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Abstract—As a result of the rapid development of wearable
sensor technology, the use of smartwatch sensors for human
activity recognition (HAR) has recently become a popular area
of research. Currently, a large number of mobile applications,
such as healthcare monitoring, sport performance tracking, etc.,
are applying the results of major HAR research studies. In
this paper, an HAR framework that employs spatial-temporal
features that are automatically extracted from data obtained
from smartwatch sensors is proposed. The hybrid deep learning
approach is used in the framework through the employment
of Long Short-Term Memory Networks and the Convolutional
Neural Network, eliminating the need for the manual extraction
of features. The advantage of tuning the hyperparameters of
each of the considered networks by Bayesian optimization is also
utilized. It was indicated by the results that the baseline models
are outperformed by the proposed hybrid deep learning model,
which has an average accuracy of 96.2% and an F-measure of
96.3%.
Index Terms—smartwatch, deep learning, human activity
recognition, wearable devices, hybrid LSTM

I. I NTRODUCTION
There are numerous reasons that the rapid development
of wearable sensor technology has occurred, for example
the decreasing cost of sensor devices and the significant
improvement of miniaturized sensors’ computational capacity
[1]. Wearable sensors are defined as tiny devices that people are able to continuously carry during the performance
of their everyday activities. Sensors such as accelerometers,
barometers, global positioning systems (GPS), gyroscopes,
and magnetometers are capable of capturing the signal of the
physical movement of a person at any time and at any place.
The advantages of wearable sensors have been adopted in a
number of beneficial mobile applications, including abnormal
driving detection [2], healthcare systems for remotely monitoring elderly people [3]–[5], sport performance tracking [6],
and mobile assistance systems for people who are visually
impaired [7].
Interest in the topic of applying wearable sensors to human activity recognition (HAR) is currently increasing for
many researchers in the pervasive field of computing [8]–
[12]. These days, direction and motion sensors, for example
accelerometers and gyroscopes that can be employed for the
classification of human activities, are installed on smartphones

and smartwatches [13]. However, the focus of these efforts
has mostly been on smartphone-based activity recognition,
including those investigated in [14]–[16]. The application of
these common commercially available devices significantly
increased the possible uses for activity recognition; nevertheless, limits have resulted from their being placed on the
body of a user and the unstable orientation, such as when
the smartphone moves around while in a the user’s pocket or
when the position of the pocket is not suitable for the tracking
of hand-based activities. Since women do not usually carry
their smartphone in their pocket, they are especially prone to
the limitations of smartphone-based activity recognition. The
use of smartwatches, which are worn in a constant location,
addresses the majority of these drawbacks, as they are ideally
positioned for the tracking of activities that are hand-based.
In addition, machine learning algorithms can be employed
for the developments that can improve the activity recognition model using smartwatches in order to provide more
accurate assessments of a broad variety of activities [17]–
[19]. Nevertheless, these approaches using conventional machine learning regularly depend upon heuristic manual feature
extraction, and are thus normally limited to the knowledge
of the human domain. Because of this limitation, there are
restrictions regarding the performance of approaches using
conventional machine learning in terms of the accuracy of the
classification and other metrics used for evaluation [20]. In this
paper, approaches utilizing deep learning (DL) are applied in
order to overcome these limitations.
An HAR framework that automatically uses spatialtemporal features extracted from the data obtained by smartwatch sensors by applying a hybrid deep learning model
known as a CNN-LSTM network is proposed in this work. In
this study, an experimental evaluation is performed in order
to conduct a comparison of the proposed CNN-LSTM-based
approach with the baseline deep learning models found in
a public dataset referred to as the WISDM dataset [21]. In
addition, Bayesian optimization is employed for the tuning of
the CNN-LSTM models’ hyperparameters.

II. BACKGROUND AND R ELATED R ESEARCH
In this section, the background knowledge for this study and
the related research concerned with HAR and deep learning
approaches are summarized.
A. Deep Learning applied to HAR
The smartwatch-based HAR focus on human behavior understanding by using sensors of smartwatch or smart phone
such as gyroscope, accelerometer, etc. The understanding
is processed with sensors while they are performing their
activities through recognition. The HAR problem can be
systematically mentioned as a a time-series classification [22].
In recent studies, the main focus of research conducted
on HAR has been deep learning (DL). Numerous successful
outcomes have been reported, which has led researchers to
apply a range of approaches that utilize deep learning in
order to solve complex problems involving HAR [23]–[26].
Reduction of the effort needed for feature extraction using
conventional machine learning is provided by these deep
learning approaches. As a result of this advantage, raw sensor
data can be used to build DL models, which provides a high
level of efficiency when performing recognition.
One type of deep learning networks is known as convolutional neural networks (CNN), which are recommended
for the improvement of the performance in solving problems
in wearable-based HAR [27]. The CNNs are a type of DL
network that can extract the spatial features from raw sensor
data automatically. However, there are a number of human
activities that require time-series data, which results in the
temporal dependencies. In order to solve this temporal dependency issue, the use of Long Short-Term Memory networks
(LSTM) has been proposed, and application of LSTMs is
currently increasing in the field of HAR [28], [29]. Hybrid
LSTMs that provide the advantages of both CNNs and LSTMs
by combining several preceding CNN layers that extract the
spatial features with LSTM layers that extract the temporal
features have been proposed. In the experiments carried out in
this study, the implementation of the combined CNN-LSTM
was investigated, as described in Section III.

