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Abstract

Classification of cell types in context of the architecture in tissue specimen is the basis
of diagnostic pathology. Decisions for comprehensive investigations rely on a valid inter-
pretation of tissue morphology. Especially visual examination of bone marrow cells in
gigapixel histopathological images of biopsy sections consumes a considerable amount
of time, where both intra- and inter-observer variability can be remarkable.
This thesis proposes and evaluates approaches based on supervised machine learning for
the automated localization and classification of bone marrow cells and their maturity.
Their main advantage is that they work on raw images without relying on segmenta-
tion or manual feature extraction. A new method termed proximity score regression
is introduced, where employing the Random Forest (RF) algorithm enables an easy
implementation. For each image location, a non-linear monotonous function of the dis-
tance to the closest cell nucleus center is predicted. Cell centers can then be identified
by revealing locally maximal locations in the proximity score map. On five challenging
datasets, the proposed approach outperforms current state-of-the-art methods in terms
of detection reliability, spatial localization accuracy, and speed.
To classify maturation stages, a rotation-invariant classification scheme for multi-class
Echo State Networks (ESNs) is proposed. Based on representing 2D single-cell image
patches as temporal sequence of rotations, ESNs robustly recognize cells of arbitrary
orientations by taking advantage of their short-term memory capacity. A comparison
to a standard RF classifier is provided and discussed.
This thesis provides evidence that the application of supervised machine learning facil-
itates reliable image analysis systems, characterized by a predictable error. Driven by
the key requirement of having reliable ground truth data, a web-application is presented
that enables the conduction of controlled inter-observer reliability studies. While the
presented results look promising for computer-aided diagnosis, an assessment of the
agreement among algorithms and human observers must be studied in future work.



Kurzfassung

Zelltypenklassifikation im Kontext der Gewebsarchitektur ist Grundlage der diagnos-
tischen Pathologie, Entscheidungen hinsichtlich umfassender Untersuchungen beruhen
auf einer validen Interpretation der Gewebsmorphologie. Speziell die visuelle Untersu-
chung von Knochenmarkszellen in histologischen Bildern ist zeitaufwendig und kann
zu einer markanten Intra- und Interobservervariabilität führen.
In der vorliegenden Dissertation werden Methoden basierend auf überwachtem maschi-
nellen Lernen zur automatischen Lokalisation und Klassifikation von Knochenmarks-
zellen in verschiedenen Reifegraden vorgestellt und evaluiert. Diese Methoden können
direkt auf Bilddaten ohne vorangehende Segmentierung oder manuelle Merkmalsex-
traktion angewendet werden. Eine neue Methode namens Proximity Score Regression
wird gezeigt, deren Implementierung basierend auf dem Random Forest (RF) Algorith-
mus sehr einfach möglich ist. Für jede Bildposition wird eine nichtlineare, monotone
Funktion der Distanz zum nächstgelegenen Zellkernmittelpunkt vorhergesagt, wobei die
Positionen lokaler Maxima den Lokalisationen der Zellkerne entsprechen. Untersuchun-
gen auf fünf anspruchsvollen Bilddatenbanken zeigen, dass dieser Ansatz hinsichtlich
räumlicher Lokalisierung und Detektionssgenauigkeit verlässlicher und schneller funk-
tioniert als bisherige State-of-the-Art Methoden. Zur Klassifikation der Reifegrade wird
ein neues rotationsinvariantes Klassifikationsschema für Echo State Networks (ESNs)
vorgestellt. Bilder einzelner Zellen werden durch Rotation in Zeitsignale transformiert.
Es wird gezeigt, wie ESNs aufgrund ihres inherenten Kurzzeitgedächtnisses Einzelzel-
len robust, und unabhängig von deren Orientierung, erkennen können. Ein Vergleich
mit einem RF Klassifikator wird durchgeführt und diskutiert.
Diese Arbeit zeigt, dass überwachtes maschinelles Lernen den Einsatz verlässlicher,
präziser Bildanalysesysteme ermöglicht, deren Fehler abschätzbar ist. Motiviert durch
die Anforderung dieser Methoden an valide Beispieldaten wurde eine Web-Applikation
entwickelt, die eine Durchführung kontrollierter Interobserverstudien ermöglicht. Die
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vielversprechenden Resultate zeigen Möglichkeiten für computergestützte Diagnose-
prozesse auf. In zukünftiger Forschungsarbeit muss die Kongruenz zwischen mehreren
Pathologen und den automatischen Analysemethoden studiert werden.
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Part I.

Background and Material



1. Introduction

Imaging tissue structures has become an integral part of state-of-the-art diagnostics in
medicine and biology. Modern biomedical diagnostics has benefited tremendously from
technological advances in both anatomical and functional imaging in the past decade.
Image resolutions are continuously increasing for volumetric imaging modalities such
as magnetic resonance imaging (MRI) or computed tomography (CT), and microscopic
whole slide imaging (WSI), allowing important visual examinations of organ and tissue
structures at a highly detailed level. In addition, several advanced imaging modalities
for both in-vivo and in-vitro imaging were developed, enabling new insights, but also
posing new challenges to data analysis.

Digital pathology has emerged as an active field of research [1]. Telepathology, virtual
microscopy and other sub-disciplines heavily rely on robust digital image processing
methods and information technology. Every day, hundreds of glass slides frequently
have to be processed manually [2], which is a tedious and error-prone activity. As WSI
has been well accepted as an alternative to the conventional glass slides, lots of new
means in the slide analysis process were revealed [3, 4]. Digital slides are used in a
variety of applications like digital diagnostics, research, education, or digital archiv-
ing [3–5]. The information content with respect to cytological and histological tissue
properties captured in whole slide images is enormous. Due to their quantity and com-
plexity, analysis of entire whole slide images by human experts is cumbersome and calls
for automated quantitative solutions.
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1.1. Motivation and Problem Definition

Hematopoiesis is the physiological process of blood cell maturation in the bone mar-
row. The examination of human bone marrow is essential in hematopathology, and
is performed on clinical indication such as suspected blood disorders. On average, a
pathologist spends considerable time visually, hence qualitatively, analyzing tissue sam-
ples, where two main tasks need to be performed. First, the identification of individual
cells in a tissue specimen, i.e. cell localization and counting, and secondly the recog-
nition of its type. Since cell maturation is a continuous process, determining distinct
stages is sometimes infeasible, even with existing guidelines and significant experience
of the observers. A well known, and one of the most prominent problems of the qualita-
tive analysis is the lack of reproducibility and comparability among different observers
(intra- and inter-observer reliability). Despite the human brain is capable of very im-
pressive performance on a variety of cognitive tasks where machines are simply not
yet intelligent enough, counting hundreds of individual cells of multiple types is still
challenging in many ways. In current routine diagnosis, histomorphometric analysis
of the cellular bone marrow components is increasingly done semi-quantitatively in
digitized glass slides (virtual slides), using basic image processing algorithms. In fact,
such repetitive and monotonic tasks hold great potential for successful automatization.
Advanced computer-assisted methods for automated tissue analysis have been subject
of research over the past years, but very few concepts have reached clinical practice
yet.

Automated tissue analysis methods based on intelligent and adaptive algorithms can
help to increase the quality of the diagnostic process by speeding up image analysis
while reducing the observer variability. Research in image processing, pattern recogni-
tion, computer vision and machine learning has resulted in a rich set of tools that can
be assembled to robust systems capable of learning specific tasks such as recognizing
objects from example images. Once trained, such systems can be applied to previously
unseen images to infer information. Further, they can be expected to exhibit a lower
and more predictable variability than humans. The ability to scale with increasing de-
mands can truly be seen as a significant advantage, also with respect to the tremendous
mass of imaging data being produced every day in clinical practice.
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1.2. Hypotheses and Goals

Given the motivation and problem statement in the previous sections, the following
hypotheses are examined in this work:

1. Machine learning based computer vision algorithms are able to robustly localize
cells in histopathology images of human bone marrow tissue.

2. The discrimination of a variety of bone marrow cell lineages in different stages
of maturation can be performed satisfactorily by machine learning algorithms
directly from digital image data.

3. In both cell localization and recognition, quantitative learning-based algorithms
yield highly accurate and reproducible results, and have both an acceptable and
a predictable error.

The overall goal of this work is to examine the applicability of object localization
and recognition algorithms that learn from example images to support the automated
analysis of bone marrow tissue samples at the cellular level. Here, a machine learning
approach is proposed that learns to estimate the distribution of bone marrow cell
classes in a virtual slide. Since each slide may contain thousands of instances of different
cell classes, the primary goal in automated analysis is the estimation of the cell class
distribution. A secondary goal is finding the relative location of different cell types in
context of the tissue architecture. These problems can be solved by either pursuing
an integrated solution that directly copes with both localization and classification at
once, or splitting the problem into two distinct parts. Both strategies have benefits and
disadvantages, but a multi-stage approach is considered sufficient here. Hence, cell-like
objects are first localized as candidates in stained histopathological images of healthy
human bone marrow. Subsequently, these candidates are subject to classification into
different stages of maturation in erythropoiesis, granulopoiesis, and megakaryopoiesis.
Pursuing this approach facilitates omitting the very challenging and probably error-
prone task of accurately segmenting multiple cell nuclei within the image.

1.3. Scientific Challenges and Potential

In digital pathology, the development of standardized methods recognizing morphologi-
cal tissue properties would support the selection of the appropriate immunohistochem-
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ical markers in the diagnostic process. Furthermore, it would be of highest value in
diagnostic decision making, where particular markers are not established, for instance,
reliably detecting atypical characteristics in early myelodysplasia. The universal ap-
proach of the present study is qualified to be adapted to many other diagnostic ques-
tions, especially when reactive changes must be discriminated from early neoplasia.
The close cooperation between pathology and quantitative image analysis significantly
enhances the emerging field of computer-aided pathology. Using the findings of this
thesis, we will be able to show that the current manual standard method of cell quan-
tification in complex tissue such as bone marrow can be improved with respect to a
statistically predictable variance.

The problem at hand is scientifically challenging due to its interdisciplinary charac-
ter. It requires expertise in computer science, especially machine learning-based com-
puter vision, software engineering, basic processes in biology as well as image-based
histopathological diagnostics. Each of these fields is rapidly progressing, and especially
– but not exclusively – in computer science and medicine, the number of scientific
publications per year is increasing exponentially, which poses a significant challenge to
keep pace with all novel developments and consider state-of-the-art research findings.
Hence, not all developments that happened in parallel to the compilation of this thesis
could be fully considered. However, the connection between the proposed methods and
the recent advances will be discussed adequately.

1.4. Original Contributions

In this thesis, several original contributions will be made. Firstly, a novel bone mar-
row cell localization algorithm is developed and implemented based on randomized
decision trees. Its superiority over a current state-of-the-art and baseline method is
demonstrated on multiple challenging histopathological image datasets. In this con-
text, a novel benchmark dataset of eleven 1200× 1200 pixel images depicting healthy,
Hematoxylin-Eosin (H&E) stained, bone marrow tissue was publicly released [6]. This
dataset is fully annotated and contains 4, 205 labels covering foreground or unknown
objects.

Secondly, an alternative approach to conventional cell classification is presented to
quantify the hematopoietic cell maturation. A Recurrent Neural Network (RNN) is
trained to distinguish multiple blood cell precursors with very high accuracy. Due to a
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novel training scheme, the network is learning rotationally covariant features directly
from raw image data. The temporal features computed by the RNN coherently encode
appearance information of the cell, which can be learned in a globally optimal fashion
by minimizing a least squares objective and yield a rotation-invariant classifier.

Finally, following the urgent need for reliable ground truth data to apply supervised
machine learning in biomedical imaging, an intuitive tool for conducting inter-observer
reliability studies has been developed as part of the Cytomine [7] project. It is based on
state-of-the-art web-application frameworks and technologies, has been released under
a permissive open-source license and is publicly available1. Results of a first application
in collaborative ground truth data labeling in whole slide images will be briefly reported
in the final part of this thesis.

1.5. Organization of this Thesis

In this chapter, the requirements for automated image analysis of bone marrow tissue
have been stated. Potentials of machine learning methods have been introduced along-
side the research questions. The goals to be achieved and a brief overview of the pursued
approach were outlined. The remainder of this thesis is organized in three major parts
that reflect the proposed approach. In Chapter 2, the cytological and histological prop-
erties of healthy bone marrow tissue are described. Part II covers the localization of
cell nuclei in histopathological images and the evaluation of a novel learning-based
cell detection algorithm on different datasets, including publicly available benchmark
datasets2. Part III is focused on hematopoietic cell classification using RNN and em-
pirical evaluations on carefully selected available datasets3. Finally, Part IV covers
attempts towards reliable ground truth data4, a discussion of both localization and
classification of bone marrow cells, conclusions drawn from the results of this thesis as
well as links to previous work, and potential directions for future research.

1 Available from https://github.com/Cytomine/Cytomine-IRIS.
2 An excerpt of Part II has been published in [6, 8].
3 Excerpts of Part III have been published in [9–11], or were submitted for publication [12].
4 Parts of Chapter 11 have been published in [7].

https://github.com/Cytomine/Cytomine-IRIS


2. Bone Marrow Tissue

This chapter briefly introduces the biological background of bone marrow tissue. The
basic anatomical structure and functions of hematopoietic tissue are described first,
laying out the basics to understand the hematopoiesis, i.e. the process of blood cell
maturation, in bone marrow. Then, different procedures to harvest tissue and related
tasks in histopathological analysis are characterized. A vast amount of research has been
attributed to the hematopoietic system, driven by interests in both its physiology and
its pathologies. Further, due to their unique characteristics, the origin and versatility
of hematopoietic stem cells (HSCs) are subject of current research for new treatments
of blood disorders.

With respect to the aims of this thesis, i.e. the analysis of bone marrow histopathology
images, the focus in this chapter is set on the characteristics and maturation of precur-
sor cells of erythrocytes, granulocytes, and megakaryocytes, because these cells can be
observed in images of stained bone marrow obtained via light microscopy [13]. Further,
as opposed to HSCs, cells in these stages of maturation can be discriminated by their
morphology, an essential cue for computer-assisted automated visual tissue analysis.

2.1. The Hematopoietic System

Anatomically, bones consist of periosteum, hard outer cortical bone, endosteum, and
medulla (bone marrow) in the hollow interior [14], cf. Fig. 2.1 (a). Bone marrow occupies
the interstitial space provided by the medullary cavity and is categorized as either red
or yellow marrow, both of which are highly vascular [15]. All types of blood cells can
be produced in red marrow, which is also referred to as the cellular bone marrow, or
hematopoietic tissue. Yellow marrow mainly contains (inactive) adipose tissue.
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Figure 2.1.: Anatomy of bone marrow. (a) In adults, HSCs mainly reside within marrow
of long bones that occupies the medullary cavity. Oxygen and nutrients are
transported to the bone cells via arteries and arterioles. (b) Specialized venules
(sinusoids) serve as gateway for HSCs and mature cells to the circulatory sys-
tem.
Adapted by permission from Macmillan Publishers Ltd: Nature. Morrison SJ, Scadden DT. The bone

marrow niche for haematopoietic stem cells. Nature. 2014 Jan;505(7483):327–334, copyright 2014.

Hematopoiesis is the physiological process of blood cell formation from HSCs that takes
place in and is controlled by special micro-environments (niches) [16, 18–20]. HSCs are
multipotent stem cells with the unique ability of highly frequent self-renewal [21, 22]
that can differentiate into any blood cell type. Located in the bone marrow niches, they
are sustained and regulated by a multitude of different cell types with very specific
roles [23]. The concept of niches has been accepted as a model [24]. However, their con-
crete function to maintain HSC pools is still under active investigation [25]. Conducting
this research is non-trivial, since retaining the spatial structure is difficult during his-
tological preparation and applying proper staining methods [16]. A categorization into
endosteal and vascular (sinusoidal) niches has been proposed [24, 26, 27], but the ac-
curate spatial locations of HSCs in the bone marrow was not entirely determined yet.
Nevertheless, results of previous studies coincided that the HSCs are perivascular and
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Figure 2.2.: HSCs seem to prefer endosteal parts closer to the bone surface (80%). Only
around 20% of all HSCs are located within half distance from endosteum to
the central vein [17].
Reprinted by permission from Macmillan Publishers Ltd: Nature Medicine. Mendelson A, Frenette

PS. Hematopoietic stem cell niche maintenance during homeostasis and regeneration. Nature

Medicine. 2014 Aug;20(8):833–846, copyright 2014.

prefer the highly vascular endosteal regions [17, 28], cf. Fig. 2.2. Being exposed to ap-
propriate external stimuli, they can also differentiate into other specialized cells such
as cardiomyocytes, or endothelial cells [29].

During embryonic and fetal development, HSCs are developed at multiple anatomical
sites [30] and migrate from there to the skeletal bones, which postnatally become the
primary hematopoietic organ in the body [13, 16, 31]. Until puberty, bone marrow
in skeletal bones (scull, vertebrae, pelvis, femur, etc.) predominantly consists of red
marrow, while red and yellow marrow becomes of almost equal quantity in adulthood.
Due to age-dependent resorption of cancellous1 bone, more space is available in the
medulla that gets populated by yellow marrow. In response to physiological stress,
red marrow may quickly expand locally to satisfy the demands for increased blood
cell formation [27]. In addition, peripheral yellow marrow can also be reactivated to
form blood cells [13]. However, hematopoiesis in adults is usually confined to the bone
marrow, whereas extramedullary hematopoiesis with some exceptions [14, 32] is likely
an indicator for malignant disorders [13, 33].

Cancellous bone is a sponge-like bone structure, as opposed to dense cortical bone.1
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The hematopoietic cells are embedded in stroma, an essential part in the medulla that
indirectly influences hematopoiesis [25] and consists of a dense network of blood vessels,
nerve fibers, fat cells, macrophages, lymphocytes, and fibroblasts [28]. The stroma
further contains multipotent mesenchymal stem cells (MSCs, skeletal stem cells) [28]
that are able to differentiate into a diverse set of cell types, such as endothelial cells [13].
Hematopoietic cells are contained in special fibers (cords) between thin-walled vessels
(sinusoids) [13, 14, 34]. Sinusoid walls are composed of a single layer of endothelial cells,
a basal membrane and reticular adventitial cells. An important property of adventitial
cells is that they support anchoring hematopoietic cells and stroma [13]. At the end of
their maturation process, differentiated cells egress bone marrow into the circulatory
system by surpassing the endothelial layer of the sinusoids, cf. Fig. 2.1 (b).

Despite the fact that a common model of the human hematopoietic system is actively
discussed in recent literature [13, 35, 36], for our purpose it is sufficient to adhere to the
classical model. The hematopoietic system consists of a lymphoid and myeloid compo-
nent, which generate red blood cells (RBCs, erythrocytes), white blood cells (WBCs,
leukocytes), and platelets [13]. Fig. 2.3 illustrates a coarse overview of the classical
hematopoietic hierarchy. The reader is further referred to Rubin’s Pathology [13, p.
1082] for a detailed schematic illustration of the widely accepted hierarchical model of
the hematopoietic system.

Figure 2.3.: Hierarchy of the hematopoietic system according to the widely accepted clas-
sical model. The two main components of the hematopoietic system are lym-
phoid and myeloid branch, leading to a different set of differentiated red and
white blood cells as well as platelets.
Reprinted by permission from Macmillan Publishers Ltd: Cell Research. Nemeth MJ, Bodine DM.

Regulation of hematopoiesis and the hematopoietic stem cell niche by Wnt signaling pathways. Cell

Research. 2007 Sep;17(9):746–758, copyright 2007.
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Figure 2.4.: Examples of maturation stages in erythroid and myeloid cell lineages,
Hematoxylin-Eosin stained tissue obtained by trephine biopsy, scanned at 40×
magnification. (a) Erythropoietic, (b) (neutrophilic) granulopoietic matura-
tion stages, and (c) a megakaryocyte. Mature red blood cells (reticulocytes and
erythocytes) do not have nuclei, hence cannot be identified well in this nuclei-
specific staining. Moreover they are rarely present in healthy bone marrow.

The maturation of blood cells is a hierarchical, continuous process. Any blood cell
origins a (pluripotent) mono-nuclear HSC and differentiates into a multipotent HSC,
before becoming a progenitor cell. Despite they lose the ability of self-renewal when
differentiating into a progenitor cell, they give rise to common lymphoid and myeloid
progenitor cells [29]. Myeloid progenitors then advance to erythrocyte/megakaryocyte,
granulocyte/macrophage, and dendritic cell progenitors [27]. On the other hand, lym-
phoid progenitors eventually mature to lymphocytes outside the bone marrow [13].
Subsequently, the progenitors differentiate into lineage-committed precursors (blasts)
of a mature cell. Different lineages of blood cells can be defined, depending on the
level in the hierarchy [38]. Here, we distinguish between the erythroid, myeloid, and
megakaryocytic lineage. Please note that the myeloid lineage produces myeloid leuko-
cytes, i.e. granulocytes and monocytes, where the latter can further differentiate into
macrophages in case of tissue damage or infection [39], or dendritic2 cells [40]. Neverthe-
less, we will briefly characterize cytology and histology of erythropoiesis, granulopoiesis,
and megakaryopoiesis in the following sections, as they are most relevant in the current
context.

For instance, Langerhans cells.2



122. Bone Marrow Tissue

Erythropoiesis Erythropoiesis describes the differentiation of an early erythroid pre-
cursor cell into a mature erythrocyte (RBC). The first stage of maturation that can
be recognized by morphological features is termed pronormoblasts3. Pronormoblasts
are around 12-20 µm in diameter and are characterized by a large nucleus, i.e. a high
nucleus-to-cytoplasm (N:C) ratio, and a pale perinuclear area. They advance to ba-
sophilic normoblasts and polychromatophilic normoblasts and finally to orthochromatic
normoblasts. With progressing cell maturity, both N:C ratio and size decreases [40].
Orthochromatic normoblasts lose their nuclei, hence their proliferation ability, and ad-
vance to reticulocytes. Reticulocytes are immature RBCs and represent the last stage
in this cell lineage that reside within the bone marrow [13]. They are immediate pre-
decessors of functional erythrocytes that leave the bone marrow via the sinusoids.
Normoblasts can be found as erythroblastic islands, i.e. clusters of concentric circles of
cells around a macrophage, which are located closely to the sinusoids [13]. Cells of later
maturation stages are more frequent in healthy bone marrow than earlier stages, cf.
Figs. 2.4 (a) and 2.5 (a). With the exception of newborns, only enucleated reticulocytes
and erythrocytes enter the blood stream. Hence, these two last maturation stages are
infrequently discovered in bone marrow.

Granulopoiesis Granulopoiesis is the physiological process of maturation from gran-
ulocyte/monocyte precursors to granulocytes. The N:C ratio increases, while the shape
of the nucleus changes from circular/oval to kidney-like, and segmented forms [40], cf.
Fig. 2.4 (b). The myeloblast is the first recognizable form and is similar in size to the
proerythroblast (12-20 µm), but rather irregular in shape [14]. Myeloblasts are able
to divide and advance to promyelocytes, which are slightly larger in size. Promyleo-
cytes can further differentiate into three sub-lineages of granulocytes: neutrophilic,
eosinophilic, and basophilic, cf. Fig. 2.5. Each of these series continues maturation in
three stages as myelocytes, metamyelocytes and band cells, which share many mor-
phological features. However, they are smaller than promyelocytes, but vary in size
(10-20 µm) and their nuclei do not have nucleoli. The three sub-lineages now become
distinguishable, because they develop specific granules that are visible as different col-
ors in staining. Myelocytes differentiate into metamyelocytes, that can be recognized by
their characteristically U-shaped nuclei. At this stage the cells are not able to divide any
more, but mature to the end-stage forms in granulocytic series: band and segmented
cells. Band cells do not develop filaments among their bilobed nuclei, while segmented

Other commonly used terms for the maturation stages in erythropoiesis can be found in the work
of Naeim et al. [40].

3
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cells are charcterized by multiple nuclei segments connected by filaments [40]. Granu-
locytic precursors are located closer to the trabeculae farther away from sinusoids, but
once cells reach metamyelocyte stage, they move towards sinusoids [14]. At the stage
of band cells, they usually pass the endothelial layer of the sinusoids and enter the
circulation. In healthy adults, the majority of cells (21-40%) in bone marrow are neu-
trophilic band cells, cf. Fig. 2.5. The number of cells in the eosinophilic and basophilic
lineage is quite low in comparison.

Megakaryopoiesis and Thrombopoiesis Originating from the common erythro-
cyte/megakaryocyte progenitor cell, megakaryoblasts are the first form that can be
identified based on morphological features [40] in bone marrow4. It is the only pre-
cursor of a megakaryocyte. During maturation, megakaryocytes increase in size and
become large multilobed cells, cf. Fig. 2.4 (c). Having reached their final form in bone
marrow (group III, or granular megakaryocytes [40]), their cytosol is being released into
the blood stream as ribbons containing platelets [13]. Megakaryocytes are the largest
cells in normal bone marrow (30-160 µm). Similar to erythroblastic islands, megakary-
ocytes are located closely to the sinusoids [13], but usually do not form clusters [14].
The differential count of megakaryocytes is between 0.5 and 2% in healthy adults, cf.
Fig. 2.5 (b).

The distribution of hematopoietic cells in healthy bone marrow is illustrated as differen-
tial blood count (DBC) at the age of 18 months and in adulthood in Fig. 2.5. In adults,
myeloid cells constitute the majority (around two thirds) of all cells, with a myeloid-
to-erythroid ratio of 3-3.5:1 [40]. Bone marrow serves as an important repository for
mature neutrophilic granulocytes.

2.2. Histopathological Analysis

Bone marrow is assessed in terms of cellularity (the overall area of a specimen cov-
ered by cellular marrow components), the tissue architecture, and the distribution of
hematopoietic maturation stages. Usually, bone marrow is examined in case of sus-
pected blood-related disorders [41–43], and obtaining the marrow is connected to an
invasive procedure. Common malignant blood disorders that can be diagnosed directly

Other researchers [14] argue, that the first form is the megakaryocyte itself, and that megakary-
oblasts can be recognized in the presence of abnormal hematopoiesis.

4
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(b)

Figure 2.5.: Bone marrow differential count in percent in healthy persons [40]. (a) Com-
pared to a person at the age of 18 months, the distribution of hematopoietic
cells is shifting in adults: Lymphopoiesis decreases, while myeloid and ery-
throid lineages are more present. Error bars denote the minimum and maxi-
mum of the differential counts in (b). The number of myleoid cells is higher
than erythroid cells, both at the age of 18 months and in adults, denoted
by Myel.-Ery. Ratio in (b). Bone marrow serves as reservoir for mature neu-
trophilic granulocytes.

from bone marrow specimen comprise myelodysplastic syndromes [44], and myeloid
leukemia [45]. On the other hand, e.g. in case of anemia (a low number of RBC) bone
marrow examination is additionally performed to confirm diagnosis. Marrow specimens
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for comprehensive cytological and histological examinations are usually obtained via
core and aspiration biopsies, frequently performed in conjunction to report a complete
status [14, 46–49]. Other methods include open biopsy (under general anesthesia) and
autopsy. For the core biopsy procedure, a drill, or a trephine needle is used to obtain
the samples from the anterior or posterior iliac crest, whereas for aspiration biopsies,
the sternum can alternatively be used as marrow source5.

From aspirated material, basically three preparations are possible [40]: particle clot,
smear, and touch preparation. Touch preparation is not well suited for morphologi-
cal assessment due to significant procedure-conditioned artifacts. Smear preparations
are used to examine the DBC, cellular details, stages of maturation as well as the
myeloid-to-erythroid ratio. Finally, particle clot sections are preparations from aspi-
rated material, but are processed similar to trephine biopsies without the decalcifica-
tion procedure. They are used to assess the cellularity, megakaryocyte morphology and
tumor infiltration and frequently complement trephine biopsies [50].

Figure 2.6.: Healthy bone marrow trephine biopsy sample stained with Hematoxylin-Eosin,
mounted on a glass slide (a). (b) Digital image obtained from (a) by whole
slide imaging at 40× magnification. (c,d) Red highlighted areas from (b) show-
ing tissue regions at full resolution. Green highlighted areas show (A) fat cells,
(B) megakaryocytes, and (C) trabecular bones.

Samples of a histopathological image used for bone marrow analysis are shown in
Fig. 2.6. Despite cellularity can be assessed in all preparations from aspirated material,
only trephine biopsies preserve the tissue architecture and hence include rigid anatom-
ical parts such as trabecular bones as well, cf. Fig. 2.6 (b). The biological specimen
shown on the glass slide in Fig. 2.6 (a) was obtained by trephine biopsy, embedded in
acrylate and stained with H&E before it was digitized at 40× magnification, cf. Fig. 2.6

In [14, 46, 47], authors describe advantages and disadvantages of both methods in more detail.5
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Figure 2.7.: Healthy bone marrow trephine biopsy specimen stained using different stain-
ing protocols. The images show the tissue at 40× magnification. Hematoxylin-
Eosin, and May-Grünwald-Giemsa are two standard stainings used in routine
histopathology of bone marrow. Prussian Blue is usually not used in routine
diagnostics of trephine bone marrow specimen [51], but to specifically stain
iron storage [52] blue. Gomori is used to stain reticulin fibers [53], Toluidine
Blue for staining mast cells (closely related to basophilic granulocytes), and
Periodic Acid Schiff for assessing the cellularity as an alternative to H&E [40].

(b). Due to the histological preparation procedure, which we will not elaborate on here,
fat cells appear as white blob-like structures in these images.

The standard stainings in routine diagnosis of core biopsies are Hematoxylin-Eosin,
May-Grünwald-Giemsa (MGG), or alternatively Periodic Acid Schiff (PAS), cf. Fig. 2.7.
Aspirated material is frequently stained with Wright’s stain or Giemsa [40]. Depend-
ing on the ultimate goal of cytological or histological analysis, general tissue stainings
such as the ones mentioned earlier are used. Alternatively, e.g. to confirm suspected di-
agnoses, specific immunohistochemical (IHC, antibody-antigen-based) stains highlight
particular tissue components, or even individual hematopoietic cell lineages. Morpho-
logical features of individual cell nuclei and cytoplasm are well-depicted when using
standard stainings such as H&E, which can be performed rather quickly compared to
the more time-consuming IHC procedures.



Part II.

Localization of Bone Marrow Cells



3. Learning to Detect Cells

3.1. Introduction

Histopathological analysis of biopsy specimen is very common in modern cell biology
and medicine. It frequently relies on histomorphometry of individual cells, or larger
structures formed by them, to assess the tissue and detect possible pathological al-
terations. The biological specimen is usually stained to visualize the tissue structure
(nuclei, cytoplasm, mitotic cells, etc.) or metabolism. The examination of such biopsy
sections is still done manually by experts using light microscopy, or virtual slides, which
are obtained by digitizing glass slides using whole slide imaging.

One of the basic questions, though essential, in tissue analysis is determining the cel-
lularity of a particular specimen, i.e. to count the number of cells that are present.
Counting and recognizing individual cells usually works better at higher magnifica-
tion, where morphological features can be observed in greater detail. However, a major
disadvantage when examining large specimen is the limited field of view at higher
resolutions. Depending on the tissue type, not every part of the specimen is equally
important for estimating the cellularity. For instance, some regions in bone marrow
specimen do not contain any cells but in fact show trabecular bone, or adipose cells.
On the other hand, epithelial tissue may be composed of many layers of cells, where
every part is relevant. In current practice, the field of view is changed to the regions of
a specimen that seem particularly relevant to the (human) observer, hence counting is
very subjective. Despite the very accurate number of cells in a whole slide image may
sometimes be seen uncritical, manually counting cells in larger specimen quickly be-
comes cumbersome and is thus prone to errors and omissions. Given the typically huge
number of cells (≈ 3500-4000/mm2) contained in histological specimen, the qualitative
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visual analysis can lead to considerable inter-observer variability and irreproducible
results due to intra-observer variability [54, 55].

