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A Study On User Skin Color-Based Foundation Color
Recommendation Method Using Deep Learning

Minuk Jeong', Hyeonji Kim'",

ABSTRACT

Chaewon Gwak'™,

AARAS
Yoosoo Oh

In this paper, we propose an automatic cosmetic foundation recommendation system that suggests

a good foundation product based on the user’s skin color. The proposed system receives and prepro—

cesses user images and detects skin color with OpenCV and machine learning algorithms. The system
then compares the performance of the training model using XGBoost, Gradient Boost, Random Forest,
and Adaptive Boost (AdaBoost), based on 550 datasets collected as essential bestsellers in the United
States. Based on the comparison results, this paper implements a recommendation system using the

highest performing machine learning model. As a result of the experiment, our system can effectively

recommend a suitable skin color foundation. Thus, our system model is 98% accurate. Furthermore, our

system can reduce the selection trials of foundations against the user’s skin color. It can also save time

in selecting foundations.

Key words: Cosmetics Recommendation, Machine Learning, XGBoost, Gradient Boosting, Random

Forest, Adaptive Boosting
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Fig. 1. Diagram of the foundation recommendation
system.
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Fig. 3. Graph of results learned using RandomForest,
Adaboost, Xgboost, Gradient Boosting.
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Table 1. Comparison of accuracy values by feature value and algorithm(H :

Luminosity, Hex : Hexadecimal).

Hue, S @ Saturation, V : Value, L :

Algorithm Feature H H, S H SV H'S, V,L | I S V, L Hex
XGBoost 23% 37% 49% 45% 96%
Random Forest 29% 43% 47% 47% 98%
Gradient Boosting 27% 45% 45% 39% 9496
Adaptive Boosting 33% 37% 31% 31% 50%
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Table 2. Detected user’s skin color and recommendation foundation.

No. H S \Y% L Hex Recommendation Product
(a) 92,426 118,4214 146,912 86 f3cfb3 Fresh Wear[13]

(b) 72,7897 103,0312 151,1472 42 e8ba8c Sephoral13]

(c) 155,6786 169,2802 177,511 72 84583f Healthy skin Liquid[13]
(d) 152,1044 166,1064 191,4236 75 84583f Healthy skin Liquid[13]
(e) 104,4506 126,4268 158,9926 69 84583f Healthy skin Liquid[13]
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