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Abstract Several parameters like routing protocol, mobility pattern, average speed of mobile
nodes, path length from source to destination, previous delay, etc., affect the end-to-end packet
delay in mobile ad hoc network. But the nature of relationship between end-to-end delay and those
parameters is still unclear. In this article, we have tried to establish a relationship among end-to-end
delay, path length and previous delay. A regression equation is established between path length and
end-to-end delay. The end-to-end delay is also represented as a fuzzy time series. The current endto-end delay is then obtained by combining delay predicted by path length regression equation and
fuzzy time series. The suitable weights of these two predicted delays are also experimentally determined. To the best of our knowledge, comprehensive analysis for packet delay estimation using various network parameters along with fuzzy time series has not been explored earlier. Based on
various performance evaluation criterion, we found that by combining the predicted values of delay
using path length regression and fuzzy time series gives satisfactory packet delay prediction in ad
hoc network.
Ó 2014 Production and hosting by Elsevier B.V. on behalf of Faculty of Computers and Information,
Cairo University.
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The nodes in Mobile Ad Hoc Network (MANET) are mobile
and continuously changing locations. They do not have any
ﬁxed infrastructure like base station, etc. They can relay packets to another node without using any base stations. Each node
in MANET has a transmission range within which the signals
received from that node are strong enough to extract meaningful information by other nodes. If two nodes happen to be
within the transmission range of each other, they can communicate directly otherwise they use a number of links involving
one or more intermediate nodes to communicate with
each other. This mode of communication is called multi-hop
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communication. This is why MANET is called as multi-hop
wireless network also. A path is the ordered list of links between a source and destination pair. The total number of links
between a source-destination pair deﬁnes the path length between that pair. MANETs are often conﬁgured with smaller
transmission ranges to avoid interference. Hence, path length
happens to be greater than one for most of the time.
MANETs are highly appealing for a lot of applications like
deep space communication, disaster relief, battleﬁeld communication, outdoor mining, etc., due to their ﬂexibility and distributed nature. To provide Quality of Service (QoS) for these
applications, understanding the fundamental delay performance of such networks is of great importance [1]. The endto-end delay is the time taken by a packet to reach its destination after it is generated at its source. Because of multi-hop
nature and continuous movement of nodes, end-to-end delay
in MANET is higher compared to other infra-structured
network. However, the end-to-end delay modeling in
MANETs is still a challenge for network research community.
One of the primary reasons is very dynamic behavior of
MANETs, like node mobility, interference, wireless channel/
trafﬁc contention, packet distributing, packet queueing process in a node and the complicated packet delivering process
among mobile nodes. Still there does not exist any theoretical
framework to efﬁciently depict the complicated network state
transitions under these network dynamics. By now, the available works on end-to-end delay analysis in MANETs mainly
focus on deriving upper bounds or approximations for such
delay.
Narasimhan and Kunniyur [2] identiﬁed three main sources
of delay in MANET. They are (i) multi-hop nature of network,
(ii) channel access delay, and (iii) queuing delays at intermediate nodes. To reach the intended destination, each packet in
MANET may traverse multiple hops where the packet is
enqueued by a node for further processing and forwarded to
other node if the node is not the intended destination. With
each hop the delay keeps on increasing as the transmission
and processing delay increases. But the exact nature of relationship between path length and delay is not known so far.
For contention based Medium Access Protocol (MAC), the
waiting time of the node increases exponentially for each collision. The channel access delay enhances the total delay even
for low path length. The load on each node, the node density
or the number of nodes in the network and the transmission
power affects the channel access delays. At each node, the received messages are kept on a queue for further processing by
the node. The length of the queue is a function of the load on
the network and the routing protocols used. Queuing delay is a
function of queue length. Although Narasimhan and Kunniyur [2] pointed out the main sources of delay in MANET
but they did not quantiﬁed the effect of individual parameters
on end-to-end delay.
Along with the causes suggested by Narasimhan and Kunniyur, node mobility pattern [3] also has a major role in overall
packet delay in MANET. The node movement patterns in
MANET vary depending on the applications and locations
of network deployment. Like the movement of the soldiers will
be inﬂuenced by the commander hence the nodes will also follow same pattern in a battleﬁeld MANET. The movement of
vehicles is restricted by obstacles or maps in a city-wide MANET. Widely varying mobility characteristics surely have an impact on the end-to-end delay.
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In this article, we have tried to predict the future values of
delay between a source destination pair based on the previous
delays and current path length. We have proposed a weighted
delay prediction mechanism using regression on path length
and fuzzy time series on previous delays. We have used trapezoidal fuzzy numbers in the fuzzy time series. The reason using
trapezoidal fuzzy number is that Liu [4] proved through extensive experiments that trapezoidal numbers give better prediction results than triangular fuzzy numbers used for the same
purpose. To compare the performances of prediction models,
we deﬁne several performance evaluation criteria (PEC) such
as Root Mean Squared Errors RMSEs, correlation coefﬁcient
R, and Efﬁciency E. The results of models are compared with
actual data and the best-ﬁt model structure is determined
according to criteria. In our opinion, this work will help the research community to analyze and model the delay parameter
for MANET in a more comprehensive way.
The rest of the paper is organized as follows. A brief survey of
works done related to network delay is given in Section 2. Fuzzy
times series is explained in Section 3. We describe simulation
environment in Section 4. The model development based on
path length and fuzzy time series model is given in Section 5.
The discussions on the results obtained are discussed in Section
