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ABSTRACT
The paper proposes and analyses performance of a fuzzy-based mediator with showcase examples in robot navigation. The
mediator receives outputs from two controllers and uses estimated collision probability for adapting the signal proportions in
the final output. The approach was implemented and tested in simulation and on real robots with different footprints. The task
complexity during testing varied from single obstacle avoidance to a realistic navigation in real environments. The obtained
results showed that this approach is simple but effective.
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1. INTRODUCTION

Autonomous mobile robots and vehicles are getting out of
structured and laboratory-type environments into more dynamic
environments [1–5]. Due to the uncertain nature of these envi-
ronments, a robot’s behavior needs to be adaptive in order to
work properly without human intervention or with minimal human
intervention. These environments range from air-, water- and
ground-based ones to space-based ones [1,4]. The paper focuses
on ground-based autonomous mobile robots, but some of its con-
clusions could be extended to other domains (like air and water).
Thus, the term autonomousmobile robots will refer to ground-based
mobile platforms.

When considering the application of autonomous mobile robots,
usually two main concerns are of interest: long-term autonomy and
safety [1], especially in light of human–robot cooperation. This
has been highlighted by the fact that several recent EU-, USA-,
and Japan-based projects consider safety as the main challenge in
human–robot interaction [2]. In order to alleviate these concerns,
researchers usually provide a robot with an appropriate form of arti-
ficial intelligence. The current state-of-the-art approaches use some
form of Deep Neural Network (DNN) [6] in conjunction with a
fusion of data from several sources which is referred to as deep mul-
timodal learning [3]. While deep multimodal learning approach has
found many interesting applications within recognition and clas-
sification fields (e.g., Ref. [7]), applications to autonomous robot
navigation are scarce (but do exist, e.g., Refs. [8–10]). One notable
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exception is semi-autonomous cars [3,11,12], which also have
well-known and large databases available for testing and bench-
marking new approaches [13,14]. The fusion itself can be achieved
on three levels [3,15]: feature level (sometimes referred to as early
fusion or pre-mapping fusion), decision level (sometimes referred
to as late fusion or post-mapping fusion), and mid-level (sometimes
referred to as intermediate fusion or midst-mapping fusion). Some
variations exist within each of these high-level fusion architectures
(e.g., Ref. [16]). Regardless of which fusion scheme is used “most
multimodal deep-learning architectures proposed to date are metic-
ulously handcrafted” [3]. Even a minor modification to the neural
network (NN) task usually require re-training the whole network or
training it from scratch, which is a time-intensive procedure (espe-
cially in multimodal networks). This is due to the fact that (D)NNs
are designed to do one specific task for which they require large
amounts of training data (usually images/videos) [17]. Addition-
ally, one would like to have an approach which enables combining
(D)NNs with other control algorithms already present in robotics
(like Proportional-Integral-Derivative [PID] controller) as well as
integrating human input into control scheme (like in teleoperation
scenarios).

In the field of control theory there have been approaches where
more complex behavior is achieved through mediation between
expert and novice controllers [18]. The ultimate goal of the medi-
ation is to “help the autonomous capabilities of an individual . . .
and to help individuals with different conflicting interests or diverging
opinions tomediate situations and reach consensus” [19]. Thus, more
complex tasks (such as robot navigation) could be split into several
simpler ones (which we refer to as task primitives), and each can
be addressed by a different controller including (but not limited to)Pdf_Folio:1197
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(D)NNs. By using the proposed control architecture the modifica-
tions in task primitives (e.g., adding another task primitive) should
require less time-consuming interventions. Also, such modularity
would ensure easier upgrade procedure as well as the implementa-
tion of more specialized (and better performing) controllers for the
particular task (which could be done even on the fly). To the best of
our knowledge, this is the first time to date such an adaptive fuzzy-
based controller, which can include NNs, is used in mobile robot
navigation tasks and its performance demonstrated in real-world
scenarios.

1.1. Related Work

Since state-of-the-art approaches use predominantly NNs to tackle
the intelligent robot control, we will focus on them in the review.

In Ref. [20] authors implemented end-to-end motion planning for
mobile robots in which they trained (in a supervised manner) a
Convolutional Neural Network (CNN) using simulated sensor data
gathered in Stage 2D environment. The term end-to-end control
refers to the fact that the input data was directly mapped to the
(translational and rotational) steering commands. The training data
was recorded while navigating in a simulation on a known map
using Robot Operating System (ROS) [21] 2D Navigation stack
with its local (Dynamic Window Approach [DWA]) and global
(Dijkstra) planners. However, when testing was done (both in a
simulation environment and in real-world using Kobuki-based
Turtlebot), no map was given to the robot but only the relative
distance to the target. Thus, in essence, the CNN was applying
navigation strategies learnt during training. The approach showed
promising results, being able to navigate to the desired location in
the real-world without the need for a map while avoiding mov-
ing obstacles (although testing was limited). However, the authors
outlined several situations where the control algorithm needed a
bit of help to get “unstuck”: large open spaces and convex dead-
end regions. The incidence rate of human assistance dropped if
additional fully connected (FC) layers were added (this was not
true for simulation-based environments). It should be noted that
work from Ref. [20] has some similarities with our own work: using
2D Light Detection and Ranging (LiDAR ) data instead of a video
stream for NN training, using simulation as a source of data for
self-supervised learning and navigating without the need for a map.
However, our approach achieves those goals in a different man-
ner within the framework which we believe to be more flexible and
which can integrate additional, standard, control algorithms. We
also use both positive and negative examples for training. Success-
ful obstacle avoidance is regarded as a positive example, while the
crash is considered a negative example in the process.

Similar works that used some form of NN to learn end-to-end poli-
cies can be found in Refs. [22,23]. In Ref. [22] it was examined if
end-to-end training of both the visual and the control system pro-
vides better performance than in the case when they were trained
separately. These policies were represented by deep CNNs with
supervised learning approach via guided policy search. While the
paper mainly deals with the application of visuomotor polices on
robot manipulator tasks (e.g., screwing a cap onto a bottle, plac-
ing a coat hanger on a rack), some of its conclusions can be trans-
ferred to a mobile robot case. One such conclusion is the fact that
the end-to-end approach outperformed approach in which vision
layer was trained separately. Although some drawbacks associated

with generalization and visual distractors were noted, authors sug-
gest straightforward ways of dealing with them. In Ref. [23] an
end-to-end approach was also used with steering angles obtained
from raw input images. This was achieved using CNN with six lay-
ers, trained in a supervised manner using data obtained from a
human operator in real-world in various weather conditions and
terrains. The training set consisted of 95, 000 image pairs (since two
cameras were used). Authors reported good navigation and obsta-
cle avoidance capabilities even at speeds of 2 m/s and noted that
the proposed approach eliminates the need for any form of cali-
bration and parameter tuning as well as a need to select features
from raw images. It is worth noting that end-to-end control policies
are also finding their way into the realm of autonomous cars [24]
where additional, domain-specific problems exist, which can also
be addressed by DNNs and/or recurrent neural networks (RNN),
like negotiating safe driving [25] or anticipating (and correcting)
human actions [12].

Additional works in the area of autonomous navigation include
Refs. [8,11,25–27]. In Ref. [26] authors did not use end-to-end
approach but developed a long-range vision system based on DNNs
which interacted with path planning and obstacle avoidance algo-
rithms in order to generate steering commands. The long-range
vision module was trained in real-time in a self-supervised man-
ner with stereo supervisor taking care that data and label are not
changed. The supervisor involved a number of algorithms (like
ground plane estimation, and statistical false obstacle filtering)
which interacted in a complex manner. The long-range classifier
demonstrated obstacle detection capabilities from 5 to over 100
meters. The approach was tested in two separate scenarios. First, the
classification network was tested as a standalone system where dif-
ferent network architectures were applied. It was shown that hybrid
unsupervised/supervised approach performs the best (with error
rates of about 8%). After that, the NN was tested as a part of the
navigation system. It ran at 1–2 Hz enabling strategic navigation
from 5 m to the goal (also a short-range algorithm run in parallel at
8–10 Hz in order to avoid obstacles). The testing was done on sev-
eral different courses where long-range module proved useful and
enabled error (and intervention) free navigation. The improvement
was also evident in total time and distance taken to reach the goal.

