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Abstract—With Internet of Things technologies, healthcare
services for smart homes are emerging. In the meantime, the
number of households of single-living elderly who are distant
from using smart devices is increasing, and contactless radar-
based sensors are recently introduced to monitor the users in
single households. In this paper, contactless radar-based sensors
were installed in over 100 households of single-living elderly to
collect their biometric data under uncontrolled environments.
In addition, a deep learning-based classification model is pro-
posed that estimates the user status in predefined classes. In
particular, the classification model is designed with a multi-head
convolutional neural network with long-short-term memory and
an attention mechanism. The proposed model aims to extract
features in diverse resolutions from the biometric data while
capturing the temporal causalities and relative importance of
the features. The experimental results verify that the proposed
classification model improves the status classification accuracy by
2.8% to 31.7% in terms of F1 score for the real-world dataset.

Index Terms—Radar-based status monitoring, status classifi-
cation, multi-head feature extraction

I. INTRODUCTION

With the recent advancements of Internet of Things (IoT)
technologies, various smart home applications are developed.
A smart home means a residence where a household can
benefit from smart services with remote access, monitoring,
and control capabilities [1]. Meanwhile, the number of single
households is anticipated to rise worldwide, with a significant
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increase in the ratio of the elderly in the next two decades
[2]. This growing aging population could cause a weakening
of the socio-economic structure of many countries in terms
of healthcare and related costs [3]. Accordingly, many efforts
to develop the solution for healthcare services for the elderly
in single households (e.g., monitoring of underlying diseases,
detecting emergencies, etc.) are put together.

On-body and contactless sensors have been considered as
the two main approaches for healthcare services to collect and
monitor users’ biometric data [4]. The on-body method uses
wearable devices for service provision, and the sensors need
to be placed on the user’s body. Hence, the biometric data
collected from the on-body sensors are relatively accurate. On
the other hand, the user requires to continuously wear the
sensor device and frequently charge the device, which raise
inconvenience especially for the high age group who are often
distant from using smart devices [5]. Accordingly, when it
comes to the status monitoring in the users’ living space, the
methods to monitor the users’ status from the data collected
with contactless sensors are widely investigated for service
provision without affecting the users’ daily life [6].

As the sensor technologies are getting mature than ever,
contactless radar-based data acquisition methods are recently
investigated that use the phase change of the radar reflected
by the movement of the human body. As a consequence, an
individual’s biometric features (e.g., heart rate, respiration,
etc.) can now be accurately obtained without contact, and the
development of analysis on the collected biometric data is in
progress [7]–[10]. In this paper, a method to estimate a user’s
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Fig. 1. High level radar-based biometric monitoring system model

Fig. 2. Illustration of the installed radar sensor

TABLE I
SPECIFICATIONS OF THE INSTALLED RADAR SENSOR

Category Specification
Chip Sharp DC6M4JN3000

Method Microwaves (24.05 24.25GHz)
Resolution 60cm

Range (Max.) 1.5m (Heartbeats, Breathing)
7m (Body motion)

Directionality Azimuth: 25◦, Elevation: 20◦

Error rate ±10% ( 3m)

status from the biometric information collected through a radar
sensor is investigated. While radar sensors have a limitation
that the accuracy of the measurement drops when the subject
is intensely moving, this paper aims for the situations when the
displacement and the motion of the subject are bound to some
degree (e.g., sleeping in the bed, having a meal on the table,
watching television, etc.) In the meantime, the time-series data
on human activity collected from sensors can be decomposed
into a set of features in multiple levels (i.e., low, middle,
and high), and the means to capture the feature in diverse
resolution, as well as their temporal causalities, are needed for
the user status estimation from biometric data. Accordingly,
a deep learning-based model is proposed in this paper that
analyzes a fixed length of biometric data and classifies the user
status in that period. The contactless radar-based sensors were
installed in the living spaces of over 100 single households of
elders, and real-world biometric information is collected. In
particular, this paper utilizes the biometric information of 22
elders collected under uncontrolled environments and proposes
a deep learning-based user status classification model.

