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Abstract

This work presents a novel intelligent system designed using a multi-agent hardware platform to detect improvised ex-
plosive devices concealed in the ground. Each agent is equippedwith a different sensor, (i.e. a ground-penetrating radar,
a thermal sensor and three cameras each covering a different spectrum) and processes dedicated AI decision-making
capabilities. The proposed system has a unique hardware structure, with a distributed design and effective selection
of sensors, and a novel multi-phase and cooperative decision-making framework. Agents operate independently via
a customised logic adjusting their sensor positions - to achieve optimal acquisition; performing a preliminary “local
decision-making” - to classify buried objects; sharing information with the other agents. Once sufficient information is
shared by the agents, a collaborative behaviour emerges in the so-called “cooperative decision-making” process, which
performs the final detection. In this paper, 120 variations of the proposed system, obtained by combining both classic
aggregation operators as well as advanced neural and fuzzy systems, are presented, tested and evaluated. Results show
a good detection accuracy and robustness to environmental and data sets changes, in particular when the cooperative
decision-making is implemented with the neuroevolution paradigm.

Keywords: land mine detection, improvised explosive device, neuroevolution, genetic fuzzy systems, feature
extraction, sensor fusion

1. Introduction

Peace processes in developing countries are providing
a new lease of life to rural communities. Lands that were
in no-go zones are now available for use but have many
issues from direct effect from the war such as land mines
to indirect such as debris, pollution, and exhaustion.
This is raising new challenges for researchers who are
asked to find solutions for optimally using these lands
despite technologisation in agriculture is very limited in
those specific regions.
To support the sustainable development of these com-

munities, the British Foreign & Commonwealth Office
uses the Official Development Assistance (ODA) budget
to deliver aid strategies, including the development of
technology for developing countries as in the start-up
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project [11] where multiple sensors are used to measure
the ground and optimise its use. Sensing land char-
acteristic and detecting buried objects is very complex
and no one sensor or method can achieve this optimally
due to several issues, as e.g. presence of obstacles, the
variation in temperature and humidity at different times,
the type of ground, among others, affecting the required
detection rate [60]. Hence, the idea of investigatingArti-
ficial Intelligence (AI) based data fusion methods arose,
with the aim of aggregating heterogeneous pieces of
information onto a robust distributed Decision-Making
(DM) system implemented on a robotic platform. In the
long term, the latter will be able to classify a variety of
undesired debris. However, a higher priority is currently
given in making a binary decision to classify a buried
object as 1) a mine or an Improvised Explosive Device
(IED); 2) a non-explosive debris. The main objective
of the project [11] is the search for buried Unexploited
Ordinance (UXO), as it does not only lower the risks of
an explosion but also encourage the economical growth
of communities experiencing post-conflict processes.

It must be highlighted that land mines are amongst the

Preprint submitted to Information Fusion 21/06/2020



most problematic kind of UXO since they can remain ac-
tive and dangerous for many years after being concealed,
either under or on the ground. Generally, military land
mines are designed to target humans, i.e. the so-called
Anti-Personnel (AP) mine, but also vehicles as tanks,
i.e. the so-called Anti-Tank (AT) mine, as they pass
over or near them. Thus, their detonation can occur ac-
cording to different criteria, e.g. when they are tripped
by something with a given weight (vehicles, tanks, hu-
mans) or after a given time delay. Each activation logic
is commonly classified into three main categories [31],
namely “pressure”, “electronic”, and “command detona-
tion” (remote control). Thismeans that a general scheme
does not exits and, in turn, that a wide range of features
must be taken into consideration to design a general de-
tection method. Moreover, this also means that the best
way for approaching a mine is by air, ideally with an
Unmanned Aerial Vehicle (UAV).
To complicate things further, demining lands in post-

conflict ODA countries is particularly challenging. In
most cases, one has to deal with IEDs, rather than in-
dustrially manufactured military mines, and these are
more difficult to be detected with the techniques cur-
rently available in the literature (a comprehensive review
is available in [8]). Improvised mines are indeed very
cheap, easy to make, deploy and

1. can be made up of unconventional materials (e.g.
syringes and plastic bins or bottles instead of metal-
lic casings, and fertilisers instead of military explo-
sives);

2. can have non-suspicious shapes (e.g., cylindrical,
resembling a PVC pipe, or identical to a soft drinks
bottle or can);

3. are less known than conventional AP mines, which
were the most deployed since 1999 when the OT-
TAWATreaty prohibited their use [62], but are now
the easiest way to target people with explosive de-
vices.

Under this motivation, the remainder of this paper is
structured as follows:

• section 2 provides background and context to this
research by discussing achievements and limita-
tions of the current state of the literature in land-
mine detection;

• section 3 introduces hardware and software details
required to reproduce the system designed and eval-
uated in this study;

• section 4 describes the system architecture and ex-
plains stages and processes taking place in the col-

laborative and distributed decision-making frame-
work;

• section 5 gives details on the experimental phase
carried out to evaluate the alternative implementa-
tions;

• section 6 displays and discusses themost significant
results (a comprehensive results gallery is made
available in [26]);

• section 7 draws the conclusions of this work, high-
lights its weaknesses and strengths and presents the
future plans for this work.

2. Previous research and the way forward

Decision-making and AI currently play a significant
role in land mine detection and detonation. However,
if the detonation task has now been made safer by the
advances in military mobile robotics [29, 33], there is
still room for improvements in performing the search of
buried objects and, most importantly, in classifying them
correctly. Recent research aims at increasing accuracy in
detecting mines, e.g. a machine-learning sensor fusion
method is proposed in [48] to lower the false-positive
rate, and moves towards the automation of risky man-
ual work done by operators, who still may have to use
dog units [47] or terrain-scanning devices [7]. In this
regards, modular, snake-like, and legged robotic plat-
forms to explore hazardous environments are already
being employed [61]. Moreover, biological approaches
are also being developed to unveil the position of mines
under the soil. Amongst them, in [6] a team of re-
searchers recently engineered live bacteria that emit a
fluorescent signal when in contact with vapours leaked
out by AP mines. However, this approach is very se-
lective and works only when specific (commercial) AP
mines start leaking. Finally, the use of UAVs – now
made affordable by the widespread offer of drones –
begins to be preferable over the other methods as safer
while performing the search, e.g. the systems in [15]
and [16] use a drone to scan a test terrain with a Ground
Penetrating Radar (GPR).

In a nutshell, recent advances in mobile robotics and
machine-learning have generated a number of techno-
logical “tools” to be used off-the-shelf. However, the
necessity of achieving a higher degree of integration
between multiple hardware devices, i.e. robots, UAVs,
sensors, etc., and the corresponding software environ-
ment, i.e. tailored AI algorithms to produce an “intelli-
gent” behaviour, is still present, despite being envisaged
already a decade ago [31]. Since then, AI techniques
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evolved and new paradigms (such as deep-learning) are
now being used in land mine detection to reconstruct
shapes from GPR signals, as done in [35] and [64] with
convolutional neural networks, or in [53] by means of a
2DBayes frameworkwith “Inverse Scattering”. Still, lit-
tle has been done to include multiple sensors and search
for improvised mines. Collating the current state art in
land mine detection we can observe:

• in the vast majority of cases, when AI algorithms
are either designed or used to classify a buried ob-
ject, the decision ismade by using inputs from a sin-
gle sensor (which is likely to be a GPR [35, 53, 64])
despite past studies suggest that multi-sensors sys-
tems are more reliable [17, 28, 40, 54];

• software and hardware modules are rarely con-
sidered simultaneously when designing a system,
while both the aspects should go together to obtain
modular and self-adaptable platforms [31] leading
to a high detection probability and a low rate of
false alarms [48];

• the literature is unbalanced towards military grade
AP and AT land mines [17, 28], which is a limita-
tion as those mines are no longer industrially man-
ufactured while are easier to detect, e.g. with metal
detectors [59] and infra red cameras (as an indirect
indication of their temperature) [42], with respect
to IEDs (for which metal detectors are ineffective);

• despite good classification performances can be
obtained for AP mines by aggregating only two
or three DM results with simple “voting” meth-
ods, fuzzy systems and the Naive Bayes rule [17],
this would be insufficient to detect buried IEDs
[49, 48, 28] due to their similarity to everyday items
and debris;

• AI algorithms are often used off-the-shelf and em-
bedded in the hosting hardware without adapting
their structure to it, or to the specific date type
returned by the sensor used, even though this is
achievable by means of meta-heuristics optimisa-
tion as in neuroevolution [4, 58] or in a Genetic
Fuzzy System (GFS) [5].

To overcome these limitations, this piece of research
presents a decentralised and self-organisingMulti-Agent
Perception System (MAPS), inspired by successful stud-
ies as [41] and [63], but with the goal of detecting im-
provised landmine devices. In this system, agents are all
different and equipped with their own sensors and soft-
ware modules to make them capable of decision-making

(DM). Three DM processes take place on each agent,
as they are capable of working independently and de-
cide 1) the best acquisition position for their sensor; 2)
whether or not a detected buried object is an IED by
using only the local information from their sensor, or
collaboratively to decide if 3) whether or not a detected
buried object is an IED with the support received from
the other agents. The choice for the sensors was consid-
ered from those suggested in recent successful studies
and other plausible ones as listed in the review article
[24], while several established state-of-the-art AI and
machine-learning algorithms were chosen from the lit-
erature for implementing the three DMprocesses. These
algorithmic solutions were combined together with all
possible configurations to form, on each agent, complex
DM systems consisting of heterogeneous but intercon-
nected software modules. This allowed for a thorough
comparative analysis in which a high number of DM
systems were tested to recommend the most suitable one
for this application domain.

