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Abstract—We investigate the problem of neighbor discovery
in multichannel wireless ad hoc and sensor networks with
epidemic information dissemination. Previous works have con-
sidered neighbor discovery in a single channel where at most
one node can be discovered per time instant. To reduce the
effect of collisions observed in single channel solutions, we
formulate models for multichannel neighbor discovery and allow
for epidemic dissemination of information. As a result, nodes can
discover all their neighbors faster, either directly or indirectly
by hopping between orthogonal channels and exploring the
neighbors in each of them. We show analytically, by simulations,
and by experimental evaluations that the expected neighbor
discovery time is reduced considerably compared to singlechannel
neighbor discovery solutions.

Index Terms—Neighbor discovery, sensor networks, epidemic
algorithms, multichannel

I. INTRODUCTION

Emerging network applications require short range and/or

local communications in distributed and ad-hoc manner. At

the same time, it is well known that the quality of the com-

munication channels in wireless networks can evolve quickly

[1]. Hence, continuous neighbor discovery is becoming critical

for keeping the neighborhood topology updated, and also to

find routes/pairs to communicate with. The existence of many

wireless devices operating on the same channel is a source

of interference and collisions. Therefore, it is a critical for an

efficient neighbor discovery algorithm to limit the collision

probability to reduce the expected time required for all nodes

to discover all their respective neighbors.

Neighbor discovery can be distinguished into two main cate-

gories: randomized [2] and deterministic [3]. The first category

includes algorithms where each node takes randomly decides

whether to transmit or listen, whereas in the second category

(deterministic algorithms) there is a pre-allocated schedule. In

this work, we concentrate on randomized algorithms that can

be easily implemented in a distributed fashion.

In dense deployments, single-channel neighbor discovery

is inefficient, because, the successful transmission probability

decreases with the increase of the network size. The number

of collisions can be reduced by multi-channel communi-

cations [4], offered by emerging standards such as IEEE

802.15.4e [5]. On the other hand, using multiple channels

for neighbor discovery on low-power half-duplex transceivers

rises many new challenges. For example, choosing an arbitrary

large number of channels for a small network size it becomes

harder for nodes to find each other on the same channel,

since nodes can only listen to one channel at a time. While

a small number of channels for a larger network may not

reduce effectively the number of collisions. However, when

nodes join or leave the network, fast detection and information

dissemination is required, since the arrival or failure of a node

causes many links to collapse. To compensate for this effect,

we introduce an epidemic neighbor information dissemination

component. Epidemic algorithms have been used in peer-to-

peer systems and database replication in wired networks [6],

[7], as well as for gossiping in radio networks [8]. Although

multichannel communications have been employed before in

neighbor discovery (see, for example, [9], [10]), to the best of

our knowledge, epidemic information dissemination was never

integrated in neighbor discovery. This work aims to fill in this

gap.

In this paper, we develop distributed randomized algorithms

for multichannel neighbor discovery. Specifically, we focus on

low-power half-duplex transceivers, dominantly used in sensor

networks. Our contributions are the following:

(i) We propose a multichannel neighbor discovery algorithm

with epidemic information dissemination that is shown

to reduce the neighbor discovery time compared to the

single channel, single packet reception model.

(ii) We explore the impact of the number of channels on

the expected neighbor discovery time with respect to the

total number of nodes in the network. It is shown that,

apart from networks with a very few nodes, increasing

the number of channels improves the neighbor discovery

time when the number of nodes increases.

(iii) We show via simulations and experimental evaluation,

the effectiveness of our proposed protocol. The suggested

protocol could be used to extend, for example, the bea-

coning mechanism in existing standard protocols, such as

the IEEE 802.15.4e.

