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Abstract. Time-Series data collected using body-worn sensors can be
used to recognize activities of interest in various medical applications
such as sleep studies. Recent advances in other domains, such as image
recognition and natural language processing have shown that unlabeled
data can still be useful when self-supervised techniques such as con-
trastive learning are used to generate meaningful feature space represen-
tations. Labeling data for Human Activity Recognition (HAR) and sleep
disorder diagnosis (polysomnography) is difficult and requires trained
professionals. In this work, we apply learned feature representation tech-
niques to multimodal time-series data. By using signal-specific represen-
tations, based on self-supervised and supervised learning, the channels
can be evaluated to determine if they are likely to contribute to correct
classification. The learned representation embeddings are then used to
process each channel into a new feature space that serves as input into a
neural network. This results in a better understanding of the importance
of each signal modality as well as the potential applicability of newer
self-supervised techniques to time-series data.

Keywords: self-supervised learning · learned representations · physiological
sensor data · polysomnography · human activity recognition · multimodal.

1 Introduction

Multimodal, time-series data is generated by various types of sensors that record
movement, electrical potentials, temperature, sound, and other information. It
is widely used, and various methods for collecting and fusing the data, including
signal processing, feature engineering, and feature extraction, have been uti-
lized [13] [21]. The focus of this work is on the exploration of self-supervised
techniques such as nearest-neighbor contrastive learning (NNCLR) [5], which
learn representations from unlabeled image data to multimodal time-series data.
Specifically, the data from sensors collecting human attributes such as move-
ment, heart rate, and respiration in the area of Human Activity Recognition
(HAR) and sleep disorder diagnosis is used as input to deep neural networks
with supervised and self-supervised learning configurations.
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Diagnosing sleep apnea using polysomnography (PSG) data is an important
but expensive task. These data must currently be collected in a controlled envi-
ronment and interpreted by trained professionals. Machine learning (ML) could
potentially make apnea diagnoses cheaper and more widely available. One diffi-
culty with applying ML to the classification of apneic events in sleep data is the
wide variety of sensors involved. ML models may struggle to correctly represent
and identify the wide range of signals which include: electroencephalography
(EEG), electromyography (EMG), electrooculography (EOG), thoracic and ab-
dominal belts, electrocardiography (ECG), and temperature sensors.

In this work, we propose an ML architecture for detecting apneic events in
PSG data. This architecture can leverage unlabeled data to drive representa-
tion learning of individual signal channels. The importance of these channels is
determined during training, meaning that the model’s architecture is not tied
to any set of sensors but can be easily adapted to fit different data sets and
even domains. Signal channels that are more useful to the prediction outcome
automatically receive a higher weight at the fusion layer. To demonstrate the
flexibility of the model, we use a small labeled HAR dataset and a larger un-
labeled dataset collected with the same device. This shows that our system is
highly adaptable to its inputs and can be trained on a small set of labeled data
by using a larger, unlabeled dataset to boot-strap the feature learners.

The contributions of this work are as follows. An Empatica E4 Wristband
(UE4W) dataset containing over 250 hours of unlabeled data for evaluating
semi-supervised learning data pipelines. A methodology and code1 for efficiently
processing the physiological signal data in the publicly available PSG-Audio
dataset [11]. A Tensorflow adaptation of NNCLR for use with time series.A data
pipeline that allows for the seamless fusion of different signal modalities. An
evaluation of the predictive performance of three architectures: 1) Concatenation
of all channels at the input level. 2) Late fusion of convolutional layers trained
on each individual channel. 3) Pretraining on unlabeled data of each signal type,
and late fusion and fine-tuning on smaller labeled datasets.

2 Background and Related Work

Collecting physiological data from sleeping subjects is important for diagnos-
ing irregularities in breathing and heart rate. The need to collect this data in
a controlled environment and the requirement that it be interpreted by trained
experts makes the process expensive and time-consuming. ML can improve this
process by automatically interpreting collected data. Apnea detection by con-
volutional neural networks (CNNs) using a face-mounted nasal pressure device
has achieved 96.2% accuracy [3]. Approaches using body-worn belt-type sensors
have achieved 84% accuracy [19]. Other studies have shown that ML techniques
for apnea detection generalize across humans, rats, and pigeons [1].

