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Aero-engine turbine blade surfaces defect based on Swin-DCUnet
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Abstract: As critical components of aero-engines, turbine blades are prone to defects such as cracks, burns after long-
term service, which can directly affect the safe and efficient operation of aircraft. To address the limitations of
conventional machine vision or semantic segmentation methods in accurately segmenting blade defects under complex
conditions, this paper proposes a Swin-DCUnet-based segmentation and assessment method for aero-engine turbine
blade surface defects. The core of this approach is the semantic segmentation model Swin-DCUnet, which employs the
Swin Transformer—capable of extracting multi-scale features—as the backbone feature extractor. The extracted
features are fused through a dual-channel convolutional process, and a hybrid loss function is introduced to improve
model convergence speed and segmentation accuracy. Furthermore, a defect severity grading method is developed by
integrating the predicted segmentation results with quantitative analysis, providing a valuable reference for subsequent
blade maintenance. A dedicated dataset and evaluation metrics are constructed, and ablation experiments are
conducted. Results show that the proposed Swin-DCUnet achieves AR, AF1, mloU, and Dice scores of 92.18% .,
92.92%, 87.44%, and 47.85% , respectively, demonstrating its advancement, effectiveness, and practicality.
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Fig. 1 Framework for segmentation and evaluation of surface defects on ATB
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oriented to defect semantic segmentation
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Segmentation results of surface defects on ATB

ATB 2 I 5t 5 5350 45 3R K

Fig. 5

3.2 EiEMEeITEMIER
O E b R R OR E PixAce (pixel
accuracy , PixAcc)™" K %2 3f It (intersection over unio,
ToU) ™ flif 5 B0 1 K B, A SCAf T 7 38 4[] % (average
recall, AR)™ ¥ F1 43 ¥ (average F1 score, AF1).F
32 3 . (mean intersection over union, mloU) DA K i i
AL 2 %5 (dice coefficient, Dice) ™, X Sb 45 k5 ¥y 1 25 S o
WINF DB A B AR & H T 2502, 2,
PACIER S NI RN = T RS R TR TR 0 S R R I O
G380 AFT XA A B 6 70 28 T A 50U, 00 K, D A U A
2 5 b SRR A Ay L BV R 32 20 ) Ok A R T /N 5 3) O
¥IZ2IF b mIoU S i % fAc 1 e 500 K, NI RS 280 A5 o o 26
) b2 s R A BT 46 SR 5 RS bR 4 3 AR O
SR LU 73 5 4) ST AH A 3R 8K Dice i 52 TN 45 SR 55 BLSL bR 45
FRABLEE B B R, W R A TR KB S R L An B E &
T B8R o /0N B A DX 0 A E A
3.3 RBREHERSN

6 452k BN Loss B3 AR Akl 26, 886 A 5 oy
AU A AR R B SR BL Loss. W LU 2B
WM, Loss T/ TEE AR B HE T 40 000 Y Y1251
S BT AE R IS A, W AR A Uk AUE D
it U R B 12 A O A R I R B i AR i HL A
W7 1E B B 358 B A il » Adam W AR b 45 76 45 8 3% AR BB
N .2 Kl K P E Loss W 3h . (BB 5400 B
T AR 2 2] BN RS E L AR B B 4 v R BOHE (5 B

K SEOEL, Loss ik f/ME . AR.AF1.mloU 1 Dice
SR 92.18% .92, 92% . 87. 44 % . 47. 85% , 15 T A5 AU 45
e 218

12 r
1.0 F
0.8
5
g 0.6
K
Boal
02
00 C 1 1 1 1 1 1 1 1 1
Q Q \} Q \} Q Q \} Q
\) \) \) \) \) \) \) \)
o N \QQ \‘)Q %QQ qi?Q ,\,)QQ ,;;)Q VQQ
EARWRBL
Kl 6 3105 BREL Loss Fifiak fRR 028 1h il £k
Fig. 6 Curve of Loss function variation with iterations

T T T AT 58, SR Y AT 5T SR R A B ) 4% A
SR A3 TR T g b P A X 25 47 O 5 M BE L IE W AR SC Swin-
DCUnet B4 & B A 500,

A8 A 2.1 WA B AR S B & . X U-net,
Swin-Unet, Swin-DCUnet, Loss + Swin-Unet, Loss +
Swin-DCUnet S #E RIS AT N #EATAF5E .