The remainder of this paper is structured as follows. Section

II, presents the network model and the problem formulation. In

Section III, we extend the single channel case to the multichan-

nel neighbor discovery problem with epidemic information

dissemination. In Section V, the performance of the proposed

protocol is evaluated and compared with existing state-of-the-

art. Finally, in Section VI, we provide our final remarks and

present future directions.
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II. SYSTEM MODEL AND PROBLEM FORMULATION

We consider N nodes equipped with half-duplex transceivers

(i.e., nodes cannot transmit or receive packets simultaneously),

where each node possess a unique ID in the network. If every

node is one hop away from every other node in the network,

the network is a clique. The network is assumed to operate in

a synchronous mode. Time is divided into discrete time slots,

and each time slot is of duration τ . Each time slot allows for

a node to transmit or to receive one single packet (we do not

allow multiple packet transmissions per time slot) in any of

the k available orthogonal channels.

We say that a collision occurs, when more than one node

decide to transmit on the same channel simultaneously. We say

a direct discovery occurs when at any given time slot only one

node among many that might have selected the same channel

ki transmits, while the remaining nodes are on the listening

mode. We say an epidemic discovery or indirect discovery
occurs, when it leads to the discovery of one or more neighbors

through other neighbors, i.e., say p receives a packet from q
and q has already discovered some neighbors earlier (directly

or indirectly) that p has not discovered yet. Then, based on

the epidemic approach followed in this work, q disseminates

all the IDs of the neighboring nodes already discovered via

the transmitted packet.

Let T be a random number denoting the time slots elapsed

before any node discovered all its neighbors. Our work in

this paper aims to answer the following questions. How large

is T ? How much is T reduced using multichannel epidemic

discovery comparatively with a single channel model? What

is the impact of multichannel communications? How fast is

epidemic discovery compared to the single channel model?

Towards this end, we develop two protocols: the first

protocol is theoretical and serves as a benchmark for the eval-

uation of the second protocol, herein called the Multichannel

Epidemic neighbor Discovery ALgorithm (MEDAL). Details

about the two protocols are given below.

1) Epidemic multichannel neighbor discovery algorithm
via coupon collection: this is a three phase multichannel

neighbor discovery approach with epidemic dissemina-

tion. This model uses an idealistic scenario that is hard

to implement in reality. However, it allows us to derive

a bound, that serves as a lower bound for multichannel

neighbor discovery time.

2) MEDAL-Multichannel Epidemic neighbor Discov-
ery ALgorithm: in this protocol, we present a single

phase multichannel neighbor discovery with epidemic

dissemination that is evaluated both by simulations and

experimentally.

III. MULTICHANNEL NEIGHBOR DISCOVERY ALGORITHM

A. Single channel neighbor discovery

Consider a clique of size N nodes, as in a single-hop

Slotted-Aloha network where any node can directly communi-

cate with any other node. Under Slotted-Aloha, the probability

that a node successfully transmits in any time slot is given by

the probability a node transmits pt, given that the remaining

N − 1 nodes remain silent. This probability, denoted by ps, is

given by:

ps = pt (1− pt)
N−1

. (1)

Differentiating ps with respect to pt, the optimal transmission

probability p∗ that maximizes the successful probability ps is

given by p∗ = 1
N . Substituting p∗ into (1), we have:

ps =
1

N

(
1− 1

N

)N−1

≈ 1

Ne
. (2)

Neighbor discovery has been modeled by Towsley et al. [2]

as a coupon collector problem, in which a collector (a wireless

node in our case) wants to possess the whole set of N different

coupons (neighbor’s presence in the network). Based on the

coupon collector analysis, the average number of steps Tn

needed to discover all neighbors in a clique is given by

E[Tn] = NHn . (3)

where Hn is the nth harmonic number (Hn = lnN + θ(1)).

B. Multichannel epidemic neighbor discovery algorithm via
coupon collection

Here, we consider a multichannel neighbor discovery ap-

proach that is implemented in three phases (each phase will

be described in the sequel). We assume that all nodes know

when the first two phases are finished; the next phase starts

thereafter. While this approach is analytical, it serves as

a benchmark for the evaluation of our realistic algorithms

proposed herein.

Phase 1 - Multichannel coupon collector. Let C, be the

set of k channels used for neighbor discovery, and C =
{C1, C2, ..., Ck}. We first divide the nodes equally to the

channels in order to minimize the number of nodes in each

channel and hence reduce the number of collisions that affect

the expected time for neighbor discovery. Since we assume

that nodes have unique IDs, for example a modulo operation

of the node ID by k would be enough to accomplish it.

