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Abstract

Remote photoplethysmography enables non-contact Heart Rate(HR) assessment
by studying skin color fluctuations captured in facial videos. However, the avail-
ability of real face video datasets with physiological ground truth is severely
limited due to privacy concerns and data collection challenges. In response, this
thesis presents a novel method for integrating physiological dynamics into syn-
thetic face videos generated through advanced synthesis techniques, specifically
designed for benchmarking rPPG algorithms in healthcare and telemedicine ap-
plications. By integrating a controllable rPPG signal and simulating physiological
skin tone variations, we create synthetic videos that are able to reflect the target
HR. This method ensures both visual and physiological realism, offering a valu-
able resource for the development and evaluation of rPPG methods. Our results
demonstrate that the embedded physiological signals can be reliably extracted
from the generated videos, validating the effectiveness of this synthetic dataset

for advancing rPPG research.
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CHAPTER 1

Introduction

The development of remote photoplethysmography (rPPG) techniques has opened
new avenues for contactless physiological monitoring by extracting vital signs
from facial videos (Xiao et al., 2024). However, the effectiveness of rPPG models
heavily depends on the availability of high-quality, diverse, and well-annotated
facial video datasets. Privacy concerns, data protection regulations, and the logis-
tical challenges involved in capturing large-scale facial videos with corresponding
ground-truth physiological signals constrain the training and benchmarking of
rPPG algorithms. This scarcity of suitable datasets limits progress in the field
by hindering the generalizability and robustness of existing models. To overcome
these challenges, researchers have increasingly explored synthetic data generation
as a viable alternative to real-world datasets (Palazzo et al., 2018).

Simultaneously, the generation of authentic human facial videos has emerged as a
critical research area in computer vision and deep learning, driven by applications

in virtual communication, entertainment, digital avatars, and human-computer



interaction. Synthetic face videos refer to computer-generated sequences that
portray a human face exhibiting naturalistic expressions, movements, and speech
patterns. These videos are typically created from static visual inputs, such as a
single face image combined with auxiliary modalities such as audio or motion cues.
The goal is to produce video sequences that are visually plausible, temporally
coherent, and preserve the identity of the subject. By leveraging synthetic videos,
it becomes possible to generate large-scale datasets while maintaining control over
various factors such as identity, expression, and environmental conditions.
Synthetic face video generation leverages deep generative models to animate static
inputs and simulate realistic facial dynamics. This process entails learning the in-
tricate relationships between identity, expression, and temporal motion, enabling
the creation of facial videos that closely mimic natural human behavior. Re-
cent advances in deep learning have significantly improved the capacity of these
systems to generalize across diverse identities and scenarios, enhancing their ap-
plicability in real-world contexts such as telepresence, personalized animation,
and video content creation. Central to these advances is the power of deep learn-
ing architectures, which have revolutionized data-driven modeling across many
domains.

Deep learning, a prominent branch of machine learning inspired by the human
brain’s structure and function, is foundational to this domain (LeCun, Bengio,
and Hinton, 2015). Utilizing artificial neural networks with multiple processing
layers, deep learning models extract hierarchical representations from complex,
high-dimensional data including images, audio, and text. This capability supports
end-to-end learning systems that automatically identify meaningful features and
synthesize them for various tasks. In synthetic video generation, deep learning
enables unified, data-driven modeling of facial structure, motion, and identity.
In parallel, integrating physiological parameters into facial video synthesis has

attracted increasing attention as a means to enhance realism and unlock novel



applications. Physiological parameters, measurable biological signals such as HR,
respiration rate, or skin temperature, manifest subtly in facial regions through
changes in skin tone or micro-movements and can be captured non-invasively via
video (Davies and Morris, 1993). Estimating these parameters from facial videos,
for example, by extracting HR and skin temperature from subtle skin color fluctu-
ations or micro-expressions, is an emerging field within synthetic video generation.
Integrating physiological cues into synthetic face videos improves their visual au-
thenticity and opens new possibilities in health monitoring, affective computing,
and biometric security. By incorporating these signals, synthetic videos become
more dynamic and lifelike, bridging the virtual and physical worlds more effec-
tively.

Physiological parameter estimation from facial videos has thus become a key focus
area. It involves extracting vital signals such as HR or skin temperature directly
from video data. Advances in deep learning, computer vision, and signal process-
ing enable accurate detection of these subtle cues, facilitating non-invasive mon-
itoring of an individual’s physiological state (Gupta et al., 2023). This method
holds great promise for personalized health diagnostics, remote patient monitor-
ing, and enhancing interactive virtual environments with real-time physiological
feedback. Despite these advances, the limited availability of large-scale annotated
datasets continues to challenge further progress in this field.

