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ABSTRACT OF THE DISSERTATION

Energy-Efficient Node Deployment in Wireless Sensor Networks
By
Saeed Karimi-Bidhendi
Doctor of Philosophy in Electrical Engineering and Computer Science

University of California, Irvine, 2022

Chancellor’s Professor Hamid Jafarkhani, Chair

With recent advances in communication, sensing, computing, and battery capacity, wireless
sensor networks (WSNs) have emerged as a viable technology for monitoring and surveillance
purposes in numerous applications such as precision agriculture, healthcare monitoring, and
industrial monitoring. However, battery power depletion has remained the most pivotal
factor in network failure since sensors are driven by battery that are infeasible to replenish,
especially in hostile environments. This calls for innovative approaches for improving the

energy-efficiency of WSNs and extending their lifetime.

Empirical measurements have demonstrated that wireless communication dominates the net-
work’s energy consumption. Node deployment plays a crucial role in energy-efficiency of the
WSN since electromagnetic wave propagation dampens as a power law function of the dis-
tance between the transmitter and receiver. In this dissertation, by making a resemblance
between network nodes/cells and quantization points/regions, I aim to find the optimal
deployment, cell partitioning, and data routing that minimizes the wireless communication
power consumption of these networks. In particular, I considered the effect of both large-scale
path-loss signal attenuation and small-scale signal fading and modeled the node deployment
problem as an optimization problem with the total power consumption of the network as its

cost function. To tackle the resulting NP-hard optimization problem, I derived the necessary

xiil



conditions for optimal deployment, cell partitioning, and data routing under various network
setups and environmental conditions. My theoretical results are then embedded in iterative
algorithms to yield energy-efficient deployment and optimal intercommunication protocol for

network nodes.

One of key contributions in this dissertation is addressing challenges that arise under various
hardware settings, such as homogeneous versus heterogeneous and static versus mobile nodes,
in addition to various network architectures, such as two-tier versus multi-hop. Simulation
results show that, regardless of the distribution of events to be sensed by sensor nodes,
the proposed deployment algorithms outperform previous state-of-the-art methods in the
literature by a significant margin. In particular, the proposed algorithms improved these
networks’ energy efficiency and lifetime by up to a factor of two compared to existing work
in the literature. This, in turn, reduces the cost of such networks and demonstrates their

potential as a sustainable, rigorous, and cost-effective monitoring system.
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Chapter 1

Using Quantization to Deploy
Heterogeneous Nodes in Two-Tier

Wireless Sensor Networks

1.1 Introduction

Wireless sensor networks (WSNs) have been widely used to gather data from the environment
and transfer the sensed information through wireless channels to one or more fusion centers.
Based on the network architecture, WSNs can be classified as either non-hierarchical WSNs in
which every sensor node has identical functionality and the connectivity of network is usually
maintained by multi-hop wireless communications, or hierarchical WSNs where sensor nodes
play different roles as they are often divided into clusters and some of them are selected
as cluster head or relay. WSNs can also be divided into either homogeneous WSNs [41,
21, 20, 10], in which sensors share the same capacity, e.g., storage, computation power,

antennas, sensitivity etc., or heterogeneous WSNs where sensors have different capacities



51, 38, 42, 79].

Energy consumption is a key bottleneck in WSNs due to limited energy resources of sensors,
and difficulty or even infeasibility of recharging the batteries of densely deployed sensors.
The energy consumption of a sensor node comes from three primary components: commu-
nication energy, computation energy and sensing energy. The experimental measurements
show that, in many applications, the computation energy is negligible when it is compared
to communication energy[4, 87]. Furthermore, for passive sensors, such as light sensors and
acceleration sensors, the sensing energy is significantly small. Therefore, wireless communica-
tion dominates the sensor energy consumption in practice. There are three primary methods
to reduce the energy consumption of radio communication in the literature: (1) topology
control[64, 107], in which unnecessary energy consumption is avoided by properly switching
awake and asleep states, (2) energy-efficient routing protocols [10, 48], that are designed to
find an optimal path to transfer data, (3) power control protocols [58, 78|, that save com-
munication energy by adjusting the transmitter power at each node while keeping reliable
communications. Another widely used method, Clustering [112, 58|, attempts to balance
the energy consumption among sensor nodes by iteratively selecting cluster heads. Unfortu-
nately, above MAC protocols bring about a massive number of message exchanges because
the geometry and/or energy information are required during the operation [112]. Also, the
node deployment is known and fixed in the aforementioned energy saving approaches while

it plays an important role in energy consumption of the WSNs.

In this paper, we study the node deployment problem in heterogeneous two-tier WSNs
consisting of heterogeneous APs and heterogeneous FCs, with distortion defined as the total
wireless communication power consumption. The optimal energy-efficient sensor deployment
in homogeneous WSNss is studied in [41]. However, the homogeneous two-tier WSNs in [41]
do not address various challenges that exist in the heterogeneous two-tier WSNs, e.g., unlike

regular Voronoi diagrams for homogeneous WSNs, the optimal cells in heterogeneous WSNs



may be non-convex, not star-shaped or even disconnected, and the cell boundaries may
not be hyperplanes. Another challenge that exists in the heterogeneous two-tier networks
is that unlike the homogeneous case [41], or heterogeneous one-tier case [60], some nodes
may not contribute to the energy saving. To the best of our knowledge, the optimal node
deployment for energy efficiency in heterogeneous WSNs is still an open problem. Our main
goal is to find the optimal AP and FC deployment to minimize the total communication
energy consumption. By deriving the necessary conditions of the optimal deployments in

such heterogeneous two-tier WSNs, we design a Lloyd-like algorithm to deploy nodes.

The rest of this paper is organized as follows: In Section 1.2, we introduce the system model
and problem formulation. In Section 1.3, we study the optimal AP and FC deployment. A
numerical algorithm is proposed in Section 1.4 to minimize the energy consumption. Section

1.5 presents the experimental results and Section 1.6 concludes the paper.

1.2 System Model and Problem Formulation

Here, we study the power consumption of the heterogeneous two-tier WSNs consisting of
three types of nodes, i.e., homogeneous sensors, heterogeneous APs and heterogeneous FCs.
The power consumption models for homogeneous WSNs are discussed in details in [41]. The
main difference in this work is the heterogeneous characteristics of the APs and FCs. For the
sake of completeness, we describe the system model for heterogeneous WSNs here in details.
Given the target area 2 C R? which is a convex polygon including its interior, N APs and
M FCs are deployed to gather data from sensors. Throughout this paper, we assume that
N > M. Given the sets of AP and FC indices, i.e., Zy = {1,2,..., N} and Zg = {1,2, ..., M },
respectively, the index map T : Z4 — Zp is defined to be T'(n) = m if and only if AP n is
connected to FC m. The AP and FC deployments are then defined by P = (py, ..., py) and

Q = (q1,---,9u), where p,,q,, € R? denote the location of AP n and FC m, respectively.



Throughout this paper, we assume that each sensor only sends data to one AP. For each
n € T4, AP n collects data from sensors in the region R, C (Q; therefore, for each AP
deployment P, there exists an AP partition R = (R, ..., Ry) comprised of disjoint subsets
of R? whose union is 2. The density of the data rate from the densely distributed sensors is
denoted via a continuous and differentiable function f : Q — R™, i.e., the total amount of

data gathered from the sensors in region R, in one time unit is | a ) (w)dw [41].

We focus on the power consumption of sensors and APs, since FCs usually have reliable
energy resources and their energy consumption is not the main concern. First, we discuss
the APs’ total power consumption. According to [51], power at the receiver of AP n is
modeled as P:i =pn [ R, f(w)dw,n € Ty, where p, is AP n’s power consumption coefficient
for receiving data. For simplicity, we assume APs share the same receiving coefficient, i.e.,
pn = p. Therefore, the sum of power consumption at receivers is a constant and does
not affect the energy optimization and can be ignored in our objective function. In what
follows, we focus on power consumption at AP transmitters. The average-transmitting-power
(Watts) of AP n is defined to be P2 = EATA Vn € T, where Ef* denotes the instant-
transmission-power (Joules/second) of AP n, and I'7! denotes the channel-busy-ratio for the
channel of AP n to its corresponding FC, i.e., the percentage of time that the transmitter

forwards data. According to [37, (2.7)], the instant-receive-power through free space is

77;‘:1 GtGT)\Q

= He=p—, where Gy is the transmitter antenna gain, G, is the receiver antenna

Py,
gain, A is the signal wavelength, and d is the distance between the transmit and receive
antennas. Let Ny be the noise power. In order to achieve the required SNR threshold

A
~ at the receivers, i.e., 7;\%1 = 7, the instant-transmission-power from AP n to FC T'(n)

should be set to B = n;iT(n)Hpn — gr(n)|[?, where ||.|| denotes the Euclidean distance,
nrft,T(n) is a constant determined by the antenna gain of AP n and the SNR threshold of
FC T'(n). Since AP n gathers data from the sensors in R,, the amount of data received
from sensors in one time unit, i.e. the average-receiver-data-rate, is [ R, f(w)dw. It can be

reasonably assumed that the AP transmitters only forward sensing data when the collected



data comes into the buffer. Therefore, the channel—busy—mtio is proportional to the average-

Jry ST/ g, f
T

receiver-data-rate, and can be written as ' = , Where Cj“f‘(n) is

CT(n)
the AP n’s instant-transmitter-data-rate which is determined by the SNR threshold at the
corresponding FC T( ). Hence, we can rewrite the average-transmitter-power of AP n as

Pl = EATY = "T“” Hpn w|[* [, f(w)dw, and the total power consumption at AP

transmitters is calculated by summing the average-transmaitter-powers of APs:
" N

- Z/ gTT(n 1Pn = g1 f(w)dw

Second, we consider sensors’ total transmitting power consumption. The total amount of
data collected from the sensors inside the region [w,w + dw] in one time unit is equal to
f(w)dw since the density of data rate f(.) is approximately uniform on the extremely small

region [w,w + dw]. Therefore, the sum of channel-busy-ratios of sensors in the infinitesimal

_ J)dw /¢S fw)dw
T

cs > Where ¢S is sensors instant-transmitter-data-

region [w,w + dw] is '
rate. We only consider the homogeneous sensors, i.e., sensors’ antenna gains are identical.
Moreover, sensors within [w,w + dw] have approximately the same distance to the corre-
sponding AP p,,, and thus have the same instant-transmission-power E = n3||w — p,||?
where 7S is a constant determined by sensors’ common transmitter antenna gain, AP n’s
receiver antenna gain, and the SNR threshold of AP n. Therefore, the sum of average-
transmitter-powers within the region [w,w + dw] is equal to %Hpn — w||*f(w)dw. Since

sensors in the region R, send their data to AP n, the sum average-transmitter-powers of

sensors in the target area €2 can be written as:

S(PR) = Z/ o — ]2 () (1.2)

The two-tier distortion is then defined as the Lagrangian function of Eqgs. (1.1) and (1.2):



D(P,Q,R,T) =P (P,R) + P (P,Q,R,T) = (1.3)

N
S / (anllpn — ]2 + Bbo oy [P — Gy ||?) F(w)edus
n=1 n

S i . L . ) ..
where a, = Z—g and by, r(n) = ?‘T(_> Our main objective in this paper is to minimize the
i T(n)

two-tier distortion defined in Eq. (1.3) over the AP deployment P, FC deployment @, cell

partition R and index map 7.

1.3 Optimal Node Deployment in Two-Tier WSNs

Let the optimal AP and FC deployments, cell partitions and index map be denoted by P* =
(pi,...,0N), @ = (4, .., qy), R* = (R}, ..., Ry) and T™, respectively. In what follows, we
determine the properties of such an optimal node deployment (P*, @*, R*, T*) that minimizes
the two-tier distortion in (1.3). Note that the index map only appears in the second term of
Eq. (1.3); thus, for any given AP and FC deployment P and @), the optimal index map is

given by:
Tipg)(n) = arg min by | [pn — gul|* (1.4)

Eq. (1.4) implies that an AP may not be connected to its closest FC due to heterogeneity
of the APs and FCs, and to minimize the two-tier distortion, AP n should be connected to
FC m that minimizes the weighted distance by, ||pn — gm||*. Inspired by definition of the
two-tier distortion in (1.3), for each n € Z4, the Voronoi cell V,, for AP and FC deployments

P and @), and index map T is defined as:



Vn(Pa Q,T) = {U} : an||pn - U)H2 + ﬁbn,T(n)Hpn - QT(n)HZ

< agllpr — w||* + Bbrrw)llpk — arw)| >, Vk # n}  (1.5)

Ties are broken in favor of the smaller index to ensure that each Voronoi cell V,, is a Borel

set. When it is clear from context, we write V,, instead of V,,(P,@,T). The collection

V(P,Q,T) = (Vi,Va, ..., Vi) (1.6)

is referred to as the generalized Voronoi diagram. Note that unlike the regular Voronoi
diagrams, the Voronoi cells defined in Eq. (1.5) may be non-convex, not star-shaped or even
disconnected. The following proposition establishes that the generalized Voronoi diagram in

(1.6) provides the optimal cell partitions, i.e., R*(P,Q,T) = V(P,Q,T).

Proposition 1. For any partition of the target area 2 such as U, and any AP and FC node

deployments such as P and ) and each index map T we have:

D(P,Q,U,T)>D(P,Q,V(P,Q,T),T) (1.7)

The proof is provided in Appendix A.1. Note that given AP and FC deployments P and @,
the optimal index map and cell partitioning can then be determined by Egs. (1.4) and (1.6).
The following lemma demonstrates that in any optimal node deployment (P*, Q*, R*, T*),
each FC contributes to the total distortion, i.e., adding an additional FC results in a strictly

lower optimal two-tier distortion regardless of its weights b, /41 as long as M < N holds.

Lemma 1. Let (P*,Q*,R*,T*) be the optimal node deployment for N APs and M FCs.

Given an additional FC with parameters by, p41 for every n € Ly, the optimal AP and FC

deployments, index map and cell partitioning are denoted via P' = (p},ph,....,py), @ =



(q’17 Ty ey qj\/[H), T and R/, respectively. Assuming M < N, we have:

D(F,Q R, T") <D (P",Q"R"T7) (1.8)

The proof is provided in Appendix A.2. While Lemma 1 indicates that each FC contributes
to the distortion, same may not hold for some APs. As an example to show the existence of
useless APs in the optimal deployment, consider two APs and one FC and one-dimensional
target region 2 = [0, 1] with parameters a; = b; = 1, as = by = 100, 5 = 1 and a uniform
density function. We search the optimal deployments by Brute-force search. According to
our simulation, the optimal deployments share the following properties: (i) Both FC and AP
1 are placed at the centroid of the target region, i.e., ¢f = pj = 0.5; (ii) AP 2’s partition is
empty, i.e., Va(P*,Q*, Tip- g+)) = &. Property (ii) implies that AP 2 does not contribute to
the two-tier distortion of optimal node deployment. Let vi(P,Q,T) = [,.. f R: w)dw be the
Lebesgue measure (volume) of the region R, and ¢} (P,Q,T) = ffu}; be the geometric
centroid of the region R}. When there is no ambiguity, we write v} (P, Q,T) and ¢, (P, Q,T)

as v; and c, respectively. Lemma 1 immediately leads to the following corollary.
Corollary 1. Let (P*,Q*,R*,T*) be the optimal node deployment for N APs and M FCs.
If M < N, then for eachm € I, 3, 1+ (ny=m V5 > 0

The proof can be found in Appendix A.3. The following proposition provides the necessary

conditions for the optimal AP and FC deployments in the heterogeneous two-tier WSNs.

Proposition 2. The necessary conditions for optimal deployments in the heterogeneous two-

tier WSNs with the distortion defined in (1.3) are:

anc +5bn T*(n qT*( )

Py =

ap, + 5bn T*(n 19
" Zn:T* (n)=m bn:mvn



The proof is provided in Appendix A.4. Corollary 1 implies that the denumerator of the
second equation in (1.9) is positive; thus, ¢, is well-defined. According to Eq. (1.9), the
optimal location of FC m is the linear combination of the locations of its connected APs,
and the optimal location of AP n is on the segment W(n) In the next section, we use

the properties derived in Propositions 1 and 2 and in Eq. (1.4), and design a Lloyd-like

algorithm to find the optimal node deployment.

1.4 Node Deployment Algorithm

First, we quickly review the conventional Lloyd algorithm. Lloyd algorithm iterates between
two steps: In the first step, the node deployment is optimized while the partitioning is
fixed and in the second step, the partitioning is optimized while the node deployment is
fixed. Although the conventional Lloyd Algorithm can be used to solve one-tier quantizers
or one-tier node deployment problems as shown in [38], it cannot be applied to two-tier WSNs
where two kinds of nodes are deployed. Inspired by the properties explored in Section III, we
propose a heterogeneous two-tier Lloyd (HTTL) algorithm to solve the optimal deployment
problem in heterogeneous two-tier WSNs and minimize the two-tier distortion defined in
(1.3). Starting with a random initialization for node deployment (P,Q,R,T) in the target
area €2, our algorithm iterates between four steps: (i) Update the index map 7' according
to Eq. (1.4); (ii) Obtain the cell partitioning according to Eq. (1.5) and update the value
of volumes v,, and centroids ¢,; (iii) Update the location of FCs according to Eq. (1.9);
(iv) Update the location of APs according to Eq. (1.9). The algorithm continues until
convergence. In Appendix A.5, we prove that the two-tier distortion will converge with

HTTL algorithm. This procedure is summarized in Algorithm 1 below.



Algorithm 1: HTTL Algorithm
Input: Weights {a,},c7, and {bum},cz, mezy € € RT.
Output: Optimal node deployment (P*,Q*, R*,T%).
: Randomly initialize the node deployment (P, Q,R,T).
do
Compute the two-tier distortion Dyq = D(P,Q,R,T).
Update the index map 7" according to Eq. (1.4).
Update the AP partitioning R by selecting its nth region as the generalized Voronoi
region in (1.5).
Calculate the volumes {v, }nez, and centroids {c, }nez, of the AP partitioning R.

7: For each m € Iz, move the FC m to

@

n:T(n)=m bn,mPnvn

Zn T'(n)= b" ;mn

ancn+Pb
8: For each n € T4, move the AP n to Z2tnrmirm,
an+pBby, ,T'(n)

9: Update the two-tier distortion Dyey = D(P,Q, R, T).
10: While Peld-Duex > ¢
11: Return: The node deployment (P,Q,R,T).

1.5 Experiments

We provide the experimental results in two heterogeneous two-tier WSNs: (i) WSNI1: A
heterogeneous WSN including 1 FC and 20 APs; (ii) WSN2: A heterogeneous WSN including
4 FCs and 20 APs. We consider the same target domain 2 as in [41, 42], i.e., Q = [0, 10]%. The

data rate density function is set to a uniform function, f(w) = 0.01. To evaluate the

=T
performance, 10 initial AP and FC deployments on () are generated randomly, i.e, every node
location is generated with uniform distribution on €2. In order to make a fair comparison to
prior works, similar to the experimental setting in [41, 42], the maximum number of iterations
is set to 100, FCs, APs, and geometric centroid of AP cells are denoted, respectively, by
colored five-pointed stars, colored circles, and colored crosses. Other parameters are provided

in Table 1.1. According to the parameters in Table 1.1, we divide APs into two groups: strong
APs (n €{1,...,10}) and weak APs (n € {11,...,20}). Similarly, FCs are divided in strong

10



Table 1.1: Simulation Parameters
Parameters |ay.10|a11:20 51:4,1:2 51:4,3:4 55:20,1:2 b5:20,3:4
Values 1 2 1 2 2 4

FCs (m € {1,2}) and weak FCs (m € {3,4}). To distinguish strong APs (or FCs) and weak

APs (or FCs), we denote strong and weak nodes by solid and hollow symbols, respectively.

Like the experiments in [41], we compare the weighted power of our proposed algorithm
with Minimum Energy Routing (MER) [37], Agglomerative Clustering (AC) [47], and Divi-
sive Clustering (DC) [47] algorithms. AC and DC are bottom-up and top-down clustering
algorithms, respectively. MER is a combination of Multiplicatively weighted Voronoi Parti-
tion [11] and Bellman-Ford algorithms [8, Section 2.3.4]. More details about MER, AC, and
DC can be found in [41].

10 10
9 9
8 8
7 7
6 6
5 5
4 4
3 3
2 2
1 1
0 0

01 2 3 45 6 7 8 910

10 10
9 9
8 8
7 7
6 6
5 5
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01 23 45678910 01 23 456 78910
(c) (d)

Figure 1.1: AP and FC deployments of different algorithms with 5 = 0.25 in WSN1. (a) MER.
(b) AC (c) DC. (d) HTTL.

11



—
=]

S = N W A 1SN R S

01 2 3 4 5 6 7 8 910

—
=]

S = N W A SN RO
S = N W A 1SN RO

01 2 3 45 6 7 8 910

()
Figure 1.2: AP and FC deployments of different algorithms with 5 = 0.25 in WSN2. (a) MER.
(b) AC (c) DC. (d) HTTL.

Figs. 1.1a, 1.1b, 1.1c, and 1.1d show final deployments of the four algorithms (MER, AC,
DC, and HTTL) in WSN1. The multi-hop paths are denoted by blue dotted lines. As
expected from Proposition 2, every AP is placed on the line between the connected FC and
geometric center of its cell by running HTTL Algorithm. In addition, the HTTL Algorithm
deploys weak APs close to the FC while strong APs are placed on outer regions. Figs. 1.2a,
1.2b, 1.2¢, and 1.2d illustrate the final deployments of MER, AC, DC, and HTTL, in WSN2,
respectively. Intuitively, strong FCs provide service to more APs compared to weak FCs in
both AC and HTTL Algorithms. Moreover, by HT'TL Algorithm, strong APs cover larger

target regions compared to weak APs in Fig. 1.2d.

Figs. 1.3a and 1.3b show the weighted power comparison of different algorithms in WSN1 and
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Figure 1.3: The weighted power comparison of different Algorithms. (a) WSN1. (b) WSN2.

WSN2. Obviously, our proposed algorithm, HTTL, outperforms the other three algorithms
in both WSN1 and WSN2. In particular, the energy consumption gap between HTTL and
other three algorithms increases as the FC energy consumption becomes more important ((

increases).

1.6 Conclusion

A heterogeneous two-tier network which collects data from a large-scale wireless sensor to
heterogeneous fusion centers through heterogeneous access points is discussed. We studied
the minimum power that ensures reliable communication on such two-tier networks and
modeled it as a quantization problem. Different from the homogeneous two-tier networks, a
novel Voronoi Diagram is proposed to provide the best cell partition for the heterogeneous
network. The necessary conditions of optimal node deployment imply that every access
point should be placed between its connected fusion center and the geometric center of its
cell partition. By defining an appropriate distortion measure, we proposed a heterogeneous
two-tier Lloyd Algorithm (HTTL) to minimize the distortion. Simulation results show that
HTTL algorithm greatly saves the weighted power or energy in a heterogeneous two-tier

network.
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Chapter 2

Energy-Efficient Node Deployment in
Heterogeneous Two-Tier Wireless
Sensor Networks with Limited

Communication Range

2.1 Introduction

Wireless sensor networks (WSNs) have been widely used to gather data from the environment
and transfer the sensed information through wireless channels to one or more fusion centers.
Based on the network architecture, WSNs can be classified as either hierarchical or non-
hierarchical WSNs. In hierarchical WSNs, sensors play different roles as they are often
divided into clusters and some of them are selected as cluster heads or relays. In non-
hierarchical WSNs every sensor has identical functionality and the connectivity of network

is usually maintained by multi-hop wireless communications. WSNs can also be divided into
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either homogeneous WSNs [40, 41, 21, 20, 10], in which sensors share the same capacity,
e.g., storage, computation power, antennas, sensitivity etc., or heterogeneous WSNs where

sensors have different capacities [51, 38, 42, 79].

Energy consumption is a key bottleneck in WSNs due to limited energy resources of sensors,
and difficulty or even infeasibility of recharging the batteries of densely deployed sensors. The
energy consumption of a sensor node comes from three primary components: communication
energy, computation energy [114] and sensing energy. The experimental measurements show
that, in many applications, the computation energy is negligible compared to communication
energy[4, 87]. Furthermore, for passive sensors, such as light sensors and acceleration sen-
sors, the sensing energy is significantly small. Therefore, wireless communication dominates
the sensor energy consumption in practice. There are three primary methods to reduce the
energy consumption of radio communication in the literature: (i) topology control[64, 107],
in which unnecessary energy consumption is avoided by properly switching awake and asleep
states, (ii) energy-efficient routing protocols [10, 48], that are designed to find an optimal
path to transfer data, and (iii) power control protocols [58, 78], that save communication
energy by adjusting the transmitter power at each node while keeping reliable communica-
tions. Another widely used method, Clustering [112, 58], attempts to balance the energy
consumption among sensor nodes by iteratively selecting cluster heads. Unfortunately, the
above MAC protocols bring about a massive number of message exchanges because the
knowledge of geometry and/or energy is required during the operation [112, 61]. Also, the
node deployment is known and fixed in these approaches while it plays an important role in

energy consumption of the WSNs.

While WSNs provide a bridge between the physical and virtual information world, the col-
lected data is not useful if it cannot be transmitted from sensors to access points and even-
tually to base stations. Connectivity, as a prominent necessity in WSNs, is widely studied

under the binary communication model in [21] and [68, 106, 7, 98, 52, 113]. In the binary
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communication model, each node can only communicate to other nodes within a certain
range due to the limited transmission power. Note that connectivity is guaranteed when
nodes are linked by wire lines; however, the same is not true for WSNs due to the limited
available power in wireless communication. Many distributed sensor deployment algorithms,
such as Lloyd Algorithm, do not take both power consumption and connectivity into account;
therefore, they usually converge to a sub-optimal deployment in which nodes are divided into
several disconnected components. For a one-tier WSN, the design of optimal deployment
algorithms that consider connectivity and coverage is studied in [38]. While we consider a
2D deployment in this work, the case of 3D optimal deployment has been studied in [62, 43],
and the applicability of the evolutionary algorithms to solve UAV deployment problems has

been introduced in [93].

In this paper, we study the node deployment problem in heterogeneous two-tier WSNs con-
sisting of heterogeneous APs and heterogeneous FCs, with and without communication power
constraints. We consider the total wireless communication power consumption as the cost
function. The optimal energy-efficient sensor deployment in homogeneous WSNs is studied
in [41]. However, the homogeneous two-tier WSNs in [41] do not address various challenges
that exist in the heterogeneous two-tier WSNs, e.g., unlike regular Voronoi diagrams for
homogeneous WSNs, the optimal cells in heterogeneous WSNs may be non-convex, not star-
shaped or even disconnected, and the cell boundaries may not be hyperplanes. Another
challenge in the heterogeneous two-tier networks is that unlike the homogeneous case [41],
or heterogeneous one-tier case [60], some nodes may not contribute to the energy saving.
To the best of our knowledge, the optimal node deployment for energy efficiency in het-
erogeneous WSNs is still an open problem. Our main goal is to find the optimal AP and
FC deployment to minimize the total communication power consumption. By deriving the
necessary conditions of the optimal deployments in such heterogeneous two-tier WSNs, we
design Lloyd-like algorithms to deploy nodes. In addition, we update the designed deploy-

ment algorithms to consider the effects of limited communication range. We also study the
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trade-off between AP and sensor power consumption.

The rest of this paper is organized as follows: In Section 2.2, we introduce the system model
and problem formulation. In Section 2.3, we study the optimal AP and FC deployment
and provide the corresponding necessary conditions. A numerical algorithm is proposed
in Section 2.4 to minimize the energy consumption. An analysis of AP and sensor power
trade-off is provided in Section 2.5. In Section 2.6, an algorithm is proposed to maximize the
network coverage and minimize the power consumption, simultaneously. Section 2.7 presents

the experimental results and Section 2.8 concludes the paper.

2.2 System Model and Problem Formulation

Here, we study the power consumption of the heterogeneous two-tier WSNs consisting of
three types of nodes, i.e., homogeneous sensors, heterogeneous APs and heterogeneous FCs.
The power consumption models for homogeneous WSNs are discussed in details in [41]. The
main difference in this work is the heterogeneous characteristics of the APs and FCs. For the
sake of completeness, we describe the system model, as shown in Fig. 2.1, for heterogeneous
WSNs here in details. Given the target area 0 C R? which is a convex polygon including
its interior, N APs and M FCs are deployed to gather data from densely deployed sensors.
Throughout this paper, we assume that N > M. Given the sets of AP and FC indices,
ie,Zp=41,2,...,N}and Zy = {1,2, ..., M}, respectively, the index map T : T, — Tz is
defined to be T'(n) = m if and only if AP n is connected to FC m. If AP n has no associated
FC, we set T'(n) = —1. Conversely, T~!(m) is defined to be the set of all AP indices n
such that T'(n) = m, and |T~'(m)| denotes the cardinality of this set. The AP and FC
deployments are then defined by P = (pi,...,pn) and Q = (q1, ..., qu ), Where p,, ¢, € R?
denote the location of AP n and FC m, respectively. Throughout this paper, we assume that

each sensor only sends data to one AP. For each n € T4, AP n collects data from sensors
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in the region R, C (Q; therefore, for each AP deployment P, there exists an AP partition
R = (Ry, ..., Ry) comprised of disjoint subsets of R? whose union is 2. The density of sensors
is denoted via a continuous and differentiable function f : Q@ — R*. The total amount of
data gathered from the sensors in region R, in one time unit is g [ . J(w)dw, where g is the

bit-rate of the sensors. Due to the homogeneity of sensors, g is a constant [41].

Figure 2.1: System model.

We focus on the power consumption of sensors and APs, since FCs usually have reliable
energy resources and their energy consumption is not the main concern. First, we discuss
the sensors’ power consumption. As shown in [41], because of the path-loss, the instant
transmission power is proportional to the square of the distance between the two nodes
and a constant that depends on the characteristics of the two nodes, i.e., a x ||p, — w||?

for a sensor located at w that sends its data to AP n. According to [49], the parameter

Pr_yp (47)?

a is given as a = —z% 53

, where P,_;, is the minimum receiver power threshold, G; and
G, are the transmitter and receiver antenna gains, respectively, and A is the carrier signal
wavelength. For homogeneous WSNs, all nodes in each tier have the same characteristics
and therefore, the parameter a is the same and will not affect the optimization. However,
in a heterogeneous WSN, the heterogeneity of APs causes nodes to have different antenna

gains and SNR thresholds; therefore, the parameter a will be a function of the node index.

Hence, the sensors’ power consumption can be written as
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7°(P,R) — Z/R anllpn — w|2f (w)dw. (2.1)

Similarly, for the AP’s power consumption, the instant transmission power between AP n and
FC T'(n) can be written as b X |[p, — ¢r()||* where the parameter b depends on the antenna
gain and SNR threshold of FC T'(n) and antenna gain of AP n [49]. Hence, it is the same
for homogeneous WSNs and will not affect the optimization. However, in a heterogeneous
WSN, the heterogeneity of APs and FCs causes the parameter b to be a function of the node

indices. Therefore, the APs’ power consumption can be written as

N

—A

PUPQRT) = [ burcllon — ario*Flw)du (2:2)
n=1 n

Our goal in this work is to minimize the power consumptions in (2.1) and (2.2). However, as
will be shown later, there is a trade-off between the two power consumptions. As such, one
objective is to minimize the AP transmission power in (2.2) given a constraint on the sensor
transmission power in (2.1). Mathematically, this results in the AP-Sensor power function

defined as

A(s) 2 inf P (P,Q,R,T). (2.3)
(P,QR.T)P°(PR)<s

Similarly, one can define the Sensor-AP power function to minimize the sensor power in (2.1)

given a constraint on the AP transmission power in (2.2) as follows:

S(a) & inf P°(PR). (2.4)
(P,Q.R.T):P*(P,Q.R.T)<a

The two-tier power consumption is then defined as the Lagrangian function of (2.2) and

(2.1):
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P(P,Q,R,T)=P (PR)+ P (P,Q,R,T) (2.5)

N
- Z/R (anllpn = w||* + Bonrw)llPn — arem?) f(w)dw.
n=1 n

Our main objective in this paper is to minimize the two-tier power consumption defined in
(2.5) over the AP deployment P, FC deployment @, cell partition R and index map 7" and

study the behavior of the AP-Sensor power function.

2.3 Optimal Node Deployment in Two-Tier WSNs

As it is shown in (2.5), the two-tier power consumption depends on four variables P, Q, R
and T'. Therefore, our goal is to find the optimal AP and FC deployments, cell partitioning
and index map, denoted by P* = (p},...,pN), @ = (4}, ...,q¢y), R* = (R}, ..., RY) and
T™, respectively, that minimizes the two-tier power consumption. Note that not only the
variables P, @), R and T are intertwined, i.e., the best value for each of them depends on
the value of the other three variables, but also this optimization problem is NP-hard. Our
approach is to design an iterative algorithm that optimizes the value of one variable while
the other three variables are held fixed. To this end, first we derive the necessary conditions

for optimal deployment at each step.

Note that the index map only appears in the second term of (2.5); thus, for any given AP

and FC deployment P and (), the optimal index map is given by:
T(n) = argmin by, ||pn — gml|*- (2.6)
Ties are broken in favor of the smaller index for a unique mapping. Eq. (2.6) implies that
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an AP may not be connected to its closest FC due to heterogeneity of the APs and FCs,
and to minimize the two-tier power consumption, AP n should be connected to FC m that

minimizes the weighted distance by, ,u||pn — gm||*

Next, we study the properties of optimal cell partitioning. For each n € 74, we define the

Voronoi cell V,, for AP and FC deployments P and (), and index map T as:

Vo(P,Q,T) & {w : an|lpn — w* + Bburmyllpn — arm)?

< agllpe — w|I* + Bbrri) Ik — qrn I, VE # n}. (2.7)

Ties are broken in favor of the smaller index to ensure that each Voronoi cell V,, is a Borel

set. When it is clear from the context, we write V,, instead of V,,(P, @, T). The collection

V(P,Q,T) = (Vi,Va,...,Vy) (2.8)

is referred to as the generalized Voronoi diagram. Note that unlike the regular Voronoi
diagrams, the Voronoi cells defined in (2.7) may be non-convex, not star-shaped or even
disconnected. The following proposition establishes that the generalized Voronoi diagram in

(2.8) provides the optimal cell partitions, i.e., R*(P,Q,T) = V(P,Q,T) for a given P,Q,T.

Proposition 3. For any partition of the target area Q2 such as U, and any AP and FC node

deployments such as P and @) and each index map T we have:

P(P,Q,U.T)>P (P,Q,V(P,Q,T),T). (2.9)

The proof is provided in Appendix B.1.

Next, we aim to derive the necessary condition for optimal locations of APs and FCs. For this

purpose, first we need to show that each FC contributes to the total power consumption in
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an optimal node deployment, i.e., adding an additional FC results in a strictly lower optimal

two-tier power consumption regardless of its weights b, 3741 as long as M < N holds.

