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Joint optimization of semantic communication for power image monitoring
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Abstract: With the rapid advancement of smart grid construction and intelligent power inspection technology, power image
monitoring has become a core technical means for equipment fault detection, line state assessment and power operation
safety supervision. Power inspection images collected by wireless terminal devices contain key semantic information such
as insulator state, line asset distribution and equipment operating conditions, which directly determines the accuracy and
efficiency of subsequent intelligent recognition and fault diagnosis. However, traditional power image monitoring and trans-
mission schemes adopt separated processing modes of signal transmission and target recognition, which lack joint optimiza-
tion design at the semantic level of image features. Most conventional methods merely focus on the optimization of pixel-
level image transmission quality or shallow feature extraction, failing to fully mine, retain and transmit the core semantic
features unique to power images during wireless channel transmission. In complex electromagnetic operation environments
of power systems, wireless transmission channels are susceptible to random noise interference, signal attenuation and chan-

nel fading, which easily cause the loss of effective power semantic information, blurring of key target features and confusion
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of background information. These inherent defects ultimately lead to low target recognition accuracy, poor anti-interference
performance and unsatisfactory overall monitoring efficiency of existing power image monitoring technologies, severely
restricting the reliable application of intelligent inspection equipment in complex power operation scenarios. Aiming at the
low monitoring accuracy and poor noise resistance capability of traditional power image monitoring methods under low
signal-to-noise ratio (SNR) and complex electromagnetic interference conditions, this paper proposes an end-to-end power
image monitoring method based on semantic communication joint optimization, which integrates semantic feature transmis-
sion and intelligent target recognition into a unified framework to break the performance bottleneck of separated traditional
schemes. In terms of methodological design, this paper constructs a novel end-to-end joint optimization framework centering
on semantic communication and power image intelligent recognition. Firstly, against the traditional transmission model’ s
defect of ignoring semantic feature priority, a lightweight convolutional autoencoder (CAE) transmission model is con-
structed under the complete semantic communication framework. To solve the problem of ineffective extraction and loss of
key power semantic features in the transmission process, a channel-based attention mechanism module is embedded into
the CAE transmission model. This module can adaptively assign weight coefficients to different channel features, suppress
the interference of invalid background noise features, and force the model to focus on extracting and retaining core power
semantic features such as power line contours, insulator structures and equipment defect characteristics, thereby realizing
semantic-aware optimized transmission of power images. Secondly, aiming at the insufficient local semantic feature percep-
tion capability of mainstream recognition models for power images, a vision transformer (ViT) based intelligent recognition
backbone model is designed. On the basis of the standard ViT architecture, an attention-guided convolutional coding block
module is innovatively proposed and embedded into the recognition network. This module combines the local feature extrac-
tion advantages of convolution and the global semantic modeling capability of transformer, effectively compensating for the
deficiency of pure ViT models in capturing fine-grained local semantic features of power images, and significantly improv-
ing the model’ s understanding and discrimination ability of subtle defect features and power equipment semantic informa-
tion. On this basis, the CAE transmission model and the improved ViT recognition model are organically integrated to build
a unified CAE-ViT power image monitoring framework. To further realize deep coupling and global optimization of transmis-
sion and recognition links, a targeted joint training strategy is designed according to the parameter space expansion charac-
teristics and semantic feature optimization direction of the proposed framework. This training method synchronously opti-
mizes the transmission coding parameters and recognition network parameters, eliminates the feature mismatch problem
caused by separate training of transmission and recognition models, and finally achieves semantic communication joint opti-
mization for full-process power image monitoring. To verify the feasibility, robustness and superiority of the proposed
method in complex noise interference scenarios, comprehensive comparative experiments are conducted on two authorita-
tive public power image datasets, namely the chinese power line insulator dataset (CPLID) and the inspection power line
asset dataset (InsPLAD). The experimental test scenarios cover a typical low SNR range from -10dB to 10dB, which simu-
lates the actual complex electromagnetic noise interference environment of field power inspection. A variety of mainstream
existing power image monitoring and recognition methods are selected as baseline comparison schemes for horizontal perfor-
mance evaluation. The experimental results demonstrate that compared with all comparative methods, the proposed seman-
tic communication joint optimization method achieves a significant improvement in power image monitoring and recognition
accuracy, with the overall recognition rate increased by 4% to 26% under low SNR conditions. The performance improve-
ment is more obvious in extreme low-noise environments, which fully proves that the proposed method can effectively resist
wireless channel noise interference, retain key power semantic information stably, and avoid feature loss and recognition
failure caused by channel distortion. In conclusion, the proposed CAE-ViT joint optimization method exhibits excellent
channel robustness and semantic feature retention capability in complex electromagnetic wireless transmission environ-
ments. It fundamentally solves the problems of insufficient semantic feature extraction, serious feature loss and low recogni-
tion accuracy existing in traditional separated power image monitoring schemes, and greatly improves the overall intelligent
monitoring efficiency and environmental adaptability of power image inspection. This method provides an effective and fea-
sible technical solution for high-precision and high-reliability power image monitoring under complex working conditions,

