Danger recognition and visual aid for the monitoring
of wayfinding robots in obstacle avoidance scenarios
Sonny Glasius Polack
spolac13@student.aau.dk
School of information and communication technology
Aalborg University, Denmark

Viktor Schmuck
vschmu13@student.aau.dk
School of information and communication technology
Aalborg University, Denmark

Supervisor: David Meredith
Abstract
The course of action for object avoidance throughout the past 15 years has given
birth to new possibilities for indoor navigation in crowded areas. However, the gap
lies within perceiving and navigating the area in a safe manner. Robots are also
becoming a larger part in people’s everyday lives which provides a need for understanding the robots’ interactions. However, the gap lies within task management
and visualising the brains of a robot. We propose a solution for the recognition
of dangerous scenarios and an untested visual aid for comprehending robot reactions to input. We can conclude that our solution is programmatically accurate but
requires improvements to be applicable in a real life scenario.

On the note of mixed groups
Due to the project group consisting of people taking two diﬀerent specialisations, Sonny
Glasius Polack on Computer Graphics and Viktor Schmuck on Interaction, several parts
of the report were only written by one of the team members. The following list describes
this relation for sections which were not written together:
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• Sonny G. Polack – Sections: 2.2, 3.2, and 7.2
• Viktor Schmuck – Sections: 2.1, 3.1, 4.1, 5.1, 6.1, and 7.1

2

Contents
1 Introduction

5

2 Related Work

5

2.1

2.2

Automated Vehicle Navigation and Object Avoidance . . . . . . . . . . .

5

2.1.1

Sampling and training . . . . . . . . . . . . . . . . . . . . . . . .

6

2.1.2

Algorithm overview . . . . . . . . . . . . . . . . . . . . . . . . . .

7

2.1.3

Human-robot interaction . . . . . . . . . . . . . . . . . . . . . . .

11

Graphical User Interfaces for Artiﬁcial Intelligence and Robots . . . . . .

12

2.2.1

Control interfaces . . . . . . . . . . . . . . . . . . . . . . . . . . .

12

2.2.2

Visualising the thought process of artiﬁcial intelligence . . . . . .

13

3 Implementation
3.1

3.2

15

Danger Recognition and Avoidance Implementation . . . . . . . . . . . .

15

3.1.1

Full solution outline . . . . . . . . . . . . . . . . . . . . . . . . .

15

3.1.2

Final problem statement . . . . . . . . . . . . . . . . . . . . . . .

17

3.1.3

Requirements . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

17

3.1.4

Data collection . . . . . . . . . . . . . . . . . . . . . . . . . . . .

18

3.1.5

Danger recognition implementation . . . . . . . . . . . . . . . . .

24

Visualising Robot Interactions . . . . . . . . . . . . . . . . . . . . . . . .

25

3.2.1

Ideal solution . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

26

3.2.2

Final problem statement . . . . . . . . . . . . . . . . . . . . . . .

27

3.2.3

Iterations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

27

4 Evaluation
4.1

30

Testing of Danger Recognition . . . . . . . . . . . . . . . . . . . . . . . .

30

4.1.1

Programmatic evaluation . . . . . . . . . . . . . . . . . . . . . . .

30

4.1.2

Real-life evaluation . . . . . . . . . . . . . . . . . . . . . . . . . .

31

5 Results

32
3

5.1

Testing of danger recognition . . . . . . . . . . . . . . . . . . . . . . . .

6 Conclusion
6.1

32
33

Danger recognition . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

7 Discussion

33
34

7.1

Danger recognition improvements . . . . . . . . . . . . . . . . . . . . . .

34

7.2

Visualisation Tool Improvements . . . . . . . . . . . . . . . . . . . . . .

35

A Large figures

41

B Digital appendix

46

4

1

Introduction

Development in object avoidance in general allows a new option for the development of
wayﬁnding robots, which can be utilised in densely populated indoor environments. The
applications of such a solution could be used in hospitals or airports, where users could
follow a guidance robot. However, there is a gap between the perception of the environment and the navigation that has to be performed so it is optimal, safe for others in
the environment, and predictable for the users following and calculating their movements
based on the robot’s. Robots have undeniably become a bigger part of our everyday life,
and so has the need for visualising what they do, whether it is a professional wayﬁnding
robot or a robotic vacuum cleaner, especially for novel users. The current gap lies between using visualisation as a control device and portraying the thought process of the
robots. We propose to visualise inputs and monitor reactions of a robot for improving
the understanding for novel users.
We propose a system based on a simple wayﬁnding algorithm, with the extension
of continuously assessing the situation of the robot and performing programmatically
evolved avoidance policies when needed. From the outlined full solution, this report
documents the implementation and evaluation of the situation assessment solution, and
contain a solution where users are shown a robot’s POV with overlaid distance data, while
having security states available to relate current state to input data from laser distance
sensor. However the visual part of this project remains unevaluated.

2
2.1

Related Work
Automated Vehicle Navigation and Object Avoidance

This section describes the related work regarding the proposed techniques and improvements for the data collection and training phases of an object avoidance project. It goes
into detail on how a safer and more resourceful sample collection can be conducted for
such a project. Moreover, it describes the diﬀerent approaches for algorithms and practices implemented for solving the static or dynamic object avoidance problem. Lastly,
the considerations regarding human-robot interaction are also described.
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2.1.1

Sampling and training

This section describes how the techniques for training, data collection and assumptions
in this domain changed over time.
Nasrollahy and Javadi (2009) proposed an approach for creating a more eﬃcient path
planning algorithm which is also capable of avoiding obstacles in dynamic environments.
Even though their results showed that with the correct assignment of penalty values and a
good measurement of the status of an environment a better path can be calculated, their
assumptions limit the implementation. Firstly, in their implementation two obstacles
cannot have overlaps, and secondly, the robot is constantly aware of the position of all
obstacles in the area, which is usually not the case in a real-life pathﬁnding scenario.
A diﬀerent implementation was developed by Kim and Do (2012), which aimed for
using a single camera for obstacle detection and avoidance during a robot’s navigation.
Their block based motion estimation (BBME) showed that by splitting a camera feed into
blocks and performing classiﬁcation on the blocks, the obstacles can be distinguished
from the background of the view. Moreover, the identiﬁed obstacles’ motion vector
can be calculated with an algorithm that utilises a matching criterion called the sum of
absolute diﬀerences (SAD). Their implementation was mostly successful in identifying the
obstacles and their movement vectors, however it had limitations caused by the obstacles’
distance, colour and reﬂected light.
As for the data collection for the training of obstacle avoidance implementations,
Shrivastava et al. (2016) propose a concept with the utilisation of a standard approach,
bootstrapping. Bootstrapping means that the number of training samples is accumulated by ﬁrst conducting a general sample collection and then, after training, revisiting
scenarios where the training presents inaccurate results (e.g. false positives). In their
implementation, they used a ﬁxed model for ﬁnding examples and trained their model
on them. In the second phase, the model is set up to collect data in scenarios producing false positive results during evaluation, thus gathering “hard examples” which, based
on their evaluation, leads to improved training time and eﬃciency as well as continuous
improvements regarding the detection accuracy of the trained model.
Another aspect of data collection is the principle of keeping the robot safe while it
learns to avoid collisions. This can be achieved by introducing risk-awareness in the
data collection algorithm. Daftry et al. (2016) state that it is inevitable, even with a
high-accuracy model that the robot encounters scenarios it cannot handle. To solve this
problem, they propose the implementation of introspective behaviour, with which they
trained a drone (UAV) to avoid inevitable crashes and perform emergency manoeuvres
6

