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HIGHLIGHTS

e A novel two-stage method is introduced for variable speed limit control.
o The estimator can predict the travel time by almost 97 % accuracy.

e The proposed method reduces the mean travel time by up to 55 %.

o It reduces the mean waiting time by up to 69 %.

o It finds the near-optimum solution in almost 10 s.

ARTICLE INFO ABSTRACT

Keywords:

Intelligent transportation systems
Traffic management

Intelligent agents

Variable speed limits
Optimisation

Travel time

Recent advancements in intelligent transportation systems and data analytics within transportation systems
present a significant opportunity to enhance operational efficiency. In this context, the pivotal role of intelligent
agents in achieving real-time optimisation for traffic management is highlighted. Such agents can predict and
decide autonomously and can be trained to understand the underlying complexities of the traffic in real-time. In
this paper, an innovative framework to perform real-time traffic optimal management decisions is proposed. Its
rationale uses a fusion of data observations and simulation to enable an autonomous agent capable of accurate
adaptive traffic management. A Case Study of application is developed using the M50 motorway in Dublin, where
the speed limits are applied as adaptive parameters for optimal traffic management. Results show that the
intelligent agent can autonomously predict travel times and decide in real-time the optimal speed limits to
impose on a motorway when signs of congestion are found. The agent can reduce the mean travel time of a time
interval by up to 55 % and the mean waiting time by up to 69 % in a situation of congestion. The average travel
times of the studied M50 junction have significantly improved, showing the potential of autonomous agents in
enhancing real-time optimal traffic management.

1. Introduction use of private vehicles. Traffic performance can also be improved by

adapting the traffic network to known operational conditions. To do so,

Traffic congestion is one of the most critical issues in current
metropolitan areas, where it has been aggravated by the continuously
increasing number of road vehicles [1]. Traffic congestion causes an
increase in pollution, losses of energy and time, and increases stress and
anxiety in drivers [2,3]. Moreover, congested traffic negatively affects
both public and private services and logistics [4]. Congestion control is
an undeniable need, and common actions to improve traffic efficiency
include expanding transport infrastructure, creating incentives to use
public transportation, or imposing limits or policies to discourage the
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dynamic traffic management approaches that use real-time travel in-
formation systems [5], dynamic routing [6,7], and ramp metering [8,9]
have been used before. Among these, Variable Speed Limit (VSL) control
[10,11] is one of the promising strategies that use real-time traffic in-
formation systems to control the mainstream traffic on freeways, in-
crease the operational capacity of the traffic network, and reduce its
congestion [12,13].

The literature on VSL can be broadly divided into two main classes:
(a) Continuous Models, where time and road are treated as continuous
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variables with corresponding continuous values assigned to them [14,
15]. For a comprehensive review of traffic controllers, readers can refer
to [16]. (b) Discrete Models, where time and road are represented with
discrete values. Among discrete models, Reinforcement Learning (RL)
and Model Predictive Control (MPC) are the most commonly employed
techniques [17].

MPC methods integrate predicted data with real-time information
about the system’s current state to guide speed controllers throughout
the traffic network. These methods aim to achieve specific objectives,
such as minimising travel time [18] or improving traffic flow [19,20].
They often rely on macroscopic traffic models like METANET [21] or the
Cell Transmission Model (CTM) [22,23] to estimate traffic performance
metrics such as travel time. However, conventional traffic models are
not yet capable of accounting for per-lane VSL in their computations,
making simulation a necessary alternative. Additionally, MPC is typi-
cally paired with optimisation algorithms to achieve a global optimum
for the selected traffic performance metric. However, incorporating
simulation as a predictive component within an optimisation algorithm
significantly increases computational complexity, rendering it imprac-
tical for real-time traffic management applications.

In RL-based approaches, an autonomous agent learns through
interaction with the environment. The agent changes the environment,
observes their outcomes, and subsequently decides to control traffic.
This interaction, if trained in a real environment, can disturb the traffic
in the training phase. The main goal of an RL-based agent is to make
decisions that maximise pre-defined rewards, such as a reduction in
travel time [24] or carbon dioxide emissions [25]. One of the main
drawbacks of RL-based methods is related to rewards. In traffic, since the
travel time is not to be obtained until the vehicles arrive at their desti-
nation, reinforcement learning approaches need to deal with delayed
rewards, which presents a significant operational challenge [26,27].
These make the training of the agent a long and computationally
intensive process [28,29]. Alternative rewards, such as the current ve-
hicles’ speed [30,31] have been used before to overcome this issue.
Reinforcement learning also iteratively searches for improvement in
traffic operation conditions. However, it cannot guarantee optimum
solutions. A straightforward example of this would be the case where the
agent gets stuck in a local optimum regarding system performance and
where changes to system parameters may not produce a reward and
incentivise it to explore other potentially more efficient operational
conditions further.

The main limitations of RL include the potential to disrupt traffic
during the training phase when trained in real-world environments, its
inability to consistently achieve the global optimum, and the challenges
associated with handling delayed rewards. In contrast, MPC does not
suffer from these issues; however, it requires an accurate predictive
model with low computational overhead to be viable for real-time
implementation. These limitations highlight the need for integrated
approaches that effectively balance predictive accuracy and real-time
optimisation to address the gaps in current methods.

In the present work, by combining the ideas of MPC and RL, an
Intelligent Agent (IA) called Adaptive Speed Limit Controller (ASLC) is
proposed. It benefits from both methodologies’ advantages while
addressing their main drawbacks. The ASLC adopts the MPC approach in
prediction as an integral part of real-time optimal decisions through the
IA. The IA is presented as an agnostic agent that is expected to function
with any data-driven predictive method (DDPM) if the surrogate traffic
function is compatible with the DDPM assumptions (e.g., complexity or
smoothness of the function to be approximated). Hence, a DDPM such as
a Support Vector Machine (SVM), a decision tree, or an Artificial Neural
Network (ANN) is expected to be equally functional with appropriate
training. The present implementation uses an ANN as an example of how
the proposed ASLC performs. Ensuring the prediction accuracy of the
ANN depends on its structure, including the number of hidden layers
and neurons in each layer. To optimise the ANN’s structure and enhance
prediction accuracy, various optimisation algorithms such as nature-
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inspired randomised metaheuristics like Particle Swarm Optimisation
(PSO) [32], Gray Wolf Optimisation (GWO) [33], Salp Swarm Algorithm
(SSA) [34], or others can be employed during training. These algorithms
help the ANN understand the complex traffic dynamics in practical
operational scenarios. In the present work, this part of ASLC is referred
to as the Estimator.

