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Zusammenfassung 

Einleitung 

Aufgrund technischer Entwicklungen und einem wachsenden Bedarf an einer 

Standardisierung der qualitativen und quantitativen Auswertungen in der histopathologischen 

Forschung und Routinediagnostik hat das Forschungsfeld der automatisierten Mikroskop-

Bild-Analyse in jüngster Zeit neue Impulse erhalten. Die automatische Detektion und 

Segmentierung der relevanten Strukturen, zumeist Zellkerne, ist die Grundlage für die 

computergestützte Messung von Zell- und Gewebeeigenschaften. Bis heute existiert hierfür 

allerdings keine universelle Standard-Lösung, die wichtigste Herausforderung ist hier die 

Heterogenität der verschiedenen Gewebe- und Tumortypen. Desweiteren ist die Pixel-basierte 

Modellierung von Bildanalyse-Datenstrukturen nach wie vor der weit verbreitete Standard, 

obwohl die Verwendung von Bild-Objekten als primäre Verarbeitungseinheit eher der 

menschlichen Wahrnehmung entspricht und besser für die Berechnung von Objektmerkmalen 

sowie für die Analyse von Nachbarschafts-Beziehungen geeignet ist. 

Ergebnisse 

In dieser Arbeit wurde eine neue Methode zur Detektion und Segmentierung von Zellkernen 

entwickelt, die nur minimale a-priori Informationen verwendet und dadurch auch auf 

typischerweise heterogene histologische Bilddaten robust anwendbar ist. Weiterhin wurde die 

Open-Source Software-Plattform CognitionMaster entworfen und implementiert, die eine 

Bild-Objekt-basierte Modellierung der Datenstrukturen enthält und damit Limitierungen der 

konventionellen Pixel-basierten Systeme überwindet. Dieses Framework wurde für die 

computergestützte Bestimmung der Anzahl von CD3-positiven T-Lymphozyten in 

extranodalen Marginalzonen-Lymphomen, zur Untersuchung der Homöostase von 

Langerhans-Zellen der Epidermis sowie zur Analyse des Ursprungs und der Funktion von 

follikulären Dendritischen Zellen des Lymphknotens verwendet. 

Schlussfolgerungen 

Es wurde gezeigt, dass die neu entwickelte Minimum-Modell-Methode eine robuste 

Detektion von Zellkernen auch bei morphologisch heterogenen Bilddaten ermöglicht. Mit der 

CognitionMaster Software-Plattform konnten für drei zum Teil sehr unterschiedliche 

Fragestellungen aus der Biologie und Pathologie erfolgreich Quantifizierungsverfahren 

implementiert werden, womit der proof-of-concept bereits für mehrere Problemklassen 

erbracht wurde. 
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Abstract 

Introduction  

Due to technical developments and an increased demand for a standardization of qualitative 

and quantitative analyses in histopathological research and routine diagnostics the field of 

automated analysis of microscopic images has recently received new impetus. The automatic 

detection and segmentation of the relevant structures, mostly cell nuclei, is pivotal for the 

computer-aided measurement of cell and tissue features. Until today, no universal standard 

solution exists for this task. Here, the heterogeneity of the different tissue and tumor types is 

the biggest challenge. Furthermore, pixel-based modeling of data structures is still the 

widespread standard in digital image analysis although the usage of image objects as primary 

processing unit relates well to human perception and is more suitable for the computation of 

object features and the analysis of neighbourhood relationships. 

Results 

This thesis describes a novel approach for the detection and segmentation of cell nuclei. This 

method requires only minimal a-priori information and is therefore capable of dealing with 

typically morphologically heterogeneous histological image data. Additionally, the open 

source software platform CognitionMaster was designed and implemented. This framework 

features an image object-based modeling of data structures and therefore overcomes 

limitations of conventional pixel-based systems. The platform was used for the computer-

aided quantification of CD3-positive T-lymphocytes in extranodal marginal zone lymphomas, 

for the analysis of the homeostasis of epidermal Langerhans cells and to study origin and 

dynamics of lymph node follicular Dendritic Cells. 

Conclusions 

It was shown that the newly developed minimum-model method allows for a robust detection 

of cell nuclei in morphologically heterogeneous image data. Based on the CognitionMaster 

platform quantification systems were set up for three different tasks in biology and pathology 

whereby the proof-of-concept was already provided for multiple classes of problems. 
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Einführung 

Die automatische Mikroskop-Bild-Analyse hat in der letzten Zeit wieder eine erhöhte 

Aufmerksamkeit erhalten. Das liegt zum einen an der gestiegenen Verfügbarkeit von digitalen 

histologischen Bildern. Hier spielt die Entwicklung und Verbreitung von Mikroskop-Kameras 

und das Aufkommen der sogenannten digitalen Slide Scanner eine wesentliche Rolle. Zum 

anderen ist in den letzten Jahren der Bedarf an einer Standardisierung der qualitativen und  

quantitativen Auswertungen in der histopathologischen Forschung und Routinediagnostik 

gestiegen: Während die menschliche Wahrnehmung im Bereich der Mustererkennung sehr 

gut funktioniert, zeigen sich deutliche Schwächen bei der objektiven quantitativen 

Einschätzung von Merkmalen wie z.B. Form, Farbe, Größe oder Zellzahl. Diese 

Eigenschaften spielen bei der Beurteilung von histologischen Präparaten eine entscheidende 

Rolle. Viele Studien zeigen daher, dass eine rein visuelle, objektive und reproduzierbare 

Auswertung von Zell- und Gewebeeigenschaften schwierig ist [1–4]. In der Forschung, 

insbesondere der patientenorientierten klinischen Forschung und der Routine-Diagnostik 

kommt es aber darauf an, die relevanten Merkmale in verschiedenen Zentren zuverlässig und 

mit identischem Resultat zu bestimmen, um valide Grenzwerte zu etablieren. Im Vergleich 

zur rein visuellen Auswertung durch den Pathologen lassen sich Eigenschaften des 

histologischen Gewebes (z.B. Größe und Form von Zellen bzw. Zellkernen, Positivität einer 

immunhistochemischen Färbung) durch die Verwendung von computergestützten Methoden 

„exakt“ messen, die Voraussetzung hierfür ist allerdings die robuste Detektion der relevanten 

Strukturen, zumeist Zellkerne. Eine Vielzahl von Verfahren und Computersystemen sind in 

der Literatur beschrieben, z.B. [5–9], eine Standard-Lösung für diese Aufgabe existiert bis 

heute jedoch nicht. Ein Problem besteht darin, dass existierende Lösungen häufig durch eine 

Vielzahl von Parametern an das Bildmaterial angepasst bzw. „angelernt“ werden müssen oder 

Modellinformationen über eine „Idealzelle“ verwendet werden. Dies ist problematisch: zum 

einen wegen der hohen biologischen und technischen Variabilität, die eine Anpassung eines 

Verfahrens durch die Einstellung von Parametern mit steigender Größe (und damit 

Heterogenität) des Datensatzes schwieriger macht, und zum anderen, weil gerade die 

Veränderungen des Gewebes eine zentrale Rolle in der Diagnostik spielen. Hier könnte die 

Verwendung von Zell-Modellinformationen zu einem Bias bei der Zell-Erkennung führen. 

Ein weiteres Problem ist das Fehlen einer Programmierplattform mit der sich die biologischen 

Strukturen im digitalen Bild adäquat beschreiben und verarbeiten lassen: Die Verarbeitung 

von Pixeln, der kleinsten Einheit des digitalen Bildes, ist bis jetzt der weitverbreitete Standard 

für Bildanalyse-Systeme. Dieses Konzept ist jedoch nur begrenzt geeignet, um z.B. 
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Objektmerkmale zu berechnen, Nachbarschafts-Beziehungen zwischen Bild-Objekten (z.B. 

Zellkern zu Zellplasma und Zellmembran) zu analysieren oder Nutzerinteraktionen auf der 

„Objekt-Ebene“ (z.B. Auswahl von bestimmten Zellen) umzusetzen [10]. Die übliche 

Verwendung von Markierungs-Bildern (Label-Bildern) und Werte-Listen zur Repräsentation 

von Segmentierungs- bzw. Klassifikations-Ergebnissen ist umständlich und entspricht zudem 

nicht den Standards der modernen objektorientierten Programmierung. Die Modellierung der 

Datenstrukturen zur Beschreibung von Bild-Objekten [10–13] (anstatt von Bild-Pixeln) 

entspricht eher der menschlichen Wahrnehmung und verspricht hier eine verbesserte 

Verständlichkeit und Wiederverwendbarkeit und damit insgesamt eine höhere 

Leistungsfähigkeit. Eine frei verfügbare Software-Plattform, die die Datenstrukturen für die 

digitale Bildanalyse Bild-Objekt-basiert nach Gesichtspunkten der modernen Software-

Entwicklung (z.B. Datenkapselung und Wiederverwendbarkeit) modelliert und mit einer 

hohen Anzahl an Implementierungen von Bildanalyse-Algorithmen, einer 

anwenderfreundlichen Benutzeroberfläche sowie der Erweiterbarkeit durch leistungsstarke 

Schnittstellen verbindet, ist bisher nicht vorhanden. 