To address the current limitations in dataset availability and realism, this thesis
proposes a novel method for integrating realistic physiological dynamics, specif-
ically rPPG signals, into synthetically generated facial videos. By incorporating
controllable, ground-truth physiological signals into synthetic videos, we aim to
create privacy-preserving, scalable, and physiologically efficient datasets. Such
synthetic data can be leveraged to train and evaluate rPPG models, thereby
advancing research in remote physiological monitoring without dependence on

sensitive real-world recordings.



CHAPTER 2

Literature Review

Physiological signal estimation has traditionally relied on Photoplethysmography
(PPG), a precise contact-based method that measures cardiovascular activity
through direct skin contact. However, due to its intrusive nature and practi-
cal limitations, PPG is not always feasible for many applications. To address
these challenges, Remote Photoplethysmography (rPPG) has been developed as
a non-contact alternative, using video analysis of facial regions to estimate phys-
iological signals remotely. This literature review starts by examining the core
principles, limitations, and theoretical models of both PPG and rPPG. Next, it
covers advanced generative modeling techniques, including Generative Adversar-
ial Networks (GANs) and Diffusion Network, which are widely used for creating
synthetic data. Finally, recent advancements in synthetic face video generation
are discussed, with a focus on methods like SadTalker that enable realistic and
controllable facial synthesis. Together, these topics provide the foundation for

our method to integrating physiological dynamics into synthetic videos.



2.1 Photoplethysmography (PPG)

Photoplethysmography (PPG) is a high-precision light-based sensor technol-
ogy used to measure blood flow volume, allowing the detection of fluctuations in
HR (Sahin et al., 2021). It is a contact-based method that makes measurements
on the surface of the skin. For example, smartwatches and pulse oximeters utilize

this technique.

2.1.1 Working Principle of PPG

Photoplethysmography (PPG) operates by directing specific wavelengths of light
typically green, red, or infrared onto the skin and measuring the amount of light
that is either absorbed or reflected by the underlying tissues. The fluctuations
in blood volume that occur during the cardiac cycle influence the intensity of
the detected light. These variations in light absorption enable the estimation of
physiological signals related to cardiac activity, such as HR (Sahin et al., 2021).
As shown in Figure 2.1.

Emitter Detector Emitter Detector

% % /
———= ——_—

Artery Pulse Wave Artery Pulse Wave

Figure 2.1: Working principle of PPG

2.1.2 Limitations of PPG

The contact-based techniques are unsuitable for monitoring:

e Patients with sensitive skin (Gupta, Bhowmick, and Pal, 2020).
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e Patients with damaged skin, such as burnt victims (Gupta et al., 2023).

e Neonates, due to fragility and potential discomfort (Gupta, Bhowmick,

and Pal, 2017).

While contact-based PPG methods have been widely adopted for HR mon-
itoring, they are not ideal for long-term or continuous use. Extended wear of
such devices may result in user discomfort and can even lead to skin irritation
or infections, particularly in sensitive individuals or high-humidity environments.
These limitations highlight the need for non-contact alternatives such as remote
photoplethysmography (rPPG), which enables physiological monitoring without

direct skin contact.

2.2 Remote Photoplethysmography (rPPG)

2.2.1 What is Remote Photoplethysmography (rPPG)

Remote Photoplethysmography (rPPG) is a contactless optical technique
that estimates variations in blood volume by analyzing subtle color changes in
the skin (Gupta et al., 2023). As shown in Figure 2.2, it only requires a facial

video of a person to measure those subtle changes (Gupta et al., 2023).

\..)
.
.l
3) Temporal signal
1) Video capture 2) Frame extraction acquisition 4) Pulse signal recovery

Figure 2.2: Working steps of rPPG



2.2.2 Eulerian Principle

In the Eulerian principle, variations in the intensity of reflected light rays are
measured to extract rPPG information from face videos (Saikia et al., 2023) as

shown in figure 2.3.

Figure 2.3: Eulerian technique which measures color variations occurring on the face

and generates temporal signal by analyzing those variations

2.2.3 Lagrangian Principle

The Lagrangian technique extracts rPPG information from face videos by ana-

lyzing motion variations (Saikia et al., 2023) as shown in Figure 2.4

Figure 2.4: Lagrangian technique which measures motion variations occurring on the

face and generates temporal signal by analyzing those variations

2.2.4 Applications of rPPG

Remote Photoplethysmography (rPPG) has emerged as a prominent technique

due to its contactless nature and wide applicability across multiple domains:



e Healthcare Monitoring: Enables continuous, non-invasive HR and res-
piratory monitoring, particularly useful for telemedicine and remote patient

care (Salim and Khidhir, 2024).

e Fitness and Wellness: Integrated into webcams and mobile cameras to
estimate HR during fitness sessions without wearable devices (Salim and

