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Abstract  In this paper we investigate several gaps on the study of mobility models in Mobile ad hoc Networks 

(MANETs). We present a survey of taxonomies for mobility models, and introduce a novel taxonomy for mobility metrics, 

which is then employed for classifying the surveyed metrics. It is performed a comprehensive experimental study taking into 

account an heterogeneous set of mobility models and seven representative mobility metrics. As a first result, we show how 

effective metrics are on distinguishing among models. Additionally, our simulation findings reveal that, independently of the 

movement pattern of mobile nodes, there are similar relat ionships among node speed and several mobility metrics. 

Furthermore, we estimate the impact of each mobility model‟ parameter on the evaluated mobility metrics, revealing the 

variables that most impact the metrics. Lastly, through stepwise multip le linear regression analysis we created accurate 

models fo r predict ing the value of link duration, node degree and network part itioning metrics from a proposed set of novel 

predictors. The results presented in this work provide significant insights on the comprehension of mobility models and 

metrics and the interactions between them in MANETs . 
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1. Introduction 

To support the growth and development of mobile ad hoc 

networks (MANETs), researchers from industry and 

academia have designed a variety of protocols, spanning the 

physical to the application  layer. When it comes to 

evaluating such protocols, analytic modeling and simulation 

are amongst the most used methods. The former has 

limitat ions due to the lack of generalization, and the 

intrinsic high level of complexity[15]. The latter is by far 

the most used method for designing and evaluating 

MANET protocols[37]. 

A mobility model is one of the most important 

components in the simulat ion of MANETs. This component 

describes the movement pattern of mobile nodes (e.g., 

people, vehicles) and it has many impact factors such as: 

protocol performance[7, 12, 40, 55]; topology and network 

connectivity[10, 26, 59]; data replicat ion[31]; and security 

[18]. Regarding the first factor, Bai et al.[7] demonstrated 

that the performance of a protocol can vary dramat ically 

depending on the adopted mobility model.  

A drawback on the current  analysis of mobility models is 

that just a few variab les (i.e., input parameters) are covered.  
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Among the analyzed parameters, the majority of studies 

just assess the impact of maximum speed[3, 7, 24, 31, 32, 39, 

57, 63, 67, 77] for mobility and protocol performance 

metrics. Other studies also evaluate the impact caused by 

changing the values of radio communication range[24, 57], 

number of nodes[32, 63, 67], and node pause time[56]. Thus, 

there is plenty of space for analyzing the impact of other 

parameters, such as number of city blocks and number of 

mobile groups (when applicab le).  

After several mobility models had been proposed, there 

was a need for better analyzing and comparing them. For this 

reason, mobility metrics were introduced for classifying and 

measuring, quantitatively and qualitatively, any mobility 

model. However, there are disagreements over the quality of 

some mobility metrics. For instance, several authors [30, 52] 

argue that the number of link changes [30] is a good metric 

because it is able to different iate among mobility models, 

while other authors[7, 64] disagree with that statement.  

Some mobility metrics are direct ly related to the 

performance of routing protocols. Sadagopan et al.[57] 

demonstrated that there exists a linear relationship between 

the mobility metrics of link and path duration and the 

protocol performance in terms of throughput and routing 

overhead. 

Considering that mobility models ‟ input parameters have 

a direct impact on mobility metrics, it seems suitable to 

estimate the relationship between metrics and parameters. 

Understanding relat ionships among them allow developing 
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accurate metrics‟ prediction models, while also guiding on 

the design of mobility aware protocols. Besides that, other 

works[35, 47] have shown that mobility metric pred ictive 

models may also be used for allowing researchers specifying 

rigorous MANET simulat ion scenarios for protocol 

evaluation. 

From the points raised so far, we list the following 

Research Questions (RQ) regarding mobility aspects in 

mobile networks: 

RQ1: How effective are the metrics on distinguishing 

models? 

RQ2: Can mobility models from different classes exhibit  

similar behavior for the same metrics? 

RQ3: Can mobility models belonging to the same class 

behave differently for the same metrics? 

RQ4: What are the mobility variables that most impact on 

the metrics? 

To investigate the aforementioned questions, we 

performed a comprehensive experimental study (Section 4) 

using six mobility models (Section 2) and seven well-known 

mobility metrics (Section 3). In  section 2 we show a survey 

of taxonomies for mobility models, and in section 3 we 

introduce a novel taxonomy for mobility metrics, using it to 

classify the surveyed metrics. Results from related work are 

compared with ours in  Section 5. Finally, the conclusions of 

this work are pointed out in Section 6.  

2. Mobility Models 

A mobility model can be defined as a mathematical model 

that describes the movement pattern of mobile nodes (e.g., 

people, vehicles). It determines how the movement 

components (e.g., speed) of nodes change over time, aiming 

at modeling the real behavior of mobile nodes. Mobility 

models can be classified in d ifferent ways (Figure 1): the 

level of mobility description[11]; the model building 

technique[17]; the type of mobility entity (user)[50]; the 

interdependence of nodes' movement[17]; the model internal 

characteristics[6]; and the degree of randomness in mobility 

pattern[79][62]. Some representative mobility models are 

described below. 

Mainly due to its simple implementation, Random 

Waypoint (RW)[16] became the most widely employed 

model in the evaluation of MANET protocols [36]. The RW 

algorithm randomly chooses a destination point and a 

constant speed at which a node moves until it  reaches that 

destination. Then the node may stay still fo r some t ime (in 

case a pause time is defined) before starting a new movement 

(Figure 2(a)). The RW model has onlythree input parameters: 

minimum speed, maximum speed, and maximum pause time. 

Node speed and pause time follows a uniform probability 

distribution. 

Although it is one of the simplest mobility models, the 

RW model has at least two well-known drawbacks. The first 

is the non-uniform node distribution resulting from the edge 

effect[11]. The other is the average node speed decay during 

the simulat ion[73]. Yoon et al.[73] estimated an 

approximation equation for the minimum speed in order to 

work around this problem. 

 

Figure 1.  Classifications of mobility models 

Hong et al.[30] proposed the Reference Point Group 

Mobility (RPGM) model and used it in a proposal for a 

routing protocol[53]. An applicable situation using this 

model is in the battle field, where soldiers move in unity 

following their leader. Another possible application for this 

model is in rescue operations during disasters. 

In the RPGM model (Figure 2(b)), each group has a center 

point, which can be physical (i.e ., geographic point on the 

map) or log ical (i.e., the leader of the group). The movement 

of the leader of a group determines the movement of all its 

members. 

Liang and Haas[41] proposed the Gauss-Markov (GM) 

model. In itially, this model was proposed to model node 

mobility in mobile phone networks. However, th is model has 

been used also in MANETs[17]. Using stochastic process to 

model node speed, this mobility model overcomes a 

limitat ion (i.e., abrupt speed changes) normally  found in 

random models. 

A grid-based model, Manhattan, was introduced by Bai et 

al.[7]. In this model, nodes follow specific paths (e.g., streets) 

distributed in a grid (Figure 2(c)). Th is model is more 

appropriate for describing the movement of pedestrians or 

vehicles in a city. Some of Manhattan‟s input parameters are 

the number of horizontal and vertical streets and the standard 

node speed deviation, s ince in this model the speed follows a 

Normal distribution. 