The rest of this paper is organized as follows. Section II
provides previous studies. Section III-B introduces the status
classification method. The performance evaluation is presented
in Section IV, followed by the conclusion in Section V.

TABLE II
SAMPLE DISTRIBUTION OF THE HR DATASET

Class Status Number of data samples Ratio
1 Not detected 32,790 33.6%
2 In sleep 45,148 46.3%
3 In active activity 5,762 5.9%
4 In stationary Activity 6,460 6.6%
5 In unidentified activity 7,405 7.6%

Total 97,565 100%

Fig. 3. Example of the biometric data of a subject in sleep

II. RELATED WORKS

The research on biometric information monitoring tech-
nologies with contactless radar-based sensors are largely in
two fields of study. One is on increasing the accuracy of
the contactless monitoring sensors’ measurements compared
to on-body sensors. The other is on improving the performance
of biometric data analysis to use them for applications and ser-
vices. With the recent advancements in sensor technology, the
second field of study that focuses on biometric data analysis is
actively in progress. In the meantime, research on radar-based
cardio-respiration monitoring is widely investigated, which is
mainly conducted in an impulse-radio ultra wide band (IR-
UWB) radar-based environment [7]. This research includes
studies that propose a method to accurately measure of the
heart rate, to reliably monitor the continuous cardio-respiration
rate, to estimate the sleep stages, etc. [10]–[12]. In particular,
many studies have applied deep learning technologies to
enhance the accuracy of the analysis on biometric data. Long-
short-term memory (LSTM) with an attention mechanism
is used in [12] to analyze the heart and respiratory rates
collected by an IR-UWB radar-based device. In [13] and [14],
electrocardiogram signals are analyzed respectively based on a
multi-head and residual convolutional neural network (CNN).
In the meantime, the well-known deep learning technologies
are applied to a set of publicly available biometric datasets,
and their performances are compared and evaluated in [15].
However, to the best knowledge of the authors, there has
not been a work that comprehensively utilizes multi-head
CNN with LSTM and an attention mechanism to enhance the
performance of the user’s status classification. Accordingly,
this study proposes a deep learning-based user status classifi-
cation model designed with multi-head CNNs, LSTMs, and a
multi-head self-attention mechanism to integrally capture the
contexts in diverse feature levels as well as their temporal
causalities and importance.
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Fig. 4. Proposed deep learning-based user status estimation model with a multi-head CNN and attention mechanism

III. STATUS CLASSIFICATION FROM BIOMETRIC FEATURE

In this section, a deep learning-based status classification
model is proposed that extracts and analyzes the multi-level
features from biometric data. The proposed model classifies
the status of a subject in one of the predefined status classes:
1) not detected, 2) in sleep, 3) in an active activity, 4) in a
stationary activity, and 5) in an undefined activity. In advance
of introducing the proposed classification model, we provide
details on the dataset.

A. Dataset Generation and Data Preprocessing

In each living space of over 100 individual single house-
holds, a radar-based sensor with the specifications given in
Table I was installed as described in Fig. 1, and the sensor
measures the heart rate, respiratory rate, and body motion
every 2 minutes. The biometric data were collected under
uncontrolled environments at different times for each indi-
vidual from 2020 to 2021. A part of the collected dataset is
illustrated in Fig. 3 as an example. Only the data that are
reliably collected without a network failure for a reasonable
period are used for this study. In addition, whereas this study
utilizes only heart rate, respiratory rate, and body motion data,
the method proposed in this paper can be easily replaced with
other types of biometric features.

