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Abstract: Indoor tracking has evolved with various methods 

and well known these days. There are diverse types of solutions 
that concentrate on exactness, low cost, and control utilization 
within the field. Particularly in recent years, Received Signal 
Strength Indicator based positioning estimation have been getting 
popular. Still, the accuracy are not adequate, and there's no 
correct way chosen to overcome this issue. In this paper, we 
propose a strategy that leverage Deep Learning and Wi-Fi/BLE 
(Bluetooth Low Energy) Fingerprinting strategy to produce 
superior precise accuracy. 

Keywords : Deep learning, Fingerprinting, indoors positioning, 
localization, Wi-Fi positioning, BLE, Machine learning 

I. INTRODUCTION 

In today’s world, the smartphone-based indoor positioning 
technic has an enormous amount of applications benefiting 
from location detection, Hospital routing, food delivery, 
travel booking, personalized ads, emergency evacuation 
management, inhouse stock navigation, etc. 

Wi-Fi/BLE based received signal strength measuring 
technic of the indoor positioning system is popular among 
other methods. 

Positioning technologies, which are regularly utilized 
nowadays, change, and make our lives simpler. GPS is the 
foremost commonly used technology for following 
displacement units such as persons and vehicles within the 
open zone. Due to the shortcoming of the GPS signals inside 
in an indoor environment, GPS technology cannot work at the 
specified precision. For this reason, indoor positioning 
frameworks are a hot topic that's being considered both in 
scholastic and industrial professional areas [1]. Also, this 
issue is exceptionally imperative, given that 87% of people's 
lives are thought to go through in closed spaces such as 
schools, houses, shopping centers, and working environments 
[2]. 
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Wi-Fi technology is the foremost commonly utilized 
technology for indoor area detection. In any case, this 
technology consumes a lot of power and incorporates an 
absolute precision within the range of 2 to 3 meters [3]. As an 
alternative to Wi-Fi, Bluetooth Low Energy is a cheap  

innovation with moo control utilization that can be utilized 
for this reason. It is found in gadgets commonly used by 
individuals such as keen phones, tablets, shrewd TVs, and its 
predominance is expanding day by day [4]. They can work for 
a few months with a battery due to low energy utilization, are 
secluded, and straightforward to introduce [5]. Since of all 
these focal points, the utilize of Bluetooth Low Energy (BLE) 
in indoor situating is getting to be progressively common. 

Received Signal Strength Indicator (RSSI), a signal 
received by the mobile unit indicates the current strength of 
any Wi-Fi/BLE access point. It can be utilized to discover the 
separation between the smartphone unit and the access 
point/indicator device [14]. There are different approaches to 
deciding the position using this data. The foremost commonly 
utilized methods are Triangle-   pro ess n ,  r laterat on, and 
  n erpr nt strate  es   ll these methods pos t on o  the 

porta le  n t or the    ed pos t on o  the  l etooth 

transm tt n   n t     -   a  ess po nt    The signals gotten are 
based on the RSSI information. 

The fingerprint in a certain position (x, y) is expressed as 
shown in Eq. (1),  
RSSI( ,y) = [RSSI1−1, RSSI1−2,       , RSSI1−M1, 

RSSI2−1, RSSI2−2,       , RSSI2−M2 ,       , RSSIN−1, 

RSSIN−2,       , RSSIN−MN ]                                                       
(1) 

Where M1 = M2 = . . . = MN = M, implies the number of 
RSSI utilized in a fingerprint is equal for all of the grapples. 
This presumption is reasonable since in a BLE5.0 based 
framework, the broadcast interims of grapples are set to be the 

same, and the number of RSSI been seen is nearly equal. 

 
Fig. 1. Wi-Fi Fingerprinting positioning method 
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Fingerprint method, environmental pointers at the t me o  
operat on    he a    red RSSI data  s the strate y o  

comparing the sub-region where the foremost fitting 
coordinate is gotten by comparing the information with the 
prepared information set. It comprises of 2 phases, online and 
offline. The offline phase is used as a recording of access 
point (AP) RSSI from each sub-region values are saved within 
the database and online as scanned RSSI value comparison 
with this database, as shown in Fig. 1. 

II.   MOTIVATION 

The fingerprint-based positioning technic compares the 
unique finger impression of Wi-Fi access point or Bluetooth 
technology RSSI. In this approach, it was found that as it were 
2 - 7 meters exactness can be accomplished in indoor situating 
[7]. This exactness rate is very inadequately when observing 
the area enclosed zones, particularly in limit zones such as 
hallways [3]. In this study, the Fingerprint Learning, using the 
standard unique mark method, it is expecting to attain way 
better comes about over the time. 

