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Abstract: Performance evaluation plays a fundamental role in thegdesf modern underwater wireless communication systems,
which are growing rapidly. In this system, performance eatibn of systems plays a fundamental role in determiniegeffectiveness
of the system. Analysis of backlog and delay in any undemwaiieeless communication networks becomes a tough taskashfew
years, the stochastic growth of modern networks resultedmplexity of analysing the algorithms and applicatiomc®i traditional
mathematical modeling theories such as queuing theoggtafé bandwidth, and deterministic networks calculusnateapplicable to
analyze the Quality of Service (QoS) for the present day giamkitched multimedia networks due to their inherentlyd@am behavior.
To analyze the present day networks, non-deterministiwarétcalculus is much needed. Stochastic network calcutusrges as an
appropriate mathematical tool for modeling and calcutathie performance of wireless network and wired networksil&\fesearch
in stochastic network calculus is in early days, it is stilmgng much attention in the research community for analyzny wireless
communication networks. In this research article, the@nsthave analyzed and created a mathematical model forwatrwireless
communication channel. The channel is subjected to Riedimfj based on SNC that obtains Stochastic Arrival CurveSiadhastic
Service Curve, as an extension to the Rayleigh fading. Tbidetis adopted for deriving the performance of delay andlogdounds
in underwater acoustic Rician fading channels using Stsiehdetwork Calculus.

Keywords: Rician Fading, Determinstic Network calculus, Stochalsetwork Calculus, Underwater wireless,, Backlog.

1 Introduction

Analyzing the performance of a system with its critical | |
parameters plays an important role in the success of the e Expertisent with & Modelof
system. There are generally two ways to analyse any| Actual System Actual Systems
system; working with the real set ugactual system) or [
experiment with the model of actual system. The latter | |
needs more importance as modelling a system needs t Mathematical Physical
consider the underlying mathematical theories with Motes Mo
analytical solutions that can be tested using respective | | |
simulations. Fig.1 provides the different ways to analyse

system  performance.  Constructing  appropriate e g i
mathematical model is very crucial to make meaningful

studies, and choosing the right simulation tool to Fig. 1: Ways to Study a System
represent our idea would help us arrive at successful

modelling.

Conventional telephone networkd] [were based on
Circuit switched networks, where there is fixed
bandwidth in the communication channel between thebandwidth is available for the whole duration of
sender node and the received node. The allocatedommunication. For the efficient use of bandwidth data
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networks emerged, where the information is sent as Network
packets and it leads to packet switched netwo?ks [ QoS Analysis Model
To analyze the performance of circuit switched [
networks, Erlang proposed Queuing Theorg]. | |_ |
Telephone networks are generally analyzed by Queuin¢| — euine ek
theory with low variability §]. As the scale of network Thesd S

increases, it?s heterogeneity, users, applications and i y—‘—\

traffic increases. In order to analyze the performance 0’| circuit Switched Deterministic Stochastic

packet switched networks, Theories like; effective Networks Network Calculus | | Network Calculus

bandwidth p] and network Calculusg] were introduced. [ [

The concept of effective bandwidth motivated the need of Packet Switched FacketSvitehed
Nerworks Networks

resource allocation in packet switched networks that
facilitates a traffic model with statistical multiplexing.
The sum of individual flows in any network wireless
communication system determines the effective
bandwidth. The limitations of the theory are; statistical
multiplexing may not be accurately calculated. Another
limitation in the statistical multiplexing is that, inddual
flows have different QoS requirements. Then FIFO
method is not applicable for scheduling of these flows. ) ]
The effective bandwidth becomes a challenge due td!Sing Stochastic Network Calculus. Moreover, fading
heterogeneous QoS requirements in individual flows.channels in underwater acoustic networks may have only
Then application of effective bandwidth and effective Stochastic service guarantees due to their time-varying
capacity remains a challenge. To overcome the abové@ature. A brief overview of various ways to study analysis
1991. Network calculus tool is used to analyse theService curves models are derived and extended. The

