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%1 CT B I RAEBEA TR, 152, T 3 BOR A B 3R E 1) 23 [R5 8, #4 A 2AT 2 (A ABURR A 1) fe-head (fully
connected head) 5 %5 18]#H 3% 14: f¥) conv-head(convolution head) #4% & [ Cascade R-CNN [ 2545 4 s Ho vk, il i 4351k &
ERITTIE R IN 45 %5 E 40 255 Bt AT LA, $2 FHIK IOU(intersection over union) BI{E (0.5 ~ 0.7) ROI (regions of
interest) £ AT 55 FIRG FE. S 00 25 SRR B, A4 U vETE R IRt = CT BB B 73 R AIE h P 354 B I8 31 91.31 %, L
JR UG ¥ Cascade R-CNN #2155 3.04 %, 1 IOU FR1E (0.5 ~ 0.7) RO -2 B $2 155 1.49 %o, AR AL Al AR I 3 IR Bk 1=
CT EHG AR H 48 05 30 7, B RS P v IS LT 5L 5 T AR S AR R
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Feature detection of concrete mesoscopic damage based on feature sharing
double-head Cascade R-CNN

ZHAO Liang®, GAO Sheng-lun, CHEN Jun-ying, LI Jia-jia

(College of Information and Control Engineering, Xi’an University of Architecture and Technology, Xi’an 710055,
China)

Abstract: The internal damage of concrete has obvious characteristics of discreteness and randomness, and the detection
of internal damage characteristics is an important content of concrete mesoscopic research. To solve the problem of low
precision of existing models, this paper proposes a double-head Cascade R-CNN model with feature sharing to detect the
damage features of concrete CT images. Firstly, a Cascade R-CNN network model, which combines spatially sensitive
fc-head (fully connected head) and spatially correlation conv-head (convolution head), is constructed to effectively identify
the spatial information of the damage feature. Then, the classification information of each level of the detection network is
merged through the feature sharing method, which improves the precision of low IOU (intersection over union) threshold
(0.5~ 0.7) ROI (regions of interest) detection tasks. The results show that the average precision of the proposed method
is 91.31 %, which is 3.04 % higher than that of the original. The average accuracy of low IOU threshold (0.5 ~ 0.7) ROI
is improved by 1.49 %. The proposed model can better detect the mesoscopic damage part from the concrete CT image
with the features of high precision, simple computation and easy engineering realization.

Keywords: deep learning; object detection; concrete CT image; Cascade R-CNN; double-head; ROI
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TR ek A0 LRI AT B R SR [41 7E CT R 15 B |
A5 FH 32 AR ) 488 0 1 Ak 5 R 3 B3R IR SURFALE; SC
FR (5145 FH ¢ 52 190 L A VR s - CT 8 b 23 B4R T
FLIA MRS, I 7€ & dr T i A SCEk (61 T e 1
B 10 PR TR 5 A RECT G B RRAIE 25 74 120 2 32 X
W58, HAR Y8 R A 25 K BEAT 1 4R EUE A IDLAIT 75 5
HR [7-81 K F ~F- X5 2K BEAB 535 53 M 1 TR ok = M 2R ik
. A% G0 (1) BT 0 VR A% - 4 00 25 ) A N 3= 3 5 %)
AR FR B AL B U L VR ok N P AR 25 . i T
TR L P9 B 285 ) IR KR R P, CT G A = A I e 7 2
UM _F 3R 77 AR TR A L S SRS R B, AT
TE— B R E b e VR At T AU 45 9. STk (91K
TREE L CT BUE ¥ FL B AN R EE A vkl H b, K H
TR 2 2 (R T VARG A I 2%, S0 1 o A 45 105 RS A1
(R, BAS T B I A DU RS B2, ELLE [X 43 11 5% H b
A SN, A5 B — [ € B BUAR 0.5, S BUI 2RI 7= A
REARBAYE B ARAE, #ETSZT 7 H bRk il 2.

