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Abstract—Traffic congestion may cause elongated travel time, 
increased fuel consumption and extra pollution. To mitigate 
congestion, we propose a new approach based on multi-agent 
reinforcement learning (RL) to learn policies dictating path 
selections for vehicles. The algorithm utilizes the interactions 
between RL agents with Q-Learning and edge servers in 
monitoring traffic at road intersections. As an important 
difference between this work and existing approaches, we take 
human desire and realistic rewards into account. Extensive 
simulation experiments show that the resulting mechanism is 
promising and more RL agents can be incentive to follow 
rerouting directions when congestion is detected. Also, this 
algorithm has comparable performance as the Dynamic Dijkstra 
Algorithm. 
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I. INTRODUCTION 
Traffic congestion happens when the influx of traffic is 

greater than road capacity. Many approaches have been 
proposed to alleviate congestion. One solution is to employ 
fixed-time traffic signal controls based on historic traffic data 
[24]. It is easy to be deployed, but may become ineffective when 
real-time traffic deviates from historical pattern, as the fixed-
time traffic signal controls cannot adapt to sudden peaks or lows 
of traffic, which may be caused by special events such as 
concerts or sports games. To address the limitations, another 
possible solution is to install additional hardware with 
programmable capabilities. For example, cameras at 
intersections can monitor the busyness of roads and the 
information can be used to control traffic lights in favor of the 
road sections already congested. 

However, this may not realistic when a city government has 
limited budget or human resources. Intelligent or programmable 
equipment need to be purchased and additional man power has 
to be allocated.  

Recently, researchers have proposed more promising 
approaches [1]-[12] based on machine learning. For example, 
some studies use artificial intelligence (time-series analytics) to 
learn traffic patterns in extending or shortening the timing on 
traffic lights [1]-[4]. Some study [12] proposes to dynamically 
change the number of lanes in each direction based on analytics. 
There is study [5] on rerouting vehicles away from congested 
areas, but shortest-path based algorithms are used which cannot 
reflect the everchanging road conditions. Studies have also 

shown that reinforcement learning (RL) agents, with proper 
training, perform better in controlling traffic signals, opening-
closing ramps and changing the direction of lanes in responding 
to dynamically varying traffic conditions [12]. 

Traffic congestions often have strong locational binding, for 
example, they may be caused by road construction, car crash site 
or an event such as a concert. Fortunately, with the fast evolution 
of cloud computing, edge servers serve as a revamping 
technology over its predecessors by offering a variety of services 
getting closer to the people. They push services to the edge. 
Edge servers can efficiently facilitate local information 
exchange, especially for the applications needing very short 
response time [13]. Hence, we can use edge servers to monitor 
traffic condition at road sections and communicate with RL 
agents on vehicles. When traffic congestion happens, it can be 
sensed by local edge server. A vehicle rerouting strategy can 
then be found quickly in responding to the congestion. 

The purpose of this study is to propose a novel RL-based 
rerouting solution to mitigate congestion. Edge servers are set 
up at road intersections to collect local traffic information and 
synchronize with their peers. RL agents are deployed at vehicles 
and frequently get updates on local traffic information whenever 
they enter the range of an edge server. What makes our study 
different is that we incorporate a human-centered design in our 
agents as a desire to collect bonuses while path efficiency is still 
considered. To engage as many vehicles in cooperating with the 
direction to be rerouted away from congestion areas, drivers can 
get realistic rewards as good incentive. Meanwhile, the setup of 
punishments for RL agents is designed to avoid RL agents from 
being overly greedy and making too many detours. As a result, 
there is no additional need to learn about the historic traffic data 
and unnecessary controls on the traffic lights can be avoided. Fig. 
1 is an illustration of congestion rerouting. 

In the rest of the paper, Section II discusses related work. 
Section III presents the preliminaries and problem formulation. 
Section IV describes our proposed model in dynamically 
changing the behavior of RL agents by using fused information 
from edge servers. Section V reports the evaluation works and 
analytics. Finally, Section VI concludes the paper. 

