
Unsupervised Embedding Learning for Human
Activity Recognition Using Wearable Sensor Data

Taoran Sheng, Manfred Huber
Department of Computer Science and Engineering

University of Texas at Arlington
taoran.sheng@mavs.uta.edu, huber@cse.uta.edu

Abstract

The embedded sensors in widely used smartphones and other
wearable devices make the data of human activities more
accessible. However, recognizing different human activities
from the wearable sensor data remains a challenging research
problem in ubiquitous computing. One of the reasons is that
the majority of the acquired data has no labels. In this paper,
we present an unsupervised approach, which is based on the
nature of human activity, to project the human activities into
an embedding spacein which similar activities will be located
closely together. Using this, subsequent clustering algorithms
can benefit from the embeddings, forming behavior clusters
that represent the distinct activities performed by a person.
Results of experiments on three labeled benchmark datasets
demonstratethe effectiveness of the framework and showthat
our approach can help the clustering algorithm achieve im-
proved performance in identifying and categorizing the un-
derlying human activities compared to unsupervised tech-
niques applied directly to the original data set.

Introduction

The typical process of sensor-based human activity recogni-
tion (HAR), as shown in Figure1, consists of three impor-
tant stages: data segmentation, feature extraction, and rec-
ognizingthe type of the activity. Extensive studies have been
conducted in all the stages of the HAR process. However,
existing HAR methods rely heavily on labeled data to super-
vise the model training and to perform the recognition, thus
a huge challenge for HAR systems is collecting annotated
data. In the meantime, more and more wearable devices,
smartphones, smart watches, etc., are used in people’s daily
lives. These wearable devices are usually equipped with var-
ious sensors, such as accelerometers, gyroscope, GPS sen-
sors, etc., which can provide a massive amount of unlabeled
sensor activity data. Due to the above mentioned facts, most
of the existing HAR systems can not take advantage of the
accessible unlabeled data efficiently. Therefore, we aim at
developing an unsupervised method to leverage the unla-
belled data to recognize the physical activities without re-
quiring labels.
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The Autoencoder (AE)is an unsupervised learning frame-
work to find efficient encodings of data. It encodes impor-
tant features of the inputs into a hidden representation, and
then reconstructs the inputs based on their hidden represen-
tations. It is applied for dimension reduction, deep hierar-
chical model pre-training, etc. Because of its simplicity and
efficiency, we also design our model based on the AE archi-
tecture. Yet only using reconstruction to guide the learning
can lead the AE to encode a significant amount of unneces-
sary information, such astask-irrelevant information, or even
destructive information, such asnoise.

Motivated by this observation, our approach utilizes the
intrinsic properties of the sensor activity data to project the
data into a clustering-friendly embedding space. Two funda-
mental observations contribute to the design and formation
of this space.

Firstly, slow feature analysis (Wiskott and Sejnowski
2002) finds that many properties in the real world changes-
lowly over time. Physical objects have inertia and their states
usually change gradually and infrequently. This rule also ap-
plies to human activity. In most situations, the period of a
person performing an activity will take a a relatively signif-
icant amount of time. It is rare that a person will switch be-
tween different activities very frequently. On the other hand,
while during the course of an activitythe type of the activity
remains the same, the body pose of the activity varies over
time. Hence, we include the temporal coherence property in
the loss function, which allows the model to learn the essen-
tial features of the activity and ignore the irrelevant temporal
details in the body pose.

Secondly, distinct activity and person characteristics are
commonly co-present in the sensor data. For the HAR task,
only the activity characteristics are relevant. For example,
two persons can walk in two different styles, but people
can still identify they are performing the same type of ac-
tivity: walking, because the activity-relevant characteristics
are used in the recognition process and the irrelevant person
characteristics are disregard. Based on this property, another
local neighborhood based objective function, which aims at
removing irrelevant personal or individual details in the data,
is used to guide the learning of the model.
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Figure 1: The typical process of HAR.

