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Abstract Owing to the growing demand for wireless communication, the communication network should have better coverage,
improved capacity, and higher transmission quality, which contribute to better Quality of Service. The use of smart antenna systems
(SASs) is one of the promising technologies in achieving this demand. The SASs achieve this by dynamically radiating shaped
signal beams to the mobile terminals in response to received signals. This has the effect of enhancing the performance
characteristics such as capacity and hand-over in wireless systems. By using machine learning methods, it is possible to predict
upcoming changes in the mobile terminal location at an early stage and then carry out beam forming optimization to alleviate the
reduction in network performance. Prediction of Received Signal Strength (RSS) in wireless networks offers a strong base for
mobility prediction and localization with minimal effort. The need for mobility prediction is significant and calls for the use of
artificial intelligence approaches to make precise and efficient predictions. This paper presents the use of Grey model (GM) which
is associated with benefits of reduced overheads in wireless cellular networks and Adaptive Neuro-Fuzzy Inference System
(ANFIS) in improving mobility prediction. In this methodology, the ANFIS uses both measured data and the theoretical data used
by Log-Normal Shadowing Model (LNSM) to achieve a better estimation of mobility. Mobility is based on the RSS at the mobile
node (MN) as it moves towards or away from the transmitting antenna. The approach also takes into account the factors that
contribute to the RSS including; path loss exponent, path loss at reference distance and distance of the MN from the transmitter.
The results show that ANFIS achieves prediction with a mean absolute error (MAE); between 0.083 m and 0.690 m for short
distances (1 m - 65 m), and between 0.322 m and 3.877 m for long distance (100 m - 1800 m). The results were compared against
those from other models including the LNSM, GM and generic weighted GM which were found to achieve prediction with larger
MAE than ANFIS.
Keywords Adaptive Neuro-Fuzzy Inference System, Grey Prediction Model, Mobility Prediction, Path Loss, Received Signal
Strength.

wireless communication networks and mobile users
expect to receive excellent quality of service as well as
continuous and stable service. The evolution in the
capabilities supported by the mobile or wireless networks

1. Introduction
1.1. Mobility Prediction Problem
There is a high growth rate of mobile and high speed
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is pivotal in achieving the best user experience as reported
in [1], [2]. Smart antenna systems (SASs) are expected to
provide high-speed data, superior quality voice and
location based services. With this motivation, SASs are
set to replace the conventional antenna systems and their
smartness needs to support real time services for mobile
users with minimal signaling delays while enjoying global
roaming. Mobile communications technology has
evidently developed very rapidly over the past few
decades from 2nd to 5th generations (2G-5G) [3]-[5]. To
achieve a high data rate, the concept of mobility is
considered as a very important feature of wireless
networks. Reported studies on mobility and in all the
technologies proposed, the mobile node (MN) has a point
of attachment to the network known as the access point
(AP) or base station (BS), which serves its mobility needs
[6]-[8]. When a MN is active in a network, there is a
continuous exchange of radio signals between the MN and
the BS to which the antennas are attached.
In the investigation of real time monitoring of location
and dynamisms in the motion of mobile nodes (MNs) in
mobile networks through the use of pilot signal strengths
from the serving transmitting stations [9], a model was
developed to determine the acceleration of MNs using a
dynamic linear system which was supported by regular
sampling of the signal strength. The tracking algorithm of
this nature is useful in predicting mobility of MNs and
thus useful in resource management. The results of the
methodology in [9] indicated good accuracy with a large
number of parameter values. However, performing
prediction of RSS by using raw or preprocessed RSS
measurements with an averaging filter would enhance the
performance of mobility tracking. Using predicted RSS
would yield an estimated value of Received Signal
Strength Indicator (RSSI) in cases where a MN is out of
range of given BSs or where there is an obstruction that
makes it difficult to measure the signal strength accurately
[9].
In the area of mobility prediction, an approach based on
Grey theory and modelling has attracted attention of
researchers because of the benefits associated with it [10].
The Grey model (GM) reduces overheads in wireless
cellular networks because it requires little data and thus
little processing effort. The GM approach has excellent
performance as well as very short calculation time. The
processing of the data needs few data points to get a
prediction and is therefore suitable for use in real-time
systems due to its quick response time [11]-[12].
Mobility prediction has remained an area of active
research seeking optimal solutions for tracking and

