
-

LOW COST NON INVASIVE ANALYSIS FOR MEASURING FAT AND 
WATER CONTENT OF THE BODY 

Submitted in partial fulfillment of the requirements for the award of Bachelor of 
Technology degree in Biomedical Engineering 

By 

MOHAMED AZARUDEEN.S (40240019) 

JEY SURYA.S (40240013) 

DEPARTMENT OF BIOMEDICAL ENGINEERING 

SCHOOL OF BIO AND CHEMICAL ENGINEERING 

SATHYABAMA 
INSTITUTE OF SCIENCE AND TECHNOLOGY 

(DEEMED TO BE UNIVERSITY) 
Accredited with Grade "A++" by NAAC 

JEPPIAAR NAGAR, RAJIV GANDHI SALAI, CHENNAl-600119 

APRIL-2024 



r~1 
~-;..::::::-

SAT HY AB AM A 
INSTITUTE OF SCIENCE AND TECHNOLOGY 

(DEEMED TO BE UNIVERSITY) 
Accredited .. A++" Grade by NAAC I 12B Status by UGC I_ Approved by AICTE 

www.sathyabama.ac.ln 

DEPARTMENT OF BIOMEDICAL ENGINEERING 

BONAFIDE CERTIFICATE 

This is to certify that this Project Report is the bonafide work of MOHAMED AZARUDEEN S 
(40240019), JEY SURYA S (40240013) who have done the project work as a team and carried 

ut the project entitled "LOW COST NON INVASIVE ANALYSIS FOR MEASURING FAT 
ND WATER CONTENT OF THE BODY" under our supervision from July 2023 to April 2024. 

\\,~ui 
lnte~~ Guide 

Dr. GRACE KANMANI PRINCE M.E., Ph.D 

7.4~ 
Head of the Department 

Dr.T SUDHAKAR M.Sc.,Ph.D., 

HNdoltMOwiii21 Al 
Dwpac ... ,.. of. ne&Mcal -.e...-., ...... , ..... 
.. pllll ~-$dent• I Ttdllll. 

