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A long-distance pedestrian small target detection method

Shi Xin,Lu Hao, Qin Pengjie,Leng Zhengli

(School of Automation, Chongqing University ,Chongqing 400044, China)

Abstract : Small pedestrian targets at long distance have problems of few pixels and lack of texture information. The deep convolutional
neural network is difficult to extract fine-grained features of small objects. This article proposes a long-distance pedestrian small target
detection method. Firstly, based on the YOLOv4 algorithm, the shallower features are introduced to improve the feature pyramid to
extract fine-grained features of pedestrian small objects. An adaptive feature fusion layer is proposed based on the gravity model to
increase dependency between multiple feature layers and prevent the loss of small target feature information. Then, ESRGAN is utilized
to increase pedestrian small target features number and improve pedestrian small target detection accuracy. Finally, the small pedestrian
targets are selected with a proportion of 0. 004% ~0. 026% in the image pixels to establish the self-made data set. Compared with Faster
RCNN, ION, and YOLOv4, the mAP, ; values are increased by 25.2% , 26.3% and 11.9%. And the FPS reaches 24. The research
results have important application value in the field of long-distance security monitoring.
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Fig. 4 Feature adaptive fusion algorithm structure
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Table 5 Time consumed by each step of the cascade

algorithm in this article
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Fig. 16  The results of the horizontal comparison between the cascade algorithm in this article and other algorithms
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Table 6 Four methods to identify the confidence of
the 331th image

Faster

H b5 (FEXF RN ION  YOLOv4 ARSCH 3%
RCNN

Person 1(0.016% ) Lost Lost 83% 88%
Person 2(0.015% ) Lost 95% 51% 84%

Person (i%46) - - 56% no
Person 3(0.026% ) 57% T7% T1% 85%
Person 4(0.025% ) 63% 86% 90% 92%
Person 5(0. 005% ) 71% 94% 75% 82%
Person 6(0. 006% ) Lost Lost Lost 55%
Person 7(0. 006% ) Lost 51% Lost 69%
Person 8 (0.016% ) Lost Lost T1% 82%
Person 9 (0.010% ) 55% Lost 73% T2%
Person 10(0. 007% ) Lost 66% Lost 84%
Person 11(0. 008% ) Lost Lost 60% 59%
Person 12(0.013% ) 59% Lost 64% 75%
Person 13(0.013% ) Lost Lost Lost 54%
Person 14(0.014% ) 89% 82% 91% 91%
Person 15(0.014% ) 77% 50% Lost 74%

&l 16 #1326 Frm RN SE A 5 e A B An e il i) &
R EEE . A SCHE N BAR KN AR BRI R A 1
BLXF 45 R T4 HT

(D) AE RN

IRIG 25 S H AR B AR X KN 0] 43 /N T 0. 001%
0.001% ~0.002% . K F 0.002% =&, H#r 5.6.7,
10 .11 AR /N /N 0.001% LA, i/ B 4w H bR
1.2.8.9.12~15 K/NE 0.001% ~0.002% 4, H— i
NEAR; HER 3.4 KK TF 0.002% , iR/ EER,

XFFAS R ROEE B /N B bR, A8 SCHE 53036 %
YOLOv4 g it , B 45 T 41k B2 ()RR A, FL A FH A8 43 ¢
RUEATRAE AR B, %A B AR 38 o K, BB (5 B fe
1o HAth 3 B B A A7 AE A TR AR B U A, LA A
JEBAR, 5 5 BRI YOLOv4 55 32 B iR K
Hr,

(2) ARG

JERET, BAR 9 11 574 AN B AR, X F —
ST AT, BEE 3 AR Y B — R IR A B, AR
P SR AR A s o S [ 25 A A7 A /N E AR A I, TG
BIREIG

(3) AN [EEER 7

SEEG R RN E AR 1.8 .13 YRR O, ILH Faster
RCNN F1 TON B aAe 80 4 ™ 8, AR SCH 2 Tl i HL B AR
JE e,

2% e, Faster RCNN /B & it — By By Bk, X /N H
bR —E K BE 77, TON I YOLOv4 1 3 4F 884119 /N
H ARSI S AT B8R, (A /N B AR FAEAS ]
B GERIE BT R 2 M BIE AR, AR SCHE B A
YOLOv4 A 5ERHE I E 4T o0 it I OB RRAE 2 B B30 X F
/NE BRI A B B SRR, XA R RS AN RIS R
[FEE PG AT AN BAR  IRBIRE FE A S KR T, B
Ly QI ey
2.5 HERSMH

