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Abstract

Body Mass Index (BMI), a vital health metric indicating weight relative to height, classifies individuals
as underweight, normal weight, overweight, or obese, guiding early interventions for health risks, but
traditional methods relying on height and weight measurements are labor-intensive, making automated
BMI assessment a scalable and efficient alternative for health analysis and decision-making; leveraging
facial features, which reveal correlations between face geometry and BMI, we employed large-scale pre-
trained models like EfficientNet-B7, Swin-Transfomer, and ResNeSt- 101, trained on diverse datasets
such as the Illinois DOC, Height-weight-BMI dataset with Celebrity Faces, to enhance prediction
accuracy, scalability, and applications in health monitoring, insurance, and policymaking, thereby

enabling informed societal and individual health decisions..

Introduction

Body Mass Index is an essential measure
of the body weight of a person to his height
and reveals how healthy the person is. It is
mostly known to be linked with physical
health, psychological well-being, and even
to social dynamics. The BMI classification
describes whether the person is under weight,
normal weight, obese or, overweight, and it
can be helpful in taking early interventions
in case the risks arise from health concerns.
The traditional method for finding BMI
depends on measured height and weight of
an individual. Though the method applied
to a single person is so simple, this method
becomes clumsy for the application for large
populations because the whole BMI process of
computation involves equipment plus manual
procedures involved in collecting weights
and heights measurement. Instead, automated
BMI assessing methods are scaled up and,
therefore, supply useful information about
health-related social analysis and supports
decision-making from organizational and
policy levels.

There has been quite a lot of developments
during the past few years as regards the manner
in which technology can make predictions
about BMI through facial features. The faces
of humans represent meaningful patterns,
which are highly correlated with BMI; higher
BMI is often correlated with wider structures
of the face, especially within the middle
and lower parts of it, and vice versa- lower

BMI often corresponds to a thinner facial
appearance. Previous work has explored BMI
prediction from geometric facial features or
deep learning-based approaches. However,
most of them are constrained by smaller, more
limited datasets so don't quite generalize as
well to populations.

In this research, we aim to overcome these
limitations by leveraging large-scale pre-trained
models that have showed great performance in
computer vision related tasks. Specifically, we
employ models such as EfficientNet-B7, Swin-
Transformer, and ResNeSt-101, which are
state-of-the-art architectures known for their
robustness, scalability, and efficiency in feature
extraction. To train our models, we utilize
the Illinois DOC labeled faces dataset, a rich
dataset that contains facial images labeled with
corresponding BMI values. For evaluation,
we use additional dataset— Height-weight-
BMI dataset with Celebrity Faces to test the
generalizability and reliability of our approach
across varied data distributions.

Our proposed method introduces a
significant advancement in BMI prediction by
combining large-scale pre-trained models like
EfficientNet-B7, Swin-B, and ResNeSt-101
with diverse datasets. This approach not
only improves prediction accuracy but also
ensures scalability, making it suitable for large-
scale applications. Reliable BMI prediction
methods such as ours hold promise for a range
of practical applications, including health
monitoring, insurance assessments, and policy
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development, ultimately contributing to better health outcomes
and informed decision-making at both individual and societal
levels.

Hence, while the camera continuously delivers real-time
video feed, it analyzes eye landmarks through time to trigger
movements such as clicks left and right or scrolling. It also
becomes very interactive since it becomes quite like using
a mouse with an eye [5]. It is now integrated with vocal
recognition to even make it easier. For instance, opening an
app,dictating something, or controllingvolumecould be made
possible by voice. And combined with eye-gesture commands,
the system becomes more powerful because it can give such
freedom to users in totally not touching the computer. It is a
total breakthrough for the mobilities impaired because itcomes
in that genuinely hands-free interface with technology [6]. It
is a highly adaptable system which learns and modifies itself
according to the unique eye movement pattern of the individual
user and becomes more precise and personalized over time in
usage. It improves the more it is used, so that every person is
getting the most seamless experience possible. Furthermore,
because it features real-time feedback, itbecomes more like
an extension of the human body and feels immediate to each
eye movement [7]. Be it a person sitting at home in a study
or sitting in a clinic, the system understands the needs of a
person and delivers a smooth experience. Dynamic filtering
techniques are also at work to ensure precise tracking of eye
movements even under adverse lighting conditions. So whether
it's a dimly lit room or bright fluorescentlights, thesystem keeps
working. Havinglarge-eye with small movements brings precise
and various capabilities to the system—reading documents or
browsing websites [8].

This system is so fast that when it comes to responsiveness,
it's almost classless. Real-time processing creates no delay
at all between eye movement and processes on the screen,
givingmuch smoother performance with reduced frustrations.
This is highly of use to users depending on the system to
carry out their everyday activities. Now, they can do it much
faster and at the same pace as using a mouse [9]. The machine
learning algorithms will even learn very small eye movements,
translating these into cursor movements on screen; thus, the
user will have control over the cursor no matter how much effort
is used.

