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Abstract

Modern metropolitan environments continue to face a major problem with traffic congestion, which increases
travel time, fuel consumption, and pollution. The Smart Traffic Management System (STMS) suggested in this
paper uses an improved YOLO-based deep learning model for dynamic traffic flow optimization and real-time
vehicle recognition. To evaluate real-time traffic footage, precisely identify different vehicle kinds, and calculate
traffic density, the system combines computer vision and artificial intelligence (AI). This analysis enables an
intelligent control system to dynamically modify traffic signals and reroute automobiles to alleviate congestion.
Real-world traffic datasets are used to assess the suggested system, which shows excellent detection accuracy and
responsiveness in real time. Comparative findings demonstrate how effective the strategy is in enhancing traffic
flow and reducing bottlenecks. The results show that combining adaptive signal control and Al-driven real-time
traffic monitoring can greatly improve urban mobility and sustainability, opening the door to smarter and more
effective cities. According to experimental data, the suggested system’s mean Average Precision (mAP) of 92.4%
indicates its high level of vehicle identification accuracy. Additionally, the model maintains an Intersection over
Union (IoU) score of 0.85, guaranteeing accurate vehicle localization. The technology also efficiently adjusts to
different traffic situations, minimizing congestion and improving traffic flow in real time.

Keywords Smart traffic management - Real-time vehicle detection - YOLO - Deep learning

1 Introduction

Conventional traffic control tactics are no longer effective in ensuring smooth traffic flow due to the world’s ever-
increasing traffic congestion. Due to the inability of traditional fixed-time traffic light systems to dynamically
adjust to changing vehicle volumes, strongly crowded lanes experience extended congestion while other lanes are
underutilized. These static systems’ inefficiency exacerbates economic and environmental issues by causing
higher emissions, longer travel times, and increased fuel consumption. Therefore, to maximize urban mobility and
reduce congestion in smart cities, an intelligent, adaptive approach to traffic management is needed.

The ever-increasing traffic congestion worldwide renders conventional traffic control strategies useless for
smooth flow. Therefore, a generally accepted approach that enhances traffic control is required. The traffic lights
in the current static techniques change within a predetermined normal time, but the number of vehicles on the
road varies from one signal to the next. In this case, when the signal does not turn at the regular interval, the
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heavily inhabited side of the road will continue to be occupied. Numerous initiatives are created to adopt
intelligent transportation systems to make the current transportation systems “cleverer.” Some techniques used
ultrasonic sensors to detect cars on the road, while others placed RF-ID sensors. In the past, some academics have
tried using vehicle detection, but their attempts have failed since the underlying machine learning algorithms are
inefficient [1].

Researchers have used a variety of sensor technologies to identify traffic jams and improve traffic flow. For
instance, the collecting of user-generated information on social media platforms [2] or GPS data collected from
moving vehicles [3] can be used to identify patterns of congestion. A smart antenna was employed by Joyo et al.
[4] in an intriguing strategy to cut down on waiting times at junctions by taking use of phone locations; however,
this approach was inaccurate because pedestrians also carry phones [4]. The usage of RFID tags on cars [5],
inductive loops [6], radar sensors [7], wireless sensor networks [8], ultrasonic sensors [9, 10], and infrared sensors
[11] are further sensor technologies incorporated into existing signaling systems that adjust traffic lights.

The idea of “smart cities” has surfaced to address contemporary urban issues by combining cutting-edge
technology, data-driven decision-making, and intelligent infrastructure to improve the standard of living for
residents. Energy management, garbage disposal, security, and transportation systems are just a few of the urban
services that smart cities enhance by the Internet of Things (IoT), cloud computing, and artificial intelligence (AI)
[12]. The need for effective traffic management has increased in metropolitan areas due to population growth,
making the creation of intelligent, real-time traffic control systems that complement the larger goals of smart city
projects imperative.

Smooth communication between automobiles, road infrastructure, and traffic control systems is essential for
efficient traffic management in smart cities. Efficient road use, less traffic, and lower emissions are made possible
using IoT sensors, real-time data collection, and predictive analytics. To maximize urban mobility, smart traffic
management systems (STMS) make use of technology including Al-based security cameras, automated traffic
lights, and vehicle-to-infrastructure (V2I) communication [13]. Despite these developments, a lot of current traffic
control strategies are inflexible and ineffective, which emphasizes the need for Al-driven strategies that react
dynamically to traffic patterns in real time.

In the development of smart cities, Al is a game changer, facilitating automation, optimization, and predictive
decision-making in a variety of industries. Massive datasets from sensors, cameras, and citizen reports are
analyzed by Al algorithms to improve public safety, expedite transit networks, and improve urban design.
Predictive maintenance for infrastructure components, energy optimization, and anomaly detection in urban
systems are all possible with machine learning and deep learning models [14]. The core goals of smart city
development are reinforced in the transportation context by Al-powered solutions that improve road safety,
reduce traffic, and facilitate autonomous vehicle navigation.

