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Abstract

Real-time traffic signal control represents a key challenge in modern intelligent transporta-
tion systems, particularly under highly variable traffic flows and the presence of priority
vehicles. This study proposes a hybrid framework for adaptive signal plan control at
a signalized intersection. The framework integrates deep learning-based traffic predic-
tion, surrogate-based performance evaluation, and reinforcement learning-based adaptive
control. Short-term traffic flow is predicted using recurrent neural networks, providing
anticipatory information for traffic control decisions. Based on predicted flows and gener-
ated candidate signal plans, a machine learning surrogate model enables fast estimation
of key performance indicators, including average vehicle delay and queue length. Adap-
tive control is implemented using the Proximal Policy Optimization algorithm within the
SUMO environment via TraCI, which enables real-time fine-tuning of signal phases. A
dedicated priority and stability module ensures effective emergency vehicle preemption
and adaptive public transport priority while preserving intersection stability. Simulation
results show that the proposed framework reduces average vehicle delay by up to 35%
compared with FT and by up to 15% compared with standalone RL, while also improving
traffic flow efficiency and priority vehicle performance.

Keywords: deep learning; reinforcement learning; surrogate modeling; priority vehicle
preemption; SUMO

1. Introduction

Urban traffic systems face increasing challenges due to traffic growth, variability in
flows, and stricter requirements related to safety, energy efficiency, and environmental
impact. Traffic signal control (TSC) at intersections plays a key role in traffic management,
as it directly affects traffic efficiency, average vehicle delay, queue length, and overall urban
mobility.

Modern urban traffic systems are nonlinear and stochastic, with frequent changes in
operating conditions that exceed the assumptions of traditional control strategies. These
challenges are particularly evident under high-demand and oversaturated conditions, as
well as in scenarios involving priority vehicles and multimodal interactions.

One of the key challenges in TSC is balancing efficiency and stability. Highly adaptive
strategies may reduce average vehicle delays but often increase control variability and
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instability. Conversely, more stable strategies may fail to respond adequately to dynamic
traffic conditions.

Another critical challenge is anticipatory decision-making. Effective TSC depends on
both the current traffic state and the ability to anticipate short-term changes and adjust
signal plans accordingly. Systems without predictive capability react too late, which further
degrades performance under heavy congestion. At the same time, incorporating prediction
without proper optimization and adaptation mechanisms can result in suboptimal or
unstable control decisions.

These challenges highlight the need for modern TSC systems to adopt an integrated
approach that simultaneously combines prediction of future traffic states, globally opti-
mized planning of signal parameters, and real-time adaptation. Such an approach must
be robust under saturated conditions while ensuring reliable prioritization of emergency
vehicles (EV) and public transport vehicles (PT) without destabilizing the system.

Motivated by the aforementioned challenges, this study presents a hybrid (HYB) frame-
work, which integrates predictive, optimization, and adaptive components into a unified
control framework. The goal of the proposed HYB framework is to overcome the limita-
tions of individual control strategies through their complementary integration, thereby
enabling anticipatory, stable, and efficient intersection control across a wide range of traffic
conditions. Compared to single-paradigm control strategies, the system seeks to balance
average vehicle delay reduction, control stability, and reliable priority implementation.

The main contribution of this paper is in the development and evaluation of the pro-
posed HYB framework for TSC, tailored to the requirements of modern urban intersections.
Through a detailed simulation-based analysis, the proposed HYB framework is shown to
outperform conventional and standalone intelligent control strategies, particularly under
high traffic demand and complex conflict scenarios. As a result, this work contributes
to the development of robust and scalable solutions for urban TSC in real-world urban
environments.

It should be noted that environmental performance indicators such as CO, emissions
are not explicitly considered in this study due to the lack of reliable vehicle-level data
required for accurate estimation. Therefore, the analysis focuses on operational performance
indicators, including delay, queue length, priority performance, and control stability. The
inclusion of emission-related metrics is left for future research.

2. Literature Review

The optimization of TSC at urban intersections is a key focus within Intelligent Trans-
portation Systems (ITS), due to its direct effects on traffic efficiency, safety, emissions, and
overall urban quality of life. Traditional static and semi-adaptive control strategies rely on
predefined cycles, signal plans, and periodic adjustments based on detector data. However,
these approaches often underperform in the face of high temporal and spatial variability in
traffic flows and specific events such as EV and PT arrivals [1]. Their main drawback is
their reactive nature, which limits their ability to predict future system states.

Classical adaptive systems, such as SCOOT, SCATS, and RHODES, marked a signifi-
cant technological leap by allowing automated adjustments to phase durations and cycle
lengths based on current traffic conditions [2—4]. Despite their long-term use, subsequent
studies show these systems struggle with the complex, multimodal, and highly nonlinear
traffic patterns typical of modern cities. This is especially evident during unpredictable
congestion, vehicle-pedestrian interactions, and dynamic priority management. Another
widely used practical approach is the actuated TSC, which dynamically extends or termi-
nates signal phases based on detector inputs and gap-out conditions, enabling the controller
to respond to real-time traffic demand at individual approaches [5].
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The max-pressure (MP) control strategy, initially proposed by [6], is a decentralized
adaptive TSC. It selects the phase with the highest “pressure”, which is defined as the
difference between upstream and downstream queues. It is well-regarded for its strong
theoretical guarantees concerning network stability and throughput maximization. Due to
these advantages and its relatively straightforward implementation, the MP is often used
as a benchmark in studies of adaptive TSC and RL-based control strategies.

With the growing availability of large volumes of traffic data, the past decade has
seen substantial advancements in machine learning (ML) and deep learning (DL) control
strategies for traffic flow modeling and prediction. Deep neural networks, particularly
long short-term memory (LSTM) architectures, effectively capture temporal dependencies
and provide more accurate predictions than traditional statistical and shallow ML mod-
els [7]. This capability is further supported by the successful application of ML and DL
techniques in TSC and ITS [8,9]. In addition, similar methodologies have demonstrated
strong performance in other complex engineering domains characterized by nonlinear rela-
tionships, high-dimensional data structures, and multiscale interactions [10]. For instance,
the study in [10] applies ML to model complex structure—property relationships in plastic
deformation processes, illustrating the ability of ML to capture nonlinear dependencies in
systems with high variability. Such characteristics are also present in traffic flow dynamics,
where interactions between vehicles, TSC, and demand patterns exhibit similar complexity.
Further improvements have been achieved through the development of spatio-temporal
DL that jointly capture spatial and temporal dependencies in urban traffic networks [11-13].
Recently, research attention has increasingly shifted toward graph neural networks (GNNs)
and transformer-based architectures, which enable more accurate modeling of complex
interactions among intersections in traffic networks [14].

Alongside the development of predictive models, considerable progress has been
made in adaptive TSC through the use of reinforcement learning (RL). Pioneering studies
have shown that RL agents are capable of learning effective signal phase control policies
by interacting with simulation environments [15,16]. Subsequent research introduced
deep reinforcement learning (DRL) frameworks, leading to the development of architec-
tures such as deep Q-network (DQN), dueling-DQN, proximal policy optimization (PPO),
and advantage actor-critic (A2C), which have demonstrated substantial improvements in
average vehicle delay reduction and traffic throughput [8,17].

Concurrently, the integration of predictive models with optimization techniques has
been successfully explored in engineering applications, particularly through the combina-
tion of artificial neural networks and intelligent optimization methods [18]. For instance,
the study in [19] combines artificial neural networks with fuzzy logic to model complex
relationships and optimize process parameters in systems characterized by nonlinear in-
teractions and uncertainty. These hybrid modeling—optimization approaches, originally
developed in other engineering domains, are conceptually transferable to TSC as method-
ological analogues, since they address nonlinear system behavior, uncertainty, and complex
decision spaces. Since 2018, DRL approaches have been further enhanced through the
adoption of multi-agent systems, centralized-decentralized policies, and integration with
predictive models [20-23]. Nevertheless, numerous studies show that RL and DRL sys-
tems often suffer from stability issues, high sensitivity to traffic fluctuations, increased
performance variability, and excessive phase switching, especially under oversaturated
conditions and in complex traffic flow conflicts.

In addition to prediction and adaptive control, an important line of research focuses on
optimizing signal plans using metaheuristic optimization. Methods such as particle swarm
optimization (PSO) [24] and grey wolf optimizer (GWO) [25] have demonstrated strong
performance in addressing nonlinear and multimodal optimization problems, including the
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determination of optimal phase durations and green time allocations. More recently, hybrid
metaheuristic optimization that combines complementary search strategies have gained
increasing attention, offering improved convergence properties and solution quality across
complex optimization problems [26,27]. Despite these advantages, such approaches are
typically applied in offline or quasi-online settings, which limits their ability to support con-
tinuous real-time adaptation. This limitation highlights the need for integrated frameworks
that combine global optimization capabilities with real-time adaptive control. In this con-
text, the study in [28] applies an improved whale optimization algorithm combined with an
extreme learning machine to address fault diagnosis in mechanical systems characterized
by nonlinear dynamics and high-dimensional feature spaces. These hybrid optimization
frameworks, although originating from mechanical engineering applications, are consid-
ered methodological analogues relevant to TSC due to their ability to handle nonlinear
dynamics, stochastic demand patterns, and high-dimensional optimization problems.

A comprehensive review indicates that single-paradigm approaches are insufficient
to address the complexity of modern traffic systems. This applies to DL-based prediction,
metaheuristic optimization, and RL/DRL-based control. While the DL-based prediction
modules provide accurate predictions of future traffic states, they do not guarantee optimal
control decisions. Metaheuristic methods yield globally optimized signal plans but lack
adaptivity. Conversely, RL/DRL approaches enable real-time adaptation but often suffer
from instability and limited anticipatory capability.