Zhao and Wang[76] designed the Semi-Markov Smooth 

(SMS) model. It uses the physical laws of kinematics to 

characterize nodes‟ movements. The authors considered that 

a moving object usually undergoes three movement phases: 

acceleration, speed stability, and slow down. Thus, the 

movement generated by the SMS model becomes smooth, 

showing a temporal correlation between the consecutive 

speeds of a node. This model is named Semi-Markov due to 

the speed stability phase, where velocity and direction are 
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similar to those from the Gauss-Markov model. 

A mixed grid  and group-based mobility model, the 

Community Based Mobility Model (CMM), was proposed 

by Musolesi and Mascolo[49]. It  is based on the theory of 

social networks, taking into account how people come 

together and move according to their social relations, which 

is estimated from what the authors call the social 

attractiveness. This is a measure based on how many friends 

(i.e ., neighbors) are in a same region of the grid. The authors 

take into account that in real life there are periodic repetitions 

in the movement pattern of people. The CMM model was 

validated through real movement traces provided by the Intel 

Research Lab[49]. 

 

(a) Random Waypoint 

 

(b) Reference Point Group Mobility Model 

 

(c) Manhattan 

Figure 2.  Visualization of RWP, RPGM and Manhattan mobility models 

in action 

3. Mobility Metrics 

Each affiliat ion must include, at the very  least, the name of 

the company and the name of the country where the author is 

based (e.g. Causal Productions Pty Ltd, Australia).Email 

address is compulsory for the corresponding author. 

A mobility model can be seen as a simple input output 

process (Figure 3). The inputconsistsofthe mobility  model‟s 

parameters. The output consists of mobility trace files each 

containing details about the movements of all nodes during 

the simulat ion. From these files one can compute the 

mobility metrics. 

 

Figure 3.  Mobility model seen as an input output process 

Mobility metrics are usually  based on four assumptions. 

First, the communication range between every pair of nodes 

is always bidirectional. Second, the transmission range (R) is 

constant and equal for all nodes. Third, the number of nodes 

(N) remains unchanged during the simulation. Lastly, the 

network scenario should have a two-dimensional rectangular 

geometry. 

One of the most traditional and known mobility metric is 

the average node degree (ND). It accounts for the average 

number of nodes residing within the communication range of 

a given node. Thus, the degree of a node is the same as the 

degree of a vertex in a graph. As an example, node degree of 

node F is five in Figure 4 (top left side). 

Node degree is a quantity of interest due to its implication 

on capturing mobility dynamics[43] and on the success rate 

of various tasks in mobile ad hoc networks [34]. Ishibashi and 

Boutaba[32] showed the effects of the number of nodes, 

geographical area and transmission range on ND for the 

Random Waypoint mobility model. ND is still currently the 

subject of intensive investigation. For instance, Bouabdallah 

et al.[14] recently used ND for provid ing mobility-aware 

clustering schemes for wireless mesh networks. 

 

Figure 4.  An illustration of a mobile ad hoc network 

Number of network partitions (NP) is also a metric 

derived from graph theory. Th is metric indicates the 

connectivity network degree, which is related to the 

performance of routing protocols. Kurkowski et al. [35] 
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argues that this metric is important to enable researches 

following standards in MANET simulat ion. This metric is 

also subject of intense study, e.g., for network partition 

detection[70], prediction[66], and quantification[28, 29]. 

Moreover, Ahmed et al.[1] recently investigated partition 

caused by different mobility models in large network area. 

Figure 4 shows a mobile network where NP=3. 

Hong et al.[30] proposed the number of link changes (LC) 

as a metric to distinguish the movement patterns of RW and 

RPGM models. It is based on the number of t imes a link 

between two nodes transitions from “down” to “up” and 

vice versa. According to Bai et al. [9], this metric was not 

able to differentiate between the several mobility patterns 

used in their study. Besides that, Tran et al. [64] states that 

LC cannot reflect accurately the dynamics of networks with 

different sizes since it depends on the number of nodes. 

Nevertheless, this metric has already been used in several 

analytical and simulat ion-based studies in MANETs[12, 22, 

54, 77]. 

Link Duration (LD), also known as link lifet ime or 

contact time, is another link-based mobility metric. It is the 

total amount of time where there is communication between 

pairs of nodes, i.e., when nodes are distant from each other 

up to R meters (where R is the communicat ion range of 

node‟s radio antenna). Boleng et al. [12] demonstrate that 

LD is an indicator of protocol performance and effect ively 

enables adaptive MANET protocols. This metric is one of 

the most adopted in the literature[12, 20, 21, 23, 42, 57, 63, 

72, 77]. 

Another well-known mobility metric is the relative speed 

(RS) between nodes[7]. We classify this metric as 

velocity-based since the relative speed between nodes iandj 

at time t is given by the difference between their instant 

velocities (i.e.,  𝑉𝑖
 𝑡 − 𝑉𝑗 (𝑡) ). However, RS is computed 

only for those nodes that are apart from each other at most 

2R units. Bai et al.[8] demonstrate the effect of RS on the 

probability d istribution functionofpath duration for RW, 

RPGM, Manhattan, and Freeway mobility models. This 

metric has been main ly used for mobility  model designing 

[76], validation[65], and evaluation[44, 68], though there 

are other applications for this metric like routing protocol 

designing[74]. 

Since a mobile node may move according to other node's 

movement, no matter if they are pedestrians or vehicles; it 

is opportune thinking about mobility metrics that measure 

this relationship. Related to this statement, Bai et al.[7] 

proposed the degree of spatial dependence (DSD), which 

indicates the similarity between the velocities of two nodes 

that are not too far apart (less than 2R). DSD is high when 

the velocities (magnitude and direction) of two nodes are 

similar, what normally  occurs when the movement  of a 

node depends on the other‟s. Thus, when applied to the 

whole wireless network, this metric reveals when nodes 

move in a group manner. Figure 5 (left side) shows an 

illustration for this spatial metric. DSD is computed based 

on nodes‟ speed and the angle between them. For this 

example, 𝐷𝑆𝐷 𝐴, 𝐵 =  cos 30° . 1 2  ≈ 0.72 . DSD 

values range from 1 to 1, where 1 means maximum 

negative movement correlation (dependence), 0 means 

absence of spatial dependence, and 1 means ma ximum 

dependence (correlation). 

A negative DSD occurs, for example, when a node is 

moving to North while other is moving to South. On the 

other hand, whenever a node is moving at close direction 

and velocity of another, then a positive DSD occurs. 

Several works were based on DSD for a wide range of 

purposes, including geographic routing evaluation[61], 

mobility model design[44], validation[65] and evaluation 

[68, 72], performance analysis of routing protocols [7, 43], 

mobility-aware routing protocol analysis [25], and design of 

clustering algorithms[75]. 

Bai et  al.[7] also proposed another velocity-based 

mobility metric, called degree of temporal dependence 

(DTD). It is similar to DSD, but considers the similarity 

between a node's velocity at time t and the same velocity at 

time t‟ (where  t − t′ > 0 ). An illustration for DTD is 

shown in Figure 5 (right side), where three consecutive time 

steps of the position and velocity vector of a node is shown. 

