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Abstract

MRF energy minimization has been used for image segmentation in a wide range of applications.
Standard MRF energy minimization techniques are computationally expensive. Besides, incorporating
higher order priors such as shape and parameters related to it is either very complex or computationally
expensive or requires prior information such as shape location. Furthermore, semantic understanding
is not achieved using pure MRF formulation, i.e. information about the structure of a skyline such
as depth cannot be known through output. Standard semantic segmentation methods using geometric
context information is restricted to very few geometric classes or the ones which exploit specific “tiered”
structure is computationally exponential in number of labels.

Our aim is to extract the detailed structure of a skyline, i.e. individual buildings and their depth. In
this case, there is no restriction on the number of labels. The problem is challenging due to numerous
reasons such as complex occlusion patterns, large number of labels and intra-region color and texture
variations, etc. We propose an approach for segmenting the individual buildings in typical skylines. Our
approach is based on a Markov Random Field (MRF) formulation that exploits the fact that such images
contain overlapping objects of similar shapes exhibiting a “tiered” structure. Our contributions are the
following:

1. We introduce a dataset Skyline-12 consisting of 120 skyline images from the 12 cities all over the
world. All the images are manually annotated with addition of meta-data like initial boundaries
and seeds.

2. We include an analysis and integration of low-level features such as color, texture and shape very
useful for the segmentation of skylines.

3. We propose a fast, accurate and robust method to extract individual buildings of a skyline exploit-
ing “tiered” structure of a skylines and incorporating rectangular shape prior in MRF formulation.

For simple shapes such as rectangles, our formulation is significantly faster to optimize than a standard
MRF approach, while also being more accurate. We experimentally evaluate various MRF formulations
and demonstrate the effectiveness of our approach in segmenting skyline images.

We propose both Interactive and Automatic methods for segmenting skylines. While interctive set-
ting gives an accurate output and a fast approach to segment skylines given input seeds from user,
automatic setting provides about 25% improvement over state-of-art low level automatic segmentation
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methods. Our approach can be generalized to different shapes as well as detailed structure of a skyline
can be used in many applications such as 3D reconstruction of a skyline from single image.
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Chapter 1

Introduction

1.1 Introduction

Segmentation is one of the oldest and one of the most common problems in computer vision where
each pixel is labeled to be a part of a segment. Semantic Segmentation is relatively new problem
in image segmentation, where each pixel is assigned to a meaningful label. Generally, labels in a
semantic segmentation setting are limited or belong to some known set of classes, e.g. sky, ground,
vertical-horizontal, etc. We take semantic segmentation one step further in a sense that we aim to
extract meaningful labels in a setting with unlimited labels.

In computer vision, a lot of problems are considered where ‘tiered’ structures in an image are ex-
ploited to segment it into meaningful tiers or classes. For example, a center-viewing image of a street
is classified into tiers such as left facing buildings, right facing buildings and buildings facing to the
center. On the contrary, we consider large set of labels i.e. all buildings in a skyline and we do not
impose restriction on number of labels (buildings). In our case each building or an object becomes a
horizontal tier and a skyline becomes a set of such overlapping tiers.

In day-to-day scenario, we often see such ‘tiered’ structures, i.e. where an object occludes another
object forming tiers, e.g. Cars in a parking lot, pine trees in a jungle or buildings in a skyline. A few
such cases are shown in Figure 1.1. In each of these settings, objects of similar shapes occlude one
another creating a ‘tiered’ structure. Not only we have a structural information in these cases but also,
repetition of similar shapes gives us a knowledge of the shape of objects into consideration. We propose
a fast, efficient and accurate method to extract detailed structure of skylines via exploiting the ‘tiered’
structure and shape information.

1.2 Problem and Challenges

We are interested in extracting the detailed structure of buildings within photographs of skylines as
shown in Figure 1.2. The skylines of cities such as Chicago, New York, Hong Kong and Tokyo, among
others are a subject of great interest among professional and amateur photographers alike, hence one
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Figure 1.1: In the figures, some of the ‘tiered’ structures are shown where objects of similar shapes occlude each
other to create tiers of various shapes.

can find an immense number of these pictures on the web. Some of these cities are known for their
exceptionally tall buildings, others for their unique designs, and these photographs provide a gist of
their architectural styles. Automatic segmentation of individual buildings from images can be used in
a number of applications for designers and artists such as renderings of these from novel viewpoints,
information overlays, creation of virtual cities, and other applications such as ‘geo-location’ by matching
individual buildings to a dataset of known buildings.

1.2.1 Challenges

The proposed task is quite challenging due to multiple reasons -

1. Complex Occlusion Patterns - Skylines typically contain many tightly packed buildings that
partially occlude one another leading to complex occlusion patterns. Few examples where such
complex patterns are formed are shown in Figure 1.3.

2. Intra-building Variations - Furthermore, different facades of the same building can appear quite
different from one another due to sunlight, i.e. different facades of the same building display
different colors and textures. Few sample buildings where each facades look different due to
lights are shown in Figure 1.4.

3. Reflections - In some cases, the buildings are reflected on the facades of other buildings. In such
cases, it becomes hard to perceive these buildings as different buildings or as a single building
even for human perception. Few such examples are shown in Figure 1.5.

4. Viewpoint - Due to various viewpoints from which photograph is taken, same building looks
completely different in another photograph of the same skyline. Few such examples are shown in
Figure 1.6.

5. Large number of labels - All the “state-of-the-art” algorithms are designed for binary or limited
number of labels. Each Skyline typically contains 25− 60 buildings. All the standard algorithms
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Figure 1.2: Photo of skyline of Miami and its labeling of individual buildings using our method – refined MRF.

fail or turn out to be impractical for such large number of labels. One such skyline is shown in
Figure 1.7.

However, these images are highly structured – buildings are typically convex objects, roughly rect-
angular, and all the buildings stand on the ground plane. These constraints can be incorporated as priors
for automatic segmentation algorithms.

1.3 Related Work

Pixel labeling is a very general framework that can be used to solve a variety of problems in computer
vision. Pixel labeling problems in 2D are usually NP-hard [13], but can be solved efficiently in some
special cases [30, 35, 55, 39]. Optimization algorithms for pixel labeling problems is a very active area
of research [58].

Semantic segmentation is a relatively new field where pixels are assigned to meaningful labels. Cur-
rent semantic segmentation algorithms typically do not consider detailed labels. For example, datasets
such as PASCAL VOC [22], or MSRC [56] consider labeling of pixels into one of the dozens of labels.
In geometric labeling [34], the goal is to roughly label pixels into a number of coarse level orientations
such as frontal, left/right-facing, or semantic categories such as ground, sky or porous. Semantic seg-
mentation of tiered scenes [24, 66] consider topological tiers, i.e. vertical and horizontal tiers placed
over or beside each other. Our work can be considered in the framework of semantic pixel labeling.
There has been significant interest in the recent past to understand the natural outdoor by looking at the
buildings, mountains and surroundings [34, 6]. Semantic understanding of the outdoor with additional
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Figure 1.3: Figure shows few complex occlusion patterns in the skylines. As can be seen, it is very hard to
perceive the buildings individually by humans itself.

Figure 1.4: Figure shows few cases where different facades of the same building display completely different
colors and textures.

geometric cues can help in 3D layouts and better visualization. Our work is related to this, except we
aim to extract the fine-grained detailed structure of the regions within the image.

Optimization for labeling pixels is a widely studied area of research. Most of the successful meth-
ods for semantic segmentation [38, 65] cast it as an energy minimization problem consisting of local
and pairwise potentials in Markov Random Fields. Methods like [10, 50] popularized this framework
for binary interactive segmentation of natural images in an energy minimization framework. Graph
cut with α-expansion [13] has emerged as a popular approach to solve multi-label segmentation. The
optimization reduces to a sequence of binary labeling problems each of which can be computed using
graph-cuts. Although, extremely general, the process can be expensive for large images both in terms
of computational complexity and memory. We introduce methods that are an order of magnitude faster
and more accurate for labeling skyline images that exploit the spatial structure of the objects. Several
leading approaches for semantic segmentation are based on MRFs – a probabilistic model of pixel la-
bels that incorporates local evidence and smoothness of nearby pixels labels. These approaches, though
general purpose, do not easily allow the incorporation of higher-order priors such as the overall shape
and size of the regions. To this end we propose a shape-constrained MRF that allows explicit control
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Figure 1.5: Figure shows three cases where other buildings are reflected in the facades of the buildings. In the
middle image, whole mini-skyline is reflected in the front facade.

Figure 1.6: Figure shows three cases in which same buildings look completely different in two different skylines
in terms of color, structure, texture and viewpoint. For example, in the last image, a single facade is visible in the
left building while two facades are visible for the right building.

over the shape, and utilizes the fact the ‘tired’ structure exhibited by occluding buildings implies that
only the upper boundary of an object is ‘owned’ by each object.

If the domain is 1D or of low treewidth, then optimal labelings can be found using dynamic pro-
gramming (DP). A simple example involves labeling each scanline of an image independently [54]. [5]
uses DP for optimization of a 2D labeling involving binary segmentation where the foreground object is
constrained to be a connected region bounded by two horizontal curves. For tiered scenes, Felzenzwalb
and Veksler [24] introduced a dynamic programming based solution to obtain a globally optimal solu-
tion. However the complexity scales exponentially with the number of labels, hence is impractical for
our setting.

Our approach is segmentation with a shape prior, which is a natural approach for getting more robust
segmentation results [43, 16]. Segmentation with shape priors usually leads to NP-hard problems. In
rare cases [18, 60, 19] when a global minimum can be computed, the shape prior is very restrictive.
Zheng et al. [66] propose a faster approximation to [24] by decomposing multi-label tiered labeling
to a series of binary labeling problems exploiting the topological priors. Our approach takes a similar
route, but we incorporate higher order priors such as the overall shape and aspect ratio of each region
that cannot be easily expressed as topological priors. Another approach for incorporating topological
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Figure 1.7: Figure shows a skyline with large number of labels.

priors such as inclusion or exclusion is [64], but is also computationally expensive. Freedman and
Zhang [28] propose an approach for incorporating shape priors in a MRF formulation, but it assumes that
the location of the shape is known making it unsuitable for our case. In our setting both topological and
shape priors play a key role, and we show that the combination can improve results without sacrificing
speed.

We experimentally evaluate color and texture models for representing the appearance of buildings,
and find that texture based Gaussian mixture models can provide significant improvement over color
models (Section 3.1). These serve as local evidence (or ‘unary’ potentials) in a Markov Random Field
(MRF) formation of our problem. We study the problem in an automatic as well as interactive setting.
In the interactive setting, we assume that we are provided with an image, some ‘seed’ pixels for each
building, and the upper and lower boundaries delineating the region containing all the buildings (as seen
in Figure 2.3). In the ‘automatic’ setting we are only provided with the image and the upper and lower
boundaries. On our dataset we found that automatic methods [34] for obtaining such regions work
reasonably well, hence we focus on the task of segmenting the individual buildings. Our evaluation
metrics and tasks are described in Section 2.2.

We propose several greedy approaches to optimize the proposed MRF formulation (Section 3.3).
Similar to approaches like α-expansion [13], we pick one label at a time and update the pixels with
respect to that label. However, unlike expansion moves where only background pixels can change to
foreground, we allow refinement moves where foreground labels can change to any background as well.
The ‘tiered’ structure of the labels allows us to infer the background label underneath each foreground
pixel. Furthermore, one can order the buildings from front to back based on the y-coordinate of the
‘seeds’, which serves as a natural order in which we consider region refinement. One such approach
called rectangle MRF does this via an explicit search over all potential rectangles for each building. This
search can be done quickly even on relatively high resolution images using ‘integral images’. Another
approach called tiered MRF does this via a dynamic programming, approximating the upper boundary
of a building as a 1D monotonic curve, i.e., the x-coordinates along the curve are monotonic. The
former approach allows us control the shape of each region but does a poor job at approximating its
upper boundary. Hence we propose a hybrid approach called refined MRF, that starts with the solution
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of rectangle MRF and refines the upper boundary within the horizontal bounds of the rectangle using
dynamic programming. This achieves the best results while being an order of magnitude faster than
α-expansion using graph-cuts (Section 2.3).

The automatic setting is suitable for low-level image segmentation methods such as SLIC [1], graph-
based segmentation [23], and gPb regions [3]. However, none of these methods explicitly consider shape
priors. We show that starting from a set of regions automatically selected from any such segmentation
method, one can improve the results using shape priors (Section 4.2). Automatic segmentation methods
exploit the local similarity in defining segments and boundaries [23, 1, 3]. While all these methods are
quite accurate for generic segmentation, skylines prove to be much harder due to intra-region color and
texture variations. We show that our automatic approach can be initialized from any of these unsuper-
vised segmentation techniques and provides a significant boost over them by exploiting shape priors.

1.4 Contributions

Following are the major contributions of the thesis —

1. We introduce a dataset Skyline-12 consisting of 120 skyline images from the 12 cities all over
the world. All the images are manually annotated with addition of meta-data such as initial upper
and lower boundaries delineating the buildings region and input seeds provided by user for an
interactive setting.

2. We include an analysis and integration of low-level features such as color, texture and shape, very
useful for the segmentation of skylines.

3. We propose a fast, accurate and robust method to extract individual buildings of a skyline exploit-
ing ‘tiered’ structure of the skylines and incorporating rectangular shape prior in MRF formula-
tion. We propose both interactive and automatic settings of the method.

1.5 Outline of The Thesis

In Chapter 2, we introduce a dataset of skylines form various cities all around the world created
specifically for the purpose of skyline segmentation with the necessary metadata. We also define the
evaluation measures for both interactive and automatic setting. Futhermore, we define the MRF energy
minimization setting and explain some of the baseline “state-of-the-art” methods such as Standard MRF,
Grab Cut, etc. that form the baseline for our method. Further, we explain design objectives of our
algorithm. Finally, we explain some of the basic techniques such as Hungarian Matching, K-means
algorithm for clustering and Integral Images used in the Thesis.

In Chapter 3, we explain the interactive setting in Skyline Segmentation. We start by defining the
MRF energy minimization formulation for Skyline Segmentation. We move on to discuss Region Repre-
sentation using color, texture and spatial distance features subsequently construction of unary potential
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for our model. We discuss semantic segmentation for tiered scenes next. Furthermore, we discuss
the qualitative results with different parameters of unary potential construction. We then explain our
approach for interactive skyline segmentation. Moreover, we explain the shape-constrained MRF meth-
ods such as rectangle MRF, tiered MRFand refined MRF. We discuss the results both quantitative and
qualitative comparison and Analysis.