We remark that we did not design novel AI paradigms
but employed advanced ones and 1) combined them to
form hybrid intelligent DM systems; 2) evolved them
by means of evolutionary computations approaches (in-
cluding an originally customised meta-heuristic for op-
timisation) to adapt them to the problem at hand. In this
light, even the same combination of AI methods, when
evolved in a different agent, differ from the others as its
structure and its internal operators are the outcome of
an evolution process optimising it to guarantee the best-
performing DM capabilities based on the features of the
hosting hardware devices. The result of this process is an
“intelligent” decentralised MAPS where agents operate
both independently and collaboratively according to an
asynchronous coordination logic. Such architecture al-
lows for the implementation of several aggregationmeth-
ods to merge the measure of support returned by each
agent, thus obtaining a more reliable and robust detec-
tion. Examples of multi-sensors information fusion for
decision-making are abundant in the literature [66, 38].
These have been successfully employed in cooperative
multi-agent systems addressing different application ar-
eas [14, 45], including the land mine detection domain
[17], proving their superiority with respect to those re-
lying on a single decision-making process. Hence, the
proposed multi-agent perception system was designed
to flexibly host “local” and “collaborative” classification
approaches of different natures to find the most appro-
priate combination to deal with improvised mines. In
this work particular attention is focused on testing classi-
fiers based on state-of-the-art AI techniques. A detailed
description of the proposed hardware/software system,
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referred to as Cooperative and Distributed Decision-
Making MAPS (CoD2M-MAPS), is presented in the
following sections.

3. Objectives, materials and methods

The final goal of our project [11] is to build an intelli-
gent device capable of collecting information and mak-
ing classification decision while scanning no-go zones
with an unmanned aerial vehicle. To achieve this, inter-
mediary objectives need to be first addressed to 1) design
an adequate multi-sensor hardware structure allowing
for efficient communication between its agents; 2) equip
each sensorwith intelligent and tailored software leading
to reliable decisions, preferably made on-the-go. Hence,
fast decisionsmust bemade independently by each agent,
which makes compact intelligent approaches preferable,
as well as those that can be “traine” with limited sample
sizes to function effectively; 3) swiftly share sensor deci-
sions for further collaborative decision making and final
classification. This piece of research lays the foundations
for achieving such a goal by presenting 1) the skeleton
of our “MAPS” platform featuring such desired hard-
ware features; 2) the newly designed “local and collab-
orative” decision-making framework (which is allowed
and complements the hardware/telecommunication in-
frastructure of the proposed platform); 3) an implemen-
tation of the required DM processes obtained by com-
bining and evolving established AI paradigms.
The proposed MAPS shown in figure 1a consists of

five agents, each one fitted with one of the following
sensors:

• a lightweight GPR built with the Universal Soft-
ware Radio Peripheral “USRPB210”, programmed
with “GNURadio” as in [13] and equippedwith two
Tx/Rx antennas (size 10 × 8 cm, 9GHz bandwidth
and 4.3dB gain at 2.7GHz) as in [15];

• the “ MLX90614ESF-ACF” single-beam Thermal
Tensor (TS), in “TO-39” package, which features a
temperatures range of [−40 °C, 85 °C], a 10°field
of view, and an operational voltage of 5 V;

• a standard “Nikon D5300” camera with a 55mm
lens, referred to as Visible Spectrum (VS) sensor
as it saves images in RGB format;

• a “Nikon D5200” camera equipped with a 55mm
lens, a near infra red filter and an infra red ring
illuminator system. Referred to as IR sensor;

• a “Nikon D5200” camera equipped with a 55mm
lens, a near ultra violet filter and an ultra violet ring
illuminator system. Referred to as UV sensor;

as schematically depicted in figure 1b. The metallic
structure holding the five agents functions as a cable
guide protecting their connections to five single-board
computers, i.e. an Odroid XU4 for the GPR sensor (as
its USRP B210 component requires an USB 3.0 channel
that was available in few devices) and four Raspberry
Pi 3 Model B for the other sensors. These boards are
associated with an IP4 address and connected to a lo-
cal network to exchange messages as graphically repre-
sented with the links in figure 2a. This platform forms
the hardware skeleton of CoD2M-MAPS which is itself
attached, in this study, to the Cartesian robot shown in
figure 6d used to sweep the test terrain (a photo gallery
is available in [10]).

It is worth pointing out that building a lightweight
GPR, returns raw data rather than images as usual GPR,
for the purpose of mounting CoD2M-MAPS in a drone
in the future. The Cartesian configuration is only a
temporary but convenient structure to refine the design
of the decision-making systems.

To conclude the description of the hardware com-
ponents, a Dynamixel MX-64T Smart Serial Servo
actuator is installed on each agent to adjust the position
(i.e. orientation) in order to improve the acquisition
process. This is done individually by each agent in
a decentralised way in order to avoid delays, often
occurring in centralised serial architectures, due to the
different processing time required for data coming from
different sensors. The proposed system allows agents
to function with the available information without
waiting in long idle states, and to exchange messages
asynchronously as soon as new information is generated,
without the need of a central control logic.

In terms of the software architecture, agents
run independently, including the processes for con-
trolling peripherals and network communications, by
means of the general-purpose multi-agent “osBrain”
Python module [1], which supports the “∅MQ” message
passing system, and the “Pyro4” Python library [19] for
interaction between remote objects.

Data processing code, e.g. for digital filters, feature
extractions, etc. (described in section 4.2), as well as
all the code for all the tested AI algorithms (described
in section 4.3) is the original contribution of the authors
and written in Python 3.5. For the sake of clarity and
reproducibility of results, all the source code is made
available online in [25] as well as in the project’s collec-
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(a) MAPS.

(b) Sensors.

Figure 1: The proposed Multi-Agent System (MAPS), on the top-side,
and its sensors, on the bottom-side. More images are available in [10].

tion [10]. To implement and train the neural networks
with neuroevolution [58], the “NeuroEvolution of Aug-
mentingTopologies” (NEAT) algorithmdesigned in [55]
was used, from the Python library in [56].
NEAT is currently the de-facto package for evolving

problem-specific neural structures that would be diffi-
cult to devise otherwise. It features a variant of the
Genetic Algorithm (GA) [21] customised to efficiently
optimise parameters as number of neurons, layers, ac-
tivation function, connection weights, etc., of an Arti-
ficial Neural Network (ANN) according to the strategy
explained in [55, 57]). To do so, an error function is

usually defined to perform a minimisation task, i.e. this
is commonly the Square Error (SE) defined as

SE =
S∑
i=1
(xi − x̂i)

2 , (1)

where xi and x̂i are the expected (i.e. target) and the
measured outputs of the system respectively, while S is
the data-set (e.g. 200, see section 5.3). The SE func-
tion was then used to perform all the optimisation tasks
in this study, with and without the aid of NEAT. In-
deed, a second GA variant is designed and used in this
study to evolve a GFS. It is worth observing that modern
hybrid meta-heuristics for optimisation, e.g. memetic
algorithms or hyper-heuristics [9, 12], are also available
and currently being preferred to classic evolutionary al-
gorithms over a number of applications [9]. However,
apart form a few cases, as e.g. [39], the latter seem to
be preferred and successful for the neuroevolution task
[4, 37, 58]. This is also due to the fact that in aGA frame-
work it is easier to encode individuals as neurons, activa-
tion functions, weighted connections, or even fuzzy rules
[5, 57], to then mix them with crossover operators and
generate new neural or fuzzy structures. Therefore, the
choice of using a variant of the discrete GA in [5], whose
individuals (i.e. candidate solutions) encode triangular
membership functions, was logical and motivated by the
literature. The proposed variant, referred to as Modified
GA (MGA) in this article, is almost identical to the one in
[5] and employs the same twomutation operators as well
as the same three basic crossover strategies, but differs
from the original implementation as an additional fourth
two-points crossover [21], activated with a probability
PC4 (PCi with i = 1,2,3,4 being the probabilities for
the four operators), to add more diversity in the gener-
ated offspring solutions. This simple modification was
tested empirically and adopted as resulting into better
performance. Implementation details can be found in
[25], where the source Python code of this optimisation
methodology can be downloaded and executed.

A final remark must be made on the preprocessing
required to use the SE function in equation 1. for defin-
ing the fitness function (aka objective or cost function)
for both NEAT, if a neural system is used, and MGA, if
a fuzzy system is employed. While the sample size S
is fixed and the measured output x̂i obtained on-the-fly,
each agent needs to compute the target xi before evalu-
ating the SE value according to its sensor. In the case
of a camera, i.e. one of the VS, UV or IR sensors, the
Mutual Information (MI) between a photo (taken from a
random angle αrnd) and other six photos (taken accord-
ingly with a step of αrnd + 360

6 i, with i = 0,1,2,3,4,5)
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must be computed by means of equation 2

MI =
∑
x,y

PX ,Y log2

(
PX ,Y

PXPY

)
(2)

where PX and PY are the marginal probability functions
and PX ,Y is the joint probability distribution. These
probability functions are discrete for images: the PMF
for PX and PY are indeed extracted from normalising the
histogram h, as previously shown in equation 3, while
PX ,Y is obtained from the two-dimensional histogram by
following the method in [36]. Finally, the angle with the
lowest MI value amongst the evaluated six positions is
chosen as target xi for evaluating the objective functions
in equation 1. As for data sensors, i.e. TS and GPR,
the target angle to consider as best is calculated using
the highest gradient between the last sample and the
neighbouring data (during training).
Thismethodology allows for optimal design and train-

ing of the neural and fuzzy systems used in this study.

