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ABSTRACT Making decisions under uncertainty is very challenging but necessary as most real-world
scenarios are plagued by disturbances that can be generated internally, by the hardware itself, or externally,
by the environment. Hence, we propose a general decision-making framework which can be adapted
to optimally address the most heterogeneous real-world domains without being significantly affected by
undesired disturbances. Our paper presents a multi-agent based structure in which agents are capable
of individual decision-making but also interact to perform subsequent, and more robust, collaborative
decision-making processes. The complexity of each software agent can be kept quite low without a
deterioration of the performance since an intelligent and robust-to-uncertainty decision-making behaviour
arises when their locally produced measure of support are shared and exploited collaboratively. We show
that by equipping agents with classic computational intelligence techniques, to extract features and generate
measure of supports, complex hybrid multi-agent software structures capable of handling uncertainty can be
easily designed. The resulting multi-agent systems generated with this approach are based on a two-phases
decision-making methodology which first runs parallel local decision making processes to then aggregate
the corresponding outputs to improve upon the accuracy of the system. To highlight the potential of
this approach, we provided multiple implementations of the general framework and compared them over
four different application scenarios. Results are promising and show that having a second collaborative
decision-making process is always beneficial.

INDEX TERMS Collaborative systems, decision-making, distributed systems, intelligent decision-making,
fuzzy systems, multi-agent systems, neural systems, neuroevolution.

I. INTRODUCTION
When facing Decision-Making (DM) problems using data
or sensors in real-world adverse environments, performance
is significantly affected by numerous environmental factors
such as sunlight, humidity, temperature, atmospheric pressure
and many others. For this reason, in application domains
such as remote sensing, precision agriculture and landmine
detection [2]–[6], robust systems need to be based onmultiple
and varied sensors to mitigate the effect of environmental
disturbances [7]–[10]. However, regardless of the number
of sensors used, data will have high levels of noise and
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uncertainty even in less adverse environments. For exam-
ple, wireless body sensor networks used to acquire infor-
mation from patients in hospitals can easily be affected by
disturbances and introduce uncertainty in medical data [11].
In these cases, as in most real-world applications, designing
a robust DM system capable of aggregating multiple sources
of information and make a final decision is not an easy tasks.
Issues encountered while designing DM systems capable of
handlingmultiple sources of information include the sensitiv-
ity of each source to external factors that might impact with
different strengths on different sub-systems. This will bias the
final decision.

The literature offers examples of advanced DM systems
meant to deal with the aforementioned problem. Recently,
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good results were achieved with ‘‘ensemble classifiers’’ as
e.g. the one used in [11] to predict heart diseases at early
stages. More complex DM structures, based on ‘‘intelli-
gent’’ computational methods, are also currently being under
investigation. In the humanitarian demining field, it is worth
mentioning the work done under the TIRAMISU project,
with a particular reference to the ‘‘fuzzy logic’’ system pro-
posed in [12] to detect mine-fields by considering multiple
information sources from an aerial data acquisition module.
In similar application domains, e.g. detecting human bodies
trapped under debris, also genetic fuzzy systems are being
proposed to optimise the accuracy of the classification out-
come [13], as well as neural systems and other Machine
Learning (ML) methods to extract relevant features leading
to a very robust and accurate final decision [14]–[18]. In this
light, the study in [6] has shown that DM in environments
with high levels of uncertainty and disturbances, is indeed
possible with acceptable accuracy. This has been achieved
by coordinating multiple ML-based DM systems around a
decentralised and asynchronous logic allowing for real-time
classifications made locally, i.e. individually by each DM
subsystem, and globally, i.e. in a collaborative manner. The
collaborative DM takes into consideration measures of sup-
port exchanged among subsystems. This builds upon previous
decentralised DM systems [19]–[22], whose structure was
proven to reduce delays due to data processing, be more
resilient to external disturbances and alleviate the sensitivity
to external disturbance factors [23]; the resulting DM system
in [6] was designed to be embedded in a multi-sensors plat-
form and was successfully used to detect buried Improvised
Explosive Devices (IEDs).

A practical and efficient approach to implement such
a decentralised systems, is to describe and design them
as Multi-Agent System (MAS). These systems can have a
varying number of independent software/hardware units, i.e.
the agent, operating asynchronously and concurrently thus
increasing the execution speed of several tasks required to
achieve a final common goal [24], [25]. If this goal is to make
a final decision, based on several other measures of support
calculated by each agent, then aMAS can be turned in a much
more suitable scheme for robust DM than classic centralised
ones [26]. This resulted in a very effective approach for social
decision making in a computer mediated environment [27],
where the collaborative DM capabilities of the agents was
achieved by taking into consideration social parameters as
‘‘trust’’, etc., but also in other fields such as malware detec-
tion [28], network clock synchronisation and mobile modular
robotics [29].

