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Abstract An increasing number of works have inves-
tigated the use of Convolutional Neural Network (Con-
vNets) approaches to perform human activity recogni-
tion (HAR) based on wearable sensor data. These ap-
proaches present state-of-the-art results in HAR, out-
performing traditional approaches, such as, handcrafted
methods and 1D convolutions. Motivated by this, in
this work we propose a set of methods to enhance Con-
vNets for HAR. First, we propose a data augmentation
which enables the ConvNets to learn more adequately
the patterns of the signal. Second, we exploit the atti-
tude estimation of the accelerometer data to devise a
set of novel feature descriptors which allow the Con-
vNets to better discriminate the activities. Finally, we
propose a novel ConvNet architecture to explore the
patterns among the accelerometer axes throughout the
layers that compose the network. We demonstrate that
this is a simpler way of improving the activity recogni-
tion instead of proposing more complex architectures,
serving as direction to future works with the purpose of
building ConvNets architectures The experimental re-
sults show that our proposed methods achieve notable
improvements and outperform existing state-of-the-art
methods.
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1 Introduction

In the past decade, human activity recognition (HAR)
has been an active research topic, mostly because of
its direct applications in person identification [10],
healthcare [14], homeland security and smart environ-
ments [6]. For this purpose, sensor-based data have
been widely explored due to their easy acquisition and
fast processing in dedicated wearable sensors [1,21,16].
Recent technological advances have allowed the em-
ployment of smartphones and smartwatches to perform
HAR, since these devices provide inertial sensors such
as accelerometers, gyroscopes and barometers. Among
these sensors, accelerometers have been used exten-
sively since its signals have shown to represent well dif-
ferent categories of human activities [32,28].

The conventional paradigm to perform HAR de-
scribes the activity from inertial sensor data using
handcrafted features and present these features to a
classifier. However, recent works have presented better
results employing Convolutional Neural Network (Con-
vNets) as an alternative to handcrafted approaches [13,
24,31]. The most recent studies that explore the idea of
using ConvNets in HAR based on wearable sensors are
the works of [15,12,11]. These works conduct an exten-
sive analysis regarding the configurations of a ConvNet,
aiming to construct an architecture able to achieve a
high activity recognition rate. On the other hand, their
proposed ConvNets architectures are not suitable, since
they capture a small temporal pattern besides being
sensitive to noise by data acquisition, mainly due to
convolutional kernel design. Consequently, the recogni-
tion rate achieved by ConvNets might be compromised.
Different from these works, instead of proposing com-
plex architectures, we show that an adequate convo-
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lutional kernel can be a simpler way of improving the
activity recognition results.

Another line of research to improve HAR is to
use handcrafted features as input for the ConvNet. As
shown in the work of Simonyan and Zisserman [29],
handcrafted features can improve the learning of the
ConvNets, by providing complementary clues able to
better discriminate the categories of activities. Similar
ideas were employed by Jiang and Yin [15], where the
result of a discrete Fourier transform, applied on the
raw signal, is presented for the ConvNet.

Despite recent efforts to build suitable neural net-
works [5,12,11] and to design handcrafted features [3]
(or perform combination of the two approaches [15]), to
the best of our knowledge, no significant improvements
have been achieved up to date. To this end, we pro-
pose a set of approaches to explore the essence of the
accelerometer signal, providing a richer data represen-
tation which enhances the activity recognition. In sum-
mary, our work presents the following contributions:

1. A simple and accurate method to improve activ-
ity representation. The method consists in dividing
each activity sample into blocks, then, concatenat-
ing these blocks at the end of the signal before pre-
senting it to the ConvNet.

2. A novel set of features descriptors, referred to as
attitude estimation features, to describe the activ-
ities from accelerometer data. We show that these
features enhance the data representation. Moreover,
when combined with the raw accelerometer data,
they provide a powerful clue to discriminate the ac-
tivities.

3. A novel ConvNet architecture to explore the pat-
terns among the accelerometer signal per axis
throughout the layers that compose the network.
Different from previous works that investigate many
network parameters [5,15,12,11], we focus specif-
ically on examining the convolutional kernel size.
Thereby, our insights can help as direction to fu-
ture works, with the purpose of building ConvNets
architectures.