and offers a valuable theoretical reference and engineering application basis for the popularization and deployment of intelli-
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gent power inspection, power equipment fault diagnosis and smart grid visual monitoring systems in complex electromag-

netic scenarios.
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Fig. 7 Change in recognition rate under different convolutional

kernel sizes
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Table.1 Comparison experiment results of the model

under different parameter schemes

. FRR
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ELIGES P L m Accl/% JIVMB
N2 16 768 12 94.90 393
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RO A I R E R Bl . PR A SCRERGE
FEI>4 0. 01 2 0. 00001 X [H] ,

F3 LIENASHIRER

Table.3 Experimental results of L.1 regularization param-

eter
A Acel%
Jo 93.98
0.01 93.91
0.001 94.01
0.0001 94.90
0.00001 93.86

26 3 RI 1, A B0, O1 B, B R 5 S 8050 4 J
BRI AT N T BRI R BRI 5 B BUE M
0.001 3] 0. 0001, PR HZ2FF 45 E T, A B 0. 0001
ih s B e P R IR S s BUEHE— B BRAIRS |, U 3R A,
B 22 AR, U0 BH 1 DU AR XA IR () £ SRURE 70 55

(4) CAE-ViT {5 Fl s 56

CAE-ViT Al sL e a5 L nk 4 row . ARSI
LA S LR AT Tl [ L
1) SEASHR A 355 M S 4R BT L 708 SCARAE , DT 4 e
BT TRU R 5 7 Bl 7 28 2 % L4t Bl 2, BTy
T3 5151 FH9 5 block , M4 T Fr i B3 hn 1 %} g
T3 G 1 B L Sy B R A8 T, DT ik — 25 4 e 1R
R I A 58 3 % LA AT, A U1 250K g AR
SIS T T 53 B R

R4 CAE-VIT ZERHMIBER
Table. 4 Ablation experiment results of CAE-ViT mod-

ules

" " _— Iz
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eS| JC SE Btk block A 93.02
HETTS2  SEBIHC FRdfEblock  BEA 9232
THR T %3 & SE e block B 9291

3.3 BXAMZRrEREXT L

AR TN [R5 WL T A v s e e e R
(additive white gaussian noise, AWGN) 5 % F] g 75
(Rayleigh) T4 , RSB AN [7) 75 N R %k FE IR
HIEbR o AR SCR IR D70 2. 3 75 H T i i 2

G730 AR B UL s 0T L CAE
5 VIT o0 B Ao s I gt
(BRI YRR X L

P
951 e Ca
»-""'// i
94 5
5. ~
g93 . St
i 92 g
3 >
914 5
90
- DEIGES
891 oo BAYgER
-10 5 0 5 10
{8k (db)

K8 AR A U ZR P REXT L (AWGN)
Fig. 8 Comparison of recognition performance under different

training modes(AWGN)
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PUNAE 55 177K o JE R AEMRAF I L -10db G
B - I5E A I RS U TE 1) 3R 92. 62%, 43 B AR AL
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BRI 5 5R W AE TR M T4 45 F T XSk 4
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Fig. 9 Comparison of recognition performance under different

training modes ( Rayleigh)
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Fig. 11  Comparison of recognition rates under AWGN interfer-

ence
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Table. 5 Operating speeds of different schemes
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Fig. 12 Comparison of recognition rates under Rayleigh inter-

ference
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Table. 5 Comparison experiment results under AWGN JPEG+ResNet 75.26 69.94 71.96
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