
 

 

Abstract — Existing routing and broadcasting 
protocols for ad-hoc networks assume an ideal 
physical layer. In reality, an accurate 
representation of the physical layer is required for 
analysis and simulation of multi-hop networking in 
sensor and ad-hoc networks. This paper describes 
a model for the lognormal correlated shadow 
fading loss from first, and investigates the 
importance of the correlation length when 
designing protocols for ad-hoc and sensor 
networks. Geographically proximate nodes often 
experience similar environmental shadowing 
effects and can thus have correlated fading. We 
consider the overall path loss (shadow fading & 
median path loss) based on antennas working at 
2.4 GHz with heights ranging from 0.5 meters to 1.8 
meters. Finally, we analyze and compare the 
performance of localized position-based greedy 
algorithm used for Unit Disk Graph (UDG) and a 
probabilistic progress algorithm based on the 
proposed shadowing model for different values of 
standard deviation (σ) of shadow fading to 
demonstrate the importance of both the shadow 
fading and correlation length. 

 
Index Terms — fading, physical layer, radiowave 

propagation, wireless ad hoc networks 

 

1. INTRODUCTION 

D HOC networks have recently emerged as an 
important research topic, due to their 

potential application in various situations such as 
battlefield, emergency relief, environment 
monitoring etc [1-4]. They are decentralized, self-
organizing wireless networks. Such networks 
consist of hosts that communicate without a fixed 
infrastructure. Communication takes place over a 
wireless channel. Since there is no infrastructure, 
every node has to determine its environment 
when the network is formed [5]. We assume that 
each node has a low-power Global Position 
System (GPS) receiver, which provides the 
position information to the node itself [5]. If GPS 
is not available then the distance between the 
nodes can be estimated on the basis of incoming 
signal strength [5]. In [6] it has been shown that 
relative coordinates of neighboring nodes can be 
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obtained by exchanging such information 
between nodes. The task of routing implies that a 
message has to be sent from a source node to a 
destination node. 

Existing network layer protocols for ad-hoc 
networks assume an ideal physical layer model, 
where two nodes communicate, if and only if the 
distance between them is at most R. This model 
where the two nodes within transmission radius 
can exchange correctly bits, packets and 
messages is known as the ‘Unit Disk Graph’ 
(UDG) model [5]. However, current physical layer 
models do not accurately represent radio 
channels in multi hop wireless networks [7], and 
as a result, there is a significant disconnect 
between simulation and real world deployment 
[8]. Channel models used in multi-hop networks 
have considered path losses to be independent, 
but they are correlated through shadowing effects 
[8]. The shadowing model is derived from the first 
principle of probability theory, which is then 
combined with the mean path loss model in [9] for 
low height antennas ranging from 0.5 meters to 
1.8 meters working at 2.4 GHz to give an overall 
path loss model with correlated shadow fading. 
This shadowing model is then used for accurate 
representation of the physical layer, which is 
required for analysis, and simulation of multi-hop 
networking in sensor and ad-hoc network.  

The next step is to compare and evaluate the 
performance of geographic routing algorithms 
over an ideal and a more realistic physical layer. 
For comparison purposes, localized position 
based greedy algorithms have been chosen 
where nodes do not require complete network 
topological information to perform the routing 
task. More precisely, nodes only require 
knowledge of the positions of itself, its one hop 
neighbors and the destination [5]. The ideal 
physical layer (UDG) uses a localized position 
based greedy algorithm as proposed by Finn in 
[10], while the shadowing model considers the 
probabilistic progress based greedy algorithm that 
does not have hop-by-hop acknowledgements as 
in [11]. The ideal and the more realistic models 
are then evaluated in terms of average hop count 
(number of forwarding steps) over various 
average node densities, to show the dramatic 
difference of the two algorithms when using 
correlated shadow path loss model with different 
correlation lengths. 
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The rest of the paper is organized as follows. In 
Section 2, we present related work and offer 
some critical comments. In Section 3, we discuss 
the proposed correlated shadow-fading model 
with its derivation. Section 4 explains the overall 
path loss model for low height antennas used for 
2.4 GHz range. Section 5 gives the background 
knowledge on the localized greedy algorithms. 
Section 6 discusses the measurement set up that 
is used to carry out the required experiment to 
compare the greedy algorithm used on UDG with 
the probabilistic progress algorithm used on 
shadowing model. Section 7 discusses the results 
that are obtained for average hop counts for the 
two algorithms (greedy and probabilistic progress) 
over range of node density. In Section 8, we 
provide concluding remarks and outline some 
open problems. 

