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Urban Road Traffic Fuel Consumption Optimization via Variable Speed
Limits or Signalized Access Control: A Comparative Study

Bassel Othman, Giovanni De Nunzio, Domenico Di Domenico, and Carlos Canudas-de-Wit

Abstract— This work focuses on comparing the ecological
potential of variable speed limits (VSLs) and signalized access
control. A synthetic two-region network composed of an urban
and a peri-urban area is considered. This study aims at
improving the energy efficiency in both areas. A microscopic
traffic simulator (SUMO) is used to model the dynamics of
the system. It is controlled by a nonlinear model predictive
control (NMPC) framework based on a macroscopic traffic
model, which is an adapted version of the cell transmission
model (CTM). The controller is coupled with an artificial
neural network (ANN) to predict the fuel consumption. Finally,
microscopic physical energy and NOX models are used to
evaluate the performance of both control actuators. The results
reveal that VSLs are more promising due to the smoother
variation of the densities.

I. INTRODUCTION

Epidemiological research has highlighted that mortality
and several cardiovascular and respiratory diseases are highly
correlated with air pollution. A study conducted in 30
countries revealed that PM2.5 concentrations above minimum
exposure levels were responsible for 22% of infant deaths
[1]. Although traffic related pollutants (NO2, NOX, PM10,
and PM2.5) have been on a downward trend in major cities
since 2010 due to more efficient vehicles, pollution levels
remain well above the recommended European limit value
[2]. To improve air quality in urban areas, the development of
new engine technologies can be combined with connectivity-
based solutions [3] and a change of individual habits induced
by public authorities [4].

Although most variable speed limit (VSL) approaches in
urban areas are not energy-efficiency oriented [5], [6], [7],
speed limits have a strong impact on energy consumption
and pollutant emission because of their impact on traffic
dynamics [8]. In this sense, ecological VSL strategies are
promising in urban environments as they can adapt to the
traffic demand [9], [10]. However, studies that focus on the
control of urban networks usually overlook the performance
in the peri-urban areas.

The use of signalized access control actuators to optimize
the flow of vehicles between different areas of a network
is a well-known subject in the literature [11], [12]. These
approaches usually focus on developing control systems
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for efficient congestion management in large-scale urban
networks.

In this study, we propose to consider a synthetic road
network of intermediate size consisting of a peri-urban and
an urban area. The objective is to analyze the impact of
VSLs and signalized access control on energy efficiency,
pollutant emissions, and traffic performance. To achieve this,
a nonlinear model predictive control (NMPC) framework is
implemented with either the speed limits or the signalized
accesses as actuators. The controller considers an adapted
version of the cell transmission model (CTM) to evaluate the
traffic dynamics, and an artificial neural network (ANN) is
used to predict the global energy consumption in the network.
To evaluate the performance of both controllers, simulations
are run with a microscopic traffic simulator (SUMO), and the
energy consumption and pollutant emissions are calculated
with a physical model.

The main contributions of this paper are:
• A comparison of the effect on energy efficiency of

two control actuators, namely the speed limits and the
signalized access actuators, is realized. Both actuators
are controlled in an NMPC framework that has the same
parameterization.

• The CTM is adapted in order to be consistent with
traffic light signals (TLS) and to consider additional
endogenous demands inside the network.

The body of this paper is organized as follows. Sec-
tion II presents the problem setting. Section III describes
the optimal control strategies. The results are presented in
Section IV. Finally, Section V contains concluding remarks.

II. PROBLEM SETTING
This study considers a road network composed of a peri-

urban (B) and an urban (A) area, as represented in Fig. 1. It
aims to compare the potential energy efficiency impact of
• VSL control in the urban area A,
• signalized access control from the peri-urban B to the

urban A area.
To be more representative of the traffic dynamics, vehicles

are generated upstream from the peri-urban area (constant
exogenous demand din) and within the urban area through
parking lots for example (intermittent endogenous demand
di(k), where i denotes the cell and k is the time step).
As represented in Fig. 1, the vehicles all have destinations
downstream from the urban area (vehicle sinks of supply
sout). Note that in this study, the parking lots described above
are considered as sources only. In a future work, parking lots
and households could also behave as vehicle sinks.
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Fig. 1: Representation of the road network and the access
control actuators. The urban area corresponds to the solid line
roads and the peri-urban area is represented by the dashed
line roads.

