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Abstract

On-road vision-based systems rely on object detection to ensure vehicle safety and efficiency, making
it an essential component of autonomous driving. Deep learning methods show high performance;
however, they often require special hardware due to their large sizes and computational complexity,
which makes real-time deployment on edge devices expensive. This study proposes lightweight
object detection models based on the YOLOv5s architecture, known for its speed and accuracy. The
models integrate advanced channel attention strategies, specifically the ECA attention module and SE
attention blocks, to enhance feature selection while minimizing computational overhead. Four models
were developed and trained on the KITTI dataset. The models were analyzed using key evaluation
metrics to assess their effectiveness in real-time autonomous driving scenarios, including precision,
recall, and mean average precision (mAP). BaseECAx2 emerged as the most efficient model for edge
devices, achieving the lowest GFLOPs (13) and smallest model size (9.1 MB) without sacrificing perfor-
mance. The BaseSE-ECA model demonstrated outstanding accuracy in vehicle detection, reaching
a precision of 96.69% and an mAP of 98.4%, making it ideal for high-precision autonomous driving
scenarios. We also assessed the models’ robustness in more challenging environments by training and
testing them on the BDD-100K dataset. While the models exhibited reduced performance in complex
scenarios involving low-light conditions and motion blur, this evaluation highlights potential areas for
improvement in challenging real-world driving conditions. This research bridges the gap between
affordability and performance, presenting lightweight, cost-effective solutions for integration into
real-time autonomous vehicle systems.

Keywords: autonomous driving; vehicle detection; attention mechanism; lightweight model; object
detection; edge devices

1. Introduction
Autonomous driving has revolutionized modern transportation by improving road safety, en-

hancing efficiency, and enabling intelligent real-time decision-making capabilities[1]. Object detection
is pivotal in autonomous vehicle perception, enabling vehicles to identify and track surrounding
objects accurately. Deep learning-based models, particularly YOLO versions, have emerged as high-
performing solutions for real-time object detection as a result of their effectiveness in achieving an
optimal trade-off between inference speed and detection accuracy[2–5]. However, despite their effec-
tiveness, high computational demands, large model sizes, and inference latency make many models
unsuitable for resource-constrained edge devices used in autonomous vehicles[6–8]. Earlier detection
frameworks, such as Faster R-CNN[9], SSD[10], and initial YOLO versions[11], demonstrated promis-
ing accuracy but suffered from computational inefficiency that hindered real-time deployment [12–14].
More recent architectures, including YOLOv4-5D, YOLOX, and EfficientDet, have sought to improve
detection accuracy and efficiency. However, their parameter count and high FLOPs requirements
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continue to pose challenges for deployment in embedded autonomous systems [15–17]. Given these
limitations, research has increasingly focused on lightweight architectures and attention mechanisms to
enhance computational efficiency and detection performance [18,19]. This study introduces enhanced
lightweight object detection models derived from YOLOv5s, incorporating Squeeze-and-Excitation (SE)
and Efficient Channel Attention (ECA) mechanisms to improve feature selection and computational
efficiency. These attention mechanisms improve feature selection while reducing computational over-
head and enhancing detection performance in real-time settings. SE modules adaptively recalibrate
channel-wise feature responses, strengthening relevant features while suppressing less useful ones
[13], while ECA refines attention mechanisms by reducing the complexity of channel dependencies
[12]. Training and testing of the proposed models were carried out using the KITTI dataset, a well-
established standard for evaluating autonomous driving perception systems. KITTI was chosen due
to its well-structured labeling system and diverse yet controlled driving scenarios, making it ideal
for assessing model performance in standard conditions. While KITTI provides valuable insights
into performance in typical urban and highway environments, it might not effectively encompass the
complexities of real-world autonomous driving conditions. To further evaluate model robustness,
we evaluated our models on the BDD-100K dataset, which features challenging scenarios, including
low-light environments, occlusions, and motion blur. This additional evaluation highlights the model’s
strengths and constraints in complex real-life situations. The observed performance gap on BDD-100K
is attributed to ECA’s focus on lightweight channel recalibration, which may limit its effectiveness in
scenarios requiring more complex spatial modeling. This evaluation underscores the need for future
improvements to address challenging environmental conditions in autonomous driving.

The primary contributions of this research are as follows:

1. Proposition of an optimized lightweight object detection model that balances accuracy on edge
devices, computational efficiency, and deployment feasibility.

2. Improvement of YOLOv5 by integrating SE and ECA attention mechanisms into its architecture
to enhance feature selection and detection precision without increasing computational overhead.

3. Introduction of extensive performance evaluation on autonomous driving datasets, including the
KITTI dataset for standard conditions and the BDD-100K dataset to assess model robustness in
challenging scenarios.

4. Benchmark analysis with cutting-edge approaches to lightweight object detection models demon-
strates improved trade-offs between computational efficiency and performance.

This study provides a cost-effective yet high-performance solution for edge deployment in autonomous
vehicles. Our findings provide an affordable solution with state-of-the-art detection accuracy, enabling
more practical real-time deployment in self-driving systems.

Application Scenarios: The proposed models are suitable for edge devices with limited computa-
tional capacity. Application areas include autonomous driving perception systems, smart surveillance
infrastructures, and IoT-enabled monitoring environments, where balancing computational efficiency,
low latency, and detection precision is critical. Our models are particularly suited for embedded AI
systems operating in dynamic and resource-limited environments by reducing computational load
without compromising detection accuracy. The remainder of this paper is organized as follows: Section
II reviews related work on lightweight object detection and attention mechanisms. Section III describes
the proposed methodology and model architecture. Section IV presents the experimental results along
with a comparative performance analysis. Section V discusses the implications of the findings, and
Section VI concludes the study while highlighting potential directions for future research.

2. Related Work
Deep learning approaches to object detection have achieved impressive results across various

applications, making them highly applicable in complex scenarios such as autonomous driving.
However, models that achieve high accuracy often incur substantial computational costs. To mitigate
this, researchers have proposed lightweight architectures, optimization techniques, and edge-cloud
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frameworks to enhance detection performance without increasing computational demands. This
section categorizes the most relevant studies into lightweight detection models, generative approaches,
edge-based optimizations, performance improvements under challenging conditions, and small-object
detection strategies.

