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Abstract
Streamlining materials ow in flexible manufacturing systems is the key factor to greatly reduce idle time
costs and labor costs. It is achieved by building location-aware robots that can estimate its position using
off-the-shelf hardware. The location-aware robot can determine its position inside a building using online
measured Received Signal-Strength Intensity (RSSI) from different wireless Access Points (AP), and an
offline database of previously measured RSSI. The accuracy of the calculated online position can greatly
affect the preciseness of the material handling. This paper studies the impact of the location of the wireless
access points and their quantity in a manufacturing facility on the localization error. An optimum number
of wireless access points and their locations is determined using a Genetic Algorithm for the case study of
the Egyptian textile manufacturing facility. The optimum wireless access point placement in the 17 500 m2
manufacturing facility improves the accuracy of localization by 46% using only nine APs to reach 4.7 meter
error and 87% using 35 APs to reach 1.1 meter error, compared to the original plan of the wireless access
points locations.
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1. Introduction
Effective material handling in manufacturing system can reduce production cost by significant amounts since it accounts for
25% of all employees, 55% of all factory space, and 87% of the production time (Tompkins et al. 2003). Moreover, it is
estimated that material handling represents 15% to 70% of the total cost of product manufacturing (Gamberi et al. 2009).
Therefore, it is desired to implement automated material handling however with least cost and minimum changes in the
manufacturing facility layout and equipment.
There are two automated material handling solutions; Automatic Guided Vehicle Systems (AGVS) and Autonomous
Mobile Robots (AMRs). However, AMRs are a more cost effective material handling solution compared to AGVS
because AMRs have a lower cost of initial investment and can be recovered faster than in AGVS (Davich 2010).
One of the fundamental problems of mobile robots is to locate their position in the warehouse or the manufacturing
environment. Accurate localization has a direct impact on the quality, flow and running cost of the system. The AGVS
uses a guidance system, tracks or floor markings, such as painted lines or glued- on reflective tapes. The permanent track
is not desirable and constant wear on markings can cause system reliability issues.
Since 1990, there is a large number of research in the field of indoor localization. Researchers have discussed different types of
sensors, such as sonar (ultrasonic) sensors (Triggs & Cameron 1992); (Rencken 1993); (Li et al. 2016). Camera (vision)
Sensor (Betke & Gurvits 1997); (Lee et al. 2015). Laser Range Finder (Sobreira et al. 2015); (Kim & Chung 2016), Radio
Frequency Identifier (RFID) reader (Jing & Yang 2007), inertial sensors, wheel encoders (Skobeleva et al. 2016), and Wireless
Sensor Network (WSN). Each type of sensor and approach has its advantages and disadvantages, however, Wireless Sensor
Networks (WSN) utilize existing WiFi Access Points infrastructure present in every manufacturing system. Hence, they are low
cost, require no physical guidelines and no additional hardware is needed for navigation. Locating the mobile robot using
WSN is a low cost, low power consumption system with an acceptable accuracy (Chen et al. 2013). However, increasing the
accuracy of positioning using WSN is a big challenge.
In the meantime, there are two approaches to use the WiFi signal to locate the mobile robot; Trilateration and Fingerprinting
approach. Trilateration approach is simple to implement, it geometrically calculates the robot position using the Received
Signal Strength Intensity (RSSI) from three or more wireless access points. However, the wireless access points and the
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robot need to be in Line-of-Sight to obtain accurate localization results. In manufacturing systems, there are walls, doors,
walking labour that may block the Line-of-Sight. Therefore, experiments show that the error of this approach can be up
to five meters (Li et al. 2006). The fingerprinting approach is an effective method for the robot positioning
(Kaemarungsi and Krishnamurthy 2004) ; (Nerguizian and Outemzabet 2008). The fingerprinting approach
records the RSSI of each wireless access point for a large set of physical positions where the robot might be located in the
future. The physical positions where the robot might be located are called reference points (RP). The RSSI is sensitive
to noises, obstacles and moving objects and therefore can fluctuate especially in an environment such as a manufacturing
facility and thereby increasing the error in the calculated robot location. Therefore, in a flexible manufacturing facility
where the robot uses its position to locate jobs or handle materials, the localization error is encouraged to be lower than
one meter.
The location of Wi-Fi access points greatly affect the localization error. In manufacturing facilities, like any other
facility, the location of the Wi-Fi access points is chosen based solely on coverage without taking into consideration
that these Wi-Fi access points can also be used for localization and navigation (Alsmady and Awad 2017). Since the
locations of the Wi-Fi access points play a significant role in the localization accuracy, this paper proposes a novel
technique to find the most appropriate positions for the access points that maximize the variation of RSSI from one
position to the other, which in turn maximizes the indoor localization accuracy.
Several researchers studied the effect of changing the APs’ locations to achieve better indoor localization (Battiti et al.
2003); (Zhao, Yongxiang, Huaibei Zhou 2008); (Baala Oumaya Zheng 2009); (Liao et al. 2010); (Farkas et al. 2013);
(Ismail et al. 2016). In (Zhao, Yongxiang, Huaibei Zhou 2008), authors develop an objective to find best configuration
of APs by comparing a set of AP configurations using a selection function they have developed. In (Ismail et al. 2016),
the selection function developed in (Zhao, Yongxiang, Huaibei Zhou 2008) is criticized and an alternative function
has been developed and tested on similar configuration set to prove improvements. However, in both papers, the area
under study is around 3 200 m2, which is considerably small. In (Alsmady and Awad 2017), authors develop an
objective function to find the optimum location of the APs in a large area of around 36 000 m2 using Genetic
Algorithm. However the layout and type of floorplan is not indicated and therefore the applicability of the model on
manufacturing facility with many sources of noise and many obstructions is not confirmed. In this paper we design a
Genetic Algorithm that searches the space of all RPs to find the optimum configuration resulting in minimum
localization error on a 17 500 m2 manufacturing facility area. The floorplan of the manufacturing facility includes
many obstacles which renders the search for optimum AP locations challenging. We implement the Genetic Algorithm
using the selection function developed in (Ismail et al. 2016). Results show 46% reduction in localization error; from
8.7 meter to 4.7 meter, with the same number of APs (nine APs). The Genetic Algorithm developed in this paper uses
a variable length chromosome, which is used to change not only the location of the APs but their quantity too. Results
show that increasing the number of APs has also a great effect on the localization error dropping it to 1.14 meter at 35
APs and 1.1 meter at 89 APs, which is a further 76% reduction. We also analyze the rate of the localization error
reduction and give recommendations for potential reductions of the localization error.
The rest of the paper is structured as follows: Section 2 provides a background relevant to this work. Section 3 introduces the
case study of the Egyptian textile manufacturing facility with its floorplan. Section 4 presents the developed Genetic
Algorithm. Section 5 presents the experimental results. Finally, Section 6 highlights the most important conclusions
drawn from this work and potential futureworks.

