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Abastract 

Anemia is a global public health issue with serious impact on health status and the productivity of human 

being. Currently following haemoglobin estimation methods are  invasive, expensive and requires a trained 

technical expert for collection and analysis of blood. Recently developed non invasive methods require either 

an external hardware component or additional light source for haemoglobin estimation. They are not validated 

with the original haemoglobin concentration through blood analysis. They are not portable. The present study 

aims to develop a non invasive method without an additional hardware than the existing smart phone. Digital 

images of eye, palm and nailbed were captured with smartphone and processed using MATLAB to estimate the 

concentration of hemoglobin.  The images were filtered using median filter with an algorithm and segmented. 

The features were extracted from the  images and used as an input data for ridge regression model. The model 

was validated with blood hemoglobin concentration. Confusion matrix was developed and the specificity and 

sensitivity of the proposed method was determined to be 80%. Accuracy can be further improved by sampling 

large number of blood samples with wide range of Hb concentration encompassing normal and anemic people 

of different age and gender. 
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1. Introduction 

Anemia is global health problem with complicated 

consequences. According to Global Burden of 

Disease (GBD,2019),  40% of children of age 6 to 59 

months, 37% of pregnant women, 30% of women 

of age 15 to 49 years are anemic. Anemia causes 

dizziness, weakness, tiredness and pale skin.  In 

pregnant women, anemia   increases the incidence 

of preterm delivery, maternal mortality and 

underweight in babies. In children, it decreases 

physical, cognitive and socio-emotional skills and 

increases the risk of infection and mortality.  

Iron deficiency, folate deficiency and vitamin B12 

deficiency account for one-third of anemia in 

adults. Anemic patients require frequent blood test 

to monitor hemoglobin (Hb) concentration (Patel,  

2008).  hemoglobin (Hb)  concentration less than 

13.5 g/dL in men and 12.0 g/dL in women is an 

indication  of anemia. Estimation of Hb is an 

invasive procedure requiring technically skilled 

personnel for collection and analysis of blood. It is 

expensive and painful. It may induce blood borne 

infection.  Diagnostic devices used in invasive 

methods are not portable. Blood collection on a 

regular basis would be challenging for patients in 

ICU, patients with severe anemia, pregnant 

women, children and infants. It is cumbersome in 

places without laboratory infra structure and a 

trained and qualified technical personnel. 

Hb concentration can be determined by comparing 

the colour of conjunctiva with standard color scale 

based on anemic condition (Mannino et.al., 2018; 

Dimauro et al., 2020). Pallor of the skin is directly 

associated with the anemic status of the human 

being (Zucker et.al.,1997). A lack of color in the 

skin and mucous membranes is a sign of pallor, 

caused by a low level of circulating Hb 

concentration. The pallor is more noticeable in 

places where blood vessels are close to the 
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surface, including the palm, the nail bed and 

mucous membranes like the tongue or conjunctiva. 

Point of care non-invasive method of quantifying 

Hb does not require a trained expert for collection 

and analysis of blood. Photoplethysmography and  

fluorescence spectroscopy of oral tissue is used for 

Hb determination (Dimauro et. al., 2020).  

Smartphones have become a basic component and 

an integral part of everyone's daily life. Attractive 

features of mobile phones such as portability, self-

handling, inbuilt camera features, storage capacity, 

ability to be integrated with any computer and 

cloud (Wightman Rojas et.al., 2019) server are 

exploited to be used as a point of care tool for pre-

diagnosis and self-monitoring of Hb concentration.  

A smartphone-based point of care tool is a viable 

alternative to invasive clinical blood testing 

because of its availability, user-friendliness, and 

easy attachability to various biosensing devices. It 

is a reliable and economical point-of-care solution 

for remote health monitoring. Furthermore, 

smartphones have increased computational power, 

sensing capability, mobility, and widespread 

availability (Dimauro et al., 2018). 

HemaApp, a blood Hb concentration predictor 

presented by Wang et al, (2017). It used fingertip 

video footage obtained with a smartphone utilizing 

various illumination sources. The system's lighting 

configuration made it difficult for users to 

illuminate the fingertip. Zhu and Ozcan, (2015) 

devised an optical system that illuminates a flow 

cytometer test strip at first.  The test strip was then 

connected to a smartphone camera as a sensor. 

Karlen et. al (2013) proposed a new method for 

automatically detecting the best Region of Interest 

for an image acquired with a smartphone camera 

to extract a pulse waveform. As the smartphone 

cameras do not require any additional lighting 

condition, they are cost effective. Mannino et. al. 

(2018) developed an image analysis algorithm to 

measure the Hb level of an individual by capturing 

images of fingernail beds using smartphone. The 

color features from the nail bed images were 

converted into the CIE L*a*b*  where the  L value 

is an indicator of skin tone and Hb concentration. 

