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ABSTRACT 

 
Anemia, which has multiple causes, such as iron deficiency, chronic blood loss, and 

hemolysis, is a prevalent health problem affecting an estimated two billion people or 

30% of the world’s population. The ability to measure hemoglobin concentration in 

anemic patients noninvasively and continuously has significant potential to facilitate 

hemoglobin monitoring, improve the detection of acute anemia, and avoid 

complications, expenses, and pain associated with invasive blood draws. Although 

some non-invasive approaches have been developed, they are less accurate than 

invasive methods as a clinical purpose, resulting in an unmet need for more accurate 

non-invasive methods. 

 

In the present study, we conducted a feasibility study for a group of subjects who were 

admitted to Koc University Hospital, Hematology clinics and Lokman Hekim 

University Hematology and Internal Diseases clinics. Patients with the symptoms of 

anemia and healthy subjects who were scheduled to have their complete blood count 

(CBC) parameters measured with hematology blood analyzers as part of their clinical 

care were                            recruited for this study. After the patient’s blood was collected to conduct 
their CBCs, high-resolution images were taken of those patients’ palm finger areas with 
a smartphone camera via dermatoscope attachments. By examining the color 

characteristics of the images, we developed an image processing methodology to 

correlate color characteristics in smartphone images of palm to hemoglobin 

concentration measured with the gold standard hemoglobin measurement system which 

is CBC the test. According to the results, our method gives significant predicted Hgb 

values. We observed that our results indicate a correlation between erythema index 

values and CBC hemoglobin levels. 

 

The main contribution of this thesis is proving the linear relationship between color 

characteristics of digital images and hemoglobin concentration measured in the 

laboratory. Without any reflectance measurement, this non-invasive calculation 

methodology is useful for objective assessment of erythema index and therefore 

hemoglobin levels. With the proposed methodology, in future cost-effective non- 

invasive point-of-care system that enables users to make self-care anemia evaluation 

and screening, which would replace the conventional method of anemia detection by 

visual observation of palm pallor colors Furthermore, with the developments in cloud 

technology, the study results can be improved by increasing the number of samples. 

This can be done with a system that will allow people who have already had blood 

counts to add photos to the cloud. Sensitivity can be optimized with a deep learning 

algorithm, which will be developed based on the correlation found, and values that are 

much closer to the real hemoglobin results can be obtained. The outcomes of this 

project can improve health services offered to patients with related diseases / disorders 

by supporting diagnosis, and early identification of critical situations related to disease 

severity and therefore decrease the percentage of severe complications of the diseases. 

These, in turn, are expected to yield significant economic benefits to patients by better 

planning treatment and avoiding unnecessary treatment schemas. Apart from savings on 

patient expenses, these savings also encourage health care providers to deliver high- 

quality, coordinated care at lower costs. 
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ÖZETÇE 

 
Demir eksikliği, kronik kan kaybı ve hemoliz gibi birden çok nedeni olan anemi, 
tahminen iki milyar insanı veya dünya nüfusunun %30'unu etkileyen yaygın bir sağlık 

sorunudur. Anemik hastalarda hemoglobin konsantrasyonunu noninvaziv ve sürekli 
olarak ölçmek, hemoglobin değerini takip etmeyi kolaylaştırmak, akut aneminin 

saptanmasını iyileştirmek ve invaziv kan alımlarıyla ilişkili komplikasyonları, 
masrafları ve ağrıyı önlemek için önemli bir potansiyele sahiptir. Bugüne kadar bazı 
non-invaziv    yaklaşımlar geliştirilmiş olsa da, klinik olarak invaziv yöntemlerden  daha 

iyi sonuç vermemektedir. Bu durum doğruluğu daha fazla olan non-invaziv yöntemlere 
yönelik karşılanmamış bir ihtiyaç doğurur. 

 

Bu çalışmada, Koç Üniversitesi Hastanesi, Hematoloji klinikleri ve Lokman Hekim 

Üniversitesi Hematoloji ve İç Hastalıkları kliniklerine başvuran bir grup  hasta için 
fizibilite çalışması yaptık. Anemi semptomları olan hastalar ve klinik süreçlerinin bir 

parçası olarak tam kan sayımı (CBC) parametrelerinin ölçülmesini planlayan sağlıklı 
kişiler bu çalışmaya dahil edildi. Tam kan sayımlarını yapmak için hastalardan kan 
alındıktan sonra, bu hastaların avuç içi ve parmak  bölgelerinin dermatoskop eklentisi 

aracılığıyla bir akıllı telefon kamerası ile yüksek  çözünürlüklü görüntüleri alındı. 
Görüntülerin renk özelliklerini inceleyerek, avuç içi akıllı telefon görüntülerindeki 
renk özelliklerini, tam kan sayımı testi olan altın standart hemoglobin ölçüm sistemi 
ile ölçülen hemoglobin değeriyle ilişkilendirmek için bir görüntü işleme metodolojisi 
geliştirdik. Sonuçlara göre, yöntemimiz istitatiksel olarak tutarlı Hgb değerleri 
vermektedir. Sonuçlarımızın eritma indeks değerleri ile CBC hemoglobin seviyeleri 

arasında bir korelasyon gösterdiğini gözlemledik. 
 

Bu tezin temel katkısı, dijital görüntülerin renk özellikleri ile laboratuvarda ölçülen 

hemoglobin konsantrasyonu arasındaki doğrusal ilişkiyi kanıtlamaktır. Herhangi bir 
reflektans ölçümü olmaksızın, bu non-invaziv hesaplama metodolojisi, eritma 

indeksinin ve dolayısıyla hemoglobin düzeylerinin objektif olarak değerlendirilmesi için 
faydalıdır.  Önerilen metodoloji ile, gelecekte avuç içi renklerinin görsel olarak 

gözlemlenmesiyle geleneksel anemi saptama yönteminin yerini alacak, kullanıcıların 

kendi kendine anemi değerlendirmesi ve taraması yapmalarını sağlayan uygun maliyetli, 
invaziv olmayan bir ölçüm yöntemi geliştirebilmektedir. Aynı zamanda bulut 
teknolojisindeki gelişmelerle birlikte örneklem sayısı artırılarak çalışma sonuçları 
iyileştirilebilmektedir. Bu, daha önce kan sayımı yaptırmış kişilerin buluta fotoğraf 
eklemesine izin verecek bir sistemle yapılabilir. Bulunan korelasyona göre geliştirilecek 
bir derin öğrenme algoritması ile hassasiyet optimize edilebilir ve gerçek hemoglobin 

sonuçlarına çok daha yakın değerler elde edilebilir. Bu projenin sonuçları, hastalığın 
ciddiyeti ile ilgili kritik durumların erken teşhisini ve erken teşhisini destekleyerek ilgili 

hastalıkları/bozuklukları olan hastalara sunulan sağlık hizmetlerini iyileştirebilir ve 

böylece hastalıkların komplikasyon yüzdesini azaltabilir. Bunların da tedaviyi daha iyi 

planlayarak ve gereksiz tedavi şemalarından kaçınarak hastalara önemli ekonomik 

faydalar sağlaması beklenmektedir. Hasta giderlerindeki tasarrufların yanı sıra, bu 
tasarruflar aynı zamanda sağlık hizmeti sağlayıcılarını daha düşük maliyetlerle, daha 

efektif ve planlı hasta bakımı sunmasını destekler.  
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Chapter 1: INTRODUCTION 

 

 
Anemia is a type of blood condition in which the concentration of hemoglobin 

or the number of red blood cells is inadequate to fulfill the physiological needs of the 

body. [1] Anemia is a prevalent health problem affecting an estimated two billion 

people or 30% of the world’s population [2] and it leads to increased morbidity and 

mortality, diminished productivity at work, and impaired neurological growth. [3] 

Children, particularly infants, [4] women of productive age, pregnant women [5], and 

elders, as the risk of anemia in adults over 50 years of age increases with age, are the 

population groups that most vulnerable to anemia. [6] Although iron deficiency is 

globally the most common cause, anemia has multiple causes, such as nutritional 

deficiencies, parasitic infections, acute and chronic inflammation, malaria, [7] genetic 

hemoglobin disorders that affect the synthesis of hemoglobin or the production of red 

blood cells and hemolysis. [1] 

To define anemia, the hemoglobin concentration is the most accepted 

hematological assessment methodology. [8] The detrimental effects on health and 

growth outcomes of anemia are attributed to the effects of reduced supply of oxygen to 

tissues as well as to the underlying causes of anemia. [3] The most prevalent clinical 

manifestations of anemia, including fatigue, dyspnea, tachycardia, and conjunctival and 

palmar pallor, can be explained by the role of hemoglobin in delivering oxygen to the 

tissues. [9] 

