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Abstract

Human activity recognition based on sensors (e.g., accelerometer and gyroscope) embedded in smartphones is of great
significance for many applications under uncontrolled environments. Although significant progress has been noticed in this
field, one of the challenges limiting its real-life applications lies in robust feature extraction for efficient activity recognition
on smartphones. This study addresses this challenge by proposing an improved bag-of-words representation for activity signal
characterization. Specifically, raw activity signals are processed by discrete wavelet transformation to extract local features,
which will be clustered using K-means to form a bag-of-words dictionary. The vocabularies in the dictionary are regarded
as bin centers for histogram feature construction. For each local feature of an activity signal, its distance from all the bin
centers will be measured. To capture higher-order information for feature representation, the frequency for the bin centers
corresponding to the minimum # distances will be updated. Moreover, the frequency is increased by a trigonometry constraint
cosine value of the corresponding distances to account for activity signals’ structural information. The proposed feature
representation has been verified with three well-established classifiers, namely SVM, ANN, and KNN on the UCI-HAR
dataset. The consistently good performance validates the effectiveness and robustness of the proposed feature representation.
Compared with the state-of-the-art, the experimental results also demonstrate the advantage of the proposed method in terms
of accuracy and computational cost.
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1 Introduction

Human activity recognition (HAR) has become a popu-
lar research topic in the field of ubiquitous computing and
human—computer interaction [ 1-3]. It plays a crucial role in a
wide range of real-life applications such as health care, elder
care, smart home, fitness tracking, sports tracking, robotics,
social security, and so on [4-9].
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Although contextual information captured by cameras
plays an important role in activity recognition [10—12], video-
based HAR is only suitable for applications under controlled
environments. In contrast, HAR using body-worn sensors
is more applicable under uncontrolled indoor and outdoor
environments. It involves collecting information from a set
of body-worn motion sensors placed at different body loca-
tions such as chest, wrist, and ankle [13]. However, this kind
of HAR is less user friendly due to the fact that these sen-
sors might cause inconvenience to the users. Moreover, data
collection cannot be done surreptitiously. Nowadays, smart-
phones have become a critical part in our day-to-day lives,
which carry built-in inertial sensors such as accelerometer
and gyroscope. The data collected by these embedded sen-
sors could be exploited for activity recognition as long as
the user carries a smartphone while performing activities
[14]. The major advantage of this type of HAR is that the
data can be collected unobtrusively without the help of any
additional hardware [12]. Furthermore, it is appropriate for
analyzing user’s daily activities continuously. In this study,
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we will focus on HAR using gyroscope and accelerometer
data collected by smartphones.

HAR based on mobile sensor data usually follows a
four-step approach including data segmentation, feature
extraction, feature selection, and classification [12]. Among
all these steps, feature extraction is the most important step
because of its impact on the performance of classification
models [15]. Feature extraction from sensor data has always
been a challenging task due to the facts such as variable
orientation of smartphones, placement and subject, unifi-
cation of simple activities leading to a complex activity,
which will degrade the recognition accuracy to a great extent
[2,6]. One approach that is widely used is to extract vari-
ous hand-crafted features such as spectral entropy, energy
of different frequency bands, auto-regressive and FFT coef-
ficients [16,17]. Though this approach often shows good
performance in practice, it relies on domain-specific knowl-
edge and its generalization to new data sources is usually
mediocre [18]. As another alternative deep learning-based
algorithms have been proposed in HAR systems to make the
feature extraction process automatic [1,19,20]. In addition to
high accuracy and good generalization, one key advantage
of this approach is that training of a deep learning model can
be done in an end-to-end fashion, which is completely auto-
mated and removes the step of manual feature engineering
[4,15,21-23]. However, to gain this capability, this approach
requires large-scale annotated samples for performing the
training task. Assembling such a vast dataset of annotated
cases is time-consuming and again considered an arduous
task. Carrying out the annotation on new data will also be
very tiresome and expensive. Also, the computational cost is
required for this approach.