2. Related Work
Indoor positioning systems using the fingerprinting approach are specifically designed to assist the robot to navigate
in the manufacturing facility. The fingerprinting approach uses the indoor wireless signal propagation model to
navigate as has been mentioned before. The wireless signal strength is dependent on many factors, including the
physical characteristics of the warehouse or the manufacturing facility, the floorplan, the machines installed, etc. In
this section the basic propagation model used is discussed.
2.1 Free Space Signal Propagation and Path Loss Model
The basic signal propagation model could be derived from the inverse power law function. The power of the signal
1
radiated from a source is dissipated proportional to 𝑑𝑑 2 where d symbolizes the distance travelled, if we assume that
the transmitter and the receiver have an unobstructed line-of-sight between them. There are currently quite many
experiments conducted to assess the signal levels at certain points in buildings. However, the free space power Pr of
2.4 GHz frequency signal propagation (Recommendation ITU-R P.1238-1 (2015)) received by an antenna which is
separated from a radiating transmitting antenna with transmitted power Pt by a distance d, is given by Friis in Eq.1.
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𝑃𝑃𝑟𝑟 (𝑑𝑑) =

𝑃𝑃𝑡𝑡 𝐺𝐺𝑡𝑡 𝐺𝐺𝑟𝑟 𝜆𝜆2

(1)