2.1. Lightweight Object Detection Models

One-stage detectors like YOLO are extensively used in autonomous driving for their computa-
tional efficiency and real-time performance. Numerous lightweight variants have been proposed to
enhance YOLO’s efficiency for deployment on edge devices with limited resources.

Zhou et al. [15] introduced MobileYOLO, which integrates MobileNetV2 and Efficient Channel
Attention (ECA) to minimize computational complexity without sacrificing accuracy. Their model
achieved 90.7% accuracy on the KITTI dataset, with an 80% reduction in model size compared to
YOLOv4, enhancing its applicability in real-time edge computing scenarios. Similarly, ShuffYOLOX re-
placed CSPDarkNet53 with a ShuffleDet backbone, improving computational efficiency and achieving
a 92.2% mAP, thus demonstrating its potential for autonomous navigation [20].

Yasir et al. [21] proposed SwinYOLOv7, which combines Swin Transformers with YOLOv7 for
robust ship detection in SAR imagery. Although it delivers cutting-edge performance, the use of
transformer modules and anchor-free heads adds significant complexity. limiting its feasibility for
edge deployment.

Yang and Fan [22] introduced YOLOv8-Lite, a lightweight adaptation of YOLOv8 optimized using
the FastDet backbone, TFPN pyramid structure, and CBAM attention. Their model performed well on
the NEXET and KITTI datasets, balancing speed and accuracy for real-time intelligent transportation
applications. However, the reliance on transformer-style feature fusion (TFPN) and CBAM attention
may still impose constraints under stricter edge limitations.

Similarly, Wei et al. [23] developed SCCA-YOLO, integrating spatial and channel collaborative
attention mechanisms to improve detection in wildlife monitoring. Yet, Performance was assessed on
a custom dataset alongside the COCO128 subset, rather than on real-world urban driving benchmarks.
While these attention-based designs offer practical enhancements, their applicability to real-time,
street-level edge deployments remains to be validated.

Beyond structural modifications, recent studies have further explored integrating generative
approaches to enhance object detection systems for autonomous driving. Although transformer-based
detectors such as DETRs [24] have surpassed YOLO models’ accuracy, their high computational
cost and latency hinder real-time use on edge devices. In contrast, our attention-enhanced YOLOv5
variants are explicitly optimized to trade off accuracy and efficiency, ensuring suitability for low-power
embedded systems, latency-sensitive deployment scenarios.

2.2. Emerging Generative Approaches

Generative AI has recently been employed to enhance object detection and perception tasks,
especially in autonomous systems. For instance, synthetic data generation using generative AI has
improved robustness and generalization in complex driving environments [25,26]. Additionally,
generative architectures such as GenCoder [27] have been proposed for anomaly detection in intra-
vehicle networks, while multi-modal generative communication systems have been explored for
intelligent vehicular ecosystems [28]. These trends indicate a growing synergy between generative
and discriminative models.

Our work, however, focuses on optimizing discriminative YOLO-based models forLow-latency
use cases under edge constraints. For instance, Zhang et al. [29] proposed CAE-YOLOv5, which
integrates CBAM and ECA attention into YOLOv5, improving detection accuracy to 96.3%. How-
ever, added attention layers increased inference time, limiting their suitability for edge deployment.
Likewise, YOLOv5-NAM [30] integrates a Normalization-based Attention Module (NAM), improv-
ing small object detection and increasing mAP by 1.6% over the baseline while preserving real-time
performance.
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In deviation from earlier works focusing solely on lightweight design or attention-based accuracy
gains, we propose three YOLOv5-based models—BaseECA, BaseECAx2, and BaseSE-ECA—each
exploring distinct architectural trade-offs. BaseECA integrates ECA into the backbone to enhance
channel-wise attention with minimal overhead. BaseECAx2 extends attention to the backbone and
detection head for improved feature fusion. BaseSE-ECA combines SE attention in the backbone
with ECA in the head to capture global and local contextual features. These models are thoroughly
benchmarked across mAP, FPS, parameter count, and GFLOPs to validate their effectiveness in edge-
constrained, real-time autonomous driving applications.

2.3. Edge-Based and Energy-Efficient Object Detection Approaches

Object detection models designed for edge deployment must prioritize energy efficiency and low
computational cost. Liang et al.[19] proposed Edge YOLO, which offloads intensive computations to
the cloud while performing lightweight inference on edge devices. Though effective, its dependency
on persistent connectivity limits its suitability for fully offline systems.

Cai et al. [17] introduced a pruning-based version of YOLOv4, improving inference speed by
31.3% while maintaining competitive performance. Similarly, Wang et al. [31] proposed CRL-YOLOv5,
which integrates Receptive Field Blocks (RFB) and CBAM to enhance small object detection by 5.4%.
However, increased complexity and memory usage hinder their application on embedded devices.

While Pruning, edge-cloud cooperation, and attention-based enhancements contribute to im-
proved efficiency, achieving the optimal trade-off among accuracy, latency, and resource utilization
remains a persistent challenge. Unlike generative or hybrid models, our attention-enhanced YOLOv5
variants are explicitly designed to offer a balanced solution, providing robust detection performance
with minimal computational cost, making them more viable for real-time edge-based autonomous
systems.

2.4. Object Detection Performance in Challenging Driving Environments

Autonomous driving systems must reliably detect objects under adverse conditions, such as
occlusion, high-speed motion, and low lighting. Jia et al. [32] optimized YOLOv5 through structural
reparameterization and Neural Architecture Search, achieving 96.1% accuracy and 202 FPS on the
KITTI dataset. Liu et al. [33] introduced a lightweight model for traffic sign detection using Dense CSP
modules, improving efficiency by 5.28%. Wang et al. [34] introduced YOLOv3-MT, which integrates
Kalman filtering and DIoU-NMS for robust multi-object tracking.

Recent work has also improved detection in aerial and nighttime scenarios. Li et al. [45] proposed
R-YOLOv5, which achieved 90.23% mAP with only 2.02M parameters on UAV datasets. Almujally et
al. [46] enhanced nighttime surveillance using MIRNet-based low-light enhancement with YOLOv5,
reaching 92.4% precision. While effective, these models are generally tailored for specialized en-
vironments. In contrast, our work focuses on versatile, general-purpose detection under various
autonomous driving conditions. These studies underscore the critical role of attention and feature
enhancement in improving detection robustness.

