2024 44 H [V I S A N No. 2,Vol. 15
155 2 ) HIGH SPEED RAILWAY TECHNOLOGY Apr. 2024

XEHS: 1674—8247(2024 ) 02—0050—06
DOI:10. 12098 ,7]. issn. 1674 — 8247. 2024. 02. 009

B F Mask R-CNN By#b RS & £ AR B4R B 53

BoE F )iil’z F 4 2EFE FIRE
(1L B B TRAEHA IR, WA 610031; 2. MBI T K2, 4K 610000)

i OE AV BRI T Z T BRI A TR K S YR ARV M T T b BT T A R A R VS A T

SR AL G M 0T B 3k USSR PRAEAE & RGO Pk ) ﬁiz 1% H 2 e ) S R0 z"‘I?KFHT*)’:BLJWﬁ
S v T A TR 2 2 BRI Jre b ot 75 3 TR B AR A I SR A AIE 5, 1 2T Mask R-CININ (4365 FRpH 28 09 2%
AL I P b 0T B TR S TR MG 8 B BB IR . 7E TensorFlow 1 Keras HE4E T, I FH HE T B i5 45 R
%ﬁﬁﬂ"]ﬁ%ﬁ@ﬁ” BRI AL , X Mask R-CNN VR824 SRR UEA T 25, fe 245 BIA TR S 40088
D9 b o B S T AR PG 4 L S R AR TR X R S R R A5 B, Mask R-CNN H frfar il 75 i
TEHI TR T 5 T TR R B R A SR LI T R A IRCR, A s T T TR s R s AL R )
%,

SESRIA) M TR 1A 5 Mask R-CNN; A ZS T 5 25 REILA)

HESES: U452. 171 SCRRFREAD: A

Study on Karst Forecast Image Recognition with Geological Radar
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Abstract: Tunnel excavation in karst regions may encounter karst-related geological hazards such as sudden karst
water bursts and mud flows. Geological radar is effective in forecasting such karstic and other geological events.
However, traditional interpretation of geological radar images heavily relies on expert knowledge, is time-consuming, and
is prone to misinterpretation or oversight. This paper explored the use of deep learning technology, specifically designed
for end-to-end recognition, in the context of geological radar image object detection and identification. It applied the
convolutional neural network algorithm based on Mask R-CNN for intelligent identification of anomalies in karst forecast
images generated by geological radar. Under the TensorFlow and Keras frameworks, a training dataset and a test dataset
were constructed using data acquired from geological radar. The Mask R-CNN deep learning model was trained on
these datasets, ultimately yielding a robust model with better weight parameters for detecting hyperbolic anomalies in
karst forecast geological radar images. Experimental results and case studies demonstrate that the Mask R-CNN object
detection method achieves excellent performance in detecting and identifying targets within geological radar karst forecast

images, significantly enhancing the efficiency of intelligent recognition for geological radar imagery.

s B H#7:2023-10-08

EBBAN I NME(1985-), %, R TR,

5138 /IR, W, 2R 45 . BT Mask R-CNN (15T TR T8 208 TR UG U ZE [T ] s kiR, 2024, 15(2) :50-55.
YI Xiaojuan, LUO Wei, LI Wei, etal. Study on Karst Forecast Image Recognition with Geological Radar Based on Mask R-CNN [1]. High Speed Railway
Technology, 2024, 15(2) :50-55.



24

B/, 35 - HE T Mask R-CNN 5T 75 2 i TR RN IEE

20244F 4 H

Key words: geological radar; Mask R-CNN; karst cavities; intelligent recognition

TR, e ] oy Lk I A OR B bR, B 1
e UK 1 B A AR AR B T G R e, R
VG b IX % T S b 517 0 SR %, b B A B L e
BRI Bes , HAFLBCR SR — & iR R
Yo RIS, A VA b T2 46 B v B AT BEALIE , BE 1E
THZ 1k F oA R PTI98 D T 7K 4
JEE i Bt TN G i T35 28 1 28 4, Wb it T3k BE
R O, R R E IS R B
Wy S TETHZ 46 88 TS BB, ] REAFTEAR R 1Y 22 42
(557508

