
 
 
 
 

Heriot-Watt University 
Research Gateway 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
 

 

Towards a Smart Fault Tolerant Indoor Localization System
through Recurrent Neural Networks
Citation for published version:
Carvalho, EC, Ferreira, BV, Filho, GPR, Gomes, PH, Freitas, GM, Vargas, PA, Ueyama, J & Pessin, G
2019, Towards a Smart Fault Tolerant Indoor Localization System through Recurrent Neural Networks. in
2019 International Joint Conference on Neural Networks (IJCNN)., 8852007, International Joint Conference
on Neural Networks, IEEE, 2019 International Joint Conference on Neural Network, Budapest, Hungary,
14/07/19. https://doi.org/10.1109/IJCNN.2019.8852007

Digital Object Identifier (DOI):
10.1109/IJCNN.2019.8852007

Link:
Link to publication record in Heriot-Watt Research Portal

Document Version:
Peer reviewed version

Published In:
2019 International Joint Conference on Neural Networks (IJCNN)

Publisher Rights Statement:
© 2019 IEEE. Personal use of this material is permitted. Permission from IEEE must be obtained for all other
uses, in any current or future media, including reprinting/republishing this material for advertising or promotional
purposes, creating new collective works, for resale or redistribution to servers or lists, or reuse of any
copyrighted component of this work in other works.

General rights
Copyright for the publications made accessible via Heriot-Watt Research Portal is retained by the author(s) and /
or other copyright owners and it is a condition of accessing these publications that users recognise and abide by
the legal requirements associated with these rights.

Take down policy
Heriot-Watt University has made every reasonable effort to ensure that the content in Heriot-Watt Research
Portal complies with UK legislation. If you believe that the public display of this file breaches copyright please
contact open.access@hw.ac.uk providing details, and we will remove access to the work immediately and
investigate your claim.

Download date: 23. May. 2023

https://doi.org/10.1109/IJCNN.2019.8852007
https://doi.org/10.1109/IJCNN.2019.8852007
https://researchportal.hw.ac.uk/en/publications/22c04782-285c-4cb3-ae1f-9d3abf93bfc3


Towards a Smart Fault Tolerant
Indoor Localization System

Through Recurrent Neural Networks
Eduardo C. Carvalho∗, Bruno V. Ferreira∗, Geraldo P. R. Filho†, Pedro H. Gomes‡,

Gustavo M. Freitas§, Patrı́cia A. Vargas¶, Jó Ueyama‖, Gustavo Pessin∗∗
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Abstract—This paper proposes a fault-tolerant indoor local-
ization system that employs Recurrent Neural Networks (RNNs)
for the localization task. A decision module is designed to detect
failures and this is responsible for the allocation of RNNs that are
suitable for each situation. As well as the fault-tolerant system,
several architectures and models for RNNs are exploited in the
system: Gated Recurrent Unit (GRU), Long Short-Term Memory
(LSTM) and Simple RNN. The system uses as inputs a collection
of Wi-Fi Received Signal Strength Indication (RSSI) signals,
and the RNN classifies the position of an agent on the basis
of this collection. A fault-tolerant mechanism has been designed
to handle two types of failures: (i) momentary failure, and (ii)
permanent failure. The results show that the RNNs are suitable
for tackling the problem and that the whole system is reliable
when employed for a series of failures.

Index Terms—Indoor Localization, Intelligent Control, Long
Short-Term Memory, Gated Recurrent Unit, Fault-Tolerance.

I. INTRODUCTION

Localization in indoor environments, such as buildings or
underground mines, has been the subject of a large number
of research studies in the last few years. Localization can
be useful for carrying out several tasks, like assisting rescue
operations when there is a fire in a building or landslide
in a cave or underground mine. It can also be a source of
information in shopping malls to help understand people’s
behavior or in hospitals to track patients with mental disorders.

Although localization provides useful information, the tech-
niques employed to measure it in indoor environments still
raise a number of open questions with regard to accuracy,
usability and fault-tolerance. According to Harris and col-
leagues [1], in the period 2006-2010, there were more than
2,500 deaths in underground mines, 75 in the United States
alone. Moreover, according to the US Fire Administration [2],
in the period 2003-2012, there were more than 3.5 million
fire incidents in private residences and nearly 1 million in

non-residential buildings, causing thousands of fatalities and
injuries to people. In our view, an easy-to-use localization
system could help the rescue services for the people affected
and also be employed to give added protection to the rescuers
themselves. Miners and speleologists are the other two groups
of people who could benefit from an improved safety system.