by detecting when the inputs of the drone will result in poor trajectory estimation. With
their implementation, they prevented several inevitable crashes and, just as proposed
by Shrivastava et al. (2016), made the drone collect additional training samples of the
ambiguous situations. Lastly, based on their evaluation results, they argue that the
introspective behaviour is performing better when it is monitoring uncertainty based
on raw sensory inputs rather than relying on the certainty values of trained classiﬁers.
Similarly, Kahn et al. (2017) propose a solution for making the real-life training of robots
safer while keeping their learning speed at an optimal level. Their solution enables robots
to drive or ﬂy at a higher speed during training, only preventing them from doing so if the
calculated conﬁdence value for a classiﬁcation is too low, in order to prevent high-speed
crashes. Their evaluation shows that in case of high certainty the robots were able to
learn avoidance strategies at a higher speed while in low certainty cases a “risk-averse”
strategy was chosen automatically by the robot.
Gandhi et al. (2017) describe a diﬀerent approach for dynamic object avoidance by
training deep neural networks on collected negative (collision involving) and positive
(collision free) ﬂying data. According to Gandhi et al. (2017), this approach eliminates
the gap between a safe simulated environment and a real-world one, while establishing
a controlled environment and utilising a robot prepared for collision. They gather data
from diﬀerent environments by ﬂying in randomly generated directions several times in
order to acquire video footage which can be used to classify safe and non-safe states
and to determine what the optimal avoidance action of the used drone should be. Their
solution is capable of navigating in clustered areas and narrow passages with both static
and dynamic obstacles.
Instead of collecting data from the real world, Sadeghi and Levine (2016) propose
a simulation-based data generation and model training approach. They use the raw
camera feed of a simulated 3D environment in order to train a collision predictor with
reinforcement learning. They argue that this enables the safe collection of data, while also
eliminating the limitations resulting from expert-based inverse reinforcement learning,
which aﬀects the diversity and quality of the collected data. Their evaluation shows that
the pure simulation-based implementation is able to perform as well as other end-to-end
learning methods.

2.1.2

Algorithm overview

This section describes what methods have been used for the implementation of object
avoidance models.
7

A solution for avoiding collisions while navigating is proposed by Minguez and Montano (2004). Their nearness diagram navigation is based on a perception-action ﬂow
process. The robot in this implementation is programmed to move towards a goal, while
after each performed movement it re-analyses the input data provided by sensors and
takes further actions based on these readings. Their model deﬁnes a set of scenarios
that have to be identiﬁed by the robot and deﬁnes a set of preprogrammed actions the
robot has to take upon classifying a scenario in order to reach its goal. Based on their
evaluation, the robot was able to ﬁnd a short path to its goal while being able to handle
object avoidance and navigation in both wide and narrow areas.
A diﬀerent approach, as presented by Large et al. (2005) uses an A* algorithm for the
navigation of a robot, while utilising a nonlinear velocity obstacle (NLVO) algorithm for
predicting the future position of dynamic obstacles and identify those which would collide
with the robot. Based on their evaluation, the robot is capable of reacting quickly to
changes in its environment and avoid risky situations real-time while it’s moving towards
its goal.
Ross et al. (2013) propose a solution based on expert-based learning. The implementation is based on dataset aggregation (DAgger) with which a policy is trained in order
to create a model that can mimic a human pilot’s obstacle avoidance behaviour to a
desired level of similarity. Based on the trained model, their evaluation showed that with
the use of neural networks and a DAgger based training, a single camera was enough to
perform expert-based training and enable the drone to avoid stationary obstacles in a
dense outdoor area.

Neural network-based solutions LeCun et al. (2005) propose a convolutional
network-based solution for oﬀ-road obstacle avoidance. The system’s outputs were a
set of steering angles which were decided based on two cameras’ feed with the use of
a 6-layer convolutional neural network (CNN). The data collection was performed in a
variety of oﬀ-road environments, ensuring diversity. Moreover, the data collection was
performed so turning was only utilised when it was absolutely necessary, and in such
cases the avoidance distance from the obstacles was consistent. The thorough data collection and the neural-network’s training resulted in, based on their evaluation, a reliable
obstacle avoidance model in multiple oﬀ-road outdoor environments. Moreover, the used
methods ensured that manual calibration or parameter tuning was not necessary, as those
happened automatically.
Wang et al. (2007) present a solution for a slightly diﬀerent problem, but with a
similar type of solution when addressing the problem of obstacle avoidance while ﬂying
8

