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Abstract. In this paper, we study a problem family inspired by a
prominent network optimization problem (graph coloring), enriched and
extended towards a real-world application (Wi-Fi channel assignment).
We propose a utility model based on this scenario, and we generate an
extensive set of test cases, against which we run both a complete information optimizer and two nonlinear negotiation approaches –a hill-climber
and an approach based on simulated annealing (SA). We show that,
for the larger-scale scenarios, the SA negotiation approach signiﬁcantly
outperforms the optimizer while running in roughly one tenth of the
computation time. Also, we point out interesting patterns regarding the
relative performance of the two approaches depending on the properties
of the underlying graphs.

1

Introduction

In the last years, complex networks have attracted a lot of interest within the
AI community, both due to the inherent challenge of some network-structured
optimization problems (e.g. to be NP-hard) and due to the enormous potential
for real-world applications (many important real-world problems have network
structures). An important sub-class involves autonomous, self-interested entities
(e.g. drivers in a transportation network). The self-interested nature of these
entities cause the network to deviate from socially-optimal behaviour.
Taking this into account, it is not surprising that problems which combine a
networked structure and self-interested parties have been drawing attention from
the AI community. Diﬀerent ﬁelds of research are working on the challenges these
problems raise, but, so far, with only mixed success. Optimization techniques
are especially suited to address large-scale systems with an underlying network
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structure, usually with a “divide and conquer” approach. However, their performance severely decreases as the complexity of the system increases [30], and
with the presence of autonomous entities which deviate from the globally optimal solution, thus harming the social goal. Automated negotiation has proven
to be valuable to support decision-making process in scenarios where it is necessary to ﬁnd an agreement quickly and with conﬂicting interests involved [31].
Potential applications of automated negotiation range from e-commerce [26] to
task distribution problem solving, resource sharing or cooperative design [34].
One of the most important advantages of automated negotiation is that it takes
into account the conﬂict of interests from the beginning. This enables ﬁnding
more stable solutions (agreements) which make participating agents less prone
to deviating from the socially optimal solution to favour their privately optimal
solution. Although there is signiﬁcant work on game theory and bargaining in
complex networks, the nonlinear negotiation community has made only few, very
speciﬁc incursions in complex networked problems [6].
We want to explore the possibilities of using non-linear negotiation techniques [22] to solve complex network problems involving self interested parties.
To this end, we are working on the problem of frequency assignment in Wi-Fi
infrastructure networks. In this problem, diﬀerent Wi-Fi providers have to collectively decide how to distribute the channels used by their APs in order to
minimize interference between nodes and thus maximize the utility (i.e. network
throughput) for their clients. This is a particularly interesting problem, since
it is strongly related to the Frequency Assignment Problem (which has been
extensively studied from the perspective of discrete optimization), to the prominent mathematical graph coloring problem [35], and to distributed constraint
optimization models [13].
Graph coloring have attracted researchers due to its theoretical challenges
and real-world applications [21]. One of the most prominent problems of coloring
vertices of a graph is frequency assignment [2], with models ranging from the
most basic, forbidding monochromatic edges, to the most general, like including interference restrictions and an objective function. Some works like [4,12,33]
consider graph coloring considering the distance between colors and vertices, i.e.,
with hard restrictions. On the other hand, in [2] we can ﬁnd a survey of optimization techniques for graph coloring considering soft restrictions. In our case, and
diﬀerently from the above-mentioned works, we focus in coloring the network
with a set of predeﬁned spectrum of colors and with a matrix of interferences
between them, with the objective of minimizing some function that depends on
the resulting interferences.
In relation to previous works involving optimal frequency assignment in WiFi networks, it is important to note that there is an scarcity of works in this
topic, probably due to its high complexity, being NP-hard [5]. In fact, in [5] we
can ﬁnd an overview frequency assignment techniques in Wi-Fi environments.
Probably, the most remarkable proposals are [24,25]. These works are specially
interesting to this work as they use graph coloring as their main tool. Other
works that also use graphs for frequency assignment are [23,27], although they
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do not consider Wi-Fi peculiarities. A proposal that coordinates Wi-Fi access
points to assign frequency channels without the use of graphs can be found in [3].
However, the focus of our work is diﬀerent from all these works as we are
interested in demonstrating that nonlinear negotiation techniques are powerful
tools to solve the complex problem of frequency assignment in Wi-Fi networks.
More speciﬁcally, we want to test the hypotheses that our nonlinear negotiation approaches can be used as an eﬃcient alternative to centralized, generic
optimization tools, and that network properties have an impact on the relative
performance of the diﬀerent techniques. This work contributes to achieve this
objective in the following ways:
– We model the problem of Wi-Fi channel assignment, using an abstract model
based on a multilayer graph and a nonlinear utility model (Sect. 2).
– We propose to solve this problem using nonlinear automated negotiation techniques, and deﬁne the corresponding negotiation scenario (Sect. 3).
– We generate a large set of scenario instances for this problem, we select
a set of metrics based on graph theory to analyze them, and we perform
extensive experimentation on this set of instances, comparing our negotiation
approaches to two reference techniques: a random channel assignment and a
complete-information nonlinear optimizer based on particle swarms (Sect. 4).
The experimental results (Sect. 5) show that one of the benchmarked negotiation approaches (single text mediation with simulated annealing) signiﬁcantly
outperforms the optimizer for the larger-scale scenarios, both in computation
time and social welfare. Also, interesting patterns regarding the inﬂuence of network properties on the relative performance of the approaches are identiﬁed.
The last section summarizes our contributions and sheds light on future lines of
research.