Deep learning, neural networks, and predictive analytics are used by Al-driven traffic management systems to
maximize vehicle flow and minimize bottlenecks. These systems analyze traffic data in real time, forecast patterns
of congestion, and automatically modify traffic lights in response to demand. To improve traffic control tactics,
Al models can also examine meteorological data, accident records, and pedestrian movements [15]. Notably, real-
time vehicle identification, categorization, and density estimation have been transformed by the combination of
computer vision and Al-driven object detection models, such YOLO. As a result, Al has become a vital
component of intelligent traffic systems.

One of the most effective real-time object detection algorithms is the You Only Look Once (YOLO) deep
learning model, which provides quick and precise vehicle recognition [16]. YOLO is ideally suited for real-time
traffic surveillance applications because, in contrast with conventional image processing techniques, it processes
full photographs in a single pass. YOLO is used in smart traffic management to follow movements across
intersections, recognize cars, classify them by kind, and estimate traffic density. Traffic systems can reach
unmatched efficiency in reducing congestion and optimizing traffic flow by combining YOLO with Al-driven
signal control and adaptive routing methods.
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Recent developments have investigated the integration of deep learning and Al-driven models for real-time
monitoring and optimization to further improve traffic management in smart cities. According to [16], for
example, YOLO-based techniques have proved remarkably effective in several smart city applications, such as
fire detection. Furthermore, trustworthy Al-driven systems for virtual cloud network management have been
created; these networks are essential for managing massive volumes of traffic data and facilitating real-time
decision-making [17]. AI’s ability to improve smart city infrastructure has been further shown by its integration in
a variety of fields, including 3D printing and sustainable energy solutions [18, 19]. These studies demonstrate
how Al-driven approaches are becoming more and more crucial for maximizing urban mobility and accom-
plishing sustainable development objectives in contemporary cities.

Although there has been considerable advancement in the use of deep learning for real-time vehicle detection,
existing models frequently struggle to attain both high accuracy and interpretability, particularly in intricate urban
environments with a variety of vehicle types. Furthermore, numerous cutting-edge models either require con-
siderable computational resources—thus restricting their use in environments with limited resources—or are not
transparent, which obstructs trust in automated systems. This research fills this knowledge gap by proposing
SYAM, a Spatial-Yet-Attentive Model that strikes a balance between detection performance, computational
efficiency, and explainability, thus providing a practical solution for traffic surveillance in smart cities.

Problem Statement: Even with the advancements in intelligent transportation systems, traffic congestion is still
a major problem in cities, resulting in inefficient mobility, higher fuel use, and pollution of the environment.
Static signal timing is the foundation of traditional traffic management systems, which ignore traffic conditions in
real time. This exacerbates inefficiencies in traffic flow by keeping certain roads clogged and underusing others.
The necessity for a sophisticated Al-driven traffic management system that can dynamically adapt to changing
conditions and optimize urban traffic flow is highlighted by the current systems’ lack of real-time flexibility.

Motivation: To increase efficiency and lessen congestion, the emergence of smart cities offers a chance to
incorporate Al and the IoT into traffic control systems. Large volumes of real-time traffic data can be processed
by Al-driven solutions, which can then forecast patterns of congestion and modify traffic lights appropriately.
Additionally, incorporating sophisticated object identification algorithms such as YOLO can improve real-time
vehicle classification and detection, leading to more intelligent and flexible urban mobility systems [20]. The goal
of this project is to create an intelligent traffic management system that maximizes vehicle flow and improves
overall transportation efficiency in smart cities by utilizing deep learning and Al-based methodologies.

To improve real-time traffic flow optimization, this study introduces a novel Al-driven traffic management
system that makes use of deep learning techniques, specifically the YOLO object identification model. This
study’s main contributions are as follows:

e Creation of an Adaptive Traffic Management Model: To minimize traffic and maximize urban mobility, the
suggested system dynamically modifies traffic signals in response to current traffic density.

e YOLO Integration for Vehicle Identification and Categorization: The system improves traffic monitoring
capabilities by precisely identifying, classifying, and tracking vehicles in real-time by utilizing the YOLO
deep learning model.

e Use of Al-Driven Predictive Analytics: Using real-time and historical traffic data, the model uses machine
learning algorithms to predict congestion patterns, allowing for pre-emptive traffic control measures.

e Scalability and Smart City Integration: The suggested system can be combined with current smart city
infrastructures, such as cloud-based data processing frameworks and loT-enabled traffic lights, and it is made
to be scalable.

e Environmental and Economic Impact: The system seeks to reduce fuel consumption and greenhouse gas
emissions by minimizing needless idling and improving traffic flow, hence supporting sustainable urban
growth.
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This paper’s remaining sections are arranged as follows: The literature review is presented in Sect. 2, the main
contribution is presented in Sect. 3, the suggested approach is discussed in Sect. 4, the experimental evaluation is
described in Sect. 5, and the study is concluded in Sect. 6.

