55 56 % 4 4 W] I A B %5 HFH K Vol. 56 No. 4
20244 7 1 ADVANCED ENGINEERING SCIENCES July 2024
"ATE e :

G

DOI:10.12454/j.jsuese.202201161 A F R F]

—MZEERERENWZLIRANE]

7'—7{ ‘]‘:E:,%Kﬁ)—?g 9ﬂki§’£/\ﬁ§
(h Bk R B A BR A ] A S ERBIF ST B , 228 AT 230000)

T FE AWM N by R T SR A 43 BT 108 DG A T A v S 5 A AT TR T S, Sy S A% B AT %
FA) S B , 45 v AT 45 SR A VB 1 L AR, AR SO CenterNet vk EAT BICHE, 32 T A2 M B i 14 2 vk 14) 5% 1 4o )
SR OB S UM B0k o I A TR Dy D SRS R i 2 0L S BB, G AE AR A AT 55 | AL R MR
P20 3P0 Bl 5 125 o AU B 3L [ SRR, A8 SR R B BE, 1 28, B HE IAS 3 2T 55, IR o 25 45 SR I B A BT 4
AL, LM CenterNet 5 ik %t 1 285 4 SCH 5 A A R ULG- R 07 5 LU, 7E VIR AT 10%% h & S Hh — 8 B0 A B
SRR, 3 AR B ARG TE G R4 4 284 S5 O A R L6 R T o R U6 B BRI VIR BT, XoF i B
H 5 AT AR Pl LGB BRI FS F4 o 0 B8 AR SCHRR I B RIOR, P T s B e AR 4, S iE 5
el AR 43 2AT 5 | AR B | T MRS Bt B 3 LAt T ek o A T 2R R A S I 5 EE e T B SR s — 5
JEE 7R 3L 7 iR A A X R TR S5 SR B S 25 SRR B AR SCER R EE CenterNet ll CornerNet 3 v 17 14
SEBETH B, {0 FH AR 202 AT 55 TR %) i 288 ] L 03R 25 35 AR 29 0.4 5 35 05 DN Rt AR i 105 {3 FH 8 ~ 10~ S1NRlLAS,
WBHAR R 2 5] | USRI R s BT A 3l 58 B o o 0.08 R BIRR fedd, HL oM s 0 35 B A Bad ks it ah,
DL B30 Jr vk A R Y RE AR AR RN, o A SO Y Y 32 W B A el ok 3 S Ao e e PR 3 B vk T
Sy TR T SRR b B TR TC BRI SN 3 T AR PR e R S

SCHRIA): PR TR A ; P RIZAGIN 5 (A% A3 SEAT 55 5 S0 B B s iR s Hi g

FE 5 %S TP183 XEkFRES: A NEHRE: 2096-3246(2024 ) 04-0078-10

B IE TRAE e T ke TR, Sz TR Tk R B AT, R T SR e i 5 1

A 145 o g 5 1 A, A 785 30 i) S B AR T
Ssk B U L Pl P A R R S A i
F9 < S0 R 5 RV AP B K A 285 K 0, W I 1 3
st 16 43384 0, 4% b 7 S D 22 Pkt 45 A 405 1) 2
T B AN TN, o 0 5 A 2 7 A I 3 4 o 3 R
FF 2 B S | 5 K b H S B4 B TR
G 2 PR G 2 025 g o A A A e L A R
LTS Y AR ST, B AT 0 T R
3 B TC ARG 01 3% 0 1 A A B R 4 0 G 3
977 T P2 58 SR g R b, A 5 T i
5 1B U I T TR R B Bl SR 4 SR B 22 1
S AL EREE AL g 224 TR SR GRS SR AT X 24k

¥ HEA:2022 - 10 - 26 i&a] HHA:2024 — 03 - 15

Wl o (B %7 W HER P - AR G R0, T
BLUBR A, i 2 B KB R, 25 9T A DL AR,
L3RI 25 R o

88 2205 75 35 TR R AL AR B B 8 L) AR
FN T W HAE RS AT o Bl 7 TR BE 2 > 78 MG AR B )
S R VA B AR A U OV AR A5 0 o SR, MG
R S 8 22 408K A (o A I 3 e b 1 4
s, B 77 8RRy g A G5 07 v R 9 B b e
T 2K 0k A 55 7 ke, Lige U R PR IR R R 4T &
BRI R0 280, T % 7 —Fh Sl w2 A3
TR R R A i 8 1 H R R 7 3 b, Wang
2 D2V i e X Il ] AR HE 35 U 28 I 4%, S B T 4R

P 4% 3 B B #7:2024 — 07 - 04

ESIWE P E P 0A FR 7202 14F BE A5 00 R H (20211 Kk-14)

