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Location information is the basis of various Internet of Things (IoT) application
systems to achieve service functions. It is an important issue to obtain loca-
tion information through various location technology. Location issues include
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Abstract. Indoor automatic localization technology is very important
for the Internet of Things. With the development of wireless technol-
ogy and the diversification of location service requirements, especially
in complex indoor scenarios, users are increasingly demanding location-
based services. Traditional Global Positioning System (GPS) location
technology is difficult to solve some positioning problems in indoor envi-
ronments, and WiFi is now available in most indoor environments. There-
fore, using WiFi for positioning does not require additional deployment
of hardware devices, which is a very cost-effective method. However,
WiFi-based indoor positioning requires a large amount of data, so we
can use artificial intelligence methods to analyze the data and obtain
a positioning model. The traditional indoor positioning methods based
on WiFi signals have some problems such as long positioning time and
poor accuracy. In order to solve the above problems, this paper proposes
an indoor localization method based on Deep Neural Networks (DNN)
for WiFi fingerprint. In particular, a DNN-based WiFi-RSSI positioning
method is proposed for indoor automatic localization. Besides, in the
process of DNN training, a joint training method based on unsupervised
learning and supervised learning is adopted and the special loss function
is defined. Extensive experiments are carried out in both the UJIIndoor-
Loc public database and a real scenario, and a thorough comparison with
several existing approaches indicates that the proposed scheme improves
the localization accuracy on average.
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both outdoor localization and indoor localization. Outdoor localization has been
widely used, especially Global Positioning System (GPS), which can enable peo-
ple to travel the world freely. Traditional GPS location technology is difficult to
solve some positioning problems in indoor environment due to a lack of line of
sight (LoS) transmission channels between satellites and indoor receivers. With
the booming development of IoT industry in recent years, the demand for indoor
positioning technology has been increased by the various IoT application scenar-
ios have greatly increased. Great efforts have been devoted to developing Indoor
Positioning Systems (IPSs) to enable reliable and precise indoor positioning.
Nowadays, with the popularity of the Internet, there are many WiFi signals
around people. By measuring the received signal strength indicator (RSSI) of
the WiFi signal, makes the indoor localization based on RSSI possible. In gen-
eral, the WiFi-based IPS may estimate the position based on Time of Arrive
(TOA) [4], Time Difference of Arrival (TDOA) [3] or Arrival of Angle (AOA)
[16]. However, additional specialized equipments must be required to measure
the round trip or angle of the WiF1i, because the ordinary signal receiving equip-
ment is not accurate enough. In contrast, fingerprint-based methods [1,15] do
not require special device and are therefore easier to implement.

The original fingerprint-based positioning system [1] used K Nearest Neigh-
bors (KNN) to find the closest match from the fingerprint database. In order
to improve the robustness of the positioning system, a Bayesian-based [6,8,12]
filtering method is proposed. Subsequently, the RSSI samples are associated
with the fingerprint database by using Support Vector Machine (SVM) [15] and
Compressed Sensing (CS) [5,10]. In order to reduce the burden of collecting fin-
gerprint database, Pan et al. [11] proposed transfer learning. Recently, Li et al.
[9] proposed a method of shunting short-term memory to solve the problem of
location in a dynamic environment. De et al. [13] proposed a multi-hop approach
to solve the problem of precise positioning.

However, due to multipath fading and occlusion of objects, the wireless sig-
nal has fluctuations, which in turn leads to changes in RSSI, which is a major
problem for the positioning accuracy of the fingerprint-based. Even at the same
location, the RSSI is different for different time periods. For more precise posi-
tioning, we need to collect as much Access Points (AP) information as possible,
especially when the environment is particularly large. Therefore, the data of the
fingerprint database will also become larger and larger. The challenge of the
WiFi-based IPS is how to extract valid features from a large amount of data
and find the best match.

