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a b s t r a c t 

Wireless link scheduling is one of the major challenging issues in multi-hop wireless networks when 

they need to be designed in distributed fashion. This paper improves the general randomized schedul- 

ing method by using learning automata based framework that allows throughput optimal scheduling al- 

gorithms to be developed in a distributed fashion. A distributed scheduling algorithm that operates on 

more realistic conflict graph was proposed based on the physical interference model. This model uses a 

combination of a distributed learning automata based on the pick algorithm and an algorithm that com- 

pares successive scheduling solutions. Comparison was made by creating spanning tree on the conflict 

graph of the two consecutive schedules. Briefly, a distributed scheduling schemes was proposed, that: (i) 

is throughput optimal, (ii) intelligently choose links for new schedule, and (iii) message and time com- 

plexity is in O ( n 3 ). 

© 2016 Elsevier B.V. All rights reserved. 
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. Introduction 

Medium access control (MAC) level wireless link scheduling has

een one of the most challenging problems in multi-hop wireless

etworks over the last decades. Scheduling in wireless networks

nvolves allocating network resources among competing network

sers in uncertain environments generated by fully stochastic net-

ork dynamics. In addition, scheduling is the main part of joint

cheduling, routing and congestion control policies in network util-

ty maximization frameworks and the efficient algorithms pre-

ented in this section, will pave the way for more effective meth-

ds of reaching the optimal solution for joint resource allocation

roblems. 

Basic studies on scheduling, is mainly developed in seminal

ork by Tassiulas and Ephremides [1] in constraint queuing sys-

ems. They studied the throughput of scheduling policy, which is

haracterized by stability throughput region �, that is, the set of

ll vectors of arrival rates for which the system is stable. They char-

cterized optimal policy that its stability region dominates all other

tability regions. Though their method reaches all the achievable

hroughput regions, the nature of the proposed method is based on

he centralized computations that may have some issue in realistic

pplications. Based on simple pick-and-compare algorithms com-
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arison, they proposed a low complexity randomized algorithm

hat greedily reach optimal throughput, but was still executed on

entralized fashion [2] .The approach presented in the study by [2]

s as follows. In each time slot, a candidate solution is randomly

btained for the maximum weighted matching problem. The max-

mum weights are replaced, if the sum of the weights of the se-

ected links is higher than the value of the current solution. The

se of this approach guarantees the achievement of 100% through-

ut under certain conditions of how the matching is obtained. 

Lin and Shroff [3] studied the impact of imperfect scheduling

n cross layer rate control. They showed that the use of a maxi-

al weight matching algorithm may achieve up to 50% of achiev-

ble throughput region, in the distributed fashion distributed along

ith congestion control. They designed fully distributed cross layer

ongestion control and scheduling algorithm for the node-exclusive

nterference model. 

In a recent study by Eryilmaz et al. [4] inspired by pick-and-

ompare algorithm, they developed a scheduling problem in the

wo-hop interference model. They proposed a general framework

o be developed in two-hop interference that allows some dis-

ributed algorithms with polynomial communication and compu-

ation complexity model in wireless networks. Another work was

lso presented based on the physical interference model that used

 randomized algorithm for link activation based on transmission

uccessfulness and two level of priority consideration. They proved

heir work in the multi-hop wireless networks context, guarantees

ull throughput efficiency in a distributed manner [5] . 

http://dx.doi.org/10.1016/j.adhoc.2016.02.020
http://www.ScienceDirect.com
http://www.elsevier.com/locate/adhoc
http://crossmark.crossref.org/dialog/?doi=10.1016/j.adhoc.2016.02.020&domain=pdf
mailto:beheshti@qiau.ac.ir
mailto:zia.beheshti@gmail.com
mailto:mmeybodi@aut.ac.ir
http://dx.doi.org/10.1016/j.adhoc.2016.02.020
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i  
Recently, there have been several effort s towards the analysis

and design of wireless multi-hop networks under more general in-

terference models than the graph-based interference model. In the

study by [6] , mixed-integer linear programming formulation was

developed for minimizing the schedule length over a time division

multiple access (TDMA) wireless multi-hop networks, based on the

joint MAC scheduling and power control under the physical inter-

ference model. Our work is different from the proposed distributed

algorithm by [6] in that the mentioned work is sub-optimal, and

is based on a relaxed physical interference model, where it only

considers the impact of single transmitter on interference. Similar

work by [7] also uses this relaxed physical interference model to

study the performance of the scheduling mechanism of the MAC

protocol. The physical model used in this paper considered only

pairwise interference and also neglected noise. 

Some recent studies’ results [8–11] have addressed some chal-

lenges related to scheduling problem under the physical interfer-

ence model, but their solutions only guarantee sub-optimal ap-

proximation of the maximum achievable throughput. The work

presented in [10] develops interference-aware scheduling proto-

cols under the arbitrary physical interference model, such that,

it considers different transmission power control settings, that is,

uniform and monotone power controls. The later work develops

a greedy maximal scheduling as Longest-Queue-First (LQF) policy

under the SINR interference model. This paper employed the ρ-

local pooling technique, showed that LQF scheduling achieves zero

throughput in the worst case and provided a sufficient condition

for LQF scheduling to achieve maximum throughput in the special

case of network topology. 

