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Abstract. Remote photoplethysmography (rPPG) enables non-contact
physiological monitoring by capturing subtle skin color variations induced
by cardiac cycles. Despite its promise, rPPG remains highly sensitive to
environmental illumination. Existing illumination-aware methods suffer
from two key limitations: (1) limited out-of-distribution (OOD) gen-
eralization due to domain discrepancies between training and testing
data, and (2) reliance on the Lambertian assumption, which neglects
non-Lambertian specular highlights that frequently corrupt facial skin
signals. In this paper, we propose SHINE-PPG (Specular-Highlight In-
trinsic Network for rPPG Estimation), a novel framework that leverages
non-Lambertian intrinsic decomposition to decouple facial videos into
illumination, reflectance, and specular components in a self-supervised
manner. By isolating physiological information within the intrinsic re-
flectance, our method effectively suppresses both ambient lighting vari-
ations and surface highlights to recover high-fidelity rPPG signals. To
further enhance robustness, we introduce an adversarial illumination
enhancement strategy that dynamically synthesizes challenging unseen
lighting conditions during training, significantly improving OOD general-
ization. Extensive experiments on five benchmark datasets demonstrate
that SHINE-PPG consistently outperforms previous methods, particularly
under complex and dynamic illumination scenarios. The code is available
at https://github.com/Edmond-Yang/SHINE-PPG,
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1 Introduction

Remote Photoplethysmography (rPPG) [10L[22]/3241}/44] is a non-contact physio-
logical sensing technique that estimates cardiovascular signals from facial videos
captured by commodity cameras. It operates by detecting subtle intensity vari-
ations induced by periodic blood volume changes, which modulate the skin’s
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Fig.1: Comparison of illumination-handling strategies for rPPG estimation.
(a) Background-based methods leverages background regions as illumination priors
for noise suppression, but often fail to generalize to unseen lighting conditions. (b)
Retinex-based methods decompose illumination from reflectance to enhance signal
extraction, yet ignore specular highlights due to the Lambertian assumption. (¢) SHINE-
PPG (Ours) leverages non-Lambertian intrinsic decomposition to explicitly separate
illumination, reflectance, and specular components for robust rPPG extraction.

optical absorption and reflection properties. Despite its great potential, rPPG
signals are inherently fragile and highly sensitive to environmental disturbances.
In particular, illumination variations, such as flickering artificial lights, moving
shadows, and fluctuating sunlight, introduce intensity changes that often dom-
inate the underlying physiological signal. Therefore, effectively mitigating the
impact of illumination interference remains a critical challenge for achieving
robust rPPG estimation in real-world scenarios.

To mitigate illumination interference, recent approaches [10}/21,/32] attempt
to model ambient lighting by exploiting background regions as illumination
prior to suppress noise in facial regions, as illustrated in Fig. [1| (a). However,
such background-dependent strategies are inherently limited by the diversity of
lighting conditions present in the training data and often fail to generalize to
unseen or complex illumination encountered during inference. Alternatively, other
methods [4,/40] adopt Retinex theory [19] to decompose facial videos and mitigate
illumination effects prior to rPPG extraction. While these approaches effectively
model diffuse skin reflectance, they fundamentally rely on the Lambertian as-
sumption |1], which treats the skin as an ideal matte surface. Consequently, they
neglect non-Lambertian specular reflections [2,[35], the “shine” or highlight
caused by the interaction between incident light and the skin surface. As shown
in Fig. [1] (b), the presence of such specular highlights result in corrupted facial
representation and noisy physiological signals.

To address the above limitations, we propose SHINE-PPG (Specular-
Highlight Intrinsic Network for rPPG Estimation), a novel framework inspired
by non-Lambertian intrinsic image decomposition [35]. As illustrated in Fig. [1] (c),
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our method explicitly decouples facial videos into three physically distinct compo-
nents: illumination (L), reflectance (R), and specular highlights (H). By isolating
the intrinsic reflectance from both ambient lighting and surface specularities,
SHINE-PPG enables reliable rPPG extraction even under severe illumination
interference. Since ground-truth intrinsic components are unavailable in existing
rPPG datasets, we formulate the decomposition in a self-supervised manner
using physics-grounded constraints. Specifically, we exploit spatial frequency-
domain characteristics to distinguish slow-varying illumination and pulse-related
reflectance, while incorporating spatial sparsity, dark-channel priors [18|, and color
consistency to isolate specular highlights. Furthermore, we introduce an adversar-
ial illumination enhancement strategy that synthesizes challenging lighting
conditions during training to substantially improve out-of-distribution gener-
alization. Extensive experiments on multiple benchmark datasets demonstrate
that SHINE-PPG consistently outperforms previous rPPG methods, particularly
under complex and challenging illumination scenarios.
Our contributions are summarized as follows:

— We present SHINE-PPG, a novel rPPG estimation framework that explicitly
models illumination, reflectance, and specular highlights via non-Lambertian
intrinsic decomposition to tackle diverse lighting interference.

