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Abstract
Visual imagery is ubiquitous in society and can take various formats: from 2D
sketches and photographs to photorealistic 3D renderings and animations. The creation processes for each of these mediums have their own unique challenges and
methodologies that artists need to overcome and master. For example, for an artist
to depict a 3D scene in a 2D drawing they need to understand foreshortening effects
to position and scale objects accurately on the page; or, when modeling 3D scenes,
artists need to understand how light interacts with objects and materials, to achieve
a desired appearance.
Many of these tasks can be complex, time-consuming, and repetitive for content creators. The goal of this thesis is to develop tools to alleviate artists from some
of these issues and to assist them in the creation process. The key hypothesis is that
understanding the relationships between multiple signals present in the scene being
created enables such assistive tools.
This thesis proposes three assistive tools. First, we present an image degradation model for depth-augmented image editing to help evaluate the quality of the
image manipulation. Second, we address the problem of teaching novices to draw
objects accurately by automatically generating easy-to-follow sketching tutorials
for arbitrary 3D objects. Finally, we propose a method to automatically transfer 2D
parametric user edits made to rendered 3D scenes to global variations of the original
scene.
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Chapter 1

Introduction
1.1

Motivation

As humans we inherently communicate visually, from our body language to creating
detailed architectural drawings. The reason why we prefer to communicate visually
has various theories. Some art theorists believe it is down to children learning to see
before they can speak [1]. While molecular biologists argue, it is due to more of our
brains being dedicated to visual processing than any of our other senses combined
[2]. Regardless of why we prefer communicating visually, it is humans have a long
history of creating imagery to convey ideas and emotions.
Our interest in visual communication dates back over 40,000 years starting
with primitive cave paintings of animals. The cave paintings were created using
tools to engrave into rock or by using natural pigments such as charcoal or clay [3].
These primitive drawings predate the invention of written language introduced by
the Egyptians around 2000 BC [3], perhaps another indication that communicating
visually is more natural to humans. The variety and quality of visual medium to
communicate has increased over the years. We now communicate using a wide
variety of techniques such as high-fidelity 3D models, manipulated photographs
and architectural designs. Driving the development of these medium have been the
advances in the tools available to artists and designers.
Visual content creation tools have seen incremental improvements, as well as
radical changes. From the various tools for traditional painting and drawing to
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the domain specific software tools used today for 3D modelling or video editing.
The progression of technology means the tools available to artists have become
increasingly more powerful. However, they have also become increasingly more
complex and there are a number of challenges artists face.
Some of the challenges that artists face are more theoretical, such as drawing
from observation skills. Developing such skills is difficult, but once mastered can
be transferred to different applications that require an understanding of how the 3D
world should be depicted on a 2D surface. Other challenges are tool specific but
with reoccurring themes. For example, commonly an artist will perform the same
task multiple times and getting the exact same effect every time can be challenging. Both these theoretical and more applied challenges give an opportunity for
researchers to explore more intelligent tools to help artists.

1.2

Assistive Tools

To address some of the challenges outlined in Section 1.1 this thesis focuses on
creating assistive tools for artists and designers. We consider tools to be assistive
when designed to help visual artists achieve a specific task, such as drawing an
object more accurately or performing a type of image edit. To better define the
scope of assistive tools and how to evaluate their success, we outline some goals
and objectives below.

Goals. The goal of an assistive tool is to help artists more easily achieve a task
that is otherwise complex, tedious and/or time consuming. We recognise some
artistic endeavours are not about how efficiently artists can work or how accurate
their images are, however, this thesis is specifically interested in these qualities of
assistive tools. At the same time efficiency and accuracy needs to be balanced with
having the artist being able to achieve their vision. Therefore we want our assistive
tools to augment the artist’s creativity without taking away control, fitting naturally
in their workflow.
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Objectives. To measures how well the proposed tools achieve these goals we have
specified a number of objectives that can be measured by qualitative or quantitative
analysis. For each of the tools we propose our objectives are to:

• Demonstrate that the proposed tool is more time efficient at achieving a given
task compared to existing methods.
• Demonstrate that the proposed tool is more accurate at achieving a given task
compared to existing methods.
• Get feedback from artists and designers to validate the usefulness of a the tool
in their workflow.
For each of the proposed tools we will measure their success against these
objectives.

1.3

Multimodal Correlation Analysis

An important concept throughout this thesis is the idea of a reference scene. A
reference scene is an input representation of the scene that the artist would like
to create or manipulate. For example, it could be an input photograph, 3D model
or rendering. If a reference scene is available to the artist we argue that assistive
tools can be enabled by creating different representations of the reference scene
and performing multimodal correlation analysis on these auxiliary representations.
Understanding how different modalities correlate can provide the intelligence that
an assistive tool requires.
There are many different way that multiple representations or modalities of
the reference scene can be created. For instance a 3D object is normally represented as a polygon mesh, but after some geometry processing, can be represented
as segmented primitives with inter-primitive relations. Another example of multiple
representations is how a 3D rendering can be represented as a single image (commonly known as a beauty pass) or as a number of light-path expressions [4] that
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composite together to create the beauty pass. Leveraging multiple representations
we demonstrate is useful in creating a variety of assistive tool as it allows for a
higher-level of understanding of the scene.
The final common step in creating assistive tools is understanding how different signals correlate and using them to power an assistive tool. We use the term
correlation in a broad sense, simply using it to mean having an understanding how
two or more variables relate to each other. We use different techniques to find
correlation, as the best method to find correlation depends on what information is
useful in achieving a given task and how it can be utilised within an assistive tool.

1.4

Contributions

In our work we make three key technical contributions for creating assistive tools
for visual content creation. These technical contributions and much of the text
in this dissertation come from three peer-reviewed publications. These have been
published as follows:
• James W. Hennessey and Niloy J. Mitra. 2015. An Image Degradation Model
for Depth-augmented Image Editing. Computer Graphics Forum 34, 5 (August 2015), 191-199. [5]
• James W. Hennessey, Han Liu, Holger Winnemller, Mira Dontcheva, and
Niloy J. Mitra. 2017. How2Sketch: generating easy-to-follow tutorials for
sketching 3D objects. In Proceedings of the 21st ACM SIGGRAPH Symposium on Interactive 3D Graphics and Games (I3D ’17), Article 8 (March
2017), 11 pages. [6]
• James W. Hennessey, Wilmot Li, Bryan Russell, Eli Shechtman, and Niloy J.
Mitra. 2017. Transferring image-based edits for multi-channel compositing.
ACM Transactions on Graphics. 36, 6, Article 179 (November 2017), 16
pages. [7]
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The contributions made in these publications are now breifly summarised below.
• In [5] the novel contribution is an image degradation model that predicts how
well an image edit can be performed in presence of coarse depth information.
The image degradation model can then be used to help guide artists when
performing an image manipulation.
• In [6] we propose an algorithm for automatically generating easy-to-follow
sketching tutorials for a user specified 3D model and viewpoint. These tutorials allow novice artists to learn structured techniques for accurately drawing
objects of their choice.
• In [7] the core contribution is an algorithm for transferring parametric imagebased edits to rendered scenes to global variations of the original scene. In
this paper we also introduced a new editing workflow to make the creation of
the parametric image-based edits easier. These tools allow for artists to more
easily make image-based edits, while, also being able to continue altering the
3D scene they are creating.

1.5

Organisation

The remainder of this dissertation is organised as follows:

Chapter 2, Related Work. This chapter provides an overview of the related
research literature from the human-computer interaction and computer graphics
research communities. Specifically, it discusses the history and development of
of image manipulation, sketching and sketch-based interfaces, and edit and style
transfer.

Chapter 3, An Image Degradation Model for Depth-augmented Image Editing.
In this chapter we investigate how even coarse depth information can be exploited
to address some of the fundamental challenges in image editing namely producing
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correct perspective, handling occlusion, and obtaining segmentation. To this end,
we propose a novel image degradation model that predicts how well an image edit
can be performed in presence of coarse depth information.

Chapter 4, Generating Easy-To-Follow Tutorials for Sketching 3D Objects.
Accurately drawing 3D objects is difficult for untrained individuals, as it requires
an understanding of perspective and its effects on geometry and proportions. Stepby-step tutorials break the complex task of sketching an entire object down into
easy-to-follow steps that even a novice can follow. In this chapter we address this
problem by proposing an method for automatically generating easy-to-follow tutorials for arbitrary 3D objects. We demonstrate that our easy-to-follow tutorials
result in more accurate drawings compared to baseline tutorials.

Chapter 5, Transferring Image-based Edits for Multi-Channel Compositing. In
this chapter we propose a method to automatically transfer parametric image-based
edits made to rendered scenes across variations of object geometry, illumination,
and viewpoint. This transfer problem is challenging since many edits may be visually plausible but non-physical, with a successful transfer dependent on an unknown
set of scene attributes that may include both photometric and non-photometric features. We compare our edit-transfer method to existing state-of-the-art methods
demonstrating that our method results in more accurate edit transfers. This chapter
also introduces a new editing workflow that allows artists to be more efficient in
creating image-based edits to rendered scenes.

Chapter 6, Conclusion. In the final chapter we summarise the proposed tools and
discuss future work in this field.

Chapter 2

Related Work
Assistive tools for visual content creation have a very broad body of related literature. In this chapter the most relevant research into digital tools that aide artists
and designers to create imagery are discussed, these predominantly come from the
computer graphics and human-computer interaction research communities. The
chapter starts by looking at research into image manipulation (see Section 2.1),
which, is most relevant to the image editing tools proposed in Chapters 3 and 5.
The research related to Chapter 4 is then discussed in Section 2.2, which, covers
sketching and sketch-based interfaces. Finally, Section 2.3 includes discussion of
edit and style transfer research related to Chapter 5.

2.1

Image Manipulation

In this section the literature most relevant to our image degradation model (see
Chapter 3) is discussed. This covers traditional image editing techniques, depthaware image editing and methods for rendering 3D models into images.

Traditional image editing. Given the popularity and ubiquity of images, significant research has been devoted over the last decades in developing image editing
algorithms. Many of them are commonly available as standard options in image
editing packages like Gimp, Photoshop, etc. The central challenge we are most
interested in is to plausibly account for the lack of depth in input images. This
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Figure 2.1: Many other works have looked at advanced image editing techniques, such as
Zheng et. al [8], whom use geometric proxies to approximate the geometry of objects in the
scene. The allows artists to easily manipulate the shape of objects in the image.

makes it difficult to correctly handle perspective and/or occlusion effects. Even
advanced methods like PatchMatch [9] fail when scenes are cluttered or a texture
changes with the perspective of the object. In the context of segmentation, the commonly used GrabCut segmentation algorithm [10] cannot satisfactorily segment
objects from different depth with the same appearance. In Chapter 3 we improve
the results of these algorithms by the use of geometric planar primitives. It is worth
noting research conduced concurrently and subsequently to ours also overcome the
limitations of PatchMatch [9] and GrabCut [10]. The state-of-the-art techniques
in semantic segmentation [11, 12, 13, 14, 15, 16] make use of advanced deep
learning convolutional neural network (CNN) architectures, such a fully-connected
networks, region based CNNs and encoder-decoder networks. Similarly advances
in image completion make use of deep learning approaches, particularly with generative adversarial neural network (GAN) architectures [17, 18].

Depth-aware image editing. Many depth-aware solutions have been proposed to
tackle specific image editing use cases and problems. For example RepFinder [19]
use repeated objects in a scene to assist with image completion and depth ordering,
while, [20] use vanishing points for artistically changing image perspective. We
approach the problem in Chapter 3 by using noisy depth information and want to
deal with these challenges for more general scenes.
A recent approach for editing man-made objects in 3D is to allow the user to
create 3D proxies for objects in the scene. One example approximates objects with
cuboids [8] and another generalized cylinders [21]. The results for both are im-
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pressive but require substantial and specialized user-interaction [22]. Our approach
in Chapter 3 also uses geometric primitives for editing objects in 3D, however, we
demonstrate that it is not necessary to accurately parameterize the objects for a
range of interactions.
Our application of parallax photography in Chapter 3 shares motivation with
viewpoint changes from a single image demonstrated by [23]. Their application
again has significant interaction to assign a depth to each segment. Tour into the
picture [24] allow users to make animations from a single image by changing viewpoints, but do not complete occluded regions or achieve a parallax effect.

Rendering 3D Models in Images. Recent applications combine images with 3D
models with impressive results in either editing the scene [25] or realistically compositing objects in the scene [26]. These require 3D models, that match objects in
the scene, to be available for edits to be made. This setup is the same as the one
used in Chapter 5, however, we focus on creating and transferring image-based edits to these scenes. In Chapter 3 we only use information from the original input
photograph and aim to use the depth information as go between the image and the
3D model. RGB-D images have become increasingly popular and many methods
have been proposed to address the common challenges of segmentation and depth
map completion [27, 28, 29].
Our Chapter 3 application of parallax photography can be compared with [30]
who create Parallax Photographs from LightField images. Their results are impressive but as a Lightfield is sampling the ray space the input is a lot richer (and
heavy-weight). Instead RGB-D images are much easier to acquire. However, the
simplicity introduces a number of new problems such as segmentation, occlusion
and image completion.

2.2

Sketching and Sketch-based Interfaces

This section discusses the literature around sketching and sketch-based interfaces
relevant to our tool in Chapter 4. The section covers assisted drawing tools, systems
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Figure 2.2: An excellent example of an assistive tool for learning to draw is The Drawing Assistant [31]. The tool generates automatic guidance over an input photograph and
interactive feedback to help novices learns drawing-from-observation skills.

for creating tutorials, theoretical research into drawing expertise and methods for
generating or utilising line drawings.

Assisted drawing. Various assistive tools have been proposed to assist a user
in sketching: Correcting user input based on geometric analysis of the users
input strokes [32, 33, 34]; relying on an underlying image to guide the user
[31, 35, 36, 37]; or using crowdsourced data (e.g., many sketches) to improve
the users drawing [38, 39, 40, 41, 42] at a local stroke level. Our work in Chapter 4
focuses on suggesting a meaningful drawing order and easy-to-construct guides
for accurate depiction of perspective and proportions. The mentioned related work
on Stroke correction or beautification is orthogonal to our main contribution and
may be used to complement the contour drawing phase of our sketching tutorials.
Other assisted sketching systems take as input 2D sketches and interpret them as
3D curve networks [43]. More advanced methods in the Sketch-based interfaces
literature [44, 45, 46] use 2D input to infer 3D geometry or surface normals for
complex shading. We focus on the automatic generation of sketching tutorials,
rather than automatic inference based on the sketched curves.

Tutorials. A good tutorial greatly facilitates understanding. Many attempts have
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been made to automatically generate high-quality tutorials for different applications. A digital drawing tutorial system was proposed by [47] that allows an expert
to create tutorials for novices. Tutorial generation systems [48, 49] for specific
sketching tasks have also been proposed, for example drawing a single scene with
pre-defined objects, or ‘eyes’. Grabler et al. [50] developed a tutorial system for
photo manipulation tasks. In contrast, the focus of our method in Chapter 4 is on
generating tutorials for sketching 3D models of man-made objects.

Drawing expertise. Tchalenko [51] found that novices and professional artists
have comparable accuracy when performing basic line drawing tasks (straight lines
and simple curves). However, in a follow-up study [52], he showed that when
copying complex artworks, novices made significantly more errors than artists. The
main difference in drawing strategy was that experts divided complex lines into
easy-to-draw short segments. Schmidt et al. [53] found that experts made qualitatively similar errors to non-artists, indicating that perspective drawing is hard, even
for trained users. Particularly for off-axis viewing angles, drawing error increased
significantly. In an observational study, Grimm [54] found that artists commonly
used a coarse-to-fine strategy starting with blocking shapes and finishing by drawing detailed items at the end. Our tool in Chapter 4 assists the user by breaking
the drawing process up into basic steps that are easy to execute and by explicitly
indicating vanishing line directions.

Line drawings. Many methods for generating stylized artistic renderings of objects
have been proposed (see [55] for a survey). We leverage stylization in Chapter 4 to
visually distinguish the various line types of our tutorials (perspective lines, guides,
contours, etc). Other researchers investigated which features artists typically draw
to convey 3D shape [56, 57, 58, 59]. Finally, [60] and [61] infer plausible contour
ordering from 2D and 3D inputs, respectively. While the derived sequences are
plausible, they are not tailored for tutorials and do not provide specific guidelines
to make them easy to follow.
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Figure 2.3: A seminal work in the style transfer literature is Image Analogies [62] proposed by Hertzmann et al. The framework allows the user to provide an input image (A),
a stylised version of that image (A0 ) and a target image (B). The algorithm then automatically generates an image (B0 ) such that its relationship to B is analogous to the relationship
between A and A0 .

2.3

Edit and Style Transfer

This section explores related work for our edit transfer tool in Chapter 5. It discusses 3D appearance editing as a form of edit transfer, 2D edit transfer algorithms
and parametric edit transfer techniques.

3D Appearance Editing. One approach to editing a 2D image of a rendered 3D
scene, then transferring the edit to global variations on the 3D scene, would be to
infer the 3D appearance edit. Having the appearance changed in 3D means the edit
would automatically be transferred to any 3D scene changes. Subsequently, there is
a significant body of work on manipulating the appearance of rendered 3D objects.
In particular, many of these methods help users adjust the output of physicallybased rendering techniques via “artistic” controls, such as scribble based material
appearance transfer [63], relighting a scene using a lighting paint brush [64], exploting image-space repetitions to transfer edits [65], or using voice to interactively edit
image edits [66]. These are summarized in a recent survey by Schmidt et al. [67].
While such controls are designed to facilitate the editing process, making specific
adjustments to visual elements of a rendered scene is often still quite challenging
given the complex interactions between light, materials, and geometry within most
scenes. Moreover, many edits that artists want to make are either non-physical in
nature (e.g., boosting and muting various highlights on an object) or much easier to
specify in image space (e.g., emphasizing rim lighting at specific object contours).
Finally, in some cases, the artist who creates the final, composited product image
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may simply have much more familiarity with 2D image editing tools than 3D software. As a result, in Chapter 5 we focus on image-based retouching workflows
rather than 3D appearance editing.
Another type of 3D appearance editing that is typically used for visual effects in computer-generated movies and animation is node-based compositing. For
example, Nuke [68] is a popular commercial tool that supports this type of compositing. In such tools, masks are defined based on object or material ids, and
a user-specified set of parameter adjustments are applied to the entire object or
material based on these masks in each rendered frame. In contrast, our goal is
to represent and transfer edits that are localized to specific parts of an object or
material.