This paper aims to propose a low-cost solution capable
of automatically extracting quality features without domain-
specific knowledge for human activity recognition. Our pro-
posed feature representation is derived from Bag-of-Words
(BoW) [24] model, which is a very popular information
retrieval (IR) algorithm for text, image, and signal classifica-
tion due to its simplicity and efficiency. Existing BoW-based
methods mainly include two parts: (a) vector quantization
using clustering, and (b) histogram representation based on
minimum distance calculation and frequency value distri-
bution. For histogram representation, the frequency value is
increased by one for the bin center which has a minimum
distance from an activity signal. Such kind of histogram rep-
resentation only considers first-order information in terms
of bin center selection. The frequency value update practice
also neglects the temporal and structural information. All of
these restrict the discriminative power of the extracted fea-
tures. In this work, we first extract local features from raw
activity signal using discrete wavelet transformation (DWT).
The local features are then clustered using K-means to gen-
erate BoW vocabulary. For a sample activity signal, it may
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share similar close distances from multiple bin centers. Based
on this understanding, we consider the minimum » distances
instead of only one for bin center selection by incorporating
higher-order information. Furthermore, to capture structural
information of activity signals, the frequency value is updated
with the cosine value of minimum distances instead of one.
The key contributions of this paper are as follows:

1. We propose a simple and efficient feature extraction
scheme for human activity recognition using mobile sen-
sor data.

2. We enhance the BoW-based representation by incor-
porating higher-order structural information of activity
signals.

3. We test the proposed feature representation with three
widely used classifiers namely SVM, ANN, and KNN
and achieve consistently good performance.

4. We compare the proposed method with other state-of-
the-art and demonstrate it outperforms the baselines in
terms of both effectiveness and efficiency.

Following this introduction, we review the related literature
in Sect. 2. The proposed feature representation is presented
in Sect. 3. The experiments are described in Sect. 4. We con-
clude the paper in Sect. 5.

2 Related work

Discriminative feature extraction is the key for HAR. In
this regard, coordinate transformation and principal com-
ponent analysis (CT-PCA) for feature extraction has been
explored in [6]. A group-based context-aware approach has
been initiated to resolve the issue in [25]. The dimension-
ality reduction-based feature extraction scheme using PCA
has been proposed in [26] but this HAR system cannot reach
the baseline. Still, high dimensional feature vectors some-
times create a phenomenon namely ‘curse of dimensionality’
and thus a hybrid feature extraction method using sequential
floating forward search (SFFS) has been proposed in [27].
Feature extraction and dimension reduction model has been
introduced in [28], where signal impulses are extracted using
EPS and LDA is utilized for dimensionality reduction of the
extracted impulses. Though these procedural machine learn-
ing models sometimes show good performance, they rely
on domain-specific knowledge. To solve this problem, the
deep learning-based approach becomes popular in the HAR
system [22,29]. A pre-trained convolutional neural network
(CNN) has been introduced in [21] to make the feature extrac-
tion automated. Time segment of data is very important for
reducing computational cost. A method using logistic model
tree (LMT) for HAR has been suggested in this regard [30].
A data-driven approach has also been followed in HAR [31].
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Most of the classification methods lack incremental learning
ability which can be achieved using probabilistic neural net-
work and fuzzy cluster algorithm but this comes at a price of
reducing the recognition accuracy [32]. To reduce the back-
ward locking phenomenon, layer-wise CNN with local loss
has been used, and to train the network with local loss, they
implemented two different local learning networks to update
and optimize each hidden layer, which shows promising
results with a smaller number of parameters but might show
some discrepancy if the number of parameters is increased
[33]. In some scenarios, virtual wearable sensors are also
used to recognize complex real-scene data using deep learn-
ing [34]. Stack AutoEncoder (SAE) and artificial bee colony
(ABC) along with heuristic optimization algorithm are also
being used in the field of HAR [19]. A new deep learn-
ing approach using computer vision which converts time
series data into images is also proposed for HAR [35]. One
of the greatest shortcomings of semisupervised learning is
the imbalance distribution of labeled data over classes. In
[20], the authors suggest a semisupervised deep model for
imbalanced activity recognition. Furthermore, an unsuper-
vised learning technique is proposed in [36]. In addition to
high accuracy and good generalization, one main advantage
of deep learning approach is that the model can be trained
in an end-to-end fashion which completely removes the need
of manual feature engineering. However, high computational
cost is required for this approach. To address this issue,
this paper aims to propose a low-cost solution capable of
automatically extracting quality features for human activity
recognition.