2. RELATED WORK FOR PROPOSED MODEL 

The long-term energy variability in multipath 
fading channels is widely accepted as being well 
described by lognormal statistics [12-14]. This 
phenomenon is commonly referred to as 
shadowing. While techniques such as power 
control may be successful in mitigating the effects 
of shadowing, an understanding of the 
phenomenon is important to a variety of 
techniques [15]. Not only shadowing but also its 
spatial correlation have been measured and 
shown to be significant in other wireless 
networks. For example in digital broadcasting, 
links between multiple broadcast antennas to a 
single receiver have correlated shadowing, which 
affects the coverage area and interference 
characteristics [17]. In cellular radio, the model of 
Gudmundson [18] is used to predict shadow 
correlation for the link between a mobile station 
(MS) and a base station over time as the mobile 
station moves. Gudmundson’s model [18] is 
based on the assumption that the distance 
between the base station and mobile station is 
large compared to distance moved by the mobile. 
The reason why Gudmundson’s model [18] is not 
appropriate to ad-hoc networks is because it can 
only be applied to pairs of links, which share a 
common node [8]. The other limitation is that it 
ignores the location of the common node [8]. 

The closest study which was useful in order to 
derive the shadow fading from first principles was 
presented in [8]. It studies the correlation of many 
disparate links at the same time, and uses 
multiple measured networks to examine many 
pairs of links with identical geometry, both with 
and without a common node. The other study, 
which was very useful in calculating the overall 
path loss model, is presented in [9]. This paper 
calculates the mean path loss model for low 
height antennas (0.5 metres to 1.8 metres) at 2.4 
GHz, and it takes into account the effect of 
transmitter height, receiver height, receiver 
location and environmental parameters. 

3. DERIVATION OF CORRELATED SHADOW FADING 

MODEL 

In radio communications, the received signal 
level decreases as the distance between the 
transmitter and receiver increases. This 
phenomenon is described as ‘path loss’ in [12, 
19]. Attenuation of radio signals due to path loss 
effect has been modeled by averaging the 
measured signal powers over long times and over 
various locations with the same distance to 
transmitter [12]. The mean value of signal power 
is referred to as the area mean power. 

The most commonly used radio model in ad-
hoc networks is based on path loss phenomenon 
alone and assumes that the received power at 
any distance to the transmitter is equal to the 
area mean power. If we assume that the 
transmitted signal is received correctly when the 
received signal power is more than a minimum 
required threshold value, this model result into a 
circular coverage area around the transmitting 
node (UDG). The area mean path loss model is 
inaccurate because the received power level 
shows significant variations around the area 
mean power value due to the shadowing effect of 
terrain, height variation or the presence of mid-
path obstacles [12]. In this paper we propose a 
more realistic radio model for the study of 
wireless ad-hoc networks. This model is based on 
the lognormal shadowing radio propagation 
model and allows for a spatially correlated 
random variation around the mean power. In 
lognormal radio model, the mean received power 
taken over all possible locations that are at a 
particular distance from the transmitter is equal to 
the area mean power calculated on the mean 
path loss model. However, it is further assumed 
that the average received power varies from 
location to location in an apparently random 
manner, which implies that variations in the path 
loss changes in a random manner as well. The 
standard deviation (SD) of fading is larger than 
zero, and in the case of severe signal fluctuations 
due to irregularities in the vicinity of the receiving 
and transmitting antennas, measurements 
indicate that it can be as high as 12dB. For 
outdoor models, SD of correlated shadow fading 
can lie in the range of 6 to 12dB. 

We start first from generating independent 
Gaussian random variables, using the Box-Muller 
method [20] in order to generate instances of a 
log-normally distributed random variable which 
describes shadow fading. There are a few 
methods to achieve this defined in [16]. 

