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ABSTRACT

AUTONOMOUS MULTI-ROBOT TOPOLOGICAL
SPATIAL COGNITION

This thesis is concerned with topological spatial cognition in multi-robot sys-
tems. With topological reasoning, continuous space is discretized into a set of places
that are spatially related. Thus, topological spatial cognition is associated with the
acquisition, organization, utilization and revision of knowledge of places and their spa-
tial relations. In turn, this can occur either through the direct experience of the robot
or indirectly based on the knowledge of other robots. In this perspective, the problem
is handled in three stages. First, efficient sensory data representation is studied and a
model based on previously developed bubble space is presented. Next, the full range
of spatial processing associated with direct experience is considered via introducing a
topological spatial cognition (TSC) model. This model enables each robot to detect
places, recognize them or learn them as necessary in a completely unsupervised, incre-
mental and organized manner. The robot continually builds and utilizes its long-term
spatial memory where knowledge of places and their spatial relations are retained in
separate, but related parts. Finally, the problem of expanding each robot’s spatial
cognition based on other robots’ knowledge is addressed and a model that enables each
robot to merge its spatial memory with those of other robots is proposed. All of the
proposed approaches are evaluated on benchmark data sets as well as on real robots.
The experimental results demonstrate that robots are able to autonomously become
cognizant of their surrounding through either their individual experience or that of

other robots.



OZET

COKLU ROBOTLARDA OTONOM TOPOLOJiK
UZAMSAL ANLAMDIRMA

Bu tezde, ¢oklu robotlarda topolojik uzamsal anlamlandirma konusu ele alinmigtar.
Topolojik muhakeme sayesinde, robotun etrafindaki uzay uzamsal olarak birbiriyle
iligkili yerlere boliiniir. Bu ¢ercevede, uzamsal farkindalik terimi, bu yerler ve iligkiler ile
ilgili bilgilerin toplanmasi, organizasyonu, anlamlandirilmasi ve gerekirse diizeltilmesi
ile ilgilidir. Bu cercevede, problem icin gelistirilen yaklagim 3 agsamada ele alinmigtir.
Birinci asamada, algilayict verilerinin daha once gelistirilmis olan baloncuk uzay: kul-
lanilarak verimli bir sekilde tanimlanmasi konusunda caligilmistir. Daha sonra, robo-
tun tamamen kendi bilgisini kullanarak uzamsal bilgi igleme konusu tizerine ¢aligilarak,
Topolojik Uzamsal Anlamlandirma modeli gelistirilmigtir. Bu model, robotun gezdigi
yol boyunca ziyaret ettigi farkli ortamlarin algilanmasi, 6grenilmesi ve taninmasini
saglamaktadir. Bunun yani sira 6grenilen yerler arasindaki hiyerarsik iligkileri gosteren
agag ve yerler arasindaki uzamsal iligkileri gosteren topolojik haritadan olusan uzun
donemli uzamsal hafiza 6nerilen bu model ile olugturulmaktadir. Son olarak, robotun
kendi bilgisini diger robotlardan gelen bilgilerle zenginlestirmesi konusu g¢aligilmigtir.
Bu sayede robotun kendi uzamsal hafizasini diger robotlarin hafizalariyla birlegtirmesi
saglanmistir. Onerilen tiim yaklagimlar, hazir verisetlerinin yani sira gercek-zamanh
olarak robotlar tizerinde test edilmistir. Deneyler sonucunda, robotlarin kendi veri-
lerini veya basgka robotlardan aldiklar1 verileri kullanarak etraflarindaki ortamlar1 an-

lamlandirabildikleri goriillmtstiir.
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1. INTRODUCTION

This thesis is concerned with topological spatial cognition in multirobot systems.
If robots are ever to have lifelong operation and thus play a bigger role in daily life, it
is crucial for them to have spatial cognition. With topological reasoning, continuous
space is discretized into a set of places that are spatially related - motivated by findings
in humans’ spatial cognitive abilities [1,2]. Thus, the robot is able to have efficient
spatial characterization and reasoning. In this framework, a ‘place’ is defined to be a
collection of appearances sharing common perceptual signatures or physical boundaries.
As such, topological spatial cognition is concerned with the acquisition, organization,

utilization and revision of knowledge of places and their spatial relations [3-5].

Figure 1.1. Outdoor Jaguar Robot Team.

1.1. Problem Statement & General Approach

Consider a robot team shown in Figure 1.1. Assume that each robot is capable of
navigating around. The aim is to have each robot be spatially cognizant of the places
it visits. The building and updating of topological spatial knowledge is integral in this.

This thesis considers this problem in three stages as shown in Figure 1.2:
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Figure 1.2. The three stages of the proposed approach.

(i) First, each place needs to be efficiently represented - taking all of the incoming
sensory data into account. In particular, topological place representation based
on sensory data from typical sensors and varying modalities is investigated. A
model based on the previously developed bubble space is developed [6].

(ii) Second, the robot needs to have an accumulated knowledge base of places that
it can refer to and update throughout its operation. The first means of acquir-
ing this knowledge is through the direct experience of the robot. A topological
spatial cognition (TSC) model is developed. An integral part of this model is the
long-term spatial memory where knowledge of places and their spatial relations
are retained in separate, but related parts. The processing part enables each
robot to detect places, recognize them or learn them as necessary in a completely
unsupervised, incremental and organized manner. Throughout this processing, it
continually builds up and uses its long-term spatial memory simultaneously.

(iii) Alternatively, it can acquire this knowledge from other robots [7]. As such, topo-
logical spatial cognition problem from the perspective of a multirobot system is
considered. In this case, the problem of expanding each robot’s spatial cognition
using other robots’ knowledge is addressed. A model that enables each robot to

merge its spatial memory with those of other robots is proposed.

1.1.1. Place Representation and Recognition

Place representation and recognition is a very active research area [6,8]. The

approach developed in this thesis is based on previous related work on bubble space and



attentive vision [9]. However, differing from that work, the robot is not assumed to look
around attentively. Rather, it processes the whole scene. Furthermore, multiple sensory
cues (laser,vision) are used instead of a single sensory cue. As such, the performance
of different feature sets are analyzed to find optimal feature set that improves both

computation and recognition performance.

1.1.2. Topological Spatial Cognition

An integrated model of autonomous topological spatial cognition is developed.
This model consists of a continuum of representation, place detection, recognition,
learning and mapping. The place memory organizes the learned places in a hierar-
chy based on their appearance-related similarities based on previously developed work
while the topological map simply encodes their spatial relations. The processing mod-
ules operate together so that the robot builds its spatial memory or utilizes it in an
organized, incremental and unsupervised manner. The developed approach is tested

both on benchmark data sets and in real-time.

1.1.3. Merging of Spatial Memories

Once each robot builds up its own long-term spatial memory, it then considers
expanding it via merging of spatial memories. A model that enables each robot to
merge its spatial memory with those of its teammates is proposed. Once a robot
receives the spatial knowledge of the other robot, it first merges its place memory with
that of the other robot using a modified version of ‘RACHET’ algorithm for distributed
hierarchical clustering [10]. It then incorporates other robot’s map memory into its own
via adding the new spatial relations as appropriately. This approach is implemented

and tested on real robot data.

1.1.4. Contribution

The major contributions of this thesis are as follows:



(i) The existing work on place representation and detection is extended further to
work without attentive vision and with multiple sensor modalities. Furthermore,
an extensive evaluation of different feature sets are performed for finding optimal
recognition performance [11].

(ii)) A completely autonomous model of topological spatial cognition is developed.
An integral aspect of this model is the concept of a ‘place’ that is is defined to
be a collection of appearances sharing common perceptual signatures or physical
boundaries.

e Places are detected using a novel place detection approach [12]. Its novelty
is that ensuring sensory data reliability is integrated with place detection.

e A new approach to place recognition that explicitly considers long-term
memory and the retrieval of knowledge from it is developed [13]. In this
model, depending on whether has some knowledge of its whereabouts or
not, its search in its long-term place memory proceeds differently.

e A model of long-term place learning that has been previously developed in
[14] is completely integrated with representation, detection and recognition.

e A model of topological mapping using place memory is developed.

(iii) A novel approach for merging long-term spatial memories of multiple robots is
developed. This approach allows each robot to merge its existing memory with the
memories of any number of robots via considering them as wholes or in portions

in a decentralized manner.

1.1.5. Organization of Thesis

The rest of this thesis is organized as follows.

The first problem is considered in Chapter 2. The previously proposed bubble
space is adapted for place representation while processing the whole of the scene and
with multi-modal sensory data. For the interested reader, a brief overview of bubble
space is given in Appendix A. The performance of this model with varying feature
sets is evaluated in a set of recognition experiments as to determine the optimal set of

sensory features. Furthermore, recognition results with different combination of data



sets are given in Appendix B.

In Chapter 3, the topological spatial cognition (TSC) model is presented. Spatial
knowledge that is comprised of two separate, but related parts - namely learned places
and their spatial relations. The former is retained in the robot’s place memory while the
latter is encoded in the (topological) map memory. Places are detected while ensuring
sensory data reliability via checking for informativeness, coherence and plenitude using
only the bubble space representation of the incoming sensory data. They are recognized
based on place memory with memory traversal varying depending on whether the robot
knows where it is coming from or not. In case the robot does not recognize a place, it
learns and maps it at the same time. The model is extensively evaluated using both
benchmark data sets and real-robots. For the interested reader, the details of Jaguar

Robot Team are explained in Appendix D.

In Chapter 4, a novel approach for merging long-term spatial memories coming
from different robots. The problem is considered as the merging of appearance-based
It is assumed that each robot has its individual spatial knowledge. In the merging
process, each robot communicates with each of the other robots one-by-one and receives
the spatial knowledge of the other robot . Once this is over, it first merges its place
memory with that of the other robot using a modified version of ‘RACHET” algorithm.
It then incorporates other robot’s map memory into its own via adding the new spatial
relations as appropriately. The proposed approach is extensively tested on real-robot

data.

The thesis concludes with a brief summary and a discussion regarding future work

as presented in Chapter 5.



2. RGB-D BASED PLACE REPRESENTATION IN
TOPOLOGICAL MAPS

2.1. Introduction

Place representation is an integral problem in topological map building [15]. Until
recent years, research in this field has mostly focused on using visual or two-dimensional
(2D) laser data. With the newly introduced integrated vision and depth (RGB-D)
sensors such as Microsoft Kinect, it has now become much easier augment visual data

with three-dimensional (3D) depth data.

In this chapter, we propose a new approach to RGB-D sensor based topological place
representation - building on bubble space [9]. In bubble space, bubble surfaces encode
all the features in a manner that is implicitly dependent on robot pose while preserv-
ing their local S?2—geometry. The associated feature vectors (bubble descriptors) are
holistic representations of bubble surfaces in a rotationally invariant manner. Bubble
descriptors have flexibility in integrating different features since its dimensionality is
independent of the number of observations. Furthermore, no data association [16] is
required for finding correspondences among observations taken at different times. The
primary contribution of this chapter is of practical nature in regards to using bubble
space representation for topological place recognition with RGB-D sensors. In this

perspective, its contributions can be summarized as follows:

e First, while bubble space representation is in principal transparent to the type
and number of sensory inputs employed, practically, it has been used only with
visual data [6]. It has not been used with different sensing modalities including
combined usage. In this chapter, it is shown that this framework can easily be
used to integrate two disparate information — namely camera and depth features.

e Secondly, RGB-D sensors have some important drawbacks in comparison to the

commonly used sensors such as the two degrees of freedom camera or the om-



nidirectional camera used in previous work [6]. In particular, their field of view
(~ 60°) is far more constrained than these sensors’ field of views (~ 180°) and
their depth range is limited to typically less than 5 meters with noisy measure-
ments [17]. This has a limiting effect on performance. In [18], it is shown that if
multiple Kinect frames that cover 360° of each robot’s field of view are used in-
stead of a single frame, recognition performance increases nearly 30%. However,
it may not be practical to turn the robot around itself for every visited base point
or to deploy multiple number of Kinect cameras. In this work, we show that it
is possible to obtain reasonable recognition rates even with limited field of view
and resolution sensing.

e Finally, in many applications, the robot may be endowed with limited compu-
tational (memory and processing) resources. In order to be applicable in such
scenarios, it should be possible to have acceptable recognition even with a very
simple set of features. In this work, we consider this and show that the resulting
performance is good - even with a limited set of features. Of course, as expected,
a more comprehensive set will yield improved recognition rates. Hence, depend-
ing on the robot’s computational capabilities, more extended and/or complex
feature sets such as Harris-Laplace feature [19], SIFT descriptors [20], SURF de-
scriptors [21], fingerprints [22] and biologically motivated filter responses [23] can

easily be used instead.

In summary, we show that bubble space representation can easily be used to combine
RGB and depth data while affording acceptable recognition performance even with
limited sensing capabilities and simple features. The advantage of RGB-D sensing in
bubble space is due to the fact that the associated feature vectors encode both sensory
observations and their relative S? geometry. Hence, the rich 3D spatial information
contained within the 3D depth data is not lost while allowing easy integration of data
from different sensing modalities. For place learning and recognition, we use a stan-
dard supervised learning approach - support vector machines (SVM) in conjunction
with bubble descriptors. During learning, as the robot collects RGB-D data at various

viewpoints from each place, it simultaneously constructs the set of bubble surfaces and



then the associated bubble descriptors. These are then encoded in its memory using
multi-class SVM. For recognition, it is given RGB-D data of one of these places —
possibly with varying viewing conditions such as its viewpoint, illumination or a com-
bination of both. Its decision making is based on comparing the currently constructed
bubble descriptors with those of previously learned places in the SVM framework. Our
experimental results with two datasets demonstrate that even with constrained field of
view and resolution, relatively high recognition rates can be achieved with relatively

low computational requirements.

The rest of this chapter is organized as follows. First, we give a review of the
related literature in Section 2.2. In Section 2.3, we explain its usage with RGB-D
data. Place learning and recognition based on bubble descriptors and multi-class SVM
is explained in Section 2.4. Experimental results with benchmark RGB-D datasets
are discussed in Section 2.5. The chapter concludes with a brief summary. A short

overview of bubble space for completeness in Appendix A.

2.2. Related Literature

While geometric models for place representation enable explicit modeling of free-
space [17], topological representations are believed to be “cognitively more adequate”
[24] as they are more compact and amenable to communication. These representations
can be categorized as purely vision based, depth based and vision-depth integrated

approaches. In this section, we review related work with respect to each category.

2.2.1. Vision Based Representations

Vision based topological representations can be categorized into object-based and
appearance based approaches. In object-based approaches, places are defined based on
the occurrence statistics of objects in these places [25]. However, as object detection
has remained to be challenging, these approaches have problems in generalizing to new

environments [26]. The alternative appearance based approaches are based on global



configurations in the observed scenes [26].

Appearance based approaches are grouped into two categories. In context based
appearance approaches, the incoming images are encoded directly such as using image
patches [27], applying various transforms [28,29] or decomposing into eigen-images [30].
Another approach is to construct descriptors such as color histograms [15], histogram
of oriented uniform patterns [26] or the colored pattern appearance model [31]. Al-
ternatively, in landmark-based appearance approaches, a set of image features such
as Harris-Laplace features [19], SIFT descriptors [20] and SURF descriptors [21] are
first extracted. Robustness can be improved by using a mixture of local and/or global
cues [32-34]. In some work, these features are used in generating the final representa-
tion [35,36] in order to minimize sensitivity to local variations in the incoming images.
The most popular approach is bag-of-features representation [37]. Due to their high di-
mensionality [38,39], approaches such as tree-structured Bayesian network and Chow
Liu algorithm have been used for speeding the matching process [40,41]. However,
learning visual vocabularies remains to be challenging [40]. Moreover, only appear-
ances of features are used and their relative spatial coordinates are discarded [42].
In [9], bubble space has been proposed as a novel representation for places in topolog-
ical maps. In this work, we use bubble space for representing places based on RGB-D

data.

2.2.2. Depth Based Representations

3D depth sensing based approaches for place recognition has remained very lim-
ited due to the complex nature of 3D sensing apparatus. From the mapping perspective,
the three predominant data types for 3D depth data are Cartesian points, Cartesian
point clouds and triangle meshes in either explicit or implicit forms [43] - which are
all of metric type. Initial work has used the metric data directly [44], however the
enormous number of points make the model reconstruction and the object recognition
difficult. Compression schemes such as Gaussian regression are used to compute effi-
cient surfaces [45] or feature-based sampling schemes [46] can be used to reduce the

data considerably.
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Alternatively, topological approaches attempt to alleviate this problem via con-
verting the data into intermediate compact representations such as normal distribu-
tion transform used for appearance descriptors in [47], point feature histograms [48] ,
features based Laplacian of Gaussian [44], NARF features and bag of words (BOW)
approach [49] and rotational invariant descriptors [50]. In all, while structural informa-
tion is preserved locally around each cell of 3D depth data, the holistic relations among
them are lost since these representations do not encode the relative geometry existing
among the individual descriptors. These representations have been mostly used in 3D
depth sensing based place recognition to detect loop closures for SLAM applications.
Let it be noted that loop closure problems differ from place recognition problems as
they rely on using additional information such as motion model and the sequentiality
of incoming sensory data whereas such information is not used in place recognition

problems.

2.2.3. Vision & Depth Based Representations

The integration of vision and depth data has been considered in order to combine
their advantages while overcoming individual limitations [8]. Initially, this has been
done with custom apparatus that combine cameras and 2D laser range finders. In these
systems, feature vectors are constructed as to encode information from both sensing
modalities [51-55]. With the recently introduced RGB-D sensors, the integration of the
visual and depth data has become easier while allowing for richer representations of the
environment. As this is a relatively new sensor, work is still in progress. One notable
exception is associated with ImageClef 2012 Robot Vision Challenge that aims at place
classification based purely on Microsoft Kinect data. Baseline results are presented
via integrating HOG features obtained from visual data and NARF features obtained
from depth data within OI-SVM cue integration framework [56]. A combination of
SIFT features and color histograms based purely on RGB data is used by the third
ranked approach [57]. The winner approach uses Fisher vector [58] obtained from
SIFT features for both luminance and depth channels and linear classifiers [59]. The

related, but slightly different problem of place categorization is considered in [60] where
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1 =X

Figure 2.1. Visual filters. Left to right: Color, vertical, horizontal, hyperboloid, polar,

cocentric filters. The first three are considered for the case of visual filters with

N; = 3. All are considered for the case of N; = 6.

histograms of local binary patterns obtained from intensity and depth images are shown

to achieve high categorization rates.

2.3. Features, Bubble Surfaces and Descriptors

The descriptor can be formed using one or several of the representations that
have been developed. Here, we use bubble descriptors' [6]. However, the proposed
model is in no way dependent on this particular choice and thus can be used with any

other kinds of descriptors — as preferred.

The choice of sensory features £ will vary depending on the task at hand. As
discussed earlier, in many applications, the robot may be endowed with limited compu-
tational (memory and processing) resources. In order to be applicable in such scenarios,
it is preferred to work with as simple set of features as possible. Of course, depending
on the robot’s computational capabilities, the feature set could be extended to have
a greater number of features that are also more complex. In particular, we consider

varying sets £;, 1 = 1,...,5 of sensory features as follows:

(i) £1 - Limited visual features only with N; = 3: The sensory features ¢;(b,1),

i=1,2,3 encode color (hue) and responses to vertical and horizontal filters as

1Bubble descriptors have been shown to be flexible and robust as they are able to incorporate any
number of observations while preserving their relative S? geometry and being rotationally invariant.
Furthermore, this representation can be used throughout all the remaining processing components as
well as in the long-term spatial memory. For the interested reader, bubble space is explained briefly
in Appendix A.
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shown in Figure 2.1.

(ii) Lo - Extended visual features with N; = 6: The sensory features ¢;(b,t),i=1,2,...,6
correspond to color (hue) and responses to Cartesian (vertical, horizontal) and
Non-Cartesian filters (hyperboloid, polar, cocentric) filters as shown in Figure
2.1.

