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ABSTRACT

The use of robotic systems has become increasingly vital in modern society, owing to their

superior precision, reliability, effectiveness, and flexibility in performing complex and demanding

tasks, such as search and rescue operations, autonomous driving, planetary and subterranean

exploration, human-robot collaboration, and homeland defense. With the integration of artificial

intelligence and machine learning, the potential applications for robotic systems are expanding even

further, enabling robots to perform tasks beyond their pre-programmed capabilities. As a result,

robotic systems are now ubiquitous in our daily lives, providing greater convenience and ease of

use, and offering new possibilities for innovation and growth.

Robot learning is critical for enabling intelligent robotic systems to operate successfully. By

incrementally learning from their experiences or interactions with their environment, robots can

improve their understanding of their surroundings and capabilities. However, in open-world

environments, operations are conducted in highly unstructured, dynamic, and uncertain

surroundings, posing significant challenges for robot learning. Accordingly, there is a need for

robot learning that enables lifelong adaptation allowing robots to adjust their capabilities to

continue to perform operations successfully and efficiently in open-world environments.

This dissertation focuses on addressing the challenges of robot lifelong operations in

open-world environments by developing robot learning methods that enable adaptation on the fly.

The research introduces regularized optimization-based and deep-learning methods that first make

the robot robust and later enable it to adapt to long-term autonomy challenges with multiple sensor

modalities. In addition, the dissertation proposes robot learning methods to adapt not only to

changes in its surroundings but also within itself, such as changes in its capabilities. The proposed

approaches have been successfully integrated into real-world robotic systems and demonstrate

efficient solutions to real-world autonomy challenges through demonstrations in real-world

operations.
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CHAPTER 1

INTRODUCTION

This dissertation focuses on developing robot learning methods that enable robots to adapt to

challenges posed by open-world environments. The motivation is to create highly intelligent robots

that can successfully complete �eld missions in complex and congested environments by

continuously improving and adapting their perception, localization, mapping, and navigation

abilities with minimal human intervention.

Mobile robots have the unparalleled potential to revolutionize a variety of applications,

including disaster response [1], subterranean and planetary exploration [2], homeland defense [3],

autonomous driving [4], and more. In order to be successful in these applications, robots must be

able to sense and operate with limited previous knowledge of the environment and with minimal

human interventions or external supporting infrastructure. In addition, operation in several of these

environments entails limited bandwidth, often making teleoperation impossible and fully

autonomous operations necessary. Essentially, robots operations should not be limited by the

environment. Therefore, mobile robots must possess a high level of perception and reasoning

capabilities, as well as the ability to make safe decisions while navigating in open-world

environments, in order to promise effective and ef�cient mission outcomes.

However, autonomous operations over an extended period of time are extremely challenging for

mobile robots, as they must adapt to unpredictable changes in lighting, weather, vegetation, and

other environmental conditions. As can be seen from Figure 1.1, this challenge is further

compounded in open-world environments, where robot perception, navigation, decision-making,

localization, and mapping are further complicated by the dynamic and uncertain nature of the

surroundings which cannot be modeled in advance. Additionally, these robots must not only adapt

to external changes but also be resilient to internal changes, such as wear and tear, sensor failure, or

changes in robot payload.
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Figure 1.1 Motivating scenarios of robot lifelong adaptation in unstructured environments. When
operating in these environments, mobile robots will encounter a complex combination of discrete or
continuous and gradual or sudden changes in the environment and the robot itself. In addition, these
environments have varying characteristics which cannot be modeled into the robot before
deployment. Autonomous robots must, therefore, successfully adapt their perception, behaviors,
and decision-making capabilities to achieve robust autonomy in such environments.

In this dissertation, I make a signi�cant contribution to the �eld of computer science by

proposing novel methods for robot learning based on regularized optimization and deep learning.

These methods enable robots to learn and adapt in open-world environments, leading to successful

and ef�cient lifelong robot operations. Speci�cally, my proposed methods address two critical

challenges of robot lifelong adaptation: i) robot learning to adapt to external surroundings and ii)

learning self-adaptation through capability awareness. By developing and advancing the tools of

regularization techniques and deep learning, my proposed methods provide real-time adaptable and

scalable solutions for these challenges.

1.1 Background

The background for this dissertation is presented in this section, includingopen-world

environments, robot learning, androbot lifelong adaptation.
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1.1.1 Open-World Environments

An open-world environment in robotics refers to real-world physical spaces that are

unpredictable and unstructured, where there is no known set of rules [5, 6]. A robot in such an

environment must navigate and interact in a �exible and adaptable way, perceiving and

understanding the environment, making decisions based on its objective, and adjusting its behaviors

accordingly. The robot must also handle unexpected situations, obstacles, and changes in the

environment. In essence, the world the robot operates in isopenbecause it contains objects that are

not described in its internal representation [7].

Robot operation in open-world environments presents three main challenges: long-term

variability, unstructured surroundings, and changes within the robot. Long-term variability refers to

changes in lighting conditions, weather, vegetation, and other visual appearances that occur over

weeks, months, or even years. For example, autonomous driving may encounter signi�cant changes

in weather, illumination, and vegetation conditions during different seasons. The challenges

associated with unstructured surroundings include the uncertain and complex nature of the

environment, where mobile robots encounter a combination of gradual or sudden changes in both

the environment and the robot itself. These environments have varying characteristics that cannot

be modeled before deployment. Changes within the robot arise from its extended operation in

open-world environments, where it experiences wear and tear, varying payload, and perceptual

changes like sensor failure or obscuration. These challenges often occur in multiple combinations

and adversely affect robot operations. In robot perception, for example, these challenges may lead

to uncertainty in the robot's understanding of the environment.

In summary, open-world environments present a unique set of challenges for robotics, requiring

robots to be able to intelligently perceive, navigate, interact with objects, respond to unexpected

events, and also operate robustly in the face of unexpected events, such as sensor failures or

changes in the environment in a way that is safe and effective.
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1.1.2 Robot Learning

Robot learning is the process of enabling robots to acquire new knowledge, skills, and abilities

through experience and interaction with the environment, without being explicitly programmed to

do so [8]. It is an interdisciplinary �eld at the intersection of robotics, arti�cial intelligence,

machine learning, control theory, and cognitive science. Traditionally, robots have been limited to

performing speci�c tasks in controlled environments, such as factory assembly lines. However, this

limits the use case of robots both in terms of tasks and environments. Robot learning enables robots

to overcome these limitations by learning from their experiences and adapting to new situations.

This requires developing algorithms and techniques for perceiving the environment, reasoning

about actions, and learning from feedback.

Over years, several different approaches have been proposed under robot learning and all of

these approaches generally fall under the machine learning algorithms of supervised robot learning,

unsupervised robot learning, and reinforcement learning. In supervised robot learning, a robot is

trained on a set of labeled examples to learn how to perform a speci�c task [9, 10]. The robot learns

a mapping from input data to output data to make predictions using neural networks, tools from

statistics, or other methods. In unsupervised robot learning, the robot is not provided any labeled

examples, rather it learns by discovering patterns and structures in the input data [11, 12]. This

approach of robot learning is useful when there exists limited knowledge of the environment in

which the robot is operating. Finally, reinforcement learning involves learning through trial and

error and feedback in the form of reward or penalties [13, 14]. Speci�cally, the robot learns to

maximize its rewards over time. These approaches have been used alone or in combination to

enable robots to learn and generalize to various environments.

However, despite the signi�cant advancements that have been made in robot learning, there are

many open challenges that are yet to be addressed. These challenges include developing algorithms

that can learn from sparse and noisy data, dealing with uncertainty and ambiguity in open-world

environments, and generalizing to unseen and dynamic environments while ensuring the safety and

reliability of the robot.
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1.1.3 Robot Lifelong Adaptation

While learning in robots involves the process of developing their decision-making models by

experience over time, adaptation in robots is their ability to adjust their decision-making abilities on

the �y to deal more successfully with a new situation [15]. Adapting to change and novelty is

crucial for robots to achieve lifelong operations. Without adaptation, robots will inevitably fail in

completing missions and could harm themselves. Lifelong adaptation would enable robots to

operate autonomously in open-world environments by continuously changing their perception and

behavior models in response to changing conditions.

Early research on robot adaptation focused on high-level behavior-based methods. For instance,

[16, 17] used case-based reasoning methods for robot behavioral adaptation in evolving

environments. Other methods included online system parametric identi�cation [18], dynamics

programming for adaptation [19, 20], and the selection of pre-determined solutions from a library

of well-performing ones [21] for controlling complex robots. However, these early methods require

signi�cant domain expertise, and most of them rely on the internal states of the robot, failing to

learn from high-dimensional sensory data to better understand the environment.

Recently, reinforcement learning has been used successfully in robot behavior adaptation tasks

by maximizing rewards during task execution in simulated environments [22–25]. However, this

trial-and-error approach is not feasible in real-world scenarios, and the sim-to-real challenge

remains a signi�cant bottleneck to implementing simulation-learned models in real-world

environments. Other approaches to robot learning for adaptation include transfer learning, online

learning, and active learning. Transfer learning involves training the robot on one task and

transferring the knowledge to a new, related task [26, 27]. Online learning allows the robot to learn

a model of the task in real-time through interaction with the environment [28, 29]. However, online

learning can be slow, and catastrophic forgetting can occur [30]. Active learning involves the robot

actively selecting the most informative data to learn from [31, 32]. Despite the advances, the

challenge of adapting robot perception and behavior models on the �y with changes in both

environment and changes within the robot has not been well addressed.
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Figure 1.2 Overview of the research proposed in this dissertation.

