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Abstract Link burstiness can negatively affect the performance of wireless networking
protocols, by causing an extra of 15 % transmission cost. It describes the underlying behavior
of packet delivery and provides insights into tuning protocols to improve performance. In
this paper, we propose a discrete-time Markov model to simulate the burstiness behavior of
wireless links, which provides a novel approach for link burstiness studies. More specifically,
we first present a discrete-time Markov model with the input of β value and the output of
a sequence trace of burstiness traffic. Then we design an algorithm to simulate the Markov
model, where the state transition represents the packet receptions or losses. Finally, we
evaluate the proposed model in terms of distribution of link burstiness, accuracy and cost,
and the results demonstrate that our model is able to accurately simulate the burstiness
behavior.
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1 Introduction
Low power wireless networks are becoming increasingly popular in our daily life, such
as ZigBee, Bluetooth and WiFi networks, which provide lots of convenient applications
including smart healthcare [1], bluetooth headphones and receiving/sending emails. However,
such wireless links are examined to be bursty [2]. Link burstiness is a physical property, which
means that packet transmissions sporadically shift between good delivery to poor delivery.
Link burstiness can negatively affect protocol performance: on packet reception rates of
MAC protocols in a short time scale and on packet retransmissions of routing protocols in a
short-time period as well [3–8]. In addition, it impacts experimental results. The underlying
causes of burstiness are wireless channel variation and interference [2]. Therefore, the study of
wireless link burstiness behavior is able to provide insights into the correlation of continuous
packet deliveries and improve the performance of newly designed wireless protocols as well.
There are a number of related works on quantifying burstiness behavior in wireless links.
These investigations can be classified into analytical models [9–22] and empirical studies
[2,23–33]. For analytical models, Mushkin et al. in [11] propose a two-state Markov chain,
which presents burstiness by μ, effectively describing how bit errors are correlated. In [14],
Khayam et al. present Markov-based stochastic chains to model channel behavior for both
bit errors and packet losses. For empirical studies, Srinivasan et al. in [2]present an empirical
study to quantify the extent and characteristics of bursty links by defining a metric β, which
measures the burstiness of a wireless link. The factor β is calculated by comparing conditional
probability distribution functions (CPDFs) of packet transmissions on a bursty link to that of
an independent link. Alizai et al. [27] use short-term estimation of wireless links to accurately
identify short-term stable periods of transmission on bursty links. Although the above works
provide analytical models or empirical studies, this work is different in that we present a novel
Markov model for simulating bursty traces based on a given β value, which can be used for
investigating the burstiness of wireless links. Compared to the β approach [2] in empirical
studies, which can measure the burstiness behavior of wireless links, this work is able to take
this β metric as the input and generate bursty traces that conform to the supplied β value.
In this paper, we present a novel discrete-time Markov model with the input of β value and
the output of burstiness traffic traces. In the discrete-time Markov model, a state represents
the number of successful or failure transmissions while state transition probability represents
the conditional probability of successful or failure transmissions. This Markov model is then
simulated by an algorithm, where the state transition represents the packet receptions or losses.
For performance evaluation of the Markov model, we repeat 100 simulations of 1, 000, 000
packet transmissions with “1” representing packet receptions and “−1” representing packet
losses. More specifically, we first illustrate the distribution of simulated burstiness of 100
packet transmissions extracted from the simulations to show that with the increasing input
of β value the burstiness is closer to the ideal burstiness. Then we compare the calculated
β values of simulated bursty traces with the corresponding input of β value, to show that
simulated β values are closer to β values with standard deviations of less than 0.0187.
The main contributions of this work can be summarized as:
• We are among the first to present a novel discrete-time Markov model with the input of
a metric value β to simulate wireless burstiness behavior.