I Frksn il 2 A8 52 2% 1) B T b U0 RO
H1 H xR, b5 € — MK I B F51U AE (bounding box),
FEFIWriZ I AE H H F5 BT & (1 2851013, Krizhevsky!'!
TE2012 42 T & L 28 W 2% (convolutional neural
network, CNN)AlexNet. 5 £ 1 28 X 2% K] A AUE FE %
SRR B A, BE W SHe I Mk 7 417 1) 40 45 4 5 £
7. H AT BB S 10 H BRI 59 R-CNNIT fast R-
CNNU®! fagter R-CNNU”! . mask R-CNNU8! % F two-
stage LAk 77 =X, BI85 JE AR 4 7 2 ¥ anchor boxes
Az B S A, AR J X ik I E iR AT 3B A AR A A FE. K
R-CNN (Cascade R-CNN)U!7E 8 & ix — J8 A8 () ZE Al
F SRR BB A AR TOU BIR AIAS I 1 28 DLSEZIEAN
W LA T 45 S H .

Cascade R-CNN7£ COCO. PASCAL VOC H 5t
A B IS 1 AR 47 1 8OR B AE VR Bk = CT BR
H b i 72 7 &% 81, Cascade R-CNN 2% 7F stage 3
YIZRid A% ol A = (K TOU (0.7) BRAE IX 7 B &
AT ST 5, B KR TOU A T0.5 ~ 0.7 X [A] 1
ROIFRIC A 75 5%, 8 431X 25 RO A3 A 34 &4 1] 5. i
FELR S E— LK IOU (0.5 ~ 0.7) I ROL AT fEAE T —
stage Il k57 SIAHAR AT, 11 7E stage 3 44 AR AR K AR 101
B30 (NMIS) POV e i 22 2 3k T 52 1 /i IOU(0.5 ~ 0.7)
' RO KE FEE.

BEXE b3 [l i, A SC e IR EE - CT 5256 & 7L
T S RS R H A5, B2 — Fb i TR 3L X
3k Cascade R-CNN 1% %Y (feature sharing double-head
Cascade R-CNN,FSDH Cascade R-CNN), & double-

head®!! f fc-head Fll conv-head 2H i.: fc-head B B A =
E) BURAE, A R) T 53 F8AF 555 1T conv-head FL A7 7% [A] 4
KA, I A% HARAEHEAT [3] V5. 255 fe-head 55
conv-head AJ DL S 4 B AT 73 AN [BI VA4F 55 [l A%
SCAE 5328 W 4% 1 5] NARRAIE 3L SE AL, 45— B B A 7
AT PA 225 HoAth B B B 04SR5 7E PR 35 =1 TOU
() ROTAS: 0 K B (¥ = Atk b 42 THIK TOU [¥) ROTAS: I K
FEE. A5 113 W 28 v 3 ik 2 B 1) 777 1508 28 48 4K RO I
I S SRR AN AGAE B R HE SE AR A, AT 2
BARMERE. SCI0R W, ITRR T VEER IR BE L CT BHR
P53 195 R A1E RS FEE 98 31 91.31 %o, 7T A K5 FH RS AT
IR L.
1 FSDH Cascade R-CNN

TE FPN (feature pyramid network)/??! ff] Cascade R-
CNN Ay & ZELE M BR it b, 51 NAFAE 3L =211 double-
head 55 #4) LA i 6l X 2% £E AN 6] & IR IOU R~ 1Y
P B, [F] B £ 2 I TOU (0.5 ~ 0.7)ROT K& Ml g 13 A5 A2
PR TF) . X % S A dn ) 1 TS

conv-headl—
fc-head stage 1
stage 1 stage 2 stage 3
stage 2
) 4
»Ne
»De
R

class  box stage 3

class
]

