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Abstract

In this thesis novel approaches are proposed for multi-level scene interpretation based
on various 2D and 3D imaging sources. We focus on measurements of up-top-date
optical cameras, radars and laser scanners both in terrestrial and airborne con gu-
rations. Our central aim is to explore common problems appearing in different ap-
plication domains, and address them by joint methodological approaches. To ensure
the theoretical basis of the new models, the surveys and algorithmic developments
are performed in well established Bayesian frameworks, or use recent results of ma-
chine learning research. Low level scene understanding functions are formulated as
various image segmentation problems, where we take the advantages of the Markov
Random Field (MRF) probabilistic framework, which admits us to consider in parallel
data-dependent and prior constraints, to get smooth, noiseless, and observation consis-
tent classi cation outputs. At object level scene analysis, we rely on the literature of
Marked Point Process (MPP) approaches, which consider strong geometric and prior
interaction constraints in object population modeling. Particularly, we introduce key
developments in spatial hierarchical decomposition of the observed scenarios, and in
temporal extension of complex MRF and MPP models. Additional contributions are
also presented in ef cient feature extraction, probabilistic modeling of natural pro-
cesses and feature integration via local innovations in the model structures. In the last
part, we propose new models and algorithms suited to processing the measurements of
novel Lidar laser scanners. The research work in this direction enables us to target new
application areas, but also implies various new challenges due to the particular mea-
surement characteristics of the sensors. Besides Bayesian techniques, we utilize here
the latest deep neural network solutions, tted to various problems of environment per-
ception. We show by several experiments that the proposed contributions embedded
into a strict mathematical toolkit can signi cantly improve the results in real world
2D/3D test images and videos, for applications on video surveillance, environment
monitoring, autonomous driving, remote sensing and optical industrial inspection.
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Chapter 1

Introduction

This thesis deals with selected problems of machine perception, targeting the automated interpre-
tation of the observed static or dynamic environment based on various image-like measurements.
Scene understanding is based nowadays far beyond on conventional image processing approaches
dealing with standard grayscale or RGB photos. Multi-camera systems, high-speed cameras, radar
systems, depth and thermal sensors or laser scanners may be used concurrently to support a given
application, therefore proposing a competitive solution for a problem should not only mean to
construct the best pattern recognition algorithm but also to chose the best a hardware-software
con guration. Some data modalities used in the thesis are demonstrated in Fig. 1.1.

Besides the wide choice of the technologies, we can witness today a quick development of the
available sensors in terms of spatial and temporal resolution, number of information channels, level
of noise etc. For this reason, by implementing ef cient environment perception systems we should
answer various challenges of automatic feature extraction, object and event recognition, machine
learning, indexing and content-based retrieval. First, the developed methodologies should be able
to deal with various data sources and they should by highly scalable. This property enables exible
sensor fusion and the replacement of outdated sensors with novel ones providing improved data
quality, without complete re-structuring of existing software systems. Second, the increased spatial
resolution and dimension of the observed data implies that in a single measurement segment one
may detect multiple effects on different scales, demanding recognizer algorithms which perform
hierarchical interpretation of the content. As an example, in a very high resolution aerial photo, we
can jointly analyze macro-level urban or forest regions, separate different districts and roads of the
cities, extract and cluster buildings, or focus on smaller objects such as vehicles or street furniture
[71, 72]. Third, we should also ef ciently utilize the multiple available scales of the time dimen-
sion. While object motion information can be directly extracted through pixel-by-pixel comparison
of the consecutive frames in an image sequence with video frame rate; comparing measurements
with several months or years time differences captured from the same area needs a high level
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(d) Printed circuit image (e) Security camera image (f) Terrestrial Lidar scan

Figure 1.1: Examples for different data modalities used in the thesis

modeling approach. The accomplished research work should point therefore towards obtaining a
complex system, where the provided information of various data sources is organized into a uni-

ed hierarchical scene model, enabling multi-modal representation, recognition and comparison
of entities, through combining object level analysis with low level feature extraction.

From a functional point of view, the methods proposed in the thesis present either general pre-
processing steps of different early vision applications, or contribute to higher level object based
scene analysis modules. In the rst case, the introduced models rely on low level local features ex-
tracted from the sensor measurements, such as the pixel color values in images, or texture descrip-
tors calculated over small rectangular image parts. The output is a classi cation (or segmentation)
of the observation, which can be interpreted as a semantic labeling of the raw data. For example,
in a video frame we can separate the foreground and background pixels, or in an aerial Lidar point
cloud roof and terrain regions can be distinguished. Although the classi cation is primarily based
on the extracted local features, which provide posterior (observation dependent) information for
the process, additional prior constraints are also exploited to decrease the artifacts due to noise
and ambiguities of the input data. One of the simplest, but often used prior condition is the con-
nectivity: we can assume in several problems that the classi cation should result in homogeneous
regions, e.g. in images neighboring pixels correspond usually to the same semantic class.

Markov Random Fields (MRFs) [73] are widely used classi cation tools since the early eight-
ies, since they are able to simultaneously embed a data model, re ecting the knowledge on the
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measurements; and prior constraints, such as spatial smoothness of the solution through a graph
based image representation. Since conventional MRFs show some limitations regarding context
dependent class modeling, different modi ed schemes have been recently proposed to increase
their exibility. Triplet Markov elds [74] contain an auxiliary latent process which can be used to
describe various subclasses of each class in different manners. Mixed Markov models [75] extend
MRFs by admitting data-dependent links between the processing nodes, which fact enables intro-
ducing con gurable structures in feature integration. Conditional Random Fields (CRFs) directly
model the data-driven posterior distributions of the segmentation classes [76]. On their positive
points, the above Markovian segmentation approaches are robust and well established for many
problems [77]. However, as it will be explained in Chapter 2 in details, the MRF concept offers
only a general framework, which has a high degree of freedom. In particularly, a couple of key
issues should be ef ciently addressed for a given real-world problem. The rst one is extracting
appropriate features and building a proper probabilistic model of each semantic class. The second
key point is developing an appropriate model structure, which consists of simple interactive ele-
ments. The arrangement and dialogue of these units is responsible for smoothing the segmentation
map or integrating the effects of different features. Choosing the right dimension of the eld is also
a critical step. MRFs can be either de ned on 2D lattices, or on 3D voxel models, but projecting
a high dimensional problem to a lower dimensional domain is also a frequently used option. For
example, for segmenting a point cloud, a straightforward approach is to construct the MRF in the
3D Euclidean space of the measurements. However, if the point cloud data was recorded by a 2.5D
sensor moving ona Xxed trajectory, range image representation may provide more ef cient results,
which is less affected by artifacts of sensor noise and occlusion.

We propose in this thesis novel solutions regarding many of the above mentioned aspects fol-
lowing demands of real applications. On one hand we combine various statistical features to solve
different change detection problems, and explore the connections between different 2D image and
3D point cloud based descriptors. On the other hand, we investigate the ef ciency of various possi-
ble model structures both in terms of scalability and in practical problem solving performance. We
will propose new complex and exible low level inference algorithms between various measured
features and prior knowledge. Dealing with higher dimensional data we pay particular attention to
reduce the complexity of the model structures, to save computational time and keep the modeling
process tractable.

A higher level of visual data interpretation can be based on object level analysis of the scene.
Object extraction is a crucial step in several perception applications, starting from remotely sensed
data analysis, through optical fabric inspection systems, until video surveillance.

Object detection techniques in the literature follow either a bottom-up, or an inverse (top-down)
approach. The straightforward bottom-up techniques [78] construct the objects from primitives,
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like blobs, edge parts or corners in images. Although these methods can be fast, they may fail if
the primitives cannot be reliably detected. We can mention here Hough transform or mathematical
morphology based methods [79] as examples, however these approaches show limitations in cases
of dense populations with several adjacent objects. To increase robustness, it is common to fol-
low the Hypothesis Generation-Acceptance (HGA) scheme [80, 81]. Here the accuracy of object
proposition is not crucial, as false candidates can be eliminated in the veri cation step. However,
objects missed by the generation process cannot be recovered later, which may result in several
false negatives. On the other hand, generating too many object hypotheses (e.g. applying exhaus-
tive search) slows down the detection process signi cantly. Finally, conventional HGA techniques
search for separate objects instead of global object con gurations, disregarding population-level
features such as overlapping, relative alignment, color similarity or spatial distance of the neigh-
boring objects [82].

To overcome the above drawbacks, recent inverse methods [83] assign a tness value to each
possible object con guration, and an optimization process attempts to nd the con guration with
the highest con dence. This way, exible object appearance models can be adopted, and it is
also straightforward to incorporate prior shape information and object interactions. However, this
inverse approach needs to perform a computationally expensive search in a high dimensional pop-
ulation space, where local maxima of the tness function can mislead the optimization.

Using the above terminology, MRFs can also be considered as inverse techniques. However
staying at pixel level in the graph nodes, we nd only very limited options to consider geometri-
cal information [84, 85]. Marked Point Processes (MPP) [83, 86] offer an ef cient extension of
MRFs, as they work with objects as variables instead of with pixels, considering that the number of
variables (i.e. number of objects) is also unknown. MPPs embed prior constraints and data models
within the same density, therefore similarly to MRFs, ef cient algorithms for model optimization
[87, 88, 89] and parameter estimation [90, 91] are available. Recent MPP applications range from
2D [92, 93] and 3D object extraction [9, 94] in various environments, to 1D signal modeling [95]
or target tracking [96].

Marked Point Processes have previously been used for various population counting problems,
dealing with a large number of objects which have low varieties in shape. MPP models can ef -
ciently handle these situations, through jointly describing individual objects by various data terms,
and using information from entity interactions by prescribing the (soft) ful llment of prior geo-
metric constraints [86]. In this way, one can extract con gurations which are composed of sim-
ilarly shaped and sized entities such as buildings [97], trees [98, 99], birds [87, 88, 94], or boats
[90] from remotely sensed data, cell nuclei from medical images [100], galaxies in space applica-
tions [93] or people in video surveillance scenarios [101]. While the computational complexity of
MPP optimization may mean bottleneck for some applications, various ef cient techniques have



dc 942 14

been proposed to speed up the energy minimization process, such as the Multiple Birth and Death
(MBD) [87] algorithm or the parallel Reversible-Jump Markov Chain Monte Carlo (RIMCMC)
sampling process [89].

Although the above applications show clear practical advantages of conventional MPP based
solutions, neither the time dimension of the measurements nor the spatial hierarchical decomposi-
tion of the scene are addressed in the referred previous works of the literature. Therefore, this thesis
presents contributions focusing on temporal and spatial extensions of the original MPP framework,
by expansively analyzing the needs and alternative directions for the solutions, and demonstrating
the advantages of the improvements in real problem environments.

The temporal dimension appears in two different aspects. The rst problem is object-level
change detection in image pairs, where low level approaches are combined with geometric object
extraction by a multi temporal MPP (mMPP) model. The result is an object population, where
each object is marked as unchanged, changed, new, or disappeared between the selected two
time instances, typically based on measurements with several months or years time differences.
A second task is tracking a moving target across several frames in time sequences of very low
quality measurements, such as radar images. For this purpose, a novel Multiframe MPP (F"MPP)
framework is proposed, which simultaneously considers the consistency of the observed data and
the tted objects in the individual images, and also exploits interaction constraints between the
object parameters in the consecutive frames of the sequence. Following the Markovian approach,
here each target sample may only affect objects in its neighboring frames directly, limiting the
number of interactions for ef cient sequence analysis.

Another major targeted issue is spatial hierarchical content modeling. Classical MPP-based
image analysis models [83, 87] focus purely on the object level of the scene. Simple prior in-
teraction constraints such as non-overlapping or parallel alignment are often utilized to re ne the
accuracy of detection, but in this way only very limited amount of high level structural information
can be exploited from the global scenario. In various applications however, investigation of object
grouping patterns and the decomposition of objects to smaller parts (i.e. sub-objects) are relevant
issues. We propose therefore a hierarchical MPP extension, called the Embedded Marked Point
Process (EMPP) model, which encapsulates on one hand a hierarchical description between ob-
jects and object parts as a parent-child relationship, and on the other hand it allows corresponding
objects to form coherent object groups, by a Bayesian segmentation of the population.

Machine based perception and analysis of the dynamic 3D (i.e. 4D, where the 4th dimension
is time) environment is nowadays a hot topic in research and engineering, following the quick
progress of autonomous driving, security and smart city related applications. While conventional
electro-optical cameras are still important visual information sources, recently released Lidar range
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sensors offer alternative approaches for scene analysis, by directly measuring 3D geometric infor-
mation from the environment. Using the Lidar technology, the most important limitation is cur-
rently a necessary trade-off between the spatial and the temporal resolution of the available sensors,
which makes dif cult to observe and analyze small details of the scenes in real time. Important re-
search issues are therefore the exploration of new tasks which can be handled by these new sorts of
4D measurements, the adaption of conventional image processing algorithms, structures for voxel-
based scene representation and vision related machine learning methodologies to Lidar data, and
the fusion of measurements of various Lidar and optical sensors to obtain a more complete scene
model. We deal in this thesis with three selected problem families of 4D environment percep-
tion. First, we propose a new Bayesian approach for person localization and height estimation in
a multi-camera system. Second, we construct a novel people surveillance framework based on the
measurements of a single Rotating Multi-beam (RMB) Lidar sensor, implementing motion detec-
tion, moving object separation, tracking, and biometric person identi cation via Lidar-based gait
descriptors. Third, we introduce a new work ow with various novel algorithms, for large-scale
urban environment analysis based on a car-mounted RMB Lidar, also using a very detailed 3D
reference map obtained via laser scanning.

This thesis uses the basic concepts and results of probability theory (e.g. random variables,
probability density functions, Bayes rule etc.), and machine learning (neural networks, supervised
training strategies) which are supposed to be familiar for the Readers.

The outline of the dissertation is as follows. Chapter 2 presents a short introduction to stochas-
tic image segmentation, object population extraction and machine learning approaches, by intro-
ducing the data types, general notations and basic mathematical tools used in the following parts of
the thesis. The scienti ¢ contributions of the Author are presented in Chapters 3-6. Each of these
chapters corresponds to a Thesis Group listed in the Conclusion part in Section 7.2, by giving
the background of the selected problems and the main steps of the solution, particularly focusing
on the validation of the new scienti ¢ results which is performed in experimental ways in most
cases. In Chapter 3 novel multi-layer Markovian label fusion models are proposed for two differ-
ent change detection applications. Chapter 4 deals with multitemporal object level scene analysis
for tasks of building change detection in remotely sensed optical image pairs, and moving target
tracking in radar image sequences. In Chapter 5 we give a complex multi-level stochastic model
for spatial scene decomposition, and demonstrate its usability in three very different application

elds. Finally, in Chapter 6 we introduce our above detailed contributions connected to the 4D
environment perception topic. A short conclusion and a summary of the new scienti c results is
given in Chapter 7. For helping the Reader, Appendix A provides a detailed overview on the used
abbreviations and notations, while Appendices B-E include some additional gures, tables and
pseudo codes connected to the main contributions of the thesis.
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Chapter 2

Fundamentals

In this thesis, the various sensor measurements at given time instances are represented either as
2D digital images or as 3D point clouds. Both cases can be completed with a temporal dimension
obtaining image or point cloud sequences.

A digital image is de ned over a two dimensional pixel lattice S having a nite size Sy S,
where s 2 S denotes a single pixel. The pixels’ observation values represent grayscale or RGB
color information, depth values etc. or any descriptors calculated from the raw sensor measure-
ments by spatio-temporal Itering or feature fusion.

point, p 2 L, is described by its (X;y; z) position coordinates in a 3D Euclidean world coordinate
system. Additional parameters, such as intensity, color values or further sensor-speci ¢ parameters
may also be associated with the points.

Although several different techniques are discussed in the thesis with various goals and model
structures, they are strongly connected from the point of view theoretical foundations and method-
ologies: many of them can be formulated either as low level segmentation (or classi cation) prob-
lems or as object population extraction tasks (see examples in Fig. 2.1).

Segmentation (or classi cation) can be formally considered as a labeling task where each local
element (pixel of the image or point of the point cloud) gets a label from a J-element label set
corresponding to J different segmentation classes. In other words, a J-colored image or point
cloud is generated for a given input. Following statistical inverse approaches, we should be able
to assign a tness (or probability) value to all the J#¢ possible segmentations!, based on the
current measurements (called observation), domain speci ¢ knowledge about the classes, and prior
constraints, in a way that higher tness values correspond to semantically better solutions.

By object population extraction, we mean the detection of an unknown number of entities
from a preliminary de ned object library. Here the tness function needs to characterize any of

1#tel marks here the number of pixels, or points
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(a) Region classi cation

Figure 2.1: Demonstration of a segmentation and an object population extraction task for aerial images.

the possible entity con gurations. The objects are described by geometric shapes such as ellipses
or rectangles, while the tness function evaluates how the independent objects t the image data

and it may also consider pre-de ned interaction constraints.

