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Abstract. Traffic lights can be controlled dynamically through rules
reacting on the number of waiting vehicles at each light. A rule can be
captured by a so-called Traffic Control Table (TCT). The Value Iteration
method from Stochastic Dynamic Programming has been used for simple
networks to derive a TCT. This work studies the generation of a TCT-
based rule that takes the arrival information of new vehicles into account.
The question is how to generate such a table for simple intersections (or
a network of these). The generation is particularly difficult due to the
computational work involved in the Value Iteration process.

The problem is formulated as a Markov Decision Process and the par-
allelization of the Value Iteration method for this problem is discussed.
We are specifically interested in exploiting the structure of the problem
for simple infrastructures, with only a few traffic lanes, using a parallel
algorithm.

Keywords: Markov Decision Process, Stochastic Dynamic Program-
ming, Value Iteration, Traffic Control.

1 Introduction

Dynamic decision making represents a wide area in real life, where the main goal
is taking a decision from a certain state, i.e., decide the action x being in state
s and time t. Here, we consider the problem of minimizing the waiting time at
traffic lights.

Traffic lights were introduced in the early twentieth century to make traffic
safer in places where traffic from different directions intersects at what is called
a junction or intersection. To give priority to several traffic flows, the vehicles
approaching from other flows must wait before getting right of way. The overall
waiting time can be reduced if there exists a conveniently controlled sequence in
the traffic lights network. This problem has been considered by theorists as well
as engineers [2, 6–8].
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The optimal control traffic in a traffic junction is based in what we call a
Traffic Control Table (TCT). This table determines which flow combination has
priority given the current traffic state (number of waiting vehicles in each queue)
in the traffic junction. To find a TCT which minimizes the vehicle waiting time,
one can model the problem as a Markov Decision Process (MDP) and apply a
Value Iteration algorithm, based on backward induction [3–5]. The idea of back-
ward induction was introduced by Bellman in 1953 to solve (stochastic) dynamic
programming [1]. Backward induction can be applied in dynamic optimization
problems where time is discrete, for solving stationary systems without a time
horizon.

Dynamic programming usually deals with a considerable number of states.
Executing the Value Iteration algorithm requires to store all this information in
main memory. An efficient access to these values can facilitate the cache location
and therefore save computational time. In this work, the study of parallelizing the
Value Iteration algorithm is tackled taking the data management into account.

The paper is structured as follows. In Section 2, a MDP model is described
for the decisions captured in a TCT. Section 3 provides the algorithm of Value
Iteration for the described problem. Section 4 applies the method to a simple
infrastructure. The parallel algorithm as well as the experimental results will
be shown in Sections 5 and 6 respectively. Conclusions and future work are
presented in Section 7.

2 Model Description

The main goal is to calculate a TCT that determines how to manage the traffic
lights considering the traffic density, so that overall waiting time is minimized in
the long run. The table should capture which flows should get green light given
the current state of the traffic. The problem is formulated as a MDP.

2.1 Goal

The waiting time of a vehicle is defined as the time from the moment a vehicle
joins the queue until it crosses the stopping line. The practical objective is to
find a control that minimizes the Expected Waiting (EW ) time in the long run.
Little’s law formalizes the relationship between the arrival rate λ, EW time, and
the number of waiting vehicles in a queue (EQ) as follows:

EQ = λ× EW.

If the number of vehicles waiting in the queues is minimized, the waiting time is
also minimized. The MDP algorithm does not need to keep track of the time a
particular vehicle is waiting, but it does so for the number of queued vehicles.

2.2 Model Assumptions

The optimization problem of determining the traffic lights control is modelled
as a stochastic and discrete-time control process. Given the state s of the traffic
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and the lights, an action x must be chosen from the available ones. The optimal
choice x(s) is then derived via the process of Value Iteration.