Starting with two uniform deviates y1 and y2 on 
(0, 1), the transformation 
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generates two Gaussian random deviates x1 and 
x2 with zero mean and unit variance, as can be 
seen from the Jacobian of the transformation, 
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Scaling each of the Gaussian random deviates by 
the required variance σ

2
 results in the generation 

of a pair of independent Gaussian random 

variable instances, 1x   and 2x  , used directly to 

model lognormal shadow fading, 
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The next step is to produce a Gaussian 
random field bearing in mind that the 
transformation from uncorrelated random 
variables to suitably spatially correlated ones 
needs to preserve the Gaussian statistics [23]. An 
important function, closely related to the 
covariance of the correlated Gaussian random 

variables, is the correlation coefficient,  [22] 
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The correlation coefficient  is the range (-1, 1). 
The covariance matrix C for the multidimensional 

Gaussian process can be written in terms of  
assuming that the two random variables have 
same standard deviation σ, by using Equation (4) 
[23] 
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The covariance matrix C is called an 
‘Autocovariance Matrix’ and the corresponding 
correlation matrix Pn is called an ‘Autocorrelation 
Matrix’. The values inside the autocorrelation 
matrix can be replaced by the relevant 
autocorrelation function as shown in [9] 

 ( ) exp( ).S
c

dd
d

     (6) 

The autocorrelation function is an isotropic 
correlation function. A stationary random field is 
an isotropic random field (in the wide sense) if the 
covariance function depends on the separation 
distance alone [24]. Isotropic correlation functions 
only depend on the distance between the two 
points [24]. 

Using Cholesky’s algorithm for symmetric, 
positive-definite matrices, the covariance matrix 
can be decomposed into a lower triangular matrix 
L and an upper triangular matrix U [20]: 
 C = LU, where U = LT. (7) 

Xs = L is a simulated random field (i.e. a n1 
column vector of suitably correlated log-normal 
random variables on the constructed grid), where 

 consists of random, uncorrelated, univariate 
normally distributed random numbers αi, i = 1,...,n 
with zero mean and unit variance [20]. (8) 

There are a few possible ways of choosing a 
grid to produce Gaussian field, for example in [24] 

a square grid and a few other geometrical shapes 
are chosen depending on the research criteria. 
The grid chosen in this paper is a circle with 
radius from 50 m to 300 m. In Figure 1, each 
circle in the grid is 50 m apart, and each point on 
the same circle is 50 m apart. The reason for 
choosing 50 m apart is that if we choose the 

value of dc = 70 m and use Equation (6), s(d) is 
approximately 0.5. If the node which is used for 
the networking lies in the region of 4 grid points 
then the weighted average of the grid point values 
can be taken as the correct shadowing value. The 
area between the four points can easily be found 
as every side is 50 m apart which will help in 
interpolation rather than having irregular 
distribution of points. The angles from the inner 
most circle to the outer circles are 60, 30, 20, 15, 
12 and 10 degrees, respectively. 
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Figure 1: Circular Grid Plot. 

4. OVERALL PATH LOSS 

The overall path loss in terms of distance can 
be calculated by adding the mean path loss 
between the transmitter and the receiver, the 
shadow fading loss and the loss from fast fading 
model, and is represented by (9) in logarithmic 
units [12] 

 10( ) ( ) 20log .PL d L d X Y  
 (9) 

Y is random variable which describes the fast 
fading, and is neglected since we are considering 
the nodes fade mitigation measures, such as 
diversity antennas. Equation (9) then reduces to: 

 ( ) ( )PL d L d X  . (10) 

L(d) can be calculated from Konstantinou’s model 
for low height antennas as explained in [9], while 
Xσ is the element of Xs corresponding to each grid 
location and can be calculated from Section 3, 
and plotted in Figure 2. Xσ is a zero-mean 
Gaussian distributed random variable (in dB) with 
standard deviation σ, also in dB. The lognormal 
distribution describes the random shadowing 
effects, which occur over a large number of 
measurement locations, which have the same 
transmitter–receiver separation, but have different 
levels of clutter on the propagation path. The LOS 
and NLOS equations are obtained by the least 
square criterion [9]: 
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where  is the free space wavelength, ht and hr 
are the transmitter and receiver heights above 
ground respectively, and q is an environment-
dependent parameter given in [9]. 
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Figure 2: Polar plot representation for shadow fading 
losses in circular field (Note: - For further detail about 
this plot consult [26]). 