Subsequently, the ASLC employs interaction with the environment to
infer potential changes to it. To mitigate issues of learning complexity
and potential disruptions to traffic performance while it has not yet
learned how to manage it, the ASLC employs a strategy that integrates
information from the estimator and high-fidelity simulations instead of
direct environmental interaction. This part of the ASLC is referred to as
the decision-maker. It excels in exploring unknown and unrecorded
traffic states through learning high-fidelity simulations. Additionally, it
uses another optimisation algorithm (in this paper, SSA is applied) to
find the optimum speed limits in real-time while accounting even for
operational conditions that have not been observed in the system yet. It
is noted that through the ASLC estimator (as the estimator is trained to
know all it can about the system being handled), it can obtain results of
each potential speed limit variation in virtually zero time. Hence, this
exploration of the traffic speed configuration that generates the mini-
mum traffic cost, i.e., the optimum, can take place in real-time, which is
referred to here as real-time optimum or real-time optimality.

The proposed methodology’s large computational cost resides in the
estimator’s definition and the evaluation of high-fidelity traffic simu-
lations. In these, the applied DDPM (in this case, an ANN) learns all the
functionality of the traffic operation, fusing real data and simulation
while offline and when there is no need for VSL. The real data imparts
information on recorded traffic performance, and the simulations allow
it to learn the functionality of the traffic conditions and the trends of its
traffic performance function in a large spectrum of possible scenarios of
operation that have not been recorded in the system. As remarked, this
cost can occur offline, before real-time management, or concurrently as
part of ongoing IA enhancement (e.g, enriching the estimator with
further recorded data).

It is also noted that most studies in the literature consider a single
speed limit for all lanes [29,35,36], meaning the speed limit changes
along the length of the road but remains consistent across all lanes.
However, the proposed IA in the current work can find optimum speed
limits for each lane individually. While issues with individual lane
speeds may be raised, such as safety, the results show that the IA can be
highly adaptive in decision-making and work with as many degrees of
freedom or decision variables (DVs) as possible. This is mainly due to the
capability of the IA to learn all operational scenarios allowed in the
network offline. Practicality issues of multi-lane adaptation are also
discussed, but it is noted that the main purpose of the presented
framework is to remark on how agents can enhance real-time traffic
management by achieving real-time optimality, potentially revolutio-
nising current practices in this field. Existing literature explores various
vehicle types, from human-driving vehicles (HDVs) to fully connected
autonomous vehicles (CAVs). Nonetheless, studies show that increasing
the penetration rate of CAVs can benefit the implementation of VSL
[37]. On the other hand, enforcing the speed limit using CAVs is easier
due to recent technologies such as intelligent speed adaptation [38], and
this has synergies with the data-driven management approach of the
ASLC. In this study, 100 % HDVs are used.

The main contribution of the present work is to propose a method-
ology that optimises the per-lane VSL in real-time by using data
collected from loop detectors without disrupting traffic, while aiming to
attain the global optimal decision in variable speeds that can be ach-
ieved under a set of functional traffic conditions. For this purpose, the
present work is organised as follows: Section 2 presents the idea of real-
time optimality; Section 3 thoroughly explains the approach to the
ASLG; Section 4 demonstrates the ASLC in a case study that uses SUMO;
Section 5 presents and discusses the results. Finally, Section 6 outlines
the main conclusions and identifies opportunities for further exploration
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in applying IA in traffic management.

2. Problem definition: real-time optimality with intelligent
agents

The current implementation tackles the problem of optimising traffic
flow within a multi-lane motorway, where traffic moves in a single di-
rection. The goal is to determine the optimum speed limit for each lane
that minimises the mean travel time in discrete time-intervals and to do
this in so-called real-time. There are two key aspects to this idea of
finding optimality in real-time that are remarked in this work: I) Finding
an optimum or quasi-optimum solution to a decision-making problem
that involves speed limits in traffic, and II) doing it in virtually zero-time
[39].

Optimality refers to achieving the best solution for an objective
function, with reference to DVs, under a set of constraints. The most
effective way to achieve it consistently is to use an optimisation algo-
rithm. The most elementary way to achieve an optimum solution is to
use mathematical programming. Nonetheless, in many engineering
problems, randomised optimisation algorithms [40] have provided
successful results when compared to other optimisation techniques
[27-29]. Implementing an optimisation algorithm requires defining an
objective function. The objective of the ASLC is to minimise the mean
travel time. Fig. 1 shows how the proposed IA addresses, in real-time,
the goal of achieving optimal decisions with respect to traffic operation.

The IA method involves two steps to evaluate the average travel time
for a given time-interval. First, it uses high-fidelity data (e.g., real or
calibrated high-fidelity SUMO data). Second, it uses a low-fidelity model
(i.e., DDPM through an ANN in this study). While high-fidelity models
are anticipated to be more accurate, they typically require extensive
analysis efforts, rendering them impractical for real-time optimisation.
In fact, optimisation using high-fidelity models is usually characterised
by its high demand in terms of analysis time [39]. On the other hand,
lower-fidelity data obtained in low-fidelity models can also achieve
adequate performance in accuracy (when approximating the larger
fidelities) in significantly less time if defined or trained and validated
with adequate high-fidelity data [41].

As presented in Fig. 2, the fundamental assumption of the IA defi-
nition is that a lower-fidelity model can be used to solve a problem of
optimisation in real-time, since its analysis cost is negligible. Nonethe-
less, several questions remain, such as how to define a highly accurate
low-fidelity representation for complex issues like traffic and travel
time, or which models are suitable to perform an optimisation that
commonly involves many calls of the objective function, in real-time.
Metamodels [39,42] have shown significant potential due to their
ability to accurately surrogate even highly non-linear or non-smooth
functions. Among these, ANNs are particularly promising because of
their flexibility to incorporate numerous layers and neurons. An issue,
however, is that of defining the ANN in a format that has enhanced
accuracy. In the present implementation, an optimisation algorithm is

Upstream detectors
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applied to find the structure that more accurately surrogates the mean
travel time, serving as the IA’s objective function. In practice, this is an
unsupervised definition of the estimator.

To find an optimum or quasi-optimum solution for the DVs (i.e.,
speed limits), the optimisation algorithm can now call the travel time
estimator several times at a negligible cost (less than 1s). Such an
approach would be impractical with high-fidelity models due to their
characteristic larger analysis times, even with parallel or other advanced
processing techniques.

The ASLC compiles information on mean travel time as the perfor-
mance measure that can be the basis of an optimisation scheme of the
VSL. It essentially consists of an ANN with two main types of input
variables: Prediction Support (PS) and DV. The main rationale is that, for
a given traffic system state, speed limits act as the DVs. All other data,
such as information from detectors, serves as supportive input to un-
derstand system behaviour, i.e., PS, even though this data itself cannot
be adjusted.

It is noted that this approach assumes that a High-Fidelity simulation
model is an appropriate representation of High-Fidelity real operational
data. This assumption is commonly used in traffic management, such as
agent-based simulation models. As a result, a high-fidelity simulator can
effectively approximate potential operational scenarios not previously
recorded or implemented. Hence, the ASLC can test and learn the
inherent functionalities of available decisions offline. As shown in Fig. 1,
it learns the impact of different decisions (speed limits) when informa-
tion about input traffic conditions is available and calibrates these as
information becomes available.