To overcome the course of dimensionality, the tness functions are usually modularly de ned:
they can be decomposed into individual subterms, and the domain of each subterm consists only
of a few nearby pixels or objects. In this way, if we change locally the segmentation map or the
population, we should not re-calculate the whole tness function, only those subterms, which are
affected by the selected entities. This property signi cantly decreases the computational complex-

ity of iterative optimization techniques [102, 103].

An ef cient Bayesian approach can be based on a graph representation, where each node of
the graph corresponds to a structural model element, such as a pixel of the image, or an object of
the population. We de ne edges between two nodes, if the corresponding entities in uence each
other directly, i.e. there is a subterm of the tness function which depends on both elements. For
example, to ensure the spatial smoothness of the segmented images, one can prescribe that the

neighboring pixels should have the same labels in the vast majority of cases [104].

Since the seminal work of Geman and Geman [102], Markov Random Fields (MRFs) and their
variants such as Mixed Markov models offer powerful tools to ensure contextual classi cation in
image or point set segmentation tasks. Marked Point Process (MPP) models have been introduced
in computer vision more recently, as a natural object-level extension of MRFs. In the following
part of the chapter we give the formal de nitions and algorithmic steps regarding MRF based data
segmentation and MPP based object population extraction. The concepts and notations introduced

here will be used in the following parts of the thesis.
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2.1 Markovian classi cation models

2.1.1 Markov Random Fields, Gibbs Potentials and Observation Processes

A Markov Random Field (MRF) can be de ned over an undirected graph G = (V;"), where
V =T iji = 1;:::Ng marks the set of nodes, and " is the set of edges. Two nodes ;and  are
neighbors, if there is an edge ejx 2 " connecting them. The set of points which are neighbors of a
node (i.e. the neighborhood of ) is denoted by N , while we mark with N = fN j 2 Vg the
neighborhood system of the graph.

A classi cation problem can be interpreted as a labeling task over the nodes. Using a nite
label set = fly;l5;:::; 159, we assign a unique label &( ) 2 toeach node 2 V. We mean by
a global labeling $ the enumeration of the nodes with their corresponding labels:

$="F[;4()]j8 2Vg: 2.1)

Let us denote by  the ( nite) set of all the possible global labellings ($ 2 ).

In some cases, instead of a global labeling, we need to deal with the labeling of a given sub-
graph. The subcon guration of $ with respectasubset X  Visdenoted by $x = f[ ;&( )]j8 2
X g.

In the next step, we de ne Markov Random Fields. As usual, Markov property means here that
the label of a given node depends only on its neighbors directly.

De nition 1 (Markov Random Field) X is a Markov Random Field (MRF), with respect to a
graph G, if the following two conditions hold:

forall$2 ;P(X=%$)>0
forevery 2Vand$2 :P@&( )jPBvnrg) =PE()jBn):

Discussion about MRFs is most convenient by de ning the neighborhood system via the cliques of
the graph. A subset C  Vis a clique if every pair of distinct nodes in C are neighbors. C denotes
a set of cliques.

To characterize the tness of the different global labellings, a Gibbs measure is de ned on
Let V be a potential function which assigns a real number Vx ($) to the subcon guration $x. V

de nesanenergy U($)on by <

U(s) = Vx ($): (2.2)

X22v

where 2V denotes the set of the subsets of V.
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De nition 2 (Gibbs distribution) A Gibbs distribution is a probability measure on  with the
following representation:

1
($) = - €Xp U($) (2.3)
where Z is a normalizing constant or partition function:
X
Z= exp U((P): (2.4)
$2

If Vi ($) = 0 whenever X 2 C, then V is called a nearest neighbor potential.
The following theorem is the principle of most MRF applications in computer vision [102]:

Theorem 1 (Hammersley-Clifford) X is an MRF with respect to the neighborhood system N if
and only if ($) = P(X = $) is a Gibbs distribution with nearest neighbor Gibbs potential V ,
that is I
1 X
($) =S exp Ve($) (2.5)

ca2c

We mean by observation arbitrary measurements from real world processes (such as image
sources) assigned to the nodes of the graph. In image processing, usually the pixels’ color values
or simple textural responses are used, but any other local features can also be calculated. In general,
we only prescribe that the observation process assigns a D dimensional real vector, f( ) 2 RP, to
selected graph nodes. The global observation over the graph is marked by

F=f[;f()]j8 20gwhereO V: (2.6)

MRF based classi cation models use two assumptions. First, each class label I; 2  cor-
responds to a random process, which generates the observation value f( ) at according to a
locally speci ed probability density function (pdf), p i ( ) = P(f( ) = j&( ) = I;i). Second,
local observations are conditionally independent, given the global labeling:

- Y -
P(Fi®)= P (F()iE()): (2.7)

20

2.1.2 Bayesian labeling approach and the Potts model

Let X be an MRF on graph G = (V;"), with (a priori) clique potentials fVc($) j C 2 Cg.
Consider an observation process F on G. The goal is to nd the labeling $, which is the maximum
a posteriori (MAP) estimate, i.e. the labeling with the highest probability given F:

$ = argmax P ($jF): (2.8)
$2
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Following Bayes’ rule and eq. (2.7),

PFi$)P($) 1
P(F)  P(F)

o | "
P(F()it()) P($) (2.9)

20

P ($jF) =

Based on the Hammersley-Clifford theorem, P ($) follows a Gibbs distribution:
1

1 X
P($)= ()= > exp Ve (B) (2.10)

c2C
while P (F) and Z (in the Gibbs distribution) are independent of the current value of $. Using also
the monotonicity of the logarithm function and equations (2.8), (2.9), (2.10), the optimal global
labeling can be written into the following form:

G ¢ )

$ = argmin logP (F()je( )+ Ve (P) (2.11)

$2 20 c2c
Note that due to the conditional independence of the observations at the different nodes, the fact
that the prior eld ($) is an MRF implies that the ($jF) posterior eld is also an MRF. In this
case the logP (f( )j&( )) quantity can be considered as the potential of a singleton clique T g.

2.1.3 MRF based image segmentation

A widely used implementation of the above Bayesian labeling framework for image segmentation
is based on the Potts model [104]. Assume that the problem is de ned over the 2D lattice S and we
have a measurement vector f(s) 2 RP at each pixel s. The goal is to segment the input lattice with

are consistent with the local measurements, and the segmentation is smooth, i.e. pixels having the
same cluster form connected regions. Here by the de nition of G, we assign to each pixel of the
input lattice a unique node of the graph. One can simply use a rst ordered neighborhood, were
each pixel has four neighbors. In this case, the cliques of the graph are singletons or doubletons as
shown in Fig. 2.2. As a consequence, the prior term  ($) = P ($) of the MRF energy function
is de ned by the doubleton clique potentials. According to the Potts model, the prior probability
term is responsible for getting smooth connected components in the segmented image, so that we
give penalty terms to each neighboring pair of nodes whose labels are different. Forany r; 2V
node pairs, which ful Il 2 N, fr; g 2 Cis a clique of the graph, with the potential:
Vi, () = :]: ggg ; gg ; (2.12)

where 0 is a constant.

A sample MRF based segmentation result, with the demonstration of the role of the Potts
smoothing term, is shown in Fig. 2.3.
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P b) c)

Figure 2.2: Illustration of simple connections in MRFs: (a) rst ordered neighborhood of a selected node on
the lattice, (b) ‘singleton’ clique, (c) doubleton clique

() ©

Figure 2.3: Demonstration of MRF based supervised image segmentation with three classes: (a) input image
with the training regions, (b) pixel-by-pixel segmentation without using node interactions, (c) result of the
Potts model with MMD optimization [53]

2.1.4 MRF Optimization

In applications using the MRF models, the quality of the classi cation depends both on the ap-
propriate probabilistic model of the classes, and on the optimization technique which nds a good
global labeling with respect to eq. (2.11). The latter factor is a key issue, since nding the global
optimum is NP hard [105]. On the other hand, stochastic optimizers using simulated annealing
(SA) [102, 103] and graph cut techniques [105] have proved to be practically ef cient offering a

ground to validate different energy models.

The results shown in the following chapters have been generated by either the determinis-
tic Modi ed Metropolis (MMD) [106, 107] relaxation algorithm or by the fast graph-cut based
optimization technique [105]. Detailed overviews on the various optimization approaches, and
tutorials on MRF based image segmentation can be found in the Ph.D. dissertation of the Author

[53], and in several books and monographs dealing with the topic [73, 77].
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L ? ? S S 4

Figure 2.4: Possible interactions in mixed Markov models. Four different con gurations, where A and B

regular nodes may directly interact. Empty circles mark address nodes, continuous lines are edges, dotted
arrows denote address pointers.

2.1.5 Mixed Markov Models

Mixed Markov models have been originally proposed for gene regulatory network analysis [75],
and extend the modeling capabilities of Markov random elds: besides prior static connections,
they enable using observation-dependent dynamic links between the processing nodes. This prop-
erty allows encoding interactions that occur only in a certain context and are absent in all others.
A mixed Markov model similarly to a conventional MRF is de ned over a graph G = (V; "),
where V and " denote again the sets of nodes and edges, respectively. A label, i.e. a random vari-
able &( ), is assigned to each node 2 V as well, and the node labels over the graph determine a
global labeling $ as de ned by Formula (2.1).

However in mixed Markov models two types of nodes are discriminated: Vg contains regular
nodes and V4 is the set of address nodes (V = Vr [ Va; VrR \Va = ;). Regular nodes r 2 Vg
have the same roles as nodes in MRFs: the corresponding variable &(r) will encode a segmentation
label getting values from a nite, application dependent label set. On the other hand address nodes
provide con gurable links in the graph by creating pointers to other (regular) nodes. Thus for a
given address node a 2 Va, the domain of its ‘label’ &(a) is the set Vg [ fnilg. In the case of
&(a) & nil, let us denote by &?(a) the label of the regular node addressed by a:

¢°(a) := &(&(a)): (2.13)

There is no restriction on the graph topology: edges can link any two nodes. The edges de ne
the set of cliques of G, which is denoted again by C.

In a given con guration, two regular nodes may interact directly if they are connected by a
static edge or by a chain of a static edge and dynamic address pointers: four typical con gurations
of connection are demonstrated in Fig. 2.4. More speci cally, with notation for each clique C 2 C:
6c = f&( )j 2 Cgandssd = f&?(@) a 2 Va \ C;&(a) & nilg the prior probability of a given
global labeling $ is given by:

P$—1Y Ve beidld 2.14
()—Z exp c bciée (2.14)
c2C
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Figure 2.5: Marked Point Process example: (a) building population as a realization of a point process (b)
rectangle model of a selected building, (c) parameters of the marked object [10]

where Ve isa C ¥ R clique potential function, which has a ‘low’ value if the II:a)bels within the set
&c [&& are semantically consistent, while Vc is ‘high” otherwise. Scalar Z = = P ($) isagaina
normalizing constant, which could be calculated over all the possible global labelings. Note that a
detailed analysis of analytical and computational properties of mixed Markov models can be found
in [75], which con rms the ef ciency of the approach in probabilistic inference.

2.2 Object population extraction with Marked Point Processes

Similarly to Markov Random Fields, the Marked Point Process (MPP) methods use a graph-based
representation for semantic content modeling. However, in MPPs the graph nodes are associated
with geometric objects instead of low level pixels or point cloud elements. In this way an MPP
model enables to characterize whole populations instead of individual objects, through exploiting
information from entity interactions. Following the classical Markovian approach, each object may
only affect its neighbors directly. This property limits the number of interactions in the population
and results in a compact description of the global scene, which can be analyzed ef ciently.

For easier discussion, in this chapter we introduce MPP models purely over 2D pixel lattices,
dealing with 2D objects. While most of the object detection tasks discussed in this thesis are
handled indeed as 2D pattern recognition problems, we will show in later chapters, that the model
extension to 2.5D or 3D (spatial) scenes is quite straightforward.

2.2.1 De nition of Marked Point Processes

In statistics, a random process is called point process, if it can generate a set of isolated points
either in space or time, or in even more general spaces. In this thesis we will mainly use a discrete
2D point process, whose realization is a set of an arbitrary number of points over a pixel lattice S:

0="04;0,;:::;0,00; N270;1;2;:::09; 8i: 0; 2S: (2.15)
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A sample task for using point processes in image processing is detecting buildings in aerial images,
as shown in Fig. 2.5(a), where each point corresponds to a building center. However, modeling our
objects with point-wise entities is often an insuf cient abstraction. For example, in high resolution
aerial photos building shapes can often be ef ciently approximated by rectangles (Fig. 2.5(b)). To
include object geometry in the model, we assign markers to the points. As shown in Fig. 2.5(c),
a rectangle can be de ned by the center point o 2 S, the orientation 2 [ 90 ;+90 ] and the
perpendicular side lengths e_ and e,. In this case the marker is a 3D parameter vector ( ;e_;ey).

Taking a general case, let us denote by u an object candidate of the scene whose imaged shape
over lattice S is represented by a plane gure from a preliminary xed shape library. In this
thesis, ellipses, rectangles and isosceles triangles are used. We will model each marked object
by its reference point o, the global orientation and further shape dependent parameters such as
major and minor axes for ellipses, the perpendicular side lengths for rectangles, and a side-altitude
pair for triangles. With denoting by P the domain of the markers, the H parameter space of the
individual objects (i.e. u 2 H) isobtainedasH =S P.

A con guration of an MPP model, denoted by !, is a population of marked objects:

I =Fuy;:::;ung; 8i:u; 2 H; (2.16)

where the number of objects, n, is an arbitrary integer, which is initially unknown in population
extraction tasks. Consequently, the object con guration space, , has the following form:

E n

= n n= Tup;:ii;ung HY (2.17)

n=0
Next, we de nea neighborhood relation between the objects of a given ! con guration. For
example, we can prescribe for objects u;v 2 I, that u v iff the distance between the object
centers is lower than a prede ned threshold. The neighborhood of object uin ! is:

Ny(1)=Ffv2 1ju vg: (2.18)

2.2.2 MPP energy functions

Object populations in MPP models are evaluated by simultaneously considering the input measure-
ments (e.g. images), and prior application speci ¢ constraints about object geometry and interac-
tions. Let us denote by F the union of all image features derived from the input data. For char-
acterizing a given ! con guration based on F, we introduce a non-homogenous data-dependent
Gibbs distribution (see eq.(2.3)) on the population space:

P =P(F) =2 exp  £(1) (2.19)
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Figure 2.6: Calculation of the I(u;Vv) interaction potentials: intersections of rectangles are denoted by
striped areas

with a Z normalizing constant:

Z = exp (D) ; (2.20)

r(1) is called the con guration energy. Following the energy decomposition approach discussed
earlier by MRFs (eq. (2.5)), we obtain (1) as the sum of simple components, which can be
calculated by considering small subcon gurations only. More speci cally, we distinguish unary
(or singleton) terms (A) de ned on individual objects, and Interaction terms (I (u; v)), concerning
neighboring objects:

X X
(1) = A(u) + 1(u;v) (2.21)
u22! u;v21!

> 0 is a weighting factor between the unary and interaction terms, and it should be calibrated in
each application in a case-by-case basis. In general, both the A(u) and I (u;v) terms may depend
on the F observation. However, it is a frequent strategy that only the unary terms depend on F, so
that they evaluate the object candidates as a function of the local image data. On the other hand,
the 1(u;v) components may implement prior geometric constraints, such as neighboring objects
should not overlap, or they should have similar orientation. Denoting by R, S the set of image
pixels covered by the geometric gure of object u, a simple interaction term penalizing object
intersection can be calculated as:

_ #(Ru\Ry)

{Uv) = R TR

(2.22)

where # denotes the set cardinality. (See also Fig. 2.6.)

In the following, we will only use the subscript F, when we want to particularly emphasize that
a given MPP energy term depends on the measurement data (eg. Ar(u), ¢g(1)). In several clear
situations the subscript notation will be omitted to preserve the simplicity of formalism.
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2.2.3 MPP optimization
The optimal object population b in an MPP model can be taken as the MAP con guration estimate:
b = argmaxPg(!) =argmin g(1): (2.23)
12 12

However, nding b needs to perform an ef cient search in the high dimension population space
with a non-convex energy function. Ensuring high quality object con gurations by algorithms
with feasible computation complexity is crucial in several applications, therefore we can nd an
extensive bibliography of MPP energy minimization techniques. Most previous approaches use
the iterative Reversible Jump Markov Chain Monte Carlo (RIMCMC) scheme [108, 109], where
each iteration consists in perturbing one or a couple of objects using various kernels such as birth,
death, translation, rotation or dilation. Here experiments show that the rejection rate, especially
for the birth move, may induce a heavy computation time. Besides, one should be very careful
when decreasing the temperature, because at low temperature, it is dif cult to add objects to the
population.