— We develop a self-supervised strategy that decomposes facial videos into intrin-
sic components to enable robust extraction of rPPG signals from reflectance
while suppressing illumination- and highlight-induced noise.

— We introduce an adversarial illumination enhancement strategy to dynamically
simulate unseen lighting conditions for effectively improving model robustness
and out-of-distribution generalization.

— Extensive evaluations on multiple benchmarks demonstrate state-of-the-art
performance and superior cross-dataset generalizability, particularly under
challenging illumination scenarios.

2 Related Works

rPPG Estimation Remote photoplethysmography (rPPG) extracts physiologi-
cal signals from subtle facial color changes and provides valuable liveness cues,
especially for face anti-spoofing applications [5,/11H14]. However, the underly-
ing signals are inherently weak and highly susceptible to external interference.
Early methods [6,/38| leveraged the Dichromatic Reflection Model (DRM) [31] to
separate pulsatile diffuse reflection from physiologically irrelevant specular reflec-
tions. Recent learning-based methods [22/41}/43] employed neural architectures
to extract discriminative representations from facial videos under challenging illu-
mination conditions. To mitigate lighting interference, several methods [7},23,26|
introduced spatial-temporal maps (STMaps) combined with data augmentation
strategies to suppress noise and enhance signal quality. Other methods [101/21}32]
utilized background illumination priors to remove facial lighting effects for im-
proving rPPG signal extraction. Despite these advances, previous methods often
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suffer from limited generalization to unseen or highly dynamic illumination condi-
tions. Consequently, effectively handling illumination variations remains a critical
challenge for rPPG estimation.

Intrinsic Image Decomposition Intrinsic image decomposition decouples an
image into its reflectance and environmental illumination components. Given its
inherently ill-posed nature, early methods [30,/33}|34] relied on physical priors,
while recent learning-based methods [20,25] utilize deep neural networks to
learn the decomposition directly from data. The Retinex theory [19]| remains a
cornerstone of this field and has been widely integrated into various computer
vision tasks [8},[39]. Motivated by its illumination-tolerant properties, recent
rPPG studies have adopted Retinex-based decomposition. For example, methods
such as [4] assumed the rPPG signal resides in the reflectance component and
employed an image enhancement module [24] to improve extraction robustness,
while another method [40] utilized Retinex-based adaptive illumination to extract
rPPG signals in extreme low-light conditions. However, these existing methods
typically operated under the Lambertian assumption and did not account for
non-Lambertian specular highlights that frequently corrupt facial skin signals.

3 Preliminary

To formalize the non-Lambertian decomposition adopted in our framework, we
first revisit classical Retinex theory [19]. Under the Lambertian assumption, an
observed image I can be decomposed into two components as:

I=RoL, (1)

where o denotes the element-wise product, R represents the intrinsic surface
reflectance, and L denotes the environmental illumination.

However, human facial skin inherently exhibits non-Lambertian characteristics
due to surface specularities, particularly under oily or sweaty conditions. To
model this realistic behavior, we adopt the formulation in |2], which incorporates
the Dichromatic Reflection Model (DRM) [31]. Under DRM, the observed image
is explicitly represented as the sum of diffuse and specular-highlight reflections,
i.e., I = D 4+ H, where D and H denote the diffuse and specular-highlight
components, respectively. Since the diffuse reflection D follows the Lambertian
assumption, it can be factorized as D = R o L. The complete non-Lambertian
intrinsic decomposition therefore becomes:

I=RoL+H. (2)

For video-based rPPG estimation, we extend this spatial image formation
model to temporal sequences. Let V; denote the ¢-th frame of a facial video. The
non-Lambertian model is written as:

Vi=RioL; +H; +n, (3)

where 1); represents a composite stochastic noise accounting for motion arti-
facts and sensor noise, and is therefore omitted from the optimization objective.
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Fig. 2: Overview of SHINE-PPG. (a) Self-Supervised Non-Lambertian Decom-

position: Facial videos are decoupled into intrinsic reflectance (R), illumination (L),
and specular (H) to isolate intrinsic rPPG signals from environmental interference. (b)
Adversarial Illumination Enhancement: Out-of-distribution lighting conditions are

synthesized via AdalN to improve model robustness and cross-dataset generalization.

