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Abstract—Indoor location estimation has long been researched
to realize location-based services. In this paper, we propose an
indoor location estimation method for Bluetooth Low Energy
(BLE) devices using end-to-end LSTM neural network. We
focus on large-scale exhibition where is a tough environment
for wireless indoor location estimation due to signal strength
instability. To achieve higher accuracy, deep learning based
methods are proposed rather than trilateration or fingerprint.
Existing deep learning based methods estimate the location from
the probabilities using the difference of query signal strength
and autoencoder-reconstruction of it. Proposed method adopts
end-to-end location estimation, which means the neural network
takes a time-series of signal strength and outputs the estimated
location at the latest time in the input time-series. We also
build a loss function which takes how a person walks into
account. Considering the difficulty of data collection within a
short preparation term of an exhibition, the data generated by
a simple simulation is used in the training phase before training
with a small amount of real data. As a result, the estimation
accuracy is average of 1.92m, using the data collected in GEXPO
exhibition in Miraikan, Tokyo. Proposed method outperforms our
previous trilateration based method’s 4.51m average.
Index Terms—location estimation, BLE, deep learning, LSTM,
end-to-end location estimation

I. I NTRODUCTION
To realize location-based services such as navigation to
one’s destination, information suggestion at appropriate timing
and collection of marketing information, people’s location
is essential information. There are increasing demands on
activity analysis of visitors at an indoor exhibition event (for
example, walking trajectory, crowded area, and popular booth).
Booth placement optimization and precise audience targeting
in next year’s event or a similar event require such information.
However, GPS signal, which is generally used outdoors,
gets weaker and leads to inaccurate location detection. To
solve this problem, indoor location estimation has long been
researched. Among a variety of methods proposed, we focus
on Bluetooth Low Energy (BLE) based location estimation.
This work was supported by JSPS KAKENHI Grant Number JP17H01762.

BLE is ready-to-use with many devices such as smartphones,
smartwatches, and IoT devices. Because BLE is designed to
keep power consumption low for better battery life, we can use
BLE devices for a long time without being bothered by battery
shortage. We have been working on BLE location estimation
for large-scale exhibition with mobile tag and fixed scanner
style. This style makes the location estimation system simple
because giving a BLE tag to a visitor is the only thing needed
to start estimation.
The location estimation method in our previous research
[1] was based on trilateration and particle filter. Calculation
of existing probability at a certain location was done by
trilateration with signal strength and the probability was used
to resample the particles which represent the candidates of the
estimated location.
The common problems of signal strength based location
estimation are the fluctuation of signal due to noise and
packet loss. Our previous method dealt with these problems
by improving both on hardware and algorithm. Using tandem
scanner which has multiple Bluetooth adapters and the algorithm which behavior can be controlled with parameters,
higher accuracy was achieved. On the other hand, recent deep
learning based location estimation methods are robust to noise
and packet loss and reported to improve accuracy. Existing
deep learning based methods adopts denoising autoencoder
and estimates location based on the similarity of an input
signal and the reconstructed signal.
In this paper, deep learning based end-to-end location estimation using BLE is proposed. End-to-end is, in this context,
defined as that the neural network outputs the estimated location from the input signal strength. Proposed neural network
takes a time-series of signal strength captured by the scanners
in the area as input and outputs the estimated location at
the latest time in the input time-series. The concept image
of proposed end-to-end location estimation is shown in Fig.1.
Fully connected layers and LSTMs are used in proposed neural
network. We also use custom designed loss function which

al. [9] used this approach aiming to monitor what the residents
do in the rooms of a nursing home.
B. Distance or Angle Calculation

Fig. 1: Conept image of proposed end-to-end location estimation.

