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Abstract

Rusts are a significant disease in wheat cultivation, causing yield loss and
economic losses in the cereal sector. We can distinguish three rust species causing three
different diseases: leaf (or brown), yellow (or stripe) and stem (or black) rust. Until the
2019-2020 season, leaf rust was controlled since the most planted cultivars in southern
Spain had resistance genes against it, and susceptible cultivars were protected with
fungicides. A problem arose in the spring of 2020 when all durum wheat cultivars began
to become infected with a kind of leaf rust. The leaves had large pustules, different from
those of typical rust caused by P. triticina, and the teliospores sprouted rapidly after a few
days of infections. The symptoms fitted P. tritici-duri, another wheat leaf rust species
already reported in the western Mediterranean basin. This study, evaluated the severity
of leaf rust in durum wheat field trials during the 2019-20, 2020-21 and 2021-22 seasons
in Huelva, Seville, Cadiz and Coérdoba provinces. Additionally, during the spring of 2020
and 2021, isolates from individual leaf rust pustules were collected from different durum
wheat cultivars. Inoculation of the isolate into a differential set of lines showed that five
different races were present, of which two were of the P. tritici-duri subspecies. This
subspecies is not new in southern Spain. Still, in the last 25 years, it has not been observed
with such severity in almost all durum wheat cultivars (susceptible and resistant to P.
triticina). Cultivar Calero constantly resisted all races of P. tritici-duri used in this study.
Furthermore, effective mitigation of the current threat of yellow rust and the potential
threat of stem rust to wheat production in southern Spain requires the characterization of
the breeds currently present in the region. The results of this study indicated that the
primary races of yellow rust now present in southern Spain are PstS10, PstS13 and
PstS14, to which several widely planted commercial cultivars (possessing, among others,
Yr27 gene) are resistant. Stem rust does not pose a severe threat yet during the regular
wheat growing season but can be a potential biotic stress soon. The primary races were
Clade 1V-B and Clade IV-F, as in most Europe and North Africa. For this rust species,
the available resistances are always incomplete. The evaluation of differential series and
unique breeding lines with known genes in local conditions (such as Sr27 and Sr35) has
indicated the availability of several genetic options that could be wused in
breeding/selection programs to provide adequate levels of resistance to stem rust.
However, for any of the three rusts affecting wheat, in undertaking these efforts, it is
essential to consider not only the races currently present in the region but also to consider
effective resistance options against races that are being developed elsewhere and that they
could very probably reach the south of Spain soon.

The other way to control rust in wheat is through chemical control; for this, early
detection of the disease is essential. Therefore, this work studied the detection of yellow
and leaf rust using hyperspectral data. An experiment was carried out in a greenhouse,
with inoculated and non-inoculated wheat plants, with this disease. Each wheat plant was
planted in separate pots, and their spectral reflectance was measured. Data pre-processing
included standardization and the synthetic minority oversampling technique (SMOTE)
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for data balance. Four machine learning models (ANN, SVM, RF, GNB) were tested with
different SMOTE applications, focusing on accuracy and F1 score. The SVM and RF
models showed the highest accuracies, especially with SMOTE (enhanced datasets).
However, concerns were raised about real-world applications due to the use of synthetic
data. The study highlighted the mixed impact of SMOTE on the data and identified RF
and SVM as the best models for yellow and leaf rust detection, respectively. The findings
emphasize the potential of spectral data and machine learning in crop disease detection
and the need for data processing in future research. Another part of the study focuses on
an alternative method to detect rust in wheat plants early, taking advantage of 3D LIiDAR
technology to discern the impact of this disease on wheat cultivars from the moment of
its infection. Despite rust inoculation, variations in plant height and biomass were
negligible. However, notable drops in grain yield were recorded, especially in cultivars
susceptible to rust. LIDAR-derived data demonstrated a substantial correlation with
disease severity, underscoring its promise for reliable biomass assessment and early
detection of rust. The study affirms the vital role of LIDAR in precision agriculture,
offering a proactive approach to disease management and safeguarding the stability of
wheat production yields. Using new technologies for the early detection of rust in wheat
plants, the precision, and results of the F1 score have been analyzed in different models
and data sets. The data sets used can be considered comparatively small compared to other
studies; this challenge is related to the current insufficiency of the size and diversity of
the data sets in the application of plant disease classification models In addition, it is
essential to consider all possible capture conditions, symptom variations and sensors. For
these reasons, it is inevitable to have incomplete data sets and therefore the models in
their application are limited in scope. There are several alternatives to address the effects
of using incomplete data sets. One of the most common is data augmentation through
various techniques that can be combined. However, each data augmentation technique
can affect model accuracy differntly. Finding a design pattern to select the most optimal
method presents a challenge. In this study, the SMOTE algorithm is applied to varying
degrees to a small data set for a single disease with three categories. This demonstrates
how, in general, precision increases with the application of data augmentation techniques.
Regarding the data set, where the SMOTE algorithm was applied only to the training set,
the accuracy for yellow rust detection decreased, and the accuracy for leaf rust detection
increased. The classification models that achieved the highest accuracy values in this
study were SVM and RF. In the study with LIDAR sensors, the estimation of disease
severity using LIDAR reflectance intensities presents a novel method that aligns with the
growing interest in precision agriculture, and the need for timely disease management.
The findings of this study reveal that disease severity can be quantitatively assessed
through LiDAR. In conclusion, while applying LIDAR technology for severity estimation
IS promising, it is imperative to consider the variability between different wheat cultivars
and stages of disease progression. Future studies should focus on refining estimation
models and exploring integrating LIDAR data with other remote sensing modalities to
improve the accuracy and reliability of disease severity assessments.
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Resumen

Las royas son una enfermedad importante en el cultivo del trigo, generando
pérdidas de produccion y, por tanto, econdmicas, en el sector cerealista. Podemos
distinguir principalmente tres especies que causan tres enfermedades diferentes: roya de
la hoja (o parda), amarilla (o lineal) y del tallo (o negra). Hasta la temporada 2019-2020,
la roya de la hoja estaba controlada, ya que los cultivares mas sembrados en el sur de
Espafia tenian genes de resistencia contra ella, y los cultivares susceptibles estaban
protegidos con fungicidas. Pero un problema surgié en la primavera de 2020, cuando
todos los cultivares de trigo duro comenzaron a infectarse con una roya parecida a la de
la hoja. Las hojas presentaban pustulas grandes, diferentes a las de la roya de la hoja
causada por P. triticina, y las teliosporas aparecian rapidamente después de unos dias.
Los sintomas claramente encajaban con P. tritici-duri, otra especie de roya de la hoja del
trigo ya reportada en la cuenca occidental del Mediterraneo. Se evalud la severidad de la
roya de la hoja en ensayos de campo de trigo duro durante las temporadas 2019-20, 2020-
21y 2021-22 en las provincias de Huelva, Sevilla, Cadiz y Cérdoba. Ademas, durante la
primavera de 2020 y 2021, se recolectaron aislados de pustulas individuales de roya de la
hoja de diferentes cultivares de trigo duro. La inoculacion del aislado en un conjunto de
lineas diferenciales, mostrd que estaban presentes cinco razas diferentes, de las cuales dos
eran de la subespecie P. tritici-duri. Esta subespecie no es nueva en el sur de Espafia, pero
en los Gltimos 25 afios nunca se habia observado con tanta severidad en casi todos los
cultivares de trigo duro (susceptibles y resistentes a P. triticina). La mayor parte de los
cultivares presentaron una respuesta mesotética frente a esta especie de roya, que crecia
a un ritmo lento pero constante en casi todos los cultivares. Solo el cultivar Calero mostrd
una resistencia constante a las dos razas de P. tritici-duri empleadas en este estudio. Por
otra parte, la mitigacion efectiva de la amenaza actual de la roya amarilla, y la amenaza
potencial de la roya del tallo, a la produccion de trigo en el sur de Espafia, requiere la
caracterizacion de las razas actualmente presentes en la regién. Los resultados de este
estudio indicaron que las principales razas de roya amarilla actualmente presentes en el
sur de Espafia son: PstS10, PstS13 y PstS14, a los que son resistentes varios cultivares
comerciales de trigo harinero (que seguramente tengan Yr27), especie mas susceptible a
esta roya. La roya del tallo apenas esta presente durante la temporada de cultivo regular,
pero puede ser una enfermedad importante en el futuro. Se identificaron las principales
razas como Clade IV-B y Clade I1VV-F, al igual que en la mayor parte de Europa y partes
del norte de Africa. Para esta roya, las resistencias siempre son incompletas. La
evaluacion de series diferenciales y lineas de mejora especiales, con genes conocidos en
condiciones locales (como Sr27 y Sr35) ha indicado la disponibilidad de varias opciones
genéticas que podrian usarse en programas de mejoramiento/seleccion, con el fin de
proporcionar niveles efectivos de resistencia a la roya del tallo. Sin embargo, para
cualquiera de las tres royas que afectan al trigo, al emprender estos esfuerzos, es
importante considerar no s6lo las razas actualmente presentes en la regién, sino, también
considerar, opciones de resistencia efectivas contra razas que se estan desarrollando en
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otros lugares y que muy probablemente podrian llegar al sur de Espafia en un futuro
proximo.

La otra forma de controlar las royas en el trigo es mediante el control quimico; y
paraello, es imprescindible la deteccion precoz de la enfermedad. Por ello, en este trabajo
se estudid la deteccion de roya amarilla y de la hoja en el trigo, utilizando datos
hiperespectrales. Se realizd un experimento en invernadero, con plantas de trigo
inoculadas y no inoculadas, con esta enfermedad. Cada planta de trigo se sembro en
macetas separadas, y se midié la reflectancia espectral en cada una de ellas. El pre-
procesamiento de datos incluy6 la estandarizacion y la técnica de sobre muestreo de
minorias sintéticas (SMOTE), para el equilibrio de datos. Cuatro modelos de aprendizaje
automatico (ANN, SVM, RF, GNB) se probaron con diferentes aplicaciones SMOTE,
centrandose en la precision y la puntuacion F1. Los modelos SVM y RF mostraron las
mayores precisiones, especialmente con SMOTE (conjuntos de datos mejorados). Sin
embargo, surgieron preocupaciones sobre la aplicacion en el mundo real, debido al uso
de datos sintéticos. El estudio destaco el impacto mixto de SMOTE en los datos, e
identifico RF y SVM como los mejores modelos para la deteccion de la roya amarilla y
de la hoja, respectivamente. Los hallazgos enfatizan el potencial de los datos espectrales
y aprendizaje automatico en la deteccién de enfermedades de cultivos y la necesidad de
procesamiento de datos en futuras investigaciones. Otra parte del estudio se centrd en un
método alternativo para detectar de forma precoz las royas en las plantas de trigo, v es,
aprovechando la tecnologia LiDAR 3D para discernir el impacto de esta enfermedad en
los cultivares de trigo, desde el momento de su infeccidn. A pesar de la inoculacion de
roya, las variaciones en la altura de las plantas y la biomasa fueron insignificantes; sin
embargo, se registraron caidas notables en el rendimiento de granos, especialmente en
cultivares susceptibles a la roya. Los datos derivados de LiDAR demostraron una
correlacion sustancial con la gravedad de la enfermedad, lo que subraya su promesa de
una evaluacion confiable de la biomasa y una deteccion temprana de la roya. El estudio
afirma el papel vital de LIiDAR en la agricultura de precision, ofreciendo un enfoque
proactivo para el manejo de enfermedades y salvaguardando la estabilidad de los
rendimientos de las producciones de trigo. Utilizando nuevas tecnologias para la
deteccidn precoz de la roya en plantas de trigo, en el presente estudio, se han analizado la
precision y los resultados de la puntuacion F1, en diferentes modelos y conjuntos de datos.
Los conjuntos de datos utilizados pueden considerarse comparativamente pequefios a
otros estudios, este desafio, se relaciona con la insuficiencia actual del tamafio y la
diversidad de los conjuntos de datos, en la aplicacion de modelos de clasificacion de
enfermedades en plantas, ademas, es fundamental considerar todas las posibles
condiciones de captura, variaciones de sintomas y sensores. Por estas razones, es
inevitable tener conjuntos de datos incompletos y, por tanto, los modelos en su aplicacion
tienen un alcance limitado. Existen varias alternativas para abordar los efectos del uso de
conjuntos de datos incompletos. Uno de los mas comunes, es el aumento de datos a través
de diversas técnicas que se pueden combinar entre si. Sin embargo, cada técnica de
aumento de datos puede afectar la precision del modelo de una manera diferente.
Encontrar un patron de disefio para seleccionar el método 6ptimo presenta un desafio. En
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este estudio, el algoritmo SMOTE se aplica en diversos grados a un pequefio conjunto de
datos, para una sola enfermedad con tres categorias. Esto demuestra, cbmo en general, la
precision aumenta con la aplicacion de técnicas de aumento de datos. Con respecto al
conjunto de datos, donde el algoritmo SMOTE se aplico solo al conjunto de
entrenamiento, disminuyo0 la precision para la deteccion de roya amarilla, y aumento la
precision para la deteccion de roya de la hoja. Los modelos de clasificacion que
alcanzaron los valores de precision mas altos en este estudio fueron SVM y RF. En el
estudio con sensores LiDAR, la estimacion de la gravedad de la enfermedad utilizando
intensidades de reflectancia LIDAR, presenta un método novedoso que se alinea con el
creciente interés en la agricultura de precision, y la necesidad de un manejo oportuno de
las enfermedades. Los hallazgos de este estudio revelan que la gravedad de la enfermedad
se puede evaluar cuantitativamente a través de LiDAR. En conclusién, si bien la
aplicacion de la tecnologia LIDAR para la estimacion de la gravedad es prometedora, es
imperativo considerar la variabilidad entre los diferentes cultivares de trigo y las etapas
de progresion de la enfermedad. Los estudios futuros deberian centrarse en perfeccionar
los modelos de estimacion, y explorar la integracion de datos LIiDAR con otras
modalidades de deteccion remota, para mejorar la precisién y confiabilidad de las
evaluaciones de la gravedad de las enfermedades.
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Capitulo 1. Introduccion

1.1 Los cereales

Los cereales constituyen un grupo de cultivos fundamental para la agricultura. La
mayor parte de las civilizaciones han consumido un tipo de cereal especifico, creando una
cultura gastrondmica en torno a ellos. Son plantas herbaceas monocotileddneas de ciclo
vegetativo anual que comprenden varias especies, como el trigo, cebada, avena, centeno,
triticale, maiz, etc. (Lépez Bellido, 1991). Actualmente, la produccion de cereal a nivel
mundial es de 2.815 Mt (millones de toneladas) al afio (FAO, 2023). La semilla (o grano)
tiene un alto contenido en carbohidratos, y se puede conservar durante mucho tiempo.
También contienen una cantidad apreciable de un complejo de proteinas (en torno al
14%), que en el trigo y centeno forman el gluten (cuando se mezcla la harina con agua),
responsables de la esponjosidad y la textura del pan, que histéricamente ha sido el
producto mas comun obtenido del grano (Zohary et al., 2000; Abdullaeva et al., 2021).
El grano de los cereales se puede usar para la fabricacién de otros productos para
alimentacion humana y animal, y a la fabricacidn de bioetanol (Guerrero, 1999). El grano
o0 semilla esta formado por:

- Germen o embridn: 6rgano de la semilla, a partir del cual se desarrolla una nueva
planta. Esta formado por acidos grasos, enzimas, proteinas, vitaminas y minerales
(Gili, 2018).

- Endospermo: estructura harinosa que envuelve al embrion y que le proporciona
los nutrientes necesarios para la germinacion de la semilla. Se encuentra formado
por almidén y por proteinas, algunas de las cuales forman el gluten que hace
posible la panificacion (Shewry, 2009).

- Testa: capa exterior laminar que recubre al grano y proporciona nutrientes y
vitaminas (Marikkar et al., 2020).

- Cubiertas: son las capas mas exteriores (pericarpo, testa y capa de aleurona) y
tiene cierta dureza ya que protege a la semilla. Esta formada por fibras vegetales
y en la molienda constituyen el salvado (L6pez Bellido, 1991).

1.2 Eltrigo

El trigo se considera en muchos paises (Europa, norte de Africa, oeste de Asiay
parte de América), un alimento basico, debido a sus multiples nutrientes, a sus
propiedades y a la extraordinaria calidad de su harina. Desde la antigiedad, representaba
alrededor del 20% de las calorias totales consumidas por el ser humano (Liu et al., 2019).
Actualmente (campafia 2022/23), la produccién mundial es de 781 Mt al afio y la
superficie cultivada es de 220 Mha (millones de hectareas), lo que lo convierte en el tercer
cereal mas producido del mundo (detras del maiz y el arroz), y el primero en cuanto a
superficie cultivada (FAO, 2023). Esta gran superficie cultivada se debe, entre otros

23



factores, a que el trigo se adapta a condiciones climaticas muy diversas, encontrandose
cultivado en précticamente todas las regiones del planeta, a excepcién de las zonas entre
trépicos y los casquetes polares, aunque, como se puede ver en la figura 1.1, en Europa y
Asia es donde mas se cultiva (Hyles et al., 2020). Las condiciones ideales para su cultivo
son:

- Clima: temperatura minima de 3 °C y méaxima de 30 a 33 °C, siendo la
temperatura 6ptima entre 10 y 25 °C. Los requerimientos de temperatura varian
algo con el estadio de crecimiento de la planta, y también depende de los requisitos
de vernalizaciéon del cultivar (Gouis et al., 2020).

- Humedad: requiere una humedad relativa de entre el 40 y el 70 %; desde el
espigado hasta la maduracién del grano es la época que tiene mayores
requerimientos en este aspecto, ya que exige una humedad relativa entre el 50 y
el 60 % y un clima seco para su maduracion (Bahri et al., 2019).

- Agua: tiene unos requerimientos moderados de agua, ya que se puede cultivar en
zonas donde caen precipitaciones entre 250 y 2.800 mm anuales de agua, aunque
un 75% del trigo sembrado en el mundo crece entre los 400 y 1000 mm (Ahmed
etal., 2022).

- Suelo: los mejores suelos para su crecimiento deben ser sueltos, profundos,
fértiles y libres de inundaciones, y deben tener un pH entre 6,0 y 7,5. En terrenos
acidos es dificil lograr un adecuado crecimiento y produccion (Khan et al., 2019).

Oceania \\ Africa
3.4% \ [ 35%
|
/7~ Americas
15.2 %
Europe
34 %
Asia
44 %
@ Africa @ Americas Asia @ Europe @ Oceania

Figura 1.1 Produccién mundial de trigo por continentes (Reynolds y Braun, 2022).

1.2.1 El trigo harinero

El trigo harinero, Triticum aestivum L. ssp. aestivum, es una planta alohexaploide,
debido a su conformacién de 42 cromosomas repartidos en seis juegos o subgenomas

24



(AABBDD), que proceden de tres genomas de tres especies de trigos silvestres diferentes.
El trigo harinero se produjo en campos de agricultores del suroeste de la Cuenca del Mar
Caspio (actual norte de Irdn) hace unos 9.000 afios, cuando una especie de trigo
tetraploide cultivado se cruzd con una graminea silvestre local, Aegilops tauschii
(2n=2x=14; DD). El posterior cruce de gametos naturalmente no reducidos (6vulo y
polen) en meiosis dio lugar a los primeros genotipos de trigos harineros. Esta poliploidia
le confiere a la especie una gran adaptabilidad a los diferentes ambientes, sobre todo en
climas frios o secos, mayor que sus parientes tetraploides o diploides. Esta mejor
adaptacion del trigo harinero alohexaploide es debida, entre otras razones, a la plasticidad
alélica de poseer seis alelos para el mismo locus (dos por cada genoma), lo que da lugar
a numerosas combinaciones de alelos (Levy y Feldman, 2022). Constituye la mayoria del
trigo cultivado en el mundo, ya que en esta camparia 2022/23, de los 781 millones de
toneladas producidas, 743 fueron de trigo harinero, es decir un 95% del trigo mundial
(Song et al., 2023). Su grano se usa para elaborar harina, con la que se elaboran una
multitud de productos, siendo el principal el pan, pero también galletas, tartas, dulces,
crackers, etc. (Shewry, 2009).

