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Abstract—Accurate sleep monitoring is essential to as-
sess sleep quality and diagnose sleep disorders. Although
sleep laboratories provide precise assessments, they are
expensive, labor-intensive, and unsuitable for long-term
or large-scale monitoring. Radar-based sensing offers a
fully contactless alternative, enabling unobtrusive real-
world sleep monitoring. However, the lack of large, la-
beled datasets has limited the development of robust sleep
stage classification models. We address this with trans-
fer learning to improve classification accuracy and gen-
eralization to unseen participants within the radar cohort.
An LSTM model was pretrained on movement, HRV, and
respiratory features from the MESA Sleep dataset (>1,100
participants) and fine-tuned using radar data from 44 syn-
chronized polysomnography recordings. Transfer learning
increased the Matthews Correlation Coefficient from 0.25
to 0.47 (five-class staging), particularly for Wake, N3, and
REM sleep. Future work should explore domain-adaptation
across modalities and cohorts. Our results highlight the
potential of radar-based sleep analysis for scalable, con-
tactless long-term sleep monitoring.

Index Terms—Contactless sleep staging, deep learning,
heart rate variability, machine learning, radar.
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transfer-learning from biosignal features of large-scale
sleep datasets improves radar-based sleep staging across
all sleep stages, making it a promising alternative for
long-term, unobtrusive sleep assessments.
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I. INTRODUCTION

S LEEP is an important physiological process that affects
a variety of conditions such as physical well-being and

cognitive performance [1]. Chronic sleep disruptions are asso-
ciated with a wide range of health issues, including diabetes or
cardiovascular diseases [1], [2]. Moreover, alterations in sleep
architecture can serve as an early indicator for neurodegenerative
diseases. For that reason, accurate sleep monitoring is crucial to
test for sleep disorders and initiate appropriate therapies.

Polysomnography (PSG) is the gold standard for sleep mon-
itoring and is typically conducted overnight in a sleep labo-
ratory [3]. Multiple biosignals, such as electroencephalography
(EEG), electrooculography (EOG), electrocardiography (ECG),
electromyography (EMG), respiration and oxygen saturation are
recorded to assess sleep quality and detect pathological patterns.
Sleep stages are scored in in 30− or 60-second epochs by trained
professionals, primarily based on EEG activity. According to
the American Academy of Sleep Medicine (AASM), sleep
stages are divided into wake, rapid eye movement (REM), and
non-rapid eye movement (NREM). NREM sleep can be further
divided into light (N1, N2) and deep sleep (N3) [4]. Despite its
precision, PSG is labor-intensive and expensive, making it un-
suitable for long-term or large-scale monitoring. Moreover, the
unfamiliar, cable-based environment might affect natural sleep
patterns, limiting clinical validity of the PSG evaluation [5].

During different stages of sleep, not only brain activity,
but also various physiological signals undergo characteristic
changes. During NREM sleep, body movement [6], heart rate,
blood pressure, and heart rate variability (HRV) [7] decrease.
Furthermore, respiration tends to be irregular during wake-
fulness and REM sleep, but becomes more regular in deep
sleep [8], [9].

Physiological changes across sleep stages enable alternative
sensing methods beyond EEG-based PSG. Although some con-
sumer devices use wearable EEG [10], most rely on other biosig-
nals (e.g., heart rate, respiration, or movement) from smart-
watches or chest straps [11], enabling low-cost, large-scale,
home-based monitoring. However, since sleep stages cannot be
derived directly from these biosignals, robust machine learning
or deep learning classification algorithms are necessary.

Zhai et al. [12] benchmarked machine and deep learning
models for unobtrusive sleep staging using actigraphy (ACT)
and HRV in mono- and multi-modal settings, finding that the
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Fig. 1. Visual abstract presenting the transfer learning approach and improved radar-based sleep staging performance.

TABLE I
STATISTICS OF THE MESA AND THE EMPKINS DATASET. AGE AND TOTAL

SLEEP DURATION PER NIGHT (TSD) ARE GIVEN AS MEAN ± SD.

long short-term memory (LSTM) performed best. Other groups
used ECG and respiration [13], or combinations of ACT, HRV,
and respiration in small cohorts [14], highlighting the high
potential of multi-modal sleep stage classification.

