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    Abstract 

To date, various skin diseases have incrementally increases due to hereditary and environmental factors 

including the stress, irregular diet, pollution, and etc. Among diseases, seborrheic dermatitis and 

psoriasis are a chronic/relapsing dermatitis, which involve infection, temporary alopecia, and etc. To 

prevent complications and take appropriate prescription due to the diseases, it would be crucial to 

differentiate seborrheic dermatitis from psoriasis with high specificity and accuracy at the early stages 

as well as it would further necessary to continuously/quantitatively monitor the lesions during its 

treatment at locations besides a hospital. However, the discrimination between the diseases at the early 

stages would be challenging. Optical imaging techniques have been shown to have a crucial role to 

detect various skin diseases. Among them, an advanced dermoscope based on multispectral imaging 

techniques offers better specificity and sensitivity in the detection of skin lesions than a conventional 

RGB dermoscope. However, the advanced dermoscope utilized in the hospital is typically bulk and 

expensive and thus may not be suited for ubiquitous diagnosis and monitoring of skin lesions including 

seborrheic dermatitis and psoriasis. In this thesis, we here demonstrate a portable mobile multispectral 

imaging system attached to a smartphone with an external C-MOS camera and the potential learning-

based classification method for detection of seborrheic dermatitis and psoriasis by using it. The system 

allowed to obtain images of skin lesions at nine consecutive wavelengths within the range of 400-700 

nm. It was here employed to perform multispectral imaging and analysis of lesions to discriminate 

between seborrheic dermatitis and psoriasis or other diseased regions. Also, the results classified by a 

RGB image classification, a spectral angle measure (SAM), and a multiclass classification method 
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Algorithm  
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based on a learning algorithm were compared. It was here found that spectral signatures of seborrheic 

dermatitis and psoriasis were slightly different but they could be clearly discernable by their spectral 

signatures. The SAM and multiclass classification method offered better accuracy in discrimination 

between of seborrheic dermatitis and psoriasis occurring on the scalp than the RGB image classification 

method. These results suggested that the multispectral imaging and learning-based analysis may have 

the potential to discriminate between seborrheic dermatitis and psoriasis regions with high portability 

and acceptable specificity for mobile skin diagnosis. 

Keywords: Multispectral Imaging, Seborrheic Dermatitis, Psoriasis, Logistic Regression, Mobile 

Healthcare 

  



 

iii 

 

Contents 

Abstract ........................................................................................................................... i 

List of figures ............................................................................................................... iv 

List of tables .................................................................................................................. v 

List of equations ............................................................................................................ v 

I. Introduction ........................................................................................................... - 1 - 

1.1 Seborrheic Dermatitis and Psoriasis ............................................................ - 1 - 

1.2 Multispectral Imaging.................................................................................. - 3 - 

1.3 Background .................................................................................................. - 6 - 

1.4 Related Works ............................................................................................ - 14 - 

1.5 Goal of this Thesis ..................................................................................... - 17 - 

II. Methods .............................................................................................................. - 18 - 

2.1 Development of a Smartphone-based Multispectral Imaging System for Self-

diagnosis .................................................................................................................. - 18 - 

2.2 System Validation by using the LCTF and Another Optical Components - 31 - 

2.3 Spectral Analysis of Image Cube of Seborrheic Dermatitis and Psoriasis - 34 - 

2.4 One-VS-all Logistic regression for Classification of Seborrheic Dermatitis, 

Psoriasis, and Normal Regions ................................................................................ - 35 - 

III. Results ............................................................................................................... - 36 - 

3.1 Analysis of Spectral signatures of Seborrheic Dermatitis and Psoriasis ... - 36 - 

3.2 Spectral classification using Multiclass Classification based on One-VS-All 

Algorithm and SAM (spectral angle measurement) ................................................ - 38 - 

IV. Discussions ........................................................................................................ - 40 - 

V. Conclusions ........................................................................................................ - 43 - 

VI. Appendix ........................................................................................................... - 44 - 

VII. References ....................................................................................................... - 45 - 

요 약 문................................................................................................................. - 49 - 



 

iv 

 

List of figures 

Figure 1 . Differences between image cube (multispectral) and RGB image, Image cub has 

higher spectral resolution compare to RGB image ........................................................ - 5 - 

Figure 2 Acquisition mode: spatial scanning spectral scanning ..................................................... - 7 - 

Figure 3 Light sources: (a) Nd:YAG + OPO laser for excitation of object (b) Quartz Tungsten 

Halogen lamp for generating broadband wavelength (c) white LED generating visible 

wavelengths from 420nm to 680nm. ................................................................................ - 8 - 

Figure 4 Diagram of Spectral angle measurement,  is claculated by using spectral angle 

measurements ................................................................................................................. - 10 - 

Figure 5. The graph of standard logistic function ........................................................................ - 12 - 

Figure 6 Optical properties of skin layers : (a) Penetration depth of skin layers of optical 

radiation (b) Melanin and  absorption spectrum ................................................ - 13 - 

Figure 7 Development of the hand-held multispectral imaging system for detecting malignant 

melanoma: (a) Verisante (b) Melafind ........................................................................... - 15 - 

Figure 8 Current developed dermoscopy system attached to the smartphone: (a) Handyscope (b) 

Zycor .............................................................................................................................. - 16 - 

Figure 9 Diagram of the multispectral imaging system including interface circuit and the 

smartphone ..................................................................................................................... - 19 - 

Figure 10 Diagram of the multispectral imaging system: the smartphone, the external C-MOS 

camera, Ring LED with color filters, two polarizers ................................................... - 21 - 

Figure 11 Dicing a filter for making a miniaturization of the system: (a) spectra of each color 

filter (b) the size of color filter: width:3.8mm, height:3.3mm, and thickness is 2.5mm . - 22 

- 

Figure 12 Photography of the assembled system and its size is 	 	 	 	 	 	   in 

order to use it as the handheld system .......................................................................... - 24 - 

Figure 13 Dicing linear polarizers: (a) It was designed for attaching to the cover of LED with 

color filter (b) is for designed to adhere in front of the camera ................................... - 24 - 

Figure 14 . Schematics of Interface circuits: (a) Circuit diagram; (b) photographic image of 

interface circuit .......................................................................................................... - 26 - 

Figure 15 Schematic of the trigonometric method for selecting the optimization tilted angle for 

focusing light ............................................................................................................... - 27 - 

Figure 16 Photometric image of connection between the multispectral imaging system and the 

smartphone ................................................................................................................... - 28 - 



 

v 

 

Figure 17 LED calibration using the white target by measuring weighting factor from Equation 7 

of each wavelengths and multiply it to the original image .......................................... - 29 - 

Figure 18 White target was equipped to calibrate each LED source to analyze image cube 

quantitatively ................................................................................................................ - 30 - 

Figure 19 System evaluation for using optical standard and reference device and components : 

(a) measuring the spectrum of the white LED using the spectrometer (b) the system 

resolution frequency, 45 (cycles/mm) .......................................................................... - 31 - 

Figure 20 Built the multispectral imaging system based on a LCTF by using another dispersive 

device: (a) Schematic of the LCTF (b) Photometric image of the System .................. - 32 - 

Figure 21 Classification of Multispectral image cube obtaining from the developed smartphone 

based multispectral imaging system ............................................................................ - 33 - 

Figure 22 One-vs-All classification algorithm ............................................................................. - 34 - 

Figure 23 Combined Spectral signatures of Seborrheic dermatitis and Psoriasis ........................ - 37 - 