In addition to the challenges of collecting a large number of signals while a
subject is trying to sleep in a clinical site, manually detecting and labeling the

1 https://github.com/imics-lab/fusion-of-learned-representations
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episodes of apnea (cessation of breathing in excess of 10 seconds) and hypopnea
(a reduction in airflow measured directly or reflected in lowered blood oxygen
saturation) is difficult [14]. The PSG-Audio dataset [11, 12] used in this work
contains data recorded on 212 individuals in a hospital setting for sleep apnea
syndrome (SAS) diagnosis. Five categories of abnormal events were annotated
by a medical team. At this time of this writing, two studies have applied machine
learning techniques and published results for the PSG-Audio dataset. In [4] Mel-
spectrograms of the audio signals were input into a pre-trained VGG19 (19-layer
deep CNN+Max Pooling) model followed by a long-short-term memory (LSTM)
fused model. The leave-one-out subject accuracy was 66.29%. In [10], the three
EEG signals are converted into spectrograms which are input into a model with
three 1D-CNN layers followed by a Gated Recurrent Unit (GRU) with a goal to
determine the start and stop time of each episode as the duration of the apnea
is significant for diagnosis.

A common shortcoming of ML approaches to PSG data processing is that
they rely on the presence of a large body of labeled data and the burden of pro-
fessionally labeling these data makes them expensive and difficult to publish. Un-
supervised and self-supervised approaches that do not rely on labeled data have
only recently been applied to diagnosing sleep apnea. Clustering has been used
to demonstrate an association between PSG data and the risk of future cardio-
vascular events [24]. Representation learning of PSG data using self-supervised
learning has also been investigated [23]. This approach is very promising, but
the remaining difficulty is the heterogeneous nature of the channels. The PSG
signals are physically dissimilar and may not have much to contribute to the
disorder being predicted.

Self-supervised learning removes the need for labeled data by training models
to recognize labels that are generated automatically by the algorithm. A sub-field
of self-supervised learning, contrastive learning, generates these labels by aug-
menting anchor samples of data and training an encoder to recognize augmented
copies of the same instance [17]. This work has applied a deep representation
learner called NNCLR [5], which was originally developed as a tool for image
classification. NNCLR maintains knowledge of nearest neighbors in the learned
feature space to improve the process of augmenting data. Other works have had
success in adapting NNCLR to time series data [20], but this technique has
not been tested in the field of PSG. SimCLR and the accompanying analysis [2]
show that for image processing, contrastive learning results for image recognition
are improved by: proper data augmentations, learnable non-linear transforma-
tions, larger batch sizes, and longer training. The SeqCLR framework [16] applies
contrastive learning to time-series EEG signals for Emotion Recognition, EEG
classification, and sleep-scoring tasks. LIMU-BERT [22] builds upon the con-
cepts of the natural language model BERT to process inertial measurement unit
(motion) data for HAR. Our data pipeline and learned representation model
utilize these promising techniques for multimodal HAR and PSG data.
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3 Methodology

3.1 Data Processing

To demonstrate our data processing pipeline two multimodal datasets were used.
The TWristAR dataset [7] consists of multimodal channels recorded with an
Empatica E4 Wristband [6]. The channels are acceleration (movement), blood
volume pulse (BVP), electrodermal activity (EDA), and peripheral skin tem-
perature. Per Empatica “the BVP signal is obtained from the PPG sensor by a
proprietary algorithm that combines the light signals observed during both green
and red exposure.” All of the signals were re-sampled to 32Hz. The TWristAR
dataset is small with only three subjects performing six common HAR activities
in a scripted manner for ease of labeling and to produce a balanced dataset. The
data were split into sliding windows of three-second duration (96 samples) with
a step size of one second. For early evaluation of channel contributions, subject
three was reserved for testing only, while subjects one and two are used for train-
ing and validation. Due to the presence of both subjects in the validation set
and the overlapping windows, the validation result represents subject-dependent
accuracies and the expected test accuracy is lower as described in our previous
work [8]. An associated dataset, the unlabeled E4 wristband (UE4W) dataset [9]
provides significantly more unlabeled data for self-supervised training. Fig. 1
shows an example of signals collected by the four sensors in the E4 wristband.

As described earlier, the second dataset used, PSG-Audio [11, 12] contains
data recorded in a hospital setting for SAS diagnosis. Several elements of this
dataset that led us to use it in this work: it is fully open-access, multimodal,
and the labeling was completed and reviewed by trained personnel. It should be
noted that the namesake signals, two channels of high-definition audio, were not
used in this work. The 12 channels that were used are shown in Fig. 2b. Nine
of the channels (3 x EEG, 2 x EMG, 2 x EOG, 2 leg sensors, and ECG) were
downsampled from 200 Hz to 100 Hz to match the remaining three sensors used
(flow thermistor plus thoracic and abdominal respiratory belts). Each subject’s
data, contained within a standard format EDF file were segmented into non-
overlapping sliding windows with 500 samples each representing five seconds of
time. The event data for labeling were derived from the provided “clean” rml
file for patients 995-1494 (not all numbers are present). The respiratory events
for “Obstructive Apnea”, “Central Apnea”, “Mixed Apnea”, “Hypopnea”, and
three other categories were treated as “abnormal”. All subject data is labeled,
so for the purposes of this work data from the first 50 subjects were treated
as labeled and data from the second 50 subjects were treated as unlabeled and
only used to train the self-supervised models. For supervised learning, the train
and validation sets were better balanced by discarding a portion of the normal
samples. Neither the test set nor the unlabeled data could be rebalanced without
incurring data leakage.
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Fig. 1: A 15-second sample of the Empatica E4 sensor data. For this work, the 64Hz
BVP data is downsampled and the 4Hz EDA and peripheral temperature signals are
upsampled so that all signals match the 32Hz sampling rate of the acceleration data.
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(a) TWristAR Channel Powerset
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(b) PSG-Audio Individual Physiological
Signals

