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Abstract

To learn photography is to become more intentional about the creative choices you
make with your camera. Many of these creative choices happen in real time during the
capture process, as the photographer takes in the scene around them and navigates a
space of so many possibilities and uncertainties. However, today’s resources for learning
photography, such as books, classes, and example photos, are largely disconnected from
the capture process. Photographers are therefore faced with the task of navigating,
in real-time, a seemingly infinite space of possible creative choices while relying
on a disconnected space of learning resources that can feel both inaccessible and
overwhelming in the moment. The primary insight of my research is that real-time
contextual guidance, embedded directly in the camera, can make accessing relevant
parts of this wealth of information more approachable and actionable. The feedback
assists in cutting through the noise of endless possibilities and focuses photographers’
attention on targeted, meaningful creative choices.

My dissertation presents a set of capture-time interfaces that provide real-time
contextual guidance. This guidance takes the form of light touch cues presented
as automatically generated visual overlays, where each overlay is designed to focus
on a specific photographic concept. Each interface’s goal is to understand what an
expert might be noticing in considering the targeted photographic concept and to,
via an annotation overlay, direct a novice user’s awareness in a similar manner. In
designing this real-time contextual guidance, I take inspiration from photographers’
current practice of directing attention through manually drawing annotations onto
photos. Today, this practice is mostly restricted to post-hoc feedback used to point
out specific decisions or potential mistakes that the artist made. I develop algorithmic
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approaches designed to understand conceptually relevant aspects of the scene that the
photographer is viewing. These algorithms generate annotations that are displayed in
the camera in real time. The annotations can move beyond explaining why a specific
decision was made, towards helping the photographer become aware of artistic choices
that could be made, providing guidance while encouraging creativity and exploration.
Through the overlays, we hope to help novices train their eye to see in the way that
experts do.

Specifically, I present in-camera guidance interfaces tackling three important
photographic concepts: portrait lighting, composition, and decluttering. The portrait
lighting tool helps users be more aware of the available lighting styles and reorient
their subject to best achieve the lighting style of their choice. The composition
guidance tool makes users more aware of the current composition by highlighting lines
in a composition grid that are most relevant to the camera view. The decluttering
tool increases users’ awareness of clutter that would draw attention away from the
main story of the image by abstracting the camera view to outline edges around the
subject(s) or the image borders. For each interface, I describe my process for designing
a novice-interpretable visualization and how it captures context relevant to the target
concept. I then evaluate each interface by asking novice photographers to take photos
with these tools while focusing on their target concept.

Together, these tools and their evaluations demonstrate that such awareness-based
visual guidance camera interfaces can help people be more intentional about their
artistic choices. By making users more aware of possible options and mistakes, the
interfaces introduced in this dissertation encourage users to explore the space in a
more informed manner. In this way, the tools presented in my dissertation help users
become more confident in their ability to achieve their artistic goals.
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schematic shows how our interface conveys the optimal orientation
for the additional light source relative to the face after orienting the
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head on image quality metric graphs for the art studio scene and
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and to annotate them on a composition grid. Left to right: We col-
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an algorithm for heuristically computing these lines, or adaptive ar-

matures. We display these adaptive armatures as an overlay in an
in-camera composition interactive guidance tool and study how it
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6.1 Here we see photos from our walkthrough (Figure 1.2) from before

and after the photographer considered composition. In the middle we
show a mockup of what the photographer might see upon launching
our tool. The decluttering tool further emphasizes the orange bag as
well as highlights the edge of the wall on the right border of the image,
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6.2 Two pairs of photos (top) from two participants from our WoZ prototype:
the initial photo and the final photo upon seeing the photo with the
transparency overlay (below). Left to right: (a) The participant notices
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camera angle removes the distractors from frame in the updated photo,
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6.5 Overlay options as presented to design survey participants for videos.
Alongside the video with the set of overlays, we showed still frames of
the beginning, middle, and end of the video with the same overlays.
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bottom. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 118
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Left to right: The default visualization shows the edges around the
detected subject border as well as around the image border over an
opaque black background. The user can choose to reduce the opacity

of the background (here the user adjusts the opacity from 1.0 to 0.4) to
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6.9 Frames from a participant using the tool—on the left are a set of
intermediate steps, on the right is the final overlay that the participant
saw as they took a photo and the resulting final photo. Left to right:
(a) This participant frames a large scale landscape photo of this area
of the room, but notices a lot of extra clutter, (b) upon switching to
portrait to better focus on the region of interest, the hook becomes
distracting clutter right along the top left image border. The participant
makes small adjustments to refine the framing to remove this clutter
for the final image. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 130
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Chapter 1

Introduction

Photography has become embedded in our daily lives. It is an essential part of how
we save memories, as well as how we communicate. With the increasing prevalence of
digital cameras, more and more people are interested in learning to become creative
photographers. Ample resources exist from which one can learn the artistic aspects
of photography. Experienced photographers have shared their craft with the world,
producing a collection of exemplar photos of almost every scenario imaginable. They’ve
additionally taken the time to produce books and videos to carefully document their
processes and their knowledge of photographic principles. However, this information
can be overwhelming for novices and is difficult to access in the moment while one
takes a photo.

In-person photography classes often include a critique portion, where the student
can receive feedback on their captured photographs. The contextual nature of the
feedback provided is incredibly helpful for the student to learn how to apply artistic
photographic concepts to new scenarios. However, these classes face two challenges.
First, few learners actually have access to them. Second, the delayed post-hoc nature
of this feedback loop means that the photographer cannot explore creative choices
in real-time. In many cases, students can reflect on their creative choices, but not
change them, as they often cannot recreate the originally photographed scenario.
Inspired by these critique sessions, the work in this dissertation aims to solve both
of these challenges by making feedback more accessible and by further closing this

1
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feedback loop by providing automated feedback at capture-time. This real-time
feedback allows the artist more opportunity to physically move around in the scene to
discover approaches that incorporate and address the feedback. Specifically, I design
capture-time interfaces that provide live feedback in the form of visual annotations
that guide the users’ attention and awareness. Therefore throughout the document, I
use the words feedback and guidance interchangeably.

My approach to providing capture-time feedback is inspired by an existing pho-
tography practice—when describing the artistic structure of a photo, photographers
will often manually draw annotations on the image to direct the viewer’s attention to
specific elements of the photo. Based on this existing practice, I propose providing
feedback as interactive overlays on the camera view. In this dissertation, I propose
three new capture-time camera interfaces that each provide contextual feedback to aid
users in learning to consider a single, specific photographic element at a time: portrait
lighting, composition, and decluttering. The design of these interfaces is informed by a
set of design goals synthesized from formative surveys and interviews I conducted with
participants with varying levels of photography experience. I describe the development
of each interface in the context of these design goals, and then present results from
summative user studies to demonstrate that such capture-time interfaces allow users
to maintain creative freedom while producing photos that they believe are higher
quality.

1.1 Photography

In-camera guidance tools are more desirable now than ever. Over time, the nature
of photography itself has changed such that it has become central to our everyday
communication. However, while photography is becoming increasingly important
to our lives, there are currently limited tools for assisting a user in growing as a
photographer. In this section, I describe the factors that have allowed photography to
become so widespread, the challenges of pursuing photography as an art, and some of
the benefits and limitations to current photography learning methods.
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1.1.1 Prevalence of Cameras

People have long enjoyed taking photos and, in particular, documenting memories
through photographs. In the past, this meant hiring an expert to bring their camera
to a specific location to take photos. The introduction of Kodak’s snapshot camera in
1883 provided a more portable device for documenting personal experiences.

The advent of digital cameras further transformed personal photography—while
still needing to carry a designated device for photography, individuals became more
likely to carry cameras around regularly, rather than just on vacation or to special
events [177,284]. Furthermore, in addition to this changed materiality of photography
from film to digital [177], in recent years a large population has gained access to
relatively high quality cameras directly built into their phones that travel around with
them throughout the day. Cameras have become one of the most important features
of a phone [139,226], and are rapidly improving in quality.

These phone cameras have made way for a new form of more casual and serendip-
itous photography. People no longer have to spend a fortune on a separate device
(and multiple lenses and possibly film), spend hours learning the knobs and dials
of a complex camera, and lug around the heavy equipment to capture photos. The
digitization of photos and easy access to digital storage essentially removes the cost
of each individual photo, enabling casual photographers to feel less limited in exper-
imenting with different shots [164, 177, 284]. The number of photos taken per year
tripled from 2010 to 2015, with 75% of those captured using a phone in 2015 as
compared to only 40% in 2010 [129]. People are taking and sharing more photos,
and as a result, more and more people are interested in improving their photogra-
phy [52,129,164,177,284,298,314]. However, there is still limited access to effective
opportunities for learning photography.

1.1.2 Photography Challenges

“The simplicity of photography lies in the fact that it is very easy to make
a picture. The staggering complexity of it lies in the fact that a thousand
other pictures of the same subject would have been equally easy.”



4 CHAPTER 1. INTRODUCTION

– Szarkowski [273]

Unlike many other art forms, there is no “blank canvas” in photography. The act of
taking a photo is incredibly easy—any image seen through the camera viewfinder has
the potential to be a candidate for the final photo. However, for the same reason,
“doing photography” is incredibly challenging. For a novice who is interested in
photography, but has limited training and equipment, the prospect of trying to take a
good photo can be somewhat daunting [27, 74]. As personal photography becomes
integrated into our daily lives, it increasingly becomes a means of identity formation
and communication rather than simply memory preservation [284]. The significant
role that photos play in our lives makes the task of taking a good photo increasingly
important. But how does one transition from taking casual pictures to actually “doing
photography”? The increased popularity and significance of photography further adds
to the intimidation of trying to take the step of crafting a photo [27,32,74].

“... photographers’ viewfinders are never empty given any amount of light...
Photographers, however, are essentially engaged in a subtractive process,
one of taking away or distilling. They select from the entire universe
available to them.” – Barrett [27]

In the moment of capturing a new photo, there are numerous considerations to manage
simultaneously. The camera is impartial to the objects within its field of view; it
is up to the photographer to determine what is important and how to frame the
image to communicate its importance, and to do so “aesthetically.” In describing how
photography is a different form of “picture-making” from other additive art forms
like drawing or painting, Barrett describes this “selectivity” as a unique characteristic
of photography. Photographs are highly selected instants in time, whereas painting
involves the artist gradually adding strokes one at a time to the final image. Amongst
everything in their view to choose from, photographers need to make a long sequence
of selections to arrive at a single photo—they need to pick a subject to capture, an
angle to capture it from, how much it should fill the image, what to keep in the
background, etc. Rather than doing all of the selecting required to narrow down to
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a specific image in the moment, photographers will usually capture hundreds if not
thousands of versions of a photo to select a final image from later on [27]. This process
of selecting can be rather overwhelming for a novice trying to learn photography.

1.1.3 Learning Photography

What are today’s methods for trying to learn photography? At the highest level,
the resources for learning photography can be broken down into approximately two
categories: static resources such as books or video tutorials that one can use to
self-learn, and traditional art practice classes where learning is guided by an instructor.
We will walk through the benefits and limitations of each of these approaches.

Static Resources

Photographers have produced (and continue to produce) volumes of content across
various media and platforms that are readily available to a wide population. This
content can range from books that teach basic photography principles [110,111,138,
169, 273], blog posts that describe interpretations of existing artwork [200, 243], or
even YouTube channels and Instagram profiles that document photographer’s personal
workflows behind the scenes. The benefit of such resources is that one can gradually
absorb vast amounts of information and inspiration through this content and can refer
to it whenever it is needed. Experts have employed a range of methods to help capture
and share their knowledge through words and annotated examples (see Figure 1.1),
and so almost any information one might want to learn is likely captured in many
formats.

Nonetheless, there is still a gap between having access to this information and
being able to actively use it. When trying to capture a particular photo, it can be
hard to determine how to apply the information learned; in order to execute, one
needs to remember/find every concept to consider in order to first determine what is
relevant to their situation, and then understand how to apply it. Novices often will
not have the prior knowledge necessary to be able to know what questions to ask in
searching for the relevant resources [210].



6 CHAPTER 1. INTRODUCTION

a b c

Figure 1.1: Photographers provided these manual annotations alongside text to
aid in the understanding of these photos’ compositions. Left to right: (a) Rogers
highlights his use of the dress, shadows, and gaze to create triangles and diagonals in
the scene [243]; (b) Marelli describes Alfred Eisenstaedt’s use of the strong diagonal
through the ballerina’s leg (bottom right) along with repeated diagonals connecting
through the ballerinas’ bodies to make this image more about the ballerinas than
the window frame [200]; (c) Glover highlights the alignments between the people and
structures that form the overall composition [111]. Photos by Paul Rogers, Alfred
Eisenstaedt, and Tavis Leaf Glover.

However most importantly, since this content is often static, it therefore needs to
rely on describing these concepts in the context of existing examples. In practice, it
can be difficult to take these abstract concepts and adapt them to the context of a new
photo. In the education literature, this is referred to as transfer—it can be challenging
to bridge the gap when transferring knowledge you’ve learned in one context to a
completely new context [13,216].

Traditional Classes

Traditional art practice classes on the other hand, are often more effective for addressing
this knowledge gap, but are also harder to make broadly available as they require the
time and involvement of expert photographers/instructors. One unique aspect of these
classes is that they focus heavily on in-class critiques—in which the teacher and other
classmates provide feedback directly in the context of the student’s work [87,92,95].
Commonly this feedback translates abstract photographic concepts into descriptions
of how they relate to the student’s work, often taking the form of annotations directly



1.2. IN-CAMERA GUIDANCE 7

in the context of the students’ work (e.g., sketched or air-drawn as gestures by the
teacher). These annotations can sometimes be used to highlight characteristics of the
photo or to point out mistakes to fix (see Figure 1.1). These concrete visualizations
of abstract concepts can feel more defined and actionable, narrowing the knowledge
gap [48]. This form of feedback reduces the burden on the student both to find the
relevant concepts to consider or questions to ask, as well as how to apply them [48,210].

However, the teacher’s instruction and feedback is still a scarce resource—they’ll
usually only provide feedback during class-time, and their attention is spread across
the many students in the class. Therefore, each student will usually only get feedback
on a select subset of their work. The class may occasionally go on photo walks together,
where the student can receive more immediate feedback from the teacher and from
peers. Nonetheless, it is infeasible for teachers to be around to give feedback on each
and every photo as each student is out in the field capturing them. Thus, when the
feedback is provided, the student is often already more committed to the image. This
can make receiving feedback more intimidating, but also more difficult to apply. The
student has already left the location where this photo was taken, and so the effort
required to capture new images that apply most feedback at this point is significant.
It would be preferable to receive this feedback in the moment when the student is
taking the photo and able to explore new ideas with the context of the feedback within
the environment [13].

This is somewhat unique to photography due to the immediacy of this art form
as compared to other slower art forms like sketching, painting, or sculpting, where
much of the art process is happening in the classroom. In these classes, teachers walk
around and do in fact give feedback in the moment as the student progresses through
each step of creating their art piece [27]. How might we enable this type of contextual,
real-time feedback in the moment for photography?

1.2 In-Camera Guidance

As researchers develop more computational methods for understanding and generating
visuals, I wondered if it might be possible to leverage some of this work to help those
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trying to better learn about photography. In particular, I explored the possibility
of using these computational methods to provide photography guidance directly in
the camera. In doing so, I considered ways in which such interfaces might help
address some of the limitations of traditional photography learning methods, while
also maintaining some of their strengths.

One immediate benefit to having in-camera guidance is having the feedback directly
on the device capturing the scene. The nature of the guidance being given in-situ has
implications for both the potential feedback that can be given as well as how a user
can respond to the feedback. It means that in providing feedback, the guidance can
incorporate additional knowledge from the photographic environment. It also means
that the user is able to consider this feedback while physically in the environment
trying to capture the scene and can immediately make adjustments accordingly.

1.2.1 Context is Readily Available

As we saw from traditional photography teaching methods (see Section 1.1.3), context
is helpful for reducing the knowledge transfer gap. For static materials, photographers
try to teach concepts directly in the context of existing photos as examples of the more
abstract ideas. For in-person classes, teachers use a combination of such examples
as well as critiques of the students’ own artwork. Providing photographic guidance
directly in the camera enables access to more context surrounding the photo. It
enables the use of this context to anchor suggestions (e.g., searching for relevant static
resources to present to the student). It also enables the use of this context to generate
new adaptive guidance in the context of the current image.

Being directly integrated into the camera, the guidance can take advantage of
information captured at the time of taking the photograph. The guidance can
consider not only the context of the exact photograph, but can also easily have access
to preceding frames from the camera viewfinder, or even have additional sensors
for tracking other environmental factors such as location, time, weather, lighting,
crowdedness, or camera movement. The availability of such context naturally enables
the guidance to adapt to the scene, such as to help determine the relevant topics for
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guidance, examples to show, or style of feedback.

We have seen the benefits of being shown examples early on in the creative process
for improving overall creativity [170]. Using computational methods increases access
to a growing library of images on the internet rather than the few selected by the
author of a given book or blog post. We’ve also seen the benefits of individualized
and contextualized feedback in computer-assisted intelligent tutoring systems for
subjects like arithmetic or geography [225,285]. Researchers have also started looking
at providing this type of adaptive guidance for creative domains, including photo
editing [98,168]. We want to leverage the additional context available at capture-time
to provide such adaptive photographic guidance in the camera.

1.2.2 In-the-Moment Feedback

In addition to being able to design computational guidance to incorporate additional
context, another advantage to receiving feedback in the camera is the immediacy of
the feedback. Relying on classes or static resources involves waiting to be in class
to receive feedback or searching through resources to find the relevant information.
Providing photographers with artistic feedback directly in the camera viewport, allows
them to use this information in the moment as they make decisions about their photos,
thus further closing the feedback loop.

By moving feedback into the camera, photographers can respond to the guidance
while the image in question is still in frame. This means the photographer can make
adjustments to the image either by moving the camera or objects in the scene in
response to the provided guidance. Schön describes a practice of reflection-in-action
where a skilled practitioner works through an open-ended problem by repeatedly
experimenting with different options and reflecting on these choices to inform future
actions [247]. In this way, we hope that this in-the-moment feedback can also better
support a reflective practice. By helping the photographer better understand their
artistic choices and encouraging them to see their images from different angles, it can
assist the photographer in engaging in active internal conversations with regards to
their photographic decisions [123,248,274].
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Additionally, design thinking teaches that having feedback in-the-moment is crucial
for encouraging creativity through iteration and exploration [79, 80,149,233,253,254].
Specifically, it encourages exploration through rapidly prototyping drastically different
ideas or solutions, and receiving feedback on these earlier prototypes. In photography,
this suggests that it would be better to iterate in the camera, trying out different ideas
rapidly and immediately getting feedback, rather than waiting to perfect a single idea
later in post through editing.

Once the photo has entered the editing room, the photographer is much more
committed to the image. The changes that are possible are limited—the photographer
can no longer benefit from the ability to interact with and move around in the
environment and immediately respond to the result. Thus, we aim to provide feedback
while the photographer is still at the scene and able to interact with the physical space
being captured in the camera.

1.2.3 Learning Through Physical Movement

Photography is a spatially oriented and physical activity. A photograph is a documen-
tation of how someone sees and frames a physical space. It involves the photographer
walking around a space, finding an object to photograph, and making sense of the
object and the story as they frame the image through the camera. It is a dialogue be-
tween the physical environment, the photographer’s vision, and the camera’s gaze [177].
In-camera guidance can contribute information to this conversation that the photogra-
pher can immediately apply to the current photo. As we just saw, there are numerous
practical benefits to receiving feedback on photos while still physically at the scene,
simply due to the ease of manipulating the camera as well as physical objects in a
photograph.

However, perhaps more importantly, this encouragement of immediate response
through physical actions promotes active learning and thinking through doing, by
enabling the mind (thinking) and body (doing) to work together to develop an
understanding of the image and the scene [43,166,283]. A lot of how photographers
interact with cameras involves “epistemic action” rather than “pragmatic action,” that
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is, they’ll make constant adjustments to explore the scene rather than necessarily
to accomplish a specific task in mind [165]. People might manipulate the camera
position, the light in the environment, or the objects in the scene to quickly test out
options. Instead of trying to imagine these different scenarios, the physical movement
can facilitate the mental work—the photographer can quickly better understand the
interplay between the different factors in the image and how changing them influences
the overall scene and the final image [131]. Providing additional information through
in-camera guidance can further encourage this kind of active and explorative learning.

1.3 Artistic Vision

In particular, we are inspired by the fact that experts have trained their eyes to “see”
in a certain way [87,169,201,246]. As they look at an image, they know how to scan
the scene to make sure they are aware of potential different ideas, or mistakes. As a
result, they can be very intentional about their different artistic choices despite the
wide range of options presented in front of them.

Novices, on the other hand, might not know where to put their attention or what
to consider when framing a photo. We wondered, if we could help novices see in these
different ways as well, would they then be able to have access to the range of artistic
choices that experts have available to them?

The inspiration behind this dissertation’s title comes from this goal of providing
these users with interfaces that encourage them to see the image in the different ways
as an expert would and to be aware of different aspects of the photo, in order to
encourage them to develop their personal “artistic vision.”

1.3.1 Visual Annotations

Specifically in this work, we approach this goal of helping develop “artistic vision”
through designing annotations to overlay on the camera image, similar to those that
professional photographers manually produce (Figure 1.1), that aim to guide the
awareness and attention of the user. While the photographers will still describe the
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concepts and the relevant components in text, these annotations are visually anchored
within the image, and hence can more quickly and accurately direct the readers’ gaze
to the right spots in the image.

I focus on visual annotations that provide an external and visible representation
of the image because of their ability to help store and amplify cognition [94, 128,271].
Suwa and Tversky discuss how these types of diagrams and sketches are helpful to
designers for reducing working memory load because they capture elements of the
image that must otherwise be kept in mind [271]. They also described how they can
promote discovery of spatial relationships between objects in the scene. In general,
these diagrams are helpful at focusing attention on specific aspects of the scene that
otherwise might be easy to miss. In fact, looking specifically at directing attention
through gaze, researchers have found that subtly directing the gaze of a novice to
follow an expert radiologist’s scanpath can significantly improve the novice’s ability
to identify abnormalities [24,204,264]. We wondered if we could use annotations to
guide novice photographers to examine photos in ways that more closely matched
expert photographers.

Part of what makes this focusing of attention helpful is that it makes the viewer
more aware of specific regions of the image to consider. Famed tennis coach Timothy
Gallwey pioneered a light-touch strategy of “awareness” prompts that cue learners’
focus to a particular aspect of the process [102,181]. Remarkably—and importantly
for our approach—such awareness cueing can yield impressive learning gains, even
outside the coach’s domain. At one point, Gallwey (possessing almost no musical
knowledge) coaches a tuba player to improved outcomes through careful elicitation
of goals and awareness cueing. Following this principle, it is reasonable to believe
that this direction of awareness can be effective without concrete guidance on how to
address the concern.

Additionally, once the photographer has an idea of the image they’d like to achieve,
such visualizations can assist in the step of interpreting the image. For instance,
when I see a rule of thirds grid overlaid on my photo, it is much easier to see if
objects align with the thirds lines than to try to imagine it on my own [223]. Expert
photographers have trained their eye to be able to quickly consider a number of
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high level photographic concepts almost simultaneously, and to be able to seamlessly
transition between them when considering how to frame an image [169]. A big part of
this training is their understanding of these concepts. We aim to design visualizations
that can assist novices in this process of training their eye.

1.3.2 Designing for Novices

In this work, we design for a specific type of user who in interested in developing this
aristic eye. Thus, when we refer to novices, we use the definition from Davis and
Moar [73]—defining novices as non-experts who have limited training, but have an
interest in working towards developing expertise. By targeting novice photographers,
we are referring to mini-C (personal) creativity, focusing on the process aspects of
creativity and self-evaluation [158].

While we hope that our interfaces can also benefit experts, we primarily target
novices because experts often already have a strong grasp of their own interpretation
of these concepts and know how to actively apply them to their photography—they
have already developed their own “artistic vision.”

More broadly, a difference between experts and novices in any field is that experts
have developed a deeper understanding of the problems at hand, enabling them to
construct higher level groupings and abstract representations of the problem [48,65].
Through training and experience, experts develop abstractions in their perception [9].
These abstractions can help guide their attention without the aid of visual annotations.

Novices, on the other hand, tend to only understand surface level features and
have trouble understanding their relationships. We hope that through these visualized
annotations, we can help novices to see their photos with expert-level abstractions,
and ultimately help them to better understand how these surface features fit into the
picture with respect to different photography concepts.
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1.4 Thesis Statement and Contributions

Therefore in this dissertation, we explore the design of in-camera feedback interfaces
that interactively display computationally-generated annotations as guidance to help
train a novice user to develop their “artistic vision.” Guidance should not be pre-
scriptive, but should inspire the user to be aware of the artistic choices that they are
making. Therefore, in this work we focus on the exploratory stages of photography
rather than the refinement of a specific idea. Since we are interested in understanding
how this might fit in a novice’s creative process, we focus on personal creativity and
satisfaction of quality in our user evaluations.

My thesis statement is:

Contextual capture-time camera interfaces that visualize

key artistic concepts improve self-assessed creativity and

photo quality.

In my dissertation, I demonstrate this idea through three camera interfaces that
each focus on a different photographic concept: portrait lighting, composition, and
decluttering. Specifically in my work, I contribute new camera guidance interfaces im-
plemented as prototype capture-time tools. For each tool, I design novice-interpretable
visual overlays to represent the considerations for a key artistic concept, and realize
them through real-time algorithms for generating these visualizations. The design of
each interface visualization leverages an understanding of what an expert might be
noticing in considering the targeted photographic concept, and aims to direct a novice
user’s awareness in a similar manner.

The specific contributions of the work in this dissertation include:

Concepts and Techniques

• A formative survey and interviews for understanding current photography prac-
tices and tools, as well as participants’ photography learning experiences. [Chap-
ter 3]
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• Based on these formative studies, I developed a set of design goals for designing
capture-time interfaces. [Section 3.4]

Artifacts

• A portrait lighting tool that guides users to select a lighting style and reorient
their subject to best achieve the lighting style of their choice. This visualization
aims to help users be more aware of the available lighting styles as well as the
light in the scene. [Chapter 4]

• A composition guidance tool that highlights the lines in a composition grid
that are most relevant to the current camera view, and a crowdsourced dataset of
such composition annotations. This visualization aims to make users more aware
of areas of visual attention that are influencing the overall photo composition.
[Chapter 5]

• A decluttering tool that abstracts the camera view to outline edges around
the subject(s) or the image borders. This visualization aims to increase the
users’ awareness of potential clutter that may draw attention away from the
main story of the image. [Chapter 6]

Experimental Results

• A user evaluation comparing the portrait lighting tool to guidance showing a
static set of portrait lighting styles or no guidance. The study shows that the
tool allows users to capture more well-lit portraits, and reduces the cognitive
load for novices to achieve their desired portrait lighting styles. [Section 4.5.3]

• A user evaluation comparing the composition guidance tool to a static compo-
sition grid. The study shows that the tool is indeed helpful for capturing better
composed images, and enables participants to feel more confident in their ability
to compose photos. Additionally, user evaluation that shows that using static
composition guidance to compose photos similarly helps participants feel more
confident and creative than using no guidance. [Section 5.5]

• A user evaluation comparing the decluttering tool to a currently employed
method of viewing the camera as grayscale to emphasize contrast and clutter.
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The study shows that the tool was more effective in making users feel confident
in their abilities to address decluttering principles. [Section 6.5]

1.5 Dissertation Outline

In this dissertation, I explore the context around designing capture-time guidance.
Specifically, I focus on using computational methods to enable new camera interactions
and visualizations. I present the design and evaluation of three such camera interfaces.

