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Identification and segmentation technology of complex armour blocks of
rubble mound breakwater based on Mask R-CNN
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Abstract: In order to address the low statistical efficiency and accuracy of the number of armour unit blocks of slope breakwater, a
method for the recognition and segmentation of the slope breakwater accropodes based the Mask R-CNN deep learning network was
proposed. Firstly, this method used the Mask R-CNN network learning laboratory to collect the feature information of the image.
Secondly, the model with the best performance evaluation index was obtained by adjusting the IOU threshold. Finally, the trained Mask
R-CNN network was applied in the recognition and segmentation of the armour blocks of the on-site breakwater image. The test results
show that when the IOU is 0.5, the average accuracy rate of target segmentation is 91. 83% and the average recall rate is 92.94%.
Using the trained model to detect the breakwater images taken by drones in actual projects, the identification rate of accropodes is 90.
7% , and the shooting angle and height have little effect on the identification accuracy. Therefore, the Mask R-CNN deep learning
network can realize the accurate recognition of dense and complex armour layer blocks with good portability and versatility.
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17 e B A v 2 s B S S IR ELAE R R A 0, RS2 R Y e 1, R 7 Bl SR A A AN 2 A

EL2TA. BHEARBEIES (52001149 ) 5 EEHINE A A FE2 T2 (2018 QNRCO01 )

EEEIT: FE(1992—) 55 HEAFR A, E 2N FALE 2= I AN DI . E-mail :337503806@ qq. com

BISEE: BRI (1987—) 35 RIBTIE 01, M1, RN RIR- 2 AR EAEHIDESE . E-mail : chensg05@ 163. com

SIAAR: mARE, TUCE, RFA ST, 4. FET Mask R-CNN 9By 5 5 52 2% 97 10 B AR R 0 0 400 07 0k [T ] B0 R 22 4 ( FHARBL i) |
2022,50(4) :121-126.
GAO Linchun, WANG Shoujun, CHEN Songgui, et al. Identification and segmentation technology of complex armour blocks of rubble
mound breakwater based on Mask R-CNN [ J]. Journal of Hohai University( Natural Sciences) ,2022,50(4) ;121-126.



122 WK AR R ) w50 &

AR B IR A IR AT LAE SO D) BE AR 4 ol e 2% 3l H S 40 2 A K 1 ke 56, Husdon™
i 9 T SRS B B 43 LEORFEIRBEIR AU RFAE . JTS 154-1—201 1 B3R 5t TR 45 T 4100 m?
PP R T B PR EL 8 I T S SR R T B R s R T E S A BRI
T RR PN S5 B 07 22 T B B

H AT, 85 R A LT G riag 814 m sk g8, 1207 AT B N LI 7 58 M 4t 1k
I ERHATEET  BORIR NG 25 . BEE N TR RERY SR, TR EE 2% 2] Bk A Al TR N R4
THAA AT RE . H T B S T 2 SR AR A AR 22 M 3 | >0 P T 2 2 2 SR A 0 0 3 ) A4 i) 4
I VAR X, R1 b A T R A S 01 e S B T A R T i B

fRGe iy B AR IS AR 75 S A0 B bR DA 0 IO B0 (HR e 2 B B RHE , S B i 2
) 52 2% B 0 vo, o LA Sk 52 4% 1 T B R U 4R B A A 1L 2012 A DK, TR B B BUM 28 I 4%
(convolutional neural network , CNN) & BT, 7E ImageNet FG I K FE Hols -5 0 A5 TR RN 25% (% &=
15.3% '), Ciresan 557 Ji] CNN SEBRARIE SCA- %), 4T0E 7 CNN HUT T BARSF 2610 5 BUB0Z , CNN FF AR T
K555 ﬁ:jl’jio CNN ANFFEEN N B HRFAE AT DL b I 25 0 28 2 BURMRRHE , O3 & T3 s i &k
Girshick % * $& 11} T RCNN (regions with CNN) KR EE 24 2 S35 0 E ARSI 380 o Y1 2RI B 2 T 19 45 3k
FTRFEAR I, SR 5 ¥ VI R A5 2 A AR T B b s 7 AR 408, He 25°) T 2017 4F4R ) Mask R-CNN IR B
7] 2] LI B AR Y B ARIEAT UM AN 238, HLS HAT B i UM Ao e 52

ARSCRE Mask R-CNN PR 25 > [0 28 F T 52 2% 1) B B S 5 e g Rl A o3 510 g U 1 -G 4
EFHA T T A R U e SR BRR A i A B S

