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Abstract 

Even more than 75 years after the Second World War ended, numerous unexploded bombs (duds) 
linger in the ground and pose a considerable hazard to society. The areas that may contain duds 
are documented in so-called impact maps, which are based on locations of exploded bombs; these 
locations can be found in aerial wartime images taken after bombing. Often, several surveillance 
flights were carried out and, thus, areas may be covered by multiple images. Such images are being 
used today by experts to manually identify suspicious locations concerning duds, which entails an 
immense processing effort. Consequently, for the cost-efficient creation of an impact map, in this 
work flagging areas to be probed, an automatic generation is indispensable. 

To generate impact maps, in this thesis a novel probabilistic approach based on marked point 
processes (MPPs) for the automatic detection of bomb craters in aerial wartime images is investi-
gated. The object model for the craters is represented by circles and is embedded in the MPP-
framework. By means of stochastic sampling the most likely configuration of objects within the 
scene is determined. Randomly adding objects to and removing them from the current configura-
tion, or changing their positions and modifying the circle parameters, creates new object configu-
rations. Each configuration is evaluated using an energy function that describes its consistency 
with the predefined model. High gradient magnitudes along the object border, homogeneous grey 
values inside the object as well as a high contrast between the object and a concentric annulus 
around it are favoured while overlaps between objects are penalized. In connection with the sto-
chastic sampling, the Reversible Jump Markov Chain Monte Carlo method in combination with 
simulated annealing is used to search for the global optimum of the energy function in an iterative 
way. To take advantage of the multi-image coverage, the procedure allows the combination of 
individual detection results covering the same location. Afterwards, a probability map for duds is 
generated from the detections via kernel density estimation and areas around the detections are 
classified as contaminated, resulting in an impact map. 

The method is tested on aerial wartime images acquired by the Allied forces during World War 
II and taken over different areas in Europe. Within the images, content and appearance differ, the 
latter e.g. due to blurring, uneven illumination, lack of contrast or changes due to time. For evalu-
ation purposes, reference data manually annotated by experts are used. The results show the po-
tential of the procedure, also indicating that complex image content pushes the method to its limits. 
By using redundant image information, compared to the single image approach, a clear improve-
ment is achieved; experiments show an increased F1-score in almost every case. Finally, experi-
ments in connection with the precision of the generated impact map reveal that 45 % of the areas 
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that actually need to be probed can be detected with a precision of 90 %, rendering the procedure 
attractive for supporting the manual inspection of the images. 

 

Keywords: Marked point processes, Reversible Jump Markov Chain Monte Carlo sampling, 
aerial wartime images, bomb craters, duds, impact maps 
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Kurzfassung 

Selbst mehr als 75 Jahre nach Ende des Zweiten Weltkriegs verweilen noch zahlreiche nicht ex-
plodierte Bomben (Blindgänger) im Boden und stellen eine erhebliche Gefahr für die Gesellschaft 
dar. Die Gebiete, in denen sich Blindgänger befinden können, werden in so genannten Belastungs-
karten dokumentiert, die auf den Positionen der explodierten Bomben beruhen; diese Positionen 
sind auf Kriegsluftbildern zu finden, die nach der Bombardierung aufgenommen wurden. Oftmals 
wurden mehrere Aufklärungsflüge durchgeführt, sodass Gebiete durch mehrere Bilder abgedeckt 
sein können. Solche Bilder werden heutzutage von Experten genutzt, um manuell verdächtige 
Stellen im Hinblick auf Blindgänger zu identifizieren, was mit einem immensen Bearbeitungsauf-
wand verbunden ist. Folglich ist für die kosteneffiziente Erstellung einer Belastungskarte, welche 
in dieser Arbeit zu sondierende Gebiete ausweist, eine automatische Generierung unerlässlich. 

Zur Erstellung von Belastungskarten wird in dieser Arbeit ein neuartiger probabilistischer An-
satz auf Basis von markierten Punktprozessen (MPPs) zur automatischen Detektion von Bomben-
kratern in Kriegsluftbildern untersucht. Das Objektmodell für die Krater wird durch Kreise reprä-
sentiert und in das Verfahren der MPPs eingebettet. Mittels stochastischem Sampling wird die 
wahrscheinlichste Konfiguration der Objekte innerhalb der Szene ermittelt. Durch das zufällige 
Hinzufügen und Entfernen von Objekten zu bzw. aus der aktuellen Konfiguration, die Änderung 
ihrer Positionen und die Modifikation der Kreisparameter entstehen neue Objektkonfigurationen. 
Jede Konfiguration wird anhand einer Energiefunktion bewertet, die ihre Übereinstimmung mit 
dem vordefinierten Modell beschreibt. Hohe Gradientenmagnituden entlang des Objektrandes, ho-
mogene Grauwerte innerhalb des Objekts sowie ein starker Kontrast zwischen dem Objekt und 
einem konzentrischen Umring um dieses werden favorisiert, während Überlappungen von Objek-
ten bestraft werden. Im Zusammenhang mit dem stochastischen Sampling wird die Reversible-
Jump-Markov-Chain-Monte-Carlo-Methode in Kombination mit Simulated Annealing genutzt, 
um das globale Optimum der Energiefunktion iterativ aufzufinden. Um die Vorteile der Mehrbild-
abdeckung zu nutzen, erlaubt das Verfahren die Kombination einzelner Detektionsergebnisse des-
selben Ortes. Anschließend wird aus den Detektionen mittels Kerndichteschätzung eine Wahr-
scheinlichkeitskarte für Blindgänger erzeugt und Bereiche um die Detektionen werden als belastet 
klassifiziert, wodurch eine Belastungskarte entsteht.  

