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Abstract

Remote photoplethysmography (rPPG) is a non-contact technology that estimates physio-
logical signals, such as Heart Rate (HR), by capturing subtle skin color changes caused by
periodic blood volume variations using only a standard RGB camera. While cost-effective
and convenient, it suffers from a fundamental limitation: performance degrades severely in
dynamic environments due to susceptibility to noise, such as abrupt illumination changes
or motion blur. This study presents a deep learning framework that combines two struc-
tural modifications to ensure robustness in dynamic environments, specifically modeling
movement noise and illumination change noise. The proposed framework structurally
cancels global disturbances, such as illumination changes or global motion, through a
dual-branch pipeline that encodes the face and background in parallel after Video Color
Magnification (VCM) and then performs differencing. Subsequently, it utilizes a structure
that injects a Temporal Shift Module (TSM) into the Spatio-Temporal Feature Extraction
(SSFE) block to preserve long- and short-term temporal correlations and smooth noise,
even amidst short and irregular movements. We measured MAE, RMSE, and correlation on
the standard dataset UBFC-rPPG under four noise conditions: clean, illumination change
noise, Movement Noise, Both Noise and the real-world in-vehicle dataset MR-NIRP (Sta-
tionary and Driving). Experimental results showed that the proposed method achieved
consistent error reduction and correlation improvement compared to the VS-Net baseline
in the illumination change noise-only and combined noise environments (UBFC-rPPG) and
in the high-noise driving scenario (MR-NIRP). It maintained competitive performance in
motion-only noise. Conversely, a modest performance disadvantage was observed under
clean conditions (UBFC) and quasi-clean stationary conditions (MR-NIRP), interpreted as a
design trade-off focused on global noise cancellation and temporal smoothing. Ablation
studies demonstrated that the dual-branch pipeline is the primary contributor under illumi-
nation change noise, while TSM is the key contributor under movement noise, and that the
combination of both elements achieves optimal robustness in the most complex scenarios.

Keywords: remote photoplethysmography; foreground–background differencing; temporal
shift module; video color magnification; noise robustness; spatio temporal

MSC: 68T01

1. Introduction
Remote photoplethysmography (rPPG) is a non-contact technology that estimates

physiological signals, such as Heart Rate (HR), by capturing subtle skin color changes
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induced by periodic blood volume variations using only a standard RGB camera [1,2]. Its
advantage of enabling measurement with only video, without wearables or electrodes,
drives its significant potential for expansion into real-world applications such as medicine,
healthcare, and driver monitoring [3,4]. However, rPPG signals have a low amplitude
compared to the video signal and possess a fundamental limitation of being highly sensi-
tive to environmental disturbances such as illumination changes, subject/camera motion,
and compression noise [5,6]. Ultimately, achieving both the amplification and quality preser-
vation of the weak signal, and robustness against real-world noise simultaneously, is the
key challenge.

Initially, traditional video amplification methods like Eulerian Video Magnification
(EVM) [7] and Phase-based Video Magnification (PVM) were dominant. These methods
filter and amplify color/luminance variations in the cardiac band to emphasize signals that
are difficult to perceive with the naked eye. Despite the advantages of an intuitive structure
and controllability, they rely on fixed linear operations, which leads to the problem of ampli-
fying global noise along with the interest signal as global illumination changes and global
motion/motion blur increase [7,8]. Visual distortions such as ringing and blurring, and lim-
itations in adapting to scene/skin distribution differences, are also frequently observed.

The recent trend has shifted towards spatio-temporal representation learning [9–12].
In particular, VS-Net methods [13] that combine 3D patch embedding with spatio-temporal
attention (Video Swin Transformer) [14] have achieved very high accuracy under static
and clean conditions by jointly modeling spatial correlations between skin regions and the
temporal periodicity of heartbeats. However, in real-world dynamic environments—for
example, inside vehicles with rapid illumination changes at tunnel entrances/exits, strobing
from windows/trees, and global motion/motion blur from road irregularities and vehicle
vibrations—performance markedly degrades. This is because numerous noises appear
commonly across the entire frame, making them difficult to remove using only spatio-
temporal periodicity; short, irregular impulsive noises momentarily mask the slow rPPG
signal, hindering long- and short-term dependency learning; and low-frequency drift
heavily disrupts the input distribution. While the performance of periodicity preservation
itself remains good, robustly estimating that periodicity amidst global noise and impulsive
motion remains an unsolved challenge.

We proposes a framework with a new structure to structurally bridge this gap.
To counter global noise and low-frequency drift, we introduce a Foreground-Background
Dual-Branch Differencing pipeline that encodes the face and surrounding background in
parallel at the same time point and fuses them via differencing, inspired by prior work on
two-stream processing [15]. Utilizing the fact that physiological signals do not exist in the
background while noise is reflected in both the foreground and background, this method
amplifies the heartbeat band variation first, then cancels the simultaneous variations from
the background branch, thereby suppressing global illumination change/motion compo-
nents and increasing the preservation rate of the signal of interest. To address short and
irregular impulsive noise in the real world, we propose a structure that injects a Temporal
Shift Module (TSM) [16] inside the Spatio-Temporal Feature Extraction (SSFE) block, allow-
ing features to be circulated between adjacent frames without increasing parameters. This
shift helps to capture long-term periodicity and short-term variations simultaneously [17],
smoothing momentary impacts or motion blur to maintain the low-frequency rPPG signal.
In short, we present a pipeline that reveals the signal through amplification, removes global
noise through background differencing, and withstands impulsive disturbances through
shift-based spatio-temporal coupling.