1 K5y EI 7%

1.1 BBERE

K TR BT DS 19X 28 55 A5 L8 () R ASE rh A8 B I8 B 4P T J2 0 - B UG AE M N R A il g9
T B A T R 25 kg, B ERK S B 42 em, FFERTARMLEEH E 73R 3 m, X INZAEA S K/
— AR, WNE 1 (a) B, FEMH Mask R-CNN PREE 22 2T 25 U it , 1 56 22 VR I 256 iR 2k 4 | B
XIREARBATHRE . T UIZREUGR P £ et T4 bR 0y BUG G 2 2 RN R it I RS . PRI, AR5
FLFRTE 15 5K P S d 24 e BURAE IRt , Ho U254 12 sk, R 4E 3 sk &,

B 20 5 e 0 Snirin L £ : - Lacgpr 77 F g o S St
(a) FRIRER (b) trEEER

1 #REMERHAEFR
Fig.1 Accropodes before and after labeling

1.2 BEgiriE

Ve UG T BT A R R B A%, AR E S labelme 1922 31T DI 65 BT A $1 F 4 (930 40 B
bR ok, AR A A A R PR ZE , 40 unitl | unit2, Labelme 7EFRTE 521805 25 H 8h A4 — A S5 hR1E RIS Ay
ZARFY json SCHRLRAETA AR EAR B An G BRI E 1 (b) B, briFEsBEs T —1HEr £l
W, 2NN R T FH bR, BRI EH T e FR TR B 0 A 2 08, DR R A 2 R —
Putae, XPEARAE b 0 B USRI AT AR v, AR 5 BEUR —— X R A json ST, LB A json SO HAL 5 'ﬁ
NI MR A4 B, Ti% A Mask R-CNN ¥REE2%: 2] 28 H Y json SRR & BRI A in (5 2,
IWFFENG A 1Y json SCIFGIF— json SCIF Hi A B Mask R-CNN 57 > 25 A 7)1 25
1.3 ETF Mask R-CNN BY3P EI R 4E )
1.3.1 Mask R-CNN iR E 5 5] MK K4

Mask R-CNN {mf“%jﬂf%E%i*E””ﬁDIEl 2 BN, 2T Faster RCNN 0T e sk TSR Y, 8 RolAlign 1€



%5 4 1) MR, G JET Mask R-CNN FBI7 i S 52 2 3 TR B A I A 380 05 123

BT RolPooling, JF I I 1 — A~ M F UM H 5 8 B DCBRIE  porpo
(Mask) (9357 43 52, 82 105 JR 3653 & Faster RCNN A ﬁLclﬁj
HESR, F 7 20 5 3543 J7E Faster RCNN SERY 1 37 14 19 52 ggif,s -~ Sl e SR
BRI A FIEY Mask R-CNN WREE: I MBI ET 3 ety bockbonee | s
12545 ResNet50 il ResNet101, 3 T F%6 (e 4% 25 i ResNellolfPN | [ ol Align. e

SO G 82 000 0 o 235 SR F 9 2 01, 1 A 00 4% 1

T, i ResNet101 H; ResNetS0 102 i B3 471 B2 Mask R-CNN R I PIEHHER

Fig.2 Framework of Mask R-CNN

deep learning network

K H ResNet101 5 FPN (feature pyramid networks )
S50 B 2% 45 4 0 41 7 B IR R PR AT R A B
ResNet101 MZ540 55 101 NEFZE 1 BT R E P H, JE B stagel | stage2 | stage3 | stage4 | stage5 3L 5 2
FEIE L AN [R] B B O RRAE [T R /INRIAE BE SN ] stageS A3 B AR B A9 o UM B, (HUR B MR I 35 /D, 25 [l
BRI, AT S8 HFI ] ResNet101 F45 45> Fr BER A AFAIE , (] FPN 00 2845 A [8] B B A R ik 11 2R 47
G KRG TS TR A XA I 4 . FPN D RRAE & T3 24 B e AR 1) B ARIE SR G 7
Bahny AT R AR AE R A AR, IR A AR ) R RIDREIR 2 B 4 (B AR R A R 2 0 SR RS A
T2 AR RS o A I PR R U P LA S G b G I P 45 b i /N E B o