(iii) L3 - Depth only with N; = 1: and ¢;(b,t) denotes the measured distance.

(iv) L4 - Integrated limited visual features and depth with N, = 4: The sensory
features ¢;(b,t), i=1,2,3, correspond to the three visual features while g4(b,t) is
the depth value.

(v) Ls - Integrated extended visual features and depth with N; = 7: The sensory fea-
tures ¢;(b,t), i=1,2,...,6 correspond to the six visual features and ¢;(b,t) denotes

depth value.

The color feature is computed based on hue value. The remaining visual features are
obtained via applying a set of corresponding visual filters. The construction of visual
filters is as explained in [23]. All the visual filters are placed into kernels of size d x dy
where dy is determined by considering the properties of foveal vision [61]. As foveal
vision is associated with a narrow visual field, accordingly, we use a small kernel of size
dy = 2.5°. The corresponding filter size is determined via mapping the kernel size to
the camera image plane based on its resolution and field of view. For example, with
a 640 x 480 resolution and 54° horizontal field of view, the corresponding filters are of

dimension 30 x 30.

For all features used, bubble surfaces are constructed with the number of harmonics
H, = Hy = 9. For a sample base point, the input visual and depth data are as shown
in Figure 2.2(top-left) and Figure 2.2(top-center) respectively. As discussed earlier,
Kinect sensor has a fairly narrow field of view in both the pan (f; € [-28.9°,28.9°])
and tilt (fy € [—21.6°,21.6°]) directions. Hence, in comparison to commonly used
sensors such as the pan-tilt heads, omni-directional cameras or 2D wide angle depth
scanners, much smaller portion of the bubble surface is deformed. This implies that

each bubble surface encodes comparatively less amount of information.
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Figure 2.2. Sample sensory data at a base point. Top-left: Visual data; Top-center:
Depth data; Bubble surfaces corresponding to different sensory features. Top-right:
Visual feature 1 (color); Bottom-center: Visual feature 2 (Vertical filter response);

Bottom-center: Visual feature 2 (Horizontal filter response); Bottom-right: Depth.

Bubble surfaces are then transformed into bubble descriptors. The dimension of
each bubble descriptor varies depending on the size of feature set £; and the number
of harmonics associated with the bubble surfaces. When using only visual features £,
or Ly, bubble descriptors I(x,t) are of dimension N; = 300 and N; = 600 respectively.
When using depth data only, N; = 100. In case of integrated visual and depth data,
bubble descriptors are of dimension N; = 400 and N; = 700 for £4 or L5 respectively.

2.4. Learning Places & Recognition

Let us suppose that the robot is to learn a set of places denoted by P =
{1,...,p*}. Suppose also that at each different place p, the robot goes to M, different
base points and generates a set of bubble descriptors Z, = {I(z;(p)) | j =1,..., M,}.
In learning mode, the bubble descriptors are organized in a supervised (manual) man-
ner. In particular, we use one-against-one SVM for learning and recognizing places in

which Ng = % binary SVM classifiers are trained to classify places.
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Figure 2.3. Recognition in bubble space.
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In this framework, the problem of place recognition is defined as assigning a given
representation (bubble descriptor in our case) to one of previously learned places g € P
or possibly designating it as a new (previously unknown) place based purely on this
representation. Purely sensory data is used without any consideration of the robot’s

motion model, odometric data or the sequentiality of the incoming sensory data.

Suppose that the robot comes to a base point z;, it starts to perceive the environment
and constructs a bubble descriptor I(z;) as shown in Figure 2.3. Using the trained SVM
classifiers, the probability &,(/(x;)) of being from each place p € P is computed [62].

The decision rule is based on the computed probabilities:

P €argmax, §(I(x;)) P>

0 otherwise

where 7 is the confidence threshold that is selected by the user. If 5 = 0, this means
that the current base point cannot be classified. In place recognition with only visual

data [6], bubble space representation has been shown to have better recognition rates
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compared to HIST [15] or classic Bag-of-Words (BoW) [37] while having comparable
rates with extended-HCT (e-HCT) [63] and CPAM [31].

2.5. Experiments and Discussion

The proposed approach has been experimentally tested using two benchmark indoor
RGB-D datasets. 1ibSVM library is used for SVM implementation [64]. Optimal SVM
parameters for the experiments are found using iterative 5-fold cross-validation. All
the processing is done on a Linux based computer with 16 GB RAM and Intel Xeon
3.6 Ghz Quad Core Processor.

2.5.1. ImageClef 2012 Dataset

The first dataset is an indoor dataset recorded for ImageClef 2012 robot vision chal-
lenge. The dataset is recorded with a Microsoft Kinect sensor which is placed on a
mobile robot that navigates through p* = 9 different indoor places as shown from sam-
ple base points in Figure 2.4. The image frames are of size 640 x 480. The 3D depth
data for each frame was encoded as a 2D image and converted to 3D point cloud by
using supplied script [65]. There are 3 different learning sets. The first two of these
sets have been obtained during daylight conditions with 2667 frames and 2532 frames
respectively. Five frames from the first set are discarded as they do not have depth
data. Their respective trajectories are the along the same route - although in reverse
directions. The third set is collected in night conditions and has 1913 frames. While
training conditions change, testing is always done with the same data that has been
obtained at night conditions with 2441 frames. The optimal SVM parameters for this
experiment are found as v = 2, and ¢ = 8 using iterative 5-fold cross validation. The
problem is made more recondite by two data related issues: The discretized form of
the depth data implies lower resolution and thus lower quality. This fact can be seen
in Figure 2.2. In the camera image it can be seen that there are containers in front
of the wall and the wall is not completely flat. However in 3D point cloud, these con-
tainers are barely detected and wall is seen as if it is completely flat. Secondly, the

data collection is done with the Kinect sensor oriented towards the floor as shown in
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Figure 2.4 which in turn tend to be flat and similar to each other and hence have lesser

number of distinguishing features.

(a) Corridor

(g) Technical Room (h) Visio Conference

(1)

Figure 2.4. p* = 9 places in ImageClef dataset.

We first study the trade-off between recall and precision rates via varying the threshold
parameter 7 € [0, 1]. First, this is done via considering only limited visual features L,
only depth £3 and integrated feature set £, for different combinations of training data.
The results are as given in Figure 2.5. The same procedure is repeated for only extended
visual features L, only depth L3 and integrated features L5 - resulting in performance

as shown in Figure 2.6.

With daylight training, using only limited visual features £, has the worst performance
with maximum achievable precision rate of 41% and the corresponding recall rate of
0.7%. The additional visual features clearly boost the success rate for vision-only
sensing as the maximum achievable precision rate becomes 96% with 1.2% recall rate
for L£5. The results for depth only sensing L3 is low as expected due to low quality
of the data as explained earlier. However, they are better compared to that obtained

with using only visual features £4. This indicates that when there is a dramatic change
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Figure 2.5. Precision-recall curves for ImageClef data with only limited visual
features L1, only depth L3 and integrated set of features £,. Left: With daylight
training; Middle: With night training; Right: With daylight-night training.
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daylight training; Middle: With night training; Right: With daylight-night training.
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in lighting conditions, some visual features may become less reliable than depth data.
The performance of L, is also better compared £; which both use the limited visual
features. The best performance is attained with combined extended visual and depth
data - namely L5. In this case, the maximum achievable precision rate is 100% with

1.1% recall rate.

If the robot is trained with night data, it is observed that 100% precision rate
with 1.1% recall is achieved using visual features L. If precision is reduced to 80%,
the recall rate goes up to nearly 40% for visual features £, and to 70% for extended
visual features L£5. Using only depth data L3 yields a lower success rate compared to
only visual data case - as its maximum precision is 78% rate with a recall rate of 0.75%.
The integrated vision and depth data is comparatively much better with a maximum
precision rate of 98% with 2% recall for £, and 100% with 1% recall for £5. At 80%

precision, recall rate increases to 60% and 80% for each respectively.

For the daylight-night combined training, the results are better than the daylight only
case but not as high as solely night training. With visual features only, a maximum
precision of 92.7% with 1.7% recall is achieved for £; while the corresponding perfor-
mance for Ly is 98% precision with 3.6% recall. The depth-only £3 has much lower
achievable precision rate of 67% with 0.7% recall rate. The integrated case achieve a
maximum of 91.1% precision rate with 2.3% recall for £, and 99% precision rate with
4.1% recall for L5. For this training set, the vision-only and integrated case achieved

very similar results while depth-only case cannot get close.

As expected, the confidence threshold 7 is critical to the performance of the system.
When 7 is high, the system behaves very conservative and leaves many samples as
unclassified. While this leads to a significant increase in precision, recognition rate
drops because of the high unclassification rate. If we decrease the threshold too much,
then the system becomes too loose and as a result precision decreases. The best choice
is to tune the parameter close to the middle range to make the system well-balanced

such that the highest scores can be achieved most of the time.
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Table 2.1. Comparative performance statistics (NA = Not available).

BuS
Feature Set L4 Ls
Max. ImageClef Score 874 | 1133 | 2071

R&S

Max. recognition Rate (%) 65 90 NA

(with precision=75%)

Feature extraction time (ms/frame) 400 | 600 | 1320
Feature dimension 400 | 700 | > 80 x 2048
Daylight data | 1.4 )
Learning time (min) Night data | 0.25 1 198

Combined data 3 10

Daylight data | 404.3 | 610
Recognition time per frame (ms) Night data | 401.6 | 603.6 | 1340
Combined data | 406.5 | 613

We also present a comparative study of bubble space representation (BuS) with the
winner approach (R&S) [59] in the ImageClef 2012 competition as given in Table 2.1.
The bubble descriptors are constructed using two alternative combined visual and
depth feature sets — £, and L5 respectively. The ImageClef scores are 874 and 1133
respectively for each case. Both are above baseline results given in [56]. While this is
lower than the top score of 2071, the performance with feature set L4 ranks seventh
while that with L5 ranks as fifth. However, for real-time applicability there are other
aspects that need to be considered - particularly if the robots are endowed with lim-
ited computational (memory and/or processing) resources. It is observed that feature
extraction step is significantly faster with less memory requirements. Furthermore,
learning times are also much shorter with worst case of 10 minutes as opposed to 198
minutes. With the additional features used in L5, the average increase in the success
rate is around 30% without much performance loss in feature extraction, learning and

recognition times.
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In summary, with RGB-D data, bubble space representation leads to acceptable per-
formance in regards to recognition with comparatively less memory and processing
requirements - which imply better applicability in cases of limited computational re-
sources. As expected, combining visual features with depth clearly boosts performance
compared to vision or depth only sensing. This makes sense since depth data com-
plements visual data. While visual data is sensitive to illumination variations, depth
data is not discriminating among places having geometrically similar structures. By
integrating visual information with depth data, we can get more clues for recognizing
each place. Of course, the quality of the learning data plays a key role in recognition
performance. Our top scores are obtained with night training set which of course best

suits the test set.

2.5.2. Experiment 2: Kyushu University Dataset

The second dataset is recorded in Kyushu University campus [60]. The data is
captured using Microsoft Kinect sensor that is placed on a mobile platform. Based on
the availability of data, we use 11 places consisting of 5 different corridors, 3 different
offices and 3 different toilets. Figure 2.7 shows the office categories as an example. The
data was recorded without temporal continuity which led us to measure the place-wise
performance of our method instead of general classification performance. Optimal SVM
parameters are found to be v = 0.5 and ¢ = 8 using iterative 5-fold cross validation.
We again study vision only, depth only and integrated vision-depth sensing. The
experiments are repeated 5 times for vision only, depth only and integrated vision-
depth sensing. At each experiment, 45% of the available dataset of 817 is randomly
selected for testing. The remaining 448 points are used for learning. £, L3 and L4

feature sets are used for this dataset.
First, we present confusion matrices in Tables 2.3 and 2.4. Performance is very high
with little confusion among different places for all sensor modalities. The small per-

centage of confusion is among different places of same type — such as different corridors.

The average of the obtained precision and recall rates are given in Table 2.5. With
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Figure 2.7. Left to Right: Different offices in Kyushu University dataset.

Table 2.2. Confusion matrix for Kyushu University dataset: L£; feature set.

Place Recognized As (%)
Cl|C2|C3|C4 |C5/01] 02 |03|T1|T2|T3
Cl |99 | 1 0 0 0 0 0 0 0 0 0
C2 1199] 0 0 0 0 0 0 0 0 0
C3 0 0196 ]| 3 1 0 0 0 0 0 0
C4 0| 0] 0]100]| 0 0 0 00| 01]O0
C5 0 1 1 0 1971 0 0 00| 01]O0
01 010710 0 5195 0 010070
02 010710 0 0 0 (100 O | OO ]| O
03 010710 0 0 1 0 1991 0| 010
T1 010710 0 0 2 1 0194 2 | 0
T2 0|0 1 0 0 0 0 03 1]93] 4
T3 010710 0 1 1 1 0 1 4 |92

depth only L3 sensing, both the recall and precision rates are around 90%. These rates
go up to 96% when integrated vision and depth sensing £ is used. Likewise, vision only
L1 sensing performs strongly which has nearly the same results as integrated sensing.
Results using only single frame depth data are reported in [18] with an overall success
rate around 60% for indoor place recognition. Although the dataset is not the same,

our results are very promising in comparison.

Interestingly, these rates are much higher as compared to our results of first experi-
ments due to 3 primary reasons. First, in contrast to the ImageClef dataset, the 3D
point cloud data is available in its original format and thus has relatively high quality.

Secondly, overlapping or transient scans between places is minimal or none since the
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Table 2.3. Confusion matrix for Kyushu University dataset: L3 feature set.

Place Recognized As (%)

Ci|Cy| C3 |Cy|C5101 |0 05| T, | T | T
Cy |92 5 0 3/]0(0)0[0]0]O0]O0
Cy 7193 0 0jo0f{oj0[0]0O]O0O]O0
Cs 0] 0 |100 oOjo0ojojo0o[0]0]O0
Cy 010 0 1990|000 1|00
Cs 010 1 5|81 0|00 ]5]0]1
Oy 010 0 010 (8|1 |9]6]0]0
O, 010 0 0101293 01]0]0]5
Os 010 0 0107|192 0]0]0
Ty 010 0 0104|0087 4]|5
T, 010 0 0101231019 |75 11
T3 010 0 07102 ,)1]0)]6]|10,81

Table 2.4. Confusion matrix for Kyushu University dataset: Integrated vision-depth

sensing L.
Dlace Recognized As (%)

Ci|Cy| C3 | Cp |C5101| Oy |O3|Th | Ty | Ty
Cy 199 1 0 0 010 0 01011 01]0
Cy 2198 0 0 010 0 01011010
Cs 0] 0 100] O 010 0 071011 01]0
Cy 0] 0 0 |100] 0 | O 0 071011010
Cs 010 0 3 196 0 0 0 1 010
o) 010 0 0 098] 1 1 0010
Oy 00 0 0 00100 OO0 |O0]O
Os 00 0 0 016 0 |94 0] 0|0
Ty 00 0 0 010 0 0194] 2 | 4
T, 00 0 0 010 0 1|12 |89 8
13 00 0 0 010 0 0101|7193

data was recorded without temporal continuity. Finally, the test and training sam-
ples are exactly in the same lighting conditions which simplifies the classification task.
These reasons clearly indicate that the ImageClef dataset is more challenging compared

to this dataset.
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Table 2.5. The average recall and precision rates for Kyushu University dataset with

visual, depth and integrated data (Note: o represents standard deviation).

Ly Ls Ly
Place Recall % | Precision % | Recall % | Precision % | Recall % | Precision %
C1 99 99 96 92 99 99
C2 96 99 91 93 99 98
C3 98 96 99 100 100 100
C4 99 100 97 99 99 100
C5 94 97 99 88 100 96
01 95 95 82 84 94 98
02 96 100 93 93 99 100
03 100 99 90 92 96 94
T1 97 94 83 87 97 94
T2 91 93 79 75 90 89
T3 97 92 83 81 91 93
Overall | 97, 0=3 | 97 0=2 89 s=5 90 5=>5 96 +=3 97 5=3

2.5.3. Summary

Our experimental results on two different RGB-D data sets suggest that bubble

space representation enables acceptable high recognition rates with acceptable preci-

sion under similar learning and testing illumination conditions. In ImageClef dataset,

recognition rates are around 90% with 75% precision while with Kyushu University

data set they are much higher with 97% recall rate at 97% precision. We attribute this

difference in performance to two data related issues in the ImageClef data set - namely

its compressed form and the orientation of Kinect sensor during data collection. It is

also shown that, the performance can be improved via extending this set. The advan-

tage of RGB-D based BuS representation is to offer extreme flexibility and simplicity

in integrating different sensory features and observations while affording acceptable
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performance even with limited sensing and simple features. Furthermore, results with
ImageClef data sets demonstrate comparatively much lower memory and processing
requirements - which suggest real-time applicability with robots having limited com-

putational resources.

2.6. Conclusion

In this chapter, a new approach to RGB-D based topological place representation
- building on previously proposed bubble space is proposed. In this framework, RGB
and depth data are easily integrated via bubble descriptors. Bubble descriptors are
feature vectors that simultaneously encode the associated visual and depth features as
well as their relative S?-geometry. Any number of feature observations associated with
the two modalities can be added without changing its dimensions. Furthermore, with
bubble descriptors, finding correspondences among observations from a single sensor
taken at different times is no longer required. After a supervised learning stage, the
robot can use the bubble descriptors computed based on current RGB-D data in order
to recognize the place it is - among the predefined set of places. Our experimental
results on two datasets along with comprehensive analysis demonstrate that even with
very simple features and limited field of view, acceptable recognition rates can be
achieved with very low computational (memory and processing)requirements. These

results suggest real-time applicability of RGB-D based bubble space representation.
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3. TOPOLOGICAL SPATIAL COGNITION

3.1. Introduction

With topological spatial approaches, the continuous world is viewed as a discrete
set of places and their spatial relations. A ‘place’ is defined as a collection of appear-
ances sharing common physical or perceptual boundaries [12,66,67]. The key moti-
vation is that visual data from a single location will not encode all the place related
knowledge. This definition differs appearance-based or topological SLAM methods
where each location is considered separately as a place [35,68,69] or a representative
location (key-place) is selected after grouping visual data from different locations [70].
In the former, key-frames do not necessarily represent distinct ‘places’ since their selec-
tions are typically arbitrary while in the latter, key-places may not encode all the place
related knowledge since they are defined by the midpoint frames of the associated clus-
ters. Furthermore, the resulting spatial knowledge is thought to be more consistent
with human-like definitions that are associated with higher-level symbolic reasoning
and semantic analysis [25]. However, topological spatial cognition has proven to be a
challenging task as it encompasses a multitude of processing components - each with a

complex functionality itself - that need to be working together in an integrated manner

This chapter is focused on endowing a robot with topological spatial cognition.
The contribution of the chapter is to present an integrated model as shown in Figure
3.1. In this model, a place inherently spans visual data from multiple locations sharing
common perceptual boundaries. As the robot navigates around, distinct places are de-
tected via monitoring coherent parts of the incoming visual data stream while pruning
out uninformative or insufficient data. Detected places are then either recognized or
learned as necessary and their spatial relations are mapped. The novelties of the model

are two-fold:

e First, it explicitly incorporates a long-term spatial memory that stores two sep-
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arate, but related types of knowledge: places and spatial relations. A place
memory organizes all the learned places based on appearance in a hierarchical
tree structure while the topological map (memory of spatial relations) encodes
their spatial relations.

e Second, the processing modules operate together so that the robot is able to build

its spatial memory in an organized, incremental and unsupervised manner.

