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Abstract: This study introduces an advanced approach to the automated detection of skin tanning, leveraging image
processing and computer vision techniques to accurately assess tanning levels. A method was proposed in which
skin tone variations were analyzed by comparing a reference image with a current image of the same subject. This
approach establishes a reliable framework for estimating tanning levels through a sequence of image preprocessing,
skin segmentation, dominant color extraction, and tanning assessment. The hue-saturation-value (HSV) color space
was employed to quantify these variations, with particular emphasis placed on the saturation component, which is
identified as a critical factor for tanning detection. This novel focus on the saturation component offers a robust and
objective alternative to traditional visual assessment methods. Additionally, the potential integration of machine
learning techniques to enhance skin segmentation and improve image analysis accuracy was explored. The proposed
framework was positioned within an Internet of Things (IoT) ecosystem for real-time monitoring of sun safety,
providing a practical application for both individual and public health contexts. Experimental results demonstrate the
efficacy of the proposed method in distinguishing various tanning levels, thereby offering significant advancements in
the fields of cosmetic dermatology, public health, and preventive medicine. These findings suggest that the integration
of image processing, computer vision, and machine learning can provide a powerful tool for the automated assessment
of skin tanning, with broad implications for real-time health monitoring and the prevention of overexposure to
ultraviolet (UV) radiation.

Keywords: Tanning detection; Image processing; Computer vision; Skin segmentation; Color analysis; Hue-
saturation-value

1 Introduction

Skin tanning, or the darkening of the skin as a result of extended exposure to UV radiation, is a frequent
phenomenon with various health concerns. While some people intentionally seek out sun exposure in order to attain a
sun-kissed complexion, excessive tanning raises issues such as an increased risk of skin cancer, premature aging, and
skin damage. Given the continuing desire for a tanned look, there is an urgent need for accurate ways to monitor
and quantify tanning levels. Beyond cosmetic concerns, the value of tanning level evaluation extends to areas such
as sun safety advocacy within the cosmetics sector and mindful health risk management related to sun exposure.
Manual tanning evaluation, on the other hand, remains a difficult and subjective operation, often depending on human
subjectivity and fluctuating lighting circumstances. As a result, the need for an automated and precision-driven
tanning detection technique becomes clear.

The drive for this research project stems from the need for an objective and unbiased tanning detection paradigm.
An efficient system can be designed for systematic and autonomous tanning level assessment and skin color analysis
by using the capabilities of computer vision and image processing technology. The overall goal of this study is to use
artificial intelligence to revolutionize tanning detection, therefore protecting the health of sunbathers. This study
introduces a complete tanning detection framework that is deeply integrated into the fabric of computer vision and
image processing technologies. The components were thoroughly explained, including skin segmentation, prominent
color palette extraction, and HSV color space analysis, showing their inherent value and integration within the wider
tanning detection environment.
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This research crosses conventional boundaries, bringing together dermatology, computer science, and image
analysis to provide an avant-garde approach. Apart from tanning level assessment, this study educates people about the
dangers of excessive sun exposure. In addition to adding to the body of knowledge in skin analysis, this study aims to
offer a useful tool for the public health and cosmetics industries, backed up by a thorough explanation of the proposed
technique. Despite the necessity of monitoring tanning levels, existing methods for assessing tanning are primarily
manual and subjective, which introduces considerable constraints. Visual examination is a common component of
manual evaluation, which is naturally prone to human mistake and bias. Factors like lighting circumstances, the
observer’s perception, and the variety in skin tones across individuals can contribute to inconsistent and incorrect
results. Moreover, hand techniques lack the accuracy needed to identify minute variations in skin color, which are vital
for early management in cases of too high UV exposure. Another problem arises in the dynamic nature of tanning,
where skin pigmentation can fluctuate over time due to factors such as exposure duration, intensity of UV radiation,
and individual skin type. Traditional methods fail to account for these variances in a systematic and quantitative
manner. Additionally, the lack of defined techniques or protocols for tanning assessment further exacerbates the issue,
making it difficult to compare results across different research or applications. In the context of public health and
dermatology, these restrictions represent substantial issues. For instance, the inability to precisely monitor tanning
levels might impair efforts to educate persons about the consequences of excessive sun exposure, such as skin cancer
and premature aging. Similarly, in the cosmetics business, the lack of reliable tanning assessment techniques hinders
the capacity to analyze the performance of sun protection goods or tanning chemicals.