For these reasons, there is a clear need for a unified framework that simultaneously
integrates predictive modeling, global optimization, and adaptive control, rather than
treating these components as independent solutions. Such a proposed HYB framework
enables proactive decision-making based on predicted traffic flows, globally optimized
signal plans, and stable real-time adaptation. This is particularly important for the reliable
implementation of priority strategies for EV and PT. In this context, the proposed HYB
framework represents a direct synthesis of contemporary research directions by combining
the DL-based prediction module for traffic flow prediction, a metaheuristic optimization
module for generating candidate signal plans, and an RL-based control module for real-
time fine-tuning and adaptive control. In this way, the model overcomes the limitations
of individual approaches identified in the literature and constitutes a robust and scalable
solution for TSC in complex urban environments.

3. Methodology and Model

This chapter presents the methodology of the proposed HYB framework for optimizing
and adapting traffic signal plans at a signalized intersection. The proposed HYB framework
combines the DL-based prediction module, metaheuristic optimization, supervised ML, RL,
and a phased multi-criteria decision-making framework. It explicitly accounts for priority
handling for EVs and PT, as well as the operational stability constraints of the intersection.

3.1. Architecture of the Proposed HYB Framework

The proposed HYB framework illustrated in Figure 1 is organized as a sequence
of interconnected functional modules forming a unified control pipeline. The overall
workflow starts from data acquisition and ends with real-time signal execution and stability
supervision. The proposed HYB framework consists of the following modules:

e Input data acquisition and integration module, which collects and synchronizes het-
erogeneous traffic data from detectors, cameras, and simulation interfaces, providing
a consistent state representation of the intersection;
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EV and PT detection and classification module, which detects priority vehicles and
generates corresponding priority requests based on their type, location, and estimated
time of arrival (ETA);

DL-based traffic flow prediction module, which forecasts short-term traffic states (e.g.,
flows, queue lengths, and arrival rates) using historical and real-time data, enabling
anticipatory control decisions;

Metaheuristic optimization module, which generates a set of candidate signal plans
based on predicted traffic conditions, optimizing key signal parameters such as cycle
length, green splits, and phase sequence;

ML-based surrogate evaluation module, which provides fast performance estimation
of candidate signal plans, reducing the computational burden of detailed simulation-
based evaluation;

RL-based adaptive control module, which operates within the simulation of urban
mobility (SUMO) environment and performs real-time fine-tuning of the selected
signal plan through continuous interaction with the traffic system;

Priority and stability management module, which enforces priority constraints for EV
and PT while ensuring operational stability, preventing excessive phase switching and
oscillatory control behavior.
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Figure 1. Block diagram of the proposed HYB framework.
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The proposed HYB framework is a multi-layer system integrating prediction, opti-
mization, and adaptive control. Each module has a defined role, and their interactions
enable adaptation to dynamic traffic conditions.

To further clarify the computational workflow, the proposed HYB framework dis-
tinguishes between offline and online computational stages. Offline processes include
model training, surrogate model construction, and metaheuristic signal plan generation.
These tasks are executed prior to deployment or periodically due to their computational
complexity. During online operation, lightweight computations are performed within each
control cycle. Real-time traffic data are processed through the trained prediction model,
and the RL agent selects control actions within a constrained action space. This separation
ensures efficient real-time operation while maintaining high solution quality.

3.2. Input Data and Preprocessing

The input dataset used in this study comprises key traffic and operational parameters
required for modeling and optimizing TSC. The observed data include traffic flow rates
at individual approaches and lanes, as well as queue lengths and vehicle waiting times
derived from simulation results. In addition, historical signal plans were used, including
phase structure, green time durations, total cycle length, and intergreen times.

Prior to applying the proposed HYB framework, data preparation was performed
using standard preprocessing procedures. These procedures include the identification and
filtering out extreme values resulting from measurement errors or exceptional traffic condi-
tions, interpolation of missing observations to maintain the continuity of time series, and
normalization of input variables to ensure numerical stability and accelerate the learning
process. In this way, a consistent and reliable input dataset was formed, suitable for the
application of DL algorithms, metaheuristic optimization, and RL-based adaptive control.

3.3. EV/PT Detection and Classification

The detection and classification of priority vehicles represent a key component of
adaptive TSC in modern ITS. Priority vehicles require timely identification to ensure safe
and efficient passage through signalized intersections.

Contemporary approaches increasingly combine computer vision methods with com-
munication technologies based on vehicle-to-infrastructure (V2I) and vehicle-to-everything
(V2X) concepts [29]. Visual detection, implemented using deep convolutional neural net-
works, enables real-time identification of vehicle types, while V2I/V2X communication
provides reliable information on vehicle position, speed, direction of travel, and priority
level, even under conditions of limited visibility. By integrating these two approaches,
higher robustness and detection accuracy are achieved.

In real-world implementations, the detection of EV can be achieved using advanced
computer vision techniques. In particular, DL-based object detection models, such as the
You Only Look Once (YOLO) family of algorithms, enable fast and accurate identification
of specific vehicle classes from video streams in real-time [30,31]. These models are capable
of recognizing EV based on visual features, including vehicle shape, color patterns, and the
presence of distinctive markings or light signals. Such approaches have been successfully
applied in ITS for real-time traffic monitoring and priority vehicle detection, demonstrating
high detection accuracy and low latency. This makes them well-suited for integration into
adaptive TSC frameworks. For PT, detection and data acquisition are typically performed
using V2I or V2X communication technologies, which enable direct transmission of vehicle
state information, including position, speed, and route, to the TSC infrastructure.

After the detection phase, vehicles are classified according to predefined priority
levels, enabling differentiated control of signal phases. This information is forwarded to

https:/ /doi.org/10.3390/ futuretransp6030100


https://doi.org/10.3390/futuretransp6030100

Future Transp. 2026, 6, 100

7 of 34

the RL-based adaptive control module, where it is incorporated either into the system state
or as an additional reward signal. Consequently, the RL agent learns control policies that
explicitly favor higher-priority vehicles.

In this study, the detection and classification of priority vehicles are not based on
physical sensors, but rather on simulation assumptions implemented within the SUMO
environment. The detection and classification of priority vehicles are implemented using
a combination of a simulation-based V2I approach and rule-based classification at the
infrastructure level, in order to ensure reliable and reproducible evaluation of the proposed
control algorithm. Within the SUMO simulation environment, priority vehicles are prede-
fined using dedicated vehicle types and routes, while their presence, position, and motion
are detected in real-time via the traffic control interface (TraCl) application programming
interface (API). Vehicle identity, speed, distance to the intersection, and ETA are obtained
via TraCI and included in the DRL agent’s state representation.

Vehicle classification is performed based on predefined categories and a priority
hierarchy, where EV are treated as having absolute priority, while PT are considered as
relative priority. This approach enables a clear separation of the effects of priority requests
from the baseline traffic flow, without introducing additional uncertainty associated with
real-world visual detection systems.

3.4. Short-Term Traffic Flow Prediction Using DL

Within the proposed HYB framework for adaptive TSC, short-term traffic flow pre-
diction represents a central input module that provides anticipatory information for the
optimization and control components of the system. This module is directly integrated
into the architecture shown in Figure 1, where prediction results are used to construct the
system state and enhance decision-making in subsequent time steps.

Traffic flow prediction is implemented using recurrent neural networks, specifically
LSTM and GRU architectures, which are well suited for modeling nonlinear time series
with pronounced short-term and medium-term dependencies [32]. These models enable
accurate learning of temporal dynamics in traffic flow intensities at individual intersection
approaches.

Let g;(¢) denote the vehicle flow rate at approach i at time instant ¢, while vector (1)
represents the input feature vector composed of historical traffic flow observations:

q(t) = {q1(£), q2(8), -, q,, ()} ©)

The objective of the prediction module is to estimate the future traffic flow inten-
sity 4;(t + k) for a predefined prediction horizon k. The prediction model can be formally
expressed as (2):

at+k) = foq(t—n+1), ..., q(t),x(t—n+1),...,x(t)) @)

where fy denotes a nonlinear mapping implemented by an LSTM/GRU neural network
with parameters 60, while n represents the length of the input temporal window, and x(t) de-
notes additional input variables, including queue lengths, vehicle waiting times, informa-
tion on active signal phases, and indicators of the presence of priority vehicles.

In this study, the input temporal window is set to n = 12 time steps, corresponding to
a 60 s historical observation window, while the prediction horizon is set to k = 3 time steps,
corresponding to a 15 s prediction horizon. The selected GRU architecture consists of two
stacked recurrent layers with 64 hidden units each, followed by a fully connected output
layer. Dropout regularization with a rate of 0.20 is applied between the recurrent layers to
reduce overfitting. The model is trained using the Adam optimizer with a learning rate
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of 0.001 and weight decay of 10~>. The loss function is defined as the mean squared error
(MSE) between predicted and actual traffic flows (3):

1Y A
MSE = ) (yi — 9)* 3)
i=1

where y; and §; denote the observed and predicted values, respectively, and N is the
number of samples.

Training is performed using mini batches of size 64 over a maximum of 80 epochs.
Early stopping is applied with a patience of 10 epochs to prevent overfitting, and gradient
clipping is used to ensure numerical stability. Additionally, a ReduceLROnPlateau learning-
rate scheduler is employed to adapt the learning rate during training. Model validation is
conducted using a chronological data split to preserve temporal consistency. The dataset is
divided into 70% training data, 15% validation data, and 15% test data, without random
shuffling. Prediction performance is evaluated using multiple metrics, including mean
absolute error (MAE), root mean squared error (RMSE), mean absolute percentage error
(MAPE), and coefficient of determination (R?). The prediction model was evaluated on
the test dataset, and the obtained results confirm high forecasting accuracy across all
considered metrics, as summarized in Table 1. These results indicate that the prediction
module provides reliable input for the subsequent optimization and control components of
the proposed HYB framework.