In chapter 4, we explain the automatic setting in Skyline Segmentation. We start by explaining
baseline low-level automatic segmentation methods such as SLIC, Graph based Segmentation and gPb
detector, over which we build our automatic approach. We then describe the Automatic Skyline Seg-
mentation Approach and discuss results. Finally, we explain the automatic method using Geometric
Context to obtain initial upper and lower boundaries.

In chapter 5, we explain the extension of rectangle MRF, The Triangle MRF. Further, we discuss
the various directions our work can take in future. Finally, we conclude the thesis by specifying our
contributions.
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Chapter 2

Dataset and Baselines

2.1 Skyline-12 Dataset

We deal with a very specific problem of segmenting individual buildings in a skyline. As discussed
in the Chapter 1, skyline is a typical example of a ‘tiered’ structure with rectangular shape priors. We
are interested in designing an MRF based segmentation algorithm exploiting the ‘tiered’ structure of the
skyline and incorporating rectangular shape priors.

As there are no standard datasets for the purpose, we created a dataset Skyline-12 consisting 120

images of skylines from 12 cities all around the world - Chicago, Dallas, Frankfurt, Hong Kong, Mi-
ami, New York, Philadelphia, Seattle, Shanghai, Singapore, Tokyo and Toronto. All the images are
downloaded from flickr having creative license content. All the photographs are taken at different times
during day. Photographs take at night time were avoided as they are difficult to separate even for human
perception due to lack of individual differentiation caused by artificial lightings and overall darkness.
All the images consist of dense and complex skylines having numerous buildings placed within mul-
tiple horizontal layers. An average skyline in the dataset consists of 35 buildings. All the images in
the dataset have high resolution, with an average resolution of 2500 × 1500. The largest image has
resolution of 10476 × 4092 and the smallest image has resolution of 576 × 384. Few sample images
from each city are shown in Figure 2.1 and Figure 2.2.

In addition to various skyline images, following meta-data is also provided -

1. Annotations - All the images are annotated at the pixel level. Annotations are stored as a label
matrix of the size of an image with label at each pixel. Upper and lower regions are labeled 1,
while all the other regions (buildings) are labeled from 2 to NumberOfBuildings+ 1.

2. Upper and lower boundaries - It is assumed that upper (separating sky and buildings) and lower
(separating buildings and trees/water bodies, etc.) are provided to the algorithm. Given upper
and lower boundary, individual buildings are segmented in middle region. Thus, upper and lower
boundaries for each image are provided in the form of c×2 matrix, where c is number of columns
in the image. The first column of the matrix represents the path for the upper boundary while
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Figure 2.1: Skyline-12 Dataset. Above shown are sample images from the dataset from the cities — Chicago,
Dallas, Frankfurt, Hong Kong, Miami and New York

the second represents the path for the lower boundary. Thus, element in the 50th the row and 1st

column will represent the row index of the upper boundary in 50th column.

3. Input Seeds - Interactive setting of the proposed approach needs the user-given seeds for each
building in each image. For fair and coherent evaluation of the methods, these seeds are provided
with the dataset for all the images. The same seeds are used for all the methods during evaluation.
Seeds are stored in the form of cell-array of size N , where N if number of buildings in an image.
nth cell contains seed pixel for the nth building in form of the matrix of the size ns × 2, where
ns is number of seed pixels for the building. In nth cell the seeds are stored for the buildings with
label n in ground truth and predicted interactive labeling for convenient evaluation as explained
in the next section.

In Figure 2.3, few examples with corresponding input seeds, upper and lower boundaries and annota-
tions are shown. Images within each city in the dataset are randomly split into Training, Validation
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Figure 2.2: Skyline-12 Dataset Continued. Above shown are sample images from the dataset from the cities —
Philadelphia, Seattle, Shanghai, Singapore, Tokyo and Toronto

and Testing sets of 3, 3 and 4 images respectively. The split results into training and validation sets of
36 images each and testing set of 48 images. One might be concerned about the potential overlap of
images from the same city in the training and test set. However most of our modeling is image specific,
with the exception of few parameters such as α and β (described in the next chapters) that trade off
color and texture weights, the texton dictionary used to estimate texture histograms, as well as the MRF
parameters such as λ and τ . These parameters are kept fixed across all images. In an experiment we
randomly split the cities into two halves, and using all the images from cities in one half for estimating
optimal parameters, while predicting the results on the later half, showed a difference in MAO of about
0.1% compared to using the entire set for training. Hence, we believe that the overlap is not a concern
for over-fitting in our approach.
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Figure 2.3: Skyline-12 Dataset Metadata. Above shown are images, inputs seeds(blue), upper(red) and
lower(green) boundary as well as, annotations (ground truth) for all the 12 cities.

2.2 Evaluation Measures

A common measure to evaluate segmentation methods can be to report the percentage of accurately
labeled pixels, which is basically per-class accuracy. This measure can be hugely misleading, i.e.
labeling all the pixels as one building leads to perfect score for that building (though not for the other
buildings), which is clearly incorrect. Biases in different methods (i.e. tendency of over-segmentation
or under-segmentation) can lead to misleading high or low accuracies for the individual buildings.

To rectify this problem, evaluation measure based on intersection of the regions divided by their
union is used. For evaluation of both interactive and automatic settings, evaluation measure is defined
as below -
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2.2.1 Interactive Setting

In this setting consider an input image I , the upper and lower boundaries delineating the regions
containing buildings, thus only the buildings in the middle region are evaluated and, upper and lower
regions are not considered while evaluation. The seed pixels Si are user-provided (or provided with the
dataset) for each building bi, i ∈ 1, . . . , N . Output of the methods is a labeling of all the pixels in the
building region (middle region) into one of the N labels or background. Performance is measured as
the average overlap of the segmentations of each buildings bi as explained below.

Let GI and PI denote the ground truth and predicted labeling, and let GiI and P iI denote the sets
of pixels labeled as i. Then, the overlap is computed as the intersection over union of these sets. The
AverageOverlap(GI , PI) is defined as:

AverageOverlap(GI , PI) =
1

N

N∑
i=1

GiI ∩ P iI
GiI ∪ P iI

(2.1)

AverageOverlap(GI , PI) is averaged over all the images in the test set TS and reported as the
single Mean Average Overlap(MAO) score for a method P . The similar evaluation measure is used in
past as Best Spatial Support (BSS), Segment Accuracy and overlap in [3], [22] and [47] respectively.

MAOP =
1

48

∑
I∈TS

AverageOverlap(GI , PI) (2.2)

2.2.2 Automatic Setting

In this setting, we are only given image I and upper and lower boundaries as discussed earlier. As
no seeds are provided in this setting, we need to match the regions in the ground truth labeling to the
regions in the predicted labeling. The output of a segmentation algorithm is a labeling of each pixel
in the image into M regions. We compute similar average overlap scores as before, but first compute
a bipartite matching between the ground-truth regions and segmented regions. For all N ground truth
regions, we compute the bipartite matching m : N → M of highest score where the score of matching
is given by the intersection over union of the pixels. The average overlap in this setting is defined as:

AverageOverlap(GI , PI) = max
m∈M

1

N

N∑
i=1

GiI ∩ P
m(i)
I

GiI ∪ P
m(i)
I

(2.3)

Here unassigned ground truth regions get a score of zero. Then, the MAO is computed by averaging
AverageOverlap(GI , PI) as shown in equation 2.2. This measure is similar to the Best Segment Score
(BSS) criteria used in [47] with the key difference that each segmented region can contribute to only
one building, i.e two ground truth segments cannot be matched to the single segment in the predicted
labeling and vice versa.

For a given automatic method, we report MAO scores after performing the matching of labels within
each image, i.e. the regions in the ground truth are mapped to the regions in the predicted labeling with
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maximum overlap. To achieve such matching m : N → M , Hungarian Matching Algorithm described
in Section 2.5.1 is used. The cost matrix constructed using region overlaps, i.e. consider a cost matrix
C of N ×M size, then -

Cij = −1×GiI ∩ P
j
I (2.4)

The overlap is multiplied by −1 because, we need to maximize the ovarlap between matched region.
As required in Hungarian matching, dummy rows and columns are added to make C a square matrix.
Then, the Hungarian Matching finds the m : N → M such that overlap between matched regions is
maximized.

2.3 MRF Formulation of Segmentation

For extracting individual buildings from skyline, we propose an approach based on a Markov Ran-
dom Field(MRF) formulation, which is based upon the minimization via graph cuts in [13]. In seg-
mentation problem every pixel p ∈ P must be assigned a label in some finite set L. For the skyline
segmentation problem, a set L consists of individual buildings to be segmented. The goal is to find an
optimal labeling F where each pixel p ∈ P is assigned to the label Fp ∈ L where F is both piecewise
smooth and consistent with observed data. This problem can be formulated as shown below -

E(F ) = Edata(F ) + Esmooth(F ) (2.5)

Here, term Esmooth measures the extent to which F is not piecewise smooth while term Edata measures
the disagreement between the labeling F and the observed data. The Edata is formed as -

Edata =
∑
p∈P

Dp(Fp) (2.6)

Here, Dp is the value of the Data term at pixel p for label Fp measuring how well the label Fp fits
pixel p according to observations. The computation of the data term Dp for our setting is described in
Section 3.1.

The smoothness term Esmooth is formulated as -

Esmooth =
∑
p,q∈N

Vpq(Fp.Fq) (2.7)

Here, N is the set of interacting pixels which is set of adjacent pixels in 4-neighborhood in our case.
Basically, Vpq(Fp, Fq) denotes the cost of smoothness when neighboring pixels p, q are assigned the
labels Fp and Fq. Thus, each pair of pixels p, q has its own distinct penalty.

Thus, final energy formulation [44] is as shown -

E(F ) =
∑
p∈P

Dp(Fp) +
∑
p,q∈N

Vpq(Fp, Fq) (2.8)
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Figure 2.4: αβ-swap and α-expansion moves - Above shown are the large standard moves. In the swap move,
few pixels swap their labels between blue and gray without affecting red labels at all. In the expansion move,
gray label is expanded, changing label of few pixels to gray from both blue and red labels.

Finding global minima of the energy is enormously computationally expensive. Number of possible
labelings are exponential in number of pixels |P |, which is typically in thousands. Thus, the global
energy minimization is NP-hard; therefore it is impossible to find rapid global minima unless P = NP .
Thus, the standard MRF provides the approximate solution.

2.3.1 Standard MRF

Moves changing the label of a single pixel have been used in Iterated Conditional Modes [9] and
Stimulated Annealing [29, 30] but, these methods have very slow rate of convergence. That is why, the
larger moves are considered where labels of multiple pixels are changed in a single move. [57, 7] use
larger moves in Stimulated Annealing but, instead of selecting the best possible move, they randomly
select connected subset of pixels that change their label from α to β. Generally, the algorithms are
proposed with respect to two types of large moves to generate the labeling that is local minimum of the
energy in Equation 2.8. These moves allow large number of pixels to change their labels simultaneously.
-

1. αβ-swap : Given pair of labels α,β, a move from labeling F to labeling F ′ is called αβ − swap
if Pl = P ′l for any label l 6= α, β, where Pl and P ′l are set of pixels labeled l in labeling F and
F ′ respectively. That means only difference between labeling F and F ′ is that some pixels which
were labeled α in F are labeled β in F ′ and some pixels which were labeled β in F are labeled α
in F ′.

2. α-expansion : Given a label α, a move from labeling F to labeling F ′ is called α− expansion,
if Pα ⊂ P ′α and Pl ⊂ P ′l for label l 6= α. That means, this move allows any set of pixels to change
their labels to α.
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These moves are shown in Figure 2.4. Although, local minimum can be found with respect to both the
moves, for skyline segmentation we consider energy minimization only with respect to α− expansion.

2.3.1.1 Standard MRF : α-Exapnsion Algorithm

The expansion algorithm finds a local minimum when when expansion moves are allowed. Given a
labeling F , there are exponential number of expansion moves possible. [51, 36, 12] used graph cuts to
find the exact global minimum of a certain type of energy functions only for 1D labels. The standard
MRF uses efficient graph cut (min-cut/max-flow) optimizations to find the optimal α−expansion given
a labeling F .

Algorithm 1 α-expansion Algorithm for Skyline Parsing
Require: data D, pairwise V

1: Initialize, initial labeling F such that Fp = minl∈LDp(l)
2: for iter := 1 to K do
3: for Each building α ∈ L do
4: Find F ′ = argminE(F ′) among F ′ within one α-expansion of F using Max flow/Min Cut.
5: if E(F ′) < E(F ) then
6: Set F = F ′

7: end if
8: end for
9: end for

10: Return F

This approach can be said a variant of “fastest descent” technique. The standard MRF approach
for parsing skylines is outlined in Algorithm 1. The efficient graph-based methods to find the optimal
α-expansion move (Step 5) given a labeling F is described in Section 2.3.1.2. This is the key step of
the algorithm. The Step 3-10 is called an Iteration. In each iteration, the algorithm finds an optimal
expansion move for every label in random order. These algorithms are guaranteed to terminate in a
finite number of iterations. In fact, under the assumptions that Dp and V in Equation 2.8 are constants
independent of the image size P = m×n, the convergence can be easily proved inO(P ) iterations [59].
Although for all practical purposes, we use 2 ∗ |L = numBuildings| iterations, i.e. K = 2.

2.3.1.2 Optimal Expansion Move using Graph Cuts

Let G =< V, E > be a weighted graph with two distinguished terminals. A cut C ∈ E is a set of
edges such that the terminals are separated in the induced graph G(C) =< V, E − C > and no proper
subset of C separates the terminals in G(C). The cost of C is the sum of its edge weights denoted by |C|.
The Minimum Cut problem is to find the cheapest cut among all cuts separating the terminals.

