ISSN 1003-50;1X . CN 51 1346/04

[E BB £ B4 Al & B9 A PHAE B it iy R IR B4l
MEE, %, #F, BER, KRR

S| A

MER, @M%, #R, & EHNLBHEMSHARRERMF REREKRIJ]. LB TRE, 2024, 51(1): 230292.
TaoZ Y, HeY, Lin S, et al. Surface defect detection of solar cells using local and global feature fusion[J]. Opto-
Electron Eng, 2024, 51(1): 230292.

https://doi.org/10.12086/0ee.2024.230292
%5 H H#A: 2023-12-01; &5 H HA: 2024-02-02; S F HH3: 2024-02-02

PSS
H iS85 RE S RIS E O T2 gLt

PSR, SRR, KM, P
HETFE 2024, 51(1): 230304 doi: 10.12086/0e€.2024.230304

MESHPERBEN RSN EINE

&R, 2, GERdR, Mk

ST 2023, 50(10): 230166 doi: 10.12086/0ee.2023.230166
B4 Swin Transformerf 32 AT &L /7% STransMNet

TETF, W, HWEY, UL, EXA

ST 2023, 50(4): 220246 doi: 10.12086/0ee.2023.220246
B AT = 182 R EFaster RCNNHI Z 406 )

Mgk, X, Bk

SE T 2021, 48(1): 200112 doi: 10.12086/0ee.2021.200112

Tt TN L

OEE £ & x4

Opto-Electronic Engineering

http://cn.oejournal.org/oee @ OE_Journal Website


https://www.oejournal.org/oee/
https://www.oejournal.org/oee/
https://www.oejournal.org/oee/
https://doi.org/10.12086/oee.2024.230292
https://cn.oejournal.org/article/doi/10.12086/oee.2024.230304
https://doi.org/10.12086/oee.2024.230304
https://cn.oejournal.org/article/doi/10.12086/oee.2023.230166
https://doi.org/10.12086/oee.2023.230166
https://cn.oejournal.org/article/doi/10.12086/oee.2023.220246
https://doi.org/10.12086/oee.2023.220246
https://cn.oejournal.org/article/doi/10.12086/oee.2021.200112
https://doi.org/10.12086/oee.2021.200112
https://cn.oejournal.org/article/doi/10.12086/oee.2024.230292?viewType=relative-article
https://cn.oejournal.org/article/doi/10.12086/oee.2024.230292?viewType=relative-article
https://cn.oejournal.org/article/doi/10.12086/oee.2024.230292?viewType=relative-article
http://cn.oejournal.org/oee

Opto-Electronic Engineering Art|C|e

% & x

2024 F, 55515, %5 188

DOI: 10.12086/0ee.2024.230292

EERFn & EFFERE & A K FHERE

224x224%3224x224x12

Pt 4 R ERBEG g

3
282896
14x14x192
7x7x384

4ozl 1% 2 ‘ 1 2 1 7x7x384 11384 1x1xK

IQIQPW ) TEI e, 7&]‘ o, %}\i ) 5&7@% X Xf
R S " . " . - @ nception  (foc2r [ fovir Clobal average Convad

T TREEA KR SR TR, 107 #5 125105; pocins

YL BHEE TR A B S AR TR B, 10T TEFH 110159

HE. Kfafehh RO BAAENEZFKR. RO EZF IR ERFAELLFHE, R, Z2RINSHEG KR
R R BmETS A AN R — G A PR G S . AT E A, 3 AR R BRAB A A o By A AR 69 B AL
Transformer M % (CViT-Net), & %% Ghost I £ (G-C2F) A3k 32 IR d i | 4L 14 B3R 45 4E; KU 5| B AFiE & A7 5%
PR FEAFAE T30 5] F T AFAE; KRG M E Ghost LA (G-VIT) ALk ek o ik | e Fa B 3rds fEAn 2 B4 A8, BB, 413f 7R
FIA AL A AR R A58, AR T CViT-Net-S #= CViT-Net-L FAF Mk si4h. SI4 R KA, 523 MobileVit.
MobileNetV3 #= GhostNet 428 & R %448k, CViT-Net-S af b it B 4 K o4 & 5 A48 T 1.4%. 2.3% F2 1.3%, *F
o, | A mAPS0 4314291 7 2.7%. 0.3% #= 0.8%; 5 ResNet50. RegNet W44k, CViT-Net-L 43 /5 % 4
FIRIT 0.72% A2 0.7%, 0 mAP50 #1427+ 7 3.9%. 1.3%; 5 s# YOLOV6. YOLOV? #= YOLOVS i) /) %
Hpe, 1EAFF W44 CVIiT-Net-S. CViT-Net-L £ #1/£ mAP #= mAP50 #5 47 AR IR #H RAFH MR, 4 Rz K
SCE R K [ R |k B FA A M AR R EL AT R R AL,

