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3D Film Image Classification Based on Optimized Range of Histogram

Jae-Eun Lee', Young-Bong Kim', Jong-Nam Kim'"
"Dept. of IT Convergence & Applications Engineering, Pukyong National University
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Abstract In order to classify a target image in a cluster of images, the difference in brightness between the object and the background
is mainly concerned, which is not easy to classify if the shape of the object is blurred and the sharpness is low. However, there are a
few studies attempted to solve these problems, and there is still the problem of not properly distinguishing between wrong pattern and
right pattern images when applied to actual data analysis. In this paper, we propose an algorithm that classifies 3D films into sharp and
blurry using the width of the pixel values histogram. This algorithm determines the width of the right and wrong images based on the
width of the pixel distributions. The larger the width histogram, the sharp the image, while the shorter the width histogram the blurry
the image. Experiments show that the proposed algorithm reflects that the characteristics of these histograms allows classification of all
wrong images and right images. To determine the reliability and validity of the proposed algorithm, we compare the results with the
other obtained from preprocessed 3D films. We then trained the 3D films using few-shot learning algorithm for accurate classification.
The experiments verify that the proposed algorithm can perform higher without complicated computations.
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(b) Wrong pattern image

(a) Right pattern image
Fig. 1. Two types of 3D film images
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- {1 if WHH, > threshold
0 otherwise
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Fig. 3. Right and wrong examples for 3D film image
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Table 1. Minimum and maximum width of 2/5 histogram
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Table 2. Classification accuracy of 3D film images

Method Accuracy
Difference with binary 64.97%
Difference with histogram 90.36%
Difference with
) 98.95%
edge detection(canny edge)
Few-shot learning 88.00%
Proposed algorithm 100.00%
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Fig. 5. Training and validation accuracy of few-shot learning
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