Chapter 2 gives an overview of the related literature in tools for creativity support
and the role that computation can play in providing creative guidance. It then dives
into the range of work for improving photography ranging from automated assistance
in the editing stages to a few existing interfaces for interactive guidance in the camera.

In Chapter 3, I describe our formative studies with participants of varying photog-
raphy experience and summarize our findings. I then describe how the learnings from
our formative studies informed our design goals for in-camera guidance interfaces.

Chapters 4-6 then go on to describe our three interfaces for portrait lighting,
composition, and decluttering, respectively. For each tool, I present the process of
designing the interface, the algorithm for generating the visual annotation, and the
user evaluation. For each interface, I then close by describing how it is informed by
our design goals (from Chapter 3). Through these chapters, I walk through how these
interfaces might help a photographer in the process of capturing a portrait as shown
in Figure 1.2:

• Chapter 4 (lighting): The photographer notices that the lighting is very dark on
her subject’s face. The interface shows a set of lighting styles that are attainable
in the current environment. The photographer scrolls through the choices and
picks one they like, and the tool assists the photographer in reorienting the
subject to achieve the desired lighting style.

• Chapter 5 (composition): Next, the photographer composes the subject relative
to the objects in the background. The image is currently centered as shown by
the overlay. The photographer instead wants to follow the rule of thirds, and
shifts the camera to place the subject at the top left thirds.
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Figure 1.2: These photos illustrate a walkthrough of the sequence of steps a photog-
rapher might take to capture a portrait, and how our tools might assist at each stage.
The top row shows the images at the beginning of each stage (lighting, composition,
and declutter) with a mockup of our tools’ interfaces overlaid. The bottom row
shows the end state for each stage once the photographer has decided how to address
the concept at hand.

• Chapter 6 (declutter): However, the photographer notices that the interface
highlights unwanted clutter in the background—a sharp corner right along the
right border, and a bright orange bag. They adjust the composition to place the
subject at the top right thirds instead to remove the distracting clutter, and the
photographer takes the final photo.

Finally, Chapters 7 and 8 close the dissertation with a discussion of future work in
photography guidance and how to apply the learnings from this work more broadly in
creativity support.

An important value throughout this work is that computational guidance should
assist the user in being more aware of the artistic choices they are making, rather than
impose specific artistic preferences. This dissertation begins to explore the potential of
computational methods for providing this type of support, specifically in the domain
of photography, with the hopes that these types of interfaces can enable and inspire
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more people to pursue interests in photography. I additionally hope that it can inspire
further work in photography and other creative domains that similarly encourage
creative learning through increased awareness, and developing “artistic vision.”



Chapter 2

Related Work

Researchers have long been interested in building creativity support tools that help
users produce artistic work. Prior research has leveraged computational methods to
build such tools for a variety of creative domains, including photography. Computation
can assist users in creative work in many ways, especially in reducing tedium, helping
to generate ideas, and bridging the gulf of execution. Depending on the user’s needs,
the tool may need to integrate into the user’s artistic practice in different ways to
assist in inspiring and producing novel content.

In this chapter, I group this work into two approaches through which computational
methods can be used to assist users in their creative work: (1) helping with execution

of their existing creative intentions, and (2) providing them with guidance towards a
new idea. For each approach, I describe the existing work broadly across domains of
authoring tools, and then specifically in image editing, and finally in the camera.

As described previously, a value in our work is to allow the user to make artistic
choices. In doing so, we make the conscious decision to use computation to assist in
the user’s awareness and attention, but not to actively assist the user in determining
the steps to achieve their final result. Here, I describe each section of the related work
as a spectrum based on whether the creative ideas come primarily from the system or
the user. I start with work that aims to automate more of the process of the artistic
task, reducing the effort/work from the user, and make my way towards systems that
aim to assist the user in generating ideas, but leave the work of actually generating

19



20 CHAPTER 2. RELATED WORK

Figure 2.1: The creativity support tools described in this chapter belong to either
the approach of assisting with artistic execution (top) or guidance (bottom).

and producing the ideas to the user.
Figure 2.1 visually displays some of the styles of work described in this section

in the context of the spectrum for each approach. For execution, this ranges from
automatically generating the work given a very high level user prompt to reducing
the tedium of refining a piece to fit very specific user constraints. For guidance, this
ranges from guiding the user to a specific idea to guiding the user to discover new
ideas.

For execution, tools exist along the spectrum of giving the user varying levels of
creative control. However, few tools fall towards the rightmost end of the guidance

spectrum (see Figure 2.1). Our work is designed to fit in this space, with the goal of
helping users to develop the “artistic vision” to interpret and evaluate their own work
in a way that makes them explore potential ideas so as to be more intentional about
their artistic choices. I describe how my work of designing capture-time guidance
through visual annotations explores a missing piece in this space, and why that is
important for the goal of helping novices train their “artistic vision.”

2.1 Assisting in Artistic Execution

Computational tools can be helpful in assisting users in executing on their artistic
intentions. Users’ intentions can vary from very high level to very specific, low level
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details, depending on the level of involvement that they want in the creative process.
The growth of algorithms that can help to improve or create art is enabling researchers
to develop systems that allow users with a wide array of goals for creative work to
produce their intended artistic output.

2.1.1 Authoring Tools

Researchers have extensively studied artists’ workflows to understand what tools they
can design to assist in specific tasks at different stages of the creative process. Users’
creative goals vary drastically, and thus the expected role of computation does as well.
Here, I describe several creativity support tools that explore the range of roles—from
taking very high level user intentions and producing a complete artistic work, to
collaboratively contributing to a piece, to executing on low level constraints posed by
the user.

Generative Art

In particular, advances in AI are rapidly increasing the pool of algorithms that can be
leveraged in these tools. On one end of the spectrum are generative tools that require
minimal creative experience or effort to allow users to produce something creative.
Some of this work takes very high level inputs. For instance, tools that can output a
poem given a topic [108], options for a compound icon given a text description [317], a
novel sequence of dance choreography [68], a coloring for a 2D pattern [189], or a song
of a given style [120]. This style of work allows users to steer the output with some
lower level inputs such as specific notes or rhythms. Other work in this area gives the
user more control over the creative output by generating a range of solutions across
the available parameters of the design space. Matejka et al. present a system that
uses simulation to automatically generate many possible 3D structures that satisfy
the user-provided structural constraints. It further facilitates user control over the
final output by providing interactive support for the user to search over the space
of possible results [203]. Thus, while the art is completely computer generated, it
captures detailed, low level artistic intentions of the user.
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Collaborative Co-Creation

A growing area of work in this space enables a dialogue between the user and the system
to co-create new content. Merrell et al. present a furniture layout tool that suggests
functional and visually pleasing layouts. Users can manipulate the layouts based on
their personal preferences, and the system will iteratively update the suggestions to
satisfy the constraints, while also considering interior design guidelines [205]. More
recently, it has been increasingly possible for AI to engage in these types of more
collaborative processes of co-creation. As a result, researchers are exploring different
roles of AI in human-AI co-creation to understand how much initiative the system
can take, and they are finding that different users have different desired interactions
with their AI collaborators [71, 119,227].

Augmenting Low-Level Constraints

Finally, for users who want to maintain full creative control, automation can still
assist in the more tedious aspects of an artist’s work. This also further allows them to
focus their time more on the creative aspects of the task. Due to the tedious nature of
video editing, many tools exist to help with different aspects of the editing process to
enable users to focus on the creative storytelling. Researchers have designed systems
to help with each stage of editing, from organizing footage to generate an initial rough
cut [174,282], to providing feedback on an edit [228], to fine tuning details in the final
video [39]. Many of these tools leverage the fact that computers can process the mass
amounts of data that is video, and provide the user with additional information and
structure (such as transcripts or faces) that can reduce the time they need to spend
repeatedly watching the video content.

In addition to the ability to process large amounts of data, there are other advan-
tages of computation that make them well-suited to relieving some of the tedium in
creative work. One line of work enables designers to use constraints to specify rela-
tionships in direct manipulation vector graphics tools and therefore can greatly reduce
tedious manual manipulations such as maintaining alignment and spacing [38,156,157]
(or even negative-space strokes for resizing logos [38]), propagating changes across
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related elements [146,305], or duplicating equally spaced copies of an object along a
path [146].

Similarly, a number of animation tools use simulation to realize the user’s goals
temporally across frames. Draco enables users to animate illustrations by specifying
elements to animate and a path along which to animate [159]. This system enables
artists that primarily have experience creating static visual art to be able to bring
motion to their work. Cong et al. present an artist directed facial simulation
system that adapts physically-based simulations to respect the artist’s animation
intentions [66]. These and many other works use the strengths of computation to
reduce tedium in artistic work. Such tools generally assume the user wants some
level of artistic control and has the skill to execute and communicate their intentions.
However, they still enable users to extend their artistic repertoire. For example, many
of these tools allow users who were only familiar with 2D/still art to produce moving
animations [72,159,302], or someone with no experience with fabrics to design custom
patterns for clothing [30].

Finally, another line of work focuses on involves interpreting the imperfect manual
inputs of a user to predict (and ideally execute) the user’s intentions. Tools like
Pegasus and Fluid Sketch take the user’s freehand stroke and “beautify” them using
geometric constraints [16, 142]. Some commercial tools, like Adobe Illustrator, include
features to allow users to apply constraints to their drawing path to produce cleanly
executed strokes free of slight uncertainties in the artist’s hand. Such tools enable
users to refine the execution of their artistic intentions without being limited by their
manual control and skill.

2.1.2 Image Editing

Specifically in the domain of image manipulation, rapid advances in computer vision
and graphics techniques enable a wide range of image editing through relatively low
effort interactions.
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Automated Image Processing Algorithms

In fact, Isola et al. make it possible to generate a relatively photo-realistic image
without even capturing new content. Once trained on a dataset of related existing
photos, the user can generate new photos just through sketching/painting its struc-
ture [33, 145]. These algorithms can also be used to make a wide range of edits to
aesthetically improve an image after it is captured. Examples include automatically
cropping a photo to improve its composition [295], removing automatically identified
distractors [100], segmenting out the foreground to change the background [251], or
transferring the style, color, or lighting from another image [178,252,257]. However,
much of the related work in this area focuses on automated workflows, which can
somewhat detach users from the creative experience of taking a photo.

Interactive Image Editing

As with general authoring tools, researchers have also explored how computational
tools can assist users in executing on the more tedious aspects of image manipulation.
Agarwala et al. present an interactive system for creating photo montages [10]. Similar
in interaction to Isola et al. [145], the user specifies the overall structure of what region
is taken from which image, and the algorithm automatically determines how to merge
these components in the most realistic manner. SelPh is another more interactive
system that reduces tedium over time [168]. As the user uses the tool to make edits,
the system learns the user’s lower level photo editing preferences (e.g., brightness or
contrast) to automatically edit similar photos. This system relies on a variety of image
analysis algorithms to compute the distance between images to determine if it can
predict the user’s edits based on past selections.

The variety of post-processing methods available to users allows them to quickly
explore a wide range of options for their image that they otherwise might not know
how to produce. Nevertheless when focusing on image editing, the options are still
limited by the already fixed content of the image (or other existing images). As
more of this work in the graphics and vision community becomes interactive, I am
excited about the increased opportunities to use and build on these methods to design
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interactive guidance interfaces for photography.

2.1.3 Camera

Within the camera, tools for artistic execution generally involve assistance in either
triggering a camera shutter (or starting/stopping the recording for video) or positioning
the camera (or executing a camera path), or both.

Fully Autonomous Cameras

On the one hand are systems where the camera, often mounted on and controlled
by some form of robot, chooses the path and composition of the camera and also
actuates the camera shutter. Examples include autonomous robot photographers that
automatically capture well-composed images of an event or environment [50,311], or
drone cameras that capture cinematic compositions and calculate camera paths to
transition between them [104,152]. Other tools position cameras with more practical
goals, such as framing people speaking in video conferences [291], or capturing the
best viewpoints for computer vision tasks [242,281]. Similarly, such tools also exist
for placing cameras within virtual environments [17, 103,125].

Automatic Camera Shutter

Other systems for handheld cameras put the control of camera placement into the
hands of the users. SenseCam, for instance, is a camera worn around the users neck
that automatically captures a digital record of the wearer’s day to aid in memory
recollection [130]. However, here the role of the user is solely to move the camera to
different physical environments to document relevant memories rather than to frame
interesting images. While the user isn’t directly framing images, awareness of the
camera can still influence the wearer’s behavior, e.g., not staying still for too long to
avoid boring sequences of photos, or making sure not to obstruct the camera view [191].
Most such tools do involve the user framing images based on their artistic goals. For
example, a number of commercial cameras provide support for using smile detection
to trigger the camera shutter [261]. In this case, the user composes the image and
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initiates the capture. The role of the camera is solely to reduce the uncertainties in
the scene to hopefully better capture the user’s artistic intentions.

In-Camera Editing

Computational photography techniques have also made it possible to develop a set of
tools that preview the results of image processing algorithms in the camera [2]. In fact,
many of these have become built-in features in camera phones. Some are previewed
interactively as the user moves the camera in space such as basic color adjustment
filters, portrait mode, or studio lighting [290]. Others, such as HDR or low-light, are
processed once the photo is captured and previewed in the camera roll [124]. These
features enable users to consider these post-processing actions directly during capture.
Baek et al. further explored the WYSIWYG interaction of editing images directly
in the viewfinder by extending the range of edits and allowing users to select local
regions on which to apply edits [23]. Editing in the camera allows users to make more
informed choices in the camera as they can see a result closer to their final output.

Camera Operation Assistance

Finally, another direction of work in this space is to enable users to capture shots that
they otherwise would not be able to easily capture. For some users, the physical aspect
of operating a camera, such as actuating the camera button and/or positioning the
camera, are limiting factors to their photographic ability. Not being able to perform
the physical actions required to capture a photo can greatly hurt a user’s confidence
in their photography abilities [37,212]. Researchers are exploring how to assist users
with visual or motor impairments in positioning the camera to frame the image they
envision [115,286,287], and capturing the image without shake [212].

Another form of camera operation challenge is operating more involved cameras,
e.g., drone cameras. Joubert et al. present a system where users interactively design a
drone camera path in a virtual environment [153]. The tool communicates if the flight
path is physically feasible for a drone to fly and outputs commands for a drone to
follow a flight path autonomously. Such tools enable users to capture drone footage
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with minimal experience in manually flying a drone. Note that using this system, the
design process is somewhat of a feedback loop—the user provides a potential flight
path, gets feedback on path feasibility from the system, and this feedback causes
the user to reconsider the flight path and potentially make some artistic judgements
based on this information, and then gets more feedback on the updated path from the
system. Our work similarly aims to provide feedback that inspires the user to explore
their artistic options.

2.2 Providing Artistic Guidance

The previous section described tools that assisted users in executing their high and
low-level artistic goals. However to do so, either the system or the user had to
determine how to execute on these intentions. Here I describe systems that assist
users in achieving these goals by guiding them towards the steps to achieve a specific
result, or to explore the options and discovery of new ideas.

The practice of photography involves exploring a physical space through the lens
of a camera. Thus in this chapter, I focus on artistic work that involves exploring
a creative space, rather than recreating an existing artwork. For the latter space
of work, there is a concept of “ground truth” and the process is about learning to
accurately reproduce that truth. For instance, I do not discuss methods for learning
a choreographed dance, but might discuss tools for creating dance choreography. I
also will not be describing tools for drawing/painting a physically accurate or realistic
scene, but might touch on tools for inspiring more abstract or stylized drawings.

2.2.1 Authoring Tools

Researchers have shown that guidance can be useful for training artistic practices
where there is a measure of accuracy, or a distance from the “ground truth” (such as
how correctly proportioned and realistic a sketch of a face is). For example, sketching
is a widely explored domain for this type of guidance. These tools rely on having fixed
procedures in order to be able to guide users through step-by-step instructions and
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provide feedback based on performance [78]. They can assist by automating steps of
the procedure such as generating guiding construction lines [141] or visualizing correct
shading regions [306].

However, for a lot of artistic work where the focus is generating creative new
ideas, there are not nearly as many guidance tools. One possible reason is there is
not really a correct answer or process to guide users towards. Some tools that do
exist primarily focus on inspiring the user by showing examples [170, 175, 272], or
suggesting changes or tutorials [98, 99]. Ngoon et al. provide guidance by adding
structure to an otherwise open-ended creative task of giving creative feedback—good
creative feedback should be specific, actionable, and justified—and users are made
aware of the quality of their feedback based on these attributes and guided to improve
their feedback [220]. Metaphoria generates possible suggestions for word connections
to inspire ideas for extended metaphors. By helping users generate suggestions, the
tool makes it easier for the user to quickly consider and explore different metaphorical
connections [107]. In my work, I’m interested in trying to guide people in training the
their eye to actively evaluate their artistic decisions.

2.2.2 Image Editing

The most prevalent form of guidance in commercial tools for editing photos, is
overlaying a composition grid to assist in cropping or straightening the photo. Tools
such as Adobe Photoshop give the user some additional creative control over this
guidance by providing a few alternative composition grid options. Seeing these grid
lines can make users more aware of alignment (and misalignment) in their image
to help them improve. By making it easier for the user to evaluate their image
within the context of these grids, the user can more quickly explore and assess various
compositions to achieve a desired composition.

Such feature-rich image editing tools can be daunting for novices to approach—both
due to not knowing how they want to edit their photo (and what is achievable in the
software) as well as not knowing how to use the software. Fraser et al. design a panel
with searchable action suggestions to make it easier to find relevant edit actions [98].
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Seeing previews of these possible actions make exploring the breadth of editing options
more approachable [275]. Berthouzoz et al. further enable automatic generation of
photo manipulation tutorials that can be transferred to new images [113]. Such tools
can help bridge the gap described earlier in Section 1.1.3 of transferring knowledge
learned through one working example to a new context.

2.2.3 Camera

Additionally, a variety of guided photography interfaces do exist. Many of these use
existing knowledge and data from photography, such as expert practices or previously
captured photos, to provide guidance on how to capture a better photo or to present
patterns to emulate. My research aims to further understand how such guidance can
impact the quality of the photographs captured by users, as well as their ability to
develop their own artistic preferences.

View Recommendations and Quality Assessment

A number of these photography guidance tools guide users by recommending a new
viewpoint. These methods rely on a range of aesthetics evaluation algorithms to
help make their suggestions [167, 239, 267]. Some such tools rely on crowdsourced
preferences [186], datasets of publicly available images and social metadata [235–237],
aesthetics guidelines in photography literature and practice [207,215,268], to suggest
viewpoints that the system believes are good (e.g., popular, unique, or aesthetically
pleasing). Many such tools guide the user to specific “better” options. They have
employed a number of interaction techniques for communicating their guidance to the
users ranging from navigational directions and nudges [20,55,186,207], highlighting
potential errors [55], suggesting crops or zooms [199, 268], or displaying preferred
view proposals [199,237]. Others more passively guide the user towards the system’s
preferences by displaying an aesthetics score on the camera view [192,199].

Most of these tools have an internal model of aesthetics that are mostly hidden from
the user, and apply this model without providing much explanation. A few systems
are beginning to address this by learning a user preference model [199,268]. SmartEye
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additionally communicates how well a suggestion matches the user’s preference through
a confidence score [199]. However, by imposing a specific suggestion from the tool,
these types of interactions tend to limit the amount of exploration the user does and
claims some of the user’s creative flexibility.

Template Patterns

Another direction that researchers have explored, in particular for video, is suggesting
patterned templates for the user to capture to assist in overall narrative structure [22,
162]. Adams et al. observes that these pre-templated methods can present a barrier
to exploration, especially as they become more specific [5, 269]. They instead ask
the user for information about the scene while situated in the event that they are
trying to capture, and use this context to provide shot suggestions. They additionally
note that by the act of having to explicitly answer questions about the setting and
contents of the image, the system has the potential to make the user more aware of
environmental details that might otherwise have been overlooked.

Collaborative Guidance

This awareness that Adams et al. describes that comes from the user communicating
ideas and intention to the tool, can be similar to collaboratively working with another
human to take photos [150, 299]. In fact, we are inspired by the idea of having an
expert looking over a novice’s shoulder as they are trying to capture a photo. Rather
than tell the novice how to move the camera, the expert points out interesting things
in the image or in the environment, such as lights, shadows, colors, and textures, to
make the novice aware of these contexts to consider while framing their photo.

Existing In-Camera Tools

Commercial cameras already provide a range of interactive guidance overlaid directly
in the camera viewport. Some examples include the use of zebra stripes to highlight
areas that are overexposed, highlighting sharp edges to signal regions that are in
focus (focus peaking), or displaying horizontal and vertical leveling. However, the
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focus of much of this guidance is to help the user determine the appropriate camera
settings. Given this information, the user can more quickly assess their performance
across the numerous camera parameters that they can be adjusting in the moment.
The light meter, for example, attempts to evaluate if the current image is properly
exposed and displays this information to the user on a negative (underexposed) to
positive (overexposed) scale, where being at 0 means the algorithm believes the image
is properly exposed. The photographer uses this information to adjust the camera
to achieve better overall lighting. However, also note that given this feedback, a
photographer can intentionally over or underexpose the image based on their personal
preferences, or unique circumstances with their current image. Nonetheless, providing
this representation of light to the user allows them to more easily consider the overall
lighting, while still focusing on other aspects of the image. We take inspiration from
these existing tools to design our guidance interfaces.

2.2.4 Summary

Looking back at Figure 2.1, notice how systems towards the left enable users to create
artistic work with minimal expression of their personal artistic preferences. With
a simple high level idea, the system supports the user in determining the steps to
produce output that achieves this high level goal. As we move towards the right, users
are required to put more effort into making artistic choices throughout the creative
process. In order to help train “artistic vision,” users not only need to be making these
decisions, they need to be actively making these decisions. In this way, the process of
understanding their choices in the context of various artistic principles can help them
develop their artistic preferences.
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Chapter 3

Formative Studies

“I’ve found that shooting lots of pictures, experimenting, and reviewing
results has been the best method [for learning photography].”

– survey participant

To inform the design of our camera interfaces, I conducted a survey to understand
people’s current photographic process and their learning experiences, including what
was effective about the different learning methods and whether any of it could be
helpful at capture-time. We additionally did nine in-depth interviews with experienced
photographers about their current practices and tools. I supplemented these with my
own experience in photography and giving feedback to many students about their still
photography and videography camera work.

3.1 Photography Practice Survey

Our first question involved understanding if people wanted in-camera guidance at all,
and if so, what type of feedback would be helpful or not to their current photography
practice.

Much of the material of this chapter is as it appears in “Adaptive Photographic Composition

Guidance.” by Jane L. E, Ohad Fried, Cynthia Liu, Jianming Zhang, Radomír Měch, Jose Echevarria,
Pat Hanrahan & James A. Landay, published in the Proceedings of CHI ’20.
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To answer this question, we designed a survey asking about people’s existing
photography practice and past learning experiences. We surveyed adults with an
interest in photography through a number of Adobe mailing lists for related interest
groups. The survey was voluntary and no compensation was given. We received a total
of 127 responses from participants (74 male, 51 female, 1 non-binary, 1 preferred not
to say), 19 to 63 years old (µ = 34, � = 11), with a range of photography experience.1

3.1.1 Photography Practice Survey Results

Many of our participants had had some sort of photography learning experience
(only 23 had never used any resources such as classes, videos, or books to learn
photography)—several of the ones who had taken in-person classes (22 of 45) mentioned
the effectiveness of the “direct, immediate feedback in the moment” (P7), that those
provided. Specifically, many mention the benefits of the feedback being “individualized”
(P111) and “hands-on” (P73) for making immediate adjustments and correcting
mistakes. Without this guidance, it can be difficult to “transfer knowledge to other
conditions” (P10). Thus we saw benefit in pursuing the direction of trying to provide
contextually-based in-camera guidance, so users can make better creative decisions
during capture.

When asked why they would or would not use capture-time guidance in their
camera, many mentioned concern with an app being too “distracting” (P51), “disruptive”
(P53), or “intrusive” (P93). This was due to either concern about missing a moment
(P12), intruding on others’ time when in a group (P14), or feeling less artistic freedom
(P86). Guidance should thus prioritize being minimally distracting and more about
providing suggestions than insisting on specific artistic choices.

Our survey respondents supported the idea of providing suggestions for larger
changes in the camera. We coded their responses to an open-ended question asking
what they want to improve in their photography for mentions of popular photography
concepts. Many explicitly mentioned composition (18); the other most popular
concepts included camera settings (24) and lighting (22). Additionally, some responses

1Materials for the study can be found in the Stanford Digital Repository: https://purl.stanford.
edu/dg109bb1678 [83].

https://purl.stanford.edu/dg109bb1678
https://purl.stanford.edu/dg109bb1678
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mention higher level goals such as being more creative or having more “professional”-
looking photos (11). On a Likert scale from 1 (strongly disagree) to 5 (strongly
agree), participants rated their editing practices as significantly more around small
framing adjustments (Mdn = 4, IQR = 3-5) than substantial cropping to change the
image’s composition (Mdn = 3, IQR = 2-4) [Wilcoxon signed-rank test [304] V = 2217,
p < .001], which further supports the idea of providing composition guidance at
capture time to reduce the need for more drastic changes while editing later.

Overall, people have a preference for getting feedback on the framing of their
current photo (Mdn = 4, IQR = 3-4) rather than thinking of possible photos to take
(Mdn = 3, IQR = 2-4) [Wilcoxon signed-rank test V = 2183, p < .001]. Thus, we
should additionally focus our guidance on helping people refine their current image’s
composition. Of our survey respondents, 89% were willing to spend up to 5 seconds
on capture-time guidance to get a high-quality result.

3.2 Experienced Photographer Interviews

To go into more depth on what types of guidance could be helpful in photography
practices, we interviewed nine experienced photographers about their current photog-
raphy practices and tools. All had formal training in photography. Five additionally
had teaching experience, with two actively teaching as their profession. Participants
were compensated $15 for their time.2 Interviews were structured around the following
questions:

• Describe your typical photography process(es).

• What photography tools do you use and what guidance does it provide?

• Would in-camera guidance be helpful for you?

3.2.1 Experienced Photographer Interview Results

Here I report the results of the interviews in two parts: their current process and tools
they actively use, followed by reports of and reactions to guidance.

2Materials for the study can be found in the Stanford Digital Repository: https://purl.stanford.
edu/dg109bb1678 [83].

https://purl.stanford.edu/dg109bb1678
https://purl.stanford.edu/dg109bb1678
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Process & Tools

In describing their own photography processes, these photographers recounted both
a process of searching for good compositions, as well as pre-composing and waiting
for a shot—the latter was mentioned as particularly important in street photography.
One described this waiting as a “necessary tension” in street photography (P5).

Six of the interviewees expressed that they already consistently use overlays of sorts
such as focus dots/focus peaking, light meters, levels, composition grids (primarily the
rule of thirds), or zebra stripes (highlighting of overexposed regions). For the purposes
of planning, they even mentioned using a number of additional tools such as apps for
determining sun location (and when golden hour will be), or scouting Google Maps
for a sense of the area. This suggests that photographers are okay with some amount
of their camera view being obstructed when that information is useful to their overall
ability to take better photographs. Additionally they felt that these did not overly
limit their overall creative flexibility, and even want additional information to help
inform their artistic choices.