locating MNs in wireless networks. This paper proposes
an alternative approach to the reported methods through
the use of Adaptive Neuro-Fuzzy Inference System
(ANFIS), which is a learning system that aims at reducing
the prediction errors and thus make better predictions and
contribute to the intelligence of SASs when performing
mobility prediction of MNs.
1.2 Log-Normal Shadowing Model
A signal propagation model generates Received Signal
Strength (RSS) values. In this research, the log-normal
shadowing model (LNSM) is proposed as the target signal
propagation model. This is because of its ability to
compensate for all the attenuating factors through the use
of a Gaussian random variable [13].
In cellular or wireless networks, the location of a MN
and its serving base transceiver stations (BTSs) is
observable in the information that characterizes the
forward link RSS indicator of all the active BTSs. The
values of RSSI at the MN are measured and modeled as a
two-fold effect of path loss (PL) plus shadow fading [14].
The Path loss, 𝑃𝐿 (𝑑𝑖 ), at any distance, 𝑑𝑖 , in an open
space is given in (1) [13].
𝑑𝑖
𝑃𝐿 (𝑑𝑖 ) = 𝑃𝐿 (𝑑0 ) + 10𝑛𝑙𝑜𝑔10 ( )
(1)
𝑑0
Where; 𝑑𝑖 is the transmitter-receiver separation, 𝑛 is the
power loss (PL) factor, 𝑃𝐿 (𝑑0 ) is the path loss at known
reference distance, 𝑑0 . The PL factor is an empirical
constant that varies with the characteristics of the
propagation environment.
The model in (1) is considered to be ideal and with
environmental factors like weather conditions,
atmospheric absorption and space rays, the propagating
signal is hindered by reflection, diffraction and scattering
phenomenon. Based on the empirical evidence, the path
loss (𝑃𝐿 (𝑑𝑖 )) at any given distance 𝑑𝑖 is modeled as a lognormally distributed random variable and is distancedependent [14]-[17].
The log-normal shadowing model is formed as shown
in the following equation.
𝑑𝑖
𝑃𝐿 (𝑑𝑖 )[𝑑𝐵] = 𝑃𝐿 (𝑑0 )[𝑑𝐵] + 10𝑛𝑙𝑜𝑔10 ( ) + 𝑋𝜉 (2)
𝑑0
where 𝑋𝜉 (𝑑𝐵) is a Gaussian random variable.
The RSS at any given distance is modeled by
𝑅𝑆𝑆𝐼 = 𝑃𝑅 = 𝑃𝑇 − 𝑃𝐿 (𝑑𝑖 )
(3. 𝑎)
𝑅𝑆𝑆𝐼 = −10𝑛𝑙𝑜𝑔10 (𝑑) + 𝐴
(3. 𝑏)
where; RSSI is the signal power at the MN, 𝑃𝑇 denotes
the transmitted power, 𝑛 denotes the path loss exponent,
𝑑 = 𝑑𝑖 ⁄𝑑0 is the normalized distance of the MN away
from the transmitter and 𝐴 denotes the power at 𝑑0 . In this
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study, 𝑑0 is set between 1 m - 3.5 m for short distance and
100 m for long distance. Both short and long distances are
in outdoor environments.
1.3 Grey Prediction Model
Grey forecasting model [18]-[20] is built on Grey
theory and has a strong adaptation ability since it requires
less data and distribution information is not necessary. It
uses minimal data values which are representative of an
unknown system in order to formulate a real world
problem associated with uncertainty.
The GM(1,1) is a commonly known and widely applied
Grey forecasting model [20]. GM(1,1) is a single variable
first-order GM. It relies on the original data to reduce the
irregularity that exists in the given data set. It is achieved
through the following steps:
Step 1: Generate the initial time series as
(0)
𝑥 (𝑡) = 𝑥 (0) (1), 𝑥 (0) (2), … , 𝑥 (0) (𝑛),
𝑡 = 1, 2, . . , 𝑛
(4)
(0)
𝑡ℎ
where 𝑥 (𝑛) denotes the 𝑛
value of the original
sequence.
Step 2: Formulate regular data sequence by applying
the Accumulated Generation Operation (AGO) on the
initial irregular data sequence in step 1.
𝑥 (1) (𝑘) = 𝑥 (1) (1), 𝑥 (1) (2), . . . , 𝑥 (1) (𝑛), 𝑘 = 1, 2,
...,𝑛
(5)
where 𝑥 (1) (𝑛) denotes the 𝑛𝑡ℎ value of the regular series.
The result of the AGO is summarized as
𝑘

𝑥

(1) (𝑘)

= ∑ 𝑥 (0) (𝑡)

(6)