Lemma 2. Let (P*,Q*,R*,T*) be the optimal node deployment for N APs and M FCs.
Given an additional FC with parameters b, pr41 for every n € Ly, the optimal AP and FC
deployments, index map and cell partitioning are denoted via P = (p},ph,...,Py), @ =

(q’l, Ty ey qj\4+1), T and R/, respectively. Assuming M < N, we have:

P(P,Q R, T) <P (P,Q" R*T". (2.10)

The proof is provided in Appendix B.2.

Let vi(P,Q,T) = [, f R w)dw be the Lebesgue measure (volume) of the region R}, and
c(P,Q,T) = ff“};f# be the geometric centroid of the region R. When there is no
ambiguity, we write v} (P, Q,T) and ¢} (P,Q,T) as v} and ¢, respectively. Lemma 2 imme-

diately leads to the following corollary.
Corollary 2. Let (P*,Q*,R*,T*) be the optimal node deployment for N APs and M FCs.

If M < N, then for eachm € I, 3, 1+ (ny=m V5 > 0.

The proof is provided in Appendix B.3.

Lemma 2 and Corollary 2 are technical results that we need to prove the following proposi-
tion that provides the necessary conditions for the optimal AP and FC deployments in the

heterogeneous two-tier WSNs.

Proposition 4. The necessary conditions for optimal deployments in the heterogeneous two-

tier WSNs with power consumption defined in (2.5) are:
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anc +5bn T*(n qT*( )

Py =

Qp, + ﬁbn T*(n 7 211
q* . Zn:T* (n)=m bn mp; :L ( ' )
" Zn:T* (n)=m bn,m’l];

The proof is provided in Appendix B.4.

Corollary 2 implies that the denominator of the second equation in (2.11) is positive; thus, ¢,
is well-defined. According to (2.11), the optimal location of FC m is the linear combination
of the locations of its connected APs, and the optimal location of AP n is on the segment
T While Lemma 2 indicates that each FC contributes to the power consumption, the
same result may not hold for some APs. To show that under certain settings, an AP may
not be useful, i.e., no sensor sends data to it, we use the sensor network in the following

lemma as an example.

Lemma 3. Consider two APs and one F'C within the target region Q = [0, 1] with parameters
bi1 = Kk X ai, byy = K X ag where k 1s a positive constant, and a uniform density function.

The necessary and sufficient condition for both APs to be useful is

/
et g ju L (2.12)
B’ +1 441

B'+1

where ' = B X k. If the above condition holds, both APs are useful and the optimal two-tier

power consumption is given by:

=_ (48 +1) Vaa )
PehEn” <\/a_1—|— @) ' (2.13)

Otherwise, all sensors send their data to the stronger AP and we have:
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min (al, ag)

P="0

(2.14)

The proof is provided in Appendix B.5.

In the next section, we use the properties derived in Propositions 1 and 2 and in (2.6), and

design a Lloyd-like algorithm to find the optimal node deployment.

2.4 Node Deployment Algorithm

First, we quickly review the conventional Lloyd algorithm. Lloyd Algorithm iterates between
two steps: In the first step, the node deployment is optimized while the partitioning is fixed
and in the second step, the partitioning is optimized while the node deployment is fixed.
Although the conventional Lloyd algorithm can be used to solve one-tier quantizers or one-tier
node deployment problems as shown in [38], it cannot be applied to two-tier WSNs where two
kinds of nodes are deployed. Inspired by the properties explored in Section III, we propose
a heterogeneous two-tier Lloyd (HTTL) algorithm to solve the optimal deployment problem
in heterogeneous two-tier WSNs and minimize the two-tier power consumption defined in
(2.5). Starting with a random initialization for node deployment (P,Q,R,T) in the target
area 2, our algorithm iterates between four steps: (i) Update the index map 7" according to
(2.6); (ii) Obtain the cell partitioning according to (2.7) and update the value of volumes
v, and centroids c,; (iii) For each m € Zg, if T~1(m) is not empty, update the location of

FC m according to (2.11); otherwise, randomly select an index m’' € Zg according to the

_ e

distribution P(m’) v and move FC m to a random location within (J,,.p )= F2n

(iv) Update the location of APs according to (2.11). The algorithm continues until the stop

criterion, @ > € is satisfied (Poq and Pey are the average powers in the previous
old

24



and current iterations, respectively.).

Proposition 5. HTTL Algorithm is an iterative improvement algorithm, i.e., the Lagrangian

function in (2.5) is non-increasing and the algorithm converges.

The proof is provided in Appendix B.6.

2.5 AP-Sensor Power Function

Note that the Lagrangian two-tier power consumption defined in (2.5) is the unconstrained
version of the constrained optimization problems defined in (2.3) and (2.4). Since the AP-
Sensor power function and the Sensor-AP power function are dual of each other, in this
section, we only study the properties of the AP-Sensor power function A(s). An AP-Sensor
power pair (s, a) is achievable if and only if there is a node deployment (P, @, R, T') such that
P (P,Q,R,T) = a while P (P,R) < s. Moreover, a deployment (P,Q,R,T) is a feasible
solution for the power pair (s,a) if and only if 7 (P,Q,R,T) = a while P (P,R) < s.
By definition, it is evident that every point above the curve A(s) is also achievable. In
what follows, we analyze the properties of the AP-Sensor power function. Without loss of
generality, we assume that a3 < as < ... < ay holds. A K—level one-tier quantizer is a tuple
(X, R), i.e. the location of points X = (z1, -+ ,zk) and the partitioning R = (Ry, -+ , Rx)
of the target region, such that x; is the quantization point for all w € R; and K is the

number of sub-regions. Let Dg be the minimum distortion of a heterogeneous K —level

one-tier quantizer in the space €2 with parameters aq,...,ax, i.e., we have:
K
Dy = mi s — w])? fw)d 2.15
=) | sl = wlf p )i (2.15)
1= 7
where the minimum is over all node deployments X = (z1,...,2) and partitioning R =

(Rl,...,RK) of €.
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Lemma 4. Let N and M be the number of APs and FCs where N > M. Then, the AP-
Sensor power function A(s) is a non-increasing function with the domain [Dy,+00) such

that A(s) > 0 for s € [Dy,Dy) and A(s) =0 for s € [Dyy, +00).

The proof is provided in Appendix B.7.

Lemma 4 characterizes the non-increasing property of A(s) in addition to defining its domain
based on the properties of a regular quantizer. For a fixed partitioning R = (Ry,..., Ry), let
HR) =", Jr, aille; = w|)? f(w)dw where ¢; is the centroid of the region R;, i.e., H(R) is
the minimum one-tier power consumption with parameters ay, ..., ay for a fixed partitioning
R. For the special case of M = 1, the following lemma derives a closed-form solution for the

AP-Sensor power function for any fixed partitioning of €.

Lemma 5. For Q = (q), P = (p1,...,pn), and fired R, define A(s,R) to be:

A(s,R) 2 inf P (P,Q.R,T). (2.16)
(P,Q,T)P° (PR)<s

We have:
(i) The domain of A(s,R) is {(s,R)|s > H(R)}.

(ii) If biy = ka; for k € RY and each i € Ty, when (s,R) € {(s,R)|H(R) < s < T(R)}, we

have:

A(s,R) = [\/j(R) “HER) — /s — H(R)]2 , (2.17)

and A(s,R) =0 for s > J(R) where J(R) is defined as:

w=3 o

where v; and ¢; are volume and centroid of the region R;, respectively.

Z 1a e

- wH2f<w>dw, (2.13)

z lavl
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The proof is provided in Appendix B.S.

In Section 2.7, we experimentally plot the AP-Sensor power function defined in (2.3) and
verify the above properties. We conclude this section by deriving a closed-form formula for

the AP-Sensor power function for the same setting used in Lemma 3.

Lemma 6. Consider two APs and one F'C within the target region Q@ = [0, 1] with parameters

big =K X a1, boy = K X ag, and a uniform density function. If (2.12) holds, we have:

o=y (%) -5 (%) | =

2 . .
for & (\/gif/%) <5< % and A(s) = 0 for s > W If (2.12) does not hold,

we have A(s) =0 for any s.

The proof is provided in Appendix B.9.

Lemma 6 shows that A(s) is not continuous at s* = W for this example. In addition,

A(s) is convex in the intervals [0, s*) and [s*, +00).

2.6 Limited Communication Range

Note that when sensors or APs have limited transmission power, not all APs can com-
municate with FCs. Similarly, only sensors within the sensing range of APs in the set
{n|T(n) #+ —1} can transmit their collected information to fusion centers. We consider a
common power constraint ¢? for homogeneous densely deployed sensors, and power con-
straints o2, n € T4 for the heterogeneous APs. In other words, to maintain the connectivity

of the network, a sensor at position w can forward its collected data to AP n, and AP n can
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in turn sends the data to FC m if and only if:

aann - w||2 S 02 ) bn,m”pn - Qm||2 S 0-7217 (220)

or equivalently:

o o,

nmel= Y ’ n " mll < : 2.21

lpn = wlf < —= 1P — - (2.21)
Hence, we use the coverage defined by:
Un:T(n);éfl B(pn,\/%—n)ﬁﬂ

as a performance measure along with the two-tier power consumption in (2.5) when com-
munication range is limited, where B(c,r) = {w|||lw — ¢|| < r} is a disk centered at ¢ with
radius . Note that HTTL Algorithm described in Section 2.4 can converge to a deployment
in which (2.21) may not hold. Our main goal in this section is to find a proper deployment
that not only minimizes the two-tier power consumption P(P,Q,R,T) in (2.5), but also
maximizes the total coverage C'(P,T) in (2.22). In what follows, we describe our approach

in details.

Starting with an initial deployment (P,Q,R,T), if {m’m €ZIp, qn € B (pm abn )} £z,

then the index map T is updated as
T(n)=  argmin  bymllpn — gmll’, (2.23)
n"uqmeB(pn,\/;’T”7

otherwise, we set T'(n) = —1, indicating that AP n has no associated FC. Note that although
some sensors in the region R,,,n € 74, may not be able to transmit their data to AP n due

to their limited transmission power, we still partition the target region using the generalized
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Voronoi diagram in (2.7) and (2.8) since it minimizes the two-tier power consumption given
a fixed node deployment and index map. But instead of using all N APs for generalized

Voronoi partitioning, we only use APs in the set {n|T(n) #+ —1}.

‘ ‘
(c) (d)
Figure 2.2: Optimal AP and FC movement. (a) Desired region for AP. (b) Optimal positioning of

AP. (c) Desired region for FC. (d) Optimal positioning of FC.

For each AP in the set {n|T(n) = —1}, we randomly move AP inside the target region.
Similarly, for each FC in the set {m‘T “m)=o }, we randomly relocate the FC inside
Q. For those APs that have an associated FC, Proposition 4 indicates that their current

locations should be updated according to (2.11), as we did in Step 8 of the HTTL algorithm;

ancn+Bbn 1(n) 47 (n) for AP

however, as it is illustrated in Fig. 2.2a, the optimal location p/, = P

n may lie outside the communication range of its corresponding FC, that we refer to as the
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desired region for AP n. In that case, AP n is moved to the closest point to p/, within its

desired region, denoted by p,,, as it is shown in Fig. 2.2b. Similarly, (2.11) implies that FC m

should be relocated to the position ¢/, = Zi:;’::;”:gfj;:n, as we did in Step 7 of the HTTL
algorithm; however, as it is illustrated in Fig. 2.2¢, ¢/, may lie outside the region, that we
refer to as the desired region for FC m, in which all its associated APs can communicate. In
that case, we move FC m to the closest point to ¢/, within its desired region, denoted by Gy,
as it is shown in Fig. 2.2d. Note that in order to find @,,, we only need to consider a finite
number of points. The entire process to optimize the power for a limited communication
range is summarized in Algorithm 1. Similar to HTTL Algorithm, each AP lies on the
segment connecting its corresponding FC to the centroid of its region once the Limited-

HTTL algorithm converges. The following lemma shows that Limited-HTTL Algorithm is

an iterative improvement algorithm and converges.

Proposition 6. Limited-HTTL Algorithm is an iterative improvement algorithm, i.e., the

Lagrangian function in (2.5) is non-increasing and the algorithm converges.

The proof is provided in Appendix B.10.

2.7 Experiments

Simulations are carried out for both synthetic and real-world datasets. For the synthetic
data, we provide the experimental results in two heterogeneous two-tier WSNs: (i) WSN1:
A heterogeneous WSN including 1 FC and 20 APs; (ii) WSN2: A heterogeneous WSN
including 4 FCs and 20 APs. We consider the same target domain € as in [41, 42], i.e.,

Q = [0,10]%. Simulations are performed for two different data rate density functions, i.e., a

l_ —0.01, and a mixture of Gaussian distribution:

uniform distribution f(w) T dw =
Q

30



Algorithm 2: Limited-HTTL Algorithm

Input: Weights {a,}, o7, and {b, .}

+ 2 2
neTameTs’ g € RY, powers 0 and o.,n € T4 and

e € RT.

Output: Optimal node deployment (P*, Q*, R*,T*).

10:
11:

: Randomly initialize the node deployment (P, Q,R,T).

do

Compute the two-tier power consumption Py = P(P,Q, R, T).
Update the index map T’ according to (2.23).

Use APs in the set {n|T —1} for generalized Voronoi partitioning of €.
Calculate the volumes {v,} and centroids {c,} for each n € {n|T(n) # —1}.
For each m € Zg:

—if T7Y(m) # @:

Zn:T(n):m b"ympnv” :

e move FC m to the nearest point to ¢/, = inside its desired

Zn:T(n):m br,mvn

region.
— else: o
e randomly select an index m’ € Zy according to the distribution P(m') = |7 ]\(]m ) .
e move FC m to a random location within the region Un:T(n):m, R,.

ancn""ﬁbn,T(n) dT(n)

inside its desired
an +5bn,T(n)

Vn € Z4, move AP n to the nearest point to p/, =
region.

Update the two-tier power consumption P, = P(P,Q, R, T).
While Oldp—P“eW > €

old

Return: The node deployment (P,Q,R,T).
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To evaluate the performance, 10 initial AP and FC deployments on € are generated randomly,
i.e, every node location is generated with uniform distribution on 2. In order to make a
fair comparison to prior work, similar to the experimental setting in [41, 42], the maximum
number of iterations is set to 100, FCs and APs are denoted, respectively, by black and
red circles. Other parameters are provided in Table 2.1. According to the parameters in
Table 2.1, we divide APs into two groups: strong APs (n € {1,...,10}) and weak APs

(n € {11,...,20}). Similarly, FCs are divided into strong FCs (m € {1,2}) and weak FCs

(m € {3,4}).
Table 2.1: Simulation Parameters
WSN1 WSN2
a1:10 aA11:20 b1:4,1 b5:20,1 a1:10 aA11:20 b1:4,1:2 b1:4,3:4 b5:20,1:2 b5:20,3:4
1 2 1 2 1 2 1 2 2 4

Like the experiments in [41], we compare the weighted power of our proposed algorithm
with Minimum Energy Routing (MER) [37], Agglomerative Clustering (AC) [47], Divisive
Clustering (DC) [47] algorithms, and Particle Swarm Optimization (PSO) [83]. PSO is a
population-based stochastic algorithm for non-linear optimization. AC and DC are bottom-
up and top-down clustering algorithms, respectively. MER is a combination of Multiplica-
tively weighted Voronoi Partition [11] and Bellman-Ford algorithms [8, Section 2.3.4]. More
details about MER, AC, and DC can be found in [41]. When the communication range is
limited, we further compare our method with two other algorithms, i.e., Improved Relay

Node Placement (IRNP)[115], and Relay Node placement in Double tiered Wireless Sensor
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Network (RNDWSN)[94]. IRNP and RNDWSN are node placement algorithms designed to
maximize the network coverage. Note that if a small portion of sensors are covered by a
particular node placement, since not many sensors will transfer data to fusion centers, the
resulting power consumption will be small too. Therefore, our primary goal in node deploy-
ment with limited transmission power is to maximize the network coverage and minimize

the power consumption, simultaneously.

MER
—e— AC
] —— DC o
E —e— PSO g
o —e— HTTL o
3 B10
- e
) )
— 1] P
g 10 \\,_\ L g
TRl
10° 10* 102 10° 10* 102
Iteration Iteration
(a) (b)
N —e— MER 8 —e— MER
o —e— AC 1 \ —e— AC
5101< —e— DC 310‘= —e— DC
: e | B e T
a —— HTTL o —— HTTL
I I
- + 10°
L L
5 10° ® .
()] (]
2 2
L 1071/
10714~ ! ; } ! }
10° 10! 102 10° 10! 102
Iteration Iteration
(c) (d)
Figure 2.3: Weighted power versus iteration for different algorithms (8 = 0.25). (a)

WSN1/Uniform pdf, (b) WSN2/Uniform pdf, (¢) WSNI1/Mixture of Gaussian pdf, (d)
WSN2/Mixture of Gaussian pdf.

The weighted power consumption over the iterations of MER, AC, DC, PSO and HTTL
algorithms in WSN1 and WSN2 for § = 0.25 are shown in Figs. 2.3a and 2.3b for uniform

data rate density function, and in Figs. 2.3c and 2.3d for the Gaussian mixture given
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Figure 2.4: Power consumption of different two-tier WSNs/data rate density functions.
(a) WSN1/Uniform pdf, (b) WSN2/Uniform pdf, (c) WSNI1/Mixture of Gaussian pdf, (d)
WSN2/Mixture of Gaussian pdf.

in (2.24). Weighted power consumption of MER, AC, DC, PSO and HTTL algorithms
in WSN1 and WSN2 are illustrated in Figs. 2.4a and 2.4b for uniform data rate density
function, and in Figs. 2.4c and 2.4d for the Gaussian mixture given in (2.24). Obviously,
our proposed algorithm, HTTL, outperforms the other four algorithms in both WSN1 and
WSN2. For instance, HT'TL Algorithm yields the power consumption of 2.351 for WSN2,
£ = 0.25 and uniform data rate, which is lower than the values 4.371, 3.113, 3.253 and
4.063 obtained from MER, AC, DC and PSO algorithms, respectively. Similarly, for the

case of WSN2 and mixture of Gaussian, HTTL Algorithm yields the power consumption of
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0.058 which is lower than the values 15.484, 0.074, 7.677 and 2.301 obtained from MER, AC,
DC and PSO algorithms, respectively. Unlike other methods, HT'TL Algorithm exploits the
trade-off between Sensor and AP power consumptions; hence, the energy consumption gap
between HTTL and other algorithms increases as the AP energy consumption becomes more
important (5 increases). For 8 = 0.25, the final node deployment for WSN2 and the mixture
of Gaussian data rate density function given in (2.24) is shown in Fig. 2.5 where APs, FCs

and centroid of regions are denoted via red squares, black circle and crosses, respectively.

Figure 2.5: Node deployment for different algorithms with 5 = 0.25 in WSN2 and the mixture of
Gaussian data rate density function. (a) MER (b) AC (c¢) DC (d) PSO (e) HTTL.

Note that the two-tier power consumption defined in (2.5) represents a trade-off between
the Sensor power fs and AP power 7_9A, and this trade-off is illustrated as the AP-Sensor
power functions for WSN1 and WSN2 in Figs. 2.6a and 2.6b for uniform data rate, and in

Figs. 2.6¢ and 2.6d for the mixture of Gaussian data rate density function, respectively. For

35



30,
al
25+
2t
L 207 » 6r
v Q
3 § 5|
[~}
15
o : al
o
<
< 10 3|
2 L
5|
'1 -
0 . . . . e . — - B OO 0 . . . . . | )
1] 2 4 [ 8 10 12 14 16 0 0.5 1 1.5 2 2.5 3 3.5 q 4.5
Sensor Power Sensor Power
(a) (b)
0.7 02
0.6 | 0.18
0.16
0.5
. 0.14
1
g 0.4} g 0.12
2 2 0.1
0.3
% % 0.08
0.2 0.06
0.04
0.1
0.02
0 L L L L ©-0-98-00F I 0 \ \ 1
0 0.05 0.1 0.15 0.2 0.25 0.3 0.35 0.4 0 0.02 0.04 0.06 0.08 0.1
Sensor Power Sensor Power
(c) (d)

Figure 2.6: AP-Sensor power trade-off for HTTL Algorithm (a) WSN1/Uniform pdf, (b)
WSN2/Uniform pdf, (¢) WSN1/Mixture of Gaussian pdf, (d) WSN2/Mixture of Gaussian pdf.

small values of 3, sensor power contributes to the two-tier power consumption more than AP
power; hence, the optimal deployment tends to minimize 55, while 7_3A tends to be minimized
in an optimal node placement for large values of . Intuitively, moving APs towards the
FCs, usually, will increase the average distance between sensors and APs, resulting in the
increase of the sensor power. On the other hand, moving APs toward geometric centroids
of their corresponding regions, usually, will increase their distances to the FCs, which leads
to an increase in the AP power. This is shown in Fig. 2.6 where the AP-Sensor power

function A(s) decreases as s increases. Lemma 4 indicates that A(s) is non-zero on the
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intervals [Dqg, Dy) and [Dag, D4) for WSN1 and WSN2, respectively. Simulations show that
AP-sensor power function is a piece-wise continuous convex function, as we demonstrated

earlier for the setting in Lemma 6.

Table 2.2: Power Constraint Parameters

2 2 2 2
Parameters o 074 05.10 O11:20

Values 4 25 16 9

Next, we consider a transmission power constraint on sensors and APs. The value of parame-
ters 02 and 02, n € T4 in (2.20) are provided in Table 2.2. According to Table 2.2, strong APs

(n € {1,...,10}) also tend to have more available power than weak APs (n € {11,...,20}).

Figure 2.7: Node deployment for different algorithms with § = 0.25 in WSN1 and uniform data
rate density function. (a) MER (b) AC (c) DC (d) RNDWSN (e) IRNP (f) Limited-HTTL.
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Table 2.3: Coverage and power comparison for uniform data rate density function.

| MER | AC | DC | RNDWSN | IRNP | Limited-HTTL

WSN1

Power 1.1287 | 2.1812 | 1.3972 4.0105 4.4258 3.2151
Coverage | 33.90% | 53.01% | 40.31% 74.13% 80.04% 78.26%

WSN2

Power 0.8843 | 2.3309 | 2.6340 3.9463 4.7733 2.1305
Coverage | 38.55% | 82.26% | 91.79% 81.48% 95.09% 94.66%

Figure 2.8: Node deployment for different algorithms with 8 = 0.25 in WSN2 and uniform data
rate density function. (a) MER (b) AC (c) DC (d) RNDWSN (e) IRNP (f) Limited-HTTL.

Figs. 2.7 and 2.8 illustrate the optimal node deployment and covered area for different
algorithms in WSN1 and WSN2, respectively, with § = 0.25 and uniform data rate density
function. The two-tier power consumption and coverage of different algorithms for g = 0.25

and uniform data rate density function are summarized in Table 2.3. IRNP Algorithm
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Table 2.4: Coverage and power comparison for the mixture of Gaussian data rate.

| MER | AC | DC | RNDWSN | IRNP | Limited-HTTL
WSN1
Power 1.6810 | 2.3428 | 1.5385 4.9187 4.4630 2.2659
Coverage | 43.24% | 75.72% | 63.04% 92.45% 92.12% 91.68%
WSN2
Power 1.5285 | 1.6436 | 1.6676 4.0627 3.5923 1.1565
Coverage | 46.43% | 98.64% | 97.13% 95.34% 99.32% 98.11%

Figure 2.9: Node deployment for different algorithms with 8 = 0.25 and the mixture of Gaussian
data rate density function in WSN1. (a) MER (b) AC (c) DC (d) RNDWSN (e) IRNP (f) Limited-
HTTL.

yields the maximum coverage in WSN1; however, the 1.78% improvement in the coverage
over our proposed Limited-HTTL Algorithm comes at the cost of 38% increase in power
consumption. Our algorithm also outperforms RNDWSN Algorithm in terms of both power

and coverage. Similarly, although TRNP Algorithm results in less than 1% improvement
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Figure 2.10: Node deployment for different algorithms with 5 = 0.25 and the mixture of Gaussian
data rate density function in WSN2. (a) MER (b) AC (c) DC (d) RNDWSN (e) IRNP (f) Limited-
HTTL.

in coverage compare to Limited-HTTL Algorithm in WSN2, it consumes more than twice
power used by our proposed algorithm. Limited-HTTL Algorithm also outperforms the other

algorithms in terms of both coverage and power consumption in WSN2.

Figs. 2.9 and 2.10 show the optimal node deployment and covered area for different algo-
rithms in WSN1 and WSN2, respectively, with § = 0.25 and data rate density function given
in (2.24). The two-tier power consumption and coverage of different methods for 5 = 0.25
and Gaussian mixture data rate density function given in (2.24) are summarized in Table 2.4.
RNDWSN and IRNP algorithms result in less than 1% improvement in coverage compare to
Limited-HTTL Algorithm in WSN1; however, their power consumption is about twice that

of our proposed algorithm. Similar results for AC and IRNP algorithms in WSN2 show that
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Table 2.5: Simulation Parameters

Parameters (pWatt/ mg)

aj.20 4A21:40 b1:8,1:4 b1:8,5:8 b9:40,1:4 b9:40,5:s
1 2 1 2 2 4
Power Constraints (milliWatt)
o? Uis 03:20 031:40
6.4 19.6 14.4 10.0

Table 2.6: Coverage and power (Watt) comparison for the climate data.

| MER | AC | DC | RNDWSN | IRNP | Limited-HTTL
0.7052 | 1.0169 | 0.8846 | 1.1978 | 1.3788 0.9151

Power

Coverage | 60.14% | 82.17% | 78.32% 76.57% 89.51% 96.15%

about 1% increase in the coverage obtained over Limited-HTTL Algorithm leads to 42%
and 210% increase in power consumption, respectively. Finally, our proposed algorithm out-
performs DC and RNDWSN methods in terms of both coverage and power consumption in
WSN2. Note that when communication range is limited, MER Algorithm usually yields poor
performance since many APs fall outside the communication range of their corresponding

FC, and they cannot transfer their collected data from sensors to fusion centers.

To evaluate the performance of our method in real world applications, we conduct experi-
ments on the daily weather data of the Colorado state, i.e. precipitation, relative humidity,
temperature etc. Sensory data is obtained with the same rate from 286 locations that form
a 13 x 22 grid across Colorado. We consider a heterogeneous WSN with 40 APs and 8 FCs.

The power constraints and other parameter values are provided in Table 2.5 [49].

Table 2.6 summarizes the two-tier power consumption and coverage of different methods.
Our method outperforms AC, RNDWSN and IRNP algorithms in terms of both total cov-
erage and power consumption. While providing lower power, MER Algorithm yields poor
performance since many sensory locations fall outside the communication range of their
nearby APs. Finally, DC Algorithm yields 3% improvement in power consumption although

it provides a significantly lower coverage value compared with our algorithm.
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2.8 Conclusion

A heterogeneous two-tier network which collects data from a large-scale wireless sensor to
heterogeneous fusion centers through heterogeneous access points is discussed. We stud-
ied the minimum power that ensures reliable communication on such two-tier networks and
modeled it as an optimization problem. Different from the homogeneous two-tier networks,
a novel Voronoi Diagram is proposed to provide the best cell partition for the heterogeneous
network. The necessary conditions of optimal node deployment imply that every access point
should be placed between its connected fusion center and the geometric center of its cell par-
tition. By defining an appropriate power consumption measure, we proposed a heterogeneous
two-tier Lloyd Algorithm (HTTL) to minimize the power consumption. Simulation results
show that HTTL Algorithm greatly saves the weighted power or energy in a heterogeneous
two-tier network. When communication range is limited, our novel Limited-HTTL Algo-
rithm ensures that all APs are active. Simulation results show that our algorithms provide

superior results, in terms of both power consumption and network coverage.
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Chapter 3

Energy-Efficient Node Deployment in

Wireless Ad-hoc Sensor Networks

3.1 Introduction

Recent developments in wireless communications, digital electronics and computational power
have enabled a large number of applications of wireless ad-hoc sensor networks (WASNs) in
various fields such as agriculture and industry to name a few. In a general WASN, spatially
dispersed sensors collect data, e.g. temperature, sound, pressure and radio signals from
the physical environment, and then forward the gathered information to one or more fusion

centers (FCs).

In order to collect accurate data from the physical surroundings, high sensing quality or
sensitivity is required. In general, sensing quality diminishes as the distance between the
sensor and its target point increases [73, 74, 45, 13, 50, 108]. Thus, two distance-dependent
measures, i.e., sensing coverage [73, 92, 120, 111, 106] and sensing uncertainty [13, 60, 38, 39,

98, 22, 63| are widely studied in the literature to evaluate the sensing quality. In the binary
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coverage model [73, 92, 120, 111, 106], each sensor node can only detect the events within its
sensing radius. Then, sensing coverage represents the percentage of events that is covered by
at least one sensor [73, 92, 120, 111]. Another common model, centroidal Voronoi tessellation,
formulates the sensing quality as a source coding problem with sensing uncertainty as its
distortion [13, 60, 38, 39, 98, 22, 63|. Sensing uncertainty reflects the distortion of a quantizer,

and provides a distance-based measure of sensing quality [22, 63, 41, 21].

Energy efficiency is another key metric in WASNs as it is inconvenient or even infeasible to
recharge the batteries of numerous and densely deployed sensors. In general, wireless com-
munication, sensing and data processing are three primary energy consumption components
of a static node. However, in many WASN applications, wireless communication dominates
the node energy consumption [4, 87]. There are four primary energy saving methods for
WASNS in the literature: (i) topology control [64, 107], in which unnecessary energy con-
sumption is reduced by properly switching the nodes’ states between sleeping and working;
(ii) clustering [112, 58] which is used to balance the energy consumption among nodes in
one-hop communication models by iteratively selecting cluster heads; (iii) energy-efficient
routing [15, 34, 9], a widely used method that attempts to find the optimal routing paths
to forward data to FCs while the communication cost between two nodes are held fixed;
and (iv) deployment optimization that plays an important role in the energy consumption
of WASNSs since the communication cost between two nodes depends on their distance. Our
previous works [41, 55| proposed Lloyd-like algorithms to save communication energy in ho-
mogeneous and heterogeneous WASNs by optimizing the node deployment. Nonetheless, a
pre-existing network infrastructure, which only includes two-hop communications, is a basic
assumption in [41, 55]. Compared to one-hop and two-hop communications, the general-
ized multi-hop communications can, on average, reduce the transmission distance and save
more energy. However, to the best of our knowledge, the optimal node deployment with

generalized multi-hop communications in WASNS is still an open problem.
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In this paper, we study the node deployment problem in WASNs with arbitrary multi-hop
routing algorithms. Our primary goal is to find the optimal FC and sensor deployment to
minimize both sensing uncertainty and total energy consumption of the network. By deriving
the routing-dependent necessary conditions of the optimal deployments in such WASNs, we

design a Lloyd-like algorithm to deploy nodes.

The rest of this paper is organized as follows: In Section 3.2, we introduce the system model
and problem formulation. In Section 3.3, we study the optimal FC and sensor deployment for
a given routing algorithm. A numerical algorithm is proposed in Section 3.4 to optimize the
node deployment. Section 3.5 presents the experimental results and Section 3.6 concludes

the paper.

3.2 System model and problem formulation

We consider a wireless ad-hoc sensor network consisting of M homogeneous FCs and N
homogeneous sensors over a target region 2 € R?. Let Zg = {1,...,N} and Zp = {N +
1,...,N 4+ M} denote the set of node indices for sensors and FCs, respectively. When
i € Zg, Node i refers to Sensor i; however, when ¢ € Zr, Node i refers to FC (i — N).
Let P = (D1, ..., DN, PN41, - DNgnr) ] € RWVHMIXZ he the node deployment, where p; €
denotes the location of Node i. Throughout this paper, we assume that each event within
the target region is sensed by only one sensor. Therefore, for each ¢ € Zg, Sensor ¢ monitors
the events occurred in the cell W; C Q, and W = (W, ..., Wy) provides a cell partitioning
of Q. According to [41], the frequency of random events taking place over  is modeled
via a continuous and differentiable spatial density function f(w) : Q — R*. Therefore, the
amount of data generated at Sensor ¢ during a unit of time is given by I'(W,) = & fWi f(w)dw
where £ is a positive constant, [41]. The data collected by each sensor node is forwarded to

other nodes in the network until it eventually reaches to one or more fusion centers.
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According to [15], this WASN can be modeled as a directed acyclic graph G(Zs|JZr,E)
where £ is the set of directed links (n, k) such that n € Zg and k € Zg|JZp. In particular,
sensors and FCs are source nodes and sink nodes of this network, respectively, and there
is no cycle in the flow network since each cycle can be eliminated by reducing the flows
along the cycle without influencing the in-flow and out-flow links to that cycle. We define
F = [FZ-J]NX(NJFM) to be the flow matrix, where Fj; is the amount of data transmitted
through the link (4, ) in the unit time. Since F depends on the cell partitioning W, we can

define the normalized flow matrix as follows:

N+M
o\
7 Y
B T )
S1,1 S1,2 S1,N+M
S = S21 S22 ¢ So N+ M (3-1)
N,
SN1 SN2 SN, N+M
L d 7

Fi
+M o
> Fig

The normalized flow matrix S satisfies the following properties:

where s; ; = is the ratio of in-flow data to Node 7 that is transmitted to Node j.

(a) si; € [0,1];!

(b)y MM, =1,Vie {1,...,N};

Jj=1

(c) No cycle: if there exists a path lg — [} — -+ — Ik, i.e., Hle S1,_, 1, > 0, then we have

Sixlo = 0. In particular, s; = 0,Vi € {1,...,N}.

Since the flow F;; can be determined by the cell partitioning W and normalized flow ma-

IFor time-invariant routing algorithms, such as Bellman-Ford Algorithm [34, 9], the flows construct a tree-
structured graph in which each node has only one successor. Under such a circumstance, the normalized
flow from Node ¢ to Node j is either 0 or 1, i.e., s, ; € {0,1}. However, the time-variant routing algorithms,
such as Flow Augmentation Algorithm [15], will generate different flows during different time periods. As
a result, the overall normalized flow from Node i to Node j can be a real number between 0 and 1, i.e.,
S5 € [0, 1]
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trix S, in the remaining of this paper we use F(W,S) instead of F. Let F;(W,S) =
SN

;.;(W,S) be the total flow originated from Node i. Since the in-flow to each sensor,

say 7, should be equal to the out-flow, we have Z;V:]L F;;(W,S)+T'(W;) = Z?:EM F,;(W,S).

In what follows, we provide an example to elucidate how to calculate F(W,S) in terms of

W and S.