The idea of the first phase is that each of the nodes

performs neighbor discovery of a smaller set of neighbors on

the selected channel. Note that during this phase, epidemic

dissemination is not assumed since this is equivalent to the

single-channel neighbor discovery where it is assumed that

a successful broadcasted packet is received by all nodes in

the channel. An epidemic approach would be of interest to

consider in case we have packet losses. Upon completion of

neighbor discovery, in all channels the node with, say, the

smallest ID number from each channel is selected as the leader

to join the second phase (Phase 2). Otherwise, if the node ID

is not offered for setting a leader of the group of nodes in the

channel, and in order to keep the option for each of the nodes

to be the leader, each node can choose randomly a number

at the beginning of the first phase and disseminate this value

among with its ID and the largest will become the leader, as

in max-consensus algorithms (see, for example, [11]).
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Hence, using the coupon collector approach [2], the ex-

pected time E[T1] for the first phase to terminate and each node

to have discovered all the other nodes in the same channel is

given by

E[T1] = e

⌈
N

k

⌉(
ln

⌈
N

k

⌉
+O(1)

)
, (4)

where �·� is the minimum integer that is greater than or equal

to its argument.

Phase 2 - Epidemic dissemination. In the second phase, all

the k selected nodes (leaders) from each channel move to a

pre-specified channel in C and perform neighbor discovery

in a single-channel. In this phase, epidemic dissemination

of information plays a key role, since each node conveys

information for all the nodes belonging in the same channel.

Hence, any successful transmission by a node from any of the

k channels, leads to the discovery of the nodes of that channel

by the remaining k − 1 nodes in a single transmission (since

each transmitted packet embeds the IDs of its neighbors in the

channel they shared in Phase 1.

Again, using the coupon collector approach [2], the ex-

pected time E[T2] for the first phase to terminate and each node

to have discovered all the other nodes in the same channel is

given by

E[T2] = ke
(
ln k +O(1)

)
. (5)

Phase 3 - Final broadcast. In the last phase, each of the

leaders returns back to the initial channel and broadcasts its

entries to the rest of the nodes in that channel. Thus, by the

end of Phase 3, all nodes have discovered all the nodes in their

neighborhood. Note that this phase requires only a single step.

As a result, by the end of the three phases, the total expected

time E[T ] is given by

E[T ] = E[T1] + E[T2] + 1

= e

⌈
N

k

⌉(
ln

⌈
N

k

⌉
+O(1)

)
+ ke

(
ln k +O(1)

)
+ 1 .

This scheme fully exploits the existence of multiple chan-

nels and the epidemic dissemination of information. Note

that in the case of one channel this is reduced to the single

channel neighbor discovery. In practical scenarios, however,

it is difficult to understand when the neighbor discovery of

the first two phases terminate, and subsequently orchestrate

the switching between the three phases without centralized

information. Nevertheless, the expected time of this scheme

is used as a benchmark for evaluating the performance of

suggested algorithms in this paper.

1) Terminating condition:

Definition 1. [12] Let T be the number of nodes discovered
before obtaining one of each of n types of nodes. Then, for
any positive constant c

lim
n→∞P [T > ne(lnn+ c)] = 1− e−e−c

. (6)

This Equation (6) states that, for large n, the number of trials

should be very close to ne lnn. This is an example of a sharp
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Fig. 1. Optimal number of channels given the average number of neighbors
k={1,....,8}

threshold, where the random variable is closely concentrated

around its mean.

The coupon collection problem is of the same type as balls-
into-bins problem [12]. Considering a Poisson approximation,

we first assume that the number of balls in each bin is a Pois-

son random variable with mean lnn+ c, so that the expected

total number of balls is T = ne(lnn + c). The probability

that a specific bin is empty is then e−(lnn+c) = e−c

n . Since

all bins are independent under the Poisson approximation, the

probability that no bin is empty (all nodes are discovered) is(
1− e−c

n

)n

≈ e−e−c ≈ 1.