Khidhir, 2024).

e Driver Fatigue Detection: Used in automotive applications to monitor
drivers’ physiological states, potentially preventing accidents due to drowsi-

ness (Tohma et al., 2021).

e Security and Surveillance: Supports lie detection and stress analysis by

estimating physiological signals from facial videos (Tohma et al., 2021).

e Neonatal and Burn Patient Care: Offers a safe way to monitor vital
signs in patients where contact-based sensors may cause harm or discomfort

(Lee, Sivakumar, and Lim, 2024).

e Emotion Recognition and Human-Computer Interaction: Assists
in determining user emotions or mental states by analyzing physiological

signals (Lee, Sivakumar, and Lim, 2024).

2.3 Generative Adversarial Network

Generative Adversarial Networks (GANs) are a particular type of neural net-
work that is employed for unsupervised and semisupervised generative tasks. It
basically uses two branches of neural networks; one branch acts like a genera-
tor, and the other one acts like a discriminator. These two branches are trained

simultaneously in a min-max game framework (Goodfellow et al., 2014).



2.3.1 Overview of GAN Structure

A GAN has two main components:

e The generator learns to generate data that closely resembles real data,

and is indistinguishable from synthetic data (Goodfellow et al., 2014).

e The discriminator learns to differentiate between real data and synthetic
data generated by the generator. It imposes penalty on the generator when

it can identify the generator’s output as synthetic (Goodfellow et al., 2014).

2.3.2 Working of GANSs

The training process of a GAN involves the following steps:

e At the start, the generator creates synthetic data that the discriminator

readily recognizes as counterfeit (Aggarwal, Mittal, and Battineni, 2021)

e The generated data is then passed directly to the discriminator for evalua-

tion (Goodfellow et al., 2014).

e Using backpropagation, the discriminator’s feedback guides the generator
in adjusting its parameters to enhance data quality (Aggarwal, Mittal, and

Battineni, 2021).

e Over time, the generator improves and begins producing more realistic data,

eventually fooling the discriminator (Goodfellow et al., 2014).

e If training is successful, the discriminator becomes less effective at distin-
guishing real from fake, often misclassifying fake data as real (Aggarwal,

Mittal, and Battineni, 2021).

The workflow of GAN is shown in Figure 2.5.



[

|
eeseo
o000
oo o0
[ N

Figure 2.5: Architecture of Generative Adversarial Network (GAN)

2.3.3 GAN Objective Function

The objective of a Generative Adversarial Network (GAN) can be formulated as
a minimax optimization problem involving two competing neural networks: the
generator G and the discriminator D. The discriminator aims to correctly identify
whether a given sample originates from the true data distribution or has been
generated by the generator. Whereas the generator seeks to produce data that is

indistinguishable from real samples, thereby attempting to fool the discriminator.

00 1025 V (D, ) = By 090 D(0)] + Eempo (1 = DGE)] (21)

where:
® T ~ Paata(z): Sample from real data distribution.
e 2 ~ p.(z): Random noise input.
e G(-): Output of Generator.

e D(-): Output of Discriminator.

10



2.3.4 Loss Functions

Discriminator Loss

L0 = B 11 D(@)] = Eevy o [In(1 — DG(2)))] (2.2)

Generator Loss

Lg = —Eenp.(5[InD(G(2))] (2.3)

2.4 Diffusion Network

Diffusion is a process where we gradually add random noise to data in small steps.
This is done using a sequence of steps, like in a Markov chain. Then, a network
is trained to reverse this process, removing the noise step by step, until we get

the desired data back from the noise (Ho, Jain, and Abbeel, 2020).

Anatomy of Diffusion Network

The process involves two phases: (i) Forward Diffusion Process and (ii) Reverse

Diffusion Process.

2.4.1 Forward Diffusion Process

The network starts with the original data (e.g., an image) and progressively adds
noise in small steps over time, turning it into random noise. Each step of this
process is typically modeled using a simple distribution like a Gaussian, and the
process is defined over several time steps, where the noise level increases gradually
(Ho, Jain, and Abbeel, 2020).

We define a sequence of variables xr,Xr_1,...,X1,Xg where, xr is pure
noise, and xq is the data sample. The forward diffusion process gradually adds

noise to Xg, resulting in xr.

11



Equation of Forward Diffusion Process

q(xe|x1-1) = N(xe; v/ 1 = By X1, Be]) (2.4)

where:
e ¢(x¢|x;_1) is the conditional probability of x; given x; ;.
e N(-) denotes a normal (Gaussian) distribution.
e [, is the variance schedule at time t.

e [ is the identity matrix.

