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Abstract: The idea of Cognitive Radio (CR) is to share the 
spectrum between a user called primary, and a user called 
secondary. Dynamic Spectrum Access (DSA) is a new spectrum 
sharing paradigm in cognitive radio that allows secondary users to 
access the abundant spectrum holes in the licensed spectrum bands. 
DSA is an auspicious technology to alleviate the spectrum scarcity 
problem and increase spectrum utilization. While DSA has attracted 
many research efforts recently, in this paper, a survey of spectrum 
access techniques using cooperation and competition to solve the 
problem of spectrum allocation in cognitive radio networks is 
presented.  
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1. Introduction 

In the past five years, we have attested an impressive growth 
in wireless communication due to the popularity of smart 
phones and other mobile devices. Due to the emergence of 
application domains, such as sensor networks, smart grid 
control, medical wearable and embedded wireless devices, 
we are seeing increasing demand for unlicensed bandwidth. 
A study carried out by the Federal Communications 
Commission (FCC) has shown that some frequency bands are 
overloaded at the rush hours. However, the use of the 
frequency spectrum is not uniform: according to the hours of 
day and to the geographical position; a frequency band can 
be overloaded while another remains unused. The idea to 
develop tools to better use the spectrum has naturally 
emerged. 
With spectrum becoming an ever deficient resource, it is 
fastidious that new systems utilize all available frequency 
bands as efficiently as possible. Dynamic spectrum access 
allocates spectrum more dynamically and it is an active area 
of research. DSA requires not only advances in technology 
but also new policy and economic models for spectrum use. 
Cognitive radios are widely viewed as the disruptive 
technology that can radically ameliorate both spectrum 
efficiency and utilization. Cognitive radios are fully 
programmable wireless devices that can sense their 
environment and dynamically adjust their transmission 
waveform, channel access method, spectrum use, and 
networking protocols as needed for good network and 
application performance. 
The research community has made important progress in 
addressing the many research challenges combined with 
cognitive radio and DSA. However, there is a big gap 
between individual research results and the large-scale 

deployment of cognitive radio networks that dynamically 
optimize spectrum use. Recent developments such LTE-A 
(Long Term Evolution-Advanced) which relies on flexible 
spectrum use, offer colossal opportunities to demonstrate the 
promising value of cognitive radio and DSA. 
The revolutionary technology presented in this survey will be 
at the cutting edge of future wireless communications. 
Dynamic spectrum access and cognitive radio networks will 
be supplied with an all-inclusive introduction to this 
emerging technology, outlining the fundamentals of cognitive 
radio networks and dynamic spectrum access. 
In this survey, first, we define cognitive radio and its main 
functions i.e. spectrum sensing, spectrum decision, spectrum 
sharing and spectrum mobility. Then DSA methods are 
discussed, we classify these techniques in four areas, those 
based on auction, on game theory, on Markov chains and on 
Multi Agent Systems (MAS).  

2. Cognitive Radio 

The idea of Cognitive Radio was officially presented by 
Joseph Mitola in a seminar at the Royal Institute of 
Technology in Stockholm in 1998, later published in an 
article by Mitola and Gerald Q. Maguire, Jr. in 1999 [32]. 
The term Cognitive Radio is used to describe a system 
with the ability to sense and recognize its context of use, in 
order to enable it to adjust its radio operating parameters 
dynamically and autonomously and learn the results of 
its actions and its environmental setting operation. 
CR is a form of wireless communication in which a 
transmitter/receiver can detect intelligently communication 
channels which are in use and those who are not, and can 
move to unused channels. This optimizes the use of available 
spectrum radio frequency while minimizing interference with 
other users. 
The principle of CR, included in the IEEE 802.22 and IEEE 
802.16h [14], requires an alternative spectrum 
management that is: a user called secondary (SU) may at any 
time access to frequency bands that are free, that is i.e., not 
occupied by primary user (PU) of the licensed band. The SU 
will assign the service once completed, or once a PU has 
shown an inclination connection. 
Cognitive radio system requires four major functions that 
enable it to opportunistically use the spectrum [17]. These 
functions consist in the CR terminal’s main steps for 
spectrum management. They are: spectrum sensing, spectrum 
decision, spectrum sharing, and spectrum mobility. 

A Survey on Dynamic Spectrum Access 
Techniques in Cognitive Radio Networks 
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2.1. Spectrum Sensing 

This is the basic functionality; it consists on sensing unused 
spectrum and sharing it without interference with the 
other users. One of the goals of the spectrum sensing, 
especially for the interference sensing, is to obtain the 
spectrum status (free/busy), so that the spectrum can be 
accessed by a SU under stress of interference. The 
challenge is that of measuring the interference at the receiver 
caused by the primary transmissions of SUs. 

2.2. Spectrum Decision 

A decision model is required for spectrum access. The 
complexity of this model depends on the parameters 
considered in the analysis of the spectrum. 
The decision model becomes more complex when a SU has 
multiple objectives. For example, a SU may intend to 
maximize performance while minimizing disturbance caused 
to the primary user. Stochastic optimization methods will be 
an interesting tool to model and solve the problem of 
spectrum access in a CR. 
When multiple users (both primary and secondary) are in the 
system, preference will influence the decision of the spectrum 
access. These users can be cooperative or uncooperative in 
access to spectrum. 
In a non-cooperative environment, each user has its own 
purpose, while in a cooperative one, all users can work 
together to achieve one goal. For example, many SUs may 
compete with each other to access the radio spectrum (eg, 
O1, O2, O3, O4 in Figure 1 below) so that their individual 
throughput is maximized. During the competition between 
SUs, all ensure that the interference caused to PUs is 
maintained below the temperature limit corresponding 
interference.  
In a cooperative environment, CRs cooperate with each other 
to make a decision for accessing the spectrum and 
maximizing the objective function taking into account the 
common constraints. In such a scenario, a central controller 
can coordinate the spectrum management. 