A wide range of technologies have been evaluated for the
localization of people in indoor environments in the last few
decades, mainly by means of inertial measurement units and
vision sensors, or a combination of both. Accurate and easy-
to-use localization is also an open issue for vehicular [3] and
robotics tasks [4], [5]. The reason why localization in indoor
environments is still an open question can be explained by
their degree of complexity [6], [7]. However, robot localization
techniques have achieved good results in indoor environments,
even though the use of these technologies is not feasible for
the localization of people on account of the high computational
cost of processing the data gathered by the sensors. Thus, a
different type of methodology has been employed that makes
use of the signal strength of wireless devices and is driven
by the large number of other devices used for communication
purposes [8], [9].

A current concern that has arisen when handling signal
strength, is its vulnerability to interference, fading and at-
tenuation. These factors add noise to the signal, and makes
it difficult to operate for high-accuracy localization systems.
Machine learning techniques, like multilayer artificial neural
networks and support vector machines, among others, have
been employed to estimate localization because of their inher-
ent learning and generalization capabilities. It is expected that
these capabilities will allow the localization to be estimated
with a good degree of accuracy despite the noise. As can
be seen in the work by Carvalho and colleagues [10], the
use of step filtering (moving average) before employing the



machine learning techniques improves the accuracy of the
system, although, it adds more complexity to the system.

In this article, we propose a fault-tolerant indoor localization
system that employs RNNs for the localization task. The
driving-force behind the employment of RNNs is their inherent
ability to keep a state memory, which we believe can handle
the problem of noise better without step filtering. A decision
module has also been designed to detect failures and it is
responsible for the allocation of RNNs that are suitable for
each situation. Apart from the idea of the fault-tolerant system,
we have exploited several architectures and models for RNNs
within the system: Gated Recurrent Unit, Long Short-Term
Memory and Simple RNN. The system uses as inputs a
collection of Wi-Fi Received Signal Strength Indication (RSSI)
signals, and the RNN determines the position of an agent on
the basis of this collection. A fault-tolerant mechanism has
been designed to support two types of failures: (i) momentary
failure, and (ii) permanent failure.

There are two main research questions that we seek to
answer: (1) “Can we locate agents in indoor environments with
Recurrent Neural Networks?”, and (2) “How do different types
of failure affect the accuracy of the localization of the agents in
indoor environments”. Several RNN topologies were deployed
and evaluated to address the first question. In the case of the
second question, failures were simulated while running our
localization system to understand to what extent its variations
in accuracy depend on what nodes are available.

The remainder of this article is structured as follows:
Section II investigates current research with regard to the
localization problem. In Section III, we define some general
concepts about RNNs, and describe the main features of Long
Short-Term Memory and Gated Recurrent Unit based RNNs.
The details of the test environment, in which the collections
were carried out, the proposed fault tolerance protocol, and
the designed RNN are examined in Section IV. The results
are set out and discussed in Section V. The paper ends with a
summary of the conclusions and makes recommendations for
future work.

II. RELATED WORK

This section reviews some related studies, and highlights
the application of wireless sensor networks in the location of
agents in internal environments.

The purpose of the study by Yoo and colleagues [11] was
to calculate how robots could move inside an international
space station to carry out operations. Cell phones were used
in this study to emit Wi-Fi signals and a regression algorithm
estimated the location of the robots – the algorithm used
was the Gaussian Process (GP). The algorithm estimates the
positions of the robots in the space station with errors up to
1.90 meters and can indicate the exact place where the robot
is. This procedure served as an inspiration to our work, and
we extended the system through the use of RNNs for the task
of localization and for devising a decision-making system for
fault tolerance.

Marti et. al [12] conducted real tests in low-visibility
environments using algorithms such as KNN, RNA, along
with a solution proposed by the authors called ARIEL. It was
found that it performs better employing the KNN algorithm
on the basis of Euclidean distance. As the aim of the work
was to assist robots in environments with low visibility, it
includes a board that emits light for locomotion, although only
information collected by Zigbee network nodes was taken into
account, instead of combining the data of the network with
the data of luminosity. Despite this, the system could enable
a robot to navigate in an area with low visibility and reach
specific points of interest.