The light meter, for example, attempts to evaluate if the current image is properly
exposed. The photographer uses this information to adjust the camera to achieve better
overall lighting. However, also note that a photographer can choose to intentionally
over or underexpose the image based on this feedback. P6 takes post-processing into
consideration while shooting, and intentionally underexposes photos because “Nikon is
good at capturing details in the dark areas.” In fact, photographers will often quickly
take a set of photos with different light meter readings. They are aware of limitations
of the technology and consider that in their process, “light meter is a single number
for the entire image, what is it metering on? I’m not too worried about zero-ing it
out. I’ll usually just take shot, look at it, and adjust accordingly” (P0). They instead
use their intuition and then quickly look back at photos they’ve captured to make
adjustments in the moment. This can be thought of as a quick succession of iterating
to generate a number of prototypes. The photographer can then quickly review these
“prototypes” and then further iterate to achieve the image they want.

This process of reviewing and iterating in the field is also common process that all
participants mentioned. When possible, they’ll also spend additional time to more
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carefully review their photos to evaluate and refine to avoid noticing “mistakes” after.
P4 focuses on still life photography, so she spends a lot of time carefully composing
the physical objects in the scene, “trying trying” to create an image that she likes.
She mentioned even analyzing the histogram between photos (and to supplement
the light meter reading), but still missing things she wished she’d noticed at capture
time. She describes “shoot[ing] an image with camera, and then after having spent
some time without seeing the image, when seeing on the computer again, I start to
analyze and will sometimes still notice something I don’t like about the image.” (P4).
Sometimes they are exposure mistakes, sometimes she’ll use Photoshop to move the
objects after the fact, but she said instead she “should spend the time in situ when
taking the photos.”

However in other situations where the photographer isn’t “directing the scene,” P4
describes that in these moments there is “no time to mediate, [you] need to shoot shoot
shoot.” In photography, a moment is often fleeting. However, as suggested by her
quote, even in these moments, it is important to try to capture multiple shots of the
image. One photographer emphasizes the importance to “shoot whatever is happening
immediately” (P1) before making too many adjustments or framing to prepare for it
to possibly happen again. While artistic choices are important, some of these can be
decided in post. Thus the priority is to catch the moment, but once that is guaranteed,
the next priority is to catch it from multiple perspectives. The same photographer
describes that for “static images, more time can be spent exploring around the subject,
just looking through the viewfinder for what compositions seem interesting. I’ll take
multiple so that I can decide after the fact” (P1).

In fact, in discussing how he teaches his college photography courses, P8 says he
tells students to “always take more than one picture, from different angles—sometime
10 pictures, or maybe a whole roll of one particular scene, to make sure they consider
different ways of framing their subject matter”. He also emphasizes that he “tries
to understand students’ interests. [You] don’t want to project your own interests on
them”. Therefore he just tries to encourage students’ creativity through frameworks,
“limiting them to a single space and see[ing] how they can do interesting documentation
within those parameters” (P8). These methods strongly parallel some tools in design
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thinking to encourage creativity in brainstorming and prototyping [233].

Both interviewees who formally teach photography mentioned teaching their
students the general principles, but encouraging them to employ them in their own
ways. Through their own experiences photographing, each of these photographers
have established some of their own approaches to being unblocked when capturing a
scene. We describe a few here:

• P4 mentioned that “with more and more experience, [she] can reduce the time
needed for composing”. She describes developing “intuition for how objects play
together” and having learned from her mistakes and seeing many of her own
images.

• P2 describes his two styles corresponding to either using an ultra wide or
telephoto lens, with clear patterns to focus on for each. For ultra wide, he looks
for diagonals and vanishing points and might tilt the camera to create the image
he wants. For telephoto on the other hand, he won’t tilt the camera and focuses
more on framing (e.g., rule of thirds vs centering, the relationship between the
foreground and the background). He wants a “clearly articulated palette” and
“removes any unnecessary complexity that detracts from the immersiveness.” He
picks lenses depending on the subject and meaning of the image.

• P3 captures a lot of sport photography. While there is little time to think, he
does experiment with different angles. Specifically he describes the balance of
capturing at eye level as being more intimate (but also having more distractions),
whereas capturing from above increases chances at capturing the moment.

• P6 describes focusing on light for his portraiture: “The first thing to look for is
light, if light is interesting and has some sort of mood associated with it, I base
everything else around that mood.” He quantifies his process as “20% identifying
light, 40% trying things until something works, and finally 40% perfecting the
particular feel, composition, and pose.”

We take inspiration from these existing methods and tools to design guidance interfaces
that can similarly encourage this rapid prototyping/iteration cycle.
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Guidance

When asked what guidance might be helpful for them, some (5) expressed interest
themselves in something that might give them new perspectives, like an “experienced
photographer on my shoulder saying try this, try that” (P7). In general, these experi-
enced photographers were very open to having any feedback that might help them try
out different ideas in taking a photo in order to have more choices to pick from when
going back to edit in the future.

Some suggested that they are able to use guidance as needed while maintaining
creative freedom to break the rules and follow their intuition. For example, explicitly
disregarding the composition grid: “[I] might have a rule-of-thirds overlay, but [I] don’t
follow it super closely. I gravitate towards the bottom two eyes in the rule-of-thirds...”
(P1).

However, others mentioned conforming to a certain style, whether it be due to the
prominence of the rule of thirds overlays, realizing an unexpected theme across many
photos, or just having a “tendency to view the world in a specific way, but someone
else might be different, always open to try a different type of shot or idea” (P6). P0
mentioned that “rule-of-thirds becomes default that I’m conforming to because that’s
what’s being overlaid” and therefore appreciating the potential to have guidance that
is more dynamic, e.g., even providing random composition guidelines to swipe through
and try.

Participants proposed a number of ideas in which the tool could provide suggestions
for them to consider. P4 described a “semi-adapting suggester of shots. It could size up
the emotion/affect of the current image, and suggest ways to frame it.” However, he
emphasized that he’d want a “more subtle, friendly tool.” In particular, it could provide
some “sensible” suggestions, but he wants to be able to use the feedback to learn more
about his own preferences. They also suggested concrete ways in which guidance could
assist in helping them execute on specific ideas: e.g., identifying vanishing points and
diagonals (P4), detecting visual flow (P4), assisting in centering (P6), identifying
when objects are almost aligned (P7), proposing pose adjustments (P7), or pointing
out imbalance in the photo (P7).

From our interviews, we learned that even experienced photographers could benefit
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from feedback that encourages them to try new ideas. In certain scenarios, they need
to capture a shot immediately and thus rely on their instincts to quickly frame the
photos, while in other scenarios they are willing to spend more time and devote both
screen real-estate and their attention to a tool that helps them achieve a higher quality
image.

3.3 Evaluating Novice Camera Work

As we saw in our interviews with experienced photographers, many noted the impor-
tance of lighting and composition to their photographic processes. These topics also
came up in our survey as something people wanted to improve on. As a final part of
our formative studies, I was interested in observing what mistakes novices actually
make to understand what topics might be good targets for my guidance interfaces.

One assignment in our introductory Human-Computer Interaction course (CS147)
at Stanford is to produce a concept video. There is no visual arts prerequisite for such
a class, so for many students this is their first time putting together such a video, from
scripting, to capturing, and finally editing. The professor presents a few guidelines
on how to make a good compelling video, touching both on the storytelling and the
visual appeal aspects, and students are provided with examples of past videos.

I thought this was a good sample for understanding the mistakes novices commonly
make when they are trying to produce “good quality” content. While the output was
video and not still photography, many of the visual and storytelling concepts are still
relevant and both can benefit from feedback in the camera. I watched each video
from the course (46 videos in total) and annotated them with feedback that I would
provide for improving the video quality. I then grouped each piece of feedback into
categories to find common themes.

For context, I took three photography courses during college and have continued
to pursue my photography hobby informally. Additionally, I previously took and
subsequently was Head Teaching Assistant of CS147 and therefore have prior experience
both working on and grading this assignment.

Three of the most common themes that surfaced in this feedback were suggestions
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to consider lighting, composition, and removing clutter from the scene. Therefore,
these became the photography concepts targeted by the camera interfaces presented
in this dissertation.

3.4 In-Camera Guidance Design Goals

Based on our formative survey and interviews, we came up with three design goals for
our photography guidance:

• Context-Aware. Guidance should adapt to the current scene and appear
overlaid on the viewfinder.

• Encourage Exploration. It should help photographers discover new ideas
while executing existing intentions.

• Maintain Flexibility. It should not restrict photographers from pursuing other
creative choices.

Context-Aware

It can be difficult to apply an abstract photographic concept. Experts have experience
doing so in many contexts and have developed patterns and established styles that
they actively seek (methods/approaches that they use). Providing concrete suggestions
and feedback in the context of the current image can make applying these abstract
concepts approachable for non-experts. This includes both understanding how to
apply a concept more broadly as well as refining the execution of an idea.

Many survey participants expressed that they appreciated the individualized and
immediate feedback of in-person classes or even going on a photo walk with more
experienced friends. This enables reviewing and adjusting while still in the context of
the current photo.

Encourage Exploration

It can be hard to come up with an initial idea, just as it can be easy to fixate on
perfecting a specific photo idea. Encouraging exploration can help with both. However,
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it can be difficult to know how to explore. Experts know to take many different shots
of any given subject and have a set of “knobs” and “dials” in mind to manipulate to
generate drastically different ideas, and yet still expressed interest in guidance that
could help them generate more ideas to explore. Making the design space easier to
explore and making different options apparent can make it easier to come up with
new ideas to try—especially for non-experts.

Both survey participants and experts were interested in new ideas or perspectives,
in particular suggestions for bigger changes, as they preferred to only make smaller
framing adjustments while editing.

Maintain Flexibility

Our goal is to assist the user in their creative process. Thus, the interface should allow
users to have creative agency. It should help users better achieve their own artistic
intentions, and not distract them by providing restrictive guidance.

Both survey participants and experts also expressed concern that the interface
might be too distracting and disruptive. Survey participants were concerned that
it would slow down their photographic process. This was especially important in
situations with time pressure, such as when capturing a fleeting moment or when
traveling with a group. Experts similarly worried about flexibility, but put more
emphasis on the need to maintain creative freedom.



Chapter 4

Portrait Lighting

For portrait lighting, the important context is the lighting in the environment. To
encourage exploration, we want to make sure users are aware of lighting style op-
tions in the context of their current environment, and that they have flexibility to
choose between these different options. Looking at this segment of our walkthrough
in Figure 4.1, after being presenting with a number of lighting style options, the
photographer moves away from an unintentionally backlit image to achieve a more
desirable lighting style.

Figure 4.1: Here we see photos from our walkthrough (Figure 1.2) from before and
after the photographer considered lighting. In the middle we show a mockup of
what the photographer might see upon launching our tool. With our lighting tool, a
novice can choose amongst a number of lighting styles, and reorient to achieve their
desired style.

43
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butter!y PRT match right loop PRT match right split PRT match right rim PRT match

90° 28°  0° 315°

Figure 4.2: In a fixed lighting environment like this arch walkway, photographers
can produce many different lighting styles (e.g., butterfly, right loop, right split,
and right rim) just by rotating the subject in place without changing their location.
Given an HDR environment map from a 360 camera at some initial orientation
(Figure 4.3) and a target lighting style (bottom left), our tool automatically identifies
the optimal angle for reorienting the subject to match the desired lighting—e.g., 90�
for butterfly lighting. We use a precomputed radiance transfer-based method on a
generic head, skin, and camera model for efficiently optimizing lighting orientation
and for visualizing the best orientation match (bottom right).

4.1 Introduction

“Posing, location, rapport, camera angle... are all important. However,
that said, the lighting matters even more. We can do everything else
beautifully, but if our lighting is bad, our portrait will be bad. It is that
simple.” – Light Science & Magic [138]

In portrait photography, lighting is one of the most important elements for establishing
the overall look and mood of the image [42, 138]. Professional portrait photographers
working in a studio typically place one or more lights around the subject to carefully
control the distribution of bright and dark regions on the subject’s face. Outside

Much of the material of this chapter is as it appears in “Optimizing Portrait Lighting at

Capture-Time Using a 360 Camera as a Light Probe.” by Jane L. E, Ohad Fried, and Maneesh
Agrawala, published in the Proceedings of UIST ’19. For more information, see the project page:
http://graphics.stanford.edu/projects/portraitlighting/.

http://graphics.stanford.edu/projects/portraitlighting/
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Figure 4.3: Photographers first capture an HDR environment map at the expected
location of the subject’s head using a 360 camera (left). The subject then moves to
the location, and our tool suggests how far to rotate the subject to achieve different
lighting styles (middle). After reorientation, the photographer shoots the final portrait
using a primary portrait camera (right). Note that our approach also allows for selfies,
where the subject is the photographer.

the studio, where they cannot control light placement, professional photographers
instead focus on orienting the subject with respect to the lights in the environment to
adjust the distribution of light falling on the face. While the fixed light placement
makes it impossible to achieve all the different looks that are possible in a studio,
good photographers can often produce several distinctly different appearances just by
reorienting the subject (Figure 4.2). Yet, most casual photographers primarily focus on
maintaining even brightness on the face [186] (or forget to adjust for lighting), rarely
considering all the variations in facial appearance that are possible via reorientation.

In this chapter, we present a capture-time tool that suggests how portrait photogra-
phers should orient their subject within an environment to best achieve a user-specified
target facial appearance. Photographers start by using an off-the-shelf 360 camera as
a light probe to capture an HDR environment map of the light in a scene (Figure 4.3).
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They then select a target facial appearance from a pre-designed gallery of common
studio lighting styles that the tool determines are most feasible in the current envi-
ronment. Photographers can optionally paint weights to adjust the distribution of
bright and dark regions in the target appearance. Our tool then tells the photographer
how far the subject should rotate (clockwise or counterclockwise) to produce the best
match to the target appearance and provides real-time feedback showing how close
the current camera view is to the view at the target orientation. If the photographer
has a secondary source of light (e.g., a phone screen or a flash), our tool can also
suggest how to orient it about the subject’s face to further improve the match to the
target lighting. After reorientation, the photographer can shoot the portrait using
any available primary camera (e.g., a phone or DSLR).

Our prototype implementation runs on a laptop, uses a 360 camera to capture the
environment, and a webcamera to determine the current view to aid in reorientation.
But as 360 cameras become more widespread, we envision that they will become a
standard tool for capturing environment maps and that all of our prototype hardware
would be built into the primary portrait camera. Already it is possible to buy a 360
camera that attaches to a cell phone [143]. Thus, we have designed our implementation
to be computationally lightweight enough to easily run on a phone or a DSLR, while
remaining performant enough to be used at capture-time.

The key idea of our approach is to use an efficient precomputed radiance transfer
(PRT) method [44, 218,258] with a generic head, skin, and camera model to compute
the appearance of the face under different orientations of the environment. We show
how to formulate a target facial appearance as a weighting function in the image
domain, and pre-integrate it against a light transport matrix for the generic head
to significantly accelerate the search for the orientation of the lighting environment
that best achieves the target appearance. We also introduce a method for optimally
placing a secondary light source in the environment to best achieve a target facial
appearance. Our prototype implementation running in Matlab takes 0.19 milliseconds
(5263 fps) to compute the optimal orientation.

In summary, in this chapter we present:
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• an algorithm for computing the optimal orientation for achieving a given
lighting style in the current environment,

• an interactive capture-time tool that previews a gallery of portrait lighting
styles at their optimal orientations and provides reorientation guidance to help
the user achieve their selected lighting style, and

• a user evaluation that shows that the tool is very useful and reduces the
mental effort required to produce well-lit portraits as compared to using a static
lighting style gallery or no guidance.

We additionally contribute:

• an algorithm that guides users in positioning a secondary light source to capture
a desired lighting style, and

• an interface that allows users to customize lighting style designs through
painting regions of light and dark.

4.2 Related Work

For an in-depth discussion of related work on capture-time guidance, see Chapter 2.
Here we focus on work specific to portrait lighting.

Human faces are one of the most popular subjects in photography. As a result,
researchers have developed a number of techniques for enhancing portraits via perspec-
tive correction [101], transferring makeup [116,279], improving attractiveness [182],
transfiguring appearance based on Internet photos [160], and bringing still portraits
to life [18]. Lighting design is another well studied problem, and here we focus on the
subset of these methods that are most related to our work on portrait lighting.

4.2.1 Computational Image Relighting

Debevec et al. [76] were the first to introduce the approach of capturing multiple images
of a face (or scene) from the same viewpoint, but under different lighting conditions,
and then letting users composite these basis images to produce the image under
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Figure 4.4: Our tool includes a set of 16 lighting style setups (top), selected
from commonly used studio lighting styles to represent the diversity of placement
of the main light source(s). Only 11 styles are shown here as each named style that
starts with the word “right” also has a “left” version in our tool. We render these
in PBRT [232] using the generic head and skin model, manually placing area light
sources around the head based on studio lighting setups shown in portrait photography
books [42,138]. We convert a lighting style into a target facial appearance weighting
function f t by rescaling it to lie between [0, 1] and then shifting it to put the mean
brightness of the facial pixels at 0 (middle). We then pre-integrate the weighting
function against the light transport matrix T to form the pre-integrated target in
the lighting domain Ft. Orange represents positive values where the image should be
brighter and blue represents negative values where the image should be darker.

novel illuminations. Extensions to this approach let users specify higher level design
objectives (e.g., emphasize contour, remove shadows), and then automatically find the
set of input images that should be composited to achieve the desired result [10,12,46,47].
However, all of these methods require tens or hundreds of input images under varying
lighting conditions and some require specialized lighting hardware, which can make it
difficult for subjects to remain still throughout the capture process.

Others have focused on computational relighting using a smaller number of input
images. Quotient image methods [190,202,229,241,300] require two images of the same
face under different lighting conditions A and B and compute the ratio of the pixel
value. Then, given an image of a new face under lighting condition A, these methods
can generate the new face under lighting condition B. Portrait style transfer [252]
focuses on transferring image statistics from a user-chosen style exemplar to an input
portrait. While this method does not focus on relighting, the resulting changes to the
image usually affect local contrast and can appear to change the overall illumination
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falling on the face.
While these computational relighting methods are powerful, they are designed to

post-process input images after capture, and all require pixel-level alignment between
the faces in each input image to ensure artifact-free results. Moreover, some of them
can generate unrealistic lighting as they may fuse together pixels or image statistics
from portions of different images. In contrast, we focus on directing the photographer
at capture-time to shoot the single photograph that best achieves the desired lighting.
Therefore, our approach cannot suffer from pixel-level artifacts or unrealistic lighting.

4.2.2 Automated Lighting Design for Synthetic Scenes

Lighting plays a central role in the perception of scenes. Based on this fact, researchers
have developed lighting optimization techniques designed to place highlights and
shadows [161,230], to enhance shape [114,176,245,250,288], and to improve materials
perception [44] in synthetic scenes. Our work is inspired by these methods, but focuses
on optimizing the lighting for depicting faces in real world environments.

4.2.3 Capture-time Lighting Optimization

A few research groups have developed capture-time lighting optimization techniques
that focus on adding light to a scene at capture-time. Adelsberger et al. [8] develop
custom flash hardware that uses a depth image to spatially adapt the illumination
so that the scene is evenly lit despite variations in depth. Srikanth et al. [265]
automatically position rim lights around the subject using a robotic light-carrying
drone to create dramatic contour lighting. Murmann et al. [214] develop custom
bounce flash hardware that automatically reorients the flash to bounce off nearby
surfaces to ensure that the subject’s face is well lit. While these projects are similar to
our work, they require customized hardware (e.g., depth sensors, drones, reorientation
motors) making them inaccessible to photographers today. In contrast, our approach
focuses on using off-the-shelf hardware so that anyone with a 360 camera and primary
portrait camera could use it today. Li and Vogel [186] present a smartphone application
that can guide users towards an evenly lit portrait at a fixed location. Their work
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focuses on scenes with one main directional light source whereas we account for all
lighting in the scene.

4.3 Portrait Lighting Optimization

Our lighting optimization tool takes two inputs: (1) an HDR environment map,
representing the illumination falling on the subject’s face, and (2) a user-specified
target facial appearance that represents the desired distribution of bright and dark
regions on the subject’s face. The tool then suggests how to reorient the subject with
respect to the environment to best produce the target appearance.

Portrait photography books [42,136,138,194,211] suggest that because skin is a
diffuse reflector, photographers should focus on the broad, low-frequency distributions
of bright and dark regions on the face rather than on high-frequency highlights and
details. They describe studio lighting setups (placement and orientation) that produce
different looks by changing the bright and dark facial regions (Figure 4.4 top row).
Outside the studio, they suggest orienting the subject with respect to the lights in the
environment to similarly control facial lighting. In short, the orientation of the face
with respect to the environment has a much greater impact on facial appearance due
to lighting, than either the individual differences in facial features (e.g., geometry or
skin tone), or perspective effects from the camera, and a low-resolution environment
map is enough to capture the light falling on the subject.

These guidelines allow us to use three key approximations in rendering a suitable
proxy for evaluating the lighting on the face: we use (1) a generic head and skin model,
(2) a camera with a default field of view placed at a fixed distance from the head, and
render it with (3) a significantly downsampled version of our input HDR environment
map. Because the scene and camera models are fixed, we can adapt Bousseau et
al.’s [44] pre-computed radiance transfer approach to our problem and efficiently find
the orientation of the face that best matches the target lighting. In the next four
subsections, we first summarize how we adapt Bousseau et al.’s lighting optimization
approach (Section 4.3.1), then describe how the target facial appearances are specified
for our problem (Section 4.3.2), next show how our approach can be extended to place
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a secondary light source (Section 4.3.3), and finally provide implementation details
(Section 4.3.4).

4.3.1 Lighting Optimization with Pre-Integration

Bousseau et al.’s [44] lighting optimization approach builds on precomputed radiance
transfer techniques [218, 258]. In matrix form, the image B of the scene lit by an
environment map L is given by

B = TL. (4.1)

Both B and L are vectors, of the image and environment respectively, while T is
the light transport matrix that represents how light from the environment map is
transported through the scene to form the image. The columns of T are each a
rendered image of the scene as lit by a single pixel of the environment map.

Suppose f(x) is a weighting function that specifies the target facial appearance
at each image pixel x, using positive values where the face should be brighter and
negative values where the face should be darker (Figure 4.4). Then we can define an
image quality metric as the integral over all the pixels in the image of the pixel-wise
product of the weight function and the image. In matrix form, the image quality
metric C is

C = f tB = f tTL. (4.2)

Once the target weighting function f is fixed, we can pre-integrate it over the image
domain

Ft = f tT, (4.3)

and the image quality metric becomes

C = FtL. (4.4)
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Figure 4.5: The image quality metric varies as we rotate the environment. Maxi-

mizing the metric produces a good match (both photo and PRT render) to the target
facial appearance and the bright/dark areas in the environment map match those
in the pre-integrated target weighting function Ft. At the median and minimum

metric values the matches are not as good.

The pre-integration allows us to efficiently compute the image quality C under any
lighting L as a dot product of two vectors that are the size of the environment map.

In order to compute the optimal orientation for the lighting L, we find the rotation
R that maximizes

C(R) = Ft R(L). (4.5)

In practice, since most subjects are standing or sitting up vertically with respect to
the environment, we limit the search to a set of 1D rotation angles about the vertical
axis (azimuth).

4.3.2 Specifying Target Facial Appearance

The target facial appearance weighting function f(x) specifies which pixels in the
final image should be brighter (positive values) and which should be darker (negative
values). A weight value of f(x) = 0 implies that pixel x should be ignored when
evaluating the image quality metric C.

Our lighting optimization tool provides a built-in set of such weighting functions
that are based on common studio lighting styles (Figure 4.4). Suppose T is a rendered
image of our generic head model in one of these lighting styles. We mask out the pixels
falling outside of the rendered face (i.e., background pixels) as they are irrelevant to
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the target facial appearance. We then linearly rescale the remaining pixels of T to lie
between [0, 1]. Finally we set

f(x) =

(
T̃ (x)� mean(T̃ ) if x 2 Face
0 otherwise

(4.6)

where T̃ is the masked and re-scaled version of T , and mean(T̃ ) is the mean pixel
value of T̃ across the facial pixels. By setting our target weighting function f(x) in
this way, our optimization tries to match the brightness at each point on the face
relative to the average brightness of the face. In practice, we have found that this
approach generally finds a good match in terms of the overall distribution of bright
and dark regions on face and is relatively robust to differences in the total amount of
light in the environment—i.e., we can use the same target in both dark and bright
settings. For additional control, our tool lets users manually adjust the built-in target
weighting functions using a painting interface as described in Section 4.4.2.

4.3.3 Placing an Additional Light Source

Photographers may sometimes have an additional light source (e.g., a phone screen or
a flash unit) that they can manually orient around the face to further improve the
match to the target lighting. We can adapt Equation 4.5 to compute the optimal
orientation for this additional light source as follows

C(Radd,R) = Ft (Radd(Ladd)�R(L)), (4.7)

where Ladd is an environment map capturing just the additional light source with an
accompanying alpha mask set to 1 within the light source and 0 outside it, and � is
the over image compositing operator. Our optimization searches over the space of
rotations for the additional light source Radd as well as the primary scene lighting
R and considers the quality metric C for the composite of these two environment
maps. We use the over operator under the assumption that the additional light source
is closer to the face and therefore occludes the scene lighting behind it. Thus, our
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optimization finds the pair of orientations that best produce the target appearance.
Note that because the additional light source is often handheld, we search a 2D band
of rotation angles that vary both the light source’s azimuth and altitude angles.

4.3.4 Implementation

Our optimization algorithm requires an environment map L and a target facial
appearance weighting function f(x) as input. While current 360 cameras can generate
high resolution (e.g. 4K) environment maps, we have found that resolutions of 64⇥ 32

for L and 100⇥ 100 for the image are sufficient for our optimization (see Section 4.5.2).
Additional resolution in the lighting or the image makes little visual difference in the
appearance of the rendered head model, as the subsurface skin material we use is
relatively diffuse.

We precompute the transport matrix T using the PBRT raytracer [232] treating
the generic PBRT head with the built-in subsurface scattering skin material model
(kdsubsurface) as our scene. Each column of T is an image of the scene as lit by a
single pixel of the environment map L. For our image and lighting resolutions, serially
computing T on a single machine takes 17.1 hours. The resulting three-channel RGB
transport matrix T is 246 MB uncompressed, and after precomputing T, we can
generate a color rendering of the scene under any lighting L using Equation 4.1 in 13

milliseconds (77 fps). In practice however, we only use the three-channel transport
matrix to render the visualization of the lighting on the generic head model at the
optimal orientation which we call the PRT render match (Figures 4.2 and 4.5). For
all other computations, since the distributions of bright and dark regions matter more
than color, we use a grayscale transport matrix T of size 81.9 MB uncompressed and
also convert the lighting L to grayscale.

Pre-integrating the target weighting function f t against the single-channel transport
matrix T to compute Ft as in Equation 4.3 takes 3.5 milliseconds (286 fps). After
this pre-integration, computing our image quality metric is very fast as it requires
computing a dot product between two vectors Ft and L and takes 0.003 milliseconds
(333333 fps). Given the pre-integrated target weighting function Ft, we can identify
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the lighting rotation R that maximizes our image quality metric C using Equation 4.5
(Figure 4.5). We have found that it is sufficient to compute the image quality metric
C at 5.625� rotation increments about the vertical axis. Finer sampling is unnecessary
in practice as photographers usually only reorient to within a few degrees of the target
orientation (Section 4.5.3). Computing the optimal orientation for the environment
lighting takes 0.19 milliseconds (5263 fps) for a single lighting target and is linearly
related to the number of rotation increments we sample (in our case 64).