Motivated by this research problem, we propose an original
multi-agent DM framework which is easily extendable with
a generic number n of agents in order to adapt to several
real-world scenarios and 1) operate on multiple sources of
information as most appropriate or required (i.e. one agent
per source); 2) alternatively, work on the same source of
information, e.g. a single data set, but simultaneously using
n different techniques for exacting features and generating

individual measures of support for the final DM process.
Hence, the proposed framework is capable of performing
independent and real-time ‘‘local’’ DM by each agent but
also allows for a robust ‘‘collaborative’’ DM process in
which each agent aggregates the measure of support coming
from the other agents to minimise the uncertainty in making
the final classification decision. Unlike other studies in the
field, we propose to use a combination of state-of-the-art
ML methods (i.e. neural networks, fuzzy systems, etc.) to
implement each agent’s ‘‘brain’’. The structure of the selected
ML method for implementing the local and the collabora-
tive DM systems is not fixed but rather evolved during the
training process to optimally adapt to the available data. Con-
sequently, the proposed software infrastructure is dynamic
and self-adaptive. In this article, the presented framework is
also evaluated with varying number of agents, from one to
six, to show its performances over four popular data sets and
highlight its potential. The data sets were chosen to showcase
the adaptability of the proposed DM approach to different
scenarios (i.e. Medical, object classification and synthetic
data set).

More in detail, the remainder of the article is structured as
follows:

• Section II presents the propose multi-agent decision-
making (RDMCA) system and describes all its compo-
nents and working mechanisms;

• Section III specifies the criteria to select the best perfor-
mance of each of the decision-making systems.

• Section IV details the implementation and the test sys-
tem used for four data-sets available on-line.

• Section V display and comments on the obtained results;
• Section VI draws the conclusion of this piece of research
and speculate on potential ways forward.

II. THE MULTI-AGENT DECISION-MAKING FRAMEWORK
To achieve our goal, as stated in the introduction, we design
a flexible and modular software architecture so that it can be
easily adapted and extended to tackle a variety of application
domains. The basic component of such a structure is the
agent, a software unit defined by four attributes, namely

• A Local Decision-Making (LDM) system;
• A Collaborative Decision-Making (CDM) system;
• A Source of information (e.g. a set S of data);
• A Communication Link (CL);

allowing for the agent to make decisions independently, but
also collaboratively by communicating with its peers. Hence,
no restrictions in the number of agents is given, i.e. as many
agent as required for the specific problem can be used, as well
as in the nature of the source, i.e. usually this is a data set but
can also be the output signal from a sensor, a simulator, etc.,
and no limitations are posed to the implementation of the DM
systems, i.e. they can be either classic DMmodels or modern
ML-based systems as more appropriate. A compact graphical
representation of the n potential agents, A1,A2,A3, . . . ,An,
is available in Figure 1 to conceptualise the idea behind the
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FIGURE 1. Graphical representation of the agents in the proposed RDMCA
system.

proposed framework. It must be noted that Si (i = 1, . . . , n)
refers to the source of information of the ith agent and not
necessarily to a ith source of information. According to the
specific need, multiple agent can operate on the same source
of information, e.g. the same data set S (i.e. S1 = S2 =
· · · = S). Obviously, all scenarios are possible, i.e. those
in which the totality of the agents equipped with diverse
local and collaborative DM systems are fed with the same
source of information, those in which each agent deals with
a different source of information (e.g. this could be the case
in which different frequency bands are considered for taking
photographs of the same object [5], [6]) and any combination
in which some agents work on the same source while other
use different types or sensors or look at different sources.
Decision made at a local level, i.e. individually by each agent
via the implemented LDM system, need to be shared so that
each agent is capable of collaboratively make a more robust
decision via its CDM system. For this reason, each agent is
equipped with a CL which is the software component respon-
sible for sharing measures of support. An overview of the
working mechanism of the proposed system is schematised
in Figure 2, in which the whole process is depicted in a
sequence of five steps. Details on each step are given in the
following sections.

A. DATA SOURCE AND ACQUISITION
As previously discussed, raw data to be used by any generic
agent can be from different sources or have different formats.
Hence, before initiating the DM process, ad-hoc acquisition
processes are required to store relevant data to be fed to each
ith agent Ai. In this light, the very first step shown in Figure 2
represents the acquisition process to be performed to obtain
raw data. This is obviously problem dependent.

In some scenarios, for the sake of robustness, multiple
agents might be equipped with heterogeneous feature extrac-
tions systems and let operate on the same raw-data. For
this reason, even if raw-data comes from a unique sensor,
a number of sources Si equal the number of agents Ai is
defined in this step. The reason behind this is that those data
will require different pre-processing phases to be usable by
the corresponding agent. Therefore, even if they are acquired
with the same sensor, each ith agent will have to pre-process
those raw-data into a meaningful data set Si to use it for DM
purposes.

B. AGENT CONCEPT ASSOCIATION (ACA)
The variables of the n acquired data sets Si are then associated
to an agent Ai during this process, indicated with the Agent

Concept Association (ACA) block in Figure 2, each agent Ai
(i = 1, . . . , n) is

• initialised with a number of candidate DMmethods (see
Section II-C and II-D);

• linked to its Si data set so that data can be captured and
processed;

• prepared to undergo training and return a LDMmeasure
of support (as graphically depicted in Figure 2);

• connected with the other n − 1 agents via its CL to
exchange measures of support and perform CDM (as
graphically depicted in Figure 2).

