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Abstract: Electroluminescence (EL) imaging combined with feature-based supervised learning was often used for photo-
voltaic (PV) cell anomaly detection. However, supervised methods incurred high labeling costs and failed to detect
anomaly patterns not present in the training set. Unsupervised learning was employed to address these issues. Neverthe-
less, no established paradigm had existed for the efficient utilization of multi-scale features in unsupervised anomaly de-
tection. To tackle this challenge, a novel unsupervised PV cell anomaly detection method, MFRAD, was proposed. Multi-
scale features of EL images were first extracted using a deep convolutional network. Then, an efficient adversarial recon-
struction module was designed for high-dimensional multi-scale features. Finally, reconstruction errors in both the feature
space and latent space were combined to generate anomaly scores, enabling effective detection of PV cell anomalies. The
experimental results showed that MFRAD achieved ROC-AUCs of 0.956 and 0.868 on monocrystalline and polycrystal-
line photovoltaic cell EL datasets, outperforming other unsupervised anomaly detection methods.
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GANomaly 0.881 0900 0817 0.818 0.858 0.837
f-AnoGAN 0.926 0.920 0.870  0.941 0.792  0.860
DFR 0.940 0.951 0.882 0.877 0.892 0.884
DACL 0.936 0949 0854 0951 0.808 0.874

MFRAD 0956 0.965 0.899 0.887 0917 0.902

®2 ZECARRMBIRES EHEER

pon B¢ PR mms mEx D
AUC  AUC %

GANomaly 0.771 0.797 0.735 0.765 0.679 0.719
f-AnoGAN 0.803 0.838 0.743 0.933 0.522 0.670
DFR 0.839 0.877 0.799 0.864 0.710 0.779
DACL 0.831 0.860 0.781 0.890 0.698 0.782

MFRAD 0.868 0.899 0.810 0.888 0.709 0.788

33 LWER

F 1M 245 H 7 MFRAD F1 T A b 5 =48
R B SLIG st R, AR E I BoR. K3
BT A TR HERLIE B FPS 845

®3 HEIBEE FPSIEMT

e FPSCik/A)
GANomaly 61.95
f-~AnoGAN 57.97

DFR 29.67

DACL 51.23
MFRAD 25.49
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em 6 R R B 4R Bk B T & & 1 ROC-AUC
(0.956) . PR-AUC (0.965). UERIFE (0.899). H
12 (0.917) FIF1 0% (0.902), fEZ ik
HhEE 4 Fik B T B E I ROC-AUC (0.868). PR-
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S TR PR EAE T, A0 BRI R 1l A
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P S5 A 00 5 R
3.4 HRRSCLE
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O R % R ) B (0 A P o FRATTRRE T PR 9 R AT 7 2
RSPR, B RORAME M NG e, Kk
[ FP A — S . “-D" R ANME R A AR, D
AN FH o 0 SR s I A5 2

# 5 MFRAD T{REIZE#

A1 B I g fidh 25 2
BIN
MFRAD-E x N
MFRAD-D J x
MFRAD J

£4 BEHNESLREIIEEE TR S WETHER
g

%y;ﬁ# Ti; 2; B MR A F;%

n&256 0.956 0.965 0.899 0.887 0917 0.902

fh&128 0.921 0.935 0.848 0.839 0.900 0.868

fh&256 0.868 0.899 0.810 0.888 0.709 0.788

m&128  0.798  0.856  0.772  0.848  0.664  0.745

W &

®

®6 BESUARMBUIRES LiHRSINER

- ROC- PR- kK& HE Fl-5

AUC AUC % Zz: 3 #

MFRAD-E 0.948 0.957 0.891 0.885 0.900 0.893
MFRAD-D 0.943 0953 0.874 0.888 0.858 0.873
MFRAD 0.956 0.965 0.899 0.887 0.917 0.902