A recent alternative approach, called the Multiple Birth and Death Dynamics technique (MBD)
[87] attempts to overcome several ones from the above mentioned limitations. Unlike following
a discrete jump-diffusion scheme like in RIMCMC, the MBD optimization method de nes a con-
tinuous time stochastic evolution of the object population, which aims to converge to the optimal
con guration. The evolution under consideration is a birth-and-death equilibrium dynamics on the
con guration space, embedded into a Simulated Annealing (SA) process, where the temperature of
the system tends to zero in time. The nal step is the discretization of this non-stationary dynam-
ics: the resulting discrete process is a non-homogeneous Markov chain with transition probabilities
depending on the temperature, energy function and discretization step. In practice, the MBD algo-
rithm evolves the population of objects by alternating purely stochastic object generation (birth)
and removal (death) steps in a SA framework. In contrast to the above RIMCMC implementations,
each birth step of MBD consists of adding several random objects to the current con guration,
which is allowed due to the discretization trick. Using MBD, there is no rejection during the birth
step, therefore high energetic objects can still be added independently of the temperature param-
eter. Thus the nal result is much less sensitive to the tuning of the SA temperature decreasing
process, which can be achieved faster. Due to these properties, in selected remote sensing tasks
(bird and tree detection) [87] the optimization with MBD proved to be around ten times faster than
RIMCMC with similar quality results. On the other hand, we note that parallel sampling in MBD
implementations is less straightforward than regarding the RIMCMC relaxation [89].

In the thesis, we will propose different structural modi cations of the Multiple Birth and Death
Dynamic (MBD) adopted to our addressed problems. For a deeper understanding of this approach,
we introduce here the steps of the basic MBD algorithm [87]:
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(b) Building detection (c) Vehicle detection

Figure 2.7: Selected examples of population extraction with MPP models: (a) amingo detection in aerial
images [87], (b) building extraction in satellite photos [10], (c) vehicle detection from Lidar data [34]

1. Initialization: calculate a P,() : S ¥ R birth map using the F input data, which assigns to
each pixel s a pseudo probability value P,(s) estimating how likely s is an object center.

2. Main program: initialize the inverse temperature parameter =  and the discretization
step = o and alternate birth and death steps.

(a) Birth step: for each pixel s 2 S, if there is no object with center s in the current
con guration !, choose birth with probability Py(s).

If birth is chosen in s:

generate a new object u with center s
set the object parameters (marks of u) randomly based on prior knowledge
add u to the current con guration !.

the highest to the lowes value of the unary (data) term v (u). For each object u taken

in this order compute the death rate as follows:
h i
ar(u) | — - I
1+ au)’ where a; (u) = exp r(!=fug) F(1)

and Kill u with probability d. (u)

di(u) =

3. Convergence test: if the process has not converged, increase the inverse temperature and
decrease the discretization step by a geometric scheme and go back to the birth step. The
convergence is obtained when all the objects added during the birth step, and only these
ones, have been killed during the death step.

Selected state-of-the-art results for MPP based object population extraction in different appli-
cations using different input sources are shown in Fig. 2.7. Examples (b) and (c) are directly
related to the thesis.


Chapter1/Chapter1Figs/mppSamp_flamingo.EPS
Chapter1/Chapter1Figs/mppSamp_buildingSamp.EPS
Chapter1/Chapter1Figs/mppSamp_vehicle.EPS

dc 942 14

2.3 Advanced machine learning techniques 19

2.3 Advanced machine learning techniques

The previously discussed Bayesian image classi cation techniques can be ef ciently applied, if
either a color/texture based statistical description can specify the semantically corresponding re-
gions (see MRFs), or strong geometric constraints can be adapted for object shape description and
object population modeling (MPPs).

In various situations, for example in semantic urban scene segmentation, detection of objects
with diverse elastic shapes (e.g. pedestrians, various types of vehicles), or biometric identi ca-
tion based on visual features, such assumptions cannot be set, and neural network (NN) based
solutions are often taken as rst options. While in MRF/MPP models we directly involve our
prior knowledge (such as geometric features) in the modeling process, in NN based methods, the
information used for classi cation should be entirely extracted from the training data, thus the
qualitative and quantitative parameters of the training dataset are critical factors. Another crucial
issue of NN recognizers is the ef cient feature selection. Conventional NNs used handcrafted fea-
tures speci ed for each problem separately, thus the feature engineering step was a signi cant part
of algorithm development. This tendency changed by introducing the feature learning strategies
of deep neural networks (DNNs), which has grabbed a very intensive focus of computer vision
research on machine learning approaches in the recent years [111]. Apart from feature learning,
the main contribution of DNNSs is that they can also learn strong contextual dependencies from
training samples, leading us close to a human-like holistic scene interpretation. On the other hand,
while some DNN-based attempts on population counting [112] or object tracking [113] have al-
ready been proposed, their superiority versus probabilistic or geometric approaches have not yet
been thoroughly demonstrated in these domains.

This thesis does not provide research results on generally improving deep learning methodolo-
gies, but as we detail in Chapter 6, we utilize the combination of existing DNN architectures and
learning strategies in multiple occasions for solving novel environment perception tasks, including
Lidar-based person identi cation, 3D object recognition and 3D point cloud scene segmentation.

2.4 Methodological contributions of the thesis

Although Markov Random Field (MRF) and Marked Point Process (MPP) models provide estab-
lished tools for classi cation and population modeling tasks, they face a couple of limitations,
which are disadvantageous in various real work tasks.

In MRF based segmentation models, the integration of multiple information sources is a key
issue. Earlier proposed feature fusion approaches, such as observation modeling by multinomial
feature distributions, or using simple pixel-by-pixel operations on various label maps, often yield
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insuf cient performance. In Chapter 3, we propose novel Markovian label fusion models, which
enable exible integration of various observation based and prior knowledge based descriptors
in a modular framework. We also introduce a multi-layer Mixed Markov model, which exploits
the probabilistic connection modeling capabilities of Mixed Markov models in the multi-layer
segmentation process.

The conventional MPP models are extended in this thesis both regarding the temporal and
the spatial dimensions. In Chapter 4 we introduce multitemporal MPP frameworks dealing with
object level change detection and moving target tracking tasks. From a technical point of view,
this extension needs the de nition of various data-based or prior interaction terms between object
examples from different time layers, apart from the usual intra-layer constraints of eq. (2.22).
Regarding spatial scene content decomposition, in Chapter 5 we propose an Embedded MPP model
consisting of three hierarchical levels, namely object groups, super objects and object parts. The
super (or parent) objects play a similar role as regular objects in MPP models, while the object parts
(or child objects) are also marked objects with a prede ned set of possible geometric attributes,
and they are connected to the parents through additional markers. On the other hand, the object
groups are interpreted as sub-populations, which may contain any number of (parent) objects, and
various local geometric constraints can be prescribed for the included members.

Another key point in MPP models is the probabilistic approach for object proposal. In several
previous MPP applications [108], the generation of object candidates followed prior (e.g. Poisson)
distributions. On the contrary, we apply a data driven birth process to accelerate the convergence
of MBD, proposing relevant objects with higher probability based on various image features. In
addition, we calculate not only a probability map for the object centers, but also estimate the
expected object appearances through low-level descriptors. This approach uses a similar idea
to the Data Driven MCMC scheme of image segmentation [110]. However, while in [110] the
importance proposal probabilities of the moves are used by a jump-diffusion process, we should
embed the data driven exploration steps into the MBD framework.

Chapter 6 presents various results from the eld of 4D environment perception. For new imag-
ing sensors or sensor con gurations, such as the rotating multi-beam Lidar, or the up-to-date high
resolution multi-camera systems, even the possible application areas are not completely explored
yet. Therefore, several recently published techniques rely on ad-hoc and heuristic methodological
approaches. In this thesis, we take the advantage of the established MRF, MPP model concepts
fused with various up-to-date machine learning techniques to improve the automatic detection per-
formance under realistic outdoor circumstances.
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Chapter 3

Multi-layer label fusion models

In this chapter, new multi-layer Bayesian label fusion models are proposed for two different change
detection problems in remotely sensed images.

First a probabilistic model is proposed for automatic change detection on airborne images cap-
tured by moving cameras. To ensure robustness, an unsupervised coarse matching is used instead
of a precise image registration. The challenge of the proposed model is to eliminate the registra-
tion errors, noise and the parallax artifacts caused by the static objects having considerable height
(buildings, trees, walls etc.) from the difference image. The background membership of a given
image point is described through two different features, and a novel three-layer Markov Random
Field (MRF) model is introduced to ensure connected homogeneous regions in the segmented im-
age.

Second, we introduce a Bayesian model, called the Conditional Mixed Markov model (CXM),
for detecting relevant changes in registered aerial image pairs taken with the time differences of
several years and in different seasonal conditions. The CXM model is a combination of a mixed
Markov model and a conditionally independent random eld of signals. The new approach inte-
grates global intensity statistics with local correlation and contrast features. A global energy opti-
mization process ensures simultaneously optimal local feature selection and smooth, observation-
consistent segmentation. Validation is given on real aerial image sets provided by the Hungarian
Institute of Geodesy, Cartography and Remote Sensing and Google Earth.

21
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3.1 Label fusion models in computer vision

As emphasized in Chapter 1, selecting an appropriate model structure is a critical issue for Bayesian
image segmentation. Although since Geman and Geman’s paper from 1984 [102] extensive re-
search has been conducted on image processing applications of Markov Random Fields (MRF),
new focus areas emerged in the 2000’s and 2010’s due to the evolution of imaging sensor tech-
nologies, providing new measurement modalities and enhanced image qualities. The technological
progression demanded the development of various new feature fusion approaches within the MRF
framework. As notable proposed solutions, we can mention here MRFs using multinomial fea-
ture distributions [114, 115], multi-layer MRF models with feature driven inter layer interactions
[116], or the fusion MRF [117]. Meanwhile, issues of incorporating novel types of prior informa-
tion and inference rules in MRFs have been less widely explored in the literature. For this reason,
we accomplished research in this direction, focusing on two different pixel level change detection
problems:

Task 1: Moving object detection in image pairs captured by moving aerial vehicles with a
few seconds of time differences. The task needs an ef cient combination of image registra-
tion for camera motion compensation and frame differencing (see Fig. 3.1(a)). Registration
errors and parallax effects caused by 3D scene structures are modeled as noise components,
and a statistical approach is developed to eliminate the undesired distortions form the change
mask.

Task 2: Detecting relevant changes in registered aerial images captured with time differ-
ences of several months or years. Even staying at a low level (region based) model, this
task needs a more sophisticated approach than simple pixel value differencing, since due to
seasonal changes or altered illumination, the appearance of the corresponding unchanged
areas may also be signi cantly different. A new region based change detection model is
presented, which locally estimates the ef cient discriminating features between ‘changed’
and ‘unchanged’ image regions (Fig. 3.1(b)).

From a methodological point of view, we present in this chapter four main contributions: First, we
construct new multi-layer label fusion model structures, which implement exible integration of
various (sub-)segmentation results, with keeping the advantages of the established MRF modeling
approach. Second, using the Mixed Markovian concept, we introduce dynamic graph structures
into the multi-layer framework to extend its modeling capabilities. Third, we work out ef cient
optimization methods for new the multi-layer models. Fourth, we give an extensive review and
quantitative comparison results of multi-layer models.
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(b) Long term change detection

Figure 3.1: Demonstration of the addressed object motion detection and long term change detection prob-
lems

In this thesis we mainly focus on introducing the novel methodological issues, while the pre-
sentation of the application speci ¢ model components serve to demonstrate the main motiva-
tion of the developments, and help the Reader in better understanding the models. Note that the
corresponding background publications of the Author [12, 13] present detailed introduction and
state-of-the-art review regarding the application environments of task 1 and task 2, respectively,
with various additional qualitative and quantitative experiments comparing the proposed models
to concurrent change detection approaches.

3.2 A label fusion model for object motion detection

As a rst example, we focus on the object motion detection problem having two partially over-
lapped images which were taken by moving airborne vehicles above urban roads with a few sec-
onds time difference [46]. Denote by G; and G, the two input images above the same pixel lattice
S. The gray value of a given pixel s 2 S is g1(S) in the rst image and g,(s) in the second one.
Formally, we consider frame differencing as a pixel labeling task with two segmentation classes:
foreground (fg) and background (bg). Pixel s belongs to the foreground, if the 3D scene point,
which is projected to pixel s in the rst frame (G;), changes its position in the scene’s (3D) world
coordinate system or is covered by a moving object by the time taking the second image (G,).
Otherwise, pixel s belongs to the background.

Assuming that the observed scene consists of an approximately planar ground region with var-
ious static and dynamic 3D urban objects (such as vehicles, walls, trees, short building segments),
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Figure 3.2: Feature selection in the multi-layer MRF model. Notations are given in the text of Section 3.2.1.

a 2D similarity transform provided by the Fourier shift-theorem based method [118] can be used
for a coarse estimation of the global transform between the images due to camera motion [54]. In
the following, the registered second frame is denoted by &,, and its pixel values by fe.,(s)g.

3.2.1 Feature selection

Our next task is to de ne local features at each pixel s 2 S which give us information for classify-
ing s as foreground or background point. Thereafter, taking a probabilistic approach, we consider
the classes as random processes generating the selected features according to different distribu-
tions. The feature selection is shown in Fig. 3.2. The rst feature is the gray level difference of
the corresponding pixels in &, and G; respectively: f4(s) = &.(s) gi(s). As shown in Fig.
3.2(c), the occurring f4(:) feature values in the background can be statistically characterized by a
Gaussian distribution with a given mean value (i.e. global intensity offset between the images)
and deviation  (uncertainty due to camera noise and registration errors), while any f4(s) value
may occur in the foreground, hence the foreground class is modeled by a uniform density. Next,
we demonstrate the limitations of this feature. After supervised estimation of the distribution pa-
rameters, we derive the D image in Fig. 3.2(d) as the maximum likelihood estimate: the label
of s is argmax ,¢gy.nq9 P (fa(S)] ). We can observe here several false positive foreground points,
mainly near to the boundaries of static 3D eld objects.

For the above reasons, we introduce a second feature f.(s), that is obtained by calculat-
ing normalized cross correlation between the rectangular pixel neighborhoods W, (s) in G; and
W, (s + 0s) in G, for different og offset values within an | sided search window and take f.(s) =
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max,, CorrfWy(s); W,(s + 0s)g. As shown in Fig. 3.2(e), f.(s) values in the background, can
be approximated by a Beta density function [119]: P (f.(s)jbg) = B(f.(s); ; ). The foreground
class will be described again by a uniform probability P (f.(s)jfg) with a; and b, parameters.

We see in Fig. 3.2(f) [C image] that the T, (:) descriptor alone causes also poor result. However,
unlike by the d descriptor the false alarms appear mainly in homogenous areas, where the variance
of the pixel values in the blocks to be compared may be very low, thus the normalized correlation
coef cient is highly sensitive to noise. On the other hand, if we consider D and C as a Boolean
lattice, where “true’ corresponds to the foreground label, the logical AND operation on D and C
improves the results signi cantly [see Fig. 3.2(h)]. We note that this classi cation is still quite
noisy, although in the segmented image, we expect connected regions representing the motion sil-
houettes. Applying Markov Random Fields (MRFs) could be a straightforward idea here, however
the above introduced label-based ‘AND’ fusion rule requires a novel three-layer MRF (L3*MRF)
model structure that will be introduced in the next section.

3.2.2  Multi-layer segmentation model

In the proposed approach, we construct an MRF model on a graph G whose structure is shown in
Fig. 3.3. In the previous section, we segmented the images in two independent ways, and derived
the nal result through pixel by pixel label operations using the two segmentations. Therefore, we
arrange the sites of G into three layers S9, S¢and S , each layer has the same size as the image
lattice S. We assign to each pixel s 2 S a unique site in each layer: e.g. s is the site corresponding
to pixel s on the layer S. We denote s° 2 S¢ands 2 S similarly.

We introduce a labeling process, which assigns a label &(:) to all sites of G from the label-set:
L = ffg, bgg. The labeling of SY (resp. S¢) corresponds to the segmentation based on the f4(:)
(resp. T.(:)) feature alone, while the labels at the S layer represent the nal change mask. A
global labeling of G is $ = f&(s")js 2 S;i 2 fd;c; gg:

Following the MRF concept, the labeling of an arbitrary site depends directly on the labels of
its neighbors, de ned by the neighborhood relations within G. To ensure the smoothness of the seg-
mentations, we put connections within each layer between site pairs corresponding to neighboring
pixels of the image lattice S (using 4 neighborhoods). On the other hand, the sites at different lay-
ers corresponding to the same pixel must interact in order to produce the fusion of the two different
segmentation labels in the S layer. Hence, we introduce ‘inter-layer’ connections between sites
standsl: 8s 2 S;i;j 2 fd;c; g, i & j. Therefore, the graph has doubleton ‘intra-layer’ cliques
(their set is C,) which contain pairs of sites, and ‘“inter-layer’ cliques (C3) consisting of site-triples.
We also use singleton cliques (C,), which are one-element sets containing the individual sites: they
will link the model to the local observations. Hence, the set of cliquesis C = C; [ C, [ Cs.
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Observation-layer 1

Notation: $¢

Input data: gray level differences
of the corresponding pixels in the
consecutive frames:
£(s)=g,()-g,(s)

Background description: Gaussian
density function

Segmentation-layer
Notation: S*

Input data: no direct link with
the observation

Note: Appropriate labeling is

enforced by the inter-layer cliques.