Marginal Distribution

Rather than sequentially sampling x; from x;_; through all steps, we can solve
for the direct relationship between x; and xy. To do this, we marginalize over all

intermediate states:

q(x¢|x0) = /Q(Xt|Xt—1) q(Xt—1[xt—2) ... q(X1]x0) dX¢—1 ... dx (2.5)
Since the noise addition is Gaussian at each step, this leads to a closed-form
solution:
q(x¢[x0) = N (x4 v/ X0, (1 — &) 1) (2.6)
where

a =] -8) (2.7)

Derivation of Cumulative Noise &

To better understand a;, we rewrite the forward diffusion process (Equation 2.4)

for a single step:

X¢ =\ 1—[ixi1 + \/Efa (2.8)

12



where € ~ N (0, 1) is Gaussian noise.
Applying this recursively for ¢ steps from xg, and referring Equation 2.7,

we get:

Xt — \/d_tXO + Vv 1-— dt €ty (29)

where ¢, is the cumulative noise after ¢ steps.

2.4.2 Reverse Diffusion Process

After the forward diffusion process, the model learns the reverse process. Particu-
larly, the model is trained to reverse the diffusion by gradually denoising the noisy
data and reconstructing the original data from the noise. This reverse process
is also performed step by step and is typically modeled using a neural network.

The functioning of the diffusion network is shown in Figure 2.6.

pextl\xt)
g ﬁ

Xt|Xt 1

Figure 2.6: Diffusion Network

Reverse Diffusion Equation

The reverse process is modeled by a series of Gaussian distributions:

Q<Xt*1’Xt> = N(thﬁ MG(XM t)a 29<Xt7 t))? (2'10)

where:
e X, is the noisy image at time step t.

e 1ip(x¢,t) is the mean predicted by the model.

13



o Yy(xy,t) is the predicted variance.

Mean of the Reverse Process

po(x¢,t) = \/104_15 (xt - \/%eg(xt,t)) : (2.11)

where:
e «; and (3; are time-dependent noise coefficients.

;= HZ:l Q.

o cy(xy,1) is the noise predicted by the model.

Variance of the Reverse Process

The variance is typically either learned or fixed. In the variance-preserving set-

ting:

Ze(Xtat) = B (2~12)

2.4.3 Loss Function of a Diffusion Network

The goal is to train the model to learn the reverse process and recover the original
data distribution. A simplified loss function based on the denoising process is

often used.

Simplified Loss Function

Lsimple = Exo,s,t [HE - EO(Xty t)||2] ) (213)

where:

e X, is the original data sample.

14



o x; = \/uXo + /1 — ae, with e ~ N (0, ).
e co(xy,t) is the predicted noise.

e ¢ is the true noise added to xg.

The model ¢y is trained to predict the added noise € at each time step, referring

to Equation 2.9.

2.5 Synthetic Face Video Generation

2.5.1 SadTalker: Realistic and Stylized Audio-Driven Talk-

ing Face Generation

SadTalker presents a robust solution to the challenges of synthesizing realistic
talking head videos from a single static image and audio input. It tackles com-
mon issues in earlier methods, such as unnatural head movement, expression
distortion, and loss of identity, by introducing a 3D-aware and semantically dis-
entangled framework (Zhang et al., 2023).

The method employs 3D Morphable Model (3DMM) motion coefficients as
an intermediate representation, allowing the decoupling of facial expressions and

head poses. This architecture is structured around three key modules:

e ExpNet is responsible for generating expression coefficients from audio,
with a particular focus on lip motion. It uses lip-only expression targets for
supervision and incorporates identity-specific priors. Additional perceptual
losses, such as facial landmark and lip-reading losses, further enhance the

accuracy of expression synthesis (Zhang et al., 2023).

e PoseVAE models head motion using a conditional variational autoencoder.
Rather than predicting absolute head poses, it learns residual motion rel-

ative to an initial pose, resulting in smoother and more natural motion

15



sequences. Audio features and a style identity vector guide the generation

of diverse head movements (Zhang et al., 2023).

e 3D-Aware Face Renderer synthesizes photorealistic video frames by
mapping the generated 3SDMM motion coefficients into an unsupervised 3D
keypoint domain. This allows the system to generate realistic animations

without requiring a driving video as input (Zhang et al., 2023).

