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Figure 1: A long queue blocking highway traffic flow, despite
the highway being grade-separated from the roundabout.

The contributions of the paper are manifold:

(1) AReinforcement Deep Learning method for signalized round-
abouts in congested network, a complex traffic light control
scenario that, to the best of our knowledge, has not been ad-
dressed by previous works. Previous studies featured simple
two or four-way intersections.

(2) An episodic formulation of the traffic light control problem
for traffic jam avoidance and faster convergence.

(3) A policy gradient method with a time baseline, to reduce the
variance in episodic settings, where the accumulated reward
at each time step t is monotonically decreasing with respect
tot.

(4) An experimental evaluation on a real roundabout, simulated
using traffic data recorded in the peak hour of a weekday.

The experimental results show that our method reaches higher
performances in several measures including average speed, halting
times and emissions, while being able to avoid the overflowing high
volume traffic to interfere with other junctions.

The rest of the paper is structured as follows. Section 2 describes
variables and dynamics involved in designed a signal timing policy.
Section 3 gives a brief introduction to the RL technique of Policy
Gradient and formulate the problem as a RL task. Section 4 presents
the proposed method based on episodic conditions and Policy Gra-
dient with time baseline. Section 5 describes the experimental setup
and shows the results. Section 6 provides related work in the area
of traffic light control with a focus on RL techniques and Section 7
concludes.

2 TRAFFIC MODELING

We start by deriving the basic equation, from first principles, of
traffic signal control. The result is very intuitive, namely that to
minimize overall delay, phase duration should be proportional to
the arrival rate. However, as we will see the derivation depends
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on simplistic assumptions. When these unrealistic assumptions are
relaxed, more complex machinery is required and we claim that RL
methods are suitable for designing traffic signal timing policies in
realistic settings.

Consider a simple scenario where a North-South (NS) and an
East-West roads meet at an intersection. Suppose the traffic (cars)
follow a poisson process and starts arriving from time ¢ = 0 and
the total traffic cycle time is T. Let A1 and A3 be the rate of traffic
arrival on the NS and EW roads respectively. Then by definition of
the poisson process the expected number of cars at time ¢ is At and
they are uniformly distributed in the interval (0, t). Assume NS gets
the green signal first during which time the EW has the red signal.
Let the duration of the green phase be a. Therefore the duration of
the red phase is (T — «). Cars arrive uniformly. The average delay
on NS is T_T“ and on EW is . Thus the total delay, D(«) is

MT-a)  Aya?
D(a) = (T -a)” | A
2 2
To minimize the total delay set 61{;—((;’) = 0 and solve for a. Thus
“M(T —a)+Aza=0 (1)
M
¢ A1+ A ( )

We generalize the above green splitting equation to consider the
case of m exclusive flows, each with a rate A;, thus the duration is

Ai
®3)

=T
ity Ai

aj =

2.1 Additional delay components

There are several variables that should be taken into account in
order to accurately model the delay and consequently optimize the
green splitting. We replace the traffic cycle time T with the effective
green time tg, as the total effective green time available in a cycle.
The effective green time is defined as

Ty =T —n(dg +dg +dc) (4)

That is, the total time T minus a lost time for each phase as the sum
of three delays:

e Approaching delay d, is the time lost for decelerating before
entering the queue.

¢ Queue delay dj is the period of time between entering the
queue and reaching the STOP line.

e Control delay d, is the time lost for discharging the central
area (all red phase) before changing phase, this includes the
startup time where acceleration is considered.

With few assumptions on vehicles features, the approaching and
control delays d, and the control delay d. are constant. Conversely,
it is hard to formulate an accurate queue delay model. The queue
delay dq is a non-linear function on the number of cars and it should
model acceleration, stop and go waves phenomena, and it may span
across multiple cycles.

2.2 Traffic model in signalized roundabout
Complex junctions such as signalized roundabouts present addi-
tional features and issues that are not addressed in traditional trans-
portation models.
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Figure 2: Phases of a weaving section in the signalized roundabout subject of the study. In phase A, incoming flow is halted
and the circulatory lanes are in free flow, allowing the roundabout to be emptied. In phase B, the vehicles are halted inside
the roundabout, incoming flow is allowed to enter and exit (only U-turn exit will require them to wait). In phase C, incoming
flows yields and the two conflicting flows weave autonomously.

