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Introduction
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Objectives Otcome

Hemoglobin

 Iron-containing protein found in all red blood cells (RBCs).

 Carries oxygen(O2) from lungs to tissue of the body.

 Normal range of Hb for male: 14-17 g/dL and female: 13-16 g/dL

 Measurement of Hb is crucial for detection of anemia (Low Hb Level).

Introduction

Glucose

 Diabetes is one of the most chronic diseases occurs due to human pancreas loses 

function to generate insulin.

 Diabetes are of two types: Type-1 (Juvenile) found in teenagers and Type-2 

(mature) most common form of diabetes.

 Monitoring the Gl level is important to reduce the complication of diabetes.



Techniques Used for Measurement
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Objectives Otcome

 There are mainly two method to measure the hemoglobin or glucose level. 

Introduction

1)  Invasive Method

 Blood sample is collected from human body using 

needle.

 Painful and required much time to produce result.

 Have risk of infection.

Fig. Blood collection using venipuncture.



Techniques Used for Measurement
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Objectives Otcome

 There are mainly two method to measure the hemoglobin or glucose level. 

Introduction

2)  Non-Invasive Method

 No blood sample is required only bio-signal such 

as PPG or spectra. 

 Painless, cheap, quicker, portable and easy.

 Non-invasive method has 3 functional unit.

Fig. Non-Invasive measurement technique.

Hb & Gl



Techniques Used for Measurement
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Objectives OtcomeIntroduction

Fig. General System Architecture.

Subject Data Collection Unit

Smartphone Fingertip Video

Feature Extraction Unit

Frames Features

Estimation Unit

11.2 g/dL

&

6.9 mmol/L

Applied Model

 Data collection unit: Collect raw optical or spectral data from the subject. 

 Feature extraction unit: Extract features reprocessing the row bio-signal. 

 Estimation unit:  Estimate and validate results using different learning models. 
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Works

Existing Works (Hemoglobin)
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Reference Data # Participant Signal Method Results

HemaApp [1] Video 31 Spectra LR, SVR R = 0.62

SmartHeLP [2] Video 75 Spectra ANN R = 0.93

Kavsaoğlu et

al. [3]
- 33 PPG 

CART, LSR, GLR, 

MVLR,

PLSR, GRNN, MLP, 

SVR

R2=0.92

Anggraeni and

Fatoni [4]
Image 20 - PCR R2=0.81

Glovanni et al. [5] Image 113 - KNN R =0.65



Existing Works (Glucose)
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Reference Data # Participant Signal Method Results

Chowdhury et

al. [6]
Video 18 PPG PCR SEP = 18.31

Zhang et al. [7] Video 14 PPG KNN Acc = 86.2

Ramasahayam

et al. [8]
- - PPG ANN RMSE = 5.84

Pai et al. [10] - 24 Spectra KBR RMSEP = 9.64

Objectives OtcomeExisting 
Works



Problem Statement
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Objectives OtcomeProblem 
Statement

 Most of the commercially available devices for hemoglobin and glucose 
measurement are invasive or minimally invasive.

 Most of the existing methods need special sensor system for the collection 
PPG or spectral signal.



Objectives
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Objectives Otcome

 Develop a low cost smartphone-based system for hemoglobin and glucose 

measurement from fingertip video. 

 Gathering large amount of dataset using smartphone.

 Estimating with more accurately than other non-invasive techniques.

 Make it less expensive.

Objectives



Contributions
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Objectives Otcome

 Collecting the fingertip video using NIR-LED device through smartphone 

primary camera.

 Extraction of PPG characteristic features from the fingertip video

 Selecting best features using maximal information coefficient (MIC) feature 

selection method.

 Develop a smartphone-based low cost hemoglobin and glucose levels 

estimation models using deep neural networks (DNN)

Contributions



• System overview

• Data collection

• PPG signal extraction

• Feature extraction

• Feature selection

• Model development

• Experimental analysis

For Hemoglobin and 
Glucose level measurement
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Proposed 
Methodology

Objectives OtcomeMethodology



System Overview
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Video

PPG Signal

Features Extraction  

Maximal 

Information 

Coefficient  

Algorithm

Model 

(DNN)

Features SelectionApplied ModelMeasurement

Diastolic Peak
Systolic Peak

Dicrotic Notch Original PPG

1st derivative

2nd derivative

Estimated Hb

and Gl Levels: 

11.2 g/dL &

6.2 mmol/L

Smartphone Frames (N) Red Channel 𝒊𝒕𝒉 Frames RGB Channel

238, 235, 201

208, 215, 204

221, 198, 185

218, 190, 225
MP4

Subjects

Fig. Proposed System Overview.