Figure 24 Image classification results: (a), (b) One-VS-All multiclass classification results of 

multispectral imaging and (d), (e) SAM (Spectral angle measurement) classification 

results of multispectral imaging and (c), (f) RGB based image classification results 

obtained from seborrheic dermatitis, psoriasis, and hair of the scalp .......................... - 39 - 

Figure 25 Interface Circuit Layout ............................................................................................... - 44 - 

List of tables 

Table 1 Comparison of symptoms between seborrheic dermatitis and psoriasis ........................... - 2 - 

Table 2 Center wavelength and FWHM of each of bandpass filters and each filter has less than 

18nm FWHM, resulting in more quantitative analysis .................................................... - 23 - 

Table 3 Description of chipset used in the interface circuit ......................................................... - 26 - 

Table 4 Standard deviation of each center wavelength from obtained cube of seborrheic 

dermatitis, psoriasis, and normal skin regions respectively ............................................. - 36 - 

List of equations 

Equation 1 Distance between two points in n-th dimensions based similarity measurement 

methods: Euclidean distance .................................................................................................. - 9 - 

Equation 2 Definition of Mahalanobis distance and it is a normalized form of Euclidean distance 

when the covariance matrix is a diagonal identity matrix .................................................... - 10 - 

Equation 3 Definition of spectral angle measurement, comparing two vectors using the inner 

product to measure similarity ............................................................................................... - 10 - 



 

vi 

 

Equation 4. Logistic function or sigmoid function to represent hypothesis ................................. - 11 - 

Equation 5 Calculate the optimized incident angle to illuminate light from each LED source ... - 27 - 

Equation 6 Gray scaling of image cube ....................................................................................... - 28 - 

Equation 7 Preprocessing for the purpose of adjusting LED light intensity using the white target - 29 

- 

Equation 8 Normalization of the spectrum intensity .................................................................... - 34 - 

Equation 9 Probability of given x is classified with i-th class ..................................................... - 35 - 



 

- 1 - 

 

I. Introduction 

 

1.1 Seborrheic Dermatitis and Psoriasis  

Seborrheic dermatitis is a common inflammation of the skin, involving at the scalp or on the face 

most often. It implies oily and greasy inflammation of the skin [1]. Symptoms of seborrheic dermatitis 

are depicted by the occurrences of possibly itching, reddish skin, flaking, and greasy areas of skin, most 

commonly on the scalp, nasolabial folds, ears, eyebrows and chest and its distinct mechanism has not 

been clear [1]. Psoriasis is also common cutaneous disorder and long-lasting autoimmune disease and 

its symptoms vary depending on the skin type but white plaque is the common symptom [2]. Plaques 

of red skin may cause pain and itching. In more severe cases, the plaques of skin will be expanded and 

grown that cause merging into one another [3]. 

The incident rates of seborrheic dermatitis and psoriasis are increasing due to genetic factors and 

environmental factors including food, pollution, and stress. Also, the ratio of both of them are currently 

estimated about 3% in the world and its numerical value is more than 3 million people treated in USA 

and Unite Kingdom so that medical cost for cure has kept increasing [1, 4]. Seborrheic dermatitis and 

psoriasis are a chronic/relapsing dermatitis, involving infection, and temporary alopecia. In the case of 

psoriasis, an autoimmune disease of the skin, bleeding is occurred when the crust is removed because 

blood flow in lesions elevated compared with clinically uninvolved skin regions.  

Differentiating seborrheic dermatitis and psoriasis clinicopathologically has been challenging if 

they are involved only at a scalp because of these similar symptoms that are inflammatory skin and 

chronic relapsing and further taking appropriate prescription is important to protect their chronic and 

contagion properties [5]. Nowadays, dermatologists have been searching for new methods such as 

videocapillaroscopy that usually adapts 200x magnification and enables to detect and classify the 

morphological shape of nail fold regions in capillaries to distinguish seborrheic dermatitis from 

psoriasis [6] [7]. 



 

- 2 - 

 

 

 

However, the nail fold is immensely sensitive to external environment. Also, videocapillaroscopic 

systems for its examination is usually bulk and expensive as well as the outcomes obtained using it 

varies along ambient temperatures [8]. Therefore, we in this thesis investigate the potentials of the 

smartphone-based multispectral imaging system for discrimination between seborrheic dermatitis and 

psoriasis with high portability and quantitation.  

  

Table 1 Comparison of symptoms between seborrheic dermatitis and psoriasis 
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1.2 Multispectral Imaging 

Almost conventional biomedical optical imaging techniques are able to acquire only gray or color 

images from samples such as biological tissues or specimens. These types of images have low 

information so that only can make use of morphological properties such as shape, size. In general, 

conventional optical imaging techniques such as RGB imaging cannot acquire various spectral 

information and spectroscopy measurement that cannot cover large sample areas [9]. Also, there is a 

point measurement method that is spectroscopic obtaining whole spectrum of interest tissue in single 

spot that can’t provide spatial information of samples that we want to examine. 

To solve these above limitations of RGB or monochromatic imaging and spectroscopy, 

Multispectral or multiband imaging (MSI) systems has been emerged as a powerful tools in the field of 

remote sensing, medical, and agriculture. Multispectral imaging systems obtain less than 20 bands in 

general in recent years[10]. Multispectral imaging systems are designed to support applications by using 

spectral information and spatial information in order to detect information in specific combinations of 

interested regions of the spectrum [11]. These characters can offer and make it realization of monitoring 

biological and physiological changes by their diffuse reflectance intensity. As the results, multispectral 

imaging has potentials of tracking in pathology, immunohistology, and clinical diagnosis. Different 

biochemical constituents commonly have different spectral signatures according to the electromagnetic 

theory [12]. Spectral signatures obtained from different samples are usually generated by the optical 

properties between skin layers of lesions and electromagnetic waves, such as visible range or near 

infrared range. The changes of properties of biological information in tissues and organs also have a 

close relationship with the spectral intensity along with electromagnetic wavelength. Therefore, diffuse 

reflectance of spectral signatures in different wavelength yield a discernable spectral signatures, 

offering pathological changes distinguishable information.  

As an emerging optical imaging for medical applications such as dermoscope based on spectral 

imaging, it has been proven that it is useful and widely used for diagnosis of diseases non-invasively 

related pigmented regions including skin and scalp [13] [14] . It gives consent to obtain spectral and 
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spatial information allowing high spectrum resolution and morphology of the interest. The transmitted 

light from light sources is illuminated to suspicious skin regions. After that, reflected light which is also 

known as specular light and scattered light that is interacted with interested skin regions is captured by 

the multispectral imaging system that offers quantitative information about lesions. Multispectral 

imaging obtains several of three-dimensional information over at least 5 stacks and it is called image 

cube including two spatial dimension(x,	y) and one spectral dimension (λ). It allows each of pixels to 

comprise consecutive spectral information which is called a spectral signature [15]. Especially, it has a 

great potential of distinction of the specimen of interest with high quantitative analysis which can’t be 

conducted a monochrome and RGB color which have less spectrum resolution than multispectral 

imaging system and differences between them are shown in Figure 1 [16] [10]. Therefore, it may capture 

slight spectral differences between lesions using in spectral signatures and other components such as 

hair, normal skin because different biological composition generally reflects discernible spectral 

differences.  