In Ref. [27] visual-based system (from a first-person view) was also
used, but now for an indoor environment and in an end-to-end
manner. Here, a complex structure of several NNs was used in order
to map the space and navigate through it. Used NNs were of con-
volutional type (ResNet-50 pretrained on ImageNet). The process
is a reminiscence of Simultaneous Localisation and Mapping, but
authors note that their approach differs in several ways from clas-
sical approaches one being that it can learn statistical regularities
of the environment. Thus, the approach enables tracking of visited
parts of the environments as well as semantically driven navigation
(e.g., “go to a table”). The proposed approach was developed in the
simulated environment, based on Stanford large-scale 3D Indoor
Spaces (S3DIS) data-set which was obtained by 3D scanning of six
large-scale indoor spaces within three different buildings. Obtained
results demonstrated that the proposed approach outperforms clas-
sical approaches such as reactive strategy and standard memory-
based architectures (e.g., Long-Short Term Memory).

Here, it is interesting to note the use of simulation-based data for
training of CNNs (or other types of NNs). Due to a large amount
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of data needed to properly train different NN architectures, col-
lecting them in real-world is a time-consuming task and one in
which certain level of danger to environment and robot itself can-
not be avoided [28]. The simulation makes it easy to run exten-
sive and elaborate experiments while providing necessary data in
a safe and controlled manner. While in some works like Refs.
[11,27,29] the training and the testing were achieved in the simu-
lation environment, this is not optimal since a gap between simu-
lation and reality exists [30]. However, recently a number of works
have emerged where testing of simulation trained CNNs was done
in real environments with no or little re-training [8,31]. This is
mainly due to recent advances in the field of computer graphics
which makes possible a rich and vivid representation of real-world
environments as well as their physics, thus narrowing the before-
mentioned gap. However, another more recent approach is to use a
combination of photo-realistic data in conjunction with nonphoto-
realistic domain randomized data to leverage the strengths of both
[32]. This approach was then used to learn the object’s 3D pose
from RGB images, outperforming state-of-the-art NNs trained on
real images.

In Ref. [8] authors used deep siamese actor-critic model within deep
reinforcement learning (RL) framework for target-driven visual
navigation. For the approach model was given an RGB image of the
current scene and additional RGB image of the target, providing as
output required action: moving forward, moving backwards, turn-
ing left, and turning right. Authors highlight that in this manner
their RL approach becomes more flexible to changes in task goals
(in contrast to more standard approaches like Ref. [33] in which the
goal is hardcoded in the NN). In order to achieve this, the authors
developed custom 3D simulation framework named AI2-THOR
(The House Of inteRaction) by providing reference images to artists
which then created realistic 3D environments (32 scenes in total).
The approach was tested both in simulation and in the real environ-
ment with SCITOS mobile robot. Obtained results from simulation
showed shorter average trajectory length for the proposed approach
when compared to baseline methods, while results from real-world
experiment demonstrated that network trained in simulation and
fine-tuned on real data converged faster than network trained from
scratch. Authors especially emphasize that their approach is gener-
alizable to new scenes and new targets.

In Ref. [31] authors went a bit further, developing a NN model
solely in simulation and applying it in the real-world without any
modification. It was used for searching for control policy which can
process raw data (e.g., images) and output control signals (veloc-
ity), and which relied on RL. Since, as authors outline, RL needs at
least some collisions (negative examples) during training it can be a
challenging and risky undertaking to train a mobile robot on real-
world data. To avoid real-world training authors used Blender, an
open-source 3D modelling suite, to construct a number of hallway-
based environments (24 using 12 different floor-plans) for generat-
ing data used for training deep fully CNN with dilation operations,
built on VGG16 architecture. It is interesting to note that authors
intentionally rendered environments with a lower degree of realism
and/or visual fidelity and ones with randomized textures, lighting
conditions, and obstacle placement and orientation. This was based
on the hypothesis that generating a large number of such environ-
ments with numerous variations (of textures which there were 200)
would produce a model which generalizes well. This hypothesis was

verified in experiments both in synthetic and real environ-
ments. The simulation-based testing showed that the proposed RL
approach outperforms used baseline methods (Straight controller
and Left, Right and Straight [LRS] controller), but in real-world
testing experience some collisions. This led the authors to con-
clude that the proposed approach is viable and that further testing
is needed such as the inclusion of additional sensors (like RGB-D
cameras). A similar approach that employs RL-based approach for
control policy search can also be found in Ref. [34].

From the literature review, it can be concluded that deploying state-
of-the-art autonomous capabilities to a mobile robot usually entails
developing complex NN-based architectures and training them on
large data-sets (either in a simulation or in a real-world environ-
ment). If a different behavior is required, a new network needs to
be developed or existing one retrained (and new training data gen-
erated/recorded). In order to avoid this, we propose the implemen-
tation of a mediator which would enable fusion of control signals
from several sources (including, but not limited to, NNs). One pos-
sible function on which adaptive control in mobile robot navigation
tasks could be based is collision probability (CP) [35] since obsta-
cle avoidance usually has the highest priority in the navigation stack
hierarchy. The mediation can be implemented in several forms, and
one of them is based on fuzzy set theory [36]. It is worth noting that
several mediation engines can be used in the process, as well as sev-
eral decision functions based on which the mediator infers the final
decision and thus adapts the robot’s behavior [18].

Finally, it is worth noting that the implementation of ensem-
bles of NNs is not a new idea. In Ref. [37] they were used
in conjunction with a plurality consensus scheme for classifica-
tion applications, with focus on optimizing NN parameters and
architectures. The approach was tested in two (simple) scenarios:
generalized exclusive disjunction (XOR) operator and region clas-
sification in the 20-dimensional hypercube. While the obtained
results were an improvement over single copy networks, they are
applicable only to NNs (i.e., no other algorithm can be introduced
into the approach). There have also been approaches that utilize
a single DNN for object detection, decision-making and inferring
control commands [38], inspired by the way a human brain works.
While this work focuses on robotic applications (using RGB-D
camera as main sensors) and presents promising real-world results
for indoor robot exploration tasks (including obstacle avoidance), it
has two potential drawbacks: as Ref. [38] it is intended only for NN-
based strategies, and since it uses CNNs it requires large amounts of
data for training (which were recorded with human driver explor-
ing an environment). Additionally, the use of fuzzy logic variants
(e.g., fuzzy integral) for fusing outputs from several NNs has also
been proposed before in Ref. [39] (for dynamic nonlinear process
modelling) and Ref. [17] (for robust character classification pur-
poses). However, in Ref. [17] nonadaptive fusion mechanism was
used (i.e., the contribution of each network was known in advance
based on its loss function). This is not suitable for intended appli-
cation where, due to the dynamic nature of the environment, dif-
ferent controllers can have variable importance. Also, the approach
(as is the case in Ref. [39]) does not consider a way to include other
types of controllers (than NNs) or human input. Some work has
been done on adapting the fusion scheme, like in Ref. [40] but with-
out the use of fuzzy-based logic, using gating network that makes a
stochastic one-out-of-n decision about which single network to use
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for a particular instance. The approach was tested in a multispeaker
vowel recognition task. Also, as can be seen from the above discus-
sion, in many such examples primarily intended application is not
related to the field of robotics.