(DNmed to._ Untwenity) 
c..1o,y , Unwentty by UGC 

Jepplaar Nagaf. Aajlw Gandhi Sillal. 
. 1 

Submitted for Viva voce Examination held on 06 /()I.,. /202f 

lnternat~~: 
~~~'1.-t,i 

External Examiner 



DECLARATION 

We MOHAMED AZARUDEEN S (40240019) and JEY SURYA S (40240013) 

hereby declare that the Project Report entitled "LOW COST NON INVASIVE 

ANALYSIS FOR MEASURING FAT AND WATER CONTENT OF THE BODY" 

done by us under the guidance of Dr. Grace Kanmani Prince M.E., Ph.D at 

"SATHYABAMA INSTITUTE OF SCIENCE AND TECHNOLOGY" is 

submitted in partial fulfillment of the requirements for the award of Bachelor of 

Technology degree in Biomedical Engineering. 

DATE: e,5 / O'-/ / <O:Vj 
PLACE: CHENNAI 

1) MOHAMED AZARUDEEN S 

c:;L_~,s. 
2) JE~~RYA S 

SIGNATURE OF THE CANDIDATES 



ACKNOWLEDGEMENT 

We are pleased to acknowledge our sincere thanks to the Board of Management of 
Sathyabama Institute of Science and Technology for their kind encouragement in 
doing this project and for completing it successfully. We are grateful to them. 

We convey our thanks to Dr. T. Sudhakar, M.Sc., Ph.D., Head of the Department, 
Department of Biomedical Engineering for providing us necessary support and 
details at the right time during the progressive reviews. 

We would like to express our sincere and deep sense of gratitude to our Project Guide 
Dr. Grace Kanmani Prince , M.E., Ph.D., Department of Biomedical Engineering 
for her valuable guidance, suggestions, and constant encouragement that paved way 
for the successful completion of our project work. 

We wish to express our thanks to all Teaching and Non-teaching staff members of 
the Department of Biomedical Engineering who were helpful in many ways for the 
completion of the project. 

we would like to express our thanks to our parents for their unwavering support to us 
during these years. 



 

i 
 

ABSTRACT 

 

 

The project aims to develop a comprehensive body composition measurement system 

that considers both external parameters like weight and height, as well as internal 

parameters such as body water and fat content. It starts with creating a non-real-time 

prototype using ultrasonic sensors for height measurement and load cells for weight 

measurement. Body mass index should be calculated from height and weight and by 

using the derived formula the fat percentage could be calculated for external 

parameters. Additional linear regression analysis is conducted to establish predictive 

models based on the collected datasets. By integrating technological advancements 

with established anthropometric measurements, this project aims to contribute to the 

development of more precise and accessible methods for assessing body fat 

composition, after establishing precise measurements, the project will transition to 

real-time monitoring to assess body composition more accurately. The collected data 

will be analyzed to calculate body fat and water content Ethical considerations and 

privacy protections will be paramount throughout the project. Ultimately, the goal is to 

create a versatile system with applications in healthcare, fitness assessment, and 

wellness monitoring, providing valuable insights into an   individual's health and 

fitness. Following the establishment of precise measurements, the project transitions 

to real- time monitoring, incorporating bio impedance analysis to assess body 

composition more accurately. This includes the analysis of collected data to calculate 

body fat and water content, further enhancing the system's capabilities in providing 

comprehensive health assessments.   

 

Keywords: Body composition; Body mass index; fat percentage; Water content. 
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CHAPTER – 1 

INTRODUCTION 

 

A comprehensive understanding of an individual's health and wellness is deeply rooted 

in body composition analysis, a process that delves into the distribution of various 

components within the body, including fat, water, muscle, and bone mass. These 

insights gained from body composition analysis are invaluable for healthcare, as they 

aid in the analysis of an individual's physical condition, inform fitness strategies, and 

enable personalized wellness tracking. However, while the importance of body 

composition analysis is undeniable, traditional methods often present significant 

challenges. Many of these methods demand specialized equipment that can be costly, 

require trained personnel for accurate measurements, or involve intricate and time-

consuming procedures. These barriers have limited the widespread adoption of body 

composition assessment and have underscored the need for innovative, accessible 

solutions. This project seeks to address these challenges by pioneering the 

development of a novel and accessible body composition measurement system. Unlike 

conventional approaches, this system relies on readily available sensors, potentially 

revolutionizing the landscape of health and fitness monitoring with non- invasive 

method . Our motivation to embark on this endeavour is rooted in the recognition that 

while previous projects have made progress in this field,they have typically focused on 

singular aspects, such as height and weight, or have employed advanced but complex 

technologies like Dual-Energy X-ray Absorptiometry (DEXA). 

 

These methods, while accurate, often fall short in terms of practicality for everyday use 

due to their cost, equipment requirements, and the expertise needed to operate them. 

The most common, easy-to-use, and cost-effective methods to assess overweight and 

obesity are based on anthropometric measures such as the body mass index (BMI): 

weight divided by height squared, and skinfolds. Scientific evidence on the 

misclassification of obesity using BMI exists, especially in children. BMI does not 

distinguish between lean muscle from fat mass , nor does it accurately reflect visceral 
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fat accumulation. Visceral fat is the likely culprit leading to most of the metabolic and 

clinical consequences of obesity. Ideally, obesity should be determined based on the 

percent of body fat (%BF), which is considered a better marker for assessing excess 

adiposity or obesity (Int. J. Environ. Res. Public Health 2022). Our project is designed 

to build upon the successes and lessons learned from these prior efforts. We 

emphasize the foundational importance of height and weight as parameters in body 

composition assessment. We detect the body fat percentage (BFP) by both internal 

and external parameters.  

 

Our primary objective is to create a system that is both affordable and user-friendly. 

This innovative approach leverages recent advancements in sensor technology, data 

processing techniques, and sophisticated analysis algorithms to make body 

composition assessment accessible to a broader audience. The vision for our project 

is ambitious but purposeful. We aspire to develop a comprehensive body composition 

measurement system that empowers individuals to take charge of their health and 

fitness by providing fundamental body composition data. To achieve this, we will 

combine the capabilities of an ultrasonic sensor for height measurement with load cells 

for precise weight measurement. However, we do not intend to stop there. Our system 

will evolve to enable real-time monitoring, which will allow continuous tracking of 

changes in body composition. This feature is particularly significant for individuals 

aiming to monitor their progress in real time and make timely adjustments to their health 

and fitness routines. Accessibility and privacy are fundamental considerations in our 

project. In this study, we explore the integration of image processing models and sensor 

technologies to devise a comprehensive method for measuring body fat composition. 

We are deeply aware of the sensitive nature of personal health data, and as such, 

ethical and privacy safeguards will be seamlessly integrated into our system design. 

 

A key aspect of our methodology involves the utilization of image processing 

techniques to predict an individual's height. By analyzing facial features such as jawline 

length, eyebrow length, nose length, eye length, outer mouth length, and inner mouth 

length, we develop a model capable of estimating height with a high degree of 
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accuracy. We prioritize user consent and data protection to ensure that the information 

collected is handled responsibly and in line with established privacy standards. In 

summary, our project represents a promising step towards making body composition 

assessment accessible, cost-effective, and user-centric. We believe that the successful 

implementation of our body composition measurement system will not only empower 

individuals seeking to improve their health and wellness but also find valuable 

applications in healthcare, sports, and the fitness industry, potentially influencing 

preventive healthcare measures and the understanding of population health trends. 

 

The significance of this study lies in its potential to revolutionize the way body fat 

composition is assessed. By leveraging advancements in image processing and sensor 

technologies, we aim to develop a method that is not only accurate but also accessible 

and convenient for individuals seeking to monitor their health and fitness levels. 

Moreover, the integration of these techniques opens possibilities for automation and 

scalability, facilitating widespread adoption in diverse settings. Through this research, 

we aspire to contribute to the advancement of personalized healthcare and wellness 

practices.  
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CHAPTER - 2 

 LITERATURE SURVEY 

 

Fabio Bertapelli et al., (2021) proposed using Body Mass Index (BMI), age, and sex 

as predictors, the set out to create and cross-validate an equation to estimate body fat 

percentage (BF%) in children with intellectual disability (ID). Additionally, they 

evaluated the effectiveness of the Deuenberg equation, an established BMI-based 

calculation for BF% in kids with ID. The researchers discovered a significant link 

between the Dual-Energy X-Ray Absorptiometry (DEXA)-determined and the BMI-

predicted BF%, with similar correlation coefficients and few differences between the 

two techniques. This indicates that major determinants of %BF in children with ID are 

BMI, age, and sex. 

 

Malia NM Blue et al., (2021) proposed examining the body composition among 

individuals from different racial and ethnic backgrounds, variations in the mentioned 

components have been observed across different groups. This analysis's main 

objective was to evaluate the precision of widely-used body composition assessment 

tools in samples made up of people of different races and ethnicities, as well as in 

African-American, Hispanic, Asian, and Native American populations. Existing 

literature indicates that air displacement plethysmography (ADP) is valid for Hispanic 

and African American males when using race-specific equations, whereas dual-energy 

X-ray absorptiometry (DEXA) yields reliable results when utilized in multi-ethnic 

populations. Additionally, research shows that results between races and ethnicities 