 
Figure 1. Cooperative and non-cooperative spectrum Access 

In a distributed multi-user environment, access to non-
cooperative spectrum, each user can achieve an optimal 
decision independently by observing the behaviour of other 
users (historical/action). Therefore, a distributed algorithm is 
required for the SU to make the decision to access to 
spectrum independently. 

2.3. Spectrum Analysis or Sharing 

The sensing spectrum results are analyzed to estimate the 
spectrum quality. One issue here is how to measure the 
spectrum quality which can be accessed by a SU. This 

quality can be characterized by the Signal/Noise Ratio 
(SNR), the average correlation and the availability of white 
spaces. Information on the available spectrum quality for 
a CR user can be imprecise and noisy. Learning algorithms of 
Artificial Intelligence techniques can be used by CR users for 
spectrum analysis. 

2.4. Spectrum Mobility or Handoff  

Spectrum mobility is the process that allows the CR user to 
change its operating frequency. CR networks are trying to use 
the spectrum dynamically allowing radio terminals to operate 
in the best available frequency band, to maintain transparent 
communication requirement during the transition to a better 
frequency. 
Figure 2 illustrates the four main spectrum management 
functions of the cognitive radio cycle as well as the possible 
transitions between them. 
 
 

 
 
 
 
 
 
 
 

 

Figure 2. Spectrum management functionalityಬ s  

3. Dynamic Spectrum Access 

The explosive growth in wireless services over the past 
several years illustrates the huge and growing demand of the 
consumers for communications, thus the spectrum becomes 
more congested. We know that static spectrum allocation is a 
major problem in recent wireless network domains. 
Generally, these allocations lead to inefficient usage creating 
empty spectrum holes or white spaces. To solve the problem 
of spectrum congestion, CR networks use Dynamic Spectrum 
Accessing. 
Cooperative communication is known as a way to overcome 
the limitation of wireless systems [22]. However, since users 
generally have a limited knowledge about their environment, 
we claim that cooperative behavior can provide them the 
necessary information to solve the global issues.  
Basically, a SU does not own a license for its spectrum usage 
and it can access the spectrum either opportunistically or by 
coexisting with the neighboring licensed users. This kind of 
access is called “license sharing” and a rather large number 
of solutions already exist in the literature [42,31,25]. 
We have found a lot of proposed schemes related to spectrum 
access, those using auctions, a large number of approaches 
used Game theory, and a little less works used Markov 
approaches for dynamic spectrum access. But few researches 
have been done in this topic using Multi Agent Systems. 

3.1. Spectrum Access using Auctions 

Auctions are based on the concept of selling and buying 
goods or services. The main goal of using auctions in CR 
networks is to provide a motivation for the SUs to maximize 
their spectrum usage. In order to fully utilize the spectrum, 
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the dynamic spectrum allocation using auctions has become a 
promising approach that allows SUs to lease unused bands by 
the PUs. 
Generally, an auction consists of several stakeholders; Table 
1 describes the difference between traditional auctions and 
what corresponds to each speaker when applying this method 
to the negotiation in CR networks.  

Table 1. Difference between classical auctions and auctions 
in CR Networks 

Traditional auctions Auctions in CR networks 
Objects to sell Free channels 
Bidder Secondary User (SU) 
Seller Primary User (PU) 
Auctioneer Regulator 

Auctions often are classified as one of the following auction 
types [62], listed in Figure 3: 

First-price sealed-bid auction (FPSB): winner pays his 
bid. In this case, one should bid below one’s value an amount 
that depends on how many other bidders there are. The more 
bidders, the closer to one’s value that one should bid. There 
is a tradeoff between profit and the frequency of winning. 

Second-price sealed-bid auction (Vickrey): winner pays 
highest losing bid. In this type of auction, the optimal 
strategy is to bid one’s value. 

English auction (Open Ascending-bid auctions): 
auctioneer begins with a low price. Bidders raise their bids 
until nobody is willing to bid higher. The optimal strategy in 
an English auction is to bid up to one’s value, staying in the 
auction until the bids exceed one’s value. 

Dutch auction (Open Descending-bid auctions): 
auctioneer calls out prices beginning with a very high value 
and gradually reduces it. The first bidder to accept an offered 
price wins. The Dutch auction gets its name because of its 
use in the flower markets in Holland.   

 

 

 

 

 
Figure 3. Organigram showing types of auctions  

We can find hybrid form of auction called double auctions 
where participants are buyers and sellers in the same time 
and trade on the same product. 
In auction-based solutions, each channel is assigned to only 
one network, i.e. that there is no concept of PU and SU in the 
same channel. In the literature, two possibilities are offered 
[7]. 

•  The regulator allocates channels to the PUs; these users 
allocate independently the unused portions of their 
channel to SUs. 

•  The regulator allocates the right to be Primary or SU in 
the channel. 

