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1. INTRODUCTION

Wireless technology has become popular because of its low-cost, wide communication range,
mobility and computing capacities. Wireless communication refers to the use of radio signals to transmit
data between two entities without any physical connection. There are various wireless technology types
such as Bluetooth [1], ZigBee [2], and Wi-Fi [3]. Bluetooth uses IEEE802.15.1 standard which is very
adaptable to personal area network applications. ZigBee uses IEEE802.15.4 standard, has low energy
consumption but works on low data rate. Wi-Fi uses IEEE802.11 (a/b/n), has popular devices, works on
high data rate but presents relatively high-power consumption. Table 1 shows a comparison of Bluetooth,
ZigBee and Wi-Fi technologies.

In the last decade, wireless sensor networks have increasingly been used in various applications
such as smart houses, work monitoring in factories and healthcare environments. For example, the use of
WSN permits to monitor patients with telemedicine or healthcare services in hospitals [4]-[7]. Wi-Fi then
comes as a technology that can be employed in WSN applications. Its key features are the popularity of
Wi-Fi devices, affordability, and flexibility of the network. Wi-Fi sensors not only monitor but can also be
used to locate within an environment [8]. Thus, there are two main localization methods as shown in
Table 2:
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— Ranged-based localization [9]-[11]: this algorithm usually uses the information field of the tag
geometry to determine its position. For this purpose, locating nodes and tag communication help to
determine relative positions of the tag using collected geometric information.

- Range-free localization [12]: it consists of the calculation of mobile tag positions by finding locating
nodes in its proximity. For this reason, this algorithm is also known as connectivity-based or
proximity-based algorithm. With sufficient number of locating nodes, an accurate and robust
localization is possible.

Table 1. Comparison of wireless locating technologies

Technology  Main applications Characteristics Battery Life (days) Range (m) Number of nodes Rate (kh/s)
Bluetooth Cable Replacement - Low-cost 1-7 1-10 7 20-250

- Ease of use
ZigBee Monitoring and Control - Stability 100-1000 1-100 255-65k 720

- Low energy

consumption

- Low-cost
Wi-Fi Internet - Very High speed Hours 100 32 11Mbps

- Wide Range

Table 2. Positioning method

Energy Consumption Accuracy Deployment ability Cost Hardware
Range-based Medium-High 90% Hard High-cost Additional hardware required
Free-free Medium 70-75% Easy Low-cost Additional hardware is not required

In order to determine the distance between two nodes, we perform a locating algorithm. If the collected
physical quantities are measured and quantified at the receiving node, we can estimate the sensor tag position.
The most popular locating algorithms used for this purpose are trilateration, proximity [13] and fingerprinting.
A summary of those locating algorithms is illustrated in Table 3. While proximity algorithm is unused for
range-based localization, fingerprinting [14], [15] can be more effective than trilateration [16], [17] because of
its insensibility to received signal strength fluctuations, multipath signals and shadow fadings.

Table 3. Positioning algorithm summary

Positioning algorithm  Signal Properties Cons Pros
Trilateration TOA/TDOA Complex expensive sensitive to noise  Expensive high accuracy
Proximity RSS Complex expensive High accuracy
Fingerprinting RSS Complex Low-cost high performance

Time consuming
High accuracy

The objective of our proposed method is to determine a target node position with a low error
compared to existing static models. Our main contributions are summarized as follows: i) We investigate a
localization method based on neural network using RSS signals, and evaluate its performance in terms of
network size and localization accuracy; ii) We process collected RSS signals using an average filter to
make RSS data reliable and stable; iii) We provide an improved radio propagation model (RSS digital
signature); iv) We introduce a time-delay multi-layer neural network localization algorithm to increase the
positioning accuracy and applicability in real indoor environment; and v) Additionally, we study the
accuracy metric to evaluate the positioning process using average distance error and sum square error.