Despite these advantages, the practicality of wearables varies
depending on the specific sensor system. Although smart-
watches are relatively unobtrusive, wearables that rely on ECG
electrodes or chest straps can feel intrusive, restricting move-
ment, and potentially interfere with natural sleep patterns. More-
over, wearables require proper placement, consistent usage and
regular charging, which can lead to reduced user compliance
and variability in signal quality [15].

In contrast, radar-based systems offer a fully contactless and
maintenance-free solution for sleep analysis. These systems are
based on radio-frequency signals used to capture physiological
parameters such as respiration (large chest wall movement),
heart sounds (subtle body movements), and gross movements
(e.g., repositioning in bed) [16], [17].

As radar signals can penetrate certain materials, the respec-
tive sensors can be inconspicuously integrated into the sleep
environment [18]. This makes them particularly well-suited for
long-term monitoring and populations that may face challenges
with wearable technologies, such as elderly individuals or people
with movement restrictions.

Kwon et al. [19] reported a Cohen′s kappa of 0.73 in four-
class sleep staging using an attention-based bi-directional LSTM
with impulse-radio ultra-wideband radar features. However, the
model was trained from scratch without using external datasets,
which restricts generalizability to broader populations or real-
world conditions. Yang et al. [20] used radar-based nocturnal
breathing signals to detect and track Parkinson’s disease with
high precision, though their focus was on disease assessment
rather than detailed sleep staging.

However, unlike wearables, which have benefited from years
of development and large annotated datasets, radar-based sleep
monitoring suffers from publicly available labeled data. Al-
though radar can capture relevant physiological signals, they are
often subtle and affected by artifacts, making the extraction of
relevant information challenging. This, combined with limited
availability of annotated radar sleep datasets, challenges the
training of deep learning models, which generally rely on large
datasets to learn robust representations.

Zhuang et al. [21] developed an end-to-end respiration-
based sleep staging framework consisting of a CNN-based
feature extractor for FMCW radar range–Doppler representa-
tions and a transformer-based temporal predictor. Their model
was pretrained on large-scale respiration-belt signals to learn
respiratory dynamics and subsequently fine-tuned on raw radar
data, achieving a Cohen’s κ of 0.62 in four-class staging.
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Fig. 2. Study setup for radar-based sleep monitoring. (Left) The clinical sleep laboratory environment with a hospital bed used for overnight
recordings. (Right) The underside of the bed frame, showing the placement of the radar sensors.

Similarly, Park et al. [22] aligned respiratory spectrograms
from wearable belts with UWB radar Doppler maps through
domain adaptation and reported a Cohen’sκ of 0.64 in four-class
staging.

While both approaches improve radar-based sleep staging,
they rely on radar-specific spectrograms that require either wide-
band Doppler information or range–Doppler processing, which
are only available in FMCW or UWB radar systems.

Moreover, both studies operate within respiration-focused
time–frequency domains and do not address the broader question
of whether physiology-level temporal priors learned from large
multimodal wearable datasets can improve radar-based sleep
staging.

To overcome these limitations, we propose a transfer learning
approach that combines movement, HRV, and respiration rate
variability (RRV) features from a large sleep dataset (MESA
Sleep) for pre-training, followed by fine-tuning on a radar dataset
containing 44 overnight PSG recordings. By extracting com-
parable cardiac, respiratory, and movement features from both
datasets, we transfer knowledge learned from sensor-attached
biosignals to enhance sleep staging performance with radar data.
This aims to improve the accuracy of radar-based sleep staging
under limited labeled radar data, and to enhance generalization
to unseen participants within the same cohort by importing
physiology-level priors from a large wearable dataset. To fur-
ther contextualize the modality gap between radar-derived and
PSG-derived features, we compare the performance of models
that use PSG-derived features from the same nights (PSG-only
and PSG-transfer learning baselines) with the radar-based clas-
sifications.

II. MATERIALS AND METHODS

A. EmpkinS Radar Dataset

The Empatho-Kinaesthetic Sensor Technology (EmpkinS)
sleep dataset used in this study was collected during an
overnight sleep study conducted at FAU Erlangen-Nürnberg,
including 44 participants (Table I) and over 250 hours of sleep

data. All participants provided written informed consent under
ethics approval 486_20 B (Ethics Committee FAU Erlangen-
Nürnberg). Four 61 GHz CW Doppler radar sensors (fs =
1953.125 Hz) [23] recorded data from under the mattress at
chest level (Fig. 2). The PSG recordings included a 32-channel
EEG, EOG, ECG, EMG (both arms and legs), respiratory
belts (abdominal and thoracic), nasal airflow, and measure-
ments of oxygen saturation. Sleep stages were manually scored
in 30 s epochs by trained clinicians annotated according to
AASM-standards [4].