II. RELATED WORK 

A. Situ 
The Situ framework [14] is formulated as S =(d, A, E)𝑡𝑡 , 

where d is the desire of a driver or an agent for achieving a goal, 
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such as receiving a reward. A is the set of actions performed by 
an agent and E is the observed environmental-contextual 
information at time t. This contextual information (E) can be 
collected by sensors, or any applicable hardware and software. 
Desire (d) belongs to internal mental state and is usually hard to 
detect, changing over time. Most researchers focus on 
expressive behavior (e.g., change a lane or turn right) [15]-[17] 
without considering the changes of a driver’s desire. This 
change can affect the policy. Under the influence of different 
policy, RL agent takes different action to interact with the 
environment and yielding different rewards. Situ framework 
gives a good theoretical foundation indicating the desire that 
evolves. If the desire is changed, a list of actions (A), as options 
can be performed could change as well. 

Fig. 1. An example of a rerouting scenario 

B. RL-based Traffic Flow Control and Optimization 
In [5], the authors present graph attention network-deep Q 

learning (GAQ) along with Entropy-based k Shortest Path 
(EBkSP) approach to alleviate congestion problem with 
consideration in path planning. 

In [18], the authors succeed in reducing traveling time using 
reinforcement learning. Other researches use multi-agent 
reinforcement learning to control traffic lights with multiple 
objectives, minimizing traveling time, increasing safety and 
controlling the speed. For specific applications, in [19], 
reinforcement learning is used to dynamically change the 
sections of highway speeds and the study in [12] uses Q-
Learning to control the opening or closing the ramps and change 
the number of lanes in different directions. 

C. Edge / Fog Computing and Traffic Flow Management 
In vehicular edge / fog computing networks, edge servers 

can detect the local traffic conditions and share the information 
with the cloud or peers that can be used by RL agents in adaptive 
rerouting. For example, Cao et al. [20] propose to use V2V and 
V2I communications to share the fused, real time traffic 
information. Multiple alternative routes are computed and 
randomly dispatched to vehicles to prevent the same road 
section from always being selected. Brennand et al. [21] 
introduced a fog-based architecture to assist Intelligent 
Transport System (ITS) in relieving traffic congestions in the 
urban area. They make use of information gathered from the 

road side units (RSU) as well as fog services to deliver 
alternative routes. 

III. PRELIMINARIES AND PROBLEM FORMULATION 
A road network model is a commonly used to preserve 

characteristics of road networks. The model is composed of road 
segments called edges and road intersections called nodes. 
When driving on the network, vehicles can change their routes 
by making a left or a right turn. 

A. Traffic-aware road networks 
Considering that most of the road networks are designed 

with the bi-directional capability, we define our road networks 
as 𝐺𝐺(𝑉𝑉,𝐸𝐸) with the following parameters 

𝑉𝑉  = { 𝑣𝑣1 , 𝑣𝑣2 , …, 𝑣𝑣𝑛𝑛 } represents the set of nodes, 
corresponding to intersections in the road network. 

𝐸𝐸  = { 𝑒𝑒1 , 𝑒𝑒2 , …, 𝑒𝑒𝑚𝑚 } represents the set of edges, 
corresponding to road segments each connecting two 
adjacent nodes in 𝑉𝑉 

𝐷𝐷 is the distance matrix, represented by 

𝐷𝐷 =  

where 𝑑𝑑𝑖𝑖𝑖𝑖denotes the distance between 𝑣𝑣𝑖𝑖and 𝑣𝑣𝑗𝑗 

𝑡𝑡𝑚𝑚 is a function which takes an edge 𝑒𝑒𝑖𝑖and outputs the 
free-flow travel time of 𝑒𝑒𝑖𝑖 when there are no vehicles 
on that edge. 

B. Traffic Flow (Number of Vehicles on an Edge) 
We define traffic flow as the number of vehicles on an edge 

𝑒𝑒𝑖𝑖at a particular time t, represented by the following matrix: 

𝐹𝐹(𝑡𝑡) = �
𝑓𝑓11 ⋯ 𝑓𝑓1𝑛𝑛
⋮ ⋱ ⋮
𝑓𝑓𝑛𝑛1 ⋯ 𝑓𝑓𝑛𝑛𝑛𝑛

� 

where 𝑓𝑓𝑖𝑖𝑖𝑖represents number of vehicles form 𝑣𝑣𝑖𝑖 to 𝑣𝑣𝑗𝑗at time 
t. It serves as a snapshot of the traffic flow on an edge. For ease 
of representation, we use 𝑓𝑓𝑒𝑒(t) to represent element 𝑓𝑓𝑖𝑖𝑖𝑖of 𝐹𝐹(𝑡𝑡). 
As shown below, 𝑓𝑓𝑒𝑒 (t) counts two types of vehicles: those 
following the rerouting on the congested road sections and the 
others. 

