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Abstract
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Department of Industrial & Systems Engineering and Department of Mechanical
Engineering

Object recognition is an essential component of visual perception tasks that help robots
build a semantic-level understanding of their environment. Although deep learning meth-
ods achieve extraordinary recognition performance in previously seen environments, they are
insufficient for deployment in complex and continually-changing environments due to their
sensitivity to environmental variations. To realize the goal of long-term autonomy in robots,
we need perception methods that go beyond statistical correlation [204]. Therefore, this dis-
sertation focuses on developing robust object recognition methods using topological methods
and human-like reasoning mechanisms.

We begin by using topologically persistent features, which capture the objects’ 2D shape
information for recognition in unseen environments. In particular, we present two kinds of
representations, namely, sparse persistence image (PI) and amplitude, computed by applying
persistent homology to multi-directional height function-based filtrations (nested sequences
of cubical complexes) representing the objects’ segmentation maps. Using a benchmark
dataset, we demonstrate that sparse PI features show better recognition performance in un-
seen environments than the features from widely-used deep learning-based feature extractors.
On a new dataset, the UW Indoor Scenes (UW-IS) dataset, designed to test object recogni-

tion performance in unseen environments, the performance of sparse PI features remains rel-



atively unchanged in an unseen test environment, unlike a state-of-the-art domain-adaptive
object detection method.

Next, we propose a new descriptor, TOPS, to capture the 3D shape information of point
clouds generated from depth images, and an accompanying recognition framework, THOR,
inspired by human reasoning. The descriptor employs a novel slicing-based approach to
compute topological features from filtrations of simplicial complexes using persistent homol-
ogy, and facilitates reasoning-based recognition using object unity. Apart from a benchmark
dataset, we report performance on a new dataset, the UW Indoor Scenes (UW-IS) Occluded
dataset, curated using commodity hardware to reflect real-world scenarios with different en-
vironmental conditions and degrees of object occlusion. THOR, outperforms state-of-the-art
methods on both the datasets and achieves substantially higher recognition accuracy for all
the scenarios of the UW-IS Occluded dataset.

Subsequently, we extend the TOPS descriptor to incorporate object color information via
color embeddings and obtain the TOPS2 descriptor. The color embeddings are computed by
leveraging the similarity and connectivity between colors in a color network generated using
the Mapper algorithm. The accompanying THOR2 framework, trained entirely on synthetic
RGB-D images of unoccluded objects, witnesses considerable performance improvements
over the shape-based THOR framework on both the OCID and UW-IS Occluded datasets.
THOR2 also achieves substantially higher accuracy than a state-of-the-art vision transformer
adapted for RGB-D object recognition on the OCID and UW-IS Occluded dataset, regardless
of the camera orientation and environmental conditions, respectively.

Therefore, the approaches presented in this work, which have also been successfully im-
plemented on a low-cost robot, lay the foundation for achieving robust object recognition in

unseen environments using computational topology tools.
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GLOSSARY

SIMPLEX: the convex hull of a collection of vertices; a k-simplex has k+1 vertices.

SIMPLICIAL COMPLEX: a finite union of simplices in R™ such that every face of a simplex
from S is also in S, and the non-empty intersection of any two simplices in S is a face
of both the simplices.

ELEMENTARY CUBE: a finite product of elementary intervals with the dimension given
by the number of its non-degenerate components.

CUBICAL COMPLEX: a finite set of elementary cubes aligned on the grid Z".

FILTRATION: (of a finite simplicial complex S) is a nested sequence of simplicial com-
plexes Si,...,S, such that S; C ... C S, = S.

PERSISTENCE DIAGRAM: (of m-th order) is a countable multiset of points in R?. Each
point (x,y) represents an m-dimensional hole born at a time x and filled at a time y.
The diagonal of a persistence diagram is a multiset D = {(x,x) € R?*|x € R}, where
every point in D has infinite multiplicity.

PERSISTENCE IMAGE: a stable and finite dimensional vector representation obtained
from a persistence diagram. It is obtained by computing an equivalent diagram of
birth-persistence points, which are regarded as a sum of Dirac delta functions and
convolved with a Gaussian kernel over a rectangular grid of evenly sampled points.

TOPOLOGICAL FEATURES: are m-dimensional holes. Examples of topological features
include connected components (0-dimension holes), loops (1-dimensional holes), and

voids (2-dimensional holes).

COVER: is a collection of open sets {U,}, .y (X is the index set) such that every data
point in a dataset is included in at least one U,.

NERVE: of a cover U = {U,},.y is an abstract simplicial complex whose vertices are U,,
and each (k + 1)-way intersection of U,’s represents a (k)-simplex.

x1



OBJECT UNITY: a reasoning mechanism that allows a human to recognize the presence
of occlusion and associate the visible part of an occluded object with the original
unoccluded object.

OBJECT CONSTANCY: the ability to understand that objects remain the same irrespective
of viewing conditions

VIEW NORMALIZATION (IN HUMANS): the process of rotating an object from the ob-
server’s viewpoint to a standard orientation, whose representation is stored in memory.

MACADAM ELLIPSE (IN HUMANS): region on the chromaticity diagram with all the colors

indistinguishable (to a human eye) from the color at the ellipse’s center. Therefore,
the contour of the ellipse represents the just-noticeable differences in chromaticity.
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Chapter 1
INTRODUCTION

Perception is one of the core capabilities required by autonomous mobile robots. Vision
plays a crucial role in perceiving a robot’s environment and developing a semantic-level un-
derstanding of it. Most vision tasks fundamentally rely on the ability to recognize objects,
scenes, and categories. Therefore, object recognition and localization, often collectively re-
ferred to as detection, form an essential aspect of robot visual perception. Object recognition
in humans is incredibly sophisticated. Humans can recognize a multitude of objects in their
surroundings with little effort. Humans also recognize objects in images regardless of occlu-
sion or variations in appearance, viewpoint, size, scale, or pose. Achieving such recognition
performance is still a challenge for robot vision systems [204]. Therefore, we begin this
endeavor toward achieving robust object recognition for robots operating in complex and
continually changing real-world environments by reviewing how object recognition works in

humans.
1.1 Object Recognition in Humans

Evidence from the field of cognitive neuropsychology states that there are four stages in the
process of object recognition in humans [135,191]. These stages also resemble the theory of
vision proposed by Marr [119]. Fig. 1.1 shows the four stages and their component processes.
The first stage involves processing the basic components of an object, such as color, depth,
and form. Subsequently, these components are grouped to segregate surfaces into figure and
ground (known as foreground segmentation in the computer vision parlance). The ability to

understand that objects remain the same irrespective of viewing conditions, known as object
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constancy, is not present in the object representations at this stage. Instead, objects are
represented according to the viewpoint of the observer. This viewpoint-based description
is then matched with the structural descriptions of objects from memory. However, repre-
sentations in memory are often assumed to represent only selected viewpoints. Therefore,
object constancy is achieved either by computing it as part of the matching process or by
‘'normalizing’ the view by rotating the object to a standard orientation. Last, the visual
representation is associated with semantic attributes to provide meaning and recognition. In
this dissertation, we direct our efforts toward developing an object recognition framework for
robots that aligns with this model of object recognition in humans. First, we briefly discuss

how object recognition frameworks have evolved over the past two and half decades.

1.2 Visual Object Recognition in Robots

Numerous approaches have been proposed by the computer vision community toward achiev-
ing human-like performance in recognizing rigid objects. These approaches are potential can-
didates for use in robot vision systems as well. Therefore, we discuss how object recognition
methods in computer vision have evolved from classical approaches to the more powerful

deep learning-based approaches.



1.2.1 Classical Approaches

Object recognition approaches from the pre-deep learning era can be grouped into methods
for identifying instances of a specific object and methods to categorize object instances
at a more basic category level [71]. We briefly discuss these approaches in the following

subsections.

Specific Object Recognition

Early research explored ordered and orderless global image representations for specific object
recognition. Most of these approaches involve comparisons of entire images or image win-
dows and therefore run into issues associated with partial occlusion and substantial changes
in viewpoint. Alternative approaches that detect specific objects in a given test image in-
volve using local feature representations. Typically, the recognition procedure using such

representations has the following three steps.
1. Local features are extracted from both the training and test images.
2. Feature sets from training and test images are matched to find putative correspondences

3. Verification is performed to check if the matched features occur in a consistent geo-

metric configuration.

The feature extraction step mainly involves using local feature detectors to detect lo-
calized points of interest (e.g., Harris and Hessian detectors), scale invariant regions (e.g.,
Laplacian of Gaussian and Difference of Gaussian detectors), affine covariant regions (e.g.,
Harris-Affine and Hessian-Affine detectors) or stable segmentation regions (e.g., Maximally
Stable Extremal Regions detector). After the regions of interest are detected, their con-
tent is captured in a descriptor. The Scale-Invariant Feature Transform (SIFT) [112] and
Speeded-Up Robust Features (SURF) [12] descriptors are the most popular choices of such

local descriptors. The obtained features sets from training and test images are then matched



using tree-based algorithms or visual vocabularies. Tree-based algorithms perform exact
(e.g., kd-tree [59]) or approximate (e.g., locality-sensitive hashing [34, 83]) nearest neighbor
searches in the high-dimensional space of the descriptors, whereas approaches based on vi-
sual vocabularies quantize the feature space into discrete 'visual words’ before matching. In
the last step, the matches are verified to check if they occur in a consistent geometric config-
uration by estimating the underlying transformation between them using methods such as

RANSAC [117] and Generalized Hough Transform (GHT) [11].

Generic Object Recognition

Unlike specific object recognition, approaches for generic object recognition aim to cope with
variations in appearance and shape among instances of the same category. Such approaches

largely follow the following three-step procedure:

1. A representation of objects and an accompanying model is chosen.

2. The given test image is searched for object candidates, and confidence scores are as-

signed to them.

3. Any redundant or conflicting detections are suppressed.

The choices for object representations can be grouped into two major types based on
the type of the accompanying model. The first type is the window-based holistic appear-
ance/texture descriptors such as Eigenfaces, bag-of-words (BoW) descriptor, and Histogram
of Oriented Gradients (HOG) descriptor. The other type is representations used with part-
based models such as the Constellation and Star models. The candidate detection stage
employs sliding windows-based approaches for the window-based models and voting and
fitting-based methods for the part-based models. Popular examples of generic object recog-
nition approaches include the Viola-Jones face detector [185], bag-of-words discriminative
classifiers [43], HOG person detector [44], the Implicit Shape Model detector [101], and the
Deformable Part-based Model detector [57,58].



1.2.2  Deep Learning-based Approaches

Apart from specific and generic object recognition methods, researchers in the computer
vision community also worked on developing large benchmark datasets such as the PASCAL
VOC [53] and ImageNet [45]. The tremendous increase in available image data and compu-
tation power (resulting from GPU usage) led to a series of breakthroughs in image classifi-
cation and object detection using deep convolutional neural networks (CNNs) starting from
AlexNet [93]. Models such as the VGG [159], GoogLeNet [167], ResNet [78], ResNeXt [198]
and EfficientNet [169] quickly followed and achieved very high image classification accuracy.
Several other models were proposed, a more detailed description of which can be found
in [107,136]. These models served not only as good image classifiers but also as models for
extracting deep, high-dimensional feature representations of images. Subsequently, the Vi-
sion Transformer (ViT) was also proposed for achieving equally good performance on image

classification tasks, while using fewer computational resources to train the model [49].

On the object detection side, Girschick et al. [69] showed that CNNs could lead to dra-
matically higher object detection performance than the classical approaches by proposing
the Region-Convolutional Neural Network (R-CNN). The paper introduced the use of region
proposals instead of looking for an object in every location. Fast R-CNN [68] introduced
an improvement to R-CNN that reduced the computation time in R-CNN by using a CNN
to generate a single feature map for an image and extracting region proposals from it. The
Faster R-CNN [140] architecture replaced the selective search algorithm in Fast R-CNN with
a Region Proposal Network (RPN) to further reduce computation time. On the other hand,
You Only Look Once (YOLO) [137] proposed splitting the entire image into a grid and
identifying objects from bounding boxes within each grid. Single Shot Detector (SSD) [109]
framework differed from all its predecessors by performing the task of object localization
and classification in a single forward pass of the network. The variety of different object
detection frameworks described above and their variants combined with feature extraction

using image classification models lead to tremendous success in recognizing and detecting



objects even in cluttered or crowded scenes.
1.3 Object Recognition for Long Term Autonomy

Just as object recognition, other aspects of robot technology have also improved consider-
ably over the years. Consequently, autonomous robots have begun to operate in increasingly
complex environments. However, when an autonomous robot operates autonomously over
extended periods (i.e., weeks, months, or years) in complex and continually changing envi-
ronments, the challenge of long-term autonomy arises. If the environment in which the robot
is deployed is fully known and static, the challenge of long-term autonomy boils down to that
of robustness [95]. In the absence of such simplifying assumptions, autonomous robots face
multiple other difficulties. For instance, the environment may undergo short-term, medium-
term, or long-term changes. Examples of these changes include objects moving in and out of
the robot’s view, furniture moving from one room to another, and the growth of plants, re-
spectively. Moreover, new objects may appear in the environment, and the environment itself
may not be fully known beforehand. Several studies show efforts to address such challenges
in the context of robot perception [28,95,113].

We limit the scope of our discussion to a scenario where all the objects are known. How-
ever, deep learning-based object recognition and detection methods fail to achieve the desired
robustness, even in this limited case. Therefore, a common practice is to use a model that is
pre-trained on large databases with millions of images, such as ImageNet, and then fine-tune
the model based on scene images from the environments where the robots are expected to op-
erate. This practice becomes cumbersome and unsuitable when the models are to be deployed
in continually changing environments. Moreover, it renders the models sensitive to variations
in environmental conditions such as illumination and object texture [39,174]. Efforts have
been made to address this sensitivity and learn domain (i.e., environment) invariant features
through adaptation or generalization. However, domain-invariance achieved through adap-
tation is limited to the specific source and target domains considered; performance drops are

witnessed in robotics applications for unseen target domains [151]. Domain generalization



methods rely on large volumes of data and techniques like domain randomization to learn
invariant features. However, the need for abundant real-world training data is often a barrier
to implementing these methods on robotics systems with commodity hardware [8]. There-
fore, domain-invariant approaches suitable for everyday use on low-cost robots are required.
Consequently, this dissertation investigates the use of topological data analysis in designing

such approaches.

1.4 Topological Data Analysis

Topological Data Analysis (TDA) is an applied mathematics approach, with a strong theoret-
ical base from algebraic topology and computational geometry, for analyzing high-dimensional
data. It provides tools to obtain key information regarding the structure of various types of
input data, such as point clouds, images, and meshes. The basic assumption in TDA is that
a dataset is sampled from an unknown topological space, which characterizes the ”"shape” of
the data [215]. The central idea of TDA is to study this underlying topological space and
infer robust information about the data from it. Consequently, it has tremendous scope in
real-world applications where data is often corrupted with noise.

Within TDA, the Mapper algorithm is a popular tool used to recover the underlying space
by obtaining a graphical representation of the data. Persistent homology is another widely-
used tool to compute the topological and geometric features of the underlying topological
space. It provides stability guarantees (with respect to the noise in data) based on theoretical
results'. In particular, persistent homology has been used to extract topologically persistent
features for machine learning tasks [127] and computer vision problems such as texture
recognition [138] and classification [75], human posture recognition [75,138], and classification
of hand-written digits [62]. Topological methods have also been used in robotics for planning

and navigation [15,55], but literature on their application to robot perception [14] is limited.

Tt is important to note that persistent homology’s sensitivity to noise depends on the choice of filtration
and persistence representations, especially when working with image data [176]. We discuss filtration and
persistence representations in detail in Chapter 3



In this work, we use computational topology tools to obtain suitable representations of

objects to achieve robust object recognition in unseen environments.
1.5 Dissertation Outline

In this chapter, we discuss how object recognition works in humans and how visual object
recognition for robots has evolved over the past two and a half decades toward achieving
human-like object recognition performance. We also note that achieving such performance
in unseen environments presents robustness challenges, even in the limited case where all the
objects are known. Recognition robustness becomes even more critical in the case of robotic
systems equipped with commodity hardware. We briefly introduce topological data analysis
(TDA) as one of the ways to address this challenge.

Chapter 2 covers the literature related to the approaches adopted in this dissertation
toward achieving robust object recognition in unseen environments. Specifically, we discuss
domain adaptation and domain generalization methods in the first section of the chapter.
In the second section, we cover explicit handcrafted approaches and implicit learning-based
approaches to obtain object representations for recognition. In particular, we cover ap-
proaches for obtaining exclusively shape-based object representations and combined shape
and color-based representations. As this dissertation primarily focuses on topological meth-
ods for obtaining suitable object representations using TDA, we cover some mathematical
preliminaries associated with TDA in Chapter 3. In Chapter 4, we initiate the application
of TDA for object recognition. We present representations that capture the 2D shape of
objects through topologically persistent features for recognition in unseen indoor environ-
ments. The resulting findings demonstrate the promise of topological representations and
highlight the need for a 3D shape-based object recognition approach, which is presented
in Chapter 5. Specifically, we propose a new 3D shape descriptor, TOPS, for point clouds
generated from depth images and an accompanying framework, THOR, inspired by human
reasoning. The TOPS descriptor employs a novel slicing-based approach to compute topolog-

ical features and facilities object unity-based recognition in unseen cluttered environments.



Chapter 6 builds upon the work in the previous chapter to present a 3D shape and color-
based descriptor, TOPS2, and an accompanying framework, THOR2. In particular, color
embeddings computed obtained using the Mapper algorithm for topological soft clustering
are interleaved with TOPS to obtain the TOPS2 descriptor. Last, Chapter 7 summarizes
the core contributions of this dissertation work, the anticipated impact of this work on the

research community, and potential directions for future work.



10

Chapter 2
RELATED LITERATURE

This dissertation focuses on object recognition in unseen environments. Section 2.1 re-
views existing domain adaptation and domain generalization methods that have been pro-
posed for achieving a similar goal. Domain adaptation methods consider a single source and
target domain and use (labeled or unlabeled) data from the latter to adapt to it. Domain
generalization methods consider data from multiple different source domains for training.
Alternatively, this work is geared toward using a single source domain for obtaining represen-
tations that work across multiple target domains. To that end, computational topology tools
are used to obtain shape and color-based representations from RGB-D images. Therefore,
Section 2.2 covers relevant works that explicitly or implicitly compute shape and color-based

representations of objects for recognition.
2.1 Domain Adaptation and Domain Generalization Methods

Typical deep learning-based object recognition (and detection) models reviewed in Section
1.2.2 assume that training and test data are drawn from the same distribution. However, a
shift in the test data distribution resulting from environmental variations (i.e., covariate shift)
leads to performance degradation [174]. Domain adaptation [102] and generalization-based
[208] object detection methods have emerged as one of the ways to address this challenge by

learning domain-invariant feature representations of objects.

2.1.1 Domain Adaptation Methods

Domain adaptation methods aim to develop a robust object detector using label-rich data

from the source domain and label-agnostic data from the target domain. Such methods,
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which do not use hand-labeled data from the target domain, are preferred over fine-tuning
pre-trained models with hand-labeled data from the target domain because annotated data
is not always available. These methods mainly differ in how they address the ’domain
shift” between the source and the target domains. They can also be distinguished based on
whether its a single step adaptation or a multi-step adaptation, based on whether they are
supervised, semi-supervised, weakly-supervised, few-shot, or unsupervised with respect to
the target domain, or based on the object detection framework (e.g., Faster R-CNN, YOLO,
SSD) used in them. We organize this discussion based on methods employed to address the

domain shift between the source and the target domain.

Adversarial Learning-based Adaptation:

Adversarial learning-based domain adaptation is one of the most popular approaches for
adaptation. It involves using adversarial training to encourage confusion between the source
domain and the target domain through an adversarial objective, using losses such as the
domain-confusion loss in [60]. Domain Adaptive Faster R-CNN [38] is the first work to
incorporate some of these ideas for object detection. Within the Faster R-CNN framework,
they use adversarial learning for image and object instance level adaptation. Alternatively,
region-level adaption is performed in [213] within the Faster R-CNN framework. He et al. [79]
perform domain feature alignment and proposal feature alignment within the Faster R-CNN
detection framework. Saito et al. [148] use adversarial learning for strong local and weak
global alignment of features in an unsupervised setting, whereas Wang et al. [189] proposed a
few-shot adaptive Faster R-CNN framework. Some other noteworthy examples of adversarial

learning-based adaptation methods appear in [36, 156, 214].

Reconstruction-based Adaptation:

Reconstruction-based domain adaptation methods assume that reconstructing source or tar-
get domain samples would be beneficial in learning suitable features and improving object

detection performance. Often, generative adversarial networks (GANs) are used for recon-



12

struction. For instance, Arruda et al. [9] use CycleGAN to perform unsupervised image-to-
image translation to translate source domain images to the target domain. A cross-domain
car detector is then trained using the translated images and the original images annota-
tions. Methods proposed in [47,103,108] also employ image-to-image translation for vehicle
detection, object detection in thermal images, and object detection on context-enhanced
images, respectively. Guo et al. [74] also work with thermal infrared images and use image

transformers to convert between color images and thermal images for pedestrian detection.

Other Methods for Adaptation:

Several methods employ a combination of the previously discussed strategies for adaptation.
Notable examples in this category include the work of Hsu et al. [81], who use adversarial
learning but perform progressive adaptation through an intermediate domain, which is syn-
thesized from the source domain images to mimic the target domain. Inoue et al. [84] propose
a two-step progressive adaptation technique with the SSD framework that uses image-level
instance labels for the target domain in a weakly-supervised setting where the detector is
fine-tuned on samples generated using CycleGAN and pseudo-labeling. Similarly, Kim et
al. [91] use CycleGAN to perform domain diversification, followed by multidomain-invariant
representation learning using the SSD framework. Unlike other methods, Yu et al. [205]
explicitly reduce the domain content distribution gap through their semi-supervised learning
framework.

Some domain adaptation methods do not fall into any previously described categories
or their combinations. For instance, Cai et al. [30] use a mean teacher paradigm and ob-
ject relations in the Faster R-CNN framework to address the domain shift. Alternatively,
Xu et al. [201] use graph-induced prototype alignment, and Xu et al. [200] use categorical
regularization to align the source and target domains. On the other hand, Khodabandeh et
al. [89] use a simple but effective framework where they treat target domain predictions of a
detector trained on the source domain as noisy labels and train a final detection model using

them.
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2.1.2 Domain Generalization

While some domain adpatation methods aim to learn domain-invariant features through the
adaptation, such invariance is limited to the specific source and target domains considered
during adaptation; performance drops are witnessed in robotics applications for unseen tar-
get domains [151]. Unlike domain adaptation methods, domain generalization methods aim
to learn a fixed set of parameters that perform well in previously unseen environments. Such
methods learn from multiple source domains to ensure that domain-specific information is
suppressed. While training on enormous datasets such as the ImageNet [45] can achieve a
similar goal, gathering such large annotated datasets for every perception task is impossible.
Therefore, methods that are specifically designed to learn generalized features become essen-
tial. Blanchared et al. [17] and Muandet et al. [123] pioneered domain generalization for the
classification problem. Similar to [123], fixed shallow features were also explored in [54] for
image classification and in [64,90,203] for object recognition. However, very little work has
been done on domain generalization for object detection [154,208]. Single-shot YOLO de-
tectors that use invariant risk minimization have been proposed in [104,105]. Alternatively,
Seemakurthy et al. [154] adopt a domain-generalized, entropy-based regularization approach
for detection using a Faster R-CNN framework. We refer the reader to [211] for an in-depth

discussion on some of these approaches.