All data streams were synchronized using a simultaneously
recorded m-sequence synchronization signal [24]. Eight par-
ticipants were excluded from the analysis due to poor EEG
quality (n = 5), missing or corrupted radar data (n = 2), or
early-night dropout (n = 1). Radar fundamentals and sleep
stage distribution are provided in the Supplementary Materials
I.A-B.

B. MESA Dataset

The large-scale dataset used in this study is the Multi-
Ethnic Study of Atherosclerosis (MESA) Sleep dataset, an
open-access dataset that includes PSG and wrist-worn actig-
raphy (ACT) data from 2,237 participants [25], [26]. Partic-
ipants underwent unattended PSG recordings that included
EEG, EOG, chin EMG, ECG, respiratory effort from thoracic
and abdominal inductance plethysmography, leg movements,
and pulse oximetry. Sleep stages were scored by trained tech-
nicians according to AASM standards [4]. ACT data, col-
lected using wrist-worn devices (Actiwatch Spectrum, Philips
Respironics), provided aggregated activity counts in epochs
of 30 s.

We excluded 497 of 2,237 participants due to missing or cor-
rupted PSG or ACT data, missing meta-data, or a total sleep time
under 2 hours. Additionally, 620 participants were excluded for
low-quality PSG or ACT recordings specified in the meta-data,
resulting in 1,120 participants with high-quality overnight sleep
data.
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TABLE II
OVERVIEW OF EXTRACTED FEATURES AND CORRESPONDING WINDOW SIZES USED AS INPUT TO THE LSTM MODEL. FEATURES INCLUDE ACTIVITY

COUNTS, HEART RATE VARIABILITY METRICS, AND RESPIRATION RATE VARIABILITY METRICS. ALL FEATURES WERE COMPUTED IN FIXED-LENGTH SLIDING
WINDOWS AS INDICATED.

III. PRE-PROCESSING AND FEATURE EXTRACTION

For deep learning-based sleep staging, we extracted large
body movement, HRV, and RRV features (Table II). All features
were computed in 30 s epochs, aligned with the sleep stage labels
from the PSG recordings.

The features derived from the PSG datastreams of the MESA
and the EmpkinS dataset were extracted as previously described
by our group [27], while the same features from the EmpkinS
radar data were derived as follows:

A. Large Body Movement Features

Large body movement was extracted from the in-phase radar
signal of each of the four radar nodes by first applying a 10 s
moving average filter to reduce noise while preserving move-
ment trends. The signal was then standardized to zero mean
and unit variance before computing its first-order derivative to
estimate movement intensity. The resulting derivative signal was
then normalized to the range [0, 1] within each recording. A
movement intensity threshold of 0.2 was applied, setting values
below this threshold to 0.0 to suppress minor fluctuations and
noise. Finally, the processed signal was segmented into 30 s
epochs and mean values within each epoch were computed
to derive an aggregated movement feature. To obtain a single
feature that combines all recorded movements, we computed
the sample-wise maximum across radars.

B. HRV Features

HRV features were extracted by detecting individual heart-
beats from the in-phase and quadrature channels of the raw
radar signals using a pre-trained bidirectional LSTM model
from previous work [23]. This model outputs a probability value
for each time sample, indicating the likelihood of a heartbeat.
Since the dataset includes four radar nodes, each positioned
slightly differently under the bed relative to the participant, we
fused the outputs to improve detection robustness. Specifically,

for each time sample, we selected the maximum probability
value across the four radar nodes, ensuring that if our algorithm
detected a heartbeat at any radar node at a given time point,
this detection was retained in the final combined probability
signal. Subsequently, heartbeats were identified by applying a
peak detection algorithm to this fused probability signal, and
the resulting beat-to-beat intervals were used to compute eight
different HRV features.