performance of packet switched networks. The two tracksextended models show the probabilistic representation of
of Network calculus are; Deterministic Network Calculus Deterministic Network Calculus and called as stochastic
and Non-Deterministic or Stochastic Network Calculus a&frival and stochastic service curves. The basic proertie
(SNC). To date lot of DNC results are available and thelike ~service —guarantees, output characterization,
summary can be found ir8[9] concatenation property, leftover service and superpositi
Using the input flows to the networks or denotes Property should satisfy the traffic and server models of
arrival curves. Arrival curves in deterministic network network calculus
calculus denotes the individual flows or in other terms as
arrival process. Similarly Service curves in determiuisti Presently, there is no proper mathematical
network calculus denote the service process. Statisticaformulation and proof that demonstrates the Rician fading
properties of arrivals are not determined usingeffects in underwater acoustic channels. From existing
deterministic network calculus, as the DNC limitations literature, we conclude that fading effects were generally
are exposed. In addition, the deterministic service curvegnodelled using queuing theory and deterministic network
are additive in nature. Additive property states that, whencalculus [L2]. The key challenge in analysing fading an
number of flows in the network system is multiplexed acoustic system is that, temporal uncertainties are
then aggregate of flow increases. So the statisticainherent in fading channels. In this research study, we
multiplexing gain is not exposed in the Deterministic have constructed a mathematical model using stochastic
network calculus. Deterministic arrival curves and network calculus to determine the Rician fading effects in
deterministic service curves helps in deriving the acoustic transmission in underwater wireless sensor
performance of worst-case analysis bounds. Thenetworks. This work is an extension to the already
worst-case analysis bounds are derived for analysis ofwvailable Rayleigh fading modell(]. The model is
acoustic underwater communication networks.10h]  Simulated using scientific network modeling tool, OPNET
where the Rayleigh fading is already attempted stochasti@nd conducted performance analysis.
network calculus. In acoustic networks the acoustic data
communication is irregular in nature. Further the The article is written as follows; the basics of
communication is unstable. So it is difficult to determine stochastic are explained in next section, followed by, the
the worst-case performance boundsl]] In order to  basics of underwater acoustic fading channels and its
implement service provisioning of non deterministic performance analysis bounds in Section 4. In Section 5,
service curves, the performance analysis bounds needs tnodelling the acoustic underwater Rician fading channel
be cooperated with various probabilities. In general anyusing stochastic network calculus. In Section 6, presents
networks or specified networks such as acousticthe performance evaluations, conclusions and further
networks, the stochastic service guarantees can be deriveuork.

Fig. 2: Network Analysis- Taxonomy
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2 Basic Notations of Stochastic Network 2.2 Operators in Stochastic Network Calculus

Calculus , _ _ ,
In (min,+) algebra, the following properties are defined:

The(min,+) convolutionof functiona andb is

(@®b)(y) = inf [p]

0<d<c

2.1 Basic Notations

Stochastic Network calculus is derived from Erlang’s

works Queuing Theory1[3. This section explains the p=a(d)+b(c—d)

basics of stochastic network calculus. Using the timeThe(min +) deconvolutiorof functiona andb is
factor represents process in any flow timerhe arrival ’

process is represented as Hft). Ap(t) is defined as the (aob) (y) = sup{p}
incoming traffic to the communication network. Similarly t>0

the network service departing from any communication

networks is represented &x,(t). The arrival process is p=a(y+s)—b(t)

serviced and the service process is denotedSgs).

; ; . Pointwise minimunof a andb is
Impairment process in the network is denotedhft). In

Stochastic Network Calculus, all the process arriving are aAb) (V) = minla(v).b
considered to be non-negative process and all negative ( ) ) [2(y),b()]
process are increasing functions. So flow is given by Pointwise maximurof a andb is
.7 ={f ():V0<a<b0<f(a)<f(b)} (avb)(y) = maxfa(y),b(y)]
at a given timg = 0. i.e, Normal convolutiorof functiona andb is
t
Ap(0)=Dp(0) =% (0) =Im(0) = 0. (@xb)(t) = [a(t-xdb(y
forany,0< a < b, 0
Let Ap(a, b) = Ap(b) — Ap(3) 2.3 Performance Metrics, Traffic and Server
Models