2.2 Object Representations for Recognition

We note from Section 1.2 that computation of object representations for recognition has been
of interest since the pre-deep learning era. This section reviews recent works that focus on ob-
taining shape-based representations from depth images (or point clouds) and representations

combining shape and color information from RGB-D images for object recognition.
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2.2.1 Shape-based Representations for Recognition

Several studies have been performed to obtain 2D representations of shapes, ranging from
simple descriptor-based instance retrieval methods to machine learning approaches. A dis-
cussion of those studies is beyond the scope of this review, but a comprehensive summary
of the studies can be found in [96]. While such representations, when used for object recog-
nition, provide invariance to some environmental variations (e.g., lighting conditions), they
run into issues when the 2D shape of the object itself changes due to changes in viewpoint
or occlusion of objects [151]. Recognition using features that capture the 3D shape of the
objects can alleviate the difficulty associated with viewpoint variations. In the context of
object recognition in robots, one of the approaches to access the 3D shape of the objects is
using depth images (or point clouds generated from them). Therefore, we review methods

for obtaining 3D shape representations from point clouds in the following subsections.

Hand-crafted and Topological Representations:

In the pre-deep learning era, several feature representations that capture the local geomet-
ric structure of point clouds were proposed. These representations can be broadly divided
into extrinsic and intrinsic descriptors. Extrinsic descriptors are usually derived from the
shape’s coordinates in 3D space. These include shape context, spin images, integral features,
distance-based descriptors, point feature histograms, and normal histograms. Intrinsic de-
scriptors consider the 3D shape as a manifold discretized as a mesh or graph. Examples of
this class of methods include the global point signatures, heat and wave kernel signatures,
and their variants. An overview of such hand-crafted methods can be found in [16,76]. In the
context of robot perception, Lai et al. [98] used the spin images for performing object cate-
gory and instance recognition. Rusu et al. [147] propose a global fast point feature histogram
for scene interpretation in mobile manipulation scenarios. Shape descriptors for object recog-
nition such as the viewpoint feature histogram [145] and its variants [6,7], global radius-base

surface descriptor [120], and ensemble shape functions descriptor [194] also followed. In
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contrast to these global descriptors, Beksi et al. [13] proposed a signature of topologically

persistent points, which encodes the topological information of a 3D point cloud.

Learning-based Approaches:

Following the extraordinary results that deep learning models achieved on images, efforts
also have been made to adapt such methods to geometric data like point clouds. As such
data does not have a grid-like structure present in images, view-based [163,192], volume-
based [92, 121,170, 196] and combination of view-based and volume-based representations
[132] have been proposed to place geometric data on a grid. These representations thereby
allow using convolution and pooling blocks from deep learning models, originally designed
for images, on geometric data.

However, methods such as the ones using volumetric representations usually require exces-
sive memory and introduce quantization artifacts, making it difficult to capture fine-grained
features. Therefore, Qi et al. [131] proposed PointNet, pioneering the work on networks
that are specially designed to manipulate raw point cloud data instead of an intermediate
representation. It independently operates on each point in the point cloud and applies a sym-
metric function to accumulate features, thereby achieving permutation invariance of points.
PointNet++ [133] and KCNet [155] extend this idea, and exploit local features by considering
neighborhoods of points instead of acting on individual points. These techniques maintain
permutation invariance by treating points at the local scale independently. However, such
an approach results in a neglect of the geometric relationships among points. Certain graph-
based models have also been proposed for learning representations [158,190]. In [190], Wang
et al. propose a graph-based model called the Dynamic Graph CNN (DGCNN). They propose
an operation called the EdgeConv and fuse it with PointNet to obtain this model. EdgeConv
captures local geometric structures while maintaining permutation invariance. It generates
edge features that capture the relationship between points and their neighbors in a permu-
tation invariant manner, constructs a local graph, and learns the embeddings for the edges.

Some purely convolution-based models [110,202] and transformer-based models [73,122,209]
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have also been proposed. Goyal et al. [70] compare some of these methods under consistent
augmentation and evaluation techniques and note that their approach, named SimpleView,
performs at par or better than the models considered. As the name suggests, SimpleView
involves a simple projection of points to depth maps along orthogonal views followed by a
lightweight CNN to fuse the features. A comprehensive study of these methods’ performance

in the case of noisy and corrupted point clouds can be found in [139].

2.2.2  Combined Shape and Color-based Representations for Recognition

Object recognition using only depth data is a challenging task as it does not utilize other
information, such as the color of objects. Recognition becomes even more challenging in
cluttered environments where objects are occluded. Therefore, in the following section, we
look at existing approaches for obtaining shape and color-based object representations from

RGB-D images.

Hand-crafted Representations:

Most early works in RGB-D object recognition adopt the following framework. First, features
capturing the visual appearance of objects are computed from the RGB image. Next, features
capturing the object shape are computed from the corresponding depth image. Often, more
than one type of color-based features and and shape-based features are computed and fused
into a global descriptor through concatenation [129] or aggregate representations [25, 98|.
These global descriptors are then used for recognition using a classifier. For instance, Lai et
al. [98] compute multiple features such as SIFT, color histograms, and texton histograms to
capture the visual appearance of objects. Spin images are then computed from the depth
image to capture the shape of objects. Efficient match kernel (EMK) [20] features are then
computed from the spin images, as well as the color features. Next, feature selection is per-
formed to obtain low-dimensional shape and visual descriptors, respectively, using principal
component analysis (PCA). These desciptors are combined for subsequent recognition using

different classifiers such as linear support vector machine (LinSVM), gaussian kernel support
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vector machine (kSVM) and random forest. Similar kernel-based descriptors for RGB-D
object recognition have also been proposed in [19-21,27]. Covariance matrices-based de-
scriptors that capture visual and shape information have also been explored [56, 130, 178].
Further, approaches that used traditional feature learning techniques such as hierarchical
matching pursuit (HMP) [22], PCA [165], and single-layer convolutional operators [18, 40)]

have also been proposed.

Learning-based Approaches:

The remarkable object recognition performance of deep learning-based methods in the case of
RGB images has also inspired CNN [61] and transformer-based approaches [180] for RGB-D
object recognition.

Among multimodal CNNs for RGB-D object recognition, a common practice is using
off-the-shelf CNNs (one per modality) pre-trained on the ImageNet dataset. Typically, the
RGB images are directly fed to the corresponding pre-trained network. Depth images, on
the other hand, are first rendered as three-channel RGB images to emulate the distribution
of the corresponding RGB images before feeding them to the corresponding pre-trained
network. Such a rendering is often performed using hand-crafted or learned depth encodings.
The most common depth encoding methods include surface normal-based encodings [2,22],
ColorJet [51,153], HHA (stands for the horizontal disparity, the height above ground, and
the angle the pixel’s local surface normal makes with the inferred gravity direction) [77],
and embedded depth encoding [206]. A learning-based encoding, inspired by methods of
colorizing grayscale photographs, is also proposed in [33]. Some works also employ two or
more depth encodings by using multiple depth streams [134] or ensemble learning [1].

In addition to the choice of depth encodings, such works also focus on appropriately fusing
information from the RGB and depth modalities. The two most popular fusion schemes in
literature are early and late fusion [152]. In the case of early fusion, raw data from both
modalities (or their corresponding features) are fused to obtain a joint representation for

further joint processing. The central idea of such approaches is to exploit correlations between
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the two modalities through joint processing. Some works perform this fusion through direct
concatenation of fully-connected layers [2,33,51,210]. In other cases, matrix transformations
[187], canonical correlation analysis (CCA) [188], and reconstruction independent component
analysis [85] have been used for fusion using fully-connected layers. In addition, fusion
through a single convolutional layer [106] or multiple recurrent neural networks [29,162] has
also been explored. On the other hand, late fusion refers to the scenario where most of the
feature learning of the two modalities happens independently, and fusion is performed before
the last decision stage [10,206].

More recently, approaches that rely on the flexibility of transformers networks to capture
cross-modal interactions between multimodal inputs have also been proposed for scene and
action recognition [66, 67|, semantic segmentation [67,207], and object recognition [180].
Specifically, Tziafas et al. [180] adapt the Vision Transformer (ViT) [49] to perform RGB-
D object recognition. They investigate various strategies for depth encoding and fusing the
encoded depth with RGB input, and show that late fusion of surface normal-based encodings
with RGB input works better than the more popularly employed early fusion techniques in
the case of RGB-D object recognition.
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Chapter 3
MATHEMATICAL PRELIMINARIES

This chapter covers some of the mathematical preliminaries associated with topologi-
cal data analysis (TDA). As mentioned in Section 1.4, the core idea of TDA is to recover
the topological space underlying the data and study it to obtain robust information about
the structure of the data. The following subsections describe two popular approaches for

recovering the underlying space.
3.1 Persistent Homology-based Approach

Persistent homology [50,215] is a predominant tool in TDA for computing the topological
features of data. In this approach, the first step is to construct a nested sequence of com-
plexes, called a filtration. Second, persistent homology is applied to track the evolution of
topological features in the filtration. Last, the resultant topological information is summa-
rized in suitable persistence representations. The following subsections describe these steps

in detail.

3.1.1 Constructing Complexes from Cata

Different types of complexes can be constructed to capture the connectivity of data points in
any data. The choice of complex type is often based on the type of data. Specifically, in the
case of point cloud data, the connectivity of the points is usually represented by a simplicial
complex. A simplicial complex S is a set composed of O-simplices (points), 1-simplices (line
segments), 2-simplices (triangles), and their n-dimensional counterparts. It is a finite union
of simplices in R" such that every face of a simplex from S is also in S, and the non-empty

intersection of any two simplices in S is a face of both the simplices. In the case of image
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(a) (b)

Figure 3.1: (a) Sample point cloud with a gray elliptical annulus highlighting its topological
feature, i.e., a loop. (b) A simplicial complex constructed from the point cloud using the

union of balls approach. Source: modified from [195].

data, an image can be considered as a point cloud (by treating every pixel as a point in R?)
and represented using a simplicial complex. However, since an image is made up of pixels,
it has a natural grid-like structure to it. Therefore, a cubical complex is a more efficient
representation [186]. A cubical complex C' in R" is a finite set of elementary cubes aligned
on the grid Z", where an elementary cube is a finite product of elementary intervals with

dimension given by the number of its non-degenerate components [86].

In the case of point cloud data, a simplicial complex representing the connectivity of its
points can be built by considering the union of balls with radius, r;, centered on the points in
the point cloud, and connecting pairs of points that are no further apart than 2r,. When r;
is sufficiently small, the simplicial complex consists of n, 0-simplices, where n,, is the number
of points in the point cloud. The simplicial complex would be a single (n, — 1)-simplex when
rp is considerably large. Fig 3.1(a) shows a sample point cloud; the gray elliptical annulus
explicitly shows the topological feature (a loop) that describes the point cloud. Fig. 3.1(b)

shows the corresponding simplicial complex constructed using an arbitrary value of ry.
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In the case of image data, we consider an n-dimensional image to be a map Z : I C
7" — R. The subset I C Z" is the image, an element v € [ is the voxel, and its value
Z(v) is the intensity. When n = 2, the voxel is known as a pixel, and the intensity is known
as the grayscale value. There are various ways of constructing a cubical complex from an
n-dimensional image [62,142]. We follow the method used by Garin et al. [62], where a
k-cube represents a voxel, and all the adjacent lower-dimensional cubes (faces of the k-cube)
are included. The values of the voxels v are extended to all the cubes A in the resulting

cubical complex C' as

Z'(N) == min  Z(v). (3.1)

A is face of v

3.1.2  Computing Topological Features

In Section 3.1.1, we note that different simplicial complexes can be constructed from a
point cloud based on the value of r,. Instead of identifying an optimal r,, we examine
simplicial complexes obtained using a range of r;, [50,65]. The corresponding nested sequence
of simplicial complexes is called the filtration. Formally, a filtration of a finite simplicial
(or cubical) complex S is a nested sequence of simplicial complexes Si, ..., S, such that
S1 C ... C S, =S5. Commonly, such a filtration is generated by considering the sublevel sets
Li = f; ' ([—o0,1]) of a descriptor function f; : X — R on a topological space X indexed by
a parameter ¢t € R. Fig. 3.2 shows selected simplicial complexes in the filtration of the point
cloud in Fig. 3.1(a).

Persistent homology studies the topological changes of these sublevel sets L; as t increases
from (—o0,00). During filtration, topological features appear and disappear at different
scales, referred to as their birth and death times, respectively. The lifetime of each feature
is termed the persistence of the feature. From a geometric perspective, these topological
features are interpreted as m-dimensional holes, e.g., connected components as 0-dimension
holes, loops as 1-dimensional holes, and voids as 2-dimensional holes. For instance, the point

cloud in Fig. 3.1(a) can be described as having one connected component (0-dimensional
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300

Figure 3.2: A sample filtration [195] of simplicial complexes, corresponding to the point cloud

in Fig. 3.1(a), generated using the Euclidean distance between two points as the descriptor

function.

hole) and one loop (1-dimensional hole). Multiple persistence representations have been
proposed to summarize this topological information [4,26,50,65]. In the next subsection,
we cover two such representations, namely, the persistence diagram [50] and the persistence

image [4].

3.1.3 Persistence Representations
Persistence Diagrams:

The topological information captured by persistent homology can be summarized in an m-
dimensional persistence diagram (PD). An m-dimensional PD is a countable multiset of
points in R?. Each point (a, b) represents an m-dimensional hole born at a time a and filled
at a time b. The diagonal of a PD is a multiset D = {(a,a) € R?*|a € R}, where every point
in D has infinite multiplicity. Fig. 3.3 shows the PDs for the point cloud in Fig. 3.1(a).

Persistence Images:

Several stable representations of persistence can be obtained from a PD. One such represen-
tation is the Persistence Image (PI), a stable and finite dimensional vector representation of
persistent homology [4]. To obtain a PI, an equivalent diagram of birth-persistence points,

i.e., (a,b—a), is computed. The birth-persistence points are then regarded as a sum of Dirac
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Birth Birth

(a) O-dimensional persistence diagram (b) 1-dimensional persistence diagram

Figure 3.3: Persistence diagrams corresponding to the point cloud in Fig. 3.1(a) obtained

by applying persistent homology to the filtration in Fig. 3.2.

delta functions, which are convolved with a Gaussian kernel over a rectangular grid of evenly

sampled points to compute the PI. Fig. 3.4 shows the PIs for the point cloud in Fig. 3.1(a).

3.2 Mapper Algorithm-based Approach

The Mapper algorithm [161] is an exploratory data analysis tool used to summarize and
visualize the structure of any given data. It is based on the idea of using the nerve of a data’s
cover to build a graph (or simplicial complex) representing the data. Specific structures (e.g.,
loops) can be identified in the graph for subsequent identification of interesting clusters or
feature selection.

The Mapper algorithm assumes that a high dimensional dataset, say D, resides on a
low dimensional manifold. Therefore, the first step in the algorithm is to apply a carefully
chosen function, f; : D — R, to reduce the dataset to a low-dimensional space. The choice

of the function f;, called the lens function, depends on the features of the data we intend
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Persistence
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Birth Birth

(a) 0-dimensional persistence image (b) 1-dimensional persistence image

Figure 3.4: Persistence images corresponding to the point cloud in Fig. 3.1(a) obtained from

the persistence diagrams shown in Fig. 3.3.

to highlight in the output graph. In the next step, a cover is built in the low-dimensional
space. A cover, U, of a dataset is defined as a collection of open sets {U, },. ¢ (X is the index
set) such that every data point is included in at least one U,. Let U denote the overlapping
cover of fi(D), where U = {U,}
D via f' to obtain a collection of subsets {f;'(,)}

yey The Mapper algorithm then pulls the cover back to

ey called the pullback cover of D.
Next, a clustering algorithm is applied to each f;"'(U,), where y € Y. The collection of the
subsequently obtained clusters' is called a refinement of { ffl(l/{y)}y <y~ Let R denote the
refined pullback cover of D. The output, G, of the Mapper algorithm is the nerve of R [35].
This nerve is constructed by collapsing each cluster R € R into a vertex and creating a
p-simplex to represent each (p 4+ 1)-way intersection of R’s. Fig. 3.5 illustrates the Mapper

algorithm applied to the sample point cloud in Fig. 3.1(a).

In case the Mapper algorithm is defined in a topological space, the clustering step splits each fl_l(uy),
where y € Y into connected components, instead of clusters.
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Figure 3.5: An illustration of the Mapper algorithm applied to the sample two-dimensional
point cloud in Fig. 3.1(a). In this example, the height function is used as the lens function,
fi, to build the cover in a one-dimensional space. The dotted boxes indicate clusters in
the corresponding refined pullback cover of the point cloud. The clusters are collapsed
into vertices and intersections between them are represented by edges in the output graph.

Source: modified from [35].
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Chapter 4

2D SHAPE-BASED RECOGNITION IN UNSEEN
ENVIRONMENTS

The work presented here appeared in the IEEE Robotics and Automation Letters, vol. 6,
no. 4, pp. 7509-7516, Oct. 2021. In this work, we propose the use of topologically persistent
features for object recognition in indoor environments. We acknowledge help from Xingjian
Yang (Department of Mechanical Engineering, University of Washington) in performing the

robot implementation experiments.

4.1 Motivation

Autonomous mobile robots are a major part of the increasingly common smart warehouses.
Such robots are expected to operate autonomously in a continually changing environment
for extended periods. Therefore, they share the same difficulties (concerning object recogni-
tion) associated with environmental variations as long-term autonomous robots, as discussed
in Section 1.3. Domain adaptation and domain generalization methods, discussed in Sec-
tion2.1.1, are one class of approaches aimed at addressing some of these challenges. However,
domain adaptation methods require data from the target domain, and domain generaliza-
tion methods require abundant real-world training data, which poses deployment barriers on
robots with commodity hardware.

Alternatively, we propose using topologically persistent features, which capture the ob-
jects’ shape information, for recognition. Specifically, we propose two kinds of topological
representations of 2D shape: sparse persistence image (PI) and amplitude. We also present
a new dataset, the UW Indoor Scenes dataset, to evaluate the robustness of object recogni-

tion methods in unseen environments. The dataset comprises scene images from two different
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environments: a living room and a mock warehouse. We show that recognition using topolog-
ical representations is more robust to changing environments than a state-of-the-art domain
adaptation-based object detection model. We also demonstrate that sparse PI features have
better recognition performance than features from deep learning-based recognition methods
and lead to better performance than end-to-end object detection methods (in terms of ac-
curacy and recall) in unseen environments. We also successfully implement the proposed
framework on a real-world robot.

The rest of the chapter is organized as follows. Section 4.2 provides details of the proposed
approach, and Section 4.3 describes the datasets used. Experimental details, results, and

failure modes are summarized in Section 4.4, followed by concluding remarks in Section 4.5.

4.2 DMethods

Given an RGB scene image, our goal is to recognize all the objects in the scene based on
their shape information that is captured using topologically persistent features. We first
generate segmentation maps for the objects using a deep neural network, as explained in
Section 4.2.1. We then compute topological representations (i.e., sparse PI and amplitude)
from the object segmentation maps, as described in 4.2.2. These representations are then fed

to a fully connected network for recognition. Fig. 4.1 illustrates the proposed framework.

4.2.1 Object Segmentation Map Generation

To generate the object segmentation maps for an input scene image, we follow a foreground
segmentation method that is similar to the one proposed in [199]. In particular, we use the
state-of-the-art DeepLabv3+ architecture [37], which is pre-trained on a large number of
classes and is hypothesized to have a strong representation of ’objectness’. Subsequently, we
train the network using pixel-level foreground annotations for a limited number of images
from our datasets.

A shape-based object recognition method relies on the objects’ contours for distinguishing

among multiple objects. However, the number of foreground pixels is very low as compared
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to the background when segmentation is performed on images taken from distances as large
as two meters. Hence, it is difficult for a segmentation model to capture the minor details in
the objects’ shapes in a single shot. Therefore, we employ a two-step segmentation framework
to preserve the objects’ contours details. In the first step, the segmentation model predicts
a segmentation map for the input scene image. Contour detection is performed on this scene
segmentation map to obtain the bounding boxes for the objects. These bounding boxes are
used to divide the scene image into multiple sub-images, each of which contains a single
object. In step two, these sub-images are fed to the same trained segmentation model for

predicting the individual object segmentation maps.

4.2.2  Computation of Topological Representations

Segmentation maps are essentially binary images comprising only black and white voxels.
A grayscale image, suitable for building a filtration of cubical complexes, can be generated
from such binary images using various filtration functions. We select a commonly used
filtration function, known as the height function, which computes a sufficient statistic to
uniquely represent shapes in R? and surfaces R? in the form of the persistent homology

transform [177].
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For the cubical complexes in our case, we define the height function as stated in [62].
Consider a binary object segmentation map B : [ C Z" — {0,1}, a grayscale image
H : I — R for the segmentation map I, and a direction p’ € R™ of unit norm. The values
of all the voxels of H are then reassigned as

M) = (v,py if Bv) =1 (1)

H. if Bv) =0.
Here, (v,p) is the distance of voxel v from the hyperplane defined by p and H,, is the
filtration value of the voxel that is farthest away from the hyperplane.

In step three, we obtain d such grayscale images for each object segmentation map by
considering d directions that are evenly spaced on a unit 1-sphere S!. We construct cubical
complexes from each grayscale image according to Eq. (3.1). The sublevel sets of the d
complexes are then computed to obtain d filtrations. Persistent homology is applied to these
filtrations to obtain d persistence diagrams (PDs) for every object segmentation map. We
only consider 0** order homology for generating the PDs. We investigate the performance of
two types of topological representations from the generated PDs. The following subsections

4.2.2 and 4.2.2 describe their computation details.

Sparse persistence image representation:

Since the number of points in a PD varies from shape to shape, such a representation of per-
sistence is not suitable for machine learning tasks. Instead, we use persistence images (PIs)
to generate a suitable representation for training the recognition network. However, only a
few key pixel locations of the Pls, which contain nonzero entries, sparsely encode topological
information. Therefore, we adopt QR-pivoting based sparse sampling to obtain a Sparse PI,
as proposed in [75]. For every object segmentation mask, d Pls are generated from their
corresponding PDs. Fig. 4.2 shows sample Pls for two different objects using height func-
tions in multiple directions, illustrating the (collective) presence of sufficient discriminative

information. In step four, for every direction py, k € {1,...,d}, the corresponding PIs for all
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Figure 4.2: Persistence images (PIs) for two sample objects. The collection of PIs, computed
using height functions in different directions on object segmentation maps, have enough

information to distinguish between the two objects.

the N training (binary) object segmentation maps are vectorized and arranged as columns

of a large matrix X¥.

The dominant PI patterns U are obtained by computing the truncated singular value

decomposition of X% as
Xh ~ UESh (V) (4.)

where [* is the optimal singular value threshold [63] for the py-th direction PIs. Up is then

discretely sampled using the pivoted QR factorization as
Ur (1M = QR*. (4.3)

The numerically well-conditioned row permutation matrix IT* is then multiplied with X% to
give a matrix X% of sparsely sampled PIs. We finally perform row wise concatenation of
all the d sparsely sampled PI matrices to generate the final representation for recognition in

step five.
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Amplitude representation:

An alternative method of representing topologically persistent features is using the amplitude
or the distance of a given PD from an empty diagram. For each of the d generated PDs
corresponding to an object segmentation map, we compute the bottleneck amplitude [62],

AF ) as
2
Ap = g sup(yy; — 7)), (4.4)
where (zF,y¥) are all the non-diagonal points in the pj-th direction PD. These amplitudes
are stacked to form a d-dimensional topological representation. Such d-dimensional repre-
sentations are generated for all the N object segmentation maps to train the recognition

network.