Anemia is very common among infants and adolescents especially in developed 

countries [10], and it is associated with negative health and development outcomes, 

including neonatal and perinatal mortality, reduced physical growth, and impaired 

cognitive development. [11] Due to its detrimental effects on infant and child morbidity 

and mortality, especially when it coexists with malnutrition [12], anemia is seen as a 

measure of nutritional and health status in children. [13] The anamnesis and physical 

examination of the patient such as assessment of palmar pallor as the primary evaluation 

tool, are recommended [13] when the laboratory diagnosis of anemia or hematological 

data are unavailable and unaffordable to use especially in developed countries. [15] 
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The ability to measure hemoglobin concentration in anemic patients is necessary 

to make a prompt and accurate diagnosis and to initiate proactive steps to reduce the 

negative effects of anemia. [15] The golden standard for hemoglobin measurement is 

based on analysis on routine hematological tests such as CBC (complete blood count) 

and reticulocyte counts by hematology blood analyzers using a blood sample and this 

hemoglobin measurement technique still in use because of its reliability and 

consistency. [16] However, laboratory hemoglobin concentration measurements are 

relatively time-consuming, painful, due to invasive blood draws, and have a significant 

associated cost which can create an issue to access proper diagnosis and treatment in 

developing countries where anemia is most prevalent. It is therefore important to 

diagnose anemia non-invasively and continuously has a major potential to enhance 

hemoglobin monitoring, improve the diagnosis of acute anemia, and prevent 

complications, expense, and discomfort associated with invasive blood draws. [17] 

There is growing interest and research into non-invasive approaches in the 

evaluation of health parameters. Patients prefer non-invasive diagnostic tests due to 

their accessibility, versatility, portability, and low-cost. Several methods have been 

developed to detect hemoglobin levels non-invasively including point-of-care devices, 

spectrum-based techniques, and smartphone-based approaches, although they are less 

accurate than invasive methods as a clinical purpose, resulting in an unmet need for 

more accurate non-invasive methods. 

 
Classification of Anemia 

 
 

Anemia is divided into three types based on its pathogenesis, red cell 

morphology, and clinical manifestation. Anemia can be classified by identifying acute 

blood loss according to the form of clinical presentation. [?] For clinical approaches, 

classification based on mean corpuscular volume (MCV) which is one of red cell 

morphology parameters, enables for a faster diagnose. Therefore, anemia can be divided 

into three types: microcytic, normocytic, or macrocytic, depending on MCV. On the 

other hand, based on pathogenic mechanisms anemia can be classified as hypo- 

regenerative or regenerative by reticulocytes count. Most automated hematological cell 

counters can provide both parameters on a regular basis. [18] 



INTRODUCTION 3 

3 

 

 

 

After identifying the presence of acute blood loss, isolated anemia should be 

distinguished from pancytopenia which is a condition that occurs when person has low 

counts of all three types of blood cells [19] by checking complete blood count and 

platelets. Patients who have isolated anemia should be evaluated whether it caused by 

decrease in red blood cell production (underproduction) or increase in red blood cell 

destruction (hemolysis), according to their reticulocyte production index. [20] 

Following that, diagnostic criteria can be based on either morphologic or 

pathophysiologic. The calculation of reticulocyte production index (RPI): RPI = 

correcteds reticulocyte count (%) × (haematocrit observed/normal hematocrit): F 

(reticulocyte maturation times in vivo). A reticulocyte production index greater than 2.5 

suggests that hemolysis is likely which proves the bone marrow shows a normal 

regenerative capacity (regenerative anemia). [21] If reticulocyte production index less 

than 2 or 2.5 it indicates that there is a problem in production of anemia which shows 

that the bone marrow does not have regenerative capacity (hypo-regenerative anemia). 

[18] 

Underproduction anemia or hypo-regenerative anemia morphologically, can be 

classified into microcytic (MCV, <80 fL), normocytic (MCV, 80-100 fL), or macrocytic 

(MCV, >100 fL) due to MCV [22] values and it is caused by changes in bone marrow 

progenitor cells. It is important to note that MCV is an average value and therefore does 

not provide details about the homogeneity of the erythrocyte population. [18] 

When dealing with microcytic anemia, the most common diagnoses are iron deficiency 

anemia (IDA), thalassemia, anemia with chronic disorders (ACD), and sideroblastic 

anemia. [23] The most common cause of anemia is iron deficiency. Therefore, it is 

important to determination of the serum ferritin level and the levels of other iron 

metabolism parameters such as serum iron, total transport capacity of iron, and 

transferrin as the initial steps for all patients with microcytic anemia. [24] If the serum 

ferritin level and the other iron metabolism parameters levels are normal it should be 

considered whether the microcytosis is acute or chronic. A diagnosis of thalassemia 

should be considered in patients with chronic microcytosis. The analysis by Hgb 

electrophoresis can gives a diagnosis of thalassemia however, it does not always detect 

the presence of thalassemia. [25] 

The central issue in normocytic anemia is identifying the causes including 

bleeding, nutritional anemia, anemia of renal insufficiency, anemia of chronic disease or 
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primary bone marrow suppression (aplastic anemia, leukemia). Iron, vitamin B12 and 

folate deficiencies are possible causes of nutritional anemia. If nutritional anemia is not 

the case, determining serum creatinine level or bone marrow biopsy can be helpful to 

address the cause easily. [25] 

Macrocytic anemia can be divided into two subgroups due to nucleic acid 

metabolism as megaloblastic or non-megaloblastic. In the absence of drug or alcohol 

use, the most common cause of microcytic anemia is nutritional deficiency. When 

megaloblastic anemia mostly caused by nutritional deficiencies, non-megaloblastic 

anemia can be caused by liver dysfunction, alcoholism, myelodysplastic syndrome 

(MDS), or hypothyroidism. [26] 

Hemolysis is a disorder in which red blood cells breakdown in circulation, 

causing hemolytic anemia. [27] Hemolysis, can be intrinsic (acute) or extrinsic 

(chronic). Hemolysis is classified in a variety of ways including autoimmune hemolytic 

anemia, alloimmune, drug induced, hemoglobinopathy and microangiopathic hemolytic 

anemia. [28] 

 
Laboratory Approaches to Anemia 

 
 

Although, the anamnesis and physical examination can suggest the existence of 

anemia, for current technologic methods, laboratory assessment is necessary for 

accurate diagnosis and treatment. [29] Evaluation of complete blood count (CBC) 

measurements is the gold standard for anemia diagnose. [30] A complete blood count 

includes hemoglobin, hematocrit, and red cell indices which are the mean cell volume 

(MCV], mean cell hemoglobin (MCH), mean concentration of hemoglobin per volume 

of red cells. Additionally, other tests for diagnosis of anemia are done with routine 

complete blood count test such as reticulocyte count and studies of iron status including 

serum iron, total iron binding capacity (TIBC) and serum ferritin. [31] Differential 

leukocyte count (DIFF) is also commonly performed after complete blood count test; 

however, both tests can currently be performed by automated hematology analyzers. 

[32] In some circumstances, a microscopic analysis of a blood smear is required. There 

are three types of blood smear examination including blood smear scan, blood smear 

examination, and blood smear review, all done by a knowledgeable laboratory 

professional. [33] 
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1.1 Non-Invasive Anemia Evaluation Methodologies 

 
Visual inspection of conjunctival pallor, nail beds, lips, tongue, and oral mucosa 

enable clinicians to detect anemia in general. However, further tests are mostly needed 

to confirm the diagnosis as most of these physical examinations may mislead the 

clinicians due to patients having different anatomical characteristics. At this point, 

blood tests through venipuncture comes into play which enables exact diagnosis of 

anemia. Although laboratory testing is currently the gold standard for quantitative 

hemoglobin (Hb) measurement, due to its invasive nature, it possesses several 

disadvantages and risks, including exposure of both the patients and healthcare workers 

to microorganisms that can cause infections through needles, the procedure being 

expensive due to use of machinery, delays in obtaining the results and the procedure 

being painful. All these handicaps resulted in the emerge of quicker, safer, and more 

cost-effective non-invasive methods for diagnosis of anemia. 

 

 
1.1.1 Point of Care Systems 

 

Point of care (POC) tools enable bedside Hb testing are especially useful in 

perioperative supervision and critical care to quickly assess a patient’s Hb levels 

without requiring large sample volumes and expert training. POC tools available at 

home settings may also significantly increase the quality of life of home-bound patients 

and patients that require regular Hb monitoring, such as patients with chronic anemia, 

whose condition may rapidly deteriorate up to the point where they may require blood 

transfusions. To meet the demand for bedside Hb monitoring, the development of POC 

Hb measurement tools is essential, however, the applicability of POC applications is 

limited by constraints such as ease of use, speed, data integrity, reliability, and 

repeatability [34]. Other than semi non-invasive POC methodologies, pulse co- 

oximetry, occlusion spectroscopy, and transcutaneous reflection spectroscopy are 

methods that are used for non-invasive POC technologies. [65] 
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1.1.2 Optical Non-invasive Methods 

 

 

Hemoglobin has optical properties such as absorption, transmission, and 

reflection in varying proportions depending on the wavelength of the photon. Non- 

invasive Hb estimation can also be done by using hemoglobin’s optical characteristics. 

