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ABSTRACT

With the introduction of airborne oblique camera systems and the improvement of photogrammetric
techniques, high-resolution 2D and 3D data can be acquired in urban areas. This high-resolution data
allows us to perform detailed investigations about building roofs and facades which can contribute to
LoD3 city modelling. Normally, facade segmentation is preformed from terrestrial views. However,
acquiring terrestrial images is time-consuming when it comes to large urban areas. In my study, high
resolution aerial oblique images are used as data source for facade segmentation in urban areas.

In addition to traditional image features, like RGB and SIFT, normal vector and planatity are also
extracted at different scales from dense matching point cloud. Then, these 3D geometrical features are
projected back to 2D space to assist fagcade interpretation. Random forest is trained and applied to label
fagade pixels. Outputs of random forest are always noisy because no contextual information is taken into
consideration. As a result, conditional random field (CRF) is applied to refine classification results by
involving neighboring information.

The experiment is conducted in three different scenarios where different training strategies are used, 3-
class classification, 5-class classification and 5-class-equal classification. In all scenarios, three CRF models
are implemented, namely 8 connected CRF, higher order CRF and fully connected CRF. In 8 connected
CREF, for each pixel, it only connects to its 8 nearest pixels. This takes very limited contextual information.
Therefore, another potential term, computed based on superpixels got from unsupervised segmentation
based on surface growing algorithm in 3D space, is added to 8 connected CRF to enforce label
consistency. This is called as higher order CRF. Fully connected CRF, connecting all pixels in pairs, allows
to capture global interactions over an image. 8 connected and higher order CRFs are solved by graph cut
based algorithms while fully connected CRF is solved by mean field approximation.

Experiments show that adding 3D features can significantly improve classification IoU by 26.36%,
15.57% and 11.92% respectively in 3-class, 5-class and 5-class-equal scenarios. In terms of CRF models,
fully connected potentials perform the best in refining results in 3-class and 5-class-equal scenarios,
improving IoU by 4.67% and 6.75%.
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SEMANTIC FACADE SEGMENTATION FROM AIRBORNE OBLIQUE IMAGES

1. INTRODUCTION

1.1. Motivation and problem statement

With population explosion in urban areas, detailed 3D city modelling is demanded for scientific urban
planning and disaster management. In terms of urban planning, accurate building footprints facilitate the
collection and update of cadastral data (Ddllner et al., 2006). Also, indoor illumination can be estimated by
number and size of the window on buildings and then solutions can be given to provide more suitable
indoor living and working environment (Biljecki et al., 2015). When it comes to disaster management, 3D
modelling supports damage estimation. For example, knowing locations and sizes of doors and windows,
the amount of water penetrating into buildings can be calculated for a given flood or tsunami in a large
(Kemec et al., 2009). All these applications rely on a detailed 3D city model.

Building facade interpretation is a subproblem, contributing to the Level of Detail 3 of CityGML. It aims
to detect building facades and distinguish its components, like windows, doors and balconies. However,
time-inefficient human interpretation is the main hurdle in generating a detailed 3D city model (Déllner et
al., 20006). It is impossible to annotate every window, door and balcony for each building in a large urban
area. Therefore, automated interpretation of man-made scene is required at a urban scale.

Machine learning techniques are possible solutions to the automated interpretation. Classifiers are trained
by image features and corresponding given labels. These trained classifiers assign labels to unannotated
image pixels based on extracted features. Random forest (Frohlich et al., 2010 & Yang et al.,, 2012),
boosting scheme (Shotton et al., 2006) and deep convolutional neural networks (DCNNs) (Chen et al.,
2015) are commonly used classifiers in scene interpretation. However, they either produce noisy results
ore oversmoothed segments. Random forest and boosting scheme always produce noisy boundaries
because no contextual information is considered to smooth results (Figure 1.1.c). In contrast, DCNNSs are
capable to capture neighboring information by convolutional filters while repetitive use of downsampling
layers and max-pooling layers leads to large receptive fields. This gives rise to coarse outputs and
consequently generates blob-like shapes and non-sharp boundaries (Chen et al., 2015) (Figure 1.2.c). CRF
models show their capabilities to deal with boundaries. 4-connected and 8-connected CRFs can capture
short-range interactions between pixel labels and produce smoothed boundaries of facade elements.
However, they cannot delineate more detailed structures like decorations on building facades. To improve
the classification accuracy and achieve better visualization on object boundaries, fully connected
conditional random field is applied to refine outputs from classifiers. In fully connected CRF, both local
and global spatial dependencies can be modelled. Globally connected structures model long-range
interactions, so as to disambiguate object boundaries and figure out delicate structures. This solves the
oversmoothing issues caused by DCNNs and local connected CRFs.

In urban scene interpretation, sources of images that are fed into machine techniques are flexible. Thus,
building facade information can be captured through multiple ways. Data from terrestrial platforms, like
ground laser scanners and on-board cameras, can be used to differentiate building facade components
from street views (Yang et al,, 2016). However, collecting data from terrestrial platforms is time-
consuming, especially when data are required to cover large areas for 3D city modelling. Compared with
terrestrial platforms, data from airborne equipment is more appropriate for wide coverage application
(Yang et al.,, 2015). Airborne oblique images from multi-views efficiently depict vertical structures,
especially building facades. Some researchers used oblique aerial images to extract facades for more
accurate building outlines (Xiao, 2013) or landcover classification (Rau et al., 2015). In addition to detailed
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textural information, oblique images can be used to derive 3D point cloud with the help of
photogrammetry techniques. The reliability of the point cloud counts on image resolution.

My research uses airborne oblique images with high resolution as the data source and proposes CRF
models for semantic building facade segmentation. Potentials of both radiometric information and
photogrammetric 3D point clouds in semantic segmentation are exploited.

building ar door pavement road sky vegetation window

Figure 1.1 Results from Li and Yang et al. (2016). a) tested image, b) corresponding ground truth, c) result
from Textonboost classifier, d) result from 4-connected CRF, e) result from fully connected CRF.

..i
\
C) o))

Figure 1.2 Results from Chen et al. (2015). a) tested image, b) corresponding ground truth, c) results from
a DCNN-based model, d) result from the model where the DCNN is trained first, and then CRF is
applied on top of the DCNN output.

1.2. Research identification

1.2.1. Research objectives

The main objective of this study is to develop and apply 1.1 an automated classification method based on
CRF model to differentiate different components of building fagades from aerial oblique images. Current
methods are capable of extracting building facades (Li et al., 2016; Serna et al., 2016) so my research
assumes that fagades have been identified in 3D. The main aim is divided into the following sub-
objectives:

1. Design a method to incorporate 2D and 3D information in CRF.
2. Bvaluate the influence brought by 3D information.

3. Compare the performance of different CRF models.
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1.2.2. Research questions
Sub-objective 1:

e How can features of 2D images be extracted, represented and involved in CRF models?

e How can features of photogrammetric points be extracted, represented and involved in CRF
models?

e How can 2D and 3D features be combined and fed into a classifier?

e How can the pairwise term be designed and how can higher order term be designed?
Sub-objective 2:

e Whatis the accuracy matrix only using 2D data?

e How much can overall accuracy be improved by adding 3D data? Which class can gain the

most benefits from the involvement of 3D information?

Sub-objective 3:

e Which CRF has better performance, 8-connected or fully connected or higher order CRE?

e What are advantages and disadvantages of different CRF models?

1.2.3. Innovation aimed at

Previous studies only use terrestrial images for facade segmentation, while the proposed study aims to
design a CRF model for semantic building facade segmentation from oblique airborne images. Multi-view
of buildings in oblique airborne images can be used to generate textured 3D point clouds. This study is
also innovated at taking advantages of both 2D and 3D features.

1.3. Thesis structure

This thesis consists of seven chapters. Chapter 1 describes the motivation of this research and problems
that will be addressed in this study. Chapter 2 gives a brief review of scene interpretation methods in
current literature. Chapter 3 explains the methodology tried in this research. Chapter 4 focuses on
parameters optimization, showing how parameters can influence facade segmentation results. Chapter 5
shows facade segmentation results comparing to ground truths. Chapter 6 explains advantages of methods
in this study and assesses some failures and limitations in this research. Chapter 7 gives a short conclusion
on this study and problems can be addressed in the future.
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2. LITERATURE REVIEW

This chapter briefly reviews the existing semantic segmentation approaches that are related to this
research. Firstly, how dense match point cloud is generated is reviewed in section 2.1. Section 2.2
describes 2D and 3D feature extraction in scene interpretation and the advantage of combining 2D and
3D features. Section 2.3 explains the application of conditional random field to take contextual
information in semantic segmentation. Section 2.4 is a brief review of current advance fagade
segmentation methods.

21. Principle of dense matching point cloud

To construct 3D point cloud from a sequence of images, structure from motion is a commonly used
technique in computer vision. Basically, it has 4 steps (Hartley & Zisserman, 2003). Firstly, corresponding
points are matched or tracked by features like scale-invariant feature transform (SIFT), Difference-of-
Gaussians (DoG) and Hartis operators over the image sequence. RANSAC (Random Sample Consensus)
algorithm is normally used to remove mismatching point pairs. Secondly, initial structure points and
camera motion are recovered by computing the relative position of selected two views. Then, additional
views are related to current images one by one to calculate their camera poses and refine the existing
structure points. Finally, computed 3D point cloud and camera poses are refined by bundle adjustment.

2.2. Feature extraction

In traditional machine learning, feature extraction is critical to classification results. Appropriate features
are able to efficiently distinguish different classes. The following gives a brief review of commonly used
2D and 3D features in scene interpretation.

2.2.1. 2D feature extraction

Textons, proposed by Winn et al. (2005), is a set of efficient texture features in scene interpretation. It is a
filter bank composed of 17 filters. These features are selected from Leung-Malik filter bank (Varma &
Zisserman, 2005) based on experimental tests. The Texton filter bank is a combination of 4 first-order
derivatives of Gaussian kernels, 4 Laplacian of Gaussian kernels and 3 Gaussian kernels. Scales of three
Gaussian kernels are 1, 2, 4. They are applied to 3 CIE L, a, b channels, therefore generating 9 filter
responses. First derivatives of Gaussians are divided into 2 orientations (vertical and horizontal) and
created under 2 scales (0 = 2,4). Scales of Laplacian of Gaussians are 1, 2, 4 and 8. Both first derivatives
of Gaussians and Laplacian of Gaussians are applied to L (lightness) channel, producing 8 filter responses.
This is a commonly used filter bank in object recognition (Shotton et al, 2009) and also fagade
segmentation (Gadde et al., 2017; Li & Yang, 2016; Jampani et al, 2015).

In addition to Textons, Ojala et al. (2002) propose a rotational invariant local binary pattern (LBP) to
describe texture features in scene interpretation. They compare the gray value of N neighboring pixels on
a circle with radius R to the gray value of the central pixel. The neighboring pixel will be assigned as 1 if its
grayscale value is larger than that of the central pixel. Otherwise, it will be assigned as 0. The assignment
for all neighboring pixels can be completed in clockwise or counter-clockwise directions. This gives a
sequence of N bits binary code. To make this texture feature rotationally isotropic, bitwise rotation or
circular shift is used to get the minimum binary value. Gevaert et al. (2017) use LBP as texture features to
distinguish informal settlements and Jampani et al. (2015), Gadde et al. (2017) and Rahmani et al. (2017)
use LBP for facade segmentation. In this study, rotational invatiant is not necessary as facade in images
always oriented at similar angles and edge detector is more useful to find out man-made objects on
facades.
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Histogram of oriented gradients (HOG) (Dalal & Triggs, 2005) is a blockwise descriptor proposed for
human detection. The image is separated into small blocks at first and a histogram is summarized over
small blocks. Within a small block, the gradient of each pixel is calculated and make a weighted vote for
the histogram. For certain pixel gradient, the weight is determined by its magnitude and the difference
between its orientation the orientation values for each bin. Then, the histogram is normalized to get rid of
the effects of illumination variance. The idea of HOG is that the distribution of local gradients can
describe the appearance of objects. This descriptor has been adapted to scene interpretation (Gadde et al.,
2017; Li & Yang, 2016; Jampani et al, 2015; Yang, 2012). SIFT descriptor used in this study is also a
histogram to record the magnitude of the gradient at different orientations but with specific block size and
specific bin size (section 3.1.1.2).

