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Abstract— Stop-and-go traffic poses significant challenges to
the efficiency and safety of traffic operations, and its impacts and
working mechanism have attracted much attention. Recent
studies have shown that Connected and Automated Vehicles
(CAVs) with carefully designed longitudinal control have the
potential to dampen the stop-and-go wave based on simulated
vehicle trajectories. In this study, Deep Reinforcement Learning
(DRL) is adopted to control the longitudinal behavior of CAVs
and real-world vehicle trajectory data is utilized to train the
DRL controller. It considers a Human-Driven (HD) vehicle
tailed by a CAV, which are then followed by a platoon of HD
vehicles. Such an experimental design is to test how the CAV
can help to dampen the stop-and-go wave generated by the lead
HD vehicle and contribute to smoothing the following HD
vehicles’ speed profiles. The DRL control is trained using real-
world vehicle trajectories, and eventually evaluated using
SUMO simulation. The results show that the DRL control
decreases the speed oscillation of the CAV by 54% and 8%-28%
for those following HD vehicles. Significant fuel consumption
savings are also observed. Additionally, the results suggest that
CAVs may act as a traffic stabilizer if they choose to behave
slightly altruistically.

I. INTRODUCTION

The stop-and-go traffic shockwaves is an interesting and
important phenomenon [1]. Small perturbations in a lead
vehicle’s speed profile could be amplified as they are passed
on to following vehicles and this creates stop-and-go waves
broadcast backwards (i.e., traveling upstream), which results
in wasted fuel consumption, additional traffic emissions,
increased likelihood of rear-end crashes, and congestion. It is
concluded [2] that shorter reaction time and better sharing of
vehicle maneuver information are among the keys to address
the stop-and-go traffic issue. Therefore, CAV appears to be an
ideal candidate solution and has attracted much attention
recently. However, there are still several open problems for
CAV control that are worth exploring, such as cooperative
merging [3], [4], and mitigating the propagation of stop-and-
go shockwaves in traffic [5]-[7]. In this study, we focus on
the last challenge: minimizing the traffic oscillation in a
platoon of vehicles.

Previous studies on this subject mostly [5]-[7] use
formula-based approaches to control the behavior of CAV
with the goal to dampen the stop-and-go traffic. This research
adopts a Deep Reinforcement Learning (DRL) approach to see
if CAVs can learn optimal control strategies through
interacting with human drivers. The highlights of this study
are summarized as follows: (1) Instead of using a closed-loop
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ring network and assuming the location and maneuver
information of all vehicles is known as in previous studies [5],
[8], we consider a long straight road segment and take only the
CAV and its lead vehicle’s state as the algorithm input; (2) To
test if our DRL model can work in real word, the speed profile
of the lead HD vehicle is sampled from field collected vehicle
trajectories in naturalistic driving settings; (3) The proposed
DRL control only takes a few input parameters based on the
state of the CAV and its lead vehicle. CACC is adopted as a
baseline for comparison; and (4) Different reward functions
are analyzed and compared.

II. BACKGROUND

A. Related work

Instead of using traditional control theory and formula-
based analytic solutions to optimize the behavior of AVs with
various objectives, some studies [9]-[13] have tried to adopt
machine learning algorithms, especially reinforcement
learning. By carefully choosing the state representation and
reward function, a RL agent (i.c., CAV) is able to learn how to
best regulate its longitudinal behavior based on incentives
(rewards) received during interactions with other vehicles.
The first work using RL to control AV in a connected
environment was conducted by Desjardins and Chaib-draa
[12] They concluded that RL-based control could be a
promising approach to ensure a safe longitudinal following
behavior of CAV to its front vehicle. After that, RL has been
widely adopted in CAV behavior modeling, such as
longitudinal control [13] and merge control [4], [11].

Two most relevant studies to this paper were conducted by
Wu [8] and Qu [14]. They both considered a closed-loop ring
road network, which was loaded with some Human Driven
(HD) vehicles and one CAV controlled by the RL algorithm.
The RL controlled CAV was assumed to have a global (or
complete) view of the environment (i.e., speeds and positions
of all vehicles), and the CAV learned to address the stop-and-
go traffic by maximizing its reward function, which was
defined based on vehicles’ speed and headway. Although the
concept and results of both studies are interesting, assuming a
global view is restrictive. Also, their RL controllers were
trained completely based on simulated data and a ring network,
which may not accurately reflect vehicle maneuvers in
practice.

