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Abstract

The physical layer of future wireless networks will be basadhovel radio technologies
such as Ultra-Wideband (UWB) and Multiple-Input Multipitput (MIMO). One of the
important capabilities of such technologies is the abtlitgapture a few packets simulta-
neously. This capability has the potential to improve thégrenance of the MAC layer.
However, we show that in networks with spatially distrilitgodes, reusing MAC pro-
tocols originally designed for narrow-band systems (62&MA/CA) is inefficient. It is
well known that when networks with spatially distributeddes operate with such MAC
protocols, the channel may be captured by nodes that arehleadestination. We show
that when the physical layer enables multi-packet recaptize negative implications of
reusing the legacy protocols include not only such unfasr®it also a significant through-
put reduction. We present a number of simple alternativikdfaimechanisms that attempt
to overcome the throughput reduction phenomenon. We aedlna performance of these
mechanisms via exact analysis, approximations, and stionjathereby demonstrating
that they usually outperform the legacy backoff mechanidMesthen discuss the implica-
tions of the results on developing realistic MAC protocalsrietworks with a multi-packet
reception capability and in particular for UWB networks.
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Chapter 1

| ntroduction

Future communication technologies such as UWB, MIMO ortexgsspread spectrum sys-
tems such as code division multiple access (CDMA) have fonestdal differences from the
corresponding narrowband or single antenna systems. édtheome medium-access con-
trol (MAC) protocols for UWB have been proposed [10, 14, 1525, 39], they do not take
into account the special characteristics of the system aaahultipacket reception capa-
bility. In this thesis we focus on fundamental aspects of MAger design for multipacket
reception networks with spatially distributed nodes.

In wideband communications the information is spread oveerg wide bandwidth
using time hopping or spreading codes at the transmittdr [67a packet based network,
this spreading enables the receiver to demodulate mulpipdiets at a time. The same
result is observed in MIMO systems by the use of multiple am&s at the receiver. This
capability of multipacket reception introduces new chadies in designing MAC protocols
[18,59].

The basic underlying assumption in legacy MAC protocolg.(eslotted aloha) is that
any concurrent transmission of two or more users causesaalmitted packets to be
lost [4]. However, this model does not reflect the actuakgitun in many practical wireless
networks where some information can be received correxaiiy fa simultaneous transmis-
sion of several packets. Therefore, this assumption has fidgected to some improve-
ments in literature. The first improvement is called tapture effect: The packet with

the strongest power level can be received successfullyuiep in the presence of con-
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Figure 1-1: An example scenario wherenearby node captures the channel (since its signal is gyeate
and blocks! faraway nodes. The transmitting nodes are indicated withnas. This is a very inefficient use
of the network resources if the maximum number of simultaisgoreceived transmissions in the network is
greater than 1, i.e., if the receiver is capable of receiniufiple packets at a time.

tending transmissions if its power level is sufficiently iglt occurs in networks with
single packet reception capability where packets arrii@tcommon receiver with dif-
ferent power levels due to near-far effect, shadowing oinfpdThe effect of capture on
Aloha [1, 2,27, 28, 30, 52, 53, 61] and on IEEE 802.11 protdGalrrier Sense Multiple
Access-Collision Avoidance (CSMA/CA)) [22, 23, 36, 44] Haeen studied extensively in
the literature and new MAC protocols for channels with captuave been proposed [11].
Hajek et al. [25] provided asymptotic results on the capture probihiti the limit of in-
finite number of users. The other major improvement to thgimai model, known as
multipacket reception capability, assumes that a subset of the collided packets can be re-
ceived successfully. The impact of the multipacket receptiapability on MAC protocols
has received limited attention to date. Gletal. [18, 19] proposed a channel model for
networks with multipcaket reception capability and stddstability properties of slotted
aloha in such a setting. Pehal. [45] revisited the model of [18] and proposed improve-
ments in retransmission control schemes by utilizing aoltktl feedback. Tongt al. have
proposed MAC protocols based on multipacket receptionlméfya[37, 38, 59, 60] using
the channel model suggested in [18]. The protocols devdlap¢s9, 60] maximize the
per-slot throughput by controlling the set of users who di@v&d to transmit in each
slot. However, these protocols require a centralized otlatrand hence are impractical
for large distributed networks. Nguyenal. [43] considered the SNR model for capture
and derived expressions for capture probability for botiraveband (single capture) and
wideband (multiple packet reception) communication syste Furthermore, new MAC

algorithms for multipacket reception channels were pregos [7, 31,48, 49].
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Note that there are other solutions rather than designing@ pfrotocol specific to this
setting, yet each of them has its own disadvantages. Fsstguower control schemes
where nodes are allowed to choose the power level with wiiddend their packets has
been proposed in [29, 33,40, 53] for the single capture cadeng34] for the multipacket
reception case. However, power control mechanisms regopaisticated feedback and
complex transmitters that can adjust the transmit poweal ldynamically. Hence expen-
sive transmitters are needed which might be a problem faworés with large number
of nodes. Moreover, for more realistic network settingshsag multi-hop networks with
many receivers, every node can send to a subset of the resaive adjusting the power
level according to different feedback from different reees makes the design more com-
plicated. A second alternative is to use Time Division Mu#iAccess (TDMA) technique.
Applying TDMA schemes directly to multipacket receptiorachel not only causes exces-
sive delays but also results in very inefficient usage of nkaresources since the receiver
can capture multiple packets at a time, hence allowing santeation is in fact preferred.
Optimal scheduling algorithms for TDMA networks with mipléicket reception capability
have been studied in [9,54], however, they require a cemdhcontroller together with an
advanced feedback mechanism making it difficult to utillzen in large network settings

such as multihop networks.

Multipacket reception capability in networks wispatially distributed nodes calls for
new MAC protocols as well. However, previous work in thisdiehostly do not take into
account the spatial distribution of the nodes, which, as xpdaén shortly, results in very
inefficient utilization of the channel and unfairness whgisting MAC protocols are used
in this network setting. It is well-known that existing MACgqtocols (e.g., IEEE 802.11)
are unfair and may starve some of the nodes [3, 5, 17, 41]. @&son for this is that if a
node has a successful transmission, IEEE 802.11 gives artigimsmission probability to
that node and a lower probability to the failed node. Conseatly, successful users con-
tinue to capture the channel and the failed users contintratemit with low probability,
resulting in starvation of some of the nodes in the networkis Tairness phenomenon is
even more pronounced in networks with spatially distridutedes since the distant users

have weaker signals than nearby users due to the seveneaditemof the signal power with
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distance. Consequently, packets belonging to distansuserlost with higher probabil-
ity. Futhermore, when there maultipacket reception capability in a network with spatially
distributed nodes, unfairness amounts to very inefficiesaige of the channel resources.
For example consider that an IEEE 802.11 type protocol isiegphpo such a network and
consider the collision of a nearby user ahdistant users as shown in Fig. 1-1. In a typi-
cal scenario, the packet of the nearby node is received ssittly and the others are lost
since the power level of the nearby user is much greater trarof the distant users. Once
the faraway node senses the collision, it increases it®otinh window (i.e., decreases its
transmission probability) and the successful nearby nedeedses its contention window
(increases its transmission probability) continuing tptase the channel. Thus even the
less frequent transmissions of the remote users will beaoessful leading to their com-
plete starvation. This means that, one user might domihatee¢twork and starve several
distant users. Hence unfairness in multipacket receptianiels with spatially distributed
nodes may lead to very low overall network throughput. Thevatexample suggests that
a fair protocol in such a network should give a greater chanachkstant users in order to
prevent their starvation in the network. Moreover, undestspatial distributions the num-
ber of remote nodes is considerably greater than that obgeardes and hence allowing a
higher transmission probability to distant users can iaseethe network throughput. This
is the main idea of this work where we design and analyze aldlis¢éd MAC protocol for
networks with multipacket reception capability and sgbtidistributed nodes. Our pro-
tocol is simple to operate and easy to extend to more cometiazetwork structures. We
start with a single receiver, single hop system in this hdsywever, ultimately we aim at

extending this protocol to multi-hop settings.

A simple alternative scheme to what has been done in CSMAY@A traditional algo-
rithms would have the node use a high transmission probabiliowing a collision and
a low transmission probability following a success. Thimgie scheme will be referred
to as thebackward model. We propose th&ackward Protocol inspired by this idea and
show by some motivating examples in Chapter 4, thaBdmkward Protocol gives greater
chances to distant nodes and achieves better performaatéhth traditional mechanisms

which employ théorward model (i.e., having large transmission probability after a sssce

20



and a low transmission probability after a failure).

We develop comprehensive analysis of the protocol in vargmitings. We start with
an analysis of the case where the nodes are randomly distlibn a plane without fading
in the channel. Next, we analyze the protocol when the nodatilins are deterministic
and there is no fading in the channel. We give exact analggisther with approximations
that enable us to extend the results to more sophisticatebries (i.e., more allowed
distances from the receiver and more users) with high acguxéle utilize approximation
techniques to analyze the cases where there is multipatigfadthe channel both when
the node locations are deterministic and when they are randd/e show by numerical
analysis that th&ackward Protocol gives more fair results in all of the cases and better

throughput results in most of the cases described above.

In addition to the exact and the approximate analysis of tiséopol under different
scenarios, we provide simulation results for the netwotkrggs where the approximate
models no longer hold and we compare the effect of differemameters in the model.
Finally, based on the results obtained from these simpleham@sms, we attempt at de-
veloping more realistic MAC protocols for networks with rtipacket reception capability

and spatially distributed nodes.

The main contributions of our work are the following. We posp theBackward Pro-
tocol that is a dynamic MAC protocol designed for networks with tipalcket reception
capability and spatially distributed nodes. We show by ysialand simulations that the
Backward Protocol deals with the severe fairness problem due to the nearfieecteind
it achieves higher throughput values than traditional battkmechanisms in most cases
considered. Finally, we provide various approximatioret thre accurate and useful in

analyzing the performance of the network for more compdidatettings.

The organization of the thesis is as follows. We begin with pinevious work in this
field and describe what has been done in literature in a girndatext in Chapter 2. In
Chapter 3, we give the system description and assumpti@uasfasthe channel, the feed-
back, and the users. We also describeBaekward Protocol in a detailed manner in this
chapter. In Chapter 4, we give some motivating exampleswslggest that the proposed

scheme functions better than existing MAC protocols in teafithroughput and fairness.
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In Chapter 5, we analyze the proposed protocol in variodsreifit settings. In Chapter
6 two new protocols which are improved versions of the oagprotocol are considered.

Finally, extensive simulation results are presented inprar.
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Chapter 2

Related Work

The related work regarding the effect of capture on MAC prote starts with the work
of Roberts [50] who introduced the so called perfect captoglel as the packet of the
user with the largest received power is correctly demoddlaut of a collision of many
packets. He also suggested the vulnerability circle maatetépture which assumes that
a packet transmitted from distancds successfully received if no other packet is gen-
erated within a circle of radiuar. Metzner [40] studied the perfect capture model for
Aloha protocol with power control and computed the optinralgabilities (optimal in the
sense that it maximizes the throughput) with which trantargtshould use the available
power levels. Abramson analyzed the Aloha protocol undénerability circle model

in [1] and Shacham [53] studied perfect capture model in Alphotocol with multiple
transmit power levels. Kuperus and Arnbak [28] consideredSNR model for capture
and termed itaptureratio, which assumes that a packet is correctly received if itsived
power exceeds the total interference power by more thaneshbtd factor: (hence the
name SNR model), and derived probability of capture in a nbawith Rayleigh fading.
Arnbak and Van Blitterswijk [2] extended the results in [28} a channel with combined
near-far effect and Rayleigh fading. Cidon, Kodesh and Ritlj introduced and analyzed
different MAC protocols to exploit the capture effect andalissed the power control idea
in such a setting. Lau and Leung [30] considered variousahstributions and provided

a comparison of the vulnerability circle and the SNR modalsore detailed review of the

work in this field until 1993 can be found in Linnartz's bookR]3where he also analyzed
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many cases for the SNR model.

Then the subsequent works of Zorzi and Rao [61], and KrisimeLamaire [27] ex-
tended the results in [32] about MAC protocols with capture derived expressions for the
capture probability when there anecontending transmission§,,, using the SNR model.
Moreover, Zorzi and Rao [61] provided stability results ArOHA protocol with capture,
which states that the protocol is stable if the arrival ratéhe systemj is less tharC,
where(C', is the capture probability in the limit of infinitely many tremissions. They also
proposed a retransmission control scheme to stabilizeblessystems. Some corrections
to this work was suggested in [42], followed by the reply [68% mentioned in the previ-
ous section, Lamaire, Krishna, and Zorzi in [29] and Luo aptrémides in [33] proposed
a power control scheme for networks with capture, where tides have discrete trans-
mit power levels. LaMairet al. [29] determined the optimal transmit probabilities foe th
power levels together with the optimal values of the poweellethemselves for maximiz-
ing the capture probabilities. Luo and Ephremides [33] sfwbthat the single power level
system achieves optimal throughput when some decodathitigghold value (i.e., SNR of
each packet is above a certain level) for received packsitisfied. Zorzi [63] extended
the throughput analysis in [61] to the case where there ierdlity, Rayleigh fading and
shadowing in the system. Finally, Sant and Sharma [52] aedltability properties of
slotted aloha from queuing theory perspective when thecagure effect and fading in

the system.

Bianchi [6] analyzed IEEE 802.11 (CSMA/CA) protocol withifennumber of users
assumption. Hadzi-Velkov and Spasenovski [22—24] extéfélto the case where there
is capture in the channel under various settings (with artiout Rayleigh fading and
diversity in the channel). Manshaatial. [36] extended the previous results on IEEE 802.11
with capture to the case where the nodes have differentissan the network. Nyandoro
et al. [44] analyzed IEEE 802.11 protocol with capture and shotted the probability
of successful reception increases when nodes use one ofvthdifferent power levels
according to their service class. As pointed out in the ohition, there are many work on
fairness and throughput starvation in IEEE 802.11 (CSMA/§Ae protocols [3,5,17,41],

however, they are not aimed at multipacket reception cHaramel the fairness issue due to
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the near-far effect is not addressed in most of them.

Ghezet al. studied the effect of multi-packet reception on Aloha poot in [18] where
they generalized the collision channel model by modelirggrtmber of successfully re-
ceived packets in each slot as a random variable which depamigt on the number of
transmissions on that slot. They derived the maximum sthibbeighput of Aloha channel
under these assumptions. They extended the analysisgdprbsiability results also for the
case in which the retransmission probabilities can be gaagea function of the channel
history and presented a protocol that stabilizes the gesgstem in [19]. Pelet al. [45]
revisited the model of [18] and proposed improvements iraretmission control schemes
by utilizing additional feedback. Tong al. [37, 38, 56, 59, 60] used the model of [18] and
extended the analysis in various directions. In particddaeo and Tong [59, 60] designed
new MAC protocols based on multipacket reception capatiiiat maximizes the expected
number of successfully received packets per slot by cdimgahe set of users who are al-
lowed to transmit in each slot depending on the channeltyistod the QoS constraints of
the users. Hajekt al. [25] provided asymptotic results on the capture probighiti the
limit of infinite number of users. Chan and Berger [8] anatyz® extension of CSMA
protocol (assuming nodes can sense the power level in thmehand hence the number
of packets currently being transmitted) in multipackeeg®n networks using the chan-
nel model suggested in [18]. Likhaneval. [31] presented and analyzed new algorithms
for multipacket reception networks based on collision heson technique. Yiet al. [58]
provided conditions on spatial distribution function oftes for stability of Aloha protocol
in multipacket reception channel. Nguyetral. [43] considered the SNR model for capture
and derived expressions for capture probability for bottraveband (single capture) and

wideband (multiple packet reception) communication syste

Different approaches to the multi-access control in mattket reception networks in-
clude a cross layer design protocol in [49] by exchangingpaters between physical
and MAC layer. A similar approach was studied in [48] for th&MD multiple access
channel both from physical layer and MAC layer perspectyiegg formulations for a
cross layer optimization to maximize throughput. A MAC maal for a spread spectrum

multihop network which dynamically adjusts its behavioc@aing to channel feedback
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was described in [7]. Luo and Ephremides extended [33] taipadket reception net-
works [34] and showed that the single-power-level-systelexes optimal throughput if
SNR levels of packets are above some threshold. ExtensfohBMA type schemes to
multipacket reception channels have been proposed, B.¢9] bptimal scheduling (for
maximum throughput) of transmissions on multiple indeggmadhannels is studied. A
dynamic slot allocation scheme in multipacket receptioanctel using antenna arrays is
proposed in [54]. Coupechowet al. [12] analyzed the performance of slotted aloha on
multihop multipacket reception network setting as well ssalssing new issues on the de-
sign of MAC layer in such a setting [13]. Finally, MackenziedaWicker [35] presented a

game theoretic analysis of the model of Gleeal.