4.3 Datasets

4.83.1 MPEG-7 Shape Silhouette Dataset

We first choose the widely used MPEG-7 Shape Silhouette dataset to solely characterize the
shape recognition capability of the two persistent features-based networks for (almost) ideal
object segmentation maps. In particular, we use a subset of this dataset, namely, the MPEG-
7 CE Shape 1 Part B dataset, which is specifically designed to evaluate the performance of
2D shape descriptors for similarity-based image retrieval [99]. It includes the shapes of 70
different classes and 20 images for each class, for a total of 1,400 images. Fig. 4.3 shows

sample images from the dataset.

4.3.2 RGB-D Scenes Dataset vl

The shapes in the MPEG-7 are detailed and fairly distinguishable from each other. How-
ever, common objects in indoor environments are often less detailed and, therefore, more
challenging for topological methods. Most deep learning models work exceptionally well in
recognizing such everyday objects in their training environments. However, they face chal-

lenges when used in new (previously unseen) environments without any retraining, even if



32

Apple Beetle Bell Bird Butterﬂy

O/ 15N

Camel Deer Horseshoe

Figure 4.3: Sample images from the MPEG-7 Shape Silhoutte Dataset.

the objects remain the same. Therefore, we choose the widely used benchmark, the RGB-D
Scene Dataset v1 [98], to evaluate the performance of our proposed methods. The dataset
consists of eight scene setups with objects that belong to the RGB-D Object Dataset [98].
The scenes are shot in five different environments: desk, kitchen_small, meeting_small, ta-
ble, and table_small. In particular, we select the table_small and desk environments for our
evaluation. Among all the objects present in the scenes, we consider six object classes for
recognition corresponding to the six objects types that appear in both the environments.

For our current analysis, we only consider RGB images where the objects are not occluded.

4.8.3 UW Indoor Scenes Dataset

While the RGB-D Scenes Dataset consists of scenes from multiple environments, all of them
are tabletop environments with limited variation in terms of lighting conditions and object
types. On the other hand, the dataset in [141] provides images with several objects but
only in a single environment. Although there are quite a few other indoor scene datasets
in the literature, none of them includes a large enough set of object types, poses, and ar-
rangements with varying backgrounds and lighting conditions. Therefore, we introduce a
new RGB dataset, which we call the UW Indoor Scenes (UW-IS) dataset, for evaluating

object recognition performance in multiple, typical indoor environments. For this purpose,
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we select a fixed set of fourteen different objects from the benchmark Yale-CMU-Berkeley
(YCB) object and model set [32].

The UW-IS dataset consists of indoor scenes taken in two completely different environ-
ments. The first environment is a living room scene where the objects are placed on a
tabletop. The second environment is a mock warehouse setup where the objects are placed
on a shelf. For the living room environment, we have a total of 347 scene images. The images
are taken in four different illumination settings from three different camera perspectives and
varying distances up to two meters. Sixteen out of the 347 scene images are with two differ-
ent objects, 135 images are with three different objects, 156 images are with four different
objects, and 40 images are with five different objects. For the mock warehouse environment,
we have a total of 200 scene images taken from distances up to 1.6 meters. Sixty out of 200
images are images with three different objects, 68 images with four different objects, and
72 images are with five different objects. Fig. 4.4a shows some sample living room scene
images, and Fig. 4.4b shows sample images from the mock warehouse environment. Fig.
4.4c shows all the fourteen objects used in our dataset. The dataset is publicly available at

https://data.mendeley.com/datasets/dxzf29ttyh/.

4.4 Experiments

4.4.1 Implementation Details

We perform five-fold training and testing on all images of the MPEG-7 Shape Dataset.
For evaluation on the RGB-D Scenes dataset, we use the table_small environment for both
training and testing, and the desk environment only for testing. For the UW-IS dataset, we
use the living room images for training and testing, and the mock warehouse images only
for testing. All the training and testing is performed using GeForce GTX 1080 and 1080 Ti
GPUs on workstations running Windows 10 and Ubuntu 18.04 LTS, respectively. The code
for the proposed methods is available at https://github.com/smartslab/objectRecogni

tionTopologicalFeatures.


https://data.mendeley.com/datasets/dxzf29ttyh/
https://data.mendeley.com/datasets/dxzf29ttyh/
https://github.com/smartslab/objectRecognitionTopologicalFeature
https://github.com/smartslab/objectRecognitionTopologicalFeatures
https://github.com/smartslab/objectRecognitionTopologicalFeature
https://github.com/smartslab/objectRecognitionTopologicalFeatures

(c) Objects

Figure 4.4: Representative images from the UW Indoor Scenes Dataset.
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For the MPEG-7 Shape Dataset, we divide the 1,400 images into five sets of 280 images
each, with four images of each class included in every set. We perform five-fold training and
testing using these sets, such that each set is used once as a test set while the remaining
four sets are used for training and validation. We use the giotto-tda [171] library to generate
the PDs and the Persim package in Scikit-TDA Toolbox to generate the PIs. The PDs are
generated using height functions along 8 evenly spaced directions on S'. We choose a grid
size equal to 50 x 50, a spread of 10, and a linear weighting function for generating the
PIs. We use three-layered and five-layered fully connected networks for recognition using
amplitude features and sparse PI features, respectively. We use the ReLU activation (last
layer uses softmax activation), Adam optimizer and categorical cross-entropy loss function
for training. The learning rate is set to 0.01 for the first 500 epochs. It is decreased by a
factor of 10 after every 100 epochs for the next 200 epochs, and by a factor of 100 for the
last 100 epochs.

For the RGB-D Scenes dataset and the UW-IS dataset, we use the DeepLabv3+ seg-
mentation model with Xception-65 backbone following the implementation in [172] to obtain
object segmentation maps. The network is initialized using a model pre-trained on the Im-
ageNet and PASCAL VOC2012 datasets available from [172]. We use 147 images from the
table_small environment to train the network for the RGB-D Scenes dataset and 200 living
room images to train the network for the UW-IS dataset. Horizontally flipped counterparts
of the images are also used for training the models. We generate the corresponding fore-
ground annotations using LabelMe [193]. We train the network for 20,000 steps using the
categorical cross-entropy loss with 10% hard example mining after 2,500 steps in the case of
the RGB-D Scenes dataset. For the UW-IS dataset, we use 1% hard example mining®.

We then perform five-fold training and testing of the proposed methods on both datasets

by diving the scene images from the training environment into five folds. The resulting five

1Unlike the UW-IS dataset, the smaller training set for the RGB-D Scenes dataset leads to poor quality
object segmentation maps that are unsuitable for extracting topological features. Therefore, we use a
separate DeepLabv3+ model for Step 2, which is fine-tuned on images of individual objects obtained from
the original scene images
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models are also tested separately on all the images of the test environment. First, the trained
DeepLabv3+ segmentation models are used to obtain object segmentation maps from all the
images. To ensure the quality of segmentation maps remain consistent across training and
test environments, we generate object segmentation maps for the test environments using
segmentation models fine-tuned in these environments. We then appropriately pad all the
segmentation maps with zeros and consistently resize them to obtain 125 x 125 binary
images. We augment the training data by rotating every object segmentation map by 907,
1807, and 270°. The PDs and Pls are generated in the same manner as for the MPEG-7
dataset, except that the spread value is chosen to be 20. We also use the same fully connected

network architectures and hyperparameters as for the MPEG-7 dataset.

Comparison with deep learning-based object recognition methods:

To solely characterize the recognition performance of the topologically persistent features-
based representations, we compare their performance with features extracted using two other
widely used object recognition methods, namely, ResNetV2-56 [78] and EfficientNet-B4 [169],
on the RGB-D Scenes benchmark. We use the same sets of cropped objects obtained using
DeepLabv3+ in Step 1 of our proposed method for five-fold training and testing of both
the methods. The networks for both the methods are trained using the implementations

available in Keras [88].

Comparison with end-to-end object detection methods:

We also compare the overall performance of both the persistent features-based methods
against end-to-end object detection methods on both the RGB-D Scenes dataset and the UW-
IS dataset. Particularly, we compare performance against Faster R-CNN [140], a widely used
object detection method, and its state-of-the-art variant for cross-domain object detection,
Domain Adaptive Faster R-CNN [38]. For Faster R-CNN (referred to as FR-CNN), we
use a pre-trained model with InceptionResNet-V2 feature extractor and hyperparameters

available with the TensorFlow Object Detection API [82]. For Domain Adaptive Faster R-
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CNN, we use a modified implementation from [94], where the VGG backbone is replaced
with ResNet-50, and the Rol-pooling layer is replaced with the more popular RolAlign. The
modified implementation has been shown to outperform other state-of-the-art methods for
cross-domain object detection [94]. We call this improved method DA-FR-CNN*. Similar
to the proposed methods, we perform five-fold training and testing of these methods on both
datasets. In the case of DA-FR-CNN* for the UW-IS dataset, all the training set images
with artificial lighting (e.g., bottom row in Fig. 4.4a) are used as the source domain, while all
the images with natural lighting (e.g., top row in Fig. 4.4a) are used as the target domain.
Since such a split is not possible in the RGB-D Scenes dataset, we randomly divide the
images into the source and target domains. The ground truth bounding boxes for both the

datasets are generated using Labellmg [181].

4.4.2  Results

We first examine the recognition performance of both amplitude features and sparse PI
features on the MPEG-7 dataset. We use the weighted F1 score, weighted precision, weighted
recall, and accuracy for evaluating performance. Table 4.1 shows the test-time performance of
the trained recognition networks. We observe that sparse PI-based recognition performance is
quite impressive (more than 0.85) with respect to all the four metrics. It is also consistently
better than amplitude-based recognition, indicating the usefulness of sparse sampling in
selecting the key features. It is worth noting that 100% recognition performance using 2D
shape knowledge is not possible for this dataset, since some of the classes contain shapes
that are significantly different from the others in the same class but are similar to certain
shapes in other classes [99)].

We then examine the performance? of both the persistent features-based methods along

with other object recognition and detection methods on the RGB-D Scenes benchmark. Ta-

2We do not account for the false negatives and false positives resulting from errors of the segmentation
model to ensure a fair judgement of our methods’ effectiveness. Equivalently, for object detection methods,
false positives arising from incorrect region proposals are also not considered.
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Table 4.1: Performance comparison of amplitude and sparse PI features (best in bold) on

the MPEG Shape Silhouette dataset. (w) indicates weighted metric.

Amplitude Sparse PI

F1 score (w) 0.75+0.01 0.87+0.01
Precision (w) 0.77+0.01 0.89+0.02
Recall (w)  0.76£0.01 0.87+0.01
Accuracy 0.76£0.01 0.87+0.01

ble 4.2 reports the performance of all the methods (trained in the table_small environment) on
the unseen desk environment. We observe that sparse PI-based recognition, which achieves
an overall accuracy of 0.71£0.01, has the highest performance among all the methods in terms
of recall and accuracy. Particularly, for the same set of object images obtained using the
DeepLabv3+ model, recognition using sparse PI features computed from object segmentation
maps is better than recognition using features learned by ResNetV2-56 and EfficientNet-B4
from RGB inputs with respect to accuracy, recall, and Fl-score. Additionally, amplitude
features-based recognition is comparable to both ResNetV2-56 and EfficientNet-B4. Addi-
tionally, the difference between the recognition performance using sparse PI features and
amplitude features is, however, much lower than that for the MPEG-7 dataset. We also
note that the sparse PI features-based method outperforms Faster R-CNN (referred to as
FR-~CNN) substantially and DA-FR-CNN* by a small margin in terms of accuracy and recall.

We then assess the performance of both the persistent features-based methods, FR-CNN,
and DA-FR-CNN* on the living room scene images from the UW-IS dataset reported in Table
4.3. We observe that both the persistent features-based methods, which only use the infor-
mation in object segmentation maps, perform reasonably well. Sparse PI-based recognition

achieves an overall accuracy of 0.71 + 0.01 and is marginally better than amplitude-based

recognition, whose accuracy is 0.69 & 0.01. Moreover, both FR-CNN and DA-FR-CNN*,
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Table 4.2: Performance comparison of the proposed persistent features-based methods with
ResNetV2-56, EfficientNet-B4, FR-CNN, and DA-FR-CNN* (best in bold) on the desk im-
ages from the RGB-D Scenes dataset.

Metric Class Amplitude  Sparse PI | ResNetV2-56 EfficientNet-B4 ‘ FR-CNN DA-FR-CNN*
Bowl 0.71+£0.01  0.69+0.01 0.954+0.01 0.90+0.03 0.83+£0.02 0.8840.01
Cap 0.36+0.02  0.63+0.03 0.46+0.06 0.58+0.04 0.46+0.03 0.9940.01
Cereal box 0.80+0.01  0.88+0.01 0.76+0.03 0.83+0.03 0.65+0.01 0.7940.01
'l score Cup 0.244+0.02  0.50+0.03 0.11£0.08 0.06+0.04 0.87+0.02 0.26+0.12
Soda can  0.76£0.01  0.6640.01 0.30£0.05 0.2940.04 0.62+0.01 0.51+0.03
Stapler 0.70£0.01  0.71£0.01 0.88+0.03 0.84+0.05 0.69+0.03 0.7840.01
F1 score (w) - 0.70£0.00  0.71£0.01 0.65+0.01 0.65+0.01 0.70£0.01 0.73+0.01
Precision (w) - 0.75£0.01  0.74+£0.00 0.79+0.01 0.77+0.01 0.82+0.01  0.87£0.01
Recall (w) - 0.68+£0.00 0.71+0.01 | 0.6840.01 0.69+£0.01 0.66+0.01 0.6940.01
Accuracy - 0.68+£0.00 0.71+0.01 | 0.68+0.01 0.69+£0.01 0.66+0.01 0.69+0.01

which are trained on this environment and use RGB images as inputs, outperform these

methods with respect to all the metrics including class-wise F1 scores.

We believe that the quality of the object segmentation maps has substantial impact on the
performance of the persistent features-based methods. Notably, performance is considerably
worse for the fork as compared to the other objects. To assess this impact, we compare the
recognition performance of both these methods with that of a human given an identical set of
segmentation maps. Table 4.4 summarizes the comparison results. For the persistent features
based-methods, we only report the accuracy for those images where the human recognizes
the object correctly. We observe that a human achieves an accuracy of 0.84 + 0.01, which is
lower that FR-CNN performance, and finds it difficult to recognize the objects based on the
generated segmentation maps, especially for the spoon and fork classes. We refer the reader

to Section 4.4.4 for further discussion on segmentation map quality.

Despite this challenge, we expect recognition performance to be relatively unaffected,
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Table 4.3: Performance comparison of the proposed persistent features-based methods with
FR-CNN and DA-FR-CNN* (best in bold) on the living room images from the UW-IS

dataset.

Metric Class Amplitude Sparse PI  FR-CNN  DA-FR-CNN*
Spoon 0.62+0.04 0.57£0.01 0.84£0.03 0.68+0.02
Fork 0.15+£0.05 0.16+0.07 0.81£0.02 0.32+0.06
Plate 0.83£0.02 0.8940.01 0.98+0.01 0.95+0.02
Bowl 0.95+0.01 0.9440.02 0.9840.01 0.97+0.01
Cup 0.67+0.02 0.78+0.04 0.91+£0.01 1.00+0.00
Pitcher base 0.81£0.03 0.87+0.02 0.9240.02 0.984+0.01
Bleach cleanser 0.73£0.02 0.72£0.02 0.87£0.03 0.97+0.01
L score Mustard bottle 0.634+0.02 0.684+0.03 0.84+0.03 0.98+0.01
Soup can 0.68+0.04 0.694+0.02 0.84+0.04 0.86+0.02
Chips can 0.724£0.02 0.75+0.02 0.9240.03 0.9040.03
Meat can 0.55+0.05 0.564+0.04 0.824+0.03 0.88+0.01
Gelatin box 0.55£0.02 0.64+0.04 0.914+0.02 0.9140.01
Screwdriver 0.584+0.04 0.72+£0.04 0.9140.02 0.9440.02
Padlock 0.74£0.03 0.724+0.03  0.97+0.02 0.93+0.03
F1 score (w) - 0.68+£0.01 0.71+0.01 0.894+0.01 0.88+0.01
Precision (w) - 0.69+0.01 0.714+0.02 0.914+0.01 0.9040.01
Recall (w) - 0.69+0.01 0.714+0.01 0.8840.01 0.88+0.00
Accuracy - 0.69£0.01 0.71+£0.01 0.884+0.01 0.88+0.00
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Table 4.4: Comparison of recognition accuracy of the proposed persistent features-based

methods with a human given the object segmentation maps for living room scene images

from the UW-IS dataset.

Class Human performance Amplitude Sparse PI
Spoon 0.37+0.07 0.44£0.05 0.4740.09
Fork 0.40£0.11 0.16£0.08 0.12+0.07
Plate 0.96+0.02 0.90£0.03  0.90%0.04
Bowl 0.97+0.01 0.96+0.01 0.9740.01

Cup 0.92£0.03 0.65+£0.05 0.8140.03
Pitcher base 0.97+0.01 0.87+£0.04 0.92+0.02
Bleach cleanser 0.91+0.01 0.86+0.02 0.77£0.02
Mustard bottle 0.91+0.03 0.63£0.04 0.73%0.04
Soup can 0.7610.05 0.83+0.06 0.8140.06
Chips can 0.89+0.04 0.81£0.04 0.7440.07
Meat can 0.86+0.03 0.55+0.07 0.6140.03
Gelatin box 0.88+0.04 0.594+0.03  0.56£0.07
Screwdriver 0.83+0.03 0.63£0.06 0.7440.06
Padlock 0.85+0.04 0.81£0.05 0.8240.03
Accuracy 0.84+0.01 0.74£0.01 0.76+£0.01
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when the environments vary considerably but the objects are identical, provided the quality
of the segmentation maps remains consistent. Accordingly, we test the performance of the
persistent features-based methods on all the warehouse scene images of the UW-IS dataset
without retraining the recognition networks. We also test the performance of FR-CNN and
DA-FR-CNN* on all the warehouse images without any retraining. Table 4.5 summarizes
the performances of all the four methods on the mock warehouse test environment. We
observe that the performance of sparse PI-based recognition is unchanged from the living
room scenario, and is substantially better than that of amplitude-based recognition, whose
accuracy reduces by 4%. However, the performance of FR-CNN degrades a lot without
fine-tuning (accuracy drops by 25%). The performance of DA-FR-CNN* also degrades
considerably (accuracy drops by 18%). Similar to the RGB-D Scenes benchmark case, the
sparse PI features-based method outperforms FR-CNN substantially and DA-FR-CNN* by

a small margin with respect to accuracy and recall.

4.4.3  Robot Implementation

We also implement our proposed framework on a LoCoBot platform built on a Yujin Robot
Kobuki Base (YMR-K01-W1) and powered by an Intel NUC NUCT7i5BNH Mini PC. We
mount a ZED2 camera with stereo vision on top of the LoCoBot and control the robot
using the PyRobot interface [124]. The camera images are fed to the trained segmentation
model and recognition networks, which are run on an on-board NVIDIA Jetson AGX Xavier
processor, equipped with a 512-core Volta GPU with Tensor Cores and 8-core ARM v8&.2
64-bit CPU. We use TensorRT [125] for optimizing the trained segmentation model. Fig.
4.5 shows a screenshot of the platform. The sparse PI features-based recognition runs at a

speed of 1.1s per frame on this platform.

4.4.4  Discussion

We note that segmentation map quality has a considerable impact on the performance of

the persistent features-based methods. For example, the performance is particularly bad for
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Table 4.5: Performance comparisons of the proposed persistent features-based methods with
FR-CNN and DA-FR-CNN* (best in bold) on mock warehouse scene images from the UW-IS

dataset.

Metric Class Amplitude Sparse PI  FR-CNN DA-FR-CNN*
Spoon 0.44+0.04  0.524+0.02 0.39%0.03 0.32+0.05
Fork 0.2840.04 0.20£0.04 0.244+0.03 0.00+0.00
Plate 0.16£0.07  0.04£0.02 0.274+0.16 0.8110.01
Bowl 0.94+£0.00  0.91£0.01  0.9740.01 0.97+0.00
Cup 0.51£0.02  0.904+0.01 0.94%0.01 0.92+0.00
Pitcher base  0.86£0.01  0.94+0.00 0.93+0.03 1.00£0.00
Bleach cleanser 0.79£0.02 0.78£0.01  0.8440.04 0.96£0.01
L score Mustard bottle 0.764+0.02  0.744+0.01  0.36+0.05 1.00£0.00
Soup can 0.73+£0.02  0.664+0.02 0.8540.02 0.81£0.01
Chips can 0.76+£0.01  0.74£0.01 0.7140.03 0.87£0.02
Meat can 0.58+0.09 0.71£0.01  0.7540.05 0.7440.04
Gelatin box 0.23+0.04  0.254+0.02 0.70%0.03 0.70+0.03
Screwdriver 0.78+0.02  0.724+0.01 0.424+0.04 0.76+£0.03
Padlock 0.61£0.03  0.84£0.01 0.8940.03 0.60+0.04
F1 score (w) - 0.65+0.01 0.704+0.00 0.65+0.01  0.7540.01
Precision (w) - 0.67£0.01 0.70£0.01 0.77+0.02  0.87+0.01
Recall (w) - 0.66+0.01 0.71+£0.01 0.6340.01 0.70£0.01
Accuracy - 0.66+0.01 0.714+0.01 0.6340.01 0.70+0.01
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Figure 4.5: Screenshot of the LoCoBot operating in a mock warehouse setup.

the fork and spoon classes, as observed from Tables 4.3 and 4.5. The inherent similarity
between forks and spoons, along with low segmentation quality, often makes it hard to
distinguish between them, as shown in Fig. 4.6(a). Table 4.4 shows that even humans
have difficulty distinguishing between them from the generated segmentation maps. Both
Faster R-CNN (referred to as FR-CNN) and DA-FR-CNN* also have difficulties with these
classes, especially in the unseen warehouse environment. On a related note, incomplete
segmentation maps also affect performance of the proposed methods. For example, the shape
in the incomplete segmentation map of a padlock shown in Fig. 4.6(b) is quite different from
that of a padlock, making it difficult for a topology-based method to recognize the object.
Moreover, we observe from Table 4.4 that our methods only achieve 76% and 74% of human
performance using sparse PI and amplitude features, respectively. We believe this difference

is primarily due to humans’ cognitive capability to complete (partially visible) shapes.

Additionally, we observe relatively small variations in the class-wise performance of the

proposed methods between the living room and mock warehouse environments except for
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Figure 4.6: Sample failure cases. Fig. 4.6(a) shows a case where a poorly segmented fork
is confused with a spoon. Fig. 4.6(b) shows a case where, unlike the proposed topological
methods, a human succeeds by being able to complete the shape. Fig. 4.6(c) and 4.6(d)
illustrate that camera pose changes cause some of the objects to appear similar to other

objects.