[42] There are several non-invasive optical methods for measuring the amount of Hgb 

and blood oxygenation levels in human tissue including photoplethysmography, 

fluorescence spectroscopy, blood oxygenation monitoring using continuous NIR 

spectrometry, ultraviolet and visible spectroscopies. [43] Hb is present in blood in a 

variety of forms, including Oxyhemoglobin (HbO2), Hemoglobin (Hb), 

Carboxyhemoglobin (HbCO), and Methemoglobin. [44] Oxyhemoglobin and 

hemoglobin are the most common types found in blood and they have different 

absorption characteristics. Hb forms absorb, transmit and scatter the light in wavelength. 

[45] The differences between absorption spectra of Hb and HbO2 led to development of 

optical methods. It is known that measuring the transmission or reflection of light 

through the blood volume can reveal pulsatile changes in blood volume in tissue and 

this technique is called photoplethysmography (PPG). [46] In this method an optical 

sensor system has been developed to measure real time Hb, SpO2 and pulse levels. 

Reflectance spectroscopy measures tissue’s reflectance spectra and has been carried out 

by different studies. However, they present different challenges when monitoring Hb 

signals due to skin tissue absorption. 
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1.1.3 Smartphone Applications / Smartphone-Based Systems 

 
Even though non-invasive nai and optical methods are widely available, their 

accuracy and reliability are still discussed and mostly the cost of the devices are high. 

Moreover, novel non-invasive and smartphone-based solutions have an advantage for 

Hb monitoring in the home setting and telehealth applications, as well for the comfort 

of the patients that may require frequent Hb measurements. 

Smartphone-based solutions also have the advantage of storing the data in the cloud, 

which allows the healthcare provider to have access to chronological data on the 

patient’s disease progression, as well as the ease of the integration of Hb values with 

other relevant medical data. As such, various studies that report novel non-invasive Hb 

quantification methods that use ordinary digital cameras or smartphones have been 

published. 

 

 
1.1.4 Image Analysis Techniques for Detection of Anemia / Computer-Based 

Techniques 

 

It has been known that patient’s anamnesis and physical examination can 

suggest the existence of anemia and subjective measurement of pallor of the 

conjunctiva, nail beds, lips, and palms has commonly been used as a clinical sign. [57] 

Hb levels can be estimated using automated algorithms and they showed a high 

accuracy level. Although the region of interest was manually selected by the algorithms 

and fingers robustness could not be evaluated, using automated algorithms to analyse 

the colour of nail beds from smartphone pictures has been reported as a Hb estimated 

method. [58] 

It has been postulated that, conjunctival color characteristics are linked to Hb 

concentration, and that digital representation of these characteristics is based on relative 

shades of red (R), green (G), and blue (B) [42] for each pixel and this point can be used 

to support the use of a color image processing technique for anemia detection. [61] 
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Chapter 2: THEORETICAL BACKGROUND 

 

 

2.1 Physical Examination in The Diagnosis of Anemia 

 

 
Prior to the development of modern health technology, physical examinations 

have been an important aspect of medical data collection for decades. [66] Even today, 

taking a patient's history and doing a physical examination are critical parts of the 

evaluation process. [67] For over three decades, it has been known that anemia can be 

assessed by examining the skin, nail beds, and conjunctiva. [68] However, the 

clinician's subjective assessment at the diagnosis stage, due to the nature of the physical 

evaluation, may question the accuracy of the result. [69] A possible solution is needed 

to eliminate this problem. 

 

 
2.2 Erythema Index 

 

 
Measurement of skin colour is useful in the assessment of some diseases and the 

degree of oxygenation of blood in the dermis and the existence of the epidermal 

pigment, melanin can determine the colour of healthy skin. [68] 

Erythema is reddening of the skin caused by dilation of superficial blood vessels. In 

phototherapy and photochemotherapy, erythema is used to guide, anticipate, and adjust 

treatment strategies. [66] In the 1920s, Hausser and Vahle were the first to grade the 

degree of ultraviolet radiation-induced erythema. [67] The skin might become inflamed 

as a result of ultraviolet exposure. The erythema component of that response is 

frequently employed to assess the severity of skin damage or phototoxicity. They found 

that the formation of erythema in human skin by ultra-violet radiation is dependent on 

wavelength. [66] 

Skin color can be measured using two methods: spectrophotometric and 

reflectance. [69] Despite our eyes' outstanding capacity to distinguish between colors, 

visual assessment of erythema is imprecise and subjective. For this, full-range, or 

narrow-band reflectance spectrophotometers and tristimulus colorimeters have been 
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used, especially for quantifying the erythema and pigmentation generated by UVR. [5] 

However, these devices were not handy when it comes to assessing smaller section then 

measuring area. After opto-electronic technology, such as CCD (charge coupled device) 

in video cameras, was developed, we were able to acquire photographs in which the 

color was replicated in a natural way. And we could be able to gather information from 

pixels of the images. Physicians performed experiments in the 1930s to validate and 

extend the findings. It has been known that skin reflectance can be used to diagnose 

erythema. 

 

 

 

2.3 Optical Properties of Hemoglobin 

 
Hemoglobin is one of the primary chromophores for visible light in the dermis 

and has optical properties such as absorption, transmission, and reflection in varying 

proportions depending on the wavelength of the photon. [42] Hb is present in blood in a 

variety of forms, including Oxyhemoglobin (HbO2), Hemoglobin (Hb), 

Carboxyhemoglobin (HbCO), and Methemoglobin. [44] Oxyhemoglobin and 

hemoglobin are the most common types found in blood and they have different 

absorption characteristics. Hb forms absorb, transmit and scatter the light in wavelength. 

[45] The differences between absorption spectra of oxyhemoglobin and hemoglobin led 

to development of optical hemoglobin estimation methods. In the spectral range 520- 

580 nm, oxyhaemoglobin shows high absorption of green light. Absorption in the red 

part of the visible spectrum decreases rapidly as wavelength increases, so absorption in 

the red part of the visible spectrum is low. [66] By comparing the amount of reflected 

red and green light, an index can be generated that is based primarily on the superficial 

dermis' blood content and this index is called erythema index. 

 

 
2.4 Principles of Reflectance Spectroscopy 

 
The absorption and scattering processes alter the light absorbed by tissue. 

Although the light that is scattered in the tissue affects all wavelengths that are 

determined by the probed sample, the light that is absorbed in the body at specific 
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wavelengths that are determined by the biochemical composition of the probed tissue. 

These two differences between absorption and scattering, enable us to evaluate the 

health of tissues. While the scattering of light provides the structural knowledge of the 

tissue, with analyzing the wavelength of reflected light tissue absorption information 

can be achieved. 

The Beer-Lambert law of exponential attenuation with photon path length is 

used to describe tissue absorption. Like we mentioned before, hemoglobin is the most 

common tissue absorber and has different absorption spectrum among its forms. The 

degree to which each type of hemoglobin is absorbed provides information about their 

relative concentrations, as well as indirect information about tissue vascularity and 

metabolic status. This is the underlying principle of optical pulse oximeters, which use a 

simplified version of reflectance spectroscopy. [67] 

 

 

 

2.5 Principle of operation of the early hemoglobin measurement systems 

 
The technique of calculating the amount of green light re-emitted from the skin 

in vivo to measure erythema has been done before 1960s. [68] However, due to 

limitations in technology these methods were not efficient enough to use in clinic. In 

80s researchers have used this technique to develop commercially available instruments. 

In 1980, J B Dawson et al developed a method to link the spectrum of light reflected 

from skin to the light absorbing from the skin. [69] For this they derivate a formula by 

making three assumptions including the optical properties of skin; Skin is composed of 

multiple layers, each transmits and scatters light similarly, formula which originally 

developed to explain diffuse reflectance of powders can be used describe the 

transmission and scattering of light by each layer and the light transmittance or 

reflectance of the system is unaffected by the interface between layers. The hemoglobin 

that found in the blood vessels of the upper dermis, is the main cutaneous chromophore 

of green light and reflectance spectrophotometry takes advantage of this fact. Their 

mathematical method is focused on reflectance spectroscopy's standard treatment. [70] 

And they demonstrated that cutaneous hemoglobin indices could be measured using 

measurements of light reflectance through skin at various wavelengths. 
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2.6 Derivation of the formula 

 
The erythema index is calculated using Lambert-Beer’s law and a multilayered 

skin model. 