A REF ), fHERRS; KFEgbwib; sraaK; seradon

hE 2S5 TP391.4; TP274 XHEFREE: A

VgakBs, fAIfe, MRAR, 5. JRdBA AR Al G i K FHAE LT 5 R BRI [J]. St T#2, 2024, 51(1): 230292
Tao Z Y, He Y, Lin S, et al. Surface defect detection of solar cells using local and global feature fusion[J]. Opto-Electron Eng,
2024, 51(1): 230292

Surface defect detection of solar cells using local
and global feature fusion
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Abstract: The surface defects of solar cells exhibit significant intra-class differences, minor inter-class differences,
and complex background features, making high-precision identification of surface defects a challenging task. This
paper proposes a Convolutional -Vision Transformer Network (CViT-Net) that combines local and global features to
address this issue. First, a Ghost-Convolution two-fusion (G-C2F) module is used to extract local features of the
solar cell panel defects. Then, a coordinate attention mechanism is introduced to emphasize defect features and
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suppress background features. Finally, a Ghost-Vision Transformer (G-ViT) module is constructed to fuse local and

global features of the solar cell panel defects. Meanwhile, CViT-Net-S and CViT-Net-L network structures are

provided for low-resource and high-resource environments. Experimental results show that compared to classic

lightweight networks such as MobileVit, MobileNetV3, and GhostNet, CViT-Net-S improves the classification

accuracy of solar cell panels by 1.4%, 2.3%, and 1.3%, respectively, and improves the mAP50 for defect detection

by 2.7%, 0.3%, and 0.8% respectively. Compared to ResNet50 and RegNet, CViT-Net-L enhances the classification

accuracy by 0.72% and 0.7%, respectively, and improves the mAPS50 for defect detection by 3.9% and 1.3%,
respectively. Compared to advanced YOLOV6, YOLOV7, and YOLOVS8 detection networks, CViT-Net-S and CViT-
Net-L structures, as backbone networks, still maintain good detection performance in terms of mAP and mAP50

metrics, demonstrating the application value of the proposed algorithm in the field of solar cell panel surface defect

detection.

Keywords: deep learning; feature fusion; solar cells; defect classification; defect detection
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RS 4% . N ZERRASERIZE R/ R, ek 4

I 127 v Rt e P S TG R 53Ry 43 S B RS DU 5
P . B =, A RIRICEE . B
MEIBE RS (B2, B, ), BdnsEhrIR
BRI S, ARABUTATE WAL SR b B, St
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PR AR FAAAE N 2R S (R WS
HOt) ST A R A, B FEE R 4970 F,
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Fig. 5 Solar cell types
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Fig. 6 Solar cell defect detection process
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L SR, WG~ > R 0.01, [RIE A FH A 5%
(Cosine) PRELIHEE - 2] R RRE, BLAbh, 4328056 Rk
M SZHE AR ZHan 4 2 frs .

K2 o EFEAAR R AR A A

Table 2 Classify and detect experimentally different

parameter values

SR GRS iRl 2
UPNEIESE S TES 224 x 224 640 x 640
YNZRFEEL (epoch) 100 300
#tE R S| (Batch size) 40 8

5.2 HEZIWSIT

BGUE CVIT-Net A2 75 K BH BE fL 1t 1 i fi 7026
e, 55 3 & B & % ResNet50,
DenseNetl121., EfficientNet-BO., RegNet, MobileVit,
MobileNetV3, ShuffleNetV2 F1 GhostNet 25 X% kb 52 5
e 3 MAL 6 fizs,  Fi A BB R SR T T I 26 2 80
AR ot T 3R RS B (Precision), 44 [i] ¢