Hb IR R R R 2R RS AT R R i 7 T,
TR B8 P A 22 S L R R i ) v A L
A 183 3] F P 22 S L T RS 7 A R A, 3l ) S S
55 BT RES I AL FE 1 7 A AR SE B O E R K
BB T K R B O SR, R M
KGR 2R & AT AFTERCRNE SRR )
PR SR I B AR R LB A e
R RES T C &) W TGRS 5328 E
ST

RBEEF 2] L s i e OREAR B I FH A R
25 ) 2% ( Convolutional Neural Network, CNN ) H 3}
PRI SCHFAE , 1Z07 ¥ 7T LA N T30 42 T ER
PUNRORS B2 S HEmf . B AT, R 2 Tk fE o
SRR 5 RSB T35 L. 5 s %
H R E 27 2 1 TensorFlow HEZE T YOLO H AR A6 Il
SRR PR B TS B B S AT RO, B TR
B IR B GO R SR 5 Sy ik R A SRR b R K
AU J7 vk HE A A L B2 ] H AR A R X R RS
[ L, 914 11 1 250 TR 2 2] H Y Faster R-CNN
YOLOv3 P H ARG 0k by FH 245 1 75 18 1Y R R IR
S, ST R T ) 25 A4 Y HE SR B AT 0 R T
5% 3 RGP RAeN .

BE TR EE 27 2 1Y H ARG I 50k v 43— B Bk
( One-stage approach ) 1 .y Bzi%:( Two-stage approach ).
— B Bk DL R-CNN R 51 5k AU, B Boik LU
YOLO F1 SSD 5k AR . Wi Boik & el i s &
A T7 A A EAS B — RN B A B HE , SRS 7EXT X
B PAE FEAT 70 28 S Ml A, IR B RE 1S 15 21 i
UFRYUERRAR . T— B 2 X A TE R ARG S
AT A [ RUZE I A5 ) 2 R A SRS AT CNN
FEURFIEIF AT 028, 28 B AR, PR BOk ZE A i
KERE RO, M— B Bk A IR (R ) b s A

RCNN 2 1] J2: [X 3G I 43 ek g A% et vk,
P B8 BT 55 - 8 26, I A6 B 8 I 28 1HE A TR
AIEHE B, A pl i % X 385 ( Region proposal ), B il £ HE
BT REA S R 5 SRS, i S i gk [X Sk 1A 7
g mlE . Zad A Bk AR AL, RCNN R A5
54 T MLR-CNN #| Fast R-CNN, 53] Faster R-CNN,
L EIIAEY Mask R-CNN (43 F£ . Mask R-CNN %3]
TR T Faster R-CNN 23 BN 2, BAT B s KDk
JiE 16 ERRS AT rp A 2 1 7z B Dk,
A SCHE BN BE T 1 R-CNN £ 51 Mask R-CNN 245
0 S B M T T R S A R T TR AR

1 MRS RN

MR R SR AR AR R o B TR R AR
LT T 40 DX S A A o 0 L R, e AL i R 0k
F AR PIRNAS [R) A0 B ih 2 % AR S 53 A i, R S A
F AP R IR (8], I £ 5 7R K B OR 2R R PIrd
W, TR IR o i TR IAHRIN A AT 1 R

T, R
A A

wim &

1 HERERNREREE

HL R AL R 52 B0 A B R A 2 ), BAR AL 5
HL u R AL &0 MR FEPOE T RGN
ARINRBE . — MO0 T, F S 8B ey, P R B 1)
U TR, AR I B . A F R BN e T
R BEAE AN B v ) A% R TE , AR A H o BB, H
PEAEAN J5HH B 3 Al s

FLREIAE A I AL R B kN

v=c Ve (1)
Krr:e F RGBS T AU (0. 299 79 m/ns )
e—— P BTAHXT A FL B (F/M ) 5

BRI RE TR (— o = 1),

TIREMRALE T (a0 m AR RS & K X
N A g e B RN NG R ) SN @ PP st a gl TN
ST L& 7K DR W2 A A ), AT H AR R T
FEPEREE A, H H AR AL EAR BT
X(2) 35




F2H

/IR, 45 HE T Mask R-CNN {93050 7 38 i B LSR5

20244F 4 H

h=vt/2 (2)
P o —— RGBT TP AR (m/s )
1—HRL T B DA 000 % 9 T £ 9% 2 4G 0 4K v S
WAL [R) A B o3 ST ) Jm Bt el 3R
AT A OBURR A E] (s ) 5
h——5 AR (BN [FEA B2 5D B (m ).