4. System architecture

The structure of the proposed detection system is out-
lined in figure 2a.
The five circular nodes in the diagram represent the

independent agents, which asynchronously exchange
“messages”Mj ,k with j, k ∈ {1,2,3,4,5} (defined in sec-
tion 4.1) in an “active” cooperative manner as those in
[3, 20]. As graphically represented in figure 2b, agents
have their own decision-making process that requires
both external messages (from other the agents) and local
information (from the sensor) to make an “intelligent
decision” on whether or not a detected item is an IED.
The outcome of this process also triggers the agent’s ac-
tuator to adjust the position of each sensor for the next
sample acquisition, while a prefixed step (see section 5
for details) is used to move the whole system across the
horizontal plane (ground being scanned); the sensor ar-
ray is currently fixed at a given height (see figure 6d and
additional photos in [10]). The following subsections
provide further details on all the stages involved in this
process.

4.1. Agents role
Each agent is responsible for executing a number of

tasks, as displayed in figure 3, including “Data Acquisi-
tion” and “Feature Extraction”, which are the blocks re-
sponsible for transforming rawdata coming from sensors
into an exploitable form, and the decision-making. Both
features and “Agents States”, that are asynchronously
received from the other agents at different time instants

M4,5

M2,3

(a) MAPS structure.

Inputs

Sensor

Output

Actuator

Intelligent 
decision

(b) Agent structure.

Figure 2: Graphical representation of the proposed system. On the
top-side is shown a global overview of the multi-agent system. On the
bottom-side, the general scheme of a single agent.

ta, tb , tc and td , have to be fed to the “Decision-Making
System” block for it to start three DM processes leading
to 1) the estimation of the next angular position α (for
its actuator); 2) the first classification output for a buried
object obtained with a “Local Decision Support” value
β; 3) the second classification output obtained with a
“Cooperative Support” value Ω. The triplet α, β and γ,
where the latter value is the previous angular position
before the generation of α in 1), form a message to be
sent to other agents and to be used as internal state vector
of the agent itself. This is used in 3) for the generation
of Ω, after the generation of β in 2). With reference
to figure 3, valid values for angular positions are within
θ = 30°, which corresponds to the ±30°range of each
actuator. Finally, one must take into consideration that
while the vector [α, β, γ] is simply stored in memory to
represents the “agent state”, the IPC protocol must be
used to convert it into network package before trans-
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0 ≤ Ω ≤ 1

Cooperative DM

Sensor

Figure 3: Processes performed by each agent.

mission. Messages traffic across the agents network in
figure 2a is managed with a global server to efficiently
send and receive control and system signals. Hence,
from the software point of view, the agent system consist
of two main processes running in parallel to coordinate
the execution of decision-making and communication
tasks. Obviously, as shown in the state diagram in fig-
ure 4, they share the same “Agent Initialisation” starting
state (in which the agent becomes active in the global
server) as well as the same “Agent Expires” final state
(in which communications are no longer active in the
global server). Nonetheless, they operate according to
different dynamics, outlined in the states in figure 4 with
self-explanatory names.
To conclude this section, it is important to highlight

that the Collaborative Support Ω can be considered as
the definitive output of an agent as it plays the most
important role in terms of ID detection. This is due to
the fact that once the fiveΩ values are available (i.e. one
per agent), they are evaluated and the best one (i.e. the
greatest) is the one marking the difference between an
IED/non-IED classification (based on Ω being < 0.5 or
≥ 0.5 respectively).

4.2. Data acquisition and features extraction

TS data must be pre-processed to clean noise and out-
liers with a median filter. In this work, this filter is
designed to processes input vectors of 20 samples and
its Python implementation can be found in [25]. Pre-
processing is not required for GPR data, from which
statistical features are extracted straight away; the result
is robust to disturbances as the extraction intrinsically
eliminates them [48]. Each agent is programmed to
perform this pre-processing stage according to its par-
ticular sensor and prepares data to undergo the feature
extraction process.
It is important to distinguish between “texture” fea-

tures, which are ideal to extrapolate information out of

Agent 
initialisation

Agent 
initialisation

Read current 
position

Apply new 
position

Waiting 
request

Agent 
expires
Agent 

expires

Decision-
making 
system

Eval stop 
conditions

Sensor 
process

Store
states

Sending
message

(a) Decision-making.

Read current 
position

Apply new 
position

Waiting 
request

Agent 
expires
Agent 

expires

Decision-
making 
system

Eval stop 
condition

Sensor 
process

Store
states

Sending
message

Agent 
initialisation

Agent 
initialisation

(b) Communication.

Figure 4: State diagrams for the concurrent decision-making (4a) and
communication (4b) processes running on each agent.

images; while “statistical” features are key for all, both
the images and the TS and GPR [48]. To extract statisti-
cal features agents have to first determine the Probability
Mass Function (PMF), which requires the computation
of a histogram h from each (acquired and corrected)
digital photos f (x, y). As digital photos can be seen as
n × m real-valued matrices with x = 0,1,2, . . . ,m − 1
and y = 0,1,2, · · · ,n − 1, histograms can be formulated
as follows:

h (k) =
n−1∑
x=0

m−1∑
y=0

δ ( f (x, y) − k) (3)

where k is the number of grey levels (i.e. k =
0,1,2, . . . ,L− 1). L depends of the image format (i.e. in
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this case L= 256 as the “char” type is used), and

δ (t) =
{

1 if t = 0
0 otherwise (4)

thus obtaining PMF(k) = h(k)
N by simply normalising the

histogram by the total number of pixels N in the image.
From the PMF distribution the following 6 statistical
features are extracted:

• maximum value: λ = max
k

PMF (k);

• minimum value: λ = min
k
PMF (k);

• mean value: µ =
L−1∑
k=0

k · PMF (k);

• standard deviation: σ =

√
L−1∑
k=0

PMF (k) (k − µ)2;

• skewness: ξ = E[(k−µ)3]
σ3 ;

• normalised kurtosis: K =
E[(k−µ)4]

σ4 − 3;

which gives useful indications on the “shape” of the
distribution, e.g. a high kurtosis indicates the pres-
ence of outliers etc., and can be used as inputs for the
decision-making process. Instead, to extract texture fea-
tures agents equipped with cameras need to compute
the Grey-Level Co-occurrence Matrix (GLCM), as sug-
gested in [65]. GLCM is a square L×L matrix defined
as follows:

g∆ (i, j) =
n−1∑
x=0

m−1∑
y=0

δ ( f (x, y) − i) δ ( f (x + ∆x, y + ∆y) − j)

(5)
where i and j are the pixel values (i, j = 0,1,2, . . . ,L −
1 = 255) and∆ = (∆x,∆y) is the spacial resolution in po-
lar coordinates (i.e. a unitary radial coordinate and a null
polar angular coordinate is used this study). After being
computed, GLCM is normalised to obtained pairwise
pixels co-occurrence probability values P(i, j) = g∆(i, j)

M
where M=

∑
i, j g∆ (i, j). It is now possible to perform

texture analysis. Amongst the texture features, the most
relevant to this context are listed in [65] and reported
below:

• energy: ε =
L−1∑
i=0

L−1∑
j=0

P (i, j)2;

• homogeneity: φ =
L−1∑
i=0

L−1∑
j=0

P(i, j)
1+(i−j)2

;

• contrast: ζ =
L−1∑
i=0

L−1∑
j=0
(i − j)2 P (i, j);

• correlation: ρ =
L−1∑
i=0

L−1∑
j=0

(i−µx )(j−µy)
σxσy

P (i, j);

where µx , µy , σx and σy in the correlation formula are
calculated with:

• µx =
L−1∑
i

L−1∑
j

iP (i, j);

• σx =

√
L−1∑
i=0

L−1∑
j=0

P (i, j) (i − µx)2;

• µy =
L−1∑
i

L−1∑
j

jP (i, j);

• σy =

√
L−1∑
i=0

L−1∑
j=0

P (i, j)
(
j − µy

)2.

The GLCMmatrix and the listed features can be com-
puted with common software packages, e.g. the “scikit-
image” Pythonmodulewas employed for this study. Tex-
ture features are usually calculated by using grey-scale
variants of an image and can be used for several pur-
poses, e.g. if the energy of two pixels with very similar
grey values is high then they are quite likely to belong
to the same object. Conversely, if it is low, then they are
likely to belong to different objects.