2.2.1 Roundabout flows weaving. In signalized roundabouts, the
circulatory lanes are the shared resource for which approaching
arms are competing. However, the way they are accessed and occu-
pied is different from the central area of an intersection:

o In contrast to intersections, roundabouts have one-way traf-
fic flows. Vehicles from different entry arms can access the
shared resource in a safe way by yielding (Figure 2-C).

The period of time a vehicle spends in the shared resource
is longer on average even when there is no congestion. Con-
sider for example the time needed to reach the last exit of
a large roundabout in comparison with passing an intersec-
tion.

Vehicles can be halted at a traffic light inside the shared
resource but still allowing an incoming flow to enter and
leave the roundabout meanwhile (Figure 2-B)

While it is possible to wait for the circulatory lanes to be com-
pletely emptied before moving to the next green phase, this would
be impractical and it will lose the advantages of having a round-
about. On the other hand allowing the two flows to weave, as in a
non-signalized intersection, makes the startup delay less predictable
for two reasons: (i) incoming vehicles have to yield before entering
the roundabout and (ii) once in the roundabout, the vehicles may
have to change lane depending on the exit they will take.

In flows weaving, the entry capacity of a roundabout arm must
take into account the circulating flow: entry capacity decreases as
the circulating flow increases and vice versa.

2.3 O-D driven green splitting

The destination of vehicles is another variable that an optimal policy
should be taken into account in choosing whether to alternate or
weave-in the incoming traffic flows. Depending on the destination
of vehicles, it is possible that traffic flowing from different incoming
arms does not compete for the same circulatory lanes. This scenario
would allow for multiple incoming lanes to have access to the
roundabout at the same time, without any conflict or weaving. For
example, given that all the vehicles coming from the South will take
the north exit and vice versa, both incoming lanes from north and

1656

south may have the green light at the same time without interfering
(see Figure 3 for other examples).
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Figure 3: Examples of non-competing routes flows: (A) NS-
SN, (B) SE-ES, (C)

While modeling an origin-destination (O-D) driven phasing with-
out knowing the destination of vehicles is not possible, a fair as-
sumption can be made on the U-turn traffic (e.g. from north to
north) to be lower then other routes.

In Table 1 we assume, given an entry arm in a four-way round-
about, a probability of 0.1 for the U-turn and uniform distribution
of 0.3 for each remaining routes. The matrix in Table 1 shows the
probability of a vehicle coming from an incoming arm X; to occupy
the circulatory lane of the weaving section of Y.

With the U-turn assumption, the pair of incoming arms (N,S) and
(E,W) have less probability of conflicts. Modeling an O-D driven
phasing does still need the knowledge of routes probability, but
the additional phases of less conflicting routes can be explored in a
Reinforcement Learning setting to learn a complex policy.

3 PROBLEM FORMULATION

The problem of finding an optimal strategy for traffic light phase
selection depending on the vehicular network state can be framed as
a reinforcement learning task. After introducing some background
and notation, we model the traffic light control problem in the
reinforcement learning framework.
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Occupancy probability
Circulatory lanes
Entryarms N, W, S E.
N, 1 07 04 01
W, 01 1 07 04
Se 04 0.1 1 07
E. 0.7 04 0.1 1

Table 1: Occupancy probability of each circulatory lane (or
group of lanes) by incoming traffic from each entry arm,
based on the assumption of a uniform O-D matrix and 0.1
probability of U-turn.

3.1 Reinforcement learning

Reinforcement learning is a goal-directed learning task, in which an
agent interacts with the environment in order to learn an optimal
action selection policy [22].

At each discrete time step t = 0,1,2,3, ..., the agent receives
the current state S; € S from the environment, and select an action
A; € A(s) according to its policy. Together with the next state Sy11,
the agent receives also a reward St 1, that is, a scalar signal that we
want to maximize. More specifically, assuming that the number of
time steps T is finite within one episode, the goal of optimal action
selection at timestep ¢ is to maximize the cumulative discounted
reward Gr:

Gt = Rt+1 + th+2 + }/th+3 + ...+ )/T_lR’I‘,

®)

where y is a discount rate parameter, with 0 < y < 1, that deter-
mines the present value of future rewards.

The model of the environment is defined as a Markov decision
process (MDP), where the probability distribution for the random
variables R; and S; is defined by the p function

p(s’,rls,a) = Pr{S; =s',Ry = r|S4—1 = s,As-1 = a},  (6)

that describes the dynamics of the MDP. The typical reinforcement
learning problem is model-free, meaning that the MDP and its asso-
ciated p function are not known. Instead, exploratory actions (i.e.,
non optimal) are needed in order to estimate the model dynamics
through a large number of interactions.