To optimize placement of an additional light source, we sample a 2D band of
rotation angles ranging from 0� to 360� at 5.625� increments around the vertical axis
(azimuth) and ranging from �67.5� to 67.5� about the horizontal axis (altitude) at
16.875� increments. Computing the orientation for the environment as well as an
additional light source, then takes 110 milliseconds (9 fps) for a single target and
is again linearly related to the number of rotation increments we sample (38864 in
our case; 64 for the environment times 64 ⇥ 9 for the additional light). We have
experimented with a greedy approach in which we first find the optimal rotation for
the environment, keep that rotation fixed, and then search for the optimal rotation for
the additional light source. This approach significantly reduces the number of rotation
samples (640 = 64 + 64⇥ 9), and therefore our overall cost to 1.9 milliseconds (526
fps). While it generally produces similar results to the full optimization, they are not
always the same. In this chapter, we report all results using the full optimization and
leave it to future work to further improve the efficiency of placing an additional light
source.

All of our timings are computed using our Matlab implementation running on a
MacBook Pro laptop (2017) with a 3.1 GHz Intel Core i7 processor. We expect a
natively compiled implementation running on a GPU or even a CPU would run faster
and could easily run on modern smartphones.

4.4 Interaction

For a photographer, using our portrait lighting optimization tool involves four steps:
(1) capturing an HDR environment map of the location, (2) specifying a target facial
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Figure 4.6: Upon loading an HDR environment map, the interface of our portrait
lighting tool computes the optimal orientation for each target lighting style (Figure 4.4)
and displays a gallery of target appearances (left). The tool grays out unattainable
targets. Selecting a target brings up the reorientation guidance screen, which
displays how far the photographer should rotate clockwise or counterclockwise about
the subject (right). It also shows the background at the target orientation and the
camera view from a webcamera at the current location of the photographer. As the
photographer gets close to the target orientation, clicking the Start Alignment button
overlays the current view on the target orientation view.

appearance, (3) following our tool’s guidance to reorient self and subject, and (4)
taking the final portrait.1 Note that our tool can be used without modification to
take selfies in which the photographer is the subject. We detail how the photographer
interacts with our tool in the first three of these steps.

4.4.1 Step 1: Capture Environment Map

The photographer starts by capturing an HDR environment map in the location they
would like the subject’s face to appear in the final photograph using a 360 camera in
bracketed exposure mode (we use a Ricoh Theta V). The photographer should ensure
that nothing is obstructing the camera’s view of the light sources in the environment.
For handheld capture, we recommend that the photographer kneel under the 360
camera to minimize occlusions.

1Video demonstration of the tool can be found in the Stanford Digital Repository: https:
//purl.stanford.edu/dg109bb1678 [83].

https://purl.stanford.edu/dg109bb1678
https://purl.stanford.edu/dg109bb1678
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In bracketing mode, we take 3 exposures at fixed aperture and ISO—one exposed
at the auto-exposure settings, one two stops brighter, and one two stops darker. The
Ricoh takes about 10 seconds to capture the 3 images and outputs gamma-corrected
sRGB at 5376 ⇥ 2688 resolution in JPG format. We provide a pre-processing tool
that applies Ebner’s [84] linearization algorithm via Matlab’s rgb2lin function and
then uses Reinhard et al.’s [240] algorithm via Matlab’s makehdr function to convert
the exposures into a single HDR environment map. Finally, we downsample the
environment map to 64⇥ 32 resolution for use in our optimization procedure. This
pre-processing takes about 16.2 seconds.

While the HDR capture, transfer to the laptop, and pre-processing can take a few
minutes in our prototype implementation, the vast majority of the time is spent in
the transfer. We believe that in the fully integrated tool we envision, where the tool
runs on a single device that captures the environment at low resolution, this time
would be significantly reduced (Section 4.7). To place an additional light source the
photographer must a priori capture an HDR environment map of the additional light
(Ladd in Equation 4.7) in a dark (ideally blackout) room, using the same procedure and
camera settings as used to capture the scene. We set the light (a phone screen) about
one foot from the 360 camera in our experiments. In general we expect photographers
would choose this offset distance based on the power of the light source and how
close to the face they are willing to place the additional light. The photographer
must capture a new HDR environment map for each additional light source and offset
distance, but once captured they can be reused in any setting. In this case, the main
environment map should be captured with matching camera exposure settings.

4.4.2 Step 2: Specify Target Facial Appearance

Our optimization tool includes a pre-designed gallery of target facial appearance
weighting functions that are based on common studio lighting styles (Figure 4.4).
Because these targets are known in advance, we pre-integrate them against the
transport matrix T a priori. As soon as the photographer loads the environment map,
our tool applies the optimization procedure of Section 4.3.1 to identify the optimal
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Figure 4.7: Portraits captured in different environments using our tools to achieve
a variety of target lighting styles. These lighting styles typically contain a strong
primary light source in front of and above the face (butterfly) or to the side of the face
(loop, split, rim). Our tool is able to emphasize the evenness of butterfly lighting
and the key triangle in loop lighting. Rim lighting reproduces the strong highlight
at the contour of the face in well-lit environments, but in the darker library and quad
night scenes, the light is not quite strong enough to produce a bright contour.

orientation angle for each target and displays all of these results gallery of target
appearances (Figure 4.6).

Not all target appearances are achievable in every environment. In such cases,
the image quality metric is relatively low for all orientations and the quality of the
maximizing orientation is close to the mean quality across all orientations. Therefore,
our tool computes the maximum image quality across all orientations and if it is less
than an absolute threshold ✏, our tool marks the target appearance as unattainable.
We empirically set ✏ = 45. In the gallery of target appearances, all unattainable
targets are grayed out. Additionally, photographers can manually adjust any of the
targets, including those that are grayed out, using a painting interface (Figure 4.8).
Our tool re-computes the pre-integration of the adjusted target weighting f t against
the transport matrix T, and then runs the optimization using the adjusted Ft.
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4.4.3 Step 3: Follow Guidance to Reorient Self and Subject

Once the photographer chooses a specific target facial appearance, our lighting opti-
mization tool tells the photographer how far to rotate (clockwise or counterclockwise)
about the subject to achieve the desired appearance (Figure 4.6). In addition to the
rotation angle, it provides the current view from the primary camera, and also displays
the portion of the environment that should be visible after the rotation. The goal of the
photographer is to match these two views. To further aid the reorientation process, our
tool optionally provides real-time feedback showing how well the current and desired
views match, by overlaying the current view onto the desired view after transformation
by the best-fit homography between them (Figure 4.9). If the photographer is placing
an additional light source, our tool next describes how to orient the light with respect
to the subject’s face as a pair of rotation angles (azimuth and altitude) for the center
of the light, and provides a schematic diagram illustrating the relative orientation
between the light and the face (Figure 4.12) after the subject has been oriented with
respect to the environment. In practice, either the photographer, the subject, a third
person or a tripod needs to hold the additional light source in place.

4.4.4 Interaction Details

In this section, we describe a couple features of our tool’s interface in further detail.
These are optional steps a photographer may choose to take after capturing the
environment map and selecting a target lighting style. These features are designed to
help the user better match their desired lighting style, either by adjusting the target
based on their personal preferences and/or by aligned more accurately to the angle
proposed by the tool.

Painting. If photographers have a specific lighting style in mind they can manually
adjust the provided targets as they please using our painting interface (Figure 4.8).
Users express additional light regions by painting with the orange brush and dark
regions with the blue brush. After such adjustment, our tool re-computes the pre-
integration of the adjusted target weighting f t against the transport matrix T, and then
re-runs the optimization using the adjusted Ft to determine the optimal orientation
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Figure 4.8: Photographers can manually adjust a built-in target appearance weighting
function (left) using a painting interface that locally increases or decreases the weighting
using a radial brush with Gaussian falloff (right). The positive paint stroke on the
cheek (orange) tells the tool to find lighting that emphasizes the brightness of the key
triangle under the eye, while the negative paint stroke (blue) along the bottom of the
face tells the tool to look for lighting that provides extra contrast along the contour of
the chin by making that region dark.

for the customized target facial appearance.

Alignment. Another feature that provides users with more precise control is the
alignment guidance – optional real-time feedback to further aid in the reorientation
process. Upon arriving close to the target orientation, the user can turn on this
alignment guidance. The interface will compute the best-fit homography relating the
current camera view and the target orientation view using SURF feature points [35] and
MLESAC [280] (Figure 4.9). This homography is displayed to the user by overlaying
the current camera view onto the desired view after transformation. When the images
are aligned, the transformed current camera view will be vertically centered on the
target view orientation.

4.5 Results

We have tested our portrait lighting tool in a variety of locations with many different
subjects—e.g., of varying skin tones, hair styles, facial hair/accessories, etc. In each
case, we captured the optimal orientation as reported by our tool for each of our
built-in targets, including those that the interface suggested were unattainable in
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Camera View Target Orientation

Figure 4.9: To aid the reorientation process our tool can compute the best fit homog-
raphy between the current camera view and the view at the target orientation.
It then overlays current view (pink) on the target view (green).

the environment. Figures 4.2, 4.7, and 4.10 show many of these results.2 These
examples include a range of different lighting conditions—e.g., indoors with windows
and lamps, and outdoors during the day and night with sun, overcast, streetlights, or
partly covered.

As shown in Figures 4.2 and 4.7, our tool is usually able to find good matches for
the butterfly, loop (left and right), and split (left and right) lighting styles as these
include a strong primary light source located above and either in front of the face
(butterfly) or to one side of it (loop, split). In many of these cases, the strongest light
is the sun either directly illuminating the face or passing through a window; but in
some indoor and nighttime scenes, such as library and quad night, the primary light
is due to lamps. Our tool is generally able to find orientations that emphasize the
key triangle on the subject’s cheek characteristic of loop lighting (i.e., in left loop,
the cheek under the subject’s right eye is bright relative to the right side of the face
and vice versa for right loop), and reproduce the evenness of butterfly lighting. Rim
lighting places a strong primary light slightly behind the subject’s head to one side. In
most of these environments, our tool finds a good orientation match for this lighting
style (arch walkway, gothic walkway, apartment, balcony), but in darker environments
like library and quad night, the primary light is not always strong enough to brightly
illuminate the contour of the face.

2For more results, see our interactive visualization showing the image quality metric graph
for each scene and lighting style: http://graphics.stanford.edu/projects/portraitlighting/
supplemental_vis/index.html.

http://graphics.stanford.edu/projects/%20portraitlighting/supplemental_vis/index.html
http://graphics.stanford.edu/projects/%20portraitlighting/supplemental_vis/index.html
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Figure 4.10: Some lighting styles are difficult to achieve in most fixed light environ-
ments. Badger requires two main lights facing one another with a dark center while
the below lighting styles require strong illumination from below. However, our tool can
sometimes find orientations that match such difficult target styles as we see here for
the academic building, columns night, and windowed hall. For the other environments,
modern quad and walkway night, it can only match the badger lighting on one side of
the face and the below side lighting appears more like side lighting (like loop, which
is from slightly above the face) than lighting from below.

Lighting styles that require two relatively strong lights facing one another (badger)
or that require lighting from below (below, below side) are more difficult to achieve in
most fixed lighting environments. Nevertheless as shown in Figure 4.10, our tool can
sometimes find orientations that match these styles as we see for academic building,
columns night, and windowed hall. In other cases like modern quad and walkway night,
it matches the badger lighting on only one side of the face since there is only one
strong main light. Similarly, in these two scenes, for the below lighting styles our tool
suggests an orientation in which the subjects are lit a bit more from the side than
from below.

Alternatively, users can use an additional light source to better achieve targets
that require light from multiple directions. For example, Figure 4.12 shows how our
tool suggests placing a phone screen to capture targets that are unattainable in the
fixed lighting of the environment. In the target combining loop and rim lighting (top
row), the additional light generates the bright rim highlight on the right contour of
the face opposite the side lit by the primary light in the environment. In the badger
example (bottom row), the additional light acts as a second key light brightening the
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left side of the face and approximately mirroring the primary light in the environment.

4.5.1 Additional Results

Here, we present some additional results generated using our tool to showcase its
flexibility in achieving more diverse target lighting styles. Using the painting interface,
a user can modify targets as well as potentially create more complex targets. We use
an additional light source to create some of these varied targets that can be harder to
achieve.

Painting. Figure 4.11 shows how users can adjust a target lighting style using our
painting interface (Section 4.4.2). The painted strokes specify parts of the face that
should be emphasized. Our tool re-computes the optimal orientation to brighten the
the parts of the face painted with orange (positive) strokes and darken the parts of
the face painted with blue (negative) strokes. In this case the user modifies the right
split style to increase or decrease brightness in the center of the face and shift the
location of the transition from bright to dark.

Additional Light. Some targets require specific relationships between lights in the
environment that are unachievable. Figure 4.13 shows how users can use a mobile
additional light source to capture some of these targets that otherwise would not be
attainable in the fixed environment (Section 4.4.3). In these examples, the additional
light is used to provide light in separate regions on the face than were lit by the
environment. In addition to making more targets attainable, the light can also be used
to enhance lighting styles by providing additional brightness in a dark environment,
as shown for the left loop target in the fourth row of the figure. Finally, it can be used
to adjust lighting in scenarios with a somewhat fixed subject orientation (e.g., with
a selected background) to better achieve a desirable lighting style, such as the right
loop lighting in the last row.
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Figure 4.11: Initially, the built-in right split target lighting style makes one side of
the face bright and the other dark (left). With the positive paint stroke (orange), our
tool makes the center of the face brighter by shifting the orientation by 28� (middle).
With the negative paint stroke (blue), it finds an orientation that makes the center
of the face darker.

4.5.2 Algorithmic Evaluation

To evaluate the robustness of our optimization algorithm, we consider how several
parameters affect the image quality metric and the resulting optimal orientation angle.

Resolution of Lighting and Rendered Image. To check how the resolution of
the lighting and the image affect the image quality metric, we varied the lighting
and image resolutions and generated image quality graphs for 192 (scene, target
lighting) pairs as in Figure 4.14 (12 scenes and 16 lighting targets). For each such
graph, we compute the difference between the optimal angle that maximizes image
quality, and the corresponding optimal angle for the highest resolution lighting or
image respectively. Averaged across all 192 (scene, target lighting) pairs, we obtain
the following differences in optimal angles for lighting: 32⇥ 16 (diff: 6.15�), 64⇥ 32

(diff: 1.9�), 128⇥ 64 (diff: 0�); and for images: 50⇥ 50 (diff: 4.95�), 100⇥ 100 (diff:
2.02�), 200⇥ 200 (diff: 0�). While the differences in angles are relatively small (within
a few degrees) on close inspection it is possible to see small differences in some of
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Figure 4.12: Our tool can suggest how to place a phone screen to better achieve
lighting targets such as these that are not easily attainable in the fixed lighting
environment. For each of these portraits, the environment provides light on one side
of the face (L only), and the additional light is able to provide the light on the other
side of the face (L and Ladd). The schematic shows how our interface conveys the
optimal orientation for the additional light source relative to the face after orienting
the subject to the environment.

the renderings. Overall, we find that a lighting resolution of 64⇥ 32 and an image
resolution of 100⇥ 100 provides minimal loss in quality, while maintaining a relatively
small sized transport matrix.

Distance Between 360 Camera and Subject’s Head. We checked the robustness
of our algorithm to using lighting captured by a 360 camera at various distances from
the subject’s head. As shown in Figure 4.15, lighting taken from 1 to 2 feet away
from the subject produce similar image quality metric graphs, with maxima that are
relatively close to one another. We find that the optimal angles differ from the optimal
angle for the centered lighting by an average of 6.43� across all other lighting locations
and lighting targets. These results suggest that as long as the lighting is relatively far
away from the viewer, the environment map does not need to be taken exactly at the
location of the subject.

Width of Optimal Image Quality Peak. Our optimization is designed to find the
peak in the image quality metric graph. For each such peak, we compute the range of
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Figure 4.13: Our tool can suggest how to place an additional light source (a phone
screen for all examples other than the last row, which uses a light box) to better
achieve lighting targets, particularly for those that are not easily attainable in the
fixed lighting environment. For each of the portraits with light on both sides of the
face (top 3 rows), the environment provides light on one side of the face (L only),
and the additional light is able to provide the light on the other side of the face (L
and Ladd). The photo setup shows a third person perspective of how each of these
portraits was achieved. For left loop, the additional light is used to further enhance
the brightness of the lighter region of the face. For right loop (bottom), we have
a desired background in the environment. Thus, the additional light is positioned
relative to the fixed subject orientation to generate the desired lighting style. The
schematic shows how our interface conveys the optimal orientation for the additional
light source relative to the face after orienting the subject to the environment.

angles on either side of the peak for which the image quality metric remains within 3%
of the maximum value. Averaged across all of our 192 (scene, target lighting) pairs, we
find that this range is 17.05�� = 9.73�, or ±8.5� on either side of the peak. As long as
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Figure 4.14: Effects of varying environment map and image resolution on image

quality metric graphs for the modern quad scene and butterfly target. We have tested
3 lighting environment map resolutions: 32⇥ 16 (green), 64⇥ 32 (red), 128⇥ 64
(blue), and 3 image resolutions: 50 ⇥ 50 (green), 100 ⇥ 100 (red), and 200 ⇥ 200
(blue). The corresponding image quality graphs sit on top of one another indicating
very little difference between them (readers should zoom in to see the red and green
curves). It is possible to see some small differences in the renderings, however for this
(scene, lighting target) pair the optimal angles are the same across all the resolutions.

photographers are within this range of the optimal orientation computed by our tool,
they will produce an image with lighting that is very similar to the rendered target
image (within 3% in terms of the image quality metric). As we show in Section 4.5.3,
we find that users typically match the optimal orientation to within ±9� of the peak.

4.5.3 User Evaluation

To better understand how our tool helps users, we ran a user study with 28 participants
(13 male, 15 female), 19 to 31 years old (µ = 25). In this group, 20 self-identified as
novice and 8 as experienced at photography. We separate novice and experienced
participants in this case because portrait lighting specifically is a topic where awareness
varies drastically across experience levels. Many novices will have almost no context
on how to think about lighting a face, while non-experts with a little more experience
will likely know to pay attention to the lighting on the face and might know a few
lighting styles, but rarely will have the experience that experts have of setting up
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Figure 4.15: Effects of varying the position of lighting with respect to the subject’s
head on image quality metric graphs for the art studio scene and left loop target.
We vary the position of the 360 camera around the subject’s head (located at the
center of coordinate frame as in inset). Despite the differences in the graphs, in this
case there is no difference in the optimal angle for the centered lighting versus the
optimal angle for the lighting 2 feet away at 180�. We find that the optimal angles
differ from the optimal angle for the centered lighting by an average of 6.43� across all
other lighting locations and lighting targets.

studio lighting styles. They still are of interest in our work because developing our
tool can assist in training their “artistic vision” and enabling them to see the many
lighting possibilities available in a given location (see our definition in Section 1.3.2).

Participants were asked to complete the task of taking a well-lit portrait in three
conditions: (1) First, we asked them to position and orient their subject with no
guidance. (2) Next, we next showed them images of 16 pre-defined studio lighting
styles (Figure 4.4 top row) and asked them to use one as reference and take another
well-lit portrait matching it. (3) Finally, we asked them to use our interface to select
an attainable target lighting style and capture it.

Following each condition, participants were asked to complete surveys with a
number of Likert questions (on a 7-point scale) about their experience using the tool
and evaluating their photo. We also asked them to answer NASA-TLX questions
(0 to 100) [122] to measure their overall cognitive load. After all 3 conditions, we
asked them to evaluate the accuracy of each of their photos (2nd and 3rd condition)
in achieving their target lighting style and how easy it was to reorient to capture
this photo. We ended the study with open-ended interviews asking about what they
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liked/disliked about the tool and how the interaction influenced their thought process
as they took photos. Participants were compensated $15 for their time.3

After each task, we asked participants to rate the usefulness of the method they
used to produce a well-lit portrait on a Likert scale running from 1-strongly disagree
to 7-strongly agree. We found a significant difference (Friedman test) in usefulness
between the three tasks [�2(2) = 18.6, p < 0.001]. All three pairwise comparisons
(Wilcoxon signed-rank test) were significant; in particular, participants rated our tool
in task 3 as more useful (µ = 6.5, � = 0.7) than simply seeing a reference lighting
style image as in task 2 (µ = 5.5, � = 1.1, p < 0.025) or having no guidance as in
task 1 (µ = 4.5, � = 1.2, p < 0.005). We similarly asked them to rate how well-lit the
images were in each condition (Likert) and found a significant difference [�2(2) = 7.0,
p < 0.03]. The images produced using our interface were more well-lit (µ = 6.3,
� = 0.6) than using only a reference target (µ = 5.5, � = 1.3, p < 0.025) or having no
guidance (µ = 5.5, � = 1.3, p < 0.025).

In a post-study interview, our novice participants consistently said that our tool
reduced the mental effort required to produce well-lit portraits. They attributed this
reduction to the separation between choosing the target lighting style and the guidance
to achieve the chosen style. One wrote, “The thinking was concentrated in the stage
when I chose the target... After I chose what I wanted, the tool made it pretty simple to
get [it]” (P7). Evaluating based on NASA-TLX (excluding physical demand) to further
assess differences in cognitive load between tasks 2 and 3 for novice participants, we
found a significant difference [Wilcoxon V (2) = 64.5, p < 0.05], suggesting that our
tool makes it mentally easier to achieve desired lighting styles compared to simply
using a reference target image. Directly asking the novices to rate the ease of orienting
the subject (Likert), we also found a significant difference between using a reference
target in task 2 (µ = 3.8, � = 1.6) and using our interface in task 3 (µ = 6.1, � = 0.9)
[V (2) = 153, p < .001].

We checked how well all the participants matched the orientation angle proposed by
our tool in task 3, by comparing the background of their portraits to the corresponding

3Materials for the study can be found in the Stanford Digital Repository: https://purl.stanford.
edu/dg109bb1678 [83].

https://purl.stanford.edu/dg109bb1678
https://purl.stanford.edu/dg109bb1678
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environment map. We found that they were able to reorient to within an average of
9� (� = 7.5), on either side of the target orientation. When manually orienting the
subject for task 2, participants were only able to orient to within an average of 49�

(� = 50.1) [t(27) = 4.3, p < .001]. In this case, only 3 of 20 novice participants and 5
of 8 of our more experienced participants were able to reorient to within 10� of the
optimal target orientation.

Finally, interviews with our experienced photographers revealed that our interface
made them more confident and deliberate in their lighting choices. They said they
were able to achieve better lighting “without as much mental demand” (P5). They
similarly appreciated that “it separated the choice of lighting from the rest of the
photographic process” (P14), encouraging them to “branch out” (P14) and “explore”
(P2). A professional New York Times photographer said that our tool would also be
helpful in scenarios where he has limited time in a location with a subject.

4.5.4 Experienced Versus Novice Photographers

Our user study participants ranged in photography experience—including 20 novice
photographers, and 8 experienced photographers. We discuss some differences in how
experienced versus novice photographers rated our tool.

Overall Performance

Our paper reports the usefulness of methods used in each task aggregated across all
participants. The breakdown of ratings between novice and experienced participants
in Table 4.1 shows ratings were similar for task 2 and 3; the main difference is in task 1
where participants are provided no guidance. As expected, experienced photographers
have a more concrete existing process for capturing a well-lit portrait with no external
guidance. Similarly, the experienced participants rated the quality of their images
produced in each task higher—all scores across all tasks reflected that they somewhat
to strongly agreed (5-7 on the Likert scale) that their resulting portraits were well-lit.

Finally, Table 4.2 shows the breakdown for how accurately novice versus experienced
participants were able to match the optimal orientation angles as proposed by our
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tool. Experienced participants were able to achieve much higher orientation accuracy
than novices in both task 2 and task 3. Provided with just a target lighting style in
task 2, experienced participants were able to manually determine orientations similar
to those computed by our tool. Additionally in task 3, provided with the reorientation
guidance, they were able to more accurately determine when they had achieved the
optimal angle.

Qualitative Feedback

Our post-study interviews provided insight into how the tool impacted the capture
process of novice versus experience participants differently.

Novice. Many novice participants said that the interface increased their awareness
and intentionality with regards to lighting. Many mentioned having “no idea what I
was looking for” (P27) in the first photo, but feeling more confident when taking the
third. One described that this increased confidence was due to the tool feeling as if
they had “a sort of professional in the loop” (P13). One wrote “I liked that it made
me think beyond just the content of the photo, and also pay attention to where the
light sources are. . . It worked really well too, which makes me feel like I can take much
more dramatic and varied photos in a limited space” (P26). Several commented on
the usefulness of the gallery of target facial appearances as it made them realize they
“had so many drastically different [lighting] options” (P17).

Experienced. Our experienced participants expressed that the tool made them more
confident and deliberate in their lighting. They said that it would be especially useful
to them in complex or formal lighting environments where they needed more precise
control to achieve a specific lighting style. In particular, P2 said that “I would be
satisfied with just the indication that some styles of lighting are achievable and some
are not (that would also remind me of different styles that I might not be thinking
about).”

They described a number of ways in which the tool adjusted how they thought
about the task of capturing well-lit portraits; specifically, experienced participants
appreciated that the tool provided scaffolding to help organize their photo shoots.
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measure population task 1 task 2 task 3 �2(2) p

method: all 4.5, � = 0.3 5.5, � = 0.3 6.5, � = 0.2 18.6 < .001
useful novice 4.2, � = 1.4 5.6, � = 1.1 6.5, � = 0.7

experienced 5.0, � = 0.7 5.4, � = 1.1 6.4, � = 0.9

photo: all 5.5, � = 0.3 5.5, � = 0.3 6.3, � = 0.1 7.0 < .03
well-lit novice 5.3, � = 1.4 5.3, � = 1.5 6.2, � = 0.6

experienced 6.2, � = 0.8 6.2, � = 0.4 6.6, � = 0.5

Table 4.1: Breakdown of results: user assessment of methods and resulting photos
for each task. We found a significant difference (Friedman test) between the three
tasks, as well as pairwise across tasks (Wilcoxon signed-rank test), both in terms of
usefulness and how well-lit the resulting images were in each condition.

measure population task 2 task 3 t p

accuracy: all 48.8�, � = 50.1� 9.3�, � = 7.5� 4.3 < .001
orientation novice 64.3�, � = 51.7� 10.2�, � = 8.2�

experienced 10.0�, � = 6.5� 6.9�, � = 5.1�

Table 4.2: Breakdown of results: measurement of user accuracy in achieving the
optimal orientation angle in task 2 versus task 3. We found a significant difference
between the two tasks (Paired t-test).

P16 said: “I would use this for shooting portraits of other people so that we could be
efficient. Instead of trying lots of positions hoping to get good lighting, I could use the
tool to identify where and how to position the subject for the desired lighting.”

Another expressed enjoying how it changed his creative process, “I was really
surprised at how fun the tool was to use and how creative I felt using it. It really
helped me see the world in a different way” (P14). He described that by first selecting
a lighting style, he used that as a creative constraint to push his creative exploration
in other aspects of capturing the portraits.