box

class

1 FSDH Cascade R-CNN 4& 2544

11 53EM%

ER AR walll| B SR SRS wall DU S d i N
A ARZE. 1F Cascade R-CNN H, B> stage 7 25 7€ 10U
BB T 45T T E R BAS R o B AR AR
i, 3N —MIRIOU(0.5 ~ 0.7) H bRHERT, & A RETE
stage 2 SR B 51 143 85, (B 1L stage 3 H Z1FRAG AL
5330 0T stage 3, W SR BE % 42 = IKIOU H AR HE K115
A3 REZE, AR I 2R B ml DL B BE 22 H AR AE. B8tk
stage 3 1) 5 8 fv) B2 LA AR TOU H AR e 1) B AS JE 70
B T 1) UL 53 28 X 2w 5] N RFAE 3 2 fe-head
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L AT E3IANAFIOU 0.5+ 0.6+ 0.7) BAH 7
% stage, X T8N 702K stage, B 14 H FPN H [ A
1 024-d 4345 JZAF 3L 2k, S gy an 18] 1 4l e
7. SIS A FPN AL J5 IRREAE (7 x 7% 256) AN it
HE g4 g, m s b E K TIoU
B E IR s =, Bl B an

Cy = WE(WH(XF®)),

Cy = W3 (W3 (X)),

Ci = Wz‘Q(Wil(Xfls))a
C=C1+Co+...4+C;. (1)

Hor: W R W2 75 58 4 M BU PRI AS 41 32 )2 IR RRAE
i, X RN AL G AL, O RORE A S
J i ¥ DA S RHAE, C 2 BT A C 8k % B 6 25 AH
13BN E5 G FRAE. 207 B RAE T 20 2848 BrT LA
FE Bt 8, it S AR FE AL BT 10U BIE A
FRVARFAIE 4% i 5 40, AT ASE U 0 R B AR E
1.2 IR

BRl Ay [ 09 75 O 81 A 2800 225 [R5 R, P BLAE (5]
VA X 26 H1 1% F conv-head HX AR FPN A& FH 1 4% 3% 2
Z. AR 5] N conv-head %t H FRAE ) [3] 945 — 52 1) 75
By AB 2 AEAICIOU BB I 75 98 2 H B HiT 42 31 1) 17
JL, 12 i stage 3 Fl stage 2 (10K I 25 S 22 R A0OK. AT U,
£ conv-head HVBEAT [Bl HRFAEFL . 577 P 2% v
FRATRE L AR, [B]J5 X 26 75 A5 B2 (] BB AT SL = (A
VARFAE, X Fh 77 v AR SUAE T B FRAE 7] BLAE & stage
B #AT A, G B A BT, TE stage TR AN T
PN 3 x 3R, HAl P stage (AL & — 4> 3%3
FIERER— NI BB RZ. e ) =] )3 W 2%
W 3 2845 B 7E stage 3 5 34 0 — AN 1024-d 4 7 %2
&, SRR

By = XP 4 FE(FL (X)),
By = X7 + G1(Fy (By)),

B; = X + Gy (F}B;_1)). )

Hoh: F, %R 3x3 6 R 2 X BN B RRAE 7 ¥, G, R ow
Ix 1A 200 B R R e #, B, FH T $0AT H AR HE T3
.

U F fc-head Al conv-head 25 #4 A~ 5], i $E 21 i) H
Frr 245 B2 AN . BRI, 1 AN 20 2845 Badb A7 o
T RRA DAk B E MR H R, B

pi = P+ P (1= pi) = pf + i (1 — pfom).
3)
FHor: pr 7R anchor 7 Tl >y B AR HESE, ple Al pgony
43 9 2% 71~ anchor 7E fc-head 1 conv-head #% #i I 4 H
FRIIREER.
1.3 #HKREHRIT
73 5 P % R[] I ) 29 T 2 E X d e A ) 4%
(RPN s 3] BB 5 I R 11, X 4% ) 40 2K BR B L g X
e
L — weLfe L ,conv peonv o pron. @)

o wfe Al weenv 43 il R 71 fe-head FH conv-head 1AL
R AL w = 2.0,wn = 2.5, Lfe, [eonv, [0
43 )22 7 fe-head . conv-head 1 RPN 1451 5% bR B 1R

fc-head 4 2 A0 45 43 45 SR A0 H AR AE B A 45 2%,
PR B E L 8 S

L = ML + (1 - X)LE,. (5)

Fer: LI A LI, 43 71375 fe-head H1 73 845 R A H bz
HE [B] 545 2K 5 A€ 3R IR~ 4 fe-head H i A4 2k 2 [B] 19
BUE R H, ASCE N = 0.7.