can vary. When applying race-specific equations, bioelectrical impedance analysis 

(BIA) may produce valid results in Hispanic, Native American, and Asian populations. 

However, it is important to note that for African-American/Black individuals, current data 

does not support the recommendation of BIA due to the lack of validation through a 

comprehensive model criterion. This validation process is crucial in order to better 

comprehend the risk of diseases within society as a whole, enhance exercise and 

dietary recommendations for disease prevention and management, and effectively 

track changes resulting from lifestyle interventions.  
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Dongming Li et al., (2020) proposed Electro-Impedance Myography (EIM) electrode 

configuration was introduced and validated for evaluating lower limb muscle fatigue 

(LMF). A four-layer human upper arm simulation model in Finite Element Method (FEM) 

software was established to optimize muscle selectivity. Sensitivity parameters were 

introduced to reduce the impact of individual variations in fat thickness on EIM results. 

Dynamic and static muscle fatigue experiments were conducted on biceps brachii 

muscles in 10 volunteers to validate the proposed electrode configuration. The new 

configuration reduced the measurement area by 25% while maintaining impedance 

amplitude and sensitivity. It significantly mitigated the impact of fat thickness 

differences on EIM results. The study found that as fatigue increased, resistance 

decreased, and this change was more pronounced with heavier loads. These findings 

offer valuable insights into the development of wearable devices for assessing LMF, 

providing both technical support and theoretical guidance. 

 

Maria F. Bernal-Orozco et al., (2020) proposed analyze the anthropometric and body 

composition profiles of young professional soccer players, making comparisons across 

different competitive divisions and playing positions. The research involved measuring 

body mass, height, sitting height, skinfolds, girths, and bone breadths, with body 

composition assessed using a 5-component model. Results from 755 subjects were 

examined. Notably, the U-20 division exhibited higher values compared to other 

divisions, while the fourth division, representing the youngest category, displayed lower 

measurements for most body composition metrics and average anthropometric 

variables. Goalkeepers, on the other hand, tended to have greater body mass, height, 

sitting height, skinfold sum, and body adipose mass, both in terms of absolute values 

and percentages. It's important to note that the methodology for determining body 

composition used a 5-component model, making distinctions from traditional bi-

compartmental methods. 
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Dean Henry S. Guerrero et al., (2020) proposed the device used in this investigation 

is built with the goal of producing signals that will go through the human body. 

Additionally, it has an amplifier to boost the 10-microampere current signal, which is 

relatively low for safety reasons. The goal of the project is to develop a nondestructive 

method of calculating a human's body fat percentage. The goal of the project is to 

develop a nondestructive tool that might measure a person's body fat percentage. The 

constructed gadget was able to measure the necessary body fat ranges using a non-

invasive electrode and a Gizduino 328 microcontroller-unit with results that were 

essentially identical to those of the skin caliper approach. The result of the created BIA 

device was acceptable based on the comparative testing against the conventional 

method which is the skin caliper method in measuring the body fat percentage since it 

only yields a 10% percentage error. 

 

Yao Lu et al., (2019) proposed the supervised inference model to predict pixel-level 

body composition and percentage of body fat using 3D geometry features and body 

density they used body density to model a fat distribution base prediction. The 

probability of the base prediction bias is then inferred with the help of 3D geometry 

information using a Bayesian network. Finally, they use non-parametric regression to 

correct the bias. When building and validating their models, they leverage DXA 

assessment as the source of truth. On average, their approach outperforms those 

prediction models by 52.69%. In terms of determining the whole-body fat percentage, 

they contrast our method with BOD POD, a piece of medical equipment. By 23.28%, 

our approach outperforms the BOD POD. The moderate sample size is a significant 

flaw in their research. 

 

Lynn Moeng-Mahlangu et.al., (2022) proposed by comparing %BF determined by 

bioelectrical impedance analysis (BIA) and calculated from available prediction 

equations based on skinfolds in young South African children. A cross-sectional study 

performed on 202 children (83 boys and 119 girls) aged 6–8 years. All three skinfolds’ 

equations demonstrated a smaller %BF than the %BF measured by BIA at it was able 

to compare %BF derived from secondary methods of skinfold thickness with BIA even 
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though it does not include ‘gold-standard methods in a relatively large and homogenous 

sample of young African children. However, in the absence of develope %BF equations 

or ‘gold-standard’ methods, the available prediction are still desirable. 

 

Bassem Ibrahim et.al (2021) proposed, a Bio-Z simulation platform is presented that 

uses a 3D grid of time-varying impedance voxels to simulate tissue and artery pulse 

wave activity. It simulates voltage distribution at nodes and current flow through grid 

elements, including tissue DC voltage and blood flow pulse signals. The evaluation of 

bio-impedance signal penetration at different artery depths is made possible by 

validation, which takes into account electrode placement, current frequency, and size 

impacts on detected pulse signals. This simulation tool offers direction for circuit 

designers and algorithm developers, improves Bio-Z sensing for measuring 

hemodynamic parameters, and helps us understand how pulse waves propagate 

through tissues. 

 

Myoung Hoon Jung et al., (2021) proposed a  wrist-wearable bioelectrical impedance 

analyzer with a contact resistance compensation function such that bioelectrical 

impedance can be accurately estimated even with considerably small sizes of 

electrodes (outer electrodes: 68 mm2: inner electrodes: 128 mm2). The correlation 

coefficient and the SEE of percentage body fat relative to the DEXA instrument were 

estimated to be 0.899 and 3.8%BF, respectively, which are above the level of 

performance of the commercial upper-body portable body fat analyzer. Considering 

that the measurement time of our wrist-wearable BIA device was only 7 s and could be 

reduced further, this sensor technology provides a new possibility for a wearable 

bioelectrical impedance analyzer with more miniature electrodes toward daily obesity 

management. 

 

Sergey G. Rudnev and Elena Z. Godina (2022) proposed body composition 

assessment primarily relies on anthropometry and bioimpedance analysis, with limited 

use of methods like DXA, primarily in clinical research. The Matiegka four-component 

tissue-system model is still widely utilized despite its incompatibility with molecular-level 
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models. The country's body composition research has faced challenges due to a 

missed technological advancement during the late 1980s, and there's a lack of 

validation studies using reference methods, resulting in the use of foreign regression 

formulas for indirect methods. Notably, advanced techniques like the deuterium dilution 

method and 3D laser-based scanning are being explored, alongside mass population 

bioimpedance measurements in health centers. While Russia has made progress, the 

absence of conventional reference methods hinders international recognition.  

 

Erika Aparecida Silveira et.al.,(2020) proposed that when compared to our standard 

reference, the DXA, the BIA and the SF equation exhibited a significant level of 

concordance to estimate body fat percentage in all individuals and among women. 

However, in both men and women with high body fat percentages, both approaches 

underestimated their body fat proportion. DXA and the anthropometric equation created 

by Durnin and Womersley showed a strong level of concordance in men, but BIA 

exhibited a moderate level of concordance in this group. Future studies on older 

persons should take into account a variety of techniques, varied ethnic groups, and the 

creation of fresh SF equations. 

 

Linauskas et.al (2019) proposed a study involving 210 men and 456 women over a 

20.1-year follow-up period revealed varying associations between body composition 

and rheumatoid arthritis (RA) risk. In women, a 10% higher RA risk was linked to each 

5% increase in total body fat, a 5% higher risk for every 5cm increase in waist 

circumference (WC), and nearly a 50% higher risk for those with an obese BMI 

compared to normal. These associations extended to 'other RA.' However, in men, no 

clear connections were found between body fat percentage, WC, or BMI and RA. 

Notably, no significant associations were established for 'seropositive RA' in either 

women or men, potentially due to limited sample size. 

 

Seung-Chul Shin et.al., (2019) proposed a faster and more accurate method that 

utilizes a small dry electrode-based wearable device, which predicts whole-body 

impedance using only upper-body impedance values. Such a small electrode-based 
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device typically needs a long measurement time due to increased parasitic resistance, 

and its accuracy varies by measurement posture. They created a sensing mechanism 

that only makes touch with the wrist and index fingers in order to reduce these 

variations. An efficient parameter calibration network also decreased the measurement 

time to five seconds. Then, using lower-body anthropometric data and measurements 

of upper-body impedance as auxiliary input features, they constructed a deep neural 

network-based algorithm to predict the PBF value. The findings revealed a 9% 

improvement in the correlation coefficient (r2) value and a 28% decrease in the 

standard error of estimation (SEE). 

 

Francesco Campa et.al (2021) proposed on body composition analysis, particularly 

emphasizing bioelectrical impedance analysis (BIA) and bioelectrical impedance vector 

analysis (BIVA) in athletes. It discusses the use of specific technologies and sampling 

frequencies, offering recommendations for assessing body composition in athletes. 

The review explores both quantitative parameters (e.g., fat mass, body fluids) and 

qualitative parameters (e.g., vector position, phase angle) for tracking changes in body 

composition during different training cycles, aligned with the competitive season. 

Notably, assessments should be conducted after a consistent time lag from training or 

competition, providing valuable insights into athletes' physical adaptations and 

performance optimization. 

 

Erika Severeyn et.al (2020) proposed the evaluation of the capability of the 

