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Abstract: With the increasing prominence of autonomous vehicles in recent years, rapid and
accurate environmental perception has become crucial for the operational safety and decision-making
capabilities. To address the challenge of achieving an optimal balance between accuracy and real-
time performance under in-vehicle computational constraints, this paper presented an efficient object
detection algorithm for self-driving cars, which extracted the hierarchical cross-scale features based
on a shifted-window attention mechanism. By integrating this improved feature representation with
the more efficient feature fusion neck and detection head based on depth-wise separable convolution,
the proposed approach significantly reduced model complexity and improves detection speed while
maintaining near-identical detection accuracy. Experimental results demonstrate that this method
simultaneously enhances processing speed and reduced model complexity while maintaining high
detection precision, with floating-point operations reduced from 21.5 G to 6.0 G, a decrease of
15.5 G and an increase of 139 frames per second compared to YOLOv11s. This combination of
efficiency and accuracy made the proposed algorithm particularly adaptable for resource-constraint
self-driving systems.
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1. Introduction

The number of vehicles has increased rapidly in recent years, which leads to numerous issues
including traffic collisions, traffic jam, and environmental pollution etc. Intelligent vehicles are
becoming increasingly appealing since they demonstrate the capabilities like avoiding collision
automatically, controlling cruise, and auto-driving functionalities through the use of multiple sensors,
control algorithms, and other sophisticated systems [1–3]. They play a crucial role in increasing
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traffic safety and optimizing driving efficiency [4]. Recently, there is a growing trend of developing
self-driving vehicles. The system for self-driving cars primarily comprises three fundamental
capabilities: perceiving the environment, automatically making decisions, and controlling the
movement. Among these procedures, perceiving the environment serves as the cornerstone and
provides necessary condition for achieving self-driving. It requires techniques for monitoring the
surrounding environment, detecting objects and obstacles rapidly and accurately, and then
transmitting the processed information to the decision-making system for determining the optimal
path [5]. Hence, the investigation and application of object detection technology in traffic scenarios
hold substantial research importance and practical value. During the initial stage of developing
autonomous driving technology, the environment perception was conducted by expensive
single-sensor or a fusion of multiple sensors. Besides, technicians need to configure the vehicle
settings manually and fine-tune them through multiple simulations and tests in real-world
scenarios [6]. This early approach for gathering data from objects in the environment relied heavily
on human intervention, making it challenging to be deployed in different scenarios. The emergence of
affordable onboard sensors like radars, lidars and cameras [7,8], and ongoing progress in computation
ability as well as breakthroughs in deep learning methodologies have brought significant evolution to
the field of autonomous driving [9]. To guarantee the smooth operation of self-driving cars in
complicated environments, designing a reliable sensing system with a particular focus on object
detection algorithms is necessary. However, considerable challenge still remains in achieving
this goal.

Deep learning algorithms play a vital role in various domains. In the transportation sector, they
demonstrate remarkable capabilities in critical applications such as identifying and tracking objects in
traffic environments and detecting lane boundaries for vehicle navigation systems [10, 11]. For object
detection research, deep learning algorithms have become mainstream technology, attracting
widespread attention from both academic and industrial communities. Researchers are paying more
attention to explore and optimize various deep neural network architectures to bring more precision
and efficiency to the object detection. Presently, the most widely used object detection algorithms are
classified into two primary branches: two-stage detection methods and one-stage detection methods.
The one-stage detectors are exceptionally suitable for detecting objects in real-time, since they predict
object positions and categories directly, eliminating the requirement for a separate region proposal
phase [12]. On the other hand, two-stage detectors emphasize on the accuracy by utilizing a
sequential two-stage schema [13]. This process first generates region proposals and then enhances
categorization and localization [14]. The choice between these two detection methods depends on the
particular requirements of the application, requiring careful consideration to strike a balance between
processing speed and detection precision. It is worth noting that the You Only Look Once (YOLO)
family, particularly YOLOv11 developed in 2024, has made significant and rapid progress, attaining
leading performance in application of detecting objects [15]. However, despite the excellent
performance of mainstream algorithms in general object detection, they still face specific challenges
in the context of autonomous driving. For instance, autonomous vehicles must process scenes with a
vast dynamic range of object scales. Traditional convolutional neural network (CNN) backbones, with
their fixed local receptive fields, struggle to effectively capture features for both very large and very
small objects simultaneously. A critical subset of the multi-scale problem is detecting objects that
occupy very few pixels, such as distant pedestrians, traffic lights, and road signs. During the
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down-sampling process in a typical deep network, the sparse feature information from these small
objects is often lost, making them invisible to the model. What’s more, standard models can be easily
interrupted by complex backgrounds, like adverse weather, varying lighting and occlusions.

In general, in the object detection algorithms like YOLO, feature map is compressed by utilizing
down-sampling via convolution operations and, hence, the receptive field is broaden. Then,
up-sampling is applied to reestablish the dimensions of the image to the original ones, allowing for
the identification of objects at various scales. However, the information may get lost in these steps,
causing impairments to detecting certain targets. In order to mitigate this information loss, this
research proposes a novel object detection structure, which employs a multi-head self-attention
mechanism that enables both local and global context modeling in a hierarchical manner. By splitting
the input feature maps into non-overlapping windows and shifting these windows to apply attention
mechanism within and across the windows, this approach helps maintain and refine critical features
throughout the entire down-sampling and up-sampling processes. This approach capitalizes on both
local and global information without the high computational cost of simple global attention. This
layered, progressive design leads to a reduced floating-point operation count and faster inference
speed, which is essential for developing autonomous driving applications where real-time,
resource-efficient detection is considerably important. It strikes a balance between efficiency, the
extension of the receptive field, and the accurate identification of multi-scale features for self-driving
object detection tasks.

