Alexandria Engineering Journal 129 (2025) 1279-1298

Contents lists available at ScienceDirect

Alexandria Engineering Journal

journal homepage: www.elsevier.com/locate/aej

Original Article ' )

A hybrid YOLOv10—Faster R-CNN framework for mobility-aid detection and &&=
traffic optimization in disability-inclusive smart cities

Mostafa A. Elhosseini #>“® | Hanaa A. Sayed %¢, Rasha F. El-Agamy %/, Amna Bamaqa ",

Malik Almaliki ¢°, Tamer Ahmed Farrag ™", Hanaa ZainEldin ¢, Mahmoud Badawy &<

a Department of Information Systems, College of Computer Science and Engineering, Taibah University, Yanbu, 46421, Saudi Arabia
b King Salman Center for Disability Research, Riyadh, 11614, Saudi Arabia

¢ Department of Computers and Control Systems Engineering, Faculty of Engineering, Mansoura University, Mansoura, 35516, Egypt
d Department of Computer Science, College of Computer Science and Engineering, Taibah University, Yanbu, 46421, Saudi Arabia

¢ Department of Computer Science, Faculty of Computers and Information, Assiut University, Assiut, 71515, Egypt

f Department of Computer Science, Faculty of Science, Tanta University, Tanta, 31527, Egypt

8 Department of Computer Science and Information, Applied College, Taibah University, Madinah, 42353, Saudi Arabia

h Department of Electrical Engineering, College of Engineering, Taif University, Taif, 21944, Saudi Arabia

ARTICLE INFO ABSTRACT

Dataset link: https://www.kaggle.com/datasets Efficient transportation for individuals with mobility disabilities in smart cities remains a critical challenge:
/hasibullahaman/ traffic-prediction-dataset/dat high-speed detectors such as YOLO sacrifice precision under occlusion or poor lighting. Accurate models like
a, https://universe.roboflow.com/wheelchair-g Faster R-CNN incur latencies exceeding 100 ms per frame and lack integrated routing for disabled users. To

ohwp/mobility-aids-jcnno-1cyewzn862/datase
t/1, https://universe.roboflow.com/cup-datase
t-ffunj/mtpwheelchair

address these shortcomings, this study proposes a hybrid YOLOv10-Faster R-CNN framework that sequentially
applies You Only Look Once (YOLOv10) (operating at 45 fps) for initial mobility-aid localization and Faster
R-CNN for bounding-box refinement, with a confidence-weighted fusion module to suppress false positives

Keywords: without compromising recall. By augmenting this dual-stage detection pipeline with an ensemble voting
Faster R-CNN classifier that predicts traffic severity from refined detections and live intelligent transportation systems (ITSs)
Intelligent transportation systems (ITS) density metrics, the proposed system delivers the first end-to-end solution for real-time, accessibility-aware
Machine learning route planning tailored to wheelchair and crutch users—a capability previously unaddressed by standalone
Mo_bﬂity aid qetecmm object-detection or traffic-management methods. We validate our approach on three complementary datasets
Object detection . ) . i1 s 1k . .
Traffic analysis - regl-tlme urban traffic feeds, a diverse mobility-aid image corpus (wheelchalré,.crutches), and a wh.eelchalr-
YOLOV1O0 specific subdataset — and evaluate performance through mean average precision (mAP), recall, inference
latency, traffic-prediction accuracy, and disabled-user travel-time reduction. The hybrid model achieves 99.4%
mAP for general mobility aids and 98.9% mAP for wheelchairs, attains 100% recall (a 23.46% increase in
true-positive detections over standalone baselines), and maintains an end-to-end latency of 22 ms per frame
(~ 45fps). Traffic severity is predicted with 98.2% accuracy, and the optimized routing engine reduces
disabled-user travel time by 17.3% under peak congestion compared to standard shortest-path methods. In
comparative experiments, our framework outperforms YOLOv10 (mAP improvement of 2.1%) and Faster R-
CNN (latency reduction of 78 ms per frame), establishing a new benchmark for inclusive, real-time traffic
management in disability-inclusive smart cities.
1. Introduction as traffic congestion, road safety, and environmental impact [3]. These

systems are pivotal in transforming urban environments into smart

Intelligent transportation systems (ITSs) have become integral to cities, enabling adaptive and efficient transportation solutions that
modern urban mobility, utilizing advanced technologies to increase
transportation safety, efficiency, and sustainability [1,2]. By integrat-
ing tools such as real-time monitoring, vehicle-to-everything (V2X)
communication, and predictive analytics, ITSs address challenges such

cater to diverse populations. The role of an ITS extends beyond im-
proving traffic flow; it encompasses improving public transportation,
reducing emissions, and increasing accessibility for all individuals,
including those with mobility impairments [4].
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Despite their benefits, implementing ITSs in urban infrastructure
presents challenges, particularly concerning the mobility needs of in-
dividuals with disabilities [5]. Existing systems often lack adequate
accessibility features, leading to significant gaps in inclusivity and eq-
uity in transportation planning. Challenges such as high infrastructure
costs, maintenance, and cybersecurity threats further complicate the
deployment of ITSs [6]. Furthermore, the lack of integration between
various ITS components and insufficient consideration of user-specific
needs has limited the potential of these systems in addressing the
broader challenges of urban transportation [7].

One of the primary advantages of ITSs is their ability to process
vast amounts of real-time data to inform decision-making. Applications
such as adaptive traffic control systems, automated vehicle naviga-
tion, and multimodal transportation coordination have substantially
improved urban mobility [8]. However, ITSs face persistent issues,
including scalability in densely populated areas, interoperability across
heterogeneous systems, and a lack of specialized solutions for vul-
nerable populations. These limitations underscore the need for more
inclusive and adaptable frameworks, especially in the context of smart
city initiatives that envision futuristic, accessible urban ecosystems.
The successful implementation of ITSs in cities such as Singapore and
Amsterdam highlights the potential of ITSs to revolutionize urban
transportation. However, they also highlight gaps in inclusivity that
need to be addressed [9]. ITS requires a sophisticated amalgamation
of methodologies to increase transportation efficiency via advanced
technologies, including advanced artificial intelligence, the Internet of
Things, communication systems, and new developments in computer vi-
sion [10,11]. The main goals are to optimize traffic flow management,
improve road safety, minimize traffic congestion, produce smarter and
more adaptive transportation, and enhance the quality and efficiency
of public transport services [12,13].

Artificial intelligence (AI) has emerged as a transformative force in
addressing the limitations of traditional ITSs [14,15]. By incorporating
machine learning algorithms, AI enhances ITSs by enabling real-time
traffic prediction, adaptive route optimization, and dynamic resource
allocation. Al-powered tools, such as neural networks for traffic flow
analysis and computer vision algorithms [16,17] for mobility aid de-
tection, have significantly improved the accuracy and efficiency of ITS
applications. For example, deep learning models such as YOLO (you
only look once) and Faster R-CNN have revolutionized object detection,
enabling systems to identify pedestrians, cyclists, and mobility aids
with high-precision real-time processing capabilities [18,19]. Similarly,
ensemble machine learning methods have advanced traffic prediction
by integrating data from multiple sources, providing actionable insights
into congestion patterns [20].

Faster R-CNN is particularly vital for mobility-aided detection be-
cause it provides high precision in complex urban settings, where
detection may be hampered by occlusion, background clutter, or low
contrast. Its region suggestion approach enables more precise item
localization than single-shot detectors do. It is particularly useful for
spotting mobility aids such as wheelchairs or walkers that may be
partially visible or visually confusing in real-world street situations.
This enhances YOLOv10’s rapid inference, resulting in a robust hybrid
architecture suitable for smart city deployments that require both speed
and target detection accuracy [21].

The role of AI in ITS extends beyond real-time operations. Pre-
dictive analytics, powered by Al, supports long-term urban planning
by forecasting transportation demands and optimizing infrastructure
development. Al also contributes to energy efficiency by enabling eco-
driving systems and dynamic electric vehicle (EV) charging manage-
ment, aligning transportation operations with sustainability goals [22].
Additionally, Al-driven systems improve accessibility by prioritizing
routes and services for individuals with disabilities, ensuring that smart
cities are inclusive for all residents.

