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Abstract—Mobility Prediction in mobile ad-hoc networks is used 
in location aided routing and mobility aware topology control 
protocols. These protocols assume that each node knows its 
current position, speed and movement direction angle. Using this 
information the protocols can predict the future position of each 
node. Also they can predict some parameters like future distance 
between 2 neighboring nodes. Future distance between 2 
neighboring nodes is used in some applications like mobility 
aware topology control protocols. The major problem with these 
protocols is the inaccuracy of future distance predictor which 
uses mobility prediction to estimate the future distance of 
neighboring nodes. The efficiency of this estimator varies in 
presence of different mobility models, sampling rates and 
different speed ranges. In this paper, we introduce an adaptive 
mobility prediction method that uses learning automaton to 
estimate the coefficients of a simple adaptive filter in order to 
predict the future distance of 2 neighboring nodes. We evaluated 
this estimator in different mobility models and sampling rate. 
Simulation results show significant improvement in accuracy of 
the future distance prediction mechanism which causes more 
accurate prediction especially in low sampling rates. 

Keywords- Mobile Ad-Hoc Networks, Mobility Models, Mobility 
Prediction 

I. INTRODUCTION  
A mobile ad-hoc network (MANET) is a group of mobile 

wireless nodes working together to form a network. Such 
networks can exist without a fixed infrastructure working in an 
autonomous manner and every mobile device has a maximum 
transmission power which determines the maximum 
transmission range of the device. As nodes are mobile, the link 
connection between two devices can break depending on the 
spatial orientation of nodes. Two mobile wireless devices out 
of the communication range can use other devices within their 
communication range to relay packets. Mobile ad-hoc networks 
have numerous applications in sensor networks, disaster relief 
systems and military operations. Some of the network 
constraints in mobile ad-hoc networks are limited bandwidth, 
low battery power of nodes, and frequent link unreliability due 
to mobility. Node mobility causes network topology to change 
dynamically in mobile ad-hoc networks. Therefore, the 
topology control in presence of mobile nodes is an important 

problem to consider. Most of the previous works in topology 
control have not considered mobility and assume that the 
network topology is static and there is no change in position of 
the network nodes. One of the methods that incorporate 
mobility in topology control is “mobility aware distributed 
topology control protocol” proposed in [1]. Each mobile node 
in this protocol uses a simple mobility prediction method to 
predict future distance of two neighboring mobile nodes and 
attempts to predict future state of the neighborhood topology 
and to calculate a set of transmission powers required to reach 
its neighboring nodes. This protocol tries to reach a robust 
topology by adjusting each node’s power to minimum required 
power to reach all of its neighboring nodes. But the major 
problem with this protocol and other protocols that use 
mobility prediction [2,3,4,5] is the assumption that the motion 
in mobile nodes is nonrandom. If the mobile nodes in an ad-hoc 
network move in a nonrandom manner then this protocols can 
easily and accurately predict each nodes future position, and 
each 2 neighboring nodes future distance. But in real world 
motion of mobile nodes is not stationary and nodes move in 
random patterns called mobility models. There are a number of 
mobility models proposed in the literature to simulate real 
world motion patterns of mobile nodes in different 
environments [6,7]. The accuracy of the future distance 
predictor varies in each of this mobility models. In most of 
mobility models the estimation error is considerable and its 
predicted future distance between 2 neighboring nodes is much 
more than the real future distance. This inaccuracy can cause 
serious problems in performance and efficiency of these 
protocols. For example in [1], over estimation of future 
distance of 2 neighboring nodes can cause serious problems in 
topology control and power consumption of nodes and also can 
produce interference and reduce network capacity. In our 
proposed scheme we introduce an adaptive estimator that can 
adaptively change its coefficients in different mobility models, 
sampling rates and speeds. This estimator uses a simple 
learning automaton scheme to achieve adaptation. Simulation 
results show significant reduction in power consumption of 
each node using our proposed mobility prediction scheme.  

The rest of the paper is organized as follows. Section 2 
explains our proposed scheme to enhance the future distance 
predictor accuracy. Section 3 provides the simulation results 
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and finally in Section 4 we present the conclusion and future 
works.  

II. MODEL BASED ADAPTIVE MOBILITY PREDICTION  
In future distance prediction scheme proposed in [1,2], A 

node predicts its own future position given its current position, 
speed and direction using the following equation: 
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Time instances 0t  and α+0t  represent current time and 
next sampling time, α  is the time increment in seconds. Here 
( )(),( 00 αα ++ tytx ) denote the position of a node at ( α+0t ), s 
is the current speed which is bounded by some maximum 
value, and θ  is the direction angle of node motion. Future 
distance of a node to each of its neighbors is calculated using 
Equation (2). Assuming that there are two neighbor nodes, 
node A and node B, then: 
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Our proposed protocol called “model based adaptive 
mobility prediction” uses prediction scheme in [1] but with an 
enhanced future distance predictor which adaptively produces 
the coefficients of a specified estimator using learning 
automaton. In the following section we introduce the proposed 
scheme.  