In this work, the objective is to improve the energy effi-
ciency in both areas. To achieve this, an optimal regulation of
the flow of vehicles through the network is necessary, either
through VSLs or access control from the peri-urban to the
urban area.

A. Traffic model

In order to model traffic dynamics, we use the cell trans-
mission model (CTM) [13], which is a temporal and spa-
tial discretization of the Lighthill-Whitham-Richards (LWR)
model [14], [15]. The road network under consideration is
discretized into 60-meter-long cells. Based on the conserva-
tion of the number of vehicles, the density in cell i at time
step k + 1 is

ρi(k + 1) = ρi(k) +
δt
δx

(
ϕin
i (k)− ϕout

i (k)
)

(1)

where ϕin
i and ϕout

i denote respectively the inflow and the
outflow of cell i. The parameters δt and δx are respectively
the time step duration and the cell length. In this framework,
the densities ρ characterize the state of the system.

The sets of cells A and B consist respectively of the cells
of the urban and the peri-urban areas. To characterize the
road connections, sets Pi and Ni are associated with each
cell i. They correspond respectively to the upstream and the
downstream cells connected to i. The function |.| returns the
number of cells in each set. A few illustrating examples are
given in Table I. Moreover, we define C ⊂ B as the set
of peri-urban cells that are at the interface with the urban
area. In this work, access control actuators are located at the

downstream end of cells C. Their behavior is characterized
by the green function g defined as follows

g(k) =

{
1, if k ≤

⌊
k

Tcycle

⌋
+ κTcycle

0, otherwise
(2)

where the duty cycle κ takes on continuous values between
0 (closed access) and 1 (open access), and is defined as

κ =
Tgreen
Tcycle

(3)

TABLE I: Examples of cells connections.

Cells structure |Pi| |Ni|

i
1 1

i 1 2

i 2 1

The expression of the cells inflows and outflows depends
on the number of upstream and downstream connections.
For example, to calculate the flows at an intersection in
the urban area, it is essential to take into account the split
ratios βi, as well as the behavior of TLS, which are fixed
and characterized by binary green functions αi. Based on
the trapezoidal fundamental diagram introduced in [13], the
possible expressions are summarized in Table II, where the
demand and supply functions are respectively defined as

Di(k) = Viρi(k) + di(k) (4a)

Si(k) = w(ρM − ρi(k)) (4b)

The fundamental diagram parameters Vi, ϕM
i , w, and ρM

denote respectively the speed limit, the maximum flow, the
backward wave speed, and the maximum density. Based on
the trapezoidal fundamental diagram, the average speed in
each cell can be calculated as follows

vi(k) = min

{
Vi,

ϕM
i

ρi(k)
, w

ρM − ρi(k)
ρi(k)

}
(5)

Finally, the total travel distance (TTD) is defined in each
area over a simulation period T as

TTD1→T
A = δtδx

∑
i∈A

T∑
k=1

ρi(k)vi(k) (6a)

TTD1→T
B = δtδx

∑
i∈B

T∑
k=1

ρi(k)vi(k) (6b)



TABLE II: Expression of cells outflows and inflows, depend-
ing on the number of upstream and downstream connections.

|Ni| Expression of ϕout
i (k)

0 min
{
Di(k), ϕ

M
i , s

out(k)
}

1

If i ∈ C:
g(k)×min

{
Di(k), ϕ

M
i , SNi

(k)
}

Else:
min

{
Di(k), ϕ

M
i , SNi

(k)
}

≥ 2 αi(k)min

{
Di(k), ϕ

M
i ,
{
Sj(k)

βj

}
j∈Ni

}
|Pi| Expression of ϕin

i (k)

0 min
{
din(k), ϕM

i , Si(k)
}

1

If Pi ∈ C:

g(k)×min
{
DPi

(k), ϕM
Pi
, Si(k)

}
Else:
min

{
DPi

(k), ϕM
Pi
, Si(k)