Related Work

Many works have been proposed to recognize human activ-
ity with wearable sensor data. As illustrated in Figure. 1, the
first step in HAR is generally to segment the sensor data se-
quence. One common method used to do thisis to use a slid-
ing window. We also adopted this method in our model for
its simplicity and tractability. Feature extraction and recog-
nition are conducted on the segmented data. To recognize
the activity type, discriminative features are needed. They
can be designed with domain knowledge or extracted auto-
matically using, for example, neural networks (NN).

Handcrafted features, when designed properly, have
proven to be very useful in HAR systems. In (Kwapisz,
Weiss, and Moore 2011), statistical features are derived from
the time series sensor data. In (He and Jin 2009), discrete co-
sine transform is used to convert the sensor signal from the
time domain into the transformed domain. Then features de-
rived from the transformed domainare applied in the recog-
nition process.

With the development of more competent deep learning
techniques, and in particular NNs, automatic feature extrac-
tion has become another effective way to obtain discrimi-
native features. In (Abu Alsheikh et al. 2016), a deep belief
network was used as the emission matrix of a hidden Markov
model. In (Morales and Roggen 2016), convolutional neural
networks are employed to extract the features and recognize
the type of the activity.

The features derived by these methods are then applied in
a subsequent supervised modellearning phasebecause they
are usually not sufficientfor directuse in an unsupervised
model. There are only a few works that are recognizing the
activity type in an unsupervised manner.In (Lu et al. 2017),
a protein interaction method was used to cluster the activ-
ity data. In (Kwon, Kang, and Bae 2014), a set of time-
frequency domain features are adopted, and unsupervised
methods, in particular DBSCANand mixture of Gaussian are
used to cluster five basic activities.

Approach

Our approach differs from other works by using the afore-
mentioned properties with regard to the nature of the ac-
tivities. Specifically, our approach attempts to leverage two
types of relationships: the temporal coherence of time series
data, and locality preservation in the feature space.

Architecture

As shown in Figure 2, the foundation of the overall architec-
ture of our approach is an AE framework. It consists of two
parts: an encoder, and a decoder. The encoder defines the
transformation: E(·), which transforms the input data sam-
ple xi to the representation E(xi); and the decoder defines

Figure 2: The overall architecture of the approach.

another transformation: D(·), which attempts to reconstruct-
the original input xi based on the its representation E(xi):

x̃i = D(E(xi))

where, x̃i is the reconstructed input. In the traditional AE,
the loss function of one data sample can be defined as:

Φae(xi) = ||xi − x̃i||2
where ||·|| denotes the Euclidean distance. This loss function
forces the reconstruction x̃i to be as similar as possible to the
original input xi. If a good reconstruction x̃i can be decoded
from the representation E(xi), it means that the represen-
tation E(xi) has retained much of the information that is
important in the input xi, so that the reconstruction x̃i can
be very similar to the original input xi. Thus the representa-
tion E(xi) can be used in other tasks, such asclassification
or clustering.

However, merely retaining information for reconstruction
is usually not enough. The aim of the traditional AE is to
learn a representation E(xi) that contains sufficient infor-
mation to reconstruct the input, so an exact reconstruction
also means to reconstruct noise and all the details in the in-
put data. But not all the information in the learned represen-
tation is relevant to the subsequent task (e.g. noiseas well as
some task-irrelevant details might not only be unnecessary
but could even be detrimental, especially in the context of
subsequent clustering). Therefore, more task-oriented loss
functions are imposed in our approach to guide the learning
of the AE and make the learned representations more useful
in the subsequent clustering task.

Temporal Coherence

Intuitively, a human activity can be decomposed into two
components, a temporally varying component and a tem-
porally stationary component. Specifically, certain dynamic
properties of asingle activity can vary over the time. For ex-
ample, while walkingthe body pose varies over time: left
foot and right foot alternatively step forward. This type of
dynamic property is recorded in the sensor data, too, and
we refer to it here as the temporally varying component.