2 Mask R-CNN &£ EIE

He % 2017 4E42 1 T Mask R-CNN 53k, H /4%
ZER IR 2 s, 1892 Faster R-CNN 815 fliE
SO EVEER FON PS4, 7 543 58 1 B A
TAE, JE# o S Ay E T AR,

bead %% FCNIM %%

FPN 4%

A

50/101

2 Mask R-CNN B XRIM4R 224 &

FET Mask R-CNN 553 (0 9 26 SR A4 €], W] R 55
FRINESP IR

(1) K B AGE D 174 PR 28 A 3P i A 81— Tt
SNl A0 22 X 2% ( Feature Pyramid Networks , FPN )
PEATRFAE SR, DAARAT XS W A FRAE E] ( Feature Maps ),
FAFFAE A SR IRCH 5% 22 P25 ( ResNet 50/101) 58

(2) L AE B AR A A i BB — %R X
3l ( Region of Interest, ROIL ), LA 315 2 4~ % i) ROL
X35

(3) #4565 (2) 20 AR A Y X 28t i ROT DX IR A
RPN ( Region Proposal Network ) 2547 —{H 42 (Hij
Y 5 ) A1 Bounding-box [A]15, i 1 RPN X 2% 4= i
FUbRHE RS, UMK i i — 7 9 ROT XI5

(4) X$F N 1y ROL X347 ROL Align #4F, Hil %G
H D P VR PRI AR5 3R X AR R , SR TR B AR AL P AT
SE B FFIEX R R

(5) X} ik £8 ROI X I i 17 73 25 . Bounding-box [1]
AN Mask Az i, RIVAE #E4> ROI X 38 £ 47 FCN ( Fully
Convolutional Networks ) #:4E .

3 HEEERSN

3.1 RIEIME
AR R HMEE ST RS HBIERSE R
CentOS 7, H AL S 4 Intel Xeon E5-2650 v4 2. 20GHz,

iZ1T WAE 192GB, I it 46 NVIDIA Tesla P100 GPU 5%
I GPU Jinsk . FEF HLFAE 24835 , F A Python3. 6 15
S AE TensorFlow fl Keras HEZE 4 2 Mask R-CNN %
JE 2 S AR A TSR 25 A
3.2 RIEEESE

R E R AR AR RZN) T mM S
e R Ak B AR B, 38 3 Randan7 b 5T E 35 &b B A5 1
AT ECHE w A #RAR B H T RAE IR AR B4R . %
B AR SLALHE 1000 5k 5 B s A &, 4% 0.8 0.2
() L 161 K 5 B 46 43 1 U1 25 42(800 5K ) il 6 i 4
(200 5K ). Htla g EURbRIE AN 3 FR

B S5 /m

0 200 400 6.00 8.00 10.00 12.00

55)(35 0%
»if‘éﬁi%?%

3 BEEEGREE



%24

PR/, 45 HE T Mask R-CNN 8350 77 2 8 T LR 5

20244F 4 H

T PEIG b T A E E A E  sLth
S R R R ARG LLZ SRy HAREE T B H
PP S ARG o L S PR AR B 5 7 A A T TR
U, T 2800 A B 7 AN ] U S 8 7E
BRI R B YRR A T AN TR . D dim B ARk
I FRRE RE T IS AT REARTE Hh R G B A AR 53
3.3 WHEER

SR P B0 B0 FE X Mask R-CNN 9 # 25 F #5
RO AT IG5, A I 3k s bR B LA T
12, 9L MS COCO B 2Rt A 4] i A ki 45, LA
ResNet-101 S E T M4, 011G > %( Learning Rate )ik
B R 0.001, 2% > 8 R 2 Learning Momentum ) 1% &

i B fm

0 20 40 6.0 80 10.0 12.0

4 0.9, AL H 255 ( Weight Decay ) 24035 4 0.000 1,
Y1125 160 1~ epoch.