Moreover, recently there has been some interest [15] in UWAEN&ayer which aims to
address specific properties of the UWB physical layer sugdas [57]. Optimal schedul-
ing and routing problems in UWB physical layer are studiedin, 55]. Radunovic and
Boudec [46] showed that due to the distinct characteristi¢csWB-Impuls Radio (UWB-
IR), reusing medium access control (MAC) protocols origindesigned for narrow-band
systems may be inefficient. A few aspects of the UWB MAC layarenhbeen been studied
in for example [16,39]. In [10, 14,20, 26] optimization pleims that attempt to address the
particular properties of the physical layer are formulaad the results of these optimiza-

tions are used as a basis for a MAC protocol design.

These previous work specific to UWB is different from whatishis thesis in that they
are explicitly based on UWB physical layer whereas we pre@osiore general MAC pro-
tocol that can work on all multipacket reception channel$hwpatially distributed nodes
(e.g., CDMA, UWB etc.). Furthermore, we study the probleonira more fundamen-
tal point of view and obtain analytical results while the adanentioned works mostly

evaluate the performance of some heuristic idea using aiiouk.

Furthermore, most of the above previous work on MAC layergtefor general multi-
packet reception channels did not assume a spatial distnibof the nodes on the network.
In the cases where a spatial distribution was consideredthtfoughput reduction due to
near far effect and the starvation of distant nodes wereakettinto account. Furthermore,

in most cases the effect of capture or the multipacket remeggpability on the existing
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MAC protocols (Aloha mostly) were studied. The new protessalggested for multipacket
reception channel required a centralized controller apthisticated feedback mechanisms
making the protocol computationally complex and impraadtior distributed networks.
However a new MAC protocol design that will exploit the mp#cket reception capability
and remedy the fairness problem when the nodes are spatisiiiputed is necessary and

this is the topic of this thesis.
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Chapter 3

System Description and Assumptions

Consider a system where users are communicating to a reegthepossibly different dis-
tances from it. The receiver can be a base station as in&efletworks or an access point
as in multi-hop wireless networks. We assume single degiimasingle-hop system in
this thesis, however, our ultimate objective is to exterddiotocol to multi-hop networks.
Therefore, we assume the receiver does not control themias®ns of the users and we
design a distributed protocol which will be explained inadistshortly. We assume a signal
transmitted from a user at distances attenuated according t&r—? whereg is called
the power loss law exponent which is a constant typicallyngkalues betwee and6
depending on the characteristics of the environmentfanglithe attenuation constant. Un-
der these assumptions, the received poRgti) of node: which is at distance from the
receiver is of the form

Pr(i) = RZKrPPp(i) + N (3.1)

whereR; is a Rayleigh distributed random variable with unit powedd@pendent and iden-
tically distributed (i.i.d.) for every usef{® is an exponentially distributed random variable
of unit mean). We carry out the analysis both with and witHayleigh fading and hence
R; is assumed to bé when there is no fading in the systemy (i) is the transmit power
of useri which is assumed to be constant in this work and/N represents the effect of

additive noise.

We utilize the well-known SNR model for capture (also knoventlae power capture
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model) used in [21, 25, 30, 32,43,58, 61] (termed as the phisiodel in [21]) whereby

givenn simultaneous transmissions, the packet of usecaptured if

SNR(i) = Pa(i) > 2 (3.2)
N + {Z PR(j)}
j#i
which can be rewritten as
Pr(i) > z {Z PR(j)} + 2N (3.3)
J#i

The additive noise power level is much smaller than the veckpower level and for practi-
cal purposes it will be neglected in the analysiss the power ratio threshold and depends
on the physical layer and the receiver parameters. Forespagtket reception narrow-band
systems: is in the rangd < z < 10, whereas for wide-band multi-packet reception sys-
tems (e.g., direct-sequence spread-spectrum systenSDk&A, UWB) z is in the range

z < 1 allowing multiple packets to be received simultaneouss; {2]. Except an example
in Section 4.3 where we analyze a single packet capturemsyste assume thatis less

than1 in this work, consistent with the multipacket receptionadaipty.

We also utilize the classical vulnerability circle modeggasted in [50] and [1], which
was also used by Gupta and Kumar [21] under the name “thequlatoodel”. This model
assumes a transmission from distande successful as long as there is ho simultaneous
transmission within the disk of radiusr. Note that is assumed to be greater thhand
hence this model, in its original form, is useful for singkckget reception networks. We
utilize the vulnerability circle model only in a motivatimyample and also we demonstrate
in Section 5.1 that this model can be derived from the powptura model for the case of

two nodes as mentioned in [27].

We define the throughpus, of the system as the average number of successfully re-
ceived packets per unit time. Using (3.3), we define the patamas the maximum num-

ber of simultaneously successful transmissions. The avieate the maximum number of
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packets is captured will occur if there arequal received-power packets at the recéiver
It is easy to see from (3.3) thais equat to [1/2].

We analyze our protocol under different network scenafmsxample when the node
locations are deterministic or randomly distributed. Wheamdom node locations are con-
sidered, the distanceof a node from the receiver is assumed to be uniformly disteith
on a disk of radiud at the center of which the receiver is located, namely, tHeopd

node’s distance from the receiver is given by,

fr(r) =2r Vro<r<l1 (3.4)

There are a few issues with utilizing this density as we disqext. First, as pointed
out in [43], when node distances from the receiver are lems th(3.1) implies a power
gain which is not realistic. However, as far as the capturgaggn (3.3) is concerned,
the ratio of the powers and hence the ratio of the distance®aés from the receiver is
important in the model. Furthermore, suppose a genie tslth@ distance of the closest
user to the receiver. Then, dividing every node’s distancthis minimum distance gives
received powers without positive gain and the results, af$®, do not change. Therefore,
using the distribution in (3.4) would not affect the captprebabilities. A second issue
with this model is that when the number of nodes in the netv@domes very large (i.e.,
in the limit asn tends tooo) at least one of the users gets very close to the receivendpavi
infinite power at the receiver. However, we are interestefthite number of users in this

thesis which does not have the outlined problem.

We utilize the classical assumptions that can be found inddine of which can be
relaxed under certain conditions. We assume the trangmissiat packet level where all
packets have the same length so that packet transmissiendifixed. Time is divided
into slots during which at most one packet can be transmittesimple immediate 0,1,e
(idle, successful, error) feedback mechanism is assumedlelvi the receiver sends an

acknowledgment/error (i.e, 1 or e) to the user if its attemghe previous slot was suc-

Lif there are different power levels at the receiver, the wesdes will have less chance of being captured
and they might also prevent strong users from having sutdessnsmissions.
2In [25], the capture equation 3.3 is defined with an equatigreforec is given asl + |1/z].
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Figure 3-1: The Single User State Diagrai®, Successl: Idle, F: Failure,AS: After SuccessAF: After
Failure.
cessful/failed. We assume saturated nodes, i.e., thetwaysa packet to send at each

node and new arrivals join the unsuccessful packets.

3.1 Backward Protocol

In this section we introduce the basic protocol by descgliive single user state diagram
shown in Fig. 3-1. We define two probabilitipg andpy, the probability of transmission in
the current slot after a successful transmission in theipus\attempt (ASAfter Success)
and after a failed transmission in the previous attempt @ter Failure) respectively. As a
result, every user chooses one of these probabilitiesriermé at the beginning of each slot
according to their success history in the previous slothéngvent of an idle in the previous
slot, nodes keep their state for the next transmission. State diagram is markovidand

is used to keep track of the transmission history of each .nG@d@sequently, nodes react
differently if they succeeded or failed in the previous ¢ and this captures, in a very
simplistic sense, the dynamic protocol idea applied in IBBE.11 protocols. Decreasing
the contention window after a successful attempt in IEEE BD2orresponds to a high
value in our protocol and increasing the contention windéeraa failed attempt in IEEE
802.11 corresponds to a lgw value in our protocol. As mentioned before, we refer to
these protocols as tHerward models and whenever we have an operating point for which
pg > prs We refer to the resulting scheme as Haekward model and the resulting protocol

as theBackward Protocol.

31t is markovian since given the probability assignment ia turrent slot, the future of the system is
independent of what happened in the past.
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Chapter 4

Examples

In this section, we give motivating examples which help dgyesome intuition as to why
the Backward Protocol is preferable in the multipacket reception channel withtigig
distributed nodes. In the examples we assume that therefagimg in the system, there-
fore the random variabl&; in (3.3) is equal ta.. We start with two Aloha type examples
where nodes can be located at one of the two possible dist&mre the receiver and have
transmission probabilities that depend only on their dis¢a In the next example, we an-
alyze theBackward Protocol using an approximate method together with the vulnergbilit
circle model in a general network setting where nodes cart berandom distance from

the receiver which is at the center of a disk.

4.1 Alohawith Two Distances. Example 1

Consider a simple arrangement of users on a disk as showmindFL. The number of
users at distances = 1 andr, = 2 aren; andn, respectively. The nodes at distance
1 transmit with probability (w.p.)p; and those at distancew.p. p,. It is easy to show
using (3.3) that for a node at distangeto be successful when there is a transmission
from distancel, we need(jj—;)ﬁ > z. Therefore, for the values of = 0.2 andj = 4

assumed throughout this section, nodes at distancannot be successtuif there is a

INote that this conclusion is not valid for small enough valoéz for givenr; andr,. However, for a
givenz value we can always choose some practigandr, values so tha([:—;)[’ > z is not satisfied. Also
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Receiver

Figure 4-1: Simple spatial distribution.

transmission from distance Furthermore, transmissions from distar2ckave no effect
on the capture of nodes at distaricenless there are totaltransmissions from distande
and2’ from distance. When there are transmitted packets from distant@nd2” from
distance2, the total interference observed by the packet of a usersédrdiel becomes
(c — 1)K Pr + 2° K Pr27% = c¢K Pr. Multiplying this by z = 1/c results in an equality in
(3.3) and hence the packet from distaridils. Now assume, < candn, < ¢ < 27 for
this examplé. Sincen, < c andn, < 2%, nodes at distanceare always successful and

nodes at distancefail only if there is a transmission from distante

Observation 1 Aslong asny > ny, throughput (S) ismaximumat (py,p2) = (0,1) andis
equal to ny. Furthermore, the maximum S value is produced by a unique (py, p2) combi-

nation if ny > n;.

note thatz = 0.2 is a practical assumption [25].
2In fact, a nearby node may fail if there are- 1 transmissions from distandeand2°+! transmissions
from distance2, but with our assumption that, < 27, we do not need to worry about these cases.
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Proof: S =nipi+ (1 —p1)™ naps. g—pi =no(1—p1)™ >0, therefore,S is an increasing

function ofp,, and hence, the maximumis atp, = 1. As a result;

S <nmpr + (1 —p1)"ng
<np(pr+ (1 —p1)™) (4.1)

< ny
where in (4.1) we used the fact that < n..

We get this maximum throughput &f = n, at (p1,p2) = (0,1). Note that this
maximum point is not unique i, = no, i.e., p; = 1 (independent op,) also gives
S = ny. However, ifny, > nq, there is only one maximum value férand its at the point

(p1,p2) = (0,1). 0

The resulting throughput plot for; = 1 andn, = 3 for all values ofp; andp; is
in Fig. 4-2. In this example we use = 0.2 which corresponds to = 5, satisfying
ny < ¢ andny < c¢. We see from the figure that the throughput of the system tikes
maximum at the end poiripy, p») = (0, 1) giving throughput ofi for each faraway nodes
ando for the nearby node. This suggest that giving a higher prtibabf transmission to
distant users might yield a higher throughput.

Moreover, we can find the fair point in the plot, i.e., the foirich gives the same
throughput to all the nodes for; = 1 andn, = 3. The throughput equation is given by
S = p1 + (1 — p1)3p2, Where nearby throughput is equaltoand faraway throughput per
node is(1—p;)po. Equating the two we gep; = (1 —p;)pe, yielding.S = 4p;. Notice that
pe = p1/(1 — p1) which means that the fair point requirgs > p;. Furthermorep, < 1
requiresp; /(1 — p;) < 1 and hencey; < 0.5 yielding S = 4p; < 2 with equality for the
point (p1, p2) = (0.5, 1). As a result, the point producing the highest throughpute/ghat
is divided evenly between the users(js, p») = (0.5,1). Therefore, in this example we
see that not only the highest throughput but also the faintpsith highest throughput is

obtained by giving more chances to faraway nodes.
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Figure 4-2:Throughput plot for the system in Example-1 far = 1, no = 3 andz = 0.2.
4.2 Alohawith Two Distances. Example 2

Now consider the same settings as in the previous exampléisutime withn,; = 2
andn, = 6 in Fig. 4-1. When we choose = 0.2 and hence: = 5 as in the previous
example, nodes at distanteare still successful all the time, however nodes at distance
can fail if there is a transmission from distaricer if all 6 of the distance& nodes transmit

simultaneously.

Observation 2 Throughput S ismaximum at p; = 0 and the maximum valueis given by

- i(1 — po)6—7 4.2

I%%X;Z . p2( p2) (4.2)
Pr oof:

2 ° 6 7 6—1
S =2p+ (1 —p) ! Py(1 = p2)
=0 1
Fa(p2)

Define

c= max f2(p2)

Then,S = 2p; + (1 — p1)*C = C + p1(2 — C(2 — p1)), which takes its maximum value
of C'atp; = 0aslong ag’ > ﬁ Now it is enough to show that for at least one value of

po, f2(po) is greater tha. Forp, = 0.5, fa(p2) = 2.9 > 2. 0
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Figure 4-3:Throughput plot for the system in Example-2 far = 2 ,n, = 6 andz = 0.2.

The resulting throughput plot for all values@f andp; is in Fig. 4-3. These examples
show that giving higher probability of transmission to tlaeafvay users can potentially
result in higher throughput values in the multipacket réioepchannel. The crucial point
of the analysis in the examples is assuming> n, which is reasonable for many spatial
distribution of nodes, for example for a uniform distrilmrtiof users on a disk, the number
of users increase linearly with the distance from the cavittre disk where the receiver is

located.

4.3 Backward Protocol with Random Distances and Sin-

gle Capture: Example 3

We utilize theBackward Protocol in this section where there arenodes randomly dis-
tributed on a plane and there is single capture capabilithetreceiver. We assume the
classical vulnerability circle model suggested in [1], ][2hd [50], i.e., a transmission
from distancer is successful as long as there is no simultaneous transmigsihin the
disk of radiusa. . Note that, is assumed to be greater thaam this example and hence
there is only single capture in the system. In Section 5.1lywill@lso demonstrate that the
vulnerability circle model can be derived from the powertoa@ model for the case of two
nodes as mentioned in [27].

Now we introduce an approximate model which will be revidite Section 5.2.2 in a

more detailed fashion under the natvesic approximate model. We assume that at each
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transmission attempt, regardless of the number of retressons suffered, a packet trans-
mitted by a node at distanceis lost with constant and independent probability(r).
Note thatp,(r) is the probability that a node at distanctails given that it has transmitted.
In general, the probability that a packet is lost dependstbardransmissions, however,
if the number of nodes is large, we expect the approximatdteeto be close to the exact
values. In fact, in Section 5.1, we develop an exact anafgsisvo nodes and show that
the results obtained by the approximate model are very ¢tofigose of the exact model

even for a small number of nodes.

