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Abstract 

As autonomous driving technology progresses, efficient and accurate object detectors are able to 

detect pedestrians, vehicles, road signs, and obstacles in real time, thereby enhancing driving safety 

and serving as a part of autonomous driving. However, the performance of such object detectors is 

limited and cannot be leveraged to satisfy a modern autonomous driving system. To address this 

issue, we develop an object detection network for autonomous driving scenarios, SST-YOLO, which 

is based on YOLOv8. Specifically, we propose a Sobel convolution & convolution (SCC) to enhance 

the backbone network of YOLOv8 and perform more full feature extraction. In addition, we replace 

the original path aggregation feature pyramid network (PAFPN) with a small object augmentation 

pyramid network (SOAPN) to solve the small object detection problem. For regression accuracy and 

classification robustness, and thereby to increase the performance in a complex driving scenario, we 

use a Task-Adaptive Decomposition & Alignment Head (TADAHead) to replace the old YOLOv8 

detection head. Experiments on the public autonomous driving dataset KITTI also show that our 

proposed method outperforms the baseline YOLOv8 model. Compared with the baseline results, the 

detection accuracy ranges from 65.1% to 68.2%, which indicates that the proposed SST-YOLO 

network can achieve object detection for autonomous cars. 

Keywords: YOLOv8; autonomous driving; Sobel convolution; SOAPN; TADAHead 

 

1. Introduction 

 With the development of artificial intelligence and intelligent transportation technologies, 

autonomous driving [1] has become one of the most important applications of computer vision [2]. 

Object detection [3] is a core component of autonomous driving perception. It detects and localizes 

traffic drivers and the environment around the vehicle (e.g., vehicle, pedestrians, cyclists, traffic 

signs), and the performance of object detection algorithms directly determines the safety, reliability 

and decision-making performance of autonomous vehicles. Object detection has the dual role of 

detecting both the locations and classes of targets in images or point clouds [4]. Since the dynamics 

of real-world traffic environments (e.g., different object sizes, occlusions, illuminations and 

backgrounds) are very complex, the accuracy and real-time performance of object detection 

technology are correlated with vehicle safety and reliability. The accuracy and performance of 

autonomous driving object detection must meet real-time and robustness constraints and are subject 

to high algorithmic performance requirements and resistance to environmental interference. With the 

advancement of deep learning, object detection methods have moved from handcrafted feature-
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based methods to deep learning-based approaches and have provided technical support for 

autonomous driving perception systems. 

In real-world road conditions, autonomous vehicles must work reliably in complex and dynamic 

scenes. The large size, dense scenes, occlusions, illumination effects, and bad weather make object 

detection very difficult. For example, small objects [5] and long-distance targets [6] are highly likely 

to be missed, which can be a threat to safety. Hence, improving the ability to detect objects in 

complicated driving environments is still a major challenge in future studies. 

The emergence of deep learning [7] has revolutionized object detection. Detection methods 

based on CNNs [8] automatically learn hierarchical feature representations from large-scale datasets. 

Current deep learning-based object detection methods can be broadly divided into two types: two-

stage-based detection [9] and one-stage detection [10]. Two-stage methods (e.g., R-CNN, Fast R-CNN 

and Faster R-CNN) achieve high detection accuracy by decoupling region proposal generation from 

classification and regression, but they are costly and have low-time performance. One-stage detectors 

such as SSD and YOLO family detectors design object detection as a single regression problem, which 

has advantages such as end-to-end inference [11], faster detection speed, and simpler network 

architectures and can be readily employed in real-time applications such as autonomous driving. 

With the development of deep information technology, deep learning-based object detection 

techniques are becoming very active in computer vision. Compared with traditional algorithms, they 

learn discriminative image features and can achieve enormous performance gains. Despite the state-

of-the-art performance of one-step-based object detectors, they can still perform poorly in detecting 

small- and long-distance objects in autonomous driving scenarios. To address this issue, we propose 

a YOLOv8-based object detector based on Sobel Convolution & Convolution (SCC), a small object 

augmentation pyramid network (SOAPN) and a decomposed and task-adaptive decomposition & 

alignment head (TADAHead). Our contributions can be summarized as follows: 

(1) An SCC module is introduced to improve the C2f modules in YOLOv8. With a Sobel operator 

[12] branch to enlarge edge information and combine it with traditional convolutional networks for 

feature extraction, multilevel information fusion can be achieved, and the model is more sensitive to 

fine-grained and detailed features. 

(2) A SOAPN is adopted to replace the PAFPN in the neck of YOLOv8 to improve the 

representation and detection performance of small objects. 

(3) The initial detection head of YOLOv8 is replaced with a TADAHead. When the model is run, 

the proposed head provides regression accuracy and classification robustness via taskwise dynamic 

decoupling and spatial alignment. 

(4) We conduct extensive experiments on the public autonomous driving dataset KITTI and 

show that SST-YOLO is superior to the other YOLOv8s. 