2
2.1

Problem Modelling
Wi-Fi Architecture

IEEE 802.11 technology, commercially known as Wi-Fi, is a very popular and
widespread technology, whose most used standard operates commonly in the
2.4 GHz frequency band. Due to the high number of Wi-Fi devices that coexist
in these frequencies, this band is usually congested, a situation often worsened
by other devices like Bluetooth, ZigBee, microwave ovens, baby monitors or
cordless phones. For those reasons, it is of paramount importance that Wi-Fi
devices smartly manage the use of the radio spectrum. The 2.4 GHz band is
divided into 11 partially overlapped channels [29], so it is important to choose
the most advantageous one to minimize interferences.
The most widely deployed Wi-Fi architecture is infrastructure mode, where
there are two types of devices in the network: access points (APs) and wireless
devices (WDs) such as laptops, smartphones... In infrastructure mode, wireless
devices are wirelessly connected to a single AP, which is generally a wireless
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Wireless device

Fig. 1. Wi-Fi architecture.

router, and are able to communicate to other devices only through that AP. For
that reason, WDs are also called clients. In Fig. 1 we show a graphical representation of a scenario with 12 APs and 60 WDs.
2.2

Modelling Based on a Multilayer Graph

Graphs are one of the most commonly used tools for modelling the frequency
assignment problems, because of the relation of this problem to the graph coloring problem, which has been widely studied by the mathematical community [35].
In graph coloring, an abstract graph is considered, deﬁned by a set of vertices
along with some edges connecting them, and the objective is to assign one color
to each vertex, in such a manner that the minimum possible number of colors should be used, while avoiding monochromatic edges. In the commonly used
model, graph nodes represent elements that should be assigned a frequency while
edges represent element pairs that should not be assigned the same frequency.
This way, colors act as frequencies and hetero-chromatic edges guarantee element pairs with diﬀerent frequencies. Although widely used, Tragos et al. [7]
conclude that the model is not accurate enough, because it does not reﬂect all
the information. For instance, the authors suggest that the information regarding
adjacent channel interferences should be incorporated into the graph.
To model the Wi-Fi channel assignment problem we propose a multilayer network graph [17], where each layer represents a diﬀerent relationship between network elements, as shown in Fig. 2. In this graph we can distinguish two types of
vertices: APs and WDs. Layer a captures the infrastructure links between Wi-Fi
APs and WDs, i.e. the links shown in Fig. 1. Note that every WD is associated to
its closest AP, and that, since APs are the ones who set the channel to be used by
their associated clients, all nodes connected in layer a will use the same channel
(color) to communicate. On the other hand, layer b captures the potential interferences between nearby vertices. To be more speciﬁc, layer b links node pairs where
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Fig. 2. Multilayer graph model.

