LB/TH/15/2026
TH6163

Adaptive Scheduling of High Bandwidth Periodic Packet
Switch Sources for Congestion Handling

Suranga Prasad

(169231K)

Degree of Master of Science
Department of Electronic and Telecommunication Engineering

University of Moratuwa

Moratuwa, Sri Lanka

April 2022


User
Typewritten Text

User
Typewritten Text
TH6163

User
Typewritten Text
LB/TH/15/2026


Abstract

Industrial Internet of Things (IIoT) networks are quite prevalent in many types of sectors
today. Also, in the near future, many sensors are estimated to be connected and used.
With the development of sensor technologies, they transmit extra data to the core network.
Optimization methods are crucial to cater to this high bandwidth traffic without expanding
the aggregation servers and links.

This work has proposed a two-tier IIoT network architecture with several scheduling
algorithms at tier one (Data Loggers). The network has been simulated using Omnet-++.
The traffic distribution at the aggregation layer has been compared for several scheduling
algorithms to get the best possible method to optimize the network without using a central-
ized scheduler or controller. The results show that out of the proposed algorithms, the best
methods in terms of distributing traffic are Initial Uniform Slot Selection (IUSS) and Initial
Bernoulli Slot Selection (IBSS) methods.
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Chapter 1

INTRODUCTION

The available bandwidth of communication networks has seen a significant increase in the
recent past with the further promise of additional bandwidth due to significant developments
in the terahertz region [1] [2]. However, demand for bandwidth from Industry 4.0 applications
continues to fill up this newly available bandwidth. This is mainly due to the proliferation of
IToT [3] [4] to allow increased connection of sensors and the integration of big data algorithms
to extract meaningful results [5] [6] [7] [8] [9] with applications such as predictive maintenance
[10] [11], forensic analysis (traceability, security etc.) [8] [12] [13], model predictive control [14]
and self-optimization. The downside of this is the ensuing congestion which negatively affects
performance by causing higher latency [15] and packet drops (i.e., data loss). In the case
of the machine-to-machine traffic, methods for facilitating congestion include methods such
as data reduction through compression [16] [17] and event-based sampling [18] [19] [20] ,of
which the latter can compromise accuracy.

This thesis focuses on distributing network traffic through buffering and scheduled trans-
mission. This requires the data whether compressed or not, to be delay-tolerant to some
extent. Furthermore, periodic data is also desired, or the time-division scheduling will be-
come resource inefficient due to under-utilization. Examples of such sources include smart
meters and data loggers such as those of a chemical plant. If all such sources were to trans-
mit at once, a large traffic burst may result in a higher risk of packet drops [21] [22] which
could be potentially detrimental in the event of a critical packet being dropped. Therefore,
by evening out the traffic, such a situation can be avoided. This thesis looks into strategies

for distributing such traffic in a collision-free manner.



Chapter 2

LITERATURE SURVEY

2.1 Network Traffic Modeling

To illustrate different types of traffic, different models have to be used. For instance, packet-
switched network traffic of a backbone link can be described using a sum of Bernoulli sources
[23]. The main attributes of traffic sources are their average data rate, burstiness, and
correlation [24]. Average data rate refers to the amount of data transferred per unit of
time. Burstiness is a sense that involve data that is transmitted intermittently, and it affects
network congestion and data losses. The correlation is the relation between packet arrivals
at different times.

Since simple traffic models are essentially counting processes that count the number
of packets that arrive in a specific time interval, they are sometimes referred to as point
processes. These point processes can produce a random sequence representing the time
intervals between packets. Several random processes are combined to create more complex
traffic patterns [25] [24].

The use of fluid flow models is the other extreme in traffic modelling [25]. The traffic is
divided into flows based on average and burst data rates in fluid flow modelling. The goal of
these models is to look into traffic at the aggregate level, such as Ethernet traffic or traffic
arriving at Internet service provider ingress and egress points. Individual packet arrivals and

departures are not considered in fluid flow models [26].

2.1.1 Poisson Distribution Model

The Poisson Model is one of the most extensively used and oldest traffic models. In tradi-
tional telephone networks, the memory-less Poisson distribution is the most commonly used
model for traffic analysis [26]. If the arrivals come from many independent sources (known

as Poisson sources), the Poisson distribution is appropriate. The mean and variance of the



distribution are equal to the parameter A [26].