After being linked to a data set Si, raw-data might need
pre-processing to obtain exploitable information. Hence,
while capturing data (see II-A), agents must employ digital
filters (to reduce noise) and features extraction techniques
that have to be chosen in advance by considering the nature
of the available data. Once raw-data are transformed into
meaningful features, the LDM process takes place and its
output is sent (‘‘Send LDM’’) through the CL to be used
as measure of support by the other agents. This means that
the proposed system must be coordinated synchronously.
At this point, all agents are capable of performing CDM
by using the exchanged measures of support (‘‘Collaborate
DM’’). To implement this coordination logic in the proposed
system, each agent is executed as a sub-process on the same
machine and their tasks are run in parallel simultaneously.
Hence, to perform the CDM process, the ‘‘fastest’’ agent has
to wait for the ‘‘slowest’’ to send its measure of support.
For the sake of clarity, the implementation code for handling
communication across agents and their coordination is made
available in the repository in [30].

C. LOCAL DECISION-MAKING (LDM)
To have a robust and optimised LDM process, several state-
of-the-art DM methods (DMMs) can be tested before choos-
ing the most appropriate one. This process is meant to return
a LDM method tailored to the scenario at hand and consists
of a trial-and-error process in which the candidate DMMs are
selected from the pool ‘‘Initial DMMs’’ to then being trained
and, subsequently, assessed by means of the performance
metrics explained in Section III. Suggested DM methods to
be considered in the pool are

• Rule-based or Fuzzy systems, as those in [31], [32];
• Decision Tree, as those in [33], [34];
• Support VectorMachine (SVM)models, as those in [31],
[33], [34];

Neural systems as e.g. [33], [35], can also be used.
Amongst them, the neuroevolution approach introduced in
[36]–[38], and successfully used in real-world application
such as [6], appear to be the most promising choice, as shown
in each case study of Section IV, since capable of optimis-
ing the structure of neural networks to best perform on the
available data set. Obviously, these methods require dividing
the processed data sets Si into a training (ST) and a validation
(SV) sets, as indicated in Figure 2. These two sets are obtained
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FIGURE 2. Flow chart of the proposed RDMCA framework. Process flow direction is from top to bottom, corresponding to
the sections explained in the text: Data sources and acquisition, Agent Process Association(ACA), Local and Collaborative
decision-making stages (LDM, CDM), and Global Decision Making (GDM, when applicable, see section II-E.)

by following the results from [6], which suggest allocating
70% of the available samples to ST and the remaining 30%
to SV to avoid biases in the learning process. The assessment
process can be preformed manually to select the best opti-
miser, or automated with the neuroevolution approach. The
latter makes use of a Genetic Algorithm (GA) [39] to evolve
and compare neural networks having different architectures,
activation functions, number of layers and nodes. Details of
these steps are given in Section IV-C2 and IV-C3.

D. COLLABORATIVE DECISION-MAKING (CDM)
The CDM step is based on the same logic of the previously
described LDM process. Hence, potential CDM methods are
either be selected from the DMMs pool or evolved, trained,
validated and assessed to find the optimal DM system. How-
ever, unlike the LDM module, CDM requires two input vec-
tors formed by

• the features extracted and assigned per agent (see
section II-B) from the acquired raw-data, as indicated
in section II-A, and shown in the Data Source & Acqui-
sition step of Figure 2;

• the decisions support coming from the partner agents
and itself.

Every agent knows the last local decisions of the other
agents and considers these when executing its collaborative
decision-making process. It worth noting then, that the local
decision vector (e.g. all β’s on the left of Figure 3) is the same
for all agents at any given time.

Also in this case, several CDMmethods can be taken from
the DMMs pool, trained, validated and assessed through the
same approach explained in Section II-C. Hence, the avail-
able data must be split so that 70% of the samples go to
ST, while the remaining 30% go to SV, before training the
selected DMmethods. The one showing the best performance
over the validation set SV is that chosen for the CDM block.

E. GLOBAL DECISION-MAKING (GDM)
Previous studies confirmed that CDM tends to improve upon
the accuracy of individual DM processes in MASs [6]. In the
generic case where the outcome of all CDMs is not unique
or unanimous, the ‘‘global’’ decision is made as shown in the
last block of Figure 2, the outputs generated via individuals
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CDM systems are aggregated in the so-called Global Deci-
sion making (GDM) block. This block is activated when all
CDMmeasures of support, from each agent, are available and
communicated through their CLs.

Our GDM strategy for the general case involves deciding at
the validation stage which agent has the best performance and
use this as the chosen GDM, we can further chose a second
best, etc. . . so that we can guarantee that the systemwill have a
global decision, even if the best collaborative decision is not
available, for example due to a fault in the sensor or agent.
This will be shown in detail in Section V-D.

III. EVALUATION METRICS
To assess the proposed system we made use of three different
evaluation methods capable of fairly comparing all the pos-
sible cases resulting from having different DM systems, two
or more agents.

