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Fig. 1 Overall research framework
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Tab. 1 Comparison of evaluation metrics for different image augmentation methods
EURY B 7 ik Ji 2 WG EMELL/dB G MIAR L ERE £ ¥R IH—fb ¥ iR %
hek i 17.02 0.80 1290.32 0.05
BTN 28.20 0.94 98.31 0.01
o PRI 2 7% 20.47 0.88 583.55 0.04
VLS -
A 18.05 0.84 1018.70 0.05
HiAth, 28.27 0.93 96.79 0.00
kAN 112.01 3.63 3087.67 0.15
FAN T 22.02 0.81 407.88 0.02
Bt 25.43 0.86 186.16 0.01
X TP T% 31.65 0.89 44.45 0.00
VHEENT LY B
Al 20.67 0.73 557.59 0.03
Hifth 28.39 0.93 94.11 0.00
SRAN 128.16 4.22 1290.19 0.06
Ehalk i 17.05 0.78 1282.45 0.05
Tt 17.26 0.89 1222.86 0.09
) PRAP R BiE 15.40 0.83 1874.85 0.13
oYk .
A 21.90 0.88 420.04 0.02
HiAh 20.77 0.86 544.41 0.03
SRAN 92.88 4.24 5 344.61 0.34
Ehak o 11.03 0.66 5126.87 0.22
Bk 11.86 0.46 4 236.44 0.31
PRYZ IS 11.74 0.51 4 355.25 0.31
AT AR
Al 11.66 0.56 4 431.61 0.23
HAth 11.59 0.56 4510.59 0.24
KA 57.88 2.75 22 660.76 1.31
ki 30.06 0.79 64.18 0.00
i 31.38 0.89 47.33 0.00
e TRAP R % 28.33 0.79 95.60 0.01
T .
A 26.16 0.72 157.50 0.01
HiAh 26.00 0.82 163.27 0.01
SRAN 141.93 4.01 527.88 0.03
Eheb i 9.19 0.30 7841.59 0.33
B 11.02 0.39 5139.70 0.37
PRAZ RIS 10.71 0.32 5522.46 0.39
JLAAT7E
Al 9.68 0.19 7 002.20 0.36
HAt 7.20 0.18 12392.08 0.66
SRAN 47.80 1.38 37 898.03 2.11
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Fig. 2 Self-constructed Damage dataset containing

five types of concrete defects

Z UG 1Y, U B 550 SRISINZE 3850 7K,
TRERIR 770 5. Raf NI A FNISIE AR AR
ABY i Al gt R/ (32) B BR |, skt A I 2k rp AN
SERAL, MER 10 SR E 7, AR 3 840 R EIE
YER B B 1 58 i , 5T Label Studio
(v1.0.8) PR AT R . 16 58, X 550 TR I hf
EIG AT N T F R S AR bRk g5 R = ol
project.csv 3CHF . AR MK I & & Label Studio
J& SR R A S A B SRR AR S S
BE BN — 2, K e Python 80 A 6 % 42 k¢
1E R 8 — w44 4% 3, BOE 5 B9 bR T SRR AE R
corrected _label.csv, Bl J5 , ] F] InceptionV3 #&
RUXT A3 1 3 290 5Ky 3G MRS T HbR I, A 3ibs
L5 RIRAFE A auto_label.csv. #i, i3 Python i
AR CSV FRyESCHF B 3k G IE 2 20 e 3
FRN AT, FEXF AR P I FEA BEA T N TR IE
2 BRI
2.1 XISBIEERIIGEENZE

A SCHE HL 4 i B R R 0 S LR 28 N 4%

(CNN) 28 ¥4 HE 47 %F b 52 56, £ $6 ResNet-50"" |
DenseNet-1211""  MobileNet-V1"" il EfficientNet-



270 FIL TR ARFER (FhEL)

% 25 %

B3 SZEGRE AL 3 840 SRR, #e 8:1:1 By L1
Rl R 2t B0 UE S AT, A i 3 072,
384,384 5k, FWIRIITE LRBHREE LI T4
A

22 s

BRI 4 (CNN) B S E0R R
BERIPERE Y SCHEIR T o ARSLEG I K 2B St
FEeEEEM AT 2F TR L2 IENE R
Dropout & S AR, St , 4 PR
FIBSEECEDT

(1)ResNet-50"": &3 )20 128 LT,
2221284 0.000 7, 1.2 IEMAL R %k 0.000 2, Drop-
out 20 0.5, EEFEAIIHE N 5, B KRIE N 30,