1.2.2 El trigo duro

El trigo duro, Triticum turgidum L. subsp. durum (Desf.) Husn., es un trigo
alotetraploide (AABB), cuyo uso principal es la elaboracién de pastas, cuscus y otros
productos a través de su grano (Saini et al., 2023). A pesar de que apenas aporta un 5%
de la produccion de trigo mundial, es de elevada importancia en nuestra region, ya que el
50% de la produccién mundial de trigo duro se cultiva en la cuenca mediterranea (Chairi
et al., 2020). El trigo duro procede de la evolucion de la escanda cultivada (Triticum
turgidum L. subsp. dicoccum) (2n=2x=28), cuya seleccion de plantas con grano desnudo
dio origen a esta especie. La escanda silvestre (Triticum turgidum L. subsp. dicoccoides)
se domesticd hace unos 10.069+160 afios (segin una estimacion hecha en 2023 a partir
de datos del genoma) en el sudeste de Turquia-norte de Siria (0 norte del Levante
mediterraneo), dando lugar a la escanda cultivada, especie de trigo de grano vestido (Zhao
et al., 2023). Un factor clave para la obtencion de la escanda cultivada fue la seleccion de
plantas con un raquis mas fuerte o tenaz, que favorecia el trillado y que es debido a las
mutaciones de los genes TtBtrl-A y TtBtrl-B. Los primeros trigos tetraploides de grano
desnudo y de facil trilla (no exactamente como el trigo duro actual, pero parecidos)
surgieron hace 9.269+98 afios en el sudeste de Turquia (Zhao et al., 2023). Otra mutacion
dominante producida en locus ¢, en el cromosoma 5A, produjo plantas de cuyos granos
se soltaban facilmente de las glumas, dando lugar a plantas de grano desnudo (Faris,
2014).

Andalucia es la region de Espafia con mayor produccion de trigo duro, aportando
el 70% de la produccion del pais, y un 9% de la Union Europea. De las 320.000 hectareas
sembradas de trigo en Andalucia, 200.000 hectareas son trigo duro, frente a 120.000
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hectareas de trigo harinero, de ahi la importancia de este cultivo en la region, a pesar del
poco peso a nivel mundial (Martinez-Moreno et al., 2022).

1.3 EICIMMYT

El CIMMYT (Centro Internacional de Mejoramiento de Maiz y Trigo) surgié de
un programa piloto de investigacion cientifica patrocinado por el Gobierno de México y
la Fundacién Rockefeller en las décadas de 1940 y 1950 destinado a elevar la
productividad agricola en México (Borlaug, 2007). Norman Borlaug (1914-2009), un
mejorador estadounidense, junto con investigadores y agricultores mexicanos,
desarrollaron cultivares de trigo de tallo corto (enanas, resistentes al encamado), y que
producian méas grano que las variedades locales o criollas (figura 1.2). Después de que
fueron mejoradas y seleccionadas en diversos sitios de Méjico, se obtuvieron cultivares
que se adaptaron a diversas condiciones climaticas (Borlaug, 2007). Esos cultivares
ayudaron a Méjico a lograr su autosuficiencia en trigo a partir de la década de 1960, y sus
semillas fueron exportadas a India y a Pakistan en dicha década (como Sonora 64), que
ayudaron a salvar a la poblacion de una inminente hambruna y en poco tiempo a elevar
de manera impresionante la produccion de trigo en ambos paises. Estos hechos
produjeron la adopcion generalizada de cultivares de trigo mejorados junto con practicas
agronémicas mas intensivas (mejora de la siembra, fertilizacion, riego, proteccion de
cultivos, etc.) (Borlaug, 2007). La adopcién de estas técnicas dio lugar a la llamada
Revolucion Verde. EI CIMMYT se establecid oficialmente en 1966 como organizacion
internacional. EIl Dr. Borlaug recibié el Premio Nobel de la Paz en 1970 por su enorme
contribucion a la Revolucion Verde y a la lucha contra el hambre. Fue mejorador,
cientifico y lider de investigacion sobre trigo en el CIMMYT hasta 1979, cuando se
jubild, y posteriormente consultor del Centro hasta su fallecimiento en 2009. EI CIMMYT
se encarga de mejorar el rendimiento del trigo a nivel mundial para paises en vias de
desarrollo, donde la falta de alimentos basicos ricos en hidratos de carbono es uno de los
problemas principales de la sociedad (Borlaug, 2007).
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Figura 1.2 EI Dr. Norman Borlaug con algunos de los cultivares de porte corto creadas en el CIMMYT.

Hay cuatro factores que explican el éxito de los cultivares de la Revolucién Verde:

1. Enanismo. El encamado o caida del trigo era un accidente frecuente debido a la altura
de la planta, que se doblaba al final de su ciclo debido al viento, a la lluvia y al propio
peso de la planta. Debido al aumento de la fertilizacion quimica y a la llegada de nuevos
modelos de segadoras y cosechadoras a principios del siglo XX, el encamado pasé a ser
uno de los principales problemas del trigo. Borlaug recibié semillas del cultivar de talla
baja japonés Norin 10 (con los genes Rhtl o RhtB1b, y Rht2 o RhtD1b) y semillas del
cruce BrevorxNorin 10 del mejorador estadounidense O. Vogel (Universidad del Estado
de Washington). A partir de ellas se obtuvieron plantas con menor altura que, ademas,
tenian mayor indice de cosecha, que paso de 0,3 a 0,5. Posteriormente, se observé que los
cultivares semienanos (dos genes de enanismo), tenian un mayor rendimiento que los
enanos (solo uno). El desarrollo de cultivares semienanos sigue siendo la linea actual del
CIMMYT. Se buscan genes de enanismo que ademas tengan un coledptilo largo, como
el gen Rht18, que permite una siembra mas profunda y un mejor establecimiento del
cultivo, lo cual es ventajoso en regiones céalidas y secas (Borlaug, 2007; Yang et al.,
2015).

2. Alto potencial de rendimiento. Desde inicios del siglo XX se introdujeron diferentes
tipos de fertilizantes (como la urea) que aumentaron el rendimiento en grano del trigo.
Brevor y Gaines eran cultivares obtenidos por O. Vogel, con buena respuesta al abonado
nitrogenado. En 1953, Borlaug comienza a cruzar las lineas semienanas de BrevorxNorin
10 con variedades locales mejicanas para conseguir un nuevo tipo de trigo harinero enano
de primavera (Brevor y Norin 10 eran cultivares de invierno). Tambien eran de mayor
rendimiento debido a un mayor nimero de flores por espiguilla y del ahijado. Dos de los
mejores cultivares que surgieron de este programa fueron Sonora 64 y Lerma Rojo 64,
que tuvieron tanto éxito en México, como después en India y Pakistan. Después llegaron
todavia mejores cultivares, como Siete Cerros 66, que llegd a sembrarse en unos 7 Mha.
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Pavon 76, Anza, Seri 82, Attila o Borlaug100 han sido cultivares que han superado el
rendimiento de las anteriores. Se calcula que el rendimiento de los nuevos cultivares en
el periodo 1960-2020 se increment6 un 0.91% anual (63 kg/ha/afio) en el Valle del Yaqui
(Fisher, 2022).

3. Resistencia a las royas. La roya del tallo era una enfermedad que estaba generando
problemas en América del Norte a mediados del siglo XX (epifitias de 1935 y 1954, raza
15b). Para ello, Borlaug recurrid a cultivares resistentes de Estados Unidos como Hope
(Sr2, Sr17) y Thatcher (Sr9g, Srl12, Sr16). Los nuevos ensayos de trigo en el Valle de
Toluca (México), con un ambiente himedo, a unos 2.600 metros sobre el nivel del mar,
fueron ideales para que Borlaug evaluara resistencias a royas. Cuando la roya del tallo
empez6 a disminuir, aparecio la roya de la hoja. Para luchar contra esta otra especie de
roya, empleé el cultivar resistente brasilefio Frontana (Lr34) y el australiano Marroqui
588 (Lr46 y Lr67). Fruto de estos cruces fueron los cultivares Yaqui 50 o Bonza 55,
claramente previas a los cultivares de la Revolucién Verde, pero que contribuyeron a la
resistencia a las royas de las mismas (Borlaug, 2007).

4. Insensibilidad al fotoperiodo. Borlaug disponia de dos lugares para realizar sus
ensayos de trigos de primavera: el Valle del Yaqui, en el desierto de Sonora, y el Valle
de Toluca, en el Altiplano. Las dos zonas distaban 1.200 km y tenian un clima muy
diferente. El Valle del Yaqui tiene un clima célido y seco (siembra en diciembre),
mientras que el Valle de Toluca es himedo (siembra en junio). Borlaug sembrd dos
generaciones de trigo al afio en estos dos sitios para acelerar el proceso de seleccion de
genotipos superiores. Esta idea iba en contra de los tratados de mejora vegetal de la época,
donde se decia que la seleccion de cultivares debia efectuarse en un Gnico ambiente: el
mismo donde el agricultor fuera a sembrarlas. De hecho, tuvo enfrentamientos con G.
Harrar por esto, pero afortunadamente los ensayos de campo siguieron adelante. Como
en el Valle del Yaqui el trigo espiga a dia creciente (en primavera) y en Toluca a dia
decreciente (final de verano), se seleccionaron unos pocos genotipos que podian crecer
facilmente en estos dos ambientes, como se puede ver en la (figura 1.3). Estos individuos
eran insensibles al fotoperiodo y se podian cultivar en multitud de ambientes. La
insensibilidad al fotoperiodo es la capacidad de algunos cultivares de trigo de espigar en
condiciones variables de fotoperiodo, es decir, el espigado ocurre de forma independiente
a la duracion del dia y la noche. Esa adaptacion es debida a mutaciones naturales en los
genes de fotoperiodo (PPD1) que, en su forma natural, promueven el espigado en
fotoperiodo creciente (primavera). La insensibilidad al fotoperiodo, favorece una mejor
adaptacion de los cultivares, cuando se siembran en ambientes y/o fechas diferentes.
Desde entonces, el CIMMYT vy otras empresas aplican este método de seleccién en
condiciones diferentes (shuttle breeding) (Borlaug, 2007).
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Cd. Obregon, Mexico

27.3°N, 39 m.a.s.|

High yield (irrigated), Water-use efficiency,
Heat tolerance, Leaf rust, stem rust (not Ug99)

Toluca, Mexico
19.3°N, 2640 m.a.s.
Yellow rust

Septoria tritici
Fusarium

Njoro, Kenya
0.2°N, 2185 m.a.s.|
Stem rust (Ug99 group)
Yellow rust

Figura 1.3 Mejora en estacion (Cd. Obregdn, Sonora) y contraestacion (Toluca) (shuttle breeding) en
Méjico, realizada por el CIMMYT

1.4 Mecanismos de defensa de las plantas frente a estreses bidticos

Las plantas disponen de una amplia gama de mecanismos de defensa frente a sus
enemigos que pueden ser preexistentes al ataque o inducidos por la presencia del patégeno
(Song et al., 2020). Los podemos clasificar en cuatro grupos:

- Escape: Consiste en la falta de coincidencia entre ambos (en el tiempo o en el
espacio), en la ausencia de contacto. No suele ser un mecanismo hereditario,
aunque a veces si, como en el caso de cultivares precoces que maduren antes de
que llegue el patégeno, como ha sucedido con los cultivares de trigos de primavera
del CIMMYT frente a la roya del tallo (Soleiman et al., 2014).

- Evitacion: Esta basada en mecanismos hereditarios que reducen la probabilidad
de contacto. En ella se incluyen tanto la arquitectura de la parte aérea que reduce
la superficie de contacto con los patdgenos como los mecanismos de antixenosis
(no preferencia) de algunas plantas frente a insectos y vertebrados. Frente a
enfermedades hay menos casos. Un ejemplo ocurre en la graminea silvestre
Hordeum chilense frente a la roya de la hoja de la cebada (Puccinia hordei). Las
esporas de roya germinan normalmente sobre la superficie foliar y desarrollan el
tubo germinativo que crece buscando un estoma. Normalmente los estomas estan
situados a mayor altura respecto al plano de la superficie foliar. Este elemento es
clave para que la roya reconozca la presencia del estoma. Pero debido a la
presencia de ceras que cubren el estoma en H. chilense, el tubo germinativo de la
espora no puede localizar al estoma y formar el apresorio para penetrar dentro de
la hoja (Soleiman et al., 2014; Niks et al., 2019).
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- Tolerancia: El patégeno se multiplica en el huésped, pero los dafios son reducidos
0 inexistentes. Un cultivar puede ser muy susceptible a un patégeno, pero sufrir
dafios econdmicos muy reducidos. Tolerante es opuesto a sensible. La tolerancia
es un mecanismo de defensa frecuente frente a virus, pero menos frente a hongos
fitopatdgenos. La tolerancia se ha estudiado muy poco. Por un lado, no es tan
abundante como la resistencia, por otro lado, su evaluacion no es facil. En muchos
casos, implica medir el rendimiento en plantas con y sin enfermedad, que es un
caracter complicado y muy influenciable por el ambiente. Por ejemplo, la linea de
tomate ABL portadora del gen Ty-1 tiene tolerancia frente a un virus del rizado
amarillo. El virus esta presente en esta linea y, de hecho, su concentracion se
puede medir mediante una prueba ELISA, pero la planta no muestra practicamente
sintomas (Niks et al., 2019; Mashaheet et al., 2020).

- Resistencia: Es la capacidad de la planta de restringir el crecimiento o la
reproduccion del patdgeno una vez que ha penetrado dentro de esta. Puede haber
sintomas de la enfermedad, aungue reducidos respecto a una variedad de planta
susceptible. La inmunidad es la maxima expresion de la resistencia con ausencia
de sintomas. Resistente es opuesto a susceptible (Pazda et al., 2019).

La mayor parte de los esfuerzos de la mejora, se han dirigido a introducir
resistencias en los cultivos de mayor importancia econdmica. Por un lado, son
abundantes, suelen ser bastante completas y se pueden encontrar mecanismos de
resistencia diferentes, que se pueden combinar en un solo cultivar mediante cruzamientos
(Pazda et al., 2019).

1.5 Tipos de resistencia

1.5.1 Resistencia

Puede estar controlada por uno, varios o muchos genes. Entre la planta hospedante
y el patdgeno puede existir una reaccion de compatibilidad o incompatibilidad (Hafeez et
al., 2021). Podemos destacar dos tipos de resistencia: horizontal y vertical (Li et al.,
2019).

1.5.1.1 Resistencia vertical

La resistencia es vertical (también llamada diferencial o raza-especifica), si una
variedad del huésped responde de distinta manera a diversas razas fisiologicas del
patégeno (Vanderplank, 2012). La resistencia vertical es debida a genes mayores, por
tanto, es monogénica, y sigue la relacion gen a gen (Vanderplank, 2012). En dicha
relacion, la resistencia es producto de la interaccion del alelo de resistencia de la planta,
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con el alelo complementario de avirulencia del patdgeno. El resto de combinaciones
resulta en susceptibilidad (Flor, 1971).

La resistencia vertical, suele ser una resistencia completa, y es facil de manejar e
introducir por cruzamiento, debido a que la resistencia es debida a un solo gen (Miah et
al., 2013). Son resistencias cualitativas; si el individuo tiene el alelo de resistencia, sera
resistente, y si tiene el alelo de susceptibilidad, sera susceptible. EI ambiente influye muy
poco (alta heredabilidad) (Lamberti et al., 2015).

1.5.1.2 Resistencia horizontal

Desde hace mucho tiempo, se observaba que algunas variedades tenian
resistencias intermedias, que se llamaban ‘resistencias de campo’. Este tipo de
resistencias se corresponden con la resistencia horizontal (uniforme o raza no especifica),
si una variedad se muestra siempre resistente ante diversas razas del patdgeno (Karkman
et al., 2019). Las resistencias horizontales suelen tener un control poligénico, en la que
cada uno de los genes menores disminuye en una pequefia proporcion el desarrollo de la
enfermedad por mecanismos diferentes (Vanderplank, 2012). Son resistencias
incompletas (o débiles), por eso es también muy comun el término resistencia parcial
(Johnson et al., 2016). En las variedades con resistencia parcial, el patdgeno es capaz de
reproducirse dentro de la planta, pero lo hace de forma mas lenta, por eso son muy tipicas
las expresiones slow rusting (desarrollo lento de roya) o slow mildewing (desarrollo lento
de mildiu o de oidio). Es también un carécter cuantitativo, en el que el nivel de resistencia
depende del nimero de genes menores del individuo, y del ambiente, el cual tiene una
gran influencia (Miedaner y Korzun, 2012). Al tratarse de poligenes su manejo en mejora
es mas complejo, aunque el desarrollo de marcadores de ADN permite seleccionar los
genotipos con los genes menores que produzcan un mayor efecto en la resistencia parcial,
como ocurre con el gen Lr34, de resistencia a la roya de la hoja del trigo (Niks et al.,
2019). El gen Lr34, localizado en el cromosoma 7DS y procedente de la variedad de trigo
harinero italiana Mentana, causa un incremento notable en el periodo de latencia (periodo
de aparicion de los sintomas o pustulas). Su efecto es mas pronunciado en planta adulta
que en plantula. Se ha descrito que este gen en combinacion con otros genes mejora la
resistencia y la durabilidad. El gen Lr34 goza de enorme éxito en los programas de
mejora, siendo frecuentemente usado en mejora de trigo harinero. Otra ventaja del gen
Lr34 es que es pleiotropico, es decir que también tiene otros efectos, con los genes Yrl8,
Sr57 y Pm38 (resistencia a oidio) (Ellis et al., 2014). El gen Lr67 se identifico en la linea
pakistani P1250413. Esta en el cromosoma 4DL y su expresion fenotipica se parece
mucho a la del gen Lr34, y también tiene efecto pleiotropico frente a la roya amarilla y
del tallo (Herrera-Foessel et al., 2014; Rodriguez VVazquez et al.,2023). Otro gen similar
es el gen Sr2, que esta en el cromosoma 3B, procede de la variedad escanda rusa Yaroslav
y fue transferida al cultivar de trigo harinero de invierno Hope en 1930 (Ellis et al., 2014).
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1.5.2 Relacion gen a gen

La teoria gen por gen, propone que, por cada gen de resistencia en el hospedante,
existe un gen de virulencia complementario en el patégeno (Flor, 1956). La mayor parte
de las resistencias a hongos fitopatdgenos y a insectos en plantas son debidas a un alelo
dominante, mientras que la susceptibilidad suele ser debida a un alelo recesivo
(Legarralde et al, 2019). En el patogeno existe un gen complementario que puede ser de
virulencia o avirulencia, donde la avirulencia es debida a un alelo dominante, y la
virulencia debida a un alelo recesivo (Mendoza, 2020). La resistencia se produce cuando
interaccionan los productos de los alelos de avirulencia del patégeno y el de resistencia
de la planta, activando una reaccion que conduce a la resistencia (reaccion incompatible).
En el resto de combinaciones de genes no se produce esa reaccion, con lo que el patdgeno
seguira con el proceso de infeccion (Rodriguez Gil., 2023). Por lo tanto, una variedad que
no lleve ningin gen dominante (en general, de resistencia) seré susceptible a todas las
razas del patégeno que lleven al menos un gen de virulencia; la que lleve uno sera
resistente a todas las razas que lleven el complementario del patégeno en la forma
requerida para la avirulencia (en general, en alelo dominante) (Flor, 1971). Actualmente,
se afirma que el alelo de avirulencia del patdgeno produce un efector, es decir, una
molécula que manipulan el metabolismo de la planta huésped a favor del patdégeno
(fundamental para entender la patogénesis). Asi, un efector puede desviar el flujo de
azucares desde la célula vegetal hacia el haustorio, o cortar reacciones de defensa de la
planta. Un efector del mildiu de la patata, aislado recientemente, es un inhibidor de
proteasas. Las proteasas son enzimas que degradan proteinas y son responsables de la
resistencia de ciertas variedades de patata frente al mildiu. La planta resistente ha
aprendido a detectar este efector, mediante un receptor especifico (producto del alelo de
resistencia) y activar el sistema de defensa cuando los detecta. Si el receptor (de la planta)
reconoce al efector (del patdgeno) entonces se desencadena la resistencia. Si no hay
reconocimiento, el efector penetra en la célula vegetal y efectla su labor patogénica. En
patdégenos que forman haustorios, la relacién planta-patégeno (accion del efector y
reconocimiento o no por parte del receptor) tiene lugar en el espacio comprendido entre
la membrana de la célula vegetal y la membrana del haustorio (del patdgeno) (Niks et al.,
2019).