T represents the fraction of light incident on the surface that is transmitted by the 

layer 𝑇 =  4𝑏(1 + 𝛽)2 exp(𝐾𝑑) − (1 − 𝛽)2 exp(−𝐾𝑑) 

( 0.1 ) 

And R is the fraction of incident light that is diffusely reflected 

 𝑅 = (1 − 𝛽)2[exp(𝐾𝑑) − exp(−𝐾𝑑)](1 + 𝛽)2 exp(𝐾𝑑) − (1 − 𝛽)2exp (−𝐾𝑑) 

( 0.2) 

 𝛽 = [𝑘/(𝑘 + 2𝑠)]1/2 𝑎𝑛𝑑 𝐾 = [𝑘 + (𝑘 + 2𝑠)]1/2 

( 0.3 ) 

  k represents the fraction of light absorbed per unit path length in the layer, s 

represents the fraction of light scattered per unit path length in the layer, and d 

represents the layer thickness. 

  There are two limiting conditions: 

k >> s  T → exp(-Kd), R → 0 

k << s  T = 1/(1+sd),  R = sd/(1+sd)  

( 0.4 ) 

  The transmittance of a layer obeys the Beer-Lambert law of radiation 

absorption in the first case, when scattering within a layer is extremely small; in the 

second case, if sd >> 1, then T → 0 and R → 1 and this corresponds to a completely 

diffuse reflecting layer. 

  When applying this model to the LIR spectrum of skin, the first condition will 

be assumed to apply to the fibrous protein, melanin, and hemoglobin layers, and the 

second condition will be assumed to apply to the lowest (collagen/fat) layer. The 
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validity of this postulate was verified by subsequent experimental measurements. Where 

I0 is the light intensity returning from a white diffuse reflector. 𝐼 = 𝐼0(𝑅1 + 𝑇12𝑅2 + 𝑇12𝑇22𝑅3 + 𝑇12𝑇22𝑇32𝑅4] 
( 0.5 ) 

  Reflectance spectrophotometry was used to analyze increasing thicknesses of 

connective tissue, and it was discovered that thicker layers of connective tissue reflected 

more strongly in the red region of the spectrum than thin layers. [5] 

  By assuming R1, R2, and R3 << 1 in vivo, the proposed theoretical model can be 

extended to non-pigmented skin, and the reflectance (R) of the skin approximates: 𝑅 = 𝐼𝐼0 =  𝑇12𝑇22𝑇32𝑅4 

log (1𝑅) = 𝐿 

𝐿 = log (𝐼𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦 𝑜𝑓 𝑙𝑖𝑔ℎ𝑡 𝑟𝑒𝑓𝑙𝑒𝑐𝑡𝑒𝑑 𝑓𝑟𝑜𝑚 𝑤ℎ𝑖𝑡𝑒 𝑠𝑢𝑟𝑓𝑎𝑐𝑒, 𝐼0𝐼𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦 𝑜𝑓 𝑙𝑖𝑔ℎ𝑡 𝑟𝑒𝑓𝑙𝑒𝑐𝑡𝑒𝑑 𝑓𝑟𝑜𝑚 𝑡𝑒𝑠𝑡 𝑠𝑢𝑟𝑓𝑎𝑐𝑒, 𝐼 ) 

( 0.6 ) 

  The following function demonstrates that by comparing the sum of reflected red 

and green light, an index can be calculated that is primarily dependent on the blood 

content of the superficial dermis:  𝐸𝑟𝑦𝑡ℎ𝑒𝑚𝑎 𝑖𝑛𝑑𝑒𝑥 = 𝑙𝑜𝑔10( 𝐼𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦 𝑜𝑓 𝑟𝑒𝑑 𝑐𝑜𝑚𝑝𝑜𝑛𝑒𝑛𝑡 𝑜𝑓 𝑟𝑒𝑓𝑙𝑒𝑐𝑡𝑒𝑑 𝑙𝑖𝑔ℎ𝑡𝐼𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦 𝑜𝑓 𝑔𝑟𝑒𝑒𝑛 𝑐𝑜𝑚𝑝𝑜𝑛𝑒𝑛𝑡 𝑜𝑓 𝑟𝑒𝑓𝑙𝑒𝑐𝑡𝑒𝑑 𝑙𝑖𝑔ℎ𝑡) 𝑅𝑔 ≅ 𝑟 + (1 − 𝑟)(𝑅𝑐 + 𝑇𝑒2𝑅𝑑 + 𝑇𝑒2𝑇𝑑2𝑅𝑠) 

( 0.7 ) 

 

  Where Rg is the reflectance of green light from skin, Re and Te are diffuse 

reflectance and transmittance of the epidermis, Rd and Td are diffuse reflectance and 

transmittance of the dermis, and Rs is the are diffuse reflectance of the subcutaneous fat.  

By assuming r << 1, Re << 1 and Rd << 1 in the case of photons with wavelengths 

spanning the visible spectrum: 𝑅𝑔 ≅ 𝑇𝑒2𝑇𝑑2𝑅𝑠 𝑇𝑑 = 10−𝐴/2 

( 0.8 ) 
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  Where A is a parameter that describes the blood absorbance in the subpapillary 

vascular plexus. We can obtain: log ( 1𝑅𝑔) =  − log(𝑇𝑒2) + 𝐴𝑔 − log (𝑅𝑠) 

( 0.9 ) 

  Where Rr is the reflectance of red light measured at the same time we can 

obtain: log ( 1𝑅𝑟) =  − log(𝑇𝑒2) + 𝐴𝑟 − log (𝑅𝑠) 

( 0.10 ) 

  We can calculate an erythema index by subtracting the logarithm of the inverse 

reflectance of red light from that of green light, which reduces the effect of epidermal 

melanin and light reflection from the tissue layer beneath the superficial plexus: 𝐸𝑟𝑦𝑡ℎ𝑒𝑚𝑎 𝐼𝑛𝑑𝑒𝑥 = log ( 1𝑅𝑔) − log ( 1𝑅𝑟) = log (𝑅𝑟 𝑅𝑔 ) = log(𝑅𝑟) − log (𝑅𝑔) 

( 0.11 ) 

  Since R = W / S, where W is white standard and S indicates the brightness of 

the skin: 𝐸𝐼 = log (𝑊𝑔𝑟𝑒𝑒𝑛𝑆𝑔𝑟𝑒𝑒𝑛)) − log (𝑊𝑟𝑒𝑑𝑆𝑟𝑒𝑑 ) 

( 0.12 ) 

  In white standard Wgreen and Wred is almost equal, therefore we can assume that: 𝐸𝐼 = log 𝑆𝑟𝑒𝑑 − 𝑙𝑜𝑔𝑆𝑔𝑟𝑒𝑒𝑛 

( 0.13 ) 
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Chapter 3: IMAGEJ OPERATING PARAMETERS 

 

 
3.1 Basics of Image J and pre-processing of images 

 
Image J is Java-based open-source public domain image processing and 

analyzing software. [71] Image J presents an interface that consists only of a menu bar 

that shows commands and toolbars. While commands in the menu bar are organized in 

different menus which consist of File, Edit, Image, Process, Analyze, Plugins, Window 

and Help, the toolbar enables selection, drawings and zooming etc. with different tools. 

Image J enables users to work on 8-bit, 16-bit and 32-bit images and different image 

formats. Figure 3:1 shows an example of Image J interface with additional window for 

the image. Colored images from patients in JPEG format can be displayed on the screen. 

 

Images that are taken from the patients by smartphone camera are 32-bit, RGB 

images with JPEG (Joint Photographic Experts Group] format. Hence, these images can 

be split into 8-bit grayscale images which are red, green and blue elements of the 

original-colored images. 

 

As it has been mentioned in Chapter 2, to calculate the EI, the logarithmic value 

of green should be subtracted from the logarithmic value of red. Based on this 

information, Split Channels command from Color submenu is used to create three 8-bit 

grayscale images which are the red, green, and blue components of the RGB image. As 

shown in Figure 3:2, to split images into red, green, and blue channels the processing 

step is Image -> Color -> Split Channels. Figure 3:3 demonstrates the result for the 

channel splitting process. 
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Figure 3.1 Image J interface 
 

 
 

Figure 3.2 Image J Split Channels Result 
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From the formula of EI, it has been known that logarithmic values of red and green 

images should be taken before subtracting them from each other. As shown in the 

Figure 3:3, Process -> Math -> Log is the step for applying logarithm function into 

images. 8-bit red and green images have been changed due to use of function f(p) = 

ln(p) × 255 ⁄ ln (255) to each pixel (p). Figure 3:4 represents the results of logarithmic 

transformation on the images. 