F 2 HHBML I HERELS &, W LIE H, Swin-Unet
JEUE M2 AR\ AF1.mIoU, Dice 43514 85. 81% .88.56% .
81.48% . 40.44%; Swin-DCUnet ¥ + i # Swin-
Transformer 5 fl 38 i@ Pure Convolutional ff &, AR.
AF1, mloU, Dice 43 % #& @& 0.28%. 1.1%. 1.26%,
1.49% , 9] WL 38 & Pure Convolutional fill & 0] $& F} 43 &
5B s Loss + Swin-Unet 5] AR & #t 2< K 80 Loss, AR,
AF1. mloU, Dice 43 | $2 % 5.75% . 3.42% . 4.54%.
5.50% 5 Loss AR G 26 4, 36 DR MeB BE BB A L DAL A
[7] H #5 43 # 45 5 5 Loss + Swin-DCUnet $f J5 i B 2% | &l il
i Pure Convolutional . JB & 12k B %X Loss Bl &, MEfE T
s AR, AF1., mloU. Dice 4} il 2 92.18% . 92.92% .
87.44% . 47.85% , 43 B 4 F+ 6.37% . 4.36% . 5.96% .
7.41% ., M UL, Loss + Swin-DCUnet £ % EL A7 5 3
P BRGNS B, R R R BE 3K B R i K-

F2 HELIOMERER
Table 2 Performance results of ablation experiments %
R 24 B AR AF1 mloU Dice
Swin-Unet 85.81+£0. 14 88.56£0. 11 81.48+£0.22 40. 44+0. 26
Swin-DCUnet 86.09+0.09 89.66+£0.08 82.74£0.21 41.934+0. 17
Loss+ Swin-Unet 91.56+0. 11 91.98+0.08 86.02+0. 17 45.944+0. 18
Loss=+ Swin-DCUnet 92.18%0. 04 92.9240. 06 87.4410.13 47.85%0. 14

* 204 -



TR 5. BOME L PRt B £ @69 Swin-DCUnet 43| B3 4& 7 ik

% 20 4

TS AT o3 R A AR b B i AR
SCHERY Swin-DCUnet Soibth S PE . 3 3 W0 He S 40 1
RESS AR, AT 2.1 19 9 40HE 8 . S 80 & XF U-net,
Swin-Unet, TransUnet™*) | UCTransnet™ J J& X} H; 52 5 ,
3k AR, AF1 ., mloU Fl Dice #8458, Al il Swin-DCUnet
% AR F8FRIEK UCTransnet b, iz B GE B AL .

R BV A AN (RS 43 B AR SR L 4 i R R AT
PELE RSB B 7 S AN R4 B T A 4 25 2R b (a) ~
() 73 AR IR ER R 2 B8 . Swin-Unet 45 % . U-
net FUI 4% 5 | TransUnet 700 2% 22 . UCTransnet T 2%
S Swin-DCUnet il 4

HI T 7RI Y, B0 b 1 Bk B G I 8T mp O @ DX 80
Swin-DCUnet BEE ) 73 &1 %8 05 8k B 5 3F B A5 X B 8

R E B

Original image

RS

Label image

Swin-Unet

- .
v

TransUnet

UCTransnet

Swin-DCUnet

F3 FHEXWEHEELER
Table 3  Results of comparative study on model performance %{

17 4 AR AF1 mloU Dice
Swin-Unet 85.81  88.56 81. 48 40. 44
U-net 72.78  71.53 61.16 28.01
TransUnet 87.92  88.60 81. 05 42.92
UCTransnet 93.04  92.69 87.08 47.55
Swin-DCUnet  92.18  92.92 87. 44 47.85

Swin-Unet 4 35 45 fF $2 B 5 38 43, 1 U-net. TransUnet ff
T 455 T ke [ 28 81 B0, UCTransnet B8 455 Bk [ 43 #1 2%
R B R S g CGE R B A X 3D, Swin-
DCUnet f&BRS i 73 # , U-net ££ 76 £ 15 0 W7 Bk g 5 10 1%

B7 A TRl ] 0k o3 ) 25 2R

Fig. 7 Visualized segmentation results of different models

* 205 -



948 & 2 F o

T # K

I, TransUnet 24 80§t {3 43 81 30 R B 4, UCTransnet 5
Swin-Unet ZLE0 B A0 5 4R AR S IRUEL 22

MF 3 W AF H, UCTransNet, TransUnet 24 43 %]
Al ) 55 A S 45 A L AELR 4 T AL BIRE ) AR SO 45 2
WAL 7, TransUnet /£ 7 55 5 47,55 1 5 F &l b,
BRI W IR, AR SHEEDTED T HERITH,
UCTransNet 7E & 7 &5 6 17,55 3 51 7 1&1 h . 20 51 R EUBR B
HLRE  AAERBETRHAOKRR, RS = fREE RN A 6
BRI BOR G PR I BN = SRR IE (KL S8
T V55 3 WA ST 2% 3 A 43 ) B 5 [ Ao S B 440 9 Ak B, B
fHa - EE PR

