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1 INTRODUCTION  

Mobile Ad hoc NETworks (MANETs) have attracted the attention of the 

scientific community for more than three decades. MANET is a wireless 

network of Mobile Nodes (MNs) connected by a wireless link without central 

control [1]-[3]. Since the nodes in MANET move continually, there are weak 

and untrustworthy links between them. The design of the network layer 

protocols has been extensively studied [4]-[10]. 

Generally, ad hoc networks can be applied in any situation where 

deployment of a fixed communication infrastructure is not possible or a 

temporary communication is required [11]. A MANET’s node may be a 

Personal Digital Assistant (PDA), laptop, mobile phone, and other wireless 

device carried by high-speed vehicles.  

The features of MANET may be summarized as follows:  

 The dynamic nature of network where nodes move arbitrarily and hence 

the topology changes. 

 Infrastructure-less in contrast to with the cellular network. 

 Nodes in MANET share the wireless medium and this medium is not 

protected from outside signals. 

 Each node can forward data packets to other nodes, so it acts as a router. 

One way to address the effects of node mobility is estimating the 

movement of the MNs. Mobile prediction is a method for estimating the 

trajectory of the future position of the nodes. This topic has been studied in 

various fields, such as cellular networks and routing for wireless mobile ad hoc 

networks [12]-[17]. A mobility prediction scheme for mobile ad hoc networks 

should present accurate prediction with minimal control overhead. The study 

and analysis of MANET have been carried out by simulation analysis. Network 

simulators are widely used to evaluate the performance of MANETs like NS-2, 

NS-3, and OPNET, among others [18]. Because the real testbeds need a high 

investment in terms of hardware, and, more importantly, the replication of real 

mobile conditions is very difficult in a controlled environment like a laboratory. 

This thesis deals with defining a new prediction model and its utilization in 

AODV routing protocol to provide the improvement of the MANET network 

parameters. The thesis includes the research methodology of the dissertation and 

describes the proposed mobility prediction based on the information of current 

network status. Finally, the thesis provides the analysis of the simulation results 

and conclusion. 
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2 STATE OF ART 

Due to rapid topology changing and frequent disconnection, the mobility 

prediction helps to develop a snapshot of the future network topology. 

Therefore, it minimizes location updating, thereby reducing communication 

delay and improving the Quality of Service (QoS). Most prediction methods 

depend on building a mobility profile of the MN. A complete profile 

development of an MN is not feasible and hence 100% accuracy is impossible. 

The prediction accuracy depends on the regularity of an MN and hence MNs 

that show regularity in movement can be predicted with better accuracy. 

Nevertheless, regular MNs can sometimes behave unpredictably. Recently, 

various mobility prediction methods were proposed for MANET. These methods 

differ in the parameters they predict, the information they use for prediction, and 

the purpose for which the prediction results are used. 

The authors of [19] presented and tested a sequential learning algorithm for 

the short-term prediction of human mobility. Constant order Markov model 

technique is used for the prediction. This algorithm predicted the human 

mobility that used large data sets of sequences. Accuracy of prediction is high; 

however, mobility prediction cannot be computed if the mobile history data is 

not available. 

An Enhanced Localization Solution (ELS) was proposed in [20]. ELS is an 

innovative self-adaptive solution that combines standard location tracking 

techniques as well as human mobility modelling and machine learning 

techniques. The results showed that ELS worked well for different nodes’ 

behaviours, and the location prediction could be used in more than 50% of the 

cases, with low error and with an effective advantage in terms of power 

consumption.  

Suraj et al. in [21] proposed a new approach to mobility prediction. It is 

completely based on lightweight genetic algorithms to improve the MANET 

routing algorithms. The architecture of this genetic predictor did not include all 

genetic operations and was modified to reach a termination condition without a 

large number of iterations. This technique opened up new possibilities in the 

field of mobility prediction for MNs in an ad hoc network and can lead to better 

QoS than probability based techniques. However, heavy computational power is 

needed for prediction and more memory is needed for storage in an MN. 

In [22], a new method is proposed to dynamically predict the future 

position of a pedestrian based on the real trajectory data. The proposed method 

performed well on different types of trajectories. This method depends on 
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pedestrian tracked data. The performance is better for high mobility scenarios, 

where the error vary from three meters to less than one meter. 

Authors of [23] proposed a Bayesian model to predict the mobility of a 

node in MANETs to help a routing protocol to avoid broadcasting request 

messages from a high mobility node/region based on the prediction result. This 

model did not relay on the information from GPS. The packet delivery ratio of 

this method improved up to 46.32% at the maximum speed of 30 m/s in the 

density of 200 nodes/km
2
. 

