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Abstract

The field of image synthesis is concerned with generation of novel image content. Image
compositing, the process of combining elements from existing image data into a seamless
whole, is a common approach to image synthesis, employed in application domains such
as visual e [edts in film, architectural visualisation, or augmented reality.

This thesis combines perceptual modelling with recent advances in machine learning
in order to produce generalisable models of subjective visual realism in the context
of digital image compositing. To achieve this, subjective visual realism in image
composites is first modelled as a function of controllable local image transformations,
applied to introduce composite-like distortions. These models are then validated and
used to produce just-noticeable di [erences, describing average transformation magnitudes
required for humans to distinguish such processed objects as unrealistic. The resulting
models are then evaluated in the context of visual attention and refined in an image-
wise fashion, before being approximated and generalised using deep learning techniques,
particularly self-supervised transformation equivariant representation learning. The
resulting models are subsequently shown to outperform baselines in an auxiliary task -
image composite harmonisation, indicating that models trained on perceptual data are
capable of generalising to related tasks.
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as the scene itself (Ferwerda, 2003; Fan et al., 2018). 1
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Chapter 1

Introduction

Digital image compositing combines visual elements from dierent sources to create
the subjective impression of a single, coherent image (see Figure 1.1 for examples).
Compositing is commonly performed manually, requiring considerable e ort, as well as
technical and artistic skill. The nal quality, or visual realism, of image composites is
commonly evaluated using subjective approaches, which are time-consuming to perform
and impractical in the context of practical applications, such as Im and visual e ects,

or mixed reality. Automation of both the assessment and improvement of the quality of
image composites would allow for considerable improvements in terms of the cost and time
e ciency. However, due to the complexity of human perception, modelling such complex
phenomena is a challenging task. This thesis proposes techniques to address some of these
issues, by modelling human perception of realism in the context of image compositing.

1.1 Motivation

1.1.1 The Importance of Visual Information

Digital images have become increasingly present in our lives. Visual information is
paramount to human understanding of their environment and interaction with it, allowing

for compact representation of complex phenomena. The rapid development of image
acquisition and processing technologies, coupled with the proliferation of the Internet,
have created an enormous amount of visual content and made it available worldwide.
Methods of combining, transforming, and otherwise manipulating such images, for both
aesthetic and practical purposes, have been developed and applied in a range of domains,
from visual e ects, through digital forensics to medicine. This process has been further
accelerated by recent developments in the elds of machine learning, image understanding
and synthesis, which have allowed for many complex image tasks to be addressed by
learning nonlinear functions from example data, rather than being designed by hand.

Applications of image synthesis are wide-ranging, allowing for functional (Nie et al., 2017)
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