DX I 358 P00 28 X R AR 1] P 9 MR DX I ( RO ) #EAT iG55 B 557 B9 L0 28, O XA & 2 SR i i
FHHE RN, A5 AR SR 5 B I

A e X3 g 2 P 451 I — 0 3 RO, ) 1 A0 35 41 - 55 19 ROT, 3 28 ROT B4 A ROTAlign Hh ik 5 iy [ 7
I RT, SR 73 3l A o3 AN [ S A P 265 73RN AAE [T 51 1 268 0] FH IR ROT 4324 FH 2 AFE [l 19
FORIEATH EF I, K ROT 73 15 S £ 57 e, IR % ROT #9301 FUHE | fi S TR 3t AG: 0 380 41
B o RIHERRE (Mask ) 28— RS B ROT 702888 73 45 L A st 19 ROT Dy A A= i HAE RS, #E 64
/I AR 1 T o e — B, Sl 3 O L Bt A7 ) . B BN 5 e B R SE & R B HS
HIER
1.3.2 AR A&

181 1] Windows10 #/E 245, i 5 NVIDIA Quadro RTX 5000, .77~ 16GB, fii Jif Mask R-CNN-FPN-
ResNet101 1 R%%

B ZRAERLE H COCO2014 %t 42 Il 2545 2 AL AR e it Be it b Il 2hd HT 741 £ 5 B R U i o3 &)
(1) Mask R-CNN %, COCO2014 ¥ 48 2 AR TE 2014 47 % A 1 K AL MG B0 48 A0 & 82 783 NI
5,40 504 DIRUEAEALL K 40 775 ANMIREA , & HARKIN 58 8 (19 H e g 2 —

X AL FE 1 S G T 3 2 YR B AT H A (DI max epoch 2y 30, #)4R%4 21 % 0. 001, 3l i 3R IA
0.9, iRIEFH , RZ% R BAAR A PR AS: | BN 28 R AL R 5 22 FE A {IG . @H max epoch A1 60, ¥ i
230,001, S ERIN 0.9, Z5 1R, M Z8 A AER — A BRI o A R BLR RT3 #0045, 12 AL g

AT AR AR T 3 b5 1 A BRI ZR AR SEAT I 5 AR ASE R U 2 i1 155 B S EGHEATION
RAWSHBCE T INGREREAZCY 12, WEAEA RO 3 JEFR KB 100, #ER/N R 1, AR ECH 50
K, 521 A0 0,001 AU ZEI R BN 0. 0005, YNZRRI L5 ZHa AT E 2 11 b, YIZR5e U 705175 2L,

RIS R P R (4 BN R Ao RS R R A 1A ORI 3RS IR 20 2R 0 F B i B0 iZ e F s
MBI 23 b5 A IR R IR W20 2R 00 AR 2P HAR B LU, e SRS B 5 R0 4 [l il 52
Jf-H (intersection over union, 10U ) 2 BEAL T i £, IOU {88k K, 22 B 00 2% SR 5 B s (E il Rz, AR
10U [ SAE 6 AE MR CR N | PR . REHRAE R AT .

— NTP (1>
Ny + Npp
N.
R=—T™ (2)
Nip + Niy

S P ORI R A 1913 5 Ny, S AFAE R H ARSI B IE ANt R A3 5 V.., AR At F AR F00 g S



124 RS RS SRS ki

PRI N WK B AR B TR A8 52 B B %1 10U JEx it 2 2 2m
MNE 1 AILLEH , fitizF 10U laﬂﬁﬂ/‘] i 3 , ﬂ%ﬁﬁﬁiﬂﬁ @zﬁi Table 1 Influences of IOU threshold

FF%, M 10U BE M 0.9 B, K5 6 R H [m] SR AW v /), A on test results
NIE 10U BT HORGBf  FA 1R AR SCGE SR 0.5 158 10U BIME,  ~oumm mmzon  Amse
iy B IS E SIS SN 0.5 95.36 95.89

. . 0.6 93.87 94.52
2 ﬁ/igﬁﬂ 0.7 89.92 84.93

0.8 75.45 58.90

2.1 FEEMSEEHEEG 0.9 2.43 13.7

FUARBACR 18 G b i Z U R B P Bk, 183 RS 24
FIARBAR R S A3 S, A 3 (a) ATRLE BIEHR P AR 2 A —E HEE R HErHR K 3(b)
IV ZREF ) Mask R-CNN $REE 2] 8BRS B 4558, 24> F AR B I3 51 A [ B30 (0 i HE 8 B 2 0 4% F
AT — AL A REERAE N, B A HELRAE b5 2% AME A HAR 8 B AR 25 R4 03, RIVZ B ZAE b H b B i 2531
I Bp e A T RMEAR AR S FOHH 5 Be— AN AT I 2k, DRI de s 000 1) 45 2R A — A

il

B3 RESSEEHEGER
Fig.3 Samples of original image and segmented image
T EUE T T REME 15, X Mask R-CNN BRI 2R B (9 45 2 REIGEEA 72047 5 JLUR, 4 3 sk IE1R
YEEUEEE , FI ] Mask R-CNN R EE 27 ] W26 0 HpE AT 4381, FREATRE 80 56 R4 [0 38 1 434
Mask R-CNN $REE 27 ] [0 25 e 2 i i e rbif S0 180 T 45 SR R0 2 {1 18] 9453 2R I A7 S 1o 4% e A
WIS, BRI ZR AN TA] 4 B