Some other relevant RL studies focused on Cooperative
Adaptive Cruise Control (CACC). They adopted RL to train
CAVs so that CAVs can stably follow the lead vehicle.
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However, these studies did not consider using the RL-
controlled CAVs to dampen the impacts of stop-and-go
shockwave on vehicles following them (i.e., CAVs). In other
words, these CAVs behave selfishly without considering
vehicles behind them.

CAVs can be trained/designed to behave selfishly or a little
altruistically. An interesting but not fully understood question
is how and to what extent these different behaviors may affect
traffic operations, which is also the motivation of this study.
To our best knowledge, this study is the first attempt to use
Deep Reinforcement Learning (DRL) approach for CAV
control that builds altruism into the control objective (e.g.,
dampening stop-and-go wave) and also consider real-world
vehicle trajectories instead of simulated ones for training.

B. Deep Deterministic Policy Gradient (DDPG)

With Reinforcement Learning (RL) control, each CAV is
treated as a RL agent. The agent learns optimal control
policies through its interactions with the environment (i.e.,
surrounding vehicles). Good control policies are rewarded
while bad ones are penalized. Over time the agent learns to
adjust its behavior to maximize the long-term reward or return.

In this research, our goal is to optimally adjust the CAV’s
acceleration. Given that the action space is continuous, the
Deep Deterministic Policy Gradient (DDPG) algorithm
proposed by Google [15] is adopted. DDPG is an actor-critic
and model-free RL algorithm. A brief introduction of DDPG
is provided below, and more detailed information can be found
in the original paper.

Actor-critic RL methods combine the advantages offered
by both value-based and policy-based methods by employing
an actor (to execute an action) and a critic (to evaluate the
action from the actor). This allows actor-critic RL to be more
sample efficient [15].

After a minibatch of N transitions (s;, a;1;,S;41) 1S
sampled from the replay buffer. The target y; is calculated as
i =1+ yQ G (swalo® )00 ) (1)

Then the model of critic is updated by minimizing the loss:

1
L= NZ(yi ~ Qs ai109)° )

Accordingly, the sampled policy gradient is adopted to
update the actor policy.
Vou]
1
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i

1. METHODOLOGY

A. Simulation Environment

The scenario considered in this study is a 70-kilometer
single-lane road segment created using SUMO (Simulation of
Urban MObility). During the simulation, a 10-vehicle platoon
is created as shown in Figure 1. The first vehicle is a Human
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Driven (HD) vehicle that creates the stop-and-go traffic pattern,
which is followed by a CAV and eight other HD vehicles. It
is assumed that the lead vehicle shares its information with the
CAV via V2V communication in real time. The CAV is
controlled by a RL agent with the purpose to dampen the stop-
and-go shockwave. All other following HD vehicles’
behaviors are governed by a modified version of Krauss model
[16].
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Figure 1. simulation scenario (15‘vehicle: stop-and-go pattern; 2™¢ vehicle:
CAV controlled by DRL; 37¢- 10**vehicle: human drivers)

Our goal is to ensure that the trained RL agent can tackle
realistic car-following tasks. Therefore, the speed profile of
the lead vehicle is sampled from the trajectories of a field
observed highD dataset [17] and reflects real-world driving
behavior in congested traffic scenarios.

All highD trajectories were captured on freeways and most
of the vehicles were traveling in free-flow mode. Since free-
flow traffic does not tell us much about CAV’s capability of
absorbing the speed oscillation of the lead vehicle, a congested
road segment in AM peak is hand-picked and only trajectories
with a maximum speed less than 18 m/s and a standard
deviation of speed more than 2 m/s are selected. These
trajectories are concatenated to generate the speed profile of
the lead vehicle in this study.

To concatenate the sampled highD trajectories, a gentle
acceleration rate (+0.2m/s?) is adopted to stitch these
trajectories together. For instance, if the end speed of the
previous trajectory is smaller than the start speed of the next
trajectory, a positive acceleration rate of 0.2m/s? is adopted
to fill the speed gap of the two-consecutive trajectories.
Otherwise, a deceleration rate of —0.2m/s? would be
adopted.

