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ABSTRACT

Deployments over large geographical areas in the Internet of Things (IoT) pose a major challenge for single-hop local-
ization techniques, giving rise to applications of multi-hop localizations. And while many proposals have been made on
implementations for multi-hop localization, a close understanding of its characteristics is yet to be established. Such an
understanding is necessary, and is inevitable in extending the reliability of location based services in IoT. In this paper, we
study the characteristics of multi-hop localization and propose a new solution to enhance the performance of multi-hop
localization techniques. We first examine popular assumptions made in simulating multi-hop localization techniques, and
offer rectifications facilitating more realistic simulation models. We identify the introduced errors to follow the Gaussian
distribution, and the estimated distance follows the Rayleigh distribution. We next use our simulation model to charac-
terize the effect of the number of hops on localization in both dense and sparse deployments. We find that, contrary to
common belief, it is better to use long hops in sparse deployments, while short hops are better in dense deployments –
despite the traffic overhead. Finally, we propose a new solution that decreases and manages the overhead generated during
the localization process. Copyright © 2016 John Wiley & Sons, Ltd.
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1. INTRODUCTION

Identifying the physical location of things or Sensor Nodes
(SNs) is a major requirement in the Internet of Things
(IoT) [1,2]. In many applications, the sensed data is ren-
dered more useful if coupled with the location of the event
[3,4]. A straightforward solution to realize this require-
ment is to add a GPS module to individual SNs. GPS
circuitry, however, is costly in its monetary, volume, and
energy requirements. An alternative solution is to estimate
the location of unlocalized SNs with the aid of what can
be called anchor nodes. Anchor nodes know their abso-
lute locations by either using GPS, or by being attached to
predefined locations with known coordinates. To localize
SNs, anchor nodes broadcast their location with the oper-
ating instructions to SNs, which use the received locations
of anchor nodes to estimate their own locations [5].

Depending on the application and size of the sensed
area, localization techniques can be based either on single-
hop or multi-hop localization. The work in [6] discusses the

application of single-hop and multi-hop localization and
their characteristics. In a small scale and/or sparse deploy-
ment, using single-hop techniques, unlocalized SNs would
require a minimum of three anchor nodes (in a 2-D setting)
or four anchor nodes (in a 3-D setting) within their trans-
mission range in order to estimate their location. In large
scale and/or dense deployments, however, especially when
the sensed area is vast, most of the SNs are not located
within the transmission range of three anchor nodes at the
same time unless the number of anchor nodes is increased
to cover the entire sensed area by at least three anchor
nodes. Thus, multi-hop localization [7] is used to estimate
the locations of SNs in large scale deployments. Multi-
hop localization uses two or more wireless hops to convey
location information from anchor node to SN.

Localization error is defined as the Euclidean distance
between the estimated location of the SN and its actual
location. In large scale deployments, as the sensed area
increases, the localization error increases. An understand-
ing of the relationships or trade-off between number of
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hops, transmission range, and localization error is nec-
essary to reduce the localization error for SNs in large
deployment scenarios. Intuitively, decreasing the transmis-
sion range would increase the number of packets used in
the localization process, which would shorten the SN’s
lifespan. Meanwhile, increasing the lifespan of the SNs is
important as it should be operational for several months or
even years without requiring a change of batteries. More-
over, decreasing the number of packets exchanged between
SNs is essential as the generated traffic could increase
the collision rate, which could also affect the overall
localization process. It is therefore elemental to under-
stand the behavior of different localization techniques,
as well as the relationship between hop count, trans-
mission, and localization error. We furthermore need to
identify design bases that reduce the traffic generated from
localization algorithms.

The contributions of this work are thus as follows:

� Creating a more realistic simulation model to sim-
ulate the localization error to represent actual
measurement used in estimating the distance
between SNs. Previous simulation models added
Gaussian noise to the actual distance between SNs
[8,9]. However, in this work, we show that the sim-
ulation can be more accurately represented by using
Rayleigh distribution instead of using Gaussian dis-
tribution. By analyzing real measurements, we show
that using Rayleigh distribution gives a more realis-
tic representation of the localization error. Then we
show, by using multi-hop simulation, the difference
between using Gaussian and Rayleigh distribution to
validate our model.

� Characterizing the error behavior of multi-hop
localization, studying the effect of changing the
transmission range of SNs and observing how
changing the number of hops affects the localiza-
tion error. Existing works lack quantitative analysis
of the relation between the hop numbers, transmis-
sion range, and localization error [8,9]. Researchers
in multi-hop localization commonly believe that
increasing the number of hops between the anchor
nodes and SNs will increase the localization error. In
this work, we show that this is not always the case,
and that this belief indeed holds but only under sIn-
deed, there are conditions, under which, using a larger
number of hops gives a lower localization error than
using a smaller number of hops.

� Characterizing the overhead and the amount of
traffic generated during the localization process.
We study how the density of SNs would affect the
number of generated packets during the localiza-
tion process. We also verify the different parameters
that have an effect on the amount of traffic gener-
ated. Then, we propose a new solution to reduce
the number of packets exchanged between SNs with-
out worsening (i.e., increasing) localization error. By

reducing the traffic generated, the lifespan of SNs will
be longer.