The more similar are the vectors the higher is DTD, in the 

same way as for DSD. By definition, this metric can 

differentiate temporal models from others, and it has 

already been used for mobility model design[44] and 

evaluation[72]. 

 

Figure 5.  An illustration of spatial and temporal mobility metrics 

Besides the aforementioned metrics, there are numerous 

others in the literature, such as probability of link path 

availability[45], path duration[57], probability of link 

change[64], and degree of node proximity[19]. Tough other 

past works proposed classifications for mobility metrics in 

MANETs[9, 60, 69, 71], we believe that the nomenclature 

shown in Figure 6 covers all the current proposed metrics. 

 

Figure 6.  Classification of mobility metrics 

We consider four categories of mobility metrics: graph- 

based, link-based, velocity-based, and distance-based. The 

first involves all metrics related to  link (and path) time 

measurements, e.g., duration, availability, probability, or 

stability. The second group includes the metrics derived 

from Graph Theory (since a MANET topology is some sort 
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of graph) which are applicable for wireless networks. As we 

already introduced, node degree and network partitioning 

are examples of g raph-based metrics. The third group 

contains metrics based on node velocity‟s components  (i.e., 

speed and direction). RS, DSD, and DTD are velocity-based 

mobility metrics. Lastly, the metrics based on the distance 

between nodes compose the last group. Examples of 

distance-based metrics are the distance change rate[38] and 

the degree of node proximity[19]. 

4. Experimental Study 

After introducing examples and taxonomies for mobility 

models and metrics, we focus on answering the four 

research questions introduced in Section 1.  

Table 1.  Classification of the mobility models used in the simulation 

Classification RW RPGM GM MAN SMS CMM 

Level of 

Details 
Mi Mi Mi Mi Mi Ma 

Building 

technique 
Synthetic 

Type of user H, V H, V H, V V V H 

Inter-node 

dependence 
I G I I I G 

Features - SD TD GR TD SD/GR 

Randomlevel R R H R H H 

a
Mi/Ma: Micro/Macroscopic. 

b
 H: Human, V: Vehicle. 

C
I: Individual, G: Group 

d
SD: Spatial Dependence, TD: Temporal Dependence, GR: Geographic 

Restrictions 
e
 R: Random, D: Deterministic, H: Hybrid 

We set up an experimental study involving all the 

mobility models and metrics aforementioned. Scenarios for 

RW, RPGM, Manhattan, and Gauss-Markov were obtained 

from the BonnMotion tool[2]. Node movement scenarios 

for SMS and CMM were computed by running the code 

made publicly available by their authors [48, 78]. For 

computing the mobility metrics we used the BonnMotion 

and Trace Analyzer[5] MANET mobility tools. The latter is 

part of the well-known IMPORTANT framework[7]. 

A comparative board for the selected models is shown in 

Table 1: RW is a random model; GM and SMS are hybrid 

random temporal models; RPGM and  CMM are group-bas

ed models; and MAN and CMM have geographic 

restrictions since are grid-based models. 

4.1. Configuration 

When comparing models that belong to a same class, it is 

paramount to ensure a fair scenario configuration. A special 

case for reaching this requirement is setting a correct speed 

configuration, since there are four parameters related to 

velocity: min imum speed (s), average speed (AS), 

maximum speed (S), and the speed standard deviation 

(SSD). Usually the speed probability distribution function 

(pdf) of any mobility model is uniform (i.e., X∼U(s,S)) or 

normal (i.e., X∼N(AS,SSD)). Thus, we ensured an 

equivalence of speed when using mobility models that have 

different speed pdfs. 

Table 2 presents the configuration for all mobility 

models' input parameters considered in this work. The 

simulation time was set to 900 s, after disregarding the first 

3600 s to avoid the statistics variations due to the simulation 

transient phase[51]. A total of 172.800 experiments were 

created, and each of them was repeated 10 times, changing 

the pseudo-random number generator (PRNG) seed. 

Table 2.  Configuration of the mobility models‟ input parameters 

Parameter
a
 RW RPGM GM MAN SMS CMM 

Simulation time (T) 900 

Number of nodes (N) 50, 100 

Scenario‟s length (X) 1000, 1500 

Scenario‟s width (Y) 500, 1000 

Transmission range (R) 50, 100, 150 

Minimum speed (s) *
b
 0, 2, 4  0, 2, 4 

Maximum speed (S) 10, 20, 30  10, 20, 30 

Average speed (AS)   f(S) 
c
 6, 11, 16 

d
   

Speed Std (SSD)   f(S,AS) 
e
 f(s,AS) 

f
   

Maximum pause time (MPT) 0, 50, 100  0, 50, 100   

Group size (GS)  5, 10    5, 10 

Memory parameter (MP)   .2, .5, .8   .2, .5, .8 

Number of rows (NR)    10, 20  10, 20 

Number of columns (NC)    5, 20  5, 20 

Average pause time (APT)     0, 25, 50 
g
  

Max. dist. from center (MDC)  R 
h
     

Pause probability (PP)    5%   

Speed change probability (SCP)    10%, 20%   

Total number of scenarios 648 3,888 216 5,184 3,888 3,456 

Total number of experiments 6,480 38,880 2,160 51,840 38,880 34,560 

a
 Time in seconds and distance in meters.   

b
 Values based on formulas proposed by Yoon et al. [73]  

c
 Depends on S.  

d
 6=[(10+0)/2+(10+2)/2+(10+4)/2]/3. Similar to 11 and 16  

e
 Depends on S and AS.  

f
 Depends on s and AS 

g
 Due to uniform pdf we have that APT=MPT/2.  

h
 The same value as the transmission range 
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4.2. Analysis 

For a better presentation, we divided this Section 

accordingto the four research questions pointed out in the 

Introduction. 

4.2.1. First Research Question 

In order to answer the first research question - How e 

effective are the metrics on distinguishing mobility models? 

- we randomly
1

selected a sample of thirty mobility 

simulation scenarios from a universe composed by all the 

combinations of the following parameters‟ values: number 

of nodes (2), simulation area (4), transmission range (3), 

minimum speed (3), maximum speed (3), and maximum 

pause time (3), which  results in a total o f 2x4x3x3x3x3 648 

scenarios (see Table 2). The chosen scenarios are described 

in Table 3. Following the guidelines described by 

Kurkowski[36] on specifying rigorous scenarios for 

simulation of MANETs, node speed is expressed in terms of 

transmission range per second (R/s) whereas the simulation 

area in R
2
 units. 

The effectiveness of how the graph-based mobility 

metrics are on distinguishing among mobility models is 

shown in Figure 7(a). The node degree was able to clearly 

distinguish group-based models (i.e., RPGM and CMM) 

from others. However, in most scenarios this metric could 

not differentiate random from temporal and grid-based 

models. RW presented slightly higher values than GM, 

Manhattan, and SMS models for scenarios 14 to 23, 

corresponding to scenarios with higher node density (see 

Table 3). A somewhat similar result occurred fo r the other 

graph-based metric, network part itioning (Figure 7(b)). 

