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Localization has been a major challenge in wireless sensor networks. The data reported from a sensor is
only useful when the position of that sensor is found. In this paper, we propose a new algorithm that
accurately localizes sensors while minimizing their power consumption and memory requirements.
The proposed algorithm splits the task of localization between sensor nodes and the base station (i.e.,
sink) and does not necessitate the presence of many anchor nodes (nodes with preconfigured positions).
It recommends placing the anchors in a circle or a semi-circle around the perimeter of the WSN. Not only

<(/\§iyr Z(;rsisgensor networks this placement strategy leads to more accurate localization, but it is also very convenient for WSNs used
Tracking for environment monitoring, military surveillance, or tracking applications. The proposed approach can
WSN localization and monitoring also be tailored to route the sensed data to the base station which alleviates the sensors from the over-
DV-HOP head incurred in establishing routes to the base station. The performance of the proposed approach was
Routing evaluated and compared to other peer algorithms using the network simulator (NS-2). Results show that

significant enhancement is obtained with the proposed algorithm when measuring metrics such as
energy and localization error while varying other simulation parameters such as the number of sensors

and the area size.

© 2014 Elsevier B.V. All rights reserved.

1. Introduction

Wireless Sensor Networks (WSNs) are currently used to moni-
tor a wide range of military, environmental, civil, and health-care
applications. A WSN is composed of a collection of sensor nodes
deployed in a sensor field, each of which collects data and relays
them to the base station (also called a sink node) where data can
be best-analyzed and used [2]. A sensor node consists, in general,
of a sensing unit, a processing unit, a transceiver, and a power unit.
Its task may be summarized by three key terms: sensing, computing
and communicating. There is a variety of sensor nodes [8] such as:
(1) the acoustic sensors that use the sounds as a sensing medium
and can be used in air or underwater; (2) the thermal sensors that
are used to measure temperature changes at homes and industries;
(3) the magnetic sensors that are used to detect metallic objects and
other magnetic flux without requiring any physical contact with
the sensed phenomenon; (4) the mechanical sensors that require
direct physical contact with the phenomenon and can be used to
detect changes in the resistance in electronic circuits; and (5) the
biosensors which have a biochemical component that witnesses
bio-molecular changes at its proximity and then converts these
changes into detectable optical signals.

Finding the location of the sensor where the event occurred is
an intrinsic and integral part of any WSN application and
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represents a major challenge because without finding the position
of the sensor that is reporting the sensed data, the latter will not be
useful. An approach to find the location of a reporting sensor is to
equip it with a built-in GPS receiver. However, this method is
totally not suitable for WSNs because GPS receivers are expensive
and power-consuming. Other approaches, referred to as collabora-
tive localization algorithms, assume that only a small fraction of
sensors have their absolute positions either through manual con-
figuration or using GPS receivers [25,26]. These sensors are called
anchors, and their positions can be used as references to estimate
the positions of reporting sensors as shown in the deployed WSN of
Fig. 1. The remaining of this paper is organized as follows. In Sec-
tion 2, we survey some of the existing localization techniques in
WSNSs. In Section 3, we present the proposed algorithm which is
an extension to our work in [19]. The proposed localization
approach encompasses a routing algorithm; hence there is no need
to employ an additional routing algorithm. In Section 4, we evalu-
ate the performance of the proposed algorithm and compare it to
other algorithms found in the literature. Finally, Section 5 con-
cludes this paper.

2. Background and related work
WSN localization algorithms can be divided into two categories:

range-based algorithms and range-free algorithms [7,21]. Range-
based algorithms depend on measuring physical attributes of the
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Fig. 1. An example of a deployed WSN used in collaborative localization algorithms.

wireless signals transmitted between antennas [5] such as the
received signal strength indicator (RSSI), the time of arrival (ToA)
and the angle of arrival (AoA) of the signal. These algorithms,
however, require adding extra hardware to sensors; which is
expensive and power-consuming. In this paper, we focus on
range-free algorithms which can be centralized or distributed. In
centralized range-free localization algorithms, each sensor relays
information about itself to a base station [29]. The base station
uses this information to build a map of the network to estimate
the sensor position. These centralized algorithms suffer from com-
munication overhead between the base station and sensors. In dis-
tributed range free localization algorithms each sensor localizes
itself locally as described next.

2.1. DV-Hop localization algorithm

The Distance Vector by Hop counting (DV-Hop) is the most
known distributed algorithm. It was proposed in [15] as an ad
hoc positioning system (APS) in which sensors exchange distance
vectors that contain hop counters that signify the number of hops
between the sensor receiving this vector and the sending anchor.
DV-Hop assumes that every anchor i has a hop counter, HopCount;,
and every sensor in the network stores the hop counter corre-
sponding to every anchor; the value of the HopCount; that a sensor
stores about anchor i represents the minimum number of wireless
hops between that sensor and the anchor i. DV-Hop consists of
three phases as shown in Fig. 2. In the first phase, an anchor i floods
a message containing its ID, coordinates, and the variable Hop-
Count; initialized to zero. Sensors store and exchange anchor’s
hop counters. Indeed, every time a sensor receives a message con-
taining a HopCount; corresponding to an anchor i, it checks the
value of the HopCount; that it maintains about anchor i. If this value
is less than the received one, then the latter is ignored; otherwise
the receiving sensor increments the value of the received Hop-
Count, updates its stored HopCount;, then floods it in the network.

In the second phase, anchor i computes the average hop length
from its perspective, AvgHopLength;, using Eq. (1) which is given as:

S/ %)+ 0y
Sy » iHopCount;;

AvgHopLength; = (1)

where M is the number of anchors in the network, j identifies other
anchors, HopCount;; is the distance in hops between anchor i and
anchor j, (x; y;) and (x; y;) represent the coordinates of anchors i
and j, respectively.

