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High-Speed Defect Detection in Offshore Wind Turbine Blades Using
Autoencoder-Based Thermographic Image Dataset

Haemyung Chon*, Taegyeong Jeong™*, Jackyou Noh™***

ABSTRACT: Offshore wind turbine blades are susceptible to various defects such as cracks, delamination, erosion, and
fatigue damage due to the harsh marine environment. This study proposes a convolutional autoencoder-based
anomaly detection method using time-series thermographic data to overcome the limitations of conventional
inspection techniques. Thermographic images were obtained by heating GFRP specimens, and a preprocessing
technique was applied to convert temporal thermal patterns into two-dimensional images through square tiling along
the time axis, allowing the model to capture time-dependent thermal characteristics. The autoencoder, trained solely
on normal data, adopts a semi -supervised learning structure that identifies defects based on reconstruction error. The
performance was evaluated using three model depths (AE03, AE04, AE05) and two stride settings (3 and 5). As a
result, the deepest model, AE05, achieved the best overall detection performance, recording 92.39% accuracy, 96.59%
NPV, and 95.45% specificity on the stride-5 dataset at the 0.95 quantile threshold. Experimental results confirmed that
both model depth and stride size contributed to improved detection accuracy, and the proposed method demonstrated
high practical potential for thermography-based blade defect detection.
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Table 2. Model Performance Comparison (Stride = 3)

Model | Analysis [Accuracy|Precision| Recall | NPV (Specificity

Mean | 60.45% | 07.15% |67.72%|97.62%| 60.12%
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AEO05 | Mean+6G | 82.94% | 09.06% |32.43% |96.53% | 85.23%

0.95 92.03% | 13.75% |15.84%|96.16% | 95.49%
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Fig. 3. Reconstruction Error per Image with Threshold for AEO3
on the Stride-3 Dataset
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Table 3. Model Performance Comparison (Stride = 5)

Model| Analysis | Accuracy|Precision| Recall | NPV |Specificity

Mean | 61.24% | 06.67% |69.49% |98.03% | 60.91%

AE03 |[Mean+o| 85.81% | 10.09% |33.75% | 97.06% | 87.91%

0.95 92.54% | 14.07% [18.20% | 96.67% | 95.53%

Mean | 57.51% | 06.38% |73.07% | 98.13% | 56.89%

AE04 |Mean+c| 83.70% | 08.85% |[34.58% | 97.02% | 85.67%

0.95 92.46% | 13.23% |17.12% | 96.63% | 95.49%

Mean | 55.65% | 06.00% |71.40% |97.95% | 55.01%

AEO05|Mean+c| 83.38% | 08.24% |32.59% | 96.92% | 85.42%

0.95 92.39% | 12.59% |16.29% | 96.59% | 95.45%

AEO3 - Reconstruction Error per Image with Thresholds
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Fig. 6. Reconstruction Error per Image with Threshold for AEO3
on the Stride-5 Dataset
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0.0016

== Mean
0.0014 1 w = Mean + 10
5 0.00124 == 95% Quantile
E
= 0.0010
S
S 0.0008
2 0.0006
s &
&

0.0004 :
0.0002

0.0000

0 20000 40600 60000 80000 100000 120000 140000
Image Index (spread out)

Fig. 7. Reconstruction Error per Image with Threshold for AEO4
on the Stride-5 Dataset

AE05 - Reconstruction Error per Image with Thresholds

0.0025
== Mean

== Mean + 1o
0.0020 4 — = g5% Quantile

0.0015

0.0010

Reconstruction Error

0.0005 4

0.0000

0 20000 40000 60000 80000 100000 120000 140000
Image Index (spread out)

Fig. 8. Reconstruction Error per Image with Threshold for AEO5
on the Stride-5 Dataset

Edfo]= 5 AL Ho]

o F92 Fo] 44 e stol BAHAL, ole] et
Yo} Solwst A% PYHL ANE A 4 Yok

4.3 A

sERtolEe} wel Zolof uhE ol4t B 458
3 A3, a2 AY 4TS SRIT 4 o

SOl e TATE U] AHgT AEsto =7t 3 o
o uf 2Elo] 45g wmet Ak AWHoR AEdo|s
7} selufjo] 7ol N HohE, AUE, So|wrt £ A
SHe AL SRIT 4 ARl ol AEvto|=s) #A4
%2 vlojel} 2haelm, melo] Kot Faigh A4 HH
&F53F O 2 44 @ B (False Positive)o] £0]l& Z3l2 A=
o} AE A3} 5, AE05 Rl AETRO| & 5 g o] Alo) A
0.95 Quantile’ QJA|Z} 7|2 %‘Q}E 92.39%, EO| % 95.45%=
Shgehn] Jb et 4% Sasslch weka, ek
5 120l 583 A4 o B4 S E Asetol
£ 5 470] Hgelry ekt