The DNN has achieved significant success in solving many similar problems.
In the fingerprint method, a machine learning method can be used to extract the
main features of the signal. These features are treated as fingerprints and stored
in a database. The fingerprint method can not only improve the positioning
accuracy, but also reduce the computational complexity. This paper proposes an
8 —layers DNN model, which consists of 7 fully connected hidden layers and an
output layer to solve indoor positioning problems.
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The rest of the paper is organized as follows. Section 2 introduces a general
structure of DNN to predict the position, which is a 8 — layers DNN model; The
WIFI-RSSI positioning model based on DNN is described in Sect. 3. Section 4
gives the WIFI-RSSI database description and the result of experiments. Finally,
We conclude this paper and shed light on future works in Sect. 5.

2 The Structure of DNN for Localization

DNN is very effective in the classification and regression of hidden feature extrac-
tion, and has been widely used in visual recognition and artificial intelligence in
recent years. The popularity of DNN is attributed to the improvement of Graphic
Processing Unit (GPU) processing power and the emergence of advanced DNN
libraries, which simplify the realization of complex ideas. We can use deep neural
networks to model the dependencies between location coordinates and WiFi fin-
gerprints. In this paper, we propose an localization method based on 8 — layers
DNN to predict the position.
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Fig. 1. The structure of the DNN for localization.

We use a fully connected DNN to implement the positioning task with WiFi
fingerprint, as shown in Fig.1. The DNN model has 7 fully connected hidden
layers, as well as an input layer and an output layer. Each hidden layer has
ki,k2, ..., ki, ..., k7 neurons. The input layer of the DNN is the WiFi signal value
R = (ry,7a,...,7), and the output layer of the DNN is the predicted coordinates.
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3 WiFi-RSSI Localization Model Based on DNN

3.1 The Structure of WiFi-RSSI Localization Model

| Deep Neural Network ‘
RSSI, Training
RSSI, database
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Fig. 2. The structure of WiFi-RSSI localization model.
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The localization model, as shown in Fig.2. The model consists of two parts:
the offline-training phase and the online-localization phase. During the offline-
training phase, the data of the fingerprint database is used to put into the
8 — layers of DNN for training. The training of the DNN is to determine the
structure of the deep neural network and the weight of each neuron. First per-
forming feature extraction on the data. Then performing pre-training to initialize
network parameters. After a series of fine-turning and dropout, a classification
model is finally obtained. In the online-localization phase, we use the testing
database to evaluate the performance of the model. First, the WiFi-RSSI data
needs preprocessing. Then, inputting the processed data into the trained WiFi-
RSSI localization model, and finally outputting the current position coordinates
and calculating the Average Localization Errors.

In the localization model, we use Pandas to read the data, Scikit-learn and
Numpy to normalize and format the data, and the data flow diagram of Tensor
Flow to calculate and update the parameters.

3.2 Encoding and Decoding Based on SAE

To reduce the dimensionality of the WiFi-RSSI data, we used Stacked AutoEn-
coders(SAE) [2], as shown in Fig. 3. Before encoding, we need to regularize the
WiFi-RSSI data. Three hidden layers are used here with dimensions of 256,
128, and 64, and the feature dimensions can be continuously reduced. Finally,
a 64-dimensional feature is obtained. This feature is used to perform reverse
reconstruction to obtain the reconstructed feature. The reconstructed feature is
the same as the original feature. By SAE, we can obtain data that contains many
detailed and valuable feature information than the raw data, which is used to
train classifiers with specific contexts and is more accurate than training with
raw data.
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Fig. 3. Stacked AutoEncoder used in DNN.

3.3 The Selection of Activation Function

The activation function introduces non-linearity into the deep neural network so
that the deep neural network can have hierarchical non-linear mapping learning
ability, which is also an important factor affecting performance. So the activation
function is an integral part of the neural network. In the localization model, we
use the softmax function [7] as the activation function, the formula is as follows:

ei

= 72? =

where, S; represents the probability that the current output belongs to i, €
represents the i-th power of e.

S; (1)

3.4 The Definition of Loss Function

We use the loss function based on Back Propagation (BP) to train the DNN
weights. In order to obtain better positioning results, it is necessary to con-
tinuously reduce the difference between the real coordinates and the predicted
coordinates. So we redefine the loss function to calculate the difference between
the real coordinates and the output of the DNN model. The formula is as follows:

floss - \/(mp - 37t)2 + (yp - yt)2 (2)

where (24, ;) is the real coordinate of reference point sample i, and (x,, y,) is
the estimated coordinates of reference point sample i. By using the BP algorithm
to minimize the value of the loss function fj,ss, the gradient descent algorithm
is used to update the DNN weights until the value of fj,ss converges.