The first evaluation metric is the Root Means Square Error
as defined in Equation 1,

RMSE =

√√√√ 1
|S|

|S|∑
k=1

(xk − x̂k)2, (1)

where xk is the expected output of the system, x̂k is the
predicted output, and k is a generic sample from the set of
available samples S. The RMSE allows for the comparison
of dissimilar DM systems, being normalised by the number
samples, and therefore is very established for assessing clas-
sification performances. Ideally, a perfect classifier would
display a null RMSE. In practical terms, the smaller is the
RMSE value, the more reliable is the classification process at
hand.

The second evaluation metric is the so-called accuracy,
referred to as ACC, which is defined by means of the fol-
lowing ratio

ACC ,
TP+ TN

TP+ FN+ TN+ FP
, (2)

where the terms in the numerator, i.e. True Positive (TP) and
the True Negative (TN), as well as the remaining term in
the denominator, i.e. False Positive (FP) and False Negative
(FN), are well-known in binary classification and indicate
the number of correct predictions for the positive and the
negative classes, for the first case, and the number of classi-
fications for the positive and the negative class, in the second
case. A schematic description of these terms is given in the
so-called confusion matrix represented in Table 1. Therefore,
the ACC value is a non-negative scalar in [0, 1] which can
be seen as a normalised index of correct classifications, for
both the negative and positive classes. Ideally, a perfect clas-
sifier has an accuracy equal to 1, which results into a 100%
correct classification rate with a null RMSE. Hence, in a real-
scenario, the higher the ACC value the more effective is the
classifier.

The last evaluation method makes use of the Receiver
Operating Characteristic (ROC) curve to calculate the Area

TABLE 1. Example of a generic confusion matrix for binary classification.

Under the Curve (AUC) metric [40]. The ROC curve is
obtained by plotting tuples (FPR, TPR), with

FPR ,
FP

FP+ TN
(3)

and

TPR ,
TP

TP+ FN
, (4)

at various threshold settings, i.e. from the minimum to the
maximum allowed value according to the boundaries of the
output range. Usually, FPR (aka miss rate) values are repre-
sented in the x axis while TPR (aka sensitivity, recall or hit
rate) values are represented in y axis. Obviously, admissible
values for the two rates lies in the [0, 1] range. The corre-
sponding AUC scalar values is somehow able to give indica-
tions on the shape of the ROC curve: if higher than 0.5, ROC
is concave up and its graph is above the y = x curve. In this
configuration one can conclude that the performance of the
DM classifier under consideration is clearly superior than a
‘‘random guess’’ whereas a AUC inferior to 0.5 indicates that
the considered approach is making a random decision. In this
light, a meaningful DM strategy must have an AUC value in
the rage [0.5, 1]. While an ideal classifier would obviously
display a unitary AUC value, in general terms it can be stated
that the higher the its value more robust is the decision made.

The three proposed evaluation metrics are estab-
lished and represent a standard for benchmarking DM
methods [41], [42].

IV. IMPLEMENTING AND TESTING RDMCA
In this section we evaluate our model using four different data
sets, which will be presented in the following section, IV-A.
We start by specifying the agent concept association
(section IV-B) and detail the final decision-making system
in section IV-C.

A. DATA SOURCES
The data sets used for evaluation are from the KEEL database
[43], from which we selected four suitable data sets for
supervised binary classification. Brief details of these are:
• The ‘‘DB0’’ data sets by Gorman and Sejnowski [44]
contains 208 samples acquired with a sonar while sens-
ing the land in the attempt to discriminate between rocks
and military grade mines. Each sample has 60 features
obtained by changing the orientation (i.e. angle) of the
sonar while acquiring information to detect a given
object. This is obviously a binary classification task in
which objects belonging to the class (0) are classified as
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FIGURE 3. RDMCA algorithm structure per agent on the system. Where Si is the sensor/Data features input and β’s are the messages
containing the states of each of the other agents in the decision-making system. The outputs at the right of the diagram are the
Collaborative Decision and the message from this agent, to the others, containing the Local Decision.

rock while those belonging to the class (1) are metallic
cylinders (i.e. a potential mine).

• The ‘‘DB1’’ data set by Kurgan et al. [45] consists
of 267 samples acquired through Single Proton Emis-
sion Computed Tomography (SPECT), each one having
44 relevant features for cardiac diagnosis. In detail, each
image can classified into two classes, (0) and (1), with
the first referring to the healthy state while the second
to an abnormal state for the heart. These data have
been also donated and deposited to be available online
from [46].

• The ‘‘DB2’’ breast cancer Wisconsin (diagnostic) data
set [47] contains 569 samples obtained through Fine
Needle Aspirate (FNA) biopsies to determine malig-
nancy or benignity of breast cancer. Each sample
displays 30 usable features computed from the corre-
sponding digitised image of the cells nuclei extracted
with the biopsy test. Benign cases are classified in the
(0) class while malign cases in the (1) class.

• The last data set, i.e. ‘‘DB3’’, is a synthetic data set
produced by the Department of Statistics of the Univer-
sity of California and disseminated through the techni-
cal report in [48]. It consists of 7400 samples having
20 features each. Every sample refer to a multivariate
normal distribution to be classified into two possible
classes. Class (0) contains those distributions displaying
null mean values and co-variance matrix equal to 4 · I
(where I is the identity matrix) while class (1) those
having a mean values equal to 2/sqrt(20) co-variance
matrix equal to I.