Das Verfahren wird an Luftbildern aus dem Zweiten Weltkrieg getestet, die von den alliierten 
Streitkräften über verschiedenen Gebieten in Europa aufgenommen wurden. Innerhalb der Bilder 
unterscheiden sich Inhalt und Aussehen, letzteres z. B. aufgrund von Unschärfe, ungleichmäßiger 
Beleuchtung, fehlendem Kontrast oder zeitlich bedingter Veränderungen. Zur Evaluierung werden 
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von Experten manuell annotierte Referenzdaten herangezogen. Die Ergebnisse zeigen das Poten-
tial der Methode auf, geben aber auch zu erkennen, dass komplexe Bildinhalte das Verfahren an 
seine Grenzen bringen. Durch die Verwendung redundanter Bildinformationen wird im Vergleich 
zum Einzelbildansatz eine deutliche Verbesserung erzielt; Experimente weisen in fast allen Fällen 
eine höhere F1-Score auf. Schließlich zeigen Experimente im Zusammenhang mit der Korrektheit 
der erzeugten Belastungskarte, dass 45 % der tatsächlich zu sondierenden Gebiete mit einer Kor-
rektheit von 90 % gefunden werden können, was das Verfahren für die Unterstützung der manu-
ellen Inspektion der Bilder attraktiv macht. 

 

Schlagworte: Markierte Punktprozesse, Reversible-Jump-Markov-Chain-Monte-Carlo-Samp-
ling, Kriegsluftbilder, Bombenkrater, Blindgänger, Belastungskarten 
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2 1  Introduction  

vicinity or by the detonation hole itself. Moreover, a large scale and good image quality are essen-
tial. In addition, duds can easily be confused with other structures, such as small image errors or 
one-man holes. 

For the cost-efficient creation of an impact map, an automatic generation is indispensable. This 
work focuses on bomb craters to deduce the probability for the occurrence of duds as craters indi-
cate areas where duds may be located. Hence, this probability can be used to identify contaminated 
areas to be represented in the impact map. The thesis focuses on a scenario in which the precision 
of the impact map is most important: One is interested in detecting areas that have a high likelihood 
of containing a dud so that it makes sense to send a team of experts to that area to probe it using 
geophysical detectors. As this is expensive, false detections should be avoided. In general, probing 
is recommended for the areas of individual bomb craters as well as clusters of craters, given that 
the former already need to be probed due to a possible occlusion of duds by bomb craters together 
with their ejecta. The main benefit for the Explosive Ordnance Disposal Service is that the aerial 
images would then no longer have to be inspected manually in areas flagged as to be probed. 
Another scenario could be to exclude areas in advance in which there is a high probability that no 
dud exists. Here, bomb craters must not be missed, because an area falsely classified as uncontam-
inated could contain a dud, which might lead to a detonation, e.g. in a building project. Thus, this 
type of application is to be judged as very critical and will not be pursued further in this work. 

For the automatic detection of objects, various techniques from the field of image analysis have 
been suggested. In this context, prior knowledge expressed in terms of probabilities is frequently 
integrated into the object model. Markov Random Fields (Geman and Geman, 1984) and Condi-
tional Random Fields (Kumar and Hebert, 2006), integrating probabilistic models of context, are 
restricted to local interactions, e.g. between neighbouring pixels. More global constraints about 
the objects, for instance with respect to their shape, are difficult to integrate. This limitation can 
be addressed using marked point processes (MPPs; Descombes and Zerubia, 2002; Daley and 
Vere-Jones, 2003), a model-based probabilistic method, which is especially suitable if  a strong 
object model is needed, e.g. to obtain useful results even for challenging data. The basic concept 
of MPPs is to model objects by a stochastic process. This involves modelling the number and the 
distribution of the objects in the image as well as the parameters describing their geometry as 
random variables. Based on simulations, different object configurations can be created to find the 
globally optimal configuration that best fits the input data and the integrated prior knowledge. In 
this way, knowledge about objects is expressed on a holistic level and characteristics of objects 
can be integrated beyond pixel-based relations. In addition, MPPs benefit from their flexibility in 
integrating knowledge about the objects and their mutual relationships. Furthermore, the number 
of objects in the scene during sampling is variable, i.e. it does not have to be known beforehand. 

Starting with pioneering works (Baddeley and van Lieshout, 1993; Rue and Hurn, 1999), MPPs 
have achieved good results in several object detection problems (e.g. Lafarge et al., 2010; Tour-
naire et al., 2010; Börcs and Benedek, 2015; Favreau et al., 2019). Often, the Bhattacharyya dis-
tance (Bhattacharyya, 1943), measuring the contrast between the object and a concentric annulus 









 

 



 
  7 

2 Related work 

This chapter reviews and discusses literature relevant to this thesis. Methods for object detection 
are surveyed on a more general level in Section 2.1. Afterwards, related work on object detection 
with marked point processes (MPPs) is discussed (Section 2.2). Existing approaches associated 
with the task of bomb crater detection are addressed in Section 2.3. As this thesis is concerned 
with the generation of an impact map, i.e. the deduction of area-based information from objects, 
Section 2.4 deals with spatial data analysis and its techniques. Given that crater detection plays an 
important role in planetary science too, and because several interesting methods have been devel-
oped in the context of planetary data, previous work on planetary crater detection is also surveyed 
(Section 2.5). The chapter closes with a comprehensive discussion of the reviewed literature in 
Section 2.6. 

2.1 Methods for object detection 

Within the last decades, due to its important role for a wide range of applications, several methods 
have been developed for the automatic detection of objects in optical remote sensing images, the 
kind of data to which the aerial wartime images used in this thesis can also be attributed. As a 
consequence of the widespread interest regarding the detection of objects, a number of publications 
already exist that provide an overview of the topic. In this context, while the works of Zhao et al. 
(2019) and Dhillon and Verma (2020) solely survey deep leaning based approaches, Cheng and 
Han (2016) as well as Zou et al. (2019) also include more traditional detection methods. Generally, 
following Cheng and Han (2016), methods for object detection can be divided into four main cat-
egories. 

One category includes template matching-based approaches, which can be considered as one 
of the earliest methods for object detection. In a first step, templates for the objects to be detected 
are generated, which are afterwards used to scan an image at each possible position to find, ac-
cording to a similarity measure, the best matches. Early research in the area of template matching 
concentrated on rigid templates (e.g. McKeown and Denlinger, 1988) that have been designed for 
detecting specific objects with simple appearance and small variations such as roads (e.g. Kim et 
al., 2004). However, due to their scale and rotation dependency and the usually existent large intra-
class variations among the objects, the use of rigid templates is limited. In contrast, deformable 
template matching (Fischler and Elschlager, 1973), making use of free-form deformable templates 
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or parametric templates (Jain et al., 1998), is more powerful and flexible in dealing with shape 
deformations and intra-class variations. Nevertheless, for template design, prior information re-
garding possible manifestations of objects in the data and parameters of the geometrical shape are 
needed. 