2D Edit Transfer. Previous work proposes a wide variety of techniques that facilitate image editing operations [69, 70, 9, 65, 8, 71, 72, 5]. The most relevant to
our work are methods for transferring image edits across different images. Some
approaches leverage inter-image correspondences to transfer edits to different viewpoints of the same scene or people [73, 74, 75, 76, 77, 78]. However, even with
access to perfect correspondences, such methods are not sufficient for our problem
in Chapter 5, since many retouching edits relate to lighting-dependent features (see
Figure 5.9). An alternative approach is to use the editing history from the user interface [50, 79] or history inferred from the exemplar edit [80] to transfer edits to new
images. Our edit transfer method is agnostic to the sequence of editing operations
and only requires the final edited exemplar image. Our method builds on patchbased synthesis approaches [81, 82, 83, 84] to transfer edits. More specifically, our
contribution is a synthesis method adaptive to the user’s edits.
We can also view image-based style transfer techniques as a form of edit
transfer [62, 85, 86]. However, such methods also have drawbacks. The neural
network-based style transfer of Gatys et al. [86] can be difficult to control precisely.
Image analogies [62, 85] provides a different formulation, but determining the appropriate guidance channels to successfully transfer edits is non-trivial, as noted
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already in Section 5.1 and in Figure 5.2. In addition, all of the aforementioned
image-based techniques aim to transfer or synthesize the edit itself in the target
image. In contrast, our goal is to transfer spatially localized parameterized edits
that can be further refined by the artist.

Parametric Edit Transfers. Finally, some previous work has proposed techniques
for transferring parameterized edits in the domains of 3D modeling and 2D vector
graphics [87, 88, 89, 90]. These methods demonstrate the utility of parameterized
edit transfer for various content creation tasks. In Chapter 5, we present strategies
for supporting a related type of edit transfer in the context of image-based edits to
rendered content.

The following chapter is the first of our assistive tools. The tool focuses on
helping artists make 3D image manipulations to 2D photographs.

Chapter 3

An Image Degradation Model for
Depth-augmented Image Editing

Photographs remain the most popular medium to capture our surroundings. Although significant advances have been made in developing image editing tools,
some edits remain difficult. One of the key challenges when performing image
edits is to intelligently account for unknown scene geometry. To overcome this
challenge we explore an assistive tool for the specific task of generating parallax
photographs. Our tool takes a colour photograph as the input reference scene and
a coarse depth map as a second axillary scene representation. To create our assistive tool, we investigate how multimodal correlation analysis of the coarse depth
information and the photograph can be used to address some of the fundamental
challenges in image editing namely producing correct perspective, handling occlusion, and obtaining segmentation. To this end, we propose a novel image degradation model that predicts how well an image edit can be performed in presence
of coarse depth information. Technically, we create proxy geometry to summarize
available depth information, and use it to predict occlusions and ordering between
image patches, complete occluded regions, and anticipate image-level changes under camera movement. We evaluate the proposed image degradation model in the
context of parallax photography from single depth images.

3.1. Introduction
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Introduction

Images remain the most dominant and ubiquitous of visual mediums. A vast selection of tools exists supporting various image editing and manipulation tasks. Typically, users are interested in manipulating scene content or camera pose in order to
mimic being in the original 3D scene. However, the lack of actual geometry and
depth information makes such edits theoretically impossible to perform correctly.
Beyond full scale 3D acquisition, one can alternatively capture a lightfield of
the scene to accurately support many advanced manipulations (e.g., change in camera pose, simulate depth of field effects, etc.). This, however, comes at the cost of
specialized and costly imaging setup. In this paper, we show that even very coarse
and incomplete depth information can vastly simplify many image processing tasks.
This is particularly relevant given the growing ubiquity of depth sensors that capture high resolution RGB information with loosely synchronized noisy depth information. We demonstrate such depth information can be used to plausibly handle
occlusion, perspective, and completion effects — all from single view inputs.
More interestingly, we propose an image degradation model that predicts the
success likelihood of a proposed manipulation. The motivation behind the degradation model comes from two observations: (i) image completion algorithms are limited and can leave undesirable artefacts and (ii) by introducing depth information to
an image it enables the control of occlusions by changing camera viewpoint. The
objective of the image degradation model is to identify poorly completed regions
and prevent them from being revealed. Technically, we use the rough depth information to help create a planar proxy based abstraction of the input image. We propose an iterative algorithm to segment the input, while estimating the corresponding
planar proxies to act as billboards for the respective segments. The information is
then used to create a layered set of planar proxies with infilled and clipped textures
per layer. Finally, we estimate a degradation score for new camera poses to predict
the plausibility of the synthesized image composition.
We evaluate our framework in the context of creating parallax videos from
single images. This application demonstrates a number of the challenges including
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Figure 3.1: Example RGB-D input: Point cloud rendered from original camera pose (left)
showing large regions of missing depth information labeled in red. When rendered from
a different camera pose (right) the point cloud reveals many points have mislabeled depth
values. The coarseness of the data emphasises the need for decomposing the scene into
geometric proxies.

segmentation, image completion, perspective, occlusion and depth ordering in one
use-case. We evaluate the proposed method on a variety of scenarios with both
planar and non-planar objects, with and without texture.

3.2

Overview

Our application takes as input a single registered RGB-D image captured using a
camera and calibrated consumer depth sensor. The RGB-D inputs have high density
RGB measurements, but poor and incomplete depth information (see Figure 3.1).
The goal is to utilize the available information to create an image degradation model
to predict how successful typical image manipulations will be. In other words,
the degradation model characterizes edits as simple, or difficult and likely to show
artifacts.
In order to build such a model, we analyze an input RGB-D image to create
an intermediate representation. Specifically, we segment the input (either automatically or semi-automatically), billboard-approximate them using planar proxies, obtain the relative ordering of the respective planes, and infill the occluded regions for
each segment. We then build an image degradation model that captures the plausibility of the infilled pixels. The effectiveness of the proposed image degradation
model is evaluated by using it to find suitable camera paths to create aesthetically
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Figure 3.2: Method overview: (a) Input RGB + depth image; (b) incomplete point cloud
with noisy data (note the misalignment of RGB and depth); (c) segmentation, primitive
fitting, and depth completion; (d) occlusions identified and infilled using the primitives
(shown for one segment); (e) degradation model built for infilled pixels; (f) decomposed
and completed layered scene; and, (e) new view synthesized from user defined camera pose
is flagged by the degradation model as undesirable.

pleasing parallax photographs from single images.
Our pipeline (see Figure 3.2) has three stages: (i) Scene decomposition and
completion wherein we propose an iterative approach for image segmentation,
depth map completion, and planar proxy fitting. These primitives are then used to
determine occlusions and improve image completion. (ii) An image degradation
model is then created consisting of a degradation score for each of the occluded
pixels in each segment, completed in the previous step, representing the plausibility
of the completed pixel. The degradation model consists of a spatial term and texture
term. The intuitive idea behind these terms is that pixels close to known pixel values
and in a low texture region should receive a low degradation score, versus those
far from known pixels with a large amount of texture variations. Finally, we use
the decomposed and completed scene with the computed degradation model in the
(iii) camera path generation for a parallax photograph. Starting from user specified
camera key frames artists can utilize the degradation model to find a good camera
path between them.
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Contributions. Our key contribution is an approach to use coarse depth to simplify
image manipulation tasks. Central to this is a novel image degradation model that
captures the quality of synthetic regions of images. Additionally we propose a
method for creating proxy geometry to summarize coarse depth information and
exploit these proxies when dealing with common challenges such as segmentation,
occlusions, and perspective changes.

3.3

Method

All of our RGB-D images are captured using an Apple iPad and Occipital StructureSensor. The StructureSensor has a range of 0.4m to 3.5m+ with precision 0.5mm at
40cm, 30mm at 3m. In practice the upper bound is further but precision degrades,
which, our pipeline mitigates. We use Occipital’s calibration app to register the
color and depth channels.
The RGB-D images are input into our system (see Figure 3.2 for pipeline).
We convert the data to a point cloud and estimate pointwise normals using local
PCA fitting. Note that the data is largely incomplete (marked in black in the depth
channel) and also there is misalignment between color and depth channels as seen
in the point cloud. The scene is then segmented using color and depth information
(automatically or with user guidance), abstracted with planar primitives, and completed using guidance from the obtained primitives.

3.3.1

Scene Decomposition and Completion

The main goal of this step is to simultaneously performs segmentation, planar
primitive fitting and pixel assignment. We couple these three steps in an iterative
approach that reassigns pixels to primitive to improve the segmentation and obtain
improved primitive fits. Figure 3.3 shows an example.

Scene decomposition. First, we segment the RGB image into SLIC SuperPixels [91] (Figure 3.3c) and fit planar primitives to the different segments. We encode
the fitted primitives in the normal-intercept form as n · p + d = 0. We cluster the
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Figure 3.3: Scene decomposition: simultaneously performs segmentation, planar primitive
fitting, and pixel depth assignment a) Input RGB image b) Input depth map; note incomplete
and missing regions c) SLIC Superpixels computed and planer primitives fitting d) Clustering of SuperPixels plane primitives e) Alpha-expansion graph-cut at SuperPixel level f) First
iteration of alpha-expansion graph-cut on pixel level g) First iteration of planar primitive fitting and depth map completion h) Final image segmentation i) Final primitive fitting and
depth map completion j) Final segmentation and 3D proxies

superpixel plane primitives using k-means in the R4 space. Empirically, we found
k = 20 provided good results (Figure 3.3d). We again fit planar proxies to the superpixel clusters to obtain a rough initial segmentation. Essentially, the clustering
step links superpixels sharing similar fitted planes. This allows non-locally linking
superpixels, for example walls are identified to be coming from the same plane even
under occlusion.
An alpha-expansion graph cut [92] is used to improve upon the initial superpixel segmentation. The graph cut allows (k + 1) possible labels that a superpixel
could be assigned, representing the current segments and their primitives from the
superpixel clustering, and an additional possible assignment of a plane at large distance away. We use a unary cost for each label that encourage the average distance
between the label’s plane primitive and all points in a superpixel to be small and the
average angle between point normals and plane normal to be similarly small.
1 N
Eu (i) := ∑ (|pi · n prim + d prim |) + λ exp(−|nsp · n prim |).
N i=1
In our tests we set λ = 1000. Note that for pixels with no assigned depth value (i.e.,
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missing depth) we skip the unary term. If a whole superpixel has no depth data then
it is given a uniform cost for all primitives.
The pairwise cost for the graph encourages the neighbouring primitives to have
similar color and depth as:
E p (i, j) := α exp(−|ci − c j |) + β exp(−|di − d j |)

(3.1)

where, cx and dx respectively denote the mean color and depth values assigned to
the current segmentation primitives and normalized between 0 and 1. We used
α = 1000 and β = 200 in our tests. Again, we exclude the depth term here if one of
the pixels in a superpixels have no associated depth value. Finally, we refit planar
segments to the updated segmentation results. The SuperPixel level graph cut can
be seen in Figure 3.3e.
We then iteratively refine the segmentation and depth map but now working at
the pixel level. Each of the three iterations consists of performing a pixel level alpha
expansion, updating the primitives, and updating the depth map. Specifically, the
alpha expansion uses the same terms as previously. However, as we are working at
the pixel level the point to primitive distance is no longer averaged, nor is the color
or depth term in the pairwise cost. We update the depth map by setting each point’s
position as the ray-plane intersection for the assigned primitive. In the first iteration, we only reassign the pixels with already known depth to correct flying pixels.
Subsequently, we visit the remaining pixels to also fill in regions with missing depth.

User assistance. In complex scenes, the above approach can fail to detect small
objects, or very similar objects (in depth and color) can be wrongly merged. This
is particularly a challenge for mid to far objects, where the corresponding depth
precision is particularly poor. In such cases, we allow the user to scribble objects
as specific segments. From the scribble marked regions, we compute the region’s
mean color, cµ , point normal, nµ , and depth value, dµ . Using region growing,
we append neighboring candidate pixels p to the current region if the following
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conditions hold:
|cµ − c p | < λc AND dµ − d p < λd

AND

n µ · n p < λn

where, λc = 65, λd = 0.3(dmax − dmin ) and λn = 25◦ . This rough segmentation is
then used instead of the output of the SuperPixel level alpha-expansion, and we
continue with the iterative segmentation, primitive fitting and depth map completion at the pixel level as previously described.

Billboarding. Note that we do not require the segmented regions to be planar.
While it is possible to work directly with the 3D pointcloud segments, we demonstrate that billboarding the pointset is a much simpler and sufficient for many of
the target applications (cf., [93]). This drastically simplifies subsequent processing
steps while we can still plausibly handle perspective and occlusion effects. However, some segments are not well approximated by a plane and in some cases result
in a plane with poor orientation. Hence, we identify the non-planer segments based
on the corresponding fitting residue, and ‘billboard’ them fronto-parallel. Specifically, we assign the points to a plane with a normal facing the camera. This avoids
inaccurate planes being fitted to an object, causing issues later in our pipeline. We
found for scenes with a large range setting the residue threshold to 2000 best, scenes
with medium range 1000 and small range scenes 300.

Occlusion map. Next, we identify which regions on the primitives are occluded
by foreground objects. For each pixel we find the 3D point on each primitive using
ray-plane intersection. If the point’s depth is greater than the associated value in
the completed depth map and the pixel for this segment has no color information
(i.e., is not visible in the input image), we mark it as occluded. After searching over
all the points in a layer, we test if the marked occluded regions are connected to a
region on the primitive that is visible. This removes false positive occlusions when
the object has actually ended, but this is not known at the primitive level. We further clip the primitives by extending the visible edges into the occluded regions.The
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Figure 3.4: Image Completion: (a) Segments in their original position from input image
(b) Segments made front-parallel to the camera using 2D homography (c) Occluded regions
determined and infilled using PatchMatch (d) Infilled segments returned back to original
pose.

result for each layer are pixels marked as being occluded that need to be infilled.

Fronto-parallel image completion. The final step is to complete the occluded regions. As has been observed by [94] image completion works better with planer
surfaces. As our scene is positioned around the depth sensors optical center, we
transform each primitive so it is fronto-parallel with the camera by finding the
rotation between the primitive’s normal vector and the vector pointing down the
negative z-axis. We apply this transformation to the points in 3D, and find the corresponding 2D homography and apply it to the image (see Figure 3.4). Thus we
exploit the planar proxies to obtain fast and light-weight image warping.
To deal with shadows before performing image completion, we grow the
depth-occluded pixels slightly to include some visible pixels, removing any shadowing artefacts. We used the Photoshop implementation of PatchMatch [9] for
image completion. We warp the new completed image back to the original pose by
applying the inverse rotation.
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Image Degradation Model

We can use the created scene abstraction to propose a simple image degradation
model that predicts plausibility of image manipulations. In other words, it provides
a confidence score for the quality of the infilled pixels from the previous step and
penalize bad ones if they are revealed by proposed image manipulations. The overall degradation of the image is then the sum of pixel-level degradation scores visible
in the image. For example, in the case of parallax photography from a single image,
the degradation score is zero when the camera is at the origin, and increases as we
move further from the original camera pose, however, not uniformly in all directions. Hence, the score can inform the user which directions to pursue, and more
importantly which ones to avoid.
Our proposed per-pixel degradation score consists of two terms: a spatial term
measuring proximity to known pixels and a texture term measuring the plausibility
of infilled textures.
The spatial term captures the intuition that deeper inside occluded regions, our
guesses will have access to less local information for clues. We compute it by
using a breadth-first region growing approach starting at the boundary of known
and unknown pixels. The boundary grows by adding any of the occluded pixels in
the eight-connected neighborhood of the current boundary. We repeat the process
until all unknown pixels have been visited. The degradation score is set to 1 for the

Figure 3.5: Degradation Model: The heat-maps visualize the degradation model for one
segment. The spatial term (left) gently degrades the further known pixel values. The texture terms (middle) shows greater degradation around the sharp texture boundaries of the
checkerboard pattern but low degradation in the centre of squares. The combined final
term (right) shows how high textured regions close to known values will receive a moderate
score; such regions further from known pixels receive a high score.
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first layer and increments on each iterations.
The texture term captures the intuition that uniform (or structured) regions are
more likely to be plausibly infilled. We compute it using a similar region growing
approach. As the boundary region grows the degradation score is the average sum
of absolute difference between each pixel and its (2k + 1) × (2k + 1) neighbourhood
of visited or visible (i.e., known) pixels as:

texture(i, j) :=

k
1 k
∑ ∑ |I(i + x, j + y) − I(i, j)|.
N x=−k
y=−k

where, N is the number of pixels in the neighbourhood that have been visited and
the neighbourhood width k = 10. We estimate the final degradation score for a pixel
simply as product of the two terms. Figure 3.5 shows an example.

3.3.3

Novel view synthesis

We can now use the layered texture-infilled planar proxies to generate novel view
images, and also score the plausibility of the synthesized view using the proposed
degradation model.
In the context of parallax photography, we have to generate a new image for
each camera view along a path. The path is defined by the user who selects two key
frames parameterized by camera location and rotation; the remaining poses on the
path are linearly interpolated. Changing the camera pose is equivalent to applying
the same transformation to all of the points in the scene, so our camera actually
stays in one place and the scene is moved. To generate the new image equivalent
to moving the camera position we warp the planar proxies to a new pose using
homographies. To find the homographies we simply transform all the 3D points
by the transformation from the original camera pose to the new pose, and project
them onto the image plane. We store the points’ original positions in the image
plane and their new positions. Then, we estimate homographies to map the two
sets of points using a RANSAC-based approach from the OpenCV library. Finally,
we transform the points back to their original positions. We create the final image
composite using the painters algorithm, iterating over the layers, and updating the
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input image

synthesized image
(low degradation)

synthesized image
(high degradation)

degradation map (low)

degradation map (high)

Figure 3.6: Novel View Synthesis: Input image (top) is used to create two novels
views (middle) with degradation models (bottom). The left example has a low degradation score as the revealed region only has moderate texture and is close to known pixels.
The right example has a high degradation score as it reveals a high texture region and far
from known pixels.

output image pixel if a lower depth value (closer to camera) is found. Figure 3.6
shows some example novel views and their degradation models.

3.4

Results

We evaluate our framework for creating parallax photographs with the degradation
providing feedback on the quality of the results. Figure 3.7 shows both of these in
action in a variety of settings; video results can be found on our project webpage1 .
1 http://geometry.cs.ucl.ac.uk/projects/2015/degradation

model/
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layered + infilled
3D scene abstraction

novel view synthesis
(low degradation)

novel view synthesis
(high degradation)

Figure 3.7: From top to bottom scenes: office, kitchen, living room, park1, park2. In each
row, we show the input RGBD image, the abstracted layered scene, novel view synthesis with low degradation (inset showing degradation map), novel view synthesis with high
degradation (inset showing degradation map), respectively.