Computer-assisted methods for automatic cell detection do have the potential to over-
come these limitations and are therefore highly desirable. In light of the aim of assessing
the distribution of different cell types in a digital histopathological image, the detection
of individual cells, more precisely, the reliable localization of individual cell nuclei is a
key requirement. Hence, this problem can be formulated as a general object localization
problem, which we approach using supervised machine learning techniques. Despite a
lot of effort has been invested to solve this challenging computer vision problem, novel
methods are still required to cope with the huge variability of histopathological im-
ages [56].

3.1.1. Related Work

Automatic cell detection and segmentation methods have seen much research effort in
the previous decades, and are still an active field of research in medical image anal-
ysis [56–58]. Detection of individual objects in histopathological slides has been an
essential ingredient for several applications such as mitosis detection [59–66], cancer
diagnosis and grading [67–71], high-throughput brightfield microscopy [72–74], or de-
tection of myelodysplastic syndromes in bone marrow [75]. Detection and segmentation
of blood cells was researched in peripheral blood [76–78], and in bone marrow [79, 80],
mostly with a focus on identifying individual white blood cells (WBC) to diagnose
leukemia [81], as well as prostate, breast, and lung cancer [82–87]. Others focused on
localizing individual malignant centroblasts in images of follicular lymphoma [88].

In many studies, the detection problem was formulated in the context of cell seg-
mentation [77, 89–95], or cell tracking [96], where the detection hypotheses served as
initial seed points for subsequent segmentation algorithms. Popular conventional image
processing algorithms such as thresholding, seeded region growing, marker-controlled
watershed, hough and distance transforms, multiscale filtering, or morphological op-
erations were then employed to segment the objects [70, 84, 91, 96–102]. Reasonable
success in adressing the cell detection problem was achieved using carefully selected
low- and high-level image processing techniques, for instance based on local symmetry
features [103, 104]. Others used normalized cuts and spectral graph theory to segment
cells [105]. A large body of publications has focused on tackling the challenging problem
of separating close and overlapping objects in fluorescent images [106, 107], and images
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using immunohistochemical [108–110] and histochemical [84, 111, 112] staining. Many
studies concluded that the problem of segmenting individual cells is non-trivial and
that prior knowledge is often an enabling component. Moreover, authors worked on
quite diverse datasets and proposed well-working solutions to their own research prob-
lems, which were seldomly evaluated across different datasets [101, 113] or microscopic
imaging modalities [114–116]. Despite individual successes, Irshad et al. [56] concluded
in their recent review that cell detection and segmentation is still not fully resolved yet,
and that a general-purpose detection and segmentation solution would require more ad-
vanced methods. Rather than relying on heuristics and rigid image processing, modern
methods in histopathological image analysis employ machine learning and optimization
techniques to create more robust solutions [66, 67, 71, 82–84, 108, 114, 116–123]. For
instance, Petushi et al. [67] observed a considerable accuracy improvement in detecting
different types of nuclei when using decision tree learning compared to a non-learning
based version of their algorithm.

In order to detect lung cancer cells, Zhou et al. [82] employed feed-forward Neural
Network (FF-NN) ensembles to learn a classifier from color and morphological cell fea-
tures that were extracted from segmented cells. Wählby et al. [97] proposed a region-
based approach involving a distance transform, a combination of texture and shape
information, and the watershed transform to segment cell nuclei in 2D and 3D im-
ages. Yang et al. [77] introduced an unsupervised segmentation approach based on
color gradient vector flow active contour models that achieved an accuracy comparable
to supervised approaches when leveraging prior knowledge of the target application.
In [100], Dalle et al. proposed a scheme to score nuclear pleomorphism by selectively
segmenting just critical cell nuclei rather than detecting all cells in an image. As part
of a pipeline to grade lymphocytic infiltration of breast cancer tissue, Basavanhally et
al. [83] detected the centers of cell nuclei using a combination of region growing and a
Markov Random Field (MRF). Al-Kofahi et al. [101] employed graph cuts and multi-
scale Laplacian-of-Gaussian (LoG) filtering as general approach to detect and segment
cell nuclei. Some other work relied on contour-based cell models [113], active con-
tours [84, 111, 112, 114, 124], or leverage shape and appearance priors [94, 111, 125]
in a global optimization strategy. Veillard et al. [94] produced a pixel-wise nuclei prob-
ability map, to which they applied active contour models with shape prior to extract
cells after applying morphological hole-filling. Support Vector Machines (SVM) [126]
and AdaBoost [127] were used previously [122, 123, 128, 129] to learn cell object de-
tectors using a diverse set of features extracted from images. Moreover, learning-based
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approaches have recently proven to achieve state-of-the-art results on cell detection
benchmarks such as [130]. On this benchmark, the work of Arteta et al. [116] to date
outperformed other approaches. It is based on extracting a large number of cell can-
didates using the maximally stable extremal region (MSER) detector [131, 132]. This
set of candidates is then pruned using several, increasingly complex classifiers based
on structured Support Vector Machines (SSVM). A similar approach has been pursued
earlier on renal cell carcinoma tissue by Fuchs et al. [71]. They first segmented a large
cohort of candidate regions revealed by a combination of morphological operations and
Canny edges [133] and employed a soft-margin SVM classifier to remove false positives.
Other approaches applied a classifier densely over the input images in a sliding window
fashion [94, 134] or learned regions revealed by the scale-invariant feature transform
(SIFT) [135] keypoint detector [136].

Even more recently, Deep Learning methods, i.e. deep FF-NN, were used by many
authors to solve diverse tasks in histopathological image analysis such as mitosis and cell
detection [60, 65, 137–146], or semantic segmentation [147, 148]. These methods have
been developed in parallel to the cell localization method that is going to be proposed in
this work. Further, due to the availability of accelerated training on graphics hardware,
large convolutional Neural Networks (CNN) [149, 150] could be trained in reasonable
time and demonstrated tremendous success on many image analysis tasks when huge
image datasets were available. Hence, such approaches have set the bar very high for
other methods to compete [65, 151–154]. On the other hand, one of the main drawbacks
of Deep Learning in general is the requirement for huge labeled image datasets, which
are usually less frequently available in biomedical imaging. Further, properly training
deep models is tedious, and requires a certain extent of experience to avoid common
pitfalls such as over-fitting small datasets and designing the network architectures.
Nevertheless, many successful applications have been published recently. In [141, 142],
authors proposed a cell nuclei detector based on structured regression and a novel
voting scheme using CNN. Cao et al. [87] employed CNNs to learn semantic high-level
tissue features and combined them with lower-level nuclei and intensity features to
improve breast cancer grading, while Sirinukunwattana et al. [146] used a spatially
constrained CNN to detect and classify cell nuclei in colon cancer images.

A related, but different problem in histopathology image analysis is to count cells
without explicitly detecting them. This was done by estimating their density in an
image [155], for instance using regression Random Forest [156], or Fully Convolutional
Neural Networks [140]. However, these approaches did not produce precise locations of
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the cells or cell nuclei, which are important to perform cell type recognition.

Despite there are many methods available to detect cells, we pursue a strategy that
does not require a precise delineation of the nuclei. As it will be shown in this work,
it is in fact sufficient to have a weak ground truth estimate of the cell nuclei centers
to learn a robust detection model from labeled training image data in a supervised
manner.

3.1.2. Obtaining Ground Truth Cell Locations

Learning-based image analysis increases robustness to changing conditions. A common
prerequisite for supervised machine learning algorithms is having a ’gold standard’,
or ground truth. However, one of the main challenges is obtaining a reliable ground
truth. Ground truth resembles a set of labeled examples, where a prediction model
can be built by employing some learning algorithm. Yet, different issues need to be
considered when creating ground truth annotations. Selecting a suitable complexity of
annotations actually depends on the task to be solved as well as the amount of required
domain-specific knowledge. In domains such as natural images depicting landscapes and
animals, urban scenes showing pedestrians, facades, and cars, ground truth for object
detection and semantic segmentation tasks can rather easily be created by citizen
scientists [157]. Perhaps the most prominent example in computer vision research is the
LabelMe database [158], which allows users without domain-specific knowledge to mark
or outline objects in any kind of images in a web-application. In the biomedical domain,
however, creating a ground truth dataset can rarely be accomplished without experts,
who underwent years of special training in e.g. cyto-, neuro-, or hematopathology to
correctly recognize objects, tissue, or disease patterns. These experts are rare for special
applications and hence our inescapable annotations must be created most effectively.

Assume we were given an object detection task such as localizing cells in images,
the simplest possible annotation is placing a single-pixel dot on each object we want
to detect. These weak annotations are quite effective, if the objects of interest for
instance do not consist of many independently moving parts, or are rather small in size
and compact in appearance. Another strategy to quickly annotate objects is drawing
brush strokes onto objects, which allows capturing more than a single pixel of the object
in one sweep. A more complex approach is drawing a minimum bounding box around
each object, which first requires a thorough identification of the object boundaries.
Although bounding boxes provide a more evident delineation of an object’s extent, it
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is not always required. Moreover, it can get very tedious for hundreds or thousands of
objects. Pixel-level semantic image segmentation tasks require each pixel in an image
to be annotated with the target label. Despite segmentation of microscopy images is a
common task in histopathological image analysis, fully pixel-wise annotated datasets
such as in [159–161] are rarely available due to the complexity of manual ground truth
creation.

Previously, segmentation of individual objects has been frequently used as an inter-
mediate step in selective object detection. Statistical and morphological features were
used to characterize these obtained regions to be learned by a classifier. To localize the
centers of cell nuclei, we are going to pursue a learning-based approach that does not
require any delineation of the cell borders. Hence, we are able to rely on simple dot-
annotations given by experts in histopathology. Furthermore, no sophisticated tools
are required to place dots onto the cell centers, and the experts are able to generate a
reasonable amount of valuable annotations in a minimum of time.

3.1.3. Pixel-Wise Binary Classification for Cell Detection

One of the standard learning-based approaches to cell detection is classifying each pixel
in an image whether it belongs to a cell center or background. Such a system is trained
with a set of local image patches, where the center pixel represents the cell object’s
center and gets labeled with a binary label, i.e. foreground (1) or background (0). A
binary classifier f is learned and given an unseen test image, the probability of each
image location belonging to a cell center is predicted by applying f densely over the
image. While this approach is relatively straightforward, it contains some drawbacks
with respect to the localization accuracy.

Plateau Formation A prediction of a cell center may be inconclusive, since a binary
classifier tends to produce similarly high probabilities around an actual ground truth
cell center. Fig. 3.1 illustrates this problem. Especially, but not exclusively, for cells with
highly homogeneous staining, these responses form blobs (plateaus) in the probability
map, because learning a binary discrimination does not encode the location of a given
patch with respect to the cell center. All red highlighted dots in the enlarged view
denote pixels located at the border of the cell nucleus, but their classifier response does
not differ from the actual center pixel prediction, denoted by the green dot.
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Figure 3.1.: Plateau formation is a drawback of pixel-wise binary classification. Local im-
age patches, labeled as foreground (1) and background (0) are used to train a
binary classifier f that predicts a cell center probability map from a given test
image. Colors towards red indicate higher probability for a cell center, green
dots denote ground truth cell centers. In the enlarged view, similar classifier re-
sponses computed from local patches (highlighted red dots) foster plateau for-
mation in the adjacency of the actual cell center without any clear local max-
imum. The red squares delineate the patches centered on the red dots, which
were used as visual context for prediction.

Multiple Cell Center Hypotheses Especially for cells with anisotropic shape, the
binary classifier frequently predicts multiple clusters of high probabilities on a single
object. Each cluster may theoretically correspond to a cell center. In Fig. 3.2 (a), this
unwanted behaviour is demonstrated for a sample image, where multiple responses per
object are delineated with crosses in the probability map, and arrows in the 3D model.
Furthermore, the 3D model of the prediction surface also shows plateau formation.

Cell Merging Binary classification may merge adjacent objects, since the foreground
probabilities between two close objects is still too high to separate the objects. In
Fig. 3.2 (b), the ellipses highlight the regions, where two cells were merged, and also
a false positive detection occurred. This frequently happens to very closely located
cells, and to adjacent non-cell objects, which easily confuse the classifier when their
appearances are too similar.
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(a)

(b)

Figure 3.2.: Drawbacks of pixel-wise binary classification used to detect cell centers. The
first column contains a source image, the second column the prediction as
heatmap and third column a 3D model of the prediction surface. Green dots
denote ground truth nuclei centers. (a) The anisotropic shape of the cells re-
ceive multiple clusters of similarly high responses (indicated by crosses and
arrows), which could be misunderstood as center hypotheses on one object.
(b) In some cases, false positive centers are predicted for close non-cell objects
with similar appearance (A). Individual cells can be merged if they are located
very closely (B).

3.2. Cell Detection via Proximity Score Regression

The drawbacks of using standard pixel-wise binary classification methods for cell detec-
tion have been outlined in the previous section. This section describes an alternative,
novel approach to cell detection based on the regression of a proximity score, which
overcomes the current limitations of binary classification approaches, cf. Fig. 3.3.

Given a local image patch, the algorithm learns to predict a function of the distance
to the closest cell center. The construction of the proximity score map is inspired by
the work of Sironi et al. [162, 163], who recently proposed a scheme to robustly reveal
linear structures in an image. Defining a continuous learning target shifts the learning
task from pixel-wise classification to proximity score regression and allows us to encode
spatial information in the regression target.

Fig. 3.4 contains an overview of the proposed cell localization method. Given a set
of dot-annotated cell nuclei, a proximity score map is computed as learning target
and a regression model is trained on local image patches. Applying the model in a



263. Learning to Detect Cells

(a) (b) (c) (d) (e) (f)

Figure 3.3.: Comparing classification and regression for cell detection. First row: one fully
stained nucleus demonstrating the plateau formation, second row: two closely
located nuclei, third row: one nucleus of anisotropic shape and non-uniform
staining. The green dots indicate ground truth annotation of the cell centers.
(a) Three input patches, centered on one or two cells. (b) Probability maps
provided by a classifier applied to these patches, and (c) the local maximums
of these maps. They exhibit many local maximums – indicated by crosses –
around the actual cell centers, while only one maximum is expected. (d) The
expected proximity score map that a regression model should predict and (e)
the actual predictions. (f) The local maximums of these predictions correspond
much better to the cell centers and do not suffer from multiple responses. The
regression method is able to overcome these problems arising from the binary
classification approach.
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sliding window fashion over an unseen test image, a proximity score map is predicted,
where the local maximums correspond to the hypothesized cell centers. Post-processing,
comprising, smoothing, score filtering and non-maximum suppression, subsequently
reveals the cell centers. In the following sections, we detail the construction of the
score map, training and evaluation of the regression model as well as the post-processing
steps.

3.2.1. Constructing a Proximity Score Map

{ }
Let u = (ux, uy) ,u ∈ Ω be a location in the domain of image I, and C = c(i) ,( )

(i) (i)
c(i) = cx , cy be the set of annotated ground truth cell center locations. We now
seek a smooth, continuous target function y(u) that expresses the proximity of a pixel
u to the closest cell center. A straightforward way of defining the proximity score map
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(a)

(b)

Figure 3.4.: Overview of the cell localization approach using the regression method. (a)
Creation of the proximity score map as learning target from dot-annotated cell
nuclei centers. Local image patches and their corresponding proximity score
comprise the training dataset, where a regression model is trained on. (b) A
previously unseen test image and the predicted proximity score map. Apply-
ing a score threshold removes ‘weak’ cell nuclei center hypotheses and non-
maximum suppression reveals the locations of the centers.

y := {y(u)} is to define it as a function of the Euclidean distance transform DC of the
set C: y(u) = −DC(u). However, while being initially intuitive, this approach suffers
from several drawbacks such as producing high proximity scores even in background
areas. Moreover, it forces a regression model g to predict varying scores for very similar
background regions and finally the individual cell centers are not well-defined. Fig. 3.5
illustrates these issues using an example image of H&E stained bone marrow cells.

Hence, it is better to predict a smooth function of the Euclidean distance transform
DC, that is uniform in the background regions and has better localized, distinctive
peaks [162, 163]:
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⎧ ( ( ))⎨ 1− DC(u)exp α − 1 if DC(u) < dM
y(u) = dM , ∀u ∈ Ω, (3.1)⎩0 otherwise

where dM and α control the shape of the exponential 2D function centered on the
ground truth cell nuclei annotations. The function is maximal at a ground truth center
and decreases exponentially with increasing distance, until it approaches zero at a
distance dM . This method overcomes existing problems by defining a more suitable
learning target.

Although there is no strict requirement, it is reasonable to include some prior knowledge
into the learning target, i.e. the shape of the peaks in y such that they are modeled
in a reasonable fashion and relate to the objects of interest in the images. In this
specific application, we have weakly dot-annotated cell nuclei centers as ground truth
and assume idealized cell nuclei, i.e. isotropic shapes. To establish the link between
the shape of the peaks and our real-world cell objects, we estimate the average object
radius robj from the image data.

This information comes for free, if minimum bounding-box annotations are available,
but as discussed in the previous section, providing a bounding-box for many small cell
object is tedious and time-consuming. Moreover, it may not be of significant additional
value for this particular application. For dot-annotated datasets, manually drawing a
few minimum bounding-boxes is thus usually sufficient to estimate robj with acceptable
accuracy. Nevertheless, it has to be mentioned that a proximity score map based on
this prior may not be ideal for large datasets, where the variance of the cell nuclei size is
large and the background is very heterogeneous. In that case, bounding-box annotations
would be better, since a manual selection is less reproducible and we could rather easily
miss representatives of each size, which could harm the localization performance.

To obtain a proximity score map, we first compute the Euclidean distance transform
of the cell centers DC. Then, in Eq. (3.1) prior information on the datasets is used to
restrict the map with

dM = 2 · robj, and (3.2)
s

α = √ . (3.3)
dM

A scaling factor of s = 20, empirically derived from our available datasets, was used to
calculate the shape constant α of the peaks in the target maps.
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(a) I (b) −DC

(c) −DC (heatmap) (d) y

Figure 3.5.: Construction of a ground truth proximity score map y based on the Euclidean
distance transform of the cell centers DC . (a) The original image with the
ground truth cell centers, (b) the negative Euclidean distance transform −DC ,
(c) heatmap of (b), and (d) the final proximity score map y (cf. Eq. (3.1))
as heatmap. Green dots denote the ground truth cell center locations, the
green boxes were manually drawn to estimate the average object size. In the
heatmaps, colors towards red denote high proximity to a cell center, while im-
age locations colored towards blue are farther away. Drawbacks of using −DC
as target are clearly visible: in (c), homogeneous background regions are repre-
sented by heterogeneous target values (area A), the slow decrease of the score
produces high values in background regions, and therefore less pronounced
peaks (area B). In (d), the final proximity score map has well-defined peaks on
the cell center annotations. Even very close objects can be represented prop-
erly, and background is represented by a single score value.
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3.2.2. Learning a Regression Model from Image Data

Many options are available to learn a regression model g from a given dataset, such as
Neural Networks, decision trees, or Bayesian methods [164]. In this thesis, the localiza-
tion of cell nuclei is based on Random Decision Forests (RF) [165], because they are
fast to evaluate, have been shown to perform well on many image analysis problems
involving machine learning [166, 167], and are relatively easy to implement. An RF is
an ensemble method of statistical learning and consists of T individual decision trees
Tt, t ∈ {1, . . . , T}. Each tree individually learns a mapping function gt : X → Y , such
that g = γ ({gt}), where X and Y denote input and output spaces, and γ denotes
an aggregation function over all individual trees (e.g. averaging). During training, the
internal nodes of a tree select and store the best parameters to split the dataset into
two subsets, while the leaf nodes essentially store the target values of the data samples.
Once an RF is trained, previously unseen samples can be propagated through the trees,
and a consolidated prediction can be made.

Input Data Representation: Visual Image Features

With respect to the input representation, there are two common ways of training
an RF on image data. Firstly, an image I can be seen as an n-D vector, where all
pixel values of all color channels are stacked in a single vector. However, the vector
representation discards all spatial relationships among neighboring pixels and considers
them as individual features. The second option considers the image as an n-D array,
which preserves the spatial relationships for pattern mining in the spatial domain. Here,
we use an RGB image I as a 3-D array representation, which allows us to compute
additional visual features such as edges to provide a comprehensive representation of
the image content. Instead of exclusively relying on raw pixel intensities, we train and
evaluate the RF on visual image features [168, 169] extracted from local input image
patches I(u) centered on an image location u. Each image patch is represented by a set
of visual feature channels Φ = {Φi}. The image features for an image patch showing
a H&E stained megakaryocyte from bone marrow tissue are illustrated in Fig. 3.6.
Assuming an RGB patch as original image, we define |Φ| = 54 different channels that
resemble intensity, structure, and texture information, cf. Table 3.2.
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Figure 3.6.: Illustration of the set of 54 visual image features Φi for cell localization using
a local RGB image patch I(u) depicting an H&E stained bone marrow cell
(megakaryocyte) as an example.

Training Dataset Sampling

In this supervised regression problem, each random tree in the forest is provided with{( )}NP ( )
(i) (i) (i)a dataset P = x , y of NP = |P| training samples, where x(i) := I u is

i=1 ( )
the i-th training image patch centered on u(i), and y(i) := y u(i) is the corresponding
proximity score normalized in the range [0, 1].

When an RF predictor is trained on local image patches, the input patch size pin

essentially defines the spatial context (field of view). Here, a square patch size is used,
despite there is no general restriction for that choice. However, since a cell must not
necessarily be isotropic and may occur in arbitrary rotations, a square patch size seems
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IDs Name Source Space Details/Results

Φ1−3 RGB intensities CIE RGB –
Φ4−6 CIE L*a*b intensities CIE RGB –
Φ7 Histogram-equalized intensities grey-scale –
Φ8 Local minimum intensities, i.e. erosion grey-scale I(u)⊖K(3×3)

with a uniform kernel K [170]
Φ9 Local maximum intensities, i.e. dilation grey-scale I(u)⊕K(3×3)

with a uniform kernel K [170]
Φ10 Canny edges [133] grey-scale –
Φ11−12 First-order image gradients in (x,y)- grey-scale ∇xI(u),∇yI(u)

direction, computed with the proper Sobel-
Feldman kernels [171]

Φ13−14 Second-order image gradients in (x,y)- grey-scale ∆xI(u),∆yI(u)
direction, computed with the proper Sobel-

Φ15

Φ16−24

Feldman kernels [171]
Magnitude of Sobel gradients
HoG-like image features [166, 172]

∇I(u) =
∑

d ∇dI(u)

grey-scale
|∇I(u)|
–

Φ25−49

Φ50−54

Gabor features in five orientations µG, and
five scales each νG

Rotation-invariant Local Binary Patterns

grey-scale

grey-scale

µG ∈ {0, 2, 4, 6, 8},
νG ∈ {0, 1, 2, 3, 4}
2n, n = 0, . . . , 4

(LBP) [173–175] at five scales

Table 3.2.: Summary of the visual image features and parameters used for representing the
input space for learning to localize cells.

to be reasonable. An important aspect to be considered is that it provides enough
spatial context such that the method is able to choose from meaningful textural and
structural features during training.

A ‘foreground-background’ threshold τbg can be used to include prior knowledge into
patch sampling for the model. This threshold draws more attention to learning regions
with high scores in immediate proximity of the cell centers. An intuitive default choice
is to set τbg = 0.5, i.e. to consider all target values ≥ 0.5, which is supposed to cover the
most significant parts around a cell’s center, since it is a function of the mean object
size.

Sampling the training set proceeds in two steps. Firstly, the set of patches of size Nτ+ ,
where the center pixel is ≥ τbg, is added to the training dataset. Secondly, from the
remaining image locations (< τbg) that cover pure background (i.e. y(u) = 0) and
locations farther away from the center, a certain number of patches Nτ− is randomly
sampled and added to the training dataset, too.
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Since we are considering a regression problem, class label imbalance is not considered a
hindering issue as it may be for some classification problems. However, a distinct ratio
parameter controls Nτ− with respect to Nτ+ . Setting it to 1.0 results in Nτ− ≡ Nτ+

and ensures that the training set contains patches sampled from the entire value range
of the target space.

Training and Inference

In the training phase, starting at the root node of a tree Tt, the objective at each
non-terminal (split) node is to assign all available data samples to either a left or
right subset by evaluating a number of split functions. A split function φ consists of a
selection function θ and a random threshold τφ. A data sample is assigned to the left
subset, if the response of the selection function is smaller than the threshold, or to the
right subset otherwise.

The selection function θ essentially defines, which parts of the input sample are evalu-
ated in which way by the optimization algorithm. In particular, we consider for evalua-
tion single pixel values, pixel value differences, Haar-like functions [176], and spatially
constrained pixel value differences, where the second location for difference computation
was chosen within a distance of 10 pixels, and clamped at the patch borders. Haar-like
functions are obtained by taking differences of two randomly selected areas, which can
efficiently be computed using integral images [176]. For all selection functions except
single pixel values, a 50% chance exists to use the values from locations within the same
or from a different feature channel. Exhaustively testing all possible selection functions
on the available feature space (pin)

2 · |Φ| is computationally inefficient and essentially
not required. If we consider the feature space of a single image location, we would use√
e.g. |Φ| random features to optimize the dataset split at a node instead [164, 165].
As a consequence, we derived the number of randomly drawn selection functions as a⌊ ⌋√
function of the patch size and number of available feature channels: Nθ = pin · |Φ| .
Each selection function was compared to 20 random thresholds, resulting in 20 · Nθ

split function tests at each node.

Let Nj be the number of individual samples arriving at a non-terminal node j, we
randomly select min {Nj,Mj} samples to search for the optimal binary split decision1.
Since each tree is trained on the entire dataset, selecting random samples for the

Since we address a single node j in the following formal description of the optimization, we will
omit the index j for the sake of clarity.

1
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split evaluation is an alternative concept to tree bagging (subsampling with replace-
ment) [177] in order to decrease the variance of the model, without increasing the
bias [164]. An optimal split decision minimizes the variance of all target labels y(i) over
both subsets. Hence, as in classical CART systems [178], reduction in variance (RV )
is used as split quality criterion, which can be formulated as∑

RV (φ) = V ar(P)− ws V ar (Ps(φ)) , (3.4)
s∈{L,R}

where
|Ps(φ)|

ws = (3.5)
|P|

is the weight of the left and right subset Ps∈{L,R}(φ) after applying a candidate split
function φ, and | · | denotes the cardinality of the set.

With ȳP = 1
∑|P| y(i) being the arithmetic mean of a set, the variance (i.e. the|P| i=1

averaged sum of squares) is computed using

1
|P| ( )2∑

V ar(P) = y(i) − ȳP , (3.6)
|P|

i=1

using 1 as normalization factor.|P|

The optimal split function φ∗ is selected by obtaining a Maximum A-Posteriori (MAP)
estimate

φ∗ = argmaxRV (φ), (3.7)
φ

and is stored at each non-terminal node.

Equivalently to maximizing RV (φ), minimizing the sum of variances over both left
and right subset leads to the optimal split function [164] without the requirement to
compute the variance of the total set separately:∑

φ∗ = argmin ws V ar (Ps(φ)) . (3.8)
φ

s∈{L,R}

Splitting resumes recursively in a best-first node expansion strategy until a node con-
tains only one sample, i.e. the node is pure. Then, a terminal (leaf) node is created.
Early stopping criteria such as the maximum tree depth Tmd or a minimum number
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of samples per node are used to limit the depth and are employed to smooth the pre-
dictions of individual trees by aggregating multiple samples in the leaf nodes, e.g. via
averaging. A single value for each dimension of the target variable is stored at each
leaf, such that when the tree is queried with an unseen sample, predictions can be
obtained. Many options are available to produce the final values in a leaf node, rang-
ing from simple averaging to sophisticated non-linear models [179]. While non-linear
models may have a better fit to the target function that needs to be learned from the
training data (Eq. (3.1)), computing the mean of all predictions results in a piece-wise
constant approximation of the target function, which is usually sufficient. Hence, we
consider it less likely that the regression model overfits the training data and in this
work, predictions are computed using the average of the target values of all samples
reaching a particular leaf node.

To infer the proximity score ŷt of a test image patch I(u), it is passed down each tree Tt

and at each split node, the learned split function φ∗ is applied to decide the subsequent
pathway. Once all T trees in the forest have been traversed from the root to the final
leaf node, the predictions are consolidated by simply averaging them over all trees to
produce a final prediction ŷ:

ŷt = gt (I(u)) , hence (3.9)
T∑

ŷ =
1

ŷt. (3.10)
T

t=1

The entire proximity score map ŷ for an unseen image is obtained by applying g in a
sliding window fashion with pixel stride WS = 1 over all image locations.

Formally, a regression function g is learned to map from a d -dimensional input space
X = Rd to a one-dimensional output space Y = R+. Henceforth, we refer to this
method as single-target regression (rRF ).

Spatial-Averaging Regression

Learning the proximity scores can be formulated as a classical regression problem with
a single output variable, or alternatively as regression with multiple output variables. In
the latter case, for a given training image patch x(i), an entire output patch representing
the proximity scores of locations around the center pixel is learned during training. Let

(i) ∈ RO×1pout be the (square) size of that output patch, and y the label in column
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Figure 3.7.: Overlapping output patches of the spatial-averaging regression using a patch
size of pout = 7 and sliding window pixel stride of WS = 1. Each image location
u receives V individual predictions ŷ(v)(u) that are averaged into ŷ(u), with V
depending on pout and WS .

vector form, where O = (pout)
2. Formally, the learned regression function takes the

form of g : Rd → Rd.

Training proceeds similar to the single-target regression, but optimization and inference{( )}NP(i) (i)generalize to O dimensions. However, now we consider the dataset P = x ,y ,{ } i=1
(i) (i)where y(i) = y1 , . . . , yO . With ȳP as the average proximity score vector, computing

the variance of the set P in the node optimization is done explicitly in each dimension:

1
|P| ( )2∑

V ar(P) = y(i) − ȳP . (3.11)
|P|

i=1

To infer an output patch for a given input patch I(u), the consolidation of the individual
tree predictions ŷt into a final one is denoted as

ŷt = gt (I(u)) , hence (3.12)
T∑1

ŷ = ŷt. (3.13)
T

t=1

The predicted vector output ŷ is mapped back to spatial locations around the patch
center location u. Moreover, each image location receives multiple predictions from
its neighbors due to the overlapping output patches, cf. Fig. 3.7. In particular, if we
consider a pixel stride WS of a sliding window being applied over an image, each image
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location u is contained in

V = (2 · z + 1)2 ,⌊ ⌋ (3.14)

z =
pout

, (3.15)
2 ·WS

output patches, which we will index by v = 1, . . . , V . Therefore,

ŷ(v)(u) := ŷ(u+∆u) (3.16)

denotes the v-th output patch containing location u, centered on u+∆u. This patch{ }
is formed by the set of individual predictions ŷ(v)(u) = ŷ(v)(u) . More formally, the
relative offset of the output window with respect to u is denoted as

∆u = (∆ux,∆uy) ,with (3.17)

∆ux,∆uy ∈ {−z ·WS, . . . , 0, . . . , z ·WS} . (3.18)

From each output patch we collect the proximity score for that location ŷ(v)(u), to
average them into a final prediction:

V∑
ŷ(u) =

1
ŷ(v)(u). (3.19)

V
v=1

Averaging inherently causes smoothing of the proximity score map and makes it more
robust to outliers. Additionally, since pout > 1, it is possible to apply g with WS > 1

as long as WS < pout, which results in a speedup during evaluation. We refer to this
method as spatial-averaging regression (srRF ).

3.2.3. Localizing Cells in a Proximity Score Map

Given a predicted proximity score map ŷ, simple post-processing is applied to reveal the
center of a cell nucleus as a local maximum. First, the prediction images are smoothed
with a Gaussian filter G to remove noise and enforce individual peaks as one local
maximum per hypothesized object. Then, a ‘score’ threshold κ is applied that discards
center hypotheses with very low proximity scores. Finally, non-maximum suppression
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Figure 3.8.: Quantitative and qualitative illustrations of post-processing parameter choices
using ground-truth annotations from an H&E stained bone marrow dataset,
where robj = 16, µdE = 31, and σdE = 10. (a) Distribution of Euclidean dis-
tances dE between a ground-truth cell center and its nearest neighbour. Data
for dE > 86 pixels are not shown in this chart. The distribution mean µdE

is delineated by a red solid line, the standard deviation (SD) ±σdE by blue
dashed lines. The proposed suitable range for selecting rNMS ∈ [0.5 · robj , µdE ]
is illustrated by a green overlay. (b) A qualitative illustration of proposed lower
and upper bounds for rNMS (green colored areas). The green dots denote
ground truth cell locations of 5 cells (numbered) as an example. Here, cells 1
and 3 would mask each other, if the upper bounds (red squares) would be se-
lected to construct WNMS , while all other cells are just contained within their
own window.