Notably, the rPPG signal is primarily embedded in the intrinsic reflectance com-
ponent R;, whereas the specular-highlight reflection H; carries no physiological
information [6,38]. Therefore, accurately isolating R; from illumination and
specular-highlight components is a fundamental prerequisite for robust rPPG
estimation under challenging lighting conditions.

4 Methodology

4.1 Overview

The overall architecture of SHINE-PPG is illustrated in Fig. [2] Given an in-
put facial video V = {V,;}_,, we aim to decompose the observed signals into
their fundamental physical components to enable robust rPPG estimation. As
shown in Fig. [2] (a), SHINE-PPG consists of three parallel branches to explicitly
model the non-Lambertian image formation process. Each branch is equipped
with a task-specific feature extractor (Fp,,Fr,Fg) and a corresponding decoder
(Dr,Dgr,Dg). The reflectance branch decouples the intrinsic reflectance R
from optical interference, serving as a purified physiological source for the rPPG
estimator E. Simultaneously, the illumination branch captures the environ-
mental lighting component L to model spatial-temporal illumination changes,
while the specular branch isolates surface specular highlights H to suppress
non-Lambertian corruption.

To enhance generalization under unseen lighting conditions, we further in-
troduce an Adversarial Illumination Enhancement strategy, as illustrated
in Fig. [2| (b). A learnable Adaptive Instance Normalization (AdaIN) [15] layer
A synthesizes challenging adversarial illumination components L2V, which are
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re-composed with the intrinsic reflectance to generate augmented video sam-
ples V24V This adversarial scheme forces the reflectance branch and estimator
to remain stable under extreme lighting variations and effectively expands the
training illumination distribution for improving overall robustness.

4.2 Self-Supervised Non-Lambertian Decomposition for rPPG

We describes our self-supervised strategy for decomposing facial videos into
illumination, reflectance, and specular components, while ensuring that the
intrinsic rPPG signal is faithfully preserved within the reflectance component.

Paired Data Augmentation and Modeling Since rPPG datasets lack paired
samples of identical scenes under varying illumination, which is required for
stable intrinsic decomposition, we simulate illumination variations by applying
color jitter to the input video V to generate an augmented counterpart V2U&.
We employ three parallel branches to model these components:

L =Dy (FL(V)), R=Dr(Fr(V)), H=Dy(Fu(V)), (4)

where F(.) and D(.) denote the corresponding feature extractors and decoders.
The same operations are applied to V2U&.

Intrinsic Reflectance Invariance Reflectance is an intrinsic property of the
subject and should remain invariant to illumination changes. To enforce this
constraint, we define a reflectance consistency loss:

T
‘Creﬁect(BFR7 aDR) = Z HRt - R?ug”; (5)

t=1

Specular Highlight Modeling To isolate the non-Lambertian specular com-
ponent H, we introduce three physics-grounded constraints:
Spatial Sparsity: Since specular highlights are typically localized and sparse,
we impose an L; penalty:
T
Esparse(aFH s GDH) = Z(

t=1

L [ly + ([ FTE"%)). (6)

Distributional Prior: We adopt the normalized dark channel W, as a proba-
bilistic prior for highlight localization. Motivated by the observation that specular
highlights tend to dominate the brightest responses across color channels [18], we
compute the normalized dark channel prior W; and spatially normalize it over
all P pixels as:

mincegr g1 Vi,o(D)
W,(p) = —p— et = , (7)
Zp:l mlnce{r,g,b} Vt,c(p)
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where ¢ indexes the RGB channels and p denotes the pixel location. To align the
predicted highlights with this prior, we define the estimated specular magnitude
M; as the spatially normalized Lo norm of the predicted highlight channels:

) VE? () + H, (p) +H ,(0)
M;(p) = P — — — .
SF V() +H () + HY ()

®)

We then enforce consistency between the predicted distribution M, and the
dark-channel prior W; by minimizing their KL. divergence:

T
Lprior(05,,0p,) = Y _(KL(W||M,) + KL(W;"|[M;"#)). 9)
t=1

This encourages the estimated specular regions to align with the physically
motivated highlight prior.