Summarising, the features vector obtained from VS,
IR and UV sensors is

Γ = [Λ, λ, µ,σM , ξ,K, ζ, ρ, ε, φ] (6)

As for the agents equipped with TS and GPR,
only statistical features can be extracted. however,
their calculation formulas differ from those given
above as data are processed in the form of vectors
Y = [y1, y2, y3, . . . , yN ] of N samples. As explained at
the beginning of this section only vectors from the TS
are pre-processed before extracting the features defined
below:

• maximum value: Λ = max {Y };

• minimum value: λ {Y } = min (Y );

• mean value: µ = 1
N

N−1∑
i=0

yi;

• standard deviation: σ =

√
1

N−1

N−1∑
i=0
(yi − µ)

2;
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• skewness: ξ = 1
σ3N

N−1∑
i=0
(yi − µ)

3;

• kurtosis: K = 1
σ4N

N−1∑
i=0
(yi − µ)

4
− 3;

• temporal gradient: ∇ (t) = µ (t) − µ (t − 1), where
t is the sampling time instant;

thus forming following features vector

Γ =
[
Λ, λ, µ,σ, ξ,K,∇ (t)

]
. (7)

4.3. Decision-making system

Depending on the sensor, either Γ or Γ enters the
“Decision-Making System” block, shown in detail in
figure 5, which consists of three decision-making sub-
blocks:

• the Next Position Decision-Making (NPDM),
which produces the new angular position α;

• the Local Decision-Making (LDM), which pro-
duces the local support β;

• the Cooperative Decision-Making (CDM) module,
which produces the cooperative support Ω.

It is worth noticing that while LDM only requires its
local features vector, the other two modules must be also
fed with the state vectors, prepared and sent by the other
agents as were explained in section 4.1.

Decision-Making System

Features

States

NPDM

β

Ω

α

LDM

CDM

Figure 5: Decision-making system block in detail.

4.3.1. Next position decision-making
Adjusting the position α is an important task since

both LDM and CDM are affected by the acquisition
position of the sensor. This is clear for theΩ value, which
can be seen as a function of α (see figure 5), but also
understandable for β, whose calculation is purely based
on extracted features, thus being indirectly compromised
by a wrong acquisition angle due to external factors
as e.g. bright light, temperature, humidity of the soil,
etc. Results in section 6 confirm this dependency, as
performances in estimating β and Ω change according
the employedmethod for deciding the next position value
(i.e. tables 7 and 8).

In this light, various alternatives are proposed to make
this decision. To keep the system simple, two intuitive
methods namely 1) Fixed Position (FP) and 2) Ran-
dom (RND) were tested. The position at 0° was chosen
for FP. Results were compared against those obtained
with two AI based approaches, a feed-forward Artificial
Neural Network (ffANN) and a Fuzzy Decision Support
System (FDSS) respectively, to understand if advanced
approaches can improve the accuracy of the system.

Advantages of using FP and RND are 1) negligible
time overhead; 2) simplification of the overall system.
On the other hand, ffANN and FDSS are computation-
ally expensive but expected to return more effective
α values. It has to be said that while one can ex-
pect RND to be competitive to find a good value in a
60°range, FP was mainly used to prove the need for
NPDM. Implementation-wise, FP and RND are straight
forward while the ffANN and the FDSS methods are
designed and trained with NEAT, and the other pieces
of software discussed in section 3. Each agent requires
its own implementation as four inputs are required for
each message Mi, j (containing the state vector) sent by
the other agents, plus those relative to the features in Γ,
if the agent has a camera sensor, or the features in Γ if it
has a data sensor. Obviously, only one output is needed
for returning α. With these specifications, NEAT is ca-
pable of evolving the network in a reasonable amount of
time. The MGA introduced in section 3 is instead used
to evolve the inference engine of the FDSS in [5]., which
employs the “centre of gravity” defuzzyfication method
in [2] and the “compositional rule of inference” in [18]
to produce the outputΩ. All the fuzzy sets in this system
are defined are triangular membership functions.

For the sake of brevity and space, a shortened notation,
i.e. FP→P, ffANN→N, FDSS→F and RND→R is used
to archive a more compact and readable tables in the
results section, where table 6 shows this abbreviations.
However, we felt opportune to use the acronyms, asmore
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informative, in the narrative.

4.3.2. Local decision-making
The LDM module is implemented as a feed-forward

artificial neural network fed with the 10–dimensional
feature vector in equation 6, if the agent features a cam-
era sensor, or with the 7–dimensional feature vector in
equation 7 otherwise (other agents states are not con-
sidered in this case). Thus, both inputs neurons and
topology differ in each agent accordingly. To evolve the
optimal ffANN for each agent, NEAT was used as done
for NPDM.We chose neuroevolution to find connections
and patterns across features and is de-facto the current
method for processing sensor data in a MAPS [30].

4.3.3. Cooperative decision-making
Similarly to NPDM, the novel CDMmodule proposed

in this study also requires a specific implementation for
the feature vectors Γ and Γ, depending the sensor that
each agent has, plus the four messages Mi, j to produce
Ω. To find the best decision-making approach, multiple
mechanisms are proposed also for CDM and compared;
we select the best in section 6. The alternatives consid-
ered are: the ffANN and FDSS approaches of section
4.3.1, plus a Voting Procedure (VP) and three Aggrega-
tion Rules (AR).
The VP method is a simple yet interesting approach

to aggregate all the five β values. An agent has “voted”
(i.e. has detected an IED) if its local support value
β ≥ 0.5 and a quorum is reached with at least three votes
(since there are five agents in total). The cooperative
support value is then obtained with the simple piece-
wise function:

ΩVP =

{
1 if quorum
0 otherwise (8)

where 0 refers to a non-IED classification while 1 to an
IED classification.
As for the AR method, the three mathematical op-

erators of maximum (max), average (avg) and median
(mdn) are applied to the set B, containing the five β
values from each agent, to return

ΩARi =


max (B) if i = 1
avg (B) if i = 2
mdn (B) if i = 3

i = 1,2,3. (9)

Also in this case, abbreviations are used to have
smaller results tables in section 6 (i.e. VP→V,
AR1 =max→M, AR2 =avg→ B and AR3 =mdn→

.
B).

5. Experimental set-up, training and benchmarking

The Cartesian robot in figure 6d was built to move
CoD2M-MAPS across a test terrain of size is 670×1100
mm shown in figure 7 (top-left). To simulate a real sce-
nario, three mock improvised explosive devices (IEDs)
shown in figure 6c were buried at locations (550,250),
(350,600) and (500,850), as indicated in figure 6b (with
white rectangles) and in figure 7 (with red stars). This
was done a few months prior the start of experimental
sessions to give time for the vegetation to grow back.
This test terrain was kept as intact a possible to avoid
undesired debris, e.g. city garbage, to contaminate the
tests. As in real improvised land mines [52], plastic
bottles and PVC pipes were used for the body of the
mock mine while syringes and wooden clothespins were
used for simulating the detonation system (examples are
reported in figure 6c).

5.1. The acquisition process
A single sweep across the test terrain returns a total

of 15600 × 5 agent = 78000 samples amongst raw data
and images. In detail, this amount of heterogeneous in-
formation is obtained by moving the agents along the
grid, as shown in figure 7 (top-centre), with a fixed step
equal to 50 mm. Each step is followed by an acquisi-
tion process in which the orientation of each sensor is
changed 60 times by randomly generating angular values
α as shown in 7 (top-centre). This means that between
a generic nth step and the successive (n + 1)th step 60
samples are returned by each agent. The orientation of
the sensors is changed to increase the quality and the ac-
quired data, as it depends on a number of unpredictable
environmental factors, and obtain more robust DM ca-
pabilities. Indeed, factors such as sunlight and presence
of reflective material in the ground might affect the ac-
quisition process and can be partially dealt with if the
sensor is properly oriented. To highlight the robustness
of the proposed system, data were acquired in two dif-
ferent days, referred to as “Day 1” and “Day 2”, in order
to have different environmental factors. The first 78000
samples were obtained by sensing the test terrain on Day
1, while other 78000 samples were collected on Day 2
with the same procedure.

5.2. Generating the datasets for training and validation
The collected data are subsequently split to have val-

idation and training data sets.
Figure 7 (top right) graphically shows in light-blue

colour the portions of the test terrain containing samples
used for training. These forms a region referred to as
“Training Region”, while the remaining portion of the
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(a) VS (b) Positions (c) IEDs (d) Acquisition

Figure 6: From left to right: (6a) photograph of the test terrain obtained by stitching together images from the VS camera after a full scanning; (6b)
position mask for the three buried test mines; (6c) examples of the mock mines prepared for this study; (6d) the Cartesian robotic structure used to
move the proposed MAPS. Original files and more images are available in [10].
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Figure 7: Schematic of the sample acquisition and distribution per each of the stages of training and validation of the local, cooperative and next
position, decision-making system per agent.

test terrain is referred to as “Validation Region”, since
containing the sampled reserved for validating the pro-
posed system. It is worth mentioning that this approach
was selected after a thorough assessment process of sev-

eral training and validation data distributions, see [27]
for a detailed analysis. To create the training data set,
we extracted balanced number of samples [32, 46] from
the training regions, for each sensor. This set of bal-
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anced samples are used to train the LDM ffANNs, the
validation of this training is then done with the rest of
the samples not used before. This procedure is repeated
for each sensor (SV, IR, UV, TS and GPR).
To emulate a real scenario, it was reasonable to have

only three IEDs in the available test terrain. This obvi-
ously poses limitations on the amount of samples to use
use (of the large space with no IEDs) while forming a
balanced data set. For this reason, many samples from
the whole “free” space available could not be used. This
led to the involvement of a lower number of samples,
with respect to these available, in the training and vali-
dations phases for the LDM process, as reported in table
1 for each sensor.
On the other hand, after the LDM ffANNs have been

trained for each sensor’s data, their outputs need to be
aligned in time; this is necessary as each sensor will have
a different (asynchronous) sampling time and its corre-
sponding agent’s processing time. This process gives
us the vectors of features (detailed in section 4.2) and
local decisions as shown in figure 7 centre bottom step.
Hence, this results in a further selection of appropriate
samples for the CDM andNPDM training and validation
phases (figure 7 left bottom step); the amount of suitable
samples is therefore reduced significantly. The detailed
sample numbers for this step are too in table 1.