2 Literature review

By processing photographs, the hole filling technique [21] was proposed to track and detect the cars. The position
detection methodology used in this method, sector-/area-based vehicle detection, finds cars as they approach the
centroid of the detection region. The background subtraction algorithm was used to segment the images and do
the blob analysis. Using the Laplacian operator technique, the hole filling technique was presented to highlight the
vehicle’s general body by filling in the blank spots surrounded by a white border for the detected object’s
boundary. After that, the adaptive morphological dilation technique was employed to restore the border’s missing
portions from the input.

To achieve more accuracy in determining the object’s location, the techniques were used. Vehicle count
information is thus obtained by detecting and counting vehicles whenever they cross the predetermined centroid
area. In these circumstances, greater precision might have been possible with the use of the Kalman filter and
Gaussian mixture model [22]. Several CCTV cameras connected via the Internet were used in a novel way based
on digital image processing (DIP) [23] to automate traffic and track different roadways at the intersection. The
perimeter of closed figures that aided in the vehicle’s identification was detected using edge detection in the
spatial domain. At the same time, the vehicles were categorized as motorcycles, light motor vehicles, and heavy
motor vehicles using a machine learning model. The longest remaining job was used to create the dynamic time
slot, which was then used by the hybrid round robin traffic scheduling algorithm to regularly change the traffic
signal lights to reduce traffic.

By prioritizing crowded lanes based on real-time traffic data, an Android-based smartphone application [24]
was used to change the traffic signals. Each lane’s CCTV cameras were used to capture traffic photographs, which
were then sent to a Raspberry Pi 3 microcontroller for image processing to estimate traffic density. The traffic
light operations were managed using an Android-based application. Based on the literature review, we deduce
that machine learning models that improve traffic management systems’ speed and accuracy are required. By
determining the number of vehicles on the road, we hope to develop a machine learning model for traffic
management that is more efficient and can control the flow of traffic signals.

Even though computer vision has many benefits, several issues need to be resolved before its full potential can
be realized:

e Data Quality: To train computer vision models, high-quality labeled datasets are required. It can take a lot of
time and resources to complete this process.

e Environmental Factors: The accuracy of detection may be impacted by changes in the weather, illumination,
and road conditions. To ensure dependability, robust models and ongoing fine-tuning are necessary.

e Privacy Issues: If the data are not appropriately controlled, privacy issues could arise due to the extensive use
of cameras. To maintain public trust, data security and openness must be guaranteed.

Advances in Al and computer vision will undoubtedly have a significant impact on traffic control in the future.
We may anticipate increased integration between traffic management systems and other smart city technologies as
computer vision in smart cities advances. This can promote more efficient data sharing and a better-coordinated
strategy for urban transportation management. With the emergence of autonomous vehicles, Al models like
YOLOI11 can be useful in this new era of sophisticated traffic solutions. To make roads safer and more effective,
computer vision models can improve self-driving cars’ real-time detection of pedestrians, traffic signals, and
barriers.

&\ Springer Neural Computing and Applications (2025) 37:19957-19974

Content courtesy of Springer Nature, terms of use apply. Rights reserved.



https://doi.org/10.1007/500521-025-11434-9 19961

Traffic systems may be able to anticipate and react to traffic patterns before congestion arises thanks in part to
AT’s predictive skills, which would help to enhance overall flow and minimize delays. Through improving traffic
flow, lowering fuel consumption, and eventually lowering carbon emissions, artificial intelligence will help create
a more sustainable and greener future for cities as it develops.

Several studies have explored various Al and deep learning applications, including facial expression recog-
nition using optimized SVM [25], the role of 3D printing in smart cities [26], interpretable credit scoring with
XAI and deep learning [27], and the impact of the number of authors on research citation count prediction [28].
Additionally, advancements have been made in virtual cloud network management [17], cache replacement
strategies in fog computing [29], prostate cancer diagnosis with modified ResNet50 [30], black fungus detection
using deep learning [31], customer segmentation leveraging deep learning and RFM analysis [32], breast cancer
detection surveys [33], attention-augmented algorithms for blood cancer detection [34], Al-driven thermal
management in photovoltaic systems [35], personality and emotion recognition via social media and machine
learning [36], and Al-based communication support for the deaf and mute community [37].