Let us note that while there has been extensive work on spatial cognition, to the best
of authors’ knowledge, none of the existing models consider long-term spatial memory
where each place is viewed as a collection of locations and where this memory evolves
in an organized, incremental and unsupervised manner. As such, the robot is able
to build an environmental representation that is amenable for higher-level symbolic
reasoning and semantic analysis. Thus, the proposed model constitutes a step forward
towards having robots that are capable of understanding their surroundings and hence

interacting intelligently throughout (possibly life-long) operation.
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Figure 3.1. Topological spatial cognition model.

The outline of the chapter is follows: First, we review related work in Section 3.2.

The long-term spatial memory is formulated in Section 3.3. Place detection is explained
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in Section 3.4. This is followed by the remaining three components - namely place
recognition in Section 3.5, learning in Section 3.6 and mapping in Section 3.7. The
model is evaluated with an extensive sets of experiments in both indoors and outdoors
settings along with discussion of comparative results with related work in Section 3.8.

The chapter ends with a brief summary including future directions.

3.2. Related Literature

Spatial cognition has been receiving significant attention in robotics. It is ob-
served that most work have focused on the processing aspect of spatial cognition. The
proposed systems can be categorized depending on whether they use loop closure or
recognition for recall. Loop closure methods are usually associated with SLAM ap-
proaches that use metric data and maps. In these approaches, each location is viewed
as a place on its own and as such they do not provide a basis for semantic analysis and
higher level, symbolic reasoning [71-73]. Furthermore, both memory and processing
requirements become extremely high in large environments. On the other hand, recog-
nition methods are used with topological reasoning as is the case in the proposed work.
Topological reasoning is in general more efficient, however it needs to be accompanied

by learning and recognition.

There are three aspects to learning: knowledge organization, incrementality and
supervision. We humans are believed to organize the learned knowledge in a hierar-
chical manner using spatial or semantic attributes [74,75]. Accordingly, knowledge
representation is integral to the robot’s spatial cognitive abilities [76]. The efficiency of
knowledge storage and retrieval directly affects performance. While the proposed ap-
proaches all maintain some representation of spatial knowledge, these representations
are usually specific and implicitly defined. For example, with loop-closure methods, if
all the visited locations are recorded and need to be matched against, scalability may
be difficult. Thus, the matching mechanisms rely on additional knowledge such as the
robot’s previous whereabouts in order to alleviate perceptual aliasing [40]. Similarly,
recognition efficiency may be affected if the current place model needs to be compared

with all the learned place models one-by-one [25,67,70,77]. Again, the process is im-
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proved by having the robot know its current whereabouts on the topological map [71]
- possibly using additional odometric data [78]|. Spatial Semantic Hierarchy is one of
earlier models that addresses knowledge representation via a multitude of interacting
qualitative and quantitative representations [79]. This model has been generalized to a
spatial knowledge abstraction framework where local metric maps are related to higher
level topological representation [80]. The different levels of abstraction have been ex-
panded to allow spatial categorization [81]. A model consisting of sensory, place, cate-
gorical and conceptual layers enables the full abstraction of knowledge while considering
uncertainties and knowledge fusion from multiple sources [76]. The second aspect per-
tains to how the data is presented. Batch methods assume all the learning data to be
available [9,52,81-84]. Learning needs to be repeated from scratch if the robot needs
to learn new places. Alternatively, with incremental methods, the knowledge base is
gradually built and thus new places are naturally accommodated [40,67,78,85]. For
example, a probabilistic place model with incremental update is proposed for learning
places and detecting loop closures [40]. An SVM classifier pre-trained with a number
of visual categories is incrementally updated with new training examples [85]. Finally,
supervised approaches rely on semantic information such as place labels being exter-
nally provided [9,52,77,81,83,84,86] In contrast, unsupervised approaches do not rely
on external guidance and aim to learn from unlabeled data [66,67,70,78,87-90]. Fewer
work consider incremental and unsupervised learning simultaneously. For example,
GMMs that combine visual and odometric data are used to build place models in-
crementally without any supervision [78]. In [67], places are detected and recognized
in an unsupervised and incremental manner as the robot explores the environment.
Dirichlet Process Mixture Models are used to learn place models in an incremental
and unsupervised fashion in [90]. An approach that integrates dynamic vocabulary
building, incremental topic modeling and topic space clustering is proposed to detect
and recognize places in an incremental and unsupervised manner [70]. Interestingly,

none of these work consider explicitly knowledge organization together with learning.
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3.3. Long-Term Spatial Memory

The long-term spatial memory is a record of past experience and thus plays a key
role in the effective storage and retrieval of knowledge. There are two types of learned
knowledge - places and their spatial relations. Since they are of different nature, each

is stored in a different part of the memory.

A place memory organizes the set of learned places P in an hierarchy based
on appearance-related similarities [14]. The place memory hierarchy is defined by a
nested sequence of partitions of P as inferred from the visual data and is viewed as
associating a set of appearance-related attributes. As there are no externally provided
labels expressed in natural language such as “kitchen” or “Saar building”, it is not
possible to expect such explicit label assignments [91]. with the learned places. The
first level corresponds to the first attribute and the last level corresponds to the ny—th
attribute. Each node N is associated with a set of places P(/N) C P that are viewed as
sharing a set of semantic attributes a(N). As parent attributes are propagated to the
children, a(N) is iteratively defined a(N) = [ a(NNHT @ (N) ]T where a(NT) denotes
attribute vector associated with its parent NT and a;(V) is the distinguishing attribute
of node N. As the level increases, so does its specificity. As such, each terminal node
is associated with one maximal set of attributes and is viewed as corresponding to a
distinct place. Thus, each node N except the root node with a discriminant function
dy which measures the likelihood of a detected place D,, that is associated with a;(V)
as its [—th attribute given that its first (I — 1) attributes are given by the parent node
a(NT). Each discriminant function is constructed based on one-class SVM [92]. As
such, the place memory enables efficient retrieval and update of learned knowledge.
Furthermore, the hierarchical propagation of attributes provides a basis for semantic

analysis and understanding.

In parallel, topological map stores any observed spatial relations among different
places - similar to [66,93]. It is defined by an evolving undirected graph G = {P, E'}
with nodes P and edges E. The nodes correspond to the different places while edges

represent the adjacency relations between the different places. As places are already
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Figure 3.2. Place detection - Partitioning the base points into places. Each collection

D,, of base points corresponds to one distinct detected place.

stored in the place memory, the map simply consists of edges as defined by place tuples
17 € E. Namely ij € E if and only if the robot has navigated from the place 7 to the
place j for 7,5 € P.

3.4. Place Detection

Consider a robot at position ¢ € R? with a heading o € S!. Let z = [ '« }T
be referred to as the ‘base point’. The set X C R* x S! is the base space (all possible
locations and headings). If odometric information is not available or is unreliable, the
coordinates of the base point z will not be known explicitly - as is assumed here. As
the robot goes through a sequence of base points z, with k£ € K, it forms a sequence

of descriptors I(xy) € RM.

Places are detected via the iterative partitioning of the set I so that each cell
corresponds to one distinct place. The partitioning is based on the coherence of the
associated visual data while pruning out data is not informative or of sufficient pleni-
tude [12]. The partition evolves as the robot visits new base points. Let the partition
be denoted by { Dy, ..., Dy,,» } with cells D,, C K indexed by M = {1,...,m*}. As the
partition evolves, the index set M expands. The first cell D, contains all discarded
base points due to low informativeness, low coherency or low plenitude of the data from
them. Each other D,, corresponds to one distinct ‘detected place’. While the distinct-
ness of each place can be enunciated in a set of spatial and/or semantic attributes that

are often expressed in natural language, these attributes are unknown to the robot —
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since it has no external guidance or natural language capability.

The partitioning process is based on identifying maximal neighborhoods and tem-
poral windows. Each maximal window encodes a cluster of base points that are associ-
ated with one detected place while each temporal window corresponds to a transition
region that is not considered as a part of any place. Each base point is added to the
maximal window or temporal window considering the informativeness, coherency and
plenitude of the associated descriptors I(zy), k € K [12]. The descriptor I(z)) may not
be informative due to problematic environmental conditions such as low illumination
or viewpoint (robot looking at a large object or being very close to one). We assume
that this can be measured by a binary valued function ¢ : X — {0,1} that depends
on a priori set informativeness thresholds 7, > 0 and 7, > 0. Coherency is related to
the consistency of sensory data from two from two or more consecutive base points. It
is assumed to be measured by a binary valued function x : X — {0,1} that depends
on a priori determined incoherency threshold 7,.. The final check is for plenitude. The
extent of each detected place as compared to plenitude threshold 7, is an indication of
the amount of information. The specific formulations of these functions will depend

on the descriptors used. With our descriptors, they are as given in Appendix C.

Suppose the robot is at a particular base point z,. Its maximal neighborhood
Q*(k) C K is determined by clustering consecutive base points that are both infor-
mative and coherent. First, let Q' denote 1-neighborhood of base point x; if the

succeeding base point xyy; is informative and coherent:
A
QY (k) = {k+1|c(zpy1) = 0 and k(zpyq) =0} (3.1)

Now, iteratively define the (i + 1) base neighborhood as:

o'k = | U 2
)

jeQi(k

According to this definition, each (i + 1)* neighbor of base x; is informative and
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coherent wrt to some " neighbor of base k. Once the extent of Q" (k) exceeds 7,,
the robot has sufficient sensory data for detecting a place while the recognition module
is activated periodically as explained in Section 3.5. Hence the robot can recognize its
whereabouts - if it is revisiting a previously learned place. Meanwhile, the iterative
process continues (is in progress) until uninformativeness or incoherency is detected -
which implies that Q"1(k) = Q¥(k). Let i* be the corresponding index. Finally the

maximal neighborhood is defined as:

5k

(k) = Q (k)

A temporal window T*(k) C K clusters consecutive base points that are uninfor-
mative or incoherent. Once such a base point is found, a temporal window is initiated
as TV (k):

A
TH(k) = {Gi(k)}
where (i (k) denotes the index of uninformative or incoherent base point closest to x.

Gi(k) £ inf(K' > k | (zw) = 1 or k(zw) = 1) (3.2)

As the robot navigates to new base points, repeated consecutive detection of uninfor-

mativeness or incoherencies extends the temporal window:

Tk = T (k) Uy (K < G0} (3.3)

where (3(j) to be the smallest index that is at most 7, distant to x; while still being

either not informative or incoherent:

¢(9) 2 inf(k' > j |s(ap) =1or k(zy) =1, <k <j+7,) (3.4)
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The incoherency extension threshold 7, defines the number of succeeding base points
that will be checked. If there is at least one uninformative or incoherent base point in
the next 7, base points, then the temporal window is extended to include the index
of the corresponding base point. Thus, each T%(k) th temporal window contains un-

" neighbor of base k. This process is

informative or incoherent base points to some i’
repeated as long as uninformativeness or incoherency is detected in the next 7,, base
points. When it is stopped, then the extent of the temporal window is finalized. Let

1* be the corresponding index.

*

T (k) :=T" (k)

Once a temporal window terminates, the extent of 7%(k) as compared to temporal
window extent parameter 7, is used to decide how to use this knowledge. A short extent
indicates sensing problems which suggests that the associated data simply needs to be
ignored. On the other hand, a long extent signals transition regions which suggests that
the regions before and after the transition region need to be detected as two different
places. In the current system, the parameters 7, and 7,, are set based on the manual

inspection of the sample data as to obtain optimal detection of transitions.

With these two definitions, the partitioning process is defined as an iterative

process with an initialization as follows:

r1 := ki where k; € arg%éi% {k|s(zr) =0 and k(z) =0}

Dy = {k‘/‘k’/<’l“1}; Dy = Q*(T1>

m=1 T*(Tl):@
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where r; € K is the start index of Dy. The iterative steps are expressed as:

rm = max(Dy, max ( U Dj>) +1

j<m-—1
if |T*(rm)| < 7w, then Dy := Dyp_y | J Q" (rm)
else if |T*(rm)| > Tw
Dy := Q¥ (rm)
if [Dp| < 7, then Dy := Dy ) D
elsem=m+1

Dy := Do | JT*(rm)

Here, r,, € K is the start of each maximal neighborhood. The process continues as
long as the robot navigates to new base points z,. A sample place detection scenario
is given in Figure 3.2 using parameters 7,, = 2, 7, = 2 and 7, = 2. There are 3
neighborhoods Q*(k) detected - namely Q*(1), Q*(7) and Q*(11). In this case, all
contain 3 base points. The temporal windows 7%(1), 7%(7) and 77(11) are shown in
red dashed rectangles. The first and third contain 3 base points while 7%(7) contains
only 1 base point. As such, correspond to transition regions that separate two distinct
places while 7%(7) is interpreted as noisy data from a single place. At the end, 2 places
- Dy and D, are detected. The first detected place is Dy = Q*(1) = {1, 2,3} while the
second place is Dy = Q*(7)J Q*(11).

Finally, each detected place D,, is represented distinctly by the corresponding set

of descriptors I(z;), j € D,,. The mean descriptor I,,, is defined as:

_ 1
I, = Do > I(x)) (3.5)

JEDm
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3.5. Place Recognition

In recognition, the robot attempts to map the detected place D,, to a place index
B(Dy,) € P via relating to its long-term spatial memory. Recall that each detected
place D,, is represented by a set of descriptors I(x;) with j € D,, and the mean
descriptor I,,. Place memory plays a key role in this process. The robot traverses
through the place memory in order to find a terminal node that relates to the detected
place. It will be able to find such a node only if the detected place has been previously
visited and learned. Otherwise, there will be no recognition. There are three aspects
to recognition — namely the decision-making at each non-terminal node N of the place
memory, how to traverse the place memory and the updating of place knowledge in

case of recognition.

The decision-making at each node N is based on minimizing a cost function gy
while ensuring that the minimum cost is below the recognition cost threshold 7,.. The
cost function measures how unlikely the detected place D,, is to be associated with
one of children nodes N*. First, let 7(D,,, N) measure the dissimilarity of the detected

place to the places associated with the node based on the respective descriptors:

- 1y 1 _
Y(Dyy N) = || Iy, O] P(N”pepz(m]p (3.6)

The greater this value is, the more dissimilar the detected place to the places associated
with node N. If N+ denotes the children nodes of N respectively, let N'(D,,), N*(D,,) €

Nt to be the two offspring nodes that are most similar to D,, as:

NY(D,,) € argmin s ni 5(Dpm, N') (3.7a)

N*(Dy,) € argminyieni_yi(p,) 7(Dms N') (3.7b)
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Finally, the function gy is defined as:

ox (D) = (Do, NY(Dy)) + j

The first term encodes the lowest dissimilarity between the detected place D,, and
children nodes of N. The second term indicates the reliability of this. If D,, is equally
similar to the two nodes N'(D,,) and N?(D,,) , then this term increases. Otherwise,
it decreases. The third term measure the vote percentage that does not associate D,,
with the node. The vote percentage Vy(D,,) is computed after considering all the base
points D,, and checking whether each is likely to be in any of the places associated

with this node as:
1 )
V(D) = —=— > _ on(j) (3.9)

where vy(j) € {0,1} is the vote for each base z; - depending on the discriminant

function value dy(z;) as:

N — .
0 otherwise

The cost value is checked against a recognition cost threshold .
gn (D) < 70 (3.11)

If 7,. is too small, then the number of places may be too large - thus making the place
memory structure unnecessarily complex. Conversely, if 7. is too large, then place
knowledge may be incorrectly updated. In case this condition is satisfied, depending
on whether N(D,,) is a terminal node or not, either place assignment can be made
or the robot moves to another node in the place memory and the process is repeated.
Otherwise, the place is declared to be unrecognized. When a place is recognized, the
associated terminal node N*(D,,) is updated including member base points, the mean

bubble descriptor Iy: and the corresponding discriminant function.
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The robot uses two alternative strategies for place memory traversal: top-down
depth-first or hybrid (integrated bottom-up and top-down). It switches between the
two depending on whether it has any knowledge of where it is coming from - namely the
last node it was at in the topological map. If the robot has just started operating or has
been kidnapped, then it will have no prior knowledge about the environment. In this
case, all it can do is to employ a top-down, depth-first strategy that starts from root
node and propagates down the place memory until a decision can be reached. At each
node N, gn(D,,) is computed. In case gn(D,,) < 7., the closest child node N*(D,,) is
selected and the process is repeated. If the closest child is a terminal node, D,, is said to
be recognized as 3(D,,,) where 3(D,,) = p where p € P(N'(D,,)). In case gn(Dy,) > T,
the traversal comes to an halt and the detected place is deemed to be not recognized.
If the robot has been operating for a while and has been relating to the topological
map, it can utilize this knowledge and traverse the place memory in a hybrid manner.
Let D,,_1 be the previously detected place that is associated with a learned place
B(Dy,—1) € P. In this case, a good node N to start search in the place memory is the
parent of the node associated with place 5(D,,_1). The robot can then consider other
offspring nodes and see if it can recognize the detected place D,,. Recognition is based
on computing the cost gy (D,,) and checking it against a recognition cost threshold 7,.
Depending on whether gn(D,,) < 7. or not, two alternative decisions are made. In
case this condition is satisfied, D,, is said to be recognized if the most similar child
N' of N is a terminal node which implies that D,, is recognized as p € P(N'(D,,)).
Otherwise, the process needs to be repeated at another node. The next node is selected
via going up one level and considering the parent NT of N. This process is repeated
until either it goes up by an a priori defined search level 7; or D,, is recognized. In
case of the former, the robot starts traversing the place memory in a top-down manner
starting from the last visited node. Hybrid strategy is particularly advantageous if the
structure of the place memory is such that spatially nearby places are organized closer
together in the hierarchy. The place memory traversal parameter 7; affects how many
levels will be searched in a bottom-up manner. If set to a low number, then only a
small part of the place memory will be potentially searched and the robot may not be

able to recognize a learned place. Otherwise, a larger part of the place memory will be
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potentially searched. While this will possibly increase recognition performance, it will
also increase the computational requirements as it may be possibly searching in vain -

even if the place is really unknown.
3.6. Place Learning

Learning aims to store the knowledge associated with visited places for subsequent
referral. It occurs when the robot does not recall the detected place D,,,. Suppose that
the robot has learned p* places — namely P = {1,...,p*}. Initially, the set of learned
places P = () with p* = 0. Through learning, the set P grows with each new place as:

p = p+1

P = PU{p’}
The place label of the detected place is set as f(D,,) = p*.

Places are learned via updating the place memory tree via the appropriate in-
sertion of a terminal node associated with the new place p* + 1. The update is based
on hierarchical single link clustering method SLINK [94] as presented in [14]. Edges
between two different nodes NV and N’ are constructed based on the similarity of the

associated descriptors as measured by (N, N'):

2

/ 1 = 1 _
'y(N,N)—H”D(N)' > Ipfm oI (3.12)

peP(N) pEP(N')

In the SLINK algorithm, the evolving place memory tree is described based on two
iterative functions v, : P — [0,00] and ), : P — P. The value v,(7) is the lowest
distance at which place 4 is no longer the last member in its cluster while 1, (7) is the
index of the last place that joins this cluster at the lowest distance v,(i). When a

new place p* + 1 is inserted into the place memory, the functions vy«41 and ¢4 are



40

computed incrementally:

, 00 i=p +1
) =
min {jpl0), vp(0)} 7 < p" 1
11 i=pal
P P (3.13)
. P+l (i) < (i)
Yt (i) = . ’ , " ,
PP+l pp(p(i) < vy(i)
\ YPp(1) otherwise
Here, p, is defined as:
i) = min {3 (N5 M), i ). ) (3.14)

where IV; and N4 are the terminal nodes associated with places i and p* + 1 respec-
tively. Thus, p,(¢) is defined for ¢ = 1,...,p* and since p,(i) < y(NVi, Npet1), it is
finite for all 7. Note that for number of places p*, the computation of distance function
considers %p* (p* — 1) pairs of clusters with an required storage of order O(p*?). SLINK
algorithm reduces this dependence to order O(p*) - in fact 3p* [94]. The operation com-
plexity is shown to be of order O(log(p*)). Hence, the theoretical order-of-magnitude
bounds for compactness of storage and operation complexity both make the approach

feasible even if the number of places p* approaches well in the range of 10% — 10%.