The proposed methodology acts as a framework that prioritizes consistency and reli-
ability in real-world scenarios where global noise and abnormal motion coexist, without
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significantly compromising accuracy. We verify the robustness of the proposed method by
systematically organizing single and composite disturbances on UBFC [18], representing in-
door static environments, and MR-NIRP [3,4], representing actual in-vehicle environments.
Consequently, this study maintains the preservation of rPPG periodicity as a central value
but presents a structural alternative to ensure this periodicity does not collapse under realis-
tic disturbances, thereby increasing the feasibility of applying rPPG to real-world sites such
as driver monitoring [3] and remote biometric measurement under mixed illumination.

2. Related Works
2.1. Video Color Magnification

Video Color Magnification (VCM) is a technique that amplifies subtle periodic changes
in the color or luminance of video frames to visualize and enhance physiological signals
that are difficult to distinguish with the naked eye. In the context of rPPG, the faint skin
color changes within the cardiac frequency band are the signal of interest, and VCM
selectively boosts the varying components in this band to increase the preservation rate of
the target signal.

Early traditional approaches were led by the EVM family [7]. Spatially, these meth-
ods perform multi-resolution decomposition using image pyramids, and temporally, they
apply a band-pass filter to amplify only the target frequency band before synthesizing
the result. This line includes not only the classic EVM [7], which directly amplifies lu-
minance (amplitude) variations, but also PVM, which uses complex steerable pyramids
to amplify local phase changes. PVM offers advantages such as relatively better preser-
vation of edges/textures and partial mitigation of large structural distortions or ringing
artifacts in the output. Nevertheless, both methods rely on fixed linear filters/phase ma-
nipulations, leading to pronounced side effects where global noise is amplified along
with the signal as illumination changes or camera/subject motion increases [7]. They are
particularly vulnerable to low-frequency drift caused by auto-exposure/white balance,
illumination changes, and motion blur, resulting in problems like distortion, intensified
blurring, and ringing in the output video. Furthermore, they struggle to adapt to variations
in scene/subject distribution and fail to capture valid information outside the set filter
band or non-linear interactions.

To overcome these limitations, learning-based video magnification (LVM) was pro-
posed [8]. A neural network comprising an encoder–manipulator–decoder is trained to
extract, amplify, and reconstruct the target components from the input sequence. The en-
coder extracts features from frame pairs, the manipulator takes the structural differences
between two time points to amplify components in the target band, and the decoder
reconstructs the amplified result back into the image or feature space [8]. Thanks to its
data-driven nature, this approach has shown superior results compared to traditional EVM
in aspects like texture preservation, mitigation of color distortion, and relative suppression
of low-frequency illumination changes [8,19]. Nevertheless, LVM still has remaining limita-
tions. Signals strongly present across the entire frame, such as global illumination changes
or camera shake, are easily amplified by the network along with the signal of interest [8].
This means that even if the frequency band of the target for amplification is matched, global
noise might be co-amplified, potentially leading to no improvement or even degradation in
the preservation rate of the signal of interest in the rPPG signal. The generalization of the
amplifier decreases when the training distribution mismatches the actual test distribution,
and if the statistical differences between background and skin regions are not explicitly
handled, leakage of background-originating global noise can persist [15].
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2.2. VS-Net

VS-Net is a deep learning model for video-based rPPG measurement, combining
LVM with a spatio-temporal transformer structure [13]. The model first amplifies subtle
skin color changes in the input video using a deep neural network, then models local
and global spatio-temporal interactions within the amplified frames using Video Swin
Transformer blocks [14], which combine multi-head self-attention and convolution. Notably,
the Video Swin Transformer effectively extracts spatio-temporal features by capturing local
relationships within each window using 3D windowed self-attention and shifted-window
self-attention, and exchanging global information through shifts between windows [14,20].

VS-Net introduced a contrastive learning module to enhance learning for weak rPPG
signals [13]. It generates positive/negative sample couples reflecting HR changes by resam-
pling the input video at various frequencies. A loss function is then constructed to learn
the similarities and differences between these couples, enabling the model to distinguish
even faint signals, a concept also explored in other self-supervised rPPG works [21,22].
In the training process, the VCM was first pre-trained on a synthetic dataset simulating
facial color changes, and then the entire VS-Net was fine-tuned end-to-end based on the
learned weights [13]. With this design, VS-Net exhibits very high rPPG estimation accuracy
in controlled environments. On the UBFC-rPPG dataset [18], it achieved improved results
compared to previous methodologies in terms of MAE, RMSE, and correlation coefficient
R for HR [13]. The combination of VCM and Transformer-based learning imparted ro-
bustness to illumination and posture changes, demonstrating the feasibility of stable HR
measurement in low-noise indoor environments. On the other hand, VS-Net has limitations
in dynamic and noisy environments. In situations involving rapid global facial movements,
complex illumination changes, motion blur, or changes in camera sensor position, noise can
be amplified along with color changes, potentially reducing the accuracy of rPPG signal
prediction. Indeed, on dynamic and noisy datasets like MR-NIRP [3,4], its performance has
been shown to be somewhat lower. In summary, while VS-Net performs very strongly in
stable laboratory-level environments, it has limitations requiring further improvement for
real-world scenarios involving abrupt movements or complex illumination changes.