The remainder of this paper is organized as follows.
Section 2 offers the background and motivation for this
work. Section 3 introduces a realistic error model to
estimate the distance between SN using Receive Signal
Strength Indicator (RSSI), while Section 4 explores the
effect of the transmission range of SNs in a multi-hop
localization environment and its impact on localization
error. Section 5 proposes a new aggregation scheme that
reduces the number of packets exchanged during the local-
ization process, and evaluates the proposed scheme using
various operational aspects, including number of packets
sent, collisions, localization error, in addition to the per-
centage of unlocalized SNs. Finally, Section 6 concludes
and highlights intended future work.

2. BACKGROUND

In this section, we provide the background about the main
multi-hop localization techniques used in WSNs that cover
range-based and range-free categories. We also elaborate
on the the multilateration process used to estimate nodes
location, we discuss the elements of error computation
utilized in this work.

2.1. Multi-hop localization techniques

We adopt two generic techniques that represent the major
categories of multi-hop localization techniques, namely
DV-Hop and DV-Distance. DV-Hop represents the connec-
tivity based category, while DV-Distance represents the
distance based category [10]. In the following subsection,
we give an overview of DV-Hop and DV-Distance.

2.1.1. DV-hop localization technique.

The DV-Hop localization technique has two stages
[11,12]. In the first stage, the anchor nodes broadcast their
actual locations to the SNs. The SNs save the shortest num-
ber of hops to each anchor node along with the anchor
node’s location. At the end of the first stage, each SN
maintains a table of fxi, yi, hig, where xi and yi are the coor-
dinates of anchor i and hi is the shortest number of hops
to reach anchor i. SNs exchange the shortest hop loca-
tion packets only with their neighbors. When an anchor
node receives a location packet from other anchor nodes,
it estimates the average distance for a single hop for the
entire network.

The average distance of a single hop of anchor i is
calculated as follows:

ci D

MX
jD1

q
.xi � xj/2 C .yi � yj/2

hj
, where i ¤ j. (1)

In the second stage, the anchor nodes broadcast their
estimates of the average distance for a single hop. The
SN saves the average single hop from the closest anchor
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Figure 1. An example for DV-hop localization.

node and forwards it to its neighboring nodes. The SNs use
the received average distance for a single hop and multi-
ply it with the total number of hops for each anchor node
using the information saved in the table fxi, yi, hig. Finally,
these values are plugged in the multilateration equation
described in the next subsection.

The error in the DV-Hop localization technique appears
because it assumes all hops to have the same value.

Figure 1 shows an example of DV-Hop. SNs A1, A2,
and A3 are anchor nodes. Anchor node A1 has both the
Euclidean distance and hop numbers to anchor nodes A2
and A3. Anchor node A1 calculates the average distance
for a single hop in meters as follows (150 + 50)/(5 + 3)
= 25 m. Anchor node A1 then broadcasts the average dis-
tance for a single hop to the network. In a similar manner,
anchor nodes A2 and A3 compute the average distance
for a single hop (50 + 65)/(3 + 4) = 16.43 and (65 +
150)/(4 + 5) = 23.89, respectively. The SN receives the
average distance for a single hop from anchor nodes. Note
that the SN only saves the average hop distance received
from the closest anchor node, that is, for SNi only the
average hop distance information received from A2 are
saved. SNi then estimates the distances to the three anchor
nodes to be: A1 D 2 � 25, A2 D 2 � 16.43, and A3 D

3 � 23.89. These values are next plugged into the trian-
gulation procedure to calculate the estimated location of
the SNs.

2.1.2. DV-distance localization technique.

The DV-Distance localization technique [13] has only
one stage, in which the anchor nodes broadcast their loca-
tions to the entire network. The location packet contains
the actual location xi, yi of anchor node i and the total dis-
tance traveled di. The anchor node initializes the distance
to zero. When an SN receives the packet, it estimates the
distance the packet traveled for a single hop using either
RSSI or Time of Arrival (ToA). After which, the SN node
adds the estimated distance to the total distance traveled by
the packet and forwards the packet.

Thus, each SN maintains a table of fxi, yi, dig, where xi

and yi are the coordinates of anchor i and di is the cumu-
lative traveling distance estimated in meters from anchor
node i. The DV-Distance technique is prone to distance
estimation errors due to obstacles between the two SNs,
multi-path fading, noise interference, and irregular signal

propagation. However, the hops between SNs are not
assumed to be physically equidistant.

2.2. Multilateration using linear
least squares

Multilateration is the process that uses the estimated dis-
tance between anchor nodes and un-localized SNs to esti-
mate the location of the SNs. Ideally, the multilateration
computation utilizes distance measurements assumed to
be accurately estimated and noise-free. (Figure 2(a) illus-
trates the effect of noise on distance measurements.) Such
assumptions, however, are not practically applicable as the
estimation of distance measurements is easily affected by
surrounding noise. These inaccuracies prevent the circles
to intersect in a single point making the localization pro-
cess more challenging. Figure 2(b) shows that the three
circles do not intersect in a single point. In order to esti-
mate the SN’s location, a possible solution is to use the
least squares optimization [14].