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• We design an algorithm to simulate the Markov model, where the state transition represents the packet receptions (1 s) or losses (−1 s).
• We evaluate our Markov model through 100-run simulations of 1,000,000 packet transmissions for each input β. The evaluation results demonstrate that our model can accurately simulate the burstiness behavior of wireless links.
The remainder of this paper is organized as follows: Section 2 presents related work for
exploring the burstiness behavior of wireless links. In Sect. 3, we describe the preliminaries
of the calculation of β value and the discrete-time Markov model. Then, we discuss how the
Markov model is derived and simulated in Sect. 4. Next, we evaluate our derived Markov
model in Sect. 5 and present conclusions in Sect. 6.
2 Related Work
There are a wide range of works capturing the burstiness behavior of wireless links.
We classify these efforts into two categories: analytical models [9–22] and empirical studies
[2,23–33].
2.1 Analytical Models
The authors of [9] provide the Gilbert model, which is a probabilistic model for simulating
burst noise in data transmission channels. In this model, the two-state hidden Markov model
is used to generate noise burstiness. The first state has zero probability of encountering an
error whereas the other state has a certain fixed non-zero probability for transmission errors.
In [10], the authors measure packet burstiness in wired LANs through packet trains by building
packet arrival models, which can be extended and used for packet burstiness in wireless
links. The authors of [11] present the Gilbert-Elliott model, which is a two-state Markov
chain describing burstiness in terms of μ, effectively depicting how bit errors are correlated.
In this model, the probability of successful transmissions varies based on the current state,
where the good state corresponds to 100 % packet reception and the bad state corresponds
to zero packet reception. The burstiness parameter μ is calculated by μ = 1 − pgb − pbg ,
where pgb is the probability of transition from the good state to the bad state while pbg is the
probability of transition from the bad state to the good state. Thus, μ captures the correlation
between the current and the previous packet delivery events. In [12], the authors present a
new class of Markovian-based channel models, called bipartite models, which allow the user
to freely choose the desired model complexity and therefore model accuracy. The authors
of Khayam and Radha [14] evaluate and propose Markov-based stochastic chains to model
the 802.11b MAC-to-MAC channel behavior for both bit errors and packet losses. They
introduce an Entropy Normalized Kullback-Leibler measure to evaluate the performance of
existing and new bit error and packet loss models. In [16], the authors propose two novel
generative methods to model the end-to-end error profile of radio channels described by long
well-defined error bursts interleaved with long error-free intervals, so that researchers can
design good error-control schemes for bursty channels. In [17], the authors propose a novel
multilevel approach involving hidden Markov models (HMMs) and Mixtures of multivariate
Bernoullis (MMBs) for modeling the long and short time scale behavior of wireless links using
experimental data traces collected from multiple 802.15.4 testbeds. In addition, the models
in [14] and [17] for simulating burstiness are based on the hidden state continuous time
Markov chain models. These hidden state Markov models simulate burstiness by transitioning
among a collection of unobserved (hidden) states and then sporadically transitioning to
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an observed (non-hidden) state. Transitions between hidden states are not recognized as
events but serve to introduce random delay between actual events which are represented by
transitions to non-hidden states. The authors of [18] propose to derive wireless simulation
models from experimental traces of radio signal strength and apply the closest-fit pattern
matching (CPM) algorithm, which is originally designed for modeling external interference,
to model signal strength. They find that using CPM for signal strength improves simulation
of packet burstiness, reducing the Kantorovich–Wasserstein (KW) distance of conditional
packet delivery functions (CPDFs) by a factor of about 3 for intermediate links. In [20],
the authors develop a generic analytical model to study the packet loss burstiness. In the
model, they use the correlation length of packet loss rate as a metric to represent the packet
loss burstiness mathematically, and they formulate the metric by investigating the correlations
between packet losses. The authors of Bas and Ergen [22] show a way of accurately analyzing
the performance of bulk data dissemination protocols in WSNs. This model can be applied
