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Abstract

Photoplethysmography Imaging (PPGI) is considered a
promising non-contact alternative for existing methods of
heart rate (HR) and even blood pressure estimation. A crit-
ical processing step in PPGI involves selecting the pixels
with the strongest pulse signal from a camera video, which
becomes particularly challenging in real-world scenarios
involving movement and changing illumination. Current
pixel selection methods such as facial landmark-based re-
gion selection and skin segmentation overlook scene ge-
ometry and illumination conditions. This study evaluates
whether the angle between the camera sensor and the skin
surface (skin-to-camera angle) could enhance pulse es-
timation accuracy. The skin-to-camera angle is calcu-
lated using 3D-coordinate estimates, and thresholds rang-
ing from 15° to 90° are applied to reject sub-regions based
on their angle. The effectiveness of this angle-based se-
lection method is tested on six publicly available datasets
containing video data from 288 subjects. Results show that
for the CHROM algorithm, angle thresholds of 30° to 50°
marginally improve heart rate estimation accuracy by 0.1
BPM, but most algorithms do not benefit significantly from
this approach. Consequently, due to the added computa-
tional complexity, the angle is unlikely to be a substantial
confounder in PPGI signal quality.

1. Introduction

Photoplethysmography Imaging (PPGI) shows great po-
tential for estimating important vital markers such as heart
rate, heart rate variability, blood oxygenation, respiratory
rate, and even blood pressure [1] using cameras. The tech-
nique faces two major challenges: first, how to combine
information from different parts of the light spectrum, such
as the RGB channels of a camera; and second, how to se-
lect the best region to measure the light intensity from.

The methods for selecting this region of interest (ROI)
can be grouped by their five fundamental ideas.
1. Skin-classification techniques work on the most basic
level as they try to find skin tissue with the expectation of
simultaneously showing blood perfusion that can be used

to estimate the pulse, and removing all pixels such as facial
hairs that pollute the PPGI signal. Current models for skin
segmentation mostly employ Neural Networks (NN) [2].
2. Facial landmark-based approaches usually try to use
domain knowledge, by manually selecting an ROI based
on studies regarding the visibility, pulsation, and signal-to-
noise-ratio (SNR) of a region [3] and combining that with
detection and tracking algorithms.
3. Attention maps can be implicitly learned by training
structurally crafted statistical models (e.g. NNs) on a
down-stream task such as blood volume pulse estima-
tion [4].
4. Pulsatility based selection is a less explored approach,
where the goal is to find pulsatile regions explicitly, for
example by employing temporal superpixels and signal
quality-based fusion [5].
These methods do not consider scene geometry or illumi-
nation.
5. Scene geometry was considered a factor only recently
by investigating the relevance of the camera-to-skin-
angle [6].

In this study, we focus on the skin-to-camera angle-
based selection and compare it extensively over a wide
range of databases with the less computationally demand-
ing facial landmark-based approach, to answer the ques-
tion from the title. Therefore, we investigate if the angle
between the camera sensor and the skin might be a rel-
evant variable for estimating the pulse using cameras as
suggested by [6].

2. Methods

We process facial videos with our evaluation pipeline (Fig-
ure 1) that extends the rPPG-Toolbox [7] by employing
MediaPipe’s face extraction model Blazeface [8] to ex-
tract facial landmarks. We use 3D-coordinate estimates
of the landmarks to estimate the angle between the cam-
era axis and the skin normal, short skin-to-camera angle
θ. To quantify improvements from only using skin parallel
to the image plane, we use eleven different thresholds θth
on the skin-to-camera angle between 15° and 90° to reject
additional sub-regions inside the face boundaries. Addi-
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Figure 1. The pipeline uses MediaPipe to extract facial landmarks to compute the skin-to-camera angle and create an ROI
segmentation of forehead and cheeks.

Table 1. Public datasets used in this study. MMPD shows
a large range of skin colors, makeup and face wear

Dataset subjects scenario illumination
UBFC-rPPG [9] 42 sitting (no movement) variable + ceiling
COHFACE [10] 40 sitting (no movement) artificial / sunlight
VIPL-HR-V1 [11] 107 everyday activities artificial
PURE [12] 10 movement daylight
MMPD [13] 33 stationary + movements artificial / sunlight
RLAP-rPPG [14] 56 video game artificial
KISMED (private) 10 head rotation ceiling

tionally, we consider landmark-based skin regions of in-
terest (ROI) in the face that have been shown to have the
strongest signal-to-noise ratio (SNR) [3] as well as provid-
ing superior heart rate estimation under a broad spectrum
of recording situations. The three most promising regions
of interest are forehead, left cheek and right cheek [3].
The pipeline allows to turn off each element separately and
thereby combine the ROIs with the segmentation provided
by the skin-to-camera angle-based thresholding.

2.1. Datasets

We collected six openly available datasets listed in Ta-
ble 1. We also recorded a private dataset (KISMED)
with 10 subjects, to analyze the influence of camera type
and twelve different scenarios. The subjects gave in-
formed consent. We used two cameras, Logitech 930e
with 640x480 pixels and Sigma fp with 1920x1080 pix-
els, recording uncompressed raw frames with a frame rate
of 30 frames per second. The reference PPG was mea-
sured synchronously at the finger (Pulox PO-250). In the
following, we only analyze the scenario where the subject
performs various head rotations.
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Figure 2. Estimated reflection angle θj between estimated
skin normal nj and camera axis c. vj,k and vj,l are the
two vectors connecting the vertices of triangle j.