2.5. Small-Scale Object Detection in Autonomous Navigation

Detecting small objects is particularly challenging due to low resolution, occlusion, and back-
ground clutter. Various studies have applied super-resolution techniques and advanced attention
mechanisms to mitigate these issues [47]. Zhao et al. [35] introduced SatDetX-YOLO, an improved
YOLOv8-based model for detecting vehicles in satellite imagery. The model incorporates Deformable
Attention Modules (DAM) and a Maximum Probabilistic Distance IoU (MPDIoU) loss, improving
precision by 3.5% and recall by 3.3%. While tailored for satellite images, its focus on refined attention
for small object detection aligns with our approach to enhancing YOLOv5’s performance in real-time,
complex driving environments.

These studies emphasize the importance of advanced attention-based architectures and super-
resolution techniques for enhancing small object detection in complex environments. Table 1 sum-
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marizes related works, detailing recent approaches’ methods, results, and key limitations. While
many techniques demonstrate strong performance, they often suffer from increased computational
costs or limited adaptability in real-world scenarios. Building on the comprehensive survey by Adam
and Tapamo [36], which classifies deep learning-based vehicle detection methods and highlights the
challenges of edge deployment, this study introduces optimized YOLOv5 variants incorporating SE
and ECA attention modules. Unlike the survey’s broader synthesis, our work presents and evalu-
ates concrete, lightweight models that balance accuracy and efficiency for real-time applications in
autonomous driving.

Table 1. Summary of recent object detection research highlighting methods, outcomes, and limitations.

*

Authors (Year) Methods Results Limitations

J. Zhang et al. (2024) Integrates ECA and CBAM into
YOLOv5.

Achieved 96.3% detection accu-
racy.

Increased inference time due to
added attention layers.

Z. Wang et al. (2024) Uses RFB and CBAM for small ob-
ject detection.

5.4% mAP improvement on small
objects.

High memory usage limits embed-
ded deployment.

T. Liu and C. Dongye (2023) apply Dense CSP and enhanced
FPN to YOLOv5.

5.28% boost in detection efficiency. Lower performance in adverse
weather conditions.

C. Zhao et al. (2024) Uses Deformable Attention and
MPDIoU loss.

+3.5% precision, +3.3% recall in re-
mote sensing.

High computational complexity.

He et al. (2023) Replaces CSPDarkNet53 with
ShuffleDet.

92.2% mAP with reduced complex-
ity.

Weak performance in low-light
scenes.

X. Jia et al. (2023) NAS and structural reparameteri-
zation.

96.1% accuracy, 202 FPS on KITTI. Dataset-specific tuning limits gen-
eralization.

Y. Zhou et al. (2022) Combines MobileNetV2 and ECA. 90.7% accuracy, 80% model size re-
duction.

Struggles with occlusions and
small objects.

J. Wang et al. (2023) Incorporates NAM into YOLOv5. +1.6% mAP vs. baseline. Limited gain in dense traffic.

T. Liang et al. (2022) Edge-cloud offloading scheme. Reduced latency and CPU load. Requires a stable network for full
functionality.

K. Wang and M. Liu (2022) Kalman filtering + DIoU-NMS. Up to 4.65% mAP increase. Degraded under severe occlusion.

Y. Cai et al. (2021) Network pruning and feature fu-
sion in YOLOv4.

31.3% faster inference with high ac-
curacy.

Pruning requires careful tuning.

3. Materials and Methods
This study introduced lightweight models for edge devices for computation cost-wise and afford-

ability; the models based on YOLOv5s, as a single-stage object detector, predict bounding boxes, class
probabilities, and abjectness scores simultaneously, YOLOv5s designed for real-time object detection,
balancing inference speed with detection precision, its architecture in Figure 1, in this section, we
provided a detailed explanation of the baseline model and the optimization techniques that used to
improve the baseline model which resulted in proposing three lightweight models namely: BaseECA,
BaseECAx2, BaseSE-ECA as their architectures explain in Figures 2, 3, 4 respectively. These models
integrate ECA and SE mechanisms into the YOLOv5s architecture to improve channel-wise attention
and feature selection. ECA and SE are lightweight mechanisms that will enhance the model’s focus
on significant features by filtering out irrelevant details, reducing the model’s size, and improving
its speed. ECA achieves this by adaptively recalibrating channel-wise feature responses without
dimensionality reduction; SE leverages global average pooling combined with fully connected layers
to capture channel dependencies.
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Figure 1. YOLOv5 Network architecture in details.

Figure 2. The proposed BaseECA Network architecture and ECA architecture.
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Figure 3. The proposed BaseECAx2 Network architecture.

Figure 4. The proposed BaseSE-ECA Network architecture.

3.1. YOLOv5

YOLOv5, which stands for You Only Look Once version five, is a highly optimized object detection
model introduced by Ultralytics [38]; it is highly efficient and achieves cutting-edge results on the
widely recognized Microsoft COCO benchmark [37], making it a widely adopted model for real-time
object detection tasks owing to effectively balancing speed and accuracy. YOLOv5 is built upon three
fundamental components that define its architecture: a Backbone, a Neck, and a Head, as shown
in Figure 1. The backbone is based on CSPDarknet53, an enhanced variant of Darknet53 used in
YOLOv4 [39]. It integrates cross-stage partial (CSP) connections, which partition the feature maps into
two separate segments, process one through a dense block, and concatenate the outputs, reducing
computational costs and improving gradient flow. Additionally, YOLOv5 introduces a Focus layer at
the beginning of the backbone, which slices the input image into four parts and concatenates them,
reducing spatial dimensions while preserving channel information to enhance efficiency. The Neck in
YOLOv5 employs the Path Aggregation Network (PANet) to aggregate and enhance features extracted
from different backbone levels. PANet extends the Feature Pyramid Network (FPN) by incorporating
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a bottom-up path augmentation, which complements the top-down path of FPN and enhances object
localization. Features from multiple levels are concatenated and refined through convolutional layers
to improve multi-scale feature representation, ensuring robust detection across varying object sizes.
The detection head generates the final predictions based on the YOLOv3 head [40]. It comprises
three key components: bounding box predictions, objectness scores, and class probabilities. Bounding
boxes are defined by their center point (x, y), as well as their width (w) and height (h), parameterized
relative to grid cells and anchor boxes. The objectness score is a binary classification value that
indicates whether a bounding box contains an object. At the same time, class probabilities represent a
probability distribution over detected classes computed using sigmoid activation to support multi-label
classification. The image undergoes initial processing in the input layer prior to being forwarded to
the backbone for feature extraction. The backbone produces feature maps at multiple scales fused in
the neck to produce three features: 80×80 resolution for detecting small objects, 40×40 resolution for
medium objects, and 20×20 resolution for large objects. The output features are used in the head for
object prediction, where confidence scores and bounding-box regression are performed using preset
anchors. Finally, confidence thresholds and non-maximum suppression (NMS) are applied to filter out
irrelevant detections and produce the final predictions.