to practical network topologies by use of the shortest propagation path, and is accurate by
considering topological information, impact of contention, and impact of pipelining.
2.2 Empirical Studies
In [2], the authors present β factor to measure wireless link burstiness at the packet level.
In [23], the authors propose the Markov-based trace analysis (MTA) algorithm, which extracts
stationary components from a collected trace. This analytical channel model can more accurately represent characteristics, such as burstiness, statistical distribution of errors, and packet
loss processes compared with traditional approaches. The authors of [24] use Allan deviation
of delivery rates calculated over different timeintervals to find the characteristic burst length
1 n
2
of a link. The Allan deviation is expressed as 2n
i=2 (x i − x i−1 ) [25], where the sample
xi is the fraction of packets delivered in successive intervals of a particular length. The Allan
deviation will be high for interval lengths near the characteristic burst length. At smaller
intervals, adjacent samples will change slowly, and the Allan deviation will be low. At longer
intervals, each sample will tend towards the long-term average, and the Allan deviation will
also be small. In [26], the packet reception rate (PRR) analysis shows that links are bursty
rather than constant, i.e., their reception quality varies greatly from the overall PRR at different times. The authors provide a possible explanation for burstiness using wavelet analysis of
RSSI (received signal strength indicator) traces from a variety of wireless links. The authors
of Alizai et al. [27] use short-term estimation of wireless links to accurately identify shortterm stable periods of transmission on bursty links. The approach allows a routing protocol
to forward packets over bursty links if they offer better routing progress than long-term stable links. The authors of Munir et al. [28] propose a scheduling algorithm that produces
latency bounds of the real-time periodic streams and accounts for both link burstiness and
interference. The solution is achieved through the definition of a new metric Bmax based
on a significant empirical evidence of 21 days and over 3,600,000 packet transmissions per
link. The Bmax characterizes links by the maximum burst length and by choosing a novel
least-burst-route that minimizes the sum of worst case burst lengths over all links in the
route. In [29], the authors describe a burst-link-aware routing protocol B L A R for wireless
sensor networks, which discusses the impact of bursty links on routing protocol performance,
and exploits an efficient burstiness identification method (BIM) to identify the existence of
the bursty links by passively measuring the RSSI value of packets received from neighbors.
It also presents a timely and adaptive link quality estimator Easi L Q E, which uses an errorbased filter and takes account into the bursty links identification. The authors of Alizai et al.
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[31] propose two metrics, Expected Future Transmissions (EFT) and M AC3 , for runtime
estimation of bursty wireless links. Based on these two metrics, they introduce the Bursty
Link Estimator (BLE), which accurately estimates bursty links in the network rendering
them available for packet transmissions. In [33], the authors present Strawman, a contention
resolution mechanism designed for low-power duty-cycled networks that experience traffic
bursts, which efficiently resolves network contention, mitigates the hidden terminal problem,
and has zero overhead unless activated to resolve data collisions.
Unlike the above analytical models or empirical studies, our work is based on a discretetime Markov chain with the input of β value for simulating bursty traces of wireless links.
3 Preliminaries
In this section, we first explicitly describe the calculation of the metric β proposed in [2],
which is the input of our discrete-time Markov model. Then we briefly introduce the structure
of a discrete-time Markov model. Finally, we interpret the notations used in this paper.
3.1 Description of the Metric β
In [2], Srinivasan et al. present an empirical study to quantify the extent and characteristics
of the burstiness of wireless links by defining a metric β, which is based on CPDFs that are
derived from packet delivery traces [34]. CPDFs give the probability that the next packet will
be successfully received after n consecutive packet successes or failures. CPDFs can describe
the ideal bursty link, which has one long burst of either successes or failures, as well as the
independent link, in which there is no correlation between packet deliveries. The metric β
is calculated by comparing CPDFs of the traffic on a bursty link to that of an independent
link. Adapted from [2], β calculation of an example link is illustrated in Fig. 1 and can be
formulated as Eq. 1:
β=