The ultimate goal of reinforcement learning is to learn a policy
7+(als), that is, a mapping from states to probabilities of selecting
each action, that maximize the final reward. This optimal policy 7.
can be obtained by either estimating the value of actions through
action-value methods, or by directly learning a parameterized
policy through policy gradient methods.

Action-value methods learn the optimal value of actions for
each state g(s, a), which is defined through the Bellman optimality
equation [22]:

ge(s,a) = ) p(s',rls, @)r +y maxq.(s’,@")]. Y]
s',r “

In policy gradient methods estimating the action value or the state

value is not required, instead a parameterized policy n(als, 0) is

learned in order to maximize some performance measure J(6) based

on the accumulated reward. The optimal policy in these methods is
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approximated by the iterative update

0141 = 0 + aVJ(0;). ®)

The policy z(als, ) can be any parameterized function as long as
the partial derivatives with respect to parameter vector 0 exist and
are finite for all the states and actions. In practice, a neural network
is used and an exponential softmax is applied on its output nodes
in order to obtain a probability distribution from the numerical
preferences.

3.2 Traffic light control environment

We represent the signalized vehicular network environment as a
MDP with states, actions and rewards. We design the MDP so that
states and reward can be easily measured in a real scenario (e.g.
based on loop detectors instead of aerial images and travel times)
and the actions to be realistic and safe.

3.2.1 States. The state in our environment is defined as the set
of car counts coming from the detection loops installed on the
network. In a roundabout network, detectors loops are installed on
both approaching and circulatory lanes. For approaching lanes, two
lines of detectors are installed, one line closer to the roundabout
entrance, one several meters farther (e.g. 150m before the entry). A
line of detectors has one detector for each lane.

Let D;(t) the number of cars that have been over the detector i
during a time step t we define the state as s; = (D1, Da,...,Dm)
with m the number of detectors.

3.2.2 Actions. The actions allow to control the flow by changing
the phase of the traffic lights. In the proposed environment, instead
of setting a binary action to move to the next phase, the agent can
select any phase at each time step without particular order. We
avoid employing a binary action of phase switching — that is, to
move to the next phase in the cycle — as the policy would have no
information about the current or next phase. It has also been shown
that including the current phase in the state it is not sufficient in
the setting of phase switching action [26], and a separate set of
neural network weights would be needed for each phase.

Action Entry lanes Circulatory lanes
a G(Ne);R(We,Se,Ee) G(Wc’sc,Ec)§R(Nc)
az G(We); R(Se, Ee, Ne) G(S¢, Ec, Ne); R(W)
as G(Se); R(Ee, Ne, We) G(E¢, No, We); R(Se)
aq G(Ee); R(Ne, We, Se) G(N¢, We, S¢); R(Nc)
as G(Ne, Se); R(We, E) G(We, E¢); R(Ne, Se)
ag G(We, E¢); R(Ne, Se) G(N¢, S¢); RW., E.)
az G(Ne), A(Se); R(We, Ee)  G(We, E¢); A(Sc); R(Ne)
as G(Se), A(Ne); R(We, Ee)  G(We, Ec); A(Ne); R(Se)
ag G(We), A(Ee); R(Ne,Se)  G(N¢,Sc); A(Ec); R(We)
ato G(Ee), A(We); R(Ne,Se)  G(Nc, Sc); AW, ); R(E¢)
ar R(Ne, We, Se, Ee) G(N¢, We, S, Ec)

Table 2: Phases actions for a four-way roundabout.

We provide one phase for each set of non-conflicting flows, and
one phase for each pair of nonconsecutive approaching lanes, as-
suming that the U-turn is a less frequent route, where two lanes
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Figure 4: Cumulative vehicles illustration of over-saturated (left side) and under capacity arrival rate for the same intersection.
In condition of saturation the capacity function can be estimated from the departure function.

have both the green light and all other traffic lights are red. We
also provide, for the previous pairs, the combinations of phases for
which one entry arm of the pair has green and the other has an
intermittent amber (i.e. approaching cars must yield). Finally, an
additional all-red phase is provided to allow the discharge of the
circulatory lane when congested.

