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Multi-scale concrete defect detection in bridges based on
lightweight CDM-YOLO

Fan Chongjun Dong Shaojiang Luo Jiayuan Zhang Xia Yan Kaibo
(School of Mechatronics and Vehicle Engineering, Chongqing Jiaotong University, Chongging 400074, China)

Abstract: To address the challenges faced by wall-climbing robots during bridge inspections—namely low accuracy in
identifying densely clustered, visually complex concrete defects across varying scales, leading to false positives and false
negatives—we propose a lightweight CDM-YOLO algorithm based on YOLOv12n. First, to tackle the difficulty in
recognizing multi-scale defects, we introduce a multi-scale feature fusion network into the backbone. This enhances the
backbone's ability to extract diverse and fine-grained features, enabling the model to adapt to defects of varying scales.
Second, to address the confusion between dissimilar defects, a dynamic tanh mechanism is employed in the neck to
enhance feature focus, clearly distinguishing different defects and reducing false positives and negatives. Finally, for
densely clustered defects, the CARAFE algorithm is applied in the neck to strengthen deep semantic information flow,
optimizing the model’s ability to identify dense defects. These methods improve detection accuracy while maintaining
real-time performance and lightweight characteristics. Compared to YOLOv12n, CDM-YOLO achieves a 2.43%
improvement in mAP (IoU=0.5) and a 3.25% increase in recall. This demonstrates its superior handling of multi-
scale and dense defects with lower false positive and false negative rates, making it suitable for wall-climbing robots and
field equipment with limited computational resources.
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0 3| 258 576,49 FTHEK T R EAE R ED . (LBE I E R
G R AL 18] B 43 m , FEIRBE T 2540 7E A AKX B AL NS 2R A1 I
R 2024 AFR L FRE R T K 107. 93 T IRTE TR0 3R | I B 107 7 0 52 4% o R4 T 23 S T3l G 11 11

il

Wi hE B 19 .2025-09-28
* FRAIH CE KT A AREE I AT H (CSTB2024NSCQ-L.ZX0024) | H PRl 5 AR B8 5 1 A & Jé & 1 8 K35 H (CSTB2025 TIAD-STX0023) (&
Pl B AR QT 5 R &R T APE & 39 H (CSTB2024 TIAD-KPX0081) | 1 P li 02 Bl 2% H AR B 58 30 H (KJZD-K202300711) %% B

