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Abstract—This paper focuses on the microsimulation of traffic
flow on freeways with on-ramps, off-ramps and bottlenecks. The
road network model with many vehicle routes is constructed
based on the detector flow data recorded every minute on each
freeway lane. A comparative study evaluates the effectiveness
of the proposed traffic flow model. It is noted that the model
can successfully capture the essential features of traffic flow
on the freeway. With the calibrated model, various numerical
experiments are then conducted to investigate the impact of ramp
metering (RM) and variable speed limit (VSL) on average waiting
time, average travel time, average traffic speed, and the total
number of running vehicles over certain period of time on the
road network. The results indicate that the RM and VSL control
can significantly improve traffic flow on the freeway.

Index Terms—Microscopic traffic flow model, Variable speed
limits, Ramp metering, SUMO traffic simulator

I. INTRODUCTION

Freeways have been used in many cities worldwide as an
important urban road network component to reduce traffic
jams and improve transportation efficiency. However, due to
rapid economic growth in recent years, traffic congestion on
freeways has been a major transportation issue in urban cities
in many countries, especially during the traffic rush hours and
non-recurrent event periods. Traffic congestion causes travel
delay and has severe economic and environmental implications
due to increased harmful carbon dioxide emissions.

Over the last few decades, many traffic management strate-
gies [1] have been developed to balance freeway demand and
capacity to reduce traffic congestion. These strategies include
Ramp Metering (RM), Variable Speed Limits (VSL), Closed-
Circuit TeleVision (CCTV) monitoring, emergency lane, and
guideline system. Among these strategies, RM and VSL
controls are being widely used today. RM is used to alter
the number of vehicles that are allowed to enter the freeway.
The more congested the main freeway is, the longer red times
to the traffic signals leading to fewer vehicles entering the
Freeway. VSL technology is aimed to provide waiting drivers
more opportunity to join the main road at a slower speed to
ease congestion and reduce the risk, incidence and severity of
road crashes.

Several RM and VSL approaches have been proposed for
motorway traffic control. The ramp metering algorithms can
be classified into localized and coordinated systems. The local-

ized RM strategies regulate a single on-ramp as an independent
system. The coordinated RM algorithms assign metering rates
to each metered on-ramp and regulate a facility with multiple
on-ramps that experience recurring congestion. Popular local
ramp metering strategies include the Asservissement Linéaire
d’Entrée Autoroutiére (ALINEA) [2] and its extensions [3].
For the coordinated RM algorithms, various algorithms have
been developed such as the Stratified Zone Metering (SZM)
algorithm [4], the Heuristic Ramp-metering CoOrdination
(HERO) algorithm [5], [6], and the System-Wide Adaptive
Ramp Metering (SWARM) algorithm [7]. In recent years, the
ALINEA and HERO algorithms have been widely used for
RM control.

For the local ALINEA strategy, the metering rate at the
previous time step and the downstream traffic density are used
as the input to determine the metering rate for the current
time step k. In brief, at the ramp-mainline merging section,
the ALINEA feedback control law [5] can be expressed by

q̃ki = q̃k−1
i +KR

(
ρ̃i − ρki

)
(1)

or q̃ki = q̃k−1
i −KP

(
ρki − ρk−1

i

)
+KR

(
ρ̃i − ρki

)
where q̃ki is the local metering rate of the on-ramp i, ρ̃i
denotes the desired traffic density, ρki is the measurement of
the traffic density from the merging segment, and KP and KR

are positive regulator parameters. Papamichail [5] proposed
a linked ramp-metering scheme based on the combination
of ALINEA and HERO algorithms for the linked control of
the inflow from two (or more) consecutive on-ramps to the
freeway mainstream. The on-ramp outflow rate, qki , may be
determined by

qki = max
{
q̃ki , q̂

k
i

}
. (2)