the distance between them is below the corresponding interference radius R (that
depends on the sensitivity of the receiver): AP–AP pairs will be linked provided
that the distance condition is met, AP–WD pairs only when the device is not associated to that AP, and WD–WD pairs only if both devices are associated to different APs, since the communications among the elements connected to the same
AP are coordinated and do not interfere. In Sect. 2.3 we describe the interference
model in more detail. Finally, layer c captures the idea that usually there is a
small number of communication providers to which the APs belongs to. This last
layer is the key to model the automated negotiation, since the fact that a provider
may choose to sacriﬁce the throughput of a given access point in favor of others is what will enable the existence of utility trade-oﬀs during negotiations. It is
important to note that this layers are not associated to communication infrastructure layers or in any way represent communication restrictions between APs. It is
usual to have APs connected to wired networks so that they can communicate with
each other.
2.3

Interferences and Utility of the Solutions

To model interference power between two elements, we weigh each edge of the
interference graph (layer b in the multilayer model) based on three factors:
1. We consider a weight for each color pair ij that we have called the co-channel
index, which can be understood as the interference between color i and color j.
It is worth noting that the usual coloring problem only takes into account
the particular case of interferences between vertices of the same color, while
our extension of the problem allows considering also interferences between
adjacent colors or colors in a certain distance range, to take into account
the partial overlapping between frequency channels in Wi-Fi. To model this
eﬀect, we have used the values obtained for this index in [29], where authors
provide a matrix where each value (i, j) represents the interference, as seen
in channel i, motivated by a transmission on channel j.
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2. We consider the distance between edge endpoints. This way, the weight
assigned to a colored edge ij will be diﬀerent depending on how far apart
its endpoints are, following the propagation model described in [11]. This
represents another extension to the usual coloring problem, because now vertices have also certain positions and this means that our graph is no longer
abstract but geometrical.
3. We include the eﬀect of the amount of data into the weights, including a factor
(called activity index) that accounts for the fact that a higher bandwidth
data ﬂow will occupy the wireless channel a higher fraction of the time. In
other words, higher bandwidth ﬂows will generate more harmful interference
signals, as they will occupy the spectrum for a higher ratio of time.
Once there is a model for interfering signals, the signal to noise ratio for
terminal i (SIN Ri ) can be computed as the ratio between the received desired
signal and the sum of the received undesired interferences. Note that each AP
will have a SIN R value for every terminal that is associated to it. In that case,
we will assume that its SIN R will be the minimum of all of them, which is in
fact the worst case.
To quantify the goodness of the diﬀerent network colorings, we have used
the concept of utility, which is closely related to the perceived throughput and
SIN R. According to [1], in a wireless network the throughput equals a maximum
value when the SIN R is over a certain value SIN Rmax and monotonically
decreases with the reduction of SIN R until an insuﬃcient value of SIN R, called
SIN Rmin , is reached, when the throughput falls to zero. We can consider the
utility seen by node i (Ui ) as a normalized throughput, so it can be deﬁned
as a value ranging from 0 to 1, with 0 corresponding to the situations when
there is a very low-quality reception and the devices cannot keep connected
(throughput equals to zero), and 1 corresponding to the case when the signal
quality is excellent (throughput equals to its maximum value). Threshold values
for SIN R have been deﬁned from the values presented in [10]. Finally, the utility
value for a speciﬁc provider Pi (UPi ) is computed as the sum of the utility values
for all its APs and the clients associated to these APs.

3

Automated Negotiation Techniques for Channel
Selection

In this work, we propose to tackle the network-structured channel assignment
problem in Wi-Fi using automated negotiation techniques. Automated negotiation is a quite wide ﬁeld [9] but most authors agree that a negotiation problem
can be characterized by a negotiation domain (who negotiates and what to negotiate about), an interaction protocol (which rules govern the negotiation process),
and a set of decision mechanisms or strategies that guide the negotiating agents
through every phase of the interaction protocol [8]. In the following we deﬁne
our particular negotiation problem along these three dimensions.
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Negotiation Domain