6. We summarize our work and conclude in Section 7.
2. Related works
Gupta and Kumar proved in [5] that the optimal network
throughput is obtained at the lowest transmission power that
allows connectivity. The interference between simultaneous
transmissions will be very low with smaller transmission ranges
helping more nodes to communicate simultaneously. This
however, increases the delay as the number of hops required
to reach the destination increases. Sharma and Mazumdar
[6] and Gamal et al. [7] ascertained the trade-off between the
delay experienced and the throughput possible in the network.
However, the channel access mechanism and the effect of collisions on delay were not considered in both the analyses. The
relationship between the MAC delay and the neighbor number
in mobile ad hoc networks, and an estimation method of the
MAC delay is analyzed by Sheu and Chen in [8]. Sun and
Hughes used two dimension ﬁnite-state Markov models to
analyze the queuing delay [9]. They proposed that the endto-end delay of a path can be estimated by adding all the node
delays and link delays in the path.
Guo at el. [10] presented a scheme for predicting mean perpacket one-hop delays using neural network. They modeled
the mean delays as a time series using (i) tapped-delay-line
Multi-Layer Perceptron (MLP) network and (ii) tapped-delay-line Radial Basis Function Network (RBFN). The inputs
used by them are (i) the mean delay time series itself only,
(ii) the mean delay time series together with the corresponding
trafﬁc loads. They ignored the effect of any other parameter on
delay as well as their scheme predict only one hop delay not the
complete end-to-end packet delay. Hongyan et al. [11] used
autoregressive models and neural network to predict Internet
time delay. Tabib and Jalali [12] used feed-forward multilayer
perceptron to predict Internet time delays. Both Hongyan
et al. and Tabib et al. considered only internet time delay. They
have not considered any other network types and their
characteristics.
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Lee et al. in [13] proved experimentally that the processing
delay of a packet at node increases as its number of neighbors
increases. They deﬁned a metric called cumulative processing
delay based on the active neighbors of a node and used that
metric to propose an enhancement to Dynamic Source Routing (DSR) [14] algorithm. Tickoo and Sikdar [15] presented
an analytic model to evaluate the performance of the IEEE
802.11 MAC in terms of its delays and queue lengths and evaluate its capability to support delay sensitive trafﬁc. A key
observation from their queueing model is that the primary
contributor to the delay is the channel access and reservation
time associated with each packet transmission. However, they
fail to address the issues of the multi-hop transmissions and
hidden and exposed nodes problems. Bisnik and Abouzeid
[16] derived an analytic model for multi-hop wireless ad hoc
networks based on open G/G/1 queuing networks. They used
the diffusion approximation to solve open queuing networks
and derived a closed form expression for the average end-toend packet delay in MANET. They also obtained an expression for the maximum achievable throughput. But they have
not given any consideration to node mobility patterns and
routing protocols which are vital parameters in MANET.
Guo et al. [17] proposed a delay prediction mechanism and
integrated that prediction mechanism with a proactive ad hoc
network routing protocol called Optimal Link State Routing
(OLSR). They used queuing delay only and showed that queuing delay can be modeled as a non-stationary time series. They
used Multi-Layer Perceptron (MLP) and Radial Basis function
to predict from the non-stationary time series model of queuing delay in MANET. The delay prediction mechanism proposed by them is distributed and independent and uses only
previous delay values to predict the future delay value. But
they have not considered the effect of any other parameter except previous delays to predict next delay.
Singh et al. [18,19] identiﬁed the parameters inﬂuencing
the end-to-end packet delay in MANET. They found that
path length is most inﬂuencing parameter. They also build
neural network based model to predict packet delay in
MANET using path length as input. They found experimentally that Generalized Regression Neural Network (GRNN)
and Radial Basis Function Network (RBFN) models are
better predictor of end-to-end packet delay in MANET
across all mobility pattern and routing protocols. Singh
et al. [20] developed a trapezoidal fuzzy numbers based
model to predict the end-to-end delay of data packets in
mobile ad-hoc network environment. They used the model
on network using Ad hoc On Demand Distance Vector
(AODV) routing protocol only.
Ciullo et al. [21] considered the impact of correlated mobility models on throughput and delay in MANET. They have
considered a simpliﬁed group mobility model that is ﬂexible
enough to explore various degrees of correlation in the nodes
mobility process and found that the existence of a wide range
of correlated node movements that can lead to signiﬁcant better performance than the one achievable under independent
nodes movements. Gupta and Shroff [22] analyzed the delay
performance of a multihop wireless network with a ﬁxed route
between each source destination pair with arbitrary interference constraints on the set of links. They derived a fundamental lower bound on the system wide average queuing delay of a
packet in multi-hop wireless network for any scheduling policy
used.
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Ghiasian et al. [23] established a relation between network
topology and delay of maximum weight link scheduling algorithm for ad hoc network. They derived an upper bound for
the average delay of packets analytically in terms of edge
chromatic number of the network graph under 1-hop interference model. Further, they extended those results to general
interference model and derived an upper bound for delay as
a function of chromatic number of conﬂict graph. But, they
have not given much consideration to node mobility pattern
and routing algorithm of the network in their work. Gao
et al. [24] used Quasi-Birth-and-Death (QBD) theory to model end-to-end delay in MANETs. They applied the QBD theory to develop an efﬁcient theoretical framework for
capturing the complex dynamics in MANETs. Then with
the help of this framework, they derived a closed form models
to analyze the exact end-to-end delay and also per node
throughput capacity in MANETs. But for the whole analysis
they assumed two-hop relay routing with random walk and
Random Way Point mobility models.
All the models proposed so far are applicable for a speciﬁc
type of network with speciﬁc mobility pattern and speciﬁc
routing protocols only. That motivated us to build a model
for end-to-end delay in MANET which will be equally useful
for any mobility patterns and routing protocol.
3. Fuzzy time series
Let U be the universe of discourse, where U ¼ u1 ; u2 ; . . . ; un . A
fuzzy set A on U is deﬁned by
A¼

