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Abstract

Decades of research on computer vision have highlighted the importance of active sensing – where
an agent controls the parameters of the sensors to improve perception. Research on active per-
ception in the context of robotic manipulation has demonstrated many novel and robust sensing
strategies involving a multitude of sensors like RGB and RGBD cameras and a variety of tactile,
proximity, and spectroscopic sensors resulting in ever-improving representations and understanding
of the world around the agent. In this work we explore sensor configurations, sensor positioning,
and robot workspace illumination to improve 3D perception of objects in table-top scaled scenes.
We divide the problem into three parts to explore the effects of moving camera-based sensors in a
robot’s workspace, moving illumination sources around a robotic workspace and controlling both
illumination and camera movement.

We show that a robot mounted ensemble of camera-based sensors (namely RGB, RGBD and tac-
tile) can help visually servo a manipulator and accurately localize contacts on objects using vision
and touch.

We show that known directional illumination can be very effective for measuring objects in the
workspace accurately. We demonstrate this with a robot workspace scaled highly accurate photo-
metric stereo stage.

Finally, we show that multi-view, multi-illumination images captured using a custom multi-flash
camera system can be effective in reconstructing, synthesizing novel views of, and relighting table-
top scaled scenes. In addition to the capture system, we also demonstrate efficient algorithms and
representations for 3D perception of small scenes.



– In Grateful Remembrance of –

Dr. Santanu Pramanik
7th November 1988 – 23rd October 2021

1



Acknowledgments

If you feel like the dumbest person in the room then you’re in the correct room.1

I’d like to start by acknowledging the unwavering support and freedom I received from my advisor
Chris Atkeson in all aspects related to my PhD studies. He never forced me to submit a deadline or
work on any particular project. Although my thesis took a diversion from Chris’ main research focus
(robot learning), my work has been thoroughly influenced by his simple yet profound “I don’t get
it” type questions, which prompted me to think deeply about technicalities of the projects. Apart
from research mentorship, thank you for teaching me how to think, how to discard apparent fluff
around a topic in vogue, instilling in me the value of real robot demonstrations of the algorithms we
worked on, and teaching me how to think about individual academic contribution as art and find
validation for my work from within, rather than looking outward. Although, I am not sure I have
mastered the final aspect, this is definitely a valuable tool I now have in my toolbox.

Thank you Srinivas for your advice on my research – especially the final project. Your support
was invaluable in framing a work at the intersection of robotics and computer vision for a primarily
computer vision audience. Thank you Oliver and Andy, the two other robotics experts on my
committee, for your advice on my work. I really appreciated the hour long check-in meetings with
Oliver every semester that helped me align my research in a direction that was meaningful to both
robotics and computer vision researchers. Thank you Christoph for being so generous with your
time – I really appreciated your advice on my research and your strong support in helping me make
professional connections.

Thank you Santanu, the dedicatee of this thesis, for suggesting me to pursue a PhD in the first
place. I met Santanu in 2018, during my previous graduate studies at the Indian Institute of Science
and throughout the years2, he was a constant source of friendship, advice, and support. Looking
back, it is very unlikely that I would have even considered the idea of earning a PhD, and I can
almost solely credit him for setting me up for this journey. It is truly unfortunate that we cannot
share this moment.

Thank you to the members of Atkeson Lab – Alisa, Leo, and Mrinal for being incredibly valuable
sounding boards for my research ideas. Thank you Leo for being an incredible source of literature
and technical advice – both recent and classical. Our discussions have profoundly shaped the way I
tackled the problems in this thesis. Mrinal suggested the addition of the overhead light source for
the photometric stereo rig (Part III), which made the estimation of the shadows much better leading
to a significant improvement in our system’s performance.

A special thanks goes out to Prof. Wenzhen Yuan and the members of the erstwhile RoboTouch
Lab at CMU3. Thanks for helping me test the very first versions of my talks. I also gratefully
recognize Wenzhen’s support in getting me clearance to use her lab equipment at the peak of

1Adage. Quoted here from Destin Sandlin of Smarter Every Day (YouTube/X). Tweet from 09/18/2018
2Santanu passed away in October of 2021, from complications following a major surgery.
3The RoboTouch Lab moved from the RI to UIUC in August 2023

v

https://x.com/smartereveryday/status/1042132365475282944


COVID-19 lockdowns (Fall 2020), which led to the timely completion of the first project (Part
II).