4.6 Limitations and Future Work

While our approach for optimizing portrait lighting at capture-time can often suggest
how to achieve a variety of lighting styles, it does have a few limitations that suggest
directions for future work.
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4.6.1 Fixed Lighting

The main assumption of our approach is that lighting in the environment is fixed.
As noted in Figure 4.10, some environments may not contain lights at the locations
necessary to achieve certain lighting styles. However, our tool does mark lighting
styles as unattainable in such situations so that the photographer is aware of the
problem. Our tool can also help the photographer place an additional light source to
achieve the target lighting. However this requires that either the photographer, the
subject, a third person or a tripod hold the additional light in place.

4.6.2 Colored Lighting

We perform our optimizations using a single-channel grayscale transport matrix T that
captures the brightness in the scene, but cannot differentiate between colored lights.
However, in environments with multi-colored lights (e.g. on stage, at amusement
parks, etc.) or strongly illuminated reflective colored surfaces (e.g. painted walls), it
could be useful to optimize distribution of colored regions on the face—i.e., find the
orientation that casts a cool blue shade or a warm red glow on the face [42]. This
would require using the full-color transport matrix T in our optimization as well as
three-channel target weighting functions.

4.6.3 Head and Skin Models

Using generic head and skin reflectance models allows our tool to use an efficient
PRT-based approach to compute the optimal lighting orientation. As a result, our
approach cannot account for individual differences in the geometric shape of the face
or reflectance properties of the skin (due to skin tone, skin type, facial hair, etc.).
We argue that the overall distribution of light and dark regions on the face is less
affected by such individual differences. Nevertheless, these can have some effect on the
appearance and shape of light and dark regions. We also do not consider how hair can
occlude the light falling on the face. One approach may be to build a subject-specific
head model using recent image-based facial geometry acquisition methods [18, 101]
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or RGB-D cameras. But even given the geometry, efficiently optimizing the lighting
orientation without using our PRT-based approach is an open challenge.

4.6.4 Background Aesthetics

Our tool primarily focuses on matching the bright and dark regions on the face to a user-
specified target. It does not consider other aesthetic criteria such as the background of
the image. However in many locations, the background in some orientations is much
nicer than in others. While automatically identifying “nice” backgrounds is an open
problem, given such an algorithm, we could potentially incorporate it into our tool
by limiting our space of rotations to only the region containing “nice” backgrounds.
We have started experimenting with a clutter detection approach to identify “nice”
clutter-free background regions in our environment maps.

4.6.5 Optimizing Subject Position

Our tool assumes distant lighting and only considers the orientation of the subject
relative to the lighting environment. In many locations, changing the subject’s position,
even by a few feet, can significantly alter the light falling on their face, especially
when there are nearby occluders. Optimizing position in addition to orientation
would enable much more control over the lighting, but likely require more significant
modeling of geometry and light transport in the environment.

4.6.6 Alternative Capture Approach

An alternative approach for producing well-lit portraits might involve first recording a
video centered on the subject’s face as the subject rotates in place by 360 degrees,
and then analyzing the video to find the frame that best matches each target lighting
style. Our experience is that capturing such video at high-quality (without motion
blur, while maintaining a nice facial expression, etc.) is very difficult. Nevertheless,
assuming it is possible to capture such a video at high-quality, an open direction for
future work is to develop an automatic algorithm for matching frames of the video to
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a target lighting style.

4.7 Discussion

Our goals in designing a capture-time lighting optimizing tool were to provide a
computationally simple and efficient technique that could be used with off-the-shelf
hardware today and could be fully incorporated into a single camera system in the
future. Our prototype implementation achieves these goals using two complementary
ideas. The first idea is to treat a 360 camera as a light probe that can quickly
capture the lighting in the environment. We believe that such light probes could
eventually be built into cameras as just another sensor akin to light meters and focus
sensors today. The second idea is to efficiently find the optimal lighting orientation
by evaluating the appearance of a generic face model under different rotations of the
captured lighting using a PRT-based approach. In fact, we show that evaluating each
orientation requires computing a single dot product between vectors that are the size
of the environment map, and that a low-resolution environment map of size 64⇥ 32 is
sufficient for optimizing portrait lighting. One of the main implications of our work is
that incorporating even a very low-resolution 360 light probe into a camera system
would be useful for our application. Moreover, because our optimization is extremely
efficient, requiring 0.19 milliseconds, it is well suited for running on a single integrated
device. This would further eliminate the cumbersome switching between operating a
360 camera and a laptop and a primary portrait camera as in our prototype.

A concern when using PRT-based techniques is that the size of the transport
matrix T (246 MB uncompressed in our case) can be prohibitive for devices with
limited memory. However, if the target appearance weighting functions f t are known a
priori, we only have to store the pre-integrated lighting domain vectors Ft to evaluate
the image quality, and it is unnecessary to store T. In our application, we use T

to render the PRT matches for the optimal orientation angles we identify for each
target. These visualizations can help the user understand what the face will look like
in the target orientation, but they are not essential for using our system. We also
use the transport matrix T to pre-integrate the target weighting function when the
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user manually adjusts it via our painting interface. In practice however, we believe
most casual users would focus on the built-in set of target lighting styles and would
not need the additional control afforded by the painting interface. Thus, it may be
possible to offer most of the benefits of our approach without the transport matrix in
the end-user interface.

4.8 Chapter Summary

Lighting is a crucial element of portrait photography. But choosing how to orient
a subject with respect to the environment has traditionally required paying careful
attention to the available light, as well as understanding of how that light might fall
on the face to produce different looks. We have demonstrated a capture-time tool that
uses a 360 camera as a light probe and suggests how to orient the subject with respect
the to surrounding environment to best achieve a user-specified target appearance.
We believe that such a tool can make it easier for photographers to consider a variety
of different looks that may be possible in an environment.

4.8.1 Design Goals

We close this chapter with a summary of how the design of this interface fits within
our design goals (Section 3.4).

Context-Aware

For portrait lighting, the important context is the lighting on the subjects face. We
capture this context using a 360 camera as an HDR image. Given our insight that
portrait lighting is about relative regions of dark and light, we were able to generate a
range of diverse studio lighting setups virtually using a generic 3D model of a head.
By representing portrait lighting as a discrete set of lighting styles and corresponding
reorientation angles, we were able to allow participants to consider varied lighting
styles in the context of the current scene [275].
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Encourage Exploration

Users are presented with the gallery of lighting styles, showing a wide range of lighting
options at once. By default, the interface shows them a virtual rendering of the
lighting styles as they can be best achieved through reorienting the subject in the
current environmental conditions. This allows them to easily scan the gallery to
preview what the end result might look like. Using the tool, participants were able
to quickly explore through a gallery of lighting styles, pick their desired style, and
ultimately achieve results that they believed were of better quality.

Maintain Flexibility

The user has flexibility to choose between the lighting styles in the tool. For additional
flexibility, we also allow customization of the target lighting styles through a painting
interface. For a more experienced user, one can also imagine customizing the tool
to display and optimize over a completely different set of lighting styles based on
personal preference.
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Chapter 5

Composition

For composition, the context to consider is the relative positioning of objects within
the frame. Exploring composition can involve moving around the camera to try out
different angles and framing, as well as moving the objects in frame. Users should
have creative flexibility in choosing whatever compositions they find appealing. At
this stage of our walkthrough (see Figure 5.1), the photographer is made aware of the
centeredness of this composition and chooses instead to compose using the rule of
thirds.

Figure 5.1: Here we see photos from our walkthrough (Figure 1.2) from before and
after the photographer considered composition. In the middle we show a mockup

of what the photographer might see upon launching our tool. The composition tool
highlights the centered composition, and helps confirm alignment to a new composition.

79
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a b c

Figure 5.2: The armatures are designed around main diagonals (orange) and shorter,
reciprocal diagonals (blue). Horizontal and vertical lines extend from intersection
points of these diagonals. Our Mechanical Turk task presents three forms of armatures
for different aspect ratios: (a) wider/taller than root 2 : based on proportional design—
reciprocal diagonals always connect to center resulting in horizontal/vertical lines at
thirds and quarters, (b) between root 2 and square: equivalent to (a) at a specific
aspect ratio, the reciprocal diagonals are perpendicular to the longer (main) diagonals,
(c) square: (b) collapses to this set of lines.

5.1 Introduction

An important artistic aspect of photography is composition—the relationships
between the different elements in an image and their properties (i.e., size, position,
color, texture, etc.). Composition is used to direct the viewer’s gaze through a photo by
establishing visual hierarchies and rhythm [41,110, 111, 223]. In this chapter, we focus
on the spatial relationships of elements within the frame. These spatial relationships
have been studied over the centuries in fields like painting, photography, cinema, and
graphic design. They are often explained through the use of grids of lines, with popular
examples like the rule of thirds or the golden ratio. These grids rely on the assumption
that aligning important visual elements along their lines and intersections will tend to
generate images that are more visually appealing to the human eye [109,121,223].

A common grid used by photographers like Henri Bresson-Cartier and Annie
Leibovitz [110,121,147] is the harmonic armature (Figure 5.2), which dates back to
Pythagoras [109, 121]. While some experienced photographers do not need to see

Much of the material of this chapter is as it appears in “Adaptive Photographic Composition

Guidance.” by Jane L. E, Ohad Fried, Cynthia Liu, Jianming Zhang, Radomír Měch, Jose Echevarria,
Pat Hanrahan & James A. Landay, published in the Proceedings of CHI ’20. For more information,
see the project page: http://graphics.stanford.edu/projects/adaptivearmatures/.

http://graphics.stanford.edu/projects/adaptivearmatures/
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experienced photographer annotations novice annotations adaptive armatures interactive guidance

freeform armature

Figure 5.3: To design our interactive composition guidance interface, we were
interested in better understanding people’s ability to recognize composition and to
annotate them on a composition grid. Left to right: We collected annotations from
both experienced photographers as well as novices on Mechanical Turk. Inspired
by these results, we developed an algorithm for heuristically computing these lines,
or adaptive armatures. We display these adaptive armatures as an overlay in an
in-camera composition interactive guidance tool and study how it impacts how
people take photos. Photos by Sharon Mollerus, yugoQ, and Nicholas_T. Creative
Commons Attribution License.

and strictly follow such grids, others directly place overlays on their camera view
for guidance [67, 112]. Many cameras provide the option of directly overlaying a
variety of different grids on the viewport. In any case, not all the lines in a grid are
meaningful for a given scene, so it is up to the photographer to determine which ones
to use and how. While at first glance human observers seem to intuitively perceive
relationships between the elements in an image and an overlaid grid, it actually takes
practice to find and focus on the more relevant ones. Books, blog posts, etc. often
illustrate composition with composition grids overlaid and individual lines highlighted
to emphasize certain aspects of the artist’s composition choices [200]. However, this is
an offline process—photographers manually annotate lines to better explain existing
images.

Inspired by this behavior of manually highlighting lines in existing images, we
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propose a novel in-camera guidance that aims to automatically highlight the relevant
lines to the composition of the current camera image (see Figure 5.3).

In this chapter, we present:

• an algorithm for automatically identifying adaptive armatures based on image
saliency,

• an interactive in-camera app that shows these adaptive armatures to users
as composition guidance, and

• a user evaluation of this app that shows that participants do in fact prefer
the composition of photos they took using the adaptive guidance versus using
static composition guidance.

We additionally contribute:

• a dataset of crowdsourced composition annotations that capture the
common knowledge of what people believe are the most relevant lines to an
image’s composition within the constraints of the harmonic armature grid, and

• a user evaluation comparing the use of static composition guidance versus
no guidance that shows participants are more confident in their compositional
ability and feel more creative using the guidance.

5.2 Related Work

For an in-depth discussion of related work on capture-time guidance, see Chapter 2.
Here we focus on work specific to composition. Since a number of guidance interfaces
exist specifically for photographic composition, we discuss the most relevant systems
despite being covered already earlier in the dissertation.

5.2.1 Composition Analysis

Previous work has focused on low-level image components that affect photographic
composition. Zhou et al. [318] estimate vanishing points and use them to retrieve similar
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images. Lee et al. [179] detect dominant geometric elements and use convolutional
neural networks to classify photographic composition rules in outdoor scenes. He et
al. [126] find and highlight triangles on images to create compositional awareness and
promote creativity. Other works classify an image to retrieve similar high quality
examples for inspiration [185,310,316]. We focus on the placement of salient features
with respect to composition grids, rather than specific image components or types of
composition [313].

5.2.2 Composition Enhancement

Although several image recomposition methods have been proposed [144], cropping
is still a very straightforward way to improve composition. Some have focused on
explicit attention and aesthetics models [60,292], but the most popular approach is
to learn it directly from examples from professional photographers or user annotated
samples [26, 61, 62, 117, 183, 187, 296, 309]. This approach tends to work well for
automated workflows, although performance may vary depending on the dataset used
for benchmarks [56]. Fang and Zhang [89] trained a network to find good crops
in 360� images. Zeng et al. [312] proposed grid anchors to reduce the number of
crop candidates to evaluate. Example-based cropping has been proposed for general
images [58,188], and portraits [315]. Rather than automatically finding good crops,
we instead try to help users achieve good compositions actively by changing their
point of view during capture.

5.2.3 Capture-time Guidance for Composition

Modern cameras come with some visual aids to help the photographer make technical
and creative decisions during capture. In fact, one common feature is overlaying a static
composition grid. It is commonly accepted as being useful guidance, but there is little
formal evidence of this fact. In this chapter, we also take a step towards understanding
how users use these static composition grids at capture-time (Section 5.5.2).

There is additionally a set of tools that provide composition guidance either by
suggesting crops or by guiding the user to move the camera to better achieve a desired
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composition. Mitarai et al. [208] detect relevant elements in the current frame to
classify the composition and show overlays providing specific guidance on how to
refine them, limiting the user’s creative freedom. Lujun et al. [197] perform image
assessment and cropping suggestions; Ma et al. [199] use a view proposal network
to suggest different crops, plus an interface that learns user preferences for future
proposals. We are interested in composition guidance that creates awareness about
different creative options, while providing a mental model for the user to reason about
them. These interfaces provide limited feedback for building that mental model.

Closely related to our work, Xu et al. [308] devised a 3-camera system that provides
real-time instructional feedback to users, so that they can learn to compose better
portraits using the rule of thirds. For that, they compute a measure of the alignment
between the regions of interest and the rule-of-thirds grid, and show arrows on the
viewfinder for the users to follow to improve the alignment. Apart from focusing on
composition beyond portraits, our guidance also uses composition grids, but aims for
a less constrained user experience: instead of using arrows to make the user follow the
criteria of the algorithm, our system highlights potentially interesting compositions
using adaptive armatures. Our user experience is then closer to the smart guides
implemented in many design tools [206]: when salient elements show interesting spatial
relationships between them, such relationships are highlighted for the user, so they
can decide whether to follow and refine them or not.

5.3 Composition Guidance

Our first question was how to design in-camera composition guidance. Many cameras
provide options for a number of composition grid overlays, but are these effective for
achieving well-composed images?

As we learned in our formative interviews (see Section 3), even experienced
photographers tend to restrict themselves to options proposed in front of them—e.g.,
following the rule of thirds guidelines if those are visible on the camera screen. Thus,
we were interested in using a more versatile grid, the harmonic armature, that allows
for more compositional diversity. The harmonic armature provides different sets
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of orthogonal and diagonal lines. Diagonal lines are usually employed for dynamic
symmetry [121], while from their intersections, the rule of thirds and the golden ratio
grids emerge.

As noted in the chapter introduction, photographers currently manually highlight
subsets of lines on existing images to describe how the lines are relevant to the image
composition; and they instinctively do the same during capture, as surfaced in our
formative interviews. We wanted to be able to provide similar feedback in real-time,
in the camera. However, we first wanted to understand whether through training,
experienced photographers develop a consistent view of which lines are relevant, and
whether novice users are similarly able to produce such annotations.

5.3.1 Experienced Photographer Annotations

To understand whether experienced photographers had a consistent view of what lines
described a composition, we ran a study where we had 8 participants annotate photos.
First, participants were asked “For each image, please freeform draw a set of lines that
describe the composition of the physical elements of the image. Explain why you drew
those lines.” Next, the same images are displayed one at a time with the harmonic
armature overlaid (see Figure 5.2b). Participants were asked to perform the same
task, but to only select lines from the armature. For this task, we chose 5 images of
varying complexity in composition for all participants to annotate. We additionally
asked them to bring in 5-6 of their own photos to annotate. We asked them to choose
photos that they believed had particularly nice/interesting composition.1

Experienced Photographer Annotation Results

In watching these experienced photographers annotate images, we learned that expe-
rienced photographers are are able to recognize lines in image composition whether
they are drawing freeform or using a composition grid. Given the constraints of
a composition grid, they were also generally comfortable with selecting lines that

1Materials for the study can be found in the Stanford Digital Repository: https://purl.stanford.
edu/dg109bb1678 [83].

https://purl.stanford.edu/dg109bb1678
https://purl.stanford.edu/dg109bb1678
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Figure 5.4: Comparing experienced photographers’ freeform annotations with
armature-based annotations: (a) participant selects nearest lines to freeform lines
that does not perfectly exist in the armature, (b) participant draws golden spiral to
represent the location of a salient object in the freeform annotation, finds nearest lines
to other freeform lines in the armature that also highlight the object location, and (c)

participant selects new alignments that were surfaced by overlaying the armature.

might not be perfectly aligned with features in the image to approximately represent
these features, as shown in Figure 5.4a. For images with prominent distinct elements,
participants did frequently draw lines through or bordering these elements to highlight
alignment of elements.

However, while we saw some consistent line annotations, we also saw many unique
annotations. The found that this inconsistency is likely due to the differences in
our participants’ artistic styles and their views on photographic composition. Line-
based annotations are important for a variety of concepts related to composition,
and experienced photographers already have many of these engrained in their mind.
Despite the instruction to focus on composition of physical elements in the image, in
addition to these alignments, participants annotated leading lines, strong hard edges,
soft “edges” between regions (e.g., of different color), etc.

Nonetheless, many of these participants found the annotations to be a useful and
fun exercise. In fact, while doing these studies, many participants indicated that
they enjoyed the activity of identifying the lines within the fixed composition grid.
Compared to drawing freeform, they noticed more unexpected alignments (both at
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intersection points and along edges) that they otherwise would not have seen. Some
even mentioned possibly adjusting their images to align with lines that they highlighted
rather than their current composition (we later saw this behavior in our user studies,
see Sections 5.6). While these adjustments were not always deemed improvements, this
suggests that even for experts who already have training in envisioning composition
grids in their mind, searching for these alignments can change their perspectives in
ways that might impact their photography.

5.3.2 Mechanical Turk Annotation

Our previous study confirmed that experienced photographers could identify relevant
line alignments from a composition grid to a given image, but more important to
our design was whether or not novices could easily interpret such annotations. We
wondered if novices could also use the same mental model and leverage a composition
grid to describe the composition of an image. In addition, with more annotations, we
wondered if we would be able to find some consistency in their annotations to suggest
a set of the “most relevant” lines to an image’s composition. To collect the data to
answer this question, we crowdsourced annotations on Mechanical Turk.

Mechanical Turk Task

We constructed a dataset of 500 photos for our Mechanical Turk studies. The
MIRFLICKR-25000 dataset includes 25000 images from Flickr that are open under
the Creative Commons license and selected based on their interestingness rating [137].
From these, we selected the 500 most aesthetically pleasing images according to Kong
et al.’s photo aesthetics ranking network [167]. We removed those with extreme aspect
ratios (< .5, > 2) or with inappropriate content, and replaced them with images from
the next 100 most aesthetic images.

We created a Mechanical Turk task in which users were shown 10 of these images at
random and instructed to “Please select 1-4 lines that best describe the composition of
the physical elements in the photo.” The interface was an image with the composition
grid overlaid. Users used their mouse to hover over and click to select/deselect a line.
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The first time a worker does a task, they are presented with a short description
of the task and of composition. To avoid the task feeling too subjective and risky,
we provide three example image annotations along with short explanations. Finally
workers are given a short interactive tutorial on how to use the annotation interface.
To complete the tutorial, users are required to select lines that match the example
selection.

After the trial task, the first two annotations are easier tasks with simple composi-
tions as further training. For these images, they are given the choice to see sample
annotations and explanations. We used these tasks as validation to remove careless
annotators. Per annotation task, workers would annotate 12 images (2 validation, 10
for dataset). We estimated this to take around 4 minutes, and paid $1 per task to
match the minimum wage of $15/hr and used Fair Work to allow workers to inform
us if the task took longer than anticipated [301].2

Mechanical Turk Annotation Results

We collected a total of 1004 annotation task responses across 582 workers, totaling
11961 non-validation image annotations (an average of 22 annotations per image).
From these annotations, we filtered out task responses where the worker was unable
to get both validation tasks correct—we counted a task as “correct” if they selected
one of the lines provided in the sample annotation. This resulted in the removal of
218 tasks, for a resulting set of 9133 image annotations (~17 annotations per image).

From this dataset, we aimed to determine a set of “most relevant“ composition
lines for each image as our ground truth annotation. Images vary in how well they
can be represented by a composition grid, therefore also in consistency in annotations.
To select our ground truth lines, for a given image, we defined the score of each line
as the percentage of worker annotations that included that line. After an initial batch
of annotations, we empirically determined a score threshold of 0.4 for whether a line
should be selected as one of the ground truth lines—this resulted in an average number
of lines selected as ground truth being close to the average number of lines selected per

2Materials for the study can be found in the Stanford Digital Repository: https://purl.stanford.
edu/dg109bb1678 [83].

https://purl.stanford.edu/dg109bb1678
https://purl.stanford.edu/dg109bb1678
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image in the annotations. Given this threshold, 10 images had no ground truth lines.
These were also removed from the dataset, for a final set of 8966 image annotations
(~17 annotations per image). For this final dataset, the average number of ground
truth lines per image is 1.82 and the average number of lines annotated per image is
2.17.

With a relatively high threshold of 0.4, we see that these average numbers of lines in
the ground truth annotations are quite close to those in the workers’ initial annotations,
meaning most lines are reaching this score threshold. Additionally, only 10 images
resulted in no lines above this threshold. This suggests that there is consistency in the
notion of what are the “most relevant“ lines in a composition grid of a given image
and that novices can perceive and annotate this relationship.

Our Mechanical Turk task also included an optional text box for feedback on the
task. We received a lot of positive feedback on the task. Many workers mentioned
they found the task fun (30), enjoyable (19), and/or interesting (29), and would like
to keep doing more of these tasks (9). In particular, one mentioned it being helpful for
their learning: “I am working on my photography skills and this exercise was helpful
for me to better understand this concept even if I wasn’t entirely helpful to you.”

5.3.3 Annotation Insights

From our experienced and novice composition grid-based annotations, we learned:

• Performing annotations can be useful. Experienced photographers de-
scribed noticing new alignments. Novice photographers found them helpful for
understanding composition. Both groups found the task enjoyable.

• Annotations are approachable. Both experienced and novice photographers
were able to perform the annotation task with reasonable consistency. Thus, we
chose to pursue this path for our in-camera composition guidance.
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5.4 Adaptive Armatures

Since our formative studies suggested that there exists a relatively consistent notion of
prominent lines for a given image, we set out to automatically detect a set of relevant
lines to provide these annotations in camera. We call this method adaptive armatures.

5.4.1 Heuristic Algorithm

Composition can be posed as aligning visually important elements in an image with
the lines/intersection points of a composition grid [308, 313]. We use saliency to
represent this visual importance. Thus, the adaptive armature should capture the set
of lines that best align with the saliency map. Given an image, we score the candidate
lines for the image armature such that the higher the score of a line, the better the
elements of visual importance in the image are aligned to that line, and the more
“relevant” they are to the image’s composition.

For a given image, we compute an attention-based saliency map using Apple’s
built-in beta Vision library [15] (but any performant saliency estimation method could
work). This map is used to vote for lines in the full armature grid. For each point p in
the saliency map with saliency value S, its contribution to the score of a composition
line L is:

score = S ·Gaussian(distance(p,L)). (5.1)

for a Gaussian kernel with a size of 1/10 of the image’s longer dimension and a sigma
of 1/4 of the kernel size. The score per line is then normalized by the length of the line.
We select the top 3 scoring lines as our resulting heuristic annotation (see Figure 5.5),
or adaptive armature.

5.4.2 Mobile Implementation

Our app runs on an iPhone 7 running the iOS 13.0 public beta. We built a basic
camera app where saliency and the adaptive annotations are constantly computed
in the background for the current camera image. The app has a camera shutter
button and flashes the screen white when a photo is taken. For the purposes of our
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Figure 5.5: Computing the line scores to determine the adaptive armature. We
compute the saliency map of the image and multiply that by a Gaussian mask

per line. The sum of the resulting image is the line’s score. The top 3 scoring lines
become the adaptive armature.

studies it has no other camera functionality to encourage participants to focus solely
on composition.

To reduce computation time, we precompute the Gaussian maps per line and store
them as images. The score per line can then be computed by simply multiplying the
saliency image by the corresponding precomputed Gaussian map and computing the
sum [308]. To maintain an interactive experience, we compute line scores at discrete
0.1 second intervals. Since users need time to process the highlighted annotations,
this interval strikes a balance between perceptually-constant visual update and non-
distracting digestible user experience.3

5.4.3 Mechanical Turk versus Heuristic

We wanted to evaluate our heuristic results against the ground truth we obtained
through Mechanical Turk annotations. For each image, we computed the average
number of lines at the intersection of heuristic annotation and the ground truth
lines divided by the number of lines at the union of these two sets of lines. The
average across images of this metric is 0.38. For reference, the average is 0.11 for a
random sampling of 10000 annotations—to sample these annotations, a number of

3Video demonstration of the tool can be found in the Stanford Digital Repository: https:
//purl.stanford.edu/dg109bb1678 [83].

https://purl.stanford.edu/dg109bb1678
https://purl.stanford.edu/dg109bb1678
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lines is uniformly sampled from [1, 4] (matching the instructions for the Mechanical
Turk workers) and then each line is selected uniformly. This metric for individual
worker annotations as compared to the ground truth lines is 0.47. It is reasonable
and expected that this metric is lower for our heuristic method as the ground truth is
computed based on the worker annotations.

5.5 Study Design Iteration

We conducted two small pilot studies and a formative user study with our tool as a
part of an iterative design process. These studies helped us answer some questions
about different potential interaction conditions of an in-camera composition guidance
tool as well as refine our interface for our summative user study, which followed.
Participants for all versions of the study were compensated $15 for their time.

5.5.1 Pilot Studies

Preliminary Pilot Study: No Guidance and Adaptive Lines

We ran a pilot study (n = 3) to evaluate our initial study design comparing two
interface conditions: first no guidance, and then our adaptive composition guidance.

Participants were provided with a sheet of paper describing some basic composition
guidelines to guarantee that they had a baseline perspective on how to consider
composition. They were told both by the experimenter and on the sheet that they
are not required to follow these guidelines. Participants were then asked to complete
6 photo tasks, focusing on composition. The first two participants did the same 3
tasks twice, once for each tool; the final did 6 different tasks, 3 per tool. After each
condition, participants filled out a survey asking a variety of Likert questions (on a
7-point scale) related to their experience, and measuring the Creativity Support Index
(CSI) (0 to 100) [63]. At the end of the study, they were asked to select their favorite
photo per task and rate them on composition. Finally, they answered open-ended
questions about what they liked/disliked about the tool and how it influenced their
photo capture process. Studies were screen recorded and participants were asked to
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preliminary
pilot

summative: 
advanced

summative: 
basic
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pilot

Figure 5.6: Iterations of the adaptive composition guidance. Preliminary Pilot:
displays only the adaptive selected lines, updating every 0.1 sec. Secondary Pilot:
displays non-selected lines at 0.3 opacity, slider allows user adjustment of update speed
(defaults to 0.5 sec). Summative: iteration after pilot studies, top toggle switches
between advanced and basic modes (just center and thirds, only two selected lines),
bottom toggle turns composition visualization on or off.

think aloud.

