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Abstract

Remote photoplethysmography (rPPG) enables unob-
trusive cardiovascular monitoring in clinical settings
where cameras rarely achieve optimal frontal alignment.
Given that rPPG signal quality depends on the geomet-
ric relationship between facial surface orientation, illu-
mination, and camera position, lateral viewpoints may
degrade heart rate estimation accuracy. However, the
isolated effect of static camera perspective, independent
of head motion, remains poorly characterized. We sys-
tematically evaluated eight state-of-the-art deep learning
rPPG models using recordings from 49 healthy adults
captured with six synchronized cameras spanning frontal
to lateral perspectives. Synchronized photoplethysmog-
raphy (PPG) provided ground truth. All models were
evaluated zero-shot, with performance stratified by resid-
ual facial motion. Results demonstrate consistent perfor-
mance degradation for lateral viewpoints across all model-
dataset combinations. The best-performing model, iBVP-
Net pretrained on PURE, achieved 1.81 bpm Mean Ab-
solute Error (MAE) frontally, degrading to 2.69 bpm for
side cameras. EfficientPhys pretrained on UBFC-rPPG
showed the lowest degradation ratio (1.37×), while Deep-
Phys reached up to 3.15×. Direct grouped compari-
son confirmed significantly higher MAE for lateral ver-
sus frontal cameras at all motion levels (Low Mean Land-
mark Displacement (MLD): ∆=1.56 bpm, p=0.0014; Mid:
∆=1.49, p=0.0008; High: ∆=1.39, p=0.0014; Wilcoxon
signed-rank, BH-corrected), confirming that static cam-
era angle alone degrades estimation accuracy by approxi-
mately 20–27% independently of subject movement.

These findings indicate that camera placement critically
affects rPPG reliability for clinical cardiovascular moni-
toring and underscore the need for viewpoint-aware train-
ing strategies to enable robust deployment in real-world
healthcare environments.
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Figure 1. Multi-view recording setup: camera ar-
rangement, exemplary frames from six perspectives with
landmark-based motion tracking, and synchronized ECG
and PPG waveforms.

1. Introduction

Camera-based remote photoplethysmography (rPPG)
enables unobtrusive cardiovascular monitoring in diverse
clinical and care settings such as waiting rooms, bedside
monitoring, and robot-assisted nursing [1]. In these set-
tings, patients are rarely observed by a camera with perfect
frontal alignment. Instead, cameras often capture the face
from varying perspectives and distances. Because rPPG
signal depends on the geometric relationship between fa-
cial surface orientation, illumination, and camera posi-
tion [2, 3], non-frontal viewpoints may systematically af-
fect signal quality. Yet the extent to which static camera
perspective, independent of head motion, degrades heart
rate (HR) estimation accuracy remains poorly character-
ized. This study addresses that gap by evaluating state-of-
the-art deep rPPG models zero-shot across six fixed cam-
era angles under controlled conditions, with results strati-
fied by residual motion.

Prior rPPG work has extensively studied motion ar-
tifacts, illumination changes, and cross-dataset domain
shift [3–5], with physics-based models confirming inher-



ent viewpoint sensitivity [2, 3]. Head rotation degrades
single-camera performance via yaw-induced face occlu-
sion [5–7], yet these studies conflate subject motion with
angular variation. Recently, Egorov et al. [8] introduced
a multi-view dataset and reported substantial accuracy
degradation for side-view cameras compared to frontal
views, yet their analysis aggregated viewpoints coarsely
and did not stratify by motion intensity. To the best of
our knowledge, the effect of static camera perspective on
rPPG signal quality, under tightly controlled conditions
with minimal head movement, remains underexplored. In
this work, we systematically evaluate state-of-the-art deep
rPPG models zero-shot across six fixed camera angles and
stratify performance by residual motion level, isolating
viewpoint as an independent factor affecting estimation ac-
curacy.