To solve these issues, there is a pressing need for an automated, objective, and precise approach for tanning
detection. By utilizing improvements in computer vision and image processing, the suggested method intends to
overcome the limits of manual assessment. The integration of techniques, such as skin segmentation, dominant
color extraction, and study of the saturation component in the HSV color space, provides a strong framework for
assessing tanning levels. This approach not only eliminates human subjectivity but also provides consistency and
accuracy in tanning evaluation. Moreover, the possibility for integrating this technology with future technologies,
including machine intelligence and the IoT, presents new paths for real-time monitoring and individualized sun safety
recommendations. By addressing the shortcomings in current methodologies, this study establishes the foundation
for a disruptive approach to tanning detection, with consequences for public health, dermatology, and the cosmetics
industry.

Subsequent sections carefully elaborate on the actual implementation of each technique, supported by empirical
evidence confirming the efficacy of the proposed approach. This research endeavor is expected to bring in a safer
and more accurate age of tanning detection, supporting increased public health awareness and the development of
sun-safe habits. Section 2 discusses the comprehensive review of studies in similar areas. Section 3 explains the
proposed methodology. Section 4 dives into the skin tanning detection in detail. Section 5 shows the results of this
research. Sections 6 and 7 give the discussion and conclusion, respectively.

2 Literature Review

In the trials, Lei et al. [1] employed a workstation with an E5-2630 v2 CPU and 32 GB RAM. The MATLAB
software package was used to train the Stacked Autoencoders (SAEs). Three public datasets were used for the
experiments: the Pratheepan dataset, the HGR dataset, and the ECU dataset. The study presented a skin detection
approach based on SAEs. Skin detection results were examined based on Red-Green-Blue (RGB), HSV, and a mixture
of the two color spaces. The combination of the two color spaces outperformed any color space alone, particularly
in terms of detection accuracy. The suggested technique attained an F-score of 70% and an accuracy of 88%. The
combination of the RGB and HSV color spaces produced superior skin identification results than either color space
alone. The SAE framework needed four hours to train and ten seconds to predict a picture with a resolution of
640×480.

Using genetic algorithm heuristics and Principal Component Analysis (PCA) methodologies, Maktabdar Oghaz et
al. [2] presented SKN, a new three-dimensional hybrid color space. To get the best color component combination
setup for skin identification accuracy, a genetic algorithm heuristic was applied. The optimum genetic algorithm
solution was projected to a less complicated dimension using PCA. The human skin color predicting model was
created using four classifiers: Random Forest (RF), Nave Bayes (NB), Support Vector Machine (SVM), and Multilayer
Perceptron (MLP). The research addressed the problem of selecting a good color space for skin and face classification
performance, taking into account light fluctuations, camera features, and skin color tone variety. In terms of pixel-wise
skin identification accuracy, the proposed SKN color space surpassed current color spaces. According to the
experimental data, the suggested SKN color space has an average F-score of 0.953, a true positive rate of 0.953, and a
false positive rate of 0.0482. RF was found to be the best classifier for pixel-wise skin identification applications
among the classifiers tested.

Hossen et al. [3] made use of a bespoke picture collection comprising four types of skin illness. A Convolutional
Neural Network (CNN) model was proposed and tested against numerous benchmark CNN algorithms. To expand
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the dataset and make the model more broad, an image augmentation approach was used. To protect data privacy, a
federated learning technique was deployed. The article intended to categorize skin illnesses using medical photographs,
which is difficult because of the diseases’ complicated creation and varying hues, as well as data security problems.
The suggested CNN model and federated learning technique performed well in terms of skin disease categorization
and data privacy protection. For acne, eczema, and psoriasis, the suggested CNN model demonstrated high accuracy
and recall. When the dataset was dispersed across various clients, the federated learning technique demonstrated
average accuracy. For acne, eczema, and psoriasis, the suggested CNN model attained accuracies of 86%, 43%,
and 60%, and recall rates of 67%, 60%, and 60%, respectively. When the dataset was dispersed across 1000, 1500,
2000, and 2500 clients, the federated learning strategy achieved average accuracies of 81.21%, 86.57%, 91.15%, and
94.15%, respectively.

