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Abstract

Scene Understanding Using Internet Photo Collections
Ian Simon
Chair of the Supervisory Committee:
Professor Steven M. Seitz
Department of Computer Science and Engineering

With billions of photos now online, much computer vision research has been devoted to using Internet photo collections for tasks such as visualization, learning object category models, and 3D
scene reconstruction. While most of this recent work leverages the sheer quantity of online images,
I present several approaches for using the distribution of images (and associated metadata) to extract
structured information about 3D scenes. In essence, I use online photo collections as a proxy for
human perception in aggregate, treating each photo as a statement about the world and not just a
source of visual data.
I present three examples of information extraction leveraging the distribution of online photos
from the photo-sharing site Flickr. First, I demonstrate the selection of canonical views of objects
and scenes via a greedy image clustering algorithm. Second, I show how scenes can be decomposed
into individual objects by using a cue based on the field-of-view of large numbers of images. Finally,
I extract scene-scale human movement patterns from the distribution of photo sequences. Based on
these projects, I demonstrate applications to scene summarization, browsing, image/object tagging,
and visualization.
What objects and views do people find interesting? What is an object? How do people move
around while exploring a scene? How do people frame their photos? In this thesis, I suggest a
new way to answer such questions about the world, and our perception of it, using Internet photo
collections.
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Chapter 1
INTRODUCTION

Can we learn anything about the world from the photographs people choose to take? A person
taking a photo must make several decisions: where to stand, which direction to point the camera,
when to capture the photo, etc. These decisions are affected by the photographer’s perception of
the scene being photographed. What if we could extract some aspects of this perception from the
decision to take the photo? From a single photograph, it is difficult to infer too much, since we only
know about a single action made by one photographer. However, from a collection of thousands
of images of a scene like the Pantheon, or even all of Rome, we can start to look for patterns of
photo-taking behavior. The huge quantity of image data now online opens up new possibilities
for extracting useful information by analyzing the distribution of online photos. What objects and
views do people find interesting? What is an object? How do people move around while exploring
a scene? Some of these questions are difficult or costly to address in other ways. In this thesis, I
will describe several projects aimed at answering these questions using a combination of computer
vision and statistical techniques to process large online photo collections.
In the first project, scene summarization (Chapter 3), I automatically derive, from thousands of
images downloaded from photo-sharing site Flickr [2], a short visual summary of a scene or city that
captures the key sites of interest. In an interactive setting, a user can see canonical views of each site
of interest, and browse photos that are similar to each canonical view. When user-provided textual
tag data is available, we show how it can be used to augment scene summaries by analyzing the
tag statistics. At a high level, scene summarization works by computing modes in the distribution
of photos that tourists take. This is done by visually matching the images in the collection, then
clustering them based on visual similarity. I introduce a greedy variant of k-means to perform the
clustering, as well as an orthogonality constraint that penalizes overlap between clusters. Figure 1.1
shows an example summary of Rome computed by my system.
In the second project, scene segmentation (Chapter 4), I extract interesting objects pictured in

2

Figure 1.1: A summary of Rome computed from 20,000 Flickr images by my scene summarization
algorithm.

a large photo collection by using a field-of-view cue — people tend to take photos of “objects” as
opposed to arbitrary regions of a scene, and these objects are usually framed within the field of
view of the photo. This means that points in the scene that frequently appear together in images
are likely to be part of the same object. To perform the segmentation of a scene into objects, I
first create a sparse 3D reconstruction of the scene using a modern structure-from-motion algorithm
[118], then fit a latent topic model to the set of images and scene points. I also demonstrate the
use of this analysis to display the relative importances of objects, automatically compute textual
labels for these objects from noisy Flickr tags (which are attached to images, not image regions),
and browse a scene using an interactive map.
In the third project, tourist flow (Chapter 5), I mine photos on Flickr to derive human motion
patterns at the world’s tourist sites. These photos are usually timestamped and the location at which
each photo was taken can be computed using structure-from-motion. Even though a single photographer typically provides only a few photos, often separated by minutes, by aggregating data over
hundreds of photographers it is possible to get a more detailed picture of how people explore such
sites, in the form of flow fields and other representations and visualizations. Figure 1.2 shows examples of the kind of data that is produced by tourist flow, for the case of the interior of St. Peter’s

3

Figure 1.2: Three visualizations of tourist flow at St. Peter’s Basilica. (left) A flow field showing
estimated instantaneous velocity vectors for the population of photographers, capturing how people
walk from the entrance (on the right) towards the altar (left center). (center) A plot showing popular
paths (thick = more popular). Green edges have stronger directionality (people traverse that edge
predominantly in one direction). (right) Rank plot, showing the order in which parts of the scene are
visited, in order of violet (first), blue, green, yellow, orange, and red (last). The red ring corresponds
to views from the top of the dome, which visitors tend to visit last.

Basilica in Rome.

1.1

Growth of online photo collections

The Internet has become, among other things, a repository of photos. Recent estimates put the
number of online photos in the tens of billions [109], and this is only including the largest image
warehouses: ImageShack, Facebook, PhotoBucket, Flickr, Multiply, and Picasa. And while the
photos on some of these sites, like Facebook, are mostly private and accessible only to friends and
family of the photographer, others, like Flickr, encourage photo sharing, resulting in huge numbers
of photos that are viewable by anyone. Of the over 4.5 billion images currently on Flickr, around
50% are publicly accessible. For the first time in history, anyone with an Internet connection has
access to billions of photos.
Taken together, these photos cover almost the entire world (Figure 1.3). A search for “Rome”
on Flickr yields over 2 million photos. And since these photos only include photos labeled “Rome”,
and only around 30% of images on Flickr are labeled, there are likely to be many more photos of
Rome that a simple text search is unable to discover. There are also 3.5 million photos of Tokyo,

4

Figure 1.3: A map, from Google [4], showing the coverage of photos from its Panoramio service.
Note that essentially all of the land area of Earth is covered. The actual distribution of photos is not
this uniform.

3 million of Seattle, 980 thousand of Disneyland, 950 thousand of Dublin, 830 thousand of Second
Life, 820 thousand of Buenos Aires, 150 thousand of various Starbucks, 120 thousand of Antarctica,
66 thousand of Brunei, 55 thousand of Easter Island, 16 thousand of Pyongyang, North Korea, 1600
of Yakutsk, Russia, and 360 of Shickshinny, Pennsylvania. If we also consider images located
elsewhere on the net, these numbers get even bigger — a Google image search [3] for “Rome”
yields 20 million results, ten times as many as Flickr.
In addition, the number of photos online continues to grow rapidly. Around 3 million photos are
uploaded to Flickr daily (see Figure 1.4 for a graph of Flickr’s growth history). While Facebook’s
photo upload rate is about 10 times faster, most of the photos are private. The types of photos
uploaded to Facebook are also likely different, with more photos of people, as the site is focused
on social networking rather than photo sharing. Therefore Flickr has, thus far, been the image
repository of choice for the academic research community.
And though the research community and technology companies are still figuring out what to do
with all this data, some impressive efforts have already taken place, enabling previously impossible
experiences like browsing remote locations in 3D via photos [118], automatically estimating the
location at which a photo was taken using only the photo itself [55], and automatically filling in
missing image regions with data from similar images [56].

5

Figure 1.4: A graph showing the growth of Flickr over time. Flickr assigns each image a unique ID
which roughly corresponds to the order in which images are uploaded to the site — i.e. the image
with ID 2000000000 is approximately the 2 billionth image uploaded. Since each image is also
timestamped, it is straightforward to query the size of Flickr at any date, or the date at which Flickr
was a particular size.

The explosion of visual content available also brings with it an explosion of metadata. The
information content of photos uploaded to Flickr and other photo sharing sites is greater than what
is contained in the pixels alone, as users frequently tag their images with descriptive terms, and
images often contain other associated data, including the time and approximate location at which
the photo was taken. Figure 1.5 shows a photo containing much of this information. This photo is
of the front façade of the Pantheon in Rome. It is also tagged with the label “pantheon”, indicating
that the content of the photo has something to do with the Pantheon. It has several additional tags,
including “Italy” and “2008” which, while correct, correspond to concepts much broader than what’s
contained in the image pixels. The photo also has more structured metadata such as capture time
(August 3, 2008) and location (Campo Marzio, Rome).

1.2

Data-driven modeling of human vision

From a computer vision perspective, the huge amount of online imagery is a wonderful new resource. Researchers now have access to orders of magnitude more data, and have used this data to
create better solutions to classical problems, such as recognition, and to create entirely new tech-

6

Figure 1.5: A photo of the Pantheon as displayed by Flickr. Some of the associated metadata,
including tags, location, camera model, and time, are shown on the right.

niques as mentioned above. However, in addition to simply having more data, we now have access
to a fundamentally different kind of data: real-world images from real people. Traditional imagery
used for training computer vision algorithms was obtained in a lab, under controlled conditions. We
now have many samples from the distribution of photos that people actually take.
Taking a step back, we can imagine a world in which photographers randomly position themselves, randomly aim, and shoot. The photos we would see in such a world are very much unlike
the ones we see in reality. Random photographs are exceedingly unlikely to be framed in a way
that respects the organization of the world in the human mind, and we should expect to see partial
objects as well as objects viewed from angles that make perception and identification difficult [96].
In reality, we know that even untrained photographers do not take photographs in this manner, and
that the act of picture-taking is a declaration of some kind about the content of the photo, and thus
about the underlying world.
The field of computer vision can roughly be split into two disciplines1 . The first involves obtain1

Of course, there are many possible taxonomies of computer vision.
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ing a physical representation of the world from 2D projections of light bouncing off objects. In these
types of problems, there is generally a single “correct” representation, even if it is underdetermined
from the input provided. Problems in this category include structure-from-motion, multiview stereo,
motion capture, photometric stereo, camera pose estimation, and other such geometric problems.
The other discipline of computer vision is more closely tied to the human visual system. Problems in this discipline include object category recognition, image and video annotation, saliency
estimation, and summarization. Here, an answer is correct if it agrees with human observers. This
brings up an interesting issue, as human observers don’t necessarily agree with each other in all
cases. One way to establish “ground truth” in these cases is to poll many observers — a correct answer should then agree with many of the observers. For the problem of segmentation, the Berkeley
segmentation dataset [84] attempts to establish such ground truth.
Most of the success achieved by computer vision systems to this day are of the first type —
reconstructing the physical world, matching rigid objects, etc. The second type, closer to classic
problems in artificial intelligence, has proven difficult to solve. Answering questions based on
visual appearances seems to require reverse engineering the human visual system, or at least greatly
increasing our understanding of it. And while recent advances in these areas have been made,
general computer vision systems which are able to segment and recognize a wide variety of objects
under natural conditions do not currently exist.
However, with the rise of the Internet, we now have greatly increased access to human artifacts,
such as hyperlinked text documents and images with various metadata, not to mention humans
themselves. This suggests a new approach to the second type of vision problem, in which, directly
or indirectly, we have actual humans answer the questions we want answered.
Taking this approach directly involves either paying humans (Mechanical Turk), tricking them
(ESP Game) 2 , or asking them to perform computer vision tasks willingly (LabelMe). The indirect
approach appears promising in that we can take advantage of large quantities of already-existing
data on Internet photo-sharing sites. One drawback to this approach is that we are more limited in
the information we have access to: mostly just the photos themselves, with some noisy text labels
and other unvalidated metadata.
2

Whether or not this involves actual deception, performing computer vision tasks is an unintended byproduct of the
game from the perspective of the player.
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1.3

Using computer vision to understand image collections

How can we use large numbers of photographs to answer vision questions that seem to require
human perception or understanding? Let’s use segmentation as an example. At first thought, an
image couldn’t possibly tell us anything about its own segmentation, unless we use algorithms that
attempt to reproduce human output via low-level and high-level image operations (this is what is
usually done). Suppose, however, we also know something about the distribution of images that
people take. Perhaps objects are more likely to appear in certain spatial configurations than others.
In this case, we have a reasonable prior on the segmentations we’re likely to see before looking at
even a single image pixel.
On the surface, this idea bears some similarity to the idea of the statistics of natural images,
where a distribution over naturally occurring images is used as a prior for various problems, including denoising [102], deblurring [39], and superresolution [123]. However, the particular form
of this prior is extremely low-level — it’s a nonlinear penalty on the gradient magnitudes in the
image. A related class of low-level priors is also used by Torralba and Oliva [124] for scene and
object categorization. Priors based on the distribution of photos that people actually take could be
called “statistics of human photos”. And instead of low-level gradients, this prior is concerned with
higher-level constructs like objects. In general, if we know something about the mental model of
the world humans tend to have, and we know how this model impacts the photographs they take, we
can use a large set of such photographs to answer questions about the world.
Even without using computer vision techniques to process the image data itself, it’s possible to
extract information from Internet photos. For instance, Rattenbury et al. [101] detect and label interesting locations and events using geotagged Flickr photos, ignoring the photo content. However,
this approach is dependent on unreliable user-provided metadata, such as text tags, geotags, and
timestamps. In addition, this approach can tell us nothing about new unannotated photos. Using
computer vision techniques to link up objects between images lets us overcome both of these problems. While in theory images could also be doctored and therefore unreliable, this would be quite
time-consuming, not to mention probably useless. In addition, our computer vision matching techniques are robust enough to handle many things gracefully, such as color-adjusted images, visually
identical objects, stitched panoramas, or even warped images.
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1.4

Applications

What can we gain from applying unsupervised learning techniques and computer vision to large
Internet image databases? One simple reason is to gain a better understanding of the world and the
kind of photos people take. What is the most popular view of the Statue of Liberty? Are there even
popular views, or do people take photos from more or less random viewpoints? Do people frame
photos with important objects near the center, or do they obey the rule-of-thirds [40]? What paths
do people take as they traverse the Roman Forum? Apart from any potential technological impact,
these questions serve to broaden and deepen human knowledge.
Of course, answering such questions does enable new things. One important area in which
extracting information from 3D scenes is helpful is visualization. Inferring a set of canonical views
for a scene can be applied directly to visualization – for instance, an image search for “rome” can
return a set of canonical photos instead of ordering them by date or the PageRank of the page on
which the photo appears. These canonical views can also be used as “shortcuts” in a 3D scene
browser like Photo Tourism. Other visualizations can be created which are based on objects in the
scene, and this requires some process for segmenting the scene into objects. And information about
human paths through a scene can be visualized directly, used to guide virtual tours in a 3D browser,
or simply to sort a set of summary views into the order in which they might be seen.
Another benefit is that we are able to construct representations that are more easily searched and
indexed. Around half of the photos on Flickr are untagged — these images are currently unfindable.
An untagged photo of the Pantheon cannot be found by a person searching for photos of the Pantheon
via the word “pantheon”, since images are not currently indexed by content. In addition, many
actual tags are unrelated to the image content, or related in a way that is not useful to anyone other
than the photographer. By using computer vision to process large numbers of images and applying
unsupervised learning techniques to the visually matched images, we are able to identify good labels
that refer to the image content.
These techniques can also aid in landmark recognition. In the simplest case, it is possible to
identify a small set of canonical images on which image-based recognition can then be applied [77],
but more complex techniques that recognize landmarks based on sequences of photos have also been
successful [78].
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1.5

Contributions

In this thesis, I demonstrate new automatic techniques for the following:
1. Choosing a set of canonical views to summarize a scene by applying clustering techniques
on a large collection of images from Internet photo-sharing sites. Unlike earlier techniques
that used only geotags and textual tags, we use the visual content of the photos to perform the
summarization.
2. Segmenting a 3D scene (and hence images of that scene) into individual objects by using
latent models from text-based document processing, in tandem with a field-of-view cue, which
expresses a prior that photos are likely to be framed around important objects.
3. Extracting labels for scenes and objects from noisy user-provided tag data assigned to individual photos.
4. Discovering human movement patterns for traversing many different tourist sites, using photo
timestamps and structure-from-motion to reconstruct precise photographer position.
In addition, I explore the idea of using photos from online collections as samples drawn from
a distribution of what humans find photo-worthy, rather than as a source of low-level visual data.
And while previous work in this space had been restricted to using only the metadata associated
with photos, I show that using visual matching and reconstruction techniques from computer vision,
applied to the actual image content, allows us to overcome many of the issues with using metadata
alone.
1.6