UAVs in a formation. Similarly to the navigation principle of LeCun et al. (2005), the
drones ﬂew to their destination in a straight line and only turned when necessary. In the
implementation of Wang et al. (2007) a so-called Grossberg neural network was trained
in order to identify “pop-up” (unmapped) obstacles. According to their implementation,
upon identiﬁcation, a buﬀer-zone was created around the obstacles, based on which the
drones had to re-plan their path before proceeding to their destination and realigning
themselves into the formation.
Milde et al. (2017) discuss the use of a vision-based reactive avoidance strategy, which
could identify scenarios when an avoidance manoeuvre was needed. The system, with the
utilisation of neural networks was able to navigate an obstacle-ﬁlled oﬃce environment
where background noise was also a problematic factor. Their implementation was a part
of a proof of concept project demonstrating the increased performance of neuromorphic
hardware and its applicability for neural network-based computations.
Genetic algorithm-based solutions Genetic algorithms are inspired by Darwin’s
theory of evolution. Some of the ﬁrst attempts for solving obstacle avoidance are the
ones proposed by Han et al. (1997) and Tu and Yang (2003). Their implementation
describe genetic algorithms trained for tens of generations in order to teach robots to
avoid stationary or dynamic obstacles. In the case of genetic algorithms, a generation
consists of a population of chromosomes, which are essentially a series of commands.
They describe the diﬀerent variables used for creating a training algorithm such as:
• Selection - How big percent of the chromosomes make it to the next generation
• Crossover - Combining chromosomes of parents to create a new generation
• Mutation - Change in the chromosome to introduce new information to the population and prevent its saturation
Lastly, a ﬁtness function is described by them, which is used to evaluate the generated
possible solutions and with which good actions can be rewarded, bad ones penalised, and
based on which the better-performing chromosomes can be selected.Tu and Yang (2003)
also argue that it is better to use variable-length chromosomes, since, according to their
evaluation, that type is better at ﬁnding optimal paths in dynamic environments than
ﬁxed-length ones.
Genetic algorithms, as stated by Pinto and Gupta (2015) eliminate the need for human
labelling of datasets. They state that such approach may be biased by semantics and it
is not scalable since the amount of data required to generalise objects, and in their case
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the possible grasping locations and directions, is too high. Therefore, they propose a trial
and error approach in the form of a self-supervising reinforcement learning algorithm.
Compared to reinforcement learning, inverse reinforcement learning (IRL) is not
trained from just a set of actions its chromosomes can be constructed from. Inverse
reinforcement learning is used with expert-based training, where the desired behaviour
is taught to the robot by human input and the reinforcement learning algorithm tries to
approximate the behaviour when constructing its chromosomes from single actions. One
of the implementations for IRL is described by Kim and Pineau (2016). They present
an approach where expert-based training in combination with IRL attempts to ﬁnd a
solution for socially adaptive path planning, and the generation of human-like avoidance trajectories in crowded areas. They compared their solution to a dynamic window
approach (DWA). The IRL, where data is gathered from experts’ interaction with the
system, was able to create a socially ﬁtting trajectory planner, as opposed to the DWA
approach which, ﬁrstly, did not perform well when avoiding dynamic objects it detected,
and was not suitable for creating socially adaptive paths. Similarly, Zhang et al. (2016)
describe an expert-based learning where their robot is learning from demonstration. They
trained their model with IRL, utilising neural network-processing in order to translate
the sensory readings (video feed).
Q-learning is a sub-category in reinforcement learning. Jaradat et al. (2011) describe
it as an on-line learning agent, which is trained to identify which action a robot should
take given the scenario it is in. During the training, the algorithm tries and evaluates
the state-value pairs and in the end establishes a policy which ﬁts for the task it was
given. Jaradat et al. (2011) describe four kinds of states: safe, non-safe, winning, and
failure. The last two states indicate the end of a run, winning being a desired state
and failure being a state the robot needs to avoid. In the case of the other two states
the Q-learning algorithm has to learn how to act in order to achieve a winning state
and strive to be in the least amount of non-safe states. Their approach to the deﬁned
states attempt to mimic human reasoning, however their implementation is built on
the assumption that the robot knows the position of all obstacles while planning and
modifying its path. Mnih et al. (2015) extend the usage of Q-learning by processing
input data with deep neural networks and using that input for training the Q-value of the
reinforcement learning algorithm. Duguleana and Mogan (2016) investigated how a path
planning training can be implemented in a virtual environment by deﬁning the underlying
participants of an obstacle avoidance scenario and creating a digital representation of
real world setups. They used Q-learning, utilising the 4 diﬀerent states identiﬁed by
Jaradat et al. (2011). Their evaluation showed that with the tested training parameters
the pathﬁnding system was able to construct an optimal, collision-free path even with
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dynamic obstacles. They also concluded that using simulated training is safer compared
to real-world scenarios, however it did not allow for the training and testing of complex
scenarios and its representation in relation to real-world cases is not accurate. Moreover,
training with a simulated environment in their case was dependent on the accessibility of
accurate global knowledge, which is often not the case in real-life scenarios.

2.1.3

Human-robot interaction

This section describes the work conducted on making the pathﬁnding solutions socially
aware in order to not violate social rules in scenarios when they are placed in crowded
environments.
Sisbot et al. (2007) state that a human-aware motion planner should take social
acceptability into account when constructing a safe path for itself. This, according to
their deﬁnition includes that, ﬁrstly, the robot ensures safe motion, meaning that human
participants in navigation scenarios are not harmed by the robot. Moreover, the robot
should have reliable and eﬀective motion, which ensures that the robot completes its
task. And lastly, that the robot is capable of a socially acceptable motion, resulting in a
policy that is in accordance with the robot’s goal and preferences, but which also takes
the principles of human movement into account. Henry et al. (2010) expand on latter
principles by stating that its elements include “ “desire to move with the ﬂow”, “avoidance
of high-density areas”, “preference for walking on the right/left side”, and “desire to reach
the goal quickly” ”. They also describe that humans also evaluate a path-option based on
the density of people and their expected position and velocity weighed against the time
and distance it would take to reach a goal in crowded areas. Therefore socially-adaptive
robots should also be capable of such evaluation.
To evaluate a human-aware navigation robot, Kruse et al. (2013) in their survey
investigate three aspects: comfort, naturalness, and sociability. Based on measurements,
they deﬁne the distance at which a robot should be able to deviate from a path when
performing avoidance, and the speed at which it can approach human obstacles during
wayﬁnding without causing discomfort or scaring the participants. Moreover, apart from
the kinematic constraints and behaviour of the robot, they found that a human-aware
navigation system’s natural motion is not only deﬁned by the path it chooses, but also
by its predictability. The latter can be achieved by creating a behaviour that can be
regarded as smooth. Such can be achieved by constructing a policy with an avoidance
trajectory and velocity proﬁle that resembles human navigational behaviour.
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2.2

Graphical User Interfaces for Artificial Intelligence and
Robots

The use of graphical user interfaces (GUI) when working with AI and robots is predominantly concerned with two focus areas, namely, control interfaces, where the GUI
is primarily used for task management, and visualising the thought processes of the AI,
where the GUI is used for conveying the decision making process and ease of use in terms
of human computer interaction. This section describes both uses of GUI in relation to
AI and robots.
2.2.1

Control interfaces

Sakamoto et al. (2009) worked on a graphical user interface for novel users to allow
them to easier control home robots. They argued that when implementing technological
solutions for novel users the usability of the application must be high as most people are
not technopaths. They used a GUI with stroke commands due to familiarity as the GUI
oﬀer hands-on feedback due to the availability of a screen. The implementation requires
a camera setup that cover the entire work surface area for accurate real-time tracking
of the robot. The users sketch the work surface from a real-time view of the room and
can then use diﬀerent stroke commands for tasks such as starting, stopping and return.
Their results suggest that their implementation ease the use of home robots, however,
they only pilot-tested the interface.
Liu et al. (2011) implemented a user friendly task management tool for multiple
robots (RoboShop), which is a graphical interface where users can select tools for giving
tasks to robots. Liu et al. (2011) argue that most current implementations require direct
instruction for the robot and that they also do not take multiple robots into account.
The implementation draw parallels to Adobe Photoshop where Liu et al. (2011) made it
so the user can specify a task consisting of a tool, place and time where a tool can be
vacuuming, the place could be living room or a section of the room and time could be
during the work hours of the user. The tasks are speciﬁed in a layer system for ease of
keeping track of tasks. The available tools are in a tool panel similarly to Photoshop and
the location is user-speciﬁed in what would be the canvas in Photoshop. Lastly, the time
is speciﬁed in a scheduler. They user-tested their implementation on 7 participants with
an age range of 21-24 years old in a four part experiment.
1. Pre-Questionnaire where demographics and experience with robots were determined
2. Introduction to the user interface
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3. Actual evaluation
4. Post questionnaire, which was focused on usability
In order to prevent initial bias the participants had to specify three tasks while evaluating the interface. Their results suggest that their implementation was useful for task
assignment and management of multiple robots.
Srinivas et al. (2013) and Wei et al. (2016) argue that monitoring autonomous robots
becomes a higher demand as the capability of the robots increase, and that the complexity
of the logic should not be apparent for novel users.
Srinivas et al. (2013) worked on a graphical interface for autonomous robots with their
focus being on non-expert users. They developed a touchscreen interface where users can
plot points and specify actions or connections between them with functionality such as
colour coding events or locations and long pressing waypoints for additional features.
Wei et al. (2016) expanded the work by allowing users to sketch the intended path of
the robot based on a roadmap where users ﬁrst have to specify waypoints and connectivity,
meaning that if users sketch a path that is not possible for the robot, due to the roadmap,
it will follow the nearest path available. However, their work is not user-tested.