Hence, three out the four selected data sets belong to
real-world application domains. Even though we focus our
attention on real world applications, the last (synthetic) data
set was selected to test our proposed system with a relatively
large data set as well.

B. AGENT CONCEPT ASSOCIATION
The second stage of the software model includes the architec-
ture of the agents in RDMCA system. The multi-agent system
should have at least two agents within this architecture, and
every agent should have the states information of its peers at
any given time. Figure 3 illustrates as a block diagram the
processes executed per agent.

The agent has two sets of inputs, the data acquisition
and the messages with the local decisions from the other
agents. The data acquisition block controls the timing of
the sensors samples and filters this data. Then, the features
block extracts the relevant characteristics and send them to the
decision-making system. Every type of sensor data requires
a specific features extraction process. Finally, the decision-
making system (DMS) processes the extracted features and
the states of the other agents to determine a local and a
collaborative decision.

When a prepossessed data-set of features (rather than raw
sensor data) is available for the RDMCA system, the data
acquisition and features extraction blocks are not required.
The features come directly from the databases and can be
processed directly by the decision-making block. Moreover,
here a specific local decision-making method can be chosen
and fixed; and use a variety of methods to explore for the
collaborative decision making and evaluate the advantages of
the collaborative process.

To test our model, we have six RDMCA tests archi-
tectures per data set. First, there is an architecture with
a single agent (n = 1), where the output is the sin-
gle (local) decision. The other architectures use multi-
ple agents (n), from two to six agents. Each agent with
a ffANN as local decision-making method to obtain a
local decision (β) and a set of decision-making meth-
ods to test different alternatives for the collaborative
decision (�).
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C. DECISION-MAKING SYSTEM
1) ARCHITECTURE DESCRIPTION
The detail of the decision-making system per agent shows
the internal configuration of the DMS block (Figure 4).
It has a dedicated decision-making method each to obtain a
local and a collaborative decision. The local decision-making
method only requires features; in contrast, the collaborative
decision-making uses the local decision from all the agents,
alongside the features of the sensor data.

FIGURE 4. Decision-making system detail on a typical agent as in Figure 3.
The features (extracted form the sensor or obtained from data) feed both
decision making processes; the states of the other agents received as β’s
in Figure 3, feeds the collaborative decision making block as well.

In general, each DMS in the system has two outputs per
agent, the local (β) and collaborative (�) decisions. These
decisions take a value in a range (e.g.[0,1]). When the appli-
cation has a binary output, a threshold is used.

Our DMS per agent has two possible architectures depend-
ing on the inputs used by CDM. The first case is when the
CDM system uses only the LDM from all agents. The second
case is when the CDM uses the LDM from all agents and the
features from its sensor data. When the agents use the first
architecture, the CDM system is identical for all. In contrast,
for the second case, each agent has a specific CDM system
as it uses specific information according to its own sensor (or
data source).

To test the performance of the RDMCA model, we define
that each agent will have the same decision-making method
for the local decision (a feed-forward artificial neural network
ffANN structured using NEAT). On the other hand, we will
test a number of collaborative decision-making methods: a
choice of ‘‘intelligent’’ ones (a ffANN and a fuzzy decision
support system FDSS), and a variety of aggregation and sta-
tistical methods (mean value, median value, maximum value,
and a voting mode).

We selected the FDSS, the arithmetic mean value,
the median value, the maximum value, and the voting mode
to work under the first case of DMS architecture, when the
CDM system has only the LDM from all the agents. For the
case where CDM uses its sensor features as well, we will test

the ffANN, in which case the GDM block will be required to
become explicit as will be discussed in section V-D.

2) DECISION-MAKING METHODS
In the previous section we described the choices of
decision-makingmethods forRDMCAmodel to select the best
performance from a tuple of LDM and CDMper agent. In this
section we will describe in detail each of these.

For the collaborative decision we selected a ffANN
designed with NEAT (NCDM ). NEAT (neuroevolution of
augmenting topologies) is a state-of-the-art neuroevolution
algorithm that evolves both the weights and topology of the
network, allowing the behaviour of evolved neural networks
to become increasingly sophisticated over generations [20].
To implement and train the neural networks with neuroevolu-
tion [36], the algorithm designed in [37] was used, from the
Python library in [49].

The genome in the genetic algorithm required by NEAT
includes a list of connection genes, each gene specifies the
connection among two node genes, the in-node, the out-
node, the weight of the connection Wi,j, the activation func-
tion of the node f (xi), an enable bit of the connection and
an innovation number, which allows finding corresponding
genes during crossover. Mutation in NEAT adjust connection
weights, network structures and activation functions PNMAF .
Structural mutations, which expand the network, occur in
two ways, adding a new connection between nodes PNMC+
or adding a node PNMN+ with initial connections. There are
as well structural mutations which reduce the network by
removing an existing connection PNMC− or an existing node
PNMN− [36].
Some more elaborate versions of the library allow the

original NEAT algorithm to increase the performance for
specific cases. However, the data sets selected in the cur-
rent project have few features in contrast with applica-
tions that require hyperNEAT and our system adjustment
is offline. Then, the variants of NEAT such as rtNEAT are
not required for our case, and we will use the standard
library.