Terminology

Throughout this thesis, I use the term photo interchangeably with image, both of which refer to an
ordinary 2D image. I also use the term view to refer to an image, but with more emphasis on the
camera parameters (location, orientation, focal length) that gave rise to the image. I often use the
term camera to refer to an instance of such parameters, rather than the physical device itself — the
cameras associated with two images may in fact be the same physical device. I define a collection
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as a set of photos, and I consider two photos to overlap if at least one scene point (defined below)
is visible in both photos. Two photos are connected if they are linked by a sequence of overlapping
photos. I define a scene in a collection as the site viewed by a set of connected photos. Note
that in the limit, the entire world consists of a single scene. However, the current state of photo
coverage, with dense pockets of connected photos separated by unphotographed areas, is such that
connectedness is a reasonable proxy for scenehood.
A scene point is a 3D point in a scene visible to multiple cameras, and a reconstruction is a
set of cameras and scene points, as well as the incidence matrix specifying which scene points are
visible in which cameras. A feature refers to an interest point in a 2D image as computed by an
algorithm such as SIFT [80], and a feature track is a chain of matching features across multiple
images, thought to correspond to a single scene point. A user or photographer refers to the human
who took some subset of the photos in the collection.
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Chapter 2
RELATED WORK

My research for this thesis draws on prior work in a number of different areas. Recovering
aspects of the human perceptual model of the world from photos draws on work done in the psychology community on canonical views and object grouping, as well as perception of photographs.
In the computer vision and graphics communities, much recent research has been done that leverages
Internet photo collections to solve new and existing problems. Previous work on summarizing large
photo collections came from outside of computer vision (and mostly ignored the photo contents),
but more recent work has discovered that modern visual matching techniques can be of great assistance. Other areas of relevance include large-scale image matching and 3D reconstruction, which
are necessary steps in much of my work, and latent variable modeling of images and annotations.
In this section, I discuss related work in the above areas in the context of my own work on Internet
photo collections.
2.1

Perception of views and objects

Concepts from perception, such as objects and canonical views, help structure our understanding
of the world, and also affect our interaction with it. Of particular interest to this thesis, perceptual
concepts have an effect on the photos that humans take. This is useful in that it gives us some hope
of recovering instances of these concepts from a large collection of photographs of the world. Doing
this in a principled manner requires some study of perception itself.

2.1.1

Canonical views

A canonical view is a view that captures the essence of a geometric object. Such views have been
studied for over twenty years in the psychology community. Defining precisely what makes a view
“canonical” is still a topic of debate. In their seminal work, Palmer et al. [96] proposed four different
criteria, paraphrased as follows:
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Figure 2.1: Experimentally-determined canonical views of everyday objects from Blanz et al. [13]

Criterion 1: Given a set of photos, which view do you like the best?
Criterion 2: When taking a photo, which view do you choose?
Criterion 3: From which view is the object easiest to recognize?
Criterion 4: When imagining the object, which view do you see?
In a series of experiments designed to compare these criteria, Palmer et al. found significant correlation between all four tasks, concluding that human observers choose the same types of views
regardless of the task. Subsequent studies provide further support for many of these conclusions,
although experiments by Blanz et al. [13] provide conflicting conclusions for the fourth criterion,
finding that people tend to imagine objects in plan views, but prefer looking at off-axis views. (Example canonical views from Blanz et al. are shown in Figure 2.1.) For the purposes of this thesis,
the first three tasks are most relevant, and these perceptual experiments suggest that recurring views
in multi-user photo collections (criterion 2) are also likely to be visually appealing (criterion 1)
and facilitate recognition (criterion 3), the latter verified in experiments by Edelman and Bülthoff
[34, 17].
There is also existing work on computing canonical views in the computer vision literature.
Note that the criteria of Palmer et al. are not applicable for computer vision tasks as they are defined
in terms of a human observer. Hence, canonical views work in the computer vision community
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has sought to identify principles and algorithms based on the geometry of an object or a set of
photos. For example, Freeman [43] and Weinshall et al. [128] quantify the likelihood of a view by
analyzing the range of viewing conditions that produce similar views, using knowledge of object
geometry. The underlying assumption is that accidental views are less likely to be canonical. An
accidental view of an object is one for which any small perturbation results in a structurally different
appearance — new faces and edges become visible. For example, imagine viewing a pencil by
looking at the point head-on.
More closely related to this thesis are methods that take as input a set of photographs. In particular, Denton et al. [29] use a semidefinite programming relaxation to select canonical views from
a larger set of views, choosing views which are as similar as possible to the non-canonical views
while being dissimilar to each other. Hall and Owen [54] define canonical views as images with low
likelihood, while being orthogonal to each other. They compute a 10- to 20-dimensional eigenmodel
of a set of images (represented as vectors of grayscale values), then iteratively extract the least likely
view that is nearly orthogonal to all previously selected views.
In this thesis, I take a fundamentally different approach to computing canonical views that is
more directly related to the original principles in Palmer et al. Instead of attempting to infer such
views from the geometry or from a set of uniformly sampled views, I use photo sharing websites
to sample the distribution of views from which people choose to take photographs. Hence, I rely
on a population of photographers to provide a likelihood distribution over camera viewpoints (as in
criterion 2), and the task reduces to computing clusters and peaks of this distribution.
A second fundamental difference between this thesis and prior work on canonical views is my
focus on large scale scenes rather than individual objects. While many objects can be represented
effectively with a single canonical view, the same is not true of scenes. (Consider a church, for
example, which has both an interior and an exterior, and may require several images to capture
the interesting aspects.) And while most prior work on canonical views considered only a limited
range of viewpoints (e.g., views on a hemisphere), images from photo sharing websites tend to have
a broad sampling of positions, orientations, and focal lengths, sampling a 7-dimensional viewing
space.
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2.1.2

Images and objects

What is an object? This question is surprisingly difficult to answer. Early gestalt psychologists
enumerated a set of perceptual grouping principles that are used to join a set of primitive elements
(points, lines, etc.) into a single entity [129]. These principles include proximity, appearance similarity, common fate (similarity of movement), and several others. Unfortunately, the gestalt principles are extremely difficult to apply in practice for several reasons. One is that each principle
is only clearly demonstrable when all others are equal — no rules specify how to join primitives
when multiple principles are in conflict. Another is that “primitives” are not well-defined in the first
place, as the dots and lines used in many gestalt demonstrations are themselves formed by the input
from many sensory units. More recent work on perceptual grouping has established new grouping
principles such as common region [91] (enclosure by a common boundary) and connectedness [95],
as well as performed human experiments in order to test the power of various conflicting grouping
cues [73, 93]. Still, there is no dominant end-to-end framework for perceptual grouping, though
some recent work has taken steps toward modeling combinations of gestalt principles probabilistically [72]. A more thorough exposition of gestalt grouping principles appears in Palmer’s textbook
[92].

Image segmentation
The segmentation problem in computer vision is the computational analogue of the perceptual
grouping problem. Usually, the primitive elements are pixels, and an image segmentation is a
partition of the set of pixels into regions corresponding to objects. In some cases, the segmentation is hierarchical — pixels are grouped into more basic objects or parts, which are grouped into
larger objects, and so on. An enormous amount of work has addressed the segmentation problem,
such that it would be impossible to cover thoroughly in this thesis, but a few relevant milestones
are worth mentioning. One early approach to segmentation was based on edge detection. Marr
and Hildreth [83] defined edges as zero-crossings of the second derivative of image intensity, which
also produces well-defined regions. However, this edge detector is usually outperformed by more
advanced detectors [19] that do not have the property of partitioning the image into regions. Shi and
Malik [115] proposed a segmentation technique known as normalized cut based on regions instead
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of edges, in which spectral clustering is performed on the pixel neighborhood graph. More general
clustering algorithms such as k-means [79] and mean shift [23] are also used for image segmentation. However, none of these approaches give satisfactory results in all cases, and fully automatic
image segmentation remains an unsolved problem in computer vision.
I again take a fundamentally different approach to segmentation that exploits large photo collections and relies on a simple cue — primitives that appear together in many photographs are likely
to be grouped together. One way to think about this is as a new grouping cue, similar to the gestalt
cues. However, instead of being a low-level perceptual cue, this cue takes advantage of the grouping
cues that humans actually use, via their photographs.

Photo composition
Many conventions exist in photography regarding the framing of photographs. For instance, it is
often recommended that a photo be framed according to the rule-of-thirds — major boundaries in
the photograph, such as the horizon, should be positioned one-third of the way into the frame, and
prominent objects should be positioned at the intersection of the horizontal and vertical one-third
line [40]. Other conventions include having distances and sizes of objects conform to the golden
ratio

√
1+ 5
2 ,

and avoiding accidental views and alignments between objects [36].

Recent work by Palmer et al. [94], however, suggests that some of these conventions are perceptually unfounded. In a series of experiments, they found that people preferred front-facing objects
to be situated in the center of the image, not at the one-third mark. For side-facing objects, people
preferred the object to be facing the center, possibly as a result of the center bias and a conjecture
that the “perceptual extent” of the object, which might include the space in front of it, differs from
its physical extent. (This concept is also known as “lead room”.) These biases were present when
people evaluated a set of computer-generated test images, as well as when they positioned the objects themselves. Further experiments confirmed these biases in both the horizontal and vertical
dimensions, as well as in actual photographs. The aesthetic value of the golden ratio had been tested
previously on many occasions, with results that are at best inconclusive [53]. Markowsky [81] also
disputes the supposed presence of the golden ratio in many works of art and architecture.
Konkle and Oliva [71] have found that in addition to preferred views (Section 2.1.1), objects also
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have preferred sizes relative to a fixed frame. This canonical size is proportional to the logarithm
of the actual size of the object. In a series of experiments, they found that people preferred photos
with objects at the canonical size, and also drew and imagined the object at this size, similar to
the canonical view results of Palmer et al [96]. Other recent work explores different composition
biases in photos. Gallagher and Chen [46] discover several properties of the distribution of photos
of groups of people, and use these to aid in recognition tasks. For instance, males are likely to stand
in the back row, and toward the edges of a group photo, while females cluster in the center, and this
can be used as a prior for image-based gender classification. Hoiem et al. [60] exploit the likelihood
of objects being present at different image locations to aid in object detection tasks, demonstrating
the benefit of this type of prior for several object types in outdoor street scenes. While this doesn’t
use photo framing per se, as the prior depends more on real-world constraints (e.g. cars are usually
on the ground), Hoiem’s framework could also make use of object location distributions that arise
from deliberate photo compositions.

2.2

Internet photo collections in computer vision

Recently, Internet photo collections have become popular in the computer vision and graphics communities. These photo collections are interesting for several reasons. One reason is that because of
their sheer size and the real-world conditions under which the photos were taken, existing algorithms
must be made to handle orders of magnitude more images under an extremely wide range of camera
parameters, lighting, and so on. As part of their Photo Tourism work [118], Snavely et al. built a
system for matching hundreds of unorganized real-world images using David Lowe’s SIFT interest
point descriptor [80], then creating a 3D reconstruction using an incremental structure-from-motion
algorithm, alternating between adding new cameras to the reconstruction and running a global bundle adjustment step [10]. Further work by Snavely et al. [119] enabled the 3D reconstruction step to
handle thousands of images, by first identifying and reconstructing a smaller skeletal set of images
that approximates the coverage of the entire set while ensuring robustness of the reconstruction. At
the same time, advances in large-scale image matching by Nister and Stewenius [88], Philbin et al.
[97], and Chum et al. [21] enabled image search and retrieval systems (for exact object/landmark
matches) capable of supporting databases containing millions of images. More recently, Agarwal
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et al. [8] built a matching and reconstruction pipeline capable of handling hundreds of thousands
of images of entire cities. It is the existence of such systems that makes this thesis possible —
previously, it would have been impossible to collect statistics on camera poses at the scale required.
Other work by Goesele et al. [50] and Furukawa et al. [45] also builds on the efforts of Snavely
et al. by addressing the multiview stereo problem for Internet photo collections, creating dense 3D
models of objects and scenes.
Another popular use of online photo collections is as image data for computer graphics applications. Lalonde et al. [75] created a user-assisted system for inserting new objects into existing
photos. Instead of manipulating the color, lighting, resolution, etc. of the new object to match the
existing photo, they search a huge collection of photos to find objects that already match, greatly
simplifying the user input needed. Similarly, Hays and Efros [56] fill holes in existing photos by
finding visually and semantically plausible regions from a large photo collection. Kaneva et al. [68]
create imaginary virtual tours by searching a large photo collection for image sequences which are
plausibly (but not actually) related by pans and zooms.
A third use of Internet photo collections is as training data for various recognition tasks. Fergus
et al. [37] used Google’s image search [3] to learn object category models, using a spatial latent topic
model to deal with the fact that an object may appear anywhere in the image, or not at all. Since
then, a great deal of work [116, 110, 76, 12] has taken a similar approach, using semisupervised
or unsupervised learning to extract models for recognizing object categories, faces, and so on. The
manner in which I use online photo collections is conceptually different from all of the above.
Previous work aimed to take advantage of the newfound quantity of online photos, or their variation.
My work depends on the fact that these photos are taken by actual humans, and can be thought of
as votes for some perceptual interpretation of the world.
2.3

Automatic image annotation

Part of this thesis involves automatically selecting text labels for images and objects. Much previous
work exists on this topic, with the goal of answering two general questions:
1. Given an image, can we automatically select text labels to associate with the image? Can we
go even further and associate them with particular objects in the image?
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2. Given a text query, can we find a set of images containing the concept indicated by the query?