can evaluate several error components such as distance and
direction to achieve higher accuracy. Because there are many
possible network structure, to find the optimal structure, we
evaluate estimation accuracy when changing the structure with
the data collected in a real exhibition event.
Moreover, to decrease the amount of real data to train
the neural network, a simple simulation of signal strength is
adopted. This is because collecting a large amount of training
data is difficult in the short preparation term of an event. As a
result, training phase consist of two stages, the first stage with
a vast amount of simulated data and the second stage with a
small amount of real data.
In summary, this paper has the following contributions.
(1) This paper presents an end-to-end location estimation
method, from the time-series of BLE signal strength to the
location with deep learning. Proposed method uses a custom
design loss function to model the movement of a person for
better accuracy. (2) Considering the difficulty of collecting
the training data in a real environment, training of the neural
network is done with simulated data and a small amount of real
data. (3) Evaluation of the estimation accuracy when changing
the layer configuration is performed to the data collected in a
real exhibition event.
The remainder of this paper is organized as follows. In
Section II, related location estimation methods are introduced.
Proposed method is described in detail in Section III. The
evaluation of estimation accuracy when changing the layer
configuration of the neural network is performed in Section
IV followed by the conclusions in Section V.
II. R ELATED W ORK
There are many location estimation methods proposed with
various approaches such as inertial sensor based [2], ultrasound based [3] and wireless communication based [4], [5].
Among many wireless communications (for example FM [6],
RFID [7]) are used in location estimation, Wi-Fi [8] and BLE
based methods are promising because of the rapid spread
of smartphones and IoT devices. In this section, methods
based on Wi-Fi and BLE are summarized by their estimation
approach.
A. Proximity
The proximity-based estimation uses the location of the
device which recorded the strongest signal. This approach is
straightforward and useful for area-level estimation. Komai et

These methods estimate the location based on signal
strength, Time of Flight (ToF), or Angle of Arrival (AoA).
Signal strength is often used in the trilateration method which
estimation is based on the distances from at least three devices.
INTRI [10] employed the idea of forming contours surrounding the estimation target using the query signal strength and
the signal strength collected in advance (like a fingerprint
approach) for Wi-Fi location estimation rather than performing
pure trilateration. Wang et al. [11] proposed trilateration based
location estimation with Bluetooth devices. ToF needs accurate
time sync among all devices. AoA needs antenna array or
directional antenna. Wi-Fi Channel State Information (CSI)
[12] is used in SpotFi [13] to estimate ToF and AoA. BLoC
[14] defined Bluetooth CSI for location estimation while signal
strength is the only information which we can get from
Bluetooth signal in general.
C. Fingerprint
To consider the environmental characteristics of signal
strength (e.g. reflection, fading) fingerprint approach is widely
used. This approach has two phases. In the training phase,
reference fingerprint of signal strength is built through the
measurement throughout the target environment. In the testing
phase, pattern matching to the fingerprint is used to estimate
the location from the query signal strength. For better accuracy
or estimation speed, various fingerprint format and matching
method are proposed [15]. RADAR [16] adopted Wi-Fi signal
strength based fingerprint and matching based on neighborhoods in signal strength space. Wu et al. [17] focused on the
similarity of Wi-Fi signal strength among adjacent locations
and dealt with the instability of the signal. Faragher et al. [18]
adopted fingerprint with fixed BLE tag and mobile scanner
style location estimation.
D. Deep learning based method
Recent success of deep learning enables higher accuracy
location estimation. Current deep learning based methods
adopt autoencoder as a neural network structure. Estimated
location is basically calculated as a weighted average of
fingerprint locations. The weight for each fingerprint location
is calculated based on the similarity of the input and the
output of autoencoder. Xiao et al. proposed DABIL [19]
which estimates 3D location from BLE signal strength with
denoising autoencoder. Denoising autoencoder is trained to
restore missing values in the input and it is effective in the
real environment with a lot of packet loss. In Wi-Fi location
estimation, Wang et al. proposed DeepFi [20] which takes
Wi-Fi CSI as the input for restricted Boltzmann machine.
Another method WiDeep [21] proposed by Abbas et al. trained
multiple autoencoders for robust estimation. Hoang et al. [22]
focused on the relationship of the trajectory and the signal
strength and proposed Recurrent neural network based Wi-Fi

location estimation. They compared multiple neural network
configurations for better result.
E. Limits of Existing Methods
Existing methods shown above have advantages and disadvantages. Proximity methods are simple but need dense
installation of devices into the target environment for accurate
estimation. Distance or angle calculation methods can keep
the number of devices low, whereas signal noise affects
estimated distance and angle. Fingerprint methods can realize
accurate estimation, however, collecting a large amount of data
throughout the target environment for training the model is
tough labor.
When using deep learning, although we can expect robust
and accurate estimation with a smaller number of devices, the
same problem as fingerprint – collection of a large amount of
training data – occurs. Moreover, existing deep learning based
location estimation do not estimate location directly with a
neural network. In this paper, we propose end-to-end location
estimation with LSTM using time-series input. To mitigate
the negative impact on estimation accuracy by the shortage of
training data, simple simulation is used to generate the training
data before training with a small amount of real data.
III. P ROPOSED E ND - TO - END L OCATION E STIMATION
A. Input and Output Data
To realize end-to-end location estimation, input data is signal strength captured by the scanners in the target environment.
Using the signal strength rit captured by the scanner i at time
t, the set of signal strength Rt can be described as (1). The
total number of the scanners is referred to as N .