3. Methodology
3.1. Problem Statement

The main goal of this paper is to restore the rPPG waveform and HR from RGB
facial videos captured in dynamic and noisy environments. We consider an RGB facial
video V = {It}T

t=1. The target is a band-limited blood-volume pulse (BVP) sϕ(t) with
fundamental frequency in [0.7, 4] Hz (42–240 bpm) [6]. We define two simultaneous regions
of interest (ROI): a facial foreground RF and a background ring RB. Spatial averaging within
each ROI yields foreground/background traces that inherit frame-wide disturbances. We
assume the per-pixel intensity can be decomposed into a weak physiological component,
a frame-wide global nuisance, and local motion/blur artifacts, based on established rPPG
reflection models [5,6], as

It(x) = α(x)sϕ(t) + gt + mt(x), (1)

where α(x) scales the physiological signal spatially, gt denotes frame-wide (global) nui-
sances such as illumination drift and auto-exposure/white-balance fluctuations, and mt(x)
captures irregular local disturbances. Given V, our objective is to estimate a waveform ŝ(t)
that is temporally aligned with sϕ(t) up to an unknown affine transformation and from
which HR can be robustly derived via the dominant spectral peak of PSD(ŝ) [2,5].
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3.2. Foreground–Background Dual-Branch Differencing Pipeline

In dynamic and noisy real-world scenarios, global noise, vibrations, and motion
blur are reflected simultaneously across the entire frame. In contrast, the effective rPPG
signal originates only from the face. Based on this fact, our method proposes a dual-branch
pipeline that embeds the face and its surrounding area from the same time point using
identical encoders, and then cancels common components by differencing the amplified
representations from the two branches [15]. Since the background contains almost no
physiological periodic signal, the differencing aims to remove global noise and amplify
only the signal of interest.

This section proposes a dual-branch differencing pipeline that structurally cancels
global illumination change noise and movement noise by differencing the face represen-
tation and the background representation after VCM. The architecture of this framework
is illustrated in Figure 1, and the detailed procedure is described in Algorithm 1. Given
an RGB video {It}T

t=1, facial landmarks are detected in each frame [23], and the geometry
is aligned using a similarity transformation Tt to a reference template. From the aligned
frame Ĩt = Tt(It), the branch inputs are constructed by masking the facial ROI Ω f and the
background ROI Ωb (non-skin area):

x f
t = Mask( Ĩt, Ω f ) ∈ RH×W×3, xb

t = Mask( Ĩt, Ωb) ∈ RH×W×3. (2)

Then, clip-wise channel normalization is applied to each branch to mitigate exposure/white
balance drift, and d-channel features are obtained using a shallow learnable color projection
Φ(·) (based on 1×1 convolution for color mixing):

z f
t = Φ(x f

t ), zb
t = Φ(xb

t ) ∈ Rd×H×W . (3)

Let B be the temporal band-pass filter restricted to the physiological band (0.7–4.0 Hz),
and let α > 0 be the amplification factor. We apply a learn-based VCMMθ (detailed in
Section 3.3, see Equation (6)) that uses the amplification factor as a parameter to amplify
only the band-limited oscillations while maintaining the low-frequency components. Ap-
plyingMθ to both branches yields the amplified features Ft =Mθ(z

f
t ) and Bt =Mθ(zb

t ).
Here, Ft, Bt ∈ Rd×H×W are the amplified feature maps of the face and background, respec-
tively. Since global illumination change noise/movement noise affect both the foreground
and background similarly in scale, we estimate a scalar κ∗ to match the scale of the back-
ground signal before differencing. For a time window W ⊂ {1, . . . , T}, this is done via
Ridge regression:

κ∗ = arg min
κ∈R ∑

t∈W
∥Ft − κBt∥2

F + λκ2 =
∑t∈W ⟨Bt, Ft⟩F

∑t∈W ∥Bt∥2
F + λ

, (4)

where ⟨·, ·⟩F and ∥ · ∥F are the GFrobenius Norm including channel and spatial dimensions,
and λ > 0 is a stabilization constant. Subsequently, the differenced amplified feature is
constructed as follows:

Dt = Ft − κ∗Bt, t ∈ W . (5)

This suppresses the global noise components present commonly in both branches. If neces-
sary, κ∗ is clamped to [0, κmax] to prevent excessive subtraction. At this point, Dt structurally
suppresses the global noise spreading simultaneously across the entire frame while preserv-
ing the periodic cardiac component present only on the face. Both branches share the same
amplification parameters θ and the same band settings, and scale consistency is achieved
via κ∗. When extracting ROIs, a margin is ensured so that the background sufficiently
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includes the area outside the skin. The resulting sequence {Dt} is then passed to the SSFE
for Spatio-Temporal Feature Extraction and rPPG regression.

Algorithm 1: Dual-Branch Foreground–Background Differencing

1 Input: RGB video clip V = {It}T
t=1, Foreground mask Ω f , Background mask Ωb;

2 Output: Differenced feature sequence D = {Dt}T
t=1;

3 x f ← {}; xb ← {};
4 for t← 1 to T do
5 Detect landmarks in It;
6 Ĩt ← Tt(It) // Geometric alignment

7 x f
t ← Mask( Ĩt, Ω f ) // Mask Foreground ROI

8 xb
t ← Mask( Ĩt, Ωb) // Mask Background ROI

9 Append x f
t to x f ;

10 Append xb
t to xb;

11 Apply clip-wise channel normalization to x f and xb // Mitigate drifts
12 z f ← {}; zb ← {};
13 for t← 1 to T do
14 z f

t ← Φ(x f
t ); zb

t ← Φ(xb
t ); Append z f

t to z f ; Append zb
t to zb;

15 F ← {}; B← {};
16 for t← 1 to T do
17 Ft ←Mθ(z

f
t ) = z f

t + α · Bθ(z
f
t );

18 Bt ←Mθ(zb
t ) = zb

t + α · Bθ(zb
t )

19 // Refers to Equation (6)
20 Append Ft to F; Append Bt to B;

21 κ∗ ← ∑T
t=1⟨Bt ,Ft⟩F

∑T
t=1 ∥Bt∥2

F+λ

22 // Compute over W = {1, . . . , T}
23 κ∗ ← max(0, min(κ∗, κmax))
24 D ← {};
25 for t← 1 to T do
26 Dt ← Ft − κ∗Bt;
27 Append Dt to D;

28 return D;

Figure 1. Overview of the proposed dualbBranch differencing pipeline. The input video is prepro-
cessed to separate face (Region of Interest) and background streams. A shared-weight Video Color
Magnification (VCM) module amplifies both streams to produce Ft (Face) and Bt (Background).
Global noise is canceled by subtracting the adaptively scaled background feature from the face
feature (Dt = Ft − κ∗Bt). This noise-robust feature Dt is then passed to the Spatio-Temporal Feature
Extracting Module for final rPPG signal estimation.