2.2. Angle Estimation

The angle estimation uses MediaPipe 3D-landmarks and
a tesselation that creates triangles by connecting neigh-
bouring landmarks resulting in 851 triangles all over the
face, excluding the eyes. For each triangle j defined by
p1,p2,p3 ∈ R3 we construct the normal vector nj =
(p1 − p2) × (p1 − p3) and normalizing it with n̄j =
nj/∥nj∥. The skin-to-camera angle is then simply defined
as

θj = arccos
n̄jc

T

∥n̄j∥∥c∥
, (1)

where c = [0, 0,−1]T is the camera vector pointing per-
pendicular towards the image sensor. θj is constructed to
be between 0° and 90°. We interpolate between the angles
of each triangle center by projecting it into the image space
and using simple linear interpolation. We shorten it to θ to
mean the angle at any pixel position.
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2.3. Processing

A threshold θth is defined to select pixels where θ ≤ θth.
The resulting set of pixels is then intersected with the set
of pixels defined by the optimal facial ROI. This ROI con-
tains the forehead ROI and the left and right cheek ROI and
is tracked by using MediaPipe’s facial landmarks. Due to
jitter over time, the landmark coordinates are filtered us-
ing a low-pass filter with 3.5 Hz cutoff frequency. Subse-
quently, each facial ROI is smoothed using the convex hull
algorithm. In this ROI, the color channels are averaged
per frame resulting in an RGB signal. We use six methods
implemented in the rPPG-Toolbox to extract the PPGI sig-
nal from the RGB signals: ICA, POS, CHROM, GREEN,
LGI, PBV. The PPGI signal is detrended and band-pass
(BP) filtered with cutoff frequencies at 0.4 and 4 Hz before
the HR is estimated using the frequency at the maximal
spectral power of the FFT inside a 30 s window. The same
detrending, BP filtering, and HR estimation is applied to
the ground truth signal.

2.4. Evaluation

We evaluate the skin-to-camera angle on the six pub-
lic datasets and the rotation scenario of the KISMED
dataset, where we expect the largest influence of angle-
based thresholding, using the following metrics: mean
absolute error (MAE), root mean square error (RMSE),
signal-to-noise ratio (SNR) [15], and accuracy. The ac-
curacy is defined as the number of correctly estimated seg-
ments divided by the total number of segments. A segment
is considered correct if the HR estimation is within 2 BPM
of the ground truth, considering the measurement precision
of a typical finger clip PPG.

3. Results

Figure 3 shows MAE/SNR over the angle threshold θth.
The average trend of MAE and SNR show a monotonous
function with respect to θth, where SNR is increasing with
an increase in θth. In case of CHROM the a convex func-
tion can be observed and an angle threshold from 25°
to 60° leads to an improved performance on the UBFC-
rPPG dataset. In contrast to separate analysis of single
datasets, averaging over all datasets the CHROM estima-
tion improves by 0.1 BPM for θth between 45° and 60°.
The MAE shows a (small) dip at 30° for the other meth-
ods as well. POS shows no improvement from using the
skin-to-camera angle to create an ROI. The comparison
with the performance of the forehead-cheek ROI in Table 2
shows that POS appears to achieve better results than the
best θth (in brackets), except for the UBFC-rPPG dataset
where the MAE shows a minimum at 25°. POS, ICA, and
GREEN (not shown) show no improvement, while PBV

(not shown) and LGI improve by 0.2 BPM for 45°. The
results for the accuracy metric align with the MAE. In all
cases the combination of both approaches leads to worse
metrics than the best approach.
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Figure 3. The dependence of HR estimation performance
(MAE, SNR) on the angle threshold θth for the interpolated
skin-to-camera angle. The black line is the average over all
datasets.
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Table 2. Comparison between using the optimal θth and the landmark-based ROI (L-ROI) using MAE and accuracy (Acc.)

Dataset Algorithm θth MAE (L-ROI) MAE (θth) MAE (both) Acc. (L-ROI) Acc. (θth) Acc. (both)
KISMED CHROM 30° 1.05 0.35 2.72 90 100 80
KISMED POS 90° 0.53 0.62 0.53 95 95 95

UBFC-rPPG CHROM 30° 1.89 1.33 1.37 74 97 89
UBFC-rPPG POS 25° 1.42 1.06 1.18 79 98 87

4. Discussion

The effectiveness of using the skin-to-camera angle for
selecting a region of interest largely depends on the dataset
and the PPGI extraction method used. For instance, the
combination of UBFC-rPPG and CHROM as reported
in [6] show the largest benefit of employing θ. If actu-
ally the face-to-skin angle by itself was a good measure to
select an ROI, data with heavy head rotation such as the ro-
tation scenario of the KISMED dataset, should show par-
ticularly improved performance. However, we observed
no relationship between θ and performance in this case.
On the other hand, POS which shows equal or better per-
formance as CHROM, is not affected by θ, but benefits
from the larger number of pixels when θth is chosen to be
large. A decrease in the total number of pixels results also
from the combination of landmark ROI and θ-ROI, leading
to a decrease in performance as well. Averaging a larger
number of pixels is important for noise reduction, making
larger θ preferable for most algorithms.

5. Conclusion

The skin-to-camera angle can be used to select regions
for pulse estimation. However, the method is computa-
tionally expensive and, based on close inspection of the
data where it performed well and the fact that small an-
gles below 15° generally do not lead to improvements, it
seems unlikely that the skin-to-camera angle is a relevant
confounder to quality in PPGI estimation.
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