46

the plate and gelatin box classes. This observation can be attributed to changes in camera
locations and viewing angles that lead to unseen object poses and naturally occurring vari-
ations in object placements. Fig. 4.6(c) illustrates this problem for the gelatin box. The
leftmost image is from the living room. The middle image shows the same object pose cap-
tured from a different camera viewing angle in the warehouse. The 2D shape in the middle
image becomes very similar to that of the chips can in the rightmost image. Similarly, Fig.
4.6(d) shows how such a change results in a completely different 2D shape for the plate,
which is similar to a half-visible spoon. The performance of FR-CNN is also affected by such
variations in camera pose, as observed for the plate class in Table 4.5. On the other hand,
the performance of DA-FR-CNN* drops due to changes in object appearance. For example,
the cups in the desk and table_small environments look considerably different, leading to

poor recognition, as reported in Table 4.2.
4.5 Summary

In this chapter, we propose the use of topologically persistent features for object recognition
in indoor environments. We construct cubical complexes from binary segmentation maps of
the objects. For every cubical complex, we obtain multiple filtrations using height functions
in multiple directions. Persistent homology is applied to these filtrations to obtain topologi-
cally persistent features that capture the shape information of the objects. We present two
different kinds of topological representations, namely, sparse PI and amplitude, to train a
fully connected recognition network. Sparse PI features achieve better recognition perfor-
mance in unseen environments than features learned from ResNetV2-56 and EfficientNet-B4.
Unlike end-to-end object detection methods Faster R-CNN and its state-of-the-art variant
DA-FR-CNN*, the overall performance of our methods remains relatively unaffected on a dif-
ferent test environment without retraining, provided the quality of the object segmentation
maps is maintained. Moreover, the sparse PI features-based method slightly outperforms
DA-FR-CNN* in terms of recall and accuracy, making it a promising first step in achieving

robust object recognition.
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Chapter 5

HUMAN-INSPIRED 3D SHAPE-BASED RECOGNITION IN
UNSEEN CLUTTERED ENVIRONMENTS

The work presented here is currently under revision for potential publication in TEEE
Transactions on Robotics [150]. We acknowledge the contributions of Xingjian Yang and
Srivatsa Grama Satyanarayana (Department of Mechanical Engineering, University of Wash-
ington) in collecting the UW-IS Occluded dataset described in Section 5.3.2. A video asso-
ciated with this work was presented at the IEEE International Conference on Robotics and
Automation (ICRA), 2023, and a compact version [149] of this work was presented at the
IEEE ICRA 2022 Workshop on Robotic Perception and Mapping: Emerging Techniques.

5.1 Motivation

The previous chapter illustrates the challenges domain adaptation-based methods face in
unseen environments and showcases the potential of topological features in achieving robust
object recognition. However, the proposed 2D shape-based framework has difficulties with
varying camera poses, emphasizing the necessity for 3D shape-based features. In this work,
we consider obtaining 3D shape information from point clouds generated using depth images.
Several geometric, topological, and learned representations, discussed in Section 2.2.1, have
been proposed to capture the 3D shape of object point clouds. However, incomplete and noisy
point clouds, due to partial occlusion and imprecise depth imagery, respectively, present an
additional challenge for such methods [139]. Consequently, robust approaches that account
for occlusion-related changes in 3D shape are required for shape-based object recognition in
unseen cluttered environments. This chapter presents a human-inspired approach to object

recognition using topological representations to address this need.
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Humans recognize the presence of occlusion using a reasoning mechanism known as object
unity. Object unity enables association between the visible part of an occluded object with
the original unoccluded object in memory. Specifically, this association is made between
representations of the occluded and unoccluded objects. However, object representations
in memory often represent only selected viewpoints. Therefore, humans 'normalize’ the
occluded object’s view, i.e., rotate the object to a standard orientation. This ability to
understand that objects remain the same irrespective of viewing conditions is called ob-
ject constancy. We incorporate these ideas of object unity and constancy in our persistent

homology-based approach to facilitate object recognition in unseen cluttered environments.

Specifically, we develop a novel descriptor function to obtain the Topological features Of
Point cloud Slices (TOPS) descriptor using persistent homology. We also propose an accom-
panying object unity-based framework called TOPS for Human-inspired Object Recognition
(THOR). In addition, the new UW Indoor Scenes (UW-IS) Occluded dataset recorded using
commodity hardware for systematically evaluating object recognition methods in different
environments with varying lighting conditions and degrees of clutter. We show that THOR,
trained using synthetic data, outperforms state-of-the-art methods on a benchmark RGB-D
dataset for object recognition in clutter and achieves markedly better recognition accuracy
in all the environmental conditions of the UW-IS Occluded dataset. Notably, our descriptor
function captures the detailed shape of objects while ensuring similarities in the descriptors
of the occluded objects and the corresponding unoccluded objects. THOR uses this simi-
larity, eliminating the need for extensive training data that comprehensively represents all

possible occlusion scenarios.

The rest of the chapter is organized as follows. Section 5.2 provides details of the THOR
framework, and Section 5.3 describes the datasets used. Experimental details and results
are reported in Section 5.4. Several aspects of the THOR’s performance and failure modes

are discussed in Section 5.5 followed by concluding remarks in Section 5.6.



49

5.2 DMethod

Given an RGB-D image of a cluttered scene, our goal is to recognize all the objects in
the scene. As described in Section 1.1, visual object recognition in humans is a four-stage
process. THOR follows similar stages, as shown in Fig. 5.1b. Since we focus on object
recognition in this work, we assume that instance segmentation maps are available using
methods such as those in [114,197]. We use them to generate the individual point clouds of
all the objects in the scene from the depth image. Next, we perform view normalization on
every point cloud and compute its TOPS descriptor to capture the 3D shape information.
We then perform recognition using models from a library of trained classifiers. To generate
the library, we consider synthetic depth images corresponding to all the possible views of all
the objects. Similar view normalization is performed on the point clouds generated from the
depth images, and their descriptors are computed. The descriptors are then used to train
classification models for the library. The following subsections describe these steps in further

detail.

5.2.1 View Normalization.

Consider an object point cloud P in R?. To perform view normalization, we first compute
the minimal volume bounding box of P using a principal components analysis (PCA)-based
approximation of the O’Rourke’s algorithm [126]. The bounding box is oriented such that
the coordinate axes are ordered with respect to the principal components. We then rotate
the point cloud such that the minimal-volume bounding box of the rotated point cloud is
aligned with the coordinate axes. To fine-tune this alignment, we perform further rotations
such that the 2D-bounding boxes of the point cloud’s projection on the z — y and y — 2
planes are aligned with their respective coordinate axes. We then perform translation such

that the resultant point cloud, P, lies in the first octant.
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images of all the slices are vectorized and stacked to form the TOPS descriptor.

5.2.2 TOPS Descriptor Computation.

To obtain the TOPS descriptor of a view-normalized point cloud, P, first, it is rotated by an
angle a about the y-axis to obtain a suitably aligned point cloud P. Then, we slice P along
the z-axis to get slices S?, where i € Z N [0, %] Here, h is the dimension of the axis-aligned
bounding box of P along the z-axis, and o is the ‘thickness’ of the slices. Let p = (ps, py, p2)

be a point in P. The slices S are then obtained as follows.
S = {peﬁ\ial <p, < (i+1)01}. (5.1)

Let s = (g, Sy, s,) represent a point in S*. For every slice 8¢, we modify the z-coordinates
Vs € 8 to s, where s, = ioy.

We then design a descriptor function to construct a filtration of simplicial complexes
from every slice. It mimics further slicing of a slice along the x-axis through the filtration.
Therefore, when persistent homology is applied to the constructed filtration, the shape of
the slice is captured in the resulting PD and PI.

To construct the filtration, first, we compute a set of origin points, O, and a set of

termination points, 7, for every slice S*. Let 0 = (04, 0,,0,) and t = (t,,1,,t.) represent a



o2

point in O and T, respectively. The sets O and T* are obtained as follows.
0 = {ovjezn(0, ]| o, = (j+ o,

0, = inf({s,¥s € S | joa < 5, < (j + 1)0a}), (5.2)

OZ:i01+61},

Ti = {t,w €ZN[0,2] [ t, = (j + L)oo,
t, = sup({s,Vs € 8" | joa < s, < (j + 1)02}), (5.3)
t, =io1 + €} .

Here, w is the dimension of the axis-aligned bounding box of S* along the z-axis, o represents
the ‘thickness’ of a slice if further slicing of S° is performed along the z-axis, and €, €5 are
arbitrarily small positive constants with 2¢; < e5. For every slice S?, we then modify the
z-coordinates Vs € S' to s’ such that if joy < s, < (j + 1)09, then s, = (j + 1)0o.
The descriptor function, f, to construct a filtration from every S° is then defined as
0 if a,beT?
fla,b) = (5.4
g(a,b) otherwise,
where a = (a,, ay,a,) and b = (b,, b,,b,) are any two points in S U O U T*. The function g
is computed as follows.
sab) = o0 if a; # b, or |a, —b,| = € (55)
az + |ay, —b,| otherwise.
The descriptor function, f, creates a connected component (0-dimensional hole) at time
0 comprising all the termination points. It ensures (through the function g) that other
connected components appear at times representing x-coordinates of the corresponding slices
(along the z axis). The function g also ensures that the components only connect with other
components corresponding to the same slice, or with the connected component of termination
points. Applying persistent homology to the filtrations gives us a PD for every S&*. We filter
every PD such that for each unique value of birth, only the point with the highest persistence
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(difference between death and birth times) is retained in the PD. Consequently, every point
in the PD represents a slice, and its persistence represents the length of the slice. Last,
we compute Pls from the PDs, vectorize and stack them into a single descriptor. Fig. 5.2

illustrates the PD and PI generation for one slice of a sample object.

5.2.83  Library Generation.

Object point clouds generated from depth images are partial, and the degree of missingness
depends on the camera’s pose relative to the object. Therefore, we consider synthetic depth
images corresponding to all the possible views of all the objects for library generation. We
divide them into three groups called the front, side, and top sets denoted by V}, Vs, and
V;, respectively. Note that we do not consider the depth images of occluded objects in our
training set. Instead, we incorporate the principle of object unity, which is used by humans
to recognize the presence of occlusion and associate the visible part of an occluded object
with the original unoccluded object in their memory. As an example, Fig. 5.1 shows that the
PIs for a mustard bottle in the presence and absence of occlusion have similarities; the Pls
for the slices unaffected by occlusion in Fig. 5.1b are similar to the PIs of the corresponding
slices in Fig. 5.1a. We generate a library of trained classifiers in a manner that enables
us to leverage such similarity for object unity-based recognition. The following subsections
describe the division of the training set images into V¢, V;, and V; and the generation of

trained classifiers from them. Fig. 5.3 illustrates the overall library generation procedure.

Division into Vi, Vs, and Vy:

First, we define some of the terminology used in subsequent text. For every unoccluded
object, the orthographic views whose projections have the largest and smallest bounding box
areas (among the three main views) are termed as its front view and top view, respectively.
Accordingly, the view whose projection has neither the largest nor the smallest bounding
box area is called the side view. For instance, the top left corner of Fig. 5.3 depicts the front,

side, and top views of a mustard bottle. As stated previously, we consider all the possible
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views of all the objects in our training set. We use the proximity of the viewpoints to the
front, side, and top views to divide them into three groups Vy, Vs, and V;. Viewpoints that
are approximately equidistant from multiple views are considered in groups corresponding

to all the respective views.

Generation of Trained Classifiers:

For Vi, Vs, and V;, we separately generate the corresponding point clouds and scale them by
a factor of o5. Next, we perform view normalization (using the minimal-volume bounding
box computation from Open3D [212]) and augment the three sets by mirroring all the view-
normalized point clouds across the coordinate axes (in place). We then compute the TOPS
descriptor by only considering the first slice (after alignment) of every point cloud and train
a classification model (e.g., SVM) using those descriptors. Next, we consider the first two
slices of the aligned point cloud, compute the corresponding TOPS descriptor, and train
another classification model. We continue this procedure until the last slice of the largest
object (N, slice) has been considered. As the number of slices differs from object to object,
we appropriately pad the descriptor before training the models to ensure that the input
vectors are all of the same size. As a result, we obtain three sets of trained classification

models from Vi, V;, and V;, denoted as My, My, and M, respectively.

5.2.4 Test-time Recognition.

Given a test image of a cluttered scene and the corresponding instance segmentation map,
we first generate the individual point clouds of all the objects in the scene. Similar to
the training stage, we scale the point clouds by a factor of o,. Consider an object point
cloud P, obtained from the test image (after scaling). To recognize P, first, we perform
view normalization to obtain P,. Next, we obtain the areas of the three orthogonal faces
of Py’s axis-aligned bounding box and the curvature flow of the surfaces corresponding to

those faces. We then use area and curvature flow-based heuristics to select suitable model
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set(s) from the library for recognition. The following subsections describe our definition of

curvature flow, the selection of model sets, and prediction using selected model sets.

Curvature Flow:

We define curvature flow in a manner analogous to optical flow in computer vision. Curvature
flow aims to calculate the change in curvature at every point in a surface with respect to a
chosen normal direction. We obtain the individual surfaces corresponding to the faces of P,’s
axis-aligned bounding box by clustering the points in the view-normalized point cloud P.
This clustering is performed using the angular distances of each point’s estimated (outward)
normal from the (outward) normals of the axis-aligned bounding box. We then compute the
curvature flow of the individual surfaces as follows. First, we compute the curvature, C, at
every point in the point cloud from the eigenvalues of the covariance matrix obtained by
considering its nearest neighbors (computed using the kd-tree algorithm). We then define a
curvature constancy constraint, analogous to the brightness constancy constraint in optical

flow computation, as follows.
C(x,y,2) =C(x + Az,y + Ay, 2 + Az), (5.6)

Considering the Taylor series approximation and ignoring higher order terms, it follows that

aoC aoC ac
—A —Ay+ —Az=0. :
5 % + By Y+ 3, 27 0 (5.7)

For a surface whose corresponding normal of the axis-aligned bounding box is along the

positive z-axis, the curvature flow at every point in the surface is then computed as

ac (80% 80%) (5.8)

- = — JR— + JR—

0z Oor Az 0y Az
Similarly, the curvature flow at points in the other surfaces (with normals along the x and
y axes) can be computed. We then use the interquartile range of the absolute values of

curvature flow at all the surface points to represent the surface’s overall curvature flow.
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Model Sets Selection:

First, we identify the primary face (the face that is in direct view of the camera) among
the three orthogonal faces of P,’s axis-aligned bounding box. If the primary face has the
maximum area among the three faces, we only use the model sets M; and M; for recognition.
We base this choice on the following heuristic. An object point cloud corresponding to any
of the views used to obtain M; (i.e., the views in the top set, V;) cannot have a primary face
with the maximum area among the three orthogonal faces of its axis-aligned bounding box.
Similarly, if the primary face has the minimum area among the three faces, we select model
sets M, and M, for recognition. The same heuristics can also be applied to select the model
sets when two of the three faces have substantially similar areas and are greater (or smaller)
than the area of the third face. When all the three faces have substantially similar areas, we

consistently select the model set M} for prediction.

If the primary face has neither the minimum nor the maximum area, we use a heuristic
based on the curvature flow of the surfaces corresponding to the faces. If the surface corre-
sponding to the primary face has the least overall curvature flow, we use the model sets M,
and M, for recognition. Otherwise, we use the My and M, model sets. We base this choice
on a heuristic that for any object point cloud corresponding to the views in the top set (i.e.,
V;), the surface corresponding to its primary face has the least overall curvature flow among

the three surfaces.

Remark: We observe that the above heuristics largely hold when the objects are not
heavily occluded. For the purpose of this work, we define heavy occlusion as follows. Con-
sider an unoccluded object. Let aq,as, and az be the areas of the bounding boxes of the
projections corresponding to its front, side, and top views, respectively. Let the primary
faces corresponding to these views be termed as the front, side, and top face. Let a’l,a;,
and a;, be the areas of the bounding boxes corresponding to the front, side, and top faces
under occlusion. Consider any two face areas, say a; and a; (i # j and ¢,j € {1,2,3}), such

that a; R;; a;, where R;; represents one of <, >, or =. We consider the object to be heavily
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Figure 5.4: Illustration depicting instances of no occlusion, moderate occlusion, and heavy

occlusion (as defined in this work) for a mustard bottle.

occluded if a; R;; a;- is not true. If a; R;; a;- is true, we consider the object to be moderately
occluded. Fig. 5.4 shows instances of no occlusion, moderate occlusion, and heavy occlusion

for a sample object.

Prediction using Selected Model Sets:

To recognize P, using the models from the selected model set(s), first, we determine if the
object corresponding to P, is occluded. For this purpose, we obtain the object’s contour
(in the segmentation map) and use the neighboring pixels’ segmentation labels and depth
values. For every pixel in the contour, we assume it is part of an occlusion boundary if one or
more of its neighboring pixels are labeled as object instances and have a depth value smaller
than its own depth value.

If the object is occluded, we rotate P, by 7 about the z-axis to ensure that the first slice
on the occluded end of the object is not the first slice during subsequent TOPS descriptor

computation. The corresponding P, generated during descriptor computation has one or
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more missing slices. Therefore, we identify the number of slices (say ng) in P;. Then, from
the selected model set(s), we perform recognition using the model(s) that considers only
n, slices. In doing so, we match the part of the object that is unaffected due to occlusion
with the parts of unoccluded objects used for training the models in the library, thereby
incorporating the idea of object unity. If the object corresponding to P, is not occluded,
we compute its TOPS descriptor and use the model(s) that considers the highest number of

slices (with appropriate padding to the descriptor).

In the case where multiple models are used, the final prediction is obtained as follows.
First, we eliminate any invalid predictions based on the known relation (>, <, or =) between
the face areas of the minimum volume bounding box of the predicted object class. If none
of the predictions are invalid, we consider the prediction with the highest probability to be
the final prediction.

5.3 Datasets

5.3.1 OCID Dataset

First, we evaluate the performance of our framework on the YCB10 subset of the OCID
dataset [164], a benchmark RGB-D dataset for object recognition in cluttered environments.
It consists of sequences of increasingly cluttered scenes with up to ten objects. The sequences
are divided into three types - cuboidal (all the objects have sharp edges), curved (all the
objects have smooth curved surfaces), and mixed (both cuboidal and curved objects are
present). Each sequence is recorded using two RGB-D cameras, the 'lower camera’ and the
‘upper camera,’ positioned at different heights and angles to mimic the configurations of
existing robotic systems. It also provides temporally smoothed, point-wise labeled point

clouds for every frame in the sequence.



60

Table 5.1: Comparative summary of existing indoor scenes datasets and our UW-IS Occluded

dataset.
RGB-D RGB-D LM-O HOPE Rutgers  BigBird ARID OCID UW-IS UW-IS
Object [98] Scenes [97] [24,80] Image [179] APC [141]  [160] [111]  [164]  [151]  Occluded

Different environments/fixtures X v X v X X v v v v
Object occlusion X v v v v X v v X v
Occlusion categorization (e.g., low, high) X X X X v X X X X v
Lighting variation X X X v X X v v v v
Lighting categorization X X X v X X v X v v
Depth v v v v v v v v X v
#object classes 51 5 8 28 24 125 51 89 14 20

Dataset size (#scene images) 250000 11427 1200 238 10368 75000 6000+ 2346 347 8456
Object segmentation annotations v v v X X v X v v v
6D object pose annotations X X 4 4 4 4 X X X 4

5.3.2 UW-IS Occluded Dataset

Although several indoor scene datasets are available, there is a dearth of datasets with
a large enough set of object types, poses, and arrangements with a systematic variation in
environmental conditions and object occlusion. Toward building such a dataset, our previous
work [151] presented the UW-IS dataset, an RGB dataset for evaluating object recognition
performance in multiple indoor environments. However, the dataset was limited as it only
included scenes that had plain backgrounds and no object occlusion. Therefore, in this work,
we extend our contribution by presenting an RGB-D dataset, the UW-IS Occluded dataset.
Table 5.1 presents a comparative summary of some of the existing benchmark datasets and

our UW-IS Occluded dataset.

Similar to the UW-IS dataset, our dataset comprises two completely different indoor
environments. The first environment is a lounge where the objects are placed on a tabletop.
The second environment is a mock warehouse setup where the objects are placed on a
shelf. For each of these environments, we have RGB-D images from 36 videos, comprising

five to seven objects each, taken from distances up to approximately 2 m using an Intel
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RealSense D435 camera. The videos cover two different lighting conditions, i.e., bright and
dim, with eighteen videos each and three different levels of occlusion for three different object
categories. Specifically, the dataset considers objects from the YCB [32] and BigBird [160]
datasets belonging to the kitchen, food items, and tools/miscellaneous categories. As shown
in Fig. 5.5, the first level of occlusion is where objects are placed such that there is no object
occlusion. The second level of object occlusion is where some occlusion occurs, while the third
level is where the objects are placed extremely close together to represent scenarios where the
objects are occluded to a higher degree. Overall, the dataset considers 20 object classes and
consists of 8,456 images, which have a total of 42,902 object instances. We provide instance
segmentation masks for all the images generated semi-automatically using LabelFusion [118].
For potential use as a benchmark to evaluate other robot vision tasks such as pose estimation,
we also provide 6D pose annotations for the dataset generated using LabelFusion. The

dataset is publicly available at https://doi.org/10.6084/m9.figshare.20506506.
5.4 Experiments

We use synthetic training data and evaluate THOR on real-world OCID and UW-IS Oc-
cluded datasets. We report performance comparisons with two state-of-the-art point cloud
classification methods, DGCNN [190] and SimpleView [70], on both the datasets. On the
benchmark OCID dataset, we also perform ablation studies to draw further insights into the
role of the different components of THOR. Specifically, the performance of the TOPS descrip-
tor is compared with the widely-used Clustered Viewpoint Feature Histogram (CVFH) [7]
and Ensemble of Shape Functions (ESF) [194] descriptors, and a topological descriptor called
Signature of Topologically Persistent Points (STPP) [13]. In addition, we evaluate Slice- ESF,
a version of THOR modified to use ESFs of point cloud slices instead of TOPS, to exam-
ine the role of slicing and the classifier library in THOR. We also examine the role of the
area and curvature flow-based heuristics for model sets selection in THOR on the UW-IS
Occluded dataset. Furthermore, we report the performance of 2D shape-based topological

features, i.e., sparse PI features [151] on it to illustrate the importance of depth-based 3D
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Warehouse

Lounge

No occlusion Low occlusion High occlusion

Figure 5.5: Representative images from the UW-IS Occluded dataset. The first row shows
images from the warehouse environment, and the second shows images from the lounge. The
first two columns show scenes with one kind of lighting condition and 'no occlusion” and
"low occlusion’ scenarios, respectively. The third column shows scenes with another lighting

condition and high occlusion between the objects.
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shape features. A study on choice of parameters for TOPS computation is also performed.

Lastly, we implement THOR on a real-world robot to demonstrate its usefulness.

5.4.1 Implementation Details
Synthetic Training Data Generation:

We obtain the synthetic depth images of objects for our training set using the Panda3D
[128] framework and object meshes from [32]. As a side note, alternate rendering methods
such as BlenderProc [46] and Kubric [72] can also be used. For our experiments, we only
consider objects from the OCID and UW-IS Occluded datasets for which scanned meshes
are available. The training set depth images are obtained as follows. We place the objects
(one at a time) at the center of an imaginary sphere (as shown in Fig. 5.3). We then
obtain depth images corresponding to the camera positions on the sphere considering polar
angles ranging from [0, 7] in increments of 3% and azimuthal angles ranging from [0, 27) in
increments of . The depth images are generated at a scale of 0.001m (i.e., a distance of
Imm in the real world corresponds to a value of 0.001 in the depth image). The code for the
synthetic data generation and the subsequent training and testing of THOR is available at

https://github.com/smartslab/THOR.git

TOPS Computation:

We set the scale factor oy = 2.5 and set 0 = 0.1, 0 = 2.5 x 1072, and o = 7 to compute
suitable TOPS descriptors. We refer the reader to Section 5.4.3 for a discussion on these
choices. An approximate computation method is used to generate the PDs and the Persim
package in Scikit-TDA Toolbox is used to generate the Pls for the descriptors. We generate
Pls of size 32 x 32 by choosing a pixel size of 2.5 x 1072, and setting the birth and persistence
ranges to (0,0.75). Also, the Pls are generated by considering a kernel spread of 2.5 x 10~*

and a linear weight function [75].
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Library Generation for THOR:

We consider libraries with two types of classifiers, namely, SVM and Multi-layer Perceptron
(MLP). Platt scaling is used when training an SVM classifier library to obtain prediction
probabilities. For training an MLP classifier library, we train five-layer fully connected
networks using the Adam optimizer to optimize the categorical cross-entropy loss over 100
epochs. The learning rate is set to 1072 for the first 50 epochs and is decreased to 1073
for the subsequent 50 epochs. We use workstations with GeForce GTX 1080 and 1080 Ti
GPUs running Ubuntu 18.04 LTS for training (and testing) the models. Separate libraries
of trained SVMs and MLPs are generated for every sequence using synthetic depth images

in the case of the OCID dataset. We train one library each (considering seventeen object

classes) with SVM and MLP as the classifiers for the UW-IS Occluded dataset.

