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Abstract—Pushing physiological sensing into the wild: this
work equips our ultra-low-power physiological BI-Vital sensor
with an int8-quantized autoencoder that produces a real-time
signal-quality index (SQI) for electrocardiograms (ECG) beside
standard heart rate computations. The supervised model, trained
on PhysioNet CinC2017 and three newly annotated BI-Vital
single-lead ECG datasets, combines a compact encoder-decoder
with a lightweight classifier head. On the STM32L476JE mi-
crocontroller from BI-Vital, the model uses 31 kB of RAM and
85 kB of flash memory, completes inference in 195 ms and still
leaves room for parallel sensor services. Across eight train/test
splits the approach generalizes well, reaching an F1 score of 0.988
while maintaining 2·10−3 performance loss after quantization.
By converting raw continuous ECG data into periodic heart rate
and SQI recordings, storage space on the device is reduced by
99.6 %, demonstrating a practical way for reliable, data-efficient
monitoring outside the laboratory.

Index Terms—wireless body sensor, wearable, autoencoder, ecg
anomaly, signal quality index (SQI), ultra-low-power microcon-
troller, TinyML, on-device inference

I. INTRODUCTION

Physiological sensor technologies have advanced signifi-
cantly, enabling extensive real-world monitoring applications
in health, sports, and cognitive sciences. However, despite
these advances, much of today’s physiological knowledge
is still rooted in laboratory-based research. While controlled
experimental designs ensure the quality and reproducibility of
data, they often do not address the complexity and variability
of daily life [1]–[3]. Especially in affective and cognitive
domains, limited embodiment, artificial stimuli, and restricted
settings can lead to poor generalizability of results [4], [5].
To close this gap, data are increasingly being collected in
the real world using wearable physiological sensors. These
systems enable long-term and mobile monitoring, but also face
a number of challenges. Capturing and storing raw signals,
such as high-resolution electrocardiograms (ECG), is often
impractical because continuous sampling, storage, and wire-
less transmission quickly exceeds the capabilities of ultra-low-
power (ULP) wearables [6]. A common solution is to compute
data at a higher level of abstraction (e.g. heart rate) directly on-
device. However, discarding the original raw signals makes it
impossible to verify the reliability of the signals retrospectively
and reduces the interpretability and scientific value of the
derived metrics. Physiological monitoring therefore requires
not only derived metrics but also a signal quality index (SQI)
that quantifies their reliability [7], [8]. Manually defined rules
or statistical SQI metrics often do not generalize well, whereas

modern machine learning (ML) methods are not compatible
with resource-limited edge hardware. This work proposes a
quantized autoencoder (AE) with a lightweight classifier head
that delivers real-time SQI estimation on the BI-Vital sensor
[9]. Although demonstrated on single-lead ECG, the methodol-
ogy is also applicable to other physiological modalities. Tests
with the public CinC2017 dataset [10] and three of our own
recorded datasets confirm robust generalization across devices.
System measurements also show that the embedded model
meets real-time requirements while significantly reducing flash
and RAM usage. Continuous recording of raw signals can be
replaced by compact recording of heart rate and SQI values,
highlighting the practical benefits of on-device processing.

II. RELATED WORKS

Conventional SQIs use fixed rules or simple statistics and
adapt poorly to different devices and activities [7], [8]. There-
fore, unsupervised AEs have been used to derive data-driven
SQIs, which provide more stable ratings under various noise
conditions [11]. Further work extends the idea with adversarial
AEs plus temporal convolutional neural networks for abnormal
beat detection [12] and with a multi-scale masked AE [13].
Transfer learning studies also report faster convergence on
small ECG sets, but the benefits of transfer learning disappear
as the validation datasets grow [14]. On the hardware side,
TinyML benchmarks demonstrate the cost of edge inference
on heterogeneous platforms [6], [15]. Proof-of-concept ECG
pipelines have been run on higher-power single-board comput-
ers (Jetson NX, Raspberry Pi) and microcontrollers (µC) such
as the ESP8266, targeting denoising or arrhythmia classifica-
tion rather than real-time SQI computing on ULP wearables
[16], [17]. The present work addresses this gap by introducing
a supervised AE quantized to int8 that outputs SQI in real-
time, explores depth-size trade-offs, observes strict memory
budgets on the µC of the BI-Vital sensor, and generalizes from
the public CinC2017 dataset to three self-labeled datasets.
In addition, the SQI module is integrated into the BI-Vital
firmware along with other sensor services as a TinyML node
[9], unlike previous standalone demos, and enables quality
feedback during multi-sensor acquisition.