Observation-layer 2
Notation: §°

Input data: peak value of the
local correlation function: £(s)

Background description: Beta
density function
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Figure 3.3: Structure of the proposed three-layer MRF (L3MRF) model

The observation process is de ned by F = ff(s)js 2 Sg, where f(s) = [fs(S); F-(s)].
Our goal is to nd the optimal labeling $, which maximizes the posterior probability: $ =
argmaxg, P ($jF), where following the notations from Chapter 2,  denotes the set of all pos-
sible global labelings. Based on the Hammersley-Clifford Theorem (eq. (2.5)), the a posteriori
probability of a given labeling follows a Gibbs distribution.

Our remaining task is to de ne the V¢ clique potentials, which have ‘low’ values if $¢ (the
label-subcon guration corresponding to C) is semantically correct, and ‘high’ otherwise. The
observations affect the model through the singleton potentials. As we stated previously, the labels
in SY9and S¢ layers are directly in uenced by the f4(;) and f.(;) values, respectively, hence 8s 2 S:

Visag &(sY) = logP (Fa(8)j&(sh));  Viseg 4(s%)) = logP (Fe(s)je(s?)  (3.1)

where the probabilities that the given foreground or background classes generate the 4(s) or .(S)
observation have already been de ned in Section 3.2.1. Since the labels at S have no direct links
with the above measurements, uniformly zero potentials can be used there: Vs 4 (4(s )) = 0.

In order to get a smooth segmentation at each layer, the potential of an intra-layer clique C, =
fs':r'g 2 C,, i 2 fd;c; g favors homogenous labels:
Fif &(s) = &(rh)

Ve, = AT = L e & () (32)

with a constant ' > 0.
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As we concluded from the experiments in Section 3.2.1, a pixel is likely to be generated by the
background process, if at least one corresponding site has the label *bg’ in the Sy and S, layers. Its
indicator function is noted here by 1,4 : S [SC[S ¥ f0; 1g, where

_ 1 ife()=bg
Los( )= g it 4( ) & be: (3.3)
With this notation and > 0 the potential of an inter-layer clique C3 = fs%;s%; s g is:
H — dy- c
VC3($C3) — VC3 &(Sd), &(SC), &(S ) — if 1bg(5 ) = max 1bg(3 )) 1bg(5 ) (34)

+ otherwise;

Therefore, the optimal MAP labeling $, which maximizes P ($jF) (hence minimizes log P ($jF))
can be calculated using (3.1) (3.4),and i 2 fd;c; gas:

n X X
$ = argmin log P (F4(s)jé(s?)) log P (F.(3)j&(s%))+
$2 323( S$S< o
+ &(s;&(ry + Ve, &(s9);&(s9);4(s) (3.5)
i;fs;rg2C, s2S

3.2.3 L3MRF Optimization

The energy term of (3.5) can be optimized by conventional iterative techniques, like ICM [120]
or simulated annealing [102]. Accordingly, the three layers of the model are simultaneously op-
timized, and their interactions develop the nal segmentation, which is taken at the end as the
labeling of the S layer. To obtain a good suboptimal solution, we have developed a three layer
modi cation of the deterministic Modi ed Metropolis (MMD) algorithm, which provides an ef -
cient trade off between segmentation speed and quality in many applications [107]. The detailed
pseudo code of our extended MMD algorithm adapted to the L3*MPP segmentation model is given
in Appendix B.

3.2.4 Experiments on object motion detection

For quantitative evaluation, we published a new dataset, called the SZTAKI AirMotion Benchmark?,
which contains manually generated Ground Truth masks regarding different aerial images. We use
three test sets provided by the Hungarian Ministry of Defence Mapping Company €, which contain
83 (=52+22+9) image pairs. Some demonstrating results of the proposed approach are shown in
Fig. 3.4. We compared our method to ve previous solutions detailed in [12]: Reddy [118], which
applies a FFT-based similarity alignment; Farin’s MRF technique [121], which uses a risk map

lUrl: http://mplab.sztaki .hu/remotesensing/airmotion_benchmark.html
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“balloon 1’ set “balloon2’ set ‘Budapest’ set ‘Budapest” set
Pair #1 Pair #1 Pair #1
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Proposed
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Figure 3.4: Four selected test image pairs for qualitative comparison (see also Fig. B.1)

I Reddy
B Farin
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F-measure

Balloon1 Balloon2 Budapest

Figure 3.5: Numerical comparison of the proposed model (L3MRF) to ve reference methods, using three
test sets: ‘balloonl’ (52 image pairs), ‘balloon2’ (22) and ‘Budapest’ (9).

to decrease the registration errors; a keypoint based Af ne transform estimator [122, 123]; the
Epipolar approach [124], where each pixel is checked against the homography and epipolar [125]
constraints, labeling outliers of both comparisons as foreground; and the K-Nearest-Neighbor-
Based Fusion Procedure (KNNBF) motion segmentation method [126] which is one of the main
applications of the label fusion framework [138]. In the quantitative experiments, we investigated
on how many pixels have the same label in the Ground Truth masks and in the segmented images
obtained by the different methods. For evaluation criterion, we use the F-score which combines
Recall and Precision of foreground detection in a single ef ciency measure. Results in Fig. 3.5
show the superiority of the proposed L*MRF model versus previous approaches.

Another relevant issue of validation is to compare the proposed L*MRF model structure - in
the context of the addressed application - to different information fusion approaches. As demon-
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(e) Decision fusion (f) L3MRF- (@) L3MREF- §° (h) Proposed LMRF

Figure 3.6: Evaluation of the proposed L3MRF model versus different fusion approaches.

strated in Fig. 3.6, our experiments con rmed the bene ts of the introduced L*MRF structure for
the addressed problem versus four different information fusion models. It has been shown that the
2D joint density representation of the two examined features (called Observation fusion) cannot
appropriately express here the desired relationship between the feature and label maps, while the
multi-layer approach provides an ef cient solution. On the other hand, considering the task as
a global Bayesian optimization problem (3.5) is preferred versus applying a sequential Decision
fusion process, where two independent label maps are created rst based on the f4(:) and f.(:)
features respectively, thereafter, the segmentation of S is derived by a pixel by pixel AND oper-
ation from the two change maps. Finally, using intra-layer smoothing interactions in each layer
contributes to the improved segmentation result, unlike in the two following variants: L3MRF- ,,
which uses = 0 settings, and L3MRF- 3¢ using ¢ =0and ©=0.

3.3 Long term change detection in aerial photos

This section focuses on change detection in optical aerial images which were taken with several
years time differences partially in different seasons and lighting conditions (Fig. 3.7). In this case,
straightforward techniques like thresholding the difference image [12, 127] cannot be ef ciently
adopted since the observed pixel levels even in the ‘unchanged’ image regions may be signi cantly
different, due to different illumination conditions, or seasonal changes in vegetation.

In our approach, similarly to Sec. 3.2, changes are identi ed through two complementary de-
scriptors, however the label fusion part will be more complex than in L3MRF. Instead of combining
the two feature-based label maps via logical operators, we utilize a third feature, which is respon-
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Figure 3.7: Feature selection for long term change detection: a) image 1 (G1), b) image 2 (G>), ¢) inten-
sity based change detection (' ¢(:), changes are marked with white), d) correlation based change detection
( ¢(?), e) local variance based segmentation, white if  (s) = c, f) Ground Truth, g) change detection
results obtained by per pixel integration of ¢(:), ¢(:)and () maps

sible for locally choosing the more reliable change descriptor in the different image regions. This
modi cation requires involving dynamic connections between the nodes of the multi-layer graph
structure, that will be implemented using the Mixed Markov model concept [45, 75].

For simplicity, we use here various notations from Sec. 3.2. Let G; and G, be again the two
input (grayscale) images, but we assume now that G; and G, have an identical pixel lattice S and
they are already registered by the image providers. The later assumption is reasonable since in
contrast to object motion detection, long term change detection is an of ine task. The gray values
are henceforward denoted by g1(s) and g,(s) for a pixel s 2 S of G; and G,, respectively.

3.3.1 Image model and feature extraction

We start our investigations in the joint intensity domain of the two images. Let us consider the
2D histogram of the f(s) = [91(S); g2(s)]" vectors extracted over the background regions of the
training images [see Fig 3.8(a) regarding the image pair of Fig. 3.7]. Thereafter we approximate
this histogram by a mixture of K Gaussian distributions, where K is a parameter of the model.
In this way, we measure which intensity values occur often together in the corresponding images.
Thus the probability of the f,(s) observation in the background is calculated as:

X —
P fy(s) bg = i F(8) T i

i=1

where (:) denotes a two dimensional Gaussian density function with —; mean vector and =i co-

variance matrix, while the ; terms are positive weighting factors ( iK=1 i = 1). Fig 3.8(a)

shows the Expectation Maximization (EM) estimate [128] of the density using K = 5 mixture
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components. While the background’s intensity model exploits the presence of a few frequently
co-occuring gray level pairs in the two images (e.g. the mean color of plough lands or forests),
the f,(s) histogram of the changed regions has usually several smaller peaks covering a signi cant
part of the 2D intensity domain. Expressing that any fy(s) value may occur in the changed areas

with similar probabilities, the ‘ch’ class is modeled by a uniform density P fy(s) ch [129].

Obviously, the fy(s) feature cannot separate alone changed and unchanged regions. As Fig.
3.7(c) shows, the obtained fy(s)-based maximum likelihood label map

. S ¥ fch;bgg con-
tains several false changes in unaltered territories, mainly in highly textured regions (e.g. areas

of buildings and roads), where the occurring f,(s) gray value pairs are less frequent in the global
image statistics.

Similarly to the object motion detection application in Sec. 3.2, the second feature c(s) is
calculated as the normalized cross correlation between the z

z neighborhoods of pixel s in
G; and G, images, respectively. In Fig 3.8(b), we plot the histogram of the obtained f.(s) val-

ues over the changed respectively background regions of the training images. Considering the
asymmetry of the empirical distributions, we have found that Beta density approximations [119]
are appropriate for the classes: P (f.(s)jch) = B [f.(S) + 1]=2; ¢, «n and P f.(s) bg
B [fe(S) + 172, bg; g

As the c(s)-based . :

S ¥ fch; bgg maximum likelihood segmentation result in Fig. 3.7(d)
shows, this feature is also weak in itself. However we should observe that fy(s) and f.(s) are

ef cient complementary features. In low contrasted, homogeneous image regions, where the noisy
f.(s) may be irrelevant, the decision based on f(s) seems to be fairly reliable. On the other hand
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a)

85
42
vy(s)

Figure 3.9: lllustration of the 2 dimensional hg and hc histograms as function of the corresponding 1(s)
and (s) values

in textured areas one should choose f.(s) instead of f,(s).

In the following, we formulate the contrast based feature selection in a probabilistic manner.
We measure the local contrast over image G; by i(s) (i 2 f1;2g), as the variance of the gray
levels in a rectangular neighborhood of s. Let be =(s) = [ 1(S); 2(s)]". We denote by T the
Ground Truth mask with t(s) 2 fch; bgg labels 8s 2 S, and is the Kronecker-delta.

Next, we quantitatively examine the correspondence between the observed —(s) value and the
ML classi cation performance using the fy(s) and f.(s) features, respectively. We particionate the

line segment in R.) We say that =(S) 2 bm.n if 1(S) 2 by and  5(S) 2 by, (bmn is @ rectangle in
R?). Next we build the following ratio histogram hy, which measures for each b, bin the ratio of
the number of correctly and erroneously classi ed pixels through 4(:), where the corresponding
—(s) values lie in by.n. With Sy = Fsjs 2 S; 7(S) 2 bmng:

P
$2Smin t(s); 4(s)
$2Smn L t(s); 4(s)

hg[m;n] =

(3.6)

h. can be de ned similarly for the f.(:) feature.

We illustrate the hy and h; 2D ratio histograms in Fig. 3.9(a) and 3.9(c). High peaks of
hy (resp. hc) indicate domains of ~(s) where the decision based on the f4(:) [resp. f.(:)] fea-
ture is reliable. After normalization, the histograms can be considered as probability distribu-
tions which we approximate again with parametric density functions. In this case, the two classes
being modeled are g and c, indicating the —(s) domains where the f4(s) respectively f.(s) fea-
tures are more reliable regarding the ch/bg classi cation of pixel s. In the experiments the two
domains proved to be fairly separable with 2D Gaussian density approximations of the hy and
h. histograms as it is shown in Fig. 3.9(b) and 3.9(d) (the histograms are unimodal and only
slightly overlapping). Thus we use the following distributions: P —(s) hy = —(s);—g;:g

andP —(s) h = 7(8); & ¢ . Thereafter we can obtain the ML contrast map [Fig. 3.7(¢)]
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Figure 3.10: Structure of the proposed model and overview of the segmentation process.

as:  (s) = argmax ,g..qP T(s) h : For estimating the nal change mask, , the following
pixel-by-pixel segmentation process can be taken:

o 34 3
As Fig. 3.7(g) shows, pixel-by-pixel segmentation based on eq. (3.7) is quite noisy, calling for
Markovian ltering of the change mask. However incorporating the above feature-selection-based
segmentation schema needs a different approach from the earlier introduced L3MRF model, as the
~(s) feature plays a particular role: it can locally switch ON and OFF the f,(s) respectively f.(s)
features into the integration process. Since in MRFs the interactions between the processing nodes
must be static, we will implement an extended structure using the mixed Markov model concept
[75], which will be investigated in the next section.

3.3.2 A Conditional Mixed Markov image segmentation model

The proposed approach, called the Conditional MiXed Markov Model (CXM), is a combination of
a mixed Markov model [75] and a conditionally independent random eld of signals. We map the
problem onto a graph G whose structure is shown in Fig. 3.10(c). Previously, we segmented the
images in three different ways, and derived the nal result through pixel-by-pixel label operations
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Figure 3.11: Demonstration of (I) intra- and (I1.a,11.b) inter-layer connections regarding nodes associated to
pixel s. Continuous line is an edge of G, dotted arrows denote the two possible a destinations of the address
nodes . (inl:i2fg;c; ; )

using the three segmentations. Therefore we arrange the nodes of G into four layers: S9, S¢, S
and S , where each layer has the same size as the S image lattice. S9, S°®and S are called the
feature layers, and S is the combined segmentation layer. We assign to each pixel s 2 S a unique
node in each layer: e.g. s? is the node corresponding to pixel s on the layer S9. We denote s® 2 S°¢,
s 2S ands 2 S similarly.

First step is the de nition of the labeling random process, which assigns a label &(q) to each
g node of G. As usual in mixed models [75], graph edges and address pointers express direct
dependencies between the corresponding node labels. The S9, S¢, and S layers of the model
contain regular nodes, where the label denotes a possible ch/bg segmentation class:

8s2S:i2fg;c; g: &(s') 2 fch; bgg (3.8)

For each s, &(s9) resp. &(s®) corresponds to the segmentation directly in uenced by the f,(s) resp.
T.(s) feature; while the labels at the S layer present the nal change mask.

On the other hand the S layer is responsible for matching the regions of the nal change map
S to appropriately segmented regions either in the S9 or in the S°¢ layers. Hence S will be an
address layer, with node-pointer labels f&(s )j8s 2 Sg.

Next we describe how the model encapsulates the information extracted from the input images.
We use a f(:) operator which assigns to the nodes of the feature layers S9, S and S the corre-
sponding local observations, so that f(s%) = fy(s), f(s®) = f.(s) and f(s ) = ~(s), 8s 2 S.
Denote the global observation process by F = f(q)jg 2 Og; where O =S [ S [ S .

Similarly to MRFs, our proposed CXM segmentation model follows the Maximum a Posteri-
ori (MAP) approach [12, 102], looking for the global labeling $ which maximizes the following
conditional probability: P ($jF) = P (Fj$) P ($). Assuming conditionally independent observa-
tions, P (Fj$) can be obtained as a product of P (q)jé(q) singleton probability terms assigned
to the nodes of the feature layers. In the S¢ and S° layers, we calculate the node-by-node sin-
gletons using the same probability density functions which have already been de ned in Section
3.3.1. Thus8s 2 Sand 2 fch;bgg:

P (s)k(s) = =P fy(s)i P FSHEGE)= =P fe(s)] (3.9)
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Singletons of S will be de ned later.
On the other hand using CXM the P ($) prior probability derives from a mixed Markov model,
thus it follows eq. (2.14). To calculate P ($), we have to de ne appropriately the edges (or cliques)
of G and the corresponding V¢ clique potential functions. To ful |l the desired constraints, we use
in the model two types of cliques representing intra- and inter-layer interactions (see Fig. 3.11).
For the sake of obtaining smooth segmentations, we put connections within each layer among
node pairs corresponding to (4-)neighboring pixels on the S image lattice. Denote the set of the
resulting intra-layer cliques by C,. The prescribed potential function of a clique in C, penalizes
neighboring nodes having different labels. Assuming r and s to be neighboring pixels on S, the
potential of the doubleton clique C, = fr';s'g 2 C, foreach i 2 fg;c; ; gis calculated as:
Vif &(sh) = &(rh)

Voo DA = it e & a(r) (310

with a constant *' > 0.

