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Abstract—In this paper, we propose a novel distributed routing
scheme in multihop wireless adhoc networks. We assume that the
nodes are distributed according to a Poisson-Point-Process (PPP),
and employ stochastic-geometric tools to derive a novel routing
metric. The proposed Statistically-Optimal (SO) scheme, works in
a decentralized manner in which the next relay selection exploits
knowledge on the geographical location of each possible relay
and on the instantaneous channel gain (fading diversity). The
SO scheme maximizes the expected routing performance metric
given the channel gains to the potential relays and their locations.
Simulations results demonstrate that the SO scheme outperforms
previously published schemes, and achieve performance which is
close to the upper bound on ALOHA performance. Furthermore,
the implementation of the suggested SO scheme is very simple,
and the metric evaluation requires only minimal computations.

I. INTRODUCTION

Wireless ad-hoc networks (WANETs) have attracted much
attention in recent years. These networks allow users to
communicate without the need of any infrastructure. Lacking
the infrastructure, WANETs rely on node cooperation in
order to accomplish long range communication. Cooperation
between nodes is typically achieved by multi-hop routing,
whereby messages are delivered from sources to destinations
using intermediate nodes that operate as relays. Thus, the
performance of WANETs depends on the capability of the
routing algorithm to choose a good route for each message.

In order to analyze WANETs without the need to address
specific node locations, many works have turned to random
network modeling. In particular, a popular model for the node
locations is the Poisson Point Processes (PPP) [1], [2]. For
simplicity, the analysis of routing over PPP WANETs typically
uses geographic routing algorithms. Geographic routing algo-
rithm selects the path to the destination using knowledge on
the geographic positions of the potential relays, while making
the routing decisions independently for each hop.

Many works tried to improve the routing algorithm with
respect to various performance measures, such as energy effi-
ciency [3], delay [4] or transmission capacity [5]. Nardelli et
al. [6] proposed the multi-hop aggregate information efficiency
(MAIE) metric which is an end-to-end performance measure.
The MAIE unifies several factors that affects the performance
into a single formulation. These factors include the density of
transmissions, the network loads and the spectral efficiency.

Real life WANETs are often characterized by dynamically
varying channel states, which provide opportunities to improve
the network throughput by using knowledge of the channel

state information (CSI). This diversity gain is known as
opportunistic relaying. Weber et al. [7] proposed an algorithm
which first identifies a set of relays with a received power
larger than a certain threshold, and then selects the furthest
node in the set as the next relay. Assuming each node has
many messages in its buffer, the algorithm searches for a
message in the buffer that can be routed via the selected relay
node. Nardelli et al. [6] also used an equivalent scheme and
then evaluated the resulting MAIE metric. Zanella et al. [8]
investigated the impact of some routing algorithms on the
generated interference, as well as the trade-off between the
average number of hops and the generated interference. They
compared between simple geographic routing algorithm and
opportunistic relaying algorithms and proved the superiority
of opportunistic relaying algorithm.

Yet, all these works have presented a routing metric, and
then evaluated its performance. In this work we take a dif-
ferent approach, and derive a routing metric that optimizes
performance given the available CSI knowledge.

Furthermore, all previous works considered only the outage
model. An alternative approach, adopted herein, evaluates
the ergodic rate density (ERD), using the maximum mutual
information between the transmitted signal and the received
signal given the interferers activity [9]. The ergodic rate is
always higher than the outage rate.

In this paper, the network performance is measured by the
the density-of-rate-progress (DORP) metric which takes into
account the spatial reuse of the radio channel, the transmission
rate and the physical progress towards the destination. We
assume that each transmitter knows only its channel gain to
each potential relay, and present an efficient distributed routing
algorithm that can take advantage of the known CSI, and
produce routing decisions that are better than previously pub-
lished algorithms. This scheme, termed statistically optimal
(SO) routing, is close to optimal, and is based on an exact
optimization over a recently published upper bound on the
network performance [10].