𝑡=1

Step 3: Formulate the GM(1,1) differential equation.
The differential equation is formulated as
𝑑𝑥 (1)
+ 𝑎𝑥 (1) = 𝑏
(7)
𝑑𝑡
where; 𝑎 is the coefficient for reflecting the trends of 𝑥 0
and 𝑥 1, 𝑏 is the Grey input. The values of 𝑎 and 𝑏 are
obtained by applying a least square method to (8).
𝑎
(8)
[ ] = (𝐵𝑇 𝐵)−1 (𝐵𝑌𝑁 )𝑇
𝑏
𝟏
− 𝟐 [𝑥 (1) (2) + 𝑥 (1) (1)]
1
𝟏

where; 𝐵 =

− 𝟐 [𝑥 (1) (3) + 𝑥 (1) (2)]
.
.
.

1
.
.
.

and

𝟏

(1)
(1)
[− 𝟐 [𝑥 (𝑛) + 𝑥 (𝑛 − 1)] 1]

The first column of the B-matrix consists of the
background sequence and each point in the sequence
forms part of the background value. The values of 𝑎 and
𝑏 are obtained by solving (8).
Step 4: Solve the differential equation.
Using the solution of step three (3) and (6), the prediction
model in (8) is obtained.
𝑏
𝑏
𝑥 (1) (𝑘 + 1) = [𝑥 (1) (0) − 𝑎] 𝑒 −𝑎𝑘 + 𝑎 , 𝑘 =
1, 2, 3, … , 𝑛
(9)
Step 5: Apply inverse AGO.
The Inverse AGO is applied to obtain a prediction value
corresponding to the original data series.
𝑥̂ (0) (𝑘 + 1) = 𝑥 (1) (𝑘 + 1) − 𝑥 (1) (𝑘)
= (1 − 𝑒 −𝑎 ) [ 𝑥 (1) (0)
𝑏 −𝑎𝑘
(10)
]𝑒
𝑎
Step 6: Validation of the accuracy of prediction.
The accuracy of the GM(1,1) is inspected by testing the
accuracy of the prediction and prediction error made by
the algorithm. The original data series 𝑥 (0) (𝑘) =
{𝑥 (0) (1), 𝑥 (0) (2), . . . , 𝑥 (0) (𝑛)} and formulated predicted
data sequence 𝑥̂ (0) = {𝑥̂ (0) (1), 𝑥̂ (0) (2), . . ., 𝑥̂ (0) (𝑛)} are
used in calculating of residual error, relative error and
mean relative error.
The absolute residual error is calculated as shown in (11).
𝜀𝑘 (0) = |𝑥 (0) (𝑘) − 𝑥̂ (0) (𝑘)|, 𝑘 = 1, 2, 3, … , 𝑛
(11)
The relative error is calculated as shown in (12).
𝜀 (0) (𝑘)
|𝑥 (0) (𝑘) − 𝑥̂ (0) (𝑘)|
𝛥𝑘 = (0)
=
,
𝑥 (𝑘)
𝑥 (0) (𝑘)
𝑘 = 1,2,3, … , 𝑛
(12)
The mean relative error is calculated as
𝑛
1
̅
̅
̅
̅
𝑒𝑘 = 𝛥𝑘 = ∑ 𝛥𝑘
(13)
𝑛
−

𝑘=1

The prediction accuracy is given by (1 − 𝑒𝑘 ) ∗ 100 %.
When 𝑒𝑘 ≤ 0.3, the GM(1,1) is suitable for medium and
long term forecasting [18].
Step 7: Introduce weights in GM(1,1)
Introduce weights, 𝑤1 and 𝑤2 , in (4) and (9) to form a new
weighted-prediction sequence.
(0)
𝑥̂𝑁 (𝑘 + 1) = 𝑤1 𝑥 (0) (𝑘) + 𝑤2 𝑥̂ (0) (𝑘 + 1)
(0)
where 𝑥̂𝑁 (𝑘 + 1) is the weighted GM, which is a
generic prediction based on GM.
1.4 Adaptive Neuro-Fuzzy Inference System
ANFIS uses fuzzy logic and artificial neural networks
(ANN). A fuzzy system estimates the output pattern by
considering the input patterns which are based on the