(4𝜋𝜋)2 𝑑𝑑 2 𝐿𝐿

where Gt and Gr are the transmitter and receiver gains, L is the system loss factor not related to propagation (L≥1)
and 𝜆𝜆 is related to the carrier frequency. Pass loss PL is an indicator for the signal attenuation in decibel (dB) between
transmitter and receiving antenna and therefore Eq.1 is given in logarithmic form in Eq.2.
𝑃𝑃

𝐺𝐺 𝐺𝐺 𝜆𝜆2

𝑡𝑡 𝑟𝑟
𝑃𝑃𝑃𝑃(𝑑𝑑𝑑𝑑) = 10 𝑙𝑙𝑙𝑙𝑙𝑙10 𝑃𝑃𝑡𝑡 = −10 𝑙𝑙𝑙𝑙𝑙𝑙10 (4𝜋𝜋)
2 𝑑𝑑 2
𝑟𝑟

(2)

A convenient way to express the PL as a function of distance as all other parameters are constant for a specific
environment is given in Eq.3.
𝑃𝑃𝑃𝑃(𝑑𝑑𝑑𝑑) = 𝑃𝑃𝑃𝑃(𝑑𝑑0 ) + 20 𝑙𝑙𝑙𝑙𝑙𝑙10 (𝑑𝑑)
(3)
The reference distance d0 is determined by the measurements close to the transmitter. The mathematical expression
taking into consideration the Multi Wall and Floor model (MWF) proposed by (Lott and Forkel (2001)) in addition to
the European ITU-R P.1238 model from the (Recommendation ITU-R P.1238-1 (2015)) is given in Eq.4.
(4)
𝑃𝑃𝑃𝑃(𝑑𝑑𝑑𝑑) = 𝑃𝑃𝑃𝑃(𝑑𝑑0 ) + 10 𝑛𝑛 𝑙𝑙𝑙𝑙𝑙𝑙10 (𝑑𝑑) + 𝑘𝑘𝑘𝑘
The parameter n is called the Path Loss Exponent and it depends on the specific propagation environment conditions
as in Table 1(Rappaport 2002), such as the type of the building construction, architecture and location of the point
where the measurements are carried out. (n = 2) in the case of free-space path and (n > 2) in the case of presence of
strong effects degrading the signal strength and k is the number of obstructions between the transmitter and the
receiver, and F is the obstruction attenuation factor.
Table 1: Typical values of path loss exponent for different environments
Environment
Free space
Urban area and cellular radio
Shadowed urban cellular radio
In building line-of sight
Obstructed in building
Obstructed in factories