All the scenes are captured using a StructureSensor. Please refer to the accompanying video for full sequences.
Figure 3.7-kitchen shows how occluded regions can be determined and completed effectively. The book stand, which is partly occluded by the cereal box is
reliably infilled (due to fronto-parallel rectification) and still ensures that the background remains visible.
We demonstrate how we can deal with large regions of missing depth, due to
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range limitation of consumer depth sensors, by allowing segments be approximated
by a far away plane in Figure 3.7-park1 and Figure 3.7-park2 . In these scenes, we
are still able to have a parallax effect with only two proxies in the scene.
The two statues in scenes park1 and park2, the pot in scene kitchen, and the
table a chairs in scene office show how non-planar objects can be approximated
by a plane primitive. By using the plane fitting error we can identify such objects
and set their normal facing the camera and using the segments centroid. This does,
however, lead to inaccurate perspective scalings in scene-office. Note that for nonplanar objects, we can also add a degradation term for views deviating from frontoparallel projection.
For each scene, we give examples of synthesized views with low and high
degradation scores. Qualitatively, the degradation models captures image blemishes
reasonably. For example, in the scene-office, moving the camera too far into the
scene reveals a poorly infilled region that gets flagged by a high degradation score.
In scene-kitchen, panning right and forward reveals a much smaller segment on
high-texture infill, compared to panning right. Similarly with the scene-living room
the poorly infilled floor is also flagged by the degradation model.
Some of the scenes required user-interaction for the segmentation step. Figure 3.7-office required the table legs to be highlighted to ensure the legs were
segmented with the table top; Figure 3.7-kitchen required user interaction to ensure
the orange tray was assigned to the back wall, not the wooden stand; and Figure 3.7living-room required the sofa and chair to be tagged as separate objects.

Depth of Field. The primitive abstraction and depth can be used in creating a
depth of field effect, see Figure 3.8. The user can control the camera’s depth of
field by setting a focus depth value and range: pixels within the depth of field
remain the same but those outside are blurred with a Gaussian kernel. To get
the complete depth of field effect the variance parameter for the Gaussian Filter is
made dependent on the difference in each pixel’s depth with the depth of field range.
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Figure 3.8: Depth of Field: A DoF effect can be created using the primitives. The left
image shows the first frame of parallax photograph with the book currently in focus. The
right image shows the final frame with the checkerboard in focus. Throughout the sequence
the camera’s depth of field remains the same but as the camera moves forward the object in
focus changes.

Limitations. Our approach works best when there are only a handful of intersecting
primitives. In scenes such as Figure 3.9 where there are too many intersecting
primitives in close depth proximity and appearance, we are unable to segment and
fit primitives correctly. The problem is complicated as the noise level in the depth
measurement is higher than the depth separation of the scene planes. The initial
synthesis looks plausible for small view changes, but when the user makes bigger
view change it reveals glaring artefacts breaking the illusion.
We only used planes as proxy geometry in our implementation. While we
demonstrated that planes can solve many of the challenges, more complex primitives are likely to provide more interesting results. For example, cylinders, where
appropriate, would provide more accurate occlusions and perspective changes as
the camera moves.

3.5

Closing Remarks

We have presented an assistive tool that can aide artists in creating parallax photographs from single depth images. Central to creating this tool is understanding
the signals present in both an input photograph and depth image. Understanding
these multimodal signals allows us to predict occlusions and ordering between im-
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Figure 3.9: Failure Case: For this input scene (left) where there are many intersecting
objects we are unable to accurately fit primitives and determine occlusions (right). Without
accurate proxies we are unable to correctly complete the scene or synthesise new views.

age patches, complete occluded regions, and anticipate image-level changes under
camera movement. We argue that empirically we demonstrate that artists can more
easily generate accurate parallax photographs from a single depth image by simply
selecting two key frames, rather man manually creating each frame in the sequence.
We additionally qualitatively evaluate the accuracy of the image degradation model.
We argue that the tool meets the objectives set out for assistive tools, however, more
vigorous evaluation via a user study could support this more strongly.

Subsequent Work. Since this work was published there have been several advances in semantic segmentation [11, 12, 13, 14, 15, 16] and image completion
[17, 18]. In future work we would like to evaluate the image degradation model
using these more advanced algorithms in our pipeline. Potentially, the improved
segmentation could help with more accurate primitive fitting. Moreover, with improved data-driven image completion, it would be interesting to further evaluate the
accuracy and usefulness of our image degradation model.

Next, in Chapter 4 we explore a very different type of assistive tool that generates sketching tutorials for novice artists. To enable this tool we use a reference
scene of a 3D model and through some geometry processing generate alternative
representations that can be used to enable our assistive tool.

Chapter 4

Generating Easy-To-Follow Tutorials
for Sketching 3D Objects
Accurately drawing 3D objects is difficult for novices, as it requires an understanding of perspective and its effects on geometry and proportions. Step-by-step tutorials break the complex task of sketching an entire object down into easy-to-follow
steps that even a novice can follow. However, creating such tutorials requires expert knowledge and is time-consuming. As a result, the availability of tutorials for
a given object or viewpoint is limited. In this chapter we present an assistive tool
How2Sketch (H2S) to address this problem. H2S automatically generates easy-tofollow sketching tutorials for arbitrary 3D objects. Given a segmented 3D model
and a camera viewpoint as an input reference scene. H2S computes a sequence
of steps for constructing a drawing scaffold comprised of geometric primitives,
which helps the user draw the final contours in correct perspective and proportion.
To enable this we use multiple representations of the input reference scene, a 3D
model. Specifically, we generate different possible candidate variations of scaffolding primitives that approximate the segmented 3D model. The algorithm analyses
the candidate scaffolding primitives and solves for an ordering among them that is
easy-to-follow. Specifically, H2S explicitly wants to allow small geometric modifications to the size and location of the object parts to simplify relative positioning.
Technically, we formulate this scaffold construction as a single selection problem
that simultaneously solves for the ordering and geometric changes of the primitives.

4.1. Introduction
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Introduction

The ability to draw real-world objects is a useful and important skill across many
disciplines. Product designers draw daily as they generate and refine product ideas,
fine artists may spend hours in figure drawing classes learning how to replicate a
shape from the real world, while hobbyists use sketches for visual expression. Still,
sketching requires skill and practice. One of the major challenges in drawing realworld objects is learning to draw what you see rather than what you know [95]. A
simple cylinder, for example, is known to have a circular cross-section with equal
widths at the top and bottom. However, when we actually see a cylinder, it is subject
to perspective distortion: circles become ellipses while projected radii diminish with
distance from the viewer.
Tutorials are commonly employed to teach novices how to draw a specific
object using correct drawing practices. Manual authoring such tutorials requires
significant expertise and time commitment even for trained artists. Consequently,
objects and viewpoints in existing tutorials tend to be limited and are chosen by the
expert, rather than the users of the tutorials. To address these issues, we present
an approach for automatically generating easy-to-follow tutorials for drawing partsegmented 3D models from user specified viewpoints. Figure 4.1 shows parts of a
step 6/28
step 6/28

step 7/28
step 7/28

step 9/28
step 9/28

step 15/28
step 15/28

step 24/28
step 24/28

step 28/28
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(a)
(a)easy-to-follow
easy-to-followtutorial
tutorialsteps
steps(only
(onlyaafew
fewshown)
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(b) user sketch(b) user sketch

Figure 4.1: (a) We present How2Sketch, a system that automatically generates easy-tofollow tutorials for drawing 3D models. Each generated tutorial presents a list of steps
for drawing scaffolding primitives that help the user draw the object in correct perspective.
To help the user draw the scaffolding, the tutorial shows how to construct guidelines that
anchor object parts relative to one another. User study feedback on the tutorials indicates
that users feel they are able to create more accurate drawings (b).
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tutorial generated by our system and the drawing by one of our study participants
based on that tutorial. Our algorithm targets man-made objects where part relations
and proportions tend to be inherently meaningful and crucial for accurate depiction.
Inspired by instructional books and online tutorials, we take explicit steps to
make a sketching tutorial easy-to-follow:
i. Focus on accurate inter-part proportions and relations via a drawing scaffold,
followed by detailing of the object contour;
ii. Proceed in a coarse-to-fine fashion, where object parts are abstracted as primitives (e.g., cuboids, cylinders) over several levels of detail to build up said
scaffold;
iii. Propose a particular drawing order among the scaffolding primitives such
that those sketched later can be easily anchored (i.e., drawn with guidance)
off already drawn primitives; and
iv. Provide explicit steps for the construction of guidelines to accurately anchor
the scaffolding primitives.
Our key observation is that in easy-to-follow tutorials the dimensions and arrangements of object-parts tend to have ratios that are easy to construct. For example, it is easier to construct the center line of a rectangular face compared to
its one-fifth line. Tutorial authors choose to construct with such ‘easy ratios’ to
simplify the drawing process and to focus on the procedure, rather than incidental
and arbitrary measurements (see Figure 4.2). To apply this technique to existing
objects, How2Sketch proposes small geometric changes while keeping overall deviations from the source model minimal. Since in each step new primitives and
guidelines are anchored with respect to those drawn in the previous steps, the ordering of steps significantly affects the simplicity of ratios that can be employed,
and the incurred geometric approximations. This tight interdependence between ordering of primitives and their geometric changes makes the problem non-trivial. A
further challenge is to preserve the original inter-part relationships of objects, even
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Figure 4.2: A step-by-step sketching tutorial for drawing a car, ©Czajkowski. The task is
made simpler by breaking it into steps and by providing guidance about part proportions
and alignments.

under geometric perturbations. For example, in Figure 4.1 the coaxial relationship
between the mixer bowl and mixer blade is preserved.
Technically, we map the geometric adjustment and ordering of parts to a single
selection problem. We first generate a set of potential candidate primitives by enumerating different anchoring possibilities. Since such anchoring requires drawing
guidelines, and some guidelines are easier to construct than others, the algorithm
prefers anchoring possibilities that rely on easy-to-construct guidelines, such as the
top edge, bottom edge, center line, etc., of existing primitives. Our key insight is that
the problem of geometric adjustment and ordering of parts can be simultaneously
solved by selecting an appropriate subset from the candidate primitives, in order to
balance between geometric changes and ease of constructing necessary guidelines.
We test our algorithm on a range of examples and evaluate our algorithmically
generated easy-to-follow tutorials with a user study, which finds that H2S tutorials
can help both with objective as well as perceived accuracy of sketches, and are
easier to follow.

4.2. Learning How to Sketch
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Learning How to Sketch

To inform the design of How2Sketch we studied several drawing books [95, 96,
97], consulted various sketching websites (e.g., Sketch-A-Day [98], Draw-A-Box
[99]), carried out an expert interview with a professional artist, and participated in
a drawing course.
Through this process we found that effective tutorials for drawing 3D objects
typically include the following:
• Parts are approximated by geometric primitives: Plane, cubes and cylinders
are heavily used to approximate shapes. They are easy to construct and verify
visually.
• Steps are coarse-to-fine: First, the overall object is scaffolded with approximate shapes, followed by finer contour details. Primitives are drawn sequentially, in optimized order.
• Anchor shapes to each other: Shapes are drawn with respect to previously
drawn shapes, to aid with correct placement and proportions. Instructions for
positing shapes relative to each other use simple measurements (e.g., draw
box half way down the side, draw circle in the center of the rectangle), etc.
• Vanishing lines for perspective: Vanishing points are explicitly indicated to
aid the user to draw correctly.
How2Sketch supports the above tutorial features as follows:

(a) Scaffolding primitives. How2Sketch utilizes scaffolding primitives to geometrically approximate each segmented object part. The system supports planes,
cuboids, cylinders, and truncated pyramids, as they allow for planar guidelines to
be used, which are simple to construct, and cover a wide range of shapes. (Note that
in our visualization, cylinders are shown as axis-aligned bounding boxes, since the
box faces are used for providing guidance for drawing ellipses for cylinder caps.)
In addition to scaffolding, we guide users in drawing ellipses to better approximate
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some shapes.

(b) Ordering. Our algorithm provides the relative ordering of the scaffolding primitives. Further, How2Sketch offers detailed, sequenced instructions for constructing
primitives.
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(d) extend guide
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(e) alignment guide

(f) perspective guide

Figure 4.3: Our system supports different forms of guidelines for drawing coplanar proportions (a-d), for anchoring alignments (e), and for previewing 2-point perspectives (f). Please
refer to Sec. 4.2.

(c) Placement, alignment, and proportions. We support a set of coplanar guidelines (see Figure 4.3). Given a face ABCD, its diagonals help construct the 1⁄2
line EF (Figure 4.3a). Two levels of 1⁄2 lines produce a 1⁄4 line GH (Figure 4.3b);
while intersecting a diagonal BD with line CE produces a 1⁄3 line IJ (Figure 4.3c).
Similarly, we support extrusion towards a vanishing point as in Figure 4.3d where
ABCD is extended by reflection to form BCLK such that AB = AK. Finally, we also
support alignment, as in Figure 4.3e, M 0 N 0 is aligned with MN.

(d) Perspective. To provide perspective information, we show the vanishing points
(if within the drawing area) and also show the vanishing lines leading to them (Fig-
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ure 4.3f). How2Sketch supports sketching in 2-point and 3-point perspective.

4.3

Generating Sketch Sequences

Given a 3D object (S) segmented into parts and a desired viewpoint, our goal is
to establish an easy-to-follow sequence for drawing the object, starting with the
scaffolding and progressing to the contour details. We make it easier to draw the
scaffold by actively making small part-level geometric changes to facilitate relative
anchoring using a set of guidelines.
As described in Section 4.2, we have adopted simple procedures to accurately
draw guidelines at easy-to-construct ratios (1⁄2, 1⁄3, 1⁄4, 1×, 2×, etc). Object part
positions and sizes in the original models, however, rarely conform to such ratios.
Hence, we propose to modify object parts, so that they end up with part relationships
that are easy to draw. We motivate this choice twofold: (i) Scaffolding primitives in
tutorials like those generated by H2S are already approximations of real geometry
and thus contain a measure of error. Some of this error can actually be compensated by adjusting the fit of contours within the scaffold. (ii) Accurate estimation
of lengths and ratios is difficult, even for experts, so errors are almost unavoidable.
By enforcing that parts relate via simple ratios for which reasonable geometric constructs can guide the user H2S can minimize per-part error and make better global
decisions about how to distribute the overall error.
Our algorithm proceeds in three main stages (see Figure 4.4): (i) generating
part-level primitives and encoding inter-primitive relations; (ii) creating primitive
Table 4.1: Notation table.
symbol
S
Pi
Ri, j
Cj
Ckj→i
C∗i
χ(X)
Λ

denotes
input part-segmented model
primitive corresponding to the i-th part of S
relation between primitive pairs (Pi , Pj )
Parent candidate that can be used for anchoring
candidate for the i-th part primitive with (anchoring) parent from the
j-th part primitive, where k denotes the k-th such instance
set of all the candidate primitives generated for part primitive Pi
indicator variable corresponding to the selection of X
assignment of indicator variables denoting a set of selected candidates
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segmented
input model

generate
primitives & relations

create
primitive candidates

select
valid + desirable cand.

create
tutorial

view point

Figure 4.4: System Overview. Starting from a segmented input model and a user-specified
viewpoint, How2Sketch generates easy-to-follow step-by-step tutorials. The system automatically makes subtle geometric modifications to simplify the tutorial steps.

candidates based on various inter-primitive anchorings strategies; and (iii) selecting
a valid and desirable set of primitives among the candidate selections. The result
implicitly encodes how to geometrically modify each part (both their dimension
and placement), and in which order to draw them. Intuitively, our algorithm produces an easy-to-follow primitive drawing sequence at the cost of deviating from
the original geometry in a controlled fashion. We now elaborate each step. Please
refer to Table 4.1 for symbols used in the following.

4.3.1

Generating Primitives and Inter-part Relations

H2S takes as input a pre-segmented 3D model and abstracts the model parts with
primitive shapes. In our implementation we support planes, cuboids, cylinders, and
truncated pyramids (see Figure 4.5a). For each part of the input model S, we use
least-squares to fit different axis-aligned primitive types and take the one with the
smallest residual. In case of ties, we prefer the simpler primitive. We denote the
primitive for the i-th part as Pi (the type of primitive is not explicitly indicated in
this notation).
Man-made objects often have dominant inter-part relations. We found it desirable to preserve such relations in the generated tutorials. Hence, we first detect such
inter-part relations and later preserve them in the generated tutorials. We simply test
(see [100]) each pair of primitives Pi and Pj for any (supported) relations. In our
implementation, we handle coplanar, coaxial, and common bisector plane relations.
In case of multiple relations between a pair of primitives, we prefer common bisector plane over coaxial over coplanar. We represent a relation using a binary variable
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cuboid
truncated
pyramid
common
bisector plane

cylinder
plane

(a)

(b)

Figure 4.5: Given a part-segmented input model S (top-left inset), the system abstracts the
parts as different primitives (a) and identifies inter-part relations. For example, here the
mixer bowl and mixer head primitives share a common bisector plane.

Ri, j where i and j respectively denote the primitives Pi and Pj (type of relation is not
explicitly indicated in this notation). If a relation is present, we mark Ri, j = 1 and
Ri, j = 0 otherwise. Figure 4.5 shows some examples.

4.3.2

Creating Candidate Primitives

We now describe the candidate primitive generation step that creates additional
primitives based on possible anchoring strategies. We use C∗i to denote the set of
all the candidate primitives generated corresponding to the primitive part Pi . Since
the original primitives (e.g. P1 , P2 and P3 in Figure 4.6) are always candidates, we
start with C∗i := {Pi }. We generate candidate primitives in three stages:
(i) For each pair of primitives Pi and Pj , we generate candidates of the form
Ckj→i , where j → i indicates that a candidate is generated for primitive part Pi and
is anchored off Pj with k denoting different anchoring possibilities. For example,
parts can be anchored based on different guidelines described in Section 4.2 for
different face- or plane-based anchors. We append these candidates to the respective
candidate sets as: C∗i ← C∗i ∪ {C1j→i ,C2j→i , . . . } (see Figure 4.6b).
(ii) The small part modifications introduced during anchoring in step (i) may
violate some of the relations Ri, j . For each pair of primitives (Pi , Pj ) sharing a
relation, we add additional primitives to their candidate sets to restore the relations.
Specifically, corresponding to a candidate of the form Ckj→i (created in stage (i)), we
0

0

k
k
k
create a new candidate of the form Ci→
j such that C j→i ↔ Ci→ j are similarly related
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(b)

(a) P1

y

P3
P2

1
C1→2

1/2

2
C1→2

1/3
1/4

3
C1→2

x

(d)

(c)

0

k
C2→3

Figure 4.6: (a) Starting from initial primitives P1 , P2 , P3 , for each pair of primitives we
generate several adjusted primitive candidates. Candidates are generated for each axis independently, for example, in (b) we show how using P1 as a parent several P2 candidates
1 ), 1/3 (C 2 ) and 1/4 (C 3 ) guides on
are created by aligning its top edge to the 1/2 (C1→2
1→2
1→2
k
the y-axis. (c) As P2 and P3 have a co-planar relation for each C1→2
candidate a new P3
k0 ) is generated restoring this relation. This process is repeated both in the
candidate (C2→3
other dimensions and to generate second-level candidates (see Section 4.3.2) to generate the
full set of candidates (d). This is an illustrative figure in 2D with only some of candidate
primitives shown.

as in Pi ↔ Pj . We append all such relation-based additional candidate primitives to
0

k
the respective candidate sets, i.e., C∗i ← C∗i ∪Ci→
j (see Figure 4.6c).