2.2.2. 3D feature

Weinmann et al. (2015) propose a framework to extract 21 geometrical features from LIDAR based on
optimal neighborhoods. To find out a set of optimal neighborhoods for certain point, the amount of
selected neighborhood keeps increasing until minimum Shannon entropy is achieved. The Shannon
entropy is calculated from three eigenvalues of the selected point set. Then, 3D features like linearity,
planarity, scattering and change of curvature can be computed from eigenvalues of neighbors for each
point. Although Weinmann’s method is initially designed for LiDAR point clouds, it is adapted to dense
matching points cloud by changing neighbors searching strategy (Gevaert et al., 2017; Vetrivel et al., 2017).
Gevaert et al., (2017) use those features to extract informal settlements and Vetrivel et al. (2017) use them
to find building damage. No study has tried to use Weinmann’s method to detect more details structures
like objects on facades.

Spin image is a typical feature for point cloud that is commonly used in object recognition (Johnson &
Hebert, 1999). The idea is to project 3D points to a 2D spin image at object-oriented views. The key
element of the spin image is the oriented point which is defined as a point with its normal vector. The
point with its normal vector and tangential plane defines a cylindrical coordinate system. The spin image is
grid image. It rotates around the normal vector for 360 degrees and counts how many 3D points fall in
each grid. Spin images are very sensitive to scales. Gadde et al. (2017) and Jampani et al (2015) use spin
images for facade segmentation in 3D space. The main limitation of this feature is that it requires large
storage during data processing.

2.2.3. Combination of 2D and 3D features

Scene interpretation benefits from the combination of 2D and 3D features. Vetrivel et al. (2017) use dense
matching point cloud to facilitate building damage detection in aerial oblique images. 3D characteristics
are extracted in 3D space, like linearity, planarity and scattering. The combination of two types of features
achieves 3% higher average classification accuracy than the approach only using 2D features (Vetrivel et
al., 2017). Similarly, Gevaert et al. (2017) combine 2D features, 2.5 topographic features and 3D
geometrical features (Weinmann et al., 2015), to delineate informal settlements from UAV images. The
involvement of 2.5D features and 3D features improves 5-class classification results by 17.8% and 14.4%
in Kigali dataset and Maldonado dataset respectively. Fooladgar and Kasaei (2015) also combine 2D and
3D information at image pixel level to achieve semantic segmentation of indoor RGB-D images.

2.3. Contextual information

As mentioned in introduction (chapter 1), basic machine learning classifiers always give noise results due
to the lack of contextual information. Markov random field (MRF) is a typical post procedure to refine the
classification results. It is a generative model, modelling the joint distribution between observations and
labels. To make MRF computationally tractable, there is a conditional independent assumption (Koller &
Friedman, 2009). This assumption restricts the MRF to only capture the spatial dependencies in label
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space, without consideration of observations from images. In fact, spatial relationships also exist among
image pixels and they are supposed to be modelled to improve classification results.

In semantic image segmentation study, conditional random field (CRF) is a more feasible method because
it is a discriminative model, only modelling probabilities of labels conditioned on given observed data
(Koller & Friedman, 2009). Compared with conventional MRF, it is more computationally efficient as
there is no need to model observation variables. Therefore, the contextual information is allowed to be
modelled for both labels and image features in CRFs. Yang and Férstner (2011) use same methods to get
to pixelwise classification as Yang et al., (2012), while Yang and Forstner (2011) have better results. This is
because they combine the outcome of random forest with a location potential and a pairwise potential to
compose a discriminative CRF model. Here, pairwise potential represents the class compatibility between
nearby labels.

Many recent studies have different attempts to exploit contextual information in CRF models. Shotton et
al. (2000) proposed a discriminative model that incorporate texture, shape, color, edge and location
information. Image segmentation is based on unary classification from Boosting scheme and interactions
between neighboring pixels. One of the limitations of this research is that only local features are used to
capture short-range interactions. This gives rise to oversmoothed boundaries in classification results.
There are also attempts to capture longer range interactions in CRF models. He et al., (2004) propose a
multiscale CRF to combine local, regional and global features. Regional features describe geometrical
relationships between objects and global features enforce the consistency for whole images. The improved
performance is a benefit of these contextual cues. Higher order potentials are also utilized in CRFs (like P»
model and hierarchical CRFs) to solve the local smoothness caused by the pairwise term. Kohli et al.,
(2007) propose a Pr model to deal with higher order cliques and a Robust P» model (2009) that is sensitive
to the feature variance within superpixels. Yang and Férstner (2011) propose a hierarchical CRF to exploit
contextual dependencies from local to global. Expect unary term from random forest and the pairwise
term that represents class compatibility between nearby labels, a hierarchical term is added to demonstrate
the relationships of segments between different scales.

Fully connected CRF is another option to model long-range spatial dependencies. In this model, all nodes
are connected in pairs. The efficient interference that represents pairwise terms by the linear combination
of Gaussian kernels makes the fully connected CRF tractable (Krihenbiihl & Koltun, 2011). This fully
connected CRF can incorporate with DCNNSs to solve the coarse labelling at the pixel level. Chen et al.
(2015) take the CRF model as a post-processing after DCNN. DCNN is trained at first and then CRF
model is trained with the fixed unary term. In contrast, Zheng et al. (2015) take the CRFs as recurrent
neural networks and propose an end to end training in the network.

24 Fagade interpretation

At present, facade segmentation approaches can be divided into two categories. The first one is top-down
method using shape grammar to parse facades. The second one is bottom-up method, applying multi-class
classifier to pixels or superpixels and then employing CRF or other optimization methods to refine
classification results.

For top-down method, a facade is represented by a tree and tree nodes keep splitting based on predefined
rules and images characteristics. These rules or shape grammars are always manually defined counting on
strong prior knowledge of facade structure. Teboul et al., (2010) define six rules to constrain the global
layout of building facades. The splitting of facades considers pixelwise classification results obtained from
random forest. However, their rules only fit Haussmannian style buildings in Paris and can fail when they
are applied to other architectural styles. Instead of relying on prior knowledge, Martinovi¢ and Van Gool
(2013) learn splitting grammars from labelled images while their method still focuses on grid-shape objects
with good alignment and cannot deal with orientated facade objects from oblique airborne images.
Bottom-up methods aim to label fagade at pixel or superpixel level by using machine learning classifiers.
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Yang et al., (2012) use random forest as the classifier for facade segmentation. Results are noisy due to the
lack of contextual information. Rahmani et al. (2017) propose an approach using a structured random
forest to produce neatly noise-free facade segmentation. Schmitz and Mayer (2016) use fully convolution
network to achieve facade interpretation. As building facade components always possess symmetry in
shape, Liu et al. (2017) present an approach to incorporate this symmetry in loss function when training
the neural network.

Conditional random field is commonly used to refine pixelwise classification results by modelling
contextual interactions. Yang and Forstner (2011) propose a hierarchical CRFs to exploit contextual
dependencies from local to global for facade interpretation using mean shift superpixel at different levels.
In addition to a unary term from random forest and a pairwise term that represents class compatibility
between nearby labels, a hierarchical term is added to demonstrate relationships of segments between
different scales. Li and Yang (2016) implemented fully connected CRF to semantic facade segmentation.
They choose Textonboost to get unary potentials and pick linear combinations of Gaussian kernels
(Krdhenbiihl and Koltun, 2011) as fully connected pairwise potentials. Their model is not only good at
enforcing the label consistency, but also capable of detecting small facade components and delineating
crisp boundaries. Martinovi¢ et al. (2012) propose a three-layered approach to solve fagade interpretation.
In the first layer, a Recursive Neural Network (RNN) is trained to get label probability at superpixel level.
In the middle layer, object detectors are used to get probability for window and door over the image. This
information is combined with the output of RNN in a CRF model. In the top layer, weak architectural
constraints are introduced to achieve more structured fagade configurations.

All above studies are attempts to interpret facades by using image features, except urban scene
interpretation, facade segmentation also benefits from involving 3D data. Instead of assigning labels to
image pixels, Martinovi¢ et al. (2015) design a 3D pipeline to take advantages of 2D images and 3D point
cloud from structure from motion for 3D labelling. Height, depth, normal vector and spin image
descriptors at different scales are 3D features used in a random forest classifier. A 3D CRF, considering 4
nearest neighboring points, is used as a post-processing to smooth results. They find the CRF model that
utilizes both 2D and 3D features in 3D space and incorporates with superpixel and object detectors
achieves the best accuracy.

Overall, currently, most of the studies only use single view images for facade segmentation and few of
them incorporate 3D characteristics obtained from multi-view images. Few studies use aerial images for
scene understanding but studies in semantic segmentation at fagade level are quite rare. Most of the
studies perform facade segmentation from terrestrial views. This work explores potentials of airborne
images to address the problem with different CRF models.
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3. METHOD

In this chapter, key methods in this study are explained. In section 3.1, how 2D and 3D features can be
extracted and combined are explained. In section 3.2, how random forest, the classifier, works is
described. In section 3.3, structures of three types of conditional random field and how they can be solved

are explained.

3.1. Feature extraction

Three groups of features are extracted from 2D facade images (RGB, SIFT, LM filter bank) and normal
vector and planarity are extracted from 3D fagade point cloud. Then, 3D features are projected back to
image space to be combined with 2D features.

31.1. 2D features

3.1.1.1.  Color features

In this study, color information is stored in RGB color space. Intensities in red, green blue channels are
used as three features to represent spectral information.

31.1.2. SIFT

SIFT descriptor is made up of 128 features (Lowe, 2004). These features are extracted from grayscale
images in an image region at a fixed scale and a fixed orientation. Image gradient for every pixel is
computed over the image. For each pixel, gradient histograms are summarized over a 16*¥16 pixel image
region. This region is divided into 16 subregions. For each region, the size is 4*4 pixels. Gradient
histograms are computed based on gradient orientations and magnitudes at 8 orientations within these 16
subregions. Each bin in a histogram is treated as a feature so 128 features are got. The histogram is then
normalized to be SIFT features for one pixel (Liu et al., 2011; Lowe, 2004).

3.1.1.3. LM filter

48 texture features are derived from Leung-Malik filter bank (Varma & Zisserman, 2005). The filter bank
is a combination of 18 first order and 18 second order derivatives of Gaussian kernels, 8 Laplacian of
Gaussian kernels and 4 Gaussian kernels. First and second derivatives of Gaussian are divided into 6
otientations and created under 3 scales (6,,0y) = {(3v2,v2),(6,2), (6V2,2v2)}. Scales of Laplacian
of Gaussians are V2, 2, 22, 4, 3v/2, 6, 63/2 and 12. Scales of Gaussians are V2, 2, 24/2 and 4. All these
filters are applied to grey scale images which are converted from RGB images with 3 channels. The size of
filters is 49 * 49. 48 filter responses for each pixel are texture features fed into random forest. Note that in
Leung-Malik filter bank, edge and bar filters, derivatives of Gaussians, do not have rotational symmetry.
Schmid filter bank (Varma & Zisserman, 2005), consisting 13 rotationally invariant filters, are also tested.
However, these isotropic filters are not helpful in this study.
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37 38 39 40 41 42 43 44
Figure 3.1 LM filter bank (Varma & Zisserman, 2005). It consists of 18 first order derivatives Gaussian
kernels, 18 second order derivatives Gaussian kernels, 8 Laplacian filters and 4 Gaussian filters.
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Figure 3.2 The process of extracting LM features. The input image is convolved with the filter bank in
Figure 3.1. Each pixel is assigned to a filter index that gives the largest filter response.