Zielstellungen 

Ziel dieser Arbeit war es eine Methode zur robusten Detektion und Segmentierung von 

Zellkernen zu entwickeln und zu validieren. Weiterhin sollte eine leistungsfähige 

Programmierplattform entworfen und implementiert werden, die eine Objekt-basierte 

Beschreibung und Verarbeitung der histologischen Strukturen erlaubt. Der proof-of-concept 

sollte mit der Implementierung von Quantifizierungsverfahren für verschiedene aktuelle, 

relevante Fragestellungen der Biologie und Pathologie erbracht werden. 
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Methodik 
 

Die in dieser Arbeit entwickelten Algorithmen und Datenstrukturen wurden implementiert in 

C# für Microsoft .NET. Als Entwicklungsumgebung wurde SharpDevelop [14] verwendet. 

Statistische Auswertungen wurden mit Microsoft EXCEL durchgeführt. 

Validierung der Minimum-Modell-Methode 

Für die Validierung der Minimum-Modell-Methode (siehe Ergebnisse) wurde ein 

Goldsstandard-Datensatz bestehend aus 7931 manuell markierten Zellen erstellt. Dazu 

wurden Großflächenschnitte und Tissue Micro Arrays (TMA) aus dem Institut für Pathologie, 

Charité, Universitätsmedizin Berlin genutzt. Die Patienten haben der Verwendung des 

histologischen Materials in der Forschung zugestimmt. Die TMAs wurden mit einem Micro-

Arrayer (Beecher Instruments, Woodland, CA) erstellt. Alle Schnitte wurden 3µm dick 

geschnitten und Hämatoxylin&Eosin entsprechend dem Routine-Verfahren gefärbt. Die 

histologischen Schnitte wurden mit einem Zeiss Mirax Slide Scanner (3DHistech, Ungarn) 

mit einer Auflösung von 0,23µm x 0,23µm pro Pixel digitalisiert. Insgesamt wurden 7931 

Zellkerne aus 36 zufällig ausgewählten Einzelbildern von je drei Pathologen markiert. Nur 

Zellen, bei denen Konsens bestand, wurden in den Datensatz übernommen. Die Bilddaten des 

Validierungs-Datensatzes wurden vollautomatisch mit der Minimum-Modell-Methode 

verarbeitet und die Zell-Positionsdaten verglichen. Richtig-positive (tp), falsch-positive (fp) 

sowie falsch-negative (fn) Ereignisse wurden gezählt und die folgenden statistischen 

Merkmale berechnet: 

Precision=tp/(tp+fp) 

Recall=tp/(tp+fn) 

Conglomerate=(Anzahl gefundener Objekte-fp)/tp 
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Ergebnisse 

Detektion und Segmentierung von Zellkernen in histologischen Bildern: 

Ein Minimum-Modell Ansatz 

Wienert S, Heim D, Saeger K, Stenzinger A, Beil M, Hufnagl P, Dietel M, Denkert C, 

Klauschen F. Detection and segmentation of cell nuclei in virtual microscopy images: a 

minimum-model approach. Sci Rep 2012;2:503. 

Zur Detektion und Segmentierung von Zellkernen wurde die sog. Minimum-Modell-Methode 

entwickelt. Diese basiert auf der Verfolgung von Objekt-Konturen, deren Anfangspunkte 

durch zeilenweises Abtasten des digitalen Bildes auf Suchlinien gefunden werden, wie 

beschrieben in [15]. Im Gegensatz zum zuvor verwendeten Binärbild werden jetzt Bildzeilen 

des Graustufenbildes als eindimensionale Funktion I(x) interpretiert und die erforderlichen 

Parameter (Konturanfangspunkt, minimale und maximale Objektintensität) für die sich 

anschließende zweidimensionale Konturverfolgung vollautomatisch bestimmt (siehe 

Abbildung 2 und 3 in Publikation 1). Bei diesem Vorgehen (Primär-Segmentierung) können 

Objekt-Konturen mehrfach und in unterschiedlicher Qualität gefunden werden. Daher müssen 

die gefundenen Konturen bewertet und für die enthaltenen Bild-Objekte die jeweils am besten 

beschreibende Kontur bestimmt werden. Dafür werden der mittlere Gradient entlang der 

Kontur und der sogenannte GradientFit verwendet, d.h. die relative Anzahl der Konturpunkte 

die ein lokales Maximum im Gradienten-Bild sind. Da die jeweils lokal „prominenteste“ 

Kontur ausgewählt wird, können Objekte unabhängig von deren Form, Intensität und 

Gradient zur Objekt-Umgebung gefunden werden. Lediglich die Objektgröße muss 

eingeschränkt werden um die Erkennung von Super- bzw. Substrukturen zu vermeiden. Aus 

den bewerteten Konturen der Primär-Segmentierung werden anschließend eine nicht-

überlappende Segmentierung des Originalbildes erstellt, nicht-kompakt liegende Objektpixel 

entfernt und Zellkonglomerate getrennt. Abschließend werden alle Objekte mittels eines 

Histogramm-basierten Schwellwertes [16] im Hämatoxylin-Signal [17] in „Zellkern“ und 

„Hintergrund“ klassifiziert. 

Die Validierung der Minimum-Modell-Methode mit dem Goldstandard-Datensatz (siehe 

Methodik) ergab eine Precision von 0,908, einen Recall von 0,859 und einen Conglomerate-

Wert von 0,953 bei einer mittleren Verarbeitungszeit von 725,4ms pro Bild. Weiterhin wurde 

ein Vergleich mit der Methode von Al-Kofahi et al. [9] durchgeführt. Dafür wurde eine 

vollautomatische Version (wie von den Autoren auf Nachfrage empfohlen) und eine Version 
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mit einem (von den Autoren nach Zusenden von Testdaten) optimiertem Parametersatz 

verwendet (Tabelle 1). 

 
Minimum-

Modell- Methode 

Al-Kofahi et al. 

(vollautomatisch) 

Al-Kofahi et al. 

(optimiert) 

Precision 0,908 0,711 0,823 

Recall 0,859 0,908 0,908 

Conglomerate 0,953 0,964 0,966 

Mittlere 

Verarbeitunszeit (ms) 
725,4±182,3 678,2±49,5 1942,6±326,7 

Tabelle 1: Vergleich der Minimum-Modell-Methode mit dem Verfahren von Al-Kofahi. 
Quelle: Publikation 1. 

Die vollautomatische Version von Al-Kofahis Methode ergab verglichen mit der Minimum-

Modell-Methode eine niedrigere Verarbeitungszeit, aber eine um 0,197 niedrigere Precision 

(p=5,97·10-10) und einen um 0,049 höheren Recall (p=2,03·10-7). Mit dem optimierten 

Parametersatz blieb die Precision um 0,085 niedriger (p=5,60·10-7), bei einem konstanten 

Recall (0,908, p=2,24·10-7) und einer 2,6 fach höheren durchschnittlichen Verarbeitungszeit. 
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CognitionMaster: ein Bild-Objekt basiertes Bildanalyse Framework 

Wienert S, Heim D, Kotani M, Lindequist B, Stenzinger A, Ishii M, Hufnagl P, Beil M, Dietel 

M, Denkert C, Klauschen F. CognitionMaster: an object-based image analysis framework. 

Diagn Pathol 2013;8:34. 

Für die adäquate Beschreibung und Verarbeitung von histologischen Strukturen wurde die 

Open Source Bildanalyse-Plattform CognitionMaster entworfen und implementiert, die auf 

einer Bild-Objekt-basierten Modellierung der Datenstrukturen basiert (Abbildung 1): Die 

Klasse ImageObject repräsentiert eine kohärente Gruppe von Pixeln, die zusammen ein 

Segment bzw. Bild-Objekt darstellen. Eine Vielzahl von Eigenschaften können benutzt 

werden um ein Bild-Objekt zu beschreiben, wie z.B. Contour für die räumliche Position (der 

Objektgrenze) oder eine Liste von Schlüssel-Wert-Paaren (Features) für die Objekt-

Eigenschaften (z.B. die mittlere Intensität). Die Klasse ObjectLayer wurde eingeführt, um alle 

Informationen zu dem Ergebnis eines Verarbeitungsschritts einer Bildanalyse-

Verarbeitungskette strukturiert bereitzustellen. Dazu gehört eine Liste von ImageObject 

Instanzen sowie eine zweidimensionale Karte (Map) mit derselben Größe wie das 

korrespondierende Bild in der jeweils die ID des Bild-Objekts eingetragen ist, zu dem ein 

Pixel zugeordnet ist. Mittels diskreter Voronoi-Tesselation [18] können Nachbarschafts-

Beziehungen zwischen Bild-Objekten berechnet werden. Diese werden dann in einem 

ObjectNetwork zusammengefasst und können verwendet werden, um z.B. die Anzahl der 

benachbarten oder berührenden Bild-Objekte einer bestimmten Klasse zu bestimmen. Die 

entstandene Software ist ein leistungsfähiges Werkzeug bestehend aus mehr als 250 Klassen 

(Bildanalyse-Algorithmen, Datenstrukturen, visuelle Komponenten), das als Basis für 

interaktive sowie vollautomatische Bildanalyse Anwendungen genutzt werden kann. Zum 

Funktionsumfang gehören u.a. Verarbeitungsketten, In-Program Scripting, Objekt-Modelle 

sowie interaktive 2D-Scatterplot Diagramme. Die Plug-In Schnittstelle erlaubt die 

Erweiterung der Software z.B. um zusätzliche Menüeinträge, Registerkarten oder unterstützte 

Bildformate. Plug-Ins können ebenfalls das Standard-Verhalten bei Maus- oder Tastatur-

Ereignissen verändern. 
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Abbildung 1: Auszug aus dem Klassendiagramm mit den wichtigsten Datenstrukturen für die Bild-
Objekt-basierte Datenverarbeitung: die Klasse ImageObject fasst all objektbezogenen Eigenschaften 
zusammen (z.B. Klassifikation (Class), Kontur ( Contour) und Objekteigenschaften (Feature). Alle Bild-
Objekte (eines bestimmten Verarbeitungsschritts) ergeben eine Objektebene (ObjectLayer). 
Quelle: Publikation 2. 
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Marginalzonen-Lymphome mit monozytoider Morphologie exprimieren 

T-bet und sind mit einer geringen Anzahl von extranodalen T-Zellen 

assoziert 

Lohneis P, Wienert S, Klauschen F, Ullrich A, Anagnostopoulos I, Jöhrens K. Marginal zone 

lymphomas with monocytoid morphology express T-bet and are associated with a low number 

of T cells in extranodal locations. Leuk Lymphoma 2013:1-16. 