4 BRPES RITAE

Swin-DCUnet [ £% Tl & @ 3 A 5, 38 5o Sit e J g 5
BB A EAE T . ATB 2R A T 2 N “ R i 7 —
iV L TR [ 7 67 N: [l 1 7 L = N S =87 1 K T
R TR R AR — B AR R e i IE R AR
BT WA G B XS i EAT AT B 3 R 4E < R E R AN
R IR AR (BB WA A R, AR T e B
CEKBITR M R TR, EEER T2 RER, &I
SR, A5 ATB ZES0HE 5607 5 R 0 R A 3R
B = EE S R KA RS S = EdE+ = AH
RSB 4 ST
4.1 EHRB=H#EREZE

MR = Y () S5 AR 5 2%, TAT B 4k R AF TG T A 1 A

(a) RGBT

(a) Schematic diagram of crack defect

(b) By =4 B REE
(b) Three-dimensional reconstruction schematic
of crack defect

MR b T EAT BB = 4R AL 90 B, CH AHBLEE L
KB, fo WAPLERE, d,, IZEQBRENRLD, (u,,
vo) AEMEE T E s bR, £ B NERELTER (x.),
M(z,y) BB, == Wb (XY, .Z) A=
P, Wi

X, = Bf( —uy) .Y, = Bmmfw( —v)Z, =
=4 r—uy).Y, = d, y—v)Z, =

B f can
d, 8
P, ={(X.,Y.,Z) | M(x,y) =c,c €C) 9

T oA H e AR S AR R R A A R
(asy) LIRS RIAERRAE M (2, y)  FIFHNE =48 @A R
HEI =z ) AR (X, Y., Z0), 30 B A R A
HSHZREIE— S s P 2O RN ¢ a2
R E =
4.2 BAIMEEHE

HARE] ATB HEU G M = I m R KER Lo T
KW, 0mm<L,, <1 mm, &N BB Lo >
3 mm WHE R E KRB, 1 mm<< L. <3 mm B, &%
EHISEH W, 0 mm<< W <2 mm, & R “— 07,
2 mm<< W <3 mm WIHE R TEERKL”. B 8 hZLit
W8 PTA 205 SR 7R 481 1B 8 Ca) ~ (o) 43 ) g B 8t I /s 7 1] L 3
Uk B = 4 R R 28U a4 4 R R AL
Bl 8 () A R 3 4 I WL BB . 81 8o AT AR L .,
9 7.26 mm 5 16. 76 mm, B R KH” .

16. BERE, BHESER |
Labell @=@il: 0.0

SEE

FLIV

R BAKE: 7.2690

SN [ 1.46464576 —10. 90166178 14.02474076]
T B SN [ 6.9676200 -7.58777564 17.42679405]
FnE LRI HRAES: 0.6993

SEE

ZDRTV
HReaBAKE: 16.7679
R R [-3.60944102 -2. 32826043 9. 08361721]
[ aN: [ 6.06877213 7.2440779 18.78483772]
FnELHRAES: 1.6;?%“ .

&

(o) REBIETA LS R AR E
(c) Evaluation result schematic of
crack defect

8 BB T Al 25 AR B

Fig. 8 Example of crack defect evaluation results

4.3 =RmiEniE
B S e L SN (28 = Ay 2 S S el e

E—F 1, 12 ATB B0 AR A, MR R R R

A » MBS S I P N
J— (10)
=
M 0T Py, <1006 HIE BT 10 0 <<P <<

* 206 -

159, J5E R — R, 15% << P, <<20%, HIE R ™
TR P, >20% A58 R BRI, B9 b4 ik
B TA 25 SR 7 491 P 9 Ca) ~ (o) 0 9 g e 0 e o s 35 1 L e
1t I = 4 T A R R BRI T AR 25 SRR B R