1.2 Objective

The objective of this Ph.D. dissertation is to enhance the lifelong adaptation capabilities of

robots in order to autonomously and ef�ciently tackle the challenges of lifelong operation in

open-world environments. This dissertation aims to provide practical and effective machine

learning-based methods for perception and behavior generation. The research conducted in this

dissertation is at the intersection of real-world robotics, regularized optimization, and deep learning,

as illustrated in Figure 1.2. Furthermore, The dissertation addresses the challenges of deploying

robots in open-world environments by developing robot learning methods that can adapt to changes

in both the external surroundings and the robot itself.

1.3 Main Contributions

The main contributions of this dissertation can be divided into two groups. First, I develop

methods that enhance lifelong operations in robots via learning adaptation to external

environmental changes. Second, one step ahead, I develop learning methods for lifelong operations

in robots by learning to adapt not only to environmental changes but also to changes within the

robot itself by developing capability awareness. I summarize the main novelties of the proposed

robot learning methods for lifelong adaptation in open-world environments as follows:

6



1.3.1 Robot Learning for Lifelong Adaptation to External Environments

• In Chapter 2, I introduce theFusion of Multisensory Perception(FOMP) approach, which is a

novel method for identifying and integrating multimodal data from heterogeneous sensors in

different views [9]. The purpose of this approach is to solve the problem of place recognition

in long-term autonomy, speci�cally from omnidirectional multisensory observations.

• In Chapter 3, I introduce a novel, human inspired approach calledRObot Perceptual

Adaptation(ROPA) that enables robots to calibrate their multisensory perception, enabling

them to adapt to short- and long-term changes in their environment [10].

• In Chapter 4, I introduce theTerrain Representation and Apprenticeship Learning(TRAL)

approach, which tackles the problem of robot adaptation to unstructured terrains by

simultaneously learning terrain representations and learning from demonstrations within a

uni�ed regularized optimization framework [6].

• In Chapter 5, I introduce the novelNegotiation for Adaptation over Unstructured Terrain

Surfaces(NAUTS) approach for robot adaptation by negotiation for navigating in

unstructured terrains. The NAUTS approach allows ground robots to adapt their navigation

policies using a negotiation process, enabling them to effectively traverse challenging

environments [33].

1.3.2 Learning Capability Awareness for Lifelong Adaptation in open-world Environments

• In Chapter 6, I introduce a novel human-inspired approach to learning capability-aware

perceptual adaptation, which allows the robot to adjust to perceptual challenges of sensor

failure, and obscuration and successfully navigate in unstructured off-road environments

through the learning of a modality invariant trajectory representation in a self-supervised

fashion.

• In Chapter 7, I introduce a novel approach for generating consistent behavior in ground

robots, enabling their actual behavior to more accurately match expected behaviors while
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adapting to a variety of unstructured off-road terrain. The approach is based on regularized

optimization techniques and presents a signi�cant advancement in the �eld of robotics, as it

addresses a critical need for robots to exhibit consistent behavior while adapting to the

various challenges posed by unstructured terrains [34].

• In Chapter 8, a novel approach for generating consistent controls to navigate over

unstructured off-road terrains while also being aware of the robots' own navigational

capabilities including varying payload, traction, etc.

1.4 Structure of the Dissertation

This dissertation is structured as follows. Chapter 1 introduces this dissertation proposal,

including a brief explanation of the background, the objective of this dissertation, and the main

contributions. Chapter 2 introduces a representation learning approach that allows robots to

perform robust long-term place recognition via enhancing loop-closure detection and achieve

lifelong operations. Chapter 3 presents the Robot Perceptual Adaptation (ROPA) method. Chapter

4 and 5 describe two different approaches for achieving all-terrain traversal capability via behavior

adaptation. Chapter 6 introduces an adversarial learning method that develops capability awareness

in perception. Chapter 7 and 8 introduce methods that enhance terrain navigation via developing

capability awareness. Finally, Chapter 9 concludes this dissertation. The chapters in this

dissertation are modi�ed from accepted or submitted papers and are noted with the conference,

journal, and manuscript author. The dissertation author is the �rst author of all included chapters.

8



CHAPTER 2

OMNIDIRECTIONAL MULTISENSORY PERCEPTION FUSION FOR LONG-TERM PLACE

RECOGNITION

This chapter is modi�ed from a conference paper published at the 2018 International

Conference on Robotics and Automation (ICRA)1. This work was funded in part by the Army

Research Of�ce (ARO) grant W911NF-17-1-0447.

Sriram Siva2, and Hao Zhang3.

2.1 Abstract

Over the recent years, long-term place recognition has attracted an increasing attention to detect

loops for large-scale Simultaneous Localization and Mapping (SLAM) in loopy environments

during long-term autonomy. Almost all existing methods are designed to work with traditional

cameras with a limited �eld of view. Recent advances in omnidirectional sensors offer a robot an

opportunity to perceive the entire surrounding environment. However, no work has existed thus far

to research how omnidirectional sensors can help long-term place recognition, especially when

multiple types of omnidirectional sensory data are available. In this chapter, we propose a novel

approach to integrate observations obtained from multiple sensors from different viewing angles in

the omnidirectional observation in order to perform multi-directional place recognition in long-term

autonomy. Our approach also answers two new questions when omnidirectional multisensory data

is available for place recognition, including whether it is possible to recognize a place with

long-term appearance variations when robots approach it from various directions, and whether

observations from various viewing angles are the same informative. To evaluate our approach and

hypothesis, we have collected the �rst large-scale dataset that consists of omnidirectional

1©2018 IEEE. Reprinted with permissions from Sriram Siva, and Hao Zhang. ”Omnidirectional Multisensory Perception
Fusion for Long-Term Place Recognition”, inIEEE International Conference on Robotics and Automation(ICRA),
2018.

2Primary Researcher and Author, Graduate Student, Colorado School of Mines
3Associate Professor, Colorado School of Mines
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multisensory (intensity and depth) data collected in urban and suburban environments across a year.

Experimental results have shown that our approach is able to achieve multi-directional long-term

place recognition, and identi�es the most discriminative viewing angles from the omnidirectional

observation.

2.2 Introduction

Place recognition (or loop closure detection) is an essential component of Simultaneous

Localization and Mapping (SLAM), which has been actively studied to achieve SLAM in a loopy

environment over the past decades. Recently, place recognition in long-term autonomy has attracted

signi�cant attention. Beyond traditional challenges including perceptual aliasing and vision-related

issues, long-term place recognition introduces a new, signi�cant challenge – long-term appearance

changes [35, 36]. For example, the same outdoor place on a sunny summer noon and during snowy

winter evening can look very different. It is recognized [37] that the ability to address long-term

appearance variations is essential for robots to perform SLAM during lifelong operations.

Given the importance of long-term place recognition, several representations and matching

techniques were proposed mainly to deal with the long-term appearance variation. Both global

[38–40] and local [41, 42] features were studied by existing approaches to represent the scene of a

place, with an observation that representations based upon global features often perform better [43].

Place matching techniques based on individual frames [44, 45] or frame sequences [35, 46, 47]

were also implemented. However, previous long-term visual place recognition methods assumed

that observations are acquired from traditional cameras with a limited �eld of view. Also, all

existing methods perform uni-directional place recognition, assuming that a robot goes back to a

previously visited place facing the same direction.

In this work, we investigate the problem of long-term place recognition based on

omnidirectional perception that allows a robot to perceive its whole surrounding environment. In

particular, we are interested in answering two new technical questions, which have not been

addressed in the existing research yet. The questions include: (1) when an omnidirectional
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observation is used, is it possible to perform multi-directional long-term place recognition in

situations that an autonomous system approaches the same place from opposite directions; and (2)

whether all angles of view the same informative, or are certain angles of view more representative

than others in the omnidirectional perception?.

Moreover, we introduce a novel principled approach under the mathematical framework of

sparse optimization, which is capable of automatically learning the importance of the viewing

angles and integrating omnidirectional perception data to perform multi-directional long-term place

recognition. Furthermore, we introduce a multisensory data fusion paradigm under the same

framework to integrate heterogeneous visual features that are computed from different types of

sensors. Due to our approach's ability to incorporate omnidirectional observations from different

sensors, we name our proposed uni�ed methodFusion of Omnidirectional Multisensory Perception

(FOMP).

The contributions of this chapter are threefold:

• We introduce a new research problem, that is long-term place recognition based upon

omnidirectional multisensory perception, and introduce two technical questions that are

critical in omnidirectional perception but have not yet been studied in existing long-term

place recognition literature.

• We propose the novel FOMP approach, which estimates the importance of viewing angles

and learns discriminative features, as well as integrates all the information to construct a

discriminative representation for long-term place recognition in situations when robots

approach the same location from different directions. We also implement a new optimization

solver to solve the formulated problem, which is guaranteed to converge to the local optimal

solution theoretically.