In Table 2 we list the set of 11 actions, each one corresponding to
a traffic light phase, for a four-way roundabout. In order to safely
switching between any pair of phases, we create an amber light
phase transition, hidden from the agent, for each possible pair of
distinct phases. Conversely, no actual change is made on the phases
when the action selected is equal to the previous.

3.2.3 Reward. As shown in Section 2, the goal of traffic light opti-
mization in a saturated network has a dual objective: maximizing
the capacity of the intersection and avoid bad traffic conditions
such as long queues that may interfere with other junctions. The
reason why these two objectives are competing is that by giving a
long green time to one of the saturated entry it is possible to reduce
lost time and obtain very high capacity, at the detriment of causing
a traffic jam elsewhere. We trade-off between these two objectives
by considering the capacity in the reward function, while avoiding
traffic jams using episodic conditions (see Section 4).

We have also shown that deriving an analytical a traffic model to
measure the capacity of a signalized roundabout with a given timing
is extremely difficult, because of the many dynamics involved such
as flows weaving, O-D dependent occupancy and combined phases.

However, since we are merely interested in the current per-
formance of our policy, it is possible to measure empirically the
capacity as the vehicle departed over a period of time. In Figure 4
we show the cumulative arrival function (vehicles arriving piling
up in front of at the roundabout) and departure function (vehicles
leaving the roundabout). When the roundabout is saturated, the
capacity is proportional to the number of departed vehicles. On
the contrary, when the arrival rate is lower than the capacity, it is
not possible to estimate the capacity, as the arrival rate becomes
the upper bound of the departure rate. Since our simulations are
always over-saturating the roundabout by design, we can assume
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that the number of vehicles left the roundabout from time ¢ to time
T, L(T) — L(t) is a valid approximation of C(T) — C(t), where C(t)
is the cumulative capacity function at time t, that is C(T) ~ L(T).

We define the reward function, R(t) = C(t) — C(t — 1) as the
number of vehicles departed from the roundabout at time ¢. It
follows that the return at time ¢ is Gy = L(T) — L(t) and the total
return of an episode is G = Gy ~ C(T). In the over-saturated plot
of Figure 4 we show as examples Gz and Gy using Equation 5 and
the defined reward.

4 METHOD
4.1 Episodic Conditions

Episodic conditions are boolean conditions verified after each step
of an episode to determine if the terminal state of an episode, ST, is
reached. In a non-discounted setting, the return G; is defined as the
sum of the rewards Ry41 + Rs42 +. . . + R, with T being the time of
termination. Thus, the expected return increases with T and each
episode is a repeated attempt of avoiding the episodic condition.

We design traffic jam related episodic conditions so that the
optimal policy is forced to avoid them in order to maximize the
accumulated reward. A secondary effect is that enforcing the policy
to avoid traffic jams will lead to faster convergence in Montecarlo
setting, as it will generate shorter bad episodes. Conditions we want
to avoid are:

(1) Long blocking queues. When a long queue piles up in
front of a traffic light, this has negative consequences even
after the green light is given, because of the stop-and-go
waves. More importantly, a long queue has negative side
effects on other junctions. As an example, Figure 1 shows a
real scenario in which the queue from the entry arm of an
intersection is blocking the traffic flow of the highway. In the
example, the roundabout interchange is designed so that the
highway and the roundabout are on two different heights,
however, due to a suboptimal traffic light control policy the
roundabout traffic is interfering with the highway.
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(2) Long waiting times. In a very common scenario the flows
from different entry arms are unbalanced, however the re-
warded measures from each entry arm are usually averaged
or summed [16, 26]. This means that, for example, when
there is only one vehicle for one direction and heavy flow in
the other, the vehicle may have to wait a long time before
the agent switches phase.

Zero car exiting. A particularly poor action selection oc-
curs when the green phase is given to an empty entry arm, a
condition known as green-idling. This results in no vehicles
exiting the intersection or the roundabout for a whole time
step even if other vehicles are halted waiting. This condition
will trigger when there is a traffic jam inside a roundabout
or an intersection (i.e. cross-blocking).

®)

Despite an optimal policy from a well-designed reward should
inherently avoid the above conditions, there would be no strong
enforcement for these. Moreover, taking into account all the above
conditions inside a reward function would require a combination
of several variables such as max and average waiting time, max and
average queue length. Some of these variables may require complex
detectors (plate numbers tracking) while their combination would
need a search for the right hyper-parameters, to weight each one
of them.

