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Abstract. Human Activity Recognition (HAR) is one of the critical
subjects of research in health and human machine interaction fields
in recent years. Algorithms such as Support Vector Machine (SVM),
K-Nearest Neighbors (K-NN), Decision Tree (DT) and many other algo-
rithms were previously implemented to serve this common goal but most
of the traditional Machine learning proposed solutions were not satisfy-
ing in term of accuracy and real time testing process. For that, a human
activities analysis and recognition system with an embedded trained
ANN model on Raspberry PI for an online testing process is proposed in
this work. This paper includes a comparative study between the Artifi-
cial Neural Network (ANN) and the Recurrent Neural Network (RNN),
using signals produced by the accelerometer and gyroscope, embedded
within the BlueNRG-Tile sensor. After evaluate algorithms performance
in terms of accuracy and precision which reached an accuracy of 82%
for ANN and 99% for RNN, obtained ANN model was implemented in
a Raspberry PI for real-time predictions. Results show that the system
provides a real-time human activity recognition with an accuracy of 86%.

Keywords: Machine learning · Deep learning · HAR · Embedded
ANN · LSTM-RNN · Raspberry PI · Python

1 Introduction

Human activity recognition (HAR) refers to the automatic detection of various
physical activities performed by people in their daily lives [1]. Activity recogni-
tion can be achieved by exploiting information retrieved from sensors such as
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accelerometer, gyroscope etc., while the activity is being performed with the help
of Artificial Intelligence methods. In recent years, several machine learning and
deep learning algorithms for human activity recognition have been proposed.
Sukor et al. [2] used several methods of machine learning such as Support Vec-
tor Machine (SVM), Decision Tree (DT), and Multiple Layer Perception-Neural
Network (MLP-NN) to classify activities such as slow sitting, standing, upstairs,
downstairs and lying using the accelerometer sensor embedded in a smartphone.
The obtained results show that the use of Principal Component Analysis (PCA)
to reduce the dimensionality of features obtains higher recognition rate with the
rate of 96.85% for the DT algorithm and 100% for the MLP-NN algorithm which
may have over fitting problems. G. McCalmont et al. [3] also tested the activity
recognition performance. Three classifiers were used, including Artificial Neural
Network (ANN), K-Nearest Neighbor (KNN) and Random Forest (RF) to clas-
sify five exercises which are slow walking, normal walking, fast walking, upstairs
and down stairs using accelerometer, gyroscope and magnetometer. They found
that ANN models with many layers achieve an accuracy of 80% while RF and
KNN achieve an accuracy slightly above 70%. Song-Mi Lee et al. presented a
RF algorithm and achieve an accuracy of 89.1% [4]. Furthermore, three human
activity data, walking, running, and staying still, are gathered using smartphone
accelerometer sensor and classified with Convolutional Neural Network (CNN)
and had better performance 92.71% [4]. Furthermore Abdulmajid Murad et al.
[5] use a 3D accelerometer, 3D gyroscope and 3D magnetometer to classify six
activities. Four algorithms Extreme Learning Machine (ELM), SVM, CNN and
RNN are used to classify these activities. The best accuracy was achieved with
the RNN algorithms 96.7%. It could be considered that the ANN is one of the
best machine learning algorithm used for HAR and the RNN is reported to
overperform other deep learning algorithms in term of accuracy and precision
to recognize human activities. In addition, most of research in the field, vali-
date their results with simulations, without comparing theses simulations with
results provided by real-time embedded and hardware based implementations.
So a lack of standalone, sensor based HAR systems, with embedded machine
learning and real-time response is remarked. This research aims is to compare
simulation results with results provided by a real-time implementation and to
judge performance gived by embedded ANN to recognize human activities. The
rest of this paper is arranged as follows: The second section introduces the ANN
architecture and process. In addition, an overview of the LSTM (Long Short
Term Memory) Recurrent Neural Network is presented in the third section. The
next section presents the data acquisition structure for HAR with the database
properties. Furthermore, an evaluation of ANN and LSTM-RNN using Receiver
Operating Characteristic (ROC) are presented. Moreover, to validate our simu-
lations results, the developed ANN model is implemented in a Raspberry PI as
a real-time standalone HAR system.
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2 Artificial Neural Networks/Feed Forward Neural
Networks