Example 1. We consider a WASN with three sensor nodes and one FC, i.e., N = 3 and

M = 1. The parameter « is set to 4. For a cell partitioning W with cell volumes v(W;) =

0 05 05 0
v(Ws) = 0.25, v(W3) = 0.5, and the normalized flow matrix S = 0 0 04 06 |,
0 0 0 1
the corresponding flow network is illustrated in Fig. 3.1.
=)
Node 2 )8 W
(Sensor 2)
L 495 Fa(w
I (W) =1 Q\Ns S
'y
Node 1 a Node 4
(Sensor 1) < (FC1)

I (Wy=2 Node 3
(Sensor 3)

Figure 3.1: Example 1

The amount of data generated from each sensor node can be calculated as: I'(W;) =
ko(Wy) = 1, T'(W,) = kv(Wy) = 1, and I'(W;) = kv(W5) = 2. As a leaf node, Sensor 1
does not receive data from any other sensor nodes, and only transmits its sensed data; thus,
F1(W,S) =T'(W;) = 1. The flows from Sensor 1 are then F} (W, S) = 512 x F;(W,S) = 0.5
and Fy 3(W,S) = 513 x F1(W,S) = 0.5, respectively. Sensor 2’s flows come from F o(W, S)
and the data gathered from the region Ws. Hence, Fo(W,S) = I'(Ws) + F12(W,S) = 1.5.

47



Therefore, the flows from Sensor 2 are F5 3(W,S) = 553 X F5(W,S) = 0.6 and Fy4(W,S) =
So4 X F5(W,S) = 0.9. Similarly, for Sensor 3, we have F3(W,S) = I'(W3) + F1 5(W,S) +
F,3(W,S) = 3.1; hence, the unique flow from Sensor 3 is F5 4(W,S) = s34 % F3(W,S) = 3.1.

We focus on power consumption of sensors since FCs are usually equipped with reliable
energy sources and their power consumption is not the main concern. The average power
consumption through link (4, ) consists of two components: (i) average transmitter power,
.

;;; and (i) average receiver power, 77 . As shown in [41], because of the free-space path-

loss, the instant transmission power is proportional to the square of distance between nodes
i and j. Therefore, Sensor i’s average transmitter power through link (7, 7) is modeled as
ij = Bllpi — pj|I*F;;(W,S) where the coefficient 3 depends on the characteristics of nodes
i and j [41]. In homogeneous WASNs, all nodes share the same characteristics; thus, the
coefficient f3 is the same for all links (7, j). According to [51], Sensor j’s average receiver power
through link (7, j) can be modeled as ffj = pF; ;(W,S), where p is a constant coeflicient

for receiving data. In sum, the average power consumption over link (7, j) can be written as
(Bllpi — pil* +p) Fij(W,S),  j€Ts (3.2)

(Bllp: = pill*) Fiy(W, S), j€ZIr

and the total power consumption can be written as

N N+M
PP W,S)=> Y Pi;(P,W,S)
i=1 j=1
N N+M N (33)
=Y | Y. Blpi—pilPF (W, 8) +p > Fj(W,S)
=1 7j=1 7=1

According to [13, 60, 38, 39, 98, 22, 63], for a given node deployment P and cell partitioning

W, the sensing uncertainty can be formulated as:
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W) =3 [, )i (3.4)

Our main goal is to minimize the power consumption and sensing uncertainty defined in
(3.3) and (3.4), respectively. However, as will be shown in Section 3.5, there is a trade-
off between sensing uncertainty and power consumption. Intuitively, sensing uncertainty is
minimized when sensors are located on the centroid of their corresponding regions; however,
this will usually increase the pair-wise distance between nodes which leads to an increase in
power consumption. Therefore, one objective is to minimize the sensing uncertainty given
a constraint on the total power consumption, or vice versa. This constrained optimization

can equivalently be formulated as the following Lagrangian cost function:

D(P,W,S) = H(P,W) + \P(P,W,S)

AR FECEED B IRELE .

i=1 j=1
N N+M

+3° % (A8lIpi — psl1?) Fiy(W.,S),

i=1 j=1

where A > 0, i.e. the Lagrangian multiplier, makes a trade-off between sensing uncertainty
and total power consumption. Our main goal in this paper is to minimize the cost function
defined in (3.5) over the node deployment P, cell partitioning W, and the normalized flow

matrix S.

3.3 Optimal node deployment in WASNSs

As it is shown in (3.5), the cost function depends on three variables P, W and S. Therefore,
our goal is to find the optimal node deployment, cell partitioning and the normalized flow

matrix, denoted by P* = (p’{,...,p*N+M), W* = (Wy,...,WW%) and S* = [s;j]NX(NJFM),
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respectively, that minimizes the cost function. Note that not only the optimal values of
these variables depend on each other, but also the optimization problem is NP-hard. We
aim to design an iterative algorithm that optimizes the value of one variable while the other
two variables are held fixed. To accomplish this goal, we study the necessary conditions for

optimal deployment at each step. Let

s PiPW,S) | Blpi—pilP o G €T

(P
ey]( ) EJ(W,S)

(3.6)
ﬁ”pi_ijZa J€lp

be the Link (i,7)’s energy cost (Joules/bit). Without loss of generality, we assume that

Sensor i’s collected data goes through K; paths {LS)(S)}kE{l,...,Kib where L,(f)(S) = l,(;}] —

iy

1, R , € I, and J is the number of nodes on the k-th path

l,(j)l N T

k, J(z)’

except Node i. Then, the data rate (bits/s) and the path cost (Joules/bit) corresponding to
the k-th path can be written as
7

1 (W, S) = WSHSMIJz, (3.7)

and

Z ‘o 1,1(’ (3.8)

respectively. Note that >, ug)(W, S) = F;(W,S) which means the data from Node i
eventually reaches one or more FCs. Sensor i’s power coefficient, denoted by ¢;(P,S), is
then defined to be the energy consumption (Joules/bit) for transmitting 1 bit data from

Sensor ¢ to the FCs, i.e, we have:
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SR (WL S)E! (P, S)

(P,S) =
9:(P. 8) F(W.S)
K [0 J® , (3.9)
_ (7)
=3 \TLsg o | o 8]mg, —po || +0 (47— 1)
k=1 =1 7j=1

Note that the term F;(W,S) is canceled in (3.9), indicating that power coefficient g;(P,S)
is independent of W. In what follows, we provide an example to clarify how to calculate the

sensor power coefficients.

Ezample 2. Consider the WASN described in Fig. 3.1, and let P = ((0,0), (0, 1), (1,0), (1, 1)),
B =1and p = 1. We aim to find Sensor 1’s power coefficient g;(P,S). The link energy
costs for this network can be calculated as e 2(P) = €1 3(P) = 2, e23(P) = 3, and eo4(P) =
es4(P) = 1. Note that Sensor 1’s data goes through the following 3 paths: Lgl)(S) =
1524 LYS) =134 and L{’(S) =1 — 2 - 3 — 4. The data rate
through the above paths are, respectively, ugl)(W, S) = F1(W,S) xs12X%s24 = 0.3F; (W, S),
D (W,S) = Fi(W,S) X s15 X s34 = 0.5F (W, S), and u{”(W,S) = F|(W,S) x s15 X
Sa3 X S34 = 0.2F1(W,S). Moreover, we can calculate the path costs using (3.8) as follows:
e(P) = e15(P) + e24(P) = 3, eV (P) = e15(P) + e34(P) = 3, and 25 (P) = e15(P) +
e23(P) + e34(P) = 6. Then, Sensor 1’s power coefficient is g;(P,S) = 0.3 x 34+ 0.5 x 3 +
0.2x6=3.6.

Note that the average power consumption for transmitting Sensor i’s data is ¢g;(P, S)['(W;) =

g9:(P,S)k fWi f(w)dw. Thus, the total power consumption (3.3) can be rewritten as:

PP, W,S) = Zgi(P,S)/{/W'f(w)dw. (3.10)

Therefore, the cost function in (3.5) can be rewritten as:
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D(P,W,S) = H(P,W) + \P(P,W,S)
- (3.11)
=2 /W (Ipi = wl* + Awgi(P, S)) f(w)dw.

Now, given the node deployment P and normalized flow matrix S, the optimal cell parti-

tioning is equal to:

Vi(P,S) = {u] llpi — wl* + Migi(P,S) < |Ip; — wl® + Awg;(P, 8),Vj # i}, i € Is. (3.12)

Moreover, given the link costs {e;;(P)}s and generated sensing data rates {I'(W;)}s, the total
power consumption can be minimized by Bellman-Ford Algorithm [34, 9]. For convenience,
we represent the functionality of Bellman-Ford Algorithm by R(P, W), where P and W are
inputs and S is the output, i.e., R(P, W) = arg ming P(P, W, S). Since sensing uncertainty
H(P, W) is independent of S, we have:

R(P,W) = argmin H(P, W) + \P(P, W, S)
S (3.13)
= arg msin D(P, W, 8S).

The optimal flow matrix for a given P and W is then F(W,R(P,W)). The following

theorem provides the necessary conditions for the optimal deployment.

Theorem 3.1. The necessary conditions for the optimal deployments in the WASNs with

the cost defined in (3.5) are

N+M

Jj=1

N
vl + Aﬂ( Erps+ 3 FJiz-p;f)
j=1

*

Pi = N+M N
i +AB | X F A+ E
j=1 j=1

. Viels (3.14)
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N

Z D5

J

pi="—  VieZs (3.15)
25

W* = V(P*,S"), (3.16)

S* = R(P*, W*), (3.17)

c fv (pr gy WS (w)dw
B fv (P*,8%) flw)dw

and geometric centroid of the region V;(P*,S*), respectively, and F;, = F; ;(W*,S¥) is the

where v; = [, @5 (w)dw and are the Lebesgue measure (volume)

optimal flow from Node i to Node j.

The proof of Theorem 3.1 is provided in Appendix C.1. Let N (S) £ {j|F;:(W,S) > 0}
be the set of Node 4’s predecessors, and N*(S) £ {j|F;;(W,S) > 0} be the set of Node 4’s

successors. Hence, (3.14) and (3.15) can be simplified as

JENF (8*) JGMP(S*

)

pi = (3.18)
viEAB L X F X
JENF (S¥) JENT(S)
for each 7 € Zg, and
> Fj
JENT(8*)
Pi= (3.19)
>
JENF(8%)

for each i € Zp, respectively. In other words, Sensor i’s optimal location is a linear combi-
nation of its geometric centroid, predecessors, and successors while FC i’s optimal location

is a linear combination of its predecessors.
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3.4 Routing-aware Lloyd Algorithm

First, we quickly review Lloyd Algorithm [69]. Lloyd Algorithm iterates between two steps:
(i) Voronoi partitioning and (ii) Moving each node to the geometric centroid of its cor-
responding Voronoi region. Although the conventional Lloyd Algorithm can be used for
one-tier quantizers or one-tier node deployment tasks, it cannot be applied to WASNs with
multi-hop wireless communications. Based on the properties explored in Section 3.3, we
design a Routing-aware Lloyd (RL) Algorithm to optimize the node deployment in WASNs
and minimize the cost function in (3.5). To avoid a poor initial deployment, first, we design
a quantizer with N (M) points for the spatial density function f(w) and place the sensors
(FCs) on the corresponding centroids. This results in an even distribution of sensors among
FCs as the initial deployment. RL Algorithm then iterates between three steps: (i) Update
the node deployment P according to (3.14) and (3.15); (ii) run Bellman-Ford Algorithm to
update the normalized flow matrix S and obtain the sensor power coefficients g;(P,S) and
the flow matrix F(W,S); and (iii) update the cell partitioning W according to (3.16) and

update the value of volumes v, and centroids ¢,. The algorithm continues until the stop

Dg1d—Dnew

Do > ¢ is satisfied (Dog and Dy are the cost functions in the previous and

criterion,

current iterations, respectively).

Theorem 3.2. RL Algorithm is an iterative improvement algorithm, i.e., the cost function

is non-increasing and the algorithm converges.

The proof of Theorem 3.2 is provided in Appendix C.2.

3.5 Performance Evaluation

We provide the experimental results for two WASNs: (i) WASN1: A WASN including 1
FC and 20 sensors; (ii) WASN2: A WASN including 4 FCs and 40 sensors. To make a

o4



fair comparison, we use the same target region and density function as in [41, 55], i.e.,
Q =10,10]? and f(w) = fgﬁ = 0.01. Other parameters are set as follows: 5 =1, p = 0.1,

k=1,e=1075,

To the best of our knowledge, this is the first work to consider both sensing uncertainty
and power consumption in WASNs. Bellman-Ford Algorithm [34, 9] is the best routing
algorithm to minimize the total energy consumption, but it does not take node deployment
into account. To compare with Bellman-Ford Algorithm, we apply random deployment and
Lloyd Algorithm [69] for the node deployment part. Random deployment + Bellman-Ford
(RBF) employs Bellman-Ford Algorithm on 100 random node deployments and selects the
best one. Similarly, Lloyd + Bellman-Ford (LBF) first applies Lloyd Algorithm to both FCs
and Sensors to obtain a node deployment with small cost, and then employs Bellman-Ford
Algorithm to reduce the average power. Furthermore, we compare RL with Combining Lloyd
(CL) [41] which combines two Lloyd-like algorithms to optimize the node deployment with

one-hop communications.

25¢ 6-
RBF RBF
L] LBF [] LBF
20t -e-CL ST -e-CL
RL RL
Bt St
@ o4
215l 2
15
= = i
[-5) [-5) 3 L
& &
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< <2f
5 L
1 [
= S
0 . —0-—a_ao D 0 . \ o—6-6-g5-9-0
0 5 10 15 0 1 2 3 4
Sensing Uncertainty Sensing Uncertainty

(a) (b)
Figure 3.2: Performance comparison for different algorithms: (a) WASN1 (B) WASN2.

Performance results for different values of A € {0,0.05,0.15,0.25,0.5,1,1.5,2,3,4,5,7,10,16}
are provided in Fig. 3.2. Note that the trade-off between sensing uncertainty and power

consumption, represented by the constant parameter A, is taken into account in both CL
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and RL algorithms. However, RBF and LBF algorithms are independent of A. In particular,
since LBF determines the node deployment by Lloyd Algorithm before employing Bellman-
Ford Algorithm, LBF’s performance is almost independent of the initial deployments, and
its experimental results in Fig. 3.2 converge to a point with small sensing uncertainty but
large power consumption. For small values of A, the cost function in (3.5) favors the sensing
uncertainty over power consumption, which leads to the points on the left-hand side of the
RL curve in Fig. 3.2. Similarly, large values of A results in points on the right-hand side of
the RL curve. Overall, the proposed RL algorithm outperforms other algorithms by saving

more power and reducing more sensing uncertainty, in addition to providing a trade-off.2

The node deployments of the four algorithms (RBF, LBF, CL, and RL) in WASN1 with
A = 0.25 are illustrated in Figs. 3.3a, 3.3b, 3.3c, and 3.3d. FCs and sensors are denoted
by five-pointed stars and circles, respectively. Flows are denoted by black dotted lines.
As shown in Fig. 3.3, cell partitions in LBF, CL and RL algorithms tend to have similar
shapes; however, RBF does not result in a similar pattern. Moreover, sensors in Fig. 3.3b
are placed on top of their corresponding centroids while sensors in Fig. 3.3c are placed
between their corresponding FC and centroid. However, in Fig. 3.3d, location of each sensor
depends on its centroid, predecessors, and successors, as provided in Theorem 3.1. Note
that in Figs. 3.3b, 3.3c and 3.3d, sensors inside each cluster tend to be close to each other
with their FC in the middle; however, the same relationship does not appear in Fig. 3.3a.
Besides, CL only uses one-hop communications, i.e., sensors are directly connected to the
FC while other algorithms utilize multi-hop communications to reduce the average power.
The corresponding cost function given A = 0.25 for RBF, LBF, CL, and RL are, respectively,
3.82, 3.25, 4.00, 2.59; thus, our RL Algorithm achieves a lower cost function and outperforms

other algorithms.

Similar results for WASN2 can be found in Fig. 3.4. The distortion of RL in WASN2, i.e.,

2To better exhibit the performance of LBF, CL, RL, we do not show the results of RBF with excessive
powers (P > 6) in Fig. 3.2.
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Figure 3.3: Node deployments of different algorithms with A = 0.25 in WASN1: (a) RBF (b) LBF
(c¢) CL (d) RL.

1.01, is smaller than that of RBF, LBF and CL (1.87, 1.25, 1.17). Note that in Figs. 3.4b,
3.4¢ and 3.4d, sensors inside each cluster tend to be close to each other with their FC in the

middle; however, the same relationship does not appear in Fig. 3.4a.

3.6 Conclusions and Discussion

In this paper, we formulated the node deployment in WASNs as an optimization problem
to make a trade-off between sensing uncertainty and energy consumption. The necessary

conditions for the optimal deployment imply that each sensor location should be a linear
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Figure 3.4: Node deployments of different algorithms with A = 0.25: (a) RBF (b) LBF (c) CL (d)
RL.

combination of its centroid, predecessors and successors. Based on these necessary condi-
tions, we proposed a Lloyd-like algorithm to minimize the total cost. Our experimental
results show that the proposed algorithm significantly reduces both sensing uncertainty and
energy consumption. Although we only considered Bellman-Ford Algorithm as the routing
algorithm in this paper, the proposed system model in Section 3.2 can be applied to ar-
bitrary routing algorithms, such as Flow Augmentation Algorithm [15] (a network lifetime
maximization routing algorithm). The optimal deployment with maximum network lifetime

will be our future work.
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Chapter 4

Energy-Efficient Deployment in Static
and Mobile Heterogeneous Multi-Hop

Wireless Sensor Networks

4.1 Introduction

Wireless sensor networks (WSNs) consist of small and low-cost sensor devices used to monitor
the environment and transfer the sensed information through wireless channels to dedicated
fusion centers. WSNs can be classified into either homogeneous WSNs [40, 41, 21, 20, 10}, in
which network nodes share the same characteristics such as storage, antennas, sensitivity etc.,
or heterogeneous WSNs where network nodes have different characteristics [55, 51, 56, 79, 42,
38]. Based on the network architecture, WSNs can be divided into either hierarchical WSNs,
where network nodes are often grouped into clusters with some of them chosen to be cluster
heads, or non-hierarchical WSNs where sensors have identical functionality and multi-hop

wireless communication is used to maintain the connectivity of the network. Wireless sensor
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nodes can also be classified as either static [56, 38|, in which each network node remains at
its deployed position, or mobile where network nodes can move to their optimal locations to
improve the energy efficiency and sensing quality of WSNs [39, 98, 120, 19]. In general, there
are three fundamental elements to specify for a WSN: (i) node deployment, i.e., the location
of network nodes; (ii) cell partitioning, i.e., the region that each network node monitors; and
(iii) data routing, i.e., the path that each sensory data takes to reach fusion centers. Not
only should a proper network design algorithm jointly optimize over node deployment, cell
partitioning, and data routing, but also it should be applicable to heterogeneous WSNs and

be extendable to both static and mobile network nodes.

In [40, 41], we studied the optimal deployment in homogeneous WSNs; however, the ho-
mogeneous setting does not address many challenges that are inherent in heterogeneous
WSNs, e.g., unlike regular Voronoi diagrams in homogeneous WSNs, the optimal cells in
heterogeneous WSNs may be non-convex, not star-shaped, or even disconnected and the cell
boundaries may not be hyperplanes. In [55, 56, 42, 38, 39|, we studied the energy-efficient
deployment for heterogeneous WSNs; however, the network is restricted to a one-tiered or
two-tiered architecture while an efficient data routing through multi-hop communication can
substantially improve the total energy consumption. Thus, our prior studies along with the
majority of the work in the literature, as we will explore in the next section, fall short on
one or more of the desired properties discussed above; namely, they may not consider the
heterogeneous nature of network nodes, lack a rigorous radio energy model for the commu-
nication energy consumption, assume a specific network architecture, and consider only a

static or mobile setting.

The primary motivation and key characteristic of this work over the existing literature is
that not only do we incorporate the heterogeneity of network nodes into our system model
and make no assumption about the network’s architecture, but also we consider a radio

energy model, where the electromagnetic wave propagation dampens as a power law function
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of the distance between the transmitter and receiver, and develop deployment algorithms
that are applicable to both static and mobile WSNs. In particular, we study the optimal
deployment in heterogeneous multi-hop WSNs consisting of homogeneous densely deployed
sensors, heterogeneous APs, and heterogeneous FCs, to minimize the wireless communication
power consumption with and without movement energy constraints. Our contributions in

this paper are multifold:

e We consider a radio energy model based on large scale fading and line-of-sight path
loss signal attenuation that incorporates the heterogeneous characteristics of network
nodes without any a priori assumption about the network’s architecture, location of

nodes, etc;

e We provide theoretical necessary conditions for an optimal deployment, cell parti-
tioning, and data routing design for both static and mobile heterogeneous WSNs to

minimize the power consumption;

e We design energy-efficient algorithms to jointly optimize node deployment, cell parti-
tioning, and data routing that satisfy the necessary conditions and prove their conver-

gence.

The rest of the paper is organized as follows: In Section 4.2, we present an overview of the
existing literature on WSN deployment. In Section 4.3, we provide the system model. In
Section 4.4, we study the optimal deployment in static heterogeneous multi-hop WSNs and
propose an iterative algorithm based on the derived necessary conditions. The analysis of
optimal deployment with network’s total movement energy constraint is provided in Section
4.5. In Section 4.6, we study an energy-efficient deployment that guarantees a given network’s
lifetime in mobile WSNs. Experimental results are provided in Section 4.7 and Section 4.8

concludes the paper.
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4.2 Related Work

Energy efficiency is a key determinant in longevity of the WSNs since sensors have limited
energy resources and it is difficult or infeasible to recharge the batteries of densely deployed
sensors. In general, many factors contribute to the energy consumption of the WSNs; e.g.,
communication energy, movement energy, sensing energy, and computation energy [114, 49].
Empirical measurements have shown that the data processing and computation energy as
well as sensing energy for passive sensors are negligible compared to communication energy
[87]. Thus, wireless communication dominates the energy consumption in static sensors in
practice while movement energy dominates the energy consumption in mobile wireless sensor

networks [56, 105].

Several methods have been proposed in the literature to reduce the energy consumption of
wireless communication in WSNs. Examples include methods that circumvent the excess en-
ergy consumption by appropriately switching sensors between awake and asleep states [107],
calibrating the transmission power of sensors while a reliable communication is maintained
[58], and finding optimal paths to transfer data from sensors to fusion centers [10]. The
common drawback of these approaches is that the deployment is assumed to be known and
fixed; however, because the required transmission power is polynomially proportional to the
distance between the transmitter and the receiver, a proper deployment can significantly

affect the energy consumption of WSNs.

There are two types of deployment techniques proposed in the literature to optimize the
energy consumption of WSNs: random deployment and deterministic deployment. Random
deployment is often used in harsh or inaccessible environments where deterministic deploy-
ment is not feasible. Examples include Constant Diffusion [110], Hybrid Diffusion [91], and
Discontinuous Diffusion [90] in which network nodes are scattered in the target region ac-

cording to a given probability density function. Since network nodes are not usually placed
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at their optimal locations due to the stochastic nature of these methods, the performance
of random-based deployment falls short compared to the deterministic deployment. Deter-
ministic deployment approaches aim to calculate the optimal location of network nodes that
achieves a desired objective. These methods can be classified into four different categories,

as we have summarized below:

1. Grid-based methods: Examples include [97, 86, 31, 71] in which the locations of network
nodes are determined based on a grid shape such as triangular, rectangular, or hexag-
onal grid pattern. These methods are favorable due to their simplicity; however, they
consider a homogeneous setting and do not account for the heterogeneity of network
nodes; thus, they perform poorly when the WSN is comprised of nodes with different
characteristics [31, 24]. In addition, they do not account for connectivity and are only

applicable to static nodes.

2. Force-based methods: Examples include [117, 26, 66] in which a set of attractive, repul-
sive or null virtual forces act on network nodes based on their distance from each other.
These methods offer adequate coverage and are applicable to mobile nodes; however,
they suffer from nodes’ oscillations problem [12], shortened network lifetime due to
invalid movements [119], high computational complexity, and do not scale well with
the number of nodes. Moreover, they yield undesirable performance for heterogeneous

WSNss since virtual forces do not consider the heterogeneity of nodes.

3. Geometry-based methods: Examples include Delaunay triangulation and Voronoi-based
algorithms such as [2, 104, 36, 99, 70] in which the target region is partitioned into
a set of unique polygons, one for each network node, such that each point within
a polygon is closest to that network node compared to any other node residing in
other polygons. While the intuition of closeness in the sense of Euclidean distance
makes sense for homogeneous nodes, it has been shown to fail for heterogeneous WSNs

in which the best partitioning heavily depends on nodes’ characteristics [56]. Our
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proposed algorithms in this paper fall into this category of deployment methods.

4. Meta-heuristic methods: Examples include ant colony optimization [25, 65|, artificial
bee colony [80], particle swarm optimization [14], genetic algorithm [116, 44|, and
simulated annealing [28] in which various optimization tools are used to find nodes’
locations. These methods are designed to achieve high coverage rates, but they are sen-
sitive to node failure and suffer from high power consumption [32], high computational
complexity, and low convergence rate. Additionally, fine-tuning the hyperparameters
for these algorithms is very challenging since a slight variation can result in different

network behavior.

To the best of our knowledge, the energy-efficient deployment in heterogeneous multi-hop
WSNs is still an open problem. In the remainder of this paper, we study such networks in

details.

4.3 System Model

In this section, we study the system model of heterogeneous multi-hop WSNs, as shown in
Fig. 4.1, consisting of three types of nodes: homogeneous sensors, heterogeneous APs and
heterogeneous FCs. Given the target region 2 € R? which is a convex polygon including
its interior, N APs and M FCs are deployed to collect information from densely deployed
sensors. Let Zy ={1,--- ,N} and Zr = {N +1,--- , N+ M} denote the set of node indices
for APs and FCs, respectively. If n € Z4, Node n refers to AP n; however, when n € Zr,
Node n refers to FC (n — N). The location of Node n is denoted by p,, C €2 and collectively
the node deployment is denoted by P = (p1, -+ ,pn,PN+1, s PNim ). Throughout this
paper, we assume that each sensor only sends data to one AP; therefore, for each n € Z 4,

AP n gathers data from sensors within the region W,, C Q, and W = (W73, --- , Wy) provides
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a set partitioning of the target region. The density of sensors is denoted via a continuous and
differentiable function f :  — R™. The total amount of data collected from sensors within
the region W, in one time unit is R, an f(w)dw, where the bit-rate Ry, is a constant due to
the homogeneity of sensors [41]. For each n € Z4, the volume and centroid of the region W,
is defined as v(WW,,) £ Jw., fw)dw and c(W,) = %, respectively. The data gathered

from each sensor is forwarded to other nodes in the network until it eventually reaches to

one or more FCs.

[} AP 1 ’

Figure 4.1: System model.

As shown in Fig. 4.1, the network can be regarded as a directed acyclic graph G(Z4 |JZr, E)
where APs and FCs are source and sink nodes, respectively, and £ is the set of directed edges
(,7) such that i € Z4 and j € Z4|JZF [15]. Note that any cycle in the network’s graph
can be removed by reducing the flow of data along the cycle without changing the in-flow
and out-flow links to that cycle. Let F = [F} j]n (v be the flow matrix, where F;; is the
amount of data transmitted through the link (7, j) in one time unit. Since the in-flow to each
AP, say i, should be equal to the out-flow, we have Zjvzl F;i+ Ry fWi flw)dw = ZjV:ﬁM F ;.

For i € T4, we define F, £ Z?:;M F,; to be the total flow originated from AP i. Let

A Fiyj

S = [s;j]nx(v+um) be the normalized flow matrix, where s; ; = SN is the ratio of the
j=1 1ij

in-flow data to AP ¢ that is transmitted to node j. The normalized flow matrix S satisfies the
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following properties: (a) s;; € [0,1];' (b) Z;V:J;M sij =1,Vie{l,--- N} (c) No cycle: if
there exists a path in the network’s graph such as lp — l; — --- — Ik, i.e., Hle Ste_1.0x > 0,
then we have s;,.;, = 0. In particular, we have s;; = 0, Vi € {1,---,N}. Since the flow
matrix F can be uniquely determined by the set partitioning W and the normalized flow

matrix S, in the remaining of this paper, we use the notation F (W, S) instead of F. The

following example describes how to calculate F (W, S) in terms of W and S.

Example 1. We consider a heterogeneous multi-hop WSN with three APs and one FC, i.e.
N = 3 and M = 1, and the bit-rate R, = 20. For a cell partitioning W with cell volumes
v(Wh) = v(Wa) = 0.3, v(W3) = 0.4, and the normalized flow matrix S = [si;]x, vian
with non-zero entries s;o = 0.4, s13 = 0.6, s33 = 0.25, 554 = 0.75 and s34 = 1, the
corresponding flow network is illustrated in Fig. 4.1. The amount of data generated from
sensors within each cell can be calculated as: I'(W;) = Ryo (W) =6, I'(Wy) = Ryv(Ws) =6,
and T'(W3) = Ryuv(W3) = 8. AP 1 does not receive data from any other AP, and only
transmits its collected sensed data; thus, F;(W,S)=T'(W;)=6. The flows from AP 1 are
then F} o(W,S)=s12x F1(W,S)=2.4 and F| 3(W,S)=s;3x F1(W,S)=3.6, respectively.
AP 2’s flows come from Fjo(W,S) and the data gathered from the region W,. Hence,
Fy(W,S) =T (W) + F12(W,S) = 8.4. Therefore, the flows from AP 2 are Fy3(W,S) =
So3 X Fo(W,S) =2.1 and F54(W,S) =594 x F5(W,S) =6.3. Similarly, for AP 3, we have
F3(W,8) =T'(W3)+ F 3(W,S)+ F>3(W,S) = 13.7; hence, the unique flow from AP 3 is
F54(W,S)=s34 x F3(W,S)=13.7.

In what follows, we formulate the wireless communication power consumption of the network.
Also, we focus on the power consumption of sensors and APs; since FCs are usually supplied

with reliable energy sources and their power consumption is not the main concern. First, we

!For time-invariant routing algorithms, such as Bellman-Ford Algorithm [34, 9], the flows construct a
tree-structured graph in which each node has only one successor. Under such circumstances, the normalized
flow from Node i to Node j is either 0 or 1, i.e., s, ; € {0,1}. However, the time-variant routing algorithms,
such as Flow Augmentation Algorithm [15], generate different flows during different time periods. As a result,
the overall normalized flow from Node i to Node j can be a real number between 0 and 1, i.e., s; ; € [0,1].
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focus on the sensor’s power consumption. According to [41], due to the path-loss, the instant
transmission power is equal to the square of the distance between the two nodes multiplied
by a constant that depends on the characteristics of both nodes, i.e., nx ||p, —w||? for a sensor

positioned at w that transmits its data to AP n, n € Z4. As shown in [49], the parameter 7

Pth(47r)2

TC G2 where P, is the minimum receiver power threshold for successful
T

is given by n =
reception, Ry is the bit-rate, G; and G, are the antenna gains of the transmitter and receiver,
respectively, and A. is the carrier signal wavelength. In the homogeneous setting, all nodes
have the same characteristics; thus, the parameter 7 is the same and will not affect the
optimization. However, in a heterogeneous multi-hop WSN, AP nodes can have different

antenna gains and SNR thresholds; hence, the parameter n will be a function of the node

index. Therefore, the sensors’ transmission power consumption can be written as

N
PL(P,W) :Z/ Dl — w2 R0 f (w)des. (4.1)
n=1YWn

Similarly, the instant transmission power from Node i to Node j can be written as 5 X ||p; —
p;j||* where the parameter 3 depends on the antenna gain and SNR threshold of Node j and
the antenna gain of Node i [49]. Therefore, it is the same for the homogeneous setting and will
not affect the optimization. However, in a heterogeneous multi-hop WSN, the heterogeneity
of the nodes causes the parameter 3 to be a function of the node indices. Hence, the average
transmission power through link (i, j) is equal to 5, ;|lp; — p;||*Fi;(W,S), and the APs’ total

transmission power consumption can be written as
N N+M
P4 (P, W,S) Z > Bijlpi = piIPFiy (W, S). (4.2)
=1 j=1
According to [51], power at the receiver of AP n can be modeled as S~ | p, Fi.(W,S) +

Py fW w)dw, where p, is the power consumption coefficient for receiving data at AP

n, and depends on digital coding, modulation and filtering of the signal before transmission
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[49]. Therefore, the APs’ total receiver power consumption can be written as:

> Fin(W.S)+R, 5 f(w)dw]. (4.3)

=1

N
—R
P.A(“7S>:an
n=1

Thus, the total communication power consumption of the multi-hop WSN can be written

as:
D(P,W,S) =Pg (P,W)+\|P,(P,W,S)+ P, (W,S)|, (4.4)

where the Lagrangian multiplier A > 0 provides a trade-off between the sensor and AP
power consumption. Our main objective in this paper is to minimize the multi-hop power
consumption defined in (4.4) over the node deployment P, cell partitioning W, and the

normalized flow matrix S in both static and mobile WSNs with constrained movement energy.

4.4 Optimal Node Deployment in Static Heterogeneous

Multi-Hop WSNs

As shown in (4.4), the total power consumption depends on three variables P, W and S.
Thus, our goal is to find the optimal AP and FC deployments, cell partitioning and normal-
ized flow matrix, denoted by P* = (p”{, S DN PN 7p}‘\,JrM), W* = (W5, .-, WW5) and
S* = [s;ﬁj} Nx(NAM)? respectively, that minimizes the multi-hop power consumption. Note
that not only the variables P, W and S are interdependent, i.e., the optimal value for each
of them depends on the value of the other two variables, but also this optimization problem
is NP-hard. Our aim is to design an iterative algorithm that optimizes the value of one

variable while the other two variables are held fixed. For this purpose, first we introduce a

few concepts, and then we derive the necessary conditions for optimal deployment at each

68



step.

Without loss of generality, we assume that AP n’s gathered data goes through K, paths in
the network’s graph before it reaches to one or more fusion centers. We denote these paths

(n) (n) _ ) (n) (n) (n) _ (n)

by {L{ (S)}ke{l,..,m’ where L (8) = Iy = 1Y) = - = 1", [ = n, 1) € L for

ief0, -, J,in) —1}, l](:j(n) € Ir and J,ﬁ") is the number of nodes on the k-th path excluding
W

Node n. The portion of the total flow originated from AP n that goes through the k-th path

can then be calculated as

g
w (W.S) = F,, (W,S) [Tog (4.5)

In particular, we have Y 17 u,i") (W,S) = F,(W,S) that indicates the data from AP n
eventually reaches to one or more FCs. Next, for each link (4, 7) in the network’s graph, we

define the energy cost (Watt/bit) to be:

@','Hpi—p'HQ—l—p', if j€Zy
ej(P) 2L ’ ’ (4.6)
Bijllpi — psl12, if j € Ir.

Hence, we define the path cost corresponding to the k-th path from AP n to FCs as:

(n)
Ik

et (P,S):Zel@ o (P). (4.7)
- v

k,i

Now, AP n’s power coefficient, denoted by g, (P, S) is defined to be the power consumption
(Joules/bit) for transmitting 1 bit data from AP n to the FCs, i.e., we have:
_ X (W.8)g” (P,S)

gn (P,S) = F, (W.S) (4.8)

n)
K, [2 a3 g™ 1

k
- E ”Sl(n) /) g Bym o
k,i—1"k,i kj—=1"k,j

k=1 | i=1 =1

pl(") - pl(")
k,j—1 k,j
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Note that the term F,, (W, S) is canceled in (4.8), implying that power coefficient g, (P,S)
is independent of W. Below we provide an example to clarify how to calculate the AP power

coefficients.