III. PROPOSED METHOD AND ALGORITHM 

To apply the Fingerprint method, the position required 
adequate RSSI in the area where the analysis will be made 
data have to be collected, and a test area has been established 
for this purpose. When creating the test area with 4 standard 
Beacon [8], which are frequently used for indoor positioning 
in the market, were used. These are point-to-point devices 
with Bluetooth Low Energy (BLE) technology that can be 
installed by building, working with the battery for a long time. 
The following are the specification of the Beacon markers are 
 sed  n the  ollow n  str  t re  n o r tests;   rmware: 6 7 3 • 

Lo at on In ormat on S  nal Stren th: 4d m • Lo at on 

Information Propagation Period: 200ms 
 

 
Fig. 2. Collecting of RSSI Data Area 

Signal Strength Indicator information database of every 1 
square meter in the test area as shown in Fig. 2. 

In addition, these Beacon markers are located in the 

topology of the corners of the rectangular test area for 
accessible real-life applications. The distance between the 
markers in the knit topology is positioned to be 5 meters or 
closer to minimize the estimated error rate [9]. As a result, a 
test area S was created in Fig. 2, divided into 6 square meters 
and 6 square meters. 

It is positioned in 4 corners through 36 sub-regions of 
Signal Strength Indicator after each of the is filer markers 
information has been read and saved in the database. Usually, 
locating takes place online. 
The RSSI value measured are prone to have error and noise. It 
is essential to do pre-treatment to remove the noise, and then 
these values are compared to the data set previously saved in 
the database, which corresponds to the sub-region located. 
But the problem here is that the RSSI can be matched to more 
than one sub-region due to environmental effects such as 
signal mixing and signal reflection. In such cases, methods 
such as mathematical modeling of RSSI values, and the use of 
speed and gyroscope information with the Extended Kalman 
Filter [10] can be applied [5]. But in this study, the database 
recorded   Signal Strength Indicator raw data, generated, and 
Deep Learning will be used as an education set of learning 
structures. 
Deep Learning; regression, classification, and forecasting are 
the powerful machine learning approach [3]. In this study, for 
each sub-region RSSI value acquired. We use machine 
learning approach to classify that, is the indicator data 
included in this subgroup or not? To respond to this, the 
classification approach of Deep Learning will be utilized. 

We have a total of 4800 lines of data, 250 of each 
sub-region, taken from 6X6 meter of the test area with 4 
pointer devices. There are 520 different data sets. Then, this 
data will be used in the training of the Deep Learning model, 
which will be 20% for verification and 80% for educational 
purposes. 

Our Deep learning Neural Network model is designed to 
include 2 hidden layers, which are the entry-level of Deep 
Learning. In addition, since there are no standards available, 
the number of nodes to be found in the hidden layers is 
determined to be half of the sum of the generally accepted 
input and output nodes, i.e., 3. Among the hidden layers, 
Rectifier function (as shown in Eq. (2)) ReLU and Sigmoid 
Function (as shown in Eq. (3)) was used in the output layer as 
shown in fig. 3. The reason for using ReLU is that, due to the 
definition of the function, it tends to obtain the least sparse 
vector by excluding weights less than zero. This reduces the 
processing load [11]. In addition, Sigmoid Function is Signal 
Strength Indicator 
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Fig. 3. Deep Learning Model Layer with Knot 

How much data is included in this sub-region? It also gives 
the probability value. Advancing Algorithm as   sta es, 
 olle ted onl ne   S  nal Stren th Ind  ator     ra y rat o  or 

each sub-region will be calculated using the samples, and the 
most appropriate sub-region will be selected. 

 
σR(z) = ma (0, z)                                                    (2)  
y (x) = (1 + e-x)-1                                                      (3)  

After the model is created, the parameters that will be used in 
the machine learning process; Parameter adjustment was 
performed for the Grid Search method to obtain the best 
output for lot size, several training rounds, and optimizer 
function. 
• N m er o   at h S ze: 4, 10, 16, 25, 32, 64 
• N m er o  tra n n  to rs: 25, 50, 100, 200 

Table- I:  Deep learning network parameters for 
Optimized Test environment  

Parameters Values 

Number of Party Size 64 

Number of Training Tours 400 

Optimizer ReLU Function 

Loss Function Binary cross entropy 

 s a res lt o  th s pro ess,   parameter values decided to be 
used as in Table I. Then, in line with this structure, the data 
sets available for each sub-region were used for educational 
purposes. At the end of education, accuracy rates were found 
for each sub-region separately. Table II contains the 
maximum and minimum values of the predicted accuracy 
rates for each sub-region. 