2.2.2

Visualising the thought process of artificial intelligence

The black box nature of neural networks are known to be a problem when understanding
how they work (Plate et al., 2000).
Methods for understanding neural networks range from a ‘how’ approach to a ‘what’
approach, where the ‘how’ approach works with the internal state of the network decision
process and the ‘what’ attempts to to explain the decisions based on the inputs. One
way of working with the what approach is to illustrate the decisions by plotting relational
inputs on a two dimensional plot to detect if there is a relation between the diﬀerent
inputs.
They developed a neural network for detecting the risk of lung cancer compared
to other non-smoking related cancer types and found that when using two dimensional
plots it provides a quick insight to the output and, at the same time, aid the ability to
understand the output of a neural network.
Chadalavada et al. (2015) Attempts to improve the relationship between humans and
robots in shared work environments by communicating the intended path of a robot
forklift through ﬂoor projection. They compared two scenarios:
13

1. Robot not avoiding collision path

2. Robot avoiding collision path

Where the robot would alternate between whether to show the intended path. Their
experiment measured ﬁve parameters, communication, reliability, predictability, transparency and situation awareness and they found that when showing the intended path it
increases all ﬁve. Additionally, they discovered that humans change their own intended
path sooner when the robot’s path is projected.
Amershi et al. (2015) are working with performance analysis of machine learning
models and are implementing a visual aid for debugging during test and training. They
argue that debugging is an important step in model building and that usually this is done
through graphs and statistics. They suggest that debugging can be improved through
analysing the behaviour of the model and ﬁnd that existing tools can be cumbersome
even for experts.
They built a binary classiﬁer and visualised its performance, i.e. classiﬁcation accuracy, for all samples for both training and test sets, adding up to the full dataset. With
the accuracy representation, the low scores can be related to exact samples which are
problematic regarding classiﬁcation. They argue that a visual aid can beneﬁt over traditional methods by showing source and severity of errors and they found that a visual aid
for model debugging is preferred over traditional methods on a at-a-glance level.
Wortham et al. (2017b) are working with real-time visualisation of a robot’s AI where
they take oﬀset in naive users while demonstrating that even an abstract representation
is enough to improve understanding of the behaviour of a robot.
They utilise an instinct planner which essentially monitor the execution, success,
failure, error and in progress status event. Wortham et al. (2017a) are describing the
functionality of the robot to ﬁt with cases of search scenarios and the initial states are
created for such a purpose and they use a graphical solution for visualising them.
They user tested the implementation in two experiments where one was a video representation of the robots and the other was for direct observation, for both experiments they
tested whether having the aid of their graphical solution would increase understanding
of the robot’s behaviour and they found that for both experiments having a visualisation
did in fact increase understanding.
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3
3.1

Implementation
Danger Recognition and Avoidance Implementation

Since the navigation of the robot in a populated or even cluttered area is a complex
problem, we designed a system which outlines the diﬀerent required aspects of a full
solution. The outlined solution addresses the following broad problem statement:
How to navigate safely from a starting point to a destination in an area densely populated by static and dynamic obstacles?
Based on the related work, there are several diﬀerent technologies which can be used in
similar tasks. We decided to take into consideration the resources required to set up a fully
monitored environment, which on one hand could provide the robot with accurate, realtime information about the whole area at all times, however a full environment monitoring
system’s setup is costly, and in some cases (e.g. open areas linked to buildings) hard to
achieve (Nasrollahy and Javadi, 2009). Moreover, much of the information provided
by such systems is not needed about entire areas at all times, the perception of the
surroundings of the robot is enough for the navigation and avoidance.

3.1.1

Full solution outline

Addressing only solutions for monitoring the surroundings of the robot and taking actions
accordingly, the ﬂow described below was designed.
The robot is situated in a starting point in an area which was previously mapped by
it. The robot is continuously using simultaneous localisation and mapping (SLAM) to
monitor its environment and track its own position within it with a laser distance sensor,
and a single camera is mounted on its front. Given a destination, it uses an algorithm for
the calculation of the most optimal path, regardless of dynamic and static obstacles on
its way there. When following the initially outlined path, it monitors the laser readings
and analyses the camera feed. Two machine learning algorithms, trained separately for
static and dynamic obstacles, classify the current state and predict the probable states
of a short upcoming time period. Compared to the states outlined by Duguleana and
Mogan (2016), the 5 states descibed in Table 1 (p. 16) were deﬁned and can be associated
between the two implementations.
In case the system detects static, dynamic or both types of obstacles which need to be
avoided, an avoidance policy is started, trained by a Q-learning algorithm to get past the
obstacle(s). Then the previous wayﬁnding algorithm replans the path to the destination,
15

Duguleana and Mogan (2016) states

Our states

Safe
Safe
Non-safe
Non-safe
Failure
Winning

Not in view
In view, at safe distance
Avoidance needed
Dangerous
Terminal
-

Table 1: The deﬁned 5 states and their relation to the ones descibed by Duguleana and
Mogan (2016).

and guides the robot until another avoidance is needed or until the destination is reached.
The above described decision making algorithm can be seen in Figure 13 (p. 41).
As mentioned above, in order to classify a situation, two machine learning models
are required. One of them classiﬁes static obstacles, and the other handles the dynamic
ones. This distinction is needed, since the avoidance policy can vary depending on the
type or types of obstacles the robot encounters. To create these models, data collection,
cleaning and the training of the model has to be performed. Kim and Do (2012) proposed
that a single camera is enough to train an algorithm for obstacle avoidance. This data
is paired with the read laser ranges, which are already monitored due to the localisation
and mapping (SLAM). They (Kim and Do, 2012) also propose the splitting of the camera
feed in case of their monoscopic camera. Since the robot is equipped with the same type
of camera, splitting the incoming images in half can improve the classiﬁcation accuracy.
Moreover, to support the side-speciﬁc classiﬁcation of a situation, separate models are
trained for the left and the right side angles of the distances as well.
To combine the laser and camera models’ predictions, ensemble methods can be used,
either creating an averaged value representation of the output classes, or weighting the
outputs of the models based on their evaluation accuracies. As a diﬀerent approach,
stacking can be used to train an overall model from the outputs of the distance/image,
left/right speciﬁc models, given the ﬁnal label.
For the development of the avoidance policies, the robot needs to be able to handle
three distinct situations. When there are static, dynamic and both of those types of
obstacles in the way of it. The policies are evolved with a genetic machine learning
technique called Q-learning. The Q-learning penalises the time, the distance travelled and
the distance from obstacles during the avoidance, and uses variable-length chromosomes
for evolving the policy. The set penalty factors are required, so the avoidance is the
most optimal in its direction and speed, while it allows the robot to stay far enough
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from obstacles. The variable-length chromosomes, according to Tu and Yang (2003) are
required during the evolution of the policy to create more optimal paths as the length
of the actions the robot can take is not limited by the chromosome length. With ﬁxedlength chromosomes, at a low speed, it could happen that the robot does not have enough
actions to make an avoidance.