 
If the terrain over which the path loss is 

modelled is not given then it is fairly difficult to 
use the Equations (11) and (12). Instead the 
probability α that is the ratio of LOS and NLOS 
can be used to calculate the overall path loss 
given by [9]: 

 (1 )LOS NLOSPL PL PL    . (13) 

Equation (13) can be used for statistical treatment 
of path loss in typical urban environments. It 
approximates the LOS case in short distances, 
whereas it is practically the same with NLOS case 
at large distances from the transmitter. The 
probability α, which does not depend on antenna 
height, is [9]: 
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where af and bf are environment-dependent (e.g. 
urban, suburban, open) threshold distances [9]. 

5. BACKGROUND KNOWLEDGE OF LOCALIZED AND 

PROBABILISTIC GREEDY ALGORITHM 

In this section, we discuss the localized position 
based algorithms which have been used to 
compare the UDG model versus the model 
proposed in the above sections for low height 
antennas working at 2.4 GHz and having 
correlated shadow fading. 

Localized greedy position based algorithm [10] 
is a well known greedy routing scheme, where the 

node currently holding the packet, will forward it 
to its one-hop neighbor which is closest to the 
destination. This algorithm fits well with the 
existing definition of transmission radius in Unit 
Disk Graph Model (UDG) [5]. All the nodes that 
lie within the transmission radius R of UDG are 
called ‘One Hop Neighbors’ to that particular 
node. The probability of packet reception, which 
is defined as the success of receiving a packet is 
1 inside the transmission radius R while 0 outside 
it. The transmission radius of UDG is chosen on 
the basis of IRIS mote receiver sensitivity and is 
found to be around 61 meters. 

The UDG model is not realistic because it 
ignores random variations in received signal 
strengths and was demonstrated to have a 
significant impact on ad-hoc network 
performance [11]. So UDG model will then be 
compared to the shadowing model, which shows 
the random variation in signal strength by 
correlated shadow fading model. The correlated 
shadow-fading model will use the probabilistic 
progress (PP) algorithm that does not have hop-
by-hop acknowledgements. In PP algorithm, a 
node currently holding the message will forward it 
to one hop neighbor that maximizes the expected 
progress, which is the product of the probability of 
packet successful reception (ppr) and the 
progress (difference in distance to  destination of 
current and next node on the route) made by 
forwarding the packet to that node [11]. If we 
assume fixed signal to noise ratio (no shadow 
fading) then ppr, which depends on the distance, 
can be shown in Figure 3. 
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Figure 3: Probability of Packet Reception vs. Distance. 

 
Packet reception probability (ppr), which is 

based on the calculation of bit error rate and 
packet length, is used to define one hop 
neighbors for the probabilistic progress algorithm. 
Two nodes are defined as neighbors if the ppr 
between them is above a certain minimum 
threshold [11] and for this study the transmission 
range R of the probabilistic progress algorithm 

scheme is chosen if ppr  0.5. The two metrics 
that has been calculated on the UDG and 
shadowing model are the ‘network density’ and 
the ‘hop count’. Network density is defined as the 
average number of neighbors per each node that 
lies within the transmission radius of each node. 
Hop count is defined as the number of hops 
taken to reach from source to destination. 