Fig. 2: Boxplots showing the accuracy of individual channels. In the case of TWristAR
with four channels, the powerset of all combinations concatenated was evaluated. For
PSG-Audio each of the 12 channels was evaluated individually.
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Fig. 3: Each time-series signal is transformed into a new n-dimensional feature space
by a learned representation model. The models can be trained in a supervised or in a
self-supervised manner on labeled or unlabeled data, respectively.

3.2 Fusion of Multimodal Sensor Data

ML models can learn from several channels of data simultaneously, but when
those channels are dissimilar from one another or non-uniform in their contri-
bution to the output of the model, it may not be beneficial to apply the same
process of representation learning to every channel. To test this hypothesis, a
baseline classifier was trained that applied separate convolutional layers to sub-
sets of the available channels from our investigated datasets. The outputs of
these convolutional layers were concatenated and then passed a global average
pooling layer, and finally classified by dense layers.

The baseline classifier was also used to conduct a per-channel analysis. Since
the network architecture other than shape does not vary with the number of
input channels it is possible to run this classifier with one or a subset of multi-
ple channels. For the four channels in the TWristAR dataset, the full powerset
(all possible channel combinations) were run. The results of 10 runs in Fig-
ure 2 show that the accuracy with the acceleration and blood volume pulse are
much higher than the electro-dermal activity and peripheral temperature sig-
nals. The subject-dependent accuracy was highest with all signals except EDA.
Figure 2 also shows channel data for PGS-Audio. Due to the number of possible
combinations the powerset was not run. The highest accuracies for respiration
classification were the airflow and respiration band signals which serve as the
basis for the subsequent model evaluations. The EMG Chin signal showed much
greater variability across the 10 runs for unknown reasons.

The models trained as our baseline for comparison were trained using stan-
dard back-propagation of the loss relative to the assigned labels. While they
will still benefit from learning channel-wise representations of the input data,
they cannot capitalize on the large body of unlabeled data that we had avail-
able for the two datasets. For the final comparison between the concatenated,
multi-headed, and self-supervised experiments sklearn [18] GroupKFold was used
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to perform hold-one-subject-out cross-validation. For the PSG-Audio dataset, a
similar methodology was used but the 192 subjects were split group-wise for
5-fold cross-validation.

3.3 Self-Supervised Learned Representations

NNCLR [5] is a training method that uses labels automatically generated at train
time to fit feature extraction layers to training data with or without assigned
labels. As NNCLR is a training technique, not a model architecture, it can be
applied to a variety of neural network architectures. The model architecture used
to learn the feature representations is usually called an encoder. For this project,
NNCLR was used as the training platform for an encoder composed of two layers
of 1D convolutional networks. This CNN-based encoder architecture was chosen
because it is simple, effective, and highly flexible for time-series data.

Each feature encoder was trained on one channel of the unlabeled and labeled
training data. A validation group was held out, and the loss on that set was used
for early stopping. The trained encoders were then used as pre-trained models
to generate feature vectors for one channel of the labeled training data, with a
fixed output vector dimensionality of 32 elements. Pairs of channels that were
univariate, such as the left and right eye in the EOG data, were encoded using a
single encoder and represented by a single vector. The output of all encoders is
fused together and fed to dense layers for supervised learning. The weights of the
encoder can be frozen or allowed to continue to be trained during the supervised
training of the fused model. In our case, we did not freeze the encoder. Due to
data availability limitations, especially for the PSG dataset, the encoders were
trained on roughly twice as much data as the labeled dataset, in other domains
considerably more unlabeled data are typically used.

Figure 4 shows the UMAP [15] 2D projection of the 32-dimensional self-
supervised learned representation feature vectors for the TWristAR dataset. The
encoder model used to produce the feature vectors was trained on the unlabeled
E4 wristband (UE4W) dataset [9]. The labels were used to color code each data
point for the figure, but not during the training of the encoder. The features
learned from the acceleration channel create a separation of the different classes
in the feature space. The data points of “standing”, “sitting”, and “jogging”
are far apart from the points of the other classes, which suggests they would be
easy to classify. The points of “walking”, “upstairs”, and “downstairs” are closer
together, which would make them harder to separate. The BVP channel appears
to be the second best, although there is some overlap between different classes
they do not completely overlap. The EDA and Temperature channels seem to
be the worst with points with all classes scattered around.