In this paper, an adaptive learning automata was developed

based on the distributed randomized scheduling algorithm that can

fully utilize the throughput region of a multi-hop wireless network

under the realistic Signal to Interference and Noise Ratio (SINR)

model. We introduce a new conflict graph based on the physical

model, such that it can be used in the construction of the spanning

tree between two successive scheduling graphs. Also, we develop

a new version of ‘Compare’ algorithm that can operate in a dis-

tributed fashion under the physical interference model to compare

two consecutive scheduling. To do this, we used our physical con-

flict graph that is presented in the later. In Section 2 , the system

model from three different perspectives, including the interference

model, network model and stochastic automata game model of the

network was presented. In Section 3 , collection of distributed algo-

rithms based on randomized pick-and-compare method was pro-

posed that could practically be developed in more realistic wire-

less network. Section 4 provides some simulation results and fi-

nally, the results of this paper were summarized in Section 5 . 

2. Models 

2.1. Interference model 

According to intrinsic difficulty in the modeling of wireless net-

work physical layer, in contrast with wired link networks, wireless

links capacity are dependent on one another, so they suffer from

mutual interference required to model the wireless channel inter-

ference accurately. Several studies within the literature have con-

sidered the simplified graph based on the interference model. In

a comparative study presented by [12] , they investigated two of

such model, the interference range model which uses fixed dis-

tance ranges, and the physical SINR model which specifies the

ability of packet reception in receiver by comparing the desired

sender signal strength with cumulative interference generated by

other senders. From their results, it can be concluded that a differ-

ent physical layer model will lead to a different result. Specifically,

the interference range model misleadingly predicts the throughput
s the function of the transmitted power. More precisely for an N

ode grid mesh network, the interference range model predicts a

( 1 /N ) trend for the throughput. In contrast, under the SINR ad-

itive interference model, the capacity achieved for an N node grid

esh network is actually O (1 / N 

3 / 2 ) [12] . These conflicting results

evealed the importance of choosing more realistic physical layer

odel. 

In terms of wireless resource allocation, the interference model

s considerably important in wireless link scheduling algorithms.

any studies consider simple models of interference, such that the

ain issues of their classes of algorithms are faced with conflict-

ng pairs of links constraints. In this kind of constraints, certain

airs of wireless links are specified that no two links that con-

titute a conflicting pairs can simultaneously be activated. Sched-

led links set is any set of wireless links that does not include

onflicting pairs of links. So the solution of wireless link schedul-

ng problem is equivalent to the computation of maximum weight

atching of graph, whereas it becomes NP-Hard under more gen-

ral interference model in wireless networks [13] . The numerous

ariety of solutions have significant result gained for the problem,

ut most of them easily use simple binary interference model, e.g.,

op-based, range-based or protocol interference model [13] . Under

hese types of interference models conflicting links were predeter-

ined by conflict graph, but in realistic wireless networks, inter-

erence on links was determined by global additive noise rather

han distance metrics of transmission range. 

The interference model can be formulated as follows. Consider a

etwork of n wireless nodes, n 1 , n 2 , … ,n N . A message from a trans-

itter n s can successfully be decoded by a receiver n r if and only if
P r 

I r + N ≥ β for a hardware dependent ratio β . In this equation, P r is

he signal strength of the message at the receiver n r , I r is the sum

f all interferences at n r and N is the ambient noise. In the physi-

al model of signal propagation, the signal strength P r is modeled

s a decreasing function depending on the distance between n s , n r 
ore precisely P r = 

1 
d ( n s + n r ) α , where α is called the path-loss ex-

onent, a constant dependent on the medium, typically between 2

nd 6 [14] . 

Some of the factors that have effect on the rate of wireless links

re application protocol level parameters like bit error rate (BER)

nd coding error; so information are transmitted from the upper

ayer at rate (1 −BER) θ l R l , where 0 < θ l ≤ 1 is the coding error and

 l is the rate of wireless link l [15] . Physical level factors are the

econd type of factors that the realistic rate of wireless links de-

ends on. These factors constitute a probabilistic model for the

hannel state of physical wireless links [16] . The channel states are

odeled by gain matrix G = [ G ij ] L ×L , where G ij is the power gain

rom the transmitter on link j to the receiver on link i . The vector

f transmitter powers is given by S = [ S l ] L . The link rate function is

ssumed to be of the form [16] : 

 l (S, G ) = log 

(
1 + 

φK G ll S l ∑ 

j � = l G l j S j + N amb 

)
(1)

here K = –1.5/log(5 BER ), is a scaling parameter for the received

ower, φ is the coding gain associated with a choice of convolu-

ional code and N amb is the ambient noise. The probability distribu-

ion of G is unknown to the network. The link rates can also vary,

ecause the channel varies randomly, thereby resulting in conges-

ion and queuing delay at the link buffers. The notations are listed

n Table 1 . 

.2. Network model 

Considering a wireless mesh network where N = {1,2, … , n } is

he set of nodes and L = { ( i, j ) : i, j ∈ N } is the set of directed links

n mesh routers backbone. Due to environmental limitations and
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Table 1 

Summary of notations. 

Notation Description 

P r Signal strength of the message at the receiver n r 
I r Sum of all interferences at n r 
N amb Ambient noise 

A Path-loss exponent 

BER Bit error rate 

θ l Coding error 

R l Rate of wireless link l 

G Gain matrix 

S Vector of transmitter powers 

K Scaling parameter for the received power 

	 Coding gain 

L Set of directed links 

A l (t) Amount of data that arrives at link l on slot t −−→ 

S(t) Scheduled links vector 

Q l (t) Amount of data that backlogged at link l on slot t 

� Throughput region 

P i (k ) Action selection probability vector for i th node 

λ Learning parameter 

β(k ) Received environmental response at cycle k 

a (k ) Set of actions chosen by the automata at cycle k 

w zt→ xy Edge weight in conflict graph 

G c 
S, ̂ S 

Conflict graph of two successive scheduled links s, ̂  s 
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lso different power levels, it is even possible that two nodes i and

 belonging to N are linked in only one-way, that is, ( i, j ) belongs

o L , but (j, i ) is not. Each link corresponds to a pair of transmitter

ode and receiver. It is assumed that all radio devices use half-

uplex transmission where each radio has only one transceiver.

ime was assumed to be divided into slots of unit length, and was

ynchronized between nodes, denoted by t , and the duration is ad-

quately chosen such that one fixed size packet would be trans-

ittable in a unit time slot. 

