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Abstract: This paper describes the development of a Human Activity Recognition (HAR) system
based on deep learning for classifying full body activities using inertial signals. The HAR system is
divided in several modules: a preprocessing module for extracting relevant features from the inertial
signals window by windows, a machine learning algorithm for classifying the windows and a post-
processing module for integrating the information along several windows. Regarding the prepro-
cessing module, several transformations are implemented and evaluated. For the ML module, sev-
eral algorithms are evaluated including several deep learning architectures. This evaluation has
been carried out over the HARTH dataset. This public dataset contains recordings from 22 partici-
pants wearing two 3-axial Axivity AX3 accelerometers for 2 h in a free-living setting. Not all the
subjects completed the whole session. Sixteen different activities were recorded and annotated ac-
cordingly. This paper describes the fine-tuning process of several machine learning algorithms and
analyses their performance with different sets of activities. The best results show an accuracy of 90%
and 93% for 12 and 9 activities respectively. To the author’s knowledge, these analyses provide the
best state of the art results over this public dataset. Additionally, this paper includes several analyses
of the confusion between the different activities.

Keywords: Human Activity Recognition; wearable sensors; classifier module; inertial signals; deep
learning; repetitive movements; gestures; postures

1. Introduction

The interaction between humans and technology is rapidly growing, showing a sig-
nificant impact on almost every aspect of modern life. One of these designed technologies
with applications in a wide range of areas, such as health, safety, or sports monitoring, is
the Human Activity Recognition (HAR) system. This technology is a branch of computer
science, specifically artificial intelligence, which focuses on identifying human actions, ac-
tivities, or behaviors through data analysis captured by one or more sensors. These sys-
tems employ advanced signal processing and machine learning techniques to identify and
classify actions performed by individuals [1].

Despite the field’s growth, the process of obtaining and preparing data is not trivial,
and this phase can result in erroneous, noisy, or even missing data.

This discipline has grown exponentially since its inception in the mid-20th century,
when the first trials of automating human activity detection through signal processing
were conducted. Initially, HAR interpreted human movement using cameras and video
analysis [2].

Thanks to technological advancements, sensors have undergone miniaturization,
leading to an expansion of HAR studies that now include various wearable devices and
sensors integrated into the environment, such as gyroscopes, accelerometers, and magne-
tometers, which are included in devices like phones or smartwatches [3].
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Over the past two decades, the massive expansion of data and the development of
machine learning and deep learning algorithms have revolutionized this field increasing
precision and reliability of HAR systems in real applications [4].

These automatic HAR systems have also replaced the manual supervision of physical
activity [5] required in some applications, like Parkinson’s Disease monitoring by physi-
cians [6]. Additional to the high cost of manual supervision, there is the risk of introducing
bias in the subjective evaluations. To avoid this, measurements obtained from motion sen-
sors, such as portable accelerometers, are a good alternative to provide objective metrics.
Most of the systems developed, including machine learning algorithms, have been created
in controlled environments, which can affect the models’ ability to generalize to real-
world situations.

In this work, a Human Activity Recognition (HAR) system has been implemented
using different classification algorithms (Deep Neural Networks and Random Forest). The
system has been evaluated over a public database known as HARTH, whose recordings
were obtained from two triaxial sensors located on the thigh and back of 22 different users.
The data include x, y, z axis accelerations that reflect the movement of the body over time.
The developed systems have been evaluated to recognize full body activities significantly
improving the best results reported in previous works [7].

Section 2 described the material and method used in this study including the dataset
description and the machine algorithms included in the HAR system. Section 3 includes
the main experiments and several discussions. Finaly, in Section 4, the main conclusions
and future work are described.

2. Materials and Methods

This section provides a description of the dataset, and the main modules of the HAR
system: feature extraction, machine learning algorithms, the evaluation structure and metrics.

2.1. Dataset

For this work, we have used a public database HARTH: A Human Activity Recogni-
tion Dataset for Machine Learning [8], available at the UCI repository: HARTH [9]. The
data is presented in CSV format, including the accelerations in the x, y, and z axes and the
timestamp of the data. The sampling frequency of the data is 50 Hz and there are a total
of 6,461,328 samples distributed among 22 subjects. Not all the subjects completed the
whole 2 h session so, we have an average of 1.6 h per subject). This dataset contains re-
cording from 12 different full body activities: walking (W), running (R), shuffling (SH),
stairs-ascending (ST(A)), stairs-descending (ST(D)), standing (ST), sitting (SI), lying (L),
cycling-sit (C(SI)), cycling-stand (C(ST)), transport-sit (T(SI)), transport-stand (T(ST)).

This dataset has been divided into two main parts considering a subject-wise strat-
egy: 90% (20 subjects) for developing the system and 10% (2 subjects) for final testing. The
system development has consisted of evaluating several feature extraction and machine
learning algorithms and finetuning their main hyperparameters. This process has been
done using 90% of the data and considering a 5-fold cross validation to increase the sig-
nificance of the results. This technique involves dividing the sub dataset into 5 equal parts,
and in each iteration, one of the 5 parts is used as a validation set while the remaining 5-1
parts are used as a training set. The 5-fold results are the average of the results obtained
along the folds.