1.5.3 Resistencia hipersensible

Este mecanismo se desarrolla con la infeccion de un hongo biotrofo o
hemibiotrofo y es un mecanismo de defensa activa que consiste en una necrosis de las
células vegetales que se encuentran alrededor del sitio de penetracion, mientras que el
crecimiento del patogeno es frenado o retenido (Moerschbacher et al., 1990). En el caso
de las royas o mildius, dicha necrosis ocurre durante o después de la formacion del primer
haustorio (Ferreira et al., 2021). La respuesta hipersensible esta ademas asociada a la
produccion de fitoalexinas y proteinas relacionadas con la patogénesis (Lin et al., 2022).
Un ejemplo de fitoalexina es la pisatina en guisante y un ejemplo de proteinas PR son las
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quitinasas, enzimas que degradan la quitina, un componente de la pared celular de los
hongos. La respuesta hipersensible depende del gen de resistencia, y cada gen de
resistencia puede activar esta de forma méas rapida o lenta. Cuando hay una respuesta
hipersensible rapida, apenas se aprecia la necrosis de manera macroscépica y se dice que
la planta es inmune (Niks et al., 2019).

1.5.4 Raza-especificidad

La resistencia no es solo especifica entre especie de patdgeno y especie de planta,
sino también a ciertas razas de patdgenos (Sharma y Bhattarai, 2019). Estas razas donde
la resistencia es efectiva son Ilamadas avirulentas, mientras que aquellos genotipos del
patdgeno en la que no es efectiva se denominan virulentos (Nicolaides y Charmandari,
2021). Este tipo de resistencia suele corresponderse con la resistencia vertical y es debida
a genes mayores, monogénica y sigue la relacion gen a gen. Es bastante fuerte (muchas
veces completa) y facil de introducir por cruzamiento por su alta heredabilidad (Niks et
al., 2019).

1.5.5 Durabilidad de la resistencia

Es un fendmeno muy comun que las variedades que anteriormente eran resistentes
se vuelvan susceptibles (Orellana-Torrejon et al., 2022). Las resistencias pueden dejar de
funcionar debido a que el patégeno desarrolla mecanismos de adaptacién que son
consecuencia de una coevolucion entra planta y patégeno (Wulff y Krattinger, 2022). El
investigador britdnico Roy Johnson definio el concepto de durabilidad de una resistencia
de la siguiente forma: “una variedad tiene resistencia durable cuando ha permanecido
efectiva por un largo periodo de tiempo durante la cual ha sido empleada ampliamente en
un ambiente propicio para el patdgeno” (Johnson 1984). El tiempo medio de duracion de
la resistencia es variable y, a menudo, corto. Oscila entre 2 y 15 afios dependiendo de
varios factores, como el tipo de resistencia empleada o la diversidad de variedades en el
campo de cultivo. Asi, las resistencias en algunos trigos harineros frente a las royas duran
de 1 a 6 afios. Sin embargo, la resistencia en algunos cultivares de manzano frente al
pulgdn lanigero sigue siendo efectiva después de 130 afios (Niks et al., 2019; Mapuranga
et al., 2022). La resistencia vertical desparece con frecuencia cuando se siembra en
grandes extensiones un Unico cultivo y una unica variedad (monocultivo monovarietal),
ya gque cuanto mayor sea el contacto entre patdgeno y planta (o cultivo) huésped, mayor
sera la probabilidad de aparicion de nuevas razas virulentas, por lo que es aconsejable
evitar la homogeneidad genética y el contacto permanente entre ambos (Bhavani et al.,
2022). Por otro lado, la resistencia horizontal esta presente en plantas seleccionadas por
agricultores durante siglos y a causa de la naturaleza poligénica de la resistencia, no existe
peligro de pérdida subita, por lo que es la mas duradera (Niks et al., 2019).

Podemos diferenciar entre durabilidad de la resistencia vertical y horizontal (Babu
etal., 2020). La durabilidad de la resistencia vertical suele ser corta o efimera. La pérdida
de la resistencia vertical es probable en el transcurso de un reducido nimero de afios. Se
puede prolongar la durabilidad si se utilizan los genes de resistencia siguiendo un plan
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estratégico, eliminando los huéspedes alternativos y diversificando el uso de genes de
resistencia en el espacio y en el tiempo (Podgornik et al., 2021). La resistencia horizontal
(resistencia de campo) es durable y estd presente en variedades seleccionadas por los
agricultores durante siglos (Tomar et al., 2014; Otto et al., 2011). Si un patégeno
desaparece por la presencia de un buen gen de resistencia vertical, se pueden perder
sistemas poligénicos en la seleccion de lineas de un programa de mejora. Es lo que se
conoce como ‘efecto Vertifolia’, cuyo nombre deriva de un cultivar de patata con
resistencia horizontal al mildiu. Sus hojas permanecian verdes (de ahi su nombre) cuando
una nueva raza de mildiu atacé a la mayoria de cultivares de patata que tenian genes de
resistencia vertical no efectivo frente a esta raza (Martinez & Solis, 2014). Entonces, al
aparecer una nueva raza del patdgeno pueden producirse graves dafios en el huésped
(Sabouri et al.,2022).

1.6 Las royas del trigo

Existen alrededor de 7.000 especies de royas, que afectan a muchas especies de
plantas, entre ellas cultivos como ciruelo, pino, habas, café, ajos, etc. (Duplessis et al.,
2021). Existen tres especies de royas que afectan al trigo: la roya del tallo, la roya amarilla
y laroya de la hoja (Mclintosh et al., 1995). Estas han causado graves problemas a lo largo
de la historia (Mapuranga et al., 2022). Las uredosporas de roya del tallo son las més
antiguas que se han hallado y datan del 1.300 a.C. en Israel. En la antigua Roma y Grecia
también habia descripciones de royas del trigo, sobre todo roya del tallo (Roelfs et al.,
1992).

Las royas son paréasitos obligados que suelen penetrar por las estomas, siendo de
infeccion localizada, y se manifiestan en forma de pequefias pustulas pulverulentas o
uredios, en todas las partes aéreas de la planta (Hovmoller et al., 2023). De las pustulas
salen grandes cantidades de esporas (uredosporas) que aseguran la dispersion de la
enfermedad de manera rapida (Figueroa et al., 2020). La primera persona que descubrio
que la roya del trigo estaba causada por un hongo fue Felice Fontana en 1767. Sin
embargo, no fue hasta el siglo XI1X cuando se hizo distincion entre las royas del trigo
(Boa, 2021). Las tres especies de royas del trigo son:

1.6.1 Royaamarilla (o lineal)

Organismo causal: Puccinia striiformis West f. sp. tritici. Los signos de esta
enfermedad son pustulas o uredios de color amarillo-naranja, como se puede observar en
la figura 1.4, ordenadas en bandas o estrias que le dan el epiteto especifico a esta roya, y
que pueden presentarse también en la cara interna de las glumas y en las vainas (Chen et
al., 2014). Las pustulas teliosoricas constituidas por teliosporas oscuras tienen una
tendencia a ocupar el haz de las hojas también en forma de estrias, y permanecen
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recubiertas por tejidos epidérmicos durante mucho tiempo (Jin et al., 2010). Respecto a
la epidemiologia, el patdgeno sobrevive como micelio y urediniosporas en més de 18
géneros de gramineas, incluido, por supuesto, el trigo (Dammer et al., 2022). Las
infecciones primarias son producidas por las uredosporas transportadas por el viento
(Zadoks y Bouwman, 1985).

g

Figura 1.4 Plantas de trigo infectadas con roya amarilla. VVariedad muy susceptible a la izquierda vs
variedad con resistencia intermedia a la derecha.

De los tres patdgenos de las royas del trigo, la roya amarilla es la que necesita
temperaturas mas bajas para desarrollarse (Ahmad et al., 2010). Las temperaturas
minima, éptima y maxima para la infeccion con este patégeno son respectivamente, 11,
15y 23°C (Mboup et al., 2012). A menudo puede sobrevivir al invierno en forma activa
en el trigo sembrado en el otofio (Ali et al., 2022). La mayoria de los estudios
epidemioldgicos sobre esta enfermedad se han efectuado en Europa. Son clasicos los
estudios efectuados por J.C. Zadoks en la Universidad de Wageningen (Paises Bajos)
(Zadoks y Bouwman, 1985). Recientemente el Centro de Referencia Global de Royas de
Dinamarca (GRRC) coordina diferentes estudios sobre roya amarilla a nivel mundial
(GRRC, 2023).

En 2010, se descubrid que el agracejo es hospedante alterno de la roya amarilla
del trigo, cuando hasta dicha fecha se creia que no tenia ninguno hospedante (Jin et al.,
2010). Es necesario comprobar que el fenotipo de la virulencia es el mismo en ambos
hospedantes, y que se traslada de la graminea al trigo, durante el ciclo de cultivo (Roelfs
etal., 1992; Ding et al., 2021).
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1.6.2 Roya de la hoja (o parda)

Organismo causal: Puccinia triticina Eriks. Los signos de la roya de la hoja son
pustulas de color pardo-rojizo subepidérmicas, como se observa en la figura 1.5. Los
uredios o pustulas son de aproximadamente 2 mm de didmetro y contienen miles de
uredosporas producidas por reproduccion asexual o clonal (Omara et al., 2019). Se
distribuyen irregularmente en el haz o envés de la hoja, pudiendo alcanzar las espigas y
espiguillas, si la infeccion es suficientemente fuerte. Al final del ciclo del cultivo aparecen
teliosoros de color negro, dispuestos al azar en el envés de las hojas y en las vainas
(Mabrouk et al., 2019). Las pustulas se diferencian de las de la roya amarilla por su color
mas intenso y porque en este ultimo caso la distribucion es en lineas o en bandas en lugar
de al azar (Zhao et al., 2023). Las condiciones propicias para la infeccién se relacionan
con la existencia de un periodo critico, el cual involucra una combinacion de horas de
mojado y una temperatura necesaria para que ocurra la infeccion. Por lo tanto, para que
ocurra la misma, se necesitan dias luminosos con una temperatura entre 15y 22 °Cy 4
horas de rocio minimo. La transmision es por el viento, que arrastra las uredosporas a
grandes distancias, a veces cientos, e incluso miles de kilémetros (Rodriguez-Moreno et
al., 2020).

En cuanto a su ciclo, a finales de temporada aparecen soros oscuros (telios o
teliosoros). Se trata de la forma invernante, esporas bicelulares, rodeadas de una
membrana espesa (Prasad et al., 2020). Germinan en primavera, infectan a las plantas
huéspedes alternas (Thalictrum spp.), y de las pustulas de estas plantas, salen esporas que
pueden volver a infectar al cereal, completando asi su ciclo evolutivo (Ren et al., 2023).
De todas formas, el hospedante alterno tiene poca importancia para esta roya y la
propagacion clonal (uredosporas producidas en uredinios que proceden a su vez de otras
uredosporas) se hace por el viento a distancias considerables, como se han mencionado
anteriormente (Kolmer, 2013).

Figura 1.5 PUstulas de roya de la hoja en cultivar susceptible.
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Respecto a la epidemiologia de la enfermedad, la mayoria de las epifitias graves
se presentan cuando las infecciones son tempranas (Chen, 2020). Se suelen producir
epifitias y pérdidas graves cuando la hoja bandera se infecta antes de la apertura de la flor
(Yuldasheva et al., 2021). En Andalucia, las primeras pustulas de roya de la hoja
aparecen, por lo general, a finales de marzo o principios de abril, y termina cuando las
hojas mas viejas infectadas mueren (a primeros de mayo). Una combinacion de
temperaturas favorables (en torno a 20°C), un salto térmico dia-noche corto y un periodo
de rocio amplio (o presencia de niebla o lluvia suave) son condiciones adecuadas para el
desarrollo de la roya de la hoja (Martinez-Moreno y Solis, 2019; Semagn et al., 2022).
Cuando llueve durante el dia, se producen algunas infecciones, pero con frecuencia, las
temperaturas nocturnas limitan el nimero de infecciones (Leonova et al., 2020). Los
uredinios de la roya de la hoja también pueden desarrollarse en primavera, a partir de
infecciones producidas en el otofio o el invierno (inéculo endégeno). Suelen encontrarse
en la parte baja del follaje, con las infecciones mas antiguas en las hojas mas bajas
(Morgounov et al., 2020). La roya de la hoja que se desarrolla a partir del inoculo
transportado por el aire (exdgeno), cominmente se presenta en las hojas de mas arriba,
que son las primeras en ser infectadas (Kolmer y Fajolu, 2022). Sobre esta base,
generalmente se puede distinguir si el in6culo es local, o si ha sido transportado desde
grandes distancias, debido a las mutaciones espontaneas que se dan al realizar la mitosis
(Roelfs et al., 1992).

1.6.3 Roya del tallo (o negra)

Es una enfermedad causada por el hongo Puccinia graminis Pers. f. sp. tritici
Eriks. & E. Henn. Los sintomas aparecen cominmente en tallos y, en caso de ataques
severos también afecta hojas y espigas (Singh et al., 2008). Las puUstulas son mas grandes
que las de la roya amarilla y de la hoja, y al romper la epidermis, afloran masas
pulverulentas de urediniosporas de color castafio rojizo oscuro, tal como se observa en la
figura 1.6 (Patpour et al., 2022). En el haz y envés de las hojas se observan las pustulas
negras o teliosoros con teliosporas que desarrollan al final del ciclo del cultivo (Radici et
al., 2022). A diferencia de las otras royas, estos teliosoros aparecen descubiertos
tempranamente, por rotura de la epidermis; laceran los tejidos del tallo, los que pueden
tornarse quebradizos, determinando el volcado de las plantas (Singh et al., 2019). El
momento de ataque es a partir de espigado (Sanchez-Espinosa et al., 2023). Las
condiciones predisponentes son temperaturas altas (entre 20 y 30 °C) y mojado foliar de
6 a 8 horas (Omara et al., 2020). Debido a los modernos cultivares de trigos de primavera
de ciclo corto, y a que necesita una elevada temperatura, aunque se han dado ocasiones
de elevada infeccidn, aun no estd presente en Espafia de forma comun, aunque su
presencia se habia descrito a comienzos y mediados del siglo XX. Es un caso claro de
escape (Martinez-Moreno et al., 2019). La transmision, como en las otras especies de
royas del trigo, es principalmente, por las uredosporas transportadas por el viento a
grandes distancias, desde zonas con produccion de trigo mas temprana (Roelfs et al.,
1992).
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Figura 1.6 Pustulas de roya el tallo en cultivar susceptible.

1.7 Problemas causados por la roya en el trigo, y basqueda de genes
de resistencia

Las royas provocan en las plantas de trigo una perturbacion en la asimilacién de
nutrientes, y modifican el metabolismo general de la planta, acentuando notablemente la
respiracion, lo que aumenta el metabolismo y el consumo de nutrientes (Wellings, 2011).
El crecimiento de la planta resulta afectado, y baja el rendimiento de la misma, dandose
casos de pérdida casi total de la produccion en casos extremos de infeccion y condiciones
climaticas propicias (Soko et al., 2018). Otro gran problema de las royas es su facil
dispersion, ya que, gracias al facil transporte de sus esporas por el viento, pueden infectar
cultivos sembrados a kilometros de distancia (Roelfs et al., 1992). En concreto, la
produccion de trigo a nivel mundial se ve mermada en un 3,25% por la roya de la hoja,
unos 25 Mt de pérdidas anuales, un 2,08% por la roya amarilla, unos 16 Mt de pérdidas
y un 0,90% por la roya del tallo, unos 7 Mt de pérdida. La roya de la hoja es la enfermedad
gue mas merma la produccion de trigo a nivel mundial, la roya amarilla es la cuarta y la
roya del tallo, la décima (Savary et al., 2019). De aqui la importancia para buscar genes
de resistencia contra las royas, en las variedades comerciales de trigo, pudiendo ser genes
gue dotan a la variedad una resistencia completa a la roya de la hoja, como se puede
observar en la figura 1.7a, 0 genes que provocan una resistencia incompleta, como se ve
en la figura 1.7b), con la caracteristica necrosis rodeando las pustulas, tipico de las
resistencias hipersensibles (Martinez y Solis, 2019). En la figura 1.7c, el cultivar no
muestra ningun sintoma de resistencia, por lo ese cultivar no tiene ningun gen de
resistencia o en el caso de que lo tenga es completamente inefectivo para esa raza de roya.
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Figura 1.7 Tipos de resistencia de diferentes cultivares de trigo a roya parda: a, Resistencia completa; b,
Resistencia incompleta; ¢, Ningun tipo de resistencia

Tradicionalmente se buscaban genes de resistencia en el centro de origen de la
especie cultivada y especies emparentadas, por la coexistencia de huésped y parasito, pero
existen muchas excepciones (Gultyaeva et al.,, 2021). Debemos buscar genes de
resistencia en regiones de coexistencia, sean centros de origen o no, y en todo tipo de
material, desde cultivares de otros paises, variedades locales, parientes silvestres y
especies relacionadas (Riaz y Wong, 2017). Jack Harlan explicaba con este ejemplo el
potencial de los recursos fitogenéticos en la busqueda de resistencias: “En el este de
Turquia recogi un trigo que se nombré como P1178383. Es un trigo de aspecto miserable,
alto, delgado, que se encama, es susceptible a la roya de la hoja, no resiste el frio, y por
tanto dificil de vernalizar, y tiene una pésima calidad panadera. Es l6gico que nadie le
prestara atencién durante 15 afios. De repente, aparecio la roya amarilla en los estados del
noroeste (de los Estados Unidos) y P1178383 resulto ser resistente a 4 razas de roya
amarilla, a 35 razas de carbon y buena tolerancia a varias podredumbres. Las nuevas
variedades con P1178383 en sus programas de mejora estan ahorrando millones de dolares
de pérdidas cada afio”. Ese gen de resistencia a la roya amarilla era el Yrl10, que sigue
siendo eficaz frente a la mayoria de razas encontradas en el mundo. EI CIMMYT vy otros
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organismos de investigacion estan apostando por el uso de genes con efecto pleiotrépico,
es decir, que son resistentes a varias especies de royas u otras enfermedades. Son muy
escasos, aunque un ejemplo es el gen Lr37, que a su vez es Yrl7 y Sr38 (Gultyaevaet al.,
2023). Gracias a la ingenieria genética se pueden introducir genes de resistencia en
nuestro cultivo procedentes de cualquier organismo vivo (Shrawat y Armstrong, 2018).
Una idea para conseguir variedades resistentes a la roya mediante ingenieria genética
seria la construccion de cassettes multigenéticos que se disefian poniendo juntos los
fragmentos de ADN correspondientes a 5-7 genes de resistencia a una, dos o tres de las
royas del trigo. Como ejemplo, el CSIRO (Australia) ha creado un ejemplo de
multicassette donde estan los siguientes genes: Sr45, Lr67, Sr50, Sr35 y Sr22, como se
observa en la figura 1.8, que segregarian como un Gnico gen simplificando su seleccién
(Luo et al., 2021).