C. RRV Features

RRV features were extracted by deriving a respiration signal
from the in-phase radar signal. First, a second-order Butter-
worth low-pass filter (0.5 Hz cutoff) was applied to remove
high-frequency artifacts. To enhance respiration-induced low-
frequency modulations, we applied the Hilbert transform, gen-
erating a smooth envelope that accentuated the breathing pattern.
Individual breaths were then detected using a peak-finding algo-
rithm and the resulting respiration cycles were used to compute
four different RRV features [28].

D. Cross-Modal Feature Correlation Analysis

To examine the feature-level agreement between radar- and
PSG-derived signals, we computed participant-wise feature cor-
relations (Supplementary Materials III). Medium-to-strong cor-
relations were observed for timing-based features (median NN-
intervals, MedianBB) and movement (Scatterplots in Fig. 5),
while spectral HRV indices exhibited weak correlations. The
complete correlation matrix is provided in the Supplementary
Materials (Figure S6).

E. Model Training

We applied an LSTM-based sequence classifier to map per-
epoch features to sleep stages (Fig. 3). Architectural details,
equations, optimization, and evaluation procedures are provided
in the Supplementary Materials.
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Fig. 3. Layer-based sequence classifier to predict sleep stages from
physiological features.

We explored two sleep staging schemes in our experiments:
� Five-class staging based on AASM guidelines (Wake, N1,

N2, N3, REM) [4].
� Three-class staging (Wake, NREM, REM), where NREM

aggregates N1, N2 and N3.
Under the same protocol, we conducted five experiments to

assess the performance of our transfer learning approach:
� MESA reference: The training was performed exclusively

on the MESA dataset to learn generalizable sleep patterns
from a large-scale sleep dataset before transferring knowl-
edge to radar-based sleep staging.

� Radar models: A radar-only baseline was established by
training the model after random initialization directly on
the radar features (EmpkinS dataset). Additionally, we ap-
plied transfer learning by fine-tuning the best-performing
MESA-model.

� EmpkinS PSG models: We also established a baseline
for sleep stage classification using features derived from
the concurrent PSG recordings. Similarly to the radar
models, we applied transfer learning by fine-tuning the
best-performing MESA-model.

F. Transfer Learning

The LSTM network was initialized with the pre-trained
weights from the MESA model, and training continued using

features derived from the EmpkinS dataset to adapt the model to
dataset/radar-specific features. The fine-tuned model was then
evaluated using the held-out test set.

IV. RESULTS

Table III summarizes the performance for three-stage (Wake,
NREM, REM) and five-stage (Wake, N1, N2, N3, REM) clas-
sification tasks for the five experiments.

A. Classification Scheme 1: 3-Class Staging

In the simplified three-class task, the transfer learn-
ing approach outperformed the radar-only baseline across
all metrics. The radar-only model achieved an MCC
of 0.39 (0.08) (median interquartile range (IQR)), while
transfer learning improved this to 0.50 (IQR : 0.07).

To directly compare the radar-based approach with the
sensor-attached one, we evaluated two additional baselines
on the EmpkinS dataset: PSG-only achieved an MCC of
0.34 (0.22) (median (IQR)). With transfer learning, perfor-
mance increased to an MCC of 0.63 (0.08) (median (IQR)).

The MESA model achieved the highest overall performance
with an MCC of 0.67 (0.19) (median (IQR)). However, this
primarily serves as an upper benchmark, given the larger dataset
size and different sensing modality.

The confusion matrices (Fig. 4) show improvements across
most stages. Wake and NREM detection increased from 47.40 %
(radar-only) to 52.69 % (transfer learning) and from 76.51 %
(radar-only) to 85.71 % (transfer learning), respectively, while
the detection of REM sleep remained comparable (transfer
learning: 52.58 %, radar-only: (53.71 %)).

B. Classification Scheme 2: 5-Class Staging

Among the same participants, the radar-only model achieved
an MCC of 0.25 (0.08) (median (IQR)), while the transfer
learning approach largely improved performance to an MCC
of 0.47 (0.07) (median (IQR)).

Using PSG-derived features from the EmpkinS
dataset, the PSG-only model reached an MCC of
0.37 (0.17) (median (IQR)). With transfer learning, the
approach improved to of 0.60 (IQR : 0.11), exceeding both the
radar-transfer learning model (MCC = 0.47) and the MESA
reference (MCC = 0.54).

For reference, the model trained exclusively on the large-scale
MESA dataset achieved the highest performance, with an MCC
of 0.54 (0.15) (median (IQR)).