Hasan et. al., (2018) estimated Hb level by 

analyzing the HSV of a fingertip video.  The RGB 

values of these video frames were converted into 

HSV color space and histogram 

values were developed for the HSV pixel 

intensities. The average histogram values were 

correlated with the standard Hb concentration. 

The frequency of H, S and V pixel intensities vary 

with Hb concentration. 

Wang et. al. (2017) developed a smartphone 

application containing  hardware components that 

record data which are processed by an algorithm 

to calculate the Hb concentration. The algorithm 

extracts the R, G, and B time series waveform for 

each video by averaging each RGB channel 

independently for each frame. The algorithm 

extracts machine learning features including peak 

and trough measurements for each light source, 

and also the interaction terms between light 

sources. Support Vector Machine (SVM) based 

regression is applied to estimate the Hb 

concentration.  Studies by Chen et. al., (2016) 

Collings et. al., (2016) Chen and Miaou, (2017), 

Tamir et. al., (2017), Bauskar, et.al.(2019) , 

Kasiviswanathan et. al. (2020) and used 

conjunctiva images for estimating Hb 

concentration. Kalantri et. al., (2010) 

demonstrated the correlation between  Hb 

concentration and  tongue, conjunctiva, nail and 

palm pallor. Zucker, (1997) ,  Florestiyanto et. al. 

(2020) have stated that palms have different 

shades of reddishness dependent on the Hb 

concentration. Düntsch and Gediga (2019), 

performed anemia screening using cloud-based 

mobile photography application.  

All the currently available studies estimated Hb 

concentration based on the images of the pallor 

alone. They are not validated by original Hb 

concentration estimated by blood analysis. They 

are not specific and sensitive. Hence, in the 

present study we aimed at quantifying the Hb 

concentration based on the blood test and the 

image processing of photographs of skin pallor of 

conjunctiva of the eye ,  palm and  nailbed 

captured of the same individual  in a smart phone 

using  machine learning technique.  

2. Materials And Methods 

The general steps and the overview of the image 

processing stages adopted in the present study  

are represented in Figure 1. In short, the images of 
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palm, nailbed and eye conjunctiva were processed. 

The parameter for model was fitted and the model 

was trained using online mathworktool 

*https://www.mathworks.com/products/image.ht

ml+. The trained model was tested with testing 

data and the performance metrics.  

 

Figure 1 Steps in The Digital Image Processing 

2.1 Image Acquisition 

As the aim of the present work was to collect 

blood sample and the pallor images of palm, nail 

bed and eye conjunctiva from the same individual, 

new images were collected for image processing. 

Blood sample from the individuals and the 

respective images of  palm, nail bed and eye 

conjunctiva were collected in association with Sri 

Sai Laboratory, Palladam, Tirupur, Tamilnadu, India. 

The images were captured using Samsung M12 

phone camera. The camera specification was 48 

megapixels (MP). Images of patient’s eye, nailbed 

and images were captured. During the capturing  

of eye and nailbed images the flash option was 

disabled  and the flash was enabled during the 

capturing of palm image. The details of the sample 

collected are presented in Table 1. 

Table 1.  Total Samples collected 

Hb (g/dl)  No of Samples 

4 - 8  10 

8 - 12  65 

12- 20  40 

Gender   

Male  17 

Female  98 

AGE  

1 – 20 20 

21 – 30  63 

31 – 51 18 

51 – 60 14 

The images were pre-processed for noise removal 

by suppressing unwanted distortions and 

enhancing the visual qualities.  The images were 

restored by convolving the input with the filter 

function to obtain the filtered image using 

nonlinear filtering and blurring with a linear filter 

(Sonka et.al.,1993). Blurring of edges were reduced 

by median filtering.  The images were    pre-

processed using following MATLAB algorithm as 

represented in Figure 2. 

 

Figure 2 MATLAB Algorithm used for Median 

Filtering 

2.2 Image Segmentation 

The collected images were segmented in image 

segmenter in MATLAB. A segmentation mask was 

created for the threshold image using RGB colour 

space, HSV colour space, YCbCr color space and 

L*a*b* colour space. The images were cropped 

using the algorithm shown in     Figure 3. 
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Figure 3. MATLAB Algorithm used for  Cropping of 

Images 

From the 115 blood samples collected and the 

images captured from the same individuals, only 

67 images were selected based on the clarity. In 

some images, the nail beds were not clear due to 

nail polish or colored yellow shaded because of the 

use of turmeric. The selected 67 data were 

augmented by flipping or rotating the images in 

different angles. By using image augmentation 

technique, 78 datasets were created. So total of 

145 data were used for training the model. 