2. Related Work 

2.1. Overview Of Object Detection 

Object detection, which aims to find all the objects of interest in an image and the categories and 

locations associated with it, is one of the most challenging problems in computer vision. This is a 

crucial task in many applications, such as autonomous driving, video surveillance and medical image 

analysis. Owing to the diversity of the appearance, shape and pose of objects and due to issues such 

as illumination variations and occlusions during image acquisition, object detection has become one 

of most challenging tasks in computer analysis. Existing object detectors can be broadly classified 

into two categories: 2-stage detectors and 1-stage detectors. The two-stage detector automatically 

generates a set of selected regions and then performs classification and bounding box regression on 

the regions. Examples include R-CNN [13], Fast R-CNN [14] and Faster R-CNN [15]. However, the 

one-stage detection algorithm performs the input image directly and predicts the object categories 

and locations. Examples in SSD [16] and YOLO [17] are the most popular. 
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2.2. Two-Stage Object Detection Algorithms 

The R-CNN employs the selective search (SS) [18] algorithm to generate region proposals. The 

candidate regions are cropped from the original image and resized to a fixed resolution, after which 

convolutional neural networks are used for feature extraction and classification. Each region yields a 

confidence score and a bounding box offset, and nonmaximum suppression (NMS) is applied to high-

confidence proposals to obtain the final detection results. The introduction of convolutional neural 

networks significantly improves detection accuracy. However, the large number of redundant region 

proposals, which is a characteristic of R-CNN, leads to excessive repetitive computations, severely 

limiting the detection speed and becoming a major bottleneck in the algorithm’s performance. 

Fast R-CNN, an improved version of R-CNN, integrates the advantages of R-CNN and SPPNet. 

First, it adopts a single convolutional forward pass, as in SPPNet, to avoid redundant feature 

extraction. Second, the traditional SVM classifier is replaced with a Softmax function for 

classification, and multiple parallel output layers are introduced at the end of the network to enable 

end-to-end multitask learning for classification and bounding box regression without requiring 

additional feature storage. Finally, a region of interest (RoI) pooling layer is designed to pool region 

proposals of different sizes on the feature map into fixed-size feature representations before being 

fed into the fully connected layers. As a result, the Fast R-CNN achieves a significantly faster 

detection speed than the R-CNN while maintaining comparable detection accuracy. 

Region proposal generation has long been one of the key factors limiting the performance of 

deep learning–based detection algorithms until this issue was effectively addressed by Faster R-

CNN, which led to a substantial improvement in detection speed. Faster R-CNN introduces a region 

proposal network (RPN) that formulates region proposal generation as a binary classification 

problem. Specifically, anchors of multiple scales and aspect ratios are generated and slid over the 

feature map, after which they are labeled as positive or negative according to predefined thresholds. 

The RPN outputs the anchor coordinates along with the objectness scores, which are subsequently 

used as region proposals. End-to-end training significantly improves the quality of region proposals, 

replacing the previously time-consuming proposal-and-detection pipeline and enabling nearly cost-

free region proposal generation. Faster R-CNN is an integrated framework that organically combines 

the RPN with Fast R-CNN. 

2.3. Single-Stage Object Detection Algorithms 

Noting that the first step has been followed by the two-stage detection task “proposal first, 

detection later,” R. Joseph et al. proposed the first version of YOLO (you only look once) in 2015 as a 

regression problem. YOLO is a simple image split method that involves partitioning the input image 

into a 7×7 grid, and for each grid cell, the algorithm determines which center of an object belongs to 

the grid and performs object detection. Instead of having the RPN improve the proposal efficiency 

with training cost, YOLO generates 49 detection regions via image splitting, with fewer regions and 

better detection efficiency, and fixed splitting does not introduce additional training overhead. YOLO 

has limited generalizability, since every grid cell predicts only one object class, and small-object 

center localization has a strong effect on the loss function. It does not perform well in small object 

detection and does not yield good generalization performance for irregular object shapes. 

The single shot multibox detector (SSD) is a detector based on multiscale and multiresolution 

representations. Unlike YOLO, SSD performs object detection directly during convolution. By adding 

multiscale convolution, SSD makes predictions at different scales for small objects of different sizes, 

which reduces the loss from scale variation. In particular, shallow feature maps are used to detect 

small objects to preserve fine details, and deeper feature maps can be used for large object detection 

to capture more semantic information. However, it has its shortcomings. Detection at multiple scales 

introduces redundant computations and increases the overall computational complexity. Moreover, 

shallow feature maps retain more details for small objects, but they do not provide enough semantic 

representation for small detection. 
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2.4. Yolov8 Network 

The eighth version of the YOLO network, YOLOv8, is a state-of-the-art (SOTA) model that builds 

upon the success of previous YOLO versions by introducing new features and architectural 

improvements to further enhance performance and flexibility. YOLOv1 completes object detection 

with a single forward pass; however, it performs poorly in detecting small objects and has limited 

accuracy in complex scenarios. YOLOv2 improves upon YOLOv1 by introducing techniques such as 

batch normalization and anchor boxes, significantly enhancing model stability and detection 

accuracy. YOLOv3 adopts a new feature extraction backbone, Darknet-53, and employs multiscale 

detection, resulting in improved performance for objects of varying sizes. YOLOv5 is implemented 

via the PyTorch framework and achieves a favorable balance between inference speed and detection 

accuracy. Building on YOLOv5, YOLOv8 introduces multiple refinements and optimizations, 

preserving the advantages of the YOLOv5 architecture while further improving performance across 

diverse application scenarios. 