The term q̃ki in the above equation is the local metering rate
determined by either Equation (1)1 or Equation (1)2 and the
term q̂ki is the ramp outflow rate determined by

q̂ki = dk−1
i − 1

Tc

[
Mi −mk

i

]
, (3)

where Mi and mi denote respectively the maximum queue
length and the current queue length of the on-ramp i, and di
represents the on-ramp arriving demand rate.
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The performance of RM algorithms has been evaluated nu-
merically through either macroscopic models [2], [5], [8]–[16]
or microscopic models [3], [6], [7], [17]–[20]. Compared to
the macroscopic traffic simulation model, microscopic models
are regarded as the most thoughtful approaches, particularly
in situations where detailed simulation of vehicle-road and
vehicle-vehicle interactions are required. Various microscopic
traffic simulators such as PARAMICS, VISSIM, AIMSUN and
SUMO have been widely used to perform empirical studies.
Chu et al. [20] evaluated adaptive ramp-metering algorithms
in a PARAMICS simulation environment throughout the I-405
Freeway in California, under both recurrent congestion and in-
cident scenarios. Abuamer et al. [17] investigated the ALINEA
ramp metering strategy and VSL control on merging flows
on an Istanbul D-100 freeway using the VISSIM microscopic
simulator. Mohammad and Kondyli [6] used the VISSIM
simulator to evaluate three simulated scenarios of no control,
ALINEA, and HERO on travel time along an 8-mile-long
freeway in Kansas City. Amini et al. [18] evaluated the HERO-
based ramp metering algorithm using AIMSUN simulator.
Minoarivelo [21] adapted SUMO to simulate a crossroad under
the control of an intelligent traffic light. Although the RM and
VSL control has effectively reduced congestion and improved
safety, the impact of the RM-VSL control on travel time,
waiting time, number of running vehicles, and mean speed
has not been extensively studied.

This paper aims to evaluate the impact of RM and VSL
controls on travel time, waiting time, total number of running
vehicles and mean speed, with a particular application focus
on traffic control and management for the Kwinana Freeway
between Roe Highway and Narrows Bridge. For achieving this
goal, based on the existing traffic flow models, a more general
microscopic model is established taking into account the road
capacity described by the fundamental diagram, the variable
speed limits and the ramp metering control. Then by using
real-world traffic flow data, a base model of the test site, the
Kwinana freeway between Roe Highway and Narrows Bridge,
is calibrated with the microscopic model implemented in the
SUMO simulator to reproduce real-world traffic conditions.
With the calibrated model, the RM and VSL control strategies
are then implemented and various numerical experiments are
designed to evaluate the impact of the control strategies.

The rest of the paper is organized as follows. In Section II,
the microscopic model established for this study is presented.
The road network used in this study and its fundamental
properties, drawn from the real-world traffic flow data, are
given in Section III. Calibration of the base model is shown in
Section IV, demonstrating the matching of simulation results
with measurement data and also the characteristics of traffic
flow in the freeway network. Numerical investigation of the
impact of RM and VSL control strategies is given in Section
V, followed by the conclusions in Section VI.

II. TRAFFIC FLOW SIMULATION MODEL

In microscopic models, traffic flow on multi-lane networks
is simulated by modelling the movements of individual ve-

hicles. For different models, different assumptions on real
driving behaviour are made, such as keeping a safe distance
from the leading vehicle or driving at an optimal speed in
a certain sense. The intelligent driver model (IDM) is an
accident-free model that can provide realistic acceleration
profiles for traffic flow on freeways. In this study, we establish
a more general model for the study of traffic flow on freeway
networks based on the IDM and the default microscopic model
in SUMO.

The default microscopic model in SUMO is based on the
work in [22] in which the desired speed for each individual
vehicle at the time instant k (i.e. t = k△t) is given by

vk = min
{
vksafe, v

k−1 + â△t, v̂
}
, (4)

where â and v̂ are respectively the maximum acceleration and
maximum speed of the vehicle, and vksafe is the safe speed of
a vehicle which can be determined by

vksafe = vkα +
(
gk − τvkα

)
/
( v̄
b
+ τ
)
, (5)

in which vkα represents the speed of the leading vehicle, v̄ is
the average speed, b is the comfortable braking deceleration
depending on the average speed, τ is the driver’s reaction time,
and gk is the gap to the leading vehicle defined by

gk = xk
α − xk − ℓ, (6)

in which xk
α and xk denote respectively the positions of the

leading vehicle and the follower vehicle, and ℓ is the length
of the leading vehicle.