Abbas and Farooq [4] suggested using a Bayesian Rough Decision Tree (BRDT) classifier to identify human skin
tone. Three tests were carried out utilizing RGB, HSV, and YCbCr datasets obtained from the machine learning
repository at the University of California, Irvine (UCI). The research seeks to increase the accuracy of human skin
identification by tackling the problems of changing lighting conditions and persons of different ethnicities. When
compared to earlier threshold-based approaches, the suggested BRDT classifier performed better in skin detection. The
experimental findings revealed that the suggested system provided optimal skin detection accuracy, with accuracies of
98%, 97%, and 97%, respectively, utilizing the RGB, HSV, and YCbCr datasets. Table 1 provides the performance
metrics for the BRDT classifier on the RGB, HSV, and YCbCr datasets. The findings revealed that the BRDT classifier
performed well in skin detection with high accuracy and low error rates across a variety of datasets and threshold
levels.

Table 1. Summary of research contribution

Reference Methods Used Contribution

Lei et al. [1] Skin detection based on SAEs using
RGB and HSV color spaces

- The combination of RGB and HSV color spaces
outperformed individual color spaces in terms of

detection accuracy.
- The approach achieved an F-score of 70% and an

accuracy of 88%.
- Training the SAE framework took four hours, and
image prediction required ten seconds for a 640×480

resolution image.

Maktabdar Oghaz
et al. [2]

Introduction of SKN three-dimensional
hybrid color space for skin identification

using Genetic Algorithm and PCA

- SKN color space showed superior skin identification
accuracy compared to existing color spaces.

- The proposed SKN color space achieved an average
F-score of 0.953, True Positive Rate of 0.953, and False

Positive Rate of 0.0482.
- RF was the best classifier for pixel-wise skin

identification among those tested.

Hossen et al. [3] Skin disease classification using a CNN
and federated learning technique

- The CNN model performed well in classifying skin
diseases like acne, eczema, and psoriasis with high

accuracy and recall rates.
- The federated learning technique demonstrated average
accuracy rates when the dataset was distributed across

various clients.
- For acne, eczema, and psoriasis, the suggested CNN
model achieved accuracy rates of 86%, 43%, and 60%,

with corresponding recall rates.

Abbas and
Farooq [4]

Skin tone identification using BRDT
classifier with RGB, HSV, and YCbCr

datasets

- The BRDT classifier showed improved skin detection
accuracy, especially under changing lighting conditions

and for individuals of different ethnicities.
- The approach outperformed earlier threshold-based

methods.
- The BRDT classifier achieved high accuracy (98%,

97%, and 97%) using RGB, HSV, and YCbCr datasets,
respectively, with low error rates.

Recent advancements in automated skin analysis are promising. Latreille et al. [5] have explored the impact
of skin color on erythema detection, informing the current study’s tanning detection approach. A CNN model [6]
identified skin disorders with 98.21% accuracy, while Pavithra et al. [7] employed a hybrid neural network with
100% accuracy. The Skin-Vision APP [8] shows how these technologies may identify skin problems in real time.
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Zhang et al. [9] established the Spatial Aware Region Proposal Network (SA-RPN) to improve acne recognition
with tiny lesions. Their method stresses the necessity of better detection technologies in skin lesion diagnosis. A
review on federated learning in medical image analysis underlined the necessity for strong algorithms to accommodate
heterogeneous datasets [10].

The integration of artificial intelligence (AI) in dermatology has been extensively explored, demonstrating its
potential to increase diagnostic accuracy and efficiency. Key discoveries include the ethical implications of AI in
dermatology, specifically with data privacy and diversity skin tone portrayal [11]. A federated learning technique [12]
was devised to improve skin lesion diagnosis while protecting data privacy. Additionally, convolutional neural
networks obtained over 85% accuracy in diagnosing skin problems [13]. The study conducted by Zhang et al. [14]
highlighted the usefulness of hybrid color spaces in improving skin tone classification, which motivated our approach
to utilizing the HSV color space for tanning detection. These observations underline the need of ethical considerations
and improved methodologies in automated skin analysis. AI’s capacity to rapidly process [15] difficult data and
boost diagnostic accuracy coincides with our study objectives in skin tanning detection. Yaqoob et al. [16] offered
a federated learning strategy for skin lesion identification, stressing privacy in healthcare. Wu et al. [17] proved
CNN effectiveness in classifying skin illnesses, validating the current research’s focus on machine learning for skin
examination. The inclusion of strong picture datasets, as seen in their study, highlights the need of comprehensive data
in constructing reliable skin evaluation systems. These findings illustrate the importance of current image processing
in dermatology and public health.

