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Abstract—Existing feature extraction method for activity
recognition is time consuming and laborious and prone to error.
This paper proposes an unsupervised deep learning method for
feature learning in activity recognition using tri-axial
accelerometer. The proposed method extracts the relevant
features automatically, eliminating the needs of feature
extraction and selection stages. We evaluate and compared the
proposed method with the conventional method in terms of
recognition accuracy on a public dataset with wide range of
activities. Results have shown that the proposed method
achieved a better performance, improving the recognition
accuracy by 0.03.
Keywords—Activity recognition, autoencoder, deep learning,
accelerometer

I. INTRODUCTION
Activity recognition is important for large number of
applications such as pervasive healthcare. In elderly
healthcare, it is used to analyze the daily activities and
behaviour of a person (especially elderly) to evaluate his or
her general health. Physical inactivity and sedentary
behaviour may accelerate biological aging and lead to poor
health, including chronic diseases and frailty, which is an
indicator of health status of an elderly and associated with
dependency, disability and mortality. Physical activity as
preventive and therapeutic measures are well-documented.
Promotion of physical activity has been incorporated in
routine clinical practice [1], [2]. However, broader
implementation is facing multiple barriers, which one of them
is in ability to accurately assess patient status and progress due
to imprecise assessment tools. Currently, physical activity
assessment methods mostly rely on questionnaire and selfreport measures of physical activity. Such methods may
induce inaccuracy and bias in the assessments due to
difficulties in recalling and questionnaire’s design.
Wearable technology offers a prospective solution to the
increasing demand for activity monitoring. Wearable sensorbased activity recognition is a system that continuously gather
body motion measurements using inertial sensors such as
accelerometer and gyroscope. The collected data is then
processed to recognize the physical activities such as walking,
standing and sitting. In general, the activity recognition can be
divided into two steps which are the feature extraction and
classification. The first step is the most crucial because the
performance of the classification is heavily dependent on the
extracted features. For that reason, numerous studies have
been carried out to determine the most salient features for
activity recognition.
Features could be extracted directly from the sensor data
such as mean, variance (standard deviation) and signal
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magnitude area [3]. Features could also be extracted from
Fourier transformed signal such as spectral energy and
entropy [4]. More advanced features have been proposed for
activity recognition. In [5], cepstral-based features have been
proposed for classifying dynamic activities such as walking,
running and bicycling. The proposed methods achieved a
recognition accuracy of 0.91. In [6], ensemble empirical mode
decomposition has been used to decompose the sensor data
before feature extraction is performed for classifying dynamic
and static activities. The proposed method achieved a
recognition accuracy of 0.81. Spatiotemporal features have
been proposed by calculating the Euler angles and quaternions
from the sensor data. The results show that the proposed
method achieved a recognition accuracy of 0.85. Although the
proposed features have been shown to be effective in
distinguishing the activities, feature engineering or manual
feature extraction is time consuming, laborious and prone to
error. Furthermore, the process relies on expert knowledge to
extract and select the most discriminative features.
Deep learning methods have been proposed to
automatically extract features from sensor data for activity
recognition. In [7], a deep learning model consists of one
convolutional and one max-pooling layer has been proposed
for automatic feature extraction. The proposed method
achieved a recognition accuracy of 0.95. Similar work is found
in [8]. The proposed method achieved a recognition accuracy
of 0.94. A hybrid deep learning model using long short term
memory and convolutional neural network has been proposed
for activity recognition. The model can automatically extract
not only the features, but also model the temporal information
in the sensor data for more accurate classification. The results
show that the proposed method achieved a recognition
accuracy of 0.864. However, the aforementioned works are
purely supervised learning methods or involve human
annotation and labeling that are time consuming and
laborious.
In this paper, we propose a method that utilizes a
specialized deep neural network known as autoencoder to
automatically extract or learn the relevant features from
accelerometer sensor data for activity recognition. The
approach uses a variant of autoencoder called denoising
autoencoder that is capable of learning features in an
unsupervised manner. As a result, the feature engineering step
is eliminated, making the feature extraction more accurate and
reliable.
The rest of the paper is organized as follows. The
architecture of the denoising autoencoder is presented in
Section II. Section III presents the experimental setup for
activity recognition. Section IV presents results obtained.

Finally, Section V presents the conclusion drawn from the
experimental results.
II. PROPOSED METHODOLOGY
The overview of the proposed method is illustrated in Fig.
1. The proposed method is divided into two phases which are
unsupervised feature learning and classification. The feature
learning pipeline utilizes a denoising autoencoder to
automatically extract relevant feature representation of the
data (on the left). The autoencoder is then cascaded with a
softmax classifier to classify the activities (on the right). The
proposed method uses denoising autoencoder which is trained
with a corrupted input data to reconstruct the original input
data and as a result, the autoencoder can learn more robust
features. The input signal must be segmented into a sequence
of data windows before they are classified into activities. The
size of the data window defines the input size of the denoising
autoencoder. An accelerometer produces three measurements
along vertical, horizontal and sideway axes. The three
windows are concatenated to become a single sequence of
sensor readings, which represents the input data of the
denoising autoencoder.