Both questions have obvious applications to image organization, browsing, and retrieval. Almost
all recent approaches to answering these two questions involve representing an image and its accompanying annotation as a set of “concepts” from which both the image and its annotation are
generated. This is an extension of ideas from text-only retrieval, where text documents are modeled
as a bag-of-words with each word being drawn from one or more concepts [27, 58, 15].
The prototypical work on image auto-annotation is by Barnard and Forsyth, who extended hierarchical co-occurrence models for text [59] to apply to image regions and associated caption words.
Given a collection of captioned images, they learn a generative model that can be applied to both
auto-annotation and image search. This model consists of a hierarchical concept tree, with more
general concepts (like “sky”) appearing near the root of the tree, and more specific concepts (like
“tiger”) appearing near the leaves. Each image is modeled as belonging to a single cluster, which
corresponds to a path from the root of the concept tree to a leaf. (Since the cluster variable is not
observed, each image has some probability of belonging to each cluster.) An image is represented
as a set of blobs and words, where blobs are image regions as in Blobworld [20] or normalized
cuts [115], and words are associated text labels. Each blob and each word in an image is generated
by one of the concept nodes on the path corresponding to the image’s cluster. The distribution of
blobs and words given each concept is learned from a collection of captioned images using the EM
algorithm [28]. To label a new image, inference is performed in the generative model (given the
blobs only) to compute a distribution over words, and the image can be labeled with the highest
probability words.
Many variations on this basic idea appear in the literature. Blei and Jordan [14] improve upon
the previous model by making it more LDA-like [15]. In the previous model, the entire image
is assigned (softly) to a cluster, which performs poorly when annotating images with objects that
appear together infrequently. Blei and Jordan also explicitly link the regions and words by modeling
each word as being generated by one of the blobs in the associated image. Barnard et al. [11] discuss
many variations on their previous model, including a simple language translation model that first
quantizes the image regions (first appearing in Duygulu et al. [33]).
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Some work has been done on auto-annotation methods that don’t use the image data at all. Naaman et al. [86] describe LOCALE, a system for image auto-annotation and retrieval using only tags
and geotags, where the images are submitted and tagged by a community of users. Using geographic
data instead of visual data restricts this approach to labels associated with a fixed location, but at
the same time transforms the problem from a domain in which representing a concept is extremely
difficult (image data) to one in which it is straightforward (2D points).
Most of the previous work on auto-annotation suffers from a few aspects that makes it less
useful for annotating Flickr images of 3D scenes. First, previous methods are not designed to work
in the case of noisy annotations. Second, previous methods rely on pre-segmentation using low-level
features. Finally, previous methods attempt to solve the very difficult problem of object category
recognition in general images, whereas I am interested in segmenting and labeling object instances
from static 3D scenes, a setting in which object recognition is better understood.
My approach for combining visual and textual data is perhaps simpler than the previous approaches, as I am applying auto-annotation as a post-processing step — Flickr tags are too noisy to
aid in the segmentation process. In addition, I am not attempting to learn an object category model
to apply to unseen images, and handling new images of an already-annotated scene is a simpler
matter of image matching and registration. Processing Flickr tags to automatically annotate images
also has an advantage in that tagged photos are available in much larger quantities than verified
expert-labeled images.
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Chapter 3
SCENE SUMMARIZATION FOR ONLINE IMAGE COLLECTIONS

How can the visual splendor of a city like Rome be conveyed in a few images? While a good
guidebook can provide a lot of information and context to plan your trip, guidebooks tend to be far
less efficient at conveying what you should expect to see. This chapter addresses the problem of
automatically selecting images that best summarize a scene by analyzing tourist photos for a large
population of people.
If a site is visually interesting, it’s almost certain that there are several photos of it on the Internet,
uploaded by people who have visited that site in the past. Hence, the collection of photos on the
Internet comprises an extremely rich and increasingly comprehensive visual record of the world’s
interesting and important sites. However, the unorganized nature of this collection makes finding
relevant photos very difficult. For example, a search for “rome” on the photo-sharing site Flickr [2]
returns a few million thumbnails, listed page-by-page in one of several sort orders, including date
taken and an “interestingness” score whose formula has not been made public. Figure 3.1 shows
one million of these images.
The objective in this work is to automatically derive, from photos downloaded from Internet
sharing sites, a one page visual summary of a scene or city that captures the key sites of interest. In
an interactive setting, a user can see “canonical views” or exemplar photos of each site of interest,
and browse photos on the Internet that correspond to each canonical view. When textual user “tag”
data is available, I show how it can be used to augment scene summaries by analyzing the tag
statistics.
My approach to scene summarization involves three problems. The first is to partition the image
set into groups of images, each corresponding to a different representative view of that scene. The
second is to identify a canonical view to represent each group. The third is to compute textual tag
information that best represents each view. Computing a city summary further requires identifying
all of the distinct sites of interest in that city.
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Figure 3.1: One million images of Rome downloaded from Flickr.

At a technical level, my approach works by applying clustering techniques to partition the image
set into groups of related images, based on SIFT feature co-occurrences. The clustering is performed
using a greedy method that outperforms state-of-the-art approaches for this application. Canonical views are found by using a likelihood measure, also defined based on feature co-occurrences.
Descriptive textual tags are computed using probabilistic reasoning on histograms of image-tag cooccurrences. Due to the large amount of noise in user tags, obtaining high quality tags turns out to
be a challenging problem, on which I show promising results.
3.1

Related work

As mentioned in Chapter 1, Internet photo collections are enormous and continue to grow. Summarization is one approach for dealing with such collections of images. Generally, a summary of an
image collection can be thought of as a small, easily-digestible document (possibly interactive) that
conveys the content of the entire collection. A summary may be in the form of an interactive map,
a small set of representative images, or even a set of links to relevant Wikipedia pages. Summarization techniques are not necessarily able to incorporate new images dynamically, and typically do
not deal explicitly with image regions (in fact, many do not even look at the pixels of the image).
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Figure 3.2: A screenshot of the map-based World Explorer tag browser from Ahern et al. [9]

In addition, summarization has usually been applied to shared collections of images of static 3D
scenes (tourist sites, for instance).
An early research project with the explicit goal of summarization was in 2006, by Jaffe et al.
[62]. This was an extension of earlier work by Naaman et al. [87] intending to organize a single
user’s personal photo collection into discrete events at a hierarchy of locations, rather than summarization per se. Jaffe et al. summarize a multi-user geotagged photo collection from Flickr by
performing hierarchical clustering on the geographic location (latitude and longitude) only, then
automatically selecting a single tag to associate with each cluster. Using the tagged clusters, they
create an interactive map where each tag is associated with a particular location and scale. This
interactive tag map (shown in Figure 3.2) is described in more detail by Ahern et al. [9].
Other work attempts to organize image collections based only on text metadata. While ignoring
the image content sounds like a poor strategy, such methods work surprisingly well in a number
of instances, most notably the original Google Images algorithm [3]. Metadata-based work in the
research community includes Clough et al. [22], who construct a hierarchy of images using only
textual data from a captioned set of images and the concept of subsumption. A tag ti subsumes
another tag tj if the set of images tagged with ti is a superset of the set of images tagged with
tj . Schmitz [108] uses a similar approach but relies on Flickr tags, which are typically noisier
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and less informative than the captions. None of the above approaches take advantage of the visual
information in the images to fill in for bad or missing metadata.
My work on summarization for this thesis uses large photo collections (with up to 250,000
photos) of 3D scenes without using geotags, instead performing clustering based on visual feature
matching. Following my initial work in this area, a great deal of vision-based summarization work
has taken place. After identifying tags that refer to places (like “Logan Airport”) and events (like
“World Cup”) using the technique of Rattenbury et al. [101], Kennedy et al. [70] use visionbased clustering to create summaries from sets of images with place tags. Jing et al. [64] select
a single canonical view from the results of a Google image search. Jing and Baluja [63] extend
this technique to select a set of images, using a PageRank-like [90] criterion. Quack et al. [100]
describe a technique for summarizing even larger collections of geotagged photos on Flickr, using
both geotags and visual features. They use the geotags to avoid the more expensive step of visual
feature matching for pairs of photos not lying in the same latitude-longitude grid cell. Both my
work and theirs attempts to automatically annotate image clusters by selecting accurate tags from
the pool of user-submitted Flickr tags, but they go further and use these tags to link image clusters to
Wikipedia articles. Crandall et al. [25] similarly use geotagged photos to avoid expensive matching,
and also relate summarization to the problem of visual landmark recognition. Li et al. [77] also
explore the relationship between landmark summarization and recognition, and propose an iconic
scene graph representation that is useful for summarization, recognition, and 3D reconstruction
tasks. They also perform clustering on the GIST global image descriptors [89] to simplify the
image matching task.
The Photo Tourism system of Snavely et al. [118] allows a user to browse a set of photos taken
at a single site. Using a structure-from-motion algorithm to compute a sparse 3D reconstruction,
along with the camera location and orientation for each photo, they provide an interactive 3D environment for exploring the scene by transitioning between photographs. While not a summary per
se, this explorable reconstruction provides a more natural way to browse a photo collection than
sifting through hundreds or thousands of thumbnails. One interesting component of this system is a
technique by Szeliski [122] for estimating the vertical direction (which also allows auto-correction
of rotated images), by essentially treating the horizontal direction in each photo as a vote for a family of ground plane orientations, taking advantage of a simple prior — photographers may adjust the
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camera’s pitch, but they typically won’t rotate it around the viewing direction.
Some existing work deals with the problem of laying out a set of images in an aesthetically pleasing way. Rother et al. [103] summarize a set of images with a “digital tapestry”. They synthesize
a large output image from a set of input images, stitching together salient and spatially compatible blocks from the input image set. Wang et al. [127] create a “picture collage”, a 2D spatial
arrangement of the images in the input set chosen to maximize the visibility of salient regions. In
both of these works, the set of images to appear has already been chosen, and the visual layout is
to be determined. I ignore issues of layout and focus on selecting the set of images to appear in the
summary. Once selected, these images could be arranged in any desired configuration.

3.2

Existence of canonical views

For photo clustering to work effectively, the distribution of photos should be non-uniform, and
well-represented by a set of modes. Is this requirement satisfied for the photos that humans take
at most scenes? By examining the distribution of photos of a scene, it is possible to get a sense
for how the scene is typically photographed. There are multiple possible ways to visualize this
distribution: drawing the cameras on an overhead map, showing an unsorted list of thumbnails, or
running our clustering algorithm and displaying the resulting exemplars. These have advantages
and disadvantages — drawing the cameras on a map makes it easy to see where people are taking
photos from, but less easy to see what these photos are of, while showing only thumbnails makes
the relationships between them unclear.
Figure 3.3 shows a graph-based visualization of several scenes, created using GraphViz [5].
This visualization is a 2D physics-based embedding, where a set of masses (one per photo) are
connected pairwise by springs (with strength corresponding to overlap between photos), and the
system is allowed to converge to a stable state. In the visualization, a black dot corresponds to a
photo, while overlapping photos are connected by a green edge (though there are so many edges
that individual edges are mostly indistinguishable). Some thumbnails are also displayed at their
embedded locations.
Figure 3.3 (a) and (b) show Flickr photo collections of the Pantheon and the Statue of Liberty,
while (c) shows a lab-created data set from a multiview stereo benchmark [112]. And while the lab-

26

(a)

(b)

(c)

Figure 3.3: Scene graphs for (a) the Pantheon, (b) the Statue of Liberty, and (c) a structured set of
images of a 3D model. The structured images were taken from uniformly-spaced camera viewpoints,
which results in an image similarity graph which is more-or-less uniform. The Pantheon graph, in
contrast, consists of multiple loosely-connected clusters, while the Statue of Liberty graph consists
predominantly of a single large cluster.

created data appears uniformly distributed, the online photo collections show noticeable clustering
into dominant views, indicating that there is potentially useful information in the distribution of
photos humans take. Recovering canonical views and clusters from this distribution is therefore
reasonably likely to succeed.

3.3

Problem statement

In its most basic form, a summary is a set of photos that represents the most interesting visual
content of a scene. The purpose of a summary is to quickly give a viewer an accurate impression of
what a particular scene looks like. In Section 3.6, I augment summaries to handle photo collections
containing multiple scenes.
The goal, then, given a set of photos V of a single scene S, is to compute a summary C ⊆ V
such that most of the interesting visual content in V is represented in C.
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Figure 3.4: A random set of 32 images of the Pantheon. My algorithm takes an unsorted image set
like this one, but containing thousands of images, and selects a set of canonical views to serve as a
summary.

3.4

Scene summarization algorithm

Given a set of views V of scene S (see Figure 3.4), I wish to compute a summary C ⊆ V that
represents the most interesting visual content in V. Before discussing the algorithm, I describe our
representation of views and scenes:
Scene S is represented as a set of visual features f1 , f2 , . . . , f|S| . Each visual feature corresponds
to exactly one point in the 3D environment. (However, it is possible that due to large differences in
lighting or viewing direction, the same 3D point corresponds to multiple features.) A view V ∈ V is
represented as the subset of S corresponding to the features which are visible in the view. Therefore,
the set of photos V can be represented by an |S|-by-|V| Boolean matrix. This type of term-document
matrix is often used as input for systems dealing with text documents [?], and more recently images
[99]. Note that in many previous cases, each entry (i, j) in the term document matrix is a tally (how
many times term/feature i appears in document/image j). In our case, since a feature corresponds
to an actual 3D point, it can only be present or absent.
The feature-image incidence matrix is computed by the visual matching procedure described in
Appendix A. At a high level, this procedure involves computing interest points in all images, identifying pairs of images with some visual overlap, finding a geometrically consistent set of feature
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matches for each such image pair, and then joining feature matches into tracks that span multiple
images. Each track then corresponds to a single 3D point.
3.4.1

Selecting the summary views

There are a number of possible criteria for choosing views to include in the summary, some of which
are:
likelihood - An image should be included if it is similar to many other images in the input set.
coverage - The summary should cover as many visual features of the scene as possible.
orthogonality - Two images should not both be included if they are similar to each other.
I focus mainly on likelihood, as we are interested in harnessing the consensus of users of photo
sharing sites for selecting canonical views. However, I also explore the use of the other criteria.
Image likelihood
The most popular criteria in previous work on canonical views are likelihood ([43], [128]) and
orthogonality ([29], [54]). However, in previous work, the likelihood of an image referred to the
range of viewing parameters that produces similar views. We, on the other hand, have a set of images
distributed according to the viewpoint preferences of human photographers. Our likelihoods are
measured on this distribution and not inferred solely from geometry (or using a uniform distribution
over viewing directions). We define the similarity between two views as:
|Vi ∩ Vj |
sim(Vi , Vj ) = p
|Vi ||Vj |

(3.1)

Equation (3.1) measures the cosine of the angle between the normalized feature incidence vectors
for the two images. If both views have the same number of features, this is simply the fraction
of features that are shared. If the two views do not share any features, the similarity is zero. It is
also possible to include features with no matches (which are ordinarily discarded in the creation of
the feature-image incidence matrix). This has the effect of reducing the similarity between pairs of
images in which one or both images have many unmatched features, which are sometimes caused
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by foreground clutter. The effect tends to be far too strong, however, and penalizes images with
textured regions, so I currently ignore these features.
Another modification is to use tf-idf weighting [106]. In this scheme, each feature occurrence is
weighted by its “term frequency” (number of times it appears in an image, which is always 1 in this
case) and “inverse document frequency” (logarithm of the total number of images divided by the
number of images containing the feature) before normalization. Using inverse document frequency
increases the importance of features that appear infrequently. I use tf-idf weighting to compute most
of the results in this chapter, but find that it has little to no effect on the output summaries.
In a slight abuse of notation, we will use V to refer to the set of features in a view as well as the
normalized Boolean feature incidence vector or tf-idf vector. So:
sim(Vi , Vj ) = Vi · Vj

(3.2)

A simple definition of likelihood is then:
lik(V ) =

X

(Vi · V )

(3.3)

Vi ∈V

This definiton of likelihood is closely related to the log likelihood of the set of images V being
drawn from a von Mises-Fisher distribution (a spherical analogue of a Gaussian) with the normalized
feature incidence vector for V as mean parameter µ:
p(X|µ, h) =

Y

f (h)eh(x·µ)

(3.4)

x∈X

log p(X|µ, h) = h

X

(x · µ) + log f (h)

(3.5)

x∈X

where h is the nonegative concentration parameter and f (h) is the normalizing constant chosen so
that p(x|µ, h) integrates to one. Note that h only specifies a linear transformation on the sum of
similarities, and can often be ignored.
Clustering objective for canonical views
Because our goal is to represent the target image set V, we include a quality term for each view
Vi ∈ V expressing the similarity between Vi and its closest canonical view Cc(i) in C, where c
contains the mapping of views to canonical views. Also, we want to penalize solutions with too
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(a) Canonical views selected by the spherical k-means algorithm with k = 6.

(b) The output of the greedy k-means canonical views algorithm with k = 6.

(c) The output of the greedy k-means algorithm with k = 6 and orthogonality weight β = 100.

(d) All six photos from the Wikipedia [6] entry for the Pantheon, in order of appearance.

(e) Left to right: one Pantheon photo from the Berlitz [111] and Lonely Planet [61] guidebooks, and
three from Fodor’s [42]. These are the only images of the Pantheon in the three guidebooks.