• We collect and make available a new large-scale dataset to benchmark methods for

multisensory omnidirectional long-term place recognition. Extensive experiments are

performed using this new dataset to evaluate FOMP, and to answer the proposed technical
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questions.

2.3 Related Work

In this section, we review previous approaches to long-term place recognition which can be

broadly classi�ed into scene matching for place recognition and long-term place recognition using

representations.

2.3.1 Scene Matching for Place Recognition

Many techniques have been implemented to match a query observation and the scene template

of a previously visited location. Based on the approach they take towards matching locations, these

methods could be broadly classi�ed into two categories. That is, either they use a sequence of

images to assert match between two scenes or they follow a image-to-image matching paradigm.

Sequence-based matching depends on a sequence of images to �nd the best matches between query

and template image sequences, such as used by SeqSLAM [35] and RAT-SLAM [46]. SeqSLAM

computes a summation of similarity scores of query images and template sequences to �nd the best

match location. Typically, methods based on image-to-image matching calculates the distance

metric between a query image and existing templates, with the maximum score indicating a scene

match [48]. Several techniques also use nearest neighbours search for �nding the best match. For

example, FAB-MAP [45] uses a Chow-Liu tree to get the best match and RTAB-MAP uses a K-d

tree to perform the nearest neighbor search.

The previous methods are designed to work with traditional cameras with limited views, and

cannot integrate omnidirectional observations, or perform multi-directional long-term place

recognition, which is the focus of our research.

2.3.2 Representation in Long-Term Place Recognition

Most existing place-recognition methods rely on features to construct a representation with the

hope to capture long-term scene variations. When environments show changes in illumination

conditions, global features outperform local features [35, 37, 43]. Global features extract features
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from the whole image, and often create a representation using histograms. For example, HOG [39]

uses unsigned gradient changes within each pixels of a grid and stores it as a histogram. GIST

features [38, 49] employ Gabor �lters at different orientations and frequencies to extract

information from the images. Convolutional neural networks (CNN) [50–52] are employed to

create a representation for matching image sequences. Local Binary Patterns (LBP) are used to

encode scenes by labelling pixels of an image by thresholding the neighbourhood of each pixel,

which constructs a representation denoted as a binary vector [40]. Depth information from

Kinect-like sensors [53] is also been used for object-based SLAM.

Recent methods such as [54] show advantages to identify important features and fuse them

together to achieve better performance on long-term place recognition. In this research, we follow

the same insight and integrate feature learning as a part of the proposed approach under the uni�ed

optimization framework to improve place recognition during long-term autonomy, through fusing

heterogeneous features from various omnidirectional sensors.

2.4 The FOMP Approach

We aim at addressing the new problem of utilizing omnidirectional observations to perform

long-term place recognition when robots revisit the same place from different directions. To

address this challenge, we propose the FOMP approach to estimate the importance of viewing

angles and sensor modalities, and to integrate all multisensory omnidirectional data to perform

multi-directional long-term place recognition.

Notation. Matrices are denoted using boldface-capital letters, and vectors are denoted by

boldface lower-case letters. Given a matrixU = f uij g 2 Rn� m , we denote thei -th row andj -th

column asu i andu j respectively. Thè1-norm of a vectoru 2 Rn is de�ned askuk1 =
P n

i =1 jui j.

The`2-norm of a vectoru is de�ned askuk2 =
p

u> u. The Frobenius norm of a matrixU is

de�ned askU kF =
q P m

i =1

P n
j =1 u2

ij .
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2.4.1 Problem Formulation

Given a collection of omnidirectional images acquired in different scenarios, each image is

equally divided into a set of views. We also assume that multimodal features are extracted from

each view, where a modality of features is de�ned as the features computed using a speci�c

descriptor from images acquired by a speci�c visual sensor (e.g., intensity or depth sensor). Then,

the set of multisensory omnidirectional images can be expressed asX = [ x1; x2; : : : ; xn ] 2 Rp� n ,

wherex i 2 Rp denotes the feature vector extracted from all views of thei -th image, which is a

concatenation of features fromm modalities, such thatp =
P m

i =1

P a
j =1 dij , wheredij is the

dimensionality of thei -th modality in thej -th view, anda is the total number of views. The label

vector of scenarios (e.g., different seasons) associated withX is represented by

Y = [ y1; y2; : : : ; yn ] 2 Rn� c, wherec is the number of scenarios, andy i is the scenario indicating

vector, with elementsyij 2 f 0; 1g representing that thei -th image is collected from thej -th

scenario.

Then, the problem of omnidirectional multisensory place recognition is formulated as a

regularized sparse optimization problem:

min
W

L (X ; Y ; W ) + � R(W ) (2.1)

whereL (�) is a loss function andR(�) is a sparsity-inducing regularizer with� � 0 as a trade-off

hyperparameter.W denotes the weight matrix, which represents the importance of the featuresX

to represent the scenariosY in general.

We de�ne a new loss function to address multi-directional place recognition (i.e., identi�cation

of the same place from different directions) as follows:

min
W

k(RX )T W � Y k2
F (2.2)

whereR is the rotation matrix for aligning omnidirectional images with the same origin. For

example, when two omnidirectional images are take by a car driving on the two sides of a road
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respectively, then one image must be rotated180� to align with the other image, which is performed

usingR.

Figure 2.1 Illustration of the weight matrixW .

The solution to this optimization task is the weight matrixW = [ w1; w2; : : : ;wc] 2 Rp� c,

which contains the weightsw i 2 Rp of all modalities and views with respect to thei -th scenario.

Eachw i contains weights ofm-modalities from all views, which can be expanded as

w i = [ w1
i ; w2

i ; : : : ;wm
i ]T . In addition, the weight vector of each modalitywm

i can be further

divided intoa segments, each from a particular view, as follows

wm
i = [ wm1

i ; wm2

i ; : : : ; wma

i ] 2 Rdij , representing the weights of the features extracted in different

views fromm-th modality andi -th scenario. The weight matrix is graphically represented in

Figure 2.1.

2.4.2 Learning Discriminative Views

An omnidirectional image provides360� �eld of view, that allows robots to observe the entire

surrounding environment. We hypothesize that for long-term place recognition, speci�c views in

the omnidirectional image are more discriminative than others. In order to automatically identify

these views, we introduce a novel cone-structured sparsity-inducing norm to learn the

discriminative features under our uni�ed regularized optimization framework.

Formally, each leaf node of the introduced cone structure contains the features extracted from

an individual view, and each internal node of the cone contains the features from its respective child
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nodes, which represents a combination of the views represented by the child nodes. We represent

the set of nodes asV = ( v1; v2; : : : ; v root ), eachv containing features collected from a certain view

or multiple adjacent views, and we denote the weights of the features from respective views as

(wv 1 ; wv 2 ; : : : ;wv root ). For example, the cone structure with four leaf nodes, each including the

features obtained from a90� view, is demonstrated in Figure 2.2, with the 3D cone structure

illustrated in Figure 2.2(a) and the unwrapped structure shown in Figure 2.2(b).

Then, we propose a method to compute theweight of each nodew(v) in the cone structure,

which is a scalar that indicates the importance of the node, as follows:

w(v) =

8
>><

>>:

ehv
P

C(v ) kwC(v )k1 + hv
P

C(v ) kwC(v )k2

if v is an internal node
P

v kwv k1 if v is a leaf node

whereehv = 1 � hv , andhv is the normalized height of a nodev with respect to the height of the

cone structure. At lower levels of the cone structure,hv takes smaller values; thus`2-norm is more

signi�cant. Moving toward the upper level of the cone,hv increases, sò1-norm becomes more

dominant. The variablehv is designed to incorporate the principle that at lower levels, the grouping

effect of different views should be promoted and at higher levels sparsity among the grouped views

should be emphasized.

Based upon the weights of all nodes, the cone-structured sparsity-inducing norm is de�ned as

kW kC =
P

v 2V w(v). which allows for discovering discriminative views by assigning a greater

weight to features from discriminative views. When using the cone-structure sparsity-inducing

norm as a regularization term, we obtain the new objective function:

min
W

k(RX )T W � Y k2
F + � kW kC (2.3)

where� is a hyperparameter used to balance the loss function and the regularization term.
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(a) 3D cone structure (b) Unwrapped structure

Figure 2.2 Illustration of the proposed cone-structured sparsity-inducing norm for learning
discriminative views. Figure 2.2(a) illustrates the 3D structure of our proposed cone-structured
sparsity-inducing norm and Figure 2.2(b) illustrates the corresponding unwrapped structure of the
same sparsity-inducing norm.

2.4.3 Learning Discriminative Modalities

Modern robots are usually equipped with different types of sensors (e.g., intensity and depth

sensors), and we can extract different type of features from observations obtained by each sensor.

We employ the termmodalityto refer to a set of features extracted by a type of feature extraction

method from the data obtained by a speci�c sensor. In this case, some feature modalities are

typically more descriptive than others. For example, in a dark environment, observations from

depth sensors are often more useful than data from color cameras. In this research, we also propose

to identify discriminative features under the uni�ed optimization framework to improve place

recognition accuracy.