A mobility prediction method and modelling technique based on the 

Markov model were proposed in [24], the area in which the mobiles move is 

geographically partitioned into cells to form the Markov chain. To enhance the 

accuracy rate (i.e. to determine the mobility behaviour in a shorter time), the 

number of states must be increased. That is, the geographical area must be 

divided into a larger number of sub-regions of a smaller size.   

In [25], a new solution for the prediction of the future node locations in a 

MANET is proposed using a neural learning machine-based model. This 

solution is based on architectures of the standard MultiLayer Perceptron (MLP) 

and the Extreme Learning Machine (ELM). This model outperforms existing 

mobility prediction algorithms and achieves accuracy scores higher by an order 

of magnitude. This accuracy allows the proposed mobility predictor to improve 

the overall quality of service in MANETs. The proposed model can predict 

routing tables which would reduce the data exchange in MANETs. Hence the 

life of the node battery is extended. 

Proposed prediction method in [26] predicted future location of user by 

considering online posts which have been tagged with geological coordinates 

collected through the GPS interface of smart phones. However, the prediction 

accuracy is low because of limited amount of information. 

An ad hoc on-demand distance vector routing algorithm, which was 

proposed in [27], took into account node mobility. This algorithm estimated life 

time of the link based on the measured mobility to choose the best route 

according to the link durations. The proposed algorithm also implemented the 

mobility estimates for route maintenance while the original ad hoc on-demand 

distance vector routing algorithm uses a fixed value as duration for route 

maintenance. This algorithm significantly reduced the number of overhead 

messages for route discovery and route maintenance. Thus the performance 

(such as packet delivery rate, end to end delay) is improved.  
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In [28], I implemented a neural network to predict the future movement of 

MNs in ad hoc networks. This method consists of three-layer feed-forward 

network. The back-propagation algorithm was used to learn the neural network. 

The mobility prediction allows finding the more stable links in a mobile ad hoc 

network. The training and testing neural network were done by the input and 

output patterns representing locations of mobile ad hoc node which moves 

according to RWM Mobility model. I evaluated the neural network by 

presenting the new input patterns to this network to produce the predictions. It 

was found out that feed-forward neural network works well for prediction the 

next position of a MN in MANET. 

3 THE AIM OF THE THESES 

With the development of new network technologies and techniques, 

MANETs are getting into the focus of interest very quickly. MANET networks 

have no fixed network infrastructure, which guarantees free movement to the 

end-stations in the entire network. On the other hand, this free movement of 

stations raises several new issues that must not have been solved in fixed 

network infrastructures. The majority of the nodes forming a MANET network 

are mobile and therefore they are usually powered by a battery supply. Due to 

this fact, there will be a particular emphasis on performance in the design of the 

prediction algorithm. Selecting and employing mobility models and mobility 

prediction techniques are extremely important in MANETs because it describes 

the node’s movement (node’s location, transmission range) from time to time. 

Following the recent state of the art the purpose of study is twofold: (i) 

design of a prediction algorithm of the future movement of mobile stations in 

MANETs based on a virtual map and (ii) artificial neural network development 

for movement prediction in MANETs.  

The main goal of this dissertation thesis is to evaluate the proposed 

mobility prediction methods. In order to achieve this goal, the following 

subtasks have been formulated: 

 Evaluation of mobility prediction method for AODV routing 

protocol by comparison of differences in performance evaluation of 

the traditional AODV routing protocol and the Modified AODV 

(MAODV) which uses proposed mobility prediction method. 
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 Determination of the behaviour of the mobility prediction method 

using data collected from the node which moves according to 

Random Waypoint Mobility model and Random Walk Mobility 

model. 

 Determination of the impact of the mobility prediction method on 

MNs' parameters such as delay, throughput and packet delivery ratio. 

 Determination of the behaviour of neural network based method 

using data collected from the node which moves according to 

Random Waypoint Mobility. 

4 PROPOSED MOBILITY PREDICTION ALGHORITHMS 

This chapter describes the prediction algorithm of the future movement of 

nodes based on the information of current network status. Since the nodes move 

continually with only a limited amount of energy, it is necessary to focus on the 

QoS of the communication process during designing new methods and 

functions.  

