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Abstract

Urban traffic congestion remains a major barrier to sustainable mobility, necessitating
a transition from static signaling to Intelligent Traffic Light Systems (ITLS). This study
presents a systematic review in computer vision, artificial intelligence, and adaptive control
algorithms for urban intersection optimization. Following a methodological framework in-
formed by PRISMA guidelines, the study examines state-of-the-art architectures, including
deep learning-based perception models and reinforcement learning agents. The findings
indicate that, although two-stage detectors provide benchmark accuracy for vehicle per-
ception, single-stage models and Vision Transformers offer the high-speed processing
required for real-time traffic management. In addition, deep reinforcement learning en-
ables autonomous, lane-specific optimization that outperforms traditional actuated and
fixed-time systems. The review also identifies a persistent research gap in the deploy-
ment of these computational frameworks in the resource-constrained and heterogeneous
infrastructures of developing countries. For the urban context of Riobamba, Ecuador, a
phased implementation strategy is proposed that balances computational demands with the
city’s morphological and social characteristics. By bridging the gap between high-fidelity
simulation and practical field deployment, this review provides a scalable framework for
improving throughput, reducing emissions, and enhancing safety. Overall, these advances
offer a promising pathway toward more resilient transportation systems in rapidly evolving
Andean urban centers.

Keywords: intelligent transportation systems; computer vision; deep reinforcement
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nature of modern vehicular flow [1,2]. This systemic inefficiency leads to prolonged
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travel times, excessive fuel consumption, and elevated greenhouse gas emissions, thereby
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In response to these challenges, Intelligent Transportation Systems (ITS) have emerged
as a key technological framework for modernizing urban infrastructure through the inte-
gration of advanced sensors and computational intelligence [4]. Central to this evolution
is the development of Intelligent Traffic Light Systems (ITLS), which replace static tim-
ing plans with autonomous decision-making capabilities [5,6]. By leveraging real-time
data, these systems can dynamically adjust signal phases, thereby optimizing intersection
throughput and minimizing cumulative wait times [7,8]. However, their effectiveness de-
pends fundamentally on the accuracy of their perception layer and the robustness of their
control logic.

The technological landscape of ITLS has been transformed by recent advances in
computer vision and artificial intelligence. Sophisticated deep learning architectures,
such as Faster R-CNN and YOLO, have largely superseded traditional inductive loop
sensors by providing high-fidelity vehicle detection and classification even under adverse
weather and complex lighting conditions [9,10]. Complementing these perception layers,
Deep Reinforcement Learning enables traffic controllers to derive optimal policies through
continuous interaction with the environment [11,12]. This adaptability allows the system
to manage dynamic fluctuations in traffic density that traditional actuated systems cannot
effectively address [13,14].

Despite these technological advances, a significant gap remains in the implementation
of ITS in developing urban contexts. Cities in the Global South, such as Riobamba, Ecuador,
face heterogeneous traffic patterns, limited financial resources, and urban configurations
that are often overlooked in standard models [15,16]. In Riobamba, critical urban nodes are
frequently affected by bottlenecks that compromise both economic mobility and community
safety [15,17]. Although state-of-the-art solutions exist, their computational demands and
infrastructure costs often hinder local adoption, thereby limiting efforts to modernize the
city’s transit network.

A critical gap persists in the literature, as research predominantly focuses on high-
fidelity simulations in structured environments while frequently overlooking the logistical
and financial constraints of Andean cities [18,19]. There is an urgent need for a comprehen-
sive synthesis that identifies scalable, cost-effective, and technically viable Al and computer
vision solutions tailored to the specific requirements of Riobamba’s urban core. Accord-
ingly, this review aims to systematically analyze recent advances in ITLS, categorize the
most effective perception and control methodologies, and evaluate their potential to foster
sustainable urban mobility within the specific context of Riobamba, Ecuador [7,16].

2. Literature Review

This review synthesizes contemporary research on intelligent traffic light systems,
focusing on adaptive control mechanisms, computer vision applications for traffic monitor-
ing, and artificial intelligence-driven optimization algorithms, with particular emphasis on
their applicability and potential impact in the urban context of Riobamba, Ecuador.

The global transition toward ITLS is driven by the inadequacy of fixed-time control
strategies in the face of nonlinear urban growth [20], p. 469. Contemporary frameworks
emphasize the integration of Computer Vision, Reinforcement Learning, and the Internet
of Things to create adaptive environments that prioritize mobility and safety [3,8].

2.1. Advanced Deep Learning for Vehicular Perception

The effectiveness of any ITLS depends fundamentally on its perception layer. Tradi-
tional sensors, such as inductive loops, are increasingly being replaced by vision-based
systems because of their lower maintenance costs and higher information density [21,22],
p- 2. Among these approaches, Faster R-CNN has emerged as a benchmark architecture
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for real-time vehicle detection [10]. Unlike single-stage detectors, Faster R-CNN uses a
Region Proposal Network that shares full-image convolutional features with the detection
network, enabling highly accurate categorization even in high-density scenarios [9,10].

Furthermore, the integration of transfer learning with architectures such as ResNet-50
has enabled specialized detection tasks. For instance, the detection of emergency vehicles,
such as ambulances, supports the implementation of fuzzy controllers that grant immediate
priority, a critical feature for reducing mortality rates in urban centers [23]. These detection
frameworks are summarized in Table 1, which highlights the technological trade-offs
between precision and processing speed.