The primary contributions of this work can be summarized as follows:

• We propose an object detection framework for self-driving cars in which the YOLOv11
backbone is replaced with a Swin Transformer backbone. The Swin Transformer’s shifted
window attention mechanism and hierarchical architecture explicitly enable the capture of
hierarchical cross-scale features. This design integrates multi-scale contextual information more
effectively, facilitating feature fusion across different abstraction levels. Consequently, the model
can better handle objects of varying sizes and complex scenes, which is critical in dynamic
driving environments.

• The use of patch-based self-attention in the backbone, along with reduced channel dimensions in
the neck, significantly lowers computational resource usage while maintaining detection accuracy.
This makes it particularly well-suited for autonomous driving systems, which have high demands
for both response speed and resource efficiency.

• A detection head based on depth-wise separable convolution (DSDH) is proposed for efficient
object prediction, which effectively reduces the computational cost and parameter scale of the
model, improves the inference speed, and provides a highly efficient feature processing pipeline
that better aligns with the hierarchical feature representation.

The subsequent sections are structured as follows: A brief overview of previous research related to
object detection methods and self-driving technologies are provided in Section II. Section III continues
with a detailed explanation of our newly developed model’s architecture and methodologies. In Section
IV, the experimental results obtained from testing on the BDD100K dataset are analyzed. The last
section concludes the findings of our experiment and discusses the future research directions.
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2. Related work

In line with the growing trend of artificial intelligence and deep learning research, object detection
algorithms have been steadily progressing and multiplying. At the initial phase, histogram of oriented
gradient (HOG) and support vector machine (SVM) were combined by [16] to detect people and cars,
which is prone to false detection in complicated environments and demonstrates poor generalization
ability. Then, spatiotemporal deformable part models (SDPM) was introduced by [17] for pose
detection, and [18] proposed a fastest DPM for object detection, optimizing the detection speed and
accuracy; however, it is still restrained by certain detection scenarios and it is computationally costly.

Subsequently, researchers replaced traditional feature extraction methods with CNNs, with the
classic approach being the region-based convolutional neural networks (RCNN) series. In 2014,
RCNN was presented by [19], which first segments the picture into small regions and use the selective
search algorithm to generate the potential object region candidate. Then, extracting features of
selected regions is conducted by CNN, and SVM is applied for determining the object category. In the
next year, [20] made some improvements on the feature extraction procedure of RCNN, which
utilized CNN to extract feature from the entire picture and then used the region of interest (RoI)
pooling layer to obtain features for each candidate region from the feature map. This algorithm is
called Fast RCNN, achieving 10 times training and testing speed than RCNN and improving in
accuracy. Then, [21] introduced Faster-RCNN, which replaced the selective search algorithm by
region proposal network (RPN). The RPN shares convolutional features with the detection network,
which not only improves the quality of the candidate regions but also significantly accelerates the
speed of region generation. However, as the series of RCNN algorithms require generation of
candidate regions before performing classification, although the accuracy has increased, the inference
speed is significantly slower, making it difficult to meet real-time requirements. [22] implemented a
multi-stage detection framework called cascade RCNN, where each stage uses progressively higher
IoU thresholds for more precise object detection. By using the output of each stage to train the next
stage and specializing detectors for different quality levels, the problems of both the overfitting and
quality mismatch in traditional detectors are solved efficiently, achieving considerable
performance improvements.

Transformer architecture was initially introduced and broadly implemented in the natural language
processing (NLP) field, where long sequences of data can be modeled by self-attention mechanism,
and it allows for transmitting information to extended distance [23]. The object detection field was
revolutionized by the Google Lab in 2020, who represented the vision Transformer (ViT) model, a
milestone for the computer vision field. This model makes Transformer architecture adaptive for
image processing tasks, bridging the gap between NLP and computer version (CV) [24]. In the next
year, Microsoft Research addressed the computational limitations of transformers by introducing the
Swin Transformer model [25]. This model incorporates two key innovations: it utilizes mechanism
similar to the sliding convolutional kernel for feature extraction from the respective field based on
hierarchical transformer architecture, and it introduces the conception of “shifted window”, making it
possible to interact with neighboring windows and, therefore, strengthening the model’s ability to
better understand the overall context and semantic relationship of the entire image.