Table 1. Prediction model performance.

Metric MAE RMSE MAPE R?
Value 17.6 24.9 9.3 0.93

The outputs of the prediction module are directly used by the metaheuristic optimiza-
tion module for generating candidate signal plans and by the RL-based control module
as part of the system state representation. In this way, the predictive component enables
anticipatory control actions, reduces system reactivity, and contributes to improved stability
and efficiency of the proposed HYB framework.

3.5. Metaheuristic Optimization of Signal Plans

Based on the predicted traffic flows, the metaheuristic optimization module formulates
and evaluates a set of candidate signal plans and selects the optimal solution with respect to
traffic efficiency, priority requirements of EV and PT, and control stability. The optimization
problem is formulated as a constrained multi-variable problem, where the decision vector
is defined as (4):

S=1C81,8 - 81, P2, Pl (4)

where C denotes the cycle length, g; represents the green time of phase j, and ¢; denotes
the phase offset or phase-order parameter.

To solve this problem, a hybrid metaheuristic algorithm combining PSO and GWO
is employed. The PSO component provides efficient global exploration through velocity-
based updates, while the GWO component enhances exploitation by simulating leadership
hierarchy and encircling behavior.

The hybridization is implemented through a convex combination of PSO and GWO
updates (5):

gnew _ /\.SPSO + (1 _ /\)‘SGWO (5)
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The PSO parameters are defined as inertia weight w = 0.7, cognitive coeffi-
cient c; = 1.5, and social coefficient c; = 1.5. The GWO component uses a linearly decreas-
ing coefficient a € [2, 0] to transition from exploration to exploitation over iterations.

The optimization is performed with a population size of 30 candidate solutions over
50 iterations. These values provide a balance between solution quality and computational
efficiency, which is consistent with the real-time applicability requirements of the proposed
HYB framework.

The optimization is subject to the following constraints (6):

m

Y. g +L<C

j=1
g;nin < gj < g]max, Vj (6)

Cmin < C < Cmax

where L represents the total lost time per cycle.

This study adopts a hybrid PSO-GWO algorithm, which combines the global search
capability of the GWO with the local exploitation ability of PSO, making it particularly
suitable for TSC problems involving combined discrete and continuous constraints, as
well as stability requirements. Similar hybrid metaheuristic optimization has been widely
adopted in recent studies to enhance the exploration-exploitation balance in complex
optimization problems [33].

Unlike conventional hybrid metaheuristics that focus solely on standalone optimiza-
tion, the proposed control strategy integrates the optimization module directly into a
hierarchical control framework. Within this structure, the initial signal plans are further
refined through RL. This interaction between metaheuristic optimization and RL represents
a key contribution of the proposed HYB framework, as it enables structured reduction of
the action space, improves convergence stability, and enhances control robustness.

To ensure feasibility, a repair mechanism is applied after each iteration. It clamps
cycle length and green times within bounds, rescales green times if needed, enforces cycle
stability, and adjusts phase offsets.

The population of signal plans is iteratively updated while respecting constraints on
minimum and maximum green times, cycle length, and stability (maximum allowable
deviation from the nominal cycle). The objective function is defined as (7):

F(S) = wl-Dt,w(S) + w2'Qtuv(S) + w:J,-DEv(S) + T/U4-DPT(S) + W5(1 — Stﬂb(S)) (7)

where the weighting coefficients satisfy w3 = 0.30, wy = 0.20, w1 = 0.20, wp = 0.15, and
ws = 0.15 and where

Di,,—Total average vehicle delay;
Qtsp—Total queue length;
Dry—EV delay;

Dpr—PT delay;

Stab(S) € {0,1}, (1 = fully stable).

The weighting coefficients were determined through empirical tuning based on pre-
liminary simulation experiments and validated through sensitivity analysis to prioritize
EV and PT performance while maintaining overall traffic efficiency and control stability.

From the perspective of the overall control architecture, the metaheuristic optimization
module also plays an important role in structuring the decision space for the RL-based
control module (8):

m* =argmin E
nmell

T
ZD(St,ﬂt)‘| (8)

t=0

https:/ /doi.org/10.3390/ futuretransp6030100


https://doi.org/10.3390/futuretransp6030100

Future Transp. 2026, 6, 100

10 of 34

where s; denotes the system state at time ¢, a; represents the control action, and D (s, a;) de-
notes the cost function and E[-] represents the expectation operator. In this formulation,
the objective is to minimize traffic-related costs.

However, when the action space A is large, the learning process may become unsta-
ble and less efficient. In the proposed HYB framework, the metaheuristic optimization
module generates a constrained set of feasible signal plans, effectively reducing the RL
action space A’ C A. As a result, the RL-based control module performs local policy
refinement within a structured solution space, which improves convergence stability and
reduces oscillatory signal switching behavior. Such improvements in convergence behavior
and solution stability are consistent with recent developments in hybrid metaheuristic
optimization [34].

3.6. ML Surrogate Model for Performance Assessment

Since the metaheuristic optimization module may generate a large number of candi-
date signal plans, evaluating each plan through full SUMO microsimulation (version 1.19.0)
via the TraCl interface leads to substantial computational overhead, while the ML and
RL components are implemented in Python 3.10 using TensorFlow and XGBoost libraries.
Recent studies in TSC and ITS have shown that data-driven surrogate models can effec-
tively approximate simulation-based evaluation while maintaining high decision quality
and substantially reducing computational cost [35,36]. Similar approaches have also been
successfully applied in other engineering domains [37]. These findings demonstrate that
ML and DL can replace expensive numerical procedures in complex systems, which is
consistent with the proposed surrogate-based evaluation of TSC strategies.

To address this challenge, the proposed HYB framework integrates an ML-based
surrogate model that approximates simulation outputs and enables efficient evaluation of
candidate solutions prior to adaptive control.

The surrogate model is trained using the results of previously executed SUMO mi-
crosimulations. For a given signal plan S and the predicted traffic flow vector 4, the
surrogate model estimates the performance vector describing the expected traffic condi-
tions at the intersection. This relationship can be expressed as (9):

y= gﬁ(S, t?) = {Dtavl Qtav, DEv, DPT} (9)

Within this study, several supervised learning techniques were evaluated, including
Random Forest, XGBoost (version 1.7.6), and CatBoost (version 1.2.2) regression models,
due to their ability to approximate nonlinear relationships and their robustness in handling
heterogeneous traffic data.

The training dataset comprises 3600 input—output pairs generated from SUMO sim-
ulations across multiple traffic scenarios with varying demand levels, signal plans, and
random initial conditions, ensuring sufficient diversity of traffic states and control con-
figurations. The dataset is randomly split into training (70%), validation (15%), and test
(15%) subsets. A comparative evaluation of Random Forest, CatBoost, and XGBoost models
was performed using RMSE, MAE, R?, and inference time, with the results summarized in
Table 2.

Table 2. Comparative performance of surrogate models.

Model RMSE MAE R2? Inference Time (ms)
Random Forest 7.82 5.94 0.89 4.2
CatBoost 7.35 5.61 0.91 5.8
XGBoost 6.91 5.22 0.93 3.7

https:/ /doi.org/10.3390/ futuretransp6030100


https://doi.org/10.3390/futuretransp6030100

Future Transp. 2026, 6, 100

11 of 34

XGBoost demonstrated the best trade-off between prediction accuracy and compu-
tational efficiency and was therefore selected as the final surrogate model gg. The corre-
sponding hyperparameters are summarized in Table 3. The surrogate model is trained
using input-output mappings (10).

(S.4)—y (10)

Thereby enabling efficient ranking and filtering of candidate signal plans before they
are passed to the adaptive control module. The RL-based control module subsequently
operates on this filtered set of candidate signal plans, enabling real-time adaptive control
within a constrained decision space.

Table 3. Implementation details and configuration of the proposed HYB framework.

Module Component Parameter Value/Description
. GRU (primary),
Model type Architecture LSTM (benchmark)
Layers 2 stacked recurrent layers
Network Hidden units 64 per layer
structure Dropout 0.20
Input window 12 time steps (60 s)
Input Prediction horizon 3 time steps (15 s)
Features Flow, queue length, waiting time, signal
Prediction (DL) phase, EV/PT indicators
Optimizer Adam
Learning rate 0.001
Weight decay 1x107°
. Loss function MSE
T
raiineg Batch size 64
Epochs 80 (maximum)
Early stopping Patience = 10
Scheduler ReducelL.ROnPlateau
(factor 0.5, patience 5)
Validati Data split 70% train/15% validation/15% test
alidation Metrics MAE, RMSE, MAPE, R2
Algorithm type - Hybrid PSO-GWO
Population size 30
Iterations 50
Parameters PSO (w, ¢1, ) 0.7,15,15
CWO x, B,0 hlerar.chy; parameter a decreases
linearly (2 — 0)
e Convex combination of PSO and GWO
Metaheuristic Hybridization Strategy updates
Optimization Decision .
variables - Cycle length, green splits, phase sequence
Constraints - Zmin < & < gmax; Cmin < € < Crnax
Stability - Maximum cycle deviation ACmax
Objective B Multi-criteria: average vehicle delay, queue
function length, EV delay, PT delay, stability
Objective
weights w1, Wy, W3, Wy, Ws 0.20, 0.15, 0.30, 0.20, 0.15
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Table 3. Cont.