The model is based on the following ingredients:

– Time is divided into slots.
– A slot is the time required for a vehicle to leave a queue and cross an inter-

section. It also determines the safety distance between two vehicles.
– Traffic lights can be changed only at the end of a slot.
– The change from green to red light requires two slots of yellow: Y1 and Y2.
– The decision of changing the traffic light state is implemented instantly.
– While the light is green or yellow, at most one vehicle can cross the inter-

section in a slot.
– Vehicles move at a constant speed. The queued vehicles do not move, except

for the first queued vehicle when the light allows it.
– To facilitate the analysis, the vehicle length is neglected. Therefore, a traffic

junction is never stuck due to traffic.

2.3 Summary of Notations

The notation used throughout this paper is defined below. A crossing or inter-
section consists of F traffic flows or lanes, where each flow f consists of a lane
and an associated queue. Vector q = (q1, . . . , qF ) stores the number of vehicles
waiting in each queue. Although in reality queues may contain Q or more ve-
hicles, queues are truncated at Q vehicles to facility numerical computation of
an optimal policy. We will also consider the possibility of having arrival infor-
mation in a vector a(f) as will be specified in the next section. The traffic lane
set F = {1, . . . , F} can be partitioned in C disjoint subsets called combinations.
Conflicting traffic flows do not get green simultaneously. The various combina-
tions are given beforehand and determine the instance of the problem. All the
lanes within a combination simultaneously receive green, red or yellow light. If a
combination receives green or yellow light, the remaining ones receive red light.

2.4 Formulation as a Markov Decision Process

To model the problem, the following parameters are used:

– S: a finite set of states. A state is defined by the light and the number of
vehicles waiting in the queues that define the intersection. The number of
states is countable because the number of intersections as well as the queue
length are limited. The queues associated to each intersection are artificially
truncated at some maximal queue length. Arrival information of new vehicles
is also considered in state s.

– c(s): cost of state s, defined by the number of vehicles waiting in the queues
that describe the state s.
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– λf : the probability that a new vehicle joins traffic flow f in a slot and there-
fore (1− λf ) is the probability that no vehicle joins the traffic flow.

– E : a finite set of possible events. Each event represents the arrival or not of a
new vehicle at a lane f . Notice that the event does not depend on the state.

– X (s): a finite set of possible actions to control the lights. The set of possible
actions depends on the state s.

State s: For the dynamic traffic control, the state of the MDP is the current
light situation and state of traffic flows. The possible light states are denoted by
index l ∈ L = {1, . . . , L}, where L = 1 + 3C as either all lights are red or only
one of each of the C combinations has green, Y1 or Y2. The state of traffic flows
for this model is:

– q : The number of vehicles waiting in each lane.
– a(f) = (a1, . . . , aM )(f) : M arrival information slots are available for lane f ,

where a
(f)
i ∈ {0, 1} determines whether a car arrives at queue f in i time

slots from now.

Both the maximum number of vehicles in a single queue Q and the number of
arrival information slots M may be flow specific.

Therefore, a state s is defined by s = (l, q, a). The number of possible states
is given by

|S| = |L| · (Q + 1)F · 2M·F . (1)

Control Action x: Given a state s, the action x ∈ X (s) ⊆ L immediately
adjusts the lights.

State Transition: During a slot, one vehicle arrives at traffic flow f with
probability λf . The stochastic event e is defined as a vector of F elements e =
(e1, . . . , eF ), where ef ∈ {0, 1} denotes the number of vehicles that enter the
infrastructure at lane f , within the coming time slot. Let function Δf (x) denote
whether lane f has right of way (Δf (x) = 1) or not (Δf (x) = 0) when the lights
are changed due to action x. As a result of decision x, state (l, q, a) changes into
state

T (x, sj, ei) = (x, (q1 + a
(1)
1 −Δ1)

+, (a
(1)
2 , . . . , a

(1)
M , e1), . . . , (a

(F )
2 , . . . , a

(F )
M , eF )).

Objective Function: The objective function is to minimize the number of
vehicles waiting at the queues. The contribution to the objective function over a
single time slot is c(s) =

∑
f qf . The associated cost in a general MDP usually

depends on the state s as well as the decision x. In the model we are interested
in, it depends on the state only, so we have the cost function c(s).
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Bellman’s Principle of Optimality: The strategy x(s) is optimal [1] if there
exists a function v(s) and a scalar d such that ∀s ∈ S

v(s)− d = c(s) + min
x∈X (s)

[E{v(T (x, s, e))}], (2)

where E symbolizes the expected value with respect to the stochastic event e.
The transition function T (x, s, e) describes the next state to be reached after
taking the decision x in the state s on event e.