4.1 Mobility Prediction Using Virtual Map 

The prediction method supposes that each node can build its virtual map 

depending on its location over the time. This method is called mobility 

prediction using virtual map. A node uses the next step of moving to update 

neighbours within the transmission range and then the neighbours investigate 

this location information to estimate the new direction of this node. This 

solution joins the map based movement prediction with the usage of directional 

antennas [29]. 

The main technique to evaluate the performance of MANETs has been the 

use of network simulator NS-2 version 2.35. Because the real testbeds need a 

high investment in terms of hardware, and, more importantly, the replication of 

real mobile conditions is very difficult in a controlled environment like a 

laboratory. This algorithm has been implemented in NS-2 in order to be able to 

investigate its impact on network performance with a number of experiments. 

For a realistic simulation of the network, two mobility models (Random Walk 

and RWP models) are chosen to illustrate the performance advantage from the 

proposed mobility prediction algorithm [30].  
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BonnMotion is used to create mobility scenarios [31]. BonnMotion is the 

most commonly used as a tool for the investigation of mobile ad hoc network 

characteristics. 

4.2 Bayesian Neural Network for MANETs 

The aim of the research has been to develop prediction model for mobility 

in the MANETs using the data collected from location patterns. MacKay's 

Bayesian framework for backpropagation is a practical and powerful means to 

improve the generalization ability of Artificial Neural Network (ANN) [32]. The 

software used for training Bayesian neural networks is called Model Manager 

[33]. Model Manager is a graphical interface developed by MacKay. It 

incorporates further practical methods which further contribute to the successful 

completion of modelling. The database is randomly divided into training and 

testing sets, to ensure that both the half used for training and testing contains 

similar information. The Model Manager enables to form final model. This final 

model is built from a set of multiple submodels. The optimum number of 

submodels to form the set is determined depending on the combined test error of 

all the members of the set. This method further attempts to find the appropriate 

level of complexity from the data, and to ensure a robust solution is found. The 

Bayesian method assumes that the function modelled should be continuous and 

differentiable. MacKay has shown that a sufficiently complex three layer 

network using hyperbolic tangent functions in the form of (27), is able to imitate 

any such function [34]. Therefore, the three layer neural network is used to 

predict the future location of a node. The training a neural network involves 

tuning the values of the weights based on the data given. In this work I used 

Random Waypoint Mobility to construct location patterns. The Random 

Waypoint is one of the most popular mobility models used to evaluate the 

mobility prediction in MANET, because it is flexible and simulates in a realistic 

way the movement of people. The movement of an ad hoc MN can be described 

by two coordinates (x, y) and speed (s).  Numerical inputs have been available 

from 200 patterns obtained from the simulation of Random Waypoint model. 

The first 150 patterns are used for training network and the rest for predicting. I 

have used three inputs (the current coordinates and speed (x, y, s)) to predict the 

next coordinates. 
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5 PROPOSED MOBILITY PREDICTION METHODS’ 

IMPLEMENTATION AND THE RESULTS  

5.1 Evaluation of Mobility Prediction Method Using Virtual Map 

For a realistic simulation of the network, two mobility models (Random 

Walk and Random Waypoint models) are chosen to illustrate the performance 

advantage of the proposed mobility prediction algorithm. A network area of 

(500×500) m
2
 is built on the simulation platform and simulation time is for 100 

sec. Traffic type is Transmission Control Protocol (TCP).  

The mobile node is considered to be carried by people or by autonomous 

system. In order to evaluate the proposed mobility prediction method, I provide 

discussion about network simulation based performance evaluation of the 

traditional AODV routing protocol and AODV with proposed mobility 

prediction method. MAODV will refer to AODV with the mobility prediction 

method. The simulation environment consists of five different numbers of nodes 

which are 20, 40, 60, 80 and 100 MNs. Both Random Walk model and RWP 

model are also chosen to illustrate the performance metrics.  

In order to measure the performance of this network using AODV as 

routing protocol without the proposed mobility prediction method, the values are 

obtained from the trace file generated by NS-2. As it can be seen, Fig. 5.1-

Fig. 5.3 illustrate the comparative between AODV and MAODV for Random 

Walk model. The range of number of nodes is between 20 and 100.  
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Fig.  5.1 Comparison of average end to end delay of Random Walk model 

 
Fig.  5.2 Comparison of packet delivery ratio of Random Walk model 
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includes all possible delays i.e. buffering route discovery latency, queuing at the 

interface queue, retransmission delay at MAC and propagation delay. In case of 

MAODV, the delay increases when the number of nodes increases between 40 

and 80 nodes. Until 80 nodes the delay of MAODV decreases when the number 

of nodes increases. Based on this result, the MAODV has better delay 

performance than the AODV. For 20 nodes, the delay of MAODV is 60% lower 

than the delay of AODV. 

