The total number of passing cars is a cumulative total, including every green phase in the cycle, and the
interrupt period. As mentioned before, the timing of the phase that an emergency occurred is important. If it is in the
beginning seconds, we observed that the model predicts to use of an average of remaining time or continuing with the
next phase more frequently. For the end of the phase, if the line has a high density, the model suggests that resetting
the current phase is more favorable.

Table 4. A sample of simulation results

Interrup Interrupt Current | Interrupt Action Cycle Lenght with Average Total Num of
t line occurance Phase Preference Interrupt (sec) Waiting Time Passed Cars
period (sec)
1 Middle 2 Avg 128 29,14 217
5 Beginning 2 Avg 125 29,71 207
7 Beginning 2 Avg 125 28,77 248
7 Middle 2 Min 122 28,97 243
1 Middle 2 Max 135 29,55 225
5 Beginning 2 Max 135 30,79 217
7 Beginning 2 Max 135 29,35 259
5 End 2 Max 135 30,80 213

In the study, an interrupt signal is sent 50 different times for every road line. That means simulations are made for 50
epochs. In Table 5, simulation results are also shown in comparison to different outcomes. Because learning involves
some degree of randomization due to exploring possible actions, results vary. The worst-case column represents the
lowest number of cars passed in the selected action, and the best is the opposite: the most cars passed in this case.
Beginning, middle, and ending columns are time interval labels that interrupt events that occurred. As stated before,
we model our algorithm to detect interrupt signals as categorical values so that model understands in which phase an
emergency vehicle issued an interrupt. Phases are labeled as 0 to 4, and in every phase, there are at least two lights
that are set to green, and others are red.

Table 5. Number of passed cars in interrupt cycle for worst, average and best cases for recovery algorithm

Best Avg Worst
Line | Phase | Beginning | Middle | Ending | Beginning | Middle | Ending | Beginning | Middle | Ending
0 241 236 231 240 235 230 220 221 223
2 227 225 223 226 224 222 216 217 219
3 231 229 227 229 228 226 220 221 223
1 4 225 225 227 224 225 226 224 225 226
0 227 221 215 227 220 214 227 206 207
1 217 214 208 214 209 207 208 207 205
2 220 217 214 219 216 214 209 209 214
2 3 221 218 215 220 217 214 210 210 211
1 235 234 234 234 233 233 226 227 230
3 240 239 238 239 238 238 229 231 238
3 4 238 239 242 237 239 241 237 239 241
0 228 222 216 226 221 215 207 207 208
1 217 214 208 214 209 207 208 207 205
4 3 219 216 213 218 215 212 208 208 209




4 209 208 209 208 208 208 208 208 208
0 229 223 219 228 221 218 209 209 211
2 217 214 213 216 213 212 207 207 209
3 218 215 214 217 214 213 208 208 210
5 4 210 209 211 209 209 211 209 209 211
0 228 222 216 225 220 215 207 207 208
1 217 214 208 214 208 207 208 207 205
2 219 216 213 218 215 212 208 208 209
6 3 219 216 213 218 214 212 208 208 209
1 247 246 247 246 245 246 238 239 243
2 259 258 258 257 256 257 248 243 254
7 4 254 253 254 253 253 253 253 253 253
0 228 222 216 226 221 215 207 207 208
1 217 214 208 213 210 207 208 207 205
2 219 216 213 219 214 212 219 208 209
8 4 209 208 209 208 208 208 208 208 208

In addition to these, Table 6 lists non-model/standard min value simulation results. As it can be seen from the values,
there is exactly one outcome for any given state, so average, worst, and best of values do not apply. Because for every
simulation iteration, there can be only one possible action due to exactly one set of options. When the results are
examined, it is determined that more vehicles pass for the interruptions at the end of the stage. This is understandably
meaningful because more cars would pass through when we use more green lights in the intersection. In some cases,
the number of passing cars does not change during the interrupt period because in these lines, traffic density is low
and no new cars could be passed from the intersection. As we stated before, a standard run is an action where the
traffic light state iterates to the next phase after an emergency vehicle passes the intersection. That means, regardless
of the interrupt event period, traffic lights change to the next state configuration after an emergency vehicle passing;

named as min action in our proposed model.

Table 6. Number of passed cars in interrupt cycle for standard run

Line Phase Beginning Middle Ending
0 201 208 216
2 206 210 215
3 210 214 219
1 4 224 225 226
0 188 194 200
1 198 201 205
2 200 203 206
2 3 201 204 207
1 215 220 227
3 219 224 230
3 4 237 239 241
0 188 194 201
1 197 200 205
4 3 198 201 205




4 208 208 208
0 190 196 205
2 197 200 206
3 198 201 207
5 4 209 209 211
0 188 194 201
1 197 200 205
2 198 201 205
6 3 198 201 205
1 227 232 240
2 238 243 250
7 4 253 253 253
0 188 194 201
1 197 200 205
2 198 201 205
8 4 208 208 208

