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Abstract

Regular detection of dust on photovoltaic (PV) modules is crucial for their maintenance because dust
can hinder light harvesting and decrease power generation. The current study utilized drone images of
panels and deep learning techniques to detect dust and evaluate the performance of a prediction model.
After acquiring and preprocessing the drone images of the panels in Samcheok city, Gangwon state,
we applied five deep learning techniques to identify and categorize the panels as dusty or clean. We
evaluated the performance of these techniques using a confusion matrix. The convolutional neural
network technique demonstrated the highest predictive performance with an area under the curve of
80.6%, classification accuracy of 66.0%, and recall of 94.0%. However, the model's high predictive
performance for dusty panel cases was accompanied by a high rate of misclassification for the clean
panel cases, indicating the need for improvement. The proposed analytical model can be used to
quickly screen and evaluate the dusty panels in large-scale power plants.
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Fig. 1. Exemplary images of clean and dusty PV modules.
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Fig. 2. Flowchart of PV panel dust detection using drone imagery and deep learning techniques.
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Fig. 3. Design of the widget-based analytical process in Orange Data Mining software for PV panel dust detection.
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Table 1. Specification of DJI Mavic 2 Enterprise Advanced drone
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Type Features

Performance

Dimensions (L x W x H)

Folded: 214 x 91 x 84 mm3

Takeoff weight (without accessories)

Unfolded: 322 x 242 x 84 mm3

Aircraft - -
Max. speed 72 kph (S-mode, without wind)
Max. flight time 31 min (measured while flying at 25 kph in windless conditions)
M2EA Sensor resolution 640 x 512 @30Hz
Thermal Digital zoom 16 x
Camera Measurement: = 2°C or + 2%, whichever is greater.

Accuracy of thermal temperature

Table 2. Image data classification for deep learning-based detection of PV panel dust

Data type Data size Clean PV Dusty PV Sum (ratio)
Training data 400 400 800 (80%)

Test data 100 100 200 (20%)
Sum (Ratio) 500 (50%) 500 (50%) 1,000 (100%)
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Fig. 4. Schematic diagram for k-fold cross-validation at the data training stage.
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Fig. 5. Formulas used to evaluate the categorization prediction performance of deep learning algorithms.



EE Y olvAe} "Ed 7IMe o83 HiYd Hde] WALy 'A

T

Table 3of] AJA|H vkel o] HE A F(5F) oA &H
goleE 7P & 53 71 CNN 2el 2 eyt
KNN, SVM, RF, AdaBoost 7|'o] 71 52 o]olt}. CNN
249l CA7}0.8660]2H= A-& CNN X glo] X 8004+
9] o]u] 2] % 86.6%°| BFSh= 69274 <] §F HA| 2§ o 7
£ SHIEA T53tk= Yu]E AT 4= Qloh 5749 A
T A ELO R n|FolE off BT FgsiA] = e A
S 2 e Qlok oyt FH dlojE gks WY o= S-fold
cross validation 7|92 ARE-317] wj&of olaf| Al=%]=
o A2y wfjuic; YR 7 4= g} that 2 Aol A= gt
A1 2o A 57 Bt x| 3k thgk 57 Held date]
E 99 He2 A glglom, obgf o AAH gk 10
3] BHE A3k Aute] P X E vERdch

obd ElaE ARo) 4
W SOl A Mgt viel o] F 2009 HIAE A&
(uﬂx]god 100%}, vH] 2. 100% )E Ao 2 day 7|
o o5 Ao} AR WA 24 ol5g vl At

3% % SA A=
E—ﬂaﬂl “Zﬂi ZASHE WA,
W, 472 1] 2 ol
g].o]zsl— 2z olq

OE

29

& oA A Hs st AT

Table 4= B3 o2 2] WA 2 7 23] digt |
2l el S5 ARE A IS Aol 2 Ao

ofl 2k - HCNN sl
£ 43 94 A5 4G P
E)A) o3t 4627, PN
2% A6l ek Held wd
oo kA of| 23} 7

L= RSN

TP e o O] WA 2 do] Gl A
7.9-947)), TN L | 2 o] ¢}

WA 2 o] gl
HA 2 o] 9l=

L o =
%}\“\_ %‘TE

LEF

Ea2id 7|8e| HIAE XI= 8 HSErL Zat AEt 52 s Bz 2 Hed dare|So
Aol Hed BAY HE B FANREF R Sy g By WA 0q BR oE H5AEE
50 olul S| S ol mEE malleamen B Table 5ol aofalsic. £l 4] sierel Azt bt
LE zbzof Agsto] B wjd o] WA ey o AR EESHAA CNN o] 7MY 2 &7 A5 s
£ A5l ol &(predict)sh= A o] t). wfeha] 21745k 2Ju] 2 H Yt} 1 S 2=RF, kNN, SVM, AdaBoost2] &=
oA Held 7IHe 5% A5 e AEe T Am7E EAh ook e Ak= 7 e o] A= w1y
Table 3. Learning performance index of each deep learning model for categorizing clean and dusty PV panels
Algorithm AUC CA Precision Recall F1 score Rank
AdaBoost 0.710 0.710 0.706 0.720 0.713 5
CNN 0.931 0.866 0.865 0.868 0.866 1
kNN 0.873 0.812 0.826 0.792 0.809 2
RF 0.855 0.786 0.804 0.757 0.780 4
SVM 0.875 0.781 0.761 0.820 0.789 3
Table 4. Results of the confusion matrix of deep learning algorithms for categorizing clean and dusty PV panels
Predicted Predicted
AdaBoost — - CNN — -
Positive Negative Positive Negative
Positive 65 35 Positive 94 6
Actual - Actual -
Negative 70 30 Negative 62 38
Predicted Predicted
kNN RF
Positive Negative Positive Negative
Positive 82 18 Positive 83 17
Actual - Actual -
Negative 71 29 Negative 63 37
Predicted
SVM — -
Positive Negative
Positive 71 29
Actual -
Negative 76 24
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Table 5. Predictive performance index of each deep learning model for categorizing clean and dusty PV panels

Algorithm AUC CA Precision Recall F1 score Rank
AdaBoost 0.475 0.475 0.481 0.650 0.553 5
CNN 0.806 0.660 0.603 0.940 0.734 1
kNN 0.639 0.555 0.536 0.820 0.648 3
RF 0.627 0.600 0.568 0.830 0.675 2
SVM 0.562 0.475 0.483 0.710 0.575 4

Fig. 6. Exemplary photos of the results of misclassification of dirt on a PV panel. (a) FP, (b) FN.
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