Additionally, the complete system is customized. Users can
set the sensitivity of the eye-tracking feature, whether they
want the micromanaging fine-tuning of movements for delicate
tasks or fast operation responding for gross movements. The
flexibilityofthe system is such thatit can learnand then recognize
favorite gestures like specific bangs or areas for invoking
specificactions [10]. This way, the end-users will be really
personalized, with experiences that are really tailored to meet
their requirements.

The long-term aim of this technology is simply to make
computers available for those who are physically disabled. Eye
contact system is such that it ends up removing traditional input
systems, allowing those who struggle with some sort of ability
deprivation to use it for whatever it is that they may want to do-
online possible working, learning, or playing. For everyone, this
means having a much more extensive experience with computers
for effective and independent operation.Thisis very much in the
direction of using eye-tracking, voice recognition, and real-time
processing all together to take steps toward creating a culture in
which society has as much exposure to technology as possible.
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Contribution

To enhance the BMI prediction from a face using a large
dataset. The following are the contributions of this paper:

* Identify the correlation between BMI and human faces
and come up with a new approach to predict BMI from
human faces using deep learning and transfer learning
models like EfficientNet-B7, Swin-B, and ResNeSt-101.
Our approach is illustrated in Fig. 1 above

*  We used 2 publicaly available datasets which contain
images along with the corresponding BMI values of
Hollywood Celebrities and Jail prisoners. And we applied
our methods on those datasets and improved the Mean
Absolute Error (MAE).

Section II will briefly introduce a review of the related work.
It will mainly state the primary approaches and methodologies
in brief. Section III will deal with the methodology proposed in
the study. The section will be titled "Experiments," with details
regarding the datasets, the experimental setup, and evaluation
of the methodology proposed in Section IV. Section V will
summarize results and conclusions developed from the study.
Finally, Section VI shall be a section for concluding remarks.

Literature Survey

In an attempt to derive BMI, Wen and Guodong [2] used
computation techniques in processing images of the faces.
The approach identified the face features by utilizing Active
Shape Model, which gave rise to seven distinctive features
including Eye Size, Cheek to Jaw Width Ratio, Perimeter to
Area Ratio, Width to Upper Facial Height Ratio, Lower Face
to Face Height Ratio, and Mean-Eyebrow-Height. They made
use of Support-Vector-Regressor, Least-Squares-Estimation,
and Gaussian-Process in the training and testing of models on
regression tasks with the Morph II dataset. Among these, SVR
delivered the most accurate predictions. Expanding on this, Barr
et al. [3] developed a method to compute Facial BMI (fBMI)
and evaluated its correlation with actual BMI. Their results
demonstrated stronger correlations in normal and overweight
categories, though the accuracy decreased in underweight
and obese groups. Their feature extraction, however, was
limited to facial landmarks, suggesting potential improvements
by incorporating additional visual features.

E. Kocabey et al. [4] they proposed an approach based on
deep learning that predicts BMI based on facial images from
the paper VisualBMI. They tested 4,206 images for feature
extraction using Visual Geometry Group-Net and Visual
Geometry Group-Face models and employed epsilon-ESP-B
version of Support Vector Regression for BMI prediction.
Results: Pearson correlation coefficients were 0.71 for males,
0.57 for females and 0.65 for overall categories using VGG-
Face was better than VGG-Net.Furthermore human evaluations
outfought the machine prediction for lower BMI Values, even
though predictions were at par with high BMI categories.

A. Haritosh et al. [5] proposed a new technique for estimating
height, weight and BMI from facial images. Their study utilized
4,206 images taken from the VisualBMI dataset and also 982
images from Reddit HWBMI dataset. They applied the Viola-
Jones algorithm to crop facial images to 256 x 256 pixels. A
feature extractor processed these images, followed by a 3- layer
ANN model for predictions. XceptionNet achieved MAE values
of 4.1 and 3.8 for BMI on the VisualBMI and Reddit HWBMI
datasets, respectively, while height and weight predictions also
showed promising accuracy with VGG-Face and XceptionNet.
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C. Mayer et al. [6] examined how Body Mass Index and
waist to hip ratio are related to facial features. They analyzed
49 standard images of women, with Body Mass Index (BMI)
ranging from 17.0 to 35.4 and WHR between 0.66 and 0.82.
Using 119 anatomical landmarks and semi landmarks identified
through TPSDig software and a sliding landmark algorithm,
they explored facial shapes and textures. Multivariate linear
regression revealed that facial shape predicted 25% of BMI
variation, while facial texture accounted for 3-10%. Their
findings indicated that facial features were more predictive of
BMI than WHR.