For the purpose of discrimination between interested regions and background regions, the variety 

of image analysis and classification methods involving Logistic regression, SVM(Support Vector 

Machine), SAM(Spectral Angle Measurement), Euclidean distance, Mahalanobis distance, and so forth 

are implemented [17]. It permits the excerpt of helpful information diagnostically from various image 

cubes obtained from lesions such as seborrheic dermatitis, psoriasis, atopic dermatitis, acne, and other 

skin diseases. Steps for image classification usually include preprocessing that is shading correction 

and light source calibration, feature extraction that is classification methods. 
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Figure 1 . Differences between image cube (multispectral) and RGB image, 
Image cub has higher spectral resolution compare to RGB image 
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1.3 Background 

Multispectral imaging is an optical imaging modality that combines imaging and spectroscopy to 

obtain both spatial (x,y) and spectral information (λ) of each pixel at a specific time [10]. Before 

multispectral imaging was applied to the field of biomedical engineering, it was originally implemented 

in satellite images at NASA and has also been applied to the geology, agriculture, and biomedical fields. 

It has even been used in crime scenes [18, 19]. There are several kinds of spectral imaging techniques: 

hyperspectral imaging, multispectral imaging, and ultraspectral imaging. These spectral imaging 

methods are classified by the spectral resolution and number of bands.  

Here, we demonstrate the multispectral imaging process for medical applications by examining an 

image cube from acquisition to classification. This process consists of three steps: dispersive devices 

for retaining spectral information, detectors such as CCD and array detectors, and classification 

methods including logistic regression, spectral angle measurement (SAM), Euclidean distance, and 

Mahalanobis distance. All procedures are described in detail in the following sections. In these sections, 

we aim to introduce a summary of types of acquisition mode, a qualitative review of software including 

quantitative analysis software and image classification software, and applications in the medical field. 

1.3.1 Acquisition Mode 

Spectral imaging requires dispersive devices to split wavelengths and acquire the spectral and 

spatial information of each pixel (x,y,λ). Acquisition modes are divided based on how spectral 

resolution and spatial information is acquired and what applications are used. Three types of 

representative acquisition modes are introduced in the following text: spatial scan, spectral scan, and 

Fourier transform infrared imaging (FTIR) [20]. Spatial scan methods (including the point scan method 

and the line scan method) use a prism or a grating to split wavelengths to obtain a spectral image cube, 

which has a full spectrum for each pixel acquired with at least one axis. Thus, the spatial scan method 

is not suitable for applications requiring quick acquisition time. By contrast, the spectral scan method, 

which is also called the staring method, is implemented in our developed system to capture all spatial 

information by using a 2D array detector at a single exposure time. A set of fixed optical bandpass filters, 
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an LCTF, and an AOTF are utilized as dispersive devices. The spectral scan method stores images 

sequentially to generate a 3D-structure image cube, which is called an image cube. This cube has many 

merits such as a live display, which is important to focus on objects of interest. (The spatial scan method 

does not offer this option.) Owing to this property, the spectral scan method is suitable for detecting and 

monitoring stationary objects. The spatial scan and spectral scan methods are shown in Figure 2. 

 
Figure 2 Acquisition mode: spatial scanning spectral scanning  

 

1.3.2 Light Sources 

Light sources for multispectral imaging applications can be divided into two types: excitation and 

illumination. In general, the light source that has a broadband wavelength is usually 

implemented before dispersing the light source for reflectance and transmittance imaging. 

Lasers are ideal monochromatic light sources for the purpose of excitation. A laser can be 

operated by pulse mode of continuous mode along with applications. Other types of light 

sources such as ultraviolet (UV) fluorescent lamps, narrowband light-emitting diodes (LEDs), 

high-pressure arc lamps (e.g., xenon), and low-pressure metal vapor lamps (e.g., mercury) 

can also serve as excitation sources [21]. 

As an illumination source, quartz tungsten halogen (QTH) lamps are generally used. They illuminate 

an even spectrum from visible ranges to infrared ranges (400 to 2200 nm) [21]. QTH lamps can directly 
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illuminate the target or be placed in a lamp housing from which the light is delivered to a target via an 

optical fiber. In addition, broadband LEDs are being used in food safety and medical applications [22] 

owing to their advantages over traditional lighting, such as long lifetime, low power consumption, low 

heat generation, small size, fast response, robustness, and nonsensitivity to vibration. 

Figure 3 Light sources: (a) Nd:YAG + OPO laser for excitation of object (b) Quartz Tungsten 
Halogen lamp for generating broadband wavelength (c) white LED generating visible wavelengths 

from 420nm to 680nm.
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1.3.3 Preprocessing and Supervised-based Image Classification Algorithms 

Image classification from an obtained image cube in which each pixel has its own spectrum is 

classified by predefined signatures from lesions. The similarity of each pixel is compared in order to 

assign color approximations. This is performed to extract diagnostically useful information and to 

extract features in medical multispectral imaging. Many image-based classification methods (such as 

logistic regression, SVM, Euclidean distance, SAM, and Mahalanobis distance, commonly called 

supervised classification) have been developed and used in medical, geological, and satellite 

applications. The following sections will introduce these methods in detail [23]. 

The preprocessing of multispectral imaging entails shading correction, data normalization, and 

light sources from LED calibration. A median filter and Gaussian filter were also applied to the image 

cube in previous studies to reduce noise and to smooth the spectral signatures [24]. 

The Euclidean distance, which is the distance between two points in n-th dimensions (also known 

as Euclidean space), is used the most. Its distance can be measured as shown in Equation 1. This is the 

function of making a vector at a scalar distance to measure the similarity. It is also called the L2 distance 

or the Euclidean metric. The Mahalanobis distance, which is a transformed type of Euclidean distance, 

is another way to measure the similarity by considering between a point X and the covariance matrix in 

a distribution [25]. 

 

 
 

Equation 1 Distance between two points in n-th dimensions 
based similarity measurement methods: Euclidean distance 
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However, multispectral imaging has high dimensions (at least above 9). Thus, its computation time 

will take longer during the classification process. Spectral angle measurement is a different 

classification method from the above methods because spectral angle measurement compares each pixel 

in an image with every endmember for each class, and assigns a value between 0 and 1[26] [27]. This 

is calculated by using the inner product. Thus, the closer the number is to 1, the more similar is. In 

multispectral imaging, the spectrum data we obtain for an image cube is considered as a vector in order 

to calculate the inner product. This is done using the following equation, and as shown in Figure 4 and 

Equation 3.  

Figure 4 Diagram of Spectral angle measurement,  is claculated by using 
spectral angle measurements 

 

Equation 2 Definition of Mahalanobis distance and it is a normalized form of 
Euclidean distance when the covariance matrix is a diagonal identity matrix  

 

Equation 3 Definition of spectral angle measurement, comparing two vectors using 
the inner product to measure similarity 
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1.3.4 Multiclass Classification Using a Logistic Regression Algorithm  

A variety of classification methods has been developed to determine binary classification 

cases. However, The multiclass classification is more complex than a binomial classification, and 

can be decomposed into many binary classifications such as support vector machines and logistic 

regression by using binary classifiers [28]. 

Logistic regression is the most popular and widely used method in the field of classification 

problems. A logistic function is used to determine a hypothesis (  ) that estimates the 

probability of an output value (y) of an input value (x) in order to classify classes that can be in 

binary form or multiple form. An equation of a logistic function (also called a sigmoid function) 

is implemented for hypothesis ( ) modeling because its value always ranges from 0 to 1. This 

is shown in Equation 4. 

 

1
1

 

Equation 4. Logistic function or sigmoid function to represent hypothesis 
 

where z . Its graph is shown in Figure 4. The output value is always over 0.5 whenever	 z

0 . Consequently, the logistic representation model is 	

0.5	 when	 0. In a binary problem that has only two dependent variables, if 

0.5,	 then we predict that y = 1 and the other y = 0.   