Thank you Igor Vasiljevic, Sergey Zakharov, Vitor Guizilini, Rares Ambrus, and other members
of the Machine Learning Team at the Toyota Research Institute for being fantastic internship mentors
and hosting me for the Summer of 2023. I truly appreciate your support that enabled me pursue a
project at the intersection of computer vision, machine learning, and robotics (part IV).

Outside my advisors, collaborators and mentors at CMU, I owe debts of gratitude to my friends4

Ananya, Animesh, Anurag, Arpit, Ashwin, Akhil, Ben E., Ben F., Chase, Dorian, Kate, Md. Suhail,
Rishi, Samantha, Sarvesh, Sarah, Simin, Tejus, Tejas, Uksang and Vineet. Thank you for your
feedback on almost all of my research output (talks and manuscripts) and the frequent engaging and
refreshing conversations about research and life.

Apart from faculty and friends, I’ve had the opportunity to work with the kindest program
manager – Suzanne. Thank you for reminding me of several critically important deadlines, advice
on general logistics of the PhD program and answering my questions on the program guidelines
with incredible simplicity and detail. Thank you Jean for your help with the logistics RoboOrg,
and facilitating lab access during the COVID-19 lockdowns. Thank you Alan5 for helping with the
packages and for explaining why Newell Simon Hall doesn’t have a few more floors, how to take
amazing pictures of minerals, and the reason for the now decommissioned rail line on the B level of
NSH.

This thesis also would not have existed without the support of my parents and my younger
brother, who helped make the person I am today. Finally, a sincere Thank You to the Robotics
Institute and Carnegie Mellon University for making the search for the “correct room” incredibly
simple.

4alphabetically ordered. Apologies for the unintended omissions.
5Alan D. Guisewite passed away in March 2023 after dedicating 40 years of service to the Robotics Institute.

