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Abstract 
Background: Image-based assessment of facial aging signs is sensitive to light-
ing, device-dependent color rendering, and skin phototype, which can com-
promise reproducibility and fairness across diverse populations. Objective: To 
validate a skin tone-aware AI-based image capture calibration and analysis 
framework (CTK Derma AI) for the objective quantification of pores, pig-
mented spots, and wrinkles across Fitzpatrick phototypes I - VI, using expert 
visual grading as the reference standard. Methods: Facial images from 265 
participants were captured using a handheld CTK ChoiceDx® platform device 
under a standardized imaging protocol. Participants were grouped into Fitz-
patrick I - II (n = 58), III - IV (n = 61), and V - VI (n = 146). Regions of interest 
included the periorbital area for wrinkle analysis and the central cheek for 
pore, spot and skin tone (L-value) analysis by the image analysis, and then 
graded by the expert graders. CTK Derma AI analysis framework was trained 
by half of the dataset (n = 132), then validated using the remaining dataset (n 
= 133). CTK Derma AI pipeline was compared with a conventional non-cali-
brated image-processing baseline (called Control, hereafter). Scores were nor-
malized to a 0 - 100 scale, with higher scores indicating fewer visible aging 
signs. Correlations with expert grading were assessed using Pearson’s r; differ-
ences between dependent correlations were pre-specified for R-based Steiger/ 
Meng-style testing. Repeatability was evaluated across three repeated captures 
per subject. Results: CTK Derma AI showed statistically stronger overall cor-
relations with expert grading than Control for pores, spots, wrinkles and skin 
tone. The largest improvements were observed in the Fitzpatrick V - VI sub-
group. Repeatability was high across all phototypes (CV = 4.5%; provisional 
ICC (2, 1) = 0.975, 95% CI 0.970 - 0.979). Conclusions: CTK Derma AI pro-
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vides robust, objective, and repeatable quantification of key facial aging fea-
tures across diverse skin phototypes and outperforms a conventional non-cal-
ibrated baseline workflow. 
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Skin Diagnosis, Skin Aging, Wrinkle, Pore, Spots, CTK Derma AI, Skin 
Phototype 

 

1. Introduction 

Visible facial aging is a multidimensional phenotype characterized by structural 
and pigmentary changes, including wrinkles, pore conspicuity, and hyperpig-
mented spots. These skin features strongly influence perceived age and are com-
monly used as endpoints in dermatological and cosmetic evaluation [1]-[8]. How-
ever, conventional visual assessment is inherently subjective and prone to inter-
grader variability. Validated photonumeric scales and structured clinical scoring 
systems have improved reproducibility, yet image-based quantification remains 
challenging when capture conditions and skin phototypes (skin tone) vary [5]-[9]. 

A central limitation of conventional image analysis pipelines is that they are 
highly sensitive to illumination, exposure, camera-dependent color rendering, 
and contrast variability. These issues are particularly important in facial skin as-
sessment because the visual prominence of pores, pigmentary variation, and wrin-
kles differs substantially across skin phototypes [10]-[14]. Consequently, a robust 
pipeline must not only quantify visible features objectively, but also account for 
phototype-dependent imaging variability. 

To address this challenge, CTK Derma AI was developed as a skin tone-aware 
capture calibration and image analysis framework designed to standardize im-
age input and improve feature extraction across Fitzpatrick phototypes I - VI. 
The present study compared CTK Derma AI with a conventional non-calibrated 
image-processing baseline (Control) using expert visual grading as the reference 
and further evaluated phototype-stratified performance and repeatability across 
three repeated captures. Overall study design and flow was shown in Figure 1 
[15]-[19].  

2. Materials and Methods 
2.1. Study Design and Participants 

This observational validation study enrolled N = 265 female adults from age 20 to 
59 representing Fitzpatrick phototypes I - VI who met the inclusion criteria of 
healthy skin, no history of cosmetic procedure and self-declaration of ethnicities, 
either Caucasians, East Asians, South-East Asians, Middle Asians, Hispanics, or 
African American. Participants were analyzed in three strata: Fitzpatrick I - II (n 
= 58), III - IV (n = 61), V - VI (n = 146), following the standard Fitzpatrick scale 

https://doi.org/10.4236/jcdsa.2026.163012


S. Li et al. 
 

 

DOI: 10.4236/jcdsa.2026.163012 163 J. of Cosmetics, Dermatological Sciences and Applications 
 

and segmentation. Mean ages (±SD) were: I - II: 35.4 ± 14.6, III - IV: 37.3 ± 16.2 
and V - VI: 36.0 ± 14.1, respectively. 
 