Training Validation

Sensor LDM NPDM LDM NPDM
CDM CDM

SV 4006 760 8954 5720
IR 5244 664 7716 3656
UV 3742 513 9218 2079
TS 2780 891 10180 12069
GPR 2652 422 10308 1430

Table 1: Sample sizes for the balanced classes.

Once all training and validation processes are com-
plete, we collate all in the CoD2M-MAPS as described
in section 4

5.3. Dataset for validating the fully integrated system
The final test is to verify the performance of the fully

integrated system. For this, we take 100 random samples
from the whole space, for each acquisition day (i.e. S
= 200). These validation sampleswere chosen randomly
but within explicit regions that guaranteed that samples
included data with IED and non-IED (see figure 7 at
top right). This samples are then used as 100 fixed
positions indicated in figure 8, the expected outcome of
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Figure 8: Expected outcome template for full system validation. Blue
crosses refer to a region associated with a positive IED detection, black
crosses to negative IED detection, while the diamond markers shows
the position of the buried test IEDs.

the full system: blue crosses are in regions expected to
be classified as an IED and black crosses as a non-IED
detection. There will be 2 samples per position, one for
each day.

Note as well that at this point we do not need to
segregate the regions (i.e. the previously labelled as blue
rectangles for training samples and the rest for validation
as in figure 7) as these were used for training only the
individual agents’ ffANN, not the full system. Still,
the verification results are organised into those validated
with samples from the validation region only (e.g. table
8b) and those validatedwith samples from the previously
labelled “training” region (e.g. table 8a) to enable the
verification of consistency as will be discussed in section
6.1.

5.4. Training methodology of the ANN and FDSS

Training is required for all FDSS and ffANN based
decision-making systems, as explained in section 4.3.

At most, ten different FDSS decision-making mod-
ules can be at play, i.e. when all the five agents are using
FDSS for both NPDM and CDM. These DM systems
are trained optimally by applying the MGA algorithm
introduced in section 3. To ensure high performances
the MGA method was previously fine-tuned with a thor-
ough “grid search” approach resulting to the optimal
parameters setting displayed in table 2. For the sake of
space, details on the fine-tuning process for MGA are
made available in [26], where a comprehensive table re-
ports the results obtained under several configurations
of the control parameters of the optimisation algorithm.
As in the vast majority of engineering applications, the
computational budget had to be kept quite low [9] and a
number of 4000 functional calls (i.e. 80 per generation)
turned out to be a good compromise choice between
optimisation time and quality. It must be noted that op-
timising the proposed GFS is the most time-consuming
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process in this study (it can take up to a week) and there-
fore a higher computational budgets would be infeasible.

PS PM Pm PC PC1 PC2 PC3 PC4
50 0.2 0.1 0.7 0.2 0.2 0.3 0.3

Table 2: Optimal parameter setting for MGA with PC4 being the
crossover activation probability for the added Two-Point Crossover
[21] while the remaining parameters are the original ones from [5].
Optimal values were obtained empirically. PS stands for population
size.

At most, 15 different ffANNs could be needing train-
ing in CoD2M-MAPS (i.e. for NPDM, LDM and CDM
on each one of the five agents). To do so, the NEAT
neuroevolution package introduced in section 3 must
first be used to evolve the ffANN topologies. This is
done by specifying a starting configuration, i.e. we fixed
three admissible values for hidden layers (0,1 and 2) as
well as for connections (“unconnected”, “no direct” and
“direct”), before starting the optimisation process. The
NEATbuilt-inGA can be fine tuned by specifying values
for the probability of adding a connection, referred to as
P+C , the probability of removing a connection, referred
to as P−C , and the probabilities of adding and remov-
ing a neuron, referred to as P+N and P−N respectively
[58, 56]. In this study, 24 configurations of admissible
values were tried for LDM, CDM, and NPDM over the
available dataset to find an adequate parameters setting.
For the sake of completeness, the results relative to these
configurations are reported in [26], but only the three
best configurations (i.e. with lowest SE) for evolving the
LDM, CDM and NPDM architectures are included in
table 3 of this manuscript to avoid an unnecessary long
list of less successfully parameter values.
Similarly, population size and computational budget (i.e.
36000 fitness call evaluations) were empirically found.
Surprisingly, even though the literature is advising for
small population sizes [34] in GAs, good results could
not be obtainedwith less than 600 individuals in the pop-
ulation. However, this could be due to the presence of
noise in the fitness function, which commonly plagues
engineering systems [9, 51], in which case very large
population sizes are advisable e.g. because of the filter-
ing effect of the population, and other beneficial aspects
[50]. With this set-up, NEAT can process 60 generations
and return a customised network structure.
To finalise the training phase, a second optimisation

round is performed to adjust the weights and test differ-
ent activation functions. It is sufficient to use the same
GA with a shorter computationally budget, i.e. 200 gen-
erations, to complete this process. It is interesting to
point out that the length of each individual (i.e. di-

SV IR UV TS GPR
IN 10 10 10 7 7
P+C 0.4 0.4 0.4 0.2 0.3
P−C 0.1 0.1 0.1 0.2 0.3
P+N 0.4 0.4 0.1 0.4 0.2
P−N 0.1 0.1 0.4 0.2 0.2
HL 1 0 1 0 2

(a) LDM

SV IR UV TS GPR
IN 25 25 25 22 22
P+C 0.4 0.3 0.3 0.4 0.3
P−C 0.1 0.3 0.3 0.2 0.2
P+N 0.4 0.1 0.1 0.2 0.3
P−N 0.1 0.3 0.3 0.2 0.2
HL 0 1 0 0 2

(b) CDM

SV IR UV TS GPR
IN 24 24 24 21 21
P+C 0.4 0.4 0.1 0.2 0.2
P−C 0.1 0.1 0.1 0.3 0.4
P+N 0.4 0.4 0.4 0.2 0.2
P−N 0.1 0.1 0.4 0.3 0.2
HL 1 2 0 2 2

(c) NPDM

Table 3: Best parameter settings for the NEAT built-in GA mutation
operators, Input Neurons (IN) and Hidden Layers (HL) for implement-
ing LDC (sub-table 3a), CDM (3b) and NPDM (3c) for each one of
the five agents (i.e. SV, IR, UV, TS and GPR).

mensionality of the problem) is not know a-priori as it
depends on the previous optimisation outcome, during
which the topology of the network is decided. There-
fore, this is a fully parametric task leading to different
decision-making systems every time a new acquisition
is performed by the system. Despite being challenging,
this come with great potential as future systems will no
longer be fixed and static, but adaptable to the scenario
at hand.

Details on how different network components (i.e.
weights, neurons, activation function, etc.) are encoded
in individuals can be found in [57, 58]. Admissible
activation functions can be specified according to the
guidelines in [56] and were picked from relevant lit-
erature [23, 43, 44]. The NEAT process selected the
optimal activation function from those listed below:

• sigmoid, absolute and Gaussian functions are ad-
missible for LDM and CDM;

• sigmoid, logarithm, hyperbolic tangent and
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bounded ramp functions are admissible for NPDM;

noting that each has been chosen to manage the range
of outputs (i.e. −30 ≤ α ≤ 30 for NPDM and 0 ≤
β,Ω ≤ 1 for LDM and CDM) and that the probability
for randomly switching to a different activation function
after each iteration is 50%, for LDM and CDM, and
60% for NPDM. It should also be noted as well that the
libraries used for these chosen functions represent most
specific functions for the ranges of outputs required (e.g.
absolute represents a RELU for positive values such as
β or Ω).
It has to be mentioned that this set-up for the GA has

been proven to be highly reliable and robust. Indeed,
we obtained similar results in ten independent runs of
the same process (using the same parameters but a new
random seed). Table 4 shows the average (AVG) SE
values, which we performed to test the validity of the
chosen GA’s parameters. Results clearly show relatively
low values for standard deviations (STD) given that in
real life systems, due to varying environmental condi-
tions and the presence of noise introduced by the sensors,
outliers have to be expected [9, 51].
Note that the values displayed in table 4a, for LDM (β)

through evolved ffANN, and in table 4b, for NPDM (α)
through evolved ffANN, present AVG ± STD optimisa-
tion results for two different systems, requiring different
training and validation samples sizes S for each sensor
– as explained in section 5.2 and displayed in table 1.
Hence, the numbers in table 4 are not meant for compar-
isons but for providing an indication of the performance
of the proposed evolutionary method.
Performance results obtained over the test area of

training are available in section 6 (i.e. table 8a, figures
11 and 12).

5.5. Evaluating performance

A number of benchmark metrics are used to evalu-
ate CoD2M-MAPS performances and its detection ac-
curacy.
The first metric is the Root Mean Square Error

(RMSE), defined as

RMSE =

√√√
1
S

S∑
i=1
(xi − x̂i)

2, (10)

with xi being the target, x̂i the predicted output and
S the training data-set size. Unlike SE, which has a
similar definition (equation 1), RMSE is normalised by
the sample size S thus allowing for a fair comparison
between different DM methods.