Ezample 2. Consider the WSN described in Example 1, and let P = ((0,0), (0,1), (1,0), (1, 1)),
Bij=1land p;=1foralli € T4 and j € Z4|JZr. We aim to find AP 1’s power coefficient
g1(P,S). The link energy costs for this network can be calculated as e; 2(P) = e1 3(P) =2,
e23(P) =3, and es4(P) =e34(P)=1. Note that AP 1’s data goes through the following 3
paths: Lgl)(S) =1—-2—4, Lgl) (S)=1—3—4, and Lgl)(S) =1—2—3—4. The data rate
through the above paths are, respectively, /Lgl) (W,S)=F1(W,S)Xs12x824=03F(W,8S),
1SV (W, S) = Fy (W, S)xs1 5x534=0.6F,(W,S), and i) (W, S) = F, (W, S) X5 2X 52 3%55.4 =

0.1F1(W,S). Moreover, we can calculate the path costs using (4.7) as follows: e\"(P)
e12(P) 4 e34(P) = 3, &V(P) = €135(P) + e54(P) = 3, and e’ (P) = €15(P) + e25(P) +
es4(P) = 6. Then, AP 1’s power coefficient is ¢;(P,S) = 0.3 x 3+ 0.6 x 3+ 0.1 x 6 = 3.3.

To derive the necessary condition for an optimal cell partitioning, first, we need to rewrite

the objective function in (4.4).

Lemma 7. For the AP power coefficient defined in (4.8), we have:

N N N+M N
> g.(P,S) Rb/w flw)dw =" [Z Bijllpi = pillPFiy (W, 8) + > piFj (W, S)| .
n=1 n i=1 | j=1 j=1

(4.10)

The proof is provided in Appendix D.1. Using Lemma 7, the objective function is:

N
D(P,W,S) = Z/ (M llpn — w|? Ry 4+ Agr (P, S) Ry + ApnRy) f(w)dw. (4.11)
n=1 W

Now, we study the properties of the optimal cell partitioning. For each n € Z 4, the Voronoi
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cell V, for a node deployment P and normalized flow matrix S is defined to be:

Vo (P, S) & {w:nulpn—w|* +Agn (P, S)+Apn < micllpe—w||*+Age (P, S) +Apk, Vk # n}.
(4.12)

Ties are broken in the favor of the smaller index to ensure that each Voronoi cell V, is a
Borel set. For brevity, we write V), instead of V,, (P,S) when it is clear from the context.

The collection
V(P,S)= V1, Vs, VnN) (4.13)

is referred to as the generalized Voronoi diagram [56]. Note that in contrast to the regular
Voronoi diagrams, the Voronoi cells defined in (4.12) can be non-convex, not star-shaped
and even disconnected. The following proposition indicates that given a node deployment
P and normalized flow matrix S, the generalized Voronoi diagram provides the optimal cell

partitioning.

Proposition 7. For any node deployment P, cell partitioning W and normalized flow matriz

S, we have:

D(P,W,S)>D(P,V(P,S),S). (4.14)

The proof is provided in Appendix D.2. Now, given the link costs {e; ; (P)}s and generated
sensing data rate from each cell partition, the total multi-hop power consumption can be
minimized by Bellman-Ford Algorithm [34, 9]. For convenience, we show the functionality of
Bellman-Ford Algorithm by R (P, W), where P and W are inputs and S is the output, i.e.,
R (P,W) = argming [fi (P,W.,S) —l—fi (W,S)|. Since the sensors’ power consumption

is independent of S, we have:
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R (P,W) = argmin P (P, W) + A [ﬁﬁ (P,W,S) + P (W,S)
S

=argminD (P,W,S). (4.15)
s

Hence, the optimal flow matrix for a given P and W is F (W, R (P, W)). For notational

brevity, we define the point z; (P, W, S), or z; for short, to be:

niRyvici + A (Zév;M BiiFijp; + Zﬁvzl Bj,iFj,z‘pj>

2= o = . Viels (4.16)
niRyvi + A (ijl BiiFij + 251 5j,z'Fj,z‘>
N
V B iFiip
5 = ijvl Piaks b Vi € Ir (4.17)
> i1 Bk

The following theorem provides the necessary conditions for the optimal deployment.

Proposition 8. The necessary conditions for the optimal deployments in heterogeneous

multi-hop WSNs with communication power consumption defined in (4.4) are

p; =2, Vi€ Iu| JTIr (4.18)
W* =V (P*,SY), (4.19)
S§* — R (P*, W), (4.20)

where z} = z; (P*, W*,S*) is given by Eqs. (4.16) and (4.17).

The proof of Proposition 8 is provided in Appendix D.3.

Note that depending on the cell partitioning and normalized flow matrix, there may not be
any flow through some links in the network’s graph. Let N(S) £ {j|F;:(W,S) > 0} be
the set of Node i’s predecessors, and N5 (S) = {j|F;;(W,S) > 0} be the set of Node i’s
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successors. We can then simplify Eq. (4.18) as:

UinUfo+>\< > BiiFLpi+ X 5;1F]*Zp;>

P = JEN(S") JEN 8  Yiels (4.21)
mRyol + A Y2 BN+ X Bl
jGMS(S*) jENZ—P(S*)

sz: Bk iv;

JEN (8*) )

pi = —, Vie Ly, (4.22)
Z 5j7iFj,i

JENF(8%)

In other words, AP 4’s optimal location is a linear combination of its geometric centroid,
predecessors, and successors while FC 4’s optimal location is a linear combination of its

predecessors.

In what follows, first, we quickly review the conventional Lloyd Algorithm [69], then we
propose an algorithm to optimize the communication power consumption defined in Eq. (4.4)
for heterogeneous multi-hop WSNs. Lloyd Algorithm iterates between two steps: (i) Voronoi
partitioning and (ii) Moving each node to the geometric centroid of its corresponding Voronoi
region. Although the conventional Lloyd Algorithm can be used for one-tier quantizers or
one-tier node deployment tasks [38], it cannot be applied to WSNs with multi-hop wireless
communications. Based on the properties explored in this section, we design a Routing-
aware Lloyd (RL) Algorithm, as outlined in Algorithm 3, to optimize the node deployment

in heterogeneous multi-hop WSNs and minimize the objective function in (4.4).

Proposition 9. RL Algorithm is an iterative improvement algorithm, i.e., the objective

function is non-increasing and the algorithm converges.

The proof of Proposition 9 is provided in Appendix D.4.
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Algorithm 3: Routing-aware Lloyd Algorithm
Result: Optimal node deployment P, cell partitioning W and normalized flow
matrix S.

Input: Convergence error threshold e € R* ;
do

— Calculate the objective function Dyq = D (P, W, S);

1. Update the cell partitioning W according to the Eq. (4.19);

2. Update the normalized flow matrix S using to the Bellman-Ford algorithm;
3. Update the node deployment P as follows:

nan'Uncn + A <Z;V:+1M 5n,an,jpj + Zjvzl 5j,nFj,npj)

Pn =
WanUn + A (Z;V:—EM Bn,anJ + Z;V:I Bjy”ﬂv”)

, Vn € Iy

N
i1 BinEap;
= N

Zj:l BJnan
— Calculate the objective function Dyey, = D (P, W, S);

while Doid—Dnew > €
Doa —

Pn 5 Vn € Zlr

4.5 The Node Deployment with a Total Energy Con-

straint in Mobile WSNs

4.5.1 Problem formulation

In Section 4.4, we studied the scenario where nodes are directly placed at the optimal loca-
tions calculated via RL Algorithm. However, here we study mobile heterogeneous multi-hop
WSNs in which each node moves from its initial position to its optimal location that min-
imizes the communication power consumption in (4.4) while the total movement energy
consumption of the network is constrained. More precisely, given the linear model for move-
ment energy consumption in [102], for each n € Z4|JZr, Node n’s movement energy can be

modeled as:
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E, (P) = Gollpn — Bl (4.23)

where the moving cost parameter (,, depends on Node n’s energy efficiency, p, and p, are
its destination and initial locations, respectively. Therefore, the total movement energy

consumption of the network is

N+M N+M
EP)= ) E.(P)= ) Gllpn —pall- (4.24)

Our main objective in this section is to minimize the multi-hop communication power con-
sumption in Eq. (4.4) while the total movement energy is limited, i.e., the constrained

optimization problem is defined as

minimize D (P, W, S), (4.25)
P.W,S
s.t. EP) <~y (4.26)

where v > 0 is the maximum movement energy consumption of the network.

4.5.2 The Optimal Node Deployment

Here, we aim to find the optimal node deployment P*, cell partitioning W* and normalized
flow matrix S* that minimizes the total multi-hop communication power consumption while
the movement energy consumption is constrained. Note that the movement energy in (4.26)
is independent of the cell partitioning and normalized flow matrix; therefore, the general-
ized Voronoi diagram and Bellman-Ford Algorithm, represented in Egs. (4.13) and (4.15),
respectively, still provide the optimal cell partitioning and normalized flow matrix. Now,

we discuss the optimal node deployment for the constrained optimization problem in Egs.

1)



(4.25) and (4.26).

Lemma 8. Let P*, W* and S* be the optimal node deployment, cell partitioning and nor-
malized flow matriz for the constrained optimization problem in Eqs. (4.25) and (4.26). We

have:
pi =6 xpi+(1=6)xz, VieluJIr (4.27)
where 6; € [0,1] and p; is the initial location of Node i.

The proof is provided in Appendix D.5.

Lemma 8 states that the optimal location for Node ¢ is on the line connecting its initial

position to the point zF = z; (P*, W* S*). Note that this is in contrast to the optimal node

*
7

deployment without movement energy constraint in Section 4.4, i.e., p; = 2/, as shown in
Proposition 8. The difference is because of the constraint in Eq. (4.26). Intuitively, for
v = 0 we have §; = 1 for all i € Z4|JZ#, i.e., each node will remain at its initial position
since there is zero total available movement energy. However, for sufficiently large enough
v, we have 0; = 0, i.e., pf = zf for all i € Z4|JZr. In general, nodes can be classified into
two groups based on whether they have positive moving distance or they stand still. Let
Zo=A{n||pn —pnll > 0,Vn € ZyUZF} and Z, = {n | ||pn — Pu|| = 0,YVn € Z4|JZ5} be the
set of dynamic and static nodes, respectively. The following theorem provides the necessary

condition for the optimal node deployment in multi-hop WSNs with total movement energy

constraint:

Proposition 10. Let P*, W* and S* be the optimal node deployment, cell partitioning and
normalized flow matriz for the constrained optimization problem in Eqs. (4.25) and (4.26).

Then:

Xn = Xm = X Vn,m € Iy, k € T, (4.28)
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max (O, Ziezd GITI — 7)

: ¢ ’
T3l % xS,

P =Pn4+T5x |1 Vn e I, (4.29)

where I' = 2% — p, and ¢} is defined to be

o B N ST B F + 0 Ben | i n € Ta
yr 2 (4.30)

A chvzl Bk,nFIz{,m ifn e€lr

and the moving efficiency x;, is defined as

c_Unllph =l Y
n = W = —pn — zall, Vn ey UIf (4.31)

to reflect Node n’s ability to reduce the communication power consumption by movement.

The proof is provided in Appendix D.6. Proposition 10 captures the intuition in Lemma 8
that in an optimal deployment, Node n is located on the line connecting its initial position
Pn to the point 27, for all n € Z4|JZx. Furthermore, for a sufficiently large enough available
movement energy 7, say v > > ;.7 G|I7][, we have p; = z; for all n € Z;. Based on
the necessary conditions in Proposition 10, we propose a Movement-Efficient Routing-aware
Lloyd (MERL) Algorithm, as outlined in Algorithm 4, to optimize the node deployment
in heterogeneous multi-hop WSNs with constrained movement energy, and minimize the

objective function in Eqs. (4.25) and (4.26).

Proposition 11. MERL Algorithm is an iterative improvement algorithm, i.e., the objective

function is non-increasing and the algorithm converges.

The proof of Proposition 11 is provided in Appendix D.7.
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Algorithm 4: Movement-Efficient Routing-aware Lloyd Algorithm
Result: Optimal node deployment P, cell partitioning W and normalized flow
matrix S.

Input: Initial node deployment P, convergence error threshold e € R* ;
do

— Calculate the objective function Dyq = D (P, W, S);
1. Update the cell partitioning W according to the Eq. (4.19);
2. Update the normalized flow matrix S using to the Bellman-Ford algorithm;

maX(Oyziezd GillTll =)

Yn 412 ’
Tl Z2 quzezd B,

3. Set Zy = {1,--- , N + M} and calculate 7, = [1 -

Vn € Zy;

4. while In € Z; such that r,, <0 do
4.1. Update Zy = Zg — U, <o ™

L 4.2. Update {r,}nez,: -

max (0,3 ;7 GllTill—
( weId C~2> X 1Id(n), VTLGIAUI]:;
ITnllx & X2 iez, o

— Calculate the objective function Dy, = D (P, W, S);
while D"l%_—inew > €

pn:ﬁn"i_rnx [1_

4.6 The Node Deployment with a Network Lifetime

Constraint in Mobile WSNs

4.6.1 Problem formulation

In Section 4.5, we studied the node deployment with a total movement energy constraint,
which can be seen as a resource allocation problem. This is because we can calculate how
much movement energy each node requires once an optimal deployment is obtained. In this
section, we focus on minimizing the communication power consumption given a constraint
on the network lifetime. Let v, be the residual movement energy on Node n, and «, be

the power consumption for Node n after relocation. To ensure a network lifetime of T', the
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following condition
Vo —E,(P) >, T, VneZul JIr (4.32)

has to be satisfied. Hence, the network lifetime of T" can be achieved by setting a maximum
individual movement energy consumption for each node. Here, our main objective is to find

the optimal node deployment for the following constrained optimization problem:

minimize D (P, W, S) (4.33)
PW.S
st E,(P) <,  VneZulJZr (4.34)

where v,, = v, — @, T is the maximum individual movement energy consumption of Node n.

4.6.2 The Optimal Node Deployment

Here, our goal is to find the optimal node deployment P*, cell partitioning W* and normal-
ized flow matrix S* that minimizes the multi-hop communication power consumption while
each individual movement energy consumption is constrained. The following theorem pro-
vides the necessary condition for optimal node deployment in the constrained optimization

problem in Eqgs. (4.33) and (4.34).

Proposition 12. Let P*, W* and S* be the optimal node deployment, cell partitioning and
normalized flow matriz for the constrained optimization problem in Eqs. (4.33) and (4.34).

Then,
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The proof of Proposition 12 is provided in Appendix D.8. Based on the optimal condition in
Proposition 12, we design the Lifetime-Optimized Routing-aware Lloyd (LORL) Algorithm,
as outlined in Algorithm 5, to optimize the node deployment in heterogeneous multi-hop
WSNs with network lifetime constraint, and minimize the objective function in Eqs. (4.33)

and (4.34).

Algorithm 5: Lifetime-Optimized Routing-aware Lloyd Algorithm
Result: Optimal node deployment P, cell partitioning W and normalized flow
matrix S.

Input: Initial node deployment P, convergence error threshold ¢ € RT ;
do

— Calculate the objective function Dyq = D (P, W, S);
1. Update the cell partitioning W according to the Eq. (4.19);
2. Update the normalized flow matrix S using to the Bellman-Ford algorithm;

— Calculate the objective function Dy, = D (P, W, S);
while Dc’l‘g—z”ew > €

Proposition 13. LORL Algorithm is an iterative improvement algorithm, i.e., the objective

function is non-increasing and the algorithm converges.

The proof of Proposition 13 is provided in Appendix D.9.

4.7 Experiments

Simulations are carried out for a heterogeneous wireless sensor network consisting of 30
APs and 3 FCs. We consider a square field of size 10km x 10km, i.e., Q = [0, 10000]2.

Simulations are performed for two different sensor density functions, a uniform distribution

f(w) = T L — = 107® and a mixture of Gaussian where sensors are distributed according to:
Q
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(1) (1) (2) (2)
1 by 0 1 by 0
fw) =5 >N u<11> 1 m| ] T3* N Mé) 1 (2)
Mo 0 22’2 o 0 22,2
3 3
+41L <N MESZ ’ Eg% (33) ’
Mo 0 222

where " = 3,000, u$" = 3,000, 2} = 1.5 x 10%, 2 = 1.5 x 106, 1) = 6,000, u$ =
7,000, B = 2 x 10°, £F) = 2 x 105, u{¥ = 7,500, p5” = 2,500, =) = 105, £F) = 106. Al
homogeneous densely deployed sensors share the transmitter antenna gain of Gy, ., = 1. We
consider a radio bit-rate of R, = 1Mbps and assume that the wavelength of the carrier signal
is A\ = 0.3m. In order for APs and FCs to receive the signal without error, the received
power at each point n € Z4|JZ# should be greater than some threshold Py, . Moreover, the
transceiver electronics in each AP n consumes p,, J/bit for digital coding, modulation, and
filtering before signal transmission. Table 4.1 summarizes the values of Fy,, and p, for all

APs and FCs [49].

Let us denote the transmitter antenna gain of AP n by G;,. In addition, for each point
n € ZyxJZz, let G, be its receiver antenna gain. Table 4.2 summarizes the values of the

transmitter and receiver antenna gains for all nodes [49].

Note that parameters n; and f; ;, for all i € 74 and j € Z4|JZr, can be calculated using the

Pth7><(47r)2 1078 x(4m)?
RyGlisensor Gry A2~ 109x1x2x(0.3)2 ~

explained experimental setup. For example, we have n; =

Prpgg X (47)> 6x10~9x (47)2 9
GG X = T 22X (037 2.63 pJ/bit/m?. For performance

8.77 pJ/bit/m? and Big 20 =

evaluation, 10 initial AP and FC deployments are generated randomly on €2, i.e., the location
of each node is generated according to a uniform distribution on 2. The maximum number

of iterations for all algorithms is set to 200 and the Lagrangian multiplier is set to A = 0.25.
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Table 4.1: Simulation parameters

minimum received power (nW) electronics energy dissipation (nJ/bit)
Pth1;15 Pth16;30 Pth31 Pth32;33 P17 P8:16 P17:30
10 6 6 10 40 50 60

Table 4.2: Transmitter and receiver antenna gains

transmitter antenna gain receiver antenna gain

Gt1:7,15:22 Gt8:14,23:30 Grl:3,8;11,15:18,23;26,31;32 GI'4:7,12:14,19;22,27;30,33

1 2 1 2

4.7.1 Static Heterogeneous Multi-Hop WSNs

We compare the total weighted communication power consumption of our proposed RL Al-
gorithm with Cluster-Formation (CF) Algorithm [17], Global Algorithm [100], Gradient-SA
(GSA) Algorithm [28], HTTL Algorithm [56], MWCDS Algorithm [27], PSO Algorithm [23],
Rhombus Algorithm [97], and SHMS Algorithm [54]. To reduce the number of hops that data
packets have to travel to reach the fusion centers, the Cluster-Formation algorithm employs
a graph theoretic approach to optimize both the number of clusters and their corresponding
diameters. The Global algorithm deploys network nodes such that the average Euclidean
distance between access points and their corresponding fusion centers is minimized. Start-
ing with a dense triangular grid deployment, the GSA algorithm first removes those nodes
with least coverage; then, it moves the boundary nodes toward the gradient direction that
maximizes the covered area. For a two-tier hierarchy of APs and FCs, the HTTL algorithm
iteratively updates the deployment, cell partitioning, and connections between APs and FCs
while the flow of data from each sensor to its corresponding FC is mediated by exactly one
access point. MWCDS Algorithm aims to deploy the minimum number of network nodes
such that the resulting network is both connected and energy efficient. PSO is a population-

based iterative algorithm for finding the optimal deployment and minimizing the non-linear

82



Table 4.3: Weighted power comparison for the uniform sensor density function

CF Global GSA HTTL MWCDS PSO Rhombus SHMS RL
1549 1498 17.28 12.80 17.12 19.98 16.21 22.39 10.12

Table 4.4: Weighted power comparison for the mixture of Gaussian sensor density function

CF Global GSA HTTL MWCDS PSO Rhombus SHMS RL
7.07  6.81 9.49 6.23 9.38 9.97 14.65 16.62  5.58

objective function. Rhmobus Algorithm uses a rhombus-based grid search for an energy-
aware deployment that maximizes the coverage as well. For a given deployment, the SHMS
algorithm determines the connections between APs and FCs such that the maximum energy

consumed by each network node is minimized.

The weighted power consumption of Cluster-Formation, Global, GSA, HTTL, MWCDS,
PSO, Rhombus, SHMS, and RL algorithms for the uniform sensor density function are
summarized in Table 4.3. The RL algorithm outperforms other algorithms and achieves a
lower weighted communication power consumption. Note that although the HTTL algorithm
proposed in [56] deploys nodes based on the necessary conditions of optimality, the network
architecture is restricted to a two-tier hierarchy while the RL algorithm simultaneously
optimizes over the deployment and data routing. As a result, the deployment based on the
RL algorithm results in a WSN that saves about 21% of the energy compared to that of the
HTTL Algorithm.

Table 4.4 summarizes the weighted communication power consumption of Cluster-Formation,
Global, GSA, HTTL, MWCDS, PSO, Rhombus, SHMS, and RL algorithms for the mixture
of Gaussian sensor density function. The RL algorithm results in a power consumption
of 5.58 Watts and outperforms other methods. Furthermore, the RL algorithm leads to a
network architecture that exhaust its available communication energy in a time period that

is longer by about 10% of that of HTTL Algorithm, the second best algorithm. Fig. 4.2

83



10 10
8 8
6 6
£ £
x x
4 4
2 2
0 0
0 2 4 6 8 10 0 2 4 6 8 2 4 6 8 10
Km Km Km

(f) (8) (h)

Figure 4.2: Node deployment for different algorithms and the mixture of Gaussian sensor density
function. (a) Cluster-Formation (b) Global (¢) HTTL (d) MWCDS (e) PSO (f) Rhombus (g)
SHMS (h) RL.

shows the optimal deployment for different algorithms where APs and FCs are denoted by

red squares and black circles, respectively.

4.7.2 Mobile Heterogeneous Multi-Hop WSNs with a Total Move-

ment Energy Constraint

The underlying assumption in all deployment strategies studied in Section 4.7.1 is that the
optimal locations are calculated offline and then APs and FCs are placed at the corresponding
positions. However, in many applications, e.g., when the target region is a hostile environ-
ment, static deployment is not feasible. Instead, network nodes are initially deployed in the
target region, e.g., by airdropping them using drones or manual placement in an accessible
sub-region of the field and then each AP or FC moves to its optimal location based on

the initial deployment and available movement energy. When the total available movement
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Table 4.5: Moving cost parameters (J/m)

(s Co22 (2330 (31 (32 (a3
2 4 6 4 ) 6

energy is limited, which is the focus of this section, the optimization problem is translated
into a resource allocation problem where the optimal energy supply for each AP or FC is
determined such that the resulting total communication power consumption after optimal
deployment is minimized. In Section 4.7.3, we study the performance evaluation when the
available movement energy is predetermined and the optimization problem is translated to

that of enhancing the network lifetime.

The same experimental setup described at the beginning of Section 4.7 and in Tables 4.1 and
4.2 is used for the simulations. Furthermore, Table 4.5 provides the moving cost parameters
Cp for all n € Zy|JZz. We consider a total available movement energy of v = 40,000 Joules

for the constrained objective function in Eqgs. (4.25) and (4.26).

We compare the total weighted communication power consumption of our proposed MERL
Algorithm with BCBS Algorithm [30], Lloyd-a Algorithm [98], OMF Algorithm [19], VCOND
Algorithm [36], and VFA Algorithm [120]. BCBS Algorithm augments the iterative proce-
dure of Lloyd Algorithm to maximize the network’s coverage and minimize network nodes’
movement. The Lloyd-a algorithm applies a penalty term to the Lloyd algorithm to reduce
the movement steps and save traveling energy while guaranteeing the convergence property.
The OMF algorithm optimizes the movement plan for nodes such that each region in the
network has a minimum number of nodes to relay the data to fusion centers while the sum
of network nodes’ traveling distances is minimized. The VCOND algorithm iteratively par-
titions the target region according to the Voronoi diagram and relocates each network node
based on the net virtual force coming from vertices and edges of its corresponding Voronoi
cell. The VFA algorithm uses attractive and repulsive virtual forces on nodes such that not

only every two network nodes in the final deployment maintain a minimum distance from
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Table 4.6: Weighted power comparison

Sensor Density Function ‘ BCBS Lloyd-a OMF VCOND VFA MERL
uniform 24.35 29.12 27.35 27.92 27.85 14.49
mixture of Gaussian 15.94 17.38 17.29 15.32 18.76 7.64

each other, but also the communication distances are minimized by avoiding network nodes
to be located very far from each other. For a fair comparison, the same initial deployment

is used for all algorithms.

The weighted communication power consumption of BCBS, Lloyd-a, OMF, VCOND, VFA,
and MERL algorithms for the uniform sensor density function are summarized in Table 4.6.
All algorithms exhausted the available movement energy ~ to move the AP and FC nodes
from their initial deployment to their designated optimal locations. The MERL algorithm
leads to a deployment that consumes communication energy in a rate that is almost half of
other algorithms. The superior performance of the MERL algorithm is due to the optimal
energy allocation among APs and FCs, as it is implicit in Eq. (4.29). Note that if the total
movement energy « is large enough, e.g., v > ZZ]\Q{M Gllpi — 27|, then the performance of
the MERL algorithm will converge to that of the RL algorithm. However, since the value of
~ in our experiments is not large enough, some APs and FCs will run out of their allocated

movement energy and MERL algorithm leads to a communication power consumption that

is larger than that of the RL algorithm in Section 4.7.1.

Table 4.6 also summarizes the weighted communication power consumption of BCBS, Lloyd-
a, OMF, VCOND, VFA, and MERL algorithms for the mixture of Gaussian sensor density
function. The MERL algorithm significantly outperforms other methods and leads to a
communication power consumption that is less than half of what other algorithms achieve.
This is because the MERL algorithm can optimally adapt to any underlying sensor density
function f(w) and deploy APs and FCs accordingly, as we studied in Section 4.5. Fig. 4.3
shows the final deployment for different algorithms where APs and FCs are denoted by red

squares and black circles, respectively.
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Figure 4.3: Node deployment for different algorithms and the mixture of Gaussian sensor density
function. (a) BCBS (b) Lloyd-a (¢) OMF (d) VFA (e) MERL.

4.7.3 Mobile Heterogeneous Multi-Hop WSNs with a Network

Lifetime Constraint

While we studied the performance evaluation of mobile WSNs under a total movement
energy constraint in Section 4.7.2, here, we focus on enhancing the network lifetime, which
necessitates APs and FCs to have individual movement energy constraints, as formulated in
Egs. (4.33) and (4.34). We use the same experimental setup as described at the beginning
of Section 4.7 and in Tables 4.1, 4.2, and 4.5 for performance evaluation. In addition, Table

4.7 provides the maximum individual movement energy consumption =, for all n € Z4|JZr.
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Table 4.7: Movement energy constraints (J)

71:8 7V9:22  723:30 V31 V32 V33
800 1100 1400 2000 2400 2600

We compare the weighted communication power consumption of our proposed LORL Al-
gorithm with those of BCBS Algorithm, Lloyd-a Algorithm, OMF Algorithm, and VFA
Algorithm described in Section 4.7.2. For a fair comparison, the same initial deployment as

in Section 4.7.2 is used for all algorithms.

The weighted communication power consumption of BCBS, Lloyd-a, OMF, VCOND, VFA,
and LORL algorithms for the uniform sensor density function are provided in Table 4.8.
The LORL algorithm outperforms other methods and achieves a significantly lower power
consumption. For instance, the LORL algorithm leads to a deployment in which the network
consumes its residual energy with a rate that is less than 70% of that of the VFA algorithm.
This in turn prolongs the network lifetime, which is a prominent factor in wireless sensor

networks.

Table 4.8: Weighted power comparison

Sensor Density Function ‘ BCBS Lloyd-a OMF VCOND VFA LORL
uniform 28.74 27.64 30.12 29.78 25.24 17.33
mixture of Gaussian 20.21 17.24 20.12 16.55 14.60  9.59

Table 4.8 also summarizes the power consumption of different algorithms for the mixture of
Gaussian sensor density function. LORL Algorithm achieves a power consumption of 9.59
Watts and outperforms other methods. Fig. 4.4 shows the final deployment of different

algorithms where APs and FCs are denoted by red squares and black circles, respectively.

The sum of individual movement energies in Table 4.7, i.e. Zf{M v;, is equal to the value
of v in Section 4.7.2. In other words, Table 4.7 represents one exemplary distribution of
the total movement energy v among APs and FCs; however, it is different from the optimal

energy allocation provided by the MERL algorithm in Section 4.7.2. The results in Tables 4.6
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Figure 4.4: Node deployment for different algorithms and the mixture of Gaussian sensor density
function. (a) BCBS (b) Lloyd-a (c) OMF (d) VCOND (e) VFA (f) LORL.

and 4.8 verify that the MERL algorithm achieves a lower total power consumption compared

to the LORL algorithm although it does not guaranttee any individual power constraint.

4.8 Conclusion

In this work, a heterogeneous multi-hop wireless sensor network is discussed where data is
collected from densely deployed sensors and transferred to heterogeneous fusion centers us-
ing heterogeneous access points as relay nodes. We modeled the minimum communication

power consumption of such networks as an optimization problem, and studied the necessary
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conditions of optimal deployment under both static and mobile network settings. A novel
generalized Voronoi diagram is proposed to provide the best cell partition for the heteroge-
neous multi-hop network. When manual deployment is feasible, the necessary conditions of
optimal deployment are explored under the static network setup, and accordingly a Routing-
aware Lloyd algorithm is proposed to deploy nodes. However, when static placement is not
doable, the necessary conditions of the optimal deployment are studied under a mobile net-
work setting where nodes move from their initial locations to their optimal positions. We
consider both total and individual movement energy constraints and formulate them as re-
source allocation and lifetime optimizations, respectively. Based on the derived necessary
conditions, we propose Movement-Efficient Routing-aware Lloyd and Lifetime-Optimized
Routing-aware Lloyd algorithms to deploy nodes under total and individual energy con-
straints, respectively. Simulation results show that our proposed RL, MERL, and LORL
algorithms significantly save communication power in such networks and provide superior

results compared to other methods in the literature.
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Chapter 5

Node Deployment in Heterogeneous

Rayleigh Fading Sensor Networks

5.1 Introduction

With recent technological advances in communication, sensing, computing, and battery ca-
pacity, wireless sensor networks (WSNs) have attracted widespread attention and have been
used is numerous applications such as military applications [33], precision agriculture [1],
healthcare monitoring [16], and industrial monitoring [5]. The primary utilization of WSN
is to monitor physical phenomena such as environmental conditions, target positions, etc.
inside a field of interest. Equipped with sensing and communication units, sensor nodes
provide an interface with the physical environment and transmit the sensed information to
dedicated base stations (BSs) through wireless radios [109, 118]. Sensor nodes are suscepti-
ble to failure due to factors such as adverse environmental condition and breakdown in the
onboard electronics; however, battery power depletion is the most pivotal factor since sensors

are driven by battery that are infeasible to replenish, especially in hostile environments [32].
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Therefore, energy efficiency is considered the most crucial quality-of-service (QoS) metric
for functionality of WSNs and longevity of their life span [72]. The network’s energy con-
sumption consists of different parts including the communication, computation, and sensing
energy components [114, 67, 95]; however, empirical measurements have demonstrated that
the dominating element is the communication energy [103]. Thus, once sensor nodes are
placed in their predetermined positions for monitoring purposes, access points (APs) are
deployed to facilitate the communication and connect sensor nodes to their corresponding

base stations using various routing schemes [29].

Improving the energy-efficiency of WSNs is an active area of research and various methods
have been proposed for this purpose. Some methods, like flat routing, hierarchical routing,
and location-based routing, aim at finding the optimal path to reach a base station for sensory
data [89, 10, 76, 75, 88]. Another strategy to improve the energy-efficiency and lifetime of
WSNs is scheduling active and sleep modes for sensors [101, 85, 59]. One line of research that
has attracted significant attention in the literature is energy-efficient node deployment due to
its critical role in resource utilization and network lifetime. This is because electromagnetic
wave propagation diminishes as a power law function of the distance between the transmitter
and receiver; thus, the required transmission energy to guarantee a certain signal-to-noise
ratio (SNR) at the receiver node highly depends on the distance and placement of network

nodes.

Node deployment algorithms can be categorized in many different ways. Some techniques
are developed offline and executed in a centralized manner [2] while others are distributed
and are based on the assumption that each node has only local information about the state of
other nodes [18, 3. Based on nodes’ mobility, WSNs can also be categorized as either static
or mobile where a rich set of node deployment algorithms is developed for each category.
Static node deployment methods aim to calculate optimal node positions a priori and assume

that nodes will be placed at their predetermined locations [56, 55, 38, 57]; however, mobile
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node deployment techniques assume that starting from an initial location, each node moves
toward its optimal position [57, 98, 19, 39, 2, 120]. Node deployment algorithms can also
be viewed based on whether they are stochastic or deterministic. Random deployment
is preferable in hostile and inaccessible environments or when the network’s size is very
large [6] while deterministic methods are favorable for smaller networks, especially when
manual placement is feasible since deterministic deployment algorithms often outperform

their stochastic counterparts [6, 84].

The optimal node deployment in WSNs highly depends on the hardware setup. WSNs can be
identified as either homogeneous WSNs [10, 21, 41, 40], where network nodes share the same
hardware properties such as the antenna gain, storage, sensitivity, etc., or heterogeneous
WSNs [79, 51, 56, 55, 38, 57] for which nodes, in general, have different characteristics. The
optimal deployment in homogeneous WSNs is studied in [41, 40]; however, homogeneous
WSNs do not represent inherent challenges that exist in their heterogeneous counterparts,
namely, unlike Voronoi regions in homogeneous settings, the optimal regions in heterogeneous
WSNs may not be convex, star-shaped, or connected. Node deployment in heterogeneous
WSNs is studied in [56, 55, 38]; however, these studies along with the majority of the work
in the literature consider a very simplistic radio energy model that does not reflect the real-
world characteristics of the environment in which these networks are deployed. In addition,
the randomness of the communication channel due to the fading process is usually ignored.
Consequently, the resulting node deployment underestimates the actual energy consumption
of the network which can significantly diminish the sustainability and durability of these

networks.