3.1.2

Final problem statement

Since SLAM, and obstacle-less navigational algorithms are implemented and already used
for basic wayﬁnding tasks, from the described complete solution for wayﬁnding, we chose
the next problem to solve from the navigation process, the implementation of the detection of unsafe scenarios, in order to create a base for the avoidance policy development.
Moreover, with the distinction of static and dynamic obstacles, given that static obstacle
detection and avoidance has been a well-researched area in the past years, we chose to
address the detection of states when encountering dynamic obstacles. The ﬁnal problem
formulation is as follows:
How to detect the need for obstacle avoidance during wayfinding tasks having knowledge only about the surroundings of the robot when encountering dynamic obstacles?

3.1.3

Requirements

In order to create the desired solution, some setup requirements have to be met. These
are described in the following sections.

Hardware To allow focusing on the machine learning’s implementation, a robot kit was
chosen to serve as the hardware base of the project, the Turtlebot 3 Burger (ROBOTIS,
nd). This robot was designed to have an easy setup, provide a way of easily adding
additional sensors. Moreover, it was created by Robotis to have direct support for the
robotic operating system (ROS), allowing a relatively quick software environment setup
as well.
The Turtlebot comes equipped with a light detection and ranging (LIDAR) device
(360 Laser Distance Sensor LDS-01), which can take measurements multiple times a
second in 360 degrees in a single height which can be used for creating SLAM maps and
navigation.
Lastly, a Raspberry Pi Camera Module v1 (Raspberrypi.org, nd) was installed with
a 3D printed mount on the Turtlebot, which allowed a plug-and-play installation and
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which is supported by ROS and its camera calibration library (Wiki.ros.org, nd) as well.
Even though the camera is capable of a video output of 1080p quality at 30 fps, due to
the limited disk space, only its 640x480 mode was used.
Software In order to set up a development environment with ROS, Ubuntu was installed as an operating system in a virtual machine. The Turtlebot setup was based
on the guide they provided and python and the machine learning packages (Keras with
Theano backend) were installed on top of this setup.
To access the robot despite the university network’s security, it was set up to connect
to a VPN service, where it could connect to the host computer’s roscore, providing a
master server. With this solution, the robot could also be directly operated through ssh
from the computer.
Lastly, the camera was calibrated using the script provided by ROS. This is necessary,
as the camera needs a conﬁguration ﬁle which describes how it should be rotated and
what transformation it should apply to a 3D environment’s representation to translate it
to a 2D image.
3.1.4

Data collection

To create a machine learning model, a dataset has to be created which can be used for
training and testing the designed solution.
Despite Sadeghi and Levine (2016) proposing a simulation-based data collection approach, a real-life end-to-end learning is set up. The reason behind it is that the robot
is sturdy enough to get over a few crashes during the data collection. Moreover, the
environment is also controlled and slow-paced, minimising the risk of harm. Due to these
reasons and that a simulation-based approach cannot include natural noise and external
factors of the environment.
For the implementation of the data collection, the bootstrapping approach of Shrivastava et al. (2016) is used, which collects samples of all labels in order to train the
model and proposes the later addition of samples describing those labels which cannot
be reliably classiﬁed. In addition, the chosen data collection approach utilises the tactics
described by Gandhi et al. (2017), who primarily collected negative examples in order to
make their drone recognise unsafe scenarios.
Logging implementation In order to create a database, a logging script is used, which
handles reading, processing, and storing of the values from the target ROS nodes of the
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Figure 1: Subscriber and callback setup script.
robot.
In order to handle the data published by the camera and the laser sensor into their
nodes on the ROS master server, subscribers are set up to monitor value changes in
these nodes. Therefore, the script sets up a Subscriber for the camera’s and the laser
sensor’s node, with their own Callback functions. A callback function is triggered by
the subscriber when the values published to a node change. The callbacks handle the
acquisition of relevant data for the logging. In case of the laser’s callback, only the ranges
are kept from the LaserScan class’s headers, while the image callback saves the full data
passed to it as a CompressedImage class. The subscriber and callback setup can be seen
in Figure 1 (p. 19).
To create a database, the csv package is used, which allows the writing data to a
delimited ﬁle row by row. After setting up the headers, the ﬁle is closed and waits for
reopening, when the script appends its rows with new recorded data.
To regulate how often the script records data, the script uses a custom run function,
which sets the run rate of its loop to 4 times a second. After every quarter of a second,
when the loop is done with processing and saving the gathered data, it uses sleep to wait
until the next iteration can be started. The subscriber callbacks work asynchronous to
this behaviour, meaning that they can be called by the subscribers multiple times before
the handling of the read data begins again in the next iteration. Each iteration sets a
new timestamp as well, so the saved images and the entries in the database can later be
related to each other. The run function can be seen in Figure 2 (p. 20).
Since the images are published to the node as CompressedImage classes, the image
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Figure 2: The run function of the logging script.
processing ﬁrst needs to take care of decompressing the image. After the image data
is converted into a numpy array from its compressed string format, it can be loaded
as an opencv image by decoding the received string. To save the image, it has to be
compressed with an opencv method, then encoded and converted into a string to be
written into a png ﬁle. The code for image processing can be seen in Figure 3 (p. 20).
To process the ranges, the received array of 360 range values have to be formatted.
Firstly, since the LDS outputs 0.0 when it cannot detect anything within its set viewing
distance (3.5 meters by default), these values are reset to be a uniform value out of the

Figure 3: The script used for preprocessing images.
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Figure 4: The assignment of labels in relation to the distances for the inner and outer
angles. The colour coding of the states’ circles is as follows: Green – ‘In view, at safe
distance’, Yellow – ‘Avoidance needed’, Brown – ‘Dangerous’, Black – ‘Terminal’. The
‘Not in view’ state is not represented.

maximum reading distance to avoid confusion. Moreover, the rear range readings are
discarded before the front-facing 180 degrees are split into left-right, then inner-outer,
equal areas. The four constructed arrays are then used to create a new numpy array,
which can be sent to the entry generation part of the script.
To assign labels, the laser ranges were used. Four thresholds were set up to distinguish
the desired ﬁve labels. The thresholds have a diﬀerence depending on whether the label
assignment was based on the inner ranges or the outer ones. For each side, the code
looks through the inner ranges ﬁrst, searching for values within the set boundaries, and
if it did not ﬁnd any value out of the checked 45 degrees which would classify as closer
than the ‘Safe – Within view’ label’s threshold, then it checks the outer ranges with
their thresholds. The inner ranges’ checking is of higher importance, since if an obstacle
needs to be avoided in the robot’s heading direction, it usually requires a quicker response
due to the forward speed of the robot. However, if an obstacle is dangerously close or
approaching from a side, eventually resulting in a crash, the robot should be able to issue
an avoidance policy. The relation of range thresholds and labels for the inner and outer
degrees can be seen in Figure 4 (p. 21). Lastly, the ﬁnal label is decided based on which
side concluded a more dangerous scenario describing the timestamp. The script for label
calculation can be seen in Figure 5 (p. 22).
After an image has been saved for a timestamp and the ranges have been split, then
a label has been calculated, the information is assigned to a dictionary variable, which is
used to create a new array of data that is appended to the database ﬁle. The script used
for appending the database can be seen in Figure 6 (p. 22).
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Figure 5: The script used for calculating the labels for the database.
Environment and collected data For the collection of data two corridor areas were
chosen at the University building. The two areas can be seen in Figure 7 (p. 23) and
Figure 8 (p. 23).
The criteria for choosing a ﬁtting area included:
• Having as low amount of static obstacles as possible – since the model should be
trained for recognising the need for avoiding dynamic obstacles.
• People and objects have to pass through – to have a diverse dataset.
Dynamic obstacles have to be able to pass by the robot – so the area has to be
wide enough for avoidance, but narrow enough so the robot or people have to perform

Figure 6: The script used for appending the database with a new sample.
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Figure 7: Area 1 used for sample collection from the robot’s perspective.

avoidance instead of taking very distant trajectories.
Throughout data collection, the robot was manually controlled to patrol the chosen
areas on diﬀerent routes and at diﬀerent speeds. This way, 300 safe walk-by samples and
300 walk-by samples resulting in a crash were recorded in both areas. Due to people
and our research group walking by from diﬀerent angles, on diﬀerent trajectories and at
diﬀerent speeds, the resulting database can be used to create a general model for the
classiﬁcation of the outlined states.