3 Proposed BoW-based representation

This section depicts our improved BoW-based feature repre-
sentation for human activity recognition, which is a two-step
procedure consisting of BoW vocabulary generation and
BoW-based histogram feature extraction.

3.1 BoW vocabulary generation
3.1.1 Local feature extraction

Generally, the raw signal data of human activities collected
from mobile sensors need to be converted to time-frequency
features for further analysis. At high frequencies, the time
resolution is decent, but frequency resolution is poor. At low
frequencies, the frequency resolution is excellent, but time
resolution is unsatisfactory. Fortunately, most real-life sig-
nals have high-frequency components for a short duration
and low-frequency components for a long duration. DWT
provides a proper trade-off between time and frequency res-
olution. It could help to measure both fast and slow activities.

Thus, a single-level one-dimensional DWT is employed to
extract local features of each axial signal of a sample activity
signal. More specifically, the Haar wavelet mother function is
adopted, and the approximate coefficientis calculated as local
features in this study. The Haar wavelet transform is well
known for its being effective, conceptually simple, memory-
efficient, and fast.

3.1.2 Bin center formation

This paper suggests a scheme for histogram construction
based on the extracted local features. Specifically for each
class, 10% signals are randomly selected from the whole
training set for BoW vocabulary formation. The local features
of the selected raw signals from the same class are extracted
using DWT. Then, they are fed into a K-means clustering
algorithm to obtain k cluster centers, which are considered
as the BoW vocabularies, C; = {c’i, cé, cg, el c};} for the
ith class. The BoW vocabularies for all classes built in a
similar way are grouped together to form the whole BoW
dictionary

N
B:UC,‘ (D

i=1

where N is the total number of considered classes. Later,
in both training and test phases, the vocabularies in B are
regarded as the histogram bin centers to extract a BoW-based
histogram feature for each raw signal.

3.2 BoW-based histogram feature extraction

Considering a signal S having P local features, we need to
construct a BoW-based histogram for activity recognition.
For this purpose, a mapping of the local signal features to
the nearest vocabulary has been conducted. Specifically for
alocal feature L, of signal S, its distance D), , from a BoW
histogram bin center B, is measured as follows:

Dpg=IILy— Byll2, Vg e{l,2,....kN}. @)
Let D), be a set including the distance values between L,

and all the vocabularies in B. We select n» minimum distances
from D, through:

argmingy o ip!j=n Ppil 3)

where [ denotes the corresponding vocabulary indexes. By
this means, we aim to capture higher-order information to
account for similar close distances from multiple bin cen-
ters. For the selected bin centers, their frequency value H;
is increased by a trigonometry constraint cosine value of the
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Table 1 Class-wise data description of UCI-HAR dataset
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Fig.1 Axial representation of a sample activity signal

corresponding distances as follows:

H; < Hj +cosine(Dp;), VYpe{l,2,..., P} @)
It is expected that the structural information of activity sig-
nals could be captured in this way. A repeated process is
performed for all P local features of S and a histogram is
constructed. Such BoW histogram bin frequencies are used
as features for activity recognition in this study.

4 Experiments
4.1 Dataset

The UCI-HAR dataset [14] was constructed with the help
of 30 volunteers whose age varies from 19 to 48. They per-
formed five activities which include walking, laying, sitting,
standing, and climbing stairs (both upstairs and downstairs),
while carrying a smartphone on the waist. Triaxial linear
acceleration as well as triaxial angular velocity were moni-
tored and captured at a constant rate of 50 Hz. Figure 1 shows
the axial representation of a sample activity signal. With the
help of low pass filters and then sampling in fixed-width slid-
ing windows of 2.56 s with 50% overlap, both accelerometer
and gyroscope signals were pre-processed. Thus, the dimen-
sion of each axial signal is 128. In order to label the data
manually, the performed activities have been video-recorded.
The whole dataset has been randomly divided into two sets.
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Activity Number of signals Signal dimension
Laying 1944 768
Sitting 1777 768
Standing 1906 768
Walking 1722 768
Climbing stairs 2950 768
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Fig. 2 BoW histograms for human activities. The leftmost column
presents the signals of five activities, the middle column presents the
local features, and the rightmost column presents the BoW histograms
corresponding to each activity

Among all the volunteers, 70% of the data were used for gen-
erating training data and 30% for testing data. Class-wise data
distribution is shown in Table 1.

