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A Precise Tunnel Crack Image Segmentation Method for Sparse
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Abstract: As the core hub of transportation infrastructure, the safe operation of tunnels is directly related to
the effective guarantee of public safety. The rapid identification of early defects in tunnel lining is of great
significance for ensuring the safe operation of tunnels. However, the automated segmentation task of tunnel
cracks still faces two core challenges: firstly, the crack morphology exhibits sparse foreground characteristics
of narrow, irregular, and randomly intermittent shapes. Secondly, it is easily interfered by complex background
noises such as power grid lines and maintenance marks. In response, we proposed a dual-path guided tunnel
crack image segmentation network model tailored to the characteristics of sparse foreground and complex
background. The model achieves stable representation of subtle cracks and low-contrast regions through

collaborative fusion of primary and auxiliary pathways. The primary pathway integrates spatial, frequency,
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and channel attention mechanisms to construct an encoding network with multidimensional perception capability,

accurately capturing global features of crack structures and enabling high-quality feature representation. The

auxiliary pathway leverages a foreground-guided feature propagation mechanism to continuously enhance

foreground crack features and maintain cross-scale consistency, effectively suppressing background interference

and noise. Comparative experimental results on the public DeepCrack dataset and a self-built dataset of highway

tunnel lining defects show that the IoU value of the proposed method reaches up to 0. 688 5, the F1 score

reaches up to 0. 815 5, the precision reaches up to 0. 693 3, and the recall reaches up to 0. 773 2, outperforming

existing comparative methods in comprehensive performance.

Key words: tunnel crack segmentation; sparse foreground; complex background; deep learning
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Fig.4 Fine crack and its marking example
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Fig.5 Example diagram of complex background of tunnel crack
image
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Tab.1 Comparative experimental results on the self-built dataset

of tunnel cracks

Jiik: Ry, Riee F1 Ry
segdec-net 0.5817 0.698 1 0.634 6 0.457 4
segformer 0.528 4 0.674 8 0.5927 0.424 8

Unet 0.557 9 0.898 9 0.688 5 0.5250
TransUnet 0.677 2 0.7919 0.730 1 0.5790
ARICTT I 0.693 3 0.7816 0.734 8 0.616 5

AT LI ), BUA 7 F R0 25 7E 28 4%
RS 2 [ 23 A ey B AL HL G I S LA 9 37
N, REEX ) Sz R BT R T, S EURIE
Wy O, AN 5, (A% 5 4 SR A DX Il o e ek S
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Tab.2 Comparative experimental results on the public DeepCrack

Bla s By B O RRE i o FITERE , JUHAE

dataset
PLBE H LEARE 3 A BEDL I FEAS T, T3 RE AR 4 ¢ .
10 1 p )itk Rpr. Reee F1 Ry
EAURA R =
H H % S0 P4 DI N, AR T D S segdecnet  0.7468 07492 0.7480  0.5948
i 51554 2yt Sl il 40 B Bk i segformer 0.8039 0.750 5 0.776 3 0.659 1
Unet 0.7856 0.723 5 0.753 3 0.655 3
Ayt EW AN [F) 7 VA7 SR A 4 Y 5 TransUnet ~ 0.8213 07660 07927  0.6759
, ATk 0.8627  0.7732  0.8155  0.6885
TR FEIRCR, ARSI 145 07k I Al Ak A ( ) - - —
Image Groundtruth segdec-net segformer Unet TransUnet Ours
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Fig.6 Crack segmentation effect for tunnel crack self-built dataset
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Fig. 7 Crack segmentation effect for DeepCrack dataset

K 6 s J’Klﬂ%%}f%ﬂﬁ%f i€ S
TR S T e o X TR — AT AR B
qi /NS4 558 37 5, segdec-net fF1E Hﬂﬁﬂ‘ﬁm 4

SegFormer A1 UNet H B A6, X407\ 73 3 25 44 e
AN, TransUnet 5 G808 K I 32 44 X 38, {H A vy
PRI AN SE R, AR SCTT ¥ RS 50 58 B {2



758 ot K 2 e RCARRAO

2026 45 5 )

FuerE e XA Ay . AT, KTk
RES PN AR 244 | A0 T ik AE TRl P A8 5L
Fo A —H Y, Horp TransUnet 5 R 0w 40 . J7)
WL VR SS , A SO R WA S M - i M S i &%
e ey T 4 B ARTE . B AT AR Y
50T, segdec-net fE1E Jy FRT 2L 5 I 75 T4, Tran-
sUnet 4 B Jmy #8214 SO 6 BB S A 50 il
ST R R e £ T4 maEs ., i,
segdec-net 5 UNet /7 7£ B I 1 4> | L 42, Seg-
Former 5 TransUnet 7£ Ja 3 493 /i X 80 7 — 2 -
T R, A ST 1% R A5 4 g b R 52 R4 5% 25 4T
TE5 20T .