Table 1. Comparison of Al-Based Perception and Decision-Making Methods for ITLS.

Architecture Primary Methodology Key Technical Advantage Citations
Faster R-CNN Two-stage detection Superior categorization in varying densities [9,10,24]
Mask R-CNN Instance segmentation Precise centroid tracking for trajectory analysis [25]
Vision Transformer Self-attention mechanisms High mitigation of false positives in crash detection [26]
YOLO v5 + MIF Single-stage + Motion field Real-time motion analysis for damaged vehicles [27]
Fuzzy Inference Heuristic logic Optimized priority for emergency vehicles [23]

2.2. Adaptive Control Logic and Optimization

Once vehicular density has been quantified, the decision-making layer must optimize
signal timings. Recent studies have explored Reinforcement Learning, particularly Double
Q-learning, to manage complex urban networks [24,28]. As shown in Figure 1, the adaptive
control loop treats the intersection as an agent that receives rewards, such as reduced
waiting time, for its actions, such as changing signal phases. This decentralized approach,
often implemented under standards such as IEC 61499, ensures that if one node fails, the
rest of the network remains operational [29].
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Figure 1. Adaptive Control Logic Workflow.

In the Ecuadorian context, evolutionary design optimization has been applied in
cities such as Quito to address the mismatch between aging infrastructure and modern
vehicular loads [30]. These studies suggest that soft-computing methods may provide a
viable means of redesigning transportation systems without requiring massive physical
reconstruction [30].
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As illustrated in the proposed framework, the system begins with real-time density
calculation through computer vision [10]. These data are then processed by a reinforcement
learning agent [28] which adjusts green-light cycles according to current demand rather
than historical averages, thereby reducing idle time at intersections [8]. This dynamic
adjustment capability contrasts sharply with the limitations of static traffic systems, which
often generate inefficiencies because they cannot respond to fluctuating traffic conditions.
This adaptive methodology has been shown to reduce average waiting times by more than
55% at traffic intersections by using techniques such as Q-learning to balance signal phases
effectively [31], p. 1060.

2.3. Incident Management and Safety Estimation

Safety is a critical component of urban intersections. Global statistics indicate that
road accidents are a leading cause of death, with a disproportionate impact in the Andean
region [32]. The VARVO algorithm represents a significant advance by detecting vehicle
crash events using only video data [32]. By estimating speed through convolutional
networks and overlap analysis, VARVO provides a cost-effective solution for cities with
limited sensor infrastructure [32], p. 25.

Moreover, the use of Vision Transformers has improved the reliability of accident
detection by substantially reducing false positives compared with traditional CNNs [26].
When an accident is confirmed, systems such as that proposed by Fogue et al. [33] can
automatically estimate crash severity and notify emergency services, as detailed in the

workflow presented in Figure 2.

Y DPhace 1- B . 4 . .
Phase 1: ‘ Phase 2: Phase 3:
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Impact Speed
» Trajectory Overlap + Impact Speed ¢ loT-Based Alert
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Figure 2. Accident Detection and Severity Estimation Process.

As analyzed in the literature, the process involves three distinct phases: collision
detection through trajectory overlap [25,27] severity estimation based on impact speed and
vehicle type [33], and automatic notification through IoT protocols to reduce emergency
response times [32,33].
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2.4. Urban Morphogenesis and Local Challenges in Riobamba

Finally, the implementation of these technologies in Riobamba must account for urban
morphogenesis [15]. The work of Ntfiez Torres et al. [15] highlights that the “Urban
DNA” of the Ecuadorian highlands is shaped by specific social representations of design.
Intersections in these cities are not merely transit points but also hubs of community
interaction [15]. Therefore, an ITLS in Riobamba must be culturally and morphologically
compatible with the local urban imaginary, ensuring that technological interventions do not
disrupt the social fabric of the city while still providing the necessary safety and efficiency
improvements [3,15].

2.5. Research Gap

Despite the robustness of detection models such as Faster R-CNN [10] and accident
notification frameworks [33], a significant gap remains in the literature regarding the
integrated deployment of these systems in medium-sized Andean cities. Most studies focus
on isolated components, either detection or optimization, without considering the unique
morphological constraints of cities such as Riobamba [15]. This review addresses that gap
by proposing a holistic, vision-based framework that bridges advanced Al approaches and
local urban dynamics.

3. Methodology

This section outlines the systematic approach used to evaluate the integration of adap-
tive control, computer vision, and artificial intelligence in Intelligent Traffic Light Systems.
To ensure the rigor and reproducibility expected in high-impact academic publication,
a hybrid systematic-narrative review methodology was adopted, allowing both a struc-
tured analysis of quantitative performance metrics and a qualitative synthesis of urban
morphological challenges specific to the Ecuadorian context [3,15].

This systematic review was conducted in accordance with the PRISMA 2020 guidelines.
The review protocol was prospectively registered in the Open Science Framework (OSF)
(Registration ID: bhé6zf). The registration record is available at: https://osf.io/bh6zf/
overview?view_only=2573311679¢1400cb54567235afd4363 (accessed on 15 July 2026). The
completed PRISMA 2020 checklist is provided as Supplementary Material File S1 to ensure
transparent and complete reporting of the systematic review.

3.1. Search Strategy and Information Sources

The literature search was conducted across three high-indexed databases, including
IEEE Xplore, Scopus, and Web of Science, covering publications from 2013 to 2025 in order
to capture the evolution from early notification systems [33] to contemporary metaheuristic
and reinforcement learning frameworks [3,24]. To ensure full reproducibility, three Boolean
search strings were constructed—one per thematic pillar—each written in executable form
directly transferable to the search engines of the three databases.

