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Summary 

Indoor localization algorithms in smart cities often use Wi-Fi fngerprints as a 
database of Received Signal Strength (RSS) and its corresponding position coor-
dinate for position estimation. However, the issue of fngerprinting is the use of 
di˙erent platform-devices. To this end, we propose a Long Short-Term Memory 
(LSTM)-based novel indoor positioning mechanism in smart city environment. We 
used LSTM, a type of recurrent neural network to process sequential data of users’ 
trajectory in indoor buildings. The proposed approach frst utilizes a database of nor-
malizing fngerprint landmarks to calculate WiFi Access Points (WAPs) RSS values 
to mitigate the fuctuation issue and then apply the normalization parameters on the 
RSS values during the online phase. Afterwards, we constructed a transfer model to 
adapt the RSS values during the o˜ine phase and then applying it on the RSS values 
from the di˙erent smartphones during the online phase. Thorough simulation results 
confrm that the proposed approach can obtain 1.5 to 2 meters positioning accuracy 
for indoor environments, which is 60 % higher than traditional approaches. 
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INTRODUCTION 

Wi-Fi is widely used as an infrastructure to position users when they are indoors in smart cities. Particularly, Wi-Fi fngerprint-
based localization utilize channel status and RSS to create fngerprint repository, which contains the exact position of pre-
selected locations and corresponding RSS of the nearby AP 1,9. This phase of fngerprinting-based technique is called o˜ine
training. Then, machine learning algorithms such as k-Nearest Neighbour (k-NN) can be applied on collected RSS and fngerprint
repository to estimate the position of target positions. Although fngerprint-based localization has many useful features, creating
fngerprint landmarks for a large area is at the expenses of a signifcant amount of time and human resources6. Further, multi-
path propagation (fuctuation) of RSS readings due to movable objects, complex indoor environment structures6, large area or 
multi-building datasets for the survey 7, using di˙erent device-platforms to collect RSS values8, and time eÿciency of using
di˙erent matching-algorithms are the main challenges of using RSS-based fngerprinting technique.

Besides k-NN, deep learning is widely used as a machine learning technique for indoor positioning. This domain of research
has attracted many researchers in both academia and industry. With this technique, the accuracy of indoor positioning can be
improved as it can eÿciently handle sequential datasets and associate RSS values with the geolocation positions2,10. More 
precisely, Long Short-Term Memory (LSTM) model is able to fnd long-term correlation in the Wi-Fi RSS and utilize them in
position predictions. LSTM architecture is eÿcient for feature classifcation and prediction based on time-series analysis. Thus,
LSTM can make an accurate prediction of people trajectory when they are indoors and use the same device platform3,13. 

In indoor positioning environment, however, it is known that data can be frequently outdated because collected data in a
specifc time interval is not equivalent to the same distribution in the subsequent period. Further, it is very costly to collect RSS
values to build positioning in large-scale scenarios, because it requires a large lookup table of RSS values with exact ground
locations. This process needs to be repeated when the distribution of RSS values is varied with time and type of device (such
as iPhone and Huawei devices). For instance, using deep learning to train a model in one device and in a specifc time interval
may lead to low accuracy of position estimation in di˙erent time period and device. Distribution of Wi-Fi RSS values at two
di˙erent time intervals are not the same even if the mobile device remains in the same position 4,5. 

However, the issue of fngerprinting technique, which has not been well addressed in the literature, is the use of di˙erent
platform-devices to train and test the dataset. This is because; using di˙erent platform-devices will measure the RSS readings
very di˙erently for many reasons. It is noteworthy that the term of di˙erent platform-devices refers to the fact that the devices
use di˙erent API-operating system, measurement criteria and materials. These di˙erent platform-devices are a realist demand of
indoor positioning solutions. Christos et al. 8 proposed a new calibration method of the RSS readings to mitigate such issue. The
calibration method is called self-calibration which provides better mapping between the reference device and the tested devices
by using the histograms of the RSS records. Further, the calibration method doesn’t need any user interaction due to updating
histogram RSS values concurrently during the positioning process. Although their proposed method provided a comprehensive
comparison among a set of existing calibration methods, the evaluated methods did not o˙er enough positioning accuracy.
Transferred learning model (TLM), as a new approach, has been mentioned as a future trend in7,1 to reduce the e˙ectiveness of 
using di˙erent platform-devices on fngerprinting technique.