Artificial Neural Networks, (ANNs), and their variants, are a class of Machine
Learning (ML) techniques that have been proven, powerful throughout many
applications such as machine translation [6], medical diagnosis [7] and many
other fields [8]. ANNs were inspired by the neuroscience. Thus, the building
block of an ANN is called a neuron. A basic neural network is shown in Fig. 1.
It consists of an input layer, one or more hidden layers, and an output layer.
Each layer consists of one or more neuron. Inputs are fed into the neurons that
compute some output values based on the weights and biases associated with
them. These outputs are summed and multiplied feed activation function to give
to final output [9]. The activation function is a core logic of the neural networks.
It defines the output of the neuron given an input or a set of inputs. There
are several types of activation function like the “sigmoid function”, the Hyper-
bolic Tangent function “Tanh”, the Rectified Linear Unit function “ReLU” and
the “softmax” activation function [10]. To boost model accuracy and precision,
optimizers are added to the neural network. An optimizer update the weight
parameters to minimize the loss function. There are several types of optimiz-
ers like “Adam” which is stands for adaptive moment estimation, “Adagrad”,
RmsProp and many other optimizers.

Fig. 1. Artificial Neural Network achitecture and process [11]

These steps are followed in order to train a neural network [9]:

Algorithm 1: Artificial Neural Network process
1. Initialize Network. Creates a new neural network ready for training. It accepts three
parameters, the number of inputs, the number of neurons to have in the hidden layer and
the number of outputs.
2. Randomly initialize weights wi.. Each neuron has a set of weights that need to be
maintained. One weight for each input connection and an additional weight for the bias.
3. Implement forward propagation to compute the output(s). Calculate and storage
of intermediate variables (including outputs) for the neural network within the models in the
order from input layer to output layer.
4. Implement the cost function. This is typically expressed as a difference or distance
between the predicted value and the actual value.
5. Forward propagate input to a network output and calculate the derivative of
an neuron output. All of the outputs from one layer become inputs to the neurons on the
next layer.
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3 Long Short Term Memory-RNN/Back Propagation
Neural Networks

Recurrent Neural Networks are the only networks with internal memory, which
makes them robust and powerful. In a RNN, Weights are applied to both the
current input and the looping back output and are adjusted through gradient
descent or back propagation [12]. The RNN work on this recursive formula (1)
where Xt is the input at time step t, St is the state at time step t and Fw is the
recursive function.

St = Fw ∗ (St−1,Xt) (1)

St = Fw(St−1,Xt) (2)

St = tanh(Ws ∗ St−1,Wx ∗ Xt) (3)

Yt = Wy ∗ St (4)

The recursive function is a tanh function (3), we multiply the input state with
the weights of X mentioned as Wx and the previous state with Ws and then past
it through a tanh activation to get the new state (3). To get the output vector,
we multiply the new state St with Wy (4). RNN learn use back propagation
through time. Therefore, we calculate the loss using the output, go back to
each state, and update weights by multiplying gradients. The updating weights
would be negligible and our network will not get any better. This problem is
called vanishing gradients problem. To solve it and to improve the accuracy,
we add a more interactions to RNN and this is the idea behind Long Short
Term Memory (LSTM) [13]. The LSTM cell is capable of learning long-term
dependencies. RNNs usually have a short memory and are extended by LSTM
units to extend the memory of the network. It provides the capabilities to absorb
more information from even longer sequences of data. This helps to boost the
precision of the prediction by taking into account more data. The LSTM cell
maintains three kinds of gates and one cell state: the input gate, the forget gate
and the output gate. The architecture of an LSTM cell is shown in Fig. 2, where
the input gate chooses what new information needs to be stored in the cell state.
This is shown in Eq. 5 and 7, where it is the input gate layer output and Ct is the
cell state update. The forget gate decides what existing information in cell state
needs to be thrown away, this is shown in Eq. 8, where Ct is again the update
of the cell state [12]. Finally, the output gate filters the output and determines
the final cell output. This can be seen through Eqs. 9 and 10, where ot is the
output-gate layer output and ht is the resulting hidden state for the given input.
Čt is called as intermediate cell state, used to calculate the Ct, which is the cell
state using Eq. 6. The input gate and the intermediate cell state are added with
the old cell state and the forget gate, and then this cell state is passed through
tanh activation to be multiplied with the output gate [14]. The following steps
are used to train a LSTM-RNN [14]:
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Fig. 2. Architecture of an LSTM cell

Algorithm 2: LSTM-RNN process
1. Calculate the input gate by passing the previous state and the input through
sigmoid activation.