anthropometrics variables to discriminate subjects with abnormal BFP The study made 

use of a database containing 1053 participants and 28 anthropometric measurements. 

To assess the predictive power of the anthropometric factors evaluated, the area under 

the receiver operating characteristic curves (AUCROC), sensitivity (SEN), specificity 

(SPE), and negative predictive value (NPV) were determined. The variables with the 

best ability to detect aberrant BFPs were four skinfolds (calf, suprailiac, abdomen, and 

thigh) and three circumferences (arm, waist, and hip), with an AUCROC>0.800 

(SEN>0.760 and SPE>0.673. Because of this, abdominal and suprailia fold 
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anthropometric measurements had a high likelihood of identifying normal-weight 

patients. 

 

Katherine Sullivan et.al (2020) proposed to compare body volume (BV) estimated 

from a 2-dimensional (2D) image analysis program (BVIMAGE), and a dual-energy x-

ray absorptiometry (DXA) equation (BVDXA-Smith-Ryan) to an underwater weighing 

(UWW) criterion (BVUWW) and to compare relative adiposity (%Fat) derived from a 3-

compartment (3C) model using BVIMAGE (%Fat3C-IMAGE), and a 4-compartment 

(4C) model using BVDXA-Smith-Ryan (%Fat4C-DXA-Smith-Ryan) to a 4C criterion 

model using BVUWW (%Fat4C-UWW)Forty-eight participants were included (60% 

male, 22.9 ± 5.0 years, 24.2 ± 2.6 kg/m2) BVIMAGE was derived using a single digital 

image of each participant taken from the rear/posterior view. The 2D image analysis 

program provided an accurate and non-invasive estimate of BV and subsequently %Fat 

within a 3C model in generally healthy, young adults. 

 

N.I. Khramtsova and S.A. Plaksin (2020) proposed the diagnostic value of 

bioelectrical impedance analysis (BIA) was explored to assess changes in human body 

components before and after water-jet liposuction in 37 healthy women. Using a 

portable non-professional analyzer, "Tanita BC-542," measurements were taken for 

subcutaneous adipose tissue, body water, muscle, bone components, and basal 

metabolism degree. Notably, body weight initially increased significantly post-

liposuction but returned to baseline by the 7th day, linked to surgical fluid infusion. The 

study revealed correlations between changes in body fat percentage, the volume of 

removed adipose tissue, and BIA measurements immediately after surgery and on the 

7th day, highlighting the utility of BIA in tracking dynamic body composition changes.  

 

César Leão et al.,(2019) proposed a comprehensive analysis of the anthropometric 

profiles of a sizable cohort of soccer players, categorized by both age groups (12-14, 

14-16, 16-18, and 18-37 years) and playing positions. The study evaluated weight, 

height, and skinfold thickness measurements. For players aged 18 and older, Reilly 

and Evans formulas were employed to estimate body fat percentages. The research 
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revealed that anthropometric characteristics varied significantly depending on the 

players' positions across various age groups. Notably, the study also highlighted the 

substantial impact of different validated equations on the estimated body composition, 

underscoring the complexity of assessing body composition in adult soccer players. 

 

Javier Alves et al., (2021) proposed Several anthropometric and performance 

parameters related to aerobic metabolism are associated with performance in 

endurance runners and are modified according to the training performed. The objective 

of this study was to investigate the ergospirometric and body composition changes in 

endurance runners during a sports season in relation to their training. Twenty highly 

trained men endurance runners performed an incremental test until exhaustion (initial, 

and at 3, 6, and 9 months) on a treadmill to determine maximal oxygen consumption 

second ventilatory threshold, and their associated running speeds. Skinfolds, 

perimeters, and weights were measured. No changes were obtained in  or   during the 

study, although their associated running speeds increased (p < 0.05) after 3 months of 

the study. Decreases in fat mass (p < 0.05) and muscle mass (p < 0.05) were observed 

at the end of the season (9 months). Changes occurred in the different skinfolds 

according to the characteristics of the training performed during the season. In 

conclusion  increase with a greater volume of kilometres trained and can be adversely 

affected by loss of muscle mass. 

 

Srinivasa Bhattachar et al., (2021) proposed the relationship between body fat 

content and maximum aerobic capacity was investigated in 104 healthy Indian males. 

Various methods, including body mass index (BMI), bioimpedance, skinfold thickness 

(SFT), body girth (BG) measurements, waist circumference (WC), and waist-hip ratio 

(WHR), were used to assess body fat content. Maximum aerobic capacity (VO2max) 

was determined indirectly from maximum heart rate during a treadmill test. The study 

found that when expressed in liters per minute (L/min), VO2max exhibited a positive 

correlation with body fat content regardless of the estimation method. However, when 

expressed in milliliters per kilogram per minute (ml/kg/min), VO2max showed a 

negative correlation with five out of seven clinical fat estimation parameters. 



12 
 

 

Jihan K. Boughman et al., (2019) proposed twenty-two NOLS participants completed 

a 23-d backpacking trip into the Wind River Range in Wyoming. Pre- and 

postexpedition anthropometric measures were collected using 3 different body 

composition measurement tools: Tanita segmental body composition monitor, 

Harpenden skinfold calipers, and the Bod Pod. For the purposes of this study, the Bod 

Pod was used as the standard against which other methods were compared. This study 

shows that the skinfold caliper and the Tanita scale give measurements comparable to 

the less readily available and more costly Bod Pod measurement in backcountry 

expedition participants. Thus, the use of these tools can provide outdoor programs with 

valid measurements that can be used as a reference point to help ensure participants 

are adequately meeting energy requirements. 

 

Hyeuknam Kwon et.al (2019) proposed the Electrical impedance myography (EIM) is 

a relatively new technique to assess neuromuscular disorders (NMD). Although the 

application of EIM using surface electrodes and  has been adopted by the neurology 

community in recent years to evaluate NMD status, sensitivity as a biomarker of skeletal 

muscle condition is impacted by subcutaneous fat (SF) tissue. Here, we develop a 

method that is able to remove the contribution of SF from sEIM data. evaluate 

independent component analysis (ICA) and principal component analysis (PCA) for this 

purpose. Then, we introduce the so-called model component analysis (MCA). All 

methods are validated with numerical simulations using impedivity data from SF and 

muscle tissues. The methods are then tested with measurements performed in 

diseased individuals. Whereas the  Simulations demonstrate that MCA is the most 

accurate method at separating the impedivity of SF and muscle tissues with the 

accuracy being 99.2%, followed by ICA, finally PCA with  Experimental results from 

sEIM data measured on the triceps brachii of patients are consistent with muscle 

grayscale level values obtained using ultrasound imaging controls. MCA can be used 

to separate the impedivity of SF and muscle tissues from sEIM data, thus increasing 

the sensitivity to detect changes in the muscle.. 
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F.Javier Nunez et al., (2020) proposed to determine the most effective field method to 

estimate FFM changes in elite young soccer players. similar predictors of DXA-derived 

FFM changes between pre- and mid-season. To the author’s knowledge, no previous 

investigation has analyzed these field methods to estimate FFM changes throughout 

the season in elite youth soccer players. A previous study with rugby league players 

showed that the lean-mass index was very likely to be more useful than BIA for a better 

estimate of FFM changes. A recent study with elite youth soccer players also showed 

that five anthropometric equations were more useful than BIA for estimating of FFM 

changes. Lean-mass index and BIA (inbody) showed statistical differences in biases in 

comparison with DXA. the biases indicate that these should be used for estimating FFM 

changes between pre- and mid-season in youth soccer players. BIA and all 

anthropometric equations used in this study to estimate FFM change showed high 

correlations with DXA data 

 

Susanna C. Larsson et al., (2020) proposed Body mass index and body composition 

in relation to 14 cardiovascular conditions in UK biobank. The Mendelian randomization 

is an epidemiologic method based on instrumental variable analysis and utilizes genetic 

variants, usually single nucleotide polymorphisms (SNPs), associated with the 

modifiable risk factor which is BMI as proxy indicators to infer causality is 12 where  the 

MR design reduces bias due to confounding as alleles are randomly assorted at 

conception and prevents reverse causation bias because disease cannot affect 

genotype. In this study they assessed the causal roles of BMI and body composition 

for a wide range of cardiovascular conditions and found evidence that higher BMI and 

especially fat mass index are associated with increased risk of most outcomes. A novel 

finding is a strong and consistent positive association between genetically predicted 

BMI and aortic valve stenosis. In contrast, there was significant or suggestive evidence 

of inverse associations of fat-free mass index with atrial fibrillation, ischaemic stroke, 

and abdominal aortic aneurysm. With regard to body composition the resuts are 

genetically predicted fat mass index and atrial fibrillation confirm the results of the fat 

mass was positively associated with atrial fibrillation. 
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Shengkui Zhang et al., (2021) proposed the Association of Rotating Night Shift Work 

with Body Fat Percentage and Fat Mass Index among Female Steelworkers in North 

China.to evaluate the associations of rotating night shift work with body fat percentage 

(BF%) and fat mass index (FMI). A cross-sectional study was conducted among 435 

female steelworkers, aged 26–57 years in Tangshan, China. BF% was assessed via 

bioelectrical impedance analysis and FMI was calculated. Different exposure metrics 

of night shift work were used to examine the effects of night shift work on BF% and 

FMI. The duration (years), cumulative number (nights), and cumulative length of night 

shifts (hours) were positively correlated with FMI and BF%, and these relationships 

were independent of body mass index (BMI). Compared with day workers, night shift 

workers with an average frequency of night shifts and Non obese night shift workers by 

the BMI criterion should also be alert to the risk of the excess accumulation of body fat, 

which is actually responsible for most obesity-associated adverse health 

consequences. Night shift workers with a relatively “normal weight” should still be alert 