Module Component Parameter Value/Description
Models tested - Random Forest, XGBoost, CatBoost
Selected model - XGBoost
Input B Signal plan paramgters + predicted traffic
OWs
Average vehicle delay, queue length, EV
Output B s delay, Py dcfelay i
Dataset size ~3600 samples
Data Split 70% train/15% validation/15% test
Validation Cross-validation (k = 5)
Surrogate Metrics - RMSE, MAE
Model (ML) Selection Best trade-off between accuracy and
criterion - computational efficiency
Number of estimators 200
Maximum tree depth 6
Learning rate 0.1
XGBoost Subsample ratio 0.8
Configuration Column sample 08
(colsample_bytree) ’
Regularization parameter (A) 1.0
Hyperparameter tuning Grid search + cross-validation
Algorithm - Proximal Policy Optimization

Flow, queue lengths, signal phase, EV/PT
indicators, predicted flows
Top-ranked candidate signal plans

State space -

Action space -

Reward weights w1, Wy, W3, Wy 0.25,0.20, 0.30, 0.25
Learning rate 3x 1074
Discount factor (y) 0.99
RL (PPO) Parameters Clip ratio (¢) 0.2
Batch size 64
Episodes 500
Training Steps per episode 300
Optimization epochs 10
Reward _ Average vehicle delay, queue length, EV/PT
priority
Environment - SUMO + TraCl

Platform - SUMO

Interface - TraCl
Step length - 1s

Simulation Runs per 20i
Setu scenario - independent runs
p
Warm-up period - ~10 min (excluded from statistics)
Traffic model B Krauss (car—followin'g) + LC2013
(lane-changing)
CPU - 8-core/16-thread
Computational RAM - 32 GB
Setup Storage - NVMe SSD
GPU - Used for deep learning tasks

3.7. Adaptive Control Based on RL in the SUMO Environment

In the proposed HYB framework, signal plans ranked as the most efficient based
on evaluations from the surrogate module are used as initial solutions for adaptive TSC
using RL. The adaptive control module is implemented in a closed loop with the SUMO

https:/ /doi.org/10.3390/ futuretransp6030100


https://doi.org/10.3390/futuretransp6030100

Future Transp. 2026, 6, 100

13 of 34

simulation environment via TraCl, enabling bidirectional real-time information exchange
between the control algorithm and the simulation.

At each discrete time step t, the system observes the state s(t), which includes current
traffic flow rates, queue lengths, indicators of the presence of priority vehicles, the active
signal phase, as well as short-term predicted flows obtained from the DL-based prediction
module. The state representation is defined as a compact feature vector of dimension 20,
ensuring a sufficient description of traffic conditions while maintaining computational
efficiency.

Based on the observed state, an action a(t) is selected by choosing one candidate signal
plan from a constrained action space. Specifically, the action space is defined as a set of
top-ranked candidate signal plans generated by the metaheuristic optimization module
and filtered by the surrogate model. In this study, the action space is limited to 10 candidate
signal plans, thereby significantly reducing the dimensionality of the control problem while
preserving solution quality.

Adaptive control is implemented using the PPO algorithm, which is selected due to
its learning stability, robustness to reward variability, and suitability for stochastic and
real-time environments. The PPO agent is trained through continuous interaction with the
SUMO environment, using policy updates based on clipped probability ratios to ensure
stable learning.

The key hyperparameters of the PPO algorithm are defined as follows: learning
rate « = 3 x 107%, discount factor v = 0.99, clipping parameter ¢ = 0.2, batch size of
64, and 10 optimization epochs per update. The training process is conducted over 500
episodes, with policy updates performed every 2000 simulation steps, corresponding to
multiple episodes per update cycle.

The RL reward function is defined as (11):

R(t) = —(wyDrao(t) + w2 Qtav(t) + w3 Dy (t) + wa-Dpr(t)) (11)
where w3 = 0.30, wy = 0.25, w1 = 0.25, and w, = 0.20, indicating that the highest priority

is assigned to EV, followed by PT. The training objective of the PPO agent is to maximize
the expected cumulative reward (12):

E

iO'th(t)] (12)
t=

where v is the discount factor and v € (0,1).

The integration of the DL-based prediction module, surrogate-based performance
evaluation, and PPO-based adaptive control leads to a significantly more stable and efficient
learning process compared to conventional RL control strategies such as DQN. This im-
provement stems from the structured reduction of the state and action spaces. By limiting
exploration to high-quality candidate solutions, the framework reduces reward variance
and accelerates convergence.

All baseline control strategies (ACT, MP, and RL) are implemented under identical
simulation conditions and evaluated at each simulation step (1 s) to ensure a consistent
and fair comparison. The ACT controller follows standard detector-based logic, applying
gap-out and max-out rules based on vehicle presence detected on each incoming lane. The
MP controller selects the phase with the highest pressure, defined as the difference between
upstream and downstream queue lengths for each movement, where downstream queues
are estimated based on the occupancy of outgoing links; in the scenario of equal pressure
values, a fixed phase order is used as a tie-breaking rule. The standalone RL controller
uses a state representation including flow rates, queue lengths, signal phase, elapsed green
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time, and EV/PT indicators. The action space consists of discrete TSC actions, including
phase extension, phase termination, and phase switching, subject to the same operational
constraints as the other control strategies. The reward function is formulated as a weighted
combination of average vehicle delay, queue length, and priority-related terms, aligned
with the objective of minimizing congestion while accounting for priority vehicles, but
without the prediction and optimization components of the proposed HYB framework. All
baseline control strategies are calibrated using consistent parameter settings and constraints
to ensure a fair and unbiased comparative evaluation.

A detailed overview of the implementation settings, including model configurations,
hyperparameters, and training procedures across all modules, is presented in Table 3.

Furthermore, the proposed hierarchical interaction between metaheuristic optimiza-
tion and RL enhances control robustness by preventing excessive phase switching and
ensuring stable signal timing transitions under varying traffic conditions.

3.8. Priority and Stability Control for EV/PT Vehicles

Within the proposed HYB framework, the priority and stability module is designed to
ensure efficient passage of priority vehicles while simultaneously preserving the operational
stability of the signalized intersection. Priority detection and activation are based on the
following indicators for each approach i at time :

e pEV € {0,1}—the presence of EV on the approach i;
e pPT € {0,1}—the presence of PT;
e ATPT € {0,1}—indicator of PT delay relative to the timetable.

In the event that an EV is detected, a preemption mechanism is applied, temporarily
assuming control over the signal plan. Preemption is implemented using one of the
following strategies, depending on the current system state:

1. early activation of the green phase for the corresponding approach;

2. extension of the current green interval if the active phase is already serving the given
approach;

3. activation of a dedicated EV phase with a limited duration.

These interventions are coordinated with the PPO-based control module, with pre-
emption treated as a priority but time-limited action within the allowable control space.
For PT, an adaptive priority strategy is introduced, realized through limited extension
of the green phase duration and, when necessary, modification of the phase sequence.
Unlike preemption, PT priority does not disrupt the basic structure of the signal plan, but
instead acts as a corrective mechanism within the adaptive RL control framework.
To preserve system stability, all priority interventions are subject to the following
constraints (13):
|C(t) — Co| < AChuax
NEV(Twin) < N}T;”{}x (13)
L Agpr < G
k€ Tyin

where C(t) is the current signal cycle length, C is the nominal cycle time, Ngy (T, ) is
the number of EV in the observed time window T;,;, and A gg(T) represents the green phase
extension for PT at step k.

Additionally, to prevent abrupt changes in traffic conditions, system dynamics con-

straints are introduced (14):

|Qi(t) - Qi(t - 1)| < AQmax

|Di(t) = Di(t = 1)| < ADpras (14)
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where Q;(t) and D;(t) represent the queue length and average vehicle delay on the ap-
proach i.

The PPO agent maximizes the RL reward function that penalizes average vehicle delay
and queue length, while explicitly incorporating stability constraints, thereby ensuring
EV/PT priority without significant degradation of overall system stability.

3.9. Execution and Monitoring

This module represents the final layer of the proposed HYB framework and ensures
deterministic execution of control decisions. At each discrete time step t, the composite
action a(t) is mapped to a signal phase and timing (SPaT) command (15):

u(t) = {p(t+1),8p(t+1)-7(t+1)} (15)

where u(t) is the control action vector applied at decision step t, ¢ (¢t + 1) is the index of
the selected signal phase to be activated at the next time step t 41, g (t 4 1) is the green
time assigned to the selected phase ¢ at time step t + 1, and 7(t + 1) is a scaling factor
used to adjust the effective duration of the green phase. This command is executed via the
TraClI interface in the SUMO environment. After execution, the realized state is verified
and, in the event of conflicts or safety constraints, a rollback to the last stable configuration
is triggered.

The module continuously monitors EV/PT priority events and stability indicators.
For analysis and reproducibility, the system state, control action, SPaT command, reward,
and performance vector are logged at each step. This closes the control loop and ensures
the operational coherence of the entire HYB.

The proposed HYB framework ensures real-time control by decoupling offline and
online computational processes. Computationally intensive tasks—such as metaheuristic
signal plan generation and model training—are handled offline or at extended intervals.
In contrast, real-time operations rely on lightweight inference and constrained decision-
making.

Preliminary evaluation indicates that the online control cycle, including state update,
short-term traffic prediction, surrogate evaluation, and RL-based action selection, can be
executed within sub-second time scales on standard computing hardware. Specifically, the
average computation time per control cycle is 160 &+ 22 ms, remaining well below 0.25 s
on the specified hardware platform. This quantitatively confirms that the proposed HYB
framework satisfies real-time requirements for intersection-level traffic signal control.

The modular design also enables potential scalability toward corridor-level and
network-wide TSC. However, such extensions require additional validation, particularly
with respect to inter-intersection coordination, spillback effects, and increased dimensional-
ity of the state and action spaces, and are therefore considered as part of future work.