Input Gate : it = σ(Wi[ht−1, Xt]) (5)

2. Calculate the intermediate cell state by passing our input and the previous
state through tanh activation.

Intermidate Cell State : Čt = tanh(Wc[ht−1, Xt]) (6)

3. Perform element wise multiplication and calculate the forget gate and multiply
it with the old state C0.

Cell State : Ct = (it ∗ Čt) + (ft ∗ Čt) (7)

Forget Gate : ft = σ(Wf [ht−1, Xt]) (8)

4. Add these to obtain a new cell state, which is C1, and calculate the output
gate and we multiply it with the cell state passed through the tanh activation.

Output Gate : ot = σ(Wo[ht−1, Xt]) (9)

New State : ht = ot ∗ tanh(Ct) (10)

4 Experimental Results

4.1 Activity Database Collection for HAR

The data acquisition system has a standard structure as shown in Fig. 3. The
main component of the data acquisition phase is the sensors (BlueNRG-Tile),
which measure the various attributes such as acceleration and velocity. The
other components are the ST-BLE (BlueNRG-Tile) application, communication
network, and a server to save data. The ST-BLE Sensor application is used
for collecting and preprocessing the raw sensor signal [15]. Activity recognition
component, which is built on the training and testing stages, relies mostly on
machine learning and deep learning models. A large dataset of collected fea-
tures for training the model is required for the training stage [16]. The data
was collected from the Blue-NRG-Tile to measure the Acceleration from tri-
axial accelerometer sensor and the Velocity from the tri-axial gyroscope. The
dataset contains 3 human activities: sitting, walking and running. the dataset
was recorded by 5 persons (2 boys and 3 girls) for 2 min each activity. Data
recorded is along three dimensions of the X, Y and Z axis at 15 Hz frequency.



380 A. Jmal et al.

Fig. 3. Data acquisition structure for HAR system

Accelerometer and gyroscope of the BlueNRG-Tile placed on the right foot, are
used to capture data. The dataset has a total of 219600 data samples and it was
divided into 80% for training, 10% for the testing and 10% for the validation
part.

4.2 ANN Evaluation

The ANN model is built using the Keras library. The model has one hidden
layer with Ninputs+1 units which are used to extract features from the sequence
of input data. The output layer provides the final predicted output. It is congured
to utilize a ‘Sigmoid’ activation and the ‘Adam’ optimizer, used to boost accu-
racy. The model is compiled to run 50 epochs with a batch size of 1024 using
‘Mean Squared Error’ as its loss function and the accuracy as its performance
metrics. Figure 4 shows the training session’s progress over iterations and a con-
fusion matrix to show how the model predicted versus true predictions. After
training the model for 50 epochs, an accuracy above 82% with a loss of almost
10% are obtained. The confusion matrix shows that an overlap in the prediction
of walking that is confused with running (22.18%). The addition of the gyro-
scope has the advantage of increasing the model accuracy (from 70% to 82%),
decreasing the loss rate (from 15% to 10%) and subsequently increase the pre-
cision of prediction by class. The main difference between this model and the
model trained with only accelerometer sensor data is the necessary number of
iterations to achieve the highest accuracy or the lowest loss. The last model

Fig. 4. ANN evaluation using accelerometer and gyroscope
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requires 20 iterations to achieve an accuracy above 82%, whereas, this model
needs only 7 iterations to achieve this value of accuracy with the minimum of
loss rate (10%) which indicate the necessity of the gyroscope for inertial sensor
based HAR system.

4.3 LSTM-RNN Evaluation

The LSTM-RNN model is built using the Keras library and Tensorflow as its back-
end. The model first has two hidden LSTM layers with (Ninputs+1) units each,
which are used to extract features from the sequence of input datawith the “ReLU”
activation function for each neuron. The output layer was configured to utilize a
‘Softmax activation and the ‘Adam’ optimizer was used to boost accuracy. The
model was compiled to run 50 epochs with a batch size of 1024 using ‘Mean Squared
Error’ as its loss function and the accuracy as its performance metrics. From Fig. 5,
the accuracy reached about 99% for the first 10 iterations and the loss rate went
down to about 10% with the first 50 iterations. The confusion matrix shows a slight
overlap between walking and running activities (1.84%). The use of LSTM-RNN
and the tri-axial accelerometer, the tri-axial gyroscope allows having good clas-
sification between walking and running activities and especially for sitting class.
Human activities are recognized with high accuracy (about 99%) using a tri-axial
accelerometer and gyroscope located at the right foot by using LSTM-RNN classi-
fier.TheLSTM-RNNusing an accelerometer and gyroscope canbe a reliablemodel
to be implemented for real time human activity recognition, but the optimization
metrics, such as the number of sensors used, the energy consumption, cost, the
number of layers, units used and the complexity of the deep learning (LSTM-RNN)
compared to the machine learning algorithm (ANN) needs to be taken into con-
sideration [17]. The next section presents an implementation of ANN to validate
our obtained simulations. To more understand the efficacy of these algorithms, our
next focus research will be on the implementation of the LSTM-RNN for real-time
recognition.

