Bulletin of Networking, Computing, Systems, and Software — www.bncss.org, ISSN 2186-5140
Volume 12, Number 1, pages 13-17, January 2023

Photograph Quality Prediction using Convolutional
Neural Networks

Ryoma Okuno, Yasuaki Ito and Koji Nakano
Graduate School of Advanced Science and Engineering, Hiroshima University
Kagamiyama 1-4-1, Higashi-hiroshima, 739-8527, JAPAN

Abstract—TIn this paper, we propose a machine learning method
to evaluate the quality of photographs with high accuracy.
Specifically, the assessment of photographs is performed as a
problem of classifying whether the input photograph was taken
by an amateur or an expert photographer. The proposed network
model utilizes ConvNext, a convolutional neural network, and
provides histograms as auxiliary input as color distribution
information to improve the accuracy. The experimental results
show that the proposed model achieves a test accuracy of 92.5%.

Index Terms—photograph quality prediction, CNN, ConvNext,
machine learning
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Fig. 1. Example of professional photo dataset
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Fig. 2. Example of beginner photo dataset
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Fig. 3. Network Block
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TABLE 1
NETWORK STRUCTURE OF CONVNEXT

Type Number of Blocks Number of channels in each Block
ConvNeXt-Tiny 3,3,9,3) (96, 192, 384, 768)
ConvNeXt-Small (3, 3,27, 3) (96, 192, 384, 768)
ConvNeXt-Base (3, 3,27, 3) (128, 256, 512, 1024)
ConvNeXt-Large (3, 3,27, 3) (192, 384, 768, 1536)

ConvNeXt-XLarge (3, 3,27, 3) (256, 512, 1024, 2048)
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Fig. 4. ResNet50 Model
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Fig. 5. ConvNeXt-Tiny Model
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Fig. 6. Network Overview
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TABLE 11
EXPERIMENTAL RESULT

Network Color distribution Learning Rate Test Accuracy (%)
ResNet50 — le-05 88.2
ResNet50 Histgram le-05 89.5
ResNet50 Cumulative Histgram le-05 88.9
ConvNeXt — le-05 91.7
ConvNeXt Histgram le-05 91.6
ConvNeXt | Cumulative Histgram Se-06 92.5
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Fig. 7. Color distribution information indicated by histograms and cumulative histograms
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Fig. 8. An example of classification results
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