A framework for spectrum allocation in the CR is proposed 
in [12] using auctions where the regulator can simultaneously 
allocate the rights to be primary or SU in the channel. 
Another way of using auctions is proposed in [44], where the 
authors proved that on certain scenarios the spectrum is 
efficiently used when multiple SUs win access to a single 
channel; this is what distinguishes their method with the 
traditional auctions where only one user can win. 
In these solutions, the users’ behaviors are untruthful, so the 
centralized manager can’t optimize the global utility function 
of the network [30]. 
A scenario where secondary users can opportunistically 
access unused spectrum vacated by idle primaries was 
considered in [49]. The authors introduce two metrics to 
protect primary performance, namely collision probability 
and overlapping time. They present three spectrum access 
schemes using different sensing, back-off, and transmission 
mechanisms and show that they achieve indistinguishable 
secondary performance under given primary constraints. The 
authors provide closed form analysis on secondary user 
performance, present a tight capacity upper bound, and 
reveal the impact of various design options, such as sensing, 
packet length distribution, back-off time, packet overhead, 
and grouping. 
The authors in [43] have considered the problem of spectrum 
sharing among primary users (PUs) and secondary users 
(SUs). They formulate the problem based on bandwidth 
auction, in which each SU makes a bid for the amount of 
spectrum and each PU may assign the spectrum among the 
SUs by itself according to the information from the SUs 
without degrading its own performance. The authors show 
that the auction is a noncooperative game and that Nash 
equilibrium (NE) can be its solution.  
A primary radio network (PRN) consisting of a primary 
system base station (PS-BS) and multiple primary system 
mobile stations (PS-MSs) was considered in [50]. The 
authors construct a CR network (CRN) consisting of a PRN 
with multiple CR-MSs and propose a spectrum-management 
policy framework based on the Vickrey auction such that 
CR-MSs can compete for utilization of the PRN spectrum 
bands available for opportunistic transmission of CR-MSs. 
PRN users are granted incentives at a discounting factor to 
access spectrum bands and are being compensated for 
possible operating interference from CR-MSs, whereas the 
interference is constrained under a tolerance level without 
losing satisfaction for the PS-MSs. 
In [51], the authors have presented a secondary spectrum 
market where a primary license holder can sell access to its 
unused or under-used spectrum resources in the form of 
certain fine-grained spectrum-space-time unit. Secondary 
wireless service providers can purchase such contracts to 
deploy new service, enhance their existing service, or deploy 
ad hoc service to meet flash crowds demand. Within the 
context of this market, the authors investigate how to use 
auction mechanisms to allocate and price spectrum resources 
so that the primary license holder’s revenue is maximized. 

Auctions 

Multiple 
rounds 

Single  
round 

Vickrey FPSB English Dutch 
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The authors begin by classifying a number of alternative 
auction formats in terms of spectrum demand and then study 
a specific auction format where secondary wireless service 
providers have demands for fixed locations (cells). They 
propose an optimal auction based on the concept of virtual 
valuation. Assuming the knowledge of valuation 
distributions, the optimal auction uses the Vickrey-Clarke-
Groves (VCG) mechanism (generalization of a Vickrey 
auction for multiple items) to maximize the expected revenue 
while enforcing truthfulness. To reduce the computational 
complexity, they further design a truthful suboptimal auction 
with polynomial time complexity. It uses a monotone 
allocation and critical value payment to enforce truthfulness. 
Simulation results show that this suboptimal auction can 
generate stable expected revenue. 
The authors in [15] consider a cognitive radio network which 
contains one PU and many SUs. They use a technique based 
on auctions for dynamic spectrum access. The authors have 
suggested using a single round auction especially if we seek 
to satisfy applications that require an immediate response, 
because the use of multiple rounds auctions can make us lose 
a few seconds since the procedure is slightly longer and 
slower. To maximize the gains of the PU, the use of multiple 
round auctions is better. But, if we are interested in the 
number of satisfied SU, it is better to use a single round 
auction because the procedure is faster. The method 
proposed by the authors has also proven that to solve the 
problem of spectrum congestion, we should use one of 
dynamic spectrum access techniques (single or multiple 
rounds) rather than using nothing and satisfy the first 
received request. 
Figure 4 illustrates the impact of auctions on the obtained 
gains by the PU. 

 
 

Figure 4. Impact of auctions on the obtained gains by the PU 

Auction is often modeled as a competitive mode; in this case, 
cognitive radio can function only at a non-cooperative way. 
On contrary, MAS or game theory seems to be a way to 
overcome this limit; in fact, cooperative way may be 
implemented in this case. Thus, cognitive radio can function 
at both cooperative and competitive modes. 

3.2. Spectrum Access using Game Theory 

Game Theory can be defined as a mathematical framework 
which consists of models and techniques that use to analyze 
the iterative decisions behavior of individuals concerned 

about their own benefit. These games are generally divided 
into two types [10], cooperative games and competitive 
games.  

•  Cooperative (coalition) Games: all players are 
concerned about all the overall benefits and they are not 
very worried about their own personal benefit. Some 
few recent works in CR [42] [45] consider the use of 
cooperative game theory to reduce transmission power 
of SUs in order to avoid generating interference to PU 
transmissions. 

•  Competitive Games: every user is mainly concerned 
about his personal payoff and therefore all its decisions 
are made competitively and moreover selfishly. In the 
existing literature, we found that game theoretical 
concepts have been extensively used for spectrum 
allocations in CR networks [31] [37] [35], where the 
PU and SU participating in a game, behave rationally to 
choose strategies that maximize their individual payoffs. 

The most known property of game-theoretical approaches is 
called Nash Equilibrium (NE). In NE, each player is assumed 
to know the equilibrium strategies of the other players, and 
no player has anything to gain by changing his or her own 
strategy.  
Pareto efficiency is another important concept of game 
theory. This term is named after Vilfredo Pareto, an Italian 
economist, who used this concept in his studies and defined it 
as; “A situation is said to be Pareto efficient if there is no 
way to rearrange things to make at least one person better off 
without making anyone worse off” [48]. 
In any game, someone will find pure and mixed strategies. A 
pure strategy has a probability of one, and will be always 
played. On the other hand, a mixed strategy has multiple 
purse strategies with probabilities connected to them [65]. 
Pure strategy selects a single action and plays it, each row or 
column of a payoff matrix represents both an action and a 
pure strategy. Mixed strategy randomize over the set of 
available actions according to some probability distribution. 