FT ZEMREMBUERE LIEMSIINER
ROC- PR- {#f#i K HE Fl-4r

e AUC AUC % % % ¥}
MFRAD-E 0.853 0.891 0.809 0.895 0.702 0.787
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MFRAD 0.868 0.899 0.810 0.888 0.709 0.788

F 6 13K 75 T MFRAD A1 3 At A2 fA 7F 5
GUEA TP NGk €10E NN P S - & Y A

P UOHARRR . T RLE Y, FRATTHE H B 5 TR LR R
S AR b £ 4R B B B9 ROC-AUC (0.956) -
PR-AUC (0.965) . #E #ff & (0.899) . H [ &
(0.917) FIF143%0 (0.902), 72 &aiR B it H i
# b4 &% = ) ROC-AUC (0.868) . PR-AUC
(0.899). HAIHIFE (0.709) FIF14-% (0.788), K&
I AR T A AR

5 bE—/NAEE, A TR ETE 7 s BE
PERARICR A BEE N 10%, LLE— DK & Rl oy
RELBRN AR, WNE6aTLIE L, AMIFE
PRI T, FRATI R T7 2 MFRAD B A i & 1)
B, BT e HAa ARk,

1.0
0.9

= e

f 0.6%
3H
E_IIO'S
[==%
juf; 0.4
0.3
0.2 —e— MFRAD
=~ MFRAD-E
—+— MFRAD-D

0.1

0,
8.00 0.01 0.02 0.03 0.04 0.05 0.06 0.07 0.08 0.09 0.10

fERpAtE 3

1.0
0.9
0.8
0.7

B 0.6

3H
E_IIO'S

(=N
it 0.4
0.3

0.2 —e— MFRAD
=~ MFRAD-E
—+— MFRAD-D

0.1

0,
8.00 0.01 0.02 0.03 0.04 0.05 0.06 0.07 0.08 0.09 0.10

sl
K6 THRERIS A BB R vs. R PH M R h 2

Her, B RsgoeREEimEmas R, T
7 52 %2 SR d i B s B I A5 B

T UL HY S BRI Bl 55 0 50 S A 20 6 T
R S R I BE S FHEREVE R, HoH 48 1 5T
[N
4 HERIE

ASCHE T AT REUOE (EL) BRI



<10 . o W

% iR H XX &

JE B GAR Fb R T R . IR MO AR LI
() EL R h $R B 2 ROBEVR BERFAE, AR 474k 25 )
H R 6 B S A R DT VAT e AN . FRATTIR Ak
I E I 2 RO RR e T B AR, R
F T Gt ds — Ao A8 —Jm Rt 2% 45 K4 1) A s A1 3 T
Wasserstein £ 55 10 5111 257 WG o il S50 27
RUEE 2 i 5| N BRI A 2% [B) — BV 29 RN e 4 S s
B Re R A E A . EHERE R By, A
EL BR8P 476 1 2 RBERHIE I 3544 2 22 Al
TSR R EE A R 22, B B b s ol PR P S
M. F%E: T GANomaly. f-AnoGAN F1DFR, ffr#z
J7 FRAEH A 2 i E s 4R B ROC-AUC 73 5113
T T 413.8% F17.0%. [FES, &S00 Rtk —
BEIE T TR TT AR ERIES AR S &
B o

FATE) TAE AT A CAR JUAN 7 gk AT etk . 1
Je, T TAEEME LR E ¥ I, BARALRE
T35 A] DARE G b e AR AR R s B A, (BXE LA
BRI e REAR RS IR iR . BRI, E AT 7T ey
FIH A > &8 7 W AN TA i O A A
PASEI R A S S s Al o LR, FRATT B TAEA &
XPGAR Bt AT S A, B IR Bt 2
FEH, MARSCHLRE B E . RRA L EAEI
A LTAEMEEAR B, BB R B R e S
ki

EEPEE

[1] International Energy Agency. Renewables 2024[R]. Paris: IEA,
2024. [2024-07-29]. Available: https://www.iea.org.

