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Skin Pigment Recognition using Projective Hemoglobin- Melanin 
Coordinate Measurements 
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Abstract – The detection of skin pigment is crucial in the diagnosis of skin diseases and in the 
evaluation of medical cosmetics and hairdressing. Accuracy in the detection is a basis for the prompt 
cure of skin diseases. This study presents a method to recognize and measure human skin pigment 
using Hemoglobin-Melanin (HM) coordinate. The proposed method extracts the skin area through a 
Gaussian skin-color model estimated from statistical analysis and decomposes the skin area into two 
pigments of hemoglobin and melanin using an Independent Component Analysis (ICA) algorithm. 
Then, we divide the two-dimensional (2D) HM coordinate into rectangular bins and compute the 
location histograms of hemoglobin and melanin for all the bins. We label the skin pigment of 
hemoglobin, melanin, and normal skin on all bins according to the Bayesian classifier. These bin-based 
HM projective histograms can quantify the skin pigment and compute the standard deviation on the 
total quantification of skin pigments surrounding normal skin. We tested our scheme using images 
taken under different illumination conditions. Several cosmetic coverings were used to test the 
performance of the proposed method. The experimental results show that the proposed method can 
detect skin pigments with more accuracy and evaluate cosmetic covering effects more effectively than 
conventional methods. 
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1. Introduction 
 
Skin pigmentation refers to skin areas that differ in color 

from the regular skin. As the largest organ of the body, the 
skin is always influenced by some internal or external 
factors. The skin often reacts by modifying its constitutive 
pigment pattern, which allows the skin to appear different 
in color. When the body produces too much or little 
melanin, skin pigmentation disorders occur, such as blotches, 
uneven areas, brown patches, or spots. Additionally, this 
uneven pigmentation affects many people, regardless of 
ethnic background or skin color. Melanin is the main 
determinant of skin color and can also be found in the hair, 
the irises of the eyes, and the brain. In most cases, the 
human skin possesses a fairly uniform concentration of 
melanin. However, the concentration of melanin in each 
individual varies between ethnicities; this variation is 
expressed in the melanin-producing genes. When no 
melanin is found in a particular human body, this suggests 
a condition called albinism. 

Hemoglobin is another factor that determines skin color, 
which can be made less visible by finger pressure, while 
bruising or bleeding under the skin increases its visibility. 
Hemoglobin pigment can be produced by infection, 
massage, electrical treatment, acne medication, allergies, 
exercise, or sunburn and many others, which can all cause 
the capillaries to dilate or break, resulting in redness. Thus, 
hemoglobin pigmentation is either a symptom or a disease 
itself, which affects the appearance and health of people. 

Most unusual skin pigments are diagnosed after 
detection by a clinician or beautician, which is subjective 
and qualitative. In recent years, color measurement 
instruments have been developed to detect and measure 
skin pigment. A basic method for solving the difficult 
problem of detection is a visual examination. The vision-
based detection of skin lesions in dermoscopic images in 
diagnosing ailments, such as melanoma and other 
pigmented lesions, are presented in various studies [1, 2]. 
These algorithms focus on diagnosis and treatment of 
skin lesions from a medical standpoint. However, the 
optical instruments are expensive and the probing of color 
measurement instruments have greatly influenced the 
results. 

Since 1987, investigators have started to use digital 
image analysis systems to detect skin pigment. Image 
analysis involves no direct contact with the skin and is 
considered safe. Image processing technology can 
differentiate skin pigment segments from the background 
and can calculate some characteristic information on the 
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of the color components. Since chromophore density is 
quantized by color intensity, the detection of skin pigment 
disorders becomes no longer about yes or no question. Our 
proposed method can support to analyze the causes of skin 
pigment disorders by computer analysis using methods for 
medical diagnosis. 

 
2.2 Skin pigment detection 

 
Many studies presented the detection algorithms of 

pigmented skin lesion for medical diagnosis. Liu et al. [4] 
presented the skin-pigmentation-disorder detection method 
to assist in the diagnosis of skin cancer of melanoma or 
self-exam. Nugroho et al. [6] developed an image analysis 
for skin pigmentation to classify and quantify the 
eumelanin and pheomelanin types of melanin in the skin. 
The proposed model is based on a Monte Carlo simulation 
of light and skin. This model was developed by using data 
collected from a clinical study that involved hundreds of 
participants with three different skin images each. In this 
study, an inverse type of the model is applied to extract the 
information on melanin and report its concentration. The 
proposed approach provides an effective characterization 
of skin layers in determining melanin types. Madasu et al. 
[7] detected blotches in skin lesions by extending the 
fuzzy co-clustering algorithm for images (FCCI). This 
method further improvises by adding the texture features 
as a multidimensional clustering parameter, which is 
computed from the normalized entropy function. Clawson 
et al. [8] proposed an algorithm for the visual display and 
quantification of color asymmetry. Automatic induction 
and neural networks were introduced to evaluate the 
diagnostic capability of the features and identify the 
maximum correlation values. The results show that the 
features quantifying possible regression regions are the 
most indicative of color asymmetry. 

