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Resumen

En el ámbito de la informática, los grafos desempeñan un papel fundamental al representar pro-
blemas que exhiben una estructura subyacente en forma de red. Con frecuencia, surge la necesidad de
extraer estos grafos a partir de imágenes para obtener representaciones precisas de dicha estructura.
Estas representaciones se convierten en componentes esenciales para abordar problemas específicos que
exigen una extracción fiable de estas estructuras, y este desafío se extiende a una amplia variedad de
dominios en el procesamiento de imágenes.

La presente tesis aborda el desafío de extraer grafos a partir de imágenes en diversas aplicaciones,
incluyendo la representación de la arquitectura de raíces de plantas, la segmentación anatómica en
imágenes de rayos X y la extracción de mallas cardíacas en imágenes de resonancia magnética. Para
alcanzar este propósito, se proponen distintos enfoques basados en redes neuronales convolucionales
con el objetivo de desarrollar métodos precisos y eficientes que permitan la extracción automática de
grafos desde imágenes.

Uno de los enfoques presentados se dirige a la representación detallada de la arquitectura de las
raíces de plantas. Se propone un método que se enfoca en la dinámica temporal de las raíces de
Arabidopsis thaliana, una planta modelo ampliamente utilizada. Este método utiliza redes neuronales
convolucionales para realizar una segmentación inicial de las imágenes y luego aplica técnicas de es-
queletización y extracción de grafos para permitir un seguimiento preciso de la evolución de las raíces
a lo largo del tiempo. Esto no solo facilita la observación de cambios y crecimiento en las raíces, sino
que también permite la extracción de nuevos parámetros fenotípicos previamente inobservables.

En segundo lugar, se presenta un enfoque unificado que combina redes neuronales convolucionales
con redes neuronales convolucionales en grafos. Este modelo permite obtener grafos directamente a
partir de imágenes y entrenarlos de manera integral. Se aplica con éxito a la segmentación anatómica
en imágenes de rayos X, donde la representación basada en grafos mejora la plausibilidad anatómica
en la segmentación al incorporar de manera directa información topológica mediante la matriz de
adyacencia del grafo. Este enfoque unificado luego se extiende para abordar la extracción de mallas
cardíacas a partir de imágenes de resonancia magnética, permitiendo la extracción directa de mallas a
partir de imágenes, lo que es esencial para aplicaciones de simulación. Además, proporciona la capacidad
de imponer criterios de regularización para garantizar la suavidad de las superficies o la calidad de los
elementos en las mallas, lo que las hace adecuadas para su uso en simulaciones numéricas.

Por último, se aborda la generación automática de bases de datos de anotaciones en grafos con
el objetivo de aumentar la disponibilidad de conjuntos de datos anotados. Aplicado en un contexto
de segmentación anatómica en imágenes de rayos X, se trabaja en base a datos multi-céntricos con
anotaciones heterogéneas, demostrando la capacidad de los modelos propuestos para lidiar con estos
problemas. Este proceso se complementa con el desarrollo de métodos para la evaluación automáti-
ca de la calidad, con el objetivo de obtener una métrica que permita evaluar cuantitativamente la
confiabilidad de cada una de las anotaciones generadas.

vi



Sección 1

Introducción

1.1. Descripción del problema

Los grafos, como estructuras de datos, desempeñan un papel esencial en el ámbito de la informática
al proporcionar una forma poderosa de modelar problemas que exhiben una estructura subyacente,
generalmente en forma de red. En numerosas ocasiones, se hace necesaria la extracción de estos gra-
fos a partir de imágenes con el propósito de obtener una representación precisa de dicha estructura
subyacente. Esta representación se convierte en un componente fundamental para afrontar problemas
específicos que demandan un enfoque centrado en la extracción de tales estructuras de manera di-
recta y confiable, abarcando esto una amplia variedad de dominios de aplicación en el contexto del
procesamiento de imágenes.

La tarea de extraer grafos a partir de imágenes bidimensionales (2D) es un problema que encuentra
aplicación en una gran variedad de dominios, como pueden ser la extracción de calles a partir de
imágenes satelitales [92] para generar mapas, representación de estructuras vasculares a partir de
imágenes de fondo de ojo [68], obtención de líneas centrales correspondientes a la vasculatura en
angiografías [89, 96] o el modelado de raíces de plantas en imágenes biológicas [76, 12]. En situaciones
en las que la imagen es un volumen tridimensional (3D), la extracción de grafos se convierte en una
herramienta poderosa para representar estructuras aún más complejas, como mallas de superficies o
volumétricas. Esto se puede apreciar en aplicaciones como la segmentación de órganos en imágenes de
resonancia magnética cardiaca [97], o en la segmentación de la corteza cerebral en el caso de resonancias
magnéticas del cerebro [38].

Comúnmente, la extracción de estructuras en imágenes es abordada como un problema de segmen-
tación, donde uno busca reconocer que píxeles corresponden a cada estructura subyacente dentro del
espacio de la imagen. Sin embargo, es importante resaltar que a diferencia del problema clásico de
segmentación de imágenes, la generación de un grafo implica necesariamente una transformación en la
estructura de los datos de salida con respecto a la imagen de entrada. En la segmentación convencional
el resultado consiste en una imagen de la misma resolución que la original, en la cual cada píxel (o
vóxel en el caso 3D) se etiqueta con un valor entero correspondiente a alguna de las clases de interés.
Sin embargo, en la extracción de un grafo a partir de una imagen, la salida se configura como una
estructura de datos completamente diferente, compuesta por nodos, aristas y, posiblemente, funciones
definidas en ambos.

En los últimos años, las redes neuronales profundas han experimentado una auténtica revolución en
el campo de la visión computacional, el análisis de imágenes, el reconocimiento de patrones y, de parti-
cular interés para este trabajo, en las tareas de segmentación. Estos modelos son capaces de aprender
representaciones de los datos de entrenamiento en múltiples niveles de abstracción, mediante la com-
posición de módulos simples (pero generalmente no lineales), que transforman progresivamente estas
representaciones en otras de mayor nivel de abstracción [53]. Un tipo específico de redes neuronales,
conocido como redes neuronales convolucionales (CNN), desempeñará un papel central en esta tesis
debido a su capacidad innata para el análisis de imágenes.

Dado que el problema central abordado en esta tesis doctoral se refiere a la extracción de grafos

1



2 SECCIÓN 1. INTRODUCCIÓN

a partir de imágenes, se explorarán distintos enfoques para la extracción de grafos que puedan hacer
uso de las CNN, utilizadas en el dominio de las imágenes. Para ello, se plantea la idea de combinar
las CNN con redes convoluciones definidas en estructuras de grafos. Si bien las CNN son altamente
eficaces en tareas relacionadas con imágenes o señales de audio, su aplicabilidad directa se ve limitada
cuando se trata de problemas que involucran señales muestreadas de manera irregular o definidas en
dominios con una estructura geométrica específica, como las redes o los propios grafos. Este desafío
ha motivado el surgimiento de un subcampo en el aprendizaje profundo conocido como aprendizaje
profundo geométrico (o geometric deep learning en inglés) [10].

Esta tesis tiene como objetivo principal proponer nuevos métodos para la extracción automática de
grafos a partir de imágenes, considerando tanto enfoques clásicos basados en técnicas de procesamiento
de imágenes, como enfoques híbridos que combinen distintos tipos de redes neuronales, con el propósito
final de desarrollar modelos unificados capaces de realizar dicha extracción de manera automática y
que puedan ser entrenados de punta a punta. Esto permitirá superar las limitaciones tradicionales
de las CNN en situaciones con estructuras geométricas específicas, como las que se encuentran en los
grafos. Como se puede observar en la Figura 1.1, la aplicación de este enfoque se centrará en tres
tareas objetivo particulares: la extracción de grafos a partir de secuencias de imágenes 2D de raíces de
plantas en crecimiento mediante un enfoque desacoplado (con etapas independientes de segmentación
y construcción del grafo), la segmentación basada en landmarks, o puntos de interés, a partir de
imágenes 2D de rayos X mediante un enfoque unificado, y la extracción de mallas de corazón en
imágenes volumétricas de resonancia magnética cardíaca, con el mismo enfoque. Por último, y dada
la escasez de bases de datos disponibles con anotaciones en grafo, se abordará la tarea de generar
grandes bases de datos de manera automática utilizando los enfoques propuestos, y diseñar métodos
para el control de calidad automático de dichas anotaciones en situaciones donde no hay anotaciones
disponibles.

Se procede entonces a explicar el contexto de cada aplicación, y la motivación para resolver los
problemas utilizando métodos de extracción de grafos.

1.1.1. Método desacoplado para la extracción de grafos a partir de series
temporales de imágenes de raíces de plantas

En el ámbito de la investigación en biología vegetal, comprender cómo crecen las raíces de las
plantas es una tarea fundamental. Las plantas, debido a su inmovilidad, no pueden desplazarse en
busca de las condiciones ambientales óptimas para su desarrollo y supervivencia. Sin embargo, poseen
una sorprendente capacidad de adaptación que les permite completar su ciclo de vida incluso en
entornos en constante cambio [71]. Esta adaptación se refleja en la arquitectura de sus sistemas de
raíces, que varían en respuesta a factores como la disponibilidad de nutrientes y agua en el suelo, la
presencia de obstáculos y otros estímulos ambientales.

Para comprender esta adaptación y sus implicaciones genéticas, es crucial caracterizar la arqui-
tectura del sistema de raíces (RSA, por las siglas del ingles root system architecture) de las plantas
en crecimiento. Esto involucra el fenotipado (es decir, la extracción de parámetros de interés) de una
planta a lo largo del tiempo y depende de variables clave, como la longitud de la raíz principal (MR o
main root) o la densidad y longitud de las raíces laterales (LRs o lateral roots) [40]. Aunque existen he-
rramientas semiautomáticas que asisten en el fenotipado de las raíces en momentos específicos [63, 98],
el seguimiento temporal suele estar limitado por restricciones tecnológicas. A menudo, se pasan por
alto parámetros fenotípicos potencialmente valiosos que podrían estar relacionados con la dinámica
temporal del crecimiento de las raíces.

En este contexto, colaborando con investigadores del Institute of Plant Sciences Paris-Saclay (IPS2),
se planteó el desafío de desarrollar una estrategia para abordar este problema de manera más efectiva.
Utilizamos un sistema de bajo costo desarrollado en el IPS2 que permite capturar videos de raíces de
Arabidopsis thaliana en crecimiento en condiciones controladas. Proponemos una estrategia desaco-
plada de cuatro pasos que, mediante el uso de un grafo para la representación de la RSA, nos permita
obtener las características fenotípicas deseadas: una segmentación inicial obtenida mediante el uso de
CNNs, una etapa de esqueletización, un paso de extracción del grafo que represente la arquitectura de
las raíces y, por primera vez, un seguimiento temporal que nos permitirá obtener las características
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Figura 1.1: Diagrama ilustrativo. (a) Extracción de la RSA a partir de imágenes de raíces de plantas.
(b) Segmentación basada en landmarks en imágenes de rayos–x. (c) Extracción de mallas de superficie
a partir de imágenes de resonancia magnética cardíaca.

fenotípicas de la RSA a lo largo del tiempo en condiciones controladas.

1.1.2. Método unificado para la segmentación anatómica basada en land-
marks de imágenes de rayos X

En el contexto de la segmentación de imágenes médicas, las CNN han demostrado un rendimiento
sobresaliente. En general, el enfoque más usado es emplear arquitecturas estándar de CNN de tipo
codificador-decodificador, basadas en modelos U-Net [82], que predicen la segmentación deseada a
nivel de píxeles mediante el aprendizaje de características jerárquicas a partir de conjuntos de datos
anotados. En situaciones donde la topología y la ubicación tienden a no conservarse entre individuos,
como la segmentación de lesiones, es deseable abordar la segmentación de imágenes como un problema
de etiquetado de píxeles. Sin embargo, los órganos y las estructuras anatómicas suelen presentar una
topología característica que tiende a ser regular.

En este contexto, es fundamental señalar que las arquitecturas de segmentación, que se centran
en asignar píxeles de manera precisa a categorías específicas, pueden no garantizar una segmentación
anatómica coherente desde una perspectiva topológica. Esto ocurre debido a la limitada capacidad
de las métricas utilizadas en las funciones de pérdida a nivel de píxeles (empleadas para entrenar
estos modelos), como la entropía cruzada o el índice de coincidencia Soft-Dice [59], para captar la
forma y la topología global de las estructuras. Como resultado, es común observar artefactos en las
segmentaciones, como fragmentación de estructuras, inconsistencias topológicas e islas de píxeles [8],
especialmente en entornos clínicos desafiantes que involucran oclusiones en imágenes y variaciones de
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dominio entre diferentes centros médicos.
Como alternativa a las estrategias tradicionales de segmentación a nivel de píxeles, la representación

basada en grafos ofrece una forma natural de incorporar restricciones topológicas en el proceso de
segmentación. Esto es especialmente valioso para establecer correspondencias de puntos de referencia
entre individuos, una consideración crucial en el análisis estadístico de formas. Con esta representación,
los grafos se convierten en una herramienta natural para describir puntos de referencia, contornos y
superficies, permitiendo codificar la estructura anatómica a través de su matriz de adyacencia y, así,
limitar el espacio de soluciones, promoviendo correcciones topológicas y aumentando la coherencia
anatómica.

Para abordar estas limitaciones y mejorar la representación de las estructuras anatómicas en imá-
genes de rayos X, se plantea un enfoque basado en grafos de contorno. Este enfoque se distingue al
considerar los contornos de los órganos y estructuras como grafos con una estructura de conectividad
predefinida, en la cual cada máscara de segmentación se representa mediante un número constante de
nodos, compartiendo todas las máscaras la misma matriz de adyacencia. En esta tesis, se explorará en
detalle cómo aprovechar esta representación basada en grafos para mejorar la segmentación anatómica
en imágenes de rayos X. Para lograrlo, combinaremos un codificador CNN, eficaz para extraer carac-
terísticas de las imágenes, con un decodificador basado en convoluciones espectrales en grafo (GCNN,
del ingles graph convolutional, neural networks). Esta combinación nos permitirá extraer directamente
los contornos de las estructuras a partir de la imagen, superando las limitaciones de las estrategias
convencionales.

1.1.3. Método unificado para la extracción de mallas de corazón a partir
de imágenes de resonancia magnética cardíaca

La imagen cardíaca ha experimentado avances significativos en los últimos años, convirtiéndose en
una herramienta indispensable en el diagnóstico, la planificación del tratamiento y la gestión de diversas
enfermedades cardiovasculares. Uno de los componentes clave para estos avances es la extracción de
mallas tridimensionales precisas a partir de imágenes de resonancia magnética cardíaca (CMR, del
ingles cardiovascular magnetic resonance), que sirven como base para simulaciones computacionales
[24], el descubrimiento de biomarcadores [9] y el análisis de la deformación y la dinámica del corazón.

Sin embargo, la extracción de estas mallas cardíacas presenta desafíos significativos. Los métodos
tradicionales, como los modelos de forma activa (active shape models en inglés) [67] o la segmenta-
ción multi-atlas [5], a menudo requieren importantes recursos computacionales y pueden llevar mucho
tiempo. La variabilidad en las formas, tamaños y patologías cardíacas complica aún más el proceso de
extracción, lo que exige un método que sea robusto y adaptable al mismo tiempo.

Además, la transición de cortes de imágenes en 2D a una representación cohesiva en 3D exige
una integración fluida de la información espacial, especialmente al modelar mallas volumétricas. Las
metodologías actuales a menudo requieren pasos de pos-procesamiento complicados para refinar las
mallas [24, 64], lo que las hace adecuadas para simulaciones pero puede introducir fuentes adicionales
de error y prolongar el tiempo de procesamiento en general.

Ante estos desafíos, existe una necesidad de tener enfoques innovadores que puedan agilizar el proce-
so de extracción de mallas cardíacas, mejorar la precisión y reducir el tiempo y la carga computacional.
En esta tesis se propondrán entonces modelos híbridos convolucionales en imágenes 3D, combinados
con convoluciones en grafos, que permitirán modelar mallas a partir de imágenes de manera directa,
tanto en el caso de mallas de superficie como volumétricas, representado volúmenes mediante el uso de
elementos tetraédricos. Esta investigación busca abordar las limitaciones mencionadas y avanzar en la
extracción de mallas cardíacas de manera más eficiente y precisa.

1.1.4. Generación de anotaciones para grandes bases de datos a partir de
datos multi-céntricos y métodos de validación automática de la cali-
dad

Una de las mayores limitaciones que se encuentran al querer aplicar los métodos propuestos en esta
tesis es la falta de bases de datos de gran escala. En el aprendizaje profundo, contar con grandes bases
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de datos anotadas es un requerimiento crucial para entrenar modelos robustos y generalizables.
Por ello, exploraremos cómo el modelo unificado propuesto en esta tesis puede utilizarse para

obtener anotaciones de manera automática en un contexto de grandes cantidades de imágenes sin
anotar. Evaluaremos esto en la tarea de segmentación masiva de imágenes de rayos X, abordando
desafíos relacionados con los cambios de dominio y el aprendizaje a partir de datos heterogéneos.

Al construir dichas bases de datos, uno de los requerimientos necesarios es obtener una medida
de confianza que nos indique si las anotaciones generadas son correctas. Aquí se propone utilizar un
enfoque de validación automática de la calidad de las anotaciones propuestas, basado en el marco teóri-
co denominado Exactitud por Clasificación Inversa (RCA, del ingles Reverse Classification Accuracy)
[91]. Dentro de este enfoque, encontramos que el proceso de validación automática puede aplicarse
también para evaluar sesgos en los modelos, sin la necesidad de tener anotaciones manuales, descu-
briendo variaciones en el rendimiento de los modelos en subploblaciones caracterizadas por atributos
demográficos específicos, como sexo, edad o grupo étnico [80].

1.2. Objetivos

El objetivo general de este proyecto es contribuir a la construcción de nuevos métodos de aprendizaje
profundo para la extracción de grafos a partir de imágenes, desarrollando enfoques que combinen redes
neuronales convolucionales clásicas con redes neuronales convolucionales en grafos.

1.2.1. Objetivos particulares

Desarrollar un método basado en redes neuronales convolucionales clásicas para la segmentación
de imágenes de raíces de plantas y posterior extracción de grafos por medio de etapas desacopla-
das.

Desarrollar nuevos enfoques unificados para la extracción de grafos a partir de imágenes por medio
de un único modelo, entrenable de punta a punta, que combine convoluciones sobre imágenes y
convoluciones sobre grafos.

Validar los métodos propuestos para la extracción de estructuras curvilíneas en imágenes 2D,
en la tarea de generación de grafos que representen la estructura de la arquitectura de raíces de
plantas a partir de videos con secuencias temporales de imágenes.

Validar los métodos propuestos para extracción de contornos en el contexto de la segmentación
anatómica de órganos de interés en imágenes de rayos X (2D) y de resonancia magnética (3D).

Explorar la capacidad de los modelos propuestos para la generación automática de anotaciones
para grandes bases de datos, aplicando técnicas de evaluación de calidad sobre las anotaciones
generadas.

1.3. Organización de la tesis

Esta tesis se encuentra organizada bajo el formato de tesis por compilación de la siguiente forma:

En esta sección introductoria se proporcionó una visión general de la motivación y el contexto
de las aplicaciones abordadas, así como los objetivos establecidos para guiar este trabajo de
investigación.

En la Sección 2, se aborda el método desacoplado clásico, centrado en la extracción de grafos
que representan la estructura de las raíces de las plantas a partir de secuencias temporales de
imágenes.

En la Sección 3, se construye el modelo unificado, aplicado a la segmentación basada en landmarks
en imágenes de rayos X.
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En la Sección 4, se expande el modelo unificado para abordar la extracción de mallas, tanto
superficiales como volumétricas, a partir de imágenes de resonancia magnética cardíaca.

En la Sección 5, se explora el problema de generar anotaciones para bases de datos extensas
en el ámbito de la segmentación basada en landmarks, explorando las ventajas del modelo uni-
ficado en esta tarea. Se proponen métodos para realizar control de calidad automático de las
segmentaciones, y se investiga el descubrimiento no supervisado de sesgos mediante este proceso
de validación.

Posteriormente, en la Sección 6, se presentan las conclusiones generales derivadas de la tesis.

Por último, al ser esta una tesis por compilación, se recopilan en el Apéndice las publicaciones
científicas que se realizaron a lo largo de esta tesis doctoral.



Sección 2

Método desacoplado: extracción de
grafos a partir de imágenes de raíces
de plantas

En este capítulo, abordaremos el desarrollo de un método desacoplado para la extracción de grafos
que representen la estructura de la arquitectura del sistema de raíces de plantas (RSA, por sus siglas en
inglés, root system architecture) a partir de secuencias temporales de imágenes. Este enfoque, diseñado
para abordar los desafíos específicos de analizar el crecimiento de las raíces de Arabidopsis thaliana,
se realizó aprovechando un sistema de adquisición innovador basado en una cámara infrarroja que
captura imágenes a intervalos regulares.

2.1. Antecedentes

Tradicionalmente, la obtención de imágenes de raíces de Arabidopsis thaliana, creciendo en condi-
ciones controladas, implicaba el escaneo manual de una placa de Petri (en la cual las plantas crecen
verticalmente sobre un medio semisólido) en un instante de tiempo fijo. Sin embargo, en contraposición
a este enfoque, el sistema de adquisición utilizado en esta investigación aprovecha una cámara infrarro-
ja para capturar imágenes a intervalos regulares sin la necesidad de retirar la tapa de la caja de cultivo.
Este enfoque innovador presenta desafíos únicos para el análisis de imágenes de raíces, dado que el
análisis, habitualmente realizado en un solo instante de tiempo, ahora debe realizarse para cientos o
miles de instantes para una sola planta en particular.

Al analizar la literatura y las herramientas de software disponibles, como se observa en Quantitative
Plant [55, 78], podemos notar que se han desarrollado más de 40 programas para el análisis de la RSA.
Sin embargo, la mayoría de estos programas implican procesos manuales, lo que requiere corrección
de resultados o delineación manual por parte de biólogos expertos para obtener resultados precisos,
incluso para imágenes obtenidas mediante el escaneo manual de un solo instante de tiempo.

Algunos métodos, como RootTrace [30, 62], emplean técnicas clásicas de procesamiento de imágenes
y seguimiento, lo que permite obtener parámetros fenotípicos como la longitud de la raíz o el número de
raíces laterales, pero no logran un detalle más profundo que el que buscamos en nuestro método. Otros
programas como GiaRoots [31] y EZ Rhizo [1] permiten la segmentación de la raíz, pero utilizan técnicas
clásicas de umbralización. Estos enfoques clásicos, incluyendo la segmentación por umbralización, no
son adecuados para las imágenes infrarrojas de nuestro método de adquisición, ya que la condensación
de gotas de agua producida al no retirar la tapa (como en la forma clásica, mediante el escaneo) puede
causar obstrucciones, lo que resulta en cortes y errores en la detección de la raíz. Otros métodos como
Win Rhizo [95], una herramienta comercial y propietaria, solo funcionan con imágenes de escáneres
ópticos de alta calidad y no permiten la obtención de datos temporales.

En trabajos más recientes y relacionados con nuestro enfoque, se ha demostrado que las técnicas
de aprendizaje profundo (deep learning) pueden mejorar la segmentación de raíces de plantas [15, 14].

7
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Figura 2.1: Pipeline para la extracción de grafos a partir de imágenes temporales. Se repre-
senta la serie de pasos completa para la extracción de grafos a partir de series temporales de raíces de
Arabidopsis thaliana. A partir de las secuencias de imágenes, se procede a segmentar a nivel de píxel
las raíces en las placas completas. Luego, a partir de cada raíz tomada de forma individual, se procede
con la esqueletización, el etiquetado de las ramas del esqueleto y, finalmente, la construcción del grafo
etiquetado correspondiente.

Esto incluye a RootNav 2 [98], que también se basa en modelos de aprendizaje profundo. RootNav 2
permite obtener parámetros fenotípicos detallados, pero sólo para un instante de tiempo específico, sin
considerar la dinámica temporal, y su entrenamiento requiere múltiples tipos de anotaciones manuales
por parte de biólogos, incluyendo máscaras de segmentación multiclase y la detección de las puntas de
las raíces laterales. En cambio, como observaremos, nuestro método solo requiere el uso de máscaras
de segmentación binaria para guiar el proceso de segmentación, realizando las siguientes etapas de
manera no supervisada.

Para una descripción más detallada de los antecedentes, y las diferencias con nuestra metodología,
ver la Sección Discussion en el Apéndice B.

2.2. Métodos propuestos

2.2.1. Descripción del problema

Dada una secuencia temporal de imágenes de Arabidopsis thaliana en crecimiento, se desea poder
observar individualmente los parámetros fenotípicos que representan la RSA para cada planta en
cada instante de tiempo. En la Figura 2.1, se presenta una representación simplificada del método
propuesto, donde trabajando individualmente con una planta a la vez, se genera un grafo que posibilita
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la extracción sencilla de los parámetros fenotípicos deseados en cada instante de tiempo.
Este método se divide en dos fases fundamentales: la obtención de una imagen de segmentación

binaria del sistema de arquitectura de raíces y la construcción del grafo que representa la estructura
subyacente del árbol en dicho sistema. Dado el carácter dinámico del crecimiento de las plantas, es
esencial incorporar información temporal en ambas etapas para obtener con precisión los diversos
parámetros fenotípicos.

2.2.2. Segmentación automática de raíces de plantas mediante redes con-
volucionales profundas

Para abordar la tarea de segmentación de las imágenes de raíces de plantas, se realizaron investi-
gaciones exhaustivas utilizando seis arquitecturas de CNN con el propósito de identificar el enfoque
más efectivo. Tres de estas arquitecturas son ampliamente reconocidas en la comunidad de visión por
computadora: UNet [82], SegNet [4] y DeepLab v3 [16]. A estas le sumamos la variante de la UNet con
bloques residuales [36], la ResUNet, que demostró ser mejor que la UNet para tareas de segmentación
de estructuras finas, en el contexto de segmentación de calles en imágenes satelitales [100].

Además de estas arquitecturas de última generación, en esta tesis se proponen dos modelos de CNN
adicionales:

Deeply Supervised ResUNet: Como se observa en el centro de la Figura 2.1, este modelo
se basa en ResUNet y combina conexiones residuales con supervisión profunda [54], implicando
el cálculo de un término de pérdida adicional en una capa intermedia de la red. La salida de
ResUNet se concatena con la imagen de entrada original y se procesa a través de dos capas
convolucionales adicionales, las cuales actúan como un post-procesamiento automático de la
segmentación, resultando en una cascada de dos redes entrenadas conjuntamente.

Ensamble [46]: El enfoque final propuesto consiste en combinar las predicciones de los cinco
modelos anteriores, mediante el promedio de las salidas suaves de los modelos segmentación.

Para más detalles de los modelos utilizados y su implementación, ver la Sección Deep learning
models for root segmentation del Apéndice B.

Incorporación de la dinámica temporal a la segmentación

Una vez elegido un modelo de segmentación, se toma la salida del mismo como segmentación
suave, es decir, sin binarizar. Dado que procesamos secuencias temporales de crecimiento de raíces
de plantas, proponemos aplicar un paso de postprocesamiento para mejorar la consistencia temporal
mediante una variante del promedio ponderado acumulativo. La segmentación actual y la acumulación
de las anteriores se promedian para evitar la pérdida de partes de la raíz debido a gotas u otras formas
de obstrucción. Dada la segmentación actual st en el tiempo t y la máscara acumulada hasta el paso
anterior at−1, calculamos el mapa actual at = st +αat−1. El valor del peso α se elige según el tamaño
del intervalo de tiempo (en nuestros experimentos, utilizamos α = 0,9). El objetivo es utilizar las
máscaras de segmentación de raíces obtenidas en pasos temporales anteriores para corregir posibles
segmentos faltantes de la raíz.

2.2.3. Generación del grafo a partir de secuencias de segmentaciones bina-
rias

La segmentación de las raíces se realiza en la imagen completa, incluso en una placa donde crecen
varias plantas simultáneamente. Sin embargo, la generación del grafo se lleva a cabo de manera indivi-
dual para cada planta, y esto se logra seleccionando una región de interés específica a lo largo del video.

Binarizado y esqueletización: En primer lugar, se binariza la máscara acumulada de segmentación
mediante un umbral fijo y, posteriormente, se aplican operaciones morfológicas [33] de apertura y cierre
para eliminar píxeles espurios en la máscara binaria. Luego, se identifica la raíz como la componente
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conectada más grande dentro de la región de interés. A continuación, se obtiene el esqueleto, que re-
presenta la línea central de la segmentación, utilizando un algoritmo clásico de esqueletización [99]. A
partir del esqueleto, se procede a generar el grafo.

Construcción del grafo: Para cada punto en el tiempo, el grafo se construye mediante un algoritmo
de búsqueda en profundidad. El proceso comienza con un punto de inicio, que puede ser seleccionado
manualmente o simplemente la punta superior del esqueleto en la imagen. Dado que el esqueleto tiene
un ancho de un píxel, se puede recorrer pixel a píxel hasta encontrar una bifurcación o un punto final.
Los nodos se registran como aquellos píxeles que representan bifurcaciones o puntos finales, y las aristas
se conectan entre nodos utilizando las secciones del esqueleto como referencia. Además, se registra el
largo real en términos de píxeles recorridos entre nodo y nodo como una característica de la arista. A
pesar de obtener el grafo que representa la arquitectura del sistema de raíces en un momento dado,
este enfoque por sí solo no es suficiente para medir los parámetros de interés, ya que no se sabe a qué
secciones de la raíz pertenecen los nodos (si son de la raíz principal o de las raíces laterales).

Etiquetado del grafo: Para abordar este problema, se aprovecha la dinámica temporal del creci-
miento. Inicialmente, se asume que solo hay una raíz principal en plantas de Arabidopsis thaliana. Esto
permite etiquetar los dos primeros nodos en el grafo como el inicio y el final de la raíz principal. A
medida que se construye el grafo en momentos temporales posteriores, se realiza un seguimiento basado
en el vecino más cercano para propagar las etiquetas de los nodos de manera progresiva. Los nodos
recién agregados se etiquetan como bifurcaciones (nodos con más de un vecino) o extremos de raíces
laterales (nodos con solo un vecino), lo que permite distinguir la raíz principal del resto de los nodos en
el grafo. Este procedimiento también permite identificar en el esqueleto cuál es la raíz principal, cuáles
son las raíces laterales y el orden en que aparecen a lo largo del tiempo. Gracias a esta información, no
solo se obtiene el grafo etiquetado en cada momento, sino que también se puede generar una máscara
de segmentación multiclase, etiquetando las secciones del esqueleto que pertenecen a la raíz principal
y las que pertenecen a las raíces laterales, y luego dilatando esta máscara para volver al grosor normal
de las raíces.

Figura 2.2: Salida del modelo y ejemplos de parámetros fenotípicos extraíbles.

Extracción de parámetros fenotípicos:
Una vez obtenido el grafo, la extracción de parámetros fenotípicos se realiza utilizando las distintas

salidas del modelo. Se puede medir la longitud de la raíz principal siguiendo el camino más corto
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entre el nodo de inicio y el nodo tip, que fueron rastreados temporalmente. Esto nos permite etiquetar
las aristas que forman este camino como raíz principal, y, por lo tanto, definir el resto de las aristas
como raíces laterales. Sumando los pesos de las aristas, que contienen la longitud real del esqueleto en
términos de píxeles y multiplicando estos largos por el tamaño en milímetros de los píxeles (obtenible
gracias a un código QR de tamaño fijo que se coloca en la placa), obtenemos la longitud de la raíz
principal y la longitud de las raíces laterales, respectivamente. Para obtener la cantidad de raíces
laterales, una aproximación inicial es contar los nodos de la raíz principal menos 2, pero dado que
pueden existir loops, donde la raíz lateral vuelve a chocar con la principal, se resta 1 por cada uno de
estos loops encontrados. La segmentación, a su vez, nos permite obtener parámetros a través del convex
hull (el polígono convexo de menor tamaño que contiene toda la segmentación), como el área ocupada
por la raíz o la relación entre altura y ancho. Partiendo desde los nodos de inicio de raíz lateral, y
caminando sobre el esqueleto, también podemos obtener ángulos respecto al eje de gravedad a medidas
fijas (obteniendo un ángulo de emergencia) o hasta el final de la raíz lateral (obteniendo el ángulo total
de la raíz). A partir de todas estas métricas, también se pueden derivar métricas adicionales, como
velocidades de crecimiento, porcentaje de raíz principal sobre el total, etc. Ejemplos de los parámetros
primarios obtenidos se pueden observar en la Figura 2.2.

2.3. Experimentos y resultados

2.3.1. Base de datos

Generamos dos conjuntos de datos diferentes en este trabajo. El primero se utilizó para entrenar
y evaluar el rendimiento de los modelos de segmentación, mientras que el segundo se empleó como
un caso de uso exploratorio para evaluar el crecimiento de las raíces bajo fotoperíodos alternativos,
específicamente bajo luz continua (denominado continuous light) y un ciclo de 16 horas de luz y 8
horas de oscuridad (denominado long day). Es importante destacar que al dividir las particiones de
entrenamiento, validación y prueba, evitamos incluir imágenes correspondientes al mismo video en
diferentes particiones para evitar evaluaciones sesgadas y excesivamente optimistas.

Conjunto de datos utilizado para entrenar y validar los modelos de aprendizaje
profundo para la segmentación de raíces:

• Este conjunto de datos de entrenamiento consta de 331 imágenes recopiladas de 55 videos
diferentes. En promedio, se tomaron seis imágenes de la misma placa en diferentes estados
de crecimiento.

• El conjunto de datos de prueba consta de 55 imágenes recopiladas de 11 videos diferentes,
con 5 imágenes por video.

Conjunto de datos para el caso de uso:

• En este caso de uso exploratorio, se utilizaron 12 videos para cada uno de los dos fotoperíodos
analizados (luz continua y ciclo de 16 horas de luz / 8 horas de oscuridad).

• Las imágenes se capturaron a intervalos de 15 minutos a lo largo de los primeros 17 días, lo
que resultó en un total de 1632 fotogramas por fotoperíodo.

• Después de procesar los videos, se descartaron los resultados correspondientes a los primeros
3 días previos a la germinación de las semillas para centrarse en el período de crecimiento
de las raíces.

• Se seleccionaron 25 plantas de cada fotoperíodo para llevar a cabo los análisis de crecimiento
temporal.

2.3.2. Resultados

Para la evaluación de los modelos de segmentación, medimos tres métricas diferentes:
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DSC Recall HD (mm)
Model Umbralizado CRF Umbralizado CRF Umbralizado CRF Time # Params

UNet 0.769±0.048 0.774±0.044 0.871±0.044 0.830±0.056 10.25±7.45 9.39±7.94 0.29s 488.212
ResUNet 0.768±0.050 0.770±0.047 0.862±0.046 0.823±0.057 8.83±6.71 7.53±5.91 0.33s 505.046
Deeply

Supervised
ResUNet (propuesto)

0.769±0.048 0.772±0.045 0.861±0.044 0.815±0.057 8.14±7.34 6.95±5.42 0.49s 532.336

SegNet 0.768±0.043 0.773±0.040 0.862±0.044 0.824±0.053 7.42±6.40 6.81±5.65 1.49s 29.460.450
DeepLab 0.666±0.055 0.609±0.079 0.763±0.077 0.600±0.113 7.58±7.79 7.56±7.52 1.86s 58.009.410

Ensamble (propuesto) 0.772±0.048 0.774±0.044 0.864±0.044 0.804±0.061 6.68±5.08 6.45±4.98 4.5s

Tabla 2.1: Evaluación cuantitativa de las diferentes arquitecturas de CNN comparadas. Se
evaluaron el coeficiente Dice-Sørensen, la distancia de Hausdorff y la sensibilidad (recall), los tiempos
de ejecución fueron medidos en un equipo Intel Core i7-8700, con 64 GB de RAM, utilizando una GPU
NVIDIA Titan Xp.

1. El coeficiente Dice-Sørensen (DSC) cuantifica la superposición entre la predicción y la máscara
de segmentación de referencia.

2. La distancia de Hausdorff (HD) indica la distancia máxima entre la predicción y la máscara de
segmentación de referencia.

3. La sensibilidad representa la proporción de píxeles de raíz recuperados sobre el total de píxeles
de raíz.

Los resultados cuantitativos se encuentran detallados en la Tabla 2.1, donde se comparan salidas
sin preprocesar utilizando solo umbralizado, y salidas preprocesadas mediante Conditional random
fields (CRF) [50], comúnmente utilizados para esta tarea. Basándonos en estos hallazgos, proponemos
la adopción de dos modelos diferentes según el contexto de aplicación, considerando la búsqueda de
velocidad o precisión. En el caso del método rápido, observamos que las variantes de UNet se destacan,
siendo capaces de procesar una imagen de alta resolución en tan solo medio segundo utilizando una
GPU estándar. Estos modelos presentan una menor complejidad de parámetros en comparación con
arquitecturas como SegNet (Badrinarayanan et al., 2017) y DeepLab (Chen et al., 2018), lo que explica
su tiempo de ejecución reducido. Entre los modelos UNet, resalta la arquitectura Deeply Supervised
ResUNet propuesta en esta tesis, que muestra una distancia de Hausdorff significativamente menor
mientras mantiene valores igualmente buenos para el coeficiente de DSC y la sensibilidad. Por otro lado,
en el enfoque de método preciso, sugerimos la combinación de todas las arquitecturas implementadas
en un ensamble. Aunque esto aumenta el tiempo de ejecución en un factor de 9, se logra el mejor
rendimiento en todas las métricas, superando a modelos como SegNet y DeepLab.

La elección de usar una alternativa u otra dependerá de las capacidades computacionales de quien
quiera utilizar esta herramienta. Analizar un video en crecimiento, como los propuestos para el caso de
uso a presentar, requiere segmentar 1632 imágenes, lo que tomaría 13.6 minutos en el modelo rápido o
122.4 minutos con el modelo preciso. El caso de uso requirió segmentar 24 videos, lo que equivaldría a
6 horas de GPU con el modelo rápido o casi 49 horas con el modelo preciso, y posteriormente realizar
la extracción de los grafos temporales planta por planta.

En la Figura 2.3, se puede observar la dinámica de los distintos parámetros fenotípicos extraídos a
lo largo del tiempo. En particular, observamos que los valores de largo de la raíz principal (MR Length),
largo de las raíces laterales (LR Length) y número de raíces laterales (Number of LR) coinciden con
los valores obtenidos manualmente por los biólogos para instantes fijos de crecimiento. También se
identificaron nuevos parámetros, como la velocidad de crecimiento de la raíz principal (MR Growth
Speed) y su transformada de Fourier, que mostraron diferencias notables entre las condiciones de luz
continua y las de día y noche, destacándose una diferencia importante en las frecuencias de 1/24hs
y 1/12hs. Esto conllevó a reafirmar resultados biológicos conocidos respecto al ciclo circadiano de las
raíces que sugieren que las plantas crecen más rápido durante el día que durante la noche, que no
habían podido ser cuantificado hasta este momento.

Para una descripción detallada de los resultados obtenidos y su discusión, puede referirse a la
Seccion Analyses del Apéndice B.
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Figura 2.3: Parámetros fenotípicos observados a través del tiempo. (A) Muestra el largo de la
raíz principal promedio por fotoperíodo a lo largo del tiempo, con el desvío estándar sombreado. (B)
El largo de las raíces laterales (C) El número de raíces laterales (D) La velocidad de crecimiento de
la raíz principal (E) La transformada de Fourier de la velocidad de crecimiento (F) La proporción de
raíz principal en el total de raíces (TR)
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Sección 3

Método unificado 2D: segmentación
anatómica basada en landmarks para
imágenes de rayos X

En el capítulo anterior se introdujo en método desacoplado para la extracción de grafos a partir
de imágenes 2D. Tal como fue anticipado, dicho método presenta etapas independientes, que pue-
den introducir errores acumulables que disminuyan la performance de los modelos. En este capítulo,
presentaremos una nueva arquitectura híbrida de redes neuronales convolucionales, diseñada para ob-
tener estructuras de grafo directamente a partir de imágenes, sin la necesidad de contar con etapas
desacopladas de procesamiento.