To validate the above claims, we use a recent human
activity dataset based on sensorial data, the WHARF
dataset [2]. On this dataset, our method achieves an
activity recognition rate of 79.30%, outperforming ex-
isting state-of-the-art methods.

The remainder of this work is structured as follows.
Section 2 reviews the state-of-the-art methods in HAR
associated with inertial data. Next, Section 3 explains
the proposed ConvNet architecture, partition technique
and the attitude estimation features, respectively. Fi-
nally, Section 4 and 5 present our experimental results
and concluding remarks, respectively.

2 Related Works

The process of recognizing activities from wearable sen-
sor data can be divided into two main classes, hand-
crafted and ConvNet based methods. In this section,
we present an overview regarding both classes of ap-
proaches.

To achieve a secure and reliable authentication sys-
tem Gafurov et al. [8] proposed an authentication sys-
tem based on accelerometer data captured from a per-
son’s foot. In their study, the authentication is per-
formed by detecting the best matching between the
accelerometer-signal cycles from training samples and
the testing subject. Their results suggest that ac-
celerometer data are able to provide an accurate user
authentication mechanism. Additionally, the work of
Charvatova et al. [4] reinforces evidence that wearable
sensor data can be useful in different applications do-
mains. Their work focuses on the classification of cy-
cling activities, cycling up and down, from the global
positioning system (GPS) and heart rate data. To this
end, Charvatova et al. [4] evaluated different classifiers
such as Bayesian, radial basis neural networks and k-
nearest neighbors to recognize these activities. Differ-
ent from [8,4], Hegde et al. [14] proposed to interpret
the signal as an image, then, compute Radon trans-
form and Euclidean distance, on this image, to obtain
a feature vector. Next, at the authentication stage, the
correlation coefficient between the training and testing
feature vectors are calculated to verify the authenticity
of a person.

The aforementioned approaches employ the raw sig-
nal to feed the classifiers, but several works seek for
accurate features to describe the raw signal before per-
forming the classification. For this purpose, Kwapisz et
al. [20] extracted average, standard deviation, time be-
tween peaks and binned distribution. Then, these fea-
tures were presented to different classifiers to determine
which activity they belong to. The authors evaluated
various classifiers, such as decision tree (J48), logis-
tic regression and multilayer perceptron, where the last
one presented the best results. Catal et al. [3] proposed
to combine the classifiers used by Kwapisz et al. [20]
to enhance their results. To this end, Catal et al. [3]
applied ensemble techniques on the same features sug-
gested by [20], and consequently, they achieved a higher
recognition rate.

Although handcrafted features have been widely
employed to describe activities, an increasing number
of works have employed deep learning (more specifically
ConvNets) to learn features [15,5,11,31]. Deep learn-
ing is an end-to-end learning process that has achieved
state-of-the-art results for many tasks, such as activity
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recognition [22,7], face recognition [27,23] and object
detection [9,19]. In this process, features and classifiers
are learned simultaneously and the method is able to
learn the best features for the data and task at hand.

A successful deep learning approach is the work of
Chen and Xue [5]. In their work, Chen and Xue [5] pro-
posed a sophisticated ConvNet to classify the different
categories of activities from accelerometer data. Their
ConvNet consists of three convolutional layers followed
by a 2 x 1 max-pooling layer. Despite presenting good
results, their method is limited to walking-based activ-
ities, such as walking upstairs, step walking and walk-
ing quickly. In contrast, Jiang and Yin [15] developed
a ConvNet architecture with two convolutional layers
followed by average-pooling. Similar to our proposed
work, the authors suggested to enhance the represen-
tation of the activities before presenting them to the
network. To this end, Jiang and Yin [15] apply a dis-
crete Fourier transform on the raw signal and present
the transformed signal to the ConvNet.

Similar to [15], Ha et al. [12] proposed a multimodal
ConvNet which consists of two convolutional layers with
kernels of 3 x 3 and 5 x 5, respectively. In the first layer,
the filters learn to separate each different modality (i.e.,
accelerometer and gyroscope). Then, inspired by [12],
Ha and Choi [11] proposed to learn the filters of all the
layers in the ConvNet separately for each heterogeneous
modality (e.g., accelerometer and gyroscope). Thereby,
they were able to improve by 2.19 percentage points
(p-p.) the results achieved in [12]. By their results, it
is possible to note that several efforts are performed to
achieve small improvements.