Another category are knowledge-based object detection methods, a review related to optical 
remote sensing images is given in (Baltsavias, 2004). These approaches typically translate the task 
of object detection into a hypotheses testing problem by making use of knowledge and rules on 
the objects to be detected. In this context, geometric knowledge and context knowledge is widely 
employed. The geometric information of the object encodes prior knowledge by using parametric 
or generic shape models. For example, Weidner and Förstner (1995) developed an approach to 
extract the 3D shape of buildings from digital elevation models making use of domain knowledge, 
specifically parametric and prismatic building models. Context knowledge includes information 
on how an object interacts with its neighbourhood or involves spatial constraints or relationships 
between objects and background. An example can be found in (Peng and Liu, 2005), who devel-
oped a shadow-context model to extract buildings in dense urban aerial images. It is worth noting 
that the core of knowledge-based object detection methods is how to effectively transform implicit 
knowledge about the objects into explicit detection rules. If the defined rules are too strict, objects 
may be missed; conversely, rules that are too loose will probably lead to false positives. 

With the growing availability of sub-metre imagery around the turn of the millennium, an in-
crease in contributions of object-based image analysis (Blaschke, 2010) was observed, consisting 
of two steps. First, the image is segmented into regions, each representing a relatively homogene-
ous group of pixels. In a second step, those segments, also referred to as objects, are classified. For 
the segmentation, numerous techniques have been developed; a review of algorithms and chal-
lenges can be found in (Hossain and Chen, 2019). However, Hay et al. (2005) pointed out that the 
real challenge lies in the definition of appropriate segmentation parameters for the varying size, 
shape, and spatial distribution of objects composing a scene, as the subsequent feature extraction 
and classification is highly dependent on the quality of the image segmentation. 

Finally, there are machine learning-based approaches, in which object detection can be per-
formed by learning a classifier that captures the variation in object appearances from training data 
in a supervised framework. The input of the classifier is a set of image regions for which their 
corresponding feature vectors and class labels are known. In traditional machine learning, for the 
extraction of the so-called hand-crafted features, e.g. spectral, textural, structural and 3D infor-
mation can be considered; a review on feature extraction is available in (Li et al., 2015). In this 
context, it is important to cleverly design the features, as the performance of the classifier will be 
limited by their quality. After feature extraction, the classifier can be trained with the objective of 
minimizing the misclassification error on such training samples, i.e. a model of the appearance of 
the objects in the data is learned. Finally, during classification, the classifier predicts the class label 
for unseen samples based on the learned features. For the classification, probabilistic approaches, 
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such as logistic regression (Bishop, 2006), and non-probabilistic approaches, as, for instance, sup-
port vector machines (Cortes and Vapnik, 1995) or random forests (Breiman, 2001), can be used 
in connection with traditional machine learning. In contrast, deep learning-based approaches mak-
ing use of convolutional neural networks (Krizhevsky et al., 2012) and having been very popular 
for several years, do not require the separation into feature extraction and classification. In fact, 
features and model are learned together, i.e. both tasks support each other. In the context of CNN-
based object detection, there are one-stage and two stage detectors. The latter follows the tradi-
tional object detection pipeline by generating region proposals at first and then classifying each 
proposal into object categories. Girshick et al. (2014) took the lead in proposing regions with CNN 
features (R-CNN), followed by networks improved with regard to certain aspects. Well-known 
works are, for instance, Fast R-CNN (Girshick, 2015), Faster R-CNN (Ren et al., 2015) and Fea-
ture Pyramid Networks (Lin et al., 2017). On the contrary, one-stage detectors, such as You Only 
Look Once (Redmon et al., 2016), adopt a unified framework to extract the object classes and 
locations simultaneously, making them fast. Both traditional machine learning-based as well as 
deep learning-based approaches need labelled training data to work at all, also making the quality 
of the results dependent on the samples considered for training. Due to the huge number of param-
eters to be learned, approaches based on CNNs need a comparatively larger set of training samples 
to yield good results and, thus, their creation is rather time-consuming. 

2.2 Object detection based on marked point processes 

MPPs, a model-based probabilistic approach, provide an alternative to the previously mentioned 
methods. They allow the use of a strong object model, an important asset if data quality might be 
poor. Based on simulations, different object configurations are created in order to find the globally 
optimal configuration that best fits the input data and the integrated prior knowledge. To evaluate 
the quality of the object configuration, an energy function is employed, typically consisting of a 
data and a prior energy. The former measures the consistency of the configuration with the input 
data, the latter integrates prior knowledge about the arrangement of the objects in the scene. As a 
result, the object configuration is found for which the energy is minimal. For the detection of 
objects using MPPs, simple geometric primitives are used (Section 2.2.1); more complex models 
are also considered (Section 2.2.2). In this context, favouring the sampling of objects at certain 
locations is commonly applied (Section 2.2.3). 
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2.2.1 Simple geometric primitives 

Single geometric primitive s 

Often, simple geometric primitives (e.g. circles, ellipses and rectangles) are employed to represent 
the objects to be detected. This frequently involves the use of one individual primitive, e.g. a circle 
for the detection of tree crowns. 

