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Abstract—Heart rate (HR) estimation from photoplethysmog-
raphy (PPG) signals is a key feature of modern wearable devices
for health and wellness monitoring. While deep learning models
show promise, their performance relies on the availability of
large datasets. We present EnhancePPG, a method that enhances
state-of-the-art models by integrating self-supervised learning
with data augmentation (DA). Our approach combines self-
supervised pre-training with DA, allowing the model to learn
more generalizable features, without needing more labelled data.
Inspired by a U-Net-like autoencoder architecture, we utilize
unsupervised PPG signal reconstruction, taking advantage of
large amounts of unlabeled data during the pre-training phase
combined with data augmentation, to improve state-of-the-art
models’ performance. Thanks to our approach and minimal
modification to the state-of-the-art model, we improve the best
HR estimation by 12.2%, lowering from 4.03 Beats-Per-Minute
(BPM) to 3.54 BPM the error on PPG-DaLiA. Importantly, our
EnhancePPG approach focuses exclusively on the training of the
selected deep learning model, without significantly increasing its
inference latency.

Index Terms—Deep Learning, Heart Rate Monitoring, Photo-
plethysmography, Pre-training, Augmentation

I. INTRODUCTION & RELATED WORKS

Wearable health monitoring devices have rapidly advanced
in the health and wellness Internet-of-Things (IoT) era, in-
tegrating sophisticated sensors, efficient computational plat-
forms, and cutting-edge algorithms [1]-[3]]. Heart Rate (HR)
is a vital physiological parameter that offers insights into
physical activity, stress levels, and potential health concerns
[4]. Although HR can be assessed intermittently in clinical or
home environments, continuous monitoring is essential for the
early detection of health issues.

One way to continuously monitor HR is wrist-worn Photo-
plethysmographic (PPG) sensors. These sensors have become
popular with the rise of affordable fitness trackers like Apple
Watch [5] and Fitbit [6]. They measure HR by detecting
light from pulsating light-emitting diodes (LEDs) absorbed or
reflected by blood vessels [7]]. Despite their user comfort, PPG
sensors face accuracy challenges due to Motion Artifacts (MA)
from variations in sensor pressure, external light interference,
and arm movements, particularly during intense physical ac-
tivity when blood flow variability complicates HR estimation.

To address the challenges posed by MA, initial approaches
in the literature proposed filtering techniques, where the cor-
relation between acceleration data and PPG signals was lever-
aged to mitigate MA noise on PPG signal [8], [9]. However,
these methods often suffer from poor generalization on unseen
data due to the high number of tunable hyperparameters.

Deep learning techniques have been proposed to overcome
this limitation, showing promising results on various public
datasets [[10]. In [11]], [12], the authors address the chal-
lenges of poor generalization and the high complexity of
deep learning by integrating Neural Architecture Search (NAS)
strategies with Temporal Convolutional Networks (TCNs) for
HR monitoring. Despite the progress made, most deep learning
solutions fail to achieve a sufficiently low Mean Absolute Error
(MAE) in HR estimation for practical deployment in real-
world scenarios, where inter-subject variability makes accurate
HR monitoring particularly difficult.

In this work, we propose an innovative approach that
integrates self-supervised learning and data augmentation tech-
niques [13]], [[14] to enhance HR estimation performance of
deep learning models. While our method is mostly orthogonal
to the specific deep neural network selected, we assess its
performance using PULSE (Ppg and imU signal. fuSion for
HR Estimation [[15]]), the state-of-the-art deep learning model
for HR estimation from PPG signals on PPG-DaLiA [10],
the biggest public dataset available. By introducing a pre-
training phase combined with augmentation techniques, we
improve the robustness and the accuracy of PULSE without
significantly impacting inference latency, ensuring suitability
for deployment on low-power edge devices like smartwatches.