An interesting aspect in the work of [11] is that the
authors have shown an experiment where 2D convolu-
tions (ConvNets) are more suitable than 1D convolu-
tions in the context of HAR based on wearable sen-
sor data, though the latter has to learn fewer param-
eters. In addition, they demonstrated that ConvNets
provide better results than Hidden Markov Models and
Hidden conditional random fields, which are traditional
approaches to model temporal information.

Different from the previous studies, we focus on pro-
viding a low-cost and better data representation, which
aids the ConvNet to discriminate the categories of ac-
tivities.

3 Methodology
In this section, we first present the proposed ConvNet

architecture. Then, we introduce the proposed partition
technique and the attitude estimation features.

3.1 ConvNet Architecture

ConvNets were designed to, given an input matrix, au-
tomatically learn features that optimize a loss func-
tion [5,11,31]. To generate this input matrix from wear-
able data, we employ the same process as in [15,5,12,
11], which consists of segmenting the raw signal using a
temporal window of ¢ seconds. For more details regard-
ing this procedure, we recommend [15,5,12,30].

After generating the input matrix (one column per
accelerometer axis, and one row for each time step, such
that the signals are inserted column-wise in the input
matrix), the next step is to build an adequate architec-
ture to extract patterns from the accelerometer data.
Different from previous works, which focus on propos-
ing complex ConvNets architectures [15,12,11], we be-
lieve that setting an adequate kernel dimension is the
most important parameter to achieve a high recognition
accuracy. For this purpose, we analyze different dimen-
sions to compose the convolutional kernels. Notice that
the kernel height is responsible for extracting temporal
patterns while the kernel width extracts the correlation
between neighboring axes. By performing this analysis,
we design a ConvNet composed of convolutional 12 x 2
kernels, where this value of width is responsible to cap-
ture the association between two neighboring pairs of
accelerometer axes.

In our ConvNet, after each convolutional layer, we
apply a max-pooling kernel of 2 x 1 to enable the net-
work to be robust to spatial shift. We also employ the
softmax regression, after the last network layer, to ad-
dress the multi-class problem, a commonly used ap-
proach [15,5,12,11,31]. For a given testing sample, the
softmax regression assigns a probability value for each
class and assigns the activity label according to the
highest probability.

Our complete ConvNet architecture consists of three
layers with 24, 48 and 32 convolutional filters, respec-
tively. Figure 1 illustrates the proposed ConvNet archi-
tecture. This configuration produces a ConvNet with
72,884 parameters to be estimated during training. An
important aspect of our ConvNet is that it has the same
convolutional kernel shape for all layers.

3.2 Partition Technique

Previous works, in the context of handcrafted features,
have shown that dividing the activities into small sub-
activities can provide slightly better results [17,18]. In-
spired by this, we propose to employ a partition tech-
nique to ConvNets. The intuition behind this method
is to introduce diversity in the samples. In this way, we
provide more capability for ConvNets to learn different
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Fig. 1 Proposed convolutional neural network. All convolutional filters capture the temporal (by height) and the pattern

among the accelerometer axes (by width).

signal patterns, which could be latent in the original
samples, producing a more robust model.

The proposed partition technique works as follows.
Initially, for a given input matrix, we divide it row-wise
into P blocks of the same size. After that, we gener-
ate a set of indexes, S, starting from 1 to P. Then, we
select randomly an element ¢, ¢ € S, and concatenate
block i at the end of the input matrix (therefore, artifi-
cially augmenting the number of rows). We ensure that
each index is selected only once, therefore, this process
is performed P times. Algorithm 1 describes the afore-
mentioned process.

According to our experiments, we verified that per-
forming this random split provides better results than
selecting the elements following a sorted order.

Algorithm 1: Partition Technique.

Input : X (input matrix with column-wise inserted
signals)
Output: X concatenated with P shuffled temporal

(row-wise) blocks
1 Segments = X divided row-wise into P blocks
2 S={1,2,3,...,|P|}
for i =1 to |P| do

w

4 i = random element of S

5 X = X + Segments,, (here + denotes
concatenation)

6 end

3.3 Features based on Attitude Estimation

To further improve the results in HAR, it is important
to find appropriate features that provide better sep-
aration between classes in the sense of capturing the
specific characteristics associated with each activity. In

this work, from accelerometer data, we have estimated
the wrist roll and pitch orientation angles, together with
the three components of the wrist translational accel-
eration, which produces five time series used (i.e., five
columns) in the input matrix to the ConvNet.