(Recall) FIHAERIZR (Accuracy) SEiFM#64n, BEATHITT
AN -

Y
Precision = —=— | %)
(TP+FP)
Y.
Recall = ——— | (10)
(TP+FN)
Y,
Accuracy = I , (1D
(TP+EN+FP+FN)

Horpr: Yo om IE JSREA B AR Y TE 6 15 551 A 1 2 4
5 Yiporp 2N AL U A IE REAR B s Vi /R
Eiﬂ@ﬁ%ﬁi‘ﬁi, YTP+FN+FP+FN%§%:E\*$ZK%&§,
MeAh, HERI S K (Parameter) AT 5 & (FLOPs) JR
ZBREE, EILE R TR AR IR

i ¢ 3 AL 7 RS ab R mT A, AR 2 5 Al
T B WL G B 2 M 4%, CVIiT-Net-S Al CViT-
Net-L FER153 5 S2 B0 T FeA AR R 94.50% £ 95.10%,
RSB/ 94 5.6 MR 21.9 M, BRI )3
4 1.52 G Fl 6.49 Go 5L TH 3 M4 K MobileVit

A3 ARBEEBRNZER%H kA
Table 3 Comparison of advanced convolutional neural network algorithms
el Mk A% Precision/% Recall/% Accuracy/% Parameter/M FLOPs/G
ResNet50 224x224 93.07 95.06 94.38 23.5 4.11
DenseNet121 224x224 90.03 93.78 91.60 6.9 2.86
EfficientNet-BO 224%x224 92.33 94.11 93.60 5.3 0.39
RegNet 224x224 93.25 95.17 94.40 24.5 6.52
MobileVit 224x224 91.48 95.28 93.10 5.6 1.44
MobileNetV3 224%x224 92.78 93.78 92.20 54 0.23
ShuffleNetV2 224x224 91.42 94.78 93.00 34 0.13
GhostNet 224x224 91.56 95.46 93.20 3.9 2.45
CViT-Net-S 224x224 93.00 95.94 94.50 5.6 1.52
CViT-Net-L 224%x224 93.70 96.28 95.10 219 6.49
96 o . | 96 e r
CViT-Net-L CNN-VIT-L
i CViT—Ne.t-§_._____.-—--"."______-___--. | ®r ONN-ITS [ __-I-:{e.gNet |
§ g4 | * MobileNetv3 M RESNSIS0 RegN‘ert _ § 94 :MobileNetvs ResNetsom 7|
S AEfficientNet S 4 EfficientNet
g 93 ogiovie § 93 L oGho Noblevi
< ShuffleNetV2 < ShuffleNetV2
92 92 - . i
#DenseNet121 # DenseNet121
o 0 1 2 3 4 5 6 7 o 4 é 1|2 16 20 2I4
Flops/G Parameter/M

B 7 HEAEGEHERBGTE S RAKETILE

Fig. 7 Comparison chart of model accuracy compared to calculation amount and parameter amount
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Hl MobileNetV3 A 1, CViT-Net-S 2250 Fiit
BRI A 00 R AR Y Bl AT Transformer,
{F A Sl B THURS ff B2 4 bR b B F R T 1.52% Al
0.22%, FIZEETFT 0.66% H12.16%. ShuffleNetV2
B FLOPS 4 0.13 G, {HAHELF CViT-Net-S £ 7 ji
I RO U RS 0 R L o R A DR B R T T 1.8%
1.5% F11.16%.

CViT-Net HL A7 SAE . 55 A R R4 i
CViT-Net-L i B F1 A [7] 3 15535 93.70% F1 96.28%,
AH#E T DenseNet121, FEHAEE | 7 IR FNAER 535
BIHT 2.97%. 2.16% F1 2.9%, SR ER5
/D 43.8% F1 46.8%; CViT-Net-L 525w A1 T iY
RegNet fHEL, Kiofi . 4 ARG B4 327t T
0.45% . 1.11% 1 0.7%, S50 T8 &5 5 AL
T 26 MAI 0.03 G; CViT-Net-S 5 DenseNet121 .
EfficientNet. ShuffleNetV2. GhostNet 2552 & 2% ¥ 4%
LG, ORS00 B . A [al SR 0 B =538 93%.
95.96% Fll 94.5% . Z% MITHE & 45510 5.6 M I
1.52 G, £ FATR, CVIT-Net MZARI7EAIL 250
TR 0 RN 2AT O 75 A Bk TR P R

5.3 AEEEHN AT CViT-Net BylksE L

HEHIE CA R IIHUHIA R, EARIFH e
RIS E—HWIEN T, 250% SE. CBAM. EMA
I CA VER I HLEIHRA R CVIT-Net #R8Ifr | 58S &k
Nz 4 FoR .