For the scope of this work, we assume a multiattribute negotiation domain, where
a deal or solution to the problem is deﬁned as the set of attributes (issues),
and each one of them can be in a certain range. In our case, for a channel
assignment problem with nAP access points, a solution or deal S can be expressed
as S = {si |i ∈ 1, ..., nAP }, where si ∈ {1, . . . , 11} represents the assignation of a
Wi-Fi channel to the i-th access point.
In this work, we assume that there are two network providers (commonly
Internet Service Providers, ISPs), thus APs belong to one of the providers. Each
provider only has control over the channel assignment for its own access points.
According to this situation, P = {p1 , p2 } will be the set of agents that will
negotiate the channel assignment. We ﬁnd adequate to focus in the two- provider
case because there are more works in complex bilateral negotiations than for the
multilateral case (three or more agents).
Finally, each one of these agents will compute its utility for a certain solution
according to the model described in the previous section. The problem settings
(high cardinality of the solution space and attribute interdependence) will make
the utility functions highly complex, with multiple local optima.
3.2

Interaction Protocol

There are many interaction protocols for negotiations, from the classical alternating oﬀers model [32] to auction-based protocols [14]. From the assumption
that the negotiation scenarios coming from Wi-Fi channel assignment will be
highly nonlinear, and according to the discussion in [22], we have chosen a simple text mediation protocol [18]. In its simplest version, the negotiation protocol
will be as follows:
1. It starts with a randomly-generated candidate contract (S0c ). This means to
assign each AP a random channel.
2. In each iteration t, the mediator proposes a contract Stc to the rest of agents
(i.e. the providers).
3. Each agent either accepts or rejects the contract Stc .
c
from the previous contracts and
4. The mediator generates a new contract St+1
from the votes received from the agents and the process moves to step 2.
This process goes on until a maximum number of iterations is reached. The
protocol, as deﬁned, is rather generic and must be completed with the deﬁnition
of the decision mechanism to be used by the negotiating agents and the mediator.
3.3

Decision Mechanisms

For the mediator, we have implemented a single-text mediation mechanism [18]
for the generation of new contracts, which works as follows:
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– If at time t all agents have accepted the presented contract Stc , this contract
c
.
will be used as the base contract S b to generate the next contract St+1
Otherwise, the last mutually accepted contract will be used.
c
, the mediator takes the base
– To generate the next candidate contract St+1
contract Sb and mutates one of its issues randomly. In our case of study,
this would correspond to choosing a random access point and selecting a new
random channel for it.
– After a ﬁxed number of iterations, the mediator advertises the last mutually
accepted contract as ﬁnal.
For the agents, we have considered two diﬀerent mechanisms to vote about
the candidate contracts S c :
– Hill-climber (HC): In this case, the agent behaves as a greedy utility maximizer. The agent will only accept a contract when it has at least the same
utility for her than the previous mutually accepted contract.
– Annealer (SA): In this case, we use a widespread nonlinear optimization technique called simulated annealing [18]. When a contract yields a utility loss
against the previous mutually accepted contract, there will be a probability
for the agent to accept it nonetheless. This probability Pa depends on the utility loss associated to the new contract Δu, and also depends on a parameter
−Δu
known as annealing temperature τ , so that Pa = e τ . Annealing temperature begins at an initial value, and linearly decreases to zero throughout the
successive iterations of the protocol.
The choice of these two mechanisms is not arbitrary. Simulated annealing
techniques have yielded very satisfactory results in negotiation for nonlinear
utility spaces [20], and are the basis for several of other works [22]. Furthermore,
as discussed in [18], the comparison between hill-climbers and annealers allows
to assess whether the scenario under consideration is a highly complex one, since
in such scenarios greedy optimizers tend to get stuck in local optima, while the
simulated annealing optimizer tends to escape from them.