Actualmente todos los recursos fitogenéticos estan almacenados en bancos de
germoplasma o en otras colecciones in situ (Priyanka et al., 2021). En el caso del trigo,
se conservan miles de entradas en varios bancos de germoplasma repartidos por todo el
mundo; destacando el que posee el CIMMYT en Méjico, o el Svalvard Global Seed Vault
de Noruega (Sansaloni et al., 2020). En Espafia, tenemos el que posee el CRF (Centro
Nacional de Recursos Fitogenéticos) en la finca La Canaleja, donde la coleccién nacional
de variedades locales de trigo ha sido caracterizada fenotipica y genotipicamente (Alcalé
de Henares, Madrid) (Pascual et al., 2020).

The “Big 5” Multi-Gene Cassette

37kb
—= sas sas S
= Sr45 from Aegilops tauschii

= Lr67 (Sr55) from Triticum aestivum
“ Sr50 from Secale cereale
= Sr35 from Triticum monococcum

= Sr22 from Triticum boeoticum

Multi-gene cassettes increase durability of resistance
and segregate as a single locus simplifying breeding

<
Sicily race (TTRTF) had confimed virulence for 23 Sr genes (IT 3 or higher)
Sr5, Sr6, Sr7a, Sr7b, Sr8a, Sr9a, Sr9b, Sr9d, Sr9e, Sr9g, Sr10, Sr11, Sr13b, Sr17, Sr21, Sr35, Sr36, Sr37, Sr33,
Srd44, Sr45, Srimp, and SriMcN.
Sr50 Big “S” pustules observed on lines carrying Sr50 in Kenya in 2019 Ug99+5r50 virulence ???

Sr22 — Virulence in Georgia, Egypt (2017 TKPTF), Kazakhstan, Germany (TKTTF) %E C IMM Y T

Figura 1.8 Cassette de cinco genes de resistencia a roya del tallo que esta investigando el CSIRO
(Australia) para introducirlo en sus nuevas lineas avanzadas (Luo et al., 2021).
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1.8 Formas de control de las royas en trigo

Una de las formas més efectivas para el control de las tres royas del trigo es la
resistencia genética (Niks et al., 2019). Proteger los trigos frente a las royas es uno de los
objetivos principales de las empresas de mejora y de organismos internacionales de
mejora como el CIMMYT. En sus ensayos, se ha comprobado que, si ataca con virulencia,
y en condiciones climéticas favorables, estas pueden llegar a mermar casi el 100% de la
produccion, y superar el 50% de merma, en bastantes ocasiones (Roelfs et al., 1992;
Herrera-Foessel, et al., 2007).

La mayor parte de las resistencias a las royas provenian de un solo gen, es decir
resistencia monogenica; pero el desarrollo continuo de razas virulentas como Ug99 en
1999, en roya del tallo, BBG/BN en roya de la hoja de trigo duro en 2001, o la raza
Warrior en 2010, en roya amarilla (que provocaban la pérdida de mas del 50% del
material vegetal de una empresa de mejora por susceptibilidad), ha hecho replantearse el
problema (Huerta-Espino et al., 2022). Es entonces cuando se plante6 introducir varios
genes de resistencia para cada variedad, incluyendo genes de resistencia parcial u
horizontal (Singh et al., 2011). Por ejemplo, cuando en 2008, (en Méjico), una raza de
roya de la hoja mut6é y afect6 al cultivar de trigo duro Jupare, que tenia los genes
Lr27+Lr31, solo se perdié un 20% de las lineas del programa de mejora de trigos duros
del CIMMYT por su susceptibilidad a roya de la hoja, porque hubo varias lineas
independientes de mejora con genes de resistencia distintos (Huerta-Espino et al., 2009).
Durante 2017 hubo otra mutacién de la roya de la hoja en Méjico que generd una
virulencia que afect6 a la variedad Cirno C2008 que tiene el gen LrCam. Sin embargo,
solo se perdi6 un 5% de las lineas avanzadas del programa de trigo duro del CIMMYT
(Huerta-Espino et al., 2023). Estos hechos, recalcan la importancia de sacar variedades
con resistencia poligénica, y con genes de resistencia diferentes entre unas variedades y
otras (Singh y Bowden, 2011). Por ello, actualmente se estan empleando genes de
resistencia horizontal o parcial como los genes Lr34, Lr46, Lr67 o Lr68 para roya de la
hoja; Sr2 para roya del tallo e Yrl18 para la roya amarilla. Estos genes siguen siendo
efectivos frente a las otras royas (efecto pleiotrépico), por lo que son todavia mas
deseables (Ellis et al., 2014; Bhavani et al., 2019).

Una forma de facilitar la introduccién de diferentes genes de resistencia (0
piramidacion), en las diferentes variedades, es mediante la ayuda de marcadores
moleculares. Todos los genes de resistencia de interés llevan asociado uno o varios
marcadores de ADN, que permiten la identificacion de los individuos que porten ese gen
(Gupta et al., 2006). De esta forma, es relativamente facil la introduccion de dichos genes
de resistencia, prolongando el periodo de resistencia a la roya durante varios afios (Haider
et al., 2023). Un gen muy importante para trigo duro, en roya de la hoja, era Lr14a, pero
dicho gen fue vencido en Espafia por una nueva raza en 2013 (Soleiman et al., 2016). Los
estudios genéticos son muy costosos, pero necesarios a la hora de desarrollar y comprobar
los genes de resistencia efectivos para la roya. Se necesita unos 3-4 afios entre desarrollo
de poblaciones, evaluacion, mapa genético, etc., para descubrir y caracterizar los genes
de resistencia a las royas del trigo (YYadav et al., 2022).
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La roya amarilla, histéricamente, afectaba mas a trigo harinero que a trigo duro
(Martinez-Moreno y Solis, 2019). No obstante, en los Gltimos afios, ha afectado a varios
cultivares de trigo duro. En realidad, siempre han sido susceptibles a roya amarilla, pero
esta roya solia aparecer en zonas mas frias donde se cultivaba principalmente trigo
harinero facultativo o de invierno, pero ultimamente existen razas de roya amarilla que
se adaptan mejor a zonas mas calidas, donde se cultiva trigo duro, de ahi la infeccion de
estos (Chen et al., 2014). Por tanto, debemos de explorar material nuevo, como el que
tiene CIMMYT para combatirla con efectividad (Lin et al., 2018). Un dato a tener en
cuenta es que, de 2014 a 2016, con la aparicion de una nueva raza de roya amarilla, se
pasd de un 99% a un 85% de variedades resistentes, en el material avanzado de trigo duro
del CIMMYT (Lin et al., 2018). Este hecho, nos alerta del problema potencial que puede
suponer la roya amarilla en trigos duros.

Otra roya, que puede suponer un problema en el futuro cercano en Espafia, es la
roya del tallo (Patpour et al., 2022). Esta en expansion en muchos lugares del mundo,
como Turquia o en el este de Africa, y con razas diferentes muy agresivas como la raza
siciliana o la familia de la Ug99 (Salcedo et al., 2017; Patpour et al., 2022). En Espafia,
cada vez es mas frecuente, sobre todo, en la provincia de Cadiz (Olivera et al., 2022).

Es muy importante, determinar la herencia y la base genética de la resistencia
(Niks et al., 2019). Estos estudios ya estan en curso en el CIMMYT, y los avances de
mejora de resistencia a la roya estan avanzando a pasos agigantados, gracias, en parte, al
apoyo econdmico de muchas instituciones (Huerta-Espino et al., 2023). Pero cuando la
resistencia genética no es suficiente, bien por una nueva raza muy virulenta de la que no
se disponen aun genes de resistencia, o bien porque las condiciones climaticas son
excesivamente favorables para la aparicion de la roya, por ejemplo, en fincas con riego
de apoyo; la alternativa es el control quimico, y la importancia de una deteccién precoz
de la enfermedad es fundamental para atajar el problema desde su inicio (Khosrokhani y
Nasr, 2022). Es por ello que el uso de nuevas tecnologias como la teledeteccion o remote
sensing esta jugando un papel muy importante en los Ultimos afios como alternativa a la
deteccidn visual por parte del técnico (Khanal et al., 2020).

1.9 Introduccion general al uso de sensores remotos para la deteccion
de enfermedades en trigo

La deteccion remota se basa en el principio de que siempre existe una interaccion
entre la radiacion electromagnética (luz) y un objeto (Taddia et al., 2015). Los objetos
absorben, reflejan, dispersan, transmiten o refractan la radiacion. Los objetos reflejan la
radiacion que puede ser captada por diferentes tipos de sensores (Sadeghipoor, 2015).
Este tipo de sensores detectan las longitudes de onda reflejadas y los ordenadores las
transforman en datos (Weiss et al., 2020). Esto hace posible recopilar informacién mas
alla de las imagenes. Principalmente se pueden subdividir en dos tipos de sensores:
pasivos y activos (Amiridis et al., 2009).
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- Sensores pasivos: registra la energia natural que se refleja o emite desde la
superficie de la Tierra. La fuente de radiacion mas comun detectada por sensores
pasivos es la luz solar reflejada. Un ejemplo de sensor pasivo es una camara con
el flash apagado (Rasti et al., 2021).

- Sensores activos: proporcionan su propia fuente de energia, como un laser o
radiacion electromagnética de microondas, para iluminar los objetos que
observan. Un sensor activo puede funcionar dia y noche emitiendo radiacion en
la direccion del objetivo que se va a investigar. Un ejemplo de sensor activo es
una camara con el flash encendido (Zhu et al., 2018).

En parte, la gran utilidad de estos sensores remotos, algunos de ellos observados
en la figura 1.9, es debido a que no son estéticos, y se pueden implementar en drones,
aviones y otro tipo de plataformas tanto aéreas como terrestres, cubriendo gran superficie
en poco tiempo, ahorrando tiempo y esfuerzo a los técnicos (Dabove et al., 2014).
Ademas, pueden ir varios tipos diferentes de sensores remotos montados en una misma
méaquina, lo que hace que puedan trabajar de forma complementaria (Meivel y
Maheswari, 2021).

Vector Hand-held Sensor Autonomous Tractor-based Phenotyping  Field scanning platforms Unmanned Dirigible/ Spectral satellite
Network  Ground Vehicle tower aerial vehicle fixed wing imaging

Scale Plant / Plant / Plant / plot Plant / plot Plant /plot / Plant /plot / field Plot / field Plot / field Field / field network
plot plot field

Lean Field v v v v

Intensive Field v v v v

Figura 1.9 Sensores remotos. Descripcién general de las plataformas de fenotipado de campo. Los
enfoques de fenotipado operan en una variedad de escalas fisicas (Shakoor et al., 2017).

1.10 Deteccion de roya en trigo utilizando sensores remotos

La pérdida de produccién de trigo inducida por las royas es enorme cada afio a
nivel mundial (un 6,2% de la produccion mundial) (Savary et al., 2019; Kiani et al., 2021).
La deteccion temprana de la roya del trigo mejoraria el rendimiento del trigo y sus
caracteristicas de calidad (Khosrokhani y Nasr, 2022).
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Actualmente, los métodos utilizados para la deteccion de esta enfermedad son las
observaciones visuales de los sintomas en la planta, complementandose con el uso de
escalas o claves pictograficas, que relacionan diferentes grados de severidad con el
porcentaje del tejido ocupado por las pustulas que provoca la roya en las hojas (Sauceda-
Acosta et al., 2015). La evaluacion visual de los sintomas es el método mas utilizado
debido a su sencillez, rapidez y bajo costo (Navarro y Arauz, 1999), pero tiene
limitaciones en cuanto a repetitividad, confiabilidad y precision (Bade y Carmona, 2011).
Debido a estas limitaciones, en los ultimos afios se han ido desarrollando numerosos
trabajos basados en el uso de la teledeteccion, como fuente de obtencion de datos, con el
objetivo de analizar la informacidén obtenida y elaborar modelos de prediccion que
permitan conocer, de manera anticipada, la produccion esperada o la incidencia de una
enfermedad en el cultivo, gracias a que son capaces de obtener informacion del cultivo a
distancia y de manera no destructiva (Araus, 2014; Jing et al., 2022). Un ejemplo, es la
plataforma de deteccion de enfermedades (principalmente royas), con sensor LiDAR
incorporado, que se muestra en la figura 1.10. Utilizada en los ensayos de la empresa
Agrovegetal, en la localidad de Escacena del Campo (Huelva) (Pérez-Ruiz et al., 2020).

Estas tecnologias han sido objeto de estudio con el fin de ayudar en la toma de
decisiones, evaluar el estado sanitario del cultivo, las etapas de crecimiento o las
necesidades nutricionales, asi como elaborar modelos de prediccion que permitan conocer
la produccién y el rendimiento esperado o la deteccion temprana de una enfermedad
(Ruan et al., 2022). Para este ultimo caso, estas tecnologias resultan esenciales, ya que
tienen potencial para detectar la enfermedad antes de que aparezcan los sintomas visuales
en el cultivo (Thirugnana et al., 2022). Esa prediccién temprana permite un manejo
Optimo de la enfermedad, ya que cuando se visualizan los sintomas, el dafio al cultivo ya
se ha producido (Balasundram, 2019).
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1.11 Sensores LIiDAR

1.11.1 Fundamentos de los sensores LiDAR

El LIDAR (Deteccion y Medicion de Distancias por Luz) es una técnica avanzada
de teledeteccion Optica, que emplea luz laser para obtener una muestra densa y detallada
de la superficie terrestre, resultando en mediciones exactas en las coordenadas x, v, z
(Bates et al., 2021). LiDAR genera conjuntos de datos masivos de nubes de puntos, los
cuales pueden ser gestionados, visualizados, analizados y compartidos eficientemente
(Heinzler et al., 2019). Este sensor Optico activo emite rayos laser hacia un objetivo,
mientras se desplaza a lo largo de rutas topograficas predeterminadas (Lee et al., 2020).
Los receptores situados en el sensor captan el reflejo del laser en el objetivo y proceden
a su andlisis (Bates et al., 2021). Estos receptores registran con precision el tiempo
transcurrido desde la emision del pulso l&ser hasta su retorno, lo que permite calcular la
distancia exacta entre el sensor y el objetivo (Guo et al., 2019). Al combinar esta
informacién con los datos posicionales proporcionados por el GPS (Sistema de
Posicionamiento Global) y el INS (Sistema de Navegacién por Inercia), las medidas de
distancia se convierten en coordenadas tridimensionales precisas del objeto reflectante en
el espacio (Patoliya et al., 2022).

Los componentes de hardware principales de un sistema Lidar incluyen un
vehiculo de recoleccion (avién, helicoptero, dron, plataforma de fenotipado, etc.), sistema
de escaner laser, GPS e INS (Ramezani et al 2020). Un sistema INS mide la rotacion,
inclinacion y encabezamiento del sistema LiDAR. Los datos, (que son nubes de puntos),
se procesan posteriormente después de que la recopilacion de los mismos se reconozca
dentro de las coordenadas X, Y, z, georreferenciadas con alta precisién al analizar el rango
de tiempo laser, angulo de escaneo laser, posicion del GPS e informacién del INS
(Patoliya et al., 2019).

1.11.2 Uso de sensor LIDAR en agricultura y deteccién de enfermedades

En agricultura, los sensores laser, donde se encuentran los sensores LIiDAR, son
ejemplos de tecnologias intensivas en informacion, que se utilizan para adquirir rasgos
fenotipicos de la estructura de las plantas, siendo una alternativa muy utilizada en
agricultura de precision, como podemos observar en la figura 1.11 (Jiménez-Berni et al.,
2018). Los sistemas LIDAR tienen muchas aplicaciones importantes en este contexto, que
van desde la reconstruccion 3D de cultivos (Martinez-Guanter et al., 2017), pasando por
la navegacién asistida de vehiculos agricolas.
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Figura 1.11 Uso de sensores LIDAR, reconstruccion 3D de parcelas de trigo, (a) parcelas como mala
nacencia, (b) parcelas con muy buena nacencia, y (c) parcelas con buena nacencia, pero con ‘calvas’
internas (Jiménez-Berni et al., 2018).

La tecnologia LiDAR es vital para la teledeteccion de enfermedades en los
cultivos, ya que ayuda a su deteccion temprana, la gestion de recursos y las practicas
respetuosas con el medio ambiente (Abdullah et al., 2023). Los avances recientes en la
tecnologia de teledeteccion y el procesamiento de datos han convertido a los sensores
LiDAR, instalados en vehiculos aéreos o terrestres no tripulados, en herramientas valiosas
para obtener datos detallados sobre enfermedades de las plantas con alta resolucion
espacial, temporal y espectral (Kouadio et al., 2023). Ejemplos de ellos son la deteccién
de Xylella fastidiosa en olivar (Cubero et al., 2019), o la deteccion de Botrytis cinerea en
el cultivo de la fresa (Bélanger et al., 2011).

1.12 Sensores espectrales

1.12.1 Sensores espectrales

Los sensores espectrales representan una herramienta vital en la captura y anélisis
de informacion del espectro electromagnético, teniendo aplicaciones en una diversidad
de campos que van desde la observacion terrestre y la investigacion cientifica hasta la
industria y la medicina (Liu et al., 2020), y también, sirven para detectar enfermedades
foliares en superficies foliares. Estos dispositivos estan disefiados para ser sensibles a
longitudes de onda especificas, permitiéndoles registrar detalles precisos sobre un objeto
o fendmeno en estudio (Sagan et al., 2020). Su capacidad para detectar energia
electromagnética en diferentes partes del espectro, incluyendo las regiones ultravioleta,
visible e infrarroja, los hace indispensables en la teledeteccion (Bian et al., 2022). Aqui,
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sensores montados en satélites o aviones capturan la luz reflejada o emitida por la Tierra
para estudiar y analizar sus caracteristicas. Ademas, su utilidad se extiende a laboratorios
para el andlisis de materiales, en la medicina, para técnicas de diagnostico por imagen y
en la industria, para el control de calidad (Castro-Valdecantos et al., 2022).

En el contexto de la agricultura y la deteccion de enfermedades, los indices
espectrales emergen como una herramienta clave para la interpretacion de los datos
capturados por los sensores espectrales (Pérez-Ruiz et al., 2020). En este sentido,
numerosos investigadores han estudiado varios indices espectrales de vegetacion, los
cuales estdn compuestos por una combinacion de bandas espectrales registradas por un
sensor, para detectar diferentes enfermedades y estreses en plantas y arboles (Castro-
Valdecantos et al., 2022). Cada banda espectral esta caracterizada por una longitud de
onda, pudiendo estas agruparse en regiones espectrales (Apolo-Apolo et al., 2020). El
rango (rango espectral), es el intervalo de longitudes de onda que debe tener la luz para
ser procesada por un sensor; cuanto mas alto sea el valor, mas clara y detallada sera la
fuente de la imagen (Apolo-Apolo et al., 2020).