SR . T BIE Mask R-CNN Xof by 5 75 35 4 v il
e UG = B ARSI ROR AN
76 T I AR 45 vh 0 IR AR A I BE .+
T ESC vA  i J5T P 8 VS TR PR 4 b DL R AN [
FIILAS, Mask R-CNN ByE R BRI AR A& 4.
B 5 fise FERNRLE T, 2 2 R bRl sk b
SR AR R BRI TE 0. 5 s NSERL, 100 3K BT E7 15
RS P (] s SR S B4 RE AT 24 31 s, A1 L B R L1 T
PN RIET

Wi FF /m Y [ /m
0 20 40 6.0 8.0 10.0 12.0 0 20 40 6.0 80 100

5.0 1 5.0

!t
|
| \?E g i
10.0 100 10.0 - ;f Wil
| %i {
£ £ | £ e
5 15.0 1 2 15.0 4% 15.0 1 s
= = -
g s
20.0 1 20.0 20.0 il il
\ R i M
53 ) 0| [ktecoeceeeti{el
4 P 00 (NS e
25.0 | 25.0 4 20 i et?% ‘-‘L”b’”(?%
‘||; IHM }’ i ('3 e M{%’;H”‘
30.0-m|![ il it 30.0 £ 30.0 I M Y \]”
(a) 1 (b) 2 (c) 3
4 Mask R-CNN BAIRBIRTA R E
T B /m T B /m B /m
0 20 40 60 80 10.0 12,0 0 20 40 60 80 10.0 12.0 0 20 40 60 80 100
e 0 %g AT !i ‘ 0 % T ) g\ T
5.0 5.0 2 % . 504 '
10.0 10.0 ' gﬁgl 10.0 {45
g g { B £
2 15.01 = 15.0 1 é ot W 15.0
% % : ®
200 & 20.0 1
S
2501 25.0 @ g i‘f" 25.0
O 07 0 ? 7
) | | I i) DDl
i A i %&5?&%
It 111t |
30.0-W-N\‘1.’\‘|‘|‘:‘)'M‘|JJ!MM.%= rf\f\:lef"((\'wﬁ}m 30.0 - { e g? 30.04

(a) 1

(b) B2

5 Mask R-CNN BB S FRRE




F2H

/IR, 45 HE T Mask R-CNN {93050 7 38 i B LSR5

20244F 4 H

4 PHERBISH

4.1 TFEHRETR

J TG RN DX e i ok A DA IS R S A R R
207 m, B AN _ER TR K AIAR S HE
FTI g KA N B A, 47 )7 S B R i, 17 2
MWK E ARG R, WRA T &
B, GRS 2 5w A, BEGE SR TR A
UL E MR KO FLBRK S REBUK A K,
HrpLUARK A F . BRESEwEURE il TH ] g
A GEIRGEPE TGS , L Il P b T 7K B e A S 44
it , I T BT . BRIEFE D1K 36 + 490 i
TR — SRR, 7E DIK 38 + 910 P I 25 i 4 36
STy AN 1 8 N 2D | Sy i ) || /=
R T it TSI A A T TR K R e Y AU R,
MZEE KR,
4.2 R

o091 1 R T TR TR R 4R , I Randan7
A AT BAR AL BR, SR ] Mask R-CNN 332 3H B AT %
R 6(a) Uros, kAN ERRE 6(b)
FIim o

5 E/m i i /m

501 5.0
10.047 10.0
& £
2150 150
ES B ®
2004 20.0
25.01 25.0
30.0 B 30.0 W
(a) T R K (b) B J A

6 HIFEEIE Mask R-CNN E3EiDRIRE

R TR ) 485 5, 7F LA BE D1K 38 + 627 ~ + 650
(7~30 m) A% FHAFAE S H NN AR LT
DI1K 38 + 626 ~ + 650 A4 T & B KA 517
PaE RIA T AT BRI E R BIFER 0.8 s,
HH R R AP I R BCR KRR T
4.3 =H12

29 2 R P R R TR R AE , T Randan?
AT AT EAR AL T, SR ] Mask R-CNN 52323 51 i ik
RWE 7 Ca) Wi, RABRRAERRWE 7(h)