The network architecture of YOLOv8 consists of the following three main components: 

Backbone:the backbone is responsible for feature extraction and is composed of a series of 

convolutional and deconvolutional layers. Residual connections and bottleneck structures are 

employed to reduce network complexity while enhancing performance. YOLOv8 adopts the C2f 

module as its basic building block. Compared with the C3 module used in YOLOv5, the C2f module 

has fewer parameters and exhibits superior feature extraction capability. 

Neck:the neck utilizes multiscale feature fusion to integrate feature maps from different stages 

of the backbone, thereby enhancing feature representation. Specifically, the neck of YOLOv8 includes 

an SPPF module, a PAA module, and two PAN modules, which jointly facilitate efficient information 

aggregation across multiple scales. 

Head:the head is responsible for the final object detection and classification tasks. It consists of 

a detection head and a classification head. The detection head comprises a series of convolutional 

and deconvolutional layers to generate detection results, whereas the classification head employs 

global average pooling to perform category prediction for each feature map. 

The overall architecture of YOLOv8 is illustrated in Figure 1. 
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Figure 1. Structural diagram of YOLOv8. 
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2.5. Feature Fusion 

Feature fusion is a method that integrates feature information from different layers or branches 

during image processing. Key fusion tasks include channel concatenation, elementwise addition and 

multiplication. By incorporating complementary information from multiple feature levels, feature 

fusion helps the image representation of a detection model. 

For scene detection tasks, Mingxing Tan et al. from Google Brain proposed an architecture called 

EfficientDet [19], where a weighted bidirectional feature pyramid network (BiFPN) in the neck of the 

network uses learnable weights to automatically reuse and fuse features from multiple input levels 

and performs multiple-scale feature fusion with more accurate detection accuracy. 

3. Method 

In the development of the autonomous driving industry, object detection systems play a crucial 

role. YOLOv8 is a detection framework composed of a backbone, a neck, and a detection head. 

Although YOLOv8 achieves high efficiency, its performance in small object detection remains 

suboptimal. To address this limitation, the original YOLOv8 network is improved in this work, 

resulting in a novel detection model named SST-YOLO, whose overall architecture is illustrated in 

Figure 2. The proposed model consists of several key components. In the backbone, an SCC module 

is introduced to enhance edge feature extraction. This modification alleviates the limitation of the 

original C2f module, which relies heavily on deep convolutional operations and thus has insufficient 

ability to capture the edge information of critical targets such as pedestrians, lane markings, and 

traffic signs in autonomous driving scenarios. In the neck, a small object–oriented augmentation 

pyramid network (SOAPN) is adopted. This structure is specifically designed for small object 

detection and enables more effective aggregation of multiscale features, enhancing feature 

representation while reducing computational complexity. For the detection head, a task-aligned 

decoupled adaptive head (TADAHead) is employed, which demonstrates strong performance in 

complex scene detection. TADAHead effectively mitigates conflicts in multitask learning and 

improves the spatial adaptability of feature locations through a dynamic convolution mechanism, 

thereby providing stronger support for the detection accuracy and robustness of the YOLOv8 

detector in complex autonomous driving environments. 
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Figure 2. Structural diagram of SST-YOLO. 
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3.1. SCC 

In autonomous driving object detection tasks, the effectiveness of feature extraction is critical to 

both real-time performance and detection accuracy. Although the C2f (cross-stage partial fusion) 

module can effectively facilitate feature fusion, it still has several limitations. First, C2f essentially 

remains a conventional convolutional stacking structure and lacks explicit mechanisms for extracting 

image gradients and edge features. However, the most critical targets in autonomous driving 

scenarios—such as pedestrian contours, vehicle boundaries, lane markings, and traffic sign edges—

often rely on clear edge information for accurate recognition. This limitation leads to insufficient 

sensitivity of C2f to small objects and weak-texture targets. 

Second, C2f relies solely on standard convolutions for texture feature extraction without 

introducing additional structural enhancements. In real-world road environments, where occlusions, 

rain or fog, and low image clarity are common, local geometric structures become more crucial. 

Moreover, closely adjacent objects require stronger edge discrimination capabilities. The lack of 

structural diversity in the traditional C2f module and its insensitivity to fine-grained texture details 

make it difficult to meet these demands. 

Finally, C2f is not well suited for small-scale object detection. In autonomous driving scenarios, 

many key targets—such as pedestrians, cyclists, traffic lights, and road signs—often occupy only tens 

of pixels. After downsampling, the convolutional operations in C2f tend to lose critical edge features, 

resulting in high miss-detection rates for small objects and large localization errors for distant targets. 

To address these issues, this study introduces an SCC (SobelConv–Conv) module constructed 

via the Sobel operator, which is used to improve the traditional C2f module, forming a new C2f-SCC 

module. The structures of the SCC module and the C2f-SCC module are illustrated on the left and 

right sides of Figure 3, respectively. The proposed module is capable of extracting features from the 

original image while preserving rich spatial information, and it can effectively capture abrupt 

intensity changes to obtain critical edge information. 