The YOLO algorithm family was originally implemented by [26], which has gained significant
attention from researchers due to its excellent performance for real-time detection. The object
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detection was innovatively transferred into a regression problem, using a unified convolutional neural
network to enable end-to-end training. However, this initial version of YOLO has certain limitations
in handling small objects and localization accuracy, which provides a subsequent improving direction
for the following YOLO versions. YOLOv2 incorporated multi-scale training, anchor boxes, and a
deeper network architecture, which had a better detection performance than the initial version [27].
Reference [28] proposed a method for detecting tiny vehicles based on improvement on YOLOv2,
which provides application value for self-driving systems. YOLOv3 provides further improvement by
integrating feature pyramid networks (FPN) and residual connections with the Darknet-53 backbone,
a deeper Darknet-53 enhancing its ability to detect objects of varying sizes and boosting model
robustness [29]. The Gaussian YOLOv3 algorithm was proposed by [30], which introduces Gaussian
modeling and uncertainty prediction for localization. This significantly enhances the object detection
accuracy of YOLOv3 in autonomous driving scenarios and reduces false positive rate. YOLOv4
integrates several advanced feature enhancement techniques, such as Mosaic data augmentation, and
optimizes the network structure, showing significant improvement in model performance [31].
YOLOv5 is widely adopted by industry for its lightweight design and efficient implementation. In the
self-driving area, [32] enhanced the YOLOv5 model to improve its capability in detecting small
objects, but the model complexity is also increased. YOLOv8 was developed in 2023, which was
extended to a broader range of visual tasks by optimizing head design, loss functions, and with a
deeper backbone [33]. The latest version, YOLOv11, was introduced in 2024. It further refines the
model architecture, with reduced parameters and achieving simultaneous improvements in detection
precision and inference speed [15]. In recent years, researchers also made improvements on the
YOLO algorithm and applied them to traffic and industrial scenarios. For example, Tao et al.
introduced the CDFF-YOLO network, which integrates cross-dimensional and dual-domain feature
fusion to effectively improve the accuracy and speed of small traffic sign detection in complex
environments [34]. Tao et al. [35] presented the EFE-YOLO algorithm, which incorporates
multi-module feature enhancement and optimization, improving the small object detection
performance in industrial scenarios with blur and occlusion significantly. Moreover, Sun et al. [36]
developed the PG-DCDAN framework, which leverages a pseudo-label guided dual classifier,
emphasizing domain adaptation and cluster boundary optimization. This method provides insights for
the potential application in small sample scenarios, but its focus is on fault diagnosis rather than
visual object detection.

Although the series of YOLO algorithms demonstrate excellent performance in object detection
tasks, their application in resource-constrained environments is limited due to the higher resource
consumption that comes with increased model depth and complexity. They utilize traditional
convolutional network as backbone for feature extraction, which is highly computationally complex.
The large number of parameters makes it challenging to deploy these models efficiently in embedded
systems or in autonomous driving scenarios, where real-time processing is crucial. To address this
weakness, we effectively optimize the feature extraction process based on the hierarchical window
self-attention mechanism, which significantly reduces the overall complexity of the model while
maintaining prediction accuracy and computation efficiency.
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3. Proposed object detection model

3.1. Data processing

We utilized 640 × 640 color images as input, aiming to balance computational cost while ensuring
rich feature representation. Specifically, an input image J ∈ RH×W×3 is given , where H represents
the height, W denotes the width, and the number of channels is 3 (RGB). In this task, both H and
W are set to 640. The image is then partitioned into a P * P grid where P = H/S = W/S = 160,
with each patch of dimension is S * S * 3, where S is set as four. The patch size was set to S = 4
because it strikes the best balance between accuracy and efficiency. Specifically, it preserves fine details
necessary for detecting small objects, aligns naturally with the shallow feature map in YOLO, and
avoids the excessive computational overhead that would arise from smaller patch sizes such as S = 2.
Moreover, compared with larger patch sizes (e.g., S = 8 or S = 16), which tend to lose small-object
information, S = 4 provides an optimal balance between spatial resolution, computational cost, and
real-time performance for autonomous driving scenarios. These sub-patches are treated as a sequence
of “tokens” with the features of each token formed by concatenating the RGB values of its original
pixels. After that step, for each sub-patch, we flatten its three-dimensional structure S * S * 3 into a
one-dimensional vector, resulting in the feature dimension of a single token as N = S * S * 3 (here,
it equals 64). The flatten sequence Z ∈ RM×N , where M = H×W

S 2 (here, it equals 25600) represents the
sequence length. A learnable linear transformation T : Zk → Yk ∈ R

N (k ∈ {1, . . . ,m}) projects the
sequence to obtain embedded representation Y ∈ RM×N . Finally, this embedded sequence feeds into
the Swin Transformer backbone. The data processing procedure is displayed in Figure 1.

Figure 1. Data processing process.

Figure 2. Structure of feature extraction process.
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3.2. Hierarchical feature extraction

The hierarchical features are extracted by Swin-Transformer architecture. This model begins by
processing the tiniest image patches and progressively increasing the downsampling rate as the
network deepens, and multi-scale feature representations are constructed through the combining of
neighboring feature blocks in deeper layers. Additionally, to have a better balance of computational
efficiency and feature extraction capability, the model computes self-attention within restricted
fixed-size windows and employs a window-shifting mechanism to enable feature interaction between
different windows, thereby global contextual information can be obtained. Figure 2 displays the
structure of the feature extraction process. In the data processing step, the original input pictures with
640 * 640 * 3 dimensions have been partitioned into non-overlapping 160 *160 patches. These
patches, measuring 4 × 4 pixels with 3 channels, form a H/4 ×W/4 grid, where each patch encodes 48
features (derived from 4 × 4 × 3). These processed patches are subsequently fed into the initial stage
of the feature extraction process. In phase one of data extraction, each patch first undergoes linear
embedding, where its features are projected to an arbitrary dimension C before being processed by the
Swin Transformer block for self-attention computation. Then, hierarchical features are generated
through a patch merging operation, where neighboring 2 × 2 patches are down-sampled and their
concatenated features are fused, reducing spatial dimensions from H/4 × W/4 to H/8 × W/8 and
transforming feature dimension to 2C through learned feature fusion. Consequently, in stage 2, the
patch numbers are decreased by a factor of 4 while the feature dimensions are doubled from stage 1.
Following the same pattern as stage 2, the subsequent stages (3 and 4) further reduce spatial
dimensions by a factor of 4 while doubling feature dimensions. This progressive transformation
generates a hierarchical representation where each stage contributes to the multi-scale
feature extraction.