4.2 Experimental setup

BoW-based features extracted using the proposed method
need to be input to classifiers for human activity recognition.
To verify the robustness of our proposed feature representa-
tion, three well-known classifiers, namely SVM, ANN, and
KNN are all tested. The SVM classifier is implemented for
multi-class classification using the ‘one versus all’ coding
scheme with regularization parameter C € {1, 2,4, ..., 128}
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Table2 Th rforman . . .
ab.e © best pe ormance Classifier Classifier Setting Performance (%)
achieved by each classifier along
with the optimal classifier Accuracy Precision Recall F1 Score
settings
SVM C=320=32 96.41 96.55 96.14 96.34
ANN ‘Trainscg’ function with N = 40 95.78 95.98 95.49 95.71
KNN ‘Cityblock’ distance with K = 3 98.10 98.03 97.97 98.00
Fig.3 Accuracy, precision, 100 100
recall, and Fj score results based
on different combinations of 98
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100

and Gaussian Radial Basis Function (RBF) kernel param-
eter o € {1,2,4,...,128}. The ANN classifier is imple-
mented for the ‘trainscg,’ ‘trainrp,’ ‘trainbfg,’” ‘trainlm,” and
‘traingd’ training functions in MATLAB and for a hid-
den node size of N e {10, 20, 30, ..., 100}. The KNN
classifier is implemented for ‘Cityblock,” ‘Cosine,” ‘Correla-
tion,” and ‘Euclidean’ distances with K € {1,2,3,...,11}.
For the K-means clustering algorithm, the cluster size
k € {4,8,16,...,512} used for feature extraction. When
increasing the histogram bin frequency value through Eq.
(4), different number of minimum distance is also consid-
ered. In the first setting, the minimum distance is used. In the
second one, the minimum three distances are adopted. Fig-
ure 2 provides an instance of BoW histogram construction for
the five classes considered. The fact that the suggested BoW
histograms are different for each of the five classes under
consideration is evident from the figure. This characteristic
can be treated as a notable feature for activity recognition.
Hence the BoW histogram-bin frequencies are used as central
features for activity recognition in this paper. To evaluate the

200 3
Cluster Size

300

400 500 100 200 300

Cluster Size

400 500

performance of the proposed method, four evaluation metrics
are used and their definitions are as follows:

T, + T,
Accuracy = pt 5
Ty+ Fp+ Fy + T,
- )
Precision(P) = ————— (6)
Ty +Fp
Tp
Recall(R) = —— @)
Tp + Fn
2x (P xR)
Fi Score = ————— (3
P+R

Let, a signal belonging to a class ‘A’ is misclassified as
belonging to some other class, which is defined as a false
positive recognition (F)) for class ‘A’. On the other hand, a
signal belonging to a different class may be misclassified as
the class ‘A’, creating a false negative (F},) recognition for
class ‘A’. If a signal is accurately predicted for class ‘A’, the
recognition is defined as a true positive (7)) for that class.
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Also, that prediction is defined as true negative (7,,) for all
other classes except class ‘A’.

Besides, in order to conduct robust performance evalua-
tion of the proposed method, k-fold cross-validation [37] has
been applied. In this paper, all the results are obtained using
a tenfold cross-validation scheme.