lA ðu1 Þ lA ðu2 Þ
l ðun Þ
þ
þ ... A
u1
u2
un

ð1Þ

where lA is the membership function of A; lA : U ! ½0; 1.
lA ðui Þ denotes the membership value of ui in A; lA ðui Þ 2 ½0; 1
and 1 6 i 6 n. A time series with fuzzy data is referred to as fuzzy
time series FðtÞ. A fuzzy time series is deﬁned as a sequence of
fuzzy variables FðtÞ ordered over time T, at which T is a ﬁnite
set of equidistant points in time. Fuzzy time series may be regarded as realizations of fuzzy random processes. Song and
Chissom [25,26] deﬁned fuzzy time series as
Let YðtÞ ðt ¼ . . . 0; 1; 2; . . .Þ  R be the universe of discourse for fuzzy sets Ai ðtÞ ði ¼ 1; 2; 3; . . .Þ. A collection of
Ai ðtÞ is denoted as FðtÞ. FðtÞ is called fuzzy time series on
YðtÞ ðt ¼ . . . 0; 1; 2; . . .Þ. Let FðtÞ and Fðt  1Þ be fuzzy time
series on YðtÞ and Yðt  1Þ ðt ¼ . . . 0; 1; 2; . . .Þ.
For any Aj ðtÞ 2 FðtÞ, there exists an Ai ðt  1Þ 2 Fðt  1Þ
such that there exists a ﬁrst order relation Rðt; t  1Þ and
Aj ðtÞ ¼ Ai ðt  1ÞoRij ðt; t  1Þ then FðtÞ is said to be caused
by Fðt  1Þ only. This is denoted by Fðt  1Þ!FðtÞ.
If FðtÞ is caused by Fðt  1Þ or Fðt  2Þ or . . .or
Fðt  mÞðm > 0Þ then the resulting model is called ﬁrst
order model. If FðtÞ is caused by Fðt  1Þ only and
FðtÞ ¼ Fðt  1ÞoRðt; t  1Þ. If Rðt; t  1Þ is independent of t
then FðtÞ is regarded as time invariant fuzzy time series.
The time-invariant models of Song and Chissom [25,27]
were simpliﬁed by Chen [28]. The forecasting results of
Chen’s method are also found to be better than those of
Song and Chissom [25,27]. The procedure to forecast using
fuzzy time series by Chen’s method used the following major
steps:
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1.
2.
3.
4.
5.

Deﬁning the universe of discourse U.
Dividing U into some equal-length intervals.
Deﬁning fuzzy sets on U to fuzzify the historical data.
Deriving the fuzzy logical relationships.
Classifying the derived fuzzy logical relationships into
groups.
6. Defuzzifying to calculate the forecast values.