 

6. NUMERICAL EXPERIMENT SET UP 

We place n nodes in x  x area, uniformly and 
randomly distributed. The x and n were varied to 
cover wide range of neighboring node densities. 
We took the parameters of IRIS motes which 
work at 2.4 GHz and each node was assumed to 
have fixed transmitted power 3 dBm (‒27 dBW) 
[26]. Channel parameters are assumed fixed 
during transmission of a single packet [27]. 
Quadrature Phase Shift Keying (QPSK) is 
assumed as the modulation scheme for 
communication system, which can be used to 
calculate ppr, for packet length 128 bits. Without 
using any forward error correction codes, the ppr 
can be calculated by ppr = (1-pe)

L , where pe is the 
bit-error-ratio (i.e. the probability of one bit being 
detected erroneously at the receiver) (15). Before 
running the greedy and the probabilistic progress 
algorithms, Dijkstra shortest path scheme was 
used to test the network connectivity and only 
connected graph were used in measurements [5]. 
The proposed circular model as shown in 
Figure 1, which contains correlated shadow 
fading on all the points of the circular grid, will be 
produced on every node in the area. Each node 
will be placed in the centre of the circular field and 
the correlated shadow fading can be produced as 
described in Section 3. Figure 4 shows how the 
circular proposed field has been plotted on the 
first few nodes. 
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Figure 4: Shadow fading circular model on first four 

nodes in an area of 200 by 200 meter square; (a) node-
1 as centre (b) node-2 as centre 

7. EXTENDED SIMULATION RESULTS 

Table 1 lists all parameters used in the 
simulation. The values 0, 6 and 8 dB are chosen 
for σ. The error bar graphs in Figures 6, 7 & 8 
(which use different correlation lengths) show an 
average number of hops for particular densities. 
For collecting first set of results an area of 400 m 
by 400 m was chosen and the numbers of nodes 
used were 100, 125, 135,150, 200, 250, 275 and 
300. For the second set of results the area was 
increased to 500 m by 500 m and the numbers of 
nodes used were 250, 275, 300 and 325. In all 
simulations the node with the smallest x-axis 
coordinate is selected to be the source and the 

node with the largest x-axis coordinate is selected 
to be the destination. 

 
PARAMETERS USED IN SIMULATION 
Height of Transmitter Antenna 1.5 m 
Height of Receiver Antenna 1.5 m 
Power Transmitted from Transmitter -27dBW 
Receiver Sensitivity  -131dBW 
Packet Length 128 bits 
Threshold for Probabilistic Greedy Algorithm 0.5 
Degree of Reed Muller Coding 3 
Path Loss Exponent 4 

Table 1: Parameters Used In Extensive Simulations 

 
(a) low value of ψ        (b) high value of ψ 

(c) 
Figure 5: Typical ppr contours (solid lines);(a) a low 
value of ψ < 1, (b) a high value of ψ > 1; (c) For ψ  1, 
the ratio ψ is approximately equal to the angle in 
radians, as observed at the transmitting node, where 
d > d50% = R = 70 m for its ppr = 0.5 contour (maximum 

error of 4%), since  2 sin 2L R      for 1c  . 

7.1 Definition of Parameters 

Parameter 1:- Correlation Length to UDG 
Transmission Radius Ratio 

The correlation length is defined as correlation 

distance d in (6) corresponding to 50% 
correlation coefficient for the log-normal shadow 
fading spatial field. If the distance between the 
two receivers that are equidistant from a 
transmitter is less than the correlation length, the 
power received by the two nodes will be similar. 
This argument implies that the ratio of correlation 
distance to an equivalent UDG transmission 
radius can be employed to characterize the 
angular separation of receivers at the edge of the 
reception area of a transmitting node, as seen at 
the transmitter. The ratio ψ signifies the 
importance of the correlation length of the 
proposed shadowing model  

50%Shadow fading 50% decorrelation dist
.

Equivalent UDG Transmission Radius

d

R
  

  (16) 
We may define an equivalent UDG 

transmission range R by two methods, either by 

setting σdB = 0 dB and taking ppr = 0.5 as it will 
give a fully deterministic, circularly symmetric 
model for the probability of packet reception, or 
on the basis of the node receiver sensitivity where 
the transmission radius is calculated only on the 
basis of mean path loss (i.e. σdB = 0 dB). The 



 

parameter ψ, schematically shown in Figure 5 
determines whether the correlated shadow fading 
ppr contour “amoeba” has many protrusions/legs 
(low ψ value) or few such features (high ψ value). 
Parameter 2:- Standard Deviation of Shadow 
Fading 

The standard deviation of shadow fading 
represented by σ is an important parameter as it 
measures the spread of the probability density 
function of the random variable and will help to 
increase the range of the shadow fading.  
Parameter 3:- Network Density 

The third parameter used for evaluation is the 
‘Network Density’, which is defined as the 
average number of neighbors per node that lies 
within the transmission radius of each node and 
is represent by κ. Varying the number of nodes 
and the size of the simulation area controls the 
average density 

Average number of neighbouring nodes( 0.5)
.