2. Methods

We recorded facial video data using six synchronized
Basler acA1920-150uc industrial cameras equipped with
Fujinon HF25XA-5M lenses (f/1.6, 25 mm focal length).
All cameras captured RGB video at 1920×1080 reso-
lution and 25 fps, subsequently resampled to 30 fps via
nearest-neighbor interpolation to match the input require-
ments of standard rPPG models. Cameras were arranged
at varying azimuth and elevation angles relative to the
subject’s approximate nasion position, as detailed in Ta-
ble 1. Diffuse, non-pulsed LED panels provided con-
trolled illumination to avoid interference with rPPG sig-
nal extraction. Physiological ground truth was acquired

Table 1. Camera positions relative to approximate nasion
Camera Azimuth (◦) Elevation (◦) Distance (mm)
Frontal-Bottom 81 27 1323
Frontal-Top 74 15 1093
Frontal-Left 58 17 836
Side-Right 35 1 813
Side-Top 0 19 867
Side-Left 0 −22 882

using a BIOPAC MP160 system (2000 Hz). Three-lead
ECG and finger-clip photoplethysmography (PPG) were
recorded simultaneously. A hardware trigger pulse syn-
chronized all six camera frames with physiological record-
ings at sub-frame temporal precision. Forty-nine healthy
adults (27 male, 22 female; 32.4 ± 12.0 years) partici-
pated. Subjects were seated and performed an image-based
arousal rating task to elicit natural HR variability while
maintaining a forward-facing posture (32.6±12.2min ses-
sions). Ethics board approval and written informed con-
sent were obtained. Faces were detected and cropped
per frame using YOLOv5 [9]. Bounding boxes were
scaled to include peripheral regions and resized to model-
specific inputs (72×72 to 128×128 px). Frames with-
out detections were excluded. Non-overlapping 30-second
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Figure 2. Distribution of MLD across all valid segments.
Dashed vertical lines indicate tertile thresholds defining
subsets of low/mid/high pixel displacement.

segments were extracted via greedy sliding-window se-
lection to maximize independent segments per subject.
A segment was valid if the PPG-based and ECG-based
HR differed by ≤ 1 bpm, ensuring high-quality labels.
This criterion, together with outlier removal outside 40–
120 bpm, removed segments corrupted by contact PPG ar-
tifacts. To quantify residual facial motion within each seg-
ment, we extracted facial landmarks per frame using Me-
diaPipe Face Mesh [10] and computed the MLD MLD =
1
N

∑N
i=1

∑T−1
t=1

∥∥∥p(t+1)
i − p

(t)
i

∥∥∥
2
, where N = 478 de-

notes the number of landmarks, T the number of frames
in the segment, and p

(t)
i ∈ R2 the pixel coordinates of

landmark i at frame t. MLD thus represents the cumula-
tive displacement averaged across all facial landmarks, ex-
pressed in pixels. In order to enable subgroup analysis, we
performed motion stratification by globally dividing seg-
ments into tertiles (low/mid/high) based on MLD values
(Figure 2). We evaluated eight state-of-the-art end-to-end
deep learning models for rPPG: TS-CAN, PhysNet, Deep-
Phys, PhysFormer, EfficientPhys, RhythmFormer, Phys-
Mamba, and iBVPNet. All models were obtained from the
rPPG-Toolbox framework [11] with pre-trained weights
from public datasets including PURE, SCAMPS, UBFC-
rPPG, and BP4D. We evaluated all model–dataset com-
binations for which pre-trained weights were available
in the rPPG-Toolbox, yielding the entries shown in Ta-
ble 2. Evaluation followed a zero-shot cross-dataset proto-
col: models were applied directly to our multi-perspective
recordings without fine-tuning. Inference window length
was set according to model-specific defaults as imple-
mented in rPPG-Toolbox. For each segment, HR was es-
timated from the predicted rPPG signal using the systolic
peak detection algorithm proposed by Elgendi et al. [12],
and compared against the PPG-derived ground-truth HR.
The MAE between the rPPG-estimated HR and the PPG-
derived ground-truth HR was computed, averaged across
the test set and reported with standard error, separately
for each camera perspective and stratification subgroup
to characterize viewpoint-dependent performance degra-
dation and its interaction with motion intensity.