A% bl 2y

el Zlojo]| W2 A5 W= u|wdl Zy}, mdlo] Zlo]
7} ZAojA= ﬂx] Aio] FALE = AL Bkols) 4= 919)
ch. AE05 ndle ZANA 71 2o AUl A
& BofFgl OIL HEQD Zol7t Rojaps o B
25t o gEa} u| sl o)A A5 E 5T o2 §5317)
o 2 2 Ech AR B9 HBE A Spatglo
B, AE05 welo] U, A@e 7+ #q SuolA: 1

rO

0] 9t
ol g0l 71F0E AHEHE QA A G E
AE AT B3 Sl 5 Aeh Mean' YA A
dES w9 A wA= vles SAA &8 o] 37t
3R L, M2 ‘0.95 Quantile YAZS =2 FUre &
o= S Bk Al A AT FAL AL Tl 5
AATE Al 7FA] AAIZE A Fofl A= 0.95 Quantile’ YA
ko] 74 0}7@;@0] Az =28 Bz A58 A2ty
th AE0s BHe] A9 AT AN A we ot
(92,3909} 50| £(95.45%) 2 T4 o1, A5 £ 5ol
A EEaR LS JAISHIT TR 2 Atlld= 0.95
Quantile AAGS 24 7|22 A3t o, o= A
Al B A G Al PR A AET HE OHES BA
o @4 = Sl A2 AlmdEY.
FHoR, B g Aol mulo] 7o, AEo|E 2
71, AAgE Aol B ol 'A Aol T8 e 1
7\]1:]—‘_ 7@; ioq,%_ul— Ea—] AE05 Et—ﬂjf_} /\Eal_o]: 53
A, 18] 0.95 Quantile A AZE 7|2 Z&to] 71 oA A
o|i AFE £& Aeg ATt ol 2h Holrt
Z71e4% B4 o d e FYshA stela s
ol & T3l T HIolHE =0 A4 wHe] HE

rSL'

i



High-Speed Defect Detection in Offshore Wind Turbine Blades Using Autoencoder-Based Thermographic Image Dataset

603

S 29| g g,

webd, Aokl RAE SElET Z19 o4k A 7]
2 A HolETte 2 =2 92.39%2] HSF= 2} 95.45%9]
Sol=g WA 4 9leg skt olefat Auki g
F sk dlolel Z1ek wlnha) Ak Rofol A, male] 7z
of ol 74 a0l AT A BE POl S
& ol 29190 AlARiTh

okl O ¢
N o
N, o
O o
ot
ﬁr&m&—:
i) e
ﬁ. |r—r‘
= o>“19‘
i -
ity
! o
i} —m—'l.r{
o LS
z O
=
4 K
)
z Mo
==
e =
rO
O]I‘ ol
T
lo
g
o I
_I_‘,"U
flo e > mh 2%

A

= T
oA mdlo] Zlo|o} HlolHAlS A5k AETR}
o] =7] 1AL AR 71 Aol WE ol 'HA A
T Hlustith A A3, AERLO| & 5 T o EJ Al o A]
AE05 mdlo] olAIZF 7]3E 0.95 Quantile® AA3}9-S
HBE 92.39%0] EO|% 9545%% 7P o LS 1o
FE A ST 5 YU ol wulo] Zoj WS Byt
gt d el & A UsHA shgste] BA A7) 3
2Ego|=rt AZASE ol S50 o 44 e &

Fo| ¢H3ES AlAKT

2 A FEUAT] EYol=Y A% "HAE qtt &€
SHE 7INE HIA = gk A9 7He S AS ST 3%
AtoA= LEIAY "do] XL Q1= 4 A
&9 trade-off A E FHSIIL AAE AEE =
SH| HEg e o= Q= &2 AT mdlojuf EffiAzT 7|

L

©
[

2 A9 dR= A S AE R (MOTIE) 9] ¢ o =2
Sh=tol| 4 ] 7] & B 7FA(KETEP) 9] &l A (THA| &
:20224000000220)2] A& Hho} == om, AR = Ak
A AL F(MOTIE)S] YO 2 k=t A|7]=F7Hd
(KETEP)9] &1 T4 (A ¥ £.:20224000000040) 2] 2] $1-2-
dhol =y =] 9l ch.