Fig. 2: Basic structure of proposed neural network.
B. Neural Network Structure
The basic neural network structure is shown in Fig.2. Before
inputting the data R(t1 ,t2 ) into the neural network, preprocessing is performed. In the preprocess all missing values are
replaced with −100 and then all values are shifted by +90.
These values are empirically determined, through monitoring
the change of training loss in several small experiments.
The preprocessed data is altered by fully connected (FC)
units which consist of a linear layer, ReLU activation, and
dropout. These FC units are expected to restore missing values
and remove the noise. After the FC units, LSTMs are placed
to extract the features in the time-series. The output of the last
LSTM is processed by a linear layer to get the output P̂ t2 .
FC units and LSTMs can be repeated for changing the
complexity of the neural network. The number of FC units
can be zero, which means there is no correction on input
data before LSTMs. The number of LSTMs is at least one
because we need at least one LSTM to extract the features in
the input. To find the optimal layer configuration, estimation
accuracy when changing the numbers of FC units and LSTMs
is evaluated in the next section.
C. Loss Function

t
Rt = (r1t , r2t , ...rN
)

(1)

However, in general, rit is affected by noise or is unavailable
due to packet loss. Because of that, only using Rt as input
makes the estimation difficult. Considering that the transition
of signal strength has a relation with the movement of the
person, time-series feature extraction can be used. Inputting
time-series also helps the neural network to restore the missing
value or remove the noise of signal strength. Therefore,
proposed neural network takes the input with the shape shown
in (2), which is a matrix of signal strength from time t1 to t2 .
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L(P̂ t , P t−1 , P t ) = wm MSE(P̂ t , P t )
+ wc D(1 − Cos(P t − P t−1 , P̂ t − P t−1 ))
b − D)
+ wr ReLU(D
t
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D = Distance(P , P
)
t
t−1
b
D = Distance(P̂ , P
)
(2)

The output is the estimated location at the time t2 which is
the latest time in the input time-series. This estimated location
P̂ t2 is 2D location as described in (3).
P̂ t2 = (x̂t2 , ŷ t2 )

To get a better result in a noisy environment, the loss
function is defined as (4) using the estimated location P̂ t and
the ground truth locations P t−1 and P t . In the equation, wm ,
wc and wr are the weights of the terms. Cos() returns cosine
b are described as (5) and
similarity of input vectors. D and D
(6) respectively. They correspond to the distance from P t−1 .

(3)

(4)
(5)
(6)

This loss function consists of three terms. The first MSE
term corresponds to the distance between the estimated location and the ground truth location. This term just means that
the distance error should be small.
The second term corresponds to the direction difference
of the estimated location P̂ t and the ground truth location
P t , based on the ground truth location P t−1 . The latter part
produces 0 when P t and P̂ t head for the same direction. The

value of this term also changes depending on the distance of
ground truth locations, D. The intuitions behind this term are
as follows. (1)This term should react sharply to the direction
error when D is large. This is because even if the direction
error is small, a large error occurs with long distance. (2)
When D is small, a large direction error does not lead to
large location error. Therefore, this term does not charge a
large penalty.
The third term is for avoiding the leap of the estimated
location. When the estimated location goes farther than the
ground truth location, ReLU is activated to place the additional
penalty.
D. Training with Simulated and Real Data
Collecting the training data is an inevitable problem with
deep learning based method. The difficulty of data collection
at an exhibition event is greater than that at a permanent
installation case due to the following reasons.
• Short preparation time – Booth construction time, which
we can use for data collection is very limited. Moreover,
signal propagation changes during the construction of
booths.
• Gap of signal strength – Signal strength is different
between preparation time and exhibition time due to
visitors. There is greater noise when many visitors are
wandering.
To train the neural network with a small amount of real
data, we use the signal strength data generated by a simple
simulation. This idea is related to data augmentation, although
we generate the data instead of modifying real data. The
procedure of the data generation is as follows.
1) Randomly choose a location P1 in the target area.
2) Within a certain distance from P1 , randomly choose
another location P2 .
3) Calculate how distances from the scanners change when
the person moves from P1 to P2 .
4) Calculate ideal signal strength which should be recorded
by each scanner in the area based on the distances
calculated in the previous step.
5) Add random value sampled from a normal distribution
as the signal noise to the signal strength.
6) Replace some values with −100 based on predefined
probability. This operation corresponds to packet loss.
t
In step 4, the set of ideal signal strength Rideal
is described
t
as (7) using the set of distances d = (dt1 , dt2 , ..., dN ) to
the person from the scanners. In (7), tx corresponds to
the transmission power which should be recorded when the
distance of a BLE tag and a scanner is 1m and n corresponds
to the attenuation constant which models how lossy the signal
is in the targe environment.
t
Rideal
= tx − 10n log10 dt