THOR Testing:

In the case of the UW-IS Occluded dataset, we generate point clouds from depth images
using the known camera intrinsic parameters and a depth scale of 0.001m (i.e., a dimension
of Imm in the real world corresponds to 0.001 in the point cloud coordinate system). We then
consistently perform the following pre-processing steps for every object point cloud in all the
environmental conditions. First, uniform voxel grid-based downsampling is performed using
a voxel size of 0.03 using Open3D. Next, radius outlier removal is performed to remove the
points with fewer than 220 neighboring points in a sphere of radius 5 x 1072 around them.
In the case of the OCID dataset, we do not perform outlier removal as the point clouds
are obtained from temporally averaged depth images. Subsequently, TOPS descriptors are
computed as described in Section 5.4.1, and predictions are obtained using the selected
model(s) from the library. For model sets selection, we implement a tolerance threshold
when comparing the areas of the faces of the bounding box because real-world depth data
is noisy, and minimal-volume bounding box computation is approximate. Specifically, we

consider a face area substantially greater than another if they differ by more than 20% (for
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both the datasets). We report test results from five-fold cross-validation for THOR and all

the comparison methods.

Comparison Methods:

We use the implementation provided by [70] for DGCNN and SimpleView. We use the same
training set of point clouds generated from synthetic depth images for both the methods. As
both methods require consistent alignment of point clouds, we use the view-normalized point
clouds for training models. We consistently use the DGCNN protocol for point cloud data
augmentation and the best test model selection scheme defined in [70] for both methods. We
use the point cloud library implementations [146] to compute the CVFH and ESF descriptors,
and the GUDHI library [173] to implement STPP (with both Betti 0 and Betti 1 features), as
described in [13]. Since Sparse PI features are 2D shape features extracted from segmentation
maps, we train the recognition module as described in [151] using the segmentation maps
corresponding to our synthetic depth images training set. At test time, the Sparse PI features
for the objects in the scene image are generated from the corresponding instance segmentation

maps.

5.4.2  Results on the Benchmark OCID Dataset
Comparison with End-to-end Models:

We compare THOR’s performance with two end-to-end deep learning-based models, DGCNN
and SimpleView. Table 5.2 shows the recognition accuracies when the test sequences are
recorded using the camera placed at a lower height, i.e., the lower camera. We note that
THOR is better than DGCNN and SimpleView on all the test sequences with curved objects.
THOR also has the best performance on all the cuboidal object sequences. In the case
of mixed objects, THOR achieves the highest performance in all but two sequences. In
particular, THOR is better at distinguishing objects with similar geometry, such as the
tennis ball, golf ball, and baseball (see S-25 in Fig. 5.6). Additionally, we observe that the
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overall performance of all the methods is better for the cuboidal objects than the curved
objects, likely because the cuboidal objects have larger dimensional variations than the
curved objects. In the case of mixed objects placed on the table, we observe that THOR
performs even better than the sequences with curved and cuboidal objects. The performance
of the other methods also improves, but not enough to outperform our method. As shown
in Fig. 5.6, only THOR correctly identifies the relatively heavily occluded objects in S-31,
i.e., the pitcher base and the tomato soup can.

We observe similar trends in Table 5.3 where THOR outperforms both DGCNN and
SimpleView when the test sequences are recorded using the camera placed at a higher height,
i.e., the upper camera. Fig. 5.7 shows sample results on the upper camera recordings of the
test sequences. We note here that the sequences recorded with the upper camera are more
likely to comprise objects views from the top view group, i.e., V;. In general, recognizing
objects from their top view is more challenging than recognizing them from the front or
side view. Therefore, the overall performance of DGCNN, SimpleView, and THOR with the
SVM library drops compared to the lower camera case. In contrast, the average performance
of THOR with the MLP library remains unchanged across the two cameras. We refer the
reader to Section 5.5 for further discussion on the performance.

Overall, these results show that THOR is better at recognizing occluded objects in
cluttered environments than DGCNN and SimpleView.In addition, our method’s notably
higher recognition accuracy in the case of sequences with objects of similar geometry (i.e.,
curved and cuboidal) shows that the two-fold slicing in the TOPS descriptor (see equations
(5.1), (5.4), and (5.5)) captures the local and global shape features more robustly than both
DGCNN and SimpleView.

Ablation Studies:

First, we evaluate the TOPS descriptor outside the THOR framework and compare its
performance with other point cloud descriptors CVFH, ESF, and STPP. Note that the TOPS

descriptors are appropriately padded for this experiment to ensure all the descriptors are of
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Table 5.2: Comparison of mean recognition accuracy (in %) of THOR with end-to-end models

on the OCID dataset sequences recorded using the lower camera (best in bold).

Scene  Seq. ‘ THOR
Place DGCNN SimpleView
type ID ‘ SVM library ~ MLP library

S-25 | 64.03+0.44 65.31+2.03 41.84+1.82  35.99+3.64

S-26 | 61.85+0.74 57.18+2.25 42.4443.74 56.33+2.54

Curved S-35 | 55.7840.48  49.83+£2.07 24.81+2.96  19.15+2.63

S-36 | 71.794+0.00  61.35£0.49  36.13+0.35  63.56£2.34

S-23 | 71.68+0.36 72.824+0.94 48.10+1.96  61.08+0.66

Table Cuboid S-24 | 70.224+0.26  57.01+£4.28  42.184+0.57  68.08+1.64
S-33 | 58.17£0.25  65.90+3.27 43.38+1.25  39.94+£1.08

S-34 | 79.46+0.22  65.09£3.38  26.56+2.50  55.89+0.94
S-21| 74.784+0.32  68.02£1.06  43.89+2.52 75.40+1.65

) S-22 | 77.64+0.00 62.11+£3.77  57.44+3.86  61.66+4.12

Mixed S-31| 67.03£0.86  74.59+1.34 49.30+3.07  65.59+3.32

S-32 | 70.46+0.00 67.16+£1.76  47.13£1.71  60.31+4.12

S-05 | 59.114+0.00  65.75+2.56  29.84+1.32 43.1+5.08

S-06 | 78.1840.46 79.01+2.72 36.97+3.06  56.63£1.76

Curved S-11 | 49.474+0.91  67.84+2.39 39.03+£5.37  47.47+4.40

S-12 | 77.47+0.34  70.79£0.90  43.33+2.31  76.52+£2.25

S-03 | 69.87+1.16  63.16£1.07  51.76+1.93  60.72£2.60

Floor Cuboid S-04 | 64.81+1.11  55.62£3.35  39.06+2.66  63.93£3.56
S-09 | 65.31£0.00 73.96+3.64 49.80+4.28 75.93+2.11

S-10 | 81.11+1.11 84.324+3.11 40.62+1.54  74.12+2.94

S-01 | 93.094+0.56  76.78+£1.66  39.884+4.41  76.55+2.50
- S-02 | 70.13£0.20 73.04£1.26  73.03£2.70 86.30£1.02
Mixed S-07 | 63.17£0.32 88.53£1.57  75.19+2.46 95.31+1.26
S-08 | 37.96+1.85  43.43+1.30 37.07+0.94 47.41+5.79
All sequences 68.88 +£ 0.10 66.67 = 0.22 47.33 & 0.31 62.54 + 0.23
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Table 5.3: Comparison of mean recognition accuracy (in %) of THOR with end-to-end models

on the OCID dataset sequences recorded using the upper camera.

Scene  Seq. ‘ THOR

Place DGCNN SimpleView

type ID ‘ SVM library ~ MLP library

S-25 | 60.34 £ 0.75 49.82 £ 1.79 35.52 £ 3.58 41.83 £ 2.37
S-26 | 65.52 £ 0.22  64.48 £ 2.49 34.32 £ 247 56.77 + 4.49
S-35 | 38.36 £0.30 58.91 £ 2.32 15.25 £3.58 21.72 £ 5.11
S-36 | 50.56 £ 0.97  55.67 £ 1.15 32.77 £ 442 68.93 £ 1.46

Curved

S-23 | 60.37 £0.37 66.24 £ 1.03 39.75 +£3.26 5031 £ 3.82
Table S-24|80.93 £ 0.45 70.38 +3.39 36.71 £ 349 5183 £ 2.00

Cuboid
S-33 | 54.59 +0.92 61.94 £ 1.42 29.87 £ 3.74 37.75 + 3.47
S-34 | 71.11 +£ 0.00 70.22 £ 1.64 33.96 £ 2.46 62.97 £ 2.43
S-21 1 75.10 £ 0.22  73.75 £ 2.01 33.49 £ 2.49 T74.69 £+ 4.07
= S-22 | 5295 £ 0.00 62.54 + 1.46 42.34 £+ 4.57 58.83 + 3.33
Mixed S-31 | 68.64 +£0.87 75.87 £ 0.95 40.37 £ 343 54.22 + 2.17
S-32 | 89.20 + 0.25 72.47 + 1.32  34.10 + 4.52 64.33 £+ 5.37
S-05 | 55.37 £0.33 64.17 £ 2.94 14.29 £ 1.84 38.16 = 3.39
S-06 | 69.97 & 0.00 69.78 £ 3.63 47.20 £ 2.91 55.25 £ 2.56

Curved

S-11 | 54.44 £ 0.56  58.77 £ 2.74 34.42 £ 0.58 45.80 + 4.26
S-12 | 61.31 £0.44  58.62+ 1.74 53.56 £ 3.53 87.19 £ 1.36

S-03 | 73.13 £ 0.67 59.78 &£ 1.07 34.33 £ 2.07 64.39 £+ 1.45
S-04 | 66.85 £ 0.34 49.54 +1.34 30.52 £ 1.29 68.63 £ 1.46
S-09 | 58.36 +1.02  49.59 + 1.35 40.44 £ 4.53 66.26 £ 1.95
S-10 | 66.94 £ 0.00 77.04 £ 2.02 27.72 £ 0.62 73.02 + 0.89

Floor  p0id

S-01 | 67.61 £ 1.24 64.06 = 1.16 19.06 £ 1.67 10.28 £ 2.47
S-02 | 6268 £0.39 76.61 +£1.65 58.77 £1.91 86.18 £ 0.55
S-07 | 69.07 £0.83 8146+ 1.78 64.17 +£2.71 85.06 + 0.30
S-08 | 57.56 £ 0.00 78.44 + 2.38 47.17 £6.64 59.61 &+ 3.61

Mixed

All sequences 65.43 £ 0.10 66.50 £ 0.13 41.45 + 0.13  59.82 £+ 0.06
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the same size, regardless of the number of slices. A single MLP classifier is trained for each
of the four descriptors using the synthetic training data and used for prediction at test time.
Tables 5.4 and 5.5 show that the performance of the TOPS descriptor is substantially better
than that of the widely-used features CVFH and ESF, irrespective of the camera view. TOPS
also outperforms the topological descriptor STPP by a large margin.

Further, we observe that the TOPS descriptor (using a single MLP classifier) performs
slightly better than THOR with the MLP library. However, unlike THOR, a slight drop in
performance is witnessed when the TOPS descriptor is tested on the upper camera recordings
as compared to its performance on the lower camera recordings. Therefore, we believe
THOR with an MLP classifier library is better equipped to perform recognition even in
challenging scenarios where the objects are viewed from the top. This observation is further
supported by our experiments investigating the role of slicing and the classifier library in
THOR. Specifically, we obtain the performance of Slice-ESF, a version of THOR modified to
use ESFs of point cloud slices instead of TOPS, on the lower and upper camera recordings.
Slice-ESF considers slices of the object point clouds as in the case of TOPS, and ESF
descriptors of all the slices are stacked to obtain the final descriptor. Test-time recognition,
in this case, is performed using an MLP library, just as in the case of THOR. Tables 5.4 and
5.5 show that Slice-ESF performs better than ESF for both the lower and upper cameras.
Moreover, the improvement in performance in the case of the upper camera is larger than
that of the lower camera, indicating that recognition using a classifier library is beneficial in

the case of more challenging object views.

5.4.3 Results on the UW-1S Occluded Dataset
Comparison with End-to-end Models:

We systematically examine the performance of THOR in two different environments under
varying environmental conditions. Table 5.6 shows the performance in a warehouse and a

lounge while considering variations in the object types. For both the environments, varying
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Table 5.4: Comparison of mean recognition accuracy (in %) of TOPS with 3D shape de-

scriptors on the OCID dataset sequences recorded using the lower camera.

Seq. Slice ESF with
CVFH ESF STPP TOPS

ID MLP library
S-25 | 38.33 £ 0.56 38.10 &£ 1.94 26.67 + 2.42  40.26 + 1.07  50.88 + 2.62
S-26 | 26.67 & 0.74 46.49 £ 047 1751 £ 1.04 44.56 + 2.62 68.34 £ 1.57
S-35(19.91 £ 0.85 26.67 £ 2.72 16.11 £ 255 3738 +£2.12 59.32 £+ 3.62
S-36 | 16.67 £ 0.00 39.20 £ 1.20 39.16 + 2.53  41.53 + 1.28  56.09 + 3.03
S-23 | 29.26 £ 2.00 45.17 +£1.35 30.09+1.01 3798+ 1.60 72.70 + 2.57
S-24 | 23.52 £ 1.48 46.36 £ 1.20 27.25 +1.80 41.06 £ 2.90 68.83 + 1.98
S-33 (2271 £0.99 4098 +£3.66 17.02+0.74 4239+ 3.21 70.77 + 2.36
S-34 | 14.76 £ 0.73  36.52 £ 3.06 4242 +£2.86 39.95+2.76 80.77 £ 0.53
S-21|44.79 £ 0.81 38.83 £ 1.54 4434+ 086 52.06 +0.81 71.46 £+ 1.83
S-22 | 37.50 & 0.00 56.05 & 1.43 28.84 £+ 2.48 53.56 = 0.91 62.67 + 2.05
S-31 | 34.90 £ 0.96 52.74 £ 1.51 4826 £ 1.00 52.65 + 2.66 76.67 + 1.35
S-32 | 19.24 £ 1.51 61.28 £2.03 54.20 £ 1.16 5543 +£1.21 72.12 4+ 2.02
S-05 | 22.22 £ 0.00 23.81 £ 0.00 4553 +£1.27 4834+ 0.50 67.37 £ 2.40
S-06 | 28.15 £ 0.92 23.07 £ 1.49 32.64 + 3.15 4449+ 2.77 91.67 + 0.34
S-11 | 21.39 £ 2.87 33.61 £1.26 2948 £0.73 46.26 £ 1.59 65.50 + 1.31
S-12 | 16.30 £ 1.48 42.72 +£0.92 46.15+0.77 3735+ 1.03 70.67 + 1.76
S-03 (1741 +£1.26 39.89 +1.24 3435+ 1.17 31.00 + 2.57 69.35 + 1.00
S-04 | 20.98 & 3.561 5843 +£2.30 39.44 £ 222 43.02 £ 2.08 72.24 + 1.61
S-09 | 1444 £ 1.50 20.72 £ 2.67 39.18 £ 1.27 31.12+1.66 75.83 + 3.60
S-10 | 32.33 £ 0.96 47.70 + 1.08 25.22 +1.92 4348 +3.90 90.12 + 2.19
S-01 {3290+ 0.76 73.20 £3.61 31.22+0.85 42.06+ 3.01 83.19 + 1.53
S-02 | 35.00 &£ 0.00 62.29 £+ 0.97 40.55 £ 0.62 60.53 £ 2.44 63.91 + 1.59
S-07 | 12.00 £ 0.54 69.01 £0.79 4532 +3.99 43.02 £ 2.58 82.31 + 0.71
S-08 | 29.62 +£ 0.35 32.84 £ 049 19.51 +0.66 42.44 + 4.31 53.04 £+ 1.31
All

29.84 £0.19 41.54 £ 0.17 39.72 £ 0.05 43.63 £ 0.15 69.38 £ 0.07

seq.
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Table 5.5: Comparison of mean recognition accuracy (in %) of TOPS with 3D shape de-

scriptors on the OCID dataset sequences recorded using the upper camera.

Seq. Slice ESF with
CVFH ESF STPP TOPS

1D MLP library
S-25 | 44.44 £ 2.41 46.30 £ 0.37 9.89 + 4.28 36.28 £ 0.52  59.96 + 2.35
S-26 | 43.26 £ 0.89 50.02 £ 2.18 30.03 £ 1.66  42.45 +4.24 72.00 + 3.29
S-35 | 40.72 £ 1.03 22.96 £ 2.42 12.78 £ 0.68 46.15 + 1.60 57.89 + 2.84
S-36 | 45.11 + 2.54 42.35 + 0.00 24.67 +5.05 45.33 + 042 55.28 + 1.47
S-23 | 11.94 £ 0.34 47.02 £2.86 41.03 £ 1.79 3492 + 3.08 66.99 + 0.72
S-24 | 1546 £ 0.94 40.00 £ 3.40 28.10 &£ 1.13  54.10 = 2.60 65.96 + 0.93
S-33 | 12.50 &£ 0.00 18.44 £ 1.10 33.81 £ 3.59 34.97 + 2.44 63.87 + 3.48
S-34 | 22.19 +£ 1.26 44.73 £ 4.18 41.67 +3.64 59.82 +4.53 73.78 + 1.23
S-21 | 29.09 £ 0.97 26.88 £2.03 31.91 &+ 1.57 56.39 +0.34 71.11 + 2.38
S-22 | 30.75 £ 0.50 54.54 £ 1.88 17.29 £ 1.28 60.19 + 1.46 65.07 £+ 2.04
S-31|20.88 £ 0.55 47.17 £2.02 2423 +£1.21 50.70 £ 1.37 72.74 £+ 1.07
S-32 | 12.31 £0.93 60.10 £ 0.46 40.48 +2.31 61.75 +0.54 72.50 + 0.73
S-05 | 51.08 £ 1.06 25.20 £ 0.88 23.89 +2.46 40.76 + 1.76  65.15 £+ 1.35
S-06 | 24.81 + 1.18 23.15 £ 1.30 26.66 + 1.22  42.58 + 3.42 73.89 + 1.29
S-11 | 38.70 £2.80 34.72 £0.00 11.11 £0.00 43.37 +£1.43 62.86 + 3.05
S-12 | 18.59 £+ 1.15 47.00 £ 0.78 45.44 +1.19 45.10 + 2.58 68.56 + 1.54
S-03 | 24.20 + 0.84 51.78 +£3.14 33.34 +£2.55 42.11 +1.94 58.98 + 1.55
S-04 | 13.06 + 1.36 58.43 +£2.03 41.11 £2.74 3431 +£1.32 69.52 + 1.94
S-09 | 13.61 & 0.52 24.92 £ 0.45 21.49 +£2.78 48.26 +£3.72 57.81 £ 0.77
S-10 | 17.78 £ 2.72 44.37 +£ 1.06 23.75 &+ 1.50 51.77 +3.19 76.89 + 4.20
S-01 | 26.19 £ 0.91 51.00 £ 1.60 24.85 +2.23  47.57 + 1.44 68.13 + 0.83
S-02 | 26.86 + 1.57 57.21 £0.64 5245+ 1.73 57.14 + 0.61 74.40 + 1.45
S-07 | 21.80 £ 0.81 56.54 £ 2.64 47.30 £2.05 49.19 + 1.30 79.84 £+ 1.76
S-08 | 33.00 + 1.07 33.33 £ 0.00 21.36 4+ 1.48 35.70 + 4.51 76.22 + 1.14
All

26.79 £ 0.10 40.54 + 0.27 35.36 &+ 0.12 4780 &+ 0.21 68.62 + 0.06

seq.
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Floor sequences Table sequences

THOR with MLP library SimpleView THOR with MLP library SimpleView

Curved
objects

S-06 S-25

Cuboidal
objects

Mixed
objects

S-07 S-31

Figure 5.6: Sample results from the OCID dataset sequences recorded using the lower camera
(green and red boxes represent correct and incorrect recognition, respectively). The first two
columns show results (obtained using THOR and SimpleView, respectively) from sequences
where objects are placed on the floor. Similarly, the last two columns show results from
sequences where objects are placed on a table. The first, second, and third rows show results

from sequences with curved, cuboidal, and mixed objects.
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Floor sequences Table sequences

THOR with MLP library SimpleView THOR with MLP library SimpleView

Curved
objects

5-06 s-25

Cuboidal
objects

s-10

Mixed
objects

Figure 5.7: Sample results from the OCID dataset sequences recording using the upper
camera. The first two columns show results (obtained using THOR and SimpleView, respec-
tively) from sequences where objects are placed on the floor. Similarly, the last two columns
show results from sequences where objects are placed on a table. The first, second, and third

rows show results from sequences with curved, cuboidal, and mixed objects.
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Table 5.6: Comparison of mean recognition accuracy over object classes belonging to different
types (in %) on the UW-IS Occluded dataset. THOR’s performance is compared with 2D
shape-based representation, Sparse PI, and end-to-end models, DGCNN and SimpleView.

THOR

Environment  Object type ‘ Sparse PI ‘ ‘ DGCNN SimpleView

‘ ‘ SVM lib. SVM lib. w/o heuristics MLP lib. MLP lib. w/o heuristics

Kitchen 10.07 £ 1.99 | 49.26 £ 0.06 48.19 + 0.09 52.33 £ 0.59 51.32 £ 0.51 26.89 + 1.21 28.52 &+ 1.09

‘Warehouse Tools 1.53 £ 0.32 | 40.71 £ 0.09 38.22 + 0.05 46.89 £ 0.48 47.00 £+ 0.52 8.83 £0.71 26.04 £ 0.42
Food 21.24 £ 1.22 | 41.11 £ 0.09 38.80 £+ 0.19 43.30 £+ 1.48 38.94 + 1.08 0.53 £0.08 11.49 £ 1.00

Kitchen 5.37 £ 0.88 | 65.63 £ 0.11 62.13 £ 0.06 69.98 £+ 0.43 65.45 + 0.38 30.89 &£ 1.26 36.72 £ 1.66

Lounge Tools 2.95 + 0.28 | 41.38 £ 0.05 39.89 + 0.05 45.96 + 0.62 44.43 £+ 0.82 10.32 £ 1.00 29.60 £ 0.93
Food 12.40 £ 1.36 | 44.28 £ 0.06 40.80 + 0.27 45.93 + 1.13 41.49 £ 0.93 1.29 £0.32 1443 +£1.24

All environments & objectsn | 7.02 £+ 0.25 | 48.18 + 0.04 45.63 £ 0.06 52.22 £ 0.33 49.76 + 0.35 14.58 £ 0.49 26.43 £ 0.81

degrees of occlusion and different lighting conditions are considered in Tables 5.7 and 5.8,
respectively. Overall, THOR outperforms all the other methods by a considerable margin
under all the environmental conditions. When area and curvature flow-based heuristics for
model sets selection are not used, i.e., when all the three sets M, M, and M; are used at the
prediction stage, THOR witness a small drop in performance but continues to outperform

all the other methods by a large margin.