Our contributions are as follows:

o Self-supervised learning (SSL) for PPG data: we are
the first to introduce a self-supervised pre-training step
by restructuring the selected deep learning model into
an autoencoder-like framework, inspired by U-Net [16].
This allowed us to pre-train the model on two additional
unlabelled datasets: WESAD [17] and a new dataset
provided by West Attica University. The pre-training task
is the PPG signal reconstruction. This approach allows for
the use of more readily accessible data, as they can be
collected without needing any labelling.

o Data Augmentation (DA) Integration: we leverage DA
techniques, inspired by [13]], to expand the pre-training
dataset with a focus on increasing HR variability, thereby
enhancing the model’s generalization and robustness to
noisy inputs. Additionally, we evaluate how our SSL
framework supports the use of DA without altering the
HR labels, ensuring that the model can learn broader
features without compromising its ability to generalize
to unseen data.

Ours is the first attempt to exploit large unlabelled datasets
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combined with data augmentation in a self-supervised way
for HR estimation, paving the way to utilising large unlabelled
datasets to improve the generalization of this vital task. Im-
portantly, our EnhancePPG approach, which combines self-
supervised pre-training with data augmentation, solely affects
the training phase, leaving the inference process unchanged.
To benchmark our method’s accuracy, we used a modified
PULSE architecture derived from the original one to reduce
training time and improve performance. These architectural
changes alone lowered the Mean Absolute Error (MAE) from
4.03 BPM to 3.73 BPM. Applying EnhancePPG, we brought
the MAE of the architecture down to 3.54 BPM, achieving
a further 5.09% reduction. Notably, we achieved significant
reductions in MAE for the two most critical patients, S5 and
S8, reducing the MAE achieved by the original PULSE model
by 18.9% and 36.8%, respectively.

Our modified PULSE model can be deployed on an STM32
NUCLEO-H743Z12 with a latency of 431.6 ms, only 4.43%
higher than the original one. On the other hand, enhancing the
model with our proposed pipeline does not lead to any latency
increment.

II. MATERIAL & METHODS
A. Model architecture

We evaluate our pre-training and data augmentation method-
ology for PPG-based HR estimation on an enhanced version of
PULSE, state-of-the-art model for PPG-based HR estimation
originally introduced by [15]. PULSE leverages PPG signals
and tri-axial accelerometer data to improve HR estimation
accuracy by integrating temporal convolutions with a Multi-
Head Cross-Attention (MHCA) module. The architecture com-
prises three 1D convolutional blocks with increasing channels
(32, 48, 64), each containing three consecutive convolutional
layers to capture short-term temporal variations in both PPG
and accelerometer data. Each block’s output is downsampled
using average pooling layers. The feature maps generated by
the convolutional layers are processed by the MHCA module,
where PPG signals serve as query vectors and accelerometer
features are used as key and value vectors. Finally, the atten-
tion module’s output is normalized and passed through two
dense layers to produce the HR estimate.

We modify the original PULSE architecture by replacing
dilated convolutions with standard convolutions. To maintain
the same receptive field, we adjust the convolutional kernel
size from (1, 5) with a dilation of 2 to (1, 9) with a dilation of
1. This modification (Fig.[Th) allows the model to concentrate
on more localized features maintaining a comparable inference
latency.

B. Self-supervised pre-training

We employ SSL to leverage the vast quantities of unlabeled
PPG data available. In SSL, initially, the model undergoes
a pre-training phase, during which it learns the underlying
structure of data and extracts task-agnostic feature representa-
tions. This pre-trained model can subsequently be fine-tuned
for a range of downstream tasks. In our approach, pre-training
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Fig. 1. a) Modified PULSE architecture used in fine-tuning; b) our PULSE-
autoencoder architecture used in pre-training