It can be seen that, regarding the single user state machkig.i 3-1, a node changes
its state fromAfter Success to After Failure if it attempts and fails in the current slot, i.e.,
with probabilitypsp,. Similarly, a node changes its state fréiter Failureto After Success
if it attempts and succeeds in the current slot, i.e., withbpbility p(1 — py). The steady
state probabilities of the corresponding Markov Chain forode at distance can easily
be found to be;

_ pi(1—pa(r))
" pspa(r)+pi(1—pa(r))

YUNS

_ Pispa(r)
pspa (r)+pie (1—pa(r))

PAF

Next, we can obtain the overall transmission probabilityeg by

Pts
1 —pa(r) + i—:pd(r)

(1) = Pispas + Pipar = (4.3)

The probability that a transmission from a node at distantals is the probability that
there is at least node transmitting from within the circle of radiug amongn — 1 other

nodes in the network. This probability is given by

palr) =1 (1 -/ Mr(m)ﬂ(m)czx) (4.4)

Wheref,(z) is defined by (3.4). Now for any and anyf..(r), (4.3) and (4.4) can be solved

3This is usually done in the analysis of IEEE 802.11 withoetdependence an(e.g., [6]) and with the
dependence onin [36].
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Figure 4-4:The transmission probability and the throughput as a fonatif distance under the forward
(pts = 0.2 andp,y = 0.05) and the backwardp(, = 0.05 andp;y = 0.2.) backoff mechanisms fax = 2
and uniform distribution of 12 nodes on a disk.

numerically as a system of non-linear equatfor@ncer(r) andp,(r) are obtainedS(r)

can be easily found by
S(r)=7(r)(1 — pa(r)) (4.5)

Finally the overall throughput is given as

S = n/S(’f’)fT(’f’)d’f’ (4.6)

Now forn = 12, a = 2 and f.(r) = 2r ¥r € (0,1), Fig. 4-4 presents the values
of 7(r) and S(r) for the forward model (for pis = 0.2 andpy = 0.05) and thebackward
model (for ps = 0.05 andpy = 0.2). It can be seen that under thackward model,
the transmission probabilities(r) of the distant nodes are higher than the transmission
probabilities of the nearby nodes. Furthermore, compattiegiwo models, we see that
the transmission probabilities of the distant nodes inddikward model are higher than
those of théorward model. This leads to a system that is more fair thanfthrgvard model
and that provides similar capture probabilities to the soagardless of their location.
The throughput as a function of distance does not decay mutheibackward model,
whereas in théorward model, the throughput of faraway nodes is significantly less than
that of nearby nodes and since the number of distant nodemisicantly larger than the

number of nearby nodes, we expect the overall throughpuothf systems to be similar;

“Note that (4.3) and (4.4) can be solved analytically in theecaf two nodes. It is done to verify the
numerical analysis and the solution is given in Appendix Afar) =1 r € [0,1] anda = 1.
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for instance, for the example of Fig. 4-4, the throughputhefforward model is 0.4617
and that of thdackward model is 0.4343.

In the light of these examples, even in a single capture alatime backward model
achieves more fair results for distant users and can patbngirovide better throughput
characteristics than tHerward model. We naturally expect this to hold even more strongly

with multipacket reception capability.
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Chapter 5

Protocol Analysis

In this section we analyze thxackward protocol for various different settings. We first de-
velop an exact analysis of tigackward Protocol when nodes are randomly distributed on
a disk and there is no multipath fading in the channel. Théyaisaenables us to verify the
approximation we used in Section 3.1. Then we move on to awhsee the node locations
are known in advance. We introduce a more powerful approkimahat can be utilized
only in deterministic node locations case and use it to ektem analysis to networks with
more users and more possible distances from the receivetlibaxact analysis. Next we
consider the above cases when there is multipath fadingisytstem. We utilize previous
approximate models to both the deterministic node locatwith fading and random node
locations with fading cases and get analytical results. Nésvsoy numerical analysis that
the backward model yields more fair results in all the cases and greater thrpugin most

of the cases compared to tfeeward model.

5.1 Random L ocations Without Fading

In this section we develop an exact analysis using Markovr@hfar the case where the
node locations are random and there is no fading in the systam objective is to show
that the approximate results used in the third motivatirapgaie in Sec. 3.1 are very close
to the exact results even for a small number of nodes in theankt The approximation

we used was that regardless of the success history, a packetaf user at distanceis
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lost with constant and independent probabilityr). Then using the state diagram of Fig.
3-1, we derived the average probability of transmission as a function ofp,(r) and
formulated the throughput equation of our protocol. Thecezaalysis, however, requires
using Markov Chains whose states denote whether each useAiter Failure or After
Success state. An example of such a Markov Chain for= 2 is shown in Fig. 5-1. If
there aren nodes in the system, the number of states is at 2iosBince the analysis be-
comes extremely cumbersome for> 2, we analyze the protocol for the case2aiiodes.
Namely, consider two nodes at distaneesndr, which are i.i.d. random variables dis-
tributed according to some density functigr{r) on a disk. Denote a node at distange
as node-1 and that at as node-2. For this simple case of two transmitters, we cavetb
(3.3), and hence the capture model, into a simpler form dewst. The capture equation
Pry > 2Pg, simplifies tor;” > zr;”. Then we obtain-, > /zr,. Defining« as

o 2 {7z, we get user-1 is successfulif > ar;. As a result, a transmission from dis-
tancer; is successful as long as there is no other transmission ugtandex r, i.e., the
vulnerability circle model of [1] used in Section 4.3 is amet form of the power capture
equation (3.3) for the case 8fnodes. Note that here again we assumeg 1 and hence
z > 1, which in return means that there is only single capture éctiiannel, as in Section
4.3.

Case-a: ar; < ra:

In this case, node-1 is successful whenever it transmitesiode-2 cannot interfere with
node-1, therefore, node-1 uses the probahilitfor transmission, whereas node-2 chooses
s OF py IN each slot depending on its success history in its lassimagsion attempt. In
order for node-2 to succeed, node-1 has to be silent. Nowdbas the single user state
diagram of Fig. 3-1, we can develop a system Markov Chainysho Fig. 5-1, that keeps

track of the success history of both users in their last gitem

It is easy to see that the Markov Chain of Fig. 5-1 is time-hgermus, irreducible and

aperiodic, therefore the steady state probabilities exigtcan be found easily by solving

1This result also appears in [27].
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(1 =ps) + (1 = pis)pis (1 = p) + puprs

(1= prs)prs

Figure 5-1: System Markov Chain in Example-2, Case-a. ss: both nodesuaessful, sf: node-1 is
successful and node-2 is failed in its last attempt.

2(1 = p)pis + (1 — pis)? (1 =pe)(1 = prs) + (1 = put)pis
Ptf(l *Pts)

PPrs
(1 — Drs)Put

DPrsPt

pe(1 — prr)
(1= ps)(L = pu) + pes(1 — pys o4 (1 — py)?

Figure 5-2: System Markov Chain in Example-2, Case-b.

the global balance equations.

(I—pts)pyt

Pss =
SS T (1—pis)pu+pis

2
pa — pts 5
st ™ (1—pws)pu+pd

As mentioned above, the probability of transmission forexdadi.e., the nearby node) is
alwaysps and for node-2 (the distant node) it is given ¢y + pipy). Finally the
throughput of node-1 i, and that of node-2 is given by

S = pedis(1 — prs) + pepe (1 — prs) (5.1)

Case-b: ry <17y < ar;:

43



Now both node-1 and node-2 can fail, resulting in the systesrkig Chain shown in Fig.

5-2. By solving the global balance equations, we can find tibedy state probabilities:

—1
p]lgf _ <1 + 2(1—Ptf)plz2:(1—pts) + 2(1 —ptf))

Phs = 1% = P (1 — pyr)

b b 2(1—pi)pit (1 —pts)
Pss = Dyt p?s >

The average probability of transmission of each node is:

P% = s + Pliprs + Dbt + D

The average throughput obtained by each of the nodes is

S* = phpis(1 — prs) + Phips(1 — put) + Phepit (1 — pis) + Pl (1 — py)

In order to obtain the probability of transmissior(), and the throughput$(r), as a
function of », we average over case-a and case-b. We denote node-1, rasde-2n,
respectively and work on specific locationsgf We divide the averaging into two cases
0<r < é andé < r; < 1 since in the first case, can be in the area corresponding to

lary, 1] whereas in the second case the probability.dfeing in this interval is zero.

For0 <r < +:

In this caser(r;) andS(r;) take three different expressions depending on the int¢éoval
which n, belongs. Ifr, is in the intervallary, 1], ny is outside the vulnerability circle of
n1, hence case-a applies.sif is inside the interval™:, ar,], both are in each other’s vul-
nerability circle, therefore case-b applies. Finally,ifs in the interval0, 2], n, is outside

the vulnerability circle of,, hence case-a applies again but this time roles,;dndn,
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are interchanged. In a more compact form, tfw ) andS(r;) are given by;

r
T(r) = P(na€lar, 1])ps + P(na € [El,m’l])pr + (5.2)
r " " r?
P(ns€ [0, ™) (gps + ) = (1 — 0t (0 — "Dl ¢
2
2 = (pegprs + Déprr)
2,2 20 Ty i

S(Tl) = (1 — Tl)pts+ (Oé ry— ?)S + ?Sa (53)

Fori <r < 1:
(e}

Similar reasoning to previous case yields;

T r
7(r1) = P(nz€ [517 1)p7 + P(ns €0, El])(pgspts + pepi) = (5.4)
T% b T% a a
(1= =5)pr + —5 (Degis + Pegpe)
T% b T% a

Thus, averaging over the distribution of node locationsid), we get the overall through-

put as

1/a 2 2 1
S = 2/ {(1 — o) + (®r® — ?)Sb + &SG} 2rdr +/ {(1 — —)Sb + S“ 2rdr
0

2
1/a o

From Fig. 5-3, we see that f@r nodes, theapproximate results of Section 4.3 are very
close to theexact results. Intuitively, as the number of nodes in the systetreiases, the
dependencies between the nodes should decrease and heeappribiximate results should
get closer to the exact results. Therefore we expect the pidtig. 4-4, which show the
better performance of tHmckward model over theforward model, to be very close to exact

values.
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Figure 5-3: The comparison of the transmission probability and theughput of the exact and the ap-
proximate analysis foox = 2, p,; = 0.2 andp;y = 0.05 (i.e., for the forward model case) and uniform
distribution of 2 nodes on a disk.

5.2 Deterministic L ocations - Without Fading

In this section, we first develop the exact analysis of the ca@lsere nodes are allowed
to be at one of the two distances from the receiver. Then, wendxhe results to more
complicated network settings using approximate analyie underlying protocol is as
described in Section 3.1, i.e., a node successful in itsguewattempt uses the probability
s, @and a node that failed in its last attempt uses the prolyapjifor transmission in the
current slot. If a node was idle in the previous slot, it conés to use the same probability

it used during the previous slot.

5.2.1 Exact Moddel With Nodes at One of Two Different L ocations

We assume the network setting of Fig. 4-1, i.e., there arepwgsible distances from the
receiver denoted by andr, with n; andn, nodes at those distances respectively. Consider
the Backward Protocol as described in Section 3.1 applied to this setting. We apalyis
model using a two dimensiorfallarkov Chain whose statés j) are the number of failed
users at distancg = 1 and that at distance, = 2. An example of such a Markov Chain

is shown in Fig. 5-4 fom; = 6 andn, = 10. Note that only some of the transition

probabilities of the statél, 6) are shown in the figure and they are referenced throughout

°Note that together with the assumption that < 27, this Markov Chain is 1 dimensional if; < c.
This is because we see from (3.3) that in order for a user tdratiel to fail, we need either more than
¢ transmissions from distandeor ¢ transmissions from distandeand more thar2? transmissions from
distance2. As a result, fom; < ¢, the 2-dimensional Markov Chain collapses to a 1-dimeradibtarkov
Chain and this 1-dimensional Markov Chain is given in Appeii
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this section. The number of states in the Markov Chaifmis+ 1)(ny 4+ 1). Similar to
the case in Section 4.1, the analysis is carried out forallalues and forn, < 2°. The
restriction onn, simplifies the analysis substantially since considering)(3he nodes at
distance2 can make a node at distantdail only if the number of transmissions from
distancel is c and there are more thad transmissions from distan@ewhich is excluded
from the analysis by the restriction o. As a result, a transmission from distance
fails only if there are more thantransmissions from distande Furthermore, we assume
(:—;)5 > z iIs not satisfied which is the condition for a distariceser to be successful in the
presence of a distandetransmission as discussed in Section 4.1. Hence, a trasismis
from distance2 is successful as long as there is no transmission from distaand the
number of transmissions from distarnzés not more thar. Next, we give the transition
probabilities of this Markov Chain. In order to be able toatése this Markov Chain better,
we group the transition probabilities according to #neount of increase or decrease from
the current state to the next state. There are three caseshnd@nension, i.e., whether
the state increases, decreases or doesn’t change, malotej aftnine different cases to

consider.

Denoting the probability of going from the current stéatej) to the next statél, m) by

P(i,j)—»(l,m) we have;

Casel:l<iandm < j

s&i—landk£j—m

In this case we have successful transmissions from thesers at distancé that are in
the failed state anél successful transmissions from thesers at distancethat are in the
failed state. Therefore,

P j—@m =0

This is due to the fact that a transmission from distah@euld cause any transmissions

from distance to fail.
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Figure 5-4: The Markov Chain for the analysis in Section 5.2.14igr= 6, no = 10 andz = 0.2. Note
that only some of the transition probabilities of the sfatg n2) = (4,6) are shown.
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Case2:l>iandm < j

s&]l—jandk £ j—m

In this case there arefailed transmissions from the, — i users at distancethat are not
in the failed state anél successful transmissions from thesers at distancgthat are in
the failed state.

Pijy—@m =0

The reasoning in this case is exactly the same as Case

Case3: [l >iandm > j

s2l—jandk & m —j

In this case, the number of failed users at distanoereases by (s failed transmissions
from then; — 7 users at distancethat are not in the failed state) and that at distahbg

k (k failed transmissions from the, — j users at distanc&that are not in the failed state).
If | < ¢, then the transition probability isbecause any number of transmissions less than
or equal toc from distance is successful. If > ¢+ 1 and the increase amount in the first
dimensions is less than or equal tq then there has to betransmissions from the; — ¢
users at distancethat are not in the failed state and at least 1 — s transmissions from
the failed users at distande This is required since we need more thatransmissions
from distancel in order to have failure (this is not necessary i ¢ + 1 since allc + 1
transmissions will be failed anyway. We see this in the last pf the formula where there
is no term for failed users at distante Sincel > i, we know that at least transmission
from distancel has occurred and hence any number of transmissions froandest will

fail. We needk transmissions from the successful users at distanoerder to increase
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the second dimension of the statefyHence,

p

0 ifl <c

ny —1 , Ng — J .
Pl — )™ 7° PE(1 — prs)2 I Hs

S

P(i7j)—>(l,m) - i ¢ v i—v .
'szcﬂ—s pi(1 — p) if s<candl >c+1
v
ni —1i ny —J

Pl —pig)™ " ° pE(l—pe)™ 77" ifs>c+1

S

\

An example of this case with< ¢ in Fig. 5-4 is the zero transition probability from the
state(4, 6) to the staté5, 7). Another example of this case with< c and! > ¢ + 1 is the
nonzero transition probability; from the staté4, 6) to the staté6, 8).

Cased: I <iandm > j

s2i—landk & m —j

In this case, there aresuccessful transmissions from thesers at distancein the failed
state andk failed transmissions from the, — j users at distance that are not in the
failed state. Ifs > ¢ + 1 the transition probability is zero, because the maximumuarho
of simultaneously successful transmissions in the chasnrelIf s < ¢, then we need
transmissions from the failed users at distahiee., users transmitting with the probability
py¢) and we allow up ta: — s transmissions from the successful users at distancenis
second contribution sums up taf n; — ¢ is less than or equal ©— s. Finally, similar to

Casea3, since there is some transmission from distaned! the transmissions from distance
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2 will fail and therefore, we nee#l transmissions from successful users at dist@nce

P jy—am) =

\

0 ifs>c+1
i 2= §
pi(1 = py)’ Pl — )27 F
s k
c—s nl—i - .
: Z pg(l _pts)m_l_v if s<candn; —i>c—s
v=0 (%
1 20— ]

(1 — py)=* PE(1—p) 7% ifs<candn, —i<c—s
k

In Fig. 5-4,a; is an example of this case fer< candn; —i < ¢ — s.

Caseh:l=iandm < j

k&j—m

In this case, the state stays constant in the first dimensidiecreases byyin the second

dimension. This means that there &successful transmissions from thasers at distance

2 that are in the failed state. We apply the same logic that wd tm the distancé-users

in Cased to the distance&-users here and note that in order to have success from distanc

2, we need to have no transmission from distahce

Pijy—m) =

p

0 ifk>c+1

ny—i i j i
(1—p)™ (1 — py) . PE(1 — pg )i~
e—k [ T2 _.] i . .
Z M)s(l_pts)n2 v |fk‘§candn2—jzc—]{;

, g . . .
(1 —p)™ (1 — py)" . pE(1 —pg)~* ifk<candn,—j<c—k

For instance, in Fig. 5-4,, is an example of the case fér< candn, — j > ¢ — k and

as fork < candns; — j < c— k.
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Case6: Il <iandm =7

A .
s=i—1

In this case the state does not change in the second dimearsibdecreases byin the
first. Consequently, we needsuccessful transmissions from th&iled users at distance
1 and no transmissions from thg — j users at distancethat are not in the failed state.