The rest of this paper is organized as follows. Section II
describes the physical layer (PHY), the routing procedures
and the end-to-end performance measure. Section III presents
the DORP performance measure, and the novel SO scheme is
presented in Section IV. Numerical results that demonstrate the
efficiency of the SO routing scheme are presented in Section
V, followed by conclusions in Section VI.



II. SYSTEM MODEL

A. Physical Layer

We assume a decentralized WANET over an infinite area,
where all nodes are equipped with a single antenna. The
locations of the nodes are modeled by a homogeneous Poisson
Point Process (PPP), Φ, with density λ (i.e., the number of
nodes in any area of size A has a Poisson distribution with
a mean of λA). Using an ALOHA medium-access (MAC)
protocol, each node can be (independently) a transmitter with
probability pT or a listening receiver with probability pR.
We denote by λT , pTλ and λR , pRλ the density of
the transmitter process, ΦT , and the density of the receiver
process, ΦR, respectively.

The received signal in the i-th receiver at time slot t, is
given by

yi(t) =
∑

`∈ΦT

√
ρ · r

−α2
i,` hi,`(t)x`(t) + ni(t) (1)

where xj(t) ∼ CN (0, 1) is the transmitted symbol from the
j-th transmitter and ni(t) ∼ CN (0, 1) is the thermal noise at
the i-th receiver, both are complex Gaussian random variables
with zero mean and unit variance. The transmission power is
denoted by ρ. The distance and the channel gain at time slot t,
between the `-th transmitter and the i-th receiver are denoted
by ri,` and hi,`(t), respectively. The channel exponential decay
factor is denoted by α and satisfies α > 2.

Assuming that receiver i needs to decode the message from
transmitter j, the desired signal power is

Si,j(t) = ρ · r−αi,j Vi,j(t) (2)

where Vi,j(t) = |hi,j(t)|2 denotes the fading power. The
power of the interference to this message (from all other
transmitters) is

Ii,j(t) =
∑

`∈ΦT
` 6=j

ρ · r−αi,` Vj,`(t). (3)

We assume throughout that all channel gains are statistically
independent and have the same distribution. For convenience,
we will use the notation V to describe a characteristic fading
variable when the specific nodes are not relevant. Denoting
by σ2 the contribution of the thermal-noise, the signal-to-
interference-and-noise-ratio (SINR) for the message detection
is

SINRi,j(t) =
Si,j(t)

Ii,j(t) + σ2
. (4)

As WANETs typically work in an interference limited regime,
in the following we neglect the contribution of the thermal
noise. Thus, the SINR becomes SIR.

Most published works have analyzed WANETs performance
using an outage model. In this case, a transmitter encodes
K = RT information bits with an error correction code of
rate R, and transmits it. For convenience, we normalize the
bit count by the slot duration, and hence we use R = K. The

transmitted data is successfully decoded by the i-th receiver
if and only if

log2 (1 + SIRi,j(t)) > K. (5)

If the receiver cannot decode the message, the message is
discarded, and the transmitter is said to be in ’outage’.

A more efficient approach aims at achieving the ergodic rate,
using HARQ coding and smart processing that collects the data
from all transmission attempts [11]. In contrast to the outage
model when a transmission fails, the mutual information is
aggregated, i.e., after t0 transmission attempts, the decoding
will be successful if and only if

t0∑

t=1

log2 (1 + SIRi,j(t)) > K. (6)

Thus, the rate contribution per slot for the message from the
j-th transmitter to the i-th relay, is given by

Ri,j(t) = log2 (1 + SIRi,j(t)) . (7)

B. Routing

Multihop routing is generally considered necessary in
WANETs, both to ensure connectivity and to improve through-
put. We consider a location based (geographic) routing, where
each relay selection is performed independently of all other
routing decisions in the network. We describe the routing
selection by the function f(K) where K represents the infor-
mation which is available to the routing algorithm. We focus
on the case that each transmitter has knowledge only of the
locations of all of its neighbor relays and the channel gains to
each neighbor.