Given an input labeling F and a label α, the goal is to find the labeling F̂ that minimizes E in Equa-
tion 2.8 over all the labelings within one α-expansion of F . The technique is based on computing a
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Figure 2.5: Graph construction for α-expansion - Above shown is a graph for hypothetical 1D image with
terminals α and ᾱ and corresponding nodes and edges.

labeling corresponding to minimum cut of graph Gα =< Vα, Eα >. The structure of the graph is deter-
mined by the current labeling F and label α. The structure of the graph Gα is shown in the Figure 2.5
for 1-D image. Set of vertices include label α and ᾱ, all the pixels p ∈ P as well as, additionally for
each pair of neighboring pixels {p, q} ∈ N such that Fp 6= Fq, an auxiliary node a{p,q} is introduced at
the boundaries between sets Pl for l ∈ L. Thus, the set of vertices is -

Vα = {α, ᾱ,
⋃

{p,q}∈N,Fp 6=Fq

apq}

Each pixel p ∈ P is connected to terminals α and ᾱ by t-links tαp and tᾱp respectively. Each pair of
neighboring pixels {p, q} ∈ N such that Fp 6= Fq is connected by an n-link epq, additionally for each
such pair a triplet Epq = {epa, eaq, tᾱa} is created. Then, the set of edges are -

Eα = {
⋃
p∈P
{tαp , tᾱp },

⋃
{p,q}∈N,Fp 6=Fq

Epq,
⋃

{p,q}∈N,Fp 6=Fq

epq}

The weights assigned to the edges are as shown in Table 2.1.
Any cut C on Gα must include exactly one t-link for any pixel p ∈ P : If neither t-link were in C,

there would be a path between terminals α and ᾱ; while if both the t-links were cut, then a proper subset
of C would be a cut. This defines a natural labeling F C corresponding to cut C on graph Gα. Formally -

Fp
C =

{
α if tpα ∈ C
Fp if tpᾱ ∈ C

In other words, a pixel p is assigned to label α if cut C separates p from terminal α, while it retains
its old label if a cut C separates p from ᾱ. For p /∈ Pα, ᾱ represents labels in the initial labeling.

Then, the following statements can be proven easily-
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edge weight for
tᾱp ∞ p ∈ Pα
tᾱp Dp(Fp) p /∈ Pα
tαp Dp(α) p ∈ P
epa V (Fp, α)

{p, q} ∈ N,Fp 6= Fqeaq V (α, Fq)
tᾱa V (Fp, Fq)

epq V (Fp, α) {p, q} ∈ N,Fp = Fq

Table 2.1: In above table, weights assigned for each type of edges and pixels are shown in the Graph for α-
expansion.

1. A labeling F C corresponding to a cut C on Gα is one α-expansion away from the initial labeling
F .

2. If {p, q} ∈ N and Fp 6= Fq then minimum cut C on Gα satisfies -

(a) If tpα, tqα ∈ C then C
⋃
Ep,q = φ

(b) If tpᾱ, tqᾱ ∈ C then C
⋃
Ep,q = ta

ᾱ

(c) If tpᾱ, tqα ∈ C then C
⋃
Ep,q = epa

(d) If tqᾱ, tpα ∈ C then C
⋃
Ep,q = epq

These properties are shown in Figure 2.6.

3. Let Gα be constructed as above given F and α. Then, there is a one to one correspondence
between elementary cuts on Gα and labelings within one α-expansion of F . Moreover, for any
elementary cut C, we have |C| = E(F C).

Thus, the optimal expansion move can be found using standard Min Cut/Max flow algorithm. Mini-
mum cuts can be efficiently found by standard combinatorial algorithms with different low-order poly-
nomial complexities [2]. For example, a minimum cut can be found by computing the maximum flow
between the terminals, according to a theorem due to Ford and Fulkerson [25]. In our experiments,
we use of a new max-flow algorithm that has the best speed on the graphs over many modern algo-
rithms [11].

In the figure 2.7 the standard MRF output for a sample skyline is shown. The qualitative comparison
between standard MRF output and our method is done in Section 3.4.

2.3.2 GrabCut

GrabCut [50] is a method to accurately solve the problem of foreground/background segmentation.
GrabCut extends the Graph Cut method explained in the previous section and develops an iterative
version of the optimization. The method proceeds as below -
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Figure 2.6: Graph cut properties - Above shown are the properties of minimum cut C on graph Gα. Property
(a) is shown in leftmost graph, (b) is shown in the middle graph while Properties (c) and (d) are shown in the
rightmost graph.

Figure 2.7: Standard MRF - In the left, shown is the example skyline while in the right a standard MRF output
using α-expansion via Graph Cuts is shown.

1. In this method, GMM components are calculated from initial user input as explained in Sec-
tion 3.1.1 and each pixel is assigned to a GMM component corresponding to minimum unary
potential.

2. The corresponding GMM parameters such as mean(µ(kn)), covariance(Σ(kn)) and the weights(π(kn))
are learned from the image data for each component.

3. The segmentation is estimated using min cut (refer Section 2.3.1.2).

4. Step 1-3 are repeated until convergence.

The method guarantees proper convergence due to iterative energy minimization. The iterative process
also allows user editing and refining. The method is impractical for our purpose as we need to segment
about 30-50 labels for image and this method is suitable for foreground/background segmentation. Iter-
ative procedure until convergence for each label involving a min cut in each iteration is highly inefficient
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for our purpose. We present a much faster, efficient and accurate method which takes into consideration
multiple features such as color, texture and shape.

2.4 Design Objectives

MRF segmentation discussed in previous Section 2.3 segments the image into individual buildings
(labels) such that the energy of the labeling (Equation 2.8) is approximately minimized. The algorithm
becomes inefficient for skyline segmentation due to multiple reasons -

1. For an image of sizem×n, standard MRF takesO(m3n3) computations in the worst case scenario
for each label using α-expansion.

2. Incorporating shape priors and higher order priors into MRF formulation becomes very complex.
Methods that have incorporated shape priors and higher order priors into MRF formulation in the
past ( [18, 60, 19, 66, 64, 28]) are either too restrictive or computationally expensive or require
prior information (Section 1.3). Thus, it is impractical to incorporate rectangular shape priors as
well as, higher order priors such as height, width and aspect ratio into segmentation of skylines
using the methods available.

3. The pixel-wise classification, i.e. segmentation of the skyline is often not enough for the applica-
tions where additional semantic information such as order/depth of each building is required.

The main reason behind these failures of Standard MRF for segmenting the skylines is because the
algorithm does not consider the overall structure of the skylines and shapes of individual buildings. We
propose an effective and efficient algorithm to segment skylines into individual buildings via exploiting
the unique ‘tiered’ structure of the skyline as well as, incorporating the general rectangular shapes of
the building into MRF formulation.

A lot of scenarios exhibit ‘tiered’ structure, e.g. cars in parking lot, pine trees in forest, oranges
arranged in a heap and buildings in a skyline. The skylines are ‘tiered’ in a sense that objects of the
similar shape (buildings) occlude one another forming the unique and complex ‘tiered’ structure. The
Dynamic Programming methods [66, 24] propose segmentation methods optimizing MRF energy of
the tiered labeling exploiting the ‘tiered’ structure of the setting. Such methods fail for the complex
occlusion patterns in the skyline as well as, large number of labels. The ‘tiered’ structure of the skylines
not only provides the global structural information but also helps deducing the local ordering of the
buildings in the z-dimension, i.e. the building is farther to camera than the one occluding it, the building
closer to the bottom boundary is closer to camera than others, etc. This information about the tiered
structure and the ordering of the buildings helps to split the overall labeling problem into bunch of
binary segmentation problems, i.e. each building can be segmented iteratively in the order from bottom
to top. We also propose a simplified tiered labeling problem using Dynamic Programming based on the
structure and ordering of the buildings in Section 3.3.2.
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While ‘tiered’ structure of the skyline helps us simplifying the overall labeling problem into ordered
binary segmentation problems, incorporating shape priors and higher order priors still remains a com-
putationally and conceptually complex problem without considering the general rectangular shape of
the buildings in a skyline. We assume the buildings of the skylines are rectangular, the hard assump-
tion being the buildings are strictly rectangular (Section 3.3.1) and the soft assumption being the left
and right boundaries of the buildings are rectangular while upper boundary is an x-monotonic curve
(Section 3.3.3), e.g. towers. Instead of searching for the optimal labeling in the labeling space like
in Standard MRF, we search over parametric rectangular shape family. We can easily incorporate the
higher order priors such as height, width and aspect ratio into MRF formulation via restricting the shape
parameters.

2.5 Other Related Concepts

The various tools and techniques subsequently used in the method are described below -

2.5.1 Hungarian Matching

Hungarian matching [40] is used to solve an assignment problem where n jobs are need to be as-
signed to n nodes such that cumulative cost is minimum. The Hungarian Matching is based on following
theorem -
If a number is added to or subtracted from all of the entries of any one row or column of a cost matrix,
then on optimal assignment for the resulting cost matrix is also an optimal assignment for the original
cost matrix.

The following algorithm applies above theorem to a given n × n cost matrix to find an optimal
assignment -

1. Subtract the smallest entry in each row from all the entries of its row.

2. Subtract the smallest entry in each column from all the entries of its column.

3. Draw lines through appropriate rows and columns so that all the zero entries of the cost matrix
are covered and the minimum number of such lines is used.

4. Test for Optimality -

(a) If the minimum number of covering lines is n, an optimal assignment of zeros is possible
and optimal assignment is done.

(b) If the minimum number of covering lines is less than n, an optimal assignment of zeros is
not yet possible. In that case, proceed to Step 5.

5. Determine the smallest entry not covered by any line. Subtract this entry from each uncovered
row, and then add it to each covered column. Return to Step 3.
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Figure 2.8: k-means Algorithm - Above shown in the image are different clusters represented by different
colors, data points assigned to the nearest cluster center shown by symbol +.

2.5.2 K-means Clustering

k-means [45] is an unsupervised clustering algorithm, used in color and texture modeling in Sec-
tion 3.1.1 and 3.1.2 as well as automatic superpixels generation algorithm such as SLIC in Section 4.1.1.
Given N data points of d dimensions each and k number of clusters, k-means clusters the data into k
clusters so as to minimize within-cluster sum of squares.

Let {x1, . . . , xN} be the set of d dimensional real vectors, k-means clustering aims to partition the
N observations into k sets (k ≤ N ) S = (S1, S2, . . . , Sk) so as to minimize the within-cluster sum of
squares -

S = argminS

k∑
i=1

||xj − µi||2 (2.9)

where, µi =

∑
xj∈Si

xj

|Si| is mean of all the data points in cluster Si and |Si| is the number of data points
in the cluster Si.

The k-means algorithm uses an iterative refinement technique to solve the optimization problem.
The iterative procedure is also referred to as Lloyds algorithm. It proceeds in three steps -

1. Initialization Step - The algorithm starts with randomly initializing the means to µ1, µ2, . . . , µk.
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2. Assignment Step - In the assignment step, each data point is assigned to its nearest mean ac-
cording to Euclidean distance.

Si = {xp : ||xp − µi|| ≤ ||xo − µj ||∀1 ≤ j ≤ k} (2.10)

3. Update Step - During the update step, the mean of each cluster is recomputed after the new
assignments from the previous step.

µi =

∑
xj∈Si

xj

|Si|
(2.11)

The algorithm converges when in the assignment step, the clusters do not change. There is no guar-
antee that the algorithm will converge to the global optimum, and the result depends on the initialization
of the cluster means. One common practice is to randomly choose k points from the data points as the
initial cluster means, and run it multiple times with different initializations. There are other variants of
initializations in the literature, for example k-means++ [4], which avoids the poor clusterings found by
the standard k-means algorithm..

2.5.3 Integral Images

Figure 2.9: To find a sum of the rectangle ABCD as shown in the figure, compute I(C) + I(A)− I(B)− I(D).

Integral Image (or Summed area table or Cumulative Sums) [17, 62] is a data structure and algorithm
for quickly and efficiently generating sum of values in rectangular subset of a grid or image or matrix.

The value at any pixel (x, y) in an integral image is the sum of the pixel values above and to the left
of (x, y), inclusive.

I(x, y) =
∑

x′≤x,y′≤y
i(x′, y′) (2.12)
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where, I(x, y) is value of integral image at (x, y) and i(x, y) is pixel value at (x, y) in an original image.
Moreover, an integral image can be calculated very efficiently with a single pass over the image as

described in below equation -

I(x, y) = i(x, y) + I(x− 1, y) + I(x, y − 1)− I(x− 1, y − 1) (2.13)

Once an integral image is computed, the task of evaluating the sum within any rectangle is matter of
constant computation with just four array references. Consider the Figure 2.9, having A = (x0, y1),
B = (x1, y1), C = (x1, x0) and D = (x0, y0). Then, the sum of i(x, y) over the rectangle spanned by
A, B, C and D is - ∑

x0<x≤x1,y0<y≤y1

i(x, y) = I(C) + I(A)− I(B)− I(D) (2.14)

The small variant of the integral images are columnwise or rowwise cumulative sums. Instead of
computing and storing the the sums of the entire rectangle, the sums of the elements in the row or
column upto the point are stored. For example, in Columnwise cumulative sums -

I(x, y) = i(x, y) + I(x, y − 1) (2.15)

and in rowwise cumulative sums -

I(x, y) = i(x, y) + I(x− 1, y) (2.16)

The further variant of the Rectangular integral images are Triangular integral images which will be
explained in Section 5.1.1.
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Chapter 3

Interactive Segmentation

We formulate the overall labeling problem as an energy minimization problem as described in 2.3.
For set of pixels P and set of possible labels L, the energy of a labeling F : P → L, is defined as

E(F ) =
∑
p∈P

Dp(Fp) +
∑
p,q∈N

Vpq(Fp, Fq) (3.1)

Where, the smoothness term (or pairwise potential) is defined as below.

Vpq(a, b) = λ exp
(
−γ (Ip − Iq)2

)
· 1(a 6= b) (3.2)

Here, Ip denotes the image intensity at pixel p. The smoothness term encourages coherence in
regions of similar colors-levels. The power of the exponent (Ip − Iq)2 is often called as contrast term
and is computed using Euclidean distance in color space. The optimal labeling can be obtained by
F ∗ = argminf E(f).

The unary term Dp measures the color and texture similarity of the pixel compared to the color and
texture models estimated from a set of seed pixels (Section 3.1). In the interactive setting these seeds are
provided as input, as described earlier in Section 2.1. In the automatic setting, seeds are initialized from
unsupervised low-level segmentation algorithms as explained later in Section 4.2. In the next section,
construction of unary potential term Dp is described in detail.

