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Feature Aggregation with Joint Tracking: Video Object Detection in Occlusion Scenarios

WANG Jiahui, WANG Hongyu and HAO Yingguang

School of Information and Communication,Dalian University of Technology,Dalian, Liaoning 116024, China

Abstract  Video object detection(VID) aims to exploit temporal information between video frames to assist object detection. Un-
like still-image detection, VID can leverage rich temporal context by referencing features from other frames to enhance the detec-
tion performance. Therefore,existing methods generally focus on aggregating features across multiple frames to construct tempo-
rally enhanced feature representations and improve detection accuracy. However, in video sequences,objects often undergo ap-
pearance degradation due to factors such as occlusion and motion blur, making it difficult for single-frame detectors to generate
high-quality candidate regions. This,in turn,can cause the subsequent cross-frame feature aggregation to fail. To address this is-
sue, this paper proposes a tracking-assisted video object detection method designed to mitigate aggregation failures caused by
missing candidate regions. Specifically,it introduces a lightweight tracker and designs a feature selection module to jointly utilize
detection outputs and motion priors provided by the tracker. It then employs the WBF( Weighted Box Fusion) algorithm to merge
detection boxes with tracking predictions, producing more reliable candidate regions under challenging conditions such as occlu-
sion. Finally,it extracts these high-quality candidate regions and their corresponding trajectory features for subsequent temporal
aggregation. Experiments on the ImageNet VID dataset demonstrate that the proposed method effectively enhances robustness in
occluded scenarios and achieves higher detection accuracy compared with previous VID approaches.

Keywords Video object detection,Object detection,Object tracking,Feature aggregation, Weighted box fusion
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Table 1 Quantitative comparison of commonly used video object detection methods on the ImageNet VID dataset

%)

Model Backbone Base Detector AP50 AP50 AP50,, AP50¢ Params
FGFA ResNet-101 R-FCN 76.4 83.2 78.7 64.0 6.133x107
SELSA ResNet-101 Faster R-CNN 80.7 87.5 83.4 68.1 6.212>x107
MEGA ResNet-101 Faster R-CNN 82.5 89.3 84.7 70.1 6.481 X107
MAMBA ResNet-101 Faster R-CNN 84.3 91.1 86.7 72.0 5.843x107
TFVOD ResNet-101 Faster R-CNN 81.1 87.9 83.4 69.1 6.347 X107
ClipVID ResNet-101 Faster R-CNN 84.4 91.2 85.3 72.1 6.293X107
D&.T ResNet-101 Faster R-CNN 79.8 86.6 82.1 67.5 5.871x107
TranVOD ResNet-101 DeformDETR 82.1 89.1 84.2 69.9 7.986 107
ETVOD ResNet-101 DeformDETR 82.0 89.1 84.1 69.7 8.015x107
STFVOD MCSP v5 YOLOX-L 81.2 88.1 84.3 68.7 6.051x107
ODDVOD MCSP v5 YOLOX-L 84.4 91.2 87.1 71.3 6.013>X107
EVOD MCSP v5 YOLOX-L 80. 3 87.1 82.6 67.9 6.073>X107
YOLOV MCSP v5 YOLOX-L 83.6 90. 1 86. 4 72.2 5.945x107
FAIM MCSP v5 YOLOX-L 84.6 91.4 86.5 72.3 6.159>x107
Ours MCSP v5 YOLOX-L 85.1 92.3 87.1 72.1 5.951X107

F1 I T 45 O H bR R 8L HE £ TmageNet P LM RITFZEEN . WARRIZ SRR E, AT LT

VID EfysEfxd legh R, &Rt 84 il W, FGFA, SELSA,
MEGA,MAMBA, TFVOD, ClipVID fil D& T J5 ¥ 3 F 1%
G5 (G By B H BRI 2% Faster R-CNN 2244, H v ClipVID
5 MAMBA 73 5IHAE T 84.4% 1 84. 3% Ry A 4K B , i
ARSI ERIR IR R T 85. 1% . T Lk Jrk. ODD-
VOD,ETVOD 5 STEVOD JE¥L 1 T 848 1 - 45 , {5 78 He
BE AR FRERETERE. YOLOV XM —Br B H AR 6
A g SRR, Ol A AR AE R A ST 83. 6% E@hzﬁlﬂ*’ﬁ
B FAIM 7ERE R G ad B h 5| A B A5 2 #UE AR, DL — 25 0
S T R RS B4R T 84. 6%,

OVIS 4l 45 72 H T B 5 43 %104 55 06 1000 38 44 40408 4
3% FI T B AR R AR 5. S TR B A ST Ik 2 Ak 1 R
W E . #MFE T A S B, YOLOV J5 36 F1 FAIM 5 ¥ 1
OVIS U 45 b 9256 25 R It m LA, g5 S an gk 2 gl .

2 18 OVIS B¥ln e B it LIRS R

Table 2 Quantitative comparison results on the OVIS dataset
%0
Methods AP50 Slow Medium Fast
FAIM 76.9 81.7 76.4 64.3
YOLOV 75.1 80. 4 74.8 63.9
Ours 77.1 82.3 76.1 64.2
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Table 3 Quantitative analysis of inference time

AP50/ % GFLOPs Times/ms
ETranVOD 82.0 156. 8 20.1
FAIM 84.6 151.1 18.5
YOLOV 83.6 143.1 16.3
Ours 85.1 147.2 17.6
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Fig. 3 Comparison of detection accuracy of targets with different

speeds
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Fig. 4 Visual results analysis in a variety of scenarios
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Fig.5 Analysis of visualization results of occluded object detection
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Fig. 6 Analysis of visualization results of object detection
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Table 4 Comparison of ablation experimental results

%)
AP50 Slow Medium Fast
LR 1 84.2 90. 1 86.4 72.2
L2 84.7 91.2 86.7 71.9
L3 85.1 92.3 87.1 72.1

S 1AL FELR YOLOV AR RS B 5 S286 2 fE R 2k
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Table 5 Analysis of the impact of candidate area quantity on

experimental results

a AP50/ % Times/ms
10 82.1 17.1
20 83.7 17.9
30 85.1 18.6
50 85.1 20.1
70 85.2 24.3
100 85.2 30.7
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Table 6 Comparison of experimental results of different candidate

areca selection methods

%)
Methods AP50 Slow Medium Fast
NMS 84.2 90.1 86. 4 72.2
TopK 84.3 90. 8 86.3 72.2
WBF 85.1 92.3 87.1 72.1

X EE 3 i B X I % 9k T LUF . WBE Bila Bk A
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Table 7 Comparative analysis of trajectory lengths stored in

memory module

f AP50/ %
15 83.8
20 84.4
25 84.7
30 85.1
35 85. 1
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