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C2LA-U2-Net: lightweight defect segmentation method for solar
cells with cross-layer fusion

Chen Guangyao Chen Tian Gao Xuehai Liu Jun
(College of Mechanical Engineering, Shanghai Dianji University,Shanghai 201306, China)

Abstract: A lightweight semantic segmentation model named C2LA-U2-Net, equipped with a cross attention
mechanism and a residual refinement module, was proposed to address issues such as the inability to recognize fine
features, blurry defect boundaries, and large model parameters in the segmentation of surface defects in polycrystalline
solar cells. Firstly, a C2LLA module with a cross attention mechanism was designed in the external decoding stage to
extract multi-scale spatial features, reduce spatial information loss, and capture long-range dependencies, which
enhanced the segmentation performance for small defects. Secondly, a lightweight two-stage residual refinement
module (D-RRM) was introduced to tackle the issue of blurry prediction boundaries by modeling fine-grained features
to improve boundary precision. Finally, Ghost convolutions were incorporated to further reduce model complexity.
Experimental results indicated that, compared to the baseline model, the C2LLA-U2-Net model achieved improvements
of 3.1% in mean pixel accuracy (MPA), 4.49% in mean intersection over union (MIoU), 4.39% in mean recall rate
(MRecall) , and 4. 17% in F1 score. At the same time, the model’s parameters and GFLOPs decreased by 89. 77 % and
56.68% » respectively, while inference speed increased by 76.97% , demonstrating the effectiveness of the proposed
method.

Keywords: polycrystalline solar cells;defect segmentation; U2-Net;attention mechanism;lightweight algorithm
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Fig. 3 Distribution of defect types in the dataset
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3.2 EHriER

TR B C2LA-U2-Net I 45 88 7 43 %1 K
FH R Bt 355 B B 00 A, AR SO T O 18 B R
(mean pixel accuracy, MPA ). ¥ ¥ 22 3f [t (mean
intersection over union, MIoU) ., ¥ & & & 1] & (mean
pixel recall, MRecalD) Fl F, 7351 4 4~ F8 b5 M it 3 4 HI 4L
B PERE, 4 DRI RE AT .

k

1 TP
M —
PA K+1;TP+FN ®
- TP
MloU = == 20 ex T 7p 7 7 %
1< TP
MRecall = K+1’Z; TP T EN (10)
, TP TP
¢ _ _TP+FP TP +FN an
e TP TP

TP +FP+TP+FN
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TN 7R S B Ay il 563 DX S AL T30 A 5 5% X 48k 94 1T B BN 52
B A 5 S DX 0 A, o 3 5 XY TR FP 3R R SC BR 2
5 DI AH T Ay ke o DX S P T AR . R AR K R B,
K+1 Famm T —H8 Rk,

Horpr, MPA i &5 I8 R e 7 45030 8 45 28 90 b % i B
HEAT 202y fole s RN 5 5% 1) v A 1 5 Mo U DU SR 7 46 et 93
L T LS 1Y 25 (7] T & B2 B 98 AR s MRecall J2& F F i 5
RO ZE U0 A0 20 ) B bR KB SE B i e bR, B RO T
A T Sk B B AR R R R BE S TE 43 F) S BB AR K
d R HL . MRecall {H 57, AR F 45 A 78 43 H b X 38 B
TR /D, BT E AR 6 R0 R 43 E R 58 AR R B A R

WL, F, o0 B0 T 50K 0 5 AN A3 55 0% A T 34 48
AR TE AR B AR T 1, 1R SR A s R A

A H 2 B & (parameters, Param) 1 i & &
(floating point operations, Flops) 3 ¥ fiti # & /N, &b
K% b BB (frames per second, FPS) W) F 7 fif & 455 AU {E 52
I 3 5 b i s B
3.3 fHEXE

9T BRI AR SO B A K PH B8 HR T R B 8O 4R Y
O3 B RO A SCHRE S Y A 0 W X BT T
3T . f0 45 U-Net, U2-Net, PSPNet, SegNet, Deeplabv3 -+
VA PIDNet, f5XF H 52560 v, 45 0 45 i 4t 1) ol 4 A 552
BRI B — 2, SCREER R 2 R,

®2 MEEXE

Table 2 Comparative experiment

ak MPA/ % MIloU/ % MRecall/ % F/% Parameter/M GFLOPs/G
U-Net(VGG16) 84.97 86. 27 80.03 84. 14 24.56 255.16
U2-Net 85.12 87.53 82.24 85. 54 176. 38 150. 61
PSPNet(Resnet50) 81.68 79.08 79.73 73.68 186. 83 184.73
SegNet 81.73 86. 86 79.92 84.91 117. 48 347. 24
Deeplabv3 -+ (Xception) 78.76 84.22 77.24 81. 32 54. 71 158. 97
PIDNet 85.33 88.12 83. 34 86.58 111. 05 27. 66
AR 88.22 92. 02 86. 63 89.71 18. 05 65. 25