Liu [4] redeﬁned discrete fuzzy sets with trapezoidal member functions and called that trapezoidal fuzzy numbers.
According to Liu, a trapezoidal fuzzy number A is deﬁned as
A ¼ ða; b; c; dÞ.
8
0
: x<a
>
>
>
>
xa
>
>
< ba : a 6 x 6 b
: b6x6c
lA ðxÞ ¼ 1
ð2Þ
>
>
dx
>
:
c
6
x
6
d
>
> dc
>
:
0
: x>d
where muA ðxÞ is the membership function of A. Graphically a
trapezoidal fuzzy number is represented as given in Fig. 1.
Liu extended addition operation and scalar multiplication
operation on the trapezoidal fuzzy numbers to compute the
forecast values. The addition and scalar multiplication operation of the trapezoidal fuzzy numbers are given in Eqs. (3) and
(4) respectively. Assume A ¼ ða1 ; b1 ; c1 ; d1 Þ; B ¼ ða2 ; b2 ; c2 ; d2 Þ,
and S > 0. Thus,
A þ B ¼ ða1 þ a2 ; b1 þ b2 ; c1 þ c2 ; d1 þ d2 Þ
S  A ¼ ðSa1 ; Sb1 ; Sc1 ; Sd1 Þ

ð3Þ
ð4Þ

Based on trapezoidal fuzzy numbers, Liu proposed the following algorithm to forecast based on historical data. First of all,
the historical data Dvt are collected and the universe of discourse U for that data set is deﬁned. The appropriate length
of interval l is determined to fuzzify the given data Dvt . The
fuzzy logical relationship is determined. Based on those relationships, the future values are calculated. Our proposed prediction of delay is based on the forecasting algorithm
proposed by Liu.
4. Simulation environment
Network Simulator (NS-2) [29] is used for simulating MANET
with 40 nodes moving in an area of 1000 m  1000 m. The
movement patterns are generated using Bonn-Motion software
[30]. The ﬁrst 3600 s of movement is ignored while generating
the movement patterns with Bonn-Motion. Next 1000 s of

movement pattern is used for node movement by NS-2. The
reason for discarding ﬁrst 3600 s of movement data is that
nodes exhibit a higher probability of being near the center of
the simulation area in Random Way Point mobility model in
general but initially they are uniformly distributed over the
simulation area. In Manhattan Grid mobility model, nodes
start from (0, 0) and then they get distributed over the simulation area. So, we skip 3600 s at the beginning to mitigate the
boundary effects of node movement simulation. The maximum
speed Vmax and the minimum speed Vmin of a node is set to
10 m/s and 0.5 m/s respectively. The Vmin was set to a positive
value to prohibit decreasing the average speed of the nodes and
eventually becoming zero [31]. IEEE 802.11 with distributed
coordination function is used as the Medium Access Control
(MAC) layer by every node. Ad hoc On Demand Distance
Vector routing (AODV) is the routing protocol used by each
node of the network. Each node generates constant bit rate
trafﬁc for 1000 s with 1 packet/s per source. The trafﬁc is generated using cbrgen tool, which is a part of NS-2 distribution.
The number of sources and destinations were chosen randomly
by cbrgen tool. The data packet transmission and reception is
simulates using NS-2 simulator. The traces of the transmissions and receptions are stored in new trace format. The
end-to-end delay is calculated from those trace ﬁles using
AWK scripts. The computed values of delays are then taken
to Matlab for further analysis. We studied the delay under
three different mobility models: (i) Manhattan Grid mobility
model, (ii) Gauss Markov and (iii) Random Way Point mobility model. For each scenario, we have performed 10 simulations in NS-2. After that the statistical properties of all the
data sets were calculated. The dataset showing maximum randomness (standard deviation,xmin and xmax ) was selected for
model building process. The reason for choosing the data set
showing maximum randomness is that if the prediction model
is yielding good results with that data set then it will be giving
better results with any other data set.
5. Proposed delay prediction technique
The weighted delay prediction is composed of two stages. In
the ﬁrst stage, a regression is done with path length as independent variable and delay as dependent variable. In the second
phase, the historical data are fuzziﬁed to trapezoidal fuzzy
numbers and are used to predict delay. The obtained predicted
delay using regression and time series is then combined in
proper proportion to give the ﬁnal predicted delay.
5.1. Delay prediction using path length regression

Fig. 1

A trapezoidal fuzzy number.

The delay is found to be directly affected by the total number
of hops a packet has to traverse. The hop count (path length)
between any speciﬁc source-destination pair keeps on changing
with time unlike other parameters like routing protocol, number of nodes mobility patterns, etc., which can be ﬁxed for speciﬁc network deployment. The end-to-end packet delay
increases with increase in path length as the propagation delay
and queuing delay increases with each intermediate node.
When we tested the correlation between path length and packet delay, we found that they have a strong correlation between
them. Since the path length and delay are highly correlated, we
tried to ﬁt a regression line through that data. We found a
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The statistical parameters of the data sets.