1.2. Contributions

The goal of the research was to develop a procedure to combine
together outputs from two control algorithms (including NNs),
each performing different task primitive in robot navigation. Fuzzy
logic based mediation was chosen as a good framework since it: (a)
enables combining individual controller outputs in a complex sig-
nal. In the process, different kernel functions (mediation engines)
can be used to obtain different data fusion results., (b) its function-
ality is transparent and can be easily understood by an average user.
Additionally, it has low computational complexity, making real-
time implementation possible, and (c) depending on the global task,
the decision (adaptation) variable can be freely chosen while main-
taining generality of the framework and ensuring different behavior
profiles.

Our contributions are thus as follows:

• To the best of our knowledge, this is the first real-world
application of fuzzy-based mediator for robot navigation-based
tasks to date.

• Development of NN-based obstacle avoidance and navigation
entirely in simulation using LiDAR measurements (and not
camera data, as is often done in the literature) and application
of it in real-world navigation tasks without any modification
(retraining) with good results. The approach provides both
positive and negative examples and is self-contained since
minimal human intervention is needed (e.g., specifying
simulation environment parameters) during training data
gathering and subsequent NN training.

• Comparison of performance in different tasks and on different
robots (with different footprints) which goes to the generality
of the proposed approach.

• Implementation of the mediation scheme in the teleoperation
control for fusion between the obstacle avoidance controller
and human operator. In this manner, a seamless control
handover between the human operator and autonomous part
of the robot is achieved ensuring safe movement of the robot in
the environment where the human operator does not
necessarily always have knowledge of all obstacles in the space
(i.e., lower spatial awareness).

The remainder of the article is structured as follows. In Section 2,
main operational principles of our approach are presented and dis-
cussed, while in Section 3 experimental setups for all test cases are
presented with explanations for made design decisions and used
algorithms. Section 4 presents achieved results using previously
described experimental setups, as well as analyses and discusses the
results. It also provides a comparison with a standard approach in
the robotics. Finally, Section 5 concludes the article with the high-
light of the main research findings, as well as proposed possible
improvements and future research directions.

2. THE PROPOSED ADAPTIVE FUZZY
MEDIATOR FOR MOBILE ROBOTICS

Overview of the proposed adaptive fuzzy control scheme can be
seen in Figure 1 which shows that the approach uses two controllers
(NNs or any other type of controller) whose inputs are combined
together within fuzzy set theory based on CP (pCOL) as the decision
variable. The CP parameter is explained in more detail later on.

In the proposed approach, one controller was used for reaching the
goal position without regard to obstacles (navigation controller),
while the other controller was used solely for obstacle avoidance
without regard to the goal position. Both controllers (in the case of
NN) were trained using data obtained in simulation, which made
the proposed approach simple and safe.

NN-based obstacle avoidance consisted of three sub-NNs (left, right
and forward). In order to train them, a simulation environment was
created with a number of obstacles of various shapes and sizes scat-
tered randomly within it. Then, a robot was spawned in its center
with random orientation and was given a constant linear velocity
and kept moving until hitting an obstacle (thus providing both pos-
itive and negative samples). A similar approach was used in Ref.
[28]. While in motion, LiDAR collected data of nearby obstacles
(xO, yO). The procedure was repeated 4,000 times with 20 different
obstacles configurations, giving a total of 396, 377 training exam-
ples (which includes both the positive and the negative examples).
The sub-NN for forward motion used scans of 45∘ to both left and
right of forward direction (90∘ in total), while sub-NNs for left and
right motion used scans of 90∘ to the left and to the right of forward
direction, respectively. Each of the three sub-NNs was designed as
a simple feed-forward network with 1 hidden layer and 60 neurons.
It should be noted that this architecture was chosen experimentally
as the simplest one with satisfactory performance (according to the
mean square error parameter). Based on outputs from these three
sub-NNs, logic for controlling the robot was devised (i.e., obstacle
avoidance controller). The output from this controller was angu-
lar (𝜔A) velocity needed to avoid the obstacle (while linear velocity
vA could obtain one of two pre-defined values as will be described
later on). The equation used for calculation of angular velocity was
defined as

𝜔A = {2 ⋅ NNleft,NNleft ≥ NNright

–2 ⋅ NNright,NNright < NNleft
NNleft,NNright ∈ [0, 1] .

(1)

Equation (1) was implemented only if NNfront output was smaller
than a pre-defined threshold (0.6 in our case). Otherwise, the robot
would not rotate. The approach was tested both in simulation and
in real-world with good results. It should be noted that the value

Figure 1 The general control architecture of the proposed
approach.
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of threshold (0.6 or 60%) was determined experimentally (both in
simulation and in real-world) and presents the belief of the NN (in
percentages) that there are no obstacle in front of the robot. The
value is thus dependent on the used NN structure and training pro-
cedure, as well as the sensor used (but not the robot itself) and might
change if different training/sensor setup is used.

In the case of the development of NN for navigation, the following
procedure was taken. First, a single user was asked to drive a Turtle-
bot 2 mobile robot in Gazebo simulation from a random starting
point to a random goal within a 25x25 m environment without any
obstacles. The user was told to give equal importance to the accu-
racy and the speed of driving. During the driving the robot position
was recorded, thus making it possible to calculate the distance from
the goal. This procedure was repeated 700 times, giving a total of
380, 541 training examples. After that, the recorded data was used
to train simple NN (for regression) with 4 layers of 30 neuron each.
This architecture was (as was the case for NN-based avoidance)
determined experimentally as the one with good (enough) perfor-
mance. As an input, the network was given the error in position
(i.e., distance to the goal) and error in orientation (i.e., the differ-
ence between the current and the final orientation). As the output,
the network was given both the linear velocity and angular velocity
recorded during the trials (and this was its output during testing).
After the training, the approach was tested with success in environ-
ments without obstacles, both in simulation and in real life.

Additionally, when a simple Proportional (P)-type controller was
used, its output was such that it kept the linear velocity (vN) constant
till the goal was reached, while angular velocity (𝜔N) was changed
depending on the difference between current and desired position
(both in the odometer frame of reference). In this manner, both the
simple and more complex (NN) cases of navigation controller were
taken into account.

The outputs from NN-based obstacle controller and from naviga-
tion controller (being either NN or P-type) were then fed to the
fuzzy mediation block, where the consensus decision was made
(based on 𝜁 value) and adapted linear (v) and angular (𝜔) velocities
generated. The block firstly computes CP (pCOL) based on LiDAR
measurements and simplified robot kinematic model. The CP was
designed in such a way to be reliable and computationally effective
while providing the mediation algorithm with necessary informa-
tion. Although similar variables do exist in the literature, they are
not as simple and computationally effective [35] as the proposed
one.

CP was calculated in several simple steps as described hereon. First,
an estimated trajectory of the robot for the next 20 samples (about
2 seconds) was computed based on a simple kinematic model of
motion. The interval of 20 samples was chosen through experimen-
tation as the one that, taking into account planned robot veloc-
ity (0.2m/s) and the distance at which the NN obstacle avoidance
reacts, provides sufficient time horizon for reaction. During sys-
tem development, different interval lengths were tested: longer ones
produced trajectory estimates that were less likely to occur result-
ing in robot giving control to obstacle avoidance when in reality
it did not need to, while shorter intervals produced much more
likely trajectory estimates but reduced significantly reaction time
for the robot resulting in a jittery motion and number of obstacle
crashes. Thus, we concluded that for selected mediator parameters

(and distance for obstacle avoidance for which NN was trained)
the interval length is primarily a function of robot’s linear velocity
(but also other parameters to a lesser extent). This perceived depen-
dency should, however, be revisited if in-place rotation is intro-
duced. Thus, if different robot speed, sampling time and/or allowed
distance to the obstacles during NN-based training (1 m in our case)
was used, the interval value should be adjusted accordingly. The
well-known simple kinematic model used in the study was defined
in matrix form as:

[
xi+1
yi+1
Φi+1

] = [
xi
yi
Φi

] + [
–v ∗ sinΦi
v ∗ cosΦi

𝜔
]ΔT (2)

where xi, yi, and Φi define robot’s pose at time instance i, and ΔT
is sampling period between time instances i and i + 1. During
this projection in time, linear velocity was kept constant at a value
measured at the time of calculation, while angular velocity was
propagated through time in an exponentially decaying manner
using formula 𝜔i = 0.85𝜔i–1 where i = 1, 2, 3, 4, ......, 20. The main
idea behind this was the fact that angular velocity usually has short
term changes in order to adjust the robot’s heading, and projecting
just the current angular velocity value (like is done for linear veloc-
ity) would give unrealistically curved fast changing trajectories that
(for most part) do not correspond to actual robot motion. Thus, the
proposed decay term filters out these sudden changes and gives a
more stable trajectory estimate. However, it should be noted that
there are some instances (like robot turning for longer periods of
time or in-place turning) where it is sub-optimal. To account for
such and similar uncertainties associated with assumptions/errors
in estimation/localisation algorithms (as well as any sensor and/or
actuator errors), uncertainty ellipses were introduced in the CP
calculation.