(NMS) [180, 181] is applied using a window size of

WNMS = 2 · rNMS + 1, (3.20)

which reveals the cell centers as local maximums.

Though, the radius rNMS of the window should not be defined arbitrarily but is rather
subject to the statistics of a particular dataset. A suitable size satisfies two criteria that
influence the localization performance with respect to precision and recall. Firstly, the
window must be large enough to cover a sufficient area around a cell center to avoid
multiple detection hypotheses on single cell objects. Secondly, it must be small enough
to avoid masking adjacent cell centers. This occurs, for instance, when multiple center
hypotheses (> κ and locally maximal) are located within one NMS window.
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Assume we have a representative set of fully center-dot annotated cell nuclei as ground
truth. To robustly detect the center of a single nucleus, we can consider the average
object radius robj as cue for a suitable lower bound of rNMS, which has already been
estimated as part of the proximity map construction (cf. Section 3.2.1). To find the
upper bound of rNMS for a dataset, we define the distance of an annotated cell center( )

(i) (i)c(i) to it’s nearest neighbour q(i) to be the Euclidean distance dE c ,q . Assuming
that the distances approximately follow a normal distribution, we are able to obtain
a mean and SD: dE ∼ N (µdE , σdE). In Fig. 3.8 (a), the distribution of dE for a H&E
stained bone marrow dataset is depicted, where relevant statistical parameters are
delineated by colored lines. Having derived reasonable bounds, we can now select rNMS

for example from the range [0.5 · robj, µdE ]. Nevertheless, the optimal value needs to be
determined empirically, since the proposed lower bound may underestimate, and the
upper bound may overestimate this range for particular datasets. Fig. 3.8 (b) shows
a qualitative illustration of the proposed bounds for rNMS. The green squares depict
the lower bounds, while the red squares depict the upper bounds of the range. In this
example, the chosen upper bound would probably cause lots of false negatives and
decrease recall, since the red squares often contain more than one ground truth dots.
For instance, if the goal is to optimize for precision, a larger window size can be selected,
taking into account that some very close cells may be missed during localization. On
the other hand, when recall is considered to be more important, the window size should
be chosen somewhere closer to the lower bound.

3.3. Strategies for Cell Detection at Different Scales

We have considered the fact that all cells of interest are non-overlapping and approx-
imately at the same object scale. The latter of which applies to maturation stages in
granulo- and erythropoiesis, but not to megakaryopoiesis, cf. Chapter 2. Regarding size
and appearance of bone marrow cells, megakaryocytes are the largest cells. They are
up to five times larger than cells in granulo- or erythropoiesis, and differ in appearance
in terms of large cell nuclei, surrounded by extensive cytoplasm. Thus, we need to
consider them as a distinct cell class, which cannot be covered by simple multi-scale
training of granulo- or erythropoietic cells in general. In standard multi-scale object
detection, different scales of a particular object class can be learned for instances by
training on a (Gaussian) scale-space pyramid. However, in the case of megakaryocytes,
the texture, shape, and size of their multilobed cell nuclei is morphologically similar
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to the ones of orthochromatic normoblasts at 40× magnification. Given these similari-
ties, fortunately a quite discriminating feature of megakaryocytes is their size and large
perinuclear cytoplasm. Therefore, an additional cell detector is required, which focuses
on megakaryocytes. This detector can be trained on a different magnification level of
the specimen (e.g. 20×, or even 10×). The expected benefits are reduced runtime and
reducing the probability of false positive identifications, since the large cytoplasm gains
more weight in the correct localization of the cell center. The optimal magnification
for megakaryocyte detection in bone marrow slides is explored in Chapter 5.



4. Experimental Setup and
Implementation Details

In this chapter, the setup for empirical evaluations is described along the implemen-
tation details. The regression method is thoroughly evaluated and compared to two
other methods using five challenging dot-annotated cell datasets. We first characterize
the datasets, then we define performance evaluation metrics and describe the compar-
ative methods. The remainder of this chapter contains a description of the setups for
cross-validation (CV) experiments for hyper-parameter selection.

4.1. Datasets

The cell detection approach was evaluated on five challenging histopathological image
datasets. Each of these datasets contains dot-annotated cell nuclei centers. The main
focus of this work is to accurately localize cells in images of healthy bone marrow.
Since there exist many different histochemical stainings for bone marrow, three novel
cell datasets stained with the most popular ones (H&E and MGG) were examined
first. Additionally, two publicly available datasets were examined to evaluate the per-
formance and stability of the proposed regression method on other tissue types [113],
and on a publicly available benchmark dataset [130].

In the previous chapter we defined some hyper-parameters, such as suitable ranges
for the input patch size or the radius for the NMS window, that can be derived from
certain dataset characteristics. Hence, we used dedicated training sets to estimate suit-
able hyper-parameters for each of the cell detection methods in CV, cf. Section 4.4.
The characteristics of the training sets are summarized in Table 4.1, Figs. 4.1-4.3 show
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statistics and samples. In Section 4.4.3, we define benchmark experiments using dedi-
cated test sets for the two bone marrow datasets BM-HE and BM-MGG , which were
not characterized the same way. All microscopic slides were anonymized prior to pro-
cessing.

Parameters BM-HE BM-MGG BM-HE-MK ICPR-BC MT-HE

Magnification 40× 40× 20× 10× 20× 40×
Staining H&E MGG H&E H&E H&E H&E

Training Set (Hyper-Parameter Selection/Cross-Validation)

Slides 8 10 24 24 n/a n/a
Images 11 16 269 269 20 36

Size 1, 200× 1, 200 800× 800 192× 192 96× 96 100× 100 600× 600

Annotations 4, 205 3, 811 335 335 665 7, 931
(µ± σ) (382± 51) (238± 107) (1.2± 0.5) (1.2± 0.5) (33± 13) (220± 112)

robj ± σ 16.5± 3.2 16.5± 3.5 24.9± 4.6 12.4± 2.3 5.7± 0.8 14.7± 2.4
220 220† 100 20 20‡ 180nrobj

dM 33 33 50 25 11 29
α 3.48 3.48 2.82 4.00 6.03 3.71
µdE

± σdE
31± 10 28± 10 69± 21 34± 10 11± 4 23± 9

Test Set

Slides 4 4 - - - -
Images 4 4 - - - -

Size 1, 200× 1, 200 800× 800 - - - -
Annotations 1, 382 944 - - - -

(µ± σ) (346± 56) (236± 122) - - - -

Table 4.1.: Characteristics of the dot-annotated cell datasets (in columns) used to train
and evaluate the cell detection approaches. Both 20× and 10× magnifications of
the megakaryocyte dataset (BM-HE-MK ) were examined, which we list as two
separate datasets here. µ±σ denotes the mean±SD total number of annotations
per image, and robj ± σ the mean±SD object radius in pixels, estimated from

cells. The mean object size dM (in pixels) and α control the width andnrobj

shape of the peaks in the proximity score map, cf. Eq. (3.3). µdE ± σdE denote
mean±SD of the Euclidean distances between a ground truth cell center and
its nearest neighbor in pixels. The number of digital slides was not available for
ICPR-BC and MT-HE . Only the BM-HE and BM-MGG were evaluated in the
benchmarks, other datasets did not have dedicated test sets.
† The estimates from BM-HE were used here.
‡ The estimates of the 20× magnification were divided by two.

BM-HE Bone marrow tissue samples were obtained from the iliac crest of healthy
humans via trephine biopsy during routine examinations, performed at the University
Hospital Graz. At the Institute of Pathology, Medical University of Graz, samples were
cut in sections of ≈ 1-2 µm thickness, stained with H&E, and digitized at 40× magnifi-
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cation (0.245 µm per pixel) using an Aperio ScanScope (Leica Biosystems GmbH) whole
slide scanner. The training set contains eleven 1, 200 × 1, 200 pixel images, cropped
from eight WSIs, depicting healthy human bone marrow from eight different patients,
cf. Fig. 4.1 (b-e). All cell nuclei were labeled as foreground by providing the location
of the center pixel as dot-annotation. Debris and staining artifacts were labeled as
background. Ambiguous blob-structures, e.g. when a cell nucleus could not be clearly
determined as such, were labeled as unknown. However, we treated all ambiguous ob-
jects as foreground, since the detection method proposed in this work is supposed to
identify these objects as candidates for a subsequent cell type classification, which can
be used to filter out these objects. Hence, a total of 4, 205 annotations covers foreground
and unknown labels. The focus of evaluating on this dataset was to detect bone mar-
row cells of similar size, i.e. all cell types except megakaryocytes, which were therefore
not labeled as foreground. This dataset has been used in recent work [8] and has been
made publicly available [6]. An additional test set consists of four images from four
slides, comprising 1, 382 annotated cells. This test set will be used in the benchmark
experiments.

BM-MGG The training subset of this novel dataset contains 16 images of May-
Grünwald-Giemsa (MGG) stained healthy human bone marrow tissue from ten pa-
tients. Obtaining the biological samples, digitalization of the stained specimen and
creation of the ground truth annotations (without megakaryocytes) was performed ac-
cording to the procedure described for the BM-HE dataset. Each image was cropped at
a size of 800× 800 pixels from ten WSIs, and a total of 3, 811 locations was labeled, cf.
Fig. 4.1 (g-j). The goal here was to assess the transferability of the proposed detection
method to another common staining besides H&E. An additional test set consists of
four images from four slides, comprising 944 annotated cells. This test set will be used
in the benchmark experiments.

BM-HE-MK The ability of the method to detect megakaryocytes was evaluated in
this separate, also novel, H&E stained cell dataset. Obtaining the biological samples
and digitalization of the stained specimen was performed according to the procedure
described for the BM-HE dataset. While the original magnification was 40×, we pre-
pared this dataset at 20× and 10× to make use of prior knowledge of the size and
cytological properties of megakaryocytes, cf. Section 3.3. Furthermore, we wanted to
examine whether the regression method worked better on either magnification. A total
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of 269 images of size 192 × 192 pixels (at 20×), containing at least one megakary-
ocyte, was cropped from WSIs of 24 individual patients, cf. Fig. 4.2 (b-e). The center
locations of the cell nuclei were annotated, resulting in a total of 335 cells. Unlike for
the other datasets, the distribution of dE did not comply to a normal distribution, cf.
Fig. 4.2 (a). This was most likely caused by the small number of images that contained
two or more cells (most of them contained just a single one). At 20× magnifications,
the median (Q2) of the distribution was at 66 pixels, the first and third quartile were
at 53 and at 87 pixels, respectively. These characteristics are closely related to the
mean and SD of the distribution: µdE = 69 pixels and σdE = 21 pixels. In order to be
consistent with the remaining datasets, mean and SD could therefore be selected to
derive method hyper-parameters for this dataset as well. However, we can expect that
in larger images containing multiple megakaryocytes, the distribution of dE eventually
becomes approximately normally distributed.

ICPR-BC Gurcan et al. [130] conducted the ICPR 2010 Pattern Recognition in Histo-
pathological Images Contest and provided a public benchmark dataset of H&E stained
breast cancer tissue. It contains 20 100 × 100 pixel images at 20× magnification, cf.
Fig. 4.2 (f-j), and facilitates a comparison with other, already published work on cell
detection [103–105, 116, 182–184]. The reader is referred to the original publication [130]
for more details on the image data. This dataset contains 665 labeled lymphocytes
in neoplastic tissue, and has been included into the method evaluations to show the
broad applicability of the proposed regression method. Furthermore this dataset is of
relevance, because lymphocytes originate from hematopoietic stem cells in the bone
marrow, cf. Chapter 2. In addition to their accurate localization, a major challenge in
this dataset is that lymphocytes must be discriminated from cancer cells, which are
sometimes highly similar in appearance.

MT-HE Wienert et al. [113] provided a cell dataset containing benign and malignant
cases of multiple tissue types: breast cancer, bone marrow, normal liver and kidney
tissue, and intestinal mucosa. It contains 36 images at 20× magnification, each cropped
from WSI and tissue microarrays to measure 600× 600 pixels , cf. Fig. 4.3 (b-e). The
reader is referred to their publication [113] for more details on the acquisition protocol.
The 7, 931 labeled cell nuclei are distributed over a great variety of tissue samples, which
poses a significant challenge to the generalization requirement of a single, generic cell
detection method.
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(a) (b)

(c) (d) (e)

(f) (g)

(h) (i) (j)

Figure 4.1.: Statistics and samples of the BM-HE (a-e) and BM-MGG (f-j) datasets. (a,f)
Histograms of Euclidean distances dE between a cell center and its nearest
neighbour, dE > 100 pixels are not shown. Mean±SD (µdE ± σdE) are illus-
trated as solid red and dashed blue lines. (b-e, g-j) Samples from the datasets
at 40× magnification. Green dots denote the ground truth cell center annota-
tions.
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(a) (b)

(c) (d) (e)

(f) (g)

(h) (i) (j)

Figure 4.2.: Statistics and samples of the BM-HE-MK (a-e) and ICPR-BC (f-j) datasets.
(a,f) Histogram of Euclidean distances dE between a cell center and its nearest
neighbour, dE > 100 pixels are not shown in (a), dE > 30 are not shown in (b).
Mean±SD (µdE ± σdE) are illustrated as solid red and dashed blue lines. Please
note that the shape of the histogram in (a) also applies to the BM-HE-MK
dataset at 10× magnification, but all values on the x-axis need to be divided
by two. Q1-Q3 denote the first, second and third quantile of the distribution.
(b-e, g-j) Samples from the datasets at 20× magnification. Green dots denote
the ground truth cell center annotations.
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(a) (b)

(c) (d) (e)

Figure 4.3.: Statistics and samples of the MT-HE dataset. (a) Histogram of Euclidean dis-
tances dE between a cell center and its nearest neighbour, dE > 100 are not
shown. Mean±SD (µdE ±σdE) are illustrated as solid red and dashed blue lines.
(b-g) Samples from the dataset at 40× magnification. Green dots denote the
ground truth cell center annotations.

4.2. Localization Performance Evaluation Metrics

The localization performance is reported quantitatively by different measures. In order
to associate a detection hypothesis with a ground truth location, a maximum distance
threshold ξ between a ground truth center and a hypothesis was introduced for the
evaluations. Let us define TP as true positive, FP as false positive, and FN as false
negative detections. If the distance between a detection and a ground truth annotation
is ≤ ξ, we count the detection as TP. If more than one detection hypothesis is present
in this area, we assign the most confident one (i.e. the highest proximity score) to the
ground truth location and consider the others as FP. A detection hypothesis farther
away than ξ from any ground truth location is counted as FP, and all ground truth
annotations without any sufficiently close detection hypotheses are FN.

Overall detection performance is evaluated as precision (PRC), recall (REC), and F1-
score:

PRC =
TP

, (4.1)
TP + FP
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REC =
TP

, (4.2)
TP + FN

2 · PRC · REC
F1 = . (4.3)

PRC + REC

Further, the average absolute difference and standard deviation (SD) µn ± σn between
the number of ground truth annotations (|C|) and correct detection hypotheses (TP)
is assessed with ||C|−TP|. The localization accuracy in the spatial domain is reported
using the average Euclidean distance and SD µd ± σd between a TP detection and its
correctly assigned ground truth location.

4.3. Comparative Methods

4.3.1. Classification Random Forest

As first comparison method, a standard classification RF was trained as pixel-wise
classifier to predict the posterior distribution of the class labels on the center pixel of a
given image patch. To facilitate a direct comparison, input data was represented by the
very same 54 image features. Since the goal here is the evaluation of the performance
difference that can directly be attributed to classification instead of regression, all
hyper-parameters were inherited from the search performed for the regression RF that
will be detailed in Section 4.4.1.

The classifier learned a binary classification task using a discrete target variable. Hence,
Eq. (3.8) could not be used to evaluate the quality of the split decision. Further,{( )}NPthe dataset now took the form of P = x(i), k(i)

i=1
, with NP as the number of

training samples. Each training patch x(i) was labeled with a corresponding discrete
class label k(i) ∈ {0, 1}, where 0 denotes background and 1 denotes the center of a cell
(foreground), hence the classification function takes the form of f : Rd → {0, 1}. A
commonly used criterion for optimal split decision at a non-terminal node in decision
trees (e.g. ID3 [185] and C4.5 [186]) is the information gain (IG), denoted as∑

IG(φ) = H(P)− ws H(Ps(φ)), (4.4)
s∈{L,R}

where ws denotes the weights of the subsets determined by Eq. (3.5), and H denotes
the entropy.
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The goal in classification trees is to minimize an objective that measures the class impu-
rity in a dataset, and hence the quality of the split decision. This optimization objective
is frequently defined by the entropy H, denoted as follows for a binary classification
problem:

1∑
H(P) = − p(c = k|P) logb [p(c = k|P)] , (4.5)

k=0

where p(c = k|P) is the probability that an instance in set P belongs to class k, and b

is a logarithmic base (usually 2, e, or 10).

In this thesis we consider the Gini index (sometimes also termed Gini impurity), known
from standard CART systems [178], as alternative to the entropy for class impurity of
two subsets:

1∑
Gini(P) = p(c = k|P) p(c ̸= k|P). (4.6)

k=0

Substituting H(P) with Gini(P) in Eq. (4.4) results in the Gini gain∑
GG(φ) = Gini(P)− ws Gini(Ps(φ)). (4.7)

s∈{L,R}

To maximize GG(φ), we select and store at each non-terminal node the optimal split
function

φ∗ = argmaxGG(φ). (4.8)
φ

Using Gini index and entropy as impurity measures may result in different φ∗. However,
they yield qualitatively comparable results. Furthermore, the Gini index facilitates
reduced execution times, since the computation of log [·] is not required. Once certain
criteria apply to stop the growth of the tree (cf. Section 3.2.2), a leaf node is created.
The leaf stores the class label histogram over all instances.

To infer a class label for an unseen image patch I(u), it is propagated down each tree
that predicts the posterior probability distribution over the labels, i.e. returns the class
label histogram. The averaged class label distribution resulting from the classification
RF is given by

T∑1
p̄(c = k|I(u)) = pt(c = k|I(u)), (4.9)

T
t=1

where pt(c = k|I(u)) is the probability distribution over the labels predicted by the
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t-th tree. Taking the most likely label results in the final class prediction

k̂ = argmax p̄(c = k|I(u)). (4.10)
k∈{0,1}

A probability map p̄ for an image I is obtained by applying f on each image location
u in a test image using a sliding window and storing

max p̄(c = k|I(u)),∀u ∈ Ω. (4.11)
k∈{0,1}

This has several advantages over using Eq. (4.10), where we would obtain a non-smooth,
discrete label map, similar to a segmentation map, with a significant amount of (shot)
noise that is not well-suited for this object localization task. Detecting the cell centers
from the smooth probability map is easier and was performed according to the post-
processing procedure described in Section 3.2.3. Henceforth, we refer to this method
as cRF .

Training Data Augmentation The regression target was defined for multiple loca-
tions around an actual cell center, which results in a quite extensive training dataset, if
τbg < 1. To provide a fair comparison between the RF predictors, foreground patches in
the classification forest were augmented by three rotations (multiples of 90◦) as well as
horizontal, vertical, and diagonal flipping. Furthermore, the training dataset was fully
balanced using additional, randomly sampled patches from non-foreground locations
in the training images.

4.3.2. MSER-SSVM

The second method we compare our approach to is one of the state-of-the-art meth-
ods in non-overlapping cell detection, that also learns from dot-annotations on cell
objects.

Arteta et al. [116] presented an approach based on the classification of maximally stable
extremal image regions (MSER [131, 132]) via structured support vector machines
(SSVMs), that proceeds in three steps. First, a large set of cell-nuclei-like candidates
is extracted by the MSER detector, which reveals image regions that are coherent
across different levels of intensity thresholding. Then, the appearance of these candidate
regions is characterized by a statistical feature vector f , and subsequently scored by
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evaluating a linear SVM classifier (wb · f). The training set for this binary classifier
consists of image regions that contain a single ground truth dot-annotation as positive
class (+1), and all other regions as negative class (−1). The features comprise intensity
histograms, a shape descriptor, and an area descriptor. The binary SVM produces a
new ground truth configuration for the subsequent structured learning approach by
scoring all regions. For each ground truth dot, only the region containing that dot
and having the highest score is selected as a positive sample. Using a non-overlapping
constraint and the new ground truth dataset, the weights ws of an SSVM classifier
are optimized to discriminate between cell objects and non-cell regions. The learning
objective is implemented using a custom loss function that models the deviation from
the one-to-one correspondences between the ground truth dots and regions that contain
only that dot. Finally, they employ dynamic programming to select the optimal subset
of all scored, non-overlapping regions stored in a tree structure, such that the sum of
the scores is maximized over the entire training set [116].

Given an unseen image and the learned weight vector, the method first predicts the
score of each region revealed by the MSER detector using ws ·f+b. Finally, it infers the
locations of the cell nuclei centers as the centroids of the best non-overlapping subset
of regions from the trees. The inference bias b is able to influence the selection of the
subsets by steering the performance towards more precision, or recall, respectively.

The authors [116] provided a publicly available implementation of their method1, which
was used here. Henceforth, we refer to this method as SSVM and describe the choice
of hyper-parameters in Section 4.4.2.

4.4. Experiments

Selection of suitable hyper-parameters is a necessary step to explore the performance
range of the cell localization strategy, which consists of a learning part (RF) and a post-
processing part (NMS). The hyper-parameter search was performed across reasonable
parameter ranges, with the objective to optimize a particular performance measure.

However, to assess the generalization performance on unseen test images, distinct ex-
periments are performed on each available dataset. The following sections detail the

Available from: http://www.robots.ox.ac.uk/~vgg/software/cell_detection.1

http://www.robots.ox.ac.uk/~vgg/software/cell_detection
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parameter ranges and experimental setups for the evaluations, while the results are
reported in Chapter 5.

4.4.1. Random Forest Hyper-Parameter Selection

{ }L
λ(l)Let Λ = be the set of L possible hyper-parameter combinations, where{ l=1 }

(l) (l) (l) (l)
λ(l) = λ , λ , . . . , λ , . . . , λ is the l-th n-dimensional hyper-parameter vec-0 1 k n−1

tor. All experiments to search for the optimal hyper-parameters λ∗ were carried out
in CV. In the case of the BM-HE , and BM-MGG dataset, we selected a leave-one-
out cross-validation (LOOCV) over a 10-fold CV due to the small total number of
images. For the ICPR-BC , BM-HE-MK and MT-HE dataset a 10-fold CV was per-
formed. For datasets, where the total number of images NI was not a multiple of 10,
we used ⌊NI/10⌋ samples in the test set of the first nine iterations, and the remaining
NI − 9 · ⌊NI/10⌋ test samples in the final iteration.

Exploring the entire high-dimensional space Λ in a dense grid search for all possible
combinations of hyper-parameters was not feasible, because training many predictive
models in CVs is computationally expensive on big datasets. At each depth level of the
trees, the number of nodes increases exponentially such that including the root nodes∑T ∑Tmda forest may consist of up to 2(d−1) split nodes (at a theoretical maximum).t=1 d=1

Depending on the settings used for randomized node optimization, i.e. Nφ and Mj,
this could take a considerable amount of time. Therefore, the search for λ∗ ∈ Λ′ was
designed incrementally to explore a reduced parameter space Λ′ ⊂ Λ in three stages.
This strategy still facilitated using a grid search, which is a simple method to search
for a proper solution in a reproducible way [187]. In the first two stages the post-
processing parameters were fixed, and the RF parameters were optimized to produce
a proximity score map from an image that is as close as possible to the ground truth.
The performance resulting from a parameter vector is measured by the normalized root
mean squared error (NRMSE). For a given ground truth image y, prediction image ŷ

and parameter vector λ(l), it is defined as  |Ω| ∑( ) 1 √ 1
NRMSE y, ŷ, λ(l) = (yi − ŷi)

2, (4.12)
ymax − ymin |Ω|

i=1

with yi and ŷi as the ground truth and predicted value at pixel i, ymin and ymax as the
minimum and maximum value of the target variable, and |Ω| as the total number of
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pixels in the image. The best hyper-parameters were selected according to the minimal
average error over all m = 1, . . . , NI images in a dataset:[ ]∑1

NI ( )
λ∗ = argmin NRMSE ym, ŷm, λ

(l) . (4.13)
λ(l)∈Λ′ NI m=1

In the final stage, post-processing hyper-parameters were explored and the RF hyper-
parameters were fixed to the optimal values resulting from the previous stage. Over all
NI images in a dataset, the mean of the area under the average precision-recall curve
(AUC)2 and average F1-score3 was considered as the optimality criterion:

( ) AUC
(
λ(l)

)
+ F1

(
λ(l)

)
λ(l)O = . (4.14)

2

The best hyper-parameters maximized this criterion:

λ∗ = argmaxO(λ(l)). (4.15)
λ(l)∈Λ′

Opting for this joint optimality criterion has the advantage to include both the entire
possible performance range (AUC) and the maximum F1-score that can be achieved
by a method.

Stage I

The width of the peaks dM in the proximity score map is modeled as a function of
the average object size to cover areas in the adjacency of an annotated cell center.
For each dataset, three input patch sizes pin ∈ {0.5 · dM , dM , 1.5 · dM} were examined
empirically. These definitions covered cases, where an area (i) less than the average
object size, (ii) equal to the average object size, and (iii) larger than the average object
size is depicted on a single patch4. The training patches were sampled using τbg = 0.5

for all datasets but ICPR-BC , where we used τbg = 0.1 due to the smaller average
object size.

2 To construct the average precision-recall curve over all NI images, detection results (TP, FP, FN)
in all images were pooled and the mean curve and its AUC were computed. Please note that this
value therefore deviates from the one obtained by averaging the AUC measures of the individual
images.

3 Computed as the mean F1-score over all NI images.
4 Initial experiments on the BM-HE dataset showed that very small and very large input patch sizes

result in higher NRMSE, see Fig. A.1 (a) for details on experiments with pin ∈ {6, 128}.
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BM-HE-MK

λk BM-HE BM-MGG 20× 10× ICPR-BC MT-HE

dM
τbg
pin
pout
rNMS

ξ

33
0.5

{17, 33, 50}
{3, 7, 11}

8
21

33
0.5

{17, 33, 50}
{3, 7, 11}

8
18

50
0.5

{25, 50, 75}
{3, 7, 11}

13
48

25
0.5

{13, 25, 38}
{3, 7, 11}

6
24

11
0.1

{6, 11, 17}
{3, 7, 11}

3
7

29
0.5

{15, 29, 44}
{3, 7, 11}

7
14

Table 4.2.: Choices of hyper-parameters for all evaluated datasets in search stage I. The
first rows correspond to hyper-parameters λk common to both the single-target
and spatial-averaging regression, while the output patch size pout was evaluated
for each pin in spatial-averaging regression only. Across all datasets, some pa-
rameters were fixed: T = 16, Tmd = 16, σG = 2.

All remaining hyper-parameters for the RF and post-processing were fixed across all
datasets at this stage, using existing values from earlier experiments performed in
Kainz et al. [8]: T = 16, Tmd = 16, σG = 2 (i.e. a 5 × 5 pixel kernel5), rNMS =

⌊0.5 ·robj⌉, where ⌊·⌉ denotes the rounding operator to the nearest integer, see Table 4.2
for details. For each selected split function 20 random thresholds were tested. Tree
growing stopped, if either Tmd or a minimum number of remaining samples NP ≤ 20

was reached.

In each experiment, a proper threshold for the ‘confidence’ of a hypothesized center is
screened in the possible output value range [0, 1] using a step size of 0.02. By vary-
ing κ, a precision-recall curve was obtained and the AUC was computed. The optimal
input patch size p∗ was picked by using Eq. (4.13), while the best threshold κ∗ glob-in

ally maximizes the F1-score over all predicted images. For all evaluations in stage I,
the maximum accepted distance between a detection hypothesis and a ground truth
location was set rather loosely to ξ = µdE − σdE .

The spatial-averaging regression approach required the additional search for a suitable
square output patch size pout ∈ {3, 7, 11}, while satisfying pout ≤ pin (full-patch regres-
sion). The maximum output patch size was limited to 11×11 pixels, since computation
times and memory consumption increased significantly in initial proof-of-principle ex-
periments for larger sizes. The rest of the experimental setup was identical to the
single-target regression.

The Gaussian kernel size depends on the selected SD: (2 · σG + 1)× (2 · σG + 1) pixels [188].5
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BM-HE-MK

λk BM-HE BM-MGG 20× 10× ICPR-BC MT-HE

robj 17 17 25 12 6 15
µdE 31 28 69 34 11 23
rNMS

ξ

{8, 14, 20,
26, 31}

{21, 11, 5}

{8, 13, 18,
23, 28}
{18, 8, 5}

{12, 18, 24,
30, 35}

{48, 27, 5}

{6, 13, 20,
27, 34}

{24, 14, 5}

{3, 5, 7,
9, 11}
{7, 3}

{7, 11, 15,
20, 23}
{14, 5}

Table 4.3.: Choices of hyper-parameters for all evaluated datasets in search stage III. For
all datasets, Gaussian kernels defined by σG ∈ {2, 4, 6, 8} were examined and the
minimum distance between a ground truth and hypothesized center was set to
different ξ.

Stage II

This stage evaluated, whether the initially chosen model complexity was sufficient,
needed be increased, or could even be decreased. Therefore, the best input patch size
p∗in and output patch size p∗out, respectively, from stage I were selected, and additional
RF parameter combinations were evaluated in a grid search: T ∈ {4, 16, 64}, and
Tmd ∈ {8, 16, 24}. The post-processing parameters remained as defined for stage I, and
again evaluating Eq. (4.13) determined a suitable model complexity.

Stage III

In this final stage of the hyper-parameter search, post-processing settings were evalu-
ated for the best performing RF model resulting from stage II. Since the post-processing
hyper-parameters rely on heuristics, they are considered more sensitive than the RF
hyper-parameters. However, compared to training the RF models, this search was com-
putationally inexpensive and allowed us to perform a denser grid search, cf. Table 4.3.

Given a predicted proximity score map ŷ, we first searched for proper zero-mean Gaus-
sian kernels with σG ∈ {2, 4, 6, 8} to smooth ŷ. Secondly, the NMS window radius rNMS

was adjusted for each dataset according to the bounds derived in Section 3.2.3.

The maximum accepted distance between a ground truth and hypothesized center
was varied to obtain different levels of confidence for the spatial localization accuracy:
ξ ∈ {µdE − σdE , µdE − 2 · σdE}. The predictions of the center locations were considered
more accurate, when in the absence of significant performance loss, ξ could be set to a
lower value. Hence, for some datasets, an additional ξ = 5 was examined that enabled
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a more rigorous definition of TP detections. The optimal set of hyper-parameters λ∗

for the entire cell localization method was determined by evaluating Eq. (4.15), and
subsequently used in the experiments for benchmarking the methods on the test sets.

4.4.2. MSER-SSVM Hyper-Parameter Selection

In their original work [116], the authors used a feature vector f consisting of 92 statis-
tical parameters to describe each region. We extended that number to a total of 151
features: 15 for area description, four intensity histograms of 15 bins each for both the
mean RGB image and the three RGB color channels. Moreover, 16 features described
the difference between the region and its context (eight bins, two scales), and 60 fea-
tures described the shape using a rotationally invariant contour points distribution
histogram [189] (12 angles, five radii).

Despite the method has more hyper-parameters such as particular SVM settings, we
did not perform a grid search to explore the parameter space, but relied on the origi-
nally provided implementation that earlier achieved state-of-the-art [116] performance
on the ICPR-BC dataset, and fairly reasonable performance on the BM-HE dataset
in more recent work [8]. However, for each dataset the MSER detector6 was tuned
towards higher performance by manually exploring hyper-parameter settings. It de-
tects a set of candidate regions, specified by a minimum and maximum area, from a
Gaussian-smoothed version of a given grey-scale image. The dark-on-bright detector
setting was used, since the cell nuclei in both H&E and MGG histopathology images
are usually stained darker than their environment and background. The individual
results of manual tuning are not reported here.