B 9Ca) i B O AR F B e be i b . 81 9 (O I 18 A, =
698. 00, A ey = 4 111, 18 P, = 16.979% , AT H| & K “ ™
PR,



kL . AT L AIHRE T H R BEE Y Swin-DCUnet 43| B 3E 4 7 &

5 20

(a) Pethskiar B

(a) Schematic diagram of burn defect

(b) Fetishia =4k E g R R A

(b) Three-dimensional reconstruction schematic

of burn defect

B9 et s A 45

Example of burn defect evaluation results

Fig. 9

ATB R Z L FeA5 B E % RGB BHR A AE B G TE &5
ZRE | ZL B0 R AN 1R B DL BURR I, 45 v oE AR O X
I3 R ME B AR S R Z R
P H X I8 Bl A Swin-DCUnet B 4%, £ 38 8 Swin-
Transformer . {i# & Pure Convolutional 43 5l 5¢ 7 & 4% iF
MG HWTTRAE s 51 A Losspua 3 Losscer 1R K AL R
AN 5 468 o AR E T
AR ATB RSk [ -5 58 15 il B R L 20 i 42 i = 4k
HE A B RAMER AL S = AR, AR
PR A 52 0 2 THT e i 73 90 I T
SR W, Swin-DCUnet i 30431 9 45 7 1 il 504 4
F AR=92.18% .AF1=92. 92% .mIoU=87. 44 % ,Dice =
47.85% , Ar FIRCR 0 AR T, O i HLA WER T R AE
WL TAER R, BRTIC AL T 9290 B Wi B 5 808 75 2
O I A7 35 8 L) B vl 4 PR S 58 TA
5% xH
[1] YASUDA Y D V. CAPPABIANCO F A M,
MARTINS L E G, et al. Aircraft visual inspection: A
systematic
Industry, 2022, 141. 103695.

[2] AUST J. PONS D, MITROVIC A. Evaluation of

influence factors on the visual inspection performance

2021,

literature review [ J ]. Computers in

of aircraft engine blades [ J]. Aerospace,
9(1): 18.

(3] VERZE. XM 3KE A, %, M A VA-UNet i) DR [
fgakBa o3 F 5P T [T]. I OR, 2025,
48(6) . 179-187.

WANG L Z, LIU G X, ZHANG G C, et al. Defect
segmentation and evaluation method for DR images
based on VA-UNet [ ] ].

Technology, 2025, 48(6): 179-187.

Electronic Measurement

[4]

[5]

[6]

7]

(8]

[9]

(10]

16. HESNZR, WHEEER

Labell cSz @i (BR15EIE): 697. 9994416410857
HERigEEN: 4111
e 1tk 0. 16978823683801647

7B

(c) Bethhia PPl 45 SRR B B

(¢) Evaluation result schematic of burn defect

7~ Al

R R PR E 5L AL SR T VIT MR R IPIE
PR 5 O AT LT ], 7 B R, 2023,
46(11): 7-12.

GAO Z M, LIU G X, CHEN G Y, et al. Research on
identification and localization method of gas meter
appearance parts based on ViT [ ] .
Measurement Technology, 2023, 46(11) . 7-12.
SHANG H. SUN C, LIU J, et al. Deep learning-

based borescope image processing for aero-engine blade

Electronic

in-situ damage detection[ J]. Aerospace Science and
Technology, 2022, 123: 107473,

DIALAMEH M, RAJABZADEH H, SADEGHI-
GOUGHARI M, DualSwinUnet + +: An

enhanced Swin-Unet architecture with dual decoders

et al.

for PTMC segmentation [ J ]. Computers in Biology
and Medicine, 2025, 196: 110716.

LIU Y, ZHU L., YE H, et al. BWFormer: Building
wireframe reconstruction from airborne LiDAR point
cloud with Transformer [ CJ]. Computer Vision and
Pattern Recognition Conference, 2025: 22215-22224.
LIU Z, LIN Y, CAO Y,
Hierarchical vision transformer using shifted windows[ C].
IEEE/CVF International
Vision,2021: 10012-10022.
RONNEBERGER O, FISCHER P, BROX T. U-net:

Convolutional

et al. Swin transformer:

Conference on Computer

networks for  biomedical image
segmentation [ C ]. Medical Image Computing And
Computer-Assisted Intervention-MICCAI 2015 18th
International Conference, Munich, Germany, October
5-9, 2015, Proceedings, Part III 18.
International Publishing., 2015. 234-241.

WANG C, NING H, CHEN X, et al. Db-unet: Mlp

Springer

based dual branch unet for accurate vessel
segmentation in octa images [ C]. 2023 IEEE
International Conference on Acoustics, Speech and

« 207 -



5548 % L I A S
Signal Processing(ICASSP). IEEE. 2023: 1-5. [20] LOSHCHILOV I, HUTTER F. Decoupled weight

[11] ZHAOR]J, QIANB Y, ZHANG X L, et al. Rethinking decay regularization [ J ]. ArXiv preprint arXiv:
dice loss for medical image segmentation[ CJ. 2020 IEEE 1711. 05101, 2017.