After computing AvgHopLength;, anchor i floods it in the net-
work for other anchors and sensors. A sensor maintains only the
average hop length flooded by the closest anchor to it. Fig. 3 shows
an example where each of the three anchors A1, A2 and A3 calcu-
lates its average hop length. Then sensor node S with unknown
position maintains the one that was received from A2 (i.e., the clos-
est to S). S uses the received AvgHopLength; to compute the distance
d; between S and every anchor j using Eq. (2) which is given as:

d; = AvgHopLength; x HopCount; (2)

where, HopCount; is the hop counter that S maintains for anchor j
and AvgHopLength; is the average hop length that sensor S obtained
from the closest anchor, say i.

In Fig. 3, anchor A1 is 40 meters and 2 hops away from anchor
A2, and 100 m and 6 hops away from anchor A3. A1 computes the
AvgHopLength, as per Eq. (1). Hence, AvgHopLength, is equal to
(100 + 40)/(6 +2)=17.5 m. Similarly, A2 and A3 compute their
average hop length, AvgHopLength, and AvgHopLengths, as
(40+75)/(2+5)=1642m and (75+100)/(6 +5)=15.90 m,
respectively. Then, each anchor floods its AvgHopLength in the net-
work, so other anchors and sensors receive it. A sensor S will main-
tain only the AvgHopLength flooded by the closest anchor to S.
When sensor node S gets the AvgHopLength,, it uses Eq. (2) to esti-
mate its distance away from A1, A2, and A3 which are respectively
49.26 m (3 x 16.42),32.84 m (2 x 16.42), and 49.26 m (3 x 16.42).

In the third phase, a sensor uses the Least Square (LS) technique
to trilaterate its position [10]. In basic trilateration, only three dis-
tances from anchors are necessary for an unknown sensor to find
its location. However, the more distances available leads to better
localization accuracy. Fig. 4 illustrates the circle intersection of
basic trilateration. Numerically, trilateration is done by solving a
system of equations. The LS technique is used in numerical optimi-
zation in curve fitting when we seek to find the parameters that
best match an existing parameterized model to our experimental
data. Our aim is to minimize the objective function which is
defined as the sum of square of errors between the calculated
values of the model and the measured values of the system. For
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Anchors flood their hop counters (initialized to zero)
Now all nodes know how far are they from the anchors (in terms of hop counts)

—

Anchors calculate the average hop distances from their perspective

—

Anchors flood their calculated average hop distances
Now all nodes have their copy of the average hop distance

e

By trilateration all nodes estimate their position and report sensed data along
with their position to the base station

Fig. 2. Summary of DV-Hop algorithm.

Fig. 3. An example of WSN using three anchors A1, A2 and A3; S is the sensor with unknown position.

example, given a set Y of m measurements {y,,¥,,...,¥n,} taken at
the independent variables T = {ty,t5,...,tn}, respectively, we
want to find the equation of a model f{t) that best fits the measure-
ments in set Y. f{t) can be parametrically modeled by a set A of
coefficient {ay,a,...,a,} where the model becomes Y =f(A, T).
Our aim is to find the set of parameters A that makes the model
fit the measurements in set Y as closely as possible; i.e., minimizing
the summation of errors between the values predicted by f(A, t)
and the corresponding measured values of Y. This problem can
be formulated as:

IN]
min y “error?
i1 3)

error; = f(a, t;) — y;

where N is the set of measurements for which a model is to be
found, y; € Y, and t; € T; the sum of the squares of the errors is used
instead of the errors’ absolute values to allow the errors to be trea-
ted as a continuous differentiable quantity.

In DV-Hop, the objective in this LS problem is to minimize the
summation of the square of errors between the measured dis-
tances from the reporting sensor to each anchor obtained accord-
ing to Eq. (2) and the distance between the relative anchor and
the estimated sensor’s position. Suppose that a sensor S, with

unknown coordinates (x,,y,) is localizing itself. Let n be the
number of anchors, and d; be the estimated distance between S,
and anchor i whose coordinates are (x; y;). The LS minimization
problem can be formulated as:

n

ming 3,3 (06~ %)% + 0~y — &) (4)

i=1

where n is the set of available estimated distances from S, to each
anchor according to (2).The system of equations obtained from (4)

ie{1,2,....n (5)

X —X)* + (i —y,)’ —di =0

These equations are non-linear because of the square terms.
However, due to their low-computational power, sensors are inca-
pable of solving this Non-Linear Least Square (NLLS). One approach
for solving them is to convert the NLLS problem to Linear Least
Squares (LLS) problem by choosing one of the anchors as a lineariz-
er; then directly solving the resulting linear system using direct
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Fig. 4. Trilateration of the star-shaped node using the distances from anchors A1, A2 and A3.

method such as Normal-Equations [20,24]. The choice of the linea-
rizer in this approach is arbitrary. Using a linearizer L the optimi-
zation problem could be written as:

IN|

2
ming,y, > (0 =% =%+ + i -y -y + )’ — &) (6)

i=1
where Le N and i€ N\ L. Suppose L=1 the system of Eq. (5)
decreases by one equation and becomes

(Xz—XL—Xu+XL)2+(J’z +XL —J’u—xL)z_dgzo
2 2 2

X3 — X —Xy+X) + (Y3 —X -y, +x) —d;=0

(X3 =Xy =Xy +X1)" + (V3 =X — Y, +X1) 3 ic2,3,..n)

(X=X =Xy +x0)° + (=% =Y, +x)° —df =0

(7)
Let d;, d; and d;; be the distance from anchor L to S,, the distance
from anchor i to S,, the distance between anchor L and anchor i;

restructuring (7) yields
(X2 —X0) (Xu = X0) + (V2 = X0) Vy —X0) = d; — 5 +d5
(x3fxn(xufo)+<y3—xL)<yufo>=dffd§+d§Li€

(6= 0) 0t =)+ 0 x) —0) — —
®)

The resulting system of equations can be formulated as Ax=b
where

X2 =X Y=L

X3 =X Y3
A= ) ) ie{2,3,...,n}

Xi—XL Yi— VL

X {XquL} )
Yu =1
di — d; + dy
di —d; +dy

d—d +d>

The linear system above can be solved directly for x using LLS
technique such as normal equations x=(ATA)"'A"h, then
{;” - ;:8% . This linearization method is computationally efficient

L=
because in most cases the number of equations in A is much larger
than the resulting matrix which is only 2 x 2. Therefore, this
approach is amiable to run on a computationally constrained sen-
sor that wants to localize itself as in DV-Hop localization
algorithm.