o 224 o



F. A T332 CDM-YOLO # % R EH s Liabhn

i 8 1

LA ARG A B 2 IR T Fa i, B R ARk 1S
REEFH EAHATH R PGB A T EEE L,
1 GeATe G Ao UL A i o (LA 76 Az 00 280 2 A0 A il Js] 1
o FL20 56 4R 0™ F A ) J 0, S X AR ) A 5 e T A AL
LA AT 2R BOR AR B IR 2 2 2 Bk AU N 4T
BReA i iy AT AR B W RIFH IR, Ry kB
IR 2 36 R 55 FIARAR R S5 A0 & T TR L
FNTAMERE 5%, AnoK AT SR ARHRL R 2 v 2 v 1 55 B
BETR B XA [6] 6 JH 3 5, RE AL i p g iy .
{72502 7E SSD(single shot multiBox detector) M 4435 )2 i
FIAT — R F R AR B B B R B & B
(convolutional block attention module, CBAM) , ¥ 38 f# /)N 24
BB R BE 7 L 2 e T IR NG B L (H R B N 2 28 ) Gk
B A M5 Yang 250 48 M T — Bl B % B K 4% (graph
convolutional network, GCN) 5 2 fili ¥l 5 A8 e #% 45 & 1) ™
2 e T R SCBRRRAE . S SRS 2 A S B 4 25 R
B AR B0 07 8 s RS S B TR IR B R ik
X SR AT T IF 51 A SPD-Conv 8§58 52 24 15 5t
IS 3% 23 R4 04 07 8 A6 0 B g 4 1 Wang 265 I 51 AT
SENet(squeeze-and-excitation network) F 15 15 5t Mg & , I
TN X B A B E B AR 5 LA A 45 2 A L it v 7 G DU
1 AL 1 3 1 oy A R SRS ) AR % A 5 i g AT B
XFIK T %% U5 37 R 3 58 4L 1 I 42 R A M 4% (path aggregation
network, PAN)EH T YOLOvS i #B (neck) , 7 & S %=
YT $ T $2 AR 22 ROBE R AR Rill-& BE 7, {EL 4 20 3 B2 BE AR 5
ik W % 3L F UNet(U-Net) 42 tH 17— 58 % figk ol JC AL
% TELT SR A 0 DT 2R 1) R 1Y 4 R 0 Rz AL AR D 5R  (H HE LA
O3 P L TR R - BB RAE s Huang 251 61 3 — OB 0 3E L 3%
AR R v AR DG TR 55 1Y () Rl G 1 B 7 3R 3k 1Y) (B
Do 265 o DA ITT 52 R 040 43 B 5l o7 8 TR 2 o AEL R e 52 491 30 i 5
TOERAE ST RE HL A N KRR E R R IR S5 S —
2455 43 E) WX 4% (feature pyramid transformer, FPT)5¢ i £
R S A U SO S o g ARG RS R AR PR
TRLBEHIE . T, 2 R B R I B A A N R 248
5 AR TR e A 100 A R T G A TR R ABE R R RIS N B R A 2K
AN RN , 22 G A D 7P 650 20 45 [ A

i bR OKE RN O R R SCTE R i R
YOLOv12n A 3Rt LA E# T CDM-YOLO K28, Jf:
FT B W EE B s A TG B %o 52 B dte 4 T 95 - B T
FERIGIE . Z A AL 3 5] A MFC 2 R REAE Rl A 9 45 .
DyACT B A CARAFE [ SR AE B 16 oF o 38 190 2% # 4 %) £2
FEACFRIE SR B CBERRAE Bl & IR 3B AR R B HE 7.
Sy gk R R W], CDM-YOLO 1 mAP (ToU=0.5) | J} |
87.53% , A% [ FFF| 81. 10% , K i Bk F 91.17%,
A T 4 YOLOv12n £ 8 ) mAP (TIoU = 0.5)
85. 10% , A 13N 77. 85 % K& Ry 91. 56 %6 , 4 74 5 )
WIS T — E R T, 0 TRERI R it 3 A

CDM-YOLO Wit M S8 &R 7.6 GFLOPs Fl
2.86 ML IR¥F T MM a . 25 F,CDM-YOLO 7 {f¥F
TR R K R W B R B AR T 22 R TR B A R
1, R GRS M AR AR T —F R R R 2 RE
B B R T T %

1 R L ERPEE N E R IR T

1.1 YOLOv12 B #E iR

YOLOv12 BRI 51 AT — il X503 73 7 5, %2
SR ORI JR 8 TR B AL, B =z X8R v R D L Carea
attention, AAttn), AAttn g T —FEZ PR P H
R 43 F0 g ML G i 9 BRAE TR flash attention FIAE
R MBAARAIEE I 1/O 88 . I TE A B AR 5 B
2 M 4% (convolutional neural networks, CNN) I & /Y 7 42
T R FE B SOG4 = A UK B . X — B AR Al M
HARMEIE A B TR /e 5 2 TR S T 4y ¥ 40 i 2 A A
TURFAE RO ) SR B B2 TR ORS BE . i TR AT 0 ke
D5 2R LS A R GEAE SR8 B A R, ST
FUBL /NG YOLOv12n Ny ALY (baseline) #4716 .
1.2 CDM-YOLO ¥

xRS BR TR 5 BRI B - RULBR B 2 T £, B
RUBE 2275 FLAS TR) 28 591 0 R BE Gl 57 28 4 TR 4% o AR SCET X b xof
YOLOv12n #4740~ stk -