Poisson processes have several interesting analytic characteristics. First, the superposi-
tion of separate Poisson processes yields a new Poisson process with a rate equal to the total
component rates. Second, the independent increment property renders Poisson a memory-
less process. As a result, queuing issues involving Poisson arrivals are considerably simpli-
fied [27]. Third, Poisson processes are commonly used in traffic applications that include
many distinct traffic streams, each of which can be highly general. The theoretical basis
for this phenomenon is known as Palm’s Theorem. This theory has been widely applied in
many fields. It was mathematically improved by Khintchine and is widely relevant in many
fields [28].

Therefore the theorem is called as Palm-Khintchine theorem. It states that aggregate
traffic can be approximated with a Poisson process under specific conditions and for a more
significant number of streams [29]. So, traffic streams on main communications arteries are
mainly considered Poisson processes. Nevertheless, aggregated traffic does not need to be a

Poisson process always.

2.1.2 Self-Similar Traffic

Self-Similar signals replicate themselves in time scale with multiplicative changes [30]. Thus
a self-similar waveform will have the same shape if we scale the time axis up or down [24]. To
explain traffic on Ethernet LANs and variable-bit-rate video services self-similar statistical
model can be used [31] [32]. The main attribute of this model is the presence of “equally-
looking” bursts at any time scale [26].

The result of self-similarity is for introducing long-range auto-correlation into the traffic
stream, which is perceived in practice. This is a reason for higher traffic volumes, although
the average traffic density is low. So, if a switch or router is selected due to Poisson traffic-

based simulations, it will be experienced unexpected buffer overflow and packet losses [24].

2.1.3 Pareto Distribution Process

This distribution is different from a normal distribution, and it tells, that most of the data

exist at the extremes. The probability and cumulative distribution functions are mentioned

below.
fla) = 2 21)
Flz)=1- (%)b (2.2)



The parameter a is the lower bound, b is the shape, and the random variable x has values
limited in the range a < x < oo. This distribution is applied to self-similar model arrivals
in network traffic [33]. The essential attributes of the Pareto distribution are that it has an

infinite variance when b > 2 and achieves an unlimited mean when b < 2.

2.1.4 Flow Traffic Models

Flow traffic models obscure the intricacies of the many traffics moving through the network
and substitute them with flows with several defining factors. The models that result are
simple to create, measure, and monitor [24].

A flow contains consistent addressing and service requirements for an end-to-end applica-
tion [34]. These specifications establish a flow specification, sometimes known as a flow spec,
used in throughput and service modelling. Single flows from different sessions or applications
are joined to form composite flows with the same path, connection, or service needs [26].
When the network reaches a specific hierarchy level, composite flows are integrated into back-
bone flows. It’s easier to incorporate flow features and deal with a smaller data collection
when you describe flows in this way. Depending on the Quality of Service (QoS) required by
the users, a core router could divide incoming data into individual flows, composite flows,
and backbone flows [24]. As a result, the number of service queues is reduced, and the
scheduling method in the router is simplified.

In most networks, most flows are low-performance backbone flows; some composite flows
will also present, but high-performance individual flows will be limited. High-performance
flows will influence the design of the switch’s scheduling algorithm and the size and number of

queues required because they often have demanding latency and/or bandwidth requirements

[24].

2.1.5 Leaky Bucket Algorithm

Traffic bursts which lead to data losses and network congestions could be observed in any
network. So, several mechanisms have been proposed to regulate and smooth out these
bursts, such as traffic shaping and policing [24].

The leaky bucket is a traffic shaping algorithm that controls the maximum traffic rate
arriving from a source. This algorithm defines a maximum rate that the aggregation node can
handle. The leaky bucket forwards the traffic if the input rate is lower than the maximum. If
the input rate is higher than the maximum rate, leaky bucket forward traffic at the maximum
rate and excess data is buffered. If the buffer is fully utilized, the excess data will be lost [35].