Preliminary Pilot Study Interface

The no guidance interface had a single interactive button for photo capture and
no other interface elements displayed on the camera view. The adaptive interface
additionally dynamically displayed the 3 adaptive armature lines. A line was only
visible when it was selected, other lines in the grid were transparent (see Figure 5.6).

Preliminary Pilot Study Results

We learned that repeating the same photo tasks resulted in learning effects, such
that the second time around, participants had already explored the space of options
and knew what photo they liked and wanted to take. They ended up using our tool
primarily to refine the shot they already had in mind from the first condition. For the
third pilot, we picked a second location and designed 3 tasks in the two locations that
were comparable based on scale and environment (see Figure 5.7).

Participants gave us the feedback that in using our tool, without the context of
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Figure 5.7: Corresponding photo tasks at the two study locations. Tasks are
designed to be similar in subject and complexity and to increase in scale: (1) small
object on a solid surface, (2) chair/table structure, and (3) facades of a building.

the composition grid, the lines that appeared did not seem to have any particular
structure. Additionally, the lines would appear and disappear too quickly for them to
react effectively, causing frustration in using the tool. Due to the feedback from this
preliminary pilot, we chose to keep the full composition grid always visible, but faintly
to avoid over-cluttering the camera view (see Figure 5.6). We added a slider that
allowed users to adjust the speed of the line updates from 0.1 seconds to 3 seconds per
update (at intervals of 0.5 seconds). We set the slider default to 0.5 second updates—it
appeared to still be relatively responsive to movement of the camera, while at slower
speeds the updates felt laggy.

Additionally, participants expressed that the adaptive highlighting helped them
come up with ideas that they previously would not have thought of. We realized
that this could be due to a number of factors, seeing lines of any sort overlaid on
the camera view, or the adaptive nature of the lines. We hence decided to try two
additional conditions: showing a static composition grid, and randomly selected lines
to highlight rather than those chosen by our heuristic algorithm.
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Secondary Pilot Study: 4 Conditions

We next ran another pilot study (n = 6), this time testing out all 4 conditions: no
guidance, static composition guidance, random adaptive composition guidance, and
heuristic adaptive composition guidance.

Participants were again provided with a sheet of paper describing some basic
composition guidelines and told that they were not required to follow these guidelines.
We used 4 different locations, with 3 comparable tasks per location (see Figure 5.7).
All participants saw the tool with no guidance, followed by static guidance, and then
half saw the algorithmic adaptive guidance first while the other half saw the random
adaptive guidance. Locations were manually approximately counterbalanced. To
reduce study length, we did no intermediate surveys, and participants were interviewed
at the end about what they liked/disliked about the 4 guidance interfaces and how they
influenced their photo capture process. Studies were screen recorded and participants
were asked to think aloud.

Secondary Pilot Study Interface

The no guidance interface had a single interactive button for photo capture on
the camera view. The static composition guidance additionally displayed the full
composition grid at 0.3 opacity overlaid on the camera view. Our adaptive interface
additionally dynamically displayed the 3 lines from the current annotation overlaid
on the camera view. These lines were either randomly or algorithmically selected.
The adaptive interface provides the user with a slider control to adjust the speed of
annotation updates (see Figure 5.6).

Secondary Pilot Study Results

Some participants could not differentiate between the heuristic and random adaptive
guidance, but those who could, expressed that the random highlighting was distracting
and hard to ignore. P2 described it as “unusable,” and P1 said that at first, the
random highlighting “reduced trust” in the tool. While this participant expressed later
that the random highlighting allowed for more creative discovery due to the more
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drastic changes in suggestion, we chose not to pursue this condition further due to the
otherwise negative response.

Two participants expressed that the composition grid was too complicated given
their limited compositional knowledge. In particular, they were unable to use the
diagonal lines due to a lack of understanding of how they are commonly used in
composition. Some (3) also expressed that having a better mental model of how the
adaptive highlighting algorithm selected lines would allow them to better use the tool.

5.5.2 Formative Study: No Guidance and Static Lines

The secondary pilot helped us eliminate the random highlighting condition, resulting
in 3 conditions to consider: no guidance, static composition guidance, and our adaptive
composition guidance. Many cameras provide the option to overlay static composition
grids of different types. However, there is little understanding of how/if these help
users compose better photos or if they limit users’ creativity. We were curious to better
understand how such static composition overlays impact how users capture photos
and how that differs from how they capture photos without an overlaid composition
grid, and chose to run another formative study with two experimental conditions: no
guidance and static composition guidance.

We recruited 12 participants (7 male, 5 female), 22 to 36 years old (µ = 27), for this
formative user study. All participants went to two locations to complete 6 total photo
tasks, and we counterbalanced locations and conditions. All participants performed
the same tasks, conditions permitting (as we were using a public space, there were a
few (5) occasions where one task was slightly adjusted due to other people occupying
the space). For each task, we provided specific instructions on what should be the
subject of the image. We also chose to constrain the space in which participants were
allowed to move around the photo subjects. These were only stated when participants
tried to walk outside of the boundaries. The experimenter brought the participant to
the same starting location for each task, and tasks were always completed in the same
order at a given location.

Participants were again provided with a sheet of paper describing some basic
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composition guidelines and told that they were not required to follow these guidelines.
They were told they will be completing 2 sets of 3 photo tasks and to focus on
composition—for each task, they should have a photo that they believe is well-
composed. After each condition, participants filled out a survey asking them to rate
their confidence in their ability to capture well-composed photos, and measuring the
Creativity Support Index (CSI) [63]. At the end of the study, they were additionally
asked to select their favorite photo per task and rate their composition (Likert 1-7).
Finally, they were interviewed about what they liked/disliked about the tool and
how it influenced their photo capture process. Studies were screen recorded and
participants were asked to think aloud.

Formative Study Interface

The no guidance interface had a single interactive button for photo capture on
the camera view. The static composition guidance additionally displayed the full
composition grid at 0.3 opacity overlaid on the camera view.

Formative Study Results

We found that while the static composition guidance didn’t improve users’ opinions
on the composition of their photos, it made participants feel more confident in their
ability to compose photos (Mdn = 5, IQR = 4.75-5.25), versus no guidance (Mdn =
3.5, IQR = 2.75-4) [Wilcoxon signed-rank V = 0, p = .005]. We saw this boost in
confidence in our interviews as well. P5 described that having the “guidelines [made] it
much easier to have the ‘correct’ composition.” P9 felt “more comfortable taking fewer
photos” while subconsciously holding “myself to a higher standard.” This was because
the lines allowed the participant to precisely refine alignments before taking the photo.
P10 described the lines as being “useful because it gives you greater confidence that
you are taking a good photo” because they provided a concrete way of describing why
it was better.

The static guidance also had a higher CSI than no guidance, suggesting that it
provides better support for creativity [V = 13, p = .04]. During the study, P10 (who
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Figure 5.8: Some participant photos from summative user study. These are shown
with the overlays that the participants saw while doing the user study corresponding
to the two conditions: static guidance (top), and adaptive guidance (bottom). Par-
ticipants often found grid lines to align to elements or edges in the image, but also
sometimes used them as looser guidelines for leveling the image, splitting the image
into regions (e.g., thirds), or occasionally even disregarded the grid lines.

first used the tool with no guidance) expressed that “I already feel more creative” while
completing the first task using the guidance. The individual factors that significantly
improved were Exploration, Results Worth Effort, and Enjoyment (see Table 5.1).

However as in our secondary pilot study, we again heard feedback that the overlaid
grid was too complex, “there were so many [lines] and I only knew how to use a few
of them” (P5).

5.6 Summative Evaluation

With our insights on the benefits of static composition guidance, we wondered how
the dynamic nature of our adaptive armatures might similarly or differently influence
how participants composed and captured photos.

5.6.1 Summative Study: Static and Adaptive Lines

We recruited another 24 participants (12 male, 12 female), 22 to 32 years old (µ = 26),
for our summative user study. These participants experienced two experimental
conditions: static composition guidance and heuristic adaptive composition guidance.

Our summative study procedure mostly matched that of our formative study with
the following changes. Since we repeatedly heard that complexity of the grid and
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Formative Summative

no guidance static static adaptive
M (SD) M (SD) M (SD) M (SD)

Exploration 8.8 (2.9) *11.9 (3.3) 13.3 (4.4) **13.8 (4.4)
Expressiveness 10.9 (3.9) 11.4 (1.9) 13.0 (4.3) 13.0 (4.5)
Results Worth Effort 10.4 (2.0) *13.2 (1.7) 13.7 (4.3) **14.3 (4.0)
Immersion 10.5 (3.2) 9.3 (4.6) 9.7 (5.3) 9.3 (6.1)
Enjoyment 7.9 (3.1) *12.5 (3.1) 14.0 (5.0) **13.8 (5.2)
Collaboration 5.2 (4.5) 6.1 (4.5) 5.5 (4.6) 6.1 (4.1)
Overall 49.7 (11.0) *59.1 (10.7) 64.8 (20.1) **65.4 (20.0)

* significant improvement over no guidance using Wilcoxon signed-rank test (within subjects)
** significant improvement over no guidance using Wilcoxon-Mann-Whitney test

(only correlation as this is between two different study populations)

Table 5.1: CSI breakdown for each study (overall score: 0 to 100, individual factors:
0 to 20). Factors are ordered in order of importance based on pairwise comparisons
(orders matched for the two studies).

the sheer number of lines was overwhelming, we added a short tutorial of the app
that described interface elements and explained the proportions in the composition
grid and showed more examples that use lines other than the rule of thirds. This
was shown immediately after the composition guidelines to all participants. We also
wrote another tutorial that explained the adaptive algorithm at a high level due to the
suggestion that having a better mental model of the tool would help participants use
the tool in a more informed manner. This was shown to participants in addition to the
description of the static composition grid before the algorithmic adaptive highlighting
condition.4

Summative Study Interface

In our final tool, to further address the complexity of the composition grid, both the
static and adaptive interfaces have toggles to switch between basic (centers and rule
of thirds) and advanced modes (full armature), and to turn the lines on and off. The
static composition guidance displays the full composition grid at 0.3 opacity overlaid
on the camera view. The adaptive interface additionally dynamically highlights the
3 adaptive armature lines (2 lines in basic mode) by increasing the line stroke and

4Materials for the study can be found in the Stanford Digital Repository: https://purl.stanford.
edu/dg109bb1678 [83].

https://purl.stanford.edu/dg109bb1678
https://purl.stanford.edu/dg109bb1678
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opacity of the selected lines. The adaptive interface provides the user with a slider
control to adjust the speed of annotation updates (see Figure 5.6).

Summative Study Results

We found that users believed their photos were more well-composed when using the
adaptive composition guidelines (Mdn = 5.5, IQR = 5-6) compared to the photos taken
using the static composition guidance (Mdn = 5, IQR = 4-6) [Wilcoxon signed-rank
test V = 247.5, p = .003]. In particular, the adaptive tool helped improve self-assessed
composition of task 3 photos (static: Mdn = 4, IQR = 4-5; adaptive: Mdn = 5,
IQR = 5-6) [V = 24, p = .02], arguably the most complex task due to the scale and
number of lines naturally present in buildings. This was also reflected in participant
interviews—when asked when they would be most likely to use the tool, many (11)
specifically mentioned more complex scenes like landscapes, architecture, and with
multiple objects, etc.

While we did not see a significant difference in the CSI (or for any individual
factors) for the adaptive guidance over static guidance, qualitative feedback during
interviews suggested that it allowed for more creativity due to its encouragement
of exploration due to the generation of more ideas (15). P7 said the tool had a
“whimsical” quality that made interacting with the tool more fun—the tool “made me
more experimental, more immersed, willing to try more things,” whereas using the
static guidance was more about coming up with an idea and just achieving it. P23
described that the “bright lines help you think about specific lines, making it more
helpful than static lines because it gives you ideas.” P0 noted that using the adaptive
tool, “I noticed more perspectives that I wasn’t aware of or hadn’t thought of.” In fact,
P1 expressed usually relying too heavily on a specific type of aesthetics, and liked
that the tool “would allow me to explore more by challenging me to try putting salient
objects in other locations.” P11 noted the “diagonal lines gave you a chance to try
different angles from traditional capture—angles that traditionally might look weird,
given the perspective of the lines, instead look like a nice novel way of looking at the
scene.”

Nonetheless, a few (3) did note that the grids made them focus more on aligning
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rather than coming up with new creative ideas. Photos from the study (Figure 5.8)
show that with both static and adaptive guidance, participants were often inclined to
find an alignment between the image and the grid lines. However, in some cases the
image was not served by the specific composition grid and they disregarded it.

We did not see a significant difference in the participants’ confidence in composing
images, but again we saw support in our interviews. The tool provided “validation, while
helping reduce small motor changes” (P1), served as good “secondhand confirmation
that their photo is actually nice” (P5), and “reinforced notions that I already had about
composition” (P14). P6 felt like the tool was “guiding me,” making the capture of
well-composed images less stressful.

Comparing No Guidance and Adaptive Lines

Our summative study did not directly compare no guidance and adaptive lines. Thus
results here compare our adaptive interface results from the summative study to the
no guidance results from our formative study—it is to be noted that these results can
only suggest correlation as we are comparing between different populations, neither
of which saw both conditions. Here we found similar results to static composition
guidance versus no guidance from our formative study.

The adaptive guidance increased participants’ confidence in their ability to take
well-composed photos (no guidance: Mdn = 3.5, IQR = 2.75-4; adaptive: Mdn = 6,
IQR = 5-6) [Wilcoxon-Mann-Whitney W = 26.5, p < .001]. Compared to no guidance,
adaptive guidance also had higher CSI with the same creativity factors significantly
improving as well: Exploration, Results Worth Effort, and Enjoyment (see Table 5.1).

User Scenarios

We found some common ways in which our participants used the static and adaptive
guidance.5 Here, we walk through two user scenarios that detail some of these
behaviors:

5Videos of specific examples from the studies can be found in the Stanford Digital Repository:
https://purl.stanford.edu/dg109bb1678 [83].

https://purl.stanford.edu/dg109bb1678
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While traveling, a user wants to capture an artistic photo of a unique
landmark. She pulls up the tool on her camera and scans the space looking
for interesting compositions.

Static Guidance. The user checks all grid lines as she scans the space.
She eventually notices two vertical thirds lines nicely aligning with parts
of the structure and decides to try out this idea. She slightly adjusts the
camera to place a foreground object at the bottom right thirds intersection
point. She shifts the camera horizontally/vertically, placing the object at
different intersection points to test out a few compositions. She picks one,
refines the alignment of the verticals, and takes a photo. She has captured
this idea and continues scanning the space looking for different ideas.

Adaptive Guidance. The user follows the highlighted grid lines as she
scans the space. Two vertical thirds lines light up, nicely aligning with
parts of the structure and she decides she wants to try out this idea. As
she adjusts the camera to place a foreground object at the bottom right
thirds intersection point, she notices a different line highlight. After taking
a photo capturing her current idea, she decides to try aligning to this newly
highlighted line, and takes another photo. Again, a new line highlights,
drawing her attention to a new alignment with the structure that she had
not previously considered, giving her yet another idea.

We saw that overlaying a composition grid allowed participants to more easily explore a
range of composition ideas because it turned the abstract concept of coming up with a
new “composition” into a more concrete task of selecting elements in the scene to align
(or ultimately misalign). We further saw that unexpected highlights helped focus the
participants’ attention on potential new composition ideas to explore. Figure 5.9 shows
examples of how specific grid lines (highlighted or not) gave participants composition
ideas to try. For Figure 5.9a, P16 mentioned the highlight actually inspired her to try
out a composition idea that she otherwise would not have thought of: “I want the side
of the bench to align with the diagonal that was highlighted. I actually didn’t see it fit
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Figure 5.9: Example frames of participants using alignment to the composition
grid to explore a range of compositions. Left to right: (a) This participant places
the structure in the bottom right triangle after seeing the middle diagonal highlight.
(b) This participant tests several ways of aligning lines in the building structure
(window/edge) with the composition grid lines. (c) This participant switches back
and forth between aligning the bench with the two diagonals.

into this corner until the line on the screen showed up.”
While unexpected highlights were useful for exploring, we saw that expected

highlights helped boost participants’ confidence in their current composition. We
saw several participants note that they were happy with their compositions because
the adaptive armature matched their expectations: “Ok I see the lines that I want
lighting up, so this looks good.” (P14) and “Oh yea, it’s really nice because the lines go
through the Bulbasaur” (P22). These quotes further confirm that novices are indeed
able to interpret the adaptive armature representations and use them to understand
composition, as they were beginning to predict the expected behavior of the algorithm
based on their composition choices.

5.7 Limitations and Future Work

While our adaptive armatures provided much promise for helping users explore com-
positions, here we describe some interesting directions for future work to further build
on this method of dynamically highlighting composition.

5.7.1 Heuristic Algorithm

So far we have built our system around the idea of composition guidance solely based
on salient regions. As the end goal of composition is to achieve some sort of visual
balance (or lack of), it would be interesting to take into account additional high-level
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cues [154]. We explored the use of edge detection in our algorithm, but this didn’t
improve our consistency and made understanding the result more difficult. Thus, we
chose to go with a simpler mental model for participants so as to better study the
interaction in this initial implementation. As we did observe participants aligning
to edges in many cases, we would be interested in further pursuing this direction in
future iterations.

5.7.2 Interface Customization

Participants expressed interest in having more control over the set of composition grid
lines. For example, some mentioned wanting to reflect personal stylistic preferences,
while others mentioned setting a specific template overlay to constrain or match a
given composition. This is a feature that would be straightforward to integrate via
interactive selection of lines, or automatic extraction of templates from images using
our current heuristics. These suggestions reinforce the usefulness of this mental model
and the engagement it creates as an interactive tool.

5.7.3 Additional Applications

Apart from in-camera guidance, we believe our adaptive composition lines could be
useful for interactive cropping tools. Likewise, appropriate saliency models [51] coupled
with other grid systems [213] could provide a similar experience in graphic design
tools. Other domains we are interested in include composition-based image retrieval,
and other perceptually meaningful analyses of images.

5.8 Chapter Summary

Composition is an important aspect of photography. The use of composition grids is
common for teaching composition. Many cameras also provide support for overlaying
a range of composition grids. However, there is little support for whether composition
grids are a mental model that can easily be grasped and leveraged by novices. We found
that novices were relatively consistent in annotating how they perceived composition
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with respect to such grids. We also found that having such guidance on a camera can
help users feel more confident and creative.

We explored composition guidance by creating a new kind of photographic com-
position guidance around our idea of adaptive armatures. We found that adaptive
armatures support users both in exploring new composition ideas as well as in refining
composition at capture time, aiding them in producing photos that they believe are
better composed.

5.8.1 Design Goals

We close this chapter with a summary of how the design of this interface fits within
our design goals (Section 3.4).

Context-Aware

When photographers describe composition, it is often with regards to relative placement
of objects of strong visual attention in the image. This closely aligns with the definition
of saliency, and we therefore use a gaze-based saliency to capture the relevant context
of the image. Through our adaptive armatures, we aim to reflect the composition of
the current camera image through highlights in the composition grid.

Encourage Exploration

By showing grid lines, we hoped that users could more easily think about possible
composition options, and that the highlights especially, might help them understand
their current composition or consider new composition options, while still attending
to other aspects of the photo. These high-level grid representations made it easier to
explore the space of possible compositions and also highlighted new composition ideas
for participants to try [271].

Maintain Flexibility

Finally, the highlights are meant to represent the user’s current composition choices,
rather than impose a new composition. Users have flexibility in how they respond; they
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can choose to better align to highlighted lines, align with different lines, or intentionally
misalign elements relative to the grid. However, by choosing the harmonic armature
as the underlying grid, we were hoping to be able to support alignment to a wider
range of compositions.



Chapter 6

Declutter

For decluttering, the important context to consider is what will draw the viewers’
attention. Exploring how to declutter an image involves considering how elements of the
image contribute to the overall story, and what might focus or distract. Creators should
have the flexibility to decide how they want to present the story. As demonstrated
in our walkthrough (see Figure 6.1), changes made to address unwanted clutter can
also often influence composition (and vice versa). The photographer still wants to use
the rule of thirds, but upon noticing the distracting clutter, switches to placing the
subject at the top right thirds to remove the clutter from view.

Figure 6.1: Here we see photos from our walkthrough (Figure 1.2) from before and
after the photographer considered composition. In the middle we show a mockup

of what the photographer might see upon launching our tool. The decluttering tool
further emphasizes the orange bag as well as highlights the edge of the wall on the
right border of the image, encouraging the photographer to recompose the image to
remove this clutter.

107
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6.1 Introduction

Photographers employ a wide range of visual techniques to communicate their
intended story or narrative to a viewer [36,41,151,234]. The “story” in this sense of the
word is often very open. It’s more about capturing a moment or invoking an emotion,
perhaps a sense of tension or inspiration—in general, it is just about capturing what
caught the photographer’s eye, e.g., a subject performing an action in their current
environment. In fact, it is desirable for the photo to leave a gap in the narrative such
that aspects are left up to the viewer’s imagination. Two important factors to telling a
clear story are picking a strong subject, and keeping visual distractions to a minimum.

Amateurs frequently make the mistake of taking too few photos in the moment,
relying on editing to improve their photos. However, changes that can be made
at the editing stages are limited, and often many mistakes cannot be fixed at all
without returning to the photo location. Having unwanted background clutter is one
such mistake that can be harder to fix without more significant changes, and can be
particularly frustrating as they distract from the main focus of the image. While still
in the scene, the photographer has many more options to reframe the image to clarify
the subject and remove distractors, helping to improve these images and better direct
viewers’ eyes.

Experienced photographers tend to capture many photos of a given scene: they
know how to consider different options, e.g., composition, lighting, or pose, and
recognize the challenges of not having the option to physically move the camera or
elements in the image upon editing. We see similarities in this photographic process
and the design process—photographers are essentially iterating on their design (or
image) in the camera as they consider these different aspects of photography and
storytelling.

Designers have long known the benefits of quickly testing many ideas. Bill Buxton
describes the benefits of ideating through sketching due to its flexibility “enabl[ing]

Much of the material of this chapter is from the unpublished manuscript, “Dynamic Guidance

for Decluttering Photographic Compositions.” by Jane L. E, Kevin Y. Zhai, Jose Echevarria, Ohad
Fried, Pat Hanrahan & James A. Landay.
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ideas to be explored quickly and cheaply” [49]. Designers use sketching to externalize
ideas that are still vague in their minds. In doing so, they can spot potential
unexpected issues and refine or be spurred to explore new ideas based on these
observations [173, 271]. Similarly while taking photos, it is cheap to iterate and
generate more “prototypes” or photos in the moment. The photographer can test out
ideas just by moving the camera around in space, or by taking photos and immediately
reviewing them, and similarly notice any issues like unexpected clutter. Upon leaving
the location, these photos become “high fidelity prototypes”—the photographer is
more committed to these photos as potential changes are limited and more expensive.

One significant difference between sketching ideas and trying them out in the
camera is this level of fidelity. At any point in time, a photo has complete detail.
Depth of field can enable some blurring of the background, but each pixel of the
image is pigmented, every object in the frame is captured. A sketch on the other
hand is a selective representation, an abstracted view of the idea or concept being
explored. Removing these low-level details allow the designer to more quickly explore
a broad range of high-level concepts. Specifically in photography, it can be easy
for a photographer to be too focused on the primary subject of a photo and miss
objects immediately surrounding it in the background. Abstracting the image can
help them view the image as a whole rather than focus on perfecting the subject’s
pose or expression.

We are interested in designing camera interfaces that can encourage users to
incorporate these exploratory stages of the design process into their photographic
process. In particular, we wondered how we might be able to bring some of these
benefits of sketching to photography to promote this behavior of intentional exploration,
and if that might help users notice unexpected mistakes, such as unwanted clutter in
their photos. We describe our process towards designing an abstracted annotation of a
photo and study how that influences how users address capturing decluttered photos.

Specifically in this chapter, we present:

• our design process for determining what an abstraction overlay for decluttering
might look like,



110 CHAPTER 6. DECLUTTER

• an algorithm for visually annotating potential clutter by highlighting relevant
edges around salient objects and around the image border,

• an interactive in-camera app that shows this edge highlighting overlay to
users as decluttering guidance, and

• a user evaluation comparing this overlay to a grayscale overlay, a baseline
method that many photographers currently employ for decluttering photos. The
evaluation shows that the tool was helpful for making users more confident in
their ability to take a clear and uncluttered photo.

6.2 Related Work

For an in-depth discussion of related work on capture-time guidance, see Chapter 2.
Here we focus on work specific to decluttering and abstraction. Specifically, we
contextualize our work of designing an abstraction-based camera overlay within the
most relevant work in image manipulation and camera guidance.

6.2.1 Image Abstraction and Simplification

Graphics researchers have taken a non-photorealistic rendering lens on designing
algorithms to create stylized image abstractions [77,155,303]. Many have taken the
approach of trying to realize them as approximate image illustrations with strokes and
colored regions, employing a number of edge detection algorithms for extracting lines
for the strokes [31,53], and smoothing filters or superpixel algorithms for quantizing
the color [1,93,278]. DeCarlo and Santella consider visual perception through tracking
eye movement to determine a structural hierarchy of the image for understanding the
importance of different lines in the simplification process [77].

The goal of this line of work tends to be to serve one of two purposes, generating
an artistic result, or reducing data for visual communication [155]. Both are useful for
our goal of designing visual overlays that are friendly for users to process interactively.
Additionally, while these methods focus on generating output from existing media,
Winnemöller et al.’s method performs at interactive speeds and produces temporal
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results, making it appropriate for interactive use on a live camera feed [303].

6.2.2 Image Decluttering

Image processing methods also enable removing clutter using a variety of post-
processing techniques. A photographer can choose to drag a slider to incrementally
remove automatically detected distractors [100], or select a region with clutter to be
automatically filled based on the surrounding content [19]. A photographer can also
choose to segment out the foreground of a portrait to place it on a dramatic black or
custom backdrop [251], a feature also available directly in-camera on some commercial
phones (i.e., “Stage Light” in iPhone’s Portrait mode). Nonetheless, these methods
aren’t intended to train the user to be more aware of background clutter while they
are taking photos. Additionally, they all suffer from potentially jarring artifacts since
they rely on pixel manipulation rather than adjusting the real physical objects in the
image.

6.2.3 Capture-time Guidance

As discussed in Chapter 2, a range of contextual in-camera guidance exists both
in research and in commercial cameras. Here I will describe a visualization feature
that is most relevant to our concept of abstracting the image for the purposes of
decluttering. Focus peaking helps users assess the quality of their image by helping
them determine if their intended focal region is indeed in focus [7,266]. Specifically, it
does this by highlighting edges that are in focus in a bright color, which it determines
by finding areas of high contrast. This type of feature is mostly reserved for cameras
with physically interchangeable lenses rather than point-and-shoots or phone cameras.
This is because the purpose of this visualization is to help quickly refine the focus
especially when using lenses with a shallow depth of field, resulting in a very narrow
area of focus [7]. Rather than providing assistance to improve accuracy and refinement,
we are interested in understanding how similar overlays can be used for promoting
creative exploration and understanding of how to apply higher level photography
principles.
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6.3 Abstraction Design Process

In this section, we describe the steps we took to design our abstraction interface for
decluttering images. Initially we hypothesized that abstracting an image could help
evenly spread the photographer’s attention across the image, effectively drawing the
photographer’s attention away from the details of the main subject to other areas of
the image.

