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Abstract

Photoplethysmography (PPG) is a promising non-
invasive technique for blood pressure (BP) estimation, al-
though machine learning models often show limited gener-
alizability across datasets due to feature variability. This
study investigates the stability of PPG morphological fea-
tures across recordings and cohorts to identify descrip-
tors with consistent behavior. Analyses were performed
on representative subsets from four public datasets: PPG-
BP (219 subjects), VitalDB (285 subjects), MIMIC-III (225
subjects), and MIMIC-IV (63 subjects). First, stationary
30 s segments with minimal heart-rate variation were ex-
tracted from VitalDB, MIMIC-III, and MIMIC-IV. Then,
2.1 s segments were selected to enable comparison with
the PPG-BP dataset. A total of 41 morphological features
were extracted, and their robustness was assessed through
a variability index, γ(j)

f . Features below duration-specific
thresholds (0.30 for 30 s and 0.13 for 2.1 s) were classified
as robust. The number of robust features was consistent
across datasets for the 2.1 s segments (19–20 features),
whereas it ranged from 15 to 25 for the 30 s segments.
Timing parameters (e.g., ∆nup and ∆T12) and selected
amplitude ratios (e.g., PDA A13) showed the highest sta-
bility, whereas second-derivative ratios and dicrotic-notch
metrics were highly variable. Prioritizing robust descrip-
tors may improve the generalizability of machine learning
models for BP estimation.

1. Introduction

Photoplethysmography (PPG) is a low-cost, widely ac-
cessible optical technique that has emerged as a promising
non-invasive method for continuous blood pressure (BP)
estimation [1]. The morphology of the peripheral pulse
wave carries key information on cardiovascular function,
enabling its use in diagnostic algorithms [2]. Accordingly,
many studies extract features from the PPG to train models
for accurate systolic and diastolic BP estimation [3, 4].

Despite their potential, machine learning models for
BP estimation often exhibit limited generalization across
populations [5, 6]. Clinical acquisition settings range
from controlled ambulatory environments to intensive care
units (ICUs), where patients may exhibit severe hemody-
namic instability and receive pharmacological treatments
[7]. This heterogeneity introduces multiple confounding
factors, including increased signal noise and motion arti-
facts, which alter PPG morphology and challenge the ro-
bustness of commonly used features [8].

To address this issue, this study evaluates the within-
segment stability of a comprehensive set of PPG mor-
phological features acquired under stationary conditions
across four public datasets. By quantifying feature stabil-
ity under diverse clinical conditions, we aim to identify a
subset of descriptors that remain robust across populations
[9, 10]. Identifying these robust features is key to reduc-
ing dataset-specific bias and improving the generalizabil-
ity and clinical reliability of non-invasive BP estimation
models [6, 11].

2. Materials and Methods

Analyses were conducted on representative subsets from
four clinical cohorts to capture different physiological
states and acquisition conditions. The ambulatory popu-
lation was represented by the PPG-BP dataset [12] (219
subjects), intraoperative recordings by VitalDB [13] (285
subjects), and critically ill patients by MIMIC-III-Ext-PPG
[14] (225 subjects) and MIMIC-IV [15] (63 subjects).

All raw PPG signals were preprocessed using a 0.5–
12 Hz IIR bandpass filter to remove baseline drift and high-
frequency noise.

To account for the different native signal lengths, the
analysis was divided into two phases. In the first phase,
three 30-s segments per subject were extracted from Vi-
talDB, MIMIC-III, and MIMIC-IV. Segments were se-
lected under stationary conditions using three criteria: (i)
heart rate between 40 and 180 bpm; (ii) cardiac spectral
dominance, defined as a ratio > 0.8 between the power



0

500

1000

y(
n)

y0
n0

yu

nu

yg

ng

yp

np

yh

nh

ye

ne

yf

nf

yz

nz

-5000

0

5000

10000

x'
(n

)

20 40 60 80 100 120 140 160 180 200
n

-2

0

2

x'
'(n

)

105
a

b

c
d

e

f

PPG, 1st and 2nd Derivatives

PPG Signal

First Derivative

Second Derivative (SDPTG)

Figure 1: Fiducial-point detection in the PPG signal y(n),
first-derivative x′(n), and second-derivative x′′(n).

in the 0.5–4 Hz band and the total signal power; and (iii)
rhythmic stability with an interbeat-interval coefficient of
variation < 0.10.

In the second phase, standardized 2.1-s subsegments
were extracted from the validated 30-s segments of Vi-
talDB, MIMIC-III, and MIMIC-IV, while the PPG-BP
dataset, whose recordings are natively short, was used di-
rectly at this segment length. Segments were retained only
if they contained at least three complete pulse waves and
had a heart rate within physiological limits.

Segments for which more than 20% of the morpholog-
ical features were non-computable were excluded. A to-
tal of 41 morphological descriptors were then computed
from each segment and its pulse waves, including timing
parameters, amplitude metrics, second-derivative indices
(SDPTG a–e), and Pulse Decomposition Analysis (PDA)
descriptors (Figures 1 and 2) [7, 16].

To quantify the relative intra-segment variability of fea-
ture f in dataset j, the variability index γ

(j)
f is defined as

γ
(j)
f =

1
Nj

Nj∑
i=1

σ
(i,j)
f

σ
(j)
f

,

where Nj is the number of extracted segments, σ(i,j)
f is the

standard deviation of feature f within the ith segment, and
σ
(j)
f is the overall standard deviation of the same feature

across the dataset.
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Figure 2: Feature extraction using Pulse Decomposition
Analysis, modeling the pulse as the sum of five component
waves with amplitudes (Ai) and temporal intervals (∆Tij).