vi



Contents

Contents vii

List of Tables x

List of Figures xi

I Introduction 1

1 Introduction 2

1.1 Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2

1.1.1 Thesis statement and research contributions . . . . . . . . . . . . . . . . . . . 4

II Moving Cameras 6

2 Using Collocated Vision and Tactile Sensors for Visual Servoing and Localization 7

2.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7

2.2 Related work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10

2.3 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 12

2.3.1 Sensor platform . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 12

2.3.2 Visual servoing with hand mounted cameras . . . . . . . . . . . . . . . . . . . 12

2.3.3 Pose estimation through vision . . . . . . . . . . . . . . . . . . . . . . . . . . 17

2.3.4 Precise contact pose estimation through touch . . . . . . . . . . . . . . . . . 19

2.4 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20

2.5 Discussion and future work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 25

2.6 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26

2.7 Retrospectives . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26

III Moving Lights 27

3 Photometric stereo for manipulation of Lambertian objects 28

3.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 28

vii



3.2 Related Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 30

3.3 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 31

3.3.1 Details of the hardware platform . . . . . . . . . . . . . . . . . . . . . . . . . 31

3.3.2 Modelling the illumination of the workspace . . . . . . . . . . . . . . . . . . . 32

3.3.3 Recovering surface normals from images . . . . . . . . . . . . . . . . . . . . . 33

3.3.4 Recovering object edges and depth . . . . . . . . . . . . . . . . . . . . . . . . 34

3.3.5 Details of our steps for calculating occlusion edges . . . . . . . . . . . . . . . 35

3.4 Experiments and Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 35

3.4.1 Performance of our sensing approach . . . . . . . . . . . . . . . . . . . . . . . 36

3.4.2 Controlled illumination for pickup tasks . . . . . . . . . . . . . . . . . . . . . 38

3.4.3 Measuring deformation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 40

3.4.4 Controlled illumination for localization . . . . . . . . . . . . . . . . . . . . . . 41

3.4.5 Application to generic objects . . . . . . . . . . . . . . . . . . . . . . . . . . . 45

3.5 Discussion and Future Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 45

3.6 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 46

3.7 Retrospectives . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 46

3.8 Supplementary Materials . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 46

3.8.1 Description of our algorithm for vacuum grasping . . . . . . . . . . . . . . . . 46

3.8.2 Description of our algorithm for measuring deformation . . . . . . . . . . . . 47

3.8.3 Description of our pose estimation pipelines . . . . . . . . . . . . . . . . . . . 48

3.8.4 Implementation details and hyperparameters . . . . . . . . . . . . . . . . . . 50

3.8.5 Practical considerations in design . . . . . . . . . . . . . . . . . . . . . . . . . 50

3.8.6 Hyperparameters and their e�ects . . . . . . . . . . . . . . . . . . . . . . . . 51

IV Moving Lights and Cameras 52

4 Multi-view, multi-illumination capture for learning 3D object representations 53

4.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 54

4.2 Related Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 54

4.3 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 55

4.3.1 Primer on neural 3D �elds . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 56

4.3.2 Incorporating dense metric depth . . . . . . . . . . . . . . . . . . . . . . . . . 56

4.3.3 Incorporating depth edges in joint optimization of appearance and geometry 57

4.3.4 AdaShell++ : Accelerating training with dense depth . . . . . . . . . . . . . . 59

4.3.5 Baselines augmented with depth . . . . . . . . . . . . . . . . . . . . . . . . . 60

4.4 Setup and Dataset . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 61

4.4.1 A multi-
ash stereo camera . . . . . . . . . . . . . . . . . . . . . . . . . . . . 61

4.4.2 Captured dataset . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 61

4.5 Experiments and results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 62

4.5.1 Accuracy of incorporating metric depth . . . . . . . . . . . . . . . . . . . . . 62

