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[Abstract]  Multi-class traffic participant detection in dense traffic scenarios remains a challenging visual
task, which is crucial for traffic management and safety. To address this, a deep neural network-based detection al-
gorithm, DSODet, is proposed to handle the challenges of partial occlusion and small-scale targets in dense traffic
environment. Firstly, a lightweight CSPDarkNet network is used to extract features from traffic images. Then, a
multi-scale feature fusion upsampling module is designed to enhance the representation capability for hard-to-detect
targets. Next, a high-resolution detection branch is incorporated to improve detection accuracy for small-scale tar-
gets. Finally, a histogram feature distillation training method is proposed, which effectively guides the student mod-
el’s training by minimizing the intersection ratio of feature histograms between the teacher and student models at cor-
responding layers, thus enabling parameter optimization and model compression. The experimental results show that
DSODet achieves an average detection accuracy of 66.9% for traffic participants and 13.0% for small targets with
partial occlusion, outperforming current state-of-the-art algorithms. The model contains only 2.9 M parameters,
demonstrating its friendliness for edge device. The related code will be shared at https ://github.com/XMUT-Vsion-
Lab.
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Algorithm: Histogram Feature Distillation (HFD)

Input: Student model feature tensors{ F: }f: 2

Teacher model feature tensors{ F‘l }IL: Lo..L}
Alignment modules{ align,}/_, , ,;
Normalization modules{ norm, }IL: Lo..L}

Number of bins B;
Output: Total loss L.,
1. InitializeL, <— 0

2. forl=1toLdo

3. s norm,(ulign,(Fi))
4. 1, norm,(F{)

5. H!'«— Hiszogram(sl, B),H'l — Histugram(t,, B)
6. L,—1- imin(ﬂj[i],ﬂl’[i])

7. Lygp < Lysp + L,

8. end for

Ly
9. Normalize total loss : Ly <— %
10. return L

HFD
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F4 AEEERBHPEREXTLER

FER 4 mAPI% AP 1% AP, /% AP/% MR/% N/10° GFLOPs FPS
Faster R-CNN 53.4 0.7 17.9 46. 4 67.9 41.4 64.0 30
Cascade R-CNN 52.9 .8 19.0 46.5 66.9 69. 4 92.0 19
Sparse RCNN 54.6 5.0 19. 4 33.6 61.3 106. 0 45.8 30
Dyhead 46.8 3.1 21.8 4.5 58.3 38.9 28.4 23
SsD 41.1 2.7 15.2 37.6 58.0 24.2 30.5 57
YOLOX 54.0 6.1 24.9 42.6 42.6 5.1 3.2 70
YOLOVS 51.7 5.6 23.9 38.1 55.1 1.8 4.1 77
YOLOVS 56.9 6.3 29.4 47.0 47.8 3.2 .9 167
YOLOV9 63.3 9.4 34.7 52.7 42.2 14.0 52.9 59
YOLOv10 54.0 6.1 29.1 46.5 46.0 2.7 8.2 184
YOLOv11 55.1 6.4 29.5 47.3 50.0 2.6 6.3 193
DETR 29.9 1.0 7.6 29.9 69.2 41.6 25.1 60
DAB-DETR 37.8 4.6 15.3 21.7 64.4 43.7 29.4 47
DINO 57.5 7.4 28.6 46.9 45.2 47.6 80. 4 19
RT-DETR 53.5 7.3 27.5 41.7 49.7 41.9 125.6 34
DSODet (ours) 66.9 13.0 38.4 50.8 40.7 2.9 13.7 144
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