3.1 Region Representation

Unary potential (or Data term) represents the disagreement between labeling F and observed data. In
other words, Dp(b) measures the cost of labeling pixel p with building (label) b with respect to observed
data. In our modeling, various features such as color, texture and spatial distance are used to compute
robust region representation.

We start with initial SLIC superpixel segmentation [1] with regionSize = 30 and regularizer =

0.001 . Before obtaining the SLIC superpixels, the image is converted to CIE Lab [63] color space
from RGB color space. The reason behind converting to Lab color space is that it is designed to uni-
form, i.e. perceptual “closeness” that humans observe corresponds to the Euclidean distance in the Lab
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color space. As shown in Figure 3.1, “L” component corresponds to lightness from white to black, “a”
component corresponds to red-greenness and “b” component corresponds to yellow-blueness.

Figure 3.1: Lab color space - “L” component corresponds to lightness from white to black, “a” component
corresponds to red-greenness and “b” component corresponds to yellow-blueness

The superpixels that contain the seed pixels are assigned to the majority label, i.e. if a superpixel
contains a seeds from two different buildings, then it is assigned a label which has a majority seeds in
the superpixel. To assign the affinity of a pixel to a region (i.e. value of the unary potential at the pixel),
we use color and texture features as explained below.

3.1.1 Color Modeling

Color is an obvious and the first observation distinguishing one building from another. Thus, while
constructing unary potential, we make use of the color information provided by the image.

Consider Ip as color intensity at pixel p ∈ P in CIE Lab color space [63]. Unlike texture modeling, it
is highly impractical to construct adequate color space histograms, as there are as many as 2553 possible
beans. Thus, color data is modeled using GMMs using, a model already used for soft segmentation in
[50, 52, 15]. While in these methods 2 GMMs are generated one for each of the background and
foreground, for skyline parsing as many as B GMMs are used, one for each building (label). Each
GMM is taken to be a full-covariance Gaussian Mixture with K components (In this case, K = 5).
In order to generate robustness and tractability, in the optimization framework, an additional vector
k = {k1, . . . kN} is introduced, with kn ∈ {1, . . . ,K}. Thus, to each pixel p a unique GMM component
Cp(b) is assigned, a component from bth building (label). Cp(b, k) represents the contribution of color
model towards the unary potential at a pixel p in the kth cluster for building (label) b.

For each label, set of foreground (here, foreground means the label into consideration) color vectors
Pb are acquired using seed pixels, i.e. all the pixels belonging to superpixels labeled as current fore-
ground are foreground colors. This set of foreground colors vectors is partitioned into K clusters using
k-means algorithm. For each cluster k and the foreground label b, mean color µ(b, k), the covariance
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color Texture Spatial Disatnce Unary Term

Figure 3.2: Unary Potential. Above shown are unary potentials with corresponding color, texture and spatial
distance component for 3 buildings from the image shown in the first row. The corresponding buildings are
outlined by blue rectangle. The darker region in the images correspond to lower cost (unary potential). Thus, all
the corresponding buildings are darker than the rest of the skyline.

matrix Σ(b, k) and the mixture weighting coefficient for the cluster π(b, k) is calculated as shown below:

µ(b, k) =

∑
p∈Pb

Ip

|Pb|
(3.3)

Σ(b, k) =
∑
p∈Pb

(Ip − µ(b, k))(Ip − µ(b, k))T (3.4)

π(b, k) =
|Pb|∑
i∈B |Pi|

(3.5)

Then, the log likelihoods of the foreground can be modeled as being derived from an oriented ellip-
tical Gaussian distribution using covariance matrix Σ(b, k). Thus -

Cp(b, k) = − log f(p|b, k)− log π(b, k) (3.6)
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color Texture Spatial Disatnce Unary Term

Figure 3.3: Unary Potential Continued. Above shown are unary potentials with corresponding color, texture
and spatial distance component for 3 buildings from the image shown in the first row. The corresponding buildings
are outlined by blue rectangle. The darker region in the images correspond to lower cost (unary potential). Thus,
all the corresponding buildings are darker than the rest of the skyline.

Here, f(.) is Gaussian probability distribution and π(.) are mixture weighing coefficients. Then -

Cp(b, k) = − log π(b, k) +
1

2
log detΣ(b, k) +

1

2
[Ip − µ(b, k)]Σ(b, k)−1[Ip − µ(b, k)]T (3.7)

Therefore, the parameters of the model are -

θ = {π(b, k), µ(b, k),Σ(b, k), b = 1, . . . , B, k = 1, . . . ,K} (3.8)

i.e. the weights π, means µ and covariances Σ of the B ×K gaussian components for the distributions
for all the buildings (labels) and Cp(b, k) represents the color contribution towards the unary potential.

The color potentials for few buildings in two skylines are shown in figures 3.2 and 3.3.
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Figure 3.4: Training Textons - Above image shows texton training. Each pixel in the Image is converted into
Nf il dimensional vector and these vectors are clustered. Finally, each pixel is assigned to nearest texton (cluster
center).

3.1.2 Texture Modeling

Texture is very important feature distinguishing buildings apart. Due to sunlight, angle of photogra-
phy, etc. external factors, different facades of the same building display different colors but, the facades
generally display similar textures. Thus, in skyline images texture plays a very important part in unary
potential construction. Texture model is build over pre-trained Textons as in [46, 48]. To generate a
Texton for each pixel, texture descriptors as in [46, 48] are used as described below.

Generally, texture is represented using filter responses of various orientations and spatial frequencies,
i.e. image is convolved with the bank of filters to construct texture descriptor. Thus, each pixel value
is represented by Nfil real-valued filter responses, which is quite redundant considering textures are the
entities which are repetitive by definition. Therefore, over the texture filter responses should be quite
the same. Thus, there should be several distinct texture filter response vectors representing different
textures, named textons.

Textons are trained over the training set of Skyline-12 dataset using the below process -

1. Each image in the training set is convolved with a filter bank containing both odd and even filters
at multiple orientations as well as, a radially symmetric center-surround filter to get a vector of
filter responses to every pixel. Thus, each pixel is transformed to a Nfil dimensional vector of
filter responses.

2. Now, all these vectors are clustered using k-means clustering algorithm as described in Sec-
tion 2.5.2 into NT clusters. These cluster centers are called as Textons. For texture modeling
in our case, NT = 32 is used.

This process is shown in the form of flow diagram in Figure 3.4. Thus, by the end of training we have
NT cluster centers or textons.

Now, while parsing any skyline image, each pixel is assigned to one of these textons only once in
the beginning, i.e. each pixel is assigned a texton number based on the minimum distance of the filter
response vector at that pixel from the texton centers.
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Figure 3.5: In the image, a hypothetical image is shown with each pixel assigned to a texton. For the two sample
pixels, a red and blue circle is a circular window within which texton histograms are computed.

Considering the notion of discrete texture elements ‘texels’, we include the notion of texel neigh-
borhood into computing texutre similarities. To compute pairwise texture similarities, windowed texton
histograms are compared. The windowW (p) is defined for a pixel p, a disk of radius tr centered at pixel
p. For our case, we use tr = 10. Each histogram has NT bins (NT = 32 for our case), one for each
texton channel. The value of the ith histogram bin for pixel p is found by counting the number of pixels
inside the window W (p) assigned to ith texton. Thus, the histogram represents texton frequencies in a
local neighborhood. This can be written as -

hp(i) =
∑

j∈W (p)

I[T (j) = i] (3.9)

where I[.] is an indicator function, i.e.

I(x) =

{
1 if x = 1

0 otherwise
(3.10)

and T (j) returns the texton assigned to pixel p. The process is shown in Figure 3.5.

For each building (label) b in the image, texture contribution towards unary potential is computed as
described below -

1. As described in section 3.1.1 and 3.1, starting with initial SLIC [1] superpixels, the foreground
pixels are found and texton histograms related to those pixels are clustered using k-means clus-
tering into K clusters (We use K = 3 for our purpose) to get cluster centers Hibk for ith texton
and kth cluster.

2. Then the contribution of the texture towards unary potential of the kth cluster at the pth pixel for
the bth building (label) Tp(b, k) is computed as χ2-distance of the local texton histogram, hp(i)
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computed at pixel p for ith texton using Equation 3.9 from the kth cluster center, i.e.

Tp(b, k) =
NT=32∑
i=1

(Hibk − hp(i))2

(Hibk + hp(i))
(3.11)

3.1.3 Construction of Unary Potential

Besides color and texture component, horizontal spatial distance also contributes towards unary po-
tential. Due to general vertical left and right edges of the building, horizontal distance from the mean
seed emphasizes the horizontal spatial affinity of the pixels assigned with the same label as that of the
seed, i.e. the pixels of the same building are likely to be horizontally closer to the seed pixels equally
from both left and right sides due to its rectangular shape. Thus, the horizontal spatial distance Sp(b),
of the pth pixel from the mean seed of the bth building is computed as:

Sp(b) = ||Xb − xp||1 (3.12)

where Xb is the horizontal co-ordinate of the mean seed of the bth building (label) and xp is the hori-
zontal co-ordinate of the pth pixel.

Finally, unary potential Dp(b) for pixel p and the building (label) b is computed as,

Dp(b) = α(βmin
k
Cp(b, k) + (1− β) min

k
Tp(b, k)) + (1− α)Sp(b) (3.13)

where, color contributionCp(b, k), texture contribution Tp(b, k) and spatial distance Sp(b) are computed
according to Equations 3.7, 3.11 and 3.12 respectively.

3.1.4 Qualitative Analysis

Figure3.2 and Figure 3.3 show the color, texture, spatial component as well as, the resulting unary
potential for few buildings from two different skylines. Table 3.1 presents the quality of the unary
potentials. Labels F are obtained by taking the pixel-wise minimum of the costs of each label, i.e. -

Fp = argmin
l∈B

Dp(l) (3.14)

where, Fp is label obtained at pixel p, B is the set of all possible labels (buildings) and Dp(l) is the
unary cost of label l at pixel p. The label obtained as such is evaluated to obtain MAO on validation set
of 36 images as explained in Section 2.2.1. Table 3.1 shows MAO for 4 cases - Color+Texture+Spatial
Distance(α = 0.35 and β = 0.2), without color(β = 0), without Texture (β = 1) and without spatial
distance (α = 1).

The table 3.1 shows that all the three components (color, shape and texture) contribute to the final
success. Color alone is not sufficient, possibly due to wide appearance variations of facades of a building
caused by sunlight and other external factors. Adding texture significantly improves the performance.
The performance of the combination is not sensitive over a wide range of α and β. For instance, MAO
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for validation set does not vary significantly over values of α between 0.2-0.4 and between 0.2-0.6.
Optimum values of α and β obtained on the validation set are 0.35 and 0.20. While calculating unary
potentials for various experiments, all three models are normalized to unit variance.

Description MAO
Color + Texture + Spatial 53.4%
w/o Color 50.3%
w/o Texture 37.2%
w/o Spatial Distance 33.1%

Table 3.1: Quality of unary potentials - MAO scores on the validation set using unary potentials only.

3.2 Semantic Segmentation of Tiered Scenes

Semantic segmentation aims at pixel-wise classification of the image such that each label represents
a meaningful entity. For example, in our case we aim to extract the individual buildings of a skyline
using the depth order of each building which can be used later to re-build the meaningful structure of
a skyline. For this purpose we use the ‘tiered’ structure of a skyline where each building is occluded
by others forming complex tiers. In the Section 4.3 is described another example which assigns each
pixel to a meaningful geometric class. In this section, a Dynamic Programming Approach is explained
to efficiently minimize MRF energy formulation for a specific tiered structure.

[24] uses Dynamic Programming for labeling problem to minimize energy as given by Equation 3.1.
The dynamic programming solution proposed in [24] finds a globally optimal solution to the labeling
problem of the ‘tiered’ structure shown in Figure 3.6. In this case, the image is partitioned in top, bottom
and middle region, while the middle regions is further partitioned into multiple vertical regions.

While standard expansion algorithm in Section 2.3 often gets trapped in a local minima quite far
from the globally optimal solution and fails to find an acceptable solution to the labeling problem in
Figure 3.6, the dynamic programming solution manages to find a global optimum in O(m2nK2) for
an image with m rows, n columns and K labels in the middle region. Also, unlike other minimization
techniques, this method does not require the pairwise potential term (or smoothness term) Vpqto be of
certain form (metric or semi-metric). Instead of imposing restrictions on Vpq, the labeling structure is
restricted.

Let L be the set of all possible labels. In a tiered labeling of an image I with m rows and n columns,
each column is partitioned into 3 regions corresponding to top, bottom and middle regions. Pixels in the
top are labeled as T , those in the bottom as B and pixels in the middle are labeled as l where l ∈ M
and M = L \ T,B. Thus, the tiered labeling is defined by a sequence of n triplets (ik, jk, lk) for each
column k. For each column, we have a triple (i, j, l) with 0 ≤ i ≤ j ≤ m and l ∈M . This triple defines
a label in column k. Pixels in rows 0, 1, . . . , i− 1 are labeled T , pixels in rows j, . . . ,m− 1 are labeled
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Figure 3.6: Tiered Structure - The labeling is defined by two horizontal curves that partition the image into a
top, bottom and middle region. The middle region is subpartitioned by vertical boundaries. The top region is
labeled T , the bottom region is labeled B and the middle regions take labels from M .

B and the rows in the middle are labeled l. The labeling is shown in Figure 3.7. Thus, the sequence of
indices α = (i0, . . . , in−1) defines the boundary between top an middle regions and β = (j0, . . . , jn−1)

defines the boundary between middle and bottom regions. Both, curves α and β are x-monotonic, as
they cut each column exactly once. Two curves cannot cut each other as ik ≤ jk.