4
4.1

Scenarios, Benchmarks and Metrics
Considered Scenarios

In this paper, we make the common assumption that Wi-Fi nodes (APs and
clients) are static elements. As in our problem there is not any element that
evolves with time, we deal with the problem of evaluating the performance of a
particular channel assignment strategy by means of the computation described
in Sect. 2.
Moreover, the choice of the conﬁguration parameters for the studied scenarios
has been driven by considering typical or reasonable power transmission and
sensitivity parameters from a realistic point of view [15]. We have also made
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the assumption that both APs and clients are randomly distributed throughout
the environment, and that clients associate to the AP which is closer to them.
With these assumptions, we have generated scenarios varying the number of APs
(15, 50 and 100) and the number of clients per AP (1 and 5). For each of these
combinations of parameters we generated 50 diﬀerent graphs, for a total of 300
scenarios. This allowed us to have a wide range of problem sizes (from tens of
nodes to roughly one thousand nodes), and also a wide diversity (due to the
randomization of node placement). Keep in mind that there is more variability
on the number of APs and clients than the one suggested by the parameter set,
since we removed from the scenario any AP which had no nearby clients, and
vice versa. Finally, for each scenario, we randomly assigned half of the APs to
each provider.
4.2

Analysed Techniques

In addition to the negotiation techniques under study, presented in Sect. 3.3, we
have included a comparison with two reference techniques:
– Random Reference: as a ﬁrst base line, in this technique each AP chooses a
channel randomly.
– Particle Swarm Optimization (ALPSO): additionally to our negotiators
based on simulated annealing, we wanted to have, as a reference, a nonlinear optimizer using complete information. We have chosen a parallel augmented Lagrange multiplier particle swarm optimizer, which solves nonlinear
non-smooth constrained problems using an augmented Lagrange multiplier
approach to handle constraints [16].

4.3

Graph Metrics for Performance Evaluation

One of the long-term purposes of our work is to study how the network structural
properties of a problem inﬂuence the performance of optimization and negotiation approaches used to address it. To this end, we have selected a number
of graph metrics from the literature to analyze our experimental results. The
selected metrics are the following:
– Graph order: the number of nodes in the graph.
– Graph diameter: the longest distance between any pair of nodes in the
graph [28].
– Wiener index: gives a measure of graph complexity from the distances in the
|N | |N |
graph. It is computed as W (G) = 12 i=0 j=0 d(ni , nj ), where d(ni , nj ) is
the shortest distance between nodes [36].
– Graph density: the ratio between the number of edges in the graph and the
maximum possible number of edges (that is, for a fully-connected graph).
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– Clustering coeﬃcient: a measure of the degree to which nodes in a graph
tend to cluster together. The cluster coeﬃcient of a graph is computed as
the average of the local clustering coeﬃcient of its nodes, which is the ratio
between the number of links between a node’s neighbors and the maximum
possible number of links between them (that is, if they were fully connected).
– Average betweenness centrality. Centrality metrics measure the importance of
a node within a graph. In particular, betweenness centrality of a node is the
ratio of shortest paths in the graph which traverse the node [19].
One of our long-term hypothesis is that these metrics may be used as a basis
for mechanism selection in networked problems involving self-interested parties.
As a ﬁrst step in this track, in this paper we have used these metrics to compare
the relative performance of the benchmarked approaches.

5

Experimental Results and Discussion

In this section, we describe and discuss the results of our experiments. For each
of the aforementioned 300 scenarios, we did 20 repetitions with each of the
benchmarked techniques, recording the achieved social welfare (sum of utilities
for both providers) and the computation time.
Firstly, we study the performance of the evaluated techniques in the diﬀerent
scenario categories according to the scenario generation parameters (number of
APs and number of clients per AP). Table 1 shows the average utility obtained by
each approach for all the graphs in each category. We can see that, for the less
complex scenarios, all approaches but random perform reasonably well, with
a non-signiﬁcant little advantage for the hill climber (HC ). As the scenarios
grow more complex, we can see the performance of the random approach turns
worse, which is reasonable since the size of the solution space becomes larger.
We can also note signiﬁcant increasing distance between the performances of
the hill climber and the annealer (SA) negotiators. This conﬁrms our hypothesis
that these scenarios are highly nonlinear [18]. We can also see that, for the
Table 1. Utility for diﬀerent techniques.
(APs,WDs) Random
avg
std

HC
avg

std

SA
avg

std

ALPSO
avg
std

(15, 15)

12.45

1.90

15.88 0.02

15.86 0.04

15.86 0.03

(15, 75)