}
≥ 2 βi

∑
j∈Pi

αj(k)min

{
Dj(k), ϕ

M
j ,
{
Sl(k)
βl

}
l∈Nj

}

B. Energy model

To predict fuel consumption, the calibration of an ANN is
preferred to the use of existing macroscopic energy models.
First, it captures the impact of density and average speed
variations without the constraint of introducing a macro-
scopic acceleration (defined as the discrete derivative of
the average speed), which would be strongly linked to the
simulation step [16]. Then, the ANN has a greater sensitivity
to fuel overconsumption at low average speeds. Finally,
this ensures that the energy model is adapted to the type
of vehicle and the network topology under consideration.
However, it is essential to keep in mind that this ANN-based
model may not be adapted to all types of networks, vehicles,
and driving styles.

The proposed ANN predicts the average fuel consumption
rate per vehicle in cell i at time k, expressed in liters per
second per vehicle and denoted yki . It is composed of three
hidden layers, whose nodes use the rectifier activation func-
tion that returns the positive part of its argument. The training
data are obtained by microscopic simulation performed in
the road network presented in Fig. 1. It is then processed
by a microscopic physical energy model (cf. Section III-A),
considering Euro 4 diesel passenger cars. Two initial density
levels (0% and 70% of the maximum density ρM), and four
different constant speed limits (20 km/h, 30 km/h, 40 km/h,
50 km/h) are considered in the simulations. The data are
measured at a sampling frequency of 1 Hz, generating about
3.5 million data points.

The ANN inputs can be listed as follows

yki = f (ρi(k), ρi(k − 1), vi(k), vi(k − 1), Vi, αi(k)) (7)

They include the densities and speeds at current and previous
time steps, the speed limit, and the TLS state. In case cell i
is not regulated by a TLS, we consider ∀k, αi(k) = 1. The
densities and speeds at previous time steps are included in

the model inputs as they add information on the dynamics of
the system. This partially compensates for the fact that the
macroscopic CTM variables do not contain any information
on vehicles accelerations.

Finally, the total fuel consumption in areas A and B over
a simulation period T are calculated as follows

E1→T
A = δtδx

∑
i∈A

T∑
k=1

ρi(k)y
k
i (8a)

E1→T
B = δtδx

∑
i∈B

T∑
k=1

ρi(k)y
k
i (8b)

III. OPTIMAL CONTROL

In this section, we present the energy-oriented optimiza-
tion problem and we detail the two proposed approaches to
solve it.

A. Model predictive control

To control the system, we propose to implement an NMPC
framework because the traffic dynamics is corrected at each
control iteration. The associated block diagram is given in
Fig. 2.

The dynamics of the controlled system is modeled using a
microscopic traffic simulator, namely SUMO [17], with the
car-following intelligent driver model (IDM) [18]. To cali-
brate the maximum acceleration a and comfortable decelera-
tion b of vehicles, real-world driving data collected in French
cities are used. This is particularly useful as very different
values can be found in the literature for these parameters.
In practice, the speed profiles of 648 journeys have been
recorded at a sampling frequency of 1Hz using the drivers’
smartphones. In order to reduce the influence of outliers
(unusual driving behaviors, other means of transportation
such as motorbikes, measurement errors), the 1% highest
accelerations and the 1% highest decelerations are filtered
out, resulting in a = 2.4 m.s−2 and b = 2.8 m.s−2. Note
that the calibration of the comfortable deceleration b is not
of primary importance in the sense that vehicles can always
perform emergency brakings (up to 9 m.s−2) in order to
avoid crashes, to stop at a red TLS, etc. Also, the impact
of b on the vehicles’ energy consumption and pollutant
emission is smaller than the one of a, as vehicles’ energy
efficiency mostly depends on acceleration phases. The other
IDM parameters are set to standard values, namely s0 = 2m,
δ = 4, τ = 1 s, v0 = 50 km/h [18].

Additionally, microscopic physical energy and NOX mod-
els are introduced to evaluate the performance of the con-
troller. These models calculate the wheel force and torque
by using Newton’s second law of motion and expressing
the resistive forces. Based on the vehicle’s speed and gear
ratio, it is then possible to calculate the engine torque and
speed. Finally, a two-dimensional map is used to obtain the
fuel consumption rate as a function of the engine torque and
speed. The NOX emission rate is calculated using a linear



regression of the burned gas rate (obtained from another two-
dimensional map of the engine torque and speed) and the
in-cylinder fuel mass per stroke and displaced volume [19].