31.2. 3D features

Normal vector and planarity are features extracted from local neighborhood. Normal vector is helpful to
separate points on different planes, like points on roof and wall surface. Planarity is an efficient indicator
to assess whether the surface is flat or curved and distinguish objects with different kinds of surfaces
(Vosselman et al., 2017). It is derived from 3 eigenvalues (4; = A, = A3) of the covariance matrix which
is calculated based on local neighborhoods.

€y_€3 Equation 1

Planarity =
€1

In this equation, 3 eigenvalues are normalized by 4; + A, + A3 and therefore e; + e, + e3 = 1.
As both normal vector and planarity are computed based on local neighborhoods, how to define
neighboring points is critical in this study. Here ‘k-nearest neighbors’ is the method to search for nearby
points (Weinmann et al., 2015). Figure 3.3 shows how unsupervised classification results are influenced by
the scale of the search range. Planarity is extracted from 20, 100 and 500 nearest points respectively. Also,
optimal neighborhood mentioned by Weinmann et al. (2015) are tried (Figure 3.3). Unsupervised
segmentation based on optimal neighborhood features is not capable of differentiating different fagade
objects. Although these 3D features extracted from a single scale are not sufficient to distinguish objects,
the change of the planarity in different scales is a signature for different classes, especially for those objects
on plan surfaces (Brodu & Lague, 2012). Figure 3.3 demonstrates planarity variation at different scales for
every class. Unsupervised classification results in Figure 3.3 illustrates that balcony points are separated
from surrounding wall points. Chimney and surrounding roof points are allocated to different classes
(Figure 3.3). Although chimney points and balcony points are clustered into the same group, other
features, like normal vector, are able to fix this confusion. Also, height information is involved to solve
this confusion in 5-class classification. In addition to absolute height in the unit of meter, the height of all
points on a facade is normalized from 0 to 1, to demonstrate the relative position of facade objects.
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Figure 3.3 Unsupervised segmentation based on 3D features extracted from different scales.

3.1.3. Feature combination

To combine 2D and 3D features, 3D features are projected back to oblique images. Following are
equations to achieve the projection:

Equation 2
(x,v,2)t = PMatrix x (X,Y,Z,1)¢ a
x y Equation 3
U= —; v= =
z z

Here, (X, Y, Z) are world coordinates in 3D space and (u, v) are 2D coordinates in undistorted images.
Pmatrix is generated by Pix4D mapper for every oblique image. It is a 3*4 matrix that combines intrinsic
and extrinsic parameters. Extrinsic parameters (Kgy;) give the position of the camera in wotld coordinates
and they model the transformation of world 3D coordinates to camera coordinates. They are made up of
rotation and translation between real world and camera coordinate systems. Intrinsic parameters (Kipne)
define few parameters inside the camera like, focal length and the position of principle point in image
coordinates. They model the transformation of camera coordinates to image coordinates. Here, distortion

10
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caused by camera is not taken into consideration because initial images are calibrated to undistorted

images before processing.

Equation 4
(x;%z)t = intKext * (X,Y,Z, 1)t

Equation 5

PMatrix = K, [R _Rl* T]

0
Where R is a rotation matrix and T'is a translation matrix.

Projected 2D coordinates are floating while image pixels are stored in rows and columns which are
integers. Therefore, image coordinates are rounded to integers to assign 3D features on 2D images.
However, when one 3D point only relates to a single image pixel, there are a lot of voids in project images
(Figure 3.5) because sparse point clouds are used in this study. Thus, one point is supposed to correspond
to multiple image pixels. In this study, one point is assigned to larger sizes of image patch (2*2 pixels, 4*4
pixels and 8*8 pixels) and pixels within the same patch share same 3D features. If multiple points fall in
the same patch, averaged 3D features are assigned to that patch (Johnson & Hebert, 1999). As the patch
size increases, although the percentage of void pixels keeps decreasing (Figure 3.4), the projected image is
coarser and loose more detailed information as an effect of averaging (Figure 3.5). To achieve the balance
between void percentage and detail 3D features, 4*4 pixels is defined as an optimal patch size when
project 3D points to images.

100%
80%
60%
40%

20%

void percentage

0% . d
0 2 4 6 8

Patch size

Figure 3.4 The change of void percentage with increasing patch size.
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Patch size: 1x1 Patch size: 2x2

Patch size: 4x4 Patch size: 8x8

Figure 3.5 Project 3D features to 2D images with different patch size.

3.2. Random forest

Outputs from random forest are taken as the input for the unary term. A random forest classifier is an
ensemble of T independent decision trees and classification results are votes from independent decision
trees (Figure 3.0). Every decision tree is a function of x to get y where x is a sample consisting of n
features and recursively classified by branching down the tree until the sample reaches a leaf node. y is a
probability distribution for each class assigned by the leaf node based on feature values in sample x. For
example, in 3-class classification problem, x is a feature vector extracted based on section 3.1 and labels
are ‘roof’, *wall’, ‘opening’. For each node, a split function is used to decide whether the sample should go
left or right. The split function is defined as below:

h(x,0) € {0,1}

where x represents data sample and 6 = (k, 7). k defines a randomly selected feature and 7 is the

Equation 6

corresponding threshold. The selected feature of sample x is compared to the threshold. The sample x
goes left if the function returns 0. Otherwise, the sample falls to the right. Splitting terminates until a leaf
node is reached. For each node, the split function is learned from training dataset.

12
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Figure 3.6 Random Forest (Criminisi et al., 2011).

3.3. Conditional random field

Conditional random fields (CRFs) are commonly used to refine noisy segmentation results. They combine
results from simple classifiers with contextual information. Here, two pairwise CRFs (8 connected
(Shotton et al., 2009) and fully connected (Krihenbihl & Koltun, 2011)) and one higher order CRF
(Kohli et al., 2009) are constructed for facade segmentation.

In this study, a random field X is constructed by a set of random variables {Xq, ..., Xy}, where N is the
number of pixels over the image. For each random variable in X, its domain is a set of labels L =
{li, -, leiass}- For 3-class classification, L = {roof,wall, opening}. For 5-class classification, L =
{roof,wall, opening, balcony, chimney}. Random field X is conditioned on image I which consists of
image pixels {Iy, ..., Iy}. This conditional random field (I, X) is a Gibbs distribution and it can be written

as:
1 Equation 7
POXID) = Zexp(= ) gelxelD))
CECg
Equation 8
E@) =) ¢e(xlD auado
CECg
Equation 9

Z = erxp(—E(x))

Here G = (V, £) is an undirected graph established on X, potential functions ¢.(x.|I) are defined over
variables (X, = {x;, i € c}) within a clique c. Here, a clique is a subgraph of G, consisting of a set of
vertices V and edges €, in which for every two vertices, there is an edge to connect them. (y is a set of all
cliques in a graph G. E(x) is a Gibbs energy function to label x € LN, Any possible assignment of labels
to random variables is called a labelling x, taking values from IN.Zis a partition function which is a
normalization constant. The maximum a posteriori (MAP) labelling x* is defined as below:

x* = argmax,,;nP(X|I) Equation 10

Optimal labelling can be found by minimizing the energy function E(x). In this study, energy functions

are written as below:
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For pairwise CRF:
Equation 11
E(x) = Z Yi(x) +a Z ¥p (i, %) e
iev {i.j}e€
For higher order CRF:
EG = Y wi) +a ) () + B ) helxd) Fquarion 12
iev (i,]1e€ ces

where unary potentials ¥; (x;) is derived from probability distribution over labels from classifiers. Pairwise
potentials l[)i(xi, xj) enforce consistency in pixels that share similar features in image space. € represents a
set of edges which are established based on 8 nearest neighbors in 8 connected CRF (Figure 3.7 left) and
built on all possible pairs of pixels over the whole image in fully connected CRF (Figure 3.7 right). Higher
order potentials . (x.) enforce consistency within superpixels which are produced by sutface growing
algorithm in point cloud (section 3.4.3.1). S is a collection of all superpixels.

3.3.1. Unary potentials

Feature extraction is explained in section 3.1. Taking those 2D and 3D features, random forest gives initial
multi-class label predicton. For every pixel i, probability distribution over label set L, P(x;|I), is
independently generated by classifier. The domain of x; is defined as a set of labels L = {l4, ..., lg1q5s}-
Unary potentials for pixel i are defined as the negative log of probability, shown as below:

l/)i(xi) = —logP(x;|I) Equation 13

3.3.2. Pairwise potentials

In this study, two types of pairwise potentials are implemented, 8 connected and fully connected pairwise
terms (Figure 3.7). These terms are explained in the following,

\ 7
‘\’i" SRE: :1*"“
L DRXBUSA

SEDEI
220

Figure 3.7 From left to right: 8 connected CRF and fully connected CRF.

3.3.21. 8 connected CRF

In 8 connected CRFs, neighborhood systems ate established based on 8 nearest neighbors which can only
capture short-range spatial interactions. The 8 connected pairwise potential is formed by a contrast
sensitive Potts model (Shotton et al., 2009), shown below:

Wy (x0, %) = 1(x25) 9 (i f) Equation 14

0 ifx;= X;j, Equation 15
,u(xi,xj) - {1 otherwisje,

u(xi, xj), a Potts model, is applied as a label compatibility function. If i and j share the same label, Potts
model ﬂ(xi'xj) returns 0 and no cost will be assigned. If i and j have different labels, Potts model
u(xi, xj) returns 1 and the potential Yy, (xl-, xj) is assigned as g (f;, f;)-

14
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Contrast sensitive penalty is shown below:

(fi — f])z Equation 16

9(fi f;) = exp(-———")
o =((f; —f}-)z) Equation 17

Suggested by Rother et al. (2004), g (fl, fj) calculates difference between neighboring pixels i and j in
feature space. Color vectors for nearby pixels are used as features in pairwise edge potential. Here, o
measutes the average of color difference in all neighboting pairs over an image, where (-) denotes the
operator to calculate average. 0 is an image-dependent factor that is separately set for every image sample,
insuring the exponential term is adaptive to both high-contrast and low-contrast images. This color
contrastive g( fi, f]) allows Yy, (xi, xj) to preserve inconsistency in high contrast region, and at the same

Original image Edge potentials
Figure 3.8 Edge potentials for an example image. Edge potentials assign costs to neighboring pixels with
different labels. Lighter pixels mean weaker edge response and thus high costs.

3.3.2.2. Fully connected CRF

In fully connect CRF, pairwise potentials are built on all possible pairs of pixels over the whole image and
this full connection makes it possible to model long-range interactions within an image (Figure 3.7).
Currently, this is one of the most advanced CRF models to smooth noisy classification results but also
keep enough details for fine edges. Inference of fully connected CRF by traditional algorithms is
computationally expensive. Krihenbiihl & Koltun (2011) apply a linear combination of Gaussian kernels
as the pairwise term and use mean field approximation to solve fully connected CRF in an efficient way.
The inference is explained in section 3.3.4.2.

Pairwise term in fully connected CRF is formed by a linear combination of Gaussian kernels, defined as

below:
1 Equation 18
U (x0,%7) = 1 2) D WK (f, £
m
_ 0 ifx;= xj, Equation 19
M(xi'xj ) N {1 otherwise,
2 2 Equation 20
pi— " i1
K'(fifi) =w®ex —| - /
(fif) P AT 202 267
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2 Equation 21

Ko f ) = wexp (— u>

20y

k™ are Gaussian kernels and w™ are weights of kernels. f;, fj are feature vectors taking color values
and positions for neighboring pixels i and j. Here, ft(x;, X;), the Potts model, is same as the one used in 8
connected pairwise term (Equation 15). It assigns penalty when two neighboring pixels have different
labels. Contrast-sensitive potential of Potts model is composed by two kernel potentials, kl(fi, fj) and
kz(fi,fj). Di, bj are position vectors and I;, I} are color vectors using RGB values (0-255). kl(fl-,fj) is an
appearance kernel encourage two pixels which are close in position and have similar colors to have a same
label. In other words, high penalty will be introduced when two pixels with different labels have similar
features vectors and this penalty should be minimized to achieve coherency between pixels. 8, and 6p are
used to control the extents of nearness and color similarity when determining penalties. k2(f;, fj) is a
smoothness kernel to clean small and isolated parts.