Conventional convolutional operations are proficient at learning spatial features but are often 

insufficient for explicit edge extraction. In contrast, the SCC module introduces a SobelConv branch 

to extract edge features explicitly. The Sobel filter is a classical edge detection operator that effectively 

captures sharp intensity variations in images, thereby highlighting important edge information. In 

addition to edge features, spatial information is equally important. Therefore, SCC incorporates an 

additional convolutional branch to extract features from the original image, preserving rich spatial 

details. Finally, features extracted from the SobelConv and standard convolution branches are 

concatenated, enabling the learned representation to encode rich edge information and spatial 

features simultaneously, thus providing a more comprehensive characterization of the image content. 
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Figure 3. Structural diagram.(a)SCC;(b)C2f-SCC. 

The workflow of the proposed module is described below. 

Given an input feature map 𝑋extracted from the original image, the feature map is first fed into the 

SobelConv branch, where the Sobel operator is applied to compute edge information in the horizontal 

and vertical directions. Let 𝑆𝑥 and 𝑆𝑦 denote the horizontal and vertical Sobel kernels, respectively. 

The edge feature 𝑋sobel is computed as: 

𝑋sobel =∣ 𝑋 ∗ 𝑆𝑥 ∣ +∣ 𝑋 ∗ 𝑆𝑦 ∣, 

where ∗ denotes the convolution operation. 

Moreover, the input feature map 𝑋 is processed by the Conv branch, which extracts features 

from the original image via standard 3 × 3convolution. The resulting feature is denoted as: 

𝑋conv = 𝑓conv(𝑋), 

where 𝑓conv represents the 3 × 3 convolution operation. 

The outputs of the SobelConv branch and the Conv branch are subsequently concatenated along 

the channel dimension to obtain the fused feature 𝑋concat: 

𝑋concat = [𝑋sobel, 𝑋conv], 

where [ ⋅ ] denotes channelwise concatenation. 

To integrate the fused information and reduce channel redundancy, a 1 × 1convolution is 

applied for channel compression, yielding the integrated feature 𝑋feature: 

𝑋feature = 𝑓1×1(𝑋concat), 

where 𝑓1×1 denotes the 1 × 1 convolution operation. 

Finally, another 1 × 1 convolution is applied after introducing a residual connection with the 

original input feature map 𝑋, resulting in the enhanced feature map 𝑋′: 

𝑋′ = 𝑓1×1(𝑋feature + 𝑋), 

where the residual connection ensures information completeness and stabilizes feature learning. 

By incorporating the Sobel operator, the proposed module explicitly enhances the model’s 

ability to capture edge information. Compared with the original C2f module in YOLOv8, the 

improved module achieves higher detection accuracy and recall, thereby providing a solid 

foundation for object detection tasks in autonomous driving scenarios. 
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3.2. SOAPN 

A multiscale feature fusion networks, the path aggregation feature pyramid network (PAFPN) 

[20], which is widely adopted in the YOLO series, enables bidirectional feature interaction through 

top-down and bottom-up pathways. However, for diverse road object types in autonomous driving 

environments—such as pedestrians, cyclists, long-distance traffic signs, low-reflective obstacles at 

night, and nonrigid objects occluded by vehicles—the traditional PAFPN architecture exhibits several 

inherent structural bottlenecks, making it insufficient for meeting the robustness requirements of 

complex road scenes. 

First, PAFPN relies heavily on a full-channel bidirectional propagation mechanism during 

feature fusion. High-level semantic features are progressively upsampled and transmitted to lower 

layers in a linear topological manner, which leads to gradual dilution of deep semantic information 

during reverse propagation, making it difficult to adequately recover fine-grained texture details. 

Second, the convolutional kernel sizes in PANet are fixed. When facing traffic targets with extreme 

scale variations (e.g., pedestrians at a distance of 50 m versus traffic cones within 1 m), the limited 

receptive field makes it difficult to balance global contour perception and local texture extraction, 

resulting in fragmented and blurred feature representations. Third, PAFPN emphasizes single-path 

feature fusion and lacks cross-scale redundant information feedback mechanisms. As a result, in 

dynamic and complex scenarios—such as curved lane markings, vehicle interactions, and 

illumination degradation under rainy or foggy conditions—the network exhibits insufficient 

robustness to occlusion and reflective noise. 

On the basis of the above analysis, this study redesigns the feature fusion pathway of YOLOv8 

and proposes the small object–oriented augmentation pyramid network (SOAPN) as a replacement 

for PAFPN. SOAPN enhances the bidirectional representation of global semantics and local details 

through heterogeneous-scale convolutions, multidimensional receptive field mixing, and lightweight 

cross-layer fusion. Consequently, the detection network demonstrates stronger sensitivity to small 

objects, improved long-distance recognition capability, and enhanced robustness to occlusion in 

autonomous driving scenarios. 