3.1. Antecedentes

Desde principios de la década de 1990, la tarea de segmentar estructuras anatómicas se ha abordado
con el uso de landmarks, utilizando distintas variantes de lo que se conoce como modelo de distribución
de puntos (PDM, por sus siglas en ingles, point distribution model) [19]. Los PDM son plantillas de
forma flexibles que describen cómo pueden variar las ubicaciones relativas de los landmarks. Técnicas
basadas en PDM, como los modelos de forma activa (ASM) [19, 87] y los modelos de apariencia activa
(AAM) [18], fueron convirtiendose en el estándar para la segmentación anatómica a fines del siglo
pasado. Posteriormente, durante la siguiente década, el desarrollo de algoritmos de registración de
imágenes más potentes y robustos [101] posicionó a los algoritmos de deformable template matching
como la opción preferida para la segmentación anatómica y construcción de atlas [29, 37, 72].

Más recientemente, con la llegada de las CNN al mundo de la segmentación de imágenes médicas
[84, 82], se realizaron grandes esfuerzos para incorporar restricciones anatómicas en tales modelos
[45, 66]. Sin embargo, la mayoría de estos métodos trabajan directamente en el espacio de píxeles,
produciendo máscaras de segmentación densas, pero sin proveer ni incorporar información sobre la
estructura anatómica subyacente. Por el contrario, modelos estructurados como los grafos pueden
representar fácilmente landmarks, contornos y superficies. En línea con esta idea, estudios recientes
[60, 7, 6] han integrado CNN estándar con diferentes representaciones de estructuras de landmarks.
Estos métodos emplean representaciones de forma de baja dimensionalidad, como la descomposición
del espacio de los landmarks mediante Análisis de Componentes Principales (PCA) [60, 7] o modelos
más sofisticados de distribución de partículas [6].

Es en este contexto donde proponemos una nueva dirección, inspirada en investigaciones sobre
modelos generativos de grafos [79]. Nuestra propuesta es reemplazar las representaciones lineales tra-
dicionales por representaciones no lineales basadas en convoluciones en grafo [10]. En este capítulo,
exploraremos en detalle cómo este enfoque se traduce en una metodología para la segmentación ana-
tómica basada en landmarks de imágenes de rayos-X.

15
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3.2. Métodos propuestos

3.2.1. Descripción del problema

Supongamos que tenemos un dataset D = {(I,G)n}0<n≤N , compuesto de N imágenes I con su
correspondiente segmentación basada en landmarks representada como un grafo G = ⟨V,A,X⟩, donde
V es el conjunto de vértices para M landmarks, A ∈ {0, 1}M×M es la matriz de adyacencia indicando
la conectividad entre pares de vértices (aij = 1 indica que hay una arista que conecta los vértices i y
j, mientras aij = 0 indica lo contrario) y X ∈ RM×s es una función (representada como una matriz)
asignando un vector de características a cada vértice. En este caso, asigna una coordenada espacial
bidimensional (la posición del landmark en la imagen) a cada vértice (s = 2). En este contexto es
común tener anotaciones manuales con el mismo número de nodos. Por lo tanto, asumiremos que V
y A son iguales para todas las imágenes del dataset, siendo la única diferencia entre ellas la posición
espacial de los landmarks definida en X. Asumir esto nos permite seguir el trabajo de [22, 79] y usar
convoluciones espectrales en grafos para aprender representaciones no lineales de la anatomía.

3.2.2. Convoluciones espectrales en grafos

Las convoluciones espectrales en grafos se construyen utilizando la descomposición en valores y
vectores propios de la matriz Laplaciana del grafo, aprovechando la propiedad de que las convoluciones
en el dominio de los vértices son equivalentes a multiplicaciones en el dominio espectral del grafo [86],
de manera análoga a cómo las convoluciones en señales 2D son equivalentes a multiplicaciones en el
dominio frecuencial.

Siguiendo el trabajo de Defferrard et al [22], restringimos la clase de filtros que utilizaremos pa-
ra la convolución a filtros polinomiales, ya que estos tienen la propiedad de funcionar estrictamente
localizados en el dominio de los vértices (un polinomio de orden k considera k saltos de vecindad a
partir del vértice central) y reducen computacionalmente la complejidad del operador de convolución.
Más aún, estos filtros pueden aproximarse utilizando una aproximación en términos de polinomios de
Chebyshev, que se computan recursivamente. Siguiendo el trabajo de [22, 79], tomaremos esta apro-
ximación para implementar las convoluciones espectrales, notando en particular que una convolución
espectral tomará matrices de características Xℓ como entrada y producirá versiones filtradas Xℓ+1

como salida, similar a cómo las convoluciones trabajan sobre mapas de características en el dominio
de la imagen.

3.2.3. Autocodificadores

El modelo propuesto toma imágenes como entrada y genera un grafo como salida, combinando
convoluciones estándar en imágenes con convoluciones en grafos, con la idea de que esta estructura
se puede entrenar de manera unificada, mediante la retro propagación directa de una función de
pérdida sobre el espacio de los nodos del grafo. Su diseño está influenciado por los autocodificadores
variacionales [48], que modelan el espacio latente como una variable Gaussiana multivariada. Para
comprender mejor este concepto, primero definamos lo que son los autocodificadores.

Los autocodificadores (o autoencoders en inglés) son redes neuronales diseñadas para reconstruir
su entrada en la salida de la misma red. Siguen una estructura codificador-decodificador, similar a la
arquitectura de la red neuronal U-Net, pero sin incorporar conexiones de salto. En un autocodificador,
un codificador z = fenc(x) mapea la entrada x a un código latente z de menor dimensión, que luego
es procesado por el decodificador fdec(z) para reconstruir la entrada original. La restricción impuesta
por la baja dimensionalidad del código z obliga al modelo a capturar información relevante, lo que
lleva al aprendizaje de representaciones efectivas de la distribución de datos.

Estos modelos se entrenan para minimizar una función de pérdida Lr(I, fdec(fenc(I))),que considera
la reconstrucción de la entrada en la salida. Para regularizar el espacio latente z, se agrega un término
a la función de costo, convirtiendo el autocodificador en un autocodificador variacional [48]. En este
enfoque, se asume que los códigos en el espacio latente z se muestrean de una distribución Q(z), que se
elige como una Gaussiana multivariada con media 0 y desviación estándar 1. En la práctica, durante
el entrenamiento, esto significa que los códigos en el espacio latente z se muestrean de una distribución
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Figura 3.1: Modelo Híbrido: El modelo híbrido propuesto (abajo) es una arquitectura codificador-
decodificador que combina convoluciones estándar para la codificación de características de la imagen
(en azul), con convoluciones espectrales en grafos (en verde) para decodificar representaciones anató-
micas plausibles.

N (µ, σ) utilizando el truco de la reparametrización [48]. Aquí, µ y σ son parámetros determinísticos
generados por el codificador fenc(I).

Dado un valor muestreado z, podemos generar (reconstruir) el dato correspondiente utilizando el
decodificador fdec(z). La función de entrenamiento del modelo se define como:

La = Lr(I, fd(z)) + w KL (N (0, 1)||Q(z|I)) , (3.1)

donde el primer término es la pérdida de reconstrucción, el segundo término impone una distribución
Gaussiana N (0, 1) en el espacio latente a través de la divergencia de Kullback-Leibler, y w es un factor
de escala.

Dado que los autocodificadores pueden aplicarse a todo tipo de datos estructurados, como imágenes
y grafos, esto nos permite entrenar un autocodificador para aprender la distribución de ciertas imágenes
de interés y otro para modelar la distribución de grafos asociados a esas imágenes.

3.2.4. Modelos híbridos

En base a estas ideas, se construyó un modelo híbrido que combina el codificador de un autocodifi-
cador entrenado para reconstruir imágenes f I

enc con el decodificador de un autocodificador entrenado
para reconstruir grafos fG

dec, lo que permite obtener un grafo que represente la estructura de interés
presente en la imagen. En la Figura 3.1 se puede ver ilustrada esta idea, aplicada a una imagen de
rayos X junto con segmentaciones representadas mediante grafos que modelan el contorno de los órga-
nos (pulmones, clavículas y corazón en el ejemplo). Para establecer la conexión entre el codificador y
el decodificador, se requiere que ambos utilicen capas completamente conectadas llegando el codifica-
dor a un espacio latente z con un tamaño determinado, y el decodificador partiendo desde ese mismo
tamaño.

3.2.5. Aprendiendo en múltiples resoluciones

Al decodificador convolucional en grafos se le agregó una capa fija de sobremuestreo (unpooling),
provocando que durante la etapa de decodificación haya dos resoluciones. A partir del muestreo desde
espacio latente (enz), se obtiene un grafo de menor resolución mediante una capa completamente
conectada. Luego, se utilizan capas de convoluciones en grafo y posteriormente se sobremuestrea para
llegar a la resolución original. Esto permite aprender características en distintas resoluciones, siguiendo
el trabajo en autocodificadores en grafos realizado en [79]. Adoptamos una estrategia simple, donde



18 SECCIÓN 3. MÉTODO UNIFICADO 2D

F
L
A
T
T
E
N

C x H x W
→ C.H.W

R
E
S
H
A
P
E

n.f → n x f

N x F

IGSC

IGSC

IGSC

Residual CNN block

GCNN block

CNN to GNN skip 
connection block

Maxpool 2d

Graph unpooling

Deep 
supervision 
loss 1

Deep 
supervision 
loss 2

Intermediate node positions

GCNN Layer
n x f

RoI 
Align

Node 
positions

C x H x W
Feature 
Maps

Concatenation

n x C

n 
x 

2

n x (f+2+C)

𝝁

𝝈

S
A
M
P
L
E

C:  number of channels/features maps
H:  height
W: width
n:  number of nodes 
     (downsampled graph)
f:   number of features 
     (1st layer)
N: number of nodes (full graph)
F: number of features 
    (4th layer)

Feature mapsPredicted node
positions

Intermediate graph
feature maps

RoI Align 
sampling

Concatenation 
of features

(a) (b)

Figura 3.2: (a) La arquitectura HybridGNet propuesta combina convoluciones estándar en imágenes
(celeste) con convoluciones espectrales en grafos (verde) para obtener segmentaciones anatómicamente
plausibles mediante representaciones basadas en grafos. (b) Visualización ilustrativa del muestreo me-
diante RoIAlign y la concatenación de las características obtenidas al grafo, dentro del módulo IGSC.

todos los grafos G en nuestro dataset son preprocesados para obtener grafos de menor resolución Gk

al reducir a la mitad el número de nodos k veces consecutivas, reemplazando un par de nodos por uno
solo, computado como el promedio de estos mismos. Luego, la capa de sobremuestreo propuesta hace la
operación inversa a esta tarea, duplicando los nodos y colocando los nuevos en posiciones interpoladas
entre los de baja resolución.

3.2.6. Conexiones de salto entre grafos e imágenes

Bajo la hipótesis de que características locales pueden ayudar a producir mejores estimaciones de
las posiciones finales de los landmarks, se diseñó una nueva capa de conexiones de salto entre imágenes
y grafos, denominada Image-to-Graph Skip Connection (IGSC). IGSC utiliza el bien conocido módulo
de extracción de características localizadas en modelos de detección llamado RoIAlign [35], con el fin
de obtener características localizadas en una ventana alrededor de cada nodo desde una capa del codi-
ficador en particular. Para aprender desde qué posiciones obtener las características para cada nodo,
se requiere la incorporación de una capa intermedia que aprenda las posiciones de los nodos mediante
deep supervision [54] a partir de las características del grafo de cada nodo. Así, las características del
codificador muestreadas en el nivel correspondiente se concatenan a las características del grafo (de
forma similar a como sucede en los clásicos saltos de conexiones o skin-connections de la arquitectura
UNet clásica) y a las posiciones desde las que se obtuvieron, obteniendo un grafo con características
aumentadas.

3.2.7. Modelo HybridGNet completo

Combinando las ideas del modelo híbrido propuesto originalmente, con el aprendizaje a distintas
resoluciones, la supervisión profunda y la extracción localizada de características para la aumentación
del grafo, obtenemos la arquitectura final, denominada HybridGNet, que se puede observar en la Figura
3.2.a). El grafo aumentado se ilustra gráficamente en la subfigura (b). Para más detalles sobre la
metodología, remitimos al Apéndice C, donde se introdujo por primera vez esta arquitectura, y al
Apéndice D, donde se extiende la idea original mediante la incorporación de múltiples resoluciones y
el uso de conexiones de salto entre imágenes y grafos.
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Tabla 3.1: Resultados de la segmentación anatómica basada en landmarks para el conjunto de datos
JSRT. Media (desviación estándar). HD en milímetros.

Tipo

Métodos en
Landmarks

Métodos
nivel pixel

Model MSE DSC Lungs HD Lungs DSC Heart HD Heart
PCA 340.024 (243.549) 0.945 (0.014) 17.445 (9.669) 0.906 (0.037) 14.602 (5.400)
FC 332.197 (242.379) 0.945 (0.017) 17.535 (10.352) 0.910 (0.038) 15.020 (5.785)
MultiAtlas 492.262 (298.138) 0.944 (0.013) 20.317 (9.344) 0.886 (0.056) 16.780 (6.839)
HybridGNet (sin IGSC) 294.621 (274.497) 0.952 (0.013) 15.642 (10.922) 0.913 (0.038) 13.658 (5.548)
HybridGNet (2 IGSC) 200.748 (211.080) 0.974 (0.007) 12.089 (9.344) 0.933 (0.031) 11.613 (5.581)
UNet − 0.981 (0.008) 21.839 (26.291) 0.942 (0.030) 25.176 (34.570)
UNet + Post-DAE − 0.965 (0.010) 17.969 (14.457) 0.935 (0.029) 15.444 (14.283)
nnUNet − 0.984 (0.005) 9.615 (7.874) 0.952 (0.023) 9.782 (5.006)

3.3. Experimentos y Resultados

3.3.1. Base de Datos
Utilizamos el conjunto de datos de la Asociación Japonesa de Tecnología Radiológica (JSRT) [85],

que consta de 247 imágenes de alta resolución con anotaciones de puntos de referencia realizadas por
expertos para los pulmones, el corazón y las clavículas [32]. Para estos experimentos, nos centramos en
los puntos de referencia del pulmón y el corazón, que incluyen un número fijo de 44, 50 y 26 puntos de
referencia para cada paciente, correspondientes al pulmón derecho, el izquierdo y el corazón, respec-
tivamente. Para evaluar el rendimiento de los modelos en situaciones de cambio de dominio, también
incorporamos las bases de datos Shenzhen [43] y Montgomery [13], que solo contienen máscaras de
pulmón. Para evaluar el rendimiento frente a oclusiones reales causadas por marcapasos, incorporamos
un pequeño subconjunto del conjunto de datos Padchest [11], con anotaciones manuales proporciona-
das por radiólogos del Hospital Italiano de Buenos Aires para este trabajo. Para obtener más detalles
sobre las bases de datos utilizadas, consulte el Apéndice D, sección IV-A.

3.3.2. Modelos para comparación
Para comparar, elegimos un conjunto de modelos basados en landmarks, empezando por un modelo

de segmentación MultiAtlas [39] y dos modelos de forma: uno basado en un decodificador de PCA y
otro cuyo decodificador es simplemente una capa completamente conectada, ambos utilizando el mismo
codificador que la HybridGNet. A la vez, elegimos modelos muy utilizados en segmentación a nivel
pixel para compararnos, tomando una UNet [82] a la que le aplicamos el método PostDAE [51] para
obtener segmentaciones con mayor plausibilidad anatómica. Por último, utilizamos el modelo nnUNet
[42], que incluye un proceso de autoconfiguración para obtener la mejor performance ante un conjunto
de datos de entrenamiento. nnUNet representa actualmente el estado del en segmentación de imágenes
médicas a nivel pixel.

3.3.3. Evaluando la segmentación anatómica
Como primer experimento, comparamos HybridGNet sin y con conexiones de salto con modelos del

estado del arte basados en landmarks y píxeles. La Tabla 3.1 muestra cómo HybridGNet supera a los
distintos modelos basados en landmarks en términos de todas las métricas observadas. La incorporación
de las conexiones de salto produce una mejora significativa en los resultados y establece a HybridGNet
como una opción altamente competitiva en comparación con el método de segmentación médica del
estado del arte, nnUNet [42].

3.3.4. Evaluación en contexto de cambio de dominio
En un segundo experimento, evaluamos los mismos modelos, pero en un escenario más complejo, el

de cambio de dominio. El cambio de dominio se refiere a una variación en el dominio en el que se evalúa
el modelo, en comparación con el dominio en el que se entrenó [17]. En muchos casos, el cambio de
dominio puede provocar una disminución significativa en el rendimiento de los métodos supervisados
de aprendizaje automático. Este problema puede surgir debido a varios factores, como cambios en
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Tabla 3.2: Resultados de cambio de dominio para la segmentación anatómica basada en landmarks del
conjunto de datos JSRT a Montgomery y Shenzhen. Media (desviación estándar). HD en píxeles.

Model
Montgomery Shenzhen

DSC Lungs HD Lungs DSC Lungs HD Lungs
PCA 0.906 (0.082) 60.08 (36.89) 0.894 (0.054) 79.12 (47.73)
FC 0.897 (0.087) 60.02 (35.77) 0.895 (0.051) 77.11 (48.15)
Multi-alas 0.909 (0.080) 61.77 (31.62) 0.900 (0.054) 88.13 (48.94)
HybridGNet (sin IGSC) 0.909 (0.070) 55.97 (35.70) 0.901 (0.047) 72.13 (47.40)
HybridGNet 2 IGSC 0.954 (0.043) 45.50 (32.48) 0.935 (0.038) 64.46 (51.53)
UNet 0.944 (0.068) 127.72 (97.76) 0.933 (0.055) 220.89 (102.94)
UNet+PostDAE 0.907 (0.102) 119.53 (85.10) 0.906 (0.083) 135.05 (97.32)
nnUNet 0.955 (0.068) 44.79 (60.31) 0.949 (0.055) 61.31 (67.97)

Tabla 3.3: Resultados de la generación de anotaciones de landmark a partir de segmentaciones densas
en el conjunto de datos JSRT. Promedio (desviación estándar). HD en milímetros.

Modelo MSE DSC Pulmones HD Pulmones DSC Corazón HD Corazón
PCA 77.2(133.7) 0.978(0.009) 6.02(3.46) 0.97(0.007) 4.37(1.61)
FC 105.3(173.2) 0.970(0.014) 7.82(3.96) 0.96(0.014) 5.78(2.94)
Multi-atlas 236.3 (244.8) 0.991 (0.004) 10.98(8.53) 0.99 (0.006) 4.64(2.48)
HybridGNet (sin IGSC) 96.9(145.0) 0.970(0.009) 7.65(3.75) 0.96(0.013) 6.02(2.77)
HybridGNet 2 IGSC 55.1 (113.4) 0.991 (0.003) 3.92 (4.42) 0.99 (0.005) 2.58 (1.59)

los métodos de adquisición, diferentes centros médicos o diferentes características demográficas de
la población. En este contexto, evaluamos el rendimiento del modelo entrenado en datos de JSRT,
obtenidos de centros clínicos en Japón, cuando se evalúa con imágenes de los conjuntos de datos
Shenzhen (China) y Montgomery (Estados Unidos). La Tabla 3.2 muestra que el modelo de HybridGNet
con 2 conexiones de salto experimenta una disminución mucho menor en el rendimiento en comparación
con los otros modelos, lo que demuestra su capacidad para funcionar bien incluso en situaciones de
cambio de dominio. Para obtener más detalles sobre estos resultados, consulte el Apéndice D, sección
V-3.

3.3.5. Generación de nuevas bases de datos mediante HybridGNet

Como tercer experimento, y debido a la limitada disponibilidad de datos con anotaciones de land-
mark, desarrollamos un experimento en el cual, en lugar de utilizar imágenes como entrada, suminis-
tramos segmentaciones densas al modelo con el propósito de obtener landmarks con correspondencia
uno a uno. Esta estrategia nos permitió entrenar nuestro modelo en nuevos conjuntos de datos.

Al contar con segmentaciones densas como referencia para los conjuntos de datos Montgomery,
Shenzhen y un pequeño subconjunto de Padchest, decidimos entrenar un modelo que transformara estas
segmentaciones en anotaciones basadas en landmarks. Inicialmente, entrenamos un modelo utilizando
los mismos conjuntos de entrenamiento y prueba de JSRT para validar esta estrategia, cuyos resultados
se encuentran en la Tabla 3.3. Es importante destacar que los resultados mostraron que, en términos
del Coeficiente Dice-Sørensen (DSC), HybridGNet con 2 conexiones de salto alcanza valores en el orden
de 0.99.

Con la confirmación de que nuestra hipótesis era acertada, procedimos a entrenar un modelo que
utilizara exclusivamente las imágenes de JSRT para generar anotaciones de landmark para los conjuntos
de datos de Montgomery y Shenzhen, así como para el subconjunto de Padchest, sin reservar ninguna
imagen para pruebas, dado que el modelo ya había sido validado. Para asegurar que las anotaciones
fueran idénticas a las de entrada, desplazamos los landmarks al punto más cercano en el contorno
original. Este proceso culminó en la creación de una nueva base de datos que denominamos Chest
X-ray Landmark Dataset y que se encuentra disponible de forma gratuita en GitHub1. Para obtener
detalles adicionales sobre este experimento, consulte la Sección D V-2.

1https://github.com/ngaggion/Chest-xray-landmark-dataset

https://github.com/ngaggion/Chest-xray-landmark-dataset
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Figura 3.3: Estudio de oclusiones artificiales. (a) Coeficiente Sorensen-Dice y (b) distancia de Haus-
dorff para un aumento del tamaño del bloque de oclusión en oclusiones artificiales. (c) Resultados
cualitativos.

3.3.6. Evaluación de la robustez ante oclusiones
Por último, desarrollamos dos experimentos para evaluar la robustez del modelo en casos más

extremos, como lo son las oclusiones de imágenes. Las oclusiones de imágenes (IO) son una ocurrencia
común en las radiografías de tórax, ya sea debido a la desidentificación del paciente, lo que implica
la cobertura de información confidencial con parches negros, o a la presencia de dispositivos como
marcapasos, tubos, cables o electrodos que pueden ocultar partes importantes de órganos u otras
estructuras de interés.

En un primer experimento, simulamos oclusiones artificiales utilizando cuadros negros de diferentes
tamaños en las imágenes de prueba de JSRT. Es importante notar que el modelo no fue entrenado con
imágenes que posean dichas oclusiones (ver las Figuras 3.3 (a) y (b)). Observamos que HybridGNet
demuestra ser más resistente a estas oclusiones en comparación con los modelos basados en píxeles,
sobre todo al aumentar su tamaño.

En el segundo experimento (ver Figura 3.4), evaluamos oclusiones reales causadas por dispositivos
médicos utilizando un conjunto de imágenes de pacientes con marcapasos del conjunto de datos Pad-
chest. Para evitar problemas de cambio de dominio en este contexto, desarrollamos nuevos modelos
incorporando en entrenamiento la gran mayoría de las imágenes de Padchest para las cuales obtuvimos
anotaciones en landmark, excluyendo aquellas con marcapasos. Observamos que en esta configura-
ción, HybridGNet supera a UNet, y aunque no se obtuvieron diferencias significativas en términos
cuantitativos en comparación con nnUNet, visualmente se evidencia que las oclusiones no afectan la
segmentación de HybridGNet. Para obtener información detallada sobre estos resultados, consulte el
Apéndice D, Sección V-4.
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Sección 4

Método unificado 3D: extracción de
mallas a partir de imágenes de
resonancia magnética cardíaca

En el capítulo anterior se presentó un modelo para extracción de grafos a partir de imágenes 2D.
En este capítulo, se presenta una extensión de dicha arquitectura pensada para obtener grafos que
representen mallas de superficie y volumétricas a partir de imágenes 3D, con aplicación al problema
de análisis de imágenes cardíacas.

4.1. Antecedentes

La obtención precisa de mallas tridimensionales del corazón a partir de imágenes de resonancia
magnética cardíaca (CMR) desempeña un papel fundamental en el diagnóstico, tratamiento y estu-
dio de enfermedades cardiovasculares. Estas mallas son esenciales para estudiar el corazón: realizar
simulaciones, identificar biomarcadores o analizar su funcionamiento.

La generación detallada y anatómicamente plausible de mallas ventriculares a partir de CMR es
un desafío que consume mucho tiempo si se realiza de manera manual. Los métodos automáticos para
la extracción de mallas dependen en su mayoría de una serie de etapas, generalmente incluyendo la
segmentación a nivel de voxel, la extracción de malla superficial y, finalmente, la generación de una
malla volumétrica [24, 64]. Una de las principales limitaciones de estos enfoques es que las técnicas
de segmentación a nivel de voxel (generalmente modelos de aprendizaje profundo como U-Net [82]
o V-Net volumétrico [59]) son propensas a introducir errores debido al soporte local de los modelos
convolucionales, lo que resulta en máscaras poco realistas con agujeros o segmentaciones espurias
[52]. Otros enfoques se basan en deformar una plantilla inicial. En este sentido, estudios previos han
propuesto estimar las deformaciones de los nodos de la malla [77, 69] o deformar directamente el espacio
que encierra una plantilla de corazón completa lista para la simulación [49]. Sin embargo, la precisión
de estos enfoques está limitada por la calidad de las deformaciones estimadas.

Más cerca de nuestro trabajo, en [90, 97] se entrena una red neuronal de extremo a extremo
para estimar formas parametrizadas directamente a partir de imágenes. Estos métodos infieren los
parámetros de un modelo de forma basado en Análisis de Componentes Principales (PCA) utilizando
redes neuronales convolucionales. A pesar de la utilidad de los modelos basados en PCA en la extracción
de mallas a partir de imágenes volumétricas, su expresividad está inherentemente limitada por la
linealidad del PCA. Para abordar esta limitación, mejoramos la expresividad de las formas paramétricas
aprovechando un decodificador no-lineal de grafos convolucionales, capaz de manejar tanto mallas
superficiales como volumétricas.

23
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4.2. Métodos propuestos

4.2.1. Descripción del problema
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Figura 4.1: Arquitectura del modelo propuesto para la extracción de mallas cardíacas a partir de
imágenes de resonancia magnética cardíaca.

La Figura 4.1 muestra el modelo propuesto, al que denominamos MV-HybridVNet, por Multi-view
Hybrid Volumetric Network, de forma similar a la HybridGNet presentada en el capítulo anterior. MV-
HybridVNet recibe varios tipos de imágenes de resonancia magnética cardíaca (CMR): la vista de eje
corto (SAX, por short axis), una vista tridimensional en sección transversal adquirida perpendicular al
eje largo, y tres vistas 2D de eje largo (LAX, por long axis) para dos, tres y cuatro cámaras del corazón
(LAX 2CH, LAX 3CH y LAX 4CH, respectivamente). Estas vistas 2D se adquieren en paralelo al eje
largo. Con estas cuatro imágenes como entrada, nuestro objetivo es generar una malla que represente
las estructuras cardíacas de interés, ya sea una malla superficial o tetraédrica.

De manera similar al capítulo anterior, formulamos nuestro conjunto de datos D = {(I,G)n}0<n≤N ,
que consta de N conjuntos de imágenes CMR en múltiples vistas I = (ILAX 2CH, ILAX 3CH, ILAX 4CH, ISAX)
junto con sus correspondientes mallas cardíacas representadas como un grafo G = ⟨V,A,X⟩. Aquí,
V es el conjunto de vértices de M nodos, A ∈ {0, 1}M×M es la matriz de adyacencia que indica la
conectividad entre pares de vértices, y X ∈ RM×s es una función que asigna un vector de característi-
cas a cada vértice (s = 3 para coordenadas espaciales tridimensionales). Por construcción del dataset,
como veremos en la sección siguiente, asumiremos que V y A son iguales para todos los individuos
del conjunto de datos, siendo la única diferencia entre ellos la posición espacial de los nodos defini-
da en X. De esta manera, nuestra formulación utiliza convoluciones espectrales en grafos, siguiendo
nuevamente el trabajo de [22, 79]. Esta formulación nos permite utilizar la misma arquitectura para
mallas superficiales o tetraédricas, simplemente cambiando el número M de nodos en V y su matriz
de conectividad A, sin necesidad de modificar la arquitectura.

El modelo consta de un autocodificador variacional, similar al presentado en el capítulo anterior,
pero adaptado para múltiples datos de entrada. Los datos de entrada pasan a través de un codifica-
dor, f I

e , que aprende una representación latente de la estructura cardíaca. Luego, el decodificador de
convoluciones espectrales en grafo, fG

d , genera una malla que representa el órgano. Dado que nuestras
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entradas consisten en cuatro imágenes diferentes con tamaños y vistas distintas, empleamos lo que
denominamos un codificador multi vista. Creamos cuatro codificadores independientes, cada uno espe-
cializado en una vista, y concatenamos sus salidas para aprender un espacio latente conjunto z. Para
las imágenes de eje largo, utilizamos el mismo codificador bidimensional que en el capítulo anterior,
obteniendo fLAX 2CH

e , fLAX 3CH
e y fLAX 4CH

e . Para la imagen tridimensional de eje corto, utilizamos un
codificador convolucional 3D, fSAX

e , compuesto por bloques residuales tridimensionales intercalados
con maxpoolings. Esto nos permite definir el codificador multi vista de la siguiente manera:

f I
e = [fLAX 2CH

e , fLAX 3CH
e , fLAX 4CH

e , fSAX
e ]. (4.1)

Definimos el decodificador, fG
d , utilizando bloques de convoluciones espectrales en grafo de la misma

manera que en el capítulo anterior. Cada bloque convolucional consta de una convolución, una función
de activación no lineal (ReLU), y una capa de normalización por capas (Layer Normalization, en ingles)
[3]. Para capturar información a diferentes resoluciones, empleamos 5 de estos bloques, separados por
capas de sobremuestreo.

En contraste con los contornos en dos dimensiones, cuya estructura se asemeja a un grafo circu-
lante, la construcción de capas de muestreo y sobremuestreo para mallas triangulares o tetraédricas es
un desafío. Adoptamos la técnica propuesta por Ranjan et al. [79], que nos permite abordar esta pro-
blemática. El proceso comienza con la estimación de una matriz de muestreo a través de un algoritmo
iterativo de contracción de pares de vértices. El objetivo es reducir el número de vértices minimizan-
do el error de aproximación entre superficies. Simultáneamente, este algoritmo genera una matriz de
sobremuestreo para revertir este proceso y volver a la resolución original. Es importante destacar que
este proceso es computacionalmente costoso, llevando entre minutos y horas para reducir el tamaño de
una malla. Por lo tanto, optamos por realizarlo una sola vez en la malla atlas utilizada para construir
la base de datos. Generamos 4 pares de capas de muestreo y sobremuestreo, cada uno reduciendo o
aumentando a la mitad la cantidad de nodos, lo que nos proporciona una resolución mínima de 1/16
de la cantidad total de nodos de la salida. Las matrices de sobremuestreo permanecen fijas para el
decodificador, independientemente del dato de entrada. Cada salida en resoluciones intermedias se
somete a un proceso de supervisión profunda [54], donde estimamos versiones reducidas de las mallas
ground truth durante el entrenamiento. Esto se logra utilizando las capas de muestreo fijas aprendidas
previamente, con el objetivo de reducir el error de reconstrucción en cada nivel.

Además, se implementa una versión de una sola vista de nuestro enfoque propuesto, denominada
simplemente HybridVNet, que utiliza exclusivamente las imágenes de eje corto como entrada, resul-
tando en un modelo similar al enfoque presentado en el capítulo anterior. La Sección 3.2.3 del capítulo
anterior proporciona más detalles sobre la formulación variacional y el entrenamiento del modelo, que
se basa en una función de costo que utiliza el error cuadrático medio (MSE) y está regularizada me-
diante la divergencia de Kullback-Leibler. Para obtener más información sobre la arquitectura, consulte
el Apéndice E, Sección II-B.

4.2.2. Evaluando diferentes términos de regularización
En nuestros experimentos, con el fin de obtener mallas suaves, utilizamos técnicas comunes del

estado del arte como regularización de los vectores normales, del largo de las aristas, o mediante el
suavizado laplaciano, detalladas en [93]. Sin embargo, este tipo de métricas, pensadas e implementadas
en específico para mallas se superficie triangulares, no tienen en cuenta la estructura de elementos
más complejos como los tetraedros en casos de mallas volúmetricas. Para superar esta limitación,
proponemos una nueva función de regularización específicamente diseñada para mejorar la calidad de
los elementos tetraédricos presentes en las mallas generadas por un modelo, durante el proceso de
entrenamiento. La definimos de la siguiente manera:

Lter =
1

Nt

Nt∑

i=1

1

6

6∑

j=1

(
||eij ||2 −

1

6

6∑

k=1

||eik||2
)2

, (4.2)

donde Nt es la cantidad de tetraedros de la malla, i representa el i−ésimo tetraedro, y eij y eik
representan las aristas que forman el tetraedro. Este término fuerza la regularidad de los elementos
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penalizando las aristas cuyo largo se aleje demasiado del largo promedio de las aristas del tetraedro al
que pertenece.

4.3. Experimentos y resultados

4.3.1. Base de datos

Los datos para este estudio se recopilaron del UK Biobank (UKB). Los detalles del UKB se explican
en [73], y el protocolo de adquisición de CMR se detalla en [74]. Realizamos nuestros experimentos en
divisiones de entrenamiento/prueba de 4525 sujetos del UKB. Para asegurar una comparación justa con
trabajos previos y facilitar la reproducibilidad de nuestros resultados, utilizamos las mismas divisiones
de entrenamiento/prueba que [97], en las que se reservaron 600 sujetos como una división de prueba
separada.

El conjunto de referencia de mallas de superficie utilizada en este estudio, al que referiremos como
ground truth, se presentó en [97]. Se creó registrando un atlas de alta resolución del corazón humano
[81]. Este atlas consta de un modelo de malla que incluye cinco estructuras separadas: el ventrículo
izquierdo (LV), el ventrículo derecho (RV), la aurícula izquierda (LA), la aurícula derecha (RA) y la
aorta. Por lo tanto, por construcción, cada sujeto contiene el mismo número de vértices y matriz de
adyacencia que el atlas.

Dado que también queríamos probar el modelo en mallas volumétricas, generamos las anotaciones
volumétricas a partir de las mallas de superficie, utilizando la correspondencia uno a uno entre los
nodos de superficie para registrar un atlas volumétrico en el conjunto de datos de superficie. Utilizamos
Simpleware’s ScanIP [88] para construir la malla volumétrica del atlas, y luego registramos el atlas
volumétrico en todo el conjunto de superficie utilizando deformaciones de malla a malla con el algoritmo
thin-plate-splines, presente en la biblioteca Vedo [61].

Es importante notar que el procesamiento de las imágenes 3D de eje corto podía realizarse de
dos maneras, estableciendo una región de interés centrada en el corazón, y descartando el resto de la
información, como es común en la bibliografía [2, 97], o mediante la utilización de la imagen completa.
En nuestros experimentos probamos ambas maneras, con un método que recibe la imagen completa, y
otro que recibe un recorte.

Para más detalles sobre la construcción de las bases de datos, preprocesamiento de imágenes y de
la construcción de la bases de datos volumétrica, ver el Apéndice E, Secciones II-A y III-A.

4.3.2. Modelo para comparación

Comparamos los resultados de los modelos propuestos con el modelo Multi-Cue Shape Inference
Network (MCSI-Net) [97], que se considera el estado del arte en la generación de mallas cardíacas
a partir de imágenes de CMR en este conjunto de datos en particular. MCSI-Net utiliza dos redes
neuronales distintas: la primera infiere las coordenadas de la posición de la malla y un vector de
rotación, mientras que la segunda es una CNN que infiere los parámetros de un modelo de distribución
de puntos basado en PCA. Es importante destacar que MCSI-Net utiliza las mismas vistas de imágenes
que nuestra MV-HybridVNet pero también incorpora información clínica de los pacientes durante el
entrenamiento, lo cual constituye una diferencia importante en comparación con nuestro modelo.

4.3.3. Resultados en mallas de superficie

Para evaluar la calidad de las mallas cardíacas, utilizamos métricas basadas en mallas y máscaras.
Generamos máscaras de segmentación densas a partir de las mallas superficiales y evaluamos métricas
de segmentación clásicas como DSC, HD o la distancia promedio entre los contornos de referencia y los
contornos predichos (MCD, por mean contour distance). Para evaluar las mallas completas utilizando
métricas estándar, como el error cuadrático medio (MSE, por el ingles mean squared error), el error
absoluto promedio (MAE mean absolute error) y la raíz del error cuadrático medio (RMSE, por el ingles
root mean squared error) en milímetros, que utilizamos para comparar solo entre nuestros modelos.
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Tabla 4.1: Resultados cuantitativos sobre de segmentación en mallas de superficie.
Métricas MCSI-Net SAX HybridGNet3D MCSI-Net SAX-LAX MV-HybridGNet3D

Recorte Imagen completa Recorte Recorte Imagen Completa Recorte

Malla completa
MAE ↓ - 2.56 (0.62) 2.43 (0.59) - 2.26 (0.55) 2.18 (0.54)
MSE ↓ - 12.20 (7.11) 11.27 (6.69) - 9.29 (5.48) 8.80 (5.31)

RMSE ↓ - 3.38 (0.89) 3.25 (0.86) - 2.95 (0.76) 2.87 (0.76)

LV Endo
DSC ↑ 0.87 (0.05) 0.89 (0.05) 0.90 (0.04) 0.88 (0.05) 0.90 (0.04) 0.91 (0.04)
HD ↓ 5.13 (1.97) 4.48 (1.32) 4.08 (1.22) 4.74 (1.75) 4.22 (1.22) 3.89 (1.18)

MCD ↓ 1.93 (0.83) 1.67 (0.55) 1.49 (0.49) 1.86 (0.79) 1.55 (0.51) 1.39 (0.46)

LV Myo
DSC ↑ 0.76 (0.09) 0.80 (0.06) 0.83 (0.05) 0.78 (0.08) 0.81 (0.05) 0.84 (0.04)
HD ↓ 5.31 (1.98) 4.71 (1.36) 4.23 (1.27) 4.75 (1.76) 4.40 (1.26) 3.96 (1.23)

MCD ↓ 1.97 (0.95) 1.71 (0.56) 1.49 (0.51) 1.86 (0.82) 1.57 (0.52) 1.35 (0.46)

RV Endo
DSC ↑ 0.85 (0.06) 0.85 (0.05) 0.86 (0.05) 0.85 (0.06) 0.86 (0.05) 0.87 (0.05)
HD ↓ 7.11 (2.78) 6.97 (2.31) 6.44 (2.19) 7.06 (2.64) 6.79 (2.23) 6.13 (2.23)

MCD ↓ 2.34 (0.98) 2.10 (0.64) 1.90 (0.57) 2.27 (0.95) 1.99 (0.59) 1.76 (0.59)

Como se puede ver en la Tabla 4.1, en la comparación inicial, evaluamos nuestro modelo HybridVNet
en dos configuraciones: una con imágenes completas y otra con versiones recortadas centradas en la
estructura de interés, contra la MCSI-Net del estado del arte, en su versión que solo recibe imágenes
SAX. Notablemente, HybridVNet supera a la MCSI-Net que solo utiliza imágenes SAX en todas
las métricas y estructuras. Luego, comparamos nuestro modelo MV-HybridVNet con la MCSI-Net
estándar, que también incorpora múltiples vistas. Los resultados confirman la superioridad de MV-
HybridVNet en todas las métricas de segmentación, tanto para el ventrículo izquierdo como para el
derecho. Es importante notar que nuestra variante de imagen completa logra resultados superiores
respecto a la MCSI-Net en ambos casos, eliminando la necesidad de detectar la región de interés para
realizar el recorte de la imagen. Además, MV-HybridVNet en recortes supera significativamente a las
imágenes completas.

Figura 4.2: Análisis del suavizado laplaciano en mallas de superficie. Arriba: resultados cuantitativos
en validación. Abajo: resultados cualitativos. Los mejores resultados se obtuvieron cuando λlap = 0,01.

En este contexto, se realizó además una evaluación exhaustiva de diversas funciones de pérdida de
regularización de superficie para mejorar el rendimiento de nuestro modelo HybridVNet. La regulariza-
ción de vectores normales y la regularización de la largo de aristas, aunque son comúnmente empleadas
en tareas de regularización de mallas, no produjeron mejoras significativas en el rendimiento de nuestro
modelo. En contraste, la incorporación del suavizado laplaciano produjo mallas de superficie notable-
mente más suaves y precisas. Esto se puede apreciar visualmente en la Figura 4.2, que presenta un
análisis cualitativo de las mallas obtenidas a medida que se aumenta el peso en la función de pérdida
para el suavizado laplaciano. Las figuras ilustran claramente la mayor suavidad y calidad de las mallas
a medida que se ajusta el coeficiente de regularización.