𝑓𝑓𝑒𝑒(𝑡𝑡) =  𝑓𝑓𝑒𝑒.𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓(𝑡𝑡) + 𝑓𝑓𝑒𝑒.𝑛𝑛𝑛𝑛𝑛𝑛_𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓(𝑡𝑡)                               (1) 

C. Congestion Level 
We assume that congestion level is computed by edge 

services. The congestion level on a road section 𝑖𝑖 is defined as 
[5]: 

𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝑖𝑖(𝑡𝑡) =  𝑓𝑓𝑒𝑒(𝑡𝑡) (𝑑𝑑𝑖𝑖𝑖𝑖⁄ × 𝐿𝐿𝑖𝑖,𝑗𝑗)                                           (2) 

Here 𝐿𝐿𝑖𝑖,𝑗𝑗 represents the number of lanes for the edge 
connecting 𝑣𝑣𝑖𝑖and 𝑣𝑣𝑗𝑗. We further assume each road section has a 
fixed capacity 𝐶𝐶𝐶𝐶𝐶𝐶(𝑒𝑒𝑖𝑖). We can say the section is congested if: 

𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝑡𝑡(𝑒𝑒) ↤ 𝐶𝐶𝐶𝐶𝐶𝐶(𝑒𝑒𝑖𝑖) <  𝑓𝑓𝑒𝑒(𝑡𝑡)                                           (3) 

 



D. Reinforcement Learning and Agent Design 
The behavior of RL agents can be modeled as a discrete 

Markov Decision Process (MDP) along a route 𝑅𝑅 to maximize 
the system reward. We define the variables that the RL agent 
needs to use as follows. 

State 
We model the road network as a gird map. Each road 

intersection corresponds to a coordinate where we have RL 
agent’s observation on current position as state 𝑠𝑠𝑡𝑡 . For a  
𝑁𝑁 × 𝑁𝑁 grid map, the first part of a state 𝑠𝑠 is expressed as: 

 𝑣𝑣𝑡𝑡 = (𝑥𝑥𝑖𝑖 ,𝑦𝑦𝑖𝑖) ∈ 𝑋𝑋 × 𝑌𝑌                            

where X, Y ∈ [0,𝑁𝑁] 

If a RL agent’s current state 𝑠𝑠𝑡𝑡is moving to the next state 
𝑠𝑠𝑡𝑡+1, the agent moves to the next node (intersection). Finally, 

𝑠𝑠𝑡𝑡 = {𝑣𝑣𝑖𝑖 ,𝜙𝜙(𝑣𝑣𝑖𝑖)}                                                            (4) 

𝜙𝜙(𝑣𝑣𝑖𝑖) is the minimal hops to destination. 

Action 
Actions are options that can be performed by RL agent. 

In each intersection, RL agent selects an action 𝑎𝑎𝑡𝑡 according 
to policy 𝜋𝜋(𝑎𝑎𝑡𝑡|𝑠𝑠𝑡𝑡)  before receiving a reward 𝑟𝑟𝑡𝑡 from the 
environment. 

The policy 𝜋𝜋(𝑎𝑎𝑡𝑡|𝑠𝑠𝑡𝑡), by definition from MDP, is actually 
a transition probability. 

𝜋𝜋(𝑎𝑎𝑡𝑡|𝑠𝑠𝑡𝑡) =  𝑃𝑃𝑟𝑟(𝑎𝑎𝑡𝑡 = 𝑎𝑎|𝑠𝑠𝑡𝑡 = 𝑠𝑠)            (5) 

The policy can be changed dynamically. When the ITS 
wants more agents to follow rerouting policies, the transition 
probability can be adaptively tuned up to lure the RL agent 
to take the action 𝑎𝑎𝑡𝑡. Full action space for the agent can be 
expressed as 

𝐴𝐴 = {𝑢𝑢𝑢𝑢(𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹),𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑(𝑈𝑈 − 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡), 𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙, 𝑟𝑟𝑟𝑟𝑟𝑟ℎ𝑡𝑡} ≜
{0, 1, 2, 3}                                                                            (6) 

Note that, when it is located in the border of the grid map, 
the RL agent might select an action and move out of the map. 
We set the Q-Value table with a −∞ to decrease the chance 
on that option being selected. If it is selected, we determine 
the selected action is invalid and will have the agent select 
other option from remaining directions. 