mean(i −n/2 , ..., i n/2 ) − mean(e−n/2 , ..., en/2 )
mean(i −n/2 , ..., i n/2 )

(1)

where the distances i −n/2 through i n/2 are the distances between the CPDF elements of the
independent link and the CPDF elements of the ideal bursty link, while the distances e−n/2

Fig. 1 β calculation of an example link
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Fig. 2 An example of a discrete-time Markov Model

through en/2 are the distances between the CPDF elements of the corresponding example link
and the CPDF elements of the ideal bursty link. Note that the subscripts of i or e are symmetric,
thus we express the subscripts in an intuitive way, such as − n2 and n2 . Moreover, n is the total
number of packet transmissions including successes and failures. When n is an odd number,
we use n2 to denote  n2  and − n2 to denote − n2 , respectively. Therefore, from Eq. 1, obviously
a perfectly bursty link has a β = 1, while a link with independent deliveries has a β = 0.
In addition, Fig. 1 provides an additional insight into how these CPDFs are used to calculate
the metric β, where the x-axis represents the number of consecutive failures or successes that
precedes a successful transmission and the y-axis represents the conditional probability of
a successful transmission. Furthermore, pa represents the average packet delivery ratio of n
packet transmissions. For conditional probability, we explain it through an example. Let us
consider a synthetic bursty trace T : {F, F, S, S, S, F, F, F, S, S, S, S}, where S represents
a successfully delivered packet and F represents a failed or dropped packet. Assume that
we calculate the conditional probability of a successful transmission under two consecutive
failure transmissions. Notice that in the trace T we have two instances of two consecutive
failures: {F, F, S} and {F, F, F}, which means that the sample space is 2. Also notice that
there is only one final successful transmission in the two instances. Therefore, the probability
of successful transmission given that two failure transmissions occurred is the number of
successful instances divided by the sample space.
3.2 Introduction of a Discrete-time Markov Model
As described in [35], a stochastic process {x(t), t ∈ T  } is a Markov process if the future
state of the process only depends on the current state of the process and not on its past history.
Formally, a discrete-time Markov chain {xt , t ∈ T  } is a stochastic process whose state space
is a finite or countably infinite set with index set T  = {0, 1, 2, ...}, which obeys Pr [X k+1 =
xk+1 |X 0 = x0 , ..., X k = xk ] = Pr [X k+1 = xk+1 |X k = xk ]. The conditional probabilities
Pr [X k+1 = j|X k = i] are called the transition probabilities of the Markov chain.
We use this discrete-time Markov chain to model the burstiness behavior in wireless networks. We plot an example of a discrete-time Markov model in Fig. 2. As depicted in Fig. 2,
each circle denotes a state, which represents the number of successful or failure transmissions. For example, state −2 represents two consecutive failure transmissions while state
3 indicates three consecutive successful transmissions. Moreover, xi denotes the transition
probability from the state of |i| consecutive successful transmissions (for i > 0) or failure transmissions (for i < 0) to the state of a successful transmission. In contrast, 1 − xi
denotes the transition probability from the state of |i| consecutive successful transmissions
(for i > 0) or failure transmissions (for i < 0) to the state of a failure transmission. The
transition probability between states represents the conditional probability given a failure or
successful transmission. These state transition probabilities are the same to the CPDFs used
to calculate the metric β. In other words, the state transitions are equivalent to the height of
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Table 1 Notations and their semantic meanings
Notations

Meanings

β

A metric to measure link bursty behavior

ij, Ij

The distance between the jth CPDF element of the independent link and that of the ideal
bursty link

ej

The distance between the jth CPDF element of the example link and that of the ideal
bursty link

n

The total number of packet transmissions including transmissions of failures and successes

xi

The transition probability from the state of i consecutive transmissions to a successful
transmission state

x+ (x− )

The transition probability from the state of consecutive successful (failure) transmissions
to a successful transmission state
The transition probability sequences

X + (X − )

the bar illustrated in Fig. 2. We introduce the Markov model in the following: at the beginning
of the simulation, it starts from state 0; then, it transitions to state 1 with the probability x 0 ,
which indicates that the packet is successfully delivered; if it does not transition to state 1,
it automatically transitions to state −1 with transition probability 1 − x 0 , which indicates
that the packet is not successfully delivered; after that, it will transition between non-zero
states with different transition probabilities. For example, supposing that it is currently in
state −2, with the probability x−2 , it transitions to state 1, which indicates that the packet
is delivered after two consecutive failures. Otherwise, it dynamically transitions to state −3
with probability 1 − x−3 , which means the packet transmission fails after three consecutive
failures. We simplify this model in Sect. 4, which is the discrete-time Markov model used in
our algorithm.
3.3 Notations
In this section, we list the notations used in this paper in Table 1.
4 The Discrete-Time Markov Model
In this section, we first derive the discrete-time Markov model from the calculation of β, and
then we design an algorithm to simulate the Markov model with the input of the β value and
the output of bursty traces.
4.1 Derivation of the Markov Model
In order to relate the properties of the Markov chain to the variables in Eq. 2, we attempt to
derive a discrete-time Markov model that can generate bursty traffic.
Thus, we begin by rewriting Eq. 1 in a different way, expressed in Eq. 2 as:
1 n/2
i=−n/2 Ii − ei
n
β=
(2)
1 n/2
i=−n/2 Ii
n
where n denotes the total number of packet transmissions including transmissions of failures
or successes, which is associated to x-axis in Fig. 1, and i ∈ [− n2 , −1] ∪ [1, n2 ] indicates the
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Fig. 3 The simplified discrete-time Markov Model