1) B X 52 B e I RS A £ K o s L SHEJBiT i) A, 7 A58 Y
BT M %% (backbone) ¥ J2 HI 22 R F#AIE fil & 9 46 (MFC)
F L4 C3k2 Fll Conv FEL Y HEZ , LI FE backbone LA
$REZ 2R 2 HE AL TN AHORL R AE (0] B, 32 5 BB RRAE 1R B
T » AT A1 A5 70 55 7 R 2 7208 (19 VR O 1 LB

2) 0 L 7 BE T A7 75 AE LR A 2, B 4 A e A A] R
YA backbone ¥R )Z Fl neck MY JE IR A2C2f JEFT Mk, 5]
ABIZ tanh(dynamic tanh, Dy DML, itk AAttn 8935
TSR AR U GRB BT, R B3R L neck MY REAERE A
FE 75 DT 52 TH A5 10 XA AL S 1) ke B 1 TR0 BB 5 e A O A6
AR

3) B X IR I B . 7E neck H B A PN A R H 45 AIE
H 2 (content-aware reassembly of features, CARAFE) I
AR AR I T A (B 1 SR AR A B R L
TR BETE S BT B » DATIT AN 45 2k 25 4% Bk B 0 S A AR
Z Bl o6 110 B 3500 TR KA, 5 pen 4SS TR0 RS A

WG RIREGH , 2 SRR W] T LAZE G 4R TR X AH A
2o RUBE G B 4G T 18 7, 4GNS B2 A 4 i 4 o B e
J BB 4 45 S CDM-YOLO, &5 1 fios
1.3 ZREREMSEM% MFC

AR TR BN 248 RERE, i T —F
MFC £ REFHIERES M2, SRS & 2 Fs .

MFC M4 B A 3 40 R Wk b 5 8 3h i1 8 5
G — 4 1 X1 BRUEE, — KB BT 43 2545 B (depthwise

e 225



%49 % L L I S - S
|
|
|
|
K 1 CDM-YOLO #5525
Fig. 1 CDM-YOLO overall structure
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Fig. 3 Internal structure of PCGLU channel
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Fig. 6 CARAFE convolutional kernel prediction process
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Example of original and enhanced defect images
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Table 1 Main configurations of experimental environment

R E ZHUE B

CPU M5 16 #% AMD EPYC 9354

Rz 60 GB

GPU B % RTX 4090 24 GB
Pytorch R4S 2.2.2
Python XA 3.11

CUDA A 11.8

KT RN SR 27 6 75 1A A0 W S50 B T e A0
BEL T AdamW 1 Ak 8%, % € BT Il 25 %8 1K Cepoch) Ay
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Table 2 Model main hyperparameter configuration

BSEAT BSEIE LR S E N B HUH
epoch 120 IoU 0.680 0
batch size 64 momentum 0.940 0
1r0 0.000 6 mosaic rate 0.937 0
Irf 0.100 0 close-mosaic 60
weight decay 0.000 5 WG 0.842 0
optimizer AdamW B IR 3
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Table 3 Results of CDM-YOLO ablation experiment
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GFLOPs M % % %
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NG N 5.8 2.51 88. 05 81. 30 85. 89
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NG NG NG 7.6 2.85 93. 08 80. 13 87. 36
J J J 6.1 2. 65 90. 06 80. 07 87. 41
NG NG NG N 7.6 2.86 91.17 81.10 87.53
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Wiz Bk, % T CARAFE B, HitBE B NS E )
B 6.1 GFLOPs il 2. 64 M, 15 W {8 482 7+ 2 B0 K Bk
HEREMILRE FR AT mAP(ToU=0. 5 {4, B H R
3 B B AR IR o (H o AR B WA B, Jm) 5 R AE 400, R
i DA 5 S TR0 ) 4 4 N TR % e B RRAE A R e . i — 2B,
PR A 2, DU ASE B i I 245 e O T A . DR R
BT 44 2 DyACE #il CARAFE, H mAP(TIoU=0. 5) ik
27T 87.41% . HH T baseline 8T+ T 2. 31 % . X2 H T W