A. Enhanced Future Distance Estimator 
Instead of using the future position predictor used in 

equation (1), we used an adaptive estimator which is similar to 
the old one but it has the term )/1( alpha as the scaling 
coefficient of the estimator. This coefficient adaptively varies 
in different mobility models, speeds and sampling rates. The 
term sampling rate is the time between to prediction points 
Using a lower sampling rate causes lower overhead in topology 
control protocol because each node does not need to send hello 
packets and it does not run the radio range selection algorithm 
at each instance of time. This scheme causes much lower 
topology control overhead to the network. But using lower 
sampling rate causes considerable distance prediction error in 
future distance predictor shown in equation (1). Because the 
predictor used in [1] assumes non-random motion in mobile 
nodes. It means that in each sampling time the predictor 
receives node position, speed and motion angle from GPS and 
assumes that the speed and angle of each node is static until the 
next sampling time. But in the real world, because of random 
motion in mobile nodes, speed and angle of each mobile node 
can vary between two sampling times. This randomness is 
different in different mobility models. For example, in the 
RPGM mobility model, each node changes its speed and angle 
in each instance of time. But in Manhattan mobility model this 
randomness is much lower. Therefore, future distance 
prediction error in Manhattan mobility model is much lower 
than RPGM mobility model. To solve this problem and to 
achieve a more accurate future distance predictor we propose 
an adaptive future distance estimator which can adapt itself to 
different mobility models, speeds and sampling rates using a 

simple learning automaton scheme to estimate the estimator 
coefficients )(alpha .The term sampling rate is shown with 

)( 00 tt a −+ in equations (1) and (3). The following equation 
shows the proposed future position estimator. 
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Similar to the scheme proposed in [1], future distance 
between each 2 nodes in the future is calculated by equation (2) 
In the following sections we introduce the simple learning 
automaton scheme that we have used to adaptively select the 
estimator coefficients. 

B. The Learning Automaton 
In this section, we present the fundamentals of the learning 

automaton model [8]. This involves the definition of the 
automaton itself and the environment with which it interacts.  

An automaton can be regarded as a finite state machine. 
Mathematically, it can be described by: 

},,,,{ φβα GFSA ≡                                                                     (4) 

},...,,{ 21 rαααα ≡ is the set of actions of the automaton; 

},...,,{ 21 rββββ ≡  is the set of inputs to the automaton; 

φβφ →×≡F  is the function that maps current state and input 
into next state; 

αφ →≡G  is the output function mapping the current state into 
the next output. 

The Krinsky(2N,2) automaton has 2N states and 2 actions and 
attempts to incorporate the past behavior of the system in its 
decision rule for choosing the sequence of actions. For every 
unfavorable response, the automaton switches its state from 
state iφ  to 1+iφ and in state Nφ and N2φ it changes the action. 
But for favorable response any state iφ : 

N)1,...,i ( =for Passes to the state iφ and any state iφ  

1,...,2N)Ni ( +=for  Passes to the state 1+Nφ  

The random environment can be mathematically described 
by the triple: 

},,{ cE βα≡                                                                               (5) 

},...,,{ 21 rαααα ≡  is the set of inputs; 

},...,,{ 21 rββββ ≡  is the set of outputs; 

},...,,{ 21 rcccc ≡  is the set of penalty probabilities; 

The input of the environment is one of the r actions 
selected by the automaton. The set c  of penalty probabilities 
characterizes the environment and is defined as  

.,...,2,1for   ])(|1)([ rinnprobc ii ==== ααβ                              (6) 

Figure 1 shows a simple Krinsky Automaton system. 

1-4244-1312-5/07/$25.00 © 2007 IEEE 1714



 
 

 
Figure 1- Krinsky(2N,2) Automaton[8] 

 

C. Adaptive Estimator Coefficient Selection 
According to the automaton principles introduced in the 

previous section [8], we define the environment, inputs and 
actions of our automaton. The environment of our automaton is 
the movement of mobile nodes and the estimated distance 
between the position of each node in current and the future 
point of time. The action of automaton is the estimator’s 
coefficient )( alpha used in equation (3). The automaton changes 
its state and actions according to the award and penalty that it 
receives from the environment as follows. 

