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Abstract: To address the issues of insufficient granularity in feature extraction and limited adaptability to
complex video surveillance scenarios in substations inherent in traditional power personnel behavior recognition
methods, this study investigates behavior recognition technology tailored to the needs of power operation and
maintenance. An end-to-end video behavior recognition framework is adopted to directly model raw surveillance
videos, and a key frame extraction method based on spatiotemporal features is designed to improve inference
efficiency. A behavior classification decoder is constructed to enhance the discriminative ability for multiple types
of operational actions. The experimental results on the real substation operation video dataset show that the
proposed method achieves an overall recognition rate of 93.7%, significantly outperforming traditional image
recognition methods such as support vector machine (SVM) and multi-layer perceptron (MLP) in both
recognition accuracy and processing speed. The research conclusion provides a technical reference for improving

the intelligent monitoring ability of power field.
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Tab.1 number of private data set samples
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e (climbing) 2321 213
57 (crossing) 2442 283
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FAMH % 4> 18 (no helmet) 4321 599
A% T.2%% (no uniform) 2 545 360

2.2 LWHZEERSH

TN . iHACF & B4 AMD EPYC
7742 A PR ES (#5481 TB N AE) F1 4 Bt NVIDIA
Tesla V100 GPU (32 GB .17 ), #/ERZFE N
CentOS 7.6, IR 24 > HEZL LT TensorFlow 2.5 f4)
L, ERIR TR B, SR A B B 2R
e Ak g i 25 W 2% [ I A 5 i i 2 S O S |
B A FRR SH R R 416x320 123, i K/
Wk 32, Pifbde it I RMSprop B3k, #1ih 2% 2]
EPE A 2x10*, K H ReduceLROnPlateau 27 >
JEE R WU, 2 00 IE 0 i S S AR YRR T R AT
W 2% > R 2 AT A 20%. B8 AT Zhad 2 45
2250 N EE YR, IR AE I 2R AR g A KRR 4R B
(patience 24 15) AP 1k 3k 006 o 78 B A4 G0 By
Br, RHASBRE KW, B RmESINE, X
RS AR EA T an B s Ak . B Be¥ 0 IR 2E 2] Rk
H5x10°¢, RIS 2] % (cyclic learning rate)
R RE et R /INJE R Ry 64, TR B IR B AL
TEWCN Sx1077 LAFS il B A 57 % i . ol o R R
50K, RS E#L BT (gradient clipping) !
oA, Ko uBORHAAE 1LOITT, Mfilgfiae
o AN, TERUE B BN A T bR 21 (label
smoothing 47 0.1) FHREAAE ISR A, IR
FHEE R PERE
2.3 XWER

it S BEUERESL, TGS e S C.
Hor, ael0, 11 ARS8, 45 ) OGS it i) i
PERE L, CORTRB RIS B, WA A 5
BRI, R LE 2, M a=0.5, C=5H}, B
BUS et 2i AR ERE . 288 RS R 55 93.7%.
SLESEEIR, MEES R R, SFEIRRE
ok 0.5~0. 70 A8 i m . abl0.13E 2% 0.50],
PHPRESE L Th ;s adkSei K A 0.9 B0 R A
R, LA R EGE /NG o ¥R F T S BEAY B2
T BEESECHIE K, ZZEHIRECH2~4

IR TE 5 2 C=5 I RE BE A TR m
N G S BrAENEC SR e L E N ISR BRI S
BB, M/ NG R C U AR . A
R R LI LTS TR &S, RUEY
Hif 2 B30 N A A R 8D P B Tk B B I Y OF
i

K2 SHHBRMIEER

Tab.2 experimental results of parameter sensitivity

ZE IR %
¢ Cc=2 C=3 C=4 C=5 C=6
0.1 91.8 92.4 92.9 93.1 92.2
0.3 92.8 93.2 93.5 93.6 92.9
0.5 92.4 93.0 93.4 93.7 93.0
0.7 92.9 93.3 93.6 93.5 92.8
0.9 91.9 92.6 93.0 93.2 92.1
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Falling 0.041 0.022 0.019 JUEERS 0.037 0.003 0.015 0.047
Carrying  0.005 0.027 0.021 0.048 [OX2kA 0.044 0.006 0.016 04
Smoking  0.005 0.036 0.041 0.024 0.036 JUCNEY 0.024 0.047
No Helmet  0.025 0.009 0.012 0.050 0.039 0.030 JOXANN 0.013 0.2
No Uniform  0.027 0.013 0.033 0.006 0.003 0.007 0.004 0Kk
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Fig.4 mixed matrix of behavior recognition accuracy
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Tab.3 power personnel behavior identification results

11 R4 TR EE /%
24 )[E(Climbing) 93.8
57 (Crossing) 94.8
F LI (Calling) 92.7
{8 i (Falling) 93.5
FE2% (Carrying) 91.7
14 (Smoking) 90.8
A #2242 H (No Helmet) 91.0
A %F T.%%(No Uniform) 93.6
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Tab.4 compare experimental results of algorithm

VikeS i RS % Top-1 A& B /% iZ1 1A A)/ms

KNN 66.5 321

N OpenPose?! SVM 75.2 521
MLP 83.2 321

EN'q AT 89.5 698

KNN 66.8 9312

SVM 753 15 920

Uniform sampling OpenPose!?"

MLP 83.5 9002

AR 89.9 23421

KNN 72.4 301

M 1

A3 T >V 5 R
MLP 88.0 310

KNS 2R 93.7 612

X T 2 T3 v A A B0V U 4003k 1Y) 2 I R o
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Tab.S comparison of Top-1 accuracy for action
recognition on public datasets

Top-1 HERTR/%

R
UCF-101 HMDB-51
Two-Stream 88.0 59.4
IDT 86.4 61.7
Dynamic Image Networks + IDT 89.1 65.2
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Deep Networks Sports 1M pre—training 65.2 69.6
Temporal Segment Networks 94.2 69.4
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