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Geometry in Computer Vision

® Estimation on geometric manifolds
e | arge-scale 3D reconstruction

e High quality 3D scanning using depth

cameras

e Geometry at the intersection of SLAM and
StM.




Cross-Modal Matching in Computer Vision
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~~~~~ Vendor trains an inheritable mode
on a labeled source domain
and shares it to the client
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“Class-Incremental Domain
Adaptation”, Kundu et a/.,
ECCV 2020

“Towards Inheritable Models
for Open-set Domain
Adaptation”, Kundu et a/.,
CVPR 2020

Adversarial Machine Learning
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Algorithm 1: Bit Plane Feature Consistency
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// SGD update

Input: Network f with parameters #, fixed weight A,
training data D = {(z;,4;)} of n-bit images, quantiz-

“Feature Disruptive attack”,
Adhitya et al., ICCV 2019

Sravanti et a/., CVPR 2020

“Towards Achieving Adversarial
Robustness by Enforcing Feature
Consistency Across Bit Planes”,
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“Universal Source-Free
Domain Adaptation”, Kundu
et al.,, CVPR 2020

Typical and Proposed setting

Proposed setting
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“UM-Adapt: Unsupervised Multi-
task Adaptation using Adversarial
Cross-task Distillation”, Kundu et al.,
ICCV 2019
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Training Dropout Probability

“Single-step Adversarial training with
Dropout Scheduling”, Vivek et al., CVPR
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“Plug-And-Pipeline: Efficient
Regularization for Single-Step
Adversarial Training”, Vivek et al.,
CVPRW 2020



Image pairs
from wild
videos
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“Self-Supervised 3D Human
Pose Estimation Via Part
Guided Novel Image
Synthesis”, Kundu et al., CVPR
2020

Generative Adversarial Networks

B. Unsup. clustering
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“GAN-Tree: An Incrementally Learned
Hierarchical Generative Framework for Multi-
modal Data Distributions”, Kundu et a/., ICCV

2019

Geometric Cycle Consistency Loss
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“From Image Collections to
Point Clouds with Self-
supervised Shape and Pose
Networks”, Navaneet et al.,

CVPR 2020
Computational
Photography

“Towards Practical and Efficient High-
Resolution HDR Deghosting with CNN”,
Prabhakar et al., ECCV 2020

st . Unpaired 3D poses
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“Unsupervised Cross-Modal
Alignment For Multi-Person
3D Pose Estimation”, Kundu et

al., ECCV 2020
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“Appearance Consensus Driven Self-
Supervised Human Mesh Recovery”,
Kundu et a/.,, ECCV 2020

Crowd Counting
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Size and Count: Accurately Resolving
Dense Crowds via Detection”, Deepak
et al., TPAMI 2020



Image Restoration & Super-resolution Imaging

. o round penetrating radar
Restoration of satellite images EE & Civil Eng., lISc

(800 MHz, instead of 1.



Image Restoration in Optical Imaging
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® |Image restoration, structurally adaptive regularization .

e Fluorescence microscopy & photoacoustic imaging o
e Redesigning confocal microscopy system for reduced
photodamage moe o E e

Phantom model from 32

Back p olec d data
sﬁjucers

e Optical systems modeling and optical telescopy
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Fast and Scalable Algorithms

e Image denoising, deblurring, inverse problems

e Sensor network localization from range data

e Multi-view registration from range scans

e | arge-scale convex optimization algorithms

e Fast approximations of nonlinear filters with provable
accuracy guarantees

Input image(B76 x 584).

Bilateral output. (Time=42.4sec) Approximation. (Time=1.229sec,
BMSE=1.76)

(a) Initial scans. (b) ICP [4]. (c) Proposed.

and Sensor network localization

e Novel combinatorial characteriz
rigidity (uniqueness) of registrati
Euclidean group



Image and Video Quality Assessment

® Virtual Reality — User experience

e Models of visual quality of 360 degree 3D images/videos

e Visual discomfort model (head mounted displays)

e Deliver better user experience

e Methods for camera captured images with authentic distortions
e Low light/improper exposure combined with noise and blur

e Perceptual trade-off in video streaming (rebuffering vs. compression)

hotstar >



Document Image Processing & Assistive Technologies
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Our DNN model designed to improve the quality of
low-resolution degraded Tamil document images
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Output

¢ Online handwriting recognition

system for Indian languages

e OCR systems for the blind

Gift of New Abilities
~ . 'MILE Lab, lISc

e Text-to-speech synthesis




Speech Generation & Speech Processing

Deriving acoustic representations from real-time magnetic resonance imaging
(MtMRI) videos of speech

Information-theoretic vocal tract region selection \
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