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Abstract

This study proposes a feature extraction-based deep neural network (ResNet) for classifying ultra-
sound images of focal liver lesions. These advantages enable it to effectively extract signs of liver
damage from ultrasound images and achieve accurate classification. Based on an ultrasound image
dataset containing hemangioma, fatty liver, liver metastases, liver cysts, and normal liver, the model
provided excellent classification results in experimental validation. On the test set, the model
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achieved an accuracy of 93.99%. This article compares this model with AlexNet and VGGNet models.
The results show that the model obtained by the author has better classification results, has signif-
icant advantages in accuracy, number of parameters, and learning efficiency, and has strong gener-
alization ability. This study has potential application value in the task of ultrasonic image classifi-
cation of focal liver lesions and can provide clinicians with an accurate and rapid auxiliary diagnos-
tic tool.
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Figure 1. Before and after Gaussian filtering noise reduction comparison diagram
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Figure 2. Classification of lesion regions of interest in liver ultrasound images
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Figure 3. Before and after lesion labelling

B 3. FmitARicAT/E XL E

DOI: 10.12677/aam.2025.141035 355


https://doi.org/10.12677/aam.2025.141035

TR, FVINE

3. FEFEEER

BARMHZE 25 (CNN) RS A RO BHR H SR BRI, B 58 K KISRAESE ST BE T . R BERAE I REIR
T BRI AL, InRe AN, TIREE G AR BB R RO I, W45 RENS 4 21 FE I 2 2% 1Y)
FHEAE 2o a0 4 o, 9 R 48 00 2 HEAT AR P A8 20 SR A7 S I, BDRE JEP A 22 (0 7
BAN BB L rh, T A IR IR B RURIE, B 222K 8 oh, Fa R AR S 8

Fully-connected

Input image
Convolution O
ot Convolution O —»Class 1
Activation Pooling + ﬁ
/444 Activation —>Class 2
y7 77777 | Pooling =
\/ /Y ‘ ?5 Class 3
i | n —»
p N O Class 4
% [ ‘
L ]
Input Features extraction Classification

Figure 4. Schematic of convolutional neural network image classification model
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Figure 5. Ordinary convolutional neural network and convolutional neural network with added residual connections
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Figure 6. Deep residual neural network ResNet_18
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Figure 7. Model training accuracy
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