SadTalker demonstrates strong performance across multiple metrics, includ-
ing lip synchronization accuracy, head pose diversity, and identity preservation.
Its modular architecture supports the independent training of each component
while allowing end-to-end inference during testing. Despite occasional artifacts in
regions like the teeth and eyes, due to inherent limitations in 3DMM modeling,
these issues can be alleviated through post-processing methods. In summary,
SadTalker advances the state of the art in talking face generation from a single
image by effectively combining realism, expressivity, and control within a unified

framework.
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CHAPTER 3

Proposed Method

The primary objective of this work is to integrate physiological dynamics into
synthetic face videos, enhancing their realism by integrating subtle yet mean-
ingful signals such as HR through natural skin color variations. Our method
begins with generating a synthetic face video using SadTalker, which animates
a static image based on an audio input to produce realistic facial movements.
From this video, we extract facial frames precisely using facial landmark detec-
tion tools such as MediaPipe or OpenFace (Challa, Krishna, Chakravarthi, et al.,
2023), ensuring a focused region for physiological modulation. We then gener-
ate an rPPG signal modeled as a sinusoidal waveform corresponding to a target
HR, which acts as the physiological reference. Using the CIELAB color space
(Weatherall and Coombs, 1992), we perform frame-by-frame modulation on the
extracted facial frames, adjusting both the luminance (L*) and chrominance (a*)
channels in accordance with the generated rPPG signal. This modulation sim-

ulates the subtle skin color changes caused by blood volume variations under
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the skin. Finally, we extract the rPPG signal from the modulated video frames
to verify that the integrated physiological information accurately reflects the in-
tended HR. This method ensures that the synthetic face videos exhibit natural
expressions and movements while integrating authentic physiological dynamics
through subtle skin color fluctuations, consistent and measurable changes but

typically imperceptible to the naked eye.

3.1 Synthetic Face Video Generation

To begin the process, we generate the synthetic face video using the Sad Talker
framework. SadTalker is used to generate facial animations driven by the cor-
responding audio input. This framework allows for realistic facial expression
synthesis and head pose estimation, providing us with the initial synthetic face
video.

However, the generated face video might exhibit unrealistic physiological
attributes, such as abnormal HR variations. Thus, additional steps are needed

to integrate real physiological dynamics, such as HR, into the synthetic video.

3.2 Face Frame Extraction

After generating the synthetic face video, we use Mediapipe or OpenFace to pre-
cisely extract the face frames from the video. These tools are used to ensure
that only the facial region is considered, excluding background and non-facial ar-
eas. Mediapipe’s Face Mesh is particularly effective in detecting facial landmarks,
enabling us to extract accurate face frames with minimal interference from the

background.

18



3.2.1 Mediapipe/OpenFace Extraction Process

1. Face Detection: The face is detected in each frame.

2. Landmark Detection: Mediapipe or OpenFace is used to extract facial

landmarks, ensuring the precision of the face frame extraction.

3. Face Frame Isolation: Using the detected landmarks, the face region is

isolated, leaving only the face area for further processing.

3.3 rPPG Signal Generation and Modification

We generate a synthetic rPPG signal corresponding to a desired target HR, de-
signed to simulate periodic skin reflectance changes associated with blood volume
pulse. This signal is then used to modulate pixel intensities in the CIELAB color
space, particularly the L* and a* channels, which are more sensitive to physio-
logical variations. The b* channel, being less relevant to rPPG dynamics, is left

unmodified.

3.3.1 Synthetic Temporal Signal Generation

To simulate the cardiac pulse, we generate a simple sine wave at a frequency
corresponding to the target HR, h; of frequency f (in Hz). Let f denote this
frequency and t the time vector sampled at the video frame rate. The synthetic

signal seyn(f,t) is defined as:

Ssyn(f,t) = sin(27 ft) (3.1)
Here, f = %, where HR in beats per minute (BPM), and ¢t = fosr With n as

the frame index and fps the frame rate. This generates a temporally smooth and

periodic signal that mimics the pulsatile nature of real rPPG signals.
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3.3.2 Signal-Based Pixel Modulation in Lab Space

Once the rPPG signal is generated, we modulate the L* (lightness) and a*
(green—red opponent) channels of the CIELAB representation of each facial frame.
These channels are known to exhibit stronger sensitivity to hemoglobin-related
absorption changes than the b* (blue—yellow) channel, which remains unaltered.

For each frame, the synthetic signal value at time ¢ is scaled and added to

the L* and a* channel values within the face region, defined by a binary mask.

3.3.3 Skin Color Modulation

1. HR Signal: A synthetic rPPG signal is generated based on the desired

HR, using a simple sine function as defined in Equation 3.1.

2. Skin Color Adjustment in Lab Space: Instead of directly modifying
the RGB channels, we convert each face frame to the CIELAB color space,
which better aligns with human perceptual sensitivity. The skin region is
modulated by altering the L* (lightness) and a* (green-red) channels as

follows:

L =L} + a-rPPG(t) (3.2)
af = a; + - rPPG(t) (3.3)
Where rPPG(¢) is defined as the synthetic signal sq,(f,t), Lj and af rep-
resent the channel intensities at time ¢, and o and § are the modulation

strengths. The b* channel is left unchanged due to its weaker relevance to

blood volume pulse variations.
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3.4 Overlaying Modified Face Frames onto Real
Video

After modulating the skin tone using the synthetic rPPG signal, the modified
face frames are composited back onto the original video frames to achieve a pho-

torealistic appearance with embedded physiological dynamics.