Now let us continue with the description of the inter-layer interactions. Based on previous
investigations [see (3.7)], &(s ) should mostly be equal either to &(s?) or to &(s°), depending on
the “vote’ of the (s) feature. Hence we put an edge among s and s as well as we prescribe that
address node s should point either to s? or to s¢:

852S: &(s) 2 fsY; sy (3.11)

The directions of the address pointers are in uenced by the singletons of S where we use the
distributions de ned in Sec. 3.3.1:

P f(s)j(s)=s =P ~(s)jh ; 2fg;cg (3.12)

Finally we get the potential function of the inter-layer clique C3 = fs ;s gas

Ve, U(s )ib(s ) = It a(s ) =#s) (3.13)

+  otherwise

where >0, and using (2.13): &(s ) =& &(s ) .
Using the above introduced energy terms the optimal $ can be calculated as:

XX XX X
$ = argmin logP fy(s)j&(s?) + logP f.(s)j&(s%) + logP —(s)j&(s )
$2 s2S 28 28
X ) ) X
+ Ve, &(s");e(r')y + Ve, &(s );&(s) (3.14)
i;fs;rg2C, s2S

where i 2 fg;c; ; gand denotes the set of all the possible global labelings.
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Figure 3.12: Qualitative comparison of the change detection results with the different test methods and the
proposed CXM model, for data sets: SzADA (S), Ti1szADOB (T) and ARCHIVE (A). White regions mark
the detected/Ground Truth changes.

We minimize the energy term of eq. (3.14) again with the deterministic Modi ed Metropolis
relaxation process, in a similar manner to the L3MRF’s optimization algorithm presented in Ap-
pendix B. Note that due to its fully modular structure, the introduced model could be completed
in a straightforward way with additional sensor information (e.g. color or infrared sensors) or
task-speci c features depending on availability.

3.3.3 Experiments on long term change detection

For evaluation of CXM we used three sets of optical aerial image pairs provided by the Hungarian
Institute of Geodesy Cartography & Remote Sensing (F MI) and Google Earth (see Fig. 3.12).
We published the labeled test data as the SZTAKI AirChange Benchmark Set?.

Data set SzADA contains images taken by F M1 in 2000 and in 2005, respectively. This test
set consists of seven - also manually evaluated - photo pairs, covering in aggregate 9:5km? area
at 1.5m/pixel resolution (the size of each image in the test set is 952 640 pixels). One image

tUrl: http://mplab.sztaki .hu/remotesensing/airchange_benchmark.html
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Figure 3.13: Quantitative comparison of the proposed CXM technique to four previous methods on the three
sets of the SZTAKI AirChange Benchmark: SzADA, TISZADOB and ARCHIVE. False alarm, missed alarm
and overall error rates are given in percent of the checked pixels.

pair has been used here for training and the remaining six ones for validation. The second test set
called TiszAaDOB includes ve photo pairs from 2000 resp. 2007 (6:8km?) with similar size and
quality parameters to SZADA. Finally, in the test ARCHIVE, we compared an aerial image taken
by F Ml in 1984 to a corresponding Google Earth photo from around 2007. The latter case is
highly challenging, since the photo from 1984 has a poor quality, and several major differences
appear due to the 23 years time difference between the two shots. Ground Truth masks have been
generated manually for each image pair of the training and test sets. The following changes have
been considered: new built-up regions, building operations, planting forests or individual trees
(trees only at high resolution), fresh plough-lands and groundworks before building over.

In our paper introducing CXM [13], we quantitatively compared our method to four previous
solutions: the rst technique, called PCA [130], projects the joint gray level vectors into the space
of the principal components estimated over the background training regions, and applies MRF
classi cations. The remaining three references, Hop eld [131], Parzen [132] and MLP [133, 134]
segment the difference image with different supervised techniques. During the numerical tests, we
used the same metric as [131, 132]: we compared the segmentation results provided by the different
techniques to the Ground Truth (GT), and measured the numbers of false alarms (unchanged pixels
which were detected as changes), missed alarms (erroneously ignored changed pixels) and overall
error (sum of the previous two quantities). Comparative results on the three test sets are given in
Fig. 3.13in percent of the number of processed image pixels. As this gure shows, the overall error
of the proposed CXM model was below the error of the reference methods by about 2 5 percent.
Note that the generally weaker results in the ARCHIVE tests were primarily caused by the lower
image quality. For the sake of visual demonstration, we show the comparative change detection
results of some relevant image parts in Fig. 3.12. We can observe that the CXM model produced
smooth and more accurate change regions in the selected areas, compared to the reference methods.
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In Fig. 3.14, similarly to the evaluation of L*MRF, we also demonstrate that the introduced label-
based feature integration approach outperformed decision fusion techniques.

Since the publication date of the CXM model in 2009 [13], various novel multi-layer MRF
models have been published. For this reason, in 2015 we prepared an up-to-date survey article
on the existing techniques [4], comparing CXM in details to two newer approaches [117, 135]
from 2014, in cooperation with their authors. Here the rst reference is a Multicue MRF model
[135], which integrates the modi ed Histogram of Oriented Gradients and graylevel difference
features into the original Multi-MRF structure framework proposed by [116], where two layers
correspond to the two feature maps and the third one is the nal segmentation layer. The class
models and the inter-layer interaction terms are both affected by observation dependent and prior
constraints, differently from CXM where the feature maps only affect the singleton terms, while
the interaction terms implement purely prior label fusion (soft-)constraints. The second reference,
called Fusion-MRF [117], simultaneously realizes adaptive segmentation and change detection for
optical remote sensing images, where each layer represents a given input image; thus multi-layer
refers here to multi-temporal images. In our study [4], the quantitative comparison was based
again on the SZTAKI AirChange Benchmark Set, however depending on the different approaches
on change modeling, further considerations should have been taken. Multicue MRF is a direct
change detection technique similarly to our CXM [13] and all reference methods of Fig. 3.13,
which obtain changes through segmenting similarity maps between the input images. On the other
hand the Fusion MRF follows a Post Classi cation Comparison (PCC) approach, which segment

rst the input images into various land-cover classes, and changes are obtained indirectly as regions
with different class labels in the different time layers. Therefore, by testing the Fusion MRF, we
could not rely on the available Ground Truth (GT) change masks (referred as AirChange GT).
Instead, we generated new GT (called Region PCC GT), where various land-cover classes have
been considered for different image pairs of the test set, such as urban and non-urban; or meadow,
planted meadow and forest. Note that as concluded in [4] the two GT generating approaches
correspond to two different use-cases, and both ones may be relevant. Comparative experiments
between CXM and the Fusion MRF with the two different GT types gave obviously different
results, showing the superiority of CXM with 4-58% in F-score using the original AirChange GT
masks, and the advantages of the Fusion MRF (with 14-31%) with the Region PCC GT. Calculating
the Overall error for ve selected image pairs (Fig. 3.13) showed the minor superiority of the
newer Multicue MRF (with a margin of 0.5-2%), while calculating the traditional Precision, Recall
and F-score values indicated notable advantages of CXM due to a signi cantly higher Recall rate.
In summary, the experiments of our survey demonstrated that the proposed CXM technique proved
to be also competitive versus more recent multi-layer change detection models.
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Figure 3.14: Impacts of the multi-layer CXM structure for the quality of the change mask. We compare the
results of (b) the pixel-by-pixel classi cation without spatial smoothing, (c) the ensemble of three indepen-
dent, single-layer MRFs and (d) the proposed multi-layer model

3.4 Parameter settings in multi-layer segmentation models

The parameters of the introduced multi-layer segmentation models can be divided into three groups:
(i) preliminary parameters of feature calculation, (ii) parameters of the probability density func-

tions in the data terms and (iii) parameters of the prior intra- and inter-layer potential functions.

First, the size of block matching windows (z) used for correlation calculation and in L*MRF
the size of search window (l) are related to a priori knowledge about the image resolution and
textureness, object size and magnitude of the parallax distortion. The correlation window should
not be signi cantly larger than the expected objects to ensure low correlation between an image

part which contains an object and one from the same ‘empty’ area.

Second, the feature distribution (pdf) parameters can be obtained by conventional Maximum
Likelihood estimation algorithms from background and foreground training areas. If manually
labeled training data is not available, the foreground training regions must be extracted through

outlier detection [136] in the feature spaces.

Third, while data-based pdf parameters strongly depend on the input image data, interaction
potential factors are largely independent of it. Experimental evidence suggests that the model is not
sensitive to a particular setting of or ' within a wide range, which can be estimated a priori. The
parameters of the intra-layer potential functions, ', in uence the size of the connected blobs in
the segmented images. Although automatic estimation methods exist for similar smoothing terms
[137], 'is rather a hyper-parameter, which can be xed by trial and error. Higher ' values result
in more compact foreground regions, however, ne details of the silhouettes may be distorted that
way. We have used = : this choice gives the same importance to the intra-layer smoothness

and the inter-layer label fusion constraints.
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3.5 Conclusions of the chapter

In this chapter, we have introduced novel Markovian label fusion models for two different change
detection problems from the remote sensing domain. First, we proposed a three-layer MRF model
(L3MREF) for extracting the regions of object motions from image pairs taken by an airborne mov-
ing platform. The output of the proposed method is a change map, which can be used e.g. for
estimating the dominant motion tracks (i.e. roads) in traf ¢ monitoring tasks, or for outlier region
detection in mosaicking and in stereo reconstruction. Moreover, it can also provide an ef cient
preliminary mask for higher level object detectors and trackers in aerial surveillance applications.

We have shown that even if the preliminary image registration was relatively coarse, the false
motion alarms could be fairly eliminated with the integration of frame-differencing with local
cross-correlation, which presented complementary features for detecting static scene regions. The
ef ciency of the method has been validated through three different sets of real-world aerial images,
and its behavior versus ve reference methods and four different information fusion models has
been quantitatively and qualitatively evaluated. The experiments have shown that the proposed
model outperformed the reference methods dealing with image pairs with large camera and object
motions and signi cant but bounded parallax.

In the second part of the chapter, we addressed the detection of statistically unusual changes
in optical aerial image pairs taken with signi cant time differences. A novel Conditional Mixed
Markov (CXM) model has been proposed, which could integrate the robustness of MRF-based
segmentation techniques [102], the modularity of multi-layer approaches [138] and semantic ex-
ibility of mixed Markov models [75]. The introduced method utilized information from three
different observations: global intensity statistics, local correlation and contrast. The performance
of the method has been validated using real-world aerial images. The superiority of CXM ver-
sus four earlier reference methods, and its relevance against two newer methods has been shown
quantitatively and qualitatively.

Both models of this chapter may be used as ef cient and scalable change detection Iters for
several remote sensing applications. The methods are purely based on low-level features, working
without object extraction or identi cation of land cover classes. Therefore they can be adopted
for a large variety of scenes and purposes, even in situations where the concept of ‘interesting
changes’ is not well de ned. The methods can support manual evaluation of large data sets by
focusing the operator’s attention to targets or changed areas, and also in automated systems with
restricting the eld of interest and presenting shape or region based descriptors for higher level
image interpretation modules.
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Chapter 4

Multitemporal data analysis with Marked
Point Processes

In this chapter we introduce new approaches for object level dynamic scene modeling based on
multitemporal measurements, by extending the conventional Marked Point Process framework
with modules focusing on the time dimension. First, a new probabilistic method is proposed
which integrates building extraction with change detection in pairs of remotely sensed images cap-
tured with several years time differences. The output of the method is a population of 2D building
footprint segments, where status information is provided for each segment highlighting changes
between the two time layers.

In the second part, we propose a Multiframe Marked Point Process model of line segments and
point groups for automatic target structure extraction and tracking in Inverse Synthetic Aperture
Radar (ISAR) image sequences. For the purpose of dealing with scatterer scintillations and high
speckle noise in the ISAR frames, we obtain the resulting target sequence by an iterative optimiza-
tion process, which simultaneously considers the observed image data and various prior geometric
interaction constraints between the target appearances in the consecutive frames.

For both models, detailed quantitative evaluation is performed on real remotely sensed mea-
surements.

41
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4.1 Introducing the time dimension in MPP models

Conventional Marked Point Process (MPP) techniques are applicable for the analysis of static
scenarios, however several applications require object level investigations on multitemporal mea-
surements. Our key contribution in this chapter is to propose methodologies for incorporating the
time dimension into the MPP framework. We will address two different challenges: object level
change detection and moving target analysis. Although both issues are quite general, for easier dis-
cussion and validation, we introduce the new model structures for selected applications: building
development monitoring and moving object analysis in radar (ISAR) image sequences.

4.2 Object level change detection

In this section we introduce a novel Multitemporal Marked Point Process (MMPP) model, which
is able to detect objects and mark the object level changes in remotely sensed image pairs taken at
different time instances. We present methodological contributions in three key issues:

We implement a novel object-change modeling approach, which simultaneously exploits low
level change information between the time layers and object level description to recognize
and separate changed and unaltered objects.

Answering the challenges of data heterogeneity in aerial and satellite image repositories,
we construct a exible hierarchical framework which can create various object appearance
models from different elementary feature based modules.

To simultaneously ensure the convergence, optimality and computation complexity con-
straints raised by the increased data quantity in remote sensing applications, we adopt the
quick Multiple Birth and Death optimization technique for change detection purposes, and
propose a novel non-uniform stochastic object birth process, which generates relevant ob-
jects with higher probability based on low-level image features.

4.2.1 Building development monitoring - problem de nition

Following the evolution of built-up regions is a key issue of aerial and satellite image analysis.
Although the topic has been extensively studied since the 80’s, it has had to continuously face the
challenges of the quickly evolving quality and quantity of remotely sensed data, the richness of
different building appearances, the data-heterogeneity in the available image repositories and the
various requirements of new application areas [40]. As discussed in Chapter 3 (Sec. 3.3), pixel
level change detection approaches, such as our conditional mixed Markov model (CXM) [13] can
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(c) Changed regions of image 2

Figure 4.1: Low level change detection: (a) and (b) input images, (c) change mask %

be ef ciently used for region based comparison of two remotely sensed images. However, as
demonstrated in Fig. 4.1, in cases of high-resolution images with large connected change-regions,
a low level change mask cannot ef ciently highlight the interesting image content. Stepping up
to object level, we develop here a Marked Point Process approach, which models the building
population as an optimal con guration of simple geometric objects [42], that is obtained through
an iterative process of stochastic birth and death steps (see de nitions in Sec. 2.2).

Formally, the input of the proposed method consists of two co-registered aerial or satellite
images which were taken from the same area with several months or years of time difference. We
consider each building to be constructed from one or many rectangular building segments, and as
output we provide the size, position and orientation parameters of the detected building segments,
giving information which objects are new, demolished, modi ed/rebuilt or unchanged [43, 44].

Let us denote by S the common pixel lattice of the input images and by s 2 S asingle pixel. Let
u be a building segment candidate assigned to the input image pair, which is jointly characterized
by geometric and temporal attributes. For purposes of dealing with multiple time layers, we assign
to each uanindex ag, (u) 2 f1;2; g, where * ’ indicates an unchanged object (i.e. present in
both images), while ‘1’ and ‘2’ correspond to building segments which appear only in the rst or
second image respectively. We will denote the set of all the possible object records u=(cy, ¢y, €.,
e;, , )by H. The output of the proposed model is a con guration of building segments, ' 2 H",
where n, the number of objects is also unknown.

4.2.2 Feature selection

Since the proposed model obtains the optimal object con guration through stochastic birth-death
iterations, two essential questions should be answered based on the image data. First, how can we
ef ciently generate relevant objects during the birth process? Second, how can it be ensured that
the adequate objects survive the death step? To keep focus on both challenges, we utilize low level
and object level features in parallel [52].
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(@) Input image (b) Thresh. Pbgr(s) map (c) Color mask (d) Thresh. Pg'h(s) map

Figure 4.2: Building candidate regions obtained by the low level (b) gradient (c) color and (d) shadow
descriptors

4.2.2.1 Low level features for building detection

We begin the discussion with low level features extracted from individual images. For the purposes
of built-in area estimation, at each pixel s we calculate a pair of birth probabilities, Pb(l)(s) and
Pb(z)(s), which give the likelihood of s being an object center in image 1, and 2, respectively. The
nomination refers to the fact that in the birth step the frequency of proposing an object at s will be
proportional to the local birth probabilities.

The rst feature exploits the fact that regions of buildings should contain edges in perpendicular
directions, which can be robustly characterized by Local Gradient Orientation Density Histograms
(GODH) [139] calculated around each pixel s in a W,(s) rectangular region. If this region covers
a building, the orientation histogram has two peaks, located at 90 degree distance, which can be
measured by correlating the histogram with an appropriately matched bi-modal density function.
Therafter based on the maximal correlation values we can assign to each pixel s a likelihood P'(s)
that s is center of a building. For the sample image in Fig. 4.2(a), a thresholded P map is shown
in Fig. 4.2(b), marking an estimation for building regions. Furthermore, the location of the peak
value of GODH around s estimates the dominant gradient directions in the local neighorhood.
Thus, for a building with center s, we expect its parameter around a mean orientation value  (s)
which is equal to the peak location of the local GODH.