Objectives OtcomeMethodology
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Video Data Collection

Objectives OtcomeMethodology



Data Collection
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A B C D

 Data collection device/kit consist of eight 850-nm NIR-LED and one flash LED.

 Index finger placed on the device and a 15-second fingertip video is captured using 

Nexus-6p smartphone.

Objectives OtcomeMethodology



Data Collection
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 Some precautions while data collection

Clean and dry the hand

No nail polish is allowed on 
the video recording finger nail

No infection in the video 
recording site

Objectives OtcomeMethodology



Data Collection

Table: Data set descriptions
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Gold Standard Value

Hemoglobin 7.9 to 21.49 g/dL

Glucose 3.33 to 21.11 mmol/L

Total Participants 93

Male 59

Female 34

Age 0 to 79 years

Objectives OtcomeMethodology



Feature Engineering
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Objectives OtcomeMethodology



PPG Signal Generation
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 Photoplethysmogram (PPG) is an optically obtained plethysmogram that can be used to 

detect blood volume changes. 

 PPG signal can be two types:

1)  Reflectance (LED and photo detector are on same side)

2) Transmittance (LED and photo detector are on opposite side)

Objectives OtcomeMethodology



PPG Signal Generation Principle
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 NIR-LED and smartphone camera are on opposite side of the finger.

 Smartphone camera in combination with the NID-LED is able to detect these small 

variations in color caused by the blood flow. 

Fig. Photoplethysmography (PPG) principle by smartphone.

Objectives OtcomeMethodology



PPG Signal Generation
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 Extract the frames from 

each fingertip video

Fig. Frame separation from video.

Objectives OtcomeMethodology

 The continuous PPG signal 

is calculated by overall 

pixel intensity variations 

in each frame.

Region of 
Interest (ROI)



PPG Signal Generation
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 Generate PPG Signal using Mean

 1st step, for each video data, PPG value of the 𝒊𝒕𝒉 frame 

is measured by the mean of the pixels as follow:

 Butterworth bandpass filter (4th order) applied to 

minimize the noise and motion artifacts. 

Objectives OtcomeMethodology



PPG Signal Generation
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 Generate PPG Signal using Mean above 

Threshold

 2nd step, for each video data, PPG value of the 𝒊𝒕𝒉 frame 

is measured by the mean of the pixels above threshold

 Butterworth bandpass filter (4th order) applied to 

minimize the noise and motion artifacts. 

Objectives OtcomeMethodology



PPG Cycle Detection and Selection
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 Select the best PPG
cycle 𝑩𝑷𝑷𝑮 with highest
amplitude

 Series of 
continuous PPG 
signal  𝑺𝑷𝑷𝑮

Input Signal

Output Signal

Objectives OtcomeMethodology



Feature Extraction
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 From 𝐵𝑃𝑃𝐺, 34 features were extracted (f1 – f34).

 Age (f35) and gender (f36) also consider as

feature.

 Therefore, total features 36.

Objectives OtcomeMethodology



Feature Extraction
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Fig. 14 (f1 – f14) features extraction from 𝐵𝑃𝑃𝐺 Signal.

Objectives OtcomeMethodology

Fig. 8 (f15 – f22) features extraction from 1st derivative 
of 𝐵𝑃𝑃𝐺 Signal.

Fig. 6 (f23 – f28) features extraction from 2nd

derivative of 𝐵𝑃𝑃𝐺 Signal.

Fig. 6 (f29 – f34) frequency-domain features from 
fast fourier transformed 𝐵𝑃𝑃𝐺 signal.



Feature Selection
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 To reduce irrelevant or redundant features selection method using Maximal Information 

Coefficient (MIC) has been applied.

 Maximal Information Coefficient (MIC)

 Information theory-based measure of association

 Formula:

 P(f, o) denotes the associated joint probabilistic density and marginal 
probabilistic density functions are P(f), and P(o)

 Measures the mutual information between input features 𝐹 and true values 𝑂

Objectives OtcomeMethodology



Feature Selection
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Fig. Importance analysis for input features (a) Hemoglobin, (b) Glucose

Selected input 
features,

Score >=0.5

Objectives OtcomeMethodology



Feature Selection
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 22 features for hemoglobin and 21 for glucose out 36 was selected.

Table: List of selected features.

Objectives OtcomeMethodology



Model Development
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Objectives OtcomeMethodology



Dataset for Models Training
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 PPG-HbGl1 Dataset 

 Consists of PPG signal's features (PPG-34), whereas the PPG signal was generated using 
the mean of pixels of each frame.

 Dataset consist of 93 rows and 36 columns 

 After using MIC: Dataset will be 93 x 22 for hemoglobin and 93 x 21 for glucose level.