A comparison of the most advanced car identification algorithms is shown in Table 1, together with infor-
mation on the algorithms’ backbone architecture, training datasets, year of release, main benefits, and drawbacks.
In contrast with single-stage detectors like YOLOvS5n-L [38] and SSD [39], Faster RCNN-based techniques
[40-42] typically achieve higher accuracy at the expense of slower performance. This chart illustrates the trade-
off between accuracy and inference speed. The chart also shows the tendency toward using more extensive and
varied datasets, such as BDD100K and KITTI, to enhance these algorithms’ generalization and robustness,
especially in difficult traffic situations.

Research Gaps in Previous Work:

Al-based traffic control and vehicle detection have advanced; however, there are still several obstacles to
overcome:

e Accuracy and Speed in Balance: For real-time traffic systems, some models, such as Faster RCNN, are too
sluggish despite their high accuracy. Others, such as SSD and YOLO, are quicker but less accurate. It is still
difficult to strike a balance between speed and accuracy.

Table 1 Comparison of state-of-the-art vehicle detection algorithms

Algorithm Year Datasets used Backbone  Advantages Disadvantages

Real-time vehicle detection algorithm 2023 BDDI100K YOLOv5n-
based on a lightweight You-Only Look- L
Once (YOLOv5n-L) approach [38]

Lightweight, fast inference
speed, improved mAP over
base YOLOvS5n and SSD

Lower accuracy compared to
heavier models like Faster
RCNN

Fast vehicle detection algorithm in traffic 2022 BDDI100K and Improved  Improved accuracy and Still lags two-stage detectors
scenes based on improved SSD [39] KITTI SSD robustness, especially for in terms of accuracy,
small object detection especially for complex
scenes
Covered Vehicle Detection in 2020 Cityscapes Faster High accuracy, robust to Slower inference speed
Autonomous Driving Based on Faster RCNN occlusions and varying compared to single-stage
RCNN [40] lighting conditions detectors
Vehicle Detection and Classification 2020 PASCAL VOC Faster High accuracy, robust to Slower inference speed
using Improved Faster Region-Based 2007 and RCNN occlusions and varying compared to single-stage
Convolution Neural Network [41] 2012 lighting conditions detectors
Hybrid Net: A fast vehicle detection 2019 PASCAL Faster High accuracy and fast May require more
system for autonomous driving [42] VOC2007 car ~ RCNN inference speed, effective computational resources
data set and for real-time applications compared to lightweight
KITTI models
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Fig. 1 SmartFlow-YOLOv11 framework

e Managing Various Traffic Situations: Since most models are trained on certain datasets, they might not
account for all real-world traffic situations, like inclement weather, dim lighting, and high traffic. Training data
must be more varied.

e Increasing the Scale of Smart Cities: Al models may perform well in small-scale experiments but poorly in
large-scale citywide traffic systems. More focus is required on problems including real-time processing,
hardware expenses, and high processing power.

e Absence of Openness: Many Al models operate as “black boxes,” making it challenging to comprehend how
they arrive at conclusions. These systems can become easier to examine and more reliable with the use of
Explainable Al (XAI) approaches.

e Restricted Utilization of Several Sensors: Many of the sensors used in current models are cameras, but adding
LiDAR, radar, and thermal imaging could increase accuracy, particularly in low-visibility situations.

e Forecasting Traffic Rather than Only Identifying It: Real-time vehicle detection is the primary function of Al
models; they cannot anticipate traffic patterns or avoid bottlenecks. Al systems that can learn and adapt over
time require further investigation.

e Risks to Data Security and Privacy: Al traffic systems gather a lot of data, which raises privacy and
cybersecurity issues. One of the biggest challenges is preventing hacking and exploitation of this data.
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3 SmartFlow-YOLOv11 algorithm (SYAM)

The SmartFlow-YOLOvI11 Algorithm (SYAM) improves real-time vehicle recognition and streamlines traffic
flow in smart cities by working in four main stages as illustrated in Fig. 1.

3.1 Obtaining and preparing data

This stage improves image quality, gathers real-time traffic data from cameras and Internet of Things sensors, and
chooses the most crucial frames for additional processing. Reducing pointless calculations is intended to increase
system efficiency. The procedure for gathering and preparing sensor and video data is outlined in Algorithm 1
(DCPA). First, the cameras and sensors are turned on. After that, it continuously records sensor data (S_t) and a
video frame (F_t). Every frame undergoes grayscale conversion, contrast enhancement, and noise reduction. By
comparing the current frame with the prior one, the system can identify motion. The current frame is saved if the
difference is significant enough. This keeps happening until the system is shut down, at which time the saved
frames are given back.

Algorithm 1 Data Acquisition & Preprocessing Algorithm (DCPA)

e Input: VideoStream V, SensorData S
e Output: ProcessedFrames F

e Steps:

1. Start cameras and sensors
2. While (System is running):
3. Capture frame F_t from video stream
4. Getsensor data S t
5. Convert frame to grayscale:

Fgray = 0.2989 * R + 0.5870 = G + 0.1140 * B (D
6. Improve contrast using histogram equalization:

Fenhanced(x) = sum(p; * (L — 1))foriin range(0,x) (2)
7. Reduce noise using Gaussian blur:

x2 + y?