3.2. Proposed Models
3.2.1. BaseECA Model

Convolutional Neural Networks (CNNs) used in object detection must efficiently extract features
while balancing accuracy and computational complexity. The YOLOv5 model employs Cross-Stage
Partial (CSP) Bottleneck modules (C3 layers) to capture hierarchical features. However, the C3 module
introduces many parameters and increases the model’s computational load, raising the question of
whether reducing the number of parameters without compromising performance is possible. To
answer that, we propose a novel optimized model called BaseECA by integrating Efficient Channel
Attention (ECA) into the backbone of the model, as shown in Figure 2. Specifically, we replace the
C3 module before the Spatial Pyramid Pooling - Fast (SPPF) layer integrated with ECA, as this layer
is crucial in refining high-level features before they are passed to the neck and head. ECA enhances
feature representation by applying channel attention to emphasize the most informative features,
allowing the network to focus on essential patterns while significantly minimizing the number of
parameters and computational overhead. The original C3 module, composed of three convolutional
layers with CSP connections, is responsible for extracting high-level features. The model preserves
representative feature extraction by integrating ECA while improving computational efficiency.

• Parameter Complexity in the C3 Module: The C3 module in YOLOv5 performs convolutional
operations while utilizing CSPNet’s partial feature reuse mechanism. It consists of two convo-
lutional layers applied to half of the input channels and one applied to all channels, followed
by batch normalization and non-linear activation functions (see Figure 2). The C3 component
in layer nine introduces over 1.18 million trainable parameters, significantly contributing to the
architecture’s computational complexity.
The total number of trainable parameters in the C3 module can be estimated as:

ParamsC3 = 2 ×
(

C
2
× C

2
× K2

)
+

(
C × C × K2

)
(1)

Where C represents the number of input and output channels, and K indicates the kernel size.
• Parameter Complexity in the ECA Module: The Efficient Channel Attention (ECA) module

is an efficient module designed to optimize feature selection while maintaining computational
efficiency. Compared to the C3 module, the ECA module applies a 1D convolution-based attention
mechanism to refine channel-wise features.
Replacing this modification reduces the parameter count from 1.18 million to just 1, enhancing
model efficiency. This transformation lowers memory requirements and reduces computational

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 25 June 2025 doi:10.20944/preprints202506.2076.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202506.2076.v1
http://creativecommons.org/licenses/by/4.0/


9 of 22

cost (GFLOPs) while maintaining or improving feature refinement quality, demonstrating the
effectiveness of ECA in optimizing YOLOv5’s backbone.

3.2.2. BaseECAx2 Model

Features improvement across multiple scales in deep learning models for object detection im-
proves accuracy. However, how can we enhance feature representation while keeping computational
costs minimal? To address this challenge, we introduce BaseECAx2, the architecture in Figure 3,
an extension of the BaseECA architecture that further integrates the ECA module directly into the
backbone architecture and the detection head. This enhancement enables the model to apply channel
attention to the backbone and aggregated multi-scale features in the head, improving feature selection
and object detection accuracy across varying object sizes. In BaseECAx2, the C3 module in layer nine
of the backbone is replaced with ECA, allowing the model to refine extracted features early in the
network by emphasizing the most informative channels. An ECA module is positioned after the C3
module in the detection head, enhancing the feature maps used for final predictions. At this stage, the
detection head operates at three resolutions, 80×80, 40×40, 20×20, and ECA, allowing the model to
apply adaptive channel attention at multiple scales, improving object localization and classification
precision. To analyze the computational impact, consider the parameter complexity of ECA. Unlike
the C3 module, which consists of multiple convolutional layers, ECA is lightweight and only requires
a 1D convolution with an adaptive kernel size k, given by:

ParametersECA = C × K (2)

Where C and K are as previously defined, by replacing C3 in the backbone and inserting ECA in the
head, BaseECAx2 minimizes the model’s parameters and computational overhead while sustaining
or enhancing detection performance. Therefore, it ensures that the feature maps are refined before
being fed into the neck and head, improving the feature discrimination across scales and resulting in
a model that successfully balances performance and computational efficiency, making BaseECAx2 a
powerful solution for real-time object detection.

3.2.3. BaseSE-ECA

While BaseECAx2 improves multi-scale feature selection by incorporating Efficient Channel
Attention (ECA) in both the backbone and detection head, one question remains: Can we further
refine feature representation to improve detection precision? To address this, we introduce BaseSE-
ECA, which combines the strengths of Squeeze-and-Excitation (SE) and ECA modules to optimize
feature extraction and refinement. Building upon BaseECAx2, BaseSE-ECA modifies the backbone
by replacing the final C3 module with an SE module while keeping the ECA module in the detection
head, as illustrated in Figure 4. The SE module strengthens channel-wise feature representation by
modeling interdependencies between channels, allowing the model to refine its feature selection.
The ECA module in the head ensures that the final feature maps used for detection are optimally
recalibrated, improving classification and localization accuracy. This strategic combination enables the
model to benefit from SE’s ability to capture complex channel dependencies and ECA’s computational
efficiency in attention refinement. The Efficient Channel Attention (ECA) module applies a lightweight
1D convolution-based mechanism to enhance channel-wise features without dimensionality reduc-
tion. Unlike SE, which introduces fully connected layers, ECA maintains spatial information while
recalibrating the importance of features. Mathematically, the ECA operation can be calculated in the
following equation:

AECA(x) = σ(Conv1D(g(x))) (3)

Where g(x) denotes global average pooling across the spatial dimensions, Conv1D uses a small,
dynamically selected kernel size K to model local channel interactions, and σ represents the sigmoid
activation function responsible for scaling the attention weights. On the other hand, the Squeeze-and-
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Excitation (SE) module follows a two-step process: the first step is Squeeze, which is Global Average
Pooling (GAP), compressing spatial dimensions into a channel descriptor. The second is Excitation,
which includes two fully connected layers that apply transformations to model channel dependencies.
Mathematically, the SE operation is given by:

ASE(x) = σ(W2δ(W1g(x))) (4)

Where W1 and W2 refer to the trainable weights of the two fully connected layers, δ denotes the
ReLU activation function, and σ is the sigmoid activation function responsible for rescaling the feature
responses.