Notice that the measured acceleration can be repre-
sented as am = Arans — & + v, where ap, = [ax ay a,)’;
agrans 1S the translational acceleration; g is the gravity
acceleration vector, satisfying [|g|| = go = 9.806m/s’;
and v represents additive zero mean measurement
noise.

3.8.1 Pitch and Roll

To estimate the wrist roll and pitch orientation angles,
we have considered that their values change slowly in
comparison with the accelerometer’s sampling rate, for
the considered activities. In addition, since the move-
ment of a human arm is confined to a limited region in
space, we have also assumed that high frequency fluc-
tuations in ap, are mainly due to ||| # 0 and there-
fore should be eliminated, since otherwise this would
imply unrealistic arm movements. Based on these as-
sumptions, we have performed the following two steps
to estimate the wrist attitude angles: (i) low-pass filter-
ing of the three raw accelerometer signals ax, ay and a,
to remove quantization errors and other additive high
frequency random noises, producing af = [af ai al]’
and, (i7) by assuming at this point that the contribution
of the wrist translational acceleration is much smaller
than that of the local gravity; i.e. ||arans|| < 9o, and

arfﬂ ~ —g; the wrist orientation was computed as

i

¢ = atan2 (—a;, —aﬁ) ,

0 = —asin (—afm \/(ai)Q +(al)? + (a£)2> . (1)
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3.8.2 Translational Acceleration

From the knowledge of § and ¢ in (1), the gravity ac-
celeration contribution g to the measured acceleration
a,, can be estimated as

g~ g’ = go[(—sinb) (cossinp) (cosfcos )],
and the estimated translational acceleration is given by

at/rans = am + g/' (2)

By using a,, instead of af , we guarantee that the whole

spectral content of the original data is used. This is im-
portant because, if the cut-off frequency of the low-pass
filter is not appropriately chosen and only the filtered
data is used in the subsequent steps, valuable informa-
tion might be lost, particularly for those activities as-
sociated with acceleration signals with high-frequency
spectral content (e.g., brushing teeth).

3.3.3 Low-pass Filtering

As we argued before, the high frequencies from ac-
celerometer are generated by noise in the data acquisi-
tion, therefore, before computing the attitude estima-
tion features, we need to eliminate them to avoid, for
instance, unrealistic arm movements. For this purpose,
we employed a fourth order Butterworth low-pass fil-
ter with cut-off frequency w. = 0.1ws/2, with ws the
sampling frequency. For our data, in the majority of
the cases, more than 90% of the energy of the ac-
celerometer signals, computed after subtracting their
time averages, was concentrated below w.. In addition,
a zero-phase digital filtering [26] was implemented to
guarantee the temporal synchronization between a, (t)
and af (¢), and consequently between ap,(t) and g’(t),
which is crucial to correctly compute a/,, () from (2).

4 Experimental Results

In this section, we first describe the dataset and the
evaluation protocol used. Then, we present the experi-
ments and results regarding our proposed ConvNet ar-
chitecture. Afterwards, we demonstrate the gain pro-
vided by our attitude estimation features and the par-
tition technique, respectively. Finally, we present exper-
iments regarding the time issues, compare our method
with state-of-the-art techniques and discuss some limi-
tations of the attitude estimation features.

4.1 Dataset and Evaluation Protocol

To perform the activity recognition based on sensor
data, we use the WHARF dataset [2]. This dataset con-
sists of 12 activities, including brush own teeth (bt),
comb own hair (ch), get up from the bed (gb), lie down
on the bed (Ib), sit down on a chair (sd), stand up from
a chair (su), drink from a glass (dg), pour water into
a glass (pg), use the telephone (ut), climb the stairs
(cs), descend the stairs (ds) and walking (wk). The de-
vice, placed on the wrist of each voluntary, captures 3D
accelerometer data using a sampling rate of 32 Hz.

We selected the WHARF dataset because it presents
a large diversity in the activities and covers the most
performed daily activities. Therefore, it is possible to
examine the robustness of the methods regarding the
high variance from the categories of activities to be
classified. Additionally, the WHARF dataset provides
samples acquired from low frequency, which makes the
HAR a more challenging problem, as discussed in the
study of Shoaib et al. [28]

To measure the accuracy achieved by the methods,
we employed the widely used 10-fold cross-validation
protocol [3,11]. Finally, following [25,30], we segmented
the raw signal using temporal windows of 5 seconds.