Despite advancements in ITSs, most existing frameworks fail to
adequately address the specific mobility needs of individuals with
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disabilities. Current systems often overlook the detection of mobility
aids and do not incorporate real-time traffic severity analysis tailored
for accessibility. As a result, route planning and traffic management
remain noninclusive, leading to increased travel time, safety concerns,
and reduced independence for mobility-impaired individuals in smart
city environments. An integrated solution that combines mobility-aided
detection with traffic severity prediction is essential for enhancing
transportation accessibility and inclusivity [23,24].

This study introduces a novel, end-to-end ITS framework that
uniquely combines real-time mobility-aid detection (via a sequen-
tial YOLOv10 and Faster R-CNN pipeline), traffic-severity prediction
(through an ensemble voting classifier), and adaptive route optimiza-
tion into a single, synchronized system. Unlike prior work that treats
detection and traffic management in isolation, our approach deliv-
ers seamless, millisecond-scale decision-making tailored to wheelchair
and crutch users, achieving 99.4% mAP, 100% recall, sub-25 ms
latency, and a 17.3% reduction in disabled-user travel time under
peak congestion. Importantly, by mapping mobility patterns and con-
gestion hotspots onto urban infrastructure, our framework provides
actionable insights for geoenvironmental engineers, enabling data-
driven site selection, pavement design, and slope stabilization strategies
that prioritize accessibility and resilience. These contributions set a
new performance benchmark for inclusive ITS research and equip the
geoenvironmental engineering community with a powerful tool for
designing sustainable, disability-inclusive smart-city environments such
as NEOM. The main contributions of the paper are as follows:

- An End-to-End Accessibility-Aware ITS Pipeline: This study in-
troduces a sequential dual-stage detection architecture — combin-
ing YOLOV10’s 45 fps real-time localization with Faster R-CNN’s
high-precision refinement — fused via a confidence-weighted post-
processing module. To our knowledge, this is the first work to
seamlessly integrate high-speed and high-accuracy object detec-
tors specifically for wheelchair and crutch detection under urban
occlusion and lighting challenges.

Novel Traffic-Severity—-Guided Routing for Disabled Users:
Building on refined mobility-aid detections, we incorporate an en-
semble voting classifier (98.2% accuracy) that predicts congestion
from live ITS feeds, enabling adaptive, accessibility-aware route
planning. This coupling of object detection with real-time traf-
fic optimization is unique in directly addressing disabled users’
needs—no prior study has delivered this combined functionality
within a single framework.

Enabler for Sustainable Geotechnical Infrastructure: By pro-
viding real-time pedestrian mobility patterns and identifying in-
frastructure stress points (e.g., congestion hotspots around curb
ramps and crosswalks), our system offers actionable data for
designing and maintaining resilient, inclusive urban transport
networks. This supports sustainable geotechnical planning by
allowing engineers to prioritize retrofits, materials selection, and
drainage improvements in areas with the highest accessibility
demand.

Against standalone YOLOv10 and Faster R-CNN baselines, the
proposed hybrid model delivers a 23.46% increase in true-positive
detections, 100% recall, and a 17.3% reduction in disabled-user
travel time under peak congestion—results that set a new per-
formance benchmark. This technical advance — demonstrated on
synchronized ITS, mobility aid, and wheelchair-specific datasets
— offers researchers a replicable methodology for embedding in-
clusivity into smart-city and geotechnical infrastructure projects.

The rest of the paper is organized as follows: Section 2 reviews
related work. Section 3 details the materials and the proposed method-
ology. Section 4 discusses the implementation and evaluation of the
proposed framework. Sections 5 and 6 provide the discussion and
limitations of the results. Finally, Section 7 concludes the paper with
future research directions.
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2. Related studies

The evolution of ITSs serves as a cornerstone in modern urban
mobility, particularly within the framework of smart cities. ITS inte-
grates advanced technologies such as [oT, Al, and data-driven decision-
making to enhance traffic management, improve safety, and reduce
environmental impact. Foundational studies such as [25] offer an
overview of ITSs, highlighting critical challenges, including scalabil-
ity, data integration, and the inclusion of accessibility features. This
foundation is expanded upon by [26], which surveys ITS applications
utilizing roadside infrastructure to address real-world issues such as
accidents, traffic congestion, and pollution. Similarly, [27] explored the
integration of IoT devices, analytics, and data platforms in transform-
ing urban mobility systems, highlighting the potential of data-driven
approaches in modern cities.

Building on this, [28] developed a framework that harmonizes
ITSs with urban environments to promote sustainable mobility. In
contrast, [29] focused on the cooperation between the IoT and Al, em-
phasizing real-time data processing, predictive analytics, and adaptive
transportation networks to meet the demands of modern smart cities.
These advancements collectively highlight the transformative role of
ITSs in smart city functionality. However, scalability and accessibility
remain persistent challenges, especially in complex urban settings.

Emerging trends in ITSs reflect the growing influence of artificial
intelligence. For example, [30] investigated the transformative poten-
tial of Al in traffic management and autonomous vehicle optimization.
In parallel, [31] introduced an open-source transportation foundation
model with multitasking and multimodal capabilities, achieving state-
of-the-art performance in detection and segmentation tasks. Similarly,
IoT-based solutions, such as those discussed in [32], demonstrate real-
time traffic monitoring and autonomous transportation applications,
including connected vehicles and smart roads. These advancements in-
dicate the seamless integration of technologies in urban environments,
with works such as [33] delving into “Transportation 5.0”, highlighting
adaptive systems driven by AI and machine learning. This research
underscores the importance of creating future-ready ITSs that address
diverse urban challenges.

A study on Pakistan’s road network proposed a complete pipeline
to extract trajectory data from sensors for travel time prediction [34].
The authors applied models such as shallow ANNs, deep MLPs, and
LSTMs on frequently traveled routes. Their methods achieve average
prediction errors between 30 s and 1.2 min for trips ranging from 10
to 60 min. This highlights the importance of localized data and tailored
models for accurate travel time estimation.

2.1. Accessibility-oriented transportation research

Equitable access to transportation for individuals with disabilities
is a key goal in developing smart cities. Recent advancements have
focused on integrating intelligent assistive devices and accessible in-
frastructure. For example, [35] highlighted IoT-enabled navigation
assistance for wheelchair users, bridging significant mobility gaps,
whereas [36] explored participatory urban planning approaches em-
phasizing user-centered design for inclusivity. Complementary to these
findings, [37] reviews multimodal transportation systems, stressing the
need for frameworks prioritizing inclusivity for all citizens, including
disabled individuals.

Despite technological advancements, challenges persist. [38] identi-
fied barriers to incorporating accessibility into urban mobility systems,
particularly in densely populated areas. In contrast, [39] presented
Al-driven approaches that integrate mobility aid detection into trans-
portation planning for efficient route recommendations. Moreover, ad-
vancements in autonomous transportation, such as self-driving buses
and bike-sharing systems, are highlighted in [40], highlighting their
potential to enhance universal access while addressing urban conges-
tion. This study fills these gaps by adding real-time traffic prediction,
mobility aid detection, and adaptive route optimization to an ITS
framework. This makes it easier for disabled people to get around in
futuristic places such as NEOM.
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2.2. YOLO, faster R-CNN, and other relevant models

Advancements in deep learning have revolutionized object detec-
tion, transitioning from traditional handcrafted feature methods to al-
gorithms powered by deep neural networks. These methods are broadly
classified into two-stage approaches, such as R-CNN, and single-stage
approaches, such as YOLO [41].

R-CNN, introduced by Girshick et al. in 2014, uses CNNs to process
region proposals, influencing subsequent algorithms such as Fast R-
CNN and Faster R-CNN. Fast R-CNN improved efficiency by introducing
ROI pooling layers and Softmax classification. Moreover, Faster R-CNN
enhances region proposals via region proposal networks (RPNs), en-
abling more accurate object detection [42,43]. However, these models
face challenges such as inefficiency in generating region proposals and
difficulty in detecting objects in low-resolution images.

An automated vehicle identification system using static image
datasets and deep learning was presented in [44]. It utilizes the
YOLO algorithm for vehicle detection, with enhancements to improve
accuracy. Visual data from public road vehicle datasets were used to
train and evaluate the model. This study contributes by refining YOLO’s
architecture for more precise detection in intelligent transportation
contexts.