4.5.2 The e�ect of depth edges in training . . . . . . . . . . . . . . . . . . . . . . . 63

viii



4.5.3 View synthesis with dense depth . . . . . . . . . . . . . . . . . . . . . . . . . 63

4.5.4 Using noisy depth . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 65

4.5.5 Relighting . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 66

4.6 Limitations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 66

4.7 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 68

4.8 Retrospectives . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 68

4.9 Supplementary Materials . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 69

4.9.1 Representations and implementation details . . . . . . . . . . . . . . . . . . . 69

4.9.2 A multi-
ash stereo camera . . . . . . . . . . . . . . . . . . . . . . . . . . . . 74

V Conclusion 77

5 Conclusion 78

5.1 Improving capture systems . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 79

5.1.1 Upgrading monocular depth with metric hints . . . . . . . . . . . . . . . . . . 79

5.1.2 Example 1: Super-resolving depth from stereo . . . . . . . . . . . . . . . . . . 80

5.1.3 Example 2: Improving stereo to capture highly non-Lambertian objects . . . 81

5.1.4 Example 3: Convenient camera pose estimation for face capture rigs . . . . . 81

5.2 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 82

5.2.1 Relevance of our work in robotics research . . . . . . . . . . . . . . . . . . . . 83

5.2.2 Frequently asked questions . . . . . . . . . . . . . . . . . . . . . . . . . . . . 83

Bibliography 85

ix



List of Tables

2.1 Relative uncertainties in localization using only vision and tactile sensing augmented

by vision. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 22

2.2 Best and worst case localization errors when the contacts are selected at random. . . 24

3.1 Qualitative comparison between di�erent normal integration methods . . . . . . . . 35

3.2 Comparison of our approach with commercial depth sensors . . . . . . . . . . . . . . 36

3.3 Quantitative measurements of our approach in estimating object shape . . . . . . . . 37

3.4 Comparison of our method of measuring deformation versus [116, 117] . . . . . . . . 41

3.5 Performance of pose estimation for known objects . . . . . . . . . . . . . . . . . . . . 43

3.6 Performance of our tracking pipeline for unknown objects. . . . . . . . . . . . . . . . 44

3.7 Time breakdown of various steps in our pipeline . . . . . . . . . . . . . . . . . . . . 50

4.1 Some di�erences between our data and a few established datasets . . . . . . . . . . . 62

4.2 Accuracy of reconstruction from un-posed RGBD images. . . . . . . . . . . . . . . . 62

4.3 Accuracy of reconstruction from posed RGBD images. . . . . . . . . . . . . . . . . . 62

4.4 Depth edges help prioritize learning of texture discontinuities over geometric ones . . 63

4.5 Training performance for view synthesis. . . . . . . . . . . . . . . . . . . . . . . . . . 63

4.6 E�ect of noisy depth and depth edges. . . . . . . . . . . . . . . . . . . . . . . . . . . 65

4.7 Our performance in relighting of scenes . . . . . . . . . . . . . . . . . . . . . . . . . 66

x



List of Figures

1.1 Accessible systems to collect high-quality 3D data from small scenes . . . . . . . . . 2

1.2 Thesis Statement: Moving lights and cameras can help . . . . . . . . . . . . . . . . . 4

2.1 Collocating vision and tactile sensors. . . . . . . . . . . . . . . . . . . . . . . . . . . 8

2.2 Details of our tactile sensor. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11

2.3 Using optic 
ow for visual servoing . . . . . . . . . . . . . . . . . . . . . . . . . . . . 13

2.4 Empirical evidence that averaging across steps re�nes prediction. . . . . . . . . . . . 15

2.5 Statistics of POE tracking errors . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16

2.6 Our pipeline to estimate pose through vision and touch. . . . . . . . . . . . . . . . . 17

2.7 Pose estimation with RGB image and tactile sensor . . . . . . . . . . . . . . . . . . . 20

2.8 Steps in localizing small objects . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 21

2.9 Collocated vision can help us disambiguate between repeated tactile features. In this

experiment we touch the middle of the set of teeth and could localize the contact

using our pipeline. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 21

2.10 Additional demonstrations of our algorithm presented in sections 2.3.3 and 2.3.4 for

localizing contact from high-resolution tactile imprints. . . . . . . . . . . . . . . . . . 23