Mathematics 2025, 13, 3830 7 of 18

3.3. Learn-Based Video Color Magnification

In the pipeline of this framework, the amplification process for rPPG is LVM. This mod-
ule borrows the encoder–manipulator–decoder structure used in existing deep learning-
based LVM methods [8] but omits the video reconstruction Decoder, which is unnecessary
for rPPG signal estimation. It operates in a ‘Manipulator-Only’ fashion, extracting only the
magnified features where the rPPG signal is amplified and passing them to the subsequent
stages (dual-branch differencing and SSFE). The detailed structure of this VCM module is
illustrated in Figure 2. This VCM module is applied with shared weights to both the face
branch (z f

t ) and the background branch (zb
t ) defined in Section 3.2, similar to dual-stream

concepts [15].
The feature map (zt) of the video to be magnified is processed through an encoder.

The encoder consists of a 2D convolution layer stack, mapping the input’s raw color space
features into a high-dimensional feature space where the rPPG signal and noise components
are mixed, and where each feature is divided into a texture feature responsible for color
and a shape feature representing motion [8]. In this paper, only the texture feature is used
for rPPG.

Subsequently, before being input to the manipulator, the encoded feature sequence is
received, and components only from the physiological signal band are selectively amplified
in the time domain. This is implemented through a band-pass filter Bθ. Bθ is implemented as
a 1D convolution stack, extracting only components in the HR effective band (0.7–4.0 Hz)
while excluding low-frequency illumination drift and high-frequency input noise [5,6]. Af-
terwards, the manipulator multiplies this band-limited signal component Bθ(z) by a scalar
amplification factor α, and then performs a residual connection to the original feature z to
preserve the signal of interest. The final amplification operationMθ is defined as follows:

Mθ(z) = z + α · Bθ(z). (6)

Figure 2. Architecture of the Learn-based Video Color Magnification (VCM) module. The encoder
(top) uses a stack of 2D convolutions and residual blocks to extract the Color (Texture) Representation,
z. This feature z splits: one path provides the residual connection for the final addition (+). The other
path is fed into the band-pass filter to isolate the physiological signal, which is then processed by
the manipulator (bottom). The manipulator scales the signal by a amplified factor α and refines it
through convolutional and residual blocks. Finally, this amplified path is added back to the original
feature z to produce the Magnified Color Feature Ft.
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3.4. Temporal Shift Module (TSM) Injection for Spatio-Temporal Feature Extraction

Figure 3 illustrates the architecture of the SSFE module, which is based on the TSM
injection structure. To mitigate the problem where short, irregular, and impulsive movement
noise in dynamic environments momentarily interferes with the low-frequency periodic
signal of rPPG, we insert a TSM [16] before the window-based self-attention, which injects
temporal context without increasing parameters. TSM rearranges information from adjacent
time points along the channel axis, enabling each token to immediately possess information
from preceding and succeeding frames [16]. This provides a virtually wider temporal
receptive field without expanding the attention’s time window size.

Let the differenced magnified feature tensor obtained from the dual-branch pipeline
stage be D ∈ RB×T×C×H×W . After 3D patch partitioning with size (pt, ph, pw), we apply a
linear embedding Ed1 to obtain:

X(0) = Ed1

(
Patch(pt ,ph ,pw)(D)

)
∈ RB×T′×d1×H′×W ′ ,

where T′ = ⌈T/pt⌉, H′ = ⌈H/ph⌉, and W ′ = ⌈W/pw⌉.
The tensor U ∈ RB×T′×Cs×Hs×Ws to be fed into the Video Swin Transformer (at-

tention block) [14] is divided into three groups along the channel axis: forward, identity,
and backward:

U =
[
U(f), U(id), U(b)], Cf = ⌊rfCs⌋, Cb = ⌊rbCs⌋, Cid = Cs − Cf − Cb,

where rf, rb ∈ (0, 1) are ratio parameters. Let the time shift interval be s ∈ N, and boundaries
are handled with padding. Then, TSM at time t is

TSM(rf,rb,s)(U)t =
[

U(f)
t−s, U(id)

t , U(b)
t+s

]
∈ RB×1×Cs×Hs×Ws .

That is, it arranges the representations from time points (t− s, t, t + s) side by side within
the channels at the same spatial location, allowing the subsequent attention block to simulta-
neously reference past and future phase information with only a small time window [16,17].

The block at each step follows the order “TSM → window-based self-attention →
MLP” [17]. Using Layer Normalization (LN), window-based self-attention (WSA), and MLP,
the update in block k is given by the following:

Q = TSM
(
LN(X)

)
,

X′ = X + WSA(Q),

X+ = X′ + MLP
(
LN(X′)

)
,

where X+ becomes the next input. In stage i, these blocks are repeated ni times to obtain
X(i), followed by a patch mergingM2×2 restricted to the spatial axes, changing (Hi, Wi)→
(Hi/2, Wi/2) and expanding the channels di→di+1 (the temporal length T′ is preserved).