 
 

Figure 3.3 Applying logarithm function into images 
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Figure 3.4 Results of logarithmic transformation on the images 

 

 
After obtaining the results from logarithm command, according to the erythema 

index formula, the logarithmic result of the green image should be subtracted from the 

logarithmic result of the red image. As shown in the Figure 3:5, Process -> Image 

Calculator command creates a new window called Image Calculator and this section 

enables users to perform arithmetic and logical operations between two images. Figure 

3:6 and Figure 3:7 display the Image Calculator window. To calculate the EI, Image1 

should be chosen as the logarithmic result of the red image and Image2 should be 

chosen as the logarithmic result of the green image. As it mentioned before, the 

operation should be Subtract, due to the EI formula. Create New Window option should 

be checked to create a new image to hold the result. 
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Figure 3.5 Image Calculator process 
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Figure 3.6 Image Calculator window 
 

 
Figure 3.7 Images that will be subtracted from each other 

 

 

 
Figure 3:8 shows the result of this image operation. Before necessary brightness 

adjustment, the image displays nearly as a black image. As shown in the Figure 3:9, 

Image -> Adjust -> Brightness/Contrast step allows to alter the brightness and contrast 

of the image with the B&C window which is displayed in Figure 3:10. For 8-bit images, 
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without modifying the pixel values, brightness and contrast of the image can be 

changed. The image's histogram is superimposed on a line graph at the top of the 

window that displays how pixel values are converted to 8-bit (0--255) display values. 

Based on an assessment of the image's histogram, Image J can also automatically adjust 

brightness and contrast. The image is optimized by allowing pixels to become saturated. 

The number of saturated pixels and hence the amount of optimization increases with 

each click on Auto. ImageJ shows pictures by linearly translating pixel values in the 

display range to values in the 0-255 range. Pixels that have less value than the minimum 

appear black, while those have more value than the maximum appear white. As the 

image appears almost black before the adjustment, the histogram plot shows pixel 

values around the point zero. With the Apply button, adjusted display range mapping 

function will be applied to the pixel data. Figure 3:11 and Figure 3:12 shows different 

brightness and contrast windows. While Figure 3:11 shows the histogram graph before 

clicking onto the Apply button, Figure 3:12 shows the applied version. The difference 

between both images emphasizes the alteration in the display range. Figure 3:13 

represents the result of brightness and contrast adjustment. 
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Figure 3.8 Result of Image Calculator command 
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Figure 3.9 Steps of Brightness/Contrast adjustment 
 

Figure 3.10 Brightness and Contrast window 
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Figure 3.11 Brightness and Contrast window shows the histogram graph 

before clicking onto the Apply button 
 

Figure 3.12 Brightness and Contrast window shows the histogram graph 

after clicking onto the Apply button 
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Figure 3.13 Result of Brightness and Contrast adjustment 



ERYTHEMA INDEX ANALYSIS 25 

25 

 

 

 

Chapter 4: ERYTHEMA INDEX ANALYSIS 

 

 
In this chapter, development of image analysis methodology to quantify the 

degree of erythema index is described. In this study, different regions of interest (ROI) 

have been applied to different body regions of interest to estimate the correlation 

between calculated erythema index and CBC hemoglobin value. 

 

 
4.1 Region of interest (ROI) selection with ImageJ 

 
After finishing the pre-processing part of the analyzing images that are taken 

from the patients with filter and mask procedures based on RGB color values in the 

pattern, to obtain an EI value it is necessary to define which subset of the images will be 

evaluated. Therefore, samples within the images should be selected as regions of 

interest (ROIs) for enhancing the precision level. 

Main window of Image J contains a toolbar section to make different selections 

on the images. Figure 4:1 shows Image J tools in the toolbar. ImageJ has various tool 

selections to enable users to highlight different parts of the images to define specific 

regions of interest for every image. 

To work on different ROIs, Image J enables users to manage multiple selections 

with the ROI (Region of Interest) Manager tool. While Figure 4:2 shows the step of 

Analyze -> Tool -> ROI Manager, Figure 4:3 displays the ROI Manager window. With 

clicking the Add button, the current selection will be added to the list. Users can update, 

delete, rename, measure, and make more different operations on the selected ROI. To 

use the Measure command, users should specify the measuring parameters from 

Analyze -> Set Measurements step in Figure 4:4 and Figure 4:5. In this study Mean 

gray value is chosen as a measurement parameter. 
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Figure 4.1 Image J Toolbar 
 

Figure 4.2 ROI Manager step 
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Figure 4.3 ROI Manager window 
 

Figure 4.4 Set Measurements step 
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Figure 4.5 Set Measurements window 

 

 

 

4.2 Determining the region of interests (ROIs) 

 
In this study, Rectangular Selection Tool and Freehand Selection Tool are used 

to manually select different regions of interest to eliminate the limitation of automated 

region of interest selection. 

As shown in Figure 4:6, two different ROIs are selected from each image with 

Rectangular Selection Tool. According to ROIs dimensions, the one with smaller 

dimensions is labeled as small and the other one which has bigger dimensions is labeled 

as big. To ensure the same selection of the ROI for different images, ROIs that are 

labeled as “small” and “big”, are standardized by fixing their dimensions to 400x400 

pixels and 1000x1000 pixels respectively with Edit -> Selection -> Specify step. To 

validate the large dataset and eliminate the variation of images, the same type of ROIs 

which have the same dimensions were placed in every image manually. While Figure 

4:7 shows the Specify command, Figure 4:8 and Figure 4:9 shows the adjustment of 

dimensions of small and big ROIs respectively. 
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Palm region images that are taken from the patients have similar features due to 

the structure of the palm. However, each palm has its own unique crease shapes and 

distribution. 

 
 

Figure 4.6 Selection of two ROIs 
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Figure 4.7 Specify command 
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Figure 4.8 The adjustment of dimensions of small ROI 
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Figure 4.9 The adjustment of dimensions of big ROI 

 

 

 

4.3 Finding the Erythema Index value using Image J 

 
Color characteristics of an image is the result of relative shades of red, green, 

and blue for each pixel. Therefore, average RGB pixel intensity data from ROIs led to 

estimate the level of Hgb. As described in Chapter 3, the red, green, and blue (RGB) 

pixels were separated for each image using the Image -> Color -> Split Channels 

command. Thus, the final image that is obtained from the analyzing process is the 

difference between the Log Red and Log Green images are gray-scale images. 

Therefore, it is hypothesized that the gray value of each pixel within the region of 
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interest has the same correlation with color intensity and thus with erythema index 

value. 

In Figure 4:11, the final image that is obtained at the end of the pre-processing 

step is demonstrated with different ROIs that are placed inside the image. Figure 4:12, 

shows Analyze -> Histogram command which displays the histogram of the distribution 

of gray values in the selected ROI and Figure 4:13, shows Analyze -> Plot Profile 

command that displays the two-dimensional graph of the intensities of pixels of the 

selected ROI. 

Every selected ROI has its own histogram and graph. Figure 4:14 and Figure 

4:15 respectively show big and small ROIs histograms and plot profiles where Figure 

4:16 shows the histogram of line ROI. 
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Figure 4.10 Histogram command 
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Figure 4.11 Plot profile command 
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Figure 4.12 Plot profile of Big ROI 
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Figure 4.13 Plot profile of Small ROI 
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Chapter 5: METHODOLGY 
 

 

 
 

5.1 Study Design 

 
This study was designed to be conducted in two phases prior to the COVID-19 

pandemic. First phase is planned to be the collection of data which includes taking high- 

resolution images via smartphone attachments and obtaining complete blood count 

(CBC) results of the experimental groups. And, the second phase is planned as a data 

analysis phase including the design, development of image processing and deep learning 

algorithms. However, during the course of this study, the severe acute respiratory 

syndrome coronavirus 2 (SARS-CoV-2) that causes the new coronavirus illness 

(COVID-19) appeared and was later identified in the beginning of 2020. [72] All 

research activities unrelated to COVID-19 including ours, were suspended as a direct 

result of the lockdown procedures and the closure of the university research centers 

including Koc University. The study had to be delayed because of this circumstance. 

Consequently, the study was conducted in four phases. 

In the first phase, a limited number of subjects could be recruited to the study 

due to hospital restrictions. Digital colored images of the palm and finger areas were 

taken via smartphone camera attachment from subjects. After the covid-19 restrictions 

started again, the lockdown measures forced us to stay at home and enrolment into new 

studies also suspended. During this second phase, images of the small study group that 

were conducted in Koc University Hospital were analyzed and the image processing 

method was developed. 