Ri=c Ry=c¢ Ry=c
. —C—®—M

f___cRmoE c &
. § Last state (end time)

Figure 5: The optimal policy 7% accumulates reward R;, ap-
proximately equal to the instant capacity c, for each time
step period until the maximum length of the episode. Sub-
optimal policies ends by episodic conditions such as traffic
jams.

Episodic condition
(e.g. traffic jam)

4.2 Time Baseline

A crucial aspect of Policy Gradient methods is dealing with the
variance of the gradients in different states and episodes [22]. In the
policy gradient theorem, VJ(6) «< E[(q(s, a))Vn(als, 0)], the gradi-
ent is proportional to the discounted return from the state s. How-
ever, the range of this return is heavily environment-dependent,
so that one state may have a very low return while another state
a very high one. This can negatively affect the training dynamic,
therefore it is very common to subtract a baseline from the accu-
mulated reward in order to normalize the gradient scale in the
optimization step. For example, one choice for the baseline can be
the average of the accumulated reward obtained so far. In this case,
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the REINFORCE algorithm would positively update the parameters
only if the accumulated reward has been greater than the average.
However, some states inherently bring smaller or higher rewards,
independently from the action taken, therefore the baseline should
change accordingly. For this reason, the baseline is usually chosen
as a function of the state, as in the Actor-Critic methods.

In the episodic case, the number of remaining steps until the
final state T can also be an important source of variance. In the
classical REINFORCE algorithm [22], the parameter increment is
proportional to the accumulated reward G; = ZZ: /41 Rk that is,
the complete return from time step ¢ to the final state T. In several
RL setting such as the CartPole environment [3, 20], in which a
positive reward is accumulated at each step, the longer the episode
lasts the greater is the return. Conversely, in a single episode, the
closer a state is to T the lower is its return.

This variance cannot be captured merely by a function of the
state. Consider for instance an environment with only positive
rewards. A state S could appear in two different time steps ¢ and
t + k, with Sy = S;, thus v(S;) = v(S;4k), while the relative
returns would be G; > G, by definition of G;. On the other side,
adding the time information in the state is conceptually wrong,
as the action selection should only depend on the current traffic
situation (e.g. the state of the detectors or the number of cars for
each lane). It is therefore reasonable that only the baseline should
vary with the time step.

We denote by B; a return baseline at time ¢, that can be computed
as the average, or as the weighted moving average, of discounted
return at time ¢, G;, in the generated episodes. The resulting policy
gradient theorem becomes

VJ(©O) x D u(s) D (gn(s, @) — Br)V(als, 0) ©)

=By | ) qx(S1,@)V(als:, 0) (10)

where yu(s) is the on-policy distribution under z. The equation
still holds because the subtracted quantity is zero, as the temporal
baseline does not vary with the selected action:

Z B,Vr(als,0) = B,V Z n(als,0) =B, V1=0  (11)
a a

Therefore, the update rule of the REINFORCE using the time base-
line becomes

Ot+1 = 0t + (Gt — B)VIn w(A¢|St, 0r) (12)

In Algorithm 1 we define the Monte-Carlo Policy Gradient algo-
rithm with time baseline using the above defined update rule and an
exponentially weighted moving average (EWMA) for updating the
baseline B; in every episode. Input hyper-parameters the learning
rate @ and f the degree of weighting decrease to compute the B;
moving average. By setting = % the mean of G; will be used
instead.
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Algorithm 1 Montecarlo REINFORCE with EWMA time baseline
Input:

(1) Differentiable policy parametrization x(als, 6)
(2) Learning rate: a > 0

(3) Discount factor: y > 0

(4) Degree of weighting decrease for B;: § > 0
(5) Maximum episode length m

Initialize 6 € RY (e.g. to _0))
Initialize i = 0
Initialize B € R™ to 0
for each episode do
Generate episode Sp, Ag, R1, ...,
for each tin [0...T] do
Gr < Zk:t+1 Yk IRy
S «— Gt -
0 — 0+ ay'5VInm(As|S;,0)
if i = 0 then
By «— G;
else
By « ﬁGt + (1 - ﬁ)Bt
end if
end for
i—i+1
end for

ST, AT, RT using mp

Note that in our setting of heavily congested traffic and capacity-
based reward, the state itself is not crucial in the computation of
the baseline, because the capacity is saturated thus any state of
the detectors, at a given time ¢, will lead to a similar final return.
Conversely, a temporal baseline is needed to converge faster to an
optimal solution. Moreover, since the policy is still stationary and
it does not depend on the time, the action selection is only based
on the detectors state.