Let Q l (t) represent the current amount of packets in transmitter

ode that should be served to receiver node of link l , which is also

alled the queue backlog. Data that is transmitted from one node

o another node is removed from the queue of the first node and

dded to the queue of the second. Data transmitted to its destina-

ion is removed from the network. A l (t) is defined as the amount

f data that arrives at transmitter node of l on slot t that must

ventually be delivered to receiver node of l. 

efinition 1. A schedule 
−−→ 

S(t) = ( S l (t) ∈ { 0 , 1 } : l = 1 ,

 , . . . , | L | ) , S l (t) , is an indicator variable representing the set

f link scheduled for transmission intended at time slot t where

 l (t) = 1 if link l is scheduled at timeslot t, and 0 otherwise. 

Because of the unexpected time varying network dynamics that

ommonly shares resources within neighbors, successful transmis-

ion between two adjacent nodes depends on physical conditions

n the network, such as channel frequency interference and error

robability conditions that can be model with SINR parameters. 

A scheduling algorithm, in this paper, selects 
−−→ 

S(t) based on the

ueue-sizes, � Q (t ′ ) , t ′ ≤ t , such that the dynamics of the system can

e described as evolution of queues size, that may be written as:

 l (t + 1) = [ Q l (t) − S l (t)] + + A l (t) (2)

efinition 2. A scheduling algorithm is called Stable if for any fea-

ible rate; the average queue-size is bounded as follows: 

lim 

→∞ 

sup 

t 
(E[ Q l (t)]) < ∞ 

efinition 3. Throughput region � represents the set of all feasi-

le transmission scheduling vectors such that the network is stable
nder the policy for any arrival process. 

= 

⎧ ⎪ ⎨ ⎪ ⎩ 

−→ 

δ : 
−→ 

δ = 

∑ 

S i ∈ 
−→ 

S 

αi S i , 0 ≤ αi ≤ 1 , 

∣∣∣−→ 

S 

∣∣∣∑ 

i =1 

αi = 1 

⎫ ⎪ ⎬ ⎪ ⎭ 

(3) 

.3. Stochastic automata game 

Here, an overview of the concept of driving automata games

as presented by [17] . Abstractly, learning automata (LA) are adap-

ive decision making unit situated in a probabilistic environment.

A is widely used as a useful artificial intelligent tool in multi-

gent reinforcement learning algorithms. A learning automaton

earns the optimal action through repeatedly choosing of actions

rom a finite number of allowable actions. For every action that

t chooses, the random environment in which it operates eval-

ates the action. A corresponding stochastic feedback is sent to

he automaton based on the next action chosen. As this process

rogresses, the automaton learns how to choose the optimal ac-

ion for the unknown probability distribution of the environment

symptotically. An important property of the learning automaton

s its ability to improve its performance with time, while in oper-

tion in an unknown environment. In the context of wireless net-

orks, learning automata has been used as an intelligent optimiza-

ion tool that can model stochastic aspects of network dynamics

nd unknown probability distribution in some challenging prob-

ems such as dynamic channel assignment [18] , congestion control

19] , routing [20] and power control [21] . 

The operation of a LA is based on the probability updating al-

orithm, also known as the reinforcement scheme. This algorithm

ses the environmental response that was received as a result of

erforming the action selected at cycle n (action a ( n )), in order

o update the probability distribution vector p . After the update is

erformed, the LA selects the action to be performed at cycle n + 1,

ccording to the updated probability distribution vector p(n + 1 ) .

he learning algorithm of the automata can be obtained from or-

inary differential equation (ODE) that well approximates the be-

avior of the algorithm. The stochastic algorithm can be stated by

ollowing the update equation: 

p k +1 = p k + bG ( p k , ξk ) (4)

here p k ∈ 
 

N , is called the state vector and ξk ∈ 
 

N , is the noise

ector and b is the step size or learning parameter. A general rein-

orcement scheme has the form of Eqs. (5 ) and ( 6 ): 

p i (n + 1) = p i (n ) − (1 − β(n )) g i (p(n )) 

−β(n ) h i (p(n )) i f α(n ) � = αi (5) 

p i (n + 1) = p i (n ) − (1 − β(n )) 
∑ 

j � = i 
g i (p(n )) 

−β(n ) 
∑ 

j � = i 
h i (p(n )) i f α(n ) = αi (6) 

The functions g i and h i are associated with reward and penalty

or the selected action a i , respectively, while β(n) is a parameter

xpressing the received environmental response at cycle n , normal-

zed in the interval [0,1]. The lower the value of β(n) , the more

avorable the response. According to functions g and h , different

chemes of reinforcement can be used. The simplest and most

ommonly used of them is reward-inaction ( L R-I ). The L R-I algo-

ithm updates the action probabilities described as follows: 

p i (k + 1) = p i (k ) + λβ(k )(1 − p i (k )) 
p j (k + 1) = p j (k ) − λβ(k ) p i (k ) ∀ j � = i 

The above algorithm can be rewritten in vector notation as: 

 (k + 1) = P (k ) + λβ(k )( e − P (k )) (7) 
i 
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Here, e i is the unit vector with i th component unity where the

index i corresponds to the action selected at k and λ is the learn-

ing (or step-size) parameter satisfying 0 < λ < 1 . As compared to

L R-P , the main difference here is that, even the reinforcement is

unfavorable (that is, β(k ) = 0 ), the action probabilities are not up-

dated. 