We continue with roof color ltering. Several types of roofs can be identi ed by their typical
colors [80]. Let us assume that based on a roof color hypothesis, we extract an indicator mask
%0 (s) 2 T0; 1g (e.g. by thresholding a chrominance channel), where %, (s) = 1 marks that s has
roof color. Many roof pixels are expected around building celgters, thus for each s we calculate the
accumulated %, lling factor in |It:§ neighborhood: s = 5y, %eo(r). The color birth map
value is obtained as P°(s) = s= ,,5 r. Note that due to color overlapping between the roofs
and the background [80], the %, (s) mask often only contains a part of the building segments, e.g.
only red roofs are detected in Fig. 4.2(c).

A supplementary evidence for the presence of buildings can be obtained through their cast
shadows [80, 140]. In several types of remote sensing scenes, a binary shadow mask %s,(S) can be
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derived by ltering pixels from the dark-blue color domain [141]. The relative alignment of shad-
ows to the buildings is determined by the global Sun direction, which can be set with minor user
interaction or calculated automatically [80]. Consequently, we can identify the building candidate
areas as image regions lying next to the shadow blobs opposing the Sun direction (see Fig. 4.2(d)
and later Fig. 4.4(b)). As for the shadow based birth map, we use a constant birth rate P"(s) = p§"
within the obtained candidate regions and a smaller constant on the outside.

Up to this point, we have used various descriptors to estimate the location and appearance of
the buildings in the individual images. However, a low level change mask %, demonstrated in Fig.
4.1 can be directly involved in the model, since it separates ef ciently the image regions which
contain the changed and unchan%ed buildings, respectively. The probability of change around
pixel s is derived as: Pen(S) = (o, (s %en(r)=area W (s)g. Considering the change feature,
we can exploit an additional information source, which is independent of the object recognizer.
During the birth step, we will propose an unchanged object at s with a probability proportional to
(1 Pen(S)) maXizfizg Pb(i)(s), while at the same location, the likelihood of generating a changed
building segment is Py (S) Pb(i)(s) for image i 2 f1; 2g.

4.2.2.2 Object-Level Features

Besides ef cient object generation, the second key point of the applied birth-death dynamics based
approach is to validate the proposed building segment candidates. In this section, we construct a
M) : H ¥ [ 1;1] energy function, which calculates a negative building log-likelihood value
of object u in the it" image (hereafter we ignore the i superscript). By de nition, a rectangle with
”(u) < 0O s called attractive object, and we aim to construct the ”(u) function so that attractive
objects correspond exclusively to the true buildings.

The process consists of three parts: feature extraction, energy calculation and feature integra-
tion. First, we de ne different f(u) : H ¥ R features which evaluate a building hypothesis for u
in the image, so that *high’ £(u) values correspond to ef cient building candidates. In the second
step, we construct energy subterms for each feature f, by attempting to satisfy ”¢(u) < 0 for real
objects and ”¢(u) > 0 for false candidates. For this purpose, we project the feature domain to

[ 1;1] with a monotonously decreasing function shown in Fig. 4.3:

8
< 1 I, if f(u) <do
¢(u) = M(f(u);dp; D) = _ :

(4.1)
exp WD i fu)  do

Observe that the M function has two parameters: dy and D. While DT performs data-normalization,
d¢ is the object acceptance threshold concerning feature f: u is attractive according to the ~¢(u)
term iff F(u) > d.



dc 942 14

46 4. MULTITEMPORAL DATA ANALYSIS WITH MARKED POINT PROCESSES

(a) Color roof feature (b) Shadow feature

Figure 4.4: Utility of the color roof and shadow features

Finally, we must consider, that the decision based on a single feature f can lead to a weak
classi cation, since the buildings and the background may overlap in the f-domain. Therefore,
in the third step, the joint energy term ~(u) must be appropriately constructed from the different
” ¢£(u) feature modules.

We begin the introduction of the different feature models with gradient analysis. Below the
edges of a relevant rectangle candidate R, we expect the magnitudes of the local gradient vectors
(rgs) to be high and the orientations to be close to the normal vector (n )Fgf the closest rectangle
side (Fig. 4.5(c)(d)). The £9"(u) feature is calculated as: 9"(u) = #@R

” denotes scalar product, @Ry, is the dilated edge mask of rectangle R, and #@R,, is the number
of pixels in @Ry. The data-energy term is calculated as: > g(u) = M(F9"(u); d?"; D9").

The calculation of the roof color feature is shown in Fig. 4.4(a). We expect the im-
age points to have dominant roof colors inside the building footprint R, while the T, object-
neighborhood (see Fig. 4.4(a)) should contain a majority of backgrounldjmxels Hence we calculate
the F£°(u) = #Ru s2R, eo(8) internal and £ (u) = P (u) = #Tu s21, 1 Yeo(S) external

lling factors, where #X denotes the area of X in pixels and %, (S) is the color mask value by s.
We prescribe that u should be attractive according to the color term if it is attractive both regarding
the internal and external subterms, thus ” co(u) = max [M(F(u); diS; DfY); M(f2(u); dg; D).

We continue with the description of the shadow term. This step is based on the binary
shadow mask %g,(S), extracted in Sec. 4.2.2.1. Using the shadow direction vector vg, (opposite of
the Sun direction vector) we identify a shadow candidate area TS" next to the R, object region, as
demonstrated in Fig. 4.4(b). Thereafter, similarly to the color feature, we expect low shadow pres-

s20r, T0s Ns, Where
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(a) Input (color image)

(b) Ground Truth (GT) (d) Gradient feature (f) Shadow feature (h) Color mask

Figure 4.5: Illustration of the feature maps in the BUDAPEST 2008 image. Gradient and shadow features
are relevant in the left-bottom regions, while the color descriptor is ef cient in the top-right image parts. In
image (d), the gradient feature is shown under the GT object borders.

ence in the R, internal and a high one in the T3" external rle:gion, which constraints are represented
by fi'(U) = 7= ok, 1 %n(S) and £(u) = #%ah sa7sh Ysn(S) features. The energy term
is obtained as: *sn(u) = max M(FN(u); d5; DS); M(FSR(u); dsh; DSRY . Note that this approach
does not require accurate building height information, since we do not penalize it, if shadow blobs
of long buildings exceed the TS" regions.

The next step is feature integration. Since as shown in Fig. 4.5, individual features may be in
themselves inappropriate for modeling complex scenes, the proposed framework enables exible
feature integration. From the feature primitive terms introduced in Sec. 4.2.2.2, rst we construct
building prototypes. For each prototype we can prescribe the ful I[Iment of one or many feature
constraints whose ” ¢-subterms are connected with the max operator in the joint energy term of the
prototype (logical AND in the negative log-likehood domain).

Additionally, several building prototypes can be detected simultaneously in a given image pair,
if the prototype-energies are joined with the min (logical OR) operator. Thus the nal object energy
term is derived by a logical function, which expresses some prior knowledge about the image and
the scene, and it is chosen on a case-by-case basis. For example, in the BUDAPEST pair we use two
prototypes: the rst one prescribes the edge and shadow constraints, the second one the roof color,
thus the joint energy is calculated as: ”(u) = min  max g (u); *sn(U)9; " co(u) . Similarly, for
the BEIJING images (see Fig. 4.6, bottom) we use gradient (”4,) & shadow () and homogeneity
based (detailed in [10]) prototypes.
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4.2.3 Multitemporal MPP con guration model and optimization

In this section we represent the building change detection task as an energy minimization problem.
Following the de nitions from Sec. 2.2.1, u denotes a given building segment, and the goal of
the proposed approach is to extractan ! = fuy;:::;u,g 2 object con guration, where n, the
number of building segments in initially unknown. The object neighborhood is de ned here in a
straightforward way: we say that u v if their rectangles R, and R, intersect. By denoting with
F the union of all image features derived from the input data, the goal is to minimize a classical
MPP energy function of (2.21):

X X
(1) = Ae(u) + 1(u;v) (4.2)
u21t u;v21

Here Ar(u) 2 [ 1;1]and I (u;v) 2 [0; 1] are the data dependent unary and the prior interaction
potentials, respectively, and > 0 is a weighting factor between the two energy terms. Thus the
Maximum Likelihood (ML) con guration estimate can be calculated as ;. = argmin,, (1) .

Unary potentials characterize a given building segment candidate u = fcy;cy; e ;e; ; gasa
function of the local image data in both images, but independently of other objects of the popula-
tion. This term encapsulates the building energies > (u) and ~ @ (u) extracted from the 1%¢, resp.
2"dimage (Sec. 4.2.2.2) and the low level similarity information between the two time layers
which is described by the %, (:) change mask (Sec. 4.2.2.1).

We remind the Reader that our approach marks each building segment u with an image index

ag from the set f1;2; g, depending on that u appears in one [ (u) 2 f1;2g] or both [ (u) = ]
of the input images. In this way, the classi cation of the building segment u is straightforward:
uis unchanged iff (u) = ;newiff (uy=2and@v 2 ! : { (v) = 1, uand v overlap}; and
demolished iff (u) = land @ 2 ' : { (v) = 2, uand v overlap}. Modi ed buildings are
considered as two objects u; and u,, sothat (u;) =1, (up) =2.

Three soft constraints are considered by the potential terms in the various cases. First, for
an unchanged building u, we expect low object energies in both images, and penalize textural
differences (pixels with %, (s) = 1) under its footprint R,. Second, for a demolished or modi ed
building in the rst image, we expect low ~®(u), >@(u) is indifferent, but we penalize high
similarity under the footprint. Third, for a new or modi ed building in the second image, we
expect low ~ @ (u), > (u) is indifferent, while high local similarity is penalized again.

Consequently, using the 1fEg 2 f0; 1g indicator function for an event E, the Ag(u) potential
is calculated as:

As(u) =1F (u) 2 f1; gg ")“((u) +1f (u)2f2; gg *P)+

X
+1f (U= ¢

%en(s) +1F (u) 2 f1; 299

U soRy, Y s2Rry

=R 1 %en(s) (43)
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On the other hand, interaction potentials realize prior geometrical constraints: they penalize
intersection between different object rectangles sharing the time layer (see earlier Fig. 2.6):

@V =1F @) 09 ' T @4)
where (u) * (v) relation holds iff (u) = (v), or (u) = ,or (v)= . Since 8u;v :

I(u;v) 0, the optimal population should exclusively consist of objects with negative data terms
(i.e. attractive objects): if Ag(u) > 0, removing u from the con guration results in a lower (1)
global energy (4.2). Note also that according to eq. (4.2), the interaction term plays a crucial role
by penalizing multiple attractive objects in the same or strongly overlapping positions.

By xing the Ar(u) and I (u;v) potential terms, the (1) con guration energy is completely
de ned, and the optimal 'y, building population can be obtained by minimizing eq. (4.2). For
this purpose, we have developed the bi-layer Multiple Birth and Death (bMBD) algorithm, which
is presented in Appendix C. The bMBD method extends the conventional MBD technique by
handling two time layers, thus it encapsulates change and object information simultaneously. Pairs
of consecutive birth and death processes are iterated until convergence is obtained in the global
con guration. In the birth step, multiple object candidates are generated randomly according to
the birth maps Pb(i)(s) in time layers 1 2 f1;2g, and as a further novelty, also considering the
change probabilities P, (s) and the expected parameter maps such as (i)(s) 1 2 f1;2g. The death
process attempts to eliminate weak objects based on the global con guration energy.

4.2.4 Experimental study of the mMPP model

During the evaluation, we validated the three key developments of the proposed model, with a
comparison to the state-of-the-art: (i) the proposed multiple feature based building appearance
model, (ii) the joint object-change modeling framework and (iii) the non-homogeneous object
birth process based on low level features. We have evaluated our method using eight signi cantly
different sets of aerial and satellite image pairs, published as the SZTAKI-INRIA Building Detection
Benchmark Set!. For parameter settings, we have chosen in each data set 2-8 buildings ( 5%)
as training data, while the remaining Ground Truth labels have only been used to validate the
detection results. Qualitative results are shown in Fig. 4.6, and in Appendix C (Fig. C.1).
We perform quantitative evaluation both at object and pixel levels. At the object level, we
rst need to establish a non-ambiguous assignment between the detected objects and the GT ob-
ject samples. As a similarity feature, we use the normalized intersection area between the object
gures, and we nd the optimal match between the con guration elements with the Hungarian
Algorithm (HA) [9, 142]. A detected object is labeled as True Positive (TP), if the HA matches

lUrl: http://mplab.sztaki .hu/remotesensing/building_benchmark.html
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Table 4.1: Numerical object level and pixel level comparison of the SIFT, Gabor, EV, SM and the proposed
methods (MPP) on each test data set (best results in each row are typeset by bold.)

Dataset Object level performance Pixel level performance
SIFT Gabor EV SM MPP EV SM MPP

\ #o.|| FN \ FP || FN \ FP || FN \ FP || PN \ FP || FN \ FP || Pr \ Rc || Pr \ Rc || Pr \ Rc
Bp|41 || 20| 10 817 11| 5 9| 1 2| 4| 73|46 841|618 71
An| 21 8 5 0| 1 2| 0 2| 1 1| 0)/91|73(84|7983|74
Bg| 17 7 2 9| 8 2| 3 41 2 1| 059|261 71| 729371
Sz |57 17| 26| 17|23 | 10| 18| 11| 5 4| 161|621 79| 719375
Cd| 123| 55 9| 12| 24| 14| 20| 20| 25 5| 4| 73|51 75|61 83|69
Bs| 80| 34 9 32| 8| 11| 13| 18| 15 7| 65 |30 59|41 73|51
Nm 152 69 | 14| 24| 14| 18| 32| 30| 58| 18| 1| 60| 32| 62| 55| 78| 60
Mc| 171 NA | NA || 53 | 85| 46| 17 || 53| 42| 19| 6| 64| 38| 60| 56 | 86 | 63
] F-s% H 66.3 H 79.9 H 84.2 H 79.8 H 94.4 H 53.7 H 66.8 H 74.3 \

Datasets: Budapest (Bp), Abidjan (An), Beijing (Bg), Szada (Sz), Cot d’Azur (Cd), Bodensee (BSs),
Normandy (Nm) and Manchester (Mc), #o is the number of objects

it to a GT object with an overlapping rate of more than r, (used r, = 10%). Unpaired detection
samples are marked as False Positive (FP), unpaired GT objects as False Negative (FN) hits. For
change detection evaluation, we also count missing and false change alarms (MC, FC).

At pixel level we investigate how accurate the extracted object outlines are: we compare the
resulting building footprint masks to the Ground Truth mask, and calculate the Precision (Pr) and
Recall (Rc) values of the pixel level detection. Finally, the F-score (F-s), taken as the harmonic
mean of Pr and Rc, can be calculated both at object and at pixel levels.

By evaluation of the building detection component, we presented numerical and qualitative
comparison results versus four single-view building detection techniques, called SIFT [143], Ga-
bor [144], Edge Veri cation (EV) [80], and the Segment-Merge (SM) model [78]. Quantitative
evaluation results are shown in Table 4.1. Since SIFT and Gabor extract the building centers in-
stead of estimating the outline, they are only involved in the object level comparison. Numerical
results con rm that the proposed model surpasses all references with 10-26% at object level and
with 5-18% at pixel level. According to our analysis, the improvements are particularly related to
two key properties: the stochastic object generation process and the parallel utilization of multi-
ple features in the building description module. In terms of computational complexity, processing
1MPixel images with the MPP model takes in average less than 1 minute. The proposed approach
is competitive with most reference techniques regarding the running time parameter, as detailed
experiments in [10] con rm.

After testing the introduced building detector module in single images, we continue with the



dc_942 14

4.2 Object level change detection 51

012002,©)liamalGAS,

Figure 4.6: Results on BUDAPEST (top, image part - provider: Andrks G r g) and BEIJING (bottom,
provider: Liama Laboratory CAS, China) image pairs, marking the unchanged (solid rectangles) and
changed (dashed) objects

validation of the proposed joint object-change classi cation framework. We compared the mMPP
method to a conventional Post Detection Comparison (PDC) [145] technique, where the buildings
are separately extracted from the two image layers, and the change information is a posteriori
estimated through comparing the location, geometry and spectral characteristics of the detected
objects. Experiments on the Budapest, Abidjan, Beijing, Szada datasets have shown that 90% of

false change alarms of PDC were eliminated by mMPP (see details in Table C.1 of Appendix C).