3.10. Statistical Analysis

A statistical evaluation framework was applied to assess the significance of differences
between control strategies. Nonparametric tests were selected due to the non-normal
distribution of traffic performance indicators. Pairwise comparisons were conducted using
the Mann-Whitney U test, with Bonferroni correction applied to control for multiple
comparisons. Effect sizes were calculated using rank-biserial correlation to quantify the
magnitude of observed differences. The provided methodological descriptions, model
configurations, and experimental settings are sufficient to enable independent reproduction
of the proposed HYB framework.

https:/ /doi.org/10.3390/ futuretransp6030100


https://doi.org/10.3390/futuretransp6030100

Future Transp. 2026, 6, 100

16 of 34

4. Simulation Setup and Results

This section presents the results of applying the proposed HYB framework to a real-
world scenario of an urban, heavily loaded isolated four-leg signalized intersection located
in Vranje, Serbia. The experiments were conducted in the SUMO microsimulation environ-
ment.

The geometric configuration of the analyzed intersection, as illustrated in Figure 2,
consists of four approaches, each with two traffic lanes. The length of each incoming link is
approximately 300 m, while the effective storage length ranges between 80 m and 120 m
depending on the approach. Lane lengths are consistent with the link geometry, and the
speed limit is set to 50 km/h for all approaches, reflecting typical urban traffic conditions.
On all approaches, the left lane is designated for through and left-turn movements, while
the right lane is designated for through and right-turn movements. Permitted turning
movements include through, left-turn, and right-turn maneuvers on all approaches, without
dedicated protected left-turn phases, reflecting typical real-world operating conditions of
urban signalized intersections.

South

Figure 2. Schematic layout of the analyzed signalized intersection.

Turning movements follow the defined lane configuration and turning ratios. Vehicles
share lanes depending on traffic demand. Interaction between conflicting movements
is governed by TSC logic and right-of-way rules implemented in the SUMO simulation
environment. As a result, turning vehicles may experience additional average vehicle
delays due to opposing traffic flows and limited gap availability, particularly under higher
demand levels. This modeling approach ensures a realistic representation of turning
behavior and its impact on intersection performance.

TSC scheme is based on a two-phase plan, where opposing approaches are grouped
within each phase. Intergreen times are defined in accordance with standard traffic engi-
neering practice, including yellow and all-red intervals. Pedestrian crossings are provided
on all approaches and are integrated into the corresponding signal phases.

Traffic demand levels were defined to represent four traffic demand groups (G1-G4),
corresponding to increasing degrees of traffic saturation, including oversaturated condi-
tions. The corresponding demand levels and turning ratios are summarized in Table 4.
In addition, four operational scenarios (51-54) were defined. S1 represents the baseline
scenario without priority, S2 corresponds to a priority scenario with the presence of EV,
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and S3 represents a combined priority scenario including both EV and PT vehicles. Sce-
nario 54 includes increased pedestrian demand and is introduced to reflect more complex
multimodal traffic conditions. However, since the present study focuses on vehicle-based
performance indicators, the evaluation and comparative analysis are limited to scenarios
S1-S3.

Table 4. Traffic demand levels and turning ratios.

Group (‘zﬁj‘ﬁ) Left (%) Th(r:/)ol)lgh Right (%) Description
Gl 300-400 20 60 20 (I;‘;V;’a‘:sgf;%
G2 500-700 25 55 20 Moderate demand
G3 800-1000 30 50 20 High demand
G4 1100-1300 30 50 20 Oversaturated

Priority vehicle behavior is explicitly defined within the simulation environment
through predefined vehicle types and corresponding control logic. EV are assigned absolute
priority and trigger immediate TSC responses, including early phase activation and green
extension when approaching the intersection. PT are assigned relative priority, where
signal adjustments are applied in a controlled manner, such as limited green extension or
phase reordering within predefined operational constraints.

In the simulation, priority vehicles adhere to standard microscopic driving behav-
ior, governed by established car-following and lane-changing models. Their preferential
treatment is implemented solely through TSC adaptation rather than alterations to vehicle
dynamics. This approach ensures a consistent and realistic evaluation of priority strategies
without introducing additional behavioral assumptions.

Vehicle arrivals were modeled using calibrated Poisson distributions, with arrival
rates derived from field-measured traffic data, while detector behavior is represented
through equivalent virtual sensing within the SUMO simulation environment. Traffic
demand is categorized into four levels (G1-G4), representing low, moderate, high, and
oversaturated conditions, implemented through calibrated arrival processes. Demand
levels (G1-G4) are defined in Table 4, and all control strategies are evaluated across the full
set of demand-scenario combinations.

This modeling approach is widely adopted in microscopic traffic simulation studies
for urban environments. The calibration procedure involved matching simulated queue
lengths and average vehicle delays with observed values by adjusting traffic demand
parameters based on field data. Lane-changing behavior is governed by the LC2013 model
implemented in SUMO. This approach was adopted to ensure consistency and fairness
across all evaluated control strategies, as the primary objective of the study is to compare
control logic rather than to reproduce site-specific driver behavior in detail.

Vehicle dynamics in the SUMO simulation environment are modeled using the Krauss
car-following model [38] with explicitly defined parameter values. The main parameters
are set as follows: desired time headway 7 = 1.0 s, driver imperfection ¢ = 0.5, maximum
acceleration 2 = 2.6 m/s?, comfortable deceleration b = 4.5 m/s?, and minimum gap
minGap = 2.5 m. Lane-changing behavior is governed by the LC2013 model, with param-
eters [cStrategic = 1.0, IcCooperative = 1.0, IcSpeedGain = 1.0 and IcKeepRight = 0.5.
These values correspond to typical urban traffic conditions and are widely used in SUMO-
based traffic simulation studies.

Lane-changing decisions in the LC2013 model are based on a combination of safety,
incentive, and cooperation criteria. A lane change is performed only if sufficient space is
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available in the target lane, ensuring collision-free behavior, while incentive conditions
evaluate potential benefits such as reduced travel time or improved route alignment.
Cooperative behavior is also considered, allowing surrounding vehicles to adjust their
speed to facilitate lane changes. Under congested traffic conditions, these mechanisms limit
excessive lane-changing activity, as reduced gaps and increased vehicle density constrain
feasible maneuvers.

Under oversaturated traffic conditions, lane discipline is governed by the interaction
of car-following and lane-changing models. These mechanisms jointly enforce safety con-
straints, gap acceptance, and route-following behavior. In scenarios with shared lanes
and high demand, queue spillback and blocking effects naturally emerge due to limited
downstream capacity and finite link storage, as explicitly modeled in SUMO. As a result, ve-
hicles are often unable to perform discretionary lane changes, and lane utilization becomes
constrained by queue formation and downstream congestion.

It is important to note that the model does not explicitly capture aggressive or non-
compliant driving behavior that may occur in extreme congestion. However, the adopted
modeling framework provides a realistic and sufficiently accurate representation of lane dis-
cipline under oversaturated conditions, particularly in terms of queue formation, spillback
propagation, and restricted maneuverability at signalized intersections.

Queue spillback is explicitly captured in the simulation through finite link storage and
downstream capacity constraints, which limit the inflow of vehicles when queues reach
upstream intersections. As a result, vehicles may be blocked from entering an intersection
even during green phases, reflecting realistic spillback conditions in urban networks.

The proposed HYB framework accounts for spillback effects through its state repre-
sentation, which includes queue lengths and predicted short-term traffic conditions. This
enables the controller to implicitly avoid allocating green time to blocked approaches and
to prioritize movements with available downstream capacity, thereby reducing spillback
propagation and maintaining stable operation under congested conditions.

All simulations were executed with a simulation step of 1 s. An initial stabilization
(warm-up) period of 600 s was applied, during which results were excluded from statistical
analysis. Each scenario was repeated 20 times with different random initial conditions. The
results are reported as mean =+ standard deviation (Std). These repeated runs were used
as the basis for statistical comparison across different control strategies and performance
indicators.

The proposed HYB framework was compared with fixed-time control (FT), actuated
control (ACT), MP, and a standalone RL-based control strategy. For a fair and consistent
comparison, the standalone RL baseline was implemented using the same PPO algorithm
as employed in the system, but without the integration of the prediction, metaheuristic
optimization, and surrogate evaluation modules. In this configuration, the PPO agent
operates directly on the current system state and performs adaptive TSC based solely on
real-time observations. This design ensures that the observed performance improvements of
the proposed HYB framework are not due to differences in the underlying RL architecture,
but rather result from the integration of additional modules that enhance decision-making
capabilities.

The ACT baseline is implemented according to standard traffic engineering practice,
using detector-based phase extension logic. For the implementation of the ACT control
strategy, virtual loop detectors are placed on each incoming lane at a distance of approx-
imately 30-50 m upstream of the stop line. These detectors are used to measure vehicle
presence and queue formation, enabling phase extension and gap-out logic consistent with
standard actuated control principles.
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Each phase is associated with minimum and maximum green times (g,;;, = 10s,
gmax = 60 s), while phase termination is governed by gap-out and max-out conditions. A
gap-out threshold of 2.5 s is used to determine the absence of demand. Intergreen times
include a yellow interval of 3 s and an all-red interval of 1 s. The controller extends the
green phase as long as vehicle presence is detected within the predefined time gap and
terminates it when no demand is detected or when the maximum green time is reached.
This control logic reflects typical real-world ACT strategies used in urban intersections.

The MP controller is implemented following the classical formulation, where at each
decision step the phase with the highest pressure is selected. The pressure is computed as
the difference between upstream and downstream queue lengths for each movement, and
the phase with the highest total network pressure is selected. In scenarios where multiple
phases yield identical pressure values, a fixed phase order is applied as a tie-breaking rule.

All baseline controllers operate under the same signal timing constraints and input
data conditions.

The following key performance indicators were evaluated: average vehicle delay,
average queue length, EV and PT time-to-pass, and control stability indicators (phase
change frequency and average vehicle delay variance). It is important to note that, although
pedestrian demand is included in the scenario design, the evaluation is limited to vehicle-
oriented key performance indicators. Consequently, the impact of the proposed control
strategy on pedestrian service levels is not explicitly quantified in the present analysis.

