]'—;-f;;#,(‘ o oW R R 948 % 4 22 0]
- ]f”i uy T ““ le' ) _
y ELECTRONIC MEASUREMENT TECHNOLOGY 2025 4 11 A

DOI:10. 19651/j. cnki. emt. 2518716

UltraLight CrackNet: & T VMamba HJ
TEVHESEIME"

A R OkXE OE X

(W BT XFHANAFE TRELRE TE 644000)

W OE: MR LRI G h B SR . RGN A A I 7 Wk AR AR 2 B L HE B T 2L AR A I 4
ARMFELL R . SR BUA PG R H AR AT &2 2% 15 56T 40 ARAE 2R T R i i h S R IR T R i pk i . A5 42
& Mamba #5578 050 AT 55 R A9V 7, 31 ) — FlolE 52 i S 48 DU I 2% (Ultralight CrackNet) , Al % 3 A0 IF:
1 AL L9 Mamba 8 3e G o & 2CH B RO OC R 48 BUR B 15 URFIE) L 2 RUBE 3% 22 L 30 IR A8 =5 [ B (B 5 22
FUBERRAE RAE B8 F1) A BBk (1 SC-41757 il & A5 B OO b 2 1) 25 - ik 00 24 28 40 17 Bk K8 S ML DD . SE 90 R A i ik
T 0.13 M S8 5 1. 96 G F A H &, BRI T, T DeepCrack Hl Crack500 4 42 43 5l HLA% 87. 85 %
77,92 % 3L L mIoU) s K BB ML RE s 7E SteelCrack BB £ R T L &5 3R, H S BB A X LR B h &
B /N BRI AIR 87. 85 % .

FEE . AR P Mamba; 52 B ALY 35 4 E) 4R 0 LA

FESFEE . TP391.41;TN919. 8 XEtRIRA: A ERREZR S ERED: 520. 6040

UltraLight CrackNet: A VMamba-based lightweight network for
crack segmentation

Cheng Rong Zhu Wenzhong Wang Wen

(School of Computer Science and Engineering, Sichuan University of Science and Engineering, Yibin 644000, China)

Abstract: Crack detection is crucial in the maintenance of civil infrastructure. The many drawbacks of traditional
manual visual inspection methods have led to the continuous development of crack detection methods. However,
existing crack detection techniques face the challenges of complex backgrounds and feature diversity interference, and
the high computational resource requirements. This study exploits the potential of Mamba for visual tasks and proposes
an Ultralight CrackNet, which consists of a parallel lightweight visual Mamba block for efficiently modelling long-
distance dependencies and extracting deep semantic features, a multi-scale residual visual state space block for enhanced
multi-scale feature representation, and an enhanced semantics and detail infusion module for optimising skip
connections within the encoder-decoder architecture. The experimental results show that our method requires only 0. 13
M parameters and 1. 96 G FLOPs, and achieves the optimal performance on DeepCrack and Crack500 datasets with
ultra-lightweight model design, with the mean intersection over union (mloU) of 87.85% and 77. 92% , respectively,
and obtains comparable results on SteelCrack dataset, and the number of parameters is 87. 85% lower than that of the
model with the smallest number of parameters among the available comparison models.

Keywords: crack detection;vision Mamba;lightweight model; semantic segmentation;feature fusion
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HH T 2455 (I AL T 5 ARRAE R A b e 2 SR i 3R
[F) CUn YR 5E 1 2R 5% 5 0 25 4 SE L AE T2 L DR Bk DU e 2 1
FEAEA T DX ) 2y 4 TP Al 4 SC T 16 A6 AN () 288 78 24 4% 46 )
TR RO L AS T 5 B 2 A AR e e B A R AT S I I
£34% DeepCrack™” ,Crack500™" #l SteelCrack™ B i £E , 7>
T IER 5 TR 1 A 5 AN S M R G 0 LT AR

1) DeepCrack: # A1 & 537 iF KB 1%, 45 ¥ R K
544 pixel X 384 pixel, ZEIEEZHETE, W RE
55U 7 I T BB R I O [R) B R 5 K A TR R Ok A

2)Crack500: 175 1 896 M Il 2k 16115 | 348 i % ik 141 %
51124 BEI LG 23 B E R 640 pixel X360 pixel, %
WMENMNELEEREEFRE TR ETEREKY
B sURRAE o R G 0 B0 v 4 o T v Bk A

3) SteelCrack : BG4 B H R 4R H 2445 1 T
W 4 RS 40 N bR T BT A R Sobs 1 o BE R
512 pixel X512 pixel.