2) Optimal number of channels: To obtain the optimal

number of channels of our model, we differentiate E[T ] with

respect to k (the number of channels), i.e.,

dE(T )

dk
= −N

k2

(
ln

N

k
+ 2

)
+ ln k + 2 . (7)

Equating (7) to zero, we obtain to expression that we compare

to obtain the optimal number of channels. We solve the

resulting equation N
(
ln N

k + 2
)
= k2 (ln k + 2) numerically.

In Figure 1, the y-axis represents the term N
(
ln N

k + 2
)

for

different values of N and k, while the x-axis represents the

number of channels. The half parabola curve is the term

k2 (ln k + 2).To obtain the optimal k, we intercept the curves

N
(
ln N

k + 2
)

and k2 (ln k + 2) obtained for different values

of k (for fixed N ). Since k must be an integer, we approximate

k to be the minimum next integer number larger than k
obtained by the interception of these curves. For example, for

a clique of 30 nodes, we obtain numerically that k = 5.5.

Hence, the number of channels minimizing the expected time

for a node to discover all its neighbors is 6 channels.

IV. MEDAL - MULTICHANNEL EPIDEMIC NEIGHBOR

DISCOVERY ALGORITHM

In this section, we propose an single phase algorithm. It

can be easily shown that the multichannel epidemic discovery

algorithm converges in τ , τ < ∞ steps with probability 1.

The behavior of the algorithm can be modeled as an absorbing

Markov chain. However, because of the transition probabilities

are very different on each link, it is not possible to extract a

closed form solution. In addition, the number of possible states
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grows exponentially with the number of nodes N , while the

number of channels k affect the transition probabilities only.
We assume that each node is synchronized, and the time

is divided into time slots of duration τ . We also assume that

every node on the system knows the number of channels to

use beforehand. A node also keeps an array (network table)

that will hold the IDs of all its neighbors.
Description: We describe MEDAL briefly in the algorithm

1. (i) in each time slot each node selects a channel ki uniformly

at random, (ii) if the adaptive mode is used (unknown N ) each

node recomputes the transmission probability pt
, (iii) each

node attempts to transmit with probability pt
. If a transmission

occurred, it includes the list of neighbors that it has discovered

so far (epidemic dissemination). (iv) Otherwise, if a packet

was received, it adds new neighbors, or it updates its list of

neighbors.

Algorithm 1: multichannel epidemic neighbor discovery

Result: discover all neighbors

1 input: k ∈ [1, kmax], N - /*num. channels, clique size*/

2 neighborList=∅
3 p

t
=computeProb(N, k)

4 for slotid ← 0 to ∞ do
5 channel = cc2420Channels[randInt(k)]

6 radio.setChannel(channel)

7 if adaptiveMode then
8 p

t
=computeProb(len(neighborList), k)

9 end
10 if slottedAloha(pt ) then
11 fillPayload(pkt, neighborList)

12 radio.transmit(pkt)

13 else
14 if radio.packetAvailable(pkt) then
15 addNeighbors2ListOrUpdate(pkt)

16 else
17 idle or collision have happened

18 end
19 end
20 end

A. Optimal transmission probability
Let i and j be two random nodes that are synchronized

to the same channel at time slot t. Let ps be the probability

that node i discovers node j in a given time slot in any given

channel. Node i discovers node j, if (a) node j transmits with

probability p, (b) none of the remaining N − 1 nodes in the

channel transmit. Under this conditions, node i successfully

receives a packet from node j with probability ps, given by

ps =
1

k
p(1− p

k
)N−2(1− p) . (8)

The differentiation of (8) with respect to p gives the optimal

transmission probability (p∗).

p∗ =
2k +N − 1−√

(2k +N − 1)2 − 4kN

2N
. (9)
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Fig. 2. Comparison between analytical and simulation results of multichannel
epidemic neighbor discovery via coupon collection (MEDCC) and single
channel (SC) for C={1,2,4,8}.

We use p∗ in both simulations and experimental evaluations.

V. PERFORMANCE EVALUATION

We evaluate the different neighbor discovery schemes both

by simulations and experimentally. Unless otherwise stated,

we will consider a single clique scenario, varying the number

of nodes from 2 to 50, and the number of channels from 1 to 8.