Marginalzonen-Lymphome (MZL) umfassen eine heterogene Gruppe von indolenten Non-

Hodgkin-Lymphomen: Nach der Klassifikation der World Health Organization (WHO) 

werden splenische, nodale und extranodale MZLs unterschieden. Das geringfügige Auftreten 

von infiltrierenden T-Lymphozyten ist ein charakteristisches Merkmal von monozytoiden B-

Zell-Proliferaten in reaktiven Läsionen des Lymphknotens. Um zu untersuchen ob dieses 

Merkmal auch auf MZLs mit monozytoider B-Zell-Morphologie zutrifft, wurde die relative 

Anzahl CD3-positiver T-Lymphozyten bildanalytisch quantifiziert. Obwohl CD3 eine 

membranständige Färbung ist, war in vielen Präparaten eine Anfärbung des gesamten 

Zellkerns sowie eine starke unspezifische Färbung im Bildhintergrund zu beobachten. Dies 

führte in vielen Fällen dazu, dass in den entsprechenden Bildern Zellgrenzen auch visuell 

äußerst schwierig bzw. nicht sicher festzustellen waren, so dass die automatische Detektion 

und Segmentierung der Zellkerne nicht anwendbar war. Um die Auswertung dennoch 

computergestützt vornehmen zu können, wurde hier ein einfacherer heuristischer Ansatz 

gewählt: Ausschnittbilder der mit Hämatoxylin und DAB bzw. AP Red gefärbten Schnitte 

wurden bei 400x Vergrößerung erstellt und in 5x5 Pixel große Kacheln unterteilt. Kacheln mit 

einem positiven Hämatoxylin-Signal und negativem CD3-Signal wurden als CD3-negative 

„Zelle“ und Kacheln mit einem positiven Hämatoxylin-Signal sowie positivem CD3-Signal 

wurden als CD3-positive „Zelle“ definiert. Kacheln mit einem negativen Hämatoxylin-Signal 

wurden als Bildhintergrund verworfen. Das Hämatoxylin- sowie das CD3-Signal wurden 

mittels Color Deconvolution [17] aus dem RGB-Farbbild extrahiert. Der Schwellwert zur 

Bestimmung der Positivität wurde nach Otsu [16] bestimmt. Dabei galt eine Kachel als 

positiv, wenn mindestens 50% der enthaltenen Pixel einen Wert oberhalb des Schwellwerts 

aufwiesen. Der Quantifizierungs-Algorithmus wurde als Plugin für den CognitionMaster 

implementiert und interaktiv durch den auswertenden Pathologen verwendet. In dieser Studie 

wurde eine signifikant niedrigere Anzahl (p<0,01) von T-Lymphozyten in extranodalen 

MZLs mit monozytoider Morphologie gegenüber extranodalen MZLs mit anderer 

Morphologie nachgewiesen. 
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Mehrfarben-Abstammungsanalyse bei der Homöostase von 

Langerhans-Zellen 

Ghigo C, Mondor I, Jorquera A, Nowak J, Wienert S, Zahner SP, Clausen BE, Luche H, 

Malissen B, Klauschen F, Bajenoff M. Multicolor fate mapping of Langerhans cell 

homeostasis. J Exp Med 2013;184:2417. 

Langerhans-Zellen (Langerhans Cell, LC) sind Zellen des Immunsystems in der Epidermis. 

LCs dienen der Antigenpräsentation und werden während der Embryogenese gebildet. Um 

eine konstante Anzahl von LCs in der Epidermis zu erhalten muss deren kontinuierliche 

Abwanderung in naheliegende Lymphknoten ausgeglichen werden. Da LCs nicht durch 

zirkulierende Vorläuferzellen erneuert werden, wird angenommen, dass LCs lokal in der 

Epidermis proliferieren [19–21], ein experimenteller Nachweis dieses Modells fehlt allerdings 

bisher. In dieser Studie wird ein Mehrfarben-Abstammungsanalyse-System (Fate-Mapping-

System) basierend auf der Cre-loxP Technologie vorgestellt, das sich für die Analyse der 

Zellhomöostase eignet, da Zellen ihre einmal angenommene spezifische Expression von 

fluoreszierenden Reporter-Proteinen über die gesamte Lebensdauer erhalten und auch an ihre 

Tochterzellen weitergeben. Initial exprimieren alle Zellen das Fluoreszenzprotein dTomato. 

Durch ein Cyclization-Recombination-Event (Cre-Event) ändern die Zellen ihre Expression 

zufällig zu entweder YFP (~80%) oder CFP (~20%). Unmittelbar nach dem Cre-Event liegt 

also eine zufällige räumliche Verteilung von CFP+ und YFP+ Zellen vor. Würde jede Zelle 

eine in der Nachbarschaft entstandene Lücke durch Zellteilung wieder „füllen“, könnte 

erwartet werden, dass diese Verteilung über die Zeit konstant zufällig bleibt. Im Gegensatz 

dazu könnte erwartet werden, dass kompakte Konglomerate von CFP+ und YFP+ Zellen über 

die Zeit entstehen, wenn nur einige wenige Zellen lokal proliferieren. Für eine quantitative 

Auswertung wurde die Software ClusterQuant basierend auf dem CognitionMaster 

Framework entworfen und implementiert. CFP+ und YFP+ Zellen wurden in mikroskopischen 

Bildern manuell markiert. Die Zellpositionen wurden von ClusterQuant eingelesen und deren 

räumliche Nachbarschaftsbeziehungen mittels Voronoi-Tesselation [18] analysiert. 

Anschließend wurden zusammenhängende Cluster von benachbarten Zellen desselben Typs 

bestimmt. Als Maß für die Stärke der Clusterbildung wurde die Anzahl der Zellen pro Cluster 

berechnet und mit zufälligen Verteilungen aus je 10.000 Monte-Carlo-Simulationen 

verglichen. Zusammenfassend ergab die Untersuchung, dass die Clusterbildung der LCs mit 

p<10-9 (Median) hoch signifikant nicht-zufällig ist. Die Experimente bestätigten damit das 

Modell, dass einige wenige LCs lokal in der Epidermis proliferieren, die eine Art Vorläufer-

Zellen darstellen. 
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Abstammungsanalyse offenbart Ursprung und Funktion von 

follikulären Dendritischen Zellen des Lymphknotens 

Jarjour M, Jorquera A, Mondor I, Wienert S, Narang P, Coles MC, Klauschen F, Bajenoff M. 

Fate mapping reveals origin and dynamics of lymph node follicular Dendritic Cells. J Exp 

Med, Manuskript akzeptiert. 

Follikuläre Dendritische Zellen (Follicular Dendritic Cell, FDC) sind Zellen des 

Immunsystems, die in Primär- und Sekundärfollikeln von lymphatischem Gewebe 

vorkommen. Sie beeinflussen die Homöostase der B-Zellen sowie Immunreaktionen in sog. 

sekundären lymphatischen Organen. Über ihre Biologie ist bisher allerdings wenig bekannt. 

Das in der im vorangehenden Abschnitt  beschriebenen Arbeit präsentierte Mehrfarben-Fate-

Mapping-System wurde hier verwendet, um in verschiedenen Experimenten Einblicke in den 

Ursprung und die Funktion von FDCs zu erhalten. Dabei wurde die Clusterbildung der Zellen 

wiederum mit ClusterQuant basierend auf dem CognitionMaster Framework analysiert und 

mit jeweils 10.000 zufälligen Simulationen (Monte-Carlo-Simulation) verglichen. Die 

Untersuchungen haben ergeben, dass sich FDCs während einer Immunreaktion in 

Keimzentren anhäufen, jedoch weder die Rekrutierung von zirkulierenden Vorläufern noch 

die Proliferation von lokalen ausgereiften FDCs signifikant dazu beitragen. Weiterhin konnte 

nachgewiesen werden, dass FDCs aus der klonalen Expansion und Differenzierung von 

marginal-retikulären Zellen entstehen.  
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Diskussion 

Die Verwendung von Computersystemen für die qualitative und quantitative Analyse von 

Zell- und Gewebeeigenschaften in der histologischen Forschung und Diagnostik verspricht 

objektive und reproduzierbare Ergebnisse und damit eine Verbesserung gegenüber der rein 

visuellen Auswertung, z.B. durch den Pathologen. Dazu ist allerdings die automatische 

Detektion und Segmentierung der relevanten Strukturen im histologischen Bild, zumeist 

Zellkerne, erforderlich. Hierzu wurden seit mehreren Jahrzehnten viele Verfahren entwickelt 

und publiziert, z.B. [5–9]. Wegen der Komplexität und Vielfalt der Problemstellungen (z.B. 