Reward 
In this paper, we use the realistic rewards as incentive to 

deposit bills to vehicles, for example, E-ZPass. We expect 
that, by using this approach, more and more vehicles can 
follow the rerouting guidance from ITS before they enter 
congested road sections. 

In our reward function, we consider both reward and 
penalty. The penalty is to prevent the agent from choosing 
routes in the opposite direction under similar road 
conditions, for example, unnecessary U-turns. Meanwhile, 
to reward the agent getting into the goal, 𝑟𝑟𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔(𝑠𝑠,𝑎𝑎)  is a 
“special” reward that can make sure the agent will finish the 
job. 

The first part of reward is related to traffic flow. From 
(3), a RL agent gets more reward when an edge with lower 
traffic flow is chosen. We use 𝑟𝑟𝑓𝑓to denote the part of reward 
from choosing the right edge. K is the baseline and it can be 
set as any 𝐾𝐾 > 0. 𝛼𝛼 is the coefficient of baseline reward 𝐾𝐾. 

𝑟𝑟𝑓𝑓= 𝛼𝛼𝛼𝛼, 𝐶𝐶𝐶𝐶𝐶𝐶(𝑒𝑒𝑖𝑖) >  𝑓𝑓𝑒𝑒(𝑡𝑡) 

𝑟𝑟𝑓𝑓= 𝐾𝐾,𝐶𝐶𝐶𝐶𝐶𝐶(𝑒𝑒𝑖𝑖) <  𝑓𝑓𝑒𝑒(𝑡𝑡)                           (7) 

The second part of reward is related to the length of the 
edge. A RL agent is encouraged to take the shortest edges to 
the destination. We use 𝑟𝑟𝑑𝑑 to denote the part of reward from 
choosing the right edge. 𝛽𝛽 is the coefficient of the baseline 
reward 𝐾𝐾. 𝜋𝜋(𝑣𝑣𝑖𝑖) means all the edges starts from the 𝑣𝑣𝑖𝑖 

𝑟𝑟𝑑𝑑= 𝛽𝛽𝛽𝛽, 𝑑𝑑𝑖𝑖𝑖𝑖 = 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑑𝑑𝑖𝑖𝑖𝑖(𝑑𝑑(𝜋𝜋(𝑣𝑣𝑖𝑖))) 

𝑟𝑟𝑑𝑑= 𝐾𝐾,𝑑𝑑𝑖𝑖𝑖𝑖 ≠ 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑑𝑑𝑖𝑖𝑖𝑖(𝑑𝑑(𝜋𝜋(𝑣𝑣𝑖𝑖)))          (8) 

The third part of reward is related to rerouting. A RL 
agent gets special bonus if it is a cooperating RL agent 
following rerouting policy. The bonus is set by the edge 
server and the amount of the bill depends on the policy from 
ITS. “𝐵𝐵𝑟𝑟” is the rerouting bonus which can be a positive 
number. “𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵()” is a Boolean function which is used by 
the RL agent for state observation and checking on the edge. 

𝑟𝑟𝑟𝑟= 𝐵𝐵𝑟𝑟, 𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵�𝑒𝑒𝑖𝑖𝑖𝑖� = 1 

𝑟𝑟𝑟𝑟= 0, 𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵�𝑒𝑒𝑖𝑖𝑖𝑖� = 0                                                     (9) 

Then, the 𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝑟𝑟 matrix is created according to (9) on 
all edges in the road networks. 

The fourth part of reward is a punishment. This part is to 
prevent the agent from meaningless wanderings. −𝐵𝐵ℎis the 
punishment for agents by checking 𝜙𝜙(𝑣𝑣𝑖𝑖), the minimal hops 
for a RL agent from its current node 𝑣𝑣𝑖𝑖 to destination. 

𝑟𝑟ℎ= −𝐵𝐵ℎ, 𝜙𝜙(𝑣𝑣𝑖𝑖) < 𝜙𝜙(𝑣𝑣𝑖𝑖+1) 

𝑟𝑟ℎ= 0, 𝜙𝜙(𝑣𝑣𝑖𝑖) > 𝜙𝜙(𝑣𝑣𝑖𝑖+1)            (10) 

The fifth part of reward is the bonus to encourage the RL 
agent to get to the destination. 𝛾𝛾 is a coefficient and works 
similarly like 𝛼𝛼 and 𝛽𝛽. 