4. Experments
4.1. Dataset and Preporcessing

• KITTI dataset stands out as one of the leading benchmark datasets to evaluate computer vision
algorithms in autonomous driving scenarios. It provides diverse real-world driving scenes
captured using high-resolution stereo cameras and 3D LiDAR sensors. The dataset includes
various levels of occlusion and truncation, making it well-suited for testing the robustness of
lightweight object detection models under challenging conditions.
The dataset is partitioned into three distinct subsets: for training, 5220 images; for validation,
1495 images; and for testing, 746 test images. It includes eight object categories, covering common
road participants: car, van, truck, pedestrian, person (sitting), cyclist, tram, and miscellaneous.
The dataset contains 40,484 labeled objects, averaging 5.4 annotations per image across these eight
classes.
Data preprocessing was conducted prior to training to ensure consistent input structure with
the proposed detection models and improve training efficiency. All images were scaled to a 640
× 640 pixels resolution while maintaining the aspect ratio using stretching techniques. Input
pixel values were normalized to a range of [0,1] to ensure stable convergence during training.
Data augmentation techniques, including random horizontal flipping, brightness adjustment, and
affine transformations, were incorporated to improve generalization and model robustness.[41]
The KITTI dataset served as the primary evaluation benchmark in this study due to its well-
structured annotations and established reputation for testing object detection models in au-
tonomous driving scenarios. The proposed models achieved strong performance on KITTI, which
was used as a reference to measure the models’ effectiveness in standard conditions. See some
samples for detection results in Figure 7.

• BDD-100K Dataset is a comprehensive driving video dataset tailored for autonomous driving
research, featuring 100,000 samples of annotated video clips collected from diverse geographic
locations and environmental conditions, including urban streets, highways, and residential areas.
The dataset features weather conditions such as explicit, cloudy, rainy, and foggy scenarios
and daytime and nighttime driving scenes, making it suitable for evaluating model robustness
in complex environments [42]. The BDD-100K dataset was used to explore the limitations of
the proposed models under more complex conditions. See some samples for detection results
in Figure 8. While the models demonstrated strong performance on KITTI, they exhibited
reduced performance on BDD-100K, particularly in scenes with poor lighting, motion blur, and
occlusions. This evaluation provided insights into the models’ robustness and highlighted areas
for future improvements, such as enhanced temporal feature fusion and improved noise handling
techniques.

4.2. Implementation and Training

All three models (BaseECA, BaseECAx2, and BaseSE-ECA) were implemented using the PyTorch
framework (version 2.0.1+cu117) and trained on the KITTI dataset. The training setup included a batch
size of 8, an initial learning rate of 0.01, and the SGD optimizer with momentum (0.937) and weight
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decay (0.0005). Data augmentation techniques were applied to enhance generalization, including
mosaic augmentation (probability 1.0), random horizontal flipping (probability 0.5), hue adjustment
(±0.015), saturation adjustment (±0.7), brightness adjustment (±0.4), image scaling (±0.5), and image
translation (±0.1). The training was conducted over 300 epochs for each model on an NVIDIA Quadro
P600 GPU (4 GB VRAM), leveraging CUDA 11.7 for accelerated computation. The process used the
YOLOv5s framework, with Python 3.11.4 and PyTorch 2.0.1+cu117, running on an Ubuntu 24.04
LTS system with an Intel Core i7-8850H CPU and 32 GB RAM. A One-Cycle learning rate scheduler
(lr0=0.01, lrf=0.01) was used. Alternative hyperparameter settings (e.g., different learning rates, batch
sizes, and augmentation strategies) were explored. Still, they did not yield improved performance
over the defaults, reinforcing the robustness of the original YOLOv5 training configuration.

4.3. Performance Metrics

To thoroughly evaluate the effectiveness of the proposed models, we used key performance
metrics that assess both inference speed and detection accuracy. These include Frames Per Second
(FPS) for speed evaluation and mean Average Precision (mAP) for accuracy evaluation. Precision and
recall were also used to assess detection quality.

4.3.1. Inference Speed

The inference speed was evaluated using Frames Per Second (FPS), reflecting the image through-
put per second. Higher FPS values indicate faster inference and better real-time performance, crucial
for deployment in autonomous driving systems. FPS is calculated as follows:

FPS =
N
T

(5)

Where N = total number of processed images, T = total inference time in seconds.

4.3.2. Detection Accuracy

Detection accuracy was assessed using mean Average Precision (mAP), which evaluates the
model’s precision across all object classes in the dataset. Average Precision (AP) for a single class is
calculated as the area under the Precision-recall (P-R) curve:

AP =
∫ 1

0
P(R) dR (6)

Where P(R) = precision as a recall function.
mAP is obtained by averaging the AP scores across all C classes:

mAP =
1
C

C

∑
i=1

APi (7)

Where C = total number of object classes, APi = AP for the i-th class.
Higher mAP values indicate better overall detection accuracy across multiple object classes.

4.3.3. Detection Quality Assessment

We used precision and recall metrics to evaluate further detection quality, which provides an
idea of the model’s ability to identify positive detections while correctly mitigating false positives and
negatives.

Precision =
TP

TP + FP
(8)

recall =
TP

TP + FN
(9)
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where TP (True Positives) refers to correct detection, FP (False Positives) incorrect detetion, and
FN (False Negatives) undetected objects. A higher precision value reflects the ability of a model to
minimize false positives, while a high recall value indicates improved detection of all relevant objects.
Balancing these metrics ensures optimal performance for both accuracy and reliability in real-world
autonomous driving scenarios. Combining these evaluation metrics assesses the proposed models’
efficiency, accuracy, and practical feasibility for real-time deployment on edge devices.