to the risk of the excess accumulation of body fat, which is actually responsible for most 

obesity-associated adverse health consequences. Health interventions for related 

populations need to be improved, which is currently more focused on overall weight 

control. 

 

Ningjian Wang et al., (2021) proposed the Total and regional fat-to-muscle mass ratio 

measured by bioelectrical impedance and risk of incident type 2 diabetes total and 

regional FMRs were independently associated with the risk of type 2 diabetes also it  

included a large sample size and relatively long follow-up duration, which enabled 

adequate power to study the associations and interactions in detail. We collected 

various covariates, including demographic information, lifestyle factors, metabolic 

factors, and medications, which allowed for relatively rigorous adjustments. FMRs of 

the whole body and leg showed the strongest associations with incident diabetes in 

men and women, respectively. These associations were obviously strengthened 

among participants with BMI over 25 kg/m2. Some factors affecting bioimpedance 

results, such as hydration, room temperature, or prior exercise, were not intentionally 

controlled. Because it normally required more than 1 hour to complete the assessments 
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before the bioimpedance measurement in the UKB assessment centre with stable 

temperature, most of the participants were likely to be in a steady state when reaching 

the bioimpedance room. The clinical implications might be to stratify strategies for 

diabetes prevention by targeting lowering fat mass and increasing muscle mass, 

especially among people with BMI over 25 kg/m2. 

 

Antonios h. tzamaloukas et al.,(2003) proposed the estimation of body water, fat-free 

mass, and body fat in patients on peritoneal dialysis by anthropometric formulas by 

comparing the estimation of body water, fat-free mass, and body fat by anthropometric 

formulas to estimates employing dilution of tracer substances to measure body water  

and standard methods to analyse body composition in studies performed on peritoneal 

dialysis patients they also analysed the potential errors of the estimates of body 

composition by the formulas therefore Estimates of the average body composition 

provided by the anthropometric formulas agreed with estimates provided by the 

standard methods. However, these formulas have the potential of introducing large 

errors when estimating body composition in individuals differing from the average 

subject composition in individuals differing from the average subjects either because 

the anthropometric formulas do not account for major determinants of body 

composition, such as physical exercise, nutrition, and catabolic illness, or because 

these formulas systematically overestimate body water in subjects who are obese or 

experiencing volume excess. The potential errors include the estimates of body water. 

These errors may alter the interpretation of urea kinetic studies in certain categories of 

peritoneal dialysis patients such as obese subjects.     

 

Seda Ugras (2020) proposed the altered hydration status on effectiveness of body 

composition analysis using bioelectric impedance analysis by providing valuable 

information about the assessment of balance between fluid, fat, and fat-free mass. The 

present study assessed whether the regular increase in water consumption has any 

significant effects on measurements of body composition using BIA. A total of 140 

subjects participated in this study. Body composition analyses of the subjects were 
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performed for five times using foot to foot BIA first at baseline and four times, after 15 

minutes of each 500 mL water intakes. There was overestimation in body fat mass 

compared to the baseline and increased significantly after water intakes in males and 

in females In contrast, there was markedly underestimation of total body water and fat-

free mass in males (35% and 50%) and females (17% and 22%), respectively at the 

end of the study thus the overestimation of body fat mass and lower estimation of total 

body water and fat-free mass with closely to the amount of water retention using BIA 

application should be considered in health-related clinical practice. Acute water 

application caused significantly alteration in body composition analyses using BIA 

method. These variations in body composition compartment also varied between male 

and female subjects, and increased water intake causes more increase in %FM and 

FM in females than those of male subjects. 

 

Willem G.P.M. Looijaard et al., (2019) proposed the low muscle mass identifying in 

critically ill patients based on Agreement between bioelectrical impedance analysis and 

computed tomography. During the study period 1654 patients were admitted to the ICU 

with a mean age of 63 ± 16 years and a mean APACHE IV predicted mortality of 24.5 

± 30.1%. One hundred eighty-five patients fulfilled the inclusion criteria. In nine patients, 

the BIA measurement could not be performed within 72 h of the CT scan. Forty-five 

patients were excluded because their CT-scan was unsuitable for analysis due to 

artefacts, scattering, muscles cut-off due to windowing, or insufficient scan quality; 12 

patients because BIA could not be performed due to the presence of internal or external 

metal devices and 9 patients due to erroneous BIA values because of shivering, 

dyspnea, or the inability to obtain correct positioning. A total of 110 patients were 

included in final analyses. The BIA measurement was performed a median of 1 day 

after CT (0–1), and in 97 patients within one day of the CT scan (88%) .Sensitivity 

analyses were performed in patients in whom the BIA measurement was performed 

within one day of the CT scan and in those with a reliable weight.  
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Hanneke Pierre Franciscus Xaverius Moonen et al.,(2020) proposed the association 

of bioelectric impedance analysis body composition and disease severity in COVID-19 

hospital ward and ICU patients were performed an observational cross sectional cohort 

study. Bioelectric impedance analysis was conducted amongst all confirmed COVID-

19 patients admitted to the ward or ICU of our hospital in the Netherlands, between 

April 10 and 17, 2020. Body water measurements and derived values were recalculated 

to dry weight, using a standard ratio of extracellular water to total body water of 0.38. 

Data were compared between the ward and ICU patients, and regression models were 

used to assess the associations between baseline characteristics, body composition, 

and several indicators of disease severity, including a composite score composed of 

mortality, morbidity, and ICU admission. Fifty-four patients were included, of which 

thirty in the ward and twenty four in the ICU. Thus, the Body composition values were 

not independently associated with disease severity. In multiple logistic regression 

analyses, a low phase angle was associated with COVID-19 severity in the composite 

score. Therefore they found no significant associations between body composition, 

including fat mass, visceral fat area, and fat-free mass, and disease severity in our 

population of generally overweight COVID-19 patients. A lower phase angle did 

increase the odds of severe COVID-19. We believe that factors other than body 

composition play a more critical role in the development of severe COVID-19.  

Unhee Lim et al.,(2018) proposed the propensity for Intra-abdominal and Hepatic 

Adiposity Varies Among Ethnic Groups by comparing the fat storage in the abdominal 

region among individuals from 5 different ethnic/racial groups to determine whether fat 

storage is associated with disparities observed in the metabolic syndrome and other 

obesity-associated diseases.so they collected data from 1794 participants in the 

Multiethnic Cohort Study (60–77) years old of African, European (white), Japanese, 

Latino, or Native Hawaiian ancestry) with body mass index values of 17.1–46.2 

kg/m2.From May to April, participants visited the study clinic to undergo body 

measurements, an interview and a blood collection. Participants were evaluated by 

dual energy X-ray absorptiometry and abdominal magnetic resonance imaging. Among 
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the ethnic groups, compared adiposity of trunk, intra-abdominal visceral cavity, and 

liver, adjusting for total fat mass and evaluated the association of adult weight change 

with abdominal adiposity; and we examined the prevalence of the metabolic syndrome 

mediated by abdominal adiposity.  In an analysis of data from the participants in the 

Multiethnic Cohort Study they found extensive differences among ethnic racial groups 

in the propensity to store fat intra-abdominally. This observation should be considered 

by clinicians in the prevention and early detection of metabolic disorders.  

Zongwen Fan (2022) proposed Obesity associated with having excess body fat, is a 

critical public health problem that can cause serious diseases. Although a range of 

techniques for body fat estimation have been developed to assess obesity, these 

typically involve high-cost tests requiring special equipment. Thus, the accurate 

prediction of body fat percentage based on easily accessed body measurements is 

important for assessing obesity and its related diseases. By considering the 

characteristics of different features (e.g. body measurements), this study investigates 

the effectiveness of feature extraction for body fat prediction. 

Matheus Pachec et al., (2021) proposed the relation between body mass index and 

body fat percentage in Brazilian adolescents: assessment of variability, linearity, and 

categorization. Reliable but accessible measures to capture body composition are 

highly important as the world is in an era of obesity-increase. The most used measure, 

the body mass index (BMI), nevertheless, has been judged as non-reliable to estimate 

body fat percentage (BF%). The present manuscript assessed the criticisms of BMI as 

a predictor of BF% and the BMI-based categories of nutritional status. 4164 

children/adolescents from 9 to 18 years of age from Porto Velho, Brazil, had their 

anthropometric and skinfold measures taken. Controlling for socioeconomic status, 

school (private, public), sex and age, they compared proposed models/variables in the 

literature relating BMI and BF%. they evaluated the functions and the residual data to 

understand the variability of BF% estimate per BMI and evaluated three possible 

categorization from BMI to predict BF% nutritional status. The function utilizing (linear) 

BMI was the best to predict BF% (R2 = 0.70) with a variability of only 6.49% around the 

function. Nevertheless, no categorization of nutritional status was reliable to predict the 
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nutritional status of individuals. BMI is reliable to estimate BF%. Nevertheless, new 

normative values must be proposed; the original categorization fails to capture the 

nutritional status of children/adolescents from this region. 

 

Hyejung Choi (2021) proposed the Body fat-related differences in gait parameters and 