number of consecutive failure transmissions (for i < 0) or consecutive successful transmissions (for i > 0). For example, i = −2 represents two consecutive failure transmissions,
while i = 3 indicates three consecutive successful transitions. For i = 0, we define it as “no
packet transmission”, which is the initial state of the Markov model. Furthermore, i is valued
in a symmetric range [− n2 , n2 ] in our Markov model, where we use − n2 to denote − n2  and
n
n
2 to denote  2 , respectively, when n is an odd number. In addition, Ii is equivalent to i i in
Eq. 1.
n/2
Then, we deduce the mean value of I ( I¯ = n1 i=−n/2 Ii ) to its simplest form. After
reviewing Fig. 1, we notice that all the positive instances share the same I value and the same
is true for negative instances. Therefore, we separate all the values Ii (i ∈ [− n2 , −1] ∪ [1, n2 ])
to values Ii− (i ∈ [− n2 , −1]) and Ii+ (i ∈ [1, n2 ]). Then, with the two substitutions, I¯ can be
rewritten as:
⎧
⎫
n/2
n/2
−1
⎨ 
⎬


1
1
−
+
Ii =
Ii +
Ii
(3)
I¯ =
⎭
n
n⎩
i=−n/2

i=−n/2

i=1

As illustrated in Fig. 1, Ii− is assigned the value of pa , and naturally Ii+ will be assigned the
value of 1 − pa . Then, with these substitutions, I¯ can be further rewritten as:
⎫
⎧
n/2
n/2
n/2
−1
⎬ 1 
⎨



1
1
1
Ii =
Ii− +
Ii+ =
( pa + (1 − pa )) =
(4)
I¯ =
⎭ n
n
n⎩
2
i=−n/2

i=−n/2

i=1

i=−n/2

n/2

We replace all instances of n1 i=−n/2 Ii in Eq. 2 by the constant
Thus, with the substitution, Eq. 2 can be rewritten as:
1
1 n/2
i=−n/2 ei
2 − n
β=
1

1
2

according to Eq. 4.

(5)

2

We simply transform Eqs. 5 to 6 for further analysis:
n/2
1−β
1 
ei =
n
2

(6)

i=−n/2

Next, we attempt to use Eq. 6 to derive the state transitions of a simplified descrete-time
Markov model, which is illustrated in Fig. 3. Thus, we first introduce the markov model used
in this paper and then explore the relationship between the ei terms in Fig. 1 and transition
probabilities in Fig. 3.
As illustrated in Fig. 3, the circle with number “0” denotes state 0, which is the initial
state and represents no transmission. The circle with symbol “−” denotes all the negative
states, which represent the consecutive failure transmissions, while the circle with symbol
“+” denotes all the positive states, which represent the consecutive successful transmissions.
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Moreover, x+ denotes the transition probability from the state of consecutive successful
transmissions to the state of another successful transmission and 1 − x + represents the
transition probability from the state of consecutive successful transmissions to the state
of a failure transmission. In contrast, x− denotes the transition probability from the state
of consecutive failure transmissions to the state of a successful transmission and 1 − x −
represents the transition probability from the state of consecutive failure transmissions to the
state of another failure transmission. In the Markov model, it starts from state 0, and with
the probability x+ it transitions to positive state. Otherwise, it transitions to negative state
with transition probability 1 − x+ . If it is currently in negative state, it transitions to positive
state with probability x− or it automatically transitions to negative state with probability
1 − x− . On the other hand, if it is currently in positive state, it transitions to positive state
with probability x+ or it automatically transitions to negative states with probability 1 − x + .
Therefore, except the initial state, there are only two states: the positive state and the negative
state. Thus, there are four state transitions: from the positive state to the positive state, from
the positive to the negative, form the negative to the negative and from the negative to the
positive and the corresponding transition probabilities are: x + , 1 − x+ , 1 − x− and x− .
We explore the relationship between ei and transition probability by defining a new state
transition probability xi , which represents the probability of a successful transition out of
state i to a higher state, where a higher state represents a state of a successful transmission
from the current state. We express xi in terms of ei as:
xi =