30.57

5.18

52.53 1.35

53.85 0.50

52.95 0.93

(50, 50)

29.17

4.15

50.40 0.89

51.08 0.52

50.06 0.98

(50, 250)

60.28

9.44 125.24 4.71 134.96 2.34 125.51 3.80

(100, 100)

45.37

5.48

(100, 500)

86.21 11.68 188.13 7.93 208.23 4.33 191.43 6.25

84.90 2.39

88.33 1.52

83.53 2.25
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Table 2. Run time (in seconds) for diﬀerent techniques.
(APs,WDs) HC
avg

SA
std

avg

ALPSO
std

(15, 15)

0.53

0.21

0.64

0.22

(15, 75)

5.79

1.22

5.96

(50, 50)

5.22

1.16

5.40

(50, 250)

69.39

6.44

69.32

(100, 100)

22.01

2.96

22.15

(100, 500)

avg

std
0.25

0.19

1.23

5.86

2.00

1.17

11.91

5.02

6.36

285.89

74.37

2.99

108.14

31.39

330.38 17.23 326.90 16.61 3225.63 817.93

more complex scenarios, the SA negotiator signiﬁcantly outperforms the particle
swarm optimizer (ALPSO). This is a remarkable result, specially taking into
account that SA reaches the optimum faster than the ALPSO optimizer. Table 2
shows the average computation times for both approaches. We can see that, in
the largest scenarios, the SA negotiator is roughly 10 times faster than the
complete information optimizer.
To account for the diversity of scenarios within each category, we have analyzed the results of the best performing approach (SA) against the completeinformation reference (ALPSO) with respect to the diﬀerent metrics discussed
in Sect. 4.3. Figure 3 shows, for each metric, the ratio between the average utility
achieved by SA in the 20 runs for a given graph, and the average utility obtained
by ALPSO for the same graph (hence the dashed line in the ﬁgures corresponds
to the ALPSO 1.0 baseline). We can see there is an approximately linear increasing gain for SA with graph order, with ALPSO doing better for low-order graphs
and SA getting to gains up to 10% for the larger graphs (Fig. 3a). This is coherent with the results in Table 1. We can see an inversely proportional trend with
the average betweenness centrality (Fig. 3b). The SA negotiator performs better
for low centrality values, which seems reasonable because in these graphs there
will be more peripheral nodes (i.e. with less interfering nodes) than central nodes
(i.e. with more interfering nodes), which should make negotiations easier. The
same reasoning explains the results with respect to density (Fig. 3c). The negotiator fares better in the less dense graphs (i.e. where there are less interference
links).
There are other interesting patterns arising from the metrics analysis. For
instance, Figs. 3d and 3e suggest that there may be optimal values of graph
diameter and graph cluster coeﬃcient, respectively, regarding the performance
of the SA negotiator. However, further analysis would be needed to rule out other
possible explanations. For instance, it is reasonable to expect very little room for
improvement of the negotiator in the extremely high clustering coeﬃcient cases
(almost complete graph, all nodes interfere with each other).
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Fig. 3. Utility of SA relative to ALPSO for diﬀerent graph metrics.