In Jekabsons et. al [13] Wi-Fi is used as a technique
for locating real indoor environments to determine people’s
positions. The study shows how a mobile device with Wi-
Fi uses the signal from several base stations scattered in
an internal environment, without the need for a backend
server. It was concluded in the study that with the aid of the
classifier algorithms (KNN and WKNN), and the access to
these different devices provided by Wi-Fi technology, the error
calculated by the algorithms is between 2.5 and 4.0 meters in
the tested environment.

A different approach for localization can be seen in the
work by Luo and colleagues [14]. They show how a 3D point
cloud can be used to perform pose estimation and landmark
localization by means of fast scene recognition. This is a very
useful approach, although in some locations, it is not possible
to identify who the person is. Knowing who the person is
and what the needs of the machine are, is essential to enable
our approach to guarantee security. The same applies to the
approach adopted by Lu and colleagues [15] in which indoor
localization is performed on the basis of thermal imaging.

As is clear from the studies examined above, machine
learning methods for locating agents in internal environments
have been widely used. For this reason, the use of recurrent
neural networks must be taken into account, since one of the
variations of neural networks that are widely used for temporal
related problems. Carvalho et al. [10], Wang and colleagues
[16] and Wu et al. [17] also recommend and evaluate indoor
localization techniques, although, the question of exploiting
fault tolerance which is discussed in our paper is not covered
by them. This study is an extension of these studies, since it
involves evaluating more rooms in a commercial building and
applying more modern machine learning algorithms.

III. RECURRENT NEURAL NETWORKS

The Recurrent Neural Networks (RNN) is an extension
of a conventional feed-forward neural network that handles
variable-length sequences by having recurrent hidden states.
By means of the recurrent states, RNNs are able to maintain
internal memory and this allows them to store information
about the past, as well as to model a dynamic temporal
behavior that allows them to update their hidden state in non-
trivial ways [18]–[20].

Originally, RNNs were difficult to train because of the
problem of the vanishing or exploding gradient. In both of



these problems, the gradient-based optimization method uses
to struggle because it long-term dependencies used to be
hidden by the effect of short-term dependencies. Two methods
were developed to improve the training; the first involves
gradient clipping , in which the norm of the gradient vector
is clipped [21]. The second approach involves an activation
function using gated units. There are two types of gated
unit transformations that were suggested: Long Short-Term
Memory (LSTM) and the Gated Recurrent Units (GRU) [22].
These are explained in the following sections.

A. Long Short-Term Memory

In the original concept of Recurrent Neural Networks (sim-
pleRNN), the gradient signal can end up by being multiplied
by the weight matrix of the neurons in the recurrent hidden
layer during the back-propagation phase. The magnitude of
the weights in the transition matrix can have a powerful effect
on the learning process. The weights in this matrix can cause
two problems – if the weights are small this can lead to a
vanishing gradient problem where the learning slows down or
stops because the gradient signals are small. The other problem
is the exploding gradient, which occurs when the weights of
the matrix are large, and thus, since the gradient signal is large
too, it causes the learning to diverge [23].

Those two problems are the rationale for designing the
LSTM model, which introduces a new structure called the
memory cell. This structure consists of four elements: an input
gate, a self-recurrent connection neuron, a forget gate and an
output gate. The input gate can alter the state, or block the
memory cell with the aid of the incoming signal. The self-
recurrent connection is configured to bar any outside interfer-
ence. The forget gate modulates the self-recurrent connection
to ensure the cell either remembers or forgets its previous state.
Finally the output gate allows changes to take place in other
neurons, that are based on the current state of the memory cell
[24].

B. Gated Recurrent Unit

The Gated Recurrent Unit (GRU), like the LSTM, was
designed to reset or update a memory. The two most important
structures of a GRU contain a reset gate and an updated gate.
The reset gate relies on leaky integration for a full exposure
of its memory content in each time step, by shifting between
the contents of the current memory and the new content [22].