S b, T SR A I A R AT AL B 445 B AL
K5 2 B B HLIE %, 3K DeepCrack 5 Crack500
HOE SRR Y 2 384 < 384 [l RS LUE Fie 9 4% Il 2. Bk
SHICE IR 1 PR,

x1 FMEXANZAHESEEHAER
Table 1 Details of the three adopted datasets
SRS Ry WHE  BEgE Wik
DeepCrack 384 X384 300 50 187
Crack500 384 X384 1 896 348 1124
SteelCrack 512X512 3 300 525 530

3.2 XA

S0 A F 36 BE B B N . Intel Xeon Platinum 8352V
CPU 5#3: NVIDIA RTX 4090 GPU (24 GB B1%) s ¥
B 4935 CUDA 12. 2, Python 3. 8. 20 } PyTorch 1. 13. 0,
YRt B R AdamW A6 2S . 97 86 2% > F % R 0. 006,
AUE RN 0. 01, — B A B3l 0. 9 B A R IR
0. 999, H- 45 A R TZIR K2 2 R R T RE., 2l
AR N 100 epochs, IR K/NEKE R 8,
3.3 EMIBRR

ARSCR ARG A B FL 4 8L K mloU fE Ry 5
RIVEREPEAG HE AR , & e bR it B A X A6 ~ D PR,

TP

Precision = TP - FP (16)
TP

* 228 -

Horp, TP 327 858 1 8 T O 1F 28 /9 1E M AR Bt
FP RORBAEE R TN N E 2R M A FEARE, FN RoRE
RUGE BRTIUI R 51 28 I AEAE AR, Pr RONH R, Re 3R
AAEEE,

3.4 BESHRM

R VEAS A B 9T J7 1 7 A5 B i Ak T Y A S0P L I
B AR W AT I A5 BT R A2 R BEXT LS00 . X B AR AL iR
W AT PG A3 AT 55 MBS Tk A R T A B 2 )
B U-Net'™ . SegNet"”" 5 DeepLabv3 +™7, [a B 44 A
EfficientNet™ . MobileNetv3™" 4 #% & fb # %, DI K&
DeepCrack™’,  LinkCrack™’.  HrSegNet-B48™  Fi
CrackSegFormer™" % S5 1 I 4 LAY . e Ab , % il A
Transformer Z2#J 1 TransUNet™*, 3£ 3+ 28 % bt A5 A0,
T R SR W TN 22 4E B 2R A TG A SO AL TEMERE S AR |
B H 6 AR AU 5T % B XA o0 98 b - AR T 5 67 A 1) 7
RIBBE W FLOPs R MR T K 1) S 805 (Params) K A
4 3 3 A9 TR (frames per second, FPS)

FTA BRI LIFEAR O 512X 5123 5K B EAT I, 45
AR 2 PR A SO VR AE AR 52 2 B 5 i Jve 0 b 5 I
FLATT 5 A J7 % FLOPs(1. 96 G) 5 Params (0. 13 M) 3
K F HA X LAY, AH4% T U-Net,Deeplabv3 -+ 45 & B
BRI 8 S A TR R B TS . Sk, MobileNetv3
SRR B A FLOPs(0. 70 G5 Params(1. 07 M) I
RIBN AR T E S HE AN AR L 87. 9%, KB T
R L LA IR AY 5 2R b S5 K B MobileNetv3
SR AR BT Y LG R I P R 5 AR SO IR AR AR B R 250,
JRE AT ik FPS M AL (B H FLOPs 5 Params [ i 3%
A8 AETH I 5 AR T B O TR A R AT 9 A R R A% e Al A
AL R RIS

®2 RESHEX

Table 2 Comparison of models complexity

ik FLOPs/  Params/ EPS Memory/
G M MB
U-Net 160. 74 17. 26 76 1578
SegNet 170. 26 29.48 69 1699
DeepCrack 80. 49 14. 72 143 876
Deeplabv3—+ 136. 05 37.05 81 2 155
TransUNet 129. 25 93.23 33 3668
EfficientNet 4.74 6. 98 86 1256
MobileNetv3 0.70 1. 07 144 318
LinkCrack 61.02 3.42 64 1 144
HrSegNet-B48 9.08 5.43 125 464
CrackSegFormer 6.76 3.71 101 643
Proposed 1. 96 0.13 29 496
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3.5 XLEXRE