Dp(a,b) = Dp(b) — Dp(a)
In stochastic network calculus backlog is defined as
Sp(a,b) Sp(b) — S(a) follows;
By (t) =Ap(t) —Dp(t)

% denotes the set of non-negative wide-sensing

increasing function andZy denotes the non-negative N Stochastic network calculus the del&y (t) in the
decreasing functions. system at time is represented as;

F —{p(): Y0<a<b0<f(b)<f(a) Dy (t)=inf{T>0:Ap(t) <Dp(t+T1)}

For traffic arrival models, we have:
Definition 1: The traffic-amount-centrit.a.c)

Distribution of any function for random variablé® is ~ When an arrival process or flowAp(t) is

denoted as (t) = Prob{t1<t}, and the necessary traffic-amount-centric then the bounding function

distribution function complementary is denoted as, off € .74 for the corresponding stochastic arrival curve
a; € %, denoted as; If for alh > 0 andb > 0, it holds

Fq={p(): Y0<a<b0< f(b) < f(a)}

F1 (1) = Prob{t1 <t
u(t) =t} Prob{P > b} < f (b)
When the model transforms there is need of stronger

requirement. The stronger requirement on the bounding P=Ap(sa)—ai(a-s)

function is denoted &, SoF, is denoted as follows Definition 2: The virtual-backlog-centric model (v.b.c)
o a When an arrival process or flaw(t) is

] — virtual-backlog-centric then the bounding function of

Fo= {X(') vaz=0, (/dz) x(2) Fb} f € Z4for the corresponding stochastic arrival curve
X o; € Z; is denoted by and given as follows if for all> 0
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and all b > 0, it holds P{X>b} < f(b) calculus is represented as:
X= sup [Ap(s.a)—ai(a—9) _
0<s<a VX, Y€ Fq,(XAY)AZ=XA(YAZ)
Definition 3: The maximum-virtual-backlog-centric
model(m.v.b.c) (XAY)AZ=XA(YA2)

When an arrival process or flowAt) is maximum virtual (i) The Commutativity property is represented as:
backlog centric then the bounding function ofe .7,

For the corresponding stochastic arrival curve is denoted VX, YE.Fq, XAY=YAX, XAYy=YAX
byAp, my( f,ap ), ifforalla > Oandallo > . S ) )
0, it holds (iv) The Distributivity property in Stochastic network
Prob{X < f (b)} calculus is as follows:
where X = sup sup [Ap(c,s)—0ai(s—u)>Db T _
ogsgaogcgs[ p(C,8) —ai( ) > bl VX, Y€ Fq,(XAY)AZ=(XAZ)A (YAZ)
When server provides a flow,(t) is termed as weak
stochastic service curve with a bounding function VX € Fg, XA\ € =X

a € Z4 for the corresponding stochastic service serve
Bi € .% and the weak stochastic curve is denoted ag(vi) The Absorbing zero element property in stochastic

S Wsc(a, B ), ifforalla > O0andallb > 0, it holds network calculus is given as:
Prob{X > b} < a(b) VXE Fq, XAE=EAX=¢€
where X = Ay @ B1(b) —Dp(b) (vii) Idempotency of addition in stochastic network
Definition 5: The stochastic service curve modegls.c) calculus: o
When server provides a flod, (t) is termed as stochastic VX E F g, XAX=X

service curve with a bounding functian € g, for the (viii Comparison property in stochastic network calculus
corresponding stochastic service sefiee % and the

stochastic curve is denoted &g "Ssc( a,f1 ), if for all X1 AXo < X1V X0 < X1 @ %o
a > Oandallb > 0, it holds B N

(ix) Monotonicity property in stochastic network calculus
Prob{X >b<a(b)}

where,[X = sup [Ap® B1(b) — Dp(b)]

O<s<a X1 AX2 <Y1 AY2; X1 VX <Y1 Vyo;
Definition 6: The strict stochastic service curve model
(s.s.s.0)