2.2 Scheduling Algorithms

To use limited resources of the network elements effectively, a scheduling algorithm must be
applied to each switch or router. The most critical resources are link bandwidth and buffer
spaces. The key features of a scheduler in a network are, providing required QoS, selecting
the least damaging packet to drop during congestions and providing impartial sharing of

network resources among different users [24].

e Packet selection policy

Several packets will demand access to a specific output port in an ordinary switch or
router. The next packet to be transmitted should be selected and rest of the pack-
ets must be kept in an intermediate buffer. According to the service types of the
queues, multiple categorization policies could be established according to the types of
queues. Some programs, for example, have strict real-time latency and jitter limits,
whilst other applications accept to change their behaviour depending on the network
condition. Many Internet services are handled utilizing a best-effort packet transport

policy without having bandwidth or delay assurances at the time of writing [36] [37].

e Packet dropping policy

Because packets must be kept in each network switching node, buffer storage in a
switch is a resource that must be shared among multiple users or sessions. The switch
buffers fill up during periods of congestion, and the scheduler must determine which
packets to drop [38] [39] [40].

e Fair Sharing Policy

Users must share switch resources such as available output link bandwidth and local
buffer space. Due to the many types of services provided by the switch, equitable
resource sharing is not the ideal solution. Instead, the scheduler must distribute these
finite resources fairly so that each user receives their fair portion based on their service
class. Isolation or protection is another issue related to equitable sharing. This is re-
quired because not all users abide by their agreed-upon data rate. When this happens,
the misbehaving user begins to consume resources at the expense of other users who

are behaving properly [41].

2.2.1 Scheduling as a Problem of Optimization

From the foregoing, it is intelligible that the scheduling problem is an optimization problem,

as the scheduler distributes limited resources among user traffic, affecting the quality of
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Figure 2.1: Virtual output queuing (VOQ) and output queuing switches with different
queues for each service class
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QoS. The scheduling techniques mentioned in the following sections are entirely heuristic,
and there is no mathematical proof that the proposed scheduling policy is optimal [24].

Based on the transportation problem optimization technique, the author created a hi-
erarchical scheduler [42]. Over the use of the transportation problem technique [42], [43],
different QoS kinds such as delay-sensitive traffic and bandwidth-sensitive traffic can be
optimized through the same switch.

Finding the best answer to a transportation challenge is complex and may take some time.
However, using computational geometric notions, the author devised a simple greedy method
for addressing the transportation problem. Because the approach uses simple add/subtract

operations, it is quick to compute [42].

2.2.2 Scheduler Location

A scheduler should be placed in the switch or router where packets are buffered and where
packets must share a resource like a switch fabric or the output links.

Each service class should have its dedicated buffer if the switch can support multiple
quality services. Figure 2.1 shows two buffer locations in switches. The SF rectangles
represented the switching fabric responsible for providing connectivity between each input
and output port. The buffers are situated at each input port in the top figure of an input
queuing switch. The figure on the bottom shows an output queuing switch where the buffers
are located at each output port. Multiple buffers are displayed at each input or output port
when numerous service classes are supported.

Regardless of the buffering mechanism used, packets will compete for shared resources,



necessitating the use of a scheduling algorithm. There are three types of shared resources
depicted in the diagram: (1) the buffer storage space; (2) the switch fabric (SF); and (3) the
output links (i.e., available bandwidth) [24].

2.2.3 Scheduler Design Challenges

Scheduler designers have to face several issues and challenges, which have been reviewed in

the following subsections.

e Priority

Equality is not acceptable for network traffic handling in many cases. Because some
packets are more important than others. So, a parameter to differentiate packets from
each other is called priority value [44]. There are two types of methods to assign
priority for packets. They are static and dynamic. Static priority does not change over
time, whereas dynamic priority allocation changes according to the network’s time and

traffic volume.

e Degree of Aggregation

The scheduler must store state information of each user or connection to deliver guaran-
teed QoS. When using that kind of scheduler, designers have to face several difficulties
such as constraints on scaling, implementation challenges, and mapping between ap-
plication and network service parameters [45]. Many states reduce the scheduler’s
performance and limit the number of users that can handle. Other schedulers group
numerous connections into classes to decrease state information and workload. This
method is more productive because it deals with enormous network traffic and has a
configurable per-hop behaviour [46]. Even when the quality level varies, the differen-
tiated services scheduler maintains stable ratios of quality of service ratios between
service classes. The cost of aggregating traffic is the loss of deterministic QoS guaran-
tees, as each connection’s state is lost. High-level aggregation servers assure QoS on
a probabilistic basis. In other words, because the scheduler only maintains track of
groups of users, it loses precise information about each user’s condition. The number
of states that must be reviewed and updated is reduced. For groups of users, guar-
antees on QoS can be made, but each user cannot be guaranteed a precise quality of

service [24].

e Work-Conserving Versus Nonwork-conserving

A work-conserving method is idle when all of the priority queues are empty. A nonwork-

conserving method may not transfer a packet even when the priority queues are full.