3. ASLC methodology

In this work, the IA is developed as a multi-lane variable speed-limit
controller to individually set the optimum speed limit for each lane in a
motorway. Fig. 3 illustrates how ASLC and its various components
function and interact with the motorway traffic systems. The ASLC
comprises two modules: I) ASLC estimator and II) ASLC decision-maker,
both utilising a DDPM, with ANN being applied in this study and an
optimisation algorithm (specifically SSA in this study). It is noted that
the SSA is applied to optimise the network and to find the optimal de-
cisions in the operational phase, but the methodology proposed is not
exclusive to it. Its main rationale is that offline-online training of inde-
pendent decision-makers can lead to real-time optimality in motorways,
and for that, real-time optimisation should take place. To achieve this,
data is fused offline to explore system functionality, and the decision-
making process relies on a minimum response time decision scheme.

3.1. Definition of the ASLC Estimator

The main goal of the estimator is to predict the mean travel time for
each potential speed limit combination. It is also noted that the esti-
mator is defined to be a global approximator of the traffic performance,

Optimization
* algorithm

Decision maker 6@

Estimator @

_ Data-driven
predictive technique

Fig. 1. Multi-lane VSL controlling in real-time.
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Fig. 3. The ASLC’s overall workflow.

and this is key for the performance of the decision-maker. In the liter-
ature, various machine-learning approaches such as neural networks
[43,44], support vector regression [45], random forest [46], and the
gradient boosting regression tree method [47], among others, have been
employed to predict travel time. Interested readers are referred to Oh
et al. [48] and Bai et al. [49] for further reference works. In this study, an
ANN is used as the estimator. Detailed explanations on ANN are pre-
sented in Appendix A.

However, an ANN’s accuracy relies on the number of its hidden
layers and the number of nodes in each one of these layers [50]. A small
change in these properties can make a remarkable difference in the
ANN’s accuracy. Common practice uses trial-and-error to fit the ANN,
which can be acceptable for simple problems. In complex problems such
as the ones that involve traffic and multiple speed limits, an automated
solution is required. If three potential hidden layers and 20 potential
nodes for each of those layers are considered, the total search area for
ANN combinations considers a maximum of 8000 combinations. In such
circumstances, trial and error is effort-consuming if the goal is to find the
best combination for the ANN’s structure. Thus, an optimisation algo-
rithm is used to find the optimum ANN structure in an automatic form
and without supervision. Hence, the estimator is a hybrid
machine-learning technique consisting of a nature-based swarm
intelligence-based optimisation algorithm and ANN (OANN). Detailed
explanations on OANN and how it optimises the ANN’s structure are
presented in Appendix B.

Moreover, to present the accuracy of the predictions, mean absolute
percentage error (MAPE), mean absolute error (MAE), Pearson corre-
lation coefficient (R), and RMSE are also applied.

R TY L AE; o
- 2 2.7
(TZszlAjz - (thrzlAj) )(TZszlEjzf(Z;rzlEj) )

I 5
RMSE = /2> (A = E)", )
It
MAE =3 [ —E, 3
1 T A.l — E.l
MAPE = TZH A | @

where E;, Aj and T are the ANN’s estimated output, actual values of the
output, and the number of data records in each dataset, respectively.
After obtaining the objective values for each individual, the fittest in-
dividual is identified by comparing their objective function against those
of the food source. If it has a superior objective function value, it re-
places the food source and is used as the new food source for the next
iteration. Subsequently, the new positions of the population are updated
accordingly. This process of finding individuals with the best fitness
function continues until termination conditions are met, which in this
study is the maximum number of iterations. Finally, that individual in-
dicates the architecture of the estimator.

3.2. ASLC decision-maker

The task of the decision-maker is to find the optimum speed limits for
each lane individually for a specified time segment when necessary (see
Fig. 3). At the beginning of each time step, the ASLC uses the estimator
to assess whether traffic congestion will occur. Congestion is identified if
the predicted mean travel time exceeds a pre-defined threshold. When
congestion is detected, the decision-maker initiates the optimisation
process to optimise speed limits and minimise mean travel time. To have
a better understanding of the function of ASLC, the input vector (X) is
divided into two subsets: PSs containing data that are collected from the
traffic and are not changeable, and DVs, which are being changed by the
ASLC decision-maker to minimise the mean travel time i.e., individual
speed limits of each lane. Here, each individual’s position consists of the
DV set. This optimisation takes place in the decision-making variables of
the ANN and the decision-maker’s optimisation process is illustrated in
Fig. 4.

After setting up the initial values, the first generation of the popu-
lation, comprising speed limit combinations, is randomly generated.
Using the estimator, each individual’s objective function (i.e., mean
travel time) is calculated. The fittest individual is compared to the food
source and replaces it if it has a better objective function (lower travel
time). Then, the next generation of the population is generated, and this
entire process is repeated until the last iteration is reached. Finally, the
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Fig. 4. Decision-maker’s optimisation process.

food source will be returned as the optimum solution for travel speed
limits.

4. Case study

The ASLC is demonstrated in a simulation study conducted on the
M50 motorway in Dublin. The M50 is a C-shaped motorway linking the
north and south of Dublin, encircling the city (see Fig. 5). As the busiest
motorway in Ireland, it faces significant congestion issues [51]. Ac-
cording to existing data, 45.1 million passages were recorded using the
M50 motorway in 2021 [52].

This motorway has been extensively studied in traffic research. For
example, Corbally et al. [53] utilised machine learning techniques to
estimate the duration of incidents on the M50. Similarly, Kandiri et al.
[54] focused on travel time prediction by developing a feature selection
framework, using the M50 as a case study. Rogers and Darcy [55]
explored how toll booths affect traffic flow on the motorway, while
Kemp and O’Mahony [56] examined delays in travel time predictions,

m rulunialiive

Raheny

Dublin..

ondalkin publin Baj,

7| Blackrock

Dalke
Killiney

Carrickmines

Fig. 5. M50 motorway. Source: Google Maps.

measured their impact, and proposed a model to address these chal-
lenges. These studies highlight the critical importance of the M50 in
understanding and improving traffic dynamics in Ireland. Moreover, De
Paor et al. [57] introduced a rule-based approach to increase the traffic
capacity of M50. A high-fidelity traffic simulation of the motorway using
the Simulation of Urban MObility (SUMO) is applied in the present
work. Fig. 6(a) and (b) show the segment under study on the M50. This
road segment is also marked by the blue ellipse in Fig. 5. The analysed
segment comprises five lanes with a standard speed limit of 100 km/h.
In this study, only one direction of M50 (i.e., southbound) is considered.