5P 6 ANB X, A SCE B E MPA, MIoU,
MRecall | F, iX 3 I~ 45 L8 U2-Net LB AN FA T
3.10%.4.49% .4.39% 1 4.17% , %} It U-Net, PSPNet,
SegNet,DeepLabv3+ .PIDNet 8 ¥, A LR A E /NS
B E OLF, MIoU {8 4 3 b X L I 45 /3 5. 75% .
12.94%.5.16% ., 7.80% # 3.90% ., [F W, A 3C & 3% 0
MPA MRecall Fl F, #& f510 /2 e 15 1Y 5 3 3 B AR SCAR AL %)
BRFAAR R B 43 FIORG BETEAR , R R R T /D

HPEMAEEME MR TRAEM, A XRESH
S AT AR T R R R 4 Bk B T 89. 77 % F 56. 68 %, iX
WEIIAR SO R fE e AL SR 7 A T W sk, 28
Fi7R AR SCRE AR 24 SR PR 18 U4 FI 38 bs L ¥ — 2 Y
BT A ERG S R R . XUEM T AR SCA
A Pk

T B A A B AR SO A RO L A SO T A
5% b W g5 45 8§ U2-Net, DeepLabv3 + . PIDNet ¥ 2% it
374y BT AL e S B 4 SR AN 9 FTm

M 9 Hf AT L 22 F), MIoU {8 48 25 1Y I 4% il g 43 1
Pk e M Ar . FE 4 BRI JR WD M i, U2-Net M 45 Al
DeepLabv3-+#B i B8 T I 6 (1) 175 50 5 10 A% SCHE 6 0 3% A7 1
BRI 7E 3R 2 A S B B MRecall {H 2 U2-Net F
DeepLabv3 -+ P 46 T 5, 3X 4 ] C2LA B S8E T M 45 XF
Z R BRI IEE Ty, 327 7 X 40/ H AR R0 sk 2R,

e 124 »

75 I 245 7 43 ) ke o B B /0 1 Bl o U 40 B0 1 I O TE oy
F A% 0T e Bt , 24 TS Y B 60 TR R T B €8 22 AR AL 2 4
2 43 FAL R PR ME L AR ST VA AR BT G b e L Bk BT AT 4
Hi R4 B B 100 % 6 86 58 2 P, XU B D-RRM B3 119 3% 2%
T~ A 245 F4) RE 0% B 4 R ) 22 IRUBE ARG AIE 3 ol O 2 TR I
AIE 2 3] FNBKR 25 24 > 78 WU 58 R 42 JR 15 B A AIG 55 1 4
AT B 2 T R A% TS G 0 TR VR R — R 1 B0 R TR
AE 8% AR A0 e o 00 % ) BSTR R T, A A0 b 92 0 AR 400 £ Sk s 0
i A 1B o T 20 S5 T 0 B . DA S AT b £ R B 3 2%
BER R s B 9 WO T L I L 7E 43 2 Bl B I, A
SCA VA TR B4 B o S 1 AR R M AT, R B
U2-Net W 45 43 F1 24 R io] 6l 8 W 24 09 15 00, ik A L 3
PIDNet TH 6B 19 21 €5 300 HE v £ 43 50 9 8, 3 30 B AR
SC TR R A Kb 3 53 S Bl B e LA R A o P R AR
P . BB A5 T A 280 TR R 43 ) Gl B R AE  ORE G B A IR A
FN RGO, X AN [ AR L A oy )RR L A L 2 R T g
VA 54 S G B S 1) R IR AT X e 43T » &2 3 DeepLabv3 +
W 2 78 45 38 AR B 55 bR 4 B8R B ¥R I U2-Net,
PIDNet DL B A SCH L . 7 SCHT 4 9 45 6 K FH 68 A 3t A 40
JINER B ) 43 0 DL B i S R A G B RO TG R LM T M
P R LA B A ) o O M AR E L BB S B A AR 1R
G EN B B R AE L b o S R B L. £8 BT IR,
AR SC TR A 45 A A B B HL 3 R 40 /0N BB B D R 7 2
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Fig. 9 Comparison of segmentation results of different models

FRAE /Y $2 80O T B A B A R

O HE AR P 4R T B 38 S BT C2LA X U2-Net K
PR R, AR SCHEAT T RN LR, BAA T ILER
C2LA B He 4y 3 B # b & BP0 & L B e
(convolutional block attention module, CBAM) Fl#E & i &
Ji#E Y (condensed attention, CA) , M T FEAS A R4 B ()
PERE . M ORUESE I8 1A M CBAM B M R E 5 14 3 B
Yo i it S SR E P E EmE KT C2LA iz
B, TWETIRINE 3 R P - Rk —
TR B BRZE 2238 40 W TR I T T B

®3 AEEENHE LR
Table 3 Comparative experiment of different

attention mechanisms

. MPA/ MIoU/ MRecall/ F,/ Parameter/
BE L w % oy M
— 85.12 87.53 82. 24 85. 54 —
CBAM 85.41 87.84 82. 27 85. 56 7.15
CA 84.88 87.59 82. 26 85.33 7.09
C2LA  87.97 90.01 86. 44 89.53 7.08

