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Humans are generally visually dependent animals. Information coming into the eye affects humans the most. Through the
development of the Internet, more images are easily accessible through online rather than just experience. Predicting what
sensitivity a given image can give users, it can be a little more helpful when users search or categorize images. While more
studies have been conducted to predict sensitivity in content as machine learning advances, analysis of which of the machine
learning models is effective in predicting emotions has been insufficient. This study is conducted to predict sensitivity based on
color information of images, which is visual information. Categorize the 4 representative emotions and crawl the images into one
of the four emotions. At this time, through various machine learning, we find the model that best suits each model, and analyze
the results of each machine learning model. This finally summarizes whether it is reasonable to analyze images based on color.
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Fig. 1. A system overview(After crawling the images, color information is extracted based on the collected images and
various machine learning models are created based on them to compare the results.)
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Fig 4. Color spectrum examples obtained through
K-means clustering
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Table 1. Example of extracted feature data for machine learning

R_avg G_avg B_avg
Image Color Spectrum Color_var Vovar S var Label
34.8860043 1.57057268 1.81187042
B N Angry(0)
5125.9221 15481.1014 0.47699126
30.1372226 42.7017917 36.7001137
|| Calm(1)
10712.9634 24681.8625 0.33652975
24.7386989 24.7313521 25.0412616
[ D | Depress(2)
14798.6729 14906.9441 0.00072891
5 —
J J ,\&/« 41.7242885 34.3936207 20.7583408
5 o L | Happy(3)
I MJ 8839.32621 26805.3865 0.19867737

ROC Curves for LogisticRegression ROG Gurves for RandomForestClassifier ROC Curves for GradieniBoastingClassifier

Trus Positive Rate
True Positive Rale
True Positive Rate

" oo 02 04 & 0 a0 a2z 04 a6 08 T 02 a4
Falsa Posilive Rate Faise Posilive Rate False Positive Rate

a8 5. 277| sk&oll thst ROC Curve (21Z5E Logistic Regression, Random Forest, Gradient Boost ¥12|&S &6t 2E 9|
2 =olod, Label 0, 1, 2, 32 22t Angry, Calm, Depress, HappyZS 2/o|gh)

Fig 5. ROC Curve for classifier learning(from left to right is a graph of models utilizing the Logic Regression, Random
Forest, and Gradient Boost algorithms, with Label 0, 1, 2 and 3 representing Angry, Calm, Depress, and Happy,

respectively)
ROC Curve®l] ™3l micro ¥ v} macro ¥+ Wl 2 3}o]t} A
E 2. AutoMLE St 7|HEE YneIE MEE "ot 7HA] 7710014 B Depress 7430l ek AUCYT 7 =1
Table 2. Evaluation of suitability of machine learning Happy 7739l thgF AUCT} 7H8 2He 218 g18k = glth
algorithms with AutoML
Algorithm Accurac AUC o =
ger uracy # 3. 2} AutoMLOIAl AFBE =Rlof tist X
Logistic Regression 0.6700 0.8701 Table 3. Characteristic of models used in each
LDA('—'”E?;IIS'S?SC)”m'”am 0.6685 0.8696 AutoML(seg.= segmentation, dep. = dependant)
QDA(Quadratic Algorithm Characteristic of models
el . 0.6626 0.8694 - . Use logistic functions to estimate causality
Discriminata Analysis) Logistic Regression between dep. and indep. variables
Decision Tree 0.5571 0.7042 DA(Lincar : :
Random Forest 0.6580 0.8602 Discriminant Learn probability distribution to create
) decision boundaries based on bayes theory
Gradient Boost 0.6385 0.8609 Analysis)
QDA(Quadratic Similar to LDA, but ach class has its own
Light Gradient Boost 0.6294 0.8559 Discriminata Analysis) covariance matrix
AdaBoost 0.5647 0.7675 Decision Tree Classify data according to a set of
classification rules constructed with tree
Random Forest Construct mulitple decision tress using
[28 5= 5ol <¢kvd Hde EF A ot multiple sampling of training data
. X L. _ ) Use the boosting algorithm with gradient
1200 ¥
ROC(Receiver Operating Characteristic) =118 13 ZLg]|3 o] Gradient Boost descent optimization
o}, Aol H-g-4719] glo] Lol tgk 22k ROC <4418 A Light Gradient Boost Continuous seg. of leaf nodes with
@_ 7;5011:“] 34—%1- %&1 @-701 E?Jr _i_o = 7_1]_7_} Angry(O) maximum loss, not balanced tree seg.
’ ’ ’ B = ’ AdaBoost Gather the weighted weak classifiers to
Calm(1), Depress(2), Happy(3)= 27| 3tc}. = HAle] 7% Z+ create a strong classifier
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Table 4. Error matrix for classifier learning (Ir : Logistic
Regression, rf : Random Forest, gb : Gradient

Boost, avg is average of 3 classifiers)

T Predicted class
rue Ir rf Ir rf Ir rf Ir rf
class
gb avg gb avg gb avg gb avg
45 38 11 12 11 11 15 21
0
47 | 43.3 9 10.6 10 10.6 16 17.3
7 3 53 58 8 5 4 6
1
7 5.6 54 55 5 6 6 5.3
3 2 4 8 63 60 0 0
2
1 2 9 7 60 61 0 0
17 15 15 15 5 7 40 40
3
21 17.6 14 | 14.6 5 5.6 37 39
0 1 2 3
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18 6. Random Forest =&F7[0ll CHst S2 &2 =(Random
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Feature importance for Random Forest classifiers

(a graph of the importance of features that the

model uses to judge results when classifying

Random Forest models).
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