Group-based models presented the lowest values, while 

random, temporal, and grid models presented the highest 

scores. Again, the d ifference among the models is not 

perceptible in  higher node density scenarios (i.e., 

density > 2.0, Table 3). 

The effectiveness that link-based mobility metrics have 

on distinguishing mobility models is illustrated in Figure 8. 

Except for the CMM model, there is a negligib le difference 

on the number of link changes (LC) values in all scenarios 

with 50 nodes (1 to 13, Tab le 3), Figure 8(a). On the other 

hand, an opposite behavior is shown for the 100-nodes 

scenarios, where the results show a higher performance 

divergence between the models In general, group-based 

models had h igher number of link changes whereas random 

models the lowest. These results corroborate LC low ab ility 

on differentiat ing among mobility models[7, 30, 52, 64].  

Differently from LC, the average link duration showed to 

be a better metric for distinguishing models (see Figure 

8(b)). In  87% (26 out of 30) of the scenarios,the 

group-based model was set apart from the others with the 

highest LD value. Besides that, Manhattan and RW 

presented higher values than temporal models (SMS and 

                                                                 
1
We use the true random number generator service provided by Haahr [27], 

which is based on atmospheric noise level for getting the random numbers. 

Gauss-Markov), the ones with the lowest LD scores. 

Table 3.  Configuration of the randomly selected mobility scenarios 

# N 
Area 

(R
2
) 

Density 
Node speed 

(R m/s) 

Node pause 

time (s) 

1 50 22.22 2.250 0.047 100 

2 50 44.44 1.125 0.073 100 

3 50 50 1.000 0.050 0 

4 50 75 0.667 0.050 0 

5 50 75 0.667 0.100 50 

6 50 150 0.333 0.110 100 

7 50 150 0.333 0.150 50 

8 50 200 0.250 0.140 100 

9 50 300 0.167 0.340 100 

10 50 400 0.125 0.100 100 

11 50 400 0.125 0.200 0 

12 50 600 0.083 0.320 50 

13 50 600 0.083 0.340 0 

14 100 22.22 4.500 0.047 100 

15 100 22.22 4.500 0.107 100 

16 100 33.33 3.000 0.033 0 

17 100 33.33 3.000 0.033 50 

18 100 33.33 3.000 0.100 50 

19 100 44.44 2.250 0.067 50 

20 100 50 2.000 0.050 0 

21 100 66.67 1.500 0.033 50 

22 100 75 1.333 0.170 0 

23 100 100 1.000 0.170 0 

24 100 200 0.500 0.140 50 

25 100 200 0.500 0.240 50 

26 100 300 0.333 0.200 50 

27 100 300 0.333 0.340 0 

28 100 400 0.250 0.140 0 

29 100 400 0.250 0.320 100 

30 100 600 0.167 0.120 100 

Lastly, the effectiveness of velocity-based metrics on 

distinguishing mobility models is depicted in Figure 9. The 

relative speed (RS) showed to be a good metric for 

distinguishing the models (see Figure 9(a)). Due to the low 

proximity among nodes in RPGM groups, RPGM had the 

lowest RS values. On  the other hand, Gauss -Markov had 

the highest values, probably because in this model there is 

no pause time, making nodes move all the time. We can 

also notice that the presence of geographical constraints 

(e.g., streets), found in Manhattan and CMM, caused the 

nodes in the grid-based models to have higher RS values 

than in random models. 

The degree of spatial dependence (DSD) presented 

similar results for all mobility models as depicted in Figure 

9(b). Taking into account that, by definit ion, this metric 

should set group-based models apart from others, overall 

results are usually acceptable. However, there is a high 

variation in DSD values for the RPGM model. For instance, 

DSD varies from 0.56 (scenario 12) to 0.79 (scenario 13), 

even though the only difference between these scenarios is 

the pause time (respectively, 50 and 0 seconds). In fact, in 

another study[19] we have already pointed out that DSD 
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erroneously decays as the node pause time increases. 

Anyway, DSD is at least able to distinguish group-based 

models from temporal and random ones. Another 

velocity-based metric, the degree of temporal dependence 

(DTD), provided a clear division among models (see F igure 

9(c)). However, this d ivision was not as expected, since 

temporal models (e.g., Gauss-Markov and SMS) had not the 

highest values among the mobility models. According to 

Figure 9(c), the majority of the scenarios for SMS and 

Gauss-Markov showed DTD va lues between 0.3 and 0.5 

whereas more than 80% of the scenarios for RW and 

RPGM presented DTD values higher than 0.5.  

 

a) Node Degree 

 

b) Number of Partitions 

Figure 7.  Effectiveness of graph-based metrics for distinguishing mobility models 

 
a) Node Degree 
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b) Number of Partitions 

Figure 8.  Effectiveness of link-based metrics for distinguishing mobility models 

 

a) Relative Speed 

 

b) Degree of Spatial Dependence 
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c) Degree of Temporal Dependence 

Figure 9.  Effectiveness of velocity-based metrics for distinguishing mobility models 

4.2.2. Second and Third Research Questions 

To answer the second research question we searched for 

similarities in the performance of mobility metrics fo r all 

mobility models under consideration. From now on, all 

graphs present results with a confidence level o f 99%. In 

many situations, the interval length is smaller than the 

symbol used in the legend, making it barely visible.  

 

 

 

 

Figure 10.  Similarities in the performance of link-based and graph-based 

mobility metrics for different mobility models 

Although all evaluated models present different features, 

they all showed the same behavior concerning the impact 

that maximum node speed cause on graph-based mobility 

metrics. Increasing node speed resulted on no node degree 

or network part itioning variat ion (Figures 10(a) and 10(d)). 

(d) Similarity in the impact of node speed over link duration 

(c) Similarity in the impact of node speed over number of link changes 

 

(b) Similarity in the impact of node speed over network partitions 

 

(a) Similarity in the impact of node speed over node degree 
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As a result, the Person correlations between this parameter 

and these metrics, (𝑆, 𝜙𝐺𝑁) and (𝑆, 𝜙𝑁𝑃), were close to 

zero for all mobility models (Table 5). 

Regarding the link-based metrics, link duration and 

number of link changes, there are also similar behaviors for 

the models. First, a linear positive relationship exists 

between node speed and link changes (Figure 10(c)), and an 

exponential-like decreasing pattern between node speed and 

link duration. 

We also look for differences in the performance of 

mobility metrics for random, group, and grid-based 

mobility models, in order to answer RQ3. The RW and 

SMS models were selected for the comparison of random 

models
2
. We observed that increasing node pause time 

rather affected the number of link changes in the SMS 

model, but it  provoked a significant reduction on this metric 

in the RW model (Figure 11(a)). Th is result is corroborated 

by the correlation level between pause time and number of 

link changes for RWP and SMS, respectively 0.263 and 

0.043. 

The temporal models, GM and SMS, were compared 

concerning the effect that memory parameter causes on the 

degree of temporal dependence (DTD). GM showed a 

positive linear relation between these variables, differently 

from SMS performance (Figure 11(b)).  