& 7 s 1 AN ] 2448 53 1 J7 12: 78 DeepCrack
Bl LT LSS SR X . ST, RAER
R H 5 S8 B 7%, segdec-net £77E Jry s ik
S N GATRE A, HA 78 o B 4 B T
e IR, W oAT N0 XHMEY R, £ 0TEY
AEAE L) 3 B 4% X 4, {H segdec-net Fil Unet 7
SE XX IAFAE R 2k, &R 43 I AR A/ N oy S Ak
L1 B2 R AN 1 8 i % O REL A ) 05 2 = A7 2
#EHPSHIEE, B A ERRE T,
segdec-net H BLH I B AT 24 LS , SegFormer 7
TE /D PTG X 35, UNet 76 2448 v ) 77 7E 52 0
Wi B4, TransUnet AR RENS PR FFIEAR LM, H
P44 [ IAFTE BRI iR A, A SO T I 2
SRR ASE ) I R R, B OSSR AT bk 5 25 i ik 2 20
W, GRS BRI TN

LA ER S E TR A KR AR T
AR R S G . TR Rn s #Eg b B
TG S A B TS 1 P, AR AU I AE 43 1 45
SRR E Y, SRR XS Bl AL o0 A 2L 4% IX 3 19 58
R PE IS HE S RIBE ) H

A ES AR B TR 12, 5Wi/s (Frames
Per Second, FPS) . %545 % 18 KIS R AL %5 (£ 96
ik /m), BERIAT SRR 0. 5 km/h BYSZE A B, H
REASUE i Hh AR R | B B S O AR . A
— R M REIT K R I SR A FRAK 32, %05 m)
T4 R SR TR B P S AT AR A T oK
3.5 HRRKIE

HEHIEAS SR BeGHER MG AA 24 M, A UNet
VERFLEAER, FlZe 4R Z 4R iF E (DWFormer)
SRR | SALHE (GFFP) AN OB, 35815
TERE T ZE s 0 e . A RS R A A ]

SEMES AT HOME, ERSCRR S RS e B
AR NGSEGETTIREE, T R R 25
Z IR HEREXS FL A R (R T . AR FZS LS
T, BRI REELS Y R AR RE AR 3 ISR 4 R,
AR BAA R E T

1) Baseline: ~5] A DWFormer 58 GFFP f) 3%
Btk P 245 5

2) Baseline+OPE: {¢ 5| A DWFormer H #Y
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3) Baseline+OPE-+HFWAB: 5] A DWFormer
) OPE 5 HFWAB A (TEFGCA)
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5] ADWFormer, Hl OPE+HFWAB-+MixFFN;

5) Baseline+LAE: {{ 5] A GFFP H (1) J5 i
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Tab. 3 Ablation results on the self-built dataset of tunnel cracks

TH T Ry Ryee Fl Ry

Baseline 0.5250 0.8989 0.6885 0.5579
Baselin+OPE 0.5362 0.8705 0.6927 0.5752
Baseline+t OPE+HFWAB 0.5601 0.8321 0.7103 0.6196

Baseline+OPE+ - -
HEWAB-LFGCA 0.5807 0.7978 0.7180 0.6527

baseline+LAE 0.5864 0.8163 0.7050 0.620 4
Baseline+LAE+ENLTB 0.6042 0.7724 0.7174 0.669 7
Baseline+DWFormer 0.5807 0.7978 0.7180 0.6527

Baseline+GFFP 0.6042 0.7724 0.7174 0.6697
Baseline+DWFormer—+
6165 0.781 734 .
GFFP 0.6165 0.7816 0.7348 0.693 3

F 4 DeepCrack B £ 11478 il 2 5 45 R
Tab.4  Ablation results on the public DeepCrack dataset

T Rl Ry Rgee F1 Ry,
Bascline 0.6553 0.7235 0.7533 0.785 6
Baselin+OPE 0.6631 0.7322 0.7695 0.8108
Baseline--OPE--HFWAB  0.6698 0.7485 0.7724 0.797 8
Baseline+OPE-+HFWAB
ascline FGCJ/; T 06782 07680 07941 0.8220

baseline+LAE
Baseline+ LAE+ENLTB

0.669 3 0.736 0 0.7636 0.793 3
0.676 7 0.7529 0.7854 0.820 8
Baseline+DWFormer 0.6782 0.7680 0.7941 0.8220

Baseline+GFFP 0.676 7 0.7529 0.7854 0.820 8

Baseline+DWFormer+GFFP 0.6885 0.7732 0.8155 0.862 7
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