Para un análisis más detallado de los resultados y de los términos de regularización en mallas de
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superficie, ver el Apéndice E Sección IV-A.

4.3.4. Resultados en mallas volumétricas

Tabla 4.2: Resultados cuantitativos de segmentación en mallas volumétricas.

Metrics MV-HybridVNet
λter = 0 λter = 1e− 4 λter = 1e− 3 λter = 1e− 2

Mesh
MAE ↓ 2.08 (0.63) 2.07 (0.64) 2.04 (0.61) 2.11 (0.61)
MSE ↓ 8.25 (6.14) 8.22 (6.12) 7.93 (5.63) 8.39 (6.00)

RMSE ↓ 2.74 (0.88) 2.73 (0.88) 2.69 (0.84) 2.77 (0.84)

LV Endo
DSC ↑ 0.90 (0.04) 0.90 (0.04) 0.90 (0.05) 0.88 (0.05)
HD ↓ 4.36 (1.22) 4.32 (1.24) 4.41 (1.35) 5.21 (1.42)

MCD ↓ 1.52 (0.46) 1.51 (0.49) 1.58 (0.54) 1.89 (0.62)

LV Myo
DSC ↑ 0.78 (0.04) 0.78 (0.04) 0.76 (0.05) 0.74 (0.06)
HD ↓ 5.27 (1.47) 4.98 (1.40) 5.17 (1.50) 5.30 (1.57)

MCD ↓ 1.86 (0.61) 1.81 (0.64) 1.95 (0.72) 1.96 (0.77)

RV Endo
DSC ↑ 0.85 (0.06) 0.86 (0.05) 0.85 (0.05) 0.85 (0.06)
HD ↓ 7.22 (2.76) 6.97 (2.54) 7.38 (2.67) 7.55 (2.80)

MCD ↓ 2.05 (0.64) 2.02 (0.63) 2.09 (0.64) 2.13 (0.69)

Tabla 4.3: Resultados cuantitavos del análisis de calidad de los tetraedros en mallas volumétricas.
Promedio Desvío Mínimo Máximo 1% 5% 25% 50% 75%

Mallas de referencia
Atlas 0.491 0.174 0.092 0.984 0.115 0.194 0.367 0.494 0.617

Ground truth 0.355 0.156 -0.207 0.838 0.04 0.103 0.238 0.353 0.47
Simpleware 0.524 0.185 0.064 0.992 0.128 0.202 0.387 0.535 0.667

MV-HybridGNet3D

λter = 0 0.222 0.225 -0.759 0.876 -0.327 -0.144 0.065 0.219 0.384
λter = 1e− 4 0.229 0.23 -0.771 0.871 -0.337 -0.151 0.068 0.231 0.397
λter = 1e− 3 0.433 0.206 -0.719 0.904 -0.138 0.059 0.307 0.457 0.585
λter = 1e− 2 0.501 0.309 -0.931 0.943 -0.681 -0.298 0.434 0.577 0.688

En nuestro segundo experimento, nos centramos en la creación de mallas tetraédricas. Evaluamos
varios factores de ponderación (λter) para el término de regularización de elementos tetraédricos defi-
nido en la Eq. 4.2, con el objetivo de comprender su influencia tanto en la calidad de la malla como
en el rendimiento de la segmentación del ventrículo. La Tabla 4.2 presenta los resultados, incluyendo
métricas para la calidad de la malla y la segmentación del ventrículo, en diferentes valores de λter.

Los resultados demostraron una relación entre λter y el rendimiento del modelo. Para las métricas
de segmentación, se obtienen los mejores resultados cuando λter = 1e − 4, lo que genera resultados
similares al modelo no regularizado, especialmente en términos de métricas del Endocardio del Ven-
trículo Izquierdo (LV Endo). Sin embargo, para las métricas relacionadas con el rendimiento de la
calidad de la malla, λter = 1e − 3 produce los mejores resultados, a pesar de una ligera disminución
en el rendimiento en términos de métricas de segmentación.

Para evaluar la calidad de los elementos tetraédricos, utilizamos la métrica ampliamente adoptada
llamada Scaled Jacobian. Esta métrica, que se mueve en el rango (-1,1), proporciona una medida cuan-
titativa de regularidad y simetría, con valores altos indicando alta calidad. Los resultados demuestran
que, a partir del percentil 25%, nuestros modelos regularizados superan a los elementos de referencia
para λter = 1e−3 y mayores, respaldando nuestra hipótesis de que la pérdida de regularización mejora
significativamente la calidad de la malla.

En comparación con la conversión directa de mallas superficiales en volumétricas, nuestro modelo
muestra resultados competitivos y aborda desafíos asociados con esta conversión. Además, supera
notablemente en velocidad al procedimiento típico, lo que resulta en un notable aumento de eficiencia
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al generar el conjunto de vértices para una malla volumétrica. Para un análisis más detallado de los
resultados y del término de regularización, ver el Apéndice E Sección IV-B.
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Sección 5

Generación de anotaciones para
grandes bases de datos a partir de
datos multi-céntricos y métodos de
validación automática de la calidad

Una de las principales limitaciones identificadas en esta tesis es la escasez de bases de datos adecua-
das para el entrenamiento de modelos como los propuestos. Para abordar este desafío, se propone la
obtención de anotaciones para generar una extensa base de datos anotada. Aunque existen numerosas
bases de datos de imágenes de rayos X disponibles, es importante destacar que la mayoría no incluye
anotaciones en forma de máscaras de segmentación anatómica, y cuando lo hacen, las anotaciones
varían, no siendo uniformes en cuanto a los órganos que se abordan. En este capítulo, abordaremos
la creación de una nueva base de datos de anotaciones de segmentación, aprovechando las principales
bases de datos de rayos X disponibles, las cuales provienen de diversos centros clínicos ubicados en
distintas partes del mundo. Como se discutió previamente en el Capítulo 3, Sección 3.3.4, esta diver-
sidad de fuentes presenta desafíos significativos relacionados con el cambio de dominio. Sin embargo,
hemos observado que los modelos basados en landmarks representan una sólida alternativa para abor-
dar este problema, como se evidenciará en este capítulo. Finalmente, con el objetivo de brindar una
métrica objetiva que indique la calidad de las segmentaciones automáticas generadas, trabajaremos en
el desarrollo de métodos de control de calidad en ausencia de anotaciones de referencia o ground truth.

5.1. Antecedentes

El desarrollo de métodos de aprendizaje automático para la segmentación de imágenes médicas
requiere el uso de extensas bases de datos, las cuales a menudo combinan imágenes provenientes de
diversos centros médicos, también llamadas multi-céntricas. Normalmente, cada uno de estos centros
proporciona diferentes tipos de etiquetas, conformando lo que se conoce como anotaciones hetero-
géneas (ver Figura 5.1). Esto plantea dos desafíos principales. En primer lugar, las bases de datos
con anotaciones procedentes de distintos centros médicos pueden dar lugar a problemas de cambio
de dominio [34], debido a las variaciones en la intensidad causadas por diferencias en los dispositivos
de adquisición o en los protocolos de adquisición. En segundo lugar, la heterogeneidad de los datos
dificulta el entrenamiento de modelos, ya que no todas las imágenes cuentan con anotaciones para
el mismo conjunto de órganos, generando un problema de datos faltantes [47]. Como consecuencia,
los modelos de segmentación a nivel pixel como UNet y nnUNet entrenados en estas bases de datos
tienden a memorizar qué conjunto de etiquetas está presente en qué centro médico. Así, al momento de
realizar una predicción en una nueva imagen de alguno de dichos centros, sólo generará las etiquetas
que fueron vistas allí, pese a que otras estructuras se encuentren presentes.

31
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Figura 5.1: Bases de datos multi-céntricas con anotaciones heterogéneas. Ejemplo de imágenes
provenientes de distintos centros médicos y con anotaciones heterogéneas, donde el Hospital A solo
incluye pulmones, el B pulmones y corazón, y el C agrega además las clavículas.

La resolución conjunta de estos dos problemas se encuentra en la intersección de diversas áreas, como
el aprendizaje con múltiples objetivos (multi-task learning), la adaptación de dominio y el aprendizaje
débilmente supervisado (weakly supervised learning) [23]. La literatura ha propuesto varios métodos
para abordar los problemas de cambio de dominio [34, 70, 83] y etiquetas heterogéneas [75, 47, 26] en
la segmentación de imágenes médicas por separado. Aquí nos centraremos en el abordaje de ambos
problemas al mismo tiempo.

En lo que respecta a la evaluación de la calidad de las segmentaciones en ausencia de ground
truth, se han propuesto diversos enfoques. Algunos se basan en la incertidumbre predictiva (predictive
uncertainty) [21, 20], asumiendo que las predicciones altamente inciertas se correlacionarán con píxeles
erróneos. Sin embargo, estos métodos dependen en gran medida de la calidad de las estimaciones de
incertidumbre proporcionadas por el modelo de segmentación. Por otro lado, en [27] se propuso un
enfoque basado en el aprendizaje, donde se entrena una CNN para predecir el valor de DSC a partir de
pares de imágenes con las correspondientes segmentaciones predichas. Este enfoque es independiente
del modelo de segmentación, pero requiere entrenar una CNN adicional para predecir el valor de DSC.

En este capítulo, basaremos nuestra investigación en un enfoque introducido previamente por Va-
lindria et al. [91], conocido como RCA. Este método propone la construcción de un clasificador inverso
utilizando solo una imagen de prueba y su segmentación predicha como pseudo ground truth. Luego,
evaluaremos este clasificador en un conjunto de datos de referencia que contiene segmentaciones dis-
ponibles, utilizando su rendimiento como una aproximación de la calidad de la segmentación predicha.
Se han propuesto diferentes variantes de RCA, incluyendo atlas-forest, RCA basado en CNNs y RCA
basado en propagación de etiquetas mediante atlases utilizando métodos de registración clásicos. En
este capítulo, implementaremos nuestra propia variante de aprendizaje profundo de RCA basado en la
propagación de etiquetas mediante el uso de varios atlas, que ha demostrado ser rápida y confiable en
trabajos anteriores [56, 57].

5.2. Métodos propuestos

5.2.1. Descripción del problema

Nos enfrentamos a la tarea de entrenar modelos de segmentación utilizando imágenes provenientes
de centros médicos distintos. Esto implica trabajar con un conjunto de datos D compuesto por n
subconjuntos Dn, cada uno conteniendo sus propias imágenes In y las correspondientes segmentaciones
basadas en landmarks representadas como grafos Gn. Cada conjunto de datos tiene un número fijo
de nodos que representan las estructuras anatómicas de los pulmones, el corazón y las clavículas. Sin
embargo, la disponibilidad de anotaciones varía según el centro clínico específico.
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Además, disponemos de otros conjuntos de prueba, que llamaremos Dp, para los cuales solo te-
nemos imágenes mathbfI y sus respectivas segmentaciones SmathbfI generadas por un modelo de
segmentación. En este caso, nuestro objetivo es estimar la calidad de estas segmentaciones.

5.2.2. Entrenando modelos basados en landmark con datos heterogéneos
Los modelos basados en landmarks, como la HybridGNet, proporcionan una manera natural de

ser entrenados cuando los datos son heterogéneos, utilizando indexación. El modelo genera una matriz
de D × 2, donde D representa la cantidad fija de nodos y está secuencialmente ordenada: primero los
nodos de los pulmones tL (L por lungs), luego los del corazón tH (H por heart) y finalmente los de las
clavículas tC (C por clavicles). Esto se corresponde con las etiquetas ground truth target = [tL, tH , tC ]
para el conjunto de datos que incluye todas las anotaciones. El tamaño de cada subconjunto es DL,
DH y DC , respectivamente.

Para entrenar el modelo, separamos los distintos conjuntos de datos y, en cada iteración, trabajamos
con un lote de uno de los conjuntos de forma aleatoria. Esto garantiza que cada lote contenga solo un
tipo de anotación. Por ejemplo, si un lote contiene imágenes con anotaciones solo para los pulmones,
el modelo generará predicciones para todos los órganos, pero solo evaluaremos y retropropagaremos
la función de costo en los primeros DL nodos, sin retropropagar errores para el corazón y las claví-
culas. Este enfoque nos permite entrenar eficazmente una HybridGNet o cualquier modelo basado en
landmarks.

Modelos basados en píxeles para comparación

Tal como se mencionó anteriormente, los modelos basados en píxeles y entrenados de forma están-
dar en escenarios multi-céntricos con etiquetas heterogéneas, tienden a memorizar qué set de etiquetas
proviene de cada centro, tal como se puede observar en la Figura 5.3. Para realizar una evaluación
justa, compararemos nuestra HybridGNet con modelos del estado del arte como la nnUNet [42] y la
UNet estándar [82]. En ambos casos, utilizaremos las máscaras disponibles según las anotaciones de
cada conjunto de datos. Con el objetivo de mantener la comparación equitativa, también entrenaremos
una UNet siguiendo el mismo enfoque de entrenamiento heterogéneo (HT) que aplicamos a la Hybrid-
GNet, pero ignorando mapas de segmentación a nivel pixel en lugar de nodos en particular. En este
modelo, generaremos salidas independientes para las máscaras de pulmón, corazón y clavícula, utili-
zando funciones de pérdida binarias e independientes para cada máscara. Así, sólo retropropagaremos
la función de costo para las anotaciones disponibles en cada lote, en lugar de utilizar funciones multi-
clase, evitando confundir a la red. Para obtener más detalles sobre la implementación de los modelos,
consultar el Apéndice F, Sección 2.

5.2.3. Evaluación automática de la calidad mediante reverse classification
accuracy

Una vez que hemos entrenado un modelo y segmentado una base de datos Dprueba, el proceso
de evaluación automática de la calidad comienza con una imagen mathbfI de dicha base de datos y
su correspondiente segmentación SmathbfI , para la cual deseamos estimar la calidad. A esta imagen
la denominaremos atlas. Por otro lado, contamos con la base de datos de referencia (utilizada para
entrenar el modelo de segmentación) que contiene imágenes Ji junto con sus respectivas máscaras de
segmentación ground-truth SGT

Ji
. La intuición detrás del método de estimación automática de calidad

RCA es la siguiente: si una segmentación estimada es precisa, entonces se la podrá usar como atlas
para segmentar otras imágenes, para las cuales sí se posee anotaciones de referencia. La calidad de las
segmentaciones obtenidas en ese proceso (que puede ser medida sobre las imágenes de referencia ya que
poseen anotaciones ground truth) actuará como proxy para determinar la calidad de la segmentación
predicha.

El proceso de evaluación comienza aplicando una registración deformable [28] para alinear el atlas
con las imágenes anotadas en la base de datos de referencia. Este proceso consta de un paso de
registración afín inicial, seguido por la aplicación de un campo de deformación Di que alinea las
estructuras anatómicas. Dicha s transformaciones son también aplicadas a la segmentación predicha
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Figura 5.2: Metodología propuesta para la evaluación automática de calidad mediante RCA.

SI , con el objetivo de propagar estas etiquetas y poder evaluar su calidad al compararla con las
segmentaciones de referencia.

Posteriormente, evaluamos la calidad de estas máscaras propagadas en comparación con las más-
caras ground-truth utilizando como métrica el DSC. Para obtener una métrica global, agregamos estos
resultados utilizando una operación que puede ser el máximo o el promedio. En nuestra implemen-
tación, utilizamos el promedio, como se muestra en la sección de resultados donde validamos este
método.

Para acelerar la evaluación automática y como una modificación al marco de trabajo clásico de
propagación de etiquetas basado en atlas, propusimos utilizar métodos basados en aprendizaje profun-
do. Además, restringimos las imágenes de las bases de referencia utilizadas en cada iteración sólo a las
top-k imágenes que son más similares al atlas que deseamos evaluar para acelerar dicho proceso, tal
como se propuso en [56]. Este enfoque, que se ilustra en la Figura 5.2, se fundamenta en la suposición
de que si la segmentación es de alta calidad, las máscaras estimadas por la propagación de etiquetas
deberían tener buenos resultados en las imágenes de referencia. De esta manera, podemos evaluar
la calidad de una segmentación sin necesidad de contar con su máscara de referencia. Para obtener
más detalles sobre estos procesos, consultar el Apéndice G, Sección Reverse Classification Accuracy to
Measure Segmentation Quality.

5.3. Experimentos y Resultados

5.3.1. Bases de Datos

Para entrenar nuestros modelos en la segmentación de datos heterogéneos y llevar a cabo la valida-
ción automática de la calidad, utilizamos la base de datos que generamos en el Capítulo 3 y describimos
en detalle en la Sección 3.3.5. Esta base de datos está compuesta por 911 imágenes obtenidas de con-
juntos de datos como JSRT [85] (con anotaciones de pulmones, corazón y clavícula), un subconjunto
de Padchest [11] (con anotaciones de pulmones y corazón), Montgomery [13] (solo pulmón) y Shenzhen
[43] (solo pulmón).

Por otro lado, para crear nuestra base de datos a gran escala, que denominaremos CheXmask,
combinamos varios conjuntos de datos públicos de rayos X que no incluyen segmentaciones anatómicas.
Estos son CANDID-PTX [25], Chest x-ray8 [94], CheXpert [41], MIMIC-CXR-JPG [44], Padchest [11]
y VinDr-CXR [65]. Cada uno de estos conjuntos de datos contiene entre 18.000 y 300.000 imágenes,
lo que suma un total superior a los 650 mil imágenes. Esto representa más de 650 veces la cantidad



5.3. EXPERIMENTOS Y RESULTADOS 35

M
o
n
tg

o
m

e
ry

 (
L)

Input image Ground Truth LHC (Full) LHC (Strict) LHC (Full) LHC (Strict) LHC (Full) LHC (Strict) LHC (Full)

S
h
e
n
zh

e
n
 (

L)
JS

R
T
 (

LH
C

)
Pa

d
ch

e
st

 (
LH

)

LHC (Strict)

HybridGNet UNet nnUNet UNet HT

Figura 5.3: Evaluación cualitativa. Ejemplos de los 4 datasets (filas), segmentados por los distintos
métodos en las distintas configuraciones de anotación (columnas).

de datos de nuestra base de datos original, incluyendo una mayor diversidad geográfica y diferentes
condiciones clínicas, demográficas y patológicas. Dado que presentan heterogeneidad en formatos, vistas
y tamaños de imágenes, realizamos un proceso de selección y preprocesamiento de datos exhaustivo,
que se describe en detalle en la sección Data Preparation del Apéndice G.

5.3.2. Entrenando modelos con datos heterogéneos

Para evaluar el rendimiento de los modelos, creamos dos contextos de evaluación dado que no todas
las etiquetas están disponibles para cada conjunto de datos: uno estricto (Strict) y otro completo
(Full). En el estricto, excluímos las imágenes que no contienen todas las etiquetas necesarias, lo que
lleva a descartar muchos datos con etiquetas incompletas. En el completo, utilizamos todos los datos
disponibles.

La Figura 5.3 presenta uno de nuestros hallazgos clave: cuando entrenamos con datos heterogéneos
de diferentes conjuntos de datos, los modelos basados en píxeles tienden a aprender a segmentar según
el conjunto de datos de origen de las imágenes (marcado en rosa). En cambio, la UNet heterogénea
(HT) solo segmenta las clases que no entran en conflicto y aprende a distinguir entre conjuntos de
datos si hay clases en conflicto. En este contexto, decimos que las clases están en conflicto cuando un
píxel se clasifica de una manera en un conjunto de datos y de otra manera en otro, como en el caso de
las clavículas y el pulmón. Por otro lado, la HybridGNet siempre predice todas las clases.

Dado que este fenómeno se observa en todas las muestras de cada conjunto de datos, los mode-
los basados en píxeles parecen memorizar qué estructura se ha anotado en cada conjunto de datos,
utilizando las diferentes distribuciones de intensidad de cada centro clínico para decidir qué anota-
ciones generar durante las pruebas. Para comprender mejor este fenómeno, realizamos una reducción
de dimensionalidad de las características obtenidas en el espacio latente de la HybridGNet y en las
capas intermedias de las UNet, utilizando la técnica de reducción de dimensionalidad UMAP [58] en
los modelos entrenados en configuraciones heterogéneas.

La Figura 5.4 (columna izquierda) muestra la proyección 2D de las imágenes de todos los conjuntos
de datos para cada modelo. Es evidente una agrupación por parte de los modelos UNet. Dado que el
conjunto de datos JSRT contiene imágenes con pulmones significativamente más grandes que el resto
(debido a la distancia de adquisición), también llevamos a cabo experimentos en los que escalamos
todas las imágenes para que tengan el mismo área pulmonar antes de realizar las predicciones, con el
fin de eliminar los efectos asociados a esta información. Esto se muestra en la columna derecha de la
Figura 5.4, donde la agrupación se elimina por completo en el espacio latente de la HybridGNet, pero
no afecta en absoluto a los modelos UNet. El hecho de que este experimento elimine la agrupación
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Figura 5.4: Inspección del espacio latente mediante UMAP: Diferentes conjuntos de datos
se muestran en colores, lo que permite ver cómo los modelos UNet y UNet HT tienden a agrupar las
imágenes por conjunto de datos, mientras que HybridGNet no lo hace, lo que explica la mayor robustez
ante la memorización de etiquetas de dominio.

presente en JSRT en la HybridGNet proporciona información sobre el tipo de conocimiento que el
modelo adquiere, generando agrupaciones que se relacionan más con la forma o el tamaño y evitando
agrupar imágenes en función de las diferencias de intensidad.

En el Apéndice F se detallan en profundidad estos resultados, en conjunto con otros experimentos
cuantitativos adicionales que muestran la superioridad de la HybridGNet frente a las arquitecturas
basadas en píxeles en estos escenarios.
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Figura 5.5: Correlación de los valores de RCA contra los valores reales de DSC en la partición de
prueba

5.3.3. Validación del método de evaluación de calidad mediante reverse
classification accuracy

Para validar el método de evaluación de calidad propuesto a través de RCA, se llevaron a cabo
experimentos separando la base de datos en un 80 % de entrenamiento y un 20 % de prueba, utilizando
solo las anotaciones de los pulmones para registrar. Dado que el proceso requiere una registración
deformable para alinear el atlas con las imágenes de referencia, se entrenó primero un paso de registra-
ción afín seguido del entrenamiento de un modelo deformable que aprendiera un campo de deformación
para lograr una alineación precisa en términos anatómicos.

Posteriormente, tomando cada imagen del conjunto de pruebas del 20 % como un atlas, se propaga-
ron sus máscaras de segmentación a las 5 imágenes de referencia más parecidas mediante la registración
deformable. Luego, se calculó el DSC entre las máscaras propagadas y las máscaras de referencia, uti-
lizando el método de agregación promedio o máximo.

Para validar la precisión de esta metodología, se entrenaron modelos UNet en el mismo conjunto de
datos con diferentes duraciones de entrenamiento, lo que resultó en segmentaciones de calidad variada.
Luego, se evaluó la calidad de estas segmentaciones variadas obtenidas por RCA en comparación con
la calidad real. La correlación de Pearson entre el DSC estimado mediante RCA y el DSC real en
estas segmentaciones simuladas fue de 0.93 para el valor máximo y 0.94 para el valor promedio. Esto
demostró una fuerte correlación entre la estimación de calidad mediante RCA y la calidad real de las
segmentaciones. Para más detalles técnicos sobre esta validación, ver Apéndice G.

5.3.4. Segmentación masiva de rayos X utilizando HybridGNet

Luego de investigar los efectos de la memorización y la robustez de HybridGNet frente a varia-
ciones como el cambio de dominio u oclusiones, se decidió emplear este modelo para llevar a cabo la
segmentación masiva de los seis conjuntos de datos previamente mencionados. Se utilizó el conjunto
de entrenamiento completo para entrenar un modelo heterogéneo con el fin de generar segmentaciones
de pulmones y corazón. Se empleó la mejor configuración de hiperparámetros obtenida en validaciones
previas y se fijó el número de épocas de entrenamiento para evitar dividir los datos en conjuntos de
entrenamiento, validación y prueba, y, de este modo, no perder información.

Las anotaciones generadas se evaluaron mediante tres estrategias diferentes: validación clínica, vali-
dación automática con RCA y el entrenamiento de modelos sobre estas imágenes de prueba, explorando
su utilidad como conjunto de datos de referencia para el entrenamiento de modelos de segmentación.
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Figura 5.6: Histograma de DSC estimado por RCA para la base de datos CheXmask completa

Validación clínica

Se creó un conjunto de máscaras de referencia etiquetadas por una radióloga experimentada para
evaluar la calidad de las segmentaciones de pulmones y corazón en CheXmask. Para ello, se realizó una
revisión manual de las segmentaciones basadas en landmarks del pulmón derecho, pulmón izquierdo y
corazón. Se tomaron 30 imágenes de cada conjunto de datos, lo que resultó en un conjunto de referencia
final de 180 imágenes con revisión manual.

La Tabla 5.1 resume los resultados de la validación manual realizada para la segmentación de
pulmones y corazón en los seis conjuntos de datos en subconjuntos de 30 muestras. Se informan
métricas de evaluación como el DSC, la HD y la HD al 95% (HD95). Estos resultados muestran, en
general, una alta concordancia entre las anotaciones proporcionadas y los resultados generados por el
modelo para este subconjunto de imágenes. Para obtener más detalles sobre estos resultados, consulte
el Apéndice G, Sección Technical Validation.

Tabla 5.1: Resultados de la validación manual clínica, con desvios estandar (n = 30 por dataset)
Lungs Heart

Dataset DSC HD HD95 DSC HD HD95
CANDID-PTX 0.981 ± 0.038 23.7 ± 43.0 11.9 ± 23.6 0.950 ± 0.111 23.6 ± 51.9 21.0 ± 46.6

CheXpert 0.947 ± 0.087 39.3 ± 57.7 27.0 ± 46.3 0.961 ± 0.083 18.0 ± 37.2 14.8 ± 30.3
ChestX-Ray8 0.961 ± 0.097 32.3 ± 63.4 18.8 ± 44.1 0.958 ± 0.133 18.6 ± 58.6 17.2 ± 55.1

MIMIC-CXR-JPG 0.965 ± 0.077 29.7 ± 51.1 15.1 ± 32.2 0.954 ± 0.101 22.9 ± 51.9 21.2 ± 47.8
Padchest 0.966 ± 0.089 23.0 ± 42.7 12.7 ± 27.5 0.980 ± 0.035 12.8 ± 24.3 10.4 ± 18.8

VinDr-CXR 0.978 ± 0.048 18.8 ± 40.1 8.9 ± 18.5 0.953 ± 0.119 21.9 ± 55.4 20.6 ± 52.6
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Evaluación de las segmentaciones generadas usando RCA

Como parte de la validación, presentamos un análisis estadístico de la distribución de las estima-
ciones de DSC mediante RCA para cada conjunto de datos en la Tabla 5.2. Se observa que, para cada
conjunto de datos, la media es superior a 0.88. Además, la Figura 5.6 muestra una representación
gráfica del RCA estimado global para las seis bases de datos en conjunto. En el Apéndice G, Sección
Technical Validation, se incluye una desagregación más detallada de estos resultados en términos de
atributos demográficos y cómo el RCA puede utilizarse indirectamente para detectar imágenes fuera
de la distribución mediante el análisis de los valores más bajos.

Tabla 5.2: Análisis estadístico del DSC estimado por RCA en las distintas bases de datos segmentadas
Dataset name Sample size (n) Mean Std Min 1% 5% 25% 50% 75% Max
CANDID-PTX 19235 0.853 0.031 0.573 0.756 0.795 0.837 0.858 0.875 0.920

Chestx-ray8 112120 0.841 0.044 0.148 0.691 0.764 0.823 0.850 0.869 0.925
CheXpert 187825 0.830 0.038 0.400 0.718 0.761 0.808 0.835 0.857 0.918

MIMIC-CXR-JPG 243334 0.831 0.051 0.149 0.650 0.738 0.811 0.842 0.864 0.921
Padchest 96184 0.851 0.042 0.103 0.672 0.790 0.838 0.858 0.874 0.927

VinDr-CXR 18000 0.850 0.033 0.469 0.738 0.794 0.835 0.855 0.872 0.919

Evaluación usando los datos generados para entrenar nuevos modelos

Realizamos un control de calidad final a nivel de conjunto de datos para evaluar la calidad de las
segmentaciones de HybridGNet por conjunto de datos (no de forma individual, como se hizo con el
DSC estimado por RCA). Nuestra hipótesis es que si las segmentaciones son de alta calidad, pueden
utilizarse como conjunto de entrenamiento para un modelo de segmentación que obtendrá un alto
rendimiento al ser evaluado en imágenes para las cuales sí se posee anotaciones de referencia. En este
sentido, entrenamos seis nuevos modelos de HybridGNet utilizando el conjunto de máscaras predichas
de cada uno de los seis conjuntos de datos públicos como conjunto de entrenamiento. Luego, evaluamos
el rendimiento de los modelos en el conjunto de datos con anotaciones de referencia. También incluimos
como referencia los valores obtenidos al entrenar en el 80 % de los datos de entrenamiento originales y
probar en el 20% restante.

La Tabla 5.3 muestra los resultados para la segmentación de pulmones y corazón. Se observa una
ligera disminución en términos de DSC, que pasa de 0.967 a aproximadamente 0.955 cuando se utilizan
los conjuntos de datos segmentados como conjunto de entrenamiento (en comparación con los valores
de referencia). Esto indica que la calidad general de las segmentaciones es lo suficientemente buena
como para entrenar modelos que se desempeñan bien en comparación con las anotaciones de expertos
existentes.

Tabla 5.3: Estimación a nivel dataset obtenida por el reentrenamiento de la HybridGNet en los nuevos
datos generados

Lungs (n = 911) Heart (n = 383)
Training Dataset DSC HD HD 95 DSC HD HD 95

CANDID-PTX 0.959 ± 0.020 36.4 ± 23.3 18.2 ± 10.5 0.919 ± 0.045 41.1 ± 22.1 36.8 ± 21.7
Chestx-ray8 0.960 ± 0.019 36.2 ± 22.7 17.7 ± 10.3 0.927 ± 0.031 39.9 ± 16.5 35.2 ± 16.3
CheXpert 0.946 ± 0.028 42.0 ± 23.5 22.9 ± 12.1 0.888 ± 0.053 58.2 ± 27.0 54.0 ± 26.4
Padchest 0.956 ± 0.028 37.7 ± 23.7 19.0 ± 12.3 0.924 ± 0.037 40.9 ± 19.6 36.6 ± 19.2

MIMIC-CXR 0.956 ± 0.020 37.5 ± 22.8 19.2 ± 10.5 0.921 ± 0.031 44.2 ± 19.9 39.6 ± 19.6
VinDr-CXR 0.959 ± 0.023 35.4 ± 23.3 17.7 ± 11.7 0.925 ± 0.035 38.4 ± 16.8 34.0 ± 16.2

20% test split Lungs (n = 181) Heart (n = 76)
HybridGNet (entrenado 80%-20 %) 0.967 ± 0.017 32.5 ± 20.6 15.6 ± 10.9 0.937 ± 0.029 34.6 ± 14.8 29.4 ± 13.4
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Sección 6

Conclusiones

En esta tesis se presentaron avances significativos en la extracción de grafos a partir de imágenes en
diversas aplicaciones de procesamiento de imágenes y visión por computadora. A lo largo de los capí-
tulos, se han introducido enfoques desacoplados y métodos unificados que abordan desafíos específicos,
adaptándose al dominio en el que se aplicaron.

Se desarrolló un método para extraer grafos que representan la arquitectura de las raíces de plan-
tas, centrándose en la planta modelo Arabidopsis thaliana. Este enfoque, basado en redes neuronales
convolucionales, esqueletización y seguimiento de grafos, automatiza la segmentación y el seguimiento
de las raíces a lo largo del tiempo. Los resultados demuestran un rendimiento prometedor al permitir
la observación detallada del crecimiento de las raíces a través del tiempo y la extracción de parámetros
fenotípicos previamente inaccesibles.

Se presentó la arquitectura HybridGNet, un modelo unificado en 2D que sobresale en la segmenta-
ción anatómica basada en landmarks en imágenes de rayos X. Este enfoque combina redes neuronales
convolucionales con redes neuronales convolucionales en grafos, posicionándose como estado del arte
para métodos basados en grafos en este contexto y logrando resultados altamente competitivos con el
estado del arte en segmentación basada en píxeles, mejorando su robustez y la plausibilidad anatómica
de sus resultados, al incorporar restricciones anatómicas por construcción. Además, se demostró su
capacidad de adaptación a diferentes dominios, lo que lo hace adecuado para aplicaciones clínicas en
las que se pueden encontrar datos de diferentes orígenes y características demográficas.

Posteriormente, se presentó un método unificado en 3D para la extracción de mallas a partir de imá-
genes de resonancia magnética cardíaca (CMR), abordando el desafío de generar mallas tridimensiona-
les precisas y anatómicamente plausibles del corazón. Nuestra arquitectura MV-HybridVNet demostró
un rendimiento sobresaliente en la generación de mallas de superficie y volumétricas, superando al esta-
do del arte representado por MCSI-Net en términos de calidad de segmentación. Evaluamos diferentes
términos de regularización y se propuso un nuevo término de regularización de elementos tetraédricos,
que mejoró significativamente la calidad de los elementos de las mallas generadas, permitiendo obtener
mallas volumétricas listas para simulación directamente a partir de imágenes.

Por último, se abordó la creación de anotaciones para grandes bases de datos a partir de datos
multicéntricos y se desarrollaron métodos de validación automática de la calidad de las segmentaciones
obtenidas. En particular, se demostró que los modelos basados en landmarks, como HybridGNet, son
una solución sólida para entrenar con datos heterogéneos, ya que pueden manejar de manera eficiente
conjuntos de datos con anotaciones variables. Este modelo se utilizó para la creación de CheXmask,
una extensa base de datos multicéntrica que combina más de 650,000 imágenes de rayos X de diversos
conjuntos de datos públicos. Se utilizó el método RCA para evaluar automáticamente la calidad de
las segmentaciones en ausencia de anotaciones de referencia, mostrando una fuerte correlación con
métricas reales de calidad.

En conclusión, esta tesis abordó el problema de extracción de grafos a partir de imágenes 2D y
3D, proponiendo tanto modelos desacoplados como arquitecturas unificadas de redes neuronales para
llevar esta tarea.
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Publicaciones

A continuación se listan todos los trabajos relacionados con la tesis en los que se participó durante
el desarrollo del doctorado.

Publicaciones en revistas

Gaggion, N., Ariel, F., Daric, V., Lambert, É., Legendre, S., Roulé, T., Camoirano, A., Milone,
D. H., Crespi, M., Blein, T., & Ferrante, E. (2021). ChronoRoot: High-throughput phenotyping by
deep segmentation networks reveals novel temporal parameters of plant root system architecture.
GigaScience, 10(7), giab052.

Gaggion, N., Mansilla, L., Mosquera, C., Milone, D. H., & Ferrante, E. (2022). Improving anato-
mical plausibility in medical image segmentation via hybrid graph neural networks: applications
to chest x-ray analysis. IEEE Transactions on Medical Imaging, 42(2), 546-556.

Roulé, T., Legascue, M. F., Barrios, A., Gaggion, N., Crespi, M., Ariel, F., & Blein, T. (2023).
The long intergenic noncoding RNA ARES modulates root architecture in Arabidopsis. IUBMB
life.
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Gaggion, N., Mansilla, L., Milone, D. H., & Ferrante, E. (2021). Hybrid graph convolutional
neural networks for landmark-based anatomical segmentation. MICCAI 2021: International Con-
ference on Medical Image Computing and Computer Assisted Intervention, Strasbourg, France.
Proceedings, Part I 24 (pp. 600-610). Springer International Publishing.

Gaggion, N., Vakalopoulou, M., Milone, D. H., & Ferrante, E. (2023, April). Multi-center
anatomical segmentation with heterogeneous labels via landmark-based models. In 2023 IEEE
20th International Symposium on Biomedical Imaging (ISBI) (pp. 1-5). IEEE.
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supervised bias discovery in medical image segmentation. In Workshop on Clinical Image-Based
Procedures (pp. 266-275). Cham: Springer Nature Switzerland.

Publicaciones en revisión al momento del envío de la tesis
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CheXmask: a large-scale dataset of anatomical segmentation masks for multi-center chest x-ray
images. arXiv preprint arXiv:2307.03293.
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Contribuciones

ChronoRoot: High-throughput phenotyping by deep segmentation networks reveals novel
temporal parameters of plant root system architecture

En este trabajo se presentó el sistema ChronoRoot, que combina hardware y software para generar
fenotipado temporal de raíces de Arabidopsis thaliana. Mi contribución incluyó el desarrollo de la
herramienta de software y el sistema de seguimiento temporal que permite el fenotipado de raíces
a través del tiempo. Además, participé en el procesamiento digital de los experimentos mediante el
sistema propuesto, en el análisis de los resultados, en la redacción del manuscrito y en su revisión.

The transcription factor NF-YA10 determines the area explored by Arabidopsis thaliana
roots through direct regulation of LAZY and TAC genes

En este trabajo, analizamos el papel del factor de transcripción NF-YA10 de Arabidopsis thaliana
en el gravitropismo de las raíces laterales. Mi contribución consistió en desarrollar nuevas métricas
incorporadas al sistema ChronoRoot para fenotipar temporalmente el comportamiento de las raíces
laterales, incluyendo métricas como el ángulo de emergencia lateral y el ángulo total de la raíz lateral.
También participé en el procesamiento digital de los experimentos mediante el uso de ChronoRoot y
en la redacción de la sección que detalla las nuevas métricas implementadas en el manuscrito.

The long intergenic noncoding RNA ARES modulates root architecture in Arabidopsis

En este trabajo, mi contribución se centró en el procesamiento digital de los experimentos mediante
el uso de ChronoRoot.

Hybrid graph convolutional neural networks for landmark-based anatomical segmentation

En este trabajo, se presentó el modelo unificado de extracción de grafos a partir de imágenes,
específicamente en el contexto de segmentación basada en landmarks en imágenes de rayos-x. Mi con-
tribución incluyó el desarrollo del código, la ejecución de los experimentos, el análisis de los resultados
y la revisión del manuscrito.

Improving anatomical plausibility in medical image segmentation via hybrid graph neural
networks: applications to chest x-ray analysis

En este trabajo, se presentó una extensión del modelo unificado en el contexto de imágenes de rayos-
x, incluyendo supervisión profunda y conexiones residuales de imagen a grafo, junto con experimentos
en diversos escenarios. Mi contribución abarcó el desarrollo del código, la ejecución de los experimentos,
el análisis de los resultados, la escritura y revisión del manuscrito.

A multi-view hybrid graph convolutional architecture for Volume-to-Mesh extraction in
cardiovascular MR images

En este trabajo, se presentó el modelo unificado para extracción de mallas a partir de imágenes
volumétricas de resonancia magnética cardíaca. Mi contribución incluyó el desarrollo del código, la
ejecución de los experimentos, el análisis de los resultados, la escritura y revisión del manuscrito.
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Multi-center anatomical segmentation with heterogeneous labels via landmark-based mo-
dels

En este trabajo, se exploró cómo las anotaciones provenientes de distintos centros clínicos pueden
influir en el entrenamiento de modelos de aprendizaje profundo. Se desarrolló una nueva metodología
para entrenar en contexto de datos heterogéneos. Mi contribución incluyó el desarrollo del código, la
ejecución de los experimentos, el análisis de los resultados, la escritura y revisión del manuscrito.

CheXmask: a large-scale dataset of anatomical segmentation masks for multi-center chest
x-ray images

En este trabajo, se utilizó el modelo unificado aplicado a imágenes de rayos-x para segmentar
masivamente más de 650 mil imágenes de rayos-x y se realizó una validación automática de la calidad
de los resultados. Mi contribución incluyó el proceso de segmentación, la implementación del modelo
de registración afín, el análisis de los resultados, la escritura y revisión del manuscrito.

Unsupervised bias discovery in medical image segmentation

En este trabajo, se evaluó la posibilidad de utilizar métodos de evaluación automática de la calidad
basados en RCA para la detección de sesgos en segmentación de imágenes médicas. Mi contribución
incluyó el desarrollo del código, la ejecución de los experimentos y la revisión del manuscrito.
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Abstract

Background:
Deep learning methods have outperformed previous techniques in most computer vision tasks,
including image-based plant phenotyping. However, massive data collection of root traits and
the development of associated artificial intelligence approaches have been hampered by the inac-
cessibility of the rhizosphere. Here we present ChronoRoot, a system which combines 3D printed
open-hardware with deep segmentation networks for high temporal resolution phenotyping of plant
roots in agarized medium.