2.2. Enhancements to the DV-Hop localization algorithm

The DV-Hop has become a standard for distributed localization
algorithms because it is simple, robust and does not require extra
hardware. There have been many attempts to improve it
[6,9,12,17,22,27,28]. In Long Range DV-Hop (LRDV-Hop) that was
proposed in [22] as an improvement to the DV-Hop algorithm,
anchors have long and adjustable radio transmission ranges. The
algorithm has two phases. In phase one, an anchor transmits, at
successive intervals, beacons with a counter k; and with ranges
equals to k; x d where d is the radio range of the anchor range
transmitted in the first interval. After every beacon transmission,
k; is incremented by one until the anchor has reached its maximum
transmission range. At the end of phase one, conceptual concentric
circular areas will be formed with respect to each anchor i, where
each area k; contains sensors that are k; counts away from the
anchor i that is at the center of the circle. Within each area, k;
hop counters are maintained as in standard DV-Hop. Trilateration
in LRDV-Hop proceeds in the same way as in the standard DV-
Hop. LRDV-Hop reduces power consumption by reducing commu-
nications in the area covered by the maximum coverage area of an
anchor, hence, eliminating the need for flooding in the whole net-
work. An anchor’s interval counter is only flooded within the sen-
sors lying in a band of width k; x d. However, this reduction
becomes insignificant as the scale of the network increases because
the fraction of the area covered by the anchor will be small relative
to the area of the whole network.

A variation of DV-Hop was proposed in [6] and referred to as
improved DV-Hop localization algorithm. In this approach, only
the third phase of DV-Hop was altered by making the unknown
sensors that need to trilaterate themselves use the 2D hyperbolic
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trilateration [4] instead of LLS trilateration. The resulting improve-
ment was named Improved DV-Hop. To explain their technique, let
X; and Y; be the coordinates of anchor i, and x and y be the coordi-
nates of the unknown sensor. Assume also that E; =X} + Y?
=x*+y%, andz=[x y K]|". Let G be as given in Eq. (10) and h
as given in Eq. (11):

22X, 2% 1
X 2%, 1

G= (10)
2% -2y 1
[d? — E;
d5—E

h=| 2 7 (11)
| d} —E

We can then solve z using Linear Least Squares algorithm (nor-
mal equations):

z2=(G'G)'G'h then {" =)
y=1(2)

Another improvement of DV-Hop was proposed in [9]. It sug-
gests the use of a constrained optimization technique when
unknown sensors want to trilaterate their positions, rather than
using an unconstrained optimization as in the trilateration algo-
rithm of DV-Hop. The resulting algorithm is named CDV-Hop. In
CDV-Hop the constraints are based on the fact that the unknown
sensor communication range limits the distance between that sen-
sor and an anchor. For instance, suppose that the communication
range of anchors and sensors in a network is D, then a sensor that
is 1 hop away from an anchor has its distance away from that sen-
sor less than D; similarly, a sensor that is 2 hops away from an
anchor has its distance away from that sensor less than 2D. More
generally, Suppose S, is being localized, and let x, and y, be the
coordinates of S,, HopCount; be the Hop value between S, and
anchor i, and HopLength; be the average Hop length distance calcu-
lated and flooded by anchor i, then the estimated distance between
the unknown node and anchor i is d; = HopLength; x HopCount,;.
Moreover, let HopCount,,;, be the minimum of the Hop counts from
S, to all the anchors. Several anchors will have HopCount,,;, as their
Hop counts to S,, denote these reference nodes as V;. Then x, and y,
can be found using the following constrained optimization
formula:

M

minXuJ’uZ<(Xi - Xu)2 + (i —J’u)z - diz)z

i=1

. 12
s.t. \/(xvj —Xu)* + 0y, —y,)* if HopCount,;, =1 (12)

(xv, — X + Yy, —y,)? if HopCount,;, # 1

Another approach based on DV-Hop algorithm that also aims to
improve the location accuracy, was proposed in [12]. The first step
of this algorithm is same as DV-Hop algorithm. Also no major
change is made in the second step. In the third step a new method
of solving a system of n equations for location estimation of
unknown node using n anchor nodes, which is different from the
model used in DV-Hop algorithm.

2.3. Amorphous
Amorphous is a range-free based multi-hop localization scheme

that was proposed in [14] to generate a reasonably accurate coor-
dinate system for randomly placed wireless sensor networks. In

Amorphous, like in DV-Hop, each node obtains the hop counts to
distributed anchors through message flooding. Unlike DV-HOP
where the anchor node calculates the average hop length, Amor-
phous takes a different approach to estimate the average distance
of a single hop. It assumes that the number of neighbors, n(i), is
known a priori, so that the ith sensor node, s; can calculate the
average hop length, AvgHopLength,, using the Kleinrock and Sil-
vester formula [11]:

1 .
AvgHopLength, = r(] +e — / o (cos ety Hz)dt> (13)
-1

where r is the communication range and n(i) is the local neighbor-
hood size, or the number of neighboring nodes of the ith sensor
node, s;, in other words.