Essential in the described model is that the number of events is finite, such
that they can be numbered as ei with probability of occurrence pi. In addition,
we also consider that the countable state space is finite, such that the states are
indexed j = 1, . . . , |S|. This implies that the value function v can be captured
by a vector V with elements Vj = v(sj). The Bellman equation (2) implies to
find a valuation vector V and a constant d such that

Vj − d = c(sj) + min
x∈X (sj)

∑

i

piVk , (3)

where k is the state index value related to state T (x, sj , ei). Notice that the
index values of the reachable states from state sj are a subset

Kj = {k : sk = T (x, sj, ei) ∀i, ∀x ∈ X (sj)}
of all states S. If one has a valuation V , also the optimum control value can be
derived from

Xj = x(sj) = arg min
x∈X (sj)

∑

i

piVk, (4)

where again Vk = T (x, sj , ei).

3 Value Iteration through Backward Induction

Bellman introduced the term “backward induction” and also indicated the way
to solve (3) using fixed point theory, where (3) is repeated iteratively. The latter
process is called Value Iteration [9]. One way to deal with that (see Algorithm
1) is to copy a current valuation vector V into a vector W and determine a new
valuation V according to

Vj = c(sj) + min
x∈X (sj)

∑

i

piWk, j = 1, . . . , |S|, (5)

where k is the state index related to state T (x, sj, ei).
The Value Iteration should lead to convergence towards d = Vj −Wj , for all

j = 1, . . . , |S|. Convergence to the scalar d is measured by the so-called

span(V,W ) = max
j

(Vj −Wj)−min
j

(Vj −Wj).

The iterative procedure of Algorithm 1 stops whenever span(V,W ) is smaller
than a pre-specified value ε, which indicate the accuracy in estimating d.
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Algorithm 1. Value iteration

1: Set vector V to zero
2: repeat
3: Copy vector V into vector W
4: for j = 1, . . . , |S| do
5: Vj = c(sj) +minx∈X(sj)

∑
i piWk

6: end for
7: until maxj(Vj −Wj)−minj(Vj −Wj) < ε

How is this property translated into the TCT model? In the first place, notice
that the strategy x(s) represents the idea of a TCT. In the model, the set of
states S is countable as it is based on the light colours and the number of waiting
vehicles. In addition, a maximum number of vehicles in a queue is defined, such
that the total number of states becomes finite. The value of states beyond the
limit Q are obtained by extrapolation. The function v(s) is represented by vector
V and x(s) is the final TCT given by (4). The computational challenge is that
|S| is usually high. An important observation for the defined model is that the
computation of Vj requires a small index subset Kj for values Wk of the index
set Sj .

The research question is how to handle the retrieval ofWk values from memory
in the computational process, such that the loop over j in Algorithm 1 can be
done in an efficient way.

4 Studied Case of the TCT Model

In [3], a code is introduced to denote a specific infrastructure. For instance,
I1F2C2 stands for a single intersection with F = 2 traffic flows (or lanes) and C =
2 combinations. Figure 1 shows the simple infrastructure that will be elaborated:

I1F2C2 is a single T-shape intersection (T-junction) with two traffic flows,
F = {1, 2}. Vehicles in lane 1 drive from west to east, while vehicles in lane
2 drive from north to east, i.e., they turn left. Each direction has a single
lane with its corresponding queue at the stopping line. Additionally, lane 1
has arrival information slots, represented by the vector a.

q1

q2

a5 a4 a3 a2 a1 l

Fig. 1. I1F2C2 infrastructure
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The preliminary results focus on this infrastructure. The specific features of
the I1F2C2 case are as follows.