All procedures were reviewed and approved by the Institutional Review Board 

(IRB), Koc University (#2019. 189.IRB2.051, named “Anemi Ayırıcı Tanısında ve 

Takibinde Derin Öğrenme ve Görüntü İşlemeye Dayalı Taşınabilir Non-invaziv 

Yönteminin Geliştirilmesi”). 

In the third phase after the restrictions were eased, more subjects were able to 

recruit in the study and in the final phase all collected data from phase one and phase 

third were analyzed. 
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5.2 Collection of the Data 

 
A feasibility study was conducted for a group of patients who were admitted to 

Koc University Hospital, Hematology clinics and Lokman Hekim University 

Hematology and Internal Diseases clinics with the symptoms of anemia and also for the 

control group. Both subjects who entered the inpatient and outpatient hospitalization, 

and healthy subjects who scheduled to have their complete blood count (CBC) 

parameters measured with hematology blood analyzers as part of their clinical care were 

recruited to this study (n=201). Blood samples were taken using a venous blood draw, 

which is the hospital's usual procedure, and then their CBC parameter levels were 

examined using a clinical hematology analyzer. Prior to participating in this study, 

verbal and written consent were obtained from subjects in accordance with the Koc 

University Institutional Review Board (IRB) (#2019. 189.IRB2.05) and the Lokman 

Hekim University regulations. 

Subjects whose condition requires inpatient hospitalization mostly already 

underwent blood sample collection. In this case the copy of their analyzed CBC results 

within 7 days were collected and the high-resolution images were taken of those 

patients’ palm and finger areas via smartphone camera. Otherwise, their images were 

taken after the patients’ blood samples were collected for the CBC analysis. 

The images of anemia in- and outpatients were taken with an Apple iPhone 7 (Apple 

Inc., California, USA) using the image settings at its defaults. All images also were 

taken at a fixed distance and with the same illumination via smartphone dermatoscope 

attachments for the patients’ palm and finger region. 

The dermoscopic examinations in the palm area were performed with a 

polarized / non-polarized-light handheld dermatoscope (DermLite DL4; 3Gen, San Juan 

Capistrano, CA, USA) and also iPhone 7 connection kits. 

To prevent data loss in the high-resolution quality, images were not transferred through 

e-mail or message platform programs in the mobile phone, instead they were transferred 

from the smartphone used in this study to the rented iCloud (Apple Inc., California, 

USA) platform and then a computer to be analyzed. 

In order to insert a dermatoscope in the crease region and obtain high quality 

photos without causing blurring, subjects were encouraged to expand their crease area 

rather than open their hands excessively, which might cause alterations in blood flow. 
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As the attached dermatoscope has its own non-standardized ambient lighting, image 

qualities were not influenced by variable light conditions that affect the diagnosis 

outcomes. The glass plate of the dermatoscope lens was placed on the area of the 

patient's fingers and palm. 

CBC parameters of patients’ other than Hgb including hematocrit (HCT), red 

blood cell count (RBC), mean cell volume (MCV) and red blood cell distribution width 

(RDW) are also analyzed and conducted via same clinical hematology analyzer 

(Sysmex, Sysmex Corporation, Kobe, Japan). 

 

 
5.3 Determination of a body region of interest 

 
As it has been mentioned in the Introduction chapter, physical examination of 

pallor in conjunctiva, palmar creases, fingers and nail beds is used in diagnosis of 

anemia due to their lack of containing melanocytes. Therefore, in these regions, the 

production of melanin is suppressed and Hgb is the main factor influencing the skin 

tone. [57] Whereas fluctuation of Hgb levels cause the changing in skin tone. Many 

studies have focused on this assumption to evaluate the alterations in skin tone to 

estimating Hgb levels, like discussed in the literature review. 

The study's original aim was to examine the interior of the hand, including the 

fingers and palm. Therefore, both palm and fingers were designated as the area to focus 

on, and images were taken accordingly. 

Figure 5:1 shows the colored image of the subject's finger and Figure 5:2 shows 

colored image of the same subject's palm region. Both images were used for image 

analysis. 
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Figure 5.1 Colored image of the subject's finger 
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Figure 5.2 Colored image of the same subject's palm region 
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High resolution images were taken with the macro-lens as smartphone-based 

skin screening attachment that made it possible to capture images of palm and finger 

regions (DermLite DL4; 3Gen, San Juan Capistrano, CA, USA) very close up, allowing 

us to see tiny details. 

In Figure 5:3 the hand image that was taken from distance demonstrates the 

different regions that were aimed to analyze for the determination of the body region of 

interest. However, during the course of phase one, the limitation of the finger crease 

area as an image site was addressed. In addition, our analysis in the phase two proved 

that there were no correlations between the erythema index value of finger crease 

images and the CBC hemoglobin levels. 

 

Figure 5.3 Determination of the body region of interest 
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5.4 Using Smartphone Attachment 

 
In this study, smartphone-based skin screening attachment (Figure 5:4) was used 

(DermLite DL4; 3Gen, San Juan Capistrano, CA, USA) to obtain high resolution 

images with the macro-lens. As the attached dermatoscope has its own non-standardized 

ambient lighting, photos are prevented from being affected by external light sources. 

Skin screening attachment also ensures consistent background lighting conditions. In 

order to see details from the epidermis and top layers of the dermis, surface reflections 

can be removed with the dermatoscope. With the help of connection kits, (Figure 5:5) a 

dermatoscope was attached to the smartphone (Figure 5:6). The quality of images was 

standardized with help of the handle that minimizes the error of the user. 

 

 

 

 

 

 
 

 

 

 

 

Figure 5.4 Smartphone-based skin screening attachment 
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Figure 5.5 Connection Kits 
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Figure 5.6 Smartphone with dermatoscope attachment 
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Chapter 6: EXPERIMENTAL SETUP 

 

This study was originally planned to be carried out only at Koc University 

Hospital, Koc University School of Medicine, Istanbul, Turkey. However, during the 

course of this study, the COVID-19 pandemic has emerged. [77] All research activities 

unrelated to COVID-19 including ours, were suspended as a direct result of the 

lockdown procedures and the closure of the university research centers including Koc 

University. Due to the risk of spreading COVID-19, hospital admissions were 

prohibited. This situation caused the study to be postponed for a while. Even after the 

partial lifting of restrictions, It was particularly challenging to recruit participants for the 

study. After being able to enter the hospital, in the first 6 months of the clinical 

assessment phase of this study, patients who were admitted to Koc University Hospital, 

Hematology clinic were recruited to participate in this project. However, due to the 

emergence of the Covid-19 pandemic, hospitals had restricted the number of patients 

admitted and the intended number of patients was not reached in the stipulated time 

when the study was planned. While the pandemic restrictions were still going on, 

certain hospitals were approached to find out which hospital had the largest patient 

volume in order to reach the required number of patients. After obtaining the necessary 

authorizations from both Koc University School of Medicine and Lokman Hekim 

University School of Medicine, the study was continued at Lokman Hekim University 

Hospital, Lokman Hekim University School of Medicine, Ankara, Turkey to expand the 

patient population. 

The experimental setup (Figure 6:1) consists of a dermatoscope (DermLite DL4; 

3Gen, San Juan Capistrano, CA, USA), connection kit (3Gen, San Juan Capistrano, CA, 

USA) and smartphone (Apple iPhone; Apple Inc., California, USA). Connection kit 

works as a phone case and is easily put on the phone. With the built-in magnet, the 

connection kit attaches to the dermatoscope. This setup allows taking images from the 

palm. (Figure 6:2) and enables microscopic visualization of the palmar crease. (Figure 

6:3) 
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Figure 6.1 Experimental Setup 
 

 
Figure 6.2 Illustration of experimental setup 
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Figure 6.3 Illustration of a microscopic visualization of the palmar crease 

 

 

 

6.1 Image Analysis 

 
As it was mentioned in the Chapter 5, images were transferred from the 

smartphone used in this study to the cloud platform which is iCloud (Apple Inc., 

California, USA) and then to a computer to be analyzed in order to prevent data loss in 

the high-resolution quality. (Figure 6:4) 

All images were 32-bit, RGB images with JPEG (Joint Photographic Experts 

Group) format. First assessment was manually evaluating images to ensure data 

validation. In this process, the quality of every image was evaluated manually by 

different experimentalists to eliminate observational error. Additionally, all 201 patients 

had their palmar crease color evaluated by a doctor who was unaware of their Hgb 

levels from their images. Images of each study participant were sequentially evaluated 

by an observer who was unaware of the diagnosis, physical findings, and laboratory 

results. The qualification list mainly contained the amount of blur in the images, light 

reflection, discoloration of fingers and palms, focusing errors and subjects’ 

specifications like loss of a hand or progressive loss of motor control. Total 113 
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participants were excluded from the study due to not being able to satisfy the necessities 

from the qualification list. 