SSVM parameters were chosen such that false positives get maximally penalized during
structured learning. Nevertheless, varying the inference bias b of the model (ws · f + b)

allowed us to influence the precision and recall after learning. Hence, a precision-recall
curve was obtained by varying b in the range [−3, 6] using a step size of 0.25. The AUC
was computed over all images in CV.

The VLFeat [190] implementation of the MSER detector is used in the SSVM method [116].6
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4.4.3. Method Benchmarks

The experimental setup for comparing the four methods to detect cells (single-target
regression rRF , spatial-averaging regression srRF , (binary) classification cRF , and
SSVM ) are defined in this section. The BM-HE , BM-MGG and ICPR-BC datasets
consist of a dedicated training and test set, which were used for the benchmark experi-
ments. Using the best settings resulting from the hyper-parameter search, each method
is trained on all available training images, and evaluated on the held-out test images.
Results are reported as precision-recall curves and AUCs as well as the performance
metrics for object detection defined in Section 4.2.

In the bone marrow datasets, some training images have been cropped from the same
WSI. However, it was ensured that the test set contained images from previously unseen
variations of staining, texture and tissue architecture. To test the generalization ability
of the methods to such variations, each individual image in the test set originated
a separate histopathological slide, i.e. patient. For the BM-HE dataset, this strategy
resulted in a training set of eleven images from eight WSIs, and a test set of four
images. Sixteen images from ten slides were used for training in the BM-MGG dataset,
while four images comprised the test set.

An estimation of the generalization ability using a dedicated test set was only performed
for the BM-HE and BM-MGG datasets. However, the dataset split defined in the ICPR
2010 Contest [130] has been considered for the ICPR-BC dataset, and results from
earlier work [8] are presented and discussed. No benchmark tests were performed for
the BM-HE-MK and MT-HE dataset, because there was not enough data available for
the BM-HE-MK dataset. On the other hand, the original work of Wienert et al. [113]
used the MT-HE dataset, but did not define a dataset split that could be used in a
comparison.

All methods except the SSVM extensively rely on random processes during dataset
sampling and tree node optimization. Hence, the stability of each RF-based method is
evaluated in ten additional independent runs on the available benchmark datasets to
acquire a robust estimate of the expected performance.



5. Cell Detection Results

In this chapter, the results of four cell detection methods across five challenging histo-
pathology datasets are presented. For each dataset, the hyper-parameter selection re-
sults for the novel proximity score regression methods rRF and srRF are described first.
A grid search across a multitude of combinations was performed to select proper hyper-
parameters on the training part of each dataset in cross-validation, cf. Section 4.4.1.
Then, direct comparisons of the proposed proximity score regression, a standard bi-
nary pixel-wise classification (cRF ), and the SSVM method of Arteta et al. [116] are
provided according to the experiment definitions in Section 4.4. Significant results are
presented here, whereas supplementary information, especially on intermediate results
of the hyper-parameter search, can be obtained from Appendix A.

5.1. Model Evaluations

5.1.1. Bone Marrow (H&E)

Hyper-Parameter Selection

In stage I, an input patch size of pin∗ = 33 pixels resulted in the lowest NRMSE (0.0959)
for rRF . The srRF achieved the lowest NRMSE (0.0769) for an input and output patch
size of p∗ = 33 pixels and p∗ = 11 pixels, respectively. Fig. A.1 illustrates the resultsin out

of the other stage I hyper-parameter configurations. F1-score is rather stable, regardless
of the chosen patch sizes. Though, the patch sizes seemed to determine the trade-off
between precision and recall.

Table 5.1 contains the performance measures obtained from stage II and stage III
search. Both rRF and srRF achieved the lowest NRMSE using a forest of T = 64
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Method NRMSE AUC κ∗
Stage II
PRC REC F1 µd ± σd µn ± σn

rRF
srRF

0.0905
0.0753

0.8879
0.8971

0.5686
0.4706

0.7899
0.7971

0.9270
0.9275

0.8530
0.8573

2.54± 1.97
2.54± 1.91

27.91± 6.79
27.73± 7.72

Method O AUC κ∗
Stage III
PRC REC F1 µd ± σd µn ± σn

rRF 0.8919 0.9110 0.4706 0.8463 0.9008 0.8727 2.44± 1.49 37.91± 12.78
srRF 0.8903 0.9087 0.3726 0.8324 0.9153 0.8719 2.45± 1.51 32.36± 11.71
cRF – 0.9002 0.7451† 0.8239 0.9265 0.8722 2.59± 0.28 28.09± 13.03
SSVM – 0.8943 0.0000‡ 0.8333 0.8779 0.8550 2.48± 1.67 70.27± 18.06

Table 5.1.: BM-HE dataset: stage II and III performance summary of the detection meth-
ods. NRMSE, precision, recall and F1-score are reported as mean over all im-
ages in LOOCV. In stage III, results are reported for ξ = 11.
† Confidence (probability) threshold for a cell center (cRF ).
‡ Best prediction bias (SSVM ).

trees, each with a maximum depth of Tmd = 24. Although we could observe a significant
difference in the proximity score prediction errors (−0.0152) between the two methods,
their detection-specific performance measures were virtually identical. This indicates
that the srRF method was able to approximate the proximity map more accurately
than rRF . The AUC was slightly higher for the srRF , due to higher precision at lower
recall, cf. Fig. A.2 (d).

(a) ξ = 11 (b) ξ = 5

Figure 5.1.: BM-HE dataset: stage III precision-recall curves for the best hyper-parameter
settings of all detection methods. Curves and AUCs represent averages over
the LOOCV runs, evaluated for various ξ. We could not observe significant
differences for ξ ≥ 11, all methods worked reasonably well. However, if only
hypotheses within five pixels around a ground truth location were considered
as true positives, the regression methods performed more reliable than cRF
and SSVM .

The optimal performance on this dataset in stage III was achieved using a Gaussian
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kernel width of σG = 6, and a non-maximum suppression radius of rNMS = 8. In
Fig. 5.1, the localization accuracy in terms of tolerances ξ is illustrated. All methods
were evaluated in LOOCV on eleven images in the training set. Results for ξ ≥ 11 were
highly similar. However, it had been shown in earlier work [8] that setting ξ = 8 for
this dataset resulted in a lower AUC measure of the SSVM (0.869) when compared
to the RF methods, which stayed similarly high (0.905). In this work, an even stricter
tolerance of ξ = 5 was examined, cf. Fig. 5.1 (b), and it could be observed that both
regression methods performed more reliable than binary classification and the SSVM
method. Despite at ξ = 11 all methods resulted in high AUC measures, the regression
methods resulted in superior performance when setting ξ = 5.

Method Benchmark and Stability Analysis

The direct comparison of all methods on the BM-HE test set showed that all cell
detection methods achieved acceptable performance, cf. Table 5.2 and Fig. 5.2. For all
evaluations ξ = 11 was used as the required distance between a ground truth and a
true positive detection. All three RF-based methods expressed very stable F1-scores
over ten independent runs, indicating that the influence of the stochastic optimization
procedure in the split nodes of the trees is negligible with respect to the ultimate
detection performance. The highest variability of precision and recall was observed for
srRF , the lowest for cRF .

Method PRC REC F1 µd ± σd µn ± σn

Benchmark Results

rRF 0.8500 0.9059 0.8771 2.22± 1.51 32.50± 19.07
srRF 0.8835 0.8669 0.8751 2.18± 1.48 46.00± 27.45
cRF 0.8237 0.9298 0.8736 2.34± 1.61 24.25± 15.13
SSVM 0.8479 0.8859 0.8665 2.21± 1.61 38.75± 14.57

Stability Analysis (10 Independent Runs)

rRF 0.8510± 0.0097 0.9055± 0.0120 0.8773± 0.0012 2.21± 1.52 32.65± 20.83
srRF 0.8543± 0.0209 0.8999± 0.0225 0.8760± 0.0007 2.23± 1.51 34.60± 20.55
cRF 0.8223± 0.0054 0.9285± 0.0074 0.8721± 0.0017 2.37± 1.60 24.70± 15.41

Table 5.2.: BM-HE dataset: benchmark and stability analysis results on the held-out test
set (N = 4, |C| = 1, 382). All models were evaluated using ξ = 11. Stability
analysis is reported for RF based methods in the lower panel as mean±SD.

In the benchmark experiment, all methods resulted in similarly high F1-scores. Nev-
ertheless, the RF methods outperformed the SSVM on all metrics. The highest recall,



615. Cell Detection Results

and therefore the lowest number of FN hypotheses was obtained by cRF . The highest
precision was achieved by srRF , while rRF resulted in the best F1-score. In terms of
spatial localization accuracy, the srRF could achieve the lowest average distance of a
true positive detection to its corresponding ground truth center. Moreover, srRF also
achieved the lowest recall, and cRF the lowest precision. The AUC measures, however,
show that on this test set, the regression methods perform best, and SSVM ranks third,
being superior over the binary classification approach, cf. Fig. 5.2.

Figure 5.2.: Precision-recall curves for all methods on the BM-HE test set, using ξ = 11.

Fig. 5.3 depicts qualitative results of all four detection methods in columns for three
test samples (A, B, C). Results were obtained using ξ = 11. Odd rows show a cropped
part of a test image, with ground truth cell nuclei centers illustrated as green dots. True
positive detections are denoted by blue x’s, false positives by red x’s, and false negatives
by magenta boxes enclosing the green dots. Even rows show the corresponding model
predictions, and detection hypotheses (denoted by white crosses). The heatmaps in the
first two columns (regression methods) encode proximity scores, in the third column
they encode cell-center probabilities, where blue corresponds to 0 and red to 1. For
SSVM , the detected MSERs are shown as mask (dark red spots). The qualitative
results support the quantitative findings: srRF revealed less false positives than the
others, cRF was able to detect most of the nuclei, but at the cost of lower precision
(Sample B). It was not always possible for the RF methods to detect all very close
objects as individual ones. This also sometimes applied to the SSVM method (Sample
A). For the RF methods, it was also not always possible to get just a single response
from larger nuclei. On the other hand, this could be observed as a strength of the
SSVM (Sample C).
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Figure 5.3.: Qualitative cell detection results on the BM-HE test set (three samples A,
B, C) using ξ = 11. Columns correspond to the methods: rRF , srRF , cRF ,
SSVM . Heatmaps encode proximity scores, cell center probabilities, and de-
tected MSERs, where blue corresponds to 0 and red to 1.



635. Cell Detection Results

5.1.2. Bone Marrow (MGG)

Hyper-Parameter Selection

In stage I, the optimal input patch size was determined to be pin
∗ = 33 pixels for both

regression methods, resulting in the minimum NRMSE values of 0.0917 and 0.0758 for
rRF and srRF , respectively. Larger output patch sizes led to lower NRMSE in the
spatial-averaging regression approach: the optimal size was pout

∗ = 11 pixels. Over the
examined hyper-parameter combinations, only minor variations were observed in the
detection-specific measures precision, recall, and F1-score, cf. Fig. A.3.

When comparing stage II to stage I, the average performance in terms of AUC could
only be increased by 0.01 using deeper and larger regression forests (Fig. A.4), resulting
in the best performance at Tmd = 24 and T = 64. However, the NRMSE did improve
to 0.0861 and 0.0743 for rRF and srRF , cf. Table 5.3. The proximity score map could
be approximated best by the srRF approach, despite the NRMSE did not improve as
much when compared to the rRF method.

Method NRMSE AUC κ∗
Stage II
PRC REC F1 µd ± σd µn ± σn

rRF
srRF

0.0861
0.0743

0.9103
0.9133

0.5686
0.4510

0.8325
0.8267

0.9040
0.9213

0.8668
0.8714

1.81± 1.57
1.86± 1.71

22.88± 15.69
18.75± 14.51

Method O AUC κ∗
Stage III
PRC REC F1 µd ± σd µn ± σn

rRF 0.8951 0.9132 0.4118 0.8480 0.9079 0.8770 1.76± 1.29 21.93± 15.80
srRF 0.8889 0.9055 0.3137 0.8258 0.9244 0.8724 1.75± 1.27 18.00± 13.72
cRF – 0.8843 0.5294† 0.8203 0.9142 0.8647 1.96± 1.32 20.44± 15.69
SSVM – 0.8804 0.7500‡ 0.8661 0.9102 0.8876 1.75± 1.29 23.31± 15.40

Table 5.3.: BM-MGG dataset: stage II and III performance summary of the detection
methods. NRMSE, precision, recall and F1-score are reported as mean over all
images in LOOCV. In stage III, results are reported for ξ = 8.
† Confidence (probability) threshold for a cell center (cRF ).
‡ Best prediction bias (SSVM ).

In stage III, it was found that the post-processing parameters σG = 6 and rNMS = 8

maximize the objective O for both regression methods, cf. Table 5.3. However, the
highest F1-score (0.8876) in the CV experiments could be achieved by the SSVM
method, followed by rRF and srRF . This was mainly caused by higher precision of
SSVM . In terms of AUC, the regression methods were superior, while SSVM ranked
fourth, cf. Fig. 5.4.
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(a) ξ = 8 (b) ξ = 5

Figure 5.4.: BM-MGG dataset: stage III precision-recall curves for the best hyper-
parameter settings of all detection methods. Curves and AUCs represent av-
erages over all images (LOOCV), evaluated for various ξ. We could not observe
significant differences for ξ ≥ 8, all methods worked similarly well. However,
if just hypotheses within five pixels around a ground truth were considered as
true positives, the regression methods performed more reliable than the others.

No noteworthy differences were observed when evaluating the spatial localization ac-
curacy with ξ > 8 on this dataset. All methods were able to achieve a similarly high
detection performance. The average Euclidean distance of a true positive detection to
its associated ground truth was less than two pixels. Compared to ξ = 8, the regression
methods showed the lowest drop in AUC measures (−0.04) at ξ = 5, demonstrating
a more stable precision and more reliable spatial localization accuracy than the other
methods.

Method Benchmark and Stability Analysis

Quantitative results of the benchmark and stability experiments are reported in Ta-
ble 5.4 and Fig. 5.5. It could be observed that all RF methods outperformed the baseline
results provided by SSVM . Both, the highest F1-score and AUC could be achieved by
the rRF method, followed by the spatial-averaging regression. Despite the classification
forest was able to achieve a quite convincing recall, its precision and spatial localization
accuracy (µd) was the lowest among all tested methods. All RFs resulted in a reliable
stability over ten independent runs of training and testing, but in contrast to the BM-
HE dataset, the srRF was the most stable method here. Although the classification
forest showed the largest variance of precision and recall, the ranking among the three
forest methods did not change in any evaluation metrics.
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Method PRC REC F1 µd ± σd µn ± σn

Benchmark Results

rRF 0.8684 0.9227 0.8947 1.94± 1.20 18.25± 12.92
srRF 0.8897 0.8973 0.8935 1.92± 1.19 24.25± 16.98
cRF 0.8127 0.9333 0.8688 2.17± 1.33 15.75± 11.87
SSVM 0.8367 0.8902 0.8626 2.02± 1.36 28.75± 22.23

Stability Analysis (10 Independent Runs)

rRF 0.8767± 0.0116 0.9162± 0.0118 0.8959± 0.0013 1.93± 1.22 19.78± 13.60
srRF 0.8664± 0.0091 0.9236± 0.0094 0.8940± 0.0011 1.92± 1.19 18.03± 12.02
cRF 0.8358± 0.0209 0.9067± 0.0244 0.8693± 0.0019 2.17± 1.31 22.03± 16.64

Table 5.4.: BM-MGG dataset: method comparison and stability analysis results on a held-
out test set. All models were evaluated using ξ = 8. Stability analysis is re-
ported for random forest based methods in the lower panel as mean±SD.

Figure 5.5.: Precision-recall curves for all methods on the BM-MGG test set, using ξ = 8.

In Fig. 5.6, qualitative results of all four detection methods (columns) for three test
samples (A,B,C) are illustrated1. Results were obtained using ξ = 8. Due to merging
indistinctive peaks, very close cell nuclei could sometimes not be identified as individual
ones by any method (Sample A). On the other hand, where the baseline method did
not detect a cell nucleus, the RF methods actually detected two peaks on a single
object (top left corner of Sample B). The classification forest tended to detect more
false positives, while the SSVM missed a larger number of actual cells (Sample C).

The reader is referred to Section 5.1.1 at page 61 for a more detailed explanation of the figure
legend.

1
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Figure 5.6.: Qualitative cell detection results on the BM-MGG test set (three samples A,
B, C) using ξ = 8. Columns correspond to the methods: rRF , srRF , cRF ,
SSVM . Heatmaps encode proximity scores, cell center probabilities, and de-
tected MSERs, where blue corresponds to 0 and red to 1.
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5.1.3. Bone Marrow (H&E) Megakaryocytes

For megakaryocyte localization, prior knowledge on the appearance of this specific
hematopoietic cell lineage was leveraged. Megakaryocytes usually have larger, multi-
lobed nuclei, and more extensive cytoplasm surrounding the nucleus than other bone
marrow cells, cf. Fig. 4.2. Therefore, they can usually be identified rather easily among
adjacent granulo- and erythropoietic cells at optical magnifications < 40×.

The first evaluation of the detection methods on this dataset considered megakary-
ocytes at 20× magnification. An optimal input patch size of p∗ = 75 pixels and modelin

complexity of Tmd = 24 and T = 64 were determined in stage I and II of the hyper-
parameter search, cf. Fig. A.5 and Fig. A.6. Spatial-averaging regression worked best
when using pout

∗ = 11 pixels. The optimal post-processing parameters were found to
be σG = 8 and rNMS = 18. The precision-recall curves illustrated in Fig. 5.8 (a) show
that at a distance threshold of ξ = 27 all RF-based detection methods provided very
high detection accuracy. Nevertheless, for ξ = 5, AUC measures dropped considerably
for all methods, cf. Fig. 5.8 (b). The quantitative results of the stage III evaluations
(Table 5.5) may provide an explanation: the mean distance of a ground truth point to
its corresponding true positive detection (µd) for the RF methods was almost equal to
the selected evaluation threshold, i.e. 4.9 ≈ 5. Additionally, considering the large σd,
we could not capture a lot of actual true positive detections when setting such a strict
evaluation tolerance, hence the sudden drop in detection performance measures and
lower AUC measures. Once we selected some ξ > 5, the measures became similar to
the ones reported in Fig. 5.8 (a).

The second set of evaluations was run using this dataset at 10× magnification. There,
we found that the best parameters were pin∗ = 38 for rRF , whereas srRF required pin

∗ =

25 and pout
∗ = 11 to achieve the best performance, cf. Fig. A.7. All models minimized the

NRMSE using an RF complexity of Tmd = 24 and T = 64, cf. Fig. A.8. The optimal
post-processing parameters for rRF were found to be σG = 4 and rNMS = 6, and
σG = 2 and rNMS = 13 for srRF , respectively. Fig. 5.8 (c,d) illustrates the precision-
recall curves. Compared to 20× magnification, the performance measures were similarly
high for all three RF methods. The spatial localization accuracy in terms of µd at
10× magnification was seemingly higher than at 20×, but a quantitative examination
suggested that they in fact depend on the object scale. For instance, if we relate µd of
the rRF method at both magnifications, we can observe that 4.57 ≈ (2 · 2.33). Similar
observations could be made for the other RF methods, indicating that their cell center
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Figure 5.7.: Qualitative comparison at different magnifications. Source image with ground
truth (a), proximity score maps at 20× (b), and 10× (c). The location of the
predicted center is stable with respect to the ground truth center (green dot).
The illustrated proximity score maps were predicted by the srRF method, the
detections produced with the best post-processing settings for this method.

prediction at both magnifications was rather stable with respect to the relative location
of the true center. A qualitative illustration of this effect is depicted in Fig. 5.7 using
the srRF method as an example.

Interestingly, the SSVM method failed detecting the megakaryocytes at both object
scales, although it worked well on the myeloid and erythroid cell lineages. This was
mainly expressed in very low precision, while recall could reach an acceptable range,
cf. Fig. 5.8. Considering the qualitative results in Fig. 5.9, almost all candidates that
looked similar to a cell nucleus were predicted as cell centers. On the other hand,
multilobed nuclei were frequently not recognized as coherent candidate regions (Sample
A), but rather the small cytoplasmic regions between the lobes. Furthermore, many
locations in obvious background, or fat cells, were detected and hypothesized as (false
positive) cell nuclei centers. It seemed as if the detector learned to detect locations
on all nuclei and in the intercellular space rather than on the actual megakaryocytes.
Hence, the perfect recall of this method at 20× magnification is just a side effect, cf.
Table 5.5.

At both magnifications, the rRF method worked best, exhibiting the highest detection
performance measures. Compared to results obtained at 20×, the srRF method per-
formed not as good as the other RF methods at 10× magnification. In this comparison,
most values of the hyper-parameters were scaled by the same factor as the input im-
ages, i.e. by 0.5. It is therefore little surprising that the detection-specific performance
values look quite similar. However, this also suggests that at each magnification of the
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(a) ξ = 27 (b) ξ = 5

(c) ξ = 14 (d) ξ = 5

Figure 5.8.: BM-HE-MK dataset: stage III precision-recall curves for the best hyper-
parameter settings of all detection methods. Curves and AUCs represent av-
erages over the LOOCV runs, evaluated for various ξ. (a,b) 20× magnification:
at higher tolerances (a), all RF methods show very high performance, while at
lower tolerances (b), their AUC measures drop significantly. (c,d) 10× mag-
nification: in (c) similar performance compared to (a) can be observed. In all
cases, also for evaluations using ξ > 27 and ξ > 14 that are not reported here,
SSVM fails in this task.
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Method NRMSE AUC κ∗
Stage II - 20×

PRC REC F1 µd ± σd µn ± σn

rRF
srRF

0.0609
0.0584

0.9448
0.9420

0.4314
0.4118

0.9039
0.9195

0.8985
0.8866

0.9012
0.9027

5.32± 4.98
4.83± 4.16

0.12± 0.43
0.14± 0.41

Stage II - 10×

rRF
srRF

0.0752
0.0603

0.9558
0.9310

0.4706
0.3333

0.9446
0.8849

0.8657
0.8716

0.9034
0.8782

2.46± 2.14
2.66± 2.14

0.17± 0.47
0.16± 0.48

Method O AUC κ∗
Stage III - 20×

PRC REC F1 µd ± σd µn ± σn

rRF 0.9299 0.9501 0.3726 0.9511 0.8716 0.9097 4.57± 3.50 0.16± 0.47
srRF 0.9254 0.9465 0.3333 0.9198 0.8896 0.9044 4.47± 3.23 0.14± 0.41
cRF – 0.9324 0.7451† 0.9036 0.8955 0.8996 5.57± 3.47 0.13± 0.43
SSVM – 0.0117 1.2500‡ 0.0117 1.0000 0.0232 7.67± 3.84 0.00± 0.00

Stage III - 10×

rRF 0.9291 0.9511 0.3922 0.9255 0.8896 0.9072 2.33± 1.58 0.14± 0.41
srRF 0.9028 0.9251 0.3333 0.8926 0.8687 0.8805 2.59± 1.77 0.16± 0.48
cRF – 0.9413 0.7255† 0.8952 0.8925 0.8938 2.72± 1.85 0.13± 0.44
SSVM – 0.1487 1.0000‡ 0.1573 0.9333 0.2692 4.11± 2.35 0.01± 0.11

Table 5.5.: BM-HE-MK dataset: stage II and III performance summary of the detection
methods on 20× and 10× magnification. In stage III, results are reported for
ξ = 27, and ξ = 14, respectively. NRMSE, precision, recall and F1-score are
reported as mean over all images in 10-fold CV. The perfect recall of the SSVM
at 20× was just a side effect from a failing detector.
† Confidence (probability) threshold for a cell center (cRF ).
‡ Best prediction bias (SSVM ).

dataset the RFs learn a similar predictive model, because they practically have the
same contextual information in the input patches.

In Fig. 5.9, qualitative results of all four detection methods in columns for three samples
(A,B,C) at 20× magnification are illustrated2. The results were obtained by 10-fold
CV on the entire dataset using ξ = 27. In Samples A and B, all RF methods perfectly
detected the megakaryocytes without revealing any false positives, while in Sample
C the cRF missed one cell. In a minority of cases, multilobed nuclei with minimal
surrounding cytoplasm such as shown in Sample A could not be detected by the RF
methods. However, SSVM always detected a huge number of false positives, where some
of them were assigned as true positives as a consequence of the defined performance
evaluations.

The reader is referred to Section 5.1.1 at page 61 for a more detailed explanation of the figure
legend.

2
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Figure 5.9.: Qualitative cell detection results on the BM-HE-MK dataset (three samples
A, B, C, from 10-fold CV) using ξ = 27 at 20× magnification. Columns corre-
spond to the methods: rRF , srRF , cRF , SSVM . Heatmaps encode proximity
scores, cell center probabilities, and detected MSERs, where blue corresponds
to 0 and red to 1.
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5.1.4. Breast Cancer (H&E)

Hyper-Parameter Selection

On this dataset, the optimal input patch size was found to be p∗ = 11 for bothin

regression methods. Furthermore, an output patch size of pout
∗ = 7 was optimal for

srRF . Both models achieved the highest performance when using a random forest with
Tmd = 24 and T = 64, resulting in a NRMSE of 0.0700 and 0.0634 for rRF and srRF ,
cf. Table 5.6. F1-scores are quite stable across all examined parameter configurations,
despite precision and recall vary much more compared to the bone marrow datasets.
Detailed stage I and II results are illustrated in Figs. A.9 and A.10. The optimal post-
processing settings that optimize the stage III objective O were found to be σG = 2

and rNMS = 3.

Method NRMSE AUC κ∗
Stage II
PRC REC F1 µd ± σd µn ± σn

rRF
srRF

0.0700
0.0634

0.9185
0.8904

0.1961
0.1373

0.8437
0.8264

0.9173
0.9308

0.8790
0.8755

0.80± 0.67
0.78± 0.66

2.75± 2.65
2.30± 2.47

Method O AUC κ∗
Stage III
PRC REC F1 µd ± σd µn ± σn

rRF 0.8920 0.9094 0.1765 0.8189 0.9384 0.8746 0.73± 0.64 2.05± 2.01
srRF 0.8812 0.8926 0.1373 0.8211 0.9248 0.8699 0.77± 0.63 2.50± 2.59
cRF – 0.8860 0.4902† 0.8431 0.9053 0.8731 0.78± 0.62 3.15± 2.81
SSVM – 0.7895 1.5000‡ 0.8142 0.8070 0.8106 0.88± 0.67 7.40± 5.04

Table 5.6.: ICPR-BC dataset: stage II and III performance summary of the detection
methods. NRMSE, precision, recall and F1-score are reported as mean over all
images in 10-fold CV. In stage III, results are reported for ξ = 3.
† Confidence (probability) threshold for a cell center (cRF ).
‡ Best prediction bias (SSVM ).

In the CV experiments, it was not possible to achieve an SSVM localization perfor-
mance comparable to the one reported in the original work of Arteta et al. [116], where
the detector was evaluated on the dedicated test set provided during the challenge3.
When using ξ = 3, their SSVM method could only be optimized to achieve an average
F1-score of 0.8106 in the 10-fold CV on the entire dataset. This was mainly caused by
a lower recall (0.8142) compared to all other methods (> 0.90). Despite all methods
were able to reach sub-pixel spatial localization accuracy (on average), the RF methods

It was also not mentioned in the work of Arteta et al. [116], which distance ξ was considered to the
report the performance measures.

3
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showed much better detection performance than the SSVM baseline, cf. Table 5.6. We
could not observe that the regression methods always outperformed the classification
approach in the CV experiments on this dataset, because the cRF showed the highest
precision, and competitive recall.

The AUC measure for all RF methods was quite similar. Also, employing a tighter ξ

did not influence these measures much, cf. Fig. 5.10. It has to be noted that the SSVM
method exhibited higher precision at lower recalls than the other methods. However, a
remarkable decrease in precision was found around a recall of 0.73 for both evaluated
ξ. This behavior was also observed for ξ ≥ 7.

(a) ξ = 7 (b) ξ = 3

Figure 5.10.: ICPR-BC dataset: stage III precision-recall curves for the best hyper-
parameter settings of all detection methods. Curves and AUCs represent av-
erages over the 10-fold CV runs, evaluated for various ξ. Since all methods
exhibit sub-pixel localization accuracy on this dataset, we could not observe
significant differences at lower ξ.

In Fig. 5.11, qualitative detection results from the 10-fold cross validation are illustrated
for three samples (A,B,C)4. The results were obtained on the entire dataset using a
strict setting of ξ = 3. Several annotations were placed quite close to the image border
(e.g. Sample A). This could explain the lower recall of the SSVM method, since these
cells would probably have been detected when some kind of border extension was used.
The RF methods, however, were able to correctly detect these cells most of the time.
In Sample B, the number of false negatives was quite low for the RF methods, but
SSVM missed several cells. SSVM also detected many more false positives than the
RF methods (Sample C), since stable regions were detected by the MSER detector and
the classifier obviously could not learn to properly reject these candidates.

The reader is referred to Section 5.1.1 at page 61 for a more detailed explanation of the figure
legend.

4
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Figure 5.11.: Qualitative cell detection results on the ICPR-BC dataset (three samples
from A, B, C, from 10-fold CV) using ξ = 3. Columns correspond to the
methods: rRF , srRF , cRF , SSVM . Heatmaps encode proximity scores, cell
center probabilities, and detected MSERs, where blue corresponds to 0 and
red to 1.
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Benchmark Results

The ICPR-BC dataset was released as part of the Pattern Recognition in Histopatho-
logical Images Contest [130]. In earlier work, regression-based cell localization [8], in
particular rRF , was shown to outperform standard classification-based, and the method
of Arteta et al. [116], which was considered state-of-the-art until then. The RF hyper-
parameters were used from an estimation on a more complex, bone marrow dataset [6],
and subsequently the models were trained on ten training images, and evaluated on
ten test images.

Method PRC REC F1 µd ± σd µn ± σn

Kainz et al., rRF [8] 0.9133 0.9170 0.9150 0.80± 0.68 3.26± 2.32
Kainz et al., cRF [8] 0.9066 0.8972 0.9018 0.86± 0.68 4.04± 2.26

Arteta et al., SSVM [116] 0.8699 0.9003 0.8848 1.68± 2.55 2.90± 2.13
Kuse et al., LIPSyM [104] 0.7021 0.7008 0.7014 3.14± 0.93 4.30± 3.08
Kuse et al. [103] 0.6523 0.6999 0.6729 3.04± 3.40 14.01± 4.40
Bernardis & Yu [105] – – – 2.84± 2.89 8.20± 4.75
Cheng et al. [183] – – – 8.10± 6.98 6.98± 12.50
Graf et al. [182] – – – 7.60± 6.30 24.50± 16.20
Panagiotakis et al. [184] – – – 2.87± 3.80 14.23± 6.30

Table 5.7.: ICPR-BC dataset: comparison of different cell detection methods on the held-
out benchmark test set used in the ICPR 2010 contest [130]. The results of
Kainz et al. [8] were obtained using ξ = 4, whereas all others used less strict
values. Superior results are printed in bold.

In Table 5.7, the quantitative results of all participating teams are listed along the re-
sults reported in [8]. The rRF and cRF models were evaluated using ξ = 4 [8]. All other
methods used less strict values of ξ > 4. It was not possible to exactly reproduce the
performance originally reported by Arteta et al. [116] using the provided implementa-
tion of their SSVM method, hence the values from their publication are reported here.
Both rRF and cRF method outperformed all previous methods on all standard metrics
used in this benchmark dataset. Further, the results of these two methods are reported
as the mean performance measures across ten independent iterations of training and
testing, which indicates convincing stability and underlines the superiority in spatial
localization accuracy. Considering the given challenging task of detecting leukocytes in
breast cancer histology images, the proposed proximity score regression method was
able to more reliably discriminate cell types than previous methods.
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5.1.5. Multi-Tissue (H&E)

Hyper-Parameter Selection

The hyper-parameter search in stage I revealed an optimal input patch size of p∗ = 29in

pixels for both regression methods. Additionally, the optimal output patch size was
found to be pout

∗ = 11 pixels for srRF . In stage II, the lowest NRMSE of 0.1103 and
0.0870 could be achieved for rRF and srRF , using a random forest with Tmd = 24 and
T = 64. The spatial-averaging regression was able to predict the proximity scores much
more precisely than the pixel-wise regression, but this had in fact very little influence
on the detection performance in terms of F1-score, cf. Table 5.8. The reader is referred
to Section A.5 for more detailed illustrations of performance results.