4.1. Calibration and validation of the simulation

The model of M50 generated in SUMO that is used in this study was
developed by Gueriau and Dusparic [58]. The model includes HDV and
CAV with automation levels 2 and 4, which means automation with the
need for human supervision and fully automated driving, respectively.
The authors developed six different scenarios with different HDV and
CAV ratios. In this study, scenario A is used, which has 100 % HDV and
no CAVs are considered. Demand patterns and volumes were developed
based on real data, averaged over daily observations from 2012 to 2019.
This demand pattern is visualised in Fig. 6. (c). A total of 144 distinct
traffic demand scenarios were simulated over varying time intervals.
These demands ranged from approximately 100 to 2500 vehicles per
hour per lane (veh/h/lane). The experiment enabled the evaluation of
agent performance under three traffic conditions: (1) free flow (below
1800 veh/h/lane), where vehicles travel at maximum speed with min-
imal interaction; (2) saturated (between 1800 and 2200 veh/h/lane),
corresponding to the point of maximum flow; and (3) congested (above
2200 veh/h/lane), where both speed and flow decrease due to high
density.

Moreover, the SUMO parameters for calibrating the simulation are
also adopted from the same study. These parameters are presented in
Table 1.

SUMO provides a simulation framework for microscopic traffic
modelling, where vehicle dynamics result from the interplay of longi-
tudinal and lateral models. Longitudinal dynamics are governed by a
car-following model that can be adjusted to replicate a range of driving
styles and vehicle capabilities. Lateral dynamics are computed through a
lane-changing model, typically involving decision-making processes
influenced by the perception of adjacent lanes. The interested readers
are referred to [58] for an extensive explanation of the model and its
parameters. Fig. 7 schematically shows the under-study area and the
VSL area.

To validate the simulation’s results, another dataset collected in the
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Table 1

Sumo parameters.
Parameter Value
Car-following model Krauss [59]
Speed deviation (%) 0.1
Time headway (s) 1.2
Min gap (m) 2.5
Max accel. (m/*?) 2.5
Deceleration (m/s%) 7.5
Max decel. (m/s?) 9
Imperfection 0.5
Lane-changing model SUMO lane-change model [60]
Cooperation 0.5
Anticipation 0.5

summer of 2023 is used. In this process, each day of the week is classified
as a distinct class to account for variations in traffic patterns. To address
the limited data availability and the rapidly changing weather

conditions in Dublin, days with similar weather patterns were selected
to form an aggregated historical dataset for each class. Holidays were
excluded to eliminate anomalies in traffic patterns. This resulted in a
dataset consisting of average values of 10 days in each class. These
datasets were used to define the simulations and an unseen day in each
class was used to validate the simulation results. Table 2 presents the
results of this validation.

The results indicate that for flow, the MAPE values remain below 5 %
on all days except Thursday, which has an MAPE of 7.8 %. However, this
is still within an acceptable range. It is noted that this order of error is in
line with the errors found in the literature. For instance, the lowest
MAPE achieved in [61] was 6.5 %. The MAPE reported in [62] for
10-minute time intervals is 8.88 %. This value ranged from 4.32 to 8.99
in different sites in [63].

Correlation coefficients for flow are consistently 0.92 or higher,
demonstrating a strong alignment between simulated and observed
data, particularly on Sunday. For speed, the MAPE values are slightly
higher than those for flow, but remain below 10 %, indicating good
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Fig. 7. The under-study segment of M50.

Table 2
Error indicators in validating the simulation.
Flow Speed
MAPE (%) R MAPE (%) R
Monday 3.02 0.97 6.65 0.95
Tuesday 4.3 0.95 7.76 0.96
Wednesday 4.59 0.94 7.24 0.97
Thursday 7.8 0.92 5.56 0.98
Friday 3.65 0.97 6.7 0.95
Saturday 4.17 0.98 8.28 0.94
Sunday 3.36 0.99 6.75 0.95
mean 4.41 0.96 6.99 0.96

predictive accuracy. However, performance is slightly less precise on
Saturdays. The correlation coefficients for speed consistently exceed
0.94. The average MAPE and correlation coefficient (R) values for flow
are 4.41 % and 0.96, respectively, while for speed, they are 6.99 % and
0.96. These results confirm that the simulation delivers high accuracy
and strong correlations overall.

4.2. Implementation of the ASLC

This section provides a detailed, step-by-step guide for implementing
the proposed framework using the M50 motorway in Dublin as a case
study. In the current study, the traffic time is divided into 10-minute
time segments. Therefore, the ASLC assesses every 10 min, at the start
of each time segment, the prediction for the current mean travel time in
accordance with the knowledge it has on the network and optimises,
taking action in decisions, the speed limit combinations if required. In
this study, besides the collected information from detectors, i.e., the
number of cars entering the road segment during the time step, the data
from the past time steps, i.e., the mean travel time for the past five time
segments and the number of cars that are already in the road segment
controlled at the start of the present time-segment are considered to
predict the state of the traffic in the next 10 min. Further insight into this
methodology is provided in the remainder of this section.

The estimator is provided by the ANN with an optimised structure
and aims to predict the mean travel time for each step in global opera-
tional conditions. That is, it is trained to learn all the features of traffic
performance in any set of possible speed limit scenarios. To implement
the estimators, the following inputs are used: (i) speed limit of each lane
(s1,---,S5), that is, the DV set of inputs. Considerations of the speed limits
for each lane are intuitive, as for the estimator, these are key parameters
that are expected to affect the mean travel time. (ii) The number of
vehicles entering the network at the beginning of the time segment (EC),
and (iii) the number of vehicles already present in the network at the
start of the time segment (IC). Both variables were found to be influ-
ential during implementation [54], as they reflect the vehicle density at
the onset of the time interval. (iv) The mean travel-time of the past five
time-intervals (MTy;_1, ..., MTyi_s). In traffic, there is a temporal corre-
lation in the time segments. Further analysis revealed that both the
current travel times and the vehicle dynamics within the controlled
network segment collectively have a significant influence on

performance dynamics. Therefore, to gain a better understanding of the
mean travel time, the estimator and the ASLC must know the mean
travel time of past time steps to predict what will happen in future time
steps accurately. Hence, the mean travel time for the past five time steps
is also provided. It should be noted that inputs ii to iv serve as the PS set
of inputs.

The M50 motorway has five lanes in the under-study area, and the
speed limits are assumed to be allowed between 10 and 40 m/s, i.e., 36
and 144 km/h. The decision space is kept large to encourage exploration
and gain a better understanding of the agent’s capabilities. Therefore,
the search area for decisions (i.e., the degrees of freedom left for the IA
to operate) is a five-dimensional space with each dimension ranging
from 36 to 144 km/h. At the start of a time step the estimator can predict
the travel time and if it shows a congested traffic, the decision-maker
gets activated. Then, the decision-maker gets the PS set of inputs (see
Section 5.2) from the traffic network. Subsequently, the optimisation
algorithm in the decision-maker generates different values for the DV set
of inputs (the speed limit of each lane) to find the optimum combination
of speed limits under the specified conditions. As the estimator is a
global approximator, it has learned the relationship between these input
features and the output, the mean travel time, a priori. Then, after
reporting the optimum speed limit combination, the same process will
be repeated for the next time step (see Fig. 3) whenever required.