Based on the above work and the IDM model, taking
into account the variable speed limit control as well as the
fundamental diagram obtained from real-world traffic data, we
propose the following generalized IDM model for the desired
vehicle speed,

vk = min
{
vksafe, v

k−1 + ak−1△t, v̂, ve, vℓ
}
, (7)

where ve denotes the equilibrium speed obtained from the
fundamental diagram from real-world traffic flow data, vℓ
denotes the imposed variable speed limits, and a = v̇ is defined
by

ak =


â

(
1−

(
vk

vopt

)δ
−
(

gk
safe

gk

)2
)

if vk < ve;

−b
[
1−

(
ve

vk

)δ]
if vk ≥ ve.

(8)

In Equation (8), the formula for v(k) ≥ ve is for decelerating
the vehicle with higher maximum speed, the formula for
v(k) < ve is the intelligent driver model (IDM) in which
vopt is the optimal speed, δ and b are model parameters, and
gksafe is the dynamic safe gap defined by

gksafe =

{
gmin + vk · T k + vk△v

2
√
â·b if b > bk

(vk)2

2
√
â·b if b < bk

(9)

where gmin denotes the minimum safe gap, T (k) is the safe
time gap to the leading vehicle at time instant k, and △v is the
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Fig. 1. The Smart Kwinana Freeway northbound with incoming flows (O1, . . . , O9), outgoing flows (D1, . . . , D− 9), five ramp meters (O2, . . . , O6), and
the vehicle detector signs for speed limit control (E1, . . . , E9) used for model calibration.

speed difference to the leading vehicle, △v = v(k) − vα(k).
In Equation (9), bk = (vk)2/2gk is the kinematic deceleration
to avoid collision; b > bk for regular condition and b < bk for
critical condition [23].
Remark: The substitution of the maximum acceleration â in
(4) by the IDM will make the model more realistic as both
the optimal speed vopt and the safe gap have been taken into
account in the IDM. In addition, the term ve in (7) takes
into account the characteristics of freeway described by the
fundamental diagram obtained from real traffic data, and the
addition of the term vℓ makes it possible to mimic the situation
with variable speed limits.

As traffic congestion often occurs at the on-ramp merging
areas, controlling the merging between the on-ramp vehicles
and the vehicles close to the on-ramp via ramp metering is
important for improving traffic flow conditions. The upstream
vehicle speed near the on-ramp can be expressed by

uk
i = min

{
wk

i , v
k
i , uℓ

}
, (10)

where wk
i is the speed of the vehicles on the on-ramp

downstream area, vki is the speed of vehicles from on-ramp
i entering the freeway, and uℓ is the upstream speed limit.
Based on the ALINEA and HERO algorithms, from Equation
(1)-(4), vki can be determined by

vki = min

{
qki
ρki

, v̂i

}
, (11)

where ρki denotes the traffic density on on-ramp i and v̂i is
the on-ramp speed limit.

As freeway road networks have multi-lane roads, a vehicle
might require changing lane if the potential new target lane
is more attractive and the change can be performed safely
under heavy traffic conditions. The lane-changing model in
SUMO is applied in this study. Here, we consider lane-
changing on merging and bottleneck areas. Whenever an IDM
vehicle advances to the next lane, the data-structure of the road
network is updated.

By solving the coupled differential equations of the above
IDM for vk and ak, new position and new gap of an IDM

vehicle at an update time k+△t can be respectively computed
by the following equations:

xk+1 = xk + vk△t+
1

2
ak(△t)2, (12)

gk+1 = xk+1
α − xk+1 − ℓ. (13)

III. ROAD NETWORK MODEL AND TRAFFIC FLOW
CHARACTERISTICS

In this paper, we aim to investigate the impact of variable
speed limits and ramp metering for the freeway network in
Perth. This involves the development of simulation model
including SUMO script sources, a road network computer
model, calibration of the model, and numerical investigation.
In this section, we present the road network computer model
of the Kwinana Freeway used for the investigation, and the
characteristics of the traffic flow data used for calibration of
the model.

A. Road network computer model

In Perth, smart freeway technology has been used on the
Kwinana Freeway between Roe Highway and Narrows Bridge.
It is the first smart Freeway in Western Australia upgraded
from the existing freeway. The upgrading includes converting
the existing emergency lane between Canning Highway and
the Narrows Bridge into a full-time traffic lane completed
in 2021, installing CCTV cameras to enable continual traffic
monitoring and management completed in 2019, changing
speed limits whenever needed and displaying lane closure
information via overhead electronic signs completed in 2020
and installing five ramp meters with coordinated signals at
Farrington Road, South Street, Leach Highway and Cranford
Avenue on-ramps.