As for the hop count HopCount, ; between the ith sensor node, s;,
and the jth anchor node, it is estimated by the node and can be
improved by using local averaging. This results in a smoother
hop count:

25m€nbrs(si)HopCountsm j +HopCount, ;
nbrs(s;) + 1

HopCount, ;= -05 (14
where nbrs(i) are all the neighbor nodes of the ith sensor node.
After calculating the average hop length and the improved hop
count, Amorphous computes the multi-hop distance between the
ith sensor node, s;, and the jth anchor node by multiplying the
average hop distance by the improved hop count between them:

d; = AvgHoplLength x Hop@ﬂntsl_] (15)

Since the local neighborhood size is considered in the estima-
tion of the average hop distance, Amorphous shows continuous
improvement with increasing node density and its performance
deteriorates in sparse network distributions.

3. Proposed localization algorithm

In this section, we present the proposed localization algorithm,
referred to as Hybrid DV-Hop (HDV-Hop) algorithm which is an
extension to our work in [19]. HDV-Hop is suitable for localizing
events in hostile environments. It does not require the presence
of anchor nodes inside the WSN or too many anchor nodes. HDV-
Hop localizes sensors while minimizing power consumption in
the WSN, and without depending on any extra hardware. More-
over, the localization information can be used as an alternative
for routing protocols to route the sensed data to the base station.
The driving force behind the proposed protocol can be summarized
mainly by the following three facts:

1. Computation and communication constraints on sensors:
designers of very large-scale wireless sensor networks employ
sensors that have limited processors; i.e., microcontrollers to
reduce the cost of the WSN. Unlike microprocessors, microcon-
trollers are not capable of running computationally-intensive
algorithms such as those required in the NLLS problem in
position trilateration [18]. For this reason a sensor in DV-Hop
linearizes the NLLS problem and solves it using only few
distance-to-anchor entries. Moreover, the power-constrained
sensor cannot afford communication power consumed during
the reception of too many distances to anchor entries. A more
powerful node such as a sink or a base station could afford to
run NLLS based trilateration to achieve much better localization
accuracy than a trilateration algorithm that uses LLS technique.
Also, it can receive and gather a lot of the available distance-
to-anchor entries. All these factors hinder the localization
accuracy of DV-Hop and its improvement.
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2. Perimeter deployment of anchors: when localization algorithms
are used in event monitoring applications, the WSNs are
deployed in hostile environments such as a dense wild forest,
a volcano site, or enemy territories. However we believe that
it is intractable to deploy anchors inside those environments.
Instead, it is more convenient and less expensive to deploy
them on the perimeter of the network rather than scattering
them inside the hostile terrain. Furthermore, the low localiza-
tion accuracy produced from linearizing the NLLS problem is
further aggravated when the anchors are deployed on the
perimeter of the network because the distance estimates to
such anchors is less certain than when anchors are scattered
inside the network.

3. Flooding phases: flooding consumes a considerable amount of
power in the WSN. In a flooding phase the average number of
communication messages is equal to A x S x N, where A, S,
and N are the number of anchors, sensors, and average number
of direct neighbors that any sensor node has respectively.
Therefore, in a large-scale wireless sensor network where the
number of sensors, S, is very large, the flooding phase generates
a huge amount of communication which will lead to a lot of
power consumption in sensors. Reducing the number of flood-
ing phases will certainly lead to less power consumption and
more power saving.

3.1. HDV-HOP algorithm

The proposed Hybrid DV-Hop (HDV-Hop) not only achieves
high localization accuracy, but also minimizes flooding and
reduces power consumption in sensor nodes. Moreover, HDV-
Hop minimizes the number of anchors necessary for accurate local-
ization, and demands that anchors are only to be deployed on the
perimeter of the network, and not inside the network. In HDV-Hop,
trilateration will be performed at the base station which can afford
NLLS computations and can receive and keep entries about all the
available distances to anchors. Also, the anchors are linearly
deployed only on the perimeter of the area under surveillance.
HDV-Hop is summarized in Fig. 5. The main notations used in
HDV-Hop are summarized in Table 1.

3.1.1. Hop-counting phase

In HDV-Hop, each anchor i initializes its hop counter, HopCount;,
to zero then floods it in the network along with its ID and coordi-
nates. Each intermediate node increments the HopCount; by one
before broadcasting it. Anchors use the hop counters to estimate
the average hop distance to other anchors. The sensors maintain

these flooded hop counters just as in DV-Hop. However, a sensor
S, in HDV-Hop, maintains the HopCount; corresponding to every
anchor i in a table called the HopCountersTable; in addition S main-
tains the ID of the one-hop neighbor from which it has received the
minimum HopCount value. S refers to this minimum value as
the GlobalMinimum, the neighbor that delivered this value to S as
the GlobalMinimumNeighbor, and the anchor to which this value
corresponds as the ParentAnchor.

Fig. 6 shows an example of HDV-Hop localization algorithm at
the hop-counting phase. In this figure, sensor37 receives a hop
counter equal to 4 from Anchor3 along the white-arrow path
(Anchor3 — sensor29 — sensor82 — sensor38 — sensor37), and it
receives a hop counter equal to 3 from Anchor2 along the black-
arrow path (Anchor2 — sensorl7 — sensor27 — sensor37). There-
fore, sensor37 determines that Anchor?2 is its parent anchor to which
it will relay reports in a multi-hop fashion.

3.1.2. Calculating the average hop length at each anchor

In DV-Hop, after an anchor estimates the average hop length
from its perspective according to Eq. (1), it initiates a second flood-
ing phase to inform the sensors of its estimated average-hop-dis-
tances. In HDV-Hop, on the other hand, this power-expensive
second flooding phase is eliminated and each anchor sends its cal-
culated average hop length to the base station via the RingOfAn-
chors. The base station maintains a HopLengthTable that contains
the ID, coordinates, and the corresponding AvgHopLength; of each
anchor i. An example of this table is shown in Table 2.

3.1.3. Routing events to the base station

An unknown sensor reports sensed data to the base station. In
its first report, the sensor composes a new packet which has two
parts: the message report (sensed data) and the sensor’s main-
tained HopCountersTable. The format of this packet is shown in
Table 3. In subsequent reports just message reports are sent.