Logistic regression can be divided two folds along with its output class, including one for 

two class (binary classification) and the other for multiple class (multinomial classification). In 

binary classification, there are only two outputs (0 or 1), where 0 is called the negative class, and 

1 is called the positive class. This results in the classification of two categories. By contrast, 

multiple class has a discrete output over three class. Here, we implemented a one-vs.-all logistic 
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regression to discriminate seborrheic dermatitis, psoriasis, and normal regions. Details are 

described in section 2.4. 

 

 

 

  

Figure 5. Graph of standard logistic function
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1.3.5 Optical Properties of Skin Layers 

The skin layers typically consist of the epidermis, dermis, and subcutis. The skin penetration 

depth depends on the wavelength. The longer the wavelength, the deeper the penetration depth. 

Among visible wavelengths, which are usually 400 nm to 700 nm, the red color at 660 nm was the 

most resonant wavelength of the cell and skin surfaces in humans. The penetration depth of the visible 

range in human skin is shown in Figure 6. 

                 (a)                                    (b) 
Figure 6 Optical properties of skin layers: (a) Penetration depth of skin layers of optical 

radiation, and (b) melanin and  absorption spectrum 
  

The interaction between visible light and skin layers has been broadly used for diagnosing skin 

diseases. In order to identify the relationship between them, the concepts of absorption and scattering, 

which are the parts of optical properties, are required. Thus, we now review these properties. 

When light enters the skin (tissue), it experiences multiple scattering and absorption as it passes 

through the tissue [29]. Chromophores, hemoglobin, and melanin absorb the light. Hemoglobin and 

melanin are the crucial components that absorption coefficients monotonically decrease as the visible 

wavelength increases. As the light goes through skin layers, multiple scattering increases, which 

causes the light to be randomized [30]. In addition, the counted reflectance intensity by an external 

CMOS camera from the specimen is determined by the structural and biochemical properties of the 

specimen (the tissue) [31]. 
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1.4 Related Works 

1.4.1 Applications of a Dermoscope Based on Multispectral Imaging 

Substantial applications for diagnosing and monitoring diseases using dermoscopy based on 

multispectral imaging have been developed. These applications include skin dermoscopy (such as 

colonoscopy), which detects colorectal cancer [32], and colposcopy, which examines the condition of 

the vaginal area for cervical cancer and other medical issues [33]. Multispectral imaging has also been 

applied to image-guided surgery for endoscopes, for differentiating between thin and thick tissue areas, 

and for the segmentation of different tissue types [34] [35]. Multispectral imaging has been widely used 

in hospitals for digital dermoscopy. Furthermore, mobile multispectral imaging systems can be utilized 

at home, in hair salon, and at skin care center. Detailed information about these systems is presented in 

the following sections. 

1.4.2 Dermoscope Based on Spectral Imaging Techniques for Diagnosis of Melanoma 

in the Clinic 

Handheld systems Melafind and Verisante are utilized broadly as diagnosis devices for malignant 

melanomas. These systems use multispectral imaging for its high sensitivity and specificity.  

Verisante (http://www.verisante.com), represented in Figure 7 (a), has licensed the exclusive 

worldwide rights to a rapid MSI imaging system that uses 18 different narrow-band wavelengths 

ranging from UV to NIR to detect skin cancer. Using multiple wavelengths allows for more detailed 

and accurate information to be acquired.  

Melafind, shown in Figure 7 (b), makes use of multispectral epiluminescence to obtain image 

cubes ranging from 430 nm to 950 nm, which are visible to NIR [36]. Melafind also provides additional 

information to dermatologists during melanoma skin examinations by locating skin lesions up to 2.5 

mm beneath skin. The clinical study for Melafind was the largest positive and carried out in melanoma 

detection. A total of 1384 patients presented 1831 skin lesions, and Melafind demonstrated a 98.3% 

sensitivity in 172 out of 175 melanomas. Its detection accuracy of it is better than that of dermatologists, 

who detected 72% of the melanomas in this study [37].  
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Figure 7 Development of handheld multispectral imaging systems for 
detecting malignant melanoma: (a) Verisante and (b) Melafind 
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1.4.3 Current Smartphone-Based Dermoscopic System 

Because the specifications for cameras embedded in smartphones have been increasing, 

multispectral imaging systems based on the smartphone have been widely developed. These systems 

include the Dermalite, Handyscope, and Zycor. Two types of methods exist in smartphone-based 

multispectral imaging systems [38]. The first one allows the user to obtain feedback from dermatologists 

after sending an image cube of lesions, and the other has the function itself in an application to obtain 

and classify image cubes using the camera embedded in the smartphone or by attaching the developed 

system in front of the smartphone camera. The hardware and software apps of Handyscope work 

together, and the lens is placed directly on the skin. Polarized light allows for viewing up to a 

magnification of 20 times. However, Handyscope does not use multispectral imaging. Instead, the 

system uses a combination of R, G, and B [39]. 

Previous works used only RGB illumination source (with a low spectral resolution) because these 

studies focused on a specific disease such as melanoma [40, 41]. Moreover, the applications had a 

sensitivity of 73% and a specificity of 88%, which was comparable to those observed in our clinical 

diagnosis (sensitivity 88%, specificity 97%). Although the results of sensitivity and specificity for 

diagnosing diseases are lower than those from a clinical examination by a dermatologist, it still has 

potential for the future medical mobile diagnosis systems because it improves upon the specifications 

of smartphone hardware [42]. 

 

Figure 8 Current developed dermoscopy system attached to 
a smartphone: (a) Handyscope and (b) Zycor
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1.5 Goal of this Thesis 

Various kinds of digital dermoscopy developed for use in hospitals have high sensitivity and 

specificity. Furthermore, these systems have helped dermatologists to diagnose skin diseases in a 

noninvasive manner without requiring biopsies. However, these systems are typically bulky and 

expensive, and thus may not be suitable for use in the home. Many researchers have developed digital 

dermoscopy systems that attach to smartphones. These systems have advantages such as quick 

acquisition time and portability, but have lower spectral resolution because they only make use of R, G, 

and B as spectral information. Thus, the diagnosis accuracy is lower than that of dermatologists when 

the systems are used to diagnose various skin diseases. In addition, current digital dermoscopy and 

developed dermoscopy systems that attach to smartphones require human assistance such as 

dermatologists or estheticians in order to obtain image cubes. For these reasons, a self-diagnosis 

multispectral imaging system with a high spectral resolution (~18-nm FWHM) for continuously 

monitoring and managing was required to see the display of the smartphone if lesions were located at 

the scalp or back, which are difficult to self-diagnose [43].  

To overcome these limitations, a new handheld multispectral imaging system with high sensitivity 

and specificity attached to a smartphone is required. This system will help patients to continuously 

monitor skin diseases and keep track of the state of diseases, resulting in reduced medical and social 

costs. 

The current development of smartphone-based multispectral imaging systems with external 

CMOS cameras is discussed in the following sections, along with the results of validation experiments. 
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II. Methods 

 

2.1 Development of a Smartphone-based Multispectral Imaging System for Self-

diagnosis 

We built the multispectral imaging system based on a smartphone with using an external C-MOS 

camera for self-diagnosis such as scalp and back. The optical system for multispectral imaging, an 

interface circuit, and the smartphone were included in this system as three main parts. Multiple LEDs 

with consecutive narrow bandpass filters and the external C-MOS camera was equipped to develop the 

multispectral imaging system and self-diagnosis system respectively. The interface circuit we built in 

here carries out synchronization and wireless communication between the multispectral imaging system 

and the smartphone. At first, wireless communication was operated by using a bluetooth module 

(Chipsen, CLE-110) integrated with the interface circuit. When we send the control signal using the 

android application we developed, the bluetooth module delivers the command to the interface circuit 

to transmit control signal to the LED controller. After receiving the control signal from the interface 

circuit, the microprocessor unit synchronizes between the LED controller and the external C-MOS 

camera connected to the smartphone using OTG cable to obtain multispectral image sequentially. 