Cases and7 can be understood in a similar fashion to what we did in theipus cases.

p

0 if s>c+1
i N p
(1 —pi) (1 — prs)™ -
S

s [ , . .
Dy Pl —pg)™ " if s<candn; —i>c—s
v

P jy—am) =

(1 — p)' (1 — prs)™> if s<candn; —i<c—s
s

\

In Fig. 5-4,a,, anda; are examples for this case foK candn; — ¢ < ¢ — s.

Case7:l>iandm =

A .
s=1—1

In this case, there arefailed transmissions from theusers at distancé that are at the
failed state and we need no transmissions fromithe j users at distancgin order not

to change the second dimension of the state.

;

0 ifl <c

’fll—?; o s
(1 — pis)™ (1 — pig) ™2
S

Pog)—m) = ; i . _
: ZU:t+1—s ptf<1 - ptf) if s <c and! >c+1
(%
1y —1

Pl —p)™ 5 (1 —p)™ 7 ifs>c+1

S
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An example for this case fdr< c is the zero transmission probability from the stgies)

to the stat€4, 6) in Fig. 5-4. For the case< candl > c+1, ag is an example in the figure.

Case8: l=iandm > j

kEm—j

In this case the state stays constant in the first dimensidmaneases by in the second,
i.e., we need: unsuccessful transmissions from distadc&Ve divide the event into three

disjoint events in order to understand the formula better.

Pijy—m) = P1+ Py + Ps

where P, is the probability of the event denoting the case where tlsen® transmission
from distancel. Similar to what we did for users at distanten Case3 or Case7, if

m < ¢, then the transition probability isbecause there is no transmission from distance
and hence any number of transmissions less than or equéiim distance is successful.
If m > ¢+ 1 and the increase amount in the second dimenkimnless than or equal to
¢, then there has to bletransmissions from the; — j users at distance that are not in
the failed state and at least+ 1 — k transmissions from the failed users at distance
This is required since we need more thamansmissions from distan@en order to have
failure. Note that these transmissions from the failedsiaédistance are not necessary
if k> c+ 1, since allc + 1 transmissions will be failed anyway. We see this in the last p

of the formula where there is no term for failed users at dixta.

P, stands for the event where there is no transmission fromatlexifusers at distance
1 and from1 up to ¢ transmissions from the successful users at distarsethat all the
transmissions from distandewill be successful and the first dimension of the state witl no
change. Since there is at ledastransmission from close-by users, any transmission from
faraway nodes will be unsuccessful and hence we héegthsmissions from the successful

users at distanceas shown below in the formula fdt,.

P5 is the probability of the event denoting the case where tisane transmission from

the successful users at distaricend greater thantransmissions from the failed users so
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that all the transmissions from distancevill be failed and the state in the first dimension
will not change. Similar ta>,, since there are some transmissions from nearby nodes, the
k transmissions from the, — j users at distanc2 that are not in the failed state will be

failed and the second dimension of the state will increask. by

p

0 ifm<c
(1 _pts)n1 (1 - ptf) pé’;—(l - pts) 2=i=k.
Pl = . ] ) .
DDA pg(L —pu)’ ™" if k<candm >c+1
v
(1 —p)™ (1 — py)" PE(l—p)2 7% ifk>c+1
> - ny—1 .
M2 — ] - ny—zuvy | i .
(1 — pu)’ " Pl — pts)"Q_j_kZ Prs(1 — i)™ ifn, —i<c
v=1 (Y
Py =
; n2_~j ] - nl_i v ny—i—v i .
(1 —pu)* . (1 — pts)m_J_kZ (1 — pre)™ ifn, —i>c+1
v=1 v
p
0 if 1 <c
Py = [n2—7J , : ! 4 .
(1 —ps)™™" L pE(1 — p)2 7k Z py(l—pg) ™" ifi>c
v=c+1 \U

In Fig. 5-4,a3 is an example for this case. 3, P, and P, are nonzero bub; is zero.

Case9:l=iandm =
This is the most complicated case where the state does nogeha either dimension.

Therefore the associated event is divided ittisjoint events.

Pijy—am) =P+ P+ P3+ P,

where P, is the probability associated with the event where ther@igansmission from

either distancé users or the failed users at distarkcel herefore, in order for the state to
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stay constant, we needr fewer transmissions from the — j users at distancethat are

not in the failed state so that all of them will be successful.

P, is the probability of the event in which we do not have any sraissions from
distancel and this time also no transmissions from the— j users at distancgthat are
not in the failed state. As a result, we need all transmissiiem distant users in the failed

state to be unsuccessful and hence we need more: tihansmissions from them.

P5 is the probability of the event denoting the case where tisane transmission from
failed users at distandeand less than transmissions from the distandessers that are not
in the failed state so that they will be successful and thedirsension of the state stays
constant. In order for the second dimension not to chang&e&d no transmissions from
then, — j users at distance that are not in failed state because otherwise, they will fai

and increase the second dimension of the state.

Finally P, is the probability of the event where there is no transmisgiom the
distancet users that are not in the failed state and more thémansmissions from the
failed users at distandeso that all of them will be unsuccessful and the first dimemsio
the state will stay constant. Similar &, we need no transmissions from the— j users

at distance that are not in the failed state.

(

(1= p)™ (1 = pg)"(1 — py)’ ifng—j<c
Pl: ny—1i i j - N2 —J v n2—j—v .

(1 —ps)™ (1 = pe)" (1 — pyr)? Pl —p)? 77 ifnyg—j>c+1

v=0 v
( -

0 if j<c
P, = _ _ 2 7 . )

(1= p)™ (1= p) (1= p)™ ™ D pe(L—pg) ™" ifj>c+1

v=c+1 \U




Py

i i ‘ n — 1 v ny—i—v ; .
(1 —pg)" (1 — pg)27? Z ( Ps(1 — prs)™ ifn —1<¢c
v

. . 1 —1 iy ]
(1 —p)" (1 — prg)™27 ( Prs(1 — prs)™ ifn, —i>c+1
v
0 ifi<c

(1=p)™ 7' (1 = prs)™ Pl —py)" ifi>c

In Fig. 5-4a4 is an example of this case anddp, P;, P, andP; are nonzero bub;, is

Zero.

Note that as explained at the beginning of this sectionnfoK c¢ this Markov Chain

collapses to a 1-dimensional Markov Chain whose statestee¢ine number of failed users

at distance2 only. The transition probabiliti@sof the 1-dimensional Markov Chain are

given in Appendix B.

Furthermore, even for the simpler caseloéllowed distance of the nodes from the

receiver, i.e., the case where every user has the sameadistam the receiver (for instance

ny = 0), thel-dimensional Markov Chain reduces to another Markov Chdinse states

denote the number of failed users in the system, which wdgzathin [51] in slotted aloha

section with finite number of users.

Once the steady state probabilities, denotegh{@dy;), are obtained, we calculate the

3The formulation of this 1-dimensional Markov Chain can beagted from the original (two dimen-
sional) Markov Chain by letting = 0 andl = 0. Only the case§ (I =i andm < j5), 8 (I = i andm > j)
and9 (I =i andm = j) are relevant sincé= [ = 0 has to be satisfied.
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throughput of the system as;

ny  ns min(ci) [ . min(c—v,n1—1) .
s t v i— ny—1 ny—i—
s= 33 (s 3 () ma-mr o (M) -

i=0 j=0 v=0 \V d=0
min(c,j)[ . min(c—v,n2—j) .
ni—1 % J v ) n2—1J ng—j—
(1= pe)™ (1= p)| O LR S MG ]})
v=0 \V d=0

Note that the first two summations goes through all the stEHtdse Markov Chain. Given
that the state of the system(is j), the following two summations denote the throughput
coming from the nearby nodes and the last two summationgel&m® aggregate through-
put of the faraway nodes. Since users at distahcan not be successful simultaneously
with users at distancé- the total throughput equation can be considered sepgaratel
nearby and faraway users as described above. Given anystate.e.,  failed users at
distancel and; at distance, we consider the cases that result in success and multiply th
probabilities of these events with the number of successeis in those events to get the
total throughput of the system for giveg andpy values. In particular, we first explain the
throughput expression of the nearby nodes given that tkeist@, j). The probability ofv
transmissions from thedistancet users at failed state amdransmissions from the, — 7
distancet users at successful state is given by

Yo —po [ B = g (5.7)

v d
This quantity is multiplied by the number of transmissidnsv to get the throughput. The
two summations associated wittandd are such that + d is always less than or equaldo
The reason for this condition is the fact that the receivancacapture more thanpackets
at atime. The same reasoning is applied to the throughpatiequof the distance-nodes
together with the fact that in order to have successful trassions from faraway nodes,

we need to have no transmissions from the nearby nodes.

As we see from the 3-dimensional throughput plot figr= 1 andn, = 5 in Fig.
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Figure 5-6:Throughput of the faraway nodes for deterministic locatioase with; = 1,7y = 2,1, = 1,
no = 5andz = 0.2.

5-5, the maximum throughput & 195 is obtained for(p, pr) = (0.55,1.00). We see
that at the point where the throughput is maximuyspjs larger thanps, suggesting that
the backward model is better than théorward model for this case. Fig. 5-6 shows the
total throughput obtained in this case by the nodes at distan—= 2. We see that distant
nodes have very low throughput in therward model, i.e., whenps is larger thanpy,

and they get significant throughput in thackward model, i.e., whenpy is larger than

- Furthermore, the maximum overall throughput case(jpg.py) = (0.55,1.00), yields

a total throughput ofl.645 for faraway nodes and.55 for the nearby node, suggesting
that theBackward Protocol gives enough chances for distant nodes and hence prevents th

throughput starvation of them in this case.

Fig. 5-7 shows the 3-dimensional throughput plot/igr= 2 andn, = 10. The maxi-
mum throughput value df.051 is obtained for(ps, pr) = (0.25,0.50), which is also in fa-
vor of thebackward model. The throughput of the faraway usersat, pi) = (0.25,0.50)
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Figure 5-7:Throughput plot for deterministic locations case with= 1, 7, = 2, n; = 2, n, = 10 and
z=0.2.
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-

Figure 5-8:Throughput of the faraway nodes foy = 2, n, = 10 andz = 0.2.

is 1.551 suggesting a similar conclusion to the= 1 andn, = 5 case. The 3-dimensional
throughput plot of the faraway users is shown in Fig. 5-8 fnehch we can clearly see
that thebackward model gives higher throughput to distant users and hence is libter
theforward model in terms of fairness.

Finally, in Fig. 5-9, the plot fom; = 6, no = 10 is shown. Contrary to the previous
cases, the maximum throughput is obtained for large valtipg and small values ofy.
This is due to the fact that the maximum number of successful transmissions at a time
is; ¢ = [1/0.2] = 5. Sincen; = 6, there are enough users at distahde successfully
capture the channel most of the time. This gives a large timput value for large values
of pis as expected, however, as we see in Fig. 5-10, the througlpl daraway users
is almost zero for larges values and hence operating the protocol with a lakgealue
causes throughput starvation of the distant nodes. Insteadee that in order to let distant
nodes have some throughput, we need to have a smatllue and a moderagg value.

However, doing this will not utilize the available capacéifectively, as the throughput
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Figure 5-9:Throughput plot for deterministic locations case with= 1, 7, = 2, n; = 6, ny = 10 and
z=0.2.

Throughput

Figure 5-10: Throughput of the faraway nodes for deterministic locaticase withr; = 1, r, = 2,
ny = 6,n9 = 10andz = 0.2.

obtained out of the system will be low. As a result anotheutsoh to the problem might
be needed if the number of nearby nodes becomes comparablént&€hapter 6 we will

consider alternative protocols that will attempt to deahwiis issue.

As is clear from the complexity of the above analysis invadyjust two locations, the
analysis of the case with deterministic locations and witHading is quite complicated
and cumbersome. Therefore, we develop approximate mdeisaiow us to consider
greater number of locations for the nodes. We verify the @xiprations by comparing
the approximate results with the exact results presenttddrsection for the cases of two
allowed distances from the receiver. However, for the \a&ifon of the case for three
or more possible distances from the receiver, we develomalation model which is ex-
plained in details in Chapter 7. Note that, we also verifysineulation model by comparing
the simulation results with the exact results of this segti@., for the case of two allowed

distances from the receiver. These comparisons can be faufd.s 7-1, 7-2, 7-3, 7-4,
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and 7-5. We see from these figures that the simulation moteW®the exact results very

closely.

5.2.2 Basic Approximate M odel

This approximate model was introduced in Section 4.3; whereassumed that a packet
transmitted by a user at distancdails with constant and independent probabifityr),
regardless of its or any other user’s success history. Weatxpis model to be reasonably
accurate when the number of nodes in the network increases isTbecause with a small
number of nodes, the dependence among users is large ancbwedshlready in Section
5.1 that even with just two nodes, the approximate resudtseny close to the exact results.
Now we apply this approximation for the current case withrsisé one of two possible dis-
tances from the receiver and no fading. We use the notation, ps; andpg for 7(1),
7(2), pa(1) andpy(2). In addition, we still keep the assumption that < 2°, which en-

sures us that the distantassers operate totally independently from nodes at distance

Casel:n; <candns <c

Similar to the Aloha with Two Distances example in Sectioh, 4odes at distancedo
not fail in this case (hence they transmit with probabifityalways) and those at distance
2 fail only if there is a simultaneous transmission from distl. As a result, for nodes at
distance = 1;

pan =0 and 7 = prs (5.8)

The faraway nodes fall if there is at least one transmissmm inearby nodes. Therefore,

per=1—(1—m)™ (5.9)
and from (4.3) = r, = Prs _ Pts (5.10)

1—pd2+%m2 1—(1—(1—pt5)"1)+%(1—(1—Pt5)"1)

Note thatp,, is the probability that a packet from a node at distadtlostgiven that the
node has transmitted. Looking at the equationg,@fndr,, we see that they are functions

of pis andpy only and hence givens andpy they are constants independent of one another.
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Figure 5-11:Throughput plot fom; = 1, ny = 5 andz = 0.2 using the Basic Approximate Model.

The throughput is also a function pf andpy only and is given by;

Dts

g = 1—71)"ngmy = 1=pis)™
ni71+(1—71)"" na7e = nups+na(l—prs) (1 —pe)™ + Z_t;(l — (1 =ps)™)

(5.11)

In (5.11), then,7; term denotes the throughput of the nearby nodes(and )" nym

denotes that of the faraway nodes.

Fig. 5-11 shows the throughput plot for the case.pf= 1 andn, = 5. We see that
the throughput values are exactly the same as those obtoradhe exact model in the
previous section. This is expected since whgrandn, are both less than or equal to
¢, the variables in two locations are constants independezaich other givem, andpy.
Therefore, the approximation that a packet transmitted bhgde at distance is lost with
constant and independent probability(r) is exact in this case. Namely far, = 1 and
ny =5, pa = 0andps =1 — (1 — pis)™ = prs.

Regarding the Markov Chain analysis of this case in the pte/section, when; < ¢,
the nearby users are always successful, hence the Markam Shiadimensional in this
case. Since nodes at distarickil only if there is a transmission from distanteps, =
1 — (1 — ps)™ is a constant, independent of the state of the Markov Chasra Pesult, the

case ofn; < candn, < ¢ can be formulated exactly without a Markov Chain analysis.

Case2: ny <candny > c¢
As explained in Aloha with Two Distances example in Sectidh) the nodes at distande

are still always successful and those at distahtal if there is at least one transmission
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Figure 5-12:Throughput plot for deterministic locations case with= 1, r, = 2,71 = 2, no = 10 and
z = 0.2 using the Basic Approximate Model.

from distancel or if there are more thantransmissions from distan@ As a result, we
obtain;

per =0 and 7 = ps (5.12)

pa2 = P+ P, — PP, ,where (5.13)

Pr= (1-(1-m)")

%) _
P2: Z 75(1—7_2)n2 k

k=c+1 k

Where in (5.13), we used the fact that nodes at distareamn fail as a result of two inde-

pendent events with probabiliti¢s and /. Using equation (4.3); is given by;

Dts

Ty = 5.14
- Dd2 + %p(n ( )
Finally, the throughput equation is given by;
c No
S=mps+ (1—pe™ Y ) TH(1 — )2 F (5.15)
k=1

The reasoning in this equation is similar to what we had fa@)(&nd (5.11).
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We show the resulting plot of throughput in Fig. 5-12 fgr= 2, n, = 10 andz = 0.2.
Comparing this figure with Fig. 5-7, the plots are differemthe area wherg is small
andpy is large. The reason for this difference is that there ardipielroots to the solution
of (5.13) and (5.14) and hence in this region, the numerigadgon solver (MATLAB in
our case) converges to different solutions ferfor different initial values. We observed
that MATLAB converges to the correct root for some initialues of». Other than this

region, the values in the plot are very close to the exactegin Fig. 5-7.