Pillar 1—Perception: (“object detection” OR “vehicle detection” OR “Faster R-CNN"” OR
“YOLO” OR “computer vision”) AND (“traffic signal” OR “intersection” OR “intelligent
traffic light”);

Pillar 2—Adaptive Control: (“adaptive traffic control” OR “reinforcement learning” OR
“deep reinforcement learning” OR “fuzzy logic”) AND (“traffic signal” OR “intersection”
OR “traffic light”);

Pillar 3—Safety and Context: (“accident detection” OR “crash detection” OR “urban
morphogenesis”) AND (“intersection” OR “traffic signal” OR “urban traffic”).

Records returned by each of the three strings were exported in CSV format from
each database (see Supplementary Material File S2). The number of records retrieved
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per database and per pillar, together with the per-database totals, is reported in Table 2.
Duplicates across databases (840) were removed using the authors’ reference management
software (Mendeley 2.144.0), yielding the number of unique records that entered the
screening stage.

Table 2. Records retrieved per database and per thematic pillar.

Pillar 2—Adaptive Pillar 3—Safety &

Database/Pillar Pillar 1—Perception Control Context Total per DB
IEEE Xplore 18 74 26 118

Scopus 88 299 92 479

Web of Science 49 144 50 243

Total per pillar

(T = 840, Identification) 155 517 168 840

Included 11 41 13 65

Inclusion rate per pillar  7.1% 7.9% 7.7% 7.7%

3.2. Selection and Eligibility Criteria

The selection process was guided by specific inclusion and exclusion criteria designed
to identify high-quality, peer-reviewed evidence. Studies were prioritized when they
reported empirical data on detection accuracy, such as mAP, latency, or traffic flow op-
timization in complex urban environments [8]. Table 3 summarizes the criteria applied
during the filtering process.

Table 3. Inclusion and Exclusion Criteria for Literature Selection.

Criterion Inclusion Criteria Exclusion Criteria

Research Scope Integration of CV, Al or IoT in traffic Purely mechanical or civil engineering
light management. studies without AL

Methodology Quantitative validation of detection or Theoretical frameworks without simulation
control models. or real-world data.

Technology Use of Deep Learning (e.g., CNN, RNN) or Traditional fixed-time or manual
RL [10,28]. control strategies.

Application Urban intersections, emergency vehicle General autonomous vehicle navigation
priority, or safety. unrelated to signals.

Context Global advancements and regional studies in ~ Studies with no relevance to
Latin America [30]. urban infrastructure.

3.3. Screening and PRISMA Flow Process

The screening followed the four-stage PRISMA 2020 workflow illustrated in the
generated Figure 3.

Identification. A total of 840 records were identified through the Boolean searches
across IEEE Xplore, Scopus, and Web of Science. After removal of 425 duplicate records,
415 unique records entered the screening stage.

Screening. Of the 415 records, 295 records were excluded at the title-screening stage
for being out of scope (e.g., autonomous-vehicle navigation studies unrelated to signalized
intersections, highway-only studies, or studies lacking an intelligent-transportation-system
component). The remaining 120 records advanced to abstract screening. Following the
selection of abstracts, no records were excluded based on the inclusion criteria set out in
Section 3.2 and Table 3, leaving 120 records eligible for full-text retrieval.

Eligibility. Of the 120 full texts assessed, 55 records were excluded for docu-
mented reasons: (i) inability to access the full text, (ii) absence of empirical validation, or
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(iii) failure to focus on intersection-level signaling. The remaining 65 records fully met all
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~

Identification of studies via databases and registers

J

~
Records identified from: Records removed before screening:
Total records identified Duplicate records removed
(n = 840) (n=425)
J

\

\_

|

e

\

Reports sought for retrieval

N
Reports not retrieved
(n=120) (n=0)
J

~
) Records excluded after title and
Records screened .
(n = 415) abstract screening
y (n=295)

|

(" Full-text reports assessed for )

eligibility

Included

(n=120) ) Reports excluded (n = 55)
Reasons:
* Not focused on Intelligent Traffic Light Systems
¢ Insufficient methodological information
® Conference abstracts only
Studies included in « Duplicate studies
syster(nati;;;eview * Outside scope of Al/CV
n=

Figure 3. PRISMA Flow Diagram of the Systematic Literature Selection.

Included. The final dataset comprised 65 studies, which were incorporated into the
qualitative and quantitative syntheses presented in Section 4 of this review, in accordance
with the PRISMA 2020 statement.

The screening followed a multi-stage process illustrated in Figure 3. During the identi-
fication stage, a total of 840 records were retrieved through Boolean searches conducted
across IEEE Xplore, Scopus, and Web of Science. After removing 425 duplicate records,
415 unique records entered the screening stage. Duplicates were removed first, followed by
title and abstract screening. Full-text assessments were then performed to ensure that the
selected studies aligned with the technical requirements of ITLS, such as the implementa-
tion of Faster R-CNN for density estimation [10] or the use of Vision Transformers for crash
mitigation [26].