The methodology and outcomes from past studies offer a fundamental foundation for the current research on
automated skin tanning detection. For instance, the integration of several color spaces, such as RGB and HSV, has
been proven to boost skin identification accuracy, as evidenced by the superior performance of integrated techniques in
earlier publications. The use of machine learning techniques, particularly SAEs and CNNs, has exhibited substantial
gains in skin segmentation and illness categorization, demonstrating the potential for better accuracy and efficiency in
image analysis. Additionally, the exploration of hybrid color spaces and classifiers, such as the SKN color space and
RF, highlights the significance of improving color representation for skin tone recognition. These ideas underpin the
current study’s approach, particularly in leveraging the HSV color space for exact tanning level evaluation and the
creative use of reference photographs to quantify changes in skin tone. By building upon these proven methodologies,
the present research intends to refine and enhance the accuracy of skin tanning detection, ultimately leading to
advancements in cosmetic applications and public health monitoring.

2.1 Novelty

This study’s innovations develop in two stages, beginning with the introduction of two important parts. The
first requires the use of two photos, the first being an unadulterated reference image catching the subject’s skin in
its original form, and the second encapsulating the present countenance, a testament to the individual’s exposure to
sunshine and the resulting tanning. This technology detects and quantifies the noticeable difference in tanning levels
by examining and juxtaposing these two unique photos, producing a very informative and exact assessment.

Furthermore, a notable breakthrough arises from the deft use of a skin detecting mechanism, which was
meticulously knitted into the complex fabric of this research. This approach makes use of the advanced framework of
the HSV color space, allowing for the precise segmentation and isolation of skin patches from their surroundings.
The complex variances in skin tone become strikingly visible inside this particularly designed HSV space, prompting
a significant leap in the area of image processing. This insightful use of the HSV color space elevates this study to the
forefront, imbuing it with a greater ability to interpret the subtle gradations in skin pigmentation, raising the accuracy
of tanning level evaluation to new levels.

3 Methodology

This section provides a detailed explanation of the tanning detection process, including the algorithms, parameters,
and thresholds used at each stage. The methodology was designed to ensure accurate and consistent tanning level
assessment through a series of well-defined steps. Figure 1 represents the proposed methodology.

3.1 Input Image Acquisition and Preprocessing

The tanning detection procedure began with the acquisition of two input images: a reference image representing
the subject’s untanned skin and a current image reflecting the tanned state. These photos were resized to a standard
width of 250 pixels to provide consistency in processing and analysis. The resizing was achieved using OpenCV’s
resize function, which retains the aspect ratio of the images while lowering computational cost.

To increase the quality of the images for subsequent processing, Gaussian blur was added using OpenCV’s
GaussianBlur function. This step removes noise and smooths the pictures, ensuring that the subsequent skin
segmentation process is not harmed by tiny imperfections.
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Figure 1. Proposed methodology

3.2 Skin Segmentation

Skin segmentation is a vital phase in the tanning detection process, since it isolates the skin regions from the
background and other non-skin parts. The photos were first transformed from the BGR color space to the HSV color
format using OpenCV’s cvtColor function. The HSV color space was chosen for its ability to isolate chromatic
content (hue and saturation) from intensity (value), making it more resistant to variations in lighting conditions.

To define skin regions, particular HSV criteria were employed. Based on empirical testing and earlier research,
the following HSV range was used to detect skin tones:

•Hue (H): 0 to 48
•Saturation (S): 80 to 255
•Value (V): 80 to 255
These thresholds were implemented using OpenCV’s inRange function, which builds a binary mask where pixels

within the provided range are marked as skin (white), while others are marked as non-skin (black). The resulting
binary mask was further adjusted using Gaussian blur to smooth the edges and eliminate noise, ensuring a more
coherent segmentation of skin regions.

3.3 Dominant Color Extraction

Once the skin sections were separated, the following phase entailed extracting the prevailing colors from these
regions. This was performed using the K-means clustering technique, which organizes similar colors into clusters and
selects the best representative color for each cluster. The following parameters were used for K-means clustering:

•Number of clusters (k): 5 (empirically determined to balance accuracy and computational efficiency).
•Criteria: Convergence was achieved when the change in cluster centers was less than 1.0 or after 10 iterations.
•Initialization method: K-means++ for better initial cluster center selection.
The algorithm is implemented using OpenCV’s cv2.kmeans() function. The dominant color for each cluster was

calculated as the centroid of the cluster, and the most frequent cluster was selected as the representative skin color for
the image.

3.4 Conversion to HSV Color Space

The prominent colors retrieved from the skin regions were translated back to the HSV color space for further
research. This conversion enables a more natural comparison of the chromatic qualities of the skin, particularly the
saturation component, which is directly related to tanning levels.