𝑟𝑟𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔=𝛾𝛾𝛾𝛾, goal arrival 

𝑟𝑟𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔=0, otherwise              (11) 

From (7)-(11), we have: 

𝑟𝑟 =  𝑟𝑟𝑓𝑓 + 𝑟𝑟𝑑𝑑 + 𝑟𝑟𝑟𝑟 + 𝑟𝑟ℎ + 𝑟𝑟𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔           (12) 

E. Traveling Time Function 
Traveling time, by default, is always: 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣⁄ . 

The travel time function is to compute simulated traveling time 
on an edge when the traffic flow is considered. 𝑡𝑡𝑚𝑚(𝑒𝑒)  is a 
baseline of time consumed on an edge. 

Following the study [23], 𝑡𝑡(𝑒𝑒) can be defined as:  

𝑡𝑡(𝑒𝑒) =  𝑡𝑡𝑚𝑚(𝑒𝑒) +  𝛼𝛼 × 𝑓𝑓𝑒𝑒 × 𝑡𝑡𝑚𝑚(𝑒𝑒)          (13) 



𝛼𝛼  is the road specific parameter which is different by 
sections. It could be the any linear combination of speed limit, 
lanes or length of the section. In our simulation, we assume the 
speed limits on all the sections are the same and one lane on 
different bounds. We only consider the traveling distance and 
the traveling time. For normal traffic load (𝐶𝐶𝐶𝐶𝐶𝐶(𝑒𝑒𝑖𝑖) >  𝑓𝑓𝑒𝑒(𝑡𝑡)), 
it can be formulated as traveling time = 1 × 𝑡𝑡𝑚𝑚(𝑒𝑒) × 0.5, for 
short sections and traveling time = 1 × 𝑡𝑡𝑚𝑚(𝑒𝑒) × 1.5, for long 
sections. Similarly, for congested traffic load ( 𝐶𝐶𝐶𝐶𝐶𝐶(𝑒𝑒𝑖𝑖) <
 𝑓𝑓𝑒𝑒(𝑡𝑡)) can be formulated as traveling time = 2 × 𝑡𝑡𝑚𝑚(𝑒𝑒) × 0.5, 
for short sections and traveling time = 2 × 𝑡𝑡𝑚𝑚(𝑒𝑒) × 1.5, for long 
sections.                                                                                  (14) 

F. Problem Formulation 
Given a traffic-aware road network 𝐺𝐺(𝑉𝑉,𝐸𝐸), distance matrix 

𝐷𝐷, finite set of RL agents 𝐴𝐴 = {𝑎𝑎1,𝑎𝑎2, … ,𝑎𝑎𝑛𝑛}, each has source / 
destination pair (𝑠𝑠𝑠𝑠𝑠𝑠𝑖𝑖 ,𝑑𝑑𝑑𝑑𝑑𝑑𝑖𝑖). The congestion rerouting algorithm is 
to find the path for each agent 𝑎𝑎𝑖𝑖 along a route 𝑅𝑅𝑖𝑖. 

Meanwhile, during the process of routing and rerouting, RL 
agent needs to use Sutton’s recursive Bellman equation [22] to 
compute and update the Q-values in the Q-value table. The agent 
needs to make the decision at each node and yield the maximum 
rewards. 

Different vehicles, because of the path planning might be 
different, they will have different traveling time. One of our 
goals is to minimize the traveling time for all vehicles 𝑓𝑓. 