Obtained image cube was classified using multiclass classification by MATLAB software program. The 

diagram of the multispectral imaging system was shown in Figure 9. Details of each process of the 

system described following sections. 
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Figure 9 Diagram of the multispectral imaging system including interface circuit and the 
smartphone



 

- 20 - 

 

2.1.1 Miniaturization of the System for fabricating a Handheld System 

The multispectral imaging system is a system that combines imaging and spectroscopy. It captures 

spectral information at each pixel of a two dimensional (2D) detector array. After capturing all spatial 

images from 430nm to 680nm sequentially, then the developed system generates a three dimensional 

(3D) dataset which is called image cube. Using image cube, we can analyze it as the respect of pathology. 

With spatial information, each electromagnetic spectrum makes it possible to investigate diffuse 

reflectance intensity of a sample we interest and spectral signatures of each of pixels in image cube 

allow us to identify various pathological conditions because diffuse reflectance intensity is determined 

by the structure and biochemical properties[30]. 

The multispectral imaging system is mainly composed of light source, spatial detector, and 

wavelength dispersion devices such as LVF (Linear Variable filter), LCTF (Liquid Crystal Tunable 

filter), and AOTF (Acousto Optic Tunable Filter). This system includes 10 white LEDs(Iws-351-white, 

ITSWELL) that 9 of them are for obtaining image cube and the other is for detecting lesions before 

taking image cube, LVF (LF102499, DELTA OPTICS), two linear film type polarizers (EDMUN 

OPTICS), and the smartphone (SM-G935, SAMSUNG). Also, the external C-MOS USB color camera 

(See3CAMCU50, E-CON SYSTEMS) equipped with S-Mount lens that is UVC-compatible and 

1/4’’Optical format OV5640 sensor offering up to 5 mega pixels is used.  

Light from the white LED source illuminates to pass through the optical bandpass filter, and a 

vertical polarizer in order. The focused light interacts with skin regions that interest, and then diffuse 

reflection light which is multiple scattered and specular light is returned. After that, scattered and 

specular light pass through the horizontal polarizer to reduce specular reflection light. This modality is 

called the cross polarization method which was applied to this system, allowing the system to obtain 

scattered light and reduced specular light which is interacted with skin regions [44].  

For fabricating the 3D printer structure to make the handheld and miniature system, we built a sole 

3D printer structure by using the CAD tool and used the external C-MOS UVC compatible camera that 

makes possible to connect with the smartphone by using the USB OTG cable. This miniaturization of 
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the system also was shown in Figure 10 and photography images of the assembled system was shown 

in Figure 12. 

 

 
 

Figure 10 Diagram of the multispectral imaging system: the smartphone, the external C-
MOS camera, Ring LED with color filters, two polarizers 

 

Also, Each of LEDs under the color filter in the 3D structure are used for selecting a certain 

wavelength that may result in different diffuse reflectance intensity. We selected LVF (LF102499, Delta 

optics) as the wavelength dispersion component due to its high resolution characteristic that has less 

than 18nm of FWHM at visible ranges. The characteristic of the linear variable filter, varying linearly 

along the width [45], was utilized to obtain narrow bandwidths and sequential wavelength selections. 

Each color filter was diced evenly according to visible ranges and the size of each filter is 3.8mm of 

width, 3.3mm of height, and 2.5mm of thickness respectively. Each of center wavelengths and FWHM 

were ~435nm (FWHM, 8nm), ~453nm (FWHM, 9.3nm), ~493nm (FWHM, 11nm), ~520nm (FWHM, 

12.3nm), ~545nm (FWHM, 13.3nm), ~580nm (FWHM, 15.6nm), ~605nm (FWHM, 16.2nm), ~638nm 
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(FWHM, 16.6nm), ~663nm (FWHM, 16.8nm). The size and spectra of diced optical bandpass filters 

were shown in Figure 11.    

 

 
(a) 

 
(b) 

Figure 11 Dicing a filter for making a miniaturization of the system: (a) spectra of each color 
filter (b) the size of color filter: width:3.8mm, height:3.3mm, and thickness is 2.5mm 
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This portable system is operated by the LED that is 3.5	 x	 2.8	 x	 2.5	 . We could decrease 

the system size compared with other spectral scanning systems such as operated by rotation motors 

and commercial devices using in a hospital and a skincare center. The size of developed system 

with the 3d printer structure is	 88	 x	 49	 x	 50	  . Using this handheld system, we could 

inspect possibility of self-diagnosis our skin including seborrheic dermatitis and psoriasis. The 

cone-shaped is designed in the front part of this 3d printer structure system according to the focal 

length that is 21mm and focusing light from the single LED.  

Table 2 Center wavelength and FWHM of each of bandpass filters and each filter 
has less than 18nm FWHM, resulting in more quantitative analysis 
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We utilized two linear polarizers in order to implement the cross polarization method and these are 

diced along with the shape of camera lens and the 3d printer structure for covering both LEDs and 

narrow optical bandpass filter was constructed [44]. We exploited the laser dicing equipment (VLS 4.60, 

ESS), offering a quickly adjust laser power without damages into the polarizer. Two kinds of dicing 

designs, the first one for diameter 38mm and the other one for 18mm diameter, were conducted. The 

first one locating in vertical direction is attached to the case of LED with the color filter and the other 

one locating in horizontal direction is implemented to adhere in front of the external C-MOS camera 

lens. The result of diced polarizer is shown in Figure 13.  

Figure 12 Photography of the assembled system and its size is 	 	 	 	 	
in order to use it as the handheld system

Figure 13 Dicing linear polarizers: (a) It was designed for 
attaching to the cover of LED with color filter (b) is for designed to 

adhere in front of the camera 
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2.1.2 Interface Circuit for Synchronization and Wireless Communication 

The interface circuit was designed to synchronize and wireless communication between the 

smartphone and the multispectral imaging system. This circuit is composed of a microprocessor unit 

(ATMEGA128, Atmel), a bluetooth low energy module (Bot-Cle 110, Chipsen), a constant current chip 

(MBI5026, Macroblock) for controlling 10 LEDs, and other components such as a regulator, a level 

shifter. The microprocessor unit is received the command signals from the smartphone application that 

we developed in Android O.S via the bluetooth module and then it delivers command signals to the 

microprocessor unit through the UART communication (Universal asynchronous receiver/transmitter) 

for turning the LED on ten times sequentially to select wavelength. This algorithm of wireless 

communication for synchronization is the key point in this system. Synchronization is the most crucial 

part because capturing the image using the external C-MOS camera after turning the LED for selection 

of wavelength is the process for obtaining image cube. The power supply part, a 3.7v lithium-polymer 

battery provides the power to the interface circuit. The input voltage is up-regulated to 5v to offer the 

voltage to a microprocessor unit and the constant current chip for illuminating constant light intensity 

for all LEDs that are attached in the circuit. On the contrary, the supply voltage is down-regulated to 

3.3v to supply the power to the bluetooth module. Lastly, the level shifter for adjusting voltage level 

between chips that require different input voltage are implemented to communicate without any data 

loss between the microprocessor unit and the bluetooth module. Its circuit diagram and the photographic 

image is shown if Figure 14. 
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   (a) 

 (b) 
  

Figure 14 . Schematics of Interface circuits: (a) Circuit diagram; (b) photographic image of 
interface circuit 

 

 
 

 
2.1.3 Uniform Illumination on Skin Regions Using LED 

Light emitting diodes (LEDs) are emerging components in many applications related to lighting. 