The reporting sensor sends the report to its GlobalMinimum-
Neighbor which in turn forwards the report to its GlobalMinimum-
Neighbor. This is recursively repeated until reaching the
ParentAnchor which is common to all the sensors on the path that
begins at the reporting sensor and ends at its ParentAnchor. In fact,
the network can be modeled as a set of graphs. Each graph G(V, E)
corresponds to an anchor A where V is the set of wireless nodes in
the network, E is the set of wireless connections between any pair
of nodes that are within the wireless transmission range of each
other, and A is the root of the graph. The path between a sensor
S and its ParentAnchor is the shortest path from S to any anchor
in the network. Fig. 7 continues the example of Fig. 6 where the

Anchors flood their hop counters (initialized to zero)
Now all nodes know how many hops are away from each anchor

=

Anchors calculate the average hop distances from their perspective and
unicast them to the base station

———

Sensors report sensed data to the base station

- =

By using trilateration the base station estimates the reporting sensor
position

Fig. 5. Summary of HDV-Hop algorithm.
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Table 1
Notations in HDV-Hop.
Notation Description
HopCount; Used to track the number of hops between the receiving node and the sending anchor i
AvgHoplLength; Computed by anchor i and represents the average hop distance between anchor i and all other anchors in the network

RingOfAnchors
HopCountersTable
HopLengthTable
GlobalMinimum
GlobalMinimumNeighbor
ParentAnchor

All the anchors which are deployed on the perimeter of the WSN

Table maintained at a sensor that stores the HotCount of each anchor (i.e., how many hops each anchor is away from this sensor)
Table maintained at the base station that stores AvgHopLength; as calculated and reported by each anchor i

Minimum HopCount value that a sensor has in its HopCountersTable

ID of the one-hop neighbor from which it has received the minimum HopCount value

The anchor to which the GlobalMinimum value corresponds

Hop Counter W
| ofAncho3 - 19
Hop Counter D
of Anchor2 a3 +100
.84 +85
L N T
.94 40
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Fig. 6. sensor7 determines that Anchor2 is its parent-anchor.

Table 2
Example of base station HopLengthTable.

Anchor ID Coordinate Average hop length (m)
Al (323,25) 700

A2 (120,55) 500

A3 (23,25) 1100

A4 (443,67) 600

A5 (823,95) 900

reporting sensor sensor7 has determined that Anchor2 is its Parent-
Anchor. The figure shows that, sensor7 relays its report to Anchor2
along the black-arrow path, then the ParentAnchor forwards the
packet to the central base station via the RingOfAnchors. It should
be noted that this method of relaying the report from the reporting
sensor to the base station is not only the shortest-path from the
reporting sensor to the base station, but is also reliable because
the connection between the sensors is bi-directional. Since the
HopCount corresponding to the ParentAnchor P has already been
relayed along a path from P to the reporting sensor S, that path is
guaranteed to exist in the reverse direction while reporting from
S to P. Having a built-in routing protocol in HDV-Hop alleviates
the sensors from the burden of finding a route to the base station,

Table 3
Format of packet transmitted from a sensor to base station.

Anchor ID Hop-Count

Sensed data

Al HopCount to Al
A2 HopCount to A2
A3 HopCount to A3
A4 HopCount to A4
A5 HopCount to A5

and also from the communication overhead incurred in establish-
ing a route from the reporting sensor to the base station.

3.1.4. Position estimate and trilateration

The HopCountersTable that the base station receives from a
reporting sensor contains the number of hops from every anchor
to that sensor. To localize the sensor and thus localize the event,
the base station matches entries in its maintained HopLengthTable
with entries in the received report’s HopCountersTable based on the
anchor ID. For every anchor i, AverageHopLength; entry in Hop-
LengthTable is matched with HopCount; entry in the HopCountersTa-
ble. For every anchor i then the base station calculates the distance
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Fig. 7. sensor7 reporting the sensed data.

d; from the sensor issuing the localization report to all the anchors
using Eq. (2) which is d; = AverageHopLength; x HopCount;.

Using all the calculated distances from all the anchors to a
reporting sensor the base station utilizes a trilateration algorithm
to find the coordinates of this sensor. In DV-hop, the NLLS minimi-
zation problem outlined in Eq. (5) is linearized then solved. This
leads to low localization accuracy because linearization deducts
the non-linearity and, hence, the mathematical precision in favor
of lowering the computation power needed to solve the problem.
In HDV-Hop, we run the trilateration algorithm on a computation-
ally powerful base station instead of on individual sensors to
account for the inaccuracies in the measurements of the distances
from the sensor to the perimeter anchors. We also use an iterative
technique to solve the NLLS problem. The algorithm starts from an
initial guess of the solution and iteratively gets closer to the opti-
mal solution. In each run a new direction is chosen based on the
mathematical derivations such as the gradient, of the NLLS prob-
lem; eventually, a better solution is reached.

Many iterative techniques such as Steepest-Descent, Gauss—
Newton, and Levenberg-Marquardt are developed to solve the
nonlinear system in (5). Given a certain function f{x) to be mini-
mized, the goal of Newton Method [3] is to choose x* that makes
fix*) the minimal value among all possible values of f{x). The New-
ton Method starts with an initial guess xo, and iteratively updates
estimates closer to x*. The updates follow a direction p in a certain
step length. Basically p=(h)~'g where h is the hessian (second
derivative) of the error function, and g is the gradient (first deriv-
ative) of the error function. Newton Method finds the local minima
of that function. It should be noted that the least squares are con-
vex functions; hence, the local minima happens to be the global
minima. Yet another iterative minimization technique is
Gauss-Newton [3]. Gauss-Newton method does not use second
derivative information as Newton method does; therefore, it is
suboptimal to Newton method. Computing the hessian is very

expensive. However, Gauss-Newton method is still discussed here
because it leads to the direct development of Levenberg-Marqu-
ardt method [3]. Indeed, the Levenberg-Marquardt method
showed the most promising results in terms of localization accu-
racy when compared to other NLLS approaches in our simulations.
Gauss—-Newton method exploits the Jacobian Matrix of the error
function J which contains partial derivatives of the error function.
The descent direction that this method iteratively follows is p = (JT
DY, where f is the error function. The Levenberg-Marquardt
(LM) algorithm is an iterative technique that locates the minimum
of a function that is expressed as the sum of squares of nonlinear
functions. LM algorithm is a modification of Gauss-Newton
method where an adjustable damping factor o is used. The descent
direction that this method iteratively follows is = (J7 + o)~ 'Jf;
where [ is the identity matrix with size n x n, n is the number of
optimization variables.