3.5 Unsupervised Pre-training and Supervised Training

In order to solve the network parameter contribution is small and the update
speed is slow, we use unsupervised pre-training. Supervised pre-training uses
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layer-by-layer greedy training strategy, that is, training the first hidden layer of
the network, and then training the second hidden layer, until the last hidden
layer is trained. Finally, we use these trained network parameter values as the
initial values of the overall network parameters.

The input of the input layer is the n-dimensional preprocessed WiFi-RSSI
vector R; = (r1,72,...,7,) and the label L;. First, the signal value is encoded and
decoded through SAE to obtain the representation of the WiFi-RSSI data and
reduce the dimensionality of the WiFi-RSSI data. In this way, the results are
more accurate than training with raw data. Then, unsupervised pre-training is
adopted. After the pre-training is completed, the obtained parameters are used
as initial values of the entire network parameters. Finally, supervised training
is performed. Using the BP algorithm and the gradient descent algorithm to
fine-tuning continuously and obtain the optimal network parameters.

4 Experiments

In this section, extensive experiments have been done to verify the performance
of WiFi-RSSI localization model.

4.1 Experimental Data

In order to test and evaluate the performance of the system, a large database
containing location tags is required. In this experiment, two databases of self-
collected laboratory database and UJIIndoorLoc [14] public database were used
for training and testing. The main difference between the two databases is that
the self-collected database is a dense database, and the reference points are
uniformly distributed; the UJIIndoorLoc public database is a sparse database,
the reference points are unevenly distributed, some places are dense, and some
places are sparse.

The Self-collected Laboratory Database. The experimental data was col-
lected at the 316 laboratory on the 3rd floor of the School of Computer Science,
Inner Mongolia University. The laboratory covers an area of about 78 square
meters(the length is 13.5 m, the width is 6 m).

The laboratory data is collected at a sampling interval of 1 m. First, taking
the position of the door as the coordinate origin, then dividing the coordinates,
from (1,1) to (5,13), a total of 65 points are setting as shown in Fig. 4.

Next, We use mobile phones to collect data at each point. The collecting
data from 65 coordinate points as training data; then, at non-integer coordinate
points, we randomly select some points to collect data as testing data. Each
record of the collected data includes 5 attributes, WiFi name, Media Access
Control (MAC) address, RSSI levels, X and Y. Some examples of the collected
data are shown in the Table 1.
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Fig. 4. The coordinate points of 316 laboratory.

Table 1. Some examples of 316 laboratory collected data.

WiFi name MAC address RSSI levels | X | Y
IMUDGES Pro | d4:a1:48:a4:87:3c | —83 11
network f4:83:¢d:91:16:62 | —82 2|1
NETGEAR 00:0f:b5:35:32:a4 | —48 31

The collected data is processed to establish a fingerprint database. Training
database with a total of 10,339 sampled points, each of which includes 84 wireless
access points, coordinate points (X, Y), and testing data with 6337 sampled
points, the attributes of 316 laboratory database as shown in Table 2.

Table 2. Some examples of 316 laboratory collected data.

Index | Attribute
01-84 | RSSI levels
85 X

86 Y

The UJIIndoorLoc Database. The UJIIndoorLoc database covers a surface
of 108703 m? including 3 buildings with 4 or 5 floors depending on the building.
The number of different places(reference points) appearing in the database is
933. The map of the UJI Riu Sec Campus, as shown in Fig. 5.

The database consists of 21049 sampled points, of which 19938 are used for
training and 1111 are used for testing. Each record in the database contains
529 attributes, as shown in the Table 3, the first 520 attributes inform about
the RSSI levels of these 520 wireless access points. The remaining 9 attributes
contain longitude and latitude of measurement, floor number, building ID, space
1D, relative position, user ID, phone ID and timestamp of measurement.
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Fig. 5. The map of UJI Riu Sec Campus.

Table 3. The attributes of UJIIndoorLoc database.