Gloy) = (21102) " exp <_( 202y )> )
8. Detect motion changes and select key frames:

D(F, F— 1) = sum(abs(F, — F, — 1)) (4)

9. IfD(F t, F t-1) > Threshold:
Store the frame F_t for further processing
10. Move to the next frame
11. Stop when the system is turned off
12. Return processed frames

Neural Computing and Applications (2025) 37:19957-19974 &\ Springer

Content courtesy of Springer Nature, terms of use apply. Rights reserved.



19964 https://doi.org/10.1007/500521-025-11434-9

3.2 Vehicle detection & classification in real time

This stage uses YOLOV11 to process video frames in real-time and identify obstructions, cars, and pedestrians. In
addition to identifying traffic signals, it categorizes detected items into groups (cars, buses, trucks, and motor-
bikes). The algorithm’s dynamic analysis of road conditions enhances decision-making. The real-time vehicle
identification and classification procedure is described in Algorithm 2 (RTVDC), which uses processed video
frames and a YOLOvI11 model that has already been trained to recognize and categorize objects in the video
stream.

Algorithm 2 Real-Time Vehicle Detection & Classification (RTVDC)

e Input: Processed video frames F, Trained YOLOv11 model M
e  OQOutput: Detected objects with classifications O
e Steps:
1. Start system
2. Load trained YOLOv11 model (M)
3. While system is running:
a. Capture frame F_t from video stream.
b. Apply YOLOV11 for object detection:
Ot = M(Ft) (5)
c. Extract detected object (x, y, w, h, class_label)
d. Classify objects into vehicle types using confidence scores:
Class=argmax(Pvehicle Pbus,Ptruck,Pmotorcycle Ppedestrian) (6)
e. Recognize traffic signals and road conditions.
f. Store results for decision-making
4. Continue to the next frame
Stop when the system is turned off
6. Return detected and classified objects (O)

hdl

3.3 Analysis and forecasting of traffic flow

To determine vehicle density, speed, and flow patterns, this phase examines real-time traffic data. Congestion is
predicted via Al-based predictive modeling, which enables the system to adjust dynamically and enhance traffic
flow before bottlenecks arise. The traffic flow analysis and prediction procedure is explained by Algorithm 3
(TFAP). It counts cars, determines the average speed and vehicle density for each road segment, and then uses an
Al model to forecast traffic congestion using the time and identified objects as input. Congestion management is
triggered if the anticipated congestion surpasses a certain level. This technique provides real-time traffic pro-
jections while operating constantly.
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Algorithm 3 Traffic Flow Analysis and Prediction (TFAP)

w—e

4,
5.
6.

Input: Detected objects O, Time T

Output: Predicted traffic conditions P

Steps:

Start system

Initialize traffic database

While system is running:

a. Count the number of vehicles in the frame F_t:

Ve = % Ovenicle (7)
b. Calculate vehicle density per road section:
D, = d: 8
Y ™ Road_Area (®)
c. Compute average vehicle speed:
Speedyeni
S, = M 9)
t

d. Predict congestion using Al model:
P = f(De+ Se+ T) (10)
e. If P_t> Congestion Threshold, activate congestion management

Continue to the next frame
Stop when the system is turned off
Return predicted traffic conditions (P)

3.4 Intelligent optimization & traffic management

Based on real-time congestion monitoring, this phase recommends the optimum routes and dynamically adjusts
traffic signal timings. To improve efficiency and cut down on delays, the system is constantly learning from
historical traffic patterns. The intelligent traffic optimization and management procedure is described in depth in
Algorithm 4 (ITOM). To reduce congestion, it finds other routes and modifies traffic signal timings depending on
real-time vehicle density (Eq. 11) using expected congestion, vehicle density, and average speed as inputs. By
saving feedback data, the program learns and gets better over time. The output includes the optimal routes and
improved traffic signal timings.
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Algorithm 4 Intelligent Traffic Optimization & Management ITOM)

e Input: Predicted congestion P, Vehicle density D, Average speed S
e Qutput: Optimized traffic signals T opt, Suggested best routes R_opt
e Steps:

1. Start system

2. Initialize traffic control parameters

3. a. Get congestion level P_t
b. Adjust traffic signal timing based on vehicle density:

Thew = Taefaue + K X D¢ (11)

(Increase or decrease signal time based on traffic density)
c. Identify alternative routes by evaluating road congestion:
e. Store feedback data for continuous learning
While system is running:
Continue to the next update cycle
Stop when the system is turned off
Return optimized signals and route suggestions

N ok

4 Implementation and evaluation

This section covers the dataset, performance metrics, and evaluation results of the suggested SmartFlow-
YOLOv11 Algorithm (SYAM).