The experiments were performed on a workstation equipped with an 8-core/16-thread
CPU, 32 GB of RAM, and an NVMe SSD, supported by a GPU used for the deep learning
tasks. This configuration enabled parallel execution of SUMO simulations and stable
evaluation of the proposed HYB framework.

To assess the real-time applicability of the proposed HYB framework, the computa-
tional requirements of the online control cycle were analyzed. The execution time includes
state update, short-term traffic prediction, surrogate evaluation, and RL-based action
selection.

The results indicate that the average computation time per control cycle is approxi-
mately 160 ms on the specified hardware platform, well below 0.25 s and consistent with
values reported in recent real-time TSC studies. This satisfies typical operational require-
ments, given that TSC decisions are executed at discrete intervals on the order of several
seconds. Therefore, the computational latency remains well within acceptable limits for
real-time intersection-level deployment. The offline components (metaheuristic optimiza-
tion and model training) are not executed within the control loop and therefore do not
affect real-time performance.

All simulations and model training procedures were performed using fixed random
seeds to ensure reproducibility. Additional simulation files and configuration details are
provided in the Data Availability Statement. All experiments were implemented using
Python (version 3.10) and SUMO, with standard ML libraries.

4.1. Overall System Performance Under Different Traffic Load Levels

Aggregated results of the basic system performance indicators for the FT, ACT, MP, RL,
and the proposed HYB framework across all considered traffic demand levels are presented
in Table 5.
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Table 5. Average performance indicators under different traffic demand levels.

Demand Grade Control Strategy A]‘;Zaa%’e(:;il;if)le Avera(‘glzlgueue
FT 18.6 +2.1 42+08
ACT 153 + 1.8 35+07
Gl MP 139 + 1.6 31+06
RL 134417 3.0+ 0.6
HYB 121+ 14 2.6 +05
FT 348 +3.6 98 +17
ACT 29.1+32 84+15
G2 MP 265+29 76+13
RL 254+ 3.1 75+ 14
HYB 226+25 6.6 + 1.1
FT 62.4 +7.1 228 +4.1
ACT 55.6 + 6.5 19.9 + 3.6
G3 MP 492 +59 174431
RL 478 £ 68 16.9 + 3.8
HYB 413 +52 14.6 +2.7
FT 116.8 + 16.9 50.1 + 9.8
ACT 108.9 + 16.1 46.0+9.2
G4 MP 97.6 + 14.8 41.0 + 84
RL 95.9 + 17.2 39.8 +10.6
HYB 80.9 + 12.1 31.6 + 7.2

The results show that increasing demand (G1-G4) leads to a marked increase in aver-
age vehicle delay and queue length. However, the proposed HYB framework consistently
outperforms the reference control strategies at every demand level, maintaining the lowest
average vehicle delays and the shortest average queues.

These trends are further illustrated in Figure 3. The boxplot distributions reveal that
the proposed HYB framework not only maintains lower median average vehicle delays but
also exhibits lower dispersion compared to the standard RL control strategy. Furthermore,
the proposed HYB framework’s competitive advantage becomes increasingly pronounced
under high and oversaturated traffic conditions.

Across all considered scenarios, the proposed HYB framework achieves the lowest
average vehicle delay medians and the smallest interquartile range compared with the
conventional FT, ACT, MP, and RL control strategies.
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Figure 3. Distribution of average vehicle delay across 20 simulation runs, presented as boxplots
(median, interquartile range, and variability).

4.2. Queue Dynamics Under Oversaturated Conditions

To provide a more detailed insight into system behavior under extreme conditions,
Figure 4 illustrates the temporal evolution of the queue length on the critical approach for
the G4-53 scenario.

120
——FT
100 —RL

HYB

80 ACT
——MP

Queue length (veh)
3

20

0 300 600 900 1200 1500 1800 2100 2400 2700

Time (s)

Figure 4. Queue length time series (critical approach).

The results indicate that:

e FT leads to continuous queue growth due to the non-adaptive nature of the signal
plan and its inability to respond to fluctuations in traffic demand;

e  ACT shows improved performance compared with FT by responding to vehicle detec-
tions; however, its reactive nature still results in moderate queue growth under higher
traffic demand;

e  MP controller achieves more efficient queue dissipation by prioritizing movements
with the highest queue imbalance, resulting in shorter queues than FT and ACT but
still exhibiting noticeable fluctuations in heavily saturated conditions;
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e RL control strategy exhibits pronounced oscillations, with abrupt increases and de-
creases in queue length caused by frequent phase switching and reactive control
behavior;

e  The proposed HYB framework maintains the shortest and most stable queues through-
out the simulation period, demonstrating its ability to balance responsiveness and
stability.

The superior performance of the proposed HYB framework can be attributed to the
integration of predictive and optimization modules, which reduce uncertainty in the control
process and constrain the RL action space. In contrast, the standalone RL control strategy
exhibits higher variability due to unconstrained exploration, leading to frequent phase
switching and oscillatory behavior.

These findings confirm that the integration of prediction, optimization, and stabiliza-
tion mechanisms enables more effective and stable control under oversaturated conditions.

4.3. EV and PT Priority Performance

Priority-related system performance is evaluated across the considered traffic demand
levels (G1-G4) and priority scenarios (52-53). The results of the priority performance
analysis are summarized in Table 6, where EV time-to-pass and PT delay reduction are
presented. The reduction in PT delay is calculated relative to the FT control strategy, which
is used as a baseline. All performance indicators are reported using the same definitions
and units as in the main results tables, ensuring consistency and comparability.

Table 6. Priority-related performance indicators under priority scenarios (52-S3).

. PT Delay
Demand Grade Control Strategy EV Time-to-Pass (s) Reduction (%)
ACT 328 +49 7.6
a1 MP 294 +43 10.1
RL 26.8 £4.1 12.7
HYB 247 + 4.6 15.8
ACT 432+ 69 10.2
MP 39.6 6.1 13.4
G2
RL 369 £5.8 16.2
HYB 342 +£6.3 19.3
ACT 55.7 + 8.8 14.6
MP 504 4+79 18.7
G3
RL 471 +72 214
HYB 437 +78 23.6
ACT 85.6 +£14.1 17.5
MP 79.8 £ 12.6 21.9
G4
RL 742 +114 25.1
HYB 69.8 +13.6 27.9

EV time-to-pass increases with rising traffic demand due to increased traffic conflicts
and reduced operational flexibility under higher saturation levels. Across all demand
grades, however, the proposed HYB framework consistently achieves the lowest EV time-
to-pass compared to ACT, MP, and RL control strategies, indicating its effectiveness in
prioritizing EV.
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Furthermore, the effectiveness of PT priority becomes more pronounced under high
and oversaturated traffic conditions (G3 and G4). The proposed HYB framework achieves
the highest reduction in PT delay, indicating improved performance in handling priority
vehicles under congested traffic conditions. Spillback-related effects are reflected in the
observed queue lengths and average vehicle delay values, which serve as indirect indicators
of blocking and congestion propagation. Lower queue lengths and reduced average
vehicle delay under the proposed HYB framework indicate improved handling of spillback
conditions compared to baseline strategies.

These trends are further illustrated in Figure 5, which presents EV time-to-pass across
different traffic demand levels and operational scenarios (51-S3). As shown in the figure, all
control strategies exhibit increasing EV time-to-pass with rising traffic demand. However,
the proposed HYB framework consistently outperforms ACT, MP, and standalone RL
control strategies, and demonstrates clear improvements compared to the FT baseline. For
clarity, scenario S1 is included as a baseline without priority, enabling a direct comparison
with priority scenarios S2 and S3.

140
——FT
120 RL
@100 HYB
g ACT
é“ 80
3 —MP
5 60
>
[24]
40
20
0
S1 S2 s3SI S2 S3 S S2 S3 SI S2  S3
Gl G2 G3 G4

Figure 5. EV time-to-pass under scenarios S1-5S3. Scenario S1 represents the baseline scenario without
priority, while S2 and S3 correspond to priority scenarios.

In addition, the differences between control strategies are relatively smaller under
low traffic demand (G1), while under higher demand levels (G3 and G4), the advantage
of the proposed HYB framework becomes more pronounced. This behavior indicates that
the system is particularly effective under congested conditions, where efficient priority
handling is critical.

4.4. Analysis of Average Vehicle Delay

The percentage improvement in average vehicle delay achieved by the proposed HYB
framework compared with the control strategies for different traffic demand levels (G1-G4)
is illustrated in Figure 6. This improvement is computed as the relative reduction in average
vehicle delay with respect to the corresponding reference TSC, according to (16):

Improvement = M&OO[%] (16)
Xbaseline
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Figure 6. Percentage improvement in average vehicle delay achieved by the proposed HYB framework
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relative to FT and RL under different demand grades.

The results show that the proposed HYB framework achieves a significant reduction
in average vehicle delay compared with FT signal control across all analyzed scenarios,
with improvements ranging from 30.8% to 35.1%. The largest relative benefit is observed
at moderate traffic demand levels (G2), indicating that the proposed HYB framework
effectively balances adaptability and stability under variable traffic flow conditions.

Compared with the ACT and MP control strategies, the proposed HYB framework
also demonstrates consistent improvements across all demand levels. The reduction in
average vehicle delay relative to ACT ranges from approximately 25.1% to 30.2%, while the
improvement compared with MP varies between 18.4% and 23.5%. These results indicate
that although ACT and MP controllers provide better performance than conventional FT
control, the proposed HYB framework achieves superior efficiency by combining prediction,
optimization, and adaptive learning mechanisms.