Method NRMSE AUC κ∗
Stage II
PRC REC F1 µd ± σd µn ± σn

rRF
srRF

0.1103
0.0870

0.8955
0.8981

0.5098
0.3529

0.8479
0.8526

0.9143
0.9150

0.8798
0.8827

2.65± 1.93
2.61± 1.87

18.89± 23.91
18.72± 20.92

Method O AUC κ∗
Stage III
PRC REC F1 µd ± σd µn ± σn

rRF 0.9057 0.9215 0.4510 0.8748 0.9056 0.8899 2.59± 1.85 20.81± 24.61
srRF 0.8979 0.9085 0.3137 0.8714 0.9037 0.8872 2.57± 1.79 21.22± 23.73
cRF – 0.9006 0.6471† 0.8569 0.9179 0.8864 2.70± 1.94 18.08± 19.47
SSVM – 0.8729 0.5000‡ 0.8830 0.8482 0.8653 2.67± 1.87 24.14± 20.95

Table 5.8.: MT-HE dataset: stage II and III performance summary of the detection meth-
ods. NRMSE, precision, recall and F1-score are reported as mean over all im-
ages in 10-fold CV. In stage III, results are reported for ξ = 14.
† Confidence (probability) threshold for a cell center (cRF ).
‡ Best prediction bias (SSVM ).

The two post-processing parameters σG = 4 and rNMS = 7 resulted in the optimal
stage III objectives for rRF (O = 0.9057) and srRF (O = 0.8979), cf. Table 5.8. All
results were obtained in 10-fold CV on the entire dataset using ξ = 14. The precision-
recall curves for all methods are illustrated in Fig. 5.12. On this complex dataset,
which contains multiple tissue types, the rRF method achieved the remarkable AUC
of 0.9215, followed by srRF and cRF . Both regression methods had higher precision
than the classification and the SSVM approach. The latter could not achieve the same
spatial localization accuracy as the regression methods, but still slightly better than
cRF . The maximum achievable recall was similar for all methods, though.
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(a) ξ = 14 (b) ξ = 5

Figure 5.12.: MT-HE dataset: stage III precision-recall curves for the best hyper-parameter
settings of all detection methods. Curves and AUCs represent averages over
the 10-fold CV runs, evaluated for various ξ. Despite all methods resulted in
satisfactory performance at ξ = 14, the SSVM method showed a considerably
lower AUC at ξ = 5.

In Fig. 5.13, qualitative detection results from the 10-fold cross validation are illustrated
for three samples (A,B,C)5, obtained using ξ = 14. Due to multiple types of tissue, this
dataset was characterized by a large variability of cells in terms of nuclei staining, shape,
and size. Sample A shows some false positive detections close to the right image border.
Considering similar cells that were detected as true positives in this dataset, it is unclear
why these cells have not been annotated in the ground truth. The reported quantitative
detection performance, especially precision, could therefore have been even higher, cf.
Table 5.8. Further, the classification approach detected two peaks on a single object
more frequently than the proposed regression. From Sample B it could be observed
that tiny, and elongated cells in blurry image regions could not be identified properly
by the SSVM . Spatial-averaging regression and classification are able to detect most
of these cells. The number of false positive detections was very low in this sample. The
hypothesized cell centers were very similar for all methods in Sample C. Nevertheless,
the cRF again produced multiple peaks on single objects more frequently than the
regression methods, accompanied by more false positives. None of the four methods
was able to detect the two very close individual objects at the lower image border as
such. The RF methods further seemed to have issues detecting very tiny cells, but this
was likely caused by some questionable ground truth annotations.

The reader is referred to Section 5.1.1 at page 61 for a more detailed explanation of the figure
legend.
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Figure 5.13.: Qualitative cell detection results on the MT-HE dataset (three samples A, B,
C, from 10-fold CV) using ξ = 14. Columns correspond to the methods: rRF ,
srRF , cRF , SSVM . Heatmaps encode proximity scores, cell center probabili-
ties, and detected MSERs, where blue corresponds to 0 and red to 1.
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5.2. Transferability of Learned Detection Models

In the previous sections, the performance of the cell detectors was evaluated on datasets,
where the tissue had been stained with a dedicated dye only. As it has been shown,
the cell detectors may be re-trained from scratch on new datasets, but in bone mar-
row histopathology, several histochemical staining protocols exist that allow a similar
visualization of the cell morphology, e.g. H&E and MGG. Re-using learned predictors
for similar histopathological images could therefore remove time-consuming training
procedures and provide a more general method for automated tissue analysis.

In this section, we compared the performance of the cell detectors when they were
learned on the training set of the BM-HE dataset and evaluated on the test set of
the BM-MGG dataset, and vice versa. To enable learning from multiple stainings with
the same hyper-parameters, the datasets were pre-processed: we just used features
that could be computed from grey-scale (RGB mean) versions of all images. Color-
related features were thus removed, leaving a set of 48 visual image features for the
RF methods, cf. Section 3.2.2. The features used for SSVM were also reduced to be
computed from grey-scale images. All four methods were evaluated using the best
hyper-parameters estimated for each of the two bone marrow datasets. The training
and test subset were defined previously in Section 4.4.3.

Test Set

H&E MGG

Method Training Set PRC REC F1 PRC REC F1

rRF H&E
MGG

0.8377
0.8462

0.9298
0.9313

0.8813
0.8867

0.8628
0.8657

0.8994
0.9078

0.8813
0.8863

srRF H&E
MGG

0.8480
0.8531

0.9204
0.9248

0.8827
0.8875

0.8378
0.8560

0.9248
0.9195

0.8792
0.8866

cRF H&E
MGG

0.8529
0.8416

0.9059
0.9190

0.8786
0.8786

0.8332
0.8129

0.9100
0.9248

0.8699
0.8652

SSVM H&E
MGG

0.8263
0.7737

0.9048
0.8922

0.8638
0.8288

0.8263
0.8449

0.9048
0.8841

0.8638
0.8641

Table 5.9.: Transferability of learned detection models for two different histochemical stain-
ings in bone marrow histopathology. In terms of F1-score, transferring from
H&E to MGG and vice-versa is very stable for all RF methods. The SSVM
method has some difficulties to be transferred from MGG to H&E, where the
precision is considerably lower compared to the other experiments.

The performance was compared quantitatively in terms of precision, recall, and F1-
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score in Table 5.9. Transferring the learned models worked well both ways for all RF
methods. In terms of F1-score, the results on the two test sets were practically identical
for the two regression-based methods, which also outperformed the classification-based
and SSVM method. However, it could be observed that transferring the SSVM classifier
from MGG to H&E staining did not work as well as vice versa, or compared to the
other methods. This was expressed by a higher number of false positive detections
(lower precision: 0.7737), when the learned classifier was transferred from MGG to
H&E staining. One of the reasons was that the SSVM approach relied on intensity
histogram features to learn cells from the candidate regions revealed by the MSER
detector. The intensity distribution is different for H&E and MGG stained nuclei, also
when only grey-value images are considered, hence limiting the transferability. In the
BM-MGG dataset, we found more homogeneously stained nuclei than in the BM-HE
dataset, cf. samples in Fig. 4.1, which likely led to problems in the correct classification
of the candidates.

5.3. Observations from Empirical Evaluations

5.3.1. Examination of Optimal Split Function Components

The RFs were trained on a set of |Φ| = 54 pre-computed visual features, cf. Fig. 3.6.
All feature channels were available for each patch at each randomized internal node op-
timization in order to find a binary split of the dataset using an optimal split function6

φ∗. Fig. 5.14 visualizes the components of the optimal split functions at different levels
of the random forests with T = 64 trees, each with a maximum depth of Tmd = 24.
The first two columns correspond to the proposed regression methods rRF and srRF ,
while the last column shows the results for the binary classification forest (cRF ). The
large panels illustrate the selection frequency of a feature channel Φi, where pixels in
red to black colors encode lower and yellow to white colors encode higher frequencies7.
The horizontal axis in these panels corresponds to the feature channel identifiers de-
fined in Table 3.2. Pixels in the smaller panels depict the frequencies of the evaluation
operations in the optimal selection functions θ∗, where lower to higher frequencies are

6 The optimal split function φ∗ was defined to comprise two parts. First, a selection function θ chooses
the feature channel(s) Φ and an evaluation operation, e.g. a single pixel value, in a particular channel.
Secondly, the response of θ is compared to a random threshold τφ, cf. Section 3.2.2 for more details.

7 We only considered the first selected feature channel for this visualization, ignoring whether a
selection function θ required two channels.
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Figure 5.14.: Visualization of split decisions in the RFs (Tmd = 24, T = 64), for all datasets
as average over all trees and CVs: (A) BM-HE , (B) BM-MGG , (C) BM-HE-
MK (20×), (D) ICPR-BC , and (E) MT-HE . Panels: Horizontal axes repre-
sent individual feature channels (Φi), evaluation operations in the optimal
selection functions (θ∗), and the fraction of leaf nodes (%L) at each depth
level of the forest (vertical axes).
NB: Use the electronic version for improved visibility. Blurring may occur due to the document

viewer.

encoded by a continuum from blue to red colors8. In particular, four evaluation op-
erations were defined: (1) single pixel values, (2) pixel value differences, (3) Haar-like
functions, and (4) constrained pixel value differences (both image locations within an
Euclidean distance of 10 pixels). For the purpose of comparison among the methods,

Please note that here we borrow the symbol θ to denote only the evaluation operations uncorrelated
to the feature channels.

8
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the color coding for the selection frequencies was clipped at 0.2, and 0.6, respectively. In
addition, the fraction of leaf nodes (%L) at each depth level is illustrated by black hor-
izontal bar charts. For each depth level, mean frequencies for all datasets are reported
in Fig. 5.14 (A-E), where values were first averaged over all trees, and subsequently
over all CV runs to obtain a complete representation of a forest that is interpretable at
a higher level. Some common and specific observations could be made for the datasets
and methods, which are described in the following paragraphs.

Common Observations The first ten channels, resembling color and Canny edge
features, were among the most frequently (> 5%) selected channels across all datasets.
RGB channels were generally of little relevance. While feature selection in the classi-
fication trees appeared to be more random, they focused on high-level Gabor features
(Φ25−40) more frequently in early levels than the regression trees. Until a tree depth
of approximately 15, clearer preferences towards specific feature channels could be ob-
served. This tendency vanished in deeper levels, where all features were selected with
almost equal frequency. The most frequent features, defined as being a component of
> 5% of the optimal split functions, were L* and a* and histogram-equalized grey-scale
intensities (Φ4−5,7), local grey-scale intensity minima and maxima (Φ8−9), Canny edges
(Φ10), HoG-like gradients and high-level Gabor features (Φ23−25), as well as mid- and
low scale LBP features (Φ52,54). Haar-like functions were the most frequent evaluation
operations until a tree depth of 10-15, sometimes with a selection rate of > 60%. In-
terestingly, it seemed that some correlation existed between the selection frequency
of Haar-like operations and the tree depth, when first intermediate leaf nodes were
created. Leaf node creation started once alternative evaluation operations were consid-
ered with equal frequency compared to Haar-like. This qualitative observation has not
been further investigated quantitatively in this work, though. All methods constructed
rather balanced trees until a depth of eight levels, where first intermediate leaf nodes
were constructed. The distribution of the leaf nodes over the depth levels seemed to
be specific to the methods, hence these characteristics will be described later in this
section.

Dataset-Centered View Compared to other datasets, the three bone marrow datasets
required the trees to utilize mid- to low-scale Gabor features more frequently at early
depth levels, cf. Fig. 5.14 (A-C). Especially in the MT-HE dataset, the majority of
optimal splits until a depth of approximately 20 involved a particular Gabor feature
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channel (Φ25), while low-level gradient orientation and magnitudes (Φ11−22) were rather
infrequently selected, cf. Fig. 5.14 (E). While at the root nodes in the ICPR-BC and
MT-HE datasets Haar-like functions were used most frequently (≈ 40%), alternative
evaluation operations gained more importance after a depth of five to seven. When
larger objects such as megakaryocytes needed to be localized, the focus of all methods
was set on coarser features such as low-level Gabor and color features that were eval-
uated using Haar-like selection functions, cf. Fig. 5.14 (C). The mode of the leaf node
distribution in the ICPR-BC dataset shifted noticeably to shallower levels, suggesting
that a maximum tree depth of 24 was probably not required to learn the variabil-
ity contained in this dataset. For all other datasets, deeper (regression) trees seemed
possible.

Method-Centered View Apart from the commonly selected features described above,
no clear tendency towards specific channels could be observed for the classification
forests, but LBP features (Φ50−54) were among the least frequently used. While for the
regression methods the feature frequency patterns looked quite smooth, the results of
the node optimization for the classification method indeed looked quite random. A less
noisy frequency histogram could be observed solely in the MT-HE dataset, for which
also less intermediate leaves were constructed. It seemed that these random-looking
patterns in the feature selection started at depth 10-15, where the number of interme-
diate leaf nodes started to decrease again. As a result, a hypothesis that would require
further examination could be that the distribution of the leaf histogram is somehow
related to these patterns and that the trees already learned most of the information
from the dataset until a particular depth. In early levels of the regression forests, the
single pixel value evaluation did not contribute much to the selection function his-
tograms. Haar-like functions on the other hand were more frequent only in shallow
levels, whereas in deeper levels all operations were selected with almost equal average
frequency. The classification forest tended to construct many intermediate leaf nodes
at rather early levels (≈ 8−10), and very little leaves towards the deeper levels (> 15).
Hence, these trees could perhaps be pruned earlier. Conversely, deeper regression trees
seemed to be possible as the mode of the leaf nodes distribution was at the maximum
depth, where tree growing stopped but still enough samples were available for further
splitting. Despite these trees seemed quite balanced until a depth of ten, growing deeper
trees might result in slightly more imbalance.
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5.3.2. Runtime and Efficiency Profiling

The runtime of all detection algorithms was compared for training and prediction on
the benchmark data split defined by the BM-HE dataset. All algorithms were executed
on a workstation hosting two Intel Xeon E5-2630v2 2.60 GHz CPUs and 64 GB main
memory. The RFs were profiled in several configurations and were subsequently com-
pared to the runtime of the SSVM baseline cell detector. First, we examined them using
the BM-HE benchmark settings from Section 5.1.1 (T = 64, Tmd = 24, |Φ| = 54), then
using less complex models that achieved the same detection performance (F1-score)
during the hyper-parameter search, i.e. T = 16 and Tmd = 16. Finally, the RF config-
uration presented in Kainz et al. [8] (T = 64, Tmd = 16, |Φ| = 21, denoted by the ⋆

symbol) was profiled. The number of parallel execution threads was limited to 12 for
all algorithms9. All timings are reported as wall time, final detection performance is
reported as F1-score, cf. Table 5.10.

Training

The number of patches used for RF training differs due to the different dataset sam-
pling strategies of the regression and classification methods. A training set of 479, 156
patches was sampled from 11 images (τbg = 0.5) for the regression methods in around
103 seconds using all 54 feature channels. Since the classification forest used data aug-
mentation of the original images, sampling lasted around 11 minutes for 58, 878 patches.
The SSVM baseline method took around 9 minutes to generate 44, 442 training sam-
ples, and learned the model in around 5 hours. For the largest RFs, fitting the rRF
model took around 1.5 hours, while training the srRF consumed 5.7 hours. Net learn-
ing time of the cRF was significantly faster than regression (by factor 14-52×) and
took only 6.6 minutes. However, the data sampling took even more time than learning
the model. In the reference RF configuration (⋆), we saw a remarkable speedup in data
sampling for all RF methods: rRF and srRF approximately by factor 3, and for cRF by
factor 25. This could be attributed to omitting the Gabor and LBP feature channels (30
in total), because these implementations have not yet been optimized. Pre-computing
|Φ| = 21 simple intensity and gradient feature channels was much faster. RF configu-
rations using Tmd = 16 and T = 16 resulted in a training speedup of approximately
6.5-7× for the regression methods.

The RF implementations were parallelized using OpenMP, while the SSVM method was using
parallelization in MATLAB and optimized C/C++ code using the MEX interface.

9
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BM-HE Dataset Training: 11 Images

Method Tmd T |Φ| Sampling (NP) Fitting WS

rRF 24 64 54 479, 156 102 s 5, 428 s 1
16 16 54 479, 156 100 s 836 s 1

24 64 21 479, 156 39 s 3, 459 s 1
⋆ 16 64 21 479, 156 43 s 1, 485 s 1

16 16 21 479, 156 24 s 482 s 1

srRF 24 64 54 479, 156 105 s 20, 620 s 1
16 16 54 479, 156 106 s 2, 884 s 1

24 64 21 479, 156 39 s 13, 115 s 1
4

⋆ 16 64 21 479, 156 30 s 6, 442 s 1
4

16 16 21 479, 156 38 s 1, 913 s 1
4

cRF 24 64 54 58, 878 633 s 400 s 1
16 16 54 58, 878 633 s 365 s 1

24 64 21 58, 878 24 s 22 s 1
⋆ 16 64 21 58, 878 25 s 16 s 1

16 16 21 58, 878 24 s 4 s 1

SSVM – – 151 44, 442 541 s 17, 748 s –

Test: 1 Image

Prediction AUC

78.5 s 25.6 s 0.9243
78.6 s 6.4 s 0.9190

9.2 s 24.1 s 0.9185
9.5 s 16.2 s 0.9103
9.0 s 4.6 s 0.9084

84.1 s 38.4 s 0.9201
80.5 s 8.5 s 0.9122

10.0 s 29.3 s 0.9152
3.1 s 2.4 s 0.9139
9.9 s 19.1 s 0.9092
2.8 s 1.7 s 0.9084

10.0 s 7.1 s 0.9052
2.9 s 0.6 s 0.9079

78.4 s 24.7 s 0.8963
78.0 s 4.6 s 0.8764

9.1 s 18.3 s 0.8780
8.7 s 13.6 s 0.8760
8.9 s 4.5 s 0.8737

26.1 s 5.2 s 0.9144

F1

0.8759
0.8742

0.8749
0.8713
0.8702

0.8794
0.8757

0.8720
0.8703
0.8684
0.8672
0.8658
0.8672

0.8733
0.8682

0.8648
0.8654
0.8657

0.8665

Table 5.10.: Runtime and efficiency profiling results of the cell detection algorithms on
the BM-HE benchmark dataset (1, 200 × 1, 200 pixel images). All timings
are reported as wall time. Training was profiled regarding duration of train-
ing dataset sampling as well as the net model parameter fitting time. Inferring
cell center locations on a single test image is reported as average over all four
test images. The fastest detector is srRF (highlighted in light gray), being 9×
faster than the SSVM baseline. The first timing refers to feature computation,
the second to the net model inference and applying post-processing. Detection
performance is given as F1-score for all models. Variations in runtimes are due
to background activities of the test machine.
⋆ Reference RF configuration from Kainz et al. [8].

Inference

To report the inference times on a single test image (1.4 million 33 × 33 pixel test
image patches), we averaged data sampling, and net model inference time over all
four test images in the BM-HE dataset. The baseline method [116] predicted a single
test image in 31 seconds, while net inference time of the structured SVM was only
5 seconds. All RF methods were considerably slower in their largest configurations,
but their F1-score was slightly higher than the baseline. Post-processing the proximity
score and probability maps took about 0.9 seconds, which was included as constant
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in the prediction times. The required runtime for feature channel computation for
a single image could be reduced to 9-10 seconds, when using less channels, in the
absence of detection performance loss. Interestingly, the detection performance did
also not decrease much as less and shallower trees were employed. However, the biggest
benefit of using simpler RF models was a decreased prediction time, which could be
reduced by a factor of ≈ 5.25 down to 5-7 seconds. Compared to the other methods,
predictions using srRF took a little longer, since the vector output for each input
patch was mapped back to the pixel coordinates. The rRF with the lowest evaluated
complexity was able to achieve higher performance in terms of runtime (≈ 2× faster)
and cell detection accuracy than the SSVM approach [116]. The other RF methods
showed similar runtime and comparable detection performance. These findings are in
accordance with the results of earlier work using the reference configuration (⋆) [8].
While in [8] the original SSVM implementation as provided on-line by the authors was
used, it was further optimized for the experiments in this thesis. Hence, the baseline
speedup between the reference configuration and the optimized SSVM method was
only ≈ 1.23×.

In order to obtain predictions for an unseen image, a sliding window is moved over
each image location to predict the center pixel. The rRF and cRF methods were able
to achieve a speedup of ≈ 2×, but applying the srRF detector using a window stride
of WS = 4 pixels (output patch size pout = 11 pixels) facilitated a major speedup of
9× compared to the SSVM baseline. We could reduce the complexity of the RF to a
minimum, which led to a runtime for detecting cell center locations in a single image
of only 3.5 seconds. A speedup of approximately 7-12×, depending on the RF size, was
observed compared to densely predicting each image location. Please note that this
speedup over the baseline could be achieved in the absence of detection performance
loss. However, dense predictions using more complex models resulted in higher perfor-
mance. Further optimizations in terms of a lower number of feature channels were not
explored so far.



6. Discussion and Conclusions -
Cell Detection

6.1. Proximity Score Regression using Random

Forests

In the previous chapters, a novel cell localization method was proposed and evaluated
on multiple challenging histopathology datasets. A regression Random Forest algorithm
was employed to learn, for each image location, a smooth, non-linear function of the
distance to the closest cell nucleus center, we termed proximity score. Given a set
of local image patches, each patch is labeled with the proximity score. For unseen
images, the trained forest predicts the proximity score map using a sliding window,
where local maximums revealed in a post-processing step by non-maximum suppression
correspond to cell nuclei center detection hypotheses. The proposed detection methods
via regression relies on a set of hyper-parameters for both the learning algorithm and
post-processing. In Section 3.2, reasonable ranges based on prior knowledge of the
data were proposed. The determination of the average cell nucleus size and Euclidean
distance between a nucleus center and its nearest neighbor is required, and can easily
be done manually as an initial step on a tiny subset of ground truth cells, if center-dot
annotations are available instead of bounding boxes or segmentation masks.

The local image patches were represented by a set of pre-computed visual features that
comprised intensity and texture features based on different color spaces and image
gradient information, cf. Section 3.2.2. The non-trivial task of accurately segmenting
single objects has been circumvented, no shape-related features were extracted. How-
ever, features computed from object shape are quite discriminative and contribute to
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detection methods that work at multiple object scales. Despite for instance Gabor and
LBP features were used to describe the image content at multiple scales, the local-
ization method cannot yet be considered as scale-invariant with respect to the object
scale. Nevertheless, this representation seemed to be sufficient, since we defined sepa-
rate problems here for the localization of granulopoietic and erythropoietic cells, and
megakaryocytes, which are up to five times the size of other hematopoietic cells, cf.
Section 2.1.

A research goal of future work could be to perform the detection of all hematopoietic
cells in a single step. To endow a proximity score predictor that simultaneously detects
different cell lineages characterized by different object sizes would require further ex-
periments, which probably are going to result in learning different, and more complex
models. More importantly, it requires at least bounding boxes [166], or segmentation
masks as ground truth annotations. In Section 3.1.2, it was argued why simple dot-
annotations enable a fast ground truth generation, thus avoids object segmentation.
While it is a strength of the proposed method to learn from dot-annotated objects, it is
somehow limited to a certain object scale and size. This limitation becomes visible as
soon as multilobed megakaryocytes are present at 40× magnification. The appearance
of a single lobe is locally very similar to a nucleus of early erythroid and myeloid pre-
cursor cells and get therefore detected as individual objects, see the example in Fig. 6.1.
It seems that at this scale, the RF does not consider perinuclear cytoplasmic areas,
but only nucleus appearance as visual cue to learn the nuclei centers. This is actually
reasonable given that the proximity score maps are heuristically computed from anno-
tations using the average object size of non-megakaryopoietic cells only. However, since
megakaryocyte detection works convincingly well at lower magnification, cf. results in
Section 5.1.3, linking these detection hypotheses to locations in the same images at full
resolution (40×) should be trivial. Further, it should be interesting to see in prospective
empirical evaluations, whether the high precision and recall of the regression methods
for megakaryocyte detections can be maintained in an integrated approach.

The optimal hyper-parameters were determined in grid search using CV for each combi-
nation. The search proceeded in three stages, where stage I and II determined suitable
hyper-parameters to minimize the NRMSE of the single-target and spatial-averaging
regression models, and stage III for common post-processing steps to maximize the
detection-specific optimality criterion O, cf. Eq. (4.15). The set of visual image features
was fixed for both methods in all stages. While this strategy drastically reduced the
search space, we now cannot except that a more optimal result for each dataset could
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Figure 6.1.: Results of detectors trained to recognize erythropoiesis and myleopoiesis in
H&E images at 40× magnification. Due to the similar appearance, each lobe of
the megakaryocyte nucleus is detected as individual (false positive) object by
the RF methods (green square). The SSVM method detected just one nucleus.

have been determined by including the selection of suitable feature channels (from all
available) in the hyper-parameter search as well. Nevertheless, the search would have
been much more time consuming accompanied by an increased risk to create an ad hoc
solution. An alternative approach to search for optimal hyper-parameters in a high-
dimensional space is to use random search as proposed by Bergstra and Bengio [187].
However, it is questionable whether the random search would have resulted in supe-
rior results in our case, since they argue that in low-dimensional spaces, grid search is
reliable. Moreover, we selected a reasonable grid covering the value ranges.

A certain extent of robustness of the proposed regression methods against variations
of hyper-parameters was further confirmed in stage I results, especially on the BM-
MGG , ICPR-BC , and MT-HE datasets, cf. Figs. A.3 (a), A.9 (a), and A.11 (a) in
Appendix A. Considering the input patch size pin, the NRMSE as well as the F1-
score is rather stable across all tested values, suggesting that the actual value within
this range is uncritical for this method to work. Possible values for input patch sizes
were stressed in initial experiments on the BM-HE dataset using pin ∈ {6, 128} before
deriving reasonable ranges, cf. Fig. A.1 (a). It could be observed that when pin was
chosen very small, the field of view was too limited and the image content could not be
represented properly by the 54 feature channels. More precisely, patches sampled from
locations on the cell nuclei and preparation artifacts such as cell debris were too similar,
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leading to ambiguous training data. Hence, the RF learned a model that predicted high
proximity scores for insignificant patches that had ’nuclei-like’ appearance. While this
was beneficial for recall, it led to significantly lower precision, i.e. more preparation
artifacts were detected as false positive cells, cf. Fig. A.1 (a). Nevertheless, we did not
yet consider the background labels that are available in the BM-HE and BM-MGG
datasets. By including these samples as negative class, the detectors could likely be
trained to be more robust with respect to such artifacts.

Deeper and larger forests generally produced a lower NRMSE. One major reason is the
fact that the smooth non-linear target is approximated by piece-wise constant func-
tions, stored as mean proximity scores in the leaves of the regression trees. Naturally,
deeper trees are equipped with more leaves and are therefore able to learn a more
detailed approximation. We could not observe any tendency to over-fit the datasets in
stage II of the hyper-parameter search. However, once the optimal input and output
patch sizes had been determined, the quantitative detection results with respect to the
F1-score were surprisingly constant. In fact, despite more complex models predicted
more accurate proximity score maps, the F1-score did not differ much between forests
consisting of four shallow trees or 64 trees with a maximum depth of 24. This behav-
ior was observed in all but the megakaryocyte (BM-HE-MK ) datasets and suggests
that the post-processing is capable of compensating imprecise proximity score maps.
This further questions the time-consuming training of more complex RF models, if
such simple heuristics-based post-processing results in similarly high detection perfor-
mance. F1-score, however, is just a condensed representation of a method’s selectivity,
hence precision and recall must be inspected separately. Yet, we did not observe any
considerable variations of the latter measures across different model complexities either
(except for the BM-HE-MK dataset).

The sampling strategy for the regression methods did not consider the entire range of
the proximity scores due to the foreground-background threshold τbg. This constraint
was set mainly due to the host memory limits, since training was implemented in
an off-line manner. However, setting τbg = 0.1 and sampling background locations
accordingly did not yield improved detection performance, suggesting that sampling
small areas around a true cell center using τbg = 0.5 was in fact sufficient.
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6.2. Additional Value of Spatial-Averaging

Regression

Pursuing a patch-wise prediction using the spatial-averaging regression showed some
advantages, and unveiled potentials for improvement. Considering the predictive ef-
ficiency of the two regression-based methods, it could be observed that the NRMSE
is usually lower for spatial-averaging regression (srRF ) compared to single-target re-
gression (rRF ). In stage II of the hyper-parameter search (optimal RF complexity) it
was found that srRF significantly relaxes the requirement for complex trees to result
in acceptable predictive accuracy, see Fig. A.2 (a,b) for an example on the BM-HE
dataset. Using the lowest possible complexity of Tmd = 8 and T = 4, spatial-averaging
regression was able to produce NRMSE values that were equal or even lower than
the ones produced by single-target regression using the highest tested complexity of
Tmd = 24 and T = 64. This gap further increased when the complexity of the RF for
spatial-averaging regression was increased. The same observation could be made on all
other datasets as well.

Naturally, one would expect the lower NRMSE of srRF to be pandering for improved
detection performance. Surprisingly, in the majority of experiments it was observed
that the srRF yielded results comparable to rRF , but scarcely ever surpassed the
performance of rRF in terms of precision. One possible reason for that behavior is that
the srRF method inherently produced a smoother proximity map by merging multiple
predictions for each image location, cf. Eq. (3.19). The output patch size indirectly
controlled the smoothness of the map by the number of predictions per image location.
In other words, larger patches produced smoother maps. Hence, the resulting local
maximums were usually of lower magnitude as for the rRF method, where individual
locations were predicted only once and the maps were a little noisier, cf. Fig. 6.1.
While smoothing the proximity score map of rRF with a Gaussian kernel G sometimes
suppressed weak peaks, it did not have the same effect in the srRF approach. Applying
G caused over-smoothed maps and hence reduced the difference between lower and
higher proximity scores. At the examined resolution of κ (each 2% of the proximity
score range) it was not possible to remove as much false positives as for rRF during
post-processing. Though, in all datasets but the ICPR-BC , the largest tested output
patch size was optimal (pout∗ = 11) and resulted in the smallest NRMSE. The optimal
proximity score threshold κ∗ was found to be usually higher for rRF , favoring less
false positive detections after diminishing local maximums. Recall, on the other hand,
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was approximately the same for both methods across all datasets. Yet, we did not
perform evaluations with increased resolution of κ and must leave this subject to future
research.

Spatial-averaging regression provided very low prediction errors and can therefore be
expected to overcome current limitations of the single-target regression method. We
have shown that another noteworthy advantage of using srRF over other evaluated
methods lies in using a sliding prediction window stride of WS > 1. In the absence of
detection performance loss, the proposed method is able to achieve a 9× speedup over
the baseline method (SSVM ), and 12× over dense prediction. However, to take full
advantage of the mostly considerably lower prediction error over single-target regres-
sion, future work should evaluate ways disclosing the full potential of spatial-averaging
regression.

6.3. Discussion of Qualitative Localization Results

Our initial hypothesis that common problems of the classification method can be solved
by switching to regression could only be confirmed to some extent. Sometimes multiple
detections on single objects, or merging of very close cells could not be avoided by any
approach, but their occurrence was reduced and the spatial localization accuracy was
increased when using regression.