Circles have been applied to a wide variety of data types, e.g. to detect tree crowns in airborne 
(Zhang et al., 2013; Aval et al., 2018) and mobile (Yu et al., 2012; Li et al., 2016) laser scanning 
data sets or remotely sensed images (Perrin et al., 2004), combined with canopy altimetry from 
airborne Light Detection and Ranging (LiDAR; Zhou et al., 2010). Furthermore, they have been 
used for nuclei detection in microscopic images (Kowal and Korbicz, 2018) and oil tank detection 
in synthetic aperture radar (SAR) data (Arslan et al., 2009). In quite a few of these works and, e.g. 
(Descombes et al., 2009), overlaps between objects are penalized. Arslan et al. (2009), Descombes 
et al. (2009), Zhou et al. (2010) and Aval et al. (2018) compute the radiometric (grey level) distance 
between the pixels in the circle and the pixels inside a concentric annulus around it. Likewise, but 
in the context of elliptical objects, numerous works based on the Bhattacharyya distance have been 
proposed, e.g. for the detection of flamingos (Gamal-Eldin et al., 2010; Descamps et al., 2011), 
seed products (Dubosclard et al., 2014), boats in harbours (Craciun and Zerubia, 2013) or cell 
nuclei (Gadgil et al., 2016). Moreover, Verdié and Lafarge (2014) make use of ellipses for popu-
lation counting from images (e.g. birds and bees). In the context of tree crown detection from 
optical aerial images and airborne LiDAR, Perrin et al. (2005) and Andersen et al. (2012) also 
employ ellipses and ellipsoids, respectively. Besides the penalization of overlap, the works of (Per-
rin et al., 2005; Craciun and Zerubia, 2013; Aval et al., 2018) make use of objects being locally 
aligned. In clusters of bomb craters, no specific patterns exist, which is why such prior information 
cannot be exploited in the scope of this thesis. 

Rectangles are frequently used to extract buildings or other human-made objects. In this con-
text, MPPs have been applied to digital surface models (DSMs; e.g. Ortner et al., 2007; Tournaire 
et al., 2010; Brédif et al., 2013) and remotely sensed images (e.g. Benedek et al., 2012; Chai et al., 
2012). In all of these works, except (Chai et al., 2012), a rectangle is included in the object con-
figuration during sampling if high gradient magnitudes at the rectangle border are present while 
configurations with overlapping rectangles are penalized. Wenzel and Förstner (2016) use rectan-
gles to interpret facades of buildings based on rectified images, where statistics of typical config-
urations of facade objects (windows, entrances) are learned from training data. Börcs and Benedek 
(2015) employ rectangles for the extraction of vehicle groups in LiDAR point clouds. In order to 
improve their results, prior knowledge with respect to the expected vehicle configuration is incor-
porated. Similarly, Ortner et al. (2007) and Brédif et al. (2013) include assumptions regarding the 
alignment of rectangles in connection with the extraction of buildings. However, as mentioned 
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to SAR image sequences (Benedek and Martorella, 2014), remotely sensed optical imagery (Perrin 
et al., 2006; Ben Hadj et al., 2010), microscopic images (Soubies et al., 2013; 2015), the latter two 
(Li et al., 2018) or others (Ben Salah et al., 2018). Based on a library of three geometric primitives 
(circle, line and rectangle), Lafarge et al. (2010) allow the object type to be changed in the sam-
pling process. Thus, detailed representations of a variety of scenes in terms of their linear and areal 
components can be produced. 

By using different geometric primitives, the detection of objects is not limited to only one par-
ticular characteristic. However, due to the larger number of parameters, the dimension of the search 
space increases, which may lead to a higher number of iterations in the process of finding the 
optimal object configuration. Furthermore, the complexity of the model is increased. Finally, the 
use of combined primitives can lead to problems with regard to correct detections, as potentially 
more disturbing objects (objects that appear similar to the objects to be found in the data) may be 
detected. 

2.2.2 More complex object shapes 

In some cases, objects cannot be approximated by simple geometric primitives or it is important 
to describe them more precisely, e.g. in terms of their shape. In this context, Descombes (2017) 
uses circles and ellipses for cell detection. In order to improve the resulting poor approximation of 
the cell shapes, the object space may be defined as a dictionary of precomputed shapes. Such a 
dictionary can be obtained from previous segmentation methods (Poulain et al., 2015) or by con-
structing an exhaustive description of convex shapes inside a small region (e.g. bounded by 5 x 5 
pixels; Cedilnik et al., 2018). Further examples making use of more complex models based on a 
predefined library of desired objects can, for instance, be found in (Mallet et al., 2010; Hervieu et 
al., 2015; Ghanta et al., 2018; Zhao et al., 2020). Hervieu et al. (2015) detect road-markings in 
intensity images derived from laser scanning data from Mobile Mapping Systems. Based on pre-
defined templates for road-markings (e.g. dashed-lines, arrows, characters), the correlation be-
tween the distribution of the model's intensity values with those in the data is used to evaluate a 
proposal in the sampling process. Mallet et al. (2010) and Zhao et al. (2020) use libraries including 
different parametric functions or road elements to model LiDAR waveforms or extract road net-
works, respectively. Kim et al. (2019) model narrow gaps as geometric structures called channels. 
In total, three different channel models are used for its detection in microscopic images. A so-
called Delaunay Point Process for the extraction of geometric structures is introduced by Favreau 
et al. (2019). Their approach simultaneously locates and groups geometric primitives (line seg-
ments, triangles) to form extended structures (line networks, polygons) for a variety of image 
analysis tasks such as line network extraction or object contouring. Another way to achieve a more 
accurate delineation of the desired objects is presented by Kulikova et al. (2009; 2012). They pre-
sent an MPP approach for multiple arbitrarily-shaped object extraction (here cell nuclei) by mod-
elling individual object boundaries as closed planar curves. Zhao and Comer (2016) combine 



 
 2.2  Object detection based on marked point processes 13 

MRFs and MPPs to take advantage of the strengths of each approach (MRFs are useful for impos-
ing local constraints while, on the contrary, it is convenient to model global constraints within the 
MPP framework). In this way, a precise boundary localization, here of materials, is likewise pos-
sible. 

The benefit of the methods described above is that, in contrast to modelling objects using simple 
geometric primitives, a more accurate delineation of the desired objects is possible. However, one 
drawback is that usually the library of respective objects has to be defined in advance (e.g. Zhao 
et al., 2020) or, in some cases, is derived by another method (e.g. Poulain et al., 2015). This typi-
cally involves considerable effort, as it may not be easy to find appropriate descriptions for the 
objects to be detected. In addition, the scene specific modelling, such as in (Mallet et al., 2010), 
limits the transferability to other applications. 