(2)DenseNet-121""" . 4= ¥E 2 JZ 0 &% 256 /> ##
2590, % 3 %k 0.001, L2 1E N4k 2 %k 0.000 6,
Dropout # 4 0.5, i R ERI 4R E 5, e KMH
9 30,

(3) MobileNet-V 1M, 4= 4 4% 2241 & 256 /> il
298,27 2 5k 0.000 1,12 IEMIfL R %K 0.000 2,
Dropout #°4 0.5, SV B R A M 5, I K1H
9 30,

(4)EfficientNet-B3""', #1240 5 128 4>l

200, % 2] %K 0.001, L2 1E N4k R %h 0.000 2,
Dropout # y 0.4, AR AW W H A 5, i KMEH
30,

2.3 AT,

2.3.1 ARBERRMEMEETILE R E NI 4R
LR IR AE Y SR AR AN B4R A PEREPEAN AN 3k 2
FiRs o #R A S B (params ) B 4% 52 M 455 700 77 il K
I PR IB BB (FLOPs ) Jz WA 831 25 A0 4 2 ik
A2 H T 24 B 5 EA >R (accuracy ) J2& 43284 55
i AR B REFS AR, B TensorFlow/Keras HEZEHY
WETEAGHLHITT . f3 2 AT, ResNet-50 fi 7l
1492 Bk MR i da SR S e K, MobileNet-V1
TSR B A e/ o 3X TR BEYR T PR 2 FE Ak 22 1 22
5 : ResNet-50 5 AL 38 1o A5 HE A4S PR E B 5 5k 22 15 4%
SEER I E AL A AR R T RIS A (E IR AR
AHE 5 s MobileNet-V1 R TR BE AT 73 B A5 R
W23 A1 UE % 5 A FHIE AL A 0 B, KIRFEAR T3
fii 0 . EfficientNet-B3 #& &I () 2 # & & & T
DenseNet-121 #5541 {H i T& H 52 G 4 oLl i
W 28 R JBE | B B R 3 3, L i R R s o
%, SEBRYINZRANHE L [A] BEAE . UIIZRAE AN e
HIHERR % E |, EfficientNet-B3 B A A e i 5 o

R2  ATMRBYZA T SR ESFNIGIE S R AV I BTN

Tab. 2 Performance of four model architectures on the training and validation sets
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sl /1074 PP RBH /10
plIETS Lol S
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Fig. 3 Comparison of the training time and validation

accuracy of different models

positive, TP) | H JZ f4i] (true negative, TN) . fi& 1E 4]
(false positive, FP) Fl i & 5] (false negative, FN) .



% 3

AT AR BT IR T 1 PG DX I K TR 0 R R TR 271

Hodr, TP 45 5L PR IEAEA B E#R 2594
TN $5 LR A HAEIER 532 H s FP 55
A 0 AR A B 15 00 A E B9 % H S FN 48 S B
R IEREA B R TN 5 A H o X T 250254
55 (RANEC >2) RIBHEFEY N CXC I7kE,
AT, IR LS . ZIPATHESL
i 3T A 2R R, I SVMLLCNN 45 ST
IRWEHRE , Pk E 2 R R IPANFE bR, A 45 1
fifi & (accuracy) K i K (precision) | A [7] 3K (recall )
1 F 5380 (F -score) o TR 2k TE A TR0 (R AR AR
SREAS I LA 5 R A 25 R T Ry TE AR AR T A2 B Ry
IE 1 L) 5 43 0155 5k 2 B Ay T AR AR Hh gl 1 A T
() LA 5 B2, 43 ARG B 26 A [ S5 F ] RSP 244
SRR AR

accurac TP TN (5)
uracy = ,
Y7 TP+ TN+FP+FN
.. TP
precision = 5= (6)
TP
rectll = T EN 7
Fo—score— 2 X precision X recall ®)
- re — T o
' precision + recall

TR AE 4 BRI 2R A 09 nl AL TR VR
FERENE 4 FR o HEFEA TR SRR, 51 3R7s H
SRRSO EAEERSE T Bk R R R
Tl AR A P 4 A T R L SIS G A Bt X
FZE . EXF AL TR R IR
i, HR A B W RN R SR AR . 8] 4
A M B 2 €8 2, SR BTN O 28] 0 1 Aff 7
FRFEAREL, 00 B R 7R 12 o7 B T I ) AR 0 o
2, RS A A A . DA 4 TR A AR R
XA LR EE W] LLE 1 - ResNet-50 il DenseNet-121
T5E Y (%) 5F ff 2B B 452 30, o S ME T R A 2
MobileNet-V1 #5 5  P4 4f- ; EfficientNet-B3 A5 £
AR FA LB I 5, o S UHERA R AR