3.3.3. Higher order potentials

Robust higher order potentials proposed by Kohli et al. (2009) are used to encourage the label consistency
within superpixels. Here, superpixels are calculated by surface growing algorithm in PCM software
(section 3.3.3.1).

Traditionally, a strict P» Potts model is shown below (Kohli et al., 2007):

0 if x;p =1y Viec, Equation 22
e(xe) = {9[}|c|9“ otherwise,

Where ly is the dominant label in clique c and |c| represents the number of pixels constituting clique c, 95
and 8, are parameters optimized based on validation dataset. This model suggests that once there is a
pixel has a different label from others, a penalty will be assigned to that superpixel. That means, in a clique
¢, no matter how many pixel labels are different from the dominant label, the inconsistency penalty is the
same. This is a rigid and strict model that cannot be adapted to inaccurate superpixels which are common
in unsupervised segmentation. Therefore, a robust Pr Potts model is proposed by Kohli et al. (2009) to
enforce label consistency in superpixels but also preserving discontinuity at boundaties. Equations are
shown as below:

Ni( )1 N () <0 Equation 23
(X)) = if Ni(x.) <
lpc(xc) — { l Cc Qymax L c
Vimax otherwise,
Equation 24
Ni(xo) = mimg { lel = ) 8(x)
iec
_ 1 if x; = k. Equation 25
B (i) = {0 otherwise,
Q =q|c| Equation 26

where N;(x.) denotes the number of pixels that does not take the dominant label k in a clique c. Q is a
truncated parameter making the cost as a constant when N;(x.) is larger than Q. Normally, Q is
proportional to the size of superpixel |c| (Equation 26). q is a constant should be predefined. Ypqy is a
parameter assessing the quality of superpixel c. It is calculated based on the feature variance within the
superpixel. In this study, both RGB values and normal vectors are taken as features (f(i)) to evaluate the
quality of superpixel c. The equation is shown as below:

Ymax = |C|9“(9£ + 601G () Equation 27
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IZiec(F @ — w2l Equation 28
G(c) = exp(—@é‘ Le¢ el )
_ Yiec f (D) Equation 29
|l
Intuitively, Y. (x,) a linear truncated function can be plotted as Figure 3.9. The potential starts from 0,

suggesting that no penalty will be given to clique c if all pixels in that clique have a same label. With
N;(x.) increasing, that is label inconsistency increasing in the superpixel, the cost keeps rising until
N;(x.) is larger than Q.

]/m ax p-——————-———

QfF-========

N i (x c)
Figure 3.9 Robust P model potential.

Considering different pixels may make different relative contributions to the superpixel inconsistency,
weight is introduced to every pixel in the clique. For example, pixels at boundaries have more chance to
belong to another label. Their inconsistency costs are reduced by assigning lower weights to them. The
weighted Nj(x.) is written as below:

Equation 30
Ni(xc) = miny <z wi = Z wf 5k(xi)>

iEc LEC
Wl-k represents the relative importance for pixels to penalize the inconsistency within a superpixel.
In summaty, equation Y. (x.) = min{1/Q * N;(X.)Vmax Ymax} is taken as higher order potentials to
involve segmentation information from 3D space. How the 3D segmentation information can be
computed and how it can be involved in higher order potential function is introduced in the following

part.

3.3.3.1.  Surface growing algorithm

Chimneys and balconies consist of a set of planar segments on roofs and walls respectively. Therefore,
planar segments are acquired by implementing surface growing algorithm (Vosselman & Maas, 2010) to
enforce label consistency. Surface growing algorithm is applied to acquire facade segmentation in 3D
space.

In this algorithm, seed points are firstly determined in a fagade point cloud and then a set of neighbors is
selected based on k nearest neighbors. Then this group of points is assessed by the plane-fitting algorithm,
Hough transform. If the residual of this point set to the local fitted plane is lower than a user-defined
threshold, these coplanar points are accepted as a seed segment. If the point set does not meet criteria,
another point will be randomly picked and neighbors of this point will be selected and analyzed. After
building the seed surface, this planar surface starts to grow by including more neighboring points within a
predefined radius and a certain distance from the fitted plane. Then parameters of the grown plane will be
recalculated. The segment keeps growing until there is no additional points can be added. Then next seed




SEMANTIC FACADE SEGMENTATION FROM AIRBORNE OBLIQUE IMAGES

point begins to expand. A greedy strategy is applied in growing algorithm. If a point is a neighbor for
multiple segments, it will be attached to the surface to which the point has the lowest residual error.

3.3.4. Inference

3.3.4.1. Graph cut

Finding the optimal labelling is to maximize the conditional probability, that is, minimizing energy
functions (Equation 11 and Equation 12). Graph cut algorithm (Boykov & Kolmogorov, 2004) is an
efficient approach to minimizing submodular function.

To solve the labelling problem, a graph G = (V,€) is constructed over the image with two extra
terminals, source s and sink t (Figure 3.10). An s-t cut C separates all vertices in to two disjoint sets, S and
T. s-t cut are solved by minimizing the cost of the cut. The cost is defined as the sum of all weighted edges
in the undirected graph. There two types of links (edges) in the graph. n-links represents interactions
between vertices derived from pixels and corresponding costs are calculated as pairwise potentials
explained in Equation 11. tlinks describe connections between pixel vertices and label terminals,
corresponding costs are derived from unary potentials in Equation 13. According to Ford Jr and
Fulkerson (1962), minimizing the cost of a s-t cut is equivalent to maximizing the flow from source s to
sink t. Although this s-t cut only separates vertices into two sets, a binary labelling, it can be expanded to
multi-class labelling.

Source

Sink
Figure 3.10 An example of graph cut (Wang et al., 2014).
o expansion move algorithm is applied to minimize the energy function (Boykov et al.,, 2001). This

algorithm is one of the efficient methods to solve metric pairwise potential functions over the label space
(X, xj, X, € L") that satisfy the following criteria (Boykov et al., 2001):

l/)p(xi: x)=0 Equation 31
l/’p(xi:xj) = llfp(xj,xi) >0 Equation 32
l/’p(xi:xj) < l/)p(xi:xk) + l/)p(xk,xj) Equation 33

In this study, a contrast sensitive Potts model is used as pairwise potentials in energy function to preserve
discontinuity and it has all above properties. Therefore, energy function in this study can be solved by a
expansion algorithm.

o expansion algorithm simplifies the multi-class labelling to a series of binary optimization problems.
Suppose the cutrent label configuration over the graph is f and a particular label is «EL. Every vertice in
the graph makes a binary decision whether convert to label o or keep its current label, moving the label
configuration f to f£. This implies that from f to £, the number of label « has increased. This expansion
iterates through o labels in a fixed or random order. If the energy of £ is lower than the energy of current
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f, £ becomes the current label configuration. The algorithm starts with an initial labelling derived from 2D
and 3D classifier. It terminates with a set of labels that achieves a local minimum energy in terms of
expansion moves; that is, no further expansion move for any label a can decrease the energy function.

The higher order potential function is converted to a pairwise potential function by adding two auxiliary
variables. The transformed energy function can be solved by graph cut algorithm introduced above.

3.3.4.2. Mean field approximation

According to Krihenbiihl & Koltun (2011), an approximate CRF distribution is applied for Maximum
Postetior Marginal labelling. This alternative distribution Q(X) is obtained based on the mean field
approximation to an exact distribution P(X). Q(X) which is a product of independent marginals can be
computed by minimizing the KL-divergence D(Q||P) (Koller & Friedman, 2009), the difference between
‘true’ P(X) distribution and predicted Q(X) distribution. D(Q||P) is 0 if Q(X) and P(X) ate identical.

Equation 34
X
DQUIP) = - log

Following the below update equation, the inference is calculated by iterative message passing,

compatibility transform and local update within the approximate field until convergence (Krihenbthl &
Koltun, 2011).

Equation 35

K
1
Qi = ) = expd =P = D wQLE) Y w™ 3 k(S £30,0)

el m=1 J#i

In fully connected CRF, direct message passing computation is intractable because, for every pixel, the
sum of all other pixels is supposed to be evaluated (Krihenbiihl & Koltun, 2011). The complexity of this
problem is quadratic to the number of pixels in images. Thus, high dimensional Gaussian filtering is
applied to reduce the complexity from quadratic to linear (Krihenbiihl & Koltun, 2011). The transformed
message passing algorithm is shown as below:

Zjevk(m) (fo £)Q;(D = ;D) = [G,om ® QD] () — QD) Equation 36

Message passing algorithm (Koller & Friedman, 2009), expressed as Y jey k) (fl,f])Q] D —0;(), is
converted into a function where all pixels are summed up by convolutions G ,m) but sum of Q; is
excluded (Equation 306). Here, G ,(m) is a low passing filter. Based on sampling theorem, the function can
be reconstructed and the convolution can be achieved by downsampling Q(I), applying G,am) to
downsampled Q(l) and then upsampling results in feature space. Gaussian kernels G Am) can be
approximately converted to truncated Gaussians, where values are turned to zero if they are not within
two standard deviations. As sample spacing is in proportion to standard deviation, there are fixed number
of samples in truncated kernel. Therefore, convolution can be approximately calculated by summing over
limited number of neatby pixels. This suggests that the inference can be completed in O(N) time.
Permutohedral lattice, an efficient convolution data structure, is applied to simplify the calculation to be
O(Nd) time. By Cholesky decomposition, high dimension kernels are separated into 1 dimensional kernels
that allows the inference tractable.

3.4. Learning

Features mentioned in section 3.1 are extracted for 45 fagades, combining with corresponding ground
truth labels (section 4.1.1), to train random forest classifiers. Every tree in random forest is separately
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trained on a randomly selected subset of the training dataset. 15 fagades are used as validation dataset to
tune parameters in random forest like number of trees and minimum leaf size and in CRF models. How
parameters are tuned is explained in section 4.2.

3.5. Quality assessment

Performances of random forest and CRF models are evaluated by segmented testing images and
classification results are estimated by 3 measures. Overall pixel classification accuracy for entire images
and averaged pixel-wise accuracy for each class are two standard measures. Intersection over union (IoU)
score (Everingham et al., 2010) is calculated for each class and then averaged. These three measutes are
calculated in terms of true positives (ITP), false positives (FP) and false negatives (FN). Followings are
equations:

Overall pixel accuracy: TP /(TP + FN)’ is calculated over the whole image.

Average class accuracy: TP /(TP + FN) is calculated for every class and then averaged.

IoU score: ‘TP /(TP + FN + FP) is calculated for every class and then averaged
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4. EXPERIMENT SETUP

Oblique airborne images
&
Dense matching point cloud

Data preparation

2D facade annotation 3D facade cropping

A4
Validation

Test data
data

Train data

Feature extraction

(2D feature extraction, 3D feature extraction)

| Parameter Tuning |

/ CRF model

Unary potentials Paj_rwi-se Higher
(random forest) potentials order
/ (8 connected, Qtentia

fully connected)

A 4

-‘| Testing

v

ACCIIIQCY assessment report

Figure 4.1 Workflow.

This chapter describes how the dataset is prepared and how classifiers are trained and parameters models
are optimized in CRF. Figure 4.1 demonstrates the workflow of the experiment in this study.

41. Dataset

Airborne images used in this study were acquired by an IGI Pentacam system over the city of Dortmund
(Germany) on July 7th, 2016. It is composed by 20 nadir images and 60 oblique images (back: 20, forward:
20, left: 8, right: 12). Average ground sampling distance of nadir images is 3.2 cm and that of oblique
images is 4.5 cm. High-resolution images have been oriented and used to generate the point cloud over
Dortmund city center in Pix4D (Figure 4.2).
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Figure 4.2 Study area.

In this study, 105 facades with various architectural styles are selected (Figure 4.3). 80 facades are visible
from forward and backward cameras and 25 facades are visible from leftward and rightward cameras. Less
facades are selected from left and right view images because buildings always make a good alignment from
left to right with very little or no space in between. Therefore, fewer fagades are visible in left and right
views. Also, some facades are occluded by trees.