We enumerate all messages, and define that the m message
is transmitted from the source Sm ∈ Φ to the destination
Dm ∈ Φ via N hops

m hops (with (N hops
m −1) relays ). We enforce

an end-to-end delay constraint, and say that a message was de-
livered successfully if the duration of end-to-end transmission
time is less than Nt slots.

To measure the network performance, including the routing
operation, we adopt a performance measure that takes into
account the transmissions density, the transmission rate and
the distances between sources and destinations. Denote by
S(A0, T0) the set of all messages that were originated within
the finite area A0, and during the time interval of T0 time slots.
Also, let im = 1 denote the (end-to-end) success of message
m (and otherwise, im = 0). The number of successful message
deliveries for the messages in the set S(A0, T0) is:

∑

m∈S(A0,T0)

im. (8)

For each successful message, the performance measure gains
LmK, where the Lm , |Dm − Sm| is the distance between
the source and destination of the m-th message and K is the
number of bits in the message. For simplicity, we assume in
this work that all messages have the same number of bits.



Summing the distance-bits product for all successful mes-
sages, dividing by the size of the area-time block and taking
the limit, results in the performance measure:

eeR , lim
A0,T0→∞

1
A0

1
T0

∑

m∈S(A0,T0)

LmK · im. (9)

This performance measure is termed density of end-to-end rate
distance (eeR), and take units of bps/Hz/m. Taking message
‘0′ to be a probe message, the eeR is guaranteed to converge
to:

eeR = λpgKE {L0(1− p0(L0))} . (10)

where pg is the probability of each node to generate a message
at each time slot, and p0 is the end-to-end outage probability.
The end-to-end successful probability, (1− p0), is typically a
monotonic decreasing function of the r.v. L0.

Yet, the exact evaluation of (10) is very hard, and there is
currently no known exact analysis of end-to-end transmissions
using stochastic geometry. In the following, we adopt an
alternative routing performance metric which more convenient
and is shown to result in an upper-bound on the eeR, (10).

III. DENSITY-OF-RATE-PROGRESS (DORP) AS

PERFORMANCE MEASURE

To derive the alternative performance measure, we con-
sider a single slot analysis and evaluate the Density-of-Rate-
Progress (DORP) over this slot. Again, we use the shift
invariant property of the system [1], to evaluate the WANET
performance. This time we select transmitter 0 to be a probe
transmitter (which can either transmit a new message, or relay
a message from another user).

The available information for the probe transmitter is de-
noted by K0. For simplicity, we use SIRj and rj to denote the
received SIR and the distance between the probe transmitter
and the j-th relay, respectively. We also denote by

∆j = rj cos(θj) (11)

the progress obtained by this relay for the next message, where
the angle θj is the angle between the transmission direction
(the line from the probe transmitter and the j-th relay) and the
desired direction (the line from the probe transmitter and the
final destination of the message).

Given a routing function, f(K0), the DORP is defined as

D̄ (f(K0)) , λTE
{

∆f(K0) log2(1 + SIRf(K0))
}

(12)

and the asymptotic DORP (ADORP) metric is defined by

D̄o (f(K0)) , λTE
{
rf(K0) log2(1 + SIRf(K0))

}
. (13)

Obviously, the ADORP is an upper bound on the DORP. The
following lemma shows that both the DORP and the ADORP
are upper-bounds on eeR.

Lemma 1. The eeR is be upper-bounded by the DORP and
the ADORP

eeR ≤ D̄ (f(K0)) ≤ D̄o (f(K0)) (14)

Proof: See Appendix A.
Thus, the evaluation of the simple DORP can give valuable

data on the performance of a practical routing scheme. Fur-
thermore, the following subsection shows that the ADORP is
actually achievable if we allow sufficiently large delays and
processing power.