3 3 n 0, A8 X R TR R S AL R AT % HE ST e
RN C2LA BEBLE , U2-Net 4% 5 30 54 B 4> #3645 .
Hr, MIoU fHAH L T# A1 CBAM 5 F1 CA B He 43 43

BT 2. 17 %M 2. 42% X I C2LA FE B 7R3 3 1 0 Br
W 5 B S 6 25 ) B & R 7R OF MR A BE (MPA) J7
LI C2LA BB 5 K8 T 87. 97% , K F CBAM ##
He(85. 41%)F1 CA Bk (84.88%) , AW WAL k. X FW
C2LA BEHu K Hb B 55 T 455 AU 75 AR 2 GO R Bl i Fn 5 5= 4y
FHERME ;s 318 E A 1 % (MRecalD 75 3 0 C2LA
HLJG ol 86. 44 %, H CBAM B FI CA BEHLT & X RH T
R FE SR A 2 B A O S g A R D, T
STBCAER I C2LA B f5 42 71 28 89. 53 %4, ik {4 B T A5 Al
FERETN B AN B RV k. A UL B EARE
ST SR TT LLE L R SR R T CBAM B AN
CA B S AR TAIF R B F BT M4 B H e .
AHI » C2LA BEHUAE 24 SC B T8 bn b 18 i, X S 25 RS E
T T ER 38 SO I (C2LA) 1A %t .
3.4 HELSI®

S Tt — A B F BT B AR TR X A FH A R St R 4 K kR
AT R0 S AR 3058 AR 48 8 125, R IFE U2-Net I 45 45 1
AN C2LA i, D-RRM # 8t 2 & {k RSU # bt
(Ghost) , I 78 A FHAE Fi. L F 5 B3 B0 45 b R I 3 Al 92 50
WHoE . SRR ER 4 FroR, Horp e/ "SRRl T iz b,

Wi P 4 TH RS A AR T U2-Net JEZRELAL, Jin
AL X ERE S C2LA J§ MPA,MIoU, MRecall | F, fy
A AR T T 2.85%.2.48% 4. 2% 1 3.99%, X &
C2LA AR R A& T 2 REFEE, sk 7 x4 K FHAE
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Table 4 Ablation experiments

U2-Net C2LA D-RRM  Ghost MPA/% MIoU/% MRecall/% F,/% Parameter/M GFLOPs/G FPS/Ips
N — — — 85. 12 87.53 82. 24 85. 54 176. 38 150. 61 7. 60
N NG — — 87.97 90. 01 86. 44 89.53 183. 46 166. 04 7.25
J J J — 88.19 91.77 86. 58 89. 70 183.72 205. 44 7.02
J J J J 88.22 92. 02 86. 63 89.71 18. 05 65.25 13.45

b R BB AR B B0 56 L el 0 B B T ) AR R AR T T R
2oy BICR . BRI L T2 0 B A0 SRR AE B A
KMk MR A (AR RS T AT sl A 2 R RREAS B,
T AR A R A OC 22, AT 42 1 T % 4 /IS5t B ) 43 DR
PEMHE T T A 38 4. D-RRM A& B i i A i 45 MPA |
MIoU 1 F, BY{E 73 TR $ETH T 0. 2296 .1. 76 %6,0. 17 % »
XEH D-RRM BHUZH T H ZE A4 NES . 4T
BRBAEE BE . Ghost % Rl o 4 BUER A L 48 1k 28 4 R R F ]
ez 3 A4 B A AR WD TR RRAE , 764638 4> RSU 42
He 93 38 4 BRI RSU-4F B8 i I ik 35 BB 3 Ghost 5
UG . 28 E T T 165.67 MB,HHE B FK T 140.19 G,
RS2 4 B A R P 4R T, SE R A SRR, C2LA-
U2-Net H50 gEAHE T IR U2-Net #5250 43 ) v g 58 4, [
B A5 A0 2 50 i R TR B o KR R TG, i B T A B
27t

A SO U2-Net 5035578 K P A8 A b 7 ke i B35 4R
B INZAR 2e pR B 2R (Loss) TNE 10 Ff s, 74 T 64 451
4% PR R A U it 2% (binary cross entropy, BCE), A8 X
Y C2LA-U2-Net 5 ¥ Loss ZE I 2R 3 19 0~ 50 4
Epoch WIlZRICSsE P, X 36 B] Ghost % R b T 4% B
25 W25 TUAYFRAE o (1 75450 280 il 0 T Db Wi 6%, Bl 1T 45 i
BN, #E 150 4~ Epoch ZJ& » W A~ 455 28 1) 1] 25 461 2K 3 i
TR AR BRI S, (H AR SO R B AR ih 2k U 30 Uk B
W BB /N, Loss fHALEE /N,
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Fig. 10 Comparison of training loss curves
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