3. Results

MAE values across six camera perspectives for eight su-
pervised rPPG models pretrained on four public datasets
are presented in Table 2. Across all model-dataset com-
binations, frontal views consistently outperformed lateral
perspectives. iBVPNet pretrained on PURE achieved the
lowest overall errors, with MAE of 1.81 bpm (Frontal-
Bottom) degrading to 2.69 bpm (Side-Top).

EfficientPhys was the most stable across viewpoints:
UBFC-rPPG pretraining yielded the lowest degradation ra-
tio (1.37×; 2.40 bpm frontal to 3.28 bpm lateral), while
PURE reached 1.58×. DeepPhys showed the highest sen-
sitivity (3.11× on UBFC-rPPG; 3.15× on PURE).

Models pretrained on SCAMPS, a fully synthetic
dataset, exhibited substantially elevated errors across all
projections, likely reflecting the domain shift between ren-
dered avatars and real skin tissue. Performance degrada-
tion patterns differed systematically by pretraining cor-
pus: PURE- and UBFC-rPPG-trained models showed
strongest deterioration for Side-Top and Side-Left pro-
jections, whereas BP4D-pretrained models degraded most
severely for Side-Right views, potentially reflecting view-
point biases in the respective training distributions.

MAE stratified by residual motion level (MLD ter-
tiles) is shown in Figure 3. Wilcoxon signed-rank tests
revealed significant performance differences across mo-
tion strata for frontal projections. Side projections exhib-
ited less consistent stratification, with significance primar-
ily in the mid-to-high transition. Direct comparison of
grouped frontal versus lateral cameras confirmed signifi-
cantly higher MAE at all motion levels (Low MLD: me-
dian MAE 5.84 vs. 7.40 bpm, ∆=1.56, W=19, p=0.0014;
Mid: 5.87 vs. 7.37, ∆=1.49, W=12, p=0.0008; High: 7.24
vs. 8.63, ∆=1.39, W=20, p=0.0014; Wilcoxon signed-
rank, BH-corrected). All 27 pairwise frontal–lateral cam-
era comparisons were likewise significant (all p < 0.026,
BH-corrected), confirming that static camera angle alone
degrades estimation accuracy by approximately 20–27%.

4. Discussion

Viewpoint-dependent degradation has direct clinical im-
plications: camera placement critically affects rPPG re-
liability independent of subject motion. In bedside or
waiting-room scenarios, current models may yield non-
viable estimates from lateral perspectives, with some con-
figurations exceeding 20 bpm MAE.

Prior work has characterized motion artifacts and cross-
dataset domain shift extensively, yet viewpoint effects re-
mained confounded with head rotation. Our controlled
setup isolates static perspective as an independent degra-
dation factor: even under minimal motion, lateral cameras
exhibited systematically elevated errors. Motion-robust
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Figure 3. MAE (bpm) per projection stratified by MLD
tertiles. Box plots aggregate eight rPPG models across
training datasets. Two-sided Wilcoxon signed-rank tests
matched on model and dataset.

architectures alone are therefore insufficient and explicit
viewpoint invariance requires separate consideration.

Divergent degradation patterns across pretraining
datasets show that training viewpoint composition shapes
generalization predictably. Future work should incorporate
diverse angular coverage through multi-view augmentation
or synthetic generation, and develop unified frameworks
that disentangle projection from motion effects.

Several limitations should be noted. Our cohort com-
prised 49 healthy young adults recorded under con-
trolled diffuse illumination; generalization to elderly
or cardiovascular-impaired populations, variable lighting,
and naturalistic clinical environments remains to be vali-
dated. Furthermore, we did not stratify performance by
skin tone, which is known to affect rPPG signal quality
and may interact with viewpoint-dependent degradation.
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