4.3 Generalization and exploration

RL agents are prone to overfit on the environment seen in training
time while failing when first encountering a new environment for
which the distribution of the states is different [5]. In order to allow
the training from different distributions of states, we implemented
a procedural generation of environments with the same traffic
volume but different direction rates as shown in Figure 6.

Another requirement to find an optimal policy is ensuring that,
after several episodes, the agent is still exploring new trajectories
from time to time. Ensuring that 7 (als) € (0, 1) for all s, a is usually
not enough, we need instead a form of regularization such as en-
tropy regularization [17]. Entropy H(s, 7r) of the actions probability
distribution in policy 7 for state s is defined as

H(a, 7) = — Z (als)log x(als)

a

(13)

Entropy is minimum when 7 (als) = 1 for one action and 0 for all
the others, that is, when it becomes a deterministic policy. Since
we want the entropy to be high, we subtract the entropy from the
loss before the optimization step of the neural network.
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Batch of trajectories
with accumulated
rewards

Agent with policy (als,0)

CD G Q Q Q Q Q D

= s min min win win min mn

Sim #1 Sim #2 Sim #3 Sim#4  Sim#5 Sim #6 Sim #7

Compute 1t
gradient

Sim #8

Figure 6: Parallel experiences from 8 simulations with
procedurally-generated traffic flows.

5 EXPERIMENTS

Setup. We run all the evaluation experiments on a real roundabout
dataset. The exact network shape includes an area of 2.4km X 3.4km,
which surrounds the Al Gharrafa roundabout in Doha, Qatar, as
shown in Figure 9. For these experiments the simulated traffic
data has been recorded during the peak hour of a weekday and
reproduced in the simulator following the real origin-destination
matrix.

Training and evaluation are carried out using the SUMO simula-
tion software (Simulation of Urban MObility)!. We implemented
an Open Al gym module? to create the simulation environment
for the roundabout. The environment has several versions — to
enable/disable the GUI visualization, enable/disable the episodic
conditions) or to run one of non-RL policy.

The policy function is implemented as a fully connected neural
network with 68 input nodes, a hidden layer of 512 nodes with
ReLu activation and we apply a softmax to the 11 output nodes,
each one representing the probability of one action.

Results. The overall results averaged over 10 simulations of one
hour of recorded real traffic are shown in Table 3. In each simulation
we measure the total accumulated reward (Return column), the
percentage of time in the episode in which the traffic approaching
the roundabout was blocking other junctions, the total number of
vehicles that completed their trip in the whole network, the average
speed of vehicles, the average of halted cars at each time step, the
average spent by each vehicle waiting, the sum of emissions of all
cars. Except for the number of completed trips, all the measures
are taken from the edges approaching the roundabout or inside the
roundabout. Note that in the evaluation, we do not enforce episodic
condition in order to take measurements for the full hour.

Non-reactive policies based on the rate of each entry (i.e. Rate
aware in Table 3) use the double entry phases (actions a5 and as)
with phase duration proportional to the arrival rate, as described in
Section 2. We provide results for two common cycle lengths of 120
and 170 seconds. Both policies produce very high waiting times due
to prolonged congestions that last half of each episode, it is clear
however the advantage of having longer phases. Our PG method
with EWMA time baseline and ff; = 0.5 achieves the lowest rate

!https://sumo.dlr.de/
ZPublicly available at https://github.com/qcri/gym-gharrafa
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. . . Mean speed Mean halted Waiting

Pol % Block 1 . k;

olicy Return % Blocking Complete trips [m/s] cars time [s] CO3 [kg]
Rate Aware Short 1598 68.1% 4973 7.48 333 2283 7675
Rate Aware Long 2076 49.4% 6224 7.45 226 2202 5763
PG Mean Baseline 3036 12.1% 6550 9.60 87 682 2942
PG Time Mean 2694 6.7% 6913 9.62 69 171 2681
PG Time EWMA 2956 6.4% 6847 10.01 52 116 2178

Table 3: Performances for traffic models policies, classic PG policies and the proposed time baseline PG policies.

of blocking external junctions, lowest number of halted cars and
lowest waiting times. In comparison with the 4 phase rate aware
policy the average waiting time per vehicle is reduced by a factor
of ten and CO2 emissions are decreased by more than 5.5 tons
in just one hour. There is a small difference in terms of network
capacity among the RL policies, as can be seen also in their very
close performance in Figure 7 for cumulative departed vehicles
in the whole network, which includes the highway traffic where
the blocking queue rate has instead a big impact. The PG average
baseline is also obtaining the highest return, however this occurs
at the detriment of blocking other junctions with long queues more
often, resulting in less completed trips and lower mean speed.