B. Parameter Modeling

In RL, three critical factors are: system state
representation, action space definition, and reward function.
In this section, the three parameters are described in detail.

e  State Representation

The system state represents what an agent can actually
senses regarding the surrounding environment and itself. In
this study, we consider the maneuver information of the lead
vehicle and the ego vehicle (the RL-controlled CAV). It is
assumed that they are in a connected environment and there
are on-board devices that let these two wvehicles share
movement dynamics information in real time. Specifically,
the state representation is defined as:

{AS' Viead) Alead» Uegu' aegu}

where, As is the distance between the lead vehicle and the
ego vehicle. v;.,4 and a;.qqare the speed and acceleration of
the lead vehicle, respectively. Accordingly, veq, and @4, are
the speed of acceleration of the ego vehicle, respectively.

e Action Space

Action space defines the range of actions the RL agent can
execute at each time step. To reflect the realistic



characteristics of regular vehicles. we restrict the acceleration
rate (i.e., actions pace) to be in the range of (-3, 2) in m/s2.

e Reward Function

Reward function is a mapping from state and action
representations to rewards received by agent at each time step.
Reward function serves as motivations to agent and is the key
design feature one can control to regulate agent’s behavior. A
good design of reward function helps agent learn the intended
behavior and facilitates the learning process to converge to an
optimum relatively fast.

Our reward function design consists of four main goals.
The first goal is for ensuring safety. Depending on the time
headway between the lead and ego vehicles, the agent will be
given the safety reward defined in Eq. (1).

Rewardheadway
—100,if headway <0
_ }J—100 +/1002(1 — (x — 1)?), (1)

if 0 < headway <1
L 0,if headway > 1

It is obvious that one can design a safe CAV control to
dampen the stop-and-go waves by letting the ego vehicle (i.e.,
the CAV) travel at a constant but very low speed. As long as
the ego vehicle’s speed is much less than the lead vehicle’s
average speed, the ego vehicle most likely will not need to
decelerate and can maintain a safe headway with the lead
vehicle. However, this approach would constantly increase the
ego vehicle’s gap to the lead vehicle, thus making it a moving
bottleneck and increasing the anxiety of drivers behind it.
Therefore, another goal is considered to ensure that the ego
vehicle maintains a safe headway but also a reasonably fast
speed.

In our design, the speed goal is broken down into two parts
as in Eq. (2) , in which Reward,,q is the reward regarding
the speed of the ego vehicle, vgy, is the expected speed or
speed limit, and v, 4, is the speed of the ego vehicle. The first
part of Eq. (2) encourages the ego vehicle to maintain a high
speed, while the second part penalizes the ego vehicle for
going slower than the expected speed but does not reward it
for going faster than it. By combining the two parts, the goal
is for the ego vehicle to catch up with the lead vehicle but not
to travel faster than it.

Rewardspeed = Uppt — Max(, Uppe — vegu) 2)

The third goal is to dampen the speed variation. In other
words, when the lead vehicle executes a hard deceleration, the
ego vehicle should be able to predict that and take proactive
actions (e.g., maintain a large time headway in anticipation of
the hard deceleration) so that a hard deceleration is not needed
for the ego vehicle and the following HD vehicles would not
need to brake hard either.

To achieve this goal, a speed penalty term defined in Eq.
(3) is considered if the headway h is smaller than a critical
headway value h.. The rationale behind this is that the ego
vehicle is not supposed to travel faster than its lead vehicle
when it is approaching the lead vehicle. If it does (e.g., in the
situation that the lead vehicle decelerates), the ego vehicle
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should be rewarded by reducing its speed relative to the lead
vehicle.

Rewardspeeddiff = (Uego — Vjeqa) * (R —h¢) 3)

Where Vggo — Vjeqq is speed difference between the ego
vehicle and the lead vehicle, h is the current time headway of
the ego vehicle, and h, is the critical headway set to be 1 s in
this study. This reward is calculated only if the speed of ego
vehicle vgg, is less than lead vehicle’s speed vjqq4 and
headway of ego vehicle h is less than the critical headway h,.
Based on this equation, more penalty is given to the DRL agent
when it drives faster than its lead vehicle and keep a shorter
than critical gap to its lead vehicle.

Another reward function term for achieving the third goal
is to penalize large acceleration rates. Large acceleration rates
(either negative or positive) should be penalized to ensure
smooth driving and help to reduce speed oscillation. This term
is defined as follows:

Rewardg.. = —azg, 4)

As in Eq. (4), to further penalize large accelerations the
acceleration of ego vehicle is squared. The following Eq. (5)
is the complete reward function that includes all previously
discussed reward terms.