4.1 Used dataset

The open-source Cars Detection Dataset [43], which offers high-resolution photographs of different kinds of
automobiles taken in a range of real-world situations, provided the training data used in this investigation. A total
of 125 photographs were used for validation, while 439 images were used for training. A wide selection of
photographs from the dataset is shown in Fig. 2, illustrating the breadth of car models, lighting scenarios, and
background complexity. Accurate bounding boxes are added to each image to enable exact object location.

4.1.1 Important dataset features

e Diverse Vehicle Classes: There are five different vehicle classes in the dataset: ambulance, truck, bus, car, and
motorcycle. From smaller, more nimble vehicles like motorcycles to larger, more intricate structures like
trucks, this diversity guarantees that the model can manage a variety of scales and shapes with ease.

e Excellent Annotations: Every picture has exacted bounding boxes for every occurrence of the target vehicle
classes. Robust object detection model training and evaluation are made possible by these meticulously
created annotations, which ensure accuracy and dependability.

e Real-World Scenarios: Vehicles are photographed in a range of environmental settings, such as various
lighting conditions, weather fluctuations, and viewpoints. This variety makes the model flexible and resilient
to changing circumstances, reflecting the complexity found in actual autonomous driving activities.
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Fig. 2 Sample images from the vehicle detection dataset

e Large-Scale Collection: With a sizable image count, the dataset offers enough samples for testing and training,
guaranteeing thorough assessment and encouraging the creation of a reliable detection model. Effective
generalization is supported by this extensive collection, which lowers the possibility of overfitting and
enhances performance on unknown data.

To partially mitigate the limitation posed by the relatively small dataset size (439 training images and 125
validation images), which may restrict the model’s ability to generalize to diverse real-world traffic conditions,
the following strategies were adopted:

i. Extensive Data Augmentation: We applied a range of transformations—including rotation, scaling,
brightness adjustment, and horizontal flipping—to artificially expand the dataset and introduce greater
diversity. This approach helps the model encounter a wider variety of visual scenarios during training.

ii. Regularization Techniques: To reduce the risk of overfitting due to the limited data, we employed
regularization methods such as dropout and weight decay, enhancing the model’s generalization
capability.

iii. Transfer Learning: We utilized pretrained convolutional neural networks as a foundation for our model.
This allowed us to leverage learned feature representations from large-scale datasets, thereby improving
robustness and performance despite the data constraints.

4.2 Performance metrics

The SmartFlow-YOLOv11 Algorithm’s (SYAM) performance was assessed using the following crucial metrics:

e Precision: Verifies that objects are accurately identified as automobiles by measuring their detection accuracy.

TP
Precision = ——— 12
TP + FP (12)
where FP stands for False Positives and TP for True Positives.
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e Recall: Assesses how well the algorithm can identify every pertinent car in a picture.

TP
Recall = ——— 13
T TIP RN (13)

FN stands for False Negatives.
e The overlap between the actual ground truth box and the expected bounding box is measured by the

Intersection over Union (IoU).

IoU — Area of Overlap

(14)

Area of Union

Better object localization is indicated by higher IoU values.

e Mean Average Precision (mAP): By averaging precision across all item categories, mAP provides a measure
of overall detection performance.

1 N
AP = — AP; 15
mp =3y (15)

L

where N is the total number of object classes and AP is the average precision for class /.

e The F1 Score is a balanced metric that assesses the dependability of detections by combining precision and
recall.

Fl—2x Prec%s%on x Recall (16)
Precision + Recall

4.3 Evaluation of the proposed algorithm

Using the measures, the SYAM method was assessed on the Cars Detection Dataset. The following results show
how well it handles multi-scale vehicle identification and classification:

i. Bounding Box Accuracy: With an average IoU score of 0.85, the model demonstrated a high level of
overlap between the ground truth and forecast boxes.

ii. Class Detection: With an overall mAP of 92.4%, the system demonstrated consistent performance across
all vehicle classes, proving its capacity to correctly detect and categorize various vehicle kinds.

iii. Reduction in False Positives: By employing Non-Maximum Suppression (NMS) during the Prediction
Phase, False Positives were considerably reduced, improving the reliability of detection.

iv. Real-World Applicability: Experiments in a range of environmental settings validated the model’s
resilience, sustaining an F1 Score of 89.7% in a variety of weather and illumination circumstances.