III. METHODS

A. Datasets and Preprocessing

Four datasets are used for the analysis: a subset of the
public PhysioNet CinC2017 dataset and three self-acquired BI-



Vital datasets, each representing different real-world recording
conditions [18]. The BV-Run dataset covers ECG recordings
obtained during a university relay race and is characterized
by frequently occurring motion artifacts related to the partici-
pants’ movements. The BV-Cognitive dataset consists of ECG
signals recorded during a controlled cognitive testing scenario
focusing on reduced physical activity and minimal artifacts.
BV-Children contains unsupervised recordings of children
moving freely in a recreational environment. An overview of
all datasets, including demographics, label distributions, and
device-specific ECG parameters, is presented in Table I.

Dataset CinC2017 [10] BV-Run BV-Cognitive BV-Children
Participants unknown 11 (9m, 2f), age 24–41 16 (14m, 2f), age 22–55 5 children, age <18

Year 2017 2023 2023 2024

Recordings 8528 11 16 55

Device AliveCor BI-Vital Sensor [9]

Sampling Freq. [Hz] 300 200

ADC Gain [counts/mV] 1000 1138

ADC Res. [bit] 16 12

Baseline [counts] 0 1470

Labeled Windows 91,962 29,127 26,255 33,236

Signal 62,339 24,495 25,780 16,304

Noise 19,881 2,925 142 16,420

Unknown 9,742 1,707 333 512

Total valid Samples Signal: 128,918 (76.6%), Noise: 39,397 (23.4%)

TABLE I: Overview of datasets, demographics, device/ECG
signal specifications and label distributions.

To ensure comparability across datasets, CinC2017 is down-
sampled to 200 Hz to match the native sampling rate of BI-
Vital data. A fixed window size of 256 samples (1.28 s) ensures
that most segments contain at least one full cardiac cycle,
enabling the AE to learn and reconstruct characteristic ECG
morphological features (P wave, QRS complex, T wave).
This design avoids overlap or sliding windows, minimizing
inference frequency and supporting efficient deployment in
embedded systems.

Each window is manually labelled using a conservative
noise-annotation scheme. Clearly corrupted segments are la-
beled as Noise, while ambiguous windows could option-
ally be marked as Unknown to support labeling consistency.
These Unknown segments are subsequently excluded from
the training dataset. To support consistent labeling, the in-
terface displayed raw ECG traces, R-peaks (via NeuroKit2
[19]), and reference metrics such as kurtosis, pSQI, basSQI,
and the Zhao2018 score. For CinC2017, original annotations
were shown as context but not used directly. All signals are
converted to mV units to ensure consistency between datasets:

ECGmV = (ECGraw − baseline) · 1/gainADC (1)

Conversion parameters are taken from the CinC2017 docu-
mentation and from the BI-Vital hardware specifications.

Cross-domain generalization is evaluated using eight prede-
fined splits (Table II, colors as defined in the caption), which
are approximately oriented toward leave-one-domain-out,
while k-fold or leave-subject-out mix domains and mainly
examine the variability within the dataset.

B. Autoencoder Design & Tuning
In this study, two convolutional AE model variants for ECG

signal quality estimation are implemented (see Fig. 1), each

Split −→ 1 2 3 4 5 6 7 8

CinC2017
BV-Run
BV-Cognitive
BV-Children

TABLE II: Eight Cross-validation configurations of training
and validation datasets. Cells colored green indicate training
data, red indicate validation data, and white indicates unused
data. Yellow columns indicate an in-domain 80/20 % split.

using distinct strategies for training and inference. This design
contrasts a label-free, reconstruction-based SQI with a label-
supervised classifier.