3.5 Tanning Level Assessment

The core of the tanning detection process lies in comparing the saturation (S) component of the dominant skin
colors in the reference and current images. The difference in saturation values was calculated as follows:

DI = Scurrent − Sreference (1)

Based on the calculated Difference Index (DI), the tanning level was assessed:
•DI between -10 and 12: Minimal or no significant change in tanning.
•DI > 12: Increased tanning in the current image compared to the reference.
•DI < -10: Lighter skin tone in the current image compared to the reference.

5



These thresholds were determined through extensive testing and validation on multiple datasets, ensuring that the
system can reliably detect changes in tanning levels across a wide range of skin tones and lighting conditions.

3.6 Visualization and Output

To provide a clear and interpretable output, the system visually juxtaposes the reference and current images along
with their respective dominant colors and calculated tanning levels. This visualization aids in understanding the
results and verifying the accuracy of the tanning detection process.

4 Skin Tan Detection

A comprehensive exposition of the delicate process involved in tanning detection emerges inside this part, imbuing
the study with a rich tapestry of technical ingenuity and scientific accuracy.

4.1 Image Preprocessing

This section elucidates the critical phases of image preprocessing, encapsulating a key basis of the study approach
that was rigorously designed to give a thorough and nuanced knowledge of the process.

Figure 2. Two images as input

The basic steps of this study trip began with the precise loading of photographs, which is a key starting point.
Both reference and current were introduced into the study area, where their dimensions underwent a transformational
scaling. The choice to limit these pictures to a specified width of 250 pixels is a bold move to achieve dimensional
homogeneity, which is required for later analysis. Figure 2 represents images that are taken as the input.

The study considered two picture groups distinguished by their distinct functions. One photograph was
appropriately labeled as the reference image, on which the tanning level evaluation is based. This reference photograph
served as a standard, capturing the pure essence of untanned skin. It served as the foundation for comparing and
measuring the tanning levels seen in the second photograph, providing a crucial point of reference for the research’s
analytical journey. Notably, the reference picture might represent a variety of events. It may depict the same person at
a time when tanning has not yet happened, or it may represent an altogether different person, providing a comparative
examination that transcends individual identities.

The pulse of the study beats furiously inside the confines of skin segmentation, a critical step. The color dynamics
of the photos shift from the BGR color space to the HSV color space at this point. This paradigm change is anchored
in the HSV color space’s great ability in isolating skin tones—a paradigm chosen for its skill in demarcating the
intricacies of pigmentation. The essence of skin tones unfolds inside the region of HSV values. The study expertly
created HSV value thresholds that include the skin spectrum, allocating them to the range [0, 48, 80] to [20, 255,
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255]. This prudent calibration aids in the accurate and unerring segmentation of skin areas, resulting in photographs
that only highlight specific segments. The finishing touch, Gaussian blur, was applied with care to these skin masks,
having the dual aim of aesthetic refinement and noise reduction. Figure 3 and Figure 4 represent the HSV and
skin-masked images, respectively.

Figure 3. HSV color space

Figure 4. Skin mask
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The ultimate result of this painstaking process produced photos with stunning clarity, distinguished by the
prominent presence of the segmented skin areas.

These transforming phases, rich in complexity and technological capability, provide the raw ingredients for the
subsequent tanning level determination procedure. They are a monument to the elegance of the scientific approach as
well as the ongoing search for innovation in image processing and computer vision.

4.2 Dominant Color Extraction

The important step of dominant hue identification occurs within the historical course of this research’s methodol-
ogy—a component defined by painstaking discernment, grouping, and a thorough desire for visual interpretation.

A complex clustering method was used to begin the quantification of dominant colors within the confines of
segmented skin areas. The K-means clustering algorithm plays a key part in this orchestration, with its settings
fine-tuned for the best performance. This approach unfolds as the linchpin in the study’s discriminating process, with
a specified number of clusters (fixed at five in the context of this research). The fundamental goal is to converge
similar skin tones into a compact cluster while distinguishing their commonality and distinctiveness. Each cluster
produces an entity—their respective centers—that contains the actual essence of the prevailing hues. Furthermore,
the research’s depth and breadth were enhanced by a precise count of the frequency of each color’s appearance,
reinforcing the overall goal for accuracy.

Figure 5. Skin detection

A striking revelation occurs in the empyreal domains of the identified skin regions—the uncovering of the
prevailing skin color, a phenomenon that defies visual aesthetics. This level emphasizes the capacity to determine the
essence of tanning—the central component around which this study centers. It acts as a gateway to the heart of tanning
detection, exposing the essence of this complex phenomenon. Figure 5 represents the detection of skin in the images.