SIS AE R W], CVIT-Net BRI ZERI A CA 1 &

JIRIIEBLT , BUS T R ARAREIRE . A SRR
Iy HAE] 93% . 95.94% F 94.5%, HBHEFHH
90 5.64 MR 1.52 G, B4R CAVERE IINSHL
W T SE A CBAM, {HAERGHAEE | A3 [ FER
JEJT TS T B E T, B SE AN T 12.26% .
15.36% F1 6.82%, % CBAM 3BT 6%. 8.34%
F12.26%. HESHRAEFK EMA, K6 . A
BB BT T 5.1% . 9.54% . 1.3%, itEH
FEIRT 0.2 Mo Z5 BRFIR, % CA ik A CViIT-Net #5171
BERRT T RAACR

5.4 HEXLE

R HEUE CViT-Net A5 778 A BH A FL it R 5k B 46
R R, 436 G-C2F #idk | G-ViT &b, CA %
HE AT Szt . Al A T RS 0 ) R R N
B%, 7E CVIT-Net R Hi%E$E CVIT-Net-S W45 ik
TR S AN 5 TR . Baseline #7n 45 A2 Al 4% 1%
JRH A BTN T

“ IORBEA M NZASE N Rl R,
DRI R e AT, IS5 IREH, T ERUZR
2 Z /N Baseline K IR B E A CViT-Net-S F 4%
FERRFRICSEE . AT A [R] S IR AR PR S A
RSB ATTE RSN 94.50% . 5.6 M F11.52 G,
G-C2F B 5 7E SR F i Jry AR SO AR BE AR
FHAL R IR Baseline JLZEAEENNF LIRTL T 5.37%, &
B AR T 39.8% Fl 67.8%; G-ViT
P& TRl G it S R R RRIE A R ARRE

A4 EFAPAHIM R

Table 4 Attention mechanism performance comparison

IR Precision/% Recall/% Accuracy/% Parameter/M FLOPs/G
CViT-Net 79.86 80.25 86.78 4.59 4.2
CViT-Net+SE 80.74 80.58 87.68 5.60 1.53
CViT-Net+CBAM 87.0 87.6 92.24 5.63 1.54
CViT-Net+EMA 87.9 86.4 93.20 5.64 1.72
CViT-Net+CA 93.00 95.94 94.50 5.64 1.52

% 5 CViT-Net-S R4k gk 523
Table 5 CViT-Net-S network ablation experiment

iRl G-C2F G-ViT CA Parameter/M FLOPs/G Accuracy/%
Baseline - - 14.8 42 86.78
CViT-Net-S \ - 8.9 1.35 92.15
CViT-Net-S 12.6 1.51 92.31
CViT-Net-S v J v 5.6 1.52 94.50
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F Transformer @A S S HE T2 12.6 M, HFE
B Y Bl BE SO AR E CVIT-Net-S 7 B i 16 I e i
R 92.31%; it CA FEE SR A EERAE, 7
AR T A3 SRPAE A5 BB A oA At ik 3 T
93%; NP ER, CVIT-Net-S 2 H1#¢ Baseline
(IS TR /0 T 62.1% 1 63.8%, HERf
RIRTLT 7.72%, SHEREFART 9.2 M.

5.5 #ilSEIE 44T
M on g, —. BB H YOLOVS 754
LY KB E AL, mAPS0 B =il 89.4%, ¥k

CViT-Net 445 15 HL It 7 Bk R il oA po st g
YOLOVS {ENFERAIHESE , SR [m] B T 217
SCERIGAIE . Z5R NS 7 Wi, R H Precision, Recall
FISF-H47K5 B YMH (mean average precision, mAP) {EN
PN FE R . Hrh mAPS0 J& B 52 HARAE AR 5 il 5
PRAE TR P 38 5 IR Z LLRTF 50% 19 F- KSR 3
{5 mAP J& 550 HARAE AR5 T H AR i AR 28
EGHEZ HRT 50% HANT 95% HF-Hks B 1
ENTAARFERF AR (12) Fros, m FoRBiE2E)
B, AP | NN IOREEE o