479



On the other hand, no matter how the body pose varies over
time, the semantic content of the activity remains the same.
Namely, left foot and right foot can step forward alterna-
tively, but the type of the activity is still walking. We refer
to this part as the temporally stationary component.

Based on this nature of the human activity, the tempo-
ral coherence loss forces temporally close data samples to
be similar to one another, and ignore the difference in the
temporal varying component. It is motivated by the inten-
tion that the semantic content, i.e. the type of the activity, in
which we are interested, should vary relatively infrequently
over time. If the data samples are temporally close to each
other, they may represent the same type of activity, even as
they may be very distant in terms of the Euclidean distance
in the sensor data space. The temporal coherence loss pre-
serves the temporal continuity of the sensor data.

More formally, let xt
i denote a data sample i, which occurs

at time t during the course of an activity. Let M t
i denote

the index set of m temporal neighbors, xj , of xt
i. Then the

temporal coherence loss Φtc for xt
i is defined as:

Φtc(x
t
i) =

1

m

∑
j∈Mt

i

||xj − x̃t
i||2

The temporal coherence loss encourages the reconstruc-
tion x̃t

i to be similar to its temporal neighbors so that the
encoder can extract useful features from the temporally sta-
tionary component and ignore irrelevant time varying de-
tails.

Locality Preservation

Locality preservation is inspired by the observation that dif-
ferent persons perform the same type of activity in different
fashions, but different fashions don’t hinder other people to
identify the activity type. Hence we assume that the personal
or individual features in the activity data may not be neces-
sary in the activity clustering stage, and the featureswhich
are commonly present across multiple data pointsmay be the
essential features of the activity. The locality preserving loss
function is based on this assumption.

In past research works, the combination of carefully de-
signed handcrafted high level features to represent the main
characteristics of a temporally varying signal value, and of
the k-Nearest Neighbor algorithm proved to be a powerful
method to classify the sensor data of human activities. Due
to its effectiveness and simplicity, it is employed in this ap-
proach to define the local neighborhood of a data sample.
The locality preserving loss then aims to preserve the high
level featurecharacteristics that are generally present in the
local neighborhood.

The locality preserving loss forces the decoder to decode a
data sample by using the learned representation of its nearby
data samples. The rationale here is thatif the data samples
are close to each other in the handcrafted feature space, they
may represent the same type of activity. Thus the features
shared across multiple nearby data samples should be the
essential features of that type of activity. If the features do
not exist in all the nearby data samples, then the features

may represent personal or individual features, but not activ-
ity features.

Formally, let xf
i denote data sample i in the feature space,

and ˜
xf
i the reconstruction of xf

i . Let Nf
i denote the index

set of n local neighbors, xk, of xf
i in the handcrafted feature

space. Then the locality preserving loss Φlp for xf
i is defined

as:

Φlp(x
f
i ) =

1

n

∑

k∈Nf
i

||xk − ˜
xf
i ||2

The locality preserving loss forces the model to recover
data sample xk with the representation of its nearby point
xf
i . It drives the encoder to encode the information that has

generally occurred across the neighborhood and to disregard
individual features of single samples.

Joint Loss Function

The joint loss function is the sum of the temporal coherence
loss and the locality preserving loss. It is used to train the
model and is defined as follows:

min
S∑

i=1

(1− α− β)Φae(xi) + αΦtc(x
t
i) + βΦlp(x

f
i )

where i is the index of the sample, S is the size of the dataset,
α and β are the parameters to balance the contribution of
Φae, Φtc, and Φlp. While Φtc and Φlp preserve more task
relevant information in the representation, the Φae compo-
nent is also necessary in the learning processbecause without
the reconstruction loss Φae, the risk of learning trivial solu-
tions or worse representations will increase(Aljalbout et al.
2018).