Training Validation
Sensor AVG ± STD AVG ± STD
SV 0.1197 ± 0.00514 0.1437 ± 0.02336
IR 0.0902 ± 0.00822 0.1098 ± 0.01274
UV 0.1007 ± 0.00276 0.0949 ± 0.00894
TS 0.1699 ± 0.00008 0.1990 ± 0.00032
GPR 0.1649 ± 0.00152 0.2052 ± 0.01464

(a) LDM (β)

Training Validation
Sensor AVG ± STD AVG ± STD
SV 0.96 ± 0.00038 0.3264 ± 0.00761
IR 0.2940 ± 0.00073 0.1723 ± 0.01261
UV 0.2324 ± 0.00320 0.1222 ± 0.01782
TS 0.3399 ± 0.00321 0.2695 ± 0.06534
GPR 0.3166 ± 0.00022 0.1590 ± 0.00252

(b) NPDM (α)

Table 4: Optimised ffNN evolution for LDM (a) and NPDM (b).

Three more evaluation metrics are derived from the
so called confusion matrix [22], which can be used to
annotate the occurrences of a True Positive (TP), a True
Negative (TN), a False Positive (FP) and a FalseNegative
(FN) as shown in table 5. This leads to the calculation
of
1) the True Positive Rate (TPR) or “hit rate”:

TPR =
TP

TP + FN
=

TP
P

; (11)

2) the False Positive Rate (FPR) or “false alarm” rate:

FPR =
FP

FP + TN
=

FP
N
, (12)

3) the accuracy:

ACC =
TP + TN
P + N

. (13)

These metrics are informative and common for binary
classifiers. TPR can be seen as a measure of how much
one can trust an IED detection: if TPR= 1 the classifier
has detected all “Positive” instances correctly as FN are
absent. Conversely, FPR measures the correctness in
classifying an object as a non-IED. Ideally, a perfect
classifier would have FPR= 0 and a TPR= 1, which
implies ACC= 1, meaning that 100% IED detection and
100% non-IED rejection is achieved.
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Class:
positive negative

Prediction: positive TP FP
negative FN TN

Table 5: Example of a generic confusionmatrix. In this specific study,
the term “positive” refer to the detection of an IED, while “negative”
of a non-IED. TP and TN are registered if the real instance and the
predicted class are both positive or negative respectively. Conversely,
FP and FN when there is a mismatch between the instance and the
prediction.

It can be noted that almost in the totality of the casesΩ
is a random value distributed normally in the [0,1] range.
However,it can be easily binarysed by means of thresh-
old (as there are only two classes) to use equations 11, 12
and 13. Interestingly, by “sweeping” the threshold value
from 0 to 1 it is possible to sketch the so called Receiver
Operating Characteristic (ROC) curve [22], displaying
FPR (usually reported on x-axis) and TPR (usually re-
ported on the y-axis) per threshold value, see e.g. figure
12.
A point in the ROC space is interpreted as a better

classification than another one if it is closer to (0,1), as
it means that there are only TP and no FP occurrences.
In this logic, point in the proximity of (1,1) are likely to
be classified as an IED. Conversely, those around (0,0)
will lead to a “negative” classification, i.e. non-IED.
Most importantly, any classifier with a ROC curve or
values below the line x = y displays worse performances
than a decision made with a random guess. For this
reason, the “Area Under the Curve” (AUC) evaluation
metric is commonly used with ROC to compare between
classifiers, as its value for a random guess is known
and equal to 0.5. Thus, a classifier with AUC≤ 0.5
should never be taken under consideration, while AUC
values grater than 0.5 indicate suitable classifiers. The
ROC space can also be used to plot result values, i.e.
(FPR,TPR), and visually evaluate their quality.
In this light, support values obtained with both LDM

and CDM were plotted in the ROC space in figure 11
and the ROC curves for the LDM system of each agent,
obtained in combination with a given NPDMmethod for
the position α, were also generated with the algorithm
in [22] and displayed in figure 12.

6. Results

This section is the outcome of an extensive experi-
mentation phase carried out with a total of 120 decision-
making blocks obtained by using, for each one of the 5
sensors, the 24 possible combinations consisting of:

• one amongst the four methods FP, RND, ffANN
and FDSS designed for NPDM (in section 4.3.1) to
generate α;

• the ffANN method designed for LDM (in section
4.3.2) to generate β;

• one amongst the six methods ffANN, FDSS, VP,
max (i.e. ΩAV1 ), avg (i.e. ΩAV2 ) and mdn (i.e.
ΩAV3 ) designed for CDM (in section 4.3.3) to gen-
erate Ω.

To display results in a compact and readable format,
abbreviations were used for the methods implementing
LDM, CDM and NPDM inside tables. A summary of
these abbreviations is given in table 6.

Method ffANN FDSS FP RND VP ΩAV1 ΩAV2 ΩAV3

Abbreviation N F P R V M B ÛB

Table 6: Abbreviations list for the decision-making methods.

To avoid an unnecessary length of this manuscript,
only the two best performing (in terms of ACC) imple-
mented decision-making systems were chosen, for each
agent, and included in this section. However, a com-
plete set of tables comprising of less successful methods
is made available online in [26] for further comparisons.
ACC, RMSE and AUC value for the LDM and CDM
sub-modules of each agent are displayed by columns in
tables 7 and table 8, where the best and the second best
value across the agents are highlighted in black and blue
boldface respectively, for each metric. The columns la-
belled with “β/α” and “Ω/α” indicate the LDM/NPDM
and CDM/NPDM combination used to generate that β
or Ω value respectively. As a remainder to the reader, it
is important to link the two decision-making modules as
their performances depends on each other outputs. In-
deed, regardless of the chosen implementation for LDM
or CDM, their performance are influenced by the orien-
tation α of the sensor during the acquisition process (as
discussed in section 4.3.1). For this reason, we refer e.g.
to “N/F” to highlight that results are obtained by means
of a decision-making system implemented with a ffANN
subject to the fact the angular position α is adjusted via
a FDSS. Obviously, “N” is the only available choice for
estimating β, see e.g. table 7a, while multiple choices
are available for estimating Ω (i.e. six methods) and α
(i.e. four methods).

The results displayed in table 7 are generated by using
the trained systems over the totality of collected data
(raw data can be downloaded from [10]) and the sets are
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organised separately for each day of sample collection (to
observe the effect of different environmental conditions).

Day 1 Day 2

Sensor β/α ACC RMSE AUC β/α ACC RMSE AUC

VS
N/N 0.6800 0.5087 0.7195 N/R 0.7400 0.4975 0.7991
N/R 0.6600 0.5038 0.7323 N/P 0.7200 0.4910 0.7982

IR
N/P 0.7300 0.4394 0.7850 N/F 0.4600 0.7071 0.7736
N/F 0.7200 0.4255 0.8246 N/N 0.4600 0.7117 0.7723

UV
N/P 0.6500 0.4786 0.8474 N/P 0.5200 0.5716 0.8351
N/F 0.6300 0.4780 0.8479 N/F 0.5100 0.5732 0.8413

TS
N/F 0.3500 0.5646 0.5578 N/F 0.4000 0.5505 0.5610
N/N 0.3500 0.5646 0.5173 N/N 0.3600 0.5614 0.4694

GPR
N/N 0.3700 0.5697 0.4890 N/F 0.5500 0.5148 0.6008
N/F 0.3700 0.5697 0.4890 N/N 0.5100 0.5401 0.5028

(a) LDM
Day 1 Day 2

Sensor Ω/α ACC RMSE AUC Ω/α ACC RMSE AUC

VS
N/R 0.6500 0.4642 0.7771 N/R 0.6500 0.4770 0.4958
N/F 0.6500 0.4674 0.7652 N/P 0.6500 0.4777 0.4676

IR
N/F 0.7500 0.4469 0.7960 B/F 0.6000 0.4873 0.8465
N/N 0.7400 0.4575 0.7769 B/N 0.5500 0.5067 0.8351

UV
B/P 0.5900 0.4492 0.8189 B/F 0.6000 0.4909 0.8443
B/F 0.5800 0.4504 0.8285 B/N 0.5500 0.5103 0.8342

TS
N/F 0.6600 0.5457 0.6101 N/R 0.7300 0.5182 0.6742
F/N 0.6500 0.4795 0.5000 N/F 0.6700 0.5459 0.6782

GPR
N/F 0.6500 0.4454 0.8175 N/N 0.6500 0.4085 0.8430
N/P 0.6500 0.4456 0.8145 N/F 0.6500 0.4097 0.8364

(b) CDM

Table 7: Evaluationmetrics for LDM support β (7a) and CDM support
Ω (7b) obtained with different NPDM approaches for α and calculated
over all the available data sets. Results are arranged by acquisition
day, i.e. 2 different environmental conditions.

Conversely, results in table 8 are those of proposed
system by separating the data by the training and val-
idation sets, as discussed in section 5 (to observe the
validation and consistency of the learning).
The classifications made with the combinations dis-

playing the best ACC values in tables 7 and table 8 were
graphically depicted in figure 9 (i.e. LDMclassification)
and figure 10 (i.e. CDM classification). These two im-
ages can be compared against the reference template in
figure 8 to understand performance differences between
the LDM and the CDM modules.
In terms of confusion matrix, the best performances

are reported in table 9, whichwas obtainedwith a thresh-
old fixed to 0.5 to binaryse support values –whichmeans
that a positive classification is made if β ≥ 0.5 (for
LDM) or Ω ≥ 0.5 (for CDM).

