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Abstract

To address the issues of insufficient feature extraction and vanishing gradients in deep convolutional
neural networks for dermoscopic image classification, this paper proposes an enhanced skin disease
classification model based on ResNet34 (Enhanced-ResNet34). Building upon the standard ResNet34
architecture, the model introduces an adaptive normalization layer to improve training stability with
small batches. Furthermore, an improved residual block integrating the Squeeze-and-Excitation (SE)
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attention mechanism and Stochastic Depth regularization is constructed to enhance the representa-
tion of critical pathological features and mitigate overfitting risks. Concurrently, a dense connection
block is incorporated at the end of the network to strengthen feature reuse. The proposed model was
evaluated on two public datasets: HAM10000 and ISIC2019. Through stepwise ablation experiments
involving transfer learning, advanced data augmentation, and network structure optimization, the
model achieved an accuracy of 92.6% on the HAM10000 validation set, significantly outperforming the
baseline model. Additionally, cross-dataset generalization experiments demonstrated that the model
maintained a classification accuracy of 87.0% on the ISIC2019 dataset, indicating strong robustness
and potential for clinical applications.
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Figure 1. Sample distribution of the HAM10000 dataset
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Figure 2. Sample images of the HAM 10000 dataset
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Figure 3. Sample distribution of the ISIC2019 dataset
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Figure 4. Augmented sample images of the ISIC2019 dataset
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Table 1. Network layer configuration table of the proposed model in this study
1. AXRRMEREER

R AT Btk RF B E
Convl 112 x 112 7 %7 BB
MaxPool 56 x 56 3 x 3 FKittk
Layerl 56 x 56 3 4~ AdvancedBlock
Layer2 28 x 28 4 /™ AdvancedBlock
Layer3 14 x 14 6 /™ AdvancedBlock
Layer4 7 %7 3 4~ AdvancedBlock
DenseBlock 7x7 3 EFAEER:, WKE 32, HiHiEE 512 +3 %32
Classifier 7 ZH 4= JR V- #4#4k + Dropout + Linear + Dropout
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Table 2. Comparison of metrics during the stepwise optimization process of model

= 2. REZ LM IZHERRXIEE

BBt FUEAAL SERIHER I3 LOSS
Step 1 BEYLAT 4R EfficientNet-B3 70.2% 0.653
Step 2 Jn#% ImageNet Tl ZRALE 81.3% 0.452
Step 3 B 4% 5 . 4 ResNet34 83.6% 0.424
Step 4 5]\ Albumentations 7 2% 18 % 88.5% 0.351
Step 5 5l SE JE& /1 + Bottleneck £tk + ik geif 92.6% 0.185
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Figure 5. Validation accuracy (Top) and loss (Bottom) of the baseline model
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Figure 6. Validation accuracy (Top) and loss (Bottom) of transfer learning
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Figure 7. Validation accuracy (Top) and loss (Bottom) after network replacement
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Figure 8. Validation accuracy (Top) and loss (Bottom) with data augmentation
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Figure 9. Validation accuracy (Top) and loss (Bottom) with deepened network structure
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Figure 10. Confusion matrix of the final model on the HAM10000 dataset
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Figure 11. Validation accuracy (Top) and loss (Bottom) of the proposed model in this study on the ISIC2019 dataset
B 11.ISIC2019 AR BYIIER AR (L) SHRK(T)

DOI: 10.12677/aam.2026.158354 304 I3RS


https://doi.org/10.12677/aam.2026.158354

EREM, FERR

NFE G AIAR SCATCAX IR 2% (10388 FHIE B BB /7, T B B — B 4R S0 iy SR IR 45 AR AR, AR RS 4
PREEZ AT SLE o W I 2B RE R £ 1S1C2019 Hd 48 5¢ s, SUEAC BRSNS, 28 4546 51|
GBS TR RIFAAL, IR A FREAIAL . AR BUR A6 T AR R 1 B

PSRRI 25 R W 11, 2 4EFEMZSARANAR R E & RUF IS I P R AR - BEALTE 1SIC2019 BiESE
PR RUER ISR 87%, TR FE N 0.23, BoR R HAGRE nER M 8RR . R 2k
Fadb BRI RIS, A EIBENLF T T AT 2Rk e B N MERe R I G — . Ud BRI 2 o B B
AR AHRHEASZ HAM10000 #7200, fef% B FIER 1SIC2019 Hi ikt A 5ig B ARRE, 56
B B A RURFEAZ 48 . TEURSICRR M 7 T, 4k M 2 Btk R L R R, kUG WIERIZE Y, W
FE AR AR KT IR R BN BEE RS S5eh&F I RS FRER, B8 M
S A% 51 R BRI

NRE— D Ak T AR R AE 22 S S AR BE 7 DR AR AT 2% Hh RS A o0 AR, ARl T 1S1C2019 s
ST A —AIRVEH E, LI 120 MIRVEHE FERE AR A0 ] DU, ASR IERA T R 08 o e X 3 =
BUEHR T XL, LRGN S AT 5 AR 400 45 T RS HEm SR 28 Je R AR Ao 0 AR AE, 58 AR

E L
ISIC JRBEEE
- 2250
AKIEC- 320 5 20 1 5 18 1 4
- 2000
BCG- 8 830 50 2 15 55 3 12
- 1750
BL- 15 20 520 3 15 75 4 8 [ 1500
W DF- 1 2 2 78 1 5 1 1 - 1250
LE
5
W WEL- 5 15 20 2 ) 170 3 12 - 1000
w- 10 30 120 5 40 2250 8 32 - 750
wse- 1 2 3 1 2 5 85 5 o
- 250
scc- 3 15 15 2 8 15 3 104
\:b‘é) & & N & S & o
AR

Figure 12. Confusion matrix of the final model on the ISIC2019 dataset
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