wfﬁ-’ffh?f*l'?

COMPUTER SCIENCE

E RS EMRAIIZA B DB RSN
Wigs, BS, XA, ZT, FHIRE

SIRAAX

Wi, BRE, XM T, $RE BRESEIBISENAMNERGNN]. HENELE 2023, 50(9):
75-81.

YANG Yi, SHEN Sheng, DOU Zhiyang, LI Yuan, HAN Zhenjun. Tiny Person Detection
for Intelligent Video Surveillance [J]. Computer Science, 2023, 50(9): 75-81.

BUXEEE (BERXINE IE JEREENE)

Similar articles recommended (Please use Firefox or IE to view the article)
ETHITERNEEERENERZSHREXEAD EEE

Hierarchical Multi-label Text Classification Algorithm Based on Parallel Convolutional Network
Information Fusion

HEMREIEE, 2023, 50(9): 278-286. https://doi.org/10.11896/jsjkx.221200133

REREMEREERRE
Research Progress of Backdoor Attacks in Deep Neural Networks

HENRS, 2023, 50(9): 52-61. https://doi.org/10.11896/jsjkx.230500235

ETGESEEIRSIE SN A ERERTTIE
Text Paraphrase Generation Based on Pre-trained Language Model and Tag Guidance

HEMNREEE, 2023, 50(8): 150-156. https://doi.org/10.11896/jsjkx.221100128

ETFXEERANEIFES REFHERMS N B IR IR RGN
Defect Detection of Transmission Line Bolt Based on Region Attention Mechanism andMulti-scale
Feature Fusion

HEHRIE, 2023, 50(6A): 220200096-7. https://doi.org/10.11896/jsjkx.220200096

ET 2B IGRINGEERFEES SN
Low-resource Thai Speech Synthesis Based on Alternate Training and Pre-training

HEHRIE, 2023, 50(6A): 220800127-5. https://doi.org/10.11896/jsjkx.220800127


https://www.jsjkx.com/CN/10.11896/jsjkx.230400204
https://www.jsjkx.com/EN/10.11896/jsjkx.230400204
https://www.jsjkx.com/CN/10.11896/jsjkx.221200133
https://doi.org/10.11896/jsjkx.221200133
https://www.jsjkx.com/CN/10.11896/jsjkx.230500235
https://doi.org/10.11896/jsjkx.230500235
https://www.jsjkx.com/CN/10.11896/jsjkx.221100128
https://doi.org/10.11896/jsjkx.221100128
https://www.jsjkx.com/CN/10.11896/jsjkx.220200096
https://doi.org/10.11896/jsjkx.220200096
https://www.jsjkx.com/CN/10.11896/jsjkx.220800127
https://doi.org/10.11896/jsjkx.220800127

0 'H‘ :ﬁ‘ *’h ﬁ‘*‘ ‘% http: /www. jsjkx. com

COMPUTER SCIENCE DOI. 10. 11896/jsjkx. 230400204

TE] [ 5 BE P 501 B 45 B9 N A2/ B AR A4S T

W o B R EME F O HIRE
1 FERFERAFEFRASAES LAY R o 101408
2 mER G R FRAFARN K 100045
3EMAFHAFIEFE R K& 130012

(yysolon@163. com)

H E ARBAAMNSAELSEERRTLZALAARETEZNAETEL U RHERAKBEL LG TR LR, DB AFAMNZ B
FE R RIEN R LA FE T — R AP GATS A AR B AT ST 20 AMEF 6 B AR, D B ARG IERE L
AP —AZZBRA TR/ R LN E G HEE (G COCO) 5 A T iRk B 4 H 3% E (4o TinyPerson) Z
R AERERERGE L XL DAFENBZORETRT ADH R, ATHEIANAFMA, LFPRET AR KELE, A TR
Be R Bl 3% 38 48 09 ROE AR B B RO 457 44 % (Scale Distribution Search, SDS) , Bl i F #7 B K 6913 80K 5 (3 3B £ 2 W 09 R E 48
W) Fedz BB R (FER I (SNR) 8 FEAK) . 2 Kok A S AL A st 36 42 F B AR 09 ROE & ﬁiﬁ;ﬁzéé‘at i ad ARG X F R AL
DA BGIH BB R T ARG IES A A n By, A KB RAAEWRE S A, it SDS Rek, £A B HFE0 7 kA
TinyPerson £ 5 I T #4565 M4k, £ T SDS Kok £ 38 7 TR )l 4 / 3£ B ) 4k Ki$,tﬁ’]$1_§i‘

FEEER AR N A B AR R B & T 4

FEESES TP391. 41

Tiny Person Detection for Intelligent Video Surveillance

YANG Yi',SHEN Sheng” ,DOU Zhiyang® , LI Yuan' and HAN Zhenjun'
1 School of Electronic, Electrical and Communication, University of Chinese Academy of Sciences,Beijing 101408 ,China
2 Beijing Institute of Control and Electronics Technology,Beijing 100045, China

3 School of Communication Engineering, Jilin University, Changchun 130012, China

Abstract Person detection has significant practical implications for social governance and urban security. Monitoring data is an
important source of data security. Tiny object detection, which focuses on less than 20 pixels objects in large-scale images.is a
challenging task. One of the main challenges is the scale mismatch between the dataset used for pre-training/co-training the detec-
tors,such as COCO,and the dataset used for fine-tuning the detectors,such as TinyPerson, which negatively affects the perform-
ance of detectors on tiny object detection. To address this challenge, this paper proposes an optimization strategy called scale dis-
tribution searching(SDS) to match the scale of different datasets for tiny object detection,which also balance the information gain
and loss. The Gauss model is used to model the scale distribution of targets in the dataset,and the optimal distribution parameters
are found through iteration. The feature distribution and the performance of the detector is comparedto find the best scale distri-
bution. Through the SDS strategy,mainstream object detection methods have achieved better performance on TinyPerson,demon-
strating the effectiveness of the SDS strategy in improving pre-training/co-training efficiency.

Keywords Intelligent video surveillance, Tiny object detection.Scale distribution search,Pre-train
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