Figure 3.5: Comparison of several summaries of the Pantheon. Summary (a) illustrates the failure
of the spherical k-means algorithm to find meaningful clusters. Summaries (b) and (c) are typical
results, and also demonstrate the effect of the explicit orthogonality constraint. Hand-created summaries (d) and (e) are included for comparison. Note that my computed summary views are quite
similar to those in Wikipedia and the guidebooks. When we produce larger summaries, we often
select interesting views which are left out of Wikipedia and typical guidebooks.
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many canonical views, as our summaries are meant to be readable quickly, so we include a cost
term α for each canonical view. Our algorithm attempts to maximize the following quality function:
Q(C) =

X


Vi · Cc(i) − α|C|

(3.6)

Vi ∈V

The summation term is closely related to the log likelihood of the set of views V being drawn from
a mixture of von Mises-Fisher distributions with equal mixture weights and common concentration
parameter h. The −α|C| term can be thought of as enforcing a geometric prior on the number of
canonical views. Alternatively, we can fix the number of canonical views and maximize only the
similarity portion of the objective.
This objective function implicitly encourages the canonical views to be orthogonal, as each view
V need only be explained by one canonical view. In cases where orthogonality is more important, I
add an extra term to the objective function:
Q(C) =

X

X X


Vi · Cc(i) − α|C| − β
Ci · Cj

Vi ∈V

Ci ∈C Cj>i ∈C

This explicitly penalizes pairs of canonical views for being too similar (see Figure 3.5(c)).
Without the −α|C| term, the function could be optimized by a simple modification of the spherical k-means algorithm ([30]) in which the means are restricted to views in the data set. However,
even in the simplified case where |C| is known, the spherical k-means algorithm performs poorly
when the dimension is large and many pairs of views have zero overlap. To illustrate why this is so,
imagine a scene with two objects A and B. Now suppose 60% of the views contain only object A,
30% of the views contain only object B, and 10% of the views contain both objects. If we initialize
two canonical views randomly, the most likely configuration is two views of object A only, from
which the desired solution is unreachable. This situation is not far-fetched from reality, as Schlieder
and Matyas [107] have shown that online tourist photos appear to follow a power-law distribution,
with a characteristic long tail. In general, the spherical k-means algorithm is extremely sensitive to
the initial configuration (see Figure 3.5(a)). We avoid this problem by using the following greedy
algorithm, beginning with C = ∅:
1. For each view V ∈ V \ C, compute
QV = Q(C ∪ {V }) − Q(C).
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2. Find the view V ∗ for which QV ∗ is maximal.
3. If QV ∗ > 0, add V ∗ to C and repeat from step 1. Otherwise, stop.
At each iteration, we choose the view that will cause the largest increase in the quality function and
add it to the set of canonical views, as long as this increase is at least α. If not, we stop. Cornuejols et
al. [24] proved that this greedy algorithm always yields a solution that has quality at least

e−1
e

times

the optimal solution, where e is the base of the natural logarithm. I find that the greedy algorithm
(Figure 3.5b and 3.5c)) also performs much better in practice than the standard spherical k-means
algorithm (Figure 3.5a), which has an arbitrarily bad approximation ratio. This algorithm also frees
us from having to choose the number of canonical views in advance, though we do need to specify
α. When using explicit orthogonality penalties, the proof of approximation bound no longer applies,
though we find the algorithm still works well in practice. We have also experimented with running
the standard spherical k-means algorithm initialized with the means chosen by the greedy algorithm.
For most of our data sets, this changes very few of the means, and changes them to nearly identical
views.
Figures 3.6, 3.7, and 3.8 show summaries computed by my greedy k-means algorithm for all
scenes, with tags automatically selected by the approach described in Section 3.6.2.
3.5

Evaluation

In this section I describe qualitative and quantitative approaches for evaluating scene summarization
algorithms.
3.5.1

Comparison of summarization objectives

Other exemplar-finding algorithms have been proposed for summarization. One well-known approach is VisualRank [63], an analogue to Google’s PageRank [90] algorithm for ranking web
search results. The idea is that instead of connections based on hyperlinks, connections between
images are based on visual similarity between the two images. Then, the VisualRank of an image
is some estimate of its centrality in the underlying collection of images. While centrality may be a
reasonable criterion for ranking web search results, it is less reasonable as the sole criterion for constructing a summary set of images. Image similarities, unlike the web hyperlinks used by PageRank,
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Grand Canal

Cesky Krumlov

Colosseum

Dubrovnik

Roman Forum

Hagia Sophia

Figure 3.6: Six-image summaries of several scenes, with orthogonality penalty β = 100.
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San Gimignano

Statue of Liberty

Piazza Navona

Pantheon

Pisa Duomo

Figure 3.7: Six-image summaries of several scenes, with orthogonality penalty β = 100.
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Old Town Square

Piazza San Marco

St. Peter’s Basilica

Trafalgar Square

Trevi Fountain

Figure 3.8: Six-image summaries of several scenes, with orthogonality penalty β = 100.
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are symmetric and near-transitive — if image A is similar to B and B is similar to C, then it is likely
that A is also similar to C. This means that if two images are visually similar, they are likely to have
similar VisualRank, and the set of highest-ranking images is likely to consist of near-duplicates.
Another summarization algorithm that could be used is an exemplar-based version of mean shift
[23], where the means must be points in the data set. Mean shift works by initializing a set of
windows centered on each of the data points, and repeatedly shifting each window to the mean of
the points it contains until convergence. The resulting fixed points are then chosen as exemplars.
This algorithm has a few drawbacks. First, since it is not optimizing anything, it’s unclear how other
desired criteria, such as the orthogonality constraint, could be incorporated. Second, in practice, the
mean shift algorithm often returns summaries containing several dozen images for small scenes even
at the maximum window size, where any two views with nonzero overlap are considered neighbors.
Figure 3.10 shows a summary of Old Town Square in Prague computed by VisualRank, mean
shift, a greedy covering algorithm that tries to cover as much of the scene as possible, and my
greedy k-means algorithm that attempts to explain as many images as possible. As expected, the
VisualRank algorithm produces a summary set containing only images of the Tyn church, the mostphotographed object in the scene. The scene coverage algorithm tends to choose images with lots
of “stuff”, whether or not these are commonly-photographed views. (This may also be a reasonable
approach to summarization.) Mean shift is unable to produce a summary of fewer than 11 images
for this scene, and the summary set contains some redundancy.

3.5.2

Comparison of algorithms for summarization objective

I use the greedy k-means algorithm to optimize the similarity objective in Section 3.4.1, as it is
conceptually simple and has a guaranteed approximation ratio. However, other algorithms exist that
attempt to maximize the same objective. One simple algorithm is ordinary k-means with the means
restricted to input data points, which performs poorly, as discussed above. Another algorithm that
has received some attention is affinity propagation by Frey and Dueck [44]. Affinity propagation
uses a message-passing scheme to simultaneously compute exemplars and clusters. While this algorithm provides no optimality guarantees, it has been shown to perform well in practice for a number
of problems [32, 31, 49]. However, for clustering problems that arise from similarity graphs on
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(a)

(b)

(c)

(d)

Figure 3.9: Scene summaries of Prague’s Old Town Square computed by (a) VisualRank, (b) a
greedy scene covering algorithm, (c) mean shift, and (d) greedy k-means. Note that summary (c)
contains 11 images.
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Figure 3.10: Greedy k-means and affinity propagation objective function values for several scenes,
and multiple values of the cardinality weight α for each scene. Greedy k-means nearly always
outperforms affinity propagation, with a greater difference for larger values of α (fewer clusters).

Flickr photo collections, greedy k-means outperforms affinity propagation the vast majority of the
time.
Figure 3.10 shows the objective function values achieved by greedy k-means and affinity propagation for a few scenes and several values of the cardinality weight α, which indirectly controls
the number of canonical views. Table 3.1 shows the median ratio across several different values of
the cardinality penalty α of the objective achieved by greedy k-means to the objective achieved by
affinity propagation. In all cases greedy k-means outperformed affinity propagation, though not by
a huge factor. However, the added simplicity of greedy k-means further justifies its use on these
problems.1
1

One potential drawback to greedy k-means is its sequential nature — each exemplar depends on the previous exem-
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median ratio

median ratio

Grand Canal

1.04

Cesky Krumlov

1.09

Colosseum

1.15

Dubrovnik

1.04

Roman Forum

1.07

Hagia Sophia

1.07

San Gimignano

1.10

Statue of Liberty

1.09

Piazza Navona

1.05

Pantheon

1.14

Pisa Duomo

1.09

Old Town Square

1.06

Piazza San Marco

-

St. Peter’s Basilica

1.06

Trafalgar Square

1.18

Trevi Fountain

1.07

Table 3.1: Median improvement (over multiple values of the cardinality penalty α) in objective function value achieved by my greedy k-means algorithm over affinity propagation for all scenes except
Piazza San Marco, on which affinity propagation ran out of memory. Greedy k-means outperformed
affinity propagation for all scenes, is guaranteed to achieve a constant factor of the optimal objective
value, and is conceptually much simpler than affinity propagation.

3.6

Image browsing application

In this section, I describe an image browsing application that can be constructed on top of this
basic scene summarization method, extending it to photo collections containing many scenes, and
incorporating user-specified tag data into the summaries.
The photo sharing website Flickr [2] contains over 2 million photos of the city of Rome, spanning such sites as the Colosseum (over 100,000 photos), St. Peter’s Basilica (over 70,000 photos),
and the Trevi Fountain (over 60,000 photos). The photos are organized by user-specified tags, by
photographer, and, in some cases, by timestamps and geotags. A system for summarizing and
browsing photos using only this data is handicapped in several ways, as illustrated in Figure 3.12:
• Some photos are missing relevant tags. A photo of the Colosseum may be tagged with “rome”
but not “colosseum”. Thus, a summary of the Colosseum could not include this photo, and it
plars selected. The message-passing approach taken by affinity propagation may be more easily parallelizable.
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would not be browseable under the “colosseum” tag.

• Some photos have tags that are misleading. A user might tag a set of photos with “vatican”
even if some of the photos were not taken in the Vatican. A summary of the Vatican may then
include these photos incorrectly.

• Some photos have tags that are uninformative. A user might tag a set of photos with “vacation2005”, which may be useful for the user’s own photo organization, but useless for creating
a summary of Rome that is of value to multiple users.

• Tags are essentially useless for summarizing or browsing a scene where most of the photos
depict the same object. In the case of the Trevi Fountain, a flat index of over 60,000 photos is
too large to browse, and the variation among the photos is not reflected in the tags.

I present a prototypical browsing application using our scene summaries that resolves all of these
issues. The application can function in the complete absence of tags, but when tags are provided,
our system can extract tags which are likely to be correct and use them to enhance the browser.

3.6.1

Organizing the photos for browsing

For a single scene, our set of canonical views C, along with the mapping from each image in V to its
most similar canonical view, can serve as a simple two-level hierarchy for image browsing. The top
level of the hierarchy contains the canonical views, and beneath each canonical view C is the set of
images V ∈ V such that C is the most similar canonical view to V .
For larger image collections that span multiple scenes, we add another level to the top of the
hierarchy. We construct the three-level hierarchy in two steps:

1. Find the connected components of the image collection; each connected component comprises
a scene, as defined in Section 3.3.

2. For each scene, use the greedy algorithm from Section 3.4.1 to compute the canonical views.
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A browseable summary of the city of Rome can be found on our project web page, located at
http://grail.cs.washington.edu/projects/canonview/. Screenshots of this summary can be seen in Figure 3.11. Summaries computed from even larger photo collections can
be found at http://grail.cs.washington.edu/rome/. These city-level summaries of
Rome (150,000 images), Venice (250,000 images), and Dubrovnik (57,845 images) are computed
using the matching and reconstruction system of Agarwal et al. [8] and my summarization algorithm.
Note that image connectivity does not necessarily correspond with the semantic concept of a
scene, and connected components is prone to oversegmentation and undersegmentation. One possible solution to the undersegmentation problem is to use the soft clustering approach of Philbin
and Zisserman [98]. In the next section, I introduce a different technique for getting around scene
connectivity issues, by exploiting tag data.
3.6.2

Incorporating tag data

At either the scene or cluster level, I enhance the summaries by displaying one or more tags for each
canonical view. As the user-specified tags associated with each image may be unreliable (see Figure
3.12), I look at all images in the scene or cluster to choose the tags to display. Two main difficulties
arise in selecting appropriate tags:
1. The most popular tags in the cluster may be associated with a broader concept than the cluster
itself. For example, the most popular tags for a cluster containing images of the Pantheon
may be “italy” and “rome”.
2. The occurrence of a tag may be highly correlated with the cluster because of the behavior of a
few users. Tags like “anniversary2005” or “jason” could be strongly associated with a cluster,
but do not help describe the scene.
I define a function score(c, t) that measures how well tag t describes cluster c. A first approach
might be to choose tags with large values of P (t|c). However, this falls into the first trap above, and
assigns tags that are correct, but not very discriminative, like “rome” or “italy”, to most clusters.
One might also consider choosing tags with large values of P (c|t). This avoids the first problem,
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(a)

(b)

(c)

Figure 3.11: (a) A top-level summary of 20,000 images of Rome. (b) A scene-level summary of the
Colosseum exterior, accessed via the second image of the top-level summary. (c) One of the clusters
of Colosseum images, associated with the third canonical view of the scene-level summary.
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Figure 3.12: Six randomly selected images of the Trevi Fountain, and tags given to each image by
Flickr [2] users. Note that none of these tags are useful for browsing images of the Trevi Fountain.

but ends up choosing useless tags that happen to be discriminative, like “anniversary2005”, for most
clusters. To resolve both issues, I compute the score as a pointwise divergence between the joint
probability P (c, t) and the probability of co-occurrence if the cluster and tag are independent:
score(c, t) = P (c, t)log

P (c, t)
P (c)P (t)

(3.7)

For all probabilities, we treat each image as a sample and count the number of co-occurrences. We
therefore define:
{V ∈ V , c(V ) = c, t ∈ T (V )}
V

(3.8)

P (c) =

{V ∈ V | c(V ) = c}
V

(3.9)

P (t) =

{V ∈ V | t ∈ T (V )}
V

(3.10)

P (c, t) =

where c(V ) is the cluster associated with view V , and T (V ) is the set of tags associated with
V . Note that strictly speaking, P represents frequencies instead of probabilities, as we are only
measuring the former. I also remove all tags which have been given by fewer than 3 users, as these
are likely to be noise. I use the above score function at both the scene and cluster level. However, for
many clusters, accurate tags do not exist or are rare enough to be indistinguishable from user-specific
tags.
Using tags for browsing can avoid problems associated with the connected components segmentation. For example, in Figure 1.1, the Pantheon is split among multiple segments, since connecting
images are missing. However, in our browseable index (Figure 3.11), we also allow a user to view
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top 1

top 3

best

top 1

top 3

best

Grand Canal

4

4

4

Cesky Krumlov

1

1

1

Colosseum

0

0

0

Dubrovnik

3

4

5

Roman Forum

3

4

4

Hagia Sophia

1

1

2

San Gimignano

4

5

5

Statue of Liberty

1

1

1

Piazza Navona

1

3

4

Pantheon

1

2

4

Pisa Duomo

1

1

2

Old Town Square

4

4

5

Piazza San Marco

4

5

6

St. Peter’s Basilica

2

3

4

Trafalgar Square

4

4

5

Trevi Fountain

0

0

0

Table 3.2: Number of accurately-tagged clusters for each scene, out of the top 6 clusters computed
by my summarization algorithm. For each scene, my tagging algorithm selected its top 3 tags for
each cluster, in order. This table lists the number of clusters for which the top tag was correct, the
number of clusters for which one of the top 3 tags was correct, and the number of clusters that are
taggable. For example, different views of the entire Trevi Fountain are not really taggable in any
meaningful way.

the set of clusters associated with a given tag. Under the “pantheon” tag, clusters from both segments appear in the index. Note that this is not the same as ordinary browsing by tags, for example
on Flickr [2], as in our index many of the images browseable under the tag “pantheon” were not
given the tag by any Flickr user.