With energy-efficiency being a major design concern in most WSNs, finding the optimal node
deployment is an active area of research. In this work, we study heterogeneous Rayleigh
fading sensor networks in details and aim to provide state-of-the-art algorithms to deploy

nodes. The main motivation of this work is to take into account the small-scale fading and
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the exponential dependence of the required transmission energy on the rate in heterogeneous

WSNs. The main contributions of the paper are summarized below:

e We consider a communication energy model that incorporates both large-scale path-
loss signal attenuation and small-scale signal variation due to Rayleigh fading, and

takes the heterogeneous characteristics of network nodes into account;

e Having an outage probability constraint on all communication channels, we provide
theoretical necessary conditions for an optimal deployment, cell partitioning, and data
routing protocol, and design an iterative algorithm to deploy nodes such that not only
is the communication power consumption minimized in the resulting WSN, but also
all communication channels are guaranteed to have an outage probability below the

given threshold;

e By marginalizing the stochasticity of the channel capacity due to the Rayleigh fading
process and considering the ergodic capacity for all wireless links, we derive the nec-
essary conditions of optimal deployment and design an energy-efficient algorithm to

deploy nodes.

The rest of the paper is organized as follows. The system model and problem formulation are
discussed in Section 5.2. In Section 5.3, the optimal deployment in heterogeneous Rayleigh
fading WSNs under outage probability constraints on communication channels is studied and
an iterative algorithm based on the obtained necessary conditions is provided. The optimal
deployment in heterogeneous WSNs given ergodic capacity constraints on all wireless links
and the corresponding deployment algorithm are studied in Section 5.4. Simulation results

and concluding remarks are provided in Sections 5.5 and 5.6, respectively.
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5.2 System Model

We consider a heterogeneous WSN that consists of homogeneous sensors, N heterogeneous
APs, and M heterogeneous BSs. The target region €2 C R? is a convex polygon including its
interior. In particular, each sensor transmits its data to an AP which acts as a relay node
and forwards the collected information to BSs. We denote the set of node indices for APs
and BSs by Zyp = {1,--- , N} and Zpg = {1,--- , M}, respectively. While access points and
base stations are characterized as a set of (N 4 M) discrete points within the target region,
the distribution of densely deployed sensors are described via a continuous and differentiable
function f : Q — R™ such that fW f(w)dw is the total number of sensors within the region
W C Q. Thus, the total amount of data gathered by sensors within the region W in one time
unit is equal to Ry, fW f(w)dw in which the bit-rate Ry is a constant due to the homogeneity
of sensors [41]. Throughout this paper, we assume that each sensor only transmits its
data to one AP. Consequently, the target region (2 is partitioned into N disjoint regions
W = (Wy,--- ,Wy) C QY such that for each n € Zyp, AP n collects data from sensors
within the region W,, C Q). For any n € Zsp and m € Zgg, let p, € 2 and ¢,, € € denote
the location of AP n and BS m, respectively. In addition, let P = (p;,--- ,py) € R¥*2 and

Q= (q1, - ,qu) € RM™*2 denote the collective deployment of APs and BSs, respectively.

In addition to AP deployment P, BS deployment Q, and cell partitioning W, the perfor-
mance of a WSN heavily depends on the routing protocol by which data is transferred from
sensors to base stations. Our network in this paper can be regarded as a directed bipartite
graph where the vertex set can be partitioned into two disjoint subsets containing access
points and base stations, respectively, and each edge from AP n to BS m is associated with
a non-negative value F,, ,,, (bits/s) denoting the flow of data from AP n to BS m. An example
of one such graph is depicted in Fig. 5.1. Thus, the routing protocol can be characterized by
a flow matrix F = [F}, ;)] v,.,, Where F,, ,, denotes the amount of data transmitted from AP

n to BS m in one time unit. Since each AP, say n, transmits all the received data, the in-flow
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Figure 5.1: The system model and network architecture.

M
m=1

value should be equal to the out-flow value, ie., Ry [, f(w)dw = 37| F, .. Note that

instead of directly specifying the flow F,, ,, from AP n to BS m, we can specify the ratio of

Fn,m
M
Zj:l Foj

that 7,,., € [0,1] and 2%21 Tnm = 1 since the in-flow to each AP is equal to its out-flow.

out-flow from AP n that goes to BS m, i.e., 7y, = . By definition, it readily follows
In particular, the flow matrix F can be uniquely determined by the cell partitioning W and

the normalized flow matrix R = [y ] v -

In this paper, we consider a slow fading channel in which the channel gain is stochastic but
remains constant in each frame. We also assume that the receiver can track the fading pro-
cess, i.e., coherent reception and the transmitter has no knowledge of the channel realization
except for its statistical properties. For a channel realization h, the maximum communica-
tion rate with arbitrarily small error probability is given by log (1 + |h|?y) bits/s/Hz, where v
represents the received signal-to-noise ratio (SNR) due to large-scale propagation effects. For
a Rayleigh fading channel, the fading gain is a standard complex normal random variable,
i.e., h ~ CN(0,1); therefore, |h|* has an exponential distribution with parameter 1. Due
to stochasticity of the channel realization, the decoding error probability cannot become
arbitrarily small regardless of the code used by the transmitter [53]. Hence, the primary

objective in this paper is to find an optimal deployment that minimizes the wireless trans-
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mission power consumption of the WSN subject to a given outage probability threshold. For

a given data flow F,, ,,, the outage probability is given by [53]:

Portnn (Frn) = P{ Blog (1+ [[*m) < Fum |- (5.1)

Similarly, the outage probability for the link between a sensor located at w € Q2 and AP n

1s:
Portn (R) = P{ Blog (14 [n.0) < By} (5.2)

The received SNR is proportional to the transmit power, i.e., v o< P; x d™* where d is the
distance between the transmitter and receiver, and 2 < o < 5 is the large-scale path loss

exponent [46]. We consider the Friis free space loss equation, i.e., &« = 2. More precisely, if

AP n sends a signal with transmission power R&Z’g&ﬂt, the received signal power at BS m,
ie., Pr(;g)e, is
n,m n,m G Gr )\2
Pr(ec7eiv)e = Pt(ra;nsgnit X 2 - S 9 ) (53)
(47T> Hpn - QmH Ln

where G}, is the transmitter antenna gain of AP n, G,,, is the receiver antenna gain of BS m,
A is the wavelength of the carrier signal, and L,, denotes all other losses that are not related
to the propagation loss such as loss at the antennas, filters, transmission line attenuation,

etc. Therefore, for the spectral noise density of o Watts/Hz, the received SNR 1, ,, is given

by:
Pr(ezgﬁl/)e n,m th G"‘m Az
771,7?1 = = t(ra’nsr)nit X 2 2 : (54)
oB oB (47)" |[pn — @ml|?Ln

Similarly, for a sensor located at w € (2, sending a signal with transmission signal power

P™  the received SNR Yo at AP n is given by:

transmit’
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P(w’n)

receive __ P(w»n)

G G, \2
~ -~ transmit X QSEHSM
oB o B (4)

In”c , 9.5
|pn - w||2Lsensor ( )

Yon =

where Gy, .., and Lgensor are the common transmitter antenna gain and system loss of the
homogeneous sensors, respectively. For a given outage probability threshold of €, our goal is
to find the optimal WSN deployment that minimizes the total wireless transmission power
consumption of the network subject to all channels having an outage probability of less than

or equal to e. Hence, our primary objective function can be written as:

N N M

D, (P,Q,W,R) = 2/ Pt(rzfs)mit (w)dw + A Z Z Pt(l"ZrZ:gqlt (5.6)
n=1"Wn n=1 m=1

st Poutnn (Frnm) <€ and  pour,, () <€, Vn € Zyp, m € Ipg, (5.7)

where the Lagrangian multiplier A > 0 provides a trade-off between the sensor transmis-

transmit transmit -

sion power YN Jw. pen) (w)dw and AP transmission power S0 ™M ™™ Our
primary goal is to minimize the constrained objective function in Egs. (5.6) and (5.7) over

node deployments P and Q, cell partitioning W, and normalized flow matrix R.

An alternative way to address the stochasticity of the channel is to think of the channel as
allowing Blog (1 + |h|?*y) bits/s flow of data to pass when the fading gain is h and solve for
the ergodic capacity of all wireless links in the network. More precisely, our secondary goal
is to find the optimal transmission power values for each sensor and AP node such that the
transmission power in each wireless link can, on average, allow the flow of data in that link

to pass through.

For a Rayleigh flat-fading wireless link from AP n to BS m with an average received SNR

Yn.m, the ergodic capacity admits the following closed-form formula [96]:
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1 1
Curg = Blogy(e) x e x E1< ) (5.8)
Tn,m

where F(.) is the exponential integral of order 1 defined as:

Bi(z) = /1 T (5.9)

X

for Re{z} > 0. Therefore, using Eq. (5.8), the transmission power that, on average, allows

the flow F,, ., bits/s to pass through this wireless link can be calculated as

1
Fom = Blog,(e) x evnm x E1< ) (5.10)
Tnm
1
U <Blogé(e)>

where U(x) = ¢ x Ey(z). Hence, the AP transmission power is given by:

pam) _ 0B (A7) |py — g |[*Ln
erg. trans. — :
: GG A2 X U*1< Frm )

Tm”tc Blog,(e)

(5.12)

Similarly, the sensor transmission power that can, on average, allow the flow R, bits/s to

pass through the wireless link from sensor w to AP n is given by:

P(an) oB (47T)2 Hpn - wHQLsensor
erg. trans. .
g Gtsensor G A2 >< U_l ( Rb >

e Blogy(e)

(5.13)

Thus, the total wireless power consumption under the ergodic capacity assumption is

N N M
D, (P.QW,R) =Y / P s F(@)dw + XY N B L (5.14)
n=1 Wn

n=1 m=1

where A > 0 is the Lagrangian multiplier. Our secondary goal is to minimize the objective
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function in Eq. (5.14) over node deployments P, Q, cell partitioning W, and normalized
flow matrix R. In the next section, we focus on our primary objective function and study the
optimal node deployment under outage probability constraint on wireless links. In Section
5.4, we consider our secondary objective function and study the optimal node deployment
that minimizes the average network transmission power consumption under ergodic capacity

assumption.

5.3 Optimal Deployment under Outage Probability Con-

straint

In this section, we focus on our primary objective function and aim to minimize the wireless
power consumption D; in Eq. (5.6) subject to outage probability constraints given in Eq.

(5.7). Our goal is to find the optimal deployment P* = (p},--- ,p&) and Q" = (¢}, -+ ,¢}y),

*

cell partitioning W* = (W --- W), and the normalized flow matrix R* = [Tnm] Nx M

that minimize the wireless transmission power consumption of the network. Note that the
optimal value for each of the four variables P, Q, W, and R depends on the value of the
other three and this optimization problem is NP-hard. Our aim is to derive the necessary
conditions of optimality and devise an algorithm that iteratively optimizes the value of each
variable while the other variables are held fixed. We accomplish this goal in the following

three steps:

Step 1 [optimizing P and Q while W and R are fixed]: First, we rewrite the objective
function D; according to the constraints given in Eq. (5.7). For a wireless link with flow

F, . from AP n to BS m, we have:
97" 1
B —
]P{W < —} <e. (5.15)
Yn,m
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Since |h|? has an exponential distribution with parameter 1, Eq. (5.15) can be simplified to:

2785 —1
Vnm 2= . (5.16)
In (=)
Using Eq. (5.4), we can rewrite Eq. (5.16) as follows:
2 2 Fn,m
0B (47)" Ly % |Ipn — gu* % (275 ~ 1)
‘Pt(rzgrslr)nit 2 2 1
G GTm/\c X In (E)
bnm 2 ( Fnm
— ) n — Gm X (27 B — 1)) 5.17
gl ol (5.17)
where by, , = %. Hence, Eq. (5.17) yields a lower bound on the required transmis-

sion power at AP n that guarantees an outage probability no greater than e at the corre-

P(" m)

sponding base station. Note that the minimum transmission power occurs when P, .. is

equal to its lower bound in Eq. (5.17) which corresponds to having an outage probability of

Doty (Fnm) = €. Similarly, for a sensor located at w that transmits its data to AP n, we

have:
0B (47) Lyonsor X lpn — wl|? x (2% 1)
Pt
GtsensorGrn )\2 X ln ( )
= " lpa — w||2<2f - 1>, (5.18)
In ()
where a, = % Using Eqgs. (5.17) and (5.18), we can rewrite the objective

function D; in Eq. (5.6) as follows:

N
DPQW R =Y [ o )||pn WP (2% —1) fw)des
n=1
+>\ZZ sl — (275 1), (5.19)
n=1 m= 1

Now, for a fixed W and R, the optimal deployment is given by the following proposition.
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Proposition 14. The necessary conditions for the optimal AP and BS deployment P* and
Q" in a heterogeneous WSN with wireless transmission power consumption defined in Fq.

(5.6) and outage probability constraint € on all wireless links are given by:

an, (2% — 1) VpCp + A Zi\le br.m (2 Do 1>q;fn
pn = — ,
. <2% — 1>’Un + A Zf\f:l brm, (2Fé — 1)
S (27 1)

q:n: ZN ) <2Fn,m ) ) vaIBSa (521)
n=1"n,m B = )

- - J; nwf(w)dw . .
where v,, = an f(w)dw and ¢, = W are the volume and centroid of the region W,

respectively. The proof of Proposition 14 is provided in Appendix E.1.

Step 2 [optimizing W while P, Q, and R are fixed]: First, we study the properties
of region boundaries in an optimal cell partitioning W*. Note that while F' can be uniquely
determined by W and R, it only depends on the volumes of regions and not their actual
geometric shape. More precisely, if we let V' = (vq,---,vy) where v, is the volume of
region W,,, then F can be uniquely calculated by V and R as well. Therefore, Eq. (5.19)
indicates that APs’ transmission power only depends on the volume of regions and not their
geometrical shape. In other words, we can manipulate region boundaries in order to reduce
the sensors’ power consumption in Eq. (5.19) and by extension the total power consumption
D, since by keeping the region volumes fixed, APs’ power consumption remains unchanged.

Using this intuition, we have:

Lemma 9. Let W* = (Wy,--- |W}) be an optimal cell partitioning that minimizes the
constrained objective function Dy in Eqs. (5.6) and (5.7) for a given node deployment and
data routing. Let o7, = W N W be the boundary between neighboring regions Wi and W .

Then, o7 ; 1is either a segment perpendicular to the line p;ip; if a; = a; or an arc with its

__ aipi—a;p; - . X
center placed at ¢ = R if a; # aj;.
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The proof of Lemma 9 is provided in Appendix E.2.

Let h}; be the intersection point between the optimal boundary 6;; and the segment p;p; in

Lemma 9. The following proposition provides the necessary condition on the location of i; ;

Proposition 15. Let W* = (W5, --- W} be an optimal cell partitioning that minimizes
the constrained objective function Dy in Eqs. (5.6) and (5.7) for a given node deployment
P, Q, and data routing R. Let 67 ; = W N W be the boundary between neighboring regions

Wi and W} which intersects the line p;p; at point h; ;. Then we have:

1

Cn2 R Y n(2) it
ai||pi — by, <2 B — 1) + )\Z 7 X Ry, X iy X big||pi — th X2 B
t=1
£ |12 By M 111(2) JtRbU]
:CL]Hp] — hz,j (2 B — 1) + )\Z B X Rb X Tjt X bthpj — th X 2 (522)

The proof of Proposition 15 is provided in Appendiz E.S.

Step 3 [optimizing R while P, Q, and W are fixed]: Note that for a given deployment
P, Q, and cell partitioning W, the sensor power consumption is fixed and R only affects the
AP power consumption in Eq. (5.19). Since the cell partitioning W is fixed and each AP
directly transmits its data to base stations, the optimization problem can be split into N
objective functions, one for each AP, and they can be optimized separately. More specifically,

for AP n, we need to optimize the following objective function:

M
an
arg min = Om B — 1) , 5.23
gmz 55 Ion = (2 (523)
M

s.t. Z Fom = / Ry f(w)dw = Ryvy, (5.24)

m=1 Wn
Fn,m >0 for all m € Igs. (525)

Note that when the sum of exponents is fixed, the minimum of the sum of exponentials

103



Algorithm 6: Optimal routing in heterogeneous WSNs with outage probability
constraint

Input: Node deployment P, Q;
Cell partitioning W
Set n =1;

Set Co = 1L |Bava 4 E [102,'2 (ba,m) +210g; (||Pa — ) H
——> Set I.” = » and 1(0)—{1 -, M};

Set iteration counter k = 0;

+

Increase k by 1; 4

p

Let Iék) = {m |log2 bam) + 2log, (Hpn — qm”) >Chhg, I EmE M};
Let 1% = {1,... MNI®;

+

MxGCo = ¥__ g [ 10g2(bnm)+210g3(Ipn—aml)
L

Calculate Cy = ‘13" | H

+

No
is I — 19

l Yes
Set F, , =0 for all m ¢ Ig‘);
Set Fn,m =B x (Ck = [108}2 (bn,m) r 210g2 (”pn = qm”)]) for all m € I%()’

+

Increase n by 1

No

Obtain the normalized flow matrix R from the flow matrix F.
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with the same base occurs when all exponents are equal. For instance, if for three variables
x, y, and z we have x + y + z = ¢, then the minimum of 2* + 2¥ 4+ 2% occurs when =z =
y = z = . Using this intuition and the fact that all elements of the flow matrix are
non-negative, we propose the following algorithm that yields the optimal solution to the
constrained optimization problem in Egs. (5.23)-(5.25) for each AP n. Note that once the

optimal flow matrix F* is obtained, the corresponding normalized flow matrix R* can be

calculated from the definition.

Proposition 16. For a given node deployment P, Q, and cell partitioning W, Algorithm 6
yields the optimal normalized flow matrix R* = argming D; (P, Q, W, R) for the heteroge-

neous WSN under the outage probability constraints in Eq. (5.7).

The proof of Proposition 16 is provided in Appendix E.4.

Now, inspired by the Lloyd Algorithm [69], we propose Algorithm 7, named Power-Optimized
Outage-aware Lloyd (POOL) Algorithm, to optimize node deployment, cell partitioning, and
data routing in our heterogeneous WSN and minimize the wireless communication power

consumption in Eq. (5.6) under outage probability constraints given in Eq. (5.7).

Proposition 17. The POOL algorithm is an iterative improvement algorithm, i.e., the

objective function Dy is non-increasing and the algorithm converges.

The proof of Proposition 17 is provided in Appendix E.5.

5.4 Optimal Deployment under Ergodic Capacity As-
sumption

In this section, we consider our secondary objective function and aim to minimize the wireless

communication power consumption Dy in Eq. (5.14) over node deployment, cell partitioning,
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Algorithm 7: Power-Optimized Outage-aware Lloyd Algorithm

Initialize the node deployment P and Q;
Initialize the cell partitioning W;
Initialize the normalized flow matrix R;

For each n € {1,--- ,N}, set:
o i) For each n € {1,--- / N}, set:

Pn = 1 fwdw ° W, = {w | an||pn — wl|? < ak|lpk — w||? for all 1 <k < N};

o |

» < Converged?

l Yes

Use the Lloyd algorithm with respect to AP locations to deploy M base stations;

4

Update R according to Algorithm 6;

4

» Update P and QQ according to Proposition 14;

{

Randomly select neighboring regions W; and W;; ¢————

.4

Use line search to find h; ; that satisfies Proposition 15;

4

Adjust the boundary 6;; = W; N Wj according to h; ;;

Converged?

No

J Yes
Update R according to Algorithm 6;

e

Converged?

l Yes

Return P, Q, W, and R.

No
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and data routing. We fulfill this aim by deriving the necessary conditions for an optimal
deployment, cell partitioning, and data routing that minimize the network’s power con-
sumption under ergodic capacity assumption. Then, based on these necessary conditions,
we design an iterative algorithm to find such an optimal deployment. This goal is realized

in the following three steps.

Step 1 [optimizing P and Q while W and R are fixed]: We begin by rewriting the

objective function in Eq. (5.14) as

D, (P,Q,W,R) Z/ 1 [P — w2 (w)deo
n U™ BlOgQ(e)>
+ AZ Z [ (5.26)
n=1m= 1 <B10g2( )>
where a,, = B x (4m)*  Lsensor and by, ,, = %. Now, for a fixed cell partitioning and

2
Gtsensor X GTn X )‘c

data routing, the necessary condition for an optimal deployment is given by the following

proposition.

Proposition 18. For a fited W and R, the necessary conditions for the optimal AP and BS
deployment P* and Q* in a heterogeneous WSN with wireless transmaission power consump-

tion defined in Eq. (5.14) and ergodic capacity assumption on all wireless links are given

by:
bn,
i) A Y Ry
p;kl _ og2(e) = - oga(e) ’ Vn € IAP, (527)
Antn + )\ Zmzl n}rm
U (g ) )
N brm

D n=1 U_l(—Fn,m ) X py,

o= i) s, ()
e U_I(Bi:g;e))

where v, and ¢, are the volumes and centroid of W,,, respectively. The proof of Proposition

18 is provided in Appendiz E.6.
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Step 2 [optimizing W while P, Q, and R are fixed]: The cell partitioning W
affects the sensor power consumption in Eq. (5.26) through integrating over cells W,, for n €
{1,---, N'}; thus, both volume and shape of each cell influence the sensor power consumption.
In contrast, the cell partitioning affects the AP power consumption through the flow matrix
F which only depends on the volume of regions and not their shape. Hence, by keeping
the volumes constant, one can adjust the region boundaries to reduce the sensor power
consumption while the AP power consumption is held fixed. This leads to the following

property of optimal region boundaries.

Lemma 10. For a given node deployment and data routing, let W* = (W - [ WY) be
an optimal cell partitioning that minimizes the objective function Doy in Eq. (5.14). If
o7 ; = Wi N W} is the boundary between neighboring regions W7 and W, then o} ; is either

)

a segment if a; = a; or an arc with its center placed at ¢ = “2=EL if q; % a;.
i— Qg

The proof of Lemma 10 is provided in Appendix E.7.

Using Lemma 10, the necessary condition for an optimal deployment is derived as follows.

Proposition 19. Let W* = (W5, .-+ W) be the optimal cell partitioning that minimizes
the objective function Dy in Eq. (5.14) for a given node deployment P, Q, and data routing

R. Let of; = W NWZ be the boundary between neighboring regions W and W and let h;

be the intersection point of the line D;p; with 67 ;. Then, we have:

R
a; billpi — qil|* < qutgzé)e)

M
—  _lp: — k.2
U—1< Rb( )> ”pz hz,]” + A; U_1<ri’tva;‘ > [1 it Ryvy x -1 ( it Ryvy )]

Blog, Blog,(e) " Blogy(e) Blogs(e)

it R
a bialp; — @l % Fie 5

M
—— I ps— k2
= U_l( Ry )) ||pj h’L,j || + A tz; U—l ( Tj,tRbU; ) |:1 'r‘j,tRb’U; U_1 ( T‘j,tRbU; )i| .

Blog, (e Blog,(e) " Blogy(e) Blog,(e)

(5.29)

The proof is provided in Appendix E.8.
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Step 3 [optimizing R while P, Q, and W are fixed]: Note that the data routing
R only affects the AP power consumption in Eq. (5.26) and it does not change the sensor
power consumption. Since the cell partitioning, and thus the total volume of data that each
AP transmits is fixed, optimizing R translates into each AP adjusting its data transmission

independent of other AP nodes. For each AP, say n, we have the following objective function:

M
arg min Z 1P — qml|?, (5.30)
FniFnm
m= (Blogz( ))
M
s.t. Z Fom = / Ry f(w)dw = Ryvy, (5.31)
m=1 n
Fom >0 for all m € Zpg. (5.32)

To make the above optimization problem tractable, we resort to a common optimization
strategy that seeks to minimize the upper bound on the objective function instead of directly
optimizing the objective function itself. For this purpose, first, we aim to provide an upper

bound on the AP n’s power consumption in Eq. (5.30).

Lemma 11. Let U(x) = e* x Ey(x) where Ey(x) is the exponential integral of order 1 defined

in Eq. (5.9). Then, we have:

- 1
e : (5.33)
The proof is provided in Appendix E.9.

Using Lemma 11, we have the following upper bound on the objective function in Eq. (5.30).

2Fn,m

eBlogQ(e) — 1
arg min by || Pn, m _ 5.34
Fnl‘éFnMn; 120 = Gm|* % 5 (5.34)
s.t. Z Fom= | Ryf(w)dw = Ryv,, (5.35)
m=1 n
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me > 0 for all m € Zpg. (536)

The following algorithm provides a systematic approach to yield the optimal solution to the

constrained optimization problem in Egs. (5.34)-(5.36).

Proposition 20. For a given node deployment P, Q, and cell partitioning W, Algorithm 8
yields the optimal normalized flow matriz that minimizes the upper bound in Eq. (5.34) on

the AP n’s power consumption under ergodic capacity assumption.

The proof is provided in Appendix E.10.

Using properties we obtained in this section, a Power-Efficient Ergodic-based Lloyd (PEEL)
Algorithm, as outlined in Algorithm 9, is proposed to minimize the wireless communication

power consumption in Eq. (5.14) over node deployment, cell partitioning, and data routing.

Proposition 21. The PEEL algorithm is an iterative improvement algorithm and converges.

The proof is provided in Appendix E.11.

5.5 Experiments

Simulations are performed for a heterogeneous Rayleigh fading sensor network consisting
of 15 APs, 3 BSs, and 1000 sensors. The sensors are uniformly distributed over the target
region €2 which is a square area of size 10km x 10km. The bit-rate and the carrier wavelength
are set to R, = 30Kbps and A\, = 3m, respectively. We consider no system loss, i.e.,
Lsensor = L, = 1 for all n € ZT,p, and a transmitter antenna gain of Gy, = 1 for all
homogeneous sensors. We denote the transmitter and receiver antenna gains of AP n by

GESP) and Gq(nfp), respectively, and the receiver antenna gain of BS m by G&is). Let us denote
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Algorithm 8: Optimal data routing in two-tier WSNs under ergodic capacity as-
sumption

Input: Node deployment P, Q;
Cell partitioning W;
Set n =1;

L

M
Set Sg = {gggzv@) Y [m(b,,,m) +2In(|pn — qm||)H;
Set 7\ = & and J(S) ={1,--- ,M};

A
L4

Set iteration counter k = 0;

L

Increase k by 1; |«

1

Let J = {m | Sy ; < In(bpm) + 2I0(|pa — @ml) ; 1 <m <M};
Let 3 = {1,--- ,MPN\I{;

1

MxSo = 5 o[ in(bnm)+21n (Ipn=am]) |

Calculate Sy = ‘J ® | H

Set F,, , =0 for all m ¢ Jg‘);
Set Fyy = 29820 5 (S, — [In(bpm) + 21n(||pa — aml])]) for all m € I,

1

Increase n by 1;

No

Obtain the normalized flow matrix R from the flow matrix F.
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Algorithm 9: Power-Efficient Ergodic-based Lloyd Algorithm

Initialize the node deployment P and Q;
Initialize the cell partitioning W
Initialize the normalized flow matrix R;

For each n € {1,--- N}, set:
. an wf(w)dw. 4—

Pn = an f(w)dw ?

| ' §
L4

For each n € {1,--- N}, set:
Wi = {w | an[lpn — wl|?* < ak[lpx — w||* for all 1 <k < N};

T

Converged?

l Yes

Use the Lloyd algorithm with respect to AP locations to deploy M base stations;

L

Update R according to Algorithm 8;

v

)  Update P and Q according to Proposition 18;

L

Randomly select neighboring regions W; and W;; j

No

No Use line search to find h;; that satisfies Proposition 19;

4

Converged? > ¢—| Adjust the boundary J;; = W; N W; according to h; ;;
Yes l
Calculate R’ according to Algorithm 8; — is D, (P,Q,W,R') <D, (P,Q,W,R)?

No
v l Yes
Converged? ¢ Set R =R’

Yes |
Return P, Q, W, and R.

No
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S ={1,2,3,4,8,9,10}, S, = {1,2,5,6,8,9,12,13}, and S3 = {1,2}. Then, we set:

2 ifnesS 2 fnes; 2 ifmeS;
G = . GAP) = , GBS = (5.37)

4  otherwise 4  otherwise 4  otherwise.

We assume that all communication channels have a spectral width of B = 500KHz and a
spectral noise density of o = 2 x 107'7 Watts/Hz. Note that the parameters a, and b,

can be calculated from the experimental setup that is outlined above. For instance, we have

b oBx(47)%x Lg
6,2 GE?P) XG&ES) X A2

~ 2.19 x 107! Watts/m?. The Lagrangian multiplier is set to A = 0.25.
In Section 5.5.1, we carry out the simulations for our primary objective function D; in Eqgs.
(5.6) and (5.7) where we have imposed an outage probability constraint of € = 1% on all
wireless links. Subsequently, in Section 5.5.2, we perform the simulations for our secondary
objective function Dy in Eq. (5.14) and compare our proposed algorithms with state-of-the-

art methods in the literature.

5.5.1 Heterogeneous WSNs with Outage Probability Constraints

In this section, we compare our proposed POOL Algorithm with cluster formation (CF)
Algorithm [17], heterogeneous two-tier Lloyd (HTTL) Algorithm [56], particle swarm opti-
mization (PSO) Algorithm [23], and virtual force (VFA) Algorithm [120]. The main moti-
vation behind choosing these methods for comparison purposes is that they represent state-
of-the-art methods in different strategy categories used by researchers for node deployment
problems. The CF algorithm falls within the category of methods that take a graph-theoretic
approach for load balancing and energy efficiency. The HTTL algorithm belongs to the fam-
ily of geometric-based methods in which the target region is partitioned into several regions,
one for each network node, based on a predefined measure of closeness. The PSO algorithm

represents the class of meta-heuristic node deployment techniques in which optimization
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tools are used to find optimal node positions. Finally, the VFA algorithm is a prominent
example of force-based techniques and has inspired numerous methods that achieve opti-
mal deployment by applying virtual forces to relocate nodes. Table 5.1 summarizes the
weighted transmission power consumption of the heterogeneous WSN outlined above for the
CF, HTTL, POOL, PSO, and VFA algorithms. The POOL algorithm leads to a 590mW
weighted power consumption value and outperforms all other methods. Notably, the POOL
algorithm achieves a power consumption value that is less than half of the second best algo-
rithm, i.e., the HTTL algorithm. This in turn prolongs the network lifetime by more than a

factor of 2.

Table 5.1: Weighted power (W) comparison between different methods (D)

| Method | CF HTTL POOL PSO  VFA |
| Weighted Power Consumption || 3.11 1.27 0.59 461 1.95 |

Fig. 5.3 shows the final node deployment results where APs and BSs are denoted by red
squares and black circles, respectively. Next, we study the trade-off between sensors’ and
APs’ power consumption that is parameterized by A in Eq. (5.6). For small values of A,
sensor power consumption is the dominant component of Dy; thus, it is more paramount to
reduce the sensors’ power consumption rather than APs’ power consumption to minimize
D;. However, increasing A puts more weight on the APs’ power consumption. This effect
is demonstrated in Fig. 5.2a where for the same initial node deployment, we increase the
value of A from 0 to 1. As expected, increasing A reduces the APs’ power consumption
but increases the sensors’ power consumption. Eq. (5.20) provides an alternative intuitive
explanation for this observation because as A increases, APs tend to be closer to BSs and

farther away from centroids and sensors.
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5.5.2 Heterogeneous WSNs under Ergodic Capacity Assumption

Here, we compare our proposed PEEL algorithm with the CF, HTTL, PSO, and VFA algo-
rithms introduced in Section 5.5.1. However, instead of restricting all wireless links to have
an outage probability below ¢ = 1%, we consider the ergodic capacity for all communication
channels. The result for each method can then be interpreted as the amount of power that

can, on average, allow the flow of data in each link to pass through.

The weighted power consumption of these methods for the heterogeneous WSN under con-
sideration is provided in Table 5.2. The PEEL algorithm outperforms other methods and
achieves a total weighted power consumption of 8.61mW. In particular, the PEEL algorithm
improves the performance of the second best algorithm by more than a factor of 2 and yields
a more sustainable WSN architecture. The AP-sensor power trade-off for the PEEL algo-
rithm is depicted in Fig. 5.2b where for a fixed initial node deployment, A is increased from
0 to 1. Similar to what we observed for the POOL algorithm in Fig. 5.2a, increasing A
puts more weight on the APs’ power consumption and makes it more important to optimize.
This can also be inferred from Eq. (5.27) where APs become closer to BSs and farther from

centroids as \ increases.

Table 5.2: Weighted power (mW) comparison (D)

\ Method | CF HTTL PEEL PSO  VFA |
’ Weighted Power Consumption H 177.56 17.94 8.61 96.37 22.62 ‘

Some key factors contributing to the superior performance of both POOL and PEEL algo-
rithms are worth noting: While according to the Shannon’s capacity formula, the required
SNR for an error-free information transmission grows exponentially with the required bit-
rate, most methods in the literature consider a linear approximation to this exponential

behavior. Such a linear approximation results in an underestimation of the actual power
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consumption. In contrast, our approach in this work takes the exponential relationship be-
tween SNR and bit-rate into account. Another contributing factor is that this exponential
relationship between the required transmission power and the flow of data is exploited in

finding the optimal routing for data transfer in Algorithms 6 and 8 using Lemma 16.