During the screening stage, 295 of the 415 records were excluded after title screening
because they were outside the scope of this review, including studies focused exclusively
on autonomous-vehicle navigation, highway traffic, or applications lacking an intelligent
transportation systems component. The remaining 120 records proceeded to abstract
screening. After evaluating the abstracts according to the inclusion criteria defined in
Section 3.2 and Table 3, no additional records were excluded, resulting in 120 studies being
considered eligible for full-text assessment. A total of 65 core references were incorporated
into the final manuscript in accordance with the defined bibliographic scope. This selection
process ensured that the review synthesized robust evidence relevant to the development
of intelligent traffic systems for dynamic urban environments such as Riobamba.
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The PRISMA workflow illustrates the selection of 65 core studies. During the eligibility
assessment, the full texts of the 120 selected studies were reviewed in detail. A total of
55 records were excluded due to documented reasons, including the inability to access the
complete manuscript, the absence of empirical validation, or the lack of a specific focus on
intersection-level traffic signal control. Consequently, 65 studies fully satisfied all inclusion
criteria. Eligibility was determined on the basis of technical rigor and regional applicability
to the urban morphogenesis of Riobamba, thereby ensuring alignment with local patterns of
community interaction and spatial dynamics [15]. The subsequent analysis of the selected
studies focused on extracting explicit methodological details and reported performance
metrics related to traffic flow optimization, real-time vehicle detection, and the architectural
design of intelligent traffic light control systems [34-36], p. 3. This process ensured that
the synthesized evidence supported the proposed framework for integrating adaptive
control, computer vision, and artificial intelligence within the contextual constraints of
Riobamba, Ecuador.

The inclusion stage resulted in a final dataset of 65 studies, which were incorporated
into the qualitative and quantitative syntheses presented in Section 4 of this review, in
accordance with the PRISMA 2020 statement. As shown in Figure 3, these studies were
selected through a rigorous multi-stage process that progressively narrowed the initial
records based on predefined eligibility criteria, technical rigor, and relevance to intelligent
traffic light systems [15,37—40], p. 4. This methodical approach enabled a comprehen-
sive understanding of the current state of the art in intelligent traffic management, with
particular emphasis on approaches applicable to the urban landscape and socioeconomic
conditions of Latin American cities as Riobamba.

3.4. Data Extraction and Categorization

Data were extracted into a structured matrix organized by technological application.
This facilitated a comparative analysis of how different architectures, such as the two-stage
Faster R-CNN and single-stage YOLO models, perform under varying traffic densities [9,24].
Table 4 summarizes the classification framework used to synthesize the results of the review.

Table 4. Data Classification and Analysis Framework.

Category Key Variables Analyzed Supporting Evidence
Perception Layer Detection accuracy, classification speed, occlusion handling. [9,10,25]

Decision Layer Waiting time reduction, queue length, reward functions. [8,24,28]

Safety Layer Crash detection speed, false positive rates, severity alerts. [26,32,33]

Contextual Layer Morphological adaptation, social representation of design. [3,15,30]

3.5. Methodological Framework for the Riobamba Case Study

The final stage of the methodology involved synthesizing the global findings with the
specific requirements of Riobamba, Ecuador. This required a qualitative analysis of urban
morphogenesis to ensure that the proposed ITLS aligned with the city’s unique “Urban
DNA” [15]. As shown in Figure 4, the transition from global literature to local application
was guided by the identification of gaps in medium-sized city infrastructure, thereby
ensuring that the final proposal is both technologically advanced and socio-technically
viable [3,30].

The framework synthesizes four research dimensions: Al/IoT optimization [8], technical
evaluation of computer vision models [10], safety validation [32], and morphological adapta-
tion to the Andean urban context [15]. As illustrated in the framework, the system integrates
literature synthesis [8] with technical comparisons of Faster R-CNN architectures [10]. It also
incorporates safety-oriented validation for crash detection [32] and considers the morphologi-
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cal adaptation of these technologies to the specific urban layout and community interactions
of the Andean region [15]. This holistic approach is essential for developing intelligent trans-
portation systems that are not only technologically robust but also contextually appropriate
and sustainable for cities such as Riobamba [41], p. 3.

Methodological Framework for ITLS Integration

Phase 1 Phase 2

Literature Synthesis Technical Comparison

Focus: Al and loT Optimization Focus: CV and Faster R-CNN Models

BE) L&

Morphological Adaptation Safety-Centric Validation

Focus: Andean Urban Context Focus: Crash Detection & VARVO

Figure 4. Proposed Methodological Framework for ITLS Integration. The framework summarizes
the four sequential phases adopted in this systematic review. Phase 1 synthesizes the literature
on Artificial Intelligence (AI) and Internet of Things (IoT) optimization strategies for Intelligent
Traffic Light Systems (ITLS) [8]. Phase 2 provides a technical comparison of computer vision ap-
proaches, including Faster R-CNN-based methods, for vehicle detection and traffic analysis [10].
Phase 3 focuses on safety-centric validation through crash detection and Vehicle Accident Recog-
nition and Vision Operations (VARVO) techniques [32]. Phase 4 addresses the morphological
adaptation of these technologies to the Andean urban context, considering local infrastructure
and mobility characteristics [15]. The arrows indicate the sequential progression of the proposed
methodological framework.

4. Results and Discussion

The integration of advanced computational intelligence into urban traffic management
represents a shift from reactive, rule-based systems to proactive, data-driven environ-
ments [1,2]. This section synthesizes the performance of the reviewed architectures and
discusses their strategic applicability to the urban context of Riobamba, Ecuador.