The rest of the paper is organized as follows. Section 2 provides a literature review on different
wireless-based positioning systems. In section 3, our proposed positioning system is presented in details;
we firstly describe how we built our Wi-Fi based positioning system, secondly, we present our positioning
methodology, thirdly, we describe the process of training/testing dataset collection and the multi-layer
neural network. Experimental process, RSS dataset construction, empirical RSS signature and positioning
error analyses are discussed in section 4. Finally, section 5 concludes our paper.

2. RELATED WORKS

Localization in wireless sensor network [18] (WSN) represents an emerging area of research. Many
practical systems are still being developed and conceived. Hence, new algorithms and techniques are
proposed for multiple layers of sensor network. The majority of wireless sensor network systems estimate
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positions using collected data which is possible only if the mobile tag transmits, collects data and uses a
locating algorithm. Table 4 presents a survey of wireless-based positioning systems. In this paper, we
propose a design of a real-time positioning system based on Wi-Fi and artificial neural network to enhance
the accuracy of estimated positions. Furthermore, our proposed system can easily be adapted and deployed in
various applications (positioning of robots, monitoring).

Table 4. Wireless-based positioning systems

System Microsoft RADAR Horus [20] Robot-based TOPAZ [22] DIT [23]
[19] [21]

Technology Wi-Fi Wi-Fi Wi-Fi Bluetooth+Infrared Wi-Fi
Locating RSS RSS RSS RSS RSS
technique
Positioning K-Neural Network Probabilistic Bayesian Neural Network Neural Network (multi-layer perception
algorithm method approach (MLP), support vector machines (SVM))
Complexity Medium Medium Medium High Medium
Accuracy 3-5m 2m 1.5m 2m 3m
Precision 50% in 2.5m area 90% in 2.1m 50% in 95% in 2m area 90% in 5.12m area (SVM)

90% in 5.9m area area 1.5m area 90% in 5.40m area (MLP)
Robustness Good Good Good Poor Good
Cost Low Low edium Medium Low

3. OUR PROPOSED POSITIONING SYSTEM
3.1. Wi-Fi based positioning network

Wi-Fi network operates at 2.4 GHz frequency band which is the ISM band (Industrial, Scientific and
Medical). Wi-Fi is recommended for controlling and monitoring applications. We used ESP8266 module
which transmits at +14 Bm that is 25 mW (IEEE 802.11n TX power), has a receiver sensitivity [24] of
-72 dBm (6 to the power of -8 mW) and has a communication range of approximately 20-40 meters for
indoor environments. We can configure the ESP8266 Wi-Fi module as shown in Figure 1 by configuring it
into three different groups: Sensor tag, anchors and coordinator.

Figure 1. ESP8266 Wi-Fi module

3.2. Positioning methodology

Filtering raw RSS data using an average filter is an essential phase in developing a robust
positioning model. Therefore, data partitioning phase starts after RSS data processing phase. This phase
includes dividing processed RSS data into training and testing datasets. Training dataset is used to find and
adjust the time-delay multi-layer perception (MLP) parameters in the offline phase. Testing dataset is used to
evaluate and validate our positioning model.

3.3. Collection of training/testing dataset

We used the RSS-based method to estimate sensor tag location. received signal strength (RSS) is
used to measure the incoming value from the target device when data have already been transmitted to
anchors. We established the locating network by forming a mesh topology as shown in Figure 2, in order to
identify and estimate positions of sensor tags within the Wi-Fi network. To request RSS values, the ESP8266
coordinator sends data to sensor tags at predetermined intervals as illustrated in Figure 3.

Real-time RSS-based positioning system using neural network algorithm (Safae EI Abkari)
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Figure 2. Setup of Wi-Fi mesh network
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Figure 3. 1st step of RSS value request

Our system parts are: coordinator, sensor tags, and anchors. ESP8266 coordinator establishes a
centralized personal area network and communicates with network anchors for routing. Positions will be
determined at the coordinator level using RSS values when sensor tags are within the locating area. The
process of RSS values’ collection and acquisition is as follows: i) Initially, ESP8266 coordinator transmits
data to sensor tags at predefined intervals to request RSS values; ii) Sensor tag Mac addresses (MAC) are
already included into data sent from the coordinator. ESP8266 sensor tags transmit new data to anchors
(Figure 4); and iii) When anchor nodes receive data from ESP8266 sensor tags, the anchors read RSS
values, compare it to already stored RSS and extend RSS values into coordinator data format. Those data
are then sent to coordinator to start positioning at the coordinator level (Figure 5).