International Conference on Data Mining. Sorrento: [21] LONG J, SHELHAMER E, DARRELL T. Fully
IEEE, 2020: 851-860. convolutional networks for semantic segmentation[ CJ.

[12] ZEM.x4at, TS, 5. 5T GANR-UNet A9 48 % IEEE Conference on Computer Vision and Pattern
TLLAN RS ) R AR TS 2 W T 5 [)/OL]. % Recognition, 2015 3431-3440.

b I K24 (A R BH 2= R . 1-11[2025-09-29 1. [22] ZITNICK C L, DOLLAR P. Edge boxes: Locating
https://link. cnki. net/urlid/13.1212. tm. 20240115. object proposals from edges [ CJ. Computer Vision-
1750. 002. ECCV 2014: 13th European Conference, Zurich,
LIB, LIU H B, WANG SH H, et al. Research on Switzerland, September 6-12, 2014, Proceedings,
Infrared image segmentation of insulators and low Part V 13. Springer International Publishing, 2014:
Zero-Value fault diagnosis based on GANR-UNet[ ]/ 391-405.

OLJ. Journal of North China Electric Power University [23] LIN T Y, MAIRE M, BELONGIE S, et al
(Natural Science Edition), 1-11[2025-09-29 ]. https:// Microsoft coco: Common objects in context [ CJ.
link. ecnki. net/urlid/13.1212. tm. 20240115. Computer VisionrECCV  2014. 13th European
1750. 002. Conference, 2014 . 740-755.

[13] ABDULRAHMAN Y, ELTOUM M A M, AYYAD A, [24] MILLETARIF, NAVAB N, AHMADI S A. V-net:
et al.  Aero-engine blade defect detection: A Fully convolutional neural networks for volumetric
systematic review of deep learning models[]J]. IEEE medical image segmentation [ C ]. 2016 Fourth
Access, 2023, 11: 53048-53061. International Conference on 3D Vision(3DV). IEEE,

[14] YIXUAN L. DONGBO W, JIAWEI L, et al 2016 565-571.

Aeroengine blade surface defect detection system based [25] CHEN J, LU Y. YU Q, et al. Transunet:
on improved faster RCNN[]J]. International Journal of Transformers make strong encoders for medical image
Intelligent Systems, 2023, 2023(1): 1992415. segmentation [ J ].  ArXiv preprint arXiv: 2102.

[15] JAEGER B E, SCHMID S, GROSSE C U, et al. 04306, 2021.

Infrared thermal imaging-based turbine blade crack [26] WANG H, CAO P, WANG J, et al. Uctransnet:
classification using deep learning [ J]. Journal of Rethinking the skip connections in u-net from a
Nondestructive Evaluation, 2022, 41(4): 74. channel-wise perspective with transformer[ CJ]. AAAI

[16] WANG D, XIAO H, WU D. Application of Conference on Artificial Intelligence, 2022, 36 (3):
unsupervised adversarial learning in radiographic 2441-2449.
testing of aeroengine turbine blades[]J]. NDT & E [27] B QM. L F OB S Bl A 10 28 80 KR R Sy
International, 2023, 134: 102766. Tk et (1], F 0 & R, 2023, 46 (10):

[17] CAO H, WANG Y, CHEN J, et al. Swin-unet: 184-188.

Unet-like pure transformer for medical image CAO G Q, LIU G X. Research on cable image
segmentation[ CJ. European Conference on Computer semantic segmentation method based on bimodal
Vision. Cham: Springer Nature Switzerland, 2022 fusion [ J]. Electronic Measurement Technology,
205-218. 2023, 46(10) . 184-188.

(18] Z=gk, X 78t KT 5% 7% Swin Transformer ) SAR 5 [28] FARHOOD H, MULLER S, BEHESHTI A. Surface
"SRG RN A LT ], SFEALN FH, 2025,45(9) : 2949- area estimation using 3D point clouds and delaunay
2956. triangulation[ CJ. Second International Conference on
L1J, LIU L. Q. SAR and visible light image fusion Innovations in Computing Research(ICR'23). Cham:
based on Residual Swin Transformer[]J]. Computer Springer Nature Switzerland, 2023: 28-39.
Applications, 2025,45(9); 2949-2956. EEEA

[19] CHEN L C, ZHU Y, PAPANDREOU G, et al. AR BT BRI Iy AT 5 (IR

Encoder-decoder with atrous separable convolution for
European
2018

semantic image segmentation [ C .
Conference on Computer Vision ( ECCV),

801-818.

208 -

E-mail: hzh1668005@163. com

X R A GE AR AR L B W A S, RS

1] g BLAR A 5 TR RE T

E-mail: megxliu@scut. edu. cn