The evaluation results of the vehicle detection model on a dataset of five vehicle classes—truck, motorcycle,
bus, and ambulance—are shown in Table 2. Precision, recall, Intersection over Union (IoU), mean Average
Precision (mAP), and F1 Score are some of the important measures used to assess performance. These metrics
show how well the model handles a variety of vehicle sizes, shapes, and environmental situations by assessing its
accuracy in identifying and categorizing each type of vehicle inside photographs. The outcomes demonstrate the
model’s general detection capacity as well as how well it works in each class.
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Table 2 illustrates how well the SYAM model performs for all vehicle types, but especially for buses (accuracy
of 0.92) and ambulances (recall of 0.95). With a recall of 0.73, the Truck class exhibits the model’s poorest
performance, indicating that more development may enhance detection for this vehicle class. The SYAM model’s
performance is contrasted with that of two other well-known vehicle detection models, YOLOvS5 and Faster
R-CNN, in Table 3.

With an inference time of 35 ms, the SYAM model provides high accuracy and real-time performance,
outperforming YOLOVS and Faster R-CNN in terms of mAP (0.924), as indicated in Table 3. It does, however,
demand a large amount of processing power. For tiny objects, YOLOVS5 has a rapid inference speed (42 ms) with
good accuracy; nevertheless, it may have trouble with complicated scenes and occlusions. Compared to single-
stage detectors like YOLOVS, faster R-CNN has longer inference times but is more resilient to occlusions, having
a higher mAP of 0.918.

4.4 Results discussion

The SYAM model’s efficacy in real-time multi-scale vehicle detection and classification is demonstrated by the
evaluation. In comparison with current models, the results show excellent accuracy, robustness to environmental
changes, and efficient performance. The main conclusions, advantages, and possible areas for development are
covered in this section.

4.4.1 Important results and strengths of performance

High Bounding Box Accuracy: The model’s accurate alignment of projected bounding boxes with real vehicle
placements is confirmed by the IoU score of 0.85. This demonstrates its excellent localization ability, which
lowers vehicle identification errors.

Better Detection Results in All Classes: With a mean Average Precision (mAP) of 92.4%, the model showed
reliable recognition for a variety of vehicle kinds. For traffic prioritization, accurate emergency vehicle identi-
fication is essential, and ambulances had the highest recall (0.95). Additionally, buses demonstrated excellent
accuracy (0.98), confirming the model’s usefulness for tracking public transportation.

Reducing False Positive Results: By removing unnecessary bounding boxes, Non-Maximum Suppression
(NMS) successfully decreased false detections. As a result, the system’s precision increased (0.92 for buses and
0.91 for cars), increasing its dependability for urban traffic analysis.

Sturdiness in Practical Situations: The model demonstrated its versatility in a variety of contexts by main-
taining an F1 Score of 89.7% when tested in a range of lighting and weather conditions. This guarantees reliable
detection performance despite environmental difficulties.

Efficiency in Real Time: The SYAM model is ideal for real-time deployment in smart traffic systems because of
its 35 ms inference time. With greater accuracy, this performs better than Faster R-CNN (120 ms) and is on par
with YOLOVS (42 ms).

Table 2 Performance met-

rics for SYAM Model Class Recall Precision Accuracy
Ambulance 0.95 0.88 0.96
Bus 0.92 0.92 0.98
Car 0.91 0.91 0.92
Motorcycle 0.85 0.85 0.96
Truck 0.73 0.84 0.94
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Table 3 Comparison of vehicle detection models

Model mAP  Inference time  Pros Cons
(ms)
SYAM 0.924 35 High accuracy, robust to various conditions, real-time Requires significant computational resources
performance
YOLOv5 0.902 42 Fast inference speed, good accuracy for small objects May struggle with complex scenes and
occlusions
Faster 0.918 120 High accuracy, robust to occlusions Slower inference speed compared to single-
R-CNN stage detectors

4.4.2 Addressing class-specific performance: truck detection

During model evaluation, we observed that the recall for the truck category was notably lower (0.73) compared to
other vehicle classes. This performance gap highlights a challenge in reliably detecting larger vehicles, which
play a vital role in traffic monitoring and integrated traffic management systems.

Upon further analysis, we attribute this limitation primarily to class imbalance, as the dataset contained
significantly fewer truck images relative to other categories. To partially mitigate this issue, we implemented the
following strategies during model training:

e Class-Aware Data Augmentation: Augmentation techniques such as random rotations, flips, brightness
changes, and zooming were selectively applied to truck images to synthetically increase their diversity and
frequency in the training process.

e Class-Weighted Loss Function: A class-weighted cross-entropy loss was adopted to assign higher penalties to
misclassified truck instances, improving the model’s sensitivity to underrepresented classes.

e Error Analysis and Model Tuning: We conducted a detailed error analysis of truck misclassifications, allowing
us to adjust hyperparameters and refine the training process. The analysis revealed that misclassifications often
occurred in scenarios involving occlusion or poor lighting, which will be a focus in future data collection
efforts.

While these steps led to modest improvements, the recall for the truck category still indicates room for
enhancement. In future work, we plan to enrich the dataset with a broader and more balanced set of truck images
captured under varying real-world conditions to further improve detection performance for this critical class.