4.2 Convolutional Neural Network

In this experiment, we intend to show that our proposed
ConvNet architecture is more appropriate than existing
architectures, such as the ConvNet proposed by Chen
and Xue [5], since it extracts the relation between the
accelerometer axes (see Section 3.1) from the first to the
last layer. To this end, we first evaluate the influence of
the height and width dimensions which composes the
convolutional kernel. As explained in Section 3.1, the
kernel height is responsible for capturing the temporal
relation while the width captures the association be-
tween pairs of accelerometer axes.

According to Table 1, our ConvNet achieves bet-
ter results with the use of kernel width equals to 2 for
any given height. This behavior takes place once the as-
sociation learned by the convolutional filters (between
the neighbors channels), generates a strong clue to dis-
criminate the activities. Intuitively, increasing the ker-

Table 1 Recognition accuracy (%) achieved by our proposed
ConvNet using different kernel configurations.

Kernel width

Kernel height 1 2
8 68.66 | 70.66
12 69.51 | 75.27
16 71.10 74.30
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Table 2 Recognition accuracy (%) achieved by ConvNets
using distinct features to generate the input matrix. The val-
ues within parentheses in the first column indicate the num-
ber of columns in the input matrix when using the respective
feature. The last row represents the result employing the con-
catenation of the raw signal with our proposed features.

Feature Chen and Xue [5] | Proposed CNN
Raw signal (3) 72.29 75.27
Pitch and roll (2) 67.30 71.55
T. acceleration (3) 68.84 69.99
Concatenation (8) 74.88 76.24

nel width would improve the results. However, the con-
volution and max-pooling processes decrease the input
matrix size after each layer, preventing the use of larger
kernels since the input matrix dimensions are small.
Based on these results, in the next experiments, we
use the best configuration presented in Table 1 as archi-
tecture to compose our ConvNet, named Proposed CNN.

4.3 Attitude Estimation Features

In the experiment discussed above, we employed only
the raw signal for generating the input matrix to the
ConvNet. Now, we evaluate the impact of our pro-
posed attitude estimation features on HAR. Table 2
presents the recognition accuracy achieved by ConvNet
suggested by Chen and Xue [5] and our ConvNet, using
different features to compose the input matrix. Notice
that employing the raw signal, the ConvNets achieve
slightly more accurate results regarding the use of our
proposed features individually. However, when we com-
bine all features (raw signal, pitch and roll, and trans-
lational acceleration), we achieve an improvement re-
garding the raw signal, for both our proposed ConvNet
and the ConvNet proposed by Chen and Xue [5].

According to the results showed in Table 2, we con-
clude that the proposed features enable the ConvNets
to learn more discriminative convolutional filters when
coupled with the raw signal, providing a more accurate
activity recognition.

4.4 Partition Technique Evaluation

The goal of this experiment is to show that the par-
tition technique also provides improvements. Table 3
shows the recognition accuracy achieved by our Con-
vNet coupled with the proposed partition technique,
on different features used to yield the input matrix. We
refer to this technique as Proposed CNNT. According to
the results, the method is able to provide a significant

improvement on the accuracy (see last column in Ta-
ble 3). However, in our experiments, we observed that
the recognition accuracy saturates when we repeat the
block ¢ more than once (see Section 3.2). Therefore, we
conclude that each block 7 should be inserted only once,
yielding a new input matrix of height 2 x |I|, where |I|
is the original input matrix height.

4.5 Time issues

Since the proposed attitude estimation features demand
an additional cost to be extracted, in this experiment,
we aim at demonstrating that this computation cost has
a slight influence on the activity recognition system. For
this purpose, we measure the average time, by consid-
ering 30 executions, to extract the attitude estimation
features. Moreover, with the addition of more descrip-
tors, the prediction time (forward step) of the ConvNet
increases. Therefore, we also measure the average time
required to predict a testing sample.

Table 4 shows the average time (in seconds) to com-
pute each attitude estimation features. Note that the
raw signal is represented by zero value since there is
no additional cost to estimated it. According to the re-
sults, it is possible to observe that the average time to
estimate the pitch and roll, and translational accelera-
tion features increases in 0.0011 and 0.0012 seconds, re-
spectively. In addition, the prediction time using these
features increases in 0.0007 and 0.0009 seconds, regard-
ing the employment of raw signal. Therefore, the extra
time added by our features is slightly superior to the
raw signal, which enables its use in real systems.