In Table 5.6, we observe that the performance of THOR, which is trained entirely on point
clouds from synthetic depth images, is slightly better in the lounge environment as compared
to the warehouse, most probably as the depth data is more accurate for the lounge. The
kitchen objects are found to be easiest to recognize in both the environments for all the
methods. We believe this is because the kitchen objects (e.g., plate, pitcher, and bleach

cleaner) are much larger in size than the associated depth-sensing inaccuracies.

Further, Table 5.7 shows that the performance of THOR is best when none of the objects
are occluded. However, the performance in the cases where objects are placed such that some
occlusion occurs and when the objects are clustered together resulting in higher occlusion is

only slightly lower than that for the no occlusion case. This observation demonstrates the
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Table 5.7: Comparison of mean recognition accuracy over all the object classes (in %) on
the UW-IS Occluded dataset under varying degrees of occlusion. THOR’s performance is
compared with 2D shape-based representation, Sparse PI, and end-to-end models, DGCNN

and SimpleView.

| | THOR |
Environment Occlusion | Sparse PI DGCNN SimpleView
‘ ‘ SVM lib. SVM lib. w/o heuristics MLP lib. MLP lib. w/o heuristics ‘
None 9.50 £ 0.50 | 46.88 £ 0.05 44.21 £0.14 51.62 + 0.53 50.76 + 0.58 13.38 £ 0.43  26.35 & 0.80
Warchouse Low 9.31 £ 0.93 | 44.70 £ 0.08 42.55 £+ 0.04 48.07 + 0.28 45.67 £+ 0.42 12.47 £ 0.47 21.95 & 0.80
High 9.10 £ 0.20 | 40.30 £ 0.03 39.56 £ 0.06 44.26 + 0.25 43.49 £ 0.30 13.62 + 0.51 21.89 & 0.50
None 8.56 & 0.24 | 52.19 £ 0.09 48.38 £+ 0.12 56.72 + 0.60 53.51 £ 0.55 16.91 + 0.59 31.43 £ 1.06
Lounge Low 6.45 £ 0.55 | 53.05 £ 0.09 51.54 £ 0.08 54.45 + 0.24 51.90 £ 0.38 15.49 £ 0.77 28.86 £ 1.09
High 2.63 £ 0.30 | 45.85 £ 0.05 43.04 £+ 0.04 51.88 + 0.46 47.79 £ 0.37 14.38 + 0.44 25.13 £ 0.85

Table 5.8: Comparison of mean recognition accuracy over all the object classes (in %) on
the UW-IS Occluded dataset under varying lighting conditions. THOR’s performance is
compared with 2D shape-based representation, Sparse PI, and end-to-end models, DGCNN
and SimpleView.

| | THOR |
Environment Lighting ' Sparse PI DGCNN SimpleView
‘ ‘ SVM lib. SVM lib. w/o heuristics MLP lib. MLP lib. w/o heuristics ‘
Wareh Bright | 10.51 £ 0.81 | 44.20 + 0.06 42.37 £ 0.09 47.52 + 0.36 46.59 + 0.49 12.87 +£ 0.36  23.86 £ 0.60
archouse
Dim 7.72 £0.36 | 43.29 + 0.05 41.25 £ 0.07 48.11 + 0.39 46.43 £ 0.40 13.54 + 0.55 22.62 £ 0.69
L Bright | 5.08 + 0.35 | 46.48 + 0.06 45.26 £+ 0.09 50.76 + 0.48 47.08 £ 0.48 13.60 + 0.56 27.51 £+ 0.93
ounge
Dim 7.04 £0.29 | 54.34 + 0.05 50.60 £ 0.06 57.64 + 0.39 54.79 £ 0.41 17.18 + 0.57 29.23 £+ 1.06
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robustness of THOR to the partial occlusion of objects. Table 5.8 shows performance on the
different lighting conditions considered in the UW-IS Occluded dataset. As the quality of the
depth sensing depends on the lighting conditions, the performance of all the methods shows
some dependence on it. However, the effect of the lighting conditions on the performance is
relatively minor, and THOR outperforms all the other methods substantially, irrespective of
the lighting.

On the other hand, we observe that Sparse PI features have the least overall performance.
This poor performance can be attributed to Sparse PI features being 2D shape features
designed to recognize unoccluded objects under limited variations in object poses [151].
Even though DGCNN and SimpleView capture 3D shape information, THOR outperforms
them in recognizing both the occluded and unoccluded objects. The poor performance of
DGCNN and SimpleView shows that they are not robust to point cloud corruptions resulting
from occlusion and sensor-related noise, as reported in [139]. Fig. 5.8 shows sample results
for our method (with the MLP library) and SimpleView in both the environments for all the
three levels of separation among the objects.

Overall, the analysis on the UW-IS Occluded dataset shows that THOR is better suited
as an object recognition method for low-cost robots that would encounter different environ-

mental conditions and degrees of occlusion during everyday use.

Study on Parameter Choices for TOPS:

As mentioned in Section 5.4.1, we set the scale factor o, = 2.5 and set oy = 0.1, 09 =
2.5 x 1072, and a = 7 to compute suitable TOPS descriptors. The scale factor is chosen
based on the depth scale of the RGB-D camera and does not directly impact the computation
of the TOPS descriptor. However, the values for o7 and o9 depend on the scale of the point
cloud as they represent the thickness of the slices (along the z-axis and z-axis, respectively)
obtained during descriptor computation. The parameter o determines the orientation of
the point cloud before slicing, affecting the number of slices obtained during descriptor

computation.
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Warehouse Lounge

THOR with MLP library SimpleView THOR with MLP library SimpleView

No
occlusion

Low
occlusion

High
occlusion

Figure 5.8: Sample results from the UW-IS Occluded dataset. The first two columns show
the warehouse environment results (obtained using THOR and SimpleView, respectively).
Similarly, the last two columns show results from the lounge. The first, second, and third
rows show results from scenes with three different levels of separations between objects. Note

that THOR outperforms SimpleView in all the scenarios.
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Table 5.9: Comparison of mean recognition accuracy over all the object classes (in %) on

the entire UW-IS Occluded dataset under varying parameter choices for TOPS descriptor

computation.
0'1:0.05 0'120.1 0'1:0.2
09 =125 %1072 09=250x10"2 05 =>5.00x 1072
a = 41.74 £+ 0.31 46.75 + 0.24 47.96 £+ 0.60
a=m/4 39.73 £ 0.19 52.22 4 0.33 46.75 £ 0.90
a=m/2 33.84 £+ 0.09 41.03 £ 0.73 39.72 £+ 0.97

Once o, is chosen, values for o1, 09, and a are empirically determined such that every
object has a reasonable number of slices and the PDs corresponding to the slices have suffi-
cient shape information. Intuitively, a larger value of « leads to more slices when o, and o5
are unchanged, but the corresponding PDs capture little shape information. On the other
hand, a smaller value of « leads to more informative PDs but very few slices. For a fixed
value of «, a higher value of o; and oy enables capturing shape information at a higher
granularity while increasing the dimensionality of the TOPS descriptor and the size of the
classifier library. On the other hand, a smaller value of o; and oy leads to a relatively low
dimensional descriptor (and smaller classifier library), which captures shape information at

a lower granularity.

We report the performance of THOR (with the MLP library) on the UW-IS Occluded
dataset for different values of 01,09, and « in Table 5.9. Note that we vary o; and oy by
the same factor to ensure the change in granularity (resulting from changing in o; and o3)

is the same along both z and x axes. We observe that oy = 0.1, 0o =2.5x 1072, and a = =

W~

give the best results when o3 = 2.5.
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5.4.4 Robot Implementation

We also implement THOR on a LoCoBot platform built on a Yujin Robot Kobuki Base
(YMR-KO01-W1) powered by an Intel NUC NUC7i5BNH Mini PC. We mount an Intel Re-
alSense D435 camera on top of the LoCoBot and control the robot using the PyRobot inter-
face [124]. THOR is run on an on-board NVIDIA Jetson AGX Xavier processor, equipped
with a 512-core Volta GPU with Tensor Cores and an 8-core ARM v8.2 64-bit CPU. Fig.
5.9 shows a screenshot of the platform and sample recognition results.

THOR (with the SVM library) runs at an average rate of 0.82s per frame in a scene with
six objects on this platform. This runtime includes the time for instance segmentation that
is performed using a TensorRT-optimized [125] depth seeding network (along with the initial
mask processor module) from [197]. Recognition prediction for every object point cloud in
the scene is then obtained simultaneously using multiprocessing in Python. Note that in this

case, we do not use the area and curvature flow-based heuristics for the model sets.

5.5 Discussion

The following subsections discuss several aspects of THOR’s performance.

5.5.1 Depth Information: Quality and Significance

We note that the point clouds in the OCID dataset are obtained from temporally averaged
depth images. Therefore, such point clouds have fewer inaccuracies that might arise from
depth sensing-related issues. On the other hand, the new UW-IS Occluded dataset consists
of depth images directly obtained from commodity hardware used in robotic systems. As a
result, the dataset more closely represents a real-world setting likely to be encountered by low-
cost indoor mobile robots. Consequently, the overall performance of all the methods is lower
on this more challenging dataset. Nevertheless, THOR outperforms both the methods by a
considerable margin under all environmental conditions and degrees of clutter, demonstrating

promising robustness to imprecise depth images.
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Intel RealSense
D435 camera

NVIDIA Jetson
- AGX Xavier

P AVLS AHLTYIH AVLS “34YS AYLS -

Recognition results obtained
Experimental setup using THOR (with SVM library)

Figure 5.9: Screenshot of the LoCoBot operating in a mock warehouse setup (left) and
the sample recognition results (right) obtained using THOR (with the SVM library) as the
LoCoBot moves around the warehouse setup. The results demonstrate THOR’s ability to

recognize objects in unknown environments despite inaccuracies in depth sensing.
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Additionally, we observe from Tables 5.6, 5.7, and 5.8 that the 2D shape-based Sparse
PI features have the least overall performance on the UW-IS Occluded dataset. In general,
Sparse PI features perform better in the absence of occlusion. This trend is expected be-
cause the Sparse PI features are designed to recognize unoccluded objects. However, the
performance is still poor in the absence of occlusion, which can be attributed to the fact
that they are 2D features designed for operation under limited variations in object poses. In
contrast, the training set, in this case, considers all the possible object poses. This inferior
performance of 2D shape features highlights the need for 3D shape features and motivates

the use of depth images, despite the associated sensing inaccuracies.

5.5.2  SitmZReal Gap

In this work, we train THOR and all the other methods using synthetic depth images of
unoccluded objects and test them on real-world depth images of cluttered scenes. In Table
5.7, we observe that THOR outperforms DGCNN and SimpleView in the case of occluded
and unoccluded objects. This observation indicates that THOR is better at accounting
for the sim2real gap in addition to being more robust to partial occlusions. We attribute
this observation to the fact that the PIs in the TOPS descriptor are stable with respect
to minor perturbations in the filtration [4], providing some robustness to the noise in the
depth images. On the other hand, end-to-end models like DGCNN and SimpleView are
known to be susceptible to point cloud corruptions resulting from imprecision depth images,
self-occlusion, and partial occlusions [139]. Therefore, the use of topological features is a
promising way to achieve object recognition in unknown environments without extensive
real-world training data. On a related note, designing topology-aware adaptation modules
for end-to-end models (like DGCNN and SimpleView) to address the sim2real gap could also

be an interesting future work direction.
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5.5.3 THOR: Failure Modes

Instance Segmentation Errors:

In this work, we focus on object recognition and assume that the instance segmentation
map of a scene is available. However, it is important to note the impact of segmentation
errors on THOR. Common instance segmentation errors include under-segmentation, over-
segmentation, misaligned object boundaries, false positive segmentations, and the scenarios
where the mask of an object is split due to an occluding object [197]. We believe THOR
is relatively robust to over-segmentation errors or errors where the object masks are split
into segments due to occlusion, since the idea of object unity is built into it. THOR is more
likely to recognize the segments correctly as compared to the other methods. However, a
post-processing step similar to non-maximum suppression would be required to identify if the
segments belong to a single object. Further, the test-time outlier removal from point clouds
provides a certain degree of robustness to errors arising from misaligned object boundaries.
However, under-segmentation and false positive segmentations are more challenging. Modi-
fying THOR to use appearance information and provide a 'none-of-the-above’ decision is a

potential way to address such challenges.

Slicing-related Errors:

Tables 5.2 and 5.3 show that THOR outperforms SimpleView in most of the sequences.
However, in certain sequences, SimpleView’s performance is slightly higher than our method.
We believe this discrepancy can be attributed to distortions in the point clouds of certain
objects that affect our slicing-based method more than SimpleView. For instance, the wooden
block in S-07 from Fig. 5.6 is occluded such that the slices of the resulting point cloud closely

resemble those of a power drill.
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Specific Occlusion Scenarios:

We specify in Section 5.2.4 that our heuristic-based approach for model sets selection largely
holds when the object is not heavily occluded (see Fig. 5.4). In cases of heavy occlusion, the
area and curvature flow-based heuristics may lead to incorrect model sets selection. At the
same time, it is important to note that when heuristics are not used, the drop in THOR’s
performance is relatively small and continues to outperform the other methods (see Section
5.4.3). Additionally, we mention in Section 5.2.4 that if an object is occluded, the aligned
point cloud is reoriented to ensure that the first slice on the occluded end of the object (i.e.,
the end where one or more slices may be missing) is not the first slice during subsequent
TOPS descriptor computation. Therefore, scenarios where an object is occluded such that
there are missing slices on both the ends pose difficulties. Such occlusion scenarios are
relatively infrequent, and we believe additional information, such as the appearance of the

object or depth image from a different viewpoint, would be necessary to perform recognition.

5.5.4 THOR: Classifier Choice

In general, THOR works with libraries generated using any classifier of choice. In this article,
we report and analyze the performance of THOR using two different classifiers, SVM and
MLP. Results reported in Sections 5.4.2 and 5.4.3 show that, overall, THOR outperforms
the other methods regardless of the choice of the classifier. This observation, in addition to
our ablation studies, indicates that the discriminative power of the TOPS descriptor is the
primary reason for THOR’s markedly better performance than DGCNN and SimpleView.
However, we note that THOR with the MLP library maintains overall performance in case
of challenging object views, as opposed to THOR with the SVM library, which undergoes
a slight drop in performance. Furthermore, THOR with the MLP library performs better
than THOR with an SVM library on the more challenging UW-IS Occluded dataset, where
point clouds are generated from raw depth images (as opposed to the temporally smoothed

point clouds of the OCID dataset).
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5.5.5  Real Time Performance

With a prediction speed of 0.82s per frame, THOR operates in real time. Note that the
current work is a feedforward approach, i.e., a single image frame is used to make predic-
tions. THOR can be made more efficient in scenarios when the object locations do not
change considerably between consecutive frames by avoiding repeated computation. Such
modifications incorporating temporal information are also beneficial in environments where

the objects change location due to external intervention(s).
5.6 Summary

This work presents a new topological descriptor, TOPS, and an accompanying human-
inspired recognition framework, THOR, for recognizing occluded objects in unseen indoor
environments. We construct slicing-style filtrations of simplicial complexes from the ob-
ject’s point cloud to obtain the descriptor using persistent homology. Our approach ensures
similarities between the descriptors of the occluded and the corresponding unoccluded ob-
jects. We use this similarity in THOR to recognize the occluded objects using a human
reasoning mechanism, object unity, thereby eliminating the need to collect large amounts of
representative training data.

We report performance comparisons on two datasets: OCID and UW-IS Occluded. On
the benchmark OCID dataset, comparisons with two state-of-the-art point cloud classifica-
tion methods, DGCNN and SimpleView, show that THOR achieves the best overall per-
formance when increasingly cluttered scenes are viewed from different camera positions.
Further, our ablation investigations show that the TOPS descriptor achieves considerably
higher recognition accuracy than the widely used descriptors CVFH and ESF. On the new
UW-IS Occluded dataset, which reflects real-world scenarios with different environmental
conditions and degrees of object occlusion, THOR achieves substantially higher recognition
accuracy than the state-of-the-art methods. Therefore, THOR is a promising step toward

robust recognition in low-cost robots, meant for everyday use in indoor settings.
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Chapter 6

HUMAN-INSPIRED 3D SHAPE AND COLOR-BASED
RECOGNITION IN UNSEEN CLUTTERED ENVIRONMENTS

A compact version of this work will be presented as a Late-Breaking Results poster at

IEEE/RSJ International Conference on Intelligent Robots and Systems (IROS), 2023.

6.1 Motivation

The previous chapter presents a human-inspired framework THOR for 3D shape-based ob-
ject recognition in unseen and cluttered real-world environments. Unlike recognition using
widely used handcrafted and learning-based shape representations, THOR shows promising
robustness to point cloud corruptions resulting from imprecise depth images, self-occlusion,
and partial occlusions. However, recognition using shape information alone is challenging.
Additional information cues, such as the color of an object, help achieve improved recogni-
tion [87,98], and are particularly crucial to distinguish between objects with similar geometry
(e.g., a softball and a baseball). As discussed in Section 2.2.2, several approaches have been
proposed for object recognition using RGB-D images, ranging from handcrafted descriptor-
based methods to learning-based methods using multimodal convolutional neural networks
and transformers. Due to the lack of large RGB-D datasets like the RGB-only ImageNet,
several learning-based approaches employ depth encoding and transfer learning techniques
to models trained on RGB images for RGB-D recognition [180]. Alternatively, we investigate
using synthetic RGB-D images for training and extending THOR to use both 3D shape and
color information for object recognition.

One of the key challenges associated with recognizing objects based on color is that the

observed chromaticity of objects varies with the lighting conditions [41]. The image signal
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processors on current RGB-D cameras run automatic white balancing algorithms to remove
undesirable color casts caused by environmental lighting. However, such algorithms require
further work to completely tune out the effect of illumination conditions in typical real-
world scenes [5]. The problem of variation in observed chromaticity is further exacerbated
in our case due to the sim2real gap between the training and test data. Therefore, we take
inspiration from the human perception of color to account for this variation.

Specifically, regions of the color space (known as the MacAdam ellipses) have been identi-
fied where each region contains colors indistinguishable to the human eye [116]. Analogously,
we use the Mapper algorithm to identify color regions (i.e., clusters of similar colors) in the
sRGB color space and capture their connectivity in a color network. We use the color network
to compute color embeddings for object point cloud slices and interleave them with the TOPS
descriptor to obtain the TOPS2 descriptor. Similar to its predecessor, the TOPS2 descrip-
tor embodies the principle of object unity and ensures similarities between the descriptors
of the occluded and the corresponding unoccluded objects. We also propose the THOR2
framework, which selectively uses the TOPS and TOPS2 descriptors for recognition. We
show that THOR2, trained using synthetic data, outperforms a state-of-the-art transformer
network adapted for RGB-D object recognition in clutter and achieves substantially higher
recognition accuracy in all the environmental conditions of the UW-IS Occluded dataset.

The rest of the chapter is organized as follows. Section 6.2 provides details of the color
network generation and the THOR2 framework. Section 6.3 describes the experimental
details and the results achieved. Several aspects of the THOR2’s performance and failure

modes are discussed in Section 6.4 followed by concluding remarks in Section 6.5.
6.2 DMethod: THOR2

Given an RGB-D image of a cluttered scene, we aim to recognize all the objects in the scene.
We continue to follow the human object recognition framework discussed in Section 1.1
to achieve it. Similar to our approach in Chapter 5, we assume that instance segmentation

maps are available using methods such as those in [114,197]. Subsequently, we obtain colored
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point clouds for every object in the scene and perform view normalization, as described in
Section 5.2.1. We then capture their shape and color information by computing the TOPS
and TOPS2 descriptors. The TOPS2 descriptor incorporates color information through
color embeddings based on the similarity and connectivity among different colors in a color
network, which is obtained using the Mapper algorithm. Lastly, we perform recognition
using two classifiers (one for each descriptor) trained on synthetic RGB-D images. Fig 6.1
depicts the overall framework, and the following subsections describe the associated steps in

detail.

6.2.1 Color Network Generation

We consider the colors represented by the standard RGB (sRGB) color space, where values
for each of the three color channels range from 0 to 255. Let X,, denote the set of these
colors. The sRGB color space is not perceptually uniform; the Euclidean distance between
two colors represented using this color space is not proportional to the difference perceived
by humans. Therefore, we convert all the elements in X,y to the CIELAB color space
(also known as the L*a*b* color space) to obtain the set X,;,. We note the CIELAB color
space is also not truly perceptually uniform. However, it was purposefully designed such
that the Euclidean distance between points is proportional to the perceived color difference.
Therefore, it is the preferred color space for algorithmically distinguishing between objects
by their color [41].

We then apply the Mapper algorithm to X, to obtain a color network. Specifically, let

*

kr+, ko, and ky« represent the L*, a*, and b* components of a color k£ in X;,;,. We use a

chroma and hue-based lens function, f;, to transform the three-dimensional data in X, to

a two-dimensional space. We define f; as follows.

fi(k) = <\/kg* + k2., & + arctan (ZZ)) : (6.1)

where ¢ is a constant offset selected based on the cover. We adopt the standard choice [35]
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computed from the corresponding real RGB-D image.

Figure 6.1: Proposed framework, THOR2, for 3D shape and color-based recognition using

object unity, facilitated by the similarity in the TOPS and TOPS2 descriptors of unoccluded

and occluded objects.
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of building a cubical cover U by considering a set of regularly spaced intervals of equal
length covering the set fj(Xjap). Let r; and ry (where r1,79 > 0) denote the lengths of the
intervals (also known as the resolution of the cover) along the two dimensions of f;(Xj.),
respectively. Let g; and g denote the respective percentages of overlap (also known as the
gain of the cover) between two consecutive intervals. Subsequently, the Mapper algorithm
applies a clustering algorithm to f[l(U ) for each U € U to obtain the refined pullback
cover R of X, For clustering, we use the HyAB distance metric [3] for computing the
distance between two colors. Unlike other color difference formulae (e.g., CIEDE2000 [115]),
the HyAB distance is applicable to a large range of color differences required for practical
applications [3]. The HyAB distance between two colors m and n in the CIELAB space is
defined as

+ \/(ma* - na*)2 + (mb* - nb*)2‘ (62)

HyAB(m,n) = |mp« —np-

Next, the nerve of the refined pullback cover is obtained, as described in Section 3.2, to
obtain the output of the Mapper algorithm. Note that the cyclic nature of the chroma-
related dimension of f;(Xj4) cannot be captured through the cubical cover described above.
Therefore, we augment the output of the Mapper algorithm to add edges connecting the
nodes corresponding to the first and last intervals along the dimension. Subsequently, we
eliminate redundant nodes, as described in 6.3.2, to obtain the final color network shown in
Fig. 6.2. In this network, the nodes represent useful color regions identified by the Mapper

algorithm, and the edges represent overlap between the corresponding color regions.