3. Algorithms design 

This section establishes the scheduling algorithm for obtaining

the maximum throughput in a distributed fashion that can be ap-

plied in large class of physical interference model. Our algorithm

is motivated by low complexity algorithm, known as pick-and-

compares approach introduced by Tassiulas [2] presented as grav-

itational search algorithm (GSA) in the algorithm depicted in Fig.

1 x in this study. This is based on the idea that finding the max-

weight schedule is not necessary at each time slot. They showed

that for stability guarantee, it is enough to find a good one with

probabilistic guarantee of finding an optimal schedule. 

The following theorem was stated according to the general

property of the mentioned algorithm. 

Theorem 1. Let the algorithm GSA satisfy the following property: 

P1. For any time t define S(t) = ( S l (t) , i ∈ { 1 ..N } ) representing

the link scheduling binary vector and S ∗( t ) represents the maxi-

mum weight link scheduling vector. Let S ( t ) be independent ran-

dom variable, and then there exist δ > 0 such that Pr ( S ( t ) = S ∗) > δ,

for some δ > 0, for all t. 

Then, the sequence of { S(t) } ∞ 

t=0 
converges to S ∗ with probability

of 1. 

Proof 1. According to GSA, it is sufficient to show that the algorithm

visits the maximal schedule with probability of 1 in a limited time,

because of i.i.d property of sequence { S(t) } ∞ 

t=0 
, we have: 

Pr (S(t) = S ∗, t < ∞ ) = 1 − Pr (S(t) � = S ∗t ∈ [0 , ∞ )) 

= 1 − lim 

t→∞ 

(1 − δ) t = 1 

Theorem 2. For any rate under rate region �, process { Q(t) } ∞ 

t=0 

weakly converges to a random variable ˜ Q , such that E[ ̃  Q ] < ∞ . 

Proof. The detailed proof is given by [2] . 

In Section 1 , the characteristics of physical interference model

and general randomized scheduling algorithm that satisfy impor-

tant stability property of queuing network were described. This

section establishes the use of theoretical results to design an in-

telligent low-complexity distributed for real world physical inter-

ference model. 

Following the general scheduling mechanism on each time

slot, nodes use learning automata based game theoretic approach

to exploit contention pattern on its neighborhoods. Request to

Send/Clear to Send (RTS/CTS) followed by DATA/ACK establish sig-

naling mechanism to resolve contention, which probabilistically

lead to successful transmission. 

Definition 4. A link l = ( i, j ) i, j ∈ N is said to be potentially

schedulable, if SINR property of physical interference model sat-

isfies RTS from I to j and CTS from j to i . 

Definition 5. A transmission on link l = (i, j) i, j ∈ N is

said to be successful, if SINR property of physical inter-

ference model satisfies DATA from I to j and ACK from j

to i . 

The objective of this section is to develop two generic Pick

and Compare algorithm that consecutively operate in repeated time

slots. In the pick step, a stochastic learning automata based on the
lgorithm attains a feasible schedule in distributed fashion. The

lgorithm gradually reaches the optimal feasible schedule with a

ositive probability for property P.1 to retain. In the compare step,

he total weight of scheduled queues is calculated in distributed

anner. The result of the step was used in making decision about

hether an old schedule should be hold or not. 

Pick and Compare algorithms operate consecutively in each

ime slot. Link scheduling for data transmission is updated at the

eginning of each time slot. According to the same shared wireless

edium and to prevent data and control message collision, the

ime slot is divided into two separated intervals, called Control

essaging Period and Data Messaging period ( Fig. 2 ). Both pick and

ompare algorithms required to operate the exact coincidence in

ime and node should be synchronized in time. Time synchroniza-

ion can be relaxed by using a buffer to accommodate propagation

elay. 

.1. Pick algorithm 

This section describes the pick algorithm that gradually learns

ontention patterns in the neighborhood of each node. Every node

n this network uses a controller equipped by two independent

earning automata. The first automaton supports decision for nodes

o start activation for link scheduling, and the second one supports

ecision for neighbor selection if the first decision was positive

or participation in link activation. Fig. 3 represents the logical or-

ers of steps required for activation of a link. After pick algorithm,

wo possible conditions could occur. The first condition is when

ode withdraws participation in link activation (that is, endpoint

 ) where the automaton should be penalized. In the second case,

he automaton’s operation is postponed to that of the next com-

are step. 

The algorithm ensures that if two end nodes of a link try to

ransmit, they sense each other during RTS transmission and ter-

inate attempt to link activation. Another event is that more than

ne neighbor of node are attempting to establish a connection. In

his case, the receiving node does not get the sending node’s mes-

age due to collision, so it does not respond via CTS message and

nally terminates the communication. Respectively, sending node

oes not receive CTS message and terminate subsequently. In this

ase, it results that both sides of the link withdraw link activation.

inally, if the receiving node senses another transmission during

TS sending phase, it withdraws. This ensures that two interfering

ode does not become the end point of two different links. Thus,

ll of the events that lead to physical interferences, resolved in

ick algorithm and the final allocation must be feasible. 

roposition 1. The pick algorithm takes at most two message

ransmissions per node to terminate. 

roof. According to the algorithm depicted in Fig. 3 , each node

hat participate as link activator, at most sends one RTS to selected

eighbor and finally sends a CTS to it if the activator node receives

 CTS from selected neighbor. Another nodes just sends one CTS

essage to activator node. 