Figure 8: Area 2 used for sample collection from the robot’s perspective.
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3.1.5

Danger recognition implementation

This section describes the data processing and model training of the solution.
Preprocessing To create a complete dataset, the samples collected in the two environments had to be merged together. The primary reason why the data was recorded
into separate ﬁles is the two-location setup of the data collection, which in itself meant
two diﬀerent csv ﬁle outputs. However, since a csv is produced every time the logging
script is ran, when issues arose during data collection at any of the locations, the logging
had to be restarted, resulting in multiple databases. Issues halting the data collection
were, among others, the robot’s battery being depleted, dropping WiFi connection to the
building’s network, and, upon reconnection, being given a new IP address by the VPN
service.
After joining the separate csv ﬁles, the image ﬁle name column was iterated and
matched to the list of images in their folder. If an image was not found in the database,
then it was deleted. Images without database entries originated from failed logging
attempts, where the image or the ranges were not properly received from the ROS node
(primarily due to bad connection or the host machine’s latency).
Following the deletion of images, they were split in half, with a 10% percent overlap
in the middle for both sides.
Lastly, the nested array representation of the distances was ﬁxed for quicker readability. To do so, the inner and outer range columns were iterated and their held values
appended to a new database, which held the headers of the single degrees the measured
distances can be associated with.
Models As described before, the left and the right sides of the samples are handled
separately by the system, therefore separate models were trained for them, although with
the same model structure.
The key diﬀerence is between the classiﬁcation approach of the laser ranges and the
side-speciﬁc images. For the classiﬁcation of the distances, a general, 2 hidden layer, deep
neural network was written. In its hidden layers, the activation was set to “tanh”, a rescaled alternative of the regular sigmoid function. These layers also allow a 50% dropout
rate and lead into a dense output layer. A representation of the deep neural network can
be seen in Figure 14 (p. 42) and Figure 15 (p. 43). This model was trained on 80% of all
the collected samples, which training set was further split into a training and a validation
set in an 8:2 ratio. The training was compiled with mean squared error loss calculation
24

and ‘adadelta’ optimizer, a learning rate method based on gradient descent. Moreover,
it was allowed to run a maximum of 50 epochs in order to avoid overﬁtting, however it
never reached this hard limit due to the implemented early stopping monitoring the value
loss between epochs. The training data was used in 25 sample batches for the training.
For the classiﬁcation of the camera images a convolutional neural network was designed modiﬁed from a self-driving car navigation training, used by NVidia, described by
Bojarski et al. (2016). Their model is based on a three-camera setup, therefore it is not
fully applicable for the setup of the Turtlebot, however it was followed for the processing
and training of images. The model consists of 5 convolutional feature map layers, which
are ﬂattened and passed lead into 3 fully connected layers of decreasing node counts. A
representation of the convolutional neural network can be seen in Figure 16 (p. 44) and
Figure 17 (p. 45). The model was compiled to calculate mean squared error loss, using
the ‘Adam’ optimizer, another gradient descent based learning rate method commonly
used in image classiﬁcation tasks. For our implementation, we trained the same neural
network for both sides of camera recordings, 20.000 samples per epoch taken from the
training set of the respective side’s images, and another 500 samples taken from the remaining entries in the training set for validation. To avoid overﬁtting, a hard limit of
10 epoch were set, as well as an early stopping, which monitored the value loss between
epochs. Since the training of a simple epoch took over 8 hours, model checkpoints were
implemented, which saved the calculated weights after each epoch.
The training of the convolutional neural networks took almost 30 hours each on an
NVidia GeForce GTX 950M video card. The implemented early stopping detected no
signiﬁcant improvement during the training of the left and right sides after the 4th and
3rd epochs respectively. The weight calculation for the deep neural networks was quicker,
even with all the training data (roughly 30.000 samples) used in each epoch. The training
time for these models were around 10 minutes, and since the early stopping could not
detect signiﬁcant improvement, the trainings were shut down after the 7th and 11th
epochs for the left and right sides of the laser distance values respectively.

3.2

Visualising Robot Interactions

Since the intent was to use the robot in a populated area and use cases could require novel
users to oversee the robot and report unwanted interactions or errors to developers, we
designed a tool that does not only provide users the option to monitor but also to interact
with the robot. The ideal solution addresses the following broad problem statement:
How can a GUI be designed to aid novel users in understanding robot interactions
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while being able to intervene and provide base instructions?
The related work shows a variety of solutions for both monitoring and task management and as mentioned earlier, we do not take a fully monitored environment into
account, meaning that our visual tool will only utilise the input coming directly from the
robot.
3.2.1

Ideal solution

An ideal solution is constructed from the notion that users should be able to provide the
robot with a task and understand the interactions it has while performing it. This does
not mean that users will have to understand the nature of a neural network but rather
understand the input that the robot receives and its following actions. The visualisation
tool will have to provide users with the following:
• Planned path from point A to point B
• Feedback from object avoidance
• Notiﬁcation of safety states
• Point of view (POV) of the robot
• Distance calculations
Showing the planned path requires a map which can be obtained from the SLAM
map the robot creates at runtime. Preferably the map would be pre-planned as the
path could update faster. The feedback from the object avoidance can be implemented
by adding the new path calculated from the robot when making an avoidance while
maintaining the original path thereby showing users that the robot deviated from the
path making it obvious that an avoidance occurred. The notiﬁcation of the safety states
of the robot is derived from Wortham et al. (2017a) and it is believed that it will improve
the understanding of the interactions. The point of view of the robot is believed to
inﬂuence understanding as users tend to not understand robot behaviour if they cannot
see it. Lastly, the distance values are presented so that users can detect that objects are
indeed too close or getting closer as the values change.
The ideal solution consist of a window where the screen is split in two and on the right
side the map is complete with the option of clicking on it anywhere, this way giving a
task for the robot to move to the desired location. The map then shows the optimal route
between the current location of the robot and the destination and users have the option
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of deciding whether the robot needs to take a detour by assigning intermediate locations.
The left side of the screen is split in two, where the top shows the possible safety states
through colour codes and these colours are related to the path as the robot travels from
point A to B. Lastly, the bottom right side shows the point of view, where the distance
measurements of the laser distance sensor are overlaid in the image and colour coded
relative to the measured distance. This provides users with the notion of objects being
too close to the robot.