LED arrays must be mounted in the panel along with square, circular, and linear so that each of LEDs 

are need to illuminate LED evenly on all surfaces[46]. We propose the illumination method that 

uniformly illuminates light from the single LED that evenly located in 30 degrees differently to acquire 

Table 3 Description of chipset used in the interface circuit 
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quantitative analysis results. It consists of two parts including, arrangement of bunch of LEDs and 

collection of light in the direction of the field of view of the external C-MOS camera. 10 LEDs are 

arranged roundly in 30-degree differences along the 15mm radius due to the size of lens and color filters. 

Also, we designed and printed the 3d structure by considering focal length of the external C-MOS 

camera lens for the purpose of focusing each light uniformly. After that, we implemented trigonometric 

function to find optimized tilted angle between LEDs and the external C-MOS camera. Equation was 

described in Equation 5,  

 

  

  

 

Equation 5 Calculate the optimized incident angle to illuminate light from each LED source 
 

Where, H1 is focal length of the external camera lens, H2 is the LED height from the 3d structure, 

and L is the length of between the center point of a lens and each LED. 

H1 is focal length of the camera lens, H2 is the height of the LED from the 3d structure, and L is 

the distance between a center point of the external C-MOS camera lens and the LED. Each length of 

these parameters are 32mm, 9mm, and 15mm respectively. The optimized angle,	 θ, to converge light 

was calculated by using trigonometric function and its degree is about 60. Consequently, θ′ is 30-

≅
1 2 32 9

15
 

  ≅ 60° 
∴ 90 ≅ 30° 

 

Figure 15 Schematic of the trigonometric method for selecting the optimization tilted angle 
for focusing light 
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degree and that is why we designed 3D printer structure obliquely as 30-degree. The equation of this 

method and diagram were shown in Figure 15.  

2.1.4 Platform for acquiring Image Cube 

We here revised and made use of the Camerafi SDK which offers connection of the UVC camera 

being compatible with the smartphone by using the OTG(On To GO) cable. The developed application 

which is called Spectrovision2 allows user to synchronize through BLE 4.1 module with the interface 

circuit in order to obtain multispectral image by controlling constant current chip and then it saves the 

image cube in the smartphone. Obtaining image cube takes under 8 seconds and the connection between 

the multispectral imaging system and the smartphone (SM-G935, SAMSUNG) is shown in Figure 16. 

Figure 16 Photometric image of connection between the multispectral imaging system and the 
smartphone 

2.1.5 Preprocessing  

The obtained image cube required the preprocessing procedures including gray level scaling 

transformation of image cube, light source calibration, shading correction, and normalization. 

 

The external C-MOS camera used the RGB color sensor so that gray level scaling transformation 

of image cube has to be performed in order to obtain diffuse reflectance intensity of 9 wavelengths 

sequentially and its equation is shown in Equation 6.  

Equation 6 Gray scaling of image cube

1
3
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Also, we mounted 10 LEDs in this developed system so that roundly located LED sources require 

the light calibration process. Even though we use the constant current chip, offering constant current to 

LED light source, the illumination light intensity may different at each time. The white target has the 

property of the highest diffuse reflectance about 99% being capable of reflecting same reflectance 

intensity on whole surface over the UV-VIS-NIR region of the spectrum. In the middle of Figure 17, 

spectral signatures of 4 dark circles are extracted and an average intensity was taken. 4 points are 

required to extract because LEDs are mounted in the circular shape so that each differently located LED 

light source makes a different reflectance light intensity from the white target. These light calibration 

process is shown in Figure 17 and also equation is described in Equation 7. Where,   is the pixel 

intensity of calibrated light,  is the original pixel intensity, , and  are referred 

maximum intensity along the 9 wavelengths and the averaged white target pixel intensity respectively. 

[22] 

 

Figure 17 LED calibration using the white target by measuring weighting factor from Equation 7 
of each wavelengths and multiply it to the original image  

 

 

∗
 

Equation 7 Preprocessing for the purpose of adjusting LED light intensity using the white target
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For the purpose of achieving this goal, we sliced the white target by using the blade and adhered 

two sliced white targets back of the 3d printer case in parallel and these are shown in Figure 18. Two 

white targets were required because 10 LEDs are mounted in circle shape so that the left one is used for 

calibrating LEDs that located in the left side and the other one is for the right side. Normalization 

procedure is implemented in order to reduce noise such as artificial image and system noise, causing 

uneven spectrum. 

 

 
Figure 18 White target was equipped to calibrate each LED source to analyze image cube 

quantitatively 
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2.2 System Validation by using the LCTF and Another Optical Components 

Reference devices entailing a spectrometer (USB2000+, OCEAN OPTICS), LCTF (Kurios VB-1, 

THORLABS), and a resolution target (Thorlabs, R2L2S1P1) are applied for the sake of assessing the 

developed system. The spectrometer (USB2000+, OCEAN OPTICS) is used for estimating a white 

LED light source spectrum and is depicted in Figure 19(a) and the spectrum of passing through 9 optical 

bandpass filters sequentially from the white LED source is described in the 2.1.1 section in Figure 7. 

Figure 19 System evaluation for using optical standard and reference device and components : 
(a) measuring the spectrum of the white LED using the spectrometer (b) the system resolution frequency, 
45 (cycles/mm) 
 

The resolution target (R2L2S1P1, THORLABS) was utilized to measure the resolution frequency of 

the external C-MOS camera and the resolution frequency of this system was measured as 45 (cycles/mm) 

both vertically and horizontally in Fig. 18(b). 

The LCTF (Kurios VB-1, THORLABS), one of dispersive devices for spectral scanning method that 

captures the single spectrum sequentially at whole spatial information, was utilized to evaluate and 

validate of the development smartphone based multispectral imaging system [47] [48]. We here used 

the 4x objective lens(RMS4X, OLYMPUS), a tube lens (TTL200 , THORLABS)for delivering light 

parallel, the liquid crystal tunable filter with a controller (Kurios-VB1, THORLABS), 10 white LEDs 

that we designed the circuit, and a monochrome C-MOS camera (UI337xCP, IDS) as shown in Figure 

20.  
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By using the controller of liquid crystal tunable filter, offering three types of FWHM selections which 

are wide, middle, and narrow. Among those, we set the narrow mode providing less than 19nm FWHM 

in visible range of center wavelengths and 9 center wavelengths same as our developed system. A target 

was irradiated by the 10 white LEDs then reflected and scattered light from the target pass through the 

4x objective lens, the liquid crystal tunable filter and a tube lens in order. Ultimately, the filtered light 

was registered by the C-MOS camera. For balancing the its performance, 4 characters were printed in 

different colors with ‘M’, ‘B’, ‘I’, and ‘S’ in red, green, blue, and yellow respectively. Characters were 

captured with 10 different wavelengths (~434nm, ~453nm, ~493nm, ~520nm, ~545nm, ~582nm, 

~605nm, ~638nm, ~663nm, and ~683 nm) and all signatures of every color was extracted. By using 

these signatures, obtained image cube was classified by implementing spectral angle measurement and 

its results was depicted in the Figure 20. Although LCTF has many advantages such combining with 

the controller and optical system relatively easy and switching wavelength very quickly in Nano 

seconds by using the electronically controlled elements but its throughput of light has decreasing as 

wavelength declined in comparison with fixed optical bandpass filter. Owing to this property, the 

classification results from the smartphone based of the developed multispectral imaging system were 

 

Figure 20 Built the multispectral imaging system based on a LCTF by using another dispersive 
device: (a) Schematic of the LCTF (b) Photometric image of the System 
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better than from the LCTF based multispectral imaging system [49]. These comparison results of 4 

characters which are ‘M’, ‘B’, ‘I’, and ‘S’ are shown in Figure 21.  