Anchor Node m Anchor Node

7m

Coordinator

Anchor Node Anchlor Node

Figure 4. 2nd step of RSS value request
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Figure 5. 3 step of RSS value request

3.4. Multi-layer perception neural network

Neural network is a mathematic model inspired from biological system. There is the multi-layer
perception (MLP) which is a supervised learning technique that can be an alternative to implicit formula.
We adapted the time-delay MLP to our positioning system to improve the system stability [25]-[27]
because RSS values are not directly related to positions. The structure of time-delay MLP with two hidden
layers is illustrated in Figure 6. Table 5 illustrates our proposed neural network schematic parameters.

InputLayer 1st Hidden Layer 27 Hidden Layer Output layer

1550

IS5n2

ISS5n-3

Figure 6. Time-delay multi-layer perception diagram

Table 5. The proposed neural network schematic

Input Type RSS of 4 anchor nodes
Input number 24
Time-delay number 2
Training algorithm Levenberg-Marquardt
Hidden node size 10-10-3
Activation Function of Hidden Nodes  Linear and hyperbolic-tangent sigmoid
Output number 2
Output type x and y coordinates

Supervised neural network learning consists of:
- Phase 1: Training phase
Collection of data pattern to adjust (reduce) error of the interconnection weight of MLP using Levenberg-
Marquardt optimization (LM).
- Phase 2: Operation phase
Calculation of mobile tag positions using MLP (1), (2), (3).

— —1i —
Wiss = W = (L] + 1) JLITE, M
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d=b+ Z?:l X; Wi (2)
1
Y=15.4 ®)

Where: wi+1, Wi is the weight of hidden layers; Jt is the output error derivative with respect to weight; Et is
the error of output at t time; d is hidden node input; b is the bias vector; xi is data vector input; y is the
transfer function to activate output from hidden input node d.

4. EXPERIMENTAL RESULTS AND DISCUSSIONS

For the experiment, we used an Intel Core i5 CPU, 8 GB of memory, Windows 8-pro 64-bit
computer. ESP8266 modules were configured as anchor nodes, sensor tags and coordinator. We performed
this experiment in an indoor room that contains tables, chairs, and computers. We firstly collected and
processed raw RSS data to construst an RSS dataset. We studied the empirical RSS signature of our Wi-Fi
network and evaluated the performances of the positioning using time-delay multi-layer perception neural
network

4.1. Construction of RSS dataset

The first step of the experiment involves with the collection and the processing of raw RSS data.
RSS signal can easily be affected by obstacles or orientations. Therefore, it is necessary to use a filter to
smooth RSS signal and remove its fluctuations and sudden peaks. We used an average filter to determine
average RSS values (4) of series of RSS signal values collected using anchors at a target position.

1
RSSay =~ ¥, RSS; 4
In our study case, we calculated the average value of a serie of forthy RSS values collected at the same target
position and at a defined interval. The filtred RSS signal values are stored in a database with its anchor

position coordinates (Table 6).

1
RSSq, = =54 RSS; ®)

Table 6. Raw RSS data statistic for 40 RSS collection per anchor

Target position Anchor 1 Anchor 2 Anchor 3
coordinates Max [dB] Min [dB] Mean[dB] Max[dB] Min[dB] Mean[dB] Max[dB] Min[dB] Mean [dB]
(0.5,2) -49.25 -31.87 -42.10 -51.42 -46.23 -47.89 -78.36 -59.33 -62.74
(1.7,3.1) -54.76 -37.64 -45.75 -63.18 -61.44 -62.28 -57.61 -52.47 -54.88
(7,4.5) -21.75 -16.04 -19.15 -37.66 -24.75 -32.47 -62.77 -53.64 -57.12

4.2. Empirical RSS signature of our Wi-Fi network

The empirical RSS signature (Figure 7) is obtained by collecting average RSS signal values at
predefined target points and their corresponding distances. Table 7 illustrates empirical RSS signature.
Experimental tests showed that RSS values are relatively stable within nine meters. Therefore, we limited the
testbed of our experiment within a 7x7 m and a grid resolution of 0.4x0.4 m.