A. Achieving the DORP and ADORP

The DORP describes quite well the performance of routing
schemes that do not account for the channel state (e.g., nearest-
neighbor or most-progress routing). In such schemes the
routing decisions are effected only from the network topology,
and hence are constant (until there will be a movement in the
network). Thus, in each hop the transmissions will continue
for as many slots as needed until the message is detected,
and the average contribution of each slot to the performance
measure is well represented by the DORP.

More sophisticated routing schemes, which let the channel
state affects the routing, have more complex characteristics.
In such schemes the changes in the channel state may result
in a desire to change the routing decision before the relay has
time to decode the message. Thus, achieving the DORP is not
trivial.

Instead, we can consider an opportunistic relaying scheme,
that makes use of the depth of the message buffer to improve
performance [7]. In opportunistic relaying the next relay is
dynamically selected while taking into account not only the
local topology, but also the instantaneous MAC and channel
conditions. Assuming that the number of messages in the
buffer is large enough, the opportunistic relaying scheme
expects to find in its buffer a message that is appropriate
for transmission through the selected relay. Obviously, if the
buffer size is very large, each relay is located on the line to
some desired destination. Thus, the angle θj in (11) is very
small and the performance will be close to the ADORP.

IV. STATISTICALLY OPTIMAL (SO) ROUTING METRIC

In this section we present our novel SO routing metric. The
SO routing metric is derived by an optimization of an upper
bound on the ADORP, which is based on a recently published
upper-bound on the ERD [10]. The next-hop relay selection
of SO scheme is given by:

fSO(K0)= argmax
j

λE {rj log2 (1 + γSj)} (15)

where γ is a constant that depends on the network parameters

γ =
Γ(1 + α

2 )
(
λTπΓ(1− 2

α )Γ
(
1 + α

2

)
E
{
ρ

2
α

})α/2 . (16)

Note that the SO selection is based only on geographical and
local knowledge, i.e., the distance to the next hop, rj , and the
received signal powers in the next hop, Sj . The SO scheme
do not rely on the actual SIR, which depends on the activity
of all other nodes and is assumed to be unknown. Due to
space constraints, the detailed derivation of the SO scheme is



10
-2

10
-1

0.05

0.1

0.15

0.2

0.25

0.3

0.35

0.4

p (ALOHA transmission probability)

A
D

O
R

P
 [b

ps
/H

z/
K

m
]

 

 

BFA
SO
Nearest
MPR

α=3.3

Fig. 1: ADORP vs. ALOHA transmission probability for various
routing schemes, where α = 3.3

is relegated to journal version of this work [12]. A numerical
demonstration of the achievable performance is given in the
next section.

V. NUMERICAL RESULTS

In this section, we present simulation results that demon-
strate the efficiency of the proposed SO scheme, where the
next hop is selected according the metric in (15). We consider
an average number of N = 200 active transmitters, randomly
located with a density, λ = 1 (average number of nodes per
unit area) and various MAC probabilities, p (probability of
each node to be a transmitter). The location of each node is
uniformly distributed over the circle with area of size N/λ,
centered at the probe transmitter, independently of any other
transmitters. We also use the bias correction of [13].

Fig. 1 depicts the ADORP as a function of the ALOHA
transmission probability, for a system with a path loss ex-
ponent of 3.3. The figure compares the performance of the
SO scheme to the performance of two previously published
geographical routing schemes, the Nearest-neighbor scheme
and Most-Progress-within-a-Radius (MPR) scheme [14]. As
can be seen, the proposed SO scheme significantly outperforms
the two other routing schemes. To further emphasize the
efficiency of the proposed SO scheme, we also compare its
performance to the results of a brute force search for the
optimal routing under the assumption of an ALOHA MAC
(i.e., given the knowledge of all CSI and the activation state
of each node). This reference performance is marked as BFA
(brute force ALOHA) in Fig. 1. The BFA performance serves
as an upper bound for the achievable performance for two
reasons: it allows to use more network information than is
actually available to each node, and it performs centralized
and not distributed processing. Nevertheless, the performance
of the proposed SO scheme is quite close to the BFA upper
bound. Thus, we conclude that the performance of the pro-
posed SO scheme is close to the maximal routing performance
for ALOHA WANETs.