Tag evaluation
To evaluate the automatic tag selection algorithm, I computed the top 3 tags for the top 6 clusters
in each scene, and counted the number of clusters for which (a) the top tag, (b) any of the top 3
tags, and (c) any possible tag could be said to accurately describe the cluster (but not the entire
scene). The results are shown in Table 3.2. For most scenes, where the clusters are even taggable,
my algorithm selects good tags for most of the clusters. An example of a scene with untaggable
clusters is the Statue of Liberty — the clusters just consist of different views of the statue. While
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this evaluation is subjective, I have also included the summaries and tags themselves (Figures 3.6,
3.7, and 3.8), so the reader may perform his/her own evaluation.
3.7

Discussion

In this chapter, I defined the problem of scene summarization, and provided an algorithm that
solves this problem on large image sets. When textual tags are associated with each image, they
can be used to enhance the summaries, in spite of the large amount of noise in the tags. I also
demonstrated an image browsing application that uses this summarization approach, and show how
scene summaries can serve as portals into an interactive 3D browser (see the project web page at
http://grail.cs.washington.edu/projects/canonview/).
The computed summaries and image browser allow a user to quickly navigate a huge collection
of images in a way that was previously impossible, and has the capability to greatly enhance the
experience of browsing photo collections on Flickr [2] and other photo sharing sites.

3.7.1

What do people look for in a summary?

One interesting question that remains to be answered fully is what criteria humans use for judging
or creating scene summaries. Kennedy and Naaman [69] performed an experiment where they had
subjects evaluate scene summaries for representativeness (few irrelevant photos), uniqueness (little
overlap among photos), comprehensiveness (no important views missing), and overall satisfaction.
The summaries to be evaluated were generated by several clustering methods using combinations of
tags, visual features, and location. Using visual features was found to be a significant improvement
over tags and location, especially in terms of representativeness and overall satisfaction. However,
this improvement may merely reflect the fact that visual matching is useful for pruning irrelevant
photos (since they won’t match anything).
In an attempt to discover some of the summarization criteria used by humans, I set up a similar
experiment using workers from Amazon Mechanical Turk [1]. Each worker was shown two summaries of the same scene, for three different scenes, and had to choose the preferred summary for
each scene. I also asked each worker to indicate whether or not he/she was familiar with each scene.
The summaries shown were of two types: some were automatically computed using greedy k-means
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Figure 3.13: A screenshot of one of the summary comparisons shown to Mechanical Turk users.

with varying numbers of clusters, and others consisted of the photos from a single Flickr user’s photostream. In total, there were approximately 30 summaries per scene for 15 different scenes, and
each pair of summaries for the same scene was compared 4.6 times, for 30000 total comparisons.
I gave the following instructions:
You will be presented with two sets of photos of several tourist sites. For each tourist
site, choose the set of photos you would prefer to include in a guidebook entry about
the site. An ideal set of photos should show the important views of the site with as little
repetition as possible. You may also consider other criteria such as image quality or
relevance.
A screenshot of one of the summary comparisons can be seen in Figure 3.13.
The results of this experiment were mostly inconclusive. 72.8% of the time, the longer summary
was chosen. Since each pair of summaries was evaluated by multiple workers, it’s possible to
compute the consistency of the evaluations. 76.5% of the time, the summary preferred by a particular
worker was the summary chosen most often when the exact same pair was compared. This is an
upper bound on how well any feature of the summaries could predict summary preferences, meaning
that simply choosing the longer summary will achieve close to optimal accuracy. All workers agreed
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on 2127 out of 6514 evaluation pairs (32.7%). For these pairs with unanimous agreement, the longer
summary was preferred 95.1% of the time.
For summaries that were the same length, the summary preferred by a particular worker was
the more popular of the two summaries 70.0% of the time, indicating that there was at least some
agreement beyond length. However, neither similarity to the collection nor orthogonality was able to
predict the correct classification with much accuracy, achieving 52.9% and 55.0% accuracy, respectively. Simple measures of image quality were also not good predictors of the preferred summary.
The worker claimed to be familiar with the scene only 18.8% of the time. The most recognized
scene was the Statue of Liberty (26.8%) and the least recognized was Dubrovnik (14.9%). Claiming
to recognize a scene required checking a checkbox, so these low familiarity rates can at least partly
be attributed to laziness. Overall, the outcome of this experiment illustrates the difficulty of eliciting
scene summary preferences from humans in a meaningful way. An interesting future experiment
might be to ask users to construct summaries themselves from a collection of images of manageable
size.
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Chapter 4
SCENE SEGMENTATION USING THE WISDOM OF CROWDS

The distribution of photos in a large collection holds valuable information about the content
of the scene. In the previous chapter, I used this information to select interesting views of the
scene. In this chapter, I seek to leverage this information to automatically identify and segment
interesting objects. While extremely challenging to solve purely by analyzing pixels in a single
image, this problem is much more tractable with a large image collection. For example, a robust
interest operator is obtained by simply finding features (e.g. SIFT [80]) that appear in numerous
photos. By identifying oft-photographed features, this operator tends to highlight the parts of the
scene that people find most interesting. The fact that this works robustly is a powerful demonstration
of the wisdom of crowds [121], where a community of people combine to provide information that
is otherwise difficult to obtain.
While detecting interesting features is straightforward via simple counting methods, identifying
interesting objects is more challenging, as it necessitates segmentation — another difficult, ill-posed
computer vision problem. To address this segmentation problem, I propose a new field-of-view cue
for inferring perceptual grouping information from large photo collections. The key idea is very
simple—it’s based on the observation that people tend to take photos of “objects” as opposed to
arbitrary regions of the scene, and these objects are usually framed within the field of view of the
photo. Consequently, if two points are on the same object, those two points will likely appear
together in many photos. I therefore use the co-occurence of features in many images as a cue for
grouping them together.
In this chapter, I introduce this field-of-view cue and techniques for leveraging it for identifying
and segmenting objects in images and point clouds. I also demonstrate the use of this analysis to
display the relative importances of objects, automatically compute textual labels for these objects
from noisy user-contributed Flickr tags (which are attached to images, not image regions), and
browse a scene using an interactive map.
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(a)

(b)

(c)

(d)

Figure 4.1: (a) A “bad” image of the Hagia Sophia. (b,c) Two “good” images of objects in the
Hagia Sophia. Good images provide useful segmentation cues. (d) An image of the Trevi Fountain
showing why photo collections of some scenes may not contain many good images. In this case,
there are interesting statues in the façade, but it is difficult for photographers to get close enough to
photograph them individually.

4.1

Related work

The problem of decomposing a set of images into recurring objects in an unsupervised manner has
been the subject of much recent work in computer vision, such as Fergus et al. [38], Sivic et al.
[116] and Sudderth et al. [120]. In this chapter, I address this problem for static scenes, where
objects always have the same 3D context and variation among images arises from differing camera
positions and viewing directions.
Russell et al. [104] use grouping cues in an unsupervised approach to object category segmentation. They compute multiple segmentations for each image and then apply a latent topic model
where the segments serve as documents, relying on the fact that each object will appear against
several different backgrounds, so “bad” segments will contain multiple latent topics. In this thesis,
however, as I deal only with static scenes, any image region will almost always appear in the same
context. I instead rely on the field-of-view of human-taken photographs to provide grouping cues.
Similar camera cues are used in other work. For example, Philbin and Zisserman [98] use spectral
clustering to extract objects from a set of photographs. Unlike my approach in this chapter, they operate under the assumption that each image only contains a single object. Epshtein et al. [35] use the
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distribution of viewing frusta (and ignoring visibility) in a photo collection to organize the photos
into a hierarchy. Campbell et al. [18] use a camera fixation cue that is similar to a field-of-view cue
to solve a somewhat different problem, computing a consistent 3D shape from a set of photographs
and using it to segment an object in a set of images.
In Section 4.5.2, I describe my approach for automatically annotating images containing the
extracted objects. Related work on image auto-annotation is discussed in Chapter 2.

4.2

Segmentation of static scenes

Much existing work deals with identifying and segmenting object categories from visual scenes,
where each object may appear against different backgrounds in different images. I address a different question: how can one identify and segment interesting objects from a static scene? The fact that
the background changes was important for previous work, and enabled a solution using latent topic
models. While handling static scenes may seem like a simpler problem, the fact that the background
is not changing is a challenge — different cues are needed.
I instead use information provided by the distribution of photos taken of the scenes. To segment
the scenes, I use what could be called a field-of-view or incidence constraint. For scenes that contain
individual objects of interest, I hypothesize that multiple photographers are going to take pictures
“of” each object: pictures in which the object is prominent and takes up most of the frame. I
call such images “good”, and other images “bad”. Good images, for our purposes, are ones which
provide useful segmentation cues. Figure 4.1 shows a few example images of both types. When
enough images are good, field-of-view constraints can be used to accurately segment the scene
into interesting objects. In the remainder of the paper, I describe a simple scene model which
takes advantage of field-of-view constraints and evaluate the effectiveness of this model on several
different scenes. I also demonstrate the three applications of scene segmentation mentioned above:
an “interestingness” viewer, an automatic object labeler that uses user-submitted Flickr tags, and
an overhead map browser. In addition, I discuss some observations about the relationship between
objects and the photos people take.
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(a)

(b)

(c)

Figure 4.2: (a) A case in which field-of-view cues and spatial cues agree, indicating a pair of objects.
(b) A case in which field-of-view cues indicate a single object but spatial cues indicate a pair of
objects. (c) A case in which field-of-view cues indicate a pair of objects but spatial cues indicate a
single object.

4.3

Algorithm

Given a set of images of a scene, I first follow the reconstruction pipeline described in Appendix A:
1. Use the SIFT keypoint detector [80] to extract feature regions from all images. These regions
are represented using the SIFT descriptor.
2. For each pair of images, perform feature matching on the descriptors. Prune this set of
matches by using RANSAC [41] to estimate a fundamental matrix, removing all inconsistent matches.
3. Organize the matches into tracks (connected components of features) removing tracks that
contain multiple features in the same image.
4. Perform structure-from-motion [118] on the set of feature tracks, which returns a set of 3D
point locations for all valid tracks, as well as camera parameters for each image.
I now operate on two structures, the (sparse) point-image incidence matrix, indicating which points
appear in which images, and the set of 3D point locations. Let V be the set of images and X be the
set of points, with M = |V | and N = |X|. I use xj ∈ Vi if point j is visible in image i. The goal
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(a)

(b)

(c)

Figure 4.3: Graphical models for (a) a mixture of Gaussians on 3D point locations, (b) the pLSA
model, and (c) the combined model that uses both point location and image incidence information.
In each of these models, N is the number of scene points, M is the number of images, and Ni is the
number of scene points visible in image i. The rectangular plates indicate repetition — the nodes
within each plate are replicated for each image or point.

is to compute a clustering C over the points X, where two points belong to the same cluster if they
are part of the same object.

My approach is to use both field-of-view cues and spatial cues to segment the scene. Figure 4.2
illustrates how these cues work at a basic level. Field-of-view cues encourage points seen in the same
view to be part of the same object, while spatial cues encourage objects to be spatially localizable. I
use image incidence to enforce field-of-view cues and a single 3D Gaussian distribution per object
to enforce spatial cues. To construct a probabilistic model that takes advantage of both types of cues,
I combine a mixture of 3D Gaussians (Figure 4.3a), which uses spatial cues only, and pLSA [58]
(Figure 4.3b), which uses incidence cues only. My combined model (Figure 4.3c) uses both types
of cues.
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I briefly review the probability distributions specified by a mixture of Gaussians and pLSA, and
combine them into a single model. A mixture of Gaussians corresponds to the following distribution:

P (C, X|π, µ, Σ) =

Y

P (cj |π)P (xj |cj , µ, Σ)

(4.1)

j

P (cj |π) ∼ Mult(π)
P (xj |cj , µ, Σ) ∼ N (µcj , Σcj )

In this model, there is a class variable cj associated with each point xj . The class variable is drawn
from a multinomial distribution (Mult) with parameter π, where πc is the probability that a point
will belong to class c. The point locations are drawn from 3D Gaussians with parameters µcj and
Σcj , where the point class cj specifies which Gaussian to use. The pLSA model corresponds to the
following distribution:

P (C, X|θ, Φ) =

Y Y

P (cij |θi )P (xij |cij , Φ)

(4.2)

i j|xj ∈Vi

P (cij |θi ) ∼ Mult(θi )
P (xij |cij , Φ) ∼ Mult(Φcij )

This model is usually used to decompose a set of text documents (represented as word incidences
or counts) into latent topics. The generative process for a word incidence in an image in pLSA is
the following: first draw a class c (a topic) from the image-specific class distribution θi , then draw a
word from the class-specific word distribution Φc .
In ordinary pLSA, the same word can appear multiple times in a single document. In my case,
however, the words come from a finite set of 3D points, none of which can appear more than once in
a single image. In the pLSA model, there is a class variable cij for each point-image incidence. In
other words, a point can belong to different objects in different images. This is not really desirable
in my case, so I restrict the model to use a single class variable per point. In addition, I introduce a
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spatial term. The combined model corresponds to the following distribution:


Y Y
P (C, X|θ, π, µ, Σ) = 
P (cij |θi ) ×

(4.3)

i j|xj ∈Vi




Y



P (cj |π)P (xj |cj , µ, Σ)

j

P (cij |θi ) ∼ Mult(θi )
P (cj |π) ∼ Mult(π)
P (xj |cj , µ, Σ) ∼ N (µcj , Σcj )
cij

= cj

Instead of directly replacing the multinomial topic distributions from pLSA with 3D Gaussian distributions, I add a single class variable cj for each 3D point xj and tie the values of the incidence
class variables cij with cj . The resulting model is not strictly a valid Bayesian network, but could
easily be converted to one in which the cij variables are eliminated and cj is directly conditioned
on all of the images in which the point appears (see Figure 4.3c). Another way to think about this
model is as a mixture model where the data consists of point locations and image incidences — that
is, the set of images in which a point appears. Under either interpretation, the above joint density is
amenable to (local) maximization using the EM algorithm [28].
4.4

Evaluation

I performed several different experiments to test the validity of this model.