KL AETE PR/ L B Dy ACE % CARAFE $2 4 i Bl 3 ¢
RO SR B HEAT T A 300 X35 56 3 o DA 0 [ 48 7o 17 A A
0 ) o B

W5, [/t 3 kb CDM-YOLO 3 i, H
mAP (IoU = 0.5) ¥ baseline & 7} 2.43%, recall #& F+
3. 25% ,precision 1 T [ 0. 39% , B R 16 91% LA I,
HEBHEMITE BRI 2.86 M Al 7.6 GFLOPs, X [t
baseline & 1.4 GFLOPs fl 0. 31 M, £ #5 T M %4 i 4% &
P, ZE B SRR T CDM-YOLO 4% Mk 5 He ¥ 4
B, 2 AR AL A A Sk, HAS S 22 RO O 15 A
el B [ #E i, CDM-YOLO A 2032 7+ T baseline A9 1
A8 I FE T ML R
2.5 EFRBEEEREXTE

S i — AL PR S CDM-YOLO AH % H A 45 B 4
PEREANE A, 1 HL YOLO (you only look once) & %1 1 RT-
DETR(real-time detection transformer) % %1 3= i # %I 2
Faster R-CNN(fast region-based convolutional network) Fll
SSD 45 2 M AR R R AT 5 FHF6 B5 % o 4 07 5 % BU 52 6 295 3R 4n
F4AFR,
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Table 4 Comparative experimental results of mainstream models
— ARZEHIH AP(1oU=0.5)/% mAP R/, HllR/ RE, SR/ bR/
Hok i # (IoU=0.5/% % %  GFLOPs M fps

Faster R-CNN 91. 10 76. 39 90. 07 85. 85 63. 28 80. 75 180. 1 28.29 50. 15
SSD 88. 84 67.10 88.13 81. 36 87.44 74.15 60. 9 23.88 58.95
YOLOv8n 90. 69 70.52 90. 15 83. 79 86. 22 78.51 8.1 3.01 96.79
YOLOvlln 92. 00 77.49 92. 64 87.38 90. 23 81.69 6.3 2.58 87.39
RT-DETR-HGNetv2-1 88.76 76.57 89. 33 84. 89 92. 39 79. 86 103. 4 31.99 26. 33
RT-DETRv2-R18vd 29.45 85. 70 93. 00 69. 36 69.61 65. 84 60. 0 20. 00 34.12
YOLOv5n 91.17 77.54 90. 11 86. 27 89. 07 80. 66 7.1 2.50 89.11
YOLOv10n 91. 20 78. 48 91. 05 86. 89 89. 86 79.72 8.2 3. 69 75.47
YOLOv13n 91.21 75.17 90. 66 85. 68 92.73 77.74 6.2 2. 45 44. 54
YOLOv12n 91.72 73. 34 90. 68 85. 25 91. 56 77.85 6.0 2.55 60. 67
CDM-YOLO 92.22 78.12 92.25 87.53 91.17 81.10 7.6 2.86 56. 24