After the projected trajectory has been calculated, an uncertainty
ellipse is constructed for each point on the trajectory. The ellipses
have increasing axes lengths with each ahead sample in order to
account for motion uncertainty. While this always positive increase
might be considered too cautious in some instances (e.g., driv-
ing parallel with an obstacle/wall), we believe it is a prudent
step since, in general, such situations where robots drive perfectly
parallel with an obstacle are not too common. Also, with the appro-
priate selection of the initial ellipse dimensions as well as their
increments (in respect to the distance used in NN obstacle avoid-
ance training) this should not pose a serious limitation on robot
performance (i.e., robot trajectory might be slightly longer, but
the final objective would still be achieved). Ellipses’ initial axes
lengths and increments were determined experimentally but may
change if the situation warrants it. For example, during the test-
ing with Turtlebot 2 mobile robot, the following ellipse parame-
ters values were used: ainit = 0.3m, binit = 0.1m, aincr = 0.01m,
and bincr = 0.005m (note that the a axis is perpendicular to
the current robot orientation). This in turn (after 2 sec ahead in
time projection, as explained later on) gives an ellipse with max-
imum dimensions of amax = 0.5m and bmax = 0.2m (keep
in mind that the robot base dimensions are of 0.36m diameter).
One possible improvement is to adaptively (on-line) adjust these
parameters. However, it should be noted that although in the work
two mobile robot platforms with very different footprints (both in
size and in shape) have been used (please see Section 3 for more
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details), only a limited number of parameters related to mediation
were adjusted. Also, LiDAR readings were adjusted in order to bet-
ter accommodated for LiDAR placement on the robot, as will be
explained in more detail in Section 3. An example of an estimated
robot trajectory including uncertainty ellipses is shown in Figure 2.
Please note that in the figure, for clarity reasons, not all ellipses are
included. It should be noted that the time horizon was incorporated
into the approach at two places (for different reasons): once through
increasing uncertainty ellipses dimensions, and once during CP cal-
culation (as will be explained in a more detail below). However this
was done in a different manner. For ellipses it was more of a binary
type decision (i.e., thresholding for improved computational effi-
ciency), while for CP the points that passed the time horizon thresh-
old were used for a more precise (fine grained) calculation of their
contribution to final CP.

Once estimated trajectory and uncertainty ellipses are constructed,
in the next step, each ellipse is examined in order to find if any
(parts) of obstacles (i.e., LiDAR points) are located within it. If they
are, the ellipse is considered further or is otherwise discarded. Then,
for each remaining ellipse, a CP is estimated using a sigmoid func-
tion with variable parameters (depending on distance to obstacle
and distance in estimation time horizon). An example of sigmoid
functions is included in Figure 2.

The general sigmoid function that was used in the work for calcu-
lation of CP for time instance i and in relation to obstacle j is of a
form:

pCOL(i,j) =
1

1 + e–a(i–c)
(3)

where a is a constant representing ellipse longer axis (and the
one perpendicular to current motion direction), i ∈ [1, 20] is
the time instance for which the sigmoid/CP is calculated, and
c = 1

√
(
xO – xi,R

)2 + (
yO – yi,R

)2 is the distance between the j-th

obstacle and estimated robot pose at time instance i. Please note the
following: 1) The maximum value a sigmoid function (i.e., CP) can
obtain is 1.0 (i.e., 100%). The function value is plotted/calculated
for 20 time instance interval, but only the value at i-th instance is
taken into account for CPi calculation., 2) Parameter a has a nega-
tive sign making the function open to the left. This parameter also

Figure 2 An example of collision probability (CP) calculation
based on Light Detection and Ranging (LiDAR) data.

defines the slope of the sigmoid (higher values give a steeper slope
and vice versa)., 3) The term in round brackets (i – c) for a constant
a defines the rate of convergence of end parts of the function (e.g.,
see dotted and full line plots in Figure 2). In this manner, the shape
of the sigmoid function (and consequently the value of the CP) is
adaptively changed to accommodate longer time horizon in estima-
tion (time variable) and proximity to obstacles (distance variable).
This adaptive change in sigmoid function is depicted in Figure 2
alongside with related ellipses and robot’s trajectory., and 4) In this
manner, a maximum of 20 ∗ j CPs are calculated. If no CP is calcu-
lated (i.e., there are no obstacles) its value is considered to be 0.

Finally, when all CP values are calculated, the highest CP is kept
for that time instance. It is then used for the mediator block as
the decision variable (pCOL) in the fuzzy set theory. Membership
function was constructed in the manner depicted in Figure 3 and
included five possible memberships: no avoidance (NA), light avoid-
ance (LA), balanced avoidance (BA), strong avoidance (SA), and full
avoidance (FA). Thus, based on calculated CP for time instance i
(pCOL,i), probabilities of belonging to each of the membership sets
are calculated.

Each of previously mentioned sets has its own control shift factor
associated with it, which is then used to compute final output: 0,
0.25, 0.5, 0.75, and 1, respectively. This implies that the used medi-
ation had a linear mediation engine, but other mediation engines
(like exponential ones) can be used as is pointed out in Ref. [18].
Thus, the shift percentage is computed as

SPi = SPNA ∗ 𝜇NA,i + SPLA ∗ 𝜇LA,i + SPBA ∗ 𝜇BA,i +
+ SPSA ∗ 𝜇SA,i + SPFA ∗ 𝜇FA,i

(4)

where𝜇i is set membership function for the respective group at time
instance i, and SPi is a shift percentage for the particular set. Then
the value of calculated SPi is used as the threshold in equation

𝜁i = {𝜁i–1 + 0.35, SPi ≥ 0.2
𝜁i–1 – 0.15, SPi < 0.2
𝜁 ∈ [0, 1]

(5)

where 𝜁i is mediation coefficient used for calculation of mediated
linear and angular velocities at time instance i, using equation

vi = vA,i𝜁 + vN,i
(
1 – 𝜁

)
𝜔i = 𝜔A,i𝜁 + 𝜔N,i

(
1 – 𝜁

)
.

(6)

It was observed during the experimentation that coefficients used in
Equation (5) dominantly depend on robots maximal allowed linear
and angular velocities (and not the robot itself, although robot foot-
print was taken into account with LiDAR adjustments as described

Figure 3 The fuzzy set membership
function used in the calculation of
mediation coefficient 𝜁.
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previously). As a side note, please note that in Equation (5), cal-
culated CP value could potentially be directly used for threshold-
ing (circumventing fuzzy set approach), but in practical testing this
proved to be too sensitive to estimated trajectory changes (uncer-
tainties). Additionally, since CP does not need to be used as a deci-
sion variable (e.g., when a different task is considered) removing
fuzzy set would reduce generality of the proposed approach, as well
as possibility of using nonlinear control shift functions.