Path loss exponent
2
2.7 to 3.5
3 to 5
1.6 to 1.8
4 to 6
2 to 3

2.2 Fingerprinting Approach
The fingerprinting approach has been accepted as an effective method for WiFi localization (Sun
Yuxiang Liu 2014). It can be followed in a deterministic, probabilistic or machine learning based method (Dellaert
et al. 1999; Li et al. 2006; Baggio and Langendoen 2008; Nerguizian and Outemzabet 2008); Jain et al. 2012). It stores
only averages of signal strength values for each location obtained from training data and discards remaining
information. In order to reach localization error less than one meter, the probabilistic nature of the signal strength has
to be taken into consideration by either storing multiple measurements over time or by making many measurements
enough to _t it into one of the known probability distribution functions (Navarro et al. 2010; Biswas and Veloso 2010;
Le Dortz, N. and Gain, F. and Zetterberg 2012; Milioris et al. 2014). However, the size of the database required for
the probabilistic fingerprinting method is greatly larger than the deterministic method.
In general, in order to locate the robot there are two phases shown in Fig.1; the offline training phase
and the online location determination phase (Li et al. 2006).
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Figure 1. Fingerprinting Steps
In the offline phase, the test area is decomposed into a grid. Each grid node is called Reference Point
(RP). The location fingerprints are collected by performing a site-survey of the Received Signal
Strength Intensity (RSSI) from multiple access points (AP) (Fig. 2). The RSSI is measured with enough
statistics to create a database or a table of predetermined RSSI values at each RP. This table is called
radio map. The vector of RSSI values at a grid point is called location fingerprint of that point. In
the on-line phase, the robot s en d a vector of measured RSSI values from different APs to a central
server. The server uses an algorithm to estimate the robot location and reports the calculated position
back to the robot. The most common algorithm to estimate the robot location calculates the Euclidean
distance between the measured RSSI vector and each fingerprint in the database (M. & A. 2002);
(Baala Oumaya Zheng 2009); (Le Dortz et al. 2012). The coordinates associated to the fingerprint that
provide the smallest Euclidean distance is returned as the estimated position.
In order to reduce the localization error various methods found in literature attempt to improve parts
of the fingerprinting localization system shown in Fig.1. In (Biswas & Veloso 2010); (Mirowski et al.
2012); (Lee et al. 2015) authors attempt to improve the localization accuracy by adding an extra sensor
in addition to the wireless access points, such as laser, vision or any other sensor mentioned earlier in
Section 1. A new dimension to the input of the localization algorithm is thereby added. However, this
approach increases the cost of the system since other sensors are expensive as explained before. Other
research emphasize on the algorithms used for estimating the location, which associates the fingerprints
with the location coordinates (M. & A. 2002); (Pandya et al. 2003); (Wang et al. 2003). The more
complicated the algorithm becomes the more computational speed it requires. Other research considers
the understanding of the statistical characteristics of the RSSI to be crucial in improving the localization
error and therefore a training phase is required to develop a probability distribution for the RSSI. These
methods are called probabilistic approach and they change the database contents in the offline phase
(Le Dortz et al. 2012); (Chen et al. 2013); (Ma et al. 2015). Other research have focused on increasing the
RPs to improve the localization error ( Li et al. 2006).

Figure 2. Example Reference Point (RP) Data
2.3 Robot Localization Algorithm
The robot at a certain location sends a vector of RSSI values taken from n wireless access points. The localization
algorithm uses this vector and compares it to the many vectors of the RPs saved in the database to find the closest one
and accordingly estimates the robot location. Many algorithms can be used to estimate the position of the robot.
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However, the basic method is to use the Euclidean distance between the elements of the RSSI vector sent from the
robot and the elements of each of the RP RSSI vectors stored in the database as shown in Eq.5 [(Li et al. 2006)]. The
RP resulting in the smallest Euclidean distance is estimated to be the closest location to the robot's actual location.
Usually, the estimated location and the actual location are not a perfectly matched and therefore, the Euclidean distance
between the estimated and the actual location is called the localization error.
𝑑𝑑 = �∑𝑛𝑛𝑘𝑘=1(𝑠𝑠𝑘𝑘 − 𝑆𝑆𝑘𝑘 )2

(5)

where 𝑠𝑠𝑘𝑘 is the 𝑘𝑘 𝑡𝑡ℎ element in the vector of RSSI values sent from the robot to the server and 𝑆𝑆𝑘𝑘 is the 𝑘𝑘 𝑡𝑡ℎ element in
the vector of RSSI values of one of the RPs stored in the database.
In order to reduce the localization error, the estimated robot location is not determined by a single RP
with the smallest Euclidean distance, but by a group of neighboring RPs having smallest Euclidean
distances. These methods are called the k Nearest Neighbor (kNN) or the Weighted k Nearest Neighbor
(WkNN). As the name implies, in the kNN algorithm, a number of k neighboring RPs with smallest
Euclidean distances are used to estimate the robot location. In the WkNN algorithm, also the k
neighboring RPs with smallest Euclidean distances are used in the localization algorithm however with
weights.