A1 ¼

1 0:5 0
0
0
0
þ
þ þ þ þ ... þ
u1 u2 u3 u4 u5
um

A2 ¼

0:5 1 0:5 0
0
0
þ þ
þ þ þ ... þ
u1 u2 u3 u4 u5
um
0 0:5 1 0:5 0
0
þ
þ þ
þ þ ... þ
u1 u2 u3 u4 u5
um

Data sets

Routing

a  103

b  103

Gauss Markov

AODV
DSR

2.67925
12.6505

6.96325
6.38766

Manhattan

AODV
DSR

4.27234
4.97786

6.25248
7.51678

A3 ¼

AODV
DSR

6.55816
6.545

6.5265
6.415

...

AODV
DSR

1.8764
12.7116

6.9449
6.44538

...

RPGM
Random Way Point

Am1 ¼
straight line ﬁt to most of the cases. The regression equation is
of the form
delay ¼ a þ b  path

ð5Þ

where a and b are real number coefﬁcients. The values of a and
b are evaluated by experimental results. The different values of
a and b are given in Table 1.
The values of b is mostly in the range of 6  103 to
7  103 . The value of a shows one interesting pattern. It is always positive for DSR routing algorithm while it is negative
for AODV routing protocol. So if the path length is known,
one can easily approximate the delay using above formulae.
5.2. Delay prediction using fuzzy time series modeling
The node mobility, routing protocol, link congestion, etc., are
the parameters which make delay estimation very difﬁcult.
Some of these parameters are themselves difﬁcult to measure
quantitatively. The effect of these parameters is not conﬁned
to just one packet but a series of packets passing through those
nodes at that moment. Hence we have put the delay in framework of time series to get the effect of other parameters. The
consecutive packet delay measure between a source destination
pair can be viewed as a time series data. The end-to-end delay
data is represented using trapezoidal fuzzy numbers. Liu’s
trapezoidal fuzzy numbers time series method is used to forecast end-to-end packet delay in mobile ad hoc network for different mobility models. Let there are m intervals which are
u1 ; u2 ; . . . um deﬁned as

Am ¼

0
0
0:5
1
0:5
þ þ ... þ
þ
þ
u1 u2
um2 um1 um

0
0
0
0:5
1
þ þ ... þ
þ
þ
u1 u2
um2 um1 um

The fuzzy logical relationships are derived using the historical
packet delay data. The fuzzy logical relationships look like
Aj ! Ak denoting ‘‘if the data value of time t  1 is Aj , then that
of time t is Ak ’’. Based on the same fuzzy numbers on the lefthand sides of the fuzzy logical relationships, the derived fuzzy
logical relationships are grouped together to generate fuzzy
logical relationship groups. The forecast value at time t, is
determined by the following rules.
Rule 1: If the fuzzy logical relationship group of Aj is
empty, i.e. Aj ! U, then the forecast value is also Aj , which
is ðd j1 ; d j ; d jþ1 ; d jþ2 Þ.
Rule 2: If the fuzzy logical relationship group of Aj is oneto-one, i.e. Aj ! Ak , then the forecast value is Ak , which is
ðd k1 ; d k ; d kþ1 ; d kþ2 Þ.
Rule 3: If the fuzzy logical relationship group of Aj is oneto-many, i.e. Aj ! Ak1 ; Aj ! Ak2 ; . . . ; Aj ! Akp , and then the
forecast value is calculated as follows:
forecast ¼

Ak1 þ Ak2 þ . . . þ Akp
p

ð6Þ

where
Ak1 ¼ ðdk11 ; dk1 ; dk1þ1 ; dk1þ2 ,
Ak2 ¼ dk21 ; dk2 ; dk2þ1 ; dk2þ2 ; . . .
and
Akp ¼ ðdkp1 ; dkp ; dkpþ1 ; dkpþ2 Þ. The details of the results obtained are given in Section 6.

u1 ¼ ½d0 ; d1 ; d2 ; d3 
u2 ¼ ½d1 ; d2 ; d3 ; d4 
u3 ¼ ½d2 ; d3 ; d4 ; d5 
u4 ¼ ½d3 ; d4 ; d5 ; d6 
...
um3 ¼ ½dm4 ; dm3 ; dm2 ; dm1 

5.3. Weighted delay prediction
The forecast delay obtained by path length method and fuzzy
time series method is combine to obtain better delay prediction. The weighted delay is computed by
wgtdelay ¼ a  path þ b  fuzzy

ð7Þ

where a and b are constants and a þ b ¼ 1; 0 6 a; b 6 1 The
values of a and b are evaluated experimentally and found that
0:7 6 a 6 0:9 and 0:1 6 b 6 0:3.

um2 ¼ ½dm3 ; dm2 ; dm1 ; dm 
um1 ¼ ½dm2 ; dm1 ; dm ; dmþ1 
um ¼ ½dm1 ; dm ; dmþ1 ; dmþ2 
Then, the fuzzy sets A1 ; A2 ; . . . ; Am are deﬁned by

6. Results and discussion
The prediction results of path length based regression, fuzzy
time series and weighted method is given in the following subsections. The statistical parameters of the actual delay data is
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The statistical parameters of the data sets.