The SOAPN architecture consists of an SPDConv [21] downsampling enhancement module and 

a CSP-OmniKernel feature fusion module, corresponding to the feature compression stage and the 

multiscale receptive field aggregation stage, respectively. Specifically, SPDConv is designed to 

replace conventional stride-2 convolutions by reducing semantic loss through four-dimensional 

reencoding of input features. Given an arbitrary input feature map 

𝑋in ∈ ℝ𝐶×𝐻×𝑊, 

SOAPN performs even–odd index partitioning as follows: 

𝑋SPD = Conv([𝑋0,0   ∥   𝑋1,0   ∥   𝑋0,1   ∥   𝑋1,1]), 

where 

𝑋𝑖,𝑗 = 𝑋𝑖𝑛[: , : , 𝑖 ∷ 2, 𝑗 ∷ 2] 

SPDConv first splits the spatial information into the channel dimension via a space-to-depth 

operation without losing the pixel information; then, a convolution with stride 1 is used to fuse and 

compress features to avoid loss of information due to traditional stride convolutions. This design 

helps local context modeling and is especially useful in small object detection. 

The working principle of SPDConv is illustrated in Figure 4. 
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Figure 4. Schematic diagram of SPDConv. 

A CSP-OmniKernel module is subsequently introduced in the multiscale feature fusion stage. 

This module leverages the cross-stage partial (CSP) mechanism [22] to split the input channels into 

two parts: one part is fed into a dilated convolution group for multiscale feature fusion, while the 

other part is preserved through identity mapping to retain the original texture information. This 

design effectively prevents the loss of structural details caused by deep convolutional operations. The 

process is defined as follows: 

𝑋𝑐 = [𝑋𝑒 ∥ 𝑋𝑟]s.t.𝐶𝑒 = ⌊𝐶 ⋅ 𝑒⌋, 𝐶𝑟 = 𝐶 − 𝐶𝑒  

𝑌 = Conv2(  𝒪(𝑋𝑒)   ∥   𝑋𝑟  ) 

where 𝑋𝑒   and 𝑋𝑟  denote the enhanced and residual feature subsets, respectively; 𝐶 

represents the number of input channels; 𝑒  represents the channel split ratio; and ∥  denotes 

channelwise concatenation. 

The operator 𝑂(⋅) denotes the OmniKernel multiscale processing stream [23], which can be 

further expressed as: 

𝑂(𝑋𝑒) = ∑ ∑ Conv(𝑘,𝑑)

𝑑∈𝐷
𝑘∈𝐾

(𝑋𝑒), 

where 𝐾 represents the number of convolution kernels and D denotes the number of dilation 

rates. By combining heterogeneous kernels with dilation factors, OmniKernel is able to expand the 

receptive field and capture context information at multiple scales. 

The OmniKernel module adopts a multibranch architecture to model receptive fields at multiple 

scales. Specifically, the local branch employs a 1×1 depthwise convolution to extract fine-grained 

features, whereas the large-scale branch captures long-range spatial dependencies via anisotropic 

large-kernel depthwise convolutions (63×1, 1×63, and 63×63). The global branch introduces a dual-

domain channel attention module (DCAM) and a frequency-based spatial attention module (FSAM) 

to enhance the responses of the salient regions. Finally, a 1×1 convolution is applied for feature fusion, 

and a residual connection is adopted to stabilize training. This design enables global context 

modeling while maintaining computational efficiency.  

The working principle of OmniKernel is illustrated in Figure 5. 
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Figure 5. Schematic diagram of OmniKernel. 

The convolution kernel set 𝐾 = {3,5,7} and the dilation rates 𝐷 = {1,2,3} jointly construct a 

dynamic receptive field, enabling the network to simultaneously capture local structural textures and 

long-range contextual dependencies. Unlike conventional unidirectional pyramid propagation, 

SOAPN introduces multilevel, weight-sharing cross-scale skip connections within the feature fusion 

pathway. This design is better suited to the rapidly changing viewpoints encountered in high-speed 

driving scenarios and effectively enhances the consistency of semantic and texture representations 

throughout the network. 

3.3. TADAHead 

In this paper, we further improve the detection head and propose a new TADAHead to solve 

several limitations of YOLOv8 in autonomous driving: low-texture feature adaptation, strong 

coupling between classification and regression, and poor spatial feature alignment. Conventional 

YOLO detection heads rely on shared feature representations to perform both classification and 

bounding box regression at the output, leading to semantic classification versus precise localization 

of feature representation. This problem becomes especially challenging in deep low-light scenarios 

(such as dense small-object distributions, heavy occlusion, or low-intensity conditions), where 

features in the same location must encode class semantics at the same time while maintaining 

sufficient sensitivity to boundary deformations, which leads to strong gradient competition and error 

coupling. 

To solve these problems, TADAHead proposed multilevel dynamic task decomposition, 

learnable scale-aware weighting and dynamic offset-aligned convolution to model adaptive feature 

modeling, task decoupling and spatial recalibration of the task and to help the detection head obtain 

more discriminative task-specific representations at the prediction time. 