Shy T A T IR IE AR SC U VR O R A R A R e
A Y TR I S RS SR ORI R T A,
DeepCrack,Crack500 & SteelCrack %4 £ I 43 5l ¥F £l X+
FORE Y 5 A SO iR I PR BE

DeepCrack SZE 25 13 3 Ui . AR SC LA 87.73%
MRS %8 . 86. 7900 1Y F1 43 $ K 87. 85 % 17 14 38 I LL IR
Bt R, EHAEENE, BT Translormer 22 14 11
TransUNet Z Uik 93,23 M, HH A 129.25 G H A ¢
BEW S T ARSIk

# 3 DeepCrack FIIEEXLLE R

Table 3 Comparative results on DeepCrack dataset %

PR Pr Re F1 mloU
U-Net 85. 38 84.75 85. 06 86. 45
SegNet 81.73 82.16 81. 94 84. 04

DeepCrack 86. 81 86.16  86.49 87.60
DeeplLabv3—+ 86. 23 79. 81 82.90 84.79
TransUNet 84. 17 87. 44 85. 77 87.01
EfficientNet 71. 20 83. 25 76.76 80. 21
MobileNetv3 70. 88 83. 21 76.55 80. 06
LinkCrack 86. 89 86.52 86. 71 87.77

HrSegNet-B48 84.59 88. 83 86. 66 87.72
CrackSegFormer 82.43  84.76  83.58 85. 28
Proposed 87.73 85. 87 86.79 87. 85

Crack500 SLIR &5 LUK 4 iR, RSCHELL 74.25%
B F15 77.92% ) mloU 4056 Hiflh ¥, HrSegNet-B48
PL73.93% By F1 5 77.68% M mloU % K6 H &, i
CrackSegFormer 1 f€ &% & (F1 = 69.98%, mloU =
74.96 %) . FRHIHE LA SCH AU 0. 13 M S5 R IA A
PR SER L MEIE T A S B B T S S

£ 4 Crack500 HIFEEXFLLER
Table 4 Comparative results on Crack500 dataset %{

ik Pr Re F1 mloU
U-Net 72.90 70. 22 71.54 76.09
SegNet 73.12 69. 64 71. 34 75.97
DeepCrack 74.72 71.77  73.22 77.23
DeepLabv3+ 73.04 73.87 73.45 77.34
TransUNet 70. 18 74.42 72.24 76.47
EfficientNet 71.73 72.09 71.91 76. 30
MobileNetv3 69. 20 74.28 71.65 76.06
LinkCrack 74.40  72.80  73.59 77.47

HrSegNet-B48 73.74 74.13 73.93 77.68
CrackSegFormer 67.67 72.46  69.98 74.96
Proposed 74. 89 73.63  74.25 77.92
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Visualization of the relationship between model

computational cost and performance on the Crack500 dataset
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MYz AL RE J1. WE 5 B s, A 8 R4 [l R (precision-
recall, PR i1 2k i — 25 3R W1 2 3007 1 A6 AR 45 i A4 [ % 119 [
B R R 0 S A T M O k. AniEl 6 RN 7 TR AR SO R
SRR TR A B RN S T A A
SteelCrack SEER A5 AN 5 Fron, M T 1R & - 24 48
HAEAE  SteelCrack BUIRAE H A4 TE B TH E 4= H S s o
o RS R E AR AL BT R PR R, AR SO R IUAE Pr=
90.91% .Re=86.14% .F1=288. 46 % M mIoU=289.48%.
B PRREE AR, (HH 90, 9190 MRS af L 0 2. M T
DeepLabv3+ (F1=289. 95% , mloU=90. 72%) , A< X J7 %
S 0. 13 M B8R (BRI 99. 6 %) 5 1. 96 G 1T & (B %
98. 6%) , 1 SteelCrack $ 4 5 35 3 7] H 8L 19 P B R 81,
DERRT BREMRSE ., REREINEERHHR LR 4%
WL (90. 91 %) , [H H M 5 5 b it (1 15 FR 1k $2 R fE
F7 A7 T 3 PR B M R R AR — o SR PR AZ BT A (el
PR A (86. 1424 » B fl FE A {4 B RIS AR T DeepLabv3+ .