In the majority of papers on pigment detection, the main 
application is for medical diagnosis. To obtain accurate and 
comparable results [9-11], most schemes need a stable 
illumination environment and professional dermoscopy 
equipment to acquire skin images. The disadvantages 
include limited applications and expensive instruments. As 
an improvement, we propose an approach that has a robust 
quality for illumination but does not rely on expensive 
professional equipment. We hope that our scheme for 
detection of skin pigment will have a broader range of uses. 

Melanin and hemoglobin can be separated and quantized 
by image analysis methods. Lu et al. [12] presented a 
three-layer segmentation algorithm for automatic erythema 
detection. They detected skin regions by a histogram-
based Bayesian classifier and represented skin regions in 
terms of melanin and hemoglobin components by ICA. 
Then, they identified erythema areas using feature 
attributes from hemoglobin and melanin components by a 
trained Support Vector Machine (SVM). This method can 
detect the pigment in low-contrast images. However, it 

requires more time to detect pigments and is not robust to 
illumination changes. Vision-based methods can recognize 
the disorders of pigmented skin more effectively than 
optical measurements [13-15]. Improved software has 
been developed to offset the insufficient hardware. 
However, the dependence on stable illumination and 
specialized hardware has not been sufficiently reduced [1-
6]. We address a new method for pigment detection and 
quantification with robustness to illumination changes and 
low processing time in this study. 

 
2.3 Human skin detection 

 
With regard to the skin detection algorithm, the simplest 

and most obvious characteristic of skin is either its color or 
its texture. Fotouhi et al. [16] demonstrated a method using 
contourlet-based texture analysis for skin area detection. A 
boosted pixel-based skin detection method is used to 
recognize skin pixels. Skin texture features are used with 
contourlet texture coefficients to improve the detection 
performance. Candidate skin pixels are selected in all sub-
images and the feature vector of each patch is extracted. 
Multilayer perception is utilized to identify the features and 
classify the input images.  

On the other hand, Zhengming et al. [17] proposed a 
scheme that uses a pixel-skipping image process instead of 
testing each pixel to label it as either skin or non-skin. 
Motivated by the efficient approach of Hsu et al. [18], a 
skin detection algorithm based on the RG color space has 
been developed. Kherchaoui and Houacine [19] combined 
both a statistical model of skin color and geometrical 
characteristics for face detection. The system presented 
consists of two parts: the first part detects skin color by 
using a statistical method and is based on a Gaussian 
mixture model in the CbCr color space; the second part 
concerns the detected candidate skin regions corresponding 
to faces. 

Most skin detection methods use a relatively mature 
algorithm that combines color clustering with a Gaussian 
mixture model. The differences among these methods 
involve the color space and the additional algorithms for 
improving detection performance. These methods are 
shown to be effective for skin detection under limiting 
conditions, such as stable illumination and simple 
backgrounds. Without these limitations, the probability of 
false detections would be high. Therefore, we cluster skin 
pixels based on a YCbCr color space and minimize the 
influence of illumination. Moreover, different skin colors 
are classified according to human intuition. 

 
 

3. Proposed Skin Pigmentation Detection 
 

3.1 Overview 
 
Our proposed method for detection of skin pigment aims 
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(a)                   (b) 

Fig. 4. (a) Input image and (b) OTSU processed image 
 

  (1) 

  
 (2) 
 w  and w  denote the scales and u  and u  are the 

averages of the background and the foreground, 
respectively.  is the average intensity of an image. In 
practical process, we make sure that only the normal skin 
part is in the foreground even if there are relatively few 
parts as shown in Fig. 4. After obtaining the normal skin 
area, the normal skin intensity value and their difference in 
each channel can be calculated. 