TPR and FPR values for LDM and CDM are plotted
in the ROC space in figure 11 for visual inspection. The
ROC curves for the NPDM support on the position α
at which each sensor perform its LDM are shown in
figure 12, where the black dots indicate the FPR and

LDM CDM

Sensor β/α D ACC RMSE AUC Ω/α D ACC RMSE AUC

VS N/P 2 0.6785 0.5442 0.9005 N/R 1 0.6785 0.4776 0.9122
VS N/N 2 0.6785 0.5442 0.9064 N/F 1 0.6785 0.4780 0.9064
IR N/P 1 0.7857 0.4100 0.8187 N/F 1 0.6785 0.4946 0.7602
IR N/F 1 0.7142 0.3980 0.8592 N/P 1 0.6428 0.4596 0.8304
UV N/F 1 0.5357 0.5496 0.8538 B/F 2 0.5714 0.5149 0.9181
UV N/P 1 0.5000 0.5484 0.8538 ÛB/F 2 0.5714 0.5398 0.9473
TS N/F 2 0.4642 0.5248 0.7426 N/F 1 0.7857 0.4547 0.6315
TS N/R 2 0.3928 0.5516 0.6900 N/N 2 0.7142 0.5235 0.6608
GPR N/F 2 0.7857 0.4181 0.8304 N/R 2 0.6785 0.3980 1.0000
GPR N/N 2 0.7857 0.4201 0.6842 N/P 2 0.6785 0.4039 0.9883

(a) Training dataset

LDM CDM

Sensor β/α D ACC RMSE AUC Ω/α D ACC RMSE AUC

VS N/R 2 0.7638 0.4770 0.7775 N/R 1 0.6388 0.4589 0.7550
VS N/P 2 0.7361 0.4687 0.7867 N/F 1 0.6388 0.4632 0.7374
IR N/F 1 0.7222 0.4358 0.8093 N/F 1 0.7777 0.4269 0.8093
IR N/N 1 0.7222 0.4415 0.8035 N/R 1 0.7777 0.4390 0.7964
UV N/P 1 0.7083 0.4486 0.8662 B/P 1 0.6250 0.4375 0.8152
UV N/F 1 0.6666 0.4471 0.8662 B/F 2 0.6111 0.4812 0.8311
TS N/N 2 0.3750 0.5571 0.4974 N/R 2 0.7361 0.5136 0.6780
TS N/F 2 0.3750 0.5602 0.4995 N/F 2 0.6666 0.5504 0.6638
GPR N/P 2 0.4583 0.5451 0.4908 N/N 2 0.6388 0.4098 0.8227
GPR N/F 2 0.4583 0.5478 0.5075 N/F 2 0.6388 0.4118 0.8219

(b) Validation dataset

Table 8: Evaluation metrics for LDM support β and CDM support Ω
obtained with different NPDM approaches for α and calculated over
the training data set (8a) and over the validation data set (8b).

positive negative
positive 35 0
negative 0 65

(a) Ideal Case

IR – N/P
23 15
12 50
(b) LDMDay1

SV – N/R
34 25
1 40
(c) LDMDay2

IR – N/F
29 19
6 46

(d) CDMDay1

TS – N/R
32 24
3 41
(e) CDMDay2

Table 9: Confusion tables for the sensors re tuning the best results
for LDM and CDM on the two consecutive days of testing. Subtable
9a can be used as reference to visually check the performace of each
reported agent

TPR values for α. In both the figures, the diagonal line
in yellow y = x is added to facilitate the comparison of
the results against those of a naive classifier returning a
random guess (as explained in section 5.5). Since the x
and y axis indicated the FPR and TPR respectively, they
are limited in the range [0,1].

6.1. Discussion
Results in tables 7 and 8 show that agents were well

designed and implemented to exhibit an effective coop-
erative behaviour, as a redundant sensor was no found.
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Figure 9: Best LDM classification results (i.e. highest support β) for Day 1 (first row) and Day 2 (second row). The first column displays the
negative class (i.e. non-IED) while the second column the positive class (i.e. IED) for comparison. Each point in the graphs refer to a position
[mm] in the test terrain. Black + makers denote the expected position while the green x markers the estimated position (LDM). Similarly, the blue
+ markers indicate the expected position (LDM) while the red x markers the satiated position (LDM).

Thus, a predominant agent does not exists and they rather
complement each other thus guaranteeing optimal global
performances.
Analysing sensors individually, VS and IR appear to

have better performances in terms of ACC and RMSE
for LDM, see table 7a and 8b. Moreover, from table 7a,
it can be noted that while VS produces higher ACC and
RMS values in Day 2, IR performs better on Day 1, thus
confirming that sensors are not redundant and compen-
sate each other over different environmental scenarios.
This makes the proposed system highly reliable and ro-
bust, as also confirmed by the good results in table 8,
which are obtained over two different datasets. More-
over, it must be noticed that the other sensors, i.e. UV,
GPR and TS, cannot be removed as they play a criti-
cal role in the system. Indeed, in terms of RMSE for
CDM the IR sensor displays the lowest value (table 7b)
while GPR displays the two highest. In the same table,
one can notice that UV is the most accurate in terms of
AUC. Similarly, TS has the worst performances in terms
of ACC for LDM, but performs the best in terms of ACC
for CDM, see table 8 and 7b (Day 2).
Interestingly, it must be noted that on each sensor the

ACC, RMSE and AUC values tend to be lower for LDM

and improves with CDM. This validates the hypothe-
sis that our cooperative and distributed decision-making
system can outperform a classic “localised” one. In other
words, by exchanging information agents are capable of
improving their local classification accuracy. Even the
worst performing agents, i.e. TS with N/F implemen-
tation for both LDM and CDM, display a significant
improvement jumping from an ACC= 0.3500 in LDM
to an ACC= 0.6600 for CDM (see table 7a). Similarly,
the ACC value for the LDM system of the TS agent
with N/N and N/F combinations goes from 0.3750 to
0.6600, for the N/N combination, and to 0.7361, for the
N/F combination. This shows that a TS agent employing
only ffANNs can double its local detection precision by
means of the proposed collaborative approach.

Further conclusions can be drawn by analysing the
combinations for the CDM systems shown in tables 7
and in the CDM sections of table 8. One can count:

• 9 out of 40 combinations are based on the B =
ΩAV2=avg(B) method (i.e. 2/10 from Day 1 and
4/10 fromDay 2 in table 7b; 2/10 from the training
dataset and 1/10 from the train dataset in table 8);

• 1 out of 10 implementations are based on the
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(b) Class: positive, Day: 1.
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(d) Class: positive, Day: 2.

Figure 10: Best CDM classification results (i.e. highest support Ω) for Day 1 (first row) and Day 2 (second row). The first column displays the
negative class (i.e. non-IED) while the second column the positive class (i.e. IED) for comparison. Each point in the graphs refer to a position
[mm] in the test terrain. Black + makers denote the expected position while the green x markers the estimated position (CDM). Similarly, the blue
+ markers indicate the expected position (CDM) while the red x markers the expected position (CDM).

F=FDSS method;

• 1 out of 40 implementations are based on the
.
B =

ΩAV3=mdn(B) median method;

• 29 out of 40 implementations are based on the
M=ffANN method (i.e. 7/10 from Day 1 and 6/10
from Day 2 in table 7; 8/10 from the CDM sections
of table 8).

In this light, the neuroevolution approach seems to
be preferred over the others methods for implementing
the cooperative decision-making behaviour. This also
shows that designing and training a network for each
sensor with NEAT, even thoughmore complex and com-
putational expensive than aggregation approaches such
as e.g. max, min and median, is key and not just an
over-complication of the system. Amongst this 29 in-
stances, two high-performance combination stand out:
N/F (13/29 cases) and N/R (8/29 cases). Generally, the
first case outperforms the second in terms of ACC but
the opposite scenario is shown it terms of RMSE. In the
first case, the best ACC and RMSE values are in Day
1 while during the training phase ACC was still quite
high but a lower RMSE value was obtained. The second

configuration showed better ACC values in Day 2 and
over the validation dataset. Lower values of RMSE are
registered over the training dataset. The predominance
of this two systems can be visually seen in figure 11,
where the blue marks (ffANN based models for CDM)
are far closer than the other marks to the point (0,1) for
the IR and TS sensors than the other marks.

A similar analysis can be done for α. Generally speak-
ing, “intelligent” approaches (i.e. N and F) appear to be
better than classic ones with 28/40 instances across the
considered tables (i.e. in table 7 there are 14/20 for
LDM and 14/20 for CDM), while only 5/40 are present
for R (2/20 for LDM and 3/20 for CDM) and 7/40 for
P (4/20 for LDM and 3/20 for CDM).

Additionally, actively estimating the next position to
sample obtains better results than a passive or fixed scan.
The best local results have 16/20 samples which used ac-
tively estimated movement (NEAT, FDSS and random
position) as well as 17/20 samples from the best cooper-
ative results.