R 5 SteelCrack HIBELER

Table 5 Comparative results on SteelCrack dataset %

ik Pr Re F1 mloU
U-Net 90.30  89.12  89.71 90. 51
SegNet 88.00  84.82 86.38 87.81
DeepCrack 90. 42 88.95 89. 68 90. 49
Deeplabv3—+ 90. 88 89. 05 89.95 90. 72
TransUNet 88.24  88.20 88.22 89. 28
EfficientNet 71.53  82.71 76.71 80.73
MobileNetv3 73.01 84. 17 78. 20 81.74
LinkCrack 90.38  89.20 89.78 90. 58

HrSegNet-B48 89. 65 87.37  88.50 89.51
CrackSegFormer 85.90  85.51  85.70 87.27
Proposed 90.91 86.14  88.46 89. 48

HZ5IA 95% Hausdorff H B CEUE ARG BE e iF
— B IPNREAI R S BISOR R 6 BoR T A X ik 7E 3
NEIEEMR I . %A bRl 95 26 73 o B A S B
Wel Ak 30 SN FE RS BE . AR SO R M e S A HL R AT R
BEIEEIZ e ST, FEE CrackSegFormer 7E Crack500 %
i 46 B9 B AT MobileNetv3 B3 skt KR EH 5 &
HeBEF B AR 45 48 T 2 RO RHERE& B it U HTE R 0
221 Crack500 FUHEE R M .

R AITE 3 A HE A B X E SR e AR ST R
Gathae M, B 8 Ry 3 MBI AR iy ZLAE R
L5 R T A X L. WZE B AT K UKCR « DeepCrack , Crack500
1 SteelCrack i 4 , &> H 4 42 DL O HEAR AT o
HE— 2D B UE T A S 1 1A Rk
3.6 HEXK

AT 3 3 — Z 50 7H S 86 PEAL BT $E PLVM 5 E-SDI
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Table 6 Comparison of 95% Hausdorff distances on

three datasets

Jrk DeepCrack  Crack500  SteelCrack
U-Net 24. 24 56.98 34. 21
SegNet 43.99 54. 48 35.65

DeepCrack 16. 39 48.76 30.19
DeepLabv3+ 20.53 38. 87 19.53
TransUNet 29. 47 72.49 32.68
EfficientNet 19. 44 47.67 32. 89
MobileNetv3 17. 36 46. 44 26. 06
LinkCrack 14. 44 43. 26 27.19
HrSegNet-B48 13.95 47. 85 28.06
CrackSegFormer 21. 14 76. 86 37.50

Proposed 14. 08 38. 32
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Tllustration of segmentation results on different datasets
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ByEgE FAR1S F1=284.92% . mloU=86.33% M TEfE. 3l
A PLVM #3J5 (Base+PLVM) , #5551 % i 3 25 42 J+, F1
W2 85.73% ,mloU ik F| 86. 98% . UE B PLVM # b 4% 35
FRAF SR IR S 0 A &t . BfS 51 A E-SDI #23t (Base+ E-
SDD . 3@ &t 25 8] 5 38 1 i 5 7 AL R fb Bk IR % B2 R AT 1%

W, A4S PLVM 5 E-SDI ##8t (Proposed) , £ 3 1~ 4%
PE4E IS AR RE . 1 40 DeepCrack #4454 F1 ik F)
86.79% »mloU ik 87. 85 )5 , B ik P AL R 11y EL AR 5 T3 ) 3L
R, SEERFREAL,PLVM 5 E-SDI (%) B[R] /5 FH A 384 5 45 70 4
TERIERE ST, B B P2 T A R IS B 5 B i

R7T ET3INBEENHEAIR

Table 7 Ablation experiments on three datasets

- DeepCrack Crack500 SteelCrack
SE i E
Pr Re F1 mloU Pr Re F1 mloU Pr Re F1 mloU
Base 84.10 85.76  84.92 86.33  74.25 71.09 72.64  76.84 87.89 87.45 87.67 88.84
Baset+PLVM 85.92 85.54 85.73 86.98 75.08 73.14 74.10 77.82 86.98 86.83 86.90 88.22
Base+E-SDI 85.12 85. 15 85.13 86.51 74.21 71.33 72.74 76.90 89.08 87.48 88.27 89.32
Proposed 87.73 85.87 86.79 87.85 74.89 73.63 74.25 77.92 90.91 86.14 88.46 89.48

WE 9 iz, 4 5% PLVM 5 E-SDI #1 b #f 17 2L 45 4
M EE R Al . S SR AE R R AL I PLVM Bk 5
X 4% T AT B R Y X 0 BE 7, H 2L 8% T 4 N F