The final stage output is pooled by spatial averaging and reduced to Z ∈ RB×T′×d∗ .
It then goes through a post-process stage H (using 1D convolution) to regress the
rPPG waveform:

ỹ = H(Z) ∈ RB×T′

If necessary, ỹ is interpolated back to the original length T to obtain y, and HR is calculated
via power spectrum-based HR estimation [5,6].
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Figure 3. The architecture of the Spatio-Temporal Feature Extracting (SSFE) module, modified with
TSM injection. The input differenced feature Dt is processed by Feature Tubelization and 3D Patch
Partition. The resulting tokens are fed into two stages, each comprising a Temporal Shift Module
(TSM) placed immediately before a Video Swin Transformer block. A Post-Processing block regresses
the final rPPG signal.

4. Experimental Results
4.1. Experimental Setting

Tables 1 and 2 present the detailed specifications of the used datasets and the hyperpa-
rameter configuration. We use two datasets with different characteristics to simultaneously
verify baseline performance in static environments and robustness in real-world dynamic
environments. We selected these datasets to rigorously validate the adaptability of the pro-
posed method through a clear contrast between ‘controlled’ and ‘real-world’ environments.
Table 1 shows the detailed specification of the datasets used in this study.

Table 1. Detailed specifications of the datasets used in this study. UBFC-rPPG represents a controlled
indoor environment, while MR-NIRP represents a challenging real-world in-vehicle environment.

Feature UBFC-rPPG [18] MR-NIRP [3,4]

Environment Indoor (Controlled) In-vehicle (Real-world)
Subjects 42 peoples (30 Male, 12 Female) 19 peoples (17 Male, 2 Female)
Resolution 640× 480 pixels 640× 640 pixels
Frame Rate 30 fps 30 fps
Conditions Low-noise studio lighting Stationary & Driving
Noise Factors Minimal Natural light, Tunnels, Vibration

UBFC-rPPG [18] provides RGB facial videos filmed indoors synchronized with BVP
signals. As detailed in Table 1, this dataset includes 42 subjects under low-noise studio
lighting, making it suitable for evaluating the baseline of rPPG signal estimation under
relatively static conditions. For the controlled UBFC-rPPG dataset, we used the Mean
Squared Error (MSE) loss to precisely reconstruct the signal waveform.

MR-NIRP [3,4] provides data captured inside a vehicle with 19 subjects. It includes
both ‘Stationary’ and ‘Driving’ scenarios containing various unpredictable noises such as
drastic natural light changes, camera and vehicle shake, and motion blur. By using these
two datasets, the algorithm’s signal estimation capability and noise robustness can be
verified across clearly distinguished domains. In this study, the RGB track of MR-NIRP
is used as the evaluation target. For the MR-NIRP dataset, characterized by significant
noise variations, we employed the Negative Pearson Correlation loss. This loss focuses on
phase alignment and periodicity, making it robust to the amplitude scaling issues caused by
environmental noise. To standardize the input for the model across different datasets, we
performed face detection and cropping on all video data, followed by resizing to a uniform
128× 128 resolution.
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Table 2. Detailed hyperparameter configuration.

Parameter Value

Optimizer Adam
Learning Rate (LR) 1× 10−4

Batch Size 4
Num Epochs 80
VCM Amplification (α) 80
TSM Shift Ratio (r f , rb) 1/8
Loss Function MSE (UBFC-rPPG), Neg. Pearson (MR-NIRP)

4.2. Results

To validate the final robustness of the proposed method, we compares its performance
against SOTA and standard deep learning baselines. We selected VS-Net [13] as the baseline,
which was reported in its research to achieve top-tier performance on benchmarks such
as UBFC-rPPG. We re-implemented the model to evaluate its performance under the
specific noise conditions targeted in this study. To ensure a fair comparison, the identical
preprocessing pipeline (including face detection and data preprocessing) was applied
to both the UBFC-rPPG and MR-NIRP datasets. We also included representative deep
learning-based rPPG methodologies: DeepPhys [24], a standard branch-based CNN model
that analyzes shape and motion separately, and RhythmNet [12], which utilizes Spatio-
Temporal Maps. The evaluation was performed under (1) simulated complex noise (UBFC-
Both), (2) a limited real-world noise environment (MR-NIRP-Stationary), and (3) a severe
real-world noise environment (MR-NIRP-Driving).

Table 3 shows the results for the ‘Both Noise’ condition on the UBFC dataset, which
combines global illumination changes and irregular motion. In this controlled mixed-
noise environment, the proposed model (Ours) achieved the best performance across all
metrics. While the baseline VS-Net also showed strong performance, the proposed model
demonstrated superior robustness through the complementary synergy of the Dual-branch
pipeline and the TSM injection structure, achieving an 15.7% improvement on the MAE
metric compared to VS-Net. The comparison models, DeepPhys and RhythmNet, showed
significantly higher errors in the mixed-noise environment.

Table 3. Main results on UBFC-rPPG with Both Noise. Comparison against standard deep learning
baselines (DeepPhys, RhythmNet) and the SOTA baseline (VS-Net). Lower is better for MAE/RMSE;
higher is better for R.