Optimizer
CTM + ANN

System
SUMO

Physical
energy
model

Physical
NOX

model

Speed
profiles Energy

NOX

ρ0
ρk

uk→k+Tcycle

Fig. 2: Block diagram of the NMPC approach.

In this study, the average fuel consumption per vehicle
and per distance, expressed in liters per 100 kilometers, is a
metric of particular interest because minimizing it ensures
a global improvement of the energy efficiency. It can be
defined as the ratio of the energy consumption and the TTD.
The objective function to minimize is the weighted sum of
the average energy in each area, as follows

J1→T = λ
E1→T
A

θATTD1→T
A

+ (1− λ) E1→T
B

θBTTD1→T
B

(9)

where θA and θB are normalization coefficients, and λ is a
weighting coefficient. The two terms are normalized because
the fuel consumption rates can be very different in both areas
due to the presence of TLS and to different speed limits. In
this sense, the actuators seek to obtain a compromise of the
energy efficiency between both areas.

To reduce the computational complexity due to the large
size and the non-linearity of the problem, the control is
updated every Tcycle, and the optimizer finds a piecewise
constant control over the prediction horizon Tp. The pa-
rameterization of the controller is summarized in Fig. 3.
For illustration purposes, the diagram is realized with Tp =
3Tcycle. In this study, we actually consider Tp = 5Tcycle.

B. Variable speed limits

In this approach, the control actuators correspond to the
speed limits Vi inside the urban area. They appear explicitly
in equations 4a, 5, and 7 of the model. In order to reduce
the number of control variables, and because of the high
symmetry of the network under consideration, we propose to
define two clusters of roads that have common speed limits.
As indicated in Fig. 1, the first cluster is composed of the
roads entering the urban area (speed limit V1). The second
cluster is composed of the inner urban roads (speed limit
V2). Hence, the controller solves the following problem at
each control iteration k

Time
k

State

k + Tcycle k + 2Tcycle k + Tpk + 1

Past Future

• •
•

•
• • • • • • •

Time
k

Control

k + Tcycle k + 2Tcycle k + Tpk + 1

uk

δt

Tcycle

Tp

Fig. 3: Representation of the NMPC framework, for
Tp = 3 Tcycle.

min
V1,V2

Jk→k+Tp(ρ, V1, V2)

s.t. ρi(e+ 1) = ρi(e) +
δt
δx

(
ϕin
i (e)− ϕout

i (e)
)
,

∀e ∈ [k, . . . , k + Tp − 1]

V 1, V 2 ∈ [20, 50] km/h
(10)

C. Access control

In this approach, the control actuators are the access points
between the peri-urban and the urban area, whose behavior
is characterized by the duty cycle κ. This control actuator
appears explicitly in equation 2 and in the expressions of
flows in Table II. Due to the network symmetry and the fact
that the exogenous demands are all equal, we propose to
control all the access points with the same control variable.
Therefore, the controller solves the following problem at
each control iteration k

min
κ

Jk→k+Tp(ρ, κ)

s.t. ρi(e+ 1) = ρi(e) +
δt
δx

(
ϕin
i (e)− ϕout

i (e)
)
,

∀e ∈ [k..k + Tp − 1]

κ ∈ [0, 1]

(11)

The fact that the controller optimizes the duty cycle κ,
which takes continuous values between 0 and 1, rather than
the binary function g leads to a nonlinear programming
(NLP) problem and avoids a mixed-integer nonlinear pro-
gramming (MINLP) formulation, whose complexity would
be much higher.



IV. RESULTS

In this section, the simulation scenarios and results are
presented.

A. Simulation scenarios

Three traffic scenarios are defined
1) Uncontrolled baseline: the accesses from the peri-

urban to the urban area are permanently open. The
speed limits are constantly equal to 70 km/h in the
peri-urban area and 50 km/h in the urban area.

2) Controlled VSL: the accesses from the peri-urban to the
urban area are permanently open. The speed limits are
constantly equal to 70 km/h in the peri-urban, but they
are dynamically optimized in the urban area, taking
continuous values between 20 km/h and 50 km/h.