Inspired by [54], we incorporate a modality norm, namedM -norm, as a regularization term to

enforce sparsity among different modalities thus identifying discriminative modalities. The

M -norm applies thè2-norm within each modality and thè1-norm across different modalities. The

M -norm is mathematically expressed askW kM =
P c

i =1

P m
j =1 kw j

i k2.
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Incorporating both sparsity-inducing norms to model the relationship among various views and

modalities, we observe the �nal objective function:

min
W

k(RX )T W � Y k2
F + � 1kW kC + � 2kW kM (2.4)

where� 1 and� 2 are the trade-off hyper-parameters to balance the loss function and the

sparsity-inducing norms.

2.4.4 Omnidirectional Multisensory Place Recognition

After solving the regularized optimization problem in Eq. 2.4 (using Algorithm 1, described in

the next subsection), we obtain the optimal weight matrixW � 2 Rp� c. Given a feature vector

x i 2 Rp of a query omnidirectional multisensory observation, we can compute a similarity score

between this query observation and the template as follows:

s =
aX

i =1

mX

j =1

wA (i ) � wM (j ) � sj i
(2.5)

wheresj i
denotes the similarity score between the observation and the template ini -th view of j -th

modality,wM (j ) is the optimal weight of thej -th modality, andwA (i ) is the optimal weight of the

i -th view. If the similarity score thus calculated is above a user-de�ned threshold, the query image

is decided as matching to the template. The weight of thei -th view is computed as

wA (i ) =
P m

j =1 kw j i
k2; i = 1; 2; : : : ; a, and the weight of thej -th modality is computed as

wM (j ) = kw j k2; j = 1; 2; : : : ;m:

2.4.5 Optimization Algorithm

The objective function in Eq. (2.4) comprises of non-smooth regularization terms, which is

challenging to solve in general. Thus, we implement a new iterative algorithm, that follows the

iterative re-weighted method [55], to solve this formulated optimization problem.
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Algorithm 1: An iterative algorithm to solve the formulated optimization problem in Eq.
(4)

Input : feature matrixX = [ x1; � � � ; xn ] 2 Rp� n and ground truth matrix
Y = [ y1; � � � ; yn ]T 2 Rn� c from the training set

1 Let t = 1. Initialize W (t) by solving min
W

k(RX )T W � Y k2
F .

2 while not convergedo
3 Calculate the block diagonal matrixD (t + 1) , where thek-th diagonal block of

D (t + 1) is 1
2kw k (t )k2

.

4 Calculate the block diagonal matrixeD (t + 1) , where the diagonal block ofeD (t + 1) is
1

2kW (t)kC
I id .

5 For eachw i (1 � i � c),
w i (t + 1) = (( RX )(RX )T + 
 1D (t + 1) + 
 2

eD (t + 1)) � 1(RX )y i .
6 t = t + 1.

Output : W = W (t) 2 Rp� c

Taking the derivative of the objective function with respect to the columns ofW (i.e.,

w i ; i = 1; : : : ; c) and setting the whole equation to a zero vector gives us:

(RX )(X T R T )w i � (RX )y i + 
 1Dw i + 
 2
eDw i = 0 (2.6)

whereeD is a diagonal matrix with thei th diagonal element as
1

2kw i k2
, andD is de�ned as the

diagonal matrix with the diagonal block as
1

2kW kC
I id , whereI id is an identity matrix of sizep.

Since the matricesD and eD are dependent on the vectors ofW , we develop an iterative algorithm

to solve the optimization problem with these unknown variables, as described in Algorithm 1,

which holds a theoretical convergence guarantee as described by the following theorem.

Theorem 1:Algorithm 1 converges to the local optimal solution to the optimization problem in Eq.

2.4.

Proof. In the following, we prove that Algorithm 1 decreases the value of the objective function

with each iteration and converges to the local optimal value. But �rst, we present a lemma:

Lemma 1:For any two given vectorsv and~v, the following inequality relation holds:

k~vk2 �
k~vk2

2

2kvk2
� k vk2 � kv k2

2
2kv k2
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Proof. We have:

� (kevk2 � k vk2)2 � 0

�k evk2
2 � k vk2

2 + 2kevk2kvk2 � 0

2kevk2kvk2 � k evk2
2 � k vk2

2

kevk2 �
kevk2

2

2kvk2
� k vk2 �

kvk2
2

2kvk2

From Lemma 6, we can derive the following corollary:

Corollary 1: For any two given matricesM and ~M , the following inequality relation holds:

k ~M kC �
k ~M k2

C

2kM kC
� k M kC �

kM k2
C

2kM kC

According to Steps 3 of Algorithm 1, we calculateW (t + 1) as:

W (t + 1) = min
W

kRX > W � Y k2
F + 
 1TrW > D (t + 1) W + 
 2TrW > ~D (t + 1) W (2.7)

Then, we can derive that

J (t + 1) + 
 1TrW > (t + 1) D (t + 1) W (t + 1) + 
 2TrW > (t + 1) ~D (t + 1) W (t + 1) (2.8)

� J (t) + 
 1TrW > (t)D (t)W (t) + 
 2TrW > (t) ~D (t)W (t)

whereJ (t) = kRX > W (t) � Y k2
F .

After substituting the de�nition ofD and ~D , we obtain
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J (t + 1) + 
 1
kW (t + 1) k2

C

2kW (t)kC
+ 
 2

P m
i =1

kw i (t + 1) k2
2

2kw i (t)k2

� J (t) + 
 1
kW (t)k2

C

2kW (t)kC
+ 
 2

P m
i =1

kw i (t)k2
2

2kw i (t)k2
(2.9)

From Lemma 6 and Corollary 4, we can derive that

kW (t + 1) kC �
kW (t + 1) k2

C

2kW (t)kC
� k W (t)kC �

kW (t)k2
C

2kW (t)kC
(2.10)

and,

mX

i =1

kw i (t + 1) k2 �
mX

i =1

kw i (t + 1) k2
2

2kw i (t)k2
�

mX

i =1

kw i (t)k2 �
mX

i =1

kw i (t)k2
2

2kw i (t)k2
(2.11)

Adding Eq. (7.14)-(4.16) on both sides, we have

J (t + 1) + 
 1kW (t + 1) kC + 
 2
P m

i =1 kw i (t + 1) k2

� J (t) + 
 1kW (t)kC + 
 2
P m

i =1 kw i (t)k2 (2.12)

Eq. 7.16 decreases the value of the objective function with each iteration. As our objective function

is convex, Algorithm 6 converges to the local optimal value. Therefore, Algorithm 1 converges to

the local optimal solution to the optimization problem in Eq. (4).

2.5 Omnidirectional Multisensory Dataset

One of the contributions of this research is the collection of large-scale omnidirectional

multisensory datasets. Although various sensors and omnidirectional cameras are increasingly

widely deployed on robots and autonomous cars, before this research, no dataset containing

omnidirectional multisensory information is publicly available for benchmarking long-term place

recognition. Motivated by this need, we collected the new dataset called MOLP, which stands for

Multimodal Omnidirectional Long-term Place-recognition. The dataset was collected using a
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omnidirectional camera installed on a SUV to collect omnidirectional intensity and depth

information. The MOLP dataset includes two sub-datasets obtained from two different routes:

• Route-A:Mines-Downtown Golden. This route contains scenes from the Colorado School of

Mines and downtown of Golden CO. This route is 4.3 miles long and the dataset consists of

3000-7000 images in each of the 16 instances from different long-term scenarios across a

year. The dataset also captures the short-term dynamics such as traf�cs, construction work,

and pedestrians.

• Route-B:Historic Suburban Golden. This route contains scenes of the trip where the

gold-rush era started 150 year ago. This driving route is 7.6 miles long, from the circuitous

suburban Golden and to the Rocky Mountains. The dataset consists of 2500-5000 images in

each of the 16 instances from different long-term scenarios across a year. Beyond long-term

appearance changes, this route has the severe challenge of perceptual aliasing because of the

similar winding roads while driving.

The MOLP dataset is publicly available and more details are discussed on the dataset website at

http://hcr.mines.edu/code/MOLP.html.

2.6 Experiments

To evaluate the FOMP method on long-term place recognition based on multisensory

omnidirectional observations, we performed extensive experiments using the newly collected

MOLP dataset.

2.6.1 Experimental Setup

The Summer and Fall scenarios from the dataset are used in the experiments. Each

omnidirectional image is vertically split into 18 sections, which corresponds to 18 views, each

including20� �eld of view. Then, each split image is down-sampled to a resolution of 210*240,

which consists of both intensity and depth information. No image processing is further performed
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on these images. For ground truth we use the GPS data recorded at the time of collecting the

dataset.

Four different types of visual features are extracted from each of the intensity and depth images

in our experiments, including GIST [38], HOG [39], LBP [40], and CNN-based deep features

[50, 51]. All features are separately extracted from both intensity and depth images. Moreover, we

implement several techniques from the literature to compare with our FOMP approach, including

representations by concatenated features and discriminative features. Furthermore, we implement a

method using the traditional front80� �eld of view as a baseline. For all experiments, we set 0.1 to

the hyper-parameter� 1, and 0.05 to� 2.