In Equation (6) vi is mediated linear velocity at time i,𝜔i is mediated
angular velocity at time i, vA,i, and vN,i are linear velocities coming
from obstacle avoidance and navigation controllers, respectively,
𝜔A,i and 𝜔N,i are angular velocities coming from obstacle avoid-
ance and navigation controller, respectively (all for time instance i).
The values of 𝜁i were then low-pass filtered in order to avoid sud-
den changes. It should be noted that in the current experiments
calculated linear velocity vi was not directly sent to the motor con-
troller but was rather used for input to simple non-linearity which
produced two values at its output: slow (0.1 m/s) or fast (0.2 m/s)
velocity. In Equation (5) increase and decrease coefficients were
determined experimentally and were chosen such that the media-
tion swings towards obstacle avoidance more quickly than it returns
to navigation since obstacle avoidance had higher priority.

Here we demonstrate the whole calculation procedure on a sim-
ple example. Lets assume that the robot is going toward the goal
point with linear velocity of vi = 0.2 m/s and with angular veloc-
ity of 𝜔i = 0.8 rad/s. At certain point in time (i), the robot starts
to get close to an obstacle, thus the CP parameter starts to change
and has a value of pCOL,i = 0.65. Based on Figure 3 the fuzzy set
membership functions would be: 𝜇NA,i = 0, 𝜇LA,i = 0, 𝜇BA,i =
0.5, 𝜇SA,i = 0.5, and 𝜇OA,i = 0, thus the shift percentage SPi
(Equation (5)) would be 0.625. This would in turn result in increase
of mediation coefficient 𝜁i–1 from 0 (i.e., the robot was only navi-
gating and did not sense any obstacle in its way) to a new value of
𝜁i = 0.35. If we assume that the outputs from navigation controller
are vN,i = 0.2 m/s and𝜔N,i = 0 rad/s, and from obstacle avoidance
vA,i = 0.2 m/s and𝜔A,i = –2 rad/s, then based on Equation (6) the
mediated outputs would be vi = 0.2 m/s (not taking into account
the above mentioned threshold) and 𝜔i = –0.18 rad/s. From the
example the main idea of the work can be seen. Namely, since the
CP is detected (based on current linear and angular velocity which
in this case are 0.2 m/s and 0.8 rad/s), the mediation mechanism
now takes into account the obstacle avoidance controller and shifts
the control values in its favor (for angular velocity from 0.8 rad/s
to –0.18 rad/s). If the CP still persisted then this move would in
the next time instance (i + 1) be even more in the favor of obstacle
avoidance algorithm, but if not it would slowly return control to the
navigation controller.

3. EXPERIMENTAL SETUP

The experimental verification and testing of the proposed
approach consisted of three main parts: simulation-based one
(Subsection 3.1), real-world-based one (Subsection 3.2), and
application-specific one (Subsection 3.3). The main idea behind
each of them was as follows. The goal of simulation experiment
was to initially verify the functioning and viability of the proposed
approach, while the goal of the real-world experiment was to build-
upon simulation experiment and demonstrate that the approach
is valid on real robots with different footprints and in different

(realistic) situations. Finally, the application-specific testing had
the goal of demonstrating that the proposed approach could be of
practical use for solving or at least minimizing some of the real-
world problems (teleoperation was chosen as one such problem).
In all three cases, NNs used for the obstacle avoidance (as described
in more detail in Section 2) were trained and deployed using
TensorFlow open source machine learning framework (on top of
Keras). Same machine learning framework was used for training
and deploying NN navigation controller. These networks, along
with other controller(s), mediation and all other algorithms were
deployed in ROS environment which enabled us (in some cases)
to run the system in a distributed manner (i.e., NN was running
on a separate computer due to hardware requirements related to
TensorFlow).

3.1. Simulation

Simulation experiments were carried out in Gazebo 7 simulation
environment. A random environment was generated during this
test, with randomly distributed obstacles of different shapes (cylin-
der of 0.5 m diameter and cube with a side length of 0.5 m).
An example of the simulation environment used for testing is
depicted in Figure 4. Please note that the overlap of obstacles was
permitted.

The random environment generated during the testing had a fixed
size (defined by a perimeter wall) of 25x25m, and a fixed number of
obstacles within it (24, out of which 12 were cylinders and 12 were
cubes). This number of obstacles was chosen since it provided a
sufficiently challenging environment (in our view), while not being
too cluttered (please keep in mind the focus of the research was
the fuzzy mediation algorithm and not the obstacle avoidance). Fif-
teen runs were executed in the environment for each navigation/ob-
stacle avoidance controller pair giving in total 30 simulation runs.
In each run, the robot started from the same position (center of
the environment) and with the same orientation (looking down in
Figure 4), and had to navigate to a random point without the
map. No time limit was given, and trajectory and outcome (suc-
cess/crash) were recorded. Results of this experiment are reported
in Section 4.1.

3.2. Simple Real-World Scenarios

Real-world experiments were carried in the indoor environment
at Faculty of Electrical Engineering, Mechanical Engineering, and
Naval Architecture, University of Split. During the experiments,
two mobile robot platforms with very different footprints and char-
acteristics were used: customized Turtlebot 2 depicted in Figure 5,

Figure 4 Example of Gazebo simulation
environment used for initial testing of the
proposed approach.  Pdf_Folio:1203
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and a custom-built mobile platform intended to be used as an auto-
mated pallet carrier depicted in Figure 6. Please note that in the
case of a custom-built robot raw LiDAR data was not fed to the NN
obstacle avoidance but rather an adjusted one. The adjustment was
achieved by simply adding/subtracting from the measured distance
(in an on-line manner) which took into account robot footprint and
sensor placement within it, so to be in line with the one used for
NN training. If training was achieved with a different/actual foot-
print this step would not be needed, but nevertheless, it shows how
the approach can be expanded to work with different robots.

The main idea behind the use of such different mobile bases was
to demonstrate the effectiveness and generalization of our media-
tion approach. This was important, since a number of parameters
are needed for the approach (as described in Section 2), and the
question of generality (i.e., the need for fine-tuning them) naturally
arises. As will be discussed later on in Section 4.2 it was found it is
sufficient to fine-tune only two parameters (related to uncertainty
ellipses) to ensure the desired behavior of the mobile robot. Fine-
tuning other parameters could possibly improve the performance,
but optimisation was not in the research focus.

Next, two main test scenarios were devised for each of the mobile
bases. First, for the Turtlebot 2, the experiments consisted of three
distinct navigation and obstacle avoidance tasks. In all three cases,

Figure 5 Overview of customized Turtlebot 2 mobile
robot platform. Please note that the robot (with the
battery) weights around 10 kg.

Figure 6 Overview of a custom-built
robot platform (the robot was built by
our partner Statim d.o.o.). Please note
that the robot has a weight of about
100 kg.

three setups were used: proposed approach with NN navigation
and with P controller navigation (both with NN-based obstacle
avoidance), as well as default ROS navigation stack with DWA as a
baseline method. First two tasks were conducted in an environ-
ment augmented with Z- and U-shaped (convex dead-end) obsta-
cles. Five instances of these tasks were run per each setup (15 in
total). The last task was navigation in a large real-world environ-
ment with two distinct navigation goals—2 examples) and it was
run once per each setup (6 runs in total). The real-world environ-
ment was the fourth floor at the Faculty building. For the custom-
built robot, exactly the same test cases (namely Z- and U- shaped
tests) could not be used due to its larger size. Thus the testing was
slightly modified. Firstly, a test course was constructed (as depicted
in Figure 12a) within which the robot had to reach (from the
same starting position and orientation) three different goal points
(final orientation was not important). Since three setups were used
(NN-based navigation and P-type controller—both with NN-based
obstacle avoidance, as well as ROS navigation stack), 9 test runs
were recorded. The distance between the starting point and goal
point ranged from about 10m to about 16m (measured in a straight
line). Next, the same larger environment for real-life testing that
was used for Turtlebot 2 was also used here (with the same goal
points, with the only exception that the goal circle was enlarged so
that the robot could more easily meet termination condition). Dur-
ing this testing we also introduced simplified path planning and
line following algorithm (as a fourth test case) so that three addi-
tional way-points could be given to the algorithm and they were
connected with straight lines (running through walls) as can be seen
in Figure 11 (X-type marker in lower right corner of the figure and
associated dashed straight line). This test was introduced to test if
the approach could be integrated with a simplified path planning
algorithm within an arbitrary navigation approach and to test if the
addition of way-points could improve the performance of mediated
navigation. Results obtained for all abovementioned cases are pre-
sented in Section 4.2.