MATLAB code used for image augmentation is 

represented in Figure 4a, 4b and 4c  

 

Figure 4. MATLAB Code used for Image 

Augmentation 

2.3 Feature Extraction 

From the segmented image, features which have 

high correlation are extracted and it is given as 

input feature for the model. Mean of a*value, 

standard deviation of a*value and ratio between 

mean of red value to the mean of green value have 

high correlation with hemoglobin level. The 

Pearson correlation coefficient of these parameters 

with Hb value is given in Table 2. 

Table 2. Correlation of input features with Hb 

value 

Input Features Correlation With Hb 

Value 

Mean of a*value(μa*) 0.424 

Ratio between the mean 

of red and green 

value(μR/μG) 

0.391 

SD of a* value(σa*) 0.344 

From the RGB image, mean of red value and green 

value were extracted (from each pixel red value 

was extracted, then added and divided by total 

number of pixel). Then the ratio between red and 

green values were calculated. The ratio between 

the mean of red and green values (μR/μG) were 

extracted from the image using MATLAB code and 

it was given as one of the input features for the 

model. Then the image in RGB color space was 

converted to CIE L*a*b*color space. In CIE 

L*a*b*color space L stands for Luminance, a* 

stands for amount of red or green tone in an 

image, b* stands for amount of blue or yellow tone 

in an image. CIE L*a*b*colour space is useful for 

boosting colors and definition in images. The mean 

of a* value and standard deviation of a* value was 

extracted from CIE L*a*b*color image. 

2.4 Model Selection and Training 

Ridge regression model was selected for 

calculating the coefficients of multiple-regression 

models (Spooner et.al.,2020). The  mean a* of 

segmented eye, palm and nailbed and Standard 

Deviation (SD) of a* of segmented eye, palm and 

nailbed and ratio between mean of red and mean f 

green values were given as input features to the  

ridge regression. The model was trained using 

training data. Each data will have 9 parameters. 

The parameters are as follows: 

1. Mean of a* value of segmented eye image 

2. Mean of a* value of segmented palm image 

3. Mean of a* value of segmented nailbed 

image 

4. Ratio between the mean of red and green 

values of segmented eye image 

5. Ratio between the mean of red and green 

values of segmented palm image 

6. Ratio between the mean of red and green 

values of segmented nailbed image 
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7. SD of a* value of segmented eye image 

8. SD of a* value of segmented palm image 

9. SD of a* value of segmented nailbed image 

The algorithm used for the extraction of RGB vales 

and the mean a * and SD a* are represented in 

Figure 5a and 5b respectively. 

 

Figure 5 MATLAB Code used for Feature Extraction 

The training data set is displayed in Table 3. The 

ridge regression is the best method for analyzing 

multicollinearity data. When there is 

multicollinearity of data, there is a chance of 

overfitting. The ridge regression 

will add small amount of bias so variance of the 

model is reduced. Since ridge regression prevent 

overfitting, we have chosen ridge regression as our 

model (Mehta et al., 2019). The general equation 

of ridge equation is given below:. 

 

The term λ is penalty or tuning parameter. 

Regularization term is λ times slope square. In 

linear regression, it tries to minimize only loss 

function. For linear regression, the value of λ=0. 

The coefficient of ridge regression is calculated by 

minimizing the loss function as well as 

regularization term. The above-mentioned 

parameters are given as input features to the ridge 

regression. The code for ridge regression is given in 

Figure 6. 

Table 3 Training dataset 
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Figure 6 Algorithm for ridge regression 

Confusion matrix describes the performance of a 

model on a set of test data for which the true 

values are known (Düntsch and  Gediga,2019). The 

matrix was prepared from the data of True Positive 

(TP - anemic predicted to be anemic), True 

Negative (TN - non-anemic is predicted  as non-

anemic), False Negative (FN- anemic but predicted 

as  non-anemic condition) and False Positive (FP- 

Non anemic predicted as anemic). From the 

confusion matrix, the specificity and sensitivity of 

the diagnostic tool was determined. Specificity 

refers to its capacity to appropriately categorise an 

individual as disease-free. 

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =  
𝑇𝑁

(𝑇𝑁 + 𝐹𝑃)
 

The ability of a test to correctly designate an 

individual as ′diseased′ is known as sensitivity.  

𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =  
𝑇𝑃

(𝑇𝑃 + 𝐹𝑁)
 

2.5 Blood Collection and Hb estimation 

Blood was collected from vein and the Hb 

concentration was estimated by Sahlis  acid 

hematin method. 

