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Underground personnel detection and tracking based on improved
YOLOVSs and DeepSORT

SHAO Xiaoqgiang, LI Xin, YANG Tao, YANG Yongde, LIU Shibo, YUAN Zewen
(College of Electrical and Control Engineering, Xi’an University of Science and Technology, Xi’an 710054, China)

Abstract: The real-time monitoring and tracking system of mine moving targets is an essential part of the construction of smart mines. The
appearance of downhole inspection robots can realize the real-time monitoring of operators, but the existence of uneven lighting, coal dust
interference and other factors lead to the traditional image detection algorithm can not accurately detect operators. Based on this, this pa-
per proposes an improved YOLOvSs and DeepSORT algorithm for downhole personnel detection and tracking that can be deployed in
downhole inspection robots. Firstly, the data set was made by using the video recorded by the surveillance camera and inspection robot,
and then the improved YOLOvSs network was used to identify the underground personnel: Considering that the detection and tracking al-
gorithm for downhole personnel contains complex network structure and huge parameter volume, which limits the response speed of the
detection model, this paper uses an improved lightweight network ShuffleNetV2 to replace the original YOLOvVS5s backbone network CSP-
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Darknet53. Meanwhile, in order to reduce the interference of complex image background and improve the attention of operators, Trans-
former self-attention module is integrated into the ShuffleNetV2. Secondly, the FPN+PAN structure in Neck is replaced by BiFPN struc-

ture in order to effectively fuse multi-scale features and effectively transmit inference information. Then, improved DeepSORT was used

to encode and track personnel: considering that the underground environment was dark, with low illumination and no texture, it was diffi-

cult for DeepSORT to effectively extract personnel's appearance information, so DeepSORT's small and medium residual network was re-

placed by deeper convolution to enhance DeepSORT's appearance information extraction ability. Finally, the improved algorithm is veri-

fied by open pedestrian data set and self-built underground personnel detection and tracking data set. The results show that compared with

the original YOLOv5s model, the average detection accuracy of the improved detection model is increased by 5.2%, the number of para-

meters is reduced by 41%, and the speed is increased by 21%. The improved YOLOv5s-DeepSORT downhole personnel tracking method

has a precision of 89.17% and a speed of 67FPS, which can be effectively deployed in downhole inspection robots to realize real-time de-

tection and tracking of operators.

Key words: downhole inspection robot; YOLOvSs; Lightweight; DeepSORT; Real-time detection and tracking
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Fig.6 Loss function curve
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THT 2.8%. fEAEAL 2 v i ] BiFPN &5 Q 50K A 5
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P, N R R PR T A B, 1 PR AR A TR
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Table 2 Ablation results

s ShuffleNetv2 Transformer BiFPN HERR TR AR PR Hs 18] /ms B4 E/MB
1 — — — 0.871 0.314 0.783 0.027 18.9 13.09
2 V — — 0.859 0.322 0.794 0.030 124 3.45
3 \ v — 0.883 0.235 0.831 0.021 133 4.17
4 \ — \ 0.877 0.249 0.831 0.019 13.7 434
5 \ y \ 0.923 0.190 0.861 0.013 14.9 5.33

e N R R et

AT S UE S A I AR B R A R Ak g
FE 2 NNFFAT NBAESE Caltech 17 AKHE4E | INRIA
7 NBUESE AT 3F— 20 Bk, PR RETR PR S HE L
30 T AL 3 AR R MEREFR AR, TT LA
F SO EEONMGE H T AR, 7E AR R
JEAE R, TR A IRRIB S 2B P A DU
MR T 4R YOLOVSs, KRit, HA RFZ
Pk S8k

SR T O A R B S r R I B B AROCR
# Faster-RCNN, YOLOv3, YOLOv4, YOLOVS5s
4 T = A VAAE A B A R BOG A | BEb
T Z Hir#sh . A+ 4 #hig 57 50, &
MZERanE 9 Frs .

S — AL g0, AT DL AR 1) BN 38 7
Faster-RCNN, YOLOv3, YOLOv4, YOLOv5s #J i}
PR G L, T AR SCH T BiFPN &5 {#45
2 N FRHERERS A R, X T Ab /N H A il G

R T ARG B BUNPE T . SR ik, wT LA
WL R T, BROChFESN, HRPA
TG, BRAS R HE OO, T SO 3L TRl T Trans-
former [ 1E R HUERAL TR RERIE 1Y 42 /4
WCHETT, $2T1 1 B BRAE S AR vh i U, A 0
il BRI, A = PRI AT, A SCRE

x3 SHIERSMREIERYILL
Table 3 Comparison of performance indicators of
multiple data sets

GRS PERESE bR YOLOVS5s A
LRSS 0.781 0.849
CaltechfT AR5 PENmE:S 0.691 0.733
mAP 0.742 0.792
LGRS 0.861 0.881
INRIATT ABHELE PENCIE:S 0.788 0.791
mAP 0.856 0.890
LS 0.871 0.923
EfEAeiiEs PENCIE:S 0.783 0.861
mAP 0.864 0.902

(b) Faster-RCNN
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Fig.9 Comparison of detection results of mainstream targets
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Table 4 Comparison of multi-target tracking results

(=R7N Avor/% Puor/% 1DS FPS Z(#/MB

YOLOv5s-DeepSORT 8332 81.55 16 41 25.6
BYOLOv5s-DeepSORT 8747 8632 13 71 11.19
YOLOVSs-2DeepSORT 8231 8244 7 39 19.34

ARSI 89.17 8791 4 67 591
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17 R B 1 B Py A A 2820 1 N B i 5 A e B, ]

PAFE H B0 B3 GHE 14 A 155 0T A8 R ARG 0 4 A R
SCHRG I B R R SR B AR B 89.17% MG E; A
IKF 67 s A 5t Gt s A R BN 4 Wk, H b5 25
A UREI AR T 66.7%; 25505 46 08 3 i 46 BR 25 1
(1) 23%. T LIARGT (A f HE T N B3 S B s I R R B
()T K

SR T 0 R A S BRI SR R, SO
T ETE KIXX12C BUR 07 A AL s N 2517 5
E, N1E 102 IR, %5 B AR LR “BOLIE” $R1%
X, B /MR TR A, 0.002 lux, F k2R34T, W]
AN BRI T BUR . RESEHI RS
R STM32ZET6 ith i, LA LK B R R 4% R 50
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SRR L B EREE R, H R 2 AN A B A Y
AHFEATE— BB R, KL A REe T
(ARG I B B 5 L L 5 T R A s, SEBAA RO T

299



2023 4F55 10

# £ M FH K 551 %

m -
| MR - o X
BT
i
i
ETA
TR Wi Eid
R
SHETEAELAAREN2A, SHRTRAARRLA, &1
L Ixs BrfEe
TPl | gos
RERE
[ Wi

(b) =4z S el

4 oerson1 (01 7/ae 0.81

I

(c) 58 7 WICR

(d) %5 67 MR

(e) 45 157 Wi R

B 10 ®MeHEAZL HARREZR
Fig.10 Inspection robot multi-target tracking effect
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