The facade dataset is split into three parts. 45 facades are used for training random forest classifiers. 15
fagades are used for validating parameters and 45 facades are used for testing (Figure 4.1). All three parts
contain facades in different looking directions.
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Figure 4.3 Serval examples of fagade in facade dataset. For better visualization, all fagade images are
rotated to the same orientation as the forward.

41.1. Annotation

Online annotation tool LabelMe is used to delineate component boundaries on building facades. In my
research, classifications are done by 3 classes and 5 classes separately. For 3-class annotation, pixels are
labelled based on functionality. Here, 3 classes are identified namely, roof, wall and opening. Roof is
defined as a structure covering a building horizontally and wall is an element covering a building vertically.
In this scenario, a balcony is divided into a roof segment and a wall segment (Figure 4.4) and a chimney is
also separated into two parts (Figure 4.4). Opening includes windows and doors because both structures
allow air, sound and light to pass. Also, in urban areas, especially for commercial buildings, doors are
made of glass, the same material as windows. For 5-class classification, balcony and chimney are added. In
this scenario, they are treated as whole objects, instead of separating them into roofs and walls.
Annotation layer is a matrix in MATLAB and each pixel has its own index to represent its class.
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41.2. Facade cropping

Facades of interest are manually cropped from dense matching point cloud (Figure 4.4) because my

research is based on LoD2 city models, where buildings can be detected from point clouds.

Cropped point cloud

Roof Wall Opening Balcony Chimney Void

Figure 4.4 Examples of annotations and a cropped facade point cloud.

41.3. Training strategy

In this study, three types of unary potentials are used in different CRF models, namely 3-class, 5-class and
5-class-equal random forest. For 3-class classification, the number of pixel for training different classes is
shown in Figure 4.5. More than 100,000 pixels are used to train each class. However, when it comes to 5-
class classification, pixel distribution over different classes are very unbalanced (Figure 4.6). There are very
few proportions of the balcony and chimney pixels used for training and this inevitably results in
difficulties in detecting balconies and chimneys. To balance the samples for each class and reduce the
underestimation of balcony and chimney, except chimney, all classes are downsampled to 8607 pixels.
This classifier is called 5-class-equal random forest. The performance of these three classifiers is explained
in chapter 5.
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Figure 4.5 Number of training pixels for each class (3-class classification).
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Figure 4.6 Number of training pixels for each class (5-class classification).

Also, features extracted for 3 different classifications are different (Table 4.1). Height information is
involved in 5-class and 5-class-equal classification. In addition to absolute height in the unit of meter, the

height of all points on a facade is normalized from 0 to 1, to demonstrate the relative position of facade

objects.
Classifier 2D 3D
3-class RGB, SIFT, LM filter Normal vector, planarity
5-class RGB, SIFT, LM filter Normal vector, planarity, height
5-class-equal RGB, SIFT, LM filter Normal vector, planarity, height
Table 4.1 Feature sets for different classifiers.
4.2, Model Parameters

CRF models defined in the previous chapter requires a set of predefined parameters to generate final
segmentation. This section explains how these input parameters are tuned and how the segmentation
accuracy (IoU) is influenced by changing parameters. The strategy to assess the influence of certain
parameter is to vary one parameter while keeping other parameters as constants. Validation dataset,
consisting of 15 fagades, is used to optimize parameters. Parameters are optimal when IoU achieves largest
on validation dataset.

4.2.1. Random forest

Table 4.3 demonstrates parameters used in random forest. Large number of trees achieves better results
but takes long time during the training. To achieve the balance between time and accuracy, 50 trees are
used in this study. Minimum leaf size is the minimum number of observations in each leaf. If it is small,
branches ate likely to go deep. Although out of bag prediction error is small in this case, the forest can be
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overfitting and have poor performance on testing images. Thus, minimum leaf size is set to be 50 based
on experiments (Table 4.2). This creates shallow trees but can avoid overfitting. Number of predictors to
sample defines how many features are selected at random to feed to each node. If it is too large, the
strength of an individual tree increases but correlations between different trees also increases. As the
reliable performance of a random forest counts on the independence between individual decision trees,
the high correlation is not allowed (Breiman, 2001). As a result, the square root of the total number of
features (V193 = 14) is calculated to be the value of number of predictors to sample (Breiman, 2001).

af size 1 30 50 100
Trees
30 64.82% 66.09% 65.47% 65.52%
50 65.68% 66.27% 66.35% 65.77%
100 66.05% 66.32% 66.22% 66.17%

Table 4.2 IoU of validation set (3-class) with changing number of trees and changing minimum leaf size.

Parameters Value
Number of trees 50
Minimum leaf size 50
Number of predictors to sample | 14

Table 4.3 Random forest parameters.

422, 8 connected CRF

Section 4.2.1 defines a set of parameters for the unary term in 8 connected CRF. The next step is to tune
a shown in energy equation (Equation 8). & represents the relative importance between unary term and
pairwise term in an energy function. Small value of & gives weak influence of pairwise terms and that
means very little contextual information is taken into consideration. Large value of & makes pairwise costs
influential while this results in oversmoothed segmentation and therefore reduces the accuracy. The
sensitive analysis is done by fixing unary potentials and pairwise potentials while only changing the weight
parameter o in front of pairwise potential function. The influence of a is assessed quantitatively and
qualitatively in Figure 4.7 and Figure 4.8 respectively.

Figure 4.8 illustrates that, for all three types of unary inputs, large a contributes to smoothing effects.
How much the CRF model can benefit from large o depends on the quality of unary inputs (@=0). The
quality of 3-class random forest ranks the first followed by 5-class random forest and 5-class-equal
random forest. Also, optimized a values for corresponding pairwise potentials are 0.5, 1.0, 2.5 respectively
(Figure 4.7). This suggests that CRF model with unreliable unary input requires influential pairwise costs
to refine segmentation results. Yet, if the unary input already produces reliable segmentation, large value
of & can only smooth out details and reduce accuracy.
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Figure 4.7 IoU for changing o in 8 connected CRF.
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Figure 4.8 Qualitative assessment of the influence of o in 8 connected CRFs.

423.  Fully connected CRF

According to Krihenbiihl & Koltun (2011), 04 and og in Equation 20 are two most influential
parameters for fully connected CRF. 0, controls the extent of nearness between two pixels. Suppose that
there are two pixels with different labels. If the distance between two pixels is smaller than oy, high
potential will be assigned to the energy function, encouraging label transformation. Otherwise, low
potential will be assigned. In other words, large value of g, means the CRF model takes long-range
interactions into consideration, while small value of 0, suggests that the CRF model takes more local
neighboring information and two distant pixels are less likely to influence each other. Similarly, op
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controls the extent of color similarity between two pixels. Large value of dg suggests that pixels with
same labels have large tolerance in color difference. Even if two pixels are distant from each other in RGB
(0-255) color space, they still have chances to share the same label, which is not reasonable in this case. To
assess how 0, and 0p influence segmentation results, w s kept as 1 and w® s set to be 0.

Figure 4.9 demonstrates how changing g, and dg contribute to accuracy variation. For all three types of
unary inputs, as g, increases, the accuracy increases at first and then steadily decreases. In 3-class case,
lower 0y is preferred and IoU is not very sensitive to changes in gg when 0y is small and dg is lower than
25. In 5-class case, relative longer range is preferred and IoU decreases quickly when op increases.
Regarding to 5-class-equal case, with increasing 0, and 0, the IoU steadily increases, peaks at (12, 15) and
then steadily decreases. Long-range connection and high tolerance in color difference cause some failures
(Figure 4.10). Parameter setting tuned by 15 wvalidation facades are shown in Table 4.4. The
corresponding 0, values for 3-class, 5-class and 5-class-equal unary inputs are 4, 11, 12 pixels respectively.
For these three models, the 3-class unary input gives best classification results in terms of IoU (66.00%),
followed by 5-class (IoU: 41.43%) and 5-class-equal (IoU: 36.94%) unary inputs. 3-class unary inputs, with
the best performance, require shortest range of spatial interactions while 5-class-equal with the worst
performance, require longest range of spatial interactions.

3-class w® =1, O, =4, op =11, w® =2, g, =1
5-class wh=1,0,=11, 05 =4, w? =1, g,=15
5-class-equal w) =1, ¢, =12, og = 15, w® =1, o, =2

Table 4.4 Optimized parameters for fully connected CRFs
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Figure 4.9 Quantitative assessment (IoU) of the influence of connections in fully connected CRF.
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Figure 4.10 Qualitative assessment of the influence of connections in fully connected CRF.
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To test 0y, optimized 0y and dp are kept. The weight of smoothness kernel is set to 1. Figure 4.11 and
Figure 4.12 demonstrate how changing g, influences segmentation results quantitively and qualitatively.
The role of gy is to remove isolated parts. With larger 0, the removing effects are stronger. Very large g,
cleans large isolated parts like opening segment, decreasing the segmentation accuracy.

Ty
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Figure 4.11 IoU for changing oy in fully connected CRF.

0y=2 0y=6 ay=10
. T e

Roof Wall Opening Balcony Chimney Void

Figure 4.12 Qualitative assessment of changing oy in fully connected CRF (first row: 3 class, second row:
5-class, third row: 5-class-equal).
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4.2.4. Higher order CRF

From section 3.3.3, 7 parameters in higher order CRF requires to be tuned, namely, 8, 9{,‘, o, 9[?, q,a
(weight for pairwise potental), B (weight for higher order potential). As higher order potentials and
pairwise potentials share similar functionality in CRF model (Kohli et al., 2009), tuning parameters from
optimized pairwise potentials gives rise to low weights of higher order parameters. As a result, & is set to 0
at first and optimize other coefficients in higher potential function one by one. Optimal parameters for
different unary input are shown in Table 4.5.

3-class 0, =1,0)=0,0}=04,0p=26g=01a=1p=1
5-class 0, =02,6=000=140}=50,q=02a=15p8=03
5-class-equal 0, =1, g{; =0,01 =1, 9[’; =21,g=03,a=25p=1

Table 4.5 Optimized parameters for higher order CRFs.

According to Kohli et al. (2009), the choice of truncation parameter q is critical to higher order CRF.
Thus, how changing q influences the accuracy is quantitively (Figure 4.13) and qualitatively (Figure 4.14)
analyzed. A small value of q contributes to rigid higher order potentials which strongly favor consistency
within superpixels (Figure 3.9, Equation 26) and are likely to smooth out isolated parts. This is supported
by segmentation results shown in Figure 4.14. Higher order potentials remove noisy points on roof
segments from results got from 5-class-equal classifier.
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Figure 4.13 IoU for changing truncation parameter q in higher order CRFs.
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Figure 4.14 Qualitative assessment of the influence of q in higher CRFs.

How parameters in surface growing algorithm influence segmentation results is presented in Figure 4.15
and Figure 4.17 quantitively and qualitatively. Two sets of parameters ate tried. Parameter settings are
shown in Figure 4.16. Parameter set 1 tends to produce large segments while parameters set 2 tends to
produce small regions. For both 2 cases, parameters are tuned based on validation dataset to get optimal
results. Set 2 parameters (small regions) outperform set 1 parameters a little bit in terms of IoU (Figure
4.15). This little difference between parameter set 1 and 2 in results suggests that optimizing parameters in
higher order CRF is more important than changing parameters in surface growing algorithm.

80.00%
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. 0
60.00%
50.00% 43.62% 43.56% 43.61% 43.59%
40.00%
30.00%
20.00%
10.00%
0.00%

3class Sclass Sclassequal

B Small region M Large region

Figure 4.15 Comparison in IoU using two different parameters sets to get region information in higher
order CRFs.
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Figure 4.16 Segmentation based on surface growing algorithm in 3D.
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set 1. Second row: results using parameter set 2.