This may occur, for example, to reduce delay jitter [47]. In theory, this is an excellent
idea, but it is never implemented. Typically, work-conserving algorithms produce less

average delay than nonwork-conserving algorithms.

Work-conserving methods include generalized processor sharing [48], weighted fair
queuing [49], virtual clock [50], weighted round-robin [51], delay earliest-due date [52],
and deficit round-robin [53]. Non-work-conserving techniques include stop-and-go, jit-
ter earliest-due date [54], and Rate Controlled Static Priority (RCSP).

e Packet Drop Policy

Schedulers must choose which packet to serve next and which packets to drop if the
system’s resources become overburdened. Dropping packets can be done in various
ways, including dropping packets that come after the buffer reaches a specific level of
occupancy (this is known as tail dropping) [55]. Another alternative is to drop packets
based on their priority from any point in the buffer. A third option is to drop packets

at random whenever the system’s resources become overloaded [24] [38] [39] [40].

2.2.4 Rate-Based Versus Credit-Based Scheduling

Rate-based and time-based scheduling methods are two types of scheduling methods. A rate-
based scheduler chooses packets depending on the data rate that the service class has been
assigned. Virtual clock [56], weighted fair queuing [57] [58], hierarchical round-robin [59] [60],
deficit round-robin [61] [62], rate-controlled static priority [63] are few examples for rate-
based scheduling methods. Rate-based procedures provide for a wide range of approaches to
determining a service policy [64]. Some of the strategies are difficult to execute because they
necessitate complicated mathematical calculations and knowledge of the statuses of various
flows. However, because they translate these requirements into equal bandwidth, they can
only make guarantees based on the maximum delay or delay jitter limitations. This is the
algorithm’s weak point because offering bandwidth guarantees to achieve latency overlooks
the traffic stream’s real bandwidth requirements. This would result in an unfair allocation
of bandwidth to other services with legitimate QoS bandwidth requirements [24].

Time-based schedulers select packets based on the arrival time. The earliest-due-date for
delay [65], earliest-due-date for jitter [66] [65], and lowest response time [67] are few examples
for time-based scheduling methods. Scheduler-based approaches necessitate keeping track
of particular packet arrival timings and calculating packet priority based on the packet
arrival time and the deadline. To give end-to-end delay and delay jitter assurances, the
scheduler must be deployed at all switching nodes, and incoming traffic must closely match
the predicted model [24].
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Figure 2.2: FIFO Scheduling

2.2.5 Analysis of Common Scheduling Algorithms

The rest of this chapter goes over various scheduling algorithms, ranging from those that
provide best-effort traffic with no performance guarantees to those that support guaranteed

services with bandwidth and delay limitations.

1. First-in/first-out (FIFO)

FIFO is a prevalent method which serves based on the arrival time of the user [68] [69].
All users have equal priority, and the arbitration rule is based on packet arrival time.
This approach is commonly used to store incoming packets in queues that can be linked

to input or output ports. Figure 2.2 shows the FIFO algorithm.

FIFO is straightforward to set up, and packet insertion and deletion are especially sim-
ple, requiring no session information to be maintained. However, because the server
cannot discriminate between packets belonging to different users, this becomes a disad-
vantage. As a result, certain users may misbehave and fill up a considerable percentage

of the queue, increasing the likelihood of other users’ packets being dropped [24].

When all incoming flows are queued in a single queue, greedy users that engage in long
bursts of activity will take up the most of the queue capacity, putting other flows at
risk. Packets at the back of the line are dropped when the queue is full. This is why
this strategy is referred to as FIFO with tail drop [70] [71]. Because of its simplicity,

this method is used by the majority of routers.

FIFO does not provide per-connection latency or rate guarantees since priority is de-
termined by arrival time. Limiting the queue size so that the maximum delay equals
the time it takes to serve a full queue is one technique to create delay constraints.
Naturally, once the queue size is restricted, there is a chance that an arriving packet
will be deleted if it arrives when the queue is already full [24]. The number of sessions

should be limited to minimize the likelihood of packet discard.