Multichannel image processing is always time-
consuming especially with the increase in image size. After 
the input image is split into three single channels, we 
transform them into an integral image. By building the 
integral image, the sum of the pixel intensity in any 
rectangle region can be calculated by three times 
addition and subtraction. As a simple example, to sum up, 
the rectangular blocks with two corner points ,  
and , , then, ∑ ∑ , . Then, we 
defined the two components x and y to describe the skin 
pixel distribution by using the following logarithm; 

 
 ,			   (3) 

 
where i is the index of a block of the integral image, RGB 
is the mean value. From the normal skin, the ratio  and 

 can be obtained as original values. We build vectors for 
the standard normal skin , , and the other skin 
area , . By deriving the functions, we can find a 
characteristic of the vectors, which is the normal skin 
vector , , is almost parallel to the standard 
vector v x , y . However, the pigment skin area is 
not parallel because the scale of RGB is changed. 
Therefore, the cosine similarity becomes a viable option to 
distinguish the pigment lesion and the normal area. Cosine 
similarity is the similarity measure of two vectors by 
measuring the cosine of the angle between them. Then, we 
can split the pigment area by using following equation.  

 
 ‖ ‖‖ ‖  (4) 

3.3 Skin segmentation by Gaussian skin-color model 
 
Many studies presented methods for the detection and 

segmentation of skin areas [20-22]. Most of these methods 
extract features of skin-color pixels based on a variety of 
color space models. We tested the performance of skin-
color clustering for various color space models and found 
that the CbCr components in the YCbCr color space 
produce the best clustering performance. The proposed 
scheme segments an input image into the skin and non-skin 
regions with a Gaussian skin color model in the YCbCr 
color space. 

Given the CbCr components , , ⋯ , ; ,  of the  pixels, the Gaussian skin-color 
model can be built from statistical information. We design 
the Gaussian skin-color model as , ,  

 
 ,   (5) 

   (6) 
 

where  is the vector of the mean values of all pixels in 
the sample images and C is the covariance matrix.  and 

 are the means of Cb and Cr values. Following this 
approach, we calculate the values ,  of the Gaussian 
skin-color model according to the statistical information 
from two hundred skin images that contain hands, arms, 
and faces in various illumination environments. We obtain 
an experience value as follows: 

 
 117.4361,156.5599   (7) 

 160.1301 12.143012.1430 229.4574  
 
We compute the skin similarity in terms of the 

Mahalanobis distance, , . This means that the 
probability of a pixel belonging to a skin region depends 
on the distance from the center of a Gaussian distribution 
and is computed in terms of ,  as follows: 

 
 ,   (8) 

for     ,  
 
From the distance between the location of the input pixel 

and the center of the Gaussian skin-color model, we then 
determine whether a pixel has a skin color or a non-skin 
color on the basis of its threshold. When we use images 
from a facial image database as testing targets, the program 
has a very high rate of identification accuracy because of 
the simple content and great color difference with the 
background. However, in practice, there are always some 
pixels within an image that could be mistakenly identified 
due to their resemblance to skin color. When we set a very 
small threshold, the program will be too sensitive to the 
intensity changes of the skin, which results in several false-
negative pixels. On the other hand, when we set a very 
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pigments for skin image without cosmetic and with 
cosmetic sample 2 are shown in Fig. 13. The reference 
sample of the skin pigment without the cosmetic is 
detected to about 8.54% pigmented area and 18.3 standard 
deviation σ. Cosmetic Sample 1 and Sample 3 reduce the 
detected area to about 0.11%-0.13%. The reduction of 
cosmetic Sample 2 to about 0.02% denotes that it covers 
fully the skin pigment. Although the detected area and 
deviation are reduced to high percentage, our method 
detected the presence of skin pigments at above 80%. 
However, Lu’s method failed to detect about 2.5%-4.7% 
more than our method. 

 
 

5. Conclusion 
 
This study addressed the recognition and measurement 

of the human skin pigment using hemoglobin-melanin 
projective coordinate. We used skin-color clustering in the 
YCbCr color model to build a Gaussian skin-color model. 
Then, this model is used to segment the skin area from 
the background of the image. Next, we decomposed the 
skin image into hemoglobin and melanin images using an 
ICA algorithm. We included a location histogram to 
calculate the intensities of pixels. From the intensity 
values, we computed the global and local ratios, which we 
compared to determine the occurrence of pigmentation. 
Moreover, we found some minor processing steps of the 
program that require improvement to for better perfor-
mance. In our testing phase, the program performed with 
a good processing time and detection rate in most cases. 
However, for special cases, such as dark shadow, the 
program also revealed a weakness that needs to be 
rectified. In future work, we consider using different 
ICA estimation algorithms to test for performance and 
stability. Finally, the experimental result supports our 
scheme as an effective means of human skin pigment 
detection. 
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