Figure 4.17 Semantic fagade segmentation results in higher order CRFs. First row: results using parameter
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5. RESULTS

5.1. 3-class classification
3-class 2D 2D3D 8CRF HCRF FCRF
Roof 91.66% 93.30% 95.37% 95.31% 96.11%
Wall 39.75% 81.56% 88.87% 86.41% 85.56%
Opening 35.78% 57.89% 52.00% 53.79% 60.20%

Average class accuracy | 55.73%  77.59%  78.775%  78.50%  80.62%
Overall pixel accuracy | 60.59%  82.42%  85.32%  84.57%  85.63%

IoU 39.64%  66.00%  69.20%  68.43%  70.67%
Table 5.1 Results from 3-class classifier.

Table 5.1 shows results from 3-class classifier. When only taking 2D features, 91.66% of roof pixels were
correctly labelled, while accuracies of wall and opening were 39.75% and 35.78% respectively. From
Figure 5.1 (third column), misclassifications mainly lay in confusions between roof and wall. 57.13% of
wall pixels were labelled as roof (Appendix 1 a). Also, openings on roof were hardly to be labelled. Very
large opening segments were difficult.

By adding 3D features, the IoU improved by 26.36%. Accuracies of wall and opening improved by
41.81% and 22.11% respectively. In Figure 5.1 from the third row to fourth row, 3D features converted
most of roof pixels on vertical surfaces to wall or opening pixels while confusions between wall and
openings remained. In addition, on the hip roof, some pixels on steep side surface were wrongly
converted to wall pixels.

Implementation of 8 connected on the top of classifier taking both 2D and 3D features improved IoU by
3.20%. Wall accuracy increased by 7.31% while opening accuracy decreased by 5.89%. By comparing the
fourth row and fifth row in Figure 5.1, many noisy pixels in the fourth row were removed in the fifth row.
For example, wrongly labelled pixels on the steep hip roof were removed but at the same time, wall pixels
on chimneys were also removed. Also, few correctly labelled but isolated opening pixels on the wall were
cleaned.

Applying higher order CRF improved IoU of 2D3D classifier by 2.43%. Comparing to 8 connected CRF,
extra higher order potentials derived from surface growing segmentation in 3D space did not improve
results. There was 0.77% decrease in IoU from 8 connected CRF to higher order CRF. Some opening
pixels on the wall were removed and non-sharp boundaries could be found in higher order CRF results
(Figure 5.1).

Fully connected CREF showed best results in IoU (70.67%). Fully connected pairwise potentials
outperformed 8 connected potentials by 1.47% (IoU) and improved results of 2D3D classifier by 4.67%
(IoU). It produced highest opening accuracy among all models, 8.20% higher than 8 connected CRF and
6.41% higher than higher order CRF. Figure 5.1 demonstrates that fully connected potentials gave rise to
similar smoothing effects to 8 connected potentials but they also kept some details that could be removed
by 8 connected potentials. For example, on the one hand, wall pixels on the steep hip roof were removed.
On the other hand, some wall pixels on chimneys remained and some correctly labelled isolated opening
pixels were still there.
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Roof Wall Opening Void

Figure 5.1 Examples from 3-class classifier (First row: image. Second row: ground truth. Third row: results
from random forest only using 2D features. Fourth row: results from random forest using 2D and 3D
features. Fifth row: results from 8 connected CRF. Sixth row: results from higher order CRF. Seventh

row: results from fully connected CRF.).
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5.2, 5-class classification
5-class 2D 2D3D 8CRF HCRF  FCRF
Roof 88.77%  93.79%  95.36%  95.38%  95.68%
Wall 4523%  87.04%  92.52%  92.74%  90.47%
Opening 46.58%  58.65%  58.45%  57.81%  60.61%
Balcony 0.18% 3.03% 1.90% 1.92% 1.71%
Chimney 0.00% 0.00% 0.00% 0.00% 0.00%
Average class accuracy | 36.15%  48.50% = 49.65%  49.57%  49.69%
Overall pixel accuracy | 61.48%  82.80%  85.62%  85.61%  85.26%
IoU 25.806%  41.43%  43.67%  43.62%  43.43%

Table 5.2 Results from 5-class classifier.

Table 5.2 presents results from 5-class classification where the size of training dataset for each class is
unequal. For classifier only taking 2D information, the IoU was only 25.86%. 88.77% of roof pixels were
correctly labelled, while the accuracies of wall and opening were 45.23% and 46.58% respectively. Only
0.18% of balcony pixels could be labelled and no chimney pixels could be labelled. Except confusions
between roof and wall which exists in 3-class classification, misclassifications also lay among roof, balcony
and chimney. 61.10% of balcony pixels were labelled as roof and 77.97% of chimney pixels were taken as
roof (Appendix 2 a).

For classifier taking both 2D and 3D features, the overall accuracy was 82.80% which was similar with
that of 3-class classification, while the IoU was only 41.43% which was much lower than that of 3-class
classification. Comparing to 2D classifier, the IoU improved by 15.57%. Accuracies of wall and opening
improved by 41.81% and 12.07% respectively. In Figure 5.2 from the third row to the fourth row, 3D
features (normal vector, planarity and height) cleaned most of roof pixels on the wall while confusions
between wall and openings remained. In addition, on the hip roof, more pixels on steep side surface were
wrongly converted to wall pixels, comparing to results from 3-class classification. There was only little
improvement in balcony accuracy (2.85%) and chimney pixels still could not be labelled. For all 45 testing
fagades, 90.9% of chimney pixels were misclassified as roof pixels and 7.88% of them were wall. 47.01%
of balcony pixels were labelled as roof and 41.4% of them were labelled as wall (Appendix 2 b). When to
comes to a specific example in the third row of Figure 5.2, no balcony pixel was visible. Furthermore, the
majority of the chimney was taken as green and some pixels on chimney vertical surfaces were taken as
wall.

In terms of 8 connected CRF, IoU was 2.24% higher than that of 2D3D classifier. Although there was a
5.48% increase in wall accuracy, labelling of balconies and chimneys was still a difficult task. Figure 5.2
suggests that 8 connected pairwise potentials removed a lot of isolated pixels to refine results.

When it comes to higher order CRF, labelling results did not get benefits from extra higher potentials,
similar with the effects on 3-class classification. Even the percentage of opening pixels labelled as wall was
0.69% lower than that of 8 connected CRF. This was demonstrated by the removal of some opening
segments in the sixth row of Figure 5.2. In addition, no improvement was found in balcony and chimney.
Fully connected CRF gave rise to 2.00% higher IoU than 2D3D classifier. From 8 connected potentials to
fully connected potentials, only roof accuracy and opening accuracy increased by 0.32% and 1.96%
respectively. Although there was a slight increase in average class accuracy, loU decreased by 0.24%. and
correct labelling of balcony and chimney pixels is a difficult task. No balcony and chimney was labelled in
the last row of Figure 5.2.
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Roof Wall Opening Balcony Chimney Void

Figure 5.2 Examples from 5-class classifier (First row: image. Second row: ground truth. Third row: results
from random forest only using 2D features. Fourth row: results from random forest using 2D and 3D
features. Fifth row: results from 8 connected CRF. Sixth row: results from higher order CRF. Seventh

row: results from fully connected CRFE.).
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5.3. 5-class-equal classification

5-class-equal 2D 2D3D 8CRF HCRF FCRF

Roof 55.56%  73.97%  78.44%  81.59%  83.82%
Wall 41.56%  57.76%  72.99%  72.18%  77.10%
Opening 63.61%  76.85%  76.46%  76.20%  70.43%
Balcony 36.49%  62.42%  66.34%  69.73%  56.91%
Chimney 59.78%  85.64%  91.02%  63.92%  67.07%
Average class accuracy | 51.40%  71.33%  77.05% = 72.72%  71.07%
Overall pixel accuracy | 50.67%  67.52%  75.60%  76.49%  78.13%
ToU 2549%  37.41%  43.23%  43.61%  44.16%

Table 5.3 Results from 5-class-equal sampling classifier.

Table 5.3 demonstrates the results from 5-class-equal classification where the size of training dataset for
each class is equal. For classifier only taking 2D information, the IoU was only 25.49%. When comparing
to unequal classifier, the overall pixel accuracy of equal classification results was 10.81% lower, while its
average class accuracy was 15.25% higher. In this scenario, balcony and chimney pixels were detectable
but only 55.6% of roof pixels and 41.6% of wall pixels were correctly labelled and there were still a lot of
misclassifications to be corrected. In the third row of Figure 5.3, openings on roofs which are hardly to be
delineated in other two scenarios were labelled as chimney. Pixels on intersections between roof and wall
were likely to be labelled as balcony. (objects on roof were labelled as chimney)

By adding 3D features, IoU increased from 25.49% to 37.41%. Accuracies of all classes were significantly
improved, especially for balcony and chimney which increased by 25.93% and 25.86% respectively. By
comparing confusion matrices of 2D and 2D3D classifier, misclassifications between balcony and
chimney, roof and wall were significantly reduced. Furthermore, confusions between balcony and wall
were reduced. The percentage of wall pixels that were labelled as balcony dectreased from 14.44% to
11.55% and the proportion of balcony pixels that were labelled as wall decreased from 15.48% to 9.34%.
From the second row to the third row of figure 5.3, wrongly labelled balcony pixels on wall surface were
solved but balcony pixels at intersections of roof and wall were still left. Also, openings on roof were still
labelled as chimney.

8 connected CRF improved IoU of 2D3D classifier by 5.82%. Accuracies of balcony and chimney
increased by 3.92% and 5.38% respectively. Wall accuracy increased by 15.23% and the confusion
between wall and opening reduced. Comparing to results from 2D3D classifier which produced noisy
boundaries for opening segments, noisy boundaries were cleaned to be relatively sharp boundaries (Figure
5.3). Openings in shadow which were likely to be removed by 8 CRF in other two scenarios remained.
Furthermore, isolated chimney pixels on roof were also almost removed but there were still some large
wrongly labelled chimney segments could not be removed. A part of gray pixels on intersections of
different surfaces was corrected and left little confusion to be solved.

Higher order CRF slightly outperformed 8 connected CRF by 0.38% in IoU. The extra higher order term
reduced chimney accuracy from 91.02% to 63.92%. In 8 connected CRF, only 8.50% of chimney pixels
were labelled as roof, while, in higher order CRF, that proportion became 35.32%. In Figure 5.3, few
chimney segments on roof were smooth out. Also, few opening segments and balcony segments on wall
were removed. Balcony pixels on intersections of different surfaces were reduced.

Comparing to other two CRF models, fully connected model gave the best IoU. It outperformed 8
connected model and higher order model by 0.93% and 0.55% respectively. It improved results from
2D3D classifier by 6.75% in IoU. In contrast to 8 connected potentials, fully connected potentials had
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better performance in roof and wall classes. This is demonstrated by Figure 5.3 where many noisy pixels
were cleaned on roof and wall surfaces. However, removed pixels included some correctly labelled
opening, balcony and chimney segments and these wrong removals were reflected in the decrease in
opening, balcony and chimney accuracy in Table 5.3. Comparing to the enforcement label consistency in
unsupervised segments, although fully connected potentials had lower accuracy in opening and balcony
chimney class, their performance was more robust and achieved higher overall pixel accuracy and IoU.
For example, in Figure 5.3, three balcony segments were remained in the seventh row, while there was
only one balcony segments left in the sixth row. Also, fully connected model generated sharper boundaries

and it kept some opening segments that would be removed in higher order CRF.
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Figure 5.3 Examples from 5-class-equal classifier (First row: image. Second row: ground truth. Third row:

results from random forest only using 2D features. Fourth row: results from random forest using 2D and

3D features. Fifth row: results from 8 connected CRF. Sixth row: results from higher order CRF. Seventh
row: results from fully connected CRF.).
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6. DISCUSSION

This chapter discusses pros and cons in this study. Section 6.1 evaluates the importance of 2D and 3D
features in distinguishing different classes. Section 6.2 discusses some successes and failures in different

model and gives brief explanations why it is good or bad.

6.1. Features

The roles of 2D and 3D features are analyzed and compared. They atre also compared to results of other
studies.