  

Figure 21 Classification of Multispectral image cube obtaining from the developed smartphone 
based multispectral imaging system 
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2.3 Spectral Analysis of Image Cube of Seborrheic Dermatitis and Psoriasis  

Extracting	useful	information	from	the	image	cube	for	diagnosing	diseases	is	key	issues	in	

multispectral	 imaging	 [30].	 For	 analysis	 of	 image	 cube,	 three	 steps	 are	 applied,	 including	

preprocessing,	 feature	 selection	and	 extraction	 in	order	 to	know	 the	 spectrum	of	 lesions,	 and	

spectral	classification	 18 .	

As	the	procedure	of	preprocessing,	involving	each	LED	light	source	calibration	and	shading	

correction,	was	implemented	before	extracting	the	spectral	signatures	so	as	to	gain	quantitative	

analysis,	resulting	in	high	sensitivity	and	good	specificity.	 	

Extracted	 spectral	 signatures	 from	 skin	 regions	 averaged	 out	 respectively	 before	

implementing	normalization	process	and	equation	of	this	process	is	described	in	Equation	8. 

 

Where   is the normalized intensity value,   is each pixel intensity of spectrum that 

acquired from image cube, and 	 and	 	  are the maximum and minimum intensity at each 

pixel along with spectrum. 

Figure 22 One-vs-All classification algorithm 
 

 

Equation 8 Normalization of the spectrum intensity
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2.4 One-VS-all Logistic regression for Classification of Seborrheic Dermatitis, 

Psoriasis, and Normal Regions 

We here made use of the uncomplicated approach to lessen classification problems among K-class 

into K binary problems[50]. One-vs-all classification is the one of the multiclass classification methods 

based on logistic regression and is also called one-vs-rest which is implemented here because we have 

three-class including seborrheic dermatitis, psoriasis, and normal regions that need to be distinguished.  

To solve this classification problem, K binary classifiers are required and samples of that class as 

positive and all other samples as negative that means that when k-th classifier being positive is trained 

and all others are belonged to negative. Each class is required to train hypothesis function,	 , 

and this equation of probability is established Equation 9 and its algorithm of a diagram is shown in 

Figure 22. 

	 | ;  
 

Equation 9 Probability of given x is classified with i-th class 
 
 

 
We extracted 1200 train sets from seborrheic dermatitis, psoriasis, and hair respectively and the 

total number of train sets are 3600, where each training set is a single pixel that has 9 spectral 

information and each of this single pixel data becomes a single row and store it in matrix X. Then, 

regression classifier 	  is trained to classify unknown input data x. when unknown data is given, 

maximum value of 	  among i-class is selected and classified. Expressing this as equation is 

arg 	  ).  
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III. Results 

 

3.1 Analysis of Spectral signatures of Seborrheic Dermatitis and Psoriasis  

In order to examine the smartphone-based multispectral imaging system, a clinical test was 

conducted with Seoul National University Hospital (SNUH) to collect multispectral image cubes of 

seborrheic dermatitis and psoriasis by using the developed system. Image classification algorithms 

including the one-vs.-all multiclass classification method and spectral angle measurement (SAM) were 

executed. In order to analyze the differences between diseases, the spectral information (λ) of each pixel 

was extracted as a reference signature. Spectral signatures of 10 differently located lesions in two 

persons with psoriasis and seven persons with seborrheic dermatitis were used. The results of 

normalized spectral signatures are described in Figure 24. There are differences in the spectral 

signatures of seborrheic dermatitis and psoriasis. For psoriasis, autoimmune properties that lesions of 

blood flow is elevated compare to others cause more absorption of light at 683 nm, resulting in lower 

diffuse reflectance intensity [29]. In addition, the overall normalization diffuse intensity across the 

entire spectrum has different intensities. 
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Table 4 Standard deviation of each center wavelength from obtained cube of seborrheic 
dermatitis, and psoriasis skin regions respectively 

 

 

Figure 23 Combined Spectral signatures of Seborrheic dermatitis and Psoriasis
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3.2 Spectral classification using Multiclass Classification based on One-VS-All 

Algorithm and SAM (spectral angle measurement) 

A one-vs.-all multiclass classification algorithm was used for a quantitative analysis of seborrheic 

dermatitis, psoriasis, and hair. A total of 3600 training sets were extracted. The classification accuracy 

was 79%. A further 1500 test sets were used, and their classification accuracy was 74.25%. For image 

classification, classified spectral signatures from seborrheic dermatitis, psoriasis, hair, and normal 

situations were applied to an image cube obtained from seborrheic dermatitis, psoriasis, and hair. SAM 

was applied by using extracted spectral signatures, and these classification results are shown in Figure 

23. 

The spectral classification of psoriasis, seborrheic dermatitis, and hair of the scalp was carried out 

including an image cube and an RGB-based image from the same regions in order to compare 

classification performance. A total of seven seborrheic dermatitis patients, two psoriasis patients, and 

three normal persons were included in this clinical test of the scalp. In the case of the image cube, 3600 

training sets were extracted, and a further 1500 test sets were used. The classification accuracy was 

74.25%. By contrast, the classification accuracy of the RGB image from the same regions of the image 

cube was 57.30%. For image classification, classified spectral signatures from seborrheic dermatitis, 

psoriasis, and hair were applied to an image cube and an RGB-based image obtained from seborrheic 

dermatitis, psoriasis, and hair to classify them. The results of a one-vs.-all classification and SAM are 

shown in Figure 24. Red, blue, and black colors indicate as seborrheic dermatitis, psoriasis, and hair, 

respectively.  

The multispectral-based image classification results were more accurate than the RGB-based 

image classification because the multispectral image cube had a higher spectral resolution than the RGB 

image cube. These results demonstrate that multispectral imaging and one-vs.-all multiclass 

classification can make use of the system for quantitative mobile skin care and management. 
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Figure 24 Image classification results: (a), (b) One-VS-All multiclass classification results of 
multispectral imaging and (d), (e) SAM (Spectral angle measurement) classification results of 

multispectral imaging and (c), (f) RGB based image classification results obtained from seborrheic 
dermatitis, psoriasis, and hair of the scalp 
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IV. Discussions 

 

Smartphone-based portable and hand-held multispectral imaging systems were developed, and 

image analyses obtained from seborrheic dermatitis, psoriasis, and normal skin regions of an image 

cube were performed using a one-vs.-all multiclass classification algorithm for the diagnosis and 

management of skin lesions [22]. In addition, these procedures were applied to lesions of the scalp. 

Discrimination between seborrheic dermatitis and psoriasis, which have similar symptoms such as 

reddish skin and pruritus, has been challenging. Our developed system allows us to acquire image cubes, 

and seborrheic dermatitis, psoriasis, hair, and normal skin regions of the scalp were classified with 74.25% 

accuracy using multiclass classification based on a logistic regression algorithm.  

In previous works, various types of dermoscopy systems, including videocapillaroscopy (which 

has been improving the detection accuracy of these diseases by extracting the morphological shape and 

density of capillaries at the scalp), digital dermoscopy for use in hospitals, and portable dermoscopy 

systems attached smartphones have been developed. However, in the case of videocapillaroscopy, it is 

very sensitive to environmental factors such as room temperature and room noise. In addition, digital 

dermoscopy used in hospitals is normally bulky and expensive. Thus, it is not proper for use in the 

home. Dermoscopy systems attached to smartphones have low spectral resolution, resulting in low 

sensitivity and specificity compared with the dermoscopy systems developed for use in hospitals. 