2.2. Feature Extraction

Before starting to train the model, the data is prepared through various processes to
extract the main features from the inertial signals and adapt the format to the machine
learning algorithms. The first step involves using the Octave [13] tool to convert raw data
into normalized spectral features to highlight relevant information in the frequency do-
main and reduce data complexity. The data is segmented into 2-s windows with 1-s shift.
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Each window is labeled according to the predominant activity. For each window, spectra
are computed using two spectral transforms Fourier Transform and Constant-Q Trans-
form (CQT). The best results obtained during system development were obtained with
the CQT transform. This transform computes a frequency representation with a higher
spectral resolution at low frequencies, very interesting for human movements. In this
transform, the distance between consecutive harmonics does not depend on the funda-
mental frequency. This characteristic facilitates the learning process of linear kernels in
convolutional networks

2.3. Machine Learning Algorithms for Classification

In this study, we have evaluated two representative algorithms: a deep neural net-
work and the Random Forest, as an example of a good traditional algorithm.

e Deep Neural Networks

Neural networks [10,11] are models formed by layers, which in turn are composed of
neurons connected to neurons in the previous layer. The function of these neurons is to
perform simple mathematical operations for machine learning, which propagate from one
neuron to another.

A deep learning structure with a feature learning subnet and a classification subnet
was used to distinguish between the different types of movements. This architecture was
composed of two convolutional layers with an intermediate max-pooling layer for feature
learning and three fully connected layers for classification. Dropout layers were included
after convolutional and fully connected layers to avoid overfitting.

Layer 1 Layer 2 Layer 3
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x output
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Figure 1. Neural Network Structure.

In this architecture, ReLU was used as the activation function in intermediate layers
to reduce the impact of gradient vanishing effect and SoftMax is the activation function in
the last layer to perform the classification task. The optimizer was fixed to the root-mean-
square propagation method. The main hyperparameters have been fixed considering 90%
of the data and using a 5-fold cross validation. We have considered 32 filters for the con-
volutional layer, with a dropout rate of 0.3, a batch size of 50, and 10 epochs.

. Random Forest

Random Forest [12] is an algorithm composed of one or multiple decision trees that
use averaging to make predictions on subsamples of the dataset. Decision trees are pre-
diction models that use binary rules (yes/no) to split observations based on their attributes,
enabling prediction of the sample’s value. It is highly useful for classifying categorical
datasets due to their low variance and high complexity, and it significantly reduces the
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risk of overfitting. During the development phase, the best results were obtained with150
estimators and the “gini’ criteria.

2.4. Post-Processing: Majority Voting Filtering

Finally, the decisions in the sequence of windows are post-processed using a majority
voting time filter. This technique helps to reduce the model’s sensitivity to fluctuations in
the sequence of windows, smoothing the classifier’s decisions. This filter contributes to
the classification’s stability and robustness, as well as improving the results. The best re-
sults were obtained considering a kernel including 5 consecutive windows (filter length
of 5 windows).

2.5. Evaluation

To evaluate the system performance, we have considered several metrics computed
using the scikit learn toolkit [14]. Accuracy calculates the proportion of correctly classified
examples out of the total number of examples. This metric is obtained by dividing the sum
of true positives and true negatives by the total number of instances. This way, an incre-
ment of accuracy implies that the overall system better recognizes the classes. In this work,
we used 95% confidence intervals attached to the accuracy values. The F1 score is the har-
monic mean of the precision and recall. Precision (positive predictive value) is the fraction
of positive examples detected among the positive examples: true positive divided by true
positive plus false positive examples. Recall (sensitivity) is the relation between true pos-
itive examples and the sum of true positive and false positive examples.

3. Results and Discussion

The next table (Table 1) shows the testing results obtained after the system develop-
ment.

Table 1. Final results considering all the algorithms and compared to previous works.

Accuracy (%) F1-Score
12 activities
Previous work [7]. 70.0% 66.0%
Random Forest 88.9 + 0.58% 87.8+0.61%
Deep Neural Network 90.1 £+ 0.55% 87.8 £ 0.56%
9 activities
Previous work [7]. 85.0% 81.0%
Random Forest 92.3 £ 0.47% 90.1 +0.50%
Deep Neural Network 93.1 + 0.45% 91.9 + 0.46%

Considering these results, it can be observed that the system using the deep neural
network is the most accurate system for activity classification, achieving an accuracy rate
of 93% for 9 different activities, and 90% for 12 activities. Comparing with the results from
the reference article ' HARTH: A Human Activity Recognition Dataset for Machine Learn-
ing’ [7], the classification capability of the system developed in this project is higher in
terms of accuracy, since the maximum accuracy rate reported in that article was 70% when
using 12 different labels, and 85% when using 9 classes. These differences are higher than
the confidence intervals, indicating a significant improvement with the results shown in
this paper.

Figure 2 shows the confusion matrix in percentages for the best system. As shown,
the highest confusion occurs between the two activities involving stairs (ST(x)) and with
walking (W). Also transport activities (T(xx)) show an important confusion between then
and with standing (ST). The activity transport-stand (T(ST)) is not well identify because
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the number of examples is very low, and the model is not able to deal with this type of

activity.
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Figure 2. Confusion Matrix.

4. Conclusions

The first main conclusion of this work is that we have developed a HAR system able
to get accuracy over 90% for classifying 12 different full body activities. This system in-
cludes several modules: a preprocessing module that divides the inertial signals into con-
secutive windows and computes the CQT transform for extracting relevant information
at each window from the frequency domain. The second module includes a deep neural
network for classifying every window. This DNN has shown better results compared to a
Random Forest algorithm. Finally, postprocessing is applied to the window sequence for
smoothing the decision sequence. This process consists of a majority voting filter consid-
ering a kernel of 5 windows length. These reported results have shown important im-
provements compared to previous works.
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