After the update, the robot re-organizes its memory via simplifying the place
memory. The efficiency of storage and processing of the place memory can be improved
if the resulting tree structure consists of fewer nodes and levels. If the similarity of a
node N to its parent N is high, this may indicate that there is a level redundancy.
In this case, it would be preferable to combine the parent and the children on the
same level. The simplification procedure starts from the bottom and is repeated until
root node. The place memory level threshold 73, controls the extent of merging. When

the value of 7, is high, the tree structure will be simpler with fewer levels. However,
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terminal nodes that are associated with distinct places may be wrongly associated
with the same parent node which can affect the recognition performance adversely.
Conversely, if 75, is low, then the place memory structure will be more complex as
there will be many split levels and corresponding internal nodes. As a result, the
computational cost of learning and recognition will increase. After the place memory
structure is modified, SVM models are updated at the nodes associated with structural

changes.
3.7. Mapping

Mapping aims to store the learned spatial relations that exist among different places.
Initially, when the set of learned places P = () with p* = 0, the topological map is
also empty with G = (). As the robot explores the environment, while P and the
place memory expands, so does the topological map. This is achieved via adding edges

between the consecutively learned places to the map as:

While updating the map, it uses the map and its place memory to determine whether
current detected place D,, was previously visited or not. If the detected place has been
previously visited and learned as B(D,,) € P, this indicates that a corresponding node
already exists in the topological map. The robot checks whether an edge between the
previous place $(D,,_1) € P and current place 3(D,,) exists or not and updates the
topological map accordingly. In case there is no edge (which implies that the robot
is learning the transition from place 3(D,,—1) to place 3(D,,), the topological map is
updated as:

E = E\J{B(Dun-1)5(Dw)}

Note that each edge corresponds to a transition region 7%(r,,) as detected in place

detection. On the other hand, if it is not recognized, a new node corresponding to the
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new place p* is added to the topological map along with a new edge that links the node

associated with the previously visited place and the newly added node:

E = BJ{B(Du1)p}

3.8. Experimental Results

We evaluate the proposed model via studying how a mobile robot’s spatial cogni-
tive abilities evolve in two different sets of experiments. In the first set of experiments,
we use the combined benchmark indoors COLD dataset [95] and outdoors New College
dataset [96] - in order to have our evaluation as extensive as possible. In the second
set, we conduct experiments with the data of our Jaguar robot operating outdoors.
In both, the robot has only visual data from a sequence of base points along a given
path. It is not given any other sensory data. At each base point, the robot encodes the
incoming visual data by a descriptor having dimension N; = 600. The details of this
descriptor are provided in Appendix A for the interested reader. Initially, long-term
spatial memory is empty — namely both the place memory and the topological map
are initialized to be empty. Recall that the model has nine predefined parameters -
six being associated with place detection, one with recognition and the remaining two
with place memory learning. All the parameter values are determined manually prior
to experimentation based on the robot’s camera type and remain fixed once it starts
operating. In particular, the detection parameters are selected as to provide reliable
detection of different space units in the environment. The hardware setup and the
environmental effects such as illumination are taken into consideration while selecting
these parameters. The recognition parameters are selected as to have high precision
- thus some detected places may not be recognized even if they have been previously
visited learned. Once in operation, all the processing is autonomous with no external

intervention.
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Table 3.1. Parameter settings for COLD+NC dataset.

Tu To Tk Tn | Tw | Tp Th Tr T
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3.8.1. Combined COLD and New College Datasets

The COLD dataset consists of visual data from three different sites - Freiburg
Lab (Fr), Ljubljana Lab (Lj) and Saarbrucken Lab (Sa) - with sample scenes as shown
while New College (NC) dataset is from a college campus with scenes as also shown in
Figure A.la. Both are recorded with perspective cameras. Using perspective camera
adds more challenge in terms of recognition since the camera has a limited field of
view. Thus, a scene may possibly look very different depending on the viewing angle
and hence it may not be possible to identify two such views as being from the same
place. The parameter settings are as given in Table 3.1. Their values have been selected
manually as to visually optimize the performance of the associated module. After the
robot’s spatial cognition is activated, it starts processing visual data along its route in

each site consecutively under cloudy illumination.

3.8.1.1. First-Time Visits. The robot’s first-time tour in the Fr site consists of 2146

base points from a route of 100 meters. The place detection module processes these base
points as shown in Figure 3.3a where bases associated with uninformative/incoherent
data or short extents are indicated by blue, transition regions (incoherent regions with
long extents) are indicated in red and detected places are indicated in white. As there
is no metric available, we evaluate the detection performance qualitatively based on
evaluating whether the resulting places correspond to accurate depictions of places.
The robot finds the data from 480 base points to be either uninformative as seen in
Figure 3.3b or incoherent (mostly due to abrupt heading changes) as seen in Figure
3.3c. The remaining 1666 base points are partitioned into 25 places. As 4 of these are
pruned as their extents are less than the plenitude threshold 7,, there are 21 detected

places as shown in Figure 3.4a. Visual inspection of the site plan reveals that there
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(a) Place detection results. The x-axis corresponds to consecutive bases.
Blue base points indicate uninformative or incoherent regions having
short extents, red base points correspond to transition regions and white

base points designate detected places.

e

(b) Sample uninformative data.

(c) Sample sequence of incoherent data.

Figure 3.3. Place detection in Fr site after first-time visit.

are 8 space units in this site. The robot associates each space unit with about 2-3
places with the exception of the corridor area which is associated with 6 places. In
the Sa site, the robot goes through a sequence of 997 base points along a 50 meters
route. Data from 23 base points are labeled as uninformative while data from 128

base points are labeled as incoherent. The remaining 846 base points are partitioned
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into 9 places — however, one place is ignored due to the plenitude threshold. Thus,
8 places are detected in this site as shown in Figure 3.4b. Again, a visual inspection
of the site plan indicates 4 space units with 1-2 places per space unit. In the Lj site,
the robot goes through 2112 base points from a route of 180 meters. Data from 72
base points are labeled as uninformative while data from 617 base points are labeled
as incoherent. The remaining 1423 base points are partitioned into 25 places — only
18 pass the plenitude condition as shown in Figure 3.4c. This site has many detected
places considering there are only 4 associated space units. This is due to the zig-zag
motion of the robot during its navigation along the corridor. Finally, in the NC site,
the robot goes through 5800 base points as it loops a route of 600 meters multiple
times. The robot determines 44 base points to be uninformative while 778 base points
are labeled as incoherent. With the remaining 4978 base points, 16 places are detected?
as shown in Figure 3.4d which are all valid. These results are as summarized in Table

3.2.

Table 3.2. Number of base points and detected places for COLD+NC dataset.

. Base points Detected Places
e Uninformative | Incoherent | Total | Valid | Pruned | Total
Fr 37 443 2146 | 21 4 25
Sa 23 128 997 8 1 9
Lj 72 617 2112 18 7 25
NC 44 778 5800 | 16 0 16

Once the robot detects a place, it attempts to recognize it based on its long-term
spatial memory. As the place memory is initially empty, it cannot do so and starts to
learn the detected places one by one. When the Fr site tour is complete, it is observed
that there are 20 places learned as seen in Figure 3.5a. This is because detected places
D1y and D5 are recognized as a single place (place 10) - which is determined to be cor-
rect via visual inspection. After visiting Sa site, the number of learned places increases

to 28 as seen in Figure 3.5b. Note that in this site, each detected place is learned as a

ZNote that in a related work [70], there are 28 key-places detected with the same dataset.
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(a) Fr site. (b) Sa site.

(d) NC site.

Figure 3.4. Detected places along the robot’s path where the sequence of base points
corresponding to each detected place is indicated by the cutting short black lines and
robot’s heading is as shown by the white dot. ‘S” and ‘E’ represent the start and end

points of the tours respectively.

distinct place as expected. Next, in Lj site, the place memory expands to have 45 ter-
minal nodes - as detected places D3, and Dyg are recognized as a single place (place 30)
as seen in Figure 3.6a. Interestingly, the recognition of these two detected places is a
nice surprise since they are geometrically close but have opposite viewing angles. This

is attributed to the fact that symmetric places such as corridors and doorways even if
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acquired with perspective cameras, can nevertheless look similar. After the robot visits
the NC site, the place memory as seen in Figure 3.6b has 59 terminal nodes. Some
of the detected places (Dag, Dso and Dsg, Dg1) are recognized as single places. Thus,
the associated terminal nodes are updated accordingly. Normally, more node updates
are expected for NC site since the robot revisits the same places during its tour. The
lack of recognition and node updates are probably due to the changing illumination
conditions during robot’s tour and the low overlap between detected places due to the

changes in robot’s viewing direction at consecutive revisits.

The resulting place memory after first-time visits is as seen in Figure 3.6b and
has 4 levels. Recall that the attributes are defined by the hierarchical structure. The
top level has two children nodes. The left node represents the Sa and Lj sites while the
right node represents Fr and NC sites. This suggests that the places in the Sa and Lj
sites share a common attribute value as well as those of Fr and NC sites. This finding
is reasonable as the appearances of the places in the Fr and NC sites have a more
colorful texture and natural illumination as seen in Figure A.1 while those in the Sa
and Lj have more similar structure and artificial illumination. At the second level, for
the right side the outlier places of Fr (places 6,15 — 17) and NC (places 54, 56, 57, 58)
sites are grouped together while at the left side outlier places of Sa (place 21) and Lj;
(places 36, 43) sites are grouped. At the third level, on the left hand site, six places
from the Sa site are grouped together (places 22, 23,25 — 28) as well as a smaller group
is formed with a place from Sa site (place 24) and two places from Lj site (places 31
and 45). This indicates that spatial attributes are taken into account surprisingly -
even though the robot is not provided with any externally provided labels. On the
right side, a mixture of places from both Fr (places 9 — 12 and 16) and NC site (places
50, 52 and 53) are grouped at this level. This is due to the similarity of the texture and
color attributes between the visited room of the Fr site and the walls of the building
at the NC site. At the last level, on the left side places belonging to the Lj site are
grouped while on the right side, the places mostly belong to the corridor part of Fr site
(places 1 — 5, 7, 8, 13, 14 and 19, 20) are grouped together. Places belong to the NC
site (places 46 — 49, 51, 55,59) are also grouped together at this level. According to

these results, we can see that the places of the Fr and NC site are differentiated with
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respect to three different attributes while those of Sa and Lj sites are mostly grouped
with respect to single or at most two attributes. This is expected since the robot’s
path in Fr and NC sites have more scene related variability in terms of visited places

in comparison to the Sa and Lj sites.
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Figure 3.5. Long-term spatial memory: The evolution of the place memory after

visiting Fr and Sa sites.

The topological map of each site is learned in parallel with the learning of the
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Figure 3.6. Long-term spatial memory: The evolution of the place memory after

visiting each site.

place memory. The Fr site map consist of 20 nodes as seen in Figure 3.7a where some
detected places are viewed as belonging to the same place. For example, detected places
10 and 12 correspond to one single learned place (namely place 10) that is represented
by a terminal node in the place memory. The topological maps of the resulting three
sites are given in Figure 3.7b, Figure 3.7c and Figure 3.7d respectively. In cases when

a detected place is recognized, no new node is added to the topological map. The
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(a) Fr site. (b) Sa site. (c) Lj site. (d) NC site.

Figure 3.7. Long-term spatial memory: The topological maps of each site. Each node
corresponds to one distinct place. Nodes whose place and detected place indices are
identical are shown by simple circles where as nodes where that is not the case are

indicated by shadowed boxes.

existing node is simply updated to include this association. It is observed that the
most complex maps belong to the Fr and Lj sites - as Fr has the maximum number
of different space units (those corresponding to distinct terminal nodes) while Lj has
over-partitioning of the corridor area due to the zig-zag motion of the robot. The Sa
site map has the least number of nodes. In the map corresponding to the NC sites,
some of the detected places are recognized and no new node is added and it is observed
that the whole site roughly divided into three parts. Altogether, the topological maps

contain 59 nodes.

3.8.1.2. Second-Time Visits. The experiment continues with the robot revisiting each

of the sites — again under cloudy illumination. In the first part of this experiment, the
robot revisits only one of the learned sites. This experiment is repeated separately for
each of the four sites. In this case, while the robot goes through (mostly) the same
places, the exact path as well as the illumination conditions differ. Furthermore, at
some sites, the robot visits some places for the first time. Of course, now the robot’s

long-term spatial memory is not empty. Rather, it contains knowledge that was learned
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Table 3.3. Detected places in the second-time visits with the COLD+NC dataset.

Detected Places
Site
Total | Revisited
Fr 23 16
Sa 10 8
Lj 18 16
NC 9 9

in the first-time visit as shown in Figure 3.6b. As the robot revisits a site, in cases when
the robot recognizes a detected place, its correctness is verified via manual inspection.
The experiments are repeated with varying 7, € {1,2} and recognition cost threshold

7, € [1,2].

In revisiting the Fr site, the robot detects 23 places as given in Table 3.3 with
indeces between (60 — 82). Visual inspection reveals that 7 detected places are new
while the remaining 16 places have been previously visited and should be recognized.
The recall precision curves are given in Figure 3.8a. It is observed that the recognition
rates are much better with 7, = 2 as compared to 7; = 1. This is expected since this
site is grouped into 3 levels in the place memory. Thus, a full coverage of the place
memory is obtained when 7; = 2. Our robot operates at 100% precision region in
order to to minimize erroneous recalls. Thus, the robot - correctly - does not recognize
the 7 places and adds them to the place memory. At the same time, only 2 of the
possible 16 places are recalled while the remaining 14 are viewed as new and added to
the place memory. Visual inspection reveals it is very difficult to relate these places to
those previously learned based purely on appearance as there are major variations in
the appearances due to viewpoint or illumination differences that are challenging even
for a human. After revisit is complete, the place memory evolves with 21 new places
added as seen in Figure 3.9 while the topological map is updated as in Figure 3.10. It
is observed that place memory structure evolves such that the spatially nearby places

are grouped closer. For example, newly detected places in the Fr site are stored close
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Figure 3.8. Recall-precision curves - Revisiting each site individually for the

second-time after having learned Fr, Sa, Lj and NC sites.
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to previously learned places from the same site. The topological map is updated so

that only nodes associated with the newly learned places are added.

Alternatively, if the robot revisits Sa, the robot detects 10 places - 8 of which

have been previously learned while the remaining 2 detected places are visited for the

first time. With 7, = 2, with 100% precision, the recall rate is 40%. The recall rate

becomes 65%. with 60% precision as shown in Figure 3.8b. For 7, = 1 the recall -

precision rates turn out to be fixed at 38% with 100% precision for all 7, values. The

in-depth analysis of this situation reveals that new places in the Sa site are very similar

to the previously learned places of Lj site. As a result, with 7; = 2, a confusion occurs
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Figure 3.9. Long-term spatial memory: The evolved place memory after revisiting the

Fr site. Color codes indicate different sites.

at the upper levels of place memory. With 7; = 1, the robot does not confuse places as
it doesn’t traverse the upper levels. When the robot revisits Lj, 18 places are detected -
16 of which are from previously learned places. The performance is lower in comparison
to the previous sites as seen in Figure 3.8c. The maximum achieved precision rate is
around 70% with a corresponding recall rate of 25%. This result is expected since the
robot mostly navigates along the corridor with zig-zag motion. Thus, the corridor is
split into many places that look similar to each other. Thus, the intra-place confusion

is higher for this dataset and as a result precision rate is low.

Finally, the robot detects 9 places in the second tour of NC site - all of which
have been previously visited. The NC site has very successful recognition results which
are shown in Figure 3.8d. For both curves, we have a recall rate of nearly 25% at
100% precision. With 85% precision, the recall rate is around 80%. 7; parameter do
not affect the recognition. This is probably due to the detected places of the second
tour of the NC site are similar to second and third level terminal nodes of the NC

site. Thus, with 7; = 1 most of the associated nodes are traversed during recognition.
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Figure 3.10. Long-term spatial memory: The updated topological map of Fr site after

revisiting the Fr site.

Moreover, detected places of NC site are comprised of more base points and they
are more distinct compared to indoor datasets. Therefore, the recognition rates are
better compared to indoor datasets. Due to the space constraints, the resulting place
memories and updated maps of these sites are not given graphically. These results
indicate that performance is closely related to the informativeness of the incoming

sensory data. In the Sa and Lj sites, the variability among the different places is low
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compared to Fr and NC sites. As such, inter-site confusion occurs mostly between Sa

and Lj sites.
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Figure 3.11. Recall-precision curves for combined revisit.

In the second part of this experiment, the robot revisits all the sites one after
another instead of only one site. The recall precision curves are given in Figure 3.11.
We can see that, the maximum obtainable precision rate is around 65% with a corre-
sponding recall rate of 15%. As the robot revisits each site, the place memory structure
becomes more complex with increased number of levels and terminal nodes. A more
in-depth analysis reveals that most of the incorrectly learned places occur at the Lj site
which decrease the overall recognition performance. Indeed this was also the case in
the first part of the experiment and was attributed to the zig-zag motion of the robot
that causes over-partitioning of the corridor area. Thus, the precision and recall rates
are lower to compared to those of the first part where the place memory has a smaller
structure. Of course, increasing the place memory traversal parameter 7; clearly boosts
the recall rate as it increases the chance of finding the correct terminal node for each

newly introduced place.

Table 3.4. Parameter settings for Jaguar experiments.

Tu To Tk Tn | Tw | Tp Th Tr | T1
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Figure 3.12. Jaguar robot.

3.8.2. Jaguar Robot

The second set of experiments are done with our Jaguar robot as shown in Figure
3.12. The spatial cognition system operates on the visual data collected while navi-
gating outdoors. As visual sensing (both the hardware and the acquisition geometry)
is different from that of the first experiment, the parameters are adjusted manually as
shown in Table 3.4. In the first tour, the robot follows a path of approximately 175
meters as shown in Figure 3.13a and collects data at 3200 base points. Scenes from
sample bases along the robot’s path are given in Figure 3.13a with noticeable elevation
differences along the route. The robot finds data from 28 base points to be uninforma-
tive. Of the remaining, 14 places are detected as shown in Figure 3.13a. The learned
place memory as seen in Figure 3.13b. consists of three levels. It is observed that
all places except the first three are clustered together. This is expected as they share
similar spatial and/or semantic attributes as shown in Fig 3.13. On the other hand,
places 1, 2 and 3 are from the car park area and thus are clustered separately. Finally,
the detected place D14 is recognized as place 5 and the place 5 is updated accordingly.
This update is indeed correct since the robot goes through the same place twice - once
at the onset and once at the end of its tour. The resulting topological map is as given
in Figure 3.13c. As expected, detected places D5 and Dq4 are represented by a single

node in the topological map.



(a) Robot’s path and detected places.
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Figure 3.13. First-time tour results with the Jaguar robot.
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Figure 3.14. Second-time tour results with the Jaguar robot. Detected places and

recall-precision curves.
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Figure 3.15. Second-time tour results with the Jaguar robot. Long-term spatial
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Following, the robot goes through a second-time tour of approximately 150 meters
as shown in Figure 3.14a. This time, the robot goes through 2550 base points along
this tour - of which 82 base points are found to be uninformative. In this case, the
robot detects 15 places as shown in Figure 3.14a. As this path has certain overlapping
regions with the first tour, we expect the robot to recognize 9 of these places — as
they have been previously visited. The precision-recall curves with 7,. € [0.9,1.7] are
given in Figure 3.14b. The recognition performance is evaluated for 7, € {1,2}. Tt is
observed that with 100% precision, the recall rate is 10%. With 80% precision, recall
increases to 60%. The effect of level parameter 7; is negligible for this dataset due to

the low number of levels in the place memory tree.