In this thesis, for skin care and management, we built a portable multispectral imaging system with 

high sensitivity and specificity. The system had an FWHM of less than 18 nm based on a smartphone 

using an external CMOS camera to discriminate between seborrheic dermatitis and psoriasis. An image 

cube was obtained by turning a single LED light source on sequentially nine times so that it could offer 

low acquisition time and realize a small-sized system (88 × 49 × 50 mm3). In addition, the optimized 

light incident angle, which was 60º, was calculated in order to illuminate the light from each of 10 LEDs 

uniformly so that the 3D structure (which was tilted 30º) was printed and equipped each light sources 

onto the case of LEDs.  
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In a performance evaluation of the smartphone based multispectral imaging system, a resolution 

target was implemented for measuring the resolution frequency, and the developed system was capable 

of resolving the spatial frequency of 45 cycles/mm in both the vertical and horizontal directions, as 

shown in Figure 19 (b). Additionally, the smartphone-based multispectral imaging system and LCTF-

based multispectral imaging system were compared in order to validate the systems. The classification 

results were similar. However, although the LCTF-based multispectral imaging system turns 12 white 

LEDs on at the same time as a light source of the reference systems, some regions around the character 

“M” (as shown in Figure 21) were not classified perfectly. In contrast, our system uses only a single 

LED light source each time an image cube is obtained. This developed system could offer better 

classification results based on logistic regression than the LCTF-based multispectral imaging system. 

Finally, to investigate the potential of the developed system and conduct a quantitative analysis, a 

clinical test was performed to acquire an image cube of seborrheic dermatitis (psoriasis). A one-vs-all 

classification based on a logistic regression method (which is a multiclass classification algorithm) was 

carried out to evaluate the performance of this system. The results of this performance included a 74.25% 

accuracy of classification, and the sensitivity and specificity were 78.88% and 71.67% respectively. The 

image classification results in Figure 24, including the one-vs.-all multiclass classification method and 

SAM of a multispectral-based image cube were better than those of the RGB-based image cube owing 

to the dimensionality of the image cube. 

The spectral scan method (one of the image cube acquisition methods) with nine optical narrow 

band-pass filters was implemented here because it is widely used for stationary objects and simple that 

means dose not demand any additional sophisticated optical components [22]. However, this requires 

experimental conditions to obtain high performance. If patients or the developed system are moved 

when the image cube is stored sequentially, an unmatched image cube arises, resulting in poor 

classification results because different locations give rise to vicious reflectance intensities. Thus, the 

system is required to be smaller than the current system, and the acquisition time of image cube should 

be decreased to minimize the unmatched image cube.  
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Additionally, each LED light source, located differently in a direction of 30º, causes different shapes 

of shade when lesions are located under hair. Furthermore, hair decreases the classification accuracy 

when lesions are located on the scalp. This requires the optimized preprocessing of the shading 

correction for each LED location. In addition, hair removal is required before implementing multiclass 

classification algorithms. This thesis shows methods to discriminate between seborrheic dermatitis and 

psoriasis so that it may be possible to discern skin diseases with respect to severity.   
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V. Conclusions 

 

This multispectral imaging technique obtains a three-dimensional image cube with two pieces of 

spatial information x,	 y  and one piece of spectral information λ  without a biopsy and in a 

noninvasive manner in real time.  

Many types of conventional dermoscopy based on multispectral imaging systems (such as 

Melafind, Dermalite, Zycor, Handyscope, and Verisante) have been developed during the past decade 

to help dermatologists to quantitatively detect, diagnose, and monitor skin diseases with high sensitivity 

and specificity. The conventional multispectral imaging system developed for use in hospitals has 

disadvantages including bulky size and high cost. Thus, it may not be suitable for use at home. The 

developed multispectral imaging systems attached to smartphones offer low spectral resolution and do 

not offer self-diagnosis. 

We developed a portable multispectral imaging system attached to a smartphone with an external 

CMOS camera using an OTG cable to discriminate between seborrheic dermatitis and psoriasis. This 

system has nine optical band-pass filters to generate a multispectral image cube ranging from 430 nm 

to 690 nm with an FWHM of less than 18 nm sequentially. The cube is obtained from lesions using a 

smartphone. The information for intensity, resulting from interaction with skin regions, was stored 

sequentially along with wavelengths in a multispectral image cube. This allows users to diagnose 

conscious skin regions earlier, or to monitor skin diseases continuously. In addition, we conducted a 

clinical test for seborrheic dermatitis and psoriasis in order to evaluate this system. The developed 

system in this thesis may be highly useful for early detection and monitoring of skin diseases 

quantitatively and continuously at a low cost and at home. The system shows great potential in 

discriminating between seborrheic dermatitis and psoriasis as a mobile healthcare system, allowing for 

point of care.   

This thesis indicates that this system may be valuable for clinical diagnoses and discriminating 

between seborrheic dermatitis and psoriasis. 
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VI. Appendix 

 

Figure 25 Interface Circuit Layout 
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요 약 문 

모바일 기반의 소형 다중 분광 이미징 시스템 개발을 통한 

지루성 피부염 및 건선 구별 
 

최근 불규칙적인 생활습관 및 스트레스와 같은 환경적 또는 유전적 요인으로 인하여 

지루성 피부염과 같은 감염성 피부질환 발병률이 증가하고 있다. 특히 지루성 피부염이 

두피에 한정되어 발병할 시 일반적으로 병원에서는 고성능 두피 진단 기기를 이용해 

두피 이미지를 획득 한 후, 의사들의 주관적 판단을 통해 발병여부에 대한 진단이 

이루어 지고 있다. 따라서, 지루성 피부염을 건선으로부터 정량적으로 구별할 수 있고, 

이와 더불어 피부 질환을 특징지을 수 있는 분광 지표를 제공하는 고성능의 피부 진단 

기기가 개발되면 의사들이 진단 할 시에도 진단 정확도를 높일 수 있을 것으로 예상된다. 

따라서 본 논문에서는 지루성 피부염 및 건선에 대한 정량적인 수치를 통해 구별하여 

진단 정확도를 높일 수 있는 휴대용 스마트폰 기반 다중 분광 이미징 시스템 개발 및 

이미지 분석 기법에 대해 설명한다. 개발한 시스템을 이용해 두피에 발생한 지루성 

피부염 부위의 다중 분광 이미징을 수행하였다. 각각의 파장대에서 획득한 지루성 

피부염의 분광 이미지 큐브를 획득한 후 Logistic Regression 이미지 분류 방법 

알고리즘을 활용하였다. 이 이미지 큐브는 (x, y) 그리고 파장(λ)의 3 차원으로 구성되어 

있으며, 각 픽셀에 파장 특성(spectral signature)이 저장되어 있다. 그림 정상 피부(녹색), 

모발(검정색), 지루성 피부염(빨강색) 부위의 분광 지표를 획득하고, 더 나아가 획득한 

분광 지표를 이용해 이미지의 분광 분석을 수행하였다. 분광분석 결과는 RGB 가 혼합된 

이미지에 비해 정상 피부와 병변 부위를 뚜렷하게 구분하였다. 본 논문에서는 지루성 

피부염 및 건선 진단을 위한 스마트폰 기반 다중 분광 이미징 시스템을 개발 하였다. 

개발된 시스템은 휴대성이 높고, 18nm 이상의 분광 분해능을 가지고 있다. 본 시스템을 

통해 지루성 피부염과 건선의 분광 지표는 정상 피부 및 모발과 명확한 차이점을 보이는 

것을 확인 할 수 있었다 

 

핵심어: 분광 이미징, 스마트폰, 지루성피부염, 건선, Logistic regression 
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