2.2.3 Favouring sampling of objects at certain locations 

In connection with MPPs, knowledge is often integrated such that the generation of objects being 
focused to specific locations. Respective examples can, for instance, be found in (Utasi and Bene-
dek, 2011; Benedek and Martorella, 2014; Kim et al., 2019) or (Descamps et al., 2008; Arslan et 
al., 2009; Benedek et al., 2012; Schmidt et al., 2017). The first group makes use of a foreground-
background classification, i.e. in the sampling process, objects are only created on foreground 
pixels. In the work of (Utasi and Benedek, 2011), cylinders are used to model people in 3D space 
and objects are only generated on a 2D ground plane, derived from multiple calibrated camera 
views. Benedek and Martorella (2014) segment inverse SAR images into foreground and back-
ground classes using a binary Markov Random Field model (Benedek and Szirányi, 2009). The 
other group derives a probability for the existence of an object for every pixel. In this context, 
Benedek et al. (2012) use low-level image features, for example local gradient orientations or the 
homogeneity of grey values. Schmidt et al. (2017), in connection with network extraction, set a 
threshold for simple raster data features, e.g. the heights in the digital terrain model (DTM) or the 
grey values in the image. However, for the data used in this thesis there is no height information 
available and objects such as trees or buildings as well as their shadows make an appropriate 
threshold selection rather difficult. In the context of planetary crater detection, Solarna et al. (2017; 
2020) create a so-called birth map from the available contour map by finding possible ellipse cen-
tres midway between contour points via a generalized Hough transform, which are then spread 
through Gaussian filtering. Bomb craters are generally not characterised by a distinct pair of high-
light and shadow regions (Figure 1.1), as planetary craters often are. 

If the method for limiting the search space is not chosen appropriately, it is possible that the 
sampling of objects no longer takes place at locations where objects to be detected are located. 
This, in turn, may lead to the fact that these objects are not detected at all. On the other hand, a 
sampling of objects at certain locations adapted to the particular task can also lead to the avoidance 
of, for example, more complex image contents that can potentially lead to more false detections. 
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estimation is particularly well suited for the task pursued in this work, namely the generation of 
an impact map from detected bomb craters. 

2.4.2 Impact map generation from detected bomb craters 

In the literature, there are only a few works dealing with the generation of impact maps based on 
bomb craters. As in the thesis, automatic bomb crater detection may be carried out in advance (e.g. 
Juhász and Neuberger, 2018); the work of (Tavakkoli Sabour et al., 2014) makes use of manually 
mapped craters. The development of approaches for the derivation of the impact map is always 
based on the assumption that the more bomb craters there are in the vicinity, the higher the prob-
ability of duds. In this context, Juhász and Neuberger (2018) propose an impact map based on 
tiles, which are colour-coded according to the level of impact, i.e. the number of detections per 
tile, following a traffic light system. Especially with regard to flag areas to be probed, approaches 
based on tiles are not considered to be suitable for several reasons; see also the more general dis-
cussion above (Section 2.4.1). On the one hand, the choice of the tile size directly effects the 
resulting impact map; it may therefore not represent the actual extent of the contamination. More 
precisely, tiles that are too small result in a situation in which some areas that need to be probed 
will not be included, while tiles that are too large will result in overly large areas to be probed. In 
practice, the latter leads to unnecessary costs. In addition, designating probing areas correctly is 
hindered by the fact that detections can be located in the border areas of tiles, requiring a specific 
handling for neighbouring tiles. Another tile-based approach is given by Tavakkoli Sabour et al. 
(2014), who present a method for calculating a per-tile probability of duds according to the distri-
bution and density of exploded bombs. The drawbacks mentioned above, basically the need for an 
appropriate choice of the tile size and the fact that the designation of probing areas by tile-based 
approaches is only quite coarse, also apply to their work. 

2.5 Methods for planetary crater detection 

Planetary craters are among the most important topographic features on planetary surfaces, often 
formed by the impact of meteoroids. That is why various methods for crater detection have been 
extensively exploited to study the history of planets (Salamuniccar and Loncaric, 2008; Woicke et 
al., 2018; Emami et al., 2019). In this regard, catalogues of extracted craters were made publicly 
available (e.g. Robbins and Hynek, 2012; Wang and Wu, 2020) and are used for planetary science 
studies, e.g. to analyse the craters characteristics, such as diameter, slope or depth (Liu et al., 2017; 
Savage et al., 2018) or for planetary age determination based on counted craters (DeLatte et al., 
2019; Benedix et al., 2020). 

Methods for planetary crater detection can be broadly divided into unsupervised, supervised 
and hybrid approaches. The former often assume a circular or elliptical shape for the craters and 
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being hundreds of times faster. Another very recent work by Tewari et al. (2022) simultaneously 
utilizes slope maps besides optical images and elevation data. 

Hybrid approaches, i.e. combinations of unsupervised and supervised techniques, for planetary 
crater detection have also been proposed. The procedure of Kim et al. (2005) consist of three 
stages. First, crater edges are extracted and, secondly, optimal ellipses for craters are evaluated 
based on a fitness function and refined and verified by template matching. Finally, false detections 
are removed by a supervised neural network. Urbach and Stepinski (2009), similar to e.g. Chen et 
al. (2018), use different mathematical morphology-based filters to detect crescent-like regions, 
which are subsequently classified into crater or non-crater regions by a supervised machine learn-
ing technique. Unlike many other works in this field, Emami et al. (2015) assume crater regions 
to have a nearly convex shape (instead of being almost circular / elliptic or follow the highlight 
and shadow region assumption). The candidate regions extracted by convex grouping are then 
verified using CNNs. A recent hybrid approach can be found in (Li et al., 2021), where a random 
structured forest is trained to detect edges first. Secondly, considering the detected edge infor-
mation, morphological methods are employed for the determination of crater candidate areas, 
which are finally classified as either crater or background via a CNN. 