(a) Matched omnidirectional multisensory observations (b) Precision-recall curves

Figure 2.3 Results over Route-A across different times of a day (i.e., morning versus evening).

(a) Matched omnidirectional multisensory observations (b) Precision-recall curves

Figure 2.4 Results over Route-B across different times of a day (i.e., morning versus evening).
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2.6.2 Results at Different Times of a Day

To evaluate our approach on place recognition with long-term appearance changes across

different times of a day and with environment dynamics, we perform experiments using morning

and evening scenarios for both Route-A and Route-B in the MOLP dataset.

The qualitative result on the Route-A dataset is illustrated in Figure 2.3(a), which includes a

detected match of omnidirectional intensity-depth images in the query and template. It can be

observed from the intensity image that the same place exhibits very different illumination

conditions in the morning versus evening, and also contains different dynamics because of varying

traf�c and pedestrians. In this challenging scenario, the match shows our FOMP approach can well

perform place recognition with long-term appearance variations.

In the experiments over the Route-B dataset, we observe similar qualitative results, with an

exemplary match depicted in Figure 2.7, which shows our FOMP approach is able to match the

places with the presence of long-term illumination changes.

To provide a quantitative evaluation, the standard metric of precision-recall curves is used.

Figure 2.3(b) shows the precision-recall curves obtained over the morning and evening scenes of

Route-A. The results for Route-B is illustrated in Figure 2.7(b). Comparisons with baseline

techniques are also presented in the respective �gures. We observe that integrating omnidirectional

information can improve the performance (as shown in Figure 2.3(b)). In addition, our FOMP

method outperforms the baseline techniques, due to the ability to identify and fuse discriminative

views and feature modalities.

In addition, we perform experiments to evaluate the importance of different viewing angles,

with the results shown in Figure 2.6(a) for Route-A. The relative importance of each view is

presented as a heat chart, with a warmer color denoting greater importance, and the vehicle is

facing up as the front. It can be observed that the front and back views in the omnidirectional

observation are the most descriptive for long-term place recognition across different times of the

day, and the sideways of the observation are less descriptive. Finally, we perform experiments to

assess the importance of different sensing modalities, i.e., different types of features acquired from
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various sensors. The results are shown in Figure 2.6(b) for Route-A, with the numbers denoting the

importance of the modality. We observe consistent results on modality importance: the four most

important modalities are depth-LBP, depth-GIST, intensity-GIST, and depth-CNN.

(a) Matched omnidirectional multisensory observations (b) Precision-recall curves

Figure 2.5 Results over the Route-B dataset across different seasons (i.e., Summer versus Fall).

2.6.3 Results across Different Seasons

To evaluate FOMP over a longer span of time, we perform experiments using omnidirectional

multisensory observations across different seasons, in which the places show signi�cant appearance

changes caused by weather and vegetation.

As the qualitative experimental result, examples of the detected omnidirectional multisensory

matches between query and template observations are illustrated in Figure 2.5(a) for Route-B. The

results show FOMP is able to well perform place recognition under different vegetation and

illumination conditions across different seasons. The precision-recall curves are illustrated in

Figure 2.5(b). We can observe that the proposed approach outperforms the baseline techniques on

long-term place recognition across different seasons.

The importance of viewing angles for Route-B across different seasons is illustrated in

Figure 2.8(a). Results in Route-B are a bit different from previous observations: the front view is

relatively more discriminative than the back view, although both front and back views are still more

important than side views for omnidirectional long-term place recognition. Finally, the quantitative

results over modality weights are illustrated in Figure 2.8(b) for Route-B across different seasons,

respectively. Similar to the results obtained from different times of a day, the modality importance
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is also consistent with the same top four most descriptive modalities. When we sum up the weights

of features acquired by either the intensity or depth sensor, we observe depth data weights more

over intensity data, which indicates that depth observations are more important. A possible

explanation is that the intensity cues are more sensitive to the long-term appearance variation such

as various illumination and weather, while the depth information determined by the environment

topology is less affected by appearance changes.

(a) Descriptive views (b) Descriptive modalities

Figure 2.6 Experimental results on view and modality importance using the Route-A dataset across
various times of a day.

(a) Matched omnidirectional multisensory observations (b) Precision-recall curves

Figure 2.7 Results over the Route-B dataset across different times of a day (i.e., morning versus
evening).
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(a) Descriptive Views (b) Descriptive Modalities

Figure 2.8 Experimental results on view and modality importance using the Route-B dataset across
different seasons.

(a) Detected matches when the car drives from opposite directions (b) Precision-recall curves

Figure 2.9 Results of bidirectional place recognition when a car drives through the same place from
different directions in different seasons. In the legend of precision-recall curves, “For” indicates the
FOMP approach is trained using forward-direction data only, and “Back” indicates the approach is
trained using backward-direction data only. Testing is performed using data collected from both
directions.

2.6.4 Results on Multi-directional Place Recognition

One unique capability of the FOMP approach is to achieve multi-directional place recognition,

which is enabled by introducing the rotation matrix in our problem formulation to address different

robot's orientations. This new advantage is validated and evaluated in this set of experiments. We

train our approach using the data from one direction only (either forward or backward), then we

evaluate its performance on long-term place recognition using data from both directions.

An exemplary location match detected by FOMP is illustrated in Figure 2.9(a). Because the

vehicle drives through the same place from different directions, it is observed that the query
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observation is rotated around180� comparing to the template, which is clearly demonstrated by the

arched sign (which reads “WELCOME TO GOLDEN”). Since the rotation matrixR in our

formulation is able to model this rotation, FOMP can successfully recognize the same place when

the car approaches it from different directions. Precision-recall curves obtained from bidirectional

place recognition are illustrated in Figure 2.9(b). We can observe three key phenomena. First, for

bidirectional place recognition, the methods using traditional camera do not work, as expected.

Second, our FOMP approach signi�cantly outperforms other baseline techniques, mainly due to its

capability of modeling rotations. Third, because of the same reason, FOMP methods trained on

forward-direction data or backward-direction data obtain consistent good performance. This

consistent capability highlights our approach for bidirectional place recognition in long-term

autonomy.

2.7 Summary

In this chapter, we propose a new problem of place recognition from omnidirectional

multisensory observations in long-term autonomy. To address this challenge, we introduce the

novel FOMP approach that is able to identify and integrate discriminative multimodal data obtained

from heterogeneous sensors in different views. Our approach shows that different viewing angles in

the omnidirectional observation have different description powers. Our research also demonstrates

that multi-directional long-term place recognition is achievable. To validate our FOMP approach

and hypothesis, we collect a large-scale dataset containing omnidirectional multisensory

observations. Experimental results on this dataset have demonstrated that FOMP obtains promising

long-term place recognition performance.
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CHAPTER 3

ROBOT PERCEPTUAL ADAPTATION TO ENVIRONMENT CHANGES FOR LONG-TERM

HUMAN TEAMMATE FOLLOWING

This chapter is modi�ed from a joural paper published at the 2020 International Journal on

Robotics Research (IJRR)4. This research was partially supported by Army Research Of�ce (ARO)

under Grant W911NF-17-1-0447, U.S. Air Force Academy (USAFA) under Grant

FA7000-18-2-0016, and the Distributed and Collaborative Intelligent Systems and Technology

(DCIST) CRA under Grant W911NF-17-2-0181.

Sriram Siva5, and Hao Zhang6.

3.1 Abstract

Perception is one of the several fundamental abilities required by robots, and it also poses

signi�cant challenges, especially in real-world �eld applications. Long-term autonomy introduces

additional dif�culties to robot perception, including short and long-term changes of the robot

operation environment (e.g., lighting changes). In this paper, we propose an innovative

human-inspired approach namedRObot Perceptual Adaptation(ROPA) that is able to calibrate

perception according to the environment context, which enables perceptual adaptation in response

to environmental variations. ROPA jointly performs feature learning, sensor fusion, and perception

calibration under a uni�ed regularized optimization framework. We also implement a new

algorithm to solve the formulated optimization problem, which has a theoretical guarantee to

converge to an optimal solution. In addition, we collect a large-scale dataset from physical robots in

the �eld, calledPerceptual Adaptation to Environment Changes(PEAC), with the aim to

benchmark methods for robot adaptation to short-term and long-term, and fast and gradual lighting

4©2020 Sage Journals. Reprinted with permissions from Sriram Siva, and Hao Zhang. ”Robot Perceptual Adaptation
to Environment Changes for Long-Term Human Teammate Following”, inThe International Journal of Robotics
Research(IJRR), 2020.

5Primary researcher and author, Graduate Student, Colorado School of Mines
6Associate Professor, Colorado School of Mines
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changes for human detection based upon different feature modalities extracted from color and depth

sensors. Utilizing the PEAC dataset, we conduct extensive experiments in the application of human

recognition and following in various scenarios to evaluate ROPA. Experimental results have

validated that the ROPA approach obtains promising performance in terms of accuracy and

ef�ciency, and effectively adapts robot perception to address short-term and long-term lighting

changes in human detection and following applications.