We have also formulated the problem as a linear programming
problem having a linear objective and linear constraints. Again we
linearized the nonlinear distance equations and formulated it as:

N
min} u; subject to ax — u; < by (16)
i=1

where q; is the position of anchor i; b; is the distance measured from
the sensor to be localized by anchor i; u; is the variance between the
measured distance and the real distance between anchor i and the
optimized position of the sensor to be localized. In linear program-
ming the problem can be conically formulated as:

min1Ty; subjectto Ax—u<b (17)

where A is the same matrix obtained in the LLS approach. Neverthe-
less, this approach did not give good localization accuracy.Weighted
Least Square is an enhancement to all the discussed trilateration
algorithms, and will lead to higher localization accuracy. In
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estimating the final position of the sensor, anchors are given differ-
ent weights or influence in the trilateration based on their proxim-
ity to the sensor to be localized. The weight of anchor i is
determined as the inverse of its hop-counter between it and the
sensor as determined in phase 1

. 1
weight; = hop-counter; (18)

For the sake of determining which of the above NLLS and iterative
numerical minimization methods should be used in the trilateration
technique of HDV-Hop, we separately implemented and simulated
each of them in MATLAB. Of all the methods simulated, Leven-
berg-Marquardt method yields the best localization accuracy.
Therefore, we have empirically chosen Levenberg-Marquardt
method as the trilateration technique in HDV-Hop. Table 4 shows
the classification and MATLAB simulation results of different
numerical optimization techniques used in the trilateration of a
sensor’s position. Fig. 8 shows various LLS and NLLS methods used
in trilaterating the position of a sensor in HDV-Hop, and shows that
LM algorithm yields the best localization accuracy of all the other
methods

4. Performance evaluation

We have used NS-2 version 2.34 [16] to simulate HDV-Hop and
compare it to other localization algorithms such as Amorphous
[14], DV-Hop algorithm [15] and its variations proposed in [6,9].
We also compare the proposed approach when it is used for rout-
ing to LEACH and AODV routing protocols.

4.1. Simulation setup and parameters

For HDV-Hop localization algorithm we assume that the sensed
events are sent to a remote base station (BS) which has to localize
the reporting sensor when needed. Although in real-life only few
sensors may be reporting to the base station and have to be local-
ized, in the simulations we have forced all the sensors to report to
and thus get localized. This is done for two reasons: (1) to measure
the average localization accuracy over all the sensors; (2) to com-
pare the performance of all algorithms when they are operating
under the same conditions. Table 5 summarizes the values of the
main simulation parameters. To determine the number of runs
required for each simulation scenario, we have used the central
limit theorem [1] which indicated that for 90 percent confidence
level and 5% precision, 5 runs are required. In each simulation
experiment, N sensors were randomly deployed on a flat and circu-
lar area, and M anchors are placed uniformly on the perimeter. N is
given in Eq. (19) which is chosen in such a way to ensure sufficient
density of sensing coverage, and ensure connectivity between the
wireless sensor nodes. M was set to be 10% N. It is worth to men-
tion that we have tested the proposed approach with different
shapes including circular and square shaped areas and the results

Table 4

were very close. We have proceeded with circular areas for illustra-
tion simplicity.

N = sqrt(areawsy/7) (19)

4.2. Simulation metrics

We have measured two metrics: the average localization error
(ALE) and the average consumed energy, while varying parameters
such as the network area, the number of nodes, and the number of
anchors. The average localization error (ALE) of an algorithm is
used for evaluating the localization accuracy of the algorithm. It
is calculated as follows:

SN dis(estimated;, actual;)
N

Average Localization Error = (20)
where estimated; is the estimated position of sensor i by the respec-
tive localization algorithm, actual; is the actual position of sensor i,
dis(estimated;, actual;) is the Euclidean distance between sensor i's
actual position and its estimated position, and N is the number of
sensor nodes.

The average consumed energy is the average amount of energy
that a localization algorithm spends on communication to set up
the algorithm, and is calculated as follows:

SN (initialEnergy; — afterEnergy;)
N

Average Energy Setup = (21)
where N is the number of sensor nodes in the network, initialEnergy;
is the initial energy available in node i, and afterEnergy; is the energy
available in node i after setting up the respective algorithm.

4.3. Simulation results

In the simulation results shown in Fig. 9, we have varied the val-
ues of the wireless network area from 0.1 to 19 km?, and measured
the average localization error at each 2 km? increment. The figure
shows that, as we increase the area and accordingly increase the
number of sensors and anchors, the ALE and its rate of increase
in HDV-Hop are lower than their counterparts in amorphous, DV-
Hop and its improvements. This means that HDV-Hop has better
localization accuracy than DV-Hop and its improvements in
large-scale wireless networks. We observe also that Amorphous
outperforms DV-Hop when the network area is small. This is
because Amorphous considers the local neighborhood size in the
estimation of the average hop length. In our simulation scenario,
when the network area is small the density of sensor nodes
increases. Indeed, using Eq. (19), in a network area of 0.1 km?,
there are 178 sensors (i.e., 1 sensor in 561 m?), but when the net-
work area increases to 2 km? the number of sensors will be
increased to 798 sensors, but their density decreases for one sensor
per 2506 m?, and so on. When the network area increases DVhop
performs better than Amorphous, since the sensor node density

MATLAB simulation results of different numerical optimization techniques used in the trilateration.