Transfer learning increased detection rates across all sleep
stages. Specifically, Wake detection improved from 33.24 % to
57.08 %, N2 from 60.65 % to 70.93 %, REM from 46.18 %
to 61.35 %, and N3 sleep from 43.63 % to 59.32 %. The N1
stage remained challenging across all models, with few correctly
classified epochs.

V. DISCUSSION

A key finding is the consistent improvement across all evalu-
ation metrics when fine-tuning the MESA model on radar data,
particularly in distinguishing individual sleep stages.
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TABLE III
ALGORITHM PERFORMANCE FOR SLEEP STAGING, REPORTED FOR BOTH THE FIVE-CLASS SCHEME BASED ON AASM GUIDELINES (WAKE, N1, N2, N3,
REM) AND THE SIMPLIFIED THREE-CLASS SCHEME (WAKE, NREM, REM). METRICS WERE COMPUTED INDIVIDUALLY FOR EACH PARTICIPANT AND ARE

REPORTED AS MEDIAN VALUES WITH INTERQUARTILE RANGES (IQR).

Fig. 4. Confusion matrices for sleep stage classification in the three-class scheme (Wake, NREM, REM) and according to AASM standards
(Wake, N1, N2, N3, REM) for the radar-only approach (EmpkinS Dataset), the transfer learning model (EmpkinS Dataset), and the MESA sleep
dataset as a reference.

Large, public datasets that combine PSG and radar are scarce,
so radar-only models are prone to overfitting and class imbal-
ance. In contrast, large wearable datasets are publicly avail-
able, and capture the same latent physiology through different
sensing mechanisms. These sensing differences introduce a
domain mismatch: radar measures cardio-mechanical micro-
motions and is more susceptible to mattress attenuation and

body-movement artifacts, whereas, for example, ECG measures
electrophysiological excitation.

Pretraining on a large, heterogeneous wearable dataset
exposes the model to a wide range of sleep architectures, body
types, and behaviors, enabling it to learn stage-specific temporal
priors, inter-subject invariances, and robust feature connections
between movement and HRV/RRV.
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Fig. 5. Scatterplots for one respiratory, cardiac and movement feature extracted both from radar data and from sensor-attached data of the
EmpkinS dataset. Each color indicates one participant.

When transferred to radar, these generic representations reg-
ularize the model, lowering the effective sample complexity
and counteracting class imbalance in our smaller radar cohort.
Subsequent fine-tuning calibrates the decision boundaries to
radar’s modality-specific characteristics, mattress attenuation,
and motion artifacts, thus closing a part of the domain gap. In
our data, this results in consistent gains in all metrics, with the
largest improvements for Wake, N3, and REM.

To contextualize the remaining modality gap, we trained
models using PSG-derived features from the EmpkinS dataset
for the same participants. These models, especially with trans-
fer learning, outperformed their radar counterparts (Table III).
Across both classification schemes, the difference between PSG-
transfer learning and radar-transfer learning remains similar
when measured by MCC (0.13 in both the 3-class and 5-class
settings), while accuracy and F1-score show slightly larger
discrepancies in the 5-class case. This is expected as finer distinc-
tions between N1, N2, and N3 rely more on subtle subtle changes
in autonomic regulation and sleep architecture that might be
better represented given the higher signal fidelity of ECG-based
HRV and belt-based respiration and the reduced susceptibility
to movement-related artifacts

Accordingly, we treat radar-derived HRV as a correlate of
autonomic activity rather than a substitute for ECG-HRV. How-
ever, robust dorsal placement, which matches our under-mattress
setup, has shown comparatively high resilience for radar-cardiac
sensing [30]. This domain mismatch leads to classification errors
when the radar features are directly applied to the pre-trained
model.

The correlation analysis comparing radar- vs. PSG-derived
features supports this finding, as timing-based cardiac and respi-
ratory features (median-NN & breath-to-breath intervals) trans-
fer best across modalities (r = 0.80− 0.64, Fig. 5), while spec-
tral HRV showed weak cross-modal correlations (r = 0.01−
0.20, Supplementary Materials, Figure S7). Existing transfer
learning approaches using radar data differ fundamentally from
ours. Zhuang et al. and Park et al. achieved Cohen’s κ values
of 0.62 and 0.64, respectively, in four-class sleep staging—
performance comparable to our PSG transfer learning results
(MCC= 0.60 in three-class and 0.63 in five-class staging). How-
ever, these studies rely on large FMCW or UWB radar datasets

with high-resolution range–Doppler or Doppler spectrograms
and end-to-end architectures optimized for such rich inputs.