3.1 We demonstrate the value of controlled illumination approaches for robot manipula-

tion workspaces . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 29

3.2 Our pipeline for performing photometric stereo at the scale of a robot's workspace . 31

3.3 Our measurements compared to commercial depth sensors . . . . . . . . . . . . . . . 36

3.4 Our pipeline for grasping objects in a robot's workspace. . . . . . . . . . . . . . . . . 39

3.5 Our results of measuring the deformation of known objects. . . . . . . . . . . . . . . 40

3.6 Estimating object pose in the robot workspace. . . . . . . . . . . . . . . . . . . . . . 42

3.7 Our photometric stereo on colored, non-Lambertian objects . . . . . . . . . . . . . . 44

4.1 An approach for the photo-realistic capture of small scenes . . . . . . . . . . . . . . 53

4.2 A snapshot of the important supervision signals. . . . . . . . . . . . . . . . . . . . . 55

4.3 Overview of our sampling process during training . . . . . . . . . . . . . . . . . . . . 58

4.4 We demonstrate a corner case of jointly re�ning appearance and geometry. . . . . . 58

4.5 AdaShell++ recovers sampling volumes similar to [186] . . . . . . . . . . . . . . . . . 59

4.6 Reconstructions with AdaShell++ . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 59

xi



4.7 Schematic of our multi-
ash stereo camera . . . . . . . . . . . . . . . . . . . . . . . . 61

4.8 Relative performance of all the methods . . . . . . . . . . . . . . . . . . . . . . . . . 64

4.9 AdaShell++ can work with noisy depth . . . . . . . . . . . . . . . . . . . . . . . . . . 65

4.10 Relighting scenes from a few captured views . . . . . . . . . . . . . . . . . . . . . . . 67

4.11 Hardware limitations: bokeh and decoupled 
ashes . . . . . . . . . . . . . . . . . . . 68

4.12 Our approach to recovering 3D assets from captured data . . . . . . . . . . . . . . . 69

4.13 All the pipelines can be used to extract the \base-color" of the scene . . . . . . . . . 72

4.14 Optimizing for the full Disney BRDF is di�cult . . . . . . . . . . . . . . . . . . . . . 73

5.1 Looking forward: Improving 3D capture . . . . . . . . . . . . . . . . . . . . . . . . . 78

5.2 Super-resolving stereo with monocular cues . . . . . . . . . . . . . . . . . . . . . . . 80

5.3 Handling re
ective and transparent objects . . . . . . . . . . . . . . . . . . . . . . . 81

5.4 Estimating camera poses for face capture . . . . . . . . . . . . . . . . . . . . . . . . 82

xii



I
Introduction

1




	Contents
	List of Tables
	List of Figures
	I Introduction
	1 Introduction
	1.1 Motivation
	1.1.1 Thesis statement and research contributions



	II Moving Cameras
	2 Using Collocated Vision and Tactile Sensors for Visual Servoing and Localization
	2.1 Introduction
	2.2 Related work
	2.3 Methods
	2.3.1 Sensor platform
	2.3.2 Visual servoing with hand mounted cameras
	2.3.3 Pose estimation through vision
	2.3.4 Precise contact pose estimation through touch

	2.4 Results
	2.5 Discussion and future work
	2.6 Conclusion
	2.7 Retrospectives


	III Moving Lights
	3 Photometric stereo for manipulation of Lambertian objects
	3.1 Introduction
	3.2 Related Work
	3.3 Methods
	3.3.1 Details of the hardware platform
	3.3.2 Modelling the illumination of the workspace
	3.3.3 Recovering surface normals from images
	3.3.4 Recovering object edges and depth
	3.3.5 Details of our steps for calculating occlusion edges

	3.4 Experiments and Results
	3.4.1 Performance of our sensing approach
	3.4.2 Controlled illumination for pickup tasks
	3.4.3 Measuring deformation
	3.4.4 Controlled illumination for localization
	3.4.5 Application to generic objects

	3.5 Discussion and Future Work
	3.6 Conclusions
	3.7 Retrospectives
	3.8 Supplementary Materials
	3.8.1 Description of our algorithm for vacuum grasping
	3.8.2 Description of our algorithm for measuring deformation
	3.8.3 Description of our pose estimation pipelines
	3.8.4 Implementation details and hyperparameters
	3.8.5 Practical considerations in design
	3.8.6 Hyperparameters and their effects



	IV Moving Lights and Cameras
	4 Multi-view, multi-illumination capture for learning 3D object representations
	4.1 Introduction
	4.2 Related Work
	4.3 Methods
	4.3.1 Primer on neural 3D fields
	4.3.2 Incorporating dense metric depth
	4.3.3 Incorporating depth edges in joint optimization of appearance and geometry
	4.3.4 AdaShell++: Accelerating training with dense depth
	4.3.5 Baselines augmented with depth

	4.4 Setup and Dataset
	4.4.1 A multi-flash stereo camera
	4.4.2 Captured dataset

	4.5 Experiments and results
	4.5.1 Accuracy of incorporating metric depth
	4.5.2 The effect of depth edges in training
	4.5.3 View synthesis with dense depth
	4.5.4 Using noisy depth
	4.5.5 Relighting

	4.6 Limitations
	4.7 Conclusions
	4.8 Retrospectives
	4.9 Supplementary Materials
	4.9.1 Representations and implementation details
	4.9.2 A multi-flash stereo camera



	V Conclusion
	5 Conclusion
	5.1 Improving capture systems
	5.1.1 Upgrading monocular depth with metric hints
	5.1.2 Example 1: Super-resolving depth from stereo
	5.1.3 Example 2: Improving stereo to capture highly non-Lambertian objects
	5.1.4 Example 3: Convenient camera pose estimation for face capture rigs

	5.2 Conclusions
	5.2.1 Relevance of our work in robotics research
	5.2.2 Frequently asked questions


	Bibliography