3. Problem Formulation
A two-dimensional floor area of 162x108 [meter] similar to a manufacturing facility with a warehouse is considered.
The RP locations are taken with one meter spacing, resulting in 17,496 RP. In ideal conditions, the localization error
will be only one meter. In this manufacturing facility, Wi-Fi access points are placed optimally to reduce the
localization error at robot location. The overloading of the manufacturing facility with WiFi APs is not a solution.
Since, network management becomes more complicated and the increase in the electromagnetic field interference with
other WiFi signals renders the Wi-Fi APs useless. Therefore, the manufacturing facility has been surveys for all
candidate locations for the Wi-Fi access point which are secure and away from hazards. The survey has resulted in 80
candidate locations. The RSSI has been recorded at various locations in the manufacturing facility to determine the
reference distance d0 required for the RSSI calculations using the propagation model in Section 2.1. It has been noted
that the RSSI varies over time due to many factors mentioned before, such as machine noises, people or objects
moving. The variation in the RSSI signal recorded at a single RP is shown in Fig.3. A histogram of the RSSI values
at one of the RPs is shown in Fig.4. However, the variation are not completely random but have a mean value, which
can be used.

Figure 3. RSSI signal strength varying over time for several APs
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Figure 4. Histogram of the Recorded RSSI Values at a Single Location in the Manufacturing Facility
To formulate the problem formally, we consider a set of M candidate locations (L1, L2,..... , LM) in which it is possible
to deploy any type of access points. It is required to deploy N wireless access points into a set of M locations (N <<
M). The configuration Q is a set of chosen candidate locations (Q ϵ M) in which access points have been deployed. At
each reference point (RP), signals received from each access point can be calculated using the propagation model in
Section 2.1 and combined into a vector FPRP = (RSSI1, RSSI2,….., RSSIN). This vector FPRP is called the RP
fingerprint. The objective of this problem is to place N as minimum as possible APs that minimizes the localization
error without losing the signal coverage for the end user.

4. Optimization Algorithm
A selection algorithm developed in [Ismail et al. (2016)] is used as the fitness function for the Genetic Algorithm
developed in this paper. The algorithm takes number of APs and the Configuration Q as input and calculates the fitness
(J) of this configuration. The algorithm includes another input P, which is the penalty value for configurations with
dead zones. Configurations with dead zones are configurations in which areas are not covered by any wireless access
point. The algorithm uses rmax = -17, which is the reference distance d0 of the propagation model in Section 2.1. It
uses also rmin = -80 as the minimum RSSI value in dB at which communication is not considered working between
the robot and the access point. The weights w1 and w2 have been adjusted to the floorplan under study as has been
recommended by the authors in [Ismail et al. (2016)]; w1 = 0.8 and w2 = 0.2.
Algorithm 1 Calculate the objective function J for a specific number of Access Points N for specific configuration Q
Require: N is the Number of Access Points
Require: P is the penalty for dead zones
Require: Q is the Configuration, which consists of N Access Points (AP1, AP2…, APN)
Ensure: J is the Objective Function Value for the configuration Q
1: function Objective Localization B (N, Q)
2:
for All Access Points APs do
3:
rtotal ← sum(rscaled ← (RSSI - rmin) / (rmax - rmin)) for all RPs
4:
end for
5:
raverage ← rtotal/N
6:
for All Access Points APs do
7:
vtotal ← sum( (rscaled - raverage) 2 ) for all RPs
8:
end for
9:
rvariance ← vtotal/N
10:
J ← w1 * raverage + w2 * rvariance + P
11: end function

The chromosome used in the developed Genetic Algorithm is of variable length to accommodate configurations with
variable number of access points. Each gene in the chromosome is an integer value from 1 to 90, since there are 90
candidate locations for the access points. The gene value carries the index of the candidate location in which an access
point will be deployed. The startup population consists of 200 parents. The crossover and the mutation are performed
by the constraint dependent function. The crossover fraction is 0.8. Reproduction replaces the 10 least fitting parents
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with the 10 most _t parents. The Genetic Algorithm from the Global Optimization toolbox of the MATLAB computing
environment has been used. The fitness function of each generation is plotted in Fig.5 showing the convergence of the
Genetic Algorithm.

