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Cosmetics Market Overview

An enormous expansion of cosmetics market
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• Increased skin roughness is promoted by epidermal changes and
dermal degeneration processes during aging (Wurm et al., 2012).

Epidermal thickness and regional difference by years
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• Effect of skin aging can be evaluated
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Skin Analysis for Aging Monitoring



Evaluation of the surface structure with PRIMOS
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 Phaseshift Rapid In vivo Measurement of Skin (PRIMOS) was 
proposed as an objective tool for studying skin topography and 
volume of wrinkles (Bloemen, 2011). 
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Advantages of PRIMOS in Skin Analysis

 PRIMOS is a noninvasive, fast and direct measurement of 
the skin surface with high precision. 

 Successfully tested in scar assessment applications 
(Roques, 2007)



Appropriate for skin wrinkle study analysis 

• Cross-sectional, high-resolution, and real-time imaging (Huang,
1991 and Welzel, 1997)

• Three-dimensional (3D) volumetric and deep imaging
• Accurate measurements during in vivo studies
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Advantages of OCT in Skin Analysis



• Center wavelength : 
1310nm

• Bandwidth : 50nm
• Acquisition speed: 50 

frames/s

Operation of the SystemSS-OCT Diagram
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OCT Setup with:

• Axial resolution : ≥ 10μm
• Lateral resolution : ~ 15μm
• 1 3D volume: 500 2D images

OCT Skin Analysis System Setup



Real-time OCT Skin Analysis System

En-face 
Depth 
Profile

Q
U

A
N

TI
FI

C
AT

IO
N

: O
C

T 
SE

TU
P

Flattened OCT 
skin image

Numerical values of 
skin surface roughness 

OCT Skin Analysis System Setup



Proposed skin surface detection algorithm steps:

Flowchart of algorithm
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(1) Curvature estimation
(2) Flattening
(3) Surface detection. 

Skin Surface Detection



Color variation 
explains depth
of separated 

wrinkle networks

The effect of natural 
curvature is 
minimized. 

The natural 
curvature of surfaces 

is 
originally present.

Wrinkle 
depth profile

Flattened
volumetric skin

Initial
volumetric skin
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Three-dimensional Reconstruction



Average height of the surface: Root mean square (RMS) 
height of the surface:

ISO 25178 part 2 standard defines roughness and topography parameters
to describe surfaces within sampling area numerically.
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Definition of Surface Roughness
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Skin surface 
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𝑤 → 𝑤𝑖𝑑𝑡ℎ;
𝑦 → ℎ𝑒𝑖𝑔ℎ𝑡

Extraction of Skin Surface Roughness



3D Printed Skin Phantom
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PRIMOS OCT
Varying the angle 

of sample

Roughness Parameters 
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Surface analysis with OCT offers robust performance despite the angle
variation of subject

Comparing OCT and PRIMOS



After applying cosmetics
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Influence of Cosmetics on Skin



The least notable 
age difference

in forearm

Cheek and eyerim
are affected more by aging

Forearm Cheek Eyerim
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We measured average roughness parameter

Influence of Subject Age on Skin



Classification by age group

Young Old

Ideal Model:
“Your skin is 99.9% ...“
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*With collection of more data, detailed age could be predicted

Next Step: Skin Condition Evaluation



Classification by skin region

Forearm EyerimCheek

Ideal Model:
“Your skin is 99.9% ...“

Next Step: Skin Condition Evaluation
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10 subjects x 3 skin regions x 500 samples = 15,000 total images

Eyerim Cheek
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Preparing large dataset is important for higher performance

Collected Dataset
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Input: image

Training with Multilayer Perceptron

Skin Classification Model: MLP

Output: Class Indicator 
(Ex: Young/Old)
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Input: image

And training with Convolutional Neural Network

Skin Classification Model: CNN

Output: Class Indicator 
(Ex: Forearm/Eye/Cheek)
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5 fold cross-validation is a basic technique for testing models

1st Fold

2nd Fold

3rd Fold

4th Fold

5th Fold

Final Accuracy = Average(1st Fold, 2nd Fold, …, 5th Fold)

Technique for Testing the Model
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Classification accuracies after 30 epochs over 5 folds:

1st fold 2nd fold 3rd fold

4th fold 5th fold MLP:

CNN

“77.8 % Young/Old“

“82.2%. Old/Young“

Predicting Skin Age
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Classification accuracies after 30 epochs over 5 folds:

1st fold 2nd fold 3rd fold

4th fold 5th fold MLP:

CNN

“71.5 %
Forearm/Eye/Cheek“

“79.5%
Forearm/Eye/Cheek”

Predicting Skin Region
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• CNN has higher performance in comparison to MLP in both 
classification tasks

• Classification of skin region task is more complex than 
classifying skin age in our experiments

• Different subjects have various skin characteristics, which is 
confusing for accurate classification within similar data.

• The limited number of data. To suggest generalized conclusion, 
we must collect much more OCT skin image data.
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• OCT clearly visualizes morphologic variation in 3D and high-
resolution approach. It prevents imaging procedure from 
dependence onto the angle of sample.

• We determined OCT could deliver comprehensive quantitative
information of morphologic change in skin. Roughness
parameters could be extracted for monitoring of the aging 
influence or skin treatment processes.

• At this point, potential of deep learning for skin condition 
analysis has been shown. The future work includes collection of 
abundant data and conducting experiments with complex deep 
learning models

Conclusion
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Thank you for attention! 
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• Topography of skin diseases

Normal Skin Dry atopic skin
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• Effect of different therapies can be determined
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Appendix: Importance of Skin Analysis



 Skin replica with optical profilometry is the most common and 
simple way (Fischer et al.,1999)

 Advanced optical imaging modalities were suggested (reflectance 
confocal microscopy, fluorescence microscopy, second harmonic 
microscopy) (Corcuff et al., 1996, Hendriks and Lucassen, 1999)

Silicone replica of the skin Profilometry of the surface
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 Indirect measurement: Inadequate for in vivo and fast feedback

 Limited field of view (FOV) restricts wrinkle study

Appendix: Previous Work



• Absence of feature extraction:

• Complexity of Problem
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Multilayer Perceptron (MLP):

Convolutional Neural Network (CNN):
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Complex CNN Based Architectures: AlexNet, VGGNet, Resnet, Inception-v3

Appendix: Deep Learning Models for Image Recognition



Popular frameworks to get started:

Open Source community contribution:
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Appendix: Practical Tools



• Personalized customized skin care

Skin cancer classification (Esteva et al., 2017)

• Early detection of skin disease
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Appendix: Potential of AI in Dermatology and Cosmetics Field