Table 2
Data sets

Routing

Xmin

Xmax

X

Sx

Gauss Markov

AODV
DSR

0.005597
0.005598

0.098766
0.088173

0.033154286
0.030130388

0.020658052
0.017950893

Manhattan

AODV
DSR

0.005497
0.005497

0.05927
0.056677

0.019094061
0.017214122

0.013738992
0.011575481

RPGM

AODV
DSR

0.005516
0.005536

0.047476
0.029399

0.009303449
0.00926102

0.007427774
0.006146167

Random Way Point

AODV
DSR

0.005557
0.005517

0.091571
0.079931

0.038929816
0.032266612

0.026028019
0.018489821

shown in Table 2. Xmin represents the minimum delay value of
the sample data, Xmax represents the maximum delay value of
the sample data, X represents the average delay value of the
sample data and Sx represents the standard deviation of the
sample data.
Correlation coefﬁcient ðRÞ, Nash–Sutcliffe coefﬁcient ðEÞ,
Index of agreement ðIOAÞ, Root Mean Squared Error
ðRMSEÞ and Mean Absolute Error ðMAEÞ are used as performance evaluation criterion (PEC) to compare various models.
Eqs. (8)–(12)deﬁne how these performance evaluation criterion
computed.
Pn
i¼1 ðOi  OÞðPi  PÞ
R ¼ qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
ð8Þ
Pn
2 Pn
2
ðO

OÞ
ðP

PÞ
i
i
i¼1
i¼1
Pn

E ¼ 1  Pi¼1
n

ðOi  Pi Þ2

i¼1 ðOi

 OÞ
Pn

IOA ¼ 1  Pn

i¼1 ðOi

i¼1 ½jPi

ð9Þ

2

 Pi Þ2

ð10Þ

2

 Oj þ jOi  Oj

sﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
n
1X
RMSE ¼
ðOi  Pi Þ2
n i¼1
MAE ¼

ð11Þ

n
1X
jOi  Pi j
n i¼1

ð12Þ

where n is the total number of data sets; Oi the observed delay
for ith period; Pi the predicted delay for ith period; O the mean
of observed delay; P is the mean of predicted delay.
Correlation coefﬁcient ðRÞ measures how well the predicted
value ﬁts with actual data. The value of R closer to 1 implies a
better ﬁt between the predicted value and actual value. Nash–
Sutcliffe coefﬁcient ðEÞ represents the initial uncertainty explained by the model. The E value closer to 1 indicates better
model performance. Index of agreement ðIOAÞ is an adaptation of the Nash–Sutcliffe coefﬁcient E. The alteration to the
denominator seeks to penalize differences in the mean predicted and mean observed values. Again the IOA values closer
to 1 indicates better model performance. The Root Mean
Squared Error ðRMSEÞ is the most popular measure of error
and has the advantage that large errors receive much greater
attention than small errors. RMSE can give a quantitative
indication of the model error in terms of a dimensioned quantity. It indicates the discrepancies between the observed and
predicted values. An RMSE value close to zero indicates better
performance of the model. Mean Absolute Error ðMAEÞ uses
absolute value of the error terms rather than square of the
terms. MAE values closer to 0 are indicator of good model performance. We have grouped the prediction results of our system the mobility pattern followed the nodes of network to
simplify the discussion. For every mobility pattern, we have given the graphical representation of predicted values vs. actual
values for different algorithm. A table containing different
PEC values is provided to justify the applicability of our
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Fig. 2 Actual vs. predicted delay for network following GM
mobility pattern with AODV routing protocol.
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Fig. 3 Actual vs. predicted delay for network following GM
mobility pattern with DSR routing protocol.
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The goodness measures for end-to-end delay of network following Gauss Markov mobility pattern.