Figure 5 shows similar plots for the different channels of the PSG dataset. The
projected features were processed in a similar manner. The PSG-Audio dataset
contains a larger number of instances, and thus the graphs are much denser. The
distribution of data points coming from the two classes (normal and abnormal
breathing) largely overlap for most channels. The channels for which the point
distributions overlap the least are the airflow and the thoracic plus abdominal
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Fig. 4: UMAP projections of self-supervised learned representations of sequences from
the different channels of the TWristAR dataset.

effort. This is expected, as these channels are directly associated with breathing
patterns. These three channels also produced the highest classification accuracy
when used individually to detect abnormal breathing, as shown in Figure 2b.

3.4 Model comparisons

To demonstrate the strength of channel-specific representation learning using
self-supervised learning, a classifier was trained on the fused feature vectors
output by the NNCLR feature learners. The three encoders used for three differ-
ent channels share the same network architecture, but their weights have been
separately pre-trained on unlabeled data of that channel. Figure 6 shows the
architecture of the model that utilizes the self-supervised learning encoders.

Table 1 shows the final comparison of the three architectures evaluated
for the TWristAR and PSG-Audio datasets. The train/test split was made us-
ing GroupKfold, with each subject/patient representing a different group, with
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Fig. 5: UMAP projections of learned representations of sequences from different chan-
nels of the PSG dataset. From left to right, top to bottom the images show EEG, EOG,
Chin EMG, Legs EMG, ECG, Air Flow, Thoracic Effort, and Abdominal Effort.

Table 1: Classification percent accuracies of the three different architectures.

Simple Concat Multi-head Supervised Multi-head Pretrained

TWristAR 79.1 80.9 80.6
PSG-Audio 88.9 88.3 86.3

three and five-fold cross-validation, respectively. The results show that the Multi-
head Supervised model slightly outperforms the simple concatenation of the
inputs. This is likely due to the ability to have different hyperparameters for
each channel which is not possible in the concatenated model. The results with
PSG-Audio show that the simple concatenation slightly outperformed the multi-
headed model. Further tuning may be required. For both datasets, the pre-
training did not improve the performance compared to fully supervised training.
Based on the usage of self-supervised models in image recognition, it is pos-
sible that a much larger set of unlabeled data than is provided by these two
datasets is required along with potentially more tuning, including alternate aug-
mentations. Note that the CNN model architecture was initially tuned for the
single-head model and was subsequently copied and used as an encoder for each
of the different heads of the pre-trained model.

Figure 7 the left is the confusion Matrix for the Concatenated Model, which
uses accelerometer and BVP channels as flat inputs into a single CNN. On the
right is the confusion Matrix for the Multihead Model, which uses two separately
tuned CNNs for the accelerometer and BVP channels. Input is the TWristAR
dataset evaluated with hold-one-subject out. The TWristAR dataset is balanced,
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Fig. 7: The confusion matrices for the Concatenated Input model and the Multihead
Model.

so the accuracy is reflective of the classifiers’ performance. Both architectures
struggle to differentiate between some instances of similar activities.

4 Discussion

This work focuses on wearable sensors because of the heterogeneous nature of the
signals. A breath flow sensor is much more dissimilar from an ECG signal than
the RGB channels of an image. This means that apnea and activity detection
can benefit from selecting the information-dense channels and either discarding
the others or using ML techniques such as attention to minimize the weights of
low-value channels. But this observation is not limited to these specific prob-
lem spaces. The methods described in this work could also be applied to other
varieties of time-series data with non-uniformly informative channels.

Some degree of domain expertise is still essential when selecting channels
of data for training. Ideally, an ML approach to data analysis should rely as
little as possible on human expertise. It is challenging to assess which sensors
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should be useful for solving a given problem without understanding the physical
properties of those sensors. One observation of this work has been that the
information density of a signal can be roughly estimated by observing the UMAP
projections of the learned representations of the training data. The potential of
evaluating the usefulness of a channel without access to labeled data warrants
further investigation as being able to reduce the number of channels required
by examining the results of a self-supervised model trained only on unlabeled
data would be very beneficial. At a minimum, this information could guide more
targeted experiments using less of the costly labeled data.

5 Conclusion

In this work, we have proposed a methodology for modeling multimodal time-
series data when the different signal channels significantly differ from each other.
As larger datasets become available, having the ability to tune learning to the
properties of each signal and to replace parts of the network with a model that
has been trained elsewhere, is crucial. Furthermore, the ability to leverage large
amounts of unlabeled training data can benefit supervised models trained on
limited-size labeled datasets. Self-supervised learning methods, which have been
popularized in other machine learning domains, can have a significant impact on
health-related applications in the near future.
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