Metric DeepPhys [24] RhythmNet [12] VS-Net (Baseline) [13] Ours

MAE (bpm) ↓ 4.71 4.52 3.18 2.68
RMSE (bpm) ↓ 6.26 6.08 4.12 3.62
R ↑ 0.693 0.680 0.818 0.845

Table 4 shows the results for the real-world in-vehicle stationary condition. While noise
is controlled in this non-driving scenario, it still contains real-world noise sources, such as
engine micro-vibrations and subtle ambient light changes, that are not present in studio
environments like UBFC-rPPG. In this scenario, the baseline, VS-Net, showed superior
performance compared to the proposed model. This result is consistent with the original
VS-Net, which reported very high accuracy in low-noise environments like UBFC-rPPG.
This result clearly demonstrates the design trade-off of the proposed model. This means
that the modules specialized for noise cancellation may act as an unnecessary overhead in
low-noise environments, resulting in a performance penalty.
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Table 4. Main results on MR-NIRP (Stationary). Comparison against standard deep learning baselines
(DeepPhys, RhythmNet) and the SOTA baseline (VS-Net). Lower is better for MAE/RMSE; higher is
better for R.

Metric DeepPhys [24] RhythmNet [12] VS-Net (Baseline) [13] Ours

MAE (bpm) ↓ 3.18 2.87 1.55 1.78
RMSE (bpm) ↓ 4.77 4.61 2.68 2.89
R ↑ 0.721 0.834 0.911 0.893

Table 5 compares the final performance in the most difficult and challenging real-world
setting: the MR-NIRP ‘Driving’ scenario. This environment includes severe complex noise
occurring during actual driving, such as strong illumination changes, vehicle vibrations,
and road shocks.

Table 5. Main results on MR-NIRP (Driving). Comparison against standard deep learning baselines
(DeepPhys, RhythmNet) and the SOTA baseline (VS-Net). Lower is better for MAE/RMSE; higher is
better for R.

Metric DeepPhys [24] RhythmNet [12] VS-Net (Baseline) [13] Ours

MAE (bpm) ↓ 13.26 11.53 4.35 3.75
RMSE (bpm) ↓ 17.92 15.03 8.12 7.02
R ↑ 0.432 0.471 0.724 0.803

As expected, the performance of all models degraded significantly compared to the
stationary environment (Table 4). Standard CNN-based methodologies, such as DeepPhys
and RhythmNet, exhibited very high error rates in terms of MAE, and their correlation
R almost collapsed, practically failing to capture the signal’s correlation. This clearly
demonstrates that in high-noise environments, attention-based Spatio-Temporal Feature
Extracting methods (VS-Net and Ours) are vastly superior to traditional CNN methods.
Nevertheless, the baseline, VS-Net, also showed a high error rate in terms of MAE, revealing
its performance limitations.

Nonetheless, the proposed model (Ours) achieved the lowest error rates in terms
of MAE and RMSE, and also maintained the highest correlation R, uniquely preserving
meaningful signal capture. Figure 4 presents the scatter plot of the predicted heart rates
versus the ground truth for our method under this driving scenario(most noisy). The plot
demonstrates a linear correlation with data points tightly clustered around the ideal regres-
sion line, confirming that our model effectively recovers the underlying physiological signal
even amidst severe environmental noise. Quantitatively, this represents an approximate
13.8% improvement in MAE compared to the baseline VS-Net. This result ultimately proves
that the proposed model’s complementary noise defense structure can provide the most
robust and stable performance even in the harshest noise environment where all other
models fail.

4.3. Ablation Study

To analyze in detail how the two key contributions of the proposed model (dual-branch
pipeline, TSM injection) affect performance under each noise scenario, we conducted an ab-
lation study. The comparison consists of (1) Ours (full model), (2) Ours (single branch) (dual-
branch removed, TSM only), and (3) Ours (TSM module off) (TSM removed, dual-branch
only), and includes VS-Net as the baseline. The ablation study was performed on both
the four simulated conditions of the UBFC-rPPG [18] and the two real-world conditions
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(Stationary and Driving) of the MR-NIRP dataset [3,4]. The simulation conditions for UBFC
are as follows: ‘Clean’ uses the original sequences. ‘illumination change noise’ implements
global illumination change noise by adding low-frequency brightness/color component
change noise to the entire frame. ‘Motion’ reproduces camera/subject jitter and motion
blur by applying small-scale rotations/irregular vibrations and Gaussian/box blur on a
frame-by-frame basis. ‘Both’ configures a simultaneous occurrence scenario by synthesizing
the two disturbances. The parameters for each condition (modulation amplitude, frequency
band, transformation/blur magnitude) are fixed within an experiment set, but their occur-
rence frequency and periodicity are randomly given, and the VCM amplification factor α

was set to 80.

Figure 4. Scatter plot of predicted HR vs. Ground Truth HR for “Ours” on the MR-NIRP (Driv-
ing) dataset.

The ‘Illumination Change Noise’ condition in Table 6 clearly isolates the contribution
of the dual-branch pipeline. The Ours (Full) achieved the best performance, and Ours-
TSM module off (dual-branch only) also performed strongly. In stark contrast, Ours-single
branch (TSM only), which lacks the dual-branch, remained at a poor performance level
with an R. The single branch model’s MAE was 14.7% higher than Ours-TSM module off,
demonstrating that the TSM module alone has no mechanism to remove spatial illumina-
tion change noise. This proves that the dual-branch pipeline, present in the other model,
successfully canceled the global noise via the Ft − κ∗Bt operation. The 3.3% additional
MAE improvement in Ours (Full) over Ours-TSM module off suggests TSM played a
minor, secondary role in stabilizing residual noise after the dual-branch performed the
primary cancellation.
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Table 6. illumination change noise (UBFC-rPPG with Illumination Change Noise). Comparison
of VS-Net, our method (dual-branch pipeline + TSM), and ablations (single branch: dual-branch
differencing removed; TSM off: temporal shift removed). Lower is better for MAE/RMSE; higher is
better for R.