Figure 3.1 Motivating examples of robot perceptual adaptation in human teammate following
applications. When a robot follows a human during a long-term operation (e.g., search and rescue),
the robot requires the capability of perceptual adaptation to adapt to fast changes (e.g., when
moving from a dark tunnel to a bright open area shown in the top row) and long-term changes (e.g.,
different times of the day shown in the bottom row) and in order to avoid perception failures. The
problem of robot adaptation to fast and dramatic environment changes has not yet been well
addressed. For example, given a stream of color and depth data as the input, existing methods of
human detection cannot adaptively choose sensing modalities and often lose the person when the
robot travels from a dark mine to a bright open area with fast and dramatic lighting changes.

3.2 Introduction

Perception is an essential capability for autonomous robots to perceive the surrounding world

and their own states so that they can accomplish other fundamental functionalities, such as

navigation and human-robot teaming. For example, robots following humans to perform search and
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rescue missions and robots working collaboratively in human-robot teaming both need the ability to

collect information about their environments to make decisions; robots also need to collect

information about themselves and terrain characteristics to perform navigation in unstructured �eld

environments.

While the robot perception research community has made impressive strides over the past years,

it remains an unsolved problem for real-world �eld robotics applications, especially for robots that

operate in dynamic and unstructured �eld environments. Several key challenges in robot perception

must be addressed. As modern robotic platforms are often equipped with a variety of sensors it is

necessary to effectively integrate this multisensory data. In addition, there is often limited on-board

computing power for robots operating in �eld environments, and ef�cient algorithms are required to

deliver real-time performance with this limited computational power.

In the past several years, the robotics community has paid more attention towards long-term

autonomy — robots that are able to operate for days, months, years, and eventually a lifetime.

Long-term autonomy introduces new additional challenges to robot perception. For example, as

demonstrated in Figure 3.1, when robots follow a human teammate to perform search and rescue

missions over long periods of time, robots often need to operate in indoor and outdoor

environments, navigate between dark tunnels and bright open areas, and perform human detection

under signi�cant illumination variations at different time of the day. These changing, unstructured

�eld environments often cause failures for robot perception, such as an inability to continue

tracking teammates. Thus, addressing the short-term and long-term environment changes is vital to

enable long-term autonomy.

Several methods were previously implemented to address the problem of long-term autonomy

in dynamic unstructured environments. A widely used paradigm is to learn a uni�ed representation

of unstructured environments, which can be applied to various scenarios at different time. For

example, in long-term place recognition (a.k.a. loop closure detection), methods based on holistic

layouts [54, 56] or landmarks [50, 57] were designed to construct a representation of the

environment that is robust to long-term variations over time to �nd a match with previously visited
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places. These techniques look past the changes of the environments over discrete time points (e.g.

morning vs evening and summer vs winter) to determine the underlying place features that are most

representative. However, these techniques learn �xed uni�ed representations that do not adapt or

change according to environment dynamics. A conventional robot adaptation paradigm is based

upon case-based reasoning [58], which accomplishes adaptation by switching between multiple

perception modalities depending upon the current context. However, they are limited to cases that

have been manually prede�ned, which makes them impractical for dynamically changing

unstructured environments that may have a large number of context cases in a continuous and

high-dimensional space. In addition, online learning [59], [60], [61] was also widely studied, where

adaptation is achieved by continuously training the model using streams of data in an online

fashion. Because online learning models drift and often require many iterations to converge to an

optimal model again, they are less effective in scenarios when a robot needs to adapt to fast or

repeated changes of the environment.

In this paper, we propose a novel approach namedRObot Perceptual Adaptation(ROPA) that

learns a dynamical fusion of multisensory perception data, which is adaptive to continuous

short-term and long-term environment changes. ROPA is inspired by the observation that the

human eye is able to adapt to a wide range of lighting conditions, and by the phycological �ndings

in perceptual adaptation of humans. Human perceptual adaptation is a fundamental property of

perceptual processing to “calibrate perception to current inputs” [62] and to “maintain the match

between visual coding and the visual environment” [63, 64]. Our application in this paper focuses

on human detection based upon different types of features extracted from color and depth sensors

installed on a mobile robot to perform long-term human teammate following. During real-world

human-robot teaming in a �eld environment, autonomous robots often need to follow a human

teammate to perform certain operations (e.g., following a skier while capturing videos and

following a rescuer while carrying equipment as shown in Figure 3.1) in an unstructured and

dynamic scenarios that evolve over time.
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ROPA is a principled approach that formulates perceptual adaptation as a joint learning problem

to simultaneously learn a base perception model to optimally fuse multisensory input data and a

calibration term to adapt to environment changes. In order to fuse multisensory inputs, we

implement sparsity-inducing norms that enforces the base perception model to learn sparse weights

of multisensory input features and apply the weights for data fusion. To achieve perception

calibration, we estimate the representativeness of the input feature modalities. Representativeness

of a feature modality is referred to as its capability to represent the environment. When the

environment changes, the representativeness of each feature modality also changes (e.g., depth can

better represent dark environments). Accordingly, by automatically selecting feature modalities that

are more representative in a speci�c environment, our approach provides a calibration of the

perception model according to the environmental change. All the above components are

mathematically integrated into a joint learning formulation under the uni�ed theoretical framework

of regularized optimization. In long-term human following, for each of new data instance, ROPA

uses the joint base perception model and calibration term to classify humans under environment

changes; classi�cation results are applied by a decision making module to control the robot to

navigate and follow the human. In order to evaluate ROPA and benchmark techniques for robot

perceptual adaptation in human following applications, we collect a new large-scale dataset called

RObot Perceptual Adaptation(ROPA). The dataset consists of multisensory perception input data

collected from physical mobile robots in real-world �eld applications under short-term and

long-term environment variations. Our experimental results over the PEAC dataset have validated

that the proposed approach outperforms previous state-of-the-art methods for human following,

obtains real-time performance, and is capable to address long-term and short-term environment

changes.

The contribution of this paper7 are:

7A preliminary non-archived version of the paper describing the dataset and initial experimental results was presented
as a spotlight talk at theICRA Workshop on Robot Teammates Operating in Dynamic, Unstructured Environments
(RT-DUNE) [65].
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• We propose a fresh human-inspired idea that addresses a new research problem of robot

perceptual adaptation to short and long-term environment variations through calibrating robot

perception to the current context in teammate following applications.

• We introduce ROPA that estimates the importance of heterogenous sensory data, integrates

all information to build a perception model, and, more importantly, calibrates the perception

model to adapt to short and long-term variations of the environment.

• We implement a new algorithm to solve the formulated optimization problem, which

possesses a theoretical guarantee to converge to an optimal solution.

• As a practical contribution, we collect a new large-scale dataset from mobile robots, called

Perceptual Adaptation to Environment Changes(PEAC), which includes three representative

human-following scenarios of long-term autonomy in �eld applications to benchmark

methods for robot adaptation to short and long-term environment changes.

The remainder of this paper is organized as follows. We review the related work on robot

perception and adaptation in Section 3.3. The proposed adaptation approach is discussed in Section

5.4, and its optimization solver is described in 3.4.4 After describing the new dataset and our

applications, we present and analyze the experimental results in Section 3.6. Finally, we conclude

the paper in Section 3.8.

3.3 Related Work

In this section we provide a review of related research on long-term autonomy, robot adaptation,

and human following. Long-term autonomy has received an increase in attention from the robotics

community, because of increasing use of robots in environments presenting long-term dynamics

(for example, robot following of humans in �eld environments throughout long periods of time can

experience long-term changes). Robot adaptation is considered one viable solution to enable

long-term autonomy, as adaptation enables the robot to cope with the changing environment.
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3.3.1 Long-Term Autonomy

As robots are leaving factories and entering unstructured and dynamic environments, the ability

of robots to reliably operate over long-periods of time under dynamically changing conditions

needs to be addressed. Several learning-based approaches have been proposed to support robot

long-term autonomy.

These approaches can be generally categorized into two paradigms: online learning and

representation learning. (1)Online learningmethods address long-term autonomy by continuously

or iteratively updating model parameters during task execution [66–68]. The online learning

paradigm is widely applied to a variety of applications with robots operating in dynamic or

evolving environments [69], including health care, education, and assistive robotics in work [70]

and home [71] environments. (2)Representation learningaims at learning from data to construct a

representation of the robot's surrounding environment, which is robust or insensitive to environment

variations. This paradigm is widely used in long-term place recognition (a.k.a. loop closure

detection) to achieve Simultaneous Localization and Mapping (SLAM) in long-term settings

([72–75]). Most of the learning techniques for long-term place recognition focus on creating

representations that encode the holistic layout of the environment based upon global feature

extraction ([43]), deep learning [50, 76], multimodal feature integration [77], and spatio-temporal

fusion [47]. Several recent methods use landmarks to create long-term environment representations

[50, 57]. However, these methods are speci�cally implemented for place recognition or robot

localization problems, and cannot be applied to appropriate perception of objects of interest under

short and long-term context or environment changes. [78] evaluated YOLO's [79] performance

during long-term changes on detecting an object of interest over long periods of time under various

lighting conditions. It was observed that YOLO continuously struggles to detect the same object

during sudden changes and during night time. Online learning methods lack the ability to address

dramatic and fast changes. Although, they are effective in adapting to environments with slow and

gradual changes, they fail under drastic changing conditions as they need time to converge.
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3.3.2 Robot Adaptation

Although robot learning [80] has been addressed by many researchers, robot adaptation still

remains to receive comparatively less attention. This is because many robot systems are designed to

be used in very speci�c domains for a brief period of time [81, 82]. Early research focused on

high-level behavior-based methods to address robot adaptation in general. For example, [83]

developed various architectures to enable teams of heterogeneous robots to dynamically adapt their

actions over time. Following a similar direction, case-based reasoning [58] methods were used in

[16, 17] for robot behavioral adaptation in evolving environments. Another adaptation scheme was

proposed in [21] to control complex robots, which selects a solution from a library of

well-performing solutions, given speci�c tasks and conditions. In these early methods, robot

adaptation is generally manually pre-determined, requiring signi�cant domain expertise.

