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Target behavior recognition of fully mechanized mining face based on
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Abstract: Recognizing the behavior of key equipment and personnel in fully mechanized mining faces is the foundation
and core of intelligent sensing of mining environment information. However, the lighting conditions in fully mechanized

mining faces are generally poor. coal dust and water mist can easily cause blurring of the video image, making it difficult
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to extract key features for identifying target behaviors. As a result, this affects the accuracy of identifying the behavior of
equipment and personnel, failing to meet the requirements for practical engineering purposes. In order to address this prob-
lem, a multi-information self-attention model and feature fusion mechanism have been developed based on the ResT net-
work architecture. This model expands the information source for feature extraction from pure spatial information to multi-
information, including space, time, and channel. This enhancement improves the model's capability to recognize the
target's behavior. Among the aforementioned categories, spatial information is a detailed spatial analysis of the target be-
havior, showcasing a range of deep features such as texture, location, and shape of the target. Temporal information refers
to extracting temporal features of the target behavior from continuous video frames, reflecting the order of occurrence of
the behavior as well as the evolutionary relationship. Channel information represents the expansion and depth of spatial
and temporal levels by extracting spatial and temporal information from multiple perspectives. It characterizes the raw data
on feature channels, which provide global features of the target behavior. The effectiveness of our algorithm has been val-
idated through comparative experiments on the dataset for behavior recognition in fully mechanized mining faces. The ex-
perimental results demonstrate that the accuracy of behavior recognition can reach 96.90% in the fully mechanized mining
faces environment. In comparison with mainstream behavior recognition algorithms such as Swin-Transformer and Times-
former, the recognition accuracy is enhanced by 11.06% and 10.62% respectively. The algorithm is transformed by an
ONNX model and accelerated using TensorRT to enable GPU inference, thereby enhancing its value for engineering ap-
plications. Consequently, the fully mechanized mining face behavior recognition system was developed. The algorithm
model was embedded into the pipeline of the behavior recognition system as a plug-in unit. This integration enables real-
time analysis and accurate recognition of crucial equipment and personnel behaviors on the fully mechanized mining faces

within the DeepStream framework.
Key words: working face; behavior recognition; spatial-temporal-channel information; network model; project deploy-
ment
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Table 1 Experimental environment

FR iiees
System Ubuntu20.04.6 LTS
Frame PyTorch
CPU Intel Core 17-8700K
GPU Nvidia GeForce RTX 4 080
Librarys OpenCV., CUDA. CUDNN

IDE PyCharm, QT. DeepStream
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former*®! | Vivit!*'#1 Swin Transformer ™M) Trans-
former S FERIRIRIHELL

PRI A A T A TR B = AT 45 2 M A U A0 A5
AR IAT R, AR FR GE 52 PRl v i LA AIOR |
Jr LAAS S Z2 ) o 7E 2 850 RN 5 T e 75 G 2
TARHAT 2R . LR T LA 5 Frh
FEFRAE RV AR UE . 7090 Acc(Accuracy), 77 .18
BUREL Flops(Floating-point Operations Per second) ., 15
RUSHLROIN TR B —T 1050 LU R E A B -2 8 L
X5 AR R FER . o, Ace EAEHAITE R
AN T TE A A AR S SRR Y LA,
TARRITE S s b H AR U S SR R S R, RO
YERA . Flops /&8 LAY A T hn sfe 5 i ik Bk, Je ke
TR R BRSO NN SN TR
AU SR D LSS E AR B, AT DAV X 25 A5 A

Hif 17 A 47

r KR 1

%E%H]*[%ﬂﬂéj*[ﬁﬁﬁﬁ

s H ?B!ﬂifc’éﬁﬁ]

!

Hb AL

S 16 4k

Bl 7 Ik, iR
Fig.7 Flow chart of train and test



1430 # %

= % 2025 445 50 %

IR/ THERS B —T 1430 HE R vE R 2 T Flops 14 HUAE,
J W T AR A TR0 A R AN O 2% R RN AL
BB AACRBCREM R . W S50 &
HER B A S B0 0 R, B T B S 80R R,
BE R RS R T 0

MFE 2 A LIFE H STC-ResT HIHER R & T H
fiE A, HESARIZHOO MR T HERAL, 5 Vivit
AR HEAERG R = 20.79%, 5 R3D A H fERf R E AR 1
=i T 4.86%, {A Flops M RIS K /MU A R3D 1)
1/2, STC-ResT 5 Timesformer # b Flops A& HY 1/6,

BRI S HOR/IN R B R 16, TR 3R 51 & 10.62%.
SEG A5, STC-ResT 1A e i 19 ME i 5 A1 5 AIX
PRI S HOR /N, (HR, B T2k TARTH MR & 4%
FEAEAE LSRR, 2R F A/ N3 B R E LA AR 2 21
B E R X RZMEE R E . T HRIHT
RN HERR B, STC-ResT # 2 HURFE /25 ] | B
B A 3 YRR, I 2 kA SR 3 A4k
FROEAS B BRI, XIS A AL+ 5 5 5 T Slow-
Fast fil Swin-Transformer X P F 835, T S8 T
STC-ResT HUREHA -1 H5 i 2 P AR B s

®2 WHLLWER

Table 2 Comparative experimental results

el Acc/% FIOPs/G BRI HER - 1L HERE -S40 1L
C3D 86.73 150.48 78.02 0.57 1.11
R3D 92.04 202.99 47.34 0.45 1.94
R2+1D 86.73 163.49 33.18 0.53 2.61
SlowFast 80.09 12.34 33.57 6.49 2.38
Timesformer 86.28 371.20 121.05 0.23 0.71
Vivit 76.11 264.98 170.65 0.28 0.44
Swin-Transformer 85.84 17.27 27.51 4.97 3.12
STC-ResT 96.90 74.63 21.15 1.29 4.58
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Table 3 Results of ablation experiment

SHAFK CMSA  TMSA  SMSA  Acc/%  $eTHE/%
T 1 88.94 0
JEh2 \ \ 91.15 221
SEH3 \ \ 92.92 4.87
T4 93.81 3.98
S5 \ 96.90 7.96
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Fig.8 Confusion matrix contrast diagram
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Table 4 4Results of ablation experiment

ot HERIH/% TERBRUEUG
STC-ResT(No CNN) 93.36 71.82
STC-ResT 96.90 74.63
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Fig.9 There are no convolution ablation results
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Fig.11 Behavior detection system of fully mechanized mining face
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Table 5 System experiment configuration table

FR hiAs
CPU Intel Core i7-12 700

GPU Nvidia GeForce RTX 4 090
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