The FDSS model, similarly to NEAT, is an integration
of two methods, genetic algorithms, and fuzzy logic. Baron
presents in [50] the general structure of the FDSS algorithm.
However, we implement a new operator of crossover to
increase the variety of individuals.

Finally, we have the aggregation methods. The arithmetic
mean value (P), the median value (D), the maximum value
(M) and the voting method (V). This last one consists of
collecting the local decisions from all the agents and applying
a voting process, the CDM outcome depends on the quorum
(e.g., if RDMCA system has three agents, a quorummeans that
two or more agents have the same decision).

In order to easily refer to each of the decision-making
methods presented in this section from here on, we have
used the abbreviations shown in Table 2 where (NLDM )
and (NCDM ) are the local and collaborative decision making
NEAT methods.
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TABLE 2. Abbreviations list for the decision-making methods.

3) TRAINING CONFIGURATION
In this section we will describe in detail the training of
the decision making methods, namely the ffANN for the
LDM, and the ffANN and FDSS, as the chosen intelligent
decision-making methods for the CDM.

The training of each ffANN has two phases, the configura-
tion and tuning steps. The initial phase of the training (con-
figuration step) has the purpose of comparing and selecting
the best configuration to improve evolution. In this phase,
we defined a population of 600 individuals for NEAT to
evolve during 70 epochs. Also, there are 216 tests of training
configuration of NEAT per every network. The configuration
parameters are the number of the hidden neurons at the begin-
ning of the training process (0,1 or 2), the initial connections
among the neurons (see Table 3), and the probabilities of the
mutation operators (see Table 4).

TABLE 3. Options given by NEAT algorithm for initial connections among
inputs, hidden neurons and outputs.

TABLE 4. Probability distributions among the mutation operators of the
networks structure of the ffANN used by the genetic algorithm of NEAT.

The second phase of the training process (tuning step) takes
the best set of parameter configuration in terms of evolution
performance from the previous step. The purpose of this
stage is to attain the best network using the same training
parameters. We run ten independent training process with
random seeds. For each process, we defined a population
of 600 individuals which train during 100 epochs. The chosen
ffANN of the tuning step is that which performs the best from
all training cases.

TABLE 5. Summary of the best ffANN training configurations per data set
and per test (from one to six agents in the system). Nomenclature used in
the table: n: agents in the system, ID: identification of the agent in the
system, TP: mutation parameters (see Table 4), NH : initial neurons in the
hidden layer and CN : initial connection among neurons and inputs (see
Table 3).

Table 5 shows the best performance specifications of the
training process per data set and per number of agents,
in terms of initial connection (see Table 3), mutation configu-
ration (see Table 4) and number of neurons in the hidden layer
(NH). This table shows that the configuration parameters for
each agent’s training algorithm is different and specific to the
task, data set, the particular data features for the agent and
number of agents in the system.

Another configuration parameter that the NEAT algorithm
allows to configure is the probability of the mutation opera-
tion (PNMAF ) to change the activation function of the neuron.
The genetic algorithm searches the most accurate activation
function between a sigmoid, an absolute value, or a Gaussian
function.We configure a value ofPNMAF = 0.5 for both cases
L and N .

In general, Table 5 shows that for the data sets DB0, DB1,
and DB3, evolution worked better with two initial conditions:
The full no direct connection among neurons, meaning that
the best initial network has two links at the start between
inputs and hidden neurons, and hidden neurons and outputs.
And, two hidden neurons (NH ) at the beginning. For DB3,
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the networks perform better by starting with no hidden neu-
rons and no initial connections.

Both initial configurations of the networks have their
advantages. The first one uses a classical net to improve its
performance; this implies less time in the construction of
the net and more preference in adjusting the weights of the
connections in the net. The second one searches new types
of relationships and number of hidden neurons; it means that
the net constructionwill differ from the classical net obtaining
specific output functions.

On the other hand, there in not a preferred case of the
mutation configuration (TP). The selection of this configura-
tion depends on the percentage distribution that increases the
training performance; it means that each agent is free to elect
its percentage distribution. An advantage of this behaviour is
that each agent specialises in the training process, depending
on the input data.

Finally, the other intelligent decision-making method that
has a training stage is FDSS model. This method has a
genetic algorithm with the configuration parameters shown
in Table 6. In contrast to NEAT, FDSS is only used by the
collaborative decision-making system per agent. Each FDSS
has the same parameters of configuration except the number
of inputs of the system. This number depends on the number
of agents in the multi-agent system (see column NI ).

TABLE 6. Summary of the FDSS training configurations for all data sets.
Where: E number of epochs per training, NP size of the population, NI
inputs of the fuzzy system, PFDC crossover probability, PFDM mutation
probability, PFm bit mutation probability, and PFCn crossover probability
of the n crossover operator.