At the first point of time ( 0t ), the automaton sets the 
coefficient )(alpha  to 1, predicts the future position of the 
mobile node and sets the current position and predicted future 
position in place of the specified variables. At time ( α+0t ) the 
node receives its real position using GPS and calculates its 
distance between last position at 0t  and current position at 
( α+0t ). Then it calculates the distance between its last 
position ))(),(( 00 tytx  and predicted position 
( )( 0 α+tx , )( 0 α+ty ). If the difference of these 2 values is above 
or below a specific threshold, then the automaton gets a penalty, 
changes its state and chooses a new action )(alpha . But if the 
difference is between upper and lower thresholds, the 
automaton receives an award and changes its state and chooses 
current alpha as the action. These steps continue until the 
optimum value for alpha is learned adaptively for the mobility 
model, sampling rate and speed of the environment. In each 
point of time each node calculates its distance to its neighbors 
using equation (2). 

According to our simulation results this method can enhance 
the distance estimator accuracy and eliminate the effect of 
sampling rate in estimator inaccuracy in all mobility models, 
sampling rates and speeds.  

III. SIMULATION RESULTS 
We used Mobisim [9] to generate mobility traces for our 

simulations. Mobisim can generate mobility traces which may 
contain each node’s position, speed and motion direction angle 
at anytime in various mobility models, speeds and other 
mobility model configurations. Using this graphical simulator 
we generated mobility traces for 20 mobile ad-hoc nodes. Our 
simulation region is [500*500] meters and the average speed of 
each mobility trace is 40 m/s. Simulation time is 50000sec and 
sampling rate is 1/50 which means that in protocol each node 
predicts its future position at each 50 seconds. We used Matlab 
to implement our proposed method and learning automaton. In 
these simulations, Matlab uses mobility traces generated by 
Mobisim and implements exact, simple and enhanced 
predictors. Exact predictor uses future mobility traces to fetch 

future position of each node from mobility traces. Simple 
predictor uses equation (1) to estimate future position of each 
node and Enhanced predictor uses our proposed method to 
estimate future position of each node by using an adaptive 
estimator. Figure 2 shows the convergence diagram of the 
mobility models. In each part of Figure 2, the first part (A) 
shows real future distance between 2 specified neighbor nodes, 
the second part (B) shows predicted future distance between 
two neighboring nodes using simple future distance predictor 
proposed in [1], and the third part (C) shows predicted future 
distance using our proposed enhanced predictor. As we can see 
in the third part of each figure, our estimator causes significant 
improvement in future distance prediction accuracy in 
comparison with the simple predictor in part (B).  

As we can see in figure 2, because of more accurate 
predicted distance between 2 neighboring nodes, in all mobility 
models, predicted future distance of our enhanced predictor is 
much lower than the simple predictor and it is near the exact 
future distance. Use of this enhanced predictor in proposed 
protocol in [1] can cause lower power consumption and lower 
interference cost in media access layer and improve capacity of 
the network. Using our proposed method, each node in 
protocol can predict its future position, send hello packets and 
adjust its power in lower sampling rates. This can cause 
improvement in protocol performance and reduce topology 
control overhead while reducing power consumption.  

IV. CONCLUSION AND FUTURE WORK 
In this paper we introduced a simple method which uses 

mobility prediction to predict future distance of 2 nodes in 
mobile ad-hoc networks along with a new future distance 
estimator. In fact, we introduced a new adaptive future distance 
estimator which uses learning automaton to estimate its 
coefficients. Based on the value of these coefficients, the 
estimator can adaptively predict the future distance between 2 
neighboring nodes for different mobility models, speeds and 
sampling rates. Our simulation results showed significant 
enhancement in accuracy of the proposed adaptive future 
distance predictor in comparison with the simple future distance 
predictor proposed in [1,2]. 

For future works we can work on our proposed adaptive 
estimator to customize it for each mobility model. In this case 
there is no need to use learning automaton. System can estimate 
existing mobility model in motion of nodes in network and 
select appropriate estimator coefficient for existing mobility 
model, speed and sampling rate.  
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(A) - Random Waypoint Mobility Model, Average Speed = 40m/s, Sampling Rate = 1/50, 

Average Convergence Alpha = 5.6 
 

 
(B) - Freeway Mobility Model, Average Speed = 40m/s, Sampling Rate = 1/50,        

Average Convergence Alpha = 8.15 
  

 
(C) - RPGM Mobility Model, Average Speed = 40m/s, Sampling Rate = 1/50,          

Average Convergence Alpha = 15.75 
 

 
 (D) - Gauss-Markov Mobility Model, Average Speed = 40m/s, Sampling 

Rate = 1/50, Average Convergence Alpha = 21.47 
 

Figure 2 – Convergence Diagram of Enhanced Future Distance Estimator 
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