Specifically, TADAHead first receives multiscale feature maps from the backbone and neck 

networks. Assuming that there are 𝑛𝑙  input feature levels, the input can be denoted as 𝐱 =

{𝑥1, 𝑥2, … , 𝑥𝑛𝑙
}. Each scale feature is initially processed by a shared convolutional stack (share_conv), 

which consists of a two-stage convolutional structure. Group normalization [24] is employed instead 

of batch normalization [25] to ensure statistical stability under small-batch training conditions. This 

shared encoding extracts a unified base representation for both classification and regression tasks, 

reducing parameter redundancy while enhancing cross-scale feature consistency. 

Next, we provide a task decomposition module that divides task-independent shared features 

into two task-specific branches, with global average pooling as additional guides. cls_decomp focuses 

on improving classification-related features, and reg_decamp improves localization-related 

representations. With this approach, the classification gradients do not affect the regression features 

of typical coupled detection heads. From a theoretical point of view, the suppression effect of high-
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variance positive GIoU samples by classification optimization can be avoided, and thus, the 

localization accuracy is improved. 

To address insufficient spatial alignment caused by fixed convolutional sampling locations, 

DyDCNv2 dynamic deformable convolution is incorporated into the regression branch. This module 

combines the advantages of dynamic convolution [26] and deformable convolution [27] and 

introduces a spatial_conv_offset subnetwork to predict pixel-level offsets and modulation masks, 

enabling dynamic spatial feature resampling. The offset dimension is defined as 2 × 3 × 3 , 

corresponding to adaptive adjustment of the nine sampling points in deformable convolution. This 

design allows regression features to focus more effectively on object boundaries, corners, and fine-

grained geometric regions. Compared with the fixed-kernel structure of the original YOLOv8 head, 

the proposed approach significantly improves robustness under occlusion, scale variation, and shape 

deformation. 

In addition, a CLS-Prob capability modulation mechanism is proposed to further enhance 

classification performance. This module employs cls_prob_conv1 and cls_prob_conv2 to predict 

classification confidence priors, which are activated via a sigmoid[28] function and then applied to 

the classification feature maps via elementwise multiplication. This attention-guided semantic 

modulation effectively suppresses low-confidence noisy activations and enhances class 

discrimination ability. 

At the output stage, TADAHead generates distributional predictions of size 4 × reg_max using 

the cv2 layer, which are decoded into continuous bounding box coordinates via distribution focal 

loss (DFL). The decoded predictions are then combined with dynamically generated anchors and 

strides to recover absolute-scale bounding boxes. During inference, predictions from all feature levels 

are aggregated into a unified output tensor of the form 

𝑌 = [𝑥, 𝑦, 𝑤, ℎ, 𝑝1, 𝑝2, … , 𝑝𝑛𝑐], 

where the first four elements represent bounding box coordinates and the remaining 

𝑛𝑐elements correspond to class probabilities. TADAHead supports both training and deployment 

modes and is compatible with lightweight inference frameworks such as TFLite and EdgeTPU, 

enabling direct application in embedded and real-time autonomous driving systems. 

The overall architecture of TADAHead is illustrated in Figure 6. 
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Figure 6. Structural diagram of TADAHead. 

4. Experiments And Analysis 

4.1. Dataset 

The dataset used in this study is derived from the publicly available KITTI benchmark dataset 

[29]. KITTI was jointly established by the Karlsruhe Institute of Technology (KIT) and the Toyota 

Technological Institute at Chicago (TTIC) and has become one of the most influential large-scale 
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evaluation benchmarks for computer vision algorithms in autonomous driving scenarios. The dataset 

contains real-world images collected from urban, rural, and highway environments. Each image may 

include up to 15 vehicles and 30 pedestrians, accompanied by varying degrees of occlusion and 

truncation. The annotated categories cover eight classes, namely, Car, Van, Truck, Pedestrian, Person 

Sitting, Cyclist, Tram, and Misc. Owing to its comprehensive coverage of common autonomous 

driving object categories, the KITTI dataset is well suited for evaluating the detection accuracy of the 

proposed model. 

In this work, a total of 7,481 annotated images from the KITTI dataset are selected, with 

representative examples shown in Figure 7. Three frequently occurring object categories—Car, 

Pedestrian, and Cyclist—are used for experimental evaluation.To increase data diversity and 

improve the generalization ability of the model, various geometric transformations are applied to the 

images for data augmentation. Finally, the dataset is split into training, validation, and test sets at a 

ratio of 8:1:1. 

 

 

Figure 7. Sample images from the dataset. 

4.2. Experimental Environment And Training Settings 

All the experiments are run on Linux. The computer consists of an AMD Ryzen 7 7745HX CPU, 

16 GB of RAM, and an NVIDIA GeForce RTX 4090 GPU with 24 GB of video memory. The operating 

system used was Python 3.8, PyTorch 2.2.2, and CUDA 12.1. The experimental environment is 

summarized in Table 1. 

Table 1. Experimental environment. 

Experimental Environment Value 

Processor R7-7745HX 

Operating System Linux 

Memory 16GB 

GPU RTX 4090 

GPU Memory 24GB 

Programming Language Python3.8 

Deep Learning Framework PyTorch2.2.2 

Deep Learning Toolkit CUDA12.1 

This study uses YOLOv8s as the baseline model. The input image resolution is 640 × 640. The 

SGD optimizer is trained at the 1st learning rate of 0.01, and the cosine annealing strategy is applied 

at the 1st training rate of 0, momentum of 0.9 and weight decay coefficient of 0.005. The batch size is 

32, and the model is trained for 250 epochs. The training hyperparameter settings are shown in Table 

2. 