We also compared  the jo int impact that the number of 

groups (NG) and the group size (GS) caused on link 

duration (LD) and node degree (ND) for the RPGM and 

CMM group-based models
3

. Considering LD as the 

performance criteria, Figure 11(c) shows that RPGM 

presented better performance when you have few large 

groups, while CMM surpasses when there are many small 

groups. Furthermore, we also observed a divergence 

regarding these parameters and node degree (Figure 12(a)). 

This result may be related to the fact that CMM poses 

geographical restrictions to node movement. 

The last comparison was for the grid-based models (i.e., 

Manhattan and CMM). It was observed an opposite 

behavior concerning the degree of spatial dependence 

variation due toincreasing node speed. When node speed is 

increased from 10 m/s to 30 m/s DSD increased linearly 

from 0.04 to 0.14 for Manhattan, and it dropped from 0.06 

to 0.02 in the CMM model (Figure 12(b)). This result is 

also corroborated by the correlation level between node 

speed and DSD for these models,  𝑆, 𝜙𝐷𝑆𝐷
𝐶𝑀𝑀  =  0.643  

and  𝑆, 𝜙𝐷𝑆𝐷
𝑀𝐴𝑁  =  0.382. 

Additionally, we also noticed a different performance 

when varying the number of rows (NR) and columns (NC) 

(which  may represent streets in a city) over link duration 

(Figure 12(c)). Clearly, for higher NC and NR values, lower 

                                                                 
2
Even though SMS is a temporal model by default, when its memory parameter 

α is properly set, the model behaves like a random model [76]. 
3
To get the number of groups (NG), we simply divide the number of nodes (N) 

by the group size (GS). 

is the size of each city block, and hence higher is the 

amount of b locks within the communication range (R) of 

nodes
4
. As there are fewer rows and columns in the scenario, 

there are fewer larger b locks. In this situation, the link 

duration decreases in CMM, while increasing in Manhattan. 

  

a) Differences in the impact of pause time over the number of link changes 

  

b) Differences in the impact of the memory parameter 

 over the degree of temporal dependence. 

 

c) Differences in the joint impact of number of groups and  

group size over link duration in group-based mobility models 

Figure 11.  Differences in the performance of mobility metrics for random, 

group, and grid-based mobility models (1/2) 

                                                                 
4
For instance, if the scenario is a square of 1000 m and NR=NC=11, then there 

will be 100 square blocks of 100 m. On the other hand, if NR=6 and NC=5, 

there will be 20 rectangular blocks of 200 m x 250 m. An example is depicted in 

Figure 13. 
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a) Differences in the joint impact of number of groups and group 

 size over node degree in group-based mobility models 

 

b) Differences in the impact of node speed over degree  

of spatial dependence in grid-based mobility models 

 

c) Differences in the joint impact of number of rows and 

 columns over link duration in grid-based mobility models 
Figure 12.  Differences in the performance of mobility metrics for random, 

group, and grid-based mobility models (2/2) 

4.2.3. Fourth Research Question 

As already used before, let (𝑀𝑖
𝑝

, 𝜙𝑚)  indicates the 

correlation between  the p-th parameter of mobility model 

𝑀𝑖  and metric𝑚. To discover which mobility parameters 

most impact the mobility metrics we measured the 

correlation level between each mobility model‟s input 

parameter and every mobility metric under consideration, 

what is called  correlation matrix. Th is  information is shown 

in Table 5. 

From the correlat ion matrix we highlighted the most 

impacting parameters of each mobility model, summarizing 

them at Tab le 4, by includ ing only variab les that showed 

reasonable correlation  𝑀𝑖
𝑝

,𝜙𝑚 > 0.2. The „+‟ and „-‟ 

signals means the correlation is either pos itive or negative. 

Since the variables that have a direct effect on mobility 

metrics are the mobility models‟ parameters, it seems 

opportune thinking on the development of models for 

predicting the metrics from the parameters. For this reason, 

as an addition to the last research question, in  the next 

section we provide models for predicting some mobility 

metrics from the aforementioned list of variables that most 

impact the metrics. 

Table 4.  Input parameters that most impacted mobility metrics.
a,b

 

Metric RW RPGM GM 

LD +R +P -s -S -N -s -S +R -S 

ND +N +R –A +N -A +R +GS +N -A +R 

RS +s +S +R +s +S -P +S 

LC +N +R +s +S -P +N -A +R +s +S +N -A +R +S 

DSD +s +S +P -N +A -R -P +GS +S 

DTD -s -S +P -s -S +A -S 

NP +A -P -R -GS +A -R 

Metric MAN CMM SMS 

LD +R -S -P +R -S -GS +NB +R -S 

ND +N -A +R +N –GS +N -A +R 

RS +AS -P +S +S 

LC +N -P +N -R +S -GS +N -A +R +S 

DSD -R +S +A -R -S -GS +S -P +MP 

DTD -S +P -s –S +A -S -P 

NP +A -R -R +GS +A -R 

a
 'S' represents average speed (AS) or maximum speed (S). 

b
 'P' represents 

average pause time (mPT) or maximum pause time (MPT) 

Table 5.  Predictors‟ configuration for the regression analysis 

Predictor Values 

Number of nodes (N) 50, 75, 100, 125, 150 

Simulation area (A) 16, 36, 64, 100, 144 

Averagespeed (S) 0.4, 0.8, 0.12, 0.16, 0.20 

Group Size (GS) 5, 10, 25 

Number of Blocks (NB) 50, 100, 200 

Averagepausetime (P) 25, 125, 250, 375, 500 

4.3. Analysis 

According to Montgomery and Runger[46], mult iple 

linear regression is one of the most used techniques to 

predict the value of one dependent variable (i.e., response 

variable) from a set of independent variables (i.e., 

predictors). This technique has already been used for 

predicting mobility metrics from mobility model‟s input 

parameters[20, 35, 47]. There are at least two main 

purposes for this approach. First, for allowing researchers 

specifying rigorous and standard MANET simulation 

scenarios for protocol evaluation[35, 47].Second, for 

supporting designing mobility-adaptive protocols[20]. 

Let 𝜙𝑚
𝑀𝑖 = 𝛼 +  𝛽1

𝑀𝑖
1

+ 𝛽2
𝑀𝑖

2

+ ⋯+  𝛽𝑛−1
𝑀𝑖

𝑛−1

+  𝛽𝑛
𝑀𝑖

𝑛

 represent 

theestimated value (by multip le regression) of mobility 

metric 𝑚  for the mobility model 𝑀𝑖 . Parameters 
𝑀𝑖

1 +  𝑀𝑖
2 + ⋯ + 𝑀𝑖

𝑛−1 + 𝑀𝑖
𝑛  should be mutually 

independent. 

We applied stepwise regression, for which the first step is 

to choose the predictor that produces the best-fitting linear 

regression model with the response variable. In each 
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succeeding step, the predictor that most improves the fit of 

the linear model is added to the model, in cas e the 

improvement exceeds a predetermined threshold. Then, any 

predictor in  the model that can be dropped without reducing 

the fit by more than a predetermined amount is removed. 

This process is iterated until no variable that is not in the 

model may improve the fit by an amount exceeding the 

threshold, and no predictor that is in the model can be 

removed without reducing the fit by more than the 

predetermined threshold. 