Case3:n; >candny > ¢
In this case, failure events of faraway nodes are the sameslauby nodes also fail if there

are more than: simultaneous transmissions from distariceThis difference yields the

following result in formulation:

ni

ny
pa= ) (1 — )t (5.16)
k=c+1 k
T = - Pts (517)

1=pa1+ %Ptﬂ

paz = P1 + P, — PP, ,where (5.18)

Pl = (1_(1_7_1>n1)

%) _
PQ: Z Tg(l—Tg)Tm k

k=c+1 k

Pts
2T Pa2 + Z—t;p@ ( )

In this case, we can solve for andr,;, and hence fop,; andp,. humerically using (5.16),

(5.17), (5.18) and (5.19). The throughput equation is glwen

C

¢ ny _ " T2 o —
s=3 |-t a-ny V) At (620)
k=1

k=1
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Figure 5-13:Throughput plot for deterministic locations case with= 1, 7, = 2,n; = 6, no, = 10 and
z = 0.2 using the Basic Approximate Model.

This throughput equation is again similar to (5.6) and (pdrid can be understood in the
same way.

The resulting 3-dimensional throughput plot is shown in Big.3 forn; = 6, ny = 10.
Similar to what we had in case-2, when we compare this figutle Wg. 5-9, we observe
that the approximation deviates from the exact resultgfo® 1 or py = 1. However,
operating the protocol with such largg or py values is not practical and other than these
two impractical regions, the values in the plot are very elmsthe exact values in Fig. 5-7.

We see that the basic approximate model of this section wwellsfor mostps and
pg Values. Note that this approximate model is simple and gdinethe sense that it also
applies to networks with random node locations as demdssitia Section 4.3. However,
if the locations of the nodes are deterministic, we can pl®\etter approximations as

shown in the next section.

5.2.3 Enhanced Approximate M odel

In this section we provide a better approximation in orddyd@ble to make general claims
for all sets of probabilities. One observation from sectidr2.1 and 5.2.2 is that under the
limitationn, < 2%, nodes at distanceare totally independent from the nodes at distahce
however, they are not independent of each other. Furthe;nioe dependence of faraway
users on the nearby nodes for successful transmissionitsdiio the single event that “no
transmission should occur from the nearby nodes”. As atespproximating the nodes

at different distances to be independent of each other adésnat the same distance to be
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Figure 5-14: Network Structure, Enhanced Approximate Model.

dependent on each other is a reasonable idea in our settiagply this idea by having
a separate Markov Chain for nodes at different distancdseimétwork. The state of each
Markov Chain is the number of failed nodes at the correspandistance and the depen-
dencé between different Markov Chains is through the averagestrassion probabilities
7(i) denoted byr; of nodes at distance from the base station far= 1,2, 3, 4.... In order
to have this idea of independence among different distane@sgood approximation, we
need to put some limitations on, the number of users at distancei.e., we need to have
users at distance depend only on users whose distance is less thamd independent
of the rest of the nodes. In sections 4.1, 5.2.1 and 5.2.2 xplaieed that when there are
only two distances in the system, i.e., some nodes at distiaacd some at distan@ the
condition thatn, < 27 ensures that faraway nodes have no affect on nearby nodebgn
words, nearby nodes are independent of the faraway nodew. itNorder to generalize
these results to more distances, we consider a network withsiat one of three different
distances from the receiver.

Consider the network setting shown in Fig. (5-14). We hayvesers at distancg, n,
atr, andng atrs. Next, consider the capture equation (3.3) and noteRhat1 here since

there is no fading assumed in this section. In order to hadesat-, independent of the

4The users at different distances are of course not totadlgpendent since for example if there is at least
one transmission from distandethe distance& nodes cannot be successful. This limited dependence is
captured through the average probability of transmisgiemfdistance-;, 7(), in the model.

66



nodes at';, using the capture equation (3.3) we have
1
Kry"Pr > z((= = 1)Kry " Pr + nsKry " Py)
z

simplifying we get

B B

_6 — _6 —
Ty >1y — 2rg " 4 2ngrs

and hence

ng < (22)° (5.21)

T

In order to have nodes at to be independent of nodesratandrs, and noting that in

the most limiting cases is equal to((:—g)ﬂ — 1, we have;
1
Kri%Pr > 2((= — DEr7°Pr + nyKry® Pr + nsKr; " Pr)
z
canceling the constants we obtain,

_ 1 _ - -
7"15>z((;—1)7‘15+n2r2ﬁ+n3r3ﬁ)

this gives,
rl_ﬁ >rfﬁ—zrfﬁ+zn2r;5+zn3r§5
further simplifications yield,
Ny < rg(rfﬁ—ngrgﬁ)

and hence,

T2 T2 T3

ny < ()7 = ()11 - 1) (5.22)
1 T3 T2

Now consider; = 1,7, = 2,3 = 3 andj3 = 4. We haven; < (2)* = 5.063 and

ny < (3)* = (3)°([($)*] — 1) = 15.012, i.e., for the practical value of = 4 assumed in

our work, we neea; to be less than or equal fowvhile the condition om;, is that it should

SSimilar to the explanation in Section 4.1 for the distancesers, the limiting case for the effect of
distance3 nodes on the success criteria of distaaedes occurs when there are tatélansmissions from
distance2 and hence — 1 = 1/z — 1 interferers from distance.
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be less than or equal i@ if want to use this approximation model with a good reliaipfli
However, in a uniform spatial distribution of nodes on a dtkke number of nodes from the
receiver increases proportionally to the distance fromi¢keiver. Therefore this limitation
onns prevents us from obtaining practical results. As a resudtcansiders; = 4 in our
setting and get, < 15.063 andns < 16 from (5.21) and (5.22) respectively, allowing us
to obtain results very close to the exact values. With a sinahalysis for;, = 1, r, = 2,

r3 = 4 andr, = 8 one obtaing, < 14.066, n3 < 15.063 andn, < 16.

When compared to the cumbersome exact analysis of Secoh for two distances
case, thé&enhanced Approximation is much easier to formulate and it is easy to extend to
more distances from the receiver as long as some constmints the number of users
at distance; are satisfied. In particular, note that we have three Markio&i@s for three
different distances representing the number of failedsuaeeach distance and the formu-
lation of these Markov Chains are very similar to each otRarthermore, the dependence
between the Markov Chain of each distance is through thegearobabilities of transmis-
sion from those distances, which substantially simplifiesanalysis. Namely, considering
the nodes at distancg-in Section 5.2.1 we hasl different cases in analysis for each of
the 3 different changes in the first dimension of the state (irergase, decrease or the no
change of the number of failed nodes at distahcgielding total of9 cases. However, all
the effects of distancé-transmissions on distan@etransmissions are through the single
event thathere is at least one transmission from distance-1 which is covered well by the
Enhanced Approximation.

Under the constraints for, andns for the3 distances case (= 1, r, = 2 andr; = 4),

we formulate the transition probabilities of the Markov @tsaas follows.

Markov Chain for nodes at distancer; = 1:
We will denote the state transitions as going from stdatestatel and note that the expla-

nations of the equations are very similar to what we have oti@e5.2.1.

SNote that in Section 4.1 we showed that a single distanitansmission is enough to destruct a distance-
2 transmission foe = 0.2. Here a similar calculation shows that this is also the casdistance® and3.
Namely, a single distanc2transmission destructs a distarg@ansmission foe = 0.2.
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Casel: [l >

s=]—1
( -
0 ifl<ec
Pl — prg)™ " ° Z pi(l—pg) ™" ifs<candl >c+1
Pi—>l - S v=c+1—s \U
T —1 . .
Pis(1 — pg)™ "% ifs>c+1
\ s
Case2: <1
sEi—1
( -
0 ifs>c+1
7 . S Tq —1 . i .
pr(l —pg)' ™ Pl —p)™ 7Y ifs<candn, —i>c—s
P = s o v
pi(l —pg)— if s<candn; —i<c—s
L \s
Case3:l=1

Pi_>l:P1—|—P2,Where
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(1 — py)° ifn —i<c
Pl - . ¢ nq —1 v iy )
(1 _ptf)Z pts(l _pts) ! ifn —i>c+1
v=0 v
\
( -
0 ifi<c
P, = & 1 . )
(1 —pg)™ " Z pi(l—pg) ™" ifi>c
v=c+1 \U

Calculating the steady state probabilitjg$:) of this Markov Chain numerically, we can

obtain the average probability of transmission,for a node at distanceas

) ipg + (n1 — 1)prs

7 =p1(i (5.23)
m

Markov Chain at Distance ry = 2:

The state transitions will be denoted as going from sjate statemn and note that the
explanations of the equations are still very similar to whiathave in Casé-and Section
5.2.1. There are two minor differences from Casegquations; first, in order to success-
fully receive a packet from the distankedsers we need to have no transmissions from
the distance- users (1 — 7;)™) and second, distancenodes can fail if there is at least
one transmission from the distantessers (1 — (1 — 7)™)) or if there are more than

transmissions from the distaneeaisers.

Casel: m >y
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Py =

Case2:m<j

Py =

\

(1—(1—=7)™) Pl — p)™ 97" ifm <c
o —] .
(11— m)) (1 — eI
. J ;
Ng — J : J R
F =T Pk = e Y| |pi( - pe) Y i k< candm > ¢4 1
v=c+1—k\U
Ny — .
2 Pl(1 = prs)m> 9" ifk>c+1
k=j—m
0 ifk>c+1
. c—k .
J j n2—1J v ng—j—v ;
(L—m)™ N pi(1 —ptf)j_kz w1 —ps)™ 77" ifk<candny —j>c—k
v=0 v
(1—m)™ ‘; PE(1 — py)i 7k ifk<candn,—j<c—k

Case3d: m=3j

ijm:P1+P2+P3,Where

P1 = (1 — (1 — 7'1)”1)(1 — pts>n2—j (524)
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(T —7)" (1 = py)? if nyg —j <c
P2 o n j - n2—J v no—j—v j .
(1 —7)™ (1 = py)? Pl —pe)? 77 ifng—j>c+1
L v=0 v
( -
0 if j<c
Py = - ' .
—m)m(1—pgm S ) o —pey i > e
v=c+1 \U

After calculating the steady state probabilitig$;) of this Markov Chain numerically, we

obtain the average probability of transmissiof),for a node at distanceto be

4 (ny —
Tzzpz(])]pﬁ (nz i) (5.25)

Markov Chain at Distance r; = 4:
We denote the state transitions as going from staie stateu. Throughout this case, let

P, P, and P, denote;

P,=(1—-m)™ (5.26)
Py=(1— 1) (5.27)
P.=(1-P)+(1—-PB)—(1-F)(1-F) (5.28)

Note that,P. denotes the event that there is at least one transmisskar &idm distance

or distance. The equations in this case are very similar to those in Qaseparticular, in
order to have a successful transmission from the distamusers, we need no transmissions
from the distancd-and distance&-users {, P,) and nodes at distandefail only if there is

at least one transmission from the distanaa- distance2? users {.) or if there are more

thanc transmissions from the distandaisers.

Casel: u>h
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ng — h
P, ptgs(l - pts)ng_h_g
g
ng — h
P, pts 1 _pts)m =94
g
Ph—»u - h
+F, Pb pts (1- pts)"g_h_gz (1 = pe)"
v=c+1—g (%
—h n3—h—
Pis(1 — prs)™3 "9
\
Case2: u<h
gEh—u
.
0
h h— — n3 — h v ny—h—uv
PP |pi(1 —pyg)" 0 Prs(1 = prs)™
Py = g —o\
PP |pg(1 = py)t—e
L g
Case3d:u=nh

Ph_m:Pl—l—Pg—FPg,Where

P =P.(1—- pts)ns_h
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if u<e

ifg<candu>c+1

ifg>c+1

ifg>c+1

ifg<candng—h>c—g

ifg<candng—h<c—g

(5.29)



P Py(1 — py)" ifns —h<c

PZ: h - ng—h v n3—h—v j

Pan(]-_ptf) pts(l_pts) 3 |f ng—h26+1
v=0 v

\

4

0 if h <c

h
h .
P,Py(1 —pg)™ ™ Y pe(l —pg)™ ifh>c

v=c+1 \V

We calculate the steady state probabilitigéh) of this Markov Chain numerically and

obtain the average probability of transmissioj) for a node at distancg = 4 to be

Jp + (nS - j)pts

= ps(h) (5.30)
n3
We finally obtain the throughput equation as
ny ng ng in(c,i i mi-n(c—v,nl—i) ny — i -
S Z Z Zpl i)p2(J)ps( ){" (1 — ptf)l_Z(d +v) (1 — pg)™ 4 4
i=0 j=0 h=0 v=0 \V d=0 d
‘ ‘min(c,j) ] miﬁ(c—v,ng —7) ny — ] '
H(1—p)™ (1 _ptf)l[z P = pg) ™ (d+ ) Pl —pts)m—ﬂ—d} +
v=0 \V d=0 d
‘ min(c,h) min(c—v,n3—h) ng — h

(1= pg ™ (L = )| pe)"™>(d+v) Pl = po)™> ") }

(5.31)

This equation is very similar t&(6) with the difference that we hawaesources of through-
put, namely throughput of distande2 and4 users. In order to have a successful transmis-
sion from distanc& we need to have no transmissions from distah€g- — pis)™ (1 —
py)?). Similarly, for a successful transmission from distard¢c@e need no transmissions
from both distancé and2 ((1 — p)™ T27"77(1 — py)*/). Finally, the steady state prob-
abilities of the Markov Chaing; (i), p2(j) andps(h) are multiplicative. This naturally
results from the independence approximation that we mak&srsection between differ-

ent distances

’As explained at the beginning of this section, the nodesftrdint distances are not totally independent
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Figure 5-15:Throughput plot for deterministic locations case with= 1, 7, = 2, n; = 1, no = 5 and
z = 0.2 using the Enhanced Approximate Model.

Throughput

Figure 5-16:Throughput plot for deterministic locations case with= 1, 7, = 2,71 = 2, no = 10 and
z = 0.2 using the Enhanced Approximate Model.

Note that in order to generate results for two locations easeg this approximate
model, all we have to do is to discard the Markov Chain of disgd; this is because both
users at distanceand distance are independent of the users at distafic&he resulting

throughput equation would then be given by;

ni  no min(c—v,n1—1)

in(ci)f . .
. . L i =1 ni—i—
S= > m(p() D || vh—pe)™D (d+w) ] PA(L — pre)™ I+
v=0 v

i=0 j=0 d=0
min(c,j) [ . min(c—v,n2—7j) .
ni—1 % J ] j—0 n2—1J ng—j—
+(1 = p)™ (1 = pyr) [ pi(1 — py)’ Z(d+ v) Pi(l — ps)™ d] }
=0 [ d=0 d
(5.32)

The throughput plot fon; = 1, ny = 5 is shown in Fig. 5-15. The results are the same

but they have a very limited dependence. Namely, in ordeat@la successful transmission from a given
user, we require no transmissions from users closer to tieeves than the given user.
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Figure 5-17:Throughput plot for deterministic locations case with= 1, 7, = 2,n; = 6, no, = 10 and
z = 0.2 using the Enhanced Approximate Model.

as the exact values in Fig. 5-5. This is expected since tlggapnation is better than the
first one which already achieves the same exact values faabe ofn; < c andn, < c.
Fig. 5-16 shows the throughput plot for = 2 andn, = 10. We observe that this case also
yields the same values as the exact case in Fig. 5-7, andsthisa expected since when
ny < ¢, the nearby nodes are always successful, i.e., there is nkoM&hain for distance
1 and hencer; = p always. As a result, the input from the first Markov Chain te th
second, i.e.;; = pys is exact and therefore the Markov Chain of distadaescribes the
system completely. A similar observation was pointed odthatend of the Section 5.2.1,
i.e., whenn; < ¢, we observed that the two-dimensional Markov Chain codédp® the
1-dimensional Markov Chain whose states denoted the nuoilfailed users at distance
2 only. In Fig. 5-17 we show the throughput plot for the caseipf= 6 andn, = 10.
The values are the same as the exact values in Fig. 5-9 exct aregs > 0.75 and
p¢ < 0.35 where the values are correct to two decimal places. As atregeilsee that this
approximation is very accurate and can provide resultsateatery close to exact, as long

as some conditions on, © = 2, 3,4, ... are satisfied.