The road network of Kwinana Freeway between Roe High-
way and Narrows Bridge has a total length of 13.089 kilome-
tres, as shown in Fig. 1. It is firstly extracted from the Open
StreetMap and then converted into an XML file.
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B. Traffic flow characteristics

Two sets of historical traffic data have been used in this
study, including edge-scaled data and lane-scaled data of
traffic volume, speed and occupancy. These data were gathered
every minute by Vehicle Detector Sites (VDS) placed on the
Kwinana Freeway between Roe Highway and Narrows bridge.

The data have been processed and analyzed to show the
characteristics of freeway traffic flow. It is noted that when
the traffic density is low, say ρ < ρc, vehicles move at free-
flow speed vf , and an increase of the density decreases the
speed of the roadway. When ρc < ρ < ρjam, the speed-density
relationship is linear with a negative slope. Based on this traffic
flow characteristics and the work in [24], the jam density is
about seven times of the critical density. We can thus define
a density parameter γ = 7ρc−ρ

6ρc
, and the equilibrium speed is

modelled by a piecewise function as follows:

ve =

{
vf , 0 ≤ ρ ≤ ρc;
γvf , ρc < ρ ≤ ρjam. (14)

For multi-lane road network, we also use the lane-scaled
data available on 31 October 2018 to determine path-scaled
routes of the traffic system. In SUMO, simulated data were
recorded by two types of virtual detectors:

1) Multi-entry/multi-exit (e3) detector covering a short
cross-section of an edge which corresponds to an edge-
scaled detector in the actual world situation;

2) Lane (e1) detector which equates to a single loop detector
in practice.

Totally, 14 e3-detectors and 156 e1-detectors are used in
the computer model corresponding to the actual VDS placed
between Roe Highway and Narrows Bridge of the Kwinana
Freeway.

IV. MODEL CALIBRATION

Numerical experiments are conducted utilizing the SUMO
software package. SUMO, developed initially by the German
Aerospace Centre, uses software tools for microscopic traffic
simulation, and has been successfully applied in the study of
real-world traffic flow in several projects [25]–[30]. It provides
the flexibility for users to extend or update the software tools
to include new traffic flow models and new traffic control
strategies such as RM and VSL. The simulation method
presented in Section two has been implemented in SUMO for
this study.

To calibrate the simulation model, the numerical results
obtained with different parameter values are compared with
real-world traffic data. In this work, the road network with
unmanaged control of ramp metering is considered for the
calibration purpose. Considering the data across all lanes and
also on each lane, it is found that flow rate and speed vary
with lane. Fig. 2 shows the profiles of flow rate (veh/min) and
their Root Mean Square Error (RSME) across all lanes of the
observed data (navy lines) and the simulation results (green
lines) from the detector E1 to E9 between Cranford Avenue
and Narrows Bridge (see Fig. 1). The RMSE values for traffic

Fig. 2. Measured data (blue color) and simulation results (green color) of
traffic flow rate from the induction loop detector E1 to the detector E9

between Cranford Avenue and Narrows Bridge.

flow across all lanes are between 5.19 and 7.54. It indicates
that the simulated data (green lines) of the flow rate across all
lanes agree well with the observed data (navy lines).

V. NUMERICAL INVESTIGATION

With the calibrated model, various numerical experiments
are conducted to investigate the impact of VSL and RM control
strategies on traffic flow for the Kwinana Freeway between
Roe Highway and Narrows Bridge in Perth. Our microscopic
traffic simulation is 24 hours with 86400 incremental time
steps of step size △t = 1 second. All model parameters
are determined through the calibration process. We obtain the
following parameter values: the maximum acceleration a is 1.5
m/s2, the exponent δ is 4, the minimum gap g0 is 2 m, and the
comfortable deceleration rates b is 2.67, 2.53 and 2.55 m/s2

respectively for the mean speed ranges of 60 − 70, 70 − 80
and 80− 100 km/h.