Human Activity Classification Using KNN

ClimbingStairs | 2922 28 99.1% | 0.9%

Laying| 9 1935 99.5% | 0.5%

Sitting | 6 1720 | 51 96.8% | 3.2%
g
C Standing | 1 71 | 1834 96.2% | 3.8%
=]
= Walking | 30 1692 | |98.3% | 1.7%

98.5% |100.0% | 96.0% | 97.3% | 98.4%

1.5% 4.0% | 2.7% | 1.6%

a5° IR ) o oD
G50 W eV
R
[oN
Predicted Class

Fig. 4 The confusion matrix obtained in the case of KNN with the
minimum three distances for feature extraction

Table 3 Performance comparison between the proposed method and
other BoW-based models on UCI-HAR dataset

4.3 Results and discussion

After tuning classifier parameters, the best performance
in terms of the used evaluation metrics achieved by each
classifier is reported in Table 2, along with the optimal clas-
sifier settings. The overall good performance indicates the
proposed feature representation can work with different clas-
sifiers very well. For comparison purpose, the results based
on different combinations of classifiers and proposed fea-
ture extraction with varied cluster size for K-Means are
reported in Fig. 3. As noticed, when the cluster size for K-
Means is large enough, all the combinations of classifiers and
proposed feature extraction could achieve reasonable good
performance. When the number of minimum distance for
calculating the histogram bin frequency value is fixed, KNN
generates the best result compared with SVM and ANN. For
the same type of classifier, it seems increasing the number of
minimum distance for histogram bin frequency calculation
could result in better performance. One possible explana-
tion for this is it may share similar close distances from
multiple bin centers for a sample activity signal. Among all
the combinations, KNN with the minimum three distances
for feature extraction leads to the best performance. The
confusion matrix obtained in this case is shown in Fig. 4.
It shows that laying activity is perfectly recognized by the
model but there is some misclassification between walking
and climbing stairs as well as between sitting and standing.
Additionally, the proposed method is compared with other
BoW-based methods and the results are shown in Table 3.
We have implemented the algorithms presented in [24] and
[38] and evaluated their performance on UCI-HAR dataset.
Table 3 illustrates that our proposed method could achieve
3.56%, 3.65%, 0.54%, and 5.10% improvement compared
with other BoW-based state-of-the-art models. Finally, we
compared the performance of our proposed method with
other state-of-the-art methods on UCI-HAR dataset, which
is shown in Table 4. In consideration of the state-of-the-art
especially the deep learning models, our proposed BoW-

Reference Method Accuracy (%)
Zhang et al. [24] Traditional BoW + KNN 94.54
Peng et al. [38] BoW+LDA 94.45
Montero et al. [4] Bag-of-SFA + Naive Bayes 96.85
Bag-of-SFA + KNN 97.56
Braganca et al. [16] Bg-of-Pattern + KNN 93.00
Proposed model BoW + SVM 96.41
BoW + ANN 95.78
BoW + KNN 98.10
Table 4 Performance Reference Method

comparison between the

Accuracy (%) Classification time per sample

proposed method and other

Ignatov et al. [18] CNN 97.63 33.286-35.714 ms
state-of-the-art models on )
UCI-HAR dataset Teng et al. [33] CNN + predsim 96.98 24.462-26.055 ms
Tufek et al. [29] 3 layer LSTM 97.40 331.27-338.03 ms
Jain et al. [5] FLF + SVM 97.12 -
Rasel et al. [28] EPS + LDA + MCSVM 98.67 -
Xia et al. [39] LSTM-CNN 95.78 340.62-349.80 ms
Proposed model BoW + SVM 96.41 0.0500-0.1235 ms
BoW + ANN 95.78 21.538-57.253 ms
BoW + KNN 98.10 0.0036-0.0041 ms
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based feature extraction scheme achieves similar or better
accuracy with significantly reduced computational cost.

5 Conclusion

This paper proposes an enhanced BoW-based feature extrac-
tion algorithm for human activity recognition using sensor
data from smartphones. Local features are first extracted
from accelerometer and gyroscope data using DWT. Then, K-
means clustering is performed on the local features for BoW
vocabulary construction. To extract the discriminative BoW-
based histogram feature, the bin centers corresponding to the
minimum 7 distances from the input signal’s local features
are selected. Moreover, the bin frequency is increased by
a trigonometry constraint cosine value of the corresponding
distances. The proposed feature is evaluated using three well-
known classification methods on the UCI-HAR dataset. The
consistently good performance indicates the effectiveness of
the proposed method. Comparative experimental results also
show its superior performance than the other state-of-the-
art methods in terms of cost and accuracy. In the future, we
will also explore efficient deep learning models for human
activity recognition.
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