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Research on fast network of human pose estimation in underground
coal mine based on HigherHRNet

ZHANG Yanjun ,CHEN Bo
(School of Mechanical Engineering, Taiyuan University of Science and Technology , Taiyuan 030024 ,China )

Abstract : Fast estimation of human pose in underground coal mine is an important prerequisite for intelligent safety
detection of underground operation. Aiming at the problems of dusty and foggy, insufficient illumination and color blending in
underground coal mine, this study conducts an in—depth study on the lightweight design and key point assignment of the
HigherHRNet model and proposes a new Optimising HigherHRNet (OH-HRNet) fast network model in order to improve the
accuracy of the key point assignment for human pose estimation as well as the network operation speed. The OH-HRNet model
proposes a memory convolution module based on attention mechanism and a key point assignment algorithm with reinforced
skeletal constraints, and the loss function of the algorithm is improved. Experiments on the coal mine underground scenario
dataset and COCO public dataset show that, OH-HRNet is 1. 06 times faster than LitePose in terms of GPU speed,with a 7. 4%
increase in mAP and a 14. 0% increase in mAR, which can achieve more effective intelligent safety detection.

Keywords : intelligent coal mine ; human pose estimation ;fast network ; key point detection ; key point assignment

TR 2 I A B R v, 22 42 [R] UG 4 2 4%

LR R AR DGR B Y IEAE R R R S

i1,2016—2022 FFR FEIE G N A 2217 F 2

AR, EEA KT A EF L E-mail; hebei0735 @

s B HE:2024-04-10;2024-05-23 417
HEWMB L W4 E & # & E (202102010101010)
fEERM R EFE(1982—) , 8, /W FF A, HE M+

- 35 .

L LRk 50.5% . BRI A T R R
I, 202 % MUIAR R, R D1RE] E RS
FEIRG S WX NS A TR I T R Pk
B, B RS N AN R B HE AR B A R L, Y e P
126. com, LMV BB S5 ISz 8RR SCRE ] 2617 2 38 i



Vol. 51 No. 4
Aug. 2024

VALY YRR

Mining Safety & Environmental Protection

FTS1E FEa
2024 4E 8 H

NRGT- R e E 2ok . Bk, 5T AMRE
BANTH AT VA TSR B,

H AT, ENIMEEE T RS AT % TT R T
KERBFFE TAE, YU ZE 4 T Lite - HRNet, %
ZHANG 2555 52 1 1) ShuffleNet H1#4 Shuffle B2 T
SUN 45" 42 H ) HRNet , -5t — A~ B 80 AL A e
Mg 20 B T LDANet, #F HAN 2508 32 1 1
GhostNet [AFRZEAI N T HRNet H, [AlAS i1 T %%
BT B B2 18 B2 9 4% 5 4 s BATPAL 25 4R 1 T
MoveNet, ff % SANDLER 25"} i 1Y) Mobilenetv2 ()
LRGSR 4 735 IS HE SR, STa bl A A 25
AT ; OSOKIN' # H i Lightweight OpenPose , -2
PLOKIM 45020 Y OpenPose 1E i HE 42, L)
MobileNet Z2 51 [ 2515740 e dth VGG HRAE 2 BUES s AR
FEOR 4 Y Lite—CCA —HRNet L HRNet 2 3
THHEZE  FFH MetaFormer 45 #4) #1125 Bk i 18 73 & 1 3k
TR AT PR R T LE - Higher -
HRNet, F VR BE AT 43 15 4 ORI B 9 7 78 AL 5
BARESAG T, SR, B FsE KL A B
N RTFJRHY, A M TR i i b

[F] Bf 28 5% 3, A X 2% AT DAAR 4 . 58 1 A
RBESMITHT S5, DL S IR A Fr il i, T
TSR BB (1 o 2 I 285, R 22 00 4% R R T
BRI A R o 2 2 Y TF 0 R
B (FLOPs) . SR1M, W48 17 iR 5 N AE Y
BEE 4T R R AR B AR R AL L
Lite—HRNet ], % It HRNet_w32, B4k FLOPs [%
RZEJFE 1/10 (B HEFR A R F SRR 1.6 15,

FT BRI 85 58, £ F 1T T Optimising
HigherHRNet ( f&jFK“ OH-HRNet” ) #5151 —Fift
FHERE AP ICAZ 6 B B 3R R I TR G Bk
Y by it Ak B i O B A3 T B 0, SR b B A X A R 2
BAH, B I ARSI 4, [F A
COCO %4 , %f OH-HRNet BB ZEMED - F 35
IS o RS AT TR BETTA .

1 OH-HRNet &%

HigherHRNet' ' J& ff HRNet % 4 (87 HE 8] & 38
b ORBER R PR i R, AT X AT
Z NS 0 ROBE A2 AR Pk R, O TR o b i o7
KRS E, X WESFEHRY I T ARSI,
fit L HigherHRNet 1E 0 JEREAE 22, ¥ R I A
BB E ST . HigherHRNet [ 4% (1 HAA 2%
e 1 R,

I#%ffﬁg"’#fﬁl\zé%\ /JZZ}'U#
|

I Gnlek e i BAR s
| ARk K Tk @ i

Bl 1 HigherHRNet M 4545 4 7R &
Fig. 1  Schematic diagram of the HigherHRNet structure
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Table 2 Accuracy,inference delay of each network in coal mine underground scenario
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