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Abstract

Deep learning in computer vision has made accelerated improvement over a short period but
large—scale learning data and computing power are still essential that required time—consuming trial and
error tasks are involved to derive an optimal network model. In this study, we propose a similar image
classification performance improvement method based on CR (Confusion Rate) that considers only the
characteristics of the data itself regardless of network optimization or data reinforcement. The proposed
method is a technique that improves the performance of the deep learning model by calculating the
CRs for images in a dataset with similar characteristics and reflecting it in the weight of the Loss
Function. Also, the CR-based recognition method is advantageous for image identification with high
similarity because it enables image recognition in consideration of similarity between classes. As a
result of applying the proposed method to the Resnet18 model, it showed a performance improvement
of 0.22% in HanDB and 3.38% in Animal-10N. The proposed method is expected to be the basis for
artificial intelligence research using noisy labeled data accompanying large—scale learning data.
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CM based Model Correction
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Algorithm 1 Loss Correction Algorithm

CM  Confusion Matrix,
CR : Confusion Matrix of Rate,Z: list of loss,
y: label number, y: prediction number
for n = 0 to epochs do
CM' « initialize the confusion matrix to 0
CR' — make rate matrix from CM'~ !

for M = 0 to mini_batch do

oM = e+

if 72> 1 then

for ¢ = 0 to mini_batch do
if y,+ v, then

L; = L+k*L*Entropy(CR!. ,CR} )
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