𝒀𝑁 = [𝑥 (0) (2), 𝑥 (0) (3), … , 𝑥 (0) (𝑛)]
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membership functions created in the input and output
parameters [21]. Neural network (NN) is a mathematical
model that is based on the biological neural system [22].
It has interconnected groups of neurons and information
is processed based on the connectionist approach to
computation.
ANFIS uses FIS at the input layer and learns by tuning
input data with an ANN algorithm based on the inputoutput sets of data presented to it. When a set of
input/output data is supplied to the ANFIS, it generates a
FIS. The membership function parameters of the FIS are
tuned by either a back-propagation algorithm alone or in
combination with a least squares type method [22]. The
fuzzy systems learn from the adjustments that are made in
the membership functions of the data they are modeling
[23].
ANFIS structure consists of antecedent and conclusion
parts. These two parts are linked by rules, to form a
network. During the hybrid learning process, two steps are
involved: a feed forward and feedback. In the feed
forward, the parameters are first initialized while keeping
the antecedent parameters fixed, input data and functional
signals propagate forward to compute the result of each
layer node and the Least Square algorithm computes the
consequent parameters. When the consequent parameters
are identified, the functional signals continues in the
forward motion until the error measure is computed and
therefore known. In the feedback phase, the error rates
propagate in a reverse order, from the output towards the
input end [22-24]. The process is continued until the
number of specified epochs (iterations) have been attained
or error reaches a preset threshold.
Fig.1 [25] shows the architecture of an ANFIS. It
assumes a system with two inputs (x, y), four rules and
one output (z). The ANFIS structure executes the rules
and calculates the output through five layers:
fuzzification, product, normalization, de-fuzzification and
total output. This ANFIS structure has four rules and by
using first-order Sugeno model, a typical set of fuzzy ifthen rules are generated as
𝐼𝑓 𝑥 𝑖𝑠 𝐴1 𝑎𝑛𝑑 𝑦 𝑖𝑠 𝐵1 , 𝑡ℎ𝑒𝑛 𝑍1
(14. 𝑎)
= 𝑝1 𝑥 + 𝑞1 𝑦 + 𝑟1
𝐼𝑓 𝑥 𝑖𝑠 𝐴1 𝑎𝑛𝑑 𝑦 𝑖𝑠 𝐵2 , 𝑡ℎ𝑒𝑛 𝑍2
= 𝑝2 𝑥 + 𝑞2 𝑦 + 𝑟2
(14. 𝑏)
𝐼𝑓 𝑥 𝑖𝑠 𝐴2 𝑎𝑛𝑑 𝑦 𝑖𝑠 𝐵1 , 𝑡ℎ𝑒𝑛 𝑍3
(14. 𝑐)
= 𝑝3 𝑥 + 𝑞3 𝑦 + 𝑟3
𝐼𝑓 𝑥 𝑖𝑠 𝐴2 𝑎𝑛𝑑 𝑦 𝑖𝑠 𝐵2 , 𝑡ℎ𝑒𝑛 𝑍4
(14. 𝑑)
= 𝑝4 𝑥 + 𝑞4 𝑦 + 𝑟4

Fig. 1. Structure of an ANFIS

In Fig.1 and (14), 𝐴1 , 𝐵1 , 𝐴2 , 𝐵2 are fuzzy sets,
𝑝𝑖 , 𝑞𝑖 and 𝑟𝑖 (𝑖 = 1,2,3,4) are the coefficients of the first
order polynomial linear functions.
The different layers in Fig. 1 are as follows:
Layer 1: Fuzzification Layer
In this layer, the membership values are calculated from
the membership relationship between input and output
functions of layer 1 and they are identified as
𝑂1,𝑖 = 𝜇𝐴𝑖 (𝑥),
𝑖 = 1, 2
(15. 𝑎)
𝑂1,𝑗 = 𝜇𝐵𝑗 (𝑦),
𝑗 = 1, 2
(15. 𝑏)
Where 𝑂1,𝑖 and 𝑂1,𝑗 represent the output functions and 𝜇𝐴𝑖
and 𝜇𝐵𝑗 represent the membership functions.
Layer 2: Product Layer
This layer has four nodes and the output, 𝑤𝑗 , of each rule
has to be computed by means of a fuzzy AND operation.
Eq. (16) illustrates this. 𝑤𝑗 is the weight of the 𝑗 𝑡ℎ rule and
𝑂2,𝑗 is the output Layer 2.
𝑂2,𝑗 = 𝑤𝑗 = 𝜇𝐴𝑖 (𝑥) 𝜇𝐵𝑖 (𝑦), 𝑗 = 1, 2, 3, 4. 𝑖 = 1, 2 (16)
Layer 3: Normalized Layer
The purpose of this layer is to normalize the weight
function, 𝑤𝑗 , obtained from Layer 2 to generate the
normalized output 𝑤
̅𝑗 . The output 𝑤
̅𝑗 is calculated as the
ratio of the 𝑗 𝑡ℎ weight to the summation of the all weights.
The output is denoted by
𝑤𝑗
𝑂3,𝑗 = 𝑤
̅𝑗 = 4
(17)
∑𝑖=1 𝑤𝑖
Layer 4: De-fuzzification Layer
In this layer, 𝑤
̅𝑗 multiplies the related output function
(linear equations of the consequent part in (17).
The output of this layer is given by (18).
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𝑂4,𝑗 = 𝑧𝑗 𝑤
̅𝑗 = 𝑤
̅𝑗 (𝑝𝑗 𝑥 + 𝑞𝑗 𝑦 + 𝑟𝑗 )