Each point in the figures is obtained by averaging the result of

300 simulations. The results at each data point are within 95%

confidence interval. Experimentally, we implemented MEDAL

in C using TelosB motes, running the Contiki [13] operating

system.

A. Multichannel epidemic neighbor discovery

Figure 2 shows the total discovery times for the multi-

channel neighbor discovery algorithm as a function on network

side. Results show both the average discovery times (obtained

by Monte Carlo simulations) and the expected discovery times.

Each curve represents different number of channels, from

1 (in which case we recover the single-channel neighbor

discovery algorithm introduced in [2]) to 8. The figure shows

that the multi-channel algorithm achieves uniformly better

discovery times than the single channel version (irrespectively

of the clique size and the number of channel used). The

improvements increase when the clique size increases. We can

also observe that the optimal number of channels to use for

neighbor discovery depends on the clique size. Finally, we

also see that the analytical results agree well with the results

obtained by simulations.

B. Simulation and experimental results for MEDAL

Figure 3 shows the average neighbor discovery times ob-

tained by the MEDAL algorithm as a function of the clique

size, and for different number of channels. For reference,

the results for the single-channel neighbor discovery protocol

from [2] is also included. For both schemes, we have used the

theoretically optimal transmit probability.

The simulations and experimental (dashed lines) results

demonstrate that MEDAL obtains similar benefits as the less
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Fig. 3. Comparison between multichannel discovery, multichannel epidemic
discovery, and direct discovery (single channel). The results show that
multichannel epidemic neighbor discovery is better for medium size and larger
networks, while single channel neighbor discovery is better for small networks
(N ≤ 5). The results also show that multichannel neighbor discovery used
alone is a bad option.

practical multi-channel coupon collection algorithm. For a

large clique size of N = 30, the single-channel protocol

requires over 200 time slots to discover all neighbors, while

MEDAL needs only 150 time slots in the 2-channel operation,

and 55 time slots in the 8-channel operation.

1) Impact of clique size: However, MEDAL is not uni-

formly better than the single-channel algorithm. For small

network sizes, the positive effect of reduced contention is not

able to offset the fact that nodes meet more infrequently on the

same channel. In particular, there are no benefit of MEDAL

when the clique size is less than 5 nodes, and the number of

channels used by MEDAL should always be smaller than the

number of nodes.

2) Impact of epidemic discovery: Finally, to highlight the

importance of the epidemic information dissemination compo-

nent, we simulate MEDAL without this feature. As expected,

this results in significantly increased neighbor discovery times,

see Figure 3. In fact, without epidemic information dissem-

ination, the discovery times will be worse than that of the

single-channel protocol, and the performance degrades with

the number of channels used.

3) Speed of convergence: To illustrate the convergence

properties of the MEDAL algorithm, Figure 4 shows the

average fraction of nodes discovered as function of time. The

results are shown for a clique size of 30 nodes, allowing

MEDAL to use 8 channels for neighbor discovery. We note

that MEDAL converges quickly and improves the total discov-

ery time with a factor of 6 over the single-channel algorithm.

VI. CONCLUSIONS

In this paper, we first presented a protocol for neighbor

discovery in multichannel networks with epidemic information

dissemination as a coupon collector problem, that is imple-

mented in three phases. It provides a good benchmark for

evaluating the performance of proposed approaches. Secondly,

we presented MEDAL, a distributed randomized algorithm for

multichannel epidemic neighbor discovery. We demonstrate
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Fig. 4. Comparison between multichannel epidemic discovery and single
channel neighbor discovery for a network size of N = 30 nodes.

that MEDAL performs much better than the single channel

neighbor discovery, especially in dense networks, but it could

be a bad choice for very small networks (i.e., N ≤ 5). Finally,

we experimentally evaluated MEDAL on a real testbed where

the simulation results have been validated.

Future directions include:

(a) extend the model to consider the case where the network

size is unknown;

(b) include loss probability on the communication links be-

tween the nodes into the model;

(c) consider networks other than the clique.
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