Figure 2. The difference between trilateration based on noise-
free and noisy distance measurements.
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3. MODELING LOCALIZATION
ERROR

Estimating the distance between two SNs, that is, ranging,
is the main component of localization. The most common
techniques used in WSN localization are based on RSSI
and ToA. Both techniques are prone to adding noise to the
estimated distance [15]. Using RSSI, the SN estimates the
distance between itself and the sender using the strength
of the received radio frequency signal by using RSSI pro-
filing measurements or estimating the distance using the
analytical model by mapping the RSSI to distance using
the path-loss propagation model. Meanwhile, using ToA,
the SN estimates the distance by measuring the amount of
time it takes the signal to travel between the sender and
itself and, assuming a constant signal speed, multiplies the
time taken by the speed of the signal.

In RSSI-based ranging, signal attenuation over distance
is assumed to be previously known and the distance is
estimated using the following equation [16].

Odij D d0

�
Pij

P0.d0/

��1=np

e
�2

2�2n2
p , (2)

Here, P0.d0/ is a known reference power value at a ref-
erence distance d0 from the transmitter, Pij is the RSSI
measurement between a transmitter i and a receiver j, np is
the path loss exponent that indicates the rate at which the
RSSI decreases with distance, and � D 10

ln.10/ .
RSSI-based ranging is sensitive to channel noise, inter-

ference and reflections, all of which have significant impact
on signal amplitude. And while ToA-based ranging relies
on the signal speed rather than the signal strength, it
is fairly immune to various sources of noise including
signal attenuation, refraction, and reflection. However,
the estimated distance of ToA is affected by process-
ing time, queuing time and rarity of perfect line-of-sight
between SNs.

Previous works in localization that use RSSI and ToA
in their theoretical analysis or simulation often adopt the
noisy disk model [15,17–19], which estimates the distance
between SNs in order to: (i) evaluate and compare differ-
ent localization techniques; (ii) mathematically derive the
maximum likelihood for localization; and/or (iii) study the
lower bounds on localization error. The model comprises
two parts: node connectivity and noise component. The
node connectivity component represents the actual distance
between the two SNs, while the noise component repre-
sents the noise distribution of the estimated distance and
the actual distance.

To be sure, while the works in [15,17,18], and [19],
studied different localization problems, they all used the
noisy disk model and the Gaussian noise to account for
the estimation error in distance between the ith and jth

SN. In these works, the estimated distance was defined
as follows.

di,j D dj,i D ri,j C "i,j 8i, j D 1, 2, : : : , M (3)

where ri,j D kxi � xjk is the noise free distance between
node i and j, and "i,j � N .0, �2

i,j/ represents the uncor-

related noise, where �2
i,j is assumed to be accurately

estimated and is known a priori [15,17–19].
Liu et al. proposed an iterative least square to localize

SNs using a small number of anchors [20]. The authors
proposed an error registry to prevent error from propa-
gating and accumulating during the iteration process as
an error control mechanism. Their algorithm was evalu-
ated using MATLAB and they simulated three different
noise models. The first experiment, did not have noise to
the distance. In the second experiment, they added Gaus-
sian noise to the distance similar to Equation 3 and fixed
the � to 1.7 inches. In the third experiment, they used the
following equation:

z D

(
dC "1 if d < d0, where "1 � N .0, �1/

d0 C "2 otherwise, where "2 � N .0, �2/
(4)

where d0 D 120 inches and �2 D K�1 where K is a large
number .106/, with the assumption that noise increases
rapidly when the distance exceeds a defined threshold.

To take the range into consideration, Chan et al. [21]
added a zero-mean white Gaussian process with the vari-
ance �2 D d2

m=� to propose a new weighted multidi-
mensional scaling as a localization scheme, where � is a
constant used to make longer distances have a larger mea-
surement error. So and Chan [22], Wei et al. [23] and Qin
et al. [24] take the quality of the channel into considera-
tion and replaced constant � with the signal-to-noise ratio
(SNR) in the equation of the variance of the zero-mean
white Gaussian process with variance. The equation they
used is as follows: �2 D d2

m=SNR, where SNR is the
signal-to-noise ratio and d2

m is the actual distance.

3.1. Enhancing error modeling used
in localization

In each of the previous works [15,17–20,22–24] Gaussian
noise was added to the actual distance in a manner simi-
lar to the computation in Equation 3.1 but with different
variances. The Gaussian error introduced to the estimated
distance, however, is added to the displacement of SN loca-
tion, that is, in the x and y co-ordinate, not to the absolute
distance, that is, d, between the SNs. Figure 3 shows that
the error added to the estimated distance di,j results from
the displacement in both x and y of the SN location.

If we assume that the displacement in x and y follows the
Gaussian distribution:

xest D xj C xerr where xerr � N .0, �2/, (5)

and,

yest D yj C yerr where yerr � N .0, �2/, (6)

then the estimated distance can be represented as follows:

di,j D

q
.xest � xi/2 C .yest � yi/2, (7)
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Figure 3. The estimated distance between SNi and SNj results
from the displacement in both xi and yi . The SN can be

estimated in any position inside the dotted circle.