Results:
We developed a novel deep learning based root extraction method which leverages the latest
advances in convolutional neural networks for image segmentation, and incorporates temporal
consistency into the root system architecture reconstruction process. Automatic extraction of
phenotypic parameters from sequences of images allowed a comprehensive characterization of the
root system growth dynamics. Furthermore, novel time-associated parameters emerged from the
analysis of spectral features derived from temporal signals.

Conclusions:
Altogether, our work shows that the combination of machine intelligence methods and a 3D-
printed device expands the possibilities of root high-throughput phenotyping for genetics and
natural variation studies as well as the screening of clock-related mutants, revealing novel root
traits.

1 Background
Plants are sessile organisms unable to seek out optimal environmental conditions for development and
survival. Strikingly, a remarkable developmental plasticity allows plants to complete their life cycle
under changing growth conditions [46]. Understanding plant root plastic growth is crucial to assess
how different populations may respond to the same soil properties or environmental conditions and
to link this developmental adaptation to their genetic background [52]. Under controlled conditions,
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Figure 1: Main components of ChronoRoot. 1) Open hardware specification (see the Supplementary
File 1 for a detailed description). 2) 3D printed ChronoRoot system mounted in a plant growth
chamber. 3) Temporal sequence of images acquired by the system are provided as input to the CNN
based segmentation module. The diagram corresponding to the proposed CNN architecture is included
in the center of the Figure. 4) The deep learning model produces dense segmentation maps for all the
plants, which are enhanced taking into account the temporal consistency of the results. 5) Independent
plants can be selected to be processed individually. 6,7) The roots are skeletonized and a graph is
constructed by traversing the skeleton. Pixels in the skeleton are identified as belonging to the main
root (green) or lateral root (blue). The graph nodes are labeled as being the main root seed and tip
(green), lateral root tip (red) or bifurcation (yellow).

root development is generally observed based on images of plants growing vertically on the surface of a
semisolid agarized medium. Root system architecture (RSA) is then characterized by parametrization
of a grown plant, which relies on the combination of a subset of variables like main root (MR) length
or density and length of the lateral roots (LRs) [31]. Several semi-automatic tools have been developed
to assist root phenotyping at specific time points [44]. However, temporal phenotyping is generally
hindered by technological limitations, ignoring potentially useful phenotypical parameters that may
be linked to the temporal dynamics of root growth. Here we present ChronoRoot, a low-cost system
based on off-the-shelf electronics, 3D printed hardware components and deep learning models, allowing
high-throughput temporal phenotyping of Arabidopsis thaliana RSA. Figure 1 illustrates the different
components of ChronoRoot. Temporal sequences of pictures, automatically snapped, are processed
for root segmentation through a convolutional neural network (CNN) model. We leverage the latest
advances in CNNs for image segmentation and propose an architecture for RSA delineation which in-
corporates deep supervision, producing fast and accurate segmentations. The root extraction workflow
is completed by a temporal consistency refinement step and a final graph generation process, which
generates a labeled root graph for every image. An exploratory approach assessing root growth under
alternative photoperiods served to demonstrate that temporal phenotyping performed by ChronoRoot
allows deciphering the evolution of the traditional RSA parameters throughout time. Moreover, novel
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parameters emerged, including architectural features, oscillating growth speed and other character-
istics derived from spectral analysis of the growth signals in the Fourier domain. The combination
between a low-cost automatic device for image acquisition and machine intelligence methods for image
segmentation gave rise to a powerful tool for root phenomics potentially applicable to natural varia-
tion studies, the characterization of root-related subtle disorders and the screening for clock-associated
mutants.

2 Data Description

2.1 Plant material and growth conditions
Arabidopsis thaliana ecotype Col-0 seeds were surface sterilized and stratified at 4°C for 2d before being
grown under long day conditions (16h light, 140µEm−2s−1/ 8h dark), or continuous light (24h light,
140µEm−2s−1) at 22°C, on half-strength Murashige and Skoog media (1/2 MS) (Duchefa, Netherlands)
with 0.8% plant agar (Duchefa, Netherlands). Four seeds were used per plate. All the experiments
where performed under laboratory conditions according to the local institutional guidelines.

2.2 Datasets
We generated two different datasets in this work: the first one was used to train and evaluate the
segmentation performance of the CNN models, while the second one served as an exploratory use case,
to assess root growth under alternative photoperiods and provide an example of the novel temporal
phenotypical parameters that can be extracted with ChronoRoot. Note that all these images were
obtained with the proposed 3D printed hardware, and both are available to encourage reproducible
research. Importantly, when splitting the training, validation and test partitions, we were careful
not to include images corresponding to the same video on different partitions, to avoid overoptimistic
biased evaluations.

• Dataset used to train and validate the deep learning models for root segmentation:
The dataset used for training consisted of 331 images from 55 videos (on average 6 images
from the same plate at different states of growth), 11 of those videos were annotated by an
expert biologist. The dataset used for testing consisted of 55 images from 11 different videos, all

Dice Recall Hausdorff Distance (mm)
Model Thresh CRF Thresh CRF Thresh CRF Time # Params

UNet 0.769±0.048 0.774±0.044 0.871±0.044 0.830±0.056 10.25±7.45 9.39±7.94 0.29s 488.212
ResUNet 0.768±0.050 0.770±0.047 0.862±0.046 0.823±0.057 8.83±6.71 7.53±5.91 0.33s 505.046
Deeply

Supervised
ResUNet (our)

0.769±0.048 0.772±0.045 0.861±0.044 0.815±0.057 8.14±7.34 6.95±5.42 0.49s 532.336

SegNet 0.768±0.043 0.773±0.040 0.862±0.044 0.824±0.053 7.42±6.40 6.81±5.65 1.49s 29.460.450
DeepLab 0.666±0.055 0.609±0.079 0.763±0.077 0.600±0.113 7.58±7.79 7.56±7.52 1.86s 58.009.410

Ensamble (our) 0.772±0.048 0.774±0.044 0.864±0.044 0.804±0.061 6.68±5.08 6.45±4.98 4.5s

Table 1: Quantitative evaluation for the different CNN architectures compared in this
work. We measured the Dice coefficient, recall and Hausdorff distance for dense root segmentation
task. We compared state-of-the-art models (including UNet, ResUNet, SegNet and DeepLab) and
compared with the proposed Deeply Supervised ResUNet and the ensemble of multiple models and
architectures. On the one side, we found that our Ensemble of Multiple Models and Architectures
produced equal or more accurate results than the rest of the models in terms of Dice and Haussdorf,
at the expense of increasing the processing time. On the other side, the proposed Deeply Supervised
ResUNet is fast (less than half a second), shows a significantly lower value for Hausdorff distance than
the other fast models, while keeping equivalently good Dice and Recall.
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annotated by the same expert. The tool used for the manual annotation was ITK-SNAP[58]. In
total, 240 plants distributed over the 66 videos were used for training/testing the methods.

• Use case dataset for plant phenotyping under alternative photoperiods: We used 12
videos for each photoperiod, with pictures taken every 15 minutes. We took the first 17 days
(1632 frames), and after processing the videos we proceeded to discard the results from the first
3 days prior to seed germination. We selected 25 plants from each photoperiod to perform the
temporal growth analyses.

3 Analyses
We designed an automatic method to perform RSA delineation in temporal image sequences of plant
roots. Our framework takes a sequence of images as input and outputs a labeled graph for each frame,
representing the current root growing state. Graphs are powerful data structures particularly useful
to represent curvilinear shapes like plant roots (details on the graph generation process are provided
in the Methods section). The main module of the RSA delineation method is a deep CNN which
produces a dense segmentation mask, where every pixel is classified as belonging to the root or the
background. We proposed different CNN architectures for this task (described in the Methods section),
and compared their performance with state-of-the-art models using manual annotations produced by
expert biologists. We measured three different metrics: (1) Dice coefficient quantifies the overlapping
between the prediction and the ground-truth, (2) Haussdorf distance indicates the maximum distance
between them and (3) the recall (or sensitivity) refers to the fraction of root pixels retrieved over the
total amount of root pixels. Quantitative results are included in Table 1. Based on these results, we
chose two models, depending on whether we aim at having a faster or more accurate method:

• Fast method: The fastest models are the proposed UNet [48] variants, requiring up to half
a second to process a high resolution image using a standard GPU. These models have lower
parameter complexity compared to state-of-the-art architectures like SegNet [10] and DeepLab
[15], which explains the lower running time. Among the fast UNet models, we observed that
the proposed Deeply Supervised ResUNet (DSResUNet) shows a significantly lower value for
Hausdorff distance, while keeping equivalently good Dice and Recall. The proposed DSResUNet
architecture (depicted in Figure 1) combines residual blocks [28] with deep supervision [38],
improving the results of a standard UNet with a minimum increase in model complexity.

• Accurate method: We proposed to combine all the implemented architectures into a single en-
semble method, increasing model diversity by creating an ensemble of multiple models and ar-
chitectures [33]. This ensemble of deep models increased the running time by a factor of 9,
but achieved the best performance across all metrics, outperforming state-of-the-art models like
SegNet and DeepLab.

ChronoRoot implements both fast and accurate variants, giving the users the opportunity to decide
according to their requirements. In this study, we used the fast method based on the proposed Deeply
Supervised ResUNet model, which offered a good trade off between running time and accuracy. We
apply several post-processing steps after segmentation, which are independent of the CNN model. We
first apply a Conditional Random Field (CRF) [45, 34] model to improve the homogeneity of the labels
assigned to neighboring pixels. Then, we enhance the temporal consistency of the segmentations by
considering its weighted average. These steps serve to remove spurious segmentations by analyzing a
temporal sequence of images, which ultimately translates into generating more stable phenotypic mea-
surements. A graph structure is then constructed where every node is assigned a class label indicating
whether it is associated with the plant seed, main root, lateral root, bifurcation or root tip. Temporal
consistency on the graph structures is finally improved by tracking the labeled nodes and solving con-
flicting cases. A more detailed description of these steps can be found in the Methods section. After
the graph generation process, we proceed to extract phenotypic features for RSA characterization.
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Figure 2: Traditional RSA parameters expanded to the temporal dimension. A. Main root (MR)
length; B. The sum of all LRs length; C. Total root (TR) length, representing the sum of LR total
length and MR length; D. Number of lateral roots (LRs); E. LR density, expressed as LR number /
MR length; and F. MR component of the RSA, expressed as MR length / total root (TR) length,
which is the sum of MR and LRs. Data is shown for plants grown under continuous light and long
day. The lines indicate the mean, and the shadows represent the standard deviation (SD) throughout
the experiment.

3.1 Temporal dimension of traditional and novel RSA parameters
We analyzed temporal sequences of plant roots growing under different conditions. In order to assess
the potential of ChronoRoot, we decided to compare RSA of Arabidopsis thaliana ecotype Col-0 grown
under two distinctive photoperiods, i.e. long day (LD; 16 h of light, 8 h of dark) or continuous
light (CL; 24 h of light). Light availability and photosynthesis in the shoot determine the amount
of sugar transported to the roots, thus modulating underground plant growth. Moreover, ample
evidence suggests that root developmental plasticity depends on the light environment, involving a
more sophisticated impact on endogenous signaling pathways [26].

Traditional parameterization of RSA expanded to temporal dynamics revealed the progression of
root growth under continuous light (CL) and long day (LD) conditions. A representation of root
automatic segmentation is shown in Figure 1 (see Methods and Figure 6 for more details). Our
experiments show that main root (MR) length, the sum of lateral root (LR) length and the resulting
total root system (TR) begin to differ between conditions at approximately 200-250 h (8-10 days) after
germination (Figure 2A, B and C), together with LR number (Figure 2D). Notably, root growth was
not only faster under CL, but also resulted in a different RSA, exhibiting a higher density of LRs and a
lower component of the MR over the total root system (Figure 2E and F). Notably, between 250 h (10
days) and the end of the experiment (336 h, 14 days), the contrast between both photoperiods increased
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gradually in every measured parameter, hinting at a temporal reorganization of root development under
different light conditions.

Figure 3: Novel RSA parameters analyzed along time. A. Example of one individual main root (MR)
and the sum of lateral root (LR) length along time, revealing the time point of the intersection between
the two curves. B. Distribution of the intersection points for all individuals from both conditions
(continuous light, CL, and long day, LD). At the top and on the right, the distribution of both
populations are represented. For this experiment, no significant difference was observed with respect to
the intersection time point. C. The difference between the MR length and total LRs length at each time
point was calculated and aligned around the point of MR-LRs = 0 mm for each individual considering
+/-24hs. D. Distribution of the derivative value for the individual curves from panel C at time of equal
length of MR and total LRs. The difference between the means is not statistically significant according
to a non-parametric Mann Whitney U test (p-value > 0.05). E. For every individual, the tendency
of the MR-LR curves shown in panel C was determined by fitting a linear function to every curve,
considering +/-24hs. The boxplot shows the distribution of the slope of the fitted curves, revealing a
clear difference between LC and CL. Difference between the means is statistically significant according
to a non-parametric Mann Whitney U test (p-value < 0.05).

Based on the information derived from temporal phenotyping, we explored in more detail the
reconfiguration of RSA under alternative photoperiods. We identified the time point at which the sum
of LRs length equals the MR length as a novel parameter of RSA dynamics (Figure 3A). However, no
significant difference was observed in the distribution of individual time-length points of plants grown
under CL or under LD (Figure 3B). The analysis of the relationship between the MR and LRs along
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time, determined by the difference between both measurements (MR-LRs) aligned to the time point at
which MR and LRs are of the same length (time 0) is shown in Figure 3C. It reflects that the difference
between MR and LRs tends to have a significantly larger absolute value for plants grown under CL
than under LD. Moreover, we extracted different indicators to analyze the dynamics of these curves.
Figure 3D shows the approximate derivative (computed by means of finite differences) at the time
point at which MR and LRs are of the same lengths (time 0). These differences are not statistically
significant according to a Mann Withney U test. However, when extending the analysis to the full +/-
24hs range by fitting a linear function to every curve from Figure 3C and plotting the corresponding
slopes (Figure 3E), we found strong differences in the distribution (statistically significant according
to a Mann Withney U test) for both photoperiods. This novel time-related parameter reflects the
dynamics of root growth by determining how long it takes for the system to be composed of more LRs
than the MR.

In order to assess the impact of RSA reconfiguration on the area explored by roots under distinct
photoperiods, we calculated the dynamic convex hull for each subset of plants. Interestingly, the
observation of the convex hull resulting from the overlap of all individuals grown in the corresponding
conditions reveals an extended high density of LRs along the MR axe at the end of the experiment
under CL (14 days after germination, Figure 4A, B and C). Notably, the area of the average convex
hulls between 8 and 14 days does not differ between CL and LD conditions (Figure 4D). Nonetheless,
the quantification of the sum of LRs length over the convex hull area indicates that the density of LRs
is higher under CL between 10 and 14 days (Figure 4E). Collectively, our analyses indicate that global
LR length increases under CL as a result of more numerous LRs growing simultaneously, although the
area explored by the RSA does not differ between the two photoperiods. Thus, the global density of
the resulting RSA is higher under CL.

3.2 Novel speed-based parameters derived from temporal phenotyping
The information derived from the temporal dimension of traditional and novel RSA parameters indi-
cated that the difference in root growth rate became broader throughout time under CL vs. LD. It
has been shown that the Arabidopsis thaliana MR exhibits an oscillating growth which likely depends
on the lunisolar tide [26, 21] and light-associated carbon partitioning [57]. Therefore, based on the
segmentations obtained with our deep learning models, we calculated the growth speed throughout
the experiment in both conditions, showcasing how novel speed-based parameters can be derived via
ChronoRoot. MR speed grew steadily until approximately 150 h under LD and 200 h under CL post
germination, and the average maximum speed reached in CL was higher than in LD (Figure 5A).
Strikingly, the difference in the growth speed of the global root system (TR) between the two condi-
tions became increasingly larger since the moment when the speed of the MR was stabilized (Figure
5B), hinting at a different acceleration rate between conditions. The observed root growth dynamics
further supports the rising relevance of LRs as a main component of RSA throughout time.

Notably, the analyses of growth speed uncovered an oscillating behavior in both conditions (Figure
5A and B). To better understand the different growth patterns exhibited by LD and CL conditions,
we performed a Fourier decomposition of the growth speed signals. Fourier transform decomposes
functions depending on time into functions depending on frequency. In other words, the Fourier trans-
form of a given function describes how much of any given frequency is present in the original signal.
When comparing growth speed signals, analyzing their Fourier spectrum helps us to see how much this
signal correlates with particular oscillation frequencies. For example, if high Fourier coefficients are
associated with the frequency 1/24h, it means that the plant growth speed follows a daily oscillation
(corresponding to what is known as circadian rhythm). Differences in the Fourier coefficients at a
given frequency between growth conditions would indicate an alteration in the oscillatory pattern of
plant growth. A Fast Fourier Transformation (FFT) of the signal of MR growth speed in CL vs. LD
revealed a major energy difference in the components corresponding to the frequencies of 1/24h and
1/12h, respectively (Figure 5C). Remarkably, these two components distinguish circadian and ultra-
dian rhythms displayed by plants grown in LD, with a pronounced local minimum of the growth speed
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Figure 4: Area and density of the RSA analyzed along time. A. Overlapped segmentations of the whole
root system at 14 days after germination. Blue background indicates no roots. The brightness of the
signal increases as more roots occupy the same position. B. Same as A, represented as a heat map of
the convex hull extracted for each individual. C. Overlapped convex hull contours for each condition.
D. Average convex hull area for different time points under CL or LD, represented as violin plots.
The mean is indicated as a green point. E. LR density calculated as the sum of LR length over the
area included in the respective convex hull. The distribution of each population for the corresponding
time points is shown as violin plots. The green points indicate the mean. Asterisks indicate that the
difference is statistically significant. We used Shapiro-Wilk test to assess gaussianity, Levene test to
confirm equal variances and t-test to confirm that differences between the means of both populations
are statistically significant (p-value < 0.01).

at 1/24h and a minor local minimum at 1/12h (Figure 5D). Strikingly, the most pronounced differences
revealed by FFT (Figure 5C) served to uncover a root growth clock-related disorder suffered under
CL, coinciding with a blurred daily oscillation of growth speed, in comparison with the corresponding
sine curves (Figure 5D; a detailed comparison of MR, LR and TR growth speed analyses is shown Sup-
plementary Figure 1). Although an oscillating behavior can be observed under CL towards the end of
the experiment (Figure 5A and B), the energy at 1/24 and 1/12 frequencies was higher under a LD
photoperiod throughout the complete time lapse analyzed (Figure 5E and F). Notably, the difference
between conditions of the TR oscillating speed of growth is mainly due to the MR contribution (Sup-
plementary Figure 2). Altogether, our study of wild-type Arabidopsis thaliana Col-0 plants growing
under alternative photoperiods using ChronoRoot served to reveal novel temporal parameters of root
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development, notably including clock-related features depending on the light environment.

3.3 3D-printed device for temporal image acquisition
The ChronoRoot device is an affordable and modular imaging system based on 3D-printed and laser
cut pieces and off-the-shelf electronics (Figure 1.1 and 1.2). Each module consists of a Raspberry Pi
(v3)-embedded computer controlling four fixed-zoom and fixed-focus cameras (RaspiCam v2), and an
array of infrared (IR) LED back-light. In between each camera and the corresponding IR array, there
is a vertical 12 x 12 cm plate for seedling growth, allowing automatic image acquisition repeatedly
along the experiment without any modification or movement of the imaging setup. The four-plate
module is small (62 x 36 x 20 cm) and can be placed in any growth chamber. The different parts of the
imaging setup (back-light, plate support and camera) can be positioned along a horizontal double-rail
to control the field of view of the camera and accurate lightning. In addition, the camera can be
moved vertically. ChronoRoot allows image acquisition at a high temporal resolution (a set of pictures
every minute). The use of an IR back-light (850 nm) and optional long pass IR filters (> 830 nm)
allow acquiring images of the same quality independently from the light conditions required for the
experiment, during day and night.

Each module is connected to the network either by Wi-Fi or Ethernet cable. A web interface allows
the control of the device offering live feed of the cameras for field of view and focus setup. The user
can program the activation of cameras and IR back-light, starting and ending dates, the time basis
for picture acquisition, and finally follow the progression of the experiment. The pictures are saved
directly on an external drive plugged on the Raspberry Pi. Once the experimental setup is ready, each
module is completely independent from the external environment and the access to the network (for
more details see Methods, Supplementary Figures 3-7 and the Supplementary 3D printing and laser
cutting files).

4 Discussion
The plant phenotype can be defined as the integration of structural, physiological, and performance-
related traits of a genotype in a given environment. Plant phenotyping is therefore the act of determin-
ing the quantitative or qualitative values of these traits [19]. The advent of novel imaging technologies
and image processing have revolutionized plant phenotyping, expanding the frontiers of phenotypic
trait measurement. Plant roots have a major role in plant anchorage and resource acquisition while
offering environmental benefits such as carbon sequestration and soil erosion mitigation [41]. The
growing knowledge linking genetics with functional properties of plant roots is of crucial interest to
plant breeding, notably for the design of novel strategies for sustainable agriculture and environmen-
tal stewardship in the face of the impending climate change. Whereas high throughput genotyping,
sequencing-based genotyping and genomic breeding are behind current agricultural practices in the
era of omics technologies, the collection of phenotypic data for a thorough characterization of the RSA
is increasingly becoming a limiting factor [35]. Although significant advancements in the application
of imaging sensors for high-throughput data collection have allowed comprehensive plant phenotyping
[17], the characterization of root traits has been hampered by the inaccessibility of the rhizosphere.

Large and sophisticated phenotyping platforms are deployed worldwide and allow the simultane-
ous phenotyping of several hundreds of plants (see the International Plant Phenotyping Network[2]).
However, their big dimensions and high automatization reserve their implementation on specialized
locations and mainly for large phenotyping experiments. Root imaging systems of intermediate com-
plexity, like the one proposed in [54], serve to address the temporal phenotyping of plant roots using
vertical plates for plant growth in agarized medium. However, such system still requires a single-
axis mobile robot, which implies more expensive electronics and plant chamber space devoted to the
equipment setup. In contrast, low-cost ChronoRoot modules can be located easily in already existing
facilities without major modifications or permanent movement. The number of modules to be built
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and used will only depend on the available space and the experimental design (e.g. a few modules
for the characterization of given genotypes vs. multiple units for GWAS approaches using tens to
hundreds of plant accessions). It also allows to scale the hardware setup according to available funding
and experiment requirements progressively. In parallel, the advancement of the Do It Yourself (DIY)
movement has promoted the development of a growing number of low-cost phenotyping devices com-
bining 3D-printed, laser cut, captor and microcontroller coming from open-source and open-hardware
communities such as Arduino[1] or Raspberry Pi[5]. Successful inexpensive devices have allowed mon-
itoring plant leaves [53], including Phenotiki, an affordable open software and hardware platform for
image-based phenotyping of plant aerial organs [42]. More recently, the Phenotiki sensor interface
was used to characterize cotton RSA on soil-containing big Rhizoboxes, allowing the determination
of basic architectural parameters [11] (like total root area, convex hull area, total root length, etc).
In contrast, ChronoRoot allows for a more fine-grained high-throughput temporal phenotyping, e.g.
making it possible to distinguish between MR and LRs. Finally, modular rhizotrons of more sophisti-
cated designs (including more expensive cameras and light flashes, precluding observations during the
night) also served for RSA characterization of crops [55].

In the last few years, images of the root system from different plant species have been acquired
manually using a flat-bed scanner or a camera positioned in front of vertical petri dishes. Root
phenotyping is generally performed upon single-time-point images or using several images acquired
during growth in time-lapse sequences. More recently, semi-automatic devices and softwares have also
helped to increase the efficiency of image acquisition and associated analyses [32, 29, 9, 16, 40, 24]. The
great need of throughput in screening experiments to uncover the genetic basis of root development,
justifies the use of simplified artificial culture conditions and standardized environments to make the
RSA accessible to image acquisition [19]. Software tools use input images of root systems grown under
a variety of conditions, including hydroponic and aeroponic systems, agarized medium, paper pouches
or soil [40, 16]. Here we propose to use vertical square petri dishes for plant growth on the surface
of transparent agarized medium, for automatic acquisition of photographs allowing a high resolution
temporal phenotyping of the RSA.

According to Quantitative Plant [39, 4], over 40 image processing softwares are available for root
system analysis [47, 40]. RSA parameters are extracted from various types of 2D images captured from
agar plates or washed roots extracted from soil. Moreover, 3D RSA reconstruction is possible using X-
ray computed tomography [51] or magnetic resonance imaging [20]. Nearly all the reported tools need
human input to be operated and retrieve precise numbers. RootTrace [22, 43] for example, which also
focuses on high-throughput analyses of root growth, employs traditional image processing and tracking
techniques, resulting in a program that can only extract MR length and count the number of emerged
LRs. On the contrary, our model relies on deep networks producing a detailed segmentation of the RSA
which is then classified into MR and LR, allowing for fine grained measurements like the total length
of the LRs, which is not provided by RootTrace. Other tools such as GiaRoots [24] and EZ Rhizo [9]
employ simple threshold strategies for root segmentation. In contrast to ChronoRoot, these tools fall
short at handling segmentation problems emerging from drops due to water condensation, they require
manual human calibration and do not take advantage of the redundancy provided by the temporal
resolution of the high-throughput videos to filter out spurious segmentations. Another alternative
tool is Win Rhizo [8], a commercial and non-open source tool designed to work with images captured
with high resolution desktop optical scanners. Such a requirement makes it virtually impossible to
capture high-throughput temporal sequences of growing plants. On the contrary, ChronoRoot is open-
source and designed to work with low-cost cameras. Another option is BRAT [50], designed for
high-throughput phenotyping of root growth and development. The main disadvantage of BRAT is
that it can only handle early root growth, and does not provide measurements for LRs.

The previously discussed methods are mostly based on conventional image processing approaches
and extract a limited number of RSA features. Advances in machine learning applied to image analysis
allowed partially overcoming these limitations. For example, deep learning techniques have been
used to improve the consistency of classic approaches enhancing the quality of root segmentations
[14, 13]. Closest to our work is the recent RootNav 2 [56], which is also based on deep learning models
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and provides fine-grained metrics distinguishing between MR and LRs. However, RootNav 2 does
not exploit the redundancy provided by the temporal resolution and follows a different architectural
design, which makes ground truth annotations more difficult to obtain and prevents us from training
the model with our dataset. Compared to ChronoRoot, RootNav 2 employs a more complex neural
network architecture with two output paths: the first one is used to predict root segmentation masks
(differentiating between MR and LRs) while the second one produces heat maps associated with root
tips. This design choice requires the ground truth annotations to be composed of 3 parts: (1) MR pixel
level annotations, (2) LR pixel level annotations and (3) root tip annotations. Conversely, ChronoRoot
just requires binary segmentation maps (background vs foreground root) for training, since the MR and
LR labeling is performed after segmentation following a depth first search approach on the skeletonized
binary segmentation. Thus, our dataset is just composed of images with foreground/background pixel
level annotations, which is not enough for training the RootNav 2 model.

5 Potential implications
ChronoRoot expands the possibilities for high throughput root phenotyping, which is of major impor-
tance for natural variation and GWAS, as well as mutant characterization and screening. Notably, it
has been shown that clock-related mutants exhibit a differential oscillating MR growth under alter-
native conditions [21, 57, 30]. ChronoRoot offers an ideal platform for the identification of genotypes
associated with altered clock traits, based on the analysis of spectral features extracted from temporal
signals.

Note that the specification of all ChronoRoot hardware components (e.g. camera, etc) is released
in this paper. Thus, for anybody installing the system and using the same imaging setup, our software
for Arabidopsis thaliana analysis should work without further retraining. In case the system fails due
to different lighting conditions or hardware components, a minimal fine-tuning of the model by using
a few annotated images from the new setup may be required.

6 Methods

6.1 Hardware description
An automated imaging setup was designed and built in the shape of an independent module of 62 x 36
x 20 cm (Figure 1). It is aimed at imaging up to four vertical plates either in color or in near-infrared
(NIR) lightning. Each module consists of a single board computer (Raspberry Pi) controlling four
cameras through a multiplexer module and an array of NIR LED illumination through a relay. The
main support of each module is a 620 x 36 x 5 mm acrylic sheet cut using a laser cutter to allow to screw
the different parts or let pass strips connecting the camera to the camera multiplexer. Several 3D pieces
were designed and printed to place the different components of the module. Each module is separated
in four subparts, each of them along a double aluminum axis. This axis allows to adjust the distance
of the different parts of the imaging setup: NIR illumination, plate support, camera. The underpart
of the module was used to fix the LED AC/DC adaptor, the relay and the computer. The supports
under the platform raise and stabilize the module. Supplementary File 1 includes a full description of
the components and the steps for the assembly of the device. The 3D-printing and laser cut plans are
available online at https://github.com/ThomasBlein/ChronoRootModuleHardware under the CERN
Open Hardware Licence Version 2.

6.2 Computational methods
We evaluated different state-of-the-art architectures for image segmentation, and proposed new vari-
ants which achieved a good compromise between processing time, model complexity and accuracy, as
discussed in the Results section. This segmentation module is followed by several post-processing stages
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including a CRF post-processing to enhance label homogenity, a temporal consistency refinement step,
skeletonization, graph construction and node tracking. ChronoRoot outputs a labeled graph per image
indicating which nodes correspond to the seed, main root, lateral roots, bifurcations and the root tips.
For each time step, the complete RSA is saved following the RSML format [6].

6.3 Deep learning models for root segmentation
CNNs are representation learning methods with multiple abstraction levels, which compose simple but
nonlinear modules transforming representations at one level into a representation at a higher, slightly
more abstract level [37]. These models are specially suited for computer vision tasks, in particular
for image segmentation [25]. We explored six different convolutional neural network architectures to
perform plant root segmentation. Four of them are state-of-the art existing architectures, while the
other two were proposed in this work. In what follows, we first present a brief description of the
state-of-the-art architectures (namely the UNet [48], ResUNet [60], SegNet [10] and DeepLab [15]) and
then discuss the two models proposed in this work.

UNet: The first model is a modified lightweight version of the standard UNet [48], which employs a
fully convolutional encoder-decoder architecture and produces a dense segmentation map at the pixel
level. Based on the original UNet model, we implemented a lightweight version reducing by 4 the
number of feature maps per convolutional layer. Skip connections were implemented via summations
of the signals in the up-sampling part of the network, instead of the concatenation used in the original
version. We also replaced the max-pooling layers with avg-pooling, and used an Exponential Linear
Unit (ELU) as non-linearity instead of a Rectified Linear Unit (RELU). See Supplementary Table 1
for a detailed description of the implemented architecture.

ResUNet: For the second model (ResUNet), we replaced the convolutional layers in the afore-
mentioned UNet architecture by residual blocks [28]. Residual blocks help to prevent the degradation
problem which occurs in very deep neural networks by learning residual functions with reference to the
layer inputs, instead of learning unreferenced functions. Recent works suggest that residual blocks are
effective at segmenting tubular structures like plant roots or roads in a map [60]. See Supplementary
Table 2 for a detailed description of the implemented architecture.

SegNet: The SegNet architecture [10] is a fully convolutional encoder-decoder neural network,
widely adopted by the computer vision community to perform dense image segmentation. The archi-
tecture of the encoder is identical to the first 13 layers of VGG-16 [49] and the role of the decoder
network is to map the low resolution encoder feature maps to full input resolution feature maps for
pixel-wise classification. Differently from the UNet where skip connections are used to propagate the
complete feature maps from the encoder to the decoder, the upsampling in the decoder part of the
SegNet model uses the memorized max-pooling indices from the corresponding encoder level. Our
implementation was based on a publicly available model[7].

DeepLab v3: The DeepLab V3 model [15] follows a different approach to generate dense segmen-
tation maps. Differently from the previous models which use skip connections (UNet) or memorized
max-pooling indices (SegNet), this model employs atrous convolutions with upsampled filters to extract
dense feature maps and capture long range context.

6.3.1 Proposed Models

On top of these state-of-the-art architectures, we propose two different CNN models. In the first model,
named DSResUNet, we aimed at improving the segmentation accuracy while keeping at the same time
a fast lightweight model. In the second case, we focused on increasing the robustness and boosting
the accuracy of the segmentation method, at the expense of a more complex model which follows the
principle of ensemble learning.

DSResUNet: Taking the ResUNet as a baseline model, we propose here a new architecture
which combines residual connections and deep supervision [38] to improve the accuracy of the results.
Deep supervision integrates additional loss terms which are computed using feature maps from the
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intermediate CNN layers, instead of the last one only. We concatenated the ResUNet output with the
original input image, and processed these feature maps with two additional convolutional layers. This
resulted in a cascade of two networks which are trained jointly, where the first one produces an initial
segmentation map that is then refined by the second part of the network. We computed two loss terms,
one after the output of the standard ResUNet and another one after the additional convolutions. The
sum of both terms constitute the loss function used to train the DSResUNet model. See Figure 1 for
a graphical illustration of the architecture, and Supplementary Table 2 for a detailed description.

Ensemble: Our final segmentation method is an ensemble model. The idea of ensembling is
that we can create higher performing models by combining multiple predictors using an aggregation
function. One of the most common strategies to implement ensemble models is bagging [12], where
the same classifier is trained multiple times using different samples of the training set, and the final
output is obtained as the average of the independent predictions. In this work, we followed a different
principle which had been successfully applied in the context of medical image segmentation, where
instead of combining several instances of the same model trained with different training samples,
we combined different models and architectures trained with the same datasets [33]. The idea is to
average out the bias infused by individual model configurations, to approximate more reliably the
true posterior distribution. In the context of image segmentation, given a dataset L = (x, y)i where
x is an intensity image and y the corresponding ground truth segmentation, we aim at learning the
underlying conditional distribution P (y|x) which maps input images x into segmentation maps y.
This is commonly approximated by a model P (y|x; θm) which has trainable parameters , determined
in our case by the neural network architecture. These parameters were learnt so that they minimize a
particular loss function (see next section for more details in the loss functions used in our work) using
the dataset . Given different architectures, we obtained independent estimates of and combined them
following [33] approximating the posterior P (y|x) as:

P (y|x) ≈ 1

M

M∑

m

P (y|x, θm) (1)

We implemented this ensemble of multiple models and architectures by averaging the predictions
of the 5 previous models (UNet, ResUNet, DSResUNet, SegNet and DeepLab v3), obtaining a more
robust and accurate segmentation method that significantly outperforms the independent instances.

Training details: All the CNN models were trained using binary cross entropy as the loss function,
Adam optimizer with default parameters, learning rate of 0.0001 and weight decay = 1e-8 for UNet-like
models, 1e-9 for DeepLab and 1e-10 for SegNet. The hyper-parameters were chosen by grid search
using the validation data. All models were implemented in TensorFlow 1, and the source code is
publicly available. The training was done on a standard workstation with Intel(R) Core(TM) i7-8700
CPU, 64 GB RAM and a NVIDIA Titan X graphics processing unit.

Since we are dealing with a relatively small dataset, data augmentation was crucial to achieve good
segmentation performance. We implemented online data augmentation through a variety of patch-
based augmentation procedures including addition of Gaussian noise, random Gamma corrections to
simulate different lighting conditions, artificial blur and horizontal flipping. These transformations
were applied to both the images and their corresponding ground-truth segmentation masks. The
proposed architectures are all fully convolutional, enabling a patch-based training procedure. As this
is a highly unbalanced problem (we have fewer pixels corresponding to root class than background)
we implemented the following patch sampling strategy: we sampled patches from random positions
centered in root pixels with the same probability as patches centered in background pixels. After
performing a grid search of hyperparameters, the size of the training patches was set to 256x256 and
we used batches of 8 patches. At test time, we worked with the full resolution images which can be
fed to the network and processed by the fully convolutional architectures.

CRF Post-processing: The CNN segmentations are post-processed using a standard fully con-
nected CRF[36]. The CRF operates under the hypothesis that pixels which are contiguous and have
similar intensity values should be assigned the same label. We used an efficient publicly available
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implementation[3] of a dense CRF[34] with Potts compatibility function and hand-tuned parameters
θα = 5 and θβ = 3.

6.4 Graph generation and temporal consistency improvement
The CNN output can be interpreted as a soft segmentation. Since we processed temporal sequences
of growing plant roots, we applied a post-processing step to improve temporal consistency using a
variation of the weighted trailing average. The current segmentation and an accumulation of the
previous ones are averaged to avoid losing parts of the root due to droplets or other type of occlusion.
Given the current segmentation st at time t, and the accumulated mask up to the previous time step
at−1, we compute the current map at = st + αat−1. The weight α is chosen depending on the size of
the time-step (we used α = 0.9 in our experiments). The aim is to use the root segmentation masks
obtained in previous time steps to correct for potentially missing root segments. In our experiments,
we processed images every 15 minutes to ensure that the plant has not grown much between two time
steps. The average helped to alleviate certain problems caused by root occlusion or water droplets,
as the probability maps associated to previous frames act as memory mechanisms, resulting in more
stable segmentations (see Figure 6 for a visual example).

At this point, as the user selects a Region of Interest (ROI) for each plant, the algorithm starts
working one by one. We proceed to threshold the accumulated probability map for the selected plant,
perform closing and opening morphological operations[27] to eliminate spurious pixels and then we
select the biggest connected component as the root segmentation. Finally, we proceed to skeletonize[59]
the segmentation and construct a graph that represents the root system architecture.

We run a depth first search (DFS) algorithm[18] in order to label the bifurcation and end nodes of
the unlabeled root graph given by the skeletonized binary segmentation. We use the DFS algorithm,
starting from a seed that can be automatically chosen as the top pixel in the plant ROI or manually
specified. For assigning labels to the MR, we work based on the assumption that in early growing
stages, there will only be a MR with seed (top pixel) and tip (bottom pixel). We then use nearest
neighbours for matching the node graphs in the succeeding iterations. As more nodes appear deviating
from the MR, they will be added as bifurcation (more than one neighbour) or lateral root tip (one
neighbour, different from the MR tip). In case that one LR collides with the main root or another
LR, the tip will still be a tip because of the matching process. Following this procedure, labels are
assigned for the seed, main root tip, bifurcation and lateral root tip nodes. Node graph matching
based on a nearest neighbor criterion was performed between the labeled nodes of successive graphs in
the temporal sequence to track the evolution of the root. These graph structures allowed us to extract
phenotyping features such as main root length, total lateral roots length or number of lateral roots at
every temporal step. By processing the complete temporal sequence for a given root, we can obtain
temporal features such as growing speed or information about the root behavior on day-night cycles,
enabling the emergence of novel temporal plant phenotypes, as those shown in the Results section.
Figure 7 includes several examples of RSAs extracted from images with different levels of complexity.
Note that we visualize the graphs using a simplified version where only nodes corresponding to seed,
bifurcation and tips are shown and connected. However, it is important to highlight that MR and
LR length are computed considering the real length along the labeled skeleton, which are stored as an
edge attribute in the simplified graph for optimization reasons.

7 Availability of source code and requirements
The source code corresponding to ChronoRoot, namely the deep learning model and the graph gener-
ation procedures:

• Project name: ChronoRoot: High-throughput phenotyping by deep learning reveals novel tem-
poral parameters of plant root system architecture
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• Project home page: https://github.com/ngaggion/ChronoRoot

• Research Resource Identifier (RRID): SCR_021259

• Operating system(s): Platform independent

• Programming language: Python

• Other requirements: Python > 3.3, Anaconda, TensorFlow 1.15, PyDenseCRF

• License: GNU GPL

The source code corresponding to ChronoRoot imaging controller, namely the web interface to
check and set up the image acquisition parameters:

• Project name: ChronoRoot: Module Controller

• Project home page: https://github.com/ThomasBlein/ChronoRootControl

• Operating system(s): GNU/Linux

• Programming language: Python

• Other requirements: NGINX, uWSGI, Python >= 3.5, Flask >= 1.1.0, APScheduler, RPi.GPIO,
picamera, WTForms, smbus2

• License: OSI-approved CeCILL-2.1 license

8 Availability of supporting data and materials
All data gathered and reported in this study are available as supplementary material. The two datasets
of images and annotations described in the "Datasets" section, as well as the 3D printing and laser cut-
ting files are publicly available at https://github.com/ThomasBlein/ChronoRootModuleHardware
under the CERN Open Hardware Licence Version 2 - Strongly Reciprocal licence. Supplementary
figures and tables referenced in this work, as well as a detailed description of the hardware system are
available in the annex Supplementary File 1. Snapshots of our code and other data further supporting
this work are openly available in the GigaScience Repository, GigaDB[23].