Algorithm 1
= ́
Unlabeled training dataset,
,
Labeled training dataset, =
1 Set initial window size, overlapping factor and expansion
factor
2 Segment the signals using adaptive sliding window
3 Apply the linear interpolation to resize windows of
different size to initial window size
4 Concatenate the window segmentation , and
to
obtain input vector
5 Corrupt the input vector by adding random uniform noise
to obtain ́
6 Initialize the weights and bias of each layer
7 Train the denoising autoencoder using the unlabeled
training dataset
8 Replace the decoder with a softmax classifier
9 Freeze the encoder and code, and train the softmax
classifier using the labeled training dataset

TABLE I.

Fig. 1. Overview of the proposed method. The feature learning pipeline
(left) and classification pipeline (right).
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acceleration data along vertical axis, , horizontal axis,
and sideway axis, . Therefore, the input size equals 3
where is the size of the data window. Typically, the fixed
sliding window is used to segment the signals. However, the
technique has been found to be not effective due to varying
length of transitional activity signals. Therefore, the adaptive
sliding window technique is employed to segment the signals
[9]. The technique defines an initial size of window
segmentation which can be expanded to accommodate
transitional activity signals that are longer then the initial
window. As a result, a more effective segmentation can be
achieved. The linear interpolation is used to resize the
transitional activity windows to the size of the initial window.
We corrupt the input data by adding uniform random noise,
which can be defined as follows.
́ =

+

(2)

THE PARAMETERS OF THE DENOISING AUTOENCODER AND
SOFTMAX CLASSIFIER

Layer

Parameters

Encoder

Number of hidden layers: 3
Number of units: 160, 80, 50
Activation function: ReLU

Code

Number of units: 5, 10, 15, 20, 25, 30
Activation function: ReLU

Decoder

Number of hidden layers: 3
Number of units: 50, 80, 160
Activation function: ReLU

Softmax
Classifier

Number of hidden layers: 2
Number of units: 40, 20
Activation function: ReLU

The denoising autoencoder consists of two parts which are
encoder and decoder. The encoder accepts the corrupt input
data and propagate them through hidden layers to transform
the data into code (feature representation) and the decoder
uses the code to reconstructs the signals. Given an encoder
with a single layer, the encoding can be defined as follows.
=

́+

(3)

where
and
are -dimensional code and bias vector
is an × weight matrix where is the
respectively.
number of neurons in the hidden layer and is the number of
input neurons. is a non-linear activation function. The
decoding is performed using the same operation as follows.
=

+

(4)

where and are -dimensional reconstructed vector of ́
is the × weight
and bias vector respectively and
matrix.

We train the proposed autoencoder by regressing to the
original input data. To do this, the proposed autoencoder is
trained to minimize reconstruction error or the squared error
between the input data and the reconstructed vector. The loss
is defined as follows.
,

=∑

−

(5)

We found that minimizing squared error loss is not
producing good reconstructed signals. Therefore, we add an
extra penalty term to the cost function to penalize the network
when deviates from . We use Kullback-Leibler (KL)
divergence function which is a distance measure between two
probability distribution. The cost function is defined as
follows.
=

,

+ ∑

∥
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where
∑

∥
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the performance of the proposed method. The evaluation
metrics are given by

−∑

ln

(7)

is the KL divergence penalty which is in the range of 0 and
1. The pseudocode of the proposed method is described in
Algorithm 1. It starts with the signal segmentation using
adaptive sliding window followed by linear interpolation to
obtain windows segmentations of equal size. The window
segmentations are concatenated to obtain the unlabeled
training dataset. Then, the proposed autoencoder is trained to
learn useful features using the unlabeled training dataset.
Next, the decoder part is replaced with a softmax classifier and
the classifier is trained using the labeled training dataset. Table
1 lists the parameters of the denoising autoencoder and
softmax classifier.

TABLE II.

Dynamic
Walking

CATEGORIES OF ACTIVITY

Static
Standing
Sitting
Lying down

Transitional
Stand-to-Sit
Sit-to-Stand
Sit-to-Lie
Lie-to-Sit

We implemented the proposed method using TensorFlow.
Then, Adam optimizer is used to train the weights of the
autoencoder and softmax classifier layers. The learning rate
and are set to 0.001 and 0.0001 respectively. We compute
and tabulate the recall measure, precision measure, f-score and
accuracy from the values of true positive (TP), false positive
(FP), true negative (TN) and false negative (FN) to evaluate

(8)

Precision =

(9)

F-score =

2 × Recall × Precision
Recall + Precision

Accuracy =

(10)

IV. RESULTS AND DISCCUSION
We analyze the performance of the proposed method in
learning the features for activity recognition. To do so, we
performed the experiments by varying the code size (number
of units of the code layer) of the denoising autoencoder. The
values of the code size are 5, 10, 15, 20, 25 and 30. The
comparison of recognition accuracies for different code sizes
is given in Fig. 2. The code size determines the number of
features for activity recognition. Therefore, the code size has
significant influence on the recognition accuracy. As shown
in Fig. 2, a relatively low accuracy is obtained when the code
size is set to 5, whereby only 0.7634 of the activities are
correctly classified. The low recognition accuracy could be
attributed to the insufficient features to distinguish the
activities. The recognition accuracy is increased significantly
when the code size is set to 10, and the accuracy is highest
when the code size equals 25. No improvement is observed
when the code size is increased to 30. This could be due to
overfitting as more features are added to the classification
model.