1) FEEITHT X FARE ST R/ IN AS RIS P4 15
LR AT AN B AR, E 3/ HFRE I Faster RCNN
ION F1 YOLOv4 77 7€ I K . B 15 BE AR 5 0 4 B 22 1 ]
R, AR SCHE /N BRSBTS A R R
2 SRR IOR LA T 400 BE BOARAE | O FH R 20 PR 138
KT BFRBYFIXS KN, X 5 H 0. 002% LU B/ Hos A 85
GF R RIS B — e R T, 2) bl A
HlFT /N BAREE 4, vE R 3 Fh /N B AR Rk
ARCEPAT IR, ML Z R AR SCE LT AN B R
KW ) mAP, o 43 B8 = T 25.2% . 26.3% ., 11.9%,
mAP, o os FEE5 T 20.3% ,15.2% . 10. 6% , A SCHEH Y
BVEIZ B EETE RTX2070 8 G 345 T35 % 24 FPS,
SR SR
3 £ e

AT XHERE B T 91T AN AR R EE S T, A
SCBETE T — PP X BE BT /N BAR B YOLOvE 5
ESRGAN 2% Bt A6 ) 30 3, 3 ik 51 A B 3% J2 4% iE X i
YOLOv4 ) FPN #4700, 333t T 3 F 51 Al [ 18
NEFRIERLA 2 | B 78 43 0 S URN Al G 20067 B B AT N RRAE
2ot YOLOVA 1R R, AR 4i BE AL/ H AT H 4 S BB 1L
B, I8 H] ESRCGAN 053R4 7 4 40 BE R FRAE G o, il
FHSGH YOLOv4 X358 5 194 7 N BARIE T 5,

IR B, A SCHE 09 7 W A LT YOLOv4 , Xt
0. 002% LAF f/Iy BARFIARAR GHEFS /1N H AR R BE A
B B3R TF, A LR YOLOv4, mAP, 4255 T 11.9% ,
mAP, <00 T2 1 10.6% . FPS M 61 TN 24, 13 2
SRR TRIA B2 = /0N B bR A IR B, %oz B B 22 B W4
T EEN A

TR TAESO T AE A B DU BB A T 42 T 1]
PSR 2 AE R T 32 B R, et o B S G ) B
O H/NAT N B,



555 1] AR G RN AT N E ARy v 145

&% 3k Sensors, 2021, 21(9) :3031.

D17 XIS, KL, SIS S TR T B B R [10] REN S, HE K, GIRSHICK R, et al. Faster R-CNN;
WAFSE 5 0 28R [ 1], ML F2E 4, 2020, 48(3): Towards real-time object detection with region proposal
500-624. networks[ J]. IEEE Transactions on Pattern Analysis &
LIUY, LIUH Y, FAN J L, et al. A survey of research Machine Intelligence, 2017, 39(6) ; 1137-1149.
and application of small object detection based on deep | 111 i, UKz Az, —FAET YU SRR SRS
learning[ J]. Acta Electronica Sinica, 2020, 48 (3) MR RELE S IRBIEOARIFEL )], BG4, 2020,
590-624. 41(9) :190-197.

[2] SUNC, ALY, WANG S, et al. Mask-guided SSD for WANG R, SHIT Y, BAO Y. Research on an intelligent
small-object detection[ J]. Applied Intelligence, 2021, comprehensive recognition technology in railway perimeter
51(20) :1-12. intrusion detection based on videos[ J]. Chinese Journal

[ 3] M, EFHL BT 2 A e 5 g & 3l i 55/ B of Scientific Instrument, 2020, 41(9) :190-197.
BRI [ T, o T 5 {824 ,2019,33(1) . [12] BELL S, ZITNICK C L, BALA K, et al. Inside-outside
31-39. net: Detecting objects in context with skip pooling and
SUN D, WANG L L. Dim target detection algorithm recurrent neural networks[ C]. Proceedings of the IEEE
based on spatial-frequency domain mapping and false Conference on Computer Vision and Pattern Recognition,
alarm suppression[ J . Journal of Electronic Measurement 2016 2874-2883.
and Instrumentation, 2019, 33(1) . 31-39. [13] YANG D, J ZHANG, XU S, et al. Real-time pedestrian

[4] KEX, LIN X, QIN L. Lightweight convolutional neural detection via hierarchical convolutional feature [ J ].
network-based pedestrian detection and re-identification Multimedia Tools and Applications, 2018, 77 (19):
in multiple scenarios [ J ]. Machine Vision and 25841-25860.