is essential for improving HR estimation accuracy, especially
in situations where motion artefacts could undermine model
robustness. For our SSL pre-training setup, we restructured
the PULSE architecture into an autoencoder, compressing and
reconstructing input signals, thus forcing the model to capture
meaningful latent representations [18]. The encoder part is
based on the PULSE model described in[[[-A] with the two last
dense layers, i.e. the regression head, removed. The decoder
mirrors the encoder’s structure, using transposed convolutional
layers to reconstruct the input signal from the latent space.
Similar to the encoder, the decoder utilizes multi-headed
attention mechanisms, but in this case, the input tensor is self-
correlated. Inspired by U-Net [16], we added two skip connec-
tions between the first and the second convolutional blocks of
the encoder and decoder to preserve spatial information during
up-sampling. As a result, the first two convolutional blocks of
the decoder increase by a factor 2 both the spatial dimensions
and the channels, as they concatenate their own output with
the corresponding feature map from the contracting path. This
architecture is shown in Fig. [Tp.

During pre-training, the model is optimized in a completely
self-supervised way to perform a reconstruction of the input
signal, with the Mean Squared Error (MSE) as the objective
metric, defined as the average squared difference between
the input values and the reconstructed values. The MSE is
averaged across the four sensor modalities considered: PPG
and acceleration along the z, y, and z axes. As for the training
details, we pre-train our PULSE-autoencoder model for 500
epochs, with AdamW optimizer with a learning rate of le ™3,
betas (0.9,0.95), and a weight decay of 0.01. We also adopt
a learning rate scheduler based on a half-cycle cosine decay
when the validation loss fails to improve for 5 consecutive
epochs. Lastly, we use early stopping with 50 epochs patience.

C. Fine-tuning

Following pre-training, the model is adjusted for fine-tuning
on the task-specific dataset by restoring the modified PULSE



architecture described in Sec. The weights learned during
pre-training for the encoder are used to initialize the HR
estimation model. During fine-tuning, the model is trained
to minimize the MAE between the predicted HR and the
true HR value from the dataset. Model validation follows
the Leave-One-Session-Out (LOSO) cross-validation protocol
already implemented in [[15], [[19], [20], where data from the
subjects are split into four folds. Three folds are used for
training, while the remaining one is divided subject-wise, into
test and validation sets. This training protocol ensures the
generalizability of the produced model to unseen subject data.
We fine-tune our model for 500 epochs, using Adam with a
learning rate of 5e~* and early stopping with patience of 150.

D. Augmentation techniques

We leverage DA techniques to boost our model’s perfor-
mance and robustness. DA helps mitigate overfitting and en-
hances generalization, which is crucial given the challenges of
collecting large, high-quality PPG datasets that require costly
medical-grade electrocardiogram (ECG) devices for accurate
ground-truth HR measurement.

Augmented data points, Z;, are derived from the original
data z; through noise injection or transformations like scal-
ing, reshaping, and temporal adjustments. Inspired by [13],
we selected their argumentation setup that offers the best
performance on critical patients, i.e., the ones presenting the
highest HR estimation error due to having an average BPM
on the upper or lower limits of the dataset. This configuration
employs two PPG-specific DAs:

e the Divide_2, which extends the lower bound of the
BPM range by randomly selecting, for each input window
of length 7', a continuous section of length 7'/2, and
stretching it in time back to the original window size (0
to T') with resampling;

o the Multiply_[x-y, z], which extend the upper bound of the
BPM range, by multiplying the HR by factors between x
and y, with a step of z and then undersampling it back
to its original window dimension.

We specifically evaluated the DA setup comprising Divide_2
combined with Multiply_[1.2 — 2,0.1], thus increasing the
dataset by a factor of 11x. Unlike [13|], we apply DA on pre-
training data, avoiding the need to alter HR labels and thereby
reducing the risk of inaccuracies and inconsistencies that could
degrade model performance. Notably, our work is the first to
combine SSL with DA for PPG-based HR estimation, expand-
ing the pre-training dataset to enhance pattern recognition and
improve generalization.

E. Datasets

Three datasets were used to train and test the models: PPG-
DaLiA [10], WESAD [17], and a newly collected dataset by
West Attica University. Signals were segmented into 8-second
windows with a 2-second shift.