Jiang Min et al. [7] investigated geometry-based as well as
deep learning methods for BMI prediction, examining influence
of the factors like gender, and head orientation. While deep
learning methods outperformed geometrybased approaches,
the higher dimensionality of the features hindered performance
when training data was limited. Additionally, significant
variations in head poses led to reduced accuracy. Their research
employed the Morph II dataset alongside the FIW-BMI dataset,
which they compiled using images from the social media.

H. Siddiqui et al. [8] investigated a custom convolutional
neural network for estimating BMI and utilized pre- trained
Convolutional neural network models, including Visual
Geometry Group -19, ResNet, Dense-Net, Mobile-Net, and
Light-CNN. Extracted features were passed through Support-
Vector-Regressor and Ridge-Regression for prediction. Using
Visual-BMI, VIP Attributes, and Bollywood datasets, they
reported MAE values ranging from 1.04 to 6.48. Among the
models, DenseNet and ResNet combined with Ridge Regression
performed the best. Pre-trained models slightly outperformed
their custom end to end CNN.

Methodology

Preprocessing Data

In our project, we have utilized frontal -facing images from
the dataset to predict BMI. Variations such as tilted head
positions, inconsistent zoom levels, and differences in lighting
were present across the dataset. To address these challenges, we
applied a preprocessing pipeline tailored to our approach.

Initially, faces were detected and extracted using pre-trained
facial detection models like MTCNN and others. Cropped facial
regions were used as the input to the model ensuring consistency
across all input images. Unlike earlier methods that blurred the
surroundings, our approach focused mainly on normalizing the
face size while preserving facial details for accurate feature
extraction by the model. And also included some techniques
like flipping, rotation and others.

Figure 1. Input image and Preprocessed image
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Transfer Learning Concept

Body Mass Index calculation from face images is complex,
and training the necessary features from small datasets is not
accurate. To enhance performance of model and also reduce
training time, we have utilized transfer learning with state of art
of pre-trained models:

EfficientNet: EfficientNet contains a family of different
models that balance accuracy, efficiency by scaling depth, width,
and resolution systematically. It was trained on the ImageNet
database and achieves superior performance while using fewer
parameters compared to conventional architectures. This model
is highly efficient for facial image feature extraction and BMI
prediction.

Swin Transformer: The Swin Transformer model applies
transformer-based architecture to computer vision tasks. It
utilizes shifted windows for efficient computation and achieves
excellent performance on image-based tasks. Pretrained on the
ImageNet dataset, it captures global dependencies and local
features effectively, making it well-suited for BMI estimation.

ResNeSt: ResNeSt introduces a split-attention mechanism
into the ResNet architecture, enabling the model to adaptively
capture feature representations at multiple granularities. Trained
on the ImageNet dataset, it delivers high accuracy while
maintaining computational efficiency, making it a robust choice
for feature extraction from facial images.

Training Process

We have used fully connected layers concept at the ending
of all the pre trained models. Output from the pre-trained
backbone was first processed using Global Average Pooling to

decrease the dimensionality and gain only the most important
and relevant features.

To prevent the overfitting problem, we have incorporated
a dropout layer with dropout rate of 50% in the model’s
architecture. For the Activation-function, we have utilized the
Gaussian Error Linear Unit, which will combine the properties
of rectified linear unit activation, Dropout, and the Zoneout.
This activation function generalizes better in the presence of
noise and improves performance on complex datasets like ours.

Since our study employed a comparatively larger dataset,
we fine-tuned the pre-trained models to maximize feature
extraction. The deeper layers of convolutional neural networks,

closer to the output, were fine-tuned with a lower learning
rate to retain the learned complex features from the pre-trained
models, while the newly added fully connected layers were
trained with a higher learning rate to quickly adapt to the task
of BMI prediction.

We employed the Adam-optimizer with learning rate scheduled
to progressively decrease learning rates across deeper layers,
ensuring smooth convergence during training. To implement
this, we used the MultiOptimizer utility from TensorFlow
Addons. This helped effectively optimize the combined
architecture and enhance the BMI prediction accuracy.

Experiments

Datasets Used

We have evaluated the proposed methodology of ours on two
public datasets which are mentioned below.

Illinois DOC labelled faces Dataset

The Illinois Department of Corrections labeled faces dataset
is the collection of images and related metadata sourced from
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the Illinois Department of Corrections. Dataset consist of front
and side faced photographs of nearly around 68,149 individuals.
Each entry includes additional details such as gender, height,
weight, and date of birth. During preprocessing, 1,365 corrupted
images and 7,309 entries lacking height and weight data were
excluded. The final dataset used for research comprised 56,200
male and 3,649 female subjects. The average Body Mass Index
(BMI) across the dataset was calculated to be 27.88, with a
standard deviation (S.D) of 5.20. The refined dataset served
as the foundation for training and validating machine learning
models. Example images from the dataset illustrate its structure
and content.