4.3.1. Response and Predictor Variables  

We selected three mobility metrics as response variables 

for the regression analysis: average link duration, average 

node degree, and average network part itioning. Boleng et 

al.[12] demonstrate that link duration is an indicator of 

protocol performance and effect ively enables adaptive 

MANET protocols. Node degree is a quantity of interest 

due to its implication on the success rate of various tasks in 

mobile ad hoc networks[34]. Lastly, Kurkowski et al.[35] 

argue that network partit ioning is an essential metric for 

designing MANET standard simulation scenarios. 

We considered two possible sets of predictor variables: 

input and derived parameters. The first contains the 

mobility models' input parameters (the same as factors), as 

detailed in Table 2. A derived parameter is a combination of 

two or more input parameters. We tried various possible 

subsets of the predictor variables to find a subset that gives 

significant parameters and exp lains a high percentage of the 

observed metric value variation.  

The following derived parameters are proposed as 

candidates for p redictor variables. Each one of them was 

applied in an attempt to achieve a better prediction model.  

i. Speed(S): for mobility models that have uniform speed 

probability distribution function (i.e., X∼U(s,S)), where X is 

the speed random variable, then we call speed as the 

derived parameter which value is the arithmetic mean 

between the minimum (s) and maximum speed (S). 

Logically, both speed and the input parameter AS means the 

average node speed. S is expressed in units of transmission 

range by seconds, R/s. 

ii. Area (A): is the simulation area, given by the product 

of width (X) and length (Y) of the scenario, and expressed 

in terms of the square of transmission range, R
2
. 

iii. Density (D): is the average amount of nodes per area 

unit (i.e., nodes R
2
). 

iv. Node coverage (NC): is the area covered by a node's 

transmission range. NC of node P is 𝜋𝑅2  (see Figure 13). 

v. Pause (P): for mobility models that have uniform node 

pause time probability distribution function (i.e., X∼U(mPT, 

MPT)), where X is the pause random variable, then we call 

pause as the derived parameter which value is the 

arithmetic mean between the min imum (mPT) and 

maximum node pause time (MPT). Logically, both pause 

and the input parameter APT means the average node 

speed. 

vi. Number o f Groups (NG): is defined as the ratio  

between the number of nodes (N) and the group size (GS) 

(i.e ., NG=N/GS). It is applicable for group-based mobility 

models. 

vii. Number of Blocks (NB): is the product of the number 

of rows minus one and the number of columns minus one 

(i.e ., 𝑁𝐵 =  𝑁𝑅 − 1  .  𝑁𝐶 − 1 ). This derived parameter 

is suitable for grid-based models (e.g., Manhattan). For 

instance, Figure 13 shows a grid -based simulation scenario 

with three horizontal streets and four vertical streets (i.e., 

NR=5, NC=6). In this example we have that NB= (5-1) x 

(6-1)=20. 

viii. Percentage Block Area (PBA) : is the percentage of 

the simulat ion area covered by a block. In Figure 13, the 

area of the block B (BA) is R
2
, where R is the radio 

transmission range of node P. Thus, the percentage block 

area is given by PBA = BA/area = R
2
/ 20R

2
= 5 %. It is also 

true that PBA = 1/NB. 

ix. log𝐺𝑆 𝑁: for group-base mobility models we have 

found that the logarithm of N to the base GS may be 

satisfactorily used for predict ing some mobility metrics. 

Values for the pred ictor variables used in the regression 

analysis are shown in Table 5. Simulat ion time was set to 

1000 seconds and the node‟s radio transmission range to 

250 meters. A wide range of values for the proposed 

predictors are used in order to accurately  detect their 

relationship (e.g., logarithmic, quadratic) to the response 

variables through scatter plots analysis. 

 

Figure 13.  Node coverage and percentage block area derived parameters 

in a grid-based mobility scenario 

4.3.2. Assumptions 

A predictive model obtained by mult iple linear regression 

is valid only if the following assumptions are met[33, 46]: 

i. Linearity between predictors and response variables. 

To ensure this assumption we made nonlinear 

transformations in several predictor variables.  

ii. Normality of residuals (i.e., the residuals are normally  

distributed). Residual is calcu lated as the difference 

between the observed value of the variable and the value 

suggested by the regression model. The normality of 

residuals assumption is checked through the Normal Q-Q 

plot, and the measures of skewness and kurtosis of the 

residual distribution 
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iii. Absence of multico llinearity
5

 between selected 

predictor variab les. We set the variance inflat ion factor 

(VIF=5) as the threshold for d isregarding a predictor from 

the regression model. 

iv. Homoscedasticity (i.e ., the variance of the res iduals is 

homogeneous). We ensure this property through visual 

check of the residual plots. 

v. Treatment of outliers. We use Mahalanobis and Cook's 

distance for detecting outliers[13]. 

We have also applied BoxCox transformation (i.e., power 

transformation) on the majority of dependent variables in 

order to make them more Normal distribution-like[58]. 

Though it is not an assumption for regression validation, in 

some cases it helped us achieving normality of residuals. 

The formula applied for t ransformat ion was  𝑌 =
(𝛾 − 1) 𝛾 , where Y is the dependent variable (i.e., the 

mobility metric). The values used for the parameter 𝛾are 

detailed in Tab le 6. 

Table 6.  Power parameter‟s values for Box-Cox transformation 

 Dependent Variable 

Model LD ND NP 

RW 0.25 -0.12 0.25 

RPGM 0.25 -0.06 -0.5 

GM -1.5 -0.12 * 

MAN 0.5 * * 

SMS * * * 

CMM -0.09 0.06 -0.12 

* Transformation was not applied 

4.3.3. Metric Predict ion 

Recalling that 𝜙𝐿𝐷
𝑅𝑊  represents the estimated link 

duration for the Random Waypoint model, we can pred ict it 

from the following parameters: area, speed and pause time 

(Eq. 1). However, for better predicting this metric for 

RPGM (Equation 2, it is also necessary to know some 

group information (i.e., GS). The link duration p rediction 

formulas for the other mobility models are show in 

Equations 3 to 5. The proposed derived parameters, 

percentage block area (PBA), is useful for pred icting LD for 

CMM. For all models, the speed predictor contributes 

negatively on the metric value, which is in accordance to 

previous analysis (Figure 10(d)).  

The node density (D) is the only predictor necessary to 

estimate the average node degree (ND) in  the model RWP 

and GM, as stated in Equations 6 and 8. Besides node 

density, the group size informat ion is again crucial for 

accurately predicting node degree for RPGM model 7.  

Node density and group size are also the derived 

parameters approved for predict ing network part itioning 

(NP) for RW, GM and RPGM models. Unfortunately, we 

could not obtain validated regression models for p redicting 

ND and NP for SMS and CMM since they failed in one or 

more assumptions. 