This section analyzes the stability of learning

ethod in the game of multi-automata. A play a (t) =
( a 1 (t) , . . . , a N (t)) of n automata is a set of strategies chosen

y the automata at stage t, such that a i (t) is the action selected by

 th automata. Also β(t) = ( β1 (t ) , . . . , βN (t ) ) is the payoff vector,

uch that β i (t) is the payoff to i th automata. Let the action set

f i th automata be denoted by A i with | A i | = r i , such that r i is

he number of neighbors of the node i . In defining the function

 

i : { a 1 , . . . , a N } → [ 0 , 1 ] , 1 ≤ i ≤ N

 

i (a ) = E[ β | i th automata chose a ∈ A ] 
i i 
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Fig. 1. Generic Scheduling Algorithm (GSA). 

Fig. 2. Timeslot configuration for data and control messaging. 
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i is the payoff function for player i . The players only receive the

ayoff such that they have no knowledge of these functions. Then 

e say a ∗ = ( a ∗
1 
, . . . , a ∗

N 
) is an optimal point of the game if for each

 , 1 ≤ i ≤ N, 

 

i ( a ∗) ≥ F i (a ) for all 

 = ( a ∗1 , . . . , a 
∗
i −1 , a i , a 

∗
i +1 , . . . , a 

∗
N ) , a i � = a ∗i 

emark 1. In the above definition, the condition implies that a ∗ is

 Nash equilibrium of the game matrix F (.) indexed by a i , 1 ≤ i ≤
. 

Two known theorems that were used for the stability of sys-

ems are stated as follow: 

heorem 3. Considering the discrete-time system X( t + 1 ) =
f ( X(t) ) where X is a vector, f is a vector such that f(0) = 0.

uppose there exists a scalar function, V(x) is continuous in x such

hat: 

(1) V ( X ) > 0 for X � = 0. 

(2) 
V (X ) < 0 for X � = 0 

(3) V (0) = 0 

(4) V (X ) → ∞ as X → ∞ . 

Then equilibrium state X = 0 is asymptotically stable and V(X) is a

yapunov function. 

heorem 4. If the function f (X) is defined as: f (X ) 1 <

 1 with f (0) = 0 , f or some set of X � = 0, the system is asymp-

otically stable and one of its Lyapunov function is: V (X ) = X 1 . 

These two theorems and their proofs have been given in [22] . 

heorem 5. A multi-player game of automata using the proposed

earning scheme in stationary environment reach the pure optimal

trategy. 

An identical analysis for single automaton has been proposed

n [23] . This study easily shows that the 1st norm of the expected

alue of all sub-optimal action converges to zero. For example, for

 th automaton if a is an optimal action and P ( t + 1 ) is a vector
1 i 
f the expected value for other sub optimal action in steady state,

t can be shown that: 

 P̄ ( t + 1 ) ‖ 1 < ‖ P̄ ( t ) ‖ 1 

It is known that every automaton in the network choose an ac-

ion independently base on its action probability vector, so this

nalysis can be extended to the matrix of all probability vectors.

o if we define f ( ̄P (t) ) = P̄ ( t + 1 ) and extend P ( t ) to the matrix

f all probability vectors of every automata, we have proven that,

he expected values of the probabilities of the sub-optimal actions

ll converge to zero. This implies that the probability of the opti-

al action converges to 1, and according to Lyapunov function, the

tability of the optimal point is proven [24] . 

.2. Compare algorithm 

The second part of our general scheduling algorithm compares

ew schedule ˆ S (t) and old one S(t) to reach new schedule S( t + 1 ) .

t the end of every stage, the compare algorithm should compute

mprovement sign of the current schedule and select new schedule

s: 

mprov ement = sign 

( ∑ 

l∈ ̂ S (t) 

Q l (t) −
∑ 

l ′ ∈ S(t) 

Q l ′ (t) 

) 

(8) 

If improv ement = 1 , then S( t + 1 ) = 

ˆ S (t) , else S( t + 1 )

 S(t) 

For computing Eq. (8 ), algorithm have to traverse two graph as-

ociated with 

ˆ S (t) and S(t) . Conflict graph associated with these

wo schedules were used to capture data concerning the interfer-

ng links. Some studies have shown that the use of inappropriate

onflict graph based interference models, could lead to large per-

ormance degradation in wireless networks [25] . In its current de-

ign, the model fails to capture the cumulative effect of interfer-

nce. Simultaneous activation of multiple links can occasionally cu-

ulate enough interference to disrupt a transmission even though

one of these links alone is harmful for the transmission. 
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Fig. 3. Pick algorithm steps for acquiring feasible schedule. 
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In the physical interference model, conflicts are not represented

as binary when simultaneous transmissions occur in two interfer-

ing links. Suppose node x wants to transmit to node y . The signal

power gain of x ’s transmission is calculated as received at y . The

transmission is successful if SN R xy > SN R thresh , where SN R xy is the

signal to noise ratio at y of the transmission received from x . The

total noise at y is the total ambient noise ( N amb ) and the inter-

ference owing to the power gain of the other transmitters in the

network. Based on this model, a link l xy exists between x and y

in the connectivity graph if and only If G xy / N amb > SN R thresh (that

is, SNR exceeds the minimum threshold in the presence of ambi-

ent noise only). Interference in the physical model gradually in-

creases as more neighboring nodes transmit and become unaccept-

able when the noise level reaches a threshold, because the conflicts

are not binary. According to this observation, [26] presented phys-

ical interference based on conflict graph, such that they are mod-

eled by the weighted conflict graph, where the weight of a directed

edge between two vertices indicates the fraction of the permissi-

ble noise at the receiving node. So the weight of a directed edge

from vertices l zt to vertices l xy represented by w zt→ xy , indicates the

fraction of the permissible noise at node y from link l xy to still be

operable, in contribution to the activity on link l zt . In other form: 

w zt→ xy = 

G zy 

G xy /SN R thresh − N amb 

(9)
here G zy , G xy are the signal power gain of the two transmitters z ,

 on receiving node y and the denominator is the maximum per-

issible interference noise at node y that allow successful recep-

ion from node x ’s transmission. 