physical fitness level in weight-matched male adults. Increased body weight is 

associated with an increased magnitude of foot pressures. Although body mass index 

(BMI) has been widely used in the assessment of obesity, BMI does not differentiate 

between muscle and adipose tissue, which may play an important role in characterizing 

walking patterns. The purpose of the study was to compare gait biomechanics between 

obese and weight-matched control group  
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CHAPTER - 3 

AIM AND SCOPE OF THE PRESENT INVESTIGATION 

      

3.1 AIM: 

 

The primary aim of this project is to develop an innovative and comprehensive system 

for measuring body fat composition using advanced sensor technologies and computer 

vision techniques. To measure fat mass, fat free mass and water content of the body. 

By integrating ultrasonic sensors, load cells, and image processing models, the project 

seeks to provide accurate and convenient methods for assessing key biometric 

parameters including height, weight, and body fat composition. 

              

3.2 SCOPE: 

 

1. Body Fat Composition Analysis: The project focuses on developing algorithms and 

methodologies for accurately measuring body fat composition using a combination of 

height and weight measurements. By leveraging ultrasonic sensors and load cells, the 

system aims to provide reliable estimates of body fat percentage    tailored for both 

adult men and women. 

 

2. Height Measurement using Computer Vision: Utilizing image processing techniques, 

the system aims to predict an individual's height based on facial features extracted from 

images or video frames. By analysing specific facial landmarks, such as jawline length 

and eye distance, the system provides a non-invasive and automated method for height 

estimation. 

 

 

3. Weight Detection using Load Cell: Incorporating load cell technology, the project 

enables precise measurement of weight in real-time. By interfacing with load cells, the 

system provides accurate weight readings, essential for comprehensive body 

composition analysis and monitoring. 
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4. Integration of Sensor Technologies: The project integrates ultrasonic sensors, load 

cells, and image processing models into a cohesive system for holistic body 

composition analysis. By combining data from multiple sensors, the system offers a 

comprehensive assessment of biometric parameters, including height, weight and body 

fat composition. 

 

5. User Interface and Feedback :The system includes a user-friendly interface, such                                                

an LCD display, to provide real-time feedback on biometric measurements. Users can 

conveniently monitor their height, weight, and body fat composition, facilitating informed 

decision-making regarding health and fitness goals. 

 

6. Potential Applications: The developed system has potential applications in various 

domains, including healthcare, fitness, and wellness management. It can be utilized in 

clinics, gyms, and home settings for personalized health assessment and monitoring.   

 

 7. Scalability and Future Development: The project lays the foundation for further     

research and development in the field of body composition analysis. Future 

enhancements may include additional sensor integration, machine learning algorithms 

for improved accuracy, and compatibility with wearable devices for continuous 

monitoring 
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 CHAPTER - 4 
 

MATERIALS AND METHODS USED 

 

4.1 METHODOLOGY 

 

The process involves connecting the load cell and ultrasonic sensor to an Arduino 

microcontroller for persons height and weight (biometric) measurement. The load cell 

is connected to the Arduino using analog pins, with the HX711_ADC library utilized to 

communicate with the load cell and retrieve weight measurements. Calibration 

procedures are conducted to establish the calibration factor for accurate weight 

readings. Meanwhile, the ultrasonic sensor is connected to the Arduino using digital 

pins, with the HCSR04 library facilitating distance measurements. Calibration is 

performed to establish the correlation between distance readings and actual height. In 

Fig 4.1 shows the block diagram, Arduino continuously samples data from the load cell 

and ultrasonic sensor, obtaining weight and height measurements, respectively. These 

measurements are processed using algorithms implemented on the Arduino, which 

calculate body mass index (BMI) from height and weight and estimate body fat 

percentage based on predetermined formulas. The resulting biometric data are then 

displayed on an LCD screen for real-time monitoring and analysis.

     

                                          FIG: 4.1: Block Diagram of BFP device  

Ultrasonic Sensor

hx711 load cell 
Amplifier 

lcd display Module
Interfacing arduino 

User or Interface
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4.2 HARDWARE REQUIREMENTS: 
 

 

 Arduino 

 Ultrasonic Sensor 

 Load Cell 

 Power Supply 

 

4.2.1 ARDUINO UNO: 

 

We using Arduino Uno board here that serve as a central control unit. It serves as a 

critical component of our BIA system, responsible for data collection, processing and 

communication. While interfacing the ultrasonic sensor and load cell with Arduino we 

can collect the data (height and weight) of a subject. 

 

 

 

 

 

 

 

 

 

 

4.2.2 ULTRASONIC SENSOR: 

 

 It operates by emitting a burst of high frequency sound waves (ultrasonic pulses) 

and has a receiver to capture the echoes.     

 In our project we primarily used ultrasonic sensor to measure the height of the 

subject by (Total length - distance of an object.)        

FIG. 4.2 Arduino Board 
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 It measures the distance from the top of the subjects head to the bottom of their 

feet.       

 The sensor collects the data by recording the time delay between emitting a pulse 

and receiving it's echo.         

 This time delay is used to calculate the distance between the sensor and the object. 

 

 

 

 

 

 

 

4.2.3 LOAD CELL: 

 

 We use load cell to measure the weight of the subjects.          

 It does so by detecting the strain or deformation caused by the subjects weight.       

 The load cell generates a small electrical signal(mV) proportional to the applied 

weight.      

 The output is acquired by the data acquisition system.  

 

 

 

 

 

 

 

 

 

 

 

 

FIG. 4.3 Ultra Sonic Senor 

FIG.4.4 Load Cell 
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4.2.4 POWER SUPPLY: 

 

The use of a battery as a power supply in a Body Fat Analyzer using Arduino offers 

several key advantages, making it a suitable choice. Lithium batteries are known for 

their high energy density, which allows for a compact and lightweight power source. 

 

4.2.5 IMAGE PROCESSING MODEL: 

 

Open CV Library (Python)  is  used to detect the height of a person and weight by their 

Facial landmarks are detected using the Haar Cascade classifier. Image processing 

techniques are applied to extract specific facial features such as jawline length, 

eyebrow length, and eye distance. A custom model is developed to predict height 

based on these features. 

 

4.2.6 SYSTEM INTEGRATION: 

 

Hardware Used are- Arduino Board, LCD Display. 

Software Used here- Arduino IDE. 

Ultrasonic sensor, load cell, and image processing model are integrated into a cohesive 

system. Arduino acts as the central controller, collecting data from sensors and 

processing it to estimate height, weight, and body fat composition. The LCD display 

provides real-time feedback to the user. 

 

4.2.7 DATA COLLECTION AND ANALYSIS: 

 

Data Collection: Measurements of height, weight, and body fat composition are 

collected using the integrated system. Data is recorded for a diverse range of 

individuals to capture variations in body composition. 

Data Analysis: Statistical analysis is performed to evaluate the correlation between 

sensor readings and actual biometric parameters. Regression analysis may be 

conducted to refine prediction models and enhance accuracy. 
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4.2.8 USER INTERFACE DESIGN: 

 

Where the lcd display used as a user interface is designed to display real-time biometric 

measurements, including height, weight, and body fat composition. Clear and concise 

feedback is provided to the user for easy interpretation. 

 

4.3 METHODS:        

                                              

4.3.1 Weight Detection using Load Cell : 

 

we implement the weight detection using a load cell which shown in Fig.4.5 where a 

transducer that converts force (weight) into an electrical signal. Load cells are 

commonly employed in various applications requiring precise weight measurements, 

such as industrial scales, medical devices, and now, in our body composition analysis 

system. 

 

The provided code utilizes the HX711_ADC library to interface with the load cell. During 

setup, the Load Cell object is initialized with the appropriate pins connected to the load 

cell's data (DT) and clock (SCK) pins. Additionally, calibration parameters such as 

stabilization time and calibration factor are set to ensure accurate weight 

measurements. Within the loop function, the Load Cell object continuously updates and 

retrieves eight detection with load cell. retrieved weight value is then displayed on a 

Liquid Crystal Display (LCD) screen for real-time monitoring. By printing the weight 

value to the LCD, users can easily visualize and track their weight as part of the body 

composition analysis process. 

 

This integration of load cell technology enhances the comprehensiveness of our body 

composition analysis system by providing accurate weight measurements in 

conjunction with other biometric data such as height. With the ability to monitor weight 
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changes over time, users can gain valuable insights into their overall health and fitness 

progression. 

 

Moreover, the non-invasive nature of load cell-based weight detection makes it suitable 

for integration into wearable devices or home health monitoring systems, further 

expanding its potential applications in personalized healthcare. 

 

 

 

                                                FIG.4.5 LOAD CELL CIRCUIT 
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4.3.2 Height detection using ultrasonic sensor:  

             

In this section, we employ an ultrasonic sensor to measure the height of an individual. 

The ultrasonic sensor operates on the principle of sound wave reflection to determine 

the distance between the sensor and the object being measured. The code provided 

utilizes the HCSR04 library to interface with the ultrasonic sensor. Initially, the setup 

function initializes the LCD display and calibrates the sensor by averaging distance 

readings over a brief period. This calibration ensures accuracy and stability in 

subsequent height measurements. 

 

Within the loop function, the distance raw variable is updated with the current distance 

reading from the ultrasonic sensor. By subtracting this value from the initial distance 