By substituting Equations 5 and 6 in Equation 7,
we yield:

di,j D

q
.xj � xi C xerr/2 C .yj � yi C yerr/2 .

(8)

where xerr and yerr � N .0, �2/.
From the definition of the Rayleigh, � � Rayleigh.�/

if � D
p

X2 C Y2, where X and Y � N .0, �2/ are
independent normal random variables. This is the case in
Equation 8. Therefore di,j � Rayleigh.�i,j/.

To validate that di,j � Rayleigh.�i,j/, we use real data
provided by Patwari et al. [25]. The choice of using this
data set is motivated by the enhancements they did for
the RSSI model to estimate the distance between SNs
and they reached 2-m location error using the RSSI. In
their experiment, they used a wideband DSSS transceiver
(Sigtek ST-515), and maintained an SNR > 25 dB during
the experiment to reduce the effect of the noise and ISM-
band. They modeled the wideband radio channel impulse
response as a sum of attenuated signal, phase-shifted and
multi-path [26,27].

Patwari et al. deployed 44 SNs within a 14 � 13 m
area as shown in Figure 4. The distance between each
SN pair is estimated using RSSI measurements to have
in total 44 � 43 D 1892 measurements. The histogram
of the absolute noise, that is, "i,j, resulting from estimat-
ing the distance between the SNs is plotted as shown in
Figure 5(a). The output of the histogram follows a Gaus-
sian distribution with � D 0.4 and �2 D 8.41. The data
can be replicated easily using the same values as shown
in Figure 5(b). Patwari et al. have shown a similar find-
ing. They use this finding and suggest that the added noise
to actual distance follows the Gaussian distribution. The
authors therefore added the generated noise to the abso-
lute distance to represent the estimated distance. However,
when the histogram of the estimated distance is plotted
using the real data, that is, a histogram of the actual

Figure 4. Map locates the actual locations of SNs (� #T). The
RSSI is used to estimate the distance between each SN pair.

The distances are estimated by [25].

Figure 5. The measurement error ("i ,j ) histogram and its distri-
bution fit.
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distance with the noise di,j D ri,j C "i,j, the histogram is
observed to follow a Rayleigh distribution with � D 6.6,
as shown in Figure 6(a).

When we replicate the estimated distance by adding
Gaussian noise resulting from Figure 5(b) to the actual

Figure 6. The distance measurement (di,j D ri,jC"i ,j ) histogram
and its distribution fit.

Figure 7. Goodness of fitness for the actual distance using
Gaussian distribution and Rayleigh distribution. It is clear that
the actual distance follow the Rayleigh distribution not the

Gaussian distribution.

distance using the following equation 3, the estimated dis-
tance follows the normal distribution with � D 7.7 and
�2 D 4.7 as shown in Figure 6(b). However, by using
Equation 8, we obtain a Rayleigh distribution with � D
6.72 as shown in Figure 6(c). The histogram resulting
using Equation 8 therefore gives a more realistic represen-
tation of the error, as it gives an almost similar distribution
resulting from using the estimated distances using real
measurements. This would indicate the added noise is not a
pure Gaussian distribution and it is affected by the change
in both x and y co-ordinates.

To test the validity of fitting, the empirical histogram
to the standard Rayleigh distribution, we performed the
chi-square test on the estimated distance provided by Pat-
wari et al. [25] shown in Figure 7. As illustrated, the
Rayleigh distribution represents the data more accurately
than the Gaussian distribution. Thus, the estimated dis-
tance between SNs follows the Rayleigh distribution not
the Gaussian distribution.

3.2. The effect of using Rayleigh
distribution on localization error†

We preformed an experiment using simulation to study the
effect of adding Rayleigh distribution using Equation 8 to
the distance error between SNs instead of adding Gaussian
using Equation 3. We use ns-3 to study the effect of using
Normal verses Rayleigh distribution on a multi-hop local-
ization technique that uses DV-Distance [28]. 500 SNs are
randomly placed an area 200�200 m2. In order to minimize
the effect of placing the anchor nodes on the transmission
range, we placed four anchor nodes at the corner of the
simulated area. The transmission range of the anchors and
SNs are increased gradually from 20 to 100 m in incre-
ments of 20 m. The same �2 is used for both Gaussian and

†An abridged exposition limited to preliminary results was in made

in [29].
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Figure 8. The relation between transmission range and localiza-
tion error (both in meters). Number of anchors = 4 at the edge

of the studied area.

Rayleigh distribution. All the results are from an average of
10 runs.

Figure 8 shows the relation between increasing the
transmission range and localization error. When the error
is small (�2 D 2), the localization error is the same
for both Gaussian and Rayleigh distribution as shown in
Figure 8(a). As we increase the transmission range, how-
ever, the localization error increases until the transmission
range is 20 m. At 20 m, the density of SNs is less and,
in turn, the SNs require a larger number of hops to reach
the anchor node. In the next section, we study the effect of
transmission range on localization error in detail.