Color Consistency: Since specular reflections approximate the light source
color, their chromaticity should align with illumination L,. We therefore define
Lecolor(0F,,0p, ) to enforce a W-weighted cosine similarity:

color Zwt 1 - COS(Ht Z Waug 1 - COS(Haug( )’ E(tzug(p)))

(10)
The total specular loss is defined as:

ﬁspecular(eFH 5 0DH) = Asparseﬁsparse + /\priorﬁprior + /\colorﬁcolora (11)
where Agparse, Aprior, and Acolor are hyperparameters controlling the relative

importance of each term.

Reconstruction and rPPG Learning We enforce the non-Lambertian forma-
tion model (Eq.|3) via the reconstruction loss Ly¢c(0r,,0p,,,0F,,0D,,0F,,0D,):

T P
ZZHlOg Vi(p) — Hy(p)) — log(L(p)) — log(Re(p))I3
T P
+3 > Ilog(Vi™(p) — H"(p)) — log(L; " (p)) — log(R¢™ (p)) 13-
t=1p=1

(12)

Concurrently, the rPPG estimator E predicts the intrinsic TPPG signals (S
and S“*Y) from reflectance features (Fr(V) and Fr(V®9)) by minimizing the
negative Pearson correlation (N P(-,-)) with the ground-truth rPPG signal S by:

L,ppc(0r,,0r) = NP(S,S) + NP(8“*S), (13)
where S = E(Fp(V)) and §™ = E(FR(V*™"7)).
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Frequency-Constrained Decomposition To further decouple illumination
and reflectance, we leverage the prior that reflectance contains richer high-
frequency details, whereas illumination is spatially smooth [39]. We introduce a
multi-frequency constraint:

T
£f7'eq(0FR79DRa0FLa0DL) - Z Z (Q(Rhﬁgug;O) + gA(]TJt’]ZZUQ;O_))7 (14)
t=1o0€T

where the reflectance penalty G and the illumination penalty G are defined as:
G(Re,R"; 0) = w(0) - (|F(R) © M@l + | FRE™) © M(0)]l1 )

(L, Li"50) = (1= w(0)) - (IF(Le) © (1 = M(@) 1 + [ FEE™) © (1 = M(@))] ).
(15)

2
Here, F denotes the Fast Fourier Transform, and M(u, v; o) = exp (7M>

202
represents a Gaussian low-pass filter in the frequency domain, where D(u,v) is
the distance to the frequency center and o controls the cutoff frequency. The
two penalty terms in Eq. are specifically designed to enforce component
decomposition. Specifically, G applies the low-pass filter M to penalize low-
frequency energy in the reflectance component, encouraging preserving high-
frequency texture details. Conversely, G employs the complementary high-pass
filter (1 — M) to suppress high-frequency energy in the illumination component,
ensuring spatial smoothness. We further introduce a set of frequency thresholds
T = {o} to impose multi-scale constraints, with adaptive weights w(o) € [0, 1]
balancing the penalties across different frequency bands.

4.3 Adversarial Illumination Enhancement

This section introduces the adversarial framework designed to improve robust-
ness against out-of-distribution lighting. By leveraging the intrinsic reflectance
decoupled in previous stages, we synthesize challenging illumination variations
that force the rPPG estimator to generalize beyond the training distribution.

Adversarial Illumination Learning To simulate diverse lighting conditions, we
adopt a learnable Adaptive Instance Normalization (AdalN) layer A to transform
the decomposed illumination L into an adversarial counterpart L2dV:

L = A(L) = a- (FLE) 4 (16)
oL

where « and ( are learnable parameters, uf, and of, denote the mean and standard
deviation of L.

We then fix the reflectance branch Fr and estimator E and define an adver-
sarial loss L,4, to optimize o and 3. This objective seeks to maximize the rPPG
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estimation error for enforcing A to generate increasingly difficult illumination
conditions:

Lagw(04) = argmax NP(S*™.S), (17)

e )
where S?4V = E(Fr(V2Y)) is the rPPG signal estimated from adversarial samples
Vadv = R, o L24¥, Notably, the specular component H is intentionally excluded
during synthesis. Since specular highlights carry no physiological information,
removing them ensures the adversarial module focuses solely on simulating
complex ambient variations rather than introducing irrelevant specular artifacts.

INlumination-Enhanced Feature Learning After optimizing A, we generate
enhanced illumination components Le"" and construct corresponding samples
Verh = R, o L§"P. These samples are then used to fine-tune Fp and E by
minimizing the rPPG estimation error:

Lenn(05,,05) = NP(S™".S), (18)

where S°" = E(Fr(Ve?)). This two-step adversarial scheme effectively enlarges
the illumination distribution and significantly enhances cross-dataset generaliza-
tion under extreme lighting conditions.