Feature Extraction

After the description of the proposed model, this section fo-
cuses on the features used in the experiments. In the feature
extraction stage, the segmented raw sensor signals are con-
verted into feature vectors. Formally, let ri denote the sam-
ple i in the set of the segmented raw sensor signals, xi the
converted feature vector, and C the feature extraction func-
tion. Then the feature extraction can be defined as:

xi = C(ri)

xi is used as the input to the proposed model. Table 1
illustrates the statistical high level features that are used
in the proposed approach. Mean, variance, standard devi-
ation, and median, which are the most commonly adopted
features in the HAR research works, are used in the ap-
proach. In addition, some other features, which have been
shown to be efficient in previous works (Reyes-Ortiz et al.
2016), are included here as well. For example, the feature in-
terquartile range (iqr), Quartiles (Q1, Q2 and Q3) divide the
time series signal into quarters. Using this, iqr is the mea-
sure of variability between the upper and lower quartiles,
iqr = Q3 −Q1.

480



Table 1: List of the used statistical features.

Feature extraction function Description

mean(ri) =
1
N

∑N
j=1 rij Mean

var(ri) =
1
N

∑N
j=1(rij −mean(ri))

2 Variance
std(ri) =

√
var(ri) Standard deviation

median(ri) Median values
max(ri) Largest values in array
min(ri) Smallest value in array

iqr(ri) = Q3(ri)−Q1(ri) Interquartile range

Table 2: The architecture of our approach for different
datasets. Here, only the architecture of the encoder is shown.
The decoder reverses the encoder.

Dataset The number of neurons in each layer

PAMAP2 Input - 128 - 64
REALDISP Input - 256 - 128

SBHAR Input - 30 - 20

All these features are computed for each axis separately.
Since the data from different sensors is synchronized, com-
bining different sensor data is achievable. In the training
process, the model takes these derived features as input and
learns to retain the task-relevant information in the feature-
sand to disregard the unnecessary task-irrelevant parts.

Cluster Construction

To train the network, the standard backpropagation algo-
rithm with stochastic gradient descent is used. All the
weights are initialized to small valuesand the network is
evaluated on the validation data after each epoch. When the
validation error stops decreasing for a predefined number of
epochs, the training process is complete.

After the learning process to establish the hidden repre-
sentation within the AE architecture, the trained model (i.e.
the encoder of the architecture) can project the input data
sample x into a clustering-friendly embedding space. More
specifically, with the temporal coherence loss and the local-
ity preserving loss, the encoder in the model is learned to
encode the essential features across multiple data samples
and disregard individual or temporal details that are irrele-
vant to the clustering task. The learned representations are
evaluated in the subsequent clustering task. k-means (KM),
which is arguably the most popular clustering algorithm, is
used in the experiments.

Evaluation and Experiments

To evaluate the proposed network, three publicly available
benchmark datasets, which contain wearable sensor data of
different human activities, are used in the experiments to
verify the effectiveness of the approach. The architectures
of the models for the three datasets are manually chosen,
including the number of layers and the number of neurons
in each layer. The architecture information is summarized
in Table 2. The activation function used in the model is
LeakyReLu.

Datasets

The three HAR datasets used here arePAMAP2 (Reiss and
Stricker 2012a), REALDISP (Baños et al. 2012), and SB-
HAR (Anguita et al. 2013). We use five-fold cross-validation
to measure performanceand all the sensor data sequences are
segmented with the sliding window method.

PAMAP2 is collected from 9 participants performing 12
activities using 3 inertial measurement units placed on the
wrist, chest and ankle. The dataset contains data of sport ex-
ercises (rope jumping, nordic walking, etc.), and household
activities (vacuum cleaning, ironing, etc.). During the exper-
iments, heart rate, accelerometer, gyroscope, magnetometer,
and temperature data is recorded. In accordance with previ-
ous research on this dataset, asliding window of 5.12 sec-
onds with one second step size is used to segment the data.

REALDISP is recorded from 17 volunteers carrying out
33 activities using 9 sensors placed on both arms, both legs,
and the back. Each sensor provides acceleration, gyroscope
and magnetic field orientation. This dataset contains data of
fitness exercises, warm up, and cool down. The sliding win-
dow used here has a size of 2 seconds without overlapping.