4.4. Ablation Study

Object detection models must efficiently extract, refine, and prioritize features while balancing
accuracy and computational cost. We conducted an ablation study comparing the Standard C3 block,
SE Attention, and ECA Attention to explore how different architectural modifications affect perfor-
mance. The goal was to understand how replacing C3 with SE or ECA impacts feature importance,
computational efficiency, accuracy, and speed. The architectural characteristics of the C3, SE, and ECA
modules are described in Table 2, while their quantitative performance comparisons are detailed in
Tables 3 and 4, highlighting the balance between accuracy, inference speed, and computational cost.

Table 2. Comparison of standard C3 block, SE attention, and ECA attention.

Method Description

C3 block Equal channel processing; more convolution operations; baseline accuracy; slightly slower
speed.

SE attention Focuses on key channels; introduces fully connected (FC) layer cost; improves global feature
focus; faster than C3.

ECA attention Local channel attention via 1D convolution; lightweight; boosts local feature refinement; fastest
option.

Table 3. Detection performance of proposed models and baseline on the KITTI dataset.

Model Precision (%) Recall (%) mAP@50 (%) mAP@95 (%)

BaseECA 88.0 87.5 90.9 68.9

BaseECAx2 89.1 86.0 90.0 65.9

BaseSE 91.3 83.9 89.7 67.6

BaseSE-ECA 91.3 83.9 89.9 67.6

BaseSE-ECA (Vehicle) 96.7 96.2 98.4 84.4

Baseline 89.1 87.9 91.4 69.5

YOLOv11n 85.2 82.8 88.8 34.9

YOLOv12n 87.6 89.2 91.6 71.9

Table 4. Model comparison based on GFLOPs, parameter count, inference speed, model size, and improvement
summary.

Model GFLOPs Params (M) FPS Size (MB) Improvement Summary

BaseECA 14.9 5.85 37.0 12.1 +3.0 FPS, -0.9 GFLOPs, -2.4 MB

BaseECAx2 13.0 4.37 40.0 9.1 +6.0 FPS, -2.8 GFLOPs, -5.4 MB

BaseSE 15.6 6.71 35.0 13.8 +1.0 FPS, -0.2 GFLOPs, -0.7 MB

BaseSE-ECA 13.7 5.24 38.5 10.9 +4.5 FPS, -2.1 GFLOPs, -3.6 MB

BaseSE-ECA (Vehicles) 13.7 5.24 38.5 9.1 Same FPS, -2.1 GFLOPs, -5.4 MB

Baseline 15.8 7.03 34.0 14.5 Reference point

YOLOv11n 6.3 2.58 53.0 5.5 +19.0 FPS, -9.5 GFLOPs, -9.0 MB

YOLOv12n 6.3 2.56 38.3 5.6 +3.3.0 FPS, -9.5 GFLOPs, -8.9.0 MB
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4.4.1. Impact on Feature Importance

The Standard C3 block in YOLOv5s architecture processes all channels equally, treating each
feature with the same level of importance, which in some scenarios might lead to redundant or less
informative features being processed. In contrast, SE and ECA modules prioritize the most relevant
features by introducing attention mechanisms. While SE explicitly models channel dependencies using
fully connected (FC) layers, ECA applies a lightweight 1D convolution, allowing it to capture local
channel interactions efficiently.

4.4.2. Computational Cost Considerations

Replacing C3 with SE attention reduces the number of convolution operations. However, it
introduces additional costs from fully connected layers used to model channel dependencies, making
SE computationally lighter than C3 but still more expensive than ECA. On the other hand, ECA
replaces the FC layers with a more efficient 1D convolution, significantly reducing overhead while
maintaining strong feature representation, which makes ECA the most computationally efficient option
among the three.

4.4.3. Effect on Accuracy

Since SE and ECA refine feature selection, they both contribute to accuracy improvements over
the standard C3 module. SE enhances accuracy by globally analyzing channel dependencies, making
it beneficial for detecting large objects or those with distinct characteristics. However, ECA refines
attention at a more localized level, improving object recognition in scenarios where subtle local
variations matter, making ECA particularly effective in handling complex backgrounds and smaller
objects.

4.4.4. Effect on Speed

Inference speed plays a crucial role in real-time object detection tasks, and the standard C3
block exhibits slightly slower performance due to its increased number of convolution operations.
SE attention speeds up inference by reducing convolutional complexity, but is slowed down by fully
connected layers. ECA achieves the best trade-off, as its 1D convolution operation is significantly lighter
than SE’s fully connected layers, making it the fastest option while improving feature representation.

These tables show that ECA offers the most favorable balance among the three modules. It
delivers the highest mAP and FPS with reduced computational load, confirming its suitability for
real-time edge deployment.

5. Results
The proposed models were evaluated against the YOLOv5 baseline to assess the impact of

Squeeze-and-Excitation and Efficient Channel Attention modules on detection accuracy, computa-
tional efficiency, and inference speed. The evaluation was conducted using precision (P), recall (R),
mean average precision at 50% (mAP@50), mean average precision at 95% (mAP@95), floating-point
operations (GFLOPs), parameter count, model size, and inference speed (FPS). A comprehensive
comparative analysis of detection performance, computational efficiency, and class-wise detection
accuracy is presented in Tables 3, 4, and 5.
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Table 5. Comparison of mean average precision (mAP) performance for various models across all classes (%).

Model Car Tram Van Truck Pedestrian Person sitting Misc Cyclist

BaseECA 98.1 98.8 98.1 99.4 85.7 59.5 96.4 91.4

BaseECAx2 97.8 98.9 98.4 98.9 82.0 57.2 95.4 90.9

BaseSE 98.1 99.0 98.5 99.2 84.6 67.4 96.5 91.0

BaseSE-ECA 98.0 97.5 97.9 99.1 82.6 55.4 96.8 90.3

BaseSE-ECA (Vehicles) 98.0 N/A 98.8 98.4 N/A N/A N/A N/A

Baseline 98.1 99.2 98.4 98.2 84.4 64.4 96.4 91.7

YOLOv11n 97.3 94.9 96.1 97.2 80.6 66.6 80.0 82.7

YOLOv12n 98.2 98.1 98.3 98.4 85.2 68.8 94.3 91.1

5.1. Detection Performance Analysis

Table 3 provides the proposed models’ precision, recall, and mAP scores and the baseline
YOLOv5s. The results demonstrate that integrating attention mechanisms in the baseline model
impacts detection accuracy, with variations based on the placement of ECA and SE modules.