Table 2. Training parameter settings. 

Parameter Value 

Input Image Size 640×640 
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Learning Rate 0.01 

Weight Decay 0.005 

Momentum 0.9 

Optimizer SGD 

Batch Size 32 

Training Epochs 250 

4.3. Evaluation Metrics 

To measure the performance of our model, several popular metrics, such as precision (P), recall 

(R), mean average precision (mAP), and frames per second (FPS), are also used. These metrics are 

defined and computed as follows. 

The precision (P) is the ratio of correctly predicted positive samples to all predicted positive 

samples, which can be interpreted as 

𝑃 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 

where 𝑇𝑃 denotes true positives and where 𝐹𝑃 denotes false positives. 

Recall that (R) is the ratio of correctly predicted positive samples to all real positive samples: 

𝑅 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

where 𝐹𝑁 denotes false negatives. 

The F1 score is the harmonic mean of precision and recall reflecting the performance of the 

model, and the following is the F1 score: 

𝐹1 =
1

1
𝑅

+
1
𝑃

=
2 × 𝑃 × 𝑅

𝑃 + 𝑅
 

mAP (mean average precision) is the performance of all classes. AP provides detection accuracy 

for one class and mAP for all categories. The formulas are as follows: 

𝐴𝑃 = ∑(

𝑛

𝑖=1

𝑅𝑖 − 𝑅𝑖−1) ⋅ 𝑃𝑖−1 

𝑚𝐴𝑃 =
1

𝐶
∑ 𝐴

𝐶

𝑠=1

𝑃𝑠 

where n is the number of recall levels, C is the total number of objects, and APs is the average 

precision of the s-th class. 

In addition, FPS can be used to evaluate the real-time performance of the model with the 

inference speed in real-world applications. 

4.4. Comparative Experiments 

To objectively verify the reliability and effectiveness of the proposed SST-YOLO model in 

autonomous driving object detection tasks, several representative object detection algorithms, 

including SSD, Faster R-CNN, YOLOv3, YOLOv5, YOLOv7, YOLOv8, and YOLOv10, were selected 

for comparison. All compared models were trained and evaluated under the same experimental 

settings to ensure fairness. The quantitative comparison results are reported in Table 3. 

Table 3. Comparison Results of Different Object Detection Models. 

Model P/% R/% mAP@0.5/% mAP@0.5-0.95/% 

SSD 86.4 79.4 83.3 77.9 

Faster RCNN 84.5 77.7 80.9 67.5 

YOLOv3 89.3 83.3 86.9 64.7 

YOLOv5 90.3 84.7 88.6 65.5 

YOLOv7 90.5 84.1 87.4 64.5 

YOLOv8 90.1 82.9 88.1 65.3 
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YOLOv10 91.1 85.2 88.9 65.7 

SST-YOLO 93.4 84.4 91.7 69.2 

As shown in Table 3, the proposed SST-YOLO achieves an mAP@0.5 of 91.7%, which is higher 

than those of SSD, Faster R-CNN, YOLOv3, YOLOv5, YOLOv7, YOLOv8, and YOLOv10 by 8.5%, 

10.8%, 4.8%, 3.1%, 4.3%, 3.6% and 2.8%, respectively. SST-YOLO has the highest precision (93.4%) 

and competitive recall (84.4%), indicating higher sensitivity to small-scale and high-level targets. 

These results validate the performance of the proposed improvements and demonstrate the strong 

detection power of SST-YOLO over SST-YOLO in autonomous driving scenarios. 

4.5. Ablation Experiments 

To check the performance of each improvement module, this study conduct ablation 

experiments and present the results in Table 4. YOLOv8s+SCC improves the backbone of YOLOv8s 

by replacing the bottleneck module in C2f with the proposed SCC module. Compared with the 

baseline YOLOv8s, the results yield mAP@0.5, mAP@0.5–0.95 and FPS results. The SCC provides rich 

edge information and spatial information of the learned features to explain more image content and 

detection accuracy. 

On this basis, YOLOv8s+SCC+SOAPN further enhances the neck of YOLOv8s by replacing the 

original PAFPN with the proposed SOAPN structure. Compared with the previous configuration, 

consistent gains are observed in mAP@0.5, mAP@0.5–0.95, and FPS, demonstrating that SOAPN is 

capable of effectively learning feature representations from global semantics to local details, which 

significantly benefits small object detection performance. 

Additionally, YOLOv8s+SCC+SOAPN+TADAHead replaces the detection head with the 

proposed TADAHead. In addition to the aforementioned model, all the evaluation metrics show that 

TADAHead significantly reduces the multitask modeling conflict between classification and 

regression. In a related direction, the proposed dynamic convolution facilitates spatial feature 

adaptability, which increases detection accuracy and robustness in challenging autonomous driving 

scenarios. 

Table 4. Ablation experiment results. 