3.4.1 Overlay Process

1. Face Frame Modification: The face-only frames are converted to CIELAB
color space, modulated according to the synthetic rPPG signal (in L* and

a* channels), and converted back to RGB for rendering.

2. Frame Overlay: The modified face regions are seamlessly overlaid onto the
original video frames using a binary face mask, ensuring that the temporal
modulation affects only the facial skin and not the surrounding regions

(such as, background, hair, or clothing).

3.5 HR Validation of Modified Synthetic Video

Finally, to validate the effectiveness of the physiological dynamics incorporation,
we extract the rPPG signals from the final modified synthetic video frames, fol-

lowed by HR estimation from those rPPG signals.
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3.5.1 The rPPG Signal Extraction from Synthetic Face
Video

Frame Extraction from the Video

The modified synthetic video consists of a sequence of frames captured at a fixed
frame rate (FPS). We extract frames from the input video:

L=V({®), t=1,23,...,n (3.4)
where I; is the frame at time ¢, and n is the total frames of input video V. Frame

extraction from video is shown in Figure 3.1.

p— Fra}ne-3
e, Frame-2
Frame-1

Input Video Frame Extraction

Figure 3.1: Frame Extraction

Face Localization and Landmark Detection

We detect the face in each frame using a face detection algorithm (e.g., Mediapipe
or OpenCV). The same algorithm is used to find landmark points of the detected

face, represented as:

ly = (z,9) (3.5)
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where (z,y) are the coordinates of the landmark point [; of the detected face.

Face localization is shown in Figure 3.2.

P—— Frame-3
P Frame-2

Frame-1

Video Frames Landmark Detection

Figure 3.2: Landmark Detection

Selecting the Region of Interest (ROI) Using (z,y) Coordinates

The forehead is an ideal region for the extraction of rPPG. We extract the ROI
R; within the detected face with the help of detected landmarks:

R, = (wror, Yror, Wrot, hrot) (3.6)
where xgror, yror are the top-left coordinates of the ROI inside the face, and

wror, hror define its size as shown in Figure 3.3.

Frame-1

Frame-1

ROI Extraction

Figure 3.3: ROI extraction
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Dividing ROI into Blocks for Better Signal Extraction

To reduce the noise effect, we divide the ROI into small, equal-sized blocks and

extract rPPG signal for each block:
R, = U b; (3.7)
i=1
where b; refers to the i" block, and m is the total number of blocks present in R,

as shown in Figure 3.4.

Blocks

Figure 3.4: ROI division into blocks

The rPPG Signal Extraction from Each Block

We use the Eulerian principle to extract the rPPG signal from each block. The

temporal signal corresponding to the i*® block is formulated as:

o = = (3.9)

Where:
e b, — rPPG signal extracted from the i*" block using Eulerian principle.
e n — Total number of video frames considered.
/

e p/ — Average green channel intensity of the i*" block in frame f.
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° Bz-f — Set containing all pixel locations within the i*" block of frame f.
e 1 — Number of pixels present in the set Bif .

e [,(u,v) — Green channel intensity value at the pixel coordinate (u, v).

3.5.2 Pulse Signal Extraction Using BSS

After extracting rPPG signals from each block of the selected ROI from equa-

tion (3.8). We apply Blind Source Separation (BSS) to extract the pulse signal
by decomposing the mixed signals into independent components:

S = BSS([by, ba, ..., b)) (3.10)

Among the separated components, the principal component that corre-

sponds to the physiological HR range (0.7-4.0 Hz) is selected as the pulse signal:

Sps € S (3.11)

Pulse signal extraction using BSS is shown in Figure 3.5

Temporal Signals Pulse Signal
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Figure 3.5: Pulse signal extracted using BSS.

To identify the primary frequency component of the extracted pulse signal,

we apply the Fast Fourier Transform (FFT) on (s,s):

Sps(f") = Fsps) (3.12)
where F represents the Fourier Transform operation. The resulting fre-

quency spectrum Spuisesignal(f') provides information on periodic variations in
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the intensity of skin color due to blood flow. After extracting the frequency
spectrum Spyise-signal (f'), the HR is computed from the extracted spectrum based
on the principle that the dominant frequency component reflects cardiovascular
activity (Gupta, Bhowmick, and Pal, 2017). The frequency with the highest mag-
nitude, f’, corresponds to the HR frequency, as shown in the Figure 3.6 and the
final HR value, h}, is given by:

hy = round (f" x 60) (3.13)

where round(-) denotes the rounding operation.
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Figure 3.6: Obtaining pulse signal’s spectrum.