Some immediate conclusions can be also drawn by
visual inspection of figure 11. It can be seen that ag-
gregation statistical methods (red marks) are sometime
competitive (with the best one being the median opera-
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tor) but have a similar behaviour on each sensor, while
neuroevolution can achieve high performance peaks in
some specific cases. The weakest performances are ob-
tained with FDSS decision-making systems, i.e. rep-
resented with green marks that are difficult to see as
overlapping in the same position close to (0,0). Inter-
estingly, it can be noticed how the information from
GPR are less crucial for the detection process. This is
also true at the LDM level, as highlighted by the ROC
curves of figure 12. The ROC curves relative to the
GPR sensor are indeed surrounding the y = x line, in
the training phase, and overlapping it in the validation
phase. This result proves the need for using sensors such
as cameras to detect IED, as this task significantly differ
from the commercial mine detection one, where GPRs
are amongst the most common and effective choices.
Similar weak classification performances can be noticed
for the TS sensor, that improves its detection capability
thanks to the CDM phase as already pointed out in the
earlier in this section.
Furthermore, from the AUC max and min values, dis-

played in table 10, one can consolidate the observation
that performances are sometimes low for the LDM sys-
tem but improve with CDM (of a factor equal to circa
0.88). Such increase is graphically represented by the
change in the slope of the ROC curves of figure 12.
Hence, the same conclusion can be drawn by means of
three different metrics, ACC, RMSE and AUC, giving
credibility to our results that appears to be coherent re-
gardless of the evaluation criterion.
The results in table 11 show performance in terms of

AUC, max, min and median values for the CDM system
of each agent, the values in table 11a are organised per
sample day, while those in table 11b are separated by
training and validation, both for the six CDM methods.
The lowest median values in table 11 are returned by

the FDSS method which was already identified as a non
suitable CDMmethod, in comparisonwith the one based
on ffANNs. Most importantly, its range value is circa
0.5, which is the what one would expect from a clas-
sifier making random guesses. Once again, numerical
results suggest the use of neuroevolution to implement
the CDM system. Indeed, even though themean andme-
dian values of aggregation operators are good (i.e. the
AUC ranges are short with median≈mean value), they
appear to be less robust to changes (e.g. in the dataset).
In a nutshell, AI approaches are to be preferable as

they return higher support values and perform better ac-
cording to three different evaluation metrics. In partic-
ular, the neuroevolution approach seems to be the most
promising and robust amongst all themethods evaluated.
Finally, we conclude this section by showing results

Day 1 2
DM LDM CDM LDM CDM
AUC max min max min max min max min
SV 0.7323 0.7186 0.8391 0.5000 0.7991 0.7947 0.8914 0.4676
IR 0.8246 0.7805 0.8351 0.5000 0.7736 0.7178 0.8870 0.5000
UV 0.8479 0.8448 0.8351 0.5000 0.8413 0.7841 0.8857 0.5000
TS 0.5578 0.4382 0.8378 0.3397 0.5610 0.4694 0.8918 0.2628
GP 0.5000 0.4450 0.8351 0.5015 0.6316 0.5028 0.8914 0.4290

(a) AUC maximum and minimum values per acquisition day

Data training validation
DM LDM CDM LDM CDM
AUC max min max min max min max min
SV 0.9064 0.7485 0.9590 0.2280 0.7867 0.7115 0.8871 0.5000
IR 0.9473 0.8128 0.9590 0.5000 0.8093 0.6329 0.8854 0.5000
UV 0.8538 0.7660 0.9590 0.5000 0.8662 0.8102 0.8829 0.5000
TS 0.7426 0.2923 0.9590 0.2076 0.5911 0.4406 0.8879 0.2329
GP 0.8801 0.4415 1.0000 0.1520 0.5522 0.4381 0.8896 0.4665

(b) AUC ranges per data set

Table 10: Agents AUC maximum and minim values for LDM and
CDM (considering values from all tested implementations) displayed
per acquisition day (10a) and data set (10b).

Day 1 2
AUC max min median max min median
N 0.8329 0.5459 0.7942 0.8430 0.4676 0.6619
F 0.5450 0.5000 0.5000 0.5000 0.4290 0.5000
B 0.8391 0.8189 0.8352 0.8505 0.8263 0.8439
.
B 0.8109 0.7934 0.8035 0.8918 0.8492 0.8795
M 0.8052 0.7529 0.7780 0.7454 0.6729 0.7323
V 0.6252 0.5472 0.6175 0.6538 0.5769 0.6076

(a) AUC values per acquisition day

Data training validation
AUC max min median max min median
N 1.000 0.2046 0.7076 0.8787 0.5606 0.7374
F 0.6959 0.1520 0.5000 0.5861 0.4665 0.5000
B 0.9473 0.8596 0.9064 0.8453 0.8068 0.8311
.
B 0.9649 0.8479 0.9356 0.8896 0.7892 0.8277
M 0.9298 0.7923 0.9005 0.7918 0.5777 0.7458
V 0.6842 0.5000 0.6052 0.6413 0.5677 0.6137

(b) AUC values per data set

Table 11: AUC maximum, minimum and median values obtained
across the agents for each one of the six CDM implementations calcu-
lated per acquisition day (11a) and per data set (11b).

from state-of-the-art systems specifically designed for
targeting military-grade UXOs. As explained in the sec-
tions 1 and 2, due to the joint use of sensors as GPR and
metal detectors, such de-mining platforms are limited
to find military, or anyway metallic, mines (thus being
unreliable in the presence of IEDs). However, on the
other hands, displays the best detection performances
over such application domain and are largely employed.
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(g) TS – training dataset
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(h) TS – validation dataset
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(j) GPR – validation dataset

Figure 11: LDM uncertainty β and CDM uncertainty Ω values in the ROC space (FPR-TPS plane) obtained over training (left hand-side) and
validation (right hand-side) datasets. Black points refer to LDM. As for CDM, red points indicates the FPR-TPS values obtained via the aggregation
methods (i.e. V,M,B,

.
B), blue points those with N and green ones those with F.
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(c) IR – training dataset
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(d) IR – validation dataset
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(e) UV – training dataset
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(f) UV – validation dataset
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(g) TS – training dataset
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(h) TS – validation dataset
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(i) GPR – training dataset
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(j) GPR – validation dataset

Figure 12: ROC curve per sensor for the LDM systems. Each ROC space shows the four NPDM used to increase the information acquired per agent.
The light-blue line represents the performance of the N method, the green line is used to indicate the performance of the R method, the orange line
that one of the F method and the red the one of the P method.
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Even though a direct comparison is not possible, as
we extend the application scope and aim at detecting
IEDs, from table 12 we can observe that the accu-
racy of CoD2M-MAPS is comparable to the current
state-of-the-art while working an even more challenging
scenario. Out of eight considered methods (based on
ML and other information fusion techniques), CoD2M-
MAPS displays the second-best accuracy; a better accu-
racy than the ones obtained with 4 methods; a compara-
ble accuracy with those of the three remaining detection
systems.

ACC Scope
Data fusion [49] 0.7000

MilitaryFeature fusion [49] 0.7400

gradeDecision fusion [49] 0.8900
ML model 1 [48] 0.6814
ML model 2 [48] 0.7843
ML model 3 [48] 0.7450
ML model 41 [48] 0.7941
ML model 42 [48] 0.7843
Our CDM (IR) 0.7778 IED

Table 12: Accuracy for the state-of-the-art in military grade mine de-
tection. The accuracy from our best-preforming CDM output (from
agent IR) is added to argue the need for novel platforms with bet-
ter scope of actions, and which cannot rely on (or be enhanced by)
detecting metals.

7. Conclusions and future developments

From the hardware point of view, the proposed sys-
tems proved to be well designed as all agents play a role
and contribute to the detection. Redundant agents are
not presents and the cooperative behaviour significantly
improves upon, and by means of, the independent local
detection process carried out individually by the sensors.
Moreover, the designed system is capable of detecting
IEDs of any shape and material, thus making a valuable
contribution to the state-of-the-art which is abundant in
demining systems but mainly for industrially produced
military AT and AP devices.
Our results have shown that, with the use of the se-

lected sensors and their ad-hoc DM software, CoD2M-
MAPS detects a buried IED with a maximum accuracy
of 0.78%, and a single sensor did not display an ac-
curacy inferior to 60% (see table 8b, right section for
CDM). This makes it competitive against similar sys-
tems [48], as higher accuracy values are reachable for
military mines but not for IEDs, where there is little
work done and little evaluation of automated systems.

Also, it has been proven, by means of several evaluation
metrics, that commonly used sensors for military land-
mine detection, such as GPR and TS sensor, are less
performing than the multi-spectral cameras if taken on
their own (local decision-making) in terms of AUC val-
ues and ROC curves. However, their performances are
boosted during the cooperative decision-making phase,
as well as contributing to the overall decision, show-
ing the importance of using distributed systems for this
application domain. A similar increase in the perfor-
mances is visible in the other sensors, which means that
removing sensors is not advisable as they complement
each other classification process. Together they form a
robust and reliable system.

From the software point of view, results confirmed
the effectiveness and reliability of neural systems over
a number of other methods (based on fuzzy logic, ag-
gregation operators, etc.). This is particularly true for
implementing the collaborative decision-making phase,
and points out the importance of tailoring AI algorithms
to the problem at hand rather than relying to out-of-the-
shelf solutions.

Hence, this novel cooperative and intelligent proto-
type seems to be promising and opens a number of
new research questions to be addressed in the near fu-
ture. First, more research will be done to further val-
idate these results with larger datasets for the training
and the validation processes. Secondly, the accuracy of
CoD2M-MAPS will be increased. This will be done by
using more advanced meta-heuristics for optimisation,
e.g. tailored algorithms can be designed in the fashion
of Memetic Computing to evolve and train artificial net-
works. Moreover, a higher number of error functions,
activation functions and type of networks will be tested
in future studies. Third, the Cartesian structure will be
replaced with an UAV, e.g. a drone, to fulfil the goal of
this research project and have amobile, usable, demining
platform.
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