Area of UDG

ppr





  (17) 

7.2 Interpretation of Extensive Simulation Plots 

The greedy algorithm has a hop count close to 
the optimal (found by Dijkstra’s algorithm); local 
knowledge prevents it from finding always an 
optimal path, and sometimes it does not find a 
path at all in a connected network. When there is 
no shadow fading involved (σ = 0), the 
transmission range which is still circular in this 
model was found to be approximately around 
64 m as shown in Figure 4, which is not much 
different from the transmission radius of UDG 
found by receiver sensitivity (61 m) and that’s why 
the black line representing the probabilistic 
progress used for shadowing model with σ = 0, 
follows very closely to greedy algorithm on UDG. 
The performance of Dijkstra’s algorithm, the 
greedy algorithm applied on the UDG and the 
partially physically “realistic” model with no 
shadow fading σdB = 0 dB can be seen to be 
comparable throughout in Figures 6, 7 & 8. 
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Figure 6: Average Hop Count vs. Node density of 
Dijkstra, greedy on UDG and Probabilistic progress on 
realistic physical layer with correlation length of 100 m 
(ψ = 1.63) 
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Figure 7: Ibid, correlation length 30 m (ψ = 0.49) 
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Figure 8: Ibid, correlation length 150 m (ψ = 2.45) 

 

Average hop counts for σ = 6 dB are shown in 
lime green color in Figures 6, 7 & 8. σ = 6 dB 
means that 99.7% of the shadow fading values 
produced on the circular field are within the range 
of +18 dB to –18 dB. At lower node densities 
(κ < 14), the difference between the greedy on 
UDG and probabilistic progress algorithm with 
σ = 6 dB is quite visible, while at higher node 
densities (κ > 18), the average hop count is very 
similar. Probabilistic progress algorithm performs 
quite well on the shadowing model with shadow 
fading (σ = 6 dB) for lower node densities. This is 
because PP may choose forwarding neighbour 
with ppr < 0.5 while the greedy algorithm may be 
left with neighbours with small progress (among 
those with ppr > 0.5). For higher node densities, 
PP algorithm does not have the same advantage 
over greedy on UDG hop count, for all the 
different values of ψ. The reason is that at higher 
node densities, the greedy on UDG will have 
more chance of utilizing its transmission radius of 
61 m. The shadowing model with σ = 8 dB is 
represented by the magenta color and has 99.7% 
of shadow fading in the range from ±24 dB. The 
following observations have been made at 
different values of ψ: 

1. When ψ = 1.63 (Figure 6), due to higher 
standard deviation of shadow fading at σ = 8 dB, 
the hop count of the PP on shadowing model is 
found to be approximately half the hop count on 
the same topology as compared to greedy on 
UDG. The correlated shadow fading with σ = 8 dB 
contains more neighboring nodes compared to 
the fixed neighboring nodes in the case of greedy 
on UDG, and thus the hop count to destination is 
far less. The explanation of reduced hop count 
compared to greedy on UDG can also be related 
to the fact that the neighbors lying roughly along 
the preferred direction of message forwarding are 
effectively either “good” candidates for message 



 

forwarding or either they are all bad candidates, 
which depends on the produced shadow fading 
values. PP algorithm effectively favors forwarding 
nodes with predominantly “good” candidate 
neighbors, because the shadow correlation length 
of 100 m is such that these clusters of neighbors 
sit over angular domains of the order of about 
one radian as seen by the forwarding node, which 
will result in choosing the next forwarding hop in 
the direction of destination. Since the next hop is 
chosen in the direction of destination then the hop 
count is reduced as compared to greedy on UDG 
and this advantage of the probabilistic progress 
algorithm is quite clear in Figure 7 for all node 
densities. 