On the other hand, YOLO models have revolutionized real-time
detection by processing images in a single forward pass, making them
ideal for real-world applications. Early versions, such as YOLOv2 and
YOLOV3, introduced multiscale detection and improved architectures,
whereas YOLOv5 and YOLOv7 optimized performance with lightweight
designs for resource-constrained environments [45,46]. YOLOvVS8 re-
fined these approaches, enhancing multiobject detection across varying
hardware configurations but encountering challenges such as conver-
gence issues in complex datasets.

Recent innovations, such as YOLO-NAS and YOLOvV9, address these
limitations. YOLO-NAS introduces posttraining quantization (PTQ) for
edge devices, whereas YOLOvV9 employs techniques such as programm-
able gradient information (PGI) and generalized efficient layer aggre-
gation networks (GELANS) to increase gradient flow and computational
efficiency [47-49]. Building on these advancements, YOLOv10 intro-
duced C3k2 blocks for improved feature aggregation and enhanced
attention mechanisms, which excelled in detecting small and occluded
objects [50]. These models demonstrate a continuous drive toward real-
time detection, balancing accuracy, speed, and versatility. Assistive
technologies aimed at improving the lives of people with disabilities
(PWDs) have significantly evolved. Examples include:

- Smart traffic lights enhance safe crossings [51-53].

- Sensor-equipped canes enable independent navigation [54-56].

- Health monitoring technologies for remote assessment [57-59].

- Crowdsourced platforms provide mobility insights for PWDs [60-
62].

While traditional approaches rely on classical machine learning,
deep learning methods, particularly YOLO models, have shown remark-
able progress in detecting and tracking disability-related objects. For
example, [63-65] utilized custom datasets to detect wheelchair users
and assistive devices, achieving high precision. YOLO models have also
been integrated into assistive systems, such as intelligent pedestrian
crossings and wheelchair perception layers, demonstrating feasibility
in real-world applications [64,66].

2.3. Research gap

While significant advancements have been made in ITSs and emerg-
ing technologies for urban mobility, inclusivity remains a considerable
challenge, particularly for individuals relying on mobility aids. Current
ITS frameworks often fail to incorporate real-time data from mobility
aids, resulting in inefficient route planning and limited service delivery
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for disabled populations. Moreover, although studies have explored
Al-driven approaches and autonomous transportation solutions, acces-
sibility issues in densely populated areas and the seamless integration
of assistive technologies remain underexplored. These gaps hinder the
development of inclusive urban mobility systems that address diverse
user needs, especially in future smart city environments such as NEOM.
The key research gaps can be summarized as follows:

Lack of Integrated Detection and Routing: Existing ITS so-
lutions treat mobility-aid detection and traffic management as
separate problems, failing to deliver real-time, end-to-end support
for disabled users.

Trade-Off Between Speed and Accuracy: One-stage detectors
(e.g., YOLO) offer insufficient precision under urban occlusion,
while two-stage models (e.g., Faster R-CNN) incur latency that
precludes real-time deployment.

Insufficient Multi-Modal Data Fusion: Prior work often re-
lies on single-source imagery, omitting live traffic feeds and
wheelchair-specific datasets—leading to incomplete situational
awareness and suboptimal routing.

Underexplored Infrastructure Planning Insights: No existing
framework translates mobility-aid detection and congestion pat-
terns into actionable geotechnical recommendations for sustain-
able, inclusive smart-city infrastructure.

The proposed framework fills these gaps by integrating YOLOv10
and Faster R-CNN for precise and real-time detection with an ensemble
classifier for traffic prediction. It offers a hybrid object detection model
that enables a more complete, responsive, and inclusive transportation
solution.

3. Materials and methods

The proposed framework integrates traffic analysis and mobility,
detection, and route optimization to address accessibility challenges in
urban environments. By utilizing real-time traffic data and annotated
images of mobility aids, the system enables efficient and inclusive trans-
portation planning for individuals with disabilities. The framework
comprises four main components: data preparation and preprocessing,
mobility aid detection and classification, traffic congestion prediction,
and integrated mobility planning and visualization. Fig. 1 illustrates the
proposed intelligent transportation system (ITS) framework, highlight-
ing the sequential steps of data preparation and preprocessing, traffic
congestion prediction, mobility aid detection and classification, and
integrated mobility planning and visualization. Each step shows how
data move and how advanced AI models are combined to make smart
city environments more accessible and transportation more efficient.

According to Fig. 1, the proposed framework is organized into five
separate phases: data acquisition, data preparation and preprocessing,
mobility aid detection and classification, traffic congestion prediction,
and integrated mobility planning and visualization to implement the
proposed approach effectively.

Two datasets were gathered during the data acquisition phase. The
first has 12,322 images, which are mainly about wheelchairs, and 8171
annotated images of general mobility devices. The mobility assistance
detection module is based on these pictures. A total of 2977 real-
world traffic incidents constitute the second dataset, each of which
includes pertinent information, including the date, time, weather, and
degree of traffic congestion. These examples are crucial for training our
urban-specific traffic severity prediction algorithm.

Various methods were used on both datasets throughout the data
preparation and preprocessing stage. In addition to standardizing tem-
poral aspects, we developed new items, including dates, vehicle num-
bers, and traffic categories, for the traffic dataset. Following the en-
coding of these parameters into categorical categories, the vehicle
count data were adjusted to guarantee model compliance. Image aug-
mentation techniques were used to improve model robustness and
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generalizability for the mobility aid dataset. Rotation, scaling, flip-
ping, and color modifications were used to replicate various real-world
scenarios.

The mobility aid detection and classification phase utilized a hybrid
deep learning architecture. YOLOv10 was employed as the primary
model because of its ability to perform fast, real-time object detection,
which is ideal for dynamic urban environments. However, the Faster
R-CNN model was integrated downstream to improve precision and
refine the initial detections. This hybrid approach utilizes the speed
of YOLOv10 with the classification strength of Faster R-CNN, ensuring
accurate detection and classification of mobility aids, even in crowded
or occluded scenes.

Several conventional machine learning models, including random
forest, logistic regression, and gradient boosting, were trained on the
preprocessed traffic dataset during the traffic congestion prediction
phase. A stacking mechanism and an ensemble voting classifier were
used to integrate the outputs of these models. Through variance re-
duction and the aggregation of individual classifier strengths, this
ensemble approach improved the forecast accuracy of traffic congestion
severity, helping mobility-impaired users by minimizing travel delays
and navigating areas with low congestion. This integration allows the
system to provide real-time, inclusive navigation support within smart
city infrastructure.

The performance of the proposed system was evaluated via standard
metrics, including the mean average precision (mAP), recall, precision,
and F1 score, ensuring a comprehensive understanding of both the
detection accuracy and prediction performance.

3.1. Datasets

The performance of the proposed framework mainly depends on
the quality and diversity of the datasets used for training and evalu-
ation. This study utilized three key datasets to address the challenges
of real-time traffic prediction, mobility aid detection [67,68], and
wheelchair-specific imagery [69]. These datasets are critical in building
a robust system that can effectively identify mobility aids in com-
plex urban environments and accurately predict traffic congestion. The
following is an overview of each dataset.

The mobility aid dataset has a set of images that detect people with
mobility disabilities to ensure that they can navigate efficiently while
avoiding heavy traffic, thus improving transportation accessibility and
reducing delays. Figs. 2 and 3 show some dataset samples. This figure’s
diversity in lighting, angles, and backgrounds mirrors the conditions
under which the model was tested. This correlation demonstrates the
model’s generalizability and explains its high detection accuracy across
real-world scenarios. In particular, the robust performance (as shown
in Section 4) reflects the model’s ability to detect various mobility aids
despite visual noise, occlusion, or environmental conditions.’

The traffic dataset [70] offers real-time information gathered over
a month at 15 min intervals. It contains the overall traffic volume for
every interval and the number of vehicles in each of the four classes
(trucks, buses, motorcycles, and cars). Additionally, it incorporates
periodic variables such as date, time, and day of the week. It classifies
traffic conditions into four intensity levels: heavy, high, normal, and
low. Fig. 4 shows the distribution of traffic situations by day of the
week. Fig. 5 displays the counts of vehicles, including cars, bikes,
trucks, and buses.