Through our design process, we aimed to answer two questions: (1) will an
abstracted visualization be effective in encouraging the user to see parts of the image
outside of the main subject? If so, how does this make them change how they capture
the scene? and (2) what is the right visualization to use for a photo “abstraction” to
best invoke this type of awareness?

6.3.1 Wizard-of-Oz Prototype

To test out the concept of abstraction guidance, we started with a low-fidelity Wizard-
of-Oz (WoZ) prototype where experimenters manually drew abstraction overlays.
These abstraction overlays took shape as rough outlines of the objects in the scene,
mostly approximated by basic 2D geometric primitives (see Figure 6.2 for a few
examples).

We informally tested our low-fidelity prototype with 19 participants. Two experi-
menters were involved in the prototype testing, and when possible, both were present.
We ran the study using the iPhone’s default Camera and Photos apps. Participants
were asked to stage a scene of a person (for convenience, this was often one of the
experimenters) interacting with an object of their choice, in order to have a more
direct concept of “story” in the photos. We then handed them the phone to frame and
take a photo of the scene. After capturing a first photo, one of the two experimenters
drew the abstraction in dry erase marker(s) on a transparency and taped it to the
phone. The experimenter would return the phone and ask the participant to review
the photo with the overlay. The participant would then be given an opportunity to
take a new photo of the scene or stick with their current one. We would then apply a
new transparency and draw the corresponding abstraction overlay for the new photo
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Figure 6.2: Two pairs of photos (top) from two participants from our WoZ prototype:
the initial photo and the final photo upon seeing the photo with the transparency
overlay (below). Left to right: (a) The participant notices the clutter on the book-
shelves, and rotates the camera and changes perspective to focus attention more on
the action of the subject entering the office. (b) The participant notices the clutter
on the tables and wall in the background, and tilts the camera angle down to focus
attention on the action of the subject writing on the paper.

for the participant to review. While we didn’t ask if they wanted to take another
photo after this review step, occasionally (6) participants would ask if they could take
a third photo and we would repeat the process above, presenting them with a third
overlay. Participation was voluntary and no compensation was given.

Prototype Insights

From our WoZ prototype studies, we saw promising signs that the participants noticed
high level changes to make to their photograph. It particular, it showed promise as
assistance for decluttering. In all but one case, participants noticed clutter in the
background upon seeing their photo with the abstracted overlay. In the one case where
the participant did not make adjustments to address clutter, a whiteboard mostly
filled up the background of the image, and was involved in the action in the image
and therefore did not contribute to cluttering the image, but instead helped tell the
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intended story.

Participants tended to either adjust the camera position/angle (17) such that the
clutter was no longer in frame, or move the clutter (3) out of the scene (or a mix of
both). Figure 6.2 shows two such examples. In both cases, in removing clutter, the
participant is also more intentional about framing the elements that are key to the
story aspects of the image.

Moving the camera instead of the objects in the scene was often more practical
because the objects could not be moved. Participants came up with a range of tactics
for adjusting the camera to address clutter. In one situation the participant positioned
the subject’s head to block the unwanted clutter. Several (5) even discovered that
zooming in by moving closer to the subject allows them to more easily remove/block
clutter and focus on the subject, a technique often taught in photography resources.
In doing so, participants additionally changed the overall compositions of the images.
In a few cases, they chose to change orientation from portrait to landscape (6) to
achieve a decluttered composition that they preferred. One participant noted that the
first overlay made her realize that she hadn’t achieved the composition she intended
to because she was focused on other aspects of staging the scene. This initial photo
featured the subject standing at the center of a portrait photo, soda in hand. In her
second photo, she focused on capturing the intended composition, shifting the camera
to the left to frame a less centered composition. Upon reviewing this second image
and overlay, she again reconsidered this intended composition and rotated the camera
to landscape to further emphasize the off-centeredness of the composition.

Note that while these participants’ behaviors matched what we hoped for, there
were limitations to our study design such that they cannot be directly mapped to how
a user might respond to seeing this style of overlay interactively in the camera. The
user takes a photo before seeing the overlay, and the process of reviewing (with or
without) the overlay can influence the photographic process. To test the interactive
experience, we needed to find a way to automatically generate these overlays.
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6.3.2 Visualization Designs

Given the observations from our low-fidelity prototype, we were motivated to continue
with this concept and move onto the step of answering the second question: What is an
“abstraction” of a photo? What should such a visualization look like, and how might
we implement them? In particular, we saw that the abstraction overlay seemed most
helpful for the purposes of noticing unwanted clutter in an image, so we decided that
we would target designing an abstraction overlay that provides decluttering guidance.

Decluttering Principles

To answer our questions on how to design an abstraction overlay for decluttering,
we first wanted to understand how photographers think about directing the viewer’s
attention for effective storytelling [41,110,244].

Contrast is key to directing attention [110]. Our eyes are drawn to regions of high
contrast. For the most contrast, the photographer should place light objects on a
dark background, or dark objects on a light background. It is good practice to have
this contrast around the subject as it will help make the subject distinct from the
background. The contrast will clarify the story and declutter the overall image. In this
chapter, we will refer to this as subject-background separation (SBS). In art, this
is more commonly referred to as the figure-ground relationship, a Gestalt Psychology
principle [110]. We use subject-background separation in our work to make it easier
to relate the concept to more familiar terms.

On the other hand, contrast in other regions especially the border of the image,
will distract, causing the eye to be attracted away from the focal subject. In particular,
contrast near the border of the image can draw the viewer’s attention outwards rather
than within the image—we call this image border flicker (IBF) [110]. Again, this
is better known as edge flicker, but we chose to specify “image border” to differentiate
it from the term “edge,” as “edge” is often used in computer science with regards to
edge detection and identifying segments of sharp discontinuities [31,53].

Given these principles, we wondered what annotation methods photographers
currently used for highlighting clutter. Photographers recommend a number of
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Figure 6.3: A few methods employed by photographers for highlighting contrast as
applied on this painting by Emily Friant (left). Left to right: Original painting; A
blurred and higher contrast version of the image, a representation of what it might look
like to squint at the image; A grayscale version to focus on contrast without aspects
of color; Glover’s outline annotation such that areas where the contrast is possibly
too low between the subject and background are shown as gaps [110]. Painting by
Emily Friant.

methods to be able to more easily see the contrast in an image (see Figure 6.3). These
range from squinting at the image to better focus on the contrast with low-level details
blurred, to viewing the image in grayscale to better focus on contrast in the absence
of color, to explicitly outlining boundaries along which there is clear contrast between
the subject and background [41,110,244].

Figure 6.4 shows two examples of images that do not satisfy the decluttering
principles, along with approximations of Glover’s suggested outlining to emphasize
contrast around the subject [110]. We note that while this overlay is helpful for
identifying potential issues along the subject-background boundary, it does not help
to draw any attention towards potential clutter to address along image borders.

6.3.3 Abstraction Visualization Options

Inspired by this idea of using outlines to highlight contrast and the lack of contrast, we
hoped to recreate this outlining as an overlay directly in the camera, also extending it
to contrast along the image borders (see Figure 6.4). We looked at different approaches
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Figure 6.4: Two sets of example images addressing the two decluttering principles.
For each set, we show the original photo that has poor SBS (left) or distracting
IBF (right), the outlined original with the subject outlined where there is good
contrast with the background, and an updated photo where the decluttering principle
is addressed. On the left, the texture and color of the origami swan blends in with
the blinds in the background, creating unclear SBS in the original photo. However,
against the darker backdrop in the updated photo, the outline of the subject becomes
much clearer. On the right, the bottle and dark corner of the chair against the light
wall along the left border of the original photo cause distracting IBF. Adjusting the
camera angle removes the distractors from frame in the updated photo, and even
improves the SBS.

to executing on this concept as one potential direction to pursue for our abstraction
overlay. This concept leads us to two components: a method of line drawing to
determine the potential outline, and a method for considering location context relative
to the subject/image frame to determine which lines in the image are relevant to the
decluttering principles (e.g., if they are along the subject-background boundary, along
the image border, or neither).

We additionally were inspired by a line of research in non-photorealistic rendering
to generate stylized image abstractions [77, 155, 303]. Specifically, since we knew
our goal would be to display the overlay interactively in the camera, we focused
on Winnemöller et al.’s real-time and temporally coherent implementation of image
abstraction. These papers break down the abstraction process into two components
as well: a method of color flattening to smooth out detailed regions, and a method of
line drawing.

Combining components from these two abstraction ideas, we have three compo-
nents in total to consider: line drawing, location context, and color flattening. We
additionally give ourselves line color (for the purposes of color-coding lines based on
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Figure 6.5: Overlay options as presented to design survey participants for videos.
Alongside the video with the set of overlays, we showed still frames of the beginning,
middle, and end of the video with the same overlays. This video clip aims to show an
example of someone noticing clutter in the background (balloons and bike in the top
image) and choosing a new background for the photo. In the middle row, there is a
highlight on the right from the light that is removed for the final image on the bottom.

their location context), and image darkening (to provide more contrast against the
line drawings) as parameters to consider in designing abstraction overlays.

Adjusting these parameters, we designed a range of potential overlay proposals,
and narrowed it down to the 6 in Figure 6.5 to study further:

(a) color flattening + line drawing (in black)

(b) color flattening

(c) line drawing (in white)



6.3. ABSTRACTION DESIGN PROCESS 119

(d) darkened image + line drawing (color-coded: yellow is subject, white is
background, cyan is image border)

(e) d without lines within subject

(f) e with white lines removed

Note: overlay (a) features the full image abstraction from Winnemöller et al. and (b)
is just the color flattening (or region smoothing) component.

Design Survey

We ran a Qualtrics survey with 29 participants to try to understand if these overlay
visualizations were interpretable by novice photographers, and if there were strong
preferences between the overlay options.

The survey consisted of 12 pieces of visual media (8 photos, 4 videos) shown with
the set of different abstractions overlaid. For a single photo, participants would see a
row of images, first the original photo and then the 6 overlays. For a video, participants
would see a concatenated video including the original video side-by-side with the set
of overlays. The video would automatically loop, but participants also had controls
to pause and play. Along with the videos would be 3 rows of still frames from the
video to allow participants to compare the overlays across a few frames. We chose to
also include a few videos to show the process of making adjustments while framing a
photo, to mimic how the overlay might appear if being used in the camera. Figure 6.5
shows a set of these overlays for a video as they were presented in the survey.

Participants were presented with a small amount of training describing the two
decluttering principles (see Section 6.3.2). They are also informed of our overall goal—
to determine which overlay is best for recognizing the two decluttering guidelines. For
each of the 12 photos/videos, participants were asked:

• Which overlay helps you to best determine if the image has good subject-

background separation? (If you don’t have a preference between a few
similar overlays, feel free to pick up to 3)

• Which overlay helps you to best determine if the image has good image border

flicker? (If you don’t have a preference between a few similar overlays, feel free
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overlay SBS IBF total (weighted total) % (weighted %)
a 83 29 112 (69.5) 10.4% (10.0%)
b 100 38 138 (102.5) 12.8% (14.7%)
c 112 59 171 (116.0) 15.9% (16.7%)
d 87 142 229 (137.2) 21.3% (19.7%)
e 64 155 219 (124.7) 20.4% (17.9%)
f 73 134 207 (147.2) 19.2% (21.1%)

overall 519 557 1076 (696) 100% (100%)

Table 6.1: Breakdown of design survey results: count for SBS, IBF, and total per
overlay and overall. Since participants were allowed to pick up to 3 overlay choices
per question, the weighted totals are computed by dividing a vote for an overlay by
the total number of choices selected for that question.

to pick up to 3)

• (Optional) You will be asked to explain your preferences at the end of the survey,
but feel free to explain any specific thoughts you have based on this image/video
here.

Finally at the end of the survey, we asked participants to summarize their choices:
“Please provide a brief explanation for your choices—why did you find these overlays
most helpful? Are there specific characteristics of the overlays that you like (e.g.,
line drawing, color flattening, image darkening, or color)?” We hoped to gain some
understanding of whether or not they had a general feeling of which overlays were
helpful (maybe for different scenarios and considerations), and why. Participation was
voluntary and no compensation was given.1

Design Survey Insights

Table 6.1 presents the results from our design survey. The results do not show a
clear-cut “best” overlay design. However, overall (d)–(f) were more popular at 21.3%,
20.4%, and 19.2% of total overlay selections made, respectively. These each had the
darkened image with selective color-coded line drawing based on their location context
in the image. Counts show that the participants found (d)–(f) especially helpful for

1Materials for the study can be found in the Stanford Digital Repository: https://purl.stanford.
edu/dg109bb1678 [83].

https://purl.stanford.edu/dg109bb1678
https://purl.stanford.edu/dg109bb1678
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identifying IBF, whereas (a)–(c) were overall more helpful for identifying SBS.

Both of these conclusions were also supported by the qualitative feedback from par-
ticipants’ general impressions. Participants were quite thorough in their explanations
of their interpretations of the components of these proposed overlays. One participant
very clearly summarized the potential reasoning for this: “if the most important thing
for subject background separation is the contrast, then the overlays should try to mute
lines as much as possible. If the subject is still well separated, then you know you have
the contrast. For edge flicker, it almost seems like the opposite. If there’s no contrast,
then your eye doesn’t notice objects on the border. So if an overlay draws outlines of
those objects or lights them up, then they’re easier to notice” (P10).

Overall, almost all (23) participants expressed interest in some form of line drawing.
Participants noted that the edges helped to define objects (18) and that they were
helpful for noticing edges around the image border (5), supporting the observation
shown by the overall counts on (d)–(f) being more useful for addressing IBF. Therefore
we decided line drawing had to be part of our final overlay design. Additionally, some
are already somewhat familiar with selective outlining of edges from focus peaking
features in commercial cameras, which selectively highlight edges in the image that
are in focus [7, 266].

Many (10) participants also mentioned that the darkening of the image was
particularly helpful for seeing the lines due to the contrast, but with the caveat that it
made the original image harder to see. Participants (4) mentioned that color-coding
was helpful, particularly accentuated in videos (P29). However, they also noted that
outlining everything can be noisy (9), and especially did not want too many lines
within the subject (6).

Further discussing the latter observation that (a)–(c) were more helpful for SBS,
several (8) participants specifically noted that the color flattening was helpful for
noticing SBS. They mentioned the smoothing of colors being helpful “because it
essentially simplifies the image and makes it easier to analyze the major color contrasts”
(P27) and noting that it helped in being able to “dissociate the images from what I
expect to see into what the colors actually are” (P24). However, a few (3) noted that
this flattening caused blurring that made the subject unclear. Both color flattening
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and image darkening made the image less clear, so we wanted our final overlay to
only have one of these components. Since many participants specifically noted that
the darkening was crucial for benefiting from the line drawing, we chose the image
darkening component over color flattening for our abstraction overlay implementation.

Given the qualitative feedback, (f) appeared to be the best candidate for our
overlay—it included the color-coded line drawings to help define the subject and
possible distractors along the borders, while being less noisy than showing all outlines.
However, since (d) was the most popular based on overall counts, we decided to go
with a hybrid approach for our final abstraction overlay, enabling participants to
switch back and forth between showing all lines including those within the subject and
background for additional context and hiding these extra lines for minimal distraction.

6.4 Implementation

Results of both steps of our design prototyping process made us hopeful of the
potential of an abstraction-based overlay. However, we had yet to try these overlays
in an interactive manner. To do so, we needed an implementation that would run
interactively on a phone. In this section, I describe our final interface along with the
implementation and algorithm that I implemented to enable it.

6.4.1 Interaction

Based on our learnings from the design survey (Section 6.3.3), we chose to go with
a design inspired by a combination of overlay options (d) and (f). Thus, our final
abstraction overlay is a context-aware line drawing.

To implement this, our final camera tool has 3 layers: the camera view, a black
layer of varying degrees of opacity, and the outlines layer. As shown in Figure 6.6,
by default the black layer is opaque (opacity is 1.0) and outlines are color-coded and
dependent on their location context, meaning only the edges most relevant to our
two decluttering principles (Section 6.3.2), subject-background separation and image
border flicker, are visible. As a reminder, the lines are color-coded such that lines
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Figure 6.6: Here we show a few states of the decluttering visualization on the phone.
Left to right: The default visualization shows the edges around the detected subject
border as well as around the image border over an opaque black background. The
user can choose to reduce the opacity of the background (here the user adjusts the
opacity from 1.0 to 0.4) to show some of the camera view. The user can also toggle
on all edges to see edges within the subject and background as well. Finally, the
user can either use the bottom toggle or touch anywhere on the screen to hide the

visualization completely.

within and immediately around the subject are yellow, lines along the image border
are cyan, and remaining lines in the background are white.

Lines are color-coded to help users more easily interpret the edges. A solid and
defined yellow outline of the subject would mean that there is likely good SBS. Gaps
along this edge might signal a lack of contrast—this could mean that the subject is
blending into the background, or there are objects directly around the subject that are
interfering with the clarity of the subject border. The presence of many cyan edges
suggests there might be noise and clutter near the image border that could also take
attention away from the subject. The additional white lines help to complement either
yellow or cyan lines. These are especially helpful if the main subject is incorrectly
identified by the saliency algorithm.

In the default state, the app shows the yellow edges around just the subject and
cyan edges around the image borders over the solid black background. The user can
adjust the slider at the top to adjust the opacity of the black layer, bringing in more
or less of the image color. They can use the toggle to bring in the remaining edges
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in the subject and background. They can also turn off the visualization by holding
a finger down anywhere on the screen or using the toggle at the bottom right. We
found in the composition study (see Section 5.5) that even though we provided such a
toggle, people rarely used it to turn the visualization completely off. We therefore
added the ability to more easily switch back and forth between showing and hiding
the visualization by touching anywhere on the screen.

We choose the most abstracted form of the overlay (solid black, minimal edges)
as the default as we imagine users starting in a more exploratory stage. As the user
refines the image, they can reduce the opacity or bring in more edges to draw attention
to lower level details.

6.4.2 Mobile Implementation

We built our overlay tool as a modification on top of the iOS app that we implemented
for the composition project (see Section 5.4.2). We maintained the same base app—a
basic camera app with just a camera shutter button and no other functionality to
allow participants to focus solely on creating decluttered compositions during the user
study. To generate the overlays, the edge detections (for line drawings) and saliency
maps (for determining location context) of the current camera image are continuously
computed in the background.2 This app requires iOS 13.0 or higher.

6.4.3 Context-Aware Line Drawing Algorithm

Figure 6.7 walks through our algorithm for generating our abstraction overlay. Given
an image, our tool detects edges throughout the image for the line drawing [14].
However, we want to be able to determine the relevant context in order to focus on
edges related to SBS and IBF. In particular, we need to identify a border around
the subject. We realized we could estimate the image subjects using object-based
saliency maps [15]. We used both algorithms off the shelf. For determining appropriate
parameters for the edge detection [14], we iteratively tested parameters to achieve a

2Video demonstration of the tool can be found in the Stanford Digital Repository: https:
//purl.stanford.edu/dg109bb1678 [83].

https://purl.stanford.edu/dg109bb1678
https://purl.stanford.edu/dg109bb1678
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Figure 6.7: The breakdown of components of our abstraction overlay algorithm. On
the left we have the original image. Next, we show results of computing the edges

for the overall line drawing, and the object-based saliency map for location context.
The next set of images are the intermediates for generating the overlay. On the top,
we have the masks based on location context, and on the bottom, the edges masked
and color-coded appropriately based on the context: yellow for subject and subject

border, cyan for image border, and white for background. At the far right we
have the two versions of the final abstraction overlay: showing the subset of edges
relevant to SBS and IBF, and then showing the full color-coded line drawing.

balance between having enough definition in the edges and having too much noise.
These are different from those we used for composition (as described in Section 5.4.2)
as they try to identify entire objects rather than general regions of visual attention.

Given this saliency map, we segment the image into regions describing the subject,
subject border, image border, and remaining background. These segmentations are
used to classify and color code the edges: yellow designates edges within and around
the subject, cyan for edges around the image border, and white for the remaining
background edges. We merge these to form two edge-based overlays: one showing all
edges color-coded, and the other only showing the relevant edges around the subject
and image borders.
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Figure 6.8: Participants were asked to choose their own subjects for each task. Here
are a few example participant photos at each task scale: (1) small, (2) medium,
and (3) large.

6.5 User Evaluation

We wanted to study how users would react to our abstraction guidance tool. We
conducted a small formative pilot study to inform our summative user study design.
In particular, in running our pilot, we also wanted to understand if a no guidance
interface was a reasonable baseline to compare our tool against. Participants for both
the pilot and larger summative study were compensated $15 for their time.

6.5.1 Study Procedure

Due to the COVID-19 pandemic, we had to run our studies remotely. From our
composition study (see Section 5.5), we liked how the difference in scale resulted in a
range of complexity while composing. To modify this task design to work for remote
studies, we decided to keep the structure of having 3 tasks per condition at different
scales (small, medium, and large), but instead of specifying the subjects, we asked that
participants choose their own subjects to photograph. Thus, similar to the summative
user study for the composition guidance, participants completed 6 photo tasks: 3 at
each of 2 locations of their choosing, using the baseline condition at one location and
the abstraction guidance at the second. Figure 6.8 shows a few example images to
demonstrate the scale of images chosen by the participants. Since the locations were
all different, here we just counterbalanced condition to avoid biases from learning
effects.
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We ran these user studies over Zoom, asking the participant to adjust the webcam
when possible to keep their photographing within view. Additionally to prep for the
study, we confirmed beforehand that the participant had a phone running iOS 13 or
higher (or found a way to drop off a device in a socially distant manner outdoors).
We distributed the app using TestFlight. After getting the participant’s consent,
we started by walking through having them install TestFlight and subsequently our
guidance tool. As additional preparation, we also stepped through using the iPhone
screen recording functionality with the microphone to ensure sound was also captured
as we asked participants to think aloud as they captured photos for each task.

Participants were provided with a document describing the two decluttering
principles (see Section 6.3.2 as training for how to think about decluttering their photo
compositions). They were told that following these guidelines would be helpful in
telling a clear story in their photos, but also that these guidelines are just to provide
some possible perspectives to consider and that participants are by no means required
to follow them (e.g., if communicating their story involved intentionally having the
subject blend into the background they should do so). After reading the document, we
asked that the participants briefly describe the principles in their own words to confirm
understanding. For each photo task, we asked participants to focus on the overall
clarity of the story. We encouraged them to explore the process of framing the image,
but to limit each task to around 1-2 minutes. We quickly walked all participants
through the basic (no guidance) camera app. If they were using the tool condition
first, they were additionally provided with a brief tutorial describing the overlay.

After each condition, participants were asked to complete surveys with a number of
Likert questions (on a 7-point scale) about their experience using the tool along with
the Creativity Support Index (CSI) questions (0 to 100) [63]. Following both conditions,
they were asked to favorite a single photo per task (for a total of 6), and asked to rate
these based on each of the two decluttering principles as well as whether or not they
liked the photo in general. We ended the study with open-ended interviews asking
about what they liked/disliked about the tool and how the interaction influenced their
thought process as they took photos. Again these aspects of the study matched that
of the composition study, with questions adapted to highlight decluttering principles
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rather than composition.3

6.5.2 Pilot Study

We ran a pilot study (n = 5) to test this study design in a remote setting. Participants
(3 male, 2 female) were 23 to 31 years old (µ = 29). For these pilots, we compared our
tool to a no guidance baseline condition.

Pilot Study Results

We found that overall, this study design worked reasonably well in the Zoom envi-
ronment. However, even with just 5 participants we were seeing significant results
suggesting that our tool was preferable to no guidance for these photo tasks. In terms
of the tools influence on the process, participants felt more confident in their ability
to capture a clear photo using the abstraction overlay (Mdn = 5, IQR = 5-6), versus
no guidance (Mdn = 4, IQR = 4-4) [Wilcoxon signed-rank test V = 0, p < .05].

When evaluating their favorited photos per task, participants did believe that the
photos captured using our tool had better subject-background separation (Mdn = 6,
IQR = 4-5), than those captured using the no guidance baseline (Mdn = 4, IQR =
2-5) [V = 0, p = .003]. Participants found that the tool helped them achieve these
more clear photos (no guidance: Mdn = 4, IQR = 2-4; tool: Mdn = 5, IQR = 5-5)
[V = 0, p = .001]. They also liked their photos more when using the guidance tool
(no guidance: Mdn = 5, IQR = 3-5; tool: Mdn = 6, IQR = 5-7) [V = 0, p = .003].

Thus, even though we did not find significant changes in CSI, we decided that
we should compare against a baseline that provided a little more assistance. As
we described earlier, photographers will sometimes use a grayscale display in their
current practice, to help emphasize contrast in order to consider overall clarity and
decluttering. We therefore use grayscale as our baseline condition. It is an active
method employed by photographers and thus in some ways does encourage novices to
see the image in the ways that expert photographers do.

3Materials for the study can be found in the Stanford Digital Repository: https://purl.stanford.
edu/dg109bb1678 [83].

https://purl.stanford.edu/dg109bb1678
https://purl.stanford.edu/dg109bb1678
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6.5.3 Summative Evaluation

We ran remote studies over Zoom with 18 participants (6 male, 10 female), 24 to 32
years old (µ = 29), to understand if the tool would help users declutter photos, and
if users felt creative while using the tool. Users experienced two different conditions
of the tool: a baseline grayscale overlay, and our tool highlighting edges along the
subject and image borders.

Summative Study Results

Again we saw that the tool made the participants more confident in their ability to
address the decluttering principles of subject-background separation and image border
flicker (Mdn = 6, IQR = 5-7), versus no guidance (Mdn = 5, IQR = 4-6) [V = 8,
p = .03]. For each favorited photo per task, we asked participants to self-assess them
based on subject-background separation and image border flicker. Though we actually
did not see a significant improvement in overall self-assessed quality in terms of these
principles, participants did believe that the tool was helpful for the task of capturing
clear and decluttered images (Mdn = 6, IQR = 5-6), versus no guidance (Mdn = 4,
IQR = 4-6) [V = 134, p = .003].

Therefore we see that while participants are more confident in their ability to take
clear photos, and found the tool helpful for achieving their favorite resulting photos,
they didn’t necessarily find that their photos were better with regard to their personal
preferences or the decluttering principles.

Summative Study Discussion

We also did not find significant differences in CSI, but did find support for the increased
confidence and descriptions of how the tool encouraged participants to explore more
in the qualitative feedback.4

Confidence. Participants described feeling like they could take fewer photos, because
they could be more confident in each photo they took: “Usually when I take photos,

4Videos of specific examples from the studies can be found in the Stanford Digital Repository:
https://purl.stanford.edu/dg109bb1678 [83].

https://purl.stanford.edu/dg109bb1678
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Figure 6.9: Frames from a participant using the tool—on the left are a set of
intermediate steps, on the right is the final overlay that the participant saw as they
took a photo and the resulting final photo. Left to right: (a) This participant frames
a large scale landscape photo of this area of the room, but notices a lot of extra clutter,
(b) upon switching to portrait to better focus on the region of interest, the hook
becomes distracting clutter right along the top left image border. The participant
makes small adjustments to refine the framing to remove this clutter for the final
image.