Figure 5. Fitness Value of the GA Optimization Tool

5. Experimental Results
The algorithm computing the fitness function J shown in Section 4 has been used to study the impact of changing the
locations of the wireless access points without changing the number of access points used. We have conducted the
experiment using nine wireless access points and the resulting localization error is shown in Fig.6. Changing the
location of a single wireless access point can drastically affect the localization error. The localization error has been
reduced by 46%; dropping from 8.7 meter to 4.7 meters.
A heatmap for the first configuration and the fourth configuration is shown in Fig.7. A heatmap is generated by
drawing the peak value of the FPRP vector at each reference point in the two-dimensional space. The strongest RSSI
is given the red color and the weaker the signal becomes the more the colors move to the blue range. It can be visually
seen in Fig.7 that there more parts of the facility covered by the wireless access points signal in the fourth configuration
in contrast to the first configuration. The heatmap is just a rough visualization tool for the configuration results. It is
not an accurate tool for the evaluation of a configuration since only the peak value of the FPRP is drawn and in order
for the positioning system to work, a reference point has to be covered by more than three wireless access points as
has been explained in Section 2.2.

Figure 6. Localization Error for Different Configurations
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Figure 7: Heatmap of the First and the Fourth Configuration
We have used our environment to compare between the performance of the selection function J from (Ismail et al.
2016) and the selection function f from (Zhao, Yongxiang, Huaibei Zhou 2008). Authors in (Ismail et al. 2016) claim
that their selection function J performs better than the selection function f without numerical evidence. However, after
using these functions for eight different configurations as shown in Fig.8, results shown a 95% correlation between
the selection function J results and the localization error and only 72% correlation between the selection function f
and the localization error. However, the correlation results have been performed after removing the anomaly result in
the selection function J of the second configuration marked by a red bar. This anomaly resulted because we have not
assigned a penalty value P while running the selection function J.
Since the selection function J outperforms the selection function f, we use it as a fitness function in the Genetic
Algorithm. The Genetic Algorithm runs and generates a set of optimum configurations for different number of wireless
access points as shown in Fig.9. It is noticed in Fig.9 that more than 35 access points result in no significant reduction
in the localization error and that the error reaches 1.14 meter, which is very close to the ideal one meter lower bound
mentioned in Section 3. A detailed view of the optimum configuration is given in the following Table 2 with the
indexes of the APs selected by the Genetic Algorithm and the heatmap of the selected configuration. It can be seen
from the heatmap how the whole area of the manufacturing facility is covered.

Figure 8. Comparison between Selection Function J and f with Respect to the Localization Error
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Figure 9. Six Optimum Configurations for Six Different Number of APs

Number
of APs

35

Table 2. Detailed View of the Optimum Configuration
Lister APs as
Best Average
Number of
Signal Coverage
Output from GA
Localization Error
dead zones
7, 48, 69, 26, 65,
61, 74, 10, 28, 49,
53, 37, 79, 67, 55,
13, 38, 44, 36, 9,
54, 87, 19, 64, 79,
62, 14, 46, 81, 86,
42, 68, 70, 23, 72

1.14

0

6. Conclusions and Future Works
In this paper, we have discussed the benefits of automating the material handling process and we have proposed a
solution using mobile robots system that navigates using existing wireless network infrastructure as the most cost
efficient solution. The existing wireless network infrastructure, however, cannot be used with its current configuration
since its objective has changed. The wireless network has to provide the robot with accurate information about its
location in addition to providing users with network coverage.
We have conducted experiments on a large layout of 17, 500m2 similar to a manufacturing facility floorplan using the
fingerprinting technique and by changing the wireless access points locations. The localization error has been changed
by 46% proving that the localization error can greatly be reduced by only changing the wireless access points locations.
Following the above line of thought, an optimization model using Genetic Algorithm has been developed using the
selection function J (Ismail et al. 2016) as a fitness since it has not been used a fitness function in its original paper.
The Genetic Algorithm managed to find a configuration that guides the robot with a localization error of 1.14 meters
only utilizing 35 wireless access points only.
It is required as future work to develop a fitness function that can further reduce the localization error. The effect of
the fitness function has been investigated by comparing two different selection functions from literature and it has
been found that the selection function J correlates to the localization error more than the other function. The optimum
configuration is being chosen according to the fitness function and it is sought to have a configuration resulting in
minimum localization errors at runtime and therefore the more correlated the fitness function to the localization error
the better.
Moreover, as future work it is required to study the effect of the variations in the wireless signal on the localization
error and enhance the robot offline database by adding the probabilistic parameters to the fingerprints in order to reach
localization errors less than one meter.
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