Figure 3. Structure of two sequential Swin-Transformer blocks.

The two sequential Swin Transformer blocks are illustrated in Figure 3, incorporating window
multi-head self-attention (W-MSA) and its shifted variant (SW-MSA) that enable cross-window
feature interactions. For the lst block, Ẑl donates the output from the W-MSA or SW-MSA module,

Electronic Research Archive Volume 33, Issue 9, 5591–5615.



5598

while Zl indicates the output from the multi-layer perceptron (MLP) module. The architecture also
employs layer normalization before each MSA and MLP block and residual connections afterward.
The computational flow through these blocks can be expressed as:

ẑl = W-MSA(LN(zl−1)) + zl−1, (3.1)
zl = MLP(LN(ẑl)) + ẑl, (3.2)

ẑl+1 = SW-MSA(LN(zl)) + zl, (3.3)
zl+1 = MLP(LN(ẑl+1)) + ẑl+1, (3.4)

The proposed architecture replaces the global self-attention calculation by calculating self-attention
within local windows. As displayed in Figure 4, in layer l, it initially employs W-MSA, which divides
the image into fixed local windows and performs self-attention calculations within each partitioned
area. For an image consisting of p × q patches, which is divided into windows of size n × n, the
formulation of calculating computation complexity is listed as follows, where d represents
feature dimension.

Ω(MSA) = 4pqd2 + 2(pq)2d, (3.5)
Ω(W-MSA) = 4pqC2 + 2n2 pqd, (3.6)

with a constant window size, W-MSA maintains linear complexity relative to image size as each
window contains significantly fewer patches than the total number of image patches. The (l+1)-th
layer employs SW-MSA, which shifts the window downward and to the right to form a new window.
Self-attention is then computed within these shifted windows, facilitating feature interaction between
patches that were previously isolated in different windows of layer l. However, the window shifting
operation initially results in an increased number of windows. To address this, Swin Transformer
introduces an efficient cyclic shift strategy. As illustrated in Figure 4, when the shifted windows
create incomplete regions at the lower-right boundary, sub-windows A, B, and C from the upper-left
are cyclically shifted to form complete windows, enabling self-attention computation in all windows.
Since the newly formed windows comprise spatially disconnected sub-windows, it is necessary to
implement a masking mechanism to constrain self-attention computation within appropriate
sub-windows, preventing attention calculation between non-adjacent patches. After completing
calculating self-attention within each window, the cyclic-shifted sub-windows are returned to their
original positions. This process maintains the original window count for calculating self-attention,
reducing computation complexity while enabling feature interaction and information transferring
between adjacent regions.

Figure 4. Self-attention calculation based on shifted-window mechanism.
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The use of multi-head attention mechanism with window-shifting makes it possible to extract
hierarchical and cross-scale features, significantly enhancing the model’s ability to capture both local
and global information efficiently. This architectural design allows for scalable feature representation
across different layers while maintaining low computational complexity, ensuring faster inference
speed that meets the requirements for self-driving applications.

The overall structure of the proposed object detection model is displayed in Figure 5. The model
processes images through three main components: backbone, neck, and head modules. Specifically,
the backbone is responsible for extracting hierarchical cross-scale features from the raw input images,
the YOLO-based neck merges and refines these features at multiple scales, and the head performs the
final classification and bounding box regression to produce detection results. The Swin Transformer
backbone leverages shifted window attention and a hierarchical structure to capture layered
cross-scale features, enhancing multi-scale context integration. To strengthen feature representation,
SPFF, C2PSA, and C3K2 modules are incorporated, improving feature fusion and extraction while
maintaining inference speed. The spatial pyramid pooling fast (SPFF) module aggregates multi-scale
contextual information through maximum pooling operations with varying kernel sizes. The
cross-stage partial spatial attention (C2PSA) module consists of two partial spatial attention (PSA)
components operating on different feature map branches, with their outputs ultimately concatenated.
The PSA can be expressed as:

PSA(X) = X ⊙ σ

Conv1×1

 1
HW

H∑
i=1

W∑
j=1

Xi, j +max
i, j

Xi, j


 (3.7)

where 1
HW

∑H
i=1
∑W

j=1 Xi, j represents global average pooling and maxi, j Xi, j represents global max
pooling.

The C3K2 module is an advanced feature extraction component based on CSPNet (cross stage
partial network), with “K” indicating variable kernel sizes, and “2” signifying its dual-branch
architecture. The core formula can be expressed as:

C3k2(X) = Conv1×1

(
Concat

[
Bottleneckk (Conv1×1(X1)) , X2

])
(3.8)

where X1, X2 ∈ R
C/2×H×W are split feature maps along channel dimension, and Bottleneckk are iterations

of Bottleneck blocks.