efinition 6. Suppose G = (N, L ) is the network graph

uch that N = { n 1 , n 2 , . . . , n | N| } , L = { l n i , n j : n i , n j ∈ N } then

 

c = ( N 

c , L c ) is the conflict graph for graph G such that: N 

c =
, L c = { ( l zt , l xy ) : l zt , l xy ∈ L, w zt→ xy ≥ 1 } . 

To demonstrate the definition of the physical interference based

n conflict graph, the grid network was considered as shown in

ig. 4 (a). According to our model, link lx will be connected to link

y as a directed edge,if based on Eq. (9 ) w l x → l y ≥ 1 . A sub-conflict

raph for 4 ×4 grid network that shows interfering links in relation

o l 12 shown in the Fig. 4 (b) based on the defined sub-graph of the

otal conflict graph. It was noticed that the interference extracted

rom the conflict graph represents all the physical situations that

esults in interference in receiving nodes. This observation will not

e restrictive, because the pick algorithm ensures that link alloca-

ion for the current scheduling is feasible, so no interference oc-

urs in the sending nodes. When computing Eq. (8 ), it is sufficient

o consider only a conflict graph associated with S(t) and 

ˆ S (t) in-

tead of the whole network graph. 
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Fig. 4. Conflict graph based on the physical power gain model. (a) A 4 × 4 grid network shows interfering links with l 12 . (b) A sub-graph for conflict graph according to 

affecting links on l 12 . 
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efinition 7. The conflict graph G 

c 

S, ̂ S 
= ( ̂  N 

c , ̂  L c ) is a sub-

raph of G 

c = ( N 

c , L c ) such that ˆ N 

c ⊂ ( S ∪ 

ˆ S ) and ˆ L c =
 ( L S , L ˆ S 

) : l S ∈ S(t) , l ˆ S 
∈ 

ˆ S (t) , w l S → l ˆ S 
≥ 1 } . 

The conflict graph G 

c 

S, ̂ S 
can be generated as follows. Every link

 ∈ ( S ∩ 

ˆ S ) easily can be removed from G 

c 

S, ̂ S 
, because according to

q. (8 ), there is no effect in calculating the improvement factor.

ach link l ∈ ( S ∪ 

ˆ S ) − ( S ∩ 

ˆ S ) denoted a node in conflict graph G 

c 

S, ̂ S 
.

f the fraction of the power gained in receiving node of a link l

n maximum permissible noise at node contributed by activity on

ink ˆ l is larger than unity. This study establishes a link between

odes corresponding to l and 

ˆ l . Since both S , ˆ S are feasible sched-

le according to pick algorithm, no two links in the same sched-

le can interfere with each other in conflict graph G 

c 

S, ̂ S 
. So all the

dges in G 

c 

S, ̂ S 
are between two nodes, respectively from S, ̂  S . Ev-

ry links in G can easily compute its own queue length according

o the number of packets in two end points of the link. It is con-

idered that every node has unique identifier and nodes know the

ange of these identifiers. 

When the structure of the conflict graph is considered, the re-

ulting graph may not be connected. So the graph G 

c 

S, ̂ S 
is com-

osed of connected sub-graphs and the compare algorithm can be

xecuted independently in every connected sub-graph. Our com-

are algorithm has two main procedures that are executed con-

ecutively: “Path Establishment” and “Weights Flooding”. The Path

stablishment procedure constructs a spanning tree in every con-

ected sub-graph of G 

c 

S, ̂ S 
. The Weight Flooding procedure broadcast

omputed improvement factor in spanning tree to inform all nodes

bout comparing result. 

Although the compare algorithm operates on conflict graph G 

c 

S, ̂ S 
,

ut it can easily be transformed to operate on network graph G by

nforming two end point of each link in S ∪ 

ˆ S after each operation

n G 

c 

S, ̂ S 
. Every disconnected sub-graph of the conflict graph G 

c 

S, ̂ S 
can

xecute its procedures concurrently with others, because their re-

ulting schedule is guaranteed to be feasible even when the result

f the compare algorithm is different. 

.2.1. Spanning tree establishment procedure 

In this procedure, a spanning tree T c 
S, ̂ S 

is constructed in every

onnected sub-graph. Our spanning tree construction algorithm is

ased on the distributed depth first search (DDFS) algorithm devel-

ped by Awerbuch [27] . This algorithm requires a single initiator

ode, but according to the nature of every connected sub-graph in

ur conflict graph model, developing the algorithm based on single

nitiator may not be possible in distributed manner. This restric-

ion was eliminated by some modification on the DDFS algorithm

y considering the minimum node ID initiator. 
The DDFS algorithm simply operates in the following manner.

irst, the initiator node sends a DISCOVER message to itself. For

very node that receive a DISCOVER message, it set the sender as

ts parent, and then informs all its neighbors by VISITED message.

very node that received VISITED message learn that the sender

oined to the tree, thus remove it from unvisited neighbors and

end back an ACK message to the sender. Whenever the ACK mes-

age has been collected from all neighbors, it sends a RETURN

essage to itself. Upon receipt of RETURN message, it means that

he search is resumed from that node and if there exist an unvis-

ted neighbor, the DISCOVER message is sent to it; otherwise, the

ETURN message is delivered to its parent. 