Finally, if a RL agent takes a reward for rerouting, that 
means 𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 is accumulated by one and 𝑓𝑓𝑛𝑛𝑛𝑛𝑛𝑛_𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 reduces by 
one. Our algorithm is aiming to maximize the total 𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓and 
minimize the total 𝑓𝑓𝑛𝑛𝑛𝑛𝑛𝑛_𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 

Objective: 

Minimize 

𝑑𝑑(𝑅𝑅𝑖𝑖) =  ∑ 𝑑𝑑𝑖𝑖𝑖𝑖
𝑥𝑥=𝑑𝑑𝑑𝑑𝑑𝑑,𝑦𝑦=𝑑𝑑𝑑𝑑𝑑𝑑
𝑖𝑖=𝑠𝑠𝑠𝑠𝑠𝑠,𝑗𝑗=𝑠𝑠𝑠𝑠𝑠𝑠              (15) 

𝑓𝑓𝑛𝑛𝑛𝑛𝑛𝑛_𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓                      (16) 

Total Traveling Time for 𝑓𝑓                                               (17) 

Maximize 

𝑄𝑄𝑑𝑑𝑑𝑑𝑑𝑑(𝑠𝑠𝑑𝑑𝑑𝑑𝑑𝑑 ,𝑎𝑎𝑑𝑑𝑑𝑑𝑑𝑑)                                   (18) 
𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 =  ∑ 𝑓𝑓𝑒𝑒𝑖𝑖.𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓

𝑚𝑚
𝑖𝑖=1                                   (19) 

s.t. 

𝑓𝑓 =  𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 +  𝑓𝑓𝑛𝑛𝑛𝑛𝑛𝑛_𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓                                  (20) 

𝜋𝜋(𝑥𝑥) = 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑄𝑄(𝑠𝑠,𝑎𝑎′), 1 − 𝜀𝜀                                      (21) 

In (21), 𝑎𝑎′is one of the selectable actions in the current state. 
For Q-learning perspective, the RL agent has to choose the 
action corresponding to the maximum Q value in the set of 
actions under the policy 𝜋𝜋. 𝜀𝜀 is the epsilon-greediness. 

Note that, for each agent 𝑎𝑎𝑖𝑖 in the route planning, it has a 
source and a destination. For different agents 𝑎𝑎𝑖𝑖 in 𝐺𝐺(𝑉𝑉,𝐸𝐸), they 
can share the same source and destination. 

IV. PROPOSED FRAMEWORK 
In this section, we present the framework of our solution, a 

reward-based multi-agent Q-Learning in distributed edge 
computing for adaptive rerouting. During the process of 
rerouting, Q-value table is maintained which contains value of 
state-action pairs. 

Fig. 2. Q-value (Bellman Equation [22]) 

The detail of Q-value is defined in Fig. 2. When the RL agent 
is at intersection 𝑖𝑖, he needs to take an action based on Q-value. 
Q-values are used to evaluate the action a. We can know how 
good this action is based on the value. 

𝛼𝛼 is the learning rate. It is usually set between 0 and 1. “0” 
means that the Q-values are never updated. The agent learns 
nothing by simply exploiting its prior knowledge (old value) 
while the value set to “1” makes the agent to consider only the 
most recent information. Similarly, the discount factor 
determines how much the RL agent cares about rewards in the 
distant future relative to those in the immediate future. If 𝛾𝛾 = 0, 
the agent will be completely myopic. It will only learn about the 
actions that produce the immediate reward. If 𝛾𝛾 = 1, the agent 
will evaluate each of his actions and chooses the best action that 
can maximize the Q-value. Fig. 3 is the detail of system model. 

Fig. 3. System Model 

A. Distributed Edge Learning for Congestion Management 
Assume the infrastructure has allocated enough edge servers 

in performing our smart traffic congestion mitigation 
mechanism. In algorithm1, edge servers synchronize with RL 
agents. The purpose of this algorithm is to have edge services 
keep monitoring the real time congestions on road sections. If 
the congestion happens, the corresponding edge server can 
dynamically setup edges with bonuses. In Fig. 4, by using this 
kind of edge learning approach, RL agents can observe the real 
time road conditions and where the bonus is. 

 

 



 
Fig. 4. Distributed Edge Learning Algorithm for Congestion Management 

B. Multi-Agent Adaptive Congestion Rerouting 
To speed up in the efficiency of exploration and rerouting, 

we propose an approach consisting of two steps, offline training 
and online adaptive congestion rerouting. In step one, we 
prepare a list of random source and destination pairs for RL 
agents to perform random walks. The purpose is to update the 
Q-value table based on the simple traffic conditions in the road 
sections. In step two, we put the RL agents online for simulation 
by randomly assigning them a source and destination pair. When 
an agent enters a new section, it has to register to the edge server 
in charge to synchronize all the parameters, 
𝐶𝐶𝐶𝐶𝐶𝐶(𝑒𝑒), 𝑓𝑓𝑒𝑒(𝑡𝑡),𝑑𝑑𝑒𝑒 ,𝜙𝜙𝑡𝑡(𝑣𝑣𝑖𝑖) 𝑎𝑎𝑎𝑎𝑎𝑎 the matrix 𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝑟𝑟  for decision 
making. After the Q-values are computed, it has to select an 
action based on epsilon-greedy method with parameter 𝜀𝜀. The 
rewards are collected during the execution of the action and the 
agent moves from this intersection with 𝑠𝑠𝑡𝑡to the next one with 
𝑠𝑠𝑡𝑡+1. 