The updated gate is the main structure that is used to check
how much of the memory has been forgotten and how much of
the new memory content must be added. The main difference
between the GRU and the simple RNN is in the transition
function, where the memories are calculated from the previous
memory states and are modulated by the reset gates [21]. Since
it has this ability, the GRU can ignore previous hidden states
when they are not needed by the current input.

Long-term dependencies are captured by the GRU thanks
to the update mechanism. Thus, whenever a term is thought
to be important for the memory, the update gate is triggered
to show that content must be added to it and included in the

network training. The reset mechanism informs the GRU about
how much memory is required to eliminate items that are no
longer required for training the network.

There is also evidence of a similarity between LSTM
and GRU in the manner in which the recurrence of their
neurons takes place. The recurrence of neurons causes several
important parts of the training to be remembered for a longer
period of time, which is not the case if the recurring inputs
happen to be implemented by a simple RNN.

C. Differences Among Recurrent Layers

As mentioned earlier, the recurrent layers of the LSTM and
GRU have similarities with regard to the reuse of neurons
for their training, unlike the SimpleRNN, which only uses the
inputs for its training. The fact that both LSTM and GRU have
this type of recurrence provides them with an advantage that
SimpleRNN lacks, since it means that any important feature
will not be overwritten on account of the forget gate (LSTM)
or update gate (GRU).

However, LSTM differs from GRU since it includes a
controlled exposure of the memory content, which is not found
in the GRU. The lack of this structure means that GRU fully
exposes its content without control, since this structure checks
the amount of memory content used by other network units
[21].

Another difference is the location of the input gate in LSTM,
and the corresponding reset gate in GRU. LSTM calculates
the new contents of the memory cell without separating the
amount of information obtained on previous occasions. It only
controls the amount of new content being added to the memory
cell. In contrast, the GRU makes use of the information flow
obtained earlier, but does not control the amount of candidate
activation added to the memory in that cycle [21].

IV. A FAULT TOLERANT INDOOR LOCALIZATION SYSTEM
VIA RECURRENT NEURAL NETWORKS

Fig. 1 shows the modeling of the system. Information about
routers (Wi-Fi signals) is obtained and evaluated by an intel-
ligent decision system. Depending on the Wi-Fi conditions,
different RNNs are relied on to carry out the localization task.
This section describes the real-world data collection phase, the
modeling of the decision system and the RNNs.

Routers send their data (as will be shown in Subsec-
tion IV-A) and an intelligent fault tolerance system determines
which of its alternatives will be used (for momentary failures
or permanent failures). When failures of this kind occur, a
model is evaluated taking into account three types of RNNs
used (SIMPLE RNN, LSTM and GRU), as shown in Sub-
section IV-C. This is followed by the answer to the question
regarding the location of the room where the agents are.

Fig. 2 shows a basic structure of a recurrent neural network.
In this model, each recurrent neuron (N1, N2, N3) performs
the unfolding of the neurons (R1, R2, R3). The regular model
considers 5 inputs, being information from 5 routers. The
recurrence, i.e., use of past information characterizes the
so-called memory of an RNN. Unlike a traditional neural

Towards a Smarter Fault Tolerant Indoor Localization System Through Recurrent Neural Networks



Fig. 1. The general model of the system: a fault-tolerant indoor localization
system.

network, which uses different parameters in each layer, the
RNN uses the same parameters for all steps, however, despite
the same parameters, there are different entries for each step
[25].

Fig. 2. Schematic of a recurrent neural network, similar to a RNN used in
our experiment. There is five inputs and three neurons with recurrence. There
is one output, which is the label of the position of an agent in an indoor
environment.

A. Data Collection

The data collection was conducted in a commercial building
divided into rooms (as shown in Fig. 3). The conditions created
for the experiment were as follows: (i) 7 rooms were selected
inside a commercial building for position classification; (ii) 5
base stations were placed at different points on the floor; (iii)
3 different collection points were chosen for each room that
had to be classified; (iv) each collection task per room lasted
10 minutes, i.e. approximately 3 minutes per point in a room;
(v) 3 samples were collected per room, making a total of 30
minutes per room and 210 minutes were required for the entire
testing; (vi) the collection was carried out by a person with a
laptop who checked its position in each room over a period
of time.

