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Pedestrian Detection and Tracking Algorithm Based on GhostNet and Attention

Mechanism

WANG Lihui, YANG Xianzhao, LIU Huikang, HUANG Jingjing

(Engineering Research Center for Metallurgical Automation and Measurement Technology of Ministry of Education, Wuhan

University of Science and Technology, Wuhan 430081, China)

Abstract: Aiming at the problems of low accuracy and slow speed when only relying on traditional object
detection and tracking algorithms in complex scenes, a pedestrian detection and tracking algorithm based
on GhostNet and attention mechanism is proposed. First, the backbone network of YOLOvV3 is replaced
with GhostNet to retain the multi-scale prediction part, the Ghost module is used to reduce the parameters
and calculations of the deep network model, and the attention mechanism is integrated into the Ghost
module to give higher weight to important features. Then, the direct evaluation index GloU of object
detection is introduced to guide the regression task. Finally, the Deep-Sort algorithm is used for tracking.
Experiments on public data sets show that: The mean Average precision (mAP) of the improved model
reaches 92.53% , and the frame rate is 2.5 times that of the YOLOv3 model; The tracking accuracy of the
proposed algorithm is better than that before the improvement and that of other algorithms; The algorithm
can track multi-object pedestrians in complex scenes accurately and effectively, and has strong robustness.
Key words: video surveillance; object detection; pedestrian tracking; YOLOv3; GhostNet; Deep-Sort
tracking algorithm
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Table 5 Comparison of rank-1 results of evaluation index standard accuracy on five datasets

ik Market1501 CUHKO3 PRID VIPeR CUHKO1
DNS® 61.0 54.7 40.9 51.2 69.1
LSSCDL™ 53.4 51.2 38.4 52.7 64.8
Joint Learning™’ 48.6 52.2 36.3 35.8 65.2
Gate S-CNN® 65.9 61.8 39.7 37.8 66.1
SC-FPD™ 66.5 65.9 40.2 51.2 69.3
YOLOv3-Deep-Sort!” 68.2 70.1 41.9 49.9 68.0
A SCHE 75.7 70.6 42.5 53.4 72.2
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Fig.8 Pedestrian target tracking results on Market151 dataset
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Fig.9 Pedestrian target tracking results on CUHKO03 dataset
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Table 6 Influence of GhostNet on the algorithm %
Bk MOTA MOTP Recall Precision
J& GhostNet 60.2 61.4 67.5 82.0
1145 GhostNet 73.4 65.7 79.1 99.8

®7 SEFENERIEENHMW

Table 7 Influence of SE attention module on the algorithm %
Bk MOTA MOTP Recall Precision
PARSIORE =L B° 59.6 54.3 83.5 79.6
£ SE TE R I8k 73.4 65.7 79.1 99.8

HR A 2 6 R 2 7 245 S 0T 1, 24 AR SCRT $ 53k Bk /D GhostNet Bf |, BB VE B R 8 60.2% , BE K T 4
17% . AT GhostNet i, # B3 E 2] T 79.1% , Ut W] GhostNet 9 /IN T 47 AN FEAE JL A A5 £k 119 52 0, 18 5
TSR R IE R IR BE T o VN SE VR R H T BRI VERR R AR B R BA R T 73.4% K& 65.7% , Ui
WY SE 1 & s ML Al LALE S B B AR R AR 4 1] PR S5 RRAE R A B 784 o A MDRFEAR T 5.27 20, X J& H
TXF R AT AR IE S F T o & AUE , B TUD-standemitte #4457 41 7 H bR EE RS ™ & . 285 VU
ZERATLLUE Y, JCIR JE Z 0 GhostNet i J& SE i 22 J AL, #0525 B0 B i B b BB TR B i A SC i
PR ARAT Y BRI AR fe A, B0 UE T AR SO R AR AR AT N IR ERAT 55 A R
3.5.3 A XM FeFEtk

S2 WAy 51 e 795 W, 3 BER N 76818 F X576 14 % . TUD-standemitte #LA 7 51 4 179 i, 53 %
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A d R R E bR GRS B S TR G T 22 (8] AE I A W S 2 RE B B 5 ¢ g £ Y T I DC T AR
TR ECH o BRER SR 5 xR H AR P 2 225, (E RO 3% BT R BR R B3 B B2 i B AR S PR Y 13 3l
L7/

FES SRR AE S2 25 R an 3R 8 T/, AT LA Hh A SCRDEEFE VA R S 8 % L#E L T Sort 5
YOLOv3-DeepSort 5% o #4320 B an & 10 fir o, v 18 10(a) 2 YOLOv3-DeepSort 5 75 25U
P P 2 b AR S iz e A e A T 5, 43 531 45 288,293,301, 304 T A& AR I B2 & 3] JL Y O-
LOv3-DeepSort 52 4 8 43 H AR 1 BUI K o S0 J5 9 300 RH 07 TR 25 45 SR 4n 151 10(h) BT, I A H 7 g
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Table 8 Comparison of tracking results on S2 sequence %
=R MOTA MOTP Recall Precision
RMOT® 67.4 70.9 72.6 80.3
SORT! 80.3 64.2 97.1 94.4
MDP® 87.9 64.5 98.6 90.8
YOLOv3-DeepSort!"” 88.4 56.8 91.1 97.9
AR S 90.2 66.7 91.7 98.5

(a) Tracking results by YOLOv3-DeepSort algoritnm

e i g

(b) Tracking results by the proposed algorithm
K10 S2 % 4 BR B 45 SR X 1

Fig.10 Comparison of tracking results on S2 data set
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%9 TUD-standemitte 5 5l IR &5 45 B Xf Lk

Table 9 Comparison of tracking results on TUD-standemitte sequence %
(=87 MOTA MOTP Recall Precision
RMOTH 53.5 56.5 74.7 78.7
SORT™ 60.2 72.4 75.1 82.0
MDP® 69.7 53.4 75.6 94.3
YOLOv3-DeepSort™” 72.4 52.6 83.7 98.6
R 73.4 65.7 79.1 99.8

(b) Tracking results by the proposed algorithm
El 11 TUD-standemitte £ 42 B2 i 45 SR X% 1L

Fig.11 Comparison of tracking results on TUD-standemitte data set
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