In addition, the BoxPlot method was used to examine the performance of our method in detailed analyzes and
comparisons made in various situations. In this regard, Figures 9, 10, and 11 are boxplot representations of what we
have shown in the tables 4 and 5. It should be remembered that these values include each stage and simulation results.
The variance and value distributions are good criteria to compare with the standard approach. In general, the least
difference between the minimum and maximum values for a box is considered a good measurement. Likewise, higher
weighted average values are also good because this favors high passed cars. When we use the t-test of these simulation
results, the difference is very low, and it can be said that there is an overlapping pattern. For example, in the case of
beginnings, the t-test value is 7.45778E-10 which is very low. When we examine results in the group, there are
similarities between passed car values for lights and phases, and curves are similar with one difference; our model has
a higher value range which means it has better values. In Figure 9, simulation results are shown for interrupt events
that occurred in the beginning period of light duration. The vertical line represents the total number of passing cars in
the intersection, whereas the horizontal line is the number of interrupt lines/lights in which the event occurs.
Obviously, for every light scenario, our proposed model has a better value distribution and generally less variance or
variance with tends to maximum values. Lights 3 and 7 have high density so variations between phases are much
higher than the other lines. Lines with fewer traffic densities generally have less variance, and their min-max passed
cars numbers are close.

Figure 10 shows that in the middle section of light duration, the difference between simulation results is less than
beginning section events. As seen in the figure, in some cases, the standard model has less variance this time; however,
the proposed model has the advantage of better/higher passed car results. As in the figure 9, higher density lines have
higher values and variances as well. In the middle section of traffic light duration, we can see that more cars can pass
through intersections. This is because cars benefit from green light duration more than beginning phases and queues
are less. In Figure 11, simulation results for the ending period of light duration are shown. When we look at the figures
altogether, in every case, the proposed model has the values of the better-passed cars. Lights control the traffic line,
which has higher traffic density; for example, lights 3 and 7 are showing more variance in every case, as it has
mentioned. This time, the total numbers of passing cars are higher than both the beginning and middle periods of the
interrupt. This is also understandable and expected because traffic light state configurations are made to gain balanced
traffic flow, and any unexpected change from that course affects delays. The later the interrupt event occurs, the less
effect on traffic flow should be experienced.
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Figure 11. BoxPlot of results for ending periods in proposed and standard models

Besides these, in Figure 12, the distribution of actions is given in total numbers. This figure shows the models’ choices
for all simulation cases. There are 4500 test cases: 50 simulation runs, 8 lights, a minimum of 3, or a maximum of 4
phases according to light configuration. We can examine how many cases the model selects different actions rather
than the standard min value approach. In most cases, our model was able to successfully select the maximum value
for the desired action. There is a slightly smaller number of choices for min and avg actions. Considering a total
number of simulations, in approximately %80 runs, our model predicts that there can be different valid and better
performance options (as max and avg) in recovering situations. The total number of avg and max cases have a count
of 3702, and the min count is 798. For every avg and max case, the total number of passing cars is higher than the
standard min model. That’s why the proposed model performs around %80 better.

Number of Actions per Prefence in Proposed Model
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Figure 12. Number of actions per prefence in proposed model



As another simulation result, the approach of model prediction and comparing assumed behavior actions are discussed
(Figures 13 and 14). Simulation results for lines named 3 and 7 are given in detail. Because these lines have the highest
traffic density and passed car variances are higher than other lines, model behavior and effect can be observed clearly.
The vertical line represents the highest simulation results for every interrupt period. First, three of these simulations
are maximum values for beginning periods, and the other three elements are the same for middle and ending periods
of interrupt.