8.1 Additional Files
Supplementary File 1 includes the following figures and tables:

• Supplementary Table 1: Detailed description of the UNet architecture implemented in this work.

• Supplementary Table 2: Detailed description of the Residual UNet implemented in this work
and the proposed Deeply Supervised Residual UNet.

• Supplementary Figure 1: Novel time-derived parameters of RSA. Supplementary Figure 2: Novel
time-derived parameters of RSA.

• Supplementary Figure 3: Low-cost device for automatic image acquisition of plant plates.

• Supplementary Figure 4: LED near-infrared panel front view and back view.

• Supplementary Figure 5: Plate support.

• Supplementary Figure 6: The camera setup.

• Supplementary Figure 7: Electronic connection of a module.

Supplementary File 2 includes a Video Abstract of this work.
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Figure 5: Novel time-derived parameters of RSA. A. Main root (MR) and B. Total root (TR) growth
speed along time. C. Fourier Fast Transform of the growth speed signal of MR. The largest energy
differences are indicated in the graph. D. The post-processed (high-pass followed by normalization)
MR growth speed showing a 7-day-window centered on day 3. The sine curves corresponding to the
frequency 1/12 (in black) and 1/24 (in red) found in C are indicated at the top. Note the correlation
between the LD growth speed oscillation and the two components 1/12 and 1/24. E. The energy
at 1/24 frequency calculated in a 7-day-window centered at consecutive time points for MR. F. The
energy at 1/12 frequency calculated in a 7-day-window centered at consecutive time points for MR.
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Figure 6: Qualitative segmentation results obtained with the benchmarked methods. We observe how
the ensemble and the ensemble with temporal consistency improve the quality of the results, specially
in areas with root occlusion.
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Figure 7: Examples of images, labeled skeleton and simplified graphs corresponding to RSAs exhibiting
different levels of complexity. Note that we visualize the graphs using a simplified version where only
nodes corresponding to seed, bifurcation and tips are shown and connected. However, since the full
skeleton is labeled, the MR and LR length are computed considering the real length along the skeleton.
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Supplementary Files for ChronoRoot:
High-throughput phenotyping by deep segmentation networks
reveals novel temporal parameters of plant root system
architecture

CNN Architectures

U-Net
Block Input Dimensions Feature Maps Output Dimensions

Conv / Batch Norm /Elu
Conv / Batch Norm /Elu 256x256 16 256x256x16

Average Pooling 2x2 256x256x16 128x128x16
Conv / Batch Norm /Elu
Conv / Batch Norm /Elu 128x128x16 32 128x128x32

Average Pooling 2x2 128x128x32 64x64x32
Conv / Batch Norm /Elu
Conv / Batch Norm /Elu 64x64x32 64 64x64x64

Average Pooling 2x2 64x64x32 32x32x64
Conv / Batch Norm /Elu
Conv / Batch Norm /Elu 32x32x64 128 32x32x128

Dropout Layer
Upconv 32x32x128 64 64x64x64

Elu(Skip Connection (ADD)) 64x64x64 64x64x64
Conv / Batch Norm /Elu
Conv / Batch Norm /Elu 64x64x64 64 64x64x64

Dropout Layer
Upconv 64x64x64 32 128x128x32

Elu(Skip Connection (ADD)) 128x128x32 128x128x32
Conv / Batch Norm /Elu
Conv / Batch Norm /Elu 128x128x32 32 128x128x32

Dropout Layer
Upconv 128x128x32 16 256x256x16

Elu(Skip Connection (ADD)) 256x256x16 256x256x16
Conv / Batch Norm /Elu
Conv / Batch Norm /Elu 256x256x16 16 256x256x16

Conv 256x256x16 256x256x2

Table 1: Detailed description of the UNet architecture implemented in this work.



DS Residual U-Net
Block Input Dimensions Feature Maps Output Dimensions Model

Residual Block 256x256 16 256x256x16

Residual
U-Net

Max Pooling 2x2 256x256x16 128x128x16
Residual Block 128x128x16 32 128x128x32

Max Pooling 2x2 128x128x32 64x64x32
Residual Block 64x64x32 64 64x64x64

Max Pooling 2x2 64x64x32 32x32x64
Residual Block 32x32x64 128 32x32x128
Dropout Layer

Upconv 32x32x128 64 64x64x64
Elu(Skip Connection (ADD)) 64x64x64 64x64x64

Residual Block 64x64x64 64 64x64x64
Dropout Layer

Upconv 64x64x64 32 128x128x32
Elu(Skip Connection (ADD)) 128x128x32 128x128x32

Residual Block 128x128x32 32 128x128x32
Dropout Layer

Upconv 128x128x32 16 256x256x16
Elu(Skip Connection (ADD)) 256x256x16 256x256x16

Residual Block 256x256x16 16 256x256x16
Conv (ResUNet OUT) 256x256x16 256x256x2

Concat (ResUnet OUT) with original input 256x256x2 256x256x3

Deeply
Supervised
Residual
U-Net

Residual Block 256x256x3 16 256x256x16
Max Pooling 2x2 256x256x16 128x128x16
Residual Block 128x128x16 32 128x128x32
Dropout Layer

Upconv 128x128x32 16 256x256x16
Elu(Skip Connection (ADD)) 256x256x16 256x256x16

Residual Block 256x256x16 16 256x256x16
Conv (DSResUNet OUT) 256x256x16 256x256x2

Table 2: Detailed description of the Residual U-Net implemented in this work and the proposed Deeply
Supervised Residual U-Net.
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Supplementary Figures

Figure 1: Novel time-derived parameters of RSA. A. Main root (MR), B. Lateral Roots (LR)
and C. Total root (TR) growth speed along time. D-F. Post-processed speed along time (application
of a high-pass filter followed by normalization) of (D) MR, (E) LR and (F) TR, respectively. The sine
curves corresponding to the frequency 1/12 (in black) and 1/24 (in red) found in D-F are indicated at
the top of each panel. G-I. Fourier Fast Transform of the growth speed signal of (G) MR, (H) LR and
(I) TR, respectively.
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Figure 2: Novel time-derived parameters of RSA. A-C. The energy at 1/24 frequency calculated
in a 7-day-window centered at consecutive time points for (A) MR, (B) LR and (C) TR. D-F. The
energy at 1/12 frequency calculated in a 7-day-window centered at consecutive time points for (D)
MR, (E) LR and (F) TR.
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Hardware Description
In this section we include supplementary notes with additional details about the hardware specification.
These notes are provided as open-hardware specifications, to encourage other scientists to 3D print
and mount the device in their own laboratories.

Figure 3: Low-cost device for automatic image acquisition of plant plates. 3D rendering of
a ChronoRoot module. (A) mobile and controlled infrared (IR) backlight (850 nm), (B) mobile plate
support, (C) diffusing filter, (D) 12 cm x 12 cm square plate with QR code on the top, (E) Camera
case equipped with an IR long pass filter (> 830 nm), (F) mobile camera support, (G) Raspberry Pi
computer controlling the module (IR backlight and camera).
The NIR illumination was build with four rows of LED flexible tape (tri-chip SMD5050-150-IR 850
nm, Huake LTD, China) fixed in a sandwich between two acrylic plates (580 mm x 140 mm x 3 mm)
laser cuts to allow air flow and prevent the LED strip from ungluing. The four strips of LED were
connected in parallel to a 12V AC/DC adaptor fixed under the module. The power supply cable of
the adaptor is under the control of relay (Single Relay Board #27115, Parallax Inc), in a box fixed
near the adaptor. It allows the control of the NIR illumination by the computer. The LED array is
maintained vertically by L-shaped supports able to move along the aluminum horizontal axes as four
individual panels in the module, corresponding to the respective plant plates.
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Figure 4: LED near-infrared panel front view (left) and back view (right). The LED strips (D) are
squeezed in between two acrylic panels (A and B) to prevent them from unsticking from the back panel.
The strips are linked in parallel to the AC/DC adaptor through strip connector (C). The full LED
panel is kept in vertical position via an L-shaped support (E) able to move along the double aluminum
axis (F). Acrylic screws and nuts are used to maintain the LED panel on the L-shape support and fixed
the horizontal position on the horizontal axis. U-shaped plate holders were designed to hold 12.5 cm x
12.5 cm square petri dishes used to grow the plants. The plate holder carries a diffusion filter (Cinegel
R3000 Tough Rolux, Rosco Laboratories Inc.) at the back of the plate to allow homogeneous backlight
illumination of the plates by the NIR LED array. The four plate holders can be moved independently
along their respective horizontal axis.
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Figure 5: Plate support. Annotated 3D rendering (left) and picture (right) of the plate support.
The U-shaped plate support (A) carries a diffusion filter at the back (B) allowing an homogeneous
near-infrared illumination. Each support moves horizontally on the double axis (C). A classical 12.5
cm x 12.5 cm square plate fit into the plate support (E).
Each camera is a regular Raspberry Pi NoIR V2 module (Sony IMX219 8-megapixel sensor) which is
able to capture NIR wavelengths in addition to the classical visible spectrum. It is positioned in a
box that can be moved vertically on an L-shaped support which can be shifted along the horizontal
axis. The focus of the camera is adjusted manually before the start of the experiment by turning
the objective lens using the provided crown. To be able to record pictures exclusively from the NIR
spectrum, an IR long pass filter (12.5 mm diameter, RG830 Schott AG) can be positioned in front of
the camera to exclude light below 830 nm and provide consistent images independently of the lightning
of the growth chamber.
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Figure 6: The camera setup. (Left) annotated 3D rendering; (middle) camera on a module car-
rying a filter; (right) camera on a module without the filter. A Raspberry Pi NoIR V2 module is
enclosed in a 3D printed box (A) that could carry an optional filter (B). The box can be moved ver-
tically on an L-shaped support (C) which itself is able to move along a double aluminum axis (F);
The position of the L-shape support and of the camera box are secured by acrylic screw and nut (E
for L-shaped support). The double aluminum axis is attached to the main board by a 3D printed
part (D). The computer is a Raspberry Pi 3 model B with an additional camera multiplexer module
(IVPort V2 Raspberry Pi Camera Module V2 Multiplexer, Ivmech Mekatronik & İnovasyon Ltd.) and
allows to connect four cameras. It is boxed in a cage fixed under the main board. The computer runs
the Raspbian GNU/Linux operating system and a python web application was developed to control
the different components of the module. The camera multiplexer module is controlled through the
ivport_v2 library (https://github.com/ivmech/ivport-v2), the control of relay of the NIR backlight
through pins 30 (ground) and 32 (GPIO 12) of the Raspberry Pi GPIO through the RPi.GPIO li-
brary (https://pypi.org/project/RPi.GPIO/). The web interface was developed using the Flask web
framework (https://flask.palletsprojects.com), uWSGI (https://uwsgi-docs.readthedocs.io/), Twitter
Bootstrap for the frontend (https://getbootstrap.com/). The scheduling of the task was managed us-
ing the APScheduler library (https://apscheduler.readthedocs.io). The source code of the application
is available at https://laforge.ips2.u-psud.fr/thomas.blein/kinematicrobot.
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Figure 7: Electronic connection of a module. Schematic electric connection between the Raspberry
Pi GPIO, the camera multiplexer, the relay board and AC/DC adaptor (up left). Real view of the
connection with different part boxes open (right). The Raspberry Pi (B) is connected to a USB power
adaptor (A). The camera multiplexer module (D) is plugged on the Raspberry Pi GPIO port and
connected to the Raspberry Pi camera by a strip (C). Each camera is connected to the multiplexer
by a strip (E). The pictures are saved on a USB stick (F) or a USB hard drive directly connected to
the Raspberry Pi. A relay board (H) is connected to the Raspberry Pi GPIO and controls the main
power (G) of the AC/Dc adaptor powering the LED strip. The final organization of the controlling
part under the module main board raised by foots (J).
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Abstract

In this work we address the problem of landmark-based segmentation for anatomical structures.
We propose HybridGNet, an encoder-decoder neural architecture which combines standard convo-
lutions for image feature encoding, with graph convolutional neural networks to decode plausible
representations of anatomical structures. We benchmark the proposed architecture considering
other standard landmark and pixel-based models for anatomical segmentation in chest x-ray im-
ages, and found that HybridGNet is more robust to image occlusions. We also show that it can be
used to construct landmark-based segmentations from pixel level annotations. Our experimental
results suggest that Hybrid-Net produces accurate and anatomically plausible landmark-based seg-
mentations, by naturally incorporating shape constraints within the decoding process via spectral
convolutions.

1 Introduction
Deep learning models based on convolutional neural networks have become the state-of-the-art for
anatomical segmentation of biomedical images. The current practise is to employ standard convolu-
tional neural networks (CNNs) trained to minimize a pixel level loss function, where dense segmentation
masks are used as ground truth. Casting image segmentation as a pixel labeling problem is desirable in
scenarios like lesion segmentation, where topology and location do not tend to be preserved across in-
dividuals. However, organs and anatomical structures usually present a characteristic topology which
tends to be regular. Differently from dense segmentation masks, statistical shape models [15] and
graph-based representations [4] provide a natural way to incorporate topological constraints by con-
struction. Moreover, such shape representations make it easier to establish landmark correspondences
among individuals, particularly important in the context of statistical shape analysis.

Since the early 1990’s, variations of point distribution models (PDMs) have been proposed [8] to
segment anatomical structures using landmarks. PDMs are flexible shape templates describing how
the relative locations of important points can vary. Techniques based on PDMs, like active shape
models (ASM) [8, 31] and active appearance models (AAM) [7] became the defacto standard to deal
with anatomical segmentation at the end of the century. Subsequently, during the next decade, the
development of more powerful and robust image registration algorithms [32] positioned deformable tem-
plate matching algorithms as the choice of option for anatomical segmentation and atlas construction
[11, 16, 25]. More recently, with the advent of deep fully convolutional networks [28, 27], great efforts
were made to incorporate anatomical constraints into such models [17, 20, 24]. The richness of the im-
age features learned by standard CNNs allowed them to achieve highly accurate results. However, most
of these methods work directly on the pixel space, producing acceptable dense segmentations masks
but without landmark annotations and connectivity structure. On the contrary, structured models
like graphs appear as a natural way to represent landmarks, contours and surfaces. By defining the
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Figure 1: The proposed HybridGNet (bottom) is an encoder-decoder architecture which combines
standard convolutions for image feature encoding (blue), with graph spectral convolutions (green) to
decode plausible anatomical graph-based representations.

landmark position as a function on the graph nodes, and encoding the anatomical structure through
its adjacency matrix, we can easily constrain the space of solutions and ensure topological correctness.

During the last years, the emerging field of geometric deep learning [5] extended the success of
convolutional neural networks to non-Euclidean domains like graphs and meshes. While classical
CNNs have been particularly successful when dealing with signals such as images or speech, more
recent developments like spectral convolutions [6, 9] and neural message passing [12] enabled the use
of deep learning on graphs. Recently, graph generative models were proposed [19, 26]. Of particular
interest for this work is the convolutional mesh autoencoder proposed in [26]. The authors construct
an encoder-decoder network using spectral graph convolutions, and train it in a variational setting
using face meshes. By sampling the latent space, they are able to generate new expressive faces never
seen during training. Inspired by this idea, we propose to exploit the generative power of convolutional
graph autoencoders [26, 10] to decode plausible anatomical segmentations from images.
Contributions. In this work, we revisit landmark-based segmentation in light of the latest develop-
ments on deep learning for Euclidean and non-Euclidean data. We aim at leveraging the best of both
worlds, combining standard convolutions for image feature encoding, with generative models based on
graph convolutional neural networks (GCNN) to decode plausible representations of anatomical struc-
tures. Under the hyphothesis that encoding connectivity information through the graph adjacency
matrix will result in richer representations than standard landmark-based PDMs, we also compare our
results with other statistical point distribution models which do not make explicit use of the graph
connectivity. Our contributions are 4-fold: (1) we propose HybridGNet, an encoder-decoder archi-
tecture which combines standard convolutions with GCNNs to extract graph representations directly
from images; (2) we showcase the proposed architecture in the context of anatomical landmark-based
segmentation of chest x-ray images and benchmark the results considering other landmark and pixel-
based segmentation models; (3) we propose to use HybridGNet to create graph-based representations
from dense anatomical masks without paired images and (4) we show that HybridGNet is more robust
to image oclussions than state-of-the-art pixel-level segmentation methods.
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2 Hybrid graph convolutional neural networks
Problem setting. Let us have a dataset D = {(I,G)k}0<k<N , composed of N dimensional images
I and their corresponding landmark-based segmentation represented as a graph G =< V,A,X >. V
is the set of nodes (landmarks), A ∈ {0, 1}|V |×|V | is the adjacency matrix indicating the connectivity
between pairs of nodes (Aij = 1 indicates an edge connecting vertices i and j, and Aij = 0 otherwise)
and X ∈ R|V |×d is a function (represented as a matrix) assigning a feature vector to every node. In
our case, it assigns a d-dimensional spatial coordinate to every landmark. Without loss of generality,
in this work we will showcase the proposed framework in 2D images (thus X ∈ R|V |×2). However, note
that extending our method to 3D images is straightforward, the only difference being that images I
will be volumes and graphs G, meshes.

In the context of landmark-based segmentation and point distribution models, it is common to
have manual annotations with fixed number of points. Therefore, for all graphs, we assume that the
set of nodes (landmarks) V and the connectivity matrices A are the same. The only difference among
them is given by the spatial coordinates defined in X. This assumption enables the use of spectral
graph convolutions [9, 26] to learn latent representations of anatomy.

Spectral graph convolutions. We have previously mentioned that extending discretized convolu-
tions to graph structures is not straightforward. A myriad of graph convolution formulations have
been recently proposed [5, 12]. Here we adopt the localized spectral version since it has shown to be
effective at learning powerful shape representations from graph structures with a fixed number of nodes
[26]. Spectral convolutions are build using the eigendecomposition of the graph Laplacian matrix L,
exploiting the property that convolutions in the node domain are equivalent to multiplications in the
graph spectral domain [30].

The graph Laplacian is defined as L = D − A, where D is the diagonal degree matrix with
Dii =

∑
j Aij , and A is the adjacency matrix. The Laplacian L can be decomposed as L =

UΛUT , where U ∈ R|V |x|V | = [u0, u1, ..., u|V |−1] is the matrix of eigenvectors (Fourier basis) and
Λ = diag(λ0, λ1...λ|V |−1) the diagonal matrix of eigenvalues (frequencies of the graph). By analogy
with the classical Fourier transform for continuous or discrete signals, the graph Fourier transform
of a function X defined on the graph domain is X̂ = UTX, while its inverse is given by X = UX̂.
Based on this formulation, the spectral convolution between a signal X and a filter gϕ = diag(ϕ) is
defined as gϕ ∗ X = gϕ(L)X = gϕ(UΛUT )X = Ugϕ(Λ)UTX, where ϕ ∈ Rn is a vector of coeffi-
cients parameterizing the filter. We follow the work of Defferrard et al [9] and restrict the class of
filters to polynomial filters gϕ =

∑K
k=0 ϕkΛ

k. Polynomial filters are strictly localized in the vertex
domain (a K-order polynomial filter considers K-hop neighborhoods around the node) and reduce the
computational complexity of the convolutional operator. Such filters can be well approximated by a
truncated expansion in terms of Chebyshev polynomials computed recursively. Following [9, 26] we
adopt this approximation to implement the spectral convolutions. Note that a spectral convolutional
layer will take feature matrices Xl as input, and produce filtered versions Xl+1 akin to what standard
convolutions do with images and feature maps.

Auto-encoding shape and appearance. Autoencoders are neural networks designed to reconstruct
their input. They follow an encoder-decoder scheme, where an encoder z = fenc(x) maps the input x
to a lower dimensional latent code z, which is then processed by a decoder fdec(z) to reconstruct the
original input. The bottleneck imposed by the low-dimensionality of the encoding z forces the model
to retain useful information, learning powerful representations of the data distribution. The model
is trained to minimize a reconstruction loss Lrec(x, fdec(fenc(x))) between the input and the output
reconstruction. To constrain the distribution of the latent space z, we add a variational loss term to
the objective function, resulting in a variational autoencoder (VAE) [18]. We assume that the latent
codes z are sampled from a distribution Q(z) for which we will impose a unit multivariate Gaussian
prior. In practise, during training, this results in the latent codes z being sampled from a distribution
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N (µ, σ) via the reparametrization trick [18], where µ, σ are deterministic parameters generated by the
encoder fenc(x). Given a sample z, we can generate (reconstruct) the corresponding data point by
using the decoder fdec(x). This model is trained by minimizing a loss function defined as:

Lvae = Lrec(x, fdec(z)) + wKL(N (0, 1)||Q(z|x)), (1)

where the first term is the reconstruction loss, and the second term imposes a unit Gaussian prior
N (0, 1) via the KL divergence loss. Depending on the type of data x that will be processed, here
we will implement fenc and fdec using standard convolutional layers (to encode image appearence) or
spectral convolutions (to encode graph structures).

Hybrid graph convolutional neural networks (HybridGNet). To construct the HybridGNet,
we pre-train two independent VAEs. The first one, defined by the corresponding encoder f I

enc and
decoder f I

dec, is trained to reconstruct images I. The second one, defined by fG
enc and fG

dec, is trained
using graphs. In both cases, the bottleneck latent representation is modelled by fully connected neurons
and have the same size. The encoder/decoder blocks are implemented using standard convolutional
layers in the first case, and spectral convolutions in the later case. As depicted in Figure 1, once
both models are trained, we decouple the encoders and decoders, keeping only the image encoder f I

enc

and graph decoder fG
dec. The HybridGNet is thus constructed by connecting these two networks as

fHybridGNet(x) = fG
dec(f

I
enc(x)). The coupled model is initialized with the pre-trained weights, and

re-trained until convergence using the landmarks MSE as reconstruction loss, and the KL divergence
term for regularization. Thus, HybridGNet takes images I as input and produce graphs G as output,
combining standard with spectral convolutions in a single model.

Dual models. Based on the HybridGNet model, we implemented two more architectures incor-
porating a second decoder which outputs dense segmentation masks. The first one is the so called
HybridGNet Dual model, which has two decoders: the graph fG

dec and an extra f I
dec whose out-

put is a dense probabilistic segmentation. The model is trained to minimize a reconstruction loss
Ldual = Lrec + Lseg, combining the landmark localization error (Lrec) with the dense segmentation
error (Lseg). The second model, entitled HybridGNet Dual SC incorporates skip connections (imple-
mented as sums) between corresponding blocks from the image encoder f I

enc and decoder f I
dec. Even

though in this paper we do not focus on dense segmentation models, these models were implemented
to evaluate the effect of incorporating dense masks into the learning process. Since the dataset only
contains contours, we derive the corresponding dense masks for training by filling the organ contours,
assigning different labels to every organ.

Baseline models. Our work builds on the hypothesis that encoding connectivity information through
graph structures will result in richer representations than standard landmark-based point distribution
models. To assess the validity of this hypothesis, we construct standard point distribution models
(like those used in ASM) from the graph representations. Differently from the graph structures which
incorporate connectivity information, here the landmarks are treated as independent points. For a
given graph G =< V,A,X >, we construct a vectorized representation S by concatenating the rows of
X in a single vector as S = (X0,0,X0,1,X1,0,X1,1, ...X|V |−1,0,X|V |−1,1).

We implement two baseline models using the vectorized representation. In the first one, similar to
[23, 3], we simply use principal component analysis (PCA) to turn the vectorized representations S
into lower-dimensional embeddings. We then optimize the pre-trained image encoder fenc to produce
the coefficients of the PCA modes, reconstructing the final landmark-based segmentation as a linear
combination of the modes. In the second model, we train a fully connected VAE, fS , to reconstruct
the vectorized representations S. Following the same methodology used to construct the HybridGNet,
we keep only the decoder fS

dec and connect it with the pre-trained image encoder f I
enc. These baselines

are also trained end-to-end computing the loss on the final location of the reconstructed landmarks,
and using the pre-trained weights for initialization.
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We also include a third baseline model for comparison, which uses a multi-atlas segmentation
(MAS) approach [2, 1]. Given a test image for which we want to predict the landmarks, we take the 5
most similar images (in terms of mutual information) from the training set. We then perform pairwise
non-rigid registration (with affine initialization) using Simple Elastix [21]. The final landmark-based
segmentation is obtained by simply averaging the position of the corresponding transferred landmarks
to the target space.
Detailed architectures and training details. The VAE image encoder f I

enc consists of 5 residual
blocks [14], alternated with 4 max pooling operations. The decoder f I

dec is a mirrored version of f I
enc.

The graph autoencoder consists on 4 layers of Chebyshev convolutions for the encoder fG
enc and 5

layers for the decoder fG
dec, with 16 feature maps and a polynomial order of 6. In both models the

latent space was fixed to 64 features and implemented as a fully connected layer, see Tables 1-4 in Sup.
Mat. for more details. The autoencoders were trained using MSE as Lrec (for both the image and
landmark reconstruction). The HybridGNet was initalized with the pre-trained weights and refined
for 2000 epochs using the MSE to compute the landmark reconstruction error. The dual models also
incorporated the Lseg term based on the average between soft Dice [22] and Cross Entropy. All models
used the KL divergence for regularization (with w = 1e− 5, choosen by grid search) and were trained
using Adam optimizer. All the models were implemented in PyTorch 1.7.1 and PyTorch Geometric
1.6.3. Our code is available at https://github.com/ngaggion/HybridGNet.

3 Experiments and discussion
We evaluated the proposed approaches using the Japanese Society of Radiological Technology (JSRT)
Database [29], which consists on 247 high resolution X-Ray images, with expert annotations for lung,
hearth and clavicles [13]. Annotations consist on 166 landmarks for every image. We constructed the
graph adjacency matrix following a connectivity pattern as shown in Figure 2. This matrix was shared
across all images. The dataset was divided in 3 folds, using 70% of the images for training, 10% for
validation and 20% for testing. We showcase the potential of the proposed HybridGNet architecture
in three different experiments.

Experiment 1: Anatomical landmark-based segmentation. We evaluated the proposed models
using landmark specific metrics, including the mean square error (MSE, in pixel space) over the vector-
ized landmark location and the contour Hausdorff distance (HD, in millimeters). Figure 2 shows that
the Hybrid models outperform the baselines in terms of both MSE and HD. However, incorporating
the dual path with dense mask reconstruction does not seem to make a difference.

Experiment 2: Generating landmark-based representations from dense segmentations.
The proposed HybridGNet offers a natural way to recover landmark based representations from dense
segmentation masks. This could be useful in scenarios where dense segmentation masks are avail-
able, but we require matched landmarks for statistical shape analysis. We trained our HybridGNet
using dense segmentation masks as input and compared the resulting model with the other approaches
trained in the same conditions. Figure 3.d shows that proposed HybridGNet outperformed the three
baselines, confirming that it can be used to construct statistical shape models with landmark corre-
spondences from pixel level annotations (see Sup. Mat. for visual results).

Experiment 3: Robustness study. We assessed the robustness of the proposed model to image
occlusions which may be due to anonymization reasons. We created artificial occlusions by overlapping
random black boxes of different size on the test images. In order to highlight the advantages of the
HybridGNet over standard dense segmentation models, we trained a UNet architecture (same as the
HybridGNet Dual SC but without the graph decoder). Figure 3 shows the results when comparing
the dense UNet with our HybridGNet variants. Since we cannot compute the landmark MSE for the
dense segmentations, we compared the models evaluating the Dice coefficient and Hausdorff distance
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Figure 2: Quantitative and qualitative results. The difference between the means of the HybridGNet
variants and the baselines for MSE (a) and HD (b) are statistically significant according to a Wilcoxon
paired test (see the Sup. Mat. for details). We also include qualitative results (c) reflecting the
improvement in anatomically plausibility obtained when using the HybridGNets (particularly in the
clavicles which are the most challenging).

on the dense masks obtained from the UNet and the convolutional decoder of the dual models. We
can see that not only the UNet, but also the dual models which incorporate dense segmentation masks
during training, degrade the performance faster than the HybridGNet as we increase the size of the
occlusion block.

4 Conclusions
In this work we proposed the HybridGNet architecture to perform landmark-based anatomical seg-
mentation. We show that incorporating connectivity information through the graph adjacency matrix
helps to improve the accuracy of the results when compared with other landmark-based models which
only employ vectorized landmark representations. We showcased different application scenarios for
the HybridGNet and confirm that it is robust to image occlussions, in contrast to standard dense
segmentation methods which tend to fail in this task.
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Figure 3: Figures (a), (b) and (c) show quantitative and qualitative results for the Experiment 3
(oclussion study). We can see that the HybridGNet Dual models are much more robust to missing
parts than a standard UNet model. Figure (d) includes quantitative results for Experiment 2, showing
that HybridGNet is more accurate at recovering landmark contours from dense segmentation masks.
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1 Supplementary material for: Hybrid graph convolutional
neural networks for landmark-based anatomical segmentation

Convolutional Encoder Feature Maps Image SizeIn Out
Residual Block 1 8 512x512
Max Pooling 256x256
Residual Block 8 16 256x256
Max Pooling 128x128
Residual Block 16 32 128x128
Max Pooling 64x64
Residual Block 32 64 64x64
Max Pooling 32x32
Residual Block 64 64 32x32
Flatten
Fully Connected (Mu) 65536 64 -
Fully Connected (Sigma) 65536 64 -

Table 1: Convolutional encoder f I
enc detailed architecture.

Convolutional Decoder Feature Maps Image SizeIn Out
Fully Connected 64 65536 -
Unflatten 65536 64 32x32
Upsampling 64x64
Residual Block 64 64 64x64
Upsampling 128x128
Residual Block 64 32 128x128
Upsampling 256x256
Residual Block 32 16 256x256
Upsampling 512x512
Residual Block 16 8 512x512
Conv2D 8 4 512x512

Table 2: Convolutional decoder f I
dec detailed architecture.
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Encoder HybridGNet Nodes x Nº Kernels Polynomial OrderInput Output
Chebyshev Convolution 166x2 166x16 6
Chebyshev Convolution 166x16 166x16 6
Chebyshev Convolution 166x16 166x16 6
Chebyshev Convolution 166x16 166x16 6
Fully Connected 166x16 64 -

Table 3: Graph encoder fg
enc detailed architecture.

Decoder HybridGNet Nodes x Nº Kernels Polynomial OrderInput Output
Fully Connected 64 166x16 -
Chebyshev Convolution 166x16 166x16 6
Chebyshev Convolution 166x16 166x16 6
Chebyshev Convolution 166x16 166x16 6
Chebyshev Convolution 166x16 166x16 6
Chebyshev Convolution 166x16 166x2 6

Table 4: Graph decoder fg
dec detailed architecture.

Figure 1: Statistical significance for model comparison in Figure 2.a and 2.b of the main manuscript,
considering both MSE and Hausdorff Distance via Wilcoxon paired test. P-values < 0.05 implies
significative differences between the means.
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Figure 2: Examples of landmark-based representations generated from dense segmentation masks in
the Experiment 2.
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Abstract

Anatomical segmentation is a fundamental task in medical image computing, generally tackled
with fully convolutional neural networks which produce dense segmentation masks. These models
are often trained with loss functions such as cross-entropy or Dice, which assume pixels to be
independent of each other, thus ignoring topological errors and anatomical inconsistencies. We
address this limitation by moving from pixel-level to graph representations, which allow to natu-
rally incorporate anatomical constraints by construction. To this end, we introduce HybridGNet,
an encoder-decoder neural architecture that leverages standard convolutions for image feature en-
coding and graph convolutional neural networks (GCNNs) to decode plausible representations of
anatomical structures. We also propose a novel image-to-graph skip connection layer which allows
localized features to flow from standard convolutional blocks to GCNN blocks, and show that it
improves segmentation accuracy. The proposed architecture is extensively evaluated in a variety
of domain shift and image occlusion scenarios, and audited considering different types of demo-
graphic domain shift. Our comprehensive experimental setup compares HybridGNet with other
landmark and pixel-based models for anatomical segmentation in chest x-ray images, and shows
that it produces anatomically plausible results in challenging scenarios where other models tend
to fail.

1 Introduction
Deep convolutional neural networks (CNNs) have achieved outstanding performance in anatomical
segmentation of biomedical images. Classical approaches employ standard encoder-decoder CNN ar-
chitectures [1] that predict the desired segmentation at pixel-level by learning hierarchical features from
annotated datasets. Casting image segmentation as a pixel labeling problem is desirable in scenarios
where topology and location do not tend to be preserved across individuals, like lesion segmentation.
However, organs and anatomical structures usually present a characteristic topology that tends to be
regular. Since deep segmentation networks are typically trained to minimize pixel-level loss functions,
such as cross-entropy or soft Dice [2], their predictions are not guaranteed to reflect anatomical plau-
sibility, due to the inherent lack of sensitivity that these metrics have with respect to global shape
and topology [3] (i.e. many different shapes can lead to the same score). Artifacts such as fragmented
structures, topological inconsistencies and islands of pixels [4] are common for such models, especially
when faced with challenging real-world clinical scenarios like image occlusions and inter-center domain
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shift. Incorporating prior knowledge and shape constraints [5] to avoid these artifacts becomes funda-
mentally important when considering the downstream tasks where segmentation masks are used, like
disease diagnosis, therapy planning and patient follow-up.

As an alternative to dense pixel-level masks, anatomical segmentation can be tackled using other
approaches like statistical shape models [6] or graph-based representations [7], which provide a natural
way to incorporate topological constraints by construction. Such representations make it easier to
establish landmark correspondences among individuals, especially important in the context of statis-
tical shape analysis. In particular, graphs appear as a natural way to represent landmarks, contours,
and surfaces. By defining the landmark position as a function on the graph nodes, and encoding the
anatomical structure through its adjacency matrix, we can easily constrain the space of solutions and
encourage topological correctness. With the emergence of geometric deep learning [8], CNN exten-
sions to non-euclidean domains like spectral graph convolutions [9,10] and neural message passing [11]
enabled the construction of deep learning models on graphs. This allowed for the creation of discrimi-
native models that can make predictions based on graph data, as well as deep generative models [12,13],
which can be used to produce realistic graph structures under a certain distribution.

Contributions

In this work, we explore how landmark-based segmentation can be modeled by combining standard con-
volutions to encode image features, with generative models based on graph neural networks (GCNNs) to
decode anatomically plausible representations of segmented structures. We introduce the HybridGNet
architecture, which takes images as input, process them with standard convolutions and then gen-
erates landmark-based segmentations by sampling the bottleneck latent distribution, re-shaping and
convolving in the graphs domain. We also present the “image-to-graph skip connections” (IGSC)
module, which follows the same spirit of UNet skip connections, where feature maps at equivalent
resolutions flow from encoder to decoder by-passing the model bottleneck. We propose to extract
feature map patches from the image encoder path, and concatenate them with the node features in
the GCNN graph decoder to improve accuracy by recovering details from localized high-resolution
representations.

A preliminary version of this work was presented at MICCAI 2021 [14]. In this journal extension
we include: 1) The novel IGSC module, which combined with graph unpooling operations, allows
localized features at equivalent image/graph resolutions to flow from standard convolutional blocks
to GCNN blocks. This is accompanied with new experiments which demonstrate the improvements
produced by IGSC when compared to the vanilla HybridGNet and other baselines; 2) A new domain
shift study based on two additional datasets, namely the Montgomery and Shenzhen datasets, showing
the robustness of HybridGNet to multi-centric domain shift; 3) A new publicly available dataset of
landmark annotations with node correspondences generated with HybridGNet for the databases which
did not include this type of annotation originally; 4) A new robustness study which includes real X-ray
image occlusion from the Padchest dataset caused by pacemakers; 5) A new experimental study to
assess the impact of demographic domain shift (in particular, the train/test age distribution) in model
performance; 6) Additional experiments to assess the behaviour of the model for pathological anatomy;
and 7) A new clinical use-case study where we show how HybridGNet can be used to compute clinically
meaningful indices like the cardiothoracic ratio.

2 Related work
Landmark-based segmentation

Since the early 1990’s, variations of point distribution models (PDMs) have been proposed [15] to
segment anatomical structures using landmarks. PDMs are flexible shape templates describing how
the relative location of important points can vary. Techniques based on PDMs, like active shape models
(ASM) [15, 16] and active appearance models (AAM) [17] became the defacto standard to deal with
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Figure 1: HybridGNet architecture. (a) The proposed HybridGNet architecture combines standard
convolutions for image feature encoding (cyan) with graph spectral convolutions (green) to decode
plausible anatomical graph-based representations. After the input image is processed by the image
encoder, we sample a 1 dimensional vector from the VAE latent distribution (with n.f components)
which is then reshaped into a 2D matrix of size n×f representing the initial node features. Thus, the 1D
sampled latent code must have n.f components, so that it can be reshaped into a 2D node features table
of dimensions n× f . The Image-to-Graph skip-connection (IGSC) module provides localized features
to the intermediate graph representations. (b) Illustrative visualization of the RoIAlign sampling and
concatenation of features inside the IGSC module.

anatomical segmentation at the end of the century. Subsequently, the development of more powerful
and robust image registration algorithms [18] positioned deformable template matching algorithms
as the choice of option for anatomical segmentation and atlas construction [19–21]. In this scenario,
contours (for 2D images) and meshes (for 3D images) have been used as deformable templates to
solve landmark-based segmentation. However, these methods do not leverage the power of deep neural
networks which have dominated image segmentation during the last decade.

More recently, with the advent of deep fully convolutional networks [1, 22], major efforts were
made to incorporate anatomical constraints into such models [23–25]. The richness and robustness
of the hierarchical features learned by CNNs allowed them to achieve highly accurate results. Un-
fortunately, most of these methods work directly on the pixel space, producing acceptable dense seg-
mentation masks, but without landmark annotations and connectivity structure. On the contrary,
structured models like graphs can easily represent landmarks, contours and surfaces. In line with this
idea, recent studies [26–28] have integrated standard CNNs with different representations of landmark
structures. These methods employ low-dimensional shape representations like Principal Component
Analysis (PCA) decomposition of the original shape space [26,27] or performed on more sophisticated
particle distribution models [28]. In this work, inspired by previous studies on graph generative mod-
els [13], we propose to replace such embeddings by more powerful non-linear representations based on
hierarchical graph convolutional [8] decoders.

Graph generative models

We want to exploit the generative power of graph variational autoencoders [29] to decode plausible
anatomical segmentations from low dimensional embeddings. Of particular interest for our work is
the convolutional mesh autoencoder proposed in [13]. The authors constructed an encoder-decoder
network using spectral graph convolutions, and trained it in a variational setting using face meshes. By
sampling the latent space, they are able to generate new expressive faces, never seen during training.
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We build on top of this idea by keeping the graph convolutional decoder, but replacing the graph encoder
with a standard CNN-based encoder that takes images as inputs. This hybrid architecture learns a
variational distribution conditioned on image data, from which we can sample graphs representing
anatomically plausible segmentations.

Image-to-graph localized skip connections

Last but not least, we are interested in producing accurate landmark-based segmentation for high-
resolution 2D images. In that sense, propagating features learned at different hierarchical levels from
encoder to decoder through skip connections has shown to be an effective mechanism not only to
improve segmentation accuracy, but also to increase convergence speed and enable training of very deep
networks [30]. Previous approaches incorporated different types of skip-connections in the context of
mesh extraction from images. Pixel2Mesh [31] introduces a perceptual feature pooling layer designed
to work with 3D meshes and 2D images, thus projecting 3D vertices to the image plane using camera
intrinsics, which does not apply for our case where input image and output graph live in the same
2D space. Closer to our approach is Voxel2Mesh [32], a model designed to operate on images and
graphs living in the same dimension. Voxel2Mesh employs a learned neighborhood sampling layer
which pools image features in locations indicated by the node coordinates. However, both Voxel2Mesh
and Pixel2Mesh build on the idea of deforming an initial sphere mesh template, thus limiting its
applicability to certain topologies and single object segmentation. Another approach based on template
refinement is Curve-GCN [33], an algorithm that can be used to perform automatic or interactive
2D landmark-based segmentation, which relies on the deformation of an initial ellipsoid template
contour. Curve-GCN operates based on an iterative approach where the contour node displacements
are successively inferred and used to deform an initial template. In this case, only localized image
features are sampled from the corresponding node positions. On the contrary, our model employs a
generative approach which samples a global embedding from a variational latent distribution, which is
then used to directly decode the node positions in a single forward pass. Other approaches resort to
refining meshes obtained from voxel predictions [34]. Here we adopt a different approach where output
graphs (2D contours in our case) do not correspond to a deformed template, but instead are directly
sampled from a latent distribution learnt during training. We also propose a new image-to-graph skip
connection (IGSC) layer based on the well-known RoIAlign module [35], which enables end-to-end
learning of localized features guided by intermediate node coordinates.