3.3. Teleoperation Scenario

The purpose of the final test was to demonstrate the practical appli-
cability of the proposed approach. Thus a simple teleoperation sce-
nario was envisaged in which users had to avoid a single obstacle
and reach a goal point. Teleoperation was chosen since it lends itself
as a natural testing ground for automatic obstacle avoidance and
human–robot interaction approaches. An overview of this simple
experimental setup is depicted in Figure 7.

Total of 9 test subjects (3 females and 6 males) participated in the
mini-study. The mean age of test subjects was 32.78 with the stan-
dard deviation of ±10.52 years. The test subjects were students and
staff of the Faculty (please note that none of the staff was involved
in the development of the experiment). Out of all test subjects, four
(44%) had some previous experience with teleoperation. Test sub-
jects were informed about the goal of the study as well as a remote
controller setup used for controlling the robot. The test subjects
were placed in a different room than a mobile robot (as depicted in
Figure 7) and the only feedback they had from a robot was a video
stream coming from the camera mounted on a mobile base system
(Manhattan Webcam 500, having 55∘ horizontal viewing angle, and
running in 25 fps with resolution set to 680 × 480). The camera
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Figure 7 Overview of a simple teleoperation scenario used in the experiment.

was positioned in such a manner that the area near the front of the
mobile base was not visible. This was done in order to simulate the
lack of situational awareness during teleoperation. The robot was
running the proposed mediation algorithm, in which NN-based
obstacle avoidance was one input to the mediator and human con-
troller input the other one. Thus, if the user was too close to an
obstacle the NN-based avoidance would gradually (depending on
CP value) take over the control, steer it from danger and (gradu-
ally) give back the control to the user. Users were informed that
two cases would occur (in random order): no unplanned obstacles
case and unplanned obstacles case (thrown in front of the mobile
robot by a second experimenter in such a manner that it cannot
easily be seen by the camera). This procedure was repeated sev-
eral times, and collision/no-collisions events recorded. Also, at the
end of the test runs each user had to fill out a simple questionnaire
(and share her/his experience in a free-form interview) with the fol-
lowing questions (other questions not reported here pertained to
demographics):

1. Did you feel in full control during the teleoperation?

2. Do you feel that automatic obstacle avoidance through media-
tion helped you during teleoperation?

3. Was completing the required task easier with or without the
mediation?

Answers for the first two questions were on a Likert-like scale
with three labelled answers (e.g., “Strongly agree,” “Neutral,” and
“Strongly disagree”) and the continuous line between them. The
users had to mark a place on the line which best matched their
response. This, in turn, enabled us to obtain continuous variable
data from the responses. Please note that the users were not allowed
to practice the mediated teleoperation so that they would not get
accustomed to it. They were, however, free to test the remote con-
troller and video feedback. Results for this experiment are presented
in Section 4.3.

4. RESULTS AND DISCUSSION

The results reported throughout Section 4 are summarized in
Table 1 for easier reading. They will be explained in more detail in
the following subsections. Please note the bottom row pertaining to
total distance covered during reported testing, as well as the time
and number of instances tested. This is indicative of the extent to
which the proposed approach was tested (keep in mind when inter-
preting the results this was all indoor testing).

4.1. Simulation

Example trajectories (random 10 out of 15 for both test cases)
obtained in the simulation are presented in Figure 8.

It is worth noting that for NN-based navigation controller the
mobile base never crashed, while for the P-type based navigation
controller in four cases (26%) crash occurred. Observing the robot
behavior during the experiment, it was concluded this was mainly
due to the “aggressive” nature of the P-type controller (especially in
rotation) which tries to get to the goal point in a straight line (while
NN-based navigation tries to do the same but with a slightly arched
trajectory). This then makes it hard for NN-based obstacle avoid-
ance to recover (or even results in LiDAR failure due to an obstacle
being too close). However, additional parameters, like goal points
too close to the obstacles or in physically unreachable cases might
have, in certain cases, contributed to the crash event.

Looking at the presented trajectories in Figure 8 several interest-
ing observations can be made. First, it is clear that P-type controller
results in a more direct approach to the goal (i.e., “aggressive” nature
mentioned before), while the NN-based navigation takes a more
circular trajectory even when the goal is in the line of sight with
no obstacles in-between. From Figure 8a  it can also be observed
that when the goal is too close to the obstacle (trajectory with the
dark dashed line and circle goal marker) the robot might not reach
its intended goal (since mediation algorithm switches it to obstacle
avoidance). Some improvement might be possible here if adaptive
CP calculation is employed using remaining distance to the goal as
well as adaptive robot speed (but obviously there is a limit to this
approach). Next, when the goal is placed within the obstacle (espe-
cially if it is within a corner type environment - dark full line tra-
jectory with pentagram goal marker) the crash is inevitable since
the obstacle avoidance does not react appropriately (there is no
stop-and-turn in-place mechanism). This, however, does not in our
view represent the failure of the proposed fuzzy mediation approach
(since it worked as intended) but highlights shortcomings of the
developed obstacle avoidance approach (and ways of improving it,
e.g., in-place rotation). Finally, if the target is close to the obsta-
cle, but still far enough so that obstacle avoidance is not activated
(dark full line trajectory with full circle goal marker), it might take a
while for a robot to reach the goal (switching several times between
navigation and obstacle avoidance controller - note the end part
of the trajectory), but it will reach it. Looking more closely at the
Figure. 8b it can be seen once more that the robot does not take
the most direct route in NN-based navigation and that obstacles
sometimes interfere with the navigation (i.e., trigger the obstacle
avoidance) as depicted by dark full line trajectory with asterisk goal
marker and dark dotted trajectory with x goal marker. This extends
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Table 1 Summary of experimental results.

Env. Robot Scenario Controller setupa ADT ± STD [m] ATT ± STD [s] Trials

Simulation Turtlebot 2 Obstacle course NN/NN 13.08 ± 4.3 68.8 ± 18.87 15 each
NN/P 7.44 ± 3.32 38.4 ±16.15     
NN/NN 8.75 ± 1.89 43.76 ± 1.94

Z-shaped obstacle NN/P 8.20 ± 0.17 46.32 ± 1.62 5 each
DWA/ROS 9.80 ± 2.77 37.91 ± 8.18
NN/NN 12.25 ± 0.69 69.15 ± 3.75

Turtlebot 2 U-shaped obstacle NN/P 12.66 ± 1.12 73.06 ± 6.57 5 each
DWA/ROS 7.64±1.80 39.61 ± 30.73
NN/NN 51.11 ± 14.55 316.78 ± 29.32

Real-world Navigation NN/P 75.76 ± 10.92 466.55 ± 18.68 2 each
DWA/ROS 47.41 ± 12.78 245.50 ± 70.80
NN/NN 13.37 ± 2.89 73 ± 13.11

Obstacle course NN/P 12.39 ± 3.10 68.33 ± 17.21 3 each
DWA/ROS 13.93 ± 1.79 110.33 ± 11.50

Custom built NN/NN 47.55 ± 15.95 301.5 ± 112.43
Navigation NN/P 53.11 ± 14.98 403.60 ± 60.81 2 each

DWA/ROS 47.51 ± 7.82 223.5 ± 19.09
NN/line following 49.31 ± 20.41 288 ± 93.34
TOTAL 1,466.78 (78.27%b) 8,401.29 (80.28%b) 83 (79.52%b)

Env. = Environment; ADT = Average Distance Travelled; ATT = Average Time Taken; STD = Standard Deviation; DWA= Dynamic Window Approach; NN =neural network; ROS = Robot
Operating System.
(a) obstacle avoidance controller type / navigation controller type. (b) percentage of total value recorded during testing of the proposed method (i.e., not including the baseline method).