State s: A state s is defined by s = (l, q, a), see Section 2. The traffic light
states are

L = {0, 1, 2, 3, 4, 5, 6}= {Red ,GF1 ,GF2 ,Y1F1 ,Y2F1 ,Y1F2 ,Y2F2 },
where:

0. Red: Red light for all the flows.
1. GF1: Green light for flow 1.
2. GF2: Green light for flow 2.
3. Y1F1: Yellow light for flow 1 (slot 1).
4. Y2F1: Yellow light for flow 1 (slot 2).
5. Y1F2: Yellow light for flow 2 (slot 1).
6. Y2F2: Yellow light for flow 2 (slot 2).

The state of traffic flows for this case is:

– q = (q1, q2). The number of vehicles waiting in each lane.
– a = (a1, . . . , aM ). As only flow 1 has arrival information, the flow index is

omitted. The element at ∈ {0, 1} determines the presence or absence of a
vehicle in slot t. For example, if at = 1, a vehicle arrives to the queue in t
time slots.

The number of possible states for the I1F2C2 case is given by

|S| = |L| · (Q+ 1)2 · 2M .

Control Action x: The possible subsets X (s) ⊂ L are enumerated as follows.

X =

⎧
⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎩

{1, 2} = {GF1 ,GF2 } if l = 0 = Red
{1, 3} = {GF1 ,Y1F1 } if l = 1 = GF1
{4} = {Y2F1} if l = 3 = Y1F1
{0} = {Red} if l = 4 = Y2F1
{2, 5} = {GF2 ,Y1F2 } if l = 2 = GF2
{6} = {Y2F2} if l = 5 = Y1F2
{0} = {Red} if l = 6 = Y2F2

State Transition: As I1F2C2 has only two flows, the event is defined as a
vector e of two elements e = (e1, e2). For this simple case of two lanes, four
possible events can happen: e ∈ {(0, 0), (0, 1), (1, 0), (1, 1)}. The probability pi
related to the events is:

⎧
⎪⎪⎨

⎪⎪⎩

i = 1, e = (0, 0) with p1 = (1− λ1)(1− λ2)
i = 2, e = (0, 1) with p2 = (1− λ1)λ2

i = 3, e = (1, 0) with p3 = λ1(1 − λ2)
i = 4, e = (1, 1) with p4 = λ1λ2
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For instance, let M = 5. During a slot, the arrival information denoted by
a = (a1, a2, a3, a4, a5) shifts towards a ← (a2, a3, a4, a5, e1), i.e., the arriving
vehicles at the lane are approaching and a1 represents the vehicle that is added
to the queue.

Depending on the traffic light state, the queue length will increase or not.
Suppose that flow 1 has red light (l ∈ {0, 2, 5, 6}, so Δf (x) = 0). A vehicle which
is one slot upstream away from queue f , increases the number of vehicles in
queue 1. When x sets the colour to green or yellow for lane 1 (l ∈ {1, 3, 4}, so
Δf (x) = 1) and the queue 1 is not empty (q1 > 0), the vehicle is added to the
queue. If the queue is empty (q1 = 0), the vehicle crosses the stop line of flow 1
without delay. The transition of queue 1 is given by q1 ← q1 + a1 −Δ1(x).

For lane 2, there exists no information about the arrival of new vehicles to
the queue, therefore the next state of queue 2 depends on e2 and action x. The
transition of queue 2 is given by q2 ← (q2 + e2 −Δ2(x))

+ vehicles.

Objective Function: Having two queues, the objective function is

c(s) = q1 + q2 .

5 Parallel Approach

The sequential Algorithm 1 is an iterative process where the vector V of size |S|
is updated based on previous values of Vj stored in vector W until a termination
condition holds. The natural way to tackle the parallelization of Algorithm 1 is
to distribute the evaluation of V between processors. The set of state values V
can be partitioned in different ways depending on |S| and on the characteristics
of the final architecture. When message passing is used, the number of messages
should be as small as possible. For shared-memory architectures, the access to
values in W should be done in such a way that the probability they are available
in cache level 1 is increased.

Both methods need a synchronization point at the end of the update of V to
check the termination condition and to have the data W available for the next
iteration. This is an additional challenge for the parallelization of the process.