3 Anatomical segmentation via hybrid graph neural networks

3.1 Preliminaries
Problem setting

Let us have a dataset D = {(I,G)n}0<n≤N , composed of N images I and their corresponding landmark-
based segmentation represented as a graph G = ⟨V,A,X⟩ (see Section 4.1.1 for a detailed description
of the graph construction for the heart and lungs structures used in this study). V is the set of nodes
for M landmarks, A ∈ {0, 1}M×M is the adjacency matrix indicating the connectivity between pairs
of nodes (aij = 1 indicates an edge connecting vertices i and j, and aij = 0 otherwise) and X ∈ RM×s

is a function (represented as a matrix) assigning a feature vector to every node. In our case, it assigns
a 2-dimensional spatial coordinate (the landmark position) to every node (s = 2). In the context of
landmark-based segmentation and point distribution models, it is common (and useful) to have manual
annotations with a fixed number of points. Therefore, we assume that V and A are the same for all
the images in the dataset, the only difference among them is given by the spatial coordinates defined
in X. This assumption enables us to follow the work of [10,13] and use spectral graph convolutions to
learn latent representations of anatomy. Please note that, following the literature of landmark-based
segmentation in medical imaging [14, 36], we use the term landmark to denote points that can be
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uniquely identified in a set of shapes. However, these are also called pseudo-landmarks as not all of
them are actual anatomical points, but they are landmarks lying on the contour of a shape, determining
its geometry [19].

Spectral graph convolutions

Spectral convolutions are built using the eigendecomposition of the graph Laplacian matrix L, exploit-
ing the property that convolutions in the node domain are equivalent to multiplications in the graph
spectral domain [37]. The graph Laplacian is defined as L = D −A, where D is the diagonal degree
matrix with dii =

∑
j aij . The Laplacian can be decomposed as L = UΛUT , where U ∈ RM×M =

[u0,u1, . . . ,uM−1] is the matrix of eigenvectors (Fourier basis) and Λ = diag(λ0, λ1, . . . , λM−1) is
the matrix of eigenvalues (frequencies of the graph). By analogy with the classical Fourier trans-
form for continuous or discrete signals, the graph Fourier transform of a function X defined on the
graph domain can be obtained as X̂ = UTX, while its inverse is given by X = UX̂. Based on
this formulation, the spectral convolution between a signal X and a filter gϕ = diag(ϕ) is defined
as gϕ ∗ X = gϕLX = gϕ(UΛUT )X = UgϕΛUTX, where ϕ ∈ Rn is a vector of coefficients pa-
rameterizing the filter. We follow the work of Defferrard et al [10] and restrict the class of filters to
polynomial filters with the form gϕ =

∑K
k=0 ϕkΛ

k. Polynomial filters are strictly localized in the ver-
tex domain (a K-order polynomial filter considers K-hop neighborhoods around the node) and reduce
the computational complexity of the convolutional operator. Such filters can be well approximated by
a truncated expansion in terms of Chebyshev polynomials, computed recursively. Following [10, 13]
we adopt this approximation to implement the spectral convolutions. Note that a spectral convolu-
tional layer will take feature matrices Xℓ as input and produce filtered versions Xℓ+1, similar to what
standard convolutions do with images and feature maps.

3.2 HybridGNet: Image-to-graph extraction via hybrid convolutions
The proposed neural network takes images as input and produces graphs as output, combining stan-
dard with spectral convolutions in a single model that is trained end-to-end. The current HybridGNet
formulation follows the same principles introduced in our original MICCAI publication [14], but incor-
porates new elements like image-to-graph skip connections, graph unpooling operations and variations
in the training strategy, that will be later highlighted. Let us start by defining the basic architecture,
which resembles a variational autoencoder (VAE) [38] (see Figure 1) in the sense that the latent space
models a variational distribution parameterized as a multivariate Gaussian.

Autoencoders are neural networks designed to reconstruct their input. They follow an encoder-
decoder scheme, where an encoder z = fe(I) maps the input image I to a lower dimensional latent code
z, which is then processed by a decoder fd(z) to reconstruct the original input. The bottleneck imposed
by the low-dimensionality of the encoding z forces the model to retain useful information, learning
powerful representations of the data distribution. The model is trained to minimize a reconstruction
loss Lr(I, fd(fe(I))) between the input and the output reconstruction. To constrain the distribution of
the latent space z, we add a variational term to the loss function, resulting in a variational autoencoder
(VAE) [38]. We assume that the latent codes z are sampled from a distribution Q(z) for which we
will impose a unit multivariate Gaussian prior. In practise, during training, this results in the latent
codes z being sampled from a distribution N (µ, σ) via the reparametrization trick [38], where µ, σ
are deterministic parameters generated by the encoder fe(I). Given a sample z, we can generate
(reconstruct) the corresponding data point by using the decoder fd(I). This model is usually trained
by minimizing a loss function defined as:

La = Lr(I, fd(z)) + w KL (N (0, 1)||Q(z|I)) , (1)

where the first term is the reconstruction loss, the second term imposes a unit Gaussian prior N (0, 1)
via the KL divergence loss and w is a weighting factor.
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In our previous work [14], HybridGNet was constructed by first pre-training two independent
VAEs with the same latent dimension: one to reconstruct images using standard convolutions fI(I) =
fI
d (f

I
e (I)) and another one to reconstruct graphs via spectral convolutions fG(G) = fG

d (f
G
e (G)). Once

both models were trained, we decoupled their encoders and decoders, keeping only the image encoder
fI
e (I) and graph decoder fG

d (z). The HybridGNet was then constructed by connecting these two
pre-trained networks as fH(I) = fG

d (f
I
e (I)) and re-training until convergence by minimizing:

LH = Lr(G, fG
d (z)) + w KL (N (0, 1)||Q(z|I)) , (2)

where Lr(G, fG
d (z)) is the graph-reconstruction loss computed as the mean squared error (MSE) of

the predicted node positions, and Q is the variational distribution parameterized by fI
e (I).

Here we simplify the training strategy by eliminating the pre-training stage and directly training
fH(I) from scratch, since we observed that pre-training only helps to achieve faster convergence, but
does not produce significant improvements in terms of segmentation accuracy. This simplified end-to-
end training process directly learns a single latent space relating images and graphs.

Graph unpooling

We included a fixed graph unpooling layer in the graph decoder fG
d (z), to learn representations at

multiple resolutions [13]. We adopted a simple strategy where all graphs G in our dataset are pre-
processed to produce lower resolution graphs Gk by reducing to half the number of nodes k times,
replacing pairs of consecutive neighboring nodes with a single one, whose position is computed as their
average. The unpooling layer is defined so that it reverses this operation by duplicating the number
of nodes and interpolating the features between them. The unpooling layer was included after the 3rd
GCNN layer of the decoder as shown in Figure 1.

Localized image-to-graph skip connections (IGSC) and deep supervision

Under the hypothesis that local image features may help to produce more accurate estimates of land-
mark positions, we designed a localized Image-to-Graph Skip Connection (IGSC) layer (see Figure
1.a,b). IGSC uses the well-known RoIAlign module [35] to sample localized features for each node
from a specific encoder level given a certain location, which in our case is specified by intermediate
node positions learned via deep supervision [39]. This layer is parameterized by a window size, indicat-
ing the area that will be sampled for every node. It receives a tensor of feature maps and a list of node
positions which indicate the spatial location from where the feature map will be sampled, and returns
the corresponding regions of interest (RoIs) of the given window size centered at the node positions. In
our model, an internal GCNN layer learns intermediate node positions via deep-supervision, resulting
in extra loss terms LDS which compute the mean squared error between the ground truth node position
(for both graph resolutions) and the intermediate predictions. The desired window input size was set
to 3x3, while the output size was set to 1x1, so it only returns a single value per feature-map, which is
calculated using average pooling. Then, this array of features is concatenated with the original node
features and an augmented graph is obtained as shown in Figure 1.b).

4 Experimental setup

4.1 Database description
We evaluated the proposed model in a variety of tasks involving chest x-ray image segmentation. In
what follows, we describe the databases used to perform these experiments.

4.1.1 JSRT Database

The Japanese Society of Radiological Technology (JSRT) Database [40] consists on 247 high resolution
x-ray images, with expert landmark annotations (120 landmarks per image) for lung and heart [41].
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Table 1: Landmark-based anatomical segmentation results for JSRT dataset. Mean (std). HD in
millimeters.

Type

Landmark
Methods

Pixel-level
Methods

Model MSE Dice Lungs HD Lungs Dice Heart HD Heart
PCA 340.024 (243.549) 0.945 (0.014) 17.445 (9.669) 0.906 (0.037) 14.602 (5.400)
FC 332.197 (242.379) 0.945 (0.017) 17.535 (10.352) 0.910 (0.038) 15.020 (5.785)
MultiAtlas 492.262 (298.138) 0.944 (0.013) 20.317 (9.344) 0.886 (0.056) 16.780 (6.839)
HybridGNet (without IGSC) 294.621 (274.497) 0.952 (0.013) 15.642 (10.922) 0.913 (0.038) 13.658 (5.548)

Layer 3 277.536 (298.725) 0.954 (0.014) 14.565 (11.441) 0.917 (0.037) 13.401 (5.376)
Layer 4 288.597 (272.538) 0.956 (0.013) 16.054 (11.284) 0.916 (0.038) 14.153 (6.038)
Layer 5 258.413 (245.724) 0.963 (0.010) 13.662 (11.107) 0.915 (0.039) 13.738 (5.181)1 IGSC

Layer 6 250.123 (232.032) 0.960 (0.011) 14.378 (9.262) 0.924 (0.030) 12.339 (4.844)
Layers 4-3 263.973 (262.700) 0.963 (0.011) 14.942 (10.589) 0.921 (0.036) 13.198 (5.514)
Layers 5-4 246.845 (230.235) 0.968 (0.009) 13.692 (10.984) 0.924 (0.040) 13.417 (6.144)2 IGSC
Layers 6-5 200.748 (211.080) 0.974 (0.007) 12.089 (9.344) 0.933 (0.031) 11.613 (5.581)

UNet − 0.981 (0.008) 21.839 (26.291) 0.942 (0.030) 25.176 (34.570)
UNet + Post-DAE − 0.965 (0.010) 17.969 (14.457) 0.935 (0.029) 15.444 (14.283)
nnUNet − 0.984 (0.005) 9.615 (7.874) 0.952 (0.023) 9.782 (5.006)

The image resolution was 1024x1024 px, with a pixel spacing of 0.35x0.35 mm. The dataset was
randomly split into 70%-10%-20% partitions for training, validation and test, respectively.

Given the mask contour for the structures of interest, several anatomical landmarks in the lung
and heart were manually identified (e.g. the lung apex): 4 for the right lung, 5 for the left lung, and 4
for the heart [41]. The other intermediate points were interpolated across the mask contour providing
a final set of 44, 50 and 26 points respectively. The number of interpolation points between anatomical
landmarks was fixed for all subjects, resulting in a one-to-one correspondence of the distinctive points
between subjects. The graphs described in Section 3.1 were then constructed by taking each landmark
as a node, defining edges between neighboring nodes, and the (x, y) positions of each landmark were
set as the node features. The adjacency matrix was then pre-computed to represent the connectivity
structure of the aforementioned graph. By having the same number of landmarks with one-to-one
correspondences, the adjacency matrix was the same for all graphs.

4.1.2 Montgomery County and Shenzhen Hospital x-ray sets

Two public chest x-ray datasets with dense lung segmentation masks were used as external test sets
to evaluate inter-dataset DS. The Montgomery County dataset (138 images) [42] was acquired from
the tuberculosis control program of the Department of Health and Human Services of Montgomery
County, MD, USA. The Shenzhen dataset (566 images) [43] was collected as part of the routine care
at Shenzhen No.3 Hospital in Shenzhen, Guangdong providence, China.

4.1.3 Padchest dataset

Consists of 160,868 chest x-ray images from 67,000 patients [44] including labels for 174 radiological
findings, 19 diagnostic labels, and 104 anatomic locations. Although this dataset does not contain
segmentation masks, a subset of 137 images with cardiomegaly diagnosis label were manually segmented
by two radiologists who delineated the lungs and heart as dense masks, to evaluate our method in a
real clinical task, namely cardiothoracic ratio estimation. From these images, 20 included pacemakers
and 45 also included an aortic elongation label. The images with pacemakers were used to evaluate
the robustness of the proposed model to occlusions produced by external artifacts.

4.2 Baselines models
Our work builds on the hypothesis that encoding connectivity information through graph struc-
tures can provide richer representations than standard landmark-based point distribution models.
To evaluate this hypothesis, we build standard point distribution models from the graph represen-
tations by considering landmarks as independent points. For a given graph G = ⟨V,A,X⟩, we
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Figure 2: Landmark-based anatomical segmentation. Qualitative analysis for the JSRT test
set. Results reflect the improvement in anatomically plausibility obtained when using the HybridGNet
with IGSC.

construct a vectorized representation by concatenating the rows of X in a single vector as ρ =
[x0,0, x0,1, x1,0, x1,1, . . . , xM−1,0, xM−1,1].

4.2.1 PCA

We first consider a single baseline similar to [26, 27], by performing principal component analysis
(PCA) to transform the vectorized representation ρ into lower-dimensional embeddings. We then
optimize the CNN encoder fI

e to estimate the PCA coefficients, reconstructing the landmarks as a
linear combination of the principal components.

4.2.2 FC

The second baseline combines the CNN encoder fI
e with a fully connected (FC) decoder that directly

reconstructs the vectored representations ρ.

4.2.3 Multi-atlas

The third baseline implements a multi-atlas segmentation approach [45, 46], which employ several
labeled atlases (i.e. pairs consisting of an image and its associated landmark-based segmentation) to
delineate the structures of interest. Given a target image to be segmented, the 5 atlases most similar
to the target image (based on the mutual information metric) are obtained from the training set.
Then, we perform pairwise non-rigid registration (with affine initialization) using SimpleElastix [47].
Registration allows to transfer the landmarks of each selected image into the target space. The final
landmark-based segmentation is obtained by averaging the position of the set of candidate landmarks.

4.2.4 UNet

Finally, a UNet [1] model was also included to benchmark our approach against a standard pixel-level
segmentation method. We used the CNN encoder fI

e and decoder fI
d with standard skip-connections

via concatenation, to guarantee comparable complexity.

4.2.5 Post-DAE Postprocessing:

UNet results were post-processed using a denoising autoencoder following [24], which was trained to
obtain plausible segmentations from noisy dense segmentation masks.
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4.2.6 nnUNet

a state-of the art nnUNet [48] was included, which consists of a self-configuring pipeline of automatic
pre-processing, hyperparameter search, training, ensembling and post-processing following a 5-fold
cross validation scheme. This 5-fold set is then treated as a ensemble model, averaging the predictions
and incorporating standard post-processing techniques.

4.3 Implementation and training details
All models were implemented in PyTorch [49], using PyTorch Geometric [50] for the spectral GCNN
layers1. Every model and baseline shares the same CNN encoder fI

e , with 6 residual blocks [51]
interleaved with max-poolings as shown in Figure 1. For the GCNN decoders, we use 6 layers of
Chebyshev convolutions with Layer Normalization [52] and ReLU nonlinearities. We set the k-hop
neighbourhood parameter for the graph convolutions at 6. This hyperparameter was chosen performing
an ablation study on the validation data, which is not included for space restrictions, but it is available
in our repository. For HybridGNet models, we evaluated the inclusion of 1 and 2 IGSC modules,
extracting features from layers 3 to 6 of the encoder. We also evaluated the incorporation of a third
IGSC module (consequently adding another graph downsampling level), but it resulted in slightly
worse performance (due to the low resolution of the downsampled graphs). Thus, we decided to stick
to 2 IGSC modules.

4.3.1 Data augmentation

Online data augmentation was used to train all the models (i.e. baselines and HybridGNet) including:
i) bright augmentation using a Gamma correction with random gamma between 0.60 and 1.40; ii)
random image rotations between -3 and 3 degrees; iii) vertical and horizontal random scaling, ensuring
that landmarks remain inside the visible area; iv) cropping or padding the images randomly if the
shape was different to the expected input shape (1024× 1024).

4.3.2 Model training

All models were trained for 3000 epochs using Adam optimizer, with a learning rate of 1e-4, a batch
size of 4, a weight decay of 1e-5, and a KL divergence weight factor w =1e-5. To prevent overfitting,
learning rate decay was set to reduce it by 0.9 every 100 epochs (for IGSC models) and by 0.9 every
50 epochs (for HybridGNet model). We used the MSE in pixel space over the vectored landmark
location as loss function for landmark models, and a combination of Dice and cross-entropy for the
UNet. Checkpoints were selected based on validation loss.

5 Experiments and discussion
We performed a series of experiments to compare the proposed HybridGNet and its variants with the
aforementioned baselines, and evaluate their performance in a variety of scenarios and tasks.

5.1 Model comparison
First, we compared HybridGNet with the baselines using the JSRT dataset, and assessed the effect
of skip connections by evaluating alternative HybridGNet architectures. We used metrics that can be

1Source code is publicly available at https://github.com/ngaggion/HybridGNet. The experiments are saved on
Jupyter notebooks and extra information on statistical significance is also available in the repository. The Multi-atlas
implementation is available at https://github.com/lucasmansilla/multiatlas-landmark.
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Table 2: Inference times for each model per input image.

Model Time (s)
HybridGNet 2-IGSC 0.53

UNet 0.60
UNet + Post-DAE 1.54

nnUNet 2.76

derived from graph representations, including landmark MSE and Hausdorff distance (HD, in millime-
ters). To benchmark our methods against pixel-level methods, we filled the organ contours to obtain
dense masks from graph representations, and computed the Dice coefficient.

Table 1 reports metrics on the test set of JSRT dataset (bold numbers indicate the best performance
for methods of the same type, i.e. landmark and pixel-level methods). All differences are significant
according to the Wilcoxon test (except for the 1-IGSC Layer 6 model that has no significant difference
in HD Heart with the 2-IGSC L6-5 model). First, it is worth noting that when comparing HybridGNet
models with and without skip connections, there is a big difference in terms of MSE and HD in favor
of the model with 2 IGSC (Layers 6-5), implying that localized features help to improve landmark
prediction accuracy. Moreover, the HybridGNet 2 IGSC (Layers 6-5) outperforms the landmark-based
baselines on MSE, Dice, and HD, confirming our main hypothesis that incorporating graph connectivity
structure helps in producing more realistic segmentations.

For the sake of completeness, we also included pixel-level segmentation baselines. HybridGNet
surpasses UNet and UNet+PostDAE baselines by a large margin in terms of HD and it is competitive
with the nnUNet in that regard. On the contrary, the UNet model and the self-configuring nnUNet
outperform the HybridGNet variants in Dice, what is somehow expected since dense predictions are not
directly optimized in our models. In that vein, while Dice is agnostic to topological errors and islands
of pixels (in the sense that wrong predictions are penalized independently of their location), due to its
formulation HD is more sensitive to them, better reflecting anatomical plausibility, which is the main
interest of this work (see [3] for a complete discussion about the limitations of image segmentation
metrics). Figure 2 shows qualitative results for 3 exemplar cases and Table 2 shows inference times for
HybridGNet and pixel-based models on an NVIDIA Titan Xp with 12GB RAM. The lower inference
time of the HybridGNet is mainly due to the fact that the number of parameters in the graph decoder
is much lower than that of the standard convolutional decoder.

As an important remark, although we include state-of-the-art pixel level segmentation methods
like UNet, nnUNnet and Post-DAE for completeness, we highlight the fact that our method is a
landmark-based segmentation approach which produces structured predictions in the form of graphs
(not pixel-level masks), enabling the extraction of additional information like anatomical landmark
locations and inter-patient node correspondences, which cannot be obtained with standard pixel-level
segmentation methods. Thus, for a more fair comparison of the HybridGNet results, the reader should
focus on the landmark-based MSE which can only be computed for landmark-based segmentation
methods like FC, PCA, Multi-atlas and the different variants of the HybridGNet model, which share
the same output representation.

5.2 Generating landmark-based representations from dense segmentations
In this work we considered landmark-based segmentations with a fixed number of points, that enable
establishing correspondences across images. This hinders the applicability of our method to tasks like
brain tumor segmentation, where the shape of the structures of interest is not regular. Nonetheless,
this is desirable in scenarios like population shape analysis, where we are interested in understanding
how certain anatomical keypoints vary for different individuals. Unfortunately, in most segmentation
datasets, only pixel-level annotations are available. In these cases, one could ask expert medical doctors
to manually annotate specific landmarks in the mask contour (see Section 4.1.1 as an example) or
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Table 3: Results for generating landmark annotations from dense segmentations in the jsrt dataset.
Mean (std). HD in millimeters.

Model MSE Dice Lungs HD Lungs Dice Heart HD Heart
PCA 77.2(133.7) 0.978(0.009) 6.02(3.46) 0.97(0.007) 4.37(1.61)
FC 105.3(173.2) 0.970(0.014) 7.82(3.96) 0.96(0.014) 5.78(2.94)
Multi-atlas 236.3 (244.8) 0.991 (0.004) 10.98(8.53) 0.99 (0.006) 4.64(2.48)
HybridGNet 96.9 (145.0) 0.970(0.009) 7.65(3.75) 0.96(0.013) 6.02(2.77)
1 IGSC: L6 70.5(144.9) 0.983(0.005) 5.54(5.30) 0.97(0.011) 4.02(2.24)
2 IGSC: L6-5 55.1 (113.4) 0.991 (0.003) 3.92 (4.42) 0.99 (0.005) 2.58 (1.59)

Table 4: Domain shift results for landmark-based anatomical segmentation from JSRT dataset to
Montgomery and Shenzhen. Mean (std). HD in pixels.

Model
Montgomery Shenzhen

Dice Lungs HD Lungs Dice Lungs HD Lungs
PCA 0.906 (0.082) 60.08 (36.89) 0.894 (0.054) 79.12 (47.73)
FC 0.897 (0.087) 60.02 (35.77) 0.895 (0.051) 77.11 (48.15)
Multi-alas 0.909 (0.080) 61.77 (31.62) 0.900 (0.054) 88.13 (48.94)
HybridGNet 0.909 (0.070) 55.97 (35.70) 0.901 (0.047) 72.13 (47.40)
1 IGSC: L6 0.930 (0.062) 48.22 (33.43) 0.914 (0.044) 67.39 (48.53)
2 IGSC: L6-5 0.954 (0.043) 45.50 (32.48) 0.935 (0.038) 64.46 (51.53)
UNet 0.944 (0.068) 127.72 (97.76) 0.933 (0.055) 220.89 (102.94)
UNet+PostDAE 0.907 (0.102) 119.53 (85.10) 0.906 (0.083) 135.05 (97.32)
nnUNet 0.955 (0.068) 44.79 (60.31) 0.949 (0.055) 61.31 (67.97)

perform automated estimation of landmarks from dense segmentations using HybridGNet. Our model
can be trained to recover landmark-based representations from dense segmentation masks in a natural
way. Thus, we trained our best performing models and baselines with dense segmentation masks as
input (instead of images), to perform landmark estimation. Table 3 shows the results on the JSRT test
set: the proposed HybridGNet 2 IGSC (Layers 6-5) outperforms the other baselines and architectures,
proving useful in the building of shape models with landmark correspondences from pixel-level masks.
Multi-atlas showed no differences in Dice with respect to our HybridGNet 2 IGSC (according to
Wilcoxon’s test), but we observed that it loses track of the point-to-point correspondences as it is
exhibited by the higher MSE error, which is computed for pairs of matching points.

HybridGNet was used to create landmark annotations for the Montgomery, Shenzhen and Padchest
datasets, which originally did not include this type of segmentations. We are publicly releasing these
new annotations2 hoping that they will serve for future studies where point correspondences across
individuals are required.

5.3 Domain shift (DS) evaluation
DS refers to a variation in the target (test) domain concerning the source (training) domain [53].
In most cases, such DS drops performance significantly as supervised learning assumes that training
samples have the same distribution as the test samples. DS can be caused by multiple factors including
changes in acquisition parameters, medical center or population demographics. We compared the
effect of DS by measuring segmentation performance on datasets captured at different medical centers,
i.e. training in the JSRT dataset and testing with Shenzhen and Montgomery. Table 4 shows how
HybridGNet model greatly outperforms most baselines in terms of HD and Dice, and it is competitive
with the self-configuring nnUNet (bold numbers indicate the best performance for methods of the same
type, i.e. landmark and pixel-level methods). Differences between the two best performing methods
(nnUNet and 2 IGSC: L6-5) and all other baselines are significant according to Wilcoxon test. On the
contrary, differences between nnUNet and 2 IGSC: L6-5 are not significant, except for Dice Lung in
the Shenzen dataset. These results confirm the generalizability of the proposed model across medical
centers.

2Annotations available at: https://github.com/ngaggion/Chest-xray-landmark-dataset
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Figure 3: Assessing the impact of domain shift by age distribution on lung segmentation.
Scatter plot of the lung Dice coefficient vs. age of patient for every individual in both (a) Montgomery
and (b) Shenzhen datasets. Histograms show the age distribution for test (blue) and training sets
(orange).

Moreover, recent studies on fairness in machine learning have shown that under-representation
of certain demographic groups in the training data (e.g. in terms of gender [54] or ethnicity [55])
may result in biased models which present unequal performance in minority groups. Here we are
interested in evaluating if the same holds for chest x-ray segmentation, in particular when considering
age distribution shifts between training and test patients. To perform this analysis, we take our best
performing model (HybridGNet 2 IGSC Layers 6-5) and build a scatter plot (see Figure 3) depicting
the Dice coefficient for lung segmentation vs patients age. When observing the age histograms between
training and test sets, we note that young patients are highly underrepresented in the training set.
Interestingly, we found that model performance drastically drops for patients between 0-18 years
old in both Montgomery and Shenzen datasets, what can be attributed to the lack of young people
on the JSRT database. Since the size of the organs tends to be smaller for younger patients (in
particular we observed significant differences for the lung area), this can bias the learning process if
this subpopulation is not well represented. This experiment highlights the importance of performing
disaggregated analysis to detect potential subgroups where the model may under-perform.

5.4 Robustness to image occlusions (IO)
IO are common in chest x-rays, for example due to patient de-identification, that is covering protected
information with black patches, or devices such as pacemakers, tubes, cables, or electrodes that can
cover important parts of organs or other structures of interest. This is a common situation found in
clinical centers, especially in images from hospitalized patients. We designed two experiments to assess
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the robustness of HybridGNet to artificial and real IO that were not represented in the training set,
and compare it with the other baselines.

First, we simulated artificial occlusions by overlapping a random black box on every image. We
applied boxes of different sizes over the JSRT test set on random positions. Figures 4 (a) and (b)
show Dice and HD distance for lungs and heart segmentation (averaged) as the occlusion block size
increases. Although both nnUNet and UNet slightly outperform HybridGNet in Dice for very small
oclussions, its performance drops with a steeper slope than HybridGNet as we increase the size of the
occlusion block. Figure 4 (c) shows some qualitative results for three cases with different occlusion
levels. Both quantitative and qualitative results show that HybridGNet is more robust to IO than
pixel-level models.

Robustness to real occlusions produced by external devices was also assessed. To this end, we used
20 segmented images with pacemakers from Padchest as test set. To evaluate solely the occlusion effect
on performance and alleviate DS issues due to intensity differences across different medical centers, we
retrained the models (both HybridGNet and baseline) with an extended training dataset that includes
Padchest images (without pacemakers). In Figure 5 we can see how our model outperforms the UNet
both on Dice and Hausdorff distance, while having no significant differences when compared to the
nnUNet but producing more anatomically plausible images qualitatively.

5.5 Model behaviour on pathological anatomy.
We are also interested in analyzing the behaviour of HybridGNet in the context of pathological
anatomy. To this end, we followed the experimental setup introduced in [24] where a subset of patients
from the Shenzhen database diagnosed with tuberculosis was considered. These patients have a col-
lapsed lung and therefore a reduced air cavity. Every image was annotated by two expert radiologists
following two different approaches to delineate the lungs (as discussed in [56]). The first approach
was to segment only the air cavity of the lung field, i.e. segmenting only the dark areas (regions of
lucency) and ignoring areas of increased attenuation (opacities), which correspond to infected lung
tissue. Following [24] we call them air masks. In the second approach, annotators delineated the
expected anatomy of the lung, including opaque areas following a comparative approach, mirroring
the normal lung field onto the abnormal one. We call these anatomy masks.

We compared the segmentation performance of HybridGNet and UNet considering both types of
annotations as ground-truth, when trained on JSRT (which contains only masks of non-pathological
lungs). Quantitative results shown in Figures 6 (a) and (b) confirm that HybridGNet obtains results
that are much closer to the anatomy masks than to the air masks, obtaining a higher Dice coefficient
and a lower HD. Wilcoxon’s test showed that the difference between the means on both metrics was
indeed significative. Conversely, this tendency is less pronounced for UNet predictions, suggesting that
HybridGNet encourages more anatomically plausible predictions, while UNet focuses on local texture
patterns. Figure 6 (c) shows examples of air and anatomy masks, and qualitative results of both
methods for three different images. Regarding clinical utility, this opens the door for applications that
combine both architectures: for example, the severity of tuberculosis infection could be estimated by
measuring the difference between the UNet mask, representing the non-infected lung regions, and the
HybdriGNet mask, representing the healthy lung area if there was no lung collapse.

5.6 Cardiothoracic ratio estimation clinical use-case
A relevant intended use for lung and heart segmentation in chest x-rays is the detection of heart
diseases, by identifying an enlargement of the cardiac silhouette. In radiology, this is done by measuring
the CTR on a posteroanterior chest x-ray. This is calculated as the ratio between the (maximal)
horizontal diameters of the heart and the thorax (inner edge of ribs/edge of pleura), which are manually
measured by radiologists [57]. A normal CTR lays between 0.42 and 0.50, while a CTR > 0.5 is
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Figure 5: Real occlusions study. (a) Dice and (b) HD distances for the pacemaker Padchest subset.
Wilcoxon test showed no significant differences between HybridGNet and nnUNet, the best two per-
forming models. However, qualitative results (c) show how HybridGNet results in more anatomically
plausible segmentations than nnUNet for complex cases.
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considered an abnormal finding. For example, in young patients it might indicate a heart disease, such
as cardiomegaly or pericardial effusion.

Manual calculation of CTR introduces observer variation and it is time consuming. Thus, here we
evaluated the performance of HybridGNet for CTR estimation using a testing subset of 100 images from
Padchest: 50 images with a cardiomegaly label, and 50 without this label. Two radiology specialists
from Hospital Italiano de Buenos Aires collaborated in our study by manually calculating the CTR
for this subset. The mean CTR among them was considered as ground-truth. To reduce the DS due
to the change of medical center and the lack of pathological anatomy, we constructed an augmented
training set by merging the JSRT images with a subset of 117 images from Padchest with cardiomegaly
label. Since Padchest did not originally include landmark annotations, in this augmented set we used
the ones generated from dense segmentations in the experiment described in section 5.2.

We compared model performance when training solely with JSRT images and when training with
the augmented dataset. The predicted CTR was calculated automatically from HybridGNet outputs
by measuring the maximum horizontal distance between lung borders and the maximum horizontal
diameter of the heart mask. We found that the Pearson correlation coefficient between ground-truth
CTR and predicted CTR increased when the model was trained with the augmented dataset. For
the images with a ground-truth CTR < 0.5 (normal cardiac silhouette) correlation increased from
0.80 to 0.88 when target-domain images where included during training. This improvement was even
stronger for abnormal cases (CTR > 0.5), increasing from 0.70 to 0.85. Figure 7 shows a scatter plot
of the 100 test images as data points, where the diagonal represents a perfect agreement between the
CTR measurement of HybridGNet and physicians. We can see how the model trained solely with
normal cardiac silhouette cases (JSRT) tends to underestimate the CTR, while the model trained with
target-domain cases improves CTR calculation on abnormal hearts. These results suggest that even
when using models which encourage anatomically plausibility, the construction of diverse databases
(i.e. including representative samples of the target population) is still needed so that performance is
maintained in real clinical scenarios.

6 Conclusions
In this paper we introduced HybridGNet, a new method to perform landmark based anatomical seg-
mentation via hybrid graph neural networks with image-to-graph localized skip connections. Our study
confirms that incorporating connectivity information through the graph adjacency matrix helps to im-
prove anatomical plausibility and accuracy of the results when compared with other landmark-based
and pixel-level segmentation models. We also showcased several application scenarios for HybridGNet
in the context of chest-x ray image analysis, and assessed its robustness with respect to different types
of domain shift and image occlusions. When compared with dense pixel-level prediction models, we
observed that HybridGNet achieves faster inference time, is much more robust to strong image occlu-
sions and produces more anatomically plausible results in these contexts. We also evaluated the clinical
utility of our model in the context of cardiothoracic ratio estimation and audited potential biases that
may appear due to under-representation of certain demographic groups or pathologies. Our results go
in line with the evidence reported in recent studies on fairness in biomedical image segmentation, high-
lighting the importance of constructing diverse databases which include representative demographic
samples from the targeted population. In the future, we plan to extend the proposed HybridGNet
model to volumetric images, where graphs can be used to represent meshes instead of contours.
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Figure 7: CTR study. Ground-truth CTR vs HybridGNet CTR when training with JSRT dataset
only (left) and the dataset augmented with cardiomegaly images from Padchest (right). The vertical
line indicates the boundary between normal and abnormal CTR.
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Abstract

Recent advancements in cardiac imaging have revolutionized heart characterization, with car-
diovascular magnetic resonance (CMR) imaging emerging as a crucial tool for scrutinizing cardiac
morphology and function. Essential to this endeavor are 3D surface and volumetric meshes de-
rived from CMR images, facilitating computational anatomy, biomarker discovery, and in-silico
simulations. However, conventional surface mesh generation methods like active shape models
and multi-atlas segmentation tend to be highly time-consuming and require complex processing
pipelines to generate simulation-ready 3D meshes. In response, we introduce HybridVNet, a novel
architecture for direct image-to-mesh extraction seamlessly integrating standard convolutional neu-
ral networks with graph convolutions, which we prove is capable of efficiently handling both surface
and volumetric meshes by encoding them as graph structures. To further enhance accuracy, we ex-
tend the proposed architecture to a multi-view setting and show it can increase performance in the
context of cardiac MR mesh generation. Our model combines traditional convolutional networks
with variational graph generative models, deep supervision vision, and mesh-specific regularization.
Experiments on a comprehensive dataset from the UK Biobank confirms HybridVNet’s potential
to significantly advance cardiac imaging and computational cardiology by efficiently generating
high-fidelity meshes from CMR images.

1 Introduction
Cardiac imaging has undergone significant advancements in recent years, becoming an indispensable
tool in the diagnosis, treatment planning, and management of various cardiovascular diseases. One
of the pivotal components for such advancements is the extraction of accurate 3D meshes from CMR
images, which serve as the foundation for computational simulations [7], biomarkers discovery [5], and
analyzing hearth deformation and dynamics [4].

Despite the undeniable importance of cardiac mesh extraction, the task is fraught with challenges.
Traditional methods, such as active shape models [21] and multi-atlas segmentation [3], often require
extensive computational resources and can be time-consuming. The variability in heart shapes, sizes,
and pathologies further complicates the extraction process, necessitating a method that is both robust
and adaptable.

Furthermore, the transition from 2D image slices to a cohesive 3D representation demands a seam-
less integration of spatial information, specially when modeling tetrahedral meshes. Current method-
ologies often require intricate post-processing steps to refine the meshes [7, 20], making them suitable
for simulations, which can introduce additional sources of error and prolong the overall processing time.
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In light of these challenges, there is a pressing need for innovative approaches that can streamline the
cardiac mesh extraction process, enhance accuracy, and reduce the time and computational overhead.
This paper introduces a novel method for generating high-quality surface and volumetric meshes, im-
mediately suitable for computational models, directly from cardiovascular magnetic resonance (CMR)
imaging.

Generating detailed and anatomically plausible ventricular meshes from CMR images is challenging
and time-consuming if performed manually. Automatic methods for mesh extraction mostly depend on
a concatenation of several stages, usually including voxel-level segmentation, surface mesh extraction,
and a final volumetric mesh generation step [7, 20]. One of the main limitations of these approaches
is that voxel-level segmentation techniques (usually deep learning models like the U-Net [31] or the
volumetric V-Net [18]) are prone to introduce errors due to the local support of the convolutional
models, resulting in unrealistic masks with holes or spurious segmentations [16]. Other approaches
are based on deforming an initial template. In that regard, previous studies have proposed to either
estimate mesh node displacements [27, 22] or directly deform the space enclosing a simulation-ready
whole heart template [15]. However, the accuracy of these approaches is bounded by the quality of the
estimated deformations.

Closer to our work, in [33, 35] a neural network is trained end-to-end to estimate parameterised
shapes directly from images. These methods infer the parameters of a Principal Component Analysis
(PCA) shape model using convolutional neural networks. Despite the utility of PCA-based models in
mesh extraction from volumetric images, their expressiveness is inherently limited by the linearity of
PCA. To address this limitation, we enhance the expressiveness of parametric shapes by leveraging a
graph-convolutional decoder, capable of handling both surface and volumetric meshes. Notably, pre-
vious studies have employed generative models based on geometric deep learning [10, 9] for extracting
contours from 2D images. Our contribution builds upon this foundation, introducing the HybridVNet
architecture and its multi-view variant, which combines standard 3D convolutions for volumetric image
encoding, with a decoder based on spectral graph convolutions for cardiac mesh generation.
Contributions: Our primary contributions encompass the development of a multi-view volumetric
hybrid graph convolutional model capable of seamlessly integrating multiple CMR views within a
jointly-learned latent space, directly yielding meshes from images. Our model exhibits a natural ability
to produce both cardiac surfaces and tetrahedral meshes, suited for finite element simulations. We
further explore classic regularization techniques for surface meshes and introduce a novel differentiable
regularization term specifically tailored for tetrahedral meshes, markedly enhancing element quality.
Importantly, while previous works often relied on cropped regions of volumetric images, our model
demonstrates exceptional performance in both cropped regions and complete images, with only a
marginal decrease in performance when compared to competing methods. The model’s performance
is rigorously evaluated using the UK Biobank CMR dataset [26], underscoring the clinical relevance
of our results as we compare cardiac function indices extracted from our resulting meshes with those
derived from ground-truth annotations.

2 Volume-to-Mesh extraction in cardiovascular MR

2.1 Reference CMR meshes and images
The reference cohort of 3D surface meshes used in this study was introduced in Xia et al (2022) [35].
It was created by registering a high resolution atlas of the human heart [30] to manually delineated 2D
contours at end-diastole (ED) and end-systole (ES). The rationale behind the selection of the subjects
chosen for manual segmentation, as well as the methodology followed, can be found in [24]. This
atlas consists of a mesh model that includes six separate structures: the left ventricule (LV), the right
ventricle (RV), the left atrium (LA), the right atrium (RA), and the ascending aorta. The reference
cohort was pre-processed to obtain a unified mesh structure, since the meshes did not share any faces
between different parts of the heart, such as between the LV and RV. Therefore, graph-based models
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Figure 1: Multi-view HybridVNet model architecture: The proposed model uses a variational
encoder-decoder architecture to generate a graph representation of a desired organ from multi-view
input images. The encoder consists of independent branches for each input view, which are concate-
nated to obtain a joint latent space. The latent code is then passed through a fully connected layer
and reshaped to obtain initial node features for the graph convolutional decoder. This decoder uses
the initial node features to generate a final graph representation of the organ.

were not able to share information between different parts of the heart as there was no connection
between them. To obtain watertight surface meshes and to make the best use of the full heart mesh
connectivity, we had to look into the original atlas to find which nodes were originally connected
prior to the registration procedure, which ended up disconnecting them as each part of the heart was
registered individually. Then, we removed the repeated nodes and generated a new set of faces for
the full dataset. Since the cohort was obtained by registering an atlas, note that each of the final
ground-truth meshes has the same number of nodes and the same set of faces, which gives the same
adjacency matrix. More details about the image and surface mesh dataset are provided in Section 3.1.