(7)

t
In step 5, a set of random variables nN is added to Rideal
as described in (8). nN is sampled from a normal distribution
with predefined mean and standard deviation. This step models

Fig. 3: Locations of the installed scanners.
TABLE I: Common neural network parameters of all configurations.
Parameter
Length of input time-series
Number of scanners N
Dropout probability
Number of LSTM hidden state
Weights of loss function wm , wc , wr
Optimization

Value
10s
38
0.3
64
1, 10, 5
Adagrad

the noise which occurs due to the presense of visitors and
booths.
t
t
Rnoise
= Rideal
+ nN

(8)

t
After that, in step 6, some values of Rnoise
are replaced to
−100 (which means missing value) based on the probability
pdrop as shown in (9). This operation models packet loss.

t
t
Rdrop
= fdrop (Rnoise
; pdrop )
t
= (−100, r2t , r3t , −100, −100, ..., rN
)

(9)

IV. E VALUATION OF E STIMATION ACCURACY
As stated in the previous section, estimation accuracy when
changing the number of layers is evaluated in this section. 10
patterns of configurations are tested – FC: 0, 1, 2, 3, 4 and
LSTM: 1, 2. Larger number of FC means the neural network
will correct signal strength more strongly before LSTM. Single
LSTM extracts the features of time-series and double LSTMs
extract the features of the change of time-series.
A. Target environment
Data Collection: The data used in the evaluation is from
the experiment at GEXPO2016 exhibition held in Miraikan
museum, Tokyo, Japan. The exhibition was a 3-day exhibition
aiming to promote the active use of geospatial technology.
The number of total visitors was 19,138. In the experiment,
38 scanners were installed in the exhibition area (70m × 23m)
as shown in Fig.3.
Experiment subject wore a BLE tag and a UWB (Ultra
Wide-Band) tag (for recording the ground truth) at the entrance
and moved freely. We collected the data from a total of 260
subjects in the exhibition.

TABLE II: Parameters of simulated data generation.
Parameter
Number of scanners
Area size
Length of time-series
Distance of P1 and P2
Transmission power tx
Attenuation constant n
Noise mean
Noise standard deviation
Packet loss prob. pdrop

Value
38
70m × 23m
10s
10m 1
-59 2
2.0
-5
4
0.85 3

(a) One LSTM

(b) Two LSTMs

Fig. 5: Cumulative probability and error.
TABLE III: Error at cumulative probability of 0.5, 0.75, 0.9
(a) counterclockwise

(b) counterclockwise (loop)

FC units

LSTM

0
1
2
3
4
(c) Clockwise

(d) Zigzag

Fig. 4: Paths for testing.

Training and Testing: As stated in the previous section,
simulated data is used as well as real experiment data to train
the neural network. The common neural network parameters
of all configurations are shown in Table I.
The simulated data with the amount of 160,000 is generated
for training with the parameters shown in Table II. Training
with this simulated data is done for 200 epochs with a batch
size of 100.
Additional training with the real data follows the training
with the simulated data. From GEXPO2016 experiment data,
the records of 20 subjects are used. Each record is converted
into 10-second slices using the sliding window with 1-second
slide width. Because the beaconing frequency of the BLE tags
used in the experiment was 10Hz, maximum signal strength is
extracted when multiple signal readings are available in one
second for a scanner. The total amount of the data for the
additional training is 78,000. Additional training is done for
100 epochs with a batch size of 100.
The data for testing is from the records of 3 subjects which
are not included in the data for the additional training. These
subjects walked four paths which are shown in Fig.4. For
all paths, the subjects walked from the experiment desk to
the direction shown by the arrow marks and returned to the
desk. The same conversion with the adittional training data is
performed to feed the data to the neural network.