Let Ai = {all possible actions for agent i}, and ai be any 
action in Ai.  

Si (aj) = probability that action aj will be played under 
mixed strategy si.  

The support of si is support (si) = {actions in Ai that have 
probability > 0 under si}.  

A pure strategy is a special case of a mixed strategy; the 
support consists of a single action. 

In fully mixed strategy, every action has probability > 0. 
i.e., support (si) = Ai.  

In a game without a pure strategy Nash Equilibrium, a 
mixed strategy may result in a Nash Equilibrium. 

Some of the existing works using game theory for the 
dynamic spectrum access are mentioned here. For example, 
in [16], the authors assume that the PUs are aware of their 
environment and of the SUs existence. PUs adopt the roles of 
leaders by selecting a subset of SUs and grating them 
spectrum access. Whereas in [19], a framework using game 
theory where the PU do not have the knowledge about their 
neighborhood, so they are unaware of the presence of SUs, 
and the SUs are only allowed to access the spectrum 
opportunistically (users are modeled as rational, selfish and 
think only to maximize their profits). 
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An interesting game is proposed in [21] where the PU first 
determines the spectrum price based on the quality of 
spectrum and then, the SU decides how much spectrum to 
buy by observing the price. 
In the bargaining games, the individual players have the 
opportunity to cooperate in order to reach a mutual 
agreement. At the same time, these players can have conflicts 
of interest and no agreement can be made with any individual 
player without its approval. For CR networks, the bargaining 
games are applied to allocate spectrum bands in centralized 
and decentralized network settings; the author in [8] proposes 
to design secured autonomous networks where terminals and 
base stations interact and self-adapt in an intelligent manner 
without needing a central controller or a regulator. The 
network design is done at the equilibrium state. 
Mention that even cooperative and competitive games focus 
on solving the NE and analyzing its properties, they do not 
provide any details about the players’ interaction to reach this 
equilibrium [37]. 
The authors in [47] consider the problem of spectrum sharing 
among a PU and multiple SUs. They formulate this problem 
as an oligopoly market competition and use a noncooperative 
game to obtain the spectrum allocation for secondary users. 
Nash equilibrium is considered as the solution of this game. 
In [2], the authors have developed a framework for resource 
allocation in a secondary spectrum access scenario, where a 
group of cognitive radios accesses the resources of a primary 
system. They assume the primary system is a cellular OFDM-
based network operating in uplink. The authors have 
developed an optimum resource allocation strategy, using 
cooperative game theory, which guarantees the primary’s 
required QoS and allocates an achievable rate at a given bit 
error rate for the secondary, when possible. The proposed 
cognitive radio game (CRG) is a network-assisted resource 
management method, where users (both primary and 
secondary) inform the primary system’s BS of their channel 
state information and power limitation and the base station 
calculates the optimum sub-channel and power allocation for 
all users. 
The authors in [5] have considered dynamic spectrum access 
among cognitive radios from an adaptive, game theoretic 
learning perspective. Spectrum-agile cognitive radios 
compete for channels temporarily vacated by licensed 
primary users in order to satisfy their own demands while 
minimizing interference. For both slowly varying primary 
user activity and slowly varying statistics of "fast" primary 
user activity, the authors apply an adaptive regret based 
learning procedure which tracks the set of correlated 
equilibria of the game, treated as a distributed stochastic 
approximation. 
The authors in [64] investigates the impact of the tradeoff 
between spectrum sensing and spectrum access on the 
cooperative strategies of a network of SUs that seek to 
cooperate in order to improve their view of the spectrum 
(sensing), reduce the possibility of interference among each 
other, and improve their transmission capacity (access). The 
authors have modeled the problem as a coalitional game in 
partition form and an algorithm for coalition formation is 
proposed. Using the proposed algorithm, the SUs can make 
individual distributed decisions to join or leave a coalition 
while maximizing their utilities which capture the average 
time spent for sensing as well as the capacity achieved while 

accessing the spectrum. The authors show that, by using the 
proposed algorithm, the SUs can self-organize into a network 
partition composed of disjoint coalitions, with the members 
of each coalition cooperating to jointly optimize their sensing 
and access performance. 
Simulation results show the performance improvement that 
the proposed algorithm yields with respect to the non-
cooperative case. 
Figure 5 demonstrates that, as the amount of time α  
dedicated for sensing a single channel increases, the time that 
can be allotted for spectrum access is reduced, and, thus, the 
average payoff per SU per slot for both cooperative and non-
cooperative spectrum sensing and access decreases. In this 
figure, we can see that, at all α , the proposed joint spectrum 
sensing and access through coalition formation exhibits a 
performance gain over the non-cooperative case. This 
advantage decreases with α , but it does not go below an 
improvement of 54.7% relative to the non-cooperative 
scheme at α = 0.5, i.e., when half of the slot is used for 
sensing a single channel. 
 

 

Figure 5. Average payoff achieved per SU per slot for a 
network with N = 10 SUs and K = 14 channels as the fraction 

of time needed for sensing a single channel α varies. 

Game theory gives insight into several less-known aspects, 
which arise in situations of conflicting interests. It develops a 
framework for analyzing decision making in such situations 
where interdependence of agents is considered like the 
problem of spectrum access between SUs in cognitive radio 
networks. But, all the competitive problems cannot be 
analyzed with the help of game theory, also, the assumption 
that players have the knowledge about their own pay-offs and 
pay-offs of others is not practical and the techniques of 
solving games involving mixed strategies particularly in case 
of large pay-off matrix is very complicated. 