ei i < 0
1 − ei i > 0

(7)

Since this value xi only describes the probability of transition to higher states, we also need to
describe the probability for transition to a lower state, where a lower state represents a state of
a failure transmission from the current state. From current state, there are only two possible
state transitions: to a higher state or a lower state. Therefore, the state transition probability
to lower states can be calculated as: 1 − xi . Remember that we intent to end up with a model
in terms of β, which means that we must find some way of deriving these xi values in terms
of a single value β. We achieve this by making two assumptions: (i) the values of xi are all
the same for all the negative states and the same for all the positive states; (ii) the markov
chain is symmetric and contains an equal number of positive and negative states. With these
assumptions, we only have to derive two values of xi : one for positive state denoted as x+|i|
and the other for negative state denoted as x−|i| . Accordingly, as expressed in Eq. 7, we also
separate the values of ei into two components: one component representing the values of
ei for the negative states denoted as e−|i| and the other representing the values of ei for the
positive states denoted as e+|i| . Furthermore, as illustrated in Fig. 1, the increment of indexes
of ei from − n2  to −1 means that there is a successful delivery after |i| consecutive failure
transmissions, which can be explained as that the states currently transition to higher states.
Therefore, the values of e−|i| are equivalent to x−|i| , which is consistent to the Markov model
in Fig. 2. On the other hand, the increment of indexes of ei from 1 to  n2  means that there
is a successful delivery after i consecutive successful transmissions, which can be explained
as that the states currently transition to higher states as well. Thus, the values of e+|i| are
equivalent to 1 − x+|i| . We can now use these equivalents to express ei in the left part of Eq. 6
in terms of x+|i| and x−|i| as:
⎧
⎫
n/2
n/2
−1
⎬
1 ⎨2 
2
1 
(8)
ei =
x−|i| +
(1 − x+|i| )
⎭
n
2 ⎩n
n
i=−n/2

i=−n/2

i=1
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Algorithm 1: The generation of transition probability
Input: β value
Output: The sequences of transition probabilities of X + and X −
1 X + (Max I teration N umber ) ← [0, 0, ..., 0]
2 X − (Max I teration N umber ) ← [0, 0, ..., 0]
3 for i = 1 to Max I teration N umber do
4
if β < x+ < 1 and 0 < x− < 1 then
5
x+ ← rand()
6
x− ← −β + x+
7
end
8
X + (i) ← x+
9
X − (i) ← x−
10 end
11 return X + and X −

Recalling the assumptions that all the values of x−|i| are the same and all the values of
x+|i| are the same as well, we use x− to denote x−|i| and use x+ to denote x+|i| , which
are consistent with the Markov model in Fig. 3. Then, with the substitutions, Eq. 8 can be
rewritten as:
n/2
1 
1
ei =
n
2
i=−n/2

2n
2n
1
x− +
(1 − x+ ) = (x− − x+ + 1)
n2
n2
2

(9)

By substituting Eq. 9 into Eq. 6, we obtain:
1
1−β
(10)
(x− − x+ + 1) =
2
2
Finally, we obtain the positive and negative state transitions of Markov model with the
input of β as:
x− = −β + x+