4.1. Computer Vision for Vehicular Perception and Counting

The effectiveness of Intelligent Traffic Light Systems depends fundamentally on the
precision of the perception layer. The literature indicates a clear transition from traditional
inductive sensors to vision-based architectures, primarily driven by the rich information
provided by deep learning models [4,6].

Comparative analysis shows that two-stage detectors, such as Faster R-CNN, remain
the benchmark for highly accurate vehicle categorization in dense urban scenarios [9,10].
In contrast, single-stage detectors such as YOLO v7 prioritize processing speed, making
them suitable for real-time adjustments where latency is a critical constraint [8]. Recent
studies have also highlighted the emergence of Vision Transformers for mitigating false
positives in accident detection, outperforming traditional CNNs in complex spatiotemporal
pattern recognition [26,42].
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The comparative characteristics of the most widely used perception architectures in
Intelligent Traffic Light Systems are summarized in Table 5. These architectures differ
in terms of detection accuracy, computational requirements, and suitability for real-time
deployment in urban traffic environments.

Table 5. Comparative Performance of Perception Architectures in ITLS.

Key Performance

Architecture Primary Methodology Metric Strengths Limitations Citations
R s ENON) s Smeemen - Hecomsdonl 0z
YOLO v7 Single-stage High FPS i‘ijli:tr:fc;fmency; I;;V;Trog]r:cct‘slon for [8]

Meky mcesegmenion  STUTRN Pegemieenand Gty g

ViT Self-attention mechanism i/?iltsieg:t?g:ive ggggrdeesnlgrelsg—range E‘;?;ﬁ;s de;’:znsive [26]

4.2. Artificial Intelligence and Machine Learning in Traffic Management

Beyond simple detection, machine learning has been applied to predictive analytics in
order to anticipate congestion before it escalates [47,48]. Hybrid models that combine Long
Short-Term Memory networks with Convolutional Neural Networks have demonstrated a
strong ability to process both the spatial configuration of road networks and the temporal
dependencies of traffic flow [42,49].

Research indicates that these hybrid architectures can handle the nonlinear and
stochastic nature of urban traffic more effectively than traditional statistical models such
as ARIMA [47,49]. For example, soft GRU-based recurrent networks have achieved 87.5%
accuracy in congestion prediction by incorporating multivariate data such as weather
conditions and infrastructure constraints [47].

4.3. Adaptive Traffic Signal Control Algorithms

The core of the decision-making layer lies in adaptive control logic, where Deep
Reinforcement Learning has emerged as a highly promising approach to dynamic
optimization [12,50]. Unlike fixed-time systems that rely on historical averages, DRL agents
learn optimal policies through continuous interaction with the traffic environment [13,51].
This enables real-time adjustments to signal timings, thereby minimizing vehicle delays
and queue lengths at urban intersections [52,53]. Notably, advances in machine learn-
ing and IoT integration also allow adaptive traffic management systems to incorporate
accident-alert capabilities, further reducing congestion and improving safety by dynami-
cally adjusting signals on the basis of real-time data [54]. As shown in Figure 5, the DRL
framework operates as a closed-loop system in which the intersection state, including
density and queue length, is processed to determine actions, such as phase duration, that
maximize a cumulative reward, namely minimum delay [55,56]. Advanced approaches
such as MoveLight use movement-centric DRL to optimize traffic flow at the lane level,
significantly reducing waiting times compared with traditional actuated controllers [14,57].
In addition, multi-agent reinforcement learning controllers can coordinate signal timing
across multiple intersections by modeling the road network as a dynamic graph to guide
routing and mitigate congestion [58]. This cooperative learning paradigm enables a more
holistic optimization of urban traffic flow, moving beyond isolated intersection control
toward network-wide efficiency [59], p. 2. These Al-driven models often integrate deep
learning architectures, including CNN, GRU, and LSTM combinations, to predict complex
spatiotemporal traffic patterns with high accuracy and thereby support more effective
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adaptive control strategies [60]. Recent developments in reinforcement learning have
further expanded the capabilities of adaptive traffic signal control beyond conventional
Deep Q-Network (DQN) implementations. Ouyang et al. [61] comparatively evaluated
Q-learning and Deep Q-Network-based traffic signal control strategies and demonstrated
that reinforcement learning can simultaneously optimize both signal phase sequences
and cycle durations according to real-time traffic conditions. Unlike traditional adaptive
controllers that primarily adjust green times while maintaining fixed phase orders, these
approaches dynamically determine the sequence and duration of signal phases, enabling
more flexible and stable traffic operations under fluctuating traffic demand. Such adaptive
decision-making reduces vehicle delays, improves intersection throughput, and enhances
traffic flow stability by continuously learning optimal control policies from changing traffic
environments. These findings further reinforce the potential of reinforcement learning as
a core component of next-generation Intelligent Traffic Light Systems, particularly when
integrated with computer vision and IoT-enabled sensing technologies for autonomous
urban traffic management. Future research should investigate advanced reinforcement
learning frameworks capable of jointly optimizing signal phase ordering, phase duration,
and network-wide coordination across multiple intersections. In particular, the compara-
tive Q-learning and Deep Q-Network framework proposed by Ouyang et al. [61] provides
a promising foundation for extending Intelligent Traffic Light Systems beyond isolated
intersection control toward adaptive corridor and city-scale traffic optimization. Integrat-
ing these reinforcement learning strategies with deep learning-based perception models,
explainable artificial intelligence, edge computing, and vehicle-to-infrastructure communi-
cation could further improve traffic efficiency while maintaining computational scalability
for practical deployment in resource-constrained urban environments such as Riobamba.
The architecture integrates:

1. Perception Layer: Real-time density and queue estimation through Faster
R-CNN [10,24].

2.  Learning Layer: An RL agent (DQN/Double Q-learning) computes optimal signal
phases [12,28].

3. Execution Layer: Adaptive signal switching is implemented through IoT-enabled
controllers [7,8].

These DRL frameworks often integrate Convolutional Neural Networks to process
visual input from traffic cameras and estimate queue length and waiting time, thereby
improving the system’s capacity to predict optimal signal durations [62], p. 606.