3 RESULT AND DISCUSSION 

3.1 Hb Estimation from Blood and Collection of 

Images 

Hb was estimated from the blood sample  of all 

individuals participated in the study and the 

images of conjunctiva of the eye, nail bed and the 

palm from the respective individuals  were 

captured. The images acquired from the patient 

were screened initially. Few images were neglected 

because of henna, turmeric in patient palm, 

blurred images and nail color in hand. Totally, 115 

data (eye, palm, nailbed images) were collected. 

From that, 67 data is used for processing while the 

other 48 data were neglected and these neglected 

images can’t be processed. The neglected images 

are shown in Table 4. 

Table 4. Neglected Images 

 

The test data were assessed and the model was 

tested using 25 testing data after fitting the ridge 

regression model. The  Hb concentration was 

predicted and the results are depicted in Table 5.  

3.2 Noise Removal and Selction of Region of 

Interest 

The noise in the images were removed by median 

filter. Median filter removes noise and preserve 

edges. After removing the noise from the image, 

the region of interest (ROI) wasextracted from the 

image. For palm and nailbed images specific 

dimension of palm and nailbed images were 

extracted and all other regions were made black. 

For eye image, only conjunctiva region is extracted 

and all other region is made black. Making 

background black will have pixel value 0 and it will 

not affect the pixel value of ROI. These segmented 

images were used for further process. The raw 

image, filtered images and segmented images of 

few samples are shown in Table 5 
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Table 5. Filtered and segmented images 

 

3.3 Increase of Dataset by Augmentation 

Technique 

To train a model large number of datasets is 

required. Image augmentation technique like 

vertical flipping, rotating the image by 90° and 

270° angle was done. Image augmentation  was 

performed and  78 new dataset were created. The  

sample  images are shown in Table 6 

Table 6: Augmented images 

 

3.4 TRAINING THE MODEL USING INPUT 

FEATURES  

The mean of a* value of segmented eye, palm and 

nailbed images, values of ratio between the mean 

red pixel intensities to green pixel intensities of 

segmented eye, palm and nailbed image, SD of a* 

value of segmented eye, palm, nailbed images 

were given as input feature for ridge regression 

model. Then model is trained using 67 original data 

and 78 augmented data. Totally, 145 data was used 

for training the ridge regression model. The model 

will fit a ridge regression 

equation. This equation was used to predict the Hb 

concentration 

3.2 Model Testing and Evaluation of Model 

The model was tested using 25 testing data and 

hemoglobin concentration is predicted. Based on 

predicted hemoglobin concentration, the 

performance of model is evaluated. The test data is 

shown in Table 7 

Table 5. Measurement of Hb Concentration 

SN Actual Gender Predicted Actual Predicted

1 9.5 F 10.8 A A

2 13.4 F 13.4 NA NA

3 11.8 F 13.5 A NA

4 9.9 F 10.2 A A

5 10.2 F 8.1 A A

6 11.3 F 11.1 A A

7 7.6 F 9.2 A A

8 8.2 F 8.8 A A

9 11.7 F 9 A A

10 10.7 F 9.3 A A

11 12.3 F 11 NA A

12 14.1 M 14.7 NA NA

13 8.7 F 9.1 A A

14 10.8 F 11.8 A A

15 15 M 13.5 NA NA

16 11.5 F 11.5 A A

17 13.3 F 10.3 NA A

18 12 F 12 NA NA

19 8.4 F 9.2 A A

20 6.6 F 8.1 A A

21 12.4 F 10.8 NA A

22 8.7 F 11.3 A A

23 13.1 M 11.9 NA A

24 11 F 9.3 A A

25 9.6 F 9.7 A A  

Based on predicted Hb concentration, the 

performance of the model was evaluated using the 

evaluation metrices such as accuracy, sensitivity, 

error rate and specificity. The definitions used to 

evaluate are error rate (an error rate is defined as 

the percentage value of the difference of the 

observed and the actual value divided by the 

actual value), accuracy  (capacity to appropriately 

distinguish between patient and healthy 

cases=Accuracy = 1 – Error rate).  The results are 

represented in Table  5.  

Table 5 Confusion Matrix 

  ACTUAL  

  ANEMIC  NON-

ANEMIC 

PREDICTED ANEMIC 16 1 

 NON-

ANEMIC 

4 4 
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From this confusion matrix sensitivity and 

specificity were determined to be 80%. Accuracy of 

the model will increase by increasing the dataset 

for training. This model would serve as a better 

tool to predict Hb concentration without any 

assistance of external light source or any other 

additional hardware devices. 

Conclusion 

The current  study demonstrated that the non 

invasive method of Hb determination was accurate 

with less deviation. It corroborates well with the 

original Hb concentration estimated by invasive 

method. But the accuracy can be increased with 

minimum error rate if the data is trained with 

higher number of samples. This model is useful for 

large scale screening of anemia. Further, if a web 

application was developed, people can predict the 

Hb concentration from their residence.  
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