(18)

Layers 5: Total Output Layer
This is the final layer with a single node which gives the
overall output. The output, given in (19), is the sum of the
outputs of the former nodes.
4

(19)

𝑂4,𝑗 = ∑ 𝑧𝑗 𝑤
̅𝑗
𝑗

The antecedents are tuned during the training process.
Other parameters in the ANFIS training process are the
coefficients of the output polynomials as seen in (14) and
number of rules. The number of rules is defined by the
number of inputs and membership functions [26].
A hybrid algorithm constituting error back propagation
and gradient descent method was used in this research for
ANFIS learning. Throughout the learning process, the
premise parameters of Layer 1 and consequent parameters
in Layer 4 are tuned for a desired output. Eq. (20) shows
the expression for calculation of the root mean square
error (RMSE).
1
𝑁

2
𝑅𝑀𝑆𝐸 = √ ∑𝑁
𝑖=1(𝑑𝑖 − 𝑜𝑖 )

(20)

Where 𝑑𝑖 is the desired output, 𝑜𝑖 is the ANFIS output for
the 𝑖 𝑡ℎ sample from training data and 𝑁 is the training
sample count.
2. Proposed Mobility Prediction Technique
In Fig. 2, the ANFIS simulates the relationship between
the input and output data through training and learning
processes. The study used secondary data as the training
dataset. This data was gathered from [13]-[15], [27], [28]
and given in Table I. The testing data was generated by
the GM. The inputs of GM were RSS values generated by
the LNSM. Through its learning, the ANFIS optimized
the RSS values indicated by 𝑅𝑆𝑆𝐴 .

n
d

ANFIS

RSSA

LNSM

RSSL

PL

GM

RSSGM

wGM

RSSwGM

Fig. 2. RSS Prediction Set-up for ANFIS and Other Models
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During the simulation process, 106 datasets were used
for training and testing. The input data to the ANFIS was
the path loss (𝑃𝐿), path loss exponent (𝑛) and distance (𝑑).
The output of the system was the optimized RSS values,
𝑅𝑆𝑆𝐴 . The input data consisted of set of [4 4 5]
membership functions, which generated 80 (4 x 4 x 5)
rules. The selection of these membership functions was
reached through series of simulations that were performed
to check the performance of the system. The performance
indicators for the simulation were convergence (or run
time) and magnitude of the training error. The selected set
of membership function ran for an average time of 120 s
with a training error of 0.4016m. The optimized RSS and
distance parameters were then used to generate regression
models which were used in distance estimations in
mobility prediction.
Table 1: Simulation Parameters
b
1
2
3
4
5
6

n
1.613
2.200
3.800
3.110
3.550
2.570

𝑷𝑳𝟎
39.00
45.00
47.30
89.77
106.00
95.00

𝒅𝟎
1.0
1.0
1.0
100.0
100.0
100.0

𝒅𝒎
61.5
10.0
35.0
1250.0
1800.0
1800.0

𝜹
0.4510
0.2721
0.7270
6.0000
8.0000
5.4000

𝑷𝒕
0.000
0.000
3.802
44.771
0.000
0.000

Ref
[27]
[15]
[28]
[14]
[13]
[13]

In Table 1, 𝑏 is an index representing a given dataset,
n is the path loss (PL) exponent, 𝑃𝐿0 [𝑑𝐵] is the PL at 𝑑0 ,
𝑑𝑚 [𝑚] is the maximum distance covered, 𝛿[𝑑𝐵] is the
standard deviation, 𝑃𝑡 [𝑑𝐵𝑚] is the transmission power
and 𝑅𝑒𝑓 denotes the referred and published papers.
3. Simulation, Results and Discussion
All the models used in this research; LNSM, GM and
ANFIS were implemented in MATLAB (R2012b). The
simulation begun with the LNSM which provided the
inputs to the GM as shown in Fig. 2. The Received Signal
Strength (𝑅𝑆𝑆𝐿 ) is processed by the GM and w-GM to
produce outputs; 𝑅𝑆𝑆𝐺𝑀 and 𝑅𝑆𝑆𝑤𝐺𝑀 . The (𝑅𝑆𝑆𝐺𝑀 )
together with input parameters of the LNSM formed the
testing data set to the ANFIS. The training data set to the
ANFIS was gathered from the published papers [13]-[15],
[27], [28].
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Path loss exponent (4)
RSS