6.1.1. 2D features

Although this study has used the state-of-art 2D features, segmentation results were not as good as recent
facade segmentation only using 2D features (Rahmani et al., 2017, Gadde et al., 2017, and Jampani et al.,
2015). This is because dataset in this study contains various architectural styles and shows high diversity in
object appearance, comparing to commonly used benchmark dataset like ECP and ¢TRIMS. Figure 6.2
illustrates some balcony styles in Dortmund city center. Therefore, large amounts of training facades are
required to produce good results. Due to the limited time and effort, only 45 facades were prepared for
training. In addition to the highly variant dataset, infeasibility of using object detector could be another
reason for poor performance of 2D features. Rahmani et al., 2017, Gadde et al., 2017, and Jampani et al.,
2015 used object detectors (Benenson et al., 2012) to find windows and doors in rectified facade images.
They incorporated detection scores with outputs of classifiers in a CRF model (Martinovi¢ et al., 2015) or
took detection scores as features in classifier (Gadde et al.,, 2017, and Jampani et al., 2015). Detection
scores corresponding to rectangular bounding boxes were converted for every single pixel in images and
this was achieved by summing up all scores at each pixel. This was feasible for rectified images because
objects, like window, were well fitted in rectangular bounding boxes (Figure 6.1 left). However, this
conversion could be problematic for perspective images, like facade in oblique aerial images (Figure 6.1
right). The bounding box would always include large amount of wall pixels and these wall pixels would get
same score as window pixels in that bounding box. Then, the bounding box could lose the ability to
distinguish wall and window and even lead to more confusions. High variance and few training data is
another reason why object detector is not suitable for this study. Normally, advanced object detector
algorithms, like CNN, require large training dataset but training dataset in this study only has 64 balcony
objects and 40 chimney objects. Overall, various architectural styles and infeasibility of object detector
gave rise to the poor performance of random forest only taking 2D features.
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Figure 6.2 Various balcony styles.

6.1.2. 3D features

3D features showed good performance in solving confusions between roof and pixels on vertical surfaces
like wall and opening. One reason was that normal vector could efficiently separate roof pixels from wall
and opening pixels. In 5-class-equal scenario, the involvement of height information could be the reason
to distinguish balcony and chimney pixels because chimneys were always lay on roof top while balconies
were more likely to be positioned on wall surfaces which were relatively lower. Multi-scale planarity could
explain the reduced confusion between balcony and wall as balcony always protrude from or intrude into
wall surface and therefore, low planarity tended to be found on balcony. Gadde et al. (2017) also combine
2D and 3D features for image labeling in a terrestrial view dataset and there is an increase from 60.5% to
62.7% in IoU by adding 3D geometrical features to 2D features. Compared with results from Gadde et al.
(2017), aiming to delineate detailed facade objects (window, wall, balcony, door, roof and shop) from
terrestrial views, our experiment suggests that 3D features play an essential role in facade interpretation
(roof, wall, opening) from unrectified aerial oblique images. However, there were still confusions between
wall and opening pixels left to be solved because there was no significant difference in 3D point cloud
between opening and wall (Figure 6.3). Confusions between opening and wall could be more relevant to
the deficiency of 2D feature. Normally, openings are in dark color and walls are in relative light color.
Although light openings and dark walls were chosen to train classifiers, the size of them was too small.
Figure 6.3 shows that the classifier was not good at solving the exception with dark red wall and light
openings because of the curtains. To solve this problem, extracting features in regions that produced from
unsupervised segmentation could be a choice for future work.

Roof Wall  Opening Balcony Chimney Void

Figure 6.3 Remained confusions between wall and window (in 5-class-equal classifier).

Results suggest that 3D features were critical in fagade interpretation from aerial oblique images and their
performance depends on variance in object appearance and accuracy of dense matching point clouds.
High variance in object appearance could induce errors. For example, normally, roofs are horizontal or
slightly tilted surfaces, while there were few steep roofs whose normal vectors were close to wall surfaces.
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These roofs were more likely to be labelled as wall pixels because they were close to wall cluster in feature
space. Figure 6.4 gives an example of misclassification on steep roof. Inaccurate point clouds produced by
poor image dense matching also weaken the ability of 3D features to solve misclassifications. Figure 6.5
gives an example where classifier using 2D features misclassifies wall pixels as roof pixels. In Figure 6.5.¢,
3D features could correct most of wrongly labelled wall pixels, while there were still few roof pixels on the
wall. By checking the corresponding point cloud in Figure 6.5.b, there were few wall points having similar

normal vector to roof points. These unsolved misclassifications can hardly be corrected by CRF models.

Roof Wall Opening Void
Figure 6.4 Steep roof (3-class classification).
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Figure 6.5 Misclassification caused by inaccurate dense matching point cloud. a) fagade image, b) fagade
point cloud, color representing the angle (°) between normal vector and z-axis ¢) ground truth d) results
from random forest using 2D features, ) results from random forest using 2D and 3D features.

6.1.3. 2D features vs 3D features
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Figure 6.6 Importance of features. It is calculated by how much the accuracy would drop if a certain
feature set is removed. The larger accuracy drops, the more important the feature set is.

Figure 6.6 shows that normal vector was the most important feature set. This is reasonable as normal

vectors were important to separate objects on different surfaces. This is in accordance with significant
improvements in results when taking 2D and 3D features in chapter 5. For other features, their ranks

varied in different cases but there was not very big difference in their influences.

6.2. CRF models

6.2.1.

8 connected CRF

Results shown in chapter 5 demonstrate the role of 8 connected CRF in refining segmentation results.
This is in accordance with segmentation results obtained by Li and Yang (2016). Classification results were
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quite dependent on unary input. For example, wall pixels on the steep hip roof in Figure 5.1 were
removed by using pairwise potentials while pairwise potentials converted that steep hip roof to a wall
segment in Figure 5.2 and Figure 5.3. By comparing scores of roof and wall for each pixel on that steep
hip roof (Figure 6.7), more pixels got higher scores in wall instead of roof in 5-class classification and 5-
class-equal classification. Thus, when taking neighboring pixels’ labels and colors, roof pixels were treated
as noisy pixels to be removed, wrongly labelling the whole steep hip roof segments. In addition to the role
of unary term, the importance of contextual information should not be ignored. In this study, it varied in
different scenarios. Contextual information was more important to the model with unreliable unary input
than the model with reliable unary input. For example, for unbalanced training, overall accuracies from
unary term achieved over 80%. In those two models, weights of pairwise potential were 1. In contrast, the
5-class-equal classifier only achieved 67.11% in terms of overall accuracy and the corresponding pairwise
weight was 2.5. Improvement given by pairwise term was much higher than the other two models.

5-class 5-class-equal

Figure 6.7 The probability difference between wall and roof for each pixel. Light color means the
probability of that pixel to be labelled as wall is higher than roof.

6.2.2. Robust higher order CRF

Different objects on facades were separated by surface growing algorithm based on plane extraction
explained in section 3.4.3.1. These unsupervised segmentation results were then projected to facade
images. Projected segments are shown in Figure 6.8. Enforcing consistency within superpixels gave
different effects in different scenarios. It did not improve results from 8 connected CRF in 3-class and 5-
class classification. This means the extra higher order CRF had negative effects in these two scenarios. In
3-class classification, some openings were removed because openings and walls were on same planes and
surface growing algorithm in 3D space was not able to separate them into different parts. Therefore,
openings were always included in large superpixels dominated by wall pixels, leading to wrong
enforcement. This could be solved by assigning label compatibility cost between opening and chimney as
zero in Potts model in the future work. Also, non-sharp boundaries were induced by jagged boundaries of
superpixels which were relevant to the patch size when projecting 3D points to 2D images (section 3.1.3.).
In terms of 5-class model, except failures appeared in 3-class model, there were more issues. Although
chimney superpixels were delineated in higher order potential, few pixels in those superpixels were
labelled as chimney. Therefore, those correct isolated chimney pixels tended to be converted to roof pixels
to enforce the consistency with superpxiels (Figure 5.2). In this case, higher order term was not very
helpful and this was also supported by its low weight (0.3) mentioned in section 4.2.4. When it comes to 5-
class-equal classifier, which produced noisy segmentation results, the enforcement of consistency within
superpixels showed its importance and the optimal weight of higher order potentials was 1 (section 4.2.4).
In Figure 5.3, noisy chimney segments were smoothed or removed by encouraging label consistency
within roof plane. Furthermore, balcony pixels at the intersection between roofs and walls were corrected
because they were located on superpixels whose labels were dominated by wall or roof. Overall, although
higher order potential could improve segmentation results to some extents, there was also a large chance
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to cause failures. In general, using unsupervised segments produced by surface growing algorithm in 3D
space to enforce label consistency in higher order CRF is not as robust as 8-connected CRF.

Surface growing segmentation

Segmentation from 8-connected CRF (5-class) Segmentation from higher order CRF (5-class)
Segmentation from 8-connected CRF (5-class- Segmentation from higher order CRF (5-class-
equal) equal)
. T e

Roof Wall Opening Balcony Chimney Void

Figure 6.8 Effect of higher order potentials (classifier: 5-class-equal).
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6.2.3. Fully connected CRF

Fully connected CRF always outperformed other two CREF models except in 5-class classification scenario.
One possible reason could be that its parameters were tuned on a relatively small validation dataset (15
images). In validation dataset, optimal parameters tended to increase roof and opening accuracy by taking
relative long-range interactions and thus to increase the average class accuracy and IoU. When it comes to
the testing dataset, relative long-range interactions did improve the average class accuracy a little bit by
improving roof and opening accuracy comparing to 8 connected potentials, but it sacrificed accuracies of
other classes leading to a slight decrease in IoU.

When comparing to higher order CRF models, although 3D contextual information was not involved in
tully connected pairwise potentials, it had more robust performance than higher order CRF. In the first
row of Figure 6.9, enforcement of consistency in superpixel gave better results in balcony part but fully
connected CRF also gave acceptable results although it was a little bit noisy. Fully connected model did
not correctly label white openings on roof like higher order model, but this error is reasonable. For other
two cases in Figure 6.9, fully connected performed better by taking long-range interactions to keep more
details and produce sharper boundaries.

Roof Wall  Opening Balcony Chimney Void

Figure 6.9 Comparison between fully connected CRF and higher order CRF results in 5-class-equal
scenario. First column: image; second column: ground truth. Third column: results from fully connected
CRF. Fourth column: results from higher order CRF.

Comparing with Krihenbiihl and Koltun's experiment (2011), relatively small o, values were got. This
suggests that very long-rang interactions in this study were not as help as in object recognition and
segmentation (Krihenbihl & Koltun, 2011). As mentioned in Krihenbihl and Koltun's experiment
(2011), most of spatial standard deviations are larger than 35 pixels but relatively short-range connections
were more suitable for facade interpretation from aerial oblique images. In this study, o, values for 3-
class, 5-class and 5-class-equal models were 4, 11, 12 pixels respectively. The preference of short-range
contextual information could be explained by regular shape of man-made facade objects. In spite of the
fact that long-range interactions could delineate more detailed boundaries, these details could be
redundant to LoD3 city modelling and could not make contributions to accuracies.
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7.  CONCLUSION AND RECOMMENDATIONS

71. Conclusion

In this thesis, we explored semantic facade segmentation from airborne oblique images. It is an alternative
investigation of state-of-art works which perform facade segmentation from terrestrial views. The
experiment was conducted in three different scenarios where different training strategies were used, 3-
class classification, 5-class classification and 5-class-equal classification. There were four main steps in this
study, namely feature extraction, random forest training, CRF parameters tuning and testing. Three types
of CRF models were tried namely, 8 connected CRF, fully connected CRF and higher order CRF. RGB,
SIFT, LM filter bank features were extracted from images. 3D geometrical features were extracted from
dense matching point cloud and then projected back to 2D space to facilitate image facade segmentation.
Instead of extracting 3D features at a fixed scale, for each point, normal vector and planarity were
extracted at different scales, taking as signatures for different classes. For 5-class and 5-class-equal
classification, height information was also involved to assist in separating objects located in different
vertical locations. These 3D features contributed to a significant increase in IoU in all three cases. After
feature extraction, all extracted features were fed into random forest classifiers. The optimal number of
trees was 50 and the optimal maximum leaf size was 50. Then trained random forest classifiers were used
to predict the probability for each class on validation data which was taken as unary term in CRF models.
After that, parameters were tuned for pairwise term and higher order term depending on unary term. All
three CRF models improved segmentation results in different scenarios. Among these three models, fully
connected CRF preformed best except the failure in 5-class classification. One important observation was
that unlike long rang interactions used in Krihenbthl & Koltun’s experiment (2011), relatively short-range
interactions were more suitable for fagade segmentation from oblique aerial images. Performance of
higher order CRF was unstable. As label consistency was enforced within very large superpixels which
were generated by surface growing algorithm in 3D space. This was good for class taking large flat
surfaces, like roof. However, regarding different classes lay on same sutfaces, the introduction of higher
order term could make more confusions between those classes. 8 connected CRF could remove noisy
pixel to refine segmentation results. However, its refining effect was not as strong as fully connected CRF
because only limited contextual information was taken into consideration.