Reward
= a * Rewardpeqaway + B * Rewardgpeeqa + v (5)
* Rewardgpeeqairs + 6 * Rewardg,,

In Eq. (5) @, B, y and & are hyperparameters of this reward
function, which specify the weights for each reward terms.
After careful hyperparameter tuning, we decide to choose the
following values: @ =1, =1,y = 1,and 6 = 4.

IV. RESULTS

In this section, key results are presented and compared to a
baseline model (with all HD vehicles) both qualitatively and
quantitatively. In addition, another baseline scenario is
modeled which replaces the DRL-controlled CAV by a vehicle
controlled by Cooperative Adaptive Cruise Control (CACC)
[18].

A. Evaluation Methodology

The trained CAV DRL control is coded and evaluated in
SUMO simulation. The HD and CACC scenarios serve as the
baselines to demonstrate the superiority of the proposed DRL
model.

The following rolling mean and standard deviation of
speed are adopted to measure the capability of the DRL-
controlled CAV to absorb hard decelerations of the lead
vehicle.

1 k+T
i = 72 X (4)
i=k



k+T

= > -y )
=k

Where T is the rolling time window length, X! is the
average speed starting at the & time step of length T, and s}
is the rolling standard deviation of speeds starting at the k"
time step. To measure the overall speed variation over the
entire evaluation period, the average of all rolling standard
deviations s is utilized as defined below.

=

end-T

1
ST — r 6
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B. Experiment Results

The total evaluation simulation run time is about two hours.
Simulated vehicle trajectories from a randomly selected 2.5-
minute time window are extracted (See Figure 2) to compare
the performances of the proposed model and the baseline.
Based on the trajectories, vehicle speed and acceleration
profiles are also plotted and presented in Figures 3 and 4.
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Figure 2. Trajectory of First 5 Vehicles (top: RL agent as 2nd car; mid:
CACC as 2nd car; bottom: human driver as 2nd car)

As can be seen in the trajectory figure (Figure 3), the DRL-
controlled CAV tends to keep a longer distance (about 50
meters on average with a standard deviation of 30 meters) to
its front car than human drivers. Although this distance is not
explicitly defined by the reward function in our design, the
DRL agent figures out by itself that in order to avoid hard
and/or frequent accelerations/decelerations, it needs to
increase the gap to its lead vehicle and use that gap as a buffer
zone to absorb the stop-and-go shockwave.

Another interesting finding from Figure 3 is that the HD
follower of the lead vehicle tends to copy and exaggerate the
lead vehicle’s behavior. For example, every time the lead
vehicle decelerates to a speed v, the following HD vehicle
tends to decelerate to an even smaller speed compared to v.
The CACC vehicle performs similar to the HD vehicle, except
that its behavior is a little more stable. The proposed DRL
control performs the best. It tends to dampen the speed
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oscillation of the lead vehicle and takes a less extreme action
compared to its lead vehicle. The acceleration profiles in
Figure 4 also show that DRL can keep the acceleration
oscillation within a much smaller range compared to CACC
and HD vehicles.
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Figure 3. Speed Profile of First Two Cars in Fleets (top: RL agent as 2nd
car; mid: CACC as 2nd car; bottom: human driver as 2nd car)
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Figure 4. Acceleration Profile of First Two Cars in Fleets (top: RL agent as
2nd car; mid: CACC as 2nd car; bottom: human driver as 2nd car)

Given the above comparison results, a valid question is that
is the DRL control going to increase the overall travel time.
For example, the CAV travels at a very low and constant
speed. Although this can lead to a smooth trajectory, it will
take the CAV much long time to travel the same distance than
a HD vehicle with a stop-and-go trajectory. Based on the
simulated results, the DRL-controlled CAYV is able to not only
absorb the stop-and-go shockwave created by the lead vehicle,
but also travel at the same average journey speed as a HD
vehicle. Note that all the CAV, CACC and HD vehicle speeds
are constrained by the lead vehicle.

To quantify the effects of how stop-and-go waves get
dampened with CAV and HD vehicle, the average rolling
speed standard deviations for vehicles at different positions are
calculated and presented in Table 1.