When server provides a flow, (t) is termed as weak 3 Basics of Underwater Acoustic Fading
stochastic service curve with a bounding function Channel
a € 7y, for the corresponding stochastic service serve

Bl € % and the strict stochastic curve is denoted aSExisting models for fadmg using queuing theory and

If x3 <yiand» <y, thenx Axo <y Ay,

Spssse{ @, ), ifforalla > Oandallb > 0, it holds network calculus are suitable only for circuit switched
communication, and do not represent the stochastic nature
Prob{X — b} < a(h) of present day packet switched communication

requirements. The accuracy of the Stochastic Network
whereX =S (a, b) < pui(b - a) Calculus (SNC) model and its simulations for underwater
The above definitions listed, proves the properties ofacoustic networks was never attempted before. Since the
backlog and delay bound in stochastic network calculusother layers 14] in the network stack and its
In stochastic network calcul(gi, A, ®) is proved to be a  functionalities depends on the physical layer, there is
complete dioid and based on the property following need to model this layer efficiently and effectively with

Lemma is proved. present day feasible mathematical models like the SNC.
(i) The Closure property in stochastic network calculusSNC based models are now only being recently
states: researched for underwater acoustic communications,
hence lack of new constructs and mathematical

VX, YE.Fq, XAYE Fq, XANYyE Fy formulations that satisfy different physical layer

constraints is a real challenge. The proposed model serves
(ilThe Associativity property in stochastic network as a platform or origin for researchers working in acoustic
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channel modelling especially in propagation of randomly through acoustic channel or when the acoustic

underwater wireless sensor networks. These proposed arichnsmitter communicates randomly, then the channel is

tested models can facilitate in the analysis and design omodelled using stochastic arrival curve. As mentioned

real-time test bed implementation of acoustic channels irearlier Ap(t) denotes the arrival process and process

the physical layer of the network stack. leaving the system is denoted as departure prd2g$s.
Underwater acoustic channel is an invisible path that

connects the transmitting and the receiving end in an

underwater communication. The propagation of acousticq 1 Deterministic arrival traffic

waves requires a medium (shallow water, deep water,

very shallow water, sea water) fo transmit data'When the nodes communicate with each other in the

Regardless of the type of medium, there exists the 10SS a3.q,sic channel, the arrival process for each sender node
such as Propagation loss and fading. Fading is furthey

lassified low fadi d fast fading. P on lossS represented a#\p(t). Similarly, When the nodes
classified as slow fading and fast fading. Propagation [0Ssg, 1 mnicate with each other in the acoustic channel then

which is also termed as path loss is reflected in energy,, departure process is denotedXast). As mentioned

loss, which can be shown by the value of received powelyjior the deterministic arrival curves and deterministi

at the received end. Path loss is affected by factors likeggryice curves in the acoustic channel in our system is
distance, with or without line of sight, water density,

termed asaq (t) and B (t), € respectively. The backlog
strong currents, waves ettd. There are a few path l0ss ¢, ihe stochastic process is representedBad). The
models such as the free space path loss model, one Slorb%cklog in derived as follows

model and others 1j§]. An underwater environment
contains various living objects, non-living objects and Prob{X > Yl <e,
absorption affects, some part of the acoustic transmitted - -
signal gets reflected, diffracted and scattered and knowiyhere X =B (t),Y = a1 @ B

as slow fading. In underwater acoustics, multipathThe delay bound in the stochastic network calculus in our

propagation loss causes fast fading. Amplitude of the . :
. . . . system is represented@g(t). The stochastic upper bound
received signal based on multipath propagation Ios%/rthe dela)E)function is Z(x;))resses as followspp

causes fast fading. In addition to slow and fast fading,
there is flat fading and frequency selective fading in
acoustic propagation. When the transmission bandwidth Prob{X>Y} <e,
is less than 10Mbits/sec, the frequency selective effectvhere X =D (t),Y =h(a;,B)

can be ignored and, in terms of the bandwidth and the

fading depth is considered to be at the same level. This is Prob{X >Y}
known as flat fading. In Rayleigh fading moddl] for