A6 R B AR H ik 2t

Table 6 Experimental comparison of different target detection algorithms

mAP/%
fm mAP50/%
e i e
Two stage:
Faster R-CNN( ResNet50) 86.1 85.4 76.8 82.8
Cascade:R-CNN( ResNet50) 89.3 86.8 79.9 85
Sparse R-CNN( ResNet50) 74.5 75.4 64.1 71.3
FoveaBox( ResNet50) 88.3 85.2 61.8 78.5
One stage:
RetinaNet( ResNet50) 78.7 84.2 63.3 75.4
VFNet( ResNet50) 53.2 56.2 49.7 53
YOLOvV5S 86.2 89.6 86.7 89.4
YOLOvV6S 87.4 89.4 86.5 87.8
YOLOv7 80.8 86.7 81.2 82.9
YOLOvV8S 86.9 88.1 86.0 87.0
YOLOX-S 88.1 88.8 87.2 88
PPYOLOE-S 87.7 89.9 84.5 87.4
YOLOV5(CViT-Net-S) 89.4 93.5 87.4 90.1
YOLOV5(CViT-Net-L) 89.5 93.6 87.5 90.2
& 7 YOLOVS A mIAER T 49F F M 25F b 55
Table 7 YOLOvV5 backbone network comparison experiment
Rl e RGeS Precision/% Recall/% mAP/% mAP50/%
YOLOv5 ResNet50 83.9 85.1 48.4 86.3
YOLOv5 DenseNet121 83.2 83.9 49.0 88.1
YOLOvVS EfficientNet 87.0 84.9 52.1 89.3
YOLOv5 RegNet 86.3 85.5 52.8 88.9
YOLOv5 MobileVit 829 82.0 49.9 87.4
YOLOv5 MobileNetV3 89.5 86.5 58.3 89.8
YOLOv5 ShuffleNetV2 83.7 80.4 48.6 86.8
YOLOv5 GhostNet 85.6 86.3 52.8 89.3
YOLOvVS CViT-Net-S 87.2 87.1 56.2 90.1
YOLOv5 CViT-Net-L 90.1 87.3 61.1 90.2
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1m
AP=— ) AP,. 12
m mZ , (12)

v BT A B R SR H BT R 28 T0I 2k 2 R
YOLOVS S MR Zh 2%, PIthe%>134 0.01,
i Adam DEALZSHELT 300 830114k, dfE R L2
BREAEIR (B2, WERE. B Bk, L3t 4970 A
i e

ST SE R 6 AT, YOLOvS R illAESE , &
T’ 2% R CViT-Net-S Fll CViT-Net-L 52 3 i) f% 1
mAP50 i 53 5 & 90.1% 1 90.2%, mAP {HJE 56.2%
M 61.1%. 5 MobileVit. MobileNetV3. ShuffleNetV2
B T EAA L, CVIT-Net-S 7643 [ 1 mAP ik
BT HAAE ; 5 ResNet50, DenseNet121, RegNet
EMLEHILL, CVIT-Net-S fil CViT-Net-L T M 45 15
Koz . A3 mAP Ml mAP50 {8 _FARFmn, H
AR T SO W B9 CVIT-Net-L 5 T W 4% 41 4
ResNet50 78 4% i B2 A1 43 1] % b4y 542 T+ T 6.2% FI
2.2%, mAP Fl mAP50 b4y 5T T 12.7% F1 3.9%.
[ IF BT AT B T 4876 YOLOVS K6 AE 22 1% ] Ak,
ENLZE R UNE 8 FR, CVIT-Net W 45 76 £ F5 B 24 |
ST | HEOEAI R o (VA ) R sk S A A g RS A
PRAIE T ARG 5 ST HER B . £ . R G-

REAY  JZRAAE A B T P45 RE 70 4 H HUH b e 2 T i
FAARFAIE
5.6 A[E BRGNS AL LE

JHIE CVIT-Net-S Hl CViT-Net-L AF g8 1 R 2%
fill YOLOVS $33 76 K BH it v jth e o Al v LAy
EE R AR, S SRR TR — BB, B 4
HEATXF LU S5, AN () AR A I vk S 36 %o b 5 2R dn
7 W, TERPAREHL M 25 BhiE EUR (RS, i
BE . HEE) B4 AT R SLs . RARLYE A T
SR EFIZE 300 4 epoch, PRSI A0
il ] ~F B JE 640 pixelsx640 pixels, Faster RCNN (
ResNet-50) % 7~ 5% i Faster RCNN > & & #i£ 22 |
ResNet-50 A& TR,