Fig. 5.2 shows that the PDR of MAODV is higher than PDR of AODV. For 

20 nodes, the PDR of MAODV is 49% greater than the PDR of AODV.  

The curve of the throughput for Random Walk model is illustrated in 

Fig. 5.3. For number of nodes greater than 60, the throughput of AODV 

increases when the number of nodes increases. The throughput for MAODV is 

better than the throughput of AODV for the range of number of nodes between 

20 and 80. While for 100 nodes, the throughput of AODV is better than the 

throughput of MAODV. Because as the number of nodes increases in a limited 

area of network, there is always better and better path between source and 

destination and therefore there is no need to predict the mobility of a node for 

high number of nodes. In other words, since the time to estimate the position of 

all other neighbouring nodes might be more significant before the data 

transmission, the throughput decreases.  

 
Fig.  5.3 Comparison of throughput of Random Walk model 
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The MAODV performed better as compared to AODV. This is due to the 

fact that MAODV takes into account the next position of the destination to point 

the antenna to the predicted direction to send data. Therefore, the probability of 

packet drop decreases, the delay decreases and the performance improves. 

5.1.1 Performance metrics of Random Waypoint Model  

This analysis includes the simulation of 20, 40, 60, 80, 100 nodes. A 

network area of 500 by 500 m
2
 is built on the simulation platform and total 

simulation time is 100 sec. Traffic type is TCP. Same scenario (Random 

Waypoint model) is used for both AODV and MAODV. From Fig. 5.4, the 

delay in both AODV and MAODV is almost the same for the range of number 

of nodes between 60 and 100. But for number of nodes between 20 and 60, 

AODV has delay higher than MAODV. Based on this result, the MAODV has 

better delay performance than the AODV for the range of number of nodes 

between 20 and 60. For 40 nodes, the delay of MAODV is 19% lower than the 

delay of AODV. The number of nodes does not have influence on the delay for 

the range of number of nodes between 60 and 100. 

The PDR in both AODV and MAODV is almost the same for the range of 

number of nodes between 60 and 100 as shown in Fig. 5.5. For the range of 

number of nodes between 20 and 60, the MAODV performed better as 

compared to AODV. 

Based on the result of Fig. 5.6, the throughput of both AODV an MAODV 

increases when the number of nodes increases. For the range of number of nodes 

between 20 and 80, the throughput of MAODV performed better as compared to 

the throughput of AODV. But AODV has throughput higher than MAODV for 

number of nodes equal to 100. 

As it can be seen for the range of number of nodes between 20 and 60, 

MAODV performed better than AODV in term of delay, PDR and throughput. 

While for number of nodes greater than 60, the performance of MAODV is not 

improved. This is due to the fact that as the number of nodes increases in a 

limited area of network, the distance between source and destination decreases 

and therefore the probability of packet drop decreases. Subsequently, there is no 

need to predict the mobility of a node for high number of nodes. 
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Fig.  5.4 Comparison of average end to end delay of Random Waypoint model 

 
Fig.  5.5 Comparison of packet delivery ratio of Random Waypoint model 

-6%↓ 

-19%↓ 

-5%↓ 

0

0.05

0.1

0.15

0.2

0 20 40 60 80 100 120

D
el

ay
 (

se
c)

  

Number of nodes 

MAODV AODV

9%↑ 

43%↑ 

50

60

70

80

90

100

0 20 40 60 80 100 120

P
D

R
 (

%
) 

Number of nodes 

MAODV AODV



15 

 

 
Fig.  5.6 Comparison of throughput of Random Waypoint model 
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Table 5-2 Improvement of the proposed method MAODV for Random Waypoint 

 AODV MAODV Improvement [%] 

Average end to end delay 

[sec] 

0.134±0.013 0.126±0.004 6% 

Packet delivery ratio [%] 
91.10±14.89 98.68±0.04 8% 

Throughput [kbps] 
113.09±45.12 120.40±49.97 6% 

 

The performance of MAODV for Random Waypoint has been improved as 

well, see Table 5-2. In comparison to the AODV, the delay has 6% 

improvement, the packet delivery ratio of MAODV has 8% improvement and 

the throughput has 6% improvement. 

Hence the MAODV performed better as compared to AODV for both 

mobility models. As I mentioned before that MAODV takes into account the 

next position of the destination to point the antenna to the predicted direction to 

send data. Therefore the probability of packet drop decreases, the delay 

decreases and the performance improves. 