Lor o ik 0251 . RPNk
L4+ e Mask R-CNNiiHE IS4k 1 RPN FUEMISH
12+ +— Mask R-CNNZ32&45i 2% 020
w rop 7 FEBHR a 015
038" = "
¥ o6lt = 010}
o A:A .-\.%_ M .....‘
0.2 g
0 100 20 30 40 50 0 10 20 30 40 50
BARKEL HEARIKEL
(a) Mask R—-CNN#§i%k (b) RPN#izk

4 Mask R-CNN iR E 23] W48 HERr5 2K Loss B Mask R-CNN iR 2 3] W 45 B R Loss B4k
Fig.4 Target classification Loss and target mask Loss curves of Mask R-CNN deep learning network

Mask R-CNN 427 ] B0 2% (45 25 53 PR 732 i : DMask R-CNN R EE2 2] B2% 14 heads 412K , {045 1 HE
BIEHHR Jr ik HERRAG G ; QRPN WIZE AU S, f0 65 RPN it/ #5500 2R F1 RPN 1 A [ 9 451K
UnlEl 4 (a) R M4 Mask R-CNN $ 26 B FE8 0825 . W0 4 (b) Bz 2 RPN X f e i 37 e 32 A9
PURA RPN S FAE G . IR 4 W] LA H B SR ARUCB B, 2538 23451 2 O Sl ta H A ], kA
50 Y, BRI IR 0. 12 FEIAR A 0. 08 , F8 T DUFR - B 8/ T 0. 02, X BUIR UL A BUR IS
2.2 Mask R-CNN REZF MM ER

FNZRLFHY Mask R-CNN BREE27 ) W28 AEMNAAR B RTINS A5 B 10 F KRS 0 R 91. 83% , V-1
HAMIAK 92.94% , FElldferh, i T HARS IR Z A —E R B RE n b B AR P i il 2 5 1k DA -850



554 1 MR & FET Mask R-CNN 4 [ 98 32 52 2% 40 1o B ARG 0 14321y vk 125

GRAR A BRAARTC R, 2 TR AR 00 2 2, DT M T ) G B SR A Tl 3
2.3 T iELHIEHE

SR FHYNZRAR B (AR A6 T AT 9 S5 11 B 5 3 4 1 2 AR AT 40 B0 i By i 34 - e i
25 t, HUAR R BE 4. 2 m LA R 30 ~50m, BE#F 6 Kk EMRIEAT AU, il 5 Fios, b & S5 (a) (b) RBi
P S [a)—fr B AR B S B 5 (e) (d) o R— @ B AR AR i U 161 5 (e ) (F) AOFAER =5 B2
FAf REARR &5 (e ) H s F1EURE PN A RSO SR | LR R SR AN KB, LS () PP AR 38 Sk AN R 0 22
B, AR ELS (a) ~ () BUNSESSEFTGE T o0, B3k G b U R A e AS 25 5 UG b S R A B0
Ay H 50 90. 7% 89.3% 87.7% 86.9% 70.6% F1 82.4%

(a) B — BB 30 m (b)) By — G BT RSO m (e) HUHFRIESO miflfA R 10°

,

(1) MAAREESO mA KL

(d) A= BESO mTHE A1 30° Ce) FUUHARBESO mEL IR
5 SKBRBEIKIRIPEBRE TN 45 R
Fig.5 Prediction results of actual breakwater armour blocks

ITIEE R T AT - O S35 Bk R g IR AR 2 0 19 25 A5 T LG 77304 S 47 T 22 4 Dt
PG AT IR LR BSOS, e KR BS B  90. 7% , A% 05 v B RAFRIRHETE, @I 5(a) ~ (d)H
BB R A HUE 5 20, B S (a) BOAAHEEET R 30 m, 1B 5 (b) AOFAHRE R E R 50 m, PUAIER RN B, oz 22
N1 4% ;185 (c) (d) BIFAEEA BEA R, YU BARA B by lE 2 22709 0. 8% , b ml L , 45 w85 BE A A BE X T
RO SR B U AR SR AS I, B I2Z07 B AT RS e P . i % LL I 5 /4 6 I 11T 41, 520 By
PSR AP LT BRI 2 A S B N B R HRAR B BN, X5 T 6 (a) FRRUIEOT 50, i TN R gl
BRANZEOT A R EERZE (B 5 (e) ), TR T A01E 6 (b)) B s B9 AN L3807 32X, 5238 2 )1 R A 1)
25 BAT AR TRBIAG BE (1 5() ) o DRI, AT LA S 6 2 Ay B R Ric 4 B 111 5 19 19 45 2 R D Y PR R 1Y
BRI 20 T N1 03, KR T AR, S B S i J= e M e 4t T HoAR 5085