Note that in the above a candidate is allowed to be anchored from one or multiple parents, as each axis can be independently anchored. Additionally a candidate
can be partially unguided (e.g., the width and length of cuboid is guided but the
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height is not) or completely unguided (e.g., it is simply the input primitive) (see
Figure 4.6). We defer further details to the implementation section. (iii) We allow
second-level candidates, i.e., candidate primitives as generated above are allowed
to act as anchors for other primitives creating a hierarchy. To this end, we simply
k
iterate one more time stage (i) and (ii) (e.g., in Figure 4.6d candidates C1→2
create

second-level candidates for P3 ). Note that before starting this step, we remove the
undesirable candidate primitives with large changes in geometry or relative placements (more details in the implementation section).
At the end of this stage, we have a set of candidates for each part Pi of the
input model resulting in the super set of candidate primitives of the form {C∗i } (see
Figure 4.7).

4.3.3

Selecting Candidate Primitives

Having generated multiple candidates, our remaining task is to select a set of valid
and optimal candidates, as explained next.

Valid candidate sets. We first characterize the notion of valid selections. We
use indicator variables χ(X) to denote if a candidate primitive X is selected (i.e.,
χ(X) = 1) or not (i.e., χ(X) = 0). We have χ(Ckj→i ) ∈ {0, 1} for each Ckj→i ∈ C∗i .
Let Λ denote a particular assignment for the indicator variables for all the candidate
primitives.
Among the various possible selections, not all the subsets of candidates of the
form Λ constitute valid selections. A valid selection of candidates should satisfy
three conditions:

i. For each part of S, exactly one candidate primitive should be selected;

ii. If a selected candidate primitive is anchored off one or more parent (candidate) primitives, then its parent primitive(s) must also be selected;
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iii. If any two primitives Pi and Pj share a relation, then their corresponding selected candidate primitives should also respect the same relation.
We now express the above conditions in terms of the indicator variables in Λ.
(a) We encode (1) as

∑ χ(Ckj→i) = 1

∀i.

(4.1)

j,k

(b) We encode (2) as a quadratic constraint involving the binary selection variables as
χ(Ckj→i )χ(C j ) − χ(Ckj→i ) = 0

(4.2)

for each dependent pair Ckj→i ∈ C∗i and its parent C j . Note that this condition
disallows χ(Ckj→i ) = 1 AND χ(C j ) = 0, but allows any of the other three assignments involving χ(Ckj→i ) and χ(C j ).

(c) We now encode (3). Let two primitives Pi and Pj share a relation, i.e.,
1 ,C2 , . . . } be all the generated candidates for primitive P
Ri, j = 1. Let C∗i = {C∗i
i
∗i

and similarly C∗ j = {C∗1 j ,C∗2 j , . . . } for primitive Pj . Then for each pair of the form
0

k ∈ C and Ck ∈ C that does not share the relation R , we require
C∗i
∗i
∗j
i, j
∗j
0

k
χ(C∗i
)χ(C∗k j ) = 0.

(4.3)

0

k ) = 1 AND χ(Ck ) = 1, i.e., candidate primitives
This condition disallows χ(C∗i
∗j

that do not share the same relation as their primitive parts cannot be jointly selected.
Thus, a selection Λ is valid if and only if Equations 4.1-4.3 are all satisfied.
Among all such valid selection sets, we next determine which one is the most desirable. Figure 4.7 shows a set of candidate primitives and a valid selection. Note that
as each candidate primitive has a unique id and anchoring hierarchy, the constraints
prevent dependency loops from being created.

Sequencing sketching as a selection problem. We balance the error due to mak-
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Figure 4.7: From a set of candidate primitives (left), our algorithm selects a subset of
primitives that is valid and desirable as shown on the right. The selection implicitly encodes
in which order to draw the primitives and also how to change each primitive (size and/or
placement) such that the resulting tutorial is easy to construct. Please refer to the text for
details.

ing changes to the geometry with the difficulty of drawing arising from anchoring.
Specifically, we consider unanchored parts to be most difficult to sketch. Further,
among the anchored ones, we consider a primitive easier to draw if it requires fewer
guides. We model this difficulty of drawing as the cost Ee (Ckj→i ) with a lower cost
denoting easier to draw (see “Error functions”, below). The total cost is expressed
as:
Edifficulty (Λ) :=

∑ χ(Ckj→i)Ee(Ckj→i).

(4.4)

i, j,k

Selecting any primitive, however, incurs an associated error that we indicate as
Ed (Ckj→i ) due to deviation from original geometry. So, the total data cost of selecting a set of primitives is:
Eadjust (Λ) :=

∑ χ(Ckj→i)Ed (Ckj→i)

(4.5)

i, j,k

with a higher cost indicating larger geometric deviations from the original parts.
Thus, we arrive at the final formulation for desirable selection as,
Λ? := arg min(Eadjust (Λ) + Edifficulty (Λ))

(4.6)

Λ

subject to Equations (4.1)-(4.3) to ensure a valid selection. Thus, we have formu-
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lated our problem as a quadratically constrained linear program.

Error functions. The above formulation requires metrics for Ee and Ed . We use
the following metrics in our implementation.
For the difficulty of drawing term Ee (Ckj→i ), we associate a higher cost for
anchors that are harder to replicate (e.g., requiring more construction lines). Specifically, we set the cost to the number of guidelines divided by the area of the parent
plane where construction lines are to be drawn. This encourages fewer guides but
also using planes/faces with larger areas for drawing sketch guides. (The effect of
viewpoint is only considered at runtime as discussed in Section 5.4).
For the data error Ed (Ckj→i ), we sum the changes in length along each axis,
normalized by the original axis length, with the translation of the midpoint of each
axis, again normalized by the input axis length. For an unguided axis we set the
data error to the maximum of 2 to discourage unguided candidates.

Final drawing order. The solution to the above optimization directly gives us both
the ordering and the size and location modifications of the parts. The ordering is
represented as a directed graph, and we gain the final linear ordering via topological
sorting. Note that the directed graph may have a fork in the ordering of candidates
primitives. This implies that the relative drawing order of certain primitives are
not specified. We break such ties only at runtime once the user selects a view (see
Section 5.4).

4.3.4

Implementation details

We now clarify some implementation details. The 3D models were downloaded
(e.g., from Turbosquid) and manually part segmented (if part level segmentation
was missing). Segments that are not well approximated by one of the primitives
described above can be represented as a custom primitive (e.g., line) but such primitives are excluded from our optimization step. Instead, their positions are updated
after optimization by enforcing existing relational constraints with optimized primitives.
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The candidate primitive generation works in two steps: first, we use the coplanar relations to generate candidate planes cki→ j , and then depending on the primitive
k
type we combine the planes to create a complete primitive Ci→
j (here, lowercase c

indicates a candidate plane rather than a complete primitive, C). This choice unifies
candidate primitive generation across primitive types (recall cylinders are processed
based on their axis-aligned bounding box).

For each pairwise coplanar relation Ri, j we have two participating planes in
Pi and Pj : at this stage the relation is undirected and we produce candidate planes
using both combinations ckj→i and cki→ j . To generate a candidate plane, each axis
is considered independently then all combinations of axis pairs are used to create
planes cki→ j . An axis can be anchored by the parent plane using the end points of
the same axis. This means there are several anchoring possibilities. For example,
anchoring the vertical axis of Pi on Pj might involve anchoring the top edge of Pi
to the 1⁄3 line of Pj and the bottom edge Pi to the bottom edge of Pj . An alternative
might be to anchor the top edge of Pi to the 1⁄3 line of Pj and the bottom edge Pi
to 1⁄4 line of Pj . We initially generate all such candidates but to reduce the number
of candidates to select from we discard those where an axis length or translation
change by more than 10% of the input length.

Having generated all the candidate planes using all the pairwise relations, we
generate complete primitives by combining the different planes based on the primitive type. To generate a complete cuboid primitive, for example, we find the missing
height axis from one of the other planes to complete the primitive. For truncated
pyramids we combine top and bottom planes with a height axis to make a truncated
pyramid. Finally, we repeat this process but use the first level candidates as the
parent primitives to generate second level candidates.

We use the Gurobi Solver [101] to solve the quadratically constrained LP as
described above. Typically the solver takes 1-2 minutes in the presented examples.
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Presenting Sketch Sequences

The sequence generated in Section 4.3 provides primitive ordering, sketching guidelines, and adjusted part geometry for drawing the scaffolding of the object. H2S
tutorials can be adapted further based on the user chosen viewpoint and user indicated drawing level (novice/apprentice/master), which can be controlled interactively. Our custom viewer indicates when guidelines can be erased and provides
hints for drawing in perspective and object contours.

Viewpoint. We use the user specified viewpoint to customize the tutorial as follows: (i) Although primitive ordering is determined based on anchoring strategies,
multiple primitives can anchor from the same parent, resulting in a tie. We break
such ties by first choosing the primitive that is closest to the user from the indicated
viewing position. (ii) The selected viewpoint can make some guidelines cumbersome to draw because of limited space on the projected area of a primitive face.
We identify such instances by thresholding based on A p /k, where A p indicates the
projected area and k the number of guides necessary to draw the primitive. If a
primitive falls below a threshold of 0.01, we ask the user to simply ‘eyeball’ the
primitive without drawing intermediate guides. (iii) Finally, a segment that is occluded and its primitive does not help anchor any other visible primitive is deemed
unnecessary and hence is left out from the generated tutorial.

User ability. We adapt our tutorials to different sketching abilities by classifying

Novice

Apprentice

Master

Figure 4.8: User ability. The user specify a preferred drawing level (novice, apprentice,
or master) which determines the number of intermediary guides presented for each step.
For the ‘extend by 1/2’ step, novices (left) are shown 9 guidelines, apprentices (center) 6
guidelines, and masters (right) 3 guidelines.
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Step 2

Step 3

Figure 4.9: Guide lifetime. Guides first appear in orange (left). In subsequent steps guides
that are no longer required are removed, while those that are to be reused are marked in blue
(middle, right).

the various guidelines as suitable for novice, apprentice, or master users. For example, dividing a face of a primitive into halves requires three guidelines. A novice
is shown all the three, an apprentice only the 1⁄2 line itself, and a master is not provided with any intermediate guidance. Note that in all cases, the user is instructed
to divide the highlighted face into half by a text label in the viewer (see Figure 4.8).

Guide lifetime. In order to reduce the amount of guidelines on a sketch at any
point in time, we determine each guide’s lifetime to inform the users when a guide
can be safely erased. To this end, we first go over the list of generated guidelines to
identify the equivalent ones, and store their lifetime, i.e., when they first appear and
when they are last used. During the tutorial, a guideline is drawn in orange when it
first appears. If the guideline is used in any later step, it is changed to blue. After
the last step a guide is used, it is no longer shown. As a result, users do not have to
unnecessarily erase/redraw guides, which helps to reduce clutter as they sketch (see
Figure 4.9).

Vanishing points and ellipses. Vanishing lines and vanishing points are indicated
with respect to the paper boundary (shown as green corners) to help users better
position the lines. We additionally guide users in sketching ellipses on a primitive
face by using guides to the vanishing points. These guides intersect with the edges
of the face at the perspective mid-points, which are the points where the ellipse
should touch the face of the primitive.

4.4. Presenting Sketch Sequences

48

step 12/24

step 15/24

step 17/24

step 21/24

(a) camera

step 5/14

step 6/14

step 7/14

step 10/24

(b) roller

step 9/27

step 11/27

step 19/27

step 23/27

(c) mixer

step 6/34

step 9/34

step 14/34

step 23/24

(d) train

Figure 4.10: Example step-by-step tutorials generated by our system: (a) and (b) were
generated in the master-user setting, while (c) and (d) were generated in the novice-user
setting. Please refer to the supplementary materials for complete examples.

Contour ordering. Once the user has sketched the scaffolding and ellipses, we
guide them to sketch the contours. We progressively display contours on the modified underlying model segments, following the order determined by the primitives.
Already drawn parts are used to determine occlusion for the new primitives, thus
reducing clutter (see Figure 4.1).

Interface. H2S tutorials can be presented in a few different forms. They can be
navigated using an interactive interface, they can be printed (see supplementary
material on our project webpage1 ), or sequenced into a tutorial video. Text instructions can be synthesized, as needed.

1 http://geometry.cs.ucl.ac.uk/projects/2017/how2sketch/
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Results and Discussion

We used How2Sketch to generate sketching tutorials for four man-made objects a Digital SLR Camera, Kitchen Mixer, Train, and Paint Roller. For these models,
numerous tutorials depending on viewpoint and user ability can be generated. Parts
of the tutorials are shown in Figure 5.7 (see Appendix A and supplementary material on project webpage for full sequences). We encourage the readers to compare
How2Sketch tutorials with existing online tutorials (e.g., Draw-A-Box [99]). Each
tutorial takes between 15 and 45 minutes (across the users who used the system)
to complete due to their varying complexity. The small changes made to the input
geometry by the method are illustrated in Figure 4.11. As desired, the alterations to
geometry are subtle but now enable simple anchoring strategies based on the altered
segment bounding boxes (also shown).
As demonstrated in Figure 4.10, our tutorials follow a coarse-to-fine strategy,
starting with a single primitive that can be used to anchor subsequent primitives.
Figure 4.10a shows excerpts from a tutorial sequence with master-user ability. Here,
the grip of the camera is anchored on the edges of the camera body and a 1⁄4 guide.
Additionally, the grip and flash are both extended by one half the depth of the main
body. The lens, an example of a second level anchoring, uses the flash for anchoring
by extruding 1×. Guides for ellipses are provided before contours are drawn.
In the paint roller tutorial in Figure 4.10b the handle anchors the roller using
the common bisector plane. The top edge of the roller is 1× the length of the handle.
The bottom edge is 1⁄2× the length of the handle but due to the limited projected area
and number of guides otherwise required, the step is unguided (as per Section 4.4).
Figures 4.1 and 4.10c both show novice-level tutorials for the food mixer but
from different viewpoints. The plane primitive for the base of the mixer anchors the
bowl using a planar relation and 1⁄2 guide. The common bisector plane between the
base and the main body of the mixer is used for anchoring the length of the main
body. The bisector plane is first drawn before being extended in both directions to
create the cuboid primitive. The Mixer’s stand is an example of a primitive with two
parents, being anchored off both the main body and base. Difference in viewpoint
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(b) modified models

Figure 4.11: (Left) Original models. (Right) Subtle changes proposed by our algorithm in
order to make the objects easier to draw.

between the two tutorials means that as one of the knobs is occluded from the view
chosen in Figure 4.10c, it is omitted from the tutorial (see Section 4.4).
The train example, Figure 4.10d, anchors the second carriage as 1× the length
of the first carriage and the top edge of the wheels using the 1⁄4 guide on the vertical
axis of the first carriage. The driver’s compartment is unguided.
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Limitations. H2S only makes small changes to the input geometry. However, small
gaps between object parts can have important semantic meaning. An example of this
can be seen in Figure 4.11 where the main body of the mixer and the stand separate
slightly in the adjusted version. We know these two segments would be joined by
a hinge making such an adjustment unrealistic. Symmetry or regular structure can
similarly be lost from the small geometry changes. An example of this is the roller in
Figure 4.11, which ceases to be a perfect cylinder. Note that most of these violations
are difficult to spot unaided and tend to get masked by drawing inaccuracies. Finally
we find relations from the input segments but do not allow adjustments in geometry
to create a relation that was not already present. In the future, we might enable such
changes to allow for an even wider range of candidates.

4.6

Evaluation

To evaluate the effectiveness of the H2S tutorials, we compare to a simple step-bystep tutorial that shows scaffolding primitives for each part of the object but does
not simplify the sizes or locations of the primitives to make them easier to draw. In
this Basic tutorial type, the scaffolding primitives are shown in order from largest
to smallest with a base primitive anchored to the ground plane. No guidelines are
shown. Please see the supplemental materials for the complete tutorials used in the
study.

Participants. We recruited 10 participants (ages 18-55, 6 men, 4 women) with
varied expertise in drawing. Two participants reported negligible drawing experience, four reported drawing once in a while, and four reported drawing at least once
a month. Three had taken college-level art classes or private/non-accredited art
classes. When asked (free-form) what they found most challenging about drawing,
4 mentioned perspective, proportions, scale, and relative positions. When asked to
rate their drawing skills on a scale of 1 (poor) to 5 (great), only 4 people rated their
drawing skills above 2.

4.6. Evaluation

52

Methodology. In advance, each participant filled out an introductory questionnaire
about their experience with drawing. Upon arrival, each participant was told that
they will be asked to draw two objects, a camera and a mixer, using two different
tutorials. Participants always followed a H2S tutorial first to disadvantage H2S to
any learning effect. The two objects (camera and mixer) counter-balanced with half
of the participants using the H2S tutorial type for the camera and half using the
H2S tutorial for the mixer. The H2S tutorial was set to the novice ability for all the
participants.
Before the H2S tutorial, participants were given a written handout (see supplemental material) that described how to draw construction lines for 1⁄2, 1⁄4, and 1⁄3
guidelines and extending planes (see Figure 4.3). This written tutorial was designed
to give them context for what they would encounter in the H2S condition.
Both the Basic and H2S tutorials were followed using a 13” laptop; participants used the trackpad to advance forward and backward through the tutorial. All
drawings were done on paper. Each participant was given two pencils (HB, 0.3mm
and 0.7mm). They were allowed to use a provided straight-edge and eraser. For
creating each drawing, the participants were given a sheet of paper that included the
vanishing points and the ground plane of the first primitive. This initial anchoring
allowed us to easily compare drawings across users. All users drew the scaffolding
primitives first on the calibrated paper. For drawing the final contours of the object,
the moderator attached a transparent sheet to the paper with the scaffolding. This
allowed for easier digitization and separately compare the contour drawings and the
scaffolding primitives across users.
Participant filled out a questionnaire after drawing each object, indicating their
level of satisfaction with their drawing (1 - not at all, 5 - very much), perceived
accuracy of their drawing (1 - not at all accurate, 5 - very accurate), enjoyment with
the tutorial experience (1 - not at all, 5 - very much), and ease of following the
tutorial steps (1 - not at all easy, 5 - very easy). They also gave free-form responses
about what they liked about each tutorial type and how it could be improved. At the
end of the study, subjects were asked which tutorial type they preferred (Basic or
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How2Sketch). We referred to the Basic tutorial type as the tutorial without guides
and the H2S tutorial type as the tutorial with guides. Each participant was given a
$25 gift card for his/her time.