Organ-spezifische Histoarchitektur, biologische Vielfalt, diverse Färbungen, technische 

Variabilität) ist der Anwendungsbereich dieser Verfahren in der Regel jedoch sehr 

eingeschränkt. In dieser Arbeit wurde eine Minimum-Modell-Methode entwickelt, die 

Zellkerne mit einer hohen Genauigkeit erkennt. Die Methode verwendet nur ein Minimum an 

a-priori Informationen und Parametern und ist daher in der Lage ohne eine Anpassung, 

Datensätze mit einer hohen morphologischen Vielfalt zu verarbeiten, und kann deswegen als 

Grundlage für die Forschung und Anwendung in der Pathologie dienen. Weiterhin wurde in 

dieser Arbeit das CognitionMaster Framework mit einer Bild-Objekt-basierten Modellierung 

der Datenstrukturen entworfen und implementiert. Dieses wurde verwendet, um 

Quantifizierungsverfahren für drei zum Teil sehr unterschiedliche Fragestellungen zu 

implementieren: Im Bereich der Pathologie, um mit der Quantifizierung von CD3-positiven 

T-Lymphozyten weiteren Aufschluss über Marginalzonen-Lymphome zu erhalten. Im 

Bereich der Biologie, um mit der Quantifizierung der Clusterbildung von Zellen im Rahmen 

der Abstammungsanalyse Erkenntnisse über die Homöostase von Langerhans-Zellen der 

Epidermis sowie den Ursprung und die Funktion von follikulären Dendritischen Zellen des 

Lymphknotens zu gewinnen. Die dargestellten Fragestellungen hätten zwar prinzipiell auch 

mit konventionellen Pixel-basierten Systemen untersucht werden können. Die theoretischen 

Vorteile des Objekt-basierten Konzepts haben sich allerdings (wenn auch schwer zu 

beziffern) in der praktischen Anwendung bestätigt. In der modernen Informatik geht man 

davon aus, dass mit einer Abbildung der „Realität“ in den Datenstrukturen (siehe Abb. 1), im 

Sinne der objektorientierten Programmierung, Software effizienter und verständlicher 

gestaltet werden kann. Dies zeigt sich auch in der Verbreitung vollständig objektorientierter 

Programmiersprachen, wie z.B. Java und C#. In konventionellen Pixel-basierten Systemen 

fehlt eben diese Abbildung der „Realität“ gänzlich. Die Leistungsfähigkeit der entwickelten 

Komponenten und Methoden zeigt sich außerdem in den sich anschließenden weiterführenden 

Projekten: die Minimum-Modell-Methode und das CognitionMaster Framework wurden 
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verwendet um den Proliferationsmarker Ki67 beim Mammakarzinom automatisch 

auszuwerten. Diese Scoring-Methode wurde an den Überlebensdaten von mehr als 1000 

Patientinnen der GeparTrio Studie (NCT00544765) getestet (Manuskript eingereicht) und 

wird zusätzlich aktuell an der noch laufenden Genevieve-Studie (NCT01779479) prospektiv 

validiert. Weiterhin wurden die Minimum-Modell-Methode und die CognitionMaster-

Plattform verwendet um CD15-positive neutrophile Granulozyten zur Diagnostik 

periprothetischer Infektionen zu quantifizieren (Manuskript eingereicht). Ein weiteres 

Einsatzfeld ist die Quantifizierung sogenannter Tumor-Infiltrating-Lymphocytes (TILs). Hier 

wurde die Anzahl von Lymphozyten in zuvor manuell markierten intra-tumoralen Stroma-

Bereichen in den Bilddaten der GeparSixto-Studie (NCT01426880) bestimmt (Manuskript 

eingereicht). Zusammenfassend wurden in dieser Arbeit leistungsfähige Komponenten und 

Methoden entwickelt die auch in Zukunft für die quantitative Analyse von histologischen 

Bilddaten verwendet werden können. 
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Detection and Segmentation of Cell
Nuclei in Virtual Microscopy Images:
A Minimum-Model Approach
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Automated image analysis of cells and tissues has been an active research field in medical informatics for
decades but has recently attracted increased attention due to developments in computer and microscopy
hardware and the awareness that scientific and diagnostic pathology require novel approaches to perform
objective quantitative analyses of cellular and tissue specimens. Model-based approaches use a priori
information on cell shape features to obtain the segmentation, which may introduce a bias favouring the
detection of cell nuclei only with certain properties. In this study we present a novel contour-based
‘‘minimum-model’’ cell detection and segmentation approach that uses minimal a priori information and
detects contours independent of their shape. This approach avoids a segmentation bias with respect to shape
features and allows for an accurate segmentation (precision50.908; recall50.859; validation based on
,8000 manually-labeled cells) of a broad spectrum of normal and disease-related morphological features
without the requirement of prior training.

T
he earliest attempts to use computers for the automated detection and analysis of cells in cyto-/histological
specimens date back a few decades1,2. Since then the topic has established itself as an important area of
research in biomedical informatics3–8. However, as the more recent literature shows the search for a robust,

practically usable cell/nucleus segmentation module is still ongoing: Various different approaches have been
proposed ranging from relatively simple thresholding techniques9,10 to more sophisticated methods, such as, for
instance, adaptive attention windows defined by themaximum cell size11 or gradient flow tracking12. A ‘‘2Dworld
decomposition’’ model combined with a priori texture and color information is used for the segmentation of
specific cells (leukocytes) inmicroscopic images of bonemarrow13. In14 stepwisemerging of rules based onmean-
shift clustering and boundary removal rules with a gradient vector flow snake is used for the segmentation of
blood cells. Another very recent study15 uses a fuzzy C-means active contour algorithm that combines multi-
spectral edge and region information through a vector multiphase level set framework. Further approaches
including the separation of cell clusters can be found in16–21. This selection of publications exemplifies the
methodological diversity employed to tackle this complex problem. However, despite these long-standing efforts
in computer science it is only very recently that automated cell segmentation has also received increased attention
on the application side in clinical pathology. The reasons for this are on one hand technology-based: Only in the
last years computers, microscope cameras and whole slide scanners have become widely available and are able to
generate, process and analyze high-quality digitized histological data sets. The other reasons are biomedical:
While qualitative or atmost semi-quantitative ‘‘visual’’ estimation ofmorphological features (for instance nuclear
shape in cancer cells as a proxy of the grade of malignancy) or the expression of immunohistological markers are
still considered the standard approach in diagnostic pathology, the requirements for cyto- and histological
analyses are currently changing. More and more prognostic and predictive markers, i.e. markers that enable
pathologists to assess the aggressiveness of a disease or its response to therapy, respectively, are being discovered
with increasing requirements for standardized quantitative assessment22–25. Here, automated image analysis tools
will not replace but assist pathologists to increase diagnostic precision and inter-observer reliability. Examples of
potential applications of ‘‘computer-assisted diagnostics’’ include, for instance, the scoring of growth factor
receptor expression levels in gastric and breast cancer to decide if a patient will benefit from antibody-based
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inhibitory therapy26,27, the quantification of nuclear shape features in
cancer cells (‘‘grade’’)28or the quantification of the tumor prolifera-
tion index as measured by Ki-67 immunohistochemistry29. Inde-
pendent of the particular task to be performed all approaches share
one algorithmic module pivotal for the accurate performance of any
cellular segmentation and analysis approach: the robust detection
(including localization and segmentation) of cell nuclei. To achieve
this goal existing approaches often use a priori information about
cellular/nuclear features13,14, which are used to build a generic cell
model3,5,7,8. Such approaches perform well if cell populations are
relatively homogeneous in terms of shape or size. However, espe-
cially in the pathologically most relevant cases, i. e. the segmentation
of cancer cell nuclei in cytology or histology samples, this approach is
problematic in two ways, because cancer cells have highly heterogen-
eous shape and size features and moreover are accompanied by
stromal and immune cells of various shapes and sizes: On one hand
this makes it difficult to define a generic contour model represent-
ative of a realistic distribution of cell nucleus features. Second, and
this aspect is even more relevant, using a priori information and
generating a model of contour features has a high risk of introducing
a segmentation bias: Nuclei with extreme features would have a
higher probability of not being covered by the model parameters
and might thus be overlooked in comparison with more ‘‘regular’’
cell nuclei. Because cells with extreme shape deviations with respect
to a ‘‘model cell’’ are very often the most malignant ones, such a bias
might lead to significant diagnostic errors in all of the above men-
tioned applications and is therefore not acceptable. The only way
around this issue would be to use very loosemodel parameters, which
would, however, result in an unacceptably high number of false
positives. In the study presented here, we describe a contour-based
nucleus detection algorithm, which uses minimal a priori informa-
tion and finds contours independent of their shape by combining a
global contour search with local gradient information. This approach
avoids a segmentation bias with respect to shape features and is
capable of segmenting cell nuclei of various normal and cancerous
cell types from breast, liver and bone marrow as well as kidney tissue
and intestinal mucosa with a single set of parameters and no prior
training.