Applications, 2021, 32(2) :1-23. [14] BOCHKOVSKIY A, WANG C Y, LIAO H Y M.

[5] LINT Y, MAIRE M, BELONGIE S, et al. Microsoft YOLOv4: Optimal speed and accuracy of object
coco; Common objects in context[ C]. ComputerVision- detection[ J].  ArXiv  Preprint, 2020,  ArXiv:
ECCV 2014, Cham, 2014; 740-755. 2004. 10934.

[6] LEE G, HONG S, CHO D. Self-supervised feature ~ [15] REDMON J, FARHADI A. YOLOv3: An incremental
enhancement networks for small object detection in noisy improvement [ J ]. ArXiv Preprint, 2018, ArXiv:
images[ J]. leee Signal Processing Letters, 2021, 28 1804. 02767.

1026-1030. [16] LINT Y, DOLLAR P, GIRSHICK R, et al. Feature

[ 7] ¥ABSR, B, L, % Bk YOLO v3 ik K pyramid networks for object detection[ C]. Proceedings of
Hre /N BRI b g R [ T]. Je22 47, 2019, the IEEE Conference on Computer Vision and Pattern
39(7) :245-252. Recognition, 2017 2117-2125.

JUM R, LUO H B, WANG ZH B, et al. Improved [17] fEHaMG, Tooss, S, —FEcl YOLOV3 3l
YOLO v3 algorithm and its application in small target ANEFREI T[], FERHEFRHR ), 2020,
detection [ J]. Acta Optica Sinica, 2019, 39 (7): 47(3) :1-7.

245-252. CUTY P, WANG Y H, HU J W. Detection method for a

[ 8] ok, MG, AR, S5, A4 = F Lot Bis dynamic small target using the improved YOLOV3[]].
KR 1]. JeTF2#, 2019, 48(4) :188-200. Journal of Xidian University, 2020,47(3) :1-7.

NING Q, QIN P J, SHI X, et al. Infrared target detection [18]  FBAHE, VERAFT W 5. BT 058 0 RAHHLAF A B bR

(9]

algorithm under complex ground background [ J]. Acta
Photonica Sinica, 2019, 48(4) :188-200.
LIAN J, YIN Y, LI L, et al. Small object detection in

traffic scenes based on attention feature fusion [ J].

WS E N AR &R [ 1] AU R 2= 4, 2021,
42(9) .28-51.
ZHENG T X, JIANG M ZH, FENG M CH. Vision based

target recognition and location for picking robot: A



146

e &

43

[19]

[20]

[21]

[22]

(23]

review| J]. Chinese Journal of Scientific Instrument,
2021, 42(9) . 28-51.

WANG X, YU K, WU S, et al. Esrgan: Enhanced
super-resolution generative adversarial networks [ C ].
Proceedings of the European Conference on Computer
Vision (ECCV) Workshops,2018.

LEDIG C, THEIS L, HUSZAR F, et al. Photo-realistic
single image super-resolution wusing a generative
adversarial network [ C ]. Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition
2017, 4681-4690.

PANG J, CHEN K, SHI J, et al. Libra r-cnn: Towards
balanced learning for object detection| C]. Proceedings of
the IEEE/CVF Conference on Computer Vision and
Pattern Recognition,2019: 821-830.

FERERL. T OTA U E R 2RIt )], it
FEHLN SR AF, 2013, 30(2) : 205-207.

DU L Y. An exploration of classification based on the law
of universal gravitation[ J]. Computer Applications and
Software,, 2013, 30(2) : 205-207.

DONG C, LOY C C, HE K, et al. Learning a deep

convolutional network for image super-resolution [ C].

European Conference on Computer Vision, Springer,
Cham, 2014 184-199.
EEE N
BRRCGEEEFE) 53 51F 2003 A1 2010
AT RO 40 ) AR A T 2 (o R 2
D B PO B W B,
FEIT 1) A R R

,/) E-mail ; meetshixin@ gmail. com

Shi Xin ( Corresponding author) received his M. Sc. degree

and Ph. D. degree both from Chongging University in 2003 and
2010, respectively. He is currently a professor and a Ph. D
advisor at Chongqing University. His main research interests
include intelligent control and pattern recognition.

PR, 2019 AR T PU R R R 3R AT+
ESVASTIVSE 97PN 3 10 N0l T B s 2 0] S
J7 i ARG G SHE fE
E-mail: haolul45@ foxmail. com

Lu Hao received his B. Sc. degree from
Southwest University of Science and Technology in 2019. He is
currently a master student at Chongging University. His main
research interests include pattern recognition and intelligent

computing.