Volumetric mesh dataset generation

We derived volumetric mesh ground-truth annotations from the surface meshes, using the one-to-
one correspondence between surface nodes to register a volumetric atlas to the cardiac surface mesh
dataset. We used Simpleware’s ScanIP (Simpleware Ltd, Exeter, UK) [32] to construct the volumetric
atlas mesh. We imported heart structures from the human heart atlas [30] as individual closed surface
meshes of triangular elements, then populated the hollow surface meshes with tetrahedral elements,
setting the elements at the interfaces between different cardiac structures to share nodes. This resulted
in a mesh of 408,764 elements. We registered the volumetric atlas to the whole surface dataset using
mesh-to-mesh thin plate spline warping, using the Vedo library [19].
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2.2 HybridVNet formulation
As shown in Figure 1, our HybridVNet model receives multiple CMR views as input: the short-axis
view (SAX), which is a 3D cross-sectional view of the heart acquired perpendicular to the long axis;
and three different 2D long-axis views (LAX), for two, three and four chambers of the heart (LAX
2CH, LAX 3CH and LAX 4CH, respectively), providing 2D cross-sectional views acquired parallel to
the long axis. Given these four images (one volumetric and three 2D), we aim at generating a (surface
or tetrahedral) mesh representing the structures of interest.

Consider a dataset D = {(I,G)n}0<n≤N , composed of N samples of multi-view CMR images I =
(ILAX 2CH, ILAX 3CH, ILAX 4CH, ISAX) and their associated cardiac meshes as graphs G = ⟨V,A,X⟩. V
is the set of M nodes or vertices (|V | = M), A ∈ {0, 1}M×M is the adjacency matrix indicating the
connectivity between pairs of nodes (aij = 1 indicates an edge connecting vertices i and j, and aij = 0
otherwise) and X ∈ RM×s is a function (represented as a matrix) assigning a feature vector to every
node. In our case, it assigns a 3-dimensional spatial coordinate (the mesh vertex position, s = 3). In
this situation, since our dataset includes meshes with the same number of nodes and same connectivity
by construction, we can use spectral graph convolutions to decode meshes from a latent space [28, 5].

The proposed model consists of a hybrid variational encoder-decoder architecture with multiple
inputs. An image convolutional encoder, f I

e , learns a latent representation of the input images, and
a spectral graph convolutional decoder, fG

d , generates a graph representation of the organ. Since our
input consists of four different images with varying shapes and views, we use a multi-view encoder to
handle it. To this end, independent encoder branches are defined for each image view, and a joint
latent space is constructed by concatenating their outputs. For all types of LAX images, we use 2D
convolutional encoders, fLAX 2CH

e , fLAX 3CH
e and fLAX 4CH

e , with residual convolutions [11]. For the
3D SAX image, we use a 3D convolutional encoder, fSAX

e , consisting of 3D residual blocks interleaved
by max-pooling operations. Then, the multi-view input encoder is defined as:

f I
e = [fLAX 2CH

e , fLAX 3CH
e , fLAX 4CH

e , fSAX
e ]. (1)

In consequence, our model uses a variational encoder-decoder architecture to generate a graph
representation of a desired organ from multi-view input images. The encoder maps the input to a
lower-dimensional embedding which represents the parameters of a latent distribution,
z = f I

e (I
LAX 2CH, ILAX 3CH, ILAX 4CH, ISAX). This latent distribution is then sampled using the

reparametrisation trick [14], passed through a fully connected layer and reshaped to obtain initial
node features for the graph convolutional decoder, fG

d . Following the variational autoencoder for-
mulation, the latent code is assumed to be sampled from a multivariate Gaussian posterior, Q(z|I) =
N (µ, diag(σ)). The distribution is parameterised by the concatenation of outputs from the joint multi-
view encoder, (µ,σ) = fe(I). Given a sample of the latent code, z, the graph representation of the
organ can be obtained through the decoder fG

d (z).
The model is trained by minimizing a loss function defined as:

L = Lr(fd(fe(I)),G) + λKL LKL (Q(z|I)||N (0, 1)) , (2)

where the first term is the reconstruction loss based on the mean squared error (MSE) of the vertex
positions, the second term imposes a unit Gaussian prior N (0, 1) for the latent posteriors via the KL
divergence loss (LKL) and λKL is a weighting factor.

Deeply-supervised spectral graph decoder

To generate the graph representation of the target organ, we employ a decoder constructed using spec-
tral graph convolutional neural networks (GCNN). Spectral convolutions are founded on the eigen-
decomposition of the graph Laplacian matrix. In this context, we adopt the spectral convolutions
introduced by Defferrard et al. (2016) [6], which constrain the filters to polynomial filters. This
constraint arises from the observation that polynomial filters exhibit strict localization in the vertex
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domain, consequently reducing the computational complexity of the convolutional operation. For an
in-depth understanding of spectral convolutions, please refer to [6].

In essence, a spectral convolutional layer operates much like standard convolutions applied to images
and feature maps. It takes an input feature matrix Xℓ and produces filtered versions Xℓ+1 as output.
Our spectral decoder architecture comprises five graph-convolutional layers, each complemented by
ReLU nonlinearities with previous Layer Normalization [2]. These layers are strategically interleaved
with four fixed graph unpooling layers, allowing the network to learn representations at multiple
resolutions.

To obtain these multiple resolutions, we implement the technique outlined by Ranjan et al. (2018)
[28] to construct pairs of pooling and unpooling layers. The process begins by estimating the pooling
matrix, achieved through an iterative contraction of vertex pairs while maintaining precise surface error
approximations using quadric matrices into the atlas surface mesh. Simultaneously, the unpooling
matrix is derived to enable the reversal of the pooling transformation. This process is repeated four
times (on the previously pooled version of the atlas), resulting in four sets of pooling and unpooling
layers, each reducing and increasing the number of nodes by a factor of two, respectively. Importantly,
this set of pooling and unpooling matrices remains fixed during the training process, as they are
estimated only once for the atlas surface mesh.

To increase our model’s performance, we apply the concept of deep supervision [17], which involves
supervising the network at various resolution levels. During training, we utilize the estimated pooling
operation to obtain down-sampled versions of the ground-truth meshes, enabling us to minimize the
reconstruction error at each resolution level. Ultimately, we employ a final graph-convolutional layer,
without bias and identity activation function, to predict the final vertex positions.

The incorporation of deep supervision terms leads to the following loss function:

L = Lr + λKLLKL + λDS

4∑

i=1

Li
r, (3)

where LKL is the previously defined KL term, λDS is a weighting factor, and the index i indicates the
resolution level of the graph.

Mesh regularization loss functions

To ensure smooth meshes, state-of-the-art approaches to surface mesh generation often use regularizers
such as normal regularization, edge length regularization, and Laplacian smoothing (Llap), as intro-
duced in [34], which we also incorporate. However, these existing metrics were originally designed for
triangular surface meshes, and therefore do not take into account the structure of tetrahedral elements
in a volumetric mesh [22]. To address this limitation, we propose a new regularization loss function
that is specifically designed for directly generating tetrahedral volumetric meshes. We introduce our
new tetrahedral element regularization loss as follows:

Lter =
1

Nt

Nt∑

i=1

1

6

6∑

j=1

(
||eij ||2 −

1

6
(

6∑

k=1

||eik||2)
)2

, (4)

where Nt is the number of tetrahedra, i represents the ith tetrahedron, and eij and eik represent edges
of that tetrahedron. This term encourages tetrahedron regularity by penalizing elements with edge
lengths too different from the average edge length for each tetrahedron. Thus, the final loss function
used to train the model results in:

L = Lr + λKLLKL + λDS

4∑

i=1

Li
r + λregLreg, (5)
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where Lreg can be any of the previously mentioned regularization losses: Llap for the surface case or
Lter for the volumetric case, and λreg is the corresponding weighting factor.

3 Experimental Setup

Metrics MCSI-Net SAX HybridVNet MCSI-Net SAX-LAX MV-HybridVNet
Cropped Full Image Cropped Cropped Full Image Cropped

LV Endo
DC ↑ 0.87 (0.05) 0.89 (0.05) 0.90 (0.04) 0.88 (0.05) 0.90 (0.04) 0.91 (0.04)
HD ↓ 5.13 (1.97) 4.48 (1.32) 4.08 (1.22) 4.74 (1.75) 4.22 (1.22) 3.89 (1.18)

MCD ↓ 1.93 (0.83) 1.67 (0.55) 1.49 (0.49) 1.86 (0.79) 1.55 (0.51) 1.39 (0.46)

LV Myo
DC ↑ 0.76 (0.09) 0.80 (0.06) 0.83 (0.05) 0.78 (0.08) 0.81 (0.05) 0.84 (0.04)
HD ↓ 5.31 (1.98) 4.71 (1.36) 4.23 (1.27) 4.75 (1.76) 4.40 (1.26) 3.96 (1.23)

MCD ↓ 1.97 (0.95) 1.71 (0.56) 1.49 (0.51) 1.86 (0.82) 1.57 (0.52) 1.35 (0.46)

RV Endo
DC ↑ 0.85 (0.06) 0.85 (0.05) 0.86 (0.05) 0.85 (0.06) 0.86 (0.05) 0.87 (0.05)
HD ↓ 7.11 (2.78) 6.97 (2.31) 6.44 (2.19) 7.06 (2.64) 6.79 (2.23) 6.13 (2.23)

MCD ↓ 2.34 (0.98) 2.10 (0.64) 1.90 (0.57) 2.27 (0.95) 1.99 (0.59) 1.76 (0.59)

Table 1: Quantitative ventricle segmentation results for surface meshes. An up arrow (↑) indicates
that higher values are better, while a down arrow (↓) indicates that lower values are better.

3.1 Data and annotations
The data for this study was collected from the UK Biobank (UKB) under access applications number
2964 and 11350. The study adhered to the guidelines set forth in the Declaration of Helsinki and
received ethical approval from the National Health Service National Research Ethics Service on 17th
June 2011 (Ref 11/NW/0382) and extended on 10th May 2016 (Ref 16/NW/0274). Informed consent
was obtained from all participants. The UKB resource is available for researchers to use for health-
related research in the public interest. The rationale behind the UKB imaging study is explained in
Petersen et al. (2013) [25], and the CMR acquisition protocol is detailed in Petersen et al. (2015)[26].

We performed our experiments on train/test splits from 4525 UKB subjects. To ensure fair com-
parison with previous work and facilitate reproducibility of our results, we used the same train/test
splits as Xia et al. [35], in which 600 subjects were reserved as a separate test split. This allowed us
to consistently evaluate the model performance and compare with previous studies.

Image and mesh pre-processing

CMR images were pre-processed by normalizing intensities to the range [0, 1]. SAX images had
dimensions ranging from (100, 100, 6) to (200, 200, 16) and voxel spacing of [1.82, 1.82, 10] mm, while
LAX images had varying dimensions depending on the associated SAX image. To handle varying size
of SAX images across subjects, we evaluated our model under two settings: (1) Full image input, where
we padded all SAX images to (210, 210, 16), and (2) Cropped input, where we followed prior work
[1, 35] and cropped SAX images to (100, 100, 16), padding slices as needed. In all cases, LAX images
were zero-padded to have a square shape of size (224, 224).

Inspired by classic object detection approaches, we align the vertex positions of the mesh with
their relative position inside the SAX image, which has been shown to be effective when using graph
generative models for landmark detection [10]. We first remove the origin of the SAX image and
divide each direction by the corresponding voxel spacing to obtain positions in voxel space. For the
full-image pipeline, we then add the padding applied to the positions and divide by the image size.
For the cropped-image pipeline, we subtract the origin of the bounding box and divide by the image
size. With this, we obtain a "relative positional space", that we use for training the models, with a
value of (0.5, 0.5, 0.5) indicating a node in the center of the SAX image. To evaluate the results, we
reverse this operation and recover the original positions in millimeters.
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Data augmentation

All models were trained using online data augmentation, including intensity augmentation, random
rotations of the SAX images (between -10 and 10 degrees), and random scaling on the x and y axes.
The LAX images were scaled to match the scaling performed in the associated SAX image using each
LAX image’s respective direction vector. For the cropped model, we added a step to randomly choose
the cropping center, ensuring that the entire heart is always inside the region. This helps the model
to avoid dependence on a perfectly centered crop and also acts as an extra data augmentation step.

3.2 Model implementation and training details
All models were implemented in Python using the PyTorch framework [23]. The PyTorch Geometric
library [8] was employed for spectral Graph Convolutional Neural Network (GCNN) layers. Hyper-
parameters were selected via grid search, with a k-hop neighborhood parameter [6] set to 6. We
conducted training for 600 epochs using the Adam optimizer with a learning rate of 10−4. Batch size
was set to 4, and weight decay was applied at 10−5. A KL divergence weight factor of λKL = 10−5 was
introduced, and learning rate decay with a factor of 0.99 occurred after each epoch. Both 2D and 3D
Convolutional Neural Network (CNN) encoders consisted of six residual blocks [12]. In 2D encoders,
maxpooling layers were interleaved with these blocks. In 3D encoders, maxpooling was applied on the
X and Y axes between each residual block, with Z-axis maxpooling at the third layer. The latent repre-
sentations were obtained by using fully connected layers in the encoders, with a dimension of 32 for the
3D encoder and 8 for all 2D encoders, after a grid search hyper-parameter selection. GCNN decoders,
in both 2D and 3D models, comprised six layers of Chebyshev convolutions with Layer Normalization
[2] and ReLU nonlinearities. Classic surface regularization losses from the PyTorch3D library [29] were
utilized. These losses included edge length, normal vector, and Laplacian regularization terms.

3.3 Model comparison
We implemented different single and multi-view variants of the HybridVNet architecture. We also
compared our approach to the results obtained by the Multi-Cue Shape Inference Network (MCSI-
Net) [35] for the ventricle dense segmentation task, which constitutes the state-of-the-art for point
distribution models in this particular dataset. MCSI-Net combines two different networks. The first
one is a position inference network that predicts the central coordinates of the mesh and a rotation
vector. The second one is a shape inference network that uses CNN layers to infer the parameters of
a point distribution model (PDM) based on PCA. This model uses the same SAX and multiple LAX
views as our model, but also incorporates patient metadata information to the PDM learning process,
while our model does not require patient metadata.

4 Results and Discussion
We conducted a comprehensive series of experiments to evaluate the performance of the proposed
HybridVNet model alongside baseline models and its own various configurations. These experiments
covered both surface mesh and tetrahedral volumetric mesh scenarios, including a sensitivity analysis
of the proposed regularization losses. All evaluations were carried out on the same dataset comprising
600 subjects, as presented in Xia et al. 2022 [35], with respect to the ground truth meshes associated
with this dataset.

4.1 Surface mesh extraction
To evaluate the quality of the cardiac meshes, we used mesh (2) and mask based (Table 1) metrics.
First, to enable a direct comparison with the state-of-the-art Multi-Cue Shape Inference Network
(MCSI-Net) [35], which was evaluated directly on the segmentation masks generated by the model in
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Subpart Metric Full SAX Image Cropped SAX Image
HybridVNet MV-HybridVNet HybridVNet MV-HybridVNet

Full Mesh
MAE ↓ 2.56 (0.62) 2.26 (0.55) 2.43 (0.59) 2.18 (0.54)
MSE ↓ 12.20 (7.11) 9.29 (5.48) 11.27 (6.69) 8.80 (5.31)

RMSE ↓ 3.38 (0.89) 2.95 (0.76) 3.25 (0.86) 2.87 (0.76)

LV
MAE ↓ 1.90 (0.57) 1.79 (0.55) 1.75 (0.54) 1.70 (0.54)
MSE ↓ 6.23 (4.28) 5.60 (4.03) 5.35 (3.83) 5.11 (3.67)

RMSE ↓ 2.39 (0.73) 2.26 (0.71) 2.21 (0.70) 2.15 (0.70)

RV
MAE ↓ 2.18 (0.64) 2.08 (0.60) 2.00 (0.58) 1.97 (0.59)
MSE ↓ 8.39 (5.64) 7.69 (4.93) 7.12 (4.84) 7.04 (4.72)

RMSE ↓ 2.78 (0.82) 2.66 (0.78) 2.56 (0.76) 2.54 (0.78)

LA
MAE ↓ 2.90 (1.00) 2.37 (0.78) 2.84 (0.99) 2.30 (0.77)
MSE ↓ 15.40 (13.73) 10.07 (9.74) 14.88 (13.29) 9.58 (9.24)

RMSE ↓ 3.69 (1.33) 3.00 (1.02) 3.63 (1.31) 2.92 (1.02)

RA
MAE ↓ 3.07 (0.96) 2.57 (0.76) 2.98 (0.93) 2.51 (0.80)
MSE ↓ 17.46 (13.65) 12.00 (9.42) 16.67 (13.13) 11.75 (10.16)

RMSE ↓ 3.97 (1.32) 3.30 (1.05) 3.87 (1.30) 3.24 (1.11)

AORTA
MAE ↓ 2.66 (0.93) 2.37 (0.84) 2.56 (0.89) 2.34 (0.83)
MSE ↓ 13.17 (11.05) 10.24 (8.71) 12.38 (10.52) 10.04 (8.43)

RMSE ↓ 3.41 (1.23) 3.01 (1.09) 3.31 (1.20) 2.97 (1.09)

Table 2: Quantitative mesh evaluation results for surface meshes. An up arrow (↑) indicates that
higher values are better, while a down arrow (↓) indicates that lower values are better.

the SAX image space, we derived dense segmentation masks from the surface meshes and evaluated
classic segmentation metrics like Dice coefficient, Hausdorff distance, and the average distance between
the reference and predicted contours at each slice, as summarized in Table 1.

In our initial comparison, we evaluated our HybridVNet against the SAX-only MCSI-Net, both
with full images and cropped versions centered on the structure of interest (Table 1). Remarkably,
HybridVNet outperforms the SAX MCSI-Net for all metrics and structures. Next, we compared
our MV-HybridVNet with the standard MCSI-Net which also incorporates multiple-views and is the
current state-of-the-art for this dataset. The results clearly demonstrate the superiority of our MV-
HybridVNet, as it outperforms the standard MCSI-Net across all segmentation metrics for both the
left and right ventricle segmentation tasks.

It is worth noting that our full image variant of the model achieves superior results compared to
the baselines, all while eliminating the need for an extra step to detect the region of interest (ROI)
during the segmentation process. Moreover, the MV-HybridVNet model on cropped images beats the
results with significant differences with respect to the full image.

To account for structures that may not be visible in SAX images, and to provide more insight
on how the incorporation of long-axis views in our model helps the model learn more details about
the complete heart structure, we conducted a thorough evaluation of our proposed models directly
on various subparts of the output mesh. Standard mesh evaluation metrics, including vertex mean
squared error (MSE), mean average error (MAE), and root mean squared error (RMSE) in millimeters,
were employed. Table 2 summarizes the results in our models, comparing the HybridVNet with its
multi-view version, for cropped images and full images versions independently. The evaluation was
performed at the nodes of the left ventricle (LV), right ventricle (RV), left atrium (LA), right atrium
(RA), and aorta.

Comparing the performance of the HybridVNet with and without the inclusion of LAX images,
we observe a significant improvement in accuracy for all parts of the mesh. This improvement is
particularly pronounced for the left and right atria (LA and RA) and the aorta, structures that are
not fully visible in SAX images. The base HybridVNet model demonstrates the ability to approximate
the positions of these structures, with further refinement achieved through the integration of LAX
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Figure 2: This qualitative analysis explores the impact of the Laplacian regularization term on surface
mesh smoothness. It demonstrates the influence of adjusting the regularization parameter on mesh
quality. Notably, the best quantitative results in terms of MSE for the validation split were achieved
when λlap = 0.01.

images.

Surface mesh regularization effect

In the context of the surface mesh experiment, we undertook a comprehensive evaluation of various
surface regularization loss functions to enhance the performance of our HybridVNet model. Specifically,
we investigated the efficacy of three distinct regularization approaches: normal regularization, edge
length regularization, and Laplacian smoothing. For more information about these regularizers see
[34].

It is noteworthy that normal regularization and edge length regularization, while commonly em-
ployed in mesh regularization tasks, did not yield significant improvements in our model’s performance.
This observation aligns with the intuitive understanding that these metrics are better suited for meshes
with varying node counts and highly irregular target shapes, which is not the case in our dataset. In
contrast, the incorporation of Laplacian smoothing produced notably smoother surface meshes. This
can be visually appreciated in Figure 2, which presents a qualitative analysis of the obtained meshes
as the regularization parameter for the Laplacian regularization loss was increased. The figures clearly
illustrate the enhanced smoothness and quality of the meshes as the regularization strength is adjusted.

To quantitatively assess the impact of different loss terms during the training process, we refer
to Figure 3. This figure provides a comparison of the MSE values throughout both training and
validation phases. Notably, due to the resource-intensive nature of the validation process, we adjusted
the intervals when recording loss values, with smaller intervals as more training time elapsed.

Significantly, the red curve in Figure 3 illustrates that the best performance is achieved when
combining both deep supervision and Laplacian regularization losses. This combination not only
eases the training process but also leads to improved model performance. The optimal regularization
strength for Laplacian smoothing, resulting in the best performance in terms of mean squared error
(MSE) for both the full image and cropped models, was determined to be λlap = 0.01. This finding
was consistent with both qualitative and quantitative evaluations, as over-smoothed meshes appeared
when using high values of the regularization term.

9



Figure 3: MSE values over the course of training and validation for different configurations of hyperpa-
rameters, measured in the "relative positional space". The red curve highlights the significant impact
of combining Deep Supervision and Laplacian regularization losses on model performance. Smaller
intervals were used for loss recording as training progressed.

4.2 Towards simulation-ready tetrahedral meshes
Our second experiment focused on the creation of simulation-ready tetrahedral meshes. We evaluated
various weighting factors (λter) for the tetrahedral element regularization term defined in equation
4, aiming to understand its influence on both mesh quality and ventricle segmentation performance.
Table 3 presents the results, including metrics for mesh quality and ventricle segmentation, across
different λter values.

Our exploration reveals a nuanced relationship between λter and model performance. Notably, for
segmentation metrics, the finest outcomes emerge when λter = 1e − 4. In this configuration, results
closely resemble those of the non-regularized model, especially in terms of LV Endo metrics. However,
for metrics related to mesh prediction performance, the optimal choice shifts slightly, with λter =
1e − 3 yielding the best outcomes. While this setting leads to a minor dip in ventricle segmentation
performance, it significantly reduces the mesh error.

A closer examination of the training dynamics, as illustrated in Figure 4, reinforces the benefits of
using small λter values. These values result in improved validation performance without substantial
fluctuations in the training curves. Conversely, the highest regularization strength (λter = 1e − 2)
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Figure 4: MSE values over the course of training and validation for volumetric meshes, exploring
different configurations of λter, with values measured in the "relative positional space". The red and
green curves highlight an increase of performance when using λter = 1e − 4 (Red) and λter = 1e − 3
(Green). Noticeably, λter = 1e − 2 (Yellow) shows both a high decay of performance for both train
and validation curves. Smaller intervals were used for loss recording as training progressed.
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Metrics MV-HybridVNet
λter = 0 λter = 1e− 4 λter = 1e− 3 λter = 1e− 2

Mesh
MAE ↓ 2.08 (0.63) 2.07 (0.64) 2.04 (0.61) 2.11 (0.61)
MSE ↓ 8.25 (6.14) 8.22 (6.12) 7.93 (5.63) 8.39 (6.00)

RMSE ↓ 2.74 (0.88) 2.73 (0.88) 2.69 (0.84) 2.77 (0.84)

LV Endo
DC ↑ 0.90 (0.04) 0.90 (0.04) 0.90 (0.05) 0.88 (0.05)
HD ↓ 4.36 (1.22) 4.32 (1.24) 4.41 (1.35) 5.21 (1.42)

MCD ↓ 1.52 (0.46) 1.51 (0.49) 1.58 (0.54) 1.89 (0.62)

LV Myo
DC ↑ 0.78 (0.04) 0.78 (0.04) 0.76 (0.05) 0.74 (0.06)
HD ↓ 5.27 (1.47) 4.98 (1.40) 5.17 (1.50) 5.30 (1.57)

MCD ↓ 1.86 (0.61) 1.81 (0.64) 1.95 (0.72) 1.96 (0.77)

RV Endo
DC ↑ 0.85 (0.06) 0.86 (0.05) 0.85 (0.05) 0.85 (0.06)
HD ↓ 7.22 (2.76) 6.97 (2.54) 7.38 (2.67) 7.55 (2.80)

MCD ↓ 2.05 (0.64) 2.02 (0.63) 2.09 (0.64) 2.13 (0.69)

Table 3: Quantitative results for segmentation metrics in volumetric meshes. (↑) indicates that higher
results are better, while (↓) indicates that lower results are better. Bold results in two columns indicate
there are no significant differences between these two.

mean std min max 1% 5% 25% 50% 75%

Reference Meshes
Atlas 0.491 0.174 0.092 0.984 0.115 0.194 0.367 0.494 0.617

Ground Truth 0.355 0.156 -0.207 0.838 0.04 0.103 0.238 0.353 0.47
Simpleware 0.524 0.185 0.064 0.992 0.128 0.202 0.387 0.535 0.667

MV-HybridGNet3D

λter = 0 0.222 0.225 -0.759 0.876 -0.327 -0.144 0.065 0.219 0.384
λter = 1e− 4 0.229 0.23 -0.771 0.871 -0.337 -0.151 0.068 0.231 0.397
λter = 1e− 3 0.433 0.206 -0.719 0.904 -0.138 0.059 0.307 0.457 0.585
λter = 1e− 2 0.501 0.309 -0.931 0.943 -0.681 -0.298 0.434 0.577 0.688

Table 4: Quantitative results for the quality of elements in volumetric meshes. The values correspond
to the scaled Jacobian, and higher values imply a better quality of the tetrahedra.

leads to decreased performance in both training and validation.
Note that the impact of the regularization term on the reported ventricle segmentation metrics is

not drastic. However, as demonstrated in Figure 5 and elaborated upon in the following paragraphs,
it substantially elevates the quality of tetrahedral elements, a critical consideration for simulations.

To validate the quality of tetrahedral elements, we used the widely adopted scaled Jacobian metric.
The Jacobian of a tetrahedron is a matrix that describes how the tetrahedron’s shape changes under
deformation. The scaled Jacobian is a quantitative measure of regularity and symmetry, falling within
the range [-1, 1] and unaffected by scale or units. A high scaled Jacobian value implies high regularity,
low distortion, and therefore high quality [13]. Table 4 provides a comprehensive overview of element
qualities under different λter conditions. The table includes statistics such as average, standard de-
viation, minimum, maximum, and various percentiles of tetrahedron quality across all test subjects.
We compare the results with volumetric atlases, ground-truth meshes, our approaches, and a subset
of surface meshes converted to volumetric meshes using ScanIP [32].

Importantly, our findings demonstrate that our regularized models surpass ground-truth elements
in terms of quality, beginning from the 25% quartile and onwards, for λter = 1e − 3 and higher.
This observation underscores our hypothesis that the regularization loss significantly enhances mesh
quality. Figure 5 visually encapsulates this improvement, positioning our method competitively with
Simpleware meshes, with the exception of a small number of elements, potentially due to the original
low quality of the ground truth.

In comparison to the conventional approach of directly converting surface to volumetric meshes, our
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Figure 5: Histogram of tetrahedral mesh quality using scaled Jacobian values. The x-axis represents
the scaled Jacobian values and the y-axis shows the percentage of tetrahedral elements within each
range.

model demonstrates competitive results. Moreover, it addresses a challenge posed by direct conversion,
where degenerate triangles can obstruct volumetric mesh creation, affecting approximately 10% of cases
in our experiments. Additionally, ScanIP’s procedure, a typical alternative, consumes about 6 minutes
per mesh on average. In contrast, our approach can generate the vertex set for a volumetric mesh
in just around 0.04 seconds per set of CMR images when runnnig on a NVIDIA A100-SXM4 GPU,
resulting in a remarkable speed-up.

5 Conclusions
In this work we propose HybridVNet, a novel method for generating both surface and simulation-ready
tetrahedral meshes directly from images. Our approach outperforms the state-of-the-art on multiple
standard mesh evaluation metrics, demonstrating its potential for efficiently generating high-quality
surface and tetrehedral meshes. For future work we consider extending HybridVNet to other organs and
image modalities. So far, our model was only applied to CMR images. However, its generic formulation
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makes it simple to adapt it for other anatomical structures, like cortical surface reconstruction from
brain MR images, which are left as future work. Additionally, future work will focus on improving the
quality of the volumetric atlas used as ground truth, to more accurately evaluate the potential of our
method for use in in-silico simulation-based studies.
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Abstract

Learning anatomical segmentation from heterogeneous labels in multi-center datasets is a com-
mon situation encountered in clinical scenarios, where certain anatomical structures are only an-
notated in images coming from particular medical centers, but not in the full database. Here
we first show how state-of-the-art pixel-level segmentation models fail in naively learning this
task due to domain memorization issues and conflicting labels. We then propose to adopt Hy-
bridGNet, a landmark-based segmentation model which learns the available anatomical structures
using graph-based representations. By analyzing the latent space learned by both models, we show
that HybridGNet naturally learns more domain-invariant feature representations, and provide em-
pirical evidence in the context of chest X-ray multiclass segmentation. We hope these insights
will shed light on the training of deep learning models with heterogeneous labels from public and
multi-center datasets.

1 Introduction
Anatomical segmentation is one of the pillar problems in medical image analysis, required by several
downstream tasks like radiotherapy planning [1] or shape variability analysis in computational anatomy
[2]. Fully convolutional neural networks such as UNet [3], and its self-configuring variant nnUNet [4],
have become the state-of-the-art for this task. In this work, we are interested in addressing two common
situations encountered when training anatomical segmentation models in real clinical scenarios: multi-
center image databases and heterogeneous labels. On one hand, multi-center databases may lead to
domain shift problems [5] due to changes in intensity distribution caused by differences in acquisition
device or protocol parameters. On the other hand, heterogeneous or missing labels [6] make it difficult
to train a single segmentation model for all regions of interest (ROIs), as missing labels in different
images may send contradictory training signals. Notably, when we face both issues at the same time,
the problem is far from trivial as it lies in the intersection of multi-task learning, domain adaptation
and weakly supervised learning [7]. As we will show in this work, when different organs are annotated
in images coming from various centers, commonly used pixel-level segmentation methods like UNet
and nnUNet trained with standard procedures tend to associate certain labels to specific domains.

Several methods have been proposed to independently address the problems of domain shift [5,
8, 9] and heterogeneous labels [10, 6, 11] in medical image segmentation. As for the joint problem,
Dorent and coworkers [7] proposed a framework which combines a variational formulation to cope with
heterogeneous labels, with conventional techniques based on data augmentation, adversarial learning,
and pseudo-healthy image generation to address domain shift. In this work, we argue that landmark
based segmentation methods like the HybridGNet [12, 13] can naturally handle these scenarios, as
they incorporate prior knowledge about the expected anatomy, without additional burden related to
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Figure 1: Qualitative examples. Examples from 4 datasets (rows) segmented with different methods
and annotation settings (columns). Note how pixel UNet and nnUNet (in pink) fail completely to seg-
ment structures that are not presented in the corresponding dataset when trained with heterogeneous
labels (i.e. LHC (Full)). It is not the case for the HybridGNet, which always provides segmentations
of all structures. Note also that the UNet HT (trained using the same heterogeneous setup as Hy-
bridGNet) produces heart segmentation for all datasets, as there are no conflicting labels. However, it
only segments clavicles for JSRT, due to the conflicting annotations in the overlapping area between
lung and clavicles (see Section 3 for more details).

data augmentation, adversarial training, or image generation. We first provide empirical evidence
showing how widely used pixel-level approaches drastically fail to learn robust segmentation models
using heterogeneous labels from multicentric datasets, while HybridGNet can naturally handle this
problem, avoiding memorization issues. Further analysis of the latent spaces learned by the different
architectures, indicates that generative landmark-based approaches like HybridGNet tend to learn more
invariant representations, which helps to improve the robustness with respect to domain memorization.

2 Methods and experiments
Problem statement and experimental setup: We explore anatomical segmentation of lung, heart
and clavicles in a multi-center database of chest X-ray images, with heterogeneous labels. The database
is composed of 4 publicly available datasets (JSRT [14], Padchest [15], Montgomery [16] and Shenzhen
[17]), which originally provide pixel level annotations. Since the proposed method employs landmark-
based annotations, we adopted the publicly available Chest X-ray landmark dataset, which provides
landmarks for 3 different organs from the aforementioned databases (github.com/ngaggion/Chest-xray-
landmark-dataset). Images from JSRT (246 subjects) include annotations for lungs, heart and clavicle
(LHC); Padchest (137 subjects) include lungs and heart (LH); while Montgomery (138 subjects) and
Shenzhen (390 subjects) include only lung (L). To evaluate each domain separately, we divide the
datasets into 80% train/val and 20% test partitions.

HybridGNet: HybridGNet is a landmark-based segmentation model, where the ROIs are encoded as
anatomical graphs representing the organ contour. It follows an encoder-decoder architecture that com-
bines standard convolutions for image encodings, with graph generative models to extract anatomically
plausible representations directly from images. The model is trained to minimize the mean squared
error (MSE) between the predicted node positions and the ground truth coordinates. Pixel-level masks
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Montgomery Shenzhen Padchest JSRT
Lungs Lungs Lungs Heart Lungs Heart ClaviclesModel Trained in

MSE Dice HD MSE Dice HD MSE Dice HD MSE Dice HD MSE Dice HD MSE Dice HD MSE Dice HD
L (Both) 128.4 0.97 27.4 142.9 0.97 32.5 152.1 0.96 36.6 - - - 120.2 0.97 33.0 - - - - - -

LH (Strict) 295.6 0.95 38.5 264.4 0.95 43.1 201.8 0.95 41.0 351.7 0.94 36.8 155.7 0.97 36.3 382.4 0.94 34.5 - - -
LH (Full) 104.4 0.97 27.8 145.9 0.97 32.8 187.0 0.96 38.8 342.0 0.94 36.0 124.8 0.97 31.0 375.8 0.94 33.8 - - -

LHC (Strict) 571.5 0.94 49.2 486.0 0.93 51.1 480.2 0.92 56.8 1317.0 0.87 70.9 139.4 0.97 33.9 413.1 0.93 35.7 83.4 0.84 20.8
HybridGNet

LHC (Full) 110.7 0.97 26.2 148.7 0.96 33.2 172.0 0.96 37.1 235.0 0.94 30.5 122.2 0.97 31.1 390.8 0.94 34.2 101.1 0.82 22.9
L (Both) - 0.98 53.3 - 0.98 53.3 - 0.96 85.2 - - - - 0.95 99.9 - - - - - -

LH (Strict) - 0.96 73.4 - 0.96 131.2 - 0.96 89.4 - 0.93 80.5 - 0.95 101.1 - 0.94 51.7 - - -
LH (Full) - 0.97 70.0 - 0.96 74.0 - 0.96 94.8 - 0.89 75.2 - 0.95 103.8 - 0.94 51.8 - - -

LHC (Strict) - 0.90 182.4 - 0.91 217.6 - 0.89 227.1 - 0.87 220.8 - 0.97 67.5 - 0.94 67.6 - 0.93 44.8
UNet

LHC (Full) - 0.97 72.5 - 0.97 72.7 - 0.96 106.1 - 0.91 76.7 - 0.98 63.0 - 0.94 54.5 - 0.91 49.2
L (Both) - 0.98 26.1 - 0.97 32.3 - 0.96 40.2 - - - - 0.98 31.1 - - - - - -

LH (Strict) - 0.97 45.1 - 0.96 53.3 - 0.96 40.5 - 0.95 32.9 - 0.98 26.3 - 0.95 29.0 - - -
LH (Full) - 0.98 34.0 - 0.97 35.2 - 0.96 37.4 - 0.94 34.5 - 0.98 28.6 - 0.95 30.9 - - -

LHC (Strict) - 0.93 120.5 - 0.92 121.0 - 0.93 83.6 - 0.89 80.4 - 0.98 35.0 - 0.95 29.5 - 0.95 14.1
nnUNet

LHC (Full) - 0.98 25.3 - 0.97 35.2 - 0.96 39.3 - 0.95 33.3 - 0.98 35.6 - 0.95 31.1 - 0.93 38.1
L (Both) - 0.97 46.9 - 0.97 78.7 - 0.96 70.0 - - - - 0.95 106.1 - - - - - -

LH (Strict) - 0.96 74.8 - 0.96 131.6 - 0.96 74.9 - 0.94 80.2 - 0.95 105.6 - 0.94 58.4 - - -
LH (Full) - 0.98 60.5 - 0.97 57.8 - 0.96 87.9 - 0.93 125.6 - 0.95 100.2 - 0.94 59.4 - - -

LHC (Strict) - 0.91 168.5 - 0.91 204.8 - 0.90 223.6 - 0.87 199.0 - 0.98 78.1 - 0.94 82.2 - 0.94 28.3
UNet HT

LHC (Full) - 0.97 72.6 - 0.97 77.1 - 0.96 66.1 - 0.93 87.8 - 0.98 55.2 - 0.94 47.6 - 0.94 43.6

Table 1: Quantitative results for both landmark and pixel-based baselines: Results show an
increase in performance when combining heterogeneous labels (Full) compared to those cases where
only images with all the required annotations (Strict) are available. Blue: images from the target
dataset are present at training time. Red: images from the target dataset are not present during
training. Green: heterogeneous setting, all datasets are present during training.

are then generated by filling in the contours. See [12, 13] for more details about HybridGNet.

Training landmark-based models with heterogeneous labels: HybridGNet provides a natural
way to learn with heterogeneous labels, which only relies on indexation. The model outputs a D × 2
matrix, where the number of nodes D is fixed and sequentially ordered: first lung nodes, tL, then heart
nodes, tH , and finally clavicles nodes, tC , as in the ground-truth target = [tL, tH , tC ]. The length of
every subset is DL, DH , DC , respectively. For training, batches composed of images from a single
database at a time are randomly chosen at every iteration, thus constraining the type of annotation to
those available for that dataset. For example, if the input batch only includes lungs, the loss function
for that gradient descent iteration is only evaluated for the first DL nodes, and errors are not back-
propagated for heart and clavicle. The same is done for the LH task, where the loss is evaluated in
the first DL +DH nodes, ignoring the rest of the output. This is implemented via slicing operations,
and constitutes the only modification made to HybridGNet.

Baselines and heterogeneous UNet training:
We propose to compare the HybridGNet with two pixel-level segmentation models: a UNet [3]

with residual convolutional blocks, trained with a compound cross entropy and soft Dice loss [18];
and a nnUNet [4] trained with its self-configuring method. We also propose to train the UNet in the
same heterogeneous training (HT) setup as the HybridGNet for fair comparison. In UNet HT, each
training batch contains a specific set of labels, and we avoid back-propagating the gradient loss for
unseen labels in the batch. We implement this method simply treating each anatomical structure as
an independent binary segmentation problem. The UNet HT model thus has one independent output
feature map per anatomical structure, akin to a multi-label classification problem. We apply a sigmoid
non-linearity to each output segmentation map. We use binary cross-entropy and a modified soft Dice
loss function to allow using a single feature map, instead of the standard one-hot encoding used when
classes are mutually exclusive. At test time, the sigmoid outputs are just thresholded at 0.5, obtaining
an independent binary map for each structure.

Training details: As not all labels are available for each dataset, we took into account the label
availability and devised two different training settings: Strict and Full. While Strict indicates that
only datasets annotated with the particular listed labels were used, Full indicates that all datasets
were used for training (resulting in an heterogeneous label setting). Thus, we trained models in the
following settings:
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• Strict training setting:
– LH: Models were trained to predict lung and heart, using only images that had both lung and

heart annotations (i.e. JSRT and Padchest datasets).
– LHC: Models were trained to predict lung, heart and clavicles, using only images that had all

annotations available (thus, just JSRT dataset).
• Full training setting:

– L: Models were trained with all datasets to predict only lungs. This case can also be considered
Strict, since all datasets have lung annotations available.

– LH: Models were trained to predict lungs and heart using all datasets in an heterogeneous
annotation setting, i.e. some images had only lung annotations (Montgomery and Shenzhen)
and others had lung and heart (JSRT and Padchest).

– LHC: Models were trained to predict lungs, heart and clavicles using all datasets in an hetero-
geneous setting, i.e. some images had only lung annotations (Montgomery and Shenzhen), some
had lung and heart (Padchest), while some had the 3 structures (JSRT).