obtained during calibration, the distance object variable represents the height of the 

object above the sensor. To ensure non-negative height values, a conditional statement 

is used to set distance object to zero if it falls below zero. 

 

The Fig.4.6 shows the height measurement, represented in centimeters, is displayed 

on the LCD screen alongside other relevant data such as weight (measured using a 

load cell) and the raw distance reading from the ultrasonic sensor. 

 

Overall, this approach offers a straightforward and non-contact method for height 

measurement, suitable for integration into systems requiring real-time monitoring of 

human biometrics. By combining ultrasonic sensing with other sensor technologies, we 

aim to develop a comprehensive solution for assessing body composition and health 

metrics. 
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                                  Fig 4.6 Circuit for height and weight measurement 

 

4.3.3 BODY FAT CONTENT CALCULATION: 

 

The estimation of a person's body fat percentage typically involves using specific 

formulas that consider their Body Mass Index (BMI), age, and gender. 

 

These are the formulas for estimating body fat percentage in adult males and 

females: 

 

For Adult Males: 

 

 BFP = 1.20 x BMI + 0.23 x age - 16.2 
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For Adult Females: 

 

BFP = 1.20 x BMI + 0.23 x age - 5.4 

 

These formulas require the following variables: 

 

• BFP: This represents the Body Fat Percentage, which is what you're trying to 

estimate. 

 

• BMI: BMI is the Body Mass Index, a measure of how a person's weight relates to their 

height. It's calculated as weight in kilograms divided by height in meters squared. 

 

• Age: You need to know the person's age in years. 

 

The formulas include specific constants (1.20, 0.23, 16.2 for males and 5.4 for females) 

to fine-tune the estimation based on the individual's gender. 

 

To estimate body fat percentage begin by calculating their BMI. Then apply the 

appropriate formula based on their gender, factoring in their age and the constants 

mentioned. The result will give an approximate body fat percentage.  

 

4.3.4 BODY WATER CONTENT CALCULATION: 

 

The formula of chumlea et.al for Caucasian men defines a linear relationship between 

body weight (W) and body water (V). The estimation of a person's body Water content 

percentage typically involves using specific formulas that consider their Body Mass 

Index (BMI) and age. 
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The formula Used to find water content in a person, 

 

V= 23.04+0.50 W-0.62 BMI- 0.03 A 

Where, 

V-Body water;  

W-Body weight; 

A-Age 

 

        

 4.3.5 Linear regression method: 

 

Overview of Linear Regression: 

Linear regression is a statistical method used to model the relationship between a 

dependent variable and one or more independent variables by fitting a linear equation 

to observed data. It is commonly employed for prediction and forecasting tasks, as well 

as in the analysis of relationships between variables. 

 

Key Concepts: 

 

1. Dependent Variable (Y): The variable being predicted or explained by the model. In 

the context of body fat composition analysis, the dependent variable could be body fat 

percentage. 

 

2. Independent Variable(s) (X): The variable(s) used to predict or explain the dependent 

variable. In the context of body fat composition analysis, independent variables could 

include height, weight, age, gender, etc. 

 

3. Linear Equation: The linear regression model assumes that the relationship between 

the dependent and independent variables can be represented by a straight line 

equation of the form: Y = β₀ + β₁X₁ + β₂X₂ + ... + ɛ, 

Where, Y is the predicted value of the dependent variable, 



32 
 

   - β₀ is the intercept (the value of Y when all independent variables are zero), 

   - β₁, β₂, ... are the coefficients (also known as slopes) representing the change in Y 

for a one-unit change in the corresponding independent variable, 

   - X₁, X₂, ... are the values of the independent variables, 

   - ɛ is the error term representing the difference between the observed and predicted 

values of Y. 

 

4. Fitting the Model: The goal of linear regression is to estimate the coefficients (β₀, β₁, 

β₂, ...) that best fit the observed data. This is typically done using the method of least 

squares, which minimizes the sum of the squared differences between the observed 

and predicted values of the dependent variable. 

 

5. Interpretation of Coefficients:  The coefficients obtained from the regression model 

provide insights into the relationship between the independent and dependent 

variables. A positive coefficient indicates a positive relationship (as the independent 

variable increases, the dependent variable also increases), while a negative coefficient 

indicates a negative relationship. 

 

6.  Model Evaluation:  Once the model is fitted to the data, it is important to evaluate its 

performance. This can be done using metrics such as the coefficient of determination 

(R²), which indicates the proportion of variance in the dependent variable explained by 

the independent variables. 

 

4.3.6 Dataset with linear regression: 

 
1. Dependent Variable (Y):  In linear regression, the variable being predicted     or 

explained is called the dependent variable. In the provided dataset, BFP is the 

dependent variable as it is the target variable being predicted. 

2.  Independent Variables (X):  These are the variables used to predict the               

dependent variable. In the dataset, variables such as age, gender, height, weight, 

and BMI can serve as independent variables.    
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3. Linear Equation:  The linear regression model seeks to find the equation of a straight 

line that best fits the relationship between the independent and dependent 

variables. The general form of a linear equation is: 

               [ Y = β_0 + β_1X_1 + β_2X_2 + ... + β_nX_n + ε  ] 

 

4. Model Fitting:  The goal of linear regression is to find the values of the coefficients 

(\( β_0, β_1, β_2, ..., β_n \)) that minimize the sum of squared errors between the 

observed and predicted values of the dependent variable. This process is often 

performed using optimization techniques such as ordinary least squares (OLS) 

regression. 

. 

4.4 ALGORITHMS USED: 

4.4.1 BODY COMPOSITION ANALYSIS: 

 Data Preprocessing:   

Dataset containing variables such as age, gender, height, weight,  BMI, and body    fat 

percentage (BFP). Processing Steps are to remove any missing or inconsistent data 

points. Normalize the numerical variables to ensure uniform scales across features. 

Encode categorical variables (e.g., gender) using one-hot encoding for numerical 

representation. To Capture images or video frames containing human subjects using a 

camera or webcam 

 

 

 Feature Selection:   

Identify relevant features that may influence body fat composition. Prioritize variables 

such as age, gender, height, weight, and BMI based on domain knowledge and 

statistical significance. Utilize a pre-trained face detection model, such as the Haar 

Cascade classifier, to detect faces within the captured images or frames. Extract 

bounding boxes or regions of interest (ROIs) corresponding to detected faces. 
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 Model Training:   

Linear Regression:  Choose linear regression as the predictive modeling technique due 

to its simplicity and interpretability. Separate the dataset into training and testing sets 

for model validation .Fit a linear regression model to the training data using ordinary 

least squares (OLS) regression. Assess the model's performance using evaluation 

metrics such as \( R^2 \) (coefficient of determination), root mean squared error 

(RMSE), and mean absolute error (MAE). 

 

 Model Evaluation:   

 

Performance Metrics is to Calculate \(R^2\), RMSE, and MAE to evaluate the 

goodness-of-fit and predictive accuracy of the linear regression model. Interpret the 

(R^2\) value to understand the proportion of variance in BFP explained by the 

independent variables. Analyze RMSE and MAE to assess the magnitude of errors 

between observed and predicted BFP values. 

 

  Model Interpretation:  

Examine the coefficients of the linear regression model to understand the magnitude 

and direction of the relationships between independent variables and BFP. Interpret 

the coefficients in the context of body fat composition analysis, considering factors such 

as age, gender, height, weight, and BMI. Utilize regression techniques or machine 

learning algorithms to establish a relationship between facial measurements and 

height. 

 

 Feature Extraction:  

Measure specific facial features relevant to height estimation, such as the distance 

between the chin and the top of the head or the distance between the eyes and the top 
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of the head. Compute additional features, if necessary, based on geometric 

relationships between facial landmarks. 

 

 Prediction and Deployment:  

Utilizing the trained linear regression model to predict body fat percentage for new 

individuals based on their demographic and anthropometric characteristics. Implement 

the model in a user-friendly interface for convenient access and utilization in healthcare, 

fitness, and wellness settings. 
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CHAPTER-5 

PERFORMANCE ANALYSIS, RESULTS AND DISCUSSION 

 

4.1  RESULTS AND DISCUSSION 

5.1.1 HEIGHT AND WEIGHT DETECTION WITH ARDUINO: 

The integration of the load cell and ultrasonic sensor with the Arduino Uno 

microcontroller has enabled the creation of an external parameters. In measurement 

system where the output is shown in Fig. 5.1 act as an External parameters which 

displayed on the LCD screen where the system calculates essential metrics such as 

weight, height, body mass index (BMI), and body fat percentage in real-time. This user-

friendly interface provides individuals with instant access to their biometric data, 

facilitating informed decisions about their health and fitness. 

 

 

FIG.5.1 HEIGHT AND WEIGHT DETECTION RESULT   
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5.1.2 BFP USING LINEAR REGRESSION: 

In addition to utilizing the load cell and ultrasonic sensor for external parameter 

measurements, we also employed a sophisticated linear regression model which 

shown in Fig.5.2 to enhance the accuracy of body fat composition analysis. By using 

the collected datasets and demographic information, by training the model where it 

predicts the body fat percentage with remarkable precision. Based on the age and 

certain factors of  individuals the BFP of a person is calculated. The implementation of 

the linear regression algorithm on the Arduino Uno microcontroller allows for real-time 

analysis of biometric data, Through the continuous refinement and validation, the linear 

regression model provides valuable insights into individuals health with high accuracy, 

offering personalized assessments and actionable recommendations. 

 

 

 

FIG.5.2 BFP WITH LINEAR REGRESSION RESULT 
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5.1.3 BWP USING LINEAR REGRESSION: 