The biometric data are labeled by experts as one of the
five predefined statuses of the subject, such that the subject is
1) not detected, 2) in sleep, 3) in an active activity, 4) in a
stationary activity, and 5) in an undefined activity. Min-max
normalization is applied to each dimension of the biometric
features. The continuous time-series data are then segmented
into fully non-overlapping subsequences in the length of 30
minutes. Overlapping subsequences can be used in a practical
system, but the non-overlapping subsequences are used in this

paper to prevent the training, validation, and test dataset for
assessment from containing partially overlapping information.
The most frequently detected status in the period of the
segmented subsequence is assigned as the final status of the
segmented subsequence. The distribution of the generated
dataset is described in Table II.

B. Status Classification with Multi-head CNN

The objective of the user status classification problem is
defined as

Pr(y | X), (1)

where y denotes the status class, and X is the input sequence
of biometric features. That is, the status classification model
aims to estimate the status of a user from the observed biomet-
ric data. Considering the biometric data X as a multivariate
time series, it can be decomposed into low and high-level
features like the other types of data, such as signals and
images. The time-series data about human activities are often
perceived as a combination of actions in low and high levels,
and the extraction of features in diverse levels, therefore, can
facilitate the status classification.

To extract the features from the time-series data, CNNs
have been widely used in various types of research around
biometric data analysis. However, vanilla CNNs have shown
their limitations as they capture the features at a defined
resolution. In this paper, we thereby utilize CNNs in a multi-
head structure to identify the features in diverse levels from the
biometric data. To additionally capture the temporal relations
of the features, LSTMs are applied afterward to each of the
feature maps extracted by the multi-head CNN. In addition,
a multi-head self-attention mechanism is used as well to
differently weigh the importance of the extracted features. The
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TABLE III
CONFUSION MATRIX FOR ERROR MEASUREMENTS

Actual
Predicted Positive Negative

Positive True positive (TP) False negative (FN)
Negative False positive (FP) True negative (FN)

self-attention mechanism computes attention weights for each
hidden unit of the LSTM from all CNN heads to generate
context vectors as a weighted sum of the hidden units.

The proposed classification model is illustrated in Fig. 4. A
30-minute long multidimensional biometric data consisting of
heart rate, respiratory rate, and body motion information is fed
into each head of the multi-head CNN designed with different
filter sizes. Each head of the multi-head CNNs extracts the
feature maps in different resolutions, and LSTMs addition-
ally insert the information about temporal causalities into
the captured features. The extracted features are differently
scaled based on the attention weights computed by the multi-
head attention mechanism, which is then mapped into the
probability of each status class through a fully connected layer
with softmax.

IV. PERFORMANCE EVALUATION

In this section, the performance of the proposed status
classification model is evaluated in terms of its classification
accuracy.

A. Evaluation Metric

The performance of the proposed model is evaluated in
accuracy and F1 score of the classification results, which are
computed based on the confusion matrix illustrated in Table
III. The accuracy and F1 score are given by

Accuracy =

N∑
i=1

TPi

N∑
i=1

TPi +
N∑
i=1

FPi

, (2)

and

F1 score =
1

N

N∑
i=1

TPi

TPi +
1
2 (FPi + FNi)

, (3)

where TPi, TNi, FPi, and FNi are the numbers of the
true positive, true negative, false positive, and false negative
instances for the i-th class from N classes. The ranges of
both accuracy and F1 score are [0, 1], where a value closer to
1 implies better classification performance. While accuracy is
the most well-known metric for classification problems over
various domains, the macro F1 score is widely used to evaluate
the performance of a classifier on a dataset with imbalanced
class samples like the generated dataset.

TABLE IV
F1 SCORE OF THE STATUS CLASSES (%)

Model Accuracy F1 score
Gaussian Naive Bayes 68.0 55.8

k Nearest Neighbor 78.8 51.6
Support Vector Machine 82.8 52.6

Random Forest 83.3 54.9
Multi-layered Perceptrons (16-8) 85.6 65.8

Multi-layered Perceptrons (16-16-8) 85.3 65.8
Multi-layered Perceptrons (16-16-16-8) 85.2 62.4

Single-head CNN and LSTM 85.7 69.1
Single-head CNN and LSTM with attention 86.7 71.5