SBHAR is gathered from 30 participants performing 6 ba-
sic activities, such as walking, lying, etc, and 6 postural
transitions, such as sit-to-lieand sit-to-stand. In our exper-
iments, all the postural transitions are treated as one gen-
eral transition. The dataset was collected using a smartphone
placed on the waist of the participants. The data is seg-
mented using a sliding window of 2.56 seconds with a step
size of 1.28 seconds.

Validation Metrics

Three evaluation metrics are adopted to measure the per-
formance of the approach: clustering accuracy (ACC), ad-
justed Rand index (ARI), and normalized mutual informa-
tion (NMI). The ARI and NMI are computed as follows:

ARI =

∑
ij

(
nij

2

)− [
∑

i

(
ni

2

)∑
j

(
nj

2

)
]/
(
n
2

)
1
2 [
∑

i

(
ni

2

)
+

∑
j

(
nj

2

)
]− [

∑
i

(
ni

2

)∑
j

(
nj

2

)
]/
(
n
2

)

NMI =

∑
i

∑
j nij log(n·nij

ni·nj
)

√∑
i nilogni

n

∑
j nj lognj

n

where nij is the number of samples in cluster i and class j,
ni is the number of samples in cluster i formed using the un-
supervised appraoch, nj is the number of samples in class j
as indicated by the labels in the dataset, and n is the number
of samples.

Results and Analysis

Our proposed approach is adomain-specific extension based
on traditional AE, so we compare the performance of the
proposed method with the traditional AE and principal com-
ponents analysis (PCA). The results of the experiments are
summarized in Table 3.

As shown in the table, our approach achieves improved re-
sults over all three datasets. KM is applied in the embedding
space. The number of clusters is chosen manually, and dif-
ferent cluster numbers are tested. The true number of classes
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Figure 3: Confusion Matrices of Traditional AE on PAMAP2, REALDISP, and SBHAR.
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Figure 4: Confusion Matrices of Proposed Method on PAMAP2, REALDISP, and SBHAR.

Table 3: The comparison between the proposed unsuper-
vised approach and other unsupervised methods on the wear-
able sensor-based human activity datasets.

Methods ACC ARI NMI

PAMAP2

PCA + KM 0.6993 0.6440 0.7905
AE + KM 0.7706 0.6862 0.7994

Proposed Method + KM (tn) 0.8543 0.8016 0.8730
Proposed Method + KM (tn+ 1) 0.8622 0.8089 0.8898
Proposed Method + KM (tn+ 2) 0.9211 0.8288 0.8909
Proposed Method + KM (tn+ 3) 0.9150 0.8590 0.9144

REALDISP

PCA + KM 0.5723 0.4035 0.6890
AE + KM 0.6401 0.5446 0.7764

Proposed Method + KM (tn) 0.6812 0.6051 0.8043
Proposed Method + KM (tn+ 1) 0.6829 0.6062 0.7965
Proposed Method + KM (tn+ 2) 0.7057 0.6349 0.8215
Proposed Method + KM (tn+ 3) 0.7149 0.6508 0.8282

SBHAR

PCA + KM 0.6589 0.5784 0.7194
AE + KM 0.6369 0.5090 0.7048

Proposed Method + KM (tn) 0.7401 0.6343 0.7569
Proposed Method + KM (tn+ 1) 0.7596 0.6718 0.7982
Proposed Method + KM (tn+ 2) 0.8018 0.6548 0.7552
Proposed Method + KM (tn+ 3) 0.8073 0.6645 0.7652

in each dataset is used as the basis: tn. The results show that
our approach can derive meaningful features to the subse-
quent activity clustering tasks. Figure. 3 and 4 also show
and compare the performance of the traditional AE and the
proposed approach by means of confusion matrices.