(sugeno)

f(u)

Path loss at refernce distance (4)
80 rules
Received Signal Strength (80)

MN distance from the Antenna (5)

System RSS: 3 inputs, 1 outputs, 80 rules

Fig. 3. Proposed ANFIS Model

Fig. 3 shows the relationship between the input and output
parameters of the proposed ANFIS model.
Initial Membership Values

Initial Membership Values

1

1

0.5

0.5

number of data points, and then discarding the one extra
point to remain with 𝑡 points. Using this approach the
execution time by 12.83 %. The second study on GM was
done to reduce on the error (gap) between the GM and
LNSM. This was done by applying weighted averages in
the primitive data and the GM predicted data to form the
generic version, which is the weighted GM. The weights
used in the study were 𝑤1 = 0.5 and 𝑤2 = 0.5. These
values of the weights were chosen at random. After the
application of weights, the resulting predicted data has a
smaller error than the error existing in GM. This resulted
from the application of weighs on original data and the
outputs of GM which performed an averaging operation
on the two datasets. The impact of the weighted averaging
is seen in Fig. 5a-b.
Using (13), the accuracy of GM and weighted GM was
investigated. The average accuracy of GM and weighted
GM was 96.56 % and 97.86 % respectively. This shows
that the prediction accuracy of weighted GM, in reference
to the LNSM outputs, is better than that of ordinary GM
due to the application of weights in the later.
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Fig. 4a-b represent the membership values of the input
parameters before and after ANFIS training respectively.
At the stage of GM prediction, two corrections were made
on its output data. The first study involved eliminating the
last predicted values as seen in Fig. 5a-b. This involved
predicting (𝑡 + 1) data points, where 𝑡 is the expected

Three independent studies were performed on ANFIS
by subjecting the system to different sets of testing data:
the first study involved the use of GM’s output; the second
one involved the use of LNSM output; and in the last one
the wGM outputs were used. Under all these testing data,
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the trained outputs of ANFIS exhibited the same behavior
with the same results.
Data plots of RSS versus distance are shown in Fig. 6
and 9. In all these plots, five sets of RSS values are plotted
against distance. These RSSs values are: measured RSS
from published data; optimal RSS, which is the ANFIS
output, RSS output from GM; RSS output from the
weighted GM; and RSS output from LNSM.
The measured data used in this research consists of data
gathered from both long and short distances in outdoor
environments. It is evident that the outputs of different
predictions follow a similar trend; the RSS at the MN
reduces as the distance between the MN and the
transmitter increases.
3.1 Short Distance
Fig. 6 shows a plot of RSS versus distance from the
transmitter for the four models (ANFIS, LNSM, GM, and
wGM) used in this study. Fig.7 shows a plot of
localization error against distance for the models
indicated in Fig. 6. Fig. 6-8 correspond to index 1 of Table
I-II.

Table 2: Regression Line Estimations for the Different
Prediction Models for Index 1 and 5
b