F)-I:'/j_:\‘o

Wi fE/m

5.0

10.0 1157

&7 MERFEIE Mask R-CNN EXIRA KR E

AR ZE R, b E 2406 ~ 10 m) 78
HEE DIK 38 + 733 ~ +725(3 ~25 m ) fAAE S0, 1
M AR R E. DIK38+733~ +725(3~25m)
WA LB, SOOI RIEA B Fikki
EIHNFERT 0.5 s, M L & KA 50 R 5 7 808 KK
eIt

5 Zig

AR SR B 2 ] T3 125 I T 1 5 R 3k 1 40 4
FRAHT R, R Mask R-CNN 394 5 504 75 36 34 2%
i B8 %R S, 78 TensorFlow I Keras HEZE R,
A ResNet101 7E A8 T 9 2%, Il 2% Mask R-CNN % £
YRR, B A5 B R S 10 b B R A S VA T
5 PRI AL I 25 R W], # Mask R-CNN
SR N T i B R R U TR o R U 2 T AT
(0, IR 45 R B T BAFRCR AL AR U T R
KI5 H AR ERAE

A S N e B 7 Ik AR L, A 3o
X GR A G PIM, P i T RO, AT B A A T
T S H UGN B bRk | A Sh AR BE .

SR

(1] 2RI X, VAR, 25 . Bt T i e o T AT AR B
JEfaH L) ). AR S TREAR, 2014, 33(6) : 1090 - 1113
LI Shucai, LIU Bin, SUN Huaifeng, et al. State of Art and Trends
of Advanced Geological Prediction in Tunnel Construction [J].

Chinese Journal of Rock Mechanics and Engineering, 2014, 33(6) :



552 1 PPN, 45 HE T Mask R-CNN f8 3 75 18 559 TR B R BT 5 20244 4 H
1090 — 1113. 1556.
(2] HTelR . B AT TR Bk Lk v FFIE [ D 1. AR Kk [11] HE Kaiming, GKIOXARI G, DOLLAR P, et al. Mask R-CNN [ C ]//

(3]

(4]

[5]

(6]

(7]

(8]

[9]

[10]

HRELTR Y, 2012,

XIAO Kuanhuai. Tunnel Advanced Prediction Geophysical Method
and Application Research [ D ]. Chengdu: Chengdu University of
Technology, 2012.

FHL, BICAE, R . SRR IR AR A I e B R 3 N
HITT ). FEBRE AR, 2022, 13(4) : 82 - 86.

WANG Kai, MU Yuancun, LI Xing. Application of Comprehensive
Prediction Technology in Tunnels with Complex Geological Conditions
[ J]. High Speed Railway Technology, 2022, 13(4) : 82 - 86.
PIASC, 2303, DR L, A L R L BRI A 2 I B Tt T Y
BIATLT ] BgeRlAdoR, 2021(2) : 52 - 55.

ZHONG Mingwen, LI Wenju, FANG Yuwei, et al. Application of
Comprehensive Geological Forecast in Highway Tunnel Construction
[J]. Site Investigation Science and Technology, 2021 (2) : 52 - 55.
TR AR, SRR . TSP203 7E 25 v 70 B e 3L 2 14 5 308 i J5 0
TR LT ], Bk B2, 2003, 18(3) - 465 - 471.
WEN Shulin, WU Shilin. Application of the TSP203 System in
Geological Advanced Prediction of Yuanmo Expressway Tunnel [ J ].
Progress In Geophysics, 2003, 18(3) : 465 — 471.

TUEEMR . BT AT IS 1 Hh R i b ST T 0 TS [ ]
INPEEESH, 2017, 43(2) : 191 - 193.

FAN Jiajun. Study on GPR in Subway Tunnel Geological Forecast J |
Shanxi Architecture, 2017, 43(2) : 191 - 193.

ZRYY UMK LR 1 b T 7S R R R AR IR [ )
ASGEI AR EBEAR, 2017, 16(3) : 42 - 47.

LI Junjun. Evaluation of the Prediction Accuracy of the Jialinshan

IR

Tunnel Geological Radar [ J ]. Journal of Guangdong Communication
Polytechnic, 2017, 16(3) : 42 - 47.

E715 . PR TR IS B TSRO AT () ], BB
P24, 2006, 23(3): 13- 16, 28.