V. RESULTS AND DISCUSSION
In this section we present the results obtained over the four
data sets described in Section IV-A, namely DB0, DB1,
DB2 and DB3.

Numerical results are displayed in comprehensive tables
but also accompanied by graphs depicting ROC curves as
explained in Section III. However, given that most ROC
curves displayed similar trends across the four data sets
(which confirm that the proposed framework is robust in
handling different scenarios regardless of their nature), in this
manuscript we included only those related to DB1 to avoid an
unnecessary long gallery of similar images. For a full gallery,
please visit our online repository at [51].

A first analysis is performed by considering the LDM
system when the system has a single agent. This is reported
in Figure 5 where the ROC curves of each data set are plotted
with a different colour.

We perform six tests associated with the number of
agents in the system. The first test with a single agent as

FIGURE 5. ROC graphs for the performance of a single agent system per
database.

described above; it means that the system uses all the features,
and there is a single output given by the local decision.
The other five tests are for decision-making systems with
a multi-agent system from two to six agents; these tests
require a collaborative decision-making process per agent
and the sharing of the features vector among the number of
agents.

A. RESULTS DESCRIPTION
The results are presented in Tables 7, 8, 9 and 10 that show
the metrics results (ACC, RMSE and AUC) of the training
and validation processes. These tables present the best two
cases per the number of agents (n) vs. the single agent test
(n = 1 and L). The selected cases are the best related to
the accuracy metric at a fixed threshold value of 0.5 in the
outcome range of [0, 1]; it means that a positive outcome of
the decision-making occurs when β or � ≥ 0.5.

To refer a specific result inside these tables, we use this
notation: DMn&ID relating the columns of the table, e.g. the
best AUC value of all data sets can be found in Table 9 for
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TABLE 7. Metrics of the best training and validation results for the DB0 data set. This table contents the best two cooperative decision-making methods
accuracy performance per number of agents (n) vs. the performance of the single agent case. A indicates that all the agents in the RDMCA system have
the same collaborative decision-making method.

TABLE 8. Metrics of the best training and validation results for the DB1 data set. This table contents the best two cooperative decision-making methods
accuracy performance per number of agents (n) vs. the performance of the single agent case. A indicates that all the agents in the RDMCA system have
the same collaborative decision-making method.

TABLE 9. Metrics of the best training and validation results for the DB2 data set. This table contents the best two cooperative decision-making methods
accuracy performance per number of agents (n) vs. the performance of the single agent case. A indicates that all the agents in the RDMCA system have
the same collaborative decision-making method.

N43 in the training section. It means that the best AUC mea-
sure belongs to a system with four agents with collaborative
decision-making using the NEAT method and from an agent
identified as number three.

We also highlight the most relevant results per evaluation
metric using bold black text for the best result and bold blue
text for the second one. Note that the column ID only applies
to the models with ffANN since it belongs to the second
architecture type of the DMS. A general observation from
the information shown in these tables is the increment on the

performance of the outcome decision from the collaborative
decision-making methods as compared to the single agent.
The single agent has the worst accuracy performance for most
of the cases.

On the other hand, Figures 6 and 7 show the performance
of the decision-making methods with multiple agents for
data set DB1. They have the result of each of the processes,
training, and validation, respectively. Each figure has three
rows and five columns, every column corresponds to the
number of agents in the RDMCA test system (from two to six),
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TABLE 10. Metrics of the best training and validation results for the DB3 data set. This table contents the best two cooperative decision-making methods
accuracy performance per number of agents (n) vs. the performance of the single agent case. A indicates that all the agents in the RDMCA system have
the same collaborative decision-making method.

FIGURE 6. ROC graphs of DB1 data set from systems with multiple agents on the training results. Each column corresponds to the number of agents
in the multi-agent system (2, 3, 4, 5, and 6 respectively), and every row presents different decision-making systems (Top row: LDM only per agent,
Middle row: NEAT per agent, and Bottom row: global FDSS and statistical methods.)

and the rows are the decision-making methods. The top row
has the results of the local decision-making methods (L),
themiddle row has the results of the collaborative ffANN (N ),

and the bottom row has the results of the FDSS, the statistical
methods (i.e. mean, median and maximum value), and the
voting method.
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FIGURE 7. ROC graphs of DB1 data set from systems with multiple agents on the validation results. Each column corresponds to the number of
agents in the multi-agent system (2, 3, 4, 5, and 6 respectively), and each row presents different decision-making systems (Top row: LDM only per
agent, Middle row: NEAT per agent, and Bottom row: global FDSS and statistical methods.)

The ROC curves of the collaborative decision-making
methods in the figures (middle and bottom rows) have an
increment of the AUC value, in contrast to the local ones.
This can be seen in the graphs which show an increment in
the shape concave down to store additional area. This implies
that the outcome from the collaborative methods contributes
to developing a higher level of confidence. Moreover, collab-
orative ROC curves can be compare with the single agent case
presented in Figure 5, showing an increment in the outcome
decision performance.