Metric VS-Net Ours Ours-Single Branch Ours-TSM Module Off

MAE (bpm) ↓ 2.83 2.37 2.81 2.45
RMSE (bpm) ↓ 3.76 3.12 4.05 3.38
R ↑ 0.851 0.912 0.869 0.895

The ‘Movement Noise’ condition in Table 7 clearly isolates the contribution of TSM,
showing an opposite trend to the ‘illumination change noise’ condition. Among the ablation
variants, Ours (Single Branch) (TSM only) performed significantly better than Ours (TSM
module off) (dual-branch only).

Table 7. Movement (UBFC-rPPG with Movement Noise). Comparison of VS-Net, our method (dual-
branch pipeline + TSM), and ablations (single branch: dual-branch differencing removed; TSM off:
temporal shift removed). Lower is better for MAE/RMSE; higher is better for R.

Metric VS-Net Ours Ours-Single Branch Ours-TSM Module Off

MAE (bpm) ↓ 2.36 2.51 2.45 2.79
RMSE (bpm) ↓ 3.41 3.68 3.59 3.95
R ↑ 0.882 0.865 0.874 0.841

The Ours (TSM module off) model, which lacked TSM, showed a much higher MAE
than single branch and had the worst R. This demonstrates that TSM’s temporal smoothing
function is essential for stabilizing ‘transient’ motion noise (jitter). Conversely, the dual-
branch pipeline appears ineffective against local motion, or even detrimental, likely by
amplifying the difference in motion. The slightly lower performance of Ours (Full) com-
pared to single branch suggests that the benefit provided by TSM was partially offset by
the penalty incurred by the dual-branch pipeline in this specific scenario.

The ‘Both Noise’ condition in Table 8 decisively demonstrates the complementary
synergy of the proposed modules. While Ours (Full) (MAE 2.68) achieved the most robust
performance, both ablation variants showed a significant performance collapse: Ours-single
branch and Ours-TSM module off. The baseline, VS-Net performed even worse than the
single branch model, recording the highest MAE.

Table 8. Both (UBFC-rPPG with Both Noise). Comparison of VS-Net, our method (dual-branch
pipeline + TSM), and ablations (single branch: dual-branch differencing removed; TSM off: temporal
shift removed). Lower is better for MAE/RMSE; higher is better for R.

Metric VS-Net Ours Ours-Single Branch Ours-TSM Module Off

MAE (bpm) ↓ 3.18 2.68 2.99 2.74
RMSE (bpm) ↓ 4.12 3.62 4.07 3.83
R ↑ 0.818 0.845 0.825 0.838

Ours-single branch (TSM only) failed to defend against illumination change noise,
resulting in an 11.6% higher MAE than Ours and a poor R. Ours-TSM module off (dual-
branch only) was vulnerable to motion noise, resulting in a 2.2% higher MAE than Ours
and an even lower R. This signifies that removing either key contribution leads to a failure
to defend against the remaining noise type. The fact that VS-Net, which is vulnerable to
both noise types, showed the worst performance suggests that only the full Ours model,
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with both modules combined, established a structure for responding to mixed noise to
achieve a successful outcome in this complex environment.

The ‘Clean’ condition in Table 9 details the basis for the design trade-off identified
in the Main Results (Table 4). While the VS-Net baseline performed best in this ideal
noise-free environment, the focus of the ablation study is the comparison among the
proposed variants. Among these variants, Ours-single branch (TSM only) had the lowest
error. Ours-TSM module off (dual-branch only) showed a larger performance drop than
using TSM alone. Ours, with both modules applied, recorded the largest error as these
two penalties accumulated. This suggests that on clean signals, the TSM module introduces
a minor overhead, while the dual-branch pipeline incurs a larger penalty, likely due to
signal attenuation.

Table 9. Clean (original UBFC-rPPG). Comparison of VS-Net, our method (dual-branch
pipeline + TSM), and ablations (single branch: dual-branch differencing removed; TSM off: tem-
poral shift removed). Lower is better for MAE/RMSE; higher is better for R.

Metric VS-Net Ours Ours-Single Branch Ours-TSM Module Off

MAE (bpm) ↓ 0.82 1.47 1.05 1.28
RMSE (bpm) ↓ 1.12 1.98 1.45 1.76
R ↑ 0.998 0.990 0.995 0.993

Table 10 presents the results for the real-world MR-NIRP Stationary condition.
As already confirmed in the Main Results (Table 4), the MR-NIRP dataset is signifi-
cantly more challenging than UBFC-rPPG, with MAE values exceeding 1.55 even in this
‘quasi-clean’ environment.

In this condition, the VS-Net baseline again achieved the best performance, corrobo-
rating the trend from the ‘Clean’ test (Table 9) on real-world data. The ablation results also
follow the identical VS-Net > single branch > TSM module off > Ours trend. The Ours-single
branch (TSM only) introduced a minor overhead with a 4.5% MAE increase over VS-Net,
while the Ours-TSM module off (dual-branch pipeline only) caused a larger performance
drop of 9.7%, and Ours (Full), combining both, showed the largest penalty at 14.8%. This
result confirms that the proposed modules act as a trade-off in real-world environments
below a certain noise threshold.

Table 10. MR-NIRP (in-vehicle, stationary). Comparison of VS-Net, our method (dual-branch
pipeline + TSM), and ablations (single branch: dual-branch differencing removed; TSM off: tem-
poral shift removed). Lower is better for MAE/RMSE; higher is better for R.