SHU Chang. Research on the Method of Improving the Precision of
the GPR in Beforehand Geological Forecast [ J ]. Journal of Railway
Engineering Society, 2006, 23(3): 13 - 16, 28.

TG, ELEAR, X4 . SR A S KR F U YOLO H bR
Mk BEsE [ ], MZxidil, 2019(S1) : 72 - 76.

MA Wangpeng, WANG Xiaodong, LIU Dong. Research on YOLO
Target Detection Algorithm in Ground Penetrating Radar Image
Anomaly Recognition [ J ]. Bulletin of Surveying and Mapping,
2019(S1): 72 - 76.

L AT IE . B TR A 2D BRI A S5 H P PRl o TR TR
AT, sERY £ , 2020, 35(4) : 1552 - 1556.
FENG Deshan, YANG Zilong. Automatic Recognition of Ground
Penetrating Radar Image of Tunnel Liningstructure Based on Deep

Learning [J7. Progress in Geophysics, 2020, 35 (4):1552 -

2017 IEEE International Conference on Computer Vision (ICCV ).
Venice, ltaly. IEEE, 2017 : 2980 - 2988.

[12] REN Shaoqing, HE Kaiming, GIRSHICK R, et al. Faster R-CNN:
Towards Real-time Object Detection with Region Proposal Networks
[J]. IEEE Transactions on Pattern Analysis and Machine
Intelligence, 2017, 39(6) : 1137 - 1149.

(13 ] ZER7%E e e, NHF, 45 . 26T Mask-RONN IOEESTH) HARAS
WE LT ). MR, 2019, 44(10) : 172 - 180.

LI Dajun, HE Weilong, GUO Bingxuan, et al. Building Target
Detection Algorithm Based on Mask-RCNN [ J ]. Science of
Surveying and Mapping, 2019, 44 (10) ; 172 - 180.

(14 ] (EB I, SR , FHERE . ot Mask R-CNN 1958385 2 F ARtk

RIS 5[], QR 2021, 42(7) : 242 - 249.

WU Xiru, QIU Taotao, WANG Yaonan. Multi-object Detection and

Segmentation for Traffic Scene Based on Improved Mask R-CNN [ ] ].

Chinese Journal of Scientific Instrument, 2021, 42(7) : 242 — 249.

)45 . T R T SRl T R s ) PR AR I AT SE [ D .

Kb WIRIRF, 2014.

XIANG Wei. Detection and Recognition Research on Urban

[15

[

Underground Space Images Based on Ground Penetrating Radar [ D .
Changsha: Hunan University, 2014.
[16] MRFFIE . BT B A IS IR EE 2 ) A3 T AR RESRIN 55 52 {6
T [D I TN RS, 2020.
LIN Chunxu. Automatic Detection and Localization of Underground
Target by Deep Learning Using Ground Penetrating Radar [ D J.
Guangzhou: Guangzhou University, 2020.
TG  Bibete , i . BT BP P M2 A HR L T I8 R R Rl
WEIRBURTE[T]. A, 2018, 63(7): 312-317.
WEN Shiru, YANG Xiaohua, WU Xia. Research on Intelligent

—
—_
~

[

Identification and Extraction of GPR Image Property Based on BP
Neural Network [ J |. Highway, 2018, 63(7) : 312 - 317.
(18] Z{"f . JETF Mask R-CNN AU BUE YU A EIRE (D ] i
W DR TR, 2019.
LI Renzui. Image Recognition and Segmentation Algorithm Based on
Mask R-CNN [ D ]. Wuhan: Wuhan Polytechnic University, 2019.
[19] 5k . FETF Mask R-CNN Sk i RS 70 BB 25 [ D .
P2e: PH2eH PR, 2021
ZHANG Yunshuai. Improved Image Instance Segmentation Algorithm
Based on Mask R-CNN [ D ]. Xi’an: Xidian University, 2021.
[20] Hf3CH . FEF Rt Mask R-CNN A4 A A it B 4G 0 2030 530 52
[D . BRI : PAIRIEHLTRA:, 2022,
XIE Wenbo. Research of Improved Mask R-CNN-Based Detection
Segmentation Algorithm for Wood Defects [ D ]. Harbin: Harbin

University of Science and Technology, 2022.