[2] AKRAM M W, LI G, JINY, CHEN X, EL-BANBY G M. Failures
of photovoltaic modules and their detection: A review[J]. Applied
Energy, 2022, 313: 118822.

[3] AL-OTUM H M. Deep learning-based automated defect classifica-
tion in electroluminescence images of solar panels[J]. Advanced
Engineering Informatics, 2023, 58: 102147.

[4] OZTURK E, OGLIARI E, SAKWA M, DOLARA A,
BLASUTTIGH N, PAVAN A M. Photovoltaic modules fault detec-
tion, power output, and parameter estimation: A deep learning ap-
proach based on electroluminescence images[J]. Energy Conver-
sion and Management, 2024, 319: 118866.

[5] Demirci M Y, Besli N, Giimiiscii A. Efficient deep feature extrac-
tion and classification for identifying defective photovoltaic mod-
ule cells in electroluminescence images[J]. Expert Systems with
Applications, 2021, 175: 114810.

[6] ZHANG J, YANG W, CHEN Y, DING M, HUANG H, WANG B,

et al. Fast object detection of anomaly photovoltaic (PV) cells us-
ing deep neural networks[J]. Applied Energy, 2024, 372: 123759.

[71 RAMADAN E A, MOAWAD N M, ABOUZALM B A, SAKR A
A, ABOUZAID W F, EL-BANBY G M. An innovative trans-
former neural network for fault detection and classification for
photovoltaic modules[J]. Energy Conversion and Management,
2024, 118: 118718.

[8] NGUYEN H, NGUYEN T A, TOAN N D. Optimizing feature ex-
traction and fusion for high-resolution defect detection in solar
cells[J]. Intelligent Systems with Applications, 2024, 24: 200443.

[9] DEMIRCIM Y, BESLI N, GUMUSCU A. An improved hybrid so-
lar cell defect detection approach using Generative Adversarial
Networks and weighted classification[J]. Expert Systems with Ap-
plications, 2024, 252: 124230.

[10] XIA X, PAN X, LI N, et al. GAN-based anomaly detection: A re-
view[J]. Neurocomputing, 2022, 493: 497 - 535.

[11] OTAMENDI U, MARTINEZ I, OLAIZOLA 1 G, QUARTULLI
M. A scalable framework for annotating photovoltaic cell defects
in electroluminescence images[J]. IEEE Transactions on Industrial
Informatics, 2023, 19(9): 9361 - 9369.

[12] QIAN X, LI J, CAO J, WU Y, WANG W. Micro-cracks detection
of solar cells surface via combining short-term and long-term deep
features[J]. Neural Networks, 2020, 127: 132 - 140.

[13] SCHLEGL T, SEEBOCK P, WALDSTEIN S M, et al. f-AnoGAN:
Fast unsupervised anomaly detection with generative adversarial
networks[J]. Medical Image Analysis, 2019, 54: 30 - 44.

[14] GULRAJANI I, AHMED F, ARJOVSKY M, DUMOULIN V,
COURVILLE A. Improved training of Wasserstein GANs[C]//Pro-
ceedings of the 31st International Conference on Neural Informa-
tion Processing Systems (NIPS). 2017: 5767 - 5777.

[15] ZHU J, DENG F, ZHAO J, CHEN J. Adaptive aggregation-
distillation autoencoder for unsupervised anomaly detection[J].
Pattern Recognition, 2022, 131: 108897.

[16] HU D, ZHANG C, YANG T, FANG Q. A deep autoencoder with
structured latent space for process monitoring and anomaly detec-
tion in coal-fired power units[J]. Reliability Engineering & Sys-
tem Safety, 2025, 261: 111060.

[17] HADSELL R, CHOPRA S, LECUN Y. Dimensionality reduction
by learning an invariant mapping[C]//2006 IEEE Computer Soci-
ety Conference on Computer Vision and Pattern Recognition
(CVPR). 2006: 1735 - 1742.