Table 3
Routing

Technique

R

E

IOA

RMSE

MAE

AODV

Path
Fuzzy
Weighted

0.781215816
0.288256612
0.793500023

0.607515256
0.082898366
0.561221015

0.999983297
0.999960984
0.999981329

0.004022868
0.006149405
0.004253508

0.000900664
0.001444658
0.000936503

DSR

Path
Fuzzy
Weighted

0.834571953
0.829463715
0.931853824

0.695006498
0.68800986
0.825692583

0.999989606
0.999989378
0.999994063

0.003175862
0.003212083
0.002400901

0.000792312
0.000641804
0.000585513

0.06

actual
path-pred
fuzzy-pred
wg-pred

0.04

MANET following GM mobility pattern using DSR routing
is given in Fig. 3. The predicted values are close enough to actual values for all three algorithms is evident from Fig. 3.
It is very difﬁcult to quantify which algorithm gives better
result by just examining Figs. 2 and 3. To prove the quantitative supremacy of our algorithm, we have computed different
statistical measures of goodness. The PEC measures like correlation coefﬁcient R, Efﬁciency E; IOA; RMSE, and MAE for
predicted delay of a MANET using GM mobility pattern under AODV and DSR routing is presented in Table 3. The results in the table is grouped according to the routing
protocol. In case of AODV routing, the path length regression
based algorithm yields better results compared to other two
strategies. Although the R value of weighted algorithm is
slightly better than path length based regression algorithm.
So, we can say that path length based regression itself is good
alone to predict the end-to-end delays in MANET whose
nodes follow GM mobility pattern and uses AODV as routing
algorithm. On the other hand, weighted algorithm is better option for end-to-end delay prediction for a MANET whose
nodes follow GM mobility pattern and use DSR as routing
algorithm as all PEC values of weighted algorithm are better
compared to other two algorithms.

0.03

6.2. Delay prediction for manhattan grid mobility

0.02

The graphical representation of actual vs. predicted delay of a
MANET following Manhattan Grid mobility pattern and
using AODV routing is given in Fig. 4. The predicted values
are found close enough to actual values for all three algorithms
evident as from Fig. 4. Fig. 5 shows the actual vs. predicted
end-to end packet delay of a MANET whose nodes follow
Manhattan Grid mobility pattern and use DSR routing protocol. It can be seen from Fig. 5 that predicted value are close to
the actual values for all three algorithms.
To check which of the three algorithms is the best, we have
computed different statistical measures of goodness. The PEC
measures like correlation coefﬁcient R, Efﬁciency
E; IOA; RMSE, and MAE for predicted delay of a MANET
using Manhattan Grid mobility pattern under AODV and
DSR routing are given in Table 4. The results in the table is
grouped according to the routing protocol. In case of AODV
routing, the path length regression based algorithm produces
better results compared to other two strategies. Although the
R value of weighted algorithm is slightly better than path
length based regression algorithm. So, we can say that path
length based regression itself is good enough to predict the
end-to-end delays in MANET whose nodes follow Manhattan
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Fig. 4 Actual vs. predicted delay for network following MG
mobility pattern with AODV routing protocol.
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Fig. 5 Actual vs. predicted delay for network following MG
mobility pattern with DSR routing protocol.

algorithm for end-to-end packet delay prediction. The best results are represented bold faced in the corresponding table.
6.1. Delay prediction for gauss markov mobility
Fig. 2 shows the actual vs. predicted end-to end packet delay of
a MANET whose nodes follow GM mobility pattern and uses
AODV routing. It can be observed from Fig. 2 that predicted
value are close to the actual values for all three algorithms. The
graphical representation of actual vs. predicted delay of a
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Table 4

The goodness measures for end-to-end delay of network following Manhattan Grid mobility pattern.

Routing

Technique

R

E

IOA

RMSE

MAE

AODV

Path
Fuzzy
Weighted

0.948684957
0.843210344
0.948742498

0.899206684
0.71099528
0.898024605

0.999995655
0.999987538
0.999995604

0.002064595
0.003496
0.002076666

0.000438328
0.000799726
0.000441381

DSR

Path
Fuzzy
Weighted

0.956815256
0.884740199
0.962486081

0.910718684
0.782729837
0.926154858

0.999996078
0.99999045
0.999996756

0.00196312
0.003062433
0.001785367

0.00034097
0.000678374
0.000285574

0.05

Grid mobility pattern and use AODV as routing algorithm.
On the other hand, weighted algorithm is better option for
end-to-end delay prediction for a MANET whose nodes follow
Manhattan Grid mobility pattern and use DSR as routing
algorithm as all PEC values of weighted algorithm is better
compared to other two algorithms.
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6.3. Delay prediction for RPGM mobility
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Fig. 6 Actual vs. predicted delay for network following RPGM
pattern with AODV routing protocol.
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Fig. 6 shows the actual vs. predicted end-to end packet delay of
a MANET whose nodes follow RPGM pattern and use
AODV routing. It can be seen from Fig. 6 that predicted values are close to the actual values for all three algorithms. The
graphical representation of actual vs. predicted delay of a
MANET following RPGM pattern under DSR routing is given in Fig. 7. The predicted values are close enough to actual
values for all three algorithms as evident from Fig. 7.
To quantify which algorithm performs better, we have computed different statistical measures of goodness. The PEC measures like correlation coefﬁcient R, Efﬁciency E; IOA; RMSE
and MAE for predicted delay of a MANET using RPGM pattern under AODV and DSR routing are given in Table 5. The
results in the table is grouped according to the routing protocol in use. In case of AODV routing, the weighted algorithm
gives better results compared to other two strategies. The
RMSE and MAE values of path length based regression algorithm is slightly better than weighted algorithm. So, we can say
that weighted algorithm can be used to predict the end-to-end
delays in MANET whose nodes follow RPGM pattern and use
AODV as routing algorithm. Similarly, weighted algorithm is
better option for end-to-end delay prediction for a MANET
whose nodes follow RPGM mobility pattern and use DSR
as routing algorithm as all PEC values of weighted algorithm
is better compared to other two algorithms.