5.6 Conclusion

A heterogeneous Rayleigh fading sensor network is presented and discussed in which a set
of access points act as relay nodes to facilitate the transfer of sensory data from sensors to
base stations by the means of wireless communication. By considering both large-scale and
small-scale propagation effects on the communication channels, our goal is to minimize the
wireless transmission power consumption of the network for two different perspectives on
the stochasticity of the channel: First, we impose a threshold on the outage probability of
all wireless links and aim to minimize the network’s power consumption under such outage
probability constraints. Second, we consider the ergodic capacity for all channels and aim
to determine the optimal required transmission power for each sensor or access point such
that the allocated transmission power to each channel can, on average, allow the flow of data
in that channel to pass through. For each perspective, we derive the theoretical necessary
conditions for the optimal deployment, cell partitioning, and data routing that minimizes the
network’s power consumption and devise an iterative algorithm accordingly to deploy nodes.
Simulation results show that our proposed node deployment algorithms significantly reduce
the communication power consumption in such networks and achieve superior performance

compared to other techniques in the literature.
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Appendix A

Supplementary Proofs for Chapter 1

A.1 Proof of Proposition 1
For U = (51, S2, ..., Sn), The left hand side of (1.7) can be written as:

D(P,Q,U,T) = ZN:/ (anl[pn — w* + Bbn 1) 1Pn — qren 1) f(w)dw
n=1 n
> i/s min(as|[p; — wl[* + Bbyr)|lps = are|*) f(w)dw
n=1"5n
N /Qm}n(ajHPj —wl|[® + Bbi | lps — qrep | P) f (w)dw
N ZN: Vi m}n(%Hpj —w|* + Bbjr)llp; — ar(1) f (w)dw

N
- Z/\/ (an||pn - w||2 + ﬁme(n)Hpn - QT(n)||2)f(w)dw
n=1 n

— D(P,Q,V.,T) (A1)

Hence, the generalized Voronoi diagram is the optimal partition for any given deployment

(P’Q7T) .
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A.2 Proof of Lemma 1

Given N APs and M FCs (M < N), first we demonstrate that there exists an optimal node
deployment such as (]3 , @, f{, f) in which each FC has at most one connected AP at the same
location, i.e., for each m € Zp, the cardinality of the set {n|f(n) =M, Dy = Qm} is less than
or equal to 1. For this purpose, we consider an optimal node deployment (P*, Q*, R*,T*)
and assume that there exist at least two distinct indices ny,ny € Z4 and an index m € Zp
such that 7%(n;) = T*(ng) = m, and p}, = p;, = q;,- Without loss of generality, we can

assume that a,, < a,,. We have:

Dy, = / (an l[P5, = wlI* + Bbuymllph, — amll) f (w)dw
R

*
ni

= [ (ol = wlP) fw)do (A2)

ni

Dy, = /R (ans| [P, = wII* + Bbng mllP}, — il ) f (w)dw

*
n2

=/ (am 165, — wl2) £ (w)duw (A3)
R

*
n2

Hence, we have:

(@nllpn, = wl?) fw)dw + [ (an,[lpy, — wl]?) f(w)dw

*

m J.
J

=/,
z/ (a5, — wl?) Fw)dw + [ (am I, — w|?) fw)dw
R

R

*
n2

[ (anll, — 0lP) ) (A4)
R; UR

*
nog

Eq. (A.4) implies that if we update the cell partition for AP n; to be R}, |J R, and place
the AP ny to an arbitrary location different from ¢, with a corresponding zero volume cell

partition, the resulting distortion will not increase, and the obtained node deployment is
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also optimal. Note that in this newly obtained optimal distortion, AP n, is not in the
same location as FC m anymore. This procedure is continued until we reach an optimal
deployment in which each FC has at most one connected AP upon it. Let us denote this

optimal node deployment via (]3, @, f{, f)

Since M < N and each FC has at most one AP upon it, there exists an index k € T4
such that p. # Z]\f(k)‘ In order to show that the optimal two-tier distortion with N APs
and M + 1 FCs is less than that of N APs and M FCs, it is sufficient to construct a
node deployment with N APs and M + 1 FCs such as (P”,Q",R”,T") that achieves lower
distortion than D (]3, @, f{, f) . For each n € Z4, let U,, denote the volume of the region ﬁn,
ie., U, = [ f(w)dw. We consider two different cases: (i) If U, > 0, then we set P" = P,
Q" = (@1,21\2, s O Qg :ﬁk), R” = R and T"(n) = f(n) for n # k and T"(k) = M + 1.

Note that

[ (el =l + B0y 15 = G ) )

k

>[ (axllfe — wl?) f(w)dw (A5)
Ry

= [ (aull = ol + Bl = el )
Ry

implies that in the new deployment (P”, Q" ,R”,T"), the contribution of the AP k to the
total distortion has decreased. Since the contribution of other APs to the distortion has
not changed, we have D (P",Q",R",T") < D <13, @, IA{, f) and the proof is complete. (ii)
If v, = 0, then AP k does not contribute to the optimal distortion D (]3, @, ﬁ, fﬁ), and it
can be placed anywhere within the target region €. Since the set {p1,...,Dn,q1, ..., Qar} has
zero measure, clearly there exists a point x € € and a threshold § € RT such that B (z,d) =
{w € Q||z — w|| <} does not include any point from the set {py, ..., Dn, @1, - Qar}- Since
f(.) is positive, continuous and differentiable over €2, for each 0 < € < ¢ the region B(x,¢) =

{w € Q||w — z|| < €} has positive volume, i.e., fB(m ) f(w)dw > 0. Given 0 < € < 4, assume
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that:

~

B(z,e) C R, (A.6)

for some n € Z4; therefore, the contribution of the region B(x,€) to the total distortion

D (]3, @, f{, f) is equal to:
L, (onllon =l 4 8, [~ Ty |2 S (A7)

As e — 0, (A.7) can be approximated as:
A, x / Fw)dw (A.8)
B(x,e)

where A, = (an||ﬁn — z||? + Bb,, 7 1Pn — q}(n)||2>. If we set p = ¢4y, = © and R} =
B(z,€) and T"(k) = M +1, then the contribution of the region B(z, €) to the total distortion
D (P",Q",R",T") is equal to:

L (el =l Bl = i) S

—o [ (= wlP) s (A.9)

The below equation for the ratio of distortions in (A.8) and (A.9)

m ak fs(x,e) (Ilz = wl]?) f(w)dw
=0 A, X fB(x 9 f(w)dw

=0 (A.10)

implies that there exists an €* € (0,0) such that the contribution of the region B(z,€*) to
the total distortion in D (P”, Q" ,R”,T") will be less than that of D (ﬁ, Q.R, f) Hence,
we set P" = (p,ph,...,p%) where p! = p; for i # k, and p] = z. Also, we set Q" =

(qu, @2y Qs Qg = x) The partitioning R” = (RY, ..., R}) is defined as R/ = R, for i #+k
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A~

and ¢ #n, R} = B(x,€") and R = R, — B(x,€"). Finally, we set T"(i) = T(i) for i # k and
T"(k) = M + 1. As mentioned earlier, the two-tier distortion D (P”,Q",R”,T") is less than
D <13, CA), f{, f) Note that if the region B(z,€) is a subset of more than one region, Egs.
(A.6) to (A.8) and (A.10) can be modified accordingly and a similar argument can be made
to show that the resulting distortion will be improved in the new deployment, and the proof

is complete. [ |

A.3 Proof of Corollary 1

Assume that there exists an index m € Zg in the optimal node deployment (P*, Q*, R*, T%)
such that Un:T*(n):m R’ has zero volume. Consider the node deployment (P',Q', R/, T")
where P’ = P*, Q' = (¢}, .-, @1, @1 @), R = R* and T'(i) = T*(i) for indices
i € T4 such that T*(i) # m. Note that for indices i € Z4 such that T*(i) = m, we can define

T"(i) arbitrarily because the corresponding regions [?; have zero volume. Since (,,.p ()= I3

=m n

has zero volume, we have:
D(P,Q R,T)=D(P",Q",R",T") (A.11)

which is in contradiction with Lemma 1 since the optimal node deployment (P*, Q* R*, T*)
for N APs and M FCs has not improved the node deployment (P',Q', R/, T") for N APs

and M — 1 FCs in terms of distortion. Hence the proof is complete. |

A.4 Proof of Proposition 2

First, we study the shape of the Voronoi regions in (1.5). Let B(c,r) = {wl|||jw — ¢|| < r} be

a disk centered at ¢ with radius r in two-dimensional space. In particular, B(c,r) = () when

132



r < 0. Let HS = {w]Aw + B < 0} be a half space, where A € R? is a vector and B € R is a
constant. For i, 7 € 74, we define

Vii(P,Q.T) = {wla;||p; — w|]* + Bbira | |pi — QT(i)H2 <
’ (A.12)

ajl|p; — wl* + Bb; vy llp; — v |I°}

to be the pairwise Voronoi region of AP ¢ where only AP ¢ and j are considered. Then,
AP 4’s Voronoi region can be represented as Vi(P, Q) = |, Vi;j(P, Q)| N2 Let (ws,wy),
(Piz, Piy), and (pjz, p;y) be the coordinates of w, p; and p;, respectively. Expanding the

inequality in (A.12) results in

(a; — a;) (W} + w) — 2(aiPiz — A;Pjz)ws

I* = a;llp;1® (A.13)

— 2(@ipiy — ajpjy)wy + a;il|p;

+ Bbir)lpi—aro II” — Bbrllp; —ar@)|1?<0

When a; = a;, the pairwise Voronoi region is a half space, i.e., V;; = {A;;w+ B;; < 0}, where

(ai||Pz'H2*ajHpjHerﬁbi,T(i)sz‘*qT(i)Hzfﬁbj,T(j)||PJ*QT(j)||2)
Aij = ajp; — aip; and Bj; = 5 . When a; > aj,

Vi; is represented as:

(CL) — Cij)2 S LZJ <A14)

When a; < a;, Vi; is represented as:

(w—ciy)* = Lij, (A.15)
where
cij = (aipiai : a]ipj% aipig{ : a]ipjy> _ aipi‘ : ajipj (A.16)
a; — @; a; — @ a; — @y
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a;a;l|p; — ij2 B bz‘,T(z‘)HJUz'—qT(z‘)”2 - bJ}T(j)||79J'_‘1T(j)”2

Li=—————[xX (A.17)
’ (a; — a;)? (a; — a;)
For L;; > 0, we define the radius r;; as:
Vv Lij, Ly =0
0, Lz'j <0
Therefore, the pairwise Voronoi region V;; is derived:
(
HS(AZ‘]‘, Bl]) , A = aj
B(cij, rij) @i > ag, Lij 2 0
‘/U:Qm %) , A >aj,Lij < 0> <A19>
BC(Cij,Tij‘> 4 < Gy, Lij >0
R? ,ai<aj,Lij<O

where B°(c;j,1;5) is the complementary of B(c;;, ;). Note that for two distinct indices such
as i,j € Iy, if a; > a; and L;; < 0, then two regions 2N B(c;;, ri;) and @ differ only in one
point, i.e., ¢;;. Similarly, for a; < a; and L;; < 0, two regions 2 N B(¢;;, ;) and Q differ
only in one point ¢;;. Hence, if we define:

Vi= Q2 (A20)

f B(Ckiarki)] ﬂ[ () HS(Awi, Bii)

iiap>a; ilap=a;

ﬂ[ ﬂ BC(CM,TM)

iiap<a;

then two regions V, and Vj, differ only in finite number of points. As a result, integrals
over both V}, and Vj, have the same value since the density function f is continuous and
differentiable, and removing finite number of points from the integral region does not change
the integral value. Note that if Vj is empty, the Proposition 1 in [38] holds since the integral

over an empty region is zero. If Vj is not empty, the same arguments as in Appendix A of
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[38] can be replicated since V, in (A.20) is similar to Eq. (31) in [38].

Using parallel axis theorem, the two-tier distortion can be written as:

v =Y [ (anupn —wl?+ Bz lpa — qT<n>|I2>f(w>dw

Va

N
)=
n=1
N
=3 ([ allen = ulP s+ anllpn - P
n=1 Vi
+ Bbn, () ||Pn — qT<n)H2vn) (A.21)

Using Proposition 1 in [38], since the optimal deployment (P*, Q*) satisfies zero gradient,

we take the partial derivatives of Eq. (A.21) as follows:

oD % * * * *
oy 2 [an (P}, =€) + Bbn () (P, = @7-(m))] v = 0
oD * *\ ok

n:T*(n)=m
By solving Eq. (A.22), we have the following necessary conditions:

. CLnC:; + 5bn,T*(n)q>jk“*(n)

D, = A.23
ap, + an,T* (n) ( )
T (m)=m OnmPnUn,
q:n _ Zn.T (n)=m “n, : <A24)
Zn:T* (n)=m bnymvn
and the proof is complete. [ |

A.5 Proof of Convergence for the HT'TL algorithm

In what follows, we demonstrate that none of the four steps in the HTTL algorithm will
increase the two-tier distortion. Given P, Q and R, updating the index map T according to

(1.4) minimizes the total distortion, i.e., the two-tier distortion will not increase by the first
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step. Moreover, given P, ) and T', Proposition 1 indicates that updating R according to (1.5)
and (1.6) gives the best partitioning; thus, the second step of the HTTL algorithm will not
increase the distortion. Below equality follows from straightforward algebraic calculations

and we omit the proof here:

Z bn,mvn“pn - Qm||2 = Z bn,mvn(Hpn - q1/n||2 + 11 gm — q;n”Q) (A.25)

n:T(n)=m n:T(n)=m

!/ Zn:T(n):m bn,mpnvn
for qm o Zn:T(n)

. The contribution of FC m to the total distortion can then be

=m bn,mvn

rewritten as:

3 / (anllpn = w1 + Bbul P = gll?) f(w)duw

n:T(n)=

S /aann wlPf)dw+ 8 S butn | dm — a2

n:T(n)=m n:T(n)=m

n:T(n)=m
Now, given P, R and T, the first and third terms in right hand side of (A.26) are constant
and moving ¢, toward ¢/, will not increase the distortion in (A.26). Therefore, the third

step of the HTTL algorithm will not increase the total two-tier distortion as well.

The following equation can be easily verified using straightforward algebraic computations

and we omit the proof here:

an”pn - w||2 + ﬂbn,men - Qm||2

(anw + Bby mm)
Qp, + ﬁbn,m

W = Gml|? (A.27)

2

n

= (a'n + an,m)

Banbn,m H
Qp, + ﬁbn,m

For each index n € Z4 and the corresponding index m = T'(n), we can rewrite the contribu-
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tion of AP n to the total distortion as:

n

(anw + ﬂbn QO) ? ﬁanbn m
= n bn m n — 7 e
/n [(a +h ’ ) P Qp + an,m an + ﬁbn,m
_ / a% (an + ﬁbn,m) DPn — an,QO N 2
R, LOn + ﬁbn,m G,

Banbn,m 2
an+ﬁbn,m’|w Gml” | f(w)dw
_ / CL?L (an + ﬁbn,m) Pn — /an,QO _ 2
B . Lan + an,m (7% "
. 2 Banbn,m . 2
+ ||, — w| > + —an+5bn,m”w I }f(w)dw

nCn + Bbomm ||

ap, + an,m

Pn —

2
@ 2
- — n — n brm
S el (e b

Banbn,m 2
Lo — g, | e
a, 2 ’12
L ew = wlP P+ (ot B~
- " — qm d
el [ gl (w)aw

lw = gl * | f (w)dw

where pf, = 4nntfumin  Note that the first equality in (A.28) comes from (A.27), and the

an"!‘fgbn,m

third equality follows from the parallel axis theorem. Now, given (), R and T, the first and

third terms in (A.28) are constant and moving p, toward p/, will not increase the second

term in (A.28). Hence, the fourth step of the HTTL algorithm will not increase the total

distortion either. So, the HTTL algorithm generates a sequence of positive non-increasing

distortion values and thus, it converges. Note that if distortion remains the same after an

iteration of the algorithm, it means that non of the four steps have decreased distortion and

the algorithm has already reached an optimal deployment.
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Appendix B

Supplementary Proofs for Chapter 2

B.1 Proof of Proposition 3

For U = (5, S, ..., Sy), the left-hand side of (2.9) can be written as:

N
P(P.QUT) =Y / (@ llpn — w]?
n=1 n
+Bby,1(n ”pn qr(n dw>Z/ min(a;||p; — w||2
+ B0 o3 = ary ) f(w)dw = [ min(allp; = wif

N
00y ar 1)l =3 [ mincayl, — wif

+ B0l - dw—z / (aullp — w]?

+ﬁbnT Hpn_QT H) ( ) :ﬁ(Panva)'

Hence, the generalized Voronoi diagram is the optimal partition for any deployment (P, @Q,7").H
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B.2 Proof of Lemma 2

Given N APs and M FCs (M < N), first we demonstrate that there exists an optimal node
deployment such as (]3 , @, f{, f) in which each FC has at most one connected AP at the same
location, i.e., for each m € Zp, the cardinality of the set {n|f(n) =M, Dy = Qm} is less than
or equal to 1. For this purpose, we consider an optimal node deployment (P*, Q*, R*,T*)
and assume that there exist at least two distinct indices ny,ny € Z4 and an index m € Zp

such that 7% (n,) = T*(n2) = m, and p},, = p;,, = q;,. We have:

Por= [ (g, = wlP + Bboyl, = ) ()i

— [ aulb, = vl Fw)du. (B.1)

fm—/)wmwk—Mﬁ+%mMM;—%Wﬁmﬂw
R

*
n2

=L 105, — w2 (w)dw. (B.2)

*
n2

Without loss of generality, we can assume that a,, < a,,. Hence, we have:

ol — wlPf)de+ [ anlp, -l fw)d
R*

Poy P = |
R;;‘l n2

> [l = ol )+ [ a5, — ol (w)de
R *

*
nq Rng

:/ anslpts, — wlf? f(w)dw,
Ry URS,

which implies that if we update the cell partition for AP n, to be R}, |J R}, and place the AP
ny to an arbitrary location different from ¢, with a corresponding zero volume cell partition,
the resulting power consumption will not increase, and the obtained node deployment is also

optimal. Note that in this newly obtained optimal power consumption, AP ns, is not in the
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same location as FC m anymore. This procedure is continued until we reach an optimal
deployment, denoted via <ﬁ,@,ﬁ, T\>, in which each FC has at most one connected AP

upon it.

Since M < N and each FC has at most one AP upon it, there exists an index k € Z4 such
that pp # E[f(k). In order to show that the optimal two-tier power consumption with N
APs and M + 1 FCs is less than that of N APs and M FCs, it is sufficient to construct a
node deployment with N APs and M + 1 FCs such as (P”,Q",R”,T") that achieves lower
power consumption than P (ﬁ, @, f{, f) For each n € Z4, let v, = fﬁn f(w)dw denote
the volume of the region R,. We consider two cases: (i) If 7 > 0, then we set P’ = P,
Q"= (f]\l,?]\g, s O :ﬁk), R” = R and T"(n) = f(n) for n # k and T"(k) = M + 1.

Note that

/E (axllpic = wl? + Bby 1B — B 12) £ (w)do
k

> / (ax 1P — wll?) fw)dew = / (axllB — wl> + BhenrsilFe — dloa|?) Fw)dw
Rk Rk

(B.3)

implies that in the deployment (P”, Q" ,R”,T"), the contribution of the AP k to the to-
tal power consumption has decreased. Since the contribution of other APs to the power
consumption has not changed, we have P (P”, Q" R",T") < P (]3, @, f{, T\> and the proof
is complete. (ii) If v, = 0, then AP k does not contribute to the optimal power con-
sumption P (]3, @, IA{, f), and it can be placed anywhere within the target region 2. Since
the set {p1,...,Dn,q1, -, Qur } has zero measure, there exists a point x € ) and a thresh-
old 6 € R* such that B(z,d) = {w € Q|||jxr — w| <} does not include any point from
the set {p1,...,Dn,q1,---, Qar}- Since f(.) is positive, continuous and differentiable over €,
for each 0 < e < 4 the region B(z,e) = {w € Q|||w — z| < €} has positive volume, i.e.,

fB(I 5) f(w)dw > 0. Given 0 < € < ¢, assume that:
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B(z,e) C Ry, (B.4)

for some n € Zy4; therefore, the contribution of the region B(x,e€) to the total power con-

sumption P (ﬁ, @, f{, f) is equal to:

/B( ) (anllﬁn —wl|* + Bb,, 7 [1Pn — q}(n),p) f(w)dw. B.5)

As e — 0, (B.5) can be approximated as:
A, x / Fw)duw, (B.6)
B(x,e)

where A, = (an”pn z||? + B, 7y 1P — q}(n)HQ). If we set p} = ¢4, = v and R =
B(z,€) and T"(k) = M + 1, then the contribution of the region B(z,€) to the total power

consumption P (P”, Q" R", T") is equal to:

/B( )(aka',; —w|* + Bbg.ari1 ||} — Q| ) f(w)dw

:aaémdmx—wnyﬂmmM<Bﬂ

The below equation for the ratio of power consumption in (B.6) and (B.7)

e fyge (e~ wl?) fw)d

e—0 A, Xwae f(w)dw

=0 (B.8)

implies that there exists an € € (0,9) such that the contribution of the region B(z,¢€")
to the total power in P (P”,Q",R”,T") will be less than that of P <}3,@,f{, f) Hence,
we set P" = (pf,py,....,p%) where p!! = p; for i # k, and p] = x. Also, we set Q" =

(Efl, @2y QM Qg1 = x) The partitioning R” = (RY, ..., R%) is defined as R/ = R, fori #+k
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and ¢ #n, R} = B(x,€") and R = R, — B(x,€"). Finally, we set T"(i) = T(i) for i # k and
T"(k) = M +1. As mentioned earlier, the two-tier power consumption P (P”,Q",R",T") is
less than P (]3, @, IA{, f) Note that if the region B(z, €) is a subset of more than one region,
(B.4) to (B.6) and (B.8) can be modified accordingly and a similar argument shows that
the resulting power consumption will be improved in the new deployment, and the proof is

complete. [ |

B.3 Proof of Corollary 2

Assume that there exists an index m € Zg in the optimal node deployment (P*, Q*, R*, T*)
such that Un:T*(n):m R’ has zero volume. Consider the node deployment (P',Q", R/, T")
where P’ = P*, Q' = (¢}, -, @1, @1 @), B = R* and T'(i) = T*(i) for indices
i € T4 such that T*(i) # m. Note that for indices ¢ € Z4 such that T*(i) = m, we
can define T"(i) arbitrarily because the corresponding regions R, have zero volume. Since
Un:T*(n):m R* has zero volume, we have P (P',Q',R’,T") = P (P*,Q*,R*,T*) which is in
contradiction with Lemma 1 since the optimal node deployment (P*, Q*, R*,T™) for N APs
and M FCs has not improved the node deployment (P’,Q’,R’,T") for N APs and M — 1

FCs in terms of power consumption. [ |

B.4 Proof of Proposition 4

First, we study the shape of the Voronoi regions in (2.7). Let B(c,r) = {wl|||jw —¢| < r}
be a disk centered at ¢ with radius r in two-dimensional space. In particular, B(c,r) = &
when r < 0. Let HS(A, B) = {w|Aw + B < 0} be a half space, where A € R? is a vector

and B € R is a constant. For i, 7 € Z4, we define
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Vii(P,Q,T) £ {wlaillp; — w||> + Bbs.ri lpi — qr|I?

< aj|lp; — w|* + Bbjr¢|lp; — arey|*} (B.9)

to be the pairwise Voronoi region of AP ¢ where only AP i and j are considered. Then,
AP i’s Voronoi region can be represented as V;(P, Q) = [ﬂj# Vi;j(P,Q)| . By expanding

(B.9) and straightforward algebraic calculations, the pairwise Voronoi region V;; is derived

as:.

.

HS (Aij, Bij) ; Ay = @

B(cij,rij) , Q; >CLj,LZ'j >0

V;]:Qﬂ %) , >@jaLij < 0> (BlO)

B¢ (cij, rij) ,a; < aj, Li; >0

R? ,CZ,L'<GJj,Lij<O

\

(ai”pi”2_aj||pj||2+5bi,T(i)”pi_qT(i)||2_Bbj,T(j)Hpj_qT(j)”2> aipi—a;p;
where Aij = a;pj —a;pi, Bij = 5 y Cij = ai—aj.—J7
L. = aiaj||pi—p;? bi, v llpi—ar @) 1> —bj v ) IP—ar () I” = Li;, 0 d B¢ .

o= S X o= 7y = v/max (Li;,0), and B(cy, i) is

the complementary of B(c;j,7;;). Note that for two distinct indices such as i,j € Iy, if
a; > a; and L;; < 0, then two regions € N B(c;;,r;;) and @ differ only in the point ¢;;.
Similarly, for a; < a; and L;; < 0, two regions N B(c;;, r;;) and  differ only in the point

c;j. If we define:

Vi= Q. ®B.11)

ﬂ B(Ckiarki)] ﬂ[ ﬂ HS (A, Bri)

itag>a; ilap=a;

ﬂ[ () B(crir i)

irap<a;

then two regions V, and Vj, differ only in finite number of points. As a result, integrals

over both V}, and Vj, have the same value since the density function f is continuous and
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differentiable, and removing finite number of points from the integral region does not change
the integral value. Note that if Vj is empty, the Proposition 1 in [38] holds since the integral
over an empty region is zero. If V} is not empty, the same arguments as in Appendix A of

[38] can be replicated since V, in (B.11) is similar to (31) in [38].
Using parallel axis theorem [82], the two-tier power consumption can be written as:
N
P(PQV.T)=)_ / (anllpn = w[I* + B 1w [P0 — g 1”) f (w)duw
n=1 Va

N
=3 (] onlln = wlP e+ anlln = P+ Bl — ario P ) (B.12)
n=1 Vn

Using Proposition 1 in [38], since the optimal deployment (P*, Q*) satisfies zero gradient,

we take the partial derivatives of (B.12) as follows:

af *k % k * *
oy [an (P, — ¢3) + B,y (D, — G7n))] ¥ = 0,
oP .

n:T*(n)=m
By solving (B.13), we have the following necessary conditions:

. a'nc:; + 6bn,T*(n)q;"*(n)

pn - I
Qp, + an *(n
e (B.14)
q* o Zn:T*(n):m bnvmpnvn
" Zn:T* (n)=m bn,m?}; 7
and the proof is complete. [
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B.5 Proof of Lemma 3

Using Lemma 3 in [42], it can be easily shown that the optimal quantization regions are
two closed intervals. Without loss of generality, let R = {R;, Ry}, where R; = [0,r] and

Ry = [r,1] be the optimal partitioning. Thus, we have ¢; = § and ¢, = % Using (2.11),

we have:
_acr+Bbiig T +26'q
P aq + ﬁbl,l 2 (1 -+ ﬁ/)7 (B 15)
- asCo + ﬁbg,lq . 1 +7r+ QB,q ’
p2 (05} + ﬂbg}l 2 (1 + 5/) ’

where ' = 8 x k. Therefore, the two-tier power in the regions R; and Ry are given by:

5o [(r+289 _ N 5 -2

Pl_al/o _<2(1+6') w) +54(1+5')2] e (B.16)
S Mfrereosg NP (041 -2

P (S ) e

and P(r,q) = P1 + P, is the total two-tier power consumption. Simplifying (B.16) yields:

— ar , 9 1 /N2
P W <ﬂ (r—2q) +§X|:(7’+2ﬁq)
F 280 @80 1) =) + 20 - 1)) ),
D ( 71) 1 / 2
Po= P (7 =207+ 5 x (=) 29 - 0)

F =) 420 = ) (= )+ 28~ 1)+ (= 1)+ 28— )7 ). (1)

Since both Py(r,q) and Ps(r,q) are continuous and differentiable functions of r and ¢, the

minimum occurs either at zero gradients, given by:

oP oP
5o=0 . So=0 (B.18)
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or at the boundaries, i.e., ¢,r € {0,1}. First, we focus on the zero gradient equations.

Simplifying (B.18) yields the following:

a;r? + as(1 —r?)

2 (@ T ax(l— 1))’ (B.19)

3(46" +1) (a1 — ag) * + 126" (a1 — ag) ¢*

— 24" (a1 — ag) qr + 3az(2r — 1) = 0. (B.20)

If a; = ag, then the unique solution to (B.19) and (B.20) is ¢ = r = %; otherwise, by

substituting (B.19) in (B.20) we have the following fourth order polynomial equation:

(a1—ag)® (B'+1) r* + dag (g —az)” (B'+1) r® (B.21)
+ [(48'+5) a5 (a1 —az) — (28'+1) az x (a1 —az)” |’

+2a3 [ay— (28" +1) (a1 —a2)] 7 + a3 [ (a1 —as) —as] = 0.

Solving (B.21) and substituting the roots into (B.19) gives the following pairs of solutions
to (B.18):

1
= = ) G =———
1+, /& 1+,/a
1

= 3 qo = ) <B22)
[ 1-,/a
- ()

a1
2 a2

1—a ’
ag a2

/B’ B/+1

1 B’ a1 1+ m+ BT ay

URVAE=RYem 2 ez

4 = @ y 4 =

1-a

1— @ ’
a2
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which in turn, leads to the four possible power consumption values P(r;, ¢;) for i € {1,2,3,4}.
By comparing all four feasible powers, it can be shown via straightforward algebraic calcula-
tions that P(ry, q) is always the minimum among the four candidate solutions. Therefore,
the optimal FC location and partitioning are given by ¢; and R = {R; = [0, r1], Ry = [r1, 1]},
respectively. Using (B.15), the optimal AP locations can be calculated accordingly. Now,
we consider the boundary case of ¢, € {0,1}. Note that » € {0, 1} means that one of the
regions is empty, i.e., the whole target region Q2 = [0, 1] sends its data to the stronger AP. As
f mbloven)

a result, we can achieve the optimal power consumption o a2) by placing the stronger

AP and the FC at the centroid of 2. The weaker AP will be used only if:

~ a1 ~ a2

P(Tl,(]l) < E ) P(Tla(_h) < E (B23)

Solving (B.23) yields the necessary and sufficient condition given in (2.12). Therefore, if the
condition in (2.12) holds, both APs are useful and the optimal power consumption is given

by P(r1,q1) as it is given in (2.13); otherwise, using only the stronger AP yields a lower

power consumption value given in (2.14) and the proof is complete. [ |

B.6 Proof of Proposition 5

In what follows, we demonstrate that none of the four steps in the HTTL algorithm will
increase the two-tier power consumption. Given P, ) and R, updating the index map T
according to (2.6) minimizes the total power consumption, i.e., the two-tier power consump-
tion will not increase by the first step. Moreover, given P, ) and T, Proposition 3 indicates
that updating R according to (2.7) and (2.8) provides the best partitioning; thus, the second
step of the HTTL algorithm will not increase the power consumption either. We need the

following equality, which can be derived from simple algebra, to continue the proof.
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Z bnmVn||Pn — @ |* = Z bnmVn(1pn = @ lI* + llgm — @1, [1),  (B.24)

n:T(n)=m n:T(n)=m

Zn:T(n):m br,mprvn

[
Where qm o Zn:T(n):m br,mn

can then be rewritten as:

S [ Gl = wlP Bl — ) Fl)d
n:T(n)=m " "

= > [l ulPfwide+p buntn |l —
Rn

n:T(n)=m n:T(n)=m

+ 5 Z bn,mvn”pn - q7/n||2

n:T(n)=m

. Now, the contribution of FC m to the total power consumption

(B.25)

Now, given P, R and T', the first and third terms in the right hand side of (B.25) are constant

and moving ¢,, toward ¢/, will not increase the power consumption in (B.25). Therefore, the

third step of the HT'TL algorithm will not increase the total two-tier power consumption as

well. We use the following equality to simplify the calculation:

an||Pn — w”2 + an,m”pn - qm”2 = (an + /an,m>x

(anw + ﬁbn,mqm) ? Banbn,m
Ap, + Bbym ap~+ By m

n

lw = gl I*.

(B.26)

Using (B.26), for each index n € Z4 and the corresponding index m = T'(n), we can rewrite

the contribution of AP n to the total power consumption as:

/ (anlpm — ]2 + B mllPe — Gol2) () des

@ypk%+5%w

2
ﬁanbn,m

(anw + Bbymm) N
Qp, + ﬁbn,m

an + 5bn,m

Pn —
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(an+ﬁbn,m)pn - /an,mqm - ?

Qn

(b) / a;
= X
R, LOn + an,m

/Banbn,m
WHU} — g |*| f(w)dw
(:C)/ a% « (an+ﬁbn,m)pn_ﬁbn,QO_ 2
Ry, an+/3bn,m Ay, "
. 2 Banbn,m N 2
e =0l ) L7 o — g P )i

2
@ a
:/R {W!\cn—wlfﬂaﬁﬁ%m)x

anCn“—anmqm 2 ﬁanbnm 9
n 7 : —Ym d
A+ Bbnm aﬁﬂbmm”w G| | f (w)dw
2
(e) a,, 9 -
aﬁﬁbmm/& len = w2 f (w)dw + (an + Bbnm) P = P |0
.+ B o dw, B.27
ot B Jo 10— Gl F(w)dw 527

where p!, = W# Note that Equality (a) in (B.27) comes from (B.26), and Equality
(c) follows from the parallel axis theorem. Now, given @), R and T, the first and third
terms in the right hand side of Equality (e) in (B.27) are constants and moving p,, toward p/,
will not increase the second term in (B.27). Hence, the fourth step of the HTTL algorithm
will not increase the total power consumption either. So, the HTTL algorithm generates a
sequence of positive non-increasing power consumption values and thus, it converges. Note
that if power consumption remains the same after an iteration of the algorithm, it means

that none of the four steps has decreased the power consumption and the algorithm has

already reached an optimal deployment. [

B.7 Proof of Lemma 4

Note that P~ (P,R) defined in (2.1) is the distortion of a one-tier quantizer with parameters

ai,...,ay, node positioning P = (pi,...,py) and partitioning R = (Ry, ..., Ry); thus, the
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minimum value that fS(P, R) can achieve is Dy given in (2.15), i.e., P’ e [Dy, +00) which

is the domain of the function A(s).

Let F(s) be the set of all feasible solutions for the power pair (s, A(s)). We can rewrite (2.3)
as:

—A
A(s) = inf P.O.R.T). B.28
(s) (RQ,&%EHS)P (P,Q,R,T) (B.28)

It is self-evident that for two values of s; and sy such that Dy < s; < s9, we have F(s;) C

F(s2), which implies that A (s1) > A(sq), i.e., A(s) is a non-increasing function.

Without loss of generality, we assume that a; < ay < ... < ay. If s € [Dy,+00), then
A(s) = 0 since if X* = (z7,...,2%,) and R* = (R}, ..., R},) is the optimal deployment that
achieves D)y in (2.15), then the deployment (P, Q, R, T) where P = (x7,... o}, x}, 2%, ..., x}),
Q= (zf,....2%), R=(R},...Ry,,2,9,...,9) and T*(i) = i for each i € Zg and T*(i) = 1
for each ¢« € Z4 — Iy is a feasible solution for which fS(P, R) = Dy < s and A(s) = 0. If
s € [Dy, Dyy), then the inequality 7_78(P, R) < s implies that 7_38(]3, R) < Dyy, i.e., optimal
APs should have at least M + 1 different positions; therefore, the optimal AP power cannot

be zero and the proof is complete. [ |

B.8 Proof of Lemma 5

Note that the pair (s, R) belongs to the domain of A(s,R) if and only if there exists a
node positioning P such that fS(P, R) < s. Since we have fs(P, R) > H(R) for any fixed
partitioning R, the domain of the function A (s,R) is {(s,R)|s > H(R)}.