Optimization technique Linear Non-linear Accuracy Localization error (m)
Normal equations v Fair 70-85

Newton’s I Good 55-70

Gauss-Newton e Good 45-60
Levenberg-Marquardt 4 Excellent 10-15

Linear programming v Bad >150

HouseholderQR v Bad >150
Graham-Schmidt I Bad >150

Single value decomposition v Bad >150
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Fig. 8. Results of various LLS and NLLS methods used in trilaterating the position of a sensor in HDV-Hop.

Table 5
Parameter values used in the NS-2 simulations.

Parameter Values

Wireless radio propagation model
Wireless interface direction

Propagation/Tworayground
Omnidirectional

Wireless interface ground elevation 0.1m

MAC MAC/802_11
Simulation time 6000 s
Transmission range 200 m
Receiving power consumed 5m-W
Transmitting power consumed 150 m-W
Sensor’s initial energy 2k
Anchor’s initial energy 10k-J

Varied from 700 to 2700
Varied from 10 to 260
Varied from 0.1 to 19 km?

Number of sensor nodes
Number of anchor nodes
Topology area

becomes sparse (for example when the network area is 7 km?,
1492 sensors are deployed, 1 sensor every 4691 m?).

As mentioned earlier, we have used the central limit theorem to
determine the number of runs that should be performed for each
experiment. As an example, Table 6 shows the initial runs that
were performed to measure the average localization error when
the area size is 2 and 8 km? for three approaches: DV-Hop, pro-
posed HDV-Hop, and Amorphous. We have used these initial runs
to determine the number of runs as described in [1]. Also the
obtained results show that for an area size of 2 km?, the corre-
sponding confidence interval for DV-Hop is 117.79 + 3.48 (Table 6).
That is to say that we are 90% certain that the true average falls
within the range of 114.31-121.27. For HDV-Hop, for a confidence
level of 90%, the corresponding confidence interval is 55.29 + 1.82
and for Amorphous, for a confidence level of 90%, the correspond-
ing confidence interval is 109.70 + 3.17. Same reasoning apply
when the area size is 8 km?.

In the simulation results depicted in Fig. 10, we have fixed the
value of the area and the number of anchors at 7 km? and 150,
respectively, incremented the number of sensors from 700 to

2700, and measured the ALE at each increment of 100. It can be
shown that in HDV-Hop the ALE is not significantly affected by
the increase in the number of sensors. This is contrary to DV-Hop
and its improvements. This property of HDV-Hop is very advanta-
geous in large-scale wireless networks. Since minimizing the
number of wireless sensors required for accurate localization in
such networks is very important as it will decrease the deployment
cost. We can also observe that the continuous improvement in
Amorphous when the number of sensors increases is caused by
considering local neighborhood size when computing the average
hop length. The node density varies from 1 sensor per 10000 m?
(when 700 sensors are deployed) to 1 sensor per 2590 m? (when
2700 sensors are deployed).

In the simulation depicted in Fig. 11 we fixed the value of the
area of the WSN and the number of sensors to 7 km? and 1500,
respectively, and incremented the number of anchors from 10 to
260. We recorded the average localization error induced by each
localization algorithm in every simulation run. We can observe
that increasing the number of anchors in HDV-Hop and CDV-Hop
results in decreasing the localization error. On the other hand,
we notice an increase in the average localization error when
increasing the number of anchors in DV-Hop, Improved DV-Hop,
and Amorphous algorithms. This can be attributed to the linear
trilateration algorithms employed in the three algorithms. In fact,
these trilateration algorithms linearize the non-linear problem
defined in (5), and loosen the mathematical precision of the qua-
dratic terms defined in each equation defined in (5). Therefore, as
more anchors are deployed, more imprecise linear equations will
be used; which will eventually lead to low localization error.

In Fig. 12, we measure the energy consumption of the proposed
HDV-Hop, Amorphous, and the DV-Hop algorithm and its improve-
ments using NS-2’s energy model. We have computed the
difference between sensor’s available energy before and after each
algorithm configures itself. The figure shows that the energy con-
sumed during a network configuration setup in both algorithms
increases as the area of the network increases. However, we



42 H. Safa/Computer Communications 45 (2014) 32-46

900

800 — = ~DV-Hop

—&— HDV-Hop

= Improved DV-Hop
700 |- —— CDV-Hop

m—tt= Amorphous

Average Loclization Error (meter)

Network Area (meter2) x 10°
Fig. 9. Average localization error (meter) at different area values (meter?).
Table 6
Confidence intervals with a confidence level of 90%.
Area size 2 km? 8 km?
Approach DVHOP HDVHOP Amorphous DVHOP HDVHOP Amorphous
10 runs 127.21 56.49 106.74 190.54 85.27 219.82
115.53 51.75 102.99 185.96 79.45 220.77
112.69 57.75 110.15 209.17 92.36 232.98
103.98 51.25 112.09 198.83 78.46 238.78
122.01 54.46 107.00 204.27 83.39 236.00
124.47 54.51 98.15 188.26 90.56 245.77
120.35 59.63 113.94 198.72 87.02 215.98
118.82 60.50 113.81 220.67 94.55 243.17
119.57 50.22 119.13 191.26 86.71 249.00
113.24 56.31 113.00 218.39 96.39 215.23
Mean 117.79 55.29 109.70 200.61 87.42 231.75
# of runs 3.54 439 3.38 4.13 5.26 3.34
Stdev 6.7 3.5 6.1 12.33 6.06 12.81
Error margin 3.48 1.82 3.17 6.41 3.15 6.66
Lower confidence interval 114.31 53.47 106.53 194.20 84.27 225.09
Upper confidence interval 121.27 57.11 112.87 207.02 90.57 238.41

observe that the energy consumption during a network configura-
tion setup in DV-Hop and its improvements is higher than that of
HDV-Hop. Therefore, we conclude that HDV-Hop consumes less
energy in the set up phase than DV-Hop and its improvements in
large-scale wireless networks. We also observe that the energy
consumption of amorphous decreases in a large network area
because of the neighborhood set decreases. This comes at the cost
of localization accuracy however (Fig. 13).