4.4 Training and testing

Training To ensure stable convergence and reduce mutual interference among
intrinsic components, we adopt a progressive four-stage training strategy:

Stage 1: Lambertian Initialization. We optimize the illumination, re-
flectance, and rPPG estimator parameters {0, 0p,,0F,,0p,,0r} using L cfect,
Lrcc, Lrppa, and Lireq, establishing a Lambertian baseline without specular mod-
eling.

Stage 2: Specular Isolation. We freeze the previously learned parameters
and update only the specular branch {0, ,0p, } using Lepecular and Lyec to
isolate highlights without disturbing the Lambertian baseline decomposition.

Stage 3: Joint Refinement. All modules are unfrozen and jointly optimized
using the full set of losses (Lrefiect; Lrecs; LrPPG, Liveqs ad Lpecular) for refinement
and improved component consistency.

Stage 4: Adversarial Enhancement. We first update the AdalN pa-
rameters 04 by maximizing L,q, while freezing {6p,,0r}. Subsequently, 8 4 is
fixed and {0p,,0r} are fine-tuned via Le,, to improve robustness under unseen
illumination conditions.

Testing During inference, only the reflectance extractor Fr and the estimator
E are utilized to extract the intrinsic rPPG signal, ensuring efficient heart rate
estimation without the computational overhead of the auxiliary decomposition
branches.
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Table 1: Intra-domain testing within different illumination conditions.

UBFC PURE COHFACE Indoor Car
MAE| RMSE| Rt MAE| RMSE| Rt MAE| RMSE| Rt MAE| RMSE| Rt MAE| RMSE| Rt
PhysFormer 41| (CVPR 22) 1.88 447 096 043 057 0.99 324 646 0.81 157 3.58 093 472 792 045
EfficientPhys [22| (WACV 23) 0.72  1.77 0.99 030 0.36 0.99 275 699 081 1.16 3.06 096 4.79 9.76 0.8
RhythmFormer [43] (PR 25) 049 137 0.99 0.16 021 0.99 1.17 3.36 0.97 0.67 157 098 287 6.16 0.72
RhythmMamba [44| (AAAT 25) 0.70 1.02 0.99 048 0.55 0.99 7.70 14.18 0.61 046 0.66 0.99 490 10.22 0.53

Background- ND-DeeprPPG |21] (TIP 23) 0.78 1.94 098 024 032 0.99 156 395 093 052 093 0.99 428 876 0.54

Type Method

based Shao et al. |32 (CVPR 25) 042 0.89 0.99 0.18 024 0.99 6.60 1260 049 045 091 092 2.69 6.03 0.87
Retinex- Chen et al. 4] (CVPRW 23) 0.62 220 0.99 0.19 0.23 0.99 2.23 581 0.85 0.55 1.33 0.99 216 490 0.78
based Yang et al. 40| (TCE 25) 1.18 2.01 0.99 1.69 2.97 0.86 12.59 16.29 0.10 1.79 581 0.87 4.42 8.26 0.62
Non-

Lambertian SHINE-PPG (Ours) 0.34 0.47 0.99 0.13 0.17 0.99 147 4.03 093 0.32 0.45 0.99 1.68 3.55 0.89

5 Experiments

5.1 Experimental Setting

Network Architecture We adopt the feature extractors (Fp, Fr, Frr) and
the rPPG estimator (E) from [37]. To reconstruct the intrinsic components, we
design symmetric decoders (Dy,, Dg, D) with skip connections following [29].
The adversarial module (A) is implemented using a learnable AdalN layer [17]
parameterized by two learnable variables to modulate illumination statistics.

Implementation Details The model is trained for 100 epochs on a single
NVIDIA RTX 4090 GPU with a batch size of 1, using AdamW optimizer (learning
rate 1 x 107%). Faces are detected using MTCNN [42] and cropped to 64 x 64.
Following [32], each training clip consist of 320 consecutive RGB frames. The loss
Weights are set to: (Aprior; Acolor) = 23 ()\sparsea )\adv7>\enh) = ]-7 )\specular = 57
(Areflectv )\reca A'r‘PPG» )\f'req) =3.