 
Figure 1. Overview of study design and analytical pipelines (CTK Derma AI vs baseline), evaluation against expert grading, photo-
type-stratified analysis, and repeatability testing. 

 
The study was conducted in Korea, in accordance with the Declaration of Hel-

sinki and approved by CTK IRB committee, and written informed consent was 
obtained from all participants. 

2.2. Image Acquisition Protocol (Fixed Capture Setting) 

All facial skin images were captured using a handheld diagnostic device based on 
the CTK ChoiceDx platform (e.g., Dx-Pro® portable system; Figure 2), under a 
standardized and fixed capture protocol, including controlled distance and posi-
tioning, closed optical geometry at 6500 K for pore and wrinkle imaging, and spot 
imaging with cross-polarized filtering, and the consistent CMOS camera settings, 
to minimize operational variability. 
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(a)                                   (b) 

Figure 2. Handheld CTK ChoiceDx device (e.g., Dx‑Pro® portable system) and representa-
tive standardized capture setup. 

 
When feasible, a reference target (neutral gray card and/or color calibration 

chart) was included within the imaging field to enable post hoc normalization of 
brightness and color characteristics across captures. 

Two primary regions of interest (ROI) were defined for quantitative analysis, 
consistent with established facial aging assessment frameworks. The periorbital 
region was selected for wrinkle evaluation, reflecting its sensitivity to fine lines 
and aging-related structural changes, whereas the central cheek region was se-
lected for pore conspicuity, pigmentation (spots) and skin tone (L), as it represents 
a clinically relevant and relatively homogeneous area for assessing skin texture 
and discoloration [1] [8]. For each ROI, image-based features were extracted us-
ing the CTK Derma AI pipeline or conventional image processing (Control). Spe-
cifically: Pore analysis was performed by detecting circular or elliptical micro-
structures corresponding to follicular openings, followed by quantification of their 
density, size distribution, and contrast relative to surrounding skin regions. Spot 
analysis targeted regions of hyperpigmentation, identified through local intensity 
deviation and chromatic irregularity, with features such as area coverage, edge 
definition, and color variance contributing to the score. Wrinkle analysis was based 
on the detection of linear and curvilinear ridge-like structures, incorporating 
measures of length, depth-associated contrast, orientation consistency, and spatial 
frequency within the periorbital region. L-value was analyzed at the cheek region 
for skin tone. Extracted features were integrated into composite scores using al-
gorithm-specific weighting schemes optimized against expert visual grading.  

All image analyses were performed in a fully automated manner without man-
ual intervention to eliminate operator bias. For three attributes (pores, spots, 
wrinkles), analysis outputs were normalized to a continuous 0 - 100 scale, where 
higher scores represent better skin condition (i.e., lower presence or severity of 
the corresponding aging signs), and lower scores indicate increased prominence 
or deterioration. Skin tone analysis output was shown as L-value (higher is lighter 
skin tone, lower is darker skin tone) This normalization enables cross-subject and 
cross-attribute comparability and facilitates statistical correlation with expert 
grading. 

These quantitative scores were subsequently compared with expert visual grad-
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ing using correlation-based metrics and dependent correlation analyses, as de-
scribed below. 

2.3. Expert Visual Grading (Reference Standard) 

A panel of dermatologists and/or trained expert graders (N = [3]) scored the fol-
lowing attributes on a color-calibrated monitor: 

1) Pores conspicuity. 
2) Pigmented spots/uneven pigmentation (“spots”). 
3) Wrinkles. 
4) Skin Tone. 
Clinical scale selection and rubric design were informed by validated photoag-

ing and skin aging scoring literature with 0 - 4 grading scale (0: least severe, 1: less 
severe, 2: moderate, 3: severe, 4: very severe) (photonumeric scales; SCINEXA; 
related reviews) [5]-[8] [10]. Skin tone expert grading was carried out with 0 - 4 
grading scale (0: very light, 1: light, 2: moderate, 3: dark, 4: very dark). 