Figures 5-18, 5-19 and 5-20 show the overall throughputehitwork, total through-
put of then, nodes at distancg-and that of then; nodes at distancé-respectively for
z = 0.2. In order to show the validity of these results, we plot th@oraf the through-
put values obtained from simulations to those obtained filoenEnhanced Approximate
Model. These figures can be found in Chapter 7 (Figures 7#6aid 7-8) demonstrating

the accuracy of the Enhanced Approximate Model.

76



Throughput

Figure 5-18:Throughput plot for deterministic locations case with= 1, o = 2, r3 = 4, n; = 1,
ng = 2, ng = 4 andz = 0.2 using the Enhanced Approximate Model.
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Figure 5-19: Throughput plot of the users at distarzéor deterministic locations case with = 1,
ro =2,r3 =4,n1 = 1,n0 = 2, n3 = 4 andz = 0.2 using the Enhanced Approximate Model.

Throughput

Figure 5-20: Throughput plot of the users at distantdor deterministic locations case with = 1,
ro =2,r3 =4,n1 = 1,n9 = 2, n3 = 4 andz = 0.2 using the Enhanced Approximate Model.
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The maximum throughput of.555 is obtained for(p,, pr) = (0.35, 1) showing that
the backward model is more favorable in this case. Furthermore, for this maxmpoint,
the nodes at different distances are not starved for thimuigince the throughput from
distancel is 0.350, that from distance is 0.589 and from distancé is 0.616 at the max-
imum overall throughput point. One other observation is tha aggregate throughput of
nodes at distance; is greater than that of nodes at distamgavhich is greater than that
of nodes at distancg. This is in favor of fairness since the number of nodes isaasing
with distance. We observe from Figures 5-19 and 5-20 thataglistance increases, the
throughput increases with decreasing valuegoivhich supports the intuition that when
s is small, the nearby node, which uses the probabilityalways since:; < ¢, has less
chances of capturing the channel and the network can aciieve throughput by giving

greater chances to the faraway nodes which outnumber thieyneades.

As a result of the different analysis and the various resultsidered in this section, i.e,
when the locations of the users are known and no fading effeébe channel, we see that
thebackward model achieves better throughput and fairness results thafotivard model
in most cases considered. Note that when the number of nodestancel is comparable
to ¢, the maximum throughput point is in favor of th@eward model and this is because
the distance- nodes use the probabilitys most of the time (they usgs all the time if
n, < ¢) and having a large value @f; lets them capture the channel all the time yielding
a high throughput. The faraway nodes, however, get almasttheoughput in this case
and therefore having a large value, especially when the number of nearby nodes is large,
is catastrophic from a fairness perspective. In Chapter @xpdain why having nearly
¢ nearby nodes is not realistic in UWB systems and nevertbglesvide an alternative

protocol to alleviate this problem.

In the following two sections we continue analyzing the perfance of thdackward

model in the case where there is fading effect in the channel.
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5.3 Deterministic Locations-With Fading

In this subsection we assume the locations of the users amgrkand there is Rayleigh
Fading in the channel, i.e., the Rayleigh fading te®in (3.1) is not a constant anymore
but a Rayleigh distributed random variable and as explaingchapter 3, thek?? terms
are exponentially distributed random variables of unit meghe analysis in this section
follows from the related work of Zorzi and Rao [61] which sieglthe power capture model
given by (3.1) and (3.3) under a spatial distribution of r®de a disk. The differences of
the work in this section from previous work is that we assunodtinpacket reception, i.e.,
z in (3.3) is less than, our received power model given by (3.1) does not include the
shadowing term and most importantly we carry out the anslfgsitheBackward Protocol
explained in previous sections thoroughly. First we obtigeneral expression for the
probability that a node at distancecaptures the channel in the presencé: afiterferers
by treating the distances of nodes as variables. Then we #u®pesult into our setting
by substituting the given values of the node distances. Mhatiethe general expression for
probability of capture will also be used in the next sectidmeve we have random node

locations.

We definep,. (7o) to be the probability that the packet of a user at distapéereceived
successfully in the presence lobther transmissions whefkecan at most be one less than
the total number of nodes in the network, i.e.c [0,n — 1] and there are: nodes in
the system. From (3.1) and (3.3) we see that a transmissdamdrnode at distanocg is
captured if its received power level is greater than thel iatarference factor times the

thresholdz. Therefore;

k
qu(’l“()) = PT{PRp > ZZPR’j}

J=1

2 . ro\”
- Pr{RO > R(2) }

j=1 J

Now conditioning on the interferer distancasrs, . . ., r, and the interferer Rayleigh fad-

ing termsRk, Rs, ..., R, and denoting‘%? terms as:; which are exponentially distributed
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random variables of unit mean we obtain
To B
pc,k<ro|r{i:1§i§k}a a{i:lgigk}) =CeXpy —~% Z a; (r_) (5.33)
=1 !

This expression follows from the fact that for an exponéiytidistributed random vari-
able R2 of unit mean,Pr(R3 > z) is given asexp(—r). Removing the conditioning on

{ay,as,...,a;} by averaging (5.33) oveja,, as, . . ., a; } We obtain

!
Pei(To|r(in<i<ky) = / daje™™ .. / dage™ exp{ — ZZCLJ'(?TO) }
0 0 j

j=1
k 0o r
i=170 Ty
i 1
— — (5.34)
=11+ 2(n)
Now we apply this result to our setting by assuming that tlaeee, n., ..., n; node$ at

distances, o, ..., from the receiver respectively. We defing(k:, ko, . .., ki, ... kL)
to be the probability that a packet from a node at distands captured by the receiver
given that there aré,, ko, ..., k;, ..., k. interferer§ from distances, o, ..., 7, ..., 71

respectively. Define the total number of interfereras

L
k=Y k (5.35)
j=1
Therefore;
k 1 1 o
Pei(kr, Koy ks k) = H = H ﬁ] (5.36)
j=1 1+z<:—J> j=1 1+z<:—3>

where the last equality follows from the fact that we can comabhe terms with the same

8Note thatn, +ng + ...+ nz = n.

Note thatp.;(k1, ka2, . .., ki, . .., kr) is the successful reception probability given the transioisof the
user at distance; andk, ko, ..., ki, ..., ki interferers. Hencé; € [0, n;] for all j exceptj = i for which
k; € [O,TLl — 1].
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distance-; from the receiver. Now, in order to formulate the throughgftthe network, we
apply the approximate model which was first introduced intiecet.3 and then analyzed

in sections 5.1 and 5.2.2, whereby a transmission fromrtista is lost with constant and
independent probability,(r;) regardless of its success history in the previous slots. We
showed in sections 5.1 and 5.2.2 by numerical analysishbatgproximation works well in
most settings considered. The system can be analyzed amsyfaon-linear equations.
This is because the average transmission probability fristamtcer;, 7(r;), depends on
pa(r;) through the nonlinear equation (5.37) and thér;) on7(r;) fori € {1,..., L}

through the nonlinear equation (5.38):

Pts
1— pd(Ti) + Z—‘;pd(ﬁ)

(r;) = ie{l,.... L} (5.37)

pa(ri) = Z Z . 3 Z (m) T(r)" (1= 7(ry))™m ™ (ng) T(ro)R2 (1 — 7(rg))™27% ..

ke
(ni _ 1)7(7"@)1%(1 - T(m))mkil(nL)T(m)h(l = 7(r))" (1 = peilk ko, ki KL))

(5.38)

Wherep,;(k1, ko, ..., ki, ..., kr) IS as given in (5.36). Thus the aggregate throughput of

nodes at distance is given as

S(ri) = n7(r) (1 — pa(rs)) (5.39)
S=>"5(r;) (5.40)

Fig. 5-21 shows the overall throughput of the network wherhesel node at distance
1, 3 nodes at distanc2and9 nodes at distanceé We observe that the largest throughput
results are obtained for large valuespgfand small values ofis. This result shows the
better performance of theackward model compared to théorward model when we add

multipath fading into the system.
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Figure 5-21: Throughput plot for the case of deterministic locationshwiading in the channel. The
number of nodes at distances = 1, 7o = 2 andrs = 3 aren; = 1, ny = 3, ng = 9 respectively, and
z=10.2.

5.4 Random Locations With Fading

In this section we consider the most general network sestinfar, i.e., the analysis is for
random locations of the nodes when there is multipath fadgirthe network. Similar to
Section 5.3, the analysis follows from related work of Zamid Rao in [61]. Consider
n nodes distributed randomly on a disk at the center of whieheths a receiver. Simi-
lar to the previous section, defing(ry) to be the probability that a packet transmitted
from a node at distance is successfully received by the receiver given that theeg:ar
other transmissions where < n — 1. Using (5.34), we obtaip, .(r,) after removing the

conditioning (i.e., averaging ovey, . .., ;) to be

o k
Pes(ro) = ( /0 %) (5.41)

For 3 = 4 and uniform spatial distribution as in (3.4), the integra(5.41) can be evaluated

analytically, yielding
k
Per(ro) = (1 —/zrg tan™’ (—1 ) (5.42)
| VT

Now similar to what we did for the deterministic locationstiwfading case, we apply
the approximate analysis of the Section 4.3. We need torotitai average probability of

destructionp,(r) from distance- (given that there is a transmission from distanyand
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using this quantity we fine(r), the average probability of transmission from distanes

_ Pts
Y DR ) (549

wherep,(r) is given as
pa(r) =1 —p(r) (5.44)

andp.(r) is the average op. .(r) over all possible number of interfereks The exact

expression of.(r) is given by
n—1
pe(r) = pes(r) = > _ Pr{There arek interfererg P, . (r) (5.45)
k=0

Since the probability that there akanterferers depends on the dynamics of Baekward

Protocol, there is no exact expression fofr). Therefore, we provide two approximations

to p.(1) = pei(r).

5.4.1 Approximating p.(r) Using 7(r)

Since we utilizer(r) in the numerical analysis, we can approximatg(r) by calculating

the average probability of transmissionusingr(r);

T= /T(T)fT(’/’)d’f’ (5.46)

Using T we can calculate. () (for 5 = 4 and uniform spatial distribution (3.4) as ex-

plained above) as

12

k=0

Pe(r) = per(r) g (n ; 1) (1 — )RR ()

Il
e 3
Il I
=) —
S

;1) Tk(l_T)n_l_k(l_ \/Ethan_1<\/;T2>>k (5.47)
(5.48)
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Figure 5-22:Throughput plot for random node locations case with fadinthe channel for, = 10 and
z = 0.2 using the Jensen’s Inequality approximation to the aveodge (7).

Now (5.43) and (5.44) can be solved numerically to obtaintiineughput of the network

given as
1

S(r) = ﬁ/ pe(r) fir(r)dr = ﬁ/ pe(r)2rdr (5.49)

=0 r=0

wheren is equal tonr.

The overall throughput of the system is presented in Fig2 362> = 0.2 andn = 10.
We see that the resulting throughput plot is very close tothineughput plot generated
by simulation shown in Fig. 7-12 except for high values. The exact results in Fig. 7-
12 suggest that in the most general network setting coresideo far, i.e., random node
locations and fading in the channel, the high throughpua aesults from utilizing high
pg and lowps values suggesting ones more the better performance bbtikevard model

over theforward model.

We observe that the approximate resultsifee 6 are closer to simulation then= 10
case, however, as we increase the number of nodes in therketive approximate re-
sults start to diverge from the simulation results. Theaadsr this is that the numerical
analysis gets more and more complicated to solve as we senreal he number of pos-
sible solutions tar(r) increases linearly withh and hence the numerical equation solver

converges to a wrong root with higher probabilityras increased.
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5.4.2 Approximating p.(r) Using Jensen’s | nequality

A second way of approximating.(r) is to assume that the average (o¥gprobability of
capture of a packet transmitted from distanas approximately the probability of capture

of the packet when there are average number of interferéh®iohannel. Namely,

Pe(1) = pei(r) = p5(r) (5.50)
wherek, the average number of interferers, is given by
k=(n-1) /T(r)fr(r)dr (5.51)

Note from (5.41) thap. ,(r) is a convex function of the random variableand from

Jensen’s Inequality we obtain

Pei(r) = pog(r). (5.52)

Hence the approximation that .(r) = p.z(r) corresponds to using the lower bound
obtained from Jensen’s Inequality to the convex funcfiop(r). Moreover, the random
variablek is defined in the rang®, n — 1], therefore, Edmundson-Madansky Inequality
gives us an upper bound m We give the Edmundson-Madansky Inequality with a
simple proof in Appendix C. We apply Edmundson-Madanskyyuradity to our setting
(g(k) = per(r),a =0,b=n— 1) and denote, x(r) = y(r, 2)* wherey(r, z) for 3 = 4

and uniform spatial distribution as in (3.4) is given as

v(r,z) =1 — /zr*tan™ (\/%7*2)' (5.53)

~(r, z) is a monotonically decreasing functioniafior » € [0, 1]. Applying the Edmundson-

Madansky Inequality with the specified values we obtain

(1 —~(r,2)" Y (5.54)

n—1

85



— Upper Bound to E(CPk)
- — Lower Bound to E( g’k)

Upper and Lower Bounds to Eg E)
/
/

_1 i i i i i i i i
0.1 0.2 03 04 05 06 0.7 08 09 1
Distance, r

Figure 5-23:The upper and lower bounds to .(r) as a function of distance,for n = 10 nodes in the
system and = 0.2. The figure corresponds to= 5.

Combining (5.52) and (5.54) we finally get

37,2 < perl) S 1= ——(1=(r, 2" (555)

We observe from (5.55) that whertr, z) is close tol, the two bounds become tight, while
for v(r, z) tending to0 they are loose. However for = 0.2 andr = 0, v(0,0.2) = 1
and forz = 0.2 andr = 1, v(1,0.2) = 0.4856, hence for practical values af we do
not have to worry about very small valuesf-, z). Whenn = 10, k = 5 andz = 0.2,
Fig. 5-23 shows the values of the upper and the lower boungsasryr from 0 to 1.

We obtain similar figures for different values f and observe that the bounds get tighter
ask increases. We see that the two bounds are very close for0.5. This means that
approximating.. . () asp, z(r) works reasonably well for < 0.5. Forr > 0.5 the actual

value ofp, () lies between these two curves. Applying the approximatienpbtain

2 1 1 (n=1) [, 7(r)fr(r)d
S ) -

Now we formulate the approximate model as given by equaiip@) and (5.44). These
equations are solved numerically to obtain the throughpth@network given in (5.49).
We plot the overall network throughput as a functiorpgfandpy in Fig. 5-24 forz = 0.2
andn = 10. We see that the resulting throughput plot is very similahthroughput plot
generated by simulation shown in Fig. 7-12. Similar obstgona to the Fig. 5-22 are seen

for this figure.
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Figure 5-24:Throughput plot for random node locations case with fadinthe channel for, = 10 and
z = 0.2 using the Jensen’s Inequality approximation to the aveodge (7).

We observed that asincreases, the results diverges from the simulation regathis
approximate model also. The reason in this case is thatriye kalues of: (e.g.,n > 20in
our setting), we find more nodes faraway from the receiverremtey(r, =) takes values
that are not close tb more often, making the approximatipp(r) = p.x(r) = p.5(r) lose
its validity.

Note that, in Section 7.3, we give various simulation resfdt this case and explain
how thebackward andforward models compare as we keepgonstant and vary and vice

versa.
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Chapter 6

New Protocols

In this section, we first provide a solution to the problemoagsted with thebackward
model when the number of nodes that are close to the receiver is a@ble toc, the
maximum number of successful receptions (see the disguasibe end of Section 5.2.1).
Note that having the number of nearby nodes close nway not be a realistic situation
for some network configurations. First, we know that for sprepectrum systems, the
receiver capture threshotdcan be very small (in fact close © with enough processing
gain [42] makingc a very large number. Moreover, for most practical spatistrdiutions
of nodes, the number of users increases with the distancaseggaently, when there is
a finite number of nodes in the network, the possibility ofihgwmearlyc nearby users
is very low unless the total number of nodes is very large. xdeless, we modify the
Backward Protocol and develop th&ackward Model with Forced Idle Periods to remedy

this problem.