[F] 3, conv-head 151 2K bR HUE XN F

LCOIIV — (1 _ )\COIIV)LCOHV + )\COHVLCOHV (6)

cls reg

Forp ey ML 73 733718 conv-head 73 845 2R AT
H A AE [\ JH 451 2% AN [F] T fe-head 404 2% B8 25, K o8 H
FRAE [B] 5 /& conv-head 1) 3 BT 55, it L 5 [R] A 451 2K
Lon AH 3Fe 1) 1~ 1 AL E 28 Feaeony U KR, A SCHL
Ao = (.8.

fc-head Fl conv-head H' LfS, Fl Leonv 343K F 28 X

cls cls
JA R R B, e LT

Las(pi, p}) = —[pilogp] + (1 — pi) log(1 — p;)].
(7
Hr: p; R 7R anchor 1) 3 SE AR 2, 1F anchor 1) B 82 AR
258 1, Htanchor [ 5 SEFREE N 0; p; 22718 anchor 4 T
WA BARFINEZE.
fc-head Al conv-head ' L, 1 Leonv ¥ 3R F

reg reg

SIIlOO)EhL1 Tﬁ%@ﬁl‘/reg, ;H\:%Xﬁu_l:
Lyeg(tint;) = smoothy, (t; — ).  (8)

7

i€x,y,w,h
0.522, |z| < 1;
smoothyz, (z) = )
|z] — 0.5, otherwise.

Forbrt A ey 239 3o PRI (9 A7 B A LS H ARKE R
(VAR
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2 SLREERERMT
2.1 SEIIME

AR S B v EHLEC B W R CPU 9 Intel Core
i7 10700k@3.80 GHz, . < A NVIDIA GeForce GTX
2080Ti, EH AN ROG STRIX Z490-A GAMING, 174
32 G, ¥ 1F & 4t N Ubuntu18.04, cudal0.0, cudnn 7.6.4.
£ mmdetection 78 F& 2% ] HESE |-, K F Python 4 F£ 1

N

22 ZIHRBIRE

X 3 52 B K A 9 60 mmx 120 mm [ — 2%
Fict VR 458 = I3 A A 3, 0 ) R A TG 22 7 ] o AR
(), R R AR K L1 '5 ~ 20 mm (333 5P A7 K
7 22 17 PP 152 B8 B 45 A o0 1 #% MarconiM 8000 12 fig
CT HF A A B 1 R4t 8 F (0 = 0Mpas
24.59 Mpa- 34.89 Mpa. 32.22 Mpa(#I %) & 12.7 Mpa
(R IR ), 5o VR 5 [0 3k A 1 A T T o 482 41
FUH 5 B K290 1.0 mm, FE 4145 5 9K, 6 70 255 A4 W
11, 38 CT 31545 278 it & AT AR 1F 1) — 4t 2
7 5 BB G, B A BT SR AT DL 52 ) U4

2 SREBLCTEGEIE

XTI 46 N G G IS BE LK S BR AR . O XS
Eb i 45 B4 16 5% (data augmentation) J5 754 K Il 2k
FEARLE AN H, 1 3 08 R 205 304 B Fs, i h 2
120 0004 H #x. BEHL Pk % 800 7K Vit + CT 1% 1E R
IR, [FRERE ML PE Lk H 800 5K IR %t - CT & AE Ky
BOUEER, T T FIREAS 450 FH T I 25, UL R mi s BT 6 i
N EUE R /INFEE R 640 % 640.
23 HEASIL

B RE A SC LT (0 X 285, I 5 % B R R 1 2 )
2 1r=0.002, ¥146 1) 500 %A A 15 B 52 2] # warmup
_ratio=1/3 HEAT T, 73 7 £E 4 000 F16 000 7 A

W 24 1 PN N Z R 0.1 4%, R T BEALER B T B&
(SGD) H %A1 A6 M 2% 2 3, 3] & Al F momentum =
0.9, BLE ZE I [F T weight_decay = 0.000 1. Il Z5id 72
HH A K bR B IR AR ) AR A 26 0 P 3 BT R