In contrast, our smaller dataset (n = 44) is based on under-
mattress CW radar, which cannot provide the spectrogram
inputs required for end-to-end models. Although CW radar
yields raw respiration and micromotion signals, their mor-
phology differs substantially from ECG and respiratory belt
waveforms due to mattress attenuation and superimposed body
movements, creating a domain mismatch that limits cross-modal
waveform learning. We therefore used a different approach by
transferring physiology-level features instead of radar-specific
representations.

The N1 stage remains the most challenging to classify, even
for the MESA model. One reason is the low prevalence of N1
sleep in the dataset (7.3 %, approximately 250 min), which
limits the available training data. More importantly, N1 is a
transitional stage that lacks distinct physiological patterns that
clearly separate it from neighboring stages such as Wake and
N2. Because of these challenges, several prior works report
four-class staging by merging N1 with N2 [21], [22]. Future
work might focus on improving N1 detection by incorporating
longer temporal context or by refining radar-derived HRV and
RRV estimates to better capture the subtle autonomic changes as-
sociated with this stage. However, previous studies have reported
the lowest inter-rater reliability for N1 in manual sleep staging
(Cohen′s kappa ≈ 0.24) [31], resulting in an inherently chal-
lenging training environment for automated approaches.

Interestingly, N3 sleep detection improved in both radar-only
and transfer learning models compared to the MESA base
model. Potentially, N3 sleep, which is characterized by minimal
movement and stable autonomic regulation (e.g., slow heart
rate, regular breathing) [6], [7], [9], is captured more effectively
through radar-derived full-body motion signals. Radar sensors
can detect a wide range of movements (e.g., thoracic and ab-
dominal excursions, limb repositioning, postural adjustments),
potentially making them more sensitive to the transition into
and maintenance of deep sleep states. In contrast, the MESA
dataset relies on wrist-worn actigraphy, which captures only
localized motion at a single extremity and may be less sensitive
to reduction in whole-body movement during N3 sleep. Al-
though we cannot conclusively attribute these improvements to
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differences in movement assessment, the combination of physi-
ological generalization learned from the large MESA dataset and
the adaptation to radar-specific movement dynamics through
fine-tuning might have contributed to this performance boost.
Future studies should assess model performance in more detail
with explainable AI techniques such as Deep Shap [32], saliency
maps [33], or feature ablation studies.

REM sleep is characterized by muscle atonia (little to no
movement) but high HRV fluctuations [7], [34]. The MESA base
model effectively captured the REM-specific HRV dynamics,
which, when fine-tuned with radar data, improved its recog-
nition. However, misclassification between REM and NREM
persisted, suggesting that radar-based HRV estimation remains
noisier and less precise compared to ECG-derived measures.

VI. CONCLUSION AND OUTLOOK

This study demonstrated that transfer learning from models
trained with sensor-attached bisoginals improves radar-based
sleep staging compared to training on radar data alone.

However, the performance remains below that of the MESA
base model, likely to the smaller cohort. Furthermore, resid-
ual domain mismatch between ECG and radar-derived features
(and between wrist actigraphy and radar movement) restricts
full transferability. Future work should therefore explore do-
main adaptation techniques to better align feature spaces across
sensing modalities to further enhance generalizability. Future
work should also assess external cross-dataset generalizability
to independent radar cohorts, which would require multi-site
radar–PSG datasets.

Furthermore, larger under-mattress datasets might enable the
development of end-to-end models on raw radar-derived biosig-
nals. However, the morphology of raw CW radar heart sound,
respiration, and movement signals differs substantially from
from actigraphy, ECG, or respiration belt waveforms making
it challenging to close the domain gap.

Although this study focused on healthy participants, patho-
logical conditions such as REM sleep behavior disorder can alter
the typical physiological characteristics of REM sleep, increas-
ing the risk of misclassifications especially in models trained
predominantly on data from healthy individuals [35]. Future
research should therefore explore disease-specific fine-tuning
strategies to adapt sleep staging models for clinical applications.
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