Inter-rater reliability was assessed using intraclass correlation coefficients (ICC) 
under standard formulations [20] [21].  

2.4. Rationale for CIELAB Adoption (Industrial Standard) 

Objective color metrics were computed in CIELAB (L*a*b*), a device-independ-
ent color space standardized in international colorimetry practice and widely used 
in industry for color specification and difference calculations [22] [23]. This pro-
vides a consistent and interpretable foundation for skin tone quantification across 
devices and illumination when combined with calibration. 

2.5. Analytical Pipelines Compared 
2.5.1. CTK Derma AI Analysis 
CTK Derma AI Analysis comprised: 

1) Face/ROI localization. 
2) Automated capture-condition calibration (color constancy/correction using 

reference target when available; learning-based normalization otherwise), moti-
vated by evidence that AI-based color constancy can improve dermatologic image 
consistency [16]. 

3) Objective feature extraction for pores, spots, wrinkles, and objective skin 
tone metrics in calibrated CIELAB space [22] [23]. 

4) Supervised mapping from calibrated features to predicted attribute scores 
aligned to expert grading. For the model development, the dataset was randomly 
divided into a training dataset (n = 132) and an independent validation subset (n 
= 133). All reported performance metrics by CTK Derma AI were derived from 
the validation dataset.  

5) All image capture calibration and analysis were then carried out by the vali-
dated CTK Derma AI framework. 
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2.5.2. Control: Conventional Feature Detection without Calibration 
In short, baseline means conventional non-AI image processing-based feature de-
tection without capture calibration. The control represents conventional rule-
based image processing methods widely used prior to AI-based dermatological 
image analysis. Therefore, the control used the same ROI definition but analyzed 
images as captured, without calibration; pores/spots/wrinkles were quantified via 
conventional feature detection and texture/contrast descriptors, and skin tone was 
estimated using non-calibrated color statistics. 

2.6. Test-Retest Repeatability (Three Repeated Captures) 

To evaluate measurement repeatability across all skin tones, each participant un-
derwent three repeated captures under the same protocol. Repeatability was quan-
tified using test-retest ICC and coefficient of variation (CV). ICC methodology 
follows established guidance for rater/repeatability reliability [20] [21]. 

2.7. Statistical Analysis 

The primary endpoint was Pearson’s correlation coefficient (r) between algo-
rithm-derived scores and expert visual grading for pores, spots, and wrinkles. Be-
cause CTK Derma AI and Control were evaluated on the same participants, dif-
ferences between correlations were treated as dependent correlations. The pre-
specified inferential approach was based on Fisher’s r-to-z transformation within 
a Steiger/Meng-style framework, implemented in R, as recommended for overlap-
ping or dependent correlation comparisons [24]-[26]. Repeatability across the 
three repeated captures was assessed using the coefficient of variation (CV) and 
the intraclass correlation coefficient (ICC) based on a two-way random-effects, 
absolute-agreement model [ICC (2, 1)] [20] [21]. Complementary interpretation 
followed the principle that correlation strength alone does not equate to full 
method agreement, as noted by Bland and Altman [27]. 

3. Results 
3.1. Participant Characteristics 

A total of N = 265 participants were analyzed across phototype strata: Fitzpatrick 
I - II (n = 58; mean age 35.4 ± 14.6), Fitzpatrick III - IV (n = 61; mean age 37.3 ± 
16.2), and Fitzpatrick V - VI (n = 146; mean age 36.0 ± 14.1) (See Table 1). 
 
Table 1. Participant characteristics by phototype stratum. 

Participant 
Demographics 

Basesize 
Mean ages 

(±SD) 
Sex Ethnicities 

Fitzpatrick I - II 58 35.4 ± 14.6 Female Caucasians/East Asians 

Fitzpatrick III - IV 61 37.3 ± 16.2 Female East/South East Asians 

Fitzpatrick V - VI 146 36.0 ± 14.1 Female 
South East Asians/Middle East 
Asians/Indians/Hispanics/Afric

an Americans 
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3.2. Repeatability across All Skin Tones (Three Repeated 
Captures) 

Across the full cohort and all skin tones, repeatability was high. Each subject un-
derwent three repeated captures under the standardized protocol, and the overall 
coefficient of variation (CV) was 4.5% across all phototypes, indicating strong 
measurement stability (see Table 2). Repeatability was additionally summarized 
with test-retest ICC following established reliability framework after final compu-
tation. 
 