Taking these considerations into account, an option is to store the values of V
and W as a matrix, where the columns are the values of lights and the rows are
the different combinations of queue states and arrival information. In a shared-
memory architecture, the matrix can be computed row wise, where each thread
is in charge of a chunk of the matrix. In a distributed-memory architecture, a
reasonable solution is a partition of the matrix into columns. In this way, the
number of messages is not high, although the message size may easily be big.

5.1 Computational Complexity

The workload is related to the number of flows (F ), the maximum size of a queue
(Q) and the number of states (M) that describes the arrival information. The
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Red
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1

3

4

2

5

6

Y1F1

Y2F1

GF1 GF2

Y1F2

Y2F2

Fig. 2. Message passing in lights distribution for MPI approach

limit imposed on the queue length makes the state space finite. Higher values
of queue lengths introduce state situations with an extremely low probability of
occurrence. This hinders the convergence of Value Iteration. Therefore, for each
iteration the complexity of the algorithm is given by |S| as specified by (1).

5.2 MPI Approach

The MPI approach is mainly used for distributed-memory systems. Figure 2
shows the message passing for the parallelization using MPI, where each MPI
process is in charge of the evaluation of the values of V associated to one value
of the light state l ∈ L = {0, 1, 2, 3, 4, 5, 6}. A greater parallel degree can be
achieved by parallelizing each MPI process.

The main drawback of the described MPI approach is the imbalance between
processes. For instance, a process in charge of l ∈ {Red ,GF1 ,GF2} requires
more data from vector W to update Vj values than processes in charge of yel-
low lights. In addition, the maximum number of processes in I1F2C2 is seven
according to the developed strategy.

5.3 Threaded Approach

This approach is used in shared-memory architectures. Having V as a matrix,
where each thread is in charge of the evaluation of a set of rows facilitates the use
of an arbitrary number of threads. Matrix V is partitioned into chunks of rows,
each to be dealt with by one thread. A drawback is that usually the effective
number of threads is bounded by the number of cores in the shared-memory
architecture.

6 Preliminary Results

Experiments have been carried out in a node of BullX-UAL cluster, with two
Intel R© Xeon R© E5-2650 processors and 64 GB of main memory. Algorithms have
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Table 1. Numerical results using threads

Q50M10 Q100M5
N. of threads Time (s) Speedup Time (s) Speedup

1 240 – 511 –
2 119 2 260 2
4 56 4 133 3.8
8 31 7.7 68 7.5
16 17 14 36 14.2

been coded in C and compiled using gcc with MVAPICH and POSIX threads
API.

The arrival ratio is λf = 0.2 for each incoming flow f = 1, 2. The accuracy is
set to ε = 0.01. TCTs are generated for I1F2C2 with two different settings:

Q50M10: Queue length Q1 = Q2 = 50. Arrival information slots M = 10.
Q100M5: Queue length Q1 = Q2 = 100. Arrival information slots M = 5.

6.1 MPI Approach

Results for the MPI approach using seven processes shows a poor performance
with a speedup of less than 3 due to the imbalance of the workload among
processes and the cost of message passing.

6.2 Threaded Approach

Table 1 shows the experimental results for the threaded version varying the
number of threads. The achieved speedup is near linear. As future work we plan
to perform a reordering of the rows of value functions V and W assigned to each
thread to improve the cache locality of the needed data.

7 Conclusion and Ongoing Work

Solving dynamic optimization problems by the Value Iteration algorithm is a
challenge from the point of view of running the process in parallel. Each iteration
of the algorithm requires a synchronization. This paper studied the algorithm for
generating the best traffic control table. The difficulty of these problems increases
with the number of traffic flows and intersections, and the inclusion of arrival
information. A near linear speedup has been obtained with a threaded version
for a basic instance of the problem. Future investigation will focus on parallel
computation of traffic control tables for more complicated infrastructures that
imply a larger number of traffic states. To do so, a parallelization in two levels
(MPI for inter-node and threads for intra-node) is convenient to achieve a good
performance in a cluster of shared-memory nodes.
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