To demonstrate the advantages of the Feature Based Birth Process (FBB), we compared the
convergence speed of the bMBD optimization using the proposed FBB and the conventional Uni-
form Birth (UB) processes. In the UB case, the Pb(i)(s) and P¢,(s) maps follow uniform distribu-
tions and the orientation parameters are also set as uniform random values. We experienced that the
FBB approach reaches the nal error rate with three times less birth calls than the UB. Moreover,
using the UB process the pixel level accuracy rates converge much slower than the object errors;
to reach the 75% pixel level F-score, we need to generate 400; 000 objects with the UB map, and

only 24; 000 building candidates with the proposed FBB map.
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4.3 A point process model for target sequence analysis

While the mMMPP model introduced in the previous section provides a solution for object level
change detection between two remotely sensed images, a signi cantly different problem family
corresponds to scenarios, where a moving target must be followed across several frames of a mea-
surement sequence. In this section, we propose a novel framework for object level time sequence
analyis, which we call henceforward Multiframe MPP (F™MPP).
The F™MPP framework simultaneously considers the consistency of the observed data and the
tted objects in the individual time instances of the measurement, and also exploits interaction
constraints between the object parameters in the consecutive frames of the sequence. We should
point out, that the optimization step is a particularly critical issue in the multiframe scenario: the
dimension of the target sequence’s parameter space may be very large, as it is proportional to the
number of frames. For this reason, in the proposed model we merge the advantages of both the
bottom-up and inverse approaches (see the de nitions from Chapter 1). First, we apply a bottom-
up detector for initial target extraction, which processes the sequence frame-by-frame. This step
is quick, but we must expect that the results are notably poor in low quality frames. The output
of the bottom-up detector provides the initial state of the F"MPP optimization process, which
yields the nal output ensuring permanent target structure and smooth motion over the sequence
via inter-frame constraints.

4.3.1 Application on moving target analysis in ISAR image sequences

We introduce the F™"MPP approach in the application context of moving target analysis in airborne
Inverse Synthetic Aperture Radar (ISAR) image sequences. Remotely sensed ISAR images can
provide valuable information for target classi cation and recognition in several dif cult situations,
where optical [13] or SAR imaging techniques fail [146, 147]. However, robust feature extraction
and feature tracking in the ISAR images are usually dif cult tasks due to strong image noise
and lack of available details about the structure of the imaged targets, which artifacts can lead
to signi cant detection errors in several low quality frames [38]. Some previous studies have
proposed frame selection strategies to exclude low quality frames from the analysis. However,
as pointed out in [148] extracting reliable features for frame selection may often fail. On the
other hand, assuming that the target has a xed size and structure; and small displacement is
expected between consecutive time appearances, inter-frame information can be exploited to re ne
the detection procedure. For this reason, our proposed system does not drop any frames of the input
sequence, but it implements an approach where the detection result on the actual frame jointly
depends on the current image data and the neighboring frame’s target parameters.
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Figure 4.7: Target representation in an ISAR image: (a) input image with a single ship object (b) binarized
image (c) duplicated image and target tting parameters. Original image border is shown by the green
rectangle

Besides the length and axis line extraction of the target scatterer, another issue is to detect char-
acteristic features of the objects which provide relevant information for the identi cation process.
For this purpose, we identify permanent bright points in the imaged targets, which are produced
by stronger scatterer responses from the illuminated objects (see Fig. 4.8(a)). However, due to
the presence of speckle, image defocus and scatterer scintillation, a signi cant number of missing
and false scatterer-like artifacts appear in the individual frames, thus we focus on their elimination
with spatio-temporal Itering constraints.

The contributions of the section are twofold. On one hand, we introduce the general Multiframe
(F™MPP) MPP framework, which provides a novel Bayesian tool for time sequence analysis in re-
motely sensed scenarios. On the other hand, we propose a concrete implementation of the F"MPP
method on the analysis of large carrier ships and airplanes from ISAR data, and perform a detailed
quantitative validation on a real data set, which contains eight ISAR image sequences with 545
manually evaluated frames.

4.3.2 Problem de nition and notations

The input of the proposed algorithm is an n-frame long sequence of 2D ISAR data, imaged in the
Range-Doppler domain, which contains a single ship (or airplane) target. Let us denote by S the
joint pixel lattice of the images, and by s 2 S a single pixel. The normalized log-amplitude of
pixel sinframet 2 f1;2;:::;ng is marked with g¢(s). The logarithmic image representation suits
well the widely adopted log-normal statistical models of ISAR target segmentation [149].

In the following, we denote by u; a target candidate in frame t. Each target’s axis line segment
is described by the c(u) = [x(u);y(u)] center pixel I(u) length and (u) orientation parameters
(see Fig. 4.7(c)). In addition, an initially unknown K(u)( Kax) number of scatterers can be
assigned to the targets, where each scatterer g; is described in the target line segment’s coordinate
system by the relative line directional position, (q;), and the signed distance, d,(gi) from the
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P, P,: end points of the line segment

q: scatter candidate

t(q): normalized line directional position
(fit into the [0,1] interval)

d (q): signed distance from the P P,
line segm. (measured in pixels)

(a) real scatterers (GT)

b

(b)L i M filt - it (c) Parameterization of the scatterer position
ocMax filter results

Figure 4.8: Dominant scatterer detection problem: (a) highlighted true scatterers, i.e. Ground Truth (GT),
(b) LocMax Iter result, (c) parameterization

target sequence, which we call con guration in the following.

4.3.3 Data preprocessing in a bottom-up approach

Data preprocessing consist of four consecutive steps: foreground-background segmentation, ini-
tial center alignment and line segment estimation, scatterer candidate set extraction, and scatterer
Itering.

In the rst step, we segment the ISAR images into foreground and background classes by a
binary Markov Random Field (MRF) model [7] to decrease the spurious effects of speckle noise.
(See Appendix C, Sec. C.2.1 for details.)

Thereafter, to get an initial estimation of the target axis segment, we detect rst the axis line
using the Hough transform of the foreground mask. At this point, we also have to deal with a
problem which originates from the ISAR image synthesis module. The image formation process
considers the images to be spatially periodic both in the horizontal and vertical directions, then, the
imaging step estimates the target center, and attempts to crop the appropriate Rectangle of Interest
(ROI) from this periodic image (a correctly cropped frame is in Fig. 4.8(a)). However, if the center
of the ROI is erroneously identi ed, the target line segment may ‘break’ into two (or four) pieces,
which case appears in Fig. 4.7(a). Therefore, in the proposed image processing approach, we
search for the longest foreground segment of the axis line in a duplicated mosaic image, which
step also re-estimates the center of the input frame (see Fig. 4.7(c)).

Scatterer candidate extraction exploits the fact that permanent scatterers cause dominantly high
amplitudes in the ISAR images; however the amplitudes may signi cantly vary over the consecu-
tive frames, and we must expect notable differences between different scatterers of the same frame.
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In our implementation, the Local Maxima (LocMax) Iter is applied to extract the Preliminary
Scatterer Candidates (output results are shown in Fig. 4.9(a)). Thereafter, we propose an iterative
Random sample consensus (RANSAC) based solution to discriminate the real scatterers from the
false candidates, with utilizing the temporal persistence of the scatterer positions and the line-
structure of the imaged targets [33] (see outputs in Fig. 4.9(b)).

4.3.4 Multiframe Marked Point Process Model

In this section, we introduce the Multiframe Marked Point Process model, which enables to char-
acterize whole target sequences instead of individual objects, through exploiting information from
entity interactions. Following the classical Markovian approach, each target sample may only af-
fect objects in its neighboring frames directly, using a -radius frame neighborhood. Using again
the F notation for the union of all image features derived from the input data, we characterize a
given I target sequence witha ¢(!) data-driven Gibbs energy function:

X X

() = Ar(up) + I(ug; 1y) (4.5)

t=1 t=1
As it appears in the above formula, ¢(!) consists of a data dependent term, Ar (uy) 2 [ 1;1]
called the unary potential, and a prior term 1(u¢; 1¢) 2 [0;1], called the interaction potential,
where Iy = fuy ;:::;Ug 00 U QIS asub-sequence of ug’s 2 -nearest neighbors. Parameter
is a positive weighting factor between the two potential terms.

The Ar (u¢) unary potential is composed of two parts:

1
Ar (Up) = 5 AR (Uy) + AF (uy)

where AB (uy) is the body-term and is the A (u;) scatterer-term.

The body-term, is based on a body tting feature f,(u), which favors object candidates, where
under the line segments R, we nd in majority foreground classi ed pixels in the actual frame,
while the neighboring outside area T, covers background regions (see Fig. 4.7). Thereafter,
AB (u) = Q (fy(u); do; 10), where the monotonously decreasing M function de ned by eq. (4.1)
is utilized again. Parameter dq is used as acceptance threshold for valid objects.

On the other hand, the scatterer-term pelrglizes scatterers that are not located at local Maxima
of the ISAR image: AX (u) = M K%u) KO (;u); d ;where (i;u) = 0ifgiisina
local maximum in the input ISAR frame, (i;u) = 1 otherwise. Parameters do and d are set by
training samples.

Interaction potentials are responsible for involving temporal information and prior geometric
knowledge in the model. Since the observed object’s structure can be considered rigid, we usually
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experience strong correlation between the target parameters in the consecutive frames. Since due
to the imaging technique, the c(u) center is not relevant regarding the real target position, we only
penalize high differences between the (u) angle and I(u) length parameters, and signi cant differ-
ences in the normalized scatterer positions and scatterer numbers between close-in-time images of
the sequence. The prior interaction term I (u¢; 1) is constructed as the weighted sum of four sub-
terms: the median length difference I,(u; 1¢), the median angle difference I (ug; '¢), the median
scatterer number difference 14s(u¢; ) and the median scatterer alignment difference lggq(u; 14).
Here the rst three sub-terms are calculated as the median values of the parameter differences be-
tween the actual and the nearby frames, while the scatterer alignment difference feature evaluates
the similarity of the relative scatterer positions on the objects of close frames [7].

4.3.5 Multiframe MPP optimization

As mentioned in the beginning of this section, our proposed optimizer solution is initialized with
the output of the preliminary detector of Sec. 4.3.3, which provides an initial con guration which
is in most of the frames consistent with the input data. Thereafter, we proceed to an iterative re ne-
ment algorithm, which scans in each step the whole sequence, and attempts to replace the actual
objects with more ef cient ones considering the data and prior constraints in parallel. The two key
points of this procedure are (i) the generation of new object candidates and (ii) the evaluation of
the proposed objects w.r.t. the current con guration and the input data.

For object generation, we use two types of moves: a Perturbation Kernel and a RANSAC
based birth kernel, which are chosen randomly at each step of each iteration. The Perturbation
kernel clones the actual object either from the current, or the previous or the next frame; and it
adds zero mean Gaussian random values to the center position, length and orientation parameters.
Finally, the scatterer positions are cloned from the object of the current frame and optionally new
scatterers are added or some scatterers are removed. The RANSAC based birth kernel re-estimates
the optimal line according to the preliminary scatterer candidates with the RANSAC algorithm.
The pseudo codes of these functions are provided in Appendix C (Algorithm C.2).

The proposed optimization algorithm iterates object proposal and evaluation steps, which are
followed by the possible replacements of the original objects versus newly generated ones. Let us
assume that we are currently in the kth iteration of the process. To decide if we accept or decline
the replacement of the object on the tth frame for the newly proposed object, u, we calculate rst
the energy difference 1 (u;t) between 1 the original con guration before the kth iteration,
and the con guration ! we would get from !Xl py replacing uEk] by u. It is important to note
that to derive the energy difference we should only examine the objects in the -neighborhood of
frame t and calculate the concerning unary and interaction potential terms. 1(U; ) < 0 means
that the move results in decreasing global energy level. However, to prevent us from nishing the
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Frame #19

Frame #19

2

(b) RANSAC-based re nement (Preproc., second step)
Frame #20 -] .'- Frame #21 s 4 ! Frame #22

(c) Final F™MPP output after the iterative optimization

Figure 4.9: Center alignment and target line extraction results on Frames #19-22 of the SHIP1 ISAR image
sequence. Top: initial detection Middle: RANSAC re-estimation Bottom: proposed F™MPP model.

algorithm too early in a low quality local energy minimum, we embed the iterative process into
a simulated annealing framework. In this way, as a function of the 1 (u; t) energy difference,
we calculate a probability value of accepting the replacement move, and the decision is done by
a random choice based on this probability. Regarding the cooling scheme, we have followed the
implementation of [87]. Details of optimization are provided in Algorithm C.3 of Appendix C.
Final detection results on the previously discussed sample frames are shown in Fig. 4.9(c)).

4.3.6 Experimental results on target sequence analysis

We have tested our method on seven airborne ISAR image sequences about different ship targets
(Fig. 4.10). The ship data set contains 520 evaluated ISAR frames (40 to 90 frames have been
evaluated in each sequence) and 4250 true scatterer appearances (8 or 9 scatterers in each frame).
For quantitative validation, we have manually created Ground Truth (GT) data for both the axis
segments and the scatterer positions (for longer sequences we have evaluated the rst 90 frames).

To consider different evaluation aspects, we have de ned three error measures. The Normal-
ized Axis Parameter Error (Eax) is calculated as the sum of the x-y center position and axis
length errors normalized with the length of the GT target, and the angle error normalized by 90 .
The Scatterer Detection Rates characterize the correctness of permanent scatterer identi cation.
First, the corresponding detected and GT scatterers are automatically matched to each other by the
Hungarian algorithm [142], based on the (q) parameter. A match is only considered valid if the


Chapter3/Chapter3Figs/fig10a.eps
Chapter3/Chapter3Figs/fig10b.eps
Chapter3/Chapter3Figs/fig10c.eps

dc_942 14

58 4. MULTITEMPORAL DATA ANALYSIS WITH MARKED POINT PROCESSES

Figure 4.10: Sample frames from the SHIP2-SHIP7 data sets, and the corresponding detection results of
the F™MPP approach obtained by the optimization of the proposed ISAR sequence based model.

distance of the assigned feature points is lower than a threshold. Thereafter, we count the number
of true positive (TP), false negative (FN) and false positive (FP) scatterers. The third feature is the
Average Scatterer Position Error (Esp), which is measured in pixels. Note that TP should be large
for an ef cient solution, while all other parameters should be low.

Similarly to our qualitative experiences (Fig. 4.9), we have observed during the quantitative
evaluation that the detection qualities have signi cantly improved over the three consecutive steps
of the proposed algorithm. While after the Initial detection step, we measured in average over the
seven test sequences Eax = 10:8, TP= 563, FP= 63, FN= 44, and Esp = 2:9 values, following
RANSAC-based re nement we obtained Eax = 7:6, TP= 581, FP= 49, FN= 25, and Egp = 1.5,
while the nal F"MPP energy optimization yielded Eax = 3:8, TP= 587, FP= 20, FN= 19, and
Esp = 0:87. Detailed results with respect to all error parameters for each test set are shown in
Appendix C.

The proposed model can be generalized to analyze various targets in ISAR image sequences.
For example, airplanes appear as cross-like structures in the ISAR image sequences, where at least
one of the wings can be clearly observed. Apart from the length and orientation of the body axis
segment, the length of the wings and their connecting positions to the airplane body are also rel-
evant shape parameters. For this reason, we use a cross shaped airplane model, as shown in Fig.
4.11. Similarly to the ship detection procedure, the airplane extraction process consists of a coarse
preliminary detection step, and the F"MPP based iterative re nement step. The preliminary detec-
tion starts with the extraction of the body line, using the same Hough transform based technique as
introduced for the ship detection process. Secondly, the initial wing root position is obtained with
exhaustive search by histograming the silhouette pixels, which can be perpendicularly projected to
the same points of the body line. In the F"MPP based re nement stage the Ag(u;) data term is
calculated in an analogous manner to the ship model, the difference is that the 1ling factors for the
left and right wings are separately calculated, and their minimum (i.e. the better one) counts into
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Figure 4.11: Airplane detection example: (a) Airplane silhouette and the cross shaped tted model (b)-(d)
Comparing the results of the initial and the optimized F™MPP detection in four sample frames
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the data term of the model. This later feature is necessary, since usually only one of the wings is
fully visible in the ISAR data. Results of the airplane detection for four sample frames are demon-
strated in Fig. 4.11 showing the output at the preliminary stage and after the F™"MPP optimization.
Similar improvement can be observed to the ship detection scenarios. Note that it is also often
possible to observe permanent scatterers in images of airplane targets. However, since airplane
scatterers can appear both in the wings and in the body, their geometric alignment patterns may be
more complex than in cases of the linear vessels.

The processing speed of the proposed algorithm varies over the different test sets between 2
frames per second (fps) and 5fps, since the computational complexity depends on various factors,
such as length of the sequence, image size, target length, quality of the initial detection step and
number of scatterers. In most cases, the computational overload of the iterative optimization is not
signi cantly higher than the cost of the initialization and the RANSAC steps.

4.4 Parameter settings in dynamic MPP models

We can divide the parameters of the proposed dynamic MPP methods into three groups corre-
sponding to the prior model, data model and the optimization.

The prior model parameters of the mMPP model, such as the | window size for GODF calcu-
lation by (see Sec. 4.2.2.1) and maximal/minimal rectangle side lengths at the difference scales,
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depend on image resolution and expected object dimensions, thus they are set based on sample ob-
jects. As for the F™"MPP approach the reg, T , d! ., Oy A5, and dS9 factors are also calibrated
in a supervised way. Here further relevant prior parameters are the weighting factors within the
I (ug; 1) interaction term, we used here uniform weights | = = 45 = ¢ = 0:25. We used a
constant = 2 weight between the data term and the overlapping coef cientineq. (4.2) and (4.5).