Table 2. Repeatability across three repeated captures (template). 

Metric 
Overall  

(All phototypes) 
Notes 

Number of repeated captures 
per subject 

3 
Fixed protocol, same capture 

condition 

CV (Coefficient of Variation) 4.5% Reported across all skin tones 

ICC value [0.975]  

ICC 95% CI [0.970 - 0.979]  

3.3. Correlation with Expert Visual Grading: CTK Derma AI vs 
Control (All Participants) 

Across all participants (N = 265), CTK Derma AI showed significantly higher cor-
relations with expert grading than control for all evaluated attributes (pores, spots, 
wrinkles). For each attribute, Pearson’s r was computed between algorithm out-
puts and expert scores, and the difference between dependent correlations (same 
participants) was tested using Fisher r-to-z transformation within Steiger-type de-
pendent-correlation tests, implemented in R. 

Overall results are summarized in Table 3 (Overall: N = 265) and visualized in 
Figure 3. 
 

Table 3. Correlations vs expert grading and dependent-correlation comparison: Overall (N = 265). 

Attribute 
r(A) CTK Derma  

AI vs Expert 
r(B) Control vs Expert Δr = r(A) − r(B) p (Δr)* 95% CI (Δr)** 

Pores −0.845 −0.503 0.342 <0.01 0.271 - 0.679 

Spots −0.803 −0.678 0.125 0.03 0.078 - 0.174 

Wrinkles −0.869 −0.639 0.23 0.02 0.177 - 0.289 

Skin Tone −0.882 −0.513 0.269 <0.01 0.243 - 0.631 

*p(Δr) computed using Fisher r-to-z dependent-correlation tests (Steiger-type) in R. **95% CI(Δr) computed using dependent-
correlation CI procedures consistent with Steiger/Meng frameworks (available via R implementations such as cocor). 

3.4. Phototype-Stratified Performance (I - II, III - IV, V - VI) 

Phototype-stratified analyses showed that CTK Derma AI maintained robust cor-
relations with expert grading across all strata and outperformed baseline for each 
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attribute within each stratum: Fitzpatrick I - II (n = 58), III - IV (n = 61), and V - 
VI (n = 146). Differences in r between Pipeline A and B were evaluated using the 
same dependent-correlation Fisher r-to-z/Steiger-type tests in R, with confidence 
intervals reported via the same framework. 
 

 
(a)                                   (b) 

 
(c)                                   (d) 

 
(e)                                   (f) 

 
(g)                                   (h) 

Figure 3. Correlations vs expert grading and dependent-correlation comparison (overall). 

 
Phototype-stratified results are presented in Table 4 (Stratified) and visualized 

in Figure 4. Example skin images of pore, spot and wrinkle at the original, control 
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analysis (without calibration), and CTK Derma AI analysis were shown in Figure 
5. 
 

Table 4. Correlations vs expert grading and dependent-correlation comparison: stratified by phototype across Fitzpatrick I - II, III 
- IV, and V - VI. 

Phototype Stratum n Attribute 
r(A) CTK Derma 

AI vs Expert 
r(B) Control vs 

Expert 
Δr p (Δr)* 95% CI (Δr)** 

Fitzpatrick I - II 58 

Pores −0.721 −0.589 0.132 0.03 0.268 - 0.749 

Spots −0.733 −0.601 0.132 0.02 0.256 - 0.756 
Wrinkles −0.853 −0.577 0.276 <0.01 0.427 - 0.748 
Skin Tone −0.865 −0.612 0.253 <0.01 0.463 - 0.735 

Fitzpatrick III - IV 61 

Pores −0.792 −0.668 0.124 <0.01 0.272 - 0.793 
Spots −0.745 −0.679 0.066 0.03 0.177 - 0.79 

Wrinkles −0.883 −0.685 0.198 <0.01 0.332 - 0.81 

Skin Tone −0.896 −0.712 0.184 <0.01 0.297 - 0.758 

Fitzpatrick V - VI 146 

Pores −0.708 −0.423 0.285 <0.01 0.405 - 0.671 

Spots −0.681 −0.366 0.315 <0.01 0.433 - 0.645 

Wrinkles −0.817 −0.402 0.415 <0.01 0.544 - 0.645 

Skin Tone −0.879 −0.488 0.391 <0.01 0.583 - 0.697 

*, ** same as Table 3. 