The updated place memory and topological map are as presented in Figure 3.15a
and Figure 3.15b respectively. The place memory now has four levels. At the root
node, place 26 is split from the other places like an outlier. Indeed it is the case since
the robot only sees the wall of the building from this place. The places that belong
to car park area (1 — 3, 21, 24 and 25) are placed at second and third levels. The
places at last level are mostly belong to the garden area. Interestingly, a place that
belongs to car park area 23 also reside at this node. This can be due to the ground
color and vegetated area at the car park which is similar to the color of walkway and
vegetation in the garden area. From the topological maps, we observe that there is
a terminal node update at place 8 since detected place Dig from Tour2 is recognized
as place 8 which is spatially correct. Unfortunately, there is a false node update at
detected places Do3 and Dos which is shown in red. This false node update is probably
due to the similarity of their appearances as observed in Figure 3.14a. Other than
that, the obtained results are indeed satisfactory since whole the process is handled in

an autonomous manner without any human intervention.
3.8.3. On-Robot Implementation
The proposed model has been implemented and tested on Jaguar robot platform

for real-time operation. The robot has a threaded motion system with a maximum

speed of 1.4 meters/second. The robot has on-board encoders, Hokuyo laser range
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Figure 3.16. Robot’s path with S (start) and E (end) points with the detected places

1-5 as shown by their extents as indicated by short white markers and sample scenes.

scanner with 30m field of depth, standard front camera, PTZ camera, GPS, IMU and
on-board computer. In this implementation, only the front camera of the robot is
used as sensory input. The on-board computer is a nettop computer with AMD E450
CPU. It has a fairly low processing power (5 times slower compared to a modern i7
processor) but consumes very low power (around 15 Watts on the average) and can be
placed on-board the robot easily thanks to its compact form factor. A remote computer
is used for observing the robot’s current state and give commands if necessary. Notice
that there is a wired unidirectional communication between the sensors and the robot
while on-board computer has wired bi-directional and the remote computer has wireless

bi-directional communication.

The experiments are done in one of the campuses of our university. The robot
follows a path of 100 meters as shown in Figure 3.16 with an average speed of 22
cm/sec while simultaneously running the TSC model on its on-board processor. The
motion commands are sent by a human operator using remote laptop computer. The
start and end of the tour overlap to some extent in order to test whether the robot is
able to understand that they are actually same places. The progression of events with
each incoming frame throughout robot’s navigation is given in 3.17a. It acquires 1000

image frames during its tour. It is observed that representation events occur with each
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frame. The remaining events occur more occasionally. For example, place detection
event occurs 5 times. The extents of the detected places are shown overlaid in Figure
3.16, but of course these are unknown to the robot as the start of its operation. The
robot detects them completely on its own. The robot recognizes the 5 detected place
as being the same that of the second detected place - as indeed is the case. Therefore,
only recognition event is generated and the robot updates its long-term spatial memory
accordingly. The place memory evolves to contain 4 learned places as seen in Figure
3.18a while the topological map evolves to encode the spatial relations among these
places as shown in Figure 3.18b. As determined, the detected place 5 is associated with
the 2" learned place. Furthermore, the hierarchical structure of the place memory is
meaningful. Places 1, 2 and 3 are close to each other as the robot sees the horizon
without any occlusion. Therefore they are placed on the same branch. On the other

hand, in place 4, the robot mainly sees the exterior of a building. Thus it is placed

7

P2

further away in a different branch.

0.68[

0.66
0.64[
0.62[

0.58[
0.56

0.54[
0.521

(a) Place memory. (b) Topological

map.

Figure 3.18. Robot’s long-term memory after the experiment.

We have also analyzed the robot’s computational performance. The per frame
processing times vary depending on the spatial cognition activities of the robot. In
the place discovery node, processing times are found to be in the range of 500-550

ms on average with occasional spikes of around 2.2 seconds as seen in Figure 3.17b.
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These spikes correspond to frames where a place detection event occurs as seen in
Figure 3.17a. It is observed that the maximum spike is observed when the 3" place is
detected - which suggests that the extent of the detected place affects the processing
time as expected. Notice also that while there are more than 5 spikes in the figure, only
5 places are detected. This is because place detection checks for the informativeness,
reliability and plenitude, some sensory data may be treated as problematic and ignored

as explained in [12].

In the place understanding node, processing times are much lower with the ex-
ception of 5 spikes as seen in Figure 3.17a. These spikes are attributed to recognition,
learning and mapping processes that take place as the robot detects places. Notice
that the processing times associated with the first two detected places are very small
(around 100 ms) as only the place memory is initialized. As more places are detected,
other modules become more involved. For 3"¢ and 4" detected places, all the modules
are activated as these are first time visits and the long-term memory is available for
recognition, learning and mapping. For the 5" place, as it is recognized as 2" learned
place, only the recognition module is invoked at this node. As the robot continues
its tour and more places are detected, the processing time in the place understanding

node increases. This is expected as long-term memory expands accordingly.

In the resulting statistics as given in Table 3.5, it is observed that place discovery
node takes on average 532.5 ms of processing per frame while place understanding
node takes only 4.75 ms per frame. This is because place understanding is activated
only when a place is detected as seen in Figure 3.17c. Thus, per frame basis, its
computational overhead is very low. Altogether, real-time performance is around 2
frames per second. These results are very promising — as they have been obtained
with a fairly low processing power and no software optimization and indicate that the

developed approach could be used in real-time applications.
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Table 3.5. Processing time statistics of ROS nodes.

ms/frame
ROS Nodes Mean Min Max
Place Discovery 532.5 474 2388
Place Understanding | 4.75 0 2160

3.8.4. Summary

Our experimental results on three different data sets (COLD, New College and
Jaguar) suggest that the robot is able to develop its knowledge of places and their
spatial relations as it visits different environments. Detected places are observed to
enclose groups of base points having coherent appearances after visual inspection. As
expected, they are affected by robot’s sudden or jerky movements. For example, robot’s
zig-zag motion in Lj dataset causes redundant partitioning of the corridor area. In the
place memory, appearance-wise similar places are close to each other while structurally
different sites such as Lj and NC are further away. The topological maps also evolve
to be meaningful since edges are setup between places that are geographically adja-
cent. The resulting recognition performance is quite comparable with state-of-the-art
approaches. For example, with the NC dataset, we obtain around 23% recall with
100% precision with our concept of ‘places’. Localization results for the same data set
are reported to be 16% with 99.5% precision in [69] where each location is viewed as
a distinct place. In another related work based on key-places as determined from the
same dataset, the recall rate is around 12% with 100% precision as reported in [70]. All
indicate that robot is able to develop its topological spatial cognition abilities reliably
- even if its long-term spatial memory is evolving in an organized, incremental and

unsupervised manner.

Computational performance-wise, the first module takes on average 340 millisec-
onds per base point and is always activated. The activations of the remaining modules

are intermittent since their operations are conditional. The recognition module is
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invoked only if a place detection occurs and takes around 10 milliseconds with the
current place memories. Thus, the activation of the first two modules requires about
350 milliseconds. The remaining two modules (learning and mapping) are activated
less frequently — as their activation depends on the robot detecting a place, but not
recognizing it. It is observed that a place is composed of 170 base points or so on
average. In this case, adding a new place to the place memory and incorporating it
into topological map take around 6.8 seconds which implies 40 milliseconds per base
point. Thus, with all 4 modules activated, the robot requires on average 390 millisec-
onds per base point to complete its processing. Of course, this time will be as short
as 350 milliseconds for most of the base points in case of recognition. All the other
modules are implemented in MATLAB and there is no software optimization. This
suggests that even without any software optimization, assuming the distance between
two consecutive base points to be around 50 c¢m, the robot is able to navigate with a

reasonable speed (4.6 km/hour) with all modules being active in real-time.

3.9. Conclusion

In this chapter, we consider the topological spatial cognitive abilities of mobile
robots. We present an integrated model in which the concept of a ‘place’ is defined as
a collection of locations sharing common perceptual boundaries based on appearance
coherency. The novelties of this model are two-fold: First, it explicitly incorporates
a long-term spatial memory where two separate, but related types of knowledge are
stored. The place memory organizes the learned places in a hierarchy based on their
appearance-related similarities while the topological map simply encodes their spatial
relations. It enables the robot to efficiently store and retrieve the information that was
learned. It also provides the framework to which the robot is able to link new knowl-
edge by association. Second, the processing modules operate together so that the robot
builds its spatial memory or utilizes it in an organized, incremental and unsupervised
manner. In particular, the robot detects places via partitioning the sequence of the
associated descriptors based on their coherency while pruning out uninformative or

scanty data. It then attempts to recognize each detected place via relating to its long-
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term spatial memory. In case of recognition, its already existing knowledge is updated
accordingly. In case of no recognition, it invokes place learning and mapping as to in-
corporate the new place and its spatial relation. A series of experiments demonstrates
the proposed model to be highly effective for topological spatial cognition. The hier-
archical structure of the place memory is observed to be related to semantic attributes
where similar places end up in the same branch of the place memory. In parallel, the
memory of spatial relations encode how to reach the learned places. Together, they

contribute to the robot’s awareness of its surroundings.

Moreover, this knowledge is quite effective for recognition purposes in future vis-
its. Results show that similar precision and accuracy performance is obtained in both
indoor and outdoor environments with performance comparable with the state-of-art
approaches. As the robot’s long-term spatial memory evolves completely on its own
while learned knowledge is organized in a manner that is amenable for higher-level se-
mantic reasoning, this is a step forward towards having robots that are capable of inter-
acting with their environments throughout (possibly life-long) operation. Furthermore,
the on-robot experimental results on Jaguar robot equipped with inexpensive proces-
sors demonstrate that the robot is build its long-term spatial memory with acceptable
computational performance. As such, the robot becomes aware of its surroundings as

it is moving around.

There are several ways in which the work presented in this chapter can be ex-
tended. First, we will consider the adaptation of the associated parameters throughout
robot’s operation. Second, we plan to extend the proposed model to incorporate se-
mantic reasoning and categorization. This will require expanding both the processing
and long-term spatial memory parts of the model. The processing part will expand to
include a semantic analysis module that is capable of in-depth parsing of a given place
and a categorization module that is capable of extracting common semantic properties
as to infer abstractions of spatial units. In parallel, the long-term spatial memory will
be be expanded to include the learned semantic knowledge including levels of abstrac-
tion. Finally, we plan to unite robot’s spatial cognition and motion capabilities so that

the robot will be able to coordinate spatial reasoning and navigation.
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4. MERGING APPEARANCE-BASED SPATIAL
KNOWLEDGE

4.1. Introduction

This chapter considers the problem of merging appearance-based spatial knowl-
edge of multiple robots operating independently. The goal is to have the robots expand
their spatial knowledge accordingly so that they are able to reason about places - even
if they have not been actually visited. Most related work approach the problem as how
to merge multiple maps that have been independently built by different robots [97,98].
With appearance-based SLAM or topological maps, merging is formulated as identify-
ing edges that connect nodes belonging to different maps via finding pairs of similar
images. As such, the scalability of these methods with respect to both spatial extent

and the overlap of these maps turns out to be problematic.

Figure 4.1. Merging of spatial knowledge in a team of 3 robots. Each robot
communicates with each of the remaining robots and exchanges its spatial knowledge.
Next, it merges its place memory with that of the other robot. This is followed by
merging of map memories. As a result, each robot’s spatial knowledge expands

accordingly.
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In this chapter, we present a novel approach where the problem is considered
as the merging of appearance-based spatial knowledge that is comprised of place and
map memories. It is assumed that each robot has its individual spatial knowledge.
In the merging process, each robot communicates with each of the remaining robots
one-by-one and receives the spatial knowledge of the other robot as shown in Figure
4.1. Once this is over, it first merges its place memory with that of the other robot. It
then incorporates other robot’s map memory into its own via adding the new spatial
relations as appropriately. There are two aspects that differ from previous related work

on map merging:

e First, a ‘place’ is defined to be a collection of appearances sharing common
perceptual signatures or physical boundaries. This is in contrast to viewing each
appearance as a single place.

e Second, each robot’s place memory is processed as a whole or in portions. This

is in contrast to processing each appearance individually.

The advantages of such an approach are three-fold: First, it scales easily with respect
to the amount and overlap of the appearance data. This is because it does not require
matching pairs of appearances from two different maps. Furthermore, the expanded
place knowledge continues to be organized as a semantic hierarchy that is amenable
to human-like interpretations and higher-level symbolic reasoning. Finally, it can be

applied in a decentralized manner by all the robots individually.

4.2. Related Literature

One of the paradigms commonly used in distributed intelligence is the knowledge-
based paradigm. The focus in these approaches is on knowledge sharing between robots
with the objective of easily allowing them to share and understand knowledge from
disparate sources. This problem is different from cooperative mapping where multiple
robots concurrently and continuously contribute their data to a single map [99, 100].
Previous related work on multi-robot spatial knowledge sharing have primarily focused

on how to merge maps that have been generated [101]. The proposed method vary
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depending on whether the maps are either of metric or topological nature. In direct
metric approaches, the initial poses of the robots are assumed to be known [102,103] or
it is assumed that the robots can identify, rendezvous and communicate with each other
when in line of sight [100,104-110]. Thus, these approaches extend the existing SLAM
methods by using the pose and other information coming from each robot. When the
robots are aware of each other, these approaches turn into cooperative mapping using
Bayesian filters such as Kalman Filter, Particle Filter, Extended Kalman Filter etc. for
reasoning. Each robot maintains and updates its local map by observing landmarks and
maps are merged in a centralized fashion by matching observed features and applying
geometric transformations. Afterwards, the global map is shared among robots and
the robots start to update the map cooperatively. The computational requirements
of these methods increase tremendously when the number of observed and tracked
landmarks increases. Moreover, SLAM methods require the knowledge of other robots’
locations and synchronous sensory data updates at all times in order to generate a
global map [97,100]. These methods are also susceptible to local inconsistencies and

data association problems. Therefore, mapping large places can be problematic.

In order to overcome these problems, alternative methods such as Expectation
Maximization that are robust against data inconsistency have been proposed [104,111].
While large places can be efficiently mapped, initial positions of the robots are required
to be close to each other in order to have maps merged successfully. In contrast,
with indirect metric methods, individual maps are merged via aligning them with any
positional knowledge using a variety of approaches such as random walks, laser scan
integration methods or genetic algorithms [112-121]. However, as the search process is
costly, methods that aim to alleviate this have been proposed such as such as Hough
transformation based matching [101,122,123] or pose-graph matching [119,121]. While
computational requirements are considerably reduced, the complexity and scalability
of metric maps often prohibits efficient application in large-scale environments [124].
Furthermore, even with appearance-based or topological SLAM methods, each location
is considered separately as a place [35,68] or a representative location (key-place)
is selected after grouping visual data from different locations [70]. However, such a

representation does not correspond to a concept of a place defined a specific semantic
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entity such as ‘being in X lab’.

Alternatively, appearance based maps are merged by finding correspondences
among them with the approaches varying with respect to the information used. Feature
based approaches use the local features for this [120,125,126] while appearance-based
approaches use the whole scene appearance in order to find correspondences among
nodes via comparing the respective image pairs [98]. The quality of a merged map is
measured via a metric based on algebraic connectivity that encodes entanglement —
namely the amount of effort needed to split the merged map back into two separate
maps. This is sensible in all this work since each node (place) of the topological map
corresponds to one single appearance. However, again scalability with respect to the
number of nodes in the map is problematic. Furthermore, again such a representation
does not correspond to a concept of a place defined as a collection of appearances
sharing common perceptual signatures or physical boundaries. Thus, it is much harder
to have a robot that can be aware of its surroundings. Furthermore, these approaches
do not cover all degrees of overlap between maps and knowledge. In this work, we

present an approach that addresses both issues simultaneously.

4.3. Spatial Memory

Spatial memory retains the learned knowledge of places and their spatial relations.
Since they are of different nature, each is stored in a different part of the memory.
The knowledge of places is retained in place memory while that of spatial relations is

encoded in the map memory.

4.3.1. Place Memory

Suppose that the robot has learned a set of places as indexed by P. There
are three aspects to a robot’s place memory: how a place is internally represented,
the organization of the knowledge associated with the learned places and how this

knowledge is used in recognition.
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Figure 4.2. Long-term spatial memory example.

As discussed, a ‘place’ consists of a set of appearances sharing common visual
features or physical boundaries. Thus, it does not correspond to a single image (and
thus single location), but rather a particular spatial area. Places are detected using a
place detection algorithm [12,66]. It should be noted that in general detecting a place
does not imply its recognition - with few notable exceptions such as [67]. In all, the

learned knowledge must be retained for future referral.

The place memory T organizes the learned places P in a tree hierarchy - as
developed previously in [14]. This hierarchy is defined by a nested sequence of partitions
of P based on the associated descriptors. The place memory T evolves as the robot

learns new places. This structure is also viewed as encoding a semantic hierarchy.

The robot uses its place memory for recognition - using an approach as presented
in [13]. When in a newly detected place, it scans through its place memory in order to
find a terminal node that relates to the current place. It will be able to find such a node

only if the detected place has been previously visited and learned. Otherwise, there will
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be no recognition. There are three aspects to recognition — namely the decision-making
at each non-terminal node N of the tree structure, how to traverse the its place memory
and the updating of place knowledge in case of recognition. The decision-making at
each node N is based on minimizing a cost function gy. The cost function measures
how unlikely the given place P is to be associated with one of children nodes N*.
gv(P) = (P N(P)) + 2 + (L= V(N P)) (4.1)
The first term 4(P, N) measures the dissimilarity of the given place to the places
associated with the node based on the respective descriptors. The greater this value
is, the more dissimilar the detected place to the places associated with node N. The
second term indicates the reliability of this. The terms N'(P) and N?(P) are the
two offspring nodes of N that are most similar to P as: If P is equally similar to
the two nodes N'(P) and N?(P) , then this term increases. Otherwise, it decreases.
The third term measure the vote percentage that does not associate P with the node.

The function V' computes the overlapping volume between two hyperspheres. The cost

value is checked against a recognition cost threshold .
gy(P) <7, (4.2)

In case this condition is satisfied, the detected place can be recognized. Otherwise, the
place is declared to be unrecognized and learning is invoked. When a place is recog-
nized, the associated terminal node N'(P) is updated including member base points,
the mean bubble descriptor Iy:. As such, place memory enables efficient storage and
retrieval of learned place knowledge. Furthermore, the hierarchical structure provides

a basis for semantic analysis and understanding.
4.3.2. (Topological) Map Memory

In parallel, map memory stores the spatial relations among the learned places

- similar to [66,93]. It is defined by an evolving undirected graph G = {P, £} with
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nodes P and edges FE. The nodes correspond to the different places that are stored in
place memory while the edges represent the adjacency relations between the different
places. As places are already stored in the place memory, the map memory simply
consists of edges as defined by place tuples 15 € E. Namely 5 € F if and only if the
robot has navigated from the place ¢ to the place j for 7,5 € P.

4.4. Merging of Spatial Knowledge

Now consider a set of N, robots as defined by the index set R = {1,..., N, }.
Suppose that the robot m € R has learned P™ places so far and its place memory is
denoted by T™ while its map memory is denoted by G™. The merging process is done
in a decentralized manner by each robot m separately. It consists of three steps that
are repeated until it communicates with every other robot one-by-one and merges its

spatial knowledge with that of the other.

(i) It communicates with another robot n # m and receives the other robot’s spatial
memory 7™ and G™.

(ii) Once communication with robot n is over, it first merges its place memory 7"
with 7.

(iii) This is followed by merging its map memory G™ with G".

4.5. Merging of Place Memories

Suppose that robot m has communicated with robot n € R, n # m and has
received its place memory as represented by 7. A sample scenario is shown in Figure
4.3. From the perspective of robot m, the goal is to update its place memory as to

incorporate the new knowledge as

TT(E™ 4+ 1) «+ T™(E™) + T"(E™)

where k™ denotes the update index of robot m and + denotes the merging operator.