Para determinar estos indices espectrales de vegetacion, se debe determinar la
reflectancia obtenida para cada longitud de onda (Egea et al., 2017). La reflectancia de
una superficie se define fisicamente como el cociente entre la radiacion reflejada y la
potencia total recibida por la misma, al ser siempre la radiacion reflejada menor que la
recibida, la reflectancia tendra valores comprendidos entre 0 y 1 (Chacon-Iznaga et., al
2019). La representacion de la reflectancia para cada longitud de onda da lugar a la firma
espectral o curva de reflectancia espectral (Bagnato et al., 2012).

1.12.2 Sensores hiperespectrales

1.12.2.1 Firma espectral

Cada tipo de superficie interacta con la radiacion solar de manera diferente,
absorbiendo unas longitudes de onda muy concretas y reflejando otras diferentes en unas
proporciones determinadas (Ferreira et al., 2020). Esta caracteristica hace posible que se
puedan identificar los distintos objetos: suelo, vegetacion, aguas, etc., ya que, mediante
experimentos en laboratorio, se ha podido caracterizar el comportamiento de estas
distintas superficies al recibir radiacion, y cuantificar los porcentajes de reflexion,
absorcion y transmision. A este comportamiento concreto de cada tipo de objeto es a lo
que se llama firma espectral (Ochsendorf et al., 2011). Cuando hay alteraciones en el
sistema, por ejemplo, la irrupcién de una enfermedad foliar, como es la roya, la firma
espectral varia entre plantas sanas y plantas infectadas, y también entre plantas resistentes
y susceptibles, como podemos ver en la figura 1.12 (Apolo-Apolo et al., 2019).
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Figura 1.12 Valores medios de reflectancia y desviacion estandar en plantas de trigo harinero, inoculadas

y no inoculadas con roya amarilla. Azul (no inoculadas), verde (variedades susceptibles) y naranja
(variedades resistentes) (Apolo-Apolo et al., 2019).

1.12.2.2 Camaras hiperespectrales y espectroradiémetros

Las camaras hiperespectrales son un tipo de camaras que generan imagenes con
mucha mas informacion que otro tipo de dispositivos de captura. Estan equipadas con una
serie de sensores capaces de percibir centenares de longitudes de onda, dentro y fuera del
espectro visible y, como consecuencia, la imagen lograda es mucho mas precisa
(Camacho Velasco et al., 2016). En su origen, estas caAmaras se utilizaban en satélites y
aviones para caracterizar la superficie de la tierra, pero hoy en dia, su uso se ha extendido
y popularizado en otros sectores, como la agricultura (Camacho Velasco et al., 2016). En
la figura 1.13, podemos ver de forma esquematica y resumida, como funcionan este tipo
de camaras y como analizan hojas de trigo infectadas con roya (Yao et al., 2019).
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Figura 1.13 Funcionamiento de las cAmaras hiperespectrales, analizando hojas de trigo infectadas con roya
(Yao etal., 2019).

Por cada pixel de una imagen, una camara hiperespectral recopila el espectro de
radiacion electromagnética en cientos de bandas estrechas de longitud de onda (Pérez-
Ruiz et al., 2011). Como cada banda puede tener menos de 10 nm de ancho, el espectro
parece ser continuo (Appeltans et al., 2021). El rango del espectro se extiende desde el
ultravioleta (350nm) hasta el infrarrojo (2500nm), y diferentes técnicas hiperespectrales
y/o sensores operan solo en ciertas partes del mismo (Appeltans et al., 2021). Para tener
una idea del amplio espectro que tienen las camaras hiperespectrales, la region del
espectro visible estd comprendida entre 400 y 700nm, y la region del infrarojo cercano
NIR, entre 700 y 1100nm (Xu et al., 2021).

Un espectroradiometro es un dispositivo para medir la radiacion espectral o
irradiacion a través de varios rangos espectrales (la radiacion espectral de un espectro de
longitud de onda que se mide en Vatios por metro cuadrado por nandémetro
(W-m—2-nm—1)) (Gonzalez-Morales et al., 2020). Los equipos espectroradidmetros
poseen un sistema de medicion Optica objetiva, capaz de medir luz desde
aproximadamente 380 a 780nm (Soylak et al.,2020).
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1.13 Deteccion de roya en trigo utilizando informacion espectral

Los sintomas de la enfermedad producen una alteracion en la composicion de los
pigmentos Yy la estructura de la planta. Algunos trabajos como el realizado por Oehler et
al. (2008), demuestran que el contenido en pigmentos como la clorofila, siguen una
tendencia decreciente a medida que aumenta la severidad de la enfermedad. De igual
manera se muestra la modificacion que sufre en su respuesta espectral los carotenos al
depender de la concentracion de clorofila, de manera que el incremento en la respuesta
espectral de los carotenos indica una reduccién en la concentracion de clorofila
(Khosrokhani et al., 2022).

Este cambio en la proporcion de los pigmentos va acentuandose con el tiempo y
se ve reflejado en la firma espectral del tejido, lo que constituye la base para una deteccion
eficaz de la enfermedad. Asi mismo, existen determinadas regiones espectrales cuya
reflectancia es mas sensible a estas variaciones (Devadas et al., 2009).

En los ultimos afios, se han realizado numerosos analisis para comprobar la
efectividad de diferentes indices espectrales de vegetacion, en la deteccidn especifica de
la roya en el cultivo del trigo, asi como la diferenciacion entre diferentes tipos de royas,
basandose en los cambios producidos en el equilibrio de la composicion de los pigmentos.
Algunos trabajos, como el realizado por Devadas et al. (2009) o por Zheng et al. (2019),
han puesto de manifiesto la capacidad de algunos indices, como el indice de reflectancia
de antocianina (ARI), para discriminar entre hojas sanas de enfermas por roya, en una
etapa de crecimiento medio-tardio, el indice de absorcion de clorofila transformada en
reflectancia (TCARI), para detectar roya de la hoja, o el indice de radiacion fotosintética
(PRI), para etapas de crecimiento tempranas-medias (Furbank et al., 2021). Sin embargo,
hasta el momento, ningun indice espectral ha logrado diferenciar entre los diferentes tipos
de roya del trigo, ya sea en una etapa temprana o tardia, aunque se ha determinado que
los cambios en la combinacion de pigmentos con el desarrollo de los sintomas y la
degradacidn de la clorofila podria ser clave (Zheng et al., 2019). Ademas, al trabajar en
condiciones de campo, una fuerte influencia de otros pardmetros como el estado
nutricional y fisiologico de la planta que, a su vez, puede verse influenciado por la
fertilidad y humedad del suelo, la fecha de siembra o la densidad de plantacion, pueden
afectar a los datos (Furbank et al., 2011). Debido a la fuerte influencia del entorno, surge
el requerimiento adicional de desarrollar modelos de prediccion especificos para entornos
locales que se adapten a sus condiciones (Apolo-Apolo et al., 2020).

A pesar de estas dificultades, trabajos como el realizado por Ashourloo et al.
(2014) han logrado formular un indice de severidad de la enfermedad de la roya de la hoja
(LRDSI), obteniendo precisiones en la estimacién de la gravedad de la enfermedad
superiores al 85%. No obstante, dicho indice sigue presentando limitaciones para estimar
la enfermedad en los sintomas iniciales por su similitud espectral, entre areas afectadas y
areas sanas (Mapuranga et al., 2022).

Los indices espectrales constituyen el elemento base para muchas aplicaciones de
la teledeteccion en el manejo de cultivos, esto es debido a que estan relacionados con
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variables bioquimicas y biofisicas de los cultivos (Martinez-Guanter er al., 2019). El
contenido de pigmentos y el cambio en la estructura de la planta provocados por la
enfermedad son parametros Utiles para su deteccién, por lo que gran parte de los indices
a calcular seran especificos para un pigmento o estaran relacionados directamente con
parametros fisiologicos (Apolo-Apolo et al., 2019). Asi mismo, se han incluido también
indices especificos para la deteccion de roya (LRDSI) (Paz Pellat et al., 2015). Como por
ejemplo el indicado por (Yao et al., 2019), que se indica en la figura 1.14, que consiste
en la distribucion de la clorofila en hojas de trigo durante los dias posteriores a la
inoculacion de las plantas con roya.

B1 B2 B3

A1(3 dpi) A2(6 dpi) A3(9 dpi) A4(12 dpi) A5(15 dpi)

Figura 1.14 Distribucién de clorofila en hojas de trigo durante los diferentes dias posteriores a la
inoculacidn (Yao et al., 2019).
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1.14 Uso practico para técnicos y agricultores

La roya (de la hoja, amarilla o del tallo), es una enfermedad fingica que se
empieza a desarrollar en rodales de enfermedad, y poco a poco comienza a infectar toda
la finca y colindantes (Zhang et al., 2019).

Gracias al desarrollo de estas herramientas, incorporadas en drones, como el que
se observa en la figura 1.15a, realizando vuelos periddicos sobre grandes extensiones de
cultivo, se puede detectar en campo la enfermedad en su inicio, mucho antes de que el
técnico la pueda observar a simple vista (cuando salen las pustulas visibles, la enfermedad
ya estd desarrollada) (Pérez-Ruiz et al., 2018). Esto permite que los técnicos puedan
actuar con rapidez y con precision, ya que solo seria necesario realizar tratamientos
fangicos en los pequefios rodales donde se esté iniciando la enfermedad, ahorrando asi
tiempo y dinero (Chavarro et al., 2023). Esta herramienta es una mas, dentro del amplio
mundo que nos abre la monitorizacion y digitalizacion de las parcelas (figura 1.15b) y
(figura 1.15c¢), haciendo los cultivos mas rentables y con mayor proyeccion de futuro
(Ozdogan et al., 2017).

Figura 1.15 Utilidades practicas para técnicos y agricultores de estas nuevas tecnologias. 1.15a. Drones
para la deteccion precoz de enfermedades (Chen et al., 2022). 1.15h. Monitorizacion de parcelas agricolas.
1.15c¢. Digitalizacion de parcelas agricolas (Ozdogan et al., 2017).
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Objetivos

El objetivo o proposito general de esta tesis doctoral, es la caracterizacion de
nuevas razas de roya de la hoja, amarilla y del tallo, en el sur de Espafia, con la intencion
de conocer queé genes de resistencia son vencidos y cuales son efectivos contra ellas, asi
COMO conocer otras razas que, no estando adn en la Peninsula Ibérica, podrian llegar en
un futuro cercano. Por otra parte, aprender a utilizar y poner a punto las nuevas
tecnologias, como sensores LIDAR o espectroradiometria, para detectar estas royas en
los cultivares de forma eficaz y precoz, y asi poder realizar control fungico de forma
efectiva. Como objetivos especificos para alcanzar el objetivo general de esta tesis se
persiguen los siguientes:

1. Caracterizar la virulencia de aislados de roya de la hoja del trigo (P. triticina y P. tritici-
duri) recolectados en varias localidades del sur de Espafa en 2020, 2021y 2022, y obtener
informacion que pueda ser utilizada por los mejoradores para abordar el problema de
susceptibilidad a P. tritici-duri.

2. Caracterizar nuevas razas de roya amarilla y del tallo en el sur de Espafia y su perfil de
virulencia de estas razas locales.

3. Caracterizar la resistencia a las tres royas en cultivares de trigo y triticale presentes en
Andalucia para, en conjuncion con los objetivos anteriores, conocer mejor la reaccién
cultivar-raza y prever el impacto de las tres royas en el futuro.

4. Evaluar la respuesta de cultivares de trigo duro y harinero con distintos grados de
resistencia, afectados por la roya de la hoja y la roya amarilla, respectivamente, utilizando
firmas espectrales completas, adquiridas mediante informacion hiperespectral.

5. Evaluar el impacto del algoritmo SMOTE (Synthetic Minority Over-sampling
Technique) en el desarrollo de modelos de aprendizaje automatico, para la deteccién
precisa y precoz de ambos tipos de royas en cultivares de trigo.

6. Perfeccionar un sistema de deteccidn precoz de la roya de la hoja, en cultivares de trigo
duro, y de la roya amarilla, en cultivares de trigo harinero, aprovechando las capacidades
de los sensores LIDAR vy la tecnologia de nubes de puntos 3D.
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Capitulo 2. Virulence of Puccinia triticina and Puccinia tritici-
duri on durum wheat in southern Spain from 2019 to 2022

Publicado: Rodriguez-Vazquez, J. N., Ammar, K., Solis, I., & Martinez-Moreno, F.
(2023). Virulence of Puccinia triticina and Puccinia tritici-duri on durum wheat in
southern Spain, from 2019 to 2022. Phytopathologia Mediterranea 62(1): 29-34. doi:
10.36253/phyto-14227

2.1 Abstract

Leaf rust is one of the main wheat diseases in southern Spain, where durum wheat
is an important crop. Until the 2019-2020 season leaf rust was controlled, since the most
widely planted cultivars in southern Spain had resistance genes against it and the
susceptible cultivars were protected with fungicides. A problem arose in the spring of
2020, when every durum wheat cultivar began to be infected with leaf rust. Leaves
displayed large pustules, different from those of the normal leaf rust caused by P. triticina,
and teliospores came out rapidly after a few days. The symptoms clearly fitted with P.
tritici-duri, another wheat leaf rust species already reported in the western Mediterranean
Basin. For this study, leaf rust severity was assessed in durum wheat field trials during
the 2019-20, 2020-21 and 2021-22 seasons in the provinces of Huelva, Seville, Cadiz,
and Cordoba. In addition, during the spring of 2020 and 2021, single pustule isolates of
leaf rust were collected from different cultivars of durum wheat. Inoculation of isolate on
a differential set of lines showed that five different races were present, of which two of
them were P. tritici-duri. P. tritici-duri is not new in southern Spain, but in the last 25
years, it has never been observed with such high severity on almost every durum wheat
cultivar (susceptible and resistant to P. triticina). Cultivar Calero showed a consistent
resistance to all races of P. tritici-duri employed in this study.

Keywords: Durum wheat, virulence, leaf rust, Puccinia triticina, Puccinia tritici-duri,
Puccinia striiformi.

2.2 Introduction

Wheat is the most cultivated crop worldwide, with an annual acreage of 220 Mha
(million ha), and third in grain production (after maize and rice) with 760 Mt (million t,
data of 2020/21) (FAOSTAT, 2022). Durum wheat (T. turgidum L. subsp. durum (Desf.)
Husn.) is sown on around 6.2% of the total wheat area (13.14 Mha) but it is much more
important regionally such as in the Mediterranean Basin, where it is transformed in
different types of food made from its semolina or flour, e.g., pasta, couscous, bulgur, frike
and flat breads. Canada, Italy, Turkey, USA, Mexico, and Algeria are the main producing
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countries, with Canada, USA, and Mexico being the most important exporters whereas
Italy, Turkey, and Algeria are large importers of the durum wheat grain (Martinez-
Moreno et al., 2022). In Spain, durum wheat is also an important crop, with 0.27 Mha
planted in 2019/20, representing 12.5% of the total wheat area (MAPA, 2022). In the
southern region of Andalusia, durum wheat has traditionally been the main wheat species
(Martinez-Moreno and Solis, 2017), with a current area of 0.18 Mha in 2019/20 (about
60% of all durum area in the country) (MAPA, 2022).

Wheat production is regularly challenged by various fungal diseases such as leaf
rust, fusarium head blight, septoria tritici blotch or yellow rust. Leaf rust, caused by the
fungus Puccinia triticina Eriks., is the main biotic constraint worldwide according to a
recent study, causing a global grain loss of 3.25%, about 25.4 Mt (Savary et al., 2019).
Genetic and physiologic variation in P. triticina is considerable, and many races classified
according to their virulence/avirulence on differential wheat genotypes have been
recorded since the early 20" century (Chester, 1946). As an example, in the United States
P. triticina populations are highly variable in terms of their virulence spectra, with over
50 different races identified annually (Kolmer and Hughes, 2018). Mutations regularly
occur in wheat fields, due to the tremendous number of spores produced by the pathogen
every year (Huerta-Espino et al., 2011), and selection of newly virulent races on widely
grown cultivars have been described as an important mechanism of P. triticina evolution
(Park et al., 2002). Races collected on bread wheat show a broader and different virulence
phenotype compared to those collected from durum wheat (Martinez et al., 2005).

The use of resistance genes (or R-genes) represents the most effective and
environmentally friendly way to control this disease. To date, more than sixty leaf rust
resistance genes have been described in wheat (McCallum et al., 2012). Most Lr genes
originated from bread wheat, but others are from durum wheat, rye, and wild relatives
(Mclntosh et al., 1995). Virulence to these genes usually appears some years after the
release of a new resistant cultivar, although there is variability in the durability of different
R-genes. Knowledge of the virulence of the leaf rust races would permit a sensible
selection of R-genes to be incorporated in breeding programmes. Such studies are
annually conducted in many countries worldwide (USA, Australia, Canada) (Kolmer and
Hughes, 2018; Park et al., 2020), but were performed only sporadically in Spain (Salazar
and Branas, 1972; Martinez et al., 2005).

From 1998 to 2005, leaf rust outbreaks on durum wheat were quite frequent in
Andalusia, which forced farmers to apply fungicides, and breeders to ultimately develop
resistant cultivars. Resistance was most often based on the very widely used and deployed
Lrl4a gene, including in very extensively grown cultivars such as Colosseo (Maccaferri
et al., 2010). Since 2013, virulent races to this gene were reported in Spain, including the
Andalusian location of Conil de la Frontera (Cadiz) (Soleiman et al., 2016). Durum wheat
breeders started to deploy other sources of leaf rust resistance, such as Lr27+Lr31,
LrCamayo, Lr3, and Lr61 (Kthiri et al., 2018), plus others yet to be characterized. In the
spring of 2020, leaf rust uredia (or pustules) were observed in west Andalusia on
previously resistant durum wheat cultivars, such as the popular Don Ricardo
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(Lr27+Lr31). The pustules were scarce but larger than usual, with a tendency to rapidly
form telia on the abaxial side of the pustule. The observed and atypical symptoms were
consistent with the leaf rust disease produced by the fungus Puccinia tritici-duri V.
Bourgin that was already reported in Morocco and Portugal and has Anchusa azurea Mill.
(In the Boraginaceae) as alternate host instead of Thalictrum speciosissimum (in the
Ranunculaceae), the alternate host of P. triticina (Ezzahiri and Roelfs, 1992; Anikster et
al., 1997). The presence of this variant of the leaf rust fungus was associated with atypical
field reactions of known resistant durum varieties that were largely inconsistent with
previously known reactions to P. triticina.

The objective of this study was to characterize the virulence spectra of isolates of
P. triticina and P. tritici-duri collected from several locations of southern Spain in 2020,
2021 and 2022 and obtain information that could be used by breeders to address the issue
of susceptibility to P. tritici-duri.

2.3 Materials and methods
2.3.1 Field trials

Five durum wheat cultivars popular in southern Spain, namely Don Ricardo,
Athoris, Amilcar, Euroduro, and Calero, were sown in field trials with three replications
(plots of 8-row of 1,36m x 5m) in the locations of Ecija (near Seville), Conil de la Frontera
(near Cadiz), Cérdoba, Escacena del Campo (near Huelva), and Jerez de la Frontera (near
Cadiz). Natural leaf rust infections occurred in during all three seasons the experiment
was conducted. Leaf rust severity was assessed using the modified Cobb scale at the time
of highest infection (Peterson et al., 1948). The data was analyzed through ANOVA and
then Duncan test to statistically separate genotypes according to their rust severity.