4.4. Traffic Simulation and System Validation Approaches

Validation of these complex systems is predominantly conducted through high-
fidelity simulation environments. The Simulation of Urban MObility (SUMO) and VIS-
SIM platforms are widely cited as industry standards for replicating real-world traffic
dynamics [18,19]. Table 6 summarizes the principal adaptive control strategies reported in
the literature, highlighting their operational characteristics, advantages, and applicability
to intelligent traffic management systems.

Table 6. Synthesis of Control Algorithms and Optimization Outcomes.

Algorithm Objective Function Key Finding Perform? nee Citations
Metric

DON Minimize total delay 50% reduction in waiting times Average Wait Time  [13,14]

Double . e . o Throughput

Q-Learning Maximize throughput Enhanced stability in varying densities (Veh/h) [28]

https://doi.org/10.3390/automation7040113


https://doi.org/10.3390/automation7040113

Automation 2026, 7, 113 12 of 20

Table 6. Cont.

Algorithm Objective Function Key Finding Perform'a nee Citations
Metric
Multi-Agent RL Netwgrk—yvlde Scalable across interconnected intersections Global Queue [49,63]
coordination Length
. . Outperforms state-of-the-art in
SHLight Reduce queue spillback synthetic networks Max Queue Length  [64]
75

Perception Layer:

: ' Faster R-CNN and Density Estimation ' :
. = -

Vehicle detection and density estimation
from real-time traffic camera streams

v

Learning Layer:
RL Agent (DQN/Double Q-learning)

State Action
(Traffic state) (Signal timing)

= = |

o) LT -
| =2 RL Agent F— F
. B Reward Next state 2
P —

(Performance feedback) (Updated traffic state)
e ﬁ —
Execution Layer:
= loT-enabled Adaptive Controllers
= ~

Adaptive signal control through loT-connected
traffic lights and edge controllers

e - = = = == =

Figure 5. Conceptual Architecture of a Deep Reinforcement Learning-based ITLS. The framework
integrates perception, learning, and execution layers for real-time vehicle detection, adaptive signal
decision-making, and IoT-enabled traffic light control. The arrows indicate the sequential flow of

information and control actions.
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4.5. Contextual Discussion: Implementation in Riobamba, Ecuador

Riobamba is presented in this review as a conceptual implementation context in-
tended to illustrate how the technologies identified in the literature could be adapted to a
medium-sized Andean city. The proposed implementation strategy should therefore be
interpreted as a set of recommendations based on the reviewed evidence rather than as an
empirically validated case study. Future validation will require municipal traffic data, field
measurements, and pilot deployments.

The implementation of the reviewed technologies in Riobamba must address the
specific challenges of Andean urban centers. The city’s current reliance on fixed-time
signals at critical intersections, such as those near major markets and transit hubs, results
in persistent bottlenecks [16,17].

Feasibility and Infrastructure Constraints

Although Faster R-CNN offers superior accuracy, its deployment in Riobamba may
be constrained by the high cost of GPU-intensive hardware [1]. A more feasible local
approach may involve a hybrid strategy that uses YOLO-based detectors for general
density estimation and fuzzy logic controllers for emergency vehicle priority, such as
ambulances, because this configuration requires less computational overhead [8,23].

Morphological and Social Integration

Consistent with the concept of urban morphogenesis, any ITLS in Riobamba must
respect the city’s unique “Urban DNA” [15]. Intersections in the highlands are not merely
transit points but vital spaces of social interaction [65], p. 2. Therefore, adaptive systems
must balance vehicular throughput with pedestrian safety, particularly in areas where
traditional community markets increase non-vehicular traffic [3,15].

Strategic Recommendations

1.  Pilot Deployment: Implement DRL-based adaptive control at a high-congestion
intersection in Riobamba, with prior validation in SUMO to minimize real-world
disruptions [5,19].

2. IoT Integration: Leverage existing surveillance infrastructure to transmit real-time
video to centralized servers, enabling a scalable, cloud-based traffic management
engine [7,66].

3.  Safety Focus: Integrate the VARVO algorithm for automatic crash detection, which is
particularly relevant given that 13.75% of local accidents occur at intersections [15,32].

A quantitative comparison of the reviewed studies further highlights the trade-offs
between detection accuracy, computational efficiency, and adaptive traffic control perfor-
mance. Two-stage object detectors such as Faster R-CNN consistently achieved mean
Average Precision (mAP) values exceeding 85-92% for vehicle detection in complex urban
environments, making them highly reliable for dense traffic monitoring. However, their
inference speed generally remained below 10-15 Frames Per Second (FPS), limiting their
suitability for large-scale real-time deployment. In contrast, single-stage detectors, partic-
ularly the YOLO family, reported mAP values between 80% and 90% while operating at
significantly higher processing speeds of approximately 30-90 FPS, providing a better bal-
ance between detection accuracy and real-time responsiveness. Recent Vision Transformer
architectures demonstrated comparable or higher detection accuracies (>90%) while sub-
stantially reducing false-positive rates in accident detection, although their computational
requirements remain considerably higher than those of conventional convolutional neural
network models.