2 4 Al %, CDM-YOLO % [t YOLOv8n, RT-
DETRv2-R18vd 1 SSD &7 B AT ¥ fig 1 19 & 2 OL 8, ot
ARSI T LABTAS 0.5.52. 4,53, 3 GFLOPs
A 0.15.17. 14,21, 02 M, Tl mAP (IoU=0. 5) F1 7 [a] 2 ]
Hob R RO 3.74% . 18.17%. 6.17% 1 2.59%,
15.26%.6.95% ., [E M, CDM-YOLO #M# T YOLOv5n,
YOLOv10n, YOLOvI3n #Hl RT-DETR-HGNetv2-l
mAP(IoU = 0. 5) 1 43 [l & 45 5 43 il & 1. 26 %0.0. 64 % .
1.85%.2. 64 % H1 0. 44% .1. 38%.3. 36 % . 1. 24 % , T H: it
RS ECR A 25 9 R K (B YOLOvSn i 0.5 GFLOPs
F0.36 M, YOLOv13n & 1.4 GFLOPs 1 0.41 M; %%
YOLOv10n & 0.6 GFLOPs fl 0.83 M, RT-DETR-
HGNetv2-1 & 95. 8 GFLOPs A1 29. 13 M) , {4 Bl H %5 4
LEAMH, ¥ T FPS, CDM-YOLO # %} baseline 12 T F%
4. 43 fps ABPRHFFLE 56 fps DL I, BRI AY SE Rt . 440
BB, CDM-Y OLO X 24 5% (iR IR 3 fee . o 92. 2206,
RT-DETRv2-R18vd *f 3 ¥ &% UK, AP 153 85.70% . Xf
T & 5 B B, CDM-YOLO., RT-DETRv2-R18vd #I
YOLOvIIn ¥4 R4 R B, AP 335 8] 92% 2L E, R 51
AE SR, 45 1, CDM-YOLO £ 4% 2 Bl B /6 ) L 4 T
TR o3 Xof LR I8 A A RS L R R R Tl A R ) Hg—
TE A H I RE M 25 1) 6 6 1 RS 1 L B 8 TR A Y B
o A7 % Y 5 - e XL IBRe B G AT 55
2.6 WL

4%k CDM-YOLO A9z 1k 68 J1, 73 % BL Roboflow
TR P R TR R TR B 1 Bk b B30l 4 (3 24 8% R 7%  BR A AN
T2 R L P B B AR D AT AR R AR 56
M2 5 AT, BT AS R B8 48RRI 40 10 A BT 22 S, 5 B0
SR UGAIE B A5 B Y 5 AR 4G T R B L {HL X LY 45 B, CDM-
YOLO i) mAP Al P /5 T baseline, YOLOv13n fl RT-
DETR-HGNetv2-1 B% 3. 18% .10. 13 %Al 4. 73% .6. 06 %
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M 1.20%.0.18% , RAHZ L PEREE L. 4 101 3 B AR IT
F YOLOv10n #1 RT-DETR-HGNetv2-1,{H 5 & M35
HILT R =8 0. 6 GFLOPs,0. 83 M #l 95. 8 GFLOPs,
29.13 M(FR 4, RHILH BT Y, FiE G54 RA 4.

x5 ZAIHER
Table 5 Generalization experiment results %

A 4 ik K% FEE mAP(IoU=0.5)
SSD 75.34  44.46 50. 28
YOLOv8n 70.87 47.23 50. 82
RT-DETR-HGNetv2-l 76.49 59.59 52.23
YOLOv5n 69.25 47.47 50. 90
YOLOv10n 74.38  49.26 53. 14
YOLOv13n 70.61  45.58 48. 70
YOLOv12n 66.54 48.03 50. 25
CDM-YOLO 76.67 48.25 53.43

2.7 WRLSH

FWEE CDM-YOLO HEAE $2 IR X358 56 7 1 850 X
EMEHEAT T grad-CAM #4477 Bl 53-#r . 45 R 40 &l 10 Fios

FA T P € P X A B A DX R A 2R AR OG 1 Y X
W, #1110 a] 5, CDM-YOLO X 43 15 %8 1 i) Wk 24 4%
G 14D BEBE G R BLE hon , AN B 5 A 5T 19 JR
SLEEAT B TR A8/ RO B V% Bl B 3R 2 7)) AR SR R AE
JLF AR, )5, CDM-YOLO X e i AL EE i (4 3
TP FET AN 2455 (55 4 A7) W Fh 25 5 0%, B BB 3 B AS Al
BB 4 AE 1 3 B, 3 A X T baseline £ B £ %5 B,
AT EULI . CDM-YOLO S 22 Ffr 2 51 5% ] i [ 35 RE oF
AT DT BB T 50 43 25 BE i L A7 B R 2 0 R
KVEEA — R, B U A J e 0 5 S Sk A U
25 R AT AT AL AL B, 25 AN IR 11 TR
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(a) R4 (b) RT-DETR- (c) YOLOv13n(d) YOLOv12n(e) CDM-YOLO
(a) Original HGNetv2-1
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Fig. 10 Thermal maps of different models