The simple modification on this algorithm eliminates single ini-

iator restriction. It is assumed that the ID of every node in con-

ict graph corresponds to a scheduled link l i j , such as an active

ink between two nodes n i and n j as ID ( l i j ) = ( min ( i, j ) , max ( i, j ) ) .

ccording to link’s ID comparison, specific ordering definition was

sed as follow: 

D ( l i j ) > ID ( l st ) i f f i < s or (i = s and j < t) . 

It is assumed that every node knows it neighbor’s ID. So every

ode that have minimum ID among its neighbors, acts as an initia-

or. This can lead to multiple spanning trees constructed by multi-

le initiators. Only one of these is allowed to complete and kill all

f the others. Only initiator with minimum ID is allowed to com-

lete the tree construction. This can be done by including initiator

D in DISCOVER message. So every time a node receives DISCOVER

essage with lower initiator ID than it currently has, it discards

ll previous information and join to the new tree. This algorithm

s formally represented in Algorithm depicted in Fig. 5. 

roposition 2. The spanning tree establishment procedure con-

tructs a spanning tree T c 
S, ̂ S 

of a given connected sub-graph in

 ( N 

3 ) . 

roof. To prove that the result of algorithm 2 in Fig. 5 is a span-

ing tree, it is shown that, all nodes belong to the constructed sub-

raph, and that the sub-graph does not contain any cycle. 

It was easily concluded that every node receives DISCOVER mes-

age and instantly join the tree, so the constructed graph is span-

ing sub-graph, because of the correctness of flooding a DISCOVER

essage to every unvisited neighbor in RETURN by receiving sub-

outine. Since every node sets only one node as its parent node

henever it receives DISCOVER message, there can be no cycles and

he resulting graph is a spanning tree. 

According to the algorithm, except for the initiator, every node

ends VISITED and ACK messages to the neighbors, and conse-

uently after gathering all acknowledgement from its neighbors,

t sends DISCOVER message to unvisited neighbors, and finally it
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Fig. 5. Spanning tree construction procedure. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 6. The average of hop count of packets for every flow. 
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sends it back as a return message to its parent. So 3 ∗D + 1 mes-

sages are delivered at every node in single initiator node. Since ev-

ery node can be an initiator, the worst case for the communication

cost of the algorithm is O ( | ̂  N | , D ) for each node. To compute the

time complexity, note that each node joining operation till it re-

turns to its parent can take at most O ( D ) times, and at most every

joining operation can be repeated for every initiator, which needed

O ( | ̂  N | , D ) time for the operation to complete. 

3.2.2. Weight flooding procedure 

In the second part of the compare algorithm, the constructed

spanning tree was used, which is the output of the previous pro-

cedure for comparing total weights of two consecutive schedules

according to the improvement sign of new schedule based on Eq.

(8 ). The weight flooding procedure initiates from the leaf nodes,

such that the weight of the nodes disseminate to its parents. Every

node n i knows which schedule it belongs to. So whenever a node

n i receives all of the weights from its children, it computes the dif-

ference between the overall weights of schedules S(t) and 

ˆ S (t) of

incoming weights, and updates its weight consequently. Afterward,

it sends the computed weight to its parent. Upon the weight differ-

ences updated in the root, the result is the total improvement sign

of new schedule that should be flooded in the tree. For decreas-

ing of communication cost of flooding, root only attempts to flood

where the improvement sign is positive and will be silent where

it is negative. Once all the nodes in the spanning tree receive the

improvement sign, all of them switch to better schedule. 

Proposition 3. The weight flooding procedure switch to better

schedule in O ( N 

3 ). 
roof. It is clear that when difference of weights is received in

he root, and after updating the root’s weight, the computed re-

ult value indicates the choice of better schedule. So if the root

roadcast this value throughout the spanning tree, all of the nodes

ould be able to decide between two consecutive schedules. 

The depth of the spanning tree would be taking to be the

ost O ( ̂  N ) and receiving weights from all children and broadcast-

ng improvement assigned to children can be at most O ( ̂  D ) . It is

nown that ˆ N < N 

2 and 

̂ D < N, so the whole procedure terminates

t O ( N 

3 ) . 
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Fig. 7. Evolution of queued backlog for the flows. 

Fig. 8. Evolution of throughput for the flows. 
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. Simulation results 

In this section, the performance of our learning automata was

valuated based on the scheduling scheme through detailed nu-

erical studies. The simulation platform used is JiST/SWANS [28] .

t includes various components to support networking, routing,

AC protocols, radio transmission especially SINR models, noise

odels, node mobility models, signal propagation and fading mod-

ls. All simulations were run on a desktop PC with Intel® Core TM 

7 CPU running at 3.07 GHz with 16 GB of memory. 
s  
A grid wireless multi-hop mesh network topology

as generated using the following method. A square re-

ion with the area of 2500 × 2500 m 

2 that has the width

0, 2500] on the x axis and the height [0, 2500] on the y axis

as first specified. Then 6 × 6 number of nodes were generated

nd placed in the same distance from each other. Rayleigh fading

as used for signal fading model and free space path loss model

as used for the loss in signal strength. All mesh routers were

xed and only client nodes can be mobile. Default radio frequency,

adio reception sensitivity and radio reception threshold was sub-

equently assumed to be 2.4 GHz, −91 dBm and −81 dBm and also
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Fig. 9. Performance of learning automata based algorithm on queues length evolution. 

Fig. 10. Performance of learning automata based scheduling in throughput evolution. 