Similarly, quantitative evaluation of machine learning techniques demonstrates clear
advantages over traditional statistical forecasting approaches. Hybrid CNN-LSTM and
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CNN-GRU models consistently reported congestion prediction accuracies above 90%,
while soft-GRU architectures achieved approximately 87.5% prediction accuracy when
incorporating heterogeneous variables such as weather conditions, road geometry, and
traffic density. These results substantially outperform conventional autoregressive models,
whose prediction accuracy typically ranges between 70% and 80% under highly nonlinear
traffic conditions. The ability of deep learning models to simultaneously capture spatial
and temporal dependencies significantly improves forecasting reliability and supports
more proactive traffic signal optimization.

The greatest quantitative improvements were observed in adaptive traffic signal con-
trol. Across the reviewed literature, Deep Reinforcement Learning (DRL)-based controllers
consistently reduced average vehicle delay by approximately 20-45%, queue lengths by
25-50%, and average waiting times by 20-40% compared with fixed-time and actuated
signal control systems. Multi-agent reinforcement learning approaches further enhanced
network-wide performance by coordinating neighbouring intersections, reporting overall
traffic throughput improvements of approximately 15-35% and corresponding reductions
in travel time. Movement-based reinforcement learning frameworks, including MoveLight,
demonstrated additional reductions in lane-level congestion by dynamically optimizing
individual traffic movements rather than entire signal phases. These quantitative findings
collectively demonstrate that reinforcement learning provides measurable operational
benefits beyond conventional adaptive control strategies.

Overall, the reviewed literature indicates that no single computational framework si-
multaneously maximizes detection accuracy, computational efficiency, and adaptive control
capability. Figure 6 provides a conceptual synthesis of these comparative findings based
on the studies included in this review and is intended for qualitative comparison rather
than the presentation of original experimental results. Faster R-CNN remains preferable
where maximum detection precision is required, whereas YOLO architectures offer superior
real-time performance under constrained computational resources. Vision Transformers
provide promising improvements in perception accuracy but require more powerful hard-
ware. For intelligent traffic signal optimization, Deep Reinforcement Learning consistently
demonstrates the greatest operational benefits through substantial reductions in delay,
queue length, and travel time, making it the most promising technology for future intelli-
gent traffic light systems. Considering the infrastructural and computational constraints of
Riobamba, Ecuador, a hybrid framework integrating YOLO-based perception with Deep Re-
inforcement Learning-based signal optimization offers the most practical balance between
implementation cost, computational efficiency, and traffic management performance.

In summary, the transition to an intelligent traffic light system in Riobamba is not
merely a technological upgrade but a necessary step toward sustainable urban mobility. By
combining the high accuracy of deep learning-based perception with the adaptive resilience
of reinforcement learning, the city could significantly mitigate congestion while improving
safety for its diverse road users.

4.6. Phased Implementation Roadmap for Riobamba, Ecuador

The successful deployment of an Intelligent Traffic Light System (ITLS) in Riobamba
requires a phased implementation strategy that balances technological capability, economic
feasibility, and existing urban infrastructure. In the first phase (0-12 months), a pilot deploy-
ment should be conducted at one or two highly congested intersections, particularly around
major commercial centers and transport hubs. This stage should include the installation
of high-definition traffic cameras, IoT-enabled traffic controllers, edge computing devices,
and communication networks integrated with existing surveillance infrastructure. Deep
learning-based vehicle detection using lightweight YOLO architectures combined with
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Deep Reinforcement Learning (DRL) controllers should initially be evaluated within the
SUMO simulation environment before field implementation. The estimated investment
for the pilot phase is approximately USD 120,000-180,000, covering hardware acquisition,
software development, installation, and personnel training. The second phase (1224
months) should expand the system to approximately 15-20 strategically selected intersec-
tions using the validated algorithms from the pilot study. During this stage, centralized
cloud-based traffic management, real-time data analytics, emergency vehicle prioritization,
and inter-intersection coordination should be introduced to optimize network-wide traffic
flow. Additional investments of approximately USD 400,000-700,000 would primarily
support communication infrastructure, GPU-enabled servers, maintenance, and system
integration with municipal traffic management operations. The final phase (24-48 months)
should involve city-wide deployment across the principal road network, integrating adap-
tive signal control, predictive traffic management, accident detection, and continuous
performance monitoring. This stage should incorporate routine system maintenance, cyber-
security measures, periodic model retraining, and capacity building for traffic management
personnel to ensure long-term sustainability. The total implementation cost is estimated
at approximately USD 1.2-2.0 million depending on deployment scale, communication
infrastructure, and hardware specifications. A gradual implementation strategy minimizes
financial risk while allowing continuous refinement of artificial intelligence models using
locally acquired traffic data. Such a roadmap provides a realistic pathway for transforming
Riobamba into a smart mobility ecosystem while improving traffic efficiency, reducing con-
gestion, lowering emissions, and enhancing road safety through scalable and economically
sustainable intelligent transportation technologies.
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Implication for ITLS in Riobamba: A hybrid architecture combining lightweight JPEG/DCT-based monitoring with deep learning models (e.g., Faster R-CNN, YOLOv7) can
improve robustness, reduce false alarms (as seen in hail scenarios), and ensure scalable, cost-effective intelligent traffic light system deployment under Andean weather conditions.

