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Abstract

In this study, a method of generating and utilizing a normal map image used to represent the characteristics of the surface of
an image material to improve the classification accuracy of the original material image is proposed. First of all, (1) to generate a
normal map that reflects the surface properties of a material in an image, a U-Net with attention-R2 gate as a generator was used,
and a Pix2Pix-based method using the generated normal map and the similarity with the original normal map as a reconstruction
loss was used. Next, (2) we propose a network that can improve the accuracy of classification of the original material image by
applying the previously created normal map image to the attention gate of the classification network. For normal maps generated
using Pixar Dataset, the similarity between normal maps corresponding to ground truth is evaluated. In this case, the results of
reconstruction loss function applied differently according to the similarity metrics are compared. In addition, for evaluation of
material image classification, it was confirmed that the proposed method based on MINC-2500 and FMD datasets and comparative
experiments in previous studies could be more accurately distinguished. The method proposed in this paper is expected to be the
basis for various image processing and network construction that can identify substances within an image.
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T 1. Reconstruction lossdi| 27| CHE metricO| ME&|( AMEl 2 W}
ground-truth ‘=2 B 70| Ha FALT H|m(ATH UK Xi2[ofA BHSE)
Table 1. Comparing the average similarity between the ground-truth
normal map and the normal map generated by applying different metric
to the reconstruction loss(Rounded up from the 4th decimal place).

Similarity Index (Higher similarity condition)

Reconstruction loss

(JBE Vol.27, No.1, January 2022)
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Fig. 4. Comparison of similarity between normal maps generated by applying different metric to reconstruction loss and normal maps corresponding
to ground-truth. (above): DISTS score (0 closer to ground-truth), (intermediate): LPIPS score (0 closer to ground-truth), (below): SSIM score
(1 closer to ground-truth). Orange dotted line: L1 loss function, red solid line: DISTS loss function, blue dotted line: SSIM loss function, black
dotted line: DISTS + SSIM loss function
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Table 2. Comparison of the accuracy of classification for MINC-2500
and FMD datasets(%)

Models Datasets
MINC-2500 FMD
Residual Attention Network 72.012 64.582
Deep Encoding Pooling Network 74.032 71.004
Visual Transformer 70.191 68.303
Cross Visual Transformer 72.094 71.728
Efficient Net-B7(with only original image) 78.383 77.000
Our Method(with Normal map) 79.204 76.860
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