To study the positive impact of the proposed algorithm on
routing and energy consumption, we have used a traditional
energy model where the main energy parameters are (1) o,; defined
as the energy/bit consumed by the transmitter, (2) otqmp defined as
the energy dissipated in the transmit amplifier, (3) «, defined as
the energy/bit consumed by the receiver electronics, (4) E., defined
as the consumed energy to send r bits, (5) E,x defined the consumed
energy to receive r bits, and (6) d is the distance the message
traverses. Then, with the assumption of 1/d? path loss, the energy
consumed to send and receive bits is given as:

Ex = (0 + Otampd®) x 7 and  En =0, x 1

Then we have compared the proposed algorithm to LEACH and
AODV. Low-energy adaptive clustering hierarchy (LEACH) [23] is
one of the most popular hierarchical routing approaches for sensor
networks and has been an inspiration for many hierarchical rout-
ing protocols. It forms clusters of the sensor nodes based on the
received signal strength and uses local cluster heads as routers to
the sink. Cluster heads change randomly over time in order to bal-
ance the energy dissipation of nodes. Ad-hoc On-demand Distance
Vector (AODV) [13] protocol discovers routes by broadcasting a
RREQ. Intermediate nodes keep broadcasting RREQ until it reaches
the destination or a node with a valid route which responds with a
RREP. During these simulations, o, and o, were set to 50 nj and otgmp
was set to 0.01 nj/bit/m? We have fixed the value of the area to
7 km?, the number of sensors to 1500, and the number of anchors
to 150. The simulation lasted for 6000 s and we examined the
energy consumed in the network with respect to time. Each node
was configured to sense and report one event every 3 s. The aver-
age of the consumed energy is considered the average dissipated
energy by each node. We can observe that as the time increases
the average dissipated energy increases as well. This is normal
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since more packets are transmitted and thus more energy is con-
sumed. The proposed approach consumes less energy than LEACH.
This is because LEACH uses single-hop routing where each node
can transmit directly to the cluster-head and the sink. Further-
more, the idea of dynamic clustering brings extra overhead, e.g.,
head changes, advertisements etc. Fig. 14 shows the packet deliv-
ery ratio (PDR) which is defined as the ratio between the number
of packets received by the base station (sink node) and the total
number of packets sent to the sink. It shows that the PDR of the
three algorithms is above 90% in the first 1000 s of the simulation
time. However, the PDR of the three algorithms decreases when we
consider the 6000 s. This is because some nodes might be depleted
from energy at the end of the simulation time which may lead to
packet loss.

4.4. Comparison with CTP
The Collection Tree Protocol (CTP) [31] is designed to collect

information from many nodes into the sink node. It uses the dis-
tance-vector routing algorithm and builds a tree-based topology

with the root at the sink of the network. In general, it is composed
of a link estimator, a path selection and a packet forwarder. The
link estimator evaluates the single-hop communications. Then,
the path selection uses this information to decide the next hop.
Finally, the packet forwarder is responsible for sending the traffic
generated by the node itself as well as the traffic coming from
other nodes that needs to be relayed. The link estimation metric
of CTP is based on the number of expected transmissions (ETX).
This metric indicates how many times a message should be trans-
mitted to reach its destination. In particular, the sink node has an
ETX of 0, and each sensing node computes its own ETX as the ETX
of its parent plus the ETX of its link to its parent. Finally, the parent
selected is the node that provides the lowest ETX value. In this sec-
tion, we use the SpeckSim simulation framework [30] to compare
CTP to the routing procedure of the proposed HDV-Hop. SpeckSim
is a behavioral level simulator designed for modeling and perfor-
mance analysis of WSNs. It was developed in Java by the Speckled
Computing group at the University of Edinburgh and is dedicated
for simulating wireless sensor networks. We have chosen this sim-
ulator because it has several multi-hop routing protocol models
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such as CTP, AODV already implemented. Therefore, we have
implemented the routing process of the proposed HDV-Hop and
compared it to both CTP and AODV. In these simulations, 90 sensor
nodes were deployed as a grid on a rectangular region of
100 x 100 m with the sink node located at the edge of the network.
The transmission range was set to 10 m. 5 simulation runs were
performed then the results were averaged. Each node was config-
ured to transmit once every 3 s. The simulation lasted for 700 s.
Fig. 15(a) shows the average packet delivery ratio of the three pro-
tocols while Fig. 15(b) shows the average latency. Even though the
average PDR for the three algorithms is high (above 90%), the PDR
of the proposed HDV-Hop is the highest while maintaining the
lowest latency. This might be because of the low routing overhead
of the proposed approach and because the localization information
are used to establish the routing path towards the sink.

5. Conclusions

In this paper, we have surveyed the existing localization
algorithms presented in the literature. We have proposed a new
localization algorithm that aims towards minimizing flooding,
and consequently, reducing power consumption, and minimizing
the number of anchors necessary for accurate localization. Further-
more, the proposed algorithm encompasses a built-in routing
protocol which alleviates the sensors from the burden of finding
an efficient route to the base station, and also from the communi-
cation overhead incurred in establishing a route from the reporting
sensor to the base station. Also, the proposed algorithm is suitable
for using WSN in monitoring hostile environments because the
algorithm requires that the anchors are deployed only on the
perimeter of the WSN and not inside it. We have used NS-2 to com-
pare the performance of the proposed algorithm to that of other
algorithms found in the literature measuring several parameters
such as average localization accuracy and energy consumption.
Our simulations revealed that the proposed approach yields much
lower localization error and energy consumption than other
algorithms at various topologies of the WSN.
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