Results
The cell nucleus segmentation approach we present in this study
consist of six major modules: First, all possible closed contours pre-
sent in the grayscale-transformed image are computed regardless of
size, shape or whether they belong to hills or valleys in the intensity
landscape. This step yields multiple, often overlapping contours,
which are evaluated in a second module based on gradient features
of the input image. We introduce a ‘‘contour value’’ as a measure to
rank and select those contours that best represent the image objects.
The contour value is a combination of the mean contour gradient
that measures the relative ‘‘importance’’ of objects (in a group of
overlapping objects) and the ‘‘gradient fit’’ that defines which of
several alternative contours best represents a certain object. A non-
overlapping segmentation is generated in the third step: The enclosed
areas of the ranked contours are labeled in a two dimensional map.
Subsequently, this segmentation is improved using a novel contour
optimizationmethod and an optional cluster separation step. Finally,
cell nuclei are detected by assessing the (nucleus-specific) Hema-
toxylin within each contour area (for details see Methods section).
To quantitatively evaluate the performance of the cell/nucleus detec-
tion we prepared a gold-standard data set using randomly-selected
images containing 7931 cells manually labeled by a pathologist. The
selected tissues comprise various breast cancer samples representing
a broad morphological variety including normal tissue components,
bone marrow with normal and pathologically altered cells, normal
liver tissue as well as kidney tissue and intestinal mucosa acquired
during routine diagnostics and processed with standard routine

laboratory protocols at our institute (see Methods for details).
After the manual labeling, the original image data was segmented
using the proposed method and the positional information available
in the gold-standard data was compared to the automated segmenta-
tion result by automatically determining true positives, false nega-
tives and false positives. This analysis yielded an overall precision of
0.908, a recall of 0.859 and a conglomerate score of 0.953. These data
feature a broad range of cell/nucleus morphologies ranging from
normal gastric mucosa (regular round/oval shaped nuclei) to bone
marrow with primary myelofibrosis (highly irregular neoplastic
megacaryocytes, Fig. 1d and Fig. 33 in Supplementary Notes S1
online). The analysis of these images shows similar segmentation
accuracies irrespective of the different morphologies (Myelofibro-
sis: precision50.88, recall50.91; normal mucosa: precision50.90,
recall50.89), which confirms the absence of a segmentation bias in
our method. A comparison to Al-Kofahis method30,31was performed
using first the default (fully automatic) mode (which was recom-
mended by the authors upon request) and second, using an opti-
mized parameter configuration file provided by the authors after
submitting test data to them (Table 1). When using the automatic
mode Al-Kofahis method required less processing time but yielded a
by 0.197 lower precision (p55.97e-10) and by 0.049 higher recall
(p52.03e27). With optimized parameters the precision remained
0.085 less precise than our approach (p55.60e27) with a constant
recall (0.908, p52.24e27) and requiring 2.6 times more mean pro-
cessing time compared to our approach. The conglomerate score of
Al-Kofahis method was only slightly better: 0.953 in our approach
compared to 0.964 (p53.75e23) in the automatic mode and 0.966
(p51.16e23) with optimized parameters. All images (original and
labeled) and the individual segmentation accuracies can be found
side-by-side in Supplementary Note S1. Moreover, Supplementary
Data S2 contains the original image data and the xml-coded posi-
tional information from the manual cell labeling.

Discussion
Research in automated cell nucleus segmentation has recently
regained attention because of an increased interest by the pathology
community in standardized and quantitative evaluation of cyto- and
histological specimens. This is on one side due to an increasing
number of immunohistochemical diagnostic markers that need to
be quantified to allow for a valid prognostic and/or predictive assess-
ment. Moreover, the use of nuclear shape features for prognostic
purposes in cancer diagnostics has recently received criticism due
to a large inter-observer variability, especially in the context of novel
genomic test (such as, for instance, OncotypeDX or MammaPrint)
that compete with classical histopathology in the growing field of
individualized predictive pathology. In this study, a contour-based
segmentation method is described that is closely simulating the way
the human eye detects cells, i. e. mainly based on the extent the
objects are silhoutted agains the background. Also, contours are
detected independent of their shape. Consequently, very pleo-
morphic cell nuclei are found with the same accuracy as very ‘‘nor-
mal’’, i. e. round cell nuclei and even contours with a contour-
gradient of only one intensity value (difference between the objects
contour and its surrounding) may be detected if these are the con-
tours with the locally strongest contour-gradient. The method uses
minimal a priori information about cell nucleus staining and size.
Compared to the approach by Al-Kofahi et al.30,31, that uses 9 para-
meters, ourmethod requires only 5 parameters thatmay be set within
relatively loose bounds. Performing segmentation with few model
assumptions on cell shape features can help avoid the introduction of
a detection bias which would favour normal cells without nuclear
atypia over pleomorphic malignant cells and therefore lead to sig-
nificant diagnostic errors especially in the case of cancer tissues that
display large morphological varieties. Our approach is capable of
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segmenting cell nuclei of various normal and cancerous cell types
from breast, liver and bone marrow and other tissues with a single
set of parameters and no prior training. Moreover, the described
features render the method robust against variations in staining
protocols within reasonable limits, because no absolute intensity
information is used initially for contour detection. The method is
also relatively robust against image blur (see Supplementary Note S3
online). Due to the general (minimum) model formulation our
method is also capable of segmenting fluorescence microscopy data
(e. g. confocal laser scanning microscopy images) or even electron
microscopy images. It may therefore in the future also be useful for
the registration of the different imaging modalities in the field of
correlative light electron microspy (CLEM)32,33 (see Supplementary
Note S4 online). Ourmethod is therefore highly versatile and suitable
to serve as a basis in form of a segmentation module for applications,
for instance, designed to assess cancer malignancy (pathological
grading) for which the variability of nucleus shapes is a central fea-

ture, or the immunohistochemical quantification of the proliferation
index by immunostaining of the Ki-67 antigen, for which it is critical
to detect all variants of cancer cells. In case of strong unspecific
background Hematoxylin staining, false positive cell nuclei may
occur, which, however, is rarely the case in the data we analysed.
As our visual tests and quantitative validation with more than 7900
manually labeled cells show the proposedmethod performs well for a
large variety of morphological cancer variants and normal tissue
exhibiting a representative variation of nucleus shape features. To
conclude, we propose a novel cell nucleus segmentation approach
that minimizes the use of a priori knowledge andmay therefore serve
as the basis for segmentation modules in cancer nucleus feature
quantification and classification tasks.

Methods
The cell nucleus segmentation approach presented here consists of six internal pro-
cessing steps:

Table 1 | Comparision of the method presented in this paper and Al-Kofahis method

Wienert Al-Kofahi (automatic) Al-Kofahi (optimized)

Precision 0.908 0.711 0.823
Recall 0.859 0.908 0.908
Conglomerate 0.953 0.964 0.966
Mean processing time (ms) 725.46182.3 678.2649.5 1942.66326.7

Figure 1 | H&E stained tissue samples: (a) breast cancer; (b) liver; (c) gastric mucosa; (d) bone marrow with primary myelofibrosis with highly

pleomorphic megakaryocytes (without cell cluster separation); (e) connective tissue; (f) kidney tissue; (e, f) examples of the method validation (dots

represent manually-assigned labels, green: labels classified as true positive, red: false negatives, yellow: false positives).
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a) Detection of all possible closed contours
b) Contour evaluation
c) Generation of a non-overlapping segmentation
d) Contour optimization
e) Concave object separation
f) Classification into cell nuclei and other objects

Detection of all possible contours (a). To find the best fitting contour for each
nucleus within an image, initially, our method detects all possible closed contours
irrespective of whether they actually belong to a nucleus or not. We call this the
primary segmentation.

This contour detection is based on a conventional contour tracing approach for
binary images34, which we extended for the use with grayscale images. The grayscale
image is generated by computing the mean of the red, green and blue channel of the
corresponding pixel in the original color image.While finding the contour start pixels
(seeds) needed to initiate the contour tracing is straightforward for binary images,
grayscale images require a different strategy: in our approach each image row is
regarded as a one dimensional image function I(x) and the contour start pixels are
defined as the positions at which the gradient between each pair of neighboring local
minima/maxima or maxima/minima is maximal (Fig. 2). All pixels with grayscale
values between the intensity at the contour start pixel and at the corresponding local
minimum or the corresponding local maximum, respectively, are initially interpreted
as object-pixels (Fig. 3). As a consequence each contour tracing is performed within a
locally-adapted (‘‘individual’’) intensity range and objectsmay represent either ‘‘hills’’
or ‘‘valleys’’ in the intensity landscape. The detection of the contour start pixels and
the determination of the corresponding intensity range is performed by scanning the
image row-wise from left to right and storing all local minima and maxima with the
corresponding maximum gradients in between (visual tests showed that the overall
result is invariant with respect to the scan direction). Subsequently, the contour
tracing follows the (potential) object contours clockwise using an 8-connected
neighborhood (according to34). A contour is considered valid if and only if it reaches
back to its start pixel. Otherwise, the contour tracing is terminated if a maximum
contour length (225 pixels in our examples) is exceeded. Pseudocode for the contour
start pixel and extremal value detection and an english description of the contour
tracing algorithm can be found in the Supplementary Methods S5 and S6 online.