Busy on-ramp, and off-ramp roads as well as lane drop may
create a weaving bottleneck, resulting in traffic congestion on
the freeway. Controlling freeway traffic is one of the essential
transportation infrastructures. Various control systems have
been used on the freeways including RM and VSL controls.
As the Freeway can provide unrestricted access for road users
without introducing RM and VSL controls during non-rush
hours, the impact of RM and VSL controls during rush hours
on freeway traffic is investigated. This study applies the linked
ramp-metering scheme based on the ALINEA and HERO
algorithms [5] at five on-ramp roads on Farrington road, South
Street, Leach Highway (2 TLS) and Cranford Avenue.

The RM with a cycle length of 120 seconds and 90 seconds
is used to manage traffic flow entering the Freeway during
rush hours in the morning (6:00-10:00 am) and the afternoon
(14:00-16:00 pm). The traffic lights go on a green cycle for
15 seconds, yellow for 5 seconds, and a red of 100 seconds
during the rush hours, and a process of green for 80 seconds,
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(a) rush hours (b) non rush hours
Fig. 3. VSL signs for the 2-lane on-ramp road and the 3-lane mainline next to Cannington Highway during different periods of time: (a) the rush hours; (b)
non rush hours.

yellow for 5 seconds, followed by red for 5 seconds during
non-rush hours. The VSL control is used to control both
on-ramp and mainline traffic between Cranford Avenue and
Narrows Bridges. In this study, we choose the mainline VSL
control of 60 and 90 km/h and the on-ramp VSL control
of 40 and 60 km/h during rush hours in this study. Fig. 3
shows the VSL signs at the 2-lane on-ramp (O8 in Fig. 1) and
the 3-lane mainline next to Cannington Highway during the
morning peak hours between 6:00 and 10:00 (left), and the
time intervals from 0:00 to 6:00, and 10:00 to 24:00 (right).
The estimation of vehicle routes and traffic demand based on
detector data can be formulated by

I∑
i

pijOi = Dj ;
∑
j

pij = 1, j = 1, . . . , J (15)

where pij denotes the proportion of trip from the ith origin
(source) flowing to the jth destination (sink), Oi and Dj

are respectively the ith source and jth sink counts, and I
and J represent total numbers of source and sink detectors,
respectively.

In the road network, there are 29 possible O-D routes. Based
on real-time detector data of on-ramp arrival rate (demand) dti,r
and off-ramp outflows (supply) stj at time t, the proportions of
trips from the ith origin (source) to the jth destination (sink)
of the road network model can be determined by a non-linear
constrained optimization problem:

min
∑9

i=1

∑5
j=1

(
dti,rpij − stj

)2
, τ ≤ t ≤ tn

subject to
∑5

j=1 pij = 1, for all i; 0 ≤ pij ≤ 1,

pi1|9i=3 = pi2|9i=4 = pi3|9i=7 = 0. (16)

The optimal decision variables pij (the proportion of trips from
Oi to Dj minimizing the objective function) are then obtained
by solving the constrained optimization problem.

To investigate the effect of RM and VSL control on relieving
congestion caused by a road incident, the green duration of

those five ramp meters and the speed limits at a time step k
are determined by

Gk
i =

qki
qks

Ci; V k
i = βk

i vf,i, (17)

where qki is the ramp flow into a multilane freeway defined in
equation (2), qks is the ramp capacity flow (saturation flow),
Ci is the cycle length of ramp metering signals and βi is the
VSL parameter.

For a vehicle route ξ, we let ℓξ and Nξ be respectively the
driving (journey) distance, and the number of vehicles passing
through a vehicle route, vf be the free-flow speed or the
desired speed of drivers in low volume conditions. The degree
of traffic congestion can be measured by three indicators:
average travel speed, average travel time, and average delay.
For all motorized vehicles in a vehicle route (the same time
and on the same journey), the speed (vξ), the time spent (Tξ )
and the time loss (τξ) due to on-ramp traffic lights and heavy
bottleneck traffic can be respectively estimated by

vξ =
ℓξ

Tavg
;Tξ =

ℓξ
Vavg

; τξ = ℓξ

Nξ∑
n=1

(
1

vn
− 1

vf

)
, (18)

where Tavg = (
∑Nξ

n=1 Tn)/Nξ denotes average time spend,
Vavg = (

∑Nξ

n=1 vn)/Nξ is average speed, Tn is the time
required to pass the nth vehicle and vn is the vehicle speed.