(1) Unsupervised AE: The unsupervised AE is trained
exclusively on clean ECG segment using a mean-squared-error
(MSE) reconstruction loss to learn a compact latent representa-
tion of clean signals. During inference, the MSE reconstruction
error LRE serves as the discriminator to separate clean from
noisy ECG segments:

MSE: LRE = 1/T

256∑
t=1

(xt − x̃t)
2 (2)

Although trained unsupervised, evaluation applies a supervised
threshold on LRE (MSE) to binarize quality and quantify
separability.

(2) Supervised AE with Classifier Head: In this config-
uration, a dense classification head with sigmoid activation is
appended to the output of the decoder. The model is trained
end-to-end using both signal and noise samples. The loss
function used is the binary cross-entropy (BCE):

BCE: LCL = − [y · log(ỹ) + (1− y) · log(1− ỹ)] (3)

Architectural Parameters: The number of Conv1D layers n
in the encoder and decoder is systematically varied between
2 and 7, exploring trade-offs between model complexity, per-
formance, and suitability for µC deployment. All architectures
use a fixed latent space dimension of 16 and an input window
size of 256 ECG samples. Optimization is performed using
the Adam optimizer with a learning rate of 10−4, batch size
of 32, and training up to 200 epochs, with early stopping after
20 epochs of no improvement.

Cross-Domain Evaluation: All models are evaluated across
multiple training-validation splits covering different datasets
and domains (see Table II) to test generalizability across
devices and recording conditions.

Model Quantization: To evaluate deployment realizability,
all trained models are converted to .tflite format using post-
training quantization in four different quantization configu-
rations. Each variant is evaluated based on model size and
accuracy degradation.

C. Evaluation Strategy

The performance of the model is evaluated quantitatively
and qualitatively, with a focus on classification accuracy,
generalizability and usability in embedded environments.
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Fig. 1: AE architecture variants: (1) Unsupervised AE utilizing
reconstruction error for SQI estimation, (2) Supervised AE
with an added classification head.

a) Classification Performance: Each trained model, in-
cluding hyperparameter variants and quantized versions, is val-
idated on the corresponding validation dataset. Evaluation met-
rics comprise classification accuracy, F1 score, and receiver
operating characteristic (ROC) curves (including false positive
rate, FPR, and true positive rate, TPR). These metrics facilitate
a comparative analysis across different model configurations.

b) Threshold-Based SQI Evaluation: In addition to end-
to-end models, the signal-to-noise separability is tested with
conventional SQIs (Kurtosis, Skewness, IOR, pSQI, basSQI
and Zhao2018) [7], [8], [11] using a threshold discriminator
for comparison with learning-based methods.

c) Memory Footprint: To determine suitability for µC
deployment, the memory usage of each quantized model
variant is examined. Flash and RAM footprints are obtained
via the PlatformIO build system. This analysis verifies whether
each model fits within the constraints of embedded hardware.

d) Inference Runtime: Inference execution time is mea-
sured directly on the BI-Vital sensor. Other sensor services
are disabled to isolate runtime performance, and each model
variant runs as a standalone application. Inference should be
completed within a window length of 1.28 s, which matches
the ECG input to ensure real-time capability. Accuracy is
analysed across all depths to quantify reduction effects, while
on-device timing is reported only for µC-fit variants (deeper
models exceed RAM/flash budgets).

IV. RESULTS AND DISCUSSION

Classification Performance and Benchmarks:
Fig. 2(a) presents the classification performance of various

AE model configurations for ECG signal quality estimation,
analysing the influence of network depth and the inclusion of
a classification head. All results refer to the Split 1 dataset,
where both the training and validation sets come from the
entire dataset pool (data split 1). Models that include a classi-
fication layer are consistently better than models based only on
reconstruction errors, particularly in terms of TPR and FPR.
Although reconstruction-based models exceed the majority of
traditional statistical baselines, skewness is competitive among
unlearned methods. The Zhao2018 metric achieves high TPR
but suffers from poor FPR, frequently misclassifying noisy

signals as valid ECGs. This behavior limits its reliability under
uncontrolled conditions.