Images were analyzed with ImageJ free software (Rasband, W.S., ImageJ, U. S. 

National Institutes of Health, Bethesda, Maryland, USA). Figure 6:4 illustrates the 

image transfer from smartphone to ImageJ software. Images were split into red, green, 

and blue components. Logarithm functions were applied to the red and green images to 

transform them into logarithmic red and green images. Logarithmic green images were 

subtracted from the logarithmic red images to obtain the difference between logarithmic 

red and green images. After image processing methods based on brightness and contrast 

adjustment and RGB color pattern were applied to images to calculate the EI parameter 

for the palm and finger areas, the region of interests (ROIs) from every selected image 

were manually chosen. The pixels inside the selected region of interest were used for 

analysis. Each operation was performed multiple times as the original images were split. 

Every mean value of each image was recorded. By comparing the results to known 

hemoglobin values and repeating the calculation after modifying the constants, an 

iterative method was used to develop the formula using the pixel values from the images 

and standard and constant values. The obtained formula then applied to every measured 

mean value. The estimated erythema index value was then compared to CBC measured 

hemoglobin results. 

 
 

Figure 6.4 Schematic description of the image transfer 
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Chapter 7: RESULTS AND DISCUSSION 

 

 
7.1 Distribution of Study Population 

 
7.1.1 Distribution of Study Population by Gender and Age 

 
During the course of the project, as shown in Figure 7:1, n=68 subjects 

participated in this study at Koc University Hospital and n=133 patients participated in 

this study at Lokman Hekim University Hospital. Which results in a total of n=201 

participants. Participants were admitted to both hospitals with the symptoms of anemia 

and also for the control group. As shown in Figure 7:2, 30 female subjects and 38 male 

subjects were enrolled in this study at Koc University Hospital, where 96 female 

subjects and 37 male subjects were enrolled in this study at Lokman Hekim University 

Hospital. Total of 126 female subjects and 75 male subjects were enrolled in this study. 

(Figure 7:3) 

 
 

Figure 7.1 Gender of subjects in each hospitals 
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Figure 7.2 Number of subjects in each hospitals 

 

 
Ages of the subjects ranged from 15 to 93. The study population's ages were 

divided into groups of 15–29, 30-39, 40–49, 50–59, 60–69, 70–79, and ≥80 years. As 

shown in Figure 7:4, there are 45 subjects between the ages of 15-29, 21 subjects 

between the ages of 30-39, 26 subjects between the ages of 40-49, 33 subjects between 

the ages of 50-59, 38 subjects between the ages of 60-69, 24 subjects between the ages 

of 70-79, and 14 patients over the age of 80. 

 
 

Figure 7.3 Ages of the participants 
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7.1.2 Distribution of Study Population by Hgb Level 

 
Subjects participating in this study had hemoglobin levels ranging from 6.1 to 

18.9. This allowed the inclusion of different HGB values seen in the general population. 

(Figure 7:4) 

 

 

 

Figure 7.4 Hemoglobin level distribution of study population 

 

 
 

As seen in Table 7.1, according to the standards established by the World Health 

Organization (WHO), anemia is divided into categories of normal, mild, moderate, and 

severe. 

When the hemoglobin values of the subjects are examined with this reference, 

11.9% of the subjects were severe, 36.8% of the subjects were moderate, 10.9% of the 

subjects were mild and 40.3% of the subjects were non-anemic. The pie chart in Figure 

7:5 was made to represent these statistics visually. 
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Table 7.1 Classification of Anemia According to the World Health Organization 

(WHO) [1] 

Hemoglobin Level (g/dL) 

   Anemia  

Gender Non-anemia Mild Moderate Severe 

Women 

(non-pregnant and ≥ 15 years old) 

≥ 12 11 – 11.9 8 – 10.9 < 8 

Men 

(≥ 15 years old) 

≥ 13 11 – 12.9 8 – 10.9 < 8 

 

 

 

 
 

 
Figure 7.5 Percentage of cases in the study population 

 

 

 
7.1.3 Distribution of Study Population by other CBC parameters 

 
Subjects participating in this study had mean corpuscular volume (MCV) levels 

ranging from 56.4 to 132.8. (Figure 7:6) 
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Figure 7.6 MCV level distribution of study population 

Subjects participating in this study had red cell distribution width (RDW) levels 

ranging from 9.5 to 24.7. (Figure 7:7) 
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Figure 7.7 RDW level distribution of study population 

 

 
Subjects participating in this study had hematocrit (HCT) levels ranging from 17 

to 54.5. (Figure 7:8) 
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Figure 7.8 HCT level distribution of study population 

 

 
Subjects participating in this study had red blood cell count (RBC) levels 

ranging from 1.95 to 9.92. (Figure 7:9) 
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Figure 7.9 RBC level distribution of study population 

 

 

 

7.2 Data Selection 

 
7.2.1 Selection of patients to be included in the study 

 
As it mentioned in the Chapter 5, all images that are taken from the subjects 

were evaluated manually as a pre-processing phase in order to eliminate the subjective 

and operational errors during data collection. A physician who was uninformed about 

the patients' Hgb levels assessed the color of the palmar creases in all 201 patients. The 

study excluded participants with pigmentation problems like vitiligo, albinism, contact 

dermatitis of the hands, and scarring of the palms. In one case, the patient's one hand 

was amputated after the images were taken and this subject was excluded from the 

study. Some pictures were shifted or repositioned as a result of the photographer's error 

to eliminate this; it was intended to exclude all images with low quality and low 

resolution. Since all the photos were taken in the hospital during the most restrictive 

Covid precautions, it was not possible to shoot palm images of the same patient again. 
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This resulted in excluding the patient if their palm images did not meet the required 

criteria. 

Distribution of Selected Study Population by Hgb Level 

 
Following all the data exclusion process, a total of 89 subjects’ palm images and 

CBC blood Hgb levels were analyzed in this study and selected subjects also had 

hemoglobin levels ranging from 7.1 to 18.9. (Figure 7:10) 

 

 

 
Figure 7.10 Hemoglobin level distribution of selected subjects' population 

 

 
Selected subjects participating in this study had also hematocrit (HCT) levels 

ranging from 17 to 54.5. (Figure 7:11) 
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Distribution of Selected Study Population by other CBC parameters 
 

 

 

 

Figure 7.11 HCT level distribution of selected subjects' population 

 

 
Selected subjects participating in this study had mean corpuscular volume 

(MCV) levels ranging from 60.2 to 105.2. (Figure 7:12) 
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Figure 7.12 MCV level distribution of selected subjects' population 

 

 
Selected subjects participating in this study had red cell distribution width 

(RDW) levels ranging from 9.5 to 23.2. (Figure 7:13) 
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Figure 7.13 RDW level distribution of selected subjects' population 

 

 
Selected subjects participating in this study had red blood cell count (RBC) 

levels ranging from 2.03 to 9.92. (Figure 7:14) 
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Figure 7.14 RBC level distribution of selected subjects' population 

 

 
When the hemoglobin values of the subjects are examined with the reference 

from Table x, 16.9% of the subjects were severe, 44.9% of the subjects were moderate, 

7.9% of the subjects were mild and 30.3% of the subjects were non-anemic. The pie 

chart in Figure 7:15 was made to represent these statistics visually. 
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Figure 7.15 Percentage of cases in the selected subjects' population 

 

 

 

 
7.2.2 Selection of the body region of interest 

 
In the beginning, the study was designed to analyze the inside of the hand 

including fingers and palm. Using palm and fingers as a region of interest is an 

inexpensive and simple technique especially for developing and in other less developed 

countries. Other anatomical sites to diagnose anemia include conjunctiva, tongue, and 

nail bed. [73] In the presence of other diseases that make it difficult to examine 

conjunctiva, tongue, and nail bed regions, palm and fingers can be used to detect severe 

anemia. Although, our preliminary data collection phase indicated that including finger 

images in the study was not feasible due to the fact that each subject had different finger 

patterns. Some patients, especially those who were elderly, found it difficult to extend 

their fingers to make the finger creases visible so that a smartphone dermatoscope 

attachment could capture images of the area. Figure 7:16 is a picture of a 75-year-old 

subject’s finger crease which is an anatomical site called proximal digital. (Figure 7:17) 

[74] It was particularly challenging to expand this site for elderly and bariatric subjects. 

As it can be seen from Figure 7:16, due to this problem, it was difficult to obtain high 

quality less blur images of finger creases. 
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Figure 7.16  Finger crease image of a 75-year-old subject’s 
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Figure 7.17 Anatomical drawings of the finger and palm creases 

 

 
Therefore, the palm region is selected as the region of interest and the different 

parts of the palm from distal palmar, proximal palmar transverse, and thenar (Figure 

7:17) of each subject are taken as an image to analyze the color distribution of the 

palmar creases. Figure 7:18 is a palmar crease image of a subject with 6.1 Hgb value. 