3.2.1 Dynamic Programming

Let Z = {(i, j)|0 ≤ i ≤ j ≤ m} and S = Z ×M . The tiered labeling is defined by sequence of n
triples -

sk = (ik, jk, lk) ∈ S, 0 ≤ k ≤ n

Then, the labeling is a path in S × 0, 1, . . . , n− 1 going through points (sk, k), simultaneously tracing
α and β. For a tiered labeling F , the energy in Equation 3.1 can also be expressed as -

E(F ) =
n−1∑
k=0

Uk(sk) +
n−2∑
k=0

Hk(sk, sk+1) (3.15)

This form is obtained by putting data term and vertical smoothness term inUk and horizontal smoothness
term between column k and k + 1 into the term Hk. Uk and Hk can be computed in O(1) using
cumulative sums (integral images) as described in Section 2.5.3. The standard Dynamic Programming
(DP) for solving the energy equation in 3.15 is described below. The method builds n tables,Ek indexed
by states s ∈ S, the value in Ek[s] is the cost of an optimal sequence of k+ 1 states ending in state s. If
(s0, . . . , sk) is an optimal sequence ending in sk then (s0, . . . , sk−1) is an optimal sequence ending in
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Figure 3.7: The labeling in each column is defined by 2 indices 0 ≤ i ≤ j ≤ n and a label l for the middle
region.

sk−1. This gives a recurrence relation -

E0[s] = U0[s]

Ek[s] = Uk(s) + min
s̄

(Ek−1[s̄] +Hk−1(s̄, s)) (3.16)

While computing Ek the optimum previous states in table Pk[s] are also recorded. After computation
of all the tables, the optimal solution is obtained by selecting -

sn−1 = argminsEn−1[s]

and then tracing the optimal path using Pk. While computing Ek, for each state s ∈ S all the possible
previous states s̄ ∈ S are searched. Since, such n tables are needed to be computed, the complexity of
the algorithm is O(n|S|2) = O(m4nK2).

3.2.2 Fast Algorithm

Let g be an array of size m. The running-min of g is an array h of size m defined as -

h[i] = min
i′≤i

g[i′]

The simple way to compute h in O(m) is to first set h[0] = g[0] and then sequentially set h[i] =

min(g[i], h[i− 1]).
Consider the standard DP algorithm in Section 3.2.1. In each stage the basic computation is of the

form -

G[s] = min
s̄∈S

(E[s̄] +H(s̄, s))
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where, E specifies the cost of solutions up to the previous column and G the solutions up to the current
column. Both E and G have |S| = O(m2K) entries.

For each s ∈ S the search for s̄ takesO(m4K) computations. To speed the process up, the search for
s̄ is broken into different sub-cases. For each state s = (i, j, l) the energy is minimized separately over
l′. The algorithm works by breaking minimization for fixed l, l′ over 6 cases — Z1(i, j), . . . , Z6(i, j)

such that Z = Z1(i, j) ∪ . . . ∪ Z6(i, j). Then, Gl,l′ is computed as follows -

Ft[i, j] = min
(̄i,j̄)∈Zt(i,j)

(El,l′ [̄i, j̄] +Hl,l′((̄i, j̄), (i, j)))

Fl,l′ [i, j] = min
1≤t≤6

Ft[i, j]

The sets Zt(i, j) are defined in terms of the positions of ī, j̄ relative to i, j. The subsets are i ≤ j ≤ ī ≤
j̄, i ≤ ī ≤ j̄ ≤ j, ī ≤ i ≤ j̄ ≤ j, i ≤ ī ≤ j ≤ j̄, ī ≤ j̄ ≤ i ≤ j and ī ≤ i ≤ j ≤ j̄.

For each t computing Ft via Brutes force takesO(m4). Below described is the method for computing
Ft in O(m2) for the case -

Zt(i, j) = {(̄i, j̄)|̄i ≤ i ≤ j̄ ≤ j}

The other cases are analogous.
There are two key ideas -

1. The search for ī can be separate from search for j̄.

2. Resulting searches can be done quickly with running-min computations.

Figure 3.8: Computing H((̄i, j̄), (i, j)) when ī ≤ i ≤ j̄ ≤ j. The horizontal Vpq can be defined using integral
images.

Let I(a, b)[x] be the sum of horizontal smoothness terms for labels a, b between previous and current
columns from rows 0 to x − 1, i.e. sum of Vpq(a, b) for p in previous column, q in current column and

35



both p, q in rows 0 to x− 1. Then the smoothness term in H((̄i, j̄), (i, j)) can be expressed using these
cumulative sums as follows (see Figure 3.8) -

H((̄i, j̄), (i, j)) = d1 + d2 + d3 + d4 + d5

where -

d1 = I(T, T )[i]

d2 = I(l′, T )[i]− I(l′, T )[̄i]

d3 = I(l′, l)[J̄ ]− I(l′, l)[i]

d4 = I(B, l)[j]− I(B, l)[j̄]

d5 = I(B,B)[m]− I(B,B)[j]

After re-grouping the terms -

H((̄i, j̄), (i, j)) = I(i) + J (j) + Ī (̄i) + J̄ (j̄) + C

Thus -

Ft[i, j] = min
ī≤i≤j̄≤j

(E [̄i, j̄] + I(i) + J (j) + Ī (̄i) + J̄ (j̄) + C)

= I(i) + J (j) + C + min
i≤j̄≤j

(J̄ (j̄) + min
ī≤i

(E [̄i, j̄] + Ī (̄i))) (3.17)

Since, neither E [̄i, j̄] nor Ī (̄i) depend on j the optimum ī is solved as a function of i and j̄,

E′[i, j̄] = min
ī≤i

(E [̄i, j̄] + Ī (̄i))

E′ is computed using m running-min computations, one for each choice of j̄. For each j̄, let g be an
array of size j̄ + 1 with -

g[i] = E[i, j̄] + Ī(i)

Then E[i, j̄] = h[i] where h is a running-min of g. Since each running-min computation takes O(m),
E′ is computed in O(m2). Once E′ is computed -

Ft[i, j] = I(i) + J (j) + C + min
i≤j̄≤j

(J̄ (j̄) + E[i, j̄])

Once again using running-min, for each i let g be an array of size n− i+ 1 with -

g[j − i] = J̄ + E′[i, j]

Then Ft[i, j] = I(i) + J (j) + C + h[j − i] where h is the running-min of g. Thus, for each t, O(m2)

time is needed. To compute Fl,l′ , O(m2) and by searching over l, l′, O(m2K2) time for computing F ,
i.e. Ek in each stage of standard DP algorithm. This leads to an O(m2nK2) labeling algorithm.

36



The Fast tiered labeling algorithm proposed above by Felzenzwalb and Veksler [24] has certain
restrictions on the labels as it cannot handle multiple layers of buildings in a skyline since, the path cuts
each column only twice. Also, complexity scales exponentially with the number of labels, impractical
for our setting. Zheng et al. [66] propose a faster approximation to [24] by decomposing multi-label
tiered labeling to set of binary labeling problems exploiting topological priors. Taking similar route, we
incorporate higher order priors such as overall shape and aspect ratio of the region which cannot be as
easily expressed as topological priors.

In the section 3.3 we propose the effective and efficient method for interactive segmentation of the
skyline into individual buildings.

3.3 Interactive Skyline Segmentation

We formulate the overall labeling problem as energy minimization as described in Equation 3.1.
A standard approach to solve multi-label MRF as described above is α-expansion or αβ-swap algo-
rithm [13] as mentioned in Section 2.3. In αβ-swap algorithm, in each iteration, a pair of labels is
picked and only these labels can be interchanged between themselves. Thus, it takes |B|2 iterations in
each cycle instead of |B|, where |B| is the number of buildings. On an average, skyline images in our
dataset have 35 buildings, i.e. for each image it will take at least

(
35
2

)
= 1188 iterations as opposed to

35 during α-expansion.
In α-expansion, in each iteration label α is picked and a binary segmentation problem is formulated

by replacing all the other labels to a single background label as follows:

E(F ) =
∑
p∈P

D′p(Fp) +
∑
p,q∈N

Vpq(Fp, Fq) (3.18)

where, F is a binary labeling such that F : P → {0, 1}P , i.e. each pixel is assigned a label 1 or 0

depending upon if it is foreground (α) or background respectively. Unary potential (observed data) for
the foreground label α, D′p(1) = Dp(α) as computed in Section 3.1 and unary potential (observed data)
for the background, D′p(0) = Dp(L

bg
p ) where Lbgp is the current background label at pixel p. From

the current segmentation (or initial segmentation) background labels at each pixel are known except
at the foreground pixels, i.e. pixels labeled α. Thus, only expansion moves are considered by setting
background costs of such pixels high, i.e. higher background unary potential at the foreground pixels.

However, due to unique tiered structure of buildings (labels) in skylines, we can induce the back-
ground labels for pixels labeled α for copying the background labels from top to bottom as illustrated
in Figure 3.10, i.e. for each column in the foreground labeled area, a background label of the building
directly above that column is assigned. This allows us to simultaneously expand and contract the regions
with label α. This is extremely beneficial in the sense that it allows us to only adjust the upper boundary
of each building at a time leading to faster algorithms.

As explained in [13] and Section 2.3, an optimal solution to a binary segmentation problem can be
obtained using graph cuts. Although this is an effective and general purpose approach, running graph
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Figure 3.9: Approach - In the image a single iteration of our method is shown for the building labeled α.
Approach starts with inducing background as shown in Figure 3.10 followed by computation of upper boundary
using either rectangle MRF, tiered MRF or refined MRF. Finally, lower boundary and labels are updated. The
process continues in the same way for each building.
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Monday, April 14, 14

Figure 3.10: Given a label α (left) one can infer the background labels underneath α by copying the labels from
the top to bottom because of the tiered structure (right).

cuts can be quite expensive on large images such as ours, requiring several minutes to find the optimal
labeling. Worst case complexity for binary segmentation using Graph cut as explained in [13] with
graph of V nodes and E edges is O(EV 2). In our case, number of nodes V = P where P is number
of pixels. For an image with m rows and n columns number of pixels, P = m × n. Each node has 2

t-links and 8 n-links (considering 8-neighborhood), i.e there are totally 10 × V = 10mn edges in the
graph. Then, the complexity of optimization using Graph cuts for each binary segmentation iteration in
terms of number of rows(m) and number of columns(n) is O(m3n3).

We propose much faster algorithm. Our key idea is to replace the search over binary segmentations
by a search over a parametric shape family. For buildings we can explicitly search over the space of
feasible rectangles much faster than possible segmentations. Furthermore, the ‘tiered’ structure of the
buildings provides a natural ordering of the buildings according to their depth order, i.e. buildings that
are closer to the camera or buildings in the lowermost layer are nearer to the lower boundary (separating
buildings from water body or trees, etc.) than the buildings behind them. In practice the buildings are
ordered according to the lowest seed pixel, i.e., the building with the lowest seed is considered first and
so on.

Our approach is outlined in Algorithm 2.

Each step in Algorithm 2 is discussed in detail below -

1. Initial Segmentation F , Lower and upper boundaries (l, u) as well as, data term D and pairwise
potential V are required as an input to the method. Initial segmentation is obtained by finding best
rectangle as described in Section 3.3.1 for each label from bottom to top. The initial segmentation
for a building is shown in Figure 3.11.

2. Step 2-9 is called an iteration. In each iteration, all the labels ordered from bottom to top are
visited once.
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Algorithm 2 Greedy skyline segmentation
Require: data D, pairwise V , boundary (l, u)

1: Initialize, initial labeling F from unary labels
2: for iter := 1 to K do
3: Initialize, frontier f ← l
4: for α := 1 to N do
5: Ωα ← upperBoundary(α, F,D, V, f, u)
6: f ← max(f,Ωα)
7: F← updateLabels(F,Ωα)
8: end for
9: end for

Figure 3.11: Initial Segmentation - In the figure shown, is an initial segmentation for a sample image, obtained
via finding best rectangle for each building from bottom to top.

3. In Step 3, ‘Frontier’ f is initialized to the lower boundary l of the building region. Through
updating frontier, we keep updating of the lowermost building in each iteration.

4. At each iteration we pick the next building (label) α in the ordered list. List is ordered from the
buildings with lowermost seeds (lowest y-co-ordinate) to the buildings with the uppermost seeds
(highest y-co-ordinate), i.e. lowermost buildings are picked first followed by upper buildings in
that order.

5. Once the building (label) α is picked, background labels are induced by copying labels from top
to bottom as shown in Figure 3.10 and binary segmentation problem is formulated as described
in Equation 3.18. In Step 5, upper boundary for each building, Ωα is estimated by finding the
optimal solution the Equation 3.18 in each iteration.

Ωα ← upperBoundary(α, F,D, V, f, u)

6. Then, in Step 6, frontier is updated by taking columnwise max of the current frontier F and the
upper boundary, Ωα computed in previous step.

f ← max(f,Ωα)
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Figure 3.12: Rectangle MRF - In the figure shown, is the process of finding best rectangle for a sample building.
We search in the rectangular parametric shape family to find the best rectangle.

Figure 3.13: Rectangle MRF - In the figure shown, is the rectangle MRF output for the sample image. For each
label (building), the best rectangle is searched.

7. In Step 7, corresponding labeling F is updated as well by labeling all the pixels between previous
frontier and upper boundary Ωα. Updating the labeling is important as in consequent iteration
Step 2-9, background labels at the foreground pixels will change accordingly.

F ← updateLabels(F,Ωα)

The approach described above is outlined in the Figure 3.9 for a single iteration.

Below we describe three efficient ways of searching over upper boundaries in Step 5 - Rectangle
MRF, Tiered MRF and Refined MRF.

3.3.1 Rectangle MRF

Most of the buildings in the skyline can be described as exactly rectangular or can be fairly approxi-
mated as a rectangle. Thus, in this formulation we constrain the buildings to be exactly rectangular i.e.,
for each building we need to estimate only three values for its segmentation (L,R, T ) - left, right and
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top co-ordinates of the rectangle describing the segmentation respectively, where L and R are column
indices and, T is row index of the rectangle in an image. We do not need to estimate bottom row index
of the rectangle as it is fixed by the current frontier.

Values (L,R, T ) have to be within the feasible set, i.e.,

1. The possible rectangles have to be within current upper and lower boundaries i.e., the rectangle
should be within buildings (middle) region.

L ≤ T ≤ U

2. The rectangle should enclose the seed pixels of the building, i.e. maximum value of L can be the
leftmost seed pixels and minimum value of the R can be the rightmost seed pixel.

3. We can also constrain the aspect ratios to a desired range as well as, enforce width and height
constraints learned on training data. By learning on training data we can have a range of aspect
ratio for rectangle to form a valid building, i.e. most of the buildings have much more height than
width. We can enforce these constraints by limiting the rectangle search space to the rectangles
within desired aspect ratios, width and height.

4. We can also limit the number of rectangles to be searched by setting a variable stepSize specifying
sampling interval in width and height of the rectangles in the search space.