User feedback. Nine out of ten participants preferred the H2S tutorial over the
Basic tutorial. For each of the four questions, the users preferred H2S over the
Basic tutorial (see Figure 4.12).
How2Sketch

4.0

basic tutorial

2.8

satisfaction

4.4

4.2

3.9
2.4

accuracy

3.2

3.1

enjoyment

ease

Figure 4.12: Average user ratings for satisfaction, perceived accuracy, enjoyment, and ease
of following were all higher for the How2Sketch tutorials than for the basic tutorials. Showing standard error of mean (SEM) bars for N = 10.

An ANOVA across tutorial type and object drawn reveals a significant effect
of tutorial type on accuracy and ease of following tutorial (p<0.003), significant
effect on enjoyment (p<0.034), and marginal effect on satisfaction (p<0.058). The
object drawn did not have an effect on any measure, despite their varying difficulty,
and there was no interaction between tutorial type and object drawn.

Evaluating sketch quality. Figure 4.13 overlays the registered user sketches from
the different conditions on the original model for the condition (e.g., H2S model
after part level adjustments). While variation in contour placement is evident in
both tutorial types, the variation in the basic tutorial sketches is greater.
In the camera tutorials the basic version starts with the ground plane for the
lens and H2S with the ground plane of the main body. With this anchoring in the
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Figure 4.13: User Study Sketches: All the user sketches overlaid on the target objects.
Sketches from following basic tutorials (top) show much greater variation in proportions
and alignment than sketches from following H2S tutorials (bottom).

MIXER object

CAMERA object

How2Sketch

probability of being judged more accurate

basic
number of pairwise comparisons

number of pairwise comparisons

basic

How2Sketch

probability of being judged more accurate

Figure 4.14: Bradley-Terry Model for the Mixer and the Camera Sketches produced by
users of our tutorials and evaluated by another user study with Amazon Mechanical Turk
rankers.
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basic tutorial sketches, the width and length of the lens are accurate. However, the
lens height and the other three primitives have a variety of errors in proportion and
part placement. Comparing with H2S sketches, there are similar variations in the
height of the main body. However, the guided steps for the grip and lens show
reasonable consistency in positioning across the users. For the Mixer sketches where both tutorials start with the base plane of the mixer - there is much more
consistency of object part placements across users with the H2S.
As further validation, we conducted an additional user study using Amazon
Mechanical Turk (AMT). In the study, we presented users with two sketches of
the same object type overlaid and registered to their condition specific model (see
supplementary material). The two pairs of object could be from the same or different tutorial types. We asked participants to “Please select the sketch that is more
accurate to the underlying model. Do consider the proportions, alignment and perspective. Please ignore style or shading”. The studies for the two objects were run
independently, so did not have the same responders. Each participant evaluated the
45 unique image pairs for one of the objects. Each study had 220 sets of responses.
AMT users were compensated $0.01 per comparison.
The H2S Camera tutorial received 128/220 votes in pairwise comparisons
against the basic tutorial. Similarly the H2S Mixer tutorial received 131/220 votes.
Using the binomial test to evaluate these results, we can reject the null hypothesis
with p<0.018 for the Camera and p<0.006 for the Mixer.
To evaluate the results further, we performed pairwise comparisons using
the Bradley-Terry model. We plot probability histograms for both objects in Figure 4.14. The bottom axis is the probability of being judged more accurate in a
pairwise comparison. The left axis is the number of pairwise comparisons that has
this probability. Visually we observe H2S tutorials - in both object types - are more
likely to be perceived as having higher accuracy.

Scaffold accuracy. To numerically evaluate accuracy we use the corners of the
scaffolding primitives. We first rectify the scanned sketches into a normalised coor-
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dinate space using the corner registration marks on the paper. For both conditions,
we manually marked the 32 corner landmarks and 40 corner landmarks of all scaffolding primitives in the Camera example and the Mixer example, respectively.
For each point, in each condition across users, we computed a mean position,
standard deviation, and distance of the mean from ground-truth in 2D (Error) (see
Figure 4.15). Standard deviations across conditions were similar, which we take to
suggest comparable user drawing skills across conditions. For the Camera example, 2D drawing error was 71% higher in the Basic condition compared with H2S
(highly significant with p<2E-10 using two-way ANOVA). For the Mixer example the error was only 3.5% higher in the basic tutorial and was not statistically
significant.

(a)

(b)

Figure 4.15: How2Sketch Scaffold Accuracy: The mean location of the scaffold primitive
corners plotted on the ground truth with the size of each bubble being the mean 2D error.

We explain the variation across objects as follows: The predominant guidance
in the Mixer H2S sequence is that many of the primitives share a common bisector
plane. There is, however, no guidance for the height of the primitives. Thus it is
unsurprising that the scaffold corners are not accurate compared to ground truth,
as many primitives accuracy rely solely on getting the height of another primitive
correct (see Figure 4.15b). We believe the guidance for the common bisector plane
helps with the alignment and perspective of the sketch, hence the perceived accuracy
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improvement in the H2S condition from the AMT user study. In the Camera H2S
sequence there are no primitives that are solely dependent on a parent primitive with
an unguided axis, therefore the users are more accurate at drawing the scaffolding
(see Figure 4.15a).
Limitations. Our user study has two potential sources of bias: (i) By having users
follow H2S tutorials first we intended to disadvantage H2S against a learning effect,
however, this could have potentially introduced a bias in our user feedback regarding enjoyment and satisfaction. (ii) By providing users with a tutorial on how to use
construction lines it could imply that construction lines are good practice, therefore
the absence of construction lines in the Basic tutorial could have biased the users.
In future studies randomizing the ordering of tutorials may help avoid these issues.

4.7

Closing Remarks

We have presented an assistive tool that can aide novice artists to sketch an object of
their choice. Continuing with the running theme in this thesis the tool uses multiple
representations of a reference scene to power the assistive tool. In this instance the
multiple representations are various candidate scaffolding primitives that approximate the object and the inter-primitive relations found in the input reference scene.
By analysing all of these modalities we are able to generate an easy-to-follow tutorial for sketching the input model. Through our user study we demonstrate that
artists find our tutorials easier to use compared a baseline tutorial. They also had
more satisfaction and enjoyment completing H2S tutorials compared to the baseline. We also qualitatively demonstrate that sketches following our tutorials are
more accurate through a AMT user study. Through our evaluation we argue that we
have met all of the objectives of an assistive tools outlined in Chapter 1.
In Chapter 5 we propose the final tool in this thesis. Similar to Chapter 3 the
tool focuses on image editing but this time in the context of transferring imagebased edits for multi-channel compositing. To enable this tool the multiple scene
representations that are are used to find multimodal correlations are light-path expressions [4] that are output by commercial physically-based renderers.

Chapter 5

Transferring Image-based Edits for
Multi-Channel Compositing
A common way to generate high-quality product images is to start with a physicallybased render of a 3D scene, apply image-based edits on individual render channels, and then composite the edited channels together (in some cases, on top of a
background photograph). This workflow requires users to manually select the right
render channels, prescribe channel-specific masks, and set appropriate edit parameters. Unfortunately, such edits cannot be easily reused for global variations of the
original scene, such as a rigid-body transformation of the 3D objects or a modified viewpoint, which discourages iterative refinement of both global scene changes
and image-based edits. We propose an assistive tool to automatically transfer such
user edits across variations of object geometry, illumination, and viewpoint. This
transfer problem is challenging since many edits may be visually plausible but nonphysical, with a successful transfer dependent on an unknown set of scene attributes
that may include both photometric and non-photometric features. To address this
challenge, we use the same approach of using multiple representations of a reference scene and multimodal correlation analysis. Specifically, we create an augmented set of photometric and non-photometric guidance channels of the input reference scene. Using the user’s original image-edit we then analyse the channels to
give an importance weighting to each of them. Finally, we use these weights in an
adaptively weighted image analogies formulation to transfer the edit. We demon-
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Target View

Source View

5.1. Introduction

(a) Input rendered scene

(b) Parameterized image-based edits

(c) Edit localization masks outlined

Figure 5.1: (Top) Input source view rendered using a set of photometric render channels.
(a) Composite of A LL P HOTOMETRIC channels. (b) The user applies 2D image-based edits
to specified channels such as: blurring the background object to create depth of field effect
(A LL P HOTOMETRIC channels); adjusting gamma, hue, and saturation to emphasise floor
reflections (R EFLECTION channel); Making the eye sockets of foreground skulls appear to
glow blue by adjusting the hue, saturation, and lightness (D IFFUSE and G LOBAL I LLUM
channels). (Bottom) Given a target view (a) with a different scene configuration (skulls are
positioned in different 3D locations and orientations) (b) our method transfers the 2D imagebased user edits automatically. The right column (c) shows the outlines of the corresponding
localization masks for the two views. Multiple instances of the same object make this a
challenging scene. For baseline comparisons, please see supplementary material.

strate the usefulness of our tool in a variety of complex edit-transfer scenarios and
evaluate them in two separate user studies.

5.1

Introduction

Physically-based rendering algorithms have matured to the point where they are increasingly used to create photorealistic product images. For example, IKEA reports
[102] that 75% of their catalogue images are rendered rather than photographed.
In addition to being more cost-effective than real photography, one key advantage of rendered content is that it provides artists with greater editing flexibility.
While some edits can be easily achieved by changing 3D rendering parameters (e.g.,
changing the color or intensity of light sources), many other edits are not physically
valid and are thus difficult to express in 3D (e.g., removing distracting reflections,
emphasizing specific object contours). Artists typically make such non-physical
edits in 2D by editing the individual render channels (e.g., D IFFUSE L IGHTING,
S ECULAR R EFLECTIONS, R EFRACTIONS, etc.) that together make up the final ren-

5.1. Introduction

60

dered result. The typical workflow is to mask out a specific element of the image,
like a specific reflection or object contour, and then either mute or emphasize it by
applying some parameterized adjustment (e.g., brightness, contrast, exposure, levels). Many rendered images are “retouched” in this manner to produce the final
composited image. One such example is shown in Figure 5.1. There are several
video tutorials demonstrating this workflow [103, 104].
While editing multi-channel renderings is a powerful approach, it also has
some challenges. Most high-quality renderings include a large number of render
channels (typically 4–15), which requires artists to flip through many channels to
determine which one to edit. For many image editing experts who lack 3D rendering expertise, this task is especially difficult since they may have little intuition
about which channels contribute to the image element they want to adjust. More
importantly, once the artist has made edits on one rendered version of a scene, those
edits cannot be re-used to create variations of the scene. For example, if a client
or art director requests even small changes to the position or orientation of objects,
lights or the camera, all the edits must be redone from scratch for the new scene configuration. Another common scenario is inserting or replacing objects in the scene.
This unfortunate limitation adds significant inefficiencies to the authoring process
and discourages iterative design space exploration for rendered product images.
In this work, we propose a novel compositing workflow that addresses these
challenges. To retouch a rendered image, the user marks a region that requires an
edit. Our system then automatically identifies suitable render channels to modify
and, based on the selected channels, proposes a candidate mask (which the user can
refine if necessary). The user can then make a number of parameterized adjustments
- levels, exposure, gamma, blurring, hue, saturation, lightness - to modify the appearance of the masked region, and repeats this process until all the desired edits
have been made. Given a modified version of the 3D scene, our system automatically transfers over all of the image-based edits, which allows users to quickly experiment with variations in viewpoint, object positions, object configurations (e.g.,
replacing an object), and lighting effects while preserving the image-based edits.
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all channels

single channel
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Figure 5.2: Given an example edit for an input view (left) where the user masked out the
reflection on the red object (outlined in yellow) to be removed, the challenge is to transfer
the edit mask to a novel view (centre). Existing variants of image analogy can easily fail:
(top) a single channel (reflection channel) is not sufficient as it wrongly establishes correspondence with the blue object; adding all the photometric channels (middle) with fixed
weights is also not sufficient as the channels that are not relevant to the edit corrupt the
correspondence, resulting in a bad mask transfer. (bottom) Our method, which adaptively
estimates weights for the different channels to best explain the example edit, results in a
successful edit transfer. The right column shows the resulting edit using the transferred
mask.

For example, Figure 5.1 shows several edits to rendering with multiple instances of
a skull being transferred to new scene configuration.
The main technical challenge in supporting this workflow is how to perform
the edit transfer. One approach is to formulate the task as an image analogies problem [62, 85], where the input is the original rendered image (A), the edited image
(A’), and an unedited rendering of the modified scene (B). The goal is to generate
the analogous edited version of the modified scene (B’). Previous work demonstrates that providing the synthesis procedure with additional guidance channels
(e.g., P HOTOMETRIC R ENDER C HANNELS, otherwise known as light path expres-
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sions [4]) can be very effective. However, choosing the right guidance channels is
not a trivial task. While the edited render channel is an obvious candidate, a single
channel is often not sufficient to characterize the edit in a unique way. On the other
hand, adding additional channels that are not correlated with the edit is problematic since they add noise and corrupt the signal of the correlated channels, hence
can have a negative impact on the synthesized output. Figure 5.2 shows how such
problems can arise even in a very simple editing scenario. In short, transferring
image-based edits across different 3D scene configurations is a difficult task.
In our approach, we introduce a new image analogies formulation that automatically adapts the weights for a large set of candidate guiding render channels
based on the characteristics of each edit. In particular, for each edit, we solve for a
sparse set of render channels that best reconstruct the edit via L1 -regularized regression. This technique allows us to transfer edits that depend on a broad spectrum of
different scene features (e.g., normals, depth, lighting effects, etc.). Furthermore,
rather than synthesizing the appearance of edited image regions, we synthesize the
edit masks and then solve for the appropriate adjustment parameters in the modified
scene. This approach makes it convenient for users to refine the results by editing
the transferred masks and parameters.
We evaluate our method on a range of challenging edit transfer scenarios under
different scene variations involving object manipulation, illumination adjustment,
and viewpoint changes. In most cases, the automatically transferred edits successfully reproduce the modifications to the original scene configuration and require no
additional user refinement. In the few situations where the fully automatic transfers are not completely satisfactory, small tweaks to the synthesized edit masks or
adjustment parameters are typically sufficient to achieve the desired result. We conducted a user study demonstrating significant time savings compared to manually
transferring edits to different scene variations.
In summary, we present a novel editing workflow for multi-channel compositing; develop a smart selection tool for identifying relevant render passes and automatically creating corresponding local masks; and formulate an optimization for
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Figure 5.3: System overview. Starting from an input source view of a rendered 3D scene,
along with corresponding augmented render channels, the user may make a number of 2D
edits. To make an edit, the user first outlines a region of interest (ROI). Our method then
automatically determines a region mask and a selection of one or more relevant photometric
render channels for the edit. The user then makes a parametric adjustment within the region
mask to the selected channels to obtain an edited source view. In this example, the user
removes the wine glass reflection and adjusts highlights on the labels. The user may then
modify the 3D scene by replacing the 3D objects or changing the viewpoint to yield a target
view. Our system automatically transfers the user edits from the source view to the target
view. Text on green background denote the user interaction and blue text the computational
aspects of our method.

transferring local parametric edits in an adaptive Image Analogies framework.

5.2

System Overview

We illustrate our overall system in Figure 5.3. The input to our system is a 3D
scene configuration that includes one or more objects at the desired positions and
orientations, materials for those objects, a lighting setup, and a camera viewpoint.
Such configurations can be created with most 3D modeling and rendering software
(e.g., Maya, VRay). The user may also specify a background photograph in which
to composite the rendered scene. Given this input, we provide an interactive editing
tool that helps users specify and transfer parameteric image-based edits from the
initial configuration of the input scene (source view), to a modified configuration
(target view) that may involve a different viewpoint, lighting, object arrangement,
or in some cases, new objects with similar geometry. We represent image-based
edits as a 2D region mask that identifies the relevant part of the image to modify
and a parametric adjustment that is applied within the mask. As mentioned earlier,
each edit is applied to one or more specific render channels.
The main technical contribution is in our synthesis-based approach for transferring image-based edits from the source to the target view. Specifically, we intro-
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duce an adaptive version of Image Analogies that automatically determines how to
weight various candidate guidance channels in order to transfer each edit. We also
present an interface that helps users select and modify the appropriate render channels to specify the image-based edits in the source view. We now provide details for
these two aspects.

5.3

Transferring Parameterized Edits

Given a set of image-based edits in the source view, we transfer the edits to the
target view in two stages. First, we transfer the 2D region mask to the target view
using a new adaptive version of Image Analogies [62]. Next, given the transferred
region mask, we update the edit adjustment parameters for the target view. Before
describing the details of mask and adjustment parameter transfer, we first introduce
our set of augmented render channels that supports both of these steps.

5.3.1

Augmented Render Channels

The Image Analogies method is based on a repeated computation of a dense correspondence field (or nearest neighbor field) using guiding channels from the target
to the source view. A critical challenge then is finding the right guiding channels
resulting in a correspondence field that would be appropriate for the task of transferring edit masks and adjustment parameters. Note that the desired correspondence
field may not simply be the rigid-body transformation of the 3D scene objects or a
dense 3D correspondence field between two different 3D shapes. Many common
edits, such as adjusting specular highlights or adding a halo around an object, may
depend on one or more photometric and non-photometric factors, such as specularity, direction to light source, and the view-dependent silhouette of the object. Thus,
our approach leverages a diverse set of rendered guidance channels derived from
the 3D scene to help determine the correspondence between views.
Given a 3D asset with positioned lights or environment maps, we can output
a full global illumination render of the 3D asset using a renderer such as VRay or
Mitsuba [105]. Moreover, we can render a set of photometric channels, also called
light path expressions [4], that separate the different global illumination effects at
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each pixel. The different lighting effects can be diffuse or specular, and together
sum to the full global illumination render of the 3D asset.
In addition to the standard set of photometric channels, we also render a set
of complementary channels. Such channels are useful for finding edit-dependent
dense correspondences. For example, the bottle rim lighting example in Figure 5.7
relies on the distance to the silhouette of the object. We render a number of channels
relating to the 2D layout and 3D geometry of the object, such as surface normals and
distance transform to the object silhouette. Moreover, we found that including logchannels log (Ai + ε), where Ai is a photometric render channel, boosts weak signals
and improves transfer results. We used ε = 0.001 for our experiments. Note that
for augmented render channels with multiple dimensions at each pixel, we separate
each dimension into its own augmented render channel. We normalize the Lab color
channels into the range [0, 1].
The success of our method does not rely on a specific set of render channels.
The technique only requires a diverse superset of channels that are consistent between renderings. We demonstrate results using the VRay and Mitsuba renderers,
which generate different sets of augmented render channels. Appendix C lists the
specific set of channels for each renderer along with the render times.