(a) MUHEHOLK (b) AAMHERE X
El6 BrRRIPEREEZERER

Fig. 6 Placement form of breakwater armour block

3 & iF
ZRICKE Mask R-CNN RBE% ] [ 28 1 T By i S S 2% 7 T R MR ARG D00, RE 618 1 52 36 3 B Ak P Al



126 ERCPNE N 450

10 2 F1 s P45 b ) AR BT XT TEH0 FARBAR BB AT GE T, Mok 1 ol T R AoRt 1 3003 A2y 51
PRAERYR] T, Mask R-CNN JREES7 ) [0 46 %0f LU AR AT — 7 11 75 B2 i 4H T 5 B BEAT B s B RO R o3
F AR BN SSRGS B 5 B bR 2> #0028 91.83% ,~FI 43 013y 92. 94.%  fi FHI LRy 9 2% X
YR A A B I S b T 2= S R PR HEA T IR0, 7 B S AN R s, B AR A 3R 3R RT3k 90. 7%, HLAT
S AR TR g B PRURE BE SRS IR R 1205 V6 BT RS R RS AL RS P DI, T Aol P S 56 2 ) B
HRE R AR N 2 19 245 25 TR 7 0 i S R rp R AR A9 TR, R 3 1 — i ol P 52 36 2y BHUAE R 3)1| 2R 45 2Rk R
JE AL YR T 71

S Xk

[ 1 ] Coastal Engineering Manual[ R]. Washington D. C. ; United States Army Corps of Engineers, 2002.

[ 2 ] The Rock Manual. The Use of Rock in Hydraulic Engineering[ R]. London: CIRIA, 2007.

[ 3] HUDSON R Y. Laboratory investigation of rubble-mound breakwaters[ J]. American Society of Civil Engineers, 1959, 85
93-121.

[ 4 JERUIN, VRIS A 4F 45, 2548 SVM 232648 5 HOG RRAES2 A AT ARG I [J]. T+ HL T #2,2016,42 (1) :56-60. (XU
Yuan, XU Xiaoliang, LI Cainian, et al. Pedestrian detection combined with SVM classifier and HOG feature extraction[ J].
Computer Engineering, 2016, 42(1) ; 56-60. (in Chinese) )

[ 5] 2045, SCRpmd Ly S FEIFFE [ D] . MR /REE I R TR, 2006.

[ 6 ] KRIZHEVSKY A,SUTSKEVER I,HINTON G. ImageNet classification with deep convolutional neuralnetworks[ J]. Advances in
Neural Information Processing Systems, 2012, 25(2) ; 84-87.

[ 7 ] CIRESAN D C, MEIER U, GAMBARDELLA L M, et al. Convolutional neural network committees for hand-written character
classification[ C ]//Proceedings of the 2011 International Conference on Document Analysis and Recognition. Beijin: IEEE
Computer Society, 2011 1135-1139.

[ 8 ] GIRSHICK R,DONAHUE J,DARRELL T,et al. Rich feature hierarchies for accurate object detection and semantic segmentation
[J].IEEE Computer Society, 2013, 32(1); 1-8.

[ 9 ] HE Kaiming, GKIOXARI G, DOLLAR P, et al. Mask R-CNN[J]. IEEE Transactions on Pattern Analysis & Machine
Intelligence, 2017, 99, 1-12.

[10] REN Shaoqing, HE Kaiming, ROSS G, et al. Faster R-CNN; towards real-time ohject detection with region proposal networks
[J]. IEEE Transactions on Pattern Analysis and Machine Intelligence, 2017, 39(6) ; 14.

[11] CHENG X,ZHANG Y H,CHEN Y Q, et al. Pest identifi-cation via deep residual learning in complex background[ J]. Computers
and Electronics in Agriculture, 2017, 141, 351-356.

[12] LIN Tsungyi, DOLLAR P, GIRSHICK R, et al. FPN; Feature pyramid networks for object detection[ C]//Proceedings of IEEE
Conference on Computer Visionand Pattern Recognition( CVPR). Honolulu, USA. IEEE, 2017 1-5.

(ke F91:2021 -08 - 10 Ziit BT F)