When the error is large (�2 D 8) and the transmission
range is small (20 m), the difference between Gaussian
and Rayleigh distribution is at maximum (12 m). As we
increase the transmission range, the difference between
Gaussian and Rayleigh distribution decreases, until both
Rayleigh and Gaussian distribution have similar localiza-
tion errors when the transmission range = 60 m, as shown
in Figure 8(b).

The above indicates that by decreasing the transmission
range, the difference between using Gaussian and Rayleigh
increases as the variance of the error increases. Also, when
the transmission range is large both Rayleigh and Gaus-
sian give similar localization error as the variance of the
error increases.

To validate our findings and check the effect of the vari-
ance on the localization error, we increased the value of the
variance gradually while keeping the transmission range

Figure 9. The relation between �2 and localization error (in
meters) using four anchor nodes located at the edge of the

simulated area.

constant. When the transmission range = 20 m the dif-
ference between using Gaussian and Rayleigh increases
rapidly until the difference reaches 12 m, as shown in
Figure 9(a). However, when the transmission range =
60 m, the difference between using Gaussian and Rayleigh
increases slowly until the difference is 2 m, as shown in
Figure 9(b). Results in Figure 9 validate the findings in
Figure 8.

4. THE EFFECT OF TRANSMISSION
RANGE ON LOCALIZATION ERROR

We use our realistic model for distance estimation error
to study the relation between the transmission range and
localization error. Localization estimation errors can be a
result of either extrinsic or intrinsic errors [30]. An intrin-
sic error is usually caused by the imperfections of the
sensor hardware and/or software, while an extrinsic error
is attributed to the physical effects on the measurement
channel and multi-hop communication. Savvides et al. [30]
studied a range of intrinsic error characteristics for dif-
ferent measurement technologies. They did not, however,
study the effect of extrinsic error.

Our focus in this paper is studying the effects of extrinsic
errors on multi-hop localization. Such errors result from
estimating the distance of hops between SNs. A common
belief held by researchers is that by increasing the number
of hops between the anchor nodes and SNs, the localization
error will increase. To the best of our knowledge, no data
has been published regarding the relationship between the
number of hops and localization errors.
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4.1. Performance evaluation setup for
transmission range

We consider three different deployment scenarios to study
the effect of SNs transmission on localization error. The
scenarios are shown in Figure 10. The first scenario rep-
resents a practical one where SNs are deployed randomly

Figure 10. Examples of three different deployment scenarios
used in WSNs. The transmission range of SNs in these exam-

ples is 50 m.

in the sensed area as shown in Figure 10(a) with a total of
1000 SNs. In order to obtain a better understanding of the
effects of the error, we used a controlled scenario in the
second and third deployments. In the second scenario, the
SNs are deployed in a fixed grid with a 20 m step between
SNs with a total of 500 SNs as shown in Figure 10(b). In
the third, the SNs are deployed in a dynamic grid, where
the number of SNs and their placement are changed based
on the SN transmission range as shown in Figure 10(c).

The WSN is deployed with N unlocalized SNs and four
anchor nodes. Different numbers and locations of anchor
nodes have been experimented with and resulted in similar
observations. The simulation area is set to 200�200 m2. To
minimize the effect of the anchor nodes location on local-
ization error and to overcome the collinearity problem, the
four anchor nodes are placed at the four corners of the sim-
ulation area. The collinearity problem appears when the
anchor nodes are on the same line [31]. In this case, it is
hard to identify whether the SN is on the left or right of
the anchor nodes, which causes the location of the SN to
be flipped [32]. The measurement noise used in estimating
the distance for DV-Distance is a zero-mean white Gaus-
sian process with variance �2

i,j D d2=SNR added to the x
and y coordinates, as discussed in Section 3. We use two
values for SNR: SNR D 10 dB is used to represent a com-
munication channel with a high noise and SNR D 30 dB
is used for a communication channel with low noise. All
results are averages of 10 different independent runs with
distinct random seeds.

The number of SNs used in the dynamic grid is calcu-
lated as follows. (The width and length of the simulation
area, and the SN’s transmission range, are respectively
shorthanded by SimWidth, SimLength, and TxRange.)

 p
.SimWidth/2 C .SimLength/2

TxRange
C 2

!2

(9)

while the vertical step is calculated as follows.

D
SimWidth � TxRangep

.SimWidth/2 C .SimLength/2 C TxRange
(10)

and horizontal step is calculated in the following manner.

D
SimLength � TxRangep

.SimWidth/2 C .SimLength/2 C TxRange
. (11)

To make the fixed grid deployment more realistic, we
assume that there is randomness in the deployment of indi-
vidual SNs modeled by a random error disk with a radius of
1 m [33]. The second scenario represents a dense deploy-
ment of SNs, in which more SNs are covered by increasing
the transmission range. The third scenario represents a
sparse deployment where SNs are only covered by the bor-
der of the maximum transmission range. In Figure 10(b),
for example, when the transmission range is 50 m, there
are more than 50 SNs covered with 3 or 4 SNs within 10 m
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from the anchor nodes; around 10 SNs that are near 50 m
away; and the rest of the SNs are in between. This variation
of distances increases the overall localization error. Mean-
while, in Figure 10(c), we only have three nodes which are
approximately 50 m away from the anchor node when the
transmission range is 50 m.