Even though the task of planetary crater detection in images seems to be similar to the one of 
detecting bomb craters, there are some major differences. One key aspect is the high appearance 
variation, or intra-class variation, of bomb craters, also due to possible fast changes in short time 
interval (e.g. water in craters) or human intervention (e.g. filling craters with soil). Furthermore, 
unlike on planets, man-made objects or trees and their shadows often lead to confusion with bomb 
craters. The poor quality of many aerial wartime images compared to planetary imagery is also 
worth mentioning. While planetary craters differ strongly in size, bomb craters are small and, thus, 
blend well into the surrounding terrain. Although planetary craters often have (partly) dark interi-
ors, their appearance is usually different from that of bomb craters. In this context, planetary craters 
can also exhibit a distinct pair of highlight and shadow regions, which is generally not the case for 
bomb craters. Finally, larger planetary craters may contain smaller craters. Examples of images 
illustrating some of the characteristics of planetary craters just mentioned are shown in Figure 2.1; 
for a comparison with bomb craters see Figure 1.1. Thus, it can be argued that the above ap-
proaches are not directly applicable to the task of bomb crater detection. 

 

    

Figure 2.1: Exemplary appearances of craters in planetary imagery. 
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comparatively rarely since the end of the war when compared to cities, and are thus of great rele-
vance regarding the designation of probing areas for future construction projects. Furthermore, it 
is usually necessary to completely probe bombed densely built-up areas, as a reliable interpretation 
(both automatically and manually by experts) of aerial wartime images of such areas is not possi-
ble, especially due to coverage by the debris of destroyed buildings. Against this background, the 
focus of the investigations within this thesis is on rural sites. 
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4 Generation of impact maps from bomb cra-
ters 

This chapter introduces a new approach for the automatic detection of bomb craters in aerial war-
time images and the subsequent impact map generation. Motivated by the available literature, this 
work uses marked point processes (MPPs), a model-based probabilistic approach, to deal with the 
bomb crater detection. Moreover, pursuing one of the research objectives within this thesis, the 
approach should also exploit redundant image information by merging detection results from mul-
tiple overlapping images; the overall workflow is illustrated in Figure 4.1 (note that only a subset 
of an image is shown). On the basis of pre-processed aerial wartime images (Figure 4.1 bottom 
left; note that the image shown on the top left is of comparatively good quality), bomb craters are 
detected using MPPs (Section 4.1). Here, craters are represented as circles and during sampling, 
the search space in the image is restricted using the blob detector described in Section 4.1.4, 
providing the coordinate centres of each valid blob as well as its size (Figure 4.1 bottom right, red 
circles). In the sampling process, high gradient magnitudes along the object borders, homogeneous 
grey values inside the objects as well as high contrast between the objects and a concentric annulus 
around them are favoured, while overlapping objects are penalized; the result is a set of detected 
objects per image (Figure 4.1 top right, filled yellow circles). If applicable, redundancy may be 
used, i.e. MPP results of multiple images covering the investigated area are combined (Section 
4.2). Finally, a probability map for duds based on the centres of the detected (and combined) bomb 
craters is created by kernel density estimation. By applying a threshold, areas around the detections 
are classified as contaminated or uncontaminated sites, respectively, resulting in an impact map 
(Section 4.3). Section 4.4 closes this chapter with a discussion of the proposed approach for the 
impact map generation from bomb craters. 

4.1 Bomb crater detection using marked point processes 

The MPP procedure is specified by three key components. First, the object model, describing the 
objects to be detected in the data (Section 4.1.1). Second, the energy, validating the quality of an 
object configuration based on the image content and the spatial interaction of neighbouring objects 
(Section 4.1.2). Third, the optimization method, allowing to determine the globally optimal object 
configuration, i.e. the configuration for which the energy function is minimal (Section 4.1.3). 
These three components and the way in which they are modelled in the context of bomb crater 
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There are objects that have a similar appearance as bomb craters. Among others, shadow casts 
by buildings and trees can lead to false detections. If stereoscopic imagery is available, one way 
of counteract these limitations is to integrate 3D information. Another possibility is to consider 
additional information, such as historical maps and GIS data, to find and subsequently exclude 
such areas from further processing. For simulation purposes, high static objects (buildings, forests, 
trees, others) including their shadows were manually masked. Pixels inside such masked areas are 
considered neither for the detection nor for the evaluation. Figure 4.12 shows two examples of 
subsets of aerial wartime images with the corresponding masks. 

 

  

  

Figure 4.12: Exemplary subsets of aerial wartime images (left) and the respective manually cre-
ated masks of static objects with a certain height including their shadows (black); in these exam-
ples the masked areas include buildings and trees (top right) and forest (bottom right). 

4.1.6 Conceptual workflow  

In this section, for the sake of clarity, the overall conceptual workflow of the proposed method for 
bomb crater detection is briefly summarized. The individual steps can be summarized as follows, 
with all parameters involved in the procedure having to be initialized beforehand: 
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Figure 4.14: Subset of an aerial wartime image (left). Superimposition of the subset of the aerial 
wartime image and a probability map derived from the centres of detected bomb craters shown in 
blue, where brighter colours represent higher probabilities for the occurrence of duds and vice 
versa; the area of influence of a detection is controlled via the bandwidth-parameter, here set to 
50 m (middle). Superimpositions of the subset of the aerial wartime image, the probability map 
and an impact map, obtained by setting a threshold for the probabilities, with potentially contam-
inated and uncontaminated areas shown in red and green, respectively (right). 

4.4 Discussion 

In this section, some aspects of the proposed method are discussed; these mainly include limita-
tions related to the detection of craters by means of the MPP procedure and its transferability to a 
different object detection task. By selecting appropriate parameters (Section 5.3), the MPP method 
can be adapted accordingly. 

The proposed model for the MPPs only allows the detection of dark bomb craters, i.e. craters 
that are characterized by locally darker grey values in comparison to the surrounding area. Alt-
hough craters typically appear dark in the images, this does not always hold true. For instance, if 
craters have been filled with earth before the image was taken, or if sandy soil is present, they 
usually appear brighter than their surroundings. To detect this type of craters, it would be possible 
to use the complementary image as input (implying that only bright craters exist) or to reverse the 
direction of the gradients calculated based on Equation 4.2. However, experiments have shown 
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5 Experimental setup 

This chapter presents the experimental setup used to evaluate the methodology proposed in the 
previous chapter. For this purpose, the evaluation objectives are introduced in Section 5.1, before 
describing the data used for testing (Section 5.2). Section 5.3 reports the parameter settings for the 
experiments, while the evaluation procedure and criteria, allowing for a quantitative assessment 
of the results, are presented in Section 5.4. This chapter closes with a description of the test setup, 
including methodological aspects, regarding a comparison with a deep learning based object de-
tector (Section 5.5). 