In the sequel, we will omit it for notational simplification. There are two requirements
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Figure 4.3. Place memories of robots m and n respectively. Robot m knows 6 places
while robot n knows 3 places. Note that an identical index across both memories will

not necessarily refer to the same place.

for the merging process:

e First, the resulting place memory 7™ (k™ + 1) should incorporate the learned
places P™ U P" of both of the robots.
e Second, T™ (k™ + 1) should have a structure that is similar to the place memory

generated directly from P U P™ as much as possible.

Such a problem is considered as a case of distributed hierarchical clustering problem.

Our proposed approach is based on a modified version of ‘RACHET’ algorithm [10].

First, two descriptive statistics are associated with each node NV in the tree struc-

ture 7. The first is the centroid ¢,,(N) defined as:

1 _
em(N) = Wpe;(m I, (4.3)

where P™(N) C P™ is the set of places associated with the subtree of 7™ having node

N as its root. The second one is the radius p™ (V) - defined as the average distance
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between its centroid descriptor and the places (terminal nodes):

2 _ 1 T
pm(N)_W en— > 1 (4.4)

pEP™(N)

The centroid and the radius together define a N; dimensional hypersphere S(c,,(NV), R, (N)) C
RM1 be with center ¢,,(N) and radius p,,(N). If N is the root node, then the hyper-
sphere S(c,,(N), R,,(N)) is a covering for the place memory T™. Let this hypersphere

be denoted by S(¢, pm). The hyperspheres are related to S(cp,, prm) as:

S(cm(N)v Rm(N>) - S(Cm: Pm)

The merging is based on the extent and nature of the overlap of the two hyperspheres

S(Cmy pr) and S(cn, pr) -

(b) Case 2-1. ) Case 2-2. ) Case 3.

Figure 4.4. Relation between S(c¢p, pr) and S(cy, pn)-

4.5.1. Hyperspheres Non-Overlapping

The first case occurs when robots have visited different sites so that the places
P™ in the place memory 1™ are well separated from the places P™ in the place memory
T". In this case, the corresponding hyperspheres do not intersect at all as shown in

Figure 4.4a:

I
=

S(Cmy Pm) N S(Cny pr)
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As such, the case is checked as follows:

lem = call® > (pm + pn)? (4.5)

4.5.2. One Hypersphere Contained

The second case occurs when the two robots visit places that appear mostly
similar. As a result, one hypersphere is a subset of the other. Note that Without
loss of generality, assume that the place memory 7™ of robot m is associated with the

larger memory:

S(cn, pn) C S(Cm, pm)

Two subcases are possible depending on whether the hyperspheres associated with
the hyper-terminals intersect or not. Hyper-terminal consist of inner nodes that have
terminal nodes as children or the union of all children nodes of an inner node that
are terminal nodes themselves. For example, there are three hyper-terminals in 7™ in

Figure 4.3 of the place memory of robot m while 7™ has two hyper-terminals.

e Case 2-1: There is no hyper-terminal N of 7" such that the associated hyper-

sphere intersects with S(cy, pn) as shown in Figure 4.4b.

VN of T™ s.t. S(cn, pn) N S(Cmn(N), pn(N)) =0

e Case 2-2: There is an hyper-terminal N of 7" such that the associated hyper-

sphere intersects with this hypersphere as shown in Figure 4.4c. Namely,

AN of T™ s.t. S(cn, pu) N S(cm(N), pm(N)) # 0
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The merging is done so that the smaller memory is incorporated into the larger one.

Namely,

T(E™ +1) « T™(K™) + T"(k™)

Tk +1) « T™(FE")+T"(k")
Thus, the merged place memories of the two robots turn out to be the same.
4.5.3. Intersecting Hyperspheres
The third case occurs when appearance-wise some of the places learned separately
by the two robots are overlapping while some are completely different. As a result, the

corresponding hyperspheres intersect with none being a subset of the other as shown

in Figure 4.4d:

S(Cm,pm) - S(Cna pn) #*

0
S(Cm pn) - S(Cma pm) 7é @
This can be checked as:

pi < lem — CnH2 < (Pm +Pn)2

It should be remarked that case 3 is a more general case of the preceding case.

(b) Case 2-1.

Figure 4.5. Merging of place memories 7™ and 1™.
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™ T N, N'
if Casel & N and N’ are roots of T™ and T then
create_parent(T™ T™)
else if Case 2-1 & N and N’ are roots of 7™ and T" then
add_child(T™(R),T")
else if Case 2-2 & N is a hyper-terminal 7™ and N’ are hyper-terminals of 7" then
if N and N’ do not intersect then
add_child(T™(N),T™(N"))
end if
if N does not have terminal nodes as children then
add_sibling(T™(N),T™(N"))
else
VP e T"(N')
if 3P € T™(N*) g(P, P') < 7, then
Update P
else
add_sibling(T™(N*),T™(P"))
end if
end if
else if Case 3 & N and N’ are hyper-terminals of 7™ and 7" then
if N does not have terminal nodes as children then
add_sibling(T™(N),T™(N"))
else
VP e T"(N')
if 3P € T™(N*) g(P, P') < 7, then
Update P
else
add_sibling(T™(N*),T™(P"))
end if
end if
end if

Figure 4.6. Merging process T™ + 1™.
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4.5.4. Merged Place Memory

In the merging process, parts of place memories that are overlapping are deter-
mined. In case 1, since there is no overlap, the merged place memory simply contains
the union of individual knowledge of the two robots. This is realized by the expanding
current place memories so that the two respective place memories are incorporated as
two subtrees as shown in Figure 4.5a. From the perspective of the individual robots,

the resulting place memories are identical - namely

Tk 4+ 1) = T(k" +1)

In the remaining three cases, the robot needs to determine the overlap among
the two place memories. There may be many overlap areas depending on the overlap
of the robots’ knowledge. This is achieved via comparing all the hyper-terminals of 7"
against those of 7. Given N € T'4+n and N’ € T™, their overlap can be checked as:

overlap as:

len(N) = en(N)I” < (pa(N) + p(N'))* (4.6)

If an overlap is determined, the amount of overlap is computed. The goal is to find

node N* where the hyperspheres are maximally overlapping - namely:
N* € argmaznernS(cn(N), pn(N)) N S(cm(N'), pm(N')) (4.7)

Once each hyper-terminal N of T" is matched with N* of 7™, then the robot attempts
to recognize the respective terminal nodes associated with 7" (N). In case of recog-
nition, the associated place knowledge is updated. Otherwise, it is learned as a new

place via adding it as a terminal node of N*.

The merging algorithm is summarized as given in Algorithm 4.5.3. The hyper-

spheres associated with the merged memories are shown to have identical descriptive
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statistics [10]. However, this does not necessarily imply that 7 = T™. The following

proposition addresses this:

Proposition 4.1. Let T™ < T™ +T" and T" <~ T" +T™, T™ = T" iff S(Cm, Pm) =
S(Cnypn) and YN € T AN € T"S(cn(N), pm(N)) = S(cn(N'),pn(N')) and VN’ €
T, 3N € T™S(cp(N'), pm(N')) = S(ca(N), pp(N))

Proof. Suppose T™ = T" and IN' € T" AN € T™ s.t. S(cm,Pm) # S(cn,Pn),
IT™(N) # T™(N’). This implies that 7™ # T™. Hence this contradicts with Theorem
4.1. U

4.6. Topological Map Merging

The topological mapping algorithm works in parallel with place memory matching
algorithm. Suppose that robot m has communicated with robot n € R, n # m and has
received its (topological) map memory as represented by T". From the perspective of
robot m, the goal is to update its map memory as to incorporate the new knowledge

as

G™ (k™ +1) < G™ (k™) + G™ (k™)

Again, there are two requirements for the merging process:

e First, the resulting map memory G™ (k™ + 1) should incorporate the learned
places P™ U P" of both of the robots.

e Second, G™ (k™ + 1) should contain the learned spatial relations of both of the
robots E™ U E™.

The merging process is based on the nature of merging in the place memory. If a place
P’ € P™ is recognized to be also in P™ | no node addition is done. The recognition
algorithm uses the place memory 7" (k,,) and is as described in Section 4.3.1. Other-

wise, a new node is added to G™. The associated edges are checked to exist in E™(k,,)



82

and added if necessary. The merging process is summarized in Algorithm 4.6.

Map memories G™ and G™

if Casel or Case2.1 then

G"=GmuUGgr
else if Case2.2 or Case 3 then
G"=G"uGgn"

if VP' € T"(N') 3P € T™(N*) g(P, P') < 7, then
P = P U P’ {Merge corresponding nodes}
end if
end if

Figure 4.7. Merging map memories G and G".

0006060
00

(a) Case 1 & (b) Case 2-2. (c) Case 3.
2.1.

Figure 4.8. Merging of topological maps G™ and G".

The topological maps of T™ and T™ which are in red and blue colors respectively
are shown in Figure 4.8. for Cases 1 & 2.1, since there is no overlap, the topological
maps are left as it is as shown in Figure 4.8a. For case 2.2, we see that there is a place

merging between places 1 & 4 which is shown in Figure 4.5¢. Thus, the corresponding
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nodes of the topological maps are merged as shown in Figure 4.8b. For case 3, a
place merging between places 3 & 4 which is shown in Figure 4.5d. Therefore, the

corresponding nodes of the topological map are merged as shown in Figure 4.8c.
4.7. Complexity Analysis

The complexity analysis of the overall approach is conducted. It is assumed that
each robot has adequate processing and bandwidth capabilities. For transmitting data
before memory merging, the algorithm’s complexity is calculated as O(N;p*) where N;
is the size of the bubble descriptor vector while p* which is defined in Equation 4.8 is
the maximum number of learned places among the robot team. The complexity of the
place memory merging algorithm is calculated as (’)(15*2) while merging map memories
has a complexity of O(p*). Since the number of learned places is very small compared to
the number of visited base points, the complexity of the approach is feasible compared

to appearance-based SLAM approaches such as FAB-MAP [68].

p* = argmax(|P™"|, m € R) (4.8)
p*

4.8. Experiments

We conduct a series of experiments using the data collected by a team of robots
as well as the COLD data set [95]. Each robot has only visual data from a sequence of
base points along a given path and is not given any other sensory data. At each base
point, the robot encodes the incoming visual data by a descriptor having dimension
N; = 600. The details of this descriptor are as explained in [6]. We consider each
merging case separately and investigate the structure and performance of the merged
memories. We also compare the proposed approach with straightforward one-by-one
learning of places after either the robot visiting them or receiving their knowledge from

other robots.
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(d) Map memory of Robot 2.

(¢) Map memory of Robot 1.
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(e) Merged place memories T* = T + T? and T? = T? + T'.
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Figure 4.9. Case 1: Learned places nonoverlapping. Blue nodes indicate places from

robot 1’s place memory while red nodes indicate those from robot 2’s place memory.

4.8.1. Case 1: Learned Places Nonoverlapping

In this case, two robots visit two different sites without any overlap of the places
that are learned. Of course, the robots do not know this. The first robot visits the

Saarbrucken (Sa) site from the COLD data set, collects data at 997 base points in a
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50 meters tour and learns all of the 8 places based on this data. The place memory T
has radius p; = 0.607. The map memory is as shown in Figure 4.9a. The second robot
navigates along a 175 meters path, collects data at 3200 base points and detects 14
places. Since the second robot returns to where it is started at the end of the tour, the
last detected place is recognized as 5 place which is correct. Thus, there are 13 learned
places in its place memory in the place memory 72. The associated hypersphere has
radius po = 0.478. The resulting map memory is as shown in Figure 4.9b. The squared
Euclidean distance between the centroids of two respective hyperspheres |¢; — cz||2 =
1.6118 is larger than the squared sum of radii (p; + p2)? = 1.1772 which satisfies the
condition for Case 1. The memories 7' <— T + T2 and T? < T? + T" resulting from
their merging are identical and are as given in Figure 4.9e. It is observed that the places
of both sites are separated from the top root node. The right subtree corresponds to
the place memory of the first robot prior to merging while the left subtree corresponds
to that of the second robot again prior to merging. The merged topological map is

simply the union of individual maps as given in Figure 4.9c and Figure 4.9d.

Table 4.1. Correspondence between places PX and PY.

PpX 11213 |4 |5/6|7] 89 |10|11|12/13|14
Manual PY [ 15|15 |34 34123 /45|45/6,7[89] 9|9 |1
Approach PY | - | - | - | 4 |1|2|2| 4| 7|7 |4 |4]|2]|1

4.8.2. Case 2: Learned Places Mostly Overlapping

Next, we consider case 2 when the learned places are mostly overlapping, but
one of robots covers a larger area. This case is experimented with a team of two
robots, robot jX and robot jY. The robots navigate in the university campus in a
teleoperated manner. The first robot jX moves along a path of approximately 175
meters, collects visual data at 3200 base points and detects 14 places as shown in
Figure 4.10. The resulting place memory T of robot jX is as shown in Figure 4.10c
with px = 0.478. The second robot jY navigates along a longer path similar to robot

jX’s, but also covering some additional places. As such, the second robot jY not only
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(a) Tour of robot jX . (b) Tour of Robot jY .

0.8777
0.7802

0.6827

0.5852
0.4876
0.3901
0.2926
“@C“‘C

0.09753
0

(c) Place memory of robot jX .
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(d) Place memory of robot jY.

Figure 4.10. Case 2: Learned places mostly overlapping: Tour of robot jX and jY.

visits all the places visited by robot jX, but goes to some new places. Altogether, it
collects data at 2550 base points and detects 15 places. Note that as the robot acquires
its visual data using a perspective camera, its field of view is limited. Thus, it may
see completely different appearances if it is going through the same base point, but in

opposite directions. For example, robot jX learns place 13 while moving down while
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(a) Merged place memory TV «+ TY +TX,
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(b) Merged map memory G¥ + GY + GX.

Figure 4.11. Case 2: Learned places mostly overlapping: Merged memory.

robot jY learns place 10 while moving up. While these two places geographically are
the same, as their appearances are different, they will be perceived as two different
places by each of the robots. Its place memory TV contains 15 places with radius
py = 0.8445. The squared Euclidean distance between the centroids of two trees
lex — ey||® = 0.2150 is smaller than py. As such, this is an example for Case 2. From

the perspective of robot jY, the resulting spatial memory is as shown in Figure 4.10.
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The actual correspondences between the learned places P¥X of robot jX and and P¥ of
robot jY based purely on appearance are manually determined to be as in Table 4.1 via
visual inspection. Note that while most of the appearance-wise corresponding places
are actually at the same geometric locations, there are also few exceptions where this
doesn’t hold. For example, while places jX:3 and jX:4 of the robot jX appear similar
to jY:3 and jY:4 of robot jY, they actually are different at physical locations. On
the other hand, places jY:10, jY:11, jY:12, jY:13 and jY:14 that are visited only by
robot jY do not have any appearance-wise corresponding places in PX. As such, we
expect the merged memories to contain about 15 places. The merged place memory
TY < TY + T of robot jY is as shown in Figure 4.11b with recognition parameter
7, = 2. It contains 18 places. Note that this is the same for robot jX since its place
memory is updated as TX < TY + TX. It is observed that six of these places are
correctly merged. Some of them are merged with nearby places whose appearances
are very similar. As such, these mergings are also acceptable. Examples include jX:7
and jX:9. The robot wrongly views places jX:1,jX:2 and jX:3 as new places while this
is not case. When these places are observed in detail, it is seen that because of view
point differences between two paths, these places are seen as new. On other hand, it
confuses places jX:12 and jX:13 to be the same as jY:4 and jY:2 respectively. These
confusions are inevitable since the views of the garden area are very similar because
of vegetation and trees. The resulting topological map G¥ — GY 4+ GX is as shown
Figure 4.11b. The topological map merging is executed in parallel to place memory.

We see that the combined nodes jX:11 and jY:4 is wrongly merged.

4.8.3. Case 3: Learned Places Partially Overlapping

Next, we consider the case when robots visit places that are only partially over-
lapping. The experiment is conducted with a team of three robots - jX, jY and jZ in
outdoors settings. Robots start at different parts of the campus and converge to a final
destination at the end of their respective tours as shown in Figure 4.12a. Each collects
images with its perspective camera along its respective path with sample images as

shown. Robot jX traverses a path of approximately 150 meters, collects data at 1050
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(a) Robot jX blue path, jY green path, jZ red path.
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Figure 4.12. Case 3: Learned places are partially overlapping: robots’ paths and

place memories.

base points and learns 5 places. The resulting place memory 7% is as shown in Figure
4.12b. It is seen that jX has a memory structure composed of 2 levels. The places 2 &
3 are in one level while places 1,4 & 5 are on the other. Robot jY traverses a path of 80
meters, collects visual data at 370 base points and learns 7 places. Its place memory

has structure T as shown in Figure 4.12c¢ consisting of two levels, where place 5 is
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PX 1123 |45 PY 112134 |5|6] 7 P 11213(4(5|6|7|8
Manual PY | - | 4 | 4 | 7|45 Manual PX | - | - | - |23 |5 |5 |34 Manual PX | - | - |- |2]|-]-|4]|5
Manual PZ | - | 45|45 |7| 8 Manual PZ | - |- |- | 4 |-|8| 7 Manual PY | - | - |- |4 |-|-|7]|6
(a) PX to PY and PZ. (b) PY to PX and PZ. (c) PZ to PX and PY.

Figure 4.13. Case 3: Learned places are partially overlapping: place correspondences.

at the first level and the remaining places are the second level. Here place 5 serves
as a transition region between the street and the campus entrance. Thus, it is placed
further away from the other places. The remaining places are on the same level prob-
ably due to similarity of their appearances. Finally, robot jZ traverses a path of 130
meters, collects visual data at 710 base points and learns 8 places. Its place memory
has structure 7% as shown in Figure 4.12d. T has a more complex structure with 3
levels. This can attributed to the fact that environmental changes along the robot jZ’s
path are more than those of robots jX and jY. The appearance-wise correspondences
between robots’ learned places are manually determined to be as given in Table 4.13a,
Table 4.13b and Table 4.13c. It is observed that appearances associated with places
jX:4, jY:7 and jZ:7 are very similar. They also geometrically correspond to the same
area. This is also the case for jX:5 and jZ:8. On the other hand, while some places
are geometrically nearby, their appearances are different as the respective robots move
through them in opposite directions. For example, places jY:6 and jZ:7 are in this
category. Similarly, this holds for jX:5 and jZ:6 as well as jZ:4, jX:2 and jY:4. As such,
we expect them to be learned as different places. Finally, there are also places whose

appearances are similar while they are geometrically distant such as jX:1 and jY:6.

Table 4.2. Descriptive statistics of hyperspheres SX, S¥ and SZ.

(a) Pairwise distances. (b) Radii.
Robot | jX iY jZ Robot p
X 0 0.367 | 0.22 iX 0.244

iY 0367 0 0218 iY |0.307
iz | 022 0218] 0 iZ | 0415
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Pairwise distances between the centroids of the respective hyperspheres and their
radii are given in Table 4.2(a) and Table 4.2(b). These are used to verify that that
conditions for Case 3 prevail. The merged place memories vary depending on the order
of merging as seen in For each robot, there are two alternatives in regards to the order
of merging. It is observed that the merged place memories are different for each robot
as seen in Figures 4.14, 4.15, 4.16 - even if the descriptive statistics of the associated
hyperspheres are independent of the learning order. This is expected by Prop. 4.1 since
those associated with the inner nodes vary. Places that are only learned by one robot
are indicated by corresponding color (blue - robot jX, green -robot jY and red -robot
jZ) while places shown by orange nodes indicate merging of knowledge regarding places

that are determined to be overlapping.

Table 4.3. Case 3 - Place mergings.

(a) TX +TY +TZ. (b) TX +TZ +TY.