When the RL agent observes a new state, from Fig. 2, it 
estimates the optimal future value. Obviously, an agent doesn’t 
take a congested section because there is no benefit (9). The 
agent can see the rerouting edges adjacent to the congested one 
and it will take it because its E-ZPass will have new incoming 
bills if it follows the detouring policy. As a result, the influx to 
the congested road section decreases and congestion is 
mitigated. 

V. EVALUATION AND RESULTS 

A. Experimental Settings 
We build the simulation experiment on a 5 × 5  grid (16 

intersections) [24] [25] with 7 and 10 vehicles.  
 

Fig. 5. Multi-Agent Adaptive Congestion Rerouting 

Fig. 6. 5 x 5 grid with 10 vehicles, 1 destination, 1 congested section, 1 road 
construction and the 2 rerouting schemes (it has directions) 

It follows by  3 × 3 (4 intersections) with 4 and 7 vehicles. 
A RL agent needs to register to the edge server in charge of the 
section and deregister when it leaves. Fig. 6 is the use case of 
5 × 5 grid with 10 vehicles. A congestion happens and a road 
construction is occupying another section. Rerouting scheme is 
set by edge servers. Three edges are set in the red color. Table I 
is the simulation parameters. 

 

 

 



TABLE I.  SIMULATION PAPAMETERS 

 3 x 3 Grid 5 x 5 Grid 

Vehicles 𝑓𝑓 = 4 𝑓𝑓 = 7 𝑓𝑓 = 7 𝑓𝑓 = 10 

𝐂𝐂𝐂𝐂𝐂𝐂𝐂𝐂𝐂𝐂𝐂𝐂𝐂𝐂𝐂𝐂  𝐃𝐃𝐃𝐃𝐃𝐃𝐃𝐃𝐃𝐃𝐃𝐃𝐃𝐃𝐃𝐃⁄  Randomly initialized as:  
2 ≤ 𝐶𝐶𝐶𝐶𝐶𝐶(𝑒𝑒𝑖𝑖) = 𝑑𝑑𝑖𝑖𝑖𝑖 ≤ 4 

Traveling Time 

Assuming 𝒕𝒕𝒎𝒎(𝒆𝒆) = 𝟏𝟏 𝒎𝒎𝒎𝒎𝒎𝒎𝒎𝒎𝒎𝒎𝒎𝒎, 
for normal and high traffic load are set 
according to (14) 
Congestion happens when, 
𝒇𝒇𝒆𝒆 ≥  𝑪𝑪𝑪𝑪𝑪𝑪(𝒆𝒆𝒊𝒊): It will cost 2 more minutes for 
all vehicles in the road section, then resolved. 

Episode  5 times, then 10 times, applied onto 4 use cases 

Baseline Algorithms Random Selection [25], Shortest Path [25], 
Dynamic Dijistra [24] 

𝜺𝜺 greedy 
𝜀𝜀𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 = 0.5, for training 
𝜀𝜀𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜 =  0.2 ~ 0.0, for online simulation 

𝜶𝜶 learning rate 0.9 [26] 
𝜸𝜸 discount factor 0.95 [25] 
Reward Specific 
Parameters K=0.01, 𝛼𝛼 = 2,𝛽𝛽 = 2, 𝛾𝛾 = 10,𝐵𝐵𝑟𝑟 = 1,𝐵𝐵ℎ = 1 

Parallel Execution Yes, for all vehicles can move at the same time 
in front of extrance 

Incidents Congestion: Naturally formed by formula (3) 
Construction or Car Crash: Random (0~1) 