5.1 Objectives 

The overall objective of this work is to develop a procedure that generates an impact map from 
bomb craters automatically detected in aerial wartime images; the crater detection task is addressed 
by marked point processes (MPPs). The quality of such an impact map and that of the bomb crater 
detection itself can be evaluated using reference data. For this purpose, the results are evaluated 
quantitatively based on the criteria presented in Section 5.4. The experiments are designed as fol-
lows: First, the proposed MPP model is examined by evaluating the influence of different aspects 
on the results. Moreover, the applicability of the overall approach to differing aerial wartime im-
ages is investigated and results are compared with a state-of-the-art object detector based on CNNs. 
Additionally, the influence of using redundant image information on the results and its contribution 
with respect to the generation of an improved impact map in terms of its precision, is investigated. 
Finally, the extent to which the MPP model is suitable for population counting purposes is exam-
ined. The following questions are addressed by the experiments: 

(1) How stable are the results in the proposed MPP method for the detection of bomb craters 
despite the use of random numbers? How does the circle as default object model compare to an 
ellipse? How do the energy terms affect the quality of the results? 

In order to verify whether and how well the MPP model used is suitable for the detection of bomb 
craters in aerial wartime images, individual parts of the model are examined in more detail. By 
repeating the same experiments several times with identical parameter settings, the influence of 
the random numbers generated during sampling on the results is investigated. Furthermore, the 
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influence of the chosen object model as well as that of the proposed energy terms on the quality 
measures of the results is analysed. 

(2) How well does the proposed approach perform on different aerial wartime imagery? To 
what extent does redundant image information help to improve the quality of the impact map? Can 
the method produce useful results with respect to the proposed application scenario? What would 
be the general benefit of height information? How does the MPP-based method for detecting bomb 
craters compare to a state-of-the-art object detector for this task? 

The proposed method is tested on a variety of aerial wartime images acquired by the Allied forces 
during the Second World War and taken over Lower Saxony, Salzburg and Italy. In this way, the 
general validity of the approach is assessed and potential limitations are identified. As there are 
typically multiple images of the same area, in another set of experiments, the influence of using 
redundant image information, in this case of combining the MPP results of coarsely georeferenced 
panchromatic images of Lower Saxony, on the quality of the results is studied. Lastly, it is inves-
tigated whether the generated impact map can be used in an appropriate way with respect to the 
proposed application scenario. For this purpose, while in the experiments discussed so far, the 
focus is on achieving results with a high F1-score, in these experiments the procedure is tuned to 
achieve a high precision, i.e. the areas falsely classified as contaminated should be as small as 
possible, which is important for the application scenario. Furthermore, to simulate the existence 
of 3D and/or further information, such as historical maps and GIS data, a manual masking of high 
static objects plus their shadows has been carried out (cf. Section 4.1.5). By applying the proposed 
method to the masked data as well, the overall benefit of such additional information can be as-
sessed for both the single (Section 6.2.1) and the multi-image case (Sections 6.2.2 and 6.2.3). 
Finally, the results of the MPP for the detection of bomb craters are compared with those of a state-
of-the-art object detector based on CNNs. 

(3) To what extent is the MPP method suitable for the purpose of population counting in im-
ages? How does it perform compared to other algorithms for this task? 

The proposed MPP method is designed for the detection of bomb craters in aerial wartime imagery. 
At the same time, obviously, the MPP model can in principle also be used for other applications 
(cf. discussion in Section 4.4 regarding the transferability of the approach). With the objective of 
population counting, this work examines the applicability of the model to panchromatic micro-
scopic images for the detection of cells or stomata, and to a panchromatic aerial image for the 
detection of flamingos. For the selected scenes, the results of other methods from the literature are 
available, with which a quantitative and qualitative comparison is made. 
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Figure 5.1: Exemplary subsets of aerial wartime images from Lower Saxony (top row), Italy (mid-
dle row) and Salzburg (bottom row). 
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Figure 6.5: (a, d, g) Subsets of images 25LS1, 2I and 8S, respectively. (b, e, h) The object configu-
rations with TPs in yellow and FPs in cyan; FNs are tagged by red arrows in (a), (d) and (g). (c, f, 
i) Superimpositions of the corresponding impact map and evaluation with TP areas in dark green, 
FN areas in red, FP areas in pale blue and TN areas in lime green. 
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Figure 6.6: Qualitative comparison of the results for non-masked (top left) and masked (black 
pixels; top right) data based on a subset from image 24LS2 (Table 6.4). Corresponding impact maps 
superimposed on the subset of the aerial wartime image and evaluation with TP areas in dark green, 
FN areas in red, FP areas in pale blue and TN areas in lime green. While there is an area falsely 
classified as contaminated (stemming from one false detection) in the left part of the image (pale 
blue, bottom left), it does not occur in the other case due to the masking of the static objects with 
a certain height including their shadows (bottom right). 

of the whole image, the recall is almost unchanged, but the precision increases from 11 % to 59 % 
when the method is run on the masked data. 

The results show that the presented MPP method can in principle be successfully applied for 
the detection of bomb craters in different aerial wartime images. However, the mean quality 
measures for all three sources (LS, I and S) are on a rather low level, especially for the images of 
Salzburg, and the quality of the impact maps derived from the detected objects is only slightly 
better. In this context, investigations on the masked data show that objects with a certain height 
(e.g. forests, trees and buildings) and especially their shadows are responsible for a large number 
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of false detections. Thus, if stereoscopic imagery is available, one way of counteracting these lim-
itations would be to integrate 3D information. Another one is to consider information from other 
sources, such as historical maps and GIS data, to find and subsequently exclude such areas from 
further processing. Note that in the remainder of this thesis the information just mentioned (3D 
information as well as information from other sources) will be referred to as additional infor-
mation. Furthermore, the height information could be embedded into the energy function of the 
MPP in order to improve the detection of bomb craters due to their characteristic surface shape. 