When compared with the RL-based control strategy, the proposed HYB framework
demonstrates increasing relative improvement as traffic demand rises, from 9.7% in level
G1 to 15.7% in level G4. This trend suggests that purely RL-based control becomes less
stable under high congestion levels, while the proposed HYB framework maintains more
consistent performance and lower average vehicle delay variability.

In addition to general traffic performance, a focused analysis was conducted for prior-
ity vehicles. The results indicate that the proposed HYB framework achieves a consistent
reduction in EV time-to-pass and PT delay compared to all baseline control strategies.

Compared to the RL baseline, the proposed HYB framework reduces EV travel time
through the intersection by approximately 12-14%, while PT delay is reduced by approxi-
mately 8-10%. In contrast, conventional strategies (FT and ACT) show limited capability
in handling priority requests, while the MP control strategy provides partial improve-
ments but lacks explicit priority mechanisms. These results confirm that the integration of
priority-aware control mechanisms within the proposed HYB framework enables effective
prioritization of critical traffic flows without compromising overall system stability.

Statistical analysis was conducted using the nonparametric Mann-Whitney U test
to compare the performance of the proposed HYB framework against the RL baseline,
which serves as the primary reference for statistical evaluation. All tests were performed
as two-sided, and statistical significance was evaluated at a level of p < 0.05. To account
for multiple pairwise comparisons, the Bonferroni correction was applied. The statistical
testing procedure is described in Section 3.10.
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The analysis was performed for multiple key performance indicators, including aver-
age vehicle delay, queue length, EV time-to-pass, PT delay reduction, and phase-switch
frequency. In all scenarios, the proposed HYB framework demonstrated statistically signifi-
cant improvements compared to the RL baseline, with corrected p < 0.05. In addition, effect
sizes were computed using rank-biserial correlation, indicating consistently large effects
across all evaluated metrics. Detailed statistical results, including p-values and effect sizes
for all performance indicators, are presented in Table 7.

Table 7. Statistical test results for pairwise comparison between the proposed HYB framework and
the RL baseline across KPI.

KPI Comparison p-Value Correctedp  Effect Size
Average vehicle delay = HYBvs. RL <0.001 <0.001 0.72
Queue length HYB vs. RL <0.001 <0.001 0.69
EV delay HYB vs. RL <0.001 <0.001 0.75
PT delay HYB vs. RL <0.001 <0.001 0.7

These results confirm that the performance improvements achieved by the proposed
HYB framework are not due to random variability, but represent a consistent and sta-
tistically robust advantage. While Figure 6 reports percentage improvements relative to
multiple benchmarks, statistical testing is conducted specifically against the RL baseline.
This baseline serves as the primary reference for evaluating the efficacy of the proposed
adaptive control.

4.5. Control Stability Analysis

Control stability is summarized in Table 8, where the ACT, MP, RL, and HYB control
strategies are compared in terms of phase change frequency and average vehicle delay
variance. The delay variance is computed as the variance of average vehicle delay across
20 repeated simulation runs for a given control strategy and demand scenario. This metric
reflects the temporal stability and consistency of control performance under stochastic
traffic conditions.

Table 8. Control stability indicators under high and oversaturated traffic demand (aggregated across
scenarios G1-G4).

Control Strategy Phase Switches (/h) Delay Variance
ACT 95 £+ 18 410 +£ 70
MP 128 +24 455 + 76
RL 148 + 29 520 + 82
HYB 72+ 12 320 +£ 50

Delay variance is calculated as the variance of average vehicle delay across 20 simula-
tion runs. The results show that:

e RL control strategy results in a high number of phase changes per hour, indicating
aggressive and oscillatory behavior caused by continuous adaptation to short-term
traffic fluctuations;

e ACT demonstrates a more stable behavior, with fewer phase changes than RL due to
predefined minimum green and gap-out conditions. However, because it reacts only to
local detector inputs, the variability of average vehicle delay remains relatively high;
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e  MP controller exhibits dynamic phase switching as it continuously selects movements
with the highest queue imbalance. This leads to improved queue dissipation but may
also increase control variability under fluctuating traffic demand;

e In contrast, the proposed HYB framework significantly reduces the number of phase
changes while simultaneously achieving lower average vehicle delay and delay vari-
ance, indicating improved control stability and a more balanced response to changing
traffic conditions.

This trade-off between efficiency and stability is clearly illustrated in Figure 7, which
confirms that the proposed HYB framework represents the dominant solution.

160 NFT ACT uMP ERL B HYB
140
120
100
80
60
40
20 I
0
Avg delay [s] Phase switches [number of phases/h]

Figure 7. Pareto-based comparison of control strategies in terms of average vehicle delay and stability.

The Pareto analysis highlights the trade-off between average vehicle delay and control
stability, represented by phase-switching frequency and delay variance. The FT strategy
exhibits the lowest phase-switching frequency but results in the highest delay, whereas
the RL control strategy reduces delay at the cost of excessive phase switching and higher
variability. Although the ACT and MP controllers offer intermediate performance, the
proposed HYB framework achieves the lowest overall delay with moderate phase changes
and reduced variability. Consequently, it provides the most balanced solution, optimizing
both efficiency and control stability.

4.6. Robustness and Sensitivity Analysis

To further evaluate the reliability of the proposed HYB framework, an additional
robustness analysis was conducted under non-ideal operating conditions. Two types of
disturbances were considered: measurement uncertainty in traffic detector data and sudden
increases in traffic demand. The first test introduced stochastic noise into the input traffic
flow and queue measurements to simulate sensor inaccuracies. The second test evaluated
system behavior under escalated traffic demand levels relative to the calibrated baseline
scenario.

Measurement noise was modeled as additive stochastic perturbation applied to traffic
flow and queue length inputs. Specifically, zero-mean Gaussian noise was introduced,
with Std proportional to the nominal value (¢ = 5%, 10%, and 15%), in order to simulate
detector inaccuracies.

Traffic demand perturbations were implemented by scaling the arrival rates (A) of
the calibrated Poisson processes. Demand levels were increased by 10%, 20%, and 30%
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relative to the baseline scenario, while preserving the original turning ratios across all
control strategies.

In addition to measurement noise and demand variability, the impact of input data
latency was also considered, as real-world detector data are subject to delays caused by
sampling frequency, communication latency, and processing time. To account for this,
latency effects were approximated through controlled perturbations of input data used in
the prediction and control modules, thereby reflecting the impact of outdated or imperfect
state information on decision-making.

Notably, higher latencies (e.g., 30-60 s), typically associated with aggregated data
from legacy loop detectors, were not explicitly modeled. This is because the proposed
HYB framework is designed for near real-time data streams, leveraging the capabilities
of modern sensing and communication technologies. The results indicate that system
performance gradually degrades under increased input uncertainty. However, the system
maintains stable operation with only moderate performance degradation, confirming its
robustness under realistic conditions where perfect real-time data are not available.

The results suggest that, as a preliminary observation, the proposed framework re-
mains operational and maintains stable performance for latencies up to approximately 10 s;
however, this finding is based on qualitative assessment, and higher delays appear to result
in a noticeable degradation in performance.

Overall, the proposed HYB framework preserves stable performance under both types
of disturbances. Although the average vehicle delay and queue length increase with higher
noise levels and demand growth, the degradation remains moderate compared with the RL
baseline. In particular, the system shows lower sensitivity to input perturbations, which can
be attributed to the combined effect of prediction, surrogate evaluation, and constrained
RL-based fine-tuning.

Under detector noise, the proposed HYB framework maintains relatively low delay
variability and avoids excessive phase switching, indicating that the control policy is not
overly dependent on exact state measurements. Similarly, under increased traffic demand,
the proposed HYB framework continues to outperform the RL baseline, especially in terms
of average vehicle delay and queue stability. These findings confirm that the system is
robust for application in realistic traffic environments characterized by uncertainty and
fluctuating conditions.

The quantitative results of the robustness analysis are summarized in Table 9.

Table 9. Robustness analysis under detector noise and traffic demand variation.

. RL.Average HY].S Average RL Phase HYB Phase
Disturbance Level Vehicle Delay Vehicle Delay . .
Switches (/h) Switches (/h)
(s/veh) (s/veh)
Baseline (0 (o noise and 95.9 80.9 148 7
demand increase)
5% detector noise 99.6 83.4 151 75
10% detector noise 104.8 86.7 156 79
15% detector noise 111.2 91.5 163 84
+10% traffic demand 107.4 89.8 154 77
+20% traffic demand 118.9 97.6 161 82
+30% traffic demand 132.7 108.8 170 89

The robustness results show that both detector noise and traffic demand growth lead
to performance degradation for both considered control strategies (RL and HYB). However,
the proposed HYB framework exhibits a slower increase in average vehicle delay and
a lower rise in phase-switching frequency compared with the RL control strategy. This
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confirms that the system is less sensitive to input uncertainty and better suited for stable
operation under disturbed traffic conditions.

4.7. Contribution of the Proposed HY B Framework and Computational Feasibility

To evaluate the contribution of individual components of the proposed HYB frame-
work, an ablation analysis was conducted for the representative high-demand priority
scenario G3-S2, with the quantitative results summarized in Table 10. The standalone
RL-based control module exhibits the highest delay, queue length, and instability, reflected
in a high number of phase switches and increased delay variance.

Table 10. Ablation study results for the representative high-demand priority scenario G3-52
(mean =+ Std over 20 independent runs).

Model Average Vehicle Queue Length EV Time (s) REELB;?ZZ Phase Switches Delay
Configuration Delay (s) 1 (veh) %) (/h) Variance
(]

RL-only controller 456 +59 158 +3.1 454+ 68 20.8 142 4 25 486 + 71

Predlc“‘;‘{a%l“ed 439 +54 15.1 429 438+ 6.4 21 127 421 431 + 63

Optimization- 421450 144426 425+61 229 101 + 17 372 + 56
assisted RL

Full HYB 404 +47 137 + 24 412459 24.1 78 +13 309 + 47
framework

! Queue length is expressed in number of vehicles, consistent with the main results section. 2 PT delay reduction
(%) is calculated relative to the FT control strategy.