Multi-head CNN and LSTM 86.4 71.5
Multi-head CNN and LSTM with attention 87.1 73.5

B. Experimental settings and results

For performance evaluation of the proposed classification
model, experiments on the methods with conventional machine
learning and deep learning techniques are conducted. For con-
ventional machine learning techniques, Gaussian naı̈ve Bayes
(NB), k-nearest neighbor (kNN), support vector machine
(SVM), and random forest (RF) are applied as the benchmarks
of the performance comparison. The conventional machine
learning methods are implemented with the scikit-learn library
in python. For baselines, multi-layered perceptions (MLP) with
different numbers of layers and nodes are investigated. In
addition, the models composed of CNNs followed by LSTMs
with and without an attention mechanism are used for more
advanced baselines. A multi-head self-attention mechanism is
used for advanced baselines, and the multi-head CNN with
LSTM are respectively implemented with 3 layers of CNNs
with the convolutional filter sizes of (3, 5, 7) and 2 layers of
bidirectional LSTMs with the hidden size of 16. For single-
head CNN models, the 4 layers of CNN is used with the convo-
lutional filter size of 5 for all layers. A fully connected layer
is added before the softmax layer for all CNN and LSTM-
based models. The deep learning models are implemented
with TensorFlow and Keras in python. All deep learning
models are trained using Adam optimizer with a learning rate
0.001 until their losses are converged with the learning rate
decay and early stopping. For training, validation, and test,
60%, 20%, and 20% of instances randomly selected from the
generated dataset are used, respectively. For a fair assessment,
10 independent trials of experiments are conducted, and the
classification accuracy of all trials are averaged.

The experimental results are provided in Table IV. The
results show that the deep learning approaches greatly outper-
form the conventional machine learning approaches in terms of
F1 score while there are not remarkable improvements in terms
of accuracy. This implies that the deep learning approaches
are more robust to the imbalanced dataset compared to the
conventional machine learning approaches. In the meantime,
the deep learning-based classification models tend to be easily
overfitted when the fully connected layers are heavily stacked
because the input feature of the biometric data is relatively
simple in its contexts and small in its size compared to
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datasets in the other domains. However, the deep CNN and
LSTM models show improved performance compared to the
MLP models as the CNN and LSTM facilitate more advanced
feature extraction before the last fully connected layer. In the
same manner, the proposed model composed of multi-head
CNN and LSTM with an attention mechanism outperforms
all the other models with 2.8% to 31.7% improvements in F1

score as it successfully extracts the contexts in diverse levels
and their temporal causalities with proper importance weights.
In summary, the experimental results on the empirically gen-
erated dataset show that the proposed status classification
model achieves performance improvements compared to all
benchmark and baseline models both in terms of accuracy and
F1 score.

V. CONCLUSION

In this paper, the biometric data (i.e., heart rate, respiratory
rate, and motion volume) collected in the living spaces of
elders under uncontrolled environments are investigated, and
a classification model is proposed that estimates a user’s status
in one of the five predefined classes (i.e., not detected, in
sleep, in an active activity, in a stationary activity, and in
an undefined activity). In particular, the status classification
model is designed to support the extraction of features in
diverse resolutions and their temporal causalities with impor-
tance weights. The experimental results show that the proposed
model enhances the status classification performance by up to
31.7% in F1 score and 4.6% in accuracy. As the results on
the empirical data collected under uncontrolled environments
verify that the proposed model achieves noticeable improve-
ments in F1 score, the effectiveness and practicality of the
proposed model are shown. In the meantime, to improve the
overall classification accuracy for effective service provision,
the issue of imbalanced class in the training dataset requires to
be comprehensively managed in the future work of this study.
In addition, to consider the scalability of the proposed status
classification system, automatic labeling on the generated
data also needs to be considered while handling the privacy
concerns as well.

ACKNOWLEDGMENT

The authors of this paper thank Seung Chul Kim from
KULS, João Garcia from Ubiwhere, and Ricardo Gonçalves
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