(11)

where x+ denotes the transition probability from positives states to higher states, while
x− denotes transition probability from negative states to higher states.
4.2 Simulation of the Markov Model
In this section, we present how to generate a bursty trace based on the deduced Markov model
with the input of β. We design an algorithm to simulate the model, which is composed of
Algorithms 1 and 2.
With Algorithm 1, we generate sequences of transition probabilities (x+ and x− ) by
running the Markov model Max I teration N umber times, where Max I teration N umber
represents the maximum iteration numbers, with the input of β value. Then, the transition
probability sequences X + and X − are used as the inputs of Algorithm 2 to generate bursty
traces, which are represented by 1 or −1. “1” represents a transition to a positive state from
the current state since there is a successful transmission, while “−1” represents a transition
to a negative state since there is a failure transmission. Within Algorithm 2, we start with
the state star t, where we compare the randomly generated value r with a decimal value 0.5.
If r < 0.5 the current state is updated to 1; otherwise it is updated to -1. Then, for the
remaining Max I teration N umber − 1 iterations, the state transitions between negative and
positive states: if the current state is positive and satisfies r < 1 − x + , it transitions to the
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Algorithm 2: Bursty traffic simulation through state transition
Input: The sequences of transition probabilities of X + and X −
Output: The sequence of bursty traffic behavior B
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29

star t ← tr ue
state ← 0
B(Max I teration N umber ) ← [0, 0, ..., 0]
for i = 1 to Max I teration N umber do
r ← rand()
if star t then
if r < 0.5 then
state ← 1
end
else
state ← −1
end
star t ← f alse
end
else
if state==1 then
if r < 1 − x+ then
state ← −1
end
end
else
if r < x− then
state ← +1
end
end
end
B(i) ← state
end
return B

negative state. Otherwise, if the current state is negative and satisfies r < x − , it transitions
to the positive state. These state transitions are stored in a sequence B, which is the trace
of packet receptions (1s) and losses (-1s) for describing the distribution of a bursty link.
For example, a bursty traffic B = 11 − 1 − 1 − 11 represents two consecutive successful
transmissions, three consecutive failure transmissions and then one successful transmission.
Therefore, through Algorithms 1 and 2, we simulate a bursty traffic with a length of
MaxIterationNumber.

5 Performance Evaluation
In this section, we evaluate the discrete-time Markov model in terms of distribution of link
burstiness, accuracy, statistical analysis, and cost analysis.
5.1 Distribution of Link Burstiness
In this section, we illustrate the distribution of simulated burstiness of wireless links generated
by the discrete-time Markov model. For this purpose, we conduct the following experiment:
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with the input of β value, we call Algorithms 1 and 2 with Max I teration N umber = 100
and obtain the outputs of a sequence of simulated bursty traffic represented by B with 100
elements. In the experiment, we assign input values as: β = {0.3, 0.4, 0.5, 0.7, 0.8} and the
corresponding simulated bursty sequences are illustrated in Fig. 4, where the x-axis represents
the sequence of a simulated bursty traffic (packet receptions (1 s) or losses (−1 s)), while the
y-axis indicates the corresponding β values. Recall that a link with independent deliveries
has a β = 0, while a perfectly bursty link has a β = 1 [2]. As illustrated in Fig. 4, with
the increase of β values the burstiness of the simulated links are closer to ideal bursty links.
More specifically, comparing the sequence distribution of β = 0.3 with β = 0.8, obviously,
the distribution of β = 0.8 shows more burstiness after the 30th packet transmission. On the
other hand, the distribution of β = 0.4 shows more burstiness than that of β = 0.3 from the
66th to 75th packet transmissions.
5.2 Accuracy Evaluation
In this section, we evaluate the accuracy of simulated link burstiness by comparing the
calculated β values of simulated bursty links with the inputted β values. For this end, we
conduct the following experiment: first, with the input of β = 0.2, we call Algorithms 1 and 2
with Max I teration N umber = 1, 000, 000 and generate a 1,000,000-element B, and then
we gradually increase β to 0.89 with an increment of 0.01. Second, we repeat the experiment
100 times. Finally, we calculate the corresponding β values for simulated B. Therefore, for
each input of β assigned values from 0.2 to 0.89 with the increment of 0.01, there are 100
calculated β values of simulated bursty links. For easy understanding, we term calculated
β value of simulated bursty links as simulated β or “β̄”, in terms of β.
In Fig. 5, we plot the scattergraph to show the distribution of simulated β values, where
“y = x” line represents the inputs of β values, while dots represent the distribution of
simulated β values. As illustrated in Fig. 5, simulated β values distribute closely around
“y = x” line, which demonstrates that the simulated β values are very close to the input
values β. That is to say, our Markov model can simulate the good characteristic of burstiness
of wireless links. Furthermore, with the increase of β values, dots are closer to “y = x” line.
In Fig. 6, we plot the cumulative distribution function (CDF) of simulated β values for the
Markov model with inputs of β = 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8. The figure demonstrates
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that the simulated β values are very close to corresponding β values. For β = 0.2, more
than 20 % simulated β values are equal to 0.2, while for β = 0.8 more than 80 % simulated
β values are equal to 0.8. In addition, the same trend with the scattergraph is that more
percentage of simulated β values are equal to corresponding β values as β value increases.
In Fig. 7, we quantify the absolute errors of simulated β values, which are calculated by:
|mean(simulatedβvalue) − β value|. As the figure illustrated, the largest absolute error is
0.0034 while the smallest one is zero, and with the increase of the β value, the absolute
errors decrease. That is to say, the simulated β value is extremely close to β values,
which demonstrates that our Markov model can simulate excellent burstiness of wireless
links.
Therefore, based on the above analysis, the proposed Markov model is able to accurately
simulate the burstiness of wireless links.
5.3 Statistical Analysis
In order to capture the statistical characteristics of our discrete-time Markov model, we redo
the above experiment and compute the statistics: mean values β̄  ,average errorsδ̄, standard
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Table 2 Statistics of simulated
burtiness of wireless links (β  )