For clear explanation, the model with unmanaged strategy is
called the unmanaged model, the one with the on-ramp speed
of 40 km/h and the mainline speed of 60 km/h is called the
VSL-60-40-RM model, and the one with the on-ramp speed
of 60 km/h and the mainline speed of 90 km/hr is called the
VSL-90-60-RM model.

Fig. 4 presents the average waiting time, the travel time,
the number of running vehicles over time and the mean
speed obtained from the model with three different traffic
management strategies: the unmanaged model (solid line), the
VSL-60-40-RM model (dotted line) and the VSL-90-60-RM
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model (dashed line). From Fig. 4(a), the profiles of waiting
time for the VSL-60-40-RM strategy and the VSL-90-60-RM
strategy have the same pattern. Both profiles (dotted line and
dashed line) stay at around the zero level in the early morning
(0:00-6:00 am, start going up sharply after 6:00 am to reach
its peak values of 125s (dotted line) and 95s (dashed line) at
10:00 am, then go down to 100s (dotted line) and 75s (dashed
line) at 12:00 pm. For the unmanaged model, its waiting time
profile (solid line) stays at the zero level in the early morning
(0:00 am - 6:00 am), starts going up quickly after 6:00 am
to reach its peak values of 75s at 10:00 am, and then goes
down to 70s at 11:00 am. From Fig. 4(b), the average travel
times by the three different management strategies are almost
in the same pattern. Travel time profiles stay at the same value
of about 400s for the unmanaged model from 1:00 am to
6:00 am and about 300s for the two managed models during
this period. The travel time profile of the unmanaged model
increases quickly to about 775s at 12:00 pm and stays at the
value between 750s and 775s from 12:00 pm to 12:00 am.
For the two managed models, the travel time profiles increase
dramatically to 550s (dotted line) and 450s (dashed line) at
10 am, and then decrease gradually to about 400s.

From Fig. 4(c), all profiles of the number of running vehi-
cles stay almost at the same level in the early morning between
midnight and 4:30 am. For the two managed strategies, the
profiles start going up after 4:30 am with a high growth rate
to peak values of 2200 vehs at 9:00 am (dotted line) and 1950
vehs at 8:00 am (dashed line). After 11:00 am, both profiles
have almost the same shape with the peak value of around
1200 vehs at 5:00 pm. For the unmanaged model, there are
three peak values respectively at 3000 vehs at 8:00 am, 2350
vehs at 4:00 pm and 2300 vehs at 5:00 pm. From Figure 4 (d),
the mean speeds of the VSL-60-40-RM model (dotted line)
and the VSL-90-60-RM model (dashed line) vary between
80 and 100 km/h in early morning (0:00-6:00 am), decline
quickly to 35 km/h (dotted line) and 40 km/h (dashed line) at
7:00 am. Comparing to the VSL-90-60-RM model, the mean
speed of the VSL-60-40-RM model is higher during the period
of 7:00 to 9:00 pm. From 9:00 pm to midnight, both profiles
have the same shape. For the unmanaged model, the mean
speed varies between 50 and 80 km/h in the early morning,
drops quickly to 20 km/h at 8:00 am. The results illustrate
that the VSL-90-60-RM control strategy yields a higher speed
during the rush hours. The RM and VSL control strategies
improve traffic speed and reduce average travel time all day.
In the VSL-60-40-RM model (dotted line), road users spend
more time on the Freeway. The VSL-90-60-RM model (dashed
line) provides a shorter travel time all day. The shorter the
average travel time is, the smoother the traffic will be. The
longer the average travel time is, the more severe the traffic
congestion will be.

VI. CONCLUSIONS

Based on the existing traffic flow model, a more general
microscopic model has been established which can predict
all the necessary traffic dynamics. Using real-world traffic

flow data, the microscopic model implemented in SUMO
has been calibrated. The results indicate that the established
model coupled with the SUMO simulation package is able
to reproduce real-world traffic flow phenomena. The RM and
VSL control strategies have been successfully implemented
in the model, and numerical investigations show that the RM
and VSL control strategies can significantly improve the traffic
flow, including reducing mean travel time and increasing mean
vehicle speed, as well as reducing the number of vehicles on
the road network.
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