1

5

𝑹𝟐
0.9695
0.9774
1.0000
0.994
0.9881
0.8809
0.9042
1.0000
0.9951
0.9935

Regression Line Approximation
𝑅𝑆𝑆1 (𝑑𝐵𝑚) = −16.746 ∗ 𝑙𝑜𝑔10 (𝑑𝑚 ) − 40.895
𝑅𝑆𝑆1 (𝑑𝐵𝑚) = −16.231 ∗ 𝑙𝑜𝑔10 (𝑑𝑎 ) − 41.522
𝑅𝑆𝑆1 (𝑑𝐵𝑚) = −16.13 ∗ 𝑙𝑜𝑔10 (𝑑𝑙 ) − 39.451
𝑅𝑆𝑆1 (𝑑𝐵𝑚) = −14.081 ∗ 𝑙𝑜𝑔10 (𝑑𝑤𝑔 ) − 42.534
𝑅𝑆𝑆1 (𝑑𝐵𝑚) = −12.972 ∗ 𝑙𝑜𝑔10 (𝑑𝑔 ) − 44.315
𝑅𝑆𝑆6 (𝑑𝐵𝑚) = −28.418 ∗ 𝑙𝑜𝑔10 (𝑑𝑚 ) − 62.36
𝑅𝑆𝑆6 (𝑑𝐵𝑚) = −28.367 ∗ 𝑙𝑜𝑔10 (𝑑𝑎 ) − 62.36
𝑅𝑆𝑆6 (𝑑𝐵𝑚) = −35.5 ∗ 𝑙𝑜𝑔10 (𝑑𝑙 ) − 53
𝑅𝑆𝑆6 (𝑑𝐵𝑚) = −30.392 ∗ 𝑙𝑜𝑔10 (𝑑𝑤𝑔 ) − 59.011
𝑅𝑆𝑆6 (𝑑𝐵𝑚) = −28.561 ∗ 𝑙𝑜𝑔10 (𝑑𝑔 ) − 61.56

In Table 2, 𝑏 is the index; 𝑑𝑚 is the ratio 𝑑𝑖 ⁄𝑑0 for the
measured data regression line; 𝑑𝑎 is the ratio 𝑑𝑖 ⁄𝑑0 for
the ANFIS regression line; 𝑑𝑙 is the ratio 𝑑𝑖 ⁄𝑑0 for the
LNSM regression line; 𝑑𝑤𝑔 is the ratio 𝑑𝑖 ⁄𝑑0 of the
weighted GM regression line; 𝑑𝑔 is the ratio 𝑑𝑖 ⁄𝑑0 of the
GM regression line; and 𝑅 2 is the correlation coefficient
(with the actual data) of the estimated regression lines.
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Fig. 6. RSS versus distance for index 1

ANFIS curves in Fig. 6 and 9 form multiple points of
intersection with both the training data and testing data
with many cross-points being between the ANFIS curves
and training data curves compared to the cross-points
between ANFIS output curves and the testing data curves.
Fig. 6 shows that the measured RSS and ANFIS output
values deviate away from their previous general trend at
38 m distance. A similar behavior occurs in Fig. 9 at 1100
m distance.
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Fig. 7. Localization error for the different prediction models for
index 1

From Fig. 7 and 10, it is seen that the mobility
prediction is carried out with some errors as the MN
moves away from the base station. A large increase in the
prediction error in Fig. 7 occurs at 38 m distance. In Fig.
10 this behavior occurs at a distance of 1100 m.
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The performance of the different prediction models in
estimating distance was analyzed by studying the
relationship between the RSS values and the logarithmic
values of their corresponding distance.
Each figure yielded a set of regression line approximation
for the prediction models under the study. These
regression lines approximations are summarized in Table
II. From Table II, it is evident that the regression line
estimates exhibit a general linear equation of a line
between two points as shown in (21).
𝑦 = 𝑚𝑥 + 𝑏
(21)
Where; 𝑦 = 𝑅𝑆𝑆, 𝑚 = −10𝑛, 𝑥 = 𝑙𝑜𝑔10 (𝑑𝑖 ⁄𝑑0 ) and b
is the intercept on the y-axis. For all the regression line
estimates the approximate distance was calculated using
(22).
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Fig. 8. Comparison of localization error in short distance
outdoor environment

3.2 Long Distance
Fig. 9 shows a plot of RSS versus distance for the four
models (ANFIS, LNSM, GM, and wGM) used in this
study. Fig. 10 shows a plot of localization error against
distance for the models indicated in Fig. 9. The Fig. 9-11
correspond to index 5 of Table I-II.
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All the errors and corresponding root mean square error
(RMSE) which are formed by the distance deviations of
different predictions from the measured distance using the
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results of (22) were computed. These errors are compared
as summarized in Fig. 8 and 11 for short and long distance
respectively. From these two figures, it is seen that there
is a general trend; the mean absolute error (MAE) values
increases with increase in distance in both long and short
distance communication systems.
Fig. 10 shows that the ANFIS estimates begin to
fluctuate at distance of 1100 m. From the distance greater
than 1100 m, the error fluctuates with almost a normal
distribution around the expected data. The other models
like GM and wGM seem to follow the same trend though
with different error magnitudes. This behavior is
relatively similar to the rest of the datasets under the study
under different distances of consideration. The data in this
dataset was gathered from a dense urban environment
with factories, many offices with communication towers,
high dense human and vehicular traffic. All these listed
sources of obstructions contribute to a high shadow factor
and a poor radio signal reception. The large error at the
near end positions is due to the poor learning of ANFIS
on the training data.
The data corresponding to index 5 was gathered from
an urban environment where as data corresponding to
index 4 and 6 was gathered from a suburban environment.
For long distance, data gathered from a suburban
environment shows that the prediction performance of all
models under study is better than the performance of the
same models in an urban environment.
For long distances, ANFIS estimates has mean error
between 0.322 m and 3.88 m, which values are relatively
good for long distance localization of MNs. For short
distances, the error in ANFIS is in the range of 0.083 m to
0.690 m. The ANFIS approximates in short distances are
good approximations since it is in a fraction of a meter
distance.
The estimates made from the LNSM had a large error
magnitude. The outputs of their prediction cannot be
relied on for real systems. The poor prediction of LNSM
are spread to the GM and weighted GM whose inputs are
the outputs of the LNSM.
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Fig. 12. Comparison of ANFIS errors with other algorithms’
errors.
Table 3: Comparison of ANFIS errors with other algorithms’
errors.
Other Learning Algorithms
Distance
Error(m)
(m)
BR, LM
300x300
0.49
BP
100x100
1.186
PSO-ANN
65
0.022
NN
50x50
6.5
BP
10x10
0.694