 PPG-HbGl2 Dataset 

 Consists of PPG signal's features (PPG-34), whereas the PPG signal was generated using 
the mean of pixels of each frame above the threshold.

 Dataset consist of 93 rows and 36 columns 

 After using MIC: Dataset will be 93 x 22 for hemoglobin and 93 x 21 for glucose level.

Objectives OtcomeMethodology



Artificial Neural Network (ANN)
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 A gradient descent backpropagation neural network with 3 types of layers:

1) One Input Layer
2) One Hidden Layer
3) One Output Layer

 Equipped with weights, biases and activation functions.

 Number of nodes in hidden layer: 

 The output of each neuron in a hidden layer:

Objectives OtcomeMethodology



Proposed ANN Models Architecture

Objectives OtcomeMethodology
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Deep Neural Network (DNN)
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 Feed-forward network with 3 types of layer:

1) One Input Layer
2) Several Hidden Layers
3) One Output Layer

 Nodes of each layer receives input from previous layer.

 Equipped with weights, biases and activation functions.

 The output of each neuron in a hidden layer :

Objectives OtcomeMethodology



Proposed DNN Models Architecture
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Input layer:  

all features  

or selected  

features with  

MIC

First hidden  

layer with  

150 neurons.  

Activation  

Function  

“ReLU”

Second hidden  

layer with 200  

neurons.

Activation

Function “ReLU”.

Dropout 0.25.

Third hidden  

layer with  

250 neurons.  

Activation  

Function  

“ReLU”.

Fourth hidden  

layer with 300  

neurons.

Activation  

Function “ReLU”.

Dropout 0.5.

Output  

Layers,  

Activation  

Function  

Linear

Objectives OtcomeMethodology



DNN Models Hyperparameters

36

 Both Models have the same architecture :

Table: Hyperparameters of the DNN Models

Objectives OtcomeMethodology



Models Validation
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 10-fold cross validation was applied
on dataset.

 Initially dataset was divided into 10
equal size subsets or folds.

 Nine folds was used for training
models and rest one fold used for
validations of models.

Objectives OtcomeMethodology



Performance Evaluating Criteria

 Robustness Performance of Models

 Comparison with Other Works
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Results and
Discussion

Objectives OtcomeResults & 
Discussion



Result  Analysis
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 Performance Evaluating Criteria:

 R2 Value: 

 MAE: 

 MSE: 

 RMSE: 

where, 𝒐𝒊 is 𝒊𝒕𝒉 reference value and ෝ𝒐𝒊 is the corresponding 
measurement value as well as 𝒏 is the total sample.

Objectives OtcomeResults & 
Discussion



Result  Analysis (PPG-HbGl1 Dataset)
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DNN models 
along with 

MIC

Table: Performance measurement of different Models with all features

Table: Performance measurement of different Models with selected features

Objectives OtcomeResults & 
Discussion



Relationship & Agreement (PPG-HbGl1 Dataset)
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(a) Hb
Reference Vs 
Estimated Hb

(a) Gl
Reference Vs 
Estimated Gl

Fig. Relationship plots. Fig. Agreement plots.

(a) Hb

(a) Gl

Only few 
numbers are 

outside of the 
(md ±1.96 SD) 
boundary line

Objectives OtcomeResults & 
Discussion



Result  Analysis (PPG-HbGl2 Dataset)
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DNN models 
along with MIC 
perform better 
for  PPG-HbGl2 

compared to 
PPG-HbGl1

Table: Performance measurement of different Models with all features

Table: Performance measurement of different Models with selected features

Objectives OtcomeResults & 
Discussion



Relationship & Agreement (PPG-HbGl2 Dataset)
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(a) Gl
Reference Vs 
Estimated Gl

Fig. Relationship plots. Fig. Agreement plots.

Only few 
numbers are 

outside of the 
(md ±1.96 SD) 
boundary line

(a) Hb
Reference Vs 
Estimated Hb

(a) Hb

(a) Gl

Objectives OtcomeResults & 
Discussion



Comparison with Other Works
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Table: Comparison of our proposed method with several existing 
methods using the same dataset.

Objectives OtcomeResults & 
Discussion



Conclusion and Recommendation
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 A smartphone-based system introduces to estimate hemoglobin and glucose 

levels accurately using the deep neural network model.

 An algorithm for the generation of the PPG signal and extraction of features.

 The proposed system performed comparatively well with other established 

regression models such as LR, SVR and ANN.

 Recommendation for Future Work

 Recording the fingertip video data using different smartphones.

 Increasing detest from heterogeneous subjects to make the dataset more balanced.

 Providing cloud based smartphone application to measure hemoglobin and glucose.
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