Index Attributes

001-520 | RSSI levels

521-523 | Real world coordinates of the sample points
524 BuildingID

525 SpacelD

526 Relative position with respect to SpacelD
527 UserID

528 PhonelD

529 Timestamp

To ensure the independence of the database, a validation (or testing) samples
are obtained 4 months after the training samples. Therefore, using UJIIndoorLoc
database for positioning is a challenge, but the results obtained can be used to
estimate the actual performance of the system. For the use of UJIIndoorLoc
public database, some methods are used to locate the building and the floor.
The method proposed in this paper is used to locate coordinate points.

4.2 Setup

The localization system runs on a PC with the windows 10(64 bit) operating
system, which CPU is i7-4690 and memory is 8 GB, the development tool is
PyCharm.

This experiment uses Average Localization Errors to measure the perfor-
mance of the positioning. First, we use the Euclidean distance to calculate the
distance between two points, the formula is as follow.

(i, k) = /(i — x)? + (i — ye)%; (3)

where i, k represent the real point and the predicted point, respectively.
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Then we sum the distances of all the points and calculate the mean d as
the average localization errors. The smaller the average localization errors, the
better the positioning performance.

d= % S d(i, k) (@)

i=1

4.3 The Comparison of 316 Laboratory

The experimental results of 316 are shown in the Table4. The average localiza-
tion errors of DNN is 2.7 m, and the average localization errors of other methods
exceeds 3 m. The positioning effect of DNN is better than other methods. Since
the database from the 316 laboratory was collected at a sampling interval of 1 m,
the 316 laboratory database has a smaller coordinate range than the UJIIndoor-
Loc database. Therefore, the average localization errors calculated by these six
methods is very close.

Table 4. The comparison of six methods in 316 laboratory.

Method Average localization errors(m)
DNN 2.7
KNN 3.8
SVM 4.6

DecisionTree | 3.4
RandomTree | 4.85
ExtraTree 3.65

4.4 The Comparison of UJIIndoorLoc

The UJIIndoorLoc database includes 3 buildings, the building 0 and building
1 with 4 floors and the building 2 with 5 floors. We used the single floor and
multiple floors data of three buildings to test the system performance respec-
tively. The main difference between single floor and multiple floors is that single
floor only uses the data of a certain floor without considering the influence of
the height of the floor. Multiple floors uses the data of multiple floors, and the
positioning result will be affected by the height of the floor.

Single Floor. The experimental results of the UJIIndoorLoc database are
shown in the Fig.6. The number 0 to 4 in the figure correspond to different
floor of the building. In general, the DNN is relatively stable and has the best
positioning performance. The average positioning errors corresponding to the
three buildings are 7.53m, 11.07m and 10.98 m, respectively. Other methods
have large fluctuations and large positioning errors.
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Fig. 6. The comparison of six methods for single floor in UJIIndoorLoc database.

Multiple Floors. The experimental results of the UJIIndoorLoc database are
shown in the Fig.7. The number from 1 to 5 in the figure correspond to the
number of floors of the building in the UJIIndoorLoc database. In conclusion,
the DNN is stable and has the best positioning performance. The minimum
localization errors corresponding to the three buildings are 7.06 m, 10.09 m, and
9.81 meters, respectively. Other methods have large fluctuations and large local-
ization errors.

The positioning effect of DNN is better than other methods. The reason for
the high localization errors is include two parts: one is that the position of the
UlJIIndoorLoc data point is represented by the latitude and longitude of the
map, and the value is very large; the second is that when the predicted result
is not accurate, it will lead to a large distance between the predicted point and
the real point.
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Fig. 7. The comparison of six methods for multiple floors in UJIIndoorLoc database.

5 Conclusion

This paper proposes an DNN-based WiFi-RSSI Indoor Localization Method.
The average localization errors on the self-collected database is 2.7 m, which is
better than the other five methods. The average localization errors obtained on
the UJIIndoorLoc database is 9m, which is also better than the other methods.
Therefore, the DNN-based WiFi-RSSI Localization Method for Indoor Auto-
matic Localization is accurate and adaptable. However, for the positioning of
multiple buildings, further researched need to be conducted to improve position-
ing accuracy.
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