In this paper, we frst review the various e˙orts made to improve the accuracy of the target trajectory in a dynamic indoor envi-
ronment. Then, we present an LSTM-based novel indoor positioning mechanism. We used LSTM, which is a type of recurrent
neural network, to process sequential data of peoples trajectory in indoor buildings. We utilize a database of fngerprint land-
marks to calculate WAPs RSS values that are normalized to mitigate the fuctuation issue and apply the normalization parameters
on the RSS values during the online phase. Then, we constructed a model that transfer extracted parameters during the o˜ine
phase to adapt the RSS values when applying on the RSS values from the di˙erent smartphones during the online phase. Sim-
ulation results confrm that the proposed approach can obtain 1.5 to 2 meters positioning accuracy for indoor environments,
which is 60 % higher than traditional protocols.

The rest of this paper is arranged as follows: Section 2 highlight an overview of the proposed protocol and also discusses the
detail of designed algorithm. This is followed by performance validation and evaluation in section 3, where we highlight the
feasibility of our proposed approach by considering di˙erent platform-devices. Finally, section 4 concludes the paper. 

†This is an example for title footnote.
0Abbreviations: ANA, anti-nuclear antibodies; APC, antigen-presenting cells; IRF, interferon regulatory factor 
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(a) The fow process of proposed LSTM-based matching algorithm. 

(b) The proposed architecture of LSTM Layer. 

FIGURE 1 The fow process and architecture of the proposed approach. 

PROPOSED APPROACH DESIGN 

This section presents the motivation and the detailed algorithm of the proposed approach. The proposed approach elaborates
the process of creating a transfer learning model7, which includes normalization of fngerprint landmarks and design of LSTM 
layers.

Recently, a new challenge of RSS-based localization techniques was raised, which is related to the materials and the position-
ing techniques, together. Particularly, when a fngerprinting technique is used, the smartphones used to construct the RSS dataset
should be the same as the smartphones for testing during the online phase. Otherwise, the accuracy of the calculated position
will be worse. Therefore, to overcome this issue, we propose a new approach to transfer or adapt the nature of the calculated RSS
values among multi-smartphones. The proposed approach adopts the transfer learning model to estimate the accurate positions.
The model is trained based on di˙erent type of smartphone measurements using a machine learning algorithm. In this paper, a
RNN based model is adopted, specifcally long-short-term-memory (LSTM) algorithm as a transfer learning model. This is to
mitigate the issue of multi-platform devices.

The design of the LSTM is illustrated in Fig. 1a. As noted, the process of creating the transfer learning model includes two
main steps. In the frst step, collected RSS values are normalized at every known nearby positions by subtracting the mean of
the device(s) involved in training the model and dividing by standard deviation of the same device(s). Further, the sequence in
the input layer, which is a set of RSS values of each reference position (fngerprint), will be input into the network. Afterwards,
the LSTM layer develops long-range connections between the RSS values of the sequence data. For more understanding of
the LSTM layer, Fig. 1b depicts the structure of LSTM model. Further, the cell and hidden states calculations are expressed in
equations 1 and 2, respectively. 

ct = f (t) æ ct−1 + it æ gt (1) 

ht = ot æ �c (c(t)) (2) 
where æ indicates the Hadamard product, � indicate the state activation function which is the hyperbolic tangent function. For c 
this study, it is the input gate, ft is the forget gate, ct is the cell candidate gate, and fnally ot is the output gate.

