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Unsafe behavior recognition of miners in coal mine belt area

based on multimodal feature fusion

HAO Qinxia, ZHEN Haolong
(School of Communication and Information Engineering, Xi‘an University of Science and

Technology, Xi‘an Shaanxi 710054, China)

Abstract; To enhance the accuracy and robusiness of miner behavior recognition in underground belt
conveyor areas and reduce the occurrence of unsafe behaviors, a multimodal feature fusion-based
recognition method was proposed. The method integrated RGB and skeletal modalities, where an improved
Efficient Attention( EA)-SlowFast networkwas employed to extract RGB features, and an improved Mobile-

Enhanced( ME) -YOLO was utilized for miner detection. The detected miners were subsequently processed

* SCEEGS :1003-3033(2025) 11-0032-10; Wk H 111.2025-06-07; &4 H 11.2025-09-10



o511

RS T ZRSRG I ikl 12 5 X T % 247 iR =33 -

by Lite-HRNet for pose estimation to extract skeletal keypoints, which were further encoded using an
improved Depthwise Convolution and Channel Prior Attention Spatio-Temporal Graph Convolutional
Network (DC-STGCN) to obtain skeletal features. Finally, late fusion of RGB and skeletal features was
performed for unsafe behavior recognition. In the experimental design, both public datasets ( Human
Motion Database 51( HMDBS51) , University of Central Florida 101 Action Recognition Dataset( UCF101) )
and a self-constructed underground coal mine unsafe behavior dataset were adopted for validation. The
results demonstrate that, compared with single-modal baseline models, EA-SlowFast and DC-STGCN
achieve recognition accuracies of 71. 6% and 68. 3% on HMDBS51, and 88. 3% and 85.4% on UCF101,
respectively. The multimodal fusion model outperforms the unimproved fusion baseline, achieving 75. 4%
and 93. 5% on HMDBS51 and UCF101, respectively. On the self-constructed dataset, ME--YOLO attains a
Mean Average Precision(mAP) @ 0.5 of 91. 8% with an inference speed of 38 f/s, satisfying real-time

requirements. The fusion model further achieves an accuracy of 90. 6%, confirming the effectiveness of the

proposed approach in complex underground belt conveyor environments.
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Fig.1 A multimodal-based model for unsafe behavior recognition of miners in the

belt area of underground coal mine
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Table 1 Experimental results of different object
detection models
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Table 5 Recognition results on the self-constructed

underground unsafe behavior dataset %
Rl U HER A
ST-GCN 73.9
InfoGCN 75. 4
C’LST™M 83.2
SIN 86.7
Slowfast 81.5
SO 90. 6

Table 4 Results of ablation experiment %
. PURNHER
HMDB51 UCF101

Slowfast 68.9 86. 8
ST-GCN 64.5 82.5
Slowfast+ST-GCN 73.2 90.9
Slowfast+ELA 69.3 87.6
Slowfast+ECA 69.5 87.1
Slowfast+ELA+ECA 71.6 88.3
ST-GCN+DSC 63.7 81.2
ST-GCN+CPCA 69. 1 85.7
ST-GCN+DSC+CPCA 68.3 85.4
AR SO 75.8 94.3

4.3.4 BEHTAZTNYESHRERROMN

1 AN 2A7 s 4R LT R 5 56
I, AN FAT A PRI B A I R L AR 0 T 5 L
F 5, LA LR i s X AT 0 IR BT 55
H, SCAP R Y ARSI R B s AR R T
PETAUHE T B — i S B RGB BEZS 1947 2 U3
B, R FTR R A S 2 P 3B p U R A
W T AL 47 R0 7 TR RAT B A3 P

A TG U AR BLTE X 0 AN ) s/ D T 1 3R
&8 SR TIRIEHRG M P B T 4 RO 4
PO RIS IR . B ik ol | PR ik oty | B ey
P A SRR LT . 3X 4 FhEAERF- R 0 R 5
N 90. 6% , H:Hh, e 6 4y A ey S A 2 4 9 1R
HERR A0, DRI 2 AN SR ARG g 5, 25 5 U
111 T PR A AP B AR AR, nT Bt Tl
VRN, 22 9 Z BIOG IR 3 25 PR3 N R 152

PRI 0.03 0.02 0.8

o e | 0.6
w%mﬁﬁsﬁ%
g
#
K -0.4
#eskTy - 0.03
-0.2

0.02

ffEsmisay - 0.02 0.04

B T B %
T S
FHIARA
B8 AEEITHIRFEEHEE

Fig.8 Confusion matrix for unsafe behavior recognition
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Fig. 9 Recognition results of unsafe behavior based on

multimodal feature fusion
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