6

Conclusions and Future Work

This paper presents a problem inspired by an extension of the prominent graph
coloring problem, enriched towards a real application domain (Wi-Fi channel
assignment), which has been extensively studied from the discrete optimization
perspective, but has not received attention from the negotiation community. We
study a negotiated approach to address this problem, which is, to our knowledge, the ﬁrst attempt to apply nonlinear negotiation techniques to real complex
network scenarios. Experiments show that our approach based on simulated
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annealing signiﬁcantly outperforms the optimizer used as a reference in both
social welfare and computation time. This is a relevant result, since scalability
is the main drawback to apply negotiation approaches to complex systems.
Although our experiments yield satisfactory results, there are still a variety
of avenues for further research. As discussed in the previous sections, a range of
bilateral and multilateral negotiation protocols and agent decision mechanisms
can be studied. A more in-depth metric analysis is needed, specially to determine
if the observed correlations among metrics are inherent or caused by a scenario
generation bias. Finally, we are interested in fully-distributed negotiations, where
the need for mediation can be substituted by a form of distributed social choice.
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References
1. Bazzi, A.: On uncoordinated multi user multi RAT combining. In: Vehicular Technology Conference (VTC Fall), pp. 1–6. IEEE, 5–8 September 2011
2. Aardal, K.I., Van Hoesel, S.P., Koster, A.M., Mannino, C., Sassano, A.: Models and
solution techniques for frequency assignment problems. Ann. Oper. Res. 153(1),
79–129 (2007)
3. Abusubaih, M., Gross, J., Wolisz, A.: An inter-access point coordination protocol
for dynamic channel selection in IEEE 802.11 wireless LANs. In: 2007 1st IEEE
Workshop on Autonomic Communications and Network Management (ACNM
2007) (2007)
4. Bodlaender, H.L., Kloks, T., Tan, R.B., van Leeuwen, J.: λ-coloring of graphs. In:
Reichel, H., Tison, S. (eds.) STACS 2000. LNCS, vol. 1770, pp. 395–406. Springer,
Heidelberg (2000). doi:10.1007/3-540-46541-3 33
5. Chieochan, S., Hossain, E., Diamond, J.: Channel assignment schemes for
infrastructure-based 802.11 WLANs: A survey. IEEE Commun. Surv. Tutorials
12(1), 124–136 (2010)
6. De Jonge, D., Sierra, C.: NB3 : A multilateral negotiation algorithm for large, nonlinear agreement spaces with limited time. Auton. Agent. Multi-Agent Syst. 29(5),
896–942 (2015)
7. Tragos, E.Z., Zeadally, S., Fragkiadakis, A.G., Siris, V.A.: Spectrum assignment in
cognitive radio networks: A comprehensive survey. IEEE Commun. Surv. Tutorials
15(3), 1108–1135 (2013). Third Quarter
8. Fatima, S.S., Wooldridge, M., Jennings, N.R.: Optimal negotiation strategies for
agents with incomplete information. In: Meyer, J.-J.C., Tambe, M. (eds.) ATAL
2001. LNCS (LNAI), vol. 2333, pp. 377–392. Springer, Heidelberg (2002). doi:10.
1007/3-540-45448-9 28
9. Fatima, S., Kraus, S., Wooldridge, M.: Principles of Automated Negotiation. Cambridge University Press, Cambridge (2014)
10. Geier, J.: How to: Deﬁne Minimum SNR Values for Signal Coverage. http://www.
wireless-nets.com/resources/tutorials/deﬁne SNR values.html

64

I. Marsa-Maestre et al.

11. Green, D.B., Obaidat, A.S.: An accurate line of sight propagation performance
model for ad-hoc 802.11 wireless LAN (WLAN) devices. In: 2002 IEEE International Conference on Communications, ICC 2002, vol. 5, pp. 3424–3428 (2002)
12. Griggs, J.R., et al.: Graph labellings with variable weights, a survey. Discrete Appl.
Math. 157(12), 2646–2658 (2009)
13. Grubshtein, A., Meisels, A.: A distributed cooperative approach for optimizing a
family of network games. In: Brazier, F.M.T., Nieuwenhuis, K., Pavlin, G., Warnier,
M., Badica, C. (eds.) Proceedings of the 5th International Symposium on Intelligent
Distributed Computing-IDC 2011. Intelligent Distributed Computing V, vol. 382,
pp. 49–62. Springer, Heidelberg (2012)
14. Hattori, H., Klein, M., Ito, T.: Using iterative narrowing to enable multi-party
negotiations with multiple interdependent issues. In: Proceedings of the 6th
International Joint Conference on Autonomous Agents and Multiagent Systems,
AAMAS 2007, pp. 247:1–247:3. ACM, New York (2007)
15. de la Hoz, E., Gimenez-Guzman, J.M., Marsa-Maestre, I., Orden, D.: Automated
negotiation for resource assignment in wireless surveillance sensor networks. Sensors 15(11), 29547–29568 (2015)
16. Jansen, P., Perez, R.: Constrained structural design optimization via a parallel augmented lagrangian particle swarm optimization approach. Comput. Struct. 89(13–
14), 1352–1366 (2011)
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