Let G = (V, E) be the color network, representing a non-empty set of vertices or nodes
V and a set of edges E. Let n,. represent the numbers of vertices in G, i.e., the number of
color regions. We define a similarity matrix, A, of size n. X n. to capture the similarity and

connectivity between the different color regions in G. We define A as follows
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where §;/;; represents the similarity between the i'-th and j’-th nodes. Since every edge in £
does not represent the same perceptual difference between the color regions, first, we assign
a weight to each edge. Let 1, be an edge in E that connects the #-th and j’-th nodes. To
assign the weight, first, we compute the mean color! of the i’-th and j’-th colors nodes. The
edge 7y is then assigned a weight equal to the HyAB distance between the mean colors of

the i’-th and j’-th nodes. We then set d,; = , where [;; is the weight of minimum

_1
1+li’j’
weight path connecting the i’-th and j’-th nodes. This similarity matrix is pre-computed

!To compute the mean, we convert all the colors in that node to the SRGB space, calculate the arithmetic
mean of the intensities in each channel [87], and convert the resulting mean color back to the CIELAB
space
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and used for TOPS2 descriptor computation, as described in the following subsection.

6.2.2 TOPS2 Descriptor Computation

Consider a colored object point cloud P in R?. First, we perform view normalization, as
described in Section 5.2.1, to obtain the view-normalized point cloud, P. Similar to the
computation of the TOPS descriptor (refer to Section 5.2.2), we rotate P by an angle «
about the y-axis to obtain a suitably aligned point cloud P. Then, we slice P along the
z-axis to get slices 8¢, where i € Z N [0, U—hl] Here, h is the dimension of the axis-aligned
bounding box of P along the z-axis, and oy is the thickness of the slices. Let p = (ps, py, p2)

be a point in P. The slices S are then obtained as follows.
S'i= {p ePlioy <p. < (i+ 1)01} : (6.4)

Let s = (s, 5y, s.) represent a point in S*. For every slice 8¢, we modify the z-coordinates
Vs € 8" to s/, where s, = io;. Color embeddings for every slice are then obtained as follows

Consider a slice S*. We perform further slicing of S¢ along the z-axis to obtain strips ¥/,
where 7 € Z N |0, 0%] Here, w is the dimension of the axis-aligned bounding box of the slice
along the x-axis and oy represents the 'thickness’ of a strip. For every strip €, we obtain
corresponding color vectors ®7/ = [¢1 $2 - Onc }T as follows.

I].X)\ (w)

=Y (6.5)
weN ﬂx)\ (W)
A=l

where A € {1,...,n.} represents the A-th color region, w represents the color of a point in
€ (in the sRGB color space), 1 denotes the indicator function of a set, and Xﬁ‘gb represents
the set of colors (in the sSRGB color space) belonging to the A-th color region. Consequently,
the color vectors ® approximately represent the color constitution (in terms of the color
regions) of the strips Q7.

max

We then stack the color vectors (with appropriate zero padding) to obtain an n?

X M.

: : e i » T :
dimensional color matrix C*. Let C* = [0 v @1 @2 By O] , where ng is the number of
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Figure 6.3: Visualization of the computation of the color embedding for obtaining the TOPS2
descriptor. Example of an aligned object point cloud, P, the slices S° to S* obtained from

it, and the color embedding for one of its slices, i.e., S!.

strips in the corresponding slice 8%, n™%* is the maximum number of strips in any given slice,
and O represents a n. x 1 dimensional zero matrix. Consequently, the color color matrix C°
approximately represents the color constitution (in terms of the color regions) of the slice S*
in a spatially-aware manner. Last, we obtain an embedding £' corresponding to the color

matrix C* as follows.

E = (C'A)T (6.6)

Fig. 6.3 illustrates this embedding generation procedure for a slice of a sample object.

In addition to the color embedding £¢, we also obtain a persistence image (say Z°) for S*
using the slicing-based descriptor function, as described in Section 5.2.2. We then vectorize
and concatenate both Z¢ and £’ to obtain a combined shape and color-based representation

for S. Such combined representations of all the slices are stacked to obtain the final TOPS2

descriptor.



93

6.2.3 THORZ2: Training and Testing

As in the case of THOR, we consider a training set comprising synthetic RGB-D images
corresponding to all the possible views of all the objects. We do not consider any object
occlusion scenarios in our training set, owing to the slicing-based design of the TOPS2
descriptor, which captures the principle of object unity. We begin by generating colored
object point clouds from the RGB-D images and scale them by a factor of o,. Next, we
perform view normalization and simultaneously compute the TOPS and TOPS2 descriptors
for the point clouds. Unlike THOR, which uses a library of multiple classifiers, THOR2 only
uses two classifiers. We train one classifier (say M;) using the TOPS descriptor and another

(say Ms) using the TOPS2 descriptor.

When testing on a real RGB-D image of a cluttered scene, first, we generate the individual
colored point clouds of all the objects in the scene using the instance segmentation maps.
Similar to the training stage, we scale the point clouds by a factor of o,. Consider a scaled
object point cloud P, obtained from the test image. To recognize Py, first, we perform view
normalization to obtain P,. Similar to THOR, we then determine if the object corresponding
to P, is occluded. For this purpose, we obtain the object’s contour (in the segmentation map)
and use the neighboring pixels’ segmentation labels and depth values. For every pixel in the
contour, we assume it is part of an occlusion boundary if one or more of its neighboring pixels
are labeled as object instances and have a depth value smaller than its own depth value. If
the object is occluded, we rotate P, by 7 about the z-axis to ensure that the first slice on
the occluded end of the object is not the first slice during subsequent TOPS and TOPS2
descriptor computation. We then compute the TOPS and TOPS2 descriptors corresponding
to P,, and use the corresponding classifier models, M; and M, respectively, to obtain two

predictions. We choose the prediction with the highest probability as our final prediction.
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6.3 Experiments

We use synthetic training data and evaluate THOR2 on the real-world OCID and UW-IS
Occluded datasets. We report performance comparisons with THOR, [150] and the widely-
used Vision Transformer (ViT) adapted for RGB-D Object Recognition [180] on both the
datasets. In addition, we report comparisons with the case when RGB-D ViT is trained
using both synthetic as well as real-world data from the YCB dataset. We also perform
ablation experiments to study the role of the different topological representations used in

THOR2.

6.3.1 Datasets
Training:

We followed the procedure in Section 5.4.1 for generating synthetic training data correspond-
ing to textured object meshes from [32] using Panda3D [128]. In certain experiments (i.e.,
Section 6.6), we also use additional real-world data from the YCB dataset [32] for training
the RGB-D ViT model. The YCB dataset consists of RGB-D images obtained using a scan-
ning rig [160] that comprises five RGB cameras and five depth sensors placed at different
locations. Each object is placed on a turntable that is rotated in three-degree increments,

generating 600 RGB-D images per object.

Testing:

Similar to Chapter 5, we use the YCB10 subset of the OCID dataset [164] and the UW-IS
Occluded dataset for evaluation purposes®. In the case of the OCID dataset, we consider all
the three types of sequences of increasingly cluttered scenes: sequences with curved objects,

cuboidal objects, and mixed objects. We test recordings of these sequences obtained using

2The OCID dataset uses some objects (e.g., soccer ball, power drill) that have a different color from
the textured meshes of the YCB dataset objects used for synthetic training data generation. Despite this
difference, we consistently test all the methods on all the images of the OCID dataset.
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the lower and the upper RGB-D camera. In the case of the UW-IS Occluded dataset,
we perform evaluations under all the different environmental conditions captured in the
dataset. Specifically, we evaluate the performance of all the methods in the lounge and the
warehouse environments of the dataset. For both environments, we consider all three degrees

of occlusion and two types of lighting conditions.

6.3.2 Implementation Details

Color Network Generation:

We use the Kepler Mapper library [182, 183] for applying the Mapper algorithm to X, .
X, g consists of colors obtained by uniformly sampling each color channel with a step size
of five to obtain a total of 523 color values. We use the CIE standard illuminant D65
(and its color space chromaticity coordinates corresponding to the standard 2° observer)
to convert colors from the sRGB space to the CIELAB color space. Since the Mapper
algorithm is an exploratory data analysis tool, a commonly used strategy is to explore a
range of associated parameters; the parameters that provide the most informative output
(with respect to the user perspective) are selected [35]. We choose £ = %, g1 = 10%, and
g2 = 25%. We set r; and 7y to divide the corresponding dimensions into three and eight
equally-spaced intervals, respectively. We use the DBSCAN algorithm [52] with HyAB as
the distance metric for clustering. During clustering, a point is considered a core point if it
has at least six data points in its neighborhood (points that are at most seven units apart are
considered neighbors). Once the Mapper output is obtained, we perform post-processing to
eliminate redundant nodes. First, we identify node pairs that have more than 95% members
in common. For each pair, we then compute the mean colors of the nodes. If the mean colors

are neighbors (as defined above), we appropriately merge the nodes to form a single node.
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TOPS2 computation:

Following the findings reported in Section 5.4.3, we set the scale factor o, = 2.5 and set
o, =0.1,0,=25x1072%, and o = 7 to compute suitable TOPS2 descriptors. Consequently,
n* is 29 and 31 for the OCID and UW-IS Occluded datasets, respectively. We use an ap-
proximate computation to generate the PDs and the Persim package in Scikit-TDA Toolbox

to generate the corresponding persistence images, as described in Section 5.4.1.

THORZ2 Training and Testing:

We use workstations with GeForce GTX 1080 and 1080 Ti GPUs running Ubuntu 18.04 LTS
for training (and testing) the classifier models. Separate TOPS-based and TOPS2-based
classifiers are trained for every sequence using synthetic RGB-D images in the case of the
OCID dataset. In the case of the UW-IS Occluded dataset, we train a single TOPS-based
classifier and a single TOPS2-based classifier. For training, first, we augment the training
set by mirroring all the view-normalized point clouds across the z and y coordinate axes (in
place). We train five-layer fully connected networks, i.e., Multi-layer Perceptrons (MLPs)
for THOR2. We use the Adam optimizer to optimize the categorical cross-entropy loss over
100 epochs. The learning rate is set to 1072 for the first 50 epochs and is decreased to 1073
for the subsequent 50 epochs.

For testing on the OCID dataset, we use the temporally smoothed, point-wise labeled
point clouds provided for every frame in the sequence. In the case of the UW-IS Occluded
dataset, we generate point clouds from depth images using the known camera intrinsic param-
eters and a depth scale of 0.001m. Since the dataset is recorded using commodity hardware
and consists of noisy depth images, we consistently perform pre-processing for every object
point cloud, as described in Chapter 5.4.1. Specifically, uniform voxel grid-based downsam-
pling is performed using a voxel size of 0.03 using Open3D [212]. Next, radius outlier removal
is performed to remove the points with fewer than 220 neighboring points in a sphere of ra-

dius 5 x 1072 around them. We report test results from five-fold cross-validation for THOR2
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(and all the comparison methods).

Comparison methods:

We refer the reader to Section 5.4.1 for details regarding the implementation of THOR. In the
case of RGB-D ViT, we use the same synthetic training data used for THOR and THOR2.
We obtain surface normal representations for the depth images as in [29]. Following [180],
we use the base configuration for ViT [49] initialized using weights from pretraining on
ImageNet (provided by PyTorch). We use the mean and standard deviation corresponding
to the ImageNet dataset for standardizing the normalized RGB images and surface normal
representations of the synthetic dataset. For testing, first, depth interpolation is performed
[29], and object crops are obtained using the instance segmentation maps. Subsequently, we
replace the background (i.e., background pixels of the RGB image and corresponding values
of the surface normal representation of the depth image) to match that of the synthetic
images used for training. The object crops are then resized and padded appropriately to
achieve the required input size (i.e., 224 x 224). Note that we perform the same procedure
for background replacement, resizing, and padding RGB-D images from the YCB dataset in
experiments where they are used for training the RGB-D ViT model.

6.3.3 Results
Comparison with End-to-end Methods:

We compare the performance of THOR2 with THOR (with the MLP library), which, unlike
THORZ2, only uses 3D shape information. In addition, we also compare THOR2’s perfor-
mance with ViT adapted for RGB-D Object Recognition [180].

Table 6.1 reports the performance of all the three methods on the test sequences of the
OCID dataset recorded using the lower camera, and Fig. 6.4 shows a few sample results.
THOR2 achieves approximately 8.5% higher recognition accuracy than THOR and approx-
imately 18.9% higher accuracy than RGB-D ViT trained on synthetic data. We note that
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incorporating color information in THOR?2 is particularly beneficial in the case of curved and
cuboidal object sequences where object geometries are similar and less easily distinguishable.
For instance, the color information in THOR2 helps distinguish between a softball and a
baseball in S-25 (see the first row in Fig. 6.4). In another instance, color helps distinguish
between the sugar box and the pudding box in S-23 (see the second row in Fig. 6.4). THOR2
achieves substantially better performance than THOR in such sequences. Performance im-
provements are also observed for all but two mixed object sequences where object geometries
vary considerably.

We observe similar trends in Table 6.2 when the test sequences are recorded using the
upper camera. Although THOR2 undergoes a slight drop in performance as compared to
the lower camera case, it continues to outperform THOR and RGB-D ViT by 4.94% and
16.42%, respectively. Fig. 6.5 shows sample images recorded using the upper camera for
the sequences that are considered in Fig. 6.4. The slight drop in THORZ2’s performance can
be attributed to the fact that recording using the upper camera is more likely to result in
challenging object poses. We refer the reader to Section 6.4 for further discussion on this
and other factors that affect THOR2’s performance.

We also evaluate the performances of THOR, THOR2, and RGB-D ViT under different
environmental conditions of the UW-IS Occluded dataset. Tables 6.3, 6.4, and 6.5 show that
THOR2 outperforms both the methods regardless of the environmental condition. Fig. 6.6
and Fig. 6.7 show sample results for different types of objects under different degrees of
occlusion and lighting conditions in the lounge and warehouse environments, respectively.

In particular, Table 6.3 shows the performance in the warehouse and the lounge while
considering variations in the object types. Overall, THOR2 outperforms THOR achieving
approximately 10% higher accuracy. THOR2 also achieves approximately 20% higher accu-
racy than RGB-D ViT trained on synthetic data. The largest performance improvement in
THOR2 (over THOR) is observed for the food category objects, some of which are similar
in size and geometry but considerably distinct in color. Fig. 6.6 shows one such example

where, unlike THOR, THOR2 successfully distinguishes between the potted meat can and
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Table 6.1: Comparison of mean recognition accuracies (in %) of THOR, THOR2, and RGB-

D ViT on the OCID dataset sequences recorded using the lower camera (best in bold).

Place Scene type Seq. ID THOR THOR2 RGBD ViT
S-25 65.31 +2.03 74.90 + 4.51 49.10 + 2.64
S-26 57.18 +2.25 75.70 + 2.71  64.06 4+ 2.82
Curved
S-35 49.83 + 2.07 64.38 + 3.83  34.59 4+ 2.95
S-36 61.35 + 049 63.33 £0.98 67.91 + 1.95
S-23 72.82 £0.94 83.75 + 2.35 62.88 + 5.29
Table Cuboid S-24 57.01 +4.28 70.53 + 1.60 58.25 + 2.49
S-33 65.90 + 3.27 77.54 4+ 3.47 55.38 £+ 2.56
S-34 65.09 + 3.38 79.86 + 1.28 53.98 + 3.63
S-21 68.02 + 1.06 71.49 + 3.85 48.27 £+ 2.06
S-22 62.11 +3.77 73.68 + 2.43 80.22 + 4.20
Mixed
S-31 74.59 + 1.34 79.95 + 4.58 81.07 + 3.76
S-32 67.16 = 1.76 74.25 + 1.87 58.93 £+ 3.80
S-05 | 65.75 + 2.56 66.44 + 1.77 42.65 + 4.67
S-06 79.01 +2.72 91.50 + 3.01 32.35 £ 2.75
Curved
S-11 | 67.84 + 2.39 69.98 + 2.36 54.30 + 4.89
S-12 70.79 £ 0.90 81.30 +£ 0.64 61.57 £2.74
S-03 63.16 = 1.07 83.75 + 2.87 60.59 £+ 3.78
Floor Cuboid S-04 55.62 + 3.35 71.78 + 4.48 62.28 £+ 3.23
S-09 | 73.96 + 3.64 70.12 + 5.69 58.03 + 2.87
S-10 84.32 + 3.11 94.32 + 3.75 58.58 + 5.35
S-01 76.78 £ 1.66 91.83 + 2.15 61.88 + 6.28
S-02 | 73.04 + 1.26 64.36 &= 4.56  44.76 + 2.34
Mixed
S-07 | 88.53 + 1.57 67.76 = 1.29  71.94 + 3.17
S-08 43.43 £ 1.30 53.26 + 1.95 40.38 + 2.48
All sequences 66.67 + 0.22 75.07 +£ 0.33 56.17 + 0.42
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Cuboidal (S-04) Curved (S-06) Mixed (S-22) Cuboidal (S-23) Curved (S-25)

Mixed (S-01)

Figure 6.4: Sample results from the OCID dataset sequences recorded using the lower camera
(green and red boxes represent correct and incorrect recognition, respectively). The top
half shows results (obtained using THOR, THOR2, and RGB-D ViT) from sequences where
objects are placed on a table and the bottom half shows results from sequences where objects
are placed on the floor. The three rows in each half show results on sequences with curved,

cuboidal, and mixed objects.
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Table 6.2: Comparison of mean recognition accuracies (in %) of THOR, THOR2, and RGB-

D ViT on the OCID dataset sequences recorded using the upper camera.

Place Scene type Seq. ID THOR THOR2 RGB-D ViT
S-25 49.82 £ 1.79 68.19 + 3.57 56.75 + 5.59
S-26 64.48 + 249 76.88 + 3.22 61.16 £+ 4.43
Curved
S-35 | 58.91 4+ 2.32 59.46 + 2.96 42.30 + 3.64
S-36 55.67 + 1.15  53.23 £ 1.56 63.31 + 1.93
S-23 66.24 + 1.03 75.51 + 3.48 62.48 + 4.07
Table Cuboid S-24 70.38 +3.39 78.43 + 4.18 59.88 £+ 0.64
S-33 61.94 + 142 79.54 4+ 4.47 41.93 + 5.75
S-34 70.22 £ 1.64 78.73 &+ 1.67 42.52 + 4.63
S-21 73.75 + 2.01 78.32 + 5.87 41.85 + 3.43
S-22 62.54 + 146 74.69 + 2.06 76.22 + 6.53
Mixed
S-31 75.87 + 0.95 79.96 + 4.01 76.24 + 1.58
S-32 | 72.47 +1.32 6341 +4.67 68.74 + 3.92
S-05 | 64.17 + 2.94 68.25 + 2.13 34.31 + 4.94
S-06 69.78 + 3.63 76.71 + 2.66 43.56 £+ 4.90
Curved
S-11 58.77 + 2.74 63.38 + 3.51 51.45 + 2.79
S-12 58.62 + 1.74 72.07 + 1.98 58.80 £ 3.49
S-03 59.78 + 1.07 71.61 + 2.93 66.07 + 5.43
Floor Cuboid S-04 4954 + 1.34 77.22 + 3.30 51.38 + 3.09
S-09 49.59 + 1.35 60.07 + 4.01  36.21 4+ 4.30
S-10 | 77.04 + 2.02 71.17 + 4.14 45.69 + 8.00
S-01 64.06 + 1.16 85.43 + 5.11 65.02 + 2.95
S-02 | 76.61 + 1.65 71.56 +3.06 51.47 + 0.96
Mixed
S-07 | 81.46 + 1.78 56.98 +2.54  64.15 + 3.38
S-08 | 78.44 + 2.38 52.89 +4.70  30.59 + 3.59
All sequences 66.50 + 0.13 71.44 + 0.15 55.02 + 0.23
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THOR THOR2 RGB-D ViT

Cuboidal (S-04) Curved (S-06) Mixed (S-22) Cuboidal (S-23) Curved (S-25)

Mixed (S-01)

Figure 6.5: Sample results from the OCID dataset sequences recorded using the upper cam-
era. The top half shows results (obtained using THOR, THOR2, and RGB-D ViT) from
sequences where objects are placed on a table and the bottom half shows results from se-
quences where objects are placed on the floor. The three rows in each half show results on

sequences with curved, cuboidal, and mixed objects.
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THOR THOR2 RGBD ViT

Low occlusion No occlusion

High occlusion

Figure 6.6: Sample results from the lounge environment of UW-IS Occluded dataset obtained
using THOR, THOR2, and RGB-D ViT. The first, second, and third rows show results from

scenes with three different levels of separations between objects.

THOR THOR2 RGBD ViT

Figure 6.7: Sample results from the warehouse environment of UW-IS Occluded dataset
obtained using THOR, THOR2, and RGB-D ViT. The first, second, and third rows show

results from scenes with three different levels of separations between objects.
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Table 6.3: Comparison of mean recognition accuracy over object classes belonging to different
types (in %) on the UW-IS Occluded dataset. THOR2’s performance is compared with
THOR and RGB-D ViT.

Environment  Object type THOR THOR2 RGB-D ViT
Kitchen 52.33 £ 0.59 62.92 £+ 1.34 45.02 + 1.47

Warehouse Tools 46.89 £ 0.48 53.55 = 0.97 35.42 £ 2.69
Food 43.30 £ 1.48 65.49 + 2.98 58.31 £ 2.00

Kitchen 69.98 £ 0.43 78.92 +£ 1.32 41.71 £ 1.34

Lounge Tools 45.96 £ 0.62 50.34 + 0.96 36.98 £ 1.47
Food 4593 + 1.13 63.50 + 3.47 52.32 + 3.74

All environments and objects | 52.22 £ 0.33 62.58 £+ 0.36 42.96 £ 0.87

the gelatin box. Relatively smaller improvements are observed for objects belonging to the
tools category. We believe this observation results from the fact that several objects in this
category are small, have intricate shapes, and have shiny surfaces. In such cases, the cap-
tured color information is noisy due to comparatively more inaccurate depth sensing and
instance segmentation. We refer the reader to Section 6.4.3 for further discussion on the
impact of instance segmentation quality on THORZ2’s performance.

For both the environments, varying degrees of occlusion are considered in Table 6.4.
THOR2 outperforms RGB-D ViT while gaining considerable performance improvements
over THOR in the case of both unoccluded and occluded objects. Since the training data for
all the three methods comprise images of unoccluded objects, it is particularly interesting
to note that THOR2 outperforms RGB-D ViT even in the case of unoccluded objects. We
investigate this trend further, in light of the sim2real gap between training and test data, by
conducting further experiments where real-world RGB-D images are used for training RGB-
D ViT. We refer the reader to the next subsection for details on those experiments. We also

note from Table 6.4 that the impact of object occlusion is minimal on the performance of
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Table 6.4: Comparison of mean recognition accuracy over all the object classes (in %) on

the UW-IS Occluded dataset under varying degrees of occlusion. THOR2’s performance is

compared with THOR and RGB-D ViT.

Environment Occlusion THOR THOR2 RGB-D ViT
None 51.62 + 0.53 61.40 £ 0.37 43.65 £ 0.70

Warehouse Low 48.07 +£ 0.28 58.00 + 0.49 45.11 £ 1.37
High 44.26 + 0.25 59.38 £ 0.35 42.52 + 1.07

None 56.72 & 0.60 64.29 4+ 0.34 39.14 + 2.07

Lounge Low 54.45 4+ 0.24 65.87 + 0.64 43.06 £ 0.60
High 51.88 & 0.46 59.95 4+ 0.52 43.50 + 1.07

Table 6.5: Comparison of mean recognition accuracy over all the object classes (in %) on

the UW-IS Occluded dataset under varying lighting conditions. THORZ2’s performance is

compared with THOR and RGB-D ViT.