90004 —— Rate Aware 4p
----- Rate Aware 11p
8000 - PG Mean Baseline
PG Time EWMA
7000 PG Time Mean

Arrival

6000

5000

Cumulative vehicles

4000

3000~
T TTTT T T T T T T T T T T
0:30:00 0:40:00 0:50:00 1:00:00

Figure 7: Last 30 minutes of arrival and departure of vehicles
in the whole network for the 5 policies in Table 3

Training efficiency. We run 10 simulations for 500 episodes
each to show the convergence properties of the proposed time
baseline, for the arithmetic mean and exponential weighted moving
average, in comparison with using the average return baseline.
Results in Figure 8 shows the performance of the three PG methods.

6 RELATED WORK

In the past decades several timing models have been proposed with
the goal of optimizing traffic signal control. These models usually
assume that the arrival and departure rates of vehicles are known
and build an analytical model to derive the time of the phase [21].

Several fuzzy logic controllers have also been proposed to re-
spond to real-traffic demand [12]. Recently, novel computational
approaches such as genetic algorithms [23], micro-auctions [6] and
RL algorithms have shown promising improvements.
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Figure 8: Average return in the first 500 episodes, using the
same real traffic data of the peak hour for each one.

Figure 9: The Al Gharrafa roundabout in Doha, viewed from
satellite imagery from ©2019 DigitalGlobe, and the corre-
sponding SUMO network. Each square side of the grid is
100m long.

RL approaches. The optimization of traffic light control strat-
egy has a long history in reinforcement learning, with one of the
earliest work applying SARSA on the traffic light control problem
dating more than two decades ago [24]. Reinforcement learning
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approaches have modeled the MDP state using different represen-
tations, such as the discretized vehicles position [4, 27] or a range
of traffic volume [2]. More often the traffic state is represented as
the occupancy of discretized cells in a grid [7, 9] or the vehicles
properties in each grid’s cell [11]. Estimating the value of states
with tabular approaches requires the exploration of a very high
number of trajectories over the distribution of states and actions,
and enough computer memory to store the value of each state. For
this reason, classic RL approaches are computationally bounded
by a limited state and action spaces. In [1] for example, tabular
Q-learning is applied to a heavily congested environment using the
lengths of the four approaching queues as state and the change of
phase as action.

Deep RL approaches. More recent approaches use neural net-
work as function approximators to estimate the traffic states value
(Deep Q-learning [7, 8, 10]) or to learn directly the policy, as func-
tion from state to actions phases (Deep Policy Gradient [16]). Deep
learning approaches allowed the use of more complex states rep-
resentation, such as camera view from above the intersection or,
more precisely, a screenshot of the simulator [16, 26].

Several studies have also explored the possibilities of simultane-
ously controlling multiple intersections using a distributed multi-
agent system by communicating action advices [23, 27] or by using
coordination graphs [9, 25].

Roundabout modeling. Studies that addressed the peculiari-
ties of roundabouts had the main goal of modeling traffic delay and
roundabout capacity. The High Capacity Manual 2010 [15] is a well
known resource for guidelines, constants and formulas for capacity
and delay estimation, which has been improved using a conflict
matrix and queue theory by a more recent work [19] for 1-lane and
2-lanes roundabouts. Attempts at optimizing timings in signalized
roundabouts have also been made, using pre-defined models [13]
and the Cross-entropy method for Reinforcement Learning [14].