B. Fault Tolerance Protocols

Failure can be regarded as a concept that indicates that the
system has proved to be inconsistent, but it does not represent

an error. An error in a system is when the system has for some
reason stopped and can no longer compute its activities. This
is not the case with a “failure”, which is when the system
continues to operate despite a momentary state of immobility,
for example.

The system for locating agents, which is designed to support
routers’ faults, includes methods for handling them when they
occur. For this reason, a fault tolerance protocol was designed
for this particular system. We design the systenm to be capable
to deal with two of failure: (i) momentary failure, and (ii) total
failure of a particular node. A momentary failure occurs when
a person maintains an excessive distance from a node in the
network and hence there is a lack of connection to him for
a short period of time. A total failure occurs when a router
completely loses contact with the collecting agent.

The handling of these faults has been configured so that the
error codes can be embedded or the readings from the network
nodes completely excluded when they occur. In momentary
failures, an error code is entered to cover the short time that
the connection was lost. In total faults the readings of the
network nodes are completely excluded, in this case, since the
system has 5 base stations, and when the model loses one, a
new location model is formed with 4 base stations, and so on.

C. Development of the RNN

The evaluation in this study was carried out by designing a
multi-label classification problem of supervised learning where
the labels are rooms in a floor of a commercial building, and
the datasets are generated through a sliding window with raw
sensor data.

The proposed RNN topology can be seen in Figure 2.
The inputs consist of three vectors that have 10 values each
(readings from the base station). There is one recurrent hidden
layer (ranging between 5, 10, 30 and 50 neurons). The output
is mapped as a multi-label problem. Each output neuron is
linked to a room, as shown in Fig. 3. Three types of RNN
are evaluated: LSTM, GRU and SimpleRNN. Three topologies
were formed for each case, by taking account of the different
number of neurons in the hidden layer (5, 10, 30 and 50). The
Keras framework1 was used for the implementation of these
algorithms. These classifiers were trained and tested by relying
on 70% of the data for training and 30% for testing. The
activation function is the softmax and the optimizer algorithm
is the rmsprop. The training of the RNN was carried out for
1000 epochs.

V. RESULTS AND DISCUSSION

A. Momentary Failure

The test achieved good results which suggests that recurrent
neural networks can be used to locate people indoors. The use
of different types of RNN can determine the best situation,
together with the types of data available for this kind of
location. In this case, Fig. 5, shows the hit rate percentage
of each different RNN architecture. As previously mentioned,

1https://keras.io
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Fig. 3. The evaluated environment. The circles (R1, R2, R3, R4, R5) represent the five base stations used for the collection. There are three collection points
in each of these named regions and these are represented by the points in each region.

Fig. 4. Location architecture which requires someone to have a device with
access to RSSI routers and be able to employ machine learning to find his
location.

different numbers of neurons (5, 10, 30 and 50) were used
with different types of RNN (GRU, LSTM and Simple RNN).

Fig. 5 shows the hit rate using the RNN with GRU to check
where the person is in the tested environment. In this example,
it was found that the use of 5 neurons is not required to locate
people in the internal environment, since there is an average
hit rate of 34% and in a better case scenario, this reaches
51%. The use of 10 neurons leads to a higher mean average
of approximately 44% and in a better case scenario can reach
63%. The numbers that achieved best results were the use of
30 and 50 neurons – with 30 neurons, the model had a 78%
success rate and with 50 neurons, the mean average of the
hit obtained an 84% success rate. The best case recorded was
with 50 neurons where the RNN with GRU correctly fixed the
person’s position at 87%.

The RNN with LSTM (Fig. 5) was used to determine the

position of the person in the environment of Fig. 3. The use
of 5 neurons and 10 neurons led to the worst results with
averages below 40%, with the use of 10 neurons. When there
were five neurons, the worst results averaged only 27% of
the 10 runs. The use of 30 neurons in the RNN with LSTM
obtained a mean average in the hit rate of around 62% and
the best results were found when the test was carried out with
50 neurons, and a mean average of 79% was obtained and in
a better case scenario, 82%.

Fig. 5. Boxplot with 10 executions for all RNN architecture. In this case all
5 base stations were used in the experiment with Momentary Failure.

Fig. 5 also shows the success rate of the 10 runs with the
same variation in the neurons for SIMPLERNN, and obtained
results in which the use of 5 neurons averaged 33%, and the
use of 10 neurons scored 41% of hit rates.