The sample output is shown in the Figure 3.13.

Algorithm 3 Rectangle MRF
Require: label α, data D, pairwise V , labeling F , Seeds (Sα

x, Sα
y), Lower and upper bounds (l, u)

Ensure: Upper boundary Ωα

1: Induce Background labels from α and F
2: for L := 1 to min(Sα

x) do
3: for R := max(L+minWidth,max(Sα

x)) to n do
4: for T := min(l) to max(u) do
5: scoreL,R,T ← EαLRT (F )
6: if scoreL,R,T < minScore then
7: minScore = scoreL,R,T
8: Ωα ← (L,R, T )
9: end if

10: end for
11: end for
12: end for

The energy of the rectangle can be computed in O(1) using integral images of unary and pairwise
potential as explained in Section 2.5.3. For a region of size m×n, i.e. m rows and n columns, there are
O(mn2) rectangles to consider, i.e there are m possibilities for Top boundary (T ) and for each possible
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value of T , there are n possibilities for left boundary (L) and right boundary (R) each, thus resulting
O(mn2) rectangles to search.

Consider, IDfg be the integral image corresponding to foreground data term D(α), IDbg be the
integral image corresponding to background fata term D(lbgp ), IVy be the row-wise integral image cor-
responding to horizontal component of pairwise potential V y and IVx be the column-wise integral
image corresponding to vertical component of pairwise potential, V x. Consider Bf to be the minimum
of the lower boundary (frontier) between L and R, i.e. Bf = minL≤y≤R f . Then, for the rectangle
(L,R, T ), sum of energy in the rectangle, EαLRT is computed as below -

1. Sum of the unary potential corresponding to Rectangle (L,R, T ) is computed subtracting sum of
background unary potential from the foreground unary potential, i.e. UfgLRT = IDfg(R,Bf) +

IDfg(L, T )− IDfg(R, T )− Ifg(L,Bf). Similarly, U bgLRT is computed.

2. Sum of Horizontal pairwise potential is calculated along the top edge of the rectangle using row-
wise integral image, i.e. V yLRT = IVy(R, T )− IVy(L, T ).

3. Sum of Vertical pairwise potential is calculated along the two vertical edges - left and right edges
using column-wise integral images, i.e. V xLRT = IVx(L,Bf) − IVx(L, T ) + IVx(R,Bf) −
IVx(R, T )

4. Finally, sum of energy corresponding to building α is calculated as -

EαLRT = UfgLRT − U
bg
LRT + V yLRT + V xLRT (3.19)

3.3.2 Tiered MRF

Figure 3.14: Tiered MRF - In the left shown is a setting for Dynamic Programming used in tiered MRF. In
the image shown are column j and j − 1. uj−1 and uj represent the row indices for upper boundary in columns
j − 1 and j respectively, while lj−1 and lj represent the row indices for lower boundary in columns j − 1 and j
respectively. k and i are the row indices in DP as explained in Equation 3.20. In the right, the output of tiered MRF
is shown for a sample image.

Constraining the upper boundaries to be rectangles can be a poor approximation for many buildings.
We propose Tiered MRF where the shape of upper boundary is refined to estimate accurately as in
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ground truth. However, instead of a 2D curve we restrict the upper boundary Ω to be ‘x-monotonic’, i.e.
it intersects each column exactly once. This is a good approximation to the buildings generally seen in
skylines which are convex. Almost all the buildings (which are convex), can be represented by an upper
boundary which intersects each column only once.

The key advantage of the assumption of the x-monotonicity of the buildings is that the optimal
solution (i.e. upper boundary) can be found using a simple extension of the dynamic programming
algorithm proposed in [24, 66] explained in Section 3.2.

In our case, we need to compute the single horizontal path Ωα (upper boundary) in each iteration
crossing each column only once. Thus, the path is defined by sequence of row indices i1, i2, . . . , in−1

such that lj ≤ ij ≤ uj for each column j where lj and uj denote upper and lower bounds at column
j. At each column j we maintain the optimal cost of a path ending in each row i as well as, we also
maintain back-pointers (optimum paths in previous columns) Pj [i]. Like 3.2.1, if (i0, . . . , ij) is an
optimal sequence ending at column j then (i0, . . . , ij−1) is an optimal sequence ending at column j.
This gives the recurrence relation for Ei,j for i ∈ [lj , uj ]-

Ei,−1 = 0,∀i

l−1 = u−1 = u0

Ei,j = min
k∈[lj−1,uj−1]

Ek,j−1 + Ui,j + |Xk,j −Xi,j |+ Yi,j + τ |k − i| (3.20)

Where, Ui,j =
∑i

t=lj
D′(t,j)(1)−D′(t,j)(0) is the sum of the data term for binary segmentation in column

j from lower bound lj to i. Xk,j =
∑i

t=lj
V(t,j−1),(t,j) is the sum of horizontal smoothness term for the

neighboring pixels in column j − 1 and j from lower bound lj to row index i. Yi,k = V(i+1,j),(i,j) is the
vertical smoothness term between the boundary pixels i and i+ 1 in column j. Here, Vp,q is the cost of
an edge between pixels p and q (Equation 3.18, 3.1), i.e. horizontal smoothness term opposes vertical
edge in the boundary between similar color pixels and vertical smoothness term opposes horizontal edge
in the boundary between similar color pixels. The last term τ forces the path to be smoother, i.e. nearly
rectangular. The setting is shown in Figure 3.14.

The term U and X can be pre-computed as described in Section 2.5.3 using cumulative sums, allow-
ing evaluation of Ci,j in O(m) time, O(1) for each row j ∈ [lj−1, uj−1]. Ci,j needs to be evaluated for
each row i and each column j, thus mn times. Thus, the complexity of computing the optimal path is
O(m2n) for each iteration (label).

Tiered MRF provides an efficient way to find an upper boundary Ωα in each iteration to solve the
overall labeling problem. But, it does not take the rectangular shape of the building into account while
finding the upper boundary.

3.3.3 Refined MRF

The Rectangle MRF strictly outputs rectangular segments, often producing incorrect upper boundary
since quite a lot of buildings have non-rectangular upper boundary shapes. Even though the Tiered MRF
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Figure 3.15: Refined MRF - Above shown is a segmented output for the sample image using refined MRF. In
refined MRF, left and right boundaries are considered to be rectangular while the upper boundary is considered
an x-monotonic curve.

does not constrain the boundaries to be rectangular, neither does it respect the rectangular shape of the
building. Hence, we propose a hybrid approach — Refined MRF.

In Refined MRF, we find the Left and Right (L,R) boundary of the building from the optimal rect-
angle found using Rectangle MRF as described in Section 3.3.1 i.e. in Refined MRF, we constrain the
left and right edge of the upper boundary to be rectangular (vertical). Then, the upper boundaries of the
buildings between L and R are refined using dynamic programming as described in Section 3.3.2. The
recurrence relation in Equation 3.20 changes as follows -

Ei,L−1 = 0,∀i

lL−1 = uL−1 = uL

Ei,k = min
j∈[lk−1,uk−1]

Ej,k−1 + Ui,k + |Xj,k −Xi,k|+ Yi,k + τ |j − i| (3.21)

The optimal solution is obtained by selecting -

iR = argmini(Ei,R)

This algorithm maintains overall shape while allowing better and more accurate fits to the upper bound-
ary.

For a building of width d = |L − R|, the upper boundary can be computed using Refined MRF in
O(mn2) computations to search optimal rectangle using Rectangle MRF andO(m2d) computations for
dynamic programming, thus O(mn2 +m2d).

3.4 Results

Outputs of the tiered MRF, rectangle MRF and refined MRF for the sample image from each city are
shown in Figure 3.16,3.17,3.18 and 3.19.
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Figure 3.16: Interactive Skyline segmentation results. In first and second row, original skylines within the
upper and lower boundary and the corresponding ground truth segmentation are shown. In third, fourth, and fifth
row, outputs of the interactive tiered MRF, rectangle MRF, refined MRF are shown respectively.
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Figure 3.17: Interactive Skyline segmentation results Continued. In first and second row, original skylines
within the upper and lower boundary and the corresponding ground truth segmentation are shown. In third, fourth,
and fifth row, outputs of the interactive tiered MRF, rectangle MRF, refined MRF are shown respectively.
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Figure 3.18: Interactive Skyline segmentation results. In first and second row, original skylines within the
upper and lower boundary and the corresponding ground truth segmentation are shown. In third, fourth, and fifth
row, outputs of the interactive tiered MRF, rectangle MRF, refined MRF are shown respectively.
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Figure 3.19: Interactive Skyline segmentation results continued. In first and second row, original skylines
within the upper and lower boundary and the corresponding ground truth segmentation are shown. In third,
fourth, and fifth row, outputs of the interactive tiered MRF, rectangle MRF, refined MRF are shown respectively.
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In the interactive setting we compare tiered MRF, rectangle MRF and refined MRF with a standard
MRF formulation where α-expansion is used to solve the binary labeling problem. We use publicly
available code for max-flow/min-cut for optimizing the problem [11]. For a fair comparison we run all
the algorithms for K = 2 outer iterations (Algo. 2). In our experiments we found that no significant
change in labeling after 2 iterations. For speed we also resize all the images to a maximum dimension
of 2000 pixels, and the results rescaled to the original size for evaluation.

Table 3.2 presents results in the interactive setting. All the MRF formulations significantly improve
over the unary potentials. Our proposed approaches are about an order of magnitude faster than the
α-expansion. The rectangle MRF achieves results almost as good as the standard MRF while taking
only 5.5s on average per image on commodity desktop with an Intel CPU @ 3.20GHz. Refinement on
top improves performance for a small additional time of 3.7s (for a total of 9.2s). Tiered labeling is fast
but not competitive showing the value of enforcing shape priors.

Method MAO Complexity/building Speed/image
Unary only 54.5% n/a n/a

Standard MRF 62.3% O(m3n3) 69.5s
Tiered MRF 59.4% O(m2n) 7.5 s

Rectangle MRF 62.0% O(mn2) 5.5 s
Refined MRF 63.4% O(mn2 + m2d) 9.2 s

Table 3.2: Speed and accuracy tradeoff in the interactive setting. For various methods MAO scores, worst
case computational complexities per building, and speed per image (in seconds) averaged over the test set are
shown. All the methods are run for K = 2 outer iterations (Algorithm 2). Images are resized to a maximum
dimension of 2000 pixels for speed. The typical image is of size m × n = 1255 × 2000 pixels and has 34
buildings.

In Figures 3.20, 3.21 and 3.25 the qualitative comparison of refined MRF and standard MRF is dis-
cussed with the help of few examples. Similarly in Figures 3.22 3.23 and 3.24, the qualitative compar-
ison between refined MRF and tiered MRF is discussed with the help of specific examples. In a typical
skyline image, many buildings have two visible facades, each with different color and texture due to
sunlight, because of which the unary potentials are unreliable. Here shape priors can provide additional
cues to guide segmentation. Figure 3.20 ,3.21 ,3.22, and 3.23 show the significance of shape priors
in segmenting buildings. The refined MRF outperforms both standard MRF and tiered MRF, while pre-
serving contiguity and shape of the segments. While it correctly segments buildings in most of the cases,
there are images where rectangular shape prior is grossly incorrect. Two such examples are shown in
Fig. 3.24 and 3.25. In the first case, refined MRF fails due to irregular shapes of crowded and similar
buildings. In the later case, the rectangular shape prior is incorrect due to concave shape of the buildings.
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image Standard MRF Refined MRF

Figure 3.20: An example where refined MRF improves over the standard MRF. As we can see, the standard MRF
output is not continuous, spread out with lot of noise, while refined MRF gives continuous segments respecting
the rectangular shape of the buildings all the while.

image Standard MRF Refined MRF

Figure 3.21: Another example where refined MRF improves over the standard MRF. As we can see, in the
standard MRF output merges two different buildings into one of approximately similar color and textures.
refined MRF segments the buildings correctly, due to enforced shape priors and left and right boundaries imposed
by rectangle.

image Tiered MRF Refined MRF

Figure 3.22: An example where refined MRF improves over tiered MRF. Here, tiered MRF output oversegments
the building, while refined MRF output correctly segments it. tiered MRF fails here due to lack of shape in-
formation to the algorithm, while refined MRF correctly segments due to shape enforcement which restricts the
algorithm from spreading out boundaries beyond the optimal rectangle.
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image Tiered MRF Refined MRF

Figure 3.23: An example where refined MRF improves over tiered MRF. Here, tiered MRF output undersegments
the building, while refined MRF output correctly segments it. tiered MRF fails here again due to lack of shape
information to the algorithm, while refined MRF correctly segments due to prior shape information available to it.

image Tiered MRF Refined MRF

Figure 3.24: An example where refined MRF fails over tiered MRF. In the section of the image shown, the
buildings are generally not rectangular and similarity of color and texture among them makes it difficult to perceive
the individual boundaries, while intricate tiered structure loses the rectangular shape. Thus, in this case, shape
information is futile.

image Standard MRF Refined MRF

Figure 3.25: An example where refined MRF fails over standard MRF. In refined MRF, we consider the shape
of upper boundary to be x-monotonic, i.e. boundary intersects each column only once. Thus, refined MRF fails to
segments concave buildings and is applicable strictly in case of convex upper boundaries.
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Figure 3.26: Citywise Results Above shown is citywise MAO for the interactive setting.Shanghai and Miami
skylines prove to be the ones with the highest MAO, while Hong Kong and New York skylines prove to be most
difficult to segment.

Figure 3.26 shows citywise MAO for the interactive setting. Shanghai and Miami skylines prove to
be the ones with the highest MAO, while Hong Kong and New York skylines prove to be most difficult
to segment. The reason Hong Kong and New York cities are relatively harder to segment is that Hong
Kong has a dense skyline with lot of similar buildings (same color and texture) and lot of small buildings,
which makes it harder to perceive and segment them individually. New York has also very dense skylines
and additionally, New York skylines have lot pre-war buildings crammed together creating complex
occlusion patterns separating which individually is very subjective and depends on different individuals
(Figure 3.24).
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Chapter 4

Automatic Segmentation

4.1 Automatic Unsupervised Segmentation Methods

Many low-level automatic methods such as SLIC [1], Graph based Segmentation [23], gPb boundary
detector [3] perform skyline segmentation that is coarse, not contiguous and does not have semantic
understanding. None of these methods explicitly consider shape priors. In the automatic setting, we
start with the output of one of these methods and improve upon these outputs using shape priors.

