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Abstract: Owing to the limited availability of samples and unbalanced categories of bone images, it is diffi-
cult to classify these images. To improve the classification accuracy of bone images, this study developed
a bone-image classification method based on auxiliary classifier generative adversarial network (ACGAN)
data generation and transfer learning. First, an multi-attention U-Net-based ACGAN (MU-ACGAN)
model was designed to address the imbalance of bone-image categories. The model uses U-Net as the gen-
erator framework and combines dense residual connection and channel-spatial attention mechanism to im-
prove the generation of bone-image detail features. The discriminator extracts bone-image features by us-

ing a dense residual attention convolution block for discrimination. Next, the amount of data was further
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expanded via combination with traditional data enhancement methods. Finally, a multi-scale convolutional

neural network was designed to extract the features at different scales of bone imaging so as to improve the

classification effect. In the model training process, a two-stage transfer learning method was adopted to op-

timize the initialization parameters of the model and address the problem of overfitting. Experimental re-

sults indicate that the classification accuracy of the proposed method reaches 85. 71% , effectively alleviat-

ing the problem of low classification accuracy on small sample bone-image datasets.

Key words: bone scintigraphy; Auxiliary Classifier Generative Adversarial Networks(ACGAN) ; trans-

fer learning; attention mechanism; data augmentation
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Tab.3 Quality assessment of bone imaging
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Tab.4 Classification effects of different data augmentation methods

Number Accuracy Precision Recall Specificity Fl-socre
1 0.7013 0.6953 0.6657 0.680 1 0.8416
2 0.727 3 0.730 1 0.6878 0.708 3 0.8452
3 0.740 3 0.7375 0.6752 0.7050 0.850 8
4 0.779 2 0.803 2 0.692 8 0.7439 0.868 8
5 0.805 2 0. 866 2 0.728 4 0.7913 0.8825

DL LR dE 2 0, R 0 GAN % 48 LA 722
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Horh , MU-ACGAN 4 J i B AR 5 & 5 T AC-
GAN, BE % 07 47 #b 32 T ResNet34 i 70 25K & .
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5.2 SEMEILE
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B REARRAE I - BOE A L B AR K
WA R4 2N R 70,207 8,0.200 8, 7
il B 4L S AT A IE OL T, HE R A H
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Tab.5 Comparison of transfer learning strategies

Type Accuracy Recall
Transfer learning 0.805 2 0.728 4
Dataset5 0.662 3 0.589 9
Training directly 0.597 4 0.527 6

XF LT 2 R CNN A B A I3 R AR R A 18 AR
Bt A CECHE 4 4) i i TR0 | 8 6 i kLS 4
FoREAFR A o AT, 2 R CNN AR ALE Ac-
curacy , Recall, F1-socre 34~48 b5 S T & b 1)
WA o AL T B Y VGG16, DenseNetl21,
ResNeXt50 # # | accuracy 43 %] #& F+ T 0. 065,
0.026,0. 065,

R 6 £ RECNNBEEYhSIGIT M

Tab.6 Experimental evaluation of multi-scale CNN mod-

el ablation
Models Accuracy Recall ~ Fl-socre
VGG16 0.766 2 0.6663 0.7436
DenseNet121 0.805 2 0.7550 0.7677
ResNext50 0.766 2 0.6968 0.7367
Multi-scale CNN 0.8312 0.7639 0.8178

R T R b B A LA 4 AR B R i R
K Grad-CAM ( Gradient-weighted Class Activa-
tion Mapping) £ A >k Az il i 48 i 4% 09 AT
AL IR T 1 o £1 0, 3 7 155 B 0] s DX I 10 G 12
s (RPARH BR ), B R 2z, i 3R s B R R
T2 DX BT R IR S BB B R g k IX el
WA NTEE A R R R AL,
BRAY N B O T K AR A X A, MNP 13 AT LU Y, e
AT X S 8 O R AR BE I AN, ek XY
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Fig. 13 Bone scintigraphy to identify heatmaps
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Tab.7 Comparison of the experimental results of different CNN models

Models Accuracy Precision Recall Specificity Fl-socre
ResNet34 0.779 2 0.803 2 0.692 8 0.868 8 0.7439
MobileNetV3 0.779 2 0.7857 0.7459 0.8756 0.7652
InceptionV3 0.792 2 0.8477 0.750 6 0.874 2 0.796 2
EfficientNet 0.805 2 0.868 4 0.7418 0.880 6 0. 800 1
Ours 0.8312 0.8799 0.7639 0.899 2 0.817 8

W AR ST 1 4y A AL N BRI 5,
R RAERRE A R R RN R 8 R . W LLE
th, 23 MU-ACGAN 2 R £ 5, BEAY Y Accura-
¢y, Recall, Specificity #& J} T 0.025 9, 0.040 1,
0.012 8. [Bl 14 Jy A5 7Y 1 TR ¥ I | B30 €00 B TR 3

ANRE ARG o VAR A R R AR Y 2 R RICR
Hc Ay FEMER R IR 2] 90 %0 LA b Hok O B L RS
AR B R B 2 R 2 T A RR AR LA
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Tab.8 Evaluation metrics of different CNN classification
models T T 0.0
Health Metastases Benign changes
Dataset Accuracy Recall Specificity Predicted
Datasetd  0.8312  0.7639 0.899 2 B 14 iR v e
Fig. 14 Confusion matrix
Dataset5 0.8571 0.804 0 0.9120
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