4.2. Performance evaluation for
transmission range

All our experiments strongly indicate that DV-Hop local-
ization outperforms the DV-Distance localization when
the SNR is low. Previous works also conclude similar
findings, for example, [34]. However, the performance of
DV-Distance improves when the SNR increases.

In the following subsections, we elaborate on our find-
ings made using random, fixed grid and dynamic grid
deployment scenarios.

4.2.1. Random deployment.

In the first scenario, we deployed 500 SNs randomly.
Figure 11 shows that using shorter transmission range
yields a lower error for both DV-Hop and DV-Distance
localization techniques. The average error increases when
we increase the transmission range of the SNs for both DV-
Hop and DV-Distance except when the transmission range
is 20 m.

The increase in error, of DV-Hop, is greater than in DV-
Distance, when we increase the transmission range (the
error in DV-Distance with 30 dB is almost constant). The
error of DV-Hop increased by 11% while the error of DV-
Distance increased by 8% for SNR D 10 dB and 2% for
SNR D 30 dB when the transmission range of the sensor
nodes increases from 40 to 100 m. Figure 12 illustrates
why the localization error increases when the transmission
range of the SN is increased to 20 m.

In Figure 12(a) the transmission range of the SNs is set
to 20 m and the distance between anchor node A1 and SN4
is 48 m. Thus, the packets that are used to estimate the
distance between A1 and SN4 are from SN1, SN2, and SN3,
respectively. In DV-Distance, by adding the actual distance
of the four hops, we obtain a distance of 65 m, where the
actual distance is 48 m. The same effect applies when the
DV-Hop is used, since we have four hops. Assuming the
average hop distance to be 15 m, then the total estimated

Figure 11. The localization error (in meters) using random
deployment of SNs.

Figure 12. The effect of dense and sparse deployment on
localization error.

distance is 60 m. However, when the transmission range
is 40 m, the estimated distance is estimated through only
two hops, which decreases the estimation error. Increasing
the density of SNs by adding an extra SN5 between A1

and SN3 as shown in Figure 12(b), the estimated distance
becomes 51 m if we used DV-Distance, and 45 m if we used
DV-Hop. These estimates are closer to the actual distance.

To validate our assumption, we repeated the experiment
using 400, 500, and 600 SNs in the same area. Figure 13
shows that as we increase the number of SNs, the local-
ization error increases when the transmission range of the
SNs is equal to 20 m for both DV-Hop and DV-Distance.
However, the change in the localization error is insignifi-
cant when the transmission range is larger than 40 m. This
result shows that in highly dense deployments, it is better
to have a larger number of hops with shorter transmission
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Figure 13. Relationship between SN transmission range and
localization error (both in meters) when we increase the number

of SNs.

ranges (approximately 40 m) than to have a small number
of hops with larger transmission ranges.

The earlier findings contrast to a commonly held
belief that using shorter hops would give less error. In
order to more closely understand this behavior, we use
the two controlled experiments presented in section 4.1,
namely fixed grid, and dynamic grid. The details of these
evaluations follow.

4.2.2. Fixed grid.

In this scenario, SNs are deployed in a fixed grid in the
sensed area. Figure 14 shows the error for localizing SNs
when the SNs are placed in a fixed grid. Neither the number
of SNs nor the distance between the SNs is changed when
we increase the transmission range for SNs. The error of
DV-Hop localization is increased by 27% when the trans-

Figure 14. The localization error (in meters) using fixed grid
deployment for SNs.

Figure 15. Dense deployment has lower localization error than
sparse deployment for DV-Hop.

mission range is increased from 20 to 100 m. Whereas,
the error of DV-Distance only increases by 12% and 10%
when SNR D 10 dB and 30 dB, respectively. This result
supports the previous finding that using shorter transmis-
sion for SNs decreases the overall localization error. The
only difference with the previous finding is at transmission
range = 20 m using fixed grid deployment gives a lower
localization error than using random deployment. The rea-
son is in fixed grid the shortest path is always granted, as
shown in Figure 12(b).

To explain why the localization error for DV-Hop
increases as we increase the transmission range (decreas-
ing the number of hops), we can consider the scenario in
Figure 15. Assuming the distance between A1 and A2 is
100 m and one SN between the two anchor nodes shown
in Figure 15(a), both anchor nodes will ideally calculate
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that the average hop distance to be 50 m as the packet
reached A2 in two hops. Thus, when SN multiples the
average hop distance which is 50 by the number of hops
which is 1, the result is 50 m that leads to lower estimation
error. This, however, is not the case in a dense deployment.
Figure 15(b) shows that there are 5 SNs between the two
anchor nodes. The minimum number of hops between A1
and A2 is two hops through SN3. Thus, the average hop
distance is 50 m. When SN1, SN2, and SN3 estimate the
distance between themselves and A1 by multiplying the
average hop distance which is 50 m by the number of hops
which is one, we obtain 50 m that is an accurate estimation
for only SN3.