Table- II: Projected Accuracy for the sub-regions – 
Maximum and Minimum value  

Min-Max Accuracy Ratio Value 

Maximum 0.991 

Minimum 0.938 

In this process, the K-Layer Cross-Verification method was 
used to avoid being affected by the over-learning problem. As 
a result of this method, it was observed that the educational 
outcomes for each sub-region were not significantly affected 
by the excessive learning problem. As the output of this test, 
the maximum and minimum values of the standard deviations 

of accuracy rates obtained from successive calculations in 
each sub-region education are given in Table III. 

Table III: Cross verification for each sub-region using 
proposed method – Average standard deviation 

maximum and minimum values 

Min-Max Standard 
Deviation Value 

Maximum 
0.028
6 

Minimum 
0.010
9 

As a result, after Deep Learning education, the minimum 
accuracy rate of 0.931, which is the calculated accuracy rate 
for each sub-region, was accepted as the overall accuracy 
value of the whole system. 

IV. EXPERIMENT 

The experiment is performed at the start of the Fingerprint 
method in the test area. The data obtained from the data 
collection process and our computer-generated environment 
were performed using a new test dataset   hen  reat n  th s 

test dataset,   separately  olle ted  or the lower re  on RSSI 

 al es , and standard de  at on  al es  sed   h s set o  tests 

 nd  ates the s  nal stren th o  ea h s  re  on   The mean 
values of the indicator values are the standard deviation of 
randomly generated RSSI values comprising. 

 
Fig. 4. Standard Fingerprint method Vs Proposed 

method 
The test data set, which consists of a total of 3000 data, 150 of 
which are produced for each sub-region, was created. We give 
a label for each sub-region of build using standard Fingerprint 
and. The outputs obtained by using Deep Learning structure 
were observed. Accuracy percentages of the outputs obtained 
for the same test input were calculated and is shown in Fig. 4. 
which illustrates that in some subregions, the proposed 
method gives better results than the Fingerprint method, but 
the accuracy rates are still not sufficient. For improving the 
accuracy, the additional study has increased the number of 
hidden layers in the model. 

The number of changes in the hidden layers of the model 
and the parameters mentioned in Table 1 was kept constant, 
and the accuracy ratios were calculated for each sub-region by 
changing the model so that the number of hidden layers was 1, 
2, 3, 4, 5 and 6. The correlation between the minimum values 
of the subregions obtained at each step and the numbers of the 
imprecise coefficients can be observed in Fig. 4. 
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Fig. 5. Number of Hidden Layers Vs Accuracy Ratio 

As shown in Fig. 5., the accuracy rate obtained by 
increasing the number of hidden layers used in the model 
increases linearly, and it is seen that the 5 hidden layer models 
have the best accuracy ratio. It was observed that the 
development of the model in this way provided an 
improvement throughout the system. In addition, education 
for the sub-region when the data of the cluster is examined, 
the pointing device signal strength indicator. 

The standard deviation value of the flow rate is quite 
significant processes. Therefore, the signal strength of th s 
  eld  s prod  ed  est  np ts randomly  enerated  s n  

 nd  ator  n ormat on   he ran e  s e tens  e, and the rat o o  

mat h n  to the s  -re  on de reases   he reason why the 
standard de  at on  s so s  n    ant  s  ons dered to  e a   

experienced test environmental impact in the field of testing 
when training data are collected. 

V. EXPERIMENT RESULT AND CONCLUSION 

In this paper, Bluetooth Low Energy technology and Deep 
Learning with Strength Indicator-based Fingerprint Method is 
used to improve the accuracy of finding indoor position. A 
Deep Learning structure with the parameters mentioned in 
Table I has been established, and the tests have been 
observed, and the results have been observed. 

According to the outputs in Fig. 3. ; Except for the 
subregion with the' A2' label, it was observed that the position 
finding dog increased for all remaining subregions — one in 
other words; our algorithm, Fingerprint direction-better 
results than supply. Besides, when the whole system is 
evaluated, locating the position with the last method result in 
79.7%. Besides, since the sub-regions in the test environment 
are set up to be 1 square meter, the accuracy rate of 79.7%, 
calculated for the whole system, is 1 meter and below for 
position Standard deviation using Fingerprint. The position 
error of the method is between 2 and 3 meters. Also, the 
standard fingerprint method was observed with a rate of 
18.3% and it is known that the position deviation of the 
standard Fingerprint method has been improved by 3 times 
with the approach mentioned in this paper. 

In future studies, some sub-regions (see Fig. 3, A2 region) 
will be examined in more detail to determine why this method 
has less accuracy and improvement studies will be conducted 
in this direction. 
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