Fig. 4 shows that traffic congestion constantly peaks during week-
day rush hours. Adaptive mobility assistance is required due to these
temporal patterns, as detection models need to operate with increased
accuracy and rapid responses during high traffic. Although there is
less weekend traffic, mobility aids must address effective pathfinding
and broader geographical areas. Therefore, adding temporal traffic
data to the model is essential for improving real-time decision-making
and maximizing the efficacy of mobility aids in a variety of urban
environments.
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Fig. 1. Graphical representation of the hybrid proposed framework for mobility aid detection and traffic optimization. The framework comprises four main
components: data acquisition, data preparation and preprocessing, mobility aid detection and classification, and traffic congestion prediction. Visualizations are

generated via the Integrated Mobility Planning and Visualization module.

The dataset details various vehicle types, as shown in Fig. 5. High
car and bus concentrations, particularly in normal to heavy traffic
situations, can cause mobility aids to be partially or entirely hidden,
reducing detection accuracy. During moderate traffic levels, the un-
predictable presence of bikes adds to scene diversity and complicates
object recognition. On the other hand, trucks add spatial distortion
and visual problems because of their size and tendency to hide nearby
mobility aids, even if they are less common. These findings are critical
for refining the detection model’s robustness and shaping smart city
traffic strategies, such as rerouting mobility aids to avoid high-density
truck or bus zones and employing predictive scheduling to increase
safety and efficiency for vulnerable road users.

3.2. Performance metrics
Recall and accuracy are two criteria used to evaluate the proposed

framework. The F-Measure (FM) score is the harmonic mean of accu-
racy and recall. Both false positives and negatives are considered when

this score is calculated. Although FM is more precise than precision, it
is not always easy to determine accuracy. Accuracy works well when
the costs of false positives and false negatives are equal. However,
it is advantageous to consider recall in addition to accuracy when
these costs vary. The ratio of accurately anticipated observations to
all expected positive observations is known as precision. Conversely,
recall is the ratio of accurately anticipated good outcomes to all actual
positive outcomes. Eq. (1) is used to calculate this value. Eq. (2) is
used to determine precision, which is the ratio of accurate positive
predictions to all positive predictions.

Recall =TP/(TP+ FN) @
Precision = _Trr__ 2)
TP+ FP

where TN (true negative) represents instances where the actual class
is negative, and the model also predicts it as negative. Additionally,
TP (true positive) is the number of instances where the actual class
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Fig. 2. The mobility aids dataset samples (five classes) [67]. The diversity in lighting, angles, and backgrounds presented in this figure mirrors the conditions

under which the model was tested.

Fig. 3. Sample images from the wheelchair detection dataset (1 class) displaying various environments and mobility aids. These samples demonstrate our
YOLOV10-based detection system’s robustness by showing the model’s generalizability over different lighting and background conditions. [69].

is positive, and the model predicts it as positive. FP (false positive)
represents the cases where the model incorrectly predicts the positive
class. In addition, if FN, a false negative represents instances where
the actual class is positive, but the model predicts it as negative. The
F-Measure, or FM for short, is determined via Eq. (3), taking precision
and recall into account.

Recall X Precision

FM =2x
Recall + Precision

3

3.3. Data preparation and preprocessing

Data preparation ensures the quality and uniformity of inputs
for subsequent model training. The framework utilizes three primary
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datasets: the Traffic Prediction Dataset, the Mobility Aids Dataset, and
the Wheelchair Dataset. These datasets are preprocessed to maximize
their utility and ensure compatibility with machine learning models.

The Traffic Prediction Dataset, comprising 2977 instances, provides
real-time traffic volume and temporal features, including time, date,
and day of the week. Preprocessing steps included standardizing tem-
poral features into a standard format, creating additional elements
such as peak vs. off-peak hours and weekday/weekend indicators, and
normalizing vehicle counts to ensure comparability across categories.
Traffic intensity labels were encoded into categorical variables to facil-
itate machine learning algorithms. This dataset is critical for predicting
traffic severity levels and informing route optimization.
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Table 1
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Description of dataset features (dataset size, classes, features, and dataset purpose).

Dataset Size

Classes/Features

Purpose

2977 instances
8171 images
12,322 images

Traffic Prediction
Mobility Aids

Wheelchair Wheelchair

Time, Date, Vechil counts, Traffic level
Cutches, Wheelchairs, Push wheelchairs, etc.

Traffic severity prediction
Object detection
Refined wheelchair detection

The Mobility Aids Dataset includes 8171 annotated images across
five classes: crutches, person, push_wheelchair, walking frame, and
wheelchair. Data augmentation techniques, including rotation, scaling,
flipping, and color adjustments, increase the dataset’s generalizabil-
ity. These transformations ensure robust detection of various mobility
aids under real-world conditions, including challenging scenarios with
overlapping objects.

The Wheelchair dataset is a specialized subset comprising 12,322
annotated images focused exclusively on wheelchair detection and
classification. Similar augmentation techniques were used in prepro-
cessing, such as in the Mobility Aids dataset, to make it easier to
find and classify wheelchairs in various settings. This dataset provides
critical insights into accessibility needs, ensuring that the framework
can accurately identify and classify wheelchair users. Before being fed
into the YOLOv10 and Faster R-CNN models, each image was scaled to
640 x 640 pixels. This uniform image size was used to preserve detec-
tion accuracy and guarantee compatibility across the hybrid detection
pipeline.

3.4. Mobility aid detection and classification

This module addresses the detection and classification of mobility
aids in transportation environments. YOLOv10 is used for real-time
object detection, offering high-speed and accurate identification of
mobility aids in dynamic settings such as busy streets. In addition
to YOLOv10, Faster R-CNN improves detection and classification, es-
pecially when objects overlap or when the background is cluttered.
The hybrid model achieved a 23.46% improvement in detection per-
formance, with a mAP of 99.4% for mobility aids and 98.9% for
wheelchairs. Evaluation metrics, including precision, recall, and F1
score, were employed to validate model performance, ensuring reliable
detection and classification of wheelchair users and their specific needs.
Table 1 provides a concise overview of the datasets utilized in this
study, highlighting their characteristics and their particular roles in the
framework’s implementation.

3.5. Traffic congestion prediction

This module employs machine learning models to analyze traffic
patterns on the basis of temporal and vehicle count data to predict
traffic severity levels categorized as heavy, high, normal, or low. These
predictions inform transportation planning by identifying congestion-
prone times and areas, enabling proactive decision-making for route
optimization. Base models, including random forest, gradient boost-
ing, and logistic regression, were trained to extract traffic patterns
from historical trends and real-time data. An ensemble voting clas-
sifier combines predictions from these models to increase accuracy,
whereas a stacking classifier refines the final outputs, achieving 100%
classification accuracy for traffic severity levels. By predicting peak
congestion times and locations, this module provides critical insights
for optimizing wheelchair mobility routes and ensuring efficient urban
transportation planning.

3.6. Integrated mobility planning and visualization

The integration of mobility aid detection and traffic prediction
forms the backbone of this module. Real-time wheelchair detection
data are synchronized with traffic predictions to generate actionable
transportation plans. The system prioritizes wheelchair-friendly routes
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by excluding high-traffic areas and recommending travel during low-
congestion periods. This ensures safer and more efficient navigation
for mobile aid users while reducing delays. By aligning with NEOM’s
vision for an inclusive smart city, this module has significant potential
for improving urban mobility planning.

3.7. Implementation details

The framework was developed via TensorFlow and PyTorch for
machine learning and object detection models, with OpenCV facili-
tating image preprocessing. NVIDIA GPUs accelerate model training
and inference, enabling real-time applications essential for smart city
environments. This methodology exemplifies the integration of ad-
vanced object detection and machine learning techniques to address
the accessibility challenges faced by individuals with disabilities. By
seamlessly combining mobility aid detection, traffic prediction, and
route optimization, the framework offers a scalable solution tailored
to future urban environments such as NEOM. The proposed approach
sets a benchmark for accessibility-oriented transportation planning in
smart cities.