Environment Lighting THOR THOR2 RGB-D ViT
Bright | 47.52 +£ 0.36 61.14 + 0.58 42.15 + 0.91
Warehouse
Dim 48.11 + 0.39 58.28 + 0.33 47.48 £ 0.84
Bright | 50.76 + 0.48 62.68 + 0.47 40.07 4+ 0.79
Lounge
Dim 57.64 +0.39 63.95 + 0.51 44.80 + 1.70
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all three methods, thereby demonstrating the benefit of partial representations (slice-based
in the case of THOR and THOR2 and patch-based in the case of RGB-D ViT).

Further, Table 6.5 shows that THORZ2 outperforms RGB-D ViT regardless of the lighting
conditions. It is particularly interesting to note that for each environment, the performance
of THOR2 is comparable for both the lighting conditions. On the other hand, the lighting
conditions impact RGB-D ViT’s performance to a greater extent. This observation highlights
the benefit of using the color network, which represents similar colors using a single node, to
obtain the color embeddings for the TOPS2 descriptor.

Overall, we note that THOR2 achieves sizeable performance improvements over THOR
with the help of additional color information while outperforming RGB-D ViT on both the
OCID and UW-IS Occluded datasets.

Experiments with Real-world Training Data:

The previous section reports the recognition performance on real-world data when all the
methods are trained using synthetic RGB-D images. The TOPS and TOPS2 descriptors used
in THOR2, by virtue of their topological nature, are relatively robust to imprecise depth
imagery or illumination-related changes in the real-world data. Since RGB-D ViT is not
explicitly designed to achieve robustness to such issues, we perform additional experiments
where real-world RGB-D images are used (in addition to the synthetic images) for training
the RGB-D ViT. Table 6.6 reports the performance of these models on the real-world images
of the UW-IS Occluded dataset.

Specifically, we use RGB-D images available from the YCB dataset for these experiments.
In the first experiment, 20% of the RGB-D images available for each object are used for
training and validation. These images are from one of the five RGB and depth sensor pairs
used to record the YCB dataset. We observe that the corresponding RGB-D ViT model
achieves approximately 4% higher accuracy on the UW-IS Occluded dataset. In subsequent
experiments, we use 60% of the images (i.e., RGB-D images from three RGB and depth
sensor pairs) and 100% of the images (i.e., RGB-D images from all five RGB and depth
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Table 6.6: Comparison of mean recognition accuracy over all the object classes (in %) on
the UW-IS Occluded dataset under varying degrees of occlusion. THOR2’s performance is
compared with RGB-D ViT trained using varying amounts of real-world data in addition to

synthetic data.

‘ THOR2 ‘ RGB-D ViT
Environment Occlusion
‘ Syn only ‘ Syn only  Syn + 20% YCB Syn + 60% YCB Syn + 100% YCB
None 61.40 + 0.37 | 43.65 £ 0.70 48.14 + 1.72 50.17 + 1.12 49.39 £ 2.57
Warehouse Low 58.00 + 0.49 | 45.11 + 1.37 47.56 £ 1.62 47.38 £ 1.78 47.25 £ 3.01
High 59.38 + 0.35 | 42.52 £+ 1.07 48.38 + 2.37 47.84 £ 1.91 46.45 £+ 2.87
None 64.29 + 0.34 | 39.14 + 2.07 44.72 + 2.16 46.75 + 1.64 46.84 £ 2.66
Lounge Low 65.87 £+ 0.64 | 43.06 £ 0.60 47.41 £ 0.76 47.63 £ 1.54 47.51 £ 2.26
High 59.95 + 0.52 | 43.50 £+ 1.07 46.68 + 1.75 48.31 £ 1.78 47.11 £ 2.90
All 62.58 + 0.36 | 42.96 + 0.87 47.04 £ 1.44 4797 £ 1.47 4741 £ 2.70

Note: Syn + x% YCB indicates that x% real images from the YCB dataset are used along

with the entire synthetic dataset for training and validation.
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sensor pairs). RGB-D ViT models from both the experiments achieve performance that is
comparable to the model that is trained using only 20% of the YCB data.

Overall, these results indicate that RGB-D ViT’s performance improves when real-world
images are included during training. However, THOR2 continues to outperform RGB-D ViT
without using any real-world training data, making it particularly suitable when gathering
representative real-world training data is infeasible. We refer the reader to Section 6.4.2 for
further discussion of the performance, in context of the sim2real gap between the training

and test data.

Ablation Studies:

THORZ2 uses two separate classifiers trained on TOPS and TOPS2 descriptors, respectively,
for prediction. In this subsection, we perform ablation experiments using the UW-IS Oc-
cluded dataset to study this choice.

First, we report the recognition accuracy if only one of the descriptors is used for pre-
diction. The fourth and fifth columns of Table 6.7 report the performance when TOPS and
TOPS2 are used, respectively. Interestingly, the additional color embeddings in the TOPS2
descriptor lead to minor improvements in the warehouse environment and some instances of
the lounge environment. However, the overall performance of TOPS and TOPS2 descriptors
on the UW-IS Occluded dataset is comparable. At the same time, the color embeddings?
(i.e., CE), themselves achieve a recognition accuracy approximately 8% higher than RGB-D
ViT as shown in column three of Table 6.7. We hypothesize that the fusion of color (i.e.,
the color embeddings) and shape information (i.e., the persistence images) in the TOPS2
descriptor provides limited flexibility in selectively using these cues during testing; more se-
lection flexibility could lead to performance improvements. Therefore, we perform additional
experiments considering different ways of introducing such flexibility.

In particular, we obtain the recognition performance when a classifier trained on color

3The color embeddings are vectorized and stacked to obtain a single descriptor.
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embeddings alone is used with another classifier trained on persistence images alone (i.e.,
the TOPS descriptor). The results in the sixth column of Table 6.7 show that incorporat-
ing higher flexibility by using separate classifiers for the color embeddings and the TOPS
descriptor leads to higher overall performance than a single classifier trained using TOPS2.

Further analysis shows that even though incorporating selection flexibility is beneficial,
the relative importance of the shape and color information in the prediction substantially
impacts the performance.

For instance, using a color embeddings-based classifier and a TOPS2-based classifier
(column seven of Table 6.7) implicitly assigns higher importance to color information than
shape information. Similarly, equal importance is assigned to the shape and color information
in the sixth and ninth columns in Table 6.7. The only scenario where the shape information,
which is a more reliable cue for recognition, is assigned higher importance than color is in
the case of THOR2. As a result, THOR2 achieves higher recognition performance than all
the other scenarios.

These analyses indicate that selectively using the shape and color information for recog-
nition, with relatively higher importance to the shape cues, results in the best overall recog-

nition performance.

Robot Implementation

We also implement THOR2 on a LoCoBot platform built on a Yujin Robot Kobuki Base
(YMR-K01-W1) powered by an Intel NUC NUC7i5BNH Mini PC. We mount an Intel Re-
alSense D435 camera on top of the LoCoBot and control the robot using the PyRobot
interface [124]. The LoCoBot is equipped with NVIDIA Jetson AGX Xavier processor that
has a 512-core Volta GPU with Tensor Cores and an 8-core ARM v8.2 64-bit CPU. Fig. 6.8
shows a screenshot of the platform and sample recognition results.

THOR2 runs at an average rate of 0.7s per frame in a scene with six objects on this

platform. This runtime includes the time for instance segmentation that is performed using
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Table 6.7: Comparison of mean recognition accuracy over all the object classes (in %)

achieved by using different combinations of topological representations for object recognition

on the UW-IS Occluded dataset under varying degrees of occlusion.

THOR2 CE + TOPS
Environment Occlusion CE TOPS TOPS2 CE + TOPS CE + TOPS2
(TOPS + TOPS2) | + TOPS2
None 48.39 + 0.29 54.39 + 0.21 55.08 + 0.85 | 54.46 £ 0.45 51.97 + 0.52 61.40 + 0.37 56.09 £+ 0.44
Warehouse Low 46.49 + 0.44 51.19 £ 0.30 52.07 £ 0.83 | 52.01 4+ 0.48 49.60 + 0.53 58.00 + 0.49 53.23 £+ 0.51
High 48.93 + 0.51 47.81 £ 0.24 55.31 £ 0.66 | 53.71 & 0.40  53.35 £ 0.57 59.38 + 0.35 56.31 £+ 0.37
None 52.43 £ 0.96 60.81 & 0.09 55.44 + 1.06 | 61.21 £ 0.40 55.43 + 0.27 64.29 + 0.34 61.52 £+ 0.47
Lounge Low 55.39 4+ 0.44 56.87 + 0.29 59.85 + 0.78 | 61.19 £ 0.36  59.32 + 0.26 65.87 + 0.64 63.43 £+ 0.54
High 49.68 + 0.57 54.77 + 0.09 51.07 & 0.93 | 57.13 £ 0.29  52.54 £ 0.42 59.95 + 0.52 57.95 £+ 0.36
All ‘ 51.01 £ 0.45 55.19 + 0.12 55.44 + 0.73 ‘ 57.68 + 0.25 54.58 + 0.20 62.58 + 0.36 ‘ 59.20 £ 0.23

Note: CE represents the case when only the vectorized color embeddings of all the slices are

used as the descriptor; nameA + ...+ nameZ indicates the case where classifiers

corresponding to nameA, ..., nameZ are all considered during testing, and the prediction

with the highest probability is selected.
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intel
RealSense

Experimental setup Recognition results obtained using THOR2

Figure 6.8: Screenshot of the LoCoBot operating in a mock warehouse setup (left) and the
sample recognition results (right) obtained using THOR2 as the LoCoBot moves around the

warehouse setup.



112

a TensorRT-optimized [125] depth seeding network (along with the initial mask processor
module) from [197]. Recognition prediction for every object point cloud in the scene is then

obtained simultaneously using multiprocessing in Python.

6.4 Discussion

The following subsections discuss several aspects of THOR2’s performance.

6.4.1 THOR and THORZ2 Comparison

THOR and THOR2 differ in two key aspects. First, THOR uses 3D shape information
captured in the TOPS descriptor for recognition, whereas THOR2 uses 3D shape and color
information captured in the TOPS and TOPS2 descriptors. Second, THOR uses a library of
trained classifiers segregated based on the number of slices and view types (see Section 5.2),
whereas THOR2 only uses two classifiers, one for each descriptor.

The results reported in Section 6.3.3 illustrate that incorporating color information helps
THORZ2 achieve higher overall performance than THOR on both the OCID and the UW-IS
Occluded datasets. However, unlike THOR, THOR2 undergoes a slight drop in performance
when the OCID dataset sequences are recorded using the upper camera (see Tables 6.1 and
6.2). This observation is consistent with our findings from the previous chapter (see Section
5.4.2), which show that the library of classifiers used in THOR equips it for recognition in
such scenarios. Despite the drop in performance, THOR2 achieves higher accuracy than
THOR. Moreover, the fewer classifiers in THOR2 make it more easily extendable to an
open-world scenario where new object classes may appear. For instance, when new classes
appear, a class-adaptive extension of THOR2 (with two classifiers) would be more efficiently

updated than THOR, which requires updating all the classifiers in the library.

6.4.2 Sim2Real Gap

We train THOR and THOR2 using synthetic images of unoccluded objects and test them on
real-world images of cluttered scenes. Table 6.4 shows that THOR2 outperforms RGB-D ViT
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for unoccluded objects when the latter is also trained using synthetic images of unoccluded
objects. Further, Table 6.6 shows that when synthetic and real-world RGB-D images are used
to train RGB-D ViT, THOR2 continues to achieve high recognition accuracy for unoccluded
objects using synthetic data alone. This observation indicates that THOR?2 is better at
accounting for the sim2real gap, particularly when a large volume of real-world RGB-D data
is unavailable for training the RGB-D ViT. We attribute this observation to the stability
of the PIs in the TOPS and TOPS2 descriptors with respect to minor perturbations in the
filtration [4], providing some robustness to the noise in the depth images. In addition, the
color network-based embeddings also provide a certain degree of robustness to the variation

in object colors.

6.4.3 THOR2 Failure Modes

Instance Segmentation Quality:

The TOPS and TOPS2 descriptors embody the idea of object unity, making THOR2 rel-
atively robust to over-segmentation errors or errors where the object masks are split into
segments due to occlusion. However, under-segmentation and false positive segmentations
are more challenging. Further, a certain degree of robustness to errors arising from misaligned
object boundaries is also achieved through the test-time outlier removal from point clouds.
On a related note, the temporally smoothed depth images (and point clouds) provided in
the OCID dataset are relatively less noisy and do not require outlier removal. Such temporal
smoothing leads to a misalignment between the RGB and depth image corresponding to a
given timestep in the sequence. In sequences where the misalignment is more pronounced
(e.g., sequences S-02 and S-07), the object point clouds are incorrectly colored on the bound-
aries resulting in a somewhat lower performance using the shape and color-based THOR2

compared to exclusively shaped-based THOR.
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Specific Occlusion Scenarios:

Similar to THOR, recognizing heavily occluded objects (see Fig. 5.4 ), such as the bleach
cleanser in S-36, is challenging for THOR2. Further, Section 6.2.3 mentions that if an object
is occluded, the aligned point cloud is reoriented to ensure that the first slice on the occluded
end of the object (i.e., the end where one or more slices may be missing) is not the first slice
during subsequent descriptor computation. Therefore, scenarios where an object is occluded
such that there are missing slices on both the ends pose difficulties. Such occlusion scenarios
are relatively infrequent, and we believe additional information, such as an RGB-D image
from a different viewpoint, would be necessary to perform recognition. For instance, the
bleach cleanser in S-22 appears occluded on both ends in the lower camera view (see the
third row in Fig. 6.4), leading to incorrect recognition in the case of THOR and THOR2.
However, the third row of Fig. 6.5 shows that the same bleach cleanser is correctly recognized

in the upper camera view.

6.5 Summary

This work builds upon the TOPS descriptor and the THOR framework to obtain a new
topological descriptor, TOPS2, and an accompanying human-inspired recognition framework,
THOR2, for recognizing occluded objects in unseen indoor environments. We use the Mapper
algorithm to identify useful color regions and capture their connectivity to obtain a color
network. Color embeddings for object point clouds generated using the color network are
interleaved with the TOPS descriptor to obtain the TOPS2 descriptor. Our slicing-based
approach ensures similarities between the descriptors of the occluded and the corresponding
unoccluded objects. We use this similarity in THOR2 to perform object recognition using
3D shape and color information.

We report performance comparisons on two datasets: OCID and UW-IS Occluded. On
the OCID dataset, comparisons with THOR and RGB-D ViT show that THOR2 benefits

from incorporating color information and achieves the best overall performance when in-
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creasingly cluttered scenes are viewed from different camera positions. THOR2 achieves
substantially higher recognition accuracy on the UW-IS Occluded dataset than RGB-D ViT,
regardless of the environmental condition. Moreover, THOR2 continues to outperform RGB-
D ViT even when real-world RGB-D images from the YCB dataset are used along with
synthetic images to train the latter. Therefore, THOR2 is a promising 3D shape and color-
based approach toward robust recognition in low-cost robots, meant for everyday use in

indoor settings.
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Chapter 7
CONCLUSIONS

This chapter summarizes the core contributions of this dissertation, the anticipated im-

pact of this work on the research community, and the potential directions for future work.
7.1 Core Contributions

This dissertation presents a substantial body of work geared toward achieving robust object
recognition in unseen environments, particularly emphasizing the use of tools from compu-

tational topology. The core contributions of this work are as follows.

1. Suitability of topological representations for object recognition in unseen environments:
Chapter 4 of this dissertation demonstrates the suitability of topological representations
for object recognition in unseen environments. Specifically, 2D shape representations,
i.e., the Sparse PI features, are obtained by capturing the topologically persistent fea-
tures in object segmentation maps. The Sparse PI features achieve better recognition
performance in unseen indoor environments than the features learned from widely-
used deep learning networks such as ResNetV2-56 and EfficientNet-B4. The benefits
of using the Sparse PI representations are clearly observed when they perform recog-
nition in an unseen test environment. The overall recognition performance (in terms
of recall and accuracy) using the Sparse PI features remains unaffected, as opposed to
the widely-used Faster R-CNN and its domain-adaptive counterpart, DA-FR-CNN*,
whose performances drop considerably. These findings show that using topological

representations is a promising way to achieve robust object recognition.

2. Object unity-based topological representation for 3D shape-based object recognition in
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unseen cluttered environments: Building upon the promise of topological represen-
tations, Chapter 5 presents a first-of-its-kind human reasoning-inspired framework,
termed THOR, for object recognition in unseen cluttered environments. Persistent
homology is used in a novel slicing-based manner to embody object unity and obtain
structural descriptors, TOPS, of object point clouds generated from depth images.
The combination of persistent homology and object unity in the TOPS descriptors
leads to relatively higher robustness to imprecise depth imagery-related noise and ob-
ject occlusion than widely used classical 3D shape descriptors (CVFH and ESF). The
reasoning-inspired framework, THOR, uses a library of classifiers (i.e., SVM and MLP)
trained on synthetic depth images of unoccluded objects. It achieves substantially
higher recognition accuracy than state-of-the-art learning-based approaches (DGCNN
and SimpleView) in cluttered real-world environments regardless of the lighting con-
ditions or the degree of occlusion. These results position THOR as a promising way
to achieve robust object recognition for everyday-use robots equipped with commodity

hardware operating in unseen environments.

. Topological soft clustering-based representation of color for 3D shape and color-based
object recognition in unseen cluttered environments: Chapter 6 extends the work from
Chapter 5 and presents the TOPS2 descriptor that captures the shape and the color of
objects while embodying the principle of object unity. In a one-of-its-kind approach,
the Mapper algorithm for topological soft clustering is applied to obtain color regions
(i.e., clusters of similar colors) and capture the connectivity between them. The sim-
ilarity and connectivity between the colors captured in the resulting color network
are leveraged to seek color embeddings that are relatively independent of the lighting
conditions for building the TOPS2 descriptor. The accompanying THOR2 framework
(trained entirely on synthetic RGB-D images of unoccluded objects) witnesses sizeable
improvements over the shape-based THOR framework while achieving substantially

higher recognition accuracy than RGB-D ViT (trained on synthetic and real-world
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data) in two different real-world environments with varying environmental conditions
and degree of clutter. With these results, THOR2 presents itself as a shape and
color-based object recognition approach for everyday-use robots operating in unseen

environments.

4. Datasets for systematical evaluation of object recognition methods in unseen environ-
ments: This dissertation contributes two datasets curated for systematically evaluating
object recognition methods in unseen environments. Chapter 4 presents the UW In-
door Scenes (UW-IS) Dataset, which covers fourteen object types and comprises scene
images from two different environments: a living room and a mock warehouse. The
images are taken in four different illumination settings from three different camera
perspectives and varying distances up to two meters. Bounding box annotations and
semantic segmentation masks are provided for all the images. Chapter 5 presents
the UW-IS Occluded dataset curated using commodity hardware to reflect real-world
scenarios with different environmental conditions and degrees of object occlusion. It
comprises two different environments: a lounge and a mock warehouse. The dataset
has RGB-D images from 36 videos for each of these environments, comprising five to
seven objects each, taken from distances up to approximately 2 m. The videos cover
two different lighting conditions and three different levels of occlusion for three object
categories (a total of 20 object classes). Semi-automatically generated instance seg-
mentation masks are provided for all the images. For potential use as a benchmark
to evaluate other robot vision tasks, such as pose estimation, 6D pose annotations are

also provided.

7.2 Anticipated Impact

Topological methods have been used for planning and navigation. However, their appli-
cations to perception have been limited. This dissertation advocates using computational

topology tools for achieving robust object recognition in everyday-use low-cost robots. Such
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an approach can have impacts on robot perception that go beyond object recognition.

Specifically, we note that analogous to a human, a robot’s visual behavior is guided by
its need to move in and interact with its environment [23]. Therefore, object representations
may be intertwined with high-level representations that support actions and spatial behav-
ior. For instance, geometry or topology-based object representations (such as the TOPS
descriptor) can support the computation of geometric affordance representations for action-
based behaviors (e.g., pick-and-place). Contemporary methods rely on object classification,
symbolic representations, or human-inspired learning stages to learn the affordance relations
for a limited set of objects. However, treating the affordances as relations among multiple
interacting entities and using the geometric information associated with the interacting sur-
faces can be used to compute the interaction representations [144] and the corresponding
geometric affordances. On a related note, the computation of derived representations of the
topological relationships among objects to support navigational behaviors in vision-based

SLAM approaches can also be investigated.

Note that most of the approaches proposed in this dissertation consider a synthetically
generated dataset for training and show better transferability to the real world than the
learning-based methods. On the other hand, generating high-quality simulated data contin-
ues to become more manageable with diffusion models [42,100]. Therefore, computational
topology-based methods (such as those proposed in this dissertation) combined with high-
quality simulations generated from diffusion models present themselves as a promising way

to address the gap between the simulation and the real world.

7.3 Future Work

Although this dissertation provides the foundations for object recognition in unstructured,
i.e., cluttered, uncertain, and dynamic environments using topological representations, fur-

ther work needs to be done in the following areas to achieve it.
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7.3.1 Active Object Recognition

Human perception is a process of active exploration to obtain additional information about
the environment. However, all the object recognition methods discussed in this work are
passive, feedforward approaches, i.e., a single scene image is used to recognize objects. As
noted in Section 6.4.3, heavily occluded objects can be recognized by perceiving them from
a different viewpoint. Furthermore, exploring different viewpoints can also help recognize
objects with ambiguous placements. Therefore, a promising direction for future work is to
extend the frameworks proposed in this work to perform active object recognition. Specif-
ically, a viewpoint suitability criterion can be designed and optimized to actively seek a
better viewpoint for improved recognition [31]. Another promising direction of future work
could be an extension of the active exploration setup where the robotic system purposefully
manipulates the scene to aid its perception of the occluded objects.

Active exploration also plays a vital role in perceiving objects heavily occluded during
in-hand manipulation. In such cases, information about the contact surface’s shape from
the data obtained using vision-based tactile sensors can provide important information for
subsequent recognition (and pose estimation) via shape completion. Existing works [48,166)]
use learning-based methods to obtain the shape information from such data. Since the
central idea of TDA is to recover the topological space underlying any given data and infer
robust information from it, a natural avenue for future work is to study the suitability of
the computational topology tools used in this dissertation for recovering the local shape
information from tactile data and obtaining a unified representation of visual and tactile

data.

7.3.2  Object Recognition in an Open World

As mentioned in Chapter 1, all the approaches in this dissertation consider a closed-world
scenario, i.e., all the object classes are known. Therefore, the problem of object recognition

in unstructured environments boils down to addressing the covariate shifts between the
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training and test data distributions. However, the real world is an open-world scenario, where
new object classes may appear in the environment. Such semantic shifts in the test data
distribution pose additional challenges for recognition in an unstructured environment. Vaze
et al., [184] show that the accuracy of model-based methods on closed-set classes is correlated
with its ability to make the ‘none-of-above’ decision reliably. In light of their findings, the
topological constitution of the TOPS and TOPS2 descriptors provide a promising foundation
for developing certifiable frameworks [157,168] for recognition. Such an approach would then
lend itself to developing self-supervised class-adaptive frameworks for recognition in an open

world.

7.8.83  Object Recognition in Dynamic Environments

Real-world environments are dynamic, where both spatial and temporal occlusions occur.
Therefore, accounting for objects that temporarily disappear from a robot’s field of view
requires approaches that track objects while incorporating the idea of object permanence
[175]. Object permanence refers to the understanding that an object exists even if it cannot
be seen or touched. Alternatively, a unified representation for actionable spatial perception,
such as the 3D dynamic scene graphs [143], can be maintained to keep track of all the objects
in a scene for subsequent planning. Topological representations, such as those presented in
this work, can support fast, incremental updates to the spatial concepts and spatiotemporal

relations in such graphs.
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