20244 || B
W R X i F435 F || B

DOI:10. 19652/j. cnki. femt. 2406338

kIR N 4% 72 M R E A XU RS
VO R R R

MoOATY BRBFY OZZE SRR AKX
(LLZ A% EHRELETEEAFRLT O T E 443002;2. Z i A ¥ WA 5 HERE¥E 78 143002;
S.FPEE RN ARTEAALEEHE AT MNE M 510600)

O U e B L RS PP T vk e S TR AR 5 PR A l%@%%%ﬁLﬁ%%AWﬁwﬂéﬁWﬁﬁ%%m
RGP . R A PRI — 0], 254 25 BB T 3038 0 o 6 ek R e B TR 3R, AN S B o B B B SR S I BE B Lk T I 0 A, O
T 8 SR 8 R SR W 018 DL I ST R A B 0k O A Bk 2 A T A 8 I % Mt T — i T DL i S A Ak A 2 4 i i 4 H%m%%%ﬁ
AR PE A A AL . Jf 15 B BP b2 4 TR 4 3 i I 45 L R BOER 11 B 25 4 3 B A 28 IR 2% 1 SRk IR AL S G 2 SR
U] AT M R W 2 O T A AR TR, v i P R R T4 v 0 T 2 4 xR 25 (MAE) 292 0,010 2.,0. 008 1, ¥ 77 AR 2
(RMSE) J9 0. 057 3,0. 055 1, FHIA iR 25 (MAPEMRZE 1. 475 % M1 1. 451% , %R REGE 76 B 5 %0k A 19 45 o0 T 42 it A

BB 43 R TIUES B0 2 R v i P B 300 ke KR A 14 o o R T RE T

KRR R AW A WL DU AR AR 5 i i B B 0 B 5 RURS SN 5 o T T

FESFES: TNI11-34;TP1S XERARIRAD : A ERREZERSER: 520.20

Application of residual neural networks in risk assessment of
transmission tower foundation slopes

Rui Tao'” Duan Guoyong'® Wang Yanhai'® Zou Yingjie'” Zheng Wulue®
(1. Hubei Provincial Engineering Technology Research Center for Power Transmission Line, China Three
Gorges University, Yichang 443002, China; 2. College of Electrical and New Energy, China Three
Gorges University, Yichang 443002, China; 3. China Souther Power Grid Co. , Ltd. , Guangzhou Bureau,
EHYV Transmission Company, Guangzhou 510600, China)

Abstract: The existing risk assessment methods for transmission tower slopes mainly focus on static geological
characteristics and environmental factors, overlooking the coupling effect between the tower foundation and the slope.
These methods also lack effective response and early warning mechanisms under extreme weather conditions, making it
challenging to comprehensively evaluate slope stability. To address this issue, this study integrates slope risk and health
factors—such as slope height, slope angle, distance between the tower foundation and the slope, and base conditions—
and employs an enhanced Bayesian optimization algorithm to optimize a residual fully connected neural network. A
Bayesian-optimized RFCN-based risk assessment model for transmission tower slopes was developed. Comparative
experiments were conducted using BP neural networks, deep fully connected neural networks, and unoptimized RFCN as
baseline models. The results demonstrated that the proposed model outperformed the others, achieving MAE of
approximately 0. 010 2 and 0. 008 1, RMSE of 0. 057 3 and 0. 055 1, and MAPE as low as 1. 475% and 1. 451% for risk
and health assessments, respectively. The model provides effective graded early warnings under routine inspections and
rainfall, enhancing the accuracy and early warning capability of transmission tower slope risk assessment.

Keywords: residual neural network; Bayesian optimization; transmission tower foundation slopes; risk assessment; rain-

fall-induced landslide early warning
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Table 7 Comparison of algorithm prediction

performance metrics
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Table 8 Summary table of slope risk coefficients for the test set
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Table 9 Slope early warning results for case studies
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