5.3.2

Mask Synthesis via Adaptive Image Analogies

Given a set of augmented render channels A = {Ai } for the rendered scene in the
source view, a user edit eA in the source view, and augmented render channels B =
{Bi } for the rendered scene in the target view, our goal is to infer the user edit
eB for the target view. We parameterize a user edit in the source view as eA =
(XA , A0 , θA ), where XA are indices into the augmented render channels A indicating
which photometric channels were selected by the user for the edit, A0 is a realvalued user mask, and θA are parameters for the adjustment within the mask A0
(see Section 5.4 for how edits eA are specified using our interface). Similarly, we
have eB = (XB , B0 , θB ) for the target view. We assume that the selected photometric
channels for the target view are the same as the source view, so we set XB ← XA . In
this section we describe how to synthesize the user mask B0 in the target view.
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We formulate the mask synthesis task as one of finding an image analogy where
A : A0 :: B : B0 [62]. While one could explicitly reason about the 3D scene via techniques for inverse rendering [67, 63, 106, 107, 64] to recover the unknown mask, we
argue that formulating the mask transfer task via image analogies is more flexible
as it allows transfer of visually plausible but non-physically valid user edits.
The Image Analogies formulation proposed by Hertzmann et al. [62] is a multiscale iterative optimization algorithm. At each scale every iteration starts by computing a dense correspondence field given a previously computed B0 . For every
target patch around pixel q a best-matching source patch p is found that minimizes
the following energy:
Eq (p) = ||A0 (p) − B0 (q)||2 + µ||A(p) − B(q)||2 ,

(5.1)

where µ is a tunable scalar hyperparameter. Note that for the first iteration only
the second term is used so that an initial B0 mask can be synthesized. Given the
dense correspondences, B0 is updated by averaging the mask values for all overlapping best-matched patches for every pixel q. The overall energy is decreased after
a few iterations and the result is upsampled to a finer scale until a solution (transferred mask and final correspondence field) at the finest scale is achieved. In [62]
the inputs are RGB images or steerable filter responses. More recently, Fišer et
al. [85] introduced StyLit, which uses photometric render channels as inputs to Image Analogies for illumination-guided stylization of 3D renderings. We build on
the StyLit formulation for our task.
Transferring user-edit masks presents different challenges than the 3D rendering stylization transfer demonstrated in StyLit. As we will demonstrate in Section 5.5, simply applying the StyLit Image Analogies formulation produces a transferred edit mask with significant artifacts. We identify two reasons for this failure:
(i) the information required for a particular edit transfer might not be present in the
standard photometric render channels; and (ii) StyLit treats each photometric render
channel equally in the image analogies formulation. For example, to adjust a specular highlight, the system needs knowledge of not only the specular component, but
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also the direction to the light source. Moreover, not all photometric render channels
are relevant to transfer the edit.
To address these issues, we leverage our augmented render channels to add
non-photometric information that can aid in the transfer. To make use of the additional channels, we extend the standard image analogies formulation to one that
adapts the weights of the different augmented render channels to a given user edit
eA :
(eA )

Eq

(eA )

(p) = ||A0 (p) − B0 (q)||2 + µ ∑ wi

||Ai (p) − Bi (q)||2 ,

(5.2)

i

(eA )

where {wi

} are given scalar weights for the augmented render channels depen-

dent on user edit eA .

5.3.3

Finding Edit-Dependent Weights

The adaptive edit-dependent image analogies energy in Equation (5.2) requires
(eA )

knowledge of a set of edit-dependent weights {wi

}, which guides the synthesis

algorithm to know which augmented render channels are important for synthesis.
We seek to automatically infer the edit-dependent weights given the user edit. This
is challenging as we do not know a priori what type of edit the user is making,
e.g., adjusting specular highlight or adding silhouette halo, or which channels are
important for the edit.
Since the desired weights are dependent on the user edit, and we do not have
training examples with synthesized masks B0 in the target view, we make the assumption that rendered channels important to synthesize B0 in the target view are
the same as the ones important to synthesize images of the user edit in the source
view. As B0 is related to the user edit, we find that this is a reasonable assumption
that holds in practice and demonstrated in our final results. Moreover, we assume
that not all channels are important and there can be some redundancy due to having
an overcomplete superset of channels, meaning a sparse subset of all the channels
will be sufficient to successfully transfer edits.
We formulate our edit-dependent weight recovery problem as an L1 regularized regression to synthesize the user-edited source view. Let IA be the

5.3. Transferring Parameterized Edits

68

image of the source rendered scene and IA0 the image of the edited source rendered scene. We define the source edit-difference image at pixel location p as
(e )

(e )

∆A (p) = IA0 (p) − IA (p). We seek to find the weights w(eA ) = [w1 A , . . . , wN A ]T that
reconstructs the source edit-difference image from the augmented render channels
{Ai } for a set of sampled pixel location S,
!2
(eA )

w

← argmin ∑
w

p∈S

∑ Ai(p)wi − ∆A(p)

+ λ ||w||1 .

(5.3)

i

We use an L1 sparsity prior over the edit-dependent weights, weighted by hyperparameter λ to select augmented render channels important for reconstructing the
edit-difference image. Note that we use the Lab lightness channel for ∆A instead
of all color channels as we found that reconstructing the lightness channel provides
better correspondences when there is a significant change in color in the target view.
Sampling. Since there are often many fewer non-zero pixels in the edit mask A0
(dubbed inside mask pixels; we dub the complement set as outside mask pixels),
we do not regress over the entire edit-difference image ∆A . Instead, we balance
the number of inside and outside mask pixels by including only the hardest outside
mask pixels. The union of the inside and hardest outside mask pixels form the set of
pixels S. Formally, let k be the number of inside mask pixels. We find the k outside
mask pixels that are closest to the mean vector of the user-selected photometric
channels {Ai }i∈XA for the inside mask pixels. We also found that including pixels
around the edge of the inside mask pixels found via dilation improves results. We
used a unit dilation kernel of 3 × 3 pixels. This sampling scheme helps find weights
w(eA ) that differentiate between regions with similar features for inside and outside
mask pixels. Figure 5.4 demonstrates the ability of this sampling strategy to find
features unique to the given edit.

5.3.4

Adjustment Parameter Transfer

Our goal is, given the synthesized user mask B0 , to recover the user adjustment
parameters θB for the user mask (see Figure 5.5). To aid in the recovery, we first
seek to synthesize the image I˜B0 , which is an estimate of the edited target rendered
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(b) Transferred edits w/ localization mask outlined

Figure 5.4: Using the source and target views from Figure 4.1 we show: (a) sampling
strategies overlaid on the source view (showing user-selected photometric channels), and
(b), the target view with resulting transferred edits. We only show the sampling and outline
of the transferred mask for a single edit (eye sockets). (Top) Naively sampling only the
masked region and immediate surrounding pixels (green) results in channels with non-zero
weights (L OG S PECULAR, L OG R EFLECTION, L IGHT D IRECTION and H ALF A NGLE) that
fail to uniquely describe the users edit and to transfer the masks. (Bottom) Our sampling
additionally samples hard negatives (magenta), resulting in selection of render channels
that characterizes the edit (L OG L IGHTING, S HADOW, L OG S HADOW and Z - DEPTH), and
successfully transferring the edits.

scene IB0 . We can then estimate the adjustment parameters θB by optimizing over
the adjustment that best matches the estimate image I˜B0 .
To synthesize the estimate image I˜B0 , we leverage the learned edit-dependent
weights w(eA ) to reconstruct the edit-difference image ∆B from the augmented render
channels {Bi },

∆B (p) =



∑i w(eA ) Bi (p). if p ∈ {p|B0 (p) 6= 0}
i

0.

(5.4)

otherwise

Here, we only synthesize within non-zero pixels in the synthesized mask B0 . Given
the image of the target rendered scene IB , we obtain the estimate image I˜B0 (p) =
IB (p) + ∆B (p) at pixel location p.
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Given the estimated image of the edited target rendered scene I˜B0 , we can recover the adjustment parameters θB by minimizing the following energy,
θB ← argmin
θ

∑0

||I˜B0 (p) − IB0 (p; θ )||2 ,

(5.5)

p∈{p|B (p)6=0}

where the image of the edited target rendered scene is given by
IB0 (p; θ ) = IB (p) +

∑ B0(p) ( fθ (Bi, p) − Bi(p)) ,

(5.6)

i∈XB

where fθ is a parameterized image adjustment function.

We optimize the above

objective via grid search over the parameter space θB . We provide details of these
fθ functions and for the grid search in Section 5.4.2 and Appendix D when we
introduce our editing tool.

Figure 5.5: Adjustment parameter transfer. (Left) Baseline where we simply copy the userprovided adjustment parameter from the source view. (Right) Our approach for adjustment
parameter transfer. Notice that simply copying the parameter results in a brighter reflection,
whereas our approach more closely matches the edited source view (Figure 5.7).

5.3.5

Implementation Details

User-specified masks can often be coarsely specified if a masked region in the userselected photometric channels {Ai }i∈XA is surrounded by black pixels. This is due to
many parameter adjustments having no effect in these black regions. Including all
of these masked pixels can lead to over-sampling pixels p where the edit-difference
∆A (p) is zero. This can make Equation 5.3 ineffective at choosing relevant features.
So as a pre-processing step we removed pixel locations p from the mask A0 (p)
where ∑i∈XA fθA (Ai , p) is less than 10−3 . In an additional pre-processing step for
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gaussian-blur edits we set Ai (p) = fθA (Ai , p) as the blur operation has a spatial
extent not captured in Equation 5.3 as it does not take into account neighbouring
pixels. This pre-processing allows for edits with a spatial extent to work in our
formulation.
We used a CPU C++ implementation multi-scale guided synthesis algorithm [85]. Similar to their method, we used a fixed patch size of 5 × 5 pixels and
pyramid down-sampling ratio of 2. We ran synthesis up to 6 levels in the pyramid
and used fewer levels if the down-sampled user mask comprised less than 30 pixels in a given level. We set the hyperparameter µ for the adaptive image analogies
Energy (5.2) to µ = 3 for the first level and µ =

1
3

for the last level, and linearly

interpolated the intermediary levels. Intuitively, the hyperparameter setting µ at the
different levels allow for more guidance over the features at the beginning, and later
to previous level’s mask B0 .
Additionally, after each level in the adaptive image analogies pyramid, we discarded correspondences that went to pixel locations in the target view where all of
the selected photometric channels were less than 10−3 . At a given level of the pyramid it may not matter masking a region that is nearly black. However, a problem
arises when the mask propagates to later levels of the pyramid where it should not
be masked but due to the decreasing µ parameter the correspondence does not update, leading to spurious artifacts. In the special case of an edit eA with a spatial
extent (e.g. blur), we apply the edit at the pixel location using the θA parameters
before testing for small values.
Similar to StyLit, we initialized B0 by randomly assigning from A0 . Additionally, on the first iteration we applied no weighting to the ||A0 (p) − B0 (q)||2 term.
Fišer et al. [85] introduce a new way to compute a correspondence field from the
target to the source view, that avoids “washout” and obvious repetition artifacts.
Their solution involved multiple source-to-target search iterations that significantly
slowed down the computation. Since these artifacts are less relevant for textureless masks as they are for RGB images, we use the regular target-to-source search
[62, 108] using PatchMatch [9].
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The hardest regions to find correct correspondences are mask boundaries due to
the averaging of conflicting features in the image pyramid. In cases of underestimating the boundary location, as a post-processing step, we compute the mean of the
selected render channels in the output mask. For for all mask boundary pixels, we
allow the mask to grow if the neighbouring pixel in the selected render channels was
within 0.1 distance to the mean, up to a maximum of 5 pixels. To optimize the L1regularized regression Energy (5.3), we used the publicly available POGS solver1 .
For scenes rendered using VRay we set hyperparameter λ = 10000 + 300 · NL ,
where NL is the number of lights in the 3D scene as additional light sources introduce additional channels requiring more regularization. For scene rendered with
Mitsuba we set λ = 20000 as the number of channels is fixed.

5.4

Interface

Our interface allows users to quickly select render channels to edit, generate masks,
and set adjustment parameters. The user starts by loading a stack of photometric
render channels into our interface (see Figure 5.3 and supplementary video). By default, the users are only shown the composited image, but can switch to other channels as desired. For each edit, they specify a rough region of interest on the composited image, and our method automatically selects a subset of channels (named
XA in Section 5.3.2). The user can verify the correct channels were chosen via hot
keys and use the auto-mask feature to create an edit mask (named eA Section 5.3.2).
The user then edits the selected channels inside the masked region by adjusting
some of the supported adjustment parameters (named θA Section 5.3.2). The user
can perform multiple edits on the same example scene, and transfer them to other
comparable scene variations.

5.4.1

Render Channel Selection For Editing

In order to select a subset of render channels, the user simply specifies a coarse
region of interest (ROI) using either a rectangular marquee or polygon selection tool
directly on the the final composited image. Our selection method then identifies the
1 http://foges.github.io/pogs
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relevant channels based on the assumption that the user is interested in only those
layers that make the selected region unique with respect to the neighboring regions.
In the following, we first describe how to sample neighboring regions, formulate
the selection problem given a choice of such neighboring regions, and finally create
the edit mask (see Figure 5.6).
Sampling neighboring regions. Let P? denote the set of all pixel locations in the
user-selected ROI. Given P? , we first sample other regions at random by displacing the ROI by random translations with magnitude in the range [δ , 2δ ] with δ
denoting the diameter of ROI P? bounding circle. From the random samples we remove overlapping selections and those intersecting the ROI to generate m candidate
(neighboring) patches {P1 , . . . , Pm }, where Pj denotes a set of pixel locations in the
jth neighboring region.
Selecting among the render channels. Among the channels {Ai }N
i=1 , we seek to
identify the ones that are distinct within the ROI with respect to the spatially neighboring regions. Similar to approaches for bottom-up saliency [109], we measure
distinctness for a channel Ai by computing a difference between the statistics within
ROI P? and all neighboring regions Pj .

Figure 5.6: (Left) The user marks a region of interest (ROI) P? (shown as the yellow polygon) on the input composited image. (Right) By comparing patch statistics against neighboring regions Pj (shown as green polygons), our method automatically chooses which render channel(s) maximizes the uniqueness of ROI P? . In this example the reflection channel
(highlighted in orange) was chosen.
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Let µi (P) = E p∼P [Ai (p)] be the mean value within the render channel Ai for
pixel locations P, and σi2 (P) = E p∼P [(Ai (p) − µi (P))2 ] the variance, stored as a
vector of statistics (µi (P), σi (P)). We define the difference between the statistics within the ROI P? and neighboring region Pj for channel Ai using d j,i =
k(µi (Pj ), σi (Pj )) − (µi (P? ), σi (P? ))k as the L2 distance between their respective
statistics vectors. We define the vector of differences between ROI P? and neighbor
T
region Pj across all render channels as d j = d j,1 , . . . , d j,N .
Our goal is to find a selection vector x = (x1 , . . . , xN )T that makes the userselected ROI unique with respect to its neighbor regions, i.e., maximizes the accumulated differences across all neighbor regions Pj :
max ∑ xT d j
x

2

s.t.

xT x = 1,

(5.7)

j

where xT x = 1 is used to regularize the problem.
Such an optimal x can be directly computed as the eigenvector corresponding
to the highest eigenvalue of the matrix C = ∑ j d j dTj . Please refer to Appendix B for
details. In order to convert the vector x to the final selection of channels XA , we sort
the channels based on xi2 and pick the top ones that accounts for 0.9 ∑i xi2 . In our
experiments, this resulted in typically 1 − 3 selected channels.
Creating the edit mask. Using our selected channels XA we use GrabCut [10] to
create the final mask A0 . Specifically, we composite the selected channels ∑i∈XA Ai
and sample pixels inside and outside the ROI P? to form the mixture model for
the foreground and background, respectively. We erode pixels from the ROI P?
boundary using a 3x3 kernel to avoid boundary artifacts during GrabCut, and discard pixels within 20% of the ROI P? diameter. We then run GrabCut to get an edit
mask (c.f., Figure 5.6 top-right). If desired, the user can adjust the edit mask using a
brush tool. As a final step we set a mask pixel to zero if all of the selected channels
are zero at that pixel. This prevents the adapted image analogies returning spurious
correspondences when transferring the mask to the target view.
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Parameterized Adjustments

To complete the edit eA , our interface allows the user to adjust several parameters
affecting the selected channels XA in the region masked by A0 . Additionally, after
an edit has been transferred to the target scene (c.f., Sections 5.3.2 and 5.3.4), the
user can similarly continue editing the transferred edit eB . In Equation (5.6) we
outline how the adjustment of a parameter affects the final composite using the
parameters θ . We currently support the following adjustments: exposure, levels,
gamma, hue, saturation, lightness and Gaussian blur. These cover a wide range
of edits as demonstrated by the variety of examples in our paper. Furthermore,
comparing with the editing operations used in online tutorials [103, 104], the only
editing operation we do not support is painting colors directly. The details of the
specific parameters θ and how they are applied to a render channel can be found in
Appendix D.
Grid Search. To find the optimal parameters θ in Equation (5.5), we first normalize
the values of the individual parameters into the range [0, 1] and perform a grid search
sampling every 0.05, before denormalising into the original domain. In addition to
sampling at every 0.05, we sample the exact parameter setting for the source view, as
this may be the most appropriate parameter value for the transfer. We only perform
grid search for parameters that are not at their default settings in the source view.
We do not attempt to search for the Gaussian blur parameters and simply use the θA
provided by the user in the source view edit.