β

β¯

δ̄

σ

Ē (%)

0.2

0.2018

0.0096

0.0187

4.77

0.3

0.3000

0.0068

0.0142

2.27

0.4

0.4014

0.0031

0.0056

0.77

0.5

0.4996

0.0017

0.0025

0.34

0.6

0.6001

0.0014

0.0025

0.22

0.7

0.6999

0.0011

0.0014

0.15

0.8

0.8004

0.0010

0.0013

0.12

N
deviation σ , and average relative errors Ē. They are defined as: β̄  = N1 i=1
βi , δ̄ =



N
N
1
1



 2

i=1 |βi − β̄ |, σ =
i=1 (βi − β̄ ) , Ē = (δ̄/β̄ ) × 100 %, where N =100.
N
N −1

As we can see in Table 2, the mean values β̄  are very close to the input values β. More
specifically, with the increase of β, the average errors δ̄, standard deviation σ , and average
relative errors Ē gradually decrease. Therefore, the Markov model can statistically simulate
the burstiness of wireless links.
5.4 Cost Analysis
In this section, we analyze the cost of the discrete-time Markov model in terms of computational complexity, space complexity, and execution time. As described in Algorithms 1 and
2, we iterate them Max I teration N umber times to generate bursty behavior. Therefore, the
computational complexity of the model is O(Max I teration N umber ). In experiments, we
implement both algorithms on Visual C++ on a laptop with Intel Centrino 2.4GHz processor
and 1.0 GB memory.As expressed in the C++ code, both algorithms only take 14.8 KB space
on disc. Based on this platform, the experiment of distribution of link burstiness takes only
25 s while that of accuracy evaluation spends less than 2 min.

123

Wireless Link Burstiness Simulations

1001

6 Conclusions
To the best of our knowledge, there is no existing model that allows researchers to simulate
burstiness behavior by simply inputting a β value. In order to address this problem, we
propose a discrete-time Markov model to simulate the burstiness behavior of wireless links,
which allows researchers to simulate different bursty conditions and evaluate protocols that
cope with busty links. More specifically, we first present a discrete-time Markov model
with the input of β value and the output of a trace of burstiness traffic. Then we design an
algorithm to simulate the Markov model, where the state transition represents the packet
receptions or losses. Finally, we evaluate the model with 100-run simulations of 1,000,000
packet transmissions for each input of β, and the results demonstrate that our proposed model
is able to accurately simulate the burstiness behavior, with the standard deviation of simulated
β and β of less than 0.0187.
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