The final variability index γf was computed as the me-
dian value across datasets.

3. Results

The distribution of γf in the 30-s and 2.1-s segments
is visualized in Figure 3. Furthermore, the late-diastolic
PDA features ∆T14, A14, ∆T15, and A15 were systemat-
ically excluded due to fitting instability, as they generated
missing values in more than 60% of the accepted segments.
Their removal left 37 features for evaluation; the remain-
ing features were computable in more than 92% of the ac-
cepted segments.

An in-depth evaluation of individual parameter perfor-
mance highlighted distinct robustness profiles across the
two segment lengths. In the 30-s segments, the lowest
cross-dataset variability (γf ) was obtained for the fiducial-
point time interval ∆nup (0.118, systolic upstroke), fol-
lowed by PDA ∆T12 (0.135, reflection delay). Conversely,
the highest γf was obtained for the second-derivative ratio
c/a (0.466, late systolic inflection), whereas other SDPTG
parameters showed similarly high variability. In the 2.1-s
segments, the lowest γf was obtained for the systolic peak
amplitude yp (0.049, peak-to-peak height), followed by
heart rate (HR; 0.060). In contrast, the highest γf was ob-
served for the SDPTG ratio d/a (0.215, late systolic slope
inflection), followed closely by other derivative ratios such
as b/a and c/a.

PPG features were considered robust when their γ(j)
f re-

mained below a predefined threshold. Specifically, thresh-
olds of 0.30 and 0.13 were adopted for the 30-s and 2.1-s
segments, respectively; each was calibrated at the 60th per-
centile of the overall γf distribution to retain the 60% least
variable features, thereby facilitating comparison between
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Figure 3: The plot compares feature robustness between
Phase 1 (30 s) and Phase 2 (2.1 s) using the median vari-
ability index (γf ) across datasets. Features are ranked ac-
cording to γf , while the vertical dashed lines indicate the
variability thresholds (0.30 and 0.13, respectively).

the two cases.
Feature robustness varied across datasets and segment

lengths. For the 2.1-s segments, the ambulatory PPG-BP
dataset presented 19 robust features. Similar results were
obtained in the clinical datasets, with 20 robust features
identified in VitalDB, 19 in MIMIC-III, and 20 in MIMIC-
IV. For the 30-s segments, 23 robust features were identi-
fied in VitalDB, 15 in MIMIC-III, and 25 in MIMIC-IV.
As shown in Table 1, robustness varied across feature cat-
egories. PDA features demonstrated substantial variation
in robustness rates, ranging from 16.7% in VitalDB (2.1 s)
to 66.7% in several dataset configurations.

SDPTG feature robustness varied considerably across
datasets, with rates between 20.0% and 80.0% in the clin-
ical datasets and 100.0% in PPG-BP. As previously noted,
specific markers within this family, such as the d/a and
c/a ratios, showed high intra-segment variability. Features
derived from the PPG waveform and its first derivative rep-
resented the largest group and maintained a consistent ro-
bustness rate in 2.1-s segments (46.2% to 61.5%), with
similar rates across 30-s segments (42.3% to 65.4%).

Table 1: Robust Morphological Features Across Datasets
and Segment Lengths

Dataset PPG & 1st Deriv SDPTG (2nd Deriv) PDA Features
Total evaluated 26 5 6

30-s segments (Target: 60th Percentile)
VitalDB 17 (65.4%) 3 (60.0%) 3 (50.0%)

MIMIC-III 11 (42.3%) 1 (20.0%) 3 (50.0%)

MIMIC-IV 17 (65.4%) 4 (80.0%) 4 (66.7%)

2.1-s segments (Target: 60th Percentile)
PPG-BP 12 (46.2%) 5 (100.0%) 2 (33.3%)

VitalDB 16 (61.5%) 3 (60.0%) 1 (16.7%)

MIMIC-III 13 (50.0%) 2 (40.0%) 4 (66.7%)

MIMIC-IV 14 (53.8%) 3 (60.0%) 3 (50.0%)

4. Discussion

Features derived from the PPG waveform and its first
derivative form the most consistently robust group; specif-
ically, features such as the systolic upstroke time (∆nup)
and Np show high stability across cohorts and have known
associations with BP [17]. Conversely, temporal distances
from the dicrotic notch (e.g., ∆ngf ) and second-derivative
ratios (c/a, b/a, and d/a) exhibit high intra-segment vari-
ability.

Among PDA features, robustness depends on segment
length: the systolic-to-reflected peak interval (∆T12) is
highly stable in 30-s windows [18] but varies in 2.1-s seg-
ments, where ∆T13 is more robust.

However, two limitations remain. First, differing seg-
ment durations inherently affect variance comparisons de-
spite threshold calibration. Second, feature stability does
not guarantee predictive utility and therefore requires fur-
ther validation within a complete cross-dataset BP estima-
tion framework.

5. Conclusion

This cross-dataset evaluation demonstrates that PPG
feature robustness depends on the dataset and segment
length, although the number of robust features was con-
sistent across datasets for the 2.1-s segments. Prioritiz-
ing morphological descriptors with demonstrated cross-
dataset stability, particularly timing features from the PPG
waveform and its first derivative, may improve the gen-
eralizability of machine learning models for cuffless BP
estimation.
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