2.3.2 Collection and multiplication of isolates

A set of 17 samples were obtained in March-April from infected durum wheat
leaves from four locations, namely, Cadiz, Huelva, Seville, and Cordoba, in 2020 (seven
isolates) and 2021 (10 isolates). Infected leaves were collected from both breeding plots
and commercial fields. With a small lancet, spores from a field leaf infected with leaf rust
were inoculated on clean seedlings of the susceptible durum wheat cultivar Atil/Local
Red to multiply each single pustule isolate, and Little Club to multiply each single pustule
from bread wheat, since bread wheat may be also a host of P. tritici-duri (Anikster et al.,
1997). Single young pustules from these plants were again inoculated on clean plants to
multiply each single pustule isolate. Inoculated plants were placed in a dark dew chamber
for 14 hours at 20°C, and 100% relative humidity. Plants infected with each isolate,
wrapped in perforated plastic transparent bags with small perforation to prevent cross-
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contamination, were returned to the greenhouse at 20-25°C. Several cycles of reinfection
were performed to obtain a sufficient quantity of spores of each single pustule isolate (at
least 20 mg). Inoculi from each isolate were dried in a desiccator for seven days and then
preserved in an ultra-freezer at -80°C.

2.3.3 Virulence phenotype

A set of 20 near isogenic lines of the bread wheat cultivar Thatcher was used to
determine the virulence spectrum of each isolate. The nomenclature for race designation
was as described (Singh et al., 2004), but with some modifications. The 20 Thatcher near
isogenic lines were grouped in five sets as follows: (1) Lrl, Lr2a, Lr2c, Lr3; (2) Lr9,
Lrl6, Lr24, Lr26; (3) Lr3ka, Lrll, Lr17,Lr30; (4) LB, Lr10, Lrl4a, Lr18; and (5) Lr3bg,
Lr14b, Lr20, Lr28. The isolines Thatcher-Lr19 and Thatcher-Lr23 were also included.
The following durum wheat cultivars, most of them with known resistance genes, were
also included: Jupare (Lr27 + Lr31), Somateria (Lrl4a+), (Herrera-Foessel et al., 2008),
Colosseo (Lrlda+), Gallareta (= Altar C84, Lr72), Guayacan INIA (Lr61) (Herrera-
Foessel et al., 2008), Storlom (Lr3+), Camayo (LrCam), Gatcher (Lr27 + Lr31), Don
Jaime (Lrl4a), Don Ricardo (Lr27 + Lr31), Don Javier, Aconchi-Lr19, Aconchi-Lr47,
Cirno (Lrcamayo) (Herrera-Foessel et al., 2007), and Calero. All genotypes were grown in
soil (60% peat and 40% sand) trays (60x40x10 cm) in a greenhouse of the University of
Seville (Spain). Each tray was sown with 13 genotypes and the cultivar Thatcher was
included in all trays as a susceptible check. Six seeds of each line were grown to obtain
four plants. All trays of both durum and bread wheat received the same amount of
irrigation and nutrients. The plants were inoculated at the first and the fifth fully
developed leaf when plants where at DC 12 and DC 16 (Zadoks et al., 1974). Leaf at the
fifth leaf displays a better correlation with field data than the primary leaf. Each fifth leaf
was fixed on the soil surface in a horizontal position by metallic clips to achieve a uniform
inoculation. Each tray was inoculated with 6 mg of uredospores mixed with talcum
powder (1:50). The mixture was blown over the plants which were then incubated in a
dew chamber overnight at 18-20°C, and 100% relative humidity. The following morning,
plants were transferred to their greenhouse compartment at 18-25°C. Twelve days after
inoculation, plants were evaluated. The infection types were scored using a 0-4 scale
described by Stakman et al. (1962), where 0 = no macroscopic signs of infection, ; = no
uredinia with hypersensitive necrotic or chlorotic flecks present, 1 = small uredinia often
surrounded by necrosis, 2 = small to medium-size uredinia surrounded by chlorosis or
necrosis, X = mesothetic response, few but big uredinia surrounded by some necrosis,
accompanied by small necrotic spots, 3 = medium-size uredinia with or without chlorosis,
4 = large uredinia without chlorosis or necrosis. The infection types 0 to 2 (and X)
indicated that the isolate was avirulent to the resistance gene of that isoline, whereas the
infection type 3 to 4 indicated virulence to the corresponding R-gene.
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2.4 Results

2.4.1 Field trials

During the 2019-20 season, leaf rust infection was observed in the field on almost
all durum wheat cultivars (Table 2.1). The observed reactions were considered atypical
as these cultivars had displayed reactions ranging from complete resistance (Don
Ricardo) to intermediate resistance (Amilcar), in the farmers’ fields the previous seasons.
In fact, these five cultivars were in field trials during the two previous seasons (2017-18
and 2018-19 and they did not show leaf rust infections at any locations. The symptoms
were also different from those generally observed in the typical leaf rust epidemics.
Pustules were larger and exhibited a tendency to very rapidly form teliospores. The
cultivar Calero was the only one which hardly showed any symptoms of leaf rust. In 2020-
21 and 2021-22, leaf rust severity was lower but nevertheless significant. In 2020-21,
records were obtained only in Conil de la Frontera, while in 2021-22 Jerez de la Frontera
and Escacena del Campo were the sole locations with leaf rust infections. In any case, the
leaf rust severity was maintained in all cultivars but Calero, which maintained its very
low infection level.

Table 2.1 Average leaf rust severity (%) on five durum wheat cultivars grown in replicated
trials at five locations of southern Spain from 2019-20 to 2021-22.

Cultivar / Ecija Jerez Conil Cordoba 2020 Conil 2021 Escacena 2022
Location-year ! 2020 2020 2020
Don Ricardo 10b 23¢ 25¢ lc 7b 3ab
Athoris 10b 32 bc 40 b 7b 10b 4 ab
Amilcar 18a 50 a 65 a 5b 17a 6a
Euroduro 18a 37b 53 ab 12a 15a 1la
Calero 1lc 1d 5d 1c lc 1b

! Duncan test, level of significance 0.05. Within a column, figures that are followed by a common letter
are not significantly different.

2.4.2 Virulence phenotype

The data on the infection type of the 20-differential set showed that the 17 isolates
corresponded to five different races, as can be seen in Table 2.2. Three races belonged to
Puccinia triticina (two from durum wheat, one from bread wheat) and two to P. tritici-
duri (both from durum wheat). The differences between P. triticina collected from durum
wheat and that collected from bread wheat resides in the latter being virulent to Lr1, Lr3,
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Lr3bg, and Lrl7. With regards to P. tritici-duri, the mesothetic reaction was frequent
when inoculated onto the differential isolines and the set of durum wheat cultivars. The
two races of P. tritici-duri had also different virulence spectra. P. tritici-duri 1 was more
virulent than P. tritici-duri 2 on the Thatcher isolines, with the virulence on the durum
wheat set of cultivars observed to be similar with the two P. tritici-duri races. P. triticina
from durum wheat differed from P. tritici-duri mostly in its virulence spectrum on the
durum wheat set of cultivars. The infection type of P. tritici-duri was mostly mesothetic,
both in cultivars known to be susceptible to known races of P. triticina (Gallareta,
Somateria) and in those which are resistant to the same (Camayo, Storlom, Jupare,
Guayacan, Aconchi-Lr19, Aconchi-Lr47, etc.).

Table 2.2 Distribution of infection types (IT) at fifth leaf stage on 22 near-isogenic Thatcher, and eight
durum cultivars with known R-genes inoculated with the five leaf rust races collected in this study.

Resistance gene

Virulence of races and Infection type

P. tritici-duri  P. tritici-duri P. triticina P. triticina old P. triticina
1 2 new from bread
wheat
Race nomenclature PBDSS BBBBB DBBTJ DBRTJ PBDSJ
Inoculations Seedling/5th  Seedling/5th Seedling/5th Seedling/5th Seedling/5th
leaf * leaf leaf leaf leaf
Thatcher 4/3 X/2 41/4 3/3 3/4
Thatcher-Lrl 413 X/3 1/; 2/1 3/4
Thatcher-Lr2aLr2c 1/1 1/1 2/1 2/1 2/2
Thatcher-Lr3 3/3 X/1 3/3 3/3 3/3
Thatcher-Lr3bg 3/3 X2 1/; 1/1 3/3
Thatcher-Lr3ka 3/3 X/1 1/; 1/1 2/3
Thatcher-Lr9 1/2 X/1 1/; 1/; 1/1
Thatcher-Lr10 1/2 1/1 0/0 0/0 /0
Thatcher-Lr11 3/4 X/2 3/4 3/3 4/3
Thatcher-Lrl4a X/3 1/1 1/1 1/1 1/2
Thatcher-Lr14b 4/3 X/2 3/4 3/3 4/3
Thatcher-Lr16 4/2 X/2 3/4 3/3 3/3
Thatcher-Lr17 2/2 X/2 1/2 1/3 2/3
Thatcher-Lr18 3/3 X/2 o 1/1 3/3
Thatcher-Lr20 X/2 X/2 2/2 3/3 2/2
Thatcher-Lr24 3/3 X/2 3/2 3/3 3/3
Thatcher-Lr26 ol ol o 11 ol
Thatcher-Lr28 o o o 11 o
Thatcher-Lr30 o 1/; 1/; 1/1 /0
Thatcher-LrB 2/2 1/2 2/2 2/1 2/2
Thatcher-Lr19 4/3 2/2 3/3 3/3 3/3
Thatcher-Lr23 1/2 11 o /0 0/0
Gatcher (Lr27+Lr31) 3/3 2/2 2/2 3/3
Atil/Local Red X /3 X/1 4/4 4/4
Gallareta (LrAltar) 4/3 4/4 4/4 4/4
Somateria (Lrl4a) XX X113 3/3 4/3
Camayo (LrCam) X/ X X/ X 3/4 3/3
Colosseo (Lrl4a+) X/ X X/ X 1/; 1/;
Don Jaime (Lr14a) X/3 XX 4/4 3/3
X/ X X/ X 414 3/3
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Don Ricardo X/ X X/ X 1/; 1/;
(Lr27+Lr31) X/3 X/ X 212 2/3
Don Javier X/ X X/ X o 0/;
Storlom (Lr3) X/ X X/ X 1/; 1/;
Jupare (Lr27+Lr31) X/ X X/ X o o
Guayacan (Lr61) X/ X X/ X 0/0 0/0
Aconchi-Lr19 X/ X X/ X o 0/;
Aconchi-Lr47 X/ X X/ X 1/1 1/;
Cirno 1/1 1/1 1/1 o
Calero

Y Infection type assessment according to a 0-4 scale as described by Stakman et al. (1962).

The collected samples were classified according to the province from which they
were collected and the race to which they belonged. They were also classified by the year
in which they were collected (Table 2.3).

Table 2.3. Number of durum wheat isolates collected in different locations during the period

2019-2021.
Races Huelva  Sevilla Cordoba Cadiz | Total Total | Total Total
Year 2020 2021 All All
(%)
P. tritici-duri 1 2 0 1 3 3 3 6 35,3
P. tritici-duri 2 0 0 1 2 1 2 3 17,7
P. triticina old 0 0 1 1 1 1 2 11,8
P. triticina new 0 0 0 2 1 1 2 11,8
P. triticina from 3 1 0 0 1 3 4 23,5
bread wheat
Total 7 10 17 100

2.5 Discussion

P. tritici-duri has been in the western Mediterranean Basin for a long time.
Interestingly, rust-infected Anchusa azurea (the alternate host of P. tritici-duri) were cited
in Spain prior to 1902 (Navarro, 1902) and more specifically in southern Spain little
before 1918 (Gonzélez-Fragoso, 1918). Anchusa azurea plants with rust infections could
not be found in southern Spain during a survey conducted by our team at different
locations. It is likely that P. tritici-duri had coexisted with P. triticina for a long time,
infecting durum wheat fields. From 1992-2005, durum wheat acreage increased in
Andalusia and Spain due to subsidies from the European Union (Martinez-Moreno and
Solis, 2017). Research on durum wheat leaf rust was reactivated globally when, in 2001,
a new race of leaf rust (BBG/BN), virulent on Lr72 (a gene frequently deployed in durum
wheat cultivars globally), appeared in Mexico and later in other parts of the world. Until
that time, the resistance mainly relied on two genes globally namely, Lr72 and Lrl4a
(Singh et al., 2004). However, the development of virulent races against these two genes
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made P. triticina a major disease in durum wheat globally, including Spain (Martinez-
Moreno and Solis, 2019).

Although, in principle, P. tritici-duri was detected in the geographical range of
Anchusa azurea, it may have been able to move from this region to other without any
alternate host. This capacity of rust to survive and coexist without the alternate host has
been previously reported as indicated by P. triticina expansion, outside the area of its
alternate host, Thalictrum spp., in southern Europe (Anikster et al., 1997).

Rusts have always been a problem in wheat. Their evolving nature and the rapid
development of virulence towards cultivars with effective resistance is a feature of these
pathogens (Figueroa et al., 2020). Leaf rust is not an exception to this, and the appearance
of races virulent to durum wheat cultivars containing Lr14a gene in Spain in 2013 is a
good example (Soleiman et al., 2016). However, in this study another leaf rust species,
P. tritici-duri, has emerged in the durum wheat fields of western Andalusia. This rust
species is not new, as it has been present in Morocco, Portugal, and even in southern
Spain for a long time, but the impact on wheat development was limited to nil (D Oliveira
and Samborski, 1966; Anikster et al. 1997). These countries have had a great tradition of
planting durum wheat, especially Morocco, but also in the southern Iberian Peninsula
(Martinez-Moreno et al., 2020). The distance between Morocco and southern Spain is
very short (only 14 kilometers at the Strait of Gibraltar), and climatic conditions are
similar, so the different races of rust easily get airborne and move from one country to
the other (Martinez-Moreno and Solis, 2019). Even though P. tritici-duri may have been
present in the area for a long time, the recent increase in incidence on durum wheat in
Andalusia since 2020 has been very significant and alarming for a region in which 60%
of the wheat area is sown to durum wheat.

P. triticina and P. tritici-duri showed important differences, primarily in the size
of their pustules with those from of P. tritici-duri larger than those of P. triticina. The
other typical difference was the speed with which they develop telia, with the former
doing so at 26 days after inoculation, much faster than the latter which developed telia at
45 days under the same conditions. These results were consistent with those reported by
Anikster et al. (1997). The virulence spectra on the Thatcher differential set were also
quite different, with the races of Puccinia triticina collected from durum wheat being
avirulent on Lr1, Lr3ka, Lr9, Lrl7, and virulent on Lr18, Lr20 and the P. tritici-duri
presenting a constant mesothetic reaction towards almost all Thatcher near isogenic lines,
where lesions of infection type 1 where mixed with well formed, but few, pustules of
infection type 2-3. Only Lr24, Lr26 and Lr28 genes were clearly effective against P.
tritici-duri. Lr24 is located in chromosome 3D and cannot be transferred to durum wheat
by regular crossing and selection, and its transfer would require cytogenetic transfers
before it could be used in regular breeding programs. Lr26, located on the translocated
chromosome 1B/1R and originating from rye has been very extensively used for decades
in bread wheat (Mclntosh et al., 1995), but to our knowledge has not been deployed
commercially in durum wheat. Its potential use as a resistance option against P. tritici-
duri needs to be critically assessed as the 1B/1R translocation is known to cause
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unsuitable sticky dough characteristics in bread wheat and could very well affect the
gluten strength and characteristics of durum wheat. Finally, Lr28, located on chromosome
4A and originating from T. speltoides (Mclntosh, 1995), has been used in a more limited
fashion in bread wheat but virulence for this gene has been reported as highly frequent in
P. triticina populations worldwide (Mcintosh, 1995). Based on the results from this study,
the few well characterized seedling resistance genes used in bread wheat that could be
used in durum wheat as resistance options against P. tritici-duri come with major
drawbacks which may not justify their use in durum wheat breeding programs.

P. tritici-duri is present in western Andalusia and albeit sporadically it can be a
serious problem in durum wheat because very few completely resistant genotypes have
been identified so far. Most cultivars and genotypes evaluated in this study and in larger
sets as part of the screening activities of local breeding programs are characterized by the
same severe intermediate reaction. The majority of the cultivars considered resistant to
leaf rust, such as Don Ricardo (Lr27+Lr31), which has been the most widely planted
cultivar in Andalusia for many years (Martinez-Moreno and Solis, 2017), are somewhat
susceptible to P. tritici-duri. Other genotypes known to exhibit different Lr genes, such
as Lrcamayo present in the popular Mexican cultivar CIRNO C2008 have also been affected
significantly by this rust species. Lr19 and Lr47 are globally effective genes originating
from wheat wild relatives (Kthiri et al., 2017). They were introduced in bread wheat
giving a near immune response, and recently to durum wheat (Ammar, p.c.). P. tritici-
duri seems to easily overcome the resistance of these two R-genes. To date, among the
released cultivars grown in Andalusia, only Calero showed an interesting resistance
against the two P. tritici-duri races employed in this study. The resistance of Calero
towards P. triticina races is likely to be located on chromosomes 6B, very close to Lr61
as allelism tests between Calero and Guayacan INIA, the source of Lr61 (Herrera et al,
2008b) have not yielded any recombinant susceptible plants based on studies conducted
at CIMMYT (Ammar, personal communication). Whether or not this is the basis
underlying the resistance of Calero to P. tritici-duri that cannot be known until proper
studies are conducted.

Given the almost generalized and variable levels of susceptibility observed in the
relatively small sets of germplasm evaluated in southern Spain against P. tritici-duri, and
the very limited options available with known R-genes to provide complete resistance to
P. triticina, breeders will need to explore and find new sources of suitable resistance in
wider and more diverse sets of germplasm. These resistance discovery activities will have
to be conducted under conditions that ensure the exclusive presence of P. tritici-duri
without the confounding effect of P. triticina. However, before such costly initiatives are
taken, it is important to accurately assess the probability of P. tritici-duri becoming a
major and yield-limiting pathogen in southern Spain and estimate the actual economic
cost through yield loss when the pathogen is present on cultivars that are otherwise
resistant to P. triticina.

63



2.6 Conclusions

In this study, the existence, virulence, symptoms, and severity of P. tritici-duri in
southern Spain compared to P. triticina were described. P. tritici-duri was able to infect
almost all durum wheat cultivars used in southern Spain, and in the greenhouse showed
a mesothetic infection type against most Thatcher near isogenic lines and a collection of
durum wheat cultivars and lines known to be resistant to P. triticina. Breeders have very
little-known options to genetically address resistance to P. tritici-duri. If this species is to
become much more prevalent in southern Spain and its economic effects can be
demonstrated, breeding programs will have to undertake resistance or gene discovery
initiatives to identify suitable sources of resistance in much wider and diversified sets of
germplasm. The isolates of P. tritici-duri obtained in this study will certainly be useful
for such future studies.
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Capitulo 3. Characterization of wheat yellow rust and stem
rust virulence in southern Spain

Publicado: Rodriguez-Véazquez JN, Ammar K, Solis I, Martinez-Moreno F.
Characterization of Wheat Yellow Rust and Stem Rust Virulence in Southern Spain.
Agriculture. 2023; 13(12):2202. https://doi.org/10.3390/agriculture13122202

3.1 Abstract

Effective mitigation of the current threat from yellow rust and the potential threat
from stem rust to the wheat production in the south of Spain requires the characterization
of the lineages/races currently present in the region. Results from this study clearly
indicated that the main yellow rust lineages currently present in the south of Spain are
PstS10, PstS13 and PstS14, to which several widely grown commercial cultivars are
resistant. Even tough stem rust is not yet present during the regular cropping season, the
main lineages/races as Clade I1V-B and Clade IV-F were identified, much like in most of
Europe and parts of North Africa. The evaluation of differential series and special
breeding lines with known genes under local conditions has indicated the availability of
several genetic options that could be used in breeding/selection programs to provide
effective levels of resistance to either disease in the future. However, in undertaking these
efforts, it is important to consider not only the lineages currently present locally but also
consider resistance options effective against lineages/races that rapidly developing
elsewhere and could very likely reach the south of Spain in the near future.