The parameters of the data model in mMPP are estimated based on training image regions

feature library (e.g. 9'(u) gradient descriptor for building detection). We remind the Reader
that each f(u) of our model is a noisy quality measure and the corresponding energy term is
obtained as ”¢(u) = M(f(u); dl: DT) (see Sec. 4.2.2.2). Here we set the normalizing constant
as Df = max; f(uj")  min; F(ui"). Exploiting that the M transfer function is monotonously
decreasing with a sole root f(u) = df, object u is attractive in image i (ie. *(u) < 0) iff
f(u) > dg. Consequently, increasing dg may decrease the false alarm rate and increase the missing
alarms corresponding to the selected feature. Since in the proposed model we can simultaneously
utilize several objects prototypes, our strategy for setting d(f, is to minimize the false alarms for each
prototype, and eliminate the missing objects using further feature tuples. By setting the F"MPP
data model parameters (dp and d ), we utilized that using similar ISAR imaging conditions, the
contrast parameters of the images are very similar. Finally, to set the optimization parameters, we
followed the guidelines provided in [87] and used ( between 10000 and 20000, o between 20
and 50, and geometric cooling factors 1=0:96.

4.5 Conclusions of the chapter

In this chapter, we proposed two different solutions for dynamic Marked Point Processes.

In the rst part, we have proposed a multitemporal Marked Point Process (mMPP) framework
for building extraction and change monitoring in remotely sensed image pairs in a joint proba-
bilistic approach. A global optimization process attempted to nd the optimal con guration of
buildings, considering the observed data, prior knowledge, and interactions between the neigh-
boring building parts. The computational cost has been signi cantly decreased by a non-uniform
stochastic object birth process, which proposed relevant objects with higher probability based on
low-level image features.

The second part has addressed the detection and characterization of large ship and airplane
targets in ISAR image sequences using an energy minimization approach. We have proposed a
robust joint model for axis extraction, feature point detection and tracking. We have shown that in
case of noisy sequences, the introduced Multiframe Marked Point Process schema can signi cantly
improve the results of frame-by-frame detection.
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Chapter 5

Multi-level object population analysis with
an Embedded MPP model

In this chapter we introduce a probabilistic approach for extracting complex hierarchical object
structures from digital images used by various vision applications. The proposed framework ex-
tends conventional Marked Point Process (MPP) models by (i) admitting object-subobject ensem-
bles in parent-child relationships and (ii) allowing corresponding objects to form coherent object
groups, by a Bayesian segmentation of the population. Differently from earlier, highly domain spe-
ci c attempts on MPP generalization, the proposed model is de ned at an abstract level, providing
clear interfaces for the possible applications. We also introduce a global optimization process for
the multi-layer framework, which attempts to nd the optimal con guration of entities, considering
the observed data, prior knowledge, and interactions between the neighboring and the hierarchi-
cally related objects. The proposed method is demonstrated in three different application areas:
built in area analysis in remotely sensed images, traf ¢ monitoring on airborne Lidar data and op-
tical circuit inspection.

61
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5.1 A hierarchical MPP approach

In the recent years, one of the main evolving characteristic features of commercial perception
sensors has been the spatial resolution. In the remote sensing domain, several very high resolution
satellites have been launched including the Pleiades system (in 2011) which provides submetric
resolution data incorporating stereo facilities. On the other hand, Full High De nition (HD) video
cameras are available at affordable prices for many surveillance applications, which systems can be
supported by arrays of multiple thermal or Time-of-Flight (ToF) sensors. The spatial resolution of
airborne or terrestrial laser scanning is also increasing due to a focused development of aerial Lidar
devices and mobile mapping systems. In industrial optical inspection systems research works on
designing proper sources of illumination, decreasing lens aberrations and improving the limited
depth of eld result in sharp images up to a few m resolution.

From the processing side, the above hardware developments imply a notable shift in computer
vision methodologies. While several earlier technologies focused an compensating low image
resolution e.g. by mosaicking or superresolution techniques, nowadays ne details are observable
in high-resolution images, demanding hierarchical content parsing algorithms [72], which can
interpret the observed information at multiple levels. While the conventional MPP-based image
analysis models (see Sec. 2.2 and also our earlier introduced multitemporal models in Chapter 4)
are purely focusing on object extraction with direct (bilateral) object interaction modeling within
populations, dealing with higher level object grouping and object decomposition issues are also
critical parts of complex scene understanding processes.

There have already been a few attempts conducted for multi-entity-level modeling with point
processes in the literature. The Multi-MPP framework proposed by [109] offers extensions of
MPP models regarding two issues. First, to simultaneously detect variously shaped entities, it
jointly samples different types of geometric objects. Second, by a statistical type and alignment
analysis of the extracted nearby entities local texture representation of the different image regions is
obtained. Although this approach ts well to bottom-up exploration tasks of the unknown imaged
scene content, it is not straightforward in many vision applications, how to ef ciently segment
in this framework the object population based on domain speci ¢ top-down knowledge. On the
other hand, several hierarchical phenomena can be better described by object-subobject ensembles
in parent-child relationships rather than by object grouping constraints. As examples, we can
mention here Circuit Elements (CE) of Printed Circuit Boards (PCB) and recognizable patterns of
included artifacts within the CEs [8, 11] in m resolution images, building roofs and chimneys in
aerial or satellite photos, ships and containers in radar images [7] etc.

For the above reasons, we introduce in this chapter a new three level Embedded Marked Point
Process (EMPP) framework [2, 25], which has the following two key properties:
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We describe the hierarchy between objects and object parts as a parent-child relationship
embedded into the MPP framework. The appearance of a child object is affected by its
parent entity, considering geometrical and spectral constraints, such as the geometric gure
of a parent object encapsulates gure of its a child object, or the color/texture of the parent
object may in uences the appearance characteristic of the child entity.

For avoiding the limitations of using pairwise object interactions only, we propose here a
multi-level MPP model, which partitions the complete (parent) entity population into object
groups, called con guration segments, and extracts the objects and the optimal segments
simultaneously by a joint energy minimization process. Object interactions are differently
de ned within the same segment and between two different segments, implementing adap-
tive object neighborhoods. In this way, we can use in parallel strong alignment or spectral
similarity constraints within a group, but the coherent segments may even have irregular, or
thin, elongated shapes.

As it will be shown in the following sections, the EMPP model has a complex structure, with
several general and task speci ¢ components mixed together in a uni ed framework. Practical
experiences show that for such composite, application dependent models, the adaption to another
application domain is rarely straightforward, and usually a signi cant amount of modeling work
and code (re-)implementation is needed to transform or modify the framework for a different eld.
As an important novelty of our present method, after collecting similar connecting tasks appearing
in different areas, we address them by a joint methodological approach. We provide here a formal
problem statement and introduce a novel general three-level MPP framework which enables us to
handle a wide family of applications. The structure elements and the energy optimization algorithm
of the complex model are de ned and implemented at the abstract level, while we keep focus on
ensuring very simple interfaces to the different applications, providing exible options for domain
adaption for end-users.

The development of the EMPP model contained three phases. First, we proposed an Automatic
Optical Inspection (AOI) method for PCB validation, with introducing the parent-child relation-
ship into the conventional MPP framework. Second we designed a two-level MPP model focusing
on the joint extraction of vehicles and groups of corresponding vehicles within a traf ¢ scenario
from aerial Lidar data. Both models have been thoroughly validated on real measurements, and
the methodological improvements have been demonstrated versus earlier approaches from the lit-
erature. In the third phase, we have connected the two models, and de ned the general three layer
EMPP framework containing the object group - object - object part levels. Thereafter we gave
proof-of-concept examples how the new three layer model can be adopted to the targeted AOI,
traf ¢ monitoring and built-in area estimation applications. The Author’s scienti ¢ contributions
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Figure 5.1: Structure elements of the EMPP model. Left: a sample population with three object groups, and
various object shapes both at parent and child layers. Right: The multi-layer structure of the model featuring
the encapsulation relation.

regarding the rst step are formulated separately from the later two ones in the sub-theses of Thesis
3 (see Chapter 7). However, for a more compact and less redundant presentation, we take a reverse
order in this Chapter, starting with the introduction of the general EMPP model, an we detail the
application speci c contributions regarding the AOI and traf ¢ monitoring tasks thereafter.

5.2 Problem formulation and notations

To model the hierarchical scene content, the proposed Embedded Marked Point Process (EMPP)
framework has a multi-layer structure, as shown in Fig. 5.1. At the top, we have a super node,
called the population or the con guration, which is a high-level model of the imaged scene. The
population consists of an arbitrary number of object groups, where each group is a composition of
one or many super (or parent) objects. Finally, the super objects may encapsulate any number of
subobjects (or child objects).

Following the notations introduced in Chapters 2 and 4, the input of the EMPP method is an
image over a pixel lattice S, and s 2 S denotes a single pixel. Asthe rst extension of conventional
MPP models, each parent object u 2 H may contain a set of child objects Q, = fq’:: qm(”)g
where m(u)  Mmax and g}, 2 H. Q, = ; marks that u has no child. Let us denote by Hg the
parameter space of all possible Q vectors. Both the parent and child objects are represented by
plane gures from preliminary de ned shape libraries.

As for the second level of the proposed object hierarchy, we introduce the object grouping
process. A given population, denoted by I, is a set of k object groups or (also referred later as
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con guration segments), ! = f 1;:::; kg, where each group ; (i = 1:::Kk) isacon guration
of n; objects:

i=fuy;iiulg2(H  Ho)™: (5.1)
Here we prescribe that ;\ j = ; fori & j, while the k set number and ny; : : :; n set cardinality

values may be arbitrary (and initially unknown) integers. We mark with u ! if u belongs to
any inlie. 9 ;271:u2 ;. Letusdenoteby Ny(!) the proximity based neighborhood of
u T, which is independent of the group level: Ny,(¥) =fv 1 :u vg.

Finally, we denote by  the space of all the possible global con gurations, which is constructed
as:

N (0]
=X, f oo w20, o (5.2)

In this way, we consider that each population I 2  may include any number of groups composed
of any number of objects and child objects.

5.3 EMPP energy model

The EMPP energy function is derived with minor modi cations of the basic formula (2.21):

(H= o+ (M) (5.3)

where 4(1) = Pu2! A(u) is the unary term and (1) is the prior interaction term.

The unary term construction process follows the same approach as introduced in Sec. 4.2.2.2,
with the only difference that in the EMPP model, the A(u) data energy function is decomposed
into a parent term ~(u) and child terms ~§(u; qy). As indicated by the notation, a child term
may depend both the local image data and the geometry of the parent object (e.g. an intensity
histogram within the parent region). Both the parent and the child level energy components are
derived according to the earlier introduced schema: First tness features are derived to characterize
the ef ciency of the generated super/sup-object candidates respectively. Second, the features are
mapped with the nonlinear M(F; do; D) function to obtain the energy subterms corresponding to
the T feature. Third the joint data energy of object u is derived by combining averaging, max and
min operators, using the multiple prototype de nition strategies presented in Sec. 4.2.2.2

The complete unary term of u is the sum of the parent level terms and the child level terms:

X
A(u) = 74(u) + 7 a(u; qu) (5.4)
qu2Qu
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The interaction terms implement geometric or feature based interaction constraints between
different objects, child objects and object groups of I.
X X X
p(1) = (uiv) +  Ie(U;Qu) + Ig(u; ) (5.5)
l—{z—} f—{z—} [z}

parent-parent interaction  parent-child interaction  parent-group interaction

First, the 1,(u; v) terms provide classical pairwise interaction constraints, for example, we can use

the common intersection term from eq. (2.22), which penalizes overlapping objects: 1,(u;v) =

#TRu\Ryg
#HIRL[RvY"

Second, the I.(u; Qy) terms model interactions between the corresponding parent and child
objects, and interactions between different child objects corresponding to the same parent. For
example, we can prescribe that the children of a given parent (i.e. siblings) should not overlap with
each other, and not overhang the parent, or the siblings should have same shape, similar color, size,
orientation etc.

Third, with the I4(u; ) energies, can de ne various constraints between the object group level
and the (parent) object level of the scene [28]. To measure if an object u appropriately matches
to a population segment , we de ne a distance measure d (u) 2 [0; 1], where d (u) = O corre-
sponds to a high quality match. In general, we prescribe that the segments are spatially connected,
therefore, we use a constant high difference factor, if u has no neighbors within ~ w.r.t. relation

. Thus we derive a modi ed distance:

1 if@v2 nfug:u v

A —
d (u)= d (u) otherwise

(5.6)
By de nition of Ig(u; ), we slightly penalize population segments which only contain a single
object:

Iy(u; ) =ciff =fug; (5.7)

with a small 0 < ¢ constant.
For segments with multiple objects, we penalize large d (u) distances within a group, and also
small d (u) distances if u is not a member of

d () if u2

b )= "¢ ifuz

(5.8)

5.4 Multi-level MPP optimization

For optimizing the energy function of eq. (5.3), we have have extended again the Multiple Birth and
Death (MBD) [87] algorithm. To accommodate to the requirements of the EMPP energy function,
the main task was to include the group assignment, object re-grouping, and child maintenance
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issues within the original MBD framework. On one hand, after each birth step, the generated object
should be assigned to a new, or an existing group. Then, following the death procedure, we execute
a new step, called Group re-arrangement, which may re-direct some objects to neighboring object
groups based on data based and prior soft-constraints. On the other hand, in the last step of an
iteration, called Child Maintenance, we may add, remove or replace child objects for each parent.
As already discussed in Chapter 4, ef cient object proposal strategies can signi cantly speed up the
MPP energy optimization algorithms. While the Feature Based Birth Process (FBB) introduced in
Sec. 4.2.4 proved to be ef cient for the building detection application, we have also introduced an
extended schema, called the Bottom-Up Stochastic Entity Proposal (BUSEP) process, which has
been successfully adopted rst to Printed Circuit Board (PCB) inspection [8], then to Lidar-based
vehicle detection applications. The BUSEP algorithm is executed as a preprocessing step of the
iterative optimization, where we assign to the different image pixels (1) pseudo probability values
that the pixel is an object reference point (e.g. center of an ellipse) (2) narrow distributions for
all object parameters (including orientation and side/axis length parameters) expected in the given
pixels, based on a deterministic object candidate extraction procedure. During the generation of a
new object in the birth step, we follow the distributions of the expected parameters, which yields
that ef cient candidates will be proposed signi cantly faster. On the other hand, similarly to the
birth maps [87] and FBB strategies, the entity proposal maintains the reversibility of the iterative
evolution process of the object population [110], instead of implementing a greedy algorithm.
We use as input of BUSEP a binary foreground mask obtained by a task speci ¢ deterministic
segmentation algorithm from the input image, which realizes a coarse separation of the parent or
child objects from the background. Technical details of the proposed EMPP optimization process
are provided in Appendix D: an example for ef cient candidate generation for BUSEP in the
optical PCB inspection application is presented in Algorithms D.1-D.4, while the pseudo code of
the proposed new Multi-level Multiple Birth-Death-Maintenance (MMBDM) algorithm is shown
in Algorithm D.4.

5.5 Applications of the EMPP model

Implementing the interfaces of the EMPP framework consists of specifying the following issues
for each application:

Model elements: semantic de nition of parent/child objects and object groups. Fixing the
shape libraries for parent/child objects, and additional domain speci ¢ constraints such as the
maximum number of siblings having the same parent.

Unary terms: de ning the domain speci c f features and feature integration rules to obtain the
parent level *§ (u) and child level *$ (u;qy) unary terms.
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Figure 5.2: Results of built-in area analysis, displayed at three different scales. Building groups are dis-
tinguished with different colors (purple: red roofs’ district, others: orientation based groups); red markers
denote the detected chimneys

Parent-parent interactions: de ning the I,(u;v) interaction terms between (spatially) neigh-
boring parent objects.

Parent-child interactions: de ning the I.(u; Q) interaction constraints between the corre-
sponding parent a children objects.

Parent-group interactions: de ning the grouping constraints through the de nition of thed (u)
object-segment distance.

We emphasize hereby that all further model elements and algorithmic steps introduced in Sec-
tions 5.2-5.4 are independent on the concrete application, which property was ensured during
model implementation by a clear separation of the general and tasks speci ¢ program components.

5.5.1 Built-in area analysis in aerial and satellite images

As we introduced in Chapter 4, analyzing built-in areas in aerial and satellite images is a key
issue in several remote sensing applications, e.g. in cartography, GIS data management and up-
dating, or disaster management. Most existing techniques focus on the extraction of individual
buildings or building segments from the images [10], however, as pointed out in [150] nding
groups of corresponding buildings (e.g. a residential housing district) has also a great interest in
urban environment planning, as well as detecting illegally built objects which do not t the reg-
ular environment. On the other hand authorities or telecommunication companies may also need
to monitor speci ¢ objects on the roofs such as chimneys or parabolic antenna dishes for either
statistical purposes (market research), or for the estimation of air pollution. Detecting illegal or
irregular chimneys can also be a relevant task for city monitoring.

For demonstrating the adaptation of the EMPP model for the topic of urban area analysis,
we have chosen very high resolution aerial images (around 12cm/pixel) captured from regions of
Budapest, Hungary, a representative sample is displayed in Fig. 5.2. The task speci c issues are
detailed in the following.
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