Updated Places iX:b jXel | jXd | jZ:2 Updated Places jX:5 jXel | jXd | jZ:2
Updated With | jZ:4,jY:4 | jZ:6 | jZ:7 | jY:6 Updated With | jZ:4, jY:4,jZ:8 | jZ:6 | jZ:7 | jY:6

(c) TY + TX +T%. (d) TY +T% + TX.

Updated Places jY:4 jY:7 jY:2 | jY:1 | jY:6 Updated Places jY:4 jY:6 jY:7
Updated With | jX:5, jZ:7 | jX:3, jZ:3 | jZ:4 | jZ:6 | jZ:2 Updated With | jZ:4, jX:2 | jZ:2, jX:1, jX:5 | jX:4, jX:3

(e) TZ + TX +TY. () T + TV +TX.

Updated Places jZ:6 J2:7 | jZ:3 | jZ:4 jZ:2 Updated Places iZ:8 iZ:4 iZ2:6 iZ:7
Updated With | jX:1, jX:5 | jXi4 | jX:3 | jX:2 | jY:6, jY:2 Updated With | jY:3,jY:1,jY:2 | jY:4, jX:2 | jX:1, jX:5 | jX:4, jX:3

For robot jX, with the merged place memory 7% + TY 4 T#, the robot increases
its place knowledge from 5 to 15 places. Note that considering Table 4.13a, we expect
this number to be around 13. Closer inspection reveals that while we expect jZ:5 to
be merged with jX:2 or jX:3, this is not the case. Similarly, we expect jY:7 to be
merged with jX:4. Again they are determined as different places. In addition, while
some mergings occur as expected, that is not the case with others as analyzed in
Table 4.3(a). For example, the merging of jX:4 with jZ:7 is expected. This is also

geometrically correct. On the other hand, while places jX:1 and jZ:6 are appearance-
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(a) TX =TX +TV +T7.
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(b) TX =TX +TZ +TY.

Figure 4.14. Merged place memories of jX.

wise not similar, they are viewed as one place nevertheless and the associated place
knowledge is updated accordingly. In summary, two of the places are correctly merged
while the remaining are not. When the order of learning is changed, the robot expands
its place from 5 to 14 places. Again, while jY:7 is expected to merge with jX:4, this
is not the case. Thus the place memory contains one additional place. The knowledge
associated with 3 places are correctly updated as seen in Table 4.3(b). For example,
jX:y is correctly merged with jX:4 - similar to the previous case. On the other hand,
there are also some wrong merging as also seen in the same table. For example, jX:1
and jZ:6 are again wrongly merged. Closer inspection reveals that wrong mergings
tend to occur across places that while appearance-wise different nevertheless contain

similar entities such as sky, building and walkway.

In case of robot jY, its merged memory TY + T + TZ contains 13 places that

are arranged 3 levels. This is as expected. The merging of place knowledge is given in
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(a) TY =TY + TX +TZ.
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() TY =TY +T% +TX.

Figure 4.15. Merged place memories of jY.

Table 4.3(c). In this case, the robot tends to confuse most of the places and wrongly
merge them. For example, jZ:2 and jY:6 are viewed as being same places. When the
learning order is reversed to T +TZ + T, again the robot increases its knowledge of
places from 7 to 13. The resulting tree structure is in 3 levels. Interestingly, merging
performance is considerably much better. The robot correctly merged 5 of the seven
places. For example, the knowledge of place jY:4 is updated with that of jZ:4 and jX:2.
These places are all similar since they both view the front of library building from a

distance.

Finally for robot jZ, its merged place memory T% +TX + TY contains 13 places
- again arranged in 3 levels. As such, its knowledge of places expands from 8 to 13. It
finds the knowledge associated with 7 places as overlapping with its own. Two of these
are correct while the remaining are incorrectly merged. For example, while places jZ:4
and jX:2 are correctly found to be overlapping, this is not the case for places jZ:6 and

jX:1 or jX:5. With the reversed merging order 7% + TY + T, the robots expands its
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Figure 4.16. Merged place memories of jZ.

knowledge of places from 8 to 11. Since we expect this number to be 13, some of the
places are wrongly merged. In this case, there are 3 places that are correctly merged
while 6 places are incorrectly merged. Again, it is observed wrong mergings occur due

to similarity of scenes.

The merged map memories are given in Figures 4.17 4.18 and 4.19 . As they use
the merged place memories, their structures reflect the merging of knowledge associated
with places that are found to be overlapping. The number of nodes in each merged
map is equal to the number of places in the place memory. The spatial relations among
different places are shown by the edges. Again, places that are only learned by one
robot are indicated by corresponding color ( blue - robot jX, green -robot jY and red
-robot jZ) while places shown by orange nodes indicate merging of knowledge regarding
places that are determined to be overlapping. As some mergings are correct while some
are not, some edges are geometrically correct while others are not. For example, with

robot jX, 20 of the 35 spatial relations are geometrically correct in the merged map
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Table 4.4. Overall descriptive statistics for the merged place memories.

Place Memories | Th NormSq Ac NormSq | Th p  Acp
T +TY +T% 245.84 245.84 0.623 0.622
TX +T? +TY 245.84 245.84 0.623 0.623
Y +TX +T% 245.84 245.84 | 0.623 0.622
TY +T? +TX 245.84 245.84 0.623 0.623
T? + TX +TY 245.84 245.84 0.623 0.622
T? + TV +TX 245.84 245.84 | 0.623 0.623

memory g~ + g¥ + gZ. It is observed that the robot can successfully navigate from
place 7.X : 4 directly to place jZ : 8. On the other hand, as places jX : 1 and 77 : 6
are incorrectly viewed as overlapping, the robot trying to navigate directly from j X : 1
to jZ : 5 will end unsuccessfully. On the other hand, with gX + g% + g", there are 14
places with the knowledge associated with three places being revised based on merged
knowledge. As such, 39 spatial relations are inferred. 20 of these are geometrically
correct while 19 are not - due to incorrectly merged places. For robot jY, the merged
map contains §* + g~ +gZ contains 13 places with 38 spatial relations inferred. In this
case, 16 of these are geometrically correct while the rest are not. In the merged map
memory g% + g + g of robot jZ, there are 11 places with 31 spatial relations inferred.
17 of these are geometrically correct while the remaining 14 are not. In summary, the
resulting merged maps are correct with around 50-60% reliability. This is quite good

considering only appearances are used in the merging process.

4.8.4. Recognition Performance After Merging

After merging spatial memories, we conduct a series of experiments that aim to
assess whether the merged knowledge can enable the robots to recognize the respective
places. In these experiments, each of the robots is made to follow two alternative
paths as shown in Figure 4.20. The places along these paths have been learned by

either the robot itself or through merging of knowledge. Furthermore, there is some



Figure 4.17. Merged map memories of jX.
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(b) g¥ =g" + 3% + 7%

Figure 4.18. Merged map memories of jY.
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(b) g% = g% +5" + 7~ .

Figure 4.19. Merged map memories of jZ.
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changes in appearance as they are done about 2 months after so that there are some
changes in the outdoors appearances due to seasonal changes. As such, we are able to
test the recognition performance of the merged place memories - even under changing

environmental conditions.

The first path shown in blue is about 100 meters and goes through two places
that have been learned by robot jX in previous visit. Robots jY and jZ have learned
these places via knowledge sharing. As the scenes associated with each of the places are
mostly composed of buildings, appearances are not much affected by seasonal changes.
The precision-recall results with 7. = 1.5 for each robot and merged memory are given
in Table 4.5. It is observed that all the robots can perfectly recognize these places
except robot jY with the merged memory TV + 7% + TX. In this case, it recognizes
one of the places as a new place. As robot jY has learned this place through merging,

apparently its knowledge is not sufficient in information content.

The second path shown in red goes through seven places (containing car park,
garden and a concrete trail) that have been learned by robot jZ. Robots jX and jY have
learned these places through knowledge merging. It is observed that this path is rather
challenging compared to the first path because of the significant seasonal changes in the
appearance of the garden area. Robot jZ has the highest recognition performance with
the merged place memory 7% +TY + T memory. It has 80% recall at 25% precision.
Interestingly, with merging order changed to 7% + T + T, performance changes to
66% recognition at 33% precision. Interestingly, for robot jX which as learned these
places based on the knowledge of robot jZ, performance is at the same level with again
66% recognition at 33% precision. The merged memories of Robot jY enable 40% recall
at 50% precision. Despite the fact that there are seasonal changes in the appearances
of these places, the robots can still recognize them using their merged place memory
with acceptable accuracy - even if they have been learned through merging of their

knowledge with those of other robots.
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Figure 4.20. Navigating in places that have been learned through merging of spatial

memories after 2 months.

4.8.5. Comparative Performance

Finally, we compare performance of knowledge acquired through merging via
knowledge that is learned one-by-one as presented in [14]. In these experiments, we
consider robots jX and jZ separately and continue using recognition parameter 7. = 1.5.
After one-by-one learning, the place memory T of robot jX contains 8 distinct places
while that of robot jZ contains 11 places. Further analysis as presented in Table 4.6
reveals that both robots confuses some of the new places with those already learned.
For example, robot jX wrongly recognize places jY:1 and jY:2 as place jX:3. Similarly,
robot jZ recognizes many of the places from robot jY with jZ:2. Furthermore the places
that are confused are different from those of knowledge merging. For example, while
robot jX recognizes places jZ:4 and jY:4 as place jX:5 or jZ:6, as place jX:1 or place jZ:7
as place jX:4 after merging, places jX:3, jY:1 and jY:2 are confused after one-by-one
learning. The update of jX:3 with jY:1, jY:2 and jY:7 is incorrect in the sense that
jY:7 and jX:3 are geometrically nearby although their viewing angles are different while
jY:1 and jY:2 are geometrically away. This confusion is attributed to the fact that all
contain common entities such as sky, people, walkway. Similarly jX:2 is updated with
jZ:4, jZ:5, j7:6 and 7. Here although there is a translational difference between jX:2
and other merged places, they all see the front courtyard of the library building. As
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Table 4.5. Recognition performance of merged place memories with 7 = 1.5.

Blue Path Red Path
R (%) | P (%) | R (%) | P (%)
T +TY +T7% | 100 100 60 33
TX +TZ4+TY | 100 100 60 33
Y +TX +T% | 100 100 40 50
TY + T +TX 50 100 40 50
T +TX+TY | 100 100 60 33
T +TY +T7X | 100 100 80 25

Place Memory

Table 4.6. Case 3 - Obtained place updates, one-by-one learning.

(a) TX after one-by-one learning. (b) TZ after one-by-one learning.

Places iX:3 jX:2 jY:2 Places jZ:2 jY:6
Updated with | jY:1,3,7 | jZ:4,5,6,7 | jY:4, jZ:1,2,3.8 Updated With | jY:2,3,4,7 jX:1,2,4,5 | jX:3

a result appearance-wise these places can be easily confused. Finally jY:2 is updated
with jY:4 and jZ:1, jZ:2,j7:3 and jZ:8. There is a very small translational difference
between jY:2 and jY:4. This merging is acceptable. On the other hand places jZ:1,
jZ:2, j7:3 and jZ:8 are geometrically away from jY:2 and jY:4. Here again these places
share some common entities such as library building, sky and concrete surface. As a

result these places are confused and incorrectly merged.

With robot jZ, after one-by-one learning, there were 9 place updates which is
the same as TZ +TY + TX. For T? + TY + TX, places jZ:8, jZ:4 jZ:6 and jZ:7 were
updated while for jZ one-by-one jZ:2, jY:6 were updated. Interestingly, jZ:2 is updated
with places jY:2, jY:3, jY:4 and jY:7 and places jX:1, jX:2,jX:4 and jX:5. Here jZ:2
share common entities with jY:2 although they are geometrically apart. Thus, they
are merged incorrectly. Places jY:3 and jY:4 are geometrically very close to place jY:2.

Thus they are also merged into jZ:2. Here places jY:2, jY:3 and jY:4 and jY:7 are
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Table 4.7. Comparative performance.

Processing Time Blue Path Red Path
Robot | Place Memory
(msecs) R(%)|P(%)|R (%) P (%)

« TX +TY +T% 80 100 100 66 33

J
One-by-one 1145 100 100 80 25
- T? +TY +TX 85 100 100 80 25

J
One-by-one 450 0 0 66 33

geometrically away but again all share common entities such as buildings and concrete
surface so they are incorrectly merged. When places of jX are introduced, they have
very similar views with jY:7. As a result they are incorrectly merged into the same
node with them. Next, jY:6 is updated with jX:3. Here jY:6 sees library building,
concrete walkway and some trees while place jZ:3 also contains a view of the library
building, trees and a walkway but from a different geometrical location and view point.
As a result these places are incorrectly merged because of appearance-wise similarity

in between.

The comparison is done with respect to processing time and recognition perfor-
mance as given in Table 4.7. Interestingly, learning through knowledge merging takes
considerably shorter time as compared to one-by-one learning. It takes about 85 msec
in contrast to 450-1145 msec for one-by-one learning. This is attributed to the pro-
cessing of knowledge as a whole or in portions. The recognition performance of robot
jX does not seem to be affected by how knowledge is learned. On the other hand, this
does not seem to be the case for robot jZ. Its performance with one-by-one learning
is considerably poorer. This is probably due to it not recognizing a lot of the places.
The results also show that, for small and appearance-wise similar experimental envi-
ronments, knowledge merging has a clear advantage over one-by-one learning such that
false alarms are decreased. This is attributed to the handling the knowledge as a whole
or in portions which implies that knowledge structure is preserved to some extent - in

contrast to one-by-one learning where this does not hold.
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4.8.6. Summary

In summary, we propose an approach that can be used by the robots to merge
their spatial knowledge - regardless of their overlap or geographic scale. The resulting
merged spatial memories are very compact in the sense that they represent data from
thousands of base points with just a few number of nodes. As such, the approach can
be easily extendible for large-scale and long-term operation. Furthermore, the robots
can use the merged knowledge to recognize places that are learned only through this
merging. As other robot’s knowledge is processed as a whole or in portions, the resulting

merged memories enable better performance as compared to one-by-one learning.

4.9. Conclusion

In this chapter, the problem of merging appearance-based spatial knowledge of
multiple robots operating independently. The goal is to have robots that can expand
their spatial knowledge with that of other robots [7]. As such, the robots will be able
to reason about places that are learned through knowledge merging. Here, we present
a novel approach for merging of appearance-based spatial knowledge that is comprised
of two separate, but related parts - namely learned places and their spatial relations.
The former is retained in the robot’s place memory [14] while the latter is encoded
in the (topological) map memory. It is assumed that each robot has its individual
spatial knowledge. In the merging process, each robot communicates with each of the
remaining robots one-by-one and receives the spatial knowledge of the other robot.
Once this is over, it first merges its place memory with that of the other robot. It
then incorporates other robot’s map memory into its own via adding the new spatial

relations as appropriately.

The advantages of such an approach are three-fold: First, it scales easily with
respect to the amount and overlap of the appearance data. This is because it does
not require matching pairs of appearances from two different maps. Furthermore, the
expanded place knowledge continues to be organized as a semantic hierarchy that is

amenable to human-like interpretations and higher-level symbolic reasoning. Finally,
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it can be applied in a decentralized manner by all the robots individually.

This work can be extended in many ways to generate hierarchical navigational
paths via incorporating the merged knowledge. Furthermore, the robots can reason
about their recognition results and compare their own recognition performance with

others to improve the overall recognition.
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5. CONCLUSION

This thesis is concerned with autonomous multi-robot topological spatial cogni-
tion problem. The first step of the proposed approach is based on the problem of place
representation and recognition using multi-sensory data which is explained in Chapter
2. It is shown that bubble space representation can easily be used to combine RGB
and depth data while affording acceptable recognition performance even with limited
sensing capabilities and simple features. The advantage of RGB-D sensing in bubble
space is due to the fact that the associated feature vectors encode both sensory observa-
tions and their relative S? geometry. Hence, the rich 3D spatial information contained
within the 3D depth data is not lost while allowing easy integration of data from dif-
ferent sensing modalities. For place learning and recognition, we have used a standard
supervised learning approach - support vector machines (SVM) in conjunction with

bubble descriptors.

Next, an autonomous real-time approach is developed for solving the single-robot
spatial cognition problem in Chapter 3. Spatial cognition is concerned with the ac-
quisition, organization, utilization and revision of knowledge about spatial environ-
ments [3-5]. The proposed model which is explained in Chapter 3, incorporates a
long-term spatial memory where two separate, but related types of knowledge are
stored. The place memory organizes the learned places in a hierarchy based on their
appearance-related similarities while the topological map simply encodes their spatial
relations. It also provides the framework to which the robot is able to link new knowl-
edge by association. The processing modules operate together so that the robot builds

its spatial memory or utilizes it in an organized, incremental and unsupervised manner.

Finally, the problem of merging appearance-based spatial knowledge of multiple
robots operating independently is considered in Chapter 4. The problem is considered
as merging of appearance-based spatial knowledge that is comprised of two separate,
but related parts - namely learned places and their spatial relations. There are two

aspects that differ from previous related work on map merging as such a ‘place’ is
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defined to be a collection of appearances sharing common perceptual signatures or
physical boundaries. This is in contrast to viewing each appearance as a single place.
Furthermore, each robot’s place memory is processed as a whole or in portions. This

is in contrast to processing each appearance individually.

All the proposed methods are implemented for real-time operation using ROS
and extensively tested on datasets as well as outdoor Jaguar robots. In that sense
this thesis is a step forward to perform autonomous tasks by reasoning about their

environment using their learned knowledge about places.

The proposed approaches in this thesis is a first step in enabling a mobile robot
to become spatially aware of its surroundings based on its experiences and obtained
knowledge from other robots. A main issue of the appearance based methods is to avoid
perceptual aliasing. This requires identifying distinct elements that is possible using
pre-training. As we are strive for complete autonomy, this requires deductive learning.
Fortunately, as the proposed TSC model that considers not only recognition, but also
learning, future work can possibly consider learning based on contents of places and
their distinctness. In fact, some of ongoing work has been actually focusing on this
very topic. Moreover, assigning quantitative labels such as “kitchen in X flat” are also
extremely desirable, but the robot needs to have scene analysis and possibly natural
language capabilities. The higher level semantic information could be embedded to the
place memory using scene segmentation techniques while topological maps can serve

as a basis for creating hierarchical navigational paths for multi-robot systems.
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APPENDIX A: BUBBLE SPACE

1 N

(a) Visual data from sample bases in the Fr, Lj , Sa and NC sites.

N o N

— e & i

-
A
s
;
.

(b) Corresponding bubble surfaces for each of (color, Cartesian, non-Cartesian and intensity) features.

Figure A.1. Representation of visual data from sample bases in Fr, Sa, Lj and NC

sites.

This section presents a brief summary of bubble space representation for com-
pleteness. The interested reader is referred to [6] for further details. The bubble space
B = X x F is an abstract representation of the robot’s base along with its viewing
directions (pan and tilt) F C S? with b € B defined as b = [z f]” where z € X and
f € F. Bubble surfaces B;(xz,t) : Im(h(z)) x RZ° — R=° are hypothetical spherical
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surfaces surrounding the robot defined as:

Bi(x,t) = d |VfeF and b= [z f]" (A.1)

pi(b7 t)

where the image of a section h — namely I'm(h(x)) — is the set of viewing directions
from a given base x with the section h : X — B defined as a continuous map such
that Vo € X, w(h(z)) = 2 and 7 : B — X defined as the projection of b onto X as
7(b) = x. Finally, the function p; : B x RZ® — R=" is a Riemannian metric that
encodes the observed values of v!"* sensory feature. For simplification of notation, the
second argument is omitted whenever time dependency is clear. Each bubble surface
is initialized to be a S? sphere with radius py € R=° — namely p;(b,0) = po. As the
robot looks around, for each viewing direction f € F, it computes each feature value
¢i(b,t) > 0. Next, each bubble surface B;(z,t) is deformed at the viewing direction f

by an amount that depends on the associated sensory feature value ¢;(b, ) as:

pi(b,t7) = qi(b, t) (A.2)

where the superscript ¢+ denotes time just after ¢. As this is done for each feature
v; € V where |V| = N, a set of N, bubble surfaces is generated. In the experiments,
the robot computes seven bubble surfaces corresponding to seven visual features (hue,
Cartesian, non-Cartesian and intensity). For the sample scenes as shown in FigureA.la,
the bubble surfaces are as shown FigureA.1b. The intensity bubble surface is used for

checking reliability of sensory data in place detection.