2.1F
1.8}
1.5}
1.2}
0.9}

0.6
0.3k

0 1 2 3 4 5 6 7
iteration /10’
3 RKRBFEERRBAIEL

A T BIE fe-head 1 conv-head X stage 2+ stage 3
T IR 24 B AR i 1) 5 W), SR FH B g 2k AT Y i S
55 0 A7 M B A ST X 25w 1Y) conv-head 155 B, IR B fe-
head FEHR, W 12 7 RSS2 10 A fo; b Bk AR S 4% 5 )
fc-head L5, T B conv-head #5415 1% V1 AR B4 10
conv. & 1 Jy V¥ filt 52 56 1) 45 Ul AP (average precision)
18, Bl 4~ Bl 65045 1 Rl S48 AAP (stage 3 5
stage 2 1K & 72) 1H.

®1 HMAXEER

loss

stage3 stage?2
AP/% AP/%

ablation experiment  fc-head conv-head

fc v X 8537 84.56

conv X v 86.21  85.58

Cascade R-CNN X X 8524  84.69
FSDH Cascade R-CNN v v 86.73 85.71

- - -~ Cascade R-CNN stage 3-stage 2
(AP:85.24 vs 84.69)
festage 3—stage 2

(AP:85.37vs84.56)

AAP
[ = N N

05 06 07 08 009
10U threshold

4 fct&R5 Cascade R-CNN HJ AAPXEE

- - -~ Cascade R-CNN stage 3—stage 2
(AP:85.24vs 84.69)

conv stage 3-stage 2 SN
(AP:86.21vs85.58) B \‘

AAP
—_ O = N W B W

05 06 07 08 09
10U threshold

&5 convi&iR5 Cascade R-CNN HJ AAP X}EE



%7H

R K T4 A4 F 30k Cascade R-CNN 89 3% % £ 4m 045745 45 A2 A2 )

1749

—— FSDH Cascade R-CNN stage 3—stage 2
(AP:86.73vs 85.71)
- —=-- Cascade R-CNN stage 3-stage 2,”~ \

\
\

AAP

5
4
3t (AP:85.24vs84.69)
2
1
0

05 06 07 08 00
10U threshold

6 FSDH Cascade R-CNN 5
Cascade R-CNN A9 AAP%FEE

FR 1 0] DUE W, A SC 9 28 A 45 ) £ T conv A
PAE AP VE A i b b #8 R HE T AR, I BR AT AT — A
T 2 5 30X 28 %) e UK BT B LR, 2 v b
SE G A B2 conv-head 55 B B, fo A% B stage 3 1T~ 13
¥ % N 85.37 %, Cascade R-CNN A Y stage 3 ) T~ 13
K B2 R 85.24 %, F b 2 T BT 3 BRE FEAR T J5 &, H
A ZEA K ARZ, B4 B, 10U = 0.5 I 857 1
AAP = —04,J5 &M AAP = —1.1, 1tk a] W, fo 1
PUR F AT RIS 24 & 1 stage 3XHMIKIOU H FrAE
RIS A i, 5 7500 B N A B, (X R 4% f 4 1 i
PFAK, AT LATE— B P2 E SRR S [l A ) 4%
AR

2 9 i S 56 o 5 /D fe-head A5 B IR, SI2 6 4% B 4
KI5 FTm. B 5, T BRI 78 0 R B T FEAR I 2
[ HH D MEAS B, 43 I 48 (1 B AR M e A T IR K ¥ s,
P8R BEE =1 T 0.97 %03 FLIR, conv BEHR Y AR AT HRE
fIE 3L = stage 3 WK TOU H B AHE A I 44 i 115 2
THTFIOU = 0.58 AAP N —0.5, KF —1.1.