Next we propose th8ackward Model with Dynamic Contention Windows, which is
potentially easier to implement compared to the origiBatkward Protocol, enabling
nodes to adjust their transmission probability dynamycahd still carrying the essence
of thebackward model. From Chapter 5, it is clear that the analysis regarding ith@lsr
Backward Protocol is complex and it becomes considerably more difficult to yareakthe
Backward Model with Dynamic Contention Windows. Consequently, we will present the

performance analysis of this protocol through simulations
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6.1 Backward Mode with Forced |dle Periods

Now consider the problem outlined at the end of Section 5uhére we assumed that the
node locations were known and there was no fading in the isysfes it was pointed out
there, if the number of nodes that are close to the receivargarable te, then having

a large value ofys and a small value g yields the highest throughput as it gives more
chances to the nearby nodes who are almost always sucéeddtiever as mentioned
before, this approach amounts to the complete starvatitredaraway nodes and hence it
is not fair. As a result, in this section, we are interesteghadifying the backward protocol
to be able to provide more fair results as well as high thrpugkalues in cases where the

number of nearby nodes is comparable.to

The idea behind this new protocol comes from the followingeskation of the orig-
inal protocol when the number of nearby nodes is comparabte Assume the settings
of Section 5.2.1, i.e., there are two possible locationstaednumber of nodes at those
distances arer; andn,. Whenn, is comparable t@ in such a setting, even for a very
smallp value, the channel is occupied most of the time by the neasdgs To see this,
assume that the number of nodes at distanten; = ¢ = 5 and those at distanceis
ny = 15. As we know from Section 5.2.1, the nearby nodes are alwaysessful in this
case. Supposaes = 0.25, a low value that seems to give enough chances for farawag.use
However, as it was pointed out in Section 5.2.1, in order foode at distanc® to be suc-
cessful, we need to have no transmissions from distan€ensidering the complimentary
event, we find that probability of having “at leashearby node transmitting” is given by
1—(1—pe)t=1-(1-0.25)° = 0.763. This means that more thai percent of the
time there is a transmission from nearby users even whengtabability of transmission
is very low. The throughput plots of the originBhckward Protocol in this network setting
(i.e.,ny =5, ny = 15 andz = 0.2) are shown in Figures 6-1, 6-2 and 6-3. We see that the

network is clearly dominated by the nearby users.

Considering the above example and the observation of thitses Figures 6-1, 6-2

and 6-3, the new protocol should give more chances to farawalgs, and we want to

INearby nodes are always successfulif< ¢ andn, < 27 for r; = 1 andry = 2.
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Figure 6-1: Throughput plot for deterministic locations case (no fadliwith r, = 1, ro = 2, n; = 5,
ne = 15 andz = 0.2 using the original model.
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Figure 6-2: Throughput plot of the users at distantcéor deterministic locations case (no fading) with
ry =1,r0 = 2,n1 = 5,ny = 15 andz = 0.2 using the original model.
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Figure 6-3: Throughput plot of the users at distarizéor deterministic locations case (no fading) with
ry =1,r0 = 2,n1 = 5,ny = 15 andz = 0.2 using the original model.
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Figure 6-4: The single user state diagram for tBackward Model with Forced Idle Periods. This figure
corresponds to having nodes stay idlef@lot after a successful transmissi@ Success,: Idle, F: Failure,
WAS: Wait After SuccessAF: After Failure, TAW: Transmit After Waiting. The transition labeled bg™
occurs with probabilityl .

achieve this without additional feedback from the receiVée perform this by having the
nodes that were successful in the previous slot stay idledore slots (or for some random
number of slots) and then letting them transmit again withgame probability,s in the
next slot. The number of slots for which nodes wait silergradt successful transmission is
a design parameter to be determined in the analysis. Treditagram associated with the
new protocol when successful nodes wait for one slot befdrarsmission attempt with
probability pis is shown in Fig. 6-4. After a successful transmission notkegia theWait
After Success (WAS) state forl slot and then move to th&ransmit After Waiting (TAW)
state where they attempt transmission with probabijlily Comparing this state diagram
with that of the originaBackward Protocol we see that nodes behave the same way when
they are in the failed state in both protocols. Hence, the steagram of theBackward
Model with Forced Idle Periodsis obtained from that of thBackward Protocol by dividing
the After Success (AS) state of théBackward Protocol into WAS and TAW states.

We know that in the originaBackward Protocol, whenn; is close toc, the average
number of successes from the nearby users is much greatethéhizof the faraway users.
Hence, this idea of going idle after a successful transomsgives more chances to the
distant users. Note that the distant nodes will also betsilit@r they complete a successful
transmission. However, since the number of faraway nodesger than that of the nearby

nodes (and hence larger thanthe probability that there are some distant nodes ready to
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transmit in the next slot will be larger than the correspagdijuantity for nearby nodes.
Therefore, the aggregate throughput from nodes at distaiscexpected to increase com-
pared to the originaBackward Protocol. We present the overall network throughput, the
aggregate throughput of the nodes at distahesd that at distance for the Backward
Model with Forced Idle Periods in Figures 7-20, 7-21 and 7-22 in Section 7.4 fgr= 5,

no = 15 andz = 0.2 and hence = 5. These figures are for the case where nodes stay idle
for 2 slots after a successful transmission. Comparing figur@suéd 7-22 we see that the
throughput of the distant nodes is greater in Baekward Model with Forced Idle Periods

for almost all operating points as expected. Note that tikeespn Figures 7-20 and 7-22
are due to the synchronization issues that arise wheas equal tol. This is because the
network operation becomes totally dependent on the nunflsrocessful nearby users in
the first few slot& As an example, if all the nearby nodes transmit in the fiist, shen
every third slot will be occupied by the nearby nodes and tiennoel will be left free56
percent of the time for distant users leaving a very highughput for them. However,
we will have a totally different situation if for exampfenearby users transmit in the first
slot, 2 in the second slot andin the third slot. This configuration leaves zero throughput
for the distant users. As a result, the = 1 case depends on the transient behavior of the

simulation hence it should not be considered in the compasibetween protocols.

Figures 7-23, 7-24 and 7-22 show the throughput plots fosdme network (i.e., for
ny = 5, ny = 15 andz = 0.2) when the successful users stay idle oslots. We see
the advantage of thBackward Model with Forced Idle Periods clearly in these figures
in the sense that for many operating points, faraway nodes alaosti2 percent more
throughput than the maximum aggregate throughput obtdigetistant nodes in the orig-
inal protocol. Furthermore, distant users get even moreeggde throughput than nearby

users for most of the operating points.

As a result, although the underlying network structure tsmoach probable in practice,
we can still find easy ways to prevent throughput starvatfahstant nodes in the network

by a simple modification of thBackward Protocol.

2We start the simulation with every node in the failed state.
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6.2 Backward Model with Dynamic Contention Windows

In this Section we propose a more practical protoBatkward Model with Dynamic Con-
tention Windows, compared to the origindackward Protocol. This protocol assigns dif-
ferent backoff windows to users according to their succeéssty in the previous attempt
as is done in IEEE. 802.11 (e.qg., [6]) and it adoptshihekward model idea into this set-
ting. More clearly, the backoff window size of each node isidiarmly distributed random
variable depending on the success history of the last trisisgin attempt of each node. If a
node was successful in its last transmission, it chooses#euin the interval0, n;] with
probability 1/(n, + 1) and starts to decrement its coudtgom the random number to
The node transmits with probabilitywhen its counter decreases dowrt&imilarly, if a
node’s transmission was failed in the last attempt, it cee@random number uniformly
distributed over the integers in the interV@ln ;| and starts to decrement its counter down
to 0. The node transmits with probabilitywhen its counter reach@s Note that»; andn;
are design parameters and the case wheiis less tham, corresponds to the case where
py IS greater thamys in the Backward Protocol. Consequently, thBackward Model with

Dynamic Contention Windows carries the essence of thackward model.

Note that the protocol we propose here is far from being a ¢et@protocol such as
IEEE 802.11 in the sense that many practical problems araduressed here. It is rather
aimed towards demonstrating a way of implementingadekward model under simplistic

assumptions.

We refer to the results of the simulations of this protoc@sented in Chapter 7. Fig.
7-26 shows the total network throughput as a functionoéindn, for n; = 1 andny, = 5
nodes at distances = 1 andr, = 2 for z = 0.2. We see from this figure that the maximum
throughput value o02.331 is obtained whem; < n, (n, = 1 andn; = 0) suggesting that
the backward model is preferable with the new implementation as well. Since aeeh
small number of nodes, throughput values are larger wheandn, takes small values.
Fig. 7-28 shows the total throughput of the distant nodeshfersame settings and we see

that the distant nodes get more chances wher: n, in particular, the throughput of the

3The decrements arkein every slot.
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distant nodes is maximized when = 0 andn, = 2. We present throughput plots for
the same settings for; = 2 andn, = 10 in Figures 7-29 and 7-31 where 7-29 shows the
the total network throughput and 7-31 the throughput of is&adt nodes. We see that the
maximum throughput value in Fig. 7-29 is obtainedsgr= 2 andn, = 6 suggesting that
thebackward model achieves better results than tieeward model as expected. Moreover,

a similar behavior ta;; = 1 andn, = 5 case is observed for the throughput of the distant
nodes.

We then simulate the network where nodes can be at one of plasssble distances
ry = 1,79 = 2 andrs = 3. Figures 7-32, 7-34 and 7-35 show the total network throughp
total throughput of nodes at distanzand that of nodes at distangdor n; = 1, no, = 3,
ng = 9 andz = 0.2. We observe from these plots that < n, case yields high overall
network throughput and prevents the throughput starvatiahe distant nodes suggesting

the better performance of thackward model than theforward model.

95



96



Chapter 7

Per for mance Evaluation and

Simulations

We simulated various network scenarios in order to see tHemp@ance of theBackward
Protocol for the network settings where the exact or the approximastyaes cannot be
used to get accurate results. We start with the verificatfdhesimulation model for de-
terministic locations and without fading case by compatimgresults obtained from the
theoretical analysis with those from simulation. Next wendate networks with more
nodes and various distances from the receiver. Then we aiennétworks with randomly
distributed nodes with and without fading in the system. Welly move onto the simula-
tions of the new protocols proposed in Chapter 6.

The model utilized in the simulations is as characterize@3) and (3.3). The effect
of additive noise is neglected due to the reasons explaie@atdy henceV is set to0 in
(3.1). Pr, K, andg are assumed to be constants throughout this section such;tha 1,

K =1, andg = 4. We will denote the number of trials for each experimenttbyAs
expected, increasingresults in better convergence of simulation results to hieeretical
estimates We start with the deterministic node locations case withading and show
that the simulation results are the same as the exact rgsattented before. Then we use
the simulation model to produce results for larger netwodngarios where the exact model

no longer applies. We then make the model more general innbdirst make the nodes

1¢ will be chosen as 100K unless otherwise stated.
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Figure 7-1:Comparison of the total network throughput in the simukatizodel and in the exact model for
deterministic node locations and without fading in the etf@nvhere TP-Sim stands for throughput obtained
by simulation and TP-Exact that from the exact analysis. Weed n; = 1, no = 5,11 = 1, ry = 2,
z=0.2andt = 100K.

randomly distributed and then add multipath fading into sistem and show that in all
the cases, thbackward model achieves higher throughput and more fair results as is clear
from the previous analysis. Finally, we provide simulatresults for two new protocols,
the first aimed for as a solution to a specific network striecaurd the other being a more

practical implementation of thieackward model.

7.1 Deterministic L ocations Without Fading

There is no fading in the channel, therefore theerm in (3.1) is set td. The choice of the
start state is arbitrary, however, as the experiment posctee transient behavior vanishes
and the system converges to some steady state operation.

We first consider the casg = 1, n, = 5, r; = 1 andry = 2 in Fig. 4-1 of Section
5.2.1. The results obtained were compared with those showigures 5-5 and 5-6. The
first comparisons for total network throughput are shownigufes 7-1 and 7-3 farequal
to 100K and 1000K respectively. Figures 7-2 and 7-4 represents the compadbthe
throughput of the faraway nodes under the same settingsoae ab

It can be observed that ass increased, the simulation results gets closer to the ones
predicted by the theoretical model, thus confirming its ecimess. Fot = 100K, the
largest deviation is within 1.5% and ass increased td000k, the largest deviation gets

bounded to within 0.4%.
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TP-Sim. / TP-Exact

Figure 7-2:Comparison of the aggregate throughput of the distance irs the simulation model and in
the exact model for deterministic node locations and wittiading in the channel where TP-Sim stands for
throughput obtained by simulation and TP-Exact that fromekact analysis. We utilized, = 1, ny = 5,
r=1,r79 =2,z=0.2andt = 100K.

TP-Sim. / TP—Exact

Figure 7-3:Comparison of the total network throughput in the simukatizodel and in the exact model for
deterministic node locations and without fading in the etfenvhere TP-Sim stands for throughput obtained
by simulation and TP-Exact that from the exact analysis. Weed n; = 1, no = 5,11 = 1, 1y = 2,

z = 0.2 andt = 1000k.
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TP-Sim. / TP—Exact

Figure 7-4:Comparison of the aggregate throughput of the distance irs the simulation model and in
the exact model for deterministic node locations and wittiading in the channel where TP-Sim stands for
throughput obtained by simulation and TP-Exact that fromekact analysis. We utilized, = 1, ny = 5,
ry=1,r79 = 2,z = 0.2 andt = 1000k.
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TP-Sim. / TP-Exact

Figure 7-5:Comparison of the total network throughput in the simukatizodel and in the exact model for
deterministic node locations and without fading in the etf@nvhere TP-Sim stands for throughput obtained
by simulation and TP-Exact that from the exact analysis. Weed n; = 2, ny = 10,7 = 1, ry = 2,
z=0.2andt = 100K.

The comparison of the simulation and exact results for toaork throughput for the
case ofn; = 2 andn, = 10 isin Fig. 7-5. We see that the simulation results are very
close to the exact results fax = 2 andn, = 10. This continues to hold for larger values
of n; andny conforming the accuracy of the simulations. The largesiadi®ns from
the theoretical results were found at the boundary values; @ind ps. These deviations
were individually probed to explain possible causes. Whers very low andpy is very
high, we observed that the simulation takes longer to cgevéar some combinations of
ps @andpy values, e.g.(ps, ) = (0.05,0.95). The peculiarity of these cases was due
to the slow convergence of the system to some absorbing(s&tea state for which the
system never gets out once this state happens). Howeverimgntation suggested that
these problems could be solved by increagiagbitrarily. As can be seen in Fig. 7-5, the
other large deviations occurs whegandpy are both very close tb. This deviation is due
to the synchronization issues associated with the sinmatnd it totally depends on the
initial state with which the simulation is started. Overale see that the simulation model
performs very close to the exact analysis and hence it willded in network scenarios

where the exact analysis is not sufficient.

Moreover, we compared the Enhanced Approximate Model testated in Section
5.2.3 with corresponding simulation results. Figures 7-@, and 7-8 show the compar-
isons for the total network throughput, the throughput & tlodes at distancz and of

those at distancé. We see that the Enhanced Approximate Model works well it tthe
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TP-Sim. / TP-App.

Figure 7-6: Comparison of the total network throughput in the simulativodel and in Enhanced Ap-
proximate Model for deterministic node locations and withfading in the channel where TP-Sim stands
for throughput obtained by simulation and TP-App. that fritre approximate model. We utilized = 1,
no=2,n3=4,r1 =1,r9 =2,73 =4,z = 0.2 andt = 100K.
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TP-Sim. / TP-App.

Figure 7-7:Comparison of the aggregate throughput of the distances&tiis the simulation model and

in Enhanced Approximate Model for deterministic node laoa and without fading in the channel where
TP-Sim stands for throughput obtained by simulation andApp- that from the approximate model. We
utilizedn, =1,no=2,n3 =4,7r1 = 1,79 = 2,73 = 4, z = 0.2 andt = 100K.

TP-Sim. / TP-App.

Figure 7-8:Comparison of the aggregate throughput of the distance # irs¢he simulation model and
in Enhanced Approximate Model for deterministic node lama and without fading in the channel where
TP-Sim stands for throughput obtained by simulation andApp- that from the approximate model. We
utilizedn, =1,n9o=2,n3=4,7r1 = 1,79 = 2,73 =4, z = 0.2 andt = 100K.
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Throughput

Figure 7-9: Total network throughput when there areuniformly distributed nodes on a plane (no fading)
with z = 0.2, ¢t = 100K and40 iterations.

Throughput

Figure 7-10: Total network throughput when there ae uniformly distributed nodes on a plane (no
fading) withz = 0.2, t = 100K and40 iterations.

results produced from the model closely match the simulatgsults except fops = 1
andpy = 1 for which some synchronization issues occur with the sitiia as explained

above.

7.2 Random L ocations Without Fading

The transmitters are placed uniformly on a disk of radiwsccording to (3.4). With the
introduction of randomness in node locations, it is esakfirepeat each experiment of
100K slots40 times with different random placement of nodes to get a goedage over
the distance.