5.2 Determination of the Behaviour of the Mobility Prediction Method  

This section investigates how the proposed mobility prediction method 

behaves with different mobility models (Random Waypoint, Random Walk). 

These mobility models are the most frequently used mobility model in MANET 

simulations. The analysis based on comparing the different metrics of the 

protocols mobility models that I described previously in section Error! 

Reference source not found.. 

5.2.1 Effect of Varying Number of Nodes  

The simulation environment consists of five different numbers of nodes 

which are 20, 40, 60, 80 and 100 MNs. Through the simulation of Random Walk 

model and Random Waypoint model, compare their performance in the number 

of nodes. Random Walk Mobility model and Random Waypoint Mobility model 

both are actually same mobility models apart from the pause time which is zero 

in Random Walk Mobility model. The max pause time used in Random 

Waypoint simulation was 60 sec. Their speed, direction and angle of motion are 

similar to each other.  

The comparison of the two investigated mobility models, Random Walk 

model and Random Waypoint model, is shown in Fig. 5.7- Fig. 5.9 for the range 
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of number of nodes between 20 and 100. The upward and downward arrows 

refer to the corresponding percentage change for each number of nodes. Fig. 5.7 

shows average time which is taken by a data packet to reach the destination. In 

case of Random Walk model, the delay increases when the number of nodes 

increases between 20 and 80 nodes. Until 80 nodes the delay on the Random 

Walk decreased when the number of nodes increases. This is because the density 

of nodes is increased, therefore, the probability of finding neighbouring nodes 

(when a node wants to send data to a particular node) increases when there are 

more nodes in the network. The delay of the Random Waypoint model is 

remained unchanged and less as compared with the Random Walk model. From 

this density of nodes the Random Waypoint performed better as compared to 

Random Walk model. The curve of the packet delivery ratio is shown in 

Fig. 5.8, the Random Waypoint model performed better in delivering packet 

data to the destination. The Random Waypoint model almost ensures a 

successful transfer between nodes 20 and nodes 100. The PDR for Random 

Waypoint is remained unchanged. And then the PDR for the Random Walk 

model decreased with increasing the number of nodes.  

 
Fig.  5.7 Average end to end delay for different number of nodes 
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Fig.  5.8 Packet delivery ratio for different number of nodes 
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Table 5-3 shows the comparison of the two investigated mobility models: 

Random Walk and Random Waypoint models when the number of nodes varies 

between 20 and 80 nodes. The proposed mobility prediction method MAODV 

has been used with these two models. The results of simulation indicate to 71% 

improvement in delay, 21% improvement in packet delivery ratio and 37% 

improvement in throughput of Random Waypoint compared to Random Walk.  

Table 5-3 The comparison of the mobility models by varying number of nodes 

 Random Walk Random Waypoint Improvement [%] 

Average end to end 

delay [sec] 

0.281±0.166 0.126±0.003 71% 

Packet delivery 

ratio [%] 

90.41±8.88 98.68±0.06 21% 

Throughput [kbps] 102.96±33.22 132.02±54.51 37% 

 

As it can be seen, Random Waypoint Mobility performs better as compared 

to Random Walk model, because the pause time in Random Waypoint Mobility 

model decreases the mobility and so as the path breakage which enhances the 

performance compared to Random Walk. 

5.2.2 Effect of Varying Maximum Speed of Node Movement 

A network area of 500 by 500 m
2
 is built on the simulation platform and 

simulation is for 100 sec and 20 nodes. Since the mobile node is considered to 

be carried by people or by autonomous system, the simulation environment 

consists of different values of the maximum speed of a node movement which 

are 1.5, 5, 10, 15, 20, 25 m/sec.  

The comparison of Random Walk model and Random Waypoint model is 

shown in Fig. 5.10- Fig. 5.12 for the range of speed between 1.5 and 25 m/sec. 

As shown in Fig. 5.10 average end to end delay of both mobility models. It 

shows that delay slightly increases for increasing the node speed of Random 

Walk model, while delay of Random Waypoint is remained unchanged and less 

as compared with the Random Walk model. For speed higher than 15m/sec, the 

delay of Random Waypoint is about 36% lower than the delay of Random Walk. 

Based on the result of Fig. 5.11, the node with Random Waypoint has still 

better and constant packet delivery performance than the Random Walk which 

provide less packet delivery for speed higher than 5m/sec.  
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Fig.  5.10 Average end to end delay for different values of maximum speed 

  
Fig.  5.11 Packet delivery ratio for different values of maximum speed 
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Fig.  5.12 Throughput for different values of maximum speed 

In Fig. 5.12, Random Waypoint shows higher throughput than Random 

Walk. The throughput of Random Walk decreases when the speed of nodes 

increases. The throughput decreases for increasing the node speed of both 

mobility models. 