2. When the correlation length has been 
decreased to 30 m (ψ = 0.49; c.f. Figure7), 
probabilistic progress algorithm holds its 
advantage over UDG model at lower node 
densities in terms of hop counts. At medium and 
higher node densities the values of average hop 
count are found to be very similar between the 
probabilistic progress algorithm using shadow 
fading and UDG model. Decreasing the 
correlation length means that the probability of 
having nodes with high values of ppr closest to 
the destination decreases. Since the correlation 
length has been decreased in length as 
compared to Figure 6, the probabilistic progress 
algorithm which chooses “good” candidates in the 
preferred direction of the destination will have 
higher hop counts because of the length of 
correlation, as the power received will not be 
dependent (correlated) between the two nodes 
beyond 30 m, which will reduce the probability of 
finding clusters of neighbors sitting over angular 
domains of the order of about one radian as seen 
by the forwarding node in comparison to the 
correlation length of 100 m. Since the probability 
of having clusters of neighbors with the similar 
received power in the direction of destination is 
reduced therefore the hop count is increased as 
shown in Figure 7. 

When the correlation length has been 
increased to 150 m (ψ = 2.45; c.f. Figure 8), the 
PP algorithm again holds its advantage over 
greedy on UDG model at lower node densities 
(κ), in terms of hop counts. At medium and higher 
node densities the values of average hop count 
for the PP and greedy algorithms are found to be 
very similar. Since the correlation length has been 
increased in length as compared to Figure 6 
(100 m), the PP algorithm which chooses “good” 
candidates in the preferred direction of the 
destination will have higher hop counts because 
of the correlation function which is an exponential 
function and the power received will decrease 
between the two nodes exponentially as the 
distance between the two nodes increases, which 
will reduce the probability of finding neighbors 
with high values of metric (ppr*progress made) at 
larger distances over angular domains of the 
order of about one radian as seen by the 
forwarding node in comparison to correlation 
length of 100 m.  

8. CONCLUSION 

In this work we have shown that a meaningful 
assessment of a geographic, position-based 
routing protocol can only be achieved through 
careful incorporation of the physics of radiowave 
propagation in simulations. We demonstrate that 
UDG based models, and models that fail to take 
into account the fully correlated spatial distribution 
of link reliability, significantly over-predict the end-
to-end path hop count. The only geographic 
routing algorithm that has been found to be 
capable of exploiting the distant neighbour 
forwarding opportunities that occur in physically 
realistic radiowave propagation environments, 
and thus exploited end-to-end paths requiring 
fewer hops, is the localised probabilistic progress 
algorithm [11]. In [11] it was derived, analytically 
and experimentally, that the expected hop count 
(where the expected number of retransmissions 
per hop is 1/prr) for PP algorithm is superior to 
the one offered by greedy algorithm (applied as in 
this article). This article makes a step further, to 
show that, surprisingly, even the simple hop count 
of PP can be superior to the one of the greedy 
algorithm. The simplification of using hop count 
rather than expected hop count can only favour 
the greedy algorithm unless PP chooses 
consistently hops of low ppr << 0.5, which is an 
impossibility given that the next hop selection 

algorithm for PP is based on maximising the ppr  
progress criterion amongst candidate next-hop 
neighbouring nodes. Therefore, PP is highly 

unlikely to have its EHC = {i = 1,h}ppri
-1 dominated 

and increased in size by even a single small ppr 
value for any one of the h selected hops, and this 
has been consistently observed to be the case in 
all the numerical experiments carried out in this 
study. 

We have provided a complete overview of the 
manner in which the physical radio environment 
needs to be modelled. Furthermore, we have 
identified three parameters that are required in 
order to meaningfully characterise position-based 
routing and provided a geometric interpretation 
for these: 

 The angular spread of regions of higher than 
average range for a given probability of packet 
reception, ψ, which is determined by the shadow 
fading de-correlation length and the notional node 
transmission radius, 

 The extent to which such regions are 
pronounced, given by the shadowing standard 
deviation σdB, and 

 The average local node density,  which 
ultimately determines the probability with which 
such regions are populated by neighbouring 
nodes.  
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