4.3. Experimental setting

The travel demand dataset, averaged over daily observations from
2012 to 2019, is first imported into the calibrated SUMO to define the
vehicles. This dataset comprises 144 data records ranging from 180
vehicles per time interval to 4362 vehicles per time interval, each rep-
resenting a 10-minute time interval. Then, by changing the per-lane VSL
from 36 to 144 km/h, a comprehensive dataset including 142,336 data
records is produced. This dataset is then randomised, and 2000 gener-
ated records are used to train the ASLC. The rest of this dataset is used as
an unseen dataset to validate the ASLC’s performance (see Section 5). A
small percentage of the dataset is used for training to avoid high
computational costs and overfitting of the ANN. Fig. 8 illustrates the
histogram of the comprehensive dataset for EC, IC, and mean travel
time. As shown in Fig. 8(c), a peak is observed at 200 s in the mean
travel time. This is due to the fact that, during a 24-hour day, a large
period of time has free-flow traffic, e.g., between midnight and 5 am.

5. Results and discussion

The ASLC was applied in a 24-hour traffic scenario used as a refer-
ence case study, and the results are presented in this Section. First, the
ASLC performance as a global approximator of this junction is discussed,
and then its adaptive decision-making capabilities are analysed.

5.1. ASLC as a global approximator of traffic performance

The following set of initial parameters is applied to train the ASLC
estimator, see Table 3. The values of the maximum number of iterations,
number of search agents, maximum number of hidden layers, and



A. Kandiri et al. Applied Soft Computing 181 (2025) 113554

(@) «10* () x 10

2.5
15 N
-
2 g 2
g =
g =
g W
@ 1 - = 1.5
= =
0.5 =
0.5
0
0 200 400 600 800 1000 1200 0 200 400 600 800 10(.)0 1200 1400 1600
EC (Number of Vehicles) IC (Number of Vehicles)
(©) 4
5 x10
4
23
=
=
=
=
&
=2

0 —i-
200 400 600 800 1000 1200 1400
Mean travel time (s)

Fig. 8. The histogram of a) EC, b) IC, and c) mean travel time.

Table 3 Input Layer
The estimator’s initial parameters. Istlanc's speed limit @

Parameter Value 2nd lane's speed limit o

3rd lane's speed limit - Hidden Layer

Maximum number of iteratiorfs ‘ ‘ 100 Decision 4th lane’s speed limit - ® Output Layer

The flmnber of search a}gents in each iteration 30 Variables (DV) Sth lane's speed limit @ Y [ )

Maximum number of hidden layers 3 mmmmmmmmmmmm eSO T -

Maximum number of neurons in each hidden layer 20 Prediction =1 time step's mean travel time @ [ ] PS PY

Activation function in hidden layers Hyperbolic tangent sigmoid Support (PS) -2 time step's mean travel time v [ )

ANN training algorithm Levenberg-Marquardt t-3y, time step's mean travel time [ o o

Cost function RMSE t-4, time step's mean travel time ™) [ J ot

t-54, time step's mean travel time o L‘ I
maximum number of neurons in each layer are selected based on the S i ) 4 Bias
computational budget. In Section 5.3, the robustness of these choices is Number of cars that are in when the t time step starts @
discussed. The tanh function is applied due to its nonlinear nature and
ability to maintain a controlled, consistent learning process, which is Fig. 9. The estimator’s structure.
less prone to issues such as vanishing or exploding gradients or erratic
updates. [64,65]. The Levenberg—Marquardt algorithm is well-suited for
traffic prediction due to its ability to model complex, non-linear patterns
with high accuracy and fast convergence. It efficiently adjusts network
parameters, handles irregular traffic data when combined with pre- .
processing, and consistently delivers reliable, low-error forecasts [66, §9°°’T§‘b§am:_t LN <
671. 2 g0l 0l I
Throughout the training phase, a total number of 3000 individual E . B
search agents, go through a search area of 8000 different combinations 2, 7
to achieve the final ANN (see Fig. 9). The goal of this stage of the B |
approach is to find a best-known optimum structure for the ANN that has ;
the lowest error among the design of experiments considered for the z -
ANN structure. The proposed method finds the ANN with the lowest %
error in each iteration, compares it with the lowest reached error in § 1
previous iterations, and saves the structure with the global lowest error. g |
At the end of each iteration, only one ANN, i.e. the most accurate one, is ! | | |
300 400 500 600 700 800 900

kept as the best known solution by the algorithm. The optimum struc- Calculated travel time by SUMO (s)

ture has 12 neurons in the input layer (one neuron for each input), two
Fig. 10. Estimator’s cross-validation.



A. Kandiri et al.

hidden layers with six and five neurons in the first and the second layers,
respectively, and one neuron in the output layer (for the output).
Moreover, to validate the ASLC estimator, an unseen dataset is given to
it. Fig. 10 shows the cross-validation of the estimator on an unseen
dataset, and Table 4 represents the error indexes. As can be seen, the
results have an R-value of 98 %, which shows the large correlation be-
tween the estimator’s and the simulation’s outputs. Furthermore, the
RMSE is 34.6 s and the MAPE is approximately 3.3 %. These error in-
dexes indicate accurate performance in relation to the travel times
considered, noting that this is the estimator of global traffic performance
in the section studied (i.e., with combinations of variable speeds in a 5-
dimensional space). The training scenarios have a wide range of domain
values from almost free-flow traffic, i.e., time steps with low mean travel
times, to congested traffic, i.e., time steps with large mean travel times.
This wide range is potentially a challenge for training an accurate ANN.
Moreover, the effect of having different speed limits for each lane should
be taken into consideration, since it makes the relation between inputs
and outputs more challenging to predict. The mathematical equation of
the final ANN is as follows:

y = F3(LW(F2(LW1 x (F1(IW x X+b1 ) +bz)) +bs), )
X =DVUPS, (6)
DV = {s1,53,53,54,55}, @
PS = {EC,IC,MTy_1, ..., MT; s}, €))

where y is the mean travel time, F; is the activation function in the i-th
layer, X is the input vector, IW is the input layer weights, LW; and LW,
are the first and the second hidden layer weights. by, b, and bs are the
input layer, the first hidden layer, and the second hidden layer’s biases,
respectively. IW;, IW,, by, ba, and bs are presented in Appendix D.

5.2. Application of the pair estimator — decision-maker

After training the ASLC on this case study, the IA is applied on a 24-
hour simulation to research how it can control the traffic flow. The
optimisation problem solved by the ASLC decision-maker is as follows:

Minimise

y= F3(LW2(F2(LW1 X (Fl (IW X X+b1 )) +b2)) -‘rbg), (9)

Subject to:

36 < s1,...,55 < 144(10)

Fig. 11 illustrates a comparison between a) the travel time of each
vehicle and b) the mean travel time in each time step in the standard and
optimally controlled network. As can be seen, there are two peak time-
intervals in 24 h, and the vehicles’ travel times dramatically decreased
in both due to the ASLC management of traffic. The overall biggest
reduction in mean travel time for a time step occurs in the second peak
and has a value of 55 %, and the biggest reduction in a vehicle’s travel
time also occurs in the second peak and has a value of 69 % (see
Table 5).