3.3. Spectrum Access using Markov Approaches 

Game theoretical approaches do not model the interaction 
between the SUs and the PUs for spectrum access. This 
modeling can efficiently be performed using Markov chains 
[30]. 
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Few research have been done in this field, for example, In 
[40], a Markov model is presented, where each SU randomly 
selects its own channel rather than exchanging control 
messages with the neighboring SUs. A very interesting 
approach using Markov models is developed by the authors 
in [1] to analyze the different policies proposed for spectrum 
sharing. 
Some works used the CTMC (Continious Time Markov 
Chains) model because it achieves good statistical tradeoffs 
between fairness and efficiency. Presented works in [1] [46] 
[41] used CTMC to capture the interaction between primary 
and SUs. Both queuing and without queuing models are 
analyzed and the throughput degradation due to SUs 
interference is compensated.  
In [57], a Markov chain analysis for spectrum access in 
licensed bands for cognitive radios is presented and forced 
termination probability, blocking probability and traffic 
throughput are derived. In addition, a channel reservation 
scheme for cognitive radio spectrum handoff is proposed. 
This scheme allows the tradeoff between forced termination 
and blocking according to QoS requirements. Numerical 
results show that the proposed scheme can greatly reduce 
forced termination probability at a slight increase in blocking 
probability. 
A decentralized cognitive MAC protocols that allow 
secondary users to independently search for spectrum 
opportunities without a central coordinator or a dedicated 
communication channel is proposed in [58]. Recognizing 
hardware and energy constraints, the authors assume that a 
secondary user may not be able to perform full-spectrum 
sensing or may not be willing to monitor the spectrum when 
it has no data to transmit. The authors develop an analytical 
framework for opportunistic spectrum access based on the 
theory of partially observable Markov decision process 
(POMDP). This decision-theoretic approach integrates the 
design of spectrum access protocols at the MAC layer with 
spectrum sensing at the physical layer and traffic statistics 
determined by the application layer of the primary network. 
It also allows easy incorporation of spectrum sensing error 
and constraint on the probability of colliding with the 
primary users. Under this POMDP framework, the authors 
propose cognitive MAC protocols that optimize the 
performance of secondary users while limiting the 
interference perceived by primary users. A suboptimal 
strategy with reduced complexity yet comparable 
performance is developed. Without additional control 
message exchange between the secondary transmitter and 
receiver, the proposed decentralized protocols ensure 
synchronous hopping in the spectrum between the transmitter 
and the receiver in the presence of collisions and spectrum 
sensing errors. 
The authors in [59] propose and analyze a dynamic spectrum 
access schemes in the absence or presence of buffering 
mechanism for the cognitive secondary subscriber (SU). 
They develop a Markov approach to analyze the proposed 
spectrum sharing policies with generalized bandwidth size in 
both primary system and secondary system. Performance 
metrics for SU are developed with respect to blocking 
probability, interrupted probability, forced termination 
probability, non-completion probability and waiting time. 
Numerical examples are presented to explore the impact of 
key systems parameters like the traffic load on the 

performance metrics. Comparison results indicate that the 
buffer is able to significantly reduce the SU blocking 
probability and non-completion probability with very minor 
increased forced termination probability. The analytic model 
has been verified by extensive simulation.  
The authors in [60] use hidden Markov models (HMMs) to 
model and predict the spectrum occupancy of licensed radio 
bands. They proposed a technique that can dynamically 
select different licensed bands for its own use with 
significantly less interference from and to the licensed users. 
It is found that by predicting the duration of spectrum holes 
of primary users, the CR can utilize them more efficiently by 
leaving the band, that it currently occupies, before the start of 
traffic from the primary user of that band. The authors 
propose a simple algorithm, called the Markov-based channel 
prediction algorithm (MCPA), for dynamic spectrum 
allocation in cognitive radio networks. They present the 
performance of the proposed dynamic spectrum allocation 
algorithm when the channel state occupancy of primary users 
are assumed to be Poisson distributed. The impact of CR 
transmission on the licensed users is also presented. It is 
shown that significant SIR improvements can be achieved 
using HMM based dynamic spectrum allocation as compared 
to the traditional CSMA based approach.  
A queuing analytic framework to study important 
performance measures experienced by SUs in a CR network 
was developed in [61]. The authors studied queuing delay 
and buffer statistics of SUs’ packets by modeling PUs’ 
activity as a two state Markov chain and SUs’ channel quality 
variation as a finite state Markov chain (FSMC). In order to 
allocate available channels among the SUs, an opportunistic 
channel allocation scheme is considered. The proposed 
framework facilitates to design an admission controller for 
SUs’ network in order to maintain a given quality service 
(QoS) requirement which is specified in the form of 
statistical delay guarantee. 
The authors in [63] have proposed an approach to dynamic 
spectrum access in which the occupancy state of each 
frequency band at each time instant is estimated, and 
available bands are allocated accordingly. Estimation is 
performed from power spectral density measurements which 
are assumed to obey a hidden Markov process (HMP). The 
value of the hidden state represents the status of a given 
frequency band which could be free or occupied. The authors 
have trained the system using real spectrum measurements, 
and tested it on simulated data for which the occupancy state 
of each frequency band at each time instant is known.  

Table 2. HMP-Based Spectrum sensing performance  
 

SNR (dB) Pfa Pd Ppe 
6 4.000e-3 0.7158 0.0403 
8 7.986e-4 0.9018 0.0395 
10 1.495e-4 0.9849 0.0382 
12 1.495e-4 0.9849 0.0382 
14 0 1 0.0381 

Pfa = False alarm probability, Pd = Detection probability and 
Ppe = Prediction error probability. 