7.2. Answers to research questions

1. How can features of 2D images be extracted, represented and involved in CRF models?
Three types of 2D features were extracted, namely color feature RGB, texture features from LM filter
bank and local pixel features SIFT. They were used to train random forest classifiers. Results
predicted by trained classifier were taken as the unary input CRF model. Furthermore, contrast
sensitive Potts was used in pairwise potentials where color difference between neighboring pixels was
taken into consideration. In higher order potentials, color difference was also considered in Potts
model.

2. How could features of photogrammetric point cloud be extracted, represented and involved in CRF
models?
In 3-class classification, normal vector and planarity were calculated at different scales (20, 100, 500
neighborhoods). In 5-class and 5-class-equal classification, height information was involved to
separate objects on roof and objects on wall. They were used to train random forest classifiers. Results
predicted by trained classifier were taken as the unary input CRF model. For pairwise term, no 3D
information was included. In terms of higher order term, instead of using traditional image
segmentation to get region information, surface growing algorithm was applied to acquire fagade
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segments in 3D space and segments were then projected back to images as superpixels to enforce
label consistency.

How 2D and 3D features can be combined and fed into a classifier?

As mentioned in section 3.2.3, 3D points were projected back to 2D images according to Pmatrix. 4*4
pixel was defined as an optimal patch size when project 3D points to images to achieve the balance
between void percentage and detail 3D features. Then images and point cloud features could be
combined and fed into classifiers.

How can pairwise term be designed and how can higher order term be designed?

Pairwise potentials of 8 connected CRF were formed by a contrast sensitive Potts model (Shotton et
al., 2009) which enforces consistency in pixels that share similar features in image space.

Pairwise potentials of fully connected CRF were constructed by a linear combination of two Gaussian
filters concatenated with a Potts model. One filter is an appearance kernel encourages two pixels
which are close in position and have similar colors to have the same label. Another filter is a
smoothness kernel to clean small and isolated parts.

Pairwise potentials of higher CRF were same as those of 8 connected CRF. Higher order term used
the robust Pr Potts model proposed by Kohli et al. (2009). Superpixels were derived from 3D space by
surface growing algorithm and feature difference in color and normal vector was considered in Potts
model.

What is the accuracy matrix only using 2D data?
Opverall accuracies of 3-class, 5-class and 5-class-equal classifier were only 60.59%, 61.48% and
50.67% respectively (Table 5.1, Table 5.2, Table 5.3). The main confusion was lay in roof and wall.

How much can overall accuracy be improved by adding 3D data? Which class can gain the most
benefits from the involvement of 3D information?

By adding 3D data, overall accuracies of 3-class, 5-class and 5-class-equal classifier were improved by
21.83%, 21.32% and 16.85% respectively. In 3-class and 5-class classification, wall gained the most
benefits, improved by 41.81% and 41.81% respectively. In 5-class-equal classification, balcony and
chimney gained the most benefits, improved by 25.93% and 25.86% respectively.

Which CRF has better performance, 8-connected or fully connected or higher order CRF?
In 3-class and 5-class-equal scenario, fully connected CRF performed the best. In 5-class scenario, 8
connected CRF outperformed others.

What are advantages and disadvantages of different CRF models?

Regarding to 8 connected CRF, it could remove noisy pixel to refine segmentation results. However,
its refining effect was not as strong as fully connected CRF because only limited contextual
information was taken into consideration.

Fully connected CRF was the most robust CRF model. As it was a fully connected system, pairwise
potentials could emphasis on long or relatively short-range interactions by getting optimal parameters
based on validation dataset. However, comparing to 8 connected CRF, it has more parameters to be
tuned. It failed in 5-class classification where parameters were tuned by grid searching depending on
small validation dataset.

Higher order CRF was able to enforce label consistency within very large superpixels generated by
surface growing algorithm in 3D space. This was good for class taking large flat surfaces, like roof.
However, regarding to different classes lay on same surfaces, the introduction of higher order term
could make more confusions between those classes.
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7.3.

Recommendations

Increasing the size of dataset or borrowing information from other datasets could be future
choices to improve the performance of classifiers.

With larger dataset, convolutional neural network could be a future choice to extract more
advanced features at different levels.

Features like size and shape could be extracted in regions that produced from unsupervised
segmentation based on normal vector in 3D point cloud and RGB value in image space.
Parameters in CRF model could be trained together based on validation dataset instead of using
grid searching approach which tuning parameters separately. Krihenbiihl & Koltun, (2013) train
parameters in fully connected CRF and leads to a slight improvement in IoU.

Oriented facade images could be rectified (Liebowitz & Zisserman, 1998). Then object detectors
could be applied. Also, some week architectural rules could be applied to constrain results, like
symmetry and alignment.

Semantic classification results could be projected to point could, contributing to LoD3 city
modelling,.
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APPENDIX

a) 2D
redict | roof wall window
True
roof 0.916553 | 0.06603 | 0.017417
wall 0.571334 | 0.397519 | 0.031147
window | 0.505768 | 0.136408 | 0.357824
b) 2D3D
redict | roof wall window
True
roof 0.933042 | 0.060458 | 0.0065
wall 0.112186 | 0.81564 | 0.072175
window | 0.083152 | 0.33792 | 0.578928
¢) 8CRF
redict | roof wall window
True
roof 0.953726 | 0.044514 | 0.00176
wall 0.081929 | 0.88868 | 0.029392
window | 0.060898 | 0.419076 | 0.520026
d) HCRF
redict | roof wall window
True
roof 0.953078 | 0.044478 | 0.002444
wall 0.098004 | 0.864063 | 0.037933
window | 0.066745 | 0.395307 | 0.537947
e) DCRF
redict | roof wall window
True
roof 0.961076 | 0.035801 | 0.003123
wall 0.095065 | 0.855606 | 0.049329
window | 0.069512 | 0.328466 | 0.602022

Appendix 1 C Confusion matrices of 3-class show accuracy for each class (row) and each row is summed

up to 1.
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a) 2D

redict | roof wall opening | balcony | chimney
True
roof 0.887725 | 0.08056 | 0.030829 | 0.000887 | 0
wall 0.495884 | 0.4523 0.051315 | 0.000502 | 0
opening | 0.352474 | 0.178401 | 0.465766 | 0.003358 | O
balcony | 0.610996 | 0.311121 | 0.076129 | 0.001754 | O
chimney | 0.779738 | 0.115424 | 0.104838 | 0 0
b) 2D3D
redict | roof wall opening | balcony | chimney
True
roof 0.937921 | 0.054661 | 0.005359 | 0.002059 | O
wall 0.054113 | 0.870376 | 0.073937 | 0.001574 | O
opening | 0.045597 | 0.364892 | 0.586502 | 0.003009 | 0
balcony | 0.470093 | 0.413887 | 0.085766 | 0.030254 | O
chimney | 0.909448 | 0.078828 | 0.011725 | 0 0
¢) B8CRF
redict | roof wall opening | balcony | chimney
True
roof 0.953598 | 0.044783 | 0.001389 | 0.000231 | O
wall 0.038368 | 0.925152 | 0.036333 | 0.000147 | O
opening | 0.035116 | 0.379068 | 0.584508 | 0.001308 | 0
balcony | 0.451862 | 0.471993 | 0.057116 | 0.019029 | O
chimney | 0.960785 | 0.039101 | 0.000114 | 0 0
d) HCRF
redict | roof wall opening | balcony | chimney
True
roof 0.953756 | 0.04485 | 0.001202 | 0.000193 | 0
wall 0.037811 | 0.927429 | 0.034622 | 0.000138 | 0
opening | 0.034846 | 0.386002 | 0.578062 | 0.00109 | 0
balcony | 0.449484 | 0.47978 | 0.051549 | 0.019187 | O
chimney | 0.966989 | 0.032897 | 0.000114 | 0 0
e) FCRF
redict | roof wall opening | balcony | chimney
True
roof 0.956803 | 0.040483 | 0.002244 | 0.000471 | O
wall 0.045427 | 0.904681 | 0.049202 | 0.00069 | 0
opening | 0.039787 | 0.352302 | 0.606077 | 0.001834 | 0

60




balcony

0.480886

0.429178

0.072853

0.017083

chimney

0.986454

0.013546

0

0

Appendix 2 Confusion matrices of 5-class show accuracy for each class (row) and each row is summed up

to 1.
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a) 2D

redict | roof wall opening | balcony | chimney
True
roof 0.555633 | 0.111388 | 0.107222 | 0.133556 | 0.092201
wall 0.139068 | 0.41558 | 0.176873 | 0.144432 | 0.124046
opening | 0.020285 | 0.050763 | 0.636073 | 0.171859 | 0.12102
balcony | 0.084365 | 0.154818 | 0.222274 | 0.364874 | 0.173669
chimney | 0.026181 | 0.040922 | 0.24963 | 0.085487 | 0.59778

b) 2D3D

redict | roof wall opening | balcony | chimney
True
roof 0.739656 | 0.025792 | 0.007267 | 0.09249 | 0.134795
wall 0.014346 | 0.577627 | 0.243725 | 0.115545 | 0.048756
opening | 0.004412 | 0.098602 | 0.76854 | 0.0935 0.034945
balcony | 0.088373 | 0.093399 | 0.120278 | 0.624225 | 0.073726
chimney | 0.063802 | 0.007911 | 0.028515 | 0.043369 | 0.856403

¢) B8CRF

redict | roof wall opening | balcony | chimney
True
roof 0.784435 | 0.024237 | 0.003399 | 0.096748 | 0.091181
wall 0.00809 | 0.72994 | 0.159998 | 0.079693 | 0.022279
opening | 0.002142 | 0.144776 | 0.764623 | 0.068994 | 0.019464
balcony | 0.052015 | 0.109468 | 0.103111 | 0.663393 | 0.072013
chimney | 0.084974 | 0.000911 | 0 0.00387 | 0.910245

d) HCRF

redict | roof wall opening balcony chimney
True
roof 0.815871 | 0.027672 | 0.00295 0.08906 0.064447
wall 0.014397 | 0.721781 | 0.165933 | 0.08037 0.017519
opening | 0.006408 | 0.147281 | 0.762033 | 0.0676 0.016678
balcony 0.002145 | 0.107472 | 0.100093 | 0.697344 | 0.092946
chimney | 0.353216 | 0.001366 | 0.005065 | 0.001195 | 0.639158

e) DCRF

edict | roof wall opening balcony chimney
True
roof 0.838213 | 0.032173 | 0.002929 | 0.073292 | 0.053394
wall 0.021549 | 0.770993 | 0.122916 | 0.069614 | 0.014927
opening 0.013884 | 0.201035 | 0.704349 | 0.066838 | 0.013894
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balcony

0.08328

0.174691

0.10003

0.569109

0.07289

chimney

0.311269

0.014115

5.69E-05

0.00387

0.670689

Appendix 3 Confusion matrices of 5-class-equal show accuracy for each class (row) and each row is

summed up to 1.
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