Under these settings, Figures 7-9, 7-10 and 7-11 show thénetwork throughput
when there aré&0, 20 and40 nodes in the network. We see that there are two areas of the

plots that have the highest throughput; the first is for ighnd lowpy; area and the second
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Figure 7-11: Total network throughput when there ate uniformly distributed nodes on a plane (no
fading) withz = 0.2, t = 100K and40 iterations.

is the lowps and high (or moderate for = 40) py area. As we know from the previous
analysis in Chapter 5, the former maximum area results outjinput starvation of the dis-
tant nodes whereas the latter gives much more chances éovdgirusers and prevents their
throughput starvation. As a result, we see thatBhaekward Protocol achieves the same
throughput as the traditionédrward models while preventing the throughput starvation of
the distant nodes. Comparing Figures 7-9 and 7-11 we ob#®atvéhe maximum through-
put area corresponding to low value tends to occur for lowes; values as the number
of nodes increases. This is due to the fact that axreases, the probability of failure in-
creases for each node and hence transmitting with veryhiglalue causes considerable

number of collisions.

7.3 Random L ocations With Fading Simulation

We consider the same settings as the previous section ekeeRayleigh fading ternk?
in the received power equation (3.1) is now an exponentradoen variable of unit mean.
This random variable is generated from a uniform randomatéei that is independent of
the random number generators of transmission probabiitiyrende locations. The results
obtained by keeping constant af).2 are given in Figures 7-12, 7-13, 7-14 and 7-15 for
n = 10, 20, 50 and 100 respectively.

We see that there is only one maximum area in the throughptsg which is the lows

area. The reason for not having as high throughput as nogadise whepys is large is that
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Figure 7-12: Total network throughput when there aré uniformly distributed nodes on a disk with
fading in the system for = 0.2, ¢ = 100K and40 iterations.
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Figure 7-13: Total network throughput when there a@ uniformly distributed nodes on a disk with
fading in the system for = 0.2, t = 100K and40 iterations.

Throughput

Figure 7-14: Total network throughput when there as@ uniformly distributed nodes on a disk with
fading in the system for = 0.2, t = 100K and40 iterations.
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Figure 7-15: Total network throughput when there ar@0 uniformly distributed nodes on a disk with
fading in the system for = 0.2, t = 100K and40 iterations.

when there is fading in the system, the nearby node signedsbelcome weak (according
to an exponentially distributed random variable in the algmplitude). Hence the nearby
nodes are not always successful anymore and the high thpatigihthe no fading case
obtained by letting nearby nodes transmit with high proligtioes not happen here. As a
result we see that in the most general settings, namely malydtistributed nodes together
with multipath fading affect in the system, only lgw and high/moderatg; values pro-
duce the highest throughput value. Consequently we coachat theBackward Protocol
achieves higher throughput than fleeward protocolsin the most general network settings
considered. Furthermore, we already know from Chapter ttlieeBackward Protocol is
more fair than théorward model. This suggests that thmckward model gives both high
throughput and more fair results in the most realistic cobos considered in this thesis

satisfying our initial claim.

Here we see a similar trend to what we observed in randomitosatvithout fading
case as well. Namely, as we increase the number of nodes By#iiem, the maximum
throughput point occurs for smallgg values. The reason for this is the same as the no fad-
ing case. However, the maximum throughput point always i&cfar pis < py suggesting

that theBackward Protocol is preferable for the values afconsidered.

Next we present the variation of throughput when we keep tingaer of nodes constant
atn = 10 and vary the receiver power ratio thresheld~igures 7-16, 7-17, 7-18 and 7-19
show the total network throughput fer= 0.1,0.3,0.5 and 0.7 respectively. We observe

that asz gets close td, the total throughput of the system begins to have two maximu
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Figure 7-16: Total network throughput when there aré uniformly distributed nodes on a disk with
fading in the system for = 0.1, ¢t = 100K and40 iterations.
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Figure 7-17: Total network throughput when there aré uniformly distributed nodes on a disk with
fading in the system for = 0.3, ¢t = 100K and40 iterations.

Throughput

Figure 7-18: Total network throughput when there are uniformly distributed nodes on a disk with
fading in the system for = 0.5, t = 100K and40 iterations.
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Figure 7-19: Total network throughput when there are uniformly distributed nodes on a disk with
fading in the system for = 0.7, t = 100K and40 iterations.

areas as in the random locations without fading case. Tlsnefar this is that as gets
close tol, the receiver becomes capable of receiving only a singlkgiat a time. Hence
giving more chances to the user with the strongest powel pgeeluces high throughput
and this corresponds to having a highvalue in our system. Nevertheless, we see that low
s area also produces similar throughput values suggestatgtteBackward Protocol has
comparable throughput forward models even when the receiver tends to a single packet

reception capability.

7.4 Backward Model with Forced Idle Periods

As highlighted in Section 6.1, there is a limitation to tBackward Protocol when the
number of nearby nodes is closedoln such a scenario, there is a high probability that
at least one of the nearby nodes will transmit, even for loles of ps and hence the
throughput starvation of the faraway nodes occur with higibpbility. We suggested a
new protocolBackward Model with Forced Idle Periods to remedy this issue. The state
diagram according to which each node operates (for the casevmodes stay idle for one
slot after each successful transmission) is shown in Fig. B particular, this protocol is

a modification of theBackward Protocol whereby after a successful transmission, a node
becomes silent for some slots before becoming active agjamnumber of slots for which
nodes wait idle after a successful transmission is a desaganpeter to be determined in

the analysis. The assumptions in Section 6.1 apply here lasNegnely, there is no fading
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Figure 7-20: Total network throughput of thBackward Model with Forced Idle Periods for r; = 1,

ry = 2,n1 = 5, ne = 15, 2 = 0.2 and¢ = 100K in the case where nodes stay idle foslots after each
successful transmission.

Throughput

Figure 7-21: Throughput of the nodes at distantdor Backward Model with Forced Idle Periods for

ry =1,r0 =2,n1 = 5,ny = 15,z = 0.2 andt = 100K in the case where nodes stay idle foslots after
each successful transmission.

in the channel and there arg ~ ¢ nodes at distance, = 1 andn, nodes at distance

ro = 2. Figures 7-20, 7-21 and 7-22 show the total network throughipe throughput

of the nearby nodes and that of the distant nodes respegtieeln; = 5, n, = 15 and

z = 0.2 (c = 5). The nodes stay idle far slots after each successful transmission in these
simulations.

The throughput plots for the same network settings but tifmie tvith nodes staying idle

for 8 slots after a successful transmission are presented imgsgqu23, 7-24 and 7-25.

7.5 Backward Model with Dynamic Contention Windows

As described in Section 6.Backward Model with Dynamic Contention Windowsis a more

practical protocol for implementing thmckward model idea. Each node chooses a random

108



Throughput

03 //I"“““

eyl
I""”////I

Figure 7-22: Throughput of the nodes at distanzdor Backward Model with Forced Idle Periods for

rp=1,r0 =2,n1 = 5,ny = 15,z = 0.2 andt = 100K in the case where nodes stay idle foslots after
each successful transmission.

Throughput

Figure 7-23: Total network throughput of thBackward Model with Forced Idle Periods for r; = 1,

ro = 2,n1 = 5, ne = 15, z = 0.2 andt = 100K in the case where nodes stay idle foslots after each
successful transmission.

Throughput

Figure 7-24: Throughput of the nodes at distantéor Backward Model with Forced Idle Periods for

rp=1,r0 =2,n1 = 5,ny =15,z = 0.2 andt = 100K in the case where nodes stay idle &slots after
each successful transmission.
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Figure 7-25: Throughput of the nodes at distanzdor Backward Model with Forced Idle Periods for
ry=1,r0 =2,n1 = 5,ny = 15, 2 = 0.2 andt = 100K in the case where nodes stay idle &oslots after
each successful transmission.
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Figure 7-26: Total network throughput foBackward Model with Dynamic Contention Windows for
ri=1,1r9=2,n1=1,n9=5,2z=0.2andt = 100K.

number uniformly distributed in the intervl, n,] or [0, n (] if the last attempt of the node
was a success or a failure respectively. Each node thanrdents its counter by in
every slot and transmits with probabilitywhen its counter reachés We first evaluate
the performance of this protocol when the node locationsdaterministic and there is
no fading in the system. The trials are repeated 100K timémte a good average over
the randomness in the contention window sizes. We assunsettiegs of Section 5.2.1,
namely, there are two possible distances from the receivet,1 andr, = 2 with n; and
no users at those distances respectively. The total netwookiginput, the total throughput
of the nearby nodes and that of distant nodes as a functioewefral differentn, and
ny values forn; = 1, n, = 5 andz = 0.2 are displayed in Fig. 7-26, 7-27 and 7-28
respectively.

Figures 7-29, 7-30 and 7-31 respectively show the total otwhroughput, the total
throughput of the nodes at distaricand that of the nodes at distarcr n; = 2, n, = 10
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Figure 7-27: Total throughput of the nodes at distaricéor Backward Model with Dynamic Contention
Windowsforry = 1,79 =2,n1 = 1,ny = 5, 2 = 0.2 andt = 100K.
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Figure 7-28: Total throughput of the nodes at distarictor Backward Mode! with Dynamic Contention
Windowsforry = 1,79 =2,n1 = 1,ny = 5, 2 = 0.2 andt = 100K.
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Figure 7-29: Total network throughput of thBackward Model with Dynamic Contention WWindows for
ri=1,1r9=2,n1 =2,ny =10, z = 0.2 andt = 100K.
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Figure 7-30: Total throughput of the nodes at distaricéor Backward Model with Dynamic Contention
Windowsforry = 1,79 = 2,n1 = 2,ny = 10, z = 0.2 andt = 100K.
andz = 0.2.

Finally, we plot the total network throughput when there @aelowed distances from
the receiver. Figures 7-32, 7-33, 7-34 and 7-35 show thé netavork throughput, the
throughput of the node at distanteaggregate throughput of the nodes at distahaad
that of the nodes at distan8eespectively, forn, = 1, n, = 3, n3 = 9 at distances; = 1,

7’2:2and7'3:9.
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Figure 7-31: Total throughput of the nodes at distarictor Backward Mode! with Dynamic Contention
Windowsforry = 1,79 =2, n1 = 2, ny = 10, z = 0.2 andt = 100K.
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Figure 7-32:Total network throughput of thBackward Model with Dynamic Contention \Windows for
rm=1,r=2,13=3,n1=1,ny=3,n3=9,z=0.2andt = 100K.
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Figure 7-33:Throughput of the node at distantéor Backward Model with Dynamic Contention Windows
forry=1,79=2,r3=3,n1 =1,n9 =3,n3 =9, 2 = 0.2 and¢t = 100K.
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Figure 7-34: The aggregate throughput of the nodes at distantm Backward Model with Dynamic
Contention Windowsforr; = 1,7 = 2,713 =3,n1 = 1,n2 = 3,n3 =9, 2z = 0.2 andt = 100K.
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Figure 7-35: The aggregate throughput of the nodes at distanfr Backward Model with Dynamic
Contention Windowsforr; = 1,7 = 2,713 =3,n1 = 1,n2 = 3,n3 =9, 2 = 0.2 andt = 100K.
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Chapter 8

Conclusion and Future Work

Various different examples and analysis in this work iltatt the better performance of
the so calledackward Protocol over the traditional MAC protocols for multipacket recep-
tion networks with spatially distributed nodes. We prowdeious analyses, approximate
models and simulation results to show the validity of theaitieat thebackward model is
preferable to thdéorward model in such networks. In particular we have given an exact
analysis of theBackward Protocol when the node locations are known and no fading in
the system. We proposed two different approximate modelthfs case and showed their
validity through various results. We provided results gsine approximate models for
the cases where the exact analysis was cumbersome to feemMlareover, we provided
simulation results for network settings where both the eaad the approximate analyses
did not apply. We showed that tfgackward Protocol achieves more fair results in all the
cases and better throughput values in most of the casesdeoedi When there is multi-
path fading in the system and the node locations are knowdvarece, we have proposed
an approximate analysis and have shown the better perfasrartheBackward Protocol
over the traditionalorward models.

We formulated an approximate analysis when the nodes ademaly distributed on a
plane without fading in the system and proved the validitthefapproximation by compar-
ing them with analytical results for specific cases. We wéte # show that thbackward
protocol gives more chances to distant nodes and achieves simitarghput values even

in the single packet capture case. We have given a diffepgrbaimate model for the case
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where the node locations are random and there is multipdthdgan the system. We have
demonstrated through simulations that in this general tasbackward model achieves
greater throughput than tHerward model. We proposed a new protocol to remedy the
throughput starvation of distant nodes when the node locstare deterministic and the
number of nearby nodes is comparable to the maximum numbsnufitaneously suc-
cessful transmissions. Finally, we proposed a more prgiiotocol than thdackward
Protocol which carries the essence of thackward model. We showed through simula-
tions that this protocol also achieves better throughpatastteristics together with more
fair results for most of the cases considered.

Our approach in this thesis is from a theoretical point ofwigamely, the protocols we
propose here are to show the validity of the idea behind thesmaore work is needed to
come up with a full practical protocol. As a next step, we motéo develop and analyze
more elaborate backoff mechanisms that will have seveatgdstand will utilize feedback
from the receiver more efficiently. Furthermore, we inteaexplore the option of using
splitting (collision resolution) algorithms for the stedi setting.

Finally, in most realistic scenarios a transmission carebeived by more than one des-
tination (multiple receivers). This provides diversityddiexibility that can be exploited by
the MAC protocol. On the other hand, a transmission canfertervith other transmissions
sent to a few different receivers. Thus, designing an efftdi®@AC protocol for such a set-
ting is a challenging open problem. We would like to propogeaocol that will provide
good performance (including fairness) in a situation inahhtihere are multiple receivers

with multi-packet reception capability.
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Appendix A

Analytical solution of (4.3) and (4.4) in

the case of two nodes

Forn =2 andf.(r) = 1 we have;

Pts

T(T) = 1+ (% — )foaT T(Ilf)d{lf (Al)
Ps Ds O”T
e =1+ 1)/0 (2)da
_ s dr(r) Ps _ yr(ar)a
r(r)2 dr (ptf Lr(ar)
Fora =1
2s _ 1) (r)3
dT(T) — _(Ptf 1> ( ) (A2)

dr Pts

Prs
T(r) =
\/1+2pts(§ —1)r

If « > 1 a similar function can be obtained iteratively. Fig. A-1 wisdhat the results of

numerical analysis are same as the analytical results.
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Figure A-1: The transmission probability obtained analytically andnedically as a function of distance
for pis = 0.2, pgy = 0.05, « = 1 and uniform distribution o2 nodes on a line.
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Appendix B

The Trangtion Probabilities of The
1-Dimensional M arkov Chain of Section
521

Denoting the probability of going from statg) to (m) by P;_.,, we have;

Casel: m >

)
ng —Jj . ‘
(1—(1—p)™) ( . ) PE(1 — pg)2 97k if m < c

Py =

n —
—l—(lpts)"l(Z )ptsl )20 kZ () (1 —pg) ™" ifk<candm >c+1
k k,’U

No — ] )
( ’ ]) (1 — pg)2 797k ifk>c+1
k
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0 ifk>c+1
. c—k .
J j n2—J v ng—j—v ;
(1—pe)™| " |pE(1 - pﬁ)]_kz Pes(1 — prs)™2 77 if k<candn,—j>c—k
F>j—>m = k =0 v
(1 —p)™ / pE(1 — pg)? " if k<candny,—j <c—k
\ k
Case3d:m=
ijm:P1+P2+P3,Where
Pr=(1—-(1—pe™)(1—ps)™’ (B.1)
( . ) ‘
(1 —p)™ (1 — prt)’ ifn,—j<c
Py, = n - Ng — Y iy )
(1= pis)™ (1 — py)? Pl —p)™77" ifng—j>c+1
L v=0 v
( -
0 if j<c
Py — RS -
(1—pe)™ (1= pe)2d > el —pg) ™" ifj>c
v=c+1 \U
\
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Appendix C

Edmundson-M adansky | nequality

Theorem 3 (Edmundson-Madansky Inequality) Let g be a convex function on [a, b] and k

a random variable that takes valuesin the interval [a, b]. Let k be the expected value of .

Then

Proof: We haver < k£ < b and we can writé& as

b—k  k-a

k—b—aa+b—a

Sinceg is convex, we have

b—Fk k—a

o(k) < = g(a) + T

g(b)

Taking the expected values of both sides we obtain (C.1).
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