Cells in early stages of granulo- and erythropoiesis are characterized by their larger
size, more granulated chromatin staining in their nuclei, and high intensity gradients
at their nuclei borders, cf. Fig. 2.4 (a,b). Some false positive detections were observed
on such cells, since the RF predicted multiple high responses on their nuclei that could
not suppressed by the available NMS window size. False negative detections were most
frequently observed by all methods when the cell nuclei were very tiny, or too close
to another cell. In the first case, the predicted proximity score and prediction confi-
dence was too low, or the SSVM rejected the candidate, whereas the latter case the
non-maximum suppression window only considered the stronger peak, and the MSER
detector merged the candidate regions, respectively. Less frequently, myeloblasts and
proerythroblasts were missed by the regression and SSVM methods, but were recog-
nized by the classification approach. However, obtaining their locations via classification
suffered from multiple responses on single nuclei.
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With very few exceptions, recall was higher than precision in all methods. Nuclei of
more differentiated cells in later stages of maturation are smaller and usually exhibit
a more homogeneous staining that in extreme cases became just an easily detectable
dark blob. Hence, the training dataset contained a large number of such cells that could
not be discriminated properly from cell debris and favored a higher number of false
positives.

Despite their unique appearance among the hematopoietic cell lineages, localizing
megakaryocytes in an image is subject to other factors. Due to their size, they can
be cut at many more different positions in 3D space when the histopathological sec-
tions are processed, which leads to a larger variability in their appearance. Frequently,
the characteristic multilobed nuclei and extensive surrounding cytoplasm are visible
(Fig. 6.2 (a)), but sometimes only a tiny part of the nucleus is depicted (Fig. 6.2 (b)).
In the latter case, all evaluated methods had difficulties detecting the cell properly
in the images, despite the response of the rRF detector is well positioned on the cell
center and locally maximal. However, this local maximum was lower than the optimal
proximity score threshold κ∗, which consequently resulted in a FN detection. In our
representative BM-HE-MK dataset, only a small fraction of cells was cut similar to
the one depicted in Fig. 6.2 (b), but there could of course be many more like that in
a whole slide image. Megakaryocytes only constitute roughly 0.5-2% of the DBC (cf.
Section 2.1), hence missing many of these cells may distort the results. Tackling this
problem requires a more robust inference scheme than the current simple proximity
score thresholding and must be considered in future work.

When considering the different magnifications of the datasets, we could observe that
the spatial localization accuracy among the 40× datasets BM-HE , BM-MGG , and MT-
HE are quite similar. However, µd was quite large for the megakaryocyte dataset at
20×. One possible reason becomes apparent once we consider the cytology of megakary-
ocytes with respect to the other cells. For instance, other bone marrow cell lineages,
or lymphocytes in breast cancer tissue do not have such extensive perinuclear cy-
toplasm. Hence, the center is frequently well-defined as approximately the center of
gravity of the minimum bounding box around the nucleus. Cell objects in the BM-
HE-MK dataset have been annotated similarly, but depending on their cutting plane,
megakaryocytes are subject to much more variability of their observable N:C ratio.
Further, the cytoplasm may not appear concentrically around the nucleus. Hence, this
resulted in the ground truth center-dots being (randomly) placed on either a (perhaps
only partly depicted) nucleus, or into the perinuclear cytoplasm. Apparently, the RF
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Ground Truth Detection Hypothesis True Positive Detection False Positive DetectionFalse Negative Detection
0 1

(a) (b)

Figure 6.2.: Detection results of the rRF method on megakaryocytes, cut at different po-
sitions in 3D space. (a) The cell nucleus is well depicted and surrounded by a
large area of cytoplasm, suggesting a beneficial cutting position, perhaps close
to the equatorial plane. (b) This cell was cut at a location farther away from
the equatorial plane, resulting in only a partially depicted nucleus surrounded
by cytoplasm. The cell detection worked as expected in (a), but the detector
generally had difficulties detecting cells such as the one shown in (b). However,
the prediction of the RF is well located on the cell center, but the local maxi-
mum was lower than the optimal proximity score threshold κ∗. A more robust
scheme to reveal local maximums is required to deal with these shortcomings.

learned to prefer the nuclear parts of the megakaryocytes as centers, placing the hy-
potheses frequently farther from the true center, which was located within cytoplasm.
For applications with the primary focus on sole detection and counting, larger devia-
tions from the true megakaryocyte nuclei centers should not be considered an issue, as
long as a megakaryocyte gets detected as a true positive. However, as we are aiming at
an maximally accurate estimate of the cell centers, using a lower magnification (10×)
has been shown to be more expedient and less distracting for the RF.

The SSVM method generally performed well at detecting mononuclear cells in our
datasets, especially when the nucleus staining was quite uniform, which was favorable to
the candidate detector (MSER). Particularly, this could be observed on the BM-MGG
dataset, where this method achieved the highest detection performance (F1-score) in
the CV experiments. However, it failed at detecting megakaryocytes, expressing similar
symptoms at both object scales under examination. For megakaryocytes, the appear-
ance of the cell nuclei does not solely determine the cell type, but also perinuclear
cytoplasm represents a significant cue. However, as argued above, many of the ground
truth center annotations in the BM-HE-MK dataset were actually located in the cy-
toplasm. The unsatisfactory performance of the SSVM method can be pinpointed to
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the way candidate regions, revealed by the MSER detector and pruned by a binary
classifier, are presented to the final SSVM classifier, cf. Section 4.3.2. The classifier
apparently was not able to discriminate cytoplasm and the intercellular matrix, which
were represented similarly in the feature space (at least in our H&E stained dataset).
From this we can conclude that the SSVM method is not able to learn a megakaryocyte
detector from simple dot-annotations. Many false positive locations were hypothesized
in areas that are in fact background, cf. Fig. 5.9. Using the proposed RF methods,
we pursued a different approach that does not suffer from these drawbacks, rendering
them more robust and versatile for such tasks.

6.4. Potential for Improvements and Future Work

The detection performance of the proposed proximity score regression methods was
satisfactory across all evaluated datasets. Since good generalization properties was ob-
served in our experiments, we currently did not consider any additional pre-processing
steps such as denoising or staining normalization [191, 192]. The cell detectors were
explicitly trained on the H&E and MGG staining, respectively. Transferring learned
models to predict the untrained staining also worked well, but it was not examined
whether training on a mixed staining dataset is feasible. This would facilitate building
a general-purpose cell detector that works simultaneously on multiple stainings, which
at this point is subject to future research. However, the current object scale limitation
needs to be addressed separately.

In all RF experiments recall was higher than precision and F1-score seemed to saturate.
Ground truth annotations are usually created manually, and as a consequence contain
a certain level of label noise (object mislabeling, inaccurate locations, etc.). While
inaccurate labeling can be neglected for dot-annotations, a rigorous identification of an
object being a part of a cell, staining artifact, or debris is sometimes not feasible. In our
bone marrow datasets, such questionable objects were labeled as unknown and learned
to detect them along typical cell nuclei. Hence, the detectors were a bit biased towards
deciding in favor of recall and tolerated more false positives than false negatives, which
in the context of the current application is actually beneficial. This leads to more
candidates that ultimately need to be classified into one of many cell maturation stages,
background, or unknowns. Further potential improvements regard adding more power
to the detection method by forcing it to reduce the number of false positives in order to
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filter the dataset for a subsequent classifier. Since for bone marrow negative labels are
already available, it can be expected that their use in training increases the selectivity of
the classifier. For bone marrow cell detection it was perhaps not ideal to use the highest
available magnification, since more false positives were detected than false negatives.
It must be examined in future research, if the detection of small artifacts decreases
at magnifications lower than 40×, while maintaining the current recall. Touching and
overlapping cells were rare in all datasets. Therefore it was not of high priority to our
problem to explicitly consider separation strategies. However, we have seen that our
algorithm has difficulties to separate some close cells. Options to separate close objects
have been previously proposed [193–196], which could be applied to our problem as
well. Though, it would be more beneficial, and even more elegant, if the localization
algorithm was able to perform the detection and the separation of close objects in a
single step.

Ensemble methods (meta-algorithms) are a well-known strategy to improve and stabi-
lize the performance of learning algorithms. Hence, the proposed cell detection method
relies on the RF algorithm [165] to learn the proximity score regression model. In con-
trast to a single regression tree, an ensemble of many randomized decision trees is
used in RFs, whose predictions are consolidated via averaging. De-correlation of the
tree ensemble was achieved using randomized node optimization. Averaging produces
smoother final predictions and reduces the overall prediction variance [164], i.e. ‘ran-
dom’ errors are minimized. A closely related ensemble method for decision tree training
is bootstrap aggregating (bagging) [177], where standard CART trees are learned on a
dataset that is randomly subsampled with replacement from all available training sam-
ples. In principle, bagging could also be used in RFs by training the randomized trees
on bootstrap subsets. However, we did not observe any performance gain when this
was tested in initial experiments and therefore opted for RF without monitoring the
out-of-bag error rate. While RF and bagging train a set of (either weak or strong) base
learners in parallel, boosting1 [127] combines a sequential cascade of weak learners to
produce the final prediction as weighted average. In each ‘round’ of boosting2, the sam-
ples in the dataset are reweighted such that falsely classified samples get higher weights
in the subsequent round, where the weak learner is forced to predict these samples cor-
rectly. Each weak learner is weighted according to the prediction confidence (weighted
error) in the final averaging step. A closely related an alternative method to learn is

1 In particular, we refer to the AdaBoost algorithm proposed by Freund and Schapire [127]. Other
variants of boosting have also been described in literature, e.g. boosting by filtering [197].

2 The term ‘round’ actually refers to a particular stage of a sequential cascade of weak learners.
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gradient boosting [164], which was originally employed by Sironi et al. [162, 163] in
their center line detection algorithm that inspired our proximity score regression for
cell detection.

While it first seems appealing, applying the idea of sample reweighting is of little value
here, since we used a different random subset of Mj samples to evaluate the split quality
in the randomized node optimization. Using all samples was computationally expen-
sive and did not result in a performance gain that justified these increased runtimes.
Nevertheless, inspired by concepts of boosting, we could perform iterative RF training
to enrich the training set with difficult samples in order to increase the robustness of
the predictors [169, 198]. Instead of pursuing the proposed sampling strategy using all
available training data at once (cf. Section 3.2.2), we could initially train an RF on
a bootstrap subset. We would then predict the remaining dataset and retain difficult
samples with high prediction errors. In each subsequent round, a new bootstrap dataset
is added to the retained samples and a new predictor is learned. These iterations are
repeated until a defined stopping criterion applies. Future research must hence evalu-
ate proper stopping criteria and whether the models become more robust after a few
rounds of bootstrapping.

Further, since we relied on randomized node optimization, an important parameter that
influenced the performance of RFs is the number of randomly selected split functions in
the internal nodes. In a separate experiment, which was not part of the extensive evalu-
ations, we examined whether an increased number of randomly drawn split functions in-
fluences the detection performance. Depending on the three choices of pin ∈ {17, 33, 50},
the total number of tested selection functions was Nθ ∈ {124, 242, 367}. Compared to
these automatically determined numbers, we tested 1, 000 selection functions with 20

random thresholds each in a LOOCV on the BM-HE dataset during stage I of the
hyper-parameter optimization, i.e. Nφ = 20, 000. We could not observe noticeable dif-
ferences in the performance measures when using a higher number of split tests Nφ,
cf. Table 6.1. Training the models required 2.7 − 8× more time, though. The lack of
difference in overall performance and the elevated training times in fact did not jus-
tify choosing a larger number of random node tests. With respect to the total number
of available features (i.e. pixels in the feature channels), the number of tested split
functions attributing to higher performance is saturating at some point. Hence, it be-
comes more likely for smaller patch sizes that highly similar split functions were tested
redundantly.

Moreover, in Section 5.3.2 the runtime has been profiled for RF models that achieved
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pin Nφ PRC REC F1

17 2, 498 0.8001 0.8854 0.8406
20, 000 0.7576 0.9408 0.8393

33 4, 850 0.7961 0.9211 0.8540
20, 000 0.7895 0.9313 0.8546

50 7, 348 0.7816 0.9277 0.8484
20, 000 0.8007 0.9037 0.8491

Table 6.1.: Detection performance of the rRF on the BM-HE dataset in LOOCV for differ-
ent total numbers of split tests Nφ = 20 ·Nθ.

a very similar qualitative detection output (0.8706 ± 0.0043). From these results we
can conclude that in fact we did not require all 54 visual features and that forests
of lower complexity can be used as well. A set of color and gradient features [8] has
been shown to be sufficient and resulted in a considerable speedup during testing. It
can be expected that there is further potential for runtime improvement, for instance
when further reducing the size of the forest. However, this needs to be examined in
further experiments. On the other hand, the feature channels were selected manually,
which also raises potential for improvement. For instance, as an alternative, required
features could be learned in an end-to-end approach, e.g. using CNNs [149]. Others [199]
proposed a method based on decision trees to learn required features from random
subwindows in conjunction with a generic image classification problem. It has to be
evaluated how their approach can be applied to a localization problem. Schulter et
al. [168] proposed alternating decision forests for object detection, which performed
better than standard RF and boosting while producing more compact trees. Since
reduced runtime is an important property for cell detection in whole slide images, this
method could be considered in future research.

Kirby: “You know, buddy, we’ve got a lot in common! I’m Matt Kirby.”
Walsh: “... and I am not.”

Matt Kirby alias Terence Hill

Wilbur Walsh alias Bud Spencer (1929–2016)



Part III.

Quantifying Hematopoietic Cell
Maturation



7. Classifying Bone Marrow Cells

In the previous chapters, a general cell localization method was proposed that pro-
vides the required locations of objects to perform cell type classification. The following
chapters concern the classification of granulopoietic and erythropoietic cells using an
alternative approach to image classification.

7.1. Introduction

The initial step of diagnostic work in histopathology is the assessment of cellular-
ity in context of tissue architecture. Especially the diagnosis of bone marrow specimen
requires a valid interpretation of different cell types with respect to their local distribu-
tion. The maturation of blood cells (hematopoiesis) is categorized into granulopoiesis,
erythropoiesis, and megakaryopoiesis, which refer to maturation of white blood cells,
red blood cells, and megakaryocytes, cf. Chapter 2.

In healthy individuals, hematopoiesis mainly occurs in bone marrow, whereas ex-
tramedullary hematopoiesis is observed during fetal development, or may indicate
pathological alterations [33]. In bone marrow specimen, several thousand cells of multi-
ple classes in various stages of maturation have to be interpreted by the hematopathol-
ogist, and the class distributions need to be reported. This qualitative and sometimes
semi-quantitative classification is usually performed on H&E stained tissue sections.
The correct classification based on cell morphology and spatial cell distribution heavily
dependents on the observer’s experience, since in hematopoiesis disparities between
subsequent development stages are frequently indistinct. Even equal maturation levels
of different myeloid precursor cells share morphological characteristics, cf. Fig. 7.1. As
a consequence, both inter- and intra-observer variability can be considerable, affecting
the accurate diagnosis of reactive or even premalignant, and early malignant alterations.
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Thus, automated cell recognition systems exhibiting low variance, high classification
accuracy and predictable error are desirable to facilitate valid repeatable quantita-
tive biomedical diagnostics [57]. Since virtual microscopy using high-resolution whole
slide images has been emerging to a standard in pathology departments [5], proper
computer-aided pathology using computer-assisted image analysis systems could easily
be implemented in routine diagnostic processes.

(a) (b) (c) (d) (e)

Figure 7.1.: Samples of hematopoietic cell nuclei in the human bone marrow at 40× mag-
nification and stained with H&E. (a) myelocyte, (b) metamyelocyte, and (c)
band cells are subsequent maturation stages of a granulopoietic cell. Especially
in early stages, where the cells are not fully differentiated, different cell lin-
eages share morphological characteristics, e.g. (d) myelocytes (granulopoiesis)
and (e) orthochromatic normoblasts (erythropoiesis).

7.1.1. Related Work

A remarkable amount of research has been conducted on blood cell counting, segmen-
tation and classification in histopathological images for various applications in recent
years. Motivated by the aggressiveness of blood cancer and the requirement for early
diagnosis, most works were related to leukemia research, in particular identifying dif-
ferent types of leukemia by classifying WBC from histopathology images of peripheral
blood smear [76, 81, 137, 200–207] or bone marrow, obtained by aspiration [80, 208–216]
and trephine biopsy [79]. Particularly, some work focused on classification of WBC in
healthy tissue [201, 206, 217], while others dealt with detecting pathological alterations
from morphological characteristics of entire cells and cell nuclei [80, 81, 213–215].

In analogy to the related work reported for cell detection in Section 3.1.1, a vast ma-
jority followed a conventional pattern recognition approach and used distinct steps
for cell detection, segmentation, extraction of rotation and translation invariant fea-
tures, and classification. Some studies mainly addressed detection and segmentation
and relied on standard image processing techniques such as Hough space analysis [207],
watershed transform, Gabor filters and adaptive thresholding [217], or intensity clus-
tering [213, 214]. Others pursued supervised learning-based cell detection using FF-
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NN [218], fuzzy cellular neural networks [203], and Random Forests [8]. Several ap-
proaches used statistical pattern recognition and classification techniques [219] such as
SVM [126, 137, 210, 216], FF-NN [137, 197, 200, 204, 208, 211, 212, 220], or Bayesian
classifiers [81, 202, 221] to learn feature vectors representing individual cell objects
that were obtained by segmentation. Decision tree based methods such as regression
trees [79], hierarchical trees using genetic algorithms for node optimization [222], or
RFs [80, 165, 215] were used as well as k -nearest neighbour [80, 81, 209, 223], or
heterogeneous classifier ensembles [215, 223]. Employing hierarchical models has been
shown to be more powerful than using single-stage classifiers [205, 216].

Shape and texture features of cell nuclei were most frequently used and seemed to
provide more discriminative power than statistical features from intensity histograms.
This is reasonable, since – despite proper histopathological staining protocols – nu-
clei of different cell classes share very similar intensity patterns after staining [76], cf.
Fig. 7.1. However, the choice and importance of features depends on the application.
For instance, it was shown that features computed from cytoplasm could even be omit-
ted for WBC classification and that the problem could be downscaled to using features
from cell nuclei only [212]. In the context of another application, using features from
both nuclei and cytoplasm conjointly resulted in higher classification performance [224].
Recent work of Reta et al. [80] on bone marrow cells concluded that features extracted
from nuclei and cytoplasm separately are more discriminative than features from en-
tire cells. In previous studies, the total number of features varied from a small set of
four to over 190, comprising object-level features as well as global image features such
as wavelet coefficients [200]. Nevertheless, handcrafting features from images requires
prior knowledge and experience, they are not easily transferable to other problems
and may as well remove significant information, or introduce non-discriminative infor-
mation. Thus, authors of previous papers frequently extracted a huge set of feature
candidates and applied automatic selection procedures to extract the most significant
subset, hence compress the available information to achieve a better generalization per-
formance [137, 202, 206, 223]. It has been shown that this strategy generally improved
the classification results compared to using all available features [202, 210, 216] on spe-
cific problems. On the other hand, working directly on image intensity data provides a
directly observable object representation that is not influenced by errors of preceding
segmentation steps that are frequently inevitably when extracting object-level features.
Nevertheless, only a minority of previous work focused on learning a classifier from raw
cell images [137, 203, 225], but reported promising results.
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Very little work has been reported on quantitative analysis of bone marrow trephine
biopsy images [79], or quantification of blood cell maturation [217]. Tissue micro-archi-
tecture is usually well preserved after histological preparation in bone marrow trephine
biopsy samples. At the proper magnification, and using suitable histological staining
protocols, this enables the inspection of the morphological differences between subse-
quent maturation stages, but also introduces and emphasizes background structures
irrelevant to cell classification, cf. Fig. 2.7 in Section 2.2. The most common staining
used for tissue specimen are H&E and MGG (for bone marrow) and Wright’s stain
(for peripheral blood), since morphological characteristics of the cells of interest can
be well represented. Feature-based discrimination of cells is usually less complicated in
peripheral blood smear images depicting differentiated cells than in trephine biopsies,
where immature forms of blood cells are frequent. Further, segmentation methods can
more easily be applied to the cell objects without getting distracted by heterogeneous
background. Despite the efforts of previous work, several issues have not yet been ad-
dressed, and the quantification of blood cell maturation in the bone marrow has not
been sufficiently studied yet.

7.1.2. Goals and Organization of this Part

In this part, an alternative approach to bone marrow cell classification is proposed. It
is based on the direct application of a Recurrent Neural Network (RNN) to raw images
of H&E stained bone marrow trephine biopsy tissue. Under the conceptual framework
of reservoir computing, two related effective training methods for RNNs have been
developed independently: Echo State Networks (ESN) [226] and Liquid State Machines
(LSM) [227]. Both approaches use a randomly and recurrently connected pool of hidden
units, and learn to classify the observed temporal activities by adapting the readout
weights only. While LSMs are considered as a biologically more realistic model, applying
ESNs is usually easier due to a reduced number of hyper-parameters. Face recognition
using a combination of an ESN and a FF-NN has been presented by Woodward and
Ikegami [228]: the ESN extracted features, and inference was performed by the FF-NN.
However, since not of paramount importance for their application, their approach did
not consider any rotational invariant aspect.

The main motivation for this work is based on the fact that cells can be observed under
arbitrary in-plane rotations in a histopathological section. In a conventional rotation-
invariant supervised learning setting, one could train exhaustively on additional sam-
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(a) (b) (c) (d)

Figure 7.2.: The proposed rotation-invariant multi-class ESN training scheme. Counter-
clockwise rotations of a cell patch (a) cause reservoir activity (i.e. feature com-
putation) over time (b). (c) For each class, a set of readout weights is learned.
(d) The readout unit with the highest mean output (green curve) over the im-
age presentation time finally determines the class. The blue dashed curve is the
binary target function, which is set to one for the correct class and zero every-
where else. The red curve is the actual network output.
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ples representing independent rotations of the cell without taking into account the
relations among consecutive rotations. Motivated by how RNNs can capture appear-
ance information in temporal features, we propose a rotation-invariant learning scheme
for cell classification using pure ESNs, cf. Fig. 7.2.

In the following chapters it will be shown that it is possible to train an ESN with
standard ridge regression directly on raw image data in a way such that its classification
accuracy is independent of the rotation of the cell. While previous work heavily relied on
explicit feature extraction from segmented cells, nuclei or cytoplasm, this approach does
not include such steps and can be applied to single-cell image patches directly. Hence, a
dedicated segmentation step of cell nuclei and cytoplasm, can be omitted, which in fact
is not always possible in our cell samples, cf. Fig. 7.1. This work is based upon results
from earlier work [9, 10], where a similar, but only binary cell recognition problem was
considered. We already explored the extension of this approach to a multi-class problem
in Kainz et al. [11]. In addition to [11], this contribution is extended by providing a
direct comparison with an RF [165] image classifier that was trained the conventional
way to achieve rotation-invariance. An RF is an ensemble of de-correlated, binary
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decision trees, that are individually trained and produce a consolidated prediction,
cf. Section 4.3.1. In machine learning and computer vision, forests are well known for
their efficiency and good generalization ability without the tendency to overfit the
data [164, 179]. Further, they perform well on unbalanced and small datasets, have
become a key ingredient in patch-based medical image analysis [167, 229–231], and
have recently shown state-of-the-art performance on similar bone marrow data [8].
Further, we will discuss strengths and weaknesses of both approaches.

In the subsequent sections we are going to elaborate on the proposed novel rotation-
invariant training scheme for ESNs, provide the outline of the experimental setups and
present the results. The findings are discussed and an outlook to future work will be
given in the final chapter of this part.

7.2. Echo State Networks for Cell Recognition

An ESN-approach to rotation-invariant blood cell maturation recognition in the hu-
man bone marrow is proposed here. An overview of the classification scheme starting

Figure 7.3.: Overview of the proposed cell recognition pipeline using ESNs. Biological tis-
sue specimen is prepared in the histopathology laboratory according to stan-
dard protocols for H&E staining. The sections are digitized to RGB whole slide
images, and regions of interest (ROIs) containing healthy tissue are cropped.
Typical bone marrow cells of four classes are labeled as ground truth by an
expert pathologist. Single-cell RGB patches are manually extracted as part of
the ground truth labeling, converted to gray-scale (RGB mean), and rescaled
to a predefined size. A temporal input data stream is generated by rotating
the incircle-masked static images, which is then fed into the ESN classifier, cf.
Fig. 7.2. During training, ridge regression determines a set of weights that can
be used to predict the class label of a test patch using a threshold-based infer-
ence scheme.
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with the biological sample is illustrated in Fig. 7.3. Our supervised learning system is
trained using local image patches, which are first labeled by an experienced pathologist
as one of multiple foreground classes, or background. Please note that automatic cell
detection is omitted here, and we will focus on classifying manually cropped image
patches in this proof-of-concept study. Nevertheless, we eventually discuss the promis-
ing cell localization method proposed in Chapter 3 that is going to be applied when
considering this classification approach in an integrated system.

7.2.1. Multi-Class Echo State Networks

Echo State Networks are a way to train RNNs for temporal prediction tasks [226].
Many different ESN architectures have been proposed [232], but in this work we focus
on the classical architecture proposed by Jäger [226], and adapt it to solve a multi-class
classification task. The reservoir, a randomly connected RNN composed of N units,
models short-term memory and non-linear input expansion. Reservoirs in ESNs have
to ensure the ‘echo state’ property to be an universal function approximator. Hence, the
recurrent reservoir weights W ∈ RN×N must be scaled, such that the spectral radius
ρ(W) < 1 [226]. In practice, the spectral radius is a global control parameter that
defines how fast the reservoir activity vanishes [233]. Hence, a larger spectral radius
results in slower decay and longer self-interaction of reservoir activity.

Fig. 7.4 illustrates the architecture of a multi-class ESN. The L-dimensional input at
a particular point in time t, given by u(t) = [u1(t), u2(t), . . . , uL(t)]

T, and a bias unit
are connected to the reservoir units via the input weights Win ∈ RN×(1+L). When an
input is presented to the input layer, it causes non-linear activity in the reservoir. This
activity represents the (temporal) features, which the recurrent reservoir units compute
from the input stimulus at each observable time step. The weights Win and W may be
sparse and remain fixed after random initialization and meeting task-specific scaling
criteria [234].

A binary classification task can already be performed by a single readout unit. Given
a training set of one positive class and one negative class, the unit is trained to
recognize samples belonging to the positive class and ignore the negative samples.
This simple scheme can easily be extended to solve multi-class problems: each class
Ck, k ∈ {1, . . . , K} is represented by a single readout unit, which is trained in the
one-versus-all scheme. Hence, the ESN learns a classifier f : X → Y , with X = RL

and Y = {Ck}.
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Figure 7.4.: Multi-class ESN architecture. At each time step t, L linear input units (green)
feed input u(t) into the reservoir via input weights Win. Each of the K linear
readout units (blue) corresponds to a specific class. The reservoir consists of N
(internal) units with hyperbolic tangent (tanh) activation function. Readout-
to-reservoir feedback connections are omitted in our architecture. The input
layer is fully connected to each readout unit, symbolically illustrated for one
unit by the grey dashed arrow at the bottom. This provides contextual infor-
mation on the original input in parallel to the temporal features. After learning
readout weights Wout, the output yk(t) is determined for the readout units.k
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When stimulating the reservoir, the state update equation at time step t + 1 is given
as

x(t+ 1) = (1− α)x(t) + α tanh(Win[1;u(t)] +Wx(t)), (7.1)

where x(t) denotes the state vector at the previous time step t. The leaking rate α

defines the short-term memory capacity, i.e. how strong the reservoir activity at time
step t influences activity at t+1. The ESN can be set to a generative mode, where the
input u(t) is switched off. We use the term generative mode here to avoid confusion
with the very similar pattern generator principle [233]. The difference is that we do not
use output-to-reservoir feedback or apply the output at t as input at t+1, but compute
the state updates purely from the remaining activity within the reservoir using

x(t+ 1) = (1− α)x(t) + α tanh(Wx(t)). (7.2)

During a recording time Ψ, input and state vectors are concatenated in a large state
matrix X ∈ R(1+L+N)×Ψ. Using a single reservoir facilitates automatically capturing the

∈ R(1+L+N)activities caused by multiple classes. The individual readout weights Wk
out
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for Ck are learned via ridge regression with Tikhonov regularization:

Wk
out = YkX

T(XTX+ βI)−1, (7.3)

where Yk ∈ RΨ denotes the desired target function of class Ck, XT the transpose of
the state matrix, and I the identity matrix. The Tikhonov regularization coefficient is
fixed to β = 10−2 [233].

A piece-wise constant target function is regressed for each class Ck at a recorded time
step t, which is given by ⎧⎨1 if u(t) ∈ Ck

yk(t) = . (7.4)⎩0 otherwise

Each readout unit produces an output Ŷk = Wk
outX, and a score over a predefined

inference period Υ, computed as the mean output:

Υ/2∑
ȳk =

1
ŷk(t). (7.5)

|Υ|
t=−Υ/2

The unit with the maximal mean score subsequently determines the winner class:

k̂ = argmax {ȳk}. (7.6)
k

7.2.2. Rotation-Invariant Cell Classification

Given an image patch I(c) centered on an individual cell at an image location c =

(cx, cy), we need to transform it into time-dependent input for the ESN classifier. In
order to generate temporal input from I(c), we take advantage of the fact that cells
can occur in arbitrary rotations within tissue. Fig. 7.5 illustrates the generation of a
temporal input stream Θi for a cell by concatenating subsequent rotations of the patch
I(c, ϕ). While rotating by an angle ϕ, we ignore the patch corners and just consider
the pixels within the incircle radius r. For this purpose, a receptive field V of radius
r is defined as the input layer and forwards the pixel intensities into the reservoir. All
patches are required to be normalized to a fixed size of 2r × 2r beforehand.

Rotation-invariance of the classifier is achieved by letting the reservoir generate covari-
ant features for each I(c, ϕ), ϕ = 0, . . . , 359◦, starting at an arbitrary angle ϕ0 that
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Figure 7.5.: Illustration of the temporal input stream generation for the rotation-invariant
learning scheme using ESN. A patch containing a single cell is extracted from a
virtual slide. It is then normalized to a predefined size 2r × 2r to fit a receptive
field V. A static image patch I(c) is transformed into a stream Θi by concate-
nating subsequent rotations I(c, ϕ). For each rotation, V forwards the pixel
intensity within the incircle of I(c, ϕ) into the reservoir.
Kainz P, Burgsteiner H, Asslaber M, Ahammer H. Robust Bone Barrow Cell Discrimination by

Rotation-Invariant Training of Multi-Class Echo State Networks. In: Iliadis L, Jayne C, editors. En-

gineering Applications of Neural Networks - EANN 2015. vol. 517 of Communications in Computer

and Information Science. Rhodes, Greece: Springer International Publishing; 2015. p. 390–400. With

permission of Springer.

relates to a cell’s arbitrary orientation in a slide. These reservoir states are harvested
by evaluating Eq. (7.1) and the target function is approximated at each recorded time
step. After the network saw all I(c, ϕ), the final class is determined using Eq. (7.6).

The generative mode of ESNs also enables skipping ∆ϕ rotations after receiving exter-
nal input I(c, ϕ). Due to the memory and decaying reservoir activity we are still able
to obtain discriminative features using Eq. (7.2), even without external input driving
the reservoir. The reservoir activity usually approaches a resting state without exter-
nal input and thus a properly selected ρ(W) ensures that there is enough activity left
before the next input I(c, ϕ+∆ϕ) is presented.

In general, two kinds of memory can be observed in an ESN. Firstly, memory that
can be controlled by the leaking rate parameter α. We name it the ‘state’ memory
in this context. Secondly, the ‘immutable’ memory, which is inherently modeled by
the recurrent weights W in the reservoir. The state memory models the influence
of previously computed reservoir states on the current state and therefore controls
smoothing of the temporal features. If α ≪ 1, the internal states caused by previous
rotations may significantly influence subsequent ones and may cause over-smoothed
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states. On the other hand, if α = 1, the state memory is turned off and features for each
observed rotation I(c, ϕ) are less influenced by previous states. However, setting α = 1

does not entirely turn off the memory capacity of the reservoir, since the recurrent
connections defined by the internal weights W are not affected. To find a suitable
amount of state smoothing, α needs to be chosen accordingly.