Bubble descriptors are holistic (vector) representations of bubble surfaces. They

are constructed using the double Fourier series representation of bubble surfaces as:

Hy H

pi(ba t) = Z Z )‘h1h2zajs;,h1h2(t)eh1h2(f)

h1=0 h2=0
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If f € Fisdefined as f = [fi fg]T, for each (hy, hs), the vector ey pn,(f) € R* consists

of an orthonormal set of trigonometric basis functions as:

oh

1)cos(ha f2)
(h1fi)cos(ha fa)
cos(hy f1)sin(hafs)
sin(hy f1)sin(ha f2)

>
=
=~

cos(

CcOoSs

€h1h2<f) =

The corresponding vector 2 p,n, (t) € R is defined as:

I3 T pi(b,t)cos(ha fr)cos (ha fo)dfrdf
Zaihiho (T) = % fo% 5 pi(b,t)sin(ha fr)cos(ha f2))dfrdf "
f027r Iy pi(b, t)cos(ha f1)sin(ha f2))df1dfs

5T IS et t)sin(h fr)sin(he f2)dfdfe |

The parameters Ay, p, are defined as:

ifhle,hgz()
if hy >0,hy =0 0r hy = 0,hy >0 (A.5)
if hy > 0,hy >0

)\hlhg =

—_ N[— =

A bubble descriptor I(x,t) € RM is a Ny—dimensional vector with Ny = N,(H; +
1)(Hy + 1) defined as:

](ZL‘, t) = [11’00(5(], t), ey INU,Hng (l’, t)]T (AG)

where

[i,h1h2 (ZL‘, t) = Z;’,hm (t)zxi7h1h2 (t) (A7)

Bubble descriptors have been shown to be rotationally invariant with respect to head-

ing changes while being computable in an incremental manner- as new observations
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are made. Furthermore, they are flexible integrating visual features since their di-
mensionality are independent of the number of observations. Furthermore, no data
association [16] is required for finding correspondences among observations taken at

different times.
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APPENDIX B: IMAGE CLEF PERFORMANCE

In this section, for completeness, experimental results are evaluated based on the scor-
ing used in the ImageClef 2012 challenge [65]. In particular, the score is computed as
follows. First, it is initialized to zero. For each correctly classified frame, the score is
incremented by one while each misclassified frame decrements the score by one. Un-
classified frames have no effect on the score. Learning is varied by considering only
daylight data only, night data only and both while testing is done using night data in
all the tests. The experiments are repeated 6 times with 7 € [0.4,0.9] with increments
of 0.1. As discussed previously in Section 2.5, the best overall results and scores are
achieved using night data in learning. The confidence parameter is optimal for values
0.5 < 7 < 0.7. The integrated approach has the highest success rates for all of the
combinations with visual data as the next best except with only daylight learning.
Using only depth features gives the worst results as expected. With a maximum score
of 874 for £, and 1133 for L5, RGB-D based bubble space representations rank as 7t

and 5™ respectively.

B.1. Variations in Learning and Testing

As explained previously, all the experiments are done using the officially given
test sequence in order to be able to compare our results with those of the ImageClef
2012 challenge. In this section, we consider varying the learning and test sets in regards

to to robot’s path or illumination conditions.

First, we consider learning (training set 1) and test (training set 2) data that differ
in the robot’s path while having same illumination conditions - namely daylight. The
results are as given in Figure B.1. As expected, the results with using only depth
features L3 are the worst due to dependency of this data on local geometry. Using only
visual features £ and L, leads to significantly better performance. Integrated vision-

depth sensing gives the best results but the results are very close to vision-only sensing.
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As expected, the additional features in £, and L5 improves the results compared to £,
and L, although the improvement is not that gross. When these results are compared
with those of Section 2.5, it is observed that the performance is close to that with night

learning and testing. This is expected as in both cases, the illumination conditions are

the same.
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Figure B.1. Precision-recall curves for trainingl vs training?2 data with varying

feature sets. Left: For £, L3 and L4; Right: For L5, £3 and Ls.

Similar experiments are repeated via varying illumination conditions for learning and
testing. While learning is done with night data using the training set 3, testing is
done with daylight data using training set 1 - which is in contrast to the official test

data. In this case, it is observed

In both cases, the robot follows a similar path.
that while using only visual features, the extended set does not contribute much to
performance and is possibly misleading. Another interesting observation is that the
depth-only sensing, despite being independent of illumination conditions, cannot have
the edge over visual sensing. Limited field of view and depth range of 3D RGB-D
cameras possibly increase the sensitivity of depth data to local geometry as compared
to the traditional 2D laser range scanners. Using depth sensors having wider field
of view with higher resolution would probably increase performance, but for now,
visual sensing continues to be the primary sensing modality for place recognition with
robots. Compared to results in Ezperiments section, the performance is even worse

than daylight learning. We attribute this to the limited visual information of night

data that does not allow generalizations. The rich sensory information from visual



data is lost when learning is done in night conditions.

plays a critical role in recognition performance.

Precision

09

0.8

07

Combined
— — — Depth Only |{
Vision Only

0.1 0.2 0.3 0.4 0.5
Recall

Precision

As observed

113

earlier, learning

09

0.8

071

0.6

05

045

03t
0.2f 1

0.1

Combined
— — — Depth Only |{
Vision Only

.2 0.3 0.4 0.5 0.6 0.7
Recall

Figure B.2. Precision recall curves for training3 vs training! data with varying

feature sets. Left: For £y L3 and Ly4; Right: For Lo, £3 and Ls.
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APPENDIX C: SENSORY DATA RELIABILITY

This section presents a brief discussion of how reliability is measured. Reliability
depends on the informativeness, coherency and plenitude of the sensory data. Since
sensory data are internally represented using descriptors, they can be measured via
processing the descriptors appropriately. In our case, this processing uses the bubble

descriptors. The interested reader is kindly referred to [12] for further details.

Informativeness measures whether an incoming sensory data is semantically rich
or not. For example, in case of low illumination conditions, everything in the image
will look dark. Similarly, if the robot field of view is comprised of an extended object
such as a door, again there won’t be much variation in the visual or depth images. An
indication of both cases may be detected by computing the average deformation p;(xy)

or variance o;(xy) of the associated (intensity or depth) bubble surfaces B;(xy, tx):

we) = % [ nbadnds
wte) = [ [ olbt) = o) P

Low values indicate minimal surface deformation which implies that the data is not
informative. Hence, the informativeness decision is based on a binary valued function

¢:k—{0,1}:

Lopi(ar) <7
Slxg) =4 1 oi(zr) <7,

0 otherwise

where 7, and 7, are a priori selected threshold parameters. Sensory data from a par-
ticular base point xy is used if and only if ¢(x;) = 0. In this work, the bubble surface

associated with intensity feature (i = 7) is used.
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The coherency of data from two consecutive base points z, and x;_; is measured
by comparing the similarity of their respective bubble descriptors I(z) and I(xp_1)
using a y2-distance. For example, in case of jagged robot head or body motion, sensory
data from consecutive bases will be quite unrelated. Thus, the incoherency decision is

based on a binary valued function x : & — {0, 1}:

0 [1Z(@e), Izl a < 7

1 otherwise

K(ry) =

A low similarity value as compared with the incoherency threshold 7, is an indicator

of incoherency.

Finally, the pool of data associated with each place should be of sufficient amount.
For example, sensory data from just a few base points - even if informative and coherent
- will not in general be indicative of a particular place. The plenitude decision is
based on the extent of the detected places D,, - namely those with extent less than a
plenitude threshold 7, are considered to have insufficient amount of data. The values
of the informativeness thresholds 7, and 7, incoherency threshold 7,; and the plenitude
threshold 7, affect the place detection performance. In this work, they are adjusted

manually based on the camera type and nature of incoming sensory data.
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APPENDIX D: JAGUAR ROBOT

D.1. Robot System, Hardware and Operation

Jaguar robot is designed for outdoor applications as shown in Figure D.1 (Left).
It can operate in extreme terrains and is capable of climbing up stairs (up to 200mm
step-length). The technical specifications of the Jaguar robot are given in Table D.1
and Table D.2. The complete robot platform that is composed of robot sensors, on-

board computer and an observer laptop is shown in Figure D.1(Right).

Onboard Computer

!

( EmmEm ) g
Remote Computer

Jaguar Robot

Figure D.1. Left: Jaguar robot; Right: Complete Robot platform.

D.1.1. Operating the Robot

In this section the details of operating the robot is explained.

(i) Opening the Jaguar Robot: Install the battery as shown in Figure D.2(left).
Make sure that the red connector is connected with red and black with black. The
robot is made operational by turning the switch on as shown in Figure D.2(right).
A simple check to see if the robot is activated is to observe whether the red light
of the laser scanner is on or not.

(ii) Using the interface:

e Open the computer running Ubuntu and connect to the Jaguar Robot with



117

Table D.1. Jaguar robot components.

No | Component Unit Properties

1 | Length mm 820

2 | Height mm 176

3 | Width mm 700

4 | Portable Weight | kg 25

5 | Battery 1 22.2V (Li-Po)

6 | Motors 3 1 arm unit, 2 track-wheel unit

7 | Encoders JAGUAR-ME (1227.4 per revolution)
8 | Camera 1 30fps, 640x480 resolution

9 | Camera 2 30fps 640x480 resolution

10 | 2D Laser Scanning Angle:270° (Resolution:0.25°)
11 | GPS OGPS501

12 | IMU IMU9000

13 | Wireless WRT802G

= =
3 S~
—

e

Figure D.2. Robot electrical connections for startup. Left: Battery connection; Right:

Power Switch.
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Table D.2. Jaguar robot - technical data.

Property Unit Theory Experimental
Axis No 3 3
Maximum Linear Speed m/s 1.52 1
Maximum Rotational Speed | rad/sec 0.57 0.4
Maximum Arm Speed rad/sec 1.52 1
Drive Method tracked
Maximum Slope to Climb Up | degree higher than 45° higher than 45°
External Interface Wireless Connection
Working Temperature Celcius | Up to approx. 24°

wireless as shown in Figure D.3. Default password for the wireless network
is “drrobotdrrobot” and one need to specify a valid static ip address, ie.

“192.168.0.157”, to connect to the robot.

Connectionname: | DriJaguarZ Connection name: |DriJaguarZ
| Connect automatically | Connect automatically
Wireless | [IPv4 Settings | IPv6 Settings Wireless Security Wireless  IPv4 Settings | IPv6 Settings | Wireless Security
Method: | Manual v Security: WPA & WPA2 Personal hd
et Password: |drrobotdrrobot
Address Netmask Gateway Add & show password
192.168.0.157 255.255.255.0 0.0.0.0 Delete
DNS servers: i
Search domains:
DHCP client ID:
Require IPv4 addressing for this connection to complete
Routes...
& Available to all users | cancel || save.. || | [ Availabletoallusers | Cancel || save.. |

Figure D.3. Wireless settings for connecting to the robot.

e Open a terminal and run “roscore”.
e Start all the nodes necessary ROS nodes using the following commands each

on a different terminal tab.

roslaunch drrobot_jaguarV2_player drrobot_playl.launch

roslaunch axis_cameraHK axisl.launch
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roslaunch axis_cameraHK axis_PTZ.launch

rosrun hokuyo_node_tcp hokuyo_node

e In case of “package not found” error, use the following command before each

roslaunch and rosrun operation
source /home/jaguar/fuerte workspace/setup.bash

e Now, the robot is ready to run. The interface can be invoked via going to

the bin directory “jaguarControlISL/qtviewer/bin”.
./imu_gps

e If it does not work, ensure imu_gps file is to be allowed to be run as an

executable.

D.2. Robot Software User Guide

In this section, the graphical user interface tool that is used to control and com-
mand the robot as well as the software structure that is used throughout the experi-

ments are explained.

& QRosApp

App

e T Command Panel @ @
Ros Communications | IMU | GPS ' Laser Motor Camera |[velocity

Connection | Logging

Sensor logging

ENCODER Logging directory

LEFT RIGHT

ros_workspace/jaguarControliSL/qtviewer/bin |
|Send Velocity | | \

min interarrival time(ir
|Send Angular it ‘
~1 Log continuously

| send Arm SAVE(single message) |

stop

Quit

Figure D.4. Velocity tab.
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D.2.1. Graphical Command & Control Tool

The command & control software has been designed using QT on the purpose of
displaying data from various sensors of the robot and sending velocity commands to the
motors in a convenient way. The interface uses specially implemented ROS nodes for
the communication between user and robot components. Each node can be controlled

using its related tab in the interface.

e Velocity Node: As shown in Figure D.4, the user can send velocity commands to
wheels/arms of the robot and obtain encoder information using this tab. Velocity
commands are sent in linear and angular parts. Encoder information has 16-bit
resolution and distance traveled can be estimated by using it.

e Laser Node: This node handles the data from the laser range sensor. The laser
range sensor is able to scan an angle of 270 degrees at 10 Hz frequency with a
resolution of 0.25 degrees. It has a distance range of 30 meters. After some pre-
processing, the measurement vector obtained from the laser scanner is visualized

at the laser tab as shown in Figure D.5.

@S QRosApp

App

= Command Panel B &®
Ros Communications | IMU | GPS | Laser|| Motor | Camera velocity

Connection | Logging

ScanFrequenc .
= q Sensor logging

Logging directory
Range_inMett ros_workspace/jaguarControlisL/gtviewer/bin
30 min interarrival time(ir
ArcDist_inMel
5 hat .
ArcDistance_i Log continuously
50
Start Step
0
End Step
1080
Cluster Count
1
Scan Interval
0
# of Scan
0

100

SAVE(single message)

g SET
2 Quit

Figure D.5. Laser tab.

e Camera Node: This node provides visual data from PTZ and front cameras of
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the robot and sends out PTZ commands. The robot can obtain visual data in
every possible direction via these cameras. As shown in Figure D.6, the images

are displayed and recorded using camera tab.

) QRosApp
App

R - Command Panel @ @
Ros Communications | IMU | GPS | Laser | Motor ||Camera| velocity

Connection | Logging
Front Camera

Sensor logging
Logging directory

Iros_workspace/jaguarControlisL/qtviewer/bin \
min interarrival time i
100 |
| Log continuously

|sAvE(single message)|

PTZ Camera
PTZ Control Command  Current
Pan deg
it deg
Zoom

Quit

Figure D.6. Camera tab.

D.2.2. On-Robot Implementation of the TSC Model

Learning

D
N - Perform Learning
Y - Update corresponding node H

Y
Sensory Input 3 . . Knowledge
——>:| Representation —p{ Place Detection Recognized? ' DB
e e ; 5
Place Discovery Node Node Control : N - Add new node :

Y - Update corresponding node

Topological
Mapping

Place Understanding Node

Figure D.7. Design of on-robot implementation of TSC model.

The proposed TSC model is developed in the framework of Robot Operating
System (ROS) - an open-source robot meta-operating system. The on-robot

implementation of the TSC model is achieved via the design and development of
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2 ROS nodes and integrated with the previously developed sense-communicate-
act architecture that is running on the robot [127]. The design of these two
nodes is given in Figure D.7 where the dashed boxes show the internal structures
of these nodes.
The place discovery node is composed of two modules: sensory data representa-
tion and place detection. The node subscribes to two messages. The first one
is the Sensory Input - namely the image frame. The second one is the Node
Control which controls the node’s operation such as start, pause and shutdown.
Upon receiving an image frame, it transforms it into an internal representation
and then activates the place detection module. In the place detection module,
there are two possibilities. Either place detection is in progress or a place is de-
tected. In the former, the robot goes back to waiting for another sensory input.
In the latter, a place detection event occurs. In this case, the robot first stores
the knowledge associated with the detected place data as well as the transition
region that led to this detected place in the robot’s knowledge base as follows:
(i) Base points: The base point id, the associated descriptor and status infor-
mation are stored. Status represents whether the base point is marked as
uninformative, incoherent or coherent.
(ii) Detected places: The id, mean descriptor and member base point ids are
stored.
(iii) Transition regions: The start and end points of a transitions between places
and their ids are stored.
It then advertises the detected place ID.
The place understanding node is responsible for initializing, updating and main-
taining long-term spatial memory. It is composed of recognition, learning and
mapping modules. It works synchronously with the place discovery node and
is activated whenever a place detection event occurs. Upon receiving the new
detected place id, it reads the newly detected place from the detected places
database and performs the necessary operations. If the place memory is empty ,
it initializes the place memory. If place memory is not empty, it actives the recog-

nition module where either the newly detected place is recognized or not. In the
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former, a recognition event occurs while in the latter, both place learning and
mapping are invoked. Learning event occurs upon updating the place memory
via incorporating the newly detected place into the place memory. Simultane-
ously, a mapping event occurs when the topological map is revised to include
a new node and an edge that connects it to the previous place. The long-term
memory is stored in knowledge database as follows:

(i) Place memory : The place memory structure including the children of the
internal nodes, the connections between nodes and mean descriptors of in-
ternal nodes are stored.

(ii) Learned places: Learned places correspond to the terminal nodes of the place
memory. The id, mean descriptor, member base point ids and member base
point descriptors are stored. Note that a learned place can be composed
of many detected places if these places are recognized to be from the same
place. Thus, the variable member places stores the ids of detected places
that compose the learned place.

(iii) Topological map: The topological map structure is stored as a connected

list.
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APPENDIX E: PUBLICATIONS

During this PhD study, the following papers have been published /submitted:

Chapter 2

e Karaoguz H., O. Erkent and H.I. Bozma, “RGB-D based place representation in
topological maps”, Machine Vision and Applications, 25(8): 1913 - 1927, 2014.

e Karaoguz H, O. Erkent, H. Bayram ve H.I. Bozma “Tek Robottan Coklu Robot-
lara Ortam Haritalama”, EMO Bilimsel Dergi, 4(2), 2013.

e Karaoguz H., O. Erkent ve H.I. Bozma, “Topolo jik Haritalarda 3B Uzaklik Olciim
Bilgisine Dayali Yer Gésterimi”, YTU BEEM Ozel Sayisi, 5(1), 74-85, 2013.

Chapter 3

e Karaoguz H. and H.I. Bozma “An Integrated Model of Autonomous Topological
Spatial Cognition”, Autonomous Robots, 2015 (submitted).

e FErkent, O, H. Karaoguz and H.I. Bozma, “Long Term Place Memory and Learn-
ing”, The International Journal of Robotics Research, 2015 (submitted).

e Karaoguz H. and H. I. Bozma, “Topological Place Recognition Based on Long-
Term Memory Retrieval”, Int. Conf. Adv. Robot. (ICAR), 2015.

e Karaoguz H. and H.I. Bozma, “Reliable Topological Place Detection in Bubble
Space”, In Proc. Int. Conf. on Robot. Autom. (ICRA), 697-702, 2014.

e Karaoguz H. ve H.I. Bozma, “Topolojik Yer Tanima i¢in Uzun Donemli Hafiza

Tarama”, Tirkiye Otonom Robotlar Konferansi, 2014.

Chapter 4

e Karaoguz, H., H. Bayram and H.I. Bozma.” Communication Integrated Control
Architecture in Multirobot Systems”. ICRA 2013 Workshop ”Towards Fully De-
centralized Multi-Robot Systems: Hardware, Software and Integration, 2013.
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