Fig. 1. The proposed framework of smartwatch-based HAR

activities performed in everyday life. Each of the activities was
performed separately for approximately 3 minutes at a rate of
20 Hz.
B. Preprocessing and Segmentation of the Data
In this work, only the smartwatch data included in the
WISDM dataset was utilized. An exploratory data analysis
of the sensor data was conducted, and it was found that the
activity data from seven of the participants did not include all
of the pre-determined activities. Therefore, it was necessary
that the data from those seven subjects (subjects 1616, 1618,
1637, 1638, 1639, 1640 and 1642) be disregarded. As a result,
the smartwatch data was collected from only 44 subjects. For
the processing of the time-series data in the HAR problem,
a 10-second sliding window with 50% of the overlapping
proportion was used to segment the data.
C. Hybrid Long Short-Term Memory Network
In this research, a hybrid LSTM network known as a 2-layer
CNN-LSTM is proposed for the improvement of recognition
performance. The CNN-LSTM comprises two convolutional
layers and a single LSTM layer. The input sensor data’s size
is 200×6, and the output layer’s size is 18×1. Fig. 2 illustrates
the CNN-LSTM’s structure.

III. P ROPOSED M ETHODS
In the proposed framework for the human activity recognition that is smartwatch-based, the capture of the sensor data
from the smartwatch sensor is enabled in order to conduct
the classification of the activities that are performed by the
smartwatch user. The overall methods applied in this study to
achieve the aim of this research are illustrated in Fig. 1.
A. Smartwatch Dataset
The WISDM from the UCI Repository is the publicly
available source of the raw sensor data used in this study [21].
Accelerometer and gyroscope data from various smartphones
operating with Android 6.0 and a smartwatch (LG G Watch)
operating with Android Wear 1.5 are contained in the dataset.
The sensor data were collected from the smartwatches worn
on the dominant hand of 51 participants during 18 physical

Fig. 2. The structure of the proposed CNN-LSTM network

To evaluate the proposed hybrid LSTM networks, evaluation
metrics are used from the field of HAR: accuracy, precision,
recall, and F-measure [30].

TABLE I
P ERFORMANCE METRICS OF THE DEEP LEARNING MODELS

TABLE II
S UMMARY HYPERPARAMETERS OF CNN-LSTM NETWORKS IN THE
RESEARCH

Scenario
CNN
LSTM
Proposed CNN-LSTM

Accuracy
93.1%
89.6%
96.2%

Performance metrics
Precision Recall F-measure
93.1%
93.1%
93.1%
89.7%
89.6%
89.6%
96.3%
96.2%
96.3%

Stage

Architecture

IV. E XPERIMENTS AND R ESULTS
In this section, the experimental setting and the results that
were employed for the evaluation of the proposed CNN-LSTM
networks for the smartwatch-based HAR are described.
A. Experiments
For the comparison of the performance of the proposed
CNN-LSTM networks with that of the other DL models, variations were used in the experiments. In the first experiment, a
basic CNN network composed of only one convolutional layer
working with Dropout and a single Dense layer was used.
In the second experiment, a basic LSTM network referred to
as Vanilla LSTM composed of LSTM layers working with
Dropout and one Dense Layer was used. The third experiment
included a proposed CNN-LSTM that is a LSTM network in
which a convolution layer is combined with a LSTM layer.
The code for the experiments is in Python 3.6.9, using the
TensorFlow [31], Keras [32], Sci-kit Learn [33], Numpy [34],
and Pandas [35] libraries. The experiments were executed
on the Google Colab platform with Tesla K80, and also the
hyperparameters of each model were optimized by SigOpt
[36].
B. Experimental Results
To evaluate the performance of the smartwatch-based HAR,
three experiments on different variations were performed using
the WISDM dataset as described in the Section III. The
smartwatch sensor data from the WISDM dataset was divided
into 70% to be used as training data and the remaining
30% for testing data, which resulted in 41,440 and 17,761
data numbers, respectively. Experiments were conducted in
this work to evaluate the recognition performance of the
DL networks with a variation of metrics, including accuracy,
precision, recall, and F-measure. Table I shows the accuracy
and the other metrics obtained from the various DL networks
trained on the WISDM dataset.
As seen in Table I, the proposed CNN-LSTM was tuned by
Bayesian optimization in order to find a set of hyperparameters
that provide the high-performance metrics. The hyperparameters are summarized in Table II.
It can be seen that the proposed CNN-LSTM networks
outperform all of the other networks with an accuracy of
96.2% and an F-measure of 96.3%. Therefore, the performance
of the CNN-LSTM is better than that of the baseline DL
models. The confusion matrix for the CNN-LSTM networks
is shown in Fig. 3.

Training

Hyperparameters
Kernel Size
Convolution 1 Stride
Filters
Kernel Size
Convolution 2 Stride
Filters
Dropout 1
Maxpooling
LSTM neuron
Dropout 2
Dense
Optimizer
Batch Size
Learning Rate
Number of Epoches

Values
3
1
113
3
1
123
0.06480703
2
128
0.21129224
458
Adam
64
0.00049271
50

V. C ONCLUSION AND F UTURE W ORKS
In this work, we proposed a CNN-LSTM network to tackle
the smartphone-based HAR problem. This hybrid LSTM takes
advantage of both the spatial feature extraction of CNN and the
temporal feature extraction of LSTM. We also used Bayesian
optimization to find the optimized hyperparameters of the
model for achieving better performance of HAR. We have
evaluated the performance of this CNN-LSTM network by
various metrics and a public dataset known as WISDM. The
results show that the proposed hybrid LSTM outperforms the
other baseline networks by utilizing the automatic spatialtemporal feature extraction from the raw sensor data with an
average accuracy of 96.2% and an F-measure of 96.3%. For
future research work, we shall develop this model for personalized human activity recognition using a transfer learning
approach based on smartwatch sensors.

Fig. 3. Confusion Matrix for the proposed CNN-LSTM
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