2. Static Priority (SP) Scheduler

Different priorities are allocated to different queues in a static priority scheduler. In-
coming data is forwarded to the appropriate queues based on its priority. Only if all
of the higher priority queues are empty do the scheduler service packets in a lower
priority queue [69] [72] [73].

3. Round Robin (RR) Scheduler

Backlogged sessions are served in a defined order by the round-robin scheduler [74] [75].
When the scheduler finishes transmitting a packet from session 1, for example, it
advances to session 2 and checks if any packets are ready to be transmitted. The
scheduler returns to the initial session after running through all of the sessions, hence

the name round-robin [24].

This scheduler’s key features include ease of hardware implementation and protection
of all sessions, including best-effort sessions [76]. A greedy or uncontrollable user will
be unable to send more than one packet every round. As a result, other users will not
be penalized. Such an user will only succeed in overflowing its buffer, resulting in data
loss. However, the long packets will be transferred because the scheduler serves total

packets. Other sessions with short packets to send may experience a delay due to this.

2.3 Aggregated Traffic Patterns Analysis

Traffic generated from distributed sensor nodes is aggregated into the Internet of Things
(IoT) architecture at different levels. Those points can be a gateway or load balancers of
an [oT cloud system. To evaluate the resource requirement of such systems, analytical
approaches are essential, since test-beds and simulations are constrained by several factors.
From this section, we will specially discuss the superposition of periodic traffic processes. For
a large number of asynchronous nodes, the Palm-Khintchine theorem can be used [77] [29]

to approximate the aggregated traffic to a Poisson process.

2.3.1 Periodic behavior of sensor networks

We can roughly classify IoT sensor networks into two types according to their communication
modes. They are periodic and event-based networks [78] [79]. An example of an event-driven
application is a motion detection sensor in a smart home. They have triggered an event only
if detected a moving object. But, even in this example, someone can assume this has a
periodic behavior as well. For instance, leaving and returning to the home almost equals in

every day. So it is predictable and periodic [80].

10



Naturally, most of the sensor networks types are periodic. A well-known example of
these types of sensor networks is smart grids. This includes management, supervision, and
maintenance of power generation and distribution network other than collecting of current
power usage from industrial and residential smart meters [81].

In this thesis, we have considered the sensor nodes are generating messages and trans-

mitting towards the aggregating points periodically.

Definition 1. Periodic Traffic: If the traffic generating process is periodic, a single node 1

generates messages at time T; . in sampling periodic k (which is a natural number) such that

Tik =t + KT, (k € N) (2.3)

The time between two messages are equals to a constant T; and the first message sending

time ti = T4,0-

2.3.2 Swuperposition of a large number of binomial random pro-

cesses

According to the de Moivre-Laplace theorem, which is a special case of the central limit the-
orem, states that the normal distribution may be used as an approximation to the binomial
distribution under certain conditions. In particular, the theorem shows that the probability
mass function of the random number of “successes” observed in a series of m independent
Bernoulli trials, each having probability p of success (a binomial distribution with m trials),
converges to the probability density function of the normal distribution with mean mp and

standard deviation mpy/1 — p, as n grows large, assuming p is not 0 or 1.

11



Chapter 3

THE SYSTEM MODEL AND
PROBLEM FORMULATION

3.1 Problem Formulation

Due to the power constraints, it is infeasible to design a large-scale wireless sensor network
using centralized algorithms [82]. As a solution, distributed IoT network models were in-
troduced. Due to the decentralized architecture, it is really important to have a method to
manage congestion using a proper scheduling method [83]. It can reduce the link and central
nodes’ resource utilization, traffic drop, and delay.

FIFO and RR scheduling methods are simple to implement. But, if the input rate
is higher than the scheduler’s output rate, packets are dropped without considering the
message’s priority. Static priority and adaptive priority methods are important if the network
considers the QoS. But, these scheduling methods are based on a centralized server. To
implement the network, proper central nodes are required. Most probably, they increase the
CAPEX cost.

Time slot synchronization algorithms [84] [85] [86] are specially designed for decentralized
networks. For time synchronization, sensors have to exchange their information with each
other. This adds extra signaling traffic to the network. Similarly, protocol based congestion
control methods [87] [88] [89] [90] also add extra signalling traffic to the network. On other
hand, sensors and other network elements should be customized to handle those special

protocols.