Algorithms

ANFIS
Distance
Error (m)
(m)
1250
0.322
1250
0.322
65
0.690
35
0.368
10
0.083

In Table 3, a summary of the comparison between
ANFIS and other algorithms is presented. BR is the
Bayesian Regression, LM is the Levenberg-Marquardt BP
is the Back-propagation, PSO-ANN is the Particle Swarm
Optimization-Adaptive Neural Network, and NN is the
Neural Network. It should be noted that in some cases,
different distance measurements were used compared.
This was because the models used the same input
parameters.
The study shows a superior performance of ANFIS
methodology in comparison to the majority of the
highlighted algorithms. For short distances, the
performance of ANFIS is comparable to that of Hybrid
PSO-ANN.

4. Evaluation of Performance
The performance of ANFIS has been evaluated by
comparing its localization error, as shown in Fig. 12 and
Table III, with other methods and algorithms which are
published in [27], [29]-[32].

5. Conclusions
The study considered the data gathered from outdoor,
short and long distance, environments. The short distance
covered 1 m - 10 m, 35 m and 61.5 m whereas the long
distance covered 100 m - 1250 m and 1800 m. It was seen
that in long distance, data gathered from a suburban
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environment contributed to a better prediction
performance of all models in comparison with the data
gathered from urban environment. Urban environments
contains high path loss because of the many obstructions;
like storey buildings, vehicles, transmitters, that are
present in the path of the radio signals. Generally,
prediction error in ANFIS increases with increase in
distance between the transmitter and the MN. This is
because as distance increases, the sources of radio
frequency (RF) signal obstructions increase and the RSS
values collected at the MN have rapid variations at those
distances. After ANFIS training, the trained output pattern
at far distances deviates away from the collected data
pattern more than the patterns that are resultant of short
distances. It has been discovered that ANFIS prediction
methodology performs well up to a given distance as the
MN traverses. The average approximated distance at
which the anomalies in the accuracy of mobility
prediction occurs has been noted as 62.33 % and 64.82 %
for short and long distance communication environments
respectively. This implies that whenever there is a change
in the general trend of ANFIS output values and the
measured data, the accuracy in mobility prediction begins
to diminish from that point and onwards. During the
actual implementation of ANFIS methodology in SASs
such points correspond to critical distances and the beam
forming characteristics need to be adjusted to counteract
the diversion from the normal mobility prediction trend
and accuracy.
It is also notable that ANFIS prediction for short
distances outperformed its predictions for long distances.
This is attributed to the data sampling intervals used in
short and long distances; the sampling intervals for short
distance was 1 m, 1.5 m and 2.5 m whereas the one for
long distance was 50 m and 100 m. Using data gathered
from small intervals would yield better approximations in
long distances.
This paper has shown how ANFIS may be used to
improve mobility prediction. It has been compared with
other conventional models; LNSM, GM and wGM and
found out to outperform all these models. Evaluation was
by comparison with other published methods and results
for the same data inputs. The study has revealed that using
ANFIS in mobility prediction of MNs yields a better
prediction performance than many traditional methods
due to its leaning ability.
The downside of ANFIS prediction in study has been
seen in the learning of the widely spaced data which
existed in long distances. Improvement of the training
algorithm of ANFIS using deep learning algorithms like
PSO, deep NN and others is expected to further improve
the mobility prediction.
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