Fig. 5. LSTM-RNN evaluation using accelerometer and gyroscope
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5 Real-Time HAR Implementation in Raspberry PI

After collecting data from the BlueNRG-Tile and building the ANN model using
an accelerometer and a gyroscope, this section presents an implementation of the
developed algorithm in a Raspberry PI using MPU6050 to capture data for real
time predictions as shown in Fig. 6. The prototype is tested to a boy of 16 years
old for 15 s. As shown in the Fig. 6, The MPU6050 is placed on the right foot
attached to the raspberry PI with jumper.

Fig. 6. Connecting the Raspberry PI with the MPU6050

Table 1. Confusion matrix for the real-time implementation

Actual Predicted

Sitting Walking Running

Sitting 93.34% 6.66% 0%

Walking 0% 86.66% 13.34%

Running 0% 20% 80%

Table 1 presents the confusion matrix for the real-time implementation for
15 s each activity. To express the efficacy of the algorithm, the performance met-
rics in term of accuracy and precision needs to discuss. The confusion matrix
validates our simulation results. To calculate the accuracy, True Positive (TP),
True Negative (TN), False Positive (FP) and False Negative (FN) are required.
After testing the prototype for 15 s, an accuracy of 86% is achieved with an
average precision approximately 84%. Real-time simulation with the Raspberry
PI shows good results in term of prediction and differentiation between sitting,
walking and running activities. Obtained results from simulations and results
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provided from the Raspberry, are very close, which rounds our prototype reli-
able and robust model. Moreover, to evaluate the performance of the considered
approaches, we compare our models to other research works. We find that our
trained models are more robust in term of accuracy compared to McCalmont,
G. et al. [3] which achieve an accuracy above 80% for ANN and 70% for the
KNN. Moreover, we compare our trained LSTM-RNN model which reached of
an accuracy performance 99%, to Mi Lee, S. et al. [4] and Abdulmajid Murad
et al. [5] which use a Convolutional Neural Network (CNN) algorithm and
(Sequential ELM, SVM, CNN and RNN) respectively, the best accuracy was
achieved with the RNN-LSTM algorithms (99%) The focus of next paper will be
on a the implementation of LSTM-RNN in the Raspberry PI with a comparative
study between ANN and LSTM-RNN for real-time HAR.

6 Conclusion

In this paper, a deep learning algorithm named Recurrent Neural Network
(RNN) with LSTM memory units and keras was tested using accelerometer
and gyroscope to classify and analyze human activities such as sitting, walking
and running. This produced an overall accuracy of 99%. Furthermore, we have
exported the ANN model using accelerometer and gyroscope to be implemented
in a Raspberry PI. In addition, we have tested the model with data collected
from the MPU6050 and we have successfully shown that the model provides good
results in term of real-time prediction and classification with 86% of accuracy.
For the future work direction, an IoT smart device of human activity recognition
based on embedded deep learning will be developed. In addition, the deep learn-
ing algorithm in the medical fields to implement a real-time fall detection system
and anomaly detection system for elderly monitoring, and disease prevention will
be investigated.
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Open Access This chapter is licensed under the terms of the Creative Commons
Attribution 4.0 International License (http://creativecommons.org/licenses/by/4.0/),
which permits use, sharing, adaptation, distribution and reproduction in any medium
or format, as long as you give appropriate credit to the original author(s) and the
source, provide a link to the Creative Commons license and indicate if changes were
made.

The images or other third party material in this chapter are included in the
chapter’s Creative Commons license, unless indicated otherwise in a credit line to the
material. If material is not included in the chapter’s Creative Commons license and
your intended use is not permitted by statutory regulation or exceeds the permitted
use, you will need to obtain permission directly from the copyright holder.
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