3.3. Depth-wise separable convolution head

As illustrated in Figure 6, the detection head implements a dual-branch architecture, where the input
features are routed through two parallel branches: one relies on standard convolution layers, while the
other leverages depth-wise separable convolutions (DWConv) to decrease computational overhead and
parameter count. A depth-wise separable convolution typically breaks down a regular convolution into
two stages; first, a depth-wise convolution that applies filters to each input channel independently, and
second, a point-wise (1 × 1) convolution which fuses channel information.

To highlight the efficiency of DSDH, we provide a formal comparison with the standard
convolution-based detection head. For a convolution operation with kernel size K × K, input channels
Cin, and output channels Cout:

Paramsstd = K2 ×Cin ×Cout (3.9)
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FLOPsstd = H ×W × K2 ×Cin ×Cout (3.10)
Paramsds = K2 ×Cin +Cin ×Cout (3.11)

FLOPsds = H ×W × (K2 ×Cin +Cin ×Cout) (3.12)

The ratio of parameter reduction can thus be expressed as:

rparams = 1 −
K2 ×Cin +Cin ×Cout

K2 ×Cin ×Cout
(3.13)

The ratio reduction of parameter count can be calculated by Eq (3.13), leading to a significant gain in
inference speed. In addition, the DSDH is specifically designed to align with the hierarchical feature
maps produced by the Swin Transformer backbone and the lightweight neck. The depth-wise stage
preserves channel-specific spatial patterns from each scale, while the point-wise stage enables
cross-channel fusion, ensuring that multi-scale semantic information is effectively integrated before
prediction. By separating these two operations, the model performs fewer multiply-accumulate
operations and considerably cuts the number of parameters needed. After extracting features, the
outputs from both branches are fused and passed through additional convolutional layers, where
classification is optimized with binary cross-entropy (BCE) loss and bounding-box regression is
optimized with distribution focal loss (DFL) and complete intersection over union (CIoU) loss. By
incorporating depth-wise separable convolutions, this detection head effectively strikes a balance
between inference speed and detection accuracy, making it especially valuable for real-time or
resource-constrained deployment scenarios like self-driving.

Figure 5. Structure of proposed object detection framework.
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Figure 6. Architecture of detect head.

3.3.1. Loss function

We employ BCE, CIOU, and DFL within its detection head to achieve a balanced optimization
of classification and regression. In particular, BCE is used for robust classification, ensuring clear
distinction between target and untargeted regions by minimizing

BCE(p, y) = −[y log(p) + (1 − y) log(1 − p)] (3.14)

which p indicates predicted probability and y ∈ {0, 1} depicts ground-truth label. Meanwhile, CIOU
helps the model converge faster and more accurately by incorporating overlap, center distance, and
aspect ratio into a single metric, typically formulated as

CIoU = 1 − IoU +
ρ2(b,bg)

c2 + αv. (3.15)

Here, ρ2(b,bg) is the center point displacement between predicted and target bounding boxes, c
indicates the diagonal length of the tiniest enclosing box containing both boxes, and α serves as
weight function and measures the dimensional proportions between boxes. DFL models
bounding-box coordinates as a discrete distribution, thereby enabling finer-grained boundary
predictions and improving localization quality. By combining these three losses, our model ensures
that both the categorization of objects and the precision of their boundaries are optimized in a
synthetic manner.

4. Experiments

In this part, we describe the dataset, model performance, and experiment environment.
Subsequently, a range of experiments have been performed to prove the effectiveness of the
SDOD model.

4.1. Introduction of dataset and experiment setup

The BDD100K dataset is used in this study. This dataset includes a wide range of complex
scenarios that may be encountered in autonomous driving like highways with heavy traffic, residential
neighborhood with pedestrians and automobiles, as well as city streets with complex traffic signals,
etc. The videos captured at various times of the day and under diverse weather conditions consist of
this dataset, including a balanced view of daytime and nighttime scenes all over the world. It is
divided into 70% training set, 20% test set, and 10% validation set. The validation dataset is used for
validating the performance of model training. These diverse training pictures make it possible to
transfer the object detection model to other generalized novel datasets. The dataset provides statistical
distributions of images, classified by label class, weather, scene, and time, as shown in Figure 7.
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The system hardware setup of the experiment is represented in Table 1, which highlights the
principal units. The training parameters are shown in Table 2.

4.2. Baseline model

The YOLOv11 is selected as the primary baseline because it represents one of the most recent and
widely adopted versions of the YOLO family, offering an improved balance of accuracy and
efficiency compared with earlier versions (e.g., YOLOv3, YOLOv8). This choice allows us to
benchmark SDOD against a strong and up-to-date detector that is highly relevant for real-time
autonomous driving scenarios.

4.3. Evaluation metrics

The evaluation method chosen in this study includes precision, recall, frames per second (FPS),
mean average precision (mAP), and floating-point operations (FLOPs). These evaluation metrics can
be used for evaluating the efficiency and effectiveness of the proposed model. Precision and Recall
reflect the reliability of object detection by balancing false positives and false negatives, while mAP is
adopted as a comprehensive metric that aggregates the average precision across multiple categories,
thus representing the overall performance of the model on the 10 object classes in the BDD100K
dataset. To further validate the practicality of the model, FPS is used to measure real-time processing
speed, while FLOPs quantify computational complexity. These two indicators together demonstrate
the model’s advantages in real-time performance and lightweight deployment under the resource
constraints of vehicular systems.

Precision can be described as the percentage of instances that are correctly predicted as positive
samples to all the positive-predicated samples. It is used for assessing the positive prediction accuracy,
which can be calculated by Eq (4.1).