Metric VS-Net Ours Ours-Single Branch Ours-TSM Module Off

MAE (bpm) ↓ 1.55 1.78 1.62 1.70
RMSE (bpm) ↓ 2.68 2.89 2.75 2.83
R ↑ 0.911 0.893 0.905 0.901

Table 11, showing results from the harshest real-world ‘Driving’ scenario, provides
the final validation and perfectly reproduces the complementary synergy conclusion from
‘Both Noise’ (Table 8). Ours (Full) achieved the most robust performance, while the baseline
VS-Net recorded the worst performance with a collapsed R.
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Table 11. MR-NIRP (in-vehicle, driving). Comparison of VS-Net, our method (dual-branch
pipeline + TSM), and ablations (single branch: dual-branch differencing removed; TSM off: tem-
poral shift removed). Lower is better for MAE/RMSE; higher is better for R.

Metric VS-Net Ours Ours-Single Branch Ours-TSM Module Off

MAE (bpm) ↓ 4.35 3.75 4.18 3.95
RMSE (bpm) ↓ 8.12 7.02 7.86 7.41
R ↑ 0.724 0.803 0.751 0.782

Both ablation variants also suffered significant performance degradation compared
to Ours (Full). Ours-single branch (TSM only) showed a 11.5% higher MAE than Ours,
and Ours-TSM module off (dual-branch only) showed a 5.3% higher MAE than Ours.

This demonstrates that the complex noise of the real-world driving environment
caused both single branch (failing to defend against illumination change noise) and TSM
module off (failing to defend against motion) to collapse, while VS-Net, being vulnerable
to both noise types, showed the greatest performance degradation. This conclusively
proves that only Ours, with the combination of both modules, can maintain meaningful
performance and overcome the limitations of the baseline in this severe environment.

5. Conclusions
To bridge the gap between static, studio-type benchmarks and real-world dynamic,

noisy environments, this study enhanced rPPG robustness in dynamic environments,
specifically modeling movement noise and illumination change noise, on top of a VS-Net
series backbone through two key contributions: (1) post-VCM Foreground–Background
Dual-Branch Differencing pipeline and (2) TSM module injection inside the SSFE. The pro-
posed method showed consistent performance improvements over the VS-Net baseline
under illumination change noise and Both Noise conditions on UBFC, as well as in the
high-noise Driving scenario on MR-NIRP. Although the proposed method demonstrated
superior robustness, a performance trade-off was observed in the noise-free (Clean) experi-
ment, the impulsive Movement Noise experiment (UBFC), and the quasi-clean Stationary
condition (MR-NIRP), where the baseline VS-Net was superior.

The ablation results support that under illumination change noise conditions, the dual-
branch pipeline provides the core benefit, while under movement noise conditions, TSM
provides additional gains, and the combination of both elements achieves optimal robust-
ness in the most challenging conditions.

This structural design, while advantageous in noisy settings, introduces an inherent
trade-off in low-noise environments. Specifically, the dual-branch pipeline, designed to
remove ‘common’ noise, can inadvertently attenuate valid physiological signals when such
noise is absent. Simultaneously, the TSM, aimed at smoothing ‘transient’ noise, may blunt
the fine-grained peaks of stable signals, leading to a slight performance degradation in clean
conditions. Our model accepts these penalties to secure robustness in high-noise scenarios.

However, limitations still exist. The proposed method relies on the accurate segmen-
tation of foreground and background regions. While we mitigated sensitivity to minor
alignment errors by employing the robust MTCNN [23] for landmark detection and ge-
ometric alignment, performance may still degrade in scenarios with severe occlusion or
extreme poses where landmarks cannot be detected. In such cases, the separation of Ω f and
Ωb may fail, leading to inaccurate rPPG estimation. Other limitations include weakness in
low-light conditions and sensitivity to the quality of ROI alignment. Additionally, while
the TSM effectively mitigates ‘impulsive/transient vibration’ caused by vehicle shocks, it is
not designed for large-scale motion compensation.
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6. Future Work
Future research will focus on systematically securing robustness through techniques

such as curriculum learning, domain randomization, and worst-risk minimization to ad-
dress the challenges of global illumination changes, vibrations, and blur encountered in
real-world dynamic environments. Building on these foundations, we plan to strengthen the
theoretical grounding of our model against geometric noise by incorporating insights from
robust feature extraction in complex scenes [25,26] and strategies against geometric pertur-
bations [27,28]. Inspired by these advancements, we aim to develop a multidimensional
feature strategy that maintains invariant performance even under severe geometric attacks
and complex illumination changes, thereby systematically securing rPPG robustness.

To enhance model expressiveness and fundamentally address the trade-off observed in
clean environments, we will introduce adaptive mechanisms. Specifically, we aim to design
the differencing weight κ∗ as a ‘learnable gate’ that dynamically controls the activation
of the differencing operation based on the environmental noise level, thereby preventing
signal attenuation in low-noise scenarios. Concurrently, we anticipate improving efficiency
by implementing a reinforcement learning-based adaptive magnification factor that dy-
namically adjusts α based on the input video state, along with a VCM specialized for the
cardiac band.

Finally, we aim to extend our validation scope to ensure generalization across diverse
sensor characteristics and environments. This includes testing on a broader range of hard-
ware conditions, such as various resolutions, frame rates, noise type, and NIR/RGB tracks,
to develop a framework robust to these variations. While this study focused on proving
the robustness of HR accuracy using standard metrics (MAE, RMSE, R), we plan to extend
our validation to include fine-grained physiological metrics, such as Heart Rate Variability
(HRV), in future research. Ultimately, our goal is to present a reliable rPPG methodology
for actual vehicle environments by verifying stability across various real-vehicle scenarios,
including stationary/driving, day/night, and weather changes.
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