Table 5-4 shows the comparison of the two investigated mobility models: 

Random Walk and Random Waypoint models when the value of the maximum 

speed of a node movement varies between 1.5 and 25 m/sec.  

Table 5-4 The comparison of the mobility models for different values of speed 

 Random Walk Random Waypoint Improvement [%] 

Average end to end 

delay [sec] 

0.177±0.047 0.126±0.004 6% 

Packet delivery 

ratio [%] 

60.25±7.58 98.69±0.06 87% 

Throughput [kbps] 63.03±0.66 66.24±1.31 4% 

 

The simulation results show 6% improvement in delay, 87% improvement 

in packet delivery ratio and 4% improvement in throughput of Random 

Waypoint compared to Random Walk. As it can be seen, Random Waypoint 
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Mobility performs better as compared to Random Walk model, because the 

pause time in Random Waypoint Mobility model decreases the mobility and 

therefore ensures more stable link between neighbouring nodes. 

5.3 Bayesian Neural Network Results 

The Bayesian technique is used for training neural network. Only the 

current position and speed are used to find the next position of MN. It has been 

implemented in Model Manager for training Bayesian neural networks. 

Consider an ad hoc node moves according to Random Waypoint Mobility 

model within area of (500×500) m
2
. The speed range is [speedmin-40m/s], 

                ). The coordinates and speed are saved every second, 

starting from   second to 200 seconds. Therefore 200 patterns are available. The 

first 150 patterns are used for training network and the rest for predicting. This 

model used the current coordinates and speed (x, y, s) as input variables, and the 

next coordinates as targets. The minimum and maximum of each input variable 

and the target data are shown in Table 5-5. 

The Bayesian method can find the significance of each input, thus there is 

no need to exclude any variable prior to the analysis. The variables which have 

little effect in explaining the output will be linked to small weights. 

Table 5-5 The minimum and maximum values for the database 

 

Min Max MinNo MaxNo Average StDev 

   34.6 285.2 136 6 135.8 47.47 

   97.6 430.4 54 105 251.7 75.69 

   0.3 40 1 59 19.1 11.73 

Target      34.6 285.2 135 5 134.8 46.82 

Target      97.6 430.4 53 104 251.2 75.98 

 

After analysing and preparing the database, many submodels have been 

developed. Each submodel contained a set of parameters which defined the 

function that best fits the data with which the submodel has been developed. 

Each submodel had a given number of hidden units and different seed, thus 

different results were obtained by the particular submodel. Seeds are the initial 

weights which have been used as guesses. The time required to train a submodel 

grows exponentially with the number of hidden units (typically, training a 



23 

 

submodel with one hidden unit took a few seconds, while many hours were 

required for 100 hidden units). 

The number of hidden units is assumed in range of 1 to 20. In the training 

phase, one hundred networks were trained with hidden units ranging from one to 

twenty and five seeds in each case. Each submodel made a prediction differently 

and these submodels were sorted by decreasing LPE, the submodel with the 

highest log predictive error is the best one. 

The optimal submodel is selected based on minimum test error or 

maximum log predictive error. The test error and log predictive error during the 

training phase in dependence on the number of hidden units are shown in 

Fig. 5.13 and Fig. 5.14 respectively. Fig. 5.14 shows the changing of LPE of 

     with the number of hidden units. The LPE has an optimum value at about 

one hidden unit, as the test error has a minimum value at one hidden unit, 

Fig. 5.13.  

 

 
Fig.  5.13 The test error during the training phase  
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Fig.  5.14 The log predictive error during the training phase 

The database is randomly divided into training and testing sets, to ensure 

that both the half used for training and testing contains similar information. For 

testing the best submodel, the Model Manager makes prediction using whole 

database (training set and testing set). These processes have been done during 

the training stage. These submodels sometimes had domains in which they 

displayed good prediction, and others in which they did not. It is important to 

mention that a set of submodels with a given numbers of hidden units and 

different seed is called a model or a set of multiple submodels. Their predictions 

are combined to give the best overall result possible.  

