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Abstract: Traditional manual sorting methods for brain tumor medical images are time-consuming and laborious, and
shallow convolutional neural network models have lower classification accuracy. In order to improve the efficiency and accura-
cy of brain tumor image classification, a brain tumor classification model based on improved ResNet34 network is proposed.
The model uses ResNet34 residual network as the backbone network, combines the idea of multi-scale feature extraction, a-
dopts the multi-scale input module as the first layer of ResNet34 network, and takes the inception v2 module as the residual
downsampling layer. Then through the channel attention mechanism module, different weights are assigned to different
channel images from the channel domain to obtain more important feature information. The experimental results of 5-fold
cross-validation show that the classification average accuracy of the improved network model is about 98.82% , which is
1. 1% higher than that of the ResNet34, and the number of model parameters is only 80% of the original model. This indi-
cates that the improved network not only improves accuracy, but also reduces model complexity, and achieves classification
effects with fewer parameters and higher accuracy.
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2 no tumor 100 99. 48 100 99. 74 0 50 100 150 200 250 300
pituitary 98.10 97. 31 99.51 97.71 epoch/Ik
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Model Accuracy | Precision| Recall |Specificity] F,
Vggl6 95.77 95.59 94.41 98. 55 94.93
ResNet50 97.88 97.96 96. 99 99. 27 97.40
ResNext101 98. 22 97.79 97.83 99.43 97. 80
GoogleNet 97.66 97. 24 96. 99 99. 23 97.10
EfficientNet V2| 98.22 97.90 97.56 99. 41 97.72
DenseNet 98.22 98. 06 97.69 99. 40 97.87
ours 98. 82 98.42 98.62 99.63 98.51
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4D G 98 3 24 43 38K 1) A S I AR R AT EL AR, IR 6 TR .
F AT A A TR o ff 2R A X B

6 5 LA A G AT 0 A R LR
Author Year Approach Accuracy/ %
Swati et al’®’ | 2019 VGG19 + Fine Tuning 94. 82
Kaplan et al"*"' | 2020 LBP 95. 56
. ResNet-50 + Global
Kumar et al''* | 2021 . 97.48
Average Pooling
Huang et al"'™ | 2022 | Multiscale Residual Network 98.58
ResNet34 + Multiscale
ours — . 98. 82
Inputs + Inception v2+ SE
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