The following observations can be drawn from Table 3:

• BaseSE-ECA (Vehicles) achieves the highest detection precision (96.7%) and recall (96.2%), demon-
strating that attention mechanisms significantly enhance vehicle detection performance.

• BaseECA surpasses the baseline model in mAP@50 (90.9%) and mAP@95 (68.9%), indicating
improved overall detection accuracy.

• BaseECAx2, incorporating dual ECA attention, demonstrates robust detection capabilities with
precision (89.1%) and recall (86%), highlighting the effectiveness of multi-layer attention integra-
tion.

• While BaseSE-ECA achieves the highest precision (91.3%), its lower recall (83.9%) suggests a
trade-off between high selectivity and overall detection capability.

These findings indicate that the strategic placement of SE and ECA modules significantly influences
model performance, with SE improving large-object detection and ECA enhancing small-object recog-
nition.

While the proposed models performed well on KITTI, their performance declined on BDD-100K,
as in Table 6, particularly in scenes with heavy occlusions, poor lighting, and motion blur. That
indicates that while ECA and SE improve feature selection, additional strategies like temporal feature
integration or multi-frame processing may be required to address such challenges.

Table 6. Detection performance of proposed models and baseline on the BDD-100K dataset.

Model Precision (%) Recall (%) mAP@50 (%)

BaseECAx2 62.3 41.4 45.7

BaseSE 69.8 42.0 48.2

BaseSE-ECA 64.4 42.3 47.3

Baseline 67.0 43.3 47.9

5.2. Computational Efficiency and Model Complexity

Table 4 shows the comparative analysis of GFLOPs, parameter count, model size, and inference
speed (FPS). The results show the computational benefits of integrating ECA and SE modules, achieving
an optimal trade-off between detection accuracy and computational efficiency. The key findings are :

• BaseSE-ECA (Vehicles) achieves a compact model size (9.1 MB) with a moderate computational
complexity of 13.7 GFLOPs, making it highly efficient for edge-device deployment.

• BaseECAx2 exhibits the lowest GFLOPs (13.0) while maintaining fewer parameters (43.7M),
confirming that multi-layer ECA integration reduces computational overhead.

• BaseECA, despite enhancing feature representation, slightly increases computational complexity,
requiring 14.9 GFLOPs and a model size of 12.1 MB.
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• The baseline YOLOv5s model has the highest GFLOPs (15.8) and parameter count (70M) while
achieving the lowest FPS (34), reinforcing the efficiency gains of the proposed models.

These results confirm that ECA-based modifications effectively reduce model complexity, improving
computational efficiency for real-time edge applications; Figure 5 shows the proposed models with
respect to model size, number of parameters, computational cost, and speed.

(a) Model Size (MB) (b) Parameter Count (Millions)

(c) GFLOPs (Computational Complexity) (d) Inference Speed (FPS)

Figure 5. Comparison of the proposed models and the baseline across key performance metrics: (a) Model size in
megabytes (MB); (b) Total number of parameters in millions; (c) Computational cost measured in GFLOPs; (d)
Inference speed in frames per second (FPS).

5.3. Class-Wise Detection Performance

In Table 5, the results show different object categories measured on the mAP@50, illustrating the
strengths of each model in detecting specific classes.

• BaseECA achieves the highest pedestrian detection accuracy (85.7%) and performs exceptionally
well for cyclists (91.4%), confirming that ECA enhances small-object detection.

• BaseSE-ECA (Vehicles Only) excels in vehicle detection, achieving 98.8% mAP for vans and 98.4%
for trucks, reinforcing SE’s strength in large-object recognition.

• BaseECAx2 maintains strong multi-class performance, demonstrating a balanced detection capa-
bility across different object categories.

These findings demonstrated that attention-based modifications improve class-specific detection
accuracy, particularly for human and vehicle detection, which are critical for autonomous driving
applications. Figure 6 shows the performance of each model on all classes.
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Figure 6. The comprehensive performance of the models across all classes concerning mean Average Precision
(mAP)

5.4. Discussion

Deploying deep learning-based object detectors on edge devices remains a significant challenge
due to strict constraints on memory, processing power, and energy consumption. To address this,
we proposed lightweight variants of YOLOv5 by integrating Efficient Channel Attention (ECA) and
Squeeze-and-Excitation (SE) modules, aiming to enhance feature extraction with minimal compu-
tational overhead. Our findings demonstrate an effective balance between detection accuracy and
computational efficiency. For example, the BaseECAx2 model achieved a mAP@50 of 90.0% with only
4.37M parameters and 13.0 GFLOPs, outperforming traditional models like YOLOv3 and RetinaNet
regarding resource efficiency. Additionally, the BaseSE-ECA model achieved high precision (91.3%)
and robust multi-class detection performance, as shown in Table 7 and Table 6. Unlike previous studies
such as CAE-YOLOv5 [29] and CRL-YOLOv5 [31], which apply attention mechanisms exclusively
within the backbone, our study introduces a dual-placement strategy. Specifically, BaseECAx2 ap-
plies ECA modules in both the backbone and detection head, while BaseSE-ECA combines SE in the
backbone with ECA in the head. Our models achieve up to a 3× reduction in computational cost
compared to recent attention-enhanced models such as SNCE-YOLO (35 GFLOPs) and YOLOv4-5D
(103 GFLOPs) while maintaining comparable or superior accuracy. Notably, the smallest model size
is just 9.1 MB, with real-time inference speeds, making the designs well-suited for deployment on
resource-constrained edge devices. We also compared our models to YOLOv8-Lite [22], a recent
low-resource design. While YOLOv8-Lite achieved 76.62% mAP@50 on the KITTI dataset using 4.8M
parameters and 8.95 GFLOPs, our BaseECAx2 achieved a substantially higher mAP@50 of 90.0% with
a similar number of parameters and only moderately higher complexity, demonstrating a superior
accuracy-efficiency trade-off for practical edge applications. On the BDD-100K dataset, which includes
more challenging scenarios such as occlusion, low light, and motion blur, our models experienced a
moderate drop in performance compared to KITTI; this suggests that while channel-wise attention
mechanisms (SE, ECA) improve spatial feature learning, they are less effective in capturing spatiotem-
poral variations inherent in real-world driving conditions. Compared with other recent lightweight
detectors, YOLOv11n [48] achieved a mAP@50 of 88.8% using 2.58M parameters and 6.3 GFLOPs. Our
BaseECAx2 improved upon this by achieving 90.0% mAP@50 (+1.2%), with higher precision (89.1% vs.
85.2%) and a competitive inference speed of 40.0 FPS. While slightly larger, BaseECAx2 offers better
detection reliability without sacrificing real-time performance. YOLOv12nYOLOv11n [49], on the
other hand, achieved a higher mAP@50 of 91.6% with 2.56M parameters and 6.3 GFLOPs. However, it
exhibited lower precision (87.6%) and slower inference (38.3 FPS) compared to our BaseECAx2 and
BaseSE-ECA models. These results suggest that although YOLOv12n performs well in overall detection
and recall, our models offer superior precision and faster execution—critical traits in safety-critical,
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real-time edge AI applications. Future work will explore integrating spatiotemporal attention mecha-
nisms, multi-frame feature aggregation, and generative learning enhancements to improve detection
robustness under dynamic and challenging conditions, such as those encountered in autonomous
driving. In summary, the proposed architectural enhancements to YOLOv5 introduce effective and
novel attention configurations that significantly improve the trade-off between accuracy, speed, and
compactness. These contributions make our models practical and deployable solutions for real-time
edge AI applications, including autonomous vehicles, intelligent surveillance, and embedded vision
systems.

