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Conditional Diffusion Model based Data Augmentation Method
for Efficient Classification in Class Imbalance Dataset
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Abstract

Class imbalance is a major issue in image classification problems as it leads to performance degradation due to
the model's inadequate learning of information about minority classes. This paper proposes two methodologies based
on Diffusion models to mitigate the class imbalance issue by effectively generating images of minority classes. These
methodologies utilize class and text-conditional generation techniques of Diffusion models. This methodology exhibited
enhanced classification performance compared to existing imbalanced datasets, improving the accuracy by an average
of 1.26 and 3.39 compared to existing data augmentation techniques while also enhancing FID by 21.353 and 32.467,
respectively. This paper introduces a novel solution to the class imbalance problem through improvements in image
generation and classification performance, suggesting its potential applicability in real-world industrial scenarios.
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Table 4. Performance of F1-score of reconstructed
CIFAR10 with generated images added

ethod|
Clas Mixup | CutMix CFG CFG LDM
i w=01lw=75
index

0 0865 | 0870 | 0.891 08%2 | 0898

0937 | 0934 | 0947 | 0.951 0.954

1

8 0.921 0.922 0932 0933 0.942
9 0934 0.932 0933 0.943 0.944
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