Fig. 7 Actual vs. predicted delay for network following RPGM
pattern with DSR routing protocol.

Table 5

The goodness measures for end-to-end delay of network following RPGM pattern.

Routing

Technique

R

E

IOA

RMSE

MAE

AODV

Path
Fuzzy
Weighted

0.974581261
0.973207038
0.977529724

0.949367265
0.947077024
0.955564099

0.999996478
0.999996317
0.999996908

0.001869069
0.001910873
0.001750962

0.00020563
0.000343394
0.000255922

DSR

Path
Fuzzy
Weighted

0.989136388
0.983282931
0.991055108

0.97808384
0.966805936
0.982180922

0.999998507
0.999997738
0.999998786

0.001216618
0.001497278
0.001097021

0.000183834
0.000308842
0.00020084
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Fig. 8 Actual vs. predicted delay for network following RWP
mobility pattern with AODV routing protocol.
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and use DSR routing. It can be seen from Fig. 9 that predicted
values are close to the actual values for all three algorithms.
It is very difﬁcult to quantify which algorithm gives better
result by just examining Figs. 8 and 9. we have computed different statistical measures of goodness to prove quantitatively
that our algorithms are performing well. The PEC measures
like correlation coefﬁcient R, Efﬁciency E; IOA; RMSE,
and MAE for predicted delay of a MANET using RWP mobility pattern under AODV and DSR routing is presented in Table 6. The results in the table is grouped according to the
routing protocol used by the network. In case of AODV routing, the path length regression based algorithm gives better results compared to other two strategies. However the R value of
weighted algorithm is slightly better than path length based
regression algorithm. So, we can say that path length based
regression itself is quite convincing to predict the end-to-end
delays in MANET whose nodes follow RWP mobility pattern
and use AODV as routing algorithm. Similarly, path length
based regression algorithm is better option for end-to-end
delay prediction for a MANET whose nodes follow RWP
mobility pattern and use DSR as routing algorithm as all
PEC values except correlation coefﬁcient R of path length
algorithm is better compared to other two algorithms.
7. Conclusion

0.04
0.03
0.02
0.01
0
0

10

20

30

40

50

Packet Id

Fig. 9 Actual vs. predicted delay for network following RWP
mobility pattern with DSR routing protocol.

6.4. Delay prediction for RWP mobility
The graphical representation of actual vs. predicted delay of a
MANET following RWP mobility pattern and using AODV
routing is given in Fig. 8. The predicted values are close enough to actual values for all three algorithms as evident from
Fig. 8. Fig. 9 shows the actual vs. predicted end-to end packet
delay of a MANET whose nodes follow RWP mobility pattern

Table 6

In this article, we compute the end-to-end delay experienced by
data packets in an ad-hoc network. We evaluated the correlation of path length with the packet delay and found that they
are highly correlated. This high correlation motivated us to
establish a regression equation for delay as dependent variable
and path length as an independent variable. The regression is
linear in nature and ﬁts well as the predicted values by using
regression equation is found to be quite good. Since, path
length is known whenever a route to destination is calculated,
hence, we can derive the approximate value for the packet delay whenever a route has been decided for a source destination
pair. Further we have represented end-to-end packet delay in
the framework of fuzzy time series. Using trapezoidal fuzzy
numbers our fuzzy time series gives promising results but inferior to path length based regression. We proposed a weighted
algorithm by combining these two algorithms which gives better results compared to both algorithms. We found that for
MANET using AODV as routing protocol, path length based
regression gives almost as good result as the weighted algorithm. Whereas for DSR routing protocol, weighted algorithm
gives better results across all mobility patterns.

The goodness measures for end-to-end delay of network following RWP Mobility pattern.

Routing

Technique

R

E

IOA

RMSE

MAE

AODV

Path
Fuzzy
Weighted

0.813165106
0.452318881
0.853157494

0.631954861
0.204585027
0.603680732

0.999974733
0.999945243
0.999972769

0.00495498
0.007284308
0.005141786

0.00115993
0.001931358
0.0012441

DSR

Path
Fuzzy
Weighted

0.815831225
0.477884669
0.841822824

0.66350168
0.226903326
0.648908865

0.999988392
0.999973357
0.999987892

0.003354875
0.005085128
0.003426848

0.000919625
0.00127209
0.000918525
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