In Fig.5.3 shows the linear regression method which determines the body water 

percentage (BWP) of individuals based on their height, weight, and body mass index 

(BMI) With the collected datasets and demographic information, the linear regression 

model accurately predicts the body water content, providing valuable insights into 

hydration levels and overall health. This approach offers a non-invasive and efficient 

means of assessing body water content, eliminating the need for invasive procedures 

or specialized equipment. Through continuous refinement and validation, the project 

aims to enhance the accuracy and reliability of the BWC prediction model, ultimately 

contributing to personalized health monitoring and wellness management. 

 

 

 

 

 

 

FIG.5.3  BWP WITH LINEAR REGRESSION RESULT 
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5.1.4. GRAPHICAL REPRESENTATION OF BFP: 

Based on the persons external parameters the body fat of a person determined by 

using linear regression method in which the Fig.5.4 shows the graphical output the 

consistency of BFP level with the other three parameters such as  (Height, Weight and 

BMI) graph. The graph could be generated based on a average of the persons BFP. 

The graph could be auto generated based on the model trained using the datasets to    

calculate the average body fat. 

 

      

 

 

FIG.5.4. LINEAR REGRESSION GRAPHICAL REPRESENTATION 
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5.1.5 HEIGHT AND WEIGHT IN IMAGE PROCESSING: 

In this method, the image processing algorithms is used to measure the height of a 

person accurately by using computer vision techniques. By employing a combination 

from facial landmark to toe of a person to detect and  the system extracts key features 

from captured images to determine an individual's height. In Fig.5.5 shows the system 

calculates the distance between these points to estimate height with high accuracy.  

This innovative approach to height measurement eliminates the need for manual 

measurements and enables real-time assessment of biometric data. By using the 

image processing algorithms, the system offers a efficient solution for height 

measurements which leads to overcome the error in measurement of persons height. 

 

 

 

 

FIG.5.5 HEIGHT DETECTION RESULT 
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5.1.6 WEIGHT DETECTION USING IMAGE PROCESSING: 
 
We also used to calculate the persons body weight  by using computer vision with the 

image processing which shown in Fig.5.6 done by utilizing facial features such as 

jawline length, eyebrow length, nose length, eye length, outer mouth length, and inner 

mouth length but the obtained results did not meet the desired level of accuracy. 

Factors such as variations in facial morphology, facial expressions, and camera angles 

may have introduced inconsistencies in the measurements, leading to discrepancies in 

the calculated weight. Additionally, limitations in the algorithms to handle diverse facial 

characteristics and environmental conditions may have impacted the accuracy of the 

results. the project underscores the importance of facial features for weight estimation 

and highlights the importance of further refinement and validation to improve the 

accuracy and reliability of the proposed approach. Future iterations of the algorithm 

may benefit from incorporating machine learning techniques to enhance its adaptability 

and effectiveness across a wider range of individuals and scenarios, ultimately leading 

to more precise and dependable weight estimation methods. 

 

 
 
 

FIG.5.6 WEIGHT DETECTION RESULT 
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5.2. DISCUSSION: 

The project aims to develop a comprehensive body composition measurement system 

that integrates external parameters like weight and height with internal parameters such 

as body water and fat content. It initiates with the creation of a non-real-time prototype 

utilizing ultrasonic sensors for height measurement and load cells for weight 

measurement. Through the derived formula, body mass index (BMI) is calculated from 

height and weight, facilitating the determination of fat percentage based on external 

parameters. Moreover, the project conducts linear regression analysis to establish 

predictive models using collected datasets, enhancing the precision of body fat 

composition assessment. The integration of technological advancements with 

established anthropometric measurements seeks to contribute to the development of 

more accurate and accessible methods for assessing body fat composition. Ethical 

considerations and privacy protections are prioritized throughout the project to ensure 

the responsible handling of sensitive health data. Ultimately, the goal is to create a 

versatile system with applications in healthcare, fitness assessment, and wellness 

monitoring, providing valuable insights into an individual's health and fitness status.  

5.3. PERFORMANCE ANALYSIS: 

The performance analysis of the body composition analysis system involves evaluating 

the accuracy, reliability, and efficiency of the implemented algorithms and sensor 

technologies for measuring height, weight, and body fat composition. Here's a 

breakdown of the performance analysis for each component: Height Detection: 

Evaluate the accuracy, precision, robustness, and speed of height detection algorithms 

using computer vision techniques. Weight Detection: Validate the accuracy, precision, 

sensitivity, and noise handling capabilities of the load cell for weight measurement. 

Body Fat Composition Analysis: Assess the prediction accuracy, model fit, 

generalization, and clinical relevance of linear regression models for predicting body 

fat percentage. Overall System Performance: Evaluate the integration, user 

experience, real-time monitoring capabilities, and scalability of the body composition 

analysis system for diverse applications in healthcare, fitness assessment, and 
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wellness monitoring. Ethical considerations and privacy protections are paramount 

throughout the performance analysis process to ensure responsible data handling and 

user privacy.   
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CHAPTER-6 

SUMMARY AND CONCLUSION 

6.1 SUMMARY: 

This project aims to develop an advanced body composition measurement system that 

integrates cutting-edge sensor technologies and algorithmic techniques to accurately 

assess key biometric parameters such as height, weight, and body fat composition. By 

leveraging ultrasonic sensors for height measurement and load cells for weight 

measurement, the system provides precise and reliable data on external parameters, 

allowing for the calculation of body mass index (BMI) and subsequent estimation of fat 

percentage. Additionally, linear regression analysis is employed to establish predictive 

models based on collected datasets, enhancing the accuracy of body fat composition 

assessment. This integration of technological advancements with established 

anthropometric measurements contributes to the development of more precise and 

accessible methods for evaluating overall health and fitness. 

Ethical considerations and privacy protections are prioritized throughout the project to 

ensure the responsible handling of sensitive health data. By adhering to ethical 

guidelines and implementing robust privacy measures, the project aims to safeguard 

user confidentiality and trust. Ultimately, the goal is to create a versatile system with 

applications in healthcare, fitness assessment, and wellness monitoring, providing 

valuable insights into an individual's health status and facilitating informed decision-

making regarding lifestyle management and healthcare interventions. 

The project also emphasizes the transition to real-time monitoring, incorporating body 

fat content analysis to assess body composition more accurately. This involves 

analyzing collected data to calculate body fat and water content, further enhancing the 

system's capabilities in providing comprehensive health assessments. Through these 

endeavors, the project seeks to empower individuals with actionable insights into their 

health and fitness, ultimately contributing to improved well-being and lifestyle 

management on a broader scale. 
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Furthermore, the project emphasizes the importance of continuous improvement and 

innovation in the field of body composition analysis. By conducting thorough 

performance analysis and validation, the system aims to identify areas for refinement 

and enhancement, ensuring its relevance and effectiveness in diverse real-world 

scenarios. Through ongoing research and development efforts, the project seeks to 

stay at the forefront of technological advancements in biometric measurement, 

ultimately delivering impactful solutions that empower individuals to make informed 

decisions about their health and well-being. 

6.2 CONCLUSION: 

In conclusion, the development of the comprehensive body composition measurement 

system represents a significant step forward in the field of biometric analysis. By 

integrating advanced sensor technologies with sophisticated algorithmic techniques, 

the project has laid the foundation for precise and accessible methods of assessing key 

biometric parameters such as height, weight, and body fat composition. Through 

meticulous calibration and validation processes, the system has demonstrated 

promising accuracy, reliability, and efficiency in providing valuable insights into an 

individual's health and fitness status. 

 

Ethical considerations and privacy protections have been paramount throughout the 

project, underscoring the importance of responsible data handling and user 

confidentiality. By adhering to ethical guidelines and implementing robust privacy 

measures, the project aims to instill trust and confidence among users, ensuring the 

secure and ethical use of sensitive health data. This commitment to ethical standards 

further underscores the project's dedication to promoting user well-being and 

safeguarding their rights and privacy 

 

Moving forward, the project will continue to evolve and improve, leveraging ongoing 

research and development efforts to enhance the system's capabilities and usability. 

By incorporating user feedback and addressing any identified limitations or challenges, 
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the system aims to stay at the forefront of technological advancements in biometric 

analysis, delivering innovative solutions that meet the evolving needs of individuals and 

healthcare professionals alike. Ultimately, the project's ultimate goal is to empower 

individuals with actionable insights into their health and fitness, enabling them to make 

informed decisions and take proactive steps towards improving their overall well-being 

and lifestyle. Through collaboration, innovation, and a commitment to excellence, the 

project stands poised to make a meaningful impact in the field of biometric analysis and 

contribute to the advancement of personalized health management strategies. 
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