Sources, Destinations 

Sources: 
Multiple sources 
Destinations: 
1 for 3 x 3 graid; 1~2 for 5 x 5 grid 

Rerouting Sections Set by edge server; Removed when resolved. 
The baseline methods are used to compare with our 

algorithm. The major difference is that, when congestion 
happens, there is no rerouting scheme for Random Selection, 
Shortest Path and Dynamic Dijkstra. For Random Selection, RL 
agent randomly selects an intersection as the direction of 
moving. For Shortest Path, RL agent moves along the shortest 
path according to the information 𝑑𝑑𝑖𝑖𝑖𝑖 in 𝐷𝐷 matrix regardless of 
congestion. For Dynamic Dijkstra [24], it always chooses the 
sections with minimal traveling time. We can interpret the 
meaning as, when a rerouting is needed, the agent always 
chooses sections with the lowest traveling time. 

The value of 𝜀𝜀  in the training stage, we give it a high 
exploration rate of 0.5. We hope the agent can find out as much 
information as possible about sections. For online simulation, 
we give it a 0.2 as initial exploration rate, then it decays 0.05 
after a new state is observed. The setting is reasonable because 
when the RL agent is approaching destination, it has more 
chances getting into congested section and it has to follow 
rerouting policy set by ITS. Since the information is already 
collected in the training stage, RL agent can be greedy as it is 
described in (21). The 𝛼𝛼 learning rate is set to fixed value 0.9. 
As for 𝛾𝛾, this parameter is set to 0.95, as it will evaluate all the 
actions and choose the best action maximizing the Q-value. The 
experimental results and analysis are shown in the next section. 

B. Experimental Results 
Before experiment, all vehicles are uniformly placed in front 

of the entrance on the grid. Here are the results. 

1) Average Route Distance (Shorter is better) 
Shortest Path always gets the best traveling distance 

regardless of the traveling time as it is expected. Dynamic 

Dijkstra has slightly better performance than our Q-Learning 
algorithm as it is always choosing the edges with minimal 
traveling time, sometimes indicating shorter distance. The 
rerouting sections, randomly assigned by edge services adjacent 
to the congested section as detouring purpose sometimes 
increases the route distance. 

Fig. 7. Average Route Distance 

2) Average Total Traveling Time (Shorter is better) 

Fig. 8. Average Total Traveling Time 

In Fig. 8, Shortest Path Algorithm takes a fairly long time 
whereas the Dynamic Dijkstra serves as a lower bound because 
of the greediness in choosing the edges with lowest traveling 
time. Our Q-Learning algorithm, the performance is at par with 
Dynamic Dijkstra. The root cause is noticed in the simulation. 
When the edge server suggests rerouting edges, it might be 
producing another potential congested section. The influx of the 
traffic is redirected and the vehicles gets stuck in the newly 
introduced sections. The edge servers will end up with creating 
more rerouting sections. 

3) Average number of rerouting policy following vehicles 
From Fig. 9, our rerouting algorithm works when more 

vehicles are placed into the simulation. By setting the bonus on 
the rerouting edges from the edge services, as well as the designs 
in our rewards, RL agents will take the road sections with bonus 
when it is an available option. 

VI. CONCLUSION AND FUTURE WORKS 
We propose a congestion mitigating algorithm by setting 

rerouting road sections adjacent to congested ones from edge 
servers. Our goal is to minimize the traveling time, traveling 
distance and engaging more vehicles in rerouting policy. Unlike 
other studies, our approach does not heavily rely on historical 
data or complicated training on machine learning model. The RL 
agents interacts with the environment by observing situational 
environment, learning and making decision by itself. 
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Fig. 9. Average Policy Following Vehicles (10 episodes) 

Our proposed method doesn’t need additional hardware 
investments or roadmap changes. Simulation results show that 
the performance of our method can be at par with the Dynamic 
Dijkstra and still saves about 40% of traveling time compared 
with traditional Shortest Path provided by GPS boxes. 

Note that, a “congestion shifting” [5] happens in the 
simulation. The distance and capacity of sections are randomly 
generated. When the distance is too short or the capacity is 
lower, congestion happens more frequently. It is obvious when 
the volume of vehicle is increasing with the relative smaller grid 
(3 x 3). In our simulation, we only consider the approach to 
randomly assign a rerouting edge adjacent to the congested ones 
from the upstream of the influx. In the future, the case of 
congestion shifting has to be studied. The placement of rerouting 
edges, not only the number but also the locations has to be 
researched as well. 
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