On the other hand, the ROC curves of the local
decision-making methods (first row in Figures 6 and 7) show
a reduction of the AUC as the number of agents increases.
This reduction occurs because each agent will have fewer
features or less information about the observation when there
are more agents in the system (see Table 11). Despite this,
the curves of the collaborative decision-making methods

TABLE 11. Summary of the features available for each agent over each
data set evaluated. Where n is the number of agents in the system.

maintained or increase the AUC as the number of agents
increase, and can outperform the best LDM of only 2 agents.

B. TRAINING STAGE
The best training results per number of agents presented on
the left side of Tables 7, 8, 9 and 10 for each of the data
sets. Although in the training results we have that the best
performance is always with the ffANN, the main outcome
worth noting is that CDM aids performance. This can be seen
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for example in Table 7 where the ACC for agentsN21,N42 and
N44 is similar; this despite agents N42 and N44 having only
fifteen features each, while there are thirty features available
for agent N21 (refer to Table 11 for the number of features per
agent). Moreover, the CDM results in the RMSE and AUC
being better for the larger number of agents.

C. VALIDATION STAGE
For the validation shown on the right side of Tables 7, 8, 9
and 10 we can see that the best collaborative decision-making
method performance could vary among data sets. For exam-
ple for DB1 is the FDSS rather than ffANN, as is for the
others.

D. GENERAL DISCUSSION
The results show that overall the collaborative DM in our
RDMCA model results in an increase of the performance in
all the metrics (ACC, RMSE and AUC); as seen consistently
in all data sets except DB0 (probably because discerning
between rock and metal is a relatively simple task). Looking
both at the Tables (8, 9 and 10) and Figures 6 and 7 we can see
that an increase in the number of agents in the system results
in an increase in the performance of CDM.

Relating the CDM methods, the results show as well that
using an intelligent method provides a higher performance
than any of aggregation methods. This is clear from both the
training and validation results where either ffANN or FDSS
are the ones providing the best performance rather than any
of the other alternatives.

Relating the Global decision making (GDM) as discussed
in Section II-E we can see the two different options in our
results. Looking at Table 8 we can see that for the case of 4
agents, the best performance was achieved using the FDSS
method, therefore we automatically have a global decision
from the CDM output. On the other hand, looking at Table 9
for the case of 6 agents, we have that agent N65 has the best
performance usingNEAT, followed by agentN61 usingNEAT
as well; therefore in this case we need to use an explicit GDM
step, where the first option would be to choose the CDM from
agent N65 as the GDM, or if this agent has a fault, then the
CDM of agent N61. With these 2 examples we illustrate both
possible cases to arrive to a GDM.

VI. CONCLUSION
This paper presents our novel contribution for a multi-agent
framework that enhances the decision making capabilities of
an agent based classifier. Our results validate the RDMCA
framework and shows its performances over four differ-
ent data sets. Obtained results confirms our assumptions
that collaborative decision making systems achieve better
accuracy over real-worlds scenarios subject to uncertainty.
Indeed, the local decision making process performed by each
agent individually never outperforms the final decision mak-
ing process in which individual contributions, i.e. measures
of support, are aggregated and considered simultaneously.
In this light, the presented multi-agent decision-making

framework has proven to be suitable for dealing with several
real-world applications as can ‘‘filter out’’ uncertainty after
every decision-making step.

Furthermore, we presented multiple implementations of
our novel decision-making framework and performed a thor-
ough comparative analysis among the produced variants.
Each variant is based on a different combination of compu-
tational intelligence methods for each decision-making step
(i.e. LDM and CDM) thus resulting into a hybrid and highly
interconnected system. In support of our previous observa-
tion, regardless of the implementation, all variants displayed
the same behaviour in which the accuracy obtained with
LDM gets significantly improved via CDM. Furthermore,
we noticed that the number of employed agent can make
the difference in achieving good results. Generally speaking,
we do not recommend using our proposed RDMCA with
only one agent as results suggest that better performances
are obtained with at least two agents. Even though systems
with redundant agents should be avoided too, multi-agent
systems with less than two/three agents lose the benefits of
the collaborative action. Obviously, the optimal number of
agents can not be indicate ‘‘a priori’’, but should be found
empirically in a preliminary phase.

Finally, among the methods used for implementing the
CDM, we noticed that ‘‘voting’’ system was the one leading
to the lowest performance, while the best results are always
obtained through an intelligent decision-making method (i.e.
FDSS or ffANN). Further inquiring into this, we can con-
clude that as the voting method considers each agent’s deci-
sion as having the same ‘‘confidence’’, this is not always
a good choice. The result then show that an intelligent
decision-making technique or an asymmetric distribution,
such as the work of Yu [52], of the decision weight in the
final decision can help to decrease the uncertainty. In our case
the FDSS can enhance the global decision by collating intel-
ligently the LDMs while the NEAT enhances each CDM and
we can choose the agent which has the highest performance
to chose its CDM as the GDM.

Further work will look at generalising this RDMCA archi-
tecture to work as well when the agents execute asyn-
chronously which can enable a larger variety of sensors and
LDM processes to be used, even if their corresponding sam-
pling and executing times are very different and not suitable
to be synchronised or for all agents to wait till all have
completed an execution cycle.
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