These results provide direct and quantitative evidence of the computational feasibility
of the proposed HYB framework. The inclusion of the prediction module improves overall
efficiency and priority handling, as reflected in reduced average vehicle delay and improved
EV/PT performance, due to the anticipatory capability introduced by short-term traffic
forecasting. Further improvements are achieved by incorporating the optimization module,
which constrains the action space to high-quality signal plans, resulting in more stable
control behavior and reduced phase switching.

The proposed HYB framework achieves the best performance across all indicators,
achieving the lowest delay, shortest queues, improved priority performance, and the most
stable control. These results indicate that the observed improvements arise from the
complementary integration of prediction, optimization, and adaptive control, rather than
from any single component.

From the computational perspective, the proposed framework separates offline and
online processes. Computationally intensive tasks, such as model training and signal plan
generation, are performed offline, while online operation is limited to lightweight inference
and decision-making. The control logic is executed at each simulation step based on the
current traffic state and predicted short-term conditions. The obtained results indicate that
the control cycle operates within 160 £ 22 ms, supporting the applicability of the proposed
HYB framework in real-time intersection control.

To provide a more detailed assessment of the real-time performance, the computational
time of the main online modules was measured, with the results presented in Table 11.
The reported values represent the average and standard deviation over 20 independent
simulation runs.
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Table 11. Average computational time of main online modules (per control cycle).
Module Mean Time (ms) Std (ms) Max (ms)
State update (TraCl) 45 8 65
Prediction inference (DL) 62 10 85
Surrogate evaluation (XGBoost) 18 4 30
PPO action selection 35 6 50
Total per control cycle 160 22 210

These findings demonstrate that the proposed HYB framework satisfies real-time
operational requirements, with execution times consistently well below 0.25 s per control
cycle. As shown in Table 11, all individual modules exhibit low execution times, with no
single component exceeding 70 ms on average, indicating the absence of critical computa-
tional bottlenecks. The maximum observed execution time per control cycle remains below
250 ms, confirming robust performance even under peak computational load.

Although the reported timings correspond to the specified hardware configuration,
the computational structure of the system is dominated by lightweight inference operations.
This enables deployment on less powerful edge devices, particularly due to the use of a
surrogate model that significantly reduces computational overhead compared to simulation-
based evaluation.

The computational complexity scales approximately linearly with the number of
controlled intersections and input features, as the main online components operate inde-
pendently per control unit, supporting scalability to larger traffic networks.

All timing measurements were obtained using Python time profiling during simulation
execution on the hardware configuration described in Table 3. These results confirm that
the proposed HYB framework meets real-time operational requirements and is suitable for
deployment in practical TSC systems.

5. Discussion

An analysis of the obtained results indicates that the differences among the considered
TSC strategies increase significantly with rising traffic flow saturation levels. Under unsat-
urated conditions (G1), where sufficient capacity reserves are available, the improvements
achieved by advanced control strategy are relatively moderate, as conventional FT control
can still provide an acceptable level of service. However, as the system transitions into
highly saturated and oversaturated regimes (G3 and G4), the advantages of the proposed
HYB framework become dominant, clearly demonstrating its robustness and ability to
operate stably under demanding traffic conditions.

In contrast to the standalone RL-based control, which rely primarily on reacting to the
current system state, the proposed HYB framework integrates traffic flow prediction, meta-
heuristic optimization, and adaptive learning. This finding is consistent with recent studies
indicating that hybrid architectures combining prediction and RL provide improved ro-
bustness compared with standalone RL-based control. This multilayer architecture enables
anticipatory decision-making, thereby reducing the impact of short-term fluctuations and
stochastic disturbances. As a result, lower average vehicle delays, shorter queue lengths,
and reduced performance variability are achieved, which represent key indicators of control
stability. Integrating a surrogate model before the RL stage significantly enhances the stabil-
ity and convergence speed of the PPO agent. By guiding action space exploration toward
high-quality signal plans from the outset, this control strategy reduces reward variance
and mitigates the risk of unstable learning during the early training phases. The observed
improvements under high and oversaturated traffic conditions are also influenced by the
underlying traffic behavior modeling. In particular, lane-changing dynamics in the simula-
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tion are governed by the LC2013 model, which ensures that vehicle interactions remain
constrained by safety conditions and available gaps. As traffic demand increases, more
frequent lane-change attempts occur; however, these maneuvers remain physically feasible
and do not lead to unrealistic traffic patterns. This contributes to a realistic representation
of congestion dynamics and supports the validity of the obtained results.

A particular aspect of the discussion concerns the prioritization of EV and PT. The
results demonstrate that the proposed HYB framework enables reliable priority realiza-
tion even under conditions of intense traffic flow conflicts. Unlike aggressive adaptive
strategies, where improvements for priority vehicles are often achieved at the expense of
system stability (e.g., through an excessive number of phase changes), the proposed HYB
framework successfully preserves a balance between priority handling and overall control
stability.

Furthermore, the Pareto stability analysis indicates that the proposed HYB framework
achieves a favorable compromise between efficiency and stability, yielding low average
vehicle delay with a moderate number of signal phase changes. This finding is particularly
important from the perspective of real-world implementation, as excessive phase switching
may negatively affect equipment reliability, traffic safety, and overall system acceptability
in practice.

Although this analysis focused on a single isolated intersection, the results strongly
suggest that the proposed HYB framework is well-suited for real-world urban environ-
ments. It is particularly effective for areas characterized by high traffic demand variability
and the frequent presence of priority vehicles.

6. Conclusions

This paper introduces the proposed HYB framework that integrates traffic flow pre-
diction, metaheuristic optimization, and RL with the aim of improving both the efficiency
and stability of signalized intersection operation. Simulation-based evaluation conducted
under different traffic demand levels demonstrates that the system achieves a significant
reduction in average vehicle delay compared with conventional and adaptive control
strategies, including FT, ACT, MP and RL. The improvement reaches up to 35% relative
to FT control and remains consistently superior compared with ACT, MP, and RL control
strategies across all considered demand levels.

The results confirm that the advantages of the proposed HYB framework are particu-
larly pronounced under high and oversaturated traffic conditions, where the requirements
for adaptability and control stability are most critical. In addition to enhancing core
performance metrics, the proposed HYB framework demonstrates a robust capacity for
preserving system stability. This is evidenced by reduced performance variability and a
highly favorable trade-off between average vehicle delay and signal switching frequency.
Nevertheless, the authors acknowledge that real-world deployments may involve higher
latency levels, which could further reduce the observed performance gains.

The analysis of EV and PT priority further highlights the advantages of the proposed
HYB framework compared to conventional and adaptive control strategies. Specifically,
the results confirm the practical value of the proposed HYB framework, as performance
improvements are achieved without compromising overall system stability. This capability
represents an important step toward the deployment of intelligent TSC systems in real
urban environments.

Although the proposed HYB framework demonstrates strong performance for isolated
intersection control, its extension to corridor-level and network-wide applications requires
further investigation. In particular, additional mechanisms for coordination between
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adjacent intersections, handling of spillback phenomena, and scalability of the state and
action representations must be developed and validated.

Notably, the present study is based on a simulation analysis of a single isolated inter-
section, and therefore the obtained results should be interpreted within this context. While
the use of a calibrated microsimulation environment enables controlled and reproducible
evaluation of different control strategies, real-world traffic systems may involve additional
complexities not fully captured in the simulation framework. Consequently, the reported
performance improvements represent results under controlled conditions and should be
considered as indicative rather than directly generalizable to large-scale urban networks.

While the proposed HYB framework demonstrates significant improvements in ve-
hicular traffic performance, its impact on pedestrian service levels has not been explicitly
evaluated. Future work will address this limitation by incorporating pedestrian-oriented
metrics and analyzing multimodal traffic interactions. Furthermore, the framework will be
extended to include environmental performance indicators, such as CO, emissions and
fuel consumption, based on more detailed vehicle-level data and enhanced simulation
capabilities.

Finally, future research will explore multi-agent coordination and large-scale simula-
tions to evaluate scalability under sensor noise, communication latency, and corridor-level
or network-wide conditions.
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Abbreviations

The following abbreviations are used in this manuscript:

ITS Intelligent Transportation Systems
TSC Traffic Signal Control

MP Max-Pressure Control

ML Machine Learning

DL Deep Learning

LSTM  Long Short-Term Memory
GNNs  Graph Neural Networks

RL Reinforcement Learning

DRL Deep Reinforcement Learning
DON Deep Q-Network

PPO Proximal Policy Optimization
A2C Advantage Actor-Critic
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PSO Particle Swarm Optimization
GWO  Grey Wolf Optimizer
HYB Hybrid

EV Emergency Vehicle

PT Public Transport Vehicles
SUMO  Simulation of Urban Mobility
V2I Vehicle-to-Infrastructure

V2X Vehicle-to-Everything
YOLO  You Only Look Once

TraCI Traffic Control Interface

API Application Programming Interface
ETA Estimated Time of Arrival
GRU Gated Recurrent Unit

MSE Mean Squared Error

MAE Mean Absolute Error

RMSE  Root Mean Squared Error
R? Coefficient of Determination
SPaT Signal Phase and Timing

Std Standard Deviation

Gl Low traffic demand

G2 Medium traffic demand

G3 High traffic demand

G4 Oversaturated traffic regime

S1 Scenario with no priority granted to specific vehicle groups

52 Scenario with priority for emergency vehicles

S3 Scenario with priority for public transport vehicles

S4 Mixed scenario (emergency vehicles, public transport, and increased pedestrian flows)
FT Fixed-Time Control

ACT Actuated Control
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