Precision =
TP

TP + FP
. (4.1)

Here, TP represents positive samples that are predicted truly, and FP represents samples that are
wrongly predicted as positive.

Recall measures the proportion of cases correctly predicted as positive out of all the true positive
samples. It can be expressed as Eq (4.2).

Recall =
TP

TP + FN
(4.2)

The mAP is presented as a metric that integrates both precision and recall, which evaluates how
well the algorithm performs across all classes, representing the overall classification performance of
the model. It provides an assessment of the model’s capability to accurately detect objects in specific
situations. A higher mAP score indicates better detection performance. The calculation is represented
in Eq (4.3), where N is the category number and APi means the average precision of class i.

mAP =
∑N

i=1 APi

N
(4.3)
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The calculation of average precision of each class is presented in APi, where APi is calculated
by Eq (4.4).

APi =

∑Ci
u=1 I(u)PrecAt(u)

Ci
(4.4)

where Ci donates the total number of ground truth for class i, and I(u) is an indicator function, which
equals one if the u-th detection is correct (True Positive) and it equals zero if it’s incorrect (False
Positive). PrecAt(u) represents the precision at position u.

FPS is an indicator used for measuring the processing velocity of a system or model. It indicates
how many image frames can be handled in one second, which reflects the system’s ability of performing
real-time processing.

FLOPs is a metric that quantifies a model’s computational complexity by calculating the overall
floating-point calculations number performed. Higher FLOPs values represent the model is richer in
complexity. For the convolution layer, it can be calculated by:

FLOPs = 2 × (Cin × K × K) ×Cout × Hout ×Wout (4.5)

where K denotes kernel size, Cin refers input channels, Cout indicates output channels, and Hout ×
Wout specifies output dimensions.

Table 1. Configuration of system and experiment setup.

Memory GPU CPU Cache size Cuda CudNN

32 GB Nvidia RTX 4070 Intel XEON 6780E 108 MB 11.2 9.6

Table 2. Training parameters.

Parameter Value
Learning rate 0.001 (cosine annealing)
Optimizer Adam
Number of iterations 300
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(a) Instances count by label class (b) Instances count by weather

(c) Instances count by scene (d) Instances count by time

Figure 7. Statistical distributions of dataset.

4.4. Results

In this section, we will display the findings from experiments using the object detection model we
developed. Then, we evaluate how well the proposed SDOD model performs by comparing it to other
object detection algorithms across different metrics on the BDD100K dataset.

4.4.1. Detecting outputs achieved by the proposed model

This section exhibits the intermediate processing steps and final results of the model. Specifically,
the input image is converted to pixels by the model, and then the model implements the feature
detection process through neural networks to identify patterns in the input image, followed by
classifying and detecting process using the further-refined features. Figure 8 illustrates heat maps
produced by the model after incorporating the attention mechanism. The heatmap illustrates how the
model focuses on predictions, highlighting the regions the model emphasizes during categorization.

Table 3 compares the overall performance of the SDOD model with other existing models in terms
of accuracy, computational speed, and model complexity. It is evident that our SDOD model
demonstrates remarkable performance by achieving an outstanding balance between accuracy and
computational efficiency. While maintaining highly competitive detection accuracy with a precision
of 0.72 and mAP of 0.47, which significantly surpass other comparison models like single shot
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multibox detector (SSD), faster R-CNN, and cascade R-CNN, and approaching the best-performing
YOLOv11s. Although its precision and mAP are slightly lower than YOLOv11s (0.77 and 0.52),
SDOD significantly outperforms in terms of inference speed and computational efficiency, achieving
the highest FPS (222) among all models and requiring only 6.0 G FLOPs, which is only nearly
one-third of YOLOv11s’s computational cost (21.5 G FLOPs). This strategic balance between
accuracy and efficiency makes SDOD particularly suitable for real-world applications where both
reliable detection performance and real-time processing are essential requirements.

Detecting small objects like traffic lights, traffic signs, and people is always a tough problem;
however, it can be seen from Table 4 that the proposed model excels in detecting small objects in
complex scenes. It exhibits excellent performance across a wide range of object scales, and it proves
effective in handling diverse self-driving scenarios, with the fewest computational complexity. The
table compares the average precision (AP) results of the proposed SDOD model and YOLOv11n for
various object classes on the BDD100K dataset. Overall, SDOD outperforms YOLOv11n in most
categories, particularly for Traffic Light (0.51 vs. 0.32) and Traffic Sign (0.55 vs. 0.38); SDOD also
shows slightly better performance for detecting Bike (0.52 vs. 0.49). Car achieves the highest AP
scores in both models (0.74 and 0.69, respectively), while both models show low performance on
Train detection, with SDOD achieving 0.02 and YOLOv11n 0.01, which is due to the unbalance data
of BDD100K. Although YOLOv11n slightly outperforms SDOD in several categories, the differences
are minor. In general, SDOD demonstrates competitive or superior performance in various object
categories, highlighting its potential for effective and efficient real-world applications in
autonomous driving.