                                                                 
5

Multicollinearity exists when two or more predictor variables in a 

multipleregression model are highly correlated  


𝐿𝐷
𝑅𝑊 = −0.801 ln𝐴 − 1.05 ln𝑆            (1) 


𝐿𝐷
𝑅𝑃𝐺𝑀 = −0.178 log

𝐺𝑆
𝑁 + 0.143 ln 𝑃       (2) 

 
𝐿𝐷
𝑀𝐴𝑁 = −0.27𝑆 + 0.332 ln𝑃 + 1.171     (3) 


𝐿𝐷
𝑆𝑀𝑆 = −0.253 ln 𝑆 − 1.013              (4) 


𝐿𝐷
𝐶𝑀𝑀 = −0.162 ln𝑆 − 0.205 ln𝐺𝑆         (5) 


𝑁𝐷
𝑅𝑊 = 0.759 ln𝐷 + 1.074                (6) 


𝑁𝐷
𝑅𝑃𝐺𝑀 = 0.172 ln𝐺𝑆 + 0.2 ln𝐷 + 0.446    (7) 


𝑁𝐷
𝐺𝑀 = 0.947 𝑙𝑛 𝐷 + 1.032               (8) 


𝑁𝐷
𝑀𝐴𝑁 = 1.015 𝑙𝑛 𝑁 − 0.986 𝑙𝑛 𝐴 + 0.75    (9) 

 
𝑁𝑃
𝑅𝑊 = −0.434𝐷 + 2.024                (10) 


𝑁𝑃
𝑅𝑃𝐺𝑀 = 0.516 𝑙𝑛 𝐴 − 0.007𝐺𝑆 − 1.258   (11) 


𝑁𝑃
𝐺𝑀 = −1.965 𝑙𝑛 𝐷 + 2.477             (12) 

The adjusted coefficient of determination (𝑅2) and the 

standard error of the estimate for all the predict ive models 

are shown in  Table 9. R
2
 (0 < 𝑅2 < 1) states the amount of 

variability in the data exp lained or accounted for by the 

regression model. 

These results show that, as it could be expected, it is 

easier to build predict ive models for simpler mobility 

models (e.g., Random Waypoint or Manhattan) than for 

more complex synthetic models like SMS and CMM. 

Additionally, according to R
2
 statistical measure (goodness 

of fit), the accuracy for p redicting mobility metrics for 

random and temporal models is higher than for group-based 

models, even when specific predictors are taken into 

account (e.g., group size). 

Information about the standard errors and confidence 

interval for the predictor's coefficients are detailed in Tab le 

8. 

5. Related Works 

Bai et al.[7] reported results showing the effects that 

maximum speed causes on metrics relative speed, degree of 

spatial dependence, and degree of temporal dependence for 

the models RW, RPGM, and Manhattan. Table 10 shows a 

comparison between theirs and ours results. The values 

found in the matrix correlat ion (Table 7) are in consonance 

with the results presented by Bai et al.  

Ishibashi and Boutaba[32] show the effects that number 

of nodes, the length and width of the simulat ion area, and 

transmission range cause on node degree. They considered 

only scenarios with square geometry (i.e ., X=Y), and used 

only the Random Waypoint model. Table 11 presents a 

comparative o f the authors‟ results against ours. They found 

that an increase in the number of nodes causes a linear 

increase in node degree. Th is result is consistent with ours 

as the value of the correlation between N and ND is 

moderate,  𝑀𝑅𝑊
𝑁 , 𝜙𝑁𝐷

𝑅𝑊   = 0.362 (Table 5). 



76 Elmano Ramalho Cavalcanti et al.:  On the Interactions between Mobility   

Models and Metrics in Mobile ad hoc Networks 

 

Table 7.  Mobility parameters versus mobility metrics correlation matrix 

Metric Model N Area R s S, AS APT NNG MDC PM NB 

LD 

RWP -0.001 -0.060 0.711 -0.532 -0.553 0.244 
    

RPGM -0.279 0.165 0.164 -0.507 -0.398 0.109 0.169 0.164 
  

GM 0.000 -0.016 0.681 
 

-0.652 
   

0.000 
 

MAN -0.001 -0.011 0.571 -0.013 -0.469 -0.571 
   

-0.017 

CMM 0.089 -0.044 0.312 0.049 -0.161 
 

-0.318 
  

0.245 

SMS -0.001 -0.032 0.670 0.000 -0.647 0.093 
  

0.002 
 

ND 

RWP 0.362 -0.264 0.729 -0.026 -0.026 -0.104 
    

RPGM 0.326 -0.264 0.670 -0.014 -0.015 -0.068 0.274 0.670 
  

GM 0.370 -0.271 0.734 
 

0.001 
   

0.000 
 

MAN 0.364 -0.270 0.725 0.000 -0.002 0.000 
   

0.022 

CMM 0.442 -0.062 0.193 0.038 0.015 
 

-0.446 
  

0.070 

SMS 0.367 -0.275 0.730 0.000 0.017 -0.004 
  

0.000 
 

RS 

RWP 0.002 0.019 0.030 0.899 0.978 0.104 
    

RPGM 0.160 -0.083 0.481 0.495 0.459 -0.253 -0.186 0.481 
  

GM 0.000 -0.001 0.001 
 

1.000 
   

0.000 
 

MAN 0.096 -0.078 0.028 0.017 0.834 -0.347 
   

-0.038 

CMM -0.018 -0.006 0.005 0.102 0.992 
 

0.011 
  

0.017 

SMS 0.000 -0.003 -0.002 0.000 0.991 -0.119 
  

-0.005 
 

LC 

RWP 0.590 -0.212 0.384 0.248 0.267 -0.263 
    

RPGM 0.542 -0.218 0.388 0.243 0.225 -0.187 0.001 0.388 
  

GM 0.612 -0.245 0.355 
 

0.387 
   

0.000 
 

MAN 0.614 0.096 0.005 0.008 0.039 -0.504 
   

0.077 

CMM 0.389 0.010 -0.237 0.037 0.212 
 

-0.224 
  

-0.117 

SMS 0.553 -0.250 0.379 0.000 0.384 -0.043 
  

-0.001 
 

DSD 

RWP -0.002 -0.080 -0.163 0.378 0.378 0.776 
    

RPGM -0.261 0.222 -0.749 -0.095 -0.066 -0.239 0.293 -0.749 
  

GM 0.145 -0.004 -0.107 
 

0.228 
   

0.127 
 

MAN 0.037 -0.126 -0.294 0.110 0.382 0.448 
   

0.004 

CMM 0.114 0.246 -0.237 0.008 -0.643 
 

-0.340 
  

0.026 

SMS -0.066 -0.038 -0.213 -0.009 0.264 -0.217 
  

0.634 
 

DTD 

RWP 0.000 0.193 0.000 -0.637 -0.639 0.625 
    

RPGM 0.002 0.184 -0.123 -0.792 -0.347 0.123 0.002 -0.123 
  

GM 0.001 0.287 0.000 
 

-0.884 
   

0.082 
 

MAN 0.113 -0.024 0.000 0.048 -0.275 0.785 
   

-0.151 

CMM 0.024 0.216 0.000 -0.553 -0.668 
 

0.005 
  

-0.037 

SMS 0.000 0.240 0.000 0.000 -0.559 -0.619 
  

-0.197 
 

NP 

RWP 0.095 0.208 -0.854 0.016 0.017 0.060 
    

RPGM 0.171 0.184 -0.769 0.013 0.011 0.044 -0.255 -0.769 
  

GM 0.106 0.214 -0.855 
 

0.001 
   

0.000 
 

MAN 0.131 0.213 -0.854 0.001 0.006 -0.004 
   

-0.011 

CMM -0.120 0.168 -0.536 -0.098 -0.008 
 

0.509 
  

-0.057 

SMS 0.101 0.216 -0.853 0.000 -0.009 0.005 
  

0.000 
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Table 8.  Lower and upper bound of coefficients‟ values with 99% confidence interval 