4.4.1

Hand-labeled ground truth

In the first experiment, I tested the model on six scenes with a hand-labeled ground-truth clustering.
Each scene contains between 300 and 3000 images (exact numbers in Appendix A) downloaded
from Flickr: Trafalgar Square, the Pantheon in Rome, Hagia Sophia, Trevi Fountain, Old Town
Square in Prague, and Piazza Navona. These scenes all contain component objects which have
names and can be identified visually. In order to test the automatic segmentations, I created groundtruth clusterings for each scene manually, as follows. For each scene, I reconstructed a set of 3D
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Trafalgar

Pantheon

Hagia Sophia

Trevi

Prague

Navona

mixture of Gaussians

1.15

1.36

0.63

0.81

0.35

0.68

pLSA

2.07

1.70

0.64

3.12

1.13

1.46

combined model

0.69

0.38

0.53

2.07

0.20

0.45

Table 4.1: Median values of the VI clustering metric V I(C, C ∗ ) for each algorithm and scene, over
multiple runs of EM. Lower values indicate the computed clustering is closer to the hand-labeled
clustering.

points using the system of Snavely et al. [118]. I then assigned 3D points to clusters by manually
selecting regions in images and grouping all points in the selected region with a particular cluster.
Though any hand-labeling of this nature is somewhat arbitrary, I attempted to label objects as uncontroversially as possible. I also used Wikipedia text and images to decide which objects should be
included when there was some uncertainty. In other cases, there is a natural segmentation implied
by the scene. For example, in the Trafalgar Square scene I labeled each building and statue as a separate object. Since the reconstructed scenes contain hundreds of thousands of 3D points, many of
which don’t belong to an easily nameable object, I only hand-labeled a small fraction of the points,
and evaluate our algorithm on these points only. Note that the aforementioned manual steps were
used only to create the ground truth used for evaluation purposes. The segmentation algorithms
themselves are fully automatic.
For each of the six scenes, I tested three different models: a mixture of 3D Gaussians, the pLSA
model, and the combined model that uses both spatial and incidence cues. Each model was tested
using multiple different values of k, the number of clusters. For each value of k, I used 5 different
random initializations and ran 100 iterations of the EM algorithm for each, then kept the single result
with highest joint probability for each value of k. I created hard cluster assignments by assigning
each point to its most likely cluster (or, for pLSA, the cluster under which the point has highest
probability). I evaluate clusterings using Meila’s Variation of Information metric [85]. Given a
ground truth clustering C ∗ and computed clustering C, the VI metric V I(C, C ∗ ) = H(C|C ∗ ) +
H(C ∗ |C) measures the amount of information lost and gained between the two clusterings. For
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(1)

(2)

(a)

(b)

Figure 4.4: Evaluation of clustering C against ground truth clustering C ∗ for the (1a) Trafalgar
Square, (1b) Pantheon, (2a) Old Town Square, and (2b) Trevi Fountain datasets. The horizontal
axis H(C|C ∗ ) is a measure of over-segmentation, and the vertical axis H(C ∗ |C) is a measure of
under-segmentation. The lower left corner is optimal. Note that for the Trevi Fountain, both pLSA
and the combined model are prone to undersegmentation, as most images of the Trevi Fountain are
of the entire façade. This causes field-of-view cues to prefer larger objects, even when there are
interesting details within the façade.
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(a)

(b)

(c)

Figure 4.5: Satellite view of ground truth (top row) and computed segmentations (bottom row)
for (a) Trafalgar Square, (b) Old Town Square, and (c) Piazza Navona. Each color corresponds to
a different cluster. For the Trafalgar Square scene, not all reconstructed points are shown in the
computed segmentation to avoid clutter. As there is no explicit correspondence between groundtruth clusters and computed clusters, the ground-truth clusterings do not use the same color scheme.

two identical clusterings, this value is zero. Also, by looking at the two conditional entropy terms
separately, it is possible to get a sense of how over- and under-segmented C is.
Table 4.1 contains median VI distances for each of the three algorithms and six scenes. The
combined model performs best on all scenes except the Trevi Fountain, which suffers from undersegmentation as photographers cannot get close enough to the façade to take closeup images of the
interesting objects (without a zoom lens). Figure 4.4 shows our over- and under-segmentation results on four of the scenes. In general, when the collection of photographs contains many images
of interesting objects, our combined model does well. Since what we are testing is whether or not
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Grand Canal

Cesky Krumlov

Colosseum

Dubrovnik

Roman Forum

Figure 4.6: Image views of scene point clusterings for several scenes.
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San Gimignano

Pantheon

Old Town Square

Piazza San Marco

Trafalgar Square

Figure 4.7: Image views of scene point clusterings for several scenes.

60

Figure 4.8: Example bounding boxes shown to Mechanical Turk workers.

field-of-view cues provide additional information that is useful for segmentation, our results demonstrate that this is true for many scenes. Visualizations of the clusterings themselves are shown in
Figures 4.5, 4.6, and 4.7.
4.4.2

Mechanical Turk experiment

In addition to hand-labeled segmentations, I also performed an experiment in which I harvested
rough image segmentations from Mechanical Turk and tested their agreement with my automatically
computed segmentations. This is advantageous for a few reasons. First, hand-labeling scene points
is quite tedious and can be done more efficiently via crowdsourcing. Second, since not all humans
will necessarily agree on a segmentation, using all of these segmentations in aggregate as “ground
truth” is a more principled approach than just choosing one (mine).
To obtain the image segmentations, I had Mechanical Turk users draw bounding boxes around
the objects in an image, with the following instructions:
Draw boxes around the prominent objects in the below image. Don’t draw boxes around
people, animals, vehicles, or anything else that is unlikely to be a permanent part of the
scene. If only part of an object is visible, you may draw a box around the visible part.
The above examples may be helpful.
The examples provided are shown in Figure 4.8.
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Figure 4.9: Bounding boxes drawn by Mechanical Turk workers.

In total, Mechanical Turk users drew bounding boxes in 10000 images across 15 scenes. For the
most part, users behaved reasonably in the experiment. There were a few instances of seemingly
random bounding boxes unrelated to any object, but most of the indicated objects were sensible.
Some example bounding box segmentations are shown in Figure 4.9.
These bounding boxes provide another source of ground truth for testing our clustering algorithm based on the field-of-view cue. In the previous section, I compared the automatic clustering
with a hand-labeled clustering of the scene points. With user-provided image segmentations, some
difficulty arises, as there’s no obvious way to combine the image bounding boxes into a global scene
point clustering. Instead, I compare the clusterings in each image separately, and average the resulting VI distances. That is, for each image, I compute the VI distance between the clustering defined
by the user-drawn bounding boxes and each automatically computed clustering, ignoring all scene
points not visible in the image. I then consider the clustering error to be the average such distance
over all images. Table 4.2 shows the median of this clustering error over multiple runs of EM with
varying numbers of clusters for pLSA, a mixture of Gaussians, and my combined model. Again, the
combined model using both spatial cues and field-of-view cues outperforms the other two.

4.4.3

View Framing

How do tourists frame their photos with respect to objects in the scene? The bounding boxes gleaned
from Mechanical Turk can give us some insight into this question. Figure 4.4.2 shows the distribution of bounding box centers in all images. Note that it appears people are not positioning objects
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MoG

pLSA

comb.

MoG

pLSA

comb.

Grand Canal

0.71

0.84

0.60

Cesky Krumlov

0.49

0.80

0.45

Colosseum

0.42

0.68

0.34

Dubrovnik

0.55

0.76

0.47

Roman Forum

0.62

0.78

0.54

Hagia Sophia

0.58

0.63

0.55

San Gimignano

0.52

0.72

0.48

Piazza Navona

0.65

0.83

0.64

Pantheon

0.60

0.62

0.51

Pisa Duomo

0.58

0.88

0.46

Old Town Square

0.70

0.58

0.48

Piazza San Marco

0.57

0.57

0.46

St. Peter’s Basilica

0.65

0.96

0.55

Trafalgar Square

0.58

0.71

0.52

Trevi Fountain

1.12

1.56

1.14

Table 4.2: Median values of the VI clustering metric V I(C, C ∗ ) for each algorithm and scene, over
multiple runs of EM. Lower values indicate the computed clustering agrees more with the bounding
boxes drawn by Mechanical Turk users.

Figure 4.10: Object centers as indicated by Mechanical Turk users. Notice the increased density of
centers along the vertical axis at the image center. This seems to indicate a stronger preference for
horizontally centered objects than for vertically centered objects.
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(a)

(b)

(c)

Figure 4.11: Importance images computed for (a) Piazza Navona, (b) Prague, and (c) the Pantheon
(top) and Trafalgar Square (bottom). Importance is indicated by color saturation, with different hues
for different clusters.

according to the rule-of-thirds — the only noticeable peaks are at the horizontal and vertical centers
of the image. (It’s possible, however, that human subjects in the photos, which I instructed Mechanical Turk users to ignore, are positioned according to the rule-of-thirds.) This agrees with the recent
result of Palmer et al. [94]. In addition, the horizontal center of the image is a significantly more
likely object location than the vertical center. Also, objects are slightly more likely to be located
above the vertical center than below it.

4.5

Applications

Once we have computed a 3D point segmentation for a scene, we can use this segmentation to
compute and display additional information about the scene. In this section, we describe two such
applications: highlighting interesting objects in images and labeling image regions using noisy usersubmitted Flickr tags.
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(a)

(b)

(c)

Figure 4.12: Region tags automatically computed from our segmentation, and used to label two
images of (a) Trafalgar Square, (b) Old Town Square, and (c) Piazza Navona. I compute these
labels using noisy user-submitted tags downloaded from Flickr, automatically associating a single
tag (or no tags) with each cluster. In these images, I manually moved the labels to make them more
readable.

4.5.1

Importance viewer

Given an image in the collection, I want to identify regions which belong to objects that are important or interesting. I define an object as interesting if there are many photos of it in the collection. As
this tends to overly reward large background objects, I also penalize objects for size. The importance
score is:
imp(c) = α

1 X
θi (c)
|Σc |

(4.4)

i

Here, α is a scene normalization coefficient that enforces a fixed total importance, |Σ1c | penalizes
P
clusters proportional to the determinant of their covariance matrices, and i θi (c) rewards clusters
for appearing in many images. To visualize importance in an image, I assign each pixel to its nearest
feature point in the image and highlight the pixel with intensity proportional to the importance of the
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cluster to which this point is assigned, falling off as distance to this point increases. Some resulting
importance images can be seen in Figure 4.11.
4.5.2

Region labeling

Flickr and most other photo sharing sites give users the ability to attach textual tags to entire images.
(Flickr also provides functionality for leaving rectangular notes on image regions, but this feature
is much less utilized.) In general, these tags are noisy and the majority of them do not correspond
to actual objects in the scene. For many objects, however, it is possible to compute accurate tags
by examining tag-cluster co-occurrence statistics. To find good object tags, I first apply pLSA to
the tags with fixed image-topic distributions θ computed from the point clustering. This gives a
distribution over tags for each cluster P (t|c), which also gives the joint distribution P (c, t). For a
particular cluster c and tag t, I compute the following score, as in Chapter 3:
score(c, t) = P (c, t) log

P (c, t)
P (c)P (t)

(4.5)

This gives high scores to cluster-tag pairs that appear much more frequently than would be expected
given just the marginals, which indicates that the cluster and tag are probably related. I then assign
the tag with highest score to each cluster if the score exceeds a specified threshold, otherwise I
assign no tag to the cluster. Region tagging results can be seen in Figure 4.12.
4.5.3

Interactive map viewer

Many systems have been created to support interactive browsing of the visual content of a scene
[118, 35, 87]. My scene segmentations segmentations allow for the possibility of object-centric
interactive scene viewers. I have created a simple interactive viewer based on an overhead map or
floor plan, shown in Figure 4.13.
To create the interactive floor plan, I first segment the scene using the algorithm from Section
4.3. I then manually align the scene points with an overhead view (though this step could possibly be
automated with an approach similar to Kaminsky et al. [67]. Since I only want to include segments
that can be localized at a reasonably-sized spot on the map, I remove all segments larger than a size
threshold. To choose the representative image for each segment, I compute the Kullback-Leibler
divergence [74] between the distribution of scene points in each image and each cluster.
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Figure 4.13: An interactive floor plan viewer showing the Pantheon (center). By moving the mouse
over one of the highlighted circles, the user can see an image of the object at that location (sample
images shown on left and right).

4.6

Discussion

In this chapter I have proposed a new field-of-view cue that can be used to extract objects from static
3D scenes, along with a probabilistic model that takes advantage of this cue and several applications
of the method. It is important to stress that the probabilistic model is intended mainly to evaluate the
usefulness of field-of-view cues, and not to provide a complete solution to the scene segmentation
problem. Note in particular that I am not incorporating any of the more standard image segmentation
cues such as intensity, color, contour, or region information, except through feature matching for
estimating point correspondences. Including such additional terms would likely further improve
upon these results. Still, my model that takes into account only field-of-view and spatial proximity
is able to achieve segmentations that are good enough to enable a variety of applications.

67

Chapter 5
TOURIST FLOW: TRACKING PHOTOGRAPHERS USING FLICKR

As discussed in the preceding chapters, community photo collections, such as those found on
Flickr, are rich sources of information about human perception, as they capture what people find
interesting and worthy of photographing. In addition, these photo collections are a source of information about human behavior: where people go, what they view, and how they move from one place
to another. Indeed a number of researchers have begun to explore GPS-tagged photos as a means of
answering such questions [66, 25, 100, 101]. While these results are of great interest, the inherent
limitations in GPS accuracy (a few meters) and coverage (outdoors only), limit their applicability
for the most part to macro-scale analysis, at the level of neighborhoods, cities, countries, or patterns
over the globe. Lacking, however, are effective tools for capturing and analyzing motion of people at
scene-level, e.g., for a tourist site such as a plaza or building interior. One possible solution is tracking humans in video. However, installing video cameras at these sites is often impractical. Many
webcams are already present at tourist sites, but these are typically low-resolution and updated only
every several seconds, making it difficult to perform vision-based tracking of individuals.
To sidestep these issues, I propose mining photos on Flickr to derive human motion patterns
for the world’s tourist sites. My approach is based purely on photographs, as I do not use GPS or
rely on video to track people, and hence can leverage the vast stores of publicly available imagery
on the Internet. These photos are usually timestamped and we can compute the location at which
each photo was taken using modern structure-from motion algorithms as described in Appendix
A, giving us precise spacetime coordinates for each photo. Even though a single photographer
typically provides only a few photos, often separated by minutes, by aggregating data over hundreds
of photographers it is possible to get a more detailed picture of how people explore such sites, in the
form of flow fields and other representations and visualizations.
I emphasize, however, that the goal in this chapter is not to do a rigorous study of human behavior, but rather to introduce computational and visualization tools for estimating and analyzing
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motion patterns from unstructured photo collections. As such, I focus on the algorithms, displaying
the results, and mentioning a few of the most obvious observations, leaving a detailed, sociological analysis of the derived flows and human motion patterns to future research. I also emphasize
that the motion patterns that I produce are derived from photos, and thus capture useful data only
where people take photos. Hence, these approaches are best suited for popular tourist sites, and less
applicable for many other scenes.