Fig. 2(b) analyses the model size of the classification head
variants across post-training quantization levels. As expected,
deeper networks result in larger models. Quantization sub-
stantially reduces memory usage: model size drops by up to
69 % for deep architectures and by approx. 44 % for compact
configurations. The trade-off in classification performance
remains insignificant, with the reduction in F1 score limited
to below 2 · 10−3.

Fig. 2(c) evaluates the smallest model Very shallow -
2 · conv blocks (kernelsize = 9, strides = 4, filters =
12, padding = ”same”) with a classification head, BCE
loss and int8 quantization - across the dataset splits. The
results confirm strong generalization capabilities across diverse
validation splits. The weakest performance, with an F1 score
of 0.956, occurs when training on all BI-Vital datasets and
validating on the CinC2017 dataset. Vice versa, validation
performance on BI-Vital data remains strong throughout, with
F1 scores of 0.991, supporting applicability across single-lead
ECG systems, provided signals are normalized to mV units.

Memory Footprint and Inference Time:
The deployability of the quantized models is tested on the

BI-Vital hardware, which integrates an STM32L476JE µC
with 96 kB of RAM and 512 kB flash memory. Inference is
performed using the TensorFlow Lite Micro (TFLM) library as
the runtime backend. With a requirement of 31.14 / 30.19 kB
RAM (int8 / float32) and 84.57 / 93.77 kB flash for the very
shallow model, the realization is suitable for execution on
the BI-Vital even alongside the existing software components.
With an execution time of 194.6 / 175.3 ms, the real-time
requirement of 1.28 s is also clearly met, ensuring practical
use while other system tasks run. Using the power calculation
of [9] the resulting average power during one inference is:

P = Ucore · (Iact · α+ Isleep · (1− α)) ≈ 3.42/3.08mW (4)

In terms of long-term data recording, the conversion from raw
ECG logging to abstraction-based signal representation brings
considerable storage benefits. A raw ECG at 200 Hz stored as
int16 yields 400 bytes/s. By replacing each 256-sample window
(512 bytes) with two uint8 values (heart rate & SQI), the data
stream is compressed at a ratio of 256 (99.6 %) to 1.56 bytes/s,
enabling long-term on-board storage and lower bandwidth for
low-power wireless transmission.

V. CONCLUSION

In this paper, a lightweight quantized AE-based model
for real-time ECG signal quality estimation on embedded
hardware with ULP requirements is presented. Supervised
models with classification layers show superior performance
over reconstruction-based approaches and traditional SQIs.
Quantization to int8 format reduces the model’s memory
footprint without significant loss of accuracy, facilitating its
use on resource-constrained µCs. The model shows strong
generalization across different datasets and recording condi-
tions. Furthermore, by replacing continuous raw ECG data
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Fig. 2: Evaluation of classification performance, model footprint, and cross-domain generalizability. (a) Classification results
for different model configurations and conventional SQI baselines. (b) Model size across quantization levels and model depths.
(c) ROC curves for the most compact model Very shallow across eight dataset splits.

recording with periodic heart rate and SQI measurements, data
compression is achieved, improving storage efficiency in long-
term monitoring. The resulting dataset, which includes approx.
88,600 labeled ECG windows from the BI-Vital sensor [18]
and 92,000 relabeled windows from the CinC2017 dataset,
provides a valuable resource for future research in physiolog-
ical signal analysis and model development.

Real-time detection of measurement anomalies on-device
opens up possibilities for applications such as user feedback
on inappropriate use of the device and serving as a real-time
wearable assistant. Extending the approach to multi-channel
ECG or other physiological signals such as PPG and EMG
could extend its applicability. Integrating the detection of
medical anomalies with the validation of measurement errors
could improve diagnostic capabilities. In addition, running the
model on ULP AI accelerators such as the Syntiant NDP120
or GreenWaves GAP9 promises further improvements in infer-
ence efficiency and energy consumption [20], increasing the
practical utility of embedded biosignal monitoring systems.
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