First, we show that J(R) is the minimum value of the quantity 25:1 fRn an ||z —w|*f(w)dw

for a fixed R. Using parallel axis theorem, we have:
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N

S [ aulle = wlfw)itu =

n=1 n
N N
Zaon — cnllPvn + Z/ an||cn — w2 f(w)dw, (B.29)
n=1 n=1 Ry

where ¢, is the centroid of the region R,. Taking the derivative of (B.29) yields:

PR N
o Z/ anllz — wlPf (w)dw = 3 2a,(z — e)vn = 0, (B.30)
xr R
n=1 n n=1
iLe., r* = % where v,, is the volume of R,,. Substituting z* into (B.29) yields:
N
J(R) = min Z/ an |z — wl|] f(w)dw. (B.31)
v n=1 Ry

If s € [J(R),+o0) then A(s,R) = 0 because for the deployment P = (p1,...,pn) =
(z*,...,2%) and Q = (¢) = (z*), we have P (P,R) = J(R) < s and P (P,Q,R,T) = 0.
Now, we determine the value of A(s,R) for s € [H(R), J(R)). We have:

N

—A

PPQRTI=Y / b [P — a2 (w)duw
n=1 Ry

N
= an,lnpn - QHQUTL
n=1

N
=K Z an”pn - Q||2vn
n=1

N
=K Z ”pn\/anvn - (]\/anvnn2
n=1

— % b —al* (B.32)
where p = (ph/alvl, e ,pN,/aNUN) and q = (qw/alvl, e ,qw/anN). Similarly, we can
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rewrite the Sensor-power function as:

PRI = [l wl f(w)du
n=1 n
N

= Z an”pn - CnHQUn +H(R)
n=1 (B.33)

N
— Z 120 /@nn — Cor/@nvn||* + H(R)

1
1P — ¢l + H(R),

where ¢ = (clw/alvl, . ,cN,/anN). Note that H(R) is a constant since R is fixed. There-

fore, we have:

AS,R - inf K X 13_61 2' B34
( ) (p,a):||p—¢|2<(s—H(R)) ” H ( )

Note that for any fixed value of q, (B.34) implies that we want to minimize the distance
from the point p to q while it remains within a radius of /s — H(R) of the point ¢. By
using a simple geometric reasoning, it can be shown that p lies on the segment connecting

¢ to q, i.e., there exists a coefficient A > 0 for which we have:

_ g+ Ac
_ B.35
P=a (B.35)
i.e., for any q, the constraint in (B.34) is equivalent to:
oo lla—¢l?
A (T+ N> ————. (B.36)

s —H(R)

Therefore, (B.34) can be rewritten as:

A(s,R) = inf inf K X

§—a|12
@ a2z lazEl
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= inf inf G(q, M), (B.37)

N anlla—cnll?vn 4

A(14X)2> g
where:
N
q+ Acy,
G(qg,\) =k X . —q| vn
@0 =5x S G

o\ 2N
=K X (H—)\) Z%“Cn — q|]v,. (B.38)

Taking the derivative of G(q) w.r.t. the FC location ¢ yields:

9G(q, \)
_ )= B.39
0 (125) D 2emta—a =0 339

Zgil AnUnCn
25:1 anUn

le., ¢ = . By substituting ¢* into (B.37), we have:

A(s,R) G(q", N). (B.40)

Zn 1aan *CnHQUn
A>\>\/ STH(R) -1

Since G(q*, \) depends on A through the coefficient (1%\)2 that increases with A, the infimum
n (B.40) occurs for:

Zn 1a'leq _an Un

(R)

:\/ MR)
S—H(R) ’

where the second equality follows from the parallel axis theorem. Substituting A* into (B.40)

-1

(B.41)

yields the formula in (2.17) for A(s, R) and the proof is complete. [ |
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B.9 Proof of Lemma 6

Note that the constrained optimization in (2.3) is equivalent to the unconstrained optimiza-
tion in (2.5). As we showed earlier in Appendix B.5, if the condition in (2.12) holds, the
optimal partitioning is two closed intervals [0,7*] and [r*,1] where the FC is located at

* * 1

r*=gq* = —, in which case we have:

2
J(R) —HR) =D anllg” — cal*vn
n=1

1
= X [alq*?’ +as (1 — q*)B] , (B.42)

1+q*
2

— w”zf(w)dw

o
S—H(R)zs—/ a
0

q*—w2 w)dw — lag
7 ] st / B3

1 *3 *\3
:S—E[Chq +az(1—gq )}

2 2
Substituting (B.42) and (B.43) into (2.17) yields (2.19) for 4 (f—gr) <s<l (r—%> .
However, if the condition in (2.12) does not hold, the optimal partitioning is when the re-
gion corresponding to the weaker AP is empty, and both FC ¢ and the stronger AP are
located at the centroid of the target space; hence, A(s) = 0 and P° (P,R) = minlene)

12

. 2
Since mintana) - 1 (—Vam> with equality if and only if a; = ag, (2.19) is only valid for

12 = 3 \ Var+az
2
1 aias min(aq,a2) _ min(aq,a2)
E(m) §S<T7andA(S)—0fOI'SZT. [ |

B.10 Proof of Proposition 6

In what follows, we prove that none of the four steps in the Limited-HTTL algorthim will

increase the two-tier power consumption. Note that APs in the set {n|T(n) = —1} are nei-
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ther used for target region partitioning, nor they contribute to the total power consumption;
hence, given P, () and R, updating the index map 7" according to (2.23) will not increase the
power consumption. Furthermore, partitioning the target region according to the generalized
Voronoi diagram is the best partitioning according to Proposition 3, and the two-tier power

consumption will not be increased by the second stage of Limited-HTTL Algorithm.

Next, for a given P, R and T, (B.25) indicates that decreasing the distance between g,,

Zn:T(n):m bn,mann

and ¢/, = will decrease the two-tier power consumption. Note that moving

Zn:T(n):m bn,m’l)n
FC m to @, will not increase the power consumption since ||¢n — ¢,/ < |lgm — ¢.,||, and

Gm 1s still in the communication range of APs associated to FC m. Finally, (B.27) implies

ancn+ﬁbn,mqm

will decrease the two-tier
an‘i‘ﬁbn,m

that decreasing the distance between p, and p| =
power consumption. Note that moving AP n to p,, will not increase the power consumption
since ||pn — Pl < |lpn — pl||, and D, is still in the communication range of the FC gr(,).
Since none of the above four stages will increase the power consumption, Limited-HTTL

Algorithm generates a sequence of positive non-increasing power consumption values and

thus, it converges. [
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Appendix C

Supplementary Proofs for Chapter 3

C.1 Proof of Theorem 3.1

Using parallel axis theorem, we can rewrite the cost function in (3.5) as:

N
DE.W.8) =3 [ o= el S + s — P
i=1 Y Wi

N N N N+M (C.1)
DD F AN I pil PE,
i=1 j=1 i=1 j=1

where F;; = F;;(W,S), v; = fWi f(w)dw is the Lebesgue measure (volume) of W; and
¢ = % is the centroid of W;. Let P* = (pi,....pho )t W = (Wr, ..., Wi)T,
and S* = [s};] denote, respectively, the optimal node deployment, cell partitioning and
normalized flow matrix. According to [11], each cell in the power diagram is either empty or
a convex polygon; thus, we can take the gradient of the objective function D (P, W, S) using

Proposition A.1. in [21]. It is self-evident that the cost function in (3.5) is continuously
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differentiable. Therefore, D(P, W, S) achieves zero-gradient at the optimal point (P*, W*,
S*). The partial derivative of (C.1) with respect to p; is provided in (C.2), on top of the

next page. By solving the zero-gradient equation, we obtain:

N+M N
2(pi — ¢i)vi +20p pi —pi)Fij+2M8 Y (pi — pi)Fji, Vi€ Ig
OD(P,W,S) _ ( ) J; (pi = pj) i J;( i) Ej
Ipi N .
206> (pi — pj) Fa Vielp
j=1
(C.2)
( N+M N
CTUIHAS X i HAS 3 Fp)
J= Jj= .
N+M N ) i €1g
”H’\ﬁ( X Ftx Ffz’)
Pi=9 e (C.3)
-Z:IFJ*ij )
]_N ) 1 6 IF
> Fr
\ J=1

where v} and ¢} are, respectively, the volume and centroid of Wy, and F; = F; ; (W*,S*).

As shown at the beginning of Sec. 3.3, given the optimal deployment P* and the optimal
normalized flow matrix S*, the optimal cell partitioning is given by the power diagram W* =
V(P*,S*), indicating (3.16). Similarly, given the optimal deployment P* and the optimal
cell partitioning W*, the optimal normalized flow matrix is S* = R(P*, W*), indicating
(3.17). Substituting (3.16) and (3.17) into (C.3), we get (3.14) and (3.15) and the proof is

complete. ]
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C.2 Proof of Theorem 3.2

Note that when W, S, and {p,};.; are fixed, the cost function in (C.1) is a convex function

of p;; thus, by solving the zero-gradient equation, we have the following unique minimizer:

.

N+M N
cvitAB > Fijpi+AB X Fjip;
j=1 = .
N+M N ; 1E IS
it AB( X0 Fijt+ > Fja
_ i=1 =1
pi=1 T (C.4)
' le,in
J= .
~ ; (S IF
2 Fii
\ J=1

where ¢; and v; are centroid and volume of W;, respectively. Therefore, moving sensors
and FCs according to Lines 10 and 13 of Algorithm 1 does not increase the cost function.
Since R(P, W) is the optimal normalized flow matrix for a given node deployment P and
cell partitioning W, updating S according to Line 15 of Algorithm 1 does not increase the
cost function either. As mentioned earlier, given the node deployment P and normalized
flow matrix S, the optimal cell partitioning is given by the power diagram V (P, S); hence,
updating the cell partitioning according to Line 17 of Algorithm 1 also does not increase the
cost function. Since the parameters P, W and S are updated only in Lines 10, 13, 15 and 17
of RL Algorithm, the cost function is non-increasing. In addition, the cost function is lower
bounded by 0, i.e., D (P, W,S) > 0. As a result, RL Algorithm is an iterative improvement

algorithm and it converges. |
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Appendix D

Supplementary Proofs for Chapter 4

D.1 Proof of Lemma 7

The AP power coefficient g, (P,S) defined in Eq. (4.8) is the power consumption for trans-
mitting 1 bit data from AP n to the FCs. This includes both the transmission power at each
node, including AP n, on the paths connecting AP n to the FCs, and the receiver power at
each node, excluding AP n, on the paths connecting AP n to the FCs. Since R, an f(w)dw
is the total amount of data collected by AP n from sensors within the region W, in a unit
time, the term g, (P,S) R, an f(w)dw is the required communication power for transmit-
ting the sensory data collected within the region W, from AP n to the FCs. Hence, the
left-hand-side of Eq. (4.10) is the required communication power for transmitting the sen-
sory data collected within the target region from APs to FCs. This can be decomposed into
the APs’ total transmission power in addition to the required receiver power for the data to
reach FCs from AP nodes. This proves Eq. (4.10) since the right-hand-side of Eq. (4.10)
can be rewritten as 7_35 + sz\il Zjvzl piFi; (W,S), i.e. the sum of APs’ total transmission

power and the receiver power for all links (7, ) connecting AP ¢ and AP j. [ |
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D.2 Proof of Proposition 7
Using Eq. (4.11), we have:

N
D(P,W,S)=>_ /W (Mnllpn = IRy + Agn (P, S) Ry + ApnRy) f(w)dw

n=1 n
N

> 37 [ min (il — I o+ gy (P,8) R+ Moy o) f )
n=1"Wn

= [ min (sl = I Ro + Agy (PS) Ro + Ay Ro) Fl)ds
Q
N

=3~ [ min (il — I Ro + gy (P,) Ry + Aoy o) F )
n=1"Vn

N
=3 [ (o — PR+ g (P.8) R ApuFs) f )i
n=1 n

—D(P,V(P,S),S). (D.1)

Hence, the generalized Voronoi diagram provides the optimal cell partitioning for any given

node deployment P and normalized flow matrix S. [

D.3 Proof of Proposition 8

Eq. (4.19) is a direct implication of Proposition 7. Eq. (4.20) is directly followed from
Eq. (4.15). Here, we prove Eq. (4.18) for the optimal locations of APs and FCs. First, we
study the shape of the Voronoi regions in (4.12). Let B(c,r) = {wl||jw — ¢|| < r} be a disk
centered at ¢ with radius 7 in two-dimensional space. In particular, B(c,r) = @ when r < 0.
Let HS(a,b) = {w|a-w+ b < 0} be a half space, where a € R? is a vector and b € R is a

constant. For i, 7 € 74, we define

Vii(P.S) & {wlmillps — wll* + Agi (P, S) + Ap; < m5llp; — wlI* + Ag; (P,S) + Ap;} (D.2)
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to be the pairwise Voronoi region of AP i where only APs i and j are considered. Then,
AP i’s Voronoi region can be represented as V;(P,S) = |, Vi;(P,S)| 2. By expanding

(D.2) and straightforward algebraic calculations, the pairwise Voronoi region V;; is derived

as:
(
HS (aij, bij) i =1
B (cij,7ij) M > nj, Lig >0

Vi=QN4{ o M > 1y, Lig <0 (D3)
B¢ (¢ij, 7i5) s i < Mjy Lij 2 0
R? 777i<77j>Lij<0
\
. 12 0. 12 . . . — . S
Where CLZ']' _ ’I’]]p] . ’I’]Zp“ b” _ <772Hp1|| nijJ” +)\91(P27S)+)\P1 /\g](P,S) )\pﬂ)’ Cij — 7712’;_7;2.]3]7 sz —

inj llpi—pylI® i(P,8)+pi—g; (P,8)—p; _ c :
z ?;finj’;g —Ax (/r)ujé) P rij = y/max (L;;,0), and B¢(c;j, ri;) is the complementary
of B(c;j,15). Note that for two distinct indices such as i,j € Iy, if n; > n; and L;; < 0,
then two regions 2 N B(c;;, ri;) and @ differ only in the point ¢;;. Similarly, for n; < n; and
L;; <0, two regions 2 N B°(¢;j,7;) and Q differ only in the point ¢;;. If we define:

Vi= 2 (D4

N B(Cki,ﬁm')] ﬂ[ N HS(akiabki)] ﬂ[ () B°(ckirwi)

LM >N M= LM <n;

then two regions V, and Vj, differ only in finite number of points. As a result, integrals
over both V}, and V;, have the same value since the density function f is continuous and
differentiable, and removing finite number of points from the integral region does not change
the integral value. Note that if Vj is empty, the Proposition 1 in [38] holds since the integral
over an empty region is zero. If V} is not empty, the same arguments as in Appendix A of

[38] can be replicated since V, in (D.4) is similar to (31) in [38].

Using parallel axis theorem [81], the heterogeneous multi-hop communication power con-
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sumption can be written as:

N

DE.W.S) =" [ mles - wlPRuf(w)de
n=1 n
N

+ Z M || Pn — CnHQRbUn

n=1
N N+M
A Bisllp = pillPFiy (W, S)
i=1 j=1

N
+ )\an
n=1

N

N F(W.S) + Ry f(w)dw] , (D.5)

i=1 Wn

where v, = v (W,,) and ¢, are the volume and centroid of the region W,,, respectively. Using
Proposition 1 in [38], since the optimal deployment P* should have a zero gradient, we take

the partial derivatives of (D.5) with respect to node locations. For each i € 74, we have

oD N+M N

opr = 2PE = e Ry +2) ; Big (0 = P)) S + 2 ; Bia(pi = ;) Fii = 0, (D.6)
and for each 1 € Zr, we have

- 2A§;ﬂj,i<pz —pFL =0, (D.7)
By solving Egs. (D.6) and (D.7), we obtain Eq. (4.18) and the proof is complete. |

D.4 Proof of Proposition 9

Note that RL Algorithm iterates between three steps. In what follows, we show that none
of these steps will increase the objective function D (P, W, S). For a fixed node deployment
P and normalized flow matrix S, the cell partitioning W is updated according to Eq. (4.19)

which was shown to be optimal for a given P and S in Proposition 7. Therefore, the first
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step of RL Algorithm does not increase the objective function. Next, since R (P, W) is the
optimal normalized flow matrix for a given node deployment P and cell partitioning W, the
second step of RL Algorithm does not increase the objective function either. Finally, note
that when W, S and {p;},, are fixed, the objective function D (P, W,S) in Eq. (4.4) is a
convex function of the node position p;; hence, by solving the zero-gradient equations and
updating the node locations according to the Eq. (4.18), the objective function does not
increase. Therefore, the objective function of RL Algorithm is nonincreasing. In addition, the
objective function is lower bounded by 0, i.e., D (P, W,S) > 0. As a result, RL Algorithm

is an iterative improvement algorithm and it converges. [ |

D.5 Proof of Lemma 8

Before going through the proof, we state the following lemma:

Lemma 12. Given a set of points ¢; € R? and non-negative scalar weights a; for i €

{1,---, K}, and a scalar m, the geometric locus of the point p € R? such that the equality

K
S aillp — gl = m (D8)
i=1
K oo
holds, is either an empty set, a single point, or a circle centered at the point ¢ = %
i=1 @i

Proof: Let p = (ps, py) and ¢; = (¢iz, ¢iy)- Then, we can rewrite Eq. (D.8) as

K K K K
<Z a@-) (P2 +p}) —2 (Z aiq@-,m> Po — 2 (Z aiQi,y) py=m=Y aigl’. (D.9)
i=1 i=1 =1 =1

By manipulating both sides, we can rewrite Eq. (D.9) as follows:
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2

K K 2 K K 2 K 2
> iGix > QiGiy m—> :%H%HZ <§ :aiQi,z> + <§ :aiQi,y>
=1 =1 i=1 i=1 i=1

P == | TPy~ % - + :

SOl I T (£)

(D.10)

Hence, the geometric locus of the point p = (p,,p,) is an empty set or a single point if the
right-hand-side of Eq. (D.10) is negative or zero, respectively; otherwise, the geometric locus
is a circle centered at the point ¢ with the radius » where

Zfi a;q;
= ==t (D.11)

Dim i

K ZK . 2 + ZK o 2
m — Zi:l ainiHQ n i=1 @ilix i=1 @iy
K 2 )
o (SE, )

r =

(D.12)

and Lemma 12 is proved. |

Corollary 3. If the geometric locus in Lemma 12 is a circle centered at ¢ with radius r,
then for any point p within this circle we have Zfil a;llp — @||* < m, i.e. moving the point

p inside this circle reduces the weighted squared sum in Eq. (D.8).

Now, assume that there exists at least one node, say n, for which Eq. (4.27) in Lemma 8 does
not hold for an optimal node deployment P*, cell partitioning W* and normalized flow matrix
S*, i.e. p! does not lie on the segment z*p,. We aim to find another deployment such as
P’, W and S’ so that E (P') <~y and D (P, W', S’") < D (P*, W*,S*); hence, contradicting
the optimality assumption of P*, W* and S*, and concluding that Eq. (4.27) holds for all
nodes. For this purpose, let W' = W* S" = S* and p; = p! for all i € Z4,|JZ#\{n}. We

aim to determine the node location p{, accordingly. Using the parallel axis theorem [81], we
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can rewrite D (P*, W* S*) as:

N N
D W) =3 / nille; — Wl Rof(w)do + 3 miRutlp; — ¢
i=1 Wi i=1
N N+M n
+AY D Biglr = piIPFi (W5, 87) + AP, (W, %), (D.13)
i=1 j=1
where v} and ¢} are the volume and centroid of the region W, respectively. In what follows,

we assume that n € Z4, i.e. node n is an AP. Similar proof can be carried out for n € Zx.

Note that Eq. (D.13) can be split as D (P*, W* S*) = D; (P*, W*,S*) + D, (P*, W*,S*),

where
N+M N
Dy(P*, W™, 8%) =n, Ry |ph—call> + Y ABusFrjlloh=p511” + > Mmoo =311,
j=1 j=1

(D.14)

i.e. D; includes those terms in Eq. (D.13) that involve pf. In particular, regardless of
the node n’s position, we have Dy (P*, W* S*) = D, (P, W' S’). According to Lemma
12, the geometric locus of points such as p! for which the value of D; (P*, W*,S*) in Eq.
(D.14) remains the same is a circle @ centered at the point z} = z, (P*, W* S*) defined
in Eq. (4.16), with radius r} = ||z — p%||. Note that if ||z} — p,|| < ||z} — pi||, then
setting p!, = p, not only leads to the movement energy E (P’) < E (P*), but also results in
D, (P',W',S") < Dy (P*, W*,S*) since p/, lies inside ®}. Therefore, we have D (P', W', S’) <
D (P*, W* S*) which is in contradiction with the optimality of P*, W* and S*; hence, we
have ||2% —pn|| > ||2%—p%||. Let p, be the intersection point of the circle ®* and segment zp,,.

Since ||pn, — Pull < ||Pn — |, there exists an €, € RT such that ||p, — pu|| +€n < ||Pn —p5||. I

Py = Pnt6n X 2222 then not only we have £ (P') < E (P*) since E (P*)—E (P') > (6, >
0, but also D; (P, W' S’) < D; (P*, W*,S*) since p/, lies inside the circle ®*. Therefore,
we have D (P', W' S") < D (P*, W* S*) which contradicts the optimality of P*, W* and S*

and concludes the proof. |
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D.6 Proof of Proposition 10

If p; = z; for all i € Z, then Eq. (4.26) implies that E (P*) = Y7, ., G[T7|| < ~; hence, Eq.
(4.29) reduces to the trivial statement p’ = p,, + '} and the proof is complete. Therefore, we
assume that there exists at least one node, say n, for which p? # 2. Note that if any residual
movement energy is left in the optimal deployment, i.e. E (P*) < ~, then there exists an

e € R* such that E (P*) + ¢ < v and P, = p* + € x 222 lies inside the circle centered

[l —p3 ]

at z& and radius ||z — p}||. Then, according to Lemma 12 and Corollary 3, by fixing the
cell partitioning, normalized flow matrix and the location of all nodes except Node n, and
placing Node n at p,, we can achieve a lower total multi-hop communication power without
exhausting the available movement energy, which contradicts the optimality of P*, W* and
S*. Therefore, p! # 2! implies that F (P*) = ~. Now, given the optimal node deployment
P*, W* and S*, we construct the node deployment P’, W’ and S’ as follows. Let W = W*,

S’ =8S* and p; = p; for all i € Zo|JZ#\{m,n}. Let €, €, € RT be small values and define

/ * Z;;_ﬁn
Pp =Dp T X 7 ———-
’ R s

(D.15)

p/ :p*—G « :n_ﬁm
T e — Dl

To satisfy the equality E(P’) = v, we have (,6, = (nén. Now, we calculate the change
in the multi-hop communication power, i.e. D (P, W’ S") — D (P*, W*,S*). Assume that
Node m is fixed at p}, and we move Node n from p} to p/,. Note that this movement only
changes the term D; defined in Eq. (D.14); thus, according to Lemma 12 and Eq. (D.10),

this change is proportional to the difference between the squared radii, i.e.

Ar = [llpn — 2l = Nl — 2nl7) x o, (D.16)

where 9" is defined in Eq. (4.30). Now, with Node n placed at p!,, we move Node m from

p, to pl . Similar to the above argument, the term A, defined as
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Ay = [P = 2zl = Ik, — 20 l1°] x 47, (D.17)

captures the change in D with the assumption that Node n was located at p}. Now, we take

into account that Node n was located at p!, instead of p! during Node m’s movement.

Ay = AumE % [(loh — 20l = 105 = PLN7) = (lph — pinll? = o — pilI?)] (D-18)
= M Fr e % [ (I1Ph — PLll” + €2, — 2€m P, — Pl |l cos £p,ppl, — 1Pl — pill?)
— (1P} = Pill® = s — il = €20 — 2€m|ps — Dhal cOS £P}pl i) | (D.19)

= ANBumFs X (262, = 260, ([P, — || cOS AP0, 0Dy — |1Ph — Pl || cOS LD D)5 ]

(D.20)
= A Elr X [2€2, — 261 (€ — €,,c080)] (D.21)
= Mnmbpm X [QE—mefn CoS 9} ) (D.22)

where s and 6 = £z sz} are the intersection point and the angle between the lines z}p,, and
2% Pm, respectively. Note that in Eq. (D.18), without any loss of generality, we have assumed
that the direction of the flow of data, if any, is from Node n to Node m. Moreover, Eq. (D.19)

follows from the law of cosines and Eq. (D.22) follows from the equation (€, = (€,,. Hence,

we have:
D (P, W' S")—D(P*"W* S*) = A; + Ay + A3 (D.23)
w2 oGm e .
= 2<—n€m\|pn — zll| Xy
+ (e + 2emllpn, — 2nll] x ¥,
+ 2)\ﬁn,mF;7mi—meil cos 6.

Due to the optimality of P*, W* and S*, Eq. (D.23) should be non-negative, or equivalently:

167



(C;w + Uy, +2XBum :mi—mcosﬁ> (

ol 5~ il ||). (D.24)

According to Eq. (4.30), the term AB, . F,, is included in both ¢} and ¢, ie. ¢ >

n,m n —

A Ey o, and U > By, F g therefore, we have:

2
g =5 n + U+ 2280, ;mi—’” cos ) > G Aﬁnm m + N E o + 2Aﬁn,mF;;m§—m cos §
(D.25)
C 2
> Aum Iy ( Cm - 1) >0, (D.26)

thus, the term inside the parentheses on the left hand side of Eq. (D.24) is always non-
negative. Note that if the right hand side of Eq. (D.24) is strictly positive, then we can
choose a small enough ¢, such that the inequality in Eq. (D.24) is contradicted. Hence, we

have:

Gnnllon — 2l < G llpr — 2l (D.27)

By swapping the indices m and n in Eq. (D.15) and repeating the same argument, we have:

Cnnllon, — 2l = G|y, — 2l (D.28)

Egs. (D.27) and (D.28) imply that:

Cmtnllon = zull = Cutbnllph, — 23l (D.29)
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Note that Eq. (D.15) indicates that Eq. (D.27) holds for any n but only for a dynamic index
m € Z,, and similarly Eq. (D.28) holds for any m but only for a dynamic index n € Z;.
Hence, Egs. (D.27) and (D.29) imply that x%, > x5 if n € Z,,m € Z; and x}, = X if
n,m € Zy, and Eq. (4.28) is proved. Now, by using Eq. (D.29) and the equality F (P*) =+,

we can write:

) L[ ¥ ¥ || — % * % _ﬁ * % C_’LQ
D OGIT N == Glle ==l =) e Pn = zall = =llp Z”HZW" (D-30)

i€Zy i€Ty iezy " i€Ty

or equivalently:

2iez, GIITII =~

Cn Lei€Iy 97
Hence, we have:
=~ Ly # X X ~ X Yier, GIITEH =
P = i+ ey (Il =l = 200D = i T 1 - =2 =], 032)
; 102l > % x Yo, &
and the proof is complete. [ |

D.7 Proof of Proposition 11

We show that none of the steps in MERL Algorithm increases the multi-hop communication
power D (P, W S). Since the movement energy constraint in Eq. (4.26) does not depend
on the cell partitioning and normalized flow matrix, same reasoning as in Appendix D.4
shows that updating W and S according to the generalized Voronoi diagram and Bellman-
Ford Algorithm, respectively, does not increase D (P, W, S). In what follows, we show that
updating the node deployment according to steps 4 and 5 in Algorithm 4 will not increase

the objective function as well. To show this, we first need the following concepts:
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Let P* = (p’f, v R D ,p]fv+M) denote the node deployment after the k-th iteration.

In particular, P® = P is the initial deployment. We define the energy allocation after the

k-th iteration as E* = (e}, -+ ek, ek q, - ek, ) where ef = (,||pf — pn| is node n’s

movement energy consumption. Note that after the cell partitioning using the generalized

Voronoi diagram, the partitions are fixed as V (P"“"l, Sk_l). Moreover, let v¥ and ¢* denote

k

the volume and centroid of V, (P*,S*), respectively, and define I'* = 2k — p, where zJ is

expressed as in Eqs. (4.16) and (4.17). We denote the energy consumed by moving node

n from its initial location to z& by 7% = ¢,||T¥||, and define xf = &, (P*,S*) = i—g,;

Y is given by Eq. (4.30). Finally, we define an auxiliary function x* : R¥*™ — R to

n

where

be X* (E) = T’Z;;" Note that ¥ differs from y,, defined in Eq. (4.31) in the sense that it

depends on the energy allocation E rather than the node deployment and data routing.

Lemma 13. Let Z¥ and IF denote the set of dynamic and static nodes after the k-th iteration

of the MERL algorithm, respectively. Then, we have:

xi H(EF) =7 (EY), Vi,j € I} (D.33)

L(ER) > 5 (EY), Vi€ I eIt (D.34)

Proof: At the end of the deployment step, dynamic node n’s location in the k-th iteration is:

ZieI§ CiHFfilH -7

k_ ~ k—1
Dn = Pn + r I k—1 2 ) (D35)
n n B k Ci
[ wc_n X Zi€I§ T
thus, its movement energy consumption is:
) Diezs GITE I =
en = Gallpn = Ball = GlITR M < |IL — : (D.36)

T z
[T X e X s i
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woy ! (Ziezfj Tl — ’Y) N
= |7 — > = , Vn €1, (D.37)
i€k i

where I is the set of dynamic nodes in the k-th iteration, determined by the inner loop in
steps 8 and 4 of the MERL algorithm. According to this inner loop, the term inside the

vertical bars in Eq. (D.37) is positive; hence, we have:

k-1 k-1
bk <Zz’eI§ Ti _7>

n n - E—1 )
Ziezg i

Vn € IF. (D.38)

Now, by substituting Eq. (D.38) into the definition of X*, we have:

k=1 _k - T.’“—l] —n

k=1 [k Tn  —€n [ i€l k

Xn o (EY) = - = —, Vn € I}, (D.39)
! Ziezg Kf !

Therefore, all X%~ (Ek) for dynamic nodes are the same and Eq. (D.33) is proved.

In order to prove Eq. (D.34), we assume that Ly, inner iterations are performed in steps 3
and 4 of the MERL algorithm to determine the dynamic node set in the k-th iteration of the
algorithm. Forl € {1,---, Ly}, let JF be the dynamic node set after the I-th inner iteration,
where k is the iteration index of the MERL algorithm. In particular, we have J¥ = T4\ T

and:
=0, I G ST (D.40)

In other words, in the l-th inner iteration, nodes within the set J* | — JF are removed from
JF | due to their non-positive energy allocation, i.e., we have:
k-1 k-1
Kj (Ziej{il Ti T 7)

d=ri TS = <0, vje Tt T (D-41)
i€\7lk,1 i
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hence, by rearranging the terms in Eq. (D.41), and summation over all j € J*, — JF, we

have:
SRR SRl I (D SRPTL N (5 oI BCre:
jEJlk—l_Jlk ie‘7lk—l jejlk—l_jlk ie‘:7lk—1
*)—
Let the auziliary function X* (J) = (25‘7—117 be a mapping from the node set J to the real
ieg i
numbers. For an inner iteration index | € {1,--- , Ly}, we have:
NG v/ Gl (V) (D.43)
(Eiejﬁ Tz'k_l) -7 (Eiej{il Tz’k_1> -7
= > = — > ] (D.44)
iegk M iegpk i
(Ziejﬁ_l "ff_l> [(Ziejlk Tik_1> - 7] - (Zzejf "ff_l> [(Ziejlk_l Tik_1> - V]
(Ziejf K; 71) (Ziejl’il Hfil)
(D.45)
k— k— k—
(Zz’ej/gl ki 1) [(zz'ejl’gl i 1) - (Ziejl’il—jlk i 1) - 7}
B k-1 k-1 (D.46)
(Ziejﬁ K ) (Ziej{il K )
k— k— k—
[(Ziejl’il ki 1) - <Zi€‘7l’217\71k ki 1)} [(Ziej/zl i 1) - ’Y}
— - - (D.47)
<Ziejf Ki > <Ziejﬁ_1 Ki >
_ AR i€l - i€~7/“kll~7/“ €Tl (D.48)
<Zi€.,7lk Ki ) <Ziejl’zl Ki )
>0, (D.49)

where the last inequality follows from Eq. (D.42). Thus, we have the following ordered

sequence.

I <NFF) < <NIE) =N (@) =6 (EY), Yee ) (D50)
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Let the tentative energy allocation in the l-th inner iteration be EF(1) = (e¥(),--- ek p(D).