Color differences between crease and skin are clearly visible. 
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Figure 7.18 Palmar crease image of a subject with 6.1 Hgb value 

 

 

 
7.2.3 Selection of the Region of Interest 

 
One of the biggest challenges of choosing palmar crease as a region of interest is 

changeability and variability. Each person has different palmar crease patterns. 

Therefore, from individual to individual, the region of interest varies greatly. To 

overcome this problem, every region of interest is manually selected. The fact that the 

number of data was not large enabled us to do this. In each image, the best ROI was 

selected in terms of color variation and resolution quality. The measuring scale position 

was intentionally avoided as a region of interest area, meaning that it was tried not to 

select an ROI from the location of the measurement scale. Additionally, the position of 

each palmar crease pattern in the image changes through different images from the same 

palm. To avoid this, the same type of ROIs which have the same dimensions were 

placed in every image manually considering the changing position of the crease. This 

enables us to understand the color differentiation in the specific palmar crease region 

(Figure 7:19) 
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Figure 7.19 Small ROIs in the different images of the same subject 

 

 
As it was mentioned in the Chapter 4, two different ROIs are selected from each 

image with Rectangular Selection Tool in the ImageJ software. The one with smaller 

dimensions is labeled as small due to region of interest, whilst the one with larger 

dimensions is labeled as big. Although the results have proved that as the area of 

interest size increases, the observation of the color change decreases. Consequently, the 

correlation between measured erythema index values and the hemoglobin levels in big 

regions of interest is less than the correlation between measured erythema index values 

and the hemoglobin levels in small regions of interest. The big region of interest covers 

more area in the images; however, it also makes manually addressing the same palmar 

crease region challenging. As shown in Figure 7:20, while it is easier to define the same 

palmar crease region in different images with the same small region of interest, the 

palmar crease that the big region of interest covers, changes from image to image. 

Therefore, the small region of interest has greater applicability and reliability than the 

big region of interest. 
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Figure 7.20 Small and Big ROIs in the different images of the same subject 

 

 

 

 
7.3 Statistical Analysis 

 
All statistical tests including regression correlation coefficients, two tailed 

Student’s t tests were performed using GraphPad Prism version 8.0.0 for Windows 

(GraphPad Software, San Diego, California USA) and Microsoft Excel (Microsoft 

Corporation, Redmond, WA, USA). The study result is statistically significant (p < 

0.05). 

 

 
7.4 Comparison of Hemoglobin levels 

 
As it mentioned in the Chapter 2, a recognition feature called erythema index 

(EI) which is defined as EI = log(R) − log(G) is used to define the color characteristics 

of the images. In their study, Yamamoto et al., described that the gray value of each 

pixel within the region of interest has the same correlation with color intensity and thus 

with erythema index value. The relationship between the measured erythema index 

values and CBC measured Hgb levels was modeled using linear regression (95% CI n = 

88) where the erythema index values defined as independent variables and CBC 

measured Hgb levels defined as dependent variables. Ordinary least squares regression 

method was used to describe this correlation and correlation coefficient was found as 

0.7477. This indicates that erythema index values and CBC hemoglobin levels had 
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positive correlation. Residual output of the regression is used to calculate the predicted 

hemoglobin level. Figure 7:21 shows the correlation between erythema index values and 

CBC hemoglobin levels with the linear regression graph. Coefficient of Determination, 

R square value was found as 0.559. 

 

 

 

 

 

 
Figure 7.21 Linear regression of the CBC measured HGB levels and 

predicted HGB values 

 

 
The difference between the erythema index values and CBC hemoglobin levels 

is defined as the error. Therefore, absolute mean error was found with the given formula 

(x) which is the average of all absolute errors between the measured hemoglobin values 

and the predicted hemoglobin levels. The result for absolute mean error was 1.47 g/dL. 

Additionally, to compare the results, the Bland - Altman plot is also used. In Figure 

7:22, the red lines represent the 95% confidence intervals. 
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Figure 7.22 Bland - Altman plot of the mean hemoglonin level 
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Chapter 8: CONCLUSION 

 

 
Anemia, which has multiple causes, such as iron deficiency, chronic blood loss and 

hemolysis, is a prevalent health problem affecting an estimated two billion people or 

30% of the world’s population. The ability to measure hemoglobin concentration in 

anemic patients noninvasively and continuously has significant potential to facilitate 

hemoglobin monitoring, improve the detection of acute anemia, and avoid the 

complications, expense and pain associated with invasive blood draws. Although some 

non-invasive approaches have been developed, they are less accurate than invasive 

methods as a clinical purpose, resulting in an unmet need for more accurate non- 

invasive methods. 

Therefore, we aimed to develop cost-effective non-invasive self-care anemia 

evaluation methodology with smartphone- based screening attachments for the first time 

in the clinic. By examining the color characteristics of the images, we developed an 

image processing methodology to correlate color characteristics in smartphone images 

of palm to hemoglobin concentration measured with gold standard hemoglobin 

measurement system which is CBC test. 

The biggest challenge this study encountered was the COVID-19 pandemic. During 

the data collection phase, the severe acute respiratory syndrome coronavirus 2 (SARS- 

CoV-2) that causes the new coronavirus illness (COVID-19) appeared. All research 

activities unrelated to COVID-19 including ours, were suspended as a direct result of 

the lockdown procedures and the closure of the university research centers including 

Koc University. The study had to be delayed because of this circumstance. This study 

was originally planned to be carried out only at Koc University Hospital, Koc 

University School of Medicine, Istanbul, Turkey. However, due to the emergence of the 

Covid-19 pandemic, hospitals had restricted the number of patients admitted and the 

intended number of patients was not reached in the stipulated time when the study was 

planned. While the pandemic restrictions were still going on, certain hospitals were 

approached to find out which hospital had the largest patient volume in order to reach 

the required number of patients. After obtaining the necessary authorizations from both 

Koc University School of Medicine and Lokman Hekim University School of Medicine, 

the study was continued at Lokman Hekim University Hospital, Lokman Hekim 
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University School of Medicine, Ankara, Turkey to expand the patient population. 

Despite this, we still could not reach the desired number of subjects. Therefore, the 

main limitation of this study is sample size. Even though the number of subjects enables 

us to develop a methodology that indicates the correlation between measured 

hemoglobin values and the predicted hemoglobin levels, data size is not enough to 

develop a deep convolutional neural network that will make regression and 

classification prediction. Another challenge was the choosing of the palmar crease as a 

region of interest due to its changeability and variability. Each person has different 

palmar crease patterns. To overcome this problem, every region of interest is manually 

selected. We were able to perform this since the number of data was relatively limited. 

According to the results, this method gives significant predicted Hgb values. We 

observed that our results indicate a correlation between erythema index values and CBC 

hemoglobin levels. Ordinary least squares regression method was used to describe linear 

correlation between erythema index values and CBC hemoglobin levels and correlation 

coefficient was found as 0.7477. This indicates that erythema index values and CBC 

hemoglobin levels had positive correlation. Residual output of the regression is used to 

calculate the predicted hemoglobin level and the coefficient of Determination, R square 

value was found as 0.559. These results prove the linear relationship between color 

characteristics of digital images and hemoglobin concentration measured in the 

laboratory. 

Nowadays, almost everyone has a mobile phone with a camera equipped. 

Smartphone approaches to these assessment challenges can potentially address expense 

and mobility. In addition to having significant computational power, storage and 

communication capability; smartphones are ubiquitous globally. To date, there are 

unfortunately only few papers for development of a portable non-invasive methodology 

using low-cost and smartphone attachments on the diagnosis and follow-up of anemia 

diseases, especially for precision and personalized patient-oriented medicine. With the 

proposed methodology, in future cost-effective non-invasive point-of-care system that 

enables users to make self-care anemia evaluation and screening, which would replace 

the conventional method of anemia detection by visual observation of palm pallor colors 

Furthermore, with the developments in cloud technology, the study results can be 

improved by increasing the number of samples. This can be done with a system that will 

allow people who have already had blood counts to add photos to the cloud. Sensitivity 
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can be optimized with a deep learning algorithm, which will be developed based on the 

correlation found, and values that are much closer to the real hemoglobin results can be 

obtained. The outcomes of this project can improve health services offered to patients 

with related diseases / disorders by supporting diagnosis, and early identification of 

critical situations related to disease severity and therefore decrease the percentage of 

severe complications of the diseases. These, in turn, are expected to yield significant 

economic benefits to patients by better planning treatment and avoiding unnecessary 

treatment schemas. Apart from savings on patient expenses, these savings also 

encourage health care providers to deliver high-quality, coordinated care at lower costs. 
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