PR 11 W) 50, 8 2 4 ) ¥ RN 02 2% T R /IN R A st B (R
2 FEO R L baseline 1 H: A AR 59 BF & 77 76 15t I A1 45 1%, 0
CDM-YOLO K25 5 5 J5 46 45 1 5 o #5230 ; X F 4 40 3
25 5 R 2L IR A B CDM-YOLO 78 4 A6 ) i) 2 Al -
JHCHE o AR G At 32 AT A LA R 25 b Tk
BT R , CDM-YOLO 7E 4 FOAR [7) ROEE 8 Fa 15 T2 T Foxt
T B 1 T B OG T RE O B B BR R DUORG S B BUAR TR A 1 AR
T FH BT IH T HE R IR
2.8 EEFMNBEANBEAEEA

RN GBS REES W AF&£R TR
PR LN TAEAG T 0, LU A0 K A B, B B o 3 AN B B R
M % v 2 S TG e O i S 5k B BE RT3 Bl Ak A, e =
BEHILAS A 3 7E A A W B B I Oy B R A TR AL S
e Bt HE S5 DT 2 A A TR B A P9 /N T RSO I 17 %
TR FE RS- A M 1 2 7= A 1 I B g o 52 g R T W Y
SN A A B T R VE M, R ML SR AT R AR R

ol

(a) FLELARIE

(a) Ground truth

(b) RT-DETR-HGNetv2-1

(¢) YOLOVI3n

(d) YOLOvI2n (¢) CDM-YOLO
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Fig. 11  Visualization of different model testing images

S oE AL A BE T 47 78 AR b s 17 . HLAS N LA 35
FEA W BB AR G 12 TR,

Sy A A 25 SR B AL SR H SR 1 RGB BSR4
19 T AL HP60C 1E W EME R AR iR 4, IRk e KK
e 1080P A HFR, HEHEFME, @iFHGRLRLLEHEW
13 fiR.

2.9 gl

FHEI S N R B, 2T Python SEHL T 33 FL N
(YR 26 2% 2 1 T DA 0 PR A5 7 o i A
gt —H WAE CDM-YOLO 52 Bk 6 i FH 32 1 45 HL %
NI AT B IR, R SR A S I I 96 R G
SR 14 FFR
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(b) L2 AR RETIR
(b) Robot adhered to the wall surface
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Fig. 12 Robot application scenarios and wall adsorption

(a) FEREAFIE
(a) Inspecting bridge piers
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(b) TRk
(a) Camera-equipped robot module (b) Camera
B 13 EGR R R J HAe
Fig. 13 Image acquisition equipment and installation
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T4 R AR B S B BE T AG: ) 200 2R

Fig. 14 Testing software and testing effect
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A ST B — RS AY X RUBE 2 A8, 95 AR TR 2 M BR IR Bk

A e 57 G 00 A E IR, B A R T G A R AL, R T — b R i

¢ CDM-YOLO #8135 i B BF 5 =M€ BE AL 25 A A6 )

BAFHEATIAE . BT 5 AT RE 8 4 AN kL BE AR 1Y ) 2%

MFC. #4746 %50 X 3R & BB Dy ACE Mk 5 IR G X

& B RS E R CARAFE, CDM-YOLO F 45 fiF $2 1A

RlA TR EEIE SOOI S RE T 80 . 5 R IR BT AH LE

H mAP(oU=0. 53k %] 87.53% ,R ik %] 81. 10%, P ik

) 91.17% , M S HEARFFE 7. 6 GFLOPs, 15 & L F5 78
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