3.2.2

Final problem statement

Since the solution will only use two outputs from the robot concerning avoidance, namely,
current safety state and distance measurement, the problem formulation can be altered
to the following:
How can a robot’s interactions be communicated through a GUI using only the safety
states and distance measurements the robot acquires at runtime?

3.2.3

Iterations

To create a solution that can fulﬁl the problem statement we decided to use Qt Creator
from Qt Company, which is an Integrated Development Environment (IDE) for creating
GUIs. Qt was chosen as it can work with ROS, which makes it suitable for making a
visualisation tool that can operate at real time with data provided by the robot. Furthermore, it supports shader eﬀects, which makes it valid for video manipulation for the
distance measurement eﬀect described earlier.
However, due to unforeseen events, the ROS dependencies could not be installed. As
a result, we had to reconﬁgure the design since we could not communicate with the robot
at real time.
The new solution was to make a playable demo for testing the concept of users having
an improved understanding of the robot interactions based on inputs. This meant that
instead of a real time video stream, we would have to embed a video into the GUI and
instead of live data being streamed the solution, we had to use a csv ﬁle for reading the
distance and safety state data.
Qt Creator works in multiple ways, and the chosen base for the solution was to use
QML, which is a programming language where GUI elements are described directly in code.
QML works with both Javascript, python and C++ and is a json-like tool used for the
creation of dynamic, animated application interfaces.
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Figure 9: Implementation of the visualiser in Qt Creator. As it can be seen, the only
thing implemented is a video player which shows the robot’s POV there is a black semitransparent line through the image which acts as a placeholder for the distance marker.
However, the implementation of the shader to handle the distance values failed due to
unfamiliarity with QML and the implementation using that IDE was discarded.
For the implementation in Qt Creator, we chose to follow the ideal solution where the
screen is divided into three windows and the bottom left corner is showing the POV of
the robot. An image of the created screen can be seen in Figure 9 (p. 28).
Unity3D was chosen as a tool for the implementation due to familiarity with the game
engine. The implementation in Unity can be divided into three parts:
• SLAM map
• State changer
• Robot’s POV with overlaid distance data
Unity does not originally support ROS integration and therefore the general idea of
implementing a playable demo of the visualisation tool still applies.
The visualisation tool is implemented using Unity UI, where a canvas act as a container for all elements. The implementation of the SLAM map is achieved by creating a
raw image and attaching a Video Player component, where a pre-recorded video of the
map is playing at runtime.
The state changer part of the implementation consists of two images, where the opacity
is 50% when the state is not active, and 100% when it is, and the data used for determining
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Figure 10: Visualisation tool complete with SLAM map, state changer and video feed
with overlaid distance data.

which state is active is read from a csv ﬁle containing the state labels for each frame
corresponding to the video feed of the SLAM map. Similar to the SLAM map, the robot’s
POV also consists of a raw image with a video player component attached. The diﬀerence
lies in the overlaid distance values. An image of the implementation can be seen in Figure
10 (p. 29).
In order to show the overlaid distance data we ﬁrst had to calculate which angles
were overlaid on the Pi Camera’s ﬁeld of view. This was done by identifying the amount
of horizontal view angles (54 degrees) of the Pi Camera and relating them to the LDS’s
angles. Since the distances are indices from 0 in the full array, and we measured a
5 degree clockwise oﬀset between the centre of the distance sensor and the camera’s
image, the indices from 336 until 359 and 0 till 32 are taken from the distance readings.
Next, we create a simple shader for locating the texture coordinates, and applying a
colour to them using a texture script to attach to a line renderer component of an
empty GameObject in Unity. However, even though everything is implemented, the line
renderer does not update its colour values. The possible corrections for this issue are
covered in the discussion (see Section 7.2, p. 35). Unfortunately, this also means that
there is no evaluation of the implementation, also due to the fact that the robot could
not accurately communicate its recognised states.
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Figure 11: The script of the load model function.

4
4.1

Evaluation
Testing of Danger Recognition

To test the danger detection’s classiﬁcation accuracy and map points of possible improvement, two diﬀerent evaluations are performed. One, taking the created test set of the
full dataset of over 9000 samples and using the built-in evaluation functionality of Keras,
and another one, using the loaded and weighted model in ROS, classifying the situation
of the robot in a real-life experiment.

4.1.1

Programmatic evaluation

The programmatic evaluation has over 9000 samples due to the 80-20 split of the full
dataset. For the DNNs classifying the left and right side data feed of the laser distance
sensor, the data has to be reloaded straight from the dataset’s csv ﬁle. Then the structure
of the model needs to be loaded from a json ﬁle, compiled and the calculated weights
need to be assigned to it. All this is handled by the load model function, as it can be
seen in Figure 11 (p. 30). Once the data is organised into the proper shape and the model
is prepared for evaluation, the evaluate method of Keras can be used, which takes the
features of the dataset, uses the model to create a classiﬁcation and compares it to the
true label.
To evaluate the CNNs for the two sides, the same number of samples are used, however
when loading the data from the database ﬁle, the images need to be read, resized, and their
colour coding converted from RGB to YUV before they can be used with the loaded model
and weights. For the loading and preprocessing of the images, the same utils script’s
methods were used as during the training of the model, and for the model preparation,
the load model method was called with a diﬀerent signature. To evaluate the model, the
same evaluate method was used as for the DNNs.
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Figure 12: The script used for logging distance values and labels during the evaluation.
4.1.2

Real-life evaluation

The real-life experiment required the model and weights to be loaded in a ROS script,
on a diﬀerent python version. Since the output structure of the saved model does not
support the loading of a model exported under python 3.6 into a script running with
python 2.7, instead of using the load model method, the same model creation methods
were used as described in section 3.1.5 (p. 24). After the building and compilation of the
neural networks, the weights can be loaded and a transformed logging script is initialised,
holding the timestamp, label and 26 distance values for each side from the inner ranges
arrays. This log ﬁle is used to provide simulated live data for the implementation of the
visualisation part of the project. The script for logging can be seen in Figure 12 (p. 31).
Apart from saving the full images, the script has to handle the left-right splitting
and preprocessing in order to provide the correct input shape for the model. In order
to produce the correct shape for the laser distances, after populating the left and right
sides’ lists with the distance values, they have to be converted to numpy arrays.
To get the current label describing the situation of the robot, the prepared numpy
arrays are used in the prediction method of Keras, which gives an array of class
probabilities, therefore argmax has to be used to get the label the model is most conﬁdent
31

in. Deciding which label should be the ﬁnal one is done by taking the highest label from
the four models’ classiﬁcations.
During the evaluation the robot, while being manually controlled through the builtin phone-based teleoperation, patrols the corridor it was trained in, while a single test
participant walks up to it from the front performing three types of actions:
• Avoiding the robot at a safe trajectory
• Nearly hitting the robot, but avoiding it
• Bumping into the robot
These actions are repeated multiple times by the participant, trying multiple incoming
speeds, angles and sides. During the experiment the robot is also travelling at various
velocities and on diﬀerent paths along the corridor.