Finally, we validate whether the extracted heart rate (HR), h}, matches the
original target HR, h;, which was incorporated into the face frames, by using
equation (3.1). A very low difference between the extracted heart rate (HR), h},
and the original target HR, hy, confirms that the physiological dynamics (i.e., HR
modulation) have been effectively embedded into the synthetic face video. This
method ensures that the generated synthetic face videos exhibit realistic physio-
logical dynamics, such as skin color variations driven by HR, thereby providing a

natural simulation of human facial appearance.
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CHAPTER 4

Results and Discussion

4.1 Evaluation Protocol

4.1.1 Introduction to the Evaluation Protocol

To evaluate the effectiveness of incorporating physiological dynamics, we generate
synthetic face videos using a static image and an audio signal, followed by post-
generation modulation of the facial region using a predefined rPPG waveform.
The physiological signal is embedded by altering pixel intensities within selected
facial areas primarily the cheeks and forehead according to the temporal dynamics
of the target waveform.

Once the HR incorporated synthetic videos are generated, we apply signal
processing techniques to assess whether the embedded rPPG signals can be pre-
cisely retrieved. Specifically, Independent Component Analysis (ICA) is applied
to the forehead region to extract the physiological signal. The extracted signal is

then compared with the original reference waveform to evaluate fidelity.

27



This evaluation method enables precise, ground-truth-based assessment of
both the integrating and retrieval processes, confirming the ability of the synthetic

pipeline to produce realistic and analyzable physiological dynamics.

4.1.2 Qualitative Results

To assess the visual quality of our synthetic face frames after incorporating physio-
logical dynamics, we conducted a frame-by-frame analysis of the rPPG modulated
outputs. The goal was to ensure that rPPG-based modulation did not introduce
visible artifacts or disrupt the natural appearance of facial textures, expressions,
or lighting conditions.

To embed the rPPG signal, each face frame was first converted from the
RGB color space to the perceptually uniform CIELAB color space. Subtle in-
tensity modulation was then applied to the L* (lightness) and a* (green—red)
channels based on the synthetic rPPG signal. After modulation, the frames were
converted back to RGB for rendering. Due to the localized and low-amplitude
nature of the modifications, the visual differences between original and modulated
frames remained imperceptible to the naked eye. Photorealism was successfully
preserved across a variety of poses and facial expressions.

As illustrated in Figure 4.1, the rPPG-based modulation process preserves
the visual quality of the face images. The modulation was carefully applied
only to selected facial regions specifically the cheeks and forehead, using facial
landmark-based masking. Sensitive areas such as the eyes, lips, and background
were deliberately excluded to maintain natural appearance and avoid unwanted
distortions.

Although the current analysis focuses on individual frames, preliminary ob-
servations reveal a high degree of visual consistency across temporally adjacent
frames. This suggests the potential for smooth temporal coherence once the

modulated frames are reassembled into a video. A dynamic evaluation through
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Figure 4.1: Sample comparison between original (top row) and rPPG-modulated

(bottom row) face frames.

playback will be conducted to further validate motion continuity and perceptual
realism. The modulation preserves facial texture, lighting, and overall realism
while integrating the physiological signal. Overall, these results confirm that the
proposed modulation pipeline effectively embeds physiological signals while main-
taining the visual integrity of the face. This balance is essential for downstream
applications such as rPPG signal extraction and physiological monitoring from

synthetic videos.

4.1.3 Quantitative Evaluation
Synthetic Video Evaluation

In this section, we evaluate the effectiveness of our synthetic video generation
pipeline by comparing the HR signals incorporated into the facial frames with

those extracted using the rPPG extraction method. This comparison quantifies
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the fidelity of the embedded physiological dynamics and the accuracy of signal

recovery.

Serial No. | Incorporated HR (BPM) | Frequency (Hz) | Extracted HR (BPM) | Absolute Error HR (BPM)
Subject 1 54.00 0.90 54.16 0.16
Subject 2 60.00 1.00 60.18 0.18
Subject 3 72.00 1.20 72.22 0.22
Subject 4 90.00 1.50 90.27 0.27
Subject 5 120.00 2.00 120.36 0.36
Subject 6 150.00 2.50 150.45 0.45
Subject 7 168.00 2.80 168.51 0.51
Subject 8 180.00 3.00 180.54 0.54
Subject 9 210.00 3.50 210.63 0.63
Subject 10 240.00 4.00 239.22 0.78

Table 4.1: Comparison of Incorporated and Extracted HRs with Absolute Error

The table above presents the quantitative evaluation of our method, in
which a predefined HR signal was integrated into synthetic face videos and sub-
sequently extracted using our signal processing pipeline. The precision of this
extraction is assessed using the Absolute Error (AE), which measures the de-
viation between the incorporated and extracted HRs. The consistently low AE
values across all test cases highlight the effectiveness of our method in accurately
recovering the embedded physiological signals. These results validate the relia-
bility of our rPPG extraction pipeline in controlled synthetic settings.