3.2 System Model

The thesis suggested a two-tier network model for a decentralized sensor network with simple

random slot selection methods to minimize the congestion at the aggregation layer by evening

12
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out the traffic without using centralized management servers or adding extra traffic to the
network. Data-Logger (DL) are the access layer (Tire 1) nodes and Global-Aggregator (GA)
is the aggregation layer (Tier 2) node.

A single sensor is a traffic source that transmits messages randomly to DLs. Each DL
has connected with M, number of sensors. DL ¢ can store data and transmit it to the GA in
a randomly selected time slot in each sampling period T;. The GA has connected with My
number of DLs (Figure 3.1).

DLs can transmit the traffic in three different methods:

1. Source is synchronized, t; = t, and T; =T, Vi;
2. Source is asynchronous and sampling period is same, t; # t; and T; = T

3. Source is asynchronous and sampling period is different, ¢; # t; and T; # T

Here, T; is the sampling period of DL ¢ and t; is the first message transmission time of DL
1. Periodic batch arrivals can be used to model synchronous sources. Then the superimposed
process takes on the same characteristics as the individual processes. However, it is logical
to presume that the IoT traffic sources are asynchronous in a practical scenario. From this
thesis, homogeneous asynchronous periodic traffic with the same periodicity has been mainly
discussed.

Since DLs are connected to many sensors, they transmit many data packets in a selected
time slot. From this thesis, we have analyzed the traffic distribution at the GA by proposing

several slot selection methods to transmit data from DLs to the IoT cloud.

13



Chapter 4

MAIN RESULTS

As mentioned in earlier sections our main target is to re-distribute the network traffic to
minimize the buffering and congestion at the aggregation layers. This could be achieved
by using the proper evening out method at DLs without using a centralized controlling
mechanism (Figure 3.1). From this section, we have discussed several slot selection methods

(Figure4.1) to even out the traffic over time.

4.1 Traffic Distribution at Data-Logger

Messages arriving to the DLs from sensor nodes is an example of an arrival process which can
be mathematically described as stochastic point processes [77]. From the Palm-Khintchine
theorem, it can be assumed the traffic at the DL is a Poisson process. Once messages arrive

at a DL, it should buffer them until the next transmission time slot.

Figure 4.1: Random Slot Selection
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4.2 Traffic Distribution at Global-Aggregator

The individual traffic flows from each data logger occur during a large time slot. Therefore,
the summation of the identical randomly selected slots will form a multinomial distribution.
For a single slot, the traffic distribution will be the marginal distribution of the multinomial
distribution, which is binomial. When the number of DLs is large, it will converge to a
Gaussian distribution by the Laplace De-Moivre theorem.

However, from the Palm-Khintchine Theorem, the individual packets of the logged data
will follow a Poisson arrival distribution and result in a Poisson sum. This Poisson sum will
converge to a Gaussian distribution with equal mean and variance. Therefore, the test of
equal variance and mean of the Gaussian distribution is done to check the Poisson model or

multinomial model best describes the result.

4.3 Random Uniform Slot Selection (RUSS)

In this method, DLs were initialized randomly within the first sampling period to simulate
asynchronous data sources and assumed the sampling period is T for every DL. One sampling
period has been divided into N number of time slots. The transmission time slot n is a
discrete uniform random variable and has to be calculated in every sampling period. After
selecting the time slot, buffered data can be transmitted to the GA. Figure 4.2 shows the
slot selection process of this method. In the figure, ¢ty and ny represent the initial time and
initial time slot respectively. n,  is the selected time slot of the i* DL at k™ sampling period

(i,k € N).
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Figure 4.3: Expected value and Variance of the distribution at the aggregator (RUSS)

Algorithm 1 Random Uniform slot selection (RUSS)

1: for each Local Aggregator do

2 if initialized = False then

3 Select the initial time randomly

4: nitialized = True

5: else if initialized = True then

6 for each sampling time period do

7 n=select the transmission time slot according to a Uniform distribution
8 transmit data at n'* time slot

Figure 4.3 shows the deviation of the expected value and the variance of the traffic
distribution at the GA. The number of DLs were increased from 1000 to 2000, while each
DL was connected with 100 sensor nodes. We assume the size of messages transmitted by a

sensor node equals 10kB.