Contour evaluation (b). The contour detection approach (primary segmentation)
results in multiple, often overlapping contours many of which do not represent actual
objects at all. Thus, this primary segmentation is not composed of disjunct image
segments and therefore heavily over-defined. To obtain a non-overlapping
segmentation it has to be determined, which objects are more prominent than others
within the same local area: An object is considered more important if it has a higher
mean gradient along the objects contour (Equation 3), which largely corresponds to
the (trivial) concept that an image region is more likely to correspond to an actual
object if it is silhouetted sharply against the background (or other objects).
Additionally, multiple contours from the primary segmentation may describe the
same object and hence the decision has to be made, which of several alternative
contours best represents a certain object: Contours are visually regarded as fitting best
if they show a high concordance between contour pixels and the maximum local
gradient. This ‘‘gradient fit’’ is defined as the relative number of contour pixels that
represent a local maximum in a 333 neighborhood in the gradient image (Equation

2) and is computed by using the Sobel operator Swith its 333 convolution kernelsGx

and Gy (Equation 1) and the 2-D image function I. The mean gradient and the
‘‘gradient fit’’ are combined in the contour value (Equation 4). In equation (2) and (3)
let Ci be the ith contour and pij its jth contour pixel.
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Generation of a non-overlapping segmentation (c). To generate a non-overlapping
segmentation, initially, a two-dimensional map of the same size as the corresponding
image is used to label the area within each contour with a unique identifier. To obtain
the locallymost prominent contours (as defined by the contour value defined in Eq. 4)
the labeling process is performed in sorted order, beginning with the topmost valued
contour and blocking overwriting of already assigned labels.

ContourOptimization (d).Due to the consecutive labeling process objects may have
thin filaments on the object border (Fig. 4b). These filaments do not belong (are not
compact) to the actual object. To remove these filaments a contour optimization
processing step is applied (Fig. 4c): The distance transformation is computed based
on the chamfering method introduced by35 using the Manhattan metric. A distance
value d is defined for testing the compactness of object pixels (3 in our examples). A
Pixel pi (with di the distance value of pi and di , d) is considered ‘‘compact’’ if it is
connected to a pixel pj (with dj5 d) over d2 di edges (Fig. 5). An efficient algorithm
can be used to remove non-compact pixels by scanning the distance map row wise

Figure 2 | One dimensional grayscale image function I(x) with one dark (red) and one bright (green) object. Initially, the minimum-model approach

uses intensities to define objects (both hills and valleys in the intensity landscape can be objects).

Figure 3 | (a) H&E stain of breast tissue, (b) local minima, (c) local

maxima and (d) maximum local gradients of the horizontal image

function I(x) marked with black pixels.
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d2 1 times: A loop is set up to process pixels with a specific distance value dt starting
with dt 5 d 2 1 down to 1. The whole distance map is scanned in each cycle. The
distance value of pixels pi with di 5 dt is decremented by 1 if they do not have a
paraxial neighbor with a distance value of dt 1 1. Finally, pixels pi with di 5 0 are
removed from the label map. Pseudocode for the non-compact pixel removal can be
found as Supplementary Methods S7 online.

Concave Object Separation (e). To handle cases of cells forming clusters our
approach is based on separating objects at concave borders by removing object pixels
(labels) around a cutting line between two concavities (Fig. 4d). Two criteria are taken
into account to select the optimal cutting line: The length of the cutting line between
two concavities should be minimal compared to the depth of the coressponding
concavities and the two corresponding contour concavities should be located
opposite to each other. First, concave contour segments are detected in each object
(Fig. 6): For that purpose, the convex hull is computed according to36. If at least one
contour pixel C exists between two neighboring pixels of the convex hullA and Bwith
distance from AB greater than 0 all contour pixels between A and B are considered
concave points and form a concave contour segment. The angle a (clockwise,2p# a

# p) of the line segment AB to the x-axis 190u (p/2) is considered the angle of the
concavity/concave contour segment. Next, all concave points of all concave contour
segments of an object are combined to find the best fitting pair for a separation: This is
the cutting line where the so called SeparationScore is minimal (Equation 7). The
SeparationScore combines a minimization of the relative cutting line length r
(Equation 5) with the ‘‘angle criterion’’ that improves if cutting lines are
perpendicular to the convex hull (this helps avoid incorrect cut directions, Equation
6). In Equation (5)–(7) letC1 be the start point,C2 the end point and r the length of the
potential cutting line C1C2. depth1 is the distance of C1 from A1B1, depth2 the distance
of C2 from A2B2. a1 is the angle between the potential cutting line C1C2 and the
corresponding concave contour segment (A1B1) and a2 the angle between the
potential cutting line C2C1 and the corresponding concave contour segment (A2B2).

LengthScore~
r

rzdepth1zdepth2
ð5Þ

AngleScore~
a1za2

2p
ð6Þ

SeparationScore~
LengthScorezAngleScore

2
ð7Þ

To avoid separations based on concavities with a low depth a minimum depth of
concavity may be defined (4 pixels in our examples). Concave borders with a depth
below this threshold are ignored in further processing. The separation process is
repeated until no further cutting lines are detected. Pseudocode for the concave object
separation can be found as Supplementary Methods S8 online.

Classification into cell nuclei and other objects (f).The classification into cell nuclei
and other objects (background) is achieved by using nucleus-specific color
information available from histochemical staining. Hematoxylin is a nuclear stain
used in routine pathology characterized by a basophilic deep blue/lilac color and is
used in combination with immunohistochemical dyes or cytoplasma-specific Eosin
stain for conventional histology. To extract the Hematoxylin signal we use color
deconvolution (according to37). Subsequently, the staining intensity is computed for
each pixel and the optimal threshold is selected from the resulting distribution
(according to38). All objects with a mean Hematoxylin staining intensity below this
threshold are removed (Fig. 4e). Additionally tiny or artefactual objects with an object
area below 50 pixels are removed.

Computational optimizations. For an effective computation the global contour
search, contour evaluation, concave object separation and the color deconvolution
filter are processed using parallel for loops: Each iteration loop is queued to the
Microsoft .NET ThreadPool class. This component assigns, schedules and reuses
threads for all queued tasks dependent on the system load and the number of available
processors. If background contours (which are removed in the final segmentation
step) are already removed in the contour evaluation step these contours do not need
to be processed in the subsequent processing steps: Contours with a mean
Hematoxylin intensity on contour pixels below the threshold described above are
therefore rejected.

Histological sections. We used both whole slides and tissue microarrays derived
from tissue samples available through routine diagnostics at the Institute of
Pathology, Charité University Medicine Berlin. Patients had given prior consent to
their tissue samples being using in scientific studies. The microarrays were
constructed by selecting representative tumor areas and then punching out the
respective region from formalin-fixed-paraffin-embedded (FFPE) tissue sample
blocks and embedded into a new paraffin array block using a tissue microarrayer
(Beecher Instruments, Woodland, CA). All sections used were cut 3-mm thick and
stained with H&E (Hematoxylin&Eosin) according to standard routine laboratory
procedures.

Digitization of histological specimens. The histological slides were digitized using
the Zeiss Mirax Scan slide scanner (produced by 3DHistech Ltd, Hungary). The slide
scanner was equipped with a Zeiss Plan-Apochromat 20x objective (numerical
aperture50.8) and an AVT Marlin F-146C Firewire camera with 4.65 mm x
4.65 mm pixel size. Combined with the 20x objective and 1x C-mount adapter the
resulting image resolution is 0.23 mmx 0.23 mm. All slides were scanned at 20x and all
processing steps described here were performed at full resolution. No additional
components/filters were used. The Zeiss Mirax slide scanner performs an automatic
white balance, which corrects the white reference against an area on the glass slide
without tissue. The tissue area to be scanned was selected manually. For the scan
process we chose to have a focus correction every fourth image tile. The focus is found
automatically by the Mirax slide scanning system. Stitching of image tiles was also
performed automatically by the Mirax slide scanning system. No other pre-
processing was performed. The resulting images were converted to the Virtual Slide
Format (VSF) of VMscope GmbH with the actual image data encapsulated and in
JPEG format with 85% JPEG quality. The image data is thus compressed, but has the
typical JPEG quality and compression used in daily laboratory routine. The file sizes
for the whole slide images ranged from 102 MB to 1.96 GB, with an average of
601 MB. The image dimensions ranged from 33280329184 pixels to 700803159000
pixels. The analyzed fields of view had a size of 6003600 pixels.

Figure 4 | (a) 4003400 pixel H&E stained breast cancer tissue, (b) non-overlapping segmentation generated from full contour search (29815 contours in

primary segmentation), (c) optimized contours, (d) results after concave object separation and (e) the final segmentation after removing all non-nuclei

objects yielding 119 nuclei. The overall segmentation process took 0.39 seconds on a standard PC.

Figure 5 | Image object (all pixels) with non-compact pixels on the object
border (white pixels). Numbers represent the distance of the

corresponding pixel to the nearest background (non-object) pixel with the

Manhattan metric. A distance value d is given for the testing of

compactness (3 in this example). Removing all pixels pi (with di the

distance value of pi and di, d) that are connected to a pixel pj (with dj5 d)

over more than d 2 di edges results in a compact object (gray pixels).
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Hard- and Software. The image segmentation algorithm was implemented in C# for
Microsoft .NET using #Accessory.CognitionMaster39. Virtual Slide Access – SDK 4.0 of
VMscope GmbH, Berlin, Germany,was used for the image I/O. All computations were
performed onWindows 7 Enterprise x64 SP1with IntelH CoreTM i5-2520M Processor
and 4 GB RAM, Barco MDRC-2124 24.1’’ color LCD-Monitor.

Gold-standard data set preparation and method validation. To assess the accuracy
of the proposed method 7931 cells from 36 images were labeled by three pathologists
(FK, AS, CD). All images were labeled by three pathologists and only cells for which
consensus was achieved were included. All other cells were left unlabeled. The images
(6003600 pixels, Hematoxylin-Eosin stained) were taken from previously digitized
routine diagnostic cases. After manual labeling the images were segmented with the
described method and true positive (tp), false negative (fn) and false positive (fp)
events were automatically determined using the positional information (saved in
xml-format) previously obtained in the manual ‘‘gold-standard’’ cell labeling.
Statistical values were computed as follows:

Precision5tp/(tp1fp)
Recall5tp/(tp1fn)
Conglomerate5(Number of detected cells-fp)/tp
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Abstract

Background: Automated image analysis methods are becoming more and more important to extract and quantify

image features in microscopy-based biomedical studies and several commercial or open-source tools are available.