[18] WANG Z, BOVIK A C, SHEIKH H R, SIMONCELLI E P. Image
quality assessment: From error visibility to structural similarity[J].
IEEE Transactions on Image Processing, 2004, 13(4): 600 - 612.

[19] RONNEBERGER O, FISCHER P, BROX T. U-Net: Convolu-
tional networks for biomedical image segmentation[C]//Proceed-
ings of the Medical Image Computing and Computer-Assisted In-
tervention (MICCAI). 2015: 234 - 241.

[20] KANG X, L1Y, ZHANG Y, MA N, WEN L. Anomaly detection in

concrete dam using memory-augmented autoencoder and genera-



% XX

HIZEE . — PP RO BRI JE MU E R OR s S R Al 56

o 11 »

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

tive adversarial network[J]. Automation in Construction, 2024, 168
(A): 105794.

AKCAY S, ABARGHOUEI A A, BRECKON T P. GANomaly:
Semi-supervised anomaly detection via adversarial training[C]/
Proceedings of the Asian Conference on Computer Vision
(ACCV). 2018: 622 - 637.

DENG H, LI X. Anomaly detection via reverse distillation from
one-class embedding[C]//Proceedings of the 2022 IEEE/CVF Con-
ference on Computer Vision and Pattern Recognition (CVPR).
2022: 9727 - 9736.

TIEN T D, DO H V, HUYNH T V, KIM D S. Revisiting reverse
distillation for anomaly detection[C]//Proceedings of the IEEE/
CVF Conference on Computer Vision and Pattern Recognition
(CVPR). 2023: 24511 - 24520.

WANG R, LI Z, ZHENG L, WANG W, LI S. Deep feature cluster-
ing for multi-class industrial image anomaly detection[J].
Knowledge-Based Systems, 2025, 311: 113134.

GUDOVSKIY D, ISHIZAKA S, KOZUKA K. CFLOW-AD: Real-
time unsupervised anomaly detection with localization via condi-
tional normalizing flows[C]//Proceedings of the IEEE/CVF Win-
ter Conference on Applications of Computer Vision (WACV).
2022: 1819 - 1828.

DEFARD T, SETKOV A, LOESCH A, AUDIGIER R. PaDiM: A
patch distribution modeling framework for anomaly detection and
localization[C]//ICPR International Workshops and Challenges.
2021: 35 - 42.

SHI Y, YANG J, QI Z. Unsupervised anomaly segmentation via
deep feature reconstruction[J]. Neurocomputing, 2021, 424: 9
-22.

TAO D, ZHANG W, MA Z, HOU Z, LU Z, ADAK C. Unsuper-

[29]

[30]

[31]

vised anomaly detection for surface defects with dual-siamese net-
work[J]. IEEE Transactions on Industrial Informatics, 2022, 18
(11): 7707 - 7717.

SALEHI M, SADJADI N, BASELIZADEH S, ROHBAN M H,
RABIEE H R. Multiresolution knowledge distillation for anomaly
detection[C]//Proceedings of the 2021 IEEE/CVF Conference on
Computer Vision and Pattern Recognition (CVPR). 2021: 14897 -
14907.

SIMONYAN K, ZISSERMAN A. Very deep convolutional net-
works for large-scale image recognition[EB/OL]. (2014-09-04)
[2024-07-29]. https://arxiv.org/abs/1409.1556.

LI X, ZHENG Y, CHEN B, ZHENG E. Dual attention-based in-
dustrial surface defect detection with consistency loss[J]. Sensors,
2022, 22(14): 5141.

(fEE ]

HZRIE (2001-), J5, BB K2 mi
BRI A, BRI FONRE Y], Tl
BRI

FEiE (1974-), 5, 14
T, BRI H RSN
RSN e E A N
A S, 3 BT EE R
UL RN TR RS B2
P IR S MR AL A
5 5RO A
FINF