4.6 Comparison with State-of-the-Art Techniques

This experiment compares our proposed method with
published state-of-the-art methods [31]. For this pur-
pose, we use our ProposedCNN™ (see Table 3, last row)
since it employs all techniques proposed in this work.

Table 5 shows that our method outperforms current
ConvNets dedicated to HAR based on wearable sensor
data. Our ConvNet architecture achieves better results
due to the convolutional kernel dimensions, which cap-
ture both temporal relation and association between
pairs of accelerometer axes in all layers. Observe that,
our proposed ConvNet using any feature (see Table 2)
outperforms, considerably, handcrafted features meth-
ods. In particular, according to the results in Table 5,
we can conclude that ConvNet approaches can be more
suitable than handcrafted features.

We have not compared our results with those re-
ported in [12,11] since we have based our experiments
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Table 3 Recognition accuracy (%) achieved by our proposed ConvNet using the partition technique. Proposed CNN* de-
notes the proposed ConvNet when employing the partition technique to generate the novel input matrix. The values within
parentheses in the first column indicate the number of columns in the input matrix when using the respective feature.

Feature Proposed CNN | Proposed CNNT | Improvement (p.p.)
Raw signal (3) 75.27 77.63 2.36
Pitch and roll (2) 71.55 73.54 1.99
T. acceleration (3) 69.99 75.93 5.94
Concatenation (8) 76.24 79.31 3.07

Table 4 Time (in seconds) to compute the attitude estima-
tion features and perform the forward step with each feature.
The second column shows the time to compute the respective
feature descriptor. The third column denotes the time for our
ConvNet to predict a testing sample using the respective fea-
ture.

Feature Computation time | Prediction Time
Raw signal 0 0.0098
Pitch and roll 0.0011 0.0105
T. acceleration 0.0012 0.0107
Concatenation 0.0022 0.0169

Table 5 Comparison with the state-of-the-art.

Method Recognition accuracy rate
Kwapisz et al. [20] 46.10
Catal et al. [3] 59.63
Jiang and Yin [15] 70.08
Chen and Xue [5] 72.29
ProposedCNNT (Ours) 79.31

in the WHARF dataset where multi-modalities are not
considered.

4.7 Limitations of the Attitude Estimation Features

Our last experiment focuses on the limitations of the
attitude estimation features. To this end, we report the
recognition rate obtained, for each activity, by our Con-
vNet using the raw signal (ProposedCNN) and our pro-
posed methods (ProposeCNNT).

According to Table 6, even though we achieve no-
table improvements, our features do not increase the
recognition rate for the activities pour water into a
glass, descend the stairs and brush own teeth, abbrevi-
ated as pg, ds and bt, respectively. Intuitively, regard-
ing the activity descend the stairs, this happens since
it is performed with small arm movements, hence, our
attitude estimation features are not able to produce
discriminative features. On the other hand, to the ac-
tivity climb the stairs, where a strong arm movement
is required, our attitude estimation features are able to
improve the recognition rate in 5.13 percentage points.
Finally, the minor improvements regarding the activ-
ities pour water into a glass and brush own teeth is

an effect of the temporal window, where few windows
capture the arm movement.

We highlight that, except for these activities afore-
mentioned, the proposed feature descriptors are able to
achieve remarkable improvements.

5 Conclusions

This work presented a set of methods to improve the
HAR from accelerometer data. First, we proposed a
simple and efficient partition technique that improves
the results in ConvNet-based approaches. Second, we
developed a set of novel feature descriptors that ex-
ploit the attitude estimation of the accelerometer data.
These features are able to improve the activity repre-
sentation when combined with raw accelerometer data,
allowing an accurate classification. Third, we proposed
a novel ConvNet architecture and we demonstrated
that determining a correct dimension to the convolu-
tional kernels is a simple but effective way of achiev-
ing better activity recognition. Our methods are com-
putationally efficient and are able to outperform ex-
isting state-of-the-art approaches, including ConvNets-
based approaches and handcrafted features, on one of
the most recent dataset to human activity recognition
based on accelerometer data.
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