Model P/% R/% mAP@0.5/% mAP@0.5–0.95/% 

YOLOv8s 88.9 82.7 89.2 65.1 

YOLOv8s+SCC 92.5 80.8 90.2 65.5 

YOLOv8s+SCC+SOAPN 93.2 82.7 91.6 68.6 

YOLOv8s+SCC+SOAPN+TADAHead 93.4 84.4 91.7 69.2 

4.6. Model Generalization Experiments 

The SODA10M dataset [30], which was jointly released by Huawei Noah’s Ark Lab and Sun Yat-

sen University, is a new-generation semi/self-supervised 2D benchmark dataset for autonomous 

driving. The images are collected from 32 different cities, covering most regions of China, and include 

a wide variety of driving scenarios, such as urban roads, highways, suburban roads, and industrial 

parks. In addition, the dataset spans diverse weather conditions (sunny, cloudy, rainy, and snowy) 

and time periods (daytime, nighttime, and dawn/dusk), providing strong diversity and complexity. 

Owing to these characteristics, SODA10M is well suited for evaluating the generalization capability 

of object detection models. 

A total of 10,000 annotated images from the SODA10M dataset are selected to fit the training, 

validation and test sets at an 8:1:1 ratio. The trained models are compared on the test set for 

generalization. To investigate the external validity of the proposed SST-YOLO, comparisons with 

several popular object detectors are conducted, and the quantitative results are shown in Table 5. 

As shown in Table 5, SST-YOLO achieves the best accuracies, with mAP@0.5 and mAP@0.5–0.95, 

with accuracies of 81.4%, 87.8% and 60.7%, respectively. While SST-YOLO provides a lower recall 
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than YOLOv8 does, its precision and mAP are more comparable to those of YOLOv8. Compared with 

YOLOv7, SST-YOLO results in lower recall and higher scores for other evaluation metrics. Compared 

with YOLOv5, SST-YOLO yields better performance in terms of accuracy, recall, mAP@0.5, and 

mAP@0.5–0.95. These results show that SST-YOLO offers competitive and stable performance across 

all driving environments and proves its generalizability and external performance. 

Table 5. Model generalization experiment results 

Model P/% R/% mAP@0.5/% mAP@0.5–0.95/% 

YOLOv5 79.2 71.3 83.1 55.1 

YOLOv7 81.1 73.7 82.1 54.6 

YOLOv8 80.9 73.8 82.3 56.4 

SST-YOLO 81.4 73.3 87.8 60.7 

4.7. Visualization Analysis 

To further verify the reliability of SST-YOLO in detecting small objects in autonomous driving 

scenarios, qualitative visualization analysis is conducted, as illustrated in Figure 8. In the figure, the 

first column shows the detection results of the YOLOv8 baseline model, whereas the second column 

presents the results obtained by the proposed SST-YOLO. 

As observed in the first row, SST-YOLO achieves a confidence score that is approximately 0.2 

higher than that of the baseline model for the vehicle located on the far right of the image. In the 

second row, SST-YOLO successfully detects a small-sized vehicle in the left region of the image that 

is missed by the baseline model. In the third row, the confidence score for the rightmost vehicle 

detected by SST-YOLO exceeds that of YOLOv8 by approximately 0.6. 

These visualization results show that this SST-YOLO not only achieves more accurate detection 

than the baseline but also has higher detection accuracy for small and easily missed targets (a large 

part of autonomous driving). 

 

Figure 8. Visualization analysis of the experimental results.(a) Images detected by YOLOv8 (b) Images detected 

by SST-YOLO. 

5. Conclusion 

This paper  propose an object detection model for autonomous driving called SST-YOLO. On 

the basis of YOLOv8, implement SCC in the backbone, replace the neck with SOAPN, and deploy the 

TADAHead detector head 

The SCC module concatenates the features acquired with SobelConv and standard convolution, 

allowing the learned representations to capture all edge information and spatial semantic features to 

accurately describe the image content. SOAPN generalizes bidirectional feature representations by 

employing heterogeneous-scale convolutions, multidimensional receptive field fusion and 

lightweight cross-layer aggregation, thereby increasing global semantic information and preserving 

local detail. As a result, the detection network is more sensitive to small targets, has better long-

distance discrimination ability and is more robust to occlusion in autonomous driving. TADAHead 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 25 February 2026 doi:10.20944/preprints202602.1454.v1

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

https://doi.org/10.20944/preprints202602.1454.v1
http://creativecommons.org/licenses/by/4.0/


 16 of 17 

 

improves detection performance by using multilevel dynamic decomposition, learnable scale 

weights and dynamic offset aligned convolutions with feature adaptivity, task decoupling and spatial 

recalibration, which effectively improves the discriminative performance of the detection head. 

Experiments show that SST-YOLO achieves an mAP@0.5-0.95 of 68.2% on the autonomous 

driving object detection task, outperforming the baseline model and meeting the requirements of 

autonomous driving perception. 

The work in the future will also improve the robustness of autonomous driving object detection 

algorithms under challenging conditions (microsensor noise, strong light, and backlighting) and 

model lightweighting and in-vehicle deployment optimization, which will lead to more widespread 

application of autonomous vehicle object detection. 
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