Table 2 shows the values of Pfa, Pd and Ppe respectively, for 
various SNR values. For this channel, the probability of false 
alarm Pfa is very small for all values of SNR and decreases as 
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the SNR increases. The probability Pd increases as the SNR 
increases. Pfa and Pd approach to 0 and 1, respectively, when 
SNR is greater than 14 dB. Unlike Pfa and Pd which have 
either increase or decrease trend, the probability of prediction 
error Ppe has negligible fluctuation around 0.038 for all SNR 
values. 
The probability of prediction error is computed as follows: 
Ppe = Ppe/off Poff + Ppe/on Pon. Where Ppe/off and Ppe/on are the 
conditional probabilities of prediction error given channel off 
state and channel on state; Poff and Pon are the probabilities of 
off state and on state, respectively. 
Markov modelling easily handles the computation of the 
probability of an event resulting from a sequence of sub-
events. This type of problem does not lend itself well to 
classical techniques. The Markov models are simple to 
generate although they do require a more complicated 
mathematical approach. So, there are several problems with 
these models, for example, they make the Markovian 
assumption that the emission and the transition probabilities 
depend only on the current state, the number of parameters 
that need to be set in a Markov models is huge and as a result 
of the above, the amount of data that is required to train a 
Markov models very large.  

3.4. Spectrum Access using Multi Agent Systems 

The idea of Distributed Artificial Intelligence (DAI) is to 
move from individual to collective behavior in order to 
address the limitations of traditional artificial intelligence 
when solving complex problems requiring the distribution of 
intelligence over several entities. The DAI includes three 
basic research areas which are: distributed problem solving, 
parallel artificial intelligence and multi-agent systems [52]. 
We can find several definitions concerning the agent which 
are different only in the type of application for which the 
agent is designed. The authors in [53] gave the following 
definition: "an agent is a piece of software that can achieve a 
specific task in an autonomous way (for the sake of the user 
or the application)". 
All the agents have the possibility of coordinating, 
communicating and co-operating with the system or with 
other agents. A common approach consists in defining the 
agent by its properties, such as autonomy, intelligence, 
mobility, etc... 
Two principal types of agent, mobile agents and intelligent 
agents are identified [54]. 
The principal attributes of a mobile agent are the mobility of 
the code, the data and the state (state of a process, a machine 
or a protocol). This makes it possible for software entities to 
move in an autonomous way through the network to achieve 
specific task, thereby taking advantage of proximity [53]. 
An intelligent agent is a software entity which carries out 
operations for the account of the user (or for another 
program) with some degree of freedom and autonomy and 
which exploits knowledge or representations of the desires 
and the objectives of the user [55]. The authors in [53] give 
the following definition: Intelligent agents are software 
entities that are able to perform delegated tasks based on 
internal knowledge and reasoning, where aspects such as 
inter agent communication and negotiation are fundamental. 
Usually mobility is not considered as an issue. Another 
definition was given in [55]: "an intelligent agent is an 
information processing system, located in some environment, 

which is able to carry out flexible and autonomous actions in 
order to meet its aims of design". 
A multi-agent system is a dynamic federation of agents 
connected by the shared environments, goals or plans, and 
which cooperate and coordinate their actions [56]. It is this 
capacity to communicate, to coordinate and to cooperate 
which makes interesting the use of agents in cognitive radio 
networks. 
The association of MAS and the CR can provide a 
great future for the optimal management of frequencies (in 
comparison with the rigid control techniques proposed by 
the telecommunications operators). In the case of use 
of unlicensed bands, the CR terminals have to coordinate and 
cooperate to best use the spectrum without causing 
interference. 
In [39], the authors propose an architecture based on agents 
where each CR terminal is equipped with an intelligent agent, 
there are modules to collect information about the radio 
environment and of course the information collected will be 
stored in a shared knowledge base that will be accessed by all 
agents. The proposed approach is based on cooperative MAS 
(the agents have common interests). They work by sharing 
their knowledge to increase their collective and individual 
gain. 
Agents are deployed on the PUs and SUs 
terminals and cooperate with each other in the works 
proposed in [36] [24] [25]. By cooperative MAS, we mean 
that PU agents exchanged t-uples of messages in order to 
improve themselves and the neighbourhood of SU agents. 
They propose that the SUs should make their decision based 
on the amount of available spectrum when they find a 
suitable offer (without waiting for response from all PUs). In 
other words, the SU agent should send messages to the 
appropriate neighbour PU agent and of course the concerned 
PU must respond to these agents to an agreement on sharing 
the spectrum. After the end of the spectrum use, the SU must 
pay the PU. 
A comparison is made in [24] between an agent and a CR. 
Basically, both of them are aware of their surrounding 
environments through interactions, sensing, monitoring and 
they have autonomy and control over their actions and states. 
They can solve the assigned tasks independently based on 
their individual capabilities or can work with their neighbors 
by having frequent information exchanges. 

Table 3. Comparison between an agent and a Cognitive 
Radio 

 

Agent Cognitive radio node 

An agent is a virtual entity 
that can perceive its 
environment, act and 
communicate with other 
agents. 

A cognitive radio terminal 
interacts with its radio 
environment, detects the free 
frequencies and then exploits 
them. 

Agent is autonomous and 
has skills to achieve its 
goal. 

The cognitive radio node has 
enough capabilities allowing 
it to manage the radio 
resources. 