Datasets and Evaluation Metrics We evaluate SHINE-PPG on five public
datasets: UBFC [3], PURE [36], COHFACE [9], MR-NIRP Indoor (denoted
as Indoor) [27], and MR-NIRP Car (denoted as Car) [28|. The first four
datasets are collected in a relatively constrained environments with stable illumi-
nation, whereas the Car dataset, specifically its Driving protocol, exhibits rapidly
varying lighting conditions and serves as our primary challenge. Performance
is evaluated using three standard metrics: Mean Absolute Error (MAE), Root
Mean Square Error (RMSE), and the Pearson Correlation Coefficient (R).

5.2 Experimental Results

Intra-Domain Testing As shown in Tab. [} existing rPPG methods perform
well under stable and controlled illumination like UBFC and PURE, but their
accuracy degrades under challenging lighting conditions of the Car dataset.
Notably, methods like PhysFormer [41] and EfficientPhys [22], without explicit
mechanisms to handle illumination variations, yield MAE values exceeding 4.70
bpm on the Car dataset. While Retinex-based |4] and background-based [32]
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Table 2: Cross-domain testing within different illumination conditions.

UBFC — Indoor PURE — Indoor UBFC — Car PURE — Car

MAE] RMSE| Rt MAE]} RMSE| Rt MAE| RMSE| Rt MAE|RMSE| Rt
PhysFormer |41| (CVPR 22) 2.67 4.43 092 0.69 142 098 16.33 2285 0.11 6.25 9.07 041
EfficientPhys [22] (WACV 23)  1.38 5.35 0.87 0.50 0.74 0.99 18.89 29.85 0.04 15.78 24.24 0.06
RhythmFormer [43| (PR 25) 1.08 3.98 091 0.21 0.27 0.99 11.08 17.11 0.18 4.64 8.62 0.53
RhythmMamba |44 (AAAT 25) 0.85 1.74 098 0.56 0.77 0.99 9.80 16.30 0.24 9.37 16.62 0.28

Background- ND-DeeprPPG [21| (TIP 23) 1.03  3.09 096 0.34 035 0.99 12.36 20.64 0.28 7.85 13.53 0.38

Type Method

based DD-rPPGNet |10 (TIFS 25) 1.22 2.67 0.96 0.63 1.50 0.98 14.92 21.33 0.15 7.47 11.78 0.43
Retinex-

based Chen et al. [4] (CVPRW 23) 2.27 9.44 0.63 0.38 0.58 0.99 15.86 24.01 0.01 6.81 1391 0.29
Non-

Lambertian SHINE-PPG (Ours) 0.30 0.42 0.99 0.16 0.19 0.99 7.64 14.42 0.30 3.24 6.59 0.74

methods show improved robustness (R = 0.78 and 0.87, respectively), SHINE-
PPG achieves the best overall performance with an MAE of 1.68 bpm and an R
value of 0.89. This demonstrates that explicitly modeling specular highlights is
critical even when the testing and training data share the same domain.

Cross-Domain Testing Tab. [2] presents the cross-domain results, where A —
B denotes that the model is trained on dataset A and tested on dataset B. While
UBFC — Indoor and PURE — Indoor are well handled by most methods,
since both the training and testing datasets exhibit relatively stable illumination,
the transition to dynamic environments (Car) leads to substantial performance
degradation in previous models. For example, in PURE — Car, EfficientPhys
|22] drops to a near-zero correlation (R = 0.06). This degradation is largely
due to severe illumination variations in the Car dataset, with approximately
11.9% of facial pixels belonging to specular highlight regions estimated by the
pretrained M2-Net [16]. In contrast, SHINE-PPG maintains remarkable stability
under dynamic lighting. In the particularly challenging UBFC — Car task,
characterized by limited training data and highly variable test conditions, our
method achieves an MAE of 7.64 bpm, significantly outperforming RhythmMamba
[44] and RhythmFormer [43|. Moreover, in PURE — Car, SHINE-PPG attains
an R value of 0.74, nearly doubling the performance of background-based |10}
21] and Retinex-based [4] methods. These results demonstrate that isolating
intrinsic reflectance and incorporating adversarial illumination enhancement are
essential for bridging the domain gap between constrained training conditions
and real-world dynamic environments. Despite these unseen and different lighting
conditions, SHINE-PPG consistently achieves strong performance, demonstrating
robust cross-domain generalization under challenging OOD scenarios.

Robustness to Challenging Illumination Scenario In Tab. [J] we evaluate
the generalization capability across diverse illumination conditions. Specifically,
rPPG models are trained using the training videos of the Garage protocol from the
Car dataset, and evaluated on three test sets: (1) the original Garage test videos
(Garage), (2) Garage test videos with additional Color Jitter applied to simulate
illumination variations (Garage + Color Jitter), and (3) the testing videos from
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Table 3: Experimental comparisons on different challenging illumination scenarios.

