Journal of Digital Art Engineering & Multimedia Vol.8, No.3, September (2021), pp.243-256
ISSN 2508-9099(p) 2672-1198(e) http://dx.doi.org/10.29056/jdaem.2021.09.01

AL 08 B3 AN A B B 24 A7

A Study on the Emotional Prediction Model from Paintings by

Machine Learning
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Abstract

Techniques for predicting emotions in images have been studied a lot. As machine learning and deep
learning technologies developed, more studies were conducted. Among the images, artworks in particular are
very related to emotions. In general, artists often put their emotions into their works. Emotions are
controlled by artistic features such as symmetry and composition, which combine physical elements such as
color and texture. In this study, these features are extracted and analyzed from paintings. Features that are
expected to affect emotions in paintings are extracted and used to predict emotions. Various machine
learning models are built by extracted physical features such as color, line, texture, etc. and artistic features
such as symmetry and color combination from a given painting. Through the built machine learning
models, this paper analyze which machine learning models are suitable for the most relevant characteristics
and emotional extraction in conversation-emotional predictions. Finally, we verify the legitimacy and
accuracy of machine learning models by comparing them with predictive models based on deep learning.
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Predicting Model
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[Table 3] Comparison error of each machine learning

24 A MAE V MAE A MSE V MSE | A RMSE | V RMSE A R2 V R2
GBR | 1.1965 1.2760 23751 24515 1.5411 1.5657 -0.3593 0.2108
RFR | 1.0952 1.4010 1.9357 2.8215 1.3913 1.6797 -0.1078 0.0917
ADR | 1.084 1.5396 1.8131 3.1069 1.3465 1.7626 -0.0375 -0.0002
BR 1.243 1.5581 2.231 3.4869 1.4947 1.8673 -0.2785 -0.1225
LR 22029 2.6134 7.3345 10.6349 2.7082 3.2611 -3.1976 -2.4237
HR 1.5092 2.4538 4.2251 10.5626 2.0555 3.25 -1.418 -2.4004
KNN | 1.3461 1.6545 2.6946 3.7587 1.6415 1.9387 -0.5422 -0.21

DT 1.5321 1.5539 4.662 3.5914 2.1592 1.8651 -136681 -0.1562

GBR : Gradient Boosting, RFR : Random Forest, ADR : Ada Boost, BR : Bayesian Rdige, LR : Linear Regression,
HR : Huber, KNN : K-Neighbors, DT : Decision Tree, A : Arousal, V : Valence, MAE : Mean Absolute Error,
MSE : Mean Square Error, RMSE : Root Mean Square Error, R2 : R-squared, Coefficient of detemination
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