Figure 8 Trajectories acquired during testing mediation in a simulation environment using Turtlebot
2 model. Please note that goal points are marked with different symbols.

distance travelled, but the robot ultimately reaches its goal, even
when the goal point is close to the obstacle (trajectories with a full
dark line and triangle end marker and full dark line with square end
marker).

Despite several crashes, and based on the above discussion, we con-
cluded that the proposed fuzzy mediation algorithm is a viable algo-
rithm and it performed as expected in the simulation. Thus, we were
encouraged to deploy it in real-world scenarios and on real mobile
robots. It should be noted that during the transfer no additional
re-training of the NNs was performed (i.e., they were fully trained
in simulation).

4.2. Simple Real-World Scenarios

As was explained in Section 3.2 first real-world testing was car-
ried out using modified Turtlebot 2 mobile robot in case of Z- and
U-shaped obstacles. Example of obtained trajectories for one

random case per setup can be seen in Figure 9 along with associ-
ated CP and mediation coefficients.

The figure shows that for all three used setups the robot reached
goal area (there is a small error for DWA end position, but we con-
tribute this to AMCL/encoder related issues in the recorded data,
since the physical robot reached the target). As expected, DWA
reached the goal in a more direct trajectory in both cases, while
the proposed approach had a few direction changes due to the
fusion of navigation and obstacle avoidance parts. Here, again a
more “aggressive” nature of the P-type controller is seen: there are
more direction changes in its trajectory than in a case of NN driven
navigation which is smoother. However, in all particular cases, the
proposed mediation algorithm performed as expected, enabling the
robot to execute a simple navigation task.

It is interesting to note that DWA also had some issues with
U-shaped obstacles. This resulted in longer navigation run than in
both setups for the proposed approach (94.93 s versus 62.94 andPdf_Folio:1206
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67.36 s for NN and P setup, respectively). Completion times for
Z-shaped obstacle were similar for all three setups (DWA: 41.63 s,
NN: 39.06 s, and P: 41.27 s, for this particular example). However,
on average ROS/DWA was the fastest method in all cases, but not
always the one with the shortest distance travelled (please see
Table 1). In all experimental runs except one (for U-shaped obsta-
cle) robot went to the left of the obstacle to complete the course. In
that one case, the robot went to the right of the obstacle and into
the narrow space (1.4 m) between the wall and the obstacle. This
resulted in the longer run (102.32 s) with more direction changes
due to the fact that during the entire run, control was dominated by
obstacle avoidance. These tests in our view demonstrated that the
proposed approach can be applied even in more demanding cases
like U-shape obstacle (but with certain limitations).

The change in CP and 𝜁 parameter values for both test cases (where
mediation was used) from the example in Figure 9, can be seen in
(b) and (d) parts of the figure. Please note that the value of 1 for
parameter 𝜁 means that the robot is in full obstacle avoidance mode,
and 0 that it is in pure navigation mode. All the values in between
mean that the mediation approach is taking into account both
the navigation and obstacle avoidance controller (in appropriate
proportion).

Next, a more demanding navigation task was used for the Trutle-
bot 2 robot. Examples of the obtained trajectories (for two differ-
ent goal points) are depicted in Figure 10. Please note that although
obtained trajectories are plotted on the map, the robot itself does
not have access to the map in the proposed approach (but does have
it, without the obstacles, for ROS/DWA case). In essence, the robot
path planning is a straight line, going from start to the goal position
in the proposed approach. From the figure, it can be observed that
robot successfully reached given goals in all cases, with ROS/DWA
again having a more direct route which is reflected in completion

Figure 9  Examples of simple navigation task results with U-
and Z-shaped obstacles.  

times in Table 1. The main reason for this is that (upper) corridor in
which robot had to enter was narrow (1.8m) and resulted in activa-
tion of obstacle avoidance part which turns the robot away from it if
approach angle was not appropriate. It is also evident that trajecto-
ries obtained using NN-based navigation controller resulted (again)
in smoother trajectory, compared to ones with P-type controller
which was a consequence of the fact that P-type controller was too
direct (i.e., aggressive) in trying to reach the goal. In terms of speed,
that is, completion time, the following results were obtained: 295.56
and 195.44 s for DWA case, 337.51 and 296.05 s for NN case, and
finally 479.76 and 453.34 s for P case. It should be noted that for
certain start-goal point configurations robot would get stuck at cer-
tain areas in space, switching constantly between obstacle avoid-
ance and navigation. A similar effect was reported in Ref. [20], and
could potentially be reduced/eliminated by insertion of several way-
points.

In the next stage of testing a larger (custom built) robot with differ-
ent footprint was used. It was first tested on a larger obstacle course
where it had to go from start to a goal position. The experimental
setup and the obtained trajectories are presented in Figure 12 and
results summarized in Table 1.

From the results, it can be seen that the robot successfully (i.e., with-
out the crash) completed the task in all test cases (please note again
that in mediation cases the robot did not have access to the map,
while for ROS/DWA it had but without obstacles in it). As in all
cases before, the ROS/DWA seems to have a more direct trajectory.
This is however misleading since this approach had, in all cases,
number of in-place turns (which are not visible in the figure, but are
reflected in time results in Table 1) and even some backward driv-
ing (as seen in the figure as a bottom dotted dark line trajectory).
This is confirmed when completion times are examined (for goal
points from top to bottom): NN navigation had times of 59 s, 75 s,
and 85 s, P-type navigation controller had times of 49 s, 74 s, and
82 s, while ROS navigation stack had times of 99 s, 122 s, and 110 s,
respectively. Looking at times it can be concluded that due to more
direct approach P-type controller had the fastest times and shorter

Figure 10 Examples of navigation trajectories for a
realistic environment. A map depicts part of the 4th
floor at authors’ home institution (overlaid over robot
generated map using Robot Operating System
[ROS] gmapping package).

Pdf_Folio:1207



1208 J. Musić et al. / International Journal of Computational Intelligence Systems 12(2) 1197–1211

distance travelled (Table 1). Regardless of achieved times the pro-
posed fuzzy mediation algorithm performed as intended, mediating
between two distinct robot behaviors. Please note that improved/-
faster performance might be achieved if numerous ROS/DWA nav-
igation stack parameters are better tuned. During our experiments,
we had to tune four DWA parameters in order to get the algo-
rithm to work properly with the robot. For the proposed approach,
on the other hand, the only parameters that were changed (along-
side adjusted footprint) compared to the Turtlebot 2 case were
the dimensions of uncertainty ellipses’ (they were increased due to
increased dimensions of the robot).

As the final test, a more complex navigation task with the custom-
built robot was introduced. The environment was the same as in
the complex navigation task of Turtlebot 2. Obtained results are
depicted in Figure 11.