The dexterity with which this study navigates the complexities of color spaces demonstrates its inherent flexibility
and agility. The dominantly grouped colors, which were previously snuggled inside the confines of the HSV color
space, were transformed. They were effortlessly transferred into the RGB color space, marking a turning point in
the research’s analytical path. This transition broadens the canvas on which subsequent studies will be drawn, an
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intentional move designed to improve clarity and visualization. The grouped hues in this domain of RGB color space,
gleaming with unprecedented clarity, lend themselves to advanced investigation and interpretive studies.

These phases, supported by rigorous methodology, serve as pillars of strength in the study’s aim to measure and
distinguish tanning degrees. They represent the research’s unwavering march toward accurate, comprehensive, and
aesthetically rich tanning detection, while also highlighting the complex interaction between colors, clusters, and
analytical aspects.

4.3 Tanning Level Assessment

A critical phase unfolds inside the convoluted maze of tanning detection, one that introduces us to the bright
world of HSV calculations. This phase emphasizes the essence of color and its intuitive expression, producing a deep
visual juxtaposition.

The mystery of tanning levels unfolds like an age-old conundrum waiting to be solved. With the prominent skin
colors revealed and their journey through the RGB color space finished, a transformational metamorphosis begins.
HSV values, the pinnacle of intuitive color representation, emerge as the lighthouse leading the analytical journey.
This deliberate translation allows for significant comparisons between the two pictures, furthering the research’s
objective of nuanced and aesthetically enhanced understanding.

The pursuit of tanning’s genuine essence ushers in yet another key stage: tanning level determination. During the
differentiation and discriminating process, the difference in the saturation (S) component of the HSV values between
Image 1 and Image 2 was methodically calculated. Within the bounds of this analytical sanctuary, a range (-10 to 12)
appears as the demarcation of metamorphosis. It denotes the key point at which color transformation occurs. When
the estimated difference gently sits within this range, it bespeaks a tiny whisper of transformation—a minor shift in
the color tapestry. As the barrier of 11 is joyously reached, the tanning narrative deepens, indicating the ascension of
Image 2 in the tan hierarchy. When the difference falls below -10, it signals a different narrative—the ascension of
Image 1 as a brighter tint. This sophisticated number play acts as a beacon, lighting the route to understanding the
changing world of tanning.

To ensure the robustness and reliability of the tanning level assessment, the differences in the saturation (S)
component of the HSV color space between the reference and current images were statistically analyzed. The
following steps were undertaken to validate the results:

Step 1: Calculation of mean and standard deviation
For each image pair, the saturation values of the dominant skin colors were extracted, and the mean and standard

deviation of these values were calculated. This provides a measure of central tendency and variability in the saturation
component, ensuring that the results are not influenced by outliers or noise.

Step 2: Error metrics
To evaluate the accuracy of the tanning detection system, the following error metrics were computed:
• Mean Absolute Error (MAE): MAE= 1

n

∑n
i=1 |Scurrent,i − Sreference,i|, where Scurrent,i and Sreference,i are the

Saturation values for the current and reference images, respectively.
• Root Mean Square Error (RMSE): RMSE =

√
1
n

∑n
i=1 (Scurrent,i − Sreference,i)

2. These metrics quantify the
average deviation and variability in the Saturation differences, ensuring the reliability of the tanning level assessment.

These scientific stages, embroidered with accuracy and led by visual eloquence, are the marrow of tanning
detection. They stand as forerunners of sophisticated knowledge, ushering in a new age of rigorous tanning evaluation,
all under the watchful eye of the HSV spectrum.

5 Results

To evaluate the proposed tanning detection framework, a diverse range of photos was used as a data set. The
dataset comprised two key sources: (a) images acquired from the web, which were selected to reflect a wide range of
skin tones, lighting situations, and tanning levels, and (b) personal images of the researchers, comprising both older
and current shots. The personal photographs were taken at different times, with some captured after extended outdoor
exposure, such as vacations to the beach, and others taken after protracted interior stays. This combination of sources
ensured a realistic and diversified dataset for assessing the system’s generalizability.

•Demographics: The collection contains photos representing a variety of skin tones, ranging from lighter to
darker complexions, to assure the system’s applicability across varied populations. However, due to the nature of the
collection (personal and web-sourced photographs), particular demographic variables such as age, gender, or race
could not be consistently collected.