5.5

Results

In this section we show results of our automatic system for transferring parameterized edits. In our experiments, we used thirteen different 3D scenes, three of
which were composited onto background photographs. Motivated by our target application, we selected 3D scenes that may appear in product images, such as a car
model, a bottle, and a wristwatch. We created the majority of the scenes ourselves,
using 3D assets we collected exclusively from Turbosquid2 and Adobe Stock3 , with
2 http://www.turbosquid.com
3 https://stock.adobe.com
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Juice Bottle

Whiskey

Backpacks

Bathroom

Car

Instruments

Kitchen

5.5. Results

(a) Source view

(b) Edited source view

(c) Target view

(d) Transferred edit

Figure 5.7: Our results. To best view the transferred edits, please see the electronic paper
version, the supplemental video, and the suppl. PDF found on the project webpage5 .
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the exception of the dragon, made available by Stanford University4 . Additionally,
we used the San Miguel, Kitchen and Bathroom [110] scenes. When compositing a
rendered view into a photograph, we used stock photographs as background images.
The input renderings, user image-edits and source code can be found on the project
webpage5 .
As there are no publicly-available datasets of 3D rendered scenes with 2D
touchups, we manually set up and edited different 3D scenes to highlight a variety
of touchups and effects that our automatic edit transfer approach can handle. Setting
up the initial scene took between 30 and 120 minutes, with most of the time spent
on adjusting lights and material properties.
We then applied common image-based edits to refine lighting effects, emphasize shape or material properties, and highlight important details and objects. Finally, to create the target views, we modified the 3D scenes in various ways, such as
changing the camera viewpoint, re-arranging objects, and in some cases, replacing
or adding object geometry. Please see Appendix E for a complete description of the
edits to our 3D scenes.
Figure 5.7 shows the image-based edits and automatically transferred results
for some of our example scenes. We show additional results in our supplemental
PDF, which also includes the masks for all edits. These examples demonstrate the
variety of different 2D touchups and scene modifications that our method is able to
support. Since some of the edits are (by design) subtle, you may want to zoom into
the electronic version of the paper and supplemental materials. Typically, finding
edit-dependent weights (Section 5.3.3) takes 10 - 40 seconds to compute and the
parameter grid search (Section 5.3.4) 20 - 60 seconds, the timings vary depending
on the size of the mask.

5.5.1

Limitations

To test the limits of our method we transfer the edits from a single exemplar to
frames from an animation sequence. In cases where features remain consistent
4 https://graphics.stanford.edu/data/3Dscanrep/
5 http://geometry.cs.ucl.ac.uk/projects/2017/edit-transfer/
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Edited

Input
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(a) Source

(b) Target A (Success)

(c) Target B (Limit)

(d) Target C (Limit)

Figure 5.8: Testing Limits: (a) Given a single source input frame (top) and user edit (bottom) we transfer the edit to frames of an animation where the camera moves along a path.
(b) For moderate camera moves the edits transfer successfully. For severe camera movements (c) forward or (d) backwards the method reaches its limits as the scene geometry
scales and/or new geometry comes into view. Note the artefacts in (c) where bricks in the
archway are incorrectly turned turquoise or (d) only part of the table is brightened. For
additional frames in the camera path please see supplementary material.

throughout the animation, such as the rotating dragon in the supplemental video,
the edits transfer successfully. However, if the content in the source and target
views changes significantly throughout the sequence, the transfer begins to fail as
the features in the source view are not present in the target view. We demonstrate
this by zooming the camera in/out and revealing new geometry and lighting effects
in the San Miguel scene (Figure 5.8).
In addition to the aforementioned limitation, we have identified four other potential limitations of our approach. First, the edit-dependent adaptive image analogies approach performs the synthesis in a coarse-to-fine fashion. As a result, features over small spatial extent may be missed by the coarse scales, resulting in
mask synthesis artifacts, e.g., along an object boundary. Second, our approach may
have difficulty in pixel regions when a second light source interferes with the target view. Thirdly, not all edit operations can be easily described using a mask and
adjustment parameter (e.g. clone brush tool) and therefore cannot be transferred using our method. Finally, our formulation assumes the photometric render channels
have a linear blending relationship, which may not be true for certain advanced edit
operations.
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(e) ours

(d) StyLit all

(c) StyLit photo

(b) StyLit single

(a) NRDC

5.5. Results

Figure 5.9: Baseline comparison. (a) Non-rigid dense correspondences [75], (b) StyLit
with only the single user-edited render channel, (c) StyLit that uses all of the photometric
render channels, (d) StyLit that uses all of the augmented render channels, (e) Ours. Notice
that all baselines are unable to transfer the full edit from the source view to target view in
all cases, whereas our approach successfully handles the edits. Note only more subtle edits
highlighted. Please refer to Figure 5.7 for the Car source images and Figure 5.3 for the
Wine Bottle source and target images. The Car target image and additional comparisons
can be found in the supplemental material on the project page5 .
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Baseline Comparisons

For the edit transfer task, we compare our approach against a number of baselines
and existing approaches for finding dense correspondences. Our first baseline is to
simply use the known 3D shape correspondences between the two views (correspondences). The second baseline is StyLit [85]. For StyLit, we compare against
three variants: (i) “out of the box” StyLit that uses A LL P HOTOMETRIC render
channels (StyLit photo channels), (ii) StyLit that uses only the edited render channel (StyLit single), and (iii) StyLit that uses all of the augmented render channels
(StyLit all channels). We also compare against two algorithms for finding dense
correspondences between two images using their source code: non-rigid dense correspondences (NRDC) [75] and Transfusive Image Manipulation (Transfusive) [77].
We show output comparisons for NRDC, StyLit single, StyLit photo channels,
and StyLit all channels in Figure 5.9. Notice how all baselines are unable to transfer
the full edit from the source view to the target view for all cases. For example, all
methods fail to remove the wine glass reflection in the background. NRDC and
StyLit all channels introduce artifacts within the watch face. While all the baselines
can transfer the car reflection, there are either artifacts in the transfer for the front
light, or in the case of StyLit all channels the edit for the light fails to transfer at all.

Figure 5.10: Comparison with Transfusive Image Manipulation [77]. In these examples,
SURF matches (as used in their paper) failed to find reasonable correspondences and the
method was initialized by manually selecting pairs of corresponding points between the
source and target views. In the two examples the method fails to transfer all edits successfully and the edits which are transferred have ghosting artefacts . Please note that the
tranfusive image manipulation work was designed for an entirely different application and
it works directly on the composited image without access to the render channels.
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Figure 5.11: O BJECT M ASK comparison. Using the source and target views from Figure 4.1 we show that (left) using StyLit with A LL P HOTOMETRIC render channels, additionally augmented with O BJECT M ASK fails to transfer the masks correctly. (right)
Additionally adding the log of A LL P HOTOMETRIC render channels to the set to available
channels improves results but still fails to transfer all edits correctly. Having O BJECT M ASK
for guidance means edits can only be transferred to the same object they were applied to, in
this example the desired outcome is to have both background skulls blurred as shown in our
result in Figure 4.1.

Comparisons with Transfusive Image Manipulation are shown in Figure 5.10.
The method was initialised with manually annotated pairs of points in the two views
due to poor feature matching. Despite this additional interaction, the results suffer
from inaccuracies in the correspondences and erroneously transfer edits.
We show two qualitative comparisons with additional baselines. In Figure 5.11
we show how using StyLit with A LL P HOTOMETRIC render channels, additionally
augmented with the log of each channel and the O BJECT M ASK also fails to transfer
edits correctly. Secondly, we show the effectiveness of our approach for adjustment
parameter transfer in Figure 5.5. We compare against a baseline where we simply
copy over the adjustment parameter the user selected in the source view to the target
view. Notice that simply copying the parameter to the target view results in a bright
reflection of the car. Our inferred adjustment parameter for the target view allows
the reflection to more closely match the edited source view.
Perceptual study. To quantitatively evaluate our approach, we performed a perceptual study comparing our results against several baseline edit-transfer techniques:
NRDC, StyLit single, StyLit photo channels, and StyLit all channels. We used a
two-alternative forced choice (2AFC) design that shows a raw (A) and edited (A0 )
source view, a raw target view (B), and two candidate edits for the target view generated by two of the methods under evaluation. The judge is asked to select the
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candidate edit that is more similar to A0 . We generated all pairs of comparisons for
three different scenes and ran the experiment on Amazon Mechanical Turk (AMT).
In total, we had 147 distinct AMT workers and obtained 50 judgements for each
pair of candidate edits. To analyze the data, we used the Bradley-Terry model [111]
to compute the likelihood of an edit transfer technique being selected by an AMT
worker in a comparison. Our results are shown in Figure 5.12. Please refer to the
supplemental for the interface shown to the AMT workers.

5.5.3

User Study

While the comparisons above demonstrate the effectiveness of our automatic edittransfer technique, we also wanted to investigate the utility of our method within an
interactive editing workflow where users may want to refine the automatic-transfer
results. To this end, we conducted a comparative user study where participants used
Adobe Photoshop to transfer edits to target scenes in two different ways: manually
(i.e., specifying all the masks and image adjustment parameters from scratch) and
using our automatic transfer results as a starting point. We use Photoshop in both
conditions to achieve a more controlled comparison and provide an ecologically
valid setting where users have access to an industry-standard set of editing features
to refine auto-transferred edits. We recruited 16 participants from a university and
a large software company for the study. Since our approach is designed primarily
for artists with some image editing expertise, we focused on candidates who are
reasonably familiar with Adobe Photoshop; ten of the participants had at least five
years of Photoshop experience, and only two had used the software for less than a
year. We report qualitative feedback from the editing sessions and quantitative data
on the quality and completion time of the edits.

5.5.3.1

Methodology

We asked each participant to perform a total of four edit-transfer tasks on two different scenes, Juice Bottle (Figure 5.7) and Car (source view in Figure 5.7 and target
view in Figure 5.9) . For each scene, we first presented a source Photoshop document containing both a raw (A) and edited (A0 ) version of the scene, along with a
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Stylit photo Stylit single

(c) averaged over watch

ours

NRDC

Stylit
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Figure 5.12: Quantitative evaluation. We performed a pairwise-comparison user study
on Amazon Mechanical Turk. Shown are likelihoods from the Bradley-Terry model [111]
(normalized to 1) for the different approaches over (a) all scenes, (b) car scene, (c) watch
scene, (d) wine scene. Please see the text for more details.

text description of the edits with annotated figures highlighting the changes. In the
Photoshop document, edits were represented as adjustment layers that encode a parameterized image adjustment and mask applied to a specified render channel. By
toggling the visibility of these layers and the associated render channels, users were
able to see the effect of each edit. They could also inspect the image adjustment
parameters and masks.
After users familiarized themselves with the edits, we gave them a target Photoshop document with a modified configuration of the scene (B) and asked them to
produce an edited version (B0 ) that is analogous to the differences between A and A0 .
We created two types of target documents. The manual version provides the same
set of adjustment layers (applied to the same set of render channels) as the source
document, but each adjustment is set to its default parameters (which have no effect)
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and the mask is set to modify the entire image. This setup approximates current edit
transfer workflows where users manually propagate each edit from source to target view by specifying the mask and image adjustment parameters from scratch.
We also created an automatic version of the target document where the parameters
and mask for each adjustment layer are initialized with the results of our automatic
edit-transfer method. For each scene, we asked participants to transfer the edits
using both the manual and automatic target documents to produce a pair of edits
(B0man , B0auto ). We counterbalanced the order of the tasks to account for the potential
learning effects from performing the edits twice.
We instructed users to complete the tasks as quickly as possible and recorded
their completion times. To limit the duration of each session, we capped each task at
ten minutes and alerted participants when they started to run out of time. After each
task, we asked users to rate how well their B0 matched A0 as well as the perceived
difficulty of the task on a 5-point scale. At the end of the session, we also asked
whether they preferred the manual or automatic condition. Finally, in addition to
these self-assessments, we obtained external judgements on the relative quality of
each pair of user-generated edits (B0man , B0auto ) using the same 2AFC design as the
perceptual study described above.
Qualitative Feedback. Overall, participants expressed a clear preference for the
automatic condition over the purely manual workflow. Amongst the 16 users, 14 indicated that they preferred the automatic version. They noted that working from the
automatically transferred edits saved time and effort, even when they had to refine
the masks and adjustment parameters. Our observations of the editing sessions support these sentiments; in the automatic condition, users spent far less time creating
masks compared to the manual condition. The two participants who preferred the
manual condition complained that they found it difficult to understand how some
of the automatically-generated edits worked. However, both noted that they would
probably prefer the automatic condition if they had created the original edits in the
source view (which would typically be the case in real-world scenarios).
The self-assessments on the quality of edits and the difficulty of the tasks also
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clearly favour the automatic condition. For the Juice scene, only one of the 16 participants felt that the manual condition produced a better result than the automatic
condition, and only three participants found the manual task easier than the automatic version. For the Car scene, two participants felt that their manual result was
better, and one found the manual task easier.
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Figure 5.13: Quality vs. Time: Scatterplot showing the difference in completion times and
difference in number of votes. The dotted lines show the median value for each axis. The
juice bottle (blue) results show significant improvement in completion time and quality.
The car (green) has significant improvement in completion time but in quality the results
are varied.

Quality versus Completion Time. The task completion times and external quality
judgments also support the qualitative findings. We visualize this data by encoding
each (B0man , B0auto ) pair generated by a given participant as a single (x, y) data point
where x represents the difference in completion times and y represents the difference
in the number of votes from the 2AFC comparison between the two conditions. In
particular, x = TB0man − TB0auto , where T is completion time, and y = VB0auto − VB0man ,
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where V is the number of votes. Using this encoding, Figure 5.13 provides a rates
quality versus completion times for the two scenes.
The fact that most points lie in the top right quadrant indicates that users were
generally faster and produced higher quality edits when starting with our automatically transferred edits. However, there are some differences in the relative quality
of the manual and automatic results across the two scenes. For the Juice scene, all
the automatic results received more votes, but for the Car scene, the votes are more
evenly distributed. We believe the reason for this discrepancy is that the masks for
the Car edits were easier to specify manually than the masks for the Juice edits,
some of which required more careful brushing. Still, it is important to note that
the automatic Car edits were at least comparable in quality to the manual edits, and
participants consistently completed the edits much more quickly in the automatic
condition, which is a key benefit of our approach.

5.6

Closing Remarks

This chapter presented an assistive tool for transferring image-based edits made
to multichannel renderings to global scene variations. The method allows users
to apply an edit once to a rendering of one scene configuration, then automatically
transfer the edit to another variation of the scene. To enable the tool we use multiple
representations of the original rendered scene, these are both photometric and nonphotometric render channels. The user specified edit is then used and analysed to
find correlations between the various scene representations. From this multimodal
correlation analysis we learn a channel weighting for each of the scene representation and use this to transfer the edit in a weighted image analogies formulation. We
also presented a new editing workflow that more easily allows users to find the right
channel they would like to edit. This method again works by finding correlations between channels using a user specified region of interest. To ensure that we meet the
objectives set out in Chapter 1 we conducted a user study showing that our method
is more time efficient at transfer edits compared to the existing workflow. Additionally, we compared our transfer method with existing algorithms demonstrating our
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transferred edits are more accurate. Finally, in qualitative feedback from user study
participants a clear preference to our workflow compared to the exiting one was
shown. We are happy that our tool meets the objectives we outlined for assistive
tools.
In the final chapter, Chapter 6, we conclude the thesis by summarising the
findings of the research presented and discuss potential future work.

Chapter 6

Conclusion
In this thesis, three different examples of assistive tools for creating visual content
have been discussed. The three tools all use multiple representations of a reference
scene and some form of multimodal correlation analysis of these representations
to power the tools. In this final chapter the key contributions from these tools are
summarised and for each of the tools specific future work is discussed. This is
followed by a section discussing future work more broadly in the area of assistive
tools.

6.1

Summary

Image Degradation Model. In Chapter 3 we presented a scene abstraction and
image degradation model for single RGB-D images. Central to the method is understanding the correlations between the scene represented as an RGB photograph
and as a depth image. Using this understanding, we demonstrated how a variety of
objects, or even groups of objects, can be approximated by simple planar proxies
created out of rough depth information loosely synchronized with RGB information. These proxies can then be used to determine occlusions in a scene and assist
with image completion in these occluded regions. This scene abstraction allows for
an image degradation model to be created that captures the confidence in the quality of the image completion step. We use the model to assist the user in performing
edits. We demonstrated the use of the degradation model in the context of parallax
photography from single images.
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In the future, we would like to further explore applications of the image degradation model. One particular area of interest is using it to create a smart interface
for image editing. Such an interface could allow the user to perform 3D edits in the
scene - by way of geometric proxies - and have the output degradation evaluated. If
the degradation is high the system could suggest a similar alternative edit by moving objects in the scene or adjusting the camera pose to one that has less degradation.

How2Sketch. In Chapter 4 we presented How2Sketch, a system that automatically generates easy-to-follow tutorials for drawing part-segmented man-made 3D
objects from selected views. The algorithm creates multiple candidate representations of primitive approximation for the object, before solving a selection problem
constrained by geometric relationships found in the input object. The output of the
selection optimisation - the selected candidates and their ordering - enables the tool
to generate the sketching tutorial. We evaluated our system using a user study, and
found that sketches made by following H2S tutorials had more accurate proportions
and relative part placements compared to a basic step-by-step tutorial with scaffolding primitives. Users preferred the H2S tutorials over the basic tutorial, giving
significantly higher ratings for satisfaction, accuracy, and enjoyment.
One possible future direction is to provide stroke level support to help users
draw the final object contours, possibly by explicitly providing guidelines with
respect to the scaffold primitives. Another direction would to explore new types of
guidelines that can help reduce the number of unguided steps in a tutorial. A very
interesting future question is to investigate if H2S really teaches users to sketch
better by drawing “what you know.” While this is the ultimate goal of any sketching tutorial, answering this question will require a much more involved user study
where we have to track and quantify user-specific improvements.

Edit Transfer. Finally, in Chapter 5 we developed an interactive editing tool for
2D and 3D editing of rendered 3D scenes, which allows transfer of parametric 2D
edits to new views of the scene or scenes with different objects. At the heart of
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our method is a new edit-dependent adaptive image analogies method. This requires edit-dependent weighting to be found through understanding the correlation
between the user edit and multiple render channels of the scene. We demonstrated
that our edit-dependent approach successfully transfers edits for a variety of 3D
scenes and 2D touchups, and outperforms prior approaches that rely on dense correspondences that do not take into account the user edits. Additionally, we evaluated
the usefulness of our transfer method in a user study. Our tool opens up the possibility of additional functionalities that blur the boundary between 2D and 3D for
editing, such as propagating 2D and 3D edits to automatically inferred 3D scene
properties from the background photograph, e.g., to transfer edits to object shadows
that affect others depicted in the background.
Our approach to the edit transfer problem is a practical one that fits with the
existing workflow of digital artists that is intuitive to them. A different way to
approach the problem would be to pose it as one of inverse rendering. Such a tool
could allow the artist to make in image-based edit then automatically infer the 3D
scene parameters that would result in that image. This would mean the edit transfer
problem is intrinsically solved. However, the artists would then be limited to only
physically-valid edits.