TABLE L sT FOR CAV, CACC, AND HD VEHICLES
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Figure 5. Speed Oscillations of Different Vehicles

In Table 1, the first vehicles in CAV (i.e., RL agent),
CACC and HD (i.e., all human drivers) scenarios all have the
same speed oscillation as their trajectories are sampled from
the highD dataset and are identical. For the 2™ vehicle in the
platoon, the CAV is able to absorb the speed oscillation by
64% compared to its HD vehicle counterpart. While the
benefit of CACC is 41% compared to HD vehicle.
Interestingly, the CACC seems to copy the behavior of the lead
vehicle (see Figure 2 and Figure 3) thus the 57 stays about the
same. The effect on the 3™ vehicle in the CAV scenario is less
significant because the 3™ vehicle is controlled by a human
driver. Nevertheless, it still has a 26% reduction in speed
oscillation compared to the HD scenario. For the remaining
vehicles in the platoon, the speed oscillation reduction benefits
are in the range of 9%~15%. In sum, the oscillation reduction
benefits reach the peak (over 50% reduction) for the 2™ vehicle
in the platoon, and drop to the somewhere near 8% as the stop-
and-go wave propagates to the 7" vehicle, and increase slightly
afterwards. The same trend can be found for CACC although
the magnitude of oscillation reductions is less than CAV.

The fuel consumption reduction benefits are also studied.
The emission model HBEFA [19] is used to quantify the fuel
consumption for each vehicle in both scenarios, and the
comparison results are plotted in Figure 6. The overall patterns
for fuel consumption savings and speed oscillation reductions
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are similar. Again, the CAV (RL agent) is able to save more
fuel than CACC for a fleet.

0.004 |
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—-0.15 1
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—0.20

—— RL agent vs. human
—0.25 CACC vs. human

2 4 6 8 10
vehicle position

Figure 6. Fuel Consumption of CAV Scenario Compared to HD Scenario.

C. Other Reward Functions

As mentioned in the introduction section, several other
researchers also investigated this problem. However, they
considered different state representations, reward functions,
and simulation scenarios. Wu [8] used a reward function based
on speed which encourages vehicles on a ring road to travel as
close to speed limit as possible. Qu [14] adopted this idea and
further added a time headway term to address safety concerns.
They both trained their RL agents on a ring road where the first
vehicle could catch the last vehicle in the platoon, and assumed
the RL agents have a global view of the environment (i.e.,
speeds and positions of all vehicles). As a comparison, we
adopted their reward function definitions and trained the RL
agent on a straight single-lane road to see if their reward
functions will properly guide the CAV.

The agents trained according to Wu’s reward function
(Reward W for short) and Qu’s reward function (Reward Q for
short) both reach return plateau after 3 epochs (two hours of
simulated driving for each epoch). Based on direct
observation and trajectory analysis, CAV trained by Reward
W drives very cautiously/slowly and the gap between the CAV
and the lead vehicle keeps increasing. This is probably due to
the non-continuity in the reward function, which still rewards
an agent even though it is very close to the lead vehicle and
suddenly generates a very large penalty if the agent gets
slightly closer (The agent touches the rear end of the lead
vehicle). Although Reward W works well on a ring road to
stabilize traffic, that success cannot be successfully transferred
to calm stop-and-go traffic on a straight road segment.

With Reward Q, the CAV is able to follow the lead vehicle
relatively well without creating a large gap. We think this is
because of the additional headway term in the reward function,
which brings continuity into the reward function and avoids a
sudden transition from reward to penalty. However, Reward
Q still leads to unstable speed and acceleration profiles as in
Figure 7. Under this reward function, the CAV frequently
oscillates between the maximum-allowed acceleration and
deceleration. The 57 as a result of Reward Q reaches 1.67,
which is much higher than the HD baseline (0.58). This
suggest that Reward Q would significantly amplify the stop-
and-go shockwave rather than dampen it.

Overall, the above comparison results suggest that reward
functions are critical in training RL CAV control agents. One
contribution of this study is that it includes two reward terms



specifically designed for
shockwave, and evaluates their effectiveness on a relatively

dampening the

realistic road network.
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Figure 7. Speed (Top) and Acceleration (Bottom) Profile of First Two
Vehicles by Reward Q

V. CONCLUSION

This study shows that DRL is a promising approach to
dampen stop-and-go traffic and generate significant safety and
environmental benefits in terms of speed variation and fuel
consumption reductions, respectively. These benefits are not
only for the ego CAV vehicle, but also for other human driven
vehicles following it. This brings up an interesting question
for future research: should CAVs behave in its own interest
Also, more work can be done
considering multiple DRL-controlled CAVs. Additionally, it
would be interesting to model the performance of the DRL

model in a multi-lane environment.
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