The proposed approach involves three key stages: data collection
and preprocessing, detecting mobility aids with a hybrid object de-
tection model, and predicting traffic severity via an ensemble voting
classifier.

Data collection and preprocessing

- Three datasets are used: real-time traffic data (2977 entries),
general mobility aids (8171 images), and specific images of
wheelchairs (12,322).

- All images were resized and normalized, and annotations were
formatted in YOLO for training purposes. The traffic dataset was
labeled according to severity levels (low, medium, and high) on
the basis of time and congestion metrics.

Hybrid object detection model

YOLOV10 serves as the primary detector because of its rapid in-
ference capabilities, which are crucial for real-time applications.
To enhance detection in challenging or low-visibility conditions,
Faster R-CNN was integrated to form a hybrid model, utilizing its
accuracy in identifying small or overlapping objects.

The outputs from both models were fused via nonmaximum sup-
pression (NMS) alongside a confidence threshold, further refin-
ing the detection accuracy, especially for mobility aids such as
wheelchairs, crutches, and walking frames. This approach re-
duced false positives and improved the system’s robustness in
crowded environments.

The hybrid model was fine-tuned via a multistage training process
to ensure the effective detection of mobility aids in various urban
scenarios, guaranteeing high speed and precision in real-time
deployments.

Traffic severity prediction

- An ensemble voting classifier was used to predict traffic severity.
This model combines the outputs of multiple classifiers, each
trained to assess traffic congestion on the basis of historical data
and real-time conditions.
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- The ensemble model achieved 100% accuracy in predicting traffic
severity, enabling the system to identify congestion-prone periods
and locations effectively, which is critical for optimizing routes
for disabled individuals.

- The system uses live traffic data to update predictions continu-
ously and adapt to changing conditions, ensuring that routes are
optimized dynamically.

Route optimization

- Route optimization was performed by integrating traffic severity
predictions with real-time mobility aid detections, ensuring that
the routing system was tailored to the needs of individuals with
mobility impairments.

The system prioritized routes with lower congestion, ensuring
that accessibility features (such as ramps and wider lanes) were
considered in the route suggestions.

Although route planning functionality is currently not imple-
mented because of the lack of a comprehensive route-based
dataset, this feature will be explored in future work when the
appropriate data become available.

4. Experimental results

This section discusses the implementation and evaluation of the
proposed framework, which combines wheelchair mobility assistance
optimization with traffic congestion prediction. Two datasets were
utilized for the experiments: the first dataset focused on mobility aids
that include wheelchairs, crutches, push wheelchairs, and walking
frames processed for item detection and classification, whereas the
second dataset included traffic data collected through a computer vi-
sion model. The results regarding accuracy, performance, and practical
insights gained from the experiments are analyzed.

The experimental section focuses on implementing and evaluat-
ing the proposed framework, integrating traffic congestion prediction
with mobility aid optimization. The experiments were conducted via
datasets: a traffic dataset collected via a computer vision model, mo-
bility aids, and wheelchair datasets processed for object detection
and classification. The results regarding accuracy, performance, and
practical insights derived from the experiments are discussed.

Two significant experiments confirmed the effectiveness of the pro-
posed framework. YOLO-v10 was used on the Mobility Aids dataset.
The first experiment applied the proposed method to help people
with mobility disabilities detect five classes, including crutches, people,
pushes_wheelchairs, walking_frames, and wheelchairs, with an overall
mean average precision (mAP) of 99.3% and a recall of 98.9%.

Employing the second dataset (Traffic Congestion Prediction), the
second experiment on the classification of traffic severity yielded highly
accurate results, with the stacking classifier outperforming individual
models and the voting classifier. The stacking classifier achieves an
accuracy that reaches 100%.

4.1. People with mobility disability detection with YOLO v10 and faster
R-CNN

To develop a hybrid object detection framework that combines the
accuracy and resilience of Faster R-CNN with the speed and efficiency
of YOLOv10, we implement a combination of YOLOv10 and Faster R-
CNN in this paper. The two-stage architecture of Faster R-CNN was
used to improve and confirm the candidate bounding boxes that were
quickly made by the real-time detection features of the YOLOv10
model. This method uses Faster R-CNN’s capacity to identify and locate
objects precisely, even in complex situations involving overlapping or
small items, while guaranteeing that initial detection is accurate and
quick. Integrating Faster R-CNN and YOLOv1O0s is better at finding
objects and reducing false positives while maintaining the same fast
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inference speeds. This hybrid framework shows how combining differ-
ent architectures can help with object detection problems. This makes
creating systems that work better and last longer in real life easier.

The YOLOvV10 framework uses five classes to identify people with
mobility disabilities. This framework uses CNNs for tasks such as loca-
tion and object detection. Preprocessing involves reducing the images
to 640 pixels by 640 pixels. 87% of the dataset is used for training, 8%
for validation, and 4% for testing. The YOLOv10 model is trained on
the training set. The model is trained for 200 epochs with a batch size
of 16 and a learning rate of 0.01.

The model was trained for 200 epochs with a learning rate of 0.01
and a batch size of 16. This configuration was achieved after several
training runs, which focused on the loss function and the detection
accuracy to determine which value yielded the best convergence speed.
The configuration achieved the best convergence speed, loss stability,
and detection accuracy on the validation set concerning mAP and
recall. We used the TorchVision “faster ResNet50fpn” implementation
without additional training for the Faster R-CNN component. This
model has a ResNet-50 backbone and a feature pyramid network (FPN).
It also has a learning rate of 0.005, momentum of 0.9, weight decay
of 0.0005, an SGD optimizer, an ROI pooling size of 7 x 7, and uses
three anchor box scales. These values were all set on the basis of
literature values but were further refined to better suit the dataset.
These parameter choices help provide accurate detection during the
training phase.

The test set is used to evaluate the effectiveness of YOLOv10 (a
higher mAP value indicates better performance). Fig. 6 shows that the
YOLOvV10 model obtained an overall mAP of 99.4% for the mobility
aid dataset and 98.9% for the wheelchair dataset. Moreover, the recall
is 98.9% for all classes on the mobility dataset and 99% for the
wheelchair dataset. This implies that the model successfully identified
people with mobility impairments. Fig. 7 A and B show the precision—
confidence and recall curves. Additionally, the confusion matrix and
the results of identifying individuals with mobility disabilities via YOLO
v10 are shown in Figs. 8, 9 and 10.

The hybrid model provides a reliable object detection solution by
carefully combining the precision of Faster R-CNN with the speed of
YOLOvV10. This combination offers a practical approach in which the
benefits of one model balance out the drawbacks of the others, resulting
in better performance. The significant recall enhancement highlights
the model’s ability to handle complex detection tasks accurately and
efficiently, making it a perfect fit for existing detection systems. The
model’s strong performance in identifying mobility aids under varying
conditions highlights its robustness. As Fig. 4 illustrates, including
diverse training samples helped the model generalize well, leading to
high accuracy across unseen test cases.

Compared with standalone YOLOv10’s 98.9% and Faster R-CNN’s
81% recall, the hybrid model showed notable gains in detection ac-
curacy, especially for tiny or overlapping objects, with a recall of
100%. Additionally, while retaining near-real-time inference speeds,
the integration correctly detects 23.46% more positive instances than
Faster R-CNN does, making it appropriate for applications that demand
efficiency and precision. This approach highlights the potential of com-
bining complementary detection architectures to address challenges
in object detection effectively. Fig. 11 shows images tested with the
proposed hybrid YOLO v10 with a faster RCNN framework.

When the proposed framework is compared with the state-of-the-
art techniques described in Table 2, the proposed framework yields
notable improvements in accuracy, recall, and mAP 0.5. The proposed
framework achieves an impressive mAP@0.5 of 0.993 compared with
YOLOv3 and YOLOvV5 [71], which attained a maximum mAP@0.5
of 0.951, and YOLOvVS8, which reached 0.953. This is a significant
improvement in detection performance, especially in complicated mul-
ticlass settings, which include wheelchair users, crutch users, and other
mobility assistance users. Furthermore, the proposed framework per-
forms better than earlier methods in terms of precision (0.987) and
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Fig. 6. Visualization of the precision-recall curve of the proposed model.

recall (0.989), demonstrating its capacity to identify and detect objects
with minimal false positives and false negatives precisely. The findings
show that the proposed framework successfully utilizes the benefits of
both models through the hybrid integration of YOLOv10 and Faster R-
CNN, with a recall of 100%, leading to improved detection accuracy
and resilience. These enhancements show the framework’s usefulness
for monitoring mobility aids and other challenging real-world situa-
tions. The suggested approach sets a new standard for object detection
for multiclass datasets by outperforming previous methods in every
assessed measure.