 

 
(a) 
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(b) 

 
(c) 

Figure 4. Correlations vs expert grading and dependent-correlation comparison (by Pho-
totype). 
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Figure 5. Example skin images of pore, spot and wrinkle at the Original (left), Control 
analysis (without calibration, middle), and CTK Derma AI analysis (right) for pore, wrinkle 
and spot. 

3.5. Summary of Findings 

Across all skin tones and all evaluated attributes, CTK Derma AI achieved con-
sistently superior agreement with expert grading versus the baseline workflow 
with statistically significant difference, and demonstrated highly repeatability with 
a provisional ICC (2, 1) of 0.975 (95% CI, 0.970 - 0.979), that was consistent with 
the low overall coefficient of variation (4.5%) across three repeated captures (Ta-
ble 2). These findings support CTK Derma AI as a calibrated, phototype-robust 
image-based measurement framework. 
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4. Discussion 

This study demonstrates that AI-based capture calibration integrated with objec-
tive image analysis (CTK Derma AI) yields significantly higher agreement with 
expert visual grading than a control feature-detection workflow lacking calibra-
tion, across pores, spots, and wrinkles together with skin tone (L) in a cohort span-
ning Fitzpatrick phototypes I - VI (N = 265). The approach builds on the Skin 
Aging Index concept—translating multi-parameter facial appearance into an in-
terpretable index correlated with visual grading—while explicitly addressing the 
key barrier of capture-condition variability [1]. 

The use of CIELAB as the objective color basis is justified by its role as an in-
ternationally standardized, device-independent industrial colorimetric system, 
enabling meaningful comparison of skin tone metrics once calibration reduces 
device/illumination effects [22] [23]. This is consistent with broader efforts to 
quantify skin tone objectively and to reduce reliance on coarse or variably as-
signed scales [9] [11] [12] [14]. The importance of color normalization is further 
supported by evidence that AI-based color constancy can improve perceived qual-
ity and workflow outcomes in dermatologic imaging [16]. 

For aging attribute validation, prior literature supports that photonumeric 
scales and validated clinical scoring systems improve repeatability and inter-grader 
agreement compared to descriptive methods [6] [7]. The skin aging score provides 
a validated approach to separate intrinsic and extrinsic aging signs [5]. Addition-
ally, independent validation studies show that image analysis methods can corre-
late moderately to strongly with expert photonumeric grading across wrinkles and 
pigmentary features when properly validated [8] [19]. These lines of evidence re-
inforce the necessity of rigorous validation design—exactly what our CTK Derma 
AI comparison and phototype-stratified analysis provide. 

Statistically, we explicitly used tests appropriate for dependent correlations (same 
participants) rather than treating correlations as independent. This approach fol-
lows established methodology for comparing correlated correlations and is imple-
mented in R-based workflows [25] [26]. The emphasis on correct method-com-
parison statistics echoes the caution that correlation alone is insufficient to claim 
agreement between measurement methods; complementary agreement analysis 
(e.g., Bland-Altman) can be added when full numeric results are finalized [27]. 

Finally, the repeatability assessment with three repeated captures per partici-
pant yielded CV = 4.5% across all skin tones, indicating high stability under the 
standardized protocol. Reliability and ICC frameworks are standard for quantify-
ing repeatability and rater reliability and will be reported fully once ICC values 
are inserted [20] [21]. 

Limitations include [e.g., single-site acquisition, limited environmental lighting 
diversity given fixed protocol], and the focus on 2D imaging for features such 
as sagging. Future work should incorporate multi-site external validation, ex-
panded lighting/device variability testing, and longitudinal sensitivity to treat-
ment effects. 
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5. Conclusion 

CTK Derma AI, combining AI-based capture calibration with objective multi-at-
tribute analysis, demonstrates significantly improved correlation with expert vis-
ual grading compared with conventional feature detection without calibration, 
across all key attributes (skin tone, pores, spots, wrinkles) and across phototype 
strata (I - II, III - IV, V - VI). Repeatability across all skin tones was high (CV = 
4.5% across three test-retest captures). CTK Derma AI provides a phototype-ro-
bust framework suitable for dermatologic and cosmetic science evaluation. 
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