I take a ton at once, but didn’t do that here. I didn’t need to because I was being so
precise. I noticed myself reconsidering the composition more: e.g. should I have these
things in the edges?” (P15).

For example in Figure 6.9, this participant (P7) refines the camera angle until the
edges in the overlay look the way she wants. She is watching the hook on the top
left, making sure it doesn’t end up in her shot. Thus upon capturing the final photo,
she has intentionally refined some details that were brought to her attention by the
overlay, and is therefore more confident that this photo achieves her goals.

Exploration. In addition to encouraging more confidence, we found that the tool
further encouraged creativity through exploring the space in new ways: “It was really
helpful with how I take photos because normally it’s more just snap and done. This
one was more like, can I move things out of the background, can I move the subject to
frame it to not have a distracting background? Another thing that I don’t normally do
is pivot the camera and usually just move within a flat plane” (P12).

Another participant described that the external representation provided by the
interface assisted in the process of exploring the scene and quickly evaluating different
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Figure 6.10: Frames from a participant using the tool—on the left are a set of
intermediate steps, on the right is the final overlay that the participant saw as
they took a photo and the resulting final photo. Left to right: (a) The participant
frames a photo of this plant on the counter, but noticed that the strong edge at the
bottom of the pot provides extra unwanted contrast and separation. (b) Attempting
to move this edge out of frame, the participant tries to reframe the image with a
different background, but doesn’t like the dark wall in the background either. (c) The
participant turns the camera towards the other direction to continue exploring the
background, but notices the thermostat highlighted as it enters the frame at the top
left. She keeps the initial edge, but frames a tighter shot of the plant to remove the
high contrast thermostat screen from the background.

options: “It caused me to experiment more. . . didn’t see it as a rule that I needed to
minimize lines, but the tool made it easy to move around and check by that metric,
how ‘good’ it was” (P9).

Figure 6.10 shows how an unexpected edge highlight encourages the participant to
explore different backgrounds and compositions. This participant (P15) notices an
unwanted edge at the bottom of the plant from the stove top, so she tries out different
camera angles to remove the stove, but notices the dark panel in the background,
which she doesn’t want. She turns the camera back towards the white wall, but notices
the high contrast object at the top left entering her shot. In this case, the participant
actually ends up using the same background as she started with and still includes the
edge that she identified as clutter. However, notice how through this process, this
choice became much more intentional as she was aware of the alternative options she
had in this space and decided that this best suited her preferences.
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Subject Identification. An interaction that we didn’t expect that emerged from the
studies was that participants used the tool’s ability to identify subjects to assess how
someone might view their photos.

One participant (P1) observed that the tool jumps back and forth in its highlighting
of a subject, She interprets this to mean that there is no clear subject in her photo,
and confirms that this is consistent with her own perception. Therefore she tries to
find a different way to capture this room with a more clear subject.

On the other hand, another participant (P18) had a slightly different interpretation
of the lack of a consistent “subject” or in this case, no identified subject. He decided
that since the large scale task shouldn’t have a single focal subject, the lack of yellow
aligned with the expectations of this goal.

For either of these interpretations, the tool has given the participant another
perspective from which to consider what it means to clearly capture a subject. As a
result, the participant has more clearly considered the concept of telling the story of
their subject in this space.

6.6 Limitations and Future Work

In studying our abstraction interface design, we discovered insights as well as limitations
that suggest directions for future work in exploring the potential of abstraction for
encouraging rapid iteration in the camera.

6.6.1 Other Abstraction Design

Our design survey (Section 6.3.3) provided us with a lot of interesting insight on
how participants might imagine an abstraction overlay to assist with decluttering.
For example, we saw the potential benefits of color flattening especially for SBS.
In fact, a few participants observed that the goals differed between finding clear
separation between the subject and background and finding distracting constrast in
the background/along the image border. In the first case, contrast is good—so it
should be subdued to guarantee the contrast is still clear without details. In the second
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case, contrast is bad—so it should be emphasized to make sure the photographer
realizes it’s presence and has a chance to remove it from the frame. Thus, participants
actually suggested using a mixed visualization where regions around the subject used
color flattening and distractors near the edge are highlighted through line drawings.

6.6.2 Abstraction for Composition?

Additionally, we found in our low-fidelity prototype that the abstraction also encour-
aged participants to be more aware of composition. What might our abstraction
overlay look like if our focus were instead exploring composition overall rather than
decluttering? We would be interested in running a similar design survey asking par-
ticipants to select overlays based on which best assisted in understanding the overall
guidance. How might such an interface compare to our adaptive armatures from
Chapter 5?

6.6.3 Algorithmic Implementation

In designing our overlays, we were somewhat limited in the methods that we used
in order to produce something that could be computed interactively. It could be
interesting to experiment more thoroughly with different types of edge detection to see
which would best match what humans actually perceive as “noise”—e.g., in our user
studies, we often found that textures like carpet ended up appearing as a lot of noise.

If we remove the requirement of our camera guidance running interactively, there
are further approaches that can be considered both for identifying objects in the scene
for location context and for generating line drawings. We can imagine instead of
the interactive guidance, having an overlay that is shown upon reviewing previously
captured photos (similar to our low-fidelity prototype interaction). These algorithms
can run for a little longer without having too much of an impact on the overall
interaction. The tool can also perform calculations in the background as the user is
focused on taking a series of photos. For example, Fried et al. [100] take a non-edge
based approach to finding distractors that better captures what humans annotate
as being distractors than most edge detection algorithms. There also are a range of
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segmentation algorithms that could provide additional location context.

6.7 Chapter Summary

Much of the effort photographers put into designing a photo is to help more clearly
communicate their intended story. Clutter in an image can greatly detract from the
power of an image both in terms of effective communication and in terms of visual
appeal. However, it can be easy for photographers to miss this clutter in the moment
while paying attention to details in the subject. Inspired by the use of sketching in
design to capture higher level structure, our goal was to bring some of the benefits
of the abstraction in a sketch-like representation to photography. In this chapter,
we walked through the design process behind our abstraction overlay and guidance
tool. We demonstrated this capture-time tool and how it encourages users to explore
creative options to address the concept of decluttering.

6.7.1 Design Goals

We close this chapter with a summary of how the design of this interface fits within
our design goals (Section 3.4).

Context-Aware

For our abstraction overlay, the two pieces of context captured are (1) the line
drawings, in the form of edge detection, and (2) the location context through object-
based saliency for identifying subjects and proximity to the border of the image. Our
edge-based overlay distilled the concept of decluttering down to the principles of
subject-background separation and image border flicker specifically in the context
of the current image, and helped draw focus away from the subject itself to these
surrounding regions.
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Encourage Exploration

By drawing attention to the subject-background relationship and the image borders,
we hope this might encourage users to consider these concepts when exploring different
ways of framing their subject. We found that our visualization helped participants
quickly explore different backgrounds and angles for capturing a subject, and ultimately
feel more confident in their photos.

Maintain Flexibility

Users can use the information provided by the overlay as they choose, and can actively
decide whether or not highlighted objects should be in the final image. The tool
allowed for flexible interpretation of the edges. In many cases we saw participants
notice highlighted edges and consciously decide that they felt like the potential noise
was acceptable to keep.
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Chapter 7

Future Work

This dissertation has demonstrated how visualizing key artistic concepts as interactive
overlays in the camera can allow novice users to see their image in new ways. Through
the design of three capture-time guidance interfaces, I have shown how such visual-
izations can help novices train their eye to see as experts do. The tools encourage
them to explore the space creatively and to be more confident in the photos that
they capture. In this chapter, I propose some potential future directions inspired by
insights and challenges that emerged from this research.

7.1 Exploring Styles of Photography Guidance

In this dissertation I focus on providing photographic guidance at capture-time through
visual annotations that train the user’s “artistic vision.” These design decisions were
motivated by the design goals (see Section 3.4) that we synthesized from our formative
studies. However, there is a wide spectrum of methods for providing computational
assistance for photography that has yet to be explored, much of which might similarly
satisfy the design goals.

137
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7.1.1 Higher Level Photography Goals

In the tools I described in this dissertation, the goal of each interface design was to
target a specific photographic concept and help the user to adopt the thought process
that a professional photographer might follow in considering that specific concept.
However, the current, highly-crafted approach is too labor-intensive to practically
scale this design process broadly across photography. Also, this current design requires
users to seek out a specific-domain tutor, which doesn’t scale on the user side either.

Additionally, such tools don’t provide any assistance with the step of determining
which concept is relevant to consider at a given point in time. How might we design
an interface that combines these tools, and understands when to guide users to focus
on one photography concept versus another? And especially when these visualizations
are combined into a single application, how do we ensure that the interface itself isn’t
overwhelming?

Through our studies, we found that it’s hard to predict the balance between being
overly distracting/noisy and possibly being too familiar. During our declutter studies
(see Chapter 6), participants noted that when using the grayscale overlay it was easy
to forget the task at hand of capturing a decluttered image, and sometimes even
forgot that they were capturing a color photo and not the grayscale overlay they saw.
One possible interpretation of this is that the overlay should have some of its own
movement/change that happens independently of the photo in order to guide attention
and awareness. One way to achieve this is to have the overlay components move in
a different manner or at a different pace from the overall image—e.g., the structure
of the composition grid (see Chapter 5) made movements of the highlights occur in
discrete jumps even though the camera movement was continuous.

Another interesting question that comes up here is the interpretability of the
guidance, and the overall trust between the user and the system. Particularly because
we are interested in training the user to develop their own artistic opinions in the
context of these photographic concepts, we designed algorithms and visualized their
behavior in ways that we hoped the user could quickly and actively understand—
movement in the overlay should be based on the context of the image and in a way
that is somewhat predictable to the user. In doing so, we made some choices to
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use simpler algorithmic approaches to prioritize the interpretability aspect. However
for a tool that integrates multiple concepts, this becomes more challenging. Even
if each individual visualization is easily interpretable, it can be challenging to keep
track of multiple annotation visualizations. It is possible that such visualizations are
not scalable in this way, or that they just need to be supported by another form of
feedback communication.

On the other end of the spectrum of interpretability, we found that even just the
dynamic nature of such annotations alone can provide some benefit. As demonstrated
by the random highlighting of the armature lines (see Chapter 5) or the participants’
reactions to the decluttering when it couldn’t identify the subject (see Chapter 6),
participants seem to be able to find ways to respond to this seemingly meaningless
guidance. In the first case, we saw participants use the briefly appearing highlights
to inspire more spontaneous composition ideas. Depending on the step of the photo-
graphic process that the user is in, as well as the user’s experience, different levels of
interpretability may be beneficial. In the early exploratory stages, the serendipity of
less interpretable algorithms might help generate more diverse ideas and encourage
the user to not satisfice too early [221]. As the user hones in on a single idea, it might
be helpful to have more targeted and controlled feedback for refinement.

7.1.2 More Directed Guidance

In this dissertation, I have described design choices to deliberately avoid allowing
the system to express its opinion on how the final image should look. This approach
required a certain type of user population; they had to be interested in creative growth
and be willing to invest effort into exploring their creative ideas. However even for
such users, the lack of instruction in the presence of increased awareness can make the
task overall more stressful, a balance we tried to strike with visualizations that provide
some structure and with some initial training on photography principles. Developing
and training a personal artistic style and opinion is a slow process; one approach could
be to provide more directed guidance when the user is first learning a photographic
principle, and then gradually reduce the direction as the user becomes more familiar
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with the concept.

In fact, through our user studies, we heard from participants that a little more
guidance from the system in how to respond to the feedback could be helpful. For
instance, if all portrait lighting styles are available (see Chapter 4), how does one pick
between the options? Or, given an unexpected highlight composition grid line in the
adaptive armature (see Chapter 5), should one intentionally incorporate it into their
composition?

In particular, I noticed that decluttering (see Chapter 6) seemed maybe more
difficult for people to address than lighting or composition, perhaps because it is
a more new and unfamiliar concept. As a result, participants still made “mistakes”
even while being aware of specific clutter to consider and carefully refining their
photos (e.g., describing wanting to remove an object from the image that does end
up partially appearing in the final image). Considering the decluttering principles,
they also are somewhat unique in that there is a more defined good and bad (unless
the photographer is choosing to intentionally blend the subject into the background
or have a very cluttered background). The creativity in decluttering comes at the
stage of determining how to address the clutter. Therefore I wonder if it is reasonable
to have a slightly more “opinionated” interface without being prescriptive (at least
during training) as is suggested by one of our design survey participants: “Making it
very clear about the distinction between whether the overlay is used to indicate if the
two properties are good, bad, or both would be very helpful” (P18).

In this case, the opinion is with regards to evaluation of the current image. The
user is very directly made aware of potential issues that they possibly should address,
but the system leaves the process of execution to the user. Thus, the final result still
creatively belongs to the user. This is very different from many existing guidance
interfaces that provide navigational direction towards executing a specific goal imposed
by the system [186,207], and is more similar to guidance in commercial cameras like the
light meter or interactions that focus on displaying an aesthetics quality score [192,199]
or highlighting regions of potential concern (e.g., subject is too centered) [55].

Overall, we still want to use the advantage of computation to be contextual and
adaptive. Nonetheless such guidance can still take on a range of tones in terms of level
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of prescriptiveness. For example, the tool can simply call out “your background has
a lot of clutter, consider moving.” A participant (P12) from our decluttering design
survey suggested having an adaptively appearing overlay, along with accompanying
descriptive text: “hey user, you have very little subject-background separation, but we
darkened your background a bit to make your subject pop, and also adjusted tones and
lighting...”

7.1.3 Beyond Visual Annotations

Note that these suggestions start to present a different interaction modality as well.
These different forms present their own benefits and limitations. For instance, the use
of annotations enables the feedback to be directly embedded in the image, but this
also means the visuals obstruct some of the view of the actual image. Any additional
navigation guidance further adds to the visual clutter. Text, on the other hand, can
still be relatively concise and precise, especially in more instructive guidance and be
presented both visually and through audio.

Researchers have explored combining audio and visual cues for guiding users with
visual impairments towards their intended photo [115,286,287]. These systems often
focus on the more practical application of communication, such as making sure the
desired content is clearly within frame. Haptics also present promise as a mode
to interactively communicating artistic feedback, particularly through tactile visual
interfaces [148]. It would be interesting to explore the use of these modalities for
communicating feedback on artistic concepts to guide users’ exploration of the space.

Expanding the range of modalities may also enable different approaches to assisting
in photography. Rather than focus on a specific topic within photography (i.e., lighting,
composition, and declutter) as I did in my dissertation, it might be interesting to
provide guidance towards a specific practice that is taught or trained, e.g., remember
to take more photos, try moving the camera angle, or try moving the camera closer.
These actions can influence a wide range of photographic concepts and can possibly
focus more directly on the physicality of the photographic process. As mentioned
above, the use of multiple modalities can also make it easier to transition between
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visual overlays for different photographic concepts.

7.2 Achieving Creative Intentions

In a number of our user studies, we heard participants mention that the annotations
provided by the guidance tools could provide good scaffolding for communicating their
intentions to another person (e.g., someone helping them take a photo). Participants
described possibly describing their goals in the photo based on the composition grid,
e.g., please place my head at this intersection and this building edge along this line,
or based on the decluttering highlights, please adjust the camera such that there
is a clear yellow outline around me. In this way, the tools could help users achieve
their artistic intentions even when they are not behind the camera. Here I explore
other types of interaction paradigms that could leverage the annotations as tools for
describing the user’s intentions.

7.2.1 Adapting to User Intentions

Since my work focuses primarily on the exploration aspects of photography, for the
most part, I tried to limit interactions that might cause the user to focus on a single
idea too early. In fact, this is a slight downside to the portrait lighting interface
design (see Chapter 4). In order to get to the reorientation guidance, the user selects
a single style to focus on from the gallery of portrait lighting options. For ease of
implementation, in our prototype we provide a drop-down to easily navigate back to
the gallery, but in the ideal situation the gallery would always be visible to the user.
However, note that this interaction design is more helpful for refining the portrait
lighting.

As noted above, the portrait lighting tool had a two-pronged workflow that provided
different guidance for exploring the space of lighting options (a gallery previewing a
range of styles), and then achieving a specific style that the user selected (reorientation
and alignment guidance). The act of selecting a single portrait lighting style can help
the user focus their attention on refining their scene to best capture that lighting style.
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In this case, the user has communicated a part of their intention, and the system
adapts to better guide them to achieve that intention.

As with the systems for collaboratively co-creating with an AI [71,119,205,227],
how might we design interfaces that adapt with the user’s decisions? How might
we enable the photographer to indicate their intentions to the tool (and how might
that tool consider the feedback from the user)? For example, one could imagine
the user selecting a subset of lines from the armature for composition guidance (see
Chapter 5). This selection should be viewed as constraints on what the tool shows to
the user. Once a selection is made, the user has communicated not only the specific
artistic constraint, but also progress in the creative process—the user is moving
out of exploration and into refinement. The interface can adapt to this change as
well, towards helping the user achieve the specific intention they have communicated.
Specifically for achieving the desired composition, one could imagine the interface
focusing more on communicating how well-aligned the current image is to the target
composition. The camera can guide the user to adjust alignment of elements in the
photo, or even suggest adding/removing objects to better match the target image
template.

7.2.2 Image Retrieval and Editing

Here we explore the use of annotations for steps in the photographic process post-
capture, specifically curation and editing. For images captured with our guidance
tools (or any type of interactive feedback), it can be reasonable to expect that the
feedback provided to the user at the moment of capture can be stored as metadata.
This additional information can be incredibly powerful for helping the photographer
capture context on their intentions at capture time during the editing phase (at which
point that information might otherwise be long gone from their memory). Researchers
have designed tools specifically for quickly logging videos with contextual annotations
to help speed up the culling process [282].

These annotations can be helpful just as additional context passively present as
the photographer reviews photos. However, one can also imagine using the properties
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of the annotations to search through libraries of photos. For example, a photographer
could search for every instance of a specific portrait lighting style or of a specific
composition. A photographer could also generate a high level visual summary of their
photos library: “these are my most common lighting styles and compositions, and I
tend to struggle to notice clutter immediately behind a subject’s head.”

If comparing a set of near duplicates of photos captured with the same intention,
the photographer could imagine searching the set for the one that best aligned with a
target composition, and then even have the image automatically straightened/cropped
to best match that target. Or while the user is interactively editing, rather than
showing a static composition grid as is currently common in commercial tools, the
software could adaptively highlight lines to represent the current composition.

7.3 Creativity Evaluation

One challenge we faced throughout the work in this dissertation, was determining how
to find the appropriate quantitative and qualitative metrics for evaluating this style of
work.

7.3.1 Quantifying Goodness of Photos

In all of the evaluations of the systems I built as described in this dissertation, I relied
on the self-assessment of photo quality. Additionally, in these evaluations, we’ve asked
participants to focus their attention on different photographic concepts independently.
We’ve yet to consider how these photographic concepts play together to impact the
overall aesthetic quality. For instance, how much do small variations in things like
lighting, composition, and clutter effect the overall goodness of the image?

An interesting approach to answering this question might be to produce datasets
of example images that vary across parameters within the space of these different
concepts. With this dataset, we could imagine doing some A/B testing to see whether
there is significant change in how people rate these different versions of the photo.
Li and Vogel [186] begin to explore this question for portraiture. Using virtually
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generated portraits, they test a range of lighting styles, compositions, and camera
distances to determine the look of an ideal portrait and use this to inform their selfie
guidance. Additionally, a number of papers have started to explore automatically
assessing the aesthetic quality of photos with consideration of the features/attributes
that influence their quality [167, 267]. An interesting next step for building on this
work might be to combine these methods to systematically understand the impact of
different photographic concepts.

A number of interesting additional questions arise from this line of work. Can
we use such methods to capture individuals’ aesthetics preference models? If so, it
could be interesting to capture the preference models of different artists to be able
to evaluate how likely they are to find a photo visually appealing. Tying this back
to this dissertation, how might these preference models inform the personalization
of feedback provided by in-camera guidance interfaces? Could this enable providing
guidance modeled after the user’s personal preferences or even to mimic the style of
feedback that different artists might provide?

7.3.2 Measuring the Creative Process and Learning

It would also be interesting to understand how we might come up with better quanti-
tative metrics for evaluating the type of awareness-based interface proposed in this
dissertation. Using existing evaluation tools such as the Creativity Support Index
to measure creativity, or NASA-TLX to measure cognitive load is fairly attractive,
but especially ambiguous in our case due to the subtle, “light-touch” nature of the
guidance. For our capture-time guidance, these metrics often didn’t provide much
definitive signal. With regards to NASA-TLX, it often wasn’t clear what was a “good”
result for the tool—the tools’ goals were simultaneously to increase awareness of new
ideas to explore (which approximately maps to reducing cognitive load), while also
trying to increase awareness to encourage the user to make more intentional choices
(which in contrast, approximately maps to increasing cognitive load). Thus in our
work, we only used it to measure the difficulty of the more “execution”-based step of
the portrait lighting project (see Chapter 4), the ease of reorientation, once the more
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creative and exploratory step of choosing a desired lighting style was complete.
Additionally, the interesting impacts of these interfaces were more in how they

influenced change in the users’ photographic processes and workflows. We capture
some of this through participants’ think-aloud and post-study interviews, however it
would be interesting to be able to more directly measure these changes. For example,
could we maybe use the motions of the camera or the users’ gaze to measure behavior
change in the photographic process?

Another question to consider is, how might we measure creative growth and
learning? In particular, since our tools are designed to train “artistic vision” in
novices, measuring growth over time is particularly relevant. The short-term nature
of our studies meant that participants were introduced to what were often relatively
unfamiliar photographic concepts and immediately asked to apply this newly gained
knowledge. Moreover, the evaluation of photo quality was also self-assessed, meaning
they additionally had to evaluate with respect to this new concept. Running these
studies over time would better allow us to understand if these visual annotations
served as effective training and allowed the users to better grasp these photographic
concepts over time. They would additionally improve the reliability of their evaluation
abilities—in particular, we could even see if their evaluation possibly changed or
converged over time. If we were able to actually measure and interpret gaze, through
longitudinal studies, we could potentially even begin to see if novices in fact started to
follow gaze paths that were structurally more similar to that of expert photographers—
an evaluation method that approaches the idea of directly measuring the development
of “artistic vision.”



Chapter 8

Conclusion

Experts see differently than novices [9,48,65]. In my work, I hope to help novices train
their eye to see in the way that experts do, enabling novices to be more intentional in
their artistic choices. My primary insight is that providing real-time annotations can
make accessing the kind of feedback that experts might provide more approachable
and actionable, while encouraging creativity and exploration. This has the potential
to help novices develop “artistic vision” as they capture photos.

In my dissertation, I developed three capture-time interfaces that aim to demon-
strate this insight, using computation to provide real-time contextual guidance. This
chapter summarizes the effects that each of the capture-time interfaces had on novice
photography. I then highlight the key contributions of my dissertation and conclude
with ideas of how to extend our insights beyond photography.

8.1 Effects of Capture-Time Guidance on Novice

Photography

In this dissertation, I present three capture-time interfaces that provide guidance for
portrait lighting, composition, and decluttering. Here I briefly describe each interface
and how they encouraged awareness with respect to their target photographic concept,
and how that influenced novice participants’ photographic experiences.
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The portrait lighting tool (see Chapter 4) helps users be more aware of the available
lighting styles and reorient their subject to best achieve the lighting style of their
choice. Participants noted being able to consider a wider range of lighting styles for
their portraits that they previously weren’t aware of. Participants found our tool to
be useful for the task of producing well-lit portraits, and were able to use the tool to
capture photos they believed to have better lighting.

The composition guidance tool (see Chapter 5) makes users more aware of the
current composition by highlighting lines in a composition grid that are most relevant
to the camera view. These highlights were able to inspire new composition ideas,
while also providing confirmation that made participants feel more confident in the
compositions they ultimately chose. Using the tool, participants were able to capture
photos they believed were better composed.

Finally, the decluttering tool (see Chapter 6) increases users’ awareness of clutter
that would draw attention away from the main story of the image by abstracting the
camera view to outline edges around the subject(s) or the image borders. Participants
found the tool helpful for the task of capturing clear and decluttered images. We again
saw that the increased awareness helped make participants more confident in their
ability to address the concept at hand, in this case decluttering. It also encouraged
participants to explore the scene to address concerns with distracting clutter.

A common thread amongst these interfaces is the use of computation to generate
visualizations for the user to interpret rather than the system prescribing an action.
These visualizations provide the user with an alternative context-aware representation
of the image that helps focus their awareness on particular aspects of the image in
relation to the different photographic concepts. We also find that these representations
help to break down the search space into a number of discrete options, making it less
intimidating to explore the space of possible options. Through our user studies, we saw
that participants were indeed aware of the photographic concept that the individual
tools encouraged them to focus on, and that their system-rooted observations led to
making more intentional artistic decisions.
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8.2 Contributions

This dissertation explores an approach to helping novices train their “artistic vision.”
This approach is exemplified as three different capture-time interfaces each focusing on a
key photographic concept. Through these proposed contextual capture-time interfaces,
I demonstrate that visualizing key artistic concepts improves self-assessed creativity
and photo quality. This section summarizes the specific research contributions of this
dissertation in three areas: algorithms and techniques, artifacts, and experimental
results.

Concepts and Techniques. To inform the design of capture-time interfaces, I
conducted a number of formative studies to better understand current photography
practices and tools, and how in-camera guidance could be of assistance in the user’s
existing workflows. From these studies, we synthesized a set of three design goals:
guidance should be context-aware, it should encourage exploration, and it should
allow users to maintain creative flexibility. We apply these design goals in the
design of the interfaces presented in this dissertation.

Artifacts. In this dissertation, I presented three artifacts—each in the form of an
in-camera guidance interface that tackles a specific photographic concept. Informed
by a set of design goals, these interfaces strive to not be prescriptive in their guidance
in order to encourage creativity and exploration. Inspired by photographers’ current
practice of directing attention through manually drawing annotations onto photos,
these interfaces aim to take a light-touch approach of providing targeted awareness
cues through automatically generated annotation overlays. For each tool, I contribute
designs for novice-interpretable visual overlays to represent the considerations for
a key artistic concept, and real-time algorithms for interactively generating these
visualizations.

Experimental Results. I additionally contribute user evaluations to demonstrate
that these awareness-based guidance interfaces can help novices feel more creative
while taking higher quality photos. In particular, we observed ways in which each of
these tools encourages participants to explore new ideas in the context of the target
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photographic concepts, ultimately making them more confident in their ability to
consider these concepts in their photography.

8.3 “Artistic Vision” Beyond Photography

While I specifically targeted photography in this dissertation, I am generally excited
about applying some of the design goals and ideas we used here for photography, to
other creative domains. Can we similarly help develop “artistic vision” for different
types of creativity, such as graphic design or fabrication? For any context, there are
aspects that experts have trained themselves to be aware of that might be harder for
a novice to recognize. I am excited to design computational feedback and guidance
that helps increase awareness of the decisions that need to be made in the creative
process such that users can explore the creative space in a more intentional and
informed manner. While we are seeing the success of using computational methods to
generate creative work, in my work I am motivated by the idea of using computational
guidance to coach humans in developing their creative skills. My hope is that this
awareness-based approach is a step towards leveraging computation to help users
pursue their artistic interests.
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