The final model has been built from a set of multiple submodels. The 

maximum number of submodels included in my sets equals to 20. The optimum 

number of submodels to form the set is determined based on the combined test 

error of all the members of the set. These methods were further attempts to find 

the appropriate level of complexity from the data, and to ensure a robust solution 

is found. The sets, which are built, are as many as there are submodels: the first 

set contains only the first submodel, the second set contains the two first 

submodels etc.  
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Fig.  5.15 The combined test error for the sets of different sizes 

Usually, the error is minimized by using more than one submodel in the set. 

However in this case, the optimum number of submodels to form the set was 

found to be one as shown in Fig. 5.15. Therefore, the test error for the best 

submodel is 0.0663, and the combined test error of the set is 0.0663; this is test 

error estimated just for set containing only one submodel, and hence the test 

error for the best submodel and the combined test error of the set are the same. 

The best way to evaluate the set of submodels is by making predictions and 

comparing predictions with target data. Fig. 5.16 shows a plot of target versus 

the predicted output using the selected set; predictions are made by using 50 

patterns as input variables. Fig. 5.17 shows the prediction performance of the 

proposed model for Random Waypoint Mobility. It is clear that the universal 

approximation capability of the set enables them to track the nodes mobility 

once training is completed.  
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Fig.  5.16 Prediction of next position xn+1 in [m] against measured value in [m] 

 
Fig.  5.17 The prediction result of Random Waypoint Mobility 
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In Fig. 5.18, confidence and prediction intervals are used to characterize the 

results. It was performed the linear regression of data (predicted and measured). 

The linear regression line has an equation of the form: 

                  

           
  

where   is the predicted value,   is the target value and    is the correlation 

coefficient. The confidence level used is 95% around the average. This means 

that there is a 95% probability that the true linear regression line of the 

population will lie within the confidence interval of the regression line 

calculated from data. The confidence interval of the prediction presents a range 

for the mean rather than the distribution of individual data points. It does not tell 

the likely range of all values, just how much the average value is likely to 

fluctuate. The correlation of measured and predicted through the best model has 

been found acceptable. 

 

 
Fig.  5.18 The confidence and prediction bands of linear regression at confidence level 

95%. 
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6 CONCLUSION  

The main goal of this thesis was to define mobility prediction methods for 

MANET networks: the first method is based on the virtual map and the second 

method uses a neural network.  

In the virtual map based scheme, each node can build its virtual map of 

moving depending on its location over the time. Thereby, the MNs use this map 

to define the next step in the control message between the sending nodes. The 

predicted information about the expected movement of stations is used for 

finding the optimal path from the source to the destination. I evaluated the 

mobility prediction method for AODV routing protocol by comparison of 

differences in performance evaluation of the traditional AODV routing protocol 

and the MAODV which uses proposed mobility prediction method. Also 

Random Walk Mobility model and Random Waypoint Mobility model have 

been carried out for this comparison. Simulation results illustrated that the 

performance of the proposed method enhanced in term of delay, throughput and 

PDR for the range of number of nodes between 20 and 80. Table 8 1 

summarizes the improvement of MAODV compared to AODV for Random 

Walk Mobility model and Random Waypoint Mobility model. 

Table 8 1 Improvement of the proposed method MAODV 

  
Average end to end 

delay 

Packet delivery 

ratio 
Throughput 

Improvement for 

Random walk 

30% 13% 8% 

Improvement for 

Random Waypoint 

6% 8% 6% 

 

  Comparative results of the Random Walk Mobility model and Random 

Waypoint Mobility model have been carried out via NS-2 software simulations. 

These mobility models are represented in BonnMotion. I investigated existing 

mobility models, and how the prediction solution in this research can be applied 

to them. Simulations respectively realize performances in terms of average end 

to end delay, packet delivery ratio and network throughput under different 

mobility model. The proposed prediction concept is implemented over AODV 

routing protocol. Simulation results illustrated that the performance of the 
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proposed method varies across two mobility models, number of nodes and 

speeds. The proposed method provides an adaptive location prediction 

mechanism. It proactively predicts future locations of communicating nodes and 

minimizes location updating, thereby reduces communication delay. From the 

simulation analysis I can conclude that Random Waypoint model is the best 

model which outperforms Random Walk model in term of end to end delay, 

throughput, and packet delivery ratio. 