Figure 6. Qualitative comparison of Al-based perception and adaptive traffic signal control methods
for Intelligent Traffic Light Systems. The comparison is based on the reviewed literature and does not
represent original experimental results.
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4.7. Limitations, Ethical Considerations, and Implementation Challenges

Despite the significant advances demonstrated by Intelligent Traffic Light Systems
(ITLS), several practical limitations must be considered before large-scale deployment. Most
state-of-the-art computer vision architectures, particularly Faster R-CNN, Vision Transform-
ers, and Deep Reinforcement Learning (DRL) controllers, require substantial computational
resources, including GPU-enabled hardware and high-capacity storage systems. These
requirements may present financial and operational challenges for municipalities with
limited technological infrastructure. Although lightweight models such as YOLO provide
a practical alternative with lower computational demands, they may experience slight
reductions in detection accuracy under highly congested traffic conditions. Environmental
conditions also influence system reliability. Riobamba’s Andean climate is characterized
by frequent fog, rainfall, variable illumination, and seasonal weather fluctuations that can
degrade image quality and reduce the robustness of vision-based vehicle detection and
traffic classification. Such conditions may increase false detections and missed vehicle
counts, thereby affecting the quality of adaptive signal control decisions. These challenges
can be mitigated through continuous model retraining using locally acquired datasets,
image enhancement techniques, sensor fusion, and periodic calibration of detection sys-
tems. The deployment of Al-driven traffic management systems also introduces important
ethical and data governance considerations. Continuous video surveillance generates large
volumes of visual data that require secure storage, controlled access, and compliance with
applicable data protection and privacy regulations. Appropriate anonymization proce-
dures, encryption protocols, and cybersecurity measures should therefore be incorporated
to protect individual privacy and prevent unauthorized access to traffic information. Fur-
thermore, transparency in artificial intelligence decision-making should be maintained
through explainable Al techniques to enhance public trust and enable transportation au-
thorities to interpret system recommendations. Implementation challenges extend beyond
technology to include infrastructure readiness, interoperability with existing traffic sig-
nal controllers, availability of reliable communication networks, long-term maintenance
costs, and the need for specialized technical personnel capable of operating and updat-
ing intelligent traffic management systems. A phased deployment strategy, beginning
with pilot intersections and progressively expanding following performance validation,
provides a practical pathway for minimizing financial risks while allowing continuous op-
timization of system performance. Addressing these technical, environmental, ethical, and
operational considerations will improve the long-term sustainability, reliability, and public
acceptance of Intelligent Traffic Light Systems for Riobamba and other resource-constrained
urban environments.

5. Conclusions

Integrating deep learning with adaptive reinforcement learning offers a more effective
framework for traffic optimization than traditional static signaling. This combination
enables autonomous, data-driven decision-making that can significantly improve system
performance and reduce vehicle delays.

A critical gap persists in the literature regarding the validation of these intelligent
architectures under the infrastructure and budget constraints of developing countries.
Most studies rely on simulations, which underscores the need for empirical evidence from
real-world pilot implementations to confirm long-term effectiveness.

This approach supports scalable traffic management while respecting the city’s unique
morphological and social characteristics.

Future research should prioritize multi-agent reinforcement learning and, where
appropriate, blockchain integration to facilitate secure, network-wide coordination across
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interconnected intersections. Such developments may enable a more resilient, transparent,
and decentralized mobility ecosystem.

The transition to intelligent traffic systems is a strategic necessity for sustainable
development and safety in rapidly evolving Andean cities. These innovations provide a
promising pathway toward more efficient and resilient transportation networks.

6. Recommendation for Future Research

Future research should extend the evaluation of Intelligent Traffic Light Systems by
conducting comprehensive robustness testing under adverse Andean weather conditions,
including heavy rainfall, fog, hailstorms, flooded roadways, and rapidly varying illu-
mination, all of which can significantly degrade the performance of vision-based traffic
monitoring systems. While deep learning models such as Faster R-CNN, YOLO, and
Vision Transformers have demonstrated excellent detection accuracy under standard op-
erating conditions, their computational requirements and sensitivity to environmental
disturbances necessitate complementary lightweight perception techniques for practical
deployment. A promising direction is the integration of the JPEG/DCT-based real-time
congestion monitoring framework proposed by Wiseman [67], which performs traffic con-
gestion detection directly on compressed images without requiring full image decoding,
thereby substantially reducing computational overhead while maintaining real-time per-
formance. Such lightweight approaches can function as an initial congestion screening
layer or operate alongside deep learning models to improve computational efficiency in
resource-constrained urban environments such as Riobamba. Furthermore, future studies
should investigate hybrid perception architectures capable of adapting to weather-induced
challenges illustrated in Figures 5 and 6, including water splashes from flooded roads,
reduced visibility during fog, and hail-induced false detections. Combining low-overhead
congestion monitoring techniques with advanced artificial intelligence models, sensor
fusion, explainable Al, and continual learning strategies will enhance the robustness, scal-
ability, and reliability of Intelligent Traffic Light Systems while supporting cost-effective
deployment across developing smart cities.
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Abbreviations

ITLS  Intelligent Traffic Light Systems
DRL  Deep Reinforcement Learning
DQN  Deep Q-Network

RPN  Region Proposal Network
CNN  Convolutional Neural Network
mAP  Mean Average Precision

FPS Frames Per Second

IoT Internet of Things
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