Adaptation based on human intent is studied in the domain of human-robot interaction and

collaboration. One of the key components of this adaptation is to be able to recognize human intent

and activities [84–86]. For example, a robot may need to recognize human intent and activities

based upon visual feedback [87] or audio command [88]. Another popular learning-based

adaptation paradigm is reinforcement learning, which is usually designed for robot behavior

adaptation [22–24]. Recently, several methods [89–92] studied co-adaptation problems addressing

how robots and humans on the same team can collaboratively adapt to each other and complete the

joint task effectively. Almost all learning-based methods focus on behavior adaptation. The critical

problem of robot perceptual adaptation has not been well understood and studied.

3.3.3 Human Following

A large portion of methods used in human following typically involve detecting humans [93],

[79] and tracking humans [94], [95].

Researchers have tried to solve the problem of human following using different approaches.

Most of these methods, in general, involve dividing the query image into several regions and using

region proposals to predict the bounding boxes the human might be in [79], [96]. The core of most
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of these methods involve both feature extraction (to represent the regions from the bounding box in

a different representation space) and then a classi�er (to classify if the input feature representation

of that region is of a human or not). Feature extraction methods can be further categorized into

local features [97], [98], [99], [100] that describe the local information from different regions of

interest, and global features [101], [38], [40] which generally describe the image as a whole. A

global feature vector is generated based on the feature statistics. [101] is one of the most used

global features for whole body human detection that captures the local shape and edge information

of the whole image. [93] used optical �ow �eld's internal difference to recognize moving humans.

While local and global features can both be used to detect humans, global features have proved to

give better results [102]. Recently, many methods use a combination of different sensors to achieve

the capability of human detection in autonomous robots [103], [104]. It has also been proven that

use of multi-sensory and multi-feature representation can signi�cantly improve performance in

long-term settings [54], [9]. Although these methods perform well in most scenarios, they cannot

be considered in situations where the robot needs to adapt with the environment. Our approach can

take in values from different sensors and calibrate their importance based on the environmental

context, allowing robots the ability to adapt with the environment.

3.4 The ROPA Approach

To address multisensory robot perceptual adaptation in long-term autonomy, we propose the

ROPA approach to learn and calibrate a perception model that can adapt to short-term and

long-term environment changes.

Notation. Matrices are represented by boldface capital letters, and vectors by boldface

lower-case letters. Given a matrixU = f uij g 2 < n� m , we represent thei -th row andj -th column

asu i andu j , respectively. Thè2-norm of the vectoru is de�ned askuk2 =
p

u> u. The Frobenius

norm of the matrixU is de�ned askU kF =
q P m

i =1

P n
j =1 u2

ij .
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3.4.1 Multimodal Sensor Fusion

Given a collection ofn data instances (i.e., data samples in a dataset), the extracted normalized

feature vectors are represented asX = [ x1; x2; : : : ; xn ] 2 < d� n , wherex i 2 < d is the feature

vector fromi-th instance. We assume that the features are extracted from different robot sensors

(e.g., color and depth), and various types of features are extracted, with each type named amodality.

That is, a modality is the set of features that are computed using a feature extraction method from

the input of a speci�c sensor. Then, each heterogeneous feature vectorx i 2 < d is assumed to

consist ofm-modalities of normalized features, such thatd =
P m

j =1 dj . The label vector of classes

associated withX is denoted byY = [ y1; y2; : : : ; yn ] 2 < n� c, wherec is the number of classes.

Each elementyij of the matrixY indicates how likely the input feature vectorx i belongs to thej -th

class and is manually labeled as the ground truth during the training phase.

Then, we formulate the multisensory recognition task as an optimization problem using the

objective:

min
W

kY � (X > W + 1nb> )k2
F (3.1)

where1n 2 < n� 1 is the constant vector of all 1's,b 2 < c� 1 is the bias vector that can be calculated

by b = Y > 1n=n. The solution to the optimization problem in Eq. (3.1) is a parameter matrix

W = [ w1; w2 : : : ; wc] 2 < d� c, which consists of the weightsw i 2 < d of each element in the

feature vector with respect to thei -th class.

Different types of features encode different attributes of the environment (e.g. shape, color, and

edges). When fusing the features, some modalities are more informative than others depending on

the robot operation environment, and it is desirable to estimate the importance of each modality.

Inspired by sparse optimization [54], to identify discriminative modalities, we design a norm

R M (W ) as a regularizer to Eq. (3.1), which enforces sparsity among the modalities and the

grouping effect of the features within the same modality. TheR M -norm can be expressed as

R M (W ) =
P c

i =1

P m
j =1 kw j

i k2, which applies thè2-norm to the weights of feature elements

within each modality and thè1-norm across different modalities. AsR M encodes the weight
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structure among modalities, we call it a modality norm.

As modern robots are usually equipped with a variety of sensors (e.g., color and depth), it is also

desirable to estimate the importance of each sensor for multisensory robot perception. For example,

a robot operating in dark can bene�t more from depth sensors rather than color sensors. To meet

this need, we introduce a sensory normR S to identify the discriminative sensors, which is de�ned

asR S(W ) =
P c

i =1

P l
k=1 kw k

i k2. It applies thè 2-norm to the weights of the features computed

from the same sensor, and applies the`1-norm to the weights of features from different sensors.

By applying both modality and sensory norms, we formulate multisensory sensor fusion as a

regularized optimization problem with the following objective function (where� is a trade-off

hyperparameter):

min
W

kY � (X > W + 1nb> )k2
F + �

�
R M (W ) + R S(W )

�
(3.2)

3.4.2 Perception Calibration

The key novelty of this paper is the introduction of the perception calibration capability, which

is inspired by the psychology study on how human perception adapts in a given environmental

context. Mathematically, we denote the environmental context as a matrix

E = [ e1; e2; : : : ; en ] 2 < s� n , whereei = [ e1
i ; e2

i ; : : : ; es
i ]

> 2 < s is a low-dimensional vector

consisting ofs environmental context variables (e.g., lighting, fog intensity, and ground traction)

obtained along with thei -th data instance.

To achieve perception calibration, we estimate the representativeness of each feature to

represent the environmental context. Representativeness of a feature is referred to as its capability

of representing the environment. When the environmental context changes (e.g., lighting

variations), we can estimate the feature representativeness change to still represent the environment

under such context changes. Therefore, estimating the feature representativeness change encodes

our insight of calibrating the perception model (i.e., dynamically adjusting the weights of the

features) according to the context. To achieve our insight, two procedures need to be performed: (1)

computing the representativeness of the features to represent the environment in each instance, and
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(2) associating the computed feature representativeness with the context variables.

We denote the feature representativeness to represent the environment in the instances as

G = [ g1; g2; : : : ; gn ]> 2 < n� d. Then, eachgi 2 < d denotes the representativeness of the feature

vectorx i to represent the environment, which can be estimated bygi x i = 1. By computing the

Moore-Penrose inverse (a.k.a. psuedo-inverse), we can obtaingi = x>
i

�
x i x>

i

� � 1
.

We associate the representativeness matrixG (of the features to represent the environment)

with the context variables through designing a novel loss functionL (G; E; V ), with the objective

of learning a projection (parameterized byV ) from the context variablesE to encodeG.

Speci�cally, the loss functionL is de�ned as:

L (G; E; V ) = kG � E> V k2
F (3.3)

where the parameter matrixV 2 < s� d includes the weights of the environment context variables

with respect to the features.

That is,V captures the underlying information of how much each of the elements in the feature

vectors should change, given the change in the environmental context.

Similar to the motivation of estimating the importance of features and sensors, it is desirable to

learn the importance of the environment context variables to calibrate the perception model.

Therefore, we develop the new context normR over the parameter matrixV , de�ned as

R C (V ) =
P s

p=1 kvpk2, which enforces the sparsity between the environment context variables

with respect to all features.