6.2

Future Work

In addition to the application specific areas of future work suggested in Section 6.1,
there are many interesting avenues of research into assistive tools for visual content
creation. In all the the tools proposed in the previous chapters the problems have
been approached using limited input with either one or no exemplars. In future
work it would be interesting to explore using data-driven approaches to assistive
tools, however, this will come with new challenges to overcome.
One challenge to overcome is giving the artist more control of data-driven
tools. There have been some very successful applications of using artist input to
then generate an image. For example the network proposed in Pix2Pix [112] has
been used to generate images of cats based on an artist sketch. However, the gener-
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ated images, you could argue, are quite difficult to the artist to control. For example
if they wanted to keep one feature but change others this is challenging without
providing a perfect sketch. Some work has attempted to look into this problem giving artists more control. For example Delanoy et al. [113] use multiple sketches
from different viewpoints in a data driven sketch-based modelling application. In
the context of style transfer Gatys et al. [114] decompose style into different perceptual factors to allow more artist control. However, it could be argued that more
artist control needs to be provided to these data-driven tools. One particular area
of future research would be to use multimodal input with such tools. For example,
input sketches and verbal / written descriptions could be combined to synthesise images or 3D models. The sketch could provide geometric information and the verbal
appearance.
Another challenge for using data-driven approaches is generating the training
data or how to pose the problem as one of unsupervised learning. There have been
some successful examples of this [112, 113], however, the solutions are not general. For the tools proposed in Chapters 4 and 5 it is not immediately clear how
training data could be collected efficiently or how it would be posed as a unsupervised learning problem. Overcoming this problem in a general way, even for a
group of interactive tasks such an image editing or 3D compositing would be a great
step forward in the field.
Given the future research directions proposed here and in Section 6.1, it is
clearly a field with many avenues of future work. Moreover, given the history of
the development of the tools used by artist and the number of challenges people
still face, it is hard to imagine that the tools used today will be the tools used in
the future. This thesis has argued that assistive tools is an interesting direction
for interactive computer graphics tools and one that has potential to cross from
academic research to being used in industry.

Appendix A

How2Sketch Tutorials
This appendix contains some example How2Sketch tutorials from Chapter 4. For
additional, higher resolution, examples please see the project webpage.

(a) Step 0

(b) Step 1

(c) Step 2

(d) Step 3

(e) Step 4

(f) Step 5

(g) Step 6

(h) Step 7

(i) Step 8

Figure A.1: How2Sketch Mixer Tutorial Experience Setting Novice Part 1
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(a) Step 9

(b) Step 10

(c) Step 11

(d) Step 12

(e) Step 13

(f) Step 14

(g) Step 15

(h) Step 16

(i) Step 17

(j) Step 18

(k) Step 19

(l) Step 20

(m) Step 21

(n) Step 22

(o) Step 23

(p) Step 24

(q) Step 25

(r) Step 26

Figure A.2: How2Sketch Mixer Tutorial Experience Setting Novice Part 2
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(a) Step 27

(b) Step 28

(c) Step 29

(d) Step 30

(e) Step 31

(f) Step 32

(g) Step 33

(h) Step 34

(i) Step 35

(j) Step 36

(k) Step 37

(l) Step 38

Figure A.3: How2Sketch Mixer Tutorial Experience Setting Novice Part 3
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(a) Step 0

(b) Step 1

(c) Step 2

(d) Step 3

(e) Step 4

(f) Step 5

(g) Step 6

(h) Step 7

(i) Step 8

(j) Step 9

(k) Step 10

(l) Step 11

(m) Step 12

(n) Step 13

(o) Step 14

(p) Step 15

(q) Step 16

(r) Step 17

Figure A.4: How2Sketch Camera Tutorial Experience Setting Apprentice Part 1
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(a) Step 18

(b) Step 19

(c) Step 20

(d) Step 21

(e) Step 22

(f) Step 23

(g) Step 24

(h) Step 25

(i) Step 26

(j) Step 27

(k) Step 28

(l) Step 29

(m) Step 30

(n) Step 31

(o) Step 32

(p) Step 33

(q) Step 34

Figure A.5: How2Sketch Camera Tutorial Experience Setting Apprentice Part 2
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(a) Step 0

(b) Step 1

(c) Step 2

(d) Step 3

(e) Step 4

(f) Step 5

(g) Step 6

(h) Step 7

(i) Step 8

(j) Step 9

(k) Step 10

(l) Step 11

(m) Step 12

(n) Step 13

(o) Step 14

(p) Step 15

(q) Step 16

(r) Step 17

Figure A.6: How2Sketch Train Tutorial Experience Setting Master Part 1
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(a) Step 18

(b) Step 19

(c) Step 20

(d) Step 21

(e) Step 22

(f) Step 23

(g) Step 24

(h) Step 25

(i) Step 26

(j) Step 27

(k) Step 28

(l) Step 29

(m) Step 30

(n) Step 31

(o) Step 32

(p) Step 33

Figure A.7: How2Sketch Train Tutorial Experience Setting Master Part 2
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(a) Step 0

(b) Step 1

(c) Step 2

(d) Step 3

(e) Step 4

(f) Step 5

(g) Step 6

(h) Step 7

(i) Step 8

(j) Step 9

(k) Step 10

(l) Step 11

(m) Step 12

(n) Step 13

(o) Step 14

(p) Step 15

(q) Step 16

(r) Step 17

Figure A.8: How2Sketch Roller Tutorial Experience Setting Novice Part 1
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(a) Step 18

(b) Step 19

(c) Step 20

(d) Step 21

(e) Step 22

(f) Step 23

(g) Step 24

(h) Step 25

Figure A.9: How2Sketch Roller Tutorial Experience Setting Novice Part 2

Appendix B

Derivation of Optimal Channel
Selection
As formulated in Section 5.4.1, our goal of determining a channel selection vector
x = (x1 , . . . , xN )T for a user-selected ROI can be cast as:
max ∑ xT d j
x

2

s.t.

xT x = 1.

j

Using Lagrangian multiplier λ , we can reformulate the above as maxx E(x)
where,
E(x) := ∑ xT d j

2

+ λ (1 − xT x).

j

Simplifying E(x), we get:
E(x) = xT (∑ d j dTj )x + λ (1 − x| x)
j

= xT Cx + λ (1 − xT x)
with C = ∑ j d j dTj . In order to find extrema of E(x), we set
∂ E(x)
= 2Cx − 2λ x = 0.
∂x
Thus, to find an extrema of E(x) we have to select an eigenvector of C. Let xe be
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such an eigenvector, i.e., Cxe = λ xe . For such a choice, E(x) evaluates to
E(xe ) = xTe (Cxe ) = xTe (λ xe ) = λ ,
where we used xTe xe = 1 since xe is an eigenvector.
Thus, to maximize E(x), we have to pick the eigenvector with the largest
eigenvalue among the N eigenvectors of C.

Appendix C

Renderer Specific Augmented
Render Channels
The rendered of a scene using VRay took, on average, 10 minutes and Mitsuba
on average took 8 hours. The list of Augmented Render Channels used for these
examples can be seen in Table C.1. Note that Mitsuba cannot separate lighting
effects per light source but has a diverse set of non-photometric channels enabling
our transfer method to work.
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Table C.1: Augmented Render Channels: The photometric render channels 1-3 are optionally rendered per light source. Geometry channels 4 -7 are rendered per light source. VRay
object channels inner- and outer-distance transforms (DT) are generated in 2D using the
object masks. We further augment the photometric render channels by adding the log of
each channel. The Mitsuba outgoing- and incoming ray channels are the average rays for
each pixel. We use A LL P HOTOMETRIC to refer to all channels in the Photometric column
for a given renderer.

Photometric

Geometry

Object

VRay
1.
2.
3.
4.
5.
6.
7.
8.
9.
10.

S PECULAR
D IFFUSE
R EFLECTION
R EFRACTION
G LOBAL I LLUM
S HADOW
C AUSTICS
S ELF I LLUM
C AUSTICS
S UBSURF S CATTER

Z-D EPTH
N ORMALS
V IEW D IRECTION
N ORMAL V IEW C OS
L IGHT D IRECTION
N ORMAL L IGHT C OS
H ALF A NGLE

O BJECT M ASK
I NNER -DT
O UTER -DT

Mitsuba
11.
12.
13.
14.
15.
16.
17.
18.
19.

D IRECT S PECULAR
D IRECT D IFFUSE
G LOBAL I LLUM S PECULAR
G LOBAL I LLUM D IFFUSE
S UBSURF S CATTER
E NVIRONMENT M AP
E MITTER
C AUSTICS

Z-D EPTH
N ORMALS
O UTGOING R AY
I NCOMING R AY
OR N ORMAL C OS
IR N ORMAL C OS
H ALF A NGLE
C URVATURE
R AW D IRECT I LLUM

O BJECT M ASK
P RIMITIVE I D
BSDF T YPE
S AMPLE T YPE
A LBEDO

Appendix D

Adjustment Parameters
Implementation Details
Exposure has a single scalar value θ ∈ [−10, 10] and adjusts the input as
fθ (Bi , p) = Bi (p) ∗ 2θ .


min , θ max , θ γ ∈ [0, 1]5 and apLevels require several parameters θ = θinmin , θinmax , θout
out
plied to a pixel as

fθ (Bi , p) =

Bi (p) − θinmin
θinmax − θinmin

 θ1γ


max
min
min
θout
− θout
+ θout
,

(D.1)

where γ allows for a single scalar parameter in the range θ ∈ [0, 10] and adjusts a
pixel as fθ (Bi , p) = Bi (p)θ .
Hue, Saturation and Lightness changes are adjusted using the parameters θ =
(θh , θs , θl ) ∈ ([−180, 180], [−180, 180], [−100, 100]) and is applied to a pixel in
HSL domain as fθ (Bi , p) = Bi (p) + θ .

Gaussian blur is parameterized using a kernel size and standard deviation, θ =
(θx , θσ ) which is applied to a pixel by,
θx

fθ (Bi , p) =

θx

∑ ∑
k=−θx j=−θx

Gθσ (k, j)Bi (p0 )

(D.2)
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h
where p0 = p + q, q = k

j

i|

and
2

2

1 − x 2θ+y2
σ .
Gθσ (x, y) =
e
2πθσ2

(D.3)

Appendix E

Scene, Edit and Transfer
Descriptions
In this appendix we outline the scene rendering setup, the image-based edits performed, and the non-zero weighted render channels used to transfer edits to the
target view.
Car. The car scene was rendered with an area light source above the car and a point
light source behind the camera. We made four image-based edits: (i) emphasize
reflection on the ground; (ii) remove specular glare on the headlight; (iii) reduce
specular reflection on the windscreen wipers; and (iv) reduce specular highlight on
the bumper. We created many 3D scene variations: 3×viewpoint change, change in
material, add duplicate geometry and new geometry. For each edit, the following
channels were selected for transfer and reconstruction: (i) L OG S PECULAR (light
source 1), L OG D IFFUSE (light source 1), L OG S PECULAR (light source 2), L OG
R EFLECTION; (ii) S PECULAR (light source 1), L OG S HADOW, N ORMALS, N OR MAL

V IEW C OS; (iii) S PECULAR (light source 2), R EFLECTION, G LOBAL I LLUM;

(iv) S PECULAR (light source 1), L OG S HADOW, L OG R EFLECTION.
Juice Bottle. The bottle is lit by two point light sources, one behind the object and
the other above and in front. We made three image-based edits: (i) remove specular glares around the outside of the bottle and push the specular highlight away
from the bottle contour; (ii) remove harsh reflection on the bottom of the bottle; (iii)
emphasize the label. In the target view, we changed the viewpoint. The following
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render channels were selected: (i) L OG S PECULAR, O UTER -DT, G LOBAL I LLU MINATION ;

(ii) R EFLECTION, L OG R EFLECTION; (iii) L OG R EFLECTION, L OG

S PECULAR, R EFLECTION, S ELF I LLUM.
Wine Bottle and Glass. The scene has 4 light sources: two area lights (one red and
one white) and two point lights (one in front and one behind the wine and glass).
We made five image-based edits: (i) remove big white reflection from the white
area light reflecting off the table and wall; (ii) remove big red reflection from the
red area light on the table; (iii) remove reflection of the wine glass on the back wall;
(iv) emphasize bottom half of the white reflection on the wine bottle so it matches
the reflection above; (v) remove distracting red refraction on the wine glass. In the
target view, we changed the object geometry and viewpoint. The following render channels were selected: (i) N ORMALS, L OG R EFLECTION (light 1), R EFLEC TION

(light 1); (ii) R EFLECTION (light 2), N ORMALS; (iii) R EFLECTION (light 1),

L OG R EFLECTION (light 2), L OG R EFLECTION (light source 4), L OG R EFRAC TION

(light 2), L OG R EFRACTION (light 3); (iv) R EFRACTION (light source 4),

L OG R EFLECTION (light 4), S HADOW, L OG G LOBAL I LLUM; (v) D IFFUSE (light
2), L OG R EFRACTION (light 2), L OG R EFLECTION (light 2).
Watch. The scene is lit with a single point light source on the opposite side of the
watch to the camera (not visible to camera). The image-based edits were (i) increase
brightness of the watch face; (ii) add exaggerated highlight on the watch face; (iii)
make metal material more reflective. In the target view, the watch was rotated and
translated on the table. The selected render channels were (i) L OG R EFLECTION,
L OG BACKGROUND; (ii) L OG R EFRACTION, L OG R EFLECTION, L OG D IFFUSE,
L OG S HADOW, L OG BACKGROUND; (iii) L OG G LOBAL I LLUM, L OG S HADOW,
L OG BACKGROUND, L OG R EFRACTION.
Whiskey. The original scene is rendered with a background photo of a beach with
a directional light source above and to the left of the bottle. The image-based edits
were (i) add halo effect around the outline of the bottle; (ii) emphasize the label to
make it more visible. In the target view, we chose a different background image, the
objects have been rotated and translated, and the light source position has moved to
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the right of the bottle. The following render channels were selected for the transfer: (i) O UTER -DT, N ORMALS, L OG BACKGROUND; (ii) L OG G LOBAL I LLUM,
D IFFUSE.
Dragon. There are three lights in this scene: two point lights on either side of the
Dragon and a soft area light above. The image-based edits were (i) increase specular
highlights to emphasize the Dragon’s curvature; (ii) boost the GI channel inside the
Dragon’s body to give a glowing effect. In the target views, we rotated the Dragon
360°. The selected render channels were (i) L OG S PECULAR, N ORMALS, L OG
R EFLECTION, D IFFUSE; (ii) L OG G LOBAL I LLUM, I NNER -DT, L OG S HADOW.
Backpacks. The scene is lit from above by a single point light source in between
the bags and the camera position. Three image-based edits were made: (i) make
the fabric appear darker; (ii) remove unwanted highlight on the side of the bag; (iii)
make creases of the bag orange matching the handle color. We modified the 3D
scene by rotating and translating the two bags. The selected render channels were
(i) L OG D IFFUSE, D IFFUSE, GI; (ii) L OG S PECULAR,
TION ,

SPECULAR ,

L OG R EFLEC -

L OG S HADOW; (iii) L OG R EFLECTION, N ORMALS, L OG S HADOW, L OG

D IFFUSE, L OG S PECULAR.
3D Text. The 3D text is composited into a background photo with a single point
light behind the text. The material of the text is translucent. We edited the source
view to emphasize translucency by increasing the exposure at some of the edges of
the text. In the target view, the text has been rotated and translated, in addition to
changing the background image. To transfer the edit, our method selects the L OG
S UBSURF S CATTER, S UBSURF S CATTER, L OG D IFFUSE, L OG S PECULAR and
G LOBAL I LLUM channels.
San Miguel. The scene’s lighting comes from an environment map, which is only
visible thought the atrium. The image-based edits were (i) increasing the exposure
of the indirect global illumination channel to make the region in shade more visible (ii) adjusting the levels on the tree leaves to make them more prominent and
green (iii) adjusting the hue, saturation and lightness of the wall. In the target views
the camera moves and rotates revealing new geometry. To transfer the edits the
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selected channels were (i) A LBEDO, S AMPLE T YPE, L OG G LOBAL I LLUM D IF FUSE,

N ORMALS (ii) A LBEDO, L OG G LOBAL I LLUM D IFFUSE and P RIMITIVE

ID (iii) A LBEDO, S AMPLE T YPE, and N ORMALS.
Bathroom. The scene’s lighting comes from an environment light outside, which
is coming though the windows. The image-based edits were (i) reducing the exposure of the glass windows to make them appear frosted and (ii) hue, saturation and
lightness of the floor to make it a different color. In the target view the camera is
translated up and towards the left. To transfer the edits the selected channels were
(i) BSDF T YPE, R AW D IRECT I LLUM and IR N ORMAL C OS (ii) BSDF T YPE,
R AW D IRECT I LLUM, Z-D EPTH and IR N ORMAL C OS.
Kitchen. The scene’s lighting comes from a sphere area light behind the camera
position and several smaller point lights visible in the scene. The image-based edits
were (i) blurring light sources, (ii) adjusting hue/saturation/lightness of the work
surface, (iii) adjusting hue/saturation/lightness of the mug, (iv) reducing rendering
noise on the pot using gamma correction and (v) reducing the specular highlights
on the pot using the exposure parameter. In the target view the camera was translated. To transfer the edits the selected channels were (i) A LBEDO, curvature, R AW
D IRECT I LLUM, S AMPLE T YPE (ii) A LBEDO, N ORMALS, primitive id, S AMPLE
T YPE and Z-D EPTH (iii) A LBEDO, P RIMITIVE ID, S AMPLE T YPE and Z-D EPTH
(iv) A LBEDO, R AW D IRECT I LLUM, Z-D EPTH (v) BSDF T YPE, R AW D IRECT
I LLUM, Z-D EPTH.
Skulls. The scene is lit by a large area light directly above the skulls. The imagebased edits were (i) blurring the background skull to create a depth of field effect
(ii) changing the hue, saturation and gamma to change the color and emphasize the
reflections on the ground plane (Note this and edit (i) together is physically invalid,
typical for our target application) (iii) adjusting the hue, saturation and lightness in
the foreground skulls’ eye sockets to make them appear to glow. In the target view
the skulls were rotated and translated into a new configuration. To transfer the edits
the following channels were selected (i) L OG D IFFUSE, shadow, L OG S HADOW
and Z- DEPTH (ii) L OG D IFFUSE, L OG R EFLECTION, L OG S HADOW (iii) L OG
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D IFFUSE, L IGHT D IRECTION, N ORMAL L IGHT C OS, H ALF A NGLE
Instruments. This scene is lit by a white area light above the instruments and a
red point light next to the camera. The image based edit (i) was blurring the background saxophone. In the target view the viewpoint was changed and the saxophone
rotated. To transfer the edit (i) the L OG G LOBAL I LLUM, L OG D IFFUSE, L OG R E FLECTION , I NNER -DT

and O UTER -DT were selected.
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