5
5.1

Results
Testing of danger recognition

The built-in evaluation method of Keras showed that three of the models achieved an
around 75% classiﬁcation accuracy when tested on over 9000 samples. Moreover, the
left-side laser distance classiﬁcation showed the highest, 96% prediction accuracy. The
calculated evaluation accuracies are presented in the following table:
Model

accuracy ∗ 100

Left CNN
Right CNN
Left DNN
Right DNN

74.236%
74.238%
96.816%
79.344%

The real-life evaluation of the model showed less promising results and revealed unexpected issues with the integration of the models.
Firstly, since the computer used as the host of the ROS environment was not powerful
enough, the reading and handling of distance and image data was slower than expected
due to the number of ROS launch ﬁles running on the system, taking away from its
computational power.
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Secondly, the script used to integrate the trained models and use them for classiﬁcation
could not utilise the GPU of the computer because its dual-gpu setup did not allow the
detection of the NVidia graphics card in the Ubuntu Virtual Machine, and therefore the
machine learning libraries ran by the script could only use a single core of the CPU. This
made the classiﬁcation slower, between 70-250ms per model, for all models, reducing the
intended 4 processed frames per second to only 1.
Moreover, the classiﬁcations for all models in all tested situations showed that the
robot did not experience any of the unsafe states, which makes the reliability of the
programmatic evaluation questionable and fosters investigation of the reason for high
accuracy values in light of the unreliability of the model during the real-world evaluation.
Lastly, due to the poor results of the model-integrated system’s test, the test participant did not perform the outlined actions the planned number of times. Because of the
poor performance in a known environment, the testing of the danger recognition was not
extended, to be performed in an environment it was not trained in, either.

6
6.1

Conclusion
Danger recognition

The ﬁnal problem statement for the danger recognition part of the designed avoidance
solution stated as follows:
How to detect the need for obstacle avoidance during wayfinding tasks having knowledge only about the surroundings of the robot when encountering dynamic obstacles?
The designed solution for this problem presented the setup of a multi-sensor system
relying on laser distance measurements and a camera feed, both monitoring the surroundings of a robot.
In order to recognise situations where the robot should perform obstacle avoidance,
a dataset was accumulated of dynamic obstacles causing danger-state changes when approaching the robot in various ways. The dataset was then used to create a four-model,
neural-network-based implementation to use both sensory inputs for the classiﬁcation of
a situation.
Even though the programmatic evaluation of the designed solution showed good results, the real-life testing highlighted major problems with it. Therefore, the solution in
its current state is unable to detect the need for obstacle avoidance. The possible ways
to improve the danger recognition are outlined in section 7.1 (p. 34) of this report.
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7
7.1

Discussion
Danger recognition improvements

In order to improve the data collection and the training of the models, several steps should
be considered. Firstly, the amount of collected samples and the classiﬁcation accuracy of
each label should be compared. If for most evaluated samples of a label the classiﬁcation
is not correct, as proposed by Shrivastava et al. (2016), the sample base of the label has
to be enriched.
To better combine the predicted labels, an ensemble method could be used to take
the classiﬁcation certainty and evaluated accuracy of the model into account instead of
always choosing the most dangerous classiﬁcation, which, if one of the models is less
accurate, could lead to an overly-cautious danger detection. A better way of combining
the outputs of the models would be to utilise stacking, training a 5th model on top of the
4 initial ones, utilising the predicted labels, certainties and evaluated accuracies of the
models in order to have a single label as the output of the stacked model’s classiﬁcation.
Moreover, in order to predict what situation the robot will be in, the model outputs
with or without the aforementioned improvements can be used to train a long short-term
memory (LSTM) model. This improvement possibility is based on the research done on
activity recognition from video footages with convolutional neural networks by Donahue
et al. (2014), who propose the combination of CNN based feature extraction and the use of
recurrent neural networks, speciﬁcally LSTM, creating a so called long-term convolutional
network (LRCN or, as later coined, CNN-LSTM). Lastly, the parameters used for the
creation of the implemented neural networks should be revisited and optimised with
hyperparameter optimisation. In particular, the eﬀect of changing the number of hidden
layers in both networks, and the node counts of the densely connected layers should be
investigated as well as how the deep neural network’s classiﬁcation accuracy improves
with diﬀerent dropout rates.
To improve on the integration of the created solution, a diﬀerent host machine should
be used which is capable of handling the data read and written to the ROS nodes for
better update rates. The used computer should be set up so the machine learning libraries
can use the GPU for classiﬁcation. Moreover, the start-up time of the solution could be
lowered if the model structures would be exported from a python 2.7 version, in which
case they could be read from json ﬁles without the python-version related errors, as
it was also implemented with the load model method in case of the evaluation of the
models. In addition, if the visualisation gets the information directly from the ROS nodes
instead, the logging of distance values and saving of images becomes redundant, making
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the classiﬁcation of situations faster. Lastly, the image splitting and preprocessing part of
the data preparation should be refactored and optimised for better performance, resulting
in better recognition frame rates.
Improving the programmatic evaluation can be done by calculating a label-frequency
metric describing the training and test sets, which can highlight the labels in need of more
samples for a more reliable recognition rate. In the aforementioned task, the creation of
confusion matrices as the bi-product of the built-in evaluation can serve as another guide,
since with them the labels with low classiﬁcation accuracies can be identiﬁed. Moreover,
the built-in evaluation could be performed with a more controlled test split, holding a
set, equal amount of entries for all labels.
The real-life evaluation procedure can be improved by involving more participants
and diﬀerent places, where the robot was not trained. Moreover, the robot should create
a SLAM map before the testing and use the ‘gmapping’ algorithm with SLAM to automatically navigate to its set destination while assessing the situation with the improved
danger recognition solution.

7.2

Visualisation Tool Improvements

After analysing the problems with the current implementation, the following points of
improvement can be outlined.
In order to test if the visualisation tool can improve the understanding of robot
interaction for novel users, the overlaid distance data need to be transparent. This means
that the colours corresponding to the two states need to update while using the tool. In
regards to the state data, more samples for the robot would ﬁx the issue of the states not
updating. At the current implementation level, updating the right colour values works,
but the resulting colour is missing. This could be because the material is baked and never
receives an update call. Another possible solution would be to create a new material each
update frame and assign the correct texture to it, then apply it to the line renderer.
However, further research needs to be conducted speciﬁcally into possible solutions to
solve this issue.
Another point of improvement is to be able to communicate with the robot, getting
real-time data from the robot is crucial for visualisation tool to work in a proper use
case. This would not only allow implementation of controls for users to interact with the
robot, but also to incorporate an accurate SLAM map. To achieve this we can use a ROS
library for Unity, however, this needs to be investigated further.
If the distance data is correctly implemented we can evaluate the solution with novel
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users. Such a test would be a comparison between the presence and the lack of a visual
aid, meaning that participants would try either options. This would provide grounds
for a comparison when questions are asked about the robot’s behaviour at given time
intervals e.g. during a successful or failed evasion.
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Appendix
A

Large figures

Figure 13: This ﬁgure presents the algorithm outline of the full designed solution used
for static and dynamic obstacle detection and avoidance.
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Figure 14: The graphical representation of the constructed deep neural network.
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Figure 15: The summary of the constructed deep neural network.
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Figure 16: The graphical representation of the constructed convolutional neural network.
As presented in the paper of Bojarski et al. (2016) in Figure 4 p. 5.
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Figure 17: The summary of the constructed convolutional neural network.
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B

Digital appendix

Please see the uploaded archive ﬁle.
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