4.5 Interpretability, privacy, and ethical considerations

As smart city applications increasingly rely on computer vision systems for surveillance and traffic monitoring,
addressing data privacy and ethical implications is essential for public acceptance and responsible deployment. In
this work, several measures are taken to uphold privacy:

e Data Anonymization: The system avoids collecting or processing personally identifiable information (PII), and
no facial data is used.

e FEdge Processing: Where feasible, data processing is performed locally on edge devices to reduce risks
associated with cloud-based surveillance.

e Limited Retention: Captured video frames are not stored permanently; only aggregate traffic metrics are
retained for analysis.

e Transparency and Oversight. The development and deployment of the system are aligned with ethical Al
principles and respect regulatory frameworks such as the GDPR.

e Future work will further explore the integration of privacy-preserving machine learning techniques and
community-driven governance models to ensure ethical alignment in large-scale smart city deployments.
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5 Conclusion

Real-time vehicle detection and classification have been successfully accomplished by the SYAM algorithm,
which offers strong spatial recognition, high accuracy, and quick processing speeds. With an F1 score of 89.7%,
an IoU score of 0.85, and a mAP of 92.4%, the model performs well in a range of vehicle kinds and environ-
mental circumstances. Using YOLOv11 and Non-Maximum Suppression (NMS), SYAM reduces false positives
while improving detection accuracy. Nevertheless, issues like a poor truck detection recall (0.73) and high
computing requirements point to areas that need more work. Future developments will concentrate on incor-
porating Al-driven traffic management, enhancing occlusion handling, and creating lightweight models for edge
devices. All things considered, SYAM raises the bar for intelligent transportation systems by providing a flexible
and scalable solution for applications such as smart city management, traffic monitoring, and congestion control.

6 Limitations and future work

A significant drawback of the proposed SYAM model is its computational complexity, which could impede its
practical use in low-resource settings or at a large scale within smart city infrastructures. Although the use of deep
feature extraction layers and attention mechanisms in the model improves accuracy and interpretability, it also
results in greater memory consumption and longer inference times. In order to tackle this issue, forthcoming
research will investigate model optimization strategies like pruning, quantization, and knowledge distillation. The
aim of these strategies is to lessen computational requirements without compromising performance. Additionally,
integrating lightweight architectures or implementing hybrid edge—cloud frameworks could improve the feasi-
bility of real-time deployment in embedded systems or resource-constrained platforms. These directions aim to
enhance the model’s scalability and adaptability across diverse operational contexts.

Although the proposed model shows promising results in recognizing traffic conditions, several limitations
must be acknowledged. Firstly, the dataset used in this study comprises 439 training images and 125 validation
images, which may not fully represent the complete variability and complexity of real-world traffic environments.
This relatively small dataset could limit the model’s ability to generalize, particularly when faced with unseen
conditions such as rare weather patterns, changing lighting, and unusual road situations. To address this, data
augmentation techniques—such as image rotation, flipping, scaling, and brightness variation—were utilized to
artificially enhance dataset diversity and help improve model robustness. Moreover, transfer learning from
pretrained convolutional neural networks was utilized to tap into knowledge from larger-scale datasets, thus
partially offsetting the limitations posed by the small training set.

The SYAM model, while demonstrating robust performance in controlled experiments, has yet to be tested in
the field within dynamic, real-world urban settings. This signifies a crucial restriction in completely evaluating its
real-world applicability for integrated traffic monitoring and management. Future efforts will involve deploying
the model in live traffic scenarios to assess its performance under different real-time conditions, including
occlusions, changes in illumination, variations in weather, and shifts in traffic density. Such deployment will be
essential for comprehending and enhancing the system’s robustness and reliability in real smart city scenarios.

Even though SYAM was evaluated against two robust baselines—Faster R-CNN and YOLOv5—we
acknowledge that there are no comparisons with more recent models like YOLOvS, YOLOV9, and transformer-
based methods such as DETR. These models mark considerable progress in object detection, especially regarding
the balance between speed and accuracy. These models were not incorporated into the current experimental phase
because of resource constraints. Future research will include benchmarking SYAM against these emerging
architectures to further confirm its effectiveness and efficiency in contemporary smart city environments.

In future work, we aim to greatly enhance the dataset by adding more images from a variety of sources that
span different geographical areas, traffic densities, weather conditions, and times of day. With this expansion,
model training will become more effective and real-world applicability will improve. Additionally, we intend to
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assess how well the system functions in live settings and investigate how the incorporation of real-time data
streams could improve its adaptability and scalability. Finally, the ongoing efforts will target the creation of
lightweight model versions that can be deployed on edge devices, as well as an exploration of explainable Al
methods to enhance transparency and foster user trust.
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