However, most of the approaches rely on pixel-wise operations, a concept that has limitations when high-level

object features and relationships between objects are studied and if user-interactivity on the object-level is desired.

Results: In this paper we present an open-source software that facilitates the analysis of content features and

object relationships by using objects as basic processing unit instead of individual pixels. Our approach enables also

users without programming knowledge to compose “analysis pipelines“ that exploit the object-level approach. We

demonstrate the design and use of example pipelines for the immunohistochemistry-based cell proliferation

quantification in breast cancer and two-photon fluorescence microscopy data about bone-osteoclast interaction,

which underline the advantages of the object-based concept.

Conclusions: We introduce an open source software system that offers object-based image analysis. The object-

based concept allows for a straight-forward development of object-related interactive or fully automated image

analysis solutions. The presented software may therefore serve as a basis for various applications in the field of

digital image analysis.

Keywords: Software, Open source, Image analysis, Object-based image analysis

Background

Image analysis has been an active research field since

the development of scientific computing decades ago

and since then many biomedical (and other) studies have

been reported that rely on image analysis software to

support their investigations, e.g. [1-6] just to name a

few. Several open source imaging projects exist in that

context with ImageJ [7] as one of the most popular.

Some other projects, e.g. CellProfiler [8], Fiji [9] and icy

[10] are based on ImageJ and provide powerful and

flexible user interfaces including region-of-interest (ROI)

selection, data analysis and plug-in interfaces. Other

software frameworks like OpenCV [11] and ITK [12] are

designed as libraries that provide algorithms for the

integration into high-level applications. A common

feature of the aforementioned solutions is that the basic

processing unit is the single image pixel, which is the

smallest processable unit of a digital image containing

intensity and color information (see [13] for the

measurement of image information). By grouping pixels

into distinct segments (referred to as objects) using the

pixel intensity/color information or image texture

biological meaningful objects and structures may be

represented and used for an object-based analysis

[14-16]. This can be advantageous when object-related

properties (features) and relationships between objects

(neighbourhood) have to be taken into account. As an

example: After the initial segmentation of certain image

objects (e. g. cells) a typical task in image analysis is to

classify all objects according to certain features (e. g. dark

and bright objects). With our approach the user may

easily experiment interactively with the classification step

by computing various features (e.g. size, shape localization

and color) and then study correlations between different

properties to define the optimal classification routine. This

is all done on the object level and connected with
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1Institute of Pathology, Charité University Hospital Berlin, Charitéplatz 1,

Berlin 10117, Germany

Full list of author information is available at the end of the article

© 2013 Wienert et al.; licensee BioMed Central Ltd. This is an Open Access article distributed under the terms of the Creative
Commons Attribution License (http://creativecommons.org/licenses/by/2.0), which permits unrestricted use, distribution, and
reproduction in any medium, provided the original work is properly cited.

Wienert et al. Diagnostic Pathology 2013, 8:34

http://www.diagnosticpathology.org/content/8/1/34



visualization of feature statistics. Another important

question is the topological relationship between objects

of the different classes. Evaluating topological problems

could in principle be solved with the aforementioned

pixel-based programs, too, but its implementation becomes

less complicated if the basic processing unit is the image-

object. Unfortunately, open source software tools that

utilize object-based image analysis and cover a broad

spectrum of functionality comparable to the flexible

pixel-based tools mentioned above are not yet available.

Here, we present an object-based open-source software

platform that may be used for a broad spectrum of tasks

in the field of (biomedical) image analysis: Ranging from

algorithm development with an integrated C# compiler

to (pipeline-style) one-click analysis provided through a

powerful plug-in interface. An object layer structure was

designed to handle image objects and their properties and

therefore allow high-level formulations of image analysis

algorithms. The tool provides flexible and interactive

functionality with a variety of image analysis algorithms

that may be combined in process chains, an object

model editor and visualization/statistics functions. We

demonstrate the utility of our approach with the design

of an exemplary processing chain for quantifying Ki67

proliferation marker [17,18] in bright-field histological

breast cancer. A second example shows the advantages

of the object-based software design for the analysis of

relationships between objects for the quantification of

osteoclast–bone interactions in two-photon fluorescence

microscopy data [19,20].

Implementation

CognitionMaster was implemented in C# for Microsoft.

NET. SharpDevelop [21] was used for the integrated

editing of C# code. Icons from the Tango! [22] project were

used for the graphical user interface. A documentation of

the application programming interface (API) was generated

using doxygen [23]. Figure 1 shows the main data

structures, which were designed to organize objects/

segments (instead of image pixels) and their properties

and therefore allow for an object-based (with respect to

handle image contents) modeling of software applications

and algorithms. The class ImageObject represents a

coherent group of neighbouring pixels (segment). Several

properties can be used to describe an ImageObject as the

contour for its spatial position or a collection of key value

pairs (Features) for properties like mean intensity, object

pixels etc. The ObjectLayer class was designed to

summarize all information of one processing step: it

contains a list of all ImageObjects and a two-dimensional

map of the same size as the corresponding image which

contains the identifier of the ImageObject a pixel belongs

to. This map may be used for pixel-based access to objects

or pixel-based operations (e.g. distance transformation).

In an analysis pipeline sequential processing modules ob-

tain and pass on their input as ObjectLayer instances

containing all objects and the respective features. Discrete

Voronoi tessellation [24] on the object layers map is

used to compute the topological relationships. These are

represented in an ObjectNetwork class which contains the

ObjectNeighbourhood for each object. The neighbourhood

information can be used, e.g. to compute the length of the

border to an object of a certain class or the number of

neighbouring objects (or touching objects, respectively) of

a certain class. The object-based design makes it easier

to communicate between algorithms and handle user

interactions: instead of passing a label image (were often

the meaning of the labels is implicit) and several lists/

dictionaries containing the related properties only an

object layer or even a single object has to be passed. E.g.

when the mouse is moved over a certain object the

MouseEnterObject and MouseLeaveObject events are fired.

The corresponding object is passed with the events data.

Via this object reference all consumers of the event get

access to all object properties and the corresponding

object layer. The MouseEnterObject event, for example, is

used to display the classification and features of this object

(Figure 2A). Everything that happens is that in the event

handler the name of the assigned class and the objects

features are read from the corresponding ImageObject

instance and printed to the popup. The object-based

approach also allows for the (multi-) selection of objects

in the image and scatter plot diagram. Selected objects are

highlighted in both representations (Figure 2A and B). All

algorithms can be used within the graphical user interface

or in any other .NET application by referencing the

CognitionMaster assemblies.

Results

CognitionMaster is a software tool designed to serve as a

basis for various interactive and/or fully automated

image analysis tasks. The plug-in concept allows for the

expansion of the software with new menu entries, tab

pages and handling of special image formats, e.g. plug-ins

for the support of DICOM aand whole slide images b(WSI)

are available from the download page. Plug-ins even may

extend the image rendering to present additional image

(meta) information e.g. image sharpness maps [25] or

visited regions [26] in virtual slides, an emerging field of

medical imaging [27]. Additionally, plug-ins may change

the default behavior of the software (e.g. reactions on

mouse and key events) by overriding the corresponding

event handler: the ROI manager plug-in enables users

to assign labels to points or regions of interest by

mouse-clicks. Besides the application CognitionMaster

offers a C# component library with more than 250 classes

(image analysis algorithms, data structures and visual

components, etc.). Image analysis algorithms may be
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selected from the Process menu (Figure 3), whereas results

of prior executed algorithms may be used as input for

consecutive processing steps. Processing steps may also be

combined into processing chains (“analysis pipelines”).

Objects are rendered as contours or filled, colored

according to an assigned class (Figure 2 and 4) or with a

default color if no class is assigned. A debug console may

be used to output status messages when writing new

algorithms (see in-program scripting section for details).

For global data interchange (between plug-ins and/or

in-program scripts) the VarInterop plug-in may be used:

this plug-in manages and displays global variables. For

data visualization a two-dimensional interactive scatter

plot diagram is available. How objects can be classified

best can be tested using the built-in object model editor:

This plug-in enables the user to describe the ideal

“model” object with features. This object model may be

applied to a certain image and the user may check if his

“object model” meets the real image.