It can be argued that mean travel time may not be the best parameter
to analyse the IA’s performance, as the results indicate that, to maintain
a more consistent traffic flow, it is necessary to reduce the speed limit in
lanes where vehicles drive fastest, especially under approximately free-
flow conditions. These obstacles prevent congested lanes from clearing
because vehicles attempting to exit the junction into non-congested
lanes are unable to do so, hindered by the fast-moving cars already

Table 4

The estimator’s performance.
ANN structure R-value MAPE (%) RMSE (s)
12-6-5-1 98 % 3.3 34.6
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a) each vehicle and b) the mean value for each time step.

Table 5
Travel time reduction.

First peak Highest reduction in mean travel The highest reduction in travel
time of a time step (%) time of a vehicle (%)
First peak 37 60
Second 55 69
Peak

occupying those lanes. Therefore, in this study, another parameter- the
waiting time- is applied to provide a clearer assessment of the IA’s
performance. Waiting time represents the sum of time that a vehicle’s
speed is under 0.36 km/h, or in other words, that shows how long a
vehicle spends almost stationary. Fig. 12 illustrates a comparison be-
tween waiting time in the standard network and the optimised network
in two ways: a) for each vehicle and b) as the mean value in each time
step. According to Fig. 12, waiting times drop sharply after this junction
is operated by the ASLC speed limits. The maximum reduction in a ve-
hicle’s waiting time occurs during the second peak, with a relative
decrease of 93 percent. Similarly, the maximum reduction in mean
waiting time within a time-interval also occurs during the second peak,
showing an 88 % reduction (see Table 6).

It is interesting to observe that along with the reductions in mean
travel time and mean waiting time as a result of the ASLC, there is a
slight increase in the finishing time steps at the end of each peak. One
reason for this phenomenon is that the ASLC has previously lowered
speed limits in certain lanes during earlier time-intervals. This action
forces the faster vehicles to drive slower than they would in the standard
network. Therefore, some of them enter one of the previous time seg-
ments and finish their trip through the junction later, thereby increasing
the mean travel time and mean waiting time for that time-interval. In
other words, traffic is delayed until the very end of peak times, when
traffic flow is lower and has the capacity for the extra demand. This issue
highlights areas for further research in ASLC applications, particularly
exploring the relationship between the length of the time segments and
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First peak  Highest Highest reduction in waiting time of a vehicle (%)
reduction in
mean waiting
time of a time

step (%)
First peak 85 91
Second Peak 88 93

95th Percentile waiting Time (s)

IA activation.

It is noted that traffic congestion is related to the most delayed ve- . Depart Ti1:1e (h)
hicles, and this may be a small trade-off for the application of intelligent (b)
and autonomous traffic control through speed limits. In the context of M —Standard
traffic congestion control, the slowest vehicles are the target of the —_— / \\ — Optimised
ASLC. The 95th percentile values of travel time (see Fig. 13) and waiting f \

time (see Fig. 14) can then provide insight into the traffic performance of
the most delayed cars since they only consider the 5 % most delayed
vehicles for the greatest delays. As it can be inferred, the reduction in the
mean 95th percentile travel time and waiting time after optimisation is
larger than the reduction in overall mean travel time and waiting time.
This indicates that the ASLC significantly enhances performance for the
slowest vehicles as a means to reduce congestion. The biggest reductions
in mean 95th percentile travel time in the first and second congestion
peaks are 58 and 69 percent, respectively, while the same value for the 0 2 4 6 § 10 12 14 16 18 20 22
waiting time in the first and the second peaks is 86 and 94 percent, Time of the day (h)

respectively. Similarly, most of the time, congestion is reduced in the Fig. 14. 95th percentile values of waiting time: a) scatter and b) time
slowest lanes in motorways due to the ASLC slowing down the vehicles steps’ mean.

in the fastest lanes, facilitating easier lane change for vehicles in the
slowest lanes if they wish to bypass junctions.
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e ! ) ) The analysis of the speed limits’ performance amongst solutions also
To conclude, it is also relevant to emphasise the difference in the two provides insight into this approach. In this illustrative example, four
congestion peaks, where the first is relatively more complex for the ASLC time intervals, i.e., 8:00 — 8:10 (congested traffic), 9:30 — 9:40 (saturated

and which may indicate a case of operation over capacity regardless of traffic), 17:50 — 18:00 (congested traffic), and 19:00 — 19:10 (free flow)
the traffic speed limit parameters.
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are used as reference, where a random sample of speed limit combina-
tions is applied with results shown in Fig. 15. In this example, every
possible combination of speed limits is implemented, and the simulation
is run based on these combinations. Each lane has four possible speed
limits, ranging from 36 km/h to 144 km/h, and the road segment fea-
tures five lanes, resulting in a total of 1024 different scenarios. In the
first example, i.e., 8:00 — 8:10, the mean travel time for the uncontrolled
traffic is 1442.31 s, whereas for controlled traffic it is 912.7 s. The rec-
ommended combination is among the best-known solutions, i.e. 3.2 %
lowest mean travel times. However, this specific example is also used to
show that there are considerations to improve in the approach to find
the global optimum, such as the reduction of the estimator error that
implicitly makes the solution a metaheuristic. Nonetheless, the perfor-
mance is close to the optimum, although it is obtained in virtually zero
decision-time.

The recommended speed limits for the one hour from 8:30 am to
9:30 am are represented in Table 7. The big difference in speed limits in
two adjacent lanes poses safety risks and may be impractical to imple-
ment. Large changes in the speed limits of a specific segment of a lane
can be challenging and dangerous to enforce. The speed limit of the
fourth lane in the first time-interval was increased from 36 km/h to
140 km/h in the following time-interval. These issues are more appro-
priately addressed from a policy perspective rather than methodologi-
cally restricting the agent. This means that the agent can propose
solutions without constraints, and policies regarding speed limit oscil-
lations and large changes can be implemented in it. It was also observed
that in congested traffic conditions, the larger speed limits are not as
important as the lower speed limits (the large ones may be unfeasible to
adhere to, and from an optimisation perspective, represent a solution
that may not present relevant sensitivity to changes in a lane if it has a
traffic jam). Nevertheless, in this study, the agent’s performance is also
tested under safety constraints as well.
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Table 7
Recommended speed limits by the ASLC decision-maker.