acoustic multi-path propagation, the received powerwhere X =B;(t),Y = a1 @ B1(0)
follows an exponential distribution, when there is a line of

sight propagation path, Rician fading modelg] is < Prob{Ap(t) —Dp(t) } > sup (Ap(t))
adapted. Nakagami model is a combination of the Osr<t
Rayleigh and Rician channel models. Different values of -

the channel parameter have the ability to decide whether Ap(t) = [Ap(t) = Ap(t—T) — Bu(T)]

it is a Rayleigh or a Rician channel. Gilbert-Elliot fading < Prob{Ap(t)—Dp(t) } > sup (Ap(t))
gives the condition of the channel as to whether it is good N Too<r<t

or bad, based on a two states of Markov chdif] at the
Packet level. In this paper, we have implemented the =PriX—Y}
Rician Fading technique using SNC. We have obtainedyhere X = A (t)— D (t) > A (t)
Stochastic Arrival and Stochastic Service Curve and

verified the tightness of the bounds. Y = 0i<r1f<t A (t—T1)+B1(1) ]

=Pr{X<v}

_ _ o ~ whereX=Di(t),Y =ApAB1(t) <&
In this section, the performance bound analysis is derived.
Performance bound analysis is derived for following test Di(t)=inf{r>0:X<Y}
cases. As Deterministic arrival curve and stochastic
arrival curve. When the acoustic transmitter propagatevhere X =Ai(t),Y =D (t+71)
the data constantly through acoustic medium or when the
acoustic transmitter communicates constantly then theJsing this derivation, we get
channel is modelled using deterministic arrival curve.
When the acoustic transmitter propagates the data Pr{D,(t) > 10} <Pr{X>Y}

4 Performance Bound Analysis
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where X =Ap(t),Y =D (t+ 1) €+ f1(0) = Py
The performance bound can be proved as follows,
Por =min(e+ f1(0), 1)

Pr{xX=Y} By (t) = Ap(t) — Dy (1)
where X = A(t),Y =D (t + 10) =Ap(t)-X+Y-Z
X=Ap@PBr(t),Y =Ap®@pP1(t),Z=Dj (1)

X=Y = Ap(t) — Ap® Ssc+ SacSsc = Bu(t + To) =Ap(t)— inf X+Y
<S<

Sac=Ap@B(t+T0) -

S =D (t+10) X=[Ap(s)+Br(t—9)],Y =[Ap@ B (t) — Dy (t)]
=A(t)—Ing+Insp So?ig [A(t) = X] +Y
INpr =O§Si2tf+r0 [Ap () +Br(t+T10—9)] X=Ap(s)—But—s) —ar(t—9)+ai1(t—9),

INsp= [Ap® B1 (t+ To) — D1] D1 = Dj (t + To) Y = [Ap® B1(t) =Dy (1)]

The maximum horizontal difference between the < sup X+sup[Y]+(Z]
stochastic arrival curve and the stochastic service curve i Ossst 120
represented ag. The stochastic performance bound for X = [Ap(t) = Ap(s) — a (t — 9)]
the arrival curve is represented P P ’
Y=a1(t)—Bi(t),Z=Ap®B1(t)— D (t)
Pr{Di(t) > 1o} <XX=Pr{Di(t) <Ap@B (1)} <& Delay bound is similar to the deterministic arrival curve,
Pr {X>0}=0;
4.2 Stochastic arrival traffic X — sup Ao (t) — Ap(S) — as(t—s)]
<s<