The LSTM layer is, then, connected to the fully Connected Layer. This layer is responsible to provide connection between
their nodes and all nodes in the LSTM layer. Each node in this layer applied an activation function on a linear combination of
all the features learned by the previous layers across the RSS-vector to identify the larger patterns, where the parameters of the
linear combination representation are the set of weights at each layer. The last fully connected layer maps the node outputs into a
number of nodes equal to the number of classes available in the classifcation problem. In other words, it combines the features
to classify the RSS vector to the label or a known position. Therefore, the output size parameter in the last fully connected layer
is equal to the number of classes in the target data. However, due to having a multi-classes classifcation, i.e., multi-positions in
the area, the Softmax function is applied to compute the probabilities for each class (each position) to the output layer from its
network inputs11. 
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PERFORMANCE EVALUATION 

3.1 Dataset & Simulation Setup 
We have used the public KIOS WiFi RSS dataset8. The KIOS dataset includes the collected WiFi RSS values from the KOIS 
research center at the University of Cyprus. The area of KIOS research center is around 560 m2, and it has a complex indoor
structure which is composed of labs, conference rooms, corridors, private oÿces, and open-cubical-style. This dataset is ideal
for testing our proposed approach. This is because the RSS values are collected from fve di˙erent WiFi-enabled commercial
mobile-devices within di˙erent platforms including three Android-based smartphones (namely HTC Desire, Samsung Nexus S,
and HTC Flyer tablet), HP iPAQ hw6915 PDA with Windows Mobile, and an Asus eeePC T101MT laptop running Windows
7. In our experiments, to simplify mobile device names, we have called them as follow: device1, device2, device3, device4, and
device5. Further, the dataset is divided into two parts: train dataset and test dataset. The train dataset contains 2100 records of
RSS values within the labeled position from 9 WAPs in the vicinity. While the test dataset includes 960 records of RSS values,
again, from 9 WAPs, both datasets are generated by each mobile-device, separately.

The performance of the proposed transfer learning model using LSTM was evaluated via the MATLAB toolbox. Three dif-
ferent scenarios are tested where LSTM and k-NN are used as matching algorithms. The frst scenario uses matching algorithms
without applying the RSS normalization parameters (mean and standard deviation). The second scenario uses matching algo-
rithms by conducting the RSS normalization process. Note: in both scenarios, the train datasets of all the devices are contributed
to the train model, we named main train dataset. This is followed by testing each device, using its own test dataset, separately.
While the third scenario is to test the devices, however, when the device is tested, the train dataset of that device is excluded. 
This is to show how the performance of the LSTM o˙ers positioning accuracy, even the test device is not used during the o˜ine
phase, i.e., during constructing train dataset. Thus, this is a real demand for the current indoor positioning solutions. 

3.2 Simulation Setup 
The performance of the proposed transfer learning model using LSTM was evaluated via the MATLAB toolbox. The size of
sequence input is initialized to 9, since 9 WAPs RSS values are available at each position in the vicinity. Since the number of
the fngerprints (or the number of labelled positions) during the survey of the building is equal to 105 positions, therefore, the
number of classes is also initialized to 105 classes. The Adam activation function is used for all input, hidden, and output nodes).
The learning rate, number of hidden of nodes, and the number epochs are confgured to 0.01, 180, and 300, respectively.

To show the performance of the proposed approach (specifcally to test the matching algorithm), we also test the same datasets
by using k-NN technique. With the k-NN technique, the number of neighbours k is initialized to 3, as a rule of thumb and
according to 12, that setting the values of k to 3 is more reliable for the classifcation purpose.

Three di˙erent scenarios are tested where LSTM and k-NN are used as matching algorithms. The frst scenario uses match-
ing algorithms without applying the RSS normalization parameters (mean and standard deviation). The second scenario uses
matching algorithms by conducting the RSS normalization process. Note: in both scenarios, each device has its own train and
test dataset, and they are used separately. While the third scenario is to test the devices, all train data sets are combined into a
main dataset, however, when the device is tested, the train dataset of that device is excluded. This is to show how the performance
of the LSTM o˙ers positioning accuracy, even the test device is not used during the o˜ine phase, i.e., during constructing the
main train dataset. Thus, this is a real demand for the current indoor positioning solutions. 