Ki67 proliferation assessment in breast cancer

immunohistology samples

In the following section we demonstrate how different

methods or hypothesis can be tested using a processing

chain for the quantification of proliferation marker as-

sessment in breast cancer using Ki67 immunhistochemic

staining [17,18]. Scoring proliferation through Ki67-

immunohistochemistry is an important component in

predicting response to chemotherapy in breast cancer

patients. Therefore, positive and negative stained tumor

cells have to be detected and counted by the pathologist

in routine diagnostics. If one would like to set up a fully

automated scoring system 4 major functions have to be

implemented:

a. Detection and segmentation of cell nuclei

b. Classification into tumor and non-tumor cells

c. Classification into Ki67-positive (Ki67+) and

Ki67-negative (Ki67-) cells

d. Counting of all Ki67+ and Ki67- tumor cells

A method for the detection and segmentation of cell

nuclei (a) was introduced recently in [28]. The modules

described in this study (contour-based segmentation,

non-compact pixel removal and concave object separ-

ation) are standard-components of the CognitionMaster

library. For the second step of the scoring system (b) it

may be interesting to test several hypothesizes on how

Figure 1 Excerpt of the class diagram showing the main data structures used for the object-based imaging: the ImageObject class

summarizes all object-related properties (e.g. classification, contour, features). All objects (of a certain processing step) built an ObjectLayer.
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tumor cells can be distinguished best from non-tumor

cells: often non-tumor cells are smaller than tumor-cells

or have a different aspect ratio (connective tissue cells

are often spindle-shaped). For the validation of these

hypothesizes it is important to be able to easily get an

impression of the feature values of a certain object or the

distribution of a certain feature respectively. Therefore,

users may select one or more features from the Process

menu once the segmentation is executed. The selected

features are computed for each object (cell nuclei). Then,

features are displayed in a popup when the mouse cursor

is moved over a certain object (Figure 2A). Additionally,

the scatter plot diagram (Figure 2B) can be used to de-

cide which feature and threshold is optimal. For the classi-

fication into Ki67+ and Ki67- cells features based on color

deconvolution [29] may be used from the Immunohisto-

chemistry group. Finally, the number of cells for each class

are counted using Num(Class) algorithm available from

the Process menu. The complete example including the

sample image, the processing chain and a guidance file

(readme.txt) can be found in Additional file 1 online.

Cell interaction analysis

In the example described here, we demonstrate the

advantages of our object-based approach for the analysis

of relationships between objects. Therefore, we use image

analysis to test the hypothesis that osteoclast attachment

to bone surface as a proxy for bone decomposition is

influenced by sphingosine-1-phosphate [19]. The main

aspect of this approach is the analysis of interactions

between bone tissue and osteoclasts. CognitionMaster

contains a set of routines/algorithms that allow for the

computation and analysis of object neighbourhoods e.g.

the ObjectNetwork class (Figure 1) and the NumberOf-

Neighbouring and NumberOfTouching features. The first

step of the analysis pipeline is the detection of the

different types of tissue/cells (bone tissue, osteoclasts,

monocytes). Here we re-implemented the detection

algorithm including the threshold selection method and

channel merging approach presented in the original

publication [20] using in-program scripting (Figure 4,

see in-program scripting section and the first processing

step in the processing chain in Additional file 2 online).

Figure 2 Image of Ki67 [18] stained breast cancer tissue displayed in CognitionMaster with Ki67+ tumor cells (red), Ki67- tumor cells

(yellow) and normal cells (green). Segmentation was performed according to [28]. A. Showing the objects features as a mouse-over effect. B.

Scatter plot diagram displaying two features for all image objects (cells) marked in the image on the left: the mean haematoxylin intensity in the

H-DAB stain (x-axis) and a form factor given by contour-length2/contour-area (y-axis). The displayed features may be selected by the user once

the features are computed (Process menu). A and B. Objects may be selected in the image or in the scatter plot diagram. Selected objects are

highlighted in both presentations (blue).
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After the segmentation the next step of the analysis is

the computation of the interfacing-length between bone

tissue and osteoclasts. This can easily be solved by using

the BorderTo feature, which is a standard component of

the software and computes the number of contour pixels

with a neighbouring pixel of another object class. Finally,

the user may export the results containing the object id,

class name and features into a .csv file which he may then

open with other statistics tools (e.g. Microsoft EXCEL) for

further analysis. The complete example containing the

sample image, the processing chain and a guidance file

(readme.txt) can be found in Additional file 2 online.

In-program scripting

While many image analysis algorithms are already avail-

able, the development of new methods is an important

field in digital image analysis. Furthermore many image

analysis tasks require special pixel- or object-based opera-

tions that can hardly be part of common purpose image

analysis software e.g. the specialized automatic threshold

segmentation and channel merging technique used in the

previous section. It can be very helpful to be able to write

and execute user-specific source code without needing

an extra software project or switching between different

applications. A high-execution speed is important while

testing the new idea and in the consecutive deployment

to other users which should be, however, as simple as

possible: it should be possible to use the new code directly

among other (standard) components without the need for

a re-implementation due to performance or deployment

reasons. CognitionMaster comes with an integrated C#

editor/compiler: this component enables the user to write,

compile and execute standard C# code (so called scripts)

within the main application (Figure 4B). For most

algorithms contained in the CognitionMaster library

(e.g. watershed-segmentation and extraction of various

features) a script comes with the installation and can

be accessed via the Process menu (Figure 3), which is

generated dynamically when the software is launched:

Therefore all available scripts and processing chains

are read from a certain file directory. This offers the

opportunity to add own scripts to this menu. A major

advantage of the in-program scripting technique is the

high execution speed: the script is compiled using the

standard .NET compiler and then executed with the same

performance as a normal .NET executable (not an

interpreted script). In contrast, the macro language of

ImageJ is interpreted and therefore offers lower perform-

ance. Additionally, scripts can be combined in processing

chains, whereby the source code of a script is copied into

the processing chain and compiled when executing.

Embedding the source code (instead of linking to it) offers

the possibility to change the behavior (source code) of

standard components in a certain processing chain.

Furthermore, arguments can be denoted for each process-

ing step, which avoids the necessity of using input dialogs

at each module.

Comparison with ImageJ

With ImageJ the built-in ROI Manager and Particle

Analyzer can be used to analyze images on the

object-level (see Additional file 3 online for details).

Therefore a binary image is required that marks every

pixel either as foreground or background. Unfortunately,

differentiating two touching objects is not possible with

this technique, which is a major drawback compared to

our approach. Once the particles are found objects are

shown as an overlay. Unfortunately, the user has to select

preliminary how objects are rendered (e.g. object con-

tours, ellipses or filled). It is not possible to easily switch

Figure 3 The Process menu of the main application window. This menu is generated on the applications startup: Therefore all available

scripts and processing chains are loaded. Users may add own scripts to the respective directory resulting in additional menu entries.
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“online” between different rendering modes. In contrast,

CognitionMaster allows “online” switching of the render-

ing mode (contours, filled, none) and moreover, supports

visualization of classification results by rendering each ob-

ject with the color of the assigned class. ImageJ only al-

lows for the selection of certain objects by using the

object list provided by the ROI Manager plug-in. Free-

hand selection or selecting individual objects by mouse-

clicks are not supported. Mouse-over feature statistics for

a certain object are also not supported by ImageJ as well

as the interactive scatter plot diagram, which are both

available in CognitionMaster (see Figure 2). Finally,

CognitionMaster allows for overriding or extending user-

interactions by using the corresponding events (e.g.

MouseEnterObject, MouseLeaveObject or SelectedObjects

Changed), which is not possible with ImageJ because of the

lack of a dedicated object model.

Discussion

Conventional image analysis applications were designed

with the single image pixel as basic processing unit. This

concept is advantageous when image-to-image transfor-

mations (filters) are the main purpose of the software

application, but has limitations when image objects and

their properties and relationships between objects are

considered. In this case the object-based approach allows

for the use of high-level features, such as the interactivity

with image objects like mouse-over effects (Figure 2A)

and data-analysis on the object level through a GUI-based

pipeline assembly such as, for instance, the evaluation

of spatial relationships between cells. Object-based

approaches, however, require a priori object segmenta-

tion/detection, for which the CognitionMaster offers

a variety of established approaches and the option to

implement alternative methods using in-program scripting.

Figure 4 User defined cell interaction analysis of a fluorescent bone image with in-program scripting. A. Processing chain with standard

elements (e.g. the computation of the length of the objects border to objects classified as bone tissue) and user-defined in-program scripts

(e.g. the segmentation and (primary) classification of the three object types bone tissue (blue), osteoclast (green) and monocyte (red)). Names of

processing steps are displayed in large black letters, configured arguments in small gray letters. Segmentation result with red, green and blue

contours. Interacting cells with yellow contours. B. Source code editor showing the source code of the “Cell Interactions” processing step that

computes the length of the border of osteoclasts to bone tissue and assigns the “osteoclast interacting” class if this length is above zero.
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Moreover, using object-based data structures to process

object-based image contents facilitates the design of a

software architecture compliant to state-of-the-art object-

oriented-programming (OOP). This favors clarity of de-

sign and especially the reusability of available analysis

modules not only in processing pipelines or in-program

scripts within the CognitionMaster, but also as components

in other .NET projects. In contrast to that, several label

maps (or one label map and several lists) are required to

store “pixel” to “segment”, “segment” to “features” and

“segment” to “class” mappings in pixel-based approaches,

which can hardly be reused (e.g. by inheritance).

Conclusions

We introduce the open source software system

CognitionMaster that features object-based image ana-

lysis and implements a large variety of image analysis

algorithms that may be extended using a plug-in interface

or in-program scripting. Therefore, CognitionMaster may

serve as a basis for a broad range of applications in the

field of digital image analysis.

Availability and requirements

CognitionMaster is released under the terms of the GNU

General Public License (GPL). The installation packages,

source code files and documentation for the main

application and available plug-ins can be found on http://

sourceforge.net/projects/cognitionmaster/.CognitionMaster

can be installed on all Microsoft Windows PCs (Windows

XP or newer, 32-bit or 64-bit). Microsoft .NET 2.0 is

required. A documentation of the application programming

interface (API) is provided with the installation packages.

Endnotes
aUsing ClearCanvas, free
bUsing Virtual Slide Access – SDK 4.0 from VMscope

GmbH (Germany), commercial
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