76 APHI, YOLOvV5(CViT-Net). YOLOvS5(CViT-
Net-L) A 5 —Br B . B Be SRR b, eflt
mAP50 435} 90.1% F1 90.2%, F FH G-C2F & I
G-ViT B A M FRE S UM 2% CVIT-Net-S. CViT-
Net-L, FEflA YOLOvS R iHE S f5 AT s a5t 47 K FH
REHL R 3R TSR AR, AR L8 YOLO #1 R-CNN
RONVEILAERGHRRE . A% mAP il mAPS0 S5 24>
W R RS 1 A

6 9= AN
CF IO B R R ATR A F . G-VAT it |
LR vt R R B Jm B R AE RN 42 SR R AR Y CVIT-Net ASCRETUREE 2 ) e ok, 2 T —Fhaetg &
. 4 i 4 . 4 v g, 4 3 o X A 5 |
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Fig. 8 Visual positioning results under YOLOV5 detection framework
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Surface defect detection of solar cells using local
and global feature fusion

Tao Zhiyong', He Yan'", Lin Sen? Yi Tingjun', Zhang Yaosheng'
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CViT-Net network structure diagram

Overview: The methods employed for identifying surface defects on solar cell panels encompass traditional machine
learning and deep learning. Traditional machine learning methods have advantages in defect recognition and well-
established algorithms for detecting surface defects on solar cell panels. However, these methods encounter challenges,
including extensive parameter tuning, issues with model robustness, suboptimal generalization performance, and
reliance on engineers' subjective experience for defect discrimination in solar cell defect detection. Moreover, they need
help adapting to prolonged manual labor. In contrast, deep learning methods face challenges from the high similarity of
defect features on solar cell panels and the complexity of background features. Issues such as insufficient extraction of
fine-grained defect features and feature loss during network deepening may arise, resulting in decreased detection
accuracy. The surface defects on solar cell panels show significant intra-class and minimal inter-class differences,
combined with a complex background. Therefore, achieving high-precision automatic detection of surface defects on
solar cell panels becomes challenging. We utilize advanced techniques in deep learning and computer vision to address
this issue. We propose a method named Convolutional-Vision Transformer Networks (CViT-Net), specifically designed
to efficiently integrate local and global features for accurate defect detection in solar cell panels. The model initially
utilizes a Ghost Focus (G-C2F) module to extract local features related to defects in solar cell panels. Subsequently, a
coordinate attention mechanism is introduced to emphasize defect features and attenuate background features. Finally,
we construct a Ghost Vision (G-ViT) module to integrate local and global features of defects in solar cell panels. To
address various demands for detection accuracy and model parameterization, we introduce the CViT-Net-S structure
with a parameter count of 5.6 M and the CViT-Net-L structure with a parameter count of 21.9 M, serving diverse
practical applications in low-resource and high-resource environments, respectively. Experimental results illustrate the
remarkable performance of our model in classifying and detecting defects in solar cell panels. Compared to lightweight
models like MobileVit, MobileNetV3, and GhostNet, our CViT-Net-S model achieves accuracy improvements of 1.4%,
2.3%, and 1.3%, respectively, for defect classification in solar cell panels and mAP50 enhancements of 2.7%, 0.3%, and
0.8%, respectively, in defect detection. Compared to RecNet50 and RegNet, the CNN-ViT-L model demonstrates
classification accuracy enhancements of 0.72% and 0.7% and mAP50 improvements of 3.9% and 1.3%, respectively.
When compared to advanced object detection models like YOLOv6, YOLOv7, and YOLOvV8, CViT-Net-S and CViT-
Net-L, serving as backbone networks, continue to demonstrate robust detection performance in terms of mAP and
mAP50 metrics. These results underscore the algorithm's significant practical value in the surface defect detection field
of solar cell panels. In future work, we plan to extend the CViT-Net model for application in defect classification
detection for other physical entities to meet diverse defect recognition needs.
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