3.3 Simulation Results 
Positioning accuracy is the most reliable metric to evaluate positioning solutions. There are several methods to calculate the
accuracy such as root-mean-square-error (RMSE), absolute-mean-error (AME), Median of the absolute mean error (MAME),
and Median of the absolute maximum error (MAME). In this study, MAME is selected to calculate the positioning accuracy
due to the comparison issue with the state-of-art solutions.

Table 1(left) shows the experiment results for the frst scenario. The average positioning accuracy obtained for all the devices
tested, when LSTM is used, is worse than the k-NN results because the RSS fuctuation issue from the trained dataset is not 
adopted. Also, the k-NN technique only works on measuring the similarity of RSS vectors; therefore, positioning accuracy via
k-NN is better. 
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TABLE 1 Positioning accuracy of proposed approach and k-NN algorithm when normalization is not (left) and applied (middle)
as well as positioning accuracy using the proposed approach when normalization is applied and the train dataset of the test
device is excluded (right) 

To show how the normalization helps the LSTM training model, we experimented with the second scenario. The result of the
second scenario is presented in Table 1(middle). The accuracy obtained by both LSTM and KNN is better than the frst scenario,
as it avoids the problem of fuctuation of the RSS feed through the normalization process.

To present the promised LSTM result when the train data set is not included in the main train dataset, we experimented with
the third scenario in comparison with k-NN. The positioning accuracy of this scenario for both applied LSTM and KNN is
shown in Table 1 (in the right). As can be seen, the LSTM always o˙ers enough positioning accuracy in comparison to k-NN.
Note: the maximum error of the LSTM is up to 2.01 meters while the maximum error via kNN is around 3.6 meters. This is
because k-NN will lose the nearest RSS records when the training dataset of the test devices is excluded. However, the exclusion
of the train datasets of the test devices does not a˙ect on the learned model via the LSTM algorithm.

To further validate the performance of the proposed approach, we compare the accuracy measure obtained via LSTM with the
results in8. In8, several calibration methods have been tested. We have chosen the modifed self-calibration (SCmed) method,
since it o˙ers better positioning accuracy among existing methods. The comparison is presented in Fig. 2. Both Device1 and
Device2 are tested and their train datasets are excluded. The selection of these two devices is referred to in the experimental
setup of8. As it is shown in Fig. 2, the average positioning accuracy of SCmen is up to 2.5 meters. In contrast, benefting
from transfer learning and normalization, the proposed approach achieves accurate positioning estimation, up to 1.5 meter. This 
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result illustrates that our proposed approach-based on LSTM provides 60 % (equivalent to 1 meter) less positioning error. This
improvement will help indoors positioning solutions to be more applicable, commercially. 

CONCLUSION 

we have shown that the positioning error increases when the fngerprinting technique is utilized in di˙erent platform-devices
to train and test the datasets. Further, RSS measurements by di˙erent platform-devices are most likely di˙er from each other
for the same position and time. To overcome this limitation, we propose an LSTM-based novel indoor positioning mechanism
for accurate position estimation. The proposed approach uses normalized fngerprint landmarks to calculate APs RSS values to
address the problem of RSS fuctuation and then apply the normalization parameters on the RSS values during the online phase.
Then, the proposed approach incorporates with a transfer model to match the RSS values in the o˜ine phase to RSS values of
di˙erent devices in the online phase. Through extensive simulations, we have shown an accuracy gain, up to 1.5 to 2 meters,
of the proposed approach. Because the proposed approach uses transfer learning and normalized fngerprint points, it performs
well in a realistic indoor environment when di˙erent platform-devices are used. 
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