In addition, Table 4 shows the comparison between the
best results from our unsupervised approach and the results

Table 4: The comparison between the proposed unsuper-
vised approach and other supervised methods on the wear-
able sensor-based human activity datasets.

Methods ACC

PAMAP2

Probability SVM with Filter (Reyes-Ortiz et al. 2016) 0.9304
Decision Tree (C4.5) (Reiss and Stricker 2012b) 0.9709

Boosted C4.5 (Reiss and Stricker 2012b) 0.9980
Proposed Method + KM (tn+ 2) 0.9211

REALDISP

Probability SVM with Filter (Reyes-Ortiz et al. 2016) 0.9952
kNN (Baños et al. 2012) 0.9600

Proposed Method + KM (tn+ 3) 0.7149
SBHAR

Probability SVM with Filter (Reyes-Ortiz et al. 2016) 0.9678
CNN (Berggren 2018) 0.9870

Proposed Method + KM (tn+ 3) 0.8073

from previous published supervised methods on these three
datasets. Note that, because ARI and NMI are metrics used
to measure the performance of clustering algorithms, only
ACC is adopted here to compare the results. As shown in
the table, supervised methods can still achieve much better
performance than unsupervised methods, but, as discussed
before, the labeled data is usually difficult to acquire.

The results of the experiments showthe efficiency of the
approach, but we also noticed some inaccuracies introduced
by this approach. One problem is locality preserving loss
will mix some similar activities. For example, the activities
jogging and running are located closely in the embedding
space. The possible reason is that the difference between
jogging and running is subtle. Jogging can be seen as a slow
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form of running. Moreover, different people jog or run at
different speeds. Thus, the locality preserving loss can drive
the model to project these two different activities to adjacent
locations in the embedding space. Another problem is that
when a person switches between different activities, the tem-
poral coherence assumption does not hold. During the activ-
ity transition process, the temporally adjacent data samples
may represent different types of activities, hence the tempo-
ral coherence assumption will introduce inaccuracy into the
model.

However, the problems mentioned above are usually in-
frequent. Therefore, the proposed approach can still learn
useful representations and boost the performance of the sub-
sequent clustering algorithm.

Ablation Studies

To further understand the effect of the different loss terms, a
set of ablation experiments are conducted to measure the in-
fluences of the different loss terms separately. In the ablation
experiments, the original joint loss function is transformed
into two separate objectives: (i) the temporal coherence (TC)
loss with the AE reconstruction loss; (ii) the locality preser-
vation (LP) loss with the AE reconstruction loss. Each ob-
jective is used to train the model separately, thus comparing
their results should provide insight into the benefit of each
loss term. The results of the ablation studies are listed in Ta-
ble 5.

Table 5: Ablation studies on the effect of each loss term.

Methods ACC ARI NMI

PAMAP2

TC Loss + AE Loss 0.7859 0.7253 0.8140
LP Loss + AE Loss 0.8065 0.7493 0.8337

Joint Loss 0.8543 0.8016 0.8730

REALDISP

TC Loss + AE Loss 0.6341 0.5348 0.7639
LP Loss + AE Loss 0.6610 0.5890 0.7829

Joint Loss 0.6812 0.6051 0.8043

SBHAR

TC Loss + AE Loss 0.6449 0.5173 0.7087
LP Loss + AE Loss 0.7308 0.6182 0.7440

Joint Loss 0.7401 0.6343 0.7569

We notice that including both loss terms in the objective
function can clearly improve the clustering performance.
These results suggest that both loss terms guided the model
to capture different useful information in the human activity
sensor data in an unsupervised manner.

Conclusion

In this work, we have presented an unsupervised embedding
learning approach, which is based on an autoencoder frame-
work and uses the properties of human activities: temporal
coherence and locality preservation, to project the activity
data into the embedding space. We have demonstrated the
effectiveness of the approach by applying it to three widely
used HAR benchmark datasets. The results of the experi-
ments show that our approach can group similar activities

together in the embedding spaceand therefore help improve
the performance of the subsequent clustering task.
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