REFERENCES

1. Ma, L, Jiang, X,, Tang, Z., Zhi, S., and Wang, T., “Wind Turbine

10.

11.

12.

13.

14.

Blade Defect Detection Algorithm Based on Lightweight MES-
YOLOV8n,” IEEE Sensors Journal, Vol. 24, No. 17, 2024, pp. 28409-
28418.

. Chon, H., Oh, D,, and Noh, J., “Enhanced Prediction Perfor-

mance of Internal Defect Detection in Wind Turbine Blades on
Thermography Using Deep Learning Models with Prepro-
cessed Synthetic Data,” Applied Sciences, Vol. 15, No. 6, 2025,
pp. 3042.

. Masita, K., Hasan, A. N, Shongwe, T, and Hilal, H. A., “Deep

Learning in Defect Detection of Wind Turbine Blades: A Review;’
IEEE Access, Vol. 13, 2025, pp. 98399-98425.

. Yang, B., and Sun, D., “Testing, Inspecting and Monitoring

Technologies for Wind Turbine Blades: A Survey,” Renewable
and Sustainable Energy Reviews, Vol. 22, 2013, pp. 515-526.

. Pratt, R, Allen, C., Masoum, M. A., and Seibi, A., “Defect

Detection and Classification on Wind Turbine Blades Using
Deep Learning with Fuzzy Voting,” Machines, Vol. 13, No. 4,
2025, pp. 283.

. Ibarra-Castanedo, C., Tarpani, J. R., and Maldague, X. P, “Non-

destructive Testing with Thermography,” European Journal of
Physics, Vol. 34, No. 6, 2013, pp. S91.

. Ibarra-Castanedo, C., Benitez, H., Maldague, X., and Bendada,

A, “Review of Thermal-contrast-based Signal Processing Tech-
niques for the Nondestructive Testing and Evaluation of Mate-
rials by Infrared Thermography,” In Proc. Int. Workshop on
Imaging NDE, Kalpakkam, India, Apr. 2007, pp. 1-6.

. Kou, L, Li, Y., Zhang, E, Gong, X., Hu, Y., Yuan, Q, and Ke, W,,

“Review on Monitoring, Operation and Maintenance of Smart
Offshore Wind Farms,” Sensors, Vol. 22, No. 8, 2022, pp. 2822.

. Mishnaevsky Jr, L., “Root Causes and Mechanisms of Failure of

Wind Turbine Blades: Overview;” Materials, Vol. 15, No. 9, 2022,
Pp- 2959.

McGugan, M., Pereira, G., Serensen, B. E, Toftegaard, H., and
Branner, K., “Damage Tolerance and Structural Monitoring for
Wind Turbine Blades,” Philosophical Transactions of the Royal
Society A: Mathematical, Physical and Engineering Sciences, Vol.
373, No. 2035, pp. 20140077.

Kwaon, K. A., Choi, M. Y,, Park, H. S., Park, J. H., Huh, Y. H,,
and Choi, W. ], “Quantitative Defects Detection in Wind Tur-
bine Blade Using Optical Infrared Thermography,” Journal of
the Korean Society for Nondestructive Testing, Vol. 35, No. 1,
2015, pp. 25-30.

Kim, K. S,, Jeon, S. Y, and Jung, H. C., “Defect Detection of
Impacted Composite Tubes by Lock-in Photo-infrared Ther-
mography Technique,” Journal of the Korean Society for Non-
destructive Testing, Vol. 31, No. 2, 2011, pp. 139-143.

Chon, H., and Noh, J., “Review of Wind Turbine Blade Defect
Detection Algorithm Based on Al JMST Advances, Vol. 7,
2025, pp. 1-6.

Ma, Y., Martinez-Vazquez, P, and Baniotopoulos, C., “Wind
Turbine Tower Collapse Cases: A Historical Overview; Pro-
ceedings of the Institution of Civil Engineers-Structures and
Buildings, Vol. 172, No. 8, 2019, pp. 547-555.



	해상풍력발전기 블레이드 열화상 데이터를 활용한 오토인코더 기반 고속 결함 탐지
	1. 서 론
	2. 실험 및 데이터 획득
	2.1 데이터셋 획득

	3. 연구 방법
	3.1 오토인코더 기반 결함 분류 모델
	3.2 모델 학습 및 평가

	4. 연구 결과
	4.1 스트라이드 3 데이터셋에서의 모델 성능
	4.2 스트라이드 5 데이터셋에서의 모델 성능
	4.3 연구 결과 비교 분석

	5. 결 론
	후 기
	References