7 CONCLUSIONS AND FUTURE WORKS

In this paper, we proposed a policy gradient method based on
episodic conditions and a time-dependent baseline to learn an op-
timal policy for traffic signal control in congested conditions. We
applied the method on a realistic and complex scenario of an over-
saturated roundabout feeding peak hour traffic volumes into the
environment. Results using real data show that the learned policy
significantly reduced the total waiting time and emissions, while
being able to avoid traffic jams in connected junctions. We have
also shown that in the setting of a positive reward and varying
length episodes, the proposed time baseline for the Policy Gradient
REINFORCE algorithm has better convergence properties then the
traditional baseline based on average return. We plan to imple-
ment the policy in real setting and discussions with local traffic
authorities are underway.
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SUPPLEMENT FOR REPRODUCIBILITY

Simulator parameters

The simulator provides a wide set of parameters which strongly
affect the results. We change some of these parameters from their
default values with the aim of ensuring a fair and realistic evalua-
tion, which we provide below for the sake of reproducibility. Exact
command line arguments are given in the Table below.

o Time to teleport is disabled. This option, enabled by default
(set to 300 seconds), teleport to the next edge the vehicles
waiting for too long in front of an intersection. We disable it
as it gives unfair advantage to poor policies.

o Collision vehicles are removed. In multi-lane network with
weaving junctions such as the evaluated roundabout and
congested scenario, collisions occur frequently in SUMO. If
no action is taken, vehicles may stuck and block the traffic.
On the other side, teleporting the vehicle would consider
the vehicle as departed, increasing the capacity measure and
positively reinforcing collisions. We therefore set SUMO to
remove the involved vehicle.

e Collision min gap set to 0, to avoid the event of a collision
unless the vehicles physically overlap.

e Collision check junctions is enabled, to also check collision
between vehicles on the same intersection.

Prameter Value
--collision.action remove
--collision-mingap-factor 0
--collision.check-junctions true
--time-to-teleport -1
--step-length 0.5

Table 4: SUMO parameters.

The environment has two important parameters: the environ-
ment time step, that is the period of time before the agent can take
anew action, and the actual SUMO time step, that is the actual step
in the simulator. Because the SUMO time step represents the mini-
mum reaction time, we set it to 0.5 seconds to reduce collisions and
ensure smooth traffic flow, while environment step is 10 seconds
long so that each phase can last a multiple of 10 seconds. When the
new phase is different from the previous phase, this period of time
includes a 3 seconds yellow light designed according to traffic laws
and safety principles.

Neural network and PG

We describe here hyper-parameters and details of the reinforcement
learning framework.

o Neural Network: Implemented using PyTorch. Fully con-
nected network with ReLu activation function, one hidden
layer of 512 nodes, 68 input nodes (one for each detector)
and 11 Softmax outputs (one for each action).

o Entropy: entropy is multiplied by an hyper-parameter weight,
set to 0.001, before discounting the loss.
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e Learning rate: Given the high scale of rewards, learning rate
a is set to 1e-5.

e Actions selection: Action is selected stochastically in all the
experiments including evaluation, using the output the neu-
ral network for the probability distribution over actions.

e Discount rate for computing the cumulative discounted re-
ward is set to y = 0.99.

Episodic conditions

o To detect the blocking queue conditions, queues of halting
cars are measured in specific lanes so that the condition
is triggered when the queue reaches one of the four limit
points, shown in Figures 10 to 13. Only the lane that causes
interfering is monitored, that is, the one adjacent with the
external edge.

e Maximum waiting time before triggering the episodic condi-
tion is 300 seconds, which is the same amount of time that
triggers teleportation in default SUMO parameters.

e Green idling is checked monitoring the last 6 steps, as vehi-
cles require some time to circulate and exit from the round-
about in traffic congestion. We use the exit detectors, near
to the roundabout, to monitor the exiting cars.

AN\

Limit point

Figure 10: Limit of halting queue in North entry arm.

Limit point

\

Figure 11: Limit of halting queue in East entry arm.

Evaluation measures

To gather the evaluated measures we monitor all the edges ap-
proaching the roundabout and the circulatory lanes inside the
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Measure SUMO TraCI method Aggregation over edges Aggregation over time steps
Complete trips simulation.getArrivedNumber () Not on edge Sum

Mean Speed edge.getlLastStepMeanSpeed() Mean Mean

Mean Halted cars edge.getlLastStepHaltingNumber() Mean Mean

Waiting Time edge.getWaitingTime() Mean Mean

COy edge.getCO2Emission() Sum Sum

Table 5: SUMO TraCI methods for evaluated measures and related aggregations.

Limit point

Figure 12: Limit of halting queue in South entry arm.

Limit point

Figure 13: Limit of halting queue in West entry arm.

roundabout. Details on the aggregation of each measure over edges
and time steps are detailed in Table 5.
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