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Research on spiral weld pipe inspection based on WOA
dynamic composite model

Zhang Junhong' Qu He' Pan Jingtao' Yang Song” Li Lingyu'
(1. School of Intelligent Science and Technology,Beijing University of Civil Engineering and Architecture,Beijing 102616, China;
2. Beijing DTCCM Electronics & Control Technology Co. » Ltd. , Beijing 100083, China)

Abstract: In the inspection of spiral-welded pipelines, conventional methods often struggle to balance the extraction of
temporal and spatial features while maintaining efficient model parameter optimization. To address these challenges,
this study proposes a dynamic composite optimization detection model based on deep learning. Ultrasonic guided wave
signals are acquired through sensors, where spatial features are extracted using a convolutional neural network and
temporal dependencies are modeled via a long short-term memory network. To enhance model robustness, the whale
optimization algorithm is employed to optimize four critical hyperparameters: the number of CNN filters, LSTM units,
learning rate and Dropout rate. Comparative experiments were conducted on high-noise, low-noise and normal
datasets. The results show that the accuracy rates of the proposed detection model have reached 98. 88%, 99. 7% and
100% respectively, and the average absolute errors have decreased to 0. 195 5, 0. 177 and 0. 095 respectively. It verifies
the detection performance advantages in the complex environment of high noise and multiple interference, and provides
a theoretical basis for the spiral weld pipeline detection based on ultrasonic.

Keywords: spiral weld seam of pipeline;deep learning;optimize the detection model;identification and location
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Table 2 Comparison of classification results of
different models for high-noise data

3 ACC AUC F1
LSTM 0. 794 0.791 0. 885
CNN-LSTM 0. 886 0.956 0.939
Transformer 0.953 0. 908 0.975
SSA-CNN-LSTM 0.931 0. 980 0. 984
HEE G A 0.988 0.997 0. 982
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Table 3 Comparison of classification results of different

models with low-noise and normal noise data

HE A GRS ACC  AUC F1

RMEFEHCHE 0.684  0.784  0.813
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1EH B 0.886  0.711 0.940
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Transformer .
1E 5 B HE 0.983  0.872 0.992
SSA-CNN- EMEFEECHE 0.986  0.996  0.985
LSTM 1EF B 0.982  1.000 0.997
BEEE EMEFEECHE 0.997  1.000  0.994
IR Ei 1E H 0 d 1.000  1.000 1.000
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Fig. 9 MSE and MAE graphs
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Table 4 Comparison of regression results of different

models for high-noise data

BT MSE MAE R?
LSTM 1.481 9 0.9693  0.805 6
CNN-LSTM 1.2213 0.866 9  0.839 8
Transformer 0.432 6 0.578 3 0.879 5
SSA-CNN-LSTM 0.804 7 0.7220  0.939 4
HEE AR 0.1955 0.346 6  0.985 3

2) % M 75 0 1 H B8 TR VT AE 55

AR MR 7 R E H B [ U5 A 45 v, AS TR ASE 7R A [ 0 4%
RE 5 fin, M T HARE, 3B E A 8K
MSE Fl MAE f{H 2 25 P A% » 156 BA 455 20 5 Xof I % 75 1 1E 5 4K
Pt A7 [ 09 T e, T A 5 R S (E 2 ) A 25 TR N 8K
P 300 A OR B ARG o, T 25 o L AT EE L R B L
B R® 43 %503 WA 100 68 6% O 47 b At B 80 H0E b 1 A S e, R
R R AERE AR A F Gk R SR, EAREEN R R
AR IR 75 R TE B B 1 TR RR 3R T v M IR B
HEh B E A VLB R e B 1 1 fE A0 34 & T H g A
RYGIE T AR A B 1A skt . A5 25 T 0 Ak i R B B s il
AR B R AR R R R E AR TR LSBT XA A i
FEAE R 7 T U5 5 0 A B L e v Il O O, 4% 30 P
M H A X 4 TR MO HO R RY SRR TR 0 vk e 2 24 A AR
Wt TR T AR M RE
3.6 THBLSSIG

7 B0 TR AR AN 4 A A 0T o 7 v M S A A T
S AN AEAH R 0 S 36 45 P8 T OB AR AL, 43 S J6 WOA BB,
J6 CNN 8 T LSTM B FE R AL, 3F 4 35 45 ACC.
AUC.MSE fl MAE, {HRl S50 45 a0 6 BiR .



RIRLL F. 5T WOA S S5 6B A 0 & R &L R

B2

*5 REFMEEBHEAREREPLERITL
Table 5 Comparison of regression results of different

models with low-noise and normal noise data

AR B MSE  MAE R?

EMEFEHCHE 0.735  0.632  0.823

LSTM .
1EH BUIR 1.537  0.808 0.874
fEMA P 5HE 1.482  0.870  0.878

CNN-LSTM o
1EF R 1.232  0.843 0.907
RS 5HE 0.371 0.468  0.956

Transformer .
1E % b 0.176  0.345 0.961
SSA-CNN- EMEFEECHE 0.406  0.586  0.945
LSTM 1EF B 0.342  0.481 0.974
BERES KM EHE 0.177  0.330  0.986
IR Ei 1E 0 d 0.095 0.233  0.990
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Table 6 Comparison of ablation study results

BT ACC AUC MSE  MAE
Jo WOA #He  0.904 0. 968 1.550 0. 846
JG CNN i 0. 939 0. 965 3.826  1.626
Jo LSTM e 0.794 0. 986 0.789  0.714
Ji A5 A 0. 988 0. 997 0.196  0.347
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TR RA M . B CNIN A B i 397 I A 5 1 i T
B H B E , MSE Al MAE 43 5 804 = 3. 826 f1 1. 626,
T TR AT 0. 196 F1 0. 347, ™y 5B B 2% [] 45 £iF 42 Okt
PERE S B VR SR . BB BR LSTM ALH T8 ACC K
W R 22 0. 794, BA A IR JC I 4 2 K AR 06 &R L IR TR
FHAF A G EE. B WOA SR AUC
AHXF /N, B il £5 ACC B & 0. 904, 3 & 3 MSE Al
MAE EFt . UESE T HAE AR A0 A58 8 2 BOR 42 T3 IR f2 i 1
R AE . %R, T LA R [R5 e 7 AR A Hh iy
RPN PE SRR R, = S R A TR R e RE Y
JETb
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