In the neural network based method, an ANN for movement prediction has 

been developed in MANETs. The Bayesian technique was used for training 

ANNs. It has been implemented in Model Manager for training Bayesian neural 

networks. Training a network includes finding a set of weights and biases which 

gives a trade-off between complexity and accuracy. The best way to evaluate the 

final model is done by making predictions and comparing predictions with target 

data. The predictions are made by using 50 patterns which have not been 

included into the training phase. I found out that the universal approximation 

capability of the set enables them to track the nodes mobility once training is 

completed. The Correlation of measured and predicted through the best model 

has been found acceptable. 
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ABSTRACT 

The rapid evolution in the field of mobile computing has led to a new 

alternative way for mobile communication, in which mobile nodes form a self-

organising wireless network, called a Mobile Ad hoc Network (MANET). The 

specific characteristics of MANETs impose many challenges to network 

protocol designs on all layers of the protocol stack because of unpredictable 

topology changes and mobile nature. Mobility prediction is a tool to deal with 

the problems emerging from the nodes’ mobility by predicting future changes in 

the network topology. This is crucial for different tasks such as routing. 

In this doctoral thesis, two mobility prediction methods for MANET 

networks are developed. The first method supposes that each node can build its 

virtual map depending on its location over the time. This method is called 

mobility prediction using virtual map. In order to evaluate the developed 

prediction algorithm, it has been implemented in the network simulator NS-2. I 

have investigated existing mobility models, and how the prediction method can 

be applied to them. Simulations respectively realize performance improvement 

in terms of average end to end delay, packet delivery ratio and network 

throughput under different mobility model. The proposed prediction concept is 

implemented over AODV (Ad Hoc On-Demand Distance Vector) routing 

protocol. 

In the second method, I have developed an artificial neural network for 

movement prediction in MANETs. The prediction model for mobility has been 

done by the data collected from location patterns. The Bayesian technique was 

used for learning or training ANNs. It has been implemented in software for 

training Bayesian neural networks called Model Manager. The best way to 

evaluate the final model is done by making predictions and comparing 

predictions with target data. The predictions are made by using 50 patterns as 

input variables. 

The reached and in the thesis discussed results show that improvement in 

the most significant network parameters, i.e. delay, throughput and packet 

delivery ratio, are reached even by 30% compared to AODV routing protocol, 

where the proposed prediction model is not utilized. 
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ABSTRAKT 

 

Rychlý vývoj v oblasti mobilní informatiky vyústil v nový, alternativní 

způsob mobilní komunikace, v němž mobilní uzly tvoří samoorganizující se 

bezdrátovou síť, jíž se říká mobilní síť ad hoc (Mobile Ad hoc Network, 

MANET). Specifické vlastnosti sítí MANET stavějí návrh síťového protokolu 

před řadu problémů na všech vrstvách protokolové sady . Příčinou jsou 

nepředvídatelné změny topologie a mobilní povaha těchto sítí. Nástrojem, který 

řeší problémy plynoucí z mobility uzlů, je predikce budoucích změn v topologii 

sítě. To má zásadní význam pro různé úlohy jako přesměrování. 

Tato disertační práce se zabývá dvěma metodami predikce mobility pro sítě 

MANET. První metoda se nazývá „predikce mobility s využitím virtuální mapy“ 

(mobility prediction using virtual map) a předpokládá, že každý uzel si dokáže 

vybudovat svou virtuální mapu v závislosti na svém umístění v průběhu času. 

Vyvinutý predikční algoritmus byl implementován do síťového simulátoru NS-

2, aby jej bylo možné vyhodnotit. V této práci zkoumám stávající modely 

mobility a způsob, jakým v nich lze aplikovat tuto metodu predikce. Simulace 

sledují zlepšení výkonnosti, co se týče průměrného zpoždění na bázi end-to-end, 

poměru doručených paketů a propustnosti sítě. Navržený koncept predikce byl 

implementován pomocí směrovacího protokolu AODV(Ad Hoc On-Demand 

Distance Vector). 

Pro druhou metodu jsem vyvinula umělou neuronovou síť pro predikci 

pohybů v sítích MANET. Model pro predikci mobility vznikl na základě dat 

shromážděných ze vzorců umístění. K učení či trénování ANN byl využit 

bayesovský přístup. Ten byl implementován v softwaru pro trénování 

bayesovských neuronových sítí s názvem Model Manager. Nejlepším způsobem 

hodnocení závěrečného modelu je provedení predikcí a jejich srovnání 

s cílovými daty. Predikce vznikají na základě 50 vzorců jako vstupních 

proměnných. 

Dosažené výsledky prezentované s diskutované v práci se vyznačují 

zlepšením zásadních parametrů komunikační sítě, jako jsou propustnost, 

zpoždění, Poměr doručených paketů, až o 30% v porovnání s klasickým 

směrovacím protokolem AODV, kde není implementován predikční model. 

 