4.2.3. Dynamic grid.

In this scenario, we use a dynamic grid, where the spac-
ing between SNs increases as we increase the transmission
range of SNs. Figure 16 shows that as we increase the
transmission range, the overall localization error lessens
for both DV-Hop and DV-Distance using SNR D 30 dB
and descends for DV-Distance using SNR D 10 dB. This
result was as expected, however, the error increased dra-
matically when we used DV-Distance using SNR = 10 dB.
The previous results show that in sparse deployments, it
is better to have a lower number of hops with longer
transmission ranges.

To explain why DV-Distance with high noise (low SNR
value) has high error in a sparse deployment when using
longer transmission ranges, refer to Figure 17. When the
distance between the anchor nodes and the SN is accurately
estimated, the area we perform multilateration is relatively
small, which decreases the localization error as shown in
Figure 17(a). However, when the error for the estimated
distance is high, the area on which we perform multilat-
eration is larger. This increases the error for the estimated
location. Thus, when we use DV-Distance in an environ-
ment that has a high noise level in the channel, it is better
to use shorter hops with a shorter transmission range than
to use a long transmission range.

Previous results show that to achieve low localization
error in highly dense deployments it is better to use short
transmission ranges for the SNs. However, by decreasing
the transmission range, the number of packets transmitted
in the network will increase as shown in Figure 18. The

Figure 16. The localization error for dynamic grid deployment
for SNs.

Figure 17. The area used in multilateration to estimate the
SN location.

Figure 18. Number of packets generated during the localization
process.
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number of packets sent decreased by 62% and 48% for DV-
Distance and DV-Hop, respectively, as we increased the
transmission range from 20 to 100 m.

As the number of packets transmitted increases in the
network, the number of collisions will increase which
will have a direct impact on the overall localization error.
Figure 18 shows that DV-Hop generates almost twice the
packets generated by DV-Distance for a transmission range
of 100 m. Also, as we increase the transmission range, the
number of packets transmitted decreases gradually. Thus,
it is important to study the effect of packets transmit-
ted during the localization process. In the next section,
we perform this study to characterize the overhead of the
multi-hop localization.

5. CHARACTERIZING THE
LOCALIZATION OVERHEAD

In the previous Section, we show that to achieve low local-
ization error in highly dense environments, it is better to
use short transmission ranges for the SNs. However, using
short transmission range for SN in high dense deploy-
ments increase the number of packets transmitted in the
network, as in previous localization techniques, when an
SN receives a packet containing the anchor node’s location,
the SN forwards this packet to the surrounding SNs at once.
This behavior (receive then forward) generates huge traffic
from SNs that affects the performance of the transmis-
sion. This may be acceptable in sparse WSN deployments,
but it adversely affects the performance of the commu-
nication in high dense deployments. The reason for the
huge traffic generated is that the packet is broadcasted
to all neighboring SNs. Thus, it is important to reduce
the number of packets generated while implementing the
localization techniques.

5.1. Packet aggregation

To reduce the amount of traffic generated during the local-
ization process, we propose that SNs only transmit local-
ization packets in a predefined time. This means when a SN
receives a packet, it first stores the packet and aggregates it
with the previous received packets. When the timer for the
transmitter expires the SN forwards the aggregated packet.
In connectivity based localization techniques, SNs aggre-
gate two types of packets: the first for the anchor location
packet, while the second is for the average hop packet.
After applying this behavior (receive – save – forward), the
number of packets sent is reduced dramatically.

Figure 19 shows the number of packets sent to local-
ize both DV-Hop and DV-Distance. The number of packets
decreased for DV-Distance by 70% when the transmission
range of SNs is 20 m and 50% when the transmission
range of SNs is 100 m. For DV-Hop, the number of packets
decreased by 55% and 40% when the transmission range of
SNs is set to 20 and 100 m, respectively. From the earlier
result, it is clear that the aggregation technique we propose

Figure 19. Number of packets sent to localize SNs.

dramatically decreases the number of packets sent without
affecting the localization error.

In the rest of the section, we investigate the impact of
the aggregation concept on the performance of localization
technique in multi-hop environment. We used connectivity
based localization technique for two reasons. The first rea-
son is the results from the previous section shows that using
connectivity based localization techniques performs bet-
ter than using range based localization techniques in noisy
deployments. The second reason, connectivity based local-
ization techniques generate twice the number of packets
generated by distance based localization techniques.

5.2. Performance evaluation for
packet aggregation

In this setup, SNs are uniformly distributed in a simulated
area of 100 � 100 unit blocks. The choice of area is made
to ensure the full connectivity of the WSNs when even the
least number of SNs is distributed, which is 25 SNs. The
transmission range for sensor and anchor nodes are set to
40 m. In the beginning, 25 anchor nodes in addition to one
sink SN are used. Simulations are made to run for a period
of 100 s. Impact of scale is evaluated through varying
size of the sensor network from 25 SNs to 200 in incre-
ments of 25 SNs. The performance metrics are averaged
over 10 different topology runs generated using distinct
random seeds.

In our evaluations, we investigate several aspects of
operation. We describe below our findings giving perfor-
mance metrics that best illustrate the impact of scale and
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mobility on wireless localization algorithms. The metrics
are defined below.