5.1

Related work

Uncovering human movement patterns through small scenes via tourist photographs requires estimating the position from which each photo was taken, then accumulating sequences of these
positions into more general movement patterns. To estimate the camera positions, we use image
matching and structure-from-motion (as GPS is too coarse). Previous work by Hays and Efros
[55] proposed a more general vision-based solution to the geolocation problem, computing multiple
types of image features and using a nearest-neighbor classifier with a database of geotagged images.
Hays’s approach, while coarser than direct matching and reconstruction methods, has the advantage
of providing some information about the distribution of possible locations for an unmatchable image
(of a beach or forest, for instance).
More accurate geolocation can be done if image sequences are considered. Kalogerakis et al.
[66] geolocate image sequences using global human travel priors. Given a sequence of images by the
same photographer, they use a hidden Markov model variant with a time-varying distribution over
travel distance along with an image appearance model to geolocate each image in the sequence. Our
goal is different, in that our photos are already geolocated and we are more interested in inferring
human behavior patterns. Crandall et al. [25] use photos taken in close temporal proximity to
aid in landmark identification, and also to visualize linear human pathways in a geospatial region.
However, no further reasoning is done on these pathways.
Snavely et al. [117] describe a technique for computing paths through the photos of a scene,
for the purpose of smoothly rendering a camera move from one position to another in a 3D photo
browser. This technique uses information about where people take photos, since it tries to use paths
that stay close to actual photos, in essence letting Flickr users specify with their photos which parts
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of the scene can be traversed. Actual sequential and temporal information about the photos is not
used.
Other work has modeled human travel on a global scale using various data sources, such as
currency [16], cell phone towers [52], and geotagged photos [48], though none of these approaches
are applicable at the scene level.
5.2

Online photo sequences

I obtain the datasets needed for our technique from the photo sharing site Flickr. After downloading
the images, we run the Bundler reconstruction pipeline of Snavely et al. [118] or Agarwal et al. [8]
for larger scenes (see Appendix A). I also download photographer and timestamp metadata from
Flickr. Note that, like Kalogerakis et al. [66], these timestamps need not be consistent across
photographers. For each photographer, I operate predominantly on pairs of consecutive photos,
removing pairs separated by more than an hour, as well as pairs which would require movement at
an improbable speed.
I analyze these reconstructed photo sequences in several ways, addressing the following set of
questions:
• At a particular location, which direction is a person most likely to move? How strong is this
preference?
• Which parts of the scene are traversed most frequently, and in which direction?
• Is there a dominant order in which people visit areas of a scene?
5.3

Tourist flow

My objective in the tourist flow problem is to compute, for each scene location, the most likely
direction that a person will move from that position. That is, the goal is to compute a flow field over
the scene. More generally, it may be desirable to compute the probability distribution over possible
directions of movement from each point in the scene.
As I have no information except at reconstructed camera locations, I simplify this objective to
computing this distribution only at the cameras. Specifically, given a reconstructed set of photos,
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I construct a scene graph G with a node at each reconstructed camera location and edges between
nearby cameras. The goal is then to compute, for each camera, a distribution over the nearby
cameras that indicates likelihood of movement to each nearby camera’s location. This discretized
version of the problem treats the reconstructed cameras as states in a Markov chain, where photographers can move about the scene by transitioning between nearby cameras.
For each human photographer Hi , I have a sequence Si of camera locations cij and times tij
at which the photographer took a photo. Suppose you were given continuous GPS traces of the
individuals as input — then recovering the flow field would be a simple matter of tabulating the
histogram of observed motions at each point in the scene. Complicating the problem in our case
(with no GPS) is that the instantaneous motion of each photographer is not provided, but rather
the cumulative motion that the individual undergoes between photos. Computing flow therefore
requires estimating each photographer’s instantaneous motion, i.e., their trajectory between photos.
One simple approach is to use the shortest path (geodesic) on the camera graph between photos. This
approach, while only an approximation of the photographer’s true motion, takes into account where
people stand when visiting a scene. I weight each edge in G with the squared Euclidean distance
between the two locations. (I use squared distance as non-squared distance tends to choose paths
with too few edges. Note that using squared distance is also equivalent to a Gaussian probability
distribution over possible next locations from each node.) While the shortest path is not necessarily
accurate, it is still useful for addressing some of the questions we ask about movement patterns. In
addition, it is possible to partially test the accuracy of this assumption by using triples of consecutive
photos by the same photographer. Does the middle photo lie on the shortest path between the
outer two? Figure 5.1 shows the results of such an experiment, where we make the additional
assumption of constant travel speed. Shortest path prediction is slightly more accurate than inferring
a straight-line path, and both are far more accurate than simply predicting the medoid of the entire
set of reconstructed camera locations, confirming that behavior between photos is at least somewhat
predictable. Once I have estimated the shortest path Pij through each adjacent pair of locations cij
and cij+1 in each photo sequence Si , I compute the transition distribution from each node u ∈ V (G)
as:
|P : (u, v) ∈ P |
w∈V (G) |P : (u, w) ∈ P |

p(u → v) = P

(5.1)
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Figure 5.1: Cumulative histogram of error in predicting the location of the intermediate camera from
a triple of consecutive photos, for four prediction methods. Shortest path prediction (path) uses the
most likely path through other known camera positions. Linear prediction (line) uses a straight line
between the first and third camera position. Iterated most likely path (iter) uses a path computed
after an alternating optimization over paths and edge transition probabilities. The baseline predictor
(medoid) predicts the medoid of all camera positions.

In other words, the probability of moving from node u to node v in one step is the number of paths
that contained this edge divided by the number of paths that contained any edge out of u.
An alternative solution to this type of missing data problem involves alternating optimization
such as the EM algorithm [28]. I experimented with such approaches with disappointing results.
In particular, one can repeat the shortest path (most likely path) computation on the estimated transition distribution, and then re-estimate the transition distribution, until convergence. I find that
this procedure results in an extremely low-entropy distribution that is not reflective of actual human
behavior, and is in fact a worse predictor of intermediate camera locations than the initial shortest
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Figure 5.2: (left) Tourist flow field for the Statue of Liberty. Each arrow shows the expected direction of movement among nearby camera positions. Shorter arrows indicate uncertainty across
cameras. (right) A map showing boat routes to and from the Statue of Liberty. The red box corresponds roughly to the region shown in the flow field (rotated 90◦ ).

paths. The main cause of this is the large space of transition distributions — it is easy to find a
maze-like low-entropy distribution that happens to fit the observed pairs. Another way to avoid this
problem is via regularization (e.g., encouraging the transition distribution for nearby cameras to be
similar), but using the initial shortest paths achieves the same effect and is much simpler.
For the purpose of visualization, I compute flow at equally spaced points on a grid, where each
flow vector is computed from the expected movement direction of the nearby cameras. Figure 5.2
shows such a flow field for the Statue of Liberty, along with a map1 showing the paths taken by
boats to and from Liberty Island. Not surprisingly, it appears that the dominant behavior is to take
photos of the statue while approaching the island, rather than on the return trip. I show results for
more scenes later in this paper.
Note that the expected movement direction may be misleading, as the distribution could be more
uniform in some areas and more peaked in others. To explore this, I compute the directionality
between each adjacent pair of camera locations in G — how likely it is that each edge will be taken
in its preferred direction, under a uniform prior:
dir(u, v) =
1

From http://www.hudsonlights.com.

max(|P : (u, v) ∈ P |, |P : (v, u) ∈ P |) + 1
|P : (u, v) ∈ P | + |P : (v, u) ∈ P | + 2

(5.2)
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Figure 5.3: (left) Edge directionality for the Statue of Liberty. Each edge connects two nearby
reconstructed cameras. Edge thickness correponds to the number of tourists crossing the edge in
either direction (as estimated via shortest paths). Edge color corrsponds to the probability that the
edge will be traversed in its more common direction, where black edges are equally likely to be
crossed in either direction and green edges are more likely to be crossed in one direction only.
(right) Spatial ordering for the Statue of Liberty. Each edge is colored according to the average
rank of the two cameras it connects, where rank is an estimate of the order in which a person is
likely to visit a part of the scene. Blue regions are visited earlier, and red regions are visited later.

Figure 5.3 plots directionality for the Statue of Liberty dataset, where strong directionality (indicated
by green color) can be seen on the boat paths along the water, but much less on the island itself.
Figure 5.3 also emphasizes (with thickness) edges that are traversed frequently. Also observe that
boats begin approaching the statue across a relatively wide area, then converge to a much narrower
path as they get closer. I show directionality visualizations for many other scenes later in this paper.
I can also compute the directionality of an entire scene as a sum of the edge directionalities weighted
by the number of traversals. Scene directionalities are shown in the last column of Table 5.1.
5.4

Scene ordering

Some scenes have a natural order of traversal, e.g., tourists visiting the Statue of Liberty tend to
take photos from the boat as they approach before taking photos on the island. Other scenes have
partial orders, or no dominant order at all. How can one represent, compute, and display this scene
ordering? Given a set of ordered image pairs for each photographer Hi , I fit a function f over
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camera positions c that attempts to achieve f (cij ) < f (cij+1 ). That is, I try to ensure that each pair
of consecutive photos taken by the same person are ordered correctly by f .
To construct this ordering, I use a ranking SVM [65]. I minimize the standard SVM hinge loss
error:
X
1
w·w+λ
ξij
2

(5.3)

ij

where w is the feature weight vector, ξij are the slack variables, and λ is the margin violation penalty,
which controls the tradeoff between maximizing the margin and satisfying the constraints. I use the
slightly modified margin constraint on the rank differences:
w · (φ(cij+1 ) − φ(cij )) + ξij ≥ tij+1 − tij

(5.4)

where φ is the feature function (in our case defined implicitly by a kernel). Instead of a fixed
margin, I vary the margin according to the time difference between each pair of consecutive photos,
encouraging photos taken far apart in time to be far apart in the ordering. This modification appears
to have only a minor effect on the results, as ordinary ranking SVMs as well as linear regression
performed similarly in our experiments. I use a Gaussian kernel over camera locations and solve the
optimization in the dual. A visualization of the ordering function computed for the Statue of Liberty
is shown in Figure 5.3, and seems to confirm the overall behavior I inferred from our previous
approaches — people prefer to take photos during the approach to the statue by boat, rather than on
the way back. Orderings for other scenes are shown in Section 5.6.
It is still necessary to check if the orderings computed by the ranking SVM are meaningful,
or if it’s fitting an ordering to idiosyncrasies in the data set that are not indicative of how tourists
behave at the scene. To do this, for each scene I run the ranking SVM on half of the photographers
to compute an ordering, and test on the other half. If there is a true ordering, I should be able to
predict the order of pairs of images by photographers in the held-out set. The first column of Table
5.1 shows the test set prediction rate for many of the reconstructed scenes. Since many camera pairs
may be difficult to compare, I also evaluate the computed ordering on the half of the test set for
which the ranking SVM is most certain. The prediction rates for this experiment are in the second
column of Table 5.1.
The orderings for all scenes have an accuracy rate between 45% and 65%, however when I only
consider the camera pairs on which our SVM is most certain, accuracy improves dramatically for a

75

acc

acc*

dir

acc

acc*

dir

Statue of Liberty

0.64

0.63

0.76

San Gimignano

0.53

0.54

0.57

St. Peter’s Basilica

0.63

0.75

0.67

Old Town Square

0.54

0.52

0.56

Pantheon

0.57

0.63

0.63

Colosseum

0.47

0.47

0.55

Roman Forum

0.57

0.56

0.60

Cesky Krumlov

0.48

0.51

0.54

Trafalgar Square

0.55

0.56

0.58

Dubrovnik

0.59

0.69

0.54

Piazza Navona

0.49

0.64

0.57

Table 5.1: Accuracy of photo order prediction. The first column shows the accuracy rate of using
our ranking SVM to predict the order of two consecutive photos by the same held-out user. The
second column is the same, but only considers half the pairs, the ones for which the ranking SVM
is most certain. The third column contains the total edge directionality for each scene, as described
in Section 5.3.

few scenes, such as St. Peter’s (0.63 to 0.75) and Dubrovnik (0.59 to 0.69). This suggests that while
most scenes do not have a strong ordering, my approach is able to identify preferences in tourist
behavior when they exist. These scores may also indicate that many scenes have directionality only
in some areas, a conclusion which is also supported by the directionality visualizations in Section
5.6.
5.5

Patterns of photography

The last two sections tried to infer human motion patterns using reconstructed camera positions.
Alternatively, I can look for patterns in the sequences of photos themselves, based on the content of
each photograph. I consider the following type of questions:
• Are there views which are commonly photographed immediately before or after other views?
That is, are there common view transitions?
• Do people photograph views in order of popularity, or some other order?
• Do people take multiple consecutive photos of the same or similar views?
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223

29

23

(0.81)

(0.08)

(0.11)

49

90

18

(0.31)

(0.57)

(0.11)

21

10

50

(0.26)

(0.12)

(0.62)

Figure 5.4: Canonical view transition counts for the Statue of Liberty. Each entry contains the number of consecutive image pairs where the first image matches the row canonical view and the second
image matches the column canonical view. Transition probabilities are in parentheses. Observe that
when the first two canonical views are photographed consecutively, the second canonical view is
usually photographed first.

To answer these questions, I extract a small set of canonical views for each scene. These are views
which are taken by many photographers. I select the canonical views using the algorithm discussed
in Chapter 3. In addition to selecting canonical views, this algorithm creates a clustering in which
each photo is associated with the canonical view to which it is most similar.
I then examine the transition count matrix T between photos assigned to each of the canonical
views. This matrix is easy to compute, since the canonical views algorithm in Chapter 3 also assigns
each photo to its nearest canonical view. The transition count matrix for the top three canonical
views of the Statue of Liberty is shown in Figure 5.4. Several things can be learned from this
matrix. First, taking repeated photos of the same view (and uploading all of them to Flickr) is very
common. Second, even though the dominant canonical view is photographed most frequently, when

77

(a)

(b)

(c)

(d)

Figure 5.5: Asymmetric view pairs for (a) the Pantheon, (b) St. Peter’s Basilica, (c) the city of
Dubrovnik, and (d) the Roman Forum. Of the top 5 canonical views for each scene, these are the
pairs which are most likely to appear in order (top before bottom).

the top two canonical views are photographed consecutively the second canonical view is usually
taken first. This is not surprising given the observations about the Statue of Liberty from previous
sections, as the second view is from much farther away and therefore earlier on the approach (though
all three are taken from the water). In general, asymmetries in this matrix can identify pairs of views
that are commonly photographed in one order rather than the other. Such asymmetric pairs for a few
scenes are shown in Figure 5.5.
It is also possible to use a technique similar to the one in Section 5.4 to try to fit a global ordering
to the views of a scene. Instead of fitting a ranking SVM based on camera position, it can be based
on the visual content of the photographs. I use as the feature set (not the kernel) the similarity of
each image to a set of 10 canonical views, as computed in Chapter 3. I tried other feature spaces
such as the incidence of scene points in an image, but found that this led to severe overfitting. This
is not surprising, as the number of scene points is much larger than the number of images. Figure
5.6 shows five canonical views from St. Peter’s basilica both in the order they are chosen by the
canonical views algorithm and in the order they are placed by the ranking SVM. I also evaluated the
accuracy of the image-based SVM orderings using a training and test set (as in the spatial orderings),
and I find that the spatial orderings from Section 5.4 are slightly more accurate, even for scenes like
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Figure 5.6: Unsorted and sorted canonical views for St. Peter’s Basilica. (top) Canonical views in
the order computed by the greedy k-means algorithm described in Chapter 3. (bottom) Canonical
views ordered by the temporal ranking function. The sorted set clearly captures a linear traversal
from the front entry of the cathedral to the back (gold throne in last image), glancing up at the dome
above the altar on the way. Note that these images were taken by different people, and cannot be
trivially ordered by timestamp.

the Statue of Liberty with a strong ordering preference. One possible explanation is that views of
the same object from different distances look much the same, and it is the relative distances that
determine the ordering.

5.6

Results

In this section, I show and interpret several visualizations for tourist movement at several of the 16
scenes used in this thesis. Figures 5.7 and 5.8 show three visualizations for several scenes. The
left column of both figures shows the tourist flow, i.e., the expected direction of movement at each
part of the scene. The center column shows the volume of tourists moving between nearby camera
locations, as well as the directionality of each camera pair (how likely it is that tourists move in the
more common direction). The right column colors edges between nearby cameras based on a global
ordering of scene locations. The behavior at some of the scenes, such as the Statue of Liberty is
relatively straightforward to interpret. For others, it may be difficult, especially if you’ve never been
there. I provide a brief description of the movement patterns at a few scenes:
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Figure 5.7: Flow, directionality, and ordering for (top row) the Colosseum, (second row) the Roman
Forum, (third row) part of the town of San Gimignano, and (bottom row) the city of Dubrovnik.
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Figure 5.8: Flow, directionality, and ordering for (top row) Old Town Square in Prague, (second
row) Trafalgar Square, (third row) Piazza Navona, and (bottom row) the Pantheon.
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Figure 5.9: Scatter plot of time and distance between consecutive photos, over all scenes mentioned
in this chapter.