3) Controlled access: the accesses from the peri-urban to
the urban area are controlled, but the speed limits are
constant over the simulation duration (70 km/h in the
peri-urban area and 50 km/h in the urban area).

To satisfy the Courant-Friedrichs-Lewy (CFL) [20] condi-
tion, the time step duration δt is set to 1 s. The control and
prediction horizons of the NMPC strategy are respectively
Tcycle = 1min and Tp = 5min. The weighting coefficient
λ is set to 0.7 in order to privilege the environmental
sustainability in the urban area as it is supposed to be denser
with more traffic.

In the urban area, all roads are one-way, of equal length
and capacity. At each intersection, both downstream roads
have the same split ratio βi = 0.5.

We consider a simulation of duration T = 1h during
which the exogenous demand is set at din = 0.2 veh/s and
the intermittent endogenous demand is

di(k) =


0.1 veh/s, if 6min ≤ k ≤ 9min

0.1 veh/s, if 31min ≤ k ≤ 34min

0 veh/s, otherwise
(12)

B. Simulation results

The results of the three scenarios defined in Section IV-A
are summarized in Fig. 4. The fuel consumption, the NOX

emissions, and the TTD are calculated using the data of
the microscopic traffic simulator SUMO and the microscopic
physical energy and NOX models.

The average fuel consumption and NOX emissions pre-
sented in Fig. 4a & 4b indicate that the VSL controller is able
to improve the energy efficiency both in the urban (18%) and
in the peri-urban (14%) areas. Similar results are observed
with NOX emissions, which are reduced by 18% in the urban
area and by 13% in the peri-urban area. However, the access
control approach only allows to improve the environmental
sustainability in the urban area (fuel consumption reduced
by 7% and NOX emissions reduced by 6%) in exchange for
a deterioration of the performances in the peri-urban area
(fuel consumption increased by 21% and NOX emissions
increased by 19%).
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Baseline
scenario

VSL Access
control

0

2

4

6

8 7.7

6.3

7.2

4.2
3.6

5.1

Fu
el

co
ns

um
pt

io
n

(L
/1

00
km

)

Urban area Peri-urban area

(b) Average NOX emissions.

Baseline
scenario

VSL Access
control

0

1,000

2,000

3,000

4,000

3,388

2,776

3,195

1,978
1,716

2,357

N
O

X
em

is
si

on
s

(m
g/

km
)

(c) Total travel distance.

Baseline
scenario

VSL Access
control

0

0.5

1

·104

7,741 8,127 7,617

11,889 12,046 11,842

To
ta

l
tr

av
el

di
st

an
ce

(k
m

)

Fig. 4: Comparison of the energy efficiency, pollutant emis-
sion level, and traffic performance in the baseline, the VSL,
and the controlled access scenarios.

Fig. 4c reveals that the impact of both controllers on
the TTD is lower, which is conceivable because it is not
explicitly the optimization criterion. The VSL controller
improves it both in the urban (5%) and in the peri-urban
(1%) areas. The access control approach deteriorates it in
the urban area (2%) and does not affect it in the peri-urban



area.
As a result, the VSL controller is more appropriate in

this study because it gives better results in both areas in
terms of energy efficiency, pollutant emissions, and traffic
performance. In practice, both controllers aim at reducing
the inflow in the urban area during peak times because the
congestion deteriorates the energy efficiency. The difference
is that the access control is much more discriminating
towards vehicles in the peri-urban area as it forces them
to stop and start, which is very energy consuming. On the
other hand, the VSL controller leads to smoother density
variations.

V. CONCLUSION

In this work, an NMPC approach has been employed
to compare the effect on energy efficiency of two control
actuators, namely the speed limits and the signalized access
actuators. For the chosen parameterization and synthetic two-
region network of intermediate size, it appears that the VSL
approach is more efficient. In fact, it reduces the global fuel
consumption up to 18% in the urban area, against 7% for the
access control which also decreases the performance in the
peri-urban area. The reason is that VSLs leads to smoother
density variations, which are more energy-efficient.

To go further, a scalability analysis with more complex and
asymmetrical road networks could be of particular interest,
especially in scenarios that combine the benefits of both
actuators.
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