W 40t R R AE R R Al A E-SDI A i 5 A9 48 B0 A7 R0 1) 35
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N
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(a) Image (b) Label

(c) Base

(d) Base+PLVM (e) Base+E-SDI
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Fig. 9

S PFAl MSRVSS it B9 A 2 M, 78 DeepCrack 44 4i
£ X HOR R B B A Pk B (R 8 TR . LA VMamba $2
Y Vanilla VSS B Ay 3 i (I 7 F il 08 52 R 78 25 (8] 45
Ho),H F1 K 85.82% . mloU & 87.05% . 5| A%k 22 % #
P41 T Scale (Vanilla VSS+ Scale) J5, B/ F1 $#£7+ &
86.30% »mloU 3 = 87. 45% , R WA sh 75 4% 22 5 AT {5 1L 45
fiEml & &R, w2 ROE & ULk B9 MSFEN £
(Vanilla VSS + MSFFN) j&, F1 5 mloU 4 5l 2 A+ &
86.50%05 87.61% , Fx%, LM Scale 5§ MSFFN iy 5¢ 3%
MSRVSS 5t (Proposed) £ DeepCrack %415 5 B 5 5%
PEfE(F1=86.79% ,mloU=287. 85%) ,

%8 MSRVSS #HpH M
Table 8 Effectiveness of the MSRVSS block

s DeepCrack
FHaH Pr Re F1 mloU
Vanilla VSS 86.27 85.36 85.82 87.05
Vanilla VSS+ Scale 87.71 84.93 86.30 87.45
Vanilla VSS+MSFFN  87.50 85.52 86.50 87.61
Proposed 87.73 85.87 86.79 87.85

Visualisation of the effects of PLVM and E-SDI modules

WZ% 9 Bk, il SAB 5 CAB #Y E-SDI #3 (Proposed)
AT B fdi ] SAB+ CAB(SCAB) 5 SDI # #t, mIoU
3T 183205 0. 7%, A ik GE E-SDI A He A Bk BK 7
BERFAE AL 3 P ) SCEEVE .

x9 E-SDIEBRMBMHE
Table 9 Effectiveness of the E-SDI block

DeepCrack

R A UL
FHRE Pr  Re Fl  mloU
Base PLVM+SCAB  82.58 86.58 84.53 86.02
Base-- PLVM+SDI  86.92 84.96 85.93 87.15
Proposed 87.73 85.87 86.79 87.85

S PEAl PLVM 5 iR 8] 47 3% 422 SR W 149 5 ), £ %
3P EITRIE AL SR . ik A PLVM B W R 1E F
HEHCH C® A SR AEIFAT A5 #E % 5 (J MSRVSS #
B A 4l O B B 2R WK I 17 45/ (B4
MSRVSS B4 A B ECH C/2) ;s BEE C R MU % IF17
250 (A MSRVSS U ABE SR C/4) ., Wk 10
NLAHBTIRE ALIRE B 5&E C S HE I B E R
ik 66. 23205 83. 12 %, H BV A I8 B IRE(FLOPs) {L/)
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R 10 PLVM AR FITEREHAHRMIE
Table 10  Ablation experiments in PLVM with

different parallel connections

- DeepCrack
WHE
Params FLOPs Pr Re F1 mloU
A 0. 77 1.47 86.73 86.81 86.77 87.83
B 0. 26 1.23  87.84 84.85 86.32 87.47
C 0.13 1.10 87.73 85.87 86.79 87.85

AR SO TR 45 7 38 T8 B0 AN [R5 T RE X M g AR R
W, A b E X DU 2K 1A B T R AL SE 5, Rk
ABCD Y25 & .55 4 :(8.16.24,32.48,641.[8.16,32,
64,128,256].[16,32,64,128,256,512]L4 & [32,64,128,
256,512,1024 ], SCBe 25 R sk 11 Fw.

X1 AREBEEHASHHMIRE
Table 11 Ablation experiments with different channel
number combinations
- DeepCrack

Params FLOPs Pr Re F1 mloU
A 0.13 1.10 87.73 85.87 §86.79 87.85
B 0. 56 1.80 87.86 86.69 87.27 88.24
C 2.10 6.63 87.89 86.01 86.94 87.97
D 8. 12 25.49 85.40 84.87 85.14 86.51

S 5 FLOPs B il 38 0 in 2 9 #6 20, 4 31
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R E(8,16,32,64,128,256 1Lk F1=287. 27% .mloU=
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