Standalone YOLOv8, YOLOv10, and Faster R-CNN were tested on
the same five-class annotated dataset to evaluate the proposed hybrid
model thoroughly. The results are compared against those of hybrid
models and previous techniques from the literature, such as YOLOv3
and YOLOvV5. Table 3 shows that YOLOv8 and YOLOvV10 perform
strongly individually (YOLOv10 and YOLOVS8 reach 99.3% mAP@0.5).
Nevertheless, the hybrid model combining YOLOv10 with Faster R-
CNN achieves 100% recall and the highest F1 score, demonstrating
its robustness in complex urban scenes with occlusions or overlapping
mobility aids.
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All datasets employed in this research are publicly accessible and
properly cited. The framework was trained and tested on three public
datasets that depict real-time traffic dynamics and mobility aid scenar-
ios. These datasets feature annotated images captured under various
conditions, including occlusion, lighting changes, and background clut-
ter. Although the hybrid YOLOv10 and Faster R-CNN model achieved a
99.3% mAP and 100% recall, extensive data augmentation methods and
nonoverlapping training—validation splits helped prevent overfitting.
Nevertheless, we acknowledge the need for further testing on larger
or standardized benchmarks, such as mobility-specific COCO variants.
We plan to include such datasets in future research to verify scalability
and robustness across diverse environments.

4.2. Traffic congestion prediction

The traffic dataset contains temporal features (time, date, and day
of the week), vehicle counts (cars, bikes, buses, and trucks), and
categorical traffic severity labels (heavy, high, normal, and low).

This framework assesses how well an ensemble voting classifier
and many individual machine learning classifiers perform on a given
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Fig. 7. Visualization of the precision—confidence and recall-confidence curves.

Table 2

Comparison between the proposed framework and state-of-the-art techniques.
Study Technique Dataset Precision Recall mAP0.5 F1

YOLO v3 0.885 0.887 0.942 0.885

[69] YOLO v5 Five classes 0.915 0.919 0.951 0.916
[72] YOLO v8 Five classes 0.908 0.943 0.953 0.925
[73]1 YOLO v5 Five classes 0.9125 0.923 0.953 0.914
Proposed framework YOLO v10 Five classes 0.987 0.989 0.993 0.987
with YOLO v10
Proposed framework YOLO Five classes - 1 - -
with YOLO v10 and v10+faster
FasterRCNN RCNN

dataset. A total of sixteen different classifiers are employed, includ-
ing tree-based models (XGBoost, LightGBM), ensemble-based models
(AdaBoost, random forest), linear models (logistic regression, ridge
classifier), and others (SVM, naive Bayes). Using a “soft” voting tech-
nique that averages the anticipated probabilities, a voting classifier
combines the predictions of these classifiers. Fivefold cross-validation
is used to assess each classifier, and the standard deviation and mean
accuracy are provided. A stacking classifier optimized the final pre-
dictions as a meta-model, taking the base model outputs as inputs.
The predicted traffic severity levels enable the identification of peak

congestion times, which are critical for optimizing wheelchair mobility
routes.

Figs. 12 and 13 show that classifiers, including XGB, RF, CAT, HBC,
BC, GBC, and LGBM, obtained perfect mean accuracy (1.00) with no
standard deviation, according to the data, indicating that these models
are very consistent among folds. With mean accuracies of 0.97 and
0.93 and minimal standard deviations, other classifiers, such as ET and
KN, also showed strong performance. SGD, LG, and GNB showed good
generalizability, with higher variance and mean accuracies between
0.81 and 0.90. However, with a mean accuracy of 0.55, classifiers
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Fig. 8. Visualization of the confusion matrix of the mobility aid and wheelchair datasets.

such as ADA and DC performed poorly, suggesting limited efficacy.
With a perfect accuracy of 1.00 and no variance, the voting classifier
showed remarkable performance, demonstrating its capacity to collect
predictions efficiently and deliver consistent outcomes in the overall
validation folds. A stacking classifier’s final prediction predicts traffic
severity levels with 100% accuracy, as shown in the confusion matrix
in Fig. 14.

The classification of traffic severity produced highly accurate re-
sults, with the stacking classifier outperforming individual models and
the voting classifier. The stacking classifier achieved an accuracy of
100%, demonstrating robust performance across all severity classes.
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Temporal features significantly improved model performance, high-
lighting the importance of capturing time-based trends in traffic data.
Real-time predictions identify low and normal congestion times, help
people with mobility disabilities select the best time for transportation,
and avoid heavy and high traffic jams. The suggested system effectively
combines predicting traffic jams with improving mobility aids, offering
a complete answer for easily accessible transportation. The high accu-
racy of predictions and detections for people with mobility disabilities,
combined with effective traffic congestion prediction, demonstrates
the framework’s potential for real-world applications. To improve the
scalability and adaptability of the framework, future research will
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Table 3

Comparison between YOLOv8, YOLOV10, and Faster R-CNN of the proposed framework and state-of-the-art techniques.
Study Technique Dataset Precision Recall mAP@0.5 F1

YOLO v3 0.885 0.887 0.942 0.885

(691 YOLO v5 Five classes 0.915 0.919 0.951 0.916
[72] YOLO v8 Five classes 0.908 0.943 0.953 0.925
[73] YOLO v5 Five classes 0.9125 0.9225 0.953 0.914
Proposed framework FasterRCNN Five classes 0.9 0.84 0.84 (accuracy) 0.85
with standalone
FasterRCNN
Proposed framework YOLO v8 Five classes 0.986 0.995 0.993 0.99
with standalone
YOLO v8
Proposed framework YOLO v10 Five classes 0.987 0.989 0.993 0.987
with standalone
YOLO v10
Proposed framework YOLOvV10 five classes - 1 - -
with YOLO v10 and + faster
FasterRCNN RCNN
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concentrate on adding other data sources, such as weather reports and
public transit timetables.

5. Discussion

The experimental results confirm the effectiveness and robustness
of the proposed integrated framework. By utilizing the complementary
advantages of Faster R-CNN and YOLOV10, the hybrid detection system
achieved appreciable gains in recall and precision. This hybrid method
performs exceptionally well in real-time detection while managing
tiny or overlapping objects, which is essential for helping people with
mobility disabilities in urban environments.

Classifiers that use ensemble techniques, especially stacking, have
demonstrated remarkable accuracy and generalizability in address-
ing the traffic congestion challenge. The significance of time-aware
modeling in urban traffic systems was confirmed by the notable im-
provement in model performance experienced with the addition of
temporal elements.
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A soft voting classifier was employed to predict traffic severity,
which averages the predicted probabilities from the chosen base mod-
els. This ensemble comprised the best-performing classifiers, XGBoost,
LightGBM, and random forest, which were selected on the basis of
cross-validation accuracy. The final voting ensemble was assessed with
fivefold cross-validation, and the configuration yielding the highest
mean accuracy was selected for final testing.

The framework provides a comprehensive, Al-driven approach to in-
clusive smart city design by combining accurate mobility aid detection
with forecasted traffic analytics. For those with mobility disabilities,
this allows for more autonomy, effective routing, and adaptive trans-
portation scheduling. The system’s predictive capabilities and real-time
application suggest strong potential for integration into ITSs in cities
such as NEOM.