Time- Speed limits (km/h)
intervals First Second Third Fourth Fifth
lane lane lane lane lane
08:30-8:40 100 108 40 36 78
08:40-8:50 72 33 107 140 38
08:50-9:00 108 36 108 36 62
09:00-9:10 76 96 41 105 69
09:10-9:20 70 114 48 113 74
09:20-9:30 78 95 52 102 70

5.3. Safety considerations

Speed limit safety constraints can vary depending on the case study
context, national traffic regulations, and operational considerations.
Consequently, the acceptable magnitude of speed changes across time or
lanes differs across the literature. A simplified safety comparison is now
studied. In a recent study [68], the maximum allowable temporal
change in the speed limit for the same lane across consecutive time in-
tervals was defined as 10 mi/h, which corresponds to approximately
16 km/h. [69] established a 20 km/h maximum difference between the
speed limits of adjacent lanes, representing a spatial change constraint.
These two constraints are now incorporated into the proposed meth-
odology, and Fig. 16 shows the results of the mean travel time with
constraints.

As expected, the constrained ASLC outperforms the standard sce-
nario throughout most of the day. However, during peak traffic periods,
the unconstrained ASLC demonstrates a greater reduction in mean travel
time compared to the former. This is expected as the unconstrained
system has more flexibility in aggressively adjusting speed limits to
alleviate bottlenecks. Notably, toward the end of each peak period,
when traffic demand begins to subside, the constrained ASLC surpasses
the unconstrained ASLC in performance. This suggests that in
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transitional phases, safer speed adaptations can result in improved ef-
ficiency. The results highlight the preliminary trade-offs between effi-
ciency and safety, and support the inclusion of dynamic safety rules in
practical deployment. Nonetheless, it is noted that further safety-specific
research on the agent approach is expected to enhance the efficiency
benefits.

5.4. Robustness and transferability of the ASLC

One important question is whether this methodology’s outputs will
be able to match the real operation of a network. To answer this ques-
tion, it should be mentioned that there are three sources of output (travel
time) in decision-making in this study. I) the real-world motorway, II)
the high-fidelity simulator, and III) the IA (in this case ASLC). Simulators
in the future are expected to become a full presentation of a real object’s
behaviour, such as traffic, and their outputs match the outputs from real
data. Stakeholders currently use agent-based models to make decisions
on main roads, such as in the case of the Dublin M50 motorway. Hence,
the overarching vision of the proposed methodology is to demonstrate
that if an IA’s outputs can match those of a simulator, the IA is then an
appropriate representation of reality. This aligns with the approach used
for a Digital Twin [70], where the IA matches the operational dynamics
of the real traffic network. This rationale uses the premise that any
high-fidelity pairing of a physical system and its digital counterpart
constitutes a high-fidelity simulator. Such simulators can be used offline
to inform decision-making and hence allow a global understanding of
the problem at hand. To do so, as shown in Fig. 17, there is a need to
validate the ASLC’s outputs by giving it an unseen dataset and to
compare its outputs with the simulator.

As mentioned in Section 5.1, after training the estimator, an unseen
dataset is used to validate the estimator’s outputs. The results showed
almost 97 % accuracy and a 0.98 correlation coefficient, which estab-
lishes the robustness of the estimator and ASLC. On the other hand, since
the optimum number of the ANN’s hidden layers and the number of
neurons in the first and second hidden layers (i.e., two, six, and five,
respectively) are less than the maximum allowed in the initial parame-
ters (see Table 3), then increasing these and creating a larger ANN is not
expected to produce a more accurate estimator. Moreover, as shown in
Fig. 18, the reported minimum error was reached in iteration number 61
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Fig. 17. Training and validation of the estimator.
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and the other 39 iterations after that did not increase the accuracy.
Therefore, increasing the maximum number of iterations and the num-
ber of agents, hence increasing the computational cost is not expected to
result in more accuracy.

5.5. Real-time assessment

As it was mentioned before, one important aspect of real-time opti-
mality is to be able to find the optimum solution in so-called real-time. It
is noted that the concept of real-time is relative to the system and its
timescales, where some orders of seconds or minutes are still real-time,
and where other decisions need to be achieved in milliseconds.
Regardless, in all, having a low computational cost is critical. In the
proposed framework, the decision maker that searches for and finds the
optimum solution consists of an optimisation algorithm (as mentioned
with SSA being applied) with a trained ANN (where the optimisation
takes place). Hence, the computational cost of expensive traffic analyses
based on high-fidelity data required to find accurate solutions is miti-
gated. In the current case study, the average time required to find the
optimum is 10.18 s, which is less than 2 % of the time-interval consid-
ered (10 min). It is worth noting that the real-time performance of the
proposed framework was evaluated on a personal laptop with the
following specifications: 11th Gen Intel Core i7-1185G7 processor (base
frequency 1.80 GHz, up to 4.80 GHz with Turbo Boost), 32 GB of RAM.
As a result, it is assumed that in this timeframe no relevant changes
occur that would change the input assumptions for decisions, and hence,
the system can be assumed to be real-time. Moreover, it is noted that the
methodology implemented is agnostic to the choice of estimator and
decision-maker techniques. Thus, there is potential to further reduce the
decision-making time with further research on different techniques.
Furthermore, the application of alternative optimisation algorithms may
also contribute to reducing this time. This process can be even shorter in
the near future due to rapid technological development.

6. Conclusion and future opportunities

To reduce traffic congestion and have more consistent traffic flow, a
new IA called ASLC, comprising two different parts: an estimator and a
decision-maker, is introduced in this study. The M50 motorway in
Dublin is used as a case study of its implementation, and SUMO is used to
train, validate, and test the ASLC’s outputs. The scenarios that are used
to train the ASLC were built in SUMO based on a real dataset. The main
findings of this study are as follows:

e The hybridisation of an ANN and an SSA as the estimator can suc-
cessfully predict mean travel time in 10-minute time-intervals with
almost 97 % accuracy in different contexts of decision (i.e., traffic
parameters) as output from a fusion of real-data and high-fidelity
modelling. The ANN uses 12 inputs (5 DVs and 7 PS), demon-
strating ASLC’s capability as a suitable approximator for real
motorway outputs.
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e The findings indicate that ASLC achieves a greater reduction in travel
time and waiting time for the slowest 5 % of vehicles compared to
the average reduction observed across all vehicles. Therefore, it can
be concluded that ASLC is able to address congestion by creating a
more homogeneous and consistent traffic flow.
Limiting the ASLC by safety constraints can reduce its performance in
the time intervals where it can reduce the mean travel time the most.
e The computational time has a significant role in real-time VSL opti-
misation problems, which has a direct relationship with the number
of search agents in SSA (see Table 3) and the performance function
that drives the optimisation. Since the objective function is a pre-
trained ANN, the computational time of the full optimisation with
SSA is less than a second and it can be neglected when compared to
the time segment’s duration (i.e., 10 min), and, hence, in the present
work it is assumed to provide real-time optimal decisions.