The Mean Absolute Error (MAE) between the incorporated and extracted
HRs across all synthetic videos was found to be remarkably low at 0.41 BPM,
demonstrating the high precision and reliability of our rPPG extraction pipeline.
Additionally, the Mean Squared Error (MSE) was computed to be 0.207
BPM?2, further confirming the minimal deviation between the intended and
recovered HR values. Most notably, the Pearson Correlation Coefficient

(PCC) between the incorporated and extracted HRs was calculated to be 0.99998,
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indicating an almost perfect linear agreement.

These metrics collectively highlight the strong fidelity, robustness, and real-
ism of the synthetic physiological dynamics embedded within the generated face
videos, validating the effectiveness of our method in accurately simulating and

recovering vital signs from visual data.

4.1.4 Result Analysis on Synthetic Data

To evaluate the effectiveness of the proposed rPPG signal extraction pipeline,
experiments were conducted exclusively on synthetically generated face videos
embedded with controlled physiological dynamics. In these videos, a clean sinu-
soidal rPPG signal was intentionally incorporated during the modulation process
to serve as a known ground truth for validation.

The results demonstrate a high degree of fidelity between the incorporated
and extracted HR signals. The Mean Absolute Error (MAE) between the incor-
porated and extracted HRs was found to be exceptionally low, indicating minimal
deviation. Additionally, the Mean Squared Error (MSE) remained negligible, and
the Pearson Correlation Coefficient (PCC) approached unity, reflecting a near-
perfect linear correlation between the signals.

These results validate two essential aspects: (i) the efficiency and robustness
of the rPPG extraction method under ideal, controlled conditions, and (ii) the
effectiveness of the synthetic video generation pipeline in integrating realistic,
retrievable physiological dynamics without compromising visual quality.

Such high accuracy in a controlled synthetic environment provides a reliable
testbed for benchmarking rPPG algorithms and facilitates further development

and validation before deployment in real-world scenarios.
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CHAPTER b

Conclusion and Future Work

5.1 Conclusion and Future Work

5.1.1 Conclusion

In this thesis, we presented a novel method for incorporating physiological dynam-
ics specifically, remote photoplethysmography (rPPG) signals into synthetically
generated face videos. Starting from a static face image and an audio signal,
we generated realistic talking face videos and subsequently modulated specific
facial regions (forehead and cheeks) using a predefined rPPG waveform. Careful
landmark based masking ensured that sensitive regions such as the eyes, lips, and
background remained unaffected, preserving visual realism.

Quantitative analysis demonstrated the high fidelity of the embedded sig-
nals. Our rPPG extraction pipeline was able to retrieve the incorporated HR sig-
nals with a Mlean Absolute Error (MAE) of 0.41 BPM, Mean Squared Er-
ror (MSE) of 0.207 BPM?, and Pearson Correlation Coefficient (PCC)
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of 0.99998, indicating almost perfect agreement between the embedded and re-
covered signals. These results confirm the effectiveness of our modulation strategy
and the robustness of our extraction pipeline under controlled conditions.

This work serves as a step forward in bridging the domains of facial video
synthesis and physiological signal modeling, enabling the creation of synthetic

datasets with controllable and ground-truth-aligned physiological dynamics.
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5.1.2 Future Work

Although the proposed method demonstrates strong potential, several enhance-

ments can be pursued to increase its utility and realism:

e Physiological Signal Diversity: Future extensions could explore inte-
grating more complex and realistic physiological patterns, such as non-
sinusoidal waveforms, signal variability, and natural noise better approxi-
mating real cardiovascular behavior and improving generalization to real-

world conditions.

e Dynamic Environmental Conditions: The current setup assumes a
controlled environment. Incorporating dynamic lighting, background vari-
ation, and head motion into the synthetic videos could provide a more
rigorous testbed for evaluating rPPG extraction algorithms under realistic

challenges.

e Extension to Multi-modal Physiological Embedding: Beyond HR,
this method can be extended to include other physiological signals such
as respiratory rate or facial thermal patterns, enabling richer synthetic

datasets for multi-modal health monitoring and signal fusion research.

e Integration with Learning-based rPPG Models: The synthetic videos
generated through our pipeline can be used to train or pre-train deep learn-
ing models for rPPG signal estimation, offering a data-rich, noise-controlled

environment for improving model robustness in low-data real-world settings.
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