Finally, the results strongly depend on the images used, as has been also reported, for example, 
by Brenner et al. (2018). In principle, this does not only apply to images that show different scenes. 
For instance, it is also possible that images of different surveillance flights showing the same scene 
are of comparatively good and poor quality, respectively, resulting in varying outcomes. To ac-
count for these aspects in an automatic way, at least partly, and as there are usually multiple images 
covering the same area, the use of redundant image information seems to be beneficial. 

6.2.2 Redundant image information 

In this section, the influence of using redundant image information, i.e. of combining the MPP 
results of multiple coarsely georeferenced panchromatic images covering the investigated area, on 
the quality of the results is studied. In this context, the pixel-based quality measures for the com-
parison of the single and the multiple image approach based on the two data sets from Lower 
Saxony (Table 5.1) are computed and analysed. Similarly to the previous section, also the masked 
data is taken into account. 

The results of the investigations can be found in Table 6.4. Here, in addition to the quality 
measures for each of the 27 images from the three different regions, the average results for the two 
data sets (DS A and DS B) as well as for the combination of both data sets (DS A + DS B; non-
masked and masked data) are shown. Furthermore, the mean number of images considered in the 
case of the multiple image approach (NI) and the number of bomb craters (NC) are given. 

First, the results without masks are presented. They show that an average recall and precision 
of 64 % and 77 %, respectively, can be achieved for the multiple image approach (columns 9-11). 
Compared to the single image results (columns 6-8) with a recall and precision of 41 % and 59 %, 
respectively, the F1-score increases strongly from 48 % to 70 %. For DS A, the increase in F1-
score is 23 % (69 % compared to 46 %, average results DS A) whereas for DS B the increase is 
slightly lower with 18 % (71 % compared to 53 %, average results DS B). 

The F1-score of each image improves in 25 out of 27 cases, the only exceptions being images 
14LS2 and 23LS2, both from DS A (regions 2 and 3, respectively). Note that the loss in F1-score for 
these two images is small with 2 % and 3 %, respectively (cf. Table 6.4). Additionally, the im-
provement in F1-score within region 3 of DS A is small compared to the other two regions. This 
can be explained by the comparatively low number of images taken into account (about half as 
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6.4 Object detection for counting purposes in images 

In this section, the transferability of the proposed MPP approach designed for bomb crater detec-
tion (Section 4.1) to the task of population counting from images is examined. For these experi-
ments, panchromatic microscopic images containing cells or stomata, and a panchromatic aerial 
image showing flamingos are considered. For the three scenes flamingos, cells and stomata (Figure 
5.2), using the given reference information, the numerical values of recall, precision and the F1-
score for the object-based evaluation are computed (Section 5.4) and compared with the corre-
sponding existing quality measures from the literature (which were calculated in the same way). 
Moreover, a qualitative comparison is made. 

The quantitative results of the proposed MPP and the methods of Descombes et al. (2009) as 
well as Verdié and Lafarge (2012) for the scenes flamingos, cells and stomata can be found in 
Table 6.6. Both approaches are also based on MPPs but use an ellipse as object model. Their 
energy is specified by only one data energy term that is based on the Bhattacharyya distance, and, 
similar to the proposed approach, a strong overlap of objects is penalized within the prior energy. 
A visual comparison of the results for the three scenes is possible based on the Figures 6.11, 6.12 
and 6.13, respectively. Note that for the method proposed in this thesis, for the scenes flamingos 
and cells, the calculations were performed on the complementary image, as in the original images 
the objects appear brighter than their surroundings; the original image is shown only for the better 
comparison of the individual detection results. 

Having a look to Figure 6.11, it can be seen that the proposed MPP detects almost all birds in 
the image despite the low image quality and the partial overlap of the flamingos (Figure 6.11 
bottom right). However, the borders of the detected objects do not always represent the actual 
object borders, especially in the case of flamingos that appear more elliptical in the image. This 
can be attributed to the use of a circle as an object model in the proposed MPP. Nevertheless, 
experiments have shown that the quality measures are very similar when an ellipse is used instead. 
Comparing the qualitative detection results with the ones of the methods from Descombes et al. 
(2009) and Verdié and Lafarge (2012), illustrated in Figure 6.11 top right and Figure 6.11 bottom 
left, no major differences are visible. One aspect with respect to the results of the proposed MPP 
is its comparatively higher number of false detections. Furthermore, as already mentioned, in the 
other methods the borders of the detected objects represent the actual object borders in a better 
way, especially in the case of Verdié and Lafarge (2012). However, on the other hand, a compar-
atively large number of birds is not detected, for example, due to the fact that only one of two 
overlapping flamingos is found. These findings are also reflected in the quantitative detection re-
sults (see Table 6.6), which are basically on a similar high level. In this context, the procedure of 
Descombes et al. (2009) performs comparatively best with a F1-score of 96.6 %, followed by 
95.1 % for the proposed MPP and 93.4 % for the method of Verdié and Lafarge (2012). Moreover, 
the proposed MPP achieves the highest recall (98.0 %), though the precision is the lowest with 
92.4 %.  
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The quality measures for the scene cells are also in a similarly high range (see Table 6.6). With 
a F1-score of 97.8 %, the method of Verdié and Lafarge (2012) provides the best results; the F1-
scores for the proposed method and that of Descombes et al. (2009) are about 3 % lower, specifi-
cally 94.6 % and 94.4 %. The number of false detections is very low in all cases (< 3), although 
comparatively many cells are not detected, which can be attributed to the sometimes strong overlap 
of the objects and thus the more difficult detection. More precisely, in the case of Verdié and 
Lafarge (2012), the proposed MPP and Descombes et al. (2009), there are 20, 50 and 53 non-
detected cells, respectively. This can also be seen in Figure 6.12. The subset of the scene cells with  

 

   

   

Figure 6.12: Comparison of the results of the proposed MPP with the results of the MPP-based 
methods of Descombes et al. (2009) and Verdié and Lafarge (2012) for a subset of the scene cells; 
the boundaries of the detected objects are shown in red. 
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