We compared our proposed model with the existing standard approach, which is iterating to the next phase, as stated
above. However, in order to have some further insight, we adopted Abdoo’s method to compare whether the proposed
method also has any advantage over well-known traffic light configuration studies [39]. Because Abdoo’s method is
used as a comparison in many studies, we also preferred this work. Although Abdoo’s method does not consider
directly interrupting recovery issue, it gives a standpoint on traffic light management. Mostly, our model performs
well in terms of traffic throughput. The red dotted result set named as the standard model represents min value actions,
which is the existing strategy in the traffic light management environment. The horizontal line is the max outcome in
50 simulation runs for the related phase. The most cases, our model outperforms the existing min value strategy. In
some cases, like simulation number 6 in Figure 14, the model selects the min value as the action which is also
acceptable.
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Figure 15 shows interrupt cycle results for passed car numbers. Y-axis is the total number of cars passed in the cycle,
which has an interrupt event. The X-axis is a distinct simulation result for every line that has been subtracted from all
simulation results. The emergency event, interrupt action timing is color-coded in the graph: green for beginning, light
blue for middle, and light orange for ending, respectively. Values are best-case results for every simulation for every
phase. For comparison reasons, we also added Abdoo’s model approach. As seen from the graph, for most of the
cases, the model predicts a better option than just transiting to the next phase. Abdoo’s model results are also mostly
better than transitioning to the next phase however it falls behind our proposed model. In some cases, model
performance is equal to standard run, which is also acceptable. In all the cases, the model at least chooses min action
for the preferred option. As was mentioned before, in every avg and max action, the proposed model results in higher
passed car numbers. In min cases, which is essentially the name of the existing approach, model and standard run are
equal, as expected. In conclusion, the proposed model chooses the better option for around 80% of cases. Based on
these results, in the proposed model, it is observed that the traffic recovery problems have been improved.
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When we look at the results in-depth, just adding two options in an interrupt event afterward makes a significant
difference in traffic flow performance. Once it is not bound to one option, some sort of intelligent learning mechanism
can predict a better way to overcome interrupted recovery issues with the help of the proposed method. We can see
that especially when the interrupt event occurs at the beginnings of phases in the higher traffic density lines, the model
tends to choose avg or max actions more which is a new option for the existing context. When it is thought about that
behavior because most of the waiting cars are passed during the clearance period and other lines have waiting queues,
it is understandable that passing cars are considered an effective implementation for the intersection by the model. If
we can give more time to a high-density road line, total throughput in the intersection could be better, which can be
deduced from the simulation results. Also, if the interrupt occurs at the end of the phase or in lines with less traffic
density, the model mostly chooses min value action. Because demand is low and other higher density phases are in
order, this is also understandably correct.

In summary, an intelligent context-aware traffic light management system can learn and predict good options.
Therefore, the proposed model suggests that different and better actions for recovering from interrupting situations
can occur to benefit traffic flow. This model can also make suggestions for different emergency lines so that
configuration for that intersection may vary. Hence, for every simulation result, we are confident that our model at
least predicts the known-best option-min value transition or better as in avg and max action.



5. CONCLUSIONS AND FUTURE WORKS

Traffic flow has emergency issues which then cause unexpected interrupt actions. Managing these kinds of situations
is crucial, especially in terms of responsiveness. Also, recovering from these actions is a real essential to plan. In this
paper, we proposed a novel approach for recovering an emergency vehicle pass afterward scenario. Therefore, this
paper proposes a novel approach for recovering from an emergency situation at an intersection based on real scenarios.
The proposed method is a combination of context-aware and Reinforcement Learning (RL) models that predicts better
alternatives for different states rather than just iterating to the next phase. We proposed that there can be more than
one option for what to do after an emergency vehicle passes from an intersection, and we also modeled it as an interrupt
recovery algorithm. Q-learning used as a model and test results for one intersection show that different approaches
make traffic flow better in some cases. In our model, we defined categorical values for both interrupt event timing and
action. Increasing categorical levels or even using numeric values as intervals will make the model more efficient and
compatible with real-life scenarios. Categorical values are sufficient in order to examine model suggestions, but they
could be expanded with numerical representations of state and action. Our findings show that there can be better
options to follow after the emergency issue is held. As shown in simulation results, in some cases using some of the
remaining red time may help increase traffic flow performance. For simplification purposes, we used a single
intersection and fixed time cycle for time management in this paper. More complex and connected intersection
scenarios may differ and offer some other potential aspects of the situation. Especially for connected intersections,
with routing definitions and approaches, our model can make a more significant difference. Therefore, RL-based
mechanisms may be good solutions for this kind of problem as well. In this study, parameters such as fuel and time
will be used more efficiently. In addition, it will be possible to work in an adaptable way to adverse situations of
environments. At the same time, early interventions can also be made for patients transported by ambulances.
Therefore, the proposed model can contribute to traffic management in smart cities and green communications.

Our limitations in the proposed model are the usage of categorical values and testing on a single intersection scenario.
As stated in the text, our state and action counts were assumed to be 3, but in a real-world scenario, this can be much
more. Since recovery from an emergency situation is a relatively new field of intelligent traffic light management, we
focused on structuring the proposed model so that the idea of a better choice for recovery is a potential research topic.
Naturally, an emergency issue could affect multiple intersections. A vehicle should reach the event site probably
passing through multiple intersections. In this study, we provided a novel and generic solution to emergencies
afterward however multiple-connected intersection scenarios also could be listed as limitations. Aside from these
limitations, we are confident that emergency recovery options should be considered as an improvement subject within
ITS.

For future works, we plan to extend model abilities for multiple intersections. We assume that in the multi-intersection
scenario, an interrupt algorithm will affect traffic flow better because the route of an emergency vehicle includes more
than one line and recovering for these lines could enhance throughput. An emergency vehicle might be in need to pass
several intersections in real-world scenarios, so enhancing the proposed model for a multi-agent environment is a good
objective. Also integrating a continuous action event set also should be considered as future work. With the help of
multi-agent methods, the proposed model can be extended to a real-life problem solving-method and implemented in
Traffic Light Management (TLM) systems.

SUPPLEMENTARY FILES

The  supplementary file of this study includes the datasets and is accessible at
https://github.com/ofsarac/bayrampasatrafficdata
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