NOVEL DEEP LEARNING BASED
COMPRESSIVE SENSING FRAMEWORK FOR
RECONSTRUCTION-FREE RECOGNITION

RONAK GUPTA

DEPARTMENT OF ELECTRICAL ENGINEERING
INDIAN INSTITUTE OF TECHNOLOGY DELHI
AUGUST 2021



©Indian Institute of Technology Delhi (IITD), New Delhi, 2021



NOVEL DEEP LEARNING BASED
COMPRESSIVE SENSING FRAMEWORK FOR
RECONSTRUCTION-FREE RECOGNITION

by

RONAK GUPTA

DEPARTMENT OF ELECTRICAL ENGINEERING

Submitted

in fulfillment of the requirements of the degree of Doctor of Philosophy

to the

INDIAN INSTITUTE OF TECHNOLOGY DELHI

AUGUST 2021



To my family



Certificate

This is to certify that the thesis titled Novel Deep Learning based Compressive Sensing
Framework for Reconstruction-free Recognition being submitted by Mr. Ronak Gupta to
the Department of Electrical Engineering, Indian Institute of Technology Delhi, for the award
of Doctor of Philosophy is a record of bona-fide research work carried out by his under my
guidance and supervision. In my opinion, the thesis has reached the standards fulfilling the
requirements of the regulations relating to the degree. The work presented in this thesis has not

been submitted elsewhere, either in part or full, for the award of any other degree or diploma.

Professor Santanu Chaudhury Professor Brejesh Lall

Department of Electrical Engineering Department of Electrical Engineering
Indian Institute of Technology Delhi Indian Institute of Technology Delhi
Delhi - 110016, India. Delhi - 110016, India.

Professor Narendra Ahuja
Information Technology Research Academy
Media Lab Asia

Delhi - 110030, India.



Acknowledgements

I would like to express my sincere gratitude to my advisors Prof. Santanu Chaudhury, Prof.
Brejesh Lall and Prof. Narendra Ahuja. This thesis would not have been possible without
their guidance, critical review and encouragement. Their intelligent ideas and comprehensive
understanding helped me to establish the overall direction of the research, got me past many
significant challenges and always motivated me to strive for excellence.

I thank the members of my thesis committee: Prof. S.D. Joshi, Prof. Prem Kalra and
Prof. Sumantra Dutta Roy for their insightful suggestions which encouraged me to widen my
research from various perspectives. I sincerely admire the contribution of my lab mates Ms.
Swati Bhugra, Mr. Manoj Sharma, Mr. Vinay Kaushik, Dr. Prerana Mukherjee, Mr. Ajeet
Singh and Dr. Siddharth Srivastava for extending their unstinting support and cooperating
attitude during the course of this study. My thanks to Ushaji, Manrikaji, Dilipji and Amitji for
all the timely logistic support.

I acknowledge the significant contribution of my parents. Their patience and support will

always be my inspiration.

Ronak Gupta



Abstract

In computer vision, there are several types of inference tasks such as image classification, pose
estimation, object localization, object segmentation, action classification, gesture classification,
anomaly detection, etc. These inference tasks are not meant for human consumption; they help
us to automate the visual understanding of the machine and decision-making process. Few tasks
such as image classification, action classification in videos, anomaly detection in videos etc.
require a method to capture spatial, appearance, temporal or spatio-temporal information. The
raw data collected for these tasks have a lot of spatial, temporal and perceptual redundancies
that have a minimal role while inferring. In this thesis, we present compressive data sensing
techniques for the mentioned inference tasks to explore the spatial redundancy, particularly
while avoiding additional decompression/reconstruction. Hence our inference techniques are
also called reconstruction-free inference or redundancy-free inference.

The benefit of applying compressive sensing to inference tasks is that the computational
load decreases, as the number of computations to be performed over compressed representation
reduces compared to that for raw images/videos, for a given deep neural network architecture.
Hence, relatively fast inference speed can be obtained over the same computational resource
with compressive sensing. It can implicitly provide privacy to the sensitive information present
in the raw data while performing inference with deep neural networks. The performance of
deep neural networks with and without compressive sensing is high for inference tasks because

the discriminative information is preserved in compressed representation.

Data sensing techniques such as random sensing, data-driven sparse compressive sens-

ing and data-driven sensing with convolutional autoencoder are presented in this thesis. The

vil



strength of these data sensing techniques is demonstrated for inference tasks such as action
recognition in videos, image classification and fall detection in videos (anomalous activity
recognition) by employing deep learning architectures. In random sensing, we perform block-
based compressive sensing with fixed sensing matrices, which preserves spatial neighbourhood
information in compressed representation at the block level. So convolution operation over
the compressed representation has been explored. Also, 3D convolution kernels can work effi-
ciently for learning spatio-temporal classifiers over the stack of compressed video frames. We
present the results of random sensing applied for fall detection in videos. In data-driven sparse
compressive sensing, again the compressed representation is learned at the block level. Hence
applying 2D convolutions to the compressed representation of images, can capture spatial and
appearance information. However, the predictions for video classification over the compressed
video representation obtained from data-driven sparse sensing matrix, are not that accurate. In
data-driven sensing with convolutional autoencoder, there are pixel unshuffling and shuffling
operations involved which preserve spatial arrangement of video frames across the channels.
Since the convolutional encoder does not shuffle the temporal arrangement, 3D convolutional
kernels can be applied over the stack of the compressed representation of frames to learn a

spatio-temporal classifier.
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SRR AT H, B UHR & S B 81T & oR Bfa ffamur, JaT s1gam, avg Tiga-r,
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fig F=aveal SieI-amley Tgd fhy U &1 39 ST AT daiial & dred &1 veef= difear
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Te St —3MeTRd SHufia T oxd &, 9l saifd TR R Guifsa ufafifea 5 wenfye gere
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