To make the CR systems practical, it requires that several CR 
networks coexist with each other. However, this can cause 
interference. The authors of [22] think that to remedy this 
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problem, the SU can cooperate to sense the spectrum as well 
as to share it without causing interference to the PU. For this, 
they propose schemes to protect the PU from interferences by 
controlling the transmission power of the cognitive terminal. 
In [29] [23], the authors propose cooperation between PUs 
and SUs and between SUs only. Agents are deployed on the 
user’s terminals to cooperate and result in contracts 
governing spectrum allocation. SU agents coexist and 
cooperate with the PU agents in an Ad hoc CR environment 
using messages and mechanisms for decision making. Since 
the internal behaviours of agents are cooperative and selfless, 
it enables them to maximize the utility function of 
other agents without adding costs result in terms of 
exchanged messages. 
However, the allocation of resources is an important 
issue in CR systems. It can be done by making the 
negotiation among SUs [34] [38]. In [34] the authors 
propose a model based on agents for the spectrum trading 
in a CR network. But instead of negotiating spectrum directly 
with the PU and SU, a broker agent is included. This 
means that the equipment of PU or SU does not require much 
intelligence as it does not need to perform the spectrum 
sensing. The objective of this trading is to maximize the 
benefits and profits of agents to satisfy the SU. The authors 
proposed two situations, the first uses a single agent who will 
exploit and dominate the network, in either case there will be 
several competing agents. 
The authors in [20] study the use of CR in wireless 
LANs and the possibility of introducing the technology of 
agents, in other words they try to solve the problem of radio 
resources allocation by combining resources management 
WLAN in a decentralized environment, this by using MAS. 
For this, they propose an approach based on MAS 
for sharing information and decisions distribution among 
multiple WLANs in a distributed manner. 
Interference from the acquisition of the channels in a cellular 
system during Handovers can be reduced according to 
[13] [4] using a CR to manage the handover. Indeed, the 
mobility of the device imposes a different behaviour when 
changing zones. The terminal must ensure service continuity 
of applications and the effective spectrum management. The 
authors propose an approach that uses negotiation, learning, 
reasoning and prediction to know the needs of new services 
in modern wireless networks. They propose an algorithm to 
be executed by the mobile terminal during 
the cognitive phase of handover. 
The MAS contains several intelligent agents interact with 
each other. Each agent can sense and learn. The agent can 
select behaviours based on local information and attempt to 
maximize overall system performance. In [7], the authors 
described a new approach based on multi-agent 
reinforcement learning which is used in CR networks with ad 
hoc decentralized control. In other words, they set up 
several CR scenarios and affect each case a reward or 
penalty. The results of this approach have shown that 
with this method, the network can converge to a fair 
spectrum sharing and of course it reduces interferences 
with PUs. 
The authors in [26] have developed a cooperative framework 
for spectrum allocation that can generate highly effective 
behavior in dynamic environments and achieve better utility 
of the participating devices. The proposed approach is based 

on multi-agent system cooperation and implemented by 
deploying agents on cognitive radio and primary user 
devices. Experimental evaluations confirm the efficiency of 
the algorithms proposed by the authors for distributed and 
decentralized environments.  
For the simulation, the authors assumed two different fixed 
values of times (such as T1 and T2), where T1 represents the 
short-term case and T2 is the longer period. When T1 is 
considered, the SU agents can ask for an amount of spectrum 
within one hour limit (0 ≤  T1 ≤  60 Minutes) and similarly 
this limit is within two hours, as in case of T2 (0 ≤  T2 ≤  
120 Minutes).  
The number of cooperation messages transmitted and 
received in the entire system with the success rate (in 
percentage) is shown in Table 4. According to this table, the 
values of exchanged messages are almost leveled off for the 
middle periods (from 30 to 70 agents). Further, Table 4 
depicts that the average number of messages (per agent) 
remains between 4 and 5 even with the increased number of 
agents. The authors assume also that the approach is linear in 
terms of messages and success rate. Particularly when time 
limit is T2 (around 90 to 120 agents), the performance of the 
approach substantially degrades (reaching below 80%), but 
nevertheless it remains steady. 

Table 4. Success rate and number of messages at T1 and T2 

No of 
agents 

Number of 
messages 

Success 
rate (in %) 

T1 T2 T1 T2 
10 45 41 100 98.7 
20 81 72 90 85 

30 117 115 88.23 84 
40 159 161 87.31 82 
50 185 176 86 82 
60 253 261 85 80 

70 271 262 84.41 79.3 
80 325 366 82 80 
90 388 392 82 78.53 
100 416 434 81 77.26 
110 475 483 80.5 78.77 
120 503 516 80 77.42 