Eq.  Pred. SE
a
 Lower Upper Eq.  Pred. SE Lower Upper Eq.  Pred. SE Lower Upper 

 
𝐵0 0.105 6.537 7.08 

 
𝐵0 0.17 1.612 1.698 

 
𝐵0 0.014 1.401 1.475 

1 ln 𝐴 0.02 -0.853 -0.75 2 log𝐺𝑆 𝑁  0.004 -0.187 -0.169 5 ln 𝑆 0.004 -0.173 -0.15 

 
ln 𝑆 0.027 -1.12 -0.979 

 
ln 𝑆 0.004 -0.108 -0.088 

 
log𝐺𝑆 𝑁  0.004 -0.215 -0.195 

 
P 0 0.002 0.004 

 
ln(P) 0.002 0.138 0.149 

 
PBA 0.398 -9.478 -7.426 

 
𝐵0 0.008 1.149 1.192 

 
𝐵0 0.021 0.695 0.805 

 
𝐵0 0.067 1.641 1.984 

3 S -0.027 -0.028 -0.026 9 ln 𝑁 0.004 1.004 1.027 7 ln 𝐴 0.006 -0.669 -0.636 

 
ln(P) 0.332 0.328 0.335 

 
ln 𝐴 0.002 -0.991 -0.98 

 
ln 𝐺𝑆 0.008 0.465 0.504 

           
ln 𝑁 0.013 0.536 0.602 

 
𝐵0 0.007 -1.019 -1.007 8 𝐵0 0.003 1.023 1.04 

 
𝐵0 0.038 -1.357 -1.158 

4 ln 𝑆 0.003 -0.267 -0.239 
 

ln 𝐷 0.003 0.939 0.955 11 ln 𝐴 0.009 0.493 0.539 

           
GS 0 -0.008 -0.006 

10 𝐵0 0.009 2.001 2.047 12 𝐵0 0.057 2.322 2.632 6 𝐵0 0.004 1.063 1.086 

 
D 0.005 -0.446 -0.421 

 
ln 𝐷 0.067 -2.145 -1.784 

 
ln 𝐷 0.004 0.748 0.771 

 

Table 9.  Regression models‟ summary 

 Link Duration Node Degree Net. Partitioning 

Model R
2
 adj. SEE

a
 R

2
 adj. SEE R

2
 adj. SEE 

RW 93.0% .388 97.9% .096 94.0% .109 

RPGM 80.9% .095 87.8% .077 75.4% .133 

GM * * 99.9% .031 95.7% .127 

MAN 97.8% .061 99.3% .722 * * 

SMS 96.4% .120 * * * * 

CMM 81.0% .083 * * * * 

a
SEE: Standard Error of the Estimate.

*
 Means we could not find a model that 

met all the assumptions 

Table 10.  Comparison results related to findings reported in[7] 

Met. 
Effectcaused by node speed 

reported in[7] 

Correlation 

RW RPGM MAN 

RS Linear positive for all models .978 .459 1 

DSD 
Linear negative for RPGM and 

constant for RW and MAN 
.378 -.066 .382 

LD Linear negative in all models -.553 -.398 -.469 

Furthermore, Ishibashi and Boutaba found that increasing 

the values of X and Y produces an exponential decay in ND. 

Our results are consistent with theirs since  𝑀𝑅𝑊
𝐴𝑟𝑒𝑎   is 

negative. Finally, the authors found that transmission range 

caused an almost exponential growth in ND. This growth is 

justified  due to the high correlation value between the input 

parameter R and the metric ND for the RW model, which  is  

 𝑀𝑅𝑊
𝑅 , 𝜙𝑁𝐷

𝑅𝑊  = 0.729. 

The effect  that the number of nodes causes on link 

duration in several mobility models is presented by 

Theoleyre et al.[63]. In almost all models, N does not affect 

LD. The only exception occurred in the group-based model 

Nomadic Community (s imilar to RPGM), where LD decays 

with the increase of N. These results are also consistent 

with the correlations presented in Table 7: in RW and 

Gauss-Markov the correlation is practically zero, while it is 

0.279 for RPGM. 

Table 11.  Comparison results related to findings reported in[32] 

Var. Met. Effect reported in[32] Correlation 

N  Linear positive on RW 0.362 

A ND Exponential negative on RW -0.264 

R  
Approx. exponential positive on 

RW 
0.729 

Kurkowski et al.[35] also used the technique of linear 

regression in order to build models able to predict the 

metrics average path size and network part itioning from the 

input parameters. They proposed several prediction models 

suitable for scenarios rectangular and square geometry. In 

addition, the authors carried out a consistent validation of 

metrics‟ predict ive models; concluding that node speed and 

node pause time have litt le effect on the average number of 

partitions NP. This result is also consistent with the 

Equation 10 and the correlation values we have found 

 𝜙𝑅𝑊
𝑅𝑆 , 𝑁𝑃  = 0.17 and  𝜙𝑅𝑊

𝑀𝑃𝑇 , 𝑁𝑃 = 0.6 (Table 7). 

However, one limitation of their work is that only two 

metrics were considered, and only for the Random 

Waypoint model. 

6. Conclusions 

In this paper we investigated several gaps on the study of 

mobility in MANETs, by taking into account six 

representative mobility models (random, temporal, 

grid-based and group-based) and seven mobility metrics 

(link-based, graph-based, and velocity-based). 

First of all, we showed that the ability of metrics on 

distinguishing different mobility models is variable, which 

depends on the mobility scenario configuration, such as the 

node density. This finding may exp lain, for example, the 

divergences found in the literature over the effectiveness 

that the metric number of link changes has on 

distinguishing mobility models [9, 30, 52, 64]. As described 
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in the experimental study (Section 4.2.1), depending on the 

node density this metric may or not be able to distinguish 

models. 

Secondly, we show that, independently of the mobility 

model, node speed cause no impact on average node degree 

neither on the number of network partitions. Besides that, 

for all mobility scenarios evaluated our simulat ion results 

point out the existence of a linear positive relat ion between 

node speed and number of link changes between nodes in a 

MANET. On the other hand, only negative correlations 

were found between node speed and link lifetime (duration). 

The results presented in this paper also show differences in 

the performance of metrics for mobility models belonging 

to the same class (e.g., group-based). 

Through correlation analysis we estimate the mobility 

variables that most impact the mobility metrics for each 

class of mobility model. Lastly, we proposed and used 

several derived parameters as potential predictors in several 

stepwise mult iple linear regressions to obtain predictive 

models for link duration, node degree, and network 

partitioning metrics.  

As future work, we intend to investigate how to design 

mobility aware protocols with the findings reported in this 

paper, with special attention to the mobility metrics‟ 

predictive models. 
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