Garage Garage + Color Jitter Driving
Type Method
MAE| RMSE| Rt MAE| RMSE| Rt MAE| RMSE| Rt

PhysFormer [41] 1.26 3.87 090 353 6.36 0.71 10.66 14.02 0.08

EfficientPhys |22 439 938 0.52 5.50 13.21 0.31 11.84 17.74 0.22

RhythmFormer [43] 0.86 240 096 1.69 4.86 0.86 9.56 14.36 0.12

RhythmMamba [44] 3.90 9.14 065 514 13.22 0.54 11.69 18.57 0.29
Background- DD-rPPGNet |10) 8.29 11.75 041 9.24 12.84 0.40 14.31 17.51 0.11
based ND-DeeprPPG |21] 1.04 439 088 1.72 5.12 0.83 8.18 12.75 0.27
Retinex-
based Chen et al. |4] 1.01 2,51 096 1.04 298 0.95 8.94 14.10 0.10
Non-

Lambertian SHINE-PPG (Ours) 0.51 0.78 0.99 0.52 0.80 0.99 6.80 11.18 0.37

Table 4: Ablation study of different loss combina- Table 5: Ablation study on differ-

tions for SHINE-PPG. ent illumination enhancements.
Loss Terms PURE — Car Enhancement PURE — Car
Lyppc Lrec Lreflect Lireq Lspecular MAE]L RMSE R?T strategies MAE RMSE R
oo - - 8.65  14.03 0.32 Baseline ~ 3.76 7.76 0.57
v v - - - 9.97 17.81 0.19 .
v v v 6.23 11.52 0.39 Color Jitter 3.56 7.74 0.58
v v . v 6.02 10.49 0.43 Noise Injection 3.73 7.80 0.58
v v v v - 417 877 048 AdalN 3.63 7.28 0.61
v v v v v 3.76 7.76 0.57 Ours 3.24 6.59 0.74

the Driving protocol, which contains substantial real-world lighting fluctuations
(Driving). First, methods such as [41},/43], which are not explicitly designed to
address illumination variations, exhibit significant performance degradation under
varying lighting conditions, particularly in the Garage + Color Jitter and
Driving settings. Background-based methods [1021], developed for interference
suppression, partially alleviate illumination effects; however, their robustness
strictly depends on the specific lighting conditions observed during training.
Similarly, although Retinex-based methods |4] employ intrinsic decomposition
to recover reflectance, they remains vulnerable to signal corruption induced by
specular highlights. In contrast, SHINE-PPG leverages non-Lambertian intrinsic
decomposition to explicitly separate specular and illumination components. By
isolating the intrinsic reflectance, our framework effectively handles unknown
and challenging lighting conditions and consistently outperforms prior methods
across all evaluation protocols.

5.3 Ablation Studies

Effectiveness of Decomposition Constraints In Tab.[d] we evaluate the
impact of different loss combinations on the challenging PURE — Car task. The
baseline model, trained solely with £,.ppg, is highly vulnerable to dynamic lighting
and yields a low correlation (R = 0.32). Introducing the reconstruction loss Lyec
without additional guidance further degrades performance (R = 0.19). This is
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Table 6: Evaluation of rPPG in the decomposed L and H.
MR-NIRP (Car)

Source MAE | RMSE| R1?
Nlumination (L)  15.91 21.32 -0.04
Specular (H) 18.46  23.64  -0.03
Original (V) 1.68 3.55 0.89

due to the ill-posed nature of intrinsic decomposition; that is, without sufficient
constraints to separate illumination from reflectance, the network tends to corrupt
subtle physiological signals. By introducing the frequency constraint (Lgeq) and
reflectance consistency (Lyefiect ), We incorporate key physical priors, namely the
spatial smoothness of illumination and the invariance of skin reflectance, to
stabilize the decomposition process. These terms jointly lead to a substantial
improvement, increasing the correlation to 0.48. Finally, the specular constraint
(Lspecular) provides the critical non-Lambertian refinement. By explicitly isolating
sparse highlights through dark-channel and color-consistency priors, it removes
residual optical interference and further recovers the intrinsic rPPG signal,
achieving the best overall result with a Pearson correlation of 0.57.