III. EXPERIMENTAL SETUP FOR ACTIVITY RECOGNITION
We performed the experiments using a public dataset [10].
The dataset contains activity signals collected from 30
subjects using a smartphone inertial sensor. The position of
the device is the front waist. The dataset includes basic
activities and the transitions between body postures as shown
in Table II. In the experiment, only the accelerometer data is
used for activity recognition. The 3-fold cross validation
scheme is used to avoid bias in the results. The initial window
size of the adaptive sliding window is set to 100 samples (2 s).
Both the overlapping factor and expansion factor is set to 0.5.

Recall =

Recognition accuracy againts code size
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20
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Fig. 2. Comparsion of recognition accuracies for different code sizes.

We analyze the performance of proposed method with
code size of 25 for classifying each activity. The activities that
have been considered are walking (A1), standing (A2), standto-sit (A3), sitting (A4), sit-to-stand (A5), sit-to-lie (A6), lying
down (A7) and lie-to-sit (A8). The recall measure, precision
measure and f-score of the activity recognition are given in
Fig. 3. In general, the proposed method performed well in
classifying most of the activities except walking, stand-to-sit
and sit-to-stand where the recall measures are less than 0.80.
This shows that the proposed method able to learn the relevant
features in sensor data to classify the activities. As per the
confusion matrix, it is observed that a quarter of walking
samples are misclassified in which half of them are classified

as stand-to-sit and sit-to-stand. This is reflected in the low
precision measures of stand-to-sit and sit-to-stand. The reason
for this is due to the fact that the features of the activities have
similar representation which causes misclassification. Table
III shows the confusion matrix of activity recognition using
the proposed method.

Recall

Precision

F-score

1.00
0.80
0.60

extracted features may not capture the full representation of
the data or optimize for activity classification.
Activity Recognition without Feature Reduction
0.84
0.82
0.80
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(a)

0.20
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Fig. 3. The recall measure, precision measure and f-score of activity
recognition.
TABLE III.

A1
A2
A3
A4
A5
A6
A7
A8

0.830

0.816

CONFUSION MATRIX OF ACTIVITY RECOGNITION (CODE
SIZE OF 25)

A1
A2
929 103
87 1230
9
0
10 140
7
1
1
0
7
0
2
0

A3
79
1
45
0
3
2
0
0

A4
21
123
4
1062
0
0
0
0

A5
43
1
0
1
47
0
1
1

A6
5
0
2
7
0
54
3
0

A7
0
0
0
0
1
3
1265
1

A8
0
0
0
32
1
0
25
56

We compare the proposed method with the conventional
method whereby the hand-crafted features are extracted and
modeled using machine learning techniques such as Support
Vector Machine (SVM), Gaussian Naïve Bayes (GNB),
Decision Tree (DTC) and K-Nearest Neighbor (KNN). In this
work, we extract the commonly used features such as mean,
variance, tilt angle, mean crossing rate and signal magnitude
area [11]. The features are extracted from the three axis of
acceleration data and also from the derived acceleration data
that represents the sagittal plane, transverse plane and frontal
plane. A total of 30 features have been extracted from the data.
We performed the activity recognition using all the extracted
features and using Principal Component Analysis (PCA).
PCA transforms the features into a new dimensional space to
maximize the separation of the classes and as a result
improves the classification performance.
The results of the activity recognition using the four
classifiers are presented in Fig. 4. Generally, the performance
of classifiers has been improved after the application of PCA.
We can see that the best performance can be achieved using
KNN with a recognition accuracy of 0.830 which is lower than
the proposed method. Unlike the proposed method, the
performance of conventional method relies on the feature
extraction and reduction by human experts. Moreover, the

0.85

0.830

0.826
0.791

0.80

0.779

0.75
0.70
SVM

GNB

DTC

KNN

(b)
Fig. 4. Recognition accuracy of the classifiers. (a) without feature
reduction, (b) with PCA.

V. CONCLUSION
This paper presents an unsupervised deep learning method
for activity recognition using denoising autoencoder and
softmax classifier. The proposed method eliminates the need
of feature extraction and selection, allowing the features to be
learned from the data automatically. As a result, a more
discriminative and salient features to be extracted, improving
the performance of activity recognition. We demonstrate the
performance of the proposed method on a public dataset. The
results showed that the proposed method effectively extracts
the relevant features resulting in better classification accuracy
in a wide range of activities. We compare the proposed
method with the conventional method. The proposed method
outperforms the conventional method by 0.03.
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