Therefore, to adapt to short-term and long-term environment changes, we integrate the proposed

perceptual calibration capability with multisensory fusion. We formulate multisensory perceptual

adaptation as a joint learning problem under the uni�ed regularized optimization framework, with

the �nal objective function:

min
W ;V

kY � (X > W + 1nb> )k2
F + kG � E> V k2

F + �
�
R M (W + R S(W )

�
+ � R C (V )(3.4)

where� is a trade-off hyperparameter.
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3.4.3 Multisensory Robot Perceptual Adaptation

After solving the formulated regularized optimization problem in Eq. (3.4) during training

(using the solver in Algorithm 3), we obtain the optimalW � = [ w �
1; w �

2; : : : ;w �
c] andV � . Then,

during online execution, given a newly acquired data instancex and its environmental context

variablee, adaptive robot perception to determine the class labely(x; e) can be performed by:

y(x; e) = max
i

(x> )
�

diag(e> V � )w �
i + w �

i

�
+ bi (3.5)

wherediag(�) denotes a function to covert a vector into a diagonal matrix. Given any vector

a 2 < z, diag(a) = a � I z� z, whereI is an identity matrix. The output of Eq. (3.5) provides the

decision of whether a human is present or not. Given a query feature vectorx, and its associated

environmental contexte, the termdiag(e> V � )w �
i provides an estimation of the calibration needed

to adjust each feature weight givene for the queryx. This calibration is then added to the feature

weightsw to determine the class label.

One of the advantages of our approach is that classi�cation is integrated with feature learning

and model calibration under the uni�ed regularized optimization framework, thus eliminating the

requirement of using additional classi�ers. In addition, our formulation is based on convex linear

models, which makes model parameter estimation and online inference highly ef�cient. Thus,

ROPA is able to achieve high-speed onboard processing, which can signi�cantly bene�t real-time

robotics applications.

3.4.4 Optimization Algorithm

Although our formulation is convex, the objective function in Eq. (3.4) is dif�cult to solve in

general because of the three non-smooth regularizers. Another contribution of this paper is that we

implement an iterative algorithm, that follows the iterative re-weighted method [55], to solve the

optimization problem,which is presented in Algorithm 3.
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Algorithm 2: An iterative algorithm to solve the formulated optimization problem in Eq.
(3.4)

Input : Feature matrixX 2 < d� n , label matrixY 2 < n� c, context variablesE 2 < s� n

1 Calculate the representativeness matrixG from X .
2 Let t = 1 . Initialize W (t) andV (t) by solving min

W
kY � (X > W + 1nb> )k2

F and

min
V

kG � E> V k2
F .

3 while not convergedo
4 Calculate the block diagonal matrixD i (t + 1)(1 � i � c), where thej -th block is 1

2kw j
i (t )k2

I j .

5 Calculate the block diagonal matrixcD i (t + 1)(1 � i � c), where thek-th block is 1
2kw k

i (t )k2
I k .

6 Calculate the block diagonal matrixeD j (t + 1)(1 � j � d), where thep-th block is 1
2kv p

j (t )k2
I p.

7 For eachw i (1 � i � c), w i (t + 1) = ( XX > + � D i (t + 1) + � cD i (t + 1)) � 1X (y i � b i ):
8 For eachv j (1 � j � d), vd = ( EE > + � eD j (t + 1)) � 1Eg j

9 t = t + 1 .

Output : W = W (t) 2 < p� c ;V = V (t) 2 < s� d

To learn the optimalW , we compute the derivative of the objective function in Eq. (3.4) with

respect tow i (1 � i � c) and set it to a zero vector, as follows:

XX > w i � X (y i � b i ) + � D i w i + � bD i w i = 0 (3.6)

whereD i (1 � i � c) is a block diagonal matrix withj -th diagonal block computed by 1
2kw j

i k2
I j ;

w j
i is thej -th segment ofw i consisting of the weights from thej -th feature modality;bD i is a block

diagonal matrix with thek-th diagonal block computed by 1
2kw k

i k2
I k ; andw k

i is thek-th segment of

w i consisting of the weights of features fromk-th modality. After solving Eq. (3.6), the vectorw i

can be computed by:

w i =
�
XX > + � D i + � bD i

� � 1
X (y i � b i ) (3.7)

To compute the optimal value forV , compute the derivative of the objective function in Eq.

(3.4) with respect to the columnsv j ; (1 � j � d) of V and set the resulting expression to zero, as

follows:

EE > v j � Eg j + � eD j v j = 0 (3.8)

whereeD i is a block diagonal matrix withj -th block computed by 1
2kv p

j k2
I p; vp

j is thep-th segment

of v j that speci�es the weights of thep-th environmental context variable with respect to thej -th
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feature modality. Solving the above equation, we can obtain:

v j =
�
EE > + � eD j

� � 1
Eg j (3.9)

BecauseD i and bD i depend onW , and becauseeD j depends onV , D i , bD i , and eD j are also

unknown variables. Therefore, we design and implement an iterative algorithm to solve this

optimization problem, which is presented in Algorithm 2. The proposed optimization solver holds a

theoretical convergence guarantee to an optimum, as described by Theorem 2.

Theorem 2:Algorithm 2 converges to an optimal solution to the optimization problem in Eq. (3.4)

Proof. In the following, we prove that Algorithm 2 decreases the value of the objective function

with each iteration and converges to an optimal value. But �rst, we present a lemma:

Lemma 2:For any two given vectorsa andb, the following inequality relation holds:

kbk2 � kbk2
2

2kak2
� k ak2 � kak2

2
2kak2

Proof. We have:

� (kbk2 � k ak2)2 � 0

�k bk2
2 � k ak2

2 + 2kbk2kak2 � 0

2kbk2kak2 � k bk2
2 � k ak2

2

kbk2 �
kbk2

2

2kak2
� k ak2 �

kak2
2

2kak2

From Algorithm 2, we know that:

W (t + 1) = min
W

kY � (X > W + 1nb> )k2
F + �

cX

i =1

w>
i (t + 1) D i (t + 1) w i (t + 1) (3.10)

+ �
cX

i =1

w>
i (t + 1) bD i (t + 1) w i (t + 1)

and,
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V (t + 1) = min
V

kG � E> V k2
F + �

dX

j =1

v>
j (t + 1) eD j (t + 1) v j (t + 1) (3.11)

Then it can be derived that:

F (t + 1) + �
cX

i =1

w>
i (t + 1) D i (t + 1) w i (t + 1) + �

cX

i =1

w>
i (t + 1) bD i (t)w i (t + 1) (3.12)

� F (t) + �
cX

i =1

w>
i (t)D i (t)w i (t) + �

cX

i =1

w>
i (t) bD i (t)w i (t)

and,

J (t + 1) + �
dX

j =1

v>
j (t + 1) eD j (t + 1) v j (t + 1) � J (t) + �

dX

j =1

v>
j (t) eD j (t)v j (t) (3.13)

Substituting the values ofD i , bD i and eD j , we get:

F (t + 1) + �
cX

i =1

mX

j =1

kw j
i (t + 1) k2

2

2kw j
i (t)k2

+ �
cX

i =1

lX

k=1

kw k
i (t + 1) k2

2

2kw k
i (t)k2

(3.14)

� F (t) + �
cX

i =1

mX

j =1

kw j
i (t)k

2
2

2kw j
i (t)k2

+ �
cX

i =1

lX

k=1

kw k
i (t)k2

2

2kw k
i (t)k2

and,

J (t + 1) + �
sX

p=1

dX

j =1

kvp
j (t + 1) k2

2

2kvp
j (t)k2

� J (t) + �
sX

p=1

dX

j =1

kvp
j (t)k2

2

2kvp
j (t)k2

(3.15)

From Lemma 6, we can derive the following equations:

cX

i =1

mX

j =1

kw j
i k2 �

cX

i =1

mX

j =1

kw j
i (t + 1) k2

2

2kw j
i (t)k2

�
cX

i =1

mX

j =1

kw j
i k2 �

cX

i =1

mX

j =1

kw j
i (t)k

2
2

2kw j
i (t)k2

(3.16)
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Figure 3.2 Illustration of the scenarios in which the PEAC dataset was collected for the task of
human teammate following.

cX

i =1

lX

k=1

kw k
i k2 �

cX

i =1

lX

k=1

kw k
i (t + 1) k2

2

2kw k
i (t)k2

�
cX

i =1

lX

k=1

kw k
i k2 �

cX

i =1

lX

k=1

kw k
i (t)k2

2

2kw k
i (t)k2

(3.17)

sX

p=1

dX

j =1

kvp
j k2 �

sX

p=1

dX

j =1

kvp
j (t + 1) k2

2

2kvp
j (t)k2

�
sX

p=1

dX

j =1

kvp
j k2 �

sX

p=1

dX

j =1

kvp
j (t)k2

2

2kvp
j (t)k2

(3.18)

Adding Equations (3.14) - (3.18) on both the side we get that

F (t + 1) + J (t + 1) + �
cX

i =1

mX

j =1

kw j
i (t + 1) k2 + �

cX

i =1

lX

k=1

kw k
i (t + 1) k2 (3.19)

+
sX

p=1

dX

j =1

� kvp
j (t + 1) k2 � F (t) + J (t) + �

cX

i =1

mX

j =1

kw j
i (t)k2

+ �
cX

i =1

lX

k=1

kw k
i (t)k2 +

sX

p=1

dX

j =1

� kvp
j (t)k2

Eq. (3.19) proves that the value of the objective function decreases in each iteration. Because the

formulated objective function is convex, Algorithm 2 converges to an optimal solution.

Complexity:Since the optimization problem in Eq. (3.4) is convex, Algorithm 2 converges to a

local optimal solution fast. In each iteration of our algorithm, computing Steps 4-6 is trivial. We

compute Steps 7 and 8 by solving a system of linear equations with a quadratic complexity.
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