8. Experimental Setup and
Implementation Details

8.1. Bone Marrow Cell Dataset

We challenge our approach on a non-neoplastic human bone marrow cell dataset com-
posed of three consecutive maturation stages in granulopoiesis as well as one class from
erythropoiesis, cf. Table 8.1. Myelocytes, metamyelocytes and band cells are three con-
secutive maturation stages of WBC in the bone marrow, and are characterized by a high
intra-class variability and a small inter-class distance. Biological samples were taken
from the human iliac crest by trephine biopsy, embedded in acrylate, cut into slices of
≈ 1-2 µm thickness, and stained with H&E. Cell patches were extracted from virtual
slides of two patients (digitized at 40× magnification using an Aperio whole slide scan-
ner) and labeled by an expert pathologist. All cells appeared at the same object scale.
Considering the problem of hematopoietic cell classification without megakaryocytes,
the object size within a class does not vary by more than approximately 20%, which still
can be compensated by the proposed approach. The total number of original patches
was extended by a factor of six using non-linear warping transformations (circular dis-
tortion by ±35◦) as well as horizontal flipping, resulting in 744 foreground patches
of four classes. Despite this data augmentation strategy, we ensured that both trans-
formed and original images were unique, and that rotation of the extended dataset did
not introduce any duplicates. In addition, we used 200 randomly sampled background
patches from the same virtual slides as control class. With respect to all positive classes
(i.e. foreground classes), the control class served as negative class. Hence, samples of
this class did not contain any centered cells. It was used to verify the capability of a
classifier to discriminate among different positive classes, as well as between all positive
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Group Name nc Sample Patches

C1 G Band Cell 200

C2 G Metamyelocyte 144

C3 G Myelocyte 200

C4 E Orthochromatic 200
Normoblast

Cbg – Background 200

Total 944

Table 8.1.: The non-neoplastic bone marrow dataset used for method evaluations consists
of a total of n = 944 patches. Group G denotes cell classes belonging to granu-
lopoietic maturation, while E refers to erythropoietic maturation.

classes and the negative class. All patches were converted to grey scale by averaging
the color channels (RGB mean). At 40× magnification, the average single-cell patch
size in our dataset was 33×33 pixels. Hence, we could normalize the patches to a fixed
size of 20× 20 pixels using bilinear interpolation without losing significant appearance
information or introducing artifacts. The receptive field of the ESN was connected to
all incircle (r = 10) pixels of that patch, resulting in L = 332 network inputs. In to-
tal, the dataset comprised n = 944 patches, of which 66% (n = 623) were assigned
for training and hyper-parameter optimization, and 34% (n = 321) were held-out for
testing.

8.2. Echo State Network

In order to avoid learning the sequence of cell classes rather than the appearance of each
cell, we introduced periods with zero-input of random length between two consecutive
cell image patches. They were furthermore required to let the reservoir ‘forget’ about
the previous image and learn each instance separately. Depending on the spectral radius
ρ(W), the network approximately required 20 to 50 time steps to reach the resting state
after the last input stimulus has been presented. Therefore, we randomly sampled the
zero-input length in the range [50, 100]. Please note that this is a different concept than
setting the network to the generative mode after presenting an image input, because
we did not apply another input stimulus as long as it did not completely reach the
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resting state.

Starting with ESN hyper-parameters that were determined by simulated annealing [235]
for a binary classification task [9], we continued with manual fine-tuning in this multi-
class problem. Considering the influence of the hyper-parameters to achieve higher
performance [233], they were successively optimized for our cell recognition task using
10-fold cross-validation (CV) on the training set (n = 623). Dense connectivity was
used in the input weights Win, while only 30% of the reservoir connections W were
non-zero. The normalized pixel intensity was bounded within [0, 1], so we shifted and
scaled it to [−1, 1] to avoid using only the linear part of the tanh activation function
of the reservoir units. For a presented input I(c), all readout units showed rather high
activity in the first and last few recording steps. Since these reservoir activities did not
contribute to the actual classification, we bounded the inference window Υ to start 5%
after the first and to end 5% before the last sample.

8.3. Random Forest

The performance of the ESN was compared to a classification Random Forest [165].
A standard RF1 was employed to solve the same five-class classification problem that
was previously defined for the ESN. In analogy to the ESN setup, the input data for
the RF were the grey-value single-cell patches. Training a decision tree Tt in a forest
is based on the principle that the dataset arriving at an internal node gets split into a
left and right subset based on randomly selected criteria. The Gini index [178] reflects
the ‘purity’ over the five classes in a dataset P :∑

Gini(P) = p(c = k|P) p(c ̸= k|P). (8.1)
k∈{1,...,4,bg}

The optimization problem at each node is given by maximizing the Gini gain objective
function to find the best split decision φ∗. Accordingly, evaluating Eqs. (4.7) and (4.8)
resulted in the optimal parameters. Suitable hyper-parameters such as number of ran-
dom node tests, number of samples to test a split and split functions, were evaluated
in 10-fold CV experiments. A single, yet effective split function that randomly selected
two locations in the image patch and compared the intensity difference to a randomly
selected threshold (pixel value difference) was employed. As described in Section 3.2.2,

See Section 4.3.1 for details on the formulation of a binary classification RF.1
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⌊√ ⌋
a common rule defines p random node tests for each split [164], where p is the
number of features per sample. For 20 × 20 pixels images, each pixel being a feature,
this results in only 20 node tests (p = 400). However, we found that increasing the
number of split function tests per node to 100, and comparing each one to 20 random
thresholds (i.e. 2000 tests per node) resulted in superior performance with negligible
runtime prolongations. Each split decision was evaluated on a subset of 200 samples
that were randomly selected from the data available at a node. A terminal (leaf) node
was constructed when either the maximum tree depth Tmd was reached or the size of
the dataset arriving at a node was smaller than a predefined number of 20 samples.
Leaf nodes store the class label histogram of the data. Bagging did not result in better
performance during forest training. Hence, each tree was trained on all available train-
ing data samples. Once the trees were constructed, we could propagate a single-cell
image patch I(c) through the forest. First, individual trees were evaluated and their
results consolidated:

T∑1
p̄(c = k|I(c)) = pt(c = k|I(c)), (8.2)

T
t=1

where pt(c = k|I(c)) denotes the probability for class k predicted by the t-th tree.
Consequently, the most likely class label results in the final prediction:

k̂ = argmax p̄(c = k|I(c)). (8.3)
k∈{1,...,4,bg}

8.4. Classification Performance Metrics

Both ESN and RF classification performance were assessed quantitatively. The overall
performance is reported as mean accuracy (ACC) weighted by the class distribution:

∑1
ACC =

n
nk TPk, (8.4)

k

with n as the total number of samples and nk as the number of samples in class Ck. TPk

denotes true positive, FPk false positive, TNk true negative, and FNk false negative
predictions for class Ck. In order to observe the performance at the class level, more
detailed measures than the overall accuracy were required. Class-wise performance is
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reported as precision (PRCk), recall (RECk), specificity (SPCk), and F1-score (F1k):

TPk
PRCk = , (8.5)

TPk + FPk

TPk
RECk = , (8.6)

TPk + FNk

TNk
SPCk = , (8.7)

TNk + FPk

2 · PRCk · RECk
F1k = . (8.8)

PRCk + RECk

Actual values of performance measures are reported as mean and standard deviation
(SD).

8.5. Experiment Definitions

We were interested in the performance of the proposed rotation-invariant approach
in terms of overall and class-wise accuracy under different conditions. Therefore, we
defined the following four experimental settings, where for each individual cell image
360 reservoir states were collected. We used bilinear interpolation when rotating the
images to reduce artifacts caused by aliasing.

1. Experiment I
In the first experiment we were interested in the general applicability of the
proposed approach to multi-class cell classification. The ESN was trained on a
sequence of all possible (integer) rotation angles ϕ = 0, . . . , 359◦ of an individual
image patch. Hence, no generative mode was used (∆ϕ = 0).

2. Experiment II
In the second experiment the generative mode of the ESN in the context of image
classification was evaluated. In particular, we focused on whether or not meaning-
ful features could be computed when we inserted a predefined stimulus-free period
(‘zero-input’) between showing single rotations of the image. Instead of having
360 individual inputs from an image, we skipped five subsequent rotation angles
(∆ϕ = 5) and recorded the decaying reservoir activity. For instance, the input
stimulus sequence for the first 12 time steps included three actual image inputs
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at the rotation angles 0◦, 6◦, and 12◦, respectively: [u(t0) = I(c, 0), u(t1,...,5) =

0, u(t6) = I(c, 6), u(t7,...,11) = 0, u(t12) = I(c, 12), . . .].

3. Experiment III
Here, we increased the duration of the generative mode and skipped 10 rotation
angles (∆ϕ = 10).

4. Experiment IV
To simulate a concrete real-world application, the classifier is learned from scratch
on all available training data (n = 623) and tested on the held-out test data
(n = 321). Further, we used ∆ϕ = 5 (see also experiment II) to examine whether
the ESN is able to deal with short periodical, but different input stimuli, and com-
pared it to the RF trained the conventional way to achieve rotation-invariance.
A classifier is considered to be invariant to rotations, if the very same object
is always labeled with the same class label under arbitrary in-plane rotations.
Hence we examined, whether both ESN and RF were able to recognize the very
same cell again under a randomly selected, different rotation angle. The number
of samples per class in the test set was n1 = 69, n2 = 56, n3 = 61, n4 = 65, and
nbg = 70, which also approximately reflected the distribution in the training set.
We did not perform any additional data augmentation to balance the training
set.

Using the settings from experiments I-III, we examined the influence of the genera-
tive mode on the classification performance of the ESN in 10-fold CV experiments on
the training set. The size of the reservoir was varied (N = {200, 500, 1000, 2000, 3000,
4000}) to assess the required memory capacity of the ESN for the tasks. For each N ,
the reported values correspond to the best results of the hyper-parameter fine-tuning,
which was stopped once the performance reached saturation on our dataset. A similar
approach was carried out for the RF, where we varied the number of individual trees
and their depth along other hyper-parameters determined by the preceding search. The
samples in the dataset were randomly shuffled at the beginning of the experiments. De-
spite that the main focus of this work was set on evaluating the rotation-invariant ESN
classifier, we employed the previously described RF as baseline classifiers to validate
the results.
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9.1. Model Evaluations

9.1.1. Echo State Network

The classification performance of the proposed rotation-invariant approach was evalu-
ated in terms of weighted mean overall accuracy (ACC). Five independent 10-fold CVs
were run in experimental settings I-III, cf. Section 8.5. In order to fix a suitable amount
of short-term memory, prevent over-smoothing the state space, and account for proper
reservoir decay, the following parameter tuples (∆ϕ, ρ(W), α) were used for the ESN
experiments: (0, 0.6, 0.85), (5, 0.8, 0.85), and (10, 0.95, 0.85). We collected 360 reservoir
states for each individual cell image patch, starting at rotation ϕ0 = 0.

Reservoir Size N

Exp. ∆ϕ 200 500 1000 2000 3000 4000

I 0 ACC 78.85 85.32 89.76 93.63 95.37 96.43
SD (0.75) (0.37) (0.55) (0.51) (0.17) (0.35)

II 5 ACC 70.82 75.85 79.37 84.73 88.39 89.49
SD (0.59) (0.63) (0.27) (1.01) (0.35) (0.22)

III 10 ACC 67.72 72.08 75.82 80.42 83.64 85.96
SD (0.77) (0.53) (0.54) (0.70) (0.22) (0.92)

Table 9.1.: Results of the ESN model evaluations. Five independent 10-fold cross-validation
experiments were run on the training dataset. Values are reported in percent as
mean weighted accuracy (ACC) and standard deviation (SD), cf. Fig. 9.1 (a).

Quantitative results of the CVs are reported in Table 9.1 and visualized in Fig. 9.1
(a). Obtaining higher performance generally required larger reservoirs. For instance, to
reach approximately 80% accuracy, it took ten times more reservoir units to get similar
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(a) (b)

Figure 9.1.: Performance evaluation of the ESN model. (a) Mean weighted accuracy (ACC)
over five independent 10-fold CV experiments, error bars refer to three stan-
dard deviations (SD). The longer the ESN is in generative mode, the more
reservoir units are required to generate sufficient features for classification via
linear regression. (b) Precision-recall curve for one ESN cross-validation experi-
ment with N = 1000 and ∆ϕ = 0. The area under the curve (AUC) for C1 and
C2 is lower than for the other classes. With larger reservoirs even these two
classes could obtain higher performance.

performance in experiment III compared to experiment I: (N = 2000, ∆ϕ = 10) versus
(N = 200, ∆ϕ = 0), cf. Table 9.1.

Discriminating subsequent maturation stages of granulopoietic cells (i.e. C1, C2, and
C3) was challenging for the ESN. Taking a closer look at a single CV run from ex-
periment I with N = 1000 and ∆ϕ = 0, we observed that this task required larger
reservoirs to capture the subtle differences in the cells’ appearance. Considering the
area under the curve (AUC) in Fig. 9.1 (b), learning to recognize band cells (C1) and
metamyelocytes (C2) in this setting seems to be harder than learning the other classes.
The confusion among these classes may be caused by their indistinct class borders, be-
cause we did not observe this effect among C3 and C4. All samples of the background
class Cbg could be recognized correctly.

9.1.2. Random Forest

Similarly, the dataset for the baseline classifier (RF) experiments was augmented with
the same number of rotations and rotation angles that were available as inputs to
the ESN (i.e. 360/max{∆ϕ, 1}). In a grid search, 16 combinations of two main RF
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Figure 9.2.: Results of the experiments to select the best RF model. In a grid search, 16
combinations of two main RF parameters forest size (T ), and maximum tree
depth (Tmd) were evaluated. Performance values for (a) ∆ϕ = 0, (b) ∆ϕ = 5
and (c) ∆ϕ = 10, are reported in percent as weighted mean accuracy (ACC)
and standard deviation (SD, in brackets). Higher overall mean accuracy corre-
sponds to green color, where low accuracy is represented by blue color.

parameters were evaluated: the number of individual trees T ∈ {4, 16, 64, 128}, and
the maximum tree depth Tmd ∈ {2, 4, 8, 12}.

Like for the ESN, five independent 10-fold CVs were run on the training dataset using
the RF. Fig. 9.2 illustrates the results. The classification accuracy could significantly be
improved when larger and deeper forests were used. However, with respect to higher
performance, the depth of the individual trees was more important than the total
number of trees in the forest.

9.1.3. Classifier Comparison

Compared to the ESN, the RF was less sensitive to omitted rotation angles. The dif-
ference between maximum and minimum mean accuracy among experiment I-III was
in the range of 0.1−3.3% for the RF, and in the range of 10.5−14.0% for the ESN, cf.
Fig. 9.2. This may be explained by the fact that in the RF training, each rotation was
considered as an individual sample, while the ESN received a continuous stream formed
by the rotations of an image patch and omitting rotations causes unforeseen interrup-
tions. These interruptions could only be compensated by larger reservoirs. Conversely,
this also indicates that training a RF on each possible integer rotation (∆ϕ = 0)
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is not necessary, and using much less training data already results in similarly high
performance.

9.2. Robustness for Random Cell Orientations

We have shown in experiment I that generalization of an ESN works well when it is
trained on all 360 rotations of an image patch. Further, it is also capable of learning
a classifier that works with periods of zero-input between two consecutive rotations
(experiments II-III). The CV experiments suggested that increasing the reservoir size
also increases the classification performance on all classes, cf. Fig. 9.1. Using ϕ0 = 0

and ∆ϕ = 5 as reference scheme, we examined whether the very same cells could be
recognized equally well when the rotation started at a random ϕ0 ̸= 0. Therefore, the
best ESN and RF models were selected from the CVs with respect to experiment II

Figure 9.3.: Classifier performance on the test set in experiment IV (n = 321, ∆ϕ = 5).
The top row shows precision-recall curves and the area under the curve (AUC),
the bottom row the confusion matrices. The first column in (a) illustrates
the results for the ESN classifier trained on the original initial starting angles
ϕ0 = 0, while the second column refers to results obtained using a random ϕ0.
Similarly, in (b) the results are illustrated for the RF classifier. The color bar
encodes the class-wise precision (i.e. the ratio of true positives per predicted
class), colors towards red correspond to higher precision, i.e. less false positives.
While the ESN frequently confused C1 and C2, the predominant misclassifica-
tions of the RF were among C3 and C4. However, the RF showed better results
for C1 and C2.
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(ESN: N = 4000, RF: T = 128, Tmd = 12).

In Fig. 9.3 precision-recall curves, AUCs, and the confusion matrices on the fixed test
set (n = 321) are reported for both classifiers. Generally, the results were of almost
equal quality with respect to the weighted mean measures for a patch rotation starting
at ϕ0 = 0 and random ϕ0. Considering precision, the ESN achieved 89.40% and 89.30%,
the RF 90.50% and 87.60%, respectively. The recall of the ESN is constant 88.80%,
but marginally decreases for the RF from 89.70% to 86.60%. While only two out of 321
cells (0.62%, Fig. 9.4 (q,r)) were predicted differently by the ESN, the RF predicted 16
cells (4.98%, Fig. 9.4 (a-p)) differently. Classification measures reported in Table 9.2
are more stable for the ESN than for the RF. More specifically, very stable precision
and recall values indicate that the recognition accuracy does not necessarily depend
on the initial rotation angle and that the proposed approach to train ESNs for image
recognition works very well. The absolute value differences between ϕ0 = 0 and random
ϕ0, denoted as |∆|, is close to zero for most of the measures. These results suggest that
the ESN is able to robustly predict the same class label of a particular cell in 99.38% of
all test cases, even if ϕ0 randomly falls within ∆ϕ, where the network is in the generative
mode. However, the baseline classifier (RF) achieved comparable performance in almost
all measures, cf. Table 9.2.

The precision-recall curves and confusion matrices were quite diverse for the foreground
classes. While curves for C3 and C4 were close to optimal, curves for other classes
showed that the network had troubles discriminating among C1 and C2. This could
also be observed by inspecting the confusion matrices in Fig. 9.3 (a), where the ESN
frequently predicted C1 when the true class was C2. On the other hand, the RF was
better in recognizing C1 and C2, but showed a tendency to predict C4 when the true
class was C2 or C3, and C3, when the true class was C2 or C4, cf. Fig. 9.3 (b). The area
under the curve (AUC) over all classes was also more stable for the RF. The control
class Cbg has always been perfectly classified by both ESN and RF.
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C4 C1

rnd. ϕ0 = 20
(a) GT: C1

C2 C1

rnd. ϕ0 = 295
(d) GT: C2

C2 C3

rnd. ϕ0 = 159
(g) GT: C2

C4 C3

rnd. ϕ0 = 35
(j) GT: C3

C4 C3

rnd. ϕ0 = 198
(m) GT: C4

C1 C2

rnd. ϕ0 = 164
(b) GT: C2

C2 C3

rnd. ϕ0 = 47
(e) GT: C2

C3 C4

rnd. ϕ0 = 352
(h) GT: C3

C3 C4

rnd. ϕ0 = 46
(k) GT: C3

C4 C3
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(n) GT: C4

C2 C1

rnd. ϕ0 = 317
(c) GT: C2

C2 C1
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(f) GT: C2

C3 C1

rnd. ϕ0 = 239
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C3 C4
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(l) GT: C3

C4 C3
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C4 C3 C4 C2 C2 C3
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(p) GT: C4 (q) GT: C2 (r) GT: C2

Figure 9.4.: The 16 samples (4.98%) classified differently by the RF classifier in experiment
IV (a-p), and the two samples (0.62%) classified differently by the ESN (q,r).
The left image shows the original cell patch at ϕ0 = 0, the right image at a
random starting angle (rnd. ϕ0). Below these images, the predicted classes are
enclosed in green boxes, when they were recognized as true positives, or in red
boxes otherwise. The used counter-clockwise initial rotation angle and ground
truth class (GT) is shown below the predictions.



10. Discussion and Conclusions -
Cell Classification

In the previous chapters a novel cell classification approach was proposed and evaluated
that considers subsequent rotations of a single-cell image patch as temporal signal to
drive an ESN reservoir as feature generator. Finally, linear regression was used to learn
a multi-class classification problem and the final class was determined by the winner-
takes-all principle. The proposed approach was compared to a baseline RF classifier,
achieving comparable or higher performance. However, the runtime of both algorithms
was not compared in detail, since the proof-of-principle implementation of the proposed
ESN approach was not yet optimized, while the already optimized RF implementation
from Section 4.3.1 was used. A comparison to other image classifiers that work on
raw image data such as SVM, or FF-NN, is considered in future research to validate
the rotation-invariant classification scheme. Tuning these methods to be used as a
competitive baseline was not feasible within the scope of this thesis, since they are
much more sensitive to hyper-parameter tuning than RFs.

While previous work of Kainz et al. [9] focused on binary classification of similar cells
from raw image patches, this thesis showed that the proposed approach robustly gen-
eralizes to multi-class problems as well. Further, performance comparable to that of an
RF classifier was observed that was trained the conventional way to achieve rotation
invariance, i.e. using multiple rotated versions of an image patch. The model evalua-
tion revealed that learning the temporal features works better for showing all rotations
(∆ϕ = 0) in a continuous stream than for skipping some rotations (∆ϕ > 0) when
ESNs of the same complexity (in terms of reservoir capacity) were used. Yet, the ESNs
were able to extract discriminative features in the generative mode, but significantly
larger reservoirs were required to achieve similar classification performance.
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We have considered short periods of zero-input between subsequent rotations of the
same image to explicitly examine the capability of the reservoir to generate meaningful
features from just a few external stimuli at specific points in a temporal input stream
(experiments II-IV). However, this may not be an optimal setting for the ESN. Results
from our model evaluations, especially with ∆ϕ = 0 in experiment I (Section 9.1.1),
suggest that applying continuous input, i.e. without interruptions of the stream, may
potentially deliver higher performance for this cell recognition task. That could for
instance be realized by providing non-zero input only, such as keeping the input between
consecutive rotations constant. Future work must therefore evaluate a more economical
way of using the proposed rotation-invariant approach, such as subsampling the input
sequence at specific rotations, which would additionally decrease the required runtime.
However, any change to the ESN input scheme likely requires an adaption of hyper-
parameters, and may even lead to different architectures, which could not be examined
anymore in this thesis.

Considering the current approach, the runtime for feature computation in the reservoir
could potentially be reduced by resetting the reservoir state instead of waiting until the
resting state has been reached after the last rotation of an image has been presented.
A first obvious advantage would be that we could use much shorter random periods
between the inputs, or omit them entirely. Further, this would enable parallel feature
generation, since we could collect the temporal features from parallel copies of the
reservoir and concatenate them (with, or without random gaps) before learning the
regression weights off-line. Similar applies to testing, where inference could be done
for multiple images in parallel. However, it needs to be investigated critically, whether
omitting the sequences of random length between individual images is feasible, and
how this (positively or negatively) influences the performance on this task.

Interestingly, we could only observe a minor improvement in the baseline RF classifica-
tion results when more training data was used. Even when we skipped 10 rotations, the
mean overall accuracy was approximately as high as when we trained on all 360 rota-
tions. From that we can conclude that the performance of the RF can only be slightly
improved when we train on ten times the original dataset size. We presume that due
to interpolation the images within a range of ten subsequent rotation angles are too
similar to increase the diversity in the training dataset and surpass the saturation of
the classification performance.

We see advantages in using the proposed ESN approach for cell recognition: multi-
ple classes can be learned from a single, randomly connected RNN, which is driven
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by raw image data. When compared to other, gradient descent-based training meth-
ods [236, 237], training via ridge regression is guaranteed to result in a global op-
timum. Besides the proposed regression inference scheme, more sophisticated (also
non-linear) schemes may lead to superior performance. Nevertheless, obtaining good
hyper-parameters is highly task-specific and remains a tedious duty. CNNs [149] have
demonstrated reasonable performance over SVM classifiers in white blood cell classifi-
cation [137]. Despite the study of Habibzadeh et al. [137] used a very limited number
of samples for their evaluation, we can consider them as a promising candidate in fu-
ture research regarding the quantification of maturation stages in bone marrow. While
CNNs also operate on raw images, they may be more robust in capturing the high
intra-class variance while coping with small inter-class distance of blood cell matura-
tion by learning significant features directly from the cell images. Nevertheless, robustly
training supervised deep FF-NN usually requires huge image databases that are rarely
publicly available for biomedical imaging problems. Our approach, on the other hand,
works well even with a small number of samples, and skewed class distributions [9]. We
will later (in Chapter 11) discuss current work towards creating a reliable bone marrow
ground truth dataset for supervised learning that should finally enable employing Deep
Learning models.

We consider a classifier as truly rotation-invariant, if the same object can be recognized
as the true class under arbitrary rotations. However, a rectangular image is bounded by
definition, and when it gets rotated while keeping the original image dimensions, some
parts of the rotated image naturally become undefined. A common strategy to overcome
this problem is to use border extension techniques [170], for instance filling these regions
with uniform intensities, or mirroring border pixel intensities. Depending on the ratio
of the image dimensions, this may introduce significant mirroring artifacts and artificial
repetitive patterns. Since we used square patches and the cell nuclei were centered, the
introduced border artifacts were just minimal. Moreover, the proposed rotation scheme
for the ESN training just considers pixels within the incircle of the square patch. These
border artifacts thus became negligible for both ESN and RF classifier. Nevertheless,
the information in the original and rotated image is not completely equivalent, and
therefore we can only speak of achieving an approximate rotation-invariance. It has
to be noted that despite the classifiers may have misclassified some samples in either
the default (i.e. ∆ϕ0 = 0) or the random starting angle evaluation (see definition of
experiment IV), the other one always resulted in a true positive recognition, cf. Fig. 9.4.
Hence, to increase their overall recognition rates and make a step towards more robust
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rotation-invariant classifiers, it could be beneficial to classify a given test image several
times under varying (e.g. random) angles and predict the final class label using some
consolidation procedure.

The classification performance of the ESN on the presented bone marrow dataset has to
be interpreted carefully, though. Firstly, due to the minimal inter-class distance that is
caused by continuous maturation stages (i.e. C1-C3), the cells’ appearance is frequently
very similar and exacerbates finding a good (linearly) separating hyper-plane. Secondly,
even after several years of experience, it is a non-trivial task for expert pathologists
to make an exact distinction between consecutive maturation stages. The class dis-
tribution in this dataset might also slightly distort the results presented as weighted
mean here, since C2 is the minority – but most difficult – class to be recognized. This
under-representation provokes a more optimistic view on our results, since the proba-
bility of misclassifying C2 is lower due to the sample size. However, we provided per-
class performance measures in our experimental results, cf. Fig. 9.1 (b). These results
showed non-consecutive maturation stages (i.e. C3 and C4) being recognized reliably
even by less complex ESN models. Using a background class as control enabled assess-
ing the discriminative power of the classifiers with respect to the foreground classes.
In comparison to the foreground classes, the background class always shows very high
classification accuracy in both classifiers. This behavior increases the overall mean ac-
curacy measures and must be considered when interpreting the results. The collection
of hundreds of images for each cell class requires the time-consuming, manual anno-
tation by hematopathology experts. By employing label-preserving data augmentation
strategies that mimic morphological variability we were able to generate more samples
for this study. Our current research is focused on creating a larger bone marrow dataset
to assess the robustness and generalization capability of the ESN and omit artificial
data augmentation. Additionally, a thorough evaluation on other, similar datasets is
required to evaluate the transferability of the approach. Despite our promising results,
an evaluation on a more extensive and fully balanced dataset, obtained from multiple
patients is required to derive more precise conclusions.

Authors of previous work employed heterogeneous ensembles of classifiers [80, 223],
where each individual instance focused on different aspects of the same feature space, or
even different features. They reported superior results of their ensembles over individual
classifiers. Our results in experiment IV revealed that the RF classifier has weaknesses,
where the ESN actually shows strengths – and vice versa, cf. Fig. 9.3. A combination of
the two evaluated classifiers, i.e. ESN and RF, to increase the overall recognition rates in
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our experimental settings seems feasible. Deeper trees are expected to further increase
the performance, but finding an optimum depth requires further examination. Using
multiple ESNs in ensembles could be another opportunity to increase the performance
by introducing classifier diversity. One could use different settings for the individual
networks, such as the sparsity of input and reservoir weights, different reservoir sizes,
input weight scaling, neuron models, etc. Furthermore, training on different levels of a
Gaussian scale space pyramid could add robustness against scale variations to a certain
extend, where the linear regression would still guarantee globally optimal learning.

Using ESNs to classify bone marrow cells is attractive for applications in biomedi-
cal diagnostics due to the reliability of the system. An important measure in medical
application settings besides recall is a high specificity, as it is expressed by the pro-
posed recognition system. Since it is a learning-based strategy, it can more easily be
transferred to other problems than rigid standard image processing approaches. A big
advantage of the proposed approach is that cell segmentation and explicit manual fea-
ture extraction is not required, once the locations of cell nuclei are determined. The
focus of this thesis part was set on discriminating blood cell maturation stages in bone
marrow and thus we omitted including an automatic procedure to localize cell candi-
dates in the histopathology images. Some previously reported approaches treated cell
localization as a subproblem of cell counting, but we believe that a separation of mat-
ters regarding cell localization and cell classification has more potential here. Results
of recent work [8], also described and further refined in Section 5.1 of this thesis, pre-
sented state-of-the-art performance in bone marrow cell localization with the ability
to tune the detector towards producing a huge set of candidate cells. Such a reliable
and accurate cell nuclei detection strategy could easily be employed as a preceding step
before applying the rotation-invariant classification scheme proposed in this thesis. In-
tegrating these approaches into a fully automated system to support quantitative bone
marrow diagnostics seems feasible, but must be left subject of future research at this
point.

... or for short: the F.L.D.S.M.D.F.R.!

Flint Lockwood

Cloudy with a Chance of Meatballs
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11. Towards Extensive Reliable
Ground Truth Data

Classification experiments involving supervised machine learning approaches require
a valid ground truth to maximize the learning success of an algorithm. In the cell
classification study described in Part III of this thesis, a rather small dataset was used
to create the first proof-of-concept results. The distribution of bone marrow cell lineages
could only be partly examined due to the lack of labeled samples for all morphologically
distinguishable stages of maturation. Despite this dataset was created by a senior
pathologist, the magnitude of neither intra- nor inter-observer variability could not
be assessed. In fact, a reliable ground truth would involve multiple experts agreeing
on a single class label such that typical representatives of the hematopoietic cells can
be learned by the algorithms. Currently, neither labeled nor unlabeled hematopoietic
cell datasets are available in the public domain that could be used for training cell
recognition systems. The creation of a novel dataset comprising all stages of blood cell
maturation would thus be an invaluable contribution to this field.

Several approaches exist for generating ground truth data for various purposes, which
mostly depend on the required level of expert knowledge. The more generic a vision
problem is, the more laypeople are in fact capable of contributing. In cases where one
does not have to rely on any expert knowledge at all, e.g. labeling commonly known
instances like pets, or outlining trees, bikes, facades in natural images, crowd-sourcing
tools for image annotation like LabelMe [158, 238] can be used to efficiently obtain large
ground truth datasets from citizen scientists. These tools have been used to generate
computer vision research datasets such as scene understanding or facade segmenta-
tion [239, 240]. However, generating a ground truth dataset from histopathological
images requires people with special training and experience, whereas delineating cars
and roads in an urban scene image does not.
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Due to the large variability of elements in biological tissue such as individual cells and
larger structures formed by them, it is non-trivial to obtain a consensus among experts
on a class label, or on an accurate delineation of structure boundaries. Ideally, a single
label is the correct label and all observers assign this label independent of each other
in a blinded fashion. This task is further exacerbated, since criteria for morphological
discrimination in healthy tissue usually do not apply to neoplastic tissue. Eventually,
all samples with a certain level of inter-observer agreement will be collected as valid and
representative instances in the ground truth dataset. As a result of highly specialized
research areas, domain experts are usually rare and may as well be located on differ-
ent continents. Such factors aggravate communication and running inter-observer image
analysis studies on a larger scale. Moreover, finding committed experts to contribute to
a biomedical image dataset for research purposes is an organizational challenge. Mostly,
experts in tissue analysis come from biology, histology and pathology, where their daily
business may permit only a small time period for research activities. Thus, all tools for
capturing their domain-specific knowledge must be solid and well-performing in order
to maximize the likelihood for a successful labeling study. Amazon’s mechanical turk
(MTurk) has been used to create labels for image captioning and classification [241].
However, MTurk has not been designed to provide the capabilities for displaying, an-
notating, or navigating in whole slide images. In order to account for high usability,
and since there was no application available to conduct blind inter-observer reliability
studies, a novel web-application based on the Cytomine bioimage analysis platform [7]
has been developed. In the following sections, this platform and preliminary results of
a collaborative labeling study for hematopoietic cells will be described briefly.

