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Abstract

The perception system in autonomous driving mainly uses object detection algorithms to obtain the
distribution of objects on the road for identification and analysis. Although current object detection
algorithms are developing rapidly, it remains challenging to balance the requirements of real-time
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detection and high detection accuracy in practical application scenarios. To address the above is-
sues, this paper uses YOLOv8n as the original model and proposes an object detection network
named YOLOv8n-CSS. First the CBAM hybrid attention mechanism is introduced to enhance the ex-
traction of key features and remove redundancy, thereby improving the network’s ability to distin-
guish objects from the background. Then, the SPPF module in the backbone network of the original
model is replaced with the SPPCSPC module. This allows for better integration of feature infor-
mation from differentlevels and scales, effectively capturing the features of objects of various scales
and improving the accuracy of object recognition by the model. Finally, the SPD-Conv module is in-
troduced to replace the original staggered convolution layer for downsampling operations, which
retains more feature information and thus enhances the detection ability for objects of different
scales. Experimental results on the KITTI dataset and the BDD100K dataset show that the average
accuracy of the improved network model reaches 96.1% and 48.0% respectively, which is 3.9% and
7.9% higher than that of the baseline model, significantly outperforming the baseline model. This
model can achieve real-time image processing in general scenarios while ensuring high detection
accuracy.
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Figure 1. Architecture of YOLOv8n network
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Figure 2. Architecture of YOLOv8n-CSS network
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Figure 3. Architecture of CBAM network
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Figure 4. Architecture of SPPF and SPPCSPC network
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Figure 6. Performance curves of the YOLOv8n-CSS model on the KITTI dataset
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Figure 7. The Precision-Recall curve of YOLOv8n-CSS trained on the KITTI dataset
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Table 1. Experimental results of the YOLOv8n-CSS on the KITTI dataset
%% 1. YOLOv8n-CSS 7£ KITTI #28E FAYSLIG4E R

Group CBAM SPPCSPC SPD-Conv mAP@0.5% mAP@0.5:0.95%
1 92.2 74.3
2 v 94.6 75.9
3 v 93.8 75.0
4 v 93.5 74.9
5 v v 95.8 76.1
6 v v 95.6 75.9
7 v v v 96.1 76.2

SEIGGE R, EMFESMT, 5N CBAM WRAEZE IHLH. B4 SPPF #iHk LK% 5] N\ SPD-
Conv, KBRS MIIEREMS S| T B3N, ZOUFMIENRSA i . & SolfBEEEN YOLOVSn
J&i » 5 YOLOVSn JFG A L, 76 KITTIEWE 4, Y8 FE E{E mAP@0.5 3£ 7 T 3.9%, mAP@0.5:0.95%
I T 1.9%.

Table 2. Experimental results of the YOLOv8n-CSS on the BDD100K dataset
3 2. YOLOv8n-CSS £ BDD100K #i#&& FHISTIR 4R

Group CBAM SPPCSPC SPD-Conv mAP@0.5% mAP@0.5:0.95%
1 40.1 19.8
2 v 44.5 21.0
3 v 43.1 20.4
4 v 43.7 20.7
5 v v 46.9 22.1
6 v v 46.2 21.8
7 v v v 48.0 22.3

7 BDD100K ##EEH, mAP@O0.5 27+ 7T 7.9%, mAP@0.5:0.95%- T+ T 2.5%. Hr W, A
HH 110 5O B R 5 B 70 I 4% T i b 2 S 0 8 H BRRFAE

RIGAIEAS SCHTHE H e BRI RebE, ARGk BDD100K A1 KITTI X BAN vz 4 F (1 A - Bda 4
TFRSE . RS AR T, oo BRI 45 55 M I A R B A L SR AT AT E S
RN, AR o BRI e R .

ARG YOLOvVSn-CSS 5 Faster R-CNN. SSD. YOLOvSs. YOLOv7-tiny. Z-YOLOvSs #ll
SES-YOLOv8n f517E BDD100K %445 it A7 Lhsiat, suohslh R ULEE 3. seahst R, AT
R A AR AR IR 7 TR I A R o PR EE35{H mAP@0.5 15 E] T 48.0%, mAP@0.5:0.95 i 2
1 223%. SHAMBEAAEL, R,
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Table 3. Performance comparison results of different algorithms on the BDD100K

5% 3. NEEE7E BDDI00K _EHIMEsExT L 45 5

A7 HARSE mAP@0.5% mAP@0.5:0.95%
SSD 640 x 640 46.1 —
Faster R-CNN 640 x 640 41 19.4
YOLOVS5s 640 x 640 322 —
YOLOV7-tiny 640 x 640 44.8 39.9
Z-YOLOVSS 640 x 640 39.5 —
SES-YOLOv8n 640 x 640 41.9 223
YOLOv8n-CSS 640 x 640 48.0 223

Table 4. Performance comparison results of different algorithms on the KITTI

= 4. TEVEETE KITTI _EHI st EL 5 R

(RS TP mAP@0.5% mAP@0.5:0.95%
SSD 640 x 640 68.2 37.8
Faster R-CNN 640 x 640 87.5 58.1
YOLOV5s 640 x 640 91.3 62.7
YOLOV7-tiny 640 x 640 87.5 56.4
BFIDet 640 x 640 93.9 —
SES-YOLOv8n 640 x 640 92.7 69.2
YOLOv8n-CSS 640 x 640 86.1 76.2

Figure 8. Visualization of results
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