The correlation between precision and recall metrics of different thresholds can be illustrated by
the precision-recall curve (P-R Curve). It visualizes how well the model balances these two key
performance metrics, with recall on the horizontal axis and precision on the vertical axis. Starting
from an initial threshold value, the curve traces how these two metrics shift in response to threshold
adjustments. Generally, a higher threshold leads to improvement in precision but reduction in recall.
This occurs since the increasing in threshold makes the model more conservative in predictions,
prioritizing confident detection, resulting in lower false positive rate but some valid cases may be
missed. The precision-recall curve is displayed in Figure 9. Each colored line corresponds to one
category, illustrating how precision changes as we adjust the threshold. As shown, classes like car and
traffic sign exhibit relatively high P–R curves, indicating better detection performance, while
categories such as train remain near the bottom, reflecting lower precision across different recall
levels. The P-R curve demonstrates the SDOD model performs better in reducing false positive rates,
maintaining consistent performance across all object categories and detecting objects of various sizes.

Loss function curves depict how the model’s predicted error changes throughout its training process.
It monitors the difference between what the model predicts and the actual ground truth values, which
helps us understand the learning progress of the model. The loss function curve provides insights
of the model’s convergence, which can help find problems like overfitting or underfitting and make
adjustments to improve performance of the model. Figure 10 displays how the bounding box loss
changes over 300 training epochs, comparing the performance between our proposed model and others.
As training progresses, the loss steadily decreases, indicating that the model is learning to refine object
localization more accurately. Initially, the loss values start relatively high, then drop sharply within
several epochs as the network quickly learns fundamental features. Afterward, the curve continues to
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Table 3. Comparative results of the SDOD framework on BDD100K.

Method Precision Recall mAP FPS FLOPs (G)
SSD 0.26 0.21 0.22 31 70.0
Faster-R-CNN 0.31 0.22 0.28 17 134.0
Cascade-R-CNN 0.39 0.29 0.33 15 86.0
Sparse-R-CNN 0.42 0.27 0.36 24 79.0
CenterNet 0.48 0.30 0.40 28 43.0
YOLO-v3-tiny [37] 0.61 0.35 0.39 45 19.2
YOLO-v8n [37] 0.65 0.42 0.45 50 8.1
YOLO-v1ln 0.68 0.35 0.42 200 6.5
YOLO-v1ls 0.77 0.45 0.52 83 21.5
SDOD 0.72 0.38 0.47 222 6.0

decline more gradually, which is further fine-tuning of bounding-box positions. By the later epochs,
the loss converges toward a relatively low value, reflecting the model’s improved ability to precisely
enclose and identify target objects. It is evident that SDOD converges smoothly and maintains a near-
consistently low bounding-box regression loss throughout most of the training process. Although its
final loss is marginally higher than YOLOv11s, the difference is small relative to SDOD’s real-time
and low complexity advantages.

SDOD exhibits a faster convergence speed compared to YOLOv11s, which can be attributed to the
hierarchical representation capability of the Swin Transformer backbone. However, a slight accuracy
gap remains between SDOD and YOLOv11s for certain categories of small objects. This phenomenon
may arise from the shifted-window attention mechanism in the Swin Transformer, which can create
boundary artifacts when small objects are located near window edges. Such artifacts can compromise
local feature integrity and ultimately reduce detection precision in these regions. To further address
these issues and enhance the accuracy of small object detection, several optimization directions can be
considered including refining multi-scale attention through adaptive window partitioning, enhancing
multi-scale shallow features, applying targeted data augmentation, etc.

The precision curve is shown in Figure 11, which provides a comparison of the improvement in
precision for our newly developed model and others. Precision serves as a key measurement in object
detection that indicates how accurately the model can correctly identify targets. Among the models
shown, SDOD stands out with its consistent and relatively smooth increase in precision throughout
the epochs. Starting from a lower point, SDOD steadily rises and reaches a final precision of 0.74.
Compared to other models, SDOD performs more stable. Although the final precision is lower than
YOLOv11s, SDOD’s smoother and steadier rise suggests that it may offer a more reliable solution.

4.5. Ablation study

In this section, we represent the results of ablation study to present the role of each part in our
model. We choose mAP, loss-function curve, precision curve for detailed performance comparison.
The results of the ablation study in Table 5 highlight the impact of different components on the
performance of the SDOD model. The complete SDOD model achieves the most outstanding
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Table 4. Comparative results of different classes on BDD100K.

Class AP (SDOD) AP (YOLO-v1ln)
Bike 0.52 0.49
Bus 0.51 0.52
Car 0.74 0.69
Motor 0.42 0.43
Person 0.45 0.46
Rider 0.41 0.31
Traffic Light 0.51 0.32
Traffic Sign 0.55 0.38
Train 0.02 0.01
Truck 0.52 0.59
Small objects 0.47 0.42

performance across all metrics, with a precision of 0.72, recall of 0.38, and mAP of 0.47. Notably, it
also displays superior computational efficiency, achieving the highest inference speed at 222 FPS
while requiring only 6.0 Giga FLOating-point Operation (GFLOPs). This indicates that the full
architecture successfully integrates all components for optimal performance. When examining the
impact of the DSDH, its removal leads to a noticeable performance decrease, with precision dropping
to 0.65 and mAP to 0.38. More significantly, without DSDH’s efficient convolution operations, the
computational cost increases dramatically to 71.0 GFLOPs and speed decreases significantly to 127
FPS, which indicates the considerable growth in computational complexity and highlights the
depth-wise separable structure is crucial for both accuracy and computational efficiency. Moreover,
when the DSDH is combined with the Darknet backbone (Darknet + DSDH), the precision, recall,
and mAP also drop 0.19, 0.16, and 0.16, respectively, which demonstrates the effect of promoting
detection accuracy for our newly developed backbone. The reduction in computation speed and
increase in computational cost also exhibits the efficiency benefits of our backbone. Compared to the
baseline model YOLOv11n, there is a marginal improvement in the precision, recall, and mAP, and
the superior computation efficiency is validated. Overall, SDOD strikes an excellent balance between
accuracy and efficiency, while removing DSDH or using a less efficient backbone leads to a decline
in performance.