•Lighting settings: The photographs were captured under varied lighting settings, including natural sunshine,
interior illumination, and mixed lighting environments. This fluctuation was purposely provided to evaluate the
robustness of the system under real-world settings.
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•Image resolution: The resolution of the photographs varied, with most images having a size of at least 640×480
pixels. All photos were resized to a standard width of 250 pixels during preprocessing to maintain consistency in
analysis.

A critical stage unfolds inside the convoluted maze of tanning detection, one that introduces us to the bright
domain of HSV calculations. This phase emphasizes the essence of color and its intuitive representation, resulting in
a powerful visual contrast.

Figure 6. Result of the experimentation

The mystery of tanning levels unfolds like an enigma waiting to be solved. After revealing the prominent skin
colors and completing their journey through the RGB color space, a transformational metamorphosis begins. The
lighthouse leading the analytical expedition is HSV values, the pinnacle of intuitive color representation. This
deliberate translation allows for in-depth comparisons between the two pictures, furthering the research’s goal of
nuanced and visually enhanced understanding.

The pursuit of tanning’s fundamental essence ushers in a new key phase: tanning level determination. The
difference in the saturation (S) component of the HSV values between Image 1 and Image 2 was methodically
calculated during differentiation and discrimination. A range (-10 to 12) appears as the demarcation of metamorphosis
inside the bounds of this analytical haven. It represents the key juncture at which color transformation occurs. When
the estimated difference falls smoothly within this range, it denotes a slight whisper of transformation—a minor
alteration in the color tapestry. The tale of tanning gains depth when the barrier of 11 is joyously overcome, indicating
the ascension of Image 2 in the tan hierarchy. When the difference falls below -10, it signals a different story—the
ascension of Image 1 as a brighter hue. This sophisticated number play acts as a beacon, lighting the route to knowing
the dynamic world of tanning.

These precise analytical processes, led by visual eloquence, are the marrow of tanning detection. They are
harbingers of sophisticated understanding, ushering a new age of rigorous tanning evaluation, all under the watchful
eye of the HSV spectrum. The findings of the two tests provide important insights into the tanning level determination
processes, as shown in Figure 6. The calculated HSV codes provide a more detailed view of the image’s color
properties. These trials demonstrate the created system’s capacity to measure and analyze tanning levels, allowing for
exact picture comparison.

The normal HSV code in Experiment 1 depicts the HSV code of the reference picture, which has a hue of about
234.56, a saturation of 28.75, and a value of 0.0347. The tanned HSV code for Image 2, on the other hand, has a hue
of roughly 115.11, a much higher saturation of 156.21, and an essentially minuscule value of 4.70e-12. The DI of
roughly 127.46 indicates that Image 2 has a higher tanning level than the reference image.

Experiment 2 presents a different situation, with the reference image’s normal HSV code indicating a hue of about
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209.60, a saturation of 35.51, and a value of 0.0319. Image 2’s tanned HSV code shows a greater hue of 270.00, a
lower saturation of 14.30, and a value of 0.0154. The DI of -21.21 in this case shows that Image 1 has a lighter tint
than Image 2.

•Mean and standard deviation analysis
To validate the tanning detection system, the mean and standard deviation of the saturation (S) component in the

HSV color space were calculated for both the reference and current images across multiple test cases. The results are
summarized in Table 2.

Table 2. Mean and standard deviation of saturation values

Test Case Reference Image (Mean ± SD)) Current Image (Mean ± SD) Difference (Mean ± SD)
1 85.32± 4.12 112.45± 5.67 27.13± 1.55
2 78.21± 3.89 95.34± 4.23 17.13± 0.34
3 90.45± 5.01 120.12± 6.45 29.67± 1.44

The results indicate that the saturation values of the current images consistently show higher means compared to
the reference images, reflecting increased tanning levels. The low standard deviation of the differences demonstrates
the consistency of the system in detecting tanning levels across different test cases.

•Error metrics analysis
The accuracy of the tanning detection system was further evaluated using MAE and RMSE. These metrics quantify

the deviation between the saturation values of the reference and current images. The results are presented in Table 3.

Table 3. Error metrics for tanning detection

Test Case MAE RMSE
1 27.13 27.18
2 17.13 17.14
3 29.67 29.71

The low values of MAE and RMSE across all test cases confirm the reliability of the proposed system in
quantifying tanning levels. The minimal difference between MAE and RMSE further indicates that the errors are
uniformly distributed, with no significant outliers affecting the results.