� Total number of packets sent: comprises the total
number of packets transmitted for two types of pack-
ets. The first type includes weight update packets,
which are generated by anchor nodes and forwarded
by the SNs. The second includes the weight table
packets, which are generated and forwarded by SNs.

� Total number of packets received: the total number
of packets received at anchor nodes and SNs.

� Total number of packets dropped comprises the
packets dropped due to redundancy, that is, a weight
update or weight table packets that have already been
received.

� Total number of packet collisions: reports the num-
ber of packet collisions at the MAC layer.

� Mean error in Euclidean distance: reports the mean
error in computing the Euclidean distance between
estimated location and actual location for each SN.

� Percentage of unlocalized SNs: localizing any SN
requires at least three reports. This metric reports the
percentage of the SNs for which at least three distance
reports were not received.

In order to investigate the effect of scalability on local-
ization, the number of SNs is increased from 25 to 200 by
increments of 25 SNs. The weight parameter, k, is set to
four to allow SNs to connect to anchor nodes using four
hops. The impact of network size is evaluated in Figure 20.
In each, the sub-figures illustrate the impact on the total
numbers of (i) packets sent (ii) packets received (iii) pack-
ets dropped and (iv) packet collisions. Recall that the
aggregation simply involves the use of a hold time prior to
forwarding received packets and tables while aggregating
them in one transmission. In the static setting, this modi-
fication reduces the number of sent and forwarded packets
from almost 300,000 to less than 20,000 at 200 SNs as
shown in Figure 20(a), which leads to relatively decrease
the number of packet collisions experienced in the network
as shown in Figure 20(d).

The value of the different metrics consistently increases
as the number of SNs is increased. This is observed in
both static and mobile settings. When aggregation is not
employed, despite the redundancy check, a great number
of packets are generated. For example, at 125 SNs, 150,000
packets are either sent or forwarded in the static setting
as shown in Figure 20(a), while almost 2,000,000 packets
are received as shown in Figure 20(b). A similar trend can
also be observed in the mobile setting (100,000 to 800,000
at 125 SNs). Note that this great discrepancy is due to
the broadcast nature of the wireless medium, that is, all
receivers in the vicinity of a sender or forwarder SN receive
the broadcasted packet. This very nature also justifies the
numbers of packets dropped and collisions as shown in
Figures 20(c) and 20(d). Lesser numbers are also expe-
rienced in the mobile setting as SNs move beyond each
other’s vicinity more frequently.

Figure 20. The effect of increasing the number of SNs on the
evaluation metrics.

5.3. Discussion and further observations

The earlier results indicate a strong need for carefully
designed localization algorithms. Even for the proposed
aggregation technique, further optimization remains possi-
ble. For example, the exact relationship between hold time
and mobility need to be further explored. Another issue
of concern is that of MAC operation, especially when it
comes to functionality such as localization. This impact of
MAC is particularly apparent in Figure 20(d) that shows
the number of collisions in MAC layer.

It is also important in optimizing or re-designing the
localization procedures to keep in mind the ultimate objec-
tive, which is accurate localization. In investigating the
suggested aggregation, we explored its impact on localiza-
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Figure 21. Mean error (in meters) in computing Euclidean distance.

tion error. Figure 21 shows the mean localization error. In
the figure, it can be observed that aggregation reduces the
localization error. This decrease in error results specifically
from aggregation connecting the SNs to more anchors.

Enhancements to localization procedures are hence
required to be made at several layers, especially when it
comes to accommodating scale and mobility. In this study,
we initially isolated the localization functionalities from
other network operations. We understand, however, that
more elaborate studies can identify further optimizations,
where enhancements such as packet sharing between dif-
ferent functionalities can be explored. Such an expansive
view is indeed the subject of our future investigations.

6. CONCLUSION

Evaluating multi-hop localization techniques in large areas
is expensive and time consuming. Creating a realistic sim-
ulation model is required. Using a network simulation
provides a rich opportunity for efficient experimentation,
as simulation gives practical feedback before designing
real world systems. This allows us to determine the correct-
ness and efficiency of the localization techniques before
the actual deployment of the SNs. Thus, we build a real-
istic simulation model to use to study and investigate
the behavior of multi-hop localization techniques in large
scale deployments and propose new schemes for multi-hop
localization. After that, we characterize the error behav-
ior in multi-hop localization. There has been a belief in
the literature that the smaller the number of hops, the
lower the error is as discussed in [35]. We assess this
belief for representative generic schemes of range-based
and range-free localization. We show that in dense deploy-
ments, it is better to decrease the transmission to achieve
low localization error, which generates a large amount of
traffic. Thus, we propose a new solution that substantially
decreases the number of packets generated in highly dense
deployments during the localization process. The proposed
solution decreased the number of messages exchanged by
almost 70% for DV-Distance and 55% for DV-Hop.

While some possibilities of future works are discussed
in Section 5.3, an extensive empirical validation for our
localization error model remains. This validation will com-
plement our foundational validation offered in Section 3,
and offer a stronger basis for the design of wireless multi-
hop localization algorithm. Meanwhile, considerations for
sensor/thing mobility (along with reasonable model for

localization error) are to be investigated, especially for
possibilities of occasional sensor/thing collinearity with
localization anchors.
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