4.1.1 SLIC

Simple Linear Iterative Clustering (SLIC) [1] is an adaptation for k-means( 2.5.2) for superpixel
generation with following distinctions -

1. The number of distance calculations in the optimization is dramatically reduced by limiting search
space to a region proportional to a superpixel size, resulting the complexity linear in number of
pixels N and independent of the number of superpixels k.

2. A weighted distance measure combines color and spatial proximity while simultaneously provid-
ing control over the size and compactness of the superpixels.

SLIC is similar to the approach used as a preprocessing step for depth estimation described in [67],
which was not fully explored in the context of superpixel generation.

Initialization Step - For the images converted in CIE Lab color space, the clustering procedure being
with an initialization step where k initial centersCi = [liaibixiyi]

T are sampled on a regular grid spaced
S pixels apart. To produce roughly equal sized superpixels, the grid interval is S =

√
N/k. The centers

are moved to seed locations corresponding to the lowest gradient position in a a × 3 neighborhood to
avoid centering a superpixel on an edge and to reduce the chance of seeding a superpixel with a noisy
pixel.

Assignment Step - Next, in the assignment step, each pixel i is associated with the nearest cluster
center whose search region overlaps its location. This is the key to speeding up the algorithm because
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limiting the size of the search region significantly reduces the number of distance calculations, and
results in a significant speed advantage over conventional k-means clustering where each pixel must be
compared with all cluster centers. The distance measure D determines the nearest cluster center for
each pixel. To combine both Lab color distance and spatial distance into a single distance measure, the
color and spatial proximity is normalized by their respective maximum distances within clusterNc = m

where m is a constant and Ns = S =
√
N/K.

dc =
√

(lj − li)2 + (aj − ai)2 + (bj − bi)2 (4.1)

ds =
√

(xj − xi)2 + (yj − yi)2 (4.2)

D′ =

√
(
dc
m

)2 + (
ds
S

)2 (4.3)

Simplifying -

D =

√
d2
c + (

ds
S

)2m2 (4.4)

Since the expected spatial extent of a superpixel is a region of approximate size S × S, the search
for similar pixels is done in a region 2S × 2S around the superpixel center.

Update Step - In an update step, cluster centers are adjusted to mean [labxy]T vector of the pixels in
the cluster. TheL2 norm is used to compute the residual errorE between the new cluster center locations
and previous cluster center locations. The assignment and update steps can be repeated iteratively until
the error converges.

Postprocessing - Connectivity is enforced in the postprocessing step by reassigning the disjoint
pixels to nearby superpixels.

The algorithm is summarized in Algorithm 4.
In practice, a pixel falls in the neighborhood of less than eight cluster centers, meaning that SLIC is

O(N) complex. In contrast, the trivial upper bound for the classical k-means algorithm is O(kN ) [45],
and the practical time complexity is O(NkI) [21], where I is the number of iterations required for
convergence. While schemes to reduce the complexity of k-means have been proposed using prime
number length sampling [61], random sampling [41], local cluster swapping [37], and by setting lower
and upper bounds [21], these methods are very general in nature. SLIC is specifically tailored to the
problem of superpixel clustering.

4.1.2 Graph Based Segmentation

This method described in [23] takes a graph based approach to segmentation. Let G = (V,E) be
an undirected graph with vertices vi ∈ V , the set of elements to be segmented, and edges (vi, vj) ∈ E
corresponding pair of neighboring vertices. Each edge (vi, vj) ∈ E has the corresponding weight wij
denoting a non-negative measure of dissimilarity between neighboring elements vi and vj . In case
of image segmentation, the elements in V are pixels and the weight of an edge is difference in color
intensity between two pixels connected by that edge.
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Algorithm 4 SLIC Superpixels Generation [1]

1: Initialize, cluster centers Ck = [lk, ak, bk, xk, yk]
T by sampling pixels at regular grid steps S.

2: Move Cluster centers to the lowest gradient position in 3× 3 neighborhood.
3: Set label l(i) = −1 for each pixel i.
4: Set distance d(i) =∞ for each pixel i.
5: while E > threshold do
6: for each cluster center Ck do
7: for each pixel i in 2S × 2S region around Ck do
8: Compute distance D between Ck and i
9: if D < d(i) then

10: d(i) = D
11: l(i) = k
12: end if
13: end for
14: end for
15: Compute new cluster centers
16: Compute Residual Error E
17: end while

In this approach, each segmentation S is a partition of V into connected components where each
connected component C ∈ S corresponds to G′ = (V,E′) such that E′ ⊆ E. Any segmentation is
induced by a subset of edges in E. In general, the elements in the same component are similar, i..e edge
weights between the elements in the same components are low. Similarly, the elements in the different
components are dissimilar, i.e. edge weights between the pixels from different components are high.

Predicate D is defined to evaluate the evidence of boundary between two segments (components).
The predicate is based on measuring the dissimilarity between pixels along the boundary of components
relative to dissimilarity between neighboring pixels within the component, i.e. predicate compares
inter-component dissimilarities with within-component dissimilarities. The Internal Difference of a
component C ⊆ V , Int(C) is defined as the largest weight in the minimum spanning tree of the
component, MST (C,E), i.e. -

Int(C) = max
e∈MST (C,E)

we (4.5)

This means, the internal difference is defined as the minimum edge weight needed to hold the component
together or keep the component connected.

Difference between two components C1, C2 ⊆ V , Dif(C1, C2) is defined as the minimum edge
weight connecting the two components, i.e. -

Dif(c1, c2) = min
vi∈C1,vj∈C2,(vi,vj)∈E

wij (4.6)

If there is no edge connecting C1 and C2, then Dif(C1, C2) =∞.
The region comparison predicate evaluates the evidence of the boundary between the pair of compo-

nents by comparing how large Dif(C1, C2) is relative to either of the Int(C1) or Int(C2). A threshold
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Figure 4.1: SLIC output - In the figure, SLIC outputs are shown for different values of paramters. We use
regionSize = 100 and regularizer = 0.001.

function is used to control the degree to which the difference between the components Dif(C1, C2)

must be larger than the minimum of the two internal differences, Int(C1) and Int(C2) -

D(C1, C2) =

{
True if Dif(C1, C2) > MInt(C1, C2)

False Otherwise
(4.7)

MInt(C1, C2) is defined as -

MInt(C1, C2) = min(Int(C1) + τ(C1), Int(C2) + τ(C2)) (4.8)

Here, τ controls the degree to which the Diff(C1, C2) must be greater than their internal difference -

τ(C) =
k

|C|
(4.9)

Where |C| denotes the size of C and k is some constant parameter, i.e. for small components larger
evidence of boundary is needed. In practice, larger k causes preference for larger components. In our
case, we use k = 500.

The algorithm to achieve segmentation of V into components S = (C1, . . . , Cr) from graph G =

(V,E) of n vertices and m edges if as follows -

1. At first, the edge weights are sorted in non-decreasing order π = (o1, . . . , om).
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2. Initially, algorithm starts with segmentation S0 where each vertex vi (1 ≤ i ≤ n) belongs to its
own component, i.e. initially for each component Ci, |Ci| = 1.

3. Now, for all the edges in the non-decreasing order by their weights, following procedure is fol-
lowed to merge the regions (components). Sq is constructed from Sq−1 as follows -

Let vi and vj be the vertices connected by qth edge in the non-decreasing ordering, i.e. oq =

(vi, vj). If vi and vj are disjoint components of the Sq−1 and edge weight woq is lesser compared
to the internal difference of both these components, then merge these components otherwise do
nothing, i.e. -
Let Ciq−1 be the component of Sq−1 containing vi and let Cjq−1 be the component containing
vj . Then, if Ciq−1 6= Cj

q−1 and woq ≤MInt(Ci
q−1, Cj

q−1), then Sq is obtained from Sq−1 by
merging Ciq−1 and Cjq−1.

4. Return the final segmentation S = Sm.

For an image of N pixels, the running time of this algorithm is O(N logN).

Algorithm 5 Graph Based Segmentation [23]
Require: Graph G = (V,E) with n pixels and m edges
Ensure: Segmentation of V into components, S = (C1, . . . , Cr)

1: Sort E into π = (o1, . . . , om) by non-decreasing weights
2: Start with segmentation S0 with each vi is in its own component
3: for q := 1 to m do
4: Let Ciq−1 ∈ Sq−1 and vi ∈ Ciq−1 and vj ∈ Cjq−1

5: if Ciq−1 6= Cj
q−1 and woq ≤MInt(Ci

q−1, Cj
q−1) then

6: Sq ← merge(Ci
q−1, Cj

q−1)
7: else
8: Sq = Sq−1

9: end if
10: end for
11: S ← Sm

4.1.3 gPb Detector

gPb [3] contour detector considers a function Pb(x, y, θ) which predicts the posterior probability of
a boundary with with orientation θ at pixel (x, y) [48] by measuring difference in local brightness, color
and texture channels. The basic building block of the Pb detector is the computation of an oriented
gradient signal G(x, y, θ) from an intensity image I . At each pixel (x, y), a circular disk of radius σ
centered at it, is split into two halves along the diameter angled at θ. Then, the histogram of the intensity
values covered by each half is constructed. The gradient magnitude G at location (x, y) is defined by
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Figure 4.2: Graph based segmentation output - In the figure, Graph based segmentation outputs are shown for
different values of threshold function parameter k. We use k = 500.

χ2 distance between the two half-disk histograms g and h as in Equation 3.11 -

χ2(g, h) =
1

2

∑
i

(g(i)− h(i))2

g(i) + h(i)
(4.10)

The, the second order Savitzky-Golay filtering [53], i.e. a cylindrical parabola, its axis orientation
along θ is fit to a local 2D window surrounding each pixel and replacing the response at the pixel by
the fit. A strong gradient response means a pixel is most likely to lie on the boundary of two regions.
The Pb detector combines the gradient response obtained by transforming the image into four separate
channels and processing each one independently. The first three correspond to the channels of the CIE
Lab color space [63], which are referred as brightness, color a and color b channels. The fourth channel
is a texture channel, which assigns each pixel a texton as explained in Section 3.1.2. Then, the gradient
response is computed from the image where each pixel is assigned a texton value.

In order to detect both fine and coarse structures, the gradients are considered at three different scales
— [σ2 , σ, 2σ] for each of the four channels, brightness, color a, color b and texture. These local cues are
then combined into a single multiscale oriented signal -

mPb(x, y, θ) =
∑
s

∑
i

αi,sGi,σ(i,s)(x, y, θ) (4.11)

where s indexes scale, i indexes feature channels (brightness, color a, color b or texture) andGi,σ(i,s)(x, y, θ)
measures the histogram difference in channel i between two halves of a disk of radius σ(i,s) centered
at (x, y) and divided by a diameter at angle θ. The parameter α(i,s) weighs the relative contribution of
each feature signal. Practically, θ is sampled at eight equally spaced orientations in the interval [0, π).
Taking the maximum of response at each of these orientation gives the measure of boundary strength at
each pixel -

mPb(x, y) = max
θ
{mPb(x, y, θ)} (4.12)

An optional non-maximum suppression step [14] produces thinned, real-valued contours.
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Final step is globalization using spectral clustering. As an input to spectral clustering, a sparse
symmetric affinity matrix W is constructed using the intervening contour cue [26, 27, 42], i.e. the
maximum value of mPb along the line joining two pixels. All the pixels i and j are connected within a
fixed radius r with affinity -

Wij = exp(−max
p∈īj
{mPb(p)}/ρ) (4.13)

where īj is the line segment connecting i and j and, ρ is a constant. We set r = 5 and ρ = 0.1.
In order to introduce global information, Dii =

∑
jWij is introduced and then the system (D −

W )v = λDv is solved for generalized eigen vectors (v0, v1, . . . , vn), corresponding to the n+1 smallest
eigen values 0 = λ0 ≤ . . . ≤ λn. We use n = 16.

Eigen vectors themselves carry contour information. Thus, treating each eigen vector vk as an image,
the Gaussian directional derivative filters are convolved at multiple orientations θ, obtaining oriented
signals {5θvk(x, y)}. Taking derivatives in this manner ignores the smooth variations in the image
only considering salient features in the image. The information thus provided from different eigen
vectors is then combined to provide the “spectral” component of the boundary detector -

sPb(x, y, θ) =

n∑
k=1

1√
λk
.5θ vk(x, y) (4.14)

where the weighing by 1√
λk

is motivated by physical interpretation of the generalized eigen value prob-
lem as a mass-spring system [8].

The signals mPb and sPb convey different information, as the mPb fires at all edges while sPb
extracts the most prominent curves in the image. The simple linear combination extracts the benefits
from both behaviors. The final globalized probability of boundary is then written as a weighted sum of
local and spectral signals -

gPb(x, y, θ) =
∑
s

∑
i

βi,sGi,σ(i,s)(x, y, θ) + γ.sPb(x, y, θ) (4.15)

Subsequently gPb is rescaled using a sigmoid to match a probabilistic interpretation.

4.2 Automatic Approach for Skyline Segmentation

In the automatic setting, we start with a baseline segmentation, and refine it using our method. The
initial segmentation method is used to estimate the seeds which are then used as input for the interactive
segmentation methods described in the earlier section.

For the initial segmentation we use either SLIC [1], graph-based segmentation [23], or gPb re-
gions [3]. The way we estimate seed regions is as follows -

1. A skyline is partitioned into N vertical uniform divisions of the same size.

2. The largest K segments are selected from each such division of the baseline output.
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Method SLIC [1] Graph based [23] gPb [3]
Initial 24.56% 20.17% 26.35%

Tiered MRF 27.22% 25.86% 31.51%
Rectangle MRF 27.33% 27.87% 32.79%

Refined MRF 27.30% 27.42% 33.13%

Table 4.1: Performance in the automatic setting. Starting from various baseline segmentation algorithms such
as SLIC, graph-based segmentation, and gPb regions, we perform an automatic labeling. The table shows the
MAO scores for various the methods. Seeds obtained from gPb regions offer the best performance.

Buildings in a skyline are layered due to varying depth of buildings from camera. The uniform
selection of segments is effective in selecting buildings in all layers. Generally, a skyline has 2 − 3

such layers. In all experiments we set N = 20 and K = 2. Thus, we select N × K = 40 uniformly
distributed largest segments from the output of a segmentation algorithm and label these as different
buildings. This serves as a baseline. A number of pixels within the segments are used as seeds for the
interactive methods.