Nonetheless, there are some opportunities that can be explored in
future studies. First, the ASLC was not able to reduce the travel time and
waiting time in every time step. Hence, there is a need to further
investigate techniques that may allow this. Moreover, since the IA needs
to be trained before implementing it on different motorways, transfer
learning and making the agent transferable present an opportunity.
Preliminary results showed that there is limited dependence in terms of
performance on the optimisation algorithm used. However, a more
detailed analysis of the sensitivity to these may be of further interest in
future work. Moreover, scaling the methodology to multiple segments or
traffic networks would necessitate coordination mechanisms between
agents and other traffic control systems, such as ramp metering, to
ensure the smoothness of traffic conditions. Addressing this gap can
bring this methodology one step closer to implementation.

The proposed agent uses a multi-fidelity framework. In recurrent
scenarios, the low-fidelity model, i.e., ANN, predicts travel time,
allowing the agent to optimise per-lane VSLs. In non-recurrent cases,
such as accidents or lane closures, the agent remains inactive while data
is collected and used to recalibrate the high-fidelity model, i.e., SUMO,
and to update the ANN offline for future use. This offline process does
not interfere with the agent’s online operations (see Fig. 2). Nonetheless,
itis noted that the agent is designed to handle non-recurrent scenarios as
its knowledge base expands. However, this is beyond the scope of the
current study, i.e. inference on near real-time optimality, and is intended
for future research.

It is noted that the limitations and the feasibility of the imple-
mentation should be further explored in future work, where the goal of
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the present work is to show the large potential that real-time optimi-
sation allows. Moreover, driver compliance still remains as one of the
main challenges in the field of VSL. Enforcing optimum speed limits and
researching approaches to ensure they receive more attention in future
work. However, full compliance is not needed since the speed of each
vehicle is dictated by the vehicles in front of it. Therefore, partial
compliance is enough for the ASLC to work [68]. This is one of the main
steps toward implementing VSL methodologies. In this study, 10-minute
time segments are considered. Having other time-intervals with
different durations can be considered, and the performance of ASLC on
these should be addressed in the future. Finally, the ASLC can be used to
optimise a route after an accident or any disruptive event. To conclude,
it is also important to highlight that this research is part of a larger
context for optimal intelligent transportation systems. The differences
encountered in the two congestion peaks in the case study developed are
an indicator of the need to further combine it with other approaches and
interventions in the network.

It is noted that the present framework depends on data for the
training phase, and it is interesting to discuss where this data can be
obtained in the traffic system. The current assumption in this work is
that most of this data is, or will be, readily available in the near future, as
there is already significant data being collected in traffic (tolls, car
counters). Moreover, car users also provide important data that may in
the future be used to further optimise traffic operation (cell data or
connected cars). Such datasets would make all the required data for this
implementation available. To conclude, it is important to remark that
the purpose of the present work is to remark on how the ideas of IA can
make a large impact in traffic management, in particular through the
fusion of data, and offline and online training for real-time operation.
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Neurons in the hidden layers receive weighted inputs from previous layers, sum them, and incorporate biases from the previous layer. This final
value is then passed through an activation function. Output neurons follow a similar process but without using an activation function, while the input
layer neurons simply import data into the ANN without applying any weights or biases [71]. ANNs are trained by optimising the value of the weights
(w) and biases (b). Weights indicate the importance of a neuron’s output on the input of a neuron in the next layer. Biases work as an offset or
threshold, allowing neurons to produce an output even if all the weighted input values are zero. This adds a layer of adaptability, helping the network
learn efficiently and make accurate predictions. ANNs learn different patterns and adapt to them using a constant value, i.e., bias. Fig. A.1 shows a

schematic neuron in the hidden and output layers of an ANN.

X1

net

n
pe
n = Z wix; + b
i=1

0 = f(net)

X1...., Xn: Neuron's inputs
Wi...., Wy Connection's weights

f: Activation function

Fig. A.1. Neuron structure and its components adapted from [72]
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Appendix B. Hybrid OANN technique to train the ANN

The various stages of the OANN approach are presented in Fig. B.1, and detailed explanations follow below. It should be noted that in Fig. B.1, SSA
is used for the demonstration.

Start

Define the number of inputs Calculate agents' fitness using
and outputs the ANN

Set the maximum number of Compare all agents' fitness

iterations, number of search with the food source and
agents, initial food source, choose the best one as the new
positions randomly

lower and upper boundaries food source
Yes
Return the food End
1 source

Set the ANN's architecture
based on the agents' positions — ( Create the new generation of
search agents

Is it the last

[ Create the search agent's }
iteration?

Fig. B.1. OANN’s flowchart

The initialisation stage of OANN involves setting the algorithm’s tuning parameters, which include maximum number of iterations, population
size, initial food source (i.e., global optimum solution), upper and lower boundaries, and problem dimensions. Usually, the food source has an initial
value that can be easily outperformed by the first generation of the population. Fig. B.2 illustrates how an individual of a population in an optimisation
algorithm represents an ANN architecture, with two parts. In algorithms like the genetic algorithm, the representator is each individual’s gene, and in
swarm intelligence-based algorithms such as particle swarm optimisation, this representator is the individual’s position. The first part is a binary code
where 0 and 1 values of the ith hidden layer (h;) indicate its inactivity or activity, respectively. The second part is related to the number of neurons in
each layer, denoted by n;. It should be noted that the maximum number of hidden layers is determined in the initialisation stage by upper and lower
boundaries. For example, an individual’s position of 1-0-1-2-4-6 represents an ANN architecture with two active hidden layers with 2 and 6 neurons
in the first and third hidden layers, respectively, and an inactive hidden layer (the second hidden layer has a value of 0).

>

hy || 2

: g

2l 2

=3

2 h3 Ei_

w

—

[«]

nj 3

ni n) n3y - S

= L5

N 2o / R

| [ ) =4

— H/ — 3| g
Bias

Fig. B.2. Slap position structure

Then, the initial positions of the population are randomly generated within the boundaries set in the previous stage. The objective of the OANN
method is to minimise the error of the ANN. The objective function is defined as the average error of each individual, which is calculated using the k-
fold cross-validation method. In this study, the root mean square error (RMSE) is applied as the statistical error indicator during the training, vali-
dation, and testing phases.

Appendix C. Salp Swarm Algorithm

The Salp Swarm Algorithm is a bio-inspired optimisation method that models the movement and foraging behaviour of salps in the ocean. Within
this approach, potential solutions are represented by a group of salps arranged in a chain-like formation. The first salp in the chain, i.e., the leader,
steers the swarm towards the target, i.e., food source, while the rest of the salps, i.e., followers, adjust their positions relative to the one ahead. This
coordinated structure allows the algorithm to maintain a balance between exploring the search space and converging on promising solutions. SSA is
particularly effective for solving complex, non-linear, and high-dimensional optimisation problems [34]. Fig. C.1. shows SSA’s pseudo code.
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Initialise the salp population

F = the best search agent

while (end condition is not satisfied)
Calculate the fitness of each search agent (salp)

Update the position of the leader
Update the position of the followers
Amend the salps based on the upper and lower bounds of variables

end
return F
Fig. C.1. SSA’s Pseudo code
Appendix D. ANN’s weights and biases
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