RSS (dBm)
o
o

distance (meter)

Figure 7. Empirical RSS signature
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Table 7. Signature of empirical RSS values
Mean of RSS (dBm)  Distance (m) Mean of RSS (dBm)  Distance (m)
0.4 -

-59.56 . 72.98 2
-59.84 05 -77.66 3
-61.65 0.6 -80.97 4
-66.15 0.7 -82.85 5
-68.45 0.8 -83.32 6
-69.27 0.9 -84.32 7
-71.36 1

4.3. Positioning using time-delay multi-layer perception neural network

In this section, we demonstrate the accuracy of the time-delay MLP positioning process with the help
of our experiment testbed. The scenario consists of 7x7 m square area with four anchors placed at (0, 0), (7,0),
(0,7) and (7,7) while the target node coordinates are those stored in the database with their corresponding RSS
signal values. The positioning process using time-delay MLP algorithm consists of the two following phases:
— Phase 1: Training phase

In this phase, we set four vectors of average RSS values (training dataset) as inputs of the neural
network and their (X, y) coordinates as outputs. Sensor tag is kept at the same position until RSS values are
collected. We repeated the transmission of RSS vector for four times. We then trained the neural network
using 10-10-3 structure of time-delay MLP. We qualified the neural network weight by the Levenberg-
Marquardt algorithm. We illustrate each test parameters in Table 8.
- Phase 2: Operation phase

We compared real coordinates (testing dataset) with estimated ones using time-delay MLP
algorithm, and we kept parameters of the test with the best performance (Test 2). Results in Table 9 illustrate
that the proposed positioning algorithm has a low error.

Table 8. The 10-10-3 time-delay MLP test parameter

Epoch Validation check Gradient Momentum Performance
Test 1 840 840 9.23x10-12 0.98x10-11 5.92 x10-3
Test 2 430 119 1.47 x10-12 0.98 x10-11 2.68 x10-8
Test 3 200 127 2.46x10-12 0.98x10-10 3.01x10-5
Test4 1200 980 1.36 x10-5 0.98 x10-6 5.54 x10-5

Table 9. Results of the best performance obtained in test 2

Real coordinates Estimated coordinates
X y X Y
0.4 0 0.399 0.0
3 0 3.024 0.040
7 0 7.0 0.023
0.4 1 0.421 1.499
3 1 3.004 1.108
7 1 7.0 1.010
0.4 2 0.354 2.009
3 2 2.987 1.897
7 2 7.021 2.133
0.4 3 0.400 3.042
3 3 3.100 3.0
7 3 6.988 2.877
0.4 4 0.420 4.0
3 4 3.0 3.972
7 4 7.079 4.120
0.4 5 0.394 4978
3 5 3.065 5.022
7 5 7.0 4.896
0.4 6 0.403 6.0
3 6 3.047 6.032
7 6 6.889 6.074
0.4 7 0.378 7.025
3 7 3.103 7.217
7 7 6.969 7.0

We evaluated the accuracy of the locating process using average distance error (6), distance error (7)
and sum square error (8). We show these results in Table 10. With the training and the testing processes, we
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obtained estimated and real positions that are approximately the same. Thus, accuracy of the locating
changed in function of the grid size resolution.

d=YpL,-d (6)
d= \/(xr,i - xe,i)2 + (yr,i - :Ve,i)z (7)
SSEi = % [(xr,i - xe,i)z + (yr,i - ye,i)z] (8)

In this study, we reached an accuracy average of 89% for a 0.4 m grid size. The resolution finesse
decreased with the augmentation of expected coordinates’ results due to the distinguishing difficulties of
conflict points. Thus, ambient environment, ESP8266 module orientation, interferences and reflections
represent the main factors that affect Wi-Fi signals. Therefore, it is necessary to recalibrate the system when
initializing the positioning process. Ideally, in absence of obstacles and interferences, our system will work at
its full performances.