EZBE AR H(1979—), s LRI, M4 BhoeJrm: BEe
*BEMEE KA, B3 TR, E-mail: ethonzhang@163.com

http://jsuese.scu.edu.cn

{55 4b . E-mail: songhengyang@163.com



https://doi.org/10.12454/j.jsuese.202201161
mailto:songhengyang@163.com
mailto:ethonzhang@163.com
http://jsuese.scu.edu.cn

o554 FN

15, A — T2 W R R R B A e R ik 79

HiH 35 (GPR) MG HP AT 3 07 1l B i B L 9 7507 L T i A
HaliR B £ %%2‘5%“3]&%%3&% f*JFaster R—-CNN
RERINE I 25 | 28 ) | R Z 23 33T i 5 R A A I
AU LT YOLACTHIEE T 3 46 B B 25 31
T P AR AR A LA b R IR B AR AT A LI
Y, X sE ST A L EKSEE SRS TR K
I 22 624 MY R S Al B0 3 1 SIS 00 RN A S ) TR
AU 53592, 28% . F IR TR 51 5 3t ek )
A — @M, %40, WangZE U I 4 B-Snake
ST | 3 2 458 ] — A A ) SR i 3k o 2 X 4 2k i
FTAUE, B0 A7 00 £k G DO R B B Sl Thp i
BRI TR RS, IR RN 2R a & %
LR, WAL 4B 2 18 E P H Hough 2B # 30F 17 2 Bt
Rz, 5 I F T A RN 28] 9 26 B A I AR TE 4k o Ko
i UVShyee 4 5 2 PRSI 23 T — A AR, 16 AR o g
7 218 2 1Y OB L, I 8 S Ak PR T LA G
R S E L RN 7 A Zk s B AR i i rh
FIFR 40 E 15 S B BBV X | I 4G 9% ¢, CenterNet! 701
CornerNet! "V ik PRI JH: T4 HEE G0 ok 38 b O 32 5, 7%
B N N s AR PR XK R B4R R
T 53 AR BB HURIE . B A A A ] R, 2
H T —FP 3 F 0k i) CenterNet/K T H b A I 30 %
SEIXTIK R B DL S U AL MRS B AR A AR
AP SR IO S IRIIR A IR E
7% AT N H AR /N2 5 B XERS, T CornerNet . i 52
PR T AT AR

IR SCER BT B 5 i v, AR 58y ik an R AR TR R
ST 2R BRI R ESU AT 4, IR &, M T
X~ BHyrTHiae o2z ; @ H skl Jy kv, nf A8
TE 35 B 25 W 2% | B0 Y Faster R-CNN T I 1) 72 o7
T8 R R, TROIRG BE B, e 35 4 e S I U 1R 1] D) 2%
ACRE TR 00 RN KBRS B, X LAAG A2 Aol ) 2 A DU 7
WG 5L IE AN, o ZA JmE B 248, i}
PR SS , 5IRE X AN B, B 4RI R AR
T DA 300 s 4, LA CenterNetFl1CornerNet A X
MY LT OCHE A o R /N HR AU A e 1A FR,
Kl Re 1A 2 .

BT, AR SCHR Y T — A7 W B AR Y R 1A
IR B AT 2R N B, X 4% B8 ) CenterNetZh #4) 1
Frescatt , AU B RN 2RI, {5 FH A% 53 24T 55
AP FEL AR, DAGHE DG B i IR UL R T o 7E i 24
A B B s AR B, XA AT S P B, DLSE
FIG M 75 F0 o F et 5 0 B8k 78 B s s 4 b it
TTEE5, LIRS SRR, MG S 9 A AN I 2
FERFTIRTER T, 0BG TR 2R RICR

1 5 &
1.1 2R 3 a8

fof T 45 K A 7R 1 2.4 PR % b 5 B AR R0
WARGIEA, AL THUE F o7, #HAUP R FRIIF O
] T PRI, WnE 1 (a) iR, UG Rt 4 4 By
LA, RIS R S5 0 A SRR AE 22 18] JG B 8 IX 43, A o
EAFAEZ A0 BEME, AN [F] T HoAtham FH i B bR 2 A T
) 80 IX 43 PR ARG I 55 0, IR T A O 288 A L ) e 3 A K
A TR, R A T OB SR R AT B 1 07
WE1(b) Fims.

[\ - e #\ > ) y N 2
NN R A
el F A AN ST s N

e
.*'*r‘v 7P\ IRV K et N CE
\P/o\:\!’{;}:‘\\ RV e b R

NP N o Y /
- /-: llazﬂ‘,"*"“\'\-/m‘-’/ st ,‘v’;“t"‘:“y‘f

(QESEVEFHEVE AL LIPS Iy aves
B 1 #WEHER2EEGEXESRE

Fig.1 Radar 2D images and key point annotations of lin-
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Fig.2 Overall framework of the tunnel lining identification algorithm
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Fig. 6 Influence of the number of outer-points training rounds, the number of outer-points and the Gaussian noise intensity
on the recognition results of the proposed improved method of outer-points supervision and anti-noise disturbance
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Tab.3 Ablation experiments of the three improved methods proposed in this paper: grid classification task, outer-points su-

pervision, and anti-noise disturbance
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A Tunnel Lining Line Identification Algorithm Based on Supervised Heatmap
SONG Heng, ZHANG Yisheng*, GENG Tianbao, WANG Dongjie
(Management and Technol. Inst., China Railway No.4 Eng. Group Co., Ltd., Hefei 230000, China)

Abstract:

Objective As a critical step in tunnel defect detection and analysis, lining line identification has long faced challenges in analyzing detection data.
This study proposes using supervised heatmap algorithms and anti-noise disturbance techniques to recognize keypoints of lining lines, based on
the CenterNet algorithm, to overcome the limitations of traditional analysis methods and enhance the accuracy and robustness of the results.
Methods The algorithm is divided into two stages: keypoint detection and curve fitting. It includes three improvement methods: grid classifica-
tion task, peripheral point supervision, and anti-noise disturbance. Initially, during the two-stage training process, the keypoint detection phase
aims to improve the CenterNet algorithm’s limited heatmap fitting capability for dense keypoints by incorporating a heatmap grid classification
task. The grid sequence, aligned in the vertical (A—scan) direction, is divided equally into several segments. These segments are categorized based
on the location of keypoints within the sequence. A transformer is employed to learn the mapping from grid sequences to classification labels
through supervised training. This supervision of the heatmap fitting process is based on the classification results. Simultaneously, a certain num-
ber of outer-point heatmaps are produced in the initial training rounds, and the model’s learning process is constrained through the positional in-
formation between outer points and keypoints. In the fine-tuning stage of curve fitting, Gaussian noise is introduced to the curve, and anti-noise
disturbance is applied to counteract image noise interference. Finally, the tunnel lining dataset, divided into training, validation, and test sets, is
utilized. The training set contains 3 200 images with 753 562 keypoints and a data size of 12.35 GB. The validation set comprises 600 images with
188 635 keypoints and a data size of 2.88 GB. The test set consists of 999 images, including 236 742 keypoints, and a data size of 3.52 GB. This
dataset is test data in the experimental stage to compare the CenterNet, CornerNet, and the proposed algorithm. The effects of the three specific

improvement methods, grid classification task, peripheral point supervision, and noise resistance, on lining line recognition are initially verified.
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Through ablation experiments based on the CenterNet algorithm, the impacts of various improvement measures on the algorithm’s performance
are further demonstrated.

Results and Discussions The experimental results showed that different algorithms’ lining line recognition performance significantly improves
after being supervised by the grid classification task. The curve spacing errors of the recognition results from the CenterNet algorithm, employing
the backbone networks ResNet, DLA—-34, and Hourglass—104, respectively, are reduced by 0.40, 0.40, and 0.28 pixels. The inference times are 11,
19, and 71 milliseconds, respectively. The CornerNet algorithm reduces errors by 0.34 pixels, with an inference time of 23 milliseconds. The grid
classification task exists only during the training process, so it does not impact the inference time. Additionally, using outer points to supervise the
heatmap fitting process also improves recognition accuracy. The more supervision training rounds, the better the recognition performance. After
incorporating outer-point supervision in the first 10 rounds, the curve spacing errors recognized by different algorithms are 3.56, 3.20, and 2.65
pixels, showing improvement effects of 0.75, 0.75, and 0.73 pixels, respectively. Continuing the training beyond 10 rounds results in limited fur-
ther improvements. By increasing the number of outer points, significant enhancements are initially observed. The optimal effect occurs when
8~10 outer points are used, with curve spacing errors of 3.48, 3.13, and 2.44 pixels, respectively, and improvement effects of 1.84, 1.88, and 2.08
pixels. As more outer points are added, the effect gradually diminishes. Therefore, using 8~10 outer points to supervise model learning in the first
10 rounds yields the most significant improvements. When noise is introduced early in the curve fitting input, recognition accuracy improves, with
optimal noise disturbance intensity at approximately 0.08. The curve spacing errors recognized by different algorithms are 3.59, 3.20, and 2.49
pixels, respectively, with improvement effects of 1.73, 1.81, and 2.03 pixels. As noise intensity increases, the overall recognition effect deterior-
ates sharply. In the ablation experiment, the CenterNet algorithm with the Hourglass—104 backbone network is visually employed to verify the im-
pact of different improvement measures on algorithm recognition performance. The results showed that the three measures of classification task
supervision, outer-point supervised training, and anti-noise disturbance improve recognition accuracy by 0.09, 0.05, and 0.04 pixels, respectively,
with memory consumption increases of 69, 19, and 6 MB. When classification task supervision and outer-point supervision training are employed
simultaneously, the result is improved by 0.21 pixels, with a memory consumption increase of 88 MB. Similarly, when classification task supervi-
sion and noise disturbance are combined, the result improves by 0.16 pixels, and memory consumption increases by 77 MB. When outer-point su-
pervised training and anti-noise disturbance are used together, the result improves by 0.11 pixels, and memory consumption rises by 32 MB. Im-
plementing all three measures simultaneously effectively improves accuracy by 0.28 pixels and increases memory consumption by 95 MB.
Conclusions The results showed that the grid classification task, outer-point supervision, and anti-noise disturbance proposed in this study can ef-
fectively enhance the effectiveness of tunnel lining line identification and mitigate the challenge of detecting dense keypoints. The proposed al-
gorithm can provide technical support for interpreting ground-penetrating radar non-destructive testing data in engineering construction.

Key words: ground penetrating radar; lining line detection; grid classification task; outer-points supervision; anti-noise disturbance
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