PPG-DaLiA includes data from 15 subjects (8 female, 7
male, aged 21-55) performing 8 daily activities (e.g., walking,
cycling). Recorded with the Empatica E4 wristband [21]], it

provides one-channel PPG (64Hz) and tri-axial accelerometer
(32Hz) data. Ground truth HR was obtained from a chest-
worn smart belt, with ECG-based HR, as the average instanta-
neous HR within each 8-second window. The dataset contains
64,697 samples from two hours of recordings per subject.
WESAD is a multimodal dataset for stress and affect detec-
tion, with data from 15 participants (aged 24-35). It includes
signals like PPG, ECG, and accelerometer, capturing neutral,
stress, and amusement states. Importantly, the dataset labels
represent discrete affective states, not HR values, making it
unsuitable for direct supervised training in HR estimation
tasks. However, through our self-supervised pre-training, these
data can be effectively integrated. The dataset provides 43,385
samples from 100 minutes of recordings per participant.
The West Attica dataset contains PPG and accelerometer
data from healthy subjects recorded during rest using the
Empatica E4. It includes 449,544 samples—10 times larger
than the public datasets—without labels, enabling simpler and
more scalable data collection for unsupervised learning.

III. RESULTS

All datasets are downsampled to 32 Hz, using input win-
dows of size 4 x 256 (equivalent to 8 seconds) with a 2-second
overlap. Each window is normalized per channel using the z-
score, computed on the pre-training data when pre-training is
applied, or on the training data otherwise. For post-processing,
we followed the approach in [[11f], clipping output values when
predictions deviate by more than 10% from the average of the
last 10 estimated values.

A. Ablations and Final HR estimation performance

Figure [2] illustrates the impact of the different parts of
our methodology on the PULSE performance on PPG-DaLiA.
Each bar represents the average MAE across 15 subjects, with
individual dots indicating the MAE for each patient.

PULSE - Wnd.03 ¢ o o o °
Mod. PULSE @ @35/3 o o ° e
Pre-train - @ 00368 o o ) o |o
EnhancePPG - 3.54
0 1 2 3 4
MAE [BPM]

Fig. 2. MAE results on PPG-DaLia considering architectural modifications
(“Mod. PULSE”) and our EnhancePPG (“Pre-train” and Augmentation).
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Fig. 3. MAE results on PPG-DaLiA on best phase to apply DA.

The original PULSE model achieves an MAE of 4.03 BPM.
The architectural modifications described in [[I-Al reduce the



TABLE I
PER SUBJECT MAE [BPM] PERFORMANCE OF OUR APPROACH ON PPG-DALIA COMPARED WITH STATE-OF-THE-ART.

Model S1 S2 S3 S4 S5 Sé6 S7 S8 S9 S10  S11  S12  S13  S14  S15 | Mean
AugmentPPG [13] | 437 374 243 549 941 363 223 786 894 332 534 764 203 294 358 4.86
PULSE [15] 378 3.04 220 441 695 371 239 817 619 260 385 522 198 313 279 4.03
KID-PPG¥ [14] 427 346 207 561 301 274 139 7.3 953 277 358 452 148 248 284 | 379
EnhancePPG 335 315 220 438 564 235 193 516 638 287 330 549 184 243 253 3.54
MAE by 7.44%, bringing it to 3.73 BPM. This improvement TABLE II
likely stems from multiple factors: the larger kernel size (1, 9) DEPLOYMENT RESULTS ON THE STM32 NUCLEO-H743ZI2
enhances the detection of subtle, short-term variations in PPG Model Params. MACs _ Latency MAE
and accelerometer signals, while dilated convolutions with PULSE 230 K 261 M 4133 ms 4.03 BPM
dilation 2 may miss critical local fluctuations. Additionally, Modified PULSE | 386 K 467M 431.6ms 3.73 BPM
EnhancePPG 386 K 46.7M 431.6 ms 3.54 BPM

standard convolutions reduce the over-smoothing effect of
dilation and improve noise handling.