Firdaus et al. [28] introduced signal strength values’ adaptation based on user orientation to
overcome its effect on the indoor positioning system (IPS) accuracy. Abkari [29] provided a compromise
between feasibility and accuracy. They minimized RSS fluctuations using median filter and combined
fingerprinting and trilateration approaches. Alomari [30] introduced a static path planning model for
mobile anchor assisted in wireless sensor networks. Each node receives localization information and
estimates its position with high accuracy. Xu [31] presented a 2-D/3-D locating algorithm using weighted
centroid localization (WCL) technique which controls involved anchor nodes by an optimized threshold.

Wang [32] proposed a quadratic weighted centroid algorithm to improve accuracy and generalization
of tunnel personnel systems. The range accuracy of received signal strength (RSS) was improved by gaussian
filter and trilateration models, combining centroid algorithm and weighting factor. Abdelraouf [33] proposed a
perpendicular distance-based approach (PD) utilizing received signal strength. This algorithm was theoretically
analyzed and was compared to WCL algorithm and weighted-compensated weighted centroid localization
algorithm (WC-WCL) by considering the accuracy parameter. The locating with four anchor nodes using neural
network presented in [34] has an average error of 0.4855 meter for 2-D locating. Kawai [35] investigated MLP
indoor positioning method using RSS. Kalman filter was used to process data to improve the accuracy. S. R
Jondhale [36] proposed an RSS-based method using generalized regression neural network (GRNN) to obtain
locations of a single moving target for 2D in a WSN. The proposition demonstrated a good tracking
performance with an accuracy in the scale of centimeters. EI Abkari [37] presented an RSS-based positioning
system using Convolutional Neural Network. It reduced randomness and noise of collected RSS values. This
approach was implemented in a single-floor and multi-grid layout. In our study, we used the time-delay multi-
layer neural network and obtained an average locating error of 10.3 centimeters for a 0.4m grid size. Thus, our
proposed algorithm is carried out in a real indoor environment and has a high accuracy whereas most litterature
algorithms are simulation based. We show these results in Table 11.

Table 10. Average error and sum square error of our proposed system

average distance error (m)sum square error (m) average distance error (m)sum square error (m)
Test 1 0.109 2.678 Test 3 0.011 0.042
Test 2 0.027 0.314 Test4 0.104 3.016

Table 11. Comparison of locating algorithms and our proposed method

Locating algorithm Environment Average error Anchor number
Radio Map [28] Indoor 35 3
Fingerprinting+ Trilateration [29]  Indoor 0.3 7
Weighted Centroid [30] Simulation 1.009 -
WCL(2-D) [31] Simulation > 3 meters 100
WCBD [32] Simulation 0.8503 meter 20
Simulation 2.7363 meters (1st deployment) 14
WC-WCL [33] 5.3406 meters (2nd deployment) 11
Multi- layer Neural Network [34]  Simulation 0.4855 meter 4
MLP - Fingerprinting [35] Indoor 1.75 meter 4
GRNN+ UKF [36] Simulation 0.3334 meter -
CNN [37] Indoor 0.98 meter 3
Proposed technique Indoor (real-time) 10.3cm (0.4m grid size) 4
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5. CONCLUSION

In this paper, we presented a system that deals with the positioning of a person or an asset within
a static environment. We implemented a real-time positioning algorithm based on the time-delay multi-
layer neural network and Wi-Fi technology. Results demonstrated that time-delay multi-layer is better than
typical MLP neural network because we considered both actual and previous RSS vector values. In fact,
we achieved an average error of 10.3centimeters with a grid of 0.4 meter in four tests. In future works, we
will adapt new algorithms to perform a positioning process with higher resolutions. We will extend our
real-time positioning system by integrating more ESP8266 Wi-Fi modules to ameliorate the locating by
identifying target tag orientation and direction.
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