2026462 H &2
Vol.47 No.2 2026

AN U O 7 o N/ R

) DOI;:10. 20009/j. cnki. 21-1106/TP. 2025-0037
Journal of Chinese Computer Systems

St 3475 5 X 43 10 2 40 I 4 B FRIR B 40 2K ) 4%
I e X S VAP O -5 SRE-T A

YO EREDE SRR AT, PR 110168 )

2 (h BB R, LT 100049)

(P e A BB 31411 F3EA , 2K FH 110000)

U TR TR N S R G TR 0, T 110168)

S(PEERCEHB S —ER: PisMB-SRER, PR 110001)

E-mail ; wanghl@ sict. ac. cn

B OE: PRBREFRZ-FFLGASRER A5 MEREFITHER, BETREGFTRILR S HHI B (CAD) F
O AE CAD EFRB O XTS5 LRART RERNKERAAHBARA LGN, FAAFMNELENSFEEHE ZATE
ARG EAAEALRBARE LR ARAIRE - SABERERAS LR B4, A A Curvelet T #7F
B E Z BB LR, HRAAMERAS AT RREEAT , AL RTS8, RE, S LR ERAK S5 5 A
W R, RIS PRBET RBWEAHN. SRERAV AT SHABERANLG LM R0 T EAE Tk, 3
B AR AR LA A R eIt

% & BINEE S UREESE S RS 2 A
fmESHEE . TP391 SCEKERIRES . A X E 4 =:1000-1220( 2026 ) 02-0421-07
Multi-view Ensemble Thyroid Classification Network Based on Lesion Regions

XU Lei'**,GUO Ruifeng"** , WANG Guangyi’ ,GUO Jiahui’ , WANG Hongliang'***

! ( Shenyang Institute of Computing Technology, University of Chinese Academy of Sciences, Shenyang 110168 ,China)

2 ( University of Chinese Academy of Sciences, Beijing 100049 ,China)

3 ( The Chinese People’s Liberation Army 31411 Army,Shenyang 110000, China)

4 (Liaoning Provincial Engineering Research Center for Interactive Systems Based on Digital Twins, Shenyang 110168 , China)

3 ( Department of Endocrinology and Metabolism, The First Hospital of China Medical University , Shenyang 110001, China)

Abstract ; Thyroid nodules are a common endocrine disorder. In recent years , with the advancement of deep learning , numerous auxilia-
ry diagnostic methods for thyroid malignancy ( CAD) have been proposed. Although CAD systems have demonstrated good perform-
ance in thyroid classification tasks,most of the existing studies adopt black-box models, which do not align with the clinical diagnostic
process. These methods overlook the fact that physicians assess the tumor from multiple perspectives while considering the surrounding
tissue information. To address this issue, this paper proposes a multi-view expert ensemble classification network. First, Curvelet trans-
form is employed to extract additional image features,enhancing the detail and complexity of the image representation. Second , differ-
ent views are fed into multiple expert network models, where a divide-and-conquer strategy is applied for diagnosis. Finally , the main
expert network is combined with several auxiliary expert networks to provide a comprehensive evaluation of thyroid nodule malignan-
cy. Experimental results demonstrate that the multi-view ensemble network significantly outperforms single-view methods,showing no-
table improvements across several evaluation metrics.
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Fig.1 CT images of benign and malignant thyroid nodules
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Fig.2 Single classifier(a) and ensemble classifier(b)
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Fig.3 Traditional convolution and depthwise

separable convolution comparison
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Table 2 Experimental parameters

Parameters Values
Epoch 500
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Table 3 Single view-single classifier training results

Result( % )

Models

Precision Accuracy Sensitivity F1
AlexNet 75.37 75.89 71.67 72.57
VGG 67.84 69.94 65.63 66.11
GoogleNet 64.59 67.26 63.02 63.33
ResNet 63.56 66.37 62.3 62.57
Xception 64.67 67.26 63.65 63.94
DenseNet 66.55 68.75 66.27 66.39
MobileNet 63.81 66.07 63.81 63.81
Efficientnet 67.44 69.64 65.56 66.00
ShuffleNet 60.71 64.29 58.57 58.44
ConvNeXt 70.32 72.02 70.79 70.51
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Fig.7 Single view single model ACC comparison chart
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Table 4 Ablation study
Result( % )

Models

Precision Accuracy  Sensitivity Fl1
single (w/) 75.37 75.89 71.67 72.57
C-DSC(w/0) 80.05 80.16 80. 16 77.51
all 85.62 86.22 82.83 84.00
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Table 5 Comparison experiment

Result( % )

Models — —
Precision  Accuracy Sensitivity F1

SCHER4] 80.70 81.54 79.36 79.90

SCHk[44 ] 72.28 73.51 69.28 69.99
it SCHER45] 71.91 73.82 71.53 71.70

SCER46] 73.35 73.12 68.93 69.52

3-H R 79.10 79.46 76.11 77.04
A 4-HBIE 84.75 83.92 80.63 81.91

S-EHENEERR 85.62 86.22 82.83 84.00
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