4.4 Initial Uniform Slot Selection (IUSS)

The initialization part is the same as the earlier method. The sampling period is T' for
every DL, and it has divided into N number of time slots. The transmission time slot n is a
discrete uniform random variable and has to be calculated only in the first sampling period

after the initialization. After selecting the time slot, it can be used to transmit data in every
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Figure 4.4: TUSS slot selection

sampling period (Figure 4.4).

Algorithm 2 Initial Uniform Slot Selection (IUSS)

1:
2
3
4:
5:
6
7
8
9

10:
11:
12:

for each data logger do
if initialized = False then
Select the initial time randomly
mitialized = True
else if initialized = True then
for each sampling time period do

if time-slot-selected = False then

n=select the transmission time slot according to a Uniform distribution

time-slot-selected = True
transmit data at n'* time slot

else if time-slot-selected = True then
transmit-data-at n'* time slot

sensor node was equal to 10kB (Figure 4.5). Quantile-Quantile plot (Figure 4.6) proved
that the traffic distribution for a higher number of DLs has been converged to a Gaussian

distribution.

Figure 4.5 shows the deviation of the expected value and the variance of the traffic
distribution at the GA. The number of DL ware increased from 1000 to 2000, while each

DL connected with 100 sensor nodes. We assumed the size of messages transmitted by a

4.5 Initial Bernoulli Slot Selection (IBSS)

The initialization part is the same as the earlier methods. The sampling period is T" for every
DL, divided into N number of time slots. The transmission time slot n is selected according

to a Bernoulli trial. The probability of success p should be equal to 1/N. If any DL fails to
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Figure 4.6: Quantiles comparison of the distribution of IUSS
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select the time slot within the first sampling period T, data will be transmitted at the final
time slot (N time slot). Then the time slot of those DLs should be selected again in the
next sampling period. This process should be performed until every DL selects a time slot
according to the Bernoulli process. After selecting the time slot, it can be used to transmit

data in every sampling period (Figure 4.7).

Algorithm 3 Initial Bernoulli Slot Selection (/BSS)

1: for each Data Logger

2 if initialized = False then

3 Select the initial time randomly

4: initialized=True

5: else if initialized = True then

6 for each sampling time period do

7 if time-slot-selected = False then

8 for n in 0:N do

9 n=select and transmit data if random(' Binomial’,1,1/N) =1

10: time-slot-selected = True
11: else if time-slot-selected = True then
12: d transmit-data-at n'" time slot

o

Un-synchronized DL are essential in this method, since each DL cannot select the trans-
mission slot at the first N time slots. If the DLs are synchronized, many of them transmit
data at the last time slot of the interval. So, it would generate a large traffic spike at the
GA. Figure 4.8 shows the simulation results for such model.

If DLs are initialized asynchronously, we can minimized the impact of above issue. Figure
4.9 shows the simulation results for asynchronous DLs.

Figure 4.10 shows the deviation of the expected value and the variance of the traffic
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distribution at the GA. The number of DLs were increased from 1000 to 2000, while each
DL was connected with 100 sensor nodes. We assume the size of messages transmitted by
a sensor node equals 10kB (Figure 4.10). Quantile-Quantile plot (Figure 4.11) proved that

the traffic distribution for a higher number of DLs is a Gaussian distribution.

4.6 Random Bernoulli Slot Selection (RBSS)

This method is almost equals with IBSS method. The difference is, the time slot should be
selected in every sampling period (Figure 4.12).
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Algorithm 4 Random Bernoulli Slot Selection (RBSS)

1: for each Data Logger

2 if initialized = False then

3 Select the initial time randomly
4: initialized=True

5: else if initialized = True then
6 for each sampling time period do
7 for n in 0:N do

8

n=select and transmit data if random(’ Binomial’,1,1/N) =1
do

4.7 Random Uniform Slot Selection with Path Initial-
ization (RUSSPI)

Initialization of the DLs is performed similarly to the earlier methods. Slot selection also
equals with the TUSS. In this method, DLs partition data into smaller packets (size of the
packet Yy) and transmit them one by one to the IoT Cloud. Before sending each packet, DL
should initialize the path with GA using “SYN” and “ACK” messages.

This method is proposed for IoT networks requiring a lower packet loss rate and the
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correct data sequence. To set up this algorithm, DLs should have more computational
capabilities. Also, the packet transmission rate between DL and GA is lower than in earlier

methods. These reasons lead to a higher cost.