0
1
2
3
4

Error at cum. prob.[m]
p=0.5 p=0.75
p=0.9

1

2.19
1.30
1.80
1.60
2.36

3.83
2.44
2.88
3.07
4.59

6.15
4.26
4.94
4.39
10.1

2

1.87
1.48
1.66
1.51
1.56

3.37
2.97
2.93
2.85
3.02

5.70
5.70
4.62
4.95
4.83

B. Quantative Result
For all configurations, training and testing are performed.
Fig.5 shows the cumulative probabilities and estimation errors
of all configurations. Fig.5a and Fig.5b illustrates the results
of the configurations with one LSTM and the results of the
configurations with two LSTMs, respectively. Table III shows
the error when cumulative probabilities are 0.5, 0.75, 0.9.
Table IV shows the error average and standard deviation (SD)
of each configuration.
From Fig.5a and Table III, when using one LSTM, the
results clearly degrade when using 0 FC and 4 FCs. When
using two LSTMs, as shown in Fig.5b, there is little difference
among the configurations. From Table III, the configuration
of one FC and one LSTM achieved the lowest error at the
all cumulative probabilities of 0.5, 0.75, 0.9. Table IV shows
that there is little difference both in error average and error
SD among almost all configurations. Considering these results
and the idea that a simpler model is better when several
models report the same result, the configuration with one FC
and one LSTM is the best with average error of 1.92m in
this experiment. This result outperforms the average of 4.51m
which is the best result of our previous trilateration based
location estimation.
C. Qualitative Result

1 The

subject is assumed to walk at 1m/s.
2 This value was set to the BLE tags used in the experiment.
3 Empirically determined, assuming that the scanners about 10m away from
the subject can receive packets, through monitoring the change of training
loss in several small experiments.

From the quantitative result, estimation accuracy is not
much different regardless of layer configuration. Therefore
the examples of the qualitative result are shown here. Fig.6
shows the examples of ground truth locations and the estimated locations plotted on the map of the target environment.

(a) Best result: one FC, one LSTM

(b) Good result: two FCs, two LSTMs

(c) Bad result: four FCs, one LSTM

(d) Bad result: zero FC, two LSTMs

Fig. 6: Distributions of estimated locations by different configurations.
TABLE IV: Error average and standard deviation (SD)
FC units
0
1
2
3
4
0
1
2
3
4

LSTM

Error average [m]

Error SD [m]

1

2.83
1.92
2.27
2.07
3.62

3.47
2.05
2.05
1.74
3.52

2

2.53
2.39
2.20
2.22
2.20

2.38
2.56
2.11
2.27
2.19

According to Table III, Fig.6a illustrates the best result and
Fig.6b illustrates a good result. Fig.6c and 6d illustrate bad
results.
In Fig.6c, estimation on the most left part of the area is
not successful. All configurations with two LSTMs produced
the estimated locations gathering to some locations like shown
in Fig.6b, except zero FC configuration (Fig.6d). From Fig.6a,
the estimated locations fluctuate rather than align to the ground
truth even in the best result. This tendency can be seen in the
standard deviation shown in Table IV. Therefore additional
consideration is needed to the neural network structure or
the loss function, for example, loss based on the quality of
corrected signal strength.
V. C ONCLUSIONS
In this paper, we proposed an end-to-end BLE indoor location estimation method which adopts LSTM neural network.
The neural network of proposed method takes the time-series
of signal strength captured by the scanners in the target
environment as input and outputs the estimated location at
the latest time in the input. For higher estimation accuracy,
loss function is designed to model the movement of a person.
Aiming to use at a large-scale exhibition where exhaustive

data collection is difficult, simulation data is used to train the
neural network as well as a small amount of real data.
Evaluation of estimation accuracy by changing the number
of layers is performed to find the optimal neural network
structure. As a result, one FC and one LSTM is found to be the
best configuration with an average error of 1.92m. However,
from the qualitative result, estimated locations do not align
well to the ground truth.
In conclusion, proposed neural network can estimate the
location of the person in the exhibition. However, the following
three things need to be investigated and improved to achieve an
accurate and robust result. Firstly, simulated data for training
should be more realistic. Simple signal strength calculation
and noise from a normal distribution are used to generate
the simulated data in this paper, however, an analysis of the
distribution of signal strength and noise will lead to better
simulation. Secondly, estimation accuracy when changing the
amount of simulated and real training data should be investigated to reveal the effect of the presence of the simulated data.
The extreme case will be no simulated data or no real data for
training. Thirdly, this system should be tested in various environments (for example, museum and office building). Another
environment has different signal propagation characteristics
and estimation accuracy will change.
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