Figure 12 is a visualization of the loss function trends of four different models in the ablation
experiment. It is clear that all models exhibit a gradual decline in loss as training progresses, among
which the SDOD remains consistently low and smooth. YOLOv11n exhibits somewhat reduced
performance. The SDOD without DSDH experiences a worse loss reduction compared to
YOLOv11n, and Darknet + DSDH converges with the highest final loss, pointing out that the base
Darknet architecture does not provide as effective feature extraction as SDOD. This comparison
clearly emphasizes the value of incorporating our feature extraction backbone and detection head.
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(a) Original picture (b) Heatmap

(c) Original picture (d) Heatmap

Figure 8. Heatmaps of the object detection process.

Figure 9. P-R curve of SDOD model for all categories.
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Table 5. Results comparison of ablation study.

Method Precision Recall mAP FPS GFLOPs
YOLO-v11n 0.68 0.35 0.45 200 6.5
SDOD without DSDH 0.65 0.33 0.38 127 71.0
Darknet + DSDH 0.53 0.22 0.31 43 45.0
SDOD 0.72 0.38 0.47 222 6.0

Figure 10. Loss comparison of different models.

Figure 11. Precision comparison of different models.
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Table 6. Comparison of original images and SDOD detection results across different
scenarios.

Scenario Original Image SDOD Detection

Highway

City Street

Tunnel

Parking Lot

Gas Station

Residential

Night

The precision curves represented in Figure 13 compare the training progression of precision of
different model variants in the ablation study. It is evident that the SDOD model exhibits superior
performance, achieving the highest final precision with rapid initial improvement and stable
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Figure 12. Comparison of loss function curve for ablation study.

convergence. The model SDOD without DSDH shows a noticeable drop in performance compared to
the integrated SDOD model, indicating that the DSDH detection head is crucial for achieving the
higher precision. The Darknet+DSDH configuration performs significantly worse than the other
variants, which suggests that while the detection head contributes to better detection capabilities, the
use of a weaker backbone, like Darknet, limits the model’s overall precision. Following the model

Figure 13. Comparison of Precision curve for ablation study.

training process, we evaluated the performance of object detection in different scenes using different
models. The detection results visualized in Table 6 depict the ability of detecting objects under
diverse environmental challenges. It is obvious that the proposed model can achieve higher accuracy
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in detecting objects from pictures in real-word scenes. We selected seven typical and common driving
scenarios to demonstrate the object detection capabilities of the proposed model. These scenarios
include highways, city street, tunnel, parking lot, gas station, residential areas, and night-time driving
conditions. Each of these environments presents unique challenges for object detection, such as
varying light conditions, complex backgrounds, and diverse object sizes. The detection results include
the predicted bounding box for different categories along with confidence scores indicating the
certainty of model prediction. It can be seen from Table 6 that the SDOD model can detect various
kinds of objects in different driving environments with high confidence, which shows robustness in
challenging conditions like night-time driving and tunnels. Additionally, the model adapts well to
different object scales, for example, it can not only identify targets nearby but also locate
long-distance cars accurately.

4.6. Technical discussion of results

The superior detection accuracy achieved by the proposed method can be attributed to the
enhanced feature representation provided by the Swin Transformer backbone. Its shifted-window
attention mechanism enables global context modeling and effective cross-scale feature aggregation,
which is particularly beneficial for small and distant object detection in complex driving scenes.
Compared to the original YOLOv11s backbone, this design reduces the risk of missing low-contrast
targets under challenging conditions.

The notable improvement in processing speed is primarily due to the depth-wise separable
convolution in the detection head, which reduces redundant computations by decomposing standard
convolutions into depth-wise and point-wise operations. This design aligns well with the hierarchical
multi-scale features produced by the Swin Transformer backbone, as confirmed in the ablation study.
These findings validate the adaptability and robustness of the proposed approach for real-world
autonomous driving environments.

5. Conclusions

In this work, we proposed SDOD, an efficient object detection model specifically tailored for
autonomous driving scenarios. By integrating the Swin Transformer backbone, SDOD achieves
stronger hierarchical feature representation, which improves detection accuracy under complex road
conditions. The lightweight depth-wise separable convolution detection head further reduces
computational cost and parameters, enabling faster inference while maintaining robust precision.
Experimental results on the BDD100K dataset confirm the advantages of SDOD: the model requires
only 6.0 GFLOPs, which is far lower than YOLOv11s at 21.5 GFLOPs, while still reaching a
competitive mAP of 0.47. Moreover, SDOD achieves 222 FPS, outperforming all compared models
and proving its superior real-time capability. These results highlight the clear advantages of SDOD: a
unique combination of accuracy, efficiency, and adaptability that makes it highly suitable for
deployment in resource-constrained embedded vehicular systems.

The future research will further investigate ways to improve the accuracy and efficiency of detecting
targets under self-driving scenes, make improvement for the model, especially in strengthening the
ability for detecting small objects, long-distance objects, and increasing the precision of detection in
challenging environments, such as extreme weather conditions and tunnel entrances.
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