The exponentially bounded burstiness process provide

) : : . Delay bound is derived as,
the arrival process in stochastic arrival curve. The y

property of stochastic network calculus represents the Prid(t) > h(a <eiX
arrival process in a stochastically bounded process. {d(t) = h(aw, B)s} =
Consider the stochastic arrival curve process as following X =f1(0)
Pr{X>0}Y
X — sup [Ap (1)~ Ap(S) — a1 (t—$)],Y — bye20 5 Modeling Acoustic Rician Fading
Oss<t Stochastic service guarantees for packet switched
where 0<s<t,o > 0,anda; (t) = A+B networks is calculated for underwater acoustic
o communication using research in stochastic network
A=ptB=0 calculus PQ]. In stochastic service curve the aggregation

of flows or individual flows represents the probabilistic
When the nodes communicate with each other in thebound R1] in SNC. Stochastic end-to-end delay and

acoustic channel, the arrival process for each sender nod&ochastic end-to-end backlog bounds are distributive in
is represented a#\p(t). Similarly, When the nodes stochastic network calculug?]. By deriving the network
communicate with each other in the acoustic channel theiervice curve stochastic end-to-end delay and stochastic
the departure process is denoted:aﬁ{t)_ As mentioned baCkIOg bqunds are qenVEd and CaICUIat.Ed. The other
earlier the stochastic arrival curves and stochastic servi Properties in stochastic network calculus like delay and
curves in the acoustic channel in our system is termed agnalysing the service guarantee in the server model
Ap(t)"ai(t), fi(0), and a(t) = p.t + o respectively, facilitates backlog delay guarante23]. This concept is
where Ap(t) receives the service cur@ét),e. The applicable to other properties in stochastic network

backlog in derived as follows, calculus such as output characterization and
(i) Backlog bound{Pr{X >Y} <e+Z concatenation. Even though there are various researches
whereX = B(t),Y = a1 ®_Bl (ng — f,(0) on the theories of SNC, only a few study the mapping of

- . theory to real-time network applications. 24, a
(i) Delay BoundPr{X > Y} <& +Z Markov chain model of a wireless channel is provided:; it
where X =D (t),Y =h(ai,B1),Z = f1(0) doesn't provide a closed-form service curve, whereas we
Since probability of any event in the space is less than omeed a stochastic service quality for fading that uses
equal to 1, by applying the probability property, we get closed-form service curves.
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N SS ¥

At Gn where, channel gaif#: | has a distribution with probability

density function

Input Output
D

Fig. 3: System Modelling of Acoustic Rician Fading Channel

h(t)=F G

—t? . 2
F= t.exp(T +X),G = Bs(tc),X = RicianFactor= %

whereB; is the modified Bessel Function of order zero

and Rician FactoX = % It is the relation between the
Line-of-sight components. When Rician factdr— oo,

) ) ] o there exists no Line-of-sight component and hence
In Rican fading the transmitted acoustic signals travelsRayleigh and Rician fading are the same. By

through the acoustic medium. When the acoustic signa}snsformation theorem,|At|2 has an exponential
arrives at the acoustic receiver node with atleast twoyistripution with probability density function,

different paths, then fading occurs. When there are more
than two paths from acoustic transmitter and acoustic 1 t
receiver fading like Rayleigh, Rician, Weibull occurs in (")
the channel. When one of the path in the channel has

5.1 Acoustic Channel Model

line-of-sight (LOS) and the LOS signal received in Op(Ta) =1-D
acoustic receiver is stronger then other signals, then it is 1— 2Ta/Co
termed to be Rician Fadin@2¥$]. In Rician fading the D = exp( 5 G
amplitude gain is denoted as Rician Factor In this fading '
technique the amplitude gain is characterized by a Rician G = 10°NR10

factor X. Consider a system model of a discrete-time
flat-fading acoustic channel whereSNR= 10l0¢;4[Pat/ (PsdCo)
Co=Cy+GC+Gp
5.2 Stochastic Acoustic Service Curve
where C; denotes the acoustic channel input abg
denotes the acoustic channel outp®, denotes the
identically Gaussian noise. Gaussian noise is independemandom and

In acoustic wireless communication, the data traffic is
irregular. In order to capture the

and distributed in the system g% |e!?

Channel gain is expressed @g with amplitude|A|
and phase is denoted gs Rayleigh fading is uniformly
distributed in the region0, 2r]. Fig. 3 provides the
systems model of a fading acoustic channel.