Table 7. Comparison of mAP, Parameters, and GFLOPs of State-of-the-Art Models and Proposed Approaches

Method mAP (%) # Parameters (M) GFLOPs

YOLOX-L [32] 92.27 54.15 155.69
ShuffYOLOX [32] 92.20 35.43 89.99
SNCE-YOLO [4] 91.90 9.58 35.20
MobileYOLO [15] 90.70 12.25 46.70
YOLOv8s [4] 89.40 11.13 28.40
SSIGAN and GCAFormer [5] 89.12 N/A N/A
YOLOv4-5D[P-L] [17] 87.02 N/A 103.66
YOLOv3 [32] 87.37 61.53 N/A
SD-YOLO-AWDNet [12] 86.00 3.70 8.30
YOLOv6s [4] 85.60 16.30 44.00
YOLOv7s-tiny [12] 84.12 6.20 5.80
YOLOv3-MT [34] 84.03 N/A 32.06
RetinaNet [15] 88.70 37.23 165.40
YOLOv3 [43] 87.40 61.53 234.70
YOLOv8-Lite [22] 76.62 4.80 8.95
Faster R-CNN [34] 71.86 N/A 7.04
Edge YOLO [19] 72.60 24.48 9.97
MobileNetv3 SSD [19] 71.80 33.11 12.52
YOLOv4-5D[P-G] [43] 69.84 N/A 76.90
SSD [34] 61.42 N/A 27.06
S-DAYOLO [44] 49.30 9.35 19.70
YOLOv11n 8.88 2.60 6.30
YOLOv5s 91.4 7.03 1 5.8

Ours (BaseECA) 90.90 5.85 14.90
Ours (BaseECAx2) 90.00 4.37 13.00
Ours (BaseSE-ECA) 89.90 5.24 13.70
Ours (BaseSE-ECA (Vehicles)) 98.40 5.24 13.70
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Figure 7. Detection result of BaseECAx2 on the KITTI dataset under various conditions.

Figure 8. Detection result of BaseECAx2 on the BDD-100K dataset under various conditions.

6. Conclusions
In this study, we developed lightweight object detection models for real-time use on edge devices,

such as those found in autonomous vehicles. Although the original YOLOv5 generally performs
well, its high computational cost and large model size make it less suitable for environments with
limited resources. To address this, we introduced three optimized variants by integrating Efficient
Channel Attention (ECA) and Squeeze-and-Excitation (SE) modules at different levels of the YOLOv5
architecture. Experimental evaluations on the KITTI dataset demonstrated that the BaseECAx2 model
achieves the best trade-off between detection accuracy and efficiency—achieving only 13 GFLOPs,
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a compact model size of 9.1 MB, and a fast inference speed of 27 ms—making it highly suitable for
real-time edge deployment. For applications prioritizing detection accuracy, such as vehicle-specific
recognition in autonomous systems, the BaseSE-ECA model delivered the highest performance,
achieving 96.69% precision, 96.20% recall, and 98.40% mAP@50. Despite these promising results on
KITTI, performance degraded on the more complex BDD-100K dataset due to challenges such as
occlusion, low lighting, and motion blur. The results emphasize the need for further architectural
enhancements to improve robustness under real-world driving conditions. Future work will explore
integrating spatiotemporal modeling techniques, including temporal feature fusion, multi-frame
aggregation, dynamic input adaptation, noise-resilient attention mechanisms, and generative learning
methods. This work introduces a practical and scalable direction for building efficient, high-performing
object detectors using lightweight attention modules. The study demonstrates that improvements can
effectively bridge the gap between computational efficiency and real-time performance, supporting the
advancement of AI-driven perception in autonomous vehicles and other embedded vision applications.
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Abbreviations
The following abbreviations are used in this manuscript:

AI Artificial Intelligence
CNN Convolutional Neural Network
DNN Deep Neural Network
IoU Intersection over Union
mAP mean Average Precision
FPS Frames Per Second
GFLOPs Giga Floating Point Operations
V2X Vehicle-to-Everything
KITTI Karlsruhe Institute of Technology and Toyota Technological Institute
BDD100K Berkeley DeepDrive 100K
YOLO You Only Look Once
SE Squeeze-and-Excitation
ECA Efficient Channel Attention
CBAM Convolutional Block Attention Module
CA Coordinate Attention
RPN Region Proposal Network
FPN Feature Pyramid Network
NMS Non-Maximum Suppression
UAV Unmanned Aerial Vehicle
COCO Common Objects in Context
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