Table 4.1 compares various methods in the automatic setting. The refined MRF and rectangle MRF
give significant performance boost over all these methods, an average 40% improvement over graph-
based segmentation and 25% improvement over gPb, in few images showing as much as 60% improve-
ment over the baseline. The running time of these methods are similar to those described in Table 3.2.

Among various low-level methods for segmentation, SLIC and graph-based use only color, while
gPb uses both texture and color, hence the improved baseline. Nonetheless, our method improves over
all of these methods mainly due to the utilization of shape priors. In an interactive setting a user may use
this as an input to guide effort in correction. The results for some images using the automatic approaches
are shown in the last row of Figure 4.3. Our method may be made fully automatic using methods such
as [33, 34] that can estimate the upper and lower boundaries. In our experiments we found that although
these methods are fairly good, they still make mistakes. Hence to avoid confounding factors for mistakes
in our analysis, we choose to include the boundary as part of the input for the automatic segmentation
methods.

4.2.1 Challenges

The automatic setting presents multiple challenges that make it very difficult to accurately segments
the skyline -

1. In automatic setting, the exact number of labels (buildings) is not known, thus we only approxi-
mate the buildings to be N ×K. Thus, over-segmentation (more number of buildings than in the
ground truth) or under-segmentations (less number of buildings than in ground truth) cannot be
avoided.
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image rectangle MRF refined MRF

Figure 4.3: Automatic Skyline segmentation results. In first column the original image is shown, while in the
second and third column rectangle MRFand refined MRFoutputs are shown respectively.
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2. Outputs of the baseline methods — Graph based Segmentation [23] and gPb [3] often give salt-
and-pepper noise, i.e. very small segments only adding noise. This noise leads to inaccurate
ordering between segments according to their size while selecting largest K segments in each of
the vertical partition. We solve this issue by running a Connected Component Analysis [20] on
the segmented output and removing very small segments.

3. Biggest challenge an automatic setting faces is that of intra-building variation and subsequent
choice of incorrect seeds. As explained Section 1.2.1, different facades of the same buildings look
different due to sunlight. Thus, the baseline low-level automatic segmentation methods segment
these buildings into different segments. Additionally, color and texture model constructed from
the segments selected as seeds fails to connect the different segments belonging to the same
building as one. That results into over-segmentation because each building is generally split into
various segments.

Even though automatic setting faces all these challenges, we still get a hefty 25% average improve-
ment over baseline segmentation methods due to incorporation of shape priors and exploiting overall
‘tiered’ structure of the skyline.

4.3 Geometric Context for Initial Boundaries

Even in the Automatic setting of our approach, we assume that the initial upper and lower boundaries
delineating buildings region from the image is provided by the user. We make this assumptions because,
automatic methods [33, 34] for obtaining such regions work reasonably well and, while evaluating our
approach, the MAO will also include the failure of obtaining such regions using these methods creating
unnecessary noise in the statistics. In this section, we have a look at the automatic method [33, 34] for
obtaining such geometric regions and its performance on our dataset.

Hoiem et al.[34] propose a method to label an image of an outdoor scene into coarse geometric
classes (labels). The main classes and subclasses considered are —

1. “support” - Support surfaces are roughly parallel to the ground and could potentially support a
solid object, e.g. road surfaces, lawns, lakes, etc.

2. “vertical” - Vertical surfaces are solid surfaces that are too steep to support an object, e.g. walls,
trees, people, cliffs, etc. “vertical” class is further divided into three subclasses — “left”, “right”
and “center” depending on the angle to which viewer faces the vertical surface. Furthermore, the
non-planar surfaces are divided into two classes - “porous” and “solid”. Porous surfaces include
tree leaves, shrubs, etc. while the Solid surfaces are non-planar vertical surfaces having solid
continuous surface like automobiles, people, tree trunks, etc.

3. “sky” - The sky is regions corresponding to open air and clouds.
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4.3.1 Cues for Labeling Surfaces

To label surfaces, multiple different kind of cues are used like material, location, texture gradient,
shading, vanishing points, etc. All the cues are computed and the classifier decides which ones are
actually useful.

Following listed are the cues used -

1. Location - For recovering 3D layout of an image, its 2D representation itself(position in the
image) is a very strong cue, e.g. Ground tends to be low in the image and sky tends to be high.
The x-position of an image can tell a lot about subclasses, e.g. planar surfaces facing left tends
to be on the right in an image and vice versa. Thus, pixel locations are normalized by width and
height of the image, then cues such as mean, 10th and 90th percentile of the x and y position as
well as number of superpixels and pixels normalized by total area in a segment are computed.

2. Color - By modeling color, materials and objects belonging to certain classes can be implicitly
identified, e.g. sky is usually blue or white; support segments are often green (trees) and brown
(dirt). The color is represented in HSV (to measure hue and “grayness”) and RGB color spaces
(to extract “blueness” or “greenness”).

3. Texture - Texture also relates more directly to the geometric class through properties of surfaces
in perspective, such as that a vertical plane will tend to have more vertically oriented textures
than a horizontal plane. The texture representation includes filter responses and histogram of
maximum responses.

4. Perspective - Knowledge of the vanishing lines of a plane completely specifies its 3D orientation
relative to the viewer [31]. Perspective representation includes a “soft” estimate and an explicit
estimate of vanishing points.

To extract above mentioned cues, some knowledge is necessary. The solution is to slowly build
structural knowledge of the image — from pixels to superpixels to multiple segmentations. Approach
is to compute multiple segmentations is based on simple cues and then use the increased spatial support
provided by each segment to better evaluate its quality. The segmentation method groups superpixels
into larger continuous segments using pairwise same-label likelihoods learned from training images.

Finally, the likelihoods of each segment being homogeneous and of each possible label is computed.
Then, the estimates produced by different segmentations are combined in probabilistic manner. A seg-
ment is called Homogeneous if all contained superpixels have same label. To find the probabilities,
classifiers are trained on various cues mentioned above of training images.

4.3.2 Estimate of Initial Boundaries

Skyline images from the dataset Skyline-12 are geometrically labeled as described above into various
geometric main and sub classes. Intuitionally, these various classes are divided into three initial hori-
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Image Ground Truth Geometric Boundaries

Figure 4.4: Geometric Context Boundaries - In the figure shown are few sample images, Ground truth for the
initial upper and lower boundaries and the corresponding Geometric context boundaries obtained using [33, 34].

zontal tiers (Top, Middle and Bottom) as shown in Table 4.2. As is obvious, the geometric label “sky”
is assigned to top tier and the geometric label “support” is assigned to bottom tier consisting ground
and water bodies. The assignment of geometric label “vertical” is somewhat subjective, as the label
itself with its sub classes “left”, “right”, “center” and “solid” is assigned to the middle tier consisting of
buildings facing in all three directions as well as, solid non-planar surfaces for the sake of continuity.
The sub class “porous” is assigned to the bottom tier because, we do not consider trees, shrubs and like
for the segmentation even thought they are vertical surfaces.

Finally, to get three continuous horizontal layers tiered labeling [24, 66] (described in Section 3.2) is
used. The three horizontal tiers obtained in this ways are shown in Figure 4.4 for few images from the
dataset along with the ground truth provided with the dataset. As we can see, the geometric boundaries
look fairly accurate. The errors occurred are more of a subjective nature, e.g. bridge in the second
image, should it be included in middle tier or bottom tier?

To formally evaluate on the dataset, we consider percentage of columns where the row cutting the
tier is within K% margin from the ground truth, i.e. % of columns where absolute difference between
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Tier Geometric Classes
Top Sky
Middle Vertical, Vertical:left, Vertical:right, Vertical:center, Vertical:Solid
Bottom Vertical:Porous, Support

Table 4.2: The table shows division of Geometric Classes obtained into three horizontal tiers. “sky” is assigned
to top tier, “support” is assigned to bottom tier and except “porous” sub-class which includes trees and shrubs,
every sub-class of “vertical” is assigned to the middle tier.

ground truth and geometric context boundary is less thanK% of rows. Here, the % of the total number of
rows is considered instead of an absolute number of rows to avoid the biases happening due to varying
image sizes. The Results are shown in Table 4.3. As we can see, for tighter values of K, the upper
boundary is found much more accurately than the lower boundary.

Boundary K=0.5% K=1% K=3% K=5% K=10%
Upper Boundary 41.7% 57.5% 70.0% 74.0% 80.0%
Lower Boundary 14.4% 22.9% 44.5% 59.2% 79.2%

Table 4.3: The table shows the evaluation of the upper and boundary obtained using gerometric context [33, 34]
for different values of K.

66



Chapter 5

Conclusions and Future Work

5.1 Beyond Rectangles and Skylines

Buildings in skyline can be represented by the the “Rectangular” shape. Though, in practice many
tiered settings can be found where the objects of same overall shape are placed in front of each other,
i.e. they are occluding each other. Few of the cases are shown in Figure 5.1 like cars in a parking lot,
pine trees in a forest and oranges arranged in a heap. Our approach can be generalized for these cases.
These cases are more challenging than the buildings in skylines because -

1. For more complex shapes like cars and circles computing sum inside the shape requires more
thanO(1) computations required for rectangles using integral images. Then , we have to compute
column-wise integral images to compute sums in each column of the specific shape. Then, the
complexity becomes O(mn3) for a region of size m× n.

2. Buildings in a skyline create predictable occlusion patterns. But, for more complex shapes like
cars, the occlusion patterns can be completely unpredictable depending on how much and in
which direction one car occludes another. If a car occludes another car almost completely, then
the remaining segment of the car behind cannot belong to the generic shape of car leading to
smaller or bigger segments than intended.

3. Finally, buildings in a skyline display relatively large variety of colors and textures. Thus, each
building can be distinguished by another using their colors and textures almost in all cases. On
the contrary, almost all the pines in a pine tree have similar colors and textures making them very
hard to perceive individually even by humans. Oranges are all of the same color making them
very difficult to distinguish.

4. We use spatial distance component while constructing unary potential for a building which em-
phasizes the rectangular shape of the building in the early stage itself. But, in the case of complex
shapes like cars, it becomes very hard to construct such a component accurately affecting the final
performance.
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Even with all these challenges, we describe in the below section a segmentation enforcing non-
rectangular shape prior. In the following section, variation of rectangle MRF— Triangle MRF for
triangular shape, as the name suggests is described.

Figure 5.1: In the figures, some of the tiered structures for generic cases are shown such as cars, pine trees and
oranges.

5.1.1 Triangle MRF

As shown in Figure 5.2, we can define a generic triangle skeleton with two right angles triangles with
their corners in south-east and south-west facing each other along a side.

For triangular regions se and sw, we can use triangular integral images introduced in [49]. We need
to compute south west(sw) and south east(se) triangular images. We can compute these images in one
scan as following -

To compute sum in the sw triangle, tisw, we traverse the image from left to right and top to bottom
in that order. Then, we can compute south west triangular integral image as follows -

ssw(x, y) = ssw(x− 1, y) + i(x, y) (5.1)

tisw(x, y) = tisw(x− 1, y − 1) + ssw(x, y) (5.2)

Figure 5.2: Left Image is an example of tiered structure of pine trees. As shown in right figure, we assume each
pine tree to be composed of two right angle triangles.
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Figure 5.3: In left image, a case of south west triangle and in right image, south east triangle is shown. To get
sum of values inside A, we need to subtract the sum of values in B and C from the triangular integral value at A.

Here, ssw(x, y) is a cumulative sum, i(x, y) is image intensity at row y and column x.
Similarly, to compute tise, we traverse the image from right to left and top to bottom in that order.

Then, we can compute south east triangular integral image as follows -

sse(x, y) = sse(x+ 1, y) + i(x, y) (5.3)

tise(x, y) = tise(x+ 1, y − 1) + sse(x, y) (5.4)

Finally, as shown in Figure 5.3, sum of values in triangle A in south west case is equal to tisw(1)−
(ii(2)− ii(3) + tisw(3)), where ii(2) is rectangular integral image value at 2.

The output for a sample toy image is shown in Figure 5.4.

5.2 Conclusion

We presented a user-guided approach for extracting the structure of buildings within a skyline image.
Our shape-constrained MRF approach lets us exploit the shape priors of the buildings and the tiered
structure, allowing more accurate parsing. Compared to standard approaches for optimizing MRFs such
as α-expansion, our rectangle MRF method is significantly faster, taking a few seconds to label a 3
mega-pixel image. Further refinement within the constraints of the rectangle improves accuracy. This
coarse-to-fine approach for parsing may be used in other settings where an explicit search over shapes
is faster than graph-cuts. Our preliminary results on improving automatic segmentation methods using
shape priors are also promising. Finally, the skyline-12 dataset consisting of 120 high resolution images
with detailed annotations, and code for reproducing the results presented, is available for download at
the author’s website.
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Figure 5.4: In the figure shown is an output of Triangle MRF for a sample toy image.

5.3 Future Work

Our method for parsing skylines using shape-constrained MRFs can be extended for generic shapes
as explained in the section 5.1.1. As shown in the previous section, rectangle MRFcan be generalized
to generic shapes in various practical situations for shapes “cars”, “pines”, “oranges”, etc. While we
have been considering the situations where only one shape is exhibiting ‘tiered’ structure, we can loose
our restrictions on this assumption, i.e. we can apply our method to ‘tiered’ structures in which objects
of various shapes are occluding each other. In that case, segmentation using shape-constrained MRFs
will have to be preceded by shape matching, i.e. cumulative initial segment formed using foreground
pixels has to be matched to either of the shapes from the shape library and then the corresponding
shape-constrained MRF can be used to segment the object. Similar to the shape library, we can create
the library of buildings from the dataset Skyline-12. These buildings can be indexed, trained using local
features and neighborhood information to segment a skyline followed by recognising each and every
building in it.

Until now we have considered possible extensions to our method to achieve various kinds of outputs.
We can also use the output of skyline segmentation using our method to various applications. For
example, there is an interesting graphics application of our approach. As we know the depth of the
each building deduced by the order in which the buildings are processed and we have the each building
segmented, we can create a 3D pop-up of the skyline using single image itself using methods such as
billboarding, pop-up using surface layout [32], etc.
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