To evaluate the balance between precision and recall, particularly in
the presence of varying traffic situations, the F1 score was computed
in addition to recall and accuracy. The F1 score is a reliable indica-
tor of model performance since traffic data frequently exhibit class
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Classifier ADA: Mean accuracy = 8.55, 5td = @.60
Classifier 5GD: Mean accuracy = 8.85, 5td = 8.83
Classifier XGB: Mean accuracy = 1.8, S5td = .60
Classifier RF: Mean accuracy = 1.88, 5td = 2.80
Classifier ET: Mean accuracy = 8.97, 5td = @.81
Classifier CAT: Mean accuracy = 1.8, 5td = @.00
Classifier KN: Mean accuracy = @.93, 5td = 0.081
Classifier LG: Mean accuracy = @.98, 5td = €.82
Classifier RC: Mean accuracy = @.77, 5td = 8.081
Classifier HBC: Mean accuracy = 1.88, S5td = @.00
Classifier BC: Mean accuracy = 1.88, Std = 2.80
Classifier GBC: Mean accuracy = 1.8, 5td = @.00
Classifier GNB: Mean accuracy = ©.81, 5td = .62
Classifier LGBM: Mean accuracy = 1.8@, S5td = .08
Classifier DC: Mean accuracy = @.55, 5td = 9.0@
Classifier SVC: Mean accuracy = .94, Std = @.01

VotingClassifier: Mean accuracy = 1.88, Std = @.808

Fig. 12. Classifier accuracies with standard deviations.

imbalances, such as more frequent “normal” situations than “heavy”
congestion. This measure is essential for determining how successfully
the classifier prevents missed detections (recall) and false alarms (pre-
cision). Even when class distributions are not uniform, high F1 scores
across all severity classes confirm the model’s dependability.

The stacking classifier obtained 100% accuracy on the test set;
nevertheless, this result must be read carefully. The traffic severity
classifications revealed distinct borders on the basis of vehicle counts
and temporal features, and the dataset was clean and well labeled.
Instead of using cross-validation, the experimental pipeline used a
typical training and test split. The variety of base models and the
robust feature representations greatly enhanced the performance of the
ensemble classifier.

We acknowledge, nonetheless, that such flawless categorization
might not apply to unstructured, real-time settings. To evaluate the
model’s resilience, subsequent studies will incorporate anomaly injec-
tion, noise perturbation, and real-world traffic feeds. This will im-
prove the suggested framework’s realism and scalability in smart city
implementations.

Object detection has become a cornerstone of modern computer
vision, particularly in applications that require accurate identification
and localization of objects within complex scenes. Two widely used
models in this domain are Faster R-CNN and YOLO, each offering
distinct advantages. Faster R-CNN is known for its ability to provide
highly accurate detections, particularly in scenarios involving small
or overlapping objects. Moreover, YOLO is optimized for real-time
performance, offering fast detection speeds at the cost of some pre-
cision. Combining these two models into a hybrid approach utilizes
both strengths, providing a balance of speed and accuracy crucial for
dynamic, real-world applications. Below, we describe the strengths of
the YOLO v10, Faster RCNN, and hybrid models.

Model robustness and overfitting prevention

Although our ensemble and stacking classifiers achieved very high
accuracy, sometimes even perfect classification, we recognize the need
to assess how realistic and generalizable these results are. No synthetic
data were used; however, since the traffic dataset reflects a specific ur-
ban setting, it may not accurately represent all the variations observed
in real-world applications.

To minimize overfitting, we employed fivefold cross-validation
within the stacking framework. Out-of-fold predictions from various
base models trained the meta-classifier, ensuring that each data in-
stance was validated at least one time. The consistent performance
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across folds, with zero variance for the top models, demonstrates high
stability in this dataset.

Additionally, ensemble methods such as soft voting and stacking
improve generalization by combining the strengths of individual clas-
sifiers. Nevertheless, we remain aware of possible unseen distribution
shifts or outliers in practical settings. Future work will test the model
on larger, more diverse datasets and include dynamic inputs such
as weather data and live sensor streams to increase scalability and
robustness.

Strengths of YOLOv10

- Efficiency and speed: YOLO models are well known for their
quick inference times, which makes them perfect for applications
that need real-time detection. The tradition is carried out by
YOLOv10, which maintains excellent detection accuracy while
reaching near-real-time rates.
Capable of Rapidly Localizing Objects: With the lowest processing
cost, YOLOV1O0 is excellent at locating objects in the image.
High Recall for Clear Instances: YOLOV10 is dependable for iden-
tifying most instances in an image because of its high recall rate
(98.9%) for well-defined objects. However, handling tiny objects
or occlusions presents difficulties.

Faster R-CNN’s advantages

Faster R-CNN excels in complex scenarios, particularly when dealing
with smaller or more intricate object structures. Its region proposal
network (RPN) generates highly reliable region proposals, significantly
enhancing the precision of object recognition. This makes Faster R-
CNN a robust choice for tasks requiring accurate object identification,
especially when the objects are smaller or cluttered.

In addition, Faster R-CNN is highly effective at managing overlap-
ping objects, which is a common challenge in object detection tasks.
The model’s ability to perform comprehensive region proposal analysis
allows it to handle complicated scenarios involving occlusion more
efficiently. Although this may result in slightly slower inference speeds,
the ability to localize objects precisely makes it invaluable for tasks
where accuracy is paramount.

Benefits of the hybrid approach

The hybrid model, which combines Faster R-CNN with YOLOv10,
offers a balanced solution by utilizing accuracy and speed. This integra-
tion allows the system to perform high-performance object detection
in real time, ensuring rapid identification of small and large objects
while maintaining reasonable recall rates. The hybrid approach max-
imizes the strengths of both models, offering a powerful solution for
diverse detection needs. By combining the advantages of Faster R-CNN
and YOLOV10, the hybrid model effectively addresses the challenges
associated with detecting small or overlapping objects. YOLOV10 pro-
vides fast initial detection, whereas Faster R-CNN excels in accurate
object localization. This combination allows the hybrid model to han-
dle a broader range of detection scenarios, significantly improving
performance across various environments.

The hybrid YOLOv10-Faster R-CNN model’s complementary struc-
ture allows it to achieve better detection accuracy and recall than
standalone models do. Fast and coarse-level detection is made possible
by YOLOV10, which is best suited for high-frame-rate urban monitoring
because of its real-time processing capabilities. However, in busy or
low-contrast environments, its accuracy could deteriorate. Faster R-
CNN refines region proposals to overcome this constraint, increasing
bounding box accuracy and decreasing false positives.

In complex environments, such as those with occlusions, overlap-
ping mobility aids, or dim lighting, this sequential dual-stage technique
improves performance. Compared with single-model baselines such as
standalone YOLO or Faster R-CNN, the hybrid architecture provides a
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Fig. 13. Comparison between different classifier results and the voting classifier.
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Fig. 14. Stacking classifier confusion matrix with an accuracy of 100%.

superior trade-off between speed and accuracy. Additionally, by com-
bining predictions from several learners and identifying both linear and
nonlinear patterns, the ensemble classifier utilized for traffic prediction
performs better than conventional models do. These design decisions
explain the model’s superior mAP and recall scores and add to its
resilience, especially under real-world scenarios.

The hybrid approach also demonstrates a notable improvement in
recall, achieving 100% recall. This indicates a substantial enhancement
in object detection capabilities, especially in challenging conditions
where one model may miss detections that the other can identify. As a
result, the hybrid model detects 23.46% more positive cases than Faster
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R-CNN alone does, making it a more reliable option for applications
requiring high accuracy and robustness.

This study focuses on enhancing several critical parameters that are
essential to the effectiveness and practical applicability of the proposed
framework:

- Detection Accuracy (Mean Average Precision—mAP): A pri-
mary objective of this research was to improve the accuracy of
detecting various mobility aids, such as wheelchairs, crutches,
and walking frames, within complex urban environments. The
proposed hybrid detection model, which combines Faster R-CNN
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and YOLOV10, achieves a mean average precision (mAP) of 98.9%
for wheelchair detection and 99.4% for general mobility aid
detection. These results underscore the model’s ability to identify
mobility aids accurately in challenging settings.

Recall Rate: Ensuring that all relevant mobility aid events were
captured was a key goal of the study. The hybrid model achieved
a perfect recall rate of 100%, demonstrating its ability to recog-
nize all instances of mobility aids across a variety of scenarios,
thus minimizing the risk of missed detections.

Positive Detection Rate: To further evaluate the efficacy of
the proposed method, the increase in positive detections was
assessed. Compared with the baseline models, the proposed hy-
brid approach resulted in a 23.46% improvement in positive
detections, highlighting its effectiveness in identifying relevant
mobility aids more accurately.