11.1. The Cytomine-IRIS Labeling Platform

The Cytomine platform [7, 242] has been created following the demands of collaborative
gigapixel image analysis over the internet. An orchestration of state-of-the-art internet
technologies and distributed computing frameworks facilitates large-scale studies on
extensive microscopic images and allows for integration of external applications via a
public API1. Intentionally, the image annotation interface of Cytomine (Fig. 11.1) has
been created to conduct collaborative studies in a most transparent way including re-
view and proofreading tools. Of course, this contradicts our aim of having independent

An extensive description of the Cytomine platform and its successful utilization in a broad set of
projects can be found in the work of Marée et al. [7], and the Supplementary Material thereof.

1
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expert opinions on individual annotations in order to create an unbiased ground truth
cell dataset and being able to quantitatively measure inter-observer reliability. Hence,
a novel labeling application was created leveraging the existing backend functionality:
the Cytomine Inter-Observer Reliability Study Module, or Cytomine-IRIS for short.
The source code of this application is publicly available under the open-source Apache
2.0 license from Github2. A deployed version of the application including tutorials and
previews is available as part of the Cytomine demonstration servers3.

Figure 11.1.: The web interface of the Cytomine platform facilitates a collaborative anno-
tation of gigapixel microscopy images. It comprises many functions such as
proofreading and reviewing tools that enable a transparent collaboration, but
does not provide options for inter-observer experiments. This interface is be-
ing used in an international study to label hematopoietic cells according to a
predefined ontology (right panel).

We have launched an international study involving pathologists to assign labels to
marked cells in whole slide images of H&E stained healthy bone marrow, cf. Fig. 11.1.
We relied on the existing web interface (Fig. 11.1) to create the initial annotations
in many images. Subsequently, the labeling interface of Cytomine-IRIS was used by
the experts to effectively assign labels to the annotated cells by selecting them from
a predefined ontology, cf. Fig. 11.2 (a). To enable the assessment of the cells in the
context of high- and low-scale tissue architecture, panning and zooming facilitates
proper exploration of the whole slide image.

2 Available from https://github.com/Cytomine/Cytomine-IRIS.
3 Available from http://demo-iris.cytomine.be/iris/.

https://github.com/Cytomine/Cytomine-IRIS
http://demo-iris.cytomine.be/iris/
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(a)

(b)

Figure 11.2.: Cytomine-IRIS labeling and annotation agreement statistics interface. (a)
Observers can select terms from a predefined ontology and assign them to
the pre-annotated object. (b) Designated project coordinators can view the
per-annotation observer agreement. Here, the list is filtered to contain only
annotations with at least 66% agreement on any assigned label among a set of
selected observers.
Marée R, Rollus L, Stévens B, Hoyoux R, Louppe G, Vandaele R, et al. Collaborative analysis

of multi-gigapixel imaging data using Cytomine. Bioinformatics. 2016 Jan;32(9):1395–1401, by

permission of Oxford University Press.

A convenient navigation in this view enables a quick assessment of many annotations
in an efficient way. The labeling progress in the project can be tracked per image by
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each observer, cf. Fig. B.1. Since each image may contain several hundred annotations,
the application stores the labeling sessions and the user may resume at the last vis-
ited annotation from any client. Reviewing the assigned annotations is possible in the
gallery view of Cytomine-IRIS, cf. Fig. B.2 (a). Outliers in each category can be rapidly
identified by visual inspection and their label can be corrected by dragging the sample
onto the correct term from the ontology.

Authorized project coordinators are able to view the progress of individual users in a
project, cf. Fig. B.2 (b). This interface allows to identify biased observers, e.g. whether
in inconclusive cases a particular observer tends to assign the earlier or later maturation
stage. Further, the agreement statistics across all users can be queried and filtered.
According to the selected filter, the labeled image data can be exported in a convenient
way, cf. Fig. 11.2 (b), utilizing all magnification levels the original whole slide image
provided.

11.2. A Novel Bone Marrow Cell Dataset

In a first study using Cytomine-IRIS, approximately 8, 100 cells were annotated in 50
H&E stained whole slide images of 50 individual patients. By the time this thesis was
submitted, the bone marrow dataset consisted of 1, 324 representative cells in eleven
classes having a full agreement among three independent observers, cf. Fig. 11.3. If
we considered two of three agreeing observers, the dataset comprises additional 790
cells. Both distributions for myeloid and erythroid precursors are skewed, but reflect
the approximate DBC in bone marrow reported in standard literature, cf. Fig. 2.5.
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Figure 11.3.: Preliminary results of the data collection using the novel Cytomine-IRIS plat-
form. A total (100%) agreement among all three observers was achieved on
1, 324 cells (cyan data series). The blue data series shows the label distribu-
tion for a filter set for lower level of agreement (> 66%).



12. Discussion and Conclusions

12.1. Summary

The goal of the presented work was the development of cell localization and recognition
algorithms based on machine learning for the purpose of histopathological analysis of
healthy human bone marrow trephine biopsies, stained using a standard dyeing proto-
col (H&E, MGG) during routine examinations. Hematopathologists need to report, for
each specimen, the distribution of several maturation stages in different hematopoietic
cell lineages in the context of tissue architecture. Given the huge number of specimen
that need to be analyzed in routine diagnostics, automated image analysis methods are
demanded to increase reliability and throughput. Fostered by availability and progress
in digital microscopy as well as novel methods for computer-aided diagnosis using state-
of-the-art machine learning and computer vision methods, the interdisciplinary area of
biomedical image analysis has seen much research effort during the past decade. In this
work, it was demonstrated that learning-based pattern recognition algorithms achieve
quantifiable, reproducible and accurate results for cell detection and classification. De-
spite a large body of publications on cell detection, segmentation and classification
was already available, only very few papers dealt with the automated analysis of bone
marrow core biopsies, even less with trephine biopsies. Many studies aimed at improv-
ing methods at the level of individual cells, others focused on processing whole slide
histopathological images, e.g. to increase throughput in screening programs. In fact, an
unexpectedly small number of the previously reported applications that was reviewed
in this thesis addressed the quantification of the entire hematopoiesis in routine bone
marrow sections, highlighting the urgency and rationale of this work. On the other
hand, a vast majority focused on histopathological images from peripheral blood or
bone marrow smear, mostly to quantify the number of white blood cells in the con-
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text of diagnosing malignant disorders or performing differential blood cell counting.
Localization and recognition of blood cell maturation stages were identified as two
subsequent, yet challenging, concerns, which have been addressed separately in this
thesis.

12.1.1. Cell Localization

Chapter 3 has proposed an innovative approach for robust cell localization in histopatho-
logical images that can be applied with minimal prior knowledge to many different
tissue types, cf. Chapter 5. For the cells to be detected, a rough estimate of the cell
nuclei radius is sufficient. It relies on regression Random Forests [165, 179] that learn
to predict, for each image location, a smooth non-linear function of the distance to the
closest cell center, which we termed the proximity score. The core idea was inspired by
the work of Sironi et al. [162, 163] on multiscale centerline detection. The predictive
models were trained using local image patches sampled from images containing simple
dot-annotations that were placed on, or in the immediate adjacency of a cell nucleus
center. Local maximums in the predicted proximity score map correspond to the cell
center hypotheses, which can be discovered by non-maximum suppression. From a
search across an extensive range of the method’s hyper-parameters in cross-validation
experiments we concluded that the actual values of the hyper-parameters are rela-
tively uncritical for the method to operate properly. In Chapter 5 we have extensively
evaluated the detection performance by means of several standard metrics in object
localization on five challenging cell datasets containing erythroid and myeloid precur-
sor cells, megakaryocytes, lymphocytes, and a mixed-tissue cell dataset comprising
many different cell types. We compared the novel localization method to a state-of-
the-art cell detector based on maximally stable extremal regions and structured SVM
(SSVM [116]) that won the ICPR 2010 Pattern Recognition in Histopathological Im-
ages contest on lymphocyte detection by a large margin. As second baseline, a standard
binary classification Random Forest was trained similar to the regression methods. We
could show that the proposed regression methods outperformed both baseline methods
in terms of detection performance and spatial localization accuracy, cf. Chapter 5. In
terms of execution speed the RF methods ranked ex aequo, being ≈ 2× faster than
the SSVM method. The spatial-averaging extension of the simple center-pixel regressor
could even achieve a speedup of 9×, while being as reliable as the baseline. It detects
cells in a single 1200× 1200 pixel image in 3.5 seconds. Both regression and classifica-
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tion approaches using Random Forest were able to very reliably detect megakaryocytes.
However, the SSVM detector was unable to learn a localization from the dot-annotated
megakaryocytes, cf. Section 5.1.3. Advantages and disadvantages of the methods across
the different datasets were discussed in detail in Chapter 6.

12.1.2. Cell Classification

In Part III of this thesis, the second aspect of the research question regarding the
recognition of individual hematpoietic cells was addressed. A novel scheme for cell
rotation-invariant classification using Echo State Networks was proposed. Given a set
of grey-value image patches depicting single cells at its centers, each static 2D patch
is transformed into a temporal signal by rotation. Driven by this signal, the activation
patterns of the recurrently connected reservoir units encode the appearance information
of the cell in temporal features, which are recorded over time. Finally, ridge regression
is employed to learn weights for each cell class to be detected in a globally optimal fash-
ion. In this proof-of-concept study, a five-class classification problem was formulated for
the ESN, which is a generalization of earlier work on a similar, but binary, problem [9].
We used a manually extracted bone marrow cell dataset consisting of four classes,
and randomly sampled background patches. Similarly to the annotation procedure for
the localization datasets, an expert pathologist classified the cells by placing a single
dot onto the cell nucleus centers and recording their class label. The bone marrow cells
comprised three consecutive stages of myleoid precursors (myelocytes, metamyelocytes,
and band cells), and one erythroid precursor stage (orthochromatic normoblasts). The
selection of these particular cell types for this study was driven by two main factors.
Firstly, a set of typical samples could more easily be generated, because these classes
are among the most frequent in bone marrow sections of healthy adults, cf. Fig. 2.5.
The second reason regarded the challenging discrimination of subsequent maturation
stages within one lineage (myeloid) and the fact that precursor cells share morpholog-
ical similarities across lineages. Similar to the cell localization approach, we pursue a
segmentation-free strategy by learning a discriminative model directly from raw im-
age patches. The proposed ESN approach was evaluated empirically in cross-validation
experiments and compared to a standard classification RF (similar to the localization
setup) as baseline using a benchmark split of the available dataset. The classification
RF was trained the conventional way to achieve robustness against arbitrary object
rotations, i.e. by augmenting the dataset via rotation by the same angles as the ESN
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used for the continuous input stream generation. The choice for RF as the baseline was
inspired by their successful application in cell localization, where they showed confi-
dent results on a similar patch-based problem. For both methods satisfactory class-wise
and overall classification performance could be reported, and a trend over the evalu-
ated hyper-parameter ranges could be discovered. Due to the internal dynamics of the
ESN reservoir, it was possible to generate temporal features from single input stimuli
followed by several time steps without any external input. Despite these features still
possessed enough discriminative power to complete the classification task, the efficiency
of this particular way of feeding input to the ESN is questionable. Hence, this strategy
should not be pursued in this current form. In the benchmark experiment we examined
what we termed the true rotation-invariance, i.e. whether a classifier predicted the same
label for a cell in its original rotation and in a rotation defined by a randomly chosen
offset angle to this position. While the ESN was able to classify 99.38% of all samples
identically in this experiment, the RF achieved 95.02%. In this multi-class study we
observed that the proposed ESN training scheme can be applied to rotation-invariant
cell recognition and that an extraction of features from a single, untrained, randomly
connected RNN was able to achieve higher performance than the RF. Nevertheless, we
discussed in Chapter 10 the potentials to improve the current approach of training the
ESN in terms of efficiency and runtime, which we could not perform in the scope of this
thesis. As soon as more labeled data of different stages of maturation and cell lineages
become available it can be tested whether more than five classes can be discriminated
as well. First attempts towards this aim have already been undertaken and were briefly
described in Chapter 11. Additionally, further comparison experiments with other cell
classification methods that work with raw images must be performed.

12.2. Integration of Cell Localization and

Recognition for General-Purpose Solutions

Despite this thesis addressed localization (Part II) and recognition (Part III) of bone
marrow cells as two separate concerns, integrated solutions are required for practical
applications. We have argued that the proposed methods are able to learn predictive
models from image data without the requirement for accurate delineation of the ob-
jects, i.e. semantic segmentation. The proximity score regression can be used for fast
and reliable identification of bone marrow cell nuclei centers in multiple stainings with
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an average deviation from the true center of ≈ 2 pixels, which corresponds to ≈ 0.5 µm
at 40× magnification of the tested digital whole slide images. Moreover, the object size
of the bone marrow cells is known at the scanned magnification and we can therefore
obtain the single-cell patches for any subsequent classifier via simple cropping. This
assumption represented a special case in our application, which actually allowed us to
omit the segmentation step, since the myeloid and erythroid cells do not vary by more
than ±15-20% in size (megakaryocytes were addressed separately). While incorporating
prior knowledge into systems usually leads to better performance, it bears the risk of
creating an ad hoc solution. To reduce this risk and working towards a general-purpose
solution, additional considerations involving segmentation are inevitable. This applies
especially to situations, where the size of cells varies and simple heuristics based on ob-
ject sizes are not robust enough for automated patch extraction. Fortunately, one can
resort to one of the many possible strategies to deal with cell nucleus (and cytoplasm)
segmentation as well as separation of touching and overlapping objects in various tis-
sues, which have been proposed in the literature, cf. related work in Section 3.1.1 and
7.1.1. Such an intermediate step to delineate the nuclei borders can easily be added
before employing any classifier, e.g. by using the locations revealed by our proposed
detector as seed points. However, it has to be ensured that segmentation is reliable, if
the subsequent classifier relies on shape information. On the other hand, the classifier
must be able to handle minor segmentation errors, which we currently did not need to
consider in the presented bone marrow application.

A joint approach towards detection and classification using CNNs has been proposed
recently [146] for the analysis of cell nuclei in colorectal cancer histopathology images1.
Their joint model was trained on an extensive labeled cell dataset, containing about
30, 000 locations of cell nuclei, with about 22, 000 being classified as one of four cell
types. The large size of this dataset facilitated studying an end-to-end learning strategy
using CNN that predicts the location and the class of a cell using a single model. It
shall be interesting to see whether a competitive RF can be trained using this data, but
we could not evaluate this anymore within the scope of this thesis. However, it has to
be noted that this large dataset has not been created with accompanying inter-observer
reliability analysis. Data availability is usually a severe limitation that prohibits Deep
Learning, hence an investigation of alternatives that work with less data as well is of
high interest. Given the high spatial localization accuracy of the proposed regression
method, and the classification accuracy shown by the RF-based cell classifier, such

Their CRChistoLabeledNucleiHE dataset is publicly available from http://www.warwick.ac.uk/
BIAlab/data/CRChistoLabeledNucleiHE.

1

http://www.warwick.ac.uk/BIAlab/data/CRChistoLabeledNucleiHE
http://www.warwick.ac.uk/BIAlab/data/CRChistoLabeledNucleiHE
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a joint model could for instance be learned by decision tree based methods. However,
solving both detection and classification using a single model has not yet been examined
in this thesis. Others have proposed Hough Forests [166, 243], or joint classification and
regression forests [169, 244], which can be taken as a starting point for future work on
integrated localization and classification of multiple objects.

In any future cell classification application, unknown objects need to be considered as
a separate class, especially when a huge set of candidates is provided by a localization
algorithm such as the proposed one. Since in that case recall is optimized, more false
positive nuclei location will be predicted that need to be filtered in subsequent pro-
cessing steps. Classifiers need to have the opportunity to classify objects belonging to
neither foreground (i.e. any cell class), nor background. This can be of importance in
terms of at least two aspects. Firstly, a quantification of the decision confidence for in-
dividual instances provides more insight into the actual selectivity of a classifier. If the
predicted labels are almost uniformly distributed over all classes, the classifier is likely
to become unreliable and of little value for automated analysis. Secondly, provided the
selectivity of the classes is reliable, the unknown class is used as element of quality
control, and aids the estimation of the cellularity in a specimen. If many instances
are predicted as this class, the biological sample may contain histological processing
artifacts such as cell debris, blurring, and staining artifacts. Further, it could indicate a
low count of actually intact cells, which may be caused by underlying disorders. Using
fully automated tissue analysis in medical diagnostics requires mechanisms for human
experts to validate the results and intervene at suspicious results.

12.3. Conclusions

Despite this work provided promising results for bone marrow cell localization and
classification in histopathological images of bone marrow trephine biopsy, it can only
be considered as an initial step. We require more robust models to deal with the clas-
sification of hematopoiesis, the physiological process of blood cell maturation. Until
such computer-aided diagnostic tools can be effectively used in clinical practice, more
research and development is required to integrate and optimize the individual compo-
nents. The successful application of supervised machine learning in biomedical image
analysis heavily relies on data availability and quality. By providing novel algorithms,
an original cell detection dataset, and a tool to efficiently capture the consensus of many
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domain experts, we took a further important step towards advancements in automated
tissue analysis in hematopathology.



13. Outlook and Future Work

Many future research directions have already been revealed in the discussions of Part II-
IV. This final chapter attempts to give an outlook to future work by raising further
aspects worth of being considered.

Leveraging Unlabeled Data by Humans-in-the-Training-Loop A considerable
number of histopathology sections is produced each day in pathology laboratories dur-
ing routine tissue examinations. For diagnostic and archiving purposes these sections
are scanned at high optical magnification to gigapixel whole slide images. While an
in-depth analysis at a cellular level is time consuming, frequently even impossible for
human observers, it holds the potential to leverage unlabeled image data to be used
in a semi-supervised or interactive learning setting. The detection algorithm proposed
in Part II of this thesis fully automatically generates accurate locations of cell nu-
clei in whole slide images, hence reveals many unlabeled objects for classification. A
reliable expert-labeled ground truth cell dataset can be created by using specialized
tools such as Cytomine-IRIS (Section 11.1). Semi-supervised techniques such as self-
training [245] allow a classifier to learn to refine the decision boundaries between the
classes by adding high confidence predictions. However, this may not be optimal for
our bone marrow cell problem where expert-knowledge is essential. Ensuing from a cell
classifier trained on an initial fully labeled dataset, more unlabeled instances can be
predicted and proofread by human experts in an iterative process. Expert knowledge
is actively included in the evolution of more robust cell classification system by con-
stantly guiding the learning process. Proofreading predictions gains more importance,
since recognition systems must be able to adapt to new requirements [120]. As more
reliable data becomes available, i.e. as a result of such controlled studies, predictive
models can be entirely retrained or refined on a larger dataset.



14413. Outlook and Future Work

You should consider Regression to Classify Cells The nature of the present cell
maturity recognition problem in fact allows us to approach it from alternative direc-
tions than the proposed multi-class classification. Blood cell maturation is a continuous
process and many cells actually represent intermediate stages. A rigorous classification
into predefined stages is therefore frequently inconclusive and still dependent on the ob-
server’s personal preference, and experience. Creating the ground truth in this work was
focused on identifying typical cells for each maturation stage, for which the multi-class
formulation and ongoing inter-observer study are suitable. Nevertheless, to capture
general tendencies, many more experts are required to participate in such studies. As
an alternative formulation, a multi-label classification or regression problem could be
considered in future research. This work introduced a novel labeling tool for biomedical
images, which enables the decentralized creation of extensive datasets in a convenient
way. It can be adapted to facilitate labeling cells to be used in a regression problem
as well. The concrete protocol for obtaining continuous labels has to be developed in
future work, though. A quantization of the continuous output space could be performed
to obtain a discrete class label for being used in a bone marrow differential blood count,
which is standard in clinical practice.

There’s a scientific word for this: weird.

Kowalski

The Penguins of Madagascar
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Appendix A.

Cell Localization Results

This appendix chapter contains supplementary tables and figures of the cell localization
method evaluation. Figures and tables are sorted by dataset.
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A.1. Bone Marrow (H&E)

(a) rRF : κ∗ = 0.5882 (b) srRF : κ∗ = 0.4706

∗ ∗ ∗ ∗(c) rRF : pin = 33, p = 1 (d) srRF : pin = 33, p = 11out out

Figure A.1.: BM-HE dataset: stage I hyper-parameter selection results for the rRF and
srRF method (a,b). Parameter values on the horizontal axis denote input
patch sizes pin. Additionally in (b), numbers in parentheses denote the output

∗ ∗patch size pout. The minimum NRMSE, here determining p and p , respec-in out

tively, is highlighted using cyan color, and a bold border. Error bars denote
the SD, κ∗ is given for the best configuration. (c,d) Precision-recall curves
for the best hyper-parameters. The blue line denotes the average curve over
all CV runs, grey solid lines the individual CVs (i.e. images), and green solid
lines the iso-contours of F1-score. (a,c) Single-target, (b,d) spatial-averaging
regression forest. See Table 4.2 (p. 54) for details regarding hyper-parameter
configuration for this dataset.



172Appendix A. Cell Localization Results

(a) rRF : κ∗ = 0.5686 (b) srRF : κ∗ = 0.4706

(c) rRF : T = 64, Tmd = 24 (d) srRF : T = 64, Tmd = 24

Figure A.2.: BM-HE dataset: stage II results for the best hyper-parameters. (a,b) Parame-
ter values on the horizontal axis denote Tmd (T ). The minimum NRMSE, here
determining optimal model complexity, is highlighted using cyan color, and a
bold border. Error bars denote the SD. (c,d) The blue line denotes the average
curve over all CV runs, grey solid lines the individual CVs (i.e. images), and
green solid lines the iso-contours of F1-score.
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A.2. Bone Marrow (MGG)

(a) rRF : κ∗ = 0.5686 (b) srRF : κ∗ = 0.4706

∗ ∗ ∗ ∗(c) rRF : pin = 33, p = 1 (d) srRF : pin = 33, p = 11out out

Figure A.3.: BM-MGG dataset: stage I hyper-parameter selection results for the rRF and
srRF method (a,b). Parameter values on the horizontal axis denote input
patch sizes pin. Additionally in (b), numbers in parentheses denote the output

∗ ∗patch size pout. The minimum NRMSE, here determining p and p , respec-in out

tively, is highlighted using cyan color, and a bold border. Error bars denote
the SD, κ∗ is given for the best configuration. (c,d) Precision-recall curves
for the best hyper-parameters. The blue line denotes the average curve over
all CV runs, grey solid lines the individual CVs (i.e. images), and green solid
lines the iso-contours of F1-score. (a,c) Single-target, (b,d) spatial-averaging
regression forest. See Table 4.2 (p. 54) for details regarding hyper-parameter
configuration for this dataset.
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(a) rRF : κ∗ = 0.5686 (b) srRF : κ∗ = 0.4510

(c) rRF : T = 64, Tmd = 24 (d) srRF : T = 64, Tmd = 24

Figure A.4.: BM-MGG dataset: stage II results for the best hyper-parameters. (a,b) Pa-
rameter values on the horizontal axis denote Tmd (T ). The minimum NRMSE,
here determining optimal model complexity, is highlighted using cyan color,
and a bold border. Error bars denote the SD. (c,d) The blue line denotes the
average curve over all CV runs, grey solid lines the individual CVs (i.e. im-
ages), and green solid lines the iso-contours of F1-score.



175Appendix A. Cell Localization Results

A.3. Bone Marrow (H&E) Megakaryocytes

(a) rRF : κ∗ = 0.4706 (b) srRF : κ∗ = 0.4510

∗ ∗ ∗ ∗(c) rRF : pin = 75, p = 1 (d) srRF : pin = 75, p = 11out out

Figure A.5.: BM-HE-MK dataset (20× magnification): stage I hyper-parameter selection
results for the rRF and srRF method (a,b). Parameter values on the horizon-
tal axis denote input patch sizes pin. Additionally in (b), numbers in paren-
theses denote the output patch size pout. The minimum NRMSE, here deter-

∗ ∗mining p and p , respectively, is highlighted using cyan color, and a boldin out

border. Error bars for PRC, REC, and F1 denote 0.5·SD (for illustration pur-
pose only), while NRMSE error bars denote SD. κ∗ is given for the best con-
figuration. The large SD is explained by the fact that most of the images con-
tained only a single megakaryocyte. (c,d) Precision-recall curves for the best
hyper-parameters. The blue line denotes the average curve over all CV runs,
grey solid lines the individual images, and green solid lines the iso-contours
of F1-score. (a,c) Single-target, (b,d) spatial-averaging regression forest. See
Table 4.2 (p. 54) for details regarding hyper-parameter configuration for this
dataset.
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(a) rRF : κ∗ = 0.4314 (b) srRF : κ∗ = 0.4118

(c) rRF : T = 64, Tmd = 24 (d) srRF : T = 64, Tmd = 24

Figure A.6.: BM-HE-MK dataset (20× magnification): stage II results for the best hyper-
parameters. (a,b) Parameter values on the horizontal axis denote Tmd (T ).
The minimum NRMSE, here determining optimal model complexity, is high-
lighted using cyan color, and a bold border. Error bars for PRC, REC, and F1
denote 0.5·SD (for illustration purpose only), while NRMSE error bars denote
SD. The large SD is explained by the fact that most of the images contained
only a single megakaryocyte. (c,d) The blue line denotes the average curve
over all CV runs, grey solid lines the individual images, and green solid lines
the iso-contours of F1-score.
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(a) rRF : κ∗ = 0.4510 (b) srRF : κ∗ = 0.3529

∗ ∗ ∗ ∗(c) rRF : p = 38, p = 1 (d) srRF : p = 25, p = 11in out in out

Figure A.7.: BM-HE-MK dataset (10× magnification): stage I hyper-parameter selection
results for the rRF and srRF method (a,b). Parameter values on the horizon-
tal axis denote input patch sizes pin. Additionally in (b), numbers in paren-
theses denote the output patch size pout. The minimum NRMSE, here deter-

∗ ∗mining p and p , respectively, is highlighted using cyan color, and a boldin out

border. Error bars for PRC, REC, and F1 denote 0.5·SD (for illustration pur-
pose only), while NRMSE error bars denote SD. κ∗ is given for the best con-
figuration. The large SD is explained by the fact that most of the images con-
tained only a single megakaryocyte. (c,d) Precision-recall curves for the best
hyper-parameters. The blue line denotes the average curve over all CV runs,
grey solid lines the individual images, and green solid lines the iso-contours
of F1-score. (a,c) Single-target, (b,d) spatial-averaging regression forest. See
Table 4.2 (p. 54) for details regarding hyper-parameter configuration for this
dataset.
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(a) rRF : κ∗ = 0.4706 (b) srRF : κ∗ = 0.3333

(c) rRF : T = 64, Tmd = 24 (d) srRF : T = 64, Tmd = 24

Figure A.8.: BM-HE-MK dataset (10× magnification): stage II results for the best hyper-
parameters. (a,b) Parameter values on the horizontal axis denote Tmd (T ).
The minimum NRMSE, here determining optimal model complexity, is high-
lighted using cyan color, and a bold border. Error bars for PRC, REC, and F1
denote 0.5·SD (for illustration purpose only), while NRMSE error bars denote
SD. The large SD is explained by the fact that most of the images contained
only a single megakaryocyte. (c,d) The blue line denotes the average curve
over all CV runs, grey solid lines the individual images, and green solid lines
the iso-contours of F1-score.
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A.4. Breast Cancer (H&E)

(a) rRF : κ∗ = 0.1961 (b) srRF : κ∗ = 0.1569

∗ ∗ ∗ ∗(c) rRF : pin = 11, p = 1 (d) srRF : pin = 11, p = 7out out

Figure A.9.: ICPR-BC dataset: stage I hyper-parameter selection results for the rRF and
srRF method (a,b). Parameter values on the horizontal axis denote input
patch sizes pin. Additionally in (b), numbers in parentheses denote the output

∗ ∗patch size pout. The minimum NRMSE, here determining p and p , respec-in out

tively, is highlighted using cyan color, and a bold border. Error bars denote
the SD. (c,d) Precision-recall curves for the best hyper-parameters. The blue
line denotes the average curve over all CV runs, grey solid lines the individual
images, and green solid lines the iso-contours of F1-score. (a,c) Single-target,
(b,d) spatial-averaging regression forest. See Table 4.2 (p. 54) for details re-
garding hyper-parameter configuration for this dataset.
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(a) rRF : κ∗ = 0.1961 (b) srRF : κ∗ = 0.1373

(c) rRF : T = 64, Tmd = 24 (d) srRF : T = 64, Tmd = 24

Figure A.10.: ICPR-BC dataset: stage II results for the best hyper-parameters. (a,b)
Parameter values on the horizontal axis denote Tmd (T ). The minimum
NRMSE, here determining optimal model complexity, is highlighted using
cyan color, and a bold border. Error bars denote the SD. (c,d) The blue line
denotes the average curve over all CV runs, grey solid lines the individual
images, and green solid lines the iso-contours of F1-score.
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A.5. Multi-Tissue (H&E)

(a) rRF : κ∗ = 0.5098 (b) srRF : κ∗ = 0.3529

∗ ∗ ∗ ∗(c) rRF : pin = 29, p = 1 (d) srRF : pin = 29, p = 11out out

Figure A.11.: MT-HE dataset: stage I hyper-parameter selection results for the rRF and
srRF method (a,b). Parameter values on the horizontal axis denote input
patch sizes pin. Additionally in (b), numbers in parentheses denote the out-

∗ ∗put patch size pout. The minimum NRMSE, here determining p and pin out,
respectively, is highlighted using cyan color, and a bold border. Error bars
denote the SD. (c,d) Precision-recall curves for the best hyper-parameters.
The blue line denotes the average curve over all CV runs, grey solid lines the
individual images, and green solid lines the iso-contours of F1-score. (a,c)
Single-target, (b,d) spatial-averaging regression forest. See Table 4.2 (p. 54)
for details regarding hyper-parameter configuration for this dataset.



182Appendix A. Cell Localization Results

(a) rRF : κ∗ = 0.5098 (b) srRF : κ∗ = 0.3529

(c) rRF : T = 64, Tmd = 24 (d) srRF : T = 64, Tmd = 24

Figure A.12.: MT-HE dataset: stage II results for the best hyper-parameters. (a,b) Param-
eter values on the horizontal axis denote Tmd (T ). The minimum NRMSE,
here determining optimal model complexity, is highlighted using cyan color,
and a bold border. Error bars denote the SD. (c,d) The blue line denotes the
average curve over all CV runs, grey solid lines the individual images, and
green solid lines the iso-contours of F1-score.
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Cytomine IRIS Labeling Platform

Figure B.1.: Interface of the labeling progress in individual whole slide images. Tracking
the progress is essential for labeling a huge number of annotations.
Marée R, Rollus L, Stévens B, Hoyoux R, Louppe G, Vandaele R, et al. Collaborative analysis

of multi-gigapixel imaging data using Cytomine. Bioinformatics. 2016 Jan;32(9):1395–1401, by

permission of Oxford University Press.
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(a)

(b)

Figure B.2.: All labeled (and yet unlabeled) annotations can be clearly reviewed in the
Cytomine-IRIS gallery. (a) Corrections of label assignments can easily be
performed for samples that were identified as outliers. (b) User statistics in
a Cytomine-IRIS project can be viewed by authorized project coordinators.
Marée R, Rollus L, Stévens B, Hoyoux R, Louppe G, Vandaele R, et al. Collaborative analysis

of multi-gigapixel imaging data using Cytomine. Bioinformatics. 2016 Jan;32(9):1395–1401, by

permission of Oxford University Press.
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