Keywords: Puccinia graminis, Puccinia striiformis, resistance, Warrior race.

3.2 Introduction

Wheat is one of the world’s leading cereal grains and represents a staple food for
more than one third of its population, contributing more calories and proteins than any
other cereal (Curtis et al., 2002). It is the most cultivated crop worldwide with an annual
area of 221 Mha (million ha), and third in grain production, after maize and rice, with 771
Mt (million t) in 2021/22 (FAOSTAT, 2023). It provides 21% of the calories and 20% of
the protein for more than 4.5 billion people in 94 developing countries (Braun et al., 2010,
Arval et al., 2019). According to Choudhary et al. (Choudhary et al., 2018), wheat
production needs to be increased annually by 2% in the coming years (Kashyap et al.,
2020), representing double the rate of increase currently being achieved (Ray et al., 2013,
Bahar et al., 2013). Wheat yields are, on average, around 20% lower than the current crop
potential because of biotic and abiotic factors. Among the factors that affect wheat
production and prevent the crop from realizing its yield potential are wheat rusts, which
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can cause significant yield losses in susceptible cultivars and can be difficult to control
chemically in some areas of the world (Vergara-Diaz et al., 2015, Savary et al., 2019).
There are three types of rust affecting wheat: leaf rust, yellow rust, and stem rust; and all
three can be most effectively controlled through genetic resistance. While fungicides can
be excellent means of control, they are not always available in large wheat growing areas
worldwide and are not the most environmentally friendly option (Martinez-Moreno y
Solis, 2019, Hafeez et al., 2021).

Wheat yellow (or stripe) rust is caused by the fungus Puccinia striiformis
Westend. f. sp. tritici (Pst), a pathogen generally prevalent in temperate regions with cool
and wet weather conditions (Figure 3.1) (Chen et al., 2014). In the susceptible plant,
chlorotic flecks typically appear after six to eight days from infection, whereas
sporulation (characteristic yellow orange uredinia appearing in long, narrow stripes on
leaves) starts approximately from 12 to 14 days under favorable conditions (Singh et al.,
2008), eventually leading to desiccation of leaves. Urediniospores germinate rapidly in
optimum dew conditions and a temperature between 7 and 12°C, with ideal disease
development conditions (from infection to sporulation) between 12—-15°C (Porras et al.,
2022). Global losses inflicted by the disease can reach 20 Mt annually, representing an
estimated US$ 1 billion (Beddow et al., 2015, Wellings et al., 2011, Savary et al., 2019).
Wheat stripe rust has been reported in more than 60 countries and evidence suggests a
significant geographical expansion in the last 50 years (Beddow et al., 2015). According
to Mclintosh et al. (MclIntosh et al., 2013), 67 yellow rust resistance genes (Yrl to Yr67),
and 42 with temporary designations, have been reported. Since the 2000s, aggressive
lineages of Pst adapted to higher temperature climates have spread to warmers regions of
the world that were previously less affected by this disease (Ali et al., 2014). Although
populations of yellow rust appear to be clonal in Europe, Australia and North America,
there are significant levels of genetic diversity within some pathogen populations (Chen
et al., 2014). Such polymorphic populations are evident in western China and Central
Asia, consistent with their reported center of diversity in the Himalayan and nearby
regions, where sexual recombination appears to be common (Ali et al., 2014, Hovmoller
etal., 2011). Races from that region, such as Warrior or Warrior- reached Europe in recent
years, bringing virulence on important resistance genes present in European wheat
cultivars (Figueroa et al., 2018, Singh et al., 2015). These linages were reported in Spain
starting in 2014 and, more specifically, in the southern region of the country in 2015
(Martinez-Moreno y Solis, 2019).
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Figure 3.1 Yellow rust in bread wheat cultivars at Jerez field (2022). (a) Susceptible (left, cv. Califa) vs.
resistant bread cultivar (right, cv. Conil) in field plots; (b) Symptoms on bread wheat susceptible plants
(leaves).

Wheat stem rust, caused by the basidiomycete Puccinia graminis Pers. f. sp.
tritici, was historically considered the main wheat rust disease due to its devastating
impact on grain yield and quality, in some cases even with losses of more than 50%
(Figure 3.2) (Singh et al., 2015, Patpour et al., 2022). Stem rust did not appear frequently
in European countries in recent decades, thanks to an effective control, starting in the
1950s-1960s (Beard et al., 2004), resulting from the widespread use of host resistance
(Sr2, Sr31), the eradication of the alternate host, common barberry, and the release of
early maturing cultivars descending from the Green Revolution (Pretorius et al., 2012).
In Eastern African, one of the most stem rust prone areas in the world, the pathogen was
well under control thanks to the deployment of Sr31 gene, very effective against the
predominant stem rust races of the time (Bartos et al., 1996). However, the race TTKSK
(syn. Ug99), detected in Uganda in 1998 and its subsequent variants, defeated the
effectiveness of many designated and undesignated resistance genes, and losses due to
Ug99 were reported to be as high as 90% (Pretorius et al., 2000). Many Sr genes
originated from tetraploid wheats (Sr7a, Sr8b, several alleles of Sr9, Sr1l, Sr12, Sr13,
Srl4, Sr17, and Sr8155-B1) (Mclintsh et al., 1995, Nirmala et al., 2017). Several of these
genes are widely used in bread and durum wheat, contributing to the successful control
of stem rust worldwide (Dubcovsky et al., 2011). Sr13b gene is a major basis of stem rust
resistance in durum wheat, worldwide (Klindworth et al., 2007, Luig et al., 1983, Singh
et al., 2015). New stem rust from different lineages have emerged in East Africa; Race
TKTTF resulted in epidemics in Ethiopia in 2013, with yield losses close to 100% on the
most grown cultivar Digalu (Olivera et al., 2015). In 2013, wheat stem rust reappeared at
several locations in Germany (Olivera et al., 2017), along with sporadic incidences in
southern Denmark, eastern Sweden, and the United Kingdom (Lewis et al., 2018). A more
widespread outbreak was reported in Sicily in 2016, where thousands of hectares of both
bread and durum wheat were affected (Bhattacharya, 2017). Analyses of infected plant
samples from Sicily suggested the presence of a new race in Europe, TTRTF
(Bhattacharya, 2017), which carried virulence to Sr13b of particular relevance for durum
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wheat (Patpour et al., 2020). In southern Spain, this disease was detected regularly since
2018, but with low severity. Stem rust was also detected, with higher severity, in the
irrigated off-season wheat trials (August-September) in the south (Conil de la Frontera,
Cadiz) and northeast of Spain (Lleida).

Given the increasingly threatening incidences of yellow and stem rust in Spain,
there is a need to characterize and understand the virulence spectrum of the local lineages
of these pathogens. This objective was addressed through field testing of differential lines
and main cultivars in locations where both diseases occurred naturally during the period
from 2016 to 2022, by sampling and subsequently analyzing several single pustules
isolates of both pathogens collected from several locations during these seven years.

(@) (b)
Figure 3.2 Stem rust in durum wheat cultivars at Conil field (2023). (a) Resistant (left, cv. Amilcar) vs.

susceptible bread cultivar (right, cv. Athoris), in field plots; (b) Symptoms on susceptible plants (leaves and
stems).

3.3 Materials and Methods

3.3.1 Locations, plant material and experimental setup

This research was conducted in experimental sites used by Agrovegetal, a local
breeding company, at four locations in southern Spain, namely, Escacena del Campo,
near Huelva (37°27'20" N; 6°21'49" W), Jerez de la Frontera near Cadiz (36°42'14" N;
6°10'11" W), Ecija near Sevilla (37°32'23" N; 5° 6' 42" W), and in Conil de la Frontera
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near Cadiz (36°18'30" N; 6° 5' 13" W). The first 3 locations were used for evaluations
related to yellow rust and were sown during the regular season (December planting) while
the fourth was dedicated to evaluations related to stem rust, with a summer, off-season
sowing in June, under irrigation. Field trials were under rainfed conditions in winter
sowings, and weekly irrigated at the off-season site of Conil. Rainfall during the wheat
growing season (November-May) across the years of the present study are shown in Table
1. Experiments were carried out from 2016 to 2022, relying exclusively on natural
infections. In all trials, entries were sown in twin rows of 1 meter length using 4 grams of
seed per plot. The susceptible checks, Califa for yellow rust, and McNair and Tocayo for
stem rust, were planted around their respective nurseries. Tejada and Calero were planted
as resistant checks for yellow and stem rust, respectively.

The set of commercial varieties for yellow rust evaluation was planted in a total
of 21 location/year combinations, but only the 14 location/year combinations are reported
herein, as the other seven were characterized by very low or absent natural disease
incidence. The set of yellow rust differential lines was planted in a total of 19
location/year combinations, with only 15 of those reported as they involved high disease
incidence. The 52 wheat entries in the yellow rust nurseries were divided into two sets:
the old set of 35 genotypes with different Yr genes, and a collection of 17 near isogenic
lines in the Avocet background. The 100 wheat entries for stem rust evaluations, included
(1) 34 advanced durum breeding lines selected by CIMMYT for their different response
to the African races of stem rust in Kenya and Ethiopia, (2) 6 advanced breeding lines
with known resistance gene(s) introgressed at CIMMYT through marker-assisted
selection, (3) 20 cultivars, landraces or other sources of resistance to the African races
used in the CIMMYT breeding program, (4) 40 stem rust differentials lines used to
identify races according to their virulence.

Rust severity was also taken in additional field trials independently sown by the
Agrovegetal Company, at the same fourth locations in southern Spain, for both yellow
rust and stem rust. These trials included the commercial varieties of bread wheat (Arthur
Nick, Tejada, Conil, Escacena, Califa), durum wheat (Amilcar, Euroduro, Athoris, Don
Ricardo, Calero) and triticale (Bondadoso, Valeroso and Trujillo).

3.3.2 Pathogen isolation

Yellow rust and stem rust differentials in all field trials were infected naturally.
Samples of both rusts were sent every year to the Global Rust Reference Center (GRRC)
in Denmark (GRRC, 2023), where a phenotypic and/or genetic characterizations on single
pustule isolates were carried out on each sample, to identify the local lineages and/or
races. As yellow rust and stem rust differentials in all field trials were infected naturally,
it is important to know the rainfall in each location and year (Table 3.1).
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Table 3.1 Monthly precipitation (mm) during the wheat growing season in the three locations used for
rainfed field trials.

Season Month Escacena Ecija Jerez
2015/16 Dec. 147 110 115
2015/16 Jan. 20 15 50
2015/16 Feb. 82 24 62
2015/16 Mar. 112 42 131
2015/16 Apr. 79 35 71
2015/16 May 3 5 1
2015/16 Total 443 231 430
2016/17 Dec. 37 120 56
2016/17 Jan. 112 41 67
2016/17 Feb. 48 57 34
2016/17 Mar. 124 24 125
2016/17 Apr. 117 24 82
2016/17 May 2 10 4
2016/17 Total 440 276 368
2017/18 Dec. 98 103 90
2017/18 Jan. 110 67 65
2017/18 Feb. 23 56 15
2017/18 Mar. 34 45 18
2017/18 Apr. 14 34 5
2017/18 May 1 2 1
2017/18 Total 280 307 194
2018/19 Dec. 78 68 111
2018/19 Jan. 104 99 159
2018/19 Feb. 132 98 77
2018/19 Mar. 63 74 56
2018/19 Apr. 76 65 68
2018/19 May 34 19 23
2018/19 Total 487 423 494
2019/20 Dec. 78 87 75
2019/20 Jan. 69 57 112
2019/20 Feb. 35 76 47
2019/20 Mar. 15 14 87
2019/20 Apr. 32 22 54
2019/20 May 4 3 16
2019/20 Total 233 259 391
2020/21 Dec. 98 54 109
2020/21 Jan. 54 13 89
2020/21 Feb. 76 45 56
2020/21 Mar. 21 24 79
2020/21 Apr. 12 13 28
2020/21 May 5 2 10
2020/21 Total 266 151 371
2021/22 Dec. 86 68 70
2021/22 Jan. 72 89 53
2021/22 Feb. 61 75 97
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2021/22 Mar. 43 48 65

2021/22 Apr. 60 46 51
2021/22 May 8 5 8
2021/22 Total 330 331 344

! Data from RIA (RIA, 2023). Escacena data was from La Palma del Condado station.

3.3.3 Plant disease evaluation

To determine the disease severity in each plot, and the field response (type of
reaction to the disease), percentage of foliar area covered by uredinia, according to the
modified Cobb scale, was recorded. In addition, the response to infection was scored
according to Roelfs et al. (Roelfs, 1992). The disease severity scores were converted into
AUDPC (Area Under Disease Progress Curve) (Roelfs, 1992), using the formula:

AUDPC =D [%2 (Y] + Yk) + Y2 + Y3 + .... + YKk-1], being D = Time interval
(days between readings), (Y 1+YK) = Sum of the first and last score. (Y2 + Y3 +...+ Yk-
1) = Sum of all intermediate disease scores. The AUDPC for each entry was converted
into relative percentage by using the AUDPC of the check, Atil/Local Red as 100 %
(Pandey et al., 1989). To determine the difference between susceptible and resistant lines,
a threshold of 30% (stem rust) or 20% (yellow rust) severity relative to the most
susceptible line in each trial was set.

3.4 Results

3.4.1 Yellow Rust responses

Based on a combination of DNA analyses conducted at the GRRC from samples
collected as part of this study, observations made herein on the set of differentials, and
independent reports from different Spanish locations, it appears that the predominant
yellow rust lineages present in Spain are PstS4, PstS7, PstS10 PstS13 and PstS14. The
virulence spectra of these lineages are shown in Table 3.2, according to the classification
from GRRC (GRRC, 2023).
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Table 3.2 Virulence on Yr genes of the main lineages of yellow rust in Spain, according to GRRC.

Virulence on Yr genes Name
Lineage 123456 7 89 10 15 17 24 25 27 32 Sp Avs Amb
PstS4 X X X X X X Triticale 2006
PstS7 X XXX xX X X X X X X X Warrior
PstS10 X XXX XX X X X X X X Warrior -
PstS13 X X X X X X Triticale 2015
PstS14 X X X X X X X X X X X

Virulence on Yrl and Yr4 distinguishes between Warrior and the rest of the
lineages, and virulence on cultivar Ambition is between PstS7 and PstS10. If virulence is
observed on Yr8, the Warrior lineage is not present. If virulence on Yr8 is observed in
addition to virulence on Yr10 and Yr24, lineage PstS4 is most likely present. Virulence
on Yr8, but not on Yrl10 or Yr24, would be an indicator of the presence of PstS13 or
PstS14. To distinguish between both latter lineages, we must observe the virulence in the
differentials Yr3, Yrl7, Yr25, Yr32, and YrSp. Virulence would indicate the presence of
PstS14, avirulence, the presence of PstS13.

During the period of the present study, the lineages detected in the various
experiments varied from year to year and between locations within years. In table 3.3 and
table 3.4 below, the predominant lineages detected are shown for each combination
location/year. In 2016, the first year the differential sets were evaluated as part of the
present study, analyses conducted at the GRRC on samples collected from highly infected
commercial bread wheat fields indicated that PstS10 (Warrior-) was the major lineage
present. In 2017, no samples were sent to the GRRC, but from the set of differentials
response, it could be deduced that PstS13 and PstS14 races were the prevailing lineages
present. In 2018, only Warrior- was detected in the field trials of the present study, but
the presence of PstS7, PstS13 and PstS14 was independently reported in the country. In
2019, both differentials and DNA analysis again indicated the predominance of Psts13
and PstS14, with Warrior- also present. In 2020, only data from Jerez location could be
taken and indicated the presence of Warrior-, PstS13 and PstS14. In 2021, the presence
of PstS14 was inferred from the evaluation of the set of differentials and DNA analysis
by GRRC (GRRC, 2023), confirmed this assumption. In 2022, both results from the set
of differentials and DNA analysis revealed the presence of PstS10 (Warrior-), PstS13 and
PstS14.

Monitoring the reaction to yellow rust of key commercial cultivars of bread wheat,
durum wheat and triticale sown in southern Spain initiated in 2016 by the Agrovegetal
company. Results from these evaluations are presented in Table 3.3. While these
evaluations relied exclusively on natural field infections, the generally high rust scores
observed on susceptible bread wheat cultivar Califa indicate that the environmental
conditions, in most location/year combinations reported herein, were conducive to the
development of the disease and that virulent races were always present. Similarly high
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infections, to a somewhat lesser extent, were observed on susceptible bread wheat cultivar
Escacena. The bread wheat cultivar Conil exhibited low to intermediate susceptibility
reactions, mostly when Pst10 was present. The other two bread wheat cultivars, Tejada
and Arthur Nick consistently exhibited high levels of field resistance, virtually total
immunity. So did all the commercial durum wheat and modern triticale cultivars
(Bondadoso and Valeroso). They were not at all affected by any of the lineage
combinations present during the period of this study, in spite of the conducive
environmental conditions. Very minor signs of infection, in some location/year
combinations, were observed on commercial durum wheat cultivars starting in 2019 and
on triticale cultivar Bondadoso, in 2022. However, infection levels were never high
enough to be considered indicative of failing genetic resistance. The only case of
emerging non-complete resistance, possibly intermediate susceptibility, is in the case of
durum cultivar Athoris. Old (from the 1980s), and now commercially obsolete, triticale
cultivar Trujillo was characterized, in most location/year combinations, by intermediate
to high infection levels.

Table 3.3 Yellow rust severity data on commercial durum, bread wheat and triticale cultivars grown in
southern Spain.

ESC ECI JER ESC JER ECI ESC ECI JER JER JER ESC ECI JER
161 16 16 17 17 18 19 19 19 20 21 22 22 22
Yellow rust P80 P e T Pmsie st hmes O hen O e
lineage? PstS14
Durum wheat cultivars
Amilcar 0 0 0 0 0 0 0 0 2 1 2 0 0 5
Euroduro 0 0 0 0 0 0 0 0 1 1 1 0 0 3
Athoris 0 0 0 0 0 0 3 0 7 5 9 0 0 22
D. Ricardo 0 0 0 0 0 0 0 0 1 0 1 0 0 1
Calero 0 0 0 0 0 0 0 0 0 0 0 0 0 1
Bread wheat cultivars
Artur Nick 0 7 2 0 0 0 0 0 0 1 0 0 0 0
Tejada (rc)® 0 0 0 0 0 0 0 0 0 0 0 0 0 0
Conil 1 23 30 0 0 30 27 0 13 7 0 3 14 0
Escacena 1 10 63 80 50 40 80 70 35 50 28 35 53 70
Califa (sc)® 9 47 87 90 73 80 90 90 70 90 43 90 73 90
Triticale cultivars
Bondadoso 0 0 0 0 0 0 0 0 0 0 0 1 1 6
Valeroso 0 0 0 0 0 0 0 0 0 0 0 0 0 0
Trujillo 0 5 20 27 20 10 43 57 22 0 12 30 33 33

! Locations: ESC = Escacena del Campo, ECI = Ecija, JER = Jerez de la Frontera. The number indicates
the year of trial (e.g., 16=2016).