The tentative movement energy consumption of node n in the l-th inner iteration is given

4| (Ser ) )
n IS/’

k() = k1 - S = = , Vn e JF (D.51)
iegk i

hence, we can rewrite Y"1 (jlk) as:

k—1
k=1 (kY _ [(Ziejzk Ti ) B 7] ot =) k
XTI = Diear Ki R vn € JF. (D.52)

Note that each node j € JF |, — JF is removed from the dynamic node set in the l-th inner
iteration of the MERL algorithm due to its non-positive tentative energy é";(l) < 0; therefore,

we have j € IF and its allocated movement energy consumption is e;? = 0. Then, we have:

k—1 k k—1 k=1 ~k
L TR —et T e =)y _
Xf 1 (Ek) == KE1 "= mj’?*l <= 5’?*1J =xX"1 (T, vjeJk,—JF (D.53)
] j ]

Using Eqs. (D.50) and (D.53), we have:

GHE) <X (EY), vieIyje gt - Jhle{l - L) (D54)

Note that the static node set I¥ consists of all nodes that are removed in the inner loop, i.e.
o = Ueq 1 (T = TF);: hence, Eq. (D.34) follows from Eq. (D.54) and the proof is
finished. [

Lemma 14. For a fixed cell partitioning and normalized flow matriz, the node deployment
P* given by the k-th iteration of MERL Algorithm is the unique minimizer to the objective
function in Eqs. (4.25) and (4.26).
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Proof: Using parallel azxis theorem [81], the objective function in the k-th iteration is:

N N
_ k=1 2 Pk, k12
D=3 [ e PR o+ 3 il e
N N+M i
A D Bullpi = pilPES + AP (WS (D.55)
i=1 j=1
For a fixed partitioning and routing, a similar reasoning as in the proof of Lemma 8 shows
that node n’s optimal location at the end of k-th iteration should be placed on the segment
connecting its initial location p, to the point zF=1 given in Eqs. (4.16) and (4.17), i.e., if we

denote the node n’s movement energy by e,, we have:

e,  Ihl
R STR
ORI 1|

Pn(en) = P + Vn € Iy JZr. (D.56)

By substituting the Eq. (D.56) into Eq. (D.55), we can rewrite the objective function as:

miniEmize D(E)
N+M
s.1. (Z en> <7y, 0<en <GITE, Ve Zal JZr (D.57)
n=1

where:

N
DE) =3 [ nle — PR ()
=1 i

al ei [kt ?
Y mBl T+ X e =

; G [T

N N+M k1 k=1 2
€ I e; I

+A Bij|bi + = X g = D — 7 X 1 o

; ; ’ G TG
+ AP (WH sb1), (D.58)

Note that the objective function in Eq. (D.57) and its constraints are convez; hence, it has a
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n=1

unique minimizer for a fized partitioning and routing. If (ZN+M CnHF?";_IH) < v, then the
MERL algorithm moves each node n to zE=1 without wviolating the total energy constraint,
n=1

indicating an optimal deployment. On the other hand, if (ZN_JFM QLHF];L_lH) > v, then nodes

will Tun out of movement energy before they can reach to their corresponding z*=1, and the

N+M
n=1

same reasoning as in Appendix D.6 shows that <Z en) = . For the fixed partitioning
and routing, let E* = (e{, e ,e’]‘v+M) be the optimal energy allocation for the constrained
objective function in Eq. (D.57), and let P* = (p’{, e ,p*N+M) be the corresponding optimal
deployment. Assume that the movement energy allocation EF in the k-th iteration is different
from the optimal one, i.e., E* # EF. Since <ij:1M e;‘;) = (Z:LJZM eﬁ) =, there exist two
distinct indices i and j such that 0 < e} < ef and 0 < e} < eb. Note that € > 0 indicates
that j € I¥, i.e., node j is a dynamic node in the k-th iteration. Therefore, using Lemma

13 we have:

_ _ k—1 k k—1
GIT M =i _ Gt —er G T —ef _ G =€

D.
2 g <T@ 2 (D-59)
PF T WFT F F
3 7 J 7
Now, we consider a new energy allocation E = (€1, -+ ,exyar), where & = € —e, € =€;+e

n=1

and & = e for allt € Ty\JZ#\{i,7}. Note that (ZN+M En) = 7, and for a sufficiently
small positive value of €, we have 0 < ef —e = & < e < G|TF Y| and 0 < e; < e =
ef+e<el < QHF?‘IH, i.e., E satisfies the constraints in Eq. (D.57) and it is a valid energy
allocation. Similar argument as in Appendiz D.6, that led to the Eq. (D.27), shows that
in order for the energy allocation E not to achieve a lower objective function value in Eq.
(D.57) than D (E*), which contradicts the optimality of the movement energy allocation E*,

we should have:

G My — 2 < G e = A (D.60)

or equivalently:
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Gllpy =7 _ Gillpr — =]

¢z - ¢
T et

(D.61)

According to Eq. (D.56), each node n € To|\J)Zr is located on the segment connecting p, to

2F=1- hence: we can rewrite the Eq. (D.61) as:

GITE M — e _ GITsE ) —;
¢2 — (2 ’
] 2

PET Prt

J

(D.62)

But Eq. (D.62) is in contradiction with Eq. (D.59); thus, the assumption E* # EF is wrong
and we have E* = EF, i.e. the deployment given by the MERL algorithm is the unique

minimizer of the constrained objective function and the proof is complete. [

Now, we have enough materials to prove the convergence of the MERL algorithm. As
mentioned in the beginning of the Appendix D.7, updating the partitioning and normalized
flow matrix using the generalized Voronoi diagram and Bellman-Ford Algorithm, respectively,
does not increase the objective function. Now, for a fixed partitioning and routing, Lemma
14 indicates that the deployment given by the MERL algorithm is the unique minimizer of
the constrained objective function, i.e., the deployment step in the MERL algorithm does
not increase the objective function either. Hence, the MERL algorithm generates a sequence

of positive non-increasing values for the objective function D; thus, it converges. [ |

D.8 Proof of Proposition 12

If p¥ = z* is an optimal deployment P*, W* and S*, then Eq. (4.34) implies that E, (P*) =
GullT2 ]| < vp. Therefore, Eq. (4.35) reduces to the trivial statement pf = p, + I'; and the

proof is complete. Hence, we assume that p} # 2. Now, if any residual movement energy is
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left in Node n, i.e. if £, (P*) < ~,, then there exists an ¢, € R such that E, (P*)+¢, < v,

Z5—Pn
[l —p3

and the point p,, = p} +€, X lies inside the circle centered at 2z with radius ||z —p¥||.
Then, according to Lemma 12, by fixing the cell partitioning, normalized flow matrix and
the location of all nodes except Node n, and placing Node n at p,,, we can achieve a lower
total multi-hop communication power without exhausting the available movement energy in

Node n, which contradicts the optimality of P*, W* and S*. Therefore, p} # 2 implies that

E, (P*) = ~,, that is

Can:z - ﬁnH = Tn- (D'GS)

According to Lemma 8, we have

where d,, € [0, 1], which indicates that

Egs. (D.63) and (D.65) imply that 6, =1 — m. Therefore, Eq. (D.64) can be written
as:
* Tn ~ Tn *
(e () o
< Cnll2; = Dl Cnllz, = Pull
3 Yn .
= Pn+ < .~ > (Zn - pn) (D67)
Cn”Zn - pn”
GolIT5
Eas. (D.63) and (D.64) imply that 7, = Gullps —pull < Gallzt —Ball = GulT3 i 27y < 1
Therefore, Eq. (D.68) can be rewritten as p! = p,, + min <1, m> I'* which concludes the
proof. [ |
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D.9 Proof of Proposition 13

In what follows, we show that none of the three steps in LORL Algorithm will increase
the communication power D (P, W,S). Note that the movement energy constraint in Eq.
(4.34) does not depend on the cell partitioning and normalized flow matrix. Hence, it can be
shown via the same argument as in Appendix D.4 that updating W and S according to the
generalized Voronoi diagrams and Bellman-Ford Algorithm, respectively, does not increase
D (P,W,S). Note that for a fixed W, S and {pi}#n, according to Lemma 12, the geometric
locus of node n for which the objective function D (P, W, S) remains the same is a circle
®,, centered at z, with radius ||z, — p,||. Note that the update rule in Eq. (4.35) always
keeps node n in its valid region determined by its limited movement energy, which is a circle
centered at p, and radius Z—: A simple geometric reasoning indicates that by updating the
position of node n according to Eq. (4.35), node n will either remain the same or move
to the point inside its valid region that is closest to the point z,, i.e., node n will either
remain on the circle ®,, or move inside it, and the objective function D (P, W, S) does not

increase. Since the objective function has a lower bounded, i.e. D (P, W,S) > 0, and it is

nonincreasing, LORL Algorithm is in iterative improvement algorithm and it converges. Wl
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Appendix E

Supplementary Proofs for Chapter 5

E.1 Proof of Proposition 14

For a fixed cell partitioning W and data routing R, we can rewrite the objective function

D, in Eq. (5.19) using the parallel axis theorem [81] as follows:

N
Ay Ry
Di(P,Q,W,R) :;/n@H%—sz@B —1)f(w)dw
N
#3 pyI —elP(2# 1)u

Y (27 1) (E.1)
IH(L) n m Y *

where v, and ¢, are the volume and centroid of region W,,, respectively. Since the optimal
deployment satisfies the zero gradient condition, we take the partial derivatives of Eq. (E.1)

with respect to AP and BS locations as follows. For each n € Z,p, we have:
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= i =) (28 )3 =) (275 <) o

n 1—e
(E.2)
By solving Eq. (E.2), we directly obtain Eq. (5.20). Now, for each m € Zgg, we have:
8@1 N 2bn m Fn,m
=\ (@ - ) (27 - 1) =0, E.3
By solving Eq. (E.3), we obtain Eq. (5.21) and the proof is complete. [ |

E.2 Proof of Lemma 9

First, we prove the following lemma.

Lemma 15. For a constant d € R, the geometric locus of points w € R? that satisfy the

equation
aillpi — wl* — ajllp; — wl* = d, (E.4)

is a line perpendicular to p;p; in case a; = a;, and either a circle centered at ¢ = % or
Qg J

an empty set in case a; # a.

Proof: First, we consider the case where a; = a; = a. Let h be the projection of the point w

on the line p;p;. Using Pythagoras’ theorem, we can rewrite Eq. (E.4) as follows:

d
(lpi =PI + 112 = wl?) = (llps =PI + (12 = wl?) = (lp: = 2I* = llp; = hIP) = =, (E5)

thus, any point w whose projection on the line p;p; is h satisfies Eq. (E.4). Therefore, the
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geometric locus of the point w is a line perpendicular to the line p;p;. Now, we consider the

case where a; # a;. Let p = (ps, p,) and w = (w,, w,). We can rewrite Eq. (E.4) as:

(ai—a;) (W) 4+ w2) = 2 (@iPiz—a;jPja) We — 2 (aiPiy —a;pjy) Wy = d—(agl|pill* — a;llp;11?)
(E.6)
or equivalently:
w, — iPix jpj.r‘| i {Wy _ iPiy iPjy _ d/7 (E?)
a; — CLj a; — aj

d—(aillpil|*~a;p;]?) 1 (@ipic—a;pje)*+(aipiy—a;pjy)”
a;—aj (a;—aj)?

where d' = . Hence, the geometric locus of the

point w is either an empty set if d < 0 or a circle centered at ¢ = % with radius

J

k = V/d' and Lemma 15 is proved. [

Now, we use proof by contradiction to establish Lemma 9. Let v; and v} be the volume of
the neighboring regions ;" and W, respectively, and assume that the optimal boundary
07 ; is neither a segment if a; = a;, nor an arc in case a; # a;. Let m; j(a) = ap; + (1 — a)p;
and let [; ;(a) be either a line perpendicular to p;p; at m; ;(«) in case a; = a;, or a circle
centered at ¢;; = % and radius s;;(a) = |lc;; — mi ()] in case a; # a;. Now, we

define:

Wi ={w|w e, allpi—w|? — a;llp;—wl* < aillpi—mij(a)|* = a;llp;—mi ()|}
(E.8)
Wi ={w|w e, allpi—w|® = a;llpj—wl? > aillpi—mi;(a)|* = a;llp;—mi ()|},

4,97
(E.9)

where QF; = W7 U W, and let vj(a) and vj(a) be the volume of regions Wj and WJ,

respectively. Note that since the sensor density function f(w) is a continuous and differ-

entiable function, both vj(a) and v}(a) are continuous functions of a. As an intuition,
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note that the geometric locus of points w € R? such that a;||p; —wl|]* — a;||p; —w|* =

aillpi—mi ; (@) || — a;|lpj—mi ()| holds, is I; j(a) according to Lemma 15. It readily follows
from simple geometric reasoning that for a; < a;, we have v, = 0 for large enough values of

a, and v, = 0 for a =
J a;—a;

(@) = 0. Similarly, for a; > a;, we have v; = 0

for o = &
a;—a;

(@) =0, and v} = 0 for large enough values of «.

Using the above argument and the fact that vj(a) + vi(a) = v + o7, it readily follows that

there exists an o* for which we have vj(a*) = v; and vj(a*) = v

7. Now, we define a new

cell partitioning W” = (W/',--- [ W},) where W/ = W} for t ¢ {i,j}, W/ = W!(a"), and

Wi = Wij(a*). Then, substituting W* with W” will increase the objective function by:

N
Z /W #Ilpn = w||2<2% — 1)f(w)dw

6

N )\ZZ sz qj||2<2ri,jxgbxv;/ _ 1)]

i=1 j=1
N . .
n i’}

-1 / o — P (2% 1) fw)d

n=1"7W3 In (1_—6)

N M b; - i, X Ry x v}
A gl (2 - 1) (E.10)

i=1 j=1 n(l_—J

j
Note that W/ = W for t ¢ {i,j} and v; = v} for all t € {1,--- , N}. Hence, we have:
A X ln e ) )
| [ alpi—wlP s+ [ ajlp; - wlf )

(%) ) W W

_ UW ai\\pi—w!|2f<w)dw+/W* a;||p; —wHQf(w)dw}. (E.11)

Let Vi = W/'NW} and V, = W/ NW;. Note that both V; and V, are non-empty; otherwise,

K3 (2

we have W/ = W and W} = W which contradicts the assumption that the optimal

boundary 4;; is not a segment or an arc. Now, we can rewrite Eq. (E.11) as follows:
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_Zaégijij_:: {/Cla”u%__QMQf(w)d““+l/;(%Hpj—-wHQf(w)dw}

| [ ol [l - vl (E.12)
Vo V1
= [ (@l = ol = ally — o) S
+ [ (ol =l = alls = o) S0 (©13)
Va

< /V1 <aini - 7712-J-(c14*)H2 — aijj —m; ;(a¥) 2) f(w)dw

+_/CQ(aj”pj_'"“J(a*wf‘_‘%Hpi“nha(a*ﬂf>.f@v)dw (E.14)

= (eallpi=mas(@)]” = aslps =mis(a%) Z)X(/Vlf (W)dw — V2f<w>dw)
(E.15)

-0 (E.16)

where the inequality in (E.14) follows from Lemma 15 and the fact that both V; and V, are
non-empty. Also, Eq. (E.16) follows from the fact that V; and V, have the same volume
because v; = v; and v] = v}. Since 0 < e < 1 and R, > 0, it follows from Egs. (E.12)—(E.16)

that

A x In (ﬁ)
@)

that is, the increase in the objective function is negative. Therefore, W” yields a lower

<0 = A <0, (E.17)

objective function than that of W* which contradicts the optimality of W* and the proof is

complete. ]
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E.3 Proof of Proposition 15

According to Lemma 9, the optimal boundary 4;;, which intersects the line p;p; at h;, is
either a segment if a; = a;, or an arc with its center placed at ¢ = % if a; # a;. Let o*
be the scalar that satisfies the equation a*p; + (1 — a*)p; = h} ;. For an infinitesimal v > 0,
let o = a* — . Then, we define a new cell partitioning W' = (Wl’, e ,WJ’V) as follows:

Wi ={wlweQ; aillpi — wl* = a;llp; — wI* < aillpi = hilI* = ajllp; — hi;11°},

(E.18)

Wi ={wlweQ; aillpi — wl|* = a;llp; = wI* = aillpi = hilI* = ajllp; = hi;11°},

27]’

(E.19)

and Wy = Wy for t ¢ {i,j}, where Q} ; = WUWZ and k] ; = o/p;+(1—a')p;. Note that the
infinitesimal difference between a* and o’ leads to an infinitesimal difference between volumes
of these new regions, i.e., v; = v + dv and v} = v; — dv, where v; and v} are the volume of
Wi and W}, respectively, and dv is the volume of the region dW = W/ — W = W} — W_.

By substituting W* with W', the increase in sensor power consumption can be written as:

& 2(o' a; N
— %y B B .
= iyl (0¥ 1) s + | el (2% 1) fonts
_ a; o 2 ﬂ_ B a; - 9 ﬂ_
/W In (L) [pi—wl] (23 l)f(w)dw /W; Ty (ﬁ)HpJ W (23 l)f(w)dw
(E.20)
which can be simplified as follows:
A:/Li—221§’—1 d_/L._Qng_l N
1 AW In (%_G)HP w” ( )f(w> W W In (ﬁ)”pj WH < )f( )
(E.21)
= —1 Ay, 2 o 9 Ry _
_/dw n (L) aillps =l — aylp; = wl?| (27 — 1) F(w)de (B.22)
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)

It follows from Lemma 15 and the definition of W} and W} in Egs. (E.18) and (E.19) that

for an infinitesimal region dW, we have:

1 i . By
A= / Brves: Laallps = i 112 = asllpy = by l12] (2% = 1) (@) + O(@v?) (B.23)

1—e

R
= ey Lol =P = ey = by ] (2% = 1) v + O, (E.24)

Now, substituting W* with W’ results in the following increase in AP power consumption:

M
Ay=)"

M
Tit bz Jt Ryvj
o= alP (279 = 1)+ 32 s s = el (275 1)

= ln( ) = hl( -
M M
b it b Tt Rpvy b + St Rpvl
- Hm—tﬂ\( ) p; —qy\(7—1)
; In (%) t ; ()"
(E.25)
M 9 Tit b z T’L,tRbd”
== CEITEE AR CRa)
t=1
M b jt b J 77‘j,tRbd'U
+y Ip; — a:l)* x 2 X (273 — 1), (E.26)
t=1 In (E)

where Eq. (E.26) follows from the relations v; = v} + dv and v; = v; — dv. Using the Taylor

series expansion, we can write Eq. (E.26) as follows:

M

Ti,t 7 i R d
= sz—qtum B I (2) x 0

ln B
t=1 —
M
v*' r . Rydv

Zln Sl =l x 2755 X (2) x S + O, (E:27)

~+

=1 —

where O(dv?) contains terms of second and higher order in Taylor series approximation. By
combining Eqgs. (E.24) and (E.27), the total increase in objective function due to substituting
W* with W’ is given by A = A; + AA,, that is:

(ol = I = il = B IP] (2% 1) o
1—e
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M
T‘,L‘,tR 'Uf; i
XD el 2™ (2) x [t
B
M R
75,5 R d
Z |pj al? x 27F " x In (2) x % +O(dv?) > 0, (E.28)

where the last inequality follows from the optimality of W*. By dividing A by dv and taking

the limit dv — 0, the term O(dv?) vanishes and we have:

R
[aiupi = hi I = allps = w12 (2% — 1)

Ti,t b@

i
B

+ )\mesz - QtH2 X 2

t=1

X In (2) x

Tilth o ) (E.29)

M *
T‘j7tRb’U-
- Azbj,t”pj — ql” x 2775 xIn (2) x 5 2

t=1

By defining o/ = o* + v for an infinitesimal v > 0 and repeating the same procedure, we

obtain:

" By
[azupz B2 = asllp = b, I1] (2% - 1)

it bz 7,0 Ry
AS bigllps — 2 xIn(2) x
+ Z g = @l x 275 <o (2) x P
M R
T3t Y5 4R
A billp —al? x 27 Xln(?)x%ﬁ& (E.30)
t=1

By combining Eqs. (E.29) and (E.30), we obtain Eq. (5.22) and the proof is complete. W

E.4 Proof of Proposition 16

First, we prove the following lemma.

Lemma 16. Let g(z) = a® + a“~* where x € [0,C] for a,C € R* and a > 1. Then, g(.) is

symmetric around the point x = 5 and strictly decreasing in the interval [ , 2)
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Proof:  The function g¢(.) is symmetric because g(x) = ¢g(C — x). Now, by taking the

T

- aC—a:)

derivative w.r.t. z, we have 2L g(z) =1In(a) x (a . Since a > 1, we have “Lg(z) < 0

c

for x € [O, 5) and the proof is complete. [ |

Lemma 16 readily leads to the following conclusion.

Corollary 4. Let 1 and x5 be two non-negative real numbers such that x1 + xo = C is a

constant. Then, for a > 1, decreasing |z, — xo| results in smaller a™ + a®™ values.

Now, we proceed to establish Proposition 16. Note that the constrained objective function

formulation in Eqgs. (5.23)—(5.25) is equivalent to

M .
arg min Z 9 [%Jrlogz (bmi“pn*%”Q)] : (E.31)
Fn,l,"'aFn,]\l i=1

M
s.t. Z F.i :/ Ryf(w)dw = Ryv,, and F,; >0 for all i € Zpg, (E.32)
i=1 Wn

which is equivalent to the following constrained objective function formulation:

M
arg min ZQI’“’, (E.33)
T, 1y 5T, M ]
M M
Ryvy, 2

s.t. ;xm =3 + ZZ:;logQ (bnyinn —ql ) =C, (E.34)
T, > log, (bmen — ql-|]2) foralli € {1,---, M}, (E.35)
where x,; = Fg + log, (bn,inn — quQ). Corollary 4 indicates that for any two indices i

and j, we can decrease the objective function in Eq. (E.33) by decreasing |z, ; — x, ;| while
keeping their summation constant. Thus, the minimum occurs when we have z,,; = --- =
ToM = % However, this may contradict the constraint in Eq. (E.35) for some indices

i € {1,---,M}. Therefore, we can always improve the objective function in Eq. (E.33)

and achieve a lower value by decreasing the distance between any pair of z,; and x, ; while
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keeping their summation constant as long as the constraints in Eq. (E.35) is not contradicted.

This observation results in

Corollary 5. Let X, = (x}, 1, , 2}, 5) be the optimal solution to the constrained objective

function in Eqs. (E.33)—(E.35). Then, there exist unique sets I} and I}; such that

Ty, =, =1 for Vi,jelf, and ), =10g, (bnillpn — all?) for Vie I},

n7Z ]

(E.36)
and x;,; > 7T for alli € I} .

To see why the last property holds, first, let us assume that we have z7, ; = log, (bn,j lpn—q; ||2)

for all j € I;. Since v, > 0, it follows that

M M
Z Ty = Z Tyt Z Ty = Z log, (bn,thn - Qt”2) <C, (E.37)
t=1 =1

tely; tel; t

which is in contradiction with Eq. (E.34). Hence, there exists an index j' € I}, for which

ki > 10gy (bnjrllpn — qy||?). Now, assume that there exists an index ¢ such that z};; =

*

log, (bn7i||pn — ql-||2) < 7" =z}, ;. Then, according to Corollary 4, we can achieve a lower

objective function by replacing z7,

and 7y, 5 with z7 ; +n and z; ;, —n for any 0 <7 <
z;, o —log, (bn,j7lpn — qy||?), which contradicts the optimality of X*. Thus, we have T, >T

for all i € I7.

Corollary 5 indicates that in an optimal solution, all z},, values should be equal to some
value T* except for those that cannot get close enough to T* without contradicting Eq.
(E.35). Hence, the optimal solution can be found using a water filling algorithm as follows.
By initializing I, to an empty set and starting from the case in which all z,; values are
equal to the mean value T = %, we can identify those indices such as ¢ € I for which
T, < log, (bmH DPn — quZ). Thus, I provides the first series of indices for which the value of

Zn,; cannot be reduced enough to the mean value  without contradicting the constraint in
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Eq. (E.35). Therefore, the optimal value for each i € I is @, ; = log, (byi|lpn — ¢:||*) and we
update the set I by taking its union with the set I. Now, we can update the mean value =
such that } ;7\, T+ e, @ or equivalently (M —|I|) xT+ > icr, 1022 (bnillpn — all?)
still sums to C'. By using the new mean value Z, we can determine the next series of
indices that would belong to I; and the same procedure can be repeated. Note that in
each iteration, the mean value T either decreases or stays the same and the set I either
increases in size or stays the same. If I, stays the same, meaning that there has been no
other index that would contradict Eq. (E.35), then we have found the optimal solution and
the algorithm terminates. Since |I| < M, the process of I}, increasing in size can continue
for at most M iterations and the algorithm will finally converge to the optimal value X7
that satisfies Eq. (E.36) in Corollary 5. The above procedure is summarized in Algorithm
6. Note that the optimal values F};,,--- , F;,, in Egs. (E.31) and (E.32) can then be found

as Fr . = B x [a}, ; — 1ogy (bnillpn — @]|*)] and the proof is complete. |

n,t

E.5 Proof of Proposition 17

First, we aim to prove the convergence of the initialization step that is outlined in Algorithm
7. Note that the generalized Voronoi diagram )V in Algorithm 7 provides the optimal cell

partitioning for the following cost function:

N
D'(P,W) — Z/W anllpn — w2 F(w)dw. (E.38)

Thus, for a fixed AP deployment P, updating W according to V does not increase the cost

function D’. Now, using the parallel axis theorem, we can rewrite Eq. (E.38) as follows:

N N
D'(P,W) = Z/ an|lpn —cn||2f(w)dw+2/ an|cn — w2 f (w)dw. (E.39)
n=1"Wn n=1 n
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_Jw, wf(w)dw
= T o

does not increase the cost function D' in Eq. (E.39) as well. Therefore, by iterating this

Hence, for a fixed cell partitioning W, updating P according to the rule p,, = ¢,

process, a sequence of non-increasing D’ values are generated and since D’ > 0, it will

converge.

Note that base stations are initialized by applying the Lloyd algorithm to the set of AP
points, which is known to converge. Finally, the normalized flow matrix R is updated by
applying Algorithm 6, which we showed to converge in Appendix E.4. Thus, the initialization

step which is outlined in Algorithm 7 will eventually converge.

Now, to establish the convergence of the POOL algorithm, we show that none of the three
steps corresponding to updating the node deployment, cell partitioning, and normalized flow
matrix will increase the objective function D;. Note that when W, R, Q, and {p;},.; are
fixed, the objective function D; is a convex function of p;; thus, updating p; acccording to Eq.
(5.20), which is the solution to the zero-gradient equation, does not increase the objective
function. Similarly, once W, R, P, and {g¢;};» are fixed, D; is a convex function of g;.
Therefore, updating ¢; according to Eq. (5.21), which is the solution to the zero-gradient
equation, does not increase D;. Hence, the node deployment step of the POOL algorithm
does not increase the objective function. Note that the cell partitioning is updated through
an iterative process where at each step, two neighboring regions such as W; and W, are
selected and their boundary is adjusted. More precisely, in each iteration, all W, regions for
t ¢ {i,7} are held fixed and only the boundary §; ; between regions W; and W; is adjusted
to provide another partitioning of the region €2;; = W; U W;. According to Proposition
15, this new partitioning is optimal; hence, the objective function D; will not increase as a
result of updating d; ;. Finally, Proposition 16 indicates that updating the normalized flow
matrix according to Algorithm 6 yields the optimal value of R and as such, D; will either
remain the same or decrease. Therefore, Algorithm 7 generates a non-increasing sequence of

D, values in each iteration, i.e., the POOL algorithm is an iterative improvement algorithm
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and since Dy > 0, it will converge. [ |

E.6 Proof of Proposition 18

Using the parallel axis theorem, we can rewrite the objective function Dy in Eq. (5.26) as

D,(P.Q. W R) Z/nw e LR RS

BlOgQ( )

nlU1

HZZ I — a1
(Blog2<e))

lel

+ Z Ipn = cnll*vn
(Blog2(e)>

2 (E.40)

Since the optimal deployment satisfies the zero-gradient equation, for each ¢ € Z4p, we have

a—ﬁDz = —U—l (%) ( UZ + )\jzl - (

) (#; —q;) =0. (E.41)

BlOgQ( )

Similarly, by taking the derivative with respect to the location of BS i € Zgg, we have

(2 lel

8q )\Z (

> (¢ —p;) =0. (E.42)

BIng( )

By solving these two zero-gradient equations, we obtain Egs. (5.27) and (5.28) and the proof

is complete. [
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E.7 Proof of Lemma 10

The proof closely follows that of Lemma 9; thus, we borrow the notations and definitions
outlined in Appendix E.2. More precisely, by using the proof by contradiction, we consider
Wi and W as defined in Egs. (E.8) and (E.9), respectively, and define the cell partitioning
W’ similarly. Now, we can rewrite Eq. (E.10) to calculate the increase in objective function

D, due to substituting W* with W” as follows:

2/,,G—L>"pn—”‘f SIS (r va)pzqﬁ]

1
i=1 =1 U™ Blogy0

_ [i/ﬂﬂﬁpn—ﬂ flw dw+)\zz (T”va )sz qj||2]‘

zlle

n=1 " Blogy(e) Blogy(e)
(E.43)
Since W/ = W} for t ¢ {i,j} and v} = v for all t € {1,--- , N}, we have:
U (g ) xa= | [ aln- el o+ [ ol - ol fwe
Blog,(e) % wr
- [ [ aln—alPreido+ [ ol — ol s (B4

Note that the right-hand-side of Eq. (E.44) is the same as the right-hand-side of Eq. (E.11)
which is shown to be less than zero in Eqgs. (E.12)—(E.16). Thus, since U~*(z) > 0 for all

x > 0, we have

R
U —2 ) xA<0 =  A<O, (E.45)
Blog,(e)
which contradicts the optimality of W* and the proof is complete. [ |
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E.8 Proof of Proposition 19

As shown in Lemma 10, the optimal boundary ¢;; is a segment if a; = a;, or an arc with its

aip;—a;p;

i—

center located at ¢ = if a; # a;. Let h}; be the intersection point of 4; ; and the line
pip; which corresponds to the scalar o that satisfies the equation a*p; + (1 — o*)p; = h ;.
For a small and positive v > 0, let o/ = o* — v and define the new cell partitioning W’ =

(Wi, ,W}) as W/ =W for t ¢ {i,j} and

2

— ajllp; — P11}
(E.46)

Wi ={wlweQ alp —wl® = ajllp; — wl* < asllp: = b

2

— ajllp; — P11}
(E.47)

= {w|we 9 allp — wl* — allp; — wl* > aillp; —

where Q7 ; = W UW/ and h]; = o'p; + (1 — o/)p;. The infinitesimal difference between
o and o causes infinitesimal difference between volumes of regions W/ and W7, i.e., v; and
v}, and volumes of regions W;* and W. In other words, if dv is the volume of the region

dW = W] =W = W; — W}, we have v; = v; + dv and v; = v — dv. The increase in the

sensor power consumption due to replacing W* by W' is then given by

/W, - 1 )sz — Wl f(w )dw+/W; WH% w2 f(w)dw

v B logg (e) Blogs(e)
N
- rerm |l -l fw)de
wrU- )) iU (Blogxe))
(E.48)
which can be simplified to
1
M= | e[l =l =~ ally = o] ) (E.49)
WU 1(310}2 G >>
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Using Lemma 15 and the definition of W] and W} in Eqs. (E.46) and (E.47), it readily

)

follows that

] Jaillp: = b, 1P = s — b ] do + O(dv?), (E.50)

where O(dv?) includes terms of second and higher order. The increase in AP power con-

sumption due to substituting W* with W’ can be written as

M:

A, =

t

) i — Qt||2+z (T]sz’U ) 1P _QtH

1{ Ti tRbU
1 U” (Blogz() Blog(©)

> gy =l = Y 2 py — 4
B Ufl Ti,tRbU;-‘ sz QtH Z 1 Tj,tva;‘ ”pj qt” : (E51)
= Blog, (e) =1 Bloga(©)

For the function U(z) = e"Ey(z), we have LU(z) = e"E(z) + ¢* x == =U(x) — < and

i( 1 > (U (@) ~1 _ 1
dz \U~(z) [U-Y)]?  [U'@)] xU(U- () U @)l —aU N (z)]

(E.52)
Now, using Taylor series expansion, we can rewrite Ay in Eq. (E.51) as follows:
M 2 it R
A Z bidllpi — @llI* X g (o 0o
? U—l(n,ﬂb”?) X [1 T”R"” x U~ 1(”¢Rb“f ﬂ
t=1 Blog,(e) Blog,( Blogs(e)
o biallp; — aill? —
,t og,(e
-y o Plog® 1o+ O(dv?), (E.53)
U ()  [1— i x U ()
t=1 Blog,(e) Blog, (e) Blog,(e)

where O(dv?) contains terms of second and higher order in Taylor series expansion. Thus, the
total increase in the objective function is given by A = A; + AA,. Since the cell partitioning
W* is optimal, the increase in the objective function due to replacing W* by W’ cannot be

negative; thus, we have A > 0. Therefore, by dividing A by dv > 0 and taking the limit
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dv — 0, the term O(dv?) vanishes and we have

. = all x it
7 ”pz ||2 + A Z 0ogo (e .
U_1 ( Ry > ( Ti, tRb'U > [1 T4, tRbU X U < 7"i,tl%b'ui >i|
Blog,(e) Blog,(e) Blog,( Blog,(e)
i+ Ry
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Blog,(e) t=1 Blogs(e) Blog,(e) Blog,(e)
(E.54)

Now, by defining o = a* + « for an infinitesimal v > 0 and repeating the same argument,

we obtain A < 0 and the inequality sign in Eq. (E.54) will be reversed, i.e., we have

. s — ”2 B'f'li,tRb
—l||pl ||2 + )\Z 0gy(e) .
U_1< Ry, > (mva > [1 ;1 Ryvy % U~ <7'i,tRb'Ui ﬂ
Blogs(e) Blog,(e) Blogs(e) Blogy(e)
i+ Ry
w biallps — @l x 55
S U'_l—]Rprj ”2 + A Z U- rj,tva;-‘ 1 Tj,tva;-‘ [g;_l Tj,tva;.‘ :
<—Blog2<e>> t=1 <Blog2(e>>[ ~ Blogy(e) (Blog2(6)>]
(E.55)

The two inequalities in Egs. (E.54) and (E.55) yield the equality in Eq. (5.29) and the proof

is complete. [ |
E.9 Proof of Lemmma 11
First, we show that the function U(z) is strictly decreasing. For this purpose, we have:
d e " 1
L U(x) = "B (2) + €® x <_ ) = ¢"Ey(z) — - <0, (E.56)
x x

dx
where the last inequality follows from the inequality ze®E;(z) < 1 in [77]. Note that for

y > 0, the function U(y) = eYE;(y) satisfies the following inequalities [77, 35]:

195



%hl <1+§> <U(y) <In <1+$>. (E.57)

It readily follows from Eq. (E.57) that both domain and range of the function U(y) is (0, 00).
Since U(y) is strictly decreasing, it is invertible and we define y = U~*(z). Substituting
y=U"Yz) and z = U(y) in Eq. (E.57), we obtain:

%m (1+ U_1<x>) <z<m(1+ U_;x)). (E.58)

From Eq. (E.58) it readily follows that

1 2 1 e —1
| (1 ) < — < , E.59
"o < Uir) = 2 (E-59)
1 1
<1 (1 ) — "< , E.60
r<In(1l+ 0-1(x) e 01(2) ( )
which concludes the proof. [ |

E.10 Proof of Proposition 20

The proof closely follows that of Proposition 16; thus, we borrow the notations and definitions

outlined in Appendix E.4. We can rewrite the constrained objective function formulation in

Eqs. (5.34)-(5.36) as

al [;’fi’%i+ln(bm||prqi||2)]
arg min Ze oe2(c) ' , (E.61)
Fn,ly"'an,M i=1
M
s.t. F,;= Ry f(w)dw = Ryv,, and F,;>0forall s € Igg. E.62
Z ) )
i=1 n

The above constrained objective function formulation can be rewritten as
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M
arg min Z e (E.63)

n,l, s n, M i=1

M 2Ryv M
bUn 2
1. = e I (bysllpn — ill?) = S, E.64
s ;x Blogz(e)Jr;n( illpn — all?) (E.64)
Tp; > In (bn7i||pn — qi||2) for all i € {1,---, M}, (E.65)
where z,; = %’:ze) + In (bn7i||pn — qi||2). According to Corollary 4, the objective function

in Eq. (E.63) can be decreased by reducing |z,; — x, ;| while keeping their summation
unaltered. Hence, the minimum occurs when we have x,,; = --- = 2, ;y = % However, it
is crucial to make sure that the constraints in Egs. (E.64) and (E.65) are not contradicted.

Hence, using the same argument as in Corollary 5, we have:

Corollary 6. Let X = (v}, , %) ) be the optimal solution to the constrained objective

function in Eqs. (E.63)—(E.65). Then, there exist unique sets J; and Jj; such that

aho=an, =T for Vi,jeJs,  and  xh; = (byillp. — @l?) for Vie Jj,

n,t n

(E.66)

and x;,; >T* for alli € J.

Corollary 6 indicates that all xy, ; values are equal to some value T in the optimal solution
except the ones that cannot get close enough to T* without contradicting the constraint
in Eq. (E.65). Hence, the same arguments and the water filling algorithm explained in
Appendix E.4, with the modification of replacing log,(.) with natural logarithm, can be used
to determine the optimal solution. This procedure is exactly what is outlined in Algorithm

8 which concludes the proof. |
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E.11 Proof of Proposition 21

The proof of convergence for the initialization step is similar to that of Proposition 17 in
Appendix E.5 and is omitted here. In what follows, we demonstrate that none of the three
steps in the PEEL algorithm will increase the objective function Ds. Note that the term
in Eq. (5.27) is the solution to the zero-gradient equation; thus, for a fixed W, R, Q,
and {p;};-i, updating p; according to Eq. (5.27) does not increase the objective function.
Similarly, updating ¢; according to Eq. (5.28) does not increase the objective function.
Therefore, updating node deployment according to the PEEL Algorithm will not increase
Ds. Note that cell partitioning is updated iteratively in the PEEL algorithm as follows: in
each iteration, two adjacent regions are selected and their common boundary is adjusted
according to the optimal necessary condition; thus, the objective function either remains the
same or decreases at each iteration. In the last step, the optimal routing that minimizes
the upper bound on AP power consumption is calculated. If the resulting routing leads
to a decrease in the original objective function, it will be preserved; otherwise, it will be
discarded. Hence, the objective function does not increase as a result of the data routing
update rule. Hence, Algorithm 9 generates a non-increasing sequence of Dy values, which

proves its convergence since D, is bounded from below by 0. [
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