K645 Hi T fe-head Al conv-head H MR B[] i 77
TET )45 5, B3 1 nT %0, stage 2 Fl stage 3 ARG UK &
AT EENR JFHHI0U= 05K AAP T3
—0.25, 253% 1 stage 35K IOU H A HERE I 68 714 2

(1) 0] R, 35 E T PR A SR &5 A R A

AT 33— 25 56 IF fe-head R B 5 conv-head f5 Bt
GEA A R, B S A JETOUAL T 0.5~ 0.7 Z A1) H
PR B 15 FE AR 3 HEAT AT AL

U&7 iz, FSDH Cascade R-CNN 7£ 45 7€ 1 IOU
) AL [X [) P LA P A5 2o B I ) i, m DA A [ B 2K
TOU [BIME 11 H FRAE, 32 skl i) 25 [ AR PE e

1.0
2 :
]
2 0.8
=
2
= 0.6
o
=
a 0.4r
<
)
0.2- L L L L
0.50 0.55 0.60 0.65 0.70
10U threshold
(a) Cascade R-CNN
2
1
2
=
2
=
Q
k=
s
S
0.2L : : : :
0.50 0.55 0.60 0.65 0.70

10U threshold
(b) FSDH Cascade R-CNN

7 10U (0.5~ 07) BfrEEEES AR

24 XLEKIGEER RO

2 5256 45 F ResNet-50/101+FPN+FSDH Cascade
R-CNN #i 2 F11 ResNet-50/101+FPN+Cascade R-CNN
X} 7R Bt - CT BI& Hh FLIR Je R8s I 2 B2 k4K
7000 %, FHH U Sl B B AE MR EadE AT 30 E,
SR NE 2PN,

R2 AN EERMERERTEE

method backbone AP/ % train speed/s test speed /s
Cascade R-CNN ResNet-50 86.34 0.199 0.107
Cascade R-CNN ResNet-101 88.27 0.318 0.138

FSDH Cascade R-CNN ResNet-50 88.86 0.223 0.129
FSDH Cascade R-CNN ResNet-101 91.31 0.336 0.157

P 2 A s A SCHE H ) et SR e A R 200
R 3285 2 ¥4 T Cascade R-CNN, ResNet-101+
FPN+FSDH Cascade R-CNN X 3 £ = [ “F 4 K% J&
91.31 %; 7E # 7] ) backbone 1% . T, 5] A\ FSDH J& 4
JE YA $E mr; Be Ak, BAA B0 J5 [ Cascade R-CNN &L

%% H double-head 25t 34 i 1 1H & (RIS I 1x 1
BAR A R AN 122G n, AT A A 0 9] 265 7 4
T FE 1 [ B VA I 22 451 2R 1)1 R[]

N 33— 2556 F FSDH Cascade R-CNN .72 %
R, 7EAH A E0 s 4 b5 i e 40 I 28 A AL JEAT T X
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b, R34 TR EAs R

# 3 FSDH Cascade R-CNN 5 E#M E LB M EXTEE

method backbone AP/ % train test
speed/s speed/s

Ssp#! VGG16 69.32 0.076  0.065
YOLOv3? DarkNet-53 7443  0.065  0.022
YOLOv4'™! CSPDarkNet-53 85.62 0.058  0.018
faster R-CNN™! ResNet-50 81.39  0.159  0.089
faster R-CNN™! ResNet-101  87.08 0.203  0.116
FSDH Cascade R-CNN ResNet-101 91.31 0.336 0.157

M SR 75 Bl DL H: FSDH Cascade R-CNN £
Kyl AT SSD. YOLOvV3. YOLOV4. faster R-
CNN; 1fj SSD. YOLOv3. YOLOv4 1T 9% fiz i% [X
S B HORL ], 8 A ) 24 5 ) ARG 6 2 A, A R 7l
B 0], (A A7 4 T — 3B 20k RS 25 1 YOLOv4 K
CSP AR ERTE LRAEE R 2 1 [F) i o] DA/ b - S, 3 T
TR I a2k B~ 35 A 5 AR A U B 1] 0.018 5.
T E E W H R 78 FSDH Cascade R-CNN 5% 5 HAih
LRI R T Y, B 8 43 JE 7s T FSDH Cascade
R-CNN. ResNet-101+FPN+Cascade R-CNN. ResNet-
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(b) ResNet-101+FPN+
Cascade R-CNN

(c) ResNet-101+FPN+
faster R-CNN
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