Results suggest that the use of an architecture with five and
ten neurons is not recommended for any of the cases, since
they had the worse results. The use of RNN with GRU and
50 recurrent neurons for the complete test ( i.e. using five
base stations and with no failure) was the best architecture for
the localization problem in the indoor environment tested, as
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Fig. 6. Boxplot with all the fault-tolerance architectures, using 3 routers, and 4 routers. In the case of 3 routers, there are 2 variations; and in the case of 4
routers, 3 variations of architectures to locate people in indoor environments.

Fig. 7. Best results obtained by using the RNN with a fault-tolerance
approach.

Fig. 8. Confusion Matrix for the best RNN architecture.

shown in Fig. 3, as this obtained the best result (87%) in all
the runs and their best average as well (82%).

B. Permanent Failure

As already mentioned, the fault-tolerance methodology ex-
plored in this experiment involved (a) the momentary failure,
where an error code is embedded during a period of time when
the node has become inactive, and (b) the complete withdrawal
of a router, for the execution of several RNN architectures, and
(c) an attempt to determine, in an accurate way which system
is most recommended when this type of failure occurs.

Different numbers of neurons were used for the three types
of RNN tested (5, 10, 30 and 50). Fig. 6 shows the results of
the hit rate for these architectures.

In Fig. 6 it should be noted that the use of 5 neurons and 10
neurons are not advisable for localization, and neither is the
use of the complete model. In this case, the use of 30 neurons
when there are 3 routers, (with the withdrawal of routers R1
and R5) achieves hit rates with a mean average of 58% with
the use of GRU, and with the use of 50 neurons for the test,
the best result was also with GRU and reached a 60% hit rate.

After the removal of the R3 router the best cases were
similar for all the other tests, where the use of GRU for
location was also better with the 50 neurons, as it achieved a
hit rate of 77%. LSTM achieved 70% and Simple RNN 73%.
The last architecture involved the withdrawal of the R4 router
and the widest gap was found between the use of RNN with
GRU and LSTM - in the case of 50 neurons, the GRU had
a hit rate of 75% and the LSTM had 65%. Finally, Simple
RNN obtained a 70% accuracy for locating people indoors.
By way of illustration, Fig. 7 summarizes the best results that
have been observed for each of the architectures.

To illustrate the best result found in this article, Fig. 8 shows
the confusion matrix. The best case was the evaluation of a

IJCNN 2019. International Joint Conference on Neural Networks. Budapest, Hungary. 14-19 July 2019



GRU (50 neurons) with momentary failure. Fig. 8 indicates
that the classification error for the positions of the agent, occur
in neighboring rooms, since the widest range of errors is found
to be close to the real result. This suggests that it is possible
to locate people with a high degree of accuracy using this
Recurrent Network.

VI. CONCLUSIONS AND FUTURE WORK

In this paper, an attempt has been made to evaluate how
a system with different types of recurrent neural network
architectures can correctly classify the positions of agents
in an indoor environment, by taking fault-tolerance protocols
into account. An assessment has been made of three distinct
types of RNN: GRU, LSTM and SIMPLERNN. Moreover,
the neurons were evaluated for each distinct type of recurrent
variation in the hidden layer, and contained 5, 10, 30 and 50
recurrent neurons. All of them were based on two different
models of failure: momentary failure and permanent failure.

The deployed model relied on five routers scattered within a
commercial building environment, and correctly classified the
position of a person who carried out the collections at distinct
points of each different room within the environment.

The study as a whole found that the architectures with GRU
were the most suitable for use in the best cases (50 recurrent
neurons). The evaluation was undertaken with 5 routers, and
the momentary failure protocol which had the highest degree
of accuracy (an 87% hit rate). Regarding permanent failures,
the system presents different accuracy depending on the node
that fails.

This study recommends the following for future studies in
the field: (i) modifying the functions of the regression model
, and reporting errors in meters, (ii) performing a two-stage
collection and adding a further axis (x, y and z) for collection
and for indicating the position, (iii) making a comparison
between RNN and convolutional neural networks, (iv) using
the model created to classify positions located in underground
mines, (v) and most important, embedding the two fault-
tolerance models that were not covered in this article.
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