The results show that the proposed approach can absorb the 
high spectrum sharing demands by introducing the 
cooperation between primary and secondary user devices. 
Furthermore, the proposed approach improves the overall 
utility and minimizes the spectrum loss with a minimum 
communication cost. The spectrum allocation success rate is 
almost 80% even with large number of agents.  
In [11], a learning mechanism is available for 
each agent. This learning provides a reward for each agent so 
that it can make the right decision and choose the 
best action. They modeled each SU node as a learning agent 
because the transmitter and receiver share a common result of 
learning or knowledge. The authors presented a function of 
reinforcement learning in MAS to achieve optimality in the 
cooperation between agents in a distributed CR network. 
A channel selection scheme without negotiation is 
considered for multi-user and multi-channel in [38]. To 
avoid collision incurred by non-coordination, each SU learns 
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to select channels based in their experiences. In such a 
scheme, each SU senses channels and then selects a slowed 
frequency channel to transmit the data, as if no other SU 
exists. If two SUs choose the same channel for data 
transmission, they will collide with each other and the data 
packets cannot be decoded by the receiver. However, 
the SUs can try to learn how to avoid each other. 
The authors in [18] are interested to the use 
of IEEE 802.22, and proposed an algorithm called 
"Decentralized Q-learning" based on the multi-agent learning 
theory to deal with the interference problem caused to PUs. 
They modeled the secondary network using MAS where the 
different agents are base stations of the IEEE 802.22 WRAN. 
They proved that the proposed MAS is able to automatically 
learn the optimal policy to maintain protection for PU against 
interference. The authors of [33] and [27] used the MAS to 
design a new cognition cycle with complex interaction 
between PU, SU and wireless environments and they used the 
hidden Markov chains to model the interactions between 
users and the environment. The results of this approach have 
shown that the algorithm can guarantee fairness among users. 
What could make the use of MAS in the CR interesting and 
more concrete is the existence of a simulation framework to 
test the proposed works and approaches. This 
is precisely what the authors propose in [9]. Their platform 
allows studying the emerging aspect, the behaviors of 
heterogeneous CR networks. 
As shown above, using MAS seems to be the approaches that 
suits well to the spectrum access in cognitive radio networks 
because it guarantees the autonomy of users as embedded 
agents can manage their own spectrum need in a dynamic and 
decentralized manner. But, in cognitive radio networks, we 
often consider multiple secondary users competing in a non-
cooperative way for a limited set of frequencies left available 
by primary users. As a consequence, game theory is the 
natural framework to study the interactions among such 
users. It should be noted that auction is often modeled as a 
competitive game, so, the hybridization of game theory and 
auction seem promising for spectrum access, and so, 
cognitive radio can function at both cooperative and 
competitive modes. However, game theory focuses on 
solving the Nash equilibrium and analyzing its properties and 
not to consider how players should interact to reach this 
equilibrium. On contrary, MAS seems to be a way to 
overcome this problem. We also note that, the results 
obtained using Markov models are very promising and these 
models can offer a new paradigm for predicting channel 
behavior in cognitive radio networks, an area that has been of 
much research interest lately. Table 5 makes a comparison 
between the four techniques used for dynamic spectrum 
access. 

Table 5. Comparison between the four techniques used for 
dynamic spectrum access 

Techniques 
used for DSA 

Strengths Weaknesses 

 
 

Auction 

 
- Well adapted 
to competitive 
environment. 

- Not well adapted to 
cooperative environment. 

- Not well adapted to 
modeling the interaction 

between users. 

 
 

Game theory 

- Well adapted 
to both 

competitive 
and 

cooperative 
environment. 

- Focuses on solving the 
Nash equilibrium and 

analyzing its properties 
and not to consider how 
players should interact to 
reach this equilibrium. 

 
Markov 
models 

- Well adapted 
to modeling 

the predicting 
channel 

behavior. 

 
- Not well adapted to 

modeling the interaction 
between users. 

 
 
 

SMA 

- Well adapted 
to modeling 

the interaction 
between users. 
- Guarantees 
the autonomy 

of users. 

 
- Have to use the other 
techniques (Auction, 

Game theory and Markov 
models) to perform more 

complex processing. 

So, to summarize our survey, we can say that the four 
techniques used for dynamic spectrum access in the context 
of cognitive radio networks (auction, game theory, Markov 
models and SMA) are completely complementary.  
Researchers in CR have been more interested in spectrum 
sensing, decision and sharing than spectrum mobility. 
Nevertheless, terminal mobility still arises as a major issue. 
DSA will take into account nodes mobility. Future directions 
of research must use multi-agent systems negotiation that 
enables mobile CR terminals to switch to the best available 
spectrum band giving their applications requirements. The 
four techniques used for DSA in the context of CR networks 
must take into account nodes mobility. 

4. Conclusion 

In this survey, we have presented various techniques of 
dynamic spectrum access in cognitive radio networks, 
starting by auctions where the utility function of the 
network is not optimized each time because it depends 
on user behavior and then passing by game theory 
which is widely used in this area because it can achieve 
equilibrium between users that provides efficient spectrum 
management. Then, we cited some works that used Markov 
models, which in addition to the above methods provides a 
model of the interaction between PUs and SUs. Finally, we 
focused on the use of multi-agent systems in dynamic 
spectrum access.  
However, this last method has been exploited by a minority 
of researchers (compared to game theory) to solve the 
problem of spectrum allocation. Different approaches using 
the MAS in the CR are studied, those offering cooperation 
between SUs only, others offer a cooperation between 
primary and SUs and those proposing to include a broker 
agent to negotiate the spectrum, knowing that the most works 
studied are using reinforcement learning. 
Our paper explains in detail cognitive radio and its main 
functions (spectrum sensing, spectrum decision, spectrum 
sharing and spectrum mobility) including different methods 
designing dynamic spectrum access. We think that this 
survey is a perfect introduction for graduate students and 
researchers, as well as a useful self-study guide for 
practitioners. The influence of the main functions of 
cognitive radio on the performance of the upper layer 
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protocols such as routing and transport are not investigated in 
this survey, the open research issues in these areas are not 
outlined.  
However, we think that our survey is a good complement to 
literature review related to routing in cogntive radio networks 
[66, 67] and to transport protocol for cognitive radio [68, 
69]. 
In our future work, we think we can improve the 
wireless links reliability and ensure good quality of service 
to CR mobile terminals [3] [4] [6] by integrating multi-agent 
systems. We intend to work on multi-agent systems 
negotiation [70] that enables CR mobile terminals to switch 
to the best available spectrum band giving their applications 
requirements (Spectrum Mobility). We will deploy agents on 
both PUs and SUs to negotiate in order to have a better use 
of the spectrum. The use of game theory and auction in this 
context is also possible [15]. 
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