E 87
hak i 1 1 0 1 o
i 67
Bt 4 2 0 2 |
%(g -50
KPR 4 4 4 1
Wk 2
FEEIL 0 0 0
b
il 17
Hith - 2 2 0 1
: ; : : : -0
shabih bk 2 @ HAb
ToARsE
a ResNet-50

fﬁ; . L 50
{zig ﬁ;’jg 3 82 1 0
gt | a5

F17

83

66
0
0
0
0

<
—
<
3
=

W s
Wi B
il

b DenseNet-121

B
pin
Zn
=

r15

Hibr 1 0 1 2 72
R T R TR
WiE G
b

¢ MobileNet-V1

-49

Hibt o 0 1 0
WA Do (R A
WiiE B
Bl

d EfficientNet-B3
B4 4MEBENRE FRRBEEET

Fig. 4 Comparison of the confusion matrices of

four models on the test set
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Tab. 3 Evaluation metrics of four models on the test set
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#4 EfficientNet-B3 B £iRE LA _ErITfEIEHR

Tab. 4 Class—wide evaluation metrics of
the EfficientNet—B3 model

o B E% K% B/% BAE  ORIEY%  AERY% A%
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DenseNet-121" 92,19 92.35 92,19  92.13 Hiih 95.40 100.00 97.65
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EfficientNet-B3  97.14  97.69  97.66  97.66 B A 98.36 98.36 98.36
HoAts 100.00 97.37 98.67
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Fig. 5 Architecture of the improved model
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Fig. 6 Convergence curves of the improved model on
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the training and validation sets
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Fig. 7 Feature maps extracted by each module of

the improved model for five types of defects
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Fig. 8 Grad—CAM heatmap visualizations of

the improved model
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Tab. 5 Comparison of ablation experiments on three attention mechanisms

E| 2R /104> FlE)/min HEWRA /% KA/ % AR/ % E\ o380/ %
EfficientNet-B3 10.98 111 97.14 97.69 97.66 97.66
EfficientNet-B3+ECA 10.98 136 96.88 96.73 96.61 96.63
EfficientNet-B3+SIMAM 10.98 134 96.35 96.49 96.35 96.36
EfficientNet-B3+
25.75 126 98.18 98.20 98.18 98.18
EnhancedDyConvSE

*6 mMBUHAEBERFELR LHITMAIER
Tab. 6 Evaluation metrics of the optimal improved model

for each defect category

i R/ %  BIE/ %  FO8/%
a5 97.62 98.80 98.21
L 96.34 100.00 98.14
PRI 2% 98.75 97.53 98.14
GGz 98.39 96.83 97.60
HoAth 100.00 97.44 98.70
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Fig. 9 Recognition results for randomly selected images

of defects in waterside columns in Ningxia
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Fig. 10 Recognition results for randomly selected images

of defects in waterside structures outside Ningxia
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Deep—-Learning—Based Intelligent Recognition of Defects in

Waterside Concrete Structures in Northwest China

WANG Xiaoyan, YANG Shwyan
(School of Civil and Hydraulic Engineering, Ningxia University, Yinchuan 750021, China)

Abstract ; To address the high cost, low efficiency, and strong subjectivity associated with defect detection in waterside
reinforced-concrete structures in Northwest China, a multistage intelligent recognition method based on a convolutional neural
network (CNN) was proposed. A hybrid data augmentation strategy integrating pixel-level adjustments, spatial-domain
transformations, and geometric transformations was employed to expand the original dataset from 550 to 3, 840 images,
effectively alleviating the poor generalization associated with small datasets in practical engineering applications. With
EfficientNet-B3 as the backbone network, the EnhancedDyConvSE module, incorporating enhanced dynamic convolution and a
squeeze-and-excitation (SE) attention mechanism, was introduced and combined with a hybrid weighting method. This
approach significantly enhanced the model’ s ability to extract morphological features of diverse defects. The results showed that
the model achieved an accuracy of 98.18% and a precision of 98.20% on a self-constructed dataset of defects in waterside
structures. It accurately recognized five typical types of defects, including salt crystallization, pitting, spalling, and exposed and
corroded reinforcement, and significantly outperformed mainstream networks such as ResNet-50 and DenseNet-121.

Keywords; concrete defects; image augmentation; convolutional neural network (CNN); image recognition; intelligent

detection
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