These results highlight the method’s effectiveness in distinguishing tanning differences across photos, with
Experiment 1 exhibiting Image 2’s increased tanning and Experiment 2 exposing a situation in which Image 1 seems
lighter. The suggested approach, which is based on computer vision and image processing, provides a reliable way of
assessing tanning levels, therefore contributing to the development of both public health awareness and cosmetic
applications. These findings provide a good platform for future investigation and enhancement of tanning detection
methods.

6 Discussion

The results of this study underline the transformational potential of the proposed tanning detection framework,
which utilizes image processing and computer vision techniques to measure tanning levels. This strategy carries
major implications across different domains, particularly in public health and dermatology. By offering an objective
and automated mechanism to monitor tanning levels, the framework empowers individuals to better understand their
exposure to dangerous UV radiation, hence improving sun safety awareness and perhaps reducing the occurrence of
skin cancer and other UV-related disorders. Furthermore, the cosmetics industry stands to benefit from this research,
since the framework may be applied to analyze the effectiveness of sunscreen creams and tanning lotions, delivering a
dependable tool for product testing and development. The integration of tanning detection into wearable devices and
IoT systems is another exciting path for application. Real-time monitoring of tanning levels could permit individualized
sun safety advice, boosting user well-being and developing a proactive approach to skin health. However, while
the implications seem intriguing, the study also exposes significant shortcomings that merit investigation. The
dataset utilized, although diverse, lacks comprehensive demographic information such as age, gender, and ethnicity,
which constrains the generalizability of the findings. Additionally, while the HSV color space is resilient to lighting
fluctuations, severe situations can still impact the accuracy of skin segmentation and tanning detection. The method’s
efficacy may also vary across different skin tones, particularly for persons with very light or very dark skin, when
variations in the saturation component may be less evident. Lastly, the reliance on a manually picked reference image
introduces a possible source of error, as the quality and relevancy of this image can considerably affect the accuracy
of the results.

The method’s success can be credited to its intelligent design and the incorporation of powerful image processing
algorithms. The usage of the HSV color space enables good separation of chromatic content from intensity,
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guaranteeing constant skin segmentation under varied lighting circumstances. The adoption of K-means clustering
for dominant color extraction significantly optimizes the study by focusing on representative skin tones, hence
limiting the influence of noise and outliers. The quantitative measurement of tanning levels using the DI based
on the saturation component gives a clear and objective measure, reducing the subjectivity commonly associated
with manual evaluations. However, the method has drawbacks. The lack of a comprehensive dataset restricts the
ability to generalize findings, and the potential for human error in manual reference image selection could impair the
reproducibility of results. To address these constraints, future research should try to broaden the dataset to include
a more diversified population with thorough demographic information. Additionally, using modern illumination
normalization techniques and machine learning algorithms for skin segmentation could boost the method’s robustness
and accuracy. Automating the reference image selection procedure may help decrease human error, thus boosting the
dependability of the tanning detection mechanism. Overall, while the suggested method indicates substantial promise,
further improvement and validation are necessary to fully realize its potential in real-world applications.

7 Conclusions

This research creates a solid framework that bridges the fields of computer vision and dermatology. The developed
innovative approach, which quantifies tanning levels through the analysis of the saturation component of HSV values,
not only provides a reliable method for monitoring skin exposure to UV radiation but also opens up a myriad of
possibilities for future research and application. This study acts as a catalyst for expanding public health initiatives,
enhancing cosmetic product efficacy, and promoting safer sun exposure behaviors, ultimately contributing to increased
well-being. However, the potential incorporation of machine learning techniques, notably CNNs, promises to
dramatically boost the accuracy and adaptability of skin segmentation and tanning assessments across various
populations and varying lighting situations. By increasing the dataset to incorporate a larger range of skin tones
and demographic factors, the generalizability and robustness of the findings can be improved. Furthermore, the
use of advanced lighting normalization techniques and automatic reference image selection can assist in decreasing
variability, hence boosting the trustworthiness of the results.

Looking ahead, the development of real-time tanning detection systems, particularly those embedded in wearable
devices or mobile applications, could transform how individuals monitor their sun exposure. Such breakthroughs will
enable tailored sun safety recommendations and proactive skin health management, paving the path for profound
applications in dermatology, public health, and consumer technology. In essence, this research not only contributes
to the existing body of knowledge but also lays the ground for a future where skin analysis and sun protection are
seamlessly incorporated into daily life. More investigation and collaboration could be conducted to fully realize the
promise of tanning detection in promoting human health and well-being.
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