Figure 1. lllinois DOC labeled faces Dataset

Height-weight-BMI dataset with Celebrity Faces

The Height-Weight-BMI Dataset with Celebrity Faces
consists of images of 50 celebrities, accompanied by biometric
attributes such as height, weight ,and calculated Body Mass
Index (BMI). This dataset comprises of 15 female and 35 male
subjects. The average BMI was computed to be 23.95, with
a standard deviation of 2.18. The finalized dataset provides a
reliable source for training and validating models in biometric
and health- related research. Example images from this dataset
are shown in the corresponding visual references.

Figure 3: Height-weight-BMI dataset with Celebrity Faces

Experimental Setup Used

We used the Kaggle notebook that has 16 GB RAM and 100
GB ROM with T4 x2 accelerator. Overfitting is avoided by
using Early Stopping Mechanism, stopping the training process
when validation loss is no more improving at an interval of the
same 5 repeated epochs.

Evaluation Metrics Used

In this paper, we utilized the Mean Squared Error as the
regression of loss function. This metric, defined in Equation

GJEIIR. 2025; Vol 5 Issue 4

(1), will calculate the avg of the squared difference between
the actual values (yi) and the predicted values (xi), divided by
the total number of samples (n). The squaring of the differences
ensures that larger errors are penalized more significantly,
making MSE an effective choice for regression tasks.

We assessed our model's performance using the Mean
Absolute Error, which is computed by taking the avg of the
absolute difference between the actual values (yi) and the
predicted values (xi), over all samples (n).

VSR — () ~ .V
JI.&E_{”}ZU;, ;) (1)

i=1

Result

Here, we compared the performance of different models
using two evaluation metrics: Mean Squared Error and Mean
Absolute Error. For consistency, we have focused on MAE in
our analysis. The tables present the MAE results for different
models across various datasets, with Overall-MAE representing
the Mean Absolute Error on the complete dataset, and Male-
MAE and Female-MAE showing the Mean Absolute Error
values for male and female respectively.

Table 1. MAE- Results of Illinois Doc labeled faces Dataset

Overall-MAE | Male-MAE | Female-MAE
EfficientNet 2.87 3.12 2.58
Swin Transformer 3.02 2.92 3.10
ResNeSt 3.15 3.05 3.20

Table 1 represent the performance of our model, Illinois Doc
Labeled Faces dataset containing of facial images, and the
Overall-MAE for this dataset was found to ranging from 2.87
to 3.15. For the male subset, the MAE values ranged between
3.05 and 3.12, while for the female subset, the MAE was higher,
ranging between 2.58 and 3.20. Among the models evaluated,
EfficientNet demonstrated the best performance with the lowest
MAE for both overall and gender-specific results.

Table 2. MAE results of Height-weight-BMI dataset with

Celebrity Faces
Overall-MAE | Male-MAE | Female-MAE
EfficientNet 3.94 3.05 3.42
Swin Transformer 3.25 3.29 3.02
ResNeSt 3.75 4.02 3.74

Table 2 represent the performance of our model, Height-
Weight-BMI Dataset with Celebrity Faces dataset, which
includes images with associated height, weight, and BMI labels,
and the MAE-Overall for this dataset ranged from 3.42 to 3.94,
while the male subset had MAE values between 3.05 and 4.02,
and the female subset had values between 3.02 and 3.74. Among
the models evaluated, Swin Transformer demonstrated the best
performance with the lowest MAE for both overall and gender-
specific results.
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Conclusion

In our study, we recognized that individuals with higher BMI
values are at a greater risk of developing various health problems.
We also discovered the significant correlation between BMI and
the facial features. To leverage this relationship, we proposed an
innovative approach for predicting BMI based on facial images
using deep learning techniques.

Our approach involved evaluating the model on two public
available datasets from different domains, including images of
jail prisoners and the Hollywood Celebrities. The facial data
was preprocessed to ensure proper alignment and preparation
for model training. To enhance processing speed and efficiency,
we utilized GPU (Graphic Processing Unit) acceleration and
transformed our image data into TensorFlow Record format for
optimal handling.

For future work, we envision enhancing the model’s
robustness by training it on a more diverse and balanced dataset,
incorporating individuals from various countries, ethnicities,
and age groups. Additionally, we propose exploring Federated
Learning to train a model on non-public image data, ensuring
privacy and security while expanding the model's reach.

We believe that our research can assist both businesses and
governmental organizations while also raising awareness among
individuals regarding the importance of BMI and its impact on
health. This can empower people to take proactive measures to
monitor and maintain a healthy BMI.
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