From the trajectories presented in the figure, it is clear that in all
cases the robot successfully completed the given task. However,
the manner in which it was completed was slightly different, espe-
cially for the P-type navigation controller. To be more precise, the
mobile robot, in that case, took numerous direction corrections (as
can be seen best from thin solid dark line trajectory) due to the
fact that it aggressively changed its direction, and due to robot’s
larger dimensions in relation to corridor width, thus often engaged
obstacle avoidance. This behavior was not detected in the case of
NN-based navigation, where the trajectory was smoother. It should
be noted that even ROS navigation stack with DWA had several
in turn rotations when coming into the narrow corridors. If com-
pletion times are examined the following values are obtained (to
the first and the second goal point respectively). The P-type con-
troller finished the course in 446 s and 360 s, while the NN-based
navigation approach finished it in 381 s and 222 s. On the other
hand, our simple/custom line path planning and line following
algorithm (with three way-points going through the walls) finished
the course in 354 s and 222 s, and ROS based navigation stack

Figure 11 Examples of navigation trajectories for a
realistic environment using a custom-built mobile robot
platform. A map depicts part of the 4th floor at authors’
home institution (overlaid over robot generated map
using Robot Operating System [ROS] gmapping
package).

with DWA in 210 s and 237 s. Again, as before it should be noted
that better performance could be achieved by parameter optimisa-
tion of ROS/DWA method as well as our approach, but that was
not the aim of the research. From the completion times for the
P-type controller, the effect of numerous rotations and direction
corrections are evident, having the slowest time in both cases (by a
large margin). The remaining three approaches demonstrated com-
parable performance in the case of the second goal point (right
part of the figure), while for the first goal point, ROS/DWA based
approach was the fastest. Also, it was noted that adding way-points,
in general, decreased completion time and helped the proposed
algorithm to deal with harder situations (like convex dead-end
obstacle). Regardless of these times, the performance demonstrated
that the fuzzy mediation-based approach can produce good and
reliable results even when a larger robot is used in a realistic envi-
ronment, especially with the addition of several way-points.

4.3. Teleoperation Scenario

During the application-based testing, users in all test cases suc-
cessfully completed the given task. In 100% of cases with surprise
obstacle the mediation algorithm activated the NN-based obstacle
avoidance, while in 47% of cases with no surprise obstacles the fuzzy
mediation activated obstacle avoidance. This, in our view, high-
lights the need for inclusion of such a safety mechanism (possibly
fine-tuned by a teleoperator) in teleoperation, since with even one
large obstacle (as was the case here) users did not manage to com-
plete the task without the danger of damaging either the robot or
the obstacle. It should, however, be noted that in 23% of all cases
when mediator transferred the control to obstacle avoidance, the
robot did not hit the obstacle but did slightly brush against it. This
is an indication that additional work is needed in adaptive mediator
parameter adjustment as well as improving the obstacle avoidance
algorithm (possibly training it to react at larger distances than 1 m,
as was the case and/or implementing in-place rotation). Another
worthwhile remark, recorded during test subjects’ post measure-
ment interviews, is that test subject were not always sure (especially
in cases when control was not fully transferred to obstacle avoid-
ance) if the robot is in obstacle avoidance or is it simply an issue
in communication/lag. Thus they suggested including a graphical
user interface (or even tactile feedback) indicating when and how
strongly did fuzzy mediator transfer control to obstacle avoidance
(or any other controller for that matter).

Looking at the responses for the first two questions of the mini-
survey which test subject completed after finishing the experiment,
the following results were obtained. For the question Did you feel in
full control during the teleoperation? the mean response had a value
of 66.4 with standard deviation of 11.0 (where 0 represents “I was
not in a full control.” response, and 100 “I was in a full control.”
response, while 50 represented neutral response). For the ques-
tion Do you feel that automatic obstacle avoidance through medi-
ation helped you during teleoperation? the mean response had a
value of 66.0with a standard deviation of 15.1 (where 0 represented
“I strongly feel it did not.” response, and 100 “It strongly feel it
did.” response, while 50 represented neutral response). Finally for
the third question Was completing the required task easier with or
without the mediation? 8 out of 9 test subjects (89%) felt that the
task completion was easier with the mediation.
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Figure 12 Experimental measurement with the custom-built robot on an obstacle
course.

Based on the obtained results from the mini-study we can con-
clude that in general users found the approach to be helpful and
felt that they were in the control of a robot (results which might
have been slightly better if feedback about mediation status was
provided). However, due to the small sample size used and simple
tasks given, further analysis is needed to make definite conclusions
on the impact of the fuzzy mediation in the teleoperation scenario.
Nevertheless, the results are encouraging and they demonstrate the
viability of the proposed fuzzy mediation approach in practical real-
world problems.

5. CONCLUSIONS

The paper presents an idea of fuzzy-based mediation for (simple)
mobile robot navigation tasks and implements it on a couple of real
robots. It combines the outputs of two controllers, one dedicated to
navigation to the goal point and the other for obstacle avoidance, to
the final output which is (in general) a combination of the outputs
of the two controllers. The approach is thoroughly tested, both in
simulation and in real-world scenarios, using two mobile robots of
different architecture, footprint sizes and shapes.

While it was previously shown that NN can be used to solve robot
navigation task and obstacle avoidance task separately, the exper-
iments in the paper demonstrate that the problem can be broken
down into task primitives (with or without the use of NNs) with the
application of adaptive fuzzy mediation, thus adapting robot behav-
ior. The NN ensembles approach for fusing the output of two or
more NNs has been demonstrated before, but what the proposed
approach enables is a more transparent manner in which this is

done and which can be fine-tuned intuitively to adaptively change.
Also, it is not limited only to NN-based controllers, but other con-
trollers like PID controller can be used. In this manner, more com-
plex behavior can be achieved by combining task primitives while
enabling modularity, that is, controllers addressing certain task can
be changed, without influencing other task controllers.

Obtained results demonstrate that the inclusion of different types of
controllers (while keeping the mediation mechanism unchanged)
is possible, which opens up additional possibilities for adaptation
and optimisation. Although results show good performance (espe-
cially in realistic tasks), comparison to a baseline method shows
some differences (in general slower completion time and longer dis-
tance travelled, although there were some cases where the proposed
approach was on average faster and with shorter trajectory length),
but overall performance is satisfactory (and without any human
intervention). However, there are some issues that should be noted.
First, there were situations (in terms of obstacle shape and relative
start-goal relation) with the proposed approach which resulted in
robot getting stuck in the infinite loop type behavior (e.g., if the
robot is placed deep inside U-shape obstacle and needs to go to start
point as its goal point as depicted in Figure 9). This issue with a sim-
ilar approach was also noted in Ref. [20]. We believe this could be
addressed with RL or inclusion of automatically generated virtual
way-points in cases when looping is detected. The second thing to
note is that there were more crashes with the proposed approach
than with the baseline algorithm (ROS/DWA). While this is cer-
tainly undesired behavior, it happened in a subset of events where
the proposed fuzzy mediation worked as expected, but NN-based
obstacle avoidance was simply not up to the task. The issue could
be resolved, or at least reduced, by a better trained NN obstacle
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avoidance controller (or other type of controller) or by fine-tuning
the mediator algorithm (e.g., faster hand-off to the obstacle avoid-
ance, or CP calculation further in time although this would have a
limited effect since the hand-off would be made earlier, but current
NN would not react in time since it was trained for 1 m distance).
Thirdly, some minor parameter tuning had to be done after trans-
ferring the algorithm to a mobile robot with a different footprint,
but the same had to be done for a baseline algorithm (ROS/DWA) as
well. This could also be potentially addressed by an adaptive change
of parameters, but we believe that ultimately certain engagement by
a human operator in the tuning process will still be needed.

The possible improvements (and our future research directions)
include the following: adaptive change of algorithm’s parameters
based on robot footprint and sensor placement, inclusion of better
trained NNs and/or NNs with different architecture like RNNs, NNs
capable of reliably avoiding dynamic obstacles, fuzzy set approach
in obstacle avoidance NNs for switching between left and right
turns, testing with nonlinear mediation engines, inclusion of other
types of controllers as well as testing with other task primitives,
developing the approach to accommodate more than two con-
trollers, and testing on additional robots and in more complex
teleoperation scenarios. Finally, we plan to implement a simulation-
based tool for testing and fine-tuning parameter values used
in the approach for different environments, robot setups, and
requirements.
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