Impact of Out-of-Distribution Illumination Enhancement In Tab. 5] we
evaluate different strategies for expanding the decomposed illumination L to
enhance model training. Using the full model from Tab. 4] as the baseline, we apply
Color Jitter, Noise Injection, AdalN, and our proposed adversarial enhancement
to L to reconstruct augmented samples for Eq. . Conventional augmentations
such as Color Jitter and Noise Injection provide only marginal improvements,
slightly increasing R from 0.57 to 0.58, as they rely on simple global perturbations
(e.g., brightness, contrast, saturation, and hue) and fail to capture the physically
complex lighting variations required for robust generalization. Similarly, standard
AdalN, defined as AdaIN(z1,x2) = U(xg)%mgl) + p(z2), relies on feature-wise
mean and variance statistics to transfer lighting styles between samples, yet is
inherently restricted to the lighting distributions observed in the training data. In
contrast, our adversarial illumination enhancement replaces fixed statistics (u(x2)
and o(z3)) with learnable parameters o and S in Eq. and optimizes them
adversarially to simulate out-of-distribution lighting. By forcing the model to
maintain stability under these simulated extremes, the framework learns strong
illumination-invariant physiological features, reducing the MAE from 3.76 to 3.24
bpm and increasing the correlation from 0.57 to 0.74.

rPPG Preservation in Decomposed Components In Tab.[6] we evaluate
the rPPG information content of each estimated component to quantitatively
address the concern of potential signal loss in the ill-posed decomposition. When
feeding the decomposed illumination L and specular H into the trained rPPG
model Fr—FE, both yield high MAE/RMSE and near-zero Pearson correlation with
ground truth. These results indicate that they do not contain meaningful pulsatile
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Fig. 3: Decomposition Visualizations. (a) Non-Lambertian Decomposition:
Input frames are decoupled into intrinsic reflectance (Ry), illumination (L;), and
specular (H;) components. (b) Retinex-based Decomposition: Conventional Retinex
decomposition produces localized white artifacts in the reflectance components (R)
due to its inability to model specular highlights.

signals but instead behave as noise, empirically supporting that rPPG-relevant
information is primarily preserved in the reflectance component R.

5.4 Visualizations

Non-Lambertian Decomposition To validate the effectiveness of SHINE-PPG
under dynamic lighting, we visualize the decomposed components for different
subjects from the Car dataset and compare them with conventional Retinex-based
decomposition in Fig.

As shown in Fig. a), the illumination components (L;) accurately capture
smooth and spatially varying lighting distributions, while the specular components
(H;) successfully isolate localized facial highlights. Consequently, the intrinsic
reflectance components (R;) preserve fundamental skin color and fine textures,
providing a reliable source for robust rPPG extraction. Moreover, the high fi-
delity between the reconstructed frames (R; o Ly + H;) and the original inputs
confirms the effectiveness of our self-supervised decomposition without requiring
ground-truth supervision. In contrast, conventional Retinex decomposition in
Fig. 3| (b) fails to model surface specularities, leaving residual highlight artifacts
in the reflectance component that contaminate the underlying physiological sig-
nals. By explicitly modeling non-Lambertian reflections, SHINE-PPG effectively
removes these interferences and produces cleaner intrinsic representations for
more accurate physiological sensing.
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Fig. 4: Estimated Signal Visualization. Comparison between PhysFormer and the
proposed SHINE-PPG under overexposed illumination condition.

Estimated signal visualization Fig. [4] visualizes the reconstructed rPPG
waveforms under overexposure condition and shows that our method achieves
significantly greater consistency with the ground truth than PhysFormer [41].

6 Conclusion

In this paper, we present SHINE-PPG, a novel framework designed to tackle
the long-standing challenge of illumination interference in remote photoplethys-
mography. Moving beyond the conventional Lambertian assumption, our method
leverages non-Lambertian intrinsic decomposition to explicitly decompose facial
videos into illumination, reflectance, and specular components in a self-supervised
manner. This physically grounded separation enables the isolation of intrinsic re-
flectance, effectively suppressing ambient light variations and surface specularities
to recover high-fidelity rPPG signals. To further enhance robustness, we propose
an adversarial illumination enhancement strategy that dynamically synthesizes
challenging out-of-distribution lighting conditions. This design encourages the
learning of illumination-invariant physiological representation, significantly im-
proving cross-domain generalization. Extensive experiments across five benchmark
datasets demonstrate that SHINE-PPG achieves state-of-the-art performance
under complex illumination while exhibiting superior cross-dataset robustness.
Overall, our work establishes a physically interpretable pathway for reliable phys-
iological monitoring. While the current AdalN-based augmentation effectively
improves robustness, modeling spatially non-uniform and dynamically varying
illumination remains an important direction for future research.
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