Following the architectural modifications, we evaluate our
EnhancePPG approach starting with the self-supervised pre-
training step described in where we restructure the
model into an autoencoder-like architecture. Using the WE-
SAD dataset and our West Attica dataset for pre-training, we
observe a reduction in MAE to 3.68 BPM. While this improve-
ment is modest, it underscores the potential of self-supervised
learning, which could deliver even greater performance gains
with access to more pre-training data.

To verify this intuition and further improve our models’
predictive performance, we applied the second step of our
approach, i.e. the data augmentation setup described in [[I-D}
expanding the pre-training dataset by 11x. With this setup,
referred to as EnhancePPG, we achieved a MAE of 3.54 BPM,
representing a 12.16% reduction compared to the original
PULSE model and a 5.09% compared to the modified PULSE.
This improvement is due to the larger pre-training dataset
and the augmentation techniques that expand the BPM range,
helping to reduce overfitting and enhance model robustness.
We apply augmentation solely on the pre-training, without
altering HR labels to prevent generalization issues in super-
vised training. While [[13]] achieved optimal results by limiting
augmentation to specific extreme patients, our approach applies
it to all patients, resulting in lower overall MAE and enhanced
model generalization. This point is further emphasized in
Figure |3] where we compare the applications of DA on differ-
ent training steps. Applying augmentation to the fine-tuning
dataset (PPG-DaLiA) in all other configurations, i.e., only
during fine-tuning without altering pre-training data (referred
to as “only on FT”), both on pre-training and fine-tuning data
(“on PT+FT”) or only to the non-pre-trained model (“no PT”),
consistently leads to performance degradation. Our complete
methodology reduces MAE for most patients, with only one
exceeding 6 BPM. Table[l|provides detailed per-patient results.

B. Comparison with the state-of-the-art

Table [I| presents a comparative analysis of recent state-of-
the-art methods for HR prediction on the PPG-DaLiA dataset.
The KID-PPG result [14] is marked with an * symbol due to its
use of MA removal, which excludes part of the testing data,
making a direct comparison with our method less accurate.
Our approach sets a new state-of-the-art, achieving the lowest

average MAE, outperforming the previous best, the PULSE
model. On a per-subject level, our method reduces the MAE
for 11 patients while maintaining comparable performance for
the remaining 4. Notably, the MAE for two critical patients
(S5 and S8) drops by 18.9% and 36.8%, respectively.

Our results show that augmenting pre-training data improves
performance without adding complexity or modifying HR
labels. This approach maintains consistency between training
and test data, unlike [[13]] where modifying HR labels during
augmentation led to poorer results.

C. Deployment results

Table [lIf outlines the deployment results of our models on
the ST32 NUCLEO-H743Z12, equipped with an Arm Cortex-
M7 MCU clocked at 480 MHz. The neural networks were
deployed using the ST Edge AI Developer Cloud with Core
version 1.0.0. The modified PULSE architecture presents an
increase in MAC operations and parameters of 78.9% and
67.8%, respectively, while maintaining comparable latency,
only 4.42% higher than the original model, given the higher
memory regularity of non-dilated convolutions. When applied
to the modified PULSE, our EnhancePPG further reduces
MAE to 3.54 BPM without significantly impacting latency.
These significant performance gains come without compro-
mising deployability, making the approach ideal for real-world
wearables with similar MCU configurations.

Note that our approach is indeed orthogonal compared to
the DL model chosen and can be identically applied to other
networks or similar time-series analysis tasks.

IV. CONCLUSIONS

This paper introduced EnhancePPG, an approach to improve
heart rate estimation with self-supervised pre-training and
data augmentation techniques. These refinements led to a
12.2% reduction in MAE on the PPG-DaLiA dataset compared
to the best SOA model, reducing the error to 3.54 BPM
while increasing the overall latency by only 4.42%. Notably,
our approach significantly improved performance for critical
patients, making it more applicable for real-world use in
wearable health monitoring.
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