VI. CONCLUSIONS

In this paper, we proposed a novel routing scheme for
multihop WANETs, termed stochastic optimal (SO) routing.
The SO scheme works in a decentralized manner such that
only locally knowledge is required for each decision. The
metric is based on an optimization of an upper bound on
the end-to-end routing performance. Numerical simulations
show that the proposed SO scheme outperforms previously
published schemes and achieves performance which is close
to the upper bound, while requiring low implementation com-
plexity. This combination of near optimal performance with
low implementation complexity makes the SO scheme very
attractive for practical routing in wireless adhoc networks.

APPENDIX A
PROOF OF LEMMA 1

Denote by ∆m,h the progress of the m-th message at the j-
th hop. The progress is the projection of the distance traveled
at the h-th hop on the line between the transmitter of the h-th
hop and the destination.

Lemma 2. If the m-th message is transmitted through N hops
m

hops, then the end-to-end distance of the m-th message is
upper-bounded by

Lm ≤
N hops
m∑

h=1

∆m,h. (17)

Proof: See Appendix B.
Using (17), the sum of the end-to-end successful transmis-

sions can be upper-bounded by
∑

m∈S(A0,T0)

LmK · im

≤
∑

m∈S(A0,T0)

im

N hops
m∑

h=1

∆m,hK

≤
∑

m∈S(A0,T0)

im




N hops
m∑

h=1

∆m,h

∑

t

log2 (1 + SIRm,h(t))





≤
∑

t

∑

m∈S(A0,T0)

N hops
m∑

h=1

∆m,h log2 (1 + SIRm,h(t)) (18)

where SIRm,h(t) is the SIR at the h-th hop of the m-th
message at time t, and the summation is over all transmission
attempts. The second inequality of Equation (18) results from
the ERD condition, i.e., the m-th message at the h-th hop
is successful iff

∑
t log2 (1 + SIRm,h(t)) ≥ K. The last

inequality of (18), consider a summation over all messages
(and not only the end-to-end successful messages). By taking
the limit of (18), we get the upper bound

lim
A0,T0→∞

1
A0

1
T0

∑

t

∑

m∈S(A0,T0)

N hops
m∑

h=1

∆m,h log2 (1 + SIRm,h(t))

= λTE {∆0 log2(1 + SIR0)} . (19)



Fig. 2: Multihop routing of the m-th message: ~Lm is the end-to-end
vector, ∆j is the progress at the j-th hop, dj is the distance of the
j-th hop, and Xj is the distance between the j-th relay and the final
destination, Dm.

Substituting (18) and (19) in (9) results with the bound:

eeR < λTE {∆0 log2(1 + SIR0)} (20)

which proves the first inequality of (14). The second inequality
comes directly from the comparison of (12) and (13), which
shows that the ADORP is always larger or equal to the DORP.

APPENDIX B
PROOF OF LEMMA 1

Consider a multihop routing of the m-th message as is
depicted in Fig. 2. Denote the end-to-end vector of the m-th
message, from the Sm (source) to the Dm (destination), by ~Lm
with a length of Lm. We denote by Xj the distance between
the j-th relay and the final destination (with X0 = Lm),
and by θj the angle between the direction of the j-th hop
and the direction from the j-th hop transmitter and the final
destination. We also denote by dj the distance of the j-th hop.
The projection of the first hop onto ~Lm is ∆1 = d1 cos(θ1).
Using the triangle inequality:

Lm ≤ X1 + ∆1. (21)

Equivalently,

X1 ≤ X2 + ∆2 (22)

and in general,

Xj ≤ Xj+1 + ∆j+1. (23)

Note that in the last hop, XN hops
m −1 = ∆N hops

m
. Combining the

N hops
m inequities, we get

Lm ≤
N hops
m∑

i=1

∆i (24)

which is equivalent to (17) and completes the proof of the
Lemma.
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