St. Peter’s Basilica — (See Figure 1.2.) The dominant behavior at St. Peter’s is to walk from
the entrance on the right to the altar at the center of the cross. There are interesting artworks to see
in each of the three other directions from the altar, but a common final step is to climb up to the base
of the dome.
Old Town Square — Here, movement about the square appears random, but a common final
step is to climb up the clock tower.
San Gimignano — San Gimignano has many towers, though this reconstruction only includes
one, and again, the final step in our ordering is to climb the tower.
Roman Forum — Tourists appear to enter the Forum from the east (upper left in our figures),
which means they are probably coming from the Colosseum. Later pictures tend to be on the western
side of the Forum, near the Curia and Arch of Septimus Severus.
I also believe online photos are a useful data source for describing more general human move-
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ment patterns, in addition to scene-specific patterns. The work of Kalogerakis et al. [66] or an
extension thereof may be able to provide this on a global scale, while my approach is more useful
at finer resolutions.
One interesting question is whether movement patterns derived from shared photos agree with
previous studies on human behavior. There is some agreement [52, 16] that human movement
follows a Lévy flight model, though this may not be detectable at finer scales. Figure 5.9 shows a
scatter plot of time and spatial distance between consecutive photos over all scenes in this chapter.
Note that the vast majority of photo pairs were taken within 5 minutes and 500 feet of each other.
The average speed was 0.4 miles per hour, well below the average human walking speed of 3 miles
per hour. The pairs that seem to indicate travel at faster than human walking speed are from the
Statue of Liberty, where many of the photographs were taken from moving boats.
Another interesting question involves the relationship between photos and movement. Walt
Disney is said to have designed his theme parks around a concept he called “weenies” [7] — at
any location, there should be a view of a large visual icon that entices tourists to approach it. Can
a similar effect be observed at other tourist sites? More precisely, do tourists tend to move in
the direction of what they photograph? Figure 5.10 shows a histogram of the angle between camera
viewing direction and human movement direction, and suggests that such an effect is indeed present.
The effect is also considerably more powerful for the dominant canonical view for each scene. (This
analysis does not use the inferred paths from Section 5.3, but instead just takes the vector between
two consecutive camera locations as the movement direction.)

5.7

Discussion

The main contribution of this chapter is the use of online photo collections for tracking human
movement through tourist sites. My analysis yields insight into how humans move and take photos
while exploring these sites. While some of the observations may appear obvious to people familiar
with the sites, an advantage of our approach is that these patterns can be extracted automatically
from data that already exists and is freely available. There are several extensions to this work that
I believe are worth exploring. In this chapter I analyze each scene independently, except for a few
simple statistics I compute across data sets. There may be consistent patterns of behavior that hold
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Figure 5.10: Histogram of angle between viewing direction and movement direction for (left) all
views and (right) views similar to the dominant canonical view for each scene. The leftmost bin
in each histogram corresponds to movement in the camera’s viewing direction, and the rightmost
bin corresponds to movement opposite the viewing direction. Note the correlation between viewing
direction and movement, a correlation that is even stronger for the dominant canonical view.

across scenes. For example, in three of the scenes with a high vantage point looking over the scene,
photos taken from this vantage point were taken near the end of a person’s visit to the scene. It
would be useful to automatically detect such behaviors. My analysis also didn’t take into account
the behavior of the same person across multiple scenes, and this is a possible direction for further
exploration as well.
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Chapter 6
CONCLUSION

In this thesis I explored the idea of using community photo collections to infer a human-centric
perception of the world, through computer vision and statistical techniques. In particular, I made
the following contributions:

• I introduced the idea of using online photo collections as a window into human perception.
While previous work by Naaman [87] nominally used photo collections for this purpose, the
photos were used merely as GPS markers — the visual content of the photos was not used. In
my work, I take advantage of modern computer vision matching and reconstruction techniques
to extract a kind of collective perception of concepts like canonical views and objects which
are not discoverable by other methods.
• I described a technique for discovering canonical views of 3D scenes and using them to provide a simple summary-based visualization of the scene content. The key observation is that
the distribution of photos taken by people is highly non-uniform, with certain views appearing
far more frequently than others, as predicted by the original canonical views work by Palmer
et al. [96]. I showed that these canonical views can be computed robustly and efficiently from
large photo collections. In addition, I described a simple approach for annotating these views
by using statistical techniques to choose from among the noisy user-submitted textual tags on
Flickr.
• To select canonical views, I introduced to the vision community a greedy exemplar-finding
algorithm used by Cornuejols et al. [24] in a different context. This algorithm is guaranteed
to achieve an objective value within a constant factor of the optimum. In practice, the algorithm outperforms affinity propagation, the state-of-the-art algorithm, on data sets arising
from visually-matched community photo collections.
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• As another instance of using photo collections as a window into human perception, I discovered a useful new cue for identifying objects: the field-of-view cue, which states that photos
are likely to be framed around an object of interest. I designed a simple scene model and associated inference algorithm to exploit this cue to produce 3D scene and image segmentations.
• I acquired data consisting of human-drawn bounding boxes around objects in photos taken at
various tourist sites, and used this data to evaluate the manner in which people frame their
photos with respect to objects.
• I introduced the idea of using 3D reconstructions of Internet photo collections to track the
movement of people (photographers) at scales and in environments for which GPS and other
approaches are not feasible. I described a technique for extracting common patterns of movement in a scene, and showed many ways in which these patterns can be visualized and interpreted.
6.1

Future work

The ideas presented in this thesis suggest future work in various directions, touching computer vision, psychology and perception, human-computer interaction, and computer-supported collaborative work. Also, future advances in other areas outside the scope of this thesis have the capability of
greatly enhancing some of the methods I have presented. For instance, new developments in highly
scalable image matching and 3D reconstruction techniques stand to increase by orders of magnitude
the size of the image collections on which my techniques can be applied. And since my approach
depends on an accurate estimate of the distribution of photos, increasing the size of the photo collections on which I operate can be an effective technique for combating noise, as well as reaching
further out into the long tail of interesting content. Of course, my own methods must also be made
to scale to photo collections of this size. Currently, the algorithms presented in this thesis have been
run on city-scale image sets with hundreds of thousands of images and take minutes on a single
CPU. However, one can imagine performing similar analyses on data sets of billions of images,
which is likely to require algorithms that have been designed to explicitly support parallelism.
In the remainder of this section I describe future work that expands on and extends the ideas in
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this thesis.

6.2

Discovering new properties of large photo collections

My work in this thesis takes advantage of certain patterns present in the set of photos people take
— people tend to take photos from canonical views, and with an object contained entirely within
the field of view, and tend to take photos in predictable order. A promising line of work is to
discover other such patterns, or adapt other principles from the psychology community (for instance,
canonical object sizes [71]), and design new algorithms that exploit these patterns for computer
vision or visualization tasks. Recognition- and segmentation-like problems seem most amenable to
this type of approach, as the information gleaned from such patterns may provide an alternative to
directly computing the interaction between a large number of low-level cues, as current approaches
to these problems must.
One important aspect of tourist photos that I have ignored in this thesis is that they often contain
people. By reasoning about the presence or absence of people in photographs, as well as their
location with respect to the photographer and static objects in the 3D scene, it may be possible to
discover new patterns and enable new applications. For instance, through a combination of face
and clothing recognition, 3D reconstruction, and analysis of timestamps and Flickr IDs, one could
potentially identify the same person in multiple photographs from an event [47] and, if that person
also took photographs, discover his/her Flickr ID. Another interesting question is the difference
between the distribution of photos containing people and the distribution of photos not containing
people. Are these two view distributions different? Do the cues I exploit in this thesis work equally
well for both?
More generally, can we take advantage of other advances in computer vision? All the work
in this thesis depends upon advances in rigid matching [80] and reconstruction [118]. As computer vision matures, more robust algorithms for problems like recognizing object categories or
identifying weather conditions may be usable in this context. Taking this further, we can consider
a two-pronged approach towards scene understanding, where low-level techniques provide more
structured data which can be mined for patterns in human photography and behavior, which in turn
can be used as a prior for solving other computer vision problems.
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6.3

Soliciting information from users and photographers

All of the data used in this thesis is produced through the ordinary behavior of users of photosharing sites. Photographers who upload their photos to Flickr and tag them are not motivated
by solving computer vision problems, but by more personal and social reasons. (Much research
[51, 82, 114, 113] has been done on the motivations behind tagging and photo-sharing.) However,
there exist other user contribution paradigms, as exemplified by LabelMe [105], the ESP Game
[126], Amazon Mechanical Turk [1], and the PhotoCity project [125]. Each of these is capable of
providing data that is useful for scene understanding, but each also raises interesting issues. For
instance, photos uploaded to PhotoCity are likely to be less useful in computing canonical views
and scene segmentations, as particular views are rewarded by the game, presumably altering the
photo-taking behavior of its users.
In Chapter 4, I described a field-of-view cue for segmenting objects in a 3D scene, and also solicited bounding box segmentations from Mechanical Turk users for comparison. A better approach
might be some combination of user contribution and automatic techniques for object extraction and
labeling, to minimize the amount of human work required while still achieving high quality results.
I have experimented with a simple implementation of a “3D LabelMe” that converges to a precise
3D segmentation with user-drawn object outlines, but more work is needed to develop this concept
into a fully-functional system, and future study is required to discover the optimal boundary between
human and algorithmic contribution.
6.4

New applications and visualizations

Another area of future work is expanding the set of applications that are enabled by leveraging the
distribution of online photos. One application that has been proposed recently by Choudhury et
al. [26] is the construction of travel itineraries from Flickr photo collections. Though this doesn’t
use the visual content of the photos, it is closer to a “real” application than what I have described
in this thesis — it directly solves a real-world problem that people have. Another example is the
construction of landmark-based walking directions by Hile et al. [57], which does use the photo
content. Are there other real-world problems for which online photo distributions provide a useful
avenue of attack?
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There are also questions regarding the evaluation of different 3D scene visualizations that should
be addressed. What properties does a good scene summary have? When is a scene summary preferable to a virtual tour? What is the right way to combine summaries and virtual tours (one example
is Snavely et al. [117])? Are virtual tours that reflect actual human movement patterns as discussed in Chapter 5 preferable to other tours? Answering these questions probably requires setting
up a number of user studies, but the knowledge gained could be valuable, as many different scene
visualizations have been proposed in recent years but very little human evaluation has been done.
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[125] Kathleen Tuite, Noah Snavely, Dun-Yu Hsiao, Adam M. Smith, and Zoran Popović. Reconstructing the world in 3D: bringing games with a purpose outdoors. Proceedings of the Fifth
International Conference on the Foundations of Digital Games, pages 232–239, 2010.

99

[126] Luis von Ahn and Laura Dabbish. Labeling images with a computer game. Proceedings of
the 2004 Conference on Human Factors in Computing Systems, pages 319–326, 2004.
[127] Jingdong Wang, Jian Sun, Long Quan, Xiaoou Tang, and Heung-Yeung Shum. Picture collage. IEEE Computer Society Conference on Computer Vision and Pattern Recognition,
1:347–354, 2006.
[128] Daphna Weinshall, Michael Werman, and Yoram Gdalyahu. Canonical views, or the stability
and likelihood of images of 3D objects. IEEE Transactions on Pattern Analysis and Machine
Intelligence, 19:97–108, 2002.
[129] Max Wertheimer. Laws of organization in perceptual forms. A source book of Gestalt psychology, 1938.

100

Appendix A
SCENE RECONSTRUCTION PIPELINE

The work described in this thesis relies on the scene reconstruction pipelines of Snavely et al.
[118] and Agarwal et al. [8], mainly as preprocessing. In this appendix, I describe this pipeline,
including the data acquisition, image matching, 3D reconstruction, and final cleanup phase.
Figures A.1 and A.2 show the number of images included in the reconstructions of each of the
scenes used in the experiments for this thesis, as well as an overhead view of the reconstructed scene
points and cameras and a representative image (the first canonical view chosen by my greedy kmeans algorithm). In addition, I have also used two city-scale reconstructions generated by Agarwal
et al. [8], of Rome and Venice, reconstructed from 150,000 and 250,000 input images, respectively,
though most of the images do not end up in the final reconstruction.
A.1

Retrieving the images and metadata

All of the images used in this thesis were obtained from the Internet photo-sharing site Flickr [2].
The images, tags, and other metadata were downloaded using modified versions of scripts originally
written by Noah Snavely [118] and James Hays [55]. The images vary greatly in almost every
conceivable way, though most share the crucial property that they are actual photographs taken
by a human photographer at the scene. (Though there are often photos which were not taken at
the desired scene, either due to polysemy or incorrect tagging, these photos are usually identified
and discarded during the matching and reconstruction process.) A few exceptions that survive the
reconstruction are panoramas constructed from multiple photos and photos of other photos, but these
are uncommon enough to not significantly affect my results.
A.2

Computing feature tracks

The first step is to compute a feature-image incidence matrix from the set of photos from each
scene. To do so, I use the SIFT keypoint detector [80] to find feature points in all of the images
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Grand Canal:

3249 images

Cesky Krumlov:

3422 images

Colosseum:

1167 images

Dubrovnik:

4560 images

Roman Forum:

1223 images

Hagia Sophia:

San Gimignano:

2822 images

Statue of Liberty:

409 images

1613 images

Figure A.1: A list of the Internet photo collections used in this thesis, and the number of images
in each reconstruction, as well as an overhead view of the reconstructed scene, and a representative
image. Green dots are camera positions.
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Piazza Navona:

840 images

Pantheon:

Pisa Duomo:

227 images

Old Town Square:

1707 images

St. Peter’s Basilica:

2500 images

Trevi Fountain:

1240 images

Piazza San Marco:

13586 images

Trafalgar Square:

2864 images

602 images

Figure A.2: A list of the Internet photo collections used in this thesis, and the number of images
in each reconstruction, as well as an overhead view of the reconstructed scene, and a representative
image. Green dots are camera positions.
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in V. The feature points are represented using the SIFT descriptor. Then, for each pair of images,
I perform feature matching on the descriptors to extract a set of candidate matches. The set of
candidates is further pruned by estimating a fundamental matrix using RANSAC [41] and removing
all inconsistent matches. After the previous step is complete for all images, we organize the matches
into tracks, where a track is a connected component of features. I remove tracks containing fewer
than two features total, or at least two features in the same image. At this point, I consider each
track as corresponding to a single 3D scene point (though before computing the 3D reconstruction,
the coordinates of the point are unknown). From the set of tracks, it is easy to construct the sparse
feature-image incidence matrix, where entry (i, j) is 1 if feature track i is present in image j and 0
otherwise.
The above matching process is feasible when the number of images in the collection is in the
hundreds or even thousands, but for city-scale collections of hundreds of thousands of images the
pairwise matching step becomes infeasible. For these collections, I use the process of Agarwal et al.
[8]. After SIFT features are computed, each image is represented as a sparse vector of quantized features using the vocabulary tree approach of Nister and Stewenius [88]. Pairs of potentially matching
images are then proposed by finding, for each image, a set of other images for which the sparse vector pairs have large inner product. These potential matches (which are far fewer in number than the
total number of image pairs) can then be verified by a full pairwise match and geometric verification
step. Further matches are then generated by one or more query expansion steps, which proposes
image pairs that share an already-verified match. The entire matching process is distributed across
many nodes using a greedy scheduling algorithm.

A.3

Structure-from-motion

Given a set of feature tracks, I use the structure-from-motion algorithm of Snavely et al. [118] to
estimate all camera positions and a sparse set of 3D scene points. At a high level, this algorithm
adds images to the reconstruction one at a time, performing bundle adjustment at each step using
the sparse bundle adjustment library of Lourakis and Argyros [10]. For larger data sets, there are
additional speedups: using the skeletal set method of Snavely et al. [119], which computes an initial
reconstruction on a reduced set of images, and using the more efficient bundle adjustment solver
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of Agarwal et al. [8]. For city-scale scenes that consist of more than one connected component,
structure-from-motion is run on each component independently.
A.4

Postprocessing

Once a 3D reconstruction has been computed, a few other steps are required for some of the visualizations I produce. First, the sparse 3D point cloud is rotated so that the y-axis is aligned with the
direction of gravity estimated by the technique of Szeliski [122]. I then manually align the point
cloud to a satellite image or floor plan, and compute the scale factor between the point cloud and the
real world. Once the gravity vector is known, I detect images that are rotated by 90◦ , 180◦ (much
less common), or 270◦ , and rotate them so that the gravity vector is best aligned with the vertical
image direction.