Algorithm 5 Random Uniform Slot Selection with Path Initialization RUSSPI logic
1: for each Data-Logger do

2: if initialized = False then

3: Select the initial time randomly

4: initialized=True

5: else if initialized = True then

6: for each sampling time period do

7: select the transmission time according to a Uniform RV
8: Transmit SYN message

9: if ACK received then

10: transmit the first data chunk

11: if ACK for the above data chunk received then
12: transmit the next data chunk

13: Continue until all stored data transmitted.
14: else if ACK not received then

15: Wait predefined amount of time

16: send the SYN message again and wait for ACK

Controlling messages (SYN and ACK) add extra traffic to the system. If the packet size
of SYN and ACK messages (Y.) are larger enough with respect to a data chunk, the added
extra traffic is considerable. But if Y; >> Y, the added traffic would be negligible.

This is simulated using Omnet++ to know the best value for the data chunk to transmit
from DLs. For this simulation, eight sensors were connected with one DL, and 1024 such DL
were connected with one GA. Assuming the number of slots per one sampling period (T')
is N = 128, measured the re-transmissions (number of re-transmitted bits) for several link

capacities. Outputs are shown in Figure 4.14 and Table 4.1.

4.8 Comparison

According to the figures 4.3 and 4.13, the mean (expected value) and variance are different in
RUSS and RBSS methods. But, according to the figures 4.5 and 4.10, the mean and variance
are almost equals in TUSS and IBSS methods. Which means, Poisson model describe the
IUSS and IBSS methods whereas RUSS and RBSS methods are described by multinormial
model.

Figures 4.15, 4.16, 4.21 and 4.18 show the distribution of the packet drops when up-link
size of the aggregator is 20Mbps. We can clearly observe higher packet drop ratio in RUSS
and RBSS methods. Figures 4.19, 4.20, 4.17 and 4.22 show the traffic distribution variation
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Maximum throughput of the link (Mbps)

Number of re-transmissions for different capacities

Maximum 3 packets per ac- | 4 packets per ac- | 8 packets per ac- | 12 packets per
throughput  of || knowledgement | knowledgement | knowledgement | acknowledge-
the link (Mbps) ment

2.0 55274900 60664100 91836400 142566000
2.1 30555800 32137900 61787900 94450000

2.2 22377800 22433800 38590700 46596000

2.3 12698400 16177400 24443200 38596000

2.4 10216400 11708700 20717400 30426100

2.5 7674540 8201120 16082800 21028700

2.6 6029140 6550020 11241800 14024100

2.7 4006400 4922810 7885610 11318000

2.8 2747930 3443650 5965380 7931060

2.9 2311550 2243420 4233870 5019500

3.0 1365570 1857590 2593370 3805790

Table 4.1: Number of re-transmissions
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Figure 4.19: RUSS-IoT traffic combined with packet switched network backbone traffic

of each methods, after combining with a packet switched network traffic which was modeled

by referring [23].
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Figure 4.20: TUSS-IoT traffic combined with packet switched network backbone traffic
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Figure 4.21: IBSS-IoT traffic combined with packet switched network backbone traffic
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Figure 4.22: RBSS-I0T traffic combined with packet switched network backbone traffic
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Chapter 5

CONCLUSION

In this thesis, we have discussed several traffic transmission algorithms to even out the
distribution at the aggregation nodes over time. To compare the outcomes, coefficient of
variation of each model for different number of DLs has been plotted in Figure 5.1 and
Figure 5.2.

Figure 5.1 shows the coefficient of variation among different distribution methods when
the aggregation layer is receiving traffic only from the IoT network. In this graph, there
are clear differences among different distribution methods. [USS and IBSS methods have
lower coefficient of variation than other two methods (RUSS and RBSS). This means [USS
and IBSS methods are better than the other two methods to even out the traffic at the
aggregation layer. Also, RUSS and RBSS methods required more CPU power to calculate
the slots at each transmission period. So, both RUSS and RBSS are effective and simple
methods to implement at the access layer in [oT sensor networks.

Figure 5.2 shows the coefficient of variation among different distribution methods while
the IoT network is combined with a packet-switched network backbone at the aggregation
layer. Since the normal user traffic is dominant, the variation of “coefficient of variation” is
almost equal in each distribution method. However, the coefficient of variation has decreased
for a larger number of DLs, which indicates the traffic has been more evenly distributed at

the aggregation layer when the number of DLs are increasing.
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