Ce=GCpT

Pat|A|2]
CoPy
where,C.= Channel CapacityC,= Channel Bandwidth

Py= Average Transmission powe®= Power spectral
density

The acoustic transmitter
instantaneous signal-to-noise ratio (SNRn the outage

T = logy[1+ 10”9 = log,[1+

probability O, of an acoustic fading channel can be

expressed

2
— Py {Iogz[1+ ParlA| ] < Td}

CoFy
=Px {CcT < Ty}

au{ A< (200 1) B}

at

is not aware of the

characteristics of acoustic channel, deterministic servi
curve is not applicable as the acoustic channel is random
and irregular. Stochastic service curve is useful in
determining the acoustic channel characteristics. The
channel capacityCcis described by the two following
parameters. Stochastic service curve determines the
service capability using the data transmission rate that is
denotes ag; ¢ denotes the error function in the system.
From the previous analysis of the fading channel, we can
model the stochastic service cuiét), ¢,

1— 2Td/cb>

Er(Ta) = 1‘exp<m

6 Simulation and Performance Evaluation

In this section, we present the performance evaluation of
the derived mathematical models using simulations. In
order to validate the tightness of the bound, we have
simulated using the well-known commercial network
simulation software tool OPNET, and compared the
results of the simulation with their respective analytical
results. The simulation parameters used are mentioned in
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Table 1: Simulation Parameters

Channel Width 40 kHz Fie LS ow leewes foduy Do Sovees Motk Vebets Sosides Wi e
Transmit Power 2W : :
Noise Power Spectral Density 1dB
Carrier Frequency 40 kHz
Node Count 2
Delay 2s
Speed of Sound 1500 m/s
Rician Fading Parameter 0.5
Transmission Rate 0.09190 pkts/s
Transmission Time 7.75s
Transmission Range 700 m
Packet Size 1024B
a(s),p(s) Bounds on rate and burst
Table 1. A simulation setup for analyzing the effects of

fading in an underwater acoustic network is deployed _
using a single transmitter and receiver node. Fig. 4 shows|||

the OPNET simulation environment with two nodes one

acts as a transmitter and another as receiver. Fig. 5 shows Fig. 4: Simulation Set up
the cumulative density function of the delay. From the

simulation mode we can conclude that the delay varies

between 0.1 to 1.1 seconds. We have compared th
simulated results with the analytical results.Fig. 6
explains the comparison between the Signals to Noisé
ratio with bit error rate. It proves that our simulated model
of Rician fading channel using OPNET matches the
analytical results of the Rician fading channel modeled in
the previous section. The acoustic sender or source sen(
the data in the acoustic medium to the acoustic receive
and the data rate is=40 kbpsThe data is send using the
acoustic medium of the rician fading channel. The
acoustic receiver, when receives data known as arriva
process is modeled by using the stochastic arrival curve.

The arrival process in the channel is determined b
using the arrival curve, which is deterministic in nature.
Due to this the channel provides small processing delay i
acoustic channel medium. The stochastic rate is derive
with the small processing delay in the channel. Since the
channel is said to have zero processing delay, the backlo
bound in the stochastic arrival curves becomes
independent of the channel. Violation probability in the
channel becomes independent and backlog bound
becomes constant factor. In Fig. 7 the loss probability we
depict the loss probability model as a function of average
channel SNR. The buffer size is fixed t800kband the
traffic rate o is set to1l5 kbps We have calculated for
each node individually. In the Figs. 8 and 9 the stochastic ] ) )
delay for underwater acoustic transmitter is calculatedchieved even when traffic traverses multiple acoustic
The violation probability is calculated for individual Propagation links.
nodes. As mentioned already we have set the simulation The graphs shows here can be used for deploying
in OPNET to two nodes one as transmitter and another amultiple hop underwater acoustic nodes. Since the
receiver. The traffic parameters bound ratesgs) as100  average channel SNR largely depends on the signal loss
kb and burst rate as(s) 30 Kbps The graph illustrates due to path loss, shadowing, which in turn is the function
that at sufficiently high SNR values, the delays areof the transmission circle

Fig. 5: Cumulative Density Function
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