Fig. 11. Network of 12 links. 
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the simplicity ambient noise was fixed to −50 dBm. Sensing and

receiving modes were determined based on the physical situations

of the radio signal propagation. 
In the first scenario, it was assumed that four concurrent flows

uch that F1 from node (1,6) to (6, 2), F2 from (1,5) to (6,6), F3

rom (1,1) to (1,3) and F4 from (4,6) to (6,2). First, the average

f hop count, the evolution of the average length of the queues

nd throughput for each flow was studied. Fig. 6 shows the aver-

ge number of hops for packets of every flow. According to phys-

cal interference model, the number of hops mainly depends on

ransmitter power level and total additive interference in destina-

ion. The comparison of hop-count between two flows F2 and F4,

t is observed that F2 in its path crosses the F1 and F4. So due

o the common node located in the F2 and F4 as well as between

2 and F1, congestion and physical interference would be high in

odes that carrying packets of F2. According to learning automata

ased neighbor selection, F2 gradually learns to choose an alterna-

ive path from the source to destination. The simulation results,
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Fig. 12. Evolution of the throughput for LA based scheduling and LQF scheduling. 

Fig. 13. Evolution of the throughput for modified topology. 
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s shown in Figs. 7 and 8 indicate the total number of packets

nd throughput for each flow tends to a constant value in steady

tate. The next result of our observation is that the throughputs of

he flows converged to completely different values according to the

eparation of the source and destination. For example, the longest

op flow F2 achieves the lowest throughput versus F3 that reaches

o the highest throughput with only 2.3 hops in average length. 

In the second scenario, the performance of generic pick-

nd-compare scheduling algorithm and learning automata based

cheme that gradually learn truly decision on neighbor selection

ere compared. The performance of our algorithm is illustrated

n Fig. 9 . It shows that the total backlog changes quickly and
onverges to the steady state value as compared to the generic

andomized pick algorithm. Although the total backlog value in

he steady state is significantly lower than the randomized pick

cheme, suggesting that in comparison with randomized pick,

reater number of packets to the destination is reached. This is

ecause of blind random choosing of neighbors in classic pick

lgorithm. Fig. 10 shows that similar result was obtained when

hroughput was studied among two discussed schemes. It clearly

hows that the throughput for the shortest and longest hop flows

f the proposed method is significantly higher than the classical

ick algorithm. 
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Fig. 14. Average of signal strength sensed in every point of network. 

Fig. 15. Average of senders signal strength that sensed on the receiver nodes. 
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We also compare our algorithm with the LQF algorithm pre-

sented in [11] . We use the same topology presented in the men-

tioned study, consider a simple network with 12 links whose link

lengths are all equal to d = 80 m as shown in Fig. 11 The links are

placed in this network such that if we activate two links 2 k + 1 and

2 k + 2 for 0 ≤ k ≤ 5 then the SINR of each link is equal to β = 5

(i.e., this means d 0 = d β1 /α where d 0 is shown in this figure). In

this case, LQF find maximal schedule set with a size of 2 where

our algorithm finds six schedulable links. Fig. 12 shows that LQF

scheduling achieves smaller throughput than our scheme in this

setting. 
In the next case, we use modified network topology

n Fig. 10 slightly by changing the distance d 0 in this

gure to d 0 − ε for some small ε > 0 . With this small

hange, any two links 2 k + 1 and 2 k + 2 for 0 ≤ k ≤ 5 do

ot form a feasible schedule anymore. Instead all maximal

chedules in this modified network have two “large” maximal

chedules: S1 activates 6 odd links (1, 3, 5, 7, 9, and 11) and

2 activates 6 even links (2, 4, 6, 8, 10, and 12). We show the

erformance of the two scheduling schemes again under this mod-

fied network topology in Fig. 13 . The results show that the two

cheduling schemes achieve the same throughput performance.
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Fig. 16. Average of SINR sensed in all of the nodes. 
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his can be interpreted as follows. Since all maximal schedules

nclude the same number of active links, they both achieve 100%

hroughput. 

Finally, we investigate the evolution of the physical interference

alues during the execution of the algorithms. Fig. 14 shows the

verage of additive physical interference values which is sensed

n every point of the network area. The result, as shown in the

gure indicates physical interference values are very high near

he receiving nodes. Next we study signal to interference plus

oise ratio (SINR) comparatively in our learning automata based

cheduling algorithms and generic pick and compare scheduling.

ig. 15 shows average senders signal strength that is sensed in re-

eiving nodes is improved gradually over time-slot, whereas in LA

ased scheduling this amount reaches to 20% higher than generic

ick and compare algorithm at the steady-state. Average of total

INR that is sensed in all of the nodes is the last result of our study

hich is shown in Fig. 16 . In both LA based scheduling and generic

ick and compare scheme, despite the increase of SINR in receiving

odes, more activated links across the time slot, will lead to more

dditive interference and results low SINR in intermediate nodes. 

. Conclusions 

This paper presents a class of simple distributed scheduling al-

orithm in wireless network. Enhanced pick-and compare based

cheduling algorithm have been developed for physical interfer-

nce model in a wireless network that can achieve any fraction of

hroughput region. According to unknown characteristics of nodes

ontention, those equipped by learning automata can predict node

articipation in scheduling according to the environmental re-

ponse of the networks for last behavior of network components.

n compare algorithm, a more realistic collision and interference

onflicting graph was presented in this paper based on physical

odel. Most of the throughput-optimal scheduling strategies lead

o an NP-hard problem that should be solved in a centralized al-

orithm in every time slot. Learning automata based distributed

ick-and-compare algorithm that can achieve 100% of the available

apacity of the multi-hop wireless network in a polynomial mes-

age and time complexity was proposed. 
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