Artificial removal of labels: As we will discuss in the next section, our experiments show that
naively trained pixel-level approaches learn to map anatomical structures to datasets where they were
annotated, failing to segment them in datasets where these structures are not labeled. However, as
we do not have ground-truth for these structures, we cannot show this quantiatively. To overcome
this limitation and provide quantitative support for our claims, we took the two datasets with more
than one annotated structure (JSRT and Padchest), and artificially removed one of the organs during
training. This resulted in 4 different experiments, where we can compute quantiative results for labels
that were not seen during training: removing lungs from JSRT (Exp 1), removing heart from JSRT
(Exp 2), removing lungs from Padchest (Exp 3) and removing heart from Padchest (Exp 4).

3 Results, discussion and conclusions
Figure 1 shows one of our main findings: when trained with heterogeneous labels associated to different
datasets (i.e. LH (Full) and LHC (Full)), naive pixel-based methods segment only those ROIs that
were annotated in the corresponding dataset (see first two cases highlighted in pink). Meanwhile, the
UNet HT model which is aware of the heterogeneous labels by ignoring annotations not present in
every specific dataset, only segments classes that are not in conflict (i.e. we say a pixel class is in
conflict if it is considered to be part of one class for a specific dataset, but also part of a different
class in other datasets, like clavicles). Instead, the HybridGNet always predicts the complete set of
anatomically plausible segmentations. This effect is present on all the samples for each dataset. UNet
and nnUNet clearly memorize which structure was annotated in what dataset, and use the multi-centric
distribution shift as a shortcut to decide what ROIs should be segmented in every test dataset. UNet
HT overcomes this issue for the heart masks, as we make it aware of heterogeneous labels by ignoring
classes that are not annotated in specific datasets, but still fails with the clavicles, as they conflict
with lung labels. On the contrary, HybridGNet is forced to predict all ROIs by construction, using
the anatomical priors encoded in the learned latent space to infer the organ position, even if it was
not present in that particular dataset.

To better understand the reasons behind domain memorization, we performed dimensionality re-
duction on both the latent space of the HybridGNet model and the bottleneck features of the UNets.
We analyzed the LHC (Full) models, and used UMAP[19] for dimensionality reduction. Figure 2
(Left column) shows the 2D projection of images from all datasets for each model. UNet and UNet
HT clearly clusterize samples per dataset. Since JSRT images tend to have much bigger lung area than
the other datasets, we also experimented scaling all images to have the same organ’s bounding box
area, discarding the potential clustering effect associated to the lung size and not to the multi-center
intensity shift. This is shown in Figure 2 (Right column), where the clustering was completely removed
on the HybridGNet latent space, but it did not affect the UNet and UNet HT. nnUNet results could not
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Figure 2: Latent space inspection via UMAP embeddings: Different datasets are shown in
colors, allowing to see how both UNet and UNet HT models tend to clusterize images per dataset,
while HybridGNet doesn’t, explaining the improved robustness to domain-label memorization.

be obtained due to the encapsulation of the training and test framework, but are expected to behave
similarly to the naive UNet since both models share the same underlying architecture. This clustering
effect explains why memorization issues happen in UNet and UNet HT, but not in HybridGNet.

Table 1 shows quantitative results for the different training scenarios, models and test sets. In
general, we see that incorporating the Full dataset through heterogeneous labels improve performance
when compared to the Strict case, which only employs images where all annotations are available.
Performance is only evaluated for ROIs available as ground-truth in every dataset. As shown in Figure
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JSRT Padchest
Lungs Heart Lungs HeartModel Trained in

Dice HD Dice HD Dice HD Dice HD
Exp 1 0.931 47.2 0.941 31.2 0.952 37.8 0.942 31.4
Exp 2 0.970 34.0 0.910 58.2 0.953 40.5 0.935 33.7
Exp 3 0.970 34.3 0.941 32.3 0.905 56.3 0.946 31.4HybridGNet

Exp 4 0.975 32.6 0.939 31.9 0.957 38.1 0.899 69.7
Exp 1 0.968 90.3 0.937 80.0 0.960 96.9 0.928 141.9
Exp 2 0.980 57.3 0.860 340.6 0.960 69.6 0.923 116.6
Exp 3 0.979 44.0 0.941 46.7 0.932 202.0 0.931 102.7UNet HT

Exp 4 0.979 53.4 0.941 66.7 0.960 63.3 0.872 182.5
Exp 1 0.034 - 0.937 56.5 0.956 59.3 0.935 82.3
Exp 2 0.979 65.8 0.027 - 0.959 98.5 0.936 101.5
Exp 3 0.977 56.1 0.938 71.4 0.035 – 0.921 153.7UNet

Exp 4 0.980 49.0 0.944 68.4 0.961 95.0 0.039 -
Exp 1 0.000 - 0.952 30.2 0.963 43.4 0.947 31.6
Exp 2 0.980 33.4 0.000 - 0.965 38.8 0.945 37.8
Exp 3 0.979 47.4 0.948 30.1 0.000 - 0.945 31.7nnUNet

Exp 4 0.981 32.1 0.951 29.6 0.964 38.2 0.000 -

Table 2: Artificially removed labels experiment. In red: label was not present during training.
In blue: label was present during training.

1, for the heterogenous settings (LHC (Full) and LH (Full)) UNet and nnUNet drastically fail at
segmenting structures that were not present during training in the corresponding dataset. This is due
to the memorization issues and conflicting background/organ labels in different domains. This would
imply a Dice of 0 for UNet and nnUNet if ground-truth were available for evaluation.

To quantify these results, we artificially removed labels from datasets with more than one annotated
structure (JSRT and Padchest). Table 2 shows quantitative results for each model, on the same test
sets that Table 1. While naive segmentation models (UNet and nnUNet) drastically fail to segment
missing structures in the corresponding datasets (showing Dice of around 0), the methods that are
aware of heterogeneous labels (HybridGNet and UNet HT) slightly reduce their performance, but can
still recover the anatomical structure. More importantly, note that HybridGNet largely outperforms
UNet HT in terms of HD distance for the missing labels (in red), while it is competitive in terms of
Dice coefficient.
Conclusions. Here we show how HybridGNet can deal with heterogeneous labels in multi-center
scenarios, where state-of-the-art UNet and nnUNet drastically fail. Moreover, the UNet HT model
trained to be aware of heterogeneous labels by ignoring missing structures proved to be useful in
avoiding contradictory signals between missing annotations and the background. However, this is not
enough when there are contradictory signals between organs. In these cases, landmark-based models
like HybridGNet offer a simple framework which can easily handle overlapping structures, particularly
heterogeneous labels in multi-center scenarios.

4 Compliance with ethical standards
This is a numerical simulation study for which no ethical approval was required.
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Abstract

The development of successful artificial intelligence models for chest X-ray analysis relies on
large, diverse datasets with high-quality annotations. While several databases of chest X-ray im-
ages have been released, most include disease diagnosis labels but lack detailed pixel-level anatom-
ical segmentation labels. To address this gap, we introduce an extensive chest X-ray multi-center
segmentation dataset with uniform and fine-grain anatomical annotations for images coming from
six well-known publicly available databases: CANDID-PTX, ChestX-ray8, Chexpert, MIMIC-
CXR-JPG, Padchest, and VinDr-CXR, resulting in 676,803 segmentation masks. Our method-
ology utilizes the HybridGNet model to ensure consistent and high-quality segmentations across
all datasets. Rigorous validation, including expert physician evaluation and automatic quality
control, was conducted to validate the resulting masks. Additionally, we provide individualized
quality indices per mask and an overall quality estimation per dataset. This dataset serves as
a valuable resource for the broader scientific community, streamlining the development and as-
sessment of innovative methodologies in chest X-ray analysis. The CheXmask dataset is publicly
available at: https://physionet.org/content/chexmask-cxr-segmentation-data/.

Background & Summary
Chest radiography is a pivotal imaging technique used to diagnose a variety of lung diseases, including
pneumonia, tuberculosis, and lung cancer. The significant role of chest X-rays (CXR) in clinical
practice is ascribed to their non-invasive nature, relatively low cost, and rapid diagnostic potential.
However, the interpretation of these images poses a considerable challenge due to the intricate and
overlapping structures within the thoracic cavity, and the subtle manifestations of certain pathological
conditions. The high demand for chest radiography and the global shortage of radiologists accentuate
the need for efficient and reliable automated analysis systems.

In recent years, methods based on deep learning (DL) have demonstrated exceptional prowess
in interpreting medical images, rivaling and occasionally surpassing expert human performance [29,
17]. Convolutional neural networks (CNN) have been particularly instrumental in facilitating such
computer-aided diagnosis (CADx) systems [33, 25]. Nonetheless, the success of these algorithms is
closely tethered to the availability of accurately annotated data, with sufficient quantity and diversity,
to train the models.

An essential task within this framework is segmentation – the delineation of specific anatomical
structures or pathological lesions within an image. In the context of CXR, this might involve the
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demarcation of anatomical structures such as lungs or heart, or the location of disease abnormalities
[32]. Accurate and robust segmentation can serve as a precursor to other downstream tasks, for
example providing significant information about the location and size of specific organs or detected
abnormalities. However, manual segmentation is a time-consuming process, demanding substantial
expertise, and thus, does not scale well to the size of large databases required for DL model training
[31].

HybridGNet, a deep learning model for realistic organ contouring, offers a solution for the gen-
eration of anatomically plausible CXR segmentations [12, 14]. Utilizing a hybrid approach, it com-
bines conventional convolution operations for image encoding with graph generative models for the
anatomically-guided delineation of organ contours. The HybridGNet model was initially introduced
with a small CXR landmark dataset to demonstrate its efficacy. In this work, we leverage this model
to accomplish our main objective: introducing a large-scale segmentation dataset, named CheXmask,
which provides anatomical masks with their corresponding quality index, for 6 extensive chest X-ray
databases: CANDID-PTX[9], Chest x-ray8[36], Chexpert[17], MIMIC-CXR-JPG[20], Padchest[6] and
VinDr-CXR[28]. These databases collectively represent a wide variety of geographical locations, pa-
tient demographics, and disease spectra, enabling the development of a broad, diverse segmentation
dataset.

As the original databases lack manually curated ground-truth segmentations, we perform quality
control by implementing our own Reverse Classification Accuracy (RCA) framework [35]. RCA allows
to estimate the accuracy of a segmentation method for an individual image with no ground-truth (GT)
masks, which is particularly valuable for large-scale image analysis studies like ours. The fundamental
concept behind RCA involves training an auxiliary model (known as the reverse classifier) solely on
the individual image, using its predicted segmentation as pseudo-GT. This model is then evaluated
on a reference database that contains GT data to obtain a performance metric, which is expected to
correlate with the performance that would be measured for the individual image if its GT was available.
We validated this method by comparing it to traditional performance evaluation on a subset of test
images with masks manually segmented by an expert physician. Additionally, since large-public CXR
databases built from automatic analysis of electronic health records (EHR) are subject to errors both in
image selection and image annotation, we found that RCA is a useful tool to detect out-of-distribution
samples (e.g. poor-quality images). Thus, the RCA metrics for HybridGNet segmentations stand out
as a powerful quality metric to handle large databases for downstream tasks, by detecting not only
low quality segmentation masks, but also images that should be filtered out.

Our comprehensive analysis underscores the capacity of the HybridGNet model to generate high-
quality segmentations of lungs and heart structures in CXR, and presents the RCA method as a way
to use these segmentations for detection of poor-quality images in large volumes of data. CheXmask
dataset provides a key resource to the medical imaging community and represents a significant stride
towards democratizing access to diverse, large-scale segmentation datasets, thereby propelling the
advancement of automated CXR analysis research.

Methods

Data Preparation
Image datasets

In this study, we utilized six extensive CXR datasets: CANDID-PTX (available at Figshare [10]),
ChestX-ray8 (available in a dedicated website [1]), CheXpert (available in a dedicated website [2]),
MIMIC-CXR-JPG (available at PhysioNet[19]), Padchest (available in a dedicated website [5]), and
VinDr-CXR (available at PhysioNet[27]). Figure 1 provides an overview of the complete study, which
was repeated six times, one for each dataset individually. The CANDID-PTX dataset [9], which
encompasses 19,237 anonymized X-ray images, was collected at Dunedin Hospital in New Zealand
between 2010 and 2020. The ChestX-ray8 dataset [36] contains 112,120 frontal-view X-ray images
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Figure 1: Data processing flowchart depicting the main steps involved in the building of the CheXmask
dataset.

from 30,805 unique patients, annotated with text-mined fourteen disease image labels. The CheXpert
dataset [17] comprises 224,316 chest radiographs collected from Stanford Hospital between October
2002 and July 2017. The MIMIC-CXR-JPG dataset [20] includes 377,110 CXR images from 227,827
imaging studies involving 65,379 patients; these were collected at the Beth Israel Deaconess Medical
Center Emergency Department in the United States from 2011 to 2016. The Padchest dataset [6]
is composed of 160,861 images from over 67,000 patients, collected from Hospital San Juan in Spain
from 2009 to 2017. Lastly, the VinDr-CXR dataset [28] consists of 18,000 manually annotated images
gathered from two primary hospitals in Vietnam.

Inclusion-exclusion criteria

Our study incorporated only frontal images, captured in posteroanterior (PA) or anteroposterior (AP)
views (no lateral views were included). Specific selection criteria varied among the datasets due to
their differing metadata, as summarized in Figure 2.

The CANDID-PTX, ChestX-ray8, and VinDr-CXR datasets contain only frontal images, so all
images were included. We incorporated images from the Padchest dataset based on the “Projection”
metadata field, including only those labeled as PA or AP, reducing the initial count of 160,861 images
to 96,287. For the CheXpert dataset, images labeled as “Frontal” in the “Frontal/Lateral” metadata
column were included, resulting in 187,825 out of the total 224,316 images. Lastly, images from the
MIMIC-CXR-JPG dataset were included if the “ViewPosition” tag was listed as “PA” or “AP”, which
resulted in 243.334 out of the initial 377,110 images.

Image preprocessing

For compatibility with HybridGNet input format, we preprocessed images to attain a uniform size suit-
able for generating pseudo-landmark contours. The standard size of the training data was 1024x1024
pixels, obtained by padding the images to square dimensions then resizing them to the required size,
when needed.

Images from ChestX-ray8 dataset already satisfied the required dimension and format, thus re-
quiring no pre-processing. The CANDID-PTX dataset met the required image dimension in DICOM
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Figure 2: Summary diagram of inclusion-exclusion criteria.

format, so we converted images to PNG. The datasets of CheXpert, MIMIC-CXR-JPG, Padchest, and
VinDr-CXR underwent a standard pre-processing pipeline, which included padding the images to a
square shape and then resizing them to 1024x1024 pixels. Additionally, VinDr-CXR images needed
extraction from DICOM files before the pre-processing. All these pre-processing procedures are re-
versible, which allows for the preservation of the original image shapes for releasing the generated
annotations.

Data processing
Anatomically plausible segmentation via HybridGNet

The DL model HybridGNet segments organ contours by detecting the coordinates of anatomical land-
marks. Thus, it is trained to minimize the distance between the predicted landmark positions and
their GT location. The model incorporates an encoder-decoder architecture that combines standard
convolutions for image encoding and graph generative models to achieve anatomically plausible repre-
sentations. Pixel-level masks are obtained by filling in the contours defined by the landmarks predicted
by HybridGNet. A detailed description of the HybridGNet model can be found in the work of Gaggion
et al. [12, 14]. A modified training procedure was presented in a later work [13], to avoid domain
memorization issues which emerge when dealing with heterogeneous labels in multi-centric scenarios
(i.e. images from some medical centers contain only lung annotations, while others include both lung
and heart masks).

In this work, we used the modified multi-centric training procedure [13] to retrain the HybridGNet
model with the complete dataset used in prior studies (i.e., both the train and test splits of previ-
ous works). This dataset, which will be referred to as Chest-Xray-Landmark dataset, was released
previously and is available on GitHuba. The Chest-Xray-Landmark dataset is curated from a variety
of sources, providing annotations for a total of 911 images. These images are sourced from different
repositories, including the JSRT dataset [34] (available from its dedicated website [3]), a small subset
of the Padchest dataset [6] (accessible on its designated website [5]), as well as the Montgomery [7] and
Shenzhen [18] datasets (both obtainable from the NIH National Library of Medicine [4]). Please note
that the Chest-Xray-Landmark dataset does not provide the images themselves; users are required to
source the original images from their respective origins. All 911 images within this dataset contain
lung annotations and only 383 images also include heart labels. The training process incorporated var-
ious data augmentation techniques, such as random rotations, scaling, and color shifting, to enhance

ahttps://github.com/ngaggion/Chest-xray-landmark-dataset
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Figure 3: Histogram showcasing the distribution of the RCA-estimated DSC for the complete CheX-
mask database. Example images with their landmark-based segmentations were drawn with lines to
their corresponding histogram bin.

robustness and generalizability.
A fully working demo of the model used to segment the complete dataset is available on Hugging

Face Spaces at https://huggingface.co/spaces/ngaggion/Chest-x-ray-HybridGNet-Segmentation.

Reverse classification accuracy to measure segmentation quality

We employed RCA to estimate the Dice Similarity Coefficient (DSC) [8] in the absense of ground
truth. DSC is a widely used metric for assessing the similarity between two sets of binary labels.
By using RCA, it is possible to produce accurate estimations of DSC, thereby making it easier to
perform quality control in the absence of GT. The DSC quantifies the overlap between the predicted
segmentation and the GT segmentation, ranging from 0 (no overlap) to 1 (perfect overlap). It is
defined as DSC = 2TP

2TP+FP+FN , where TP , FP , and FN denote the number of true positive, false
positive, and false negative pixels, respectively.

To obtain the estimated DSC for a segmentation mask, the RCA framework consists in training a
new segmentation method using solely this image with the predicted mask as GT. This new trained
model (i.e., the reverse classifier) is then applied to segment a reference image set, with known GT
masks. The hypothesis is that the segmentation accuracy of the reverse model on the reference set
correlates to the segmentation quality of the original image: if the original segmentation of the evalu-
ated image was good, the segmentation accuracy of the reverse model on this reference set should also
be good.

In the original work, the authors experiment with three different methods for implementing the
RCA classifier: Atlas Forests, Deep Learning, and Atlas-based Label Propagation. In this case, we
used the last one, which employs a non-rigid registration technique for single-atlas label propagation,
where the single atlas corresponds to the evaluated image together with its predicted segmentation. A
summary value of the distribution of DSC across the reference set images is then used as performance
metric. We will use for these values the mean and max RCA-estimated DSC. The RCA-estimated
DSC is expected to correlate well with the real DSC that one would obtain if GT data was available.
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Figure 3 showcases the distribution of RCA-estimated DSC for the complete CheXmask dataset with
examples sampled from each bin.

The use of DL in atlas registration has shown improved performance over classic multi-atlas ap-
proaches, while also offering a significant speed-up in computation. In order to speed up the evaluation
process, we implemented a DL-based atlas registration procedure [26] as label propagation method
(that we refer as Deep RCA), which is several orders of magnitude faster than traditional registration
methods. Specifically, we divide the registration procedure into two stages: first performing rigid reg-
istration to globally align the corresponding images, and then proceeding with deformable registration
to correct local misalignments.

Data Records
The CheXmask dataset is structured as one file of comma-separated values (CVS) for each CXR
dataset. The CSV content is explained in Table 1. We do not include images or metadata from the
original datasets. We include an image ID in the first column of the CSV files, which has the same
column name as the ID column of the respective dataset, and allows to match the rows in this CSV
with the original dataset’s instances. We also include the pre-processed version of the masks, allowing
to use all datasets in the same image resolutions (please also note that CANDID-PTX and ChestX-
ray8 masks are already in the desired resolution). This database [11] is available at PhysioNet [16], in
the following repository: https://physionet.org/content/chexmask-cxr-segmentation-data/.

Table 1: Description of the columns in CheXmask CSV files.
Column Description
Image ID Contains references to the original images as per the original metadata, thus

the column name changes across dataset.
Dice RCA (Max) Provides the maximum Dice Similarity Coefficient for the Reverse Classification

Accuracy (RCA), indicating the quality of the segmentation.
Dice RCA (Mean) Provides the mean Dice Similarity Coefficient for the Reverse Classification

Accuracy (RCA), indicating the quality of the segmentation.
Landmarks Includes a set of points representing the contour of the organs, as obtained by

the HybridGNet.
Left Lung Contains segmentation masks of the left lung in run-length encoding (RLE).
Right Lung Contains segmentation masks of the right lung in RLE.
Heart Contains segmentation masks of the heart in RLE.
Height Height of the segmentation mask, necessary to decode RLE.
Width Width of the segmentation mask, necessary to decode RLE.

Technical Validation
The technical validation of the CheXmask dataset was conducted through a three-tiered approach: (1)
evaluating the quality of HybridGNet segmentations by measuring the DSC on a gold-standard subset
revised by an expert physician; (2) validating the relevance of the RCA-estimated DSC as performance
metric; (3) evaluating the quality of the masks for the six source datasets separately, by exploring their
suitability as a training GT set for the segmentation task.

1) Validation via physician annotations as gold-standard
We built a gold-standard set of masks (for images sampled from the six original datasets) labeled by an
experienced physician to evaluate the segmentation quality of CheXmask lungs and heart masks. The
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physician, counting with more than five years of experience, performed a manual revision of the right
lung, left lung and heart landmark-based segmentations. We used an open-source labeling platform
called LabelStudio to do so. The landmarks predicted by HybridGNet for a subset of images were
uploaded as predictions to LabelStudio, where the annotator corrected these predicted landmarks by
moving them to their correct specific contour positions. This guarantees that the GT masks are based
on the same collection of nodes than the evaluated masks, and reduces the time needed for annotation.
Figure 4 shows the annotation interface. We include the source code to launch this interface in our
repository, as an easy tool to perform further validations. We measured the DSC of HybridGNet’s
masks comparing with the manually-corrected landmark-annotations, and report statistics on the DSC
distribution for the six public datasets.

The sample size of the subset used as gold-standard evaluation was chosen based on the work by
El Jurdi and Colliot [21], which suggests sampling 100 images for a 4%-wide confidence interval in
segmentation tasks. We sampled 30 images per dataset, obtaining a final gold-standard set of 180
images. We combined random sampling and histogram-based sampling to ensure the presence of high
and low quality masks. For each dataset, ten images were sampled based on a 10-bins histogram of the
RCA-estimated DSC of all the dataset’s images, taking one random image per bin. Another twenty
images were then randomly selected from the whole dataset.

Figure 4: Label Studio setup for manual landmark-based segmentation

Table 2 summarizes the results of physician validation for lung and heart segmentation across the
six datasets on their 30-samples subsets. We report DSC, Hausdorff Distance (HD), and Hausdorff 95%
Distance (HD95) as evaluation metrics. HD and HD95 are distance error metrics, providing insights
into the difference between the contours of the GT masks and the predicted masks.

In terms of lung segmentation, the datasets generally exhibit high DSC values, ranging from 0.947
to 0.981. This indicates a strong overlap between the GT masks and the predicted lung masks. Among
the datasets, CANDID-PTX exhibits the highest agreement, while CheXpert has the lowest mean DSC.
CheXpert shows relatively higher HD and HD95 values compared to other datasets, suggesting a larger
discrepancy between the contours.

For heart segmentation, the DSC values range from 0.950 to 0.980, indicating a strong overlap
between the GT and predicted heart masks across all datasets. The HD and HD95 values for heart
segmentation are generally lower compared to lung segmentation, indicating a smaller distance between
the contours.

Overall, the results indicate that the segmentation models perform well in capturing the lung and
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Figure 5: Illustration of the Mean Squared Error (MSE) per landmark across the entire gold-standard
set, depicted in logarithmic scale for improved visual clarity. The color intensity of each landmark
represents the magnitude of the MSE. Moreover, the size of each landmark is proportional to its
respective MSE, thus larger landmarks indicate a greater prediction error.

heart structures. CANDID-PTX consistently demonstrates the highest agreement for both lungs and
heart, while CheXpert exhibits relatively lower agreement. These findings highlight the variations in
segmentation performance across different datasets and provide valuable insights for further improving
the accuracy of the segmentation algorithms.

Per-landmark error analysis

In addition to the segmentation metrics, we also computed the mean squared error (MSE) per land-
mark across the entire set. This measure provided deeper insights into the positional accuracy of
the landmarks predicted by HybridGNet. Interestingly, the results suggested that certain landmarks
were more prone to prediction errors than others. Specifically, we observed higher MSE values for
landmarks corresponding to the lower part of the lungs and the heart, indicating that these regions
are more difficult for the network.

Figure 5 illustrates the MSE per landmark across the whole dataset. Each landmark is color-coded
based on its respective MSE value, using a logarithmic scale for better visualization. The size of each
landmark also corresponds to the magnitude of the MSE, with larger landmarks indicating higher
errors. As can be seen in this figure, the bottom part of the lungs and the heart landmarks tend to
be larger, denoting higher prediction errors. This aligns with the observations made by the expert
physician responsible for the manual annotations, who noted that the boundaries of the heart and the
lower section of the lungs tend to exhibit more blurriness compared to the upper part.

2) Validation via RCA-estimated DSC
As previously mentioned, computing the RCA-estimated DSC requires training a rigid and deformable
registration model based on deep learning. To this end, we employed 80% of the ChestXray-Landmarks
database for training. This model was used to propagate the predicted labels from the image atlas to
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Table 2: Results of physician validation with standard deviations (n = 30 per dataset)
Lungs Heart

Dataset DSC HD HD95 DSC HD HD95
CANDID-PTX 0.981 ± 0.038 23.7 ± 43.0 11.9 ± 23.6 0.950 ± 0.111 23.6 ± 51.9 21.0 ± 46.6

CheXpert 0.947 ± 0.087 39.3 ± 57.7 27.0 ± 46.3 0.961 ± 0.083 18.0 ± 37.2 14.8 ± 30.3
ChestX-Ray8 0.961 ± 0.097 32.3 ± 63.4 18.8 ± 44.1 0.958 ± 0.133 18.6 ± 58.6 17.2 ± 55.1

MIMIC-CXR-JPG 0.965 ± 0.077 29.7 ± 51.1 15.1 ± 32.2 0.954 ± 0.101 22.9 ± 51.9 21.2 ± 47.8
Padchest 0.966 ± 0.089 23.0 ± 42.7 12.7 ± 27.5 0.980 ± 0.035 12.8 ± 24.3 10.4 ± 18.8

VinDr-CXR 0.978 ± 0.048 18.8 ± 40.1 8.9 ± 18.5 0.953 ± 0.119 21.9 ± 55.4 20.6 ± 52.6

the reference images (composed of the 5 most similar images to the atlas from the training set), and
finally compute the RCA-estimated DSC (mean and max across the 5 values).

To validate that RCA-estimated DSC accurately approximates the real DSC, we proceeded to
use simulated segmentation masks of various qualities for which we can compute the real coefficient.
To this end, we generated a set of candidate segmentations of various quality (i.e. with real DSC
ranging from low to high values), by training 12 UNet models on the same dataset but halting at
various epochs (models trained for a few epochs produced lower quality segmentations while those
trained until convergence produce better segmentations). Then, we assessed the correlation of RCA-
estimated DSC on the remaining 20%test-split of the ChestXray-Landmarks database. The Pearson
Correlation scores for the Max and Mean RCA-estimated DSC across the reference set were 0.93 and
0.94 respectively, demonstrating a strong correlation (Figure 6). We found that the RCA-estimated
value tends to slightly sub-estimate the true DSC, suggesting the performance measured with RCA
follows a conservative approach (i.e., more pessimistic than the actual true performance). We selected
the mean RCA-estimated DSC as RCA estimation metric for the following experiments since it achieved
better correlation.
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Figure 6: Correlation between the RCA values and the true DSC on the 20% test-subset of the
ChestXray-Landmarks database

Evaluation of segmentation quality through RCA

As part of the technical validation on the quality of lungs and heart masks, we report a statistical
description of the distribution of mean RCA-estimated DSC for all images in each dataset (Table 3).
The full histograms are presented in Figure 7. For all datasets, the mean RCA-estimated DSC is
higher than 0.88. As explained above, the true DSC distribution probably has a larger mean, since
the RCA-estimated DSC was found to under-estimate the performance.
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Table 3: Mean image level RCA-estimated DSC: statistical analysis
Dataset name Sample size (n) Mean Std Min 1% 5% 25% 50% 75% Max
CANDID-PTX 19235 0.853 0.031 0.573 0.756 0.795 0.837 0.858 0.875 0.920

Chestx-ray8 112120 0.841 0.044 0.148 0.691 0.764 0.823 0.850 0.869 0.925
CheXpert 187825 0.830 0.038 0.400 0.718 0.761 0.808 0.835 0.857 0.918

MIMIC-CXR-JPG 243334 0.831 0.051 0.149 0.650 0.738 0.811 0.842 0.864 0.921
Padchest 96184 0.851 0.042 0.103 0.672 0.790 0.838 0.858 0.874 0.927

VinDr-CXR 18000 0.850 0.033 0.469 0.738 0.794 0.835 0.855 0.872 0.919

Figure 7: Histograms illustrating the distribution of segmentation quality across the six datasets. Each
histogram represents the distribution of RCA (Reverse Classification Accuracy) estimations of DSC for
a specific dataset, providing a visual representation of the segmentation performance. The histograms
are truncated at 0.65 for visualization purposes. The full range of values is considered in the statistical
analysis (Table 3).

Demographic bias analysis through RCA

To explore potential biases [24, 30]in the masks quality, we conducted a detailed analysis incorporating
the metadata associated with the MIMIC-CXR-JPG, Padchest, ChestX-ray8, and CheXpert datasets.
We took into account parameters such as disease findings, the sex and age of the patients, and the
X-ray capture view (PA or AP).

Figure 8 presents histograms that clearly demonstrate a superior RCA-estimated DSC for PA
images compared to AP images across all investigated datasets. This is consistent with the fact that
PA images tend to come from hospitalized patients, who are more difficult to position in standard
views and usually include artifacts or cables that may act as confounders or occlude body parts,
making anatomical segmentation more challenging. In contrast, discrepancies based on sex were less
pronounced, with a slightly diminished segmentation quality observed in females. This is also consistent
with the fact x-ray imaging of the upper thorax women’s breasts tend to occlude the imaged organs,
resulting in poorer image contrast for the relevant anatomy [15] and making the segmentation task more
challenging. Furthermore, the influence of disease findings on segmentation quality varied amongst
datasets, with significant disparities evident in the ChestX-ray8 and CheXpert datasets.

Upon evaluating the relationship between patient age and RCA-estimated DSC in the CheXpert
dataset, no substantial patterns emerged. It is important to note, however, that all subjects are above
the age of 18. On the contrary, when analyzing results for the ChestX-ray8 dataset which includes
patients under 18, we observed lower RCA-estimated DSC for these cases. This is consistent with
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Figure 8: Histograms depicting RCA-estimated DSC distribution across diverse metadata categories,
namely imaging protocol, sex, and disease findings, supplemented by scatter plots correlating RCA-
estimated DSC and age. These visual aids elucidate the relationship between segmentation quality
and metadata categories, particularly highlighting differences associated with X-ray capture view (PA
versus AP), age and the presence of disease findings.

results reported in a previous analysis of age patterns for the HybridGNet model [14], where subjects
below the age of 18 demonstrated subpar performance due to their absence in the training set. We
hypothesize a similar trend may be affecting the sparse set of ChestX-ray8 X-rays taken for individuals
under the age of 18.

These findings underscore the importance of desaggregated analysis with respect to image acquisi-
tion protocol, disease presence and demographic attributes when understanding segmentation quality.

Out-of-distribution detection through RCA

In this section we focus on analyzing those segmentation masks which received lower RCA-estimated
DSC values. Through empirical observation, we discovered that RCA-estimated DSC values lower than
0.7 tend to be indicative of out-of-distribution cases. To exemplify this, we randomly selected a subset
of six images from each dataset with some of the lowest RCA values, which are showcased in Figure
9. By performing a manual and qualitative analysis of the lowest RCA-estimated DSC masks for each
dataset, we found a wide variety of challenging scenarios, ranging from images with high noise levels
or mislabeled lateral CXR, to an X-ray image of a mobile phone from the Padchest dataset. That is
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Table 4: Dataset-level estimation of the quality of the segmentation via retraining the HybridGNet
model from scratch.

Lungs (n = 911) Heart (n = 383)
Training Dataset DSC HD HD 95 DSC HD HD 95

CANDID-PTX 0.959 ± 0.020 36.4 ± 23.3 18.2 ± 10.5 0.919 ± 0.045 41.1 ± 22.1 36.8 ± 21.7
Chestx-ray8 0.960 ± 0.019 36.2 ± 22.7 17.7 ± 10.3 0.927 ± 0.031 39.9 ± 16.5 35.2 ± 16.3
CheXpert 0.946 ± 0.028 42.0 ± 23.5 22.9 ± 12.1 0.888 ± 0.053 58.2 ± 27.0 54.0 ± 26.4
Padchest 0.956 ± 0.028 37.7 ± 23.7 19.0 ± 12.3 0.924 ± 0.037 40.9 ± 19.6 36.6 ± 19.2

MIMIC-CXR 0.956 ± 0.020 37.5 ± 22.8 19.2 ± 10.5 0.921 ± 0.031 44.2 ± 19.9 39.6 ± 19.6
VinDr-CXR 0.959 ± 0.023 35.4 ± 23.3 17.7 ± 11.7 0.925 ± 0.035 38.4 ± 16.8 34.0 ± 16.2

20% test split Lungs (n = 181) Heart (n = 76)
HybridGNet model trained on 80% train split [13] 0.967 ± 0.017 32.5 ± 20.6 15.6 ± 10.9 0.937 ± 0.029 34.6 ± 14.8 29.4 ± 13.4

why we recommend users of the CheXmask dataset to only use segmentations whose RCA-estimated
DSC is higher than 0.7.

Table 3 can be useful to estimate the prevalence of such out-of-distribution images in each dataset.
For instance, in the CANDID-PTX and VinDr-CXR datasets, the number of out-of-distribution im-
ages is relatively low. Notably, the VinDr-CXR dataset does not include any non-posteroanterior (PA)
images, as all were manually annotated by physicians. However, the inclusion of zoomed-out images
capturing both arms, which were absent in the HybridGNet training set, leads to lower-quality seg-
mentations in those cases. In contrast, the larger datasets contain a higher number of cases mislabeled
as PA or AP in their metadata. These mislabeled images could be easily identified and discarded by
thresholding the RCA-estimated DSC, for example using the 1% or 5% quartile of a dataset as thresh-
old. This approach can help to improve the overall quality and reliability of downstream applications
developed using this datasets.

3) Validation via retraining segmentation models with CheXmask
We performed a final quality control at the dataset-level to evaluate the quality of HybridGNet seg-
mentations per dataset (not individually as we did with RCA-estimated DSC). The hypothesis is that
if the segmentations are good, they can be used as training set for a segmentation model that will
obtain high performance. Thus, we trained six new HybridGNet models, by using the set of predicted
masks of each of the six public datasets as training GT. We then evaluated model performance on
the complete ChestXray-Landmarks database. All models were trained using the same configurations
and hyperparameters as the original HybridGNet model [13]. As a comparison reference, we include
the performance metrics reported on prior studies for the 20% test split of the ChestXray-Landmarks
database which can be seen as an upper bound in performance, as this model was trained with the
training split of the ChestXray-Landmarks database.

Table 4 shows the results for lungs and heart segmentation. A slight decrease is observed in terms of
DSC, decreasing from 0.967 to 0.955 when using the segmented datasets as training set, in comparison
to the reference values. This indicates that the overall quality of the segmentations is good enough to
train models which perform well when compared with existing expert annotations.

Usage Notes
The CheXmask dataset is intended to serve as a resource for researchers working in the field of medical
imaging, particularly those interested in computational anatomy, shape understanding, CXR analysis
and image segmentation. It may be useful for a wide range of downstream applications, including deep
learning model development and evaluation, training of generative models, clinical decision support
systems, disease detection and diagnosis, and anomaly detection.

For the sake of completeness, we release segmentation masks for all images included in our study.
However, based on the qualitative and quantitative analyses presented in this paper (see section Tech-
nical Validation), our recommendation for downstream tasks is to only use segmentations whose RCA-
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Figure 9: Illustration of a random subset of images with some of the lowest RCA values from each
dataset. These images were identified as having low-quality segmentations based on their corresponding
RCA scores. The selection showcases various types of images, including those with noise, mislabeled
lateral CXR, and even non-medical objects like a mobile phone in the Padchest dataset.
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estimated DSC is higher than 0.7, to avoid including out-of-distribution images as well as low quality
masks.

A critical point to note is that this dataset does not include the original CXR images due to
proprietary and privacy considerations. Hence, researchers intending to utilize this dataset are required
to source the original images directly from the respective datasets cited in the manuscript. It is
imperative that all conditions of usage and restrictions established by the providers of these datasets
are fully respected and complied with.

The segmentation masks within this dataset are encoded using the Run-Length Encoding (RLE)
technique, a standardized method for representing binary masks in a compact manner. In order to
decode these masks back to their original binary format, researchers can use Python along with widely-
used scientific computing libraries such as NumPy and Pandas. We provide the necessary scripts for
encoding and decoding these masks to facilitate their use.

For researchers aiming to employ machine learning or deep learning techniques for analyzing this
dataset, we recommend the use of well-established libraries. In particular, the HybridGNet model, used
in this work, was developed in PyTorch. The source code for this model is made available alongside the
dataset, allowing researchers to reproduce our results, conduct comparative studies, or further refine
the methodology.

The segmentation masks are available in two formats. The first retains the original resolution as
provided by the respective imaging source. The second consists of preprocessed masks with an uniform
resolution across different imaging sources. We also provide the corresponding image preprocessing
scripts which researchers can apply to the original images, enabling the use of all datasets at the same
resolution. These scripts have been designed to replicate the preprocessing steps applied to the original
datasets, thereby facilitating the integration of all these major CXR datasets.

Limitations of Study
There are several limitations to consider in this study. Firstly, the validation of the subset of images was
performed by a single physician, which may introduce potential biases or subjective interpretations.
While efforts were made to ensure accuracy and consistency, further validation by multiple radiologists
or experts could enhance the reliability and generalizability of the findings.

The selection process focused on including only CXR images in the posteroanterior (PA) or an-
teroposterior (AP) view, aiming to ensure consistency and homogeneity. However, due to potential
inaccuracies or inconsistencies in the metadata (particulary in large-scale databases built from auto-
matic analysis of electronic health records), there is a possibility that other types of images may have
been included in the PA and AP views. Despite the utilization of the Reverse Classification Accuracy
(RCA) framework, which provides a reliable metric to detect low-quality segmentations, it is important
to acknowledge that some images that do not meet the specific PA or AP criteria may have inadver-
tently leaked into the dataset. While RCA helps identify such instances, there remains a potential
for the inclusion of non-PA or non-AP images that could impact the segmentation quality assessment.
Therefore, when working with these large datasets, it is crucial to exercise caution and acknowledge
the possibility of mislabeled or misclassified images. Further investigations and refinements in the
dataset selection process, including more robust metadata validation techniques, would be beneficial
to enhance the reliability and accuracy of the segmentation results.

Finally, it is important to highlight that, since segmentation masks released in CheXmask are
generated with HybridGNet, they tend to follow patterns of anatomical plausibility, even in presence
of complex conditions like tuberculosis, which generate different type of organ oclussions. This is
of particular importance for lung segmentation, where there are usually two ways in which masks
can be annotated, either following the ’air’ or ’anatomy’ strategy [22, 23]. While the ’air’ strategy
focus on segmenting the air cavity of the lung, excluding areas of increased opacity due to infection,
the ’anatomy’ strategy provide a comprehensive view which follows the expected anatomy, including
these opaque areas. Segmentation masks generated by HybridGNet (i.e. those in CheXmask) are more
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similar to those generated via the ’anatomy’ strategy. For a complete discussion about this, see Section
V.5) and Figure 6 in Gaggion et. al [14].

Code availability
The code associated with this study is available in our Github repositoryb. The repository encompasses
Python 3 code for various components, including data preparation, data post-processing, technical val-
idation, and the deep learning models. The data preparation section includes scripts for preprocessing
the images. The data post-processing section provides scripts for converting the segmentation masks
from run-length encoding to a binary mask format, examples of how to read the model and the neces-
sary code to revert the pre-processing steps for each dataset. The technical validation section includes
the code for the individual RCA analysis and the processing of the physician results. Additionally, the
repository includes the code for the deep learning models used for image segmentation, including the
HybridGNet model architecture, weights, training and inference scripts. The software prerequisites for
running the code are outlined in the repository’s README file.
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