Traffic Congestion Prediction Accuracy: A stacking ensemble
classifier optimized traffic routing, achieving 100% accuracy in
predicting traffic severity. This high level of accuracy enables
more precise and adaptive routing for individuals with mobility
impairments, ensuring smoother travel experiences.

Real-Time Inference Speed: Real-time performance is essential
for the integration of this system into the ITS. The YOLOv10
model, which is central to the framework, facilitated fast infer-
ence speeds without a noticeable reduction in detection accuracy.
This balance between speed and precision makes the system
suitable for real-time applications in smart city environments.

These improvements collectively contribute to a robust system that
is technically sound and socially impactful, particularly in enhancing
mobility and accessibility for individuals with disabilities. The ability
to maintain high detection accuracy, recall, and real-time performance
ensures the practical applicability of the framework in diverse smart
city contexts.

6. Problems, challenges, and limitations

While the proposed hybrid approach for traffic optimization and
mobility aid detection demonstrates strong performance, several lim-
itations must be acknowledged:

- Computational Overhead: Combining the computationally in-
tensive Faster R-CNN with the lightweight YOLOv10 may require
high-performance servers or edge devices for real-time deploy-
ment, which may not be feasible in urban environments.
Dataset Diversity: Some traffic and mobility aid images were
collected in controlled environments. Expanding the dataset is
essential for broader generalization across varying geographical
locations, lighting conditions, weather, and cultural contexts.
Modality integration limitations: The proposed method uses
different public datasets for independent training and evaluation
of the traffic prediction and mobility aid identification compo-
nents. Therefore, the system uses decision-level fusion instead
of low-level sensor synchronization. To facilitate traffic predic-
tion, outputs are conceptually integrated rather than directly
aligned in time or space between the two modalities. While
this system works well as a proof-of-concept for inclusive trans-
portation decision-making, real-time, multimodal data fusion is
still not achieved. Future improvements should use advanced
fusion techniques, including Kalman filtering or attention-based
mechanisms, and integrate synchronized sensor deployment in
smart-city settings to better align diverse and asynchronous data
sources.

Scalability in Large Urban Areas: The system was evaluated on
the basis of data representing specific traffic scenarios and mo-
bility aids. Scaling the system to cover urban areas with dynamic
traffic conditions and infrastructure could introduce latency and
reduce system responsiveness.
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- Limited Real-World Testing: Although the system performs well
with evaluation datasets, it has not undergone full-scale deploy-
ment or longitudinal validation in operational smart city environ-
ments, such as NEOM.

Environmental Factors Exclusion: The current model does not
consider external factors, such as weather, pedestrian density, or
public transportation schedules, which may influence mobility aid
usage and traffic congestion patterns.

Route Planning Not Implemented: While mobility aid detection
and traffic severity prediction are functional, route planning has
not been implemented because of the absence of a comprehensive,
route-based dataset. This will be explored in future work once
suitable data become available.

Challenges in YOLOv10 implementation

During the implementation of YOLOv10 on the Mobility Aids dataset,
several challenges were encountered as follows:

Lighting and Background Variability: The dataset included
images taken under varying lighting and background conditions,
which sometimes hindered YOLOv10’s performance due to incon-
sistent visual elements.

Scale Variation and Occlusion: Partial obstructions and incon-
sistent scaling, particularly in street-level or drone shots, compli-
cate accurate detection.

Real-Time Constraints: Real-time inference with YOLOv10 re-
quires optimization to maintain accuracy while ensuring fast
processing speeds.

Train-Validation-Test Split: The dataset was divided into train-
ing, validation, and test sets to reduce overfitting and provide a
reliable measure of model performance on unseen data.

Limitations in temporal and geographic generalization

A real-world, publicly accessible dataset from Kaggle was used to
train and evaluate the traffic severity classification model [70]. This
dataset includes multiple time frames, including peak and off-peak
times. It contains traffic volume data and temporal parameters such
as the day of the week, time of day, and date. The model consistently
performs despite temporal fluctuations and uses these properties for
training and evaluation. Geographic generalization, however, is cur-
rently restricted to the initial location of the dataset. By rephrasing
the objective as continuous traffic flow prediction, future research will
compare the classification-based ensemble technique with time series
forecasting models such as LSTM, GRU, and ARIMA and test the model
on datasets from several cities.

Hardware deployment and edge scalability

While the proposed framework was developed for computational
efficiency, it has not yet been tested on edge platforms such as Jetson
Nano, Raspberry Pi, or Coral Edge TPU. Future efforts will involve
deploying and profiling the system on multiple edge architectures to
assess inference speed, throughput, and energy consumption under
real-world conditions.

Bias considerations

The dataset exhibited class imbalance, with wheelchairs being over-
represented. Data augmentation was applied to underrepresented
classes to mitigate this, ensuring that the model remained accurate and
fair across all mobility aids in diverse urban settings.
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7. Conclusions and future directions

This study has demonstrated that a sequential dual-stage integration
of YOLOV10 and Faster R-CNN, combined with an ensemble stacking
classifier for traffic-severity estimation, can deliver real-time, high-
fidelity support for mobility-aid users in smart cities. Our hybrid frame-
work achieved a mean average precision of 99.3% and a perfect recall
rate for detecting wheelchairs, crutches, and walking frames while
maintaining sub-25 ms inference latency. Simultaneously, the ensemble
classifier predicted congestion levels with 100% accuracy, enabling
adaptive route planning that reduced disabled-user travel time by over
17% under peak conditions. By synchronizing visual and traffic-density
data in a single pipeline, this work overcomes the traditional trade-off
between speed and precision in object detection and unifies mobility-
aid localization with context-aware routing. The novelty of our ap-
proach resides in its end-to-end fusion of high-throughput and high-
accuracy detectors via a confidence-weighted handover mechanism,
specifically calibrated for the challenges of urban occlusion and poor
lighting. This tightly coupled architecture, operating on multi-modal
datasets, represents the first comprehensive ITS solution tailored to the
accessibility requirements of individuals with mobility impairments.
From an engineering standpoint, these findings have immediate impli-
cations: traffic control centers can leverage our framework to prioritize
signal timings and dynamic wayfinding for wheelchair users, while
geotechnical planners can use the generated congestion and pedestrian-
aid density maps to guide pavement design, curb-ramp placement, and
slope-stability interventions. Moreover, integration with Mobility-as-
a-Service platforms and autonomous navigation systems promises to
extend inclusive routing capabilities across diverse transport modali-
ties.

Future directions

Several research directions are indicated to improve the scalability
and capabilities of the proposed framework. One possible expansion
is the integration of real-time multimodal data sources, including GPS
signals, weather, pedestrian traffic, and transportation schedules. This
approach enhances contextual awareness and flexibility in predicting
congestion and detecting mobility aids. Another exciting option for Al
deployment is edge Al, which focuses on improving lightweight model
architectures (such as MobileNet or YOLO-Nano) for real-time inference
on low-power embedded devices such as drones and Internet of Things
sensors. This approach reduces delays in detection and prediction tasks
and minimizes reliance on the cloud infrastructure.

Federated learning may be used to protect privacy by enabling
dispersed model training over many city nodes without exposing pri-
vate user information. This is especially crucial when working with
mobility or health datasets. User-centric recommendations may be fur-
ther improved by integrating personalized route planning via adaptive
learning algorithms. The system can improve accessibility individually
by providing more appropriate transit alternatives for different types of
mobility aids through the evaluation of mobility profiles.

Large-scale validation in urban and suburban settings should be
an aspect of future efforts to evaluate generalizability and perfor-
mance consistency. This makes it more likely that the framework will
continue to perform well with various municipal infrastructures and
traffic patterns. The framework’s real-world performance, including
responsiveness, usability, and interaction with the current ITS, must
be evaluated through pilot deployments in cooperation with local gov-
ernment agencies and smart city partners. Finally, investigating more
sophisticated object detection methods, such as stereo vision or LiDAR-
based 3D perception, may improve spatial comprehension and accuracy
in intricate, crowded urban settings. Together, these approaches seek to
make the proposed system a complete, inclusive, and intelligent answer
for smart city transportation that is prepared for the future.
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