2 Pst lineages according to GRRC (GRRC, 2023).

3 Califa and Tejada were the susceptible (sc) and resistant (rc) checks.

To obtain a preliminary indication of what type of genetic option could be useful
in breeding against the yellow rust lineages prevailing in southern Spain, two sets of lines
with known genes of resistance were evaluated at three locations for their adult plant field
reaction from 2016 to 2022. An analysis of variance with genotypes and locations was
performed, using years within locations as replications and is presented in Table 3.4.
Genotype and location were clearly important factors of variation, but the interaction
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between them was not significant, indicating that the genotypes’ severity scores were
rather correlated between locations.

Table 3.4 Analysis of the variance of yellow rust severity scores of a set of 52 differential lines evaluated
under natural field infection at three southern Spain locations from 2016 to 2022, using years of evaluation

within location as replicates.

Sum of square Mean
Source 1 type ! df square F Significance
Corrected model 206,729(a) 155 1,334 6.1 0.000
Intersection 184,823 1 184,823 845.2 0.000
Genotype 176,911 51 3,469 15.9 0.000
Location 12,019 2 6,010 275 0.000
Genotype Location 23,074 102 226 1.0 0.398
Error 124,857 571 219
Total 509,127 727
Total corrected 331,586 726

1R square = 0.623 (R corrected square = 0.521).

The results of the severity scores on the sets of differential lines are presented in
Table 3.5. The presence of Yr2, Yr6, and Yr9 in monogenic state was associated with high
levels of field susceptibility in all years at all locations, with variability depending on the
line’s background in some cases, but independently from the lineages present. Of the 52
lines tested, 14 were resistant at all locations and years, even when weather conditions
were very favorable to yellow rust as indicated by the high severity scores on the
susceptible lines. These lines must have been resistant to PstS10, PstS13 and PstS14 since
these lineages were present at these locations during the time of the present study.

Table 3.5 Yellow rust severity scores in two sets of differentials lines evaluated under natural field infection
at three southern Spain locations between 2016 and 2022.

ESC ESC ECI JER ECI ESC ECI JER JER ESC ECI JER ESC ECI JER
16! 17 17 17 18 19 19 19 20 21 21 21 22 22 22
Line Pst$10° PstS13 PstS13 PstS13 PstS10 PstS13 PstS13 PstS13 PstS13 PstS13 PsTs14 PsTs14 PstS10 PstS10 PstS14
PstS14 PstS14 PstS14 PstS14 PstS14 :::i: PstS14 PstS13
Yr1/6*Avocet S 30 0 0 0 40 0 0 0 2 0 0 0 30 30 0
Yr5/6*Avocet S 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
Yré/6*Avocet S 60 30 40 20 50 50 40 50 60 40 60 70 70 70 50
Yr7/6*Avocet S 60 20 40 50 50 60 40 20 70 20 50 60 70 70 70
Yr8/6*Avocet S 5 20 8 10 0 30 20 15 50 15 30 15 30 0 20
Yr9/6*Avocet S 50 40 80 50 60 70 70 10 60 20 70 60 60 90 70
Yr10/6*Avocet S 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
Yr15/6*Avocet S 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
Yr17/6*Avocet S 40 2 40 5 40 5 30 0 10 0 25 20 5 50 0
Yr18/6*Avocet S 40 5 80 30 30 30 40 0 20 5 60 70 15 60 30
Yr24/6*Avocet S 5 0 10 10 10 15 20 10 30 0 10 10 0 0 15
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Yr26/6*Avocet S 15 2 20 5 5 5 15 5 20 0 10 20 0
Yr27/6*Avocet S 10 1 7 2 5 15 5 5 5 0 20 20 5
Yr32/6*Avocet S 50 20 40 10 20 40 20 10 30 2 40 70 10
Yrsp/6*Avocet S 30 2 3 2 20 40 5 5 10 0 50 30 5
Jupateco R (Yr18) 5 5 15 15 5 20 10 0 10 5 20 30 0
Jupateco S 40 20 15 40 10 70 40 20 40 10 40 80 0
Avocet R (vrA) 30 20 20 40 5 80 50 40 50 5 60 90 60
Earat 70 40 80 50 15 90 70 10 60 10 70 70 40
Bowerbird 15 40 10 30 20 70 50 5 15 15 50 70 0
Brennan 10 10 15 25 15 20 40 5 30 15 40 20 2
Has 5 5 2 10 5 10 5 0O 0O 0 40 10 0
Chinese 166 (Yr1) 5 0 2 2 5 2 15 0 2 0 5 5 0
ee 077) - 30 30 50 60 30 20 8 2 20 20 60 60 @2
Vilmorin 23 (¥r3) 15 1 1 0 5 0 1 0 2 0 0 0 2
Moro e(zglifikopf 15 2 30 50 10 40 20 0 50 2 50 20 5
Suwon, 52/Omar 20 1 40 40 5 50 15 15 60 2 40 30 10
Clement (Y72, ¥r9) 0 0 20 15 0 10 2 0O 0 0 0 5 0
L-ysbprie:j‘ éy('jrz) 0 0 0 0 0 0 0 0 0 0 0 0 0
Reichersbergd2 (17) 1 0 30 10 1 40 10 0 O 0 40 10 0
:;):ké’e(s :)rizyr@ 15 10 60 60 20 70 30 0 0 20 60 10 80
Compare (Vi8) 5 0 30 5 1 15 2 o o0 2 15 2 20
Carstens V (Yr32) 0 0 0 0 0 0 0 0 0 0 0 0 0
S Prolific (Vrsp) 0 0 0 0 0 0 0 0 0 O© 0 0 0
:VocetV'R' ((nyA)Y ) o o o0 ©0 o0 5 10 0 0 o0 5 2 2
hvansons (172) 0 0 15 5 0 30 20 2 15 0 5 15 0
10 2 5 5 5 30 50 10 10 O 40 30 0
Trident (Yr17) 0 0 0 0 0 0 0 0O 0 O 0 0 0
Yri5/6*AvS 2 2 5 5 0 10 50 0 5 0 30 10 0
Hugenoot (¥r25) 1 0 2 5 - 0 5 0 0 0 0 0 0
Selkirk (Yr27) 1 5 0 5 10 50 15 0o o0 2 30 10 2
EGAGregory (r33) 30 30 5 30 20 90 70 10 50 30 70 80 30
Ellison 30 10 10 10 10 50 40 15 25 5 70 60 10
Binnu 60 O 4 10 40 15 10 2 10 o0 5 10 50
Breakwell 0 0 1 0 0 0 0 0O 0 0 0 0 0
Tobruk 20 2 10 5 10 80 20 0 10 O 60 30 0
5 0 0 0 0 0 0 0O 0 0 0 0 0
- 2 15 5 10 5 20 0 2 0O 10 30 0
10 0 1 1 10 10 15 0o 2 0 5 5 2
30 O 2 5 40 20 40 0 15 0 50 5 15
10 1 0 1 5 40 30 0 30 O 0 0 30

0 0 0 0 5 2 0 0 0 0 0 0 5

50
10

30
30
90
40
40
10

80
50
30
30

10
60

10

Ul O

15

20
60
50
10

O o uoN O

! Locations: ESC = Escacena del Campo, ECI = Ecija, JER = Jerez de la Frontera. The number indicates
the year of trial (e.g., 16=2016).
2 Pst lineages according to GRRC (GRRC, 2023).

Consistent field resistance in the form of near immunity over years and locations,
and over genetic background (some genes were present in lines of different backgrounds)
was associated with the presence of Yr4, Yr5, Yrl0 and Yrl5. Differential lines carrying
Yr24/Yr26 and Yr27 genes were of particular interest since they should display horizontal
resistance. Indeed, the lines known to harbor these genes exhibited low levels of infection
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with slow disease progress, never reaching levels of high susceptibility in all trials, as
slow-rusting genotypes theoretically should.

In some cases, lines containing the same genes displayed contrasting responses,
depending on the genetic background carrying them. This was the case for lines carrying
Yr7, Yr8 and Yrsp. The rest of the genes were associated with field reactions typical of
race-specificity with high infection in particular seasons and locations, depending on the
lineages present, and with no infections in other instances. This was the case of lines
carrying genes Yrl, Yr3, Yr8 (in one background), Yrl7, Yr18, Yr25, Yr33, and YrA.

3.4.2 Stem rust responses

Stem rust reaction in a set of 100 genotypes (2018-2022), as well as a set of
commercial cultivars (2021-2022), was recorded in off-season summer trials, under
irrigation, at the southern Spain location of Conil de la Frontera.

Results of race and DNA analyses indicated the presence of two races across the
five testing seasons involved in the present work: Clade 1V-B (TKTTF) and Clade 1V-F
(TKKTEF), which is consistent with the GRRC information for Spain (Table 3.6). The key
gene to differentiate the Clade 1V-B and Clade IV-F from the Sicilian race is Sr13. The
Spanish races should be avirulent on this gene, while the Sicilian race is virulent. In the
present study, lines carrying Srl3 genes displayed resistance, albeit partial in its
expression in some cases. Similarly, races from Clade I1V-B and Clade IV-F could be
differentiated from the Ug99 lineage based on virulence on both Sr31 and Sr36. The line
harboring Sr31 was resistant to the Spanish races, while the line with Sr36 showed
susceptibility, confirming that the races present in this study were of Clade IV-B and
Clade IV-F.

Table 3.6 Virulence spectrum of the two main races of stem rust reported in southern Spain compared to
that of a race from the Ug99 lineage and the Sicilian race.

Virulence on known Sr genes present in wheat differential lines

Race name

(origin)

TKKTF (Spain) 5 21 9% 7b 6 8a 99 - 9% 30 17 92 9d 10 Tm - 38 McN -
TKTTF (Spain) 5 21 9% 7b - 6 8a 99 36 9% 30 17 92 9d 10 Tm - 38 McN -
TTKSK (Ug99) 5 21 9% 7b 11 6 8a 99 - 9 30 17 9a 9d 10 - 31 38 McN -
TTRTF (Sicily) 5 21 9% 7b 11 6 8a 9g 36 9b - 17 9a 9d 10 Tm - 38 McN 13

In Table 3.7, an analysis of variance is shown using genotype as factors and years
as replications. The differences between the lines were significant with respect to their
severity, showing that the ranking of severity or resistance due to a particular gene
remained similar over the years of the study.
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Table 3.7 ANOVA Table for stem rust AUDPC for 100 genotypes evaluated for five years (years
considered a replications) under natural infection at Conil, in the south of Spain, during the summer counter-
season under irrigation.

Source Sum of Df Mean Square F-Ratio P-Value
Squares

Between groups 3.59 99 3.63 4.0 0.0000

Within groups 3.66 400 914,606

Total (Corr.) 7.25 499

With regards to the reaction of commercial cultivars evaluated for two seasons
(2021 and 2022), results presented in Table 3.8 indicate that cultivars Athoris and
Euroduro were highly susceptible to susceptible, respectively. Cultivar Don Ricardo
exhibited an intermediate and possibly useful level of resistance, while cultivars Amilcar
and Calero showed high levels of resistance. In bread wheat, cultivar Tocayo was very
susceptible, as expected given that it was considered the susceptible check, and cultivar
Arthur Nick exhibited a reaction that could be considered as moderately to fully
susceptible. Cultivar Tejada was characterized by an intermediate level of resistance,
certainly interesting and potentially useful. Finally, cultivars Conil and Escacena were
found to have high levels of resistance to the prevailing races. The two modern triticale
cultivars, namely Bondadoso and Valeroso, were completely immune to stem rust, while
the old and obsolete cultivar Trujillo, exhibited an intermediate level of resistance, but
clearly allowing for some development of the pathogen.

Table 3.8 Stem rust AUDPC data calculated for commercial cultivars in off-season field trials (summer
under irrigation) under natural infection at the southern Spain location of Conil.

AUDPC
Cultivar 2021 2022 Mean
Durum Wheat
Amilcar 14 0 7
Euroduro 945 780 863
Athoris 1,400 1,135 1,268
Don Ricardo 70 78 74
Calero (rc)! 14 0 4
Bread Wheat
Arthur Nick 574 642 608
Tejada 35 215 125
Conil 0 78 39
Escacena 0 16 8
Tocayo (sc)* 1,260 1,572 1,416
Triticale
Bondadoso 0 0 0
Valeroso 0 0 0
Trujillo 14 175 95

Tocayo and Calero were susceptible (sc) and resistant (rc) checks.

In order to assess the genetic resistance options available against the Spanish stem
rust races, we have assembled a set of 100 genotypes, including the stem rust differentials
series, some breeding lines with known reactions to the African races of stem rust (based
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on CIMMYT data from the precision phenotyping platforms established in Ethiopia and
Kenya), other with known resistance genes introgressed through marker-assisted
selection at CIMMYT, and finally some sources of resistance used in the CIMMT
program. This set was evaluated under natural infection, during the counter-season under
irrigation, at the southern Spain location of Conil for five seasons (2018 to 2022). It was
also evaluated at the Jerez location in 2022, when stem rust was observed at high
incidence levels during the main season. Results of the AUDPC calculated for each
genotype are shown in Table 3.9. In all seasons, the inoculum pressure was strong, the
environmental conditions were favorable, and the stem rust severity was ultimately high,
allowing for reliable discrimination between genotypes, without possibility of escape.

In the first sub-group of lines, genotypes number 1 to 34, we can observe a general
coincidence between the reaction to the Spanish races over the five seasons and the
summary information from data collected in Ethiopia and Kenya for the same material.
Several exceptions are indeed observed, but the general tendency is present. Lines with
good resistance to the African races in Ethiopia and Kenya are, on average, more resistant
in Spain than those that are susceptible to the African races. As the resistance to the
African races decreases, the susceptibility to the Spanish races increases dramatically.

Within the lines with specific genes of resistance introgressed through marker-
assisted selection, the results indicate that Sr25 (line 35) and Sr22 (line 38), in monogenic
state, provide good to intermediate levels of resistance to the Spanish races, depending
on the season. Lines with both Sr22 and Sr25 present together (lines 39 and 40) were
characterized by the highest levels of resistance among this group. Lines with Sr38 have
shown variable reactions, from complete resistance (line 1) to intermediate resistance
(line 36) to outright susceptibility (line 37). Among the sources identified by CIMMYT
over the years for their resistance to the Ethiopian races (lines 41 to 60), some maintained
high levels of resistance to the Spanish races, including modern cv. Amria (Morocco),
CIMMYT breeding line 45, and old landrace type lumillo (line 42). Another accession of
lumillo (line 54) shows high infection levels indicative of susceptibility, possibly
indicating the existence of different biotypes within the landrace or misclassification of
the seed source. Among the same group, other sources with good resistance in Ethiopia
were characterized by intermediate, possibly interesting, levels of resistance to the
Spanish races, including breeding line 46, and modern cvs. Kronos (USA), Westbred 881
(USA), Calero (Spain) and Carpio (Spain), old and tall cvs. Boohai (Ethiopia), Trinakria
(Italy), and landrace type Khapli (India). One surprising result was the high level of
susceptibility of landrace type Reichenbachii (Turkey) which is one of the sources of
resistance most effective against the African races in Ethiopia and Kenya and used
significantly in the CIMMYT breeding program. Finally, sources of resistance gene Sr47
(USA), namely lines 56 to 58, exhibited promising levels of resistance, consistent with
their field adult-plant reaction to the African races in Ethiopia. Among the stem rust
differentials lines, only line 96, carrying Sr32, exhibited high levels of resistance, albeit
variable over years. Lines carrying genes Sr27, Sr33 and Sr35 had intermediate resistance
levels on average, again highly variable between years. The rest of the differential lines
were characterized by intermediate to very high susceptibility levels.
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Table 3.9 Stem rust AUDPC in four sets of differentials in off-season (summer) field trials at Conil
(Cadiz) and severity (%) at one normal season (spring 2022, Jerez).

Line Genotype Reaction in Ethiopia/Kenya AUDPC %Sev.
number designation Known genes 2018 2019 2020 2021 2022 Mean JER22
Lines with known reaction to stem rust in Ethiopia and/or Kenya

1 CIMMYT LINE 1 Resistant in Ethiopia - 5138 0 0 0 0 0 0 0
2 CIMMYT LINE2 Resistant in Ethiopia 89 28 125 738 383 272 10
3 CIMMYT LINE 3 Resistant in Ethiopia 120 150 125 747 270 282 10
4 CIMMYT LINE 4 Resistant in Ethiopia & Kenya 134 204 302 737 383 352 0
5 CIMMYT LINE 5 Resistant in Ethiopia & Kenya 254 275 508 1463 512 602 15
6 CIMMYT LINE 6 Resistant in Ethiopia & Kenya 178 295 413 1110 693 538 10
7 CIMMYT LINE7 Resistant in Ethiopia & Kenya 18 16 38 263 135 94 10
8 CIMMYT LINE8 Resistant in Ethiopia & Kenya 147 255 272 940 422 407 20
9 CIMMYT LINE9 Resistant in Ethiopia & Kenya 260 304 413 1552 608 627 10
10 CIMMYTLINE10 Moderately resistant in Ethiopia & Kenya 291 173 783 1630 869 749 30
11  CIMMYTLINE11 Moderately resistant in Ethiopia & Kenya 63 95 310 1033 400 380 20
12 CIMMYTLINE12 Moderately resistant in Ethiopia & Kenya 88 155 332 867 555 399 20
13  CIMMYTLINE13 Moderately resistant in Ethiopia & Kenya 235 215 550 1334 515 570 20
14 CIMMYTLINE 14 Susceptible in Ethiopia & resistant in Kenya 228 353 666 1203 473 584 20
15  CIMMYTLINE15 Susceptible in Ethiopia & resistant in Kenya 265 428 446 1318 583 608 10
16 CIMMYTLINE16 Susceptible in Ethiopia & resistant in Kenya 428 556 783 1883 738 878 10
17 CIMMYTLINE17 Susceptible in Ethiopia & resistant in Kenya 158 318 291 737 327 366 15
18 CIMMYTLINE18 Susceptible in Ethiopia & resistant in Kenya 291 1128 525 1627 784 871 30
19 CIMMYT LINE19 Susceptible in Ethiopia & Kenya 1105 1881 2380 5320 3290 2795 70
20 CIMMYT LINE20 Susceptible in Ethiopia & Kenya 1128 1821 2390 5465 3375 2836 40
21  CIMMYTLINE21 Susceptible in Ethiopia & Kenya 1040 1528 2390 5325 2922 2641 50
22 CIMMYT LINE22 Susceptible in Ethiopia & Kenya 900 1516 1805 5070 2897 2438 50
23 CIMMYT LINE23 Susceptible in Ethiopia & Kenya 816 1841 1565 4415 2802 2288 60
24  CIMMYT LINE24 Susceptible in Ethiopia & Kenya 731 1971 1655 4928 3745 2606 70
25  CIMMYT LINE 25 Susceptible in Ethiopia & Kenya 936 2498 2110 5180 4050 2955 70
26  CIMMYT LINE 26 Susceptible in Ethiopia & Kenya 936 2018 2150 5413 3520 2807 70
27  CIMMYT LINE27 Susceptible in Ethiopia & Kenya 458 1350 1350 3828 2915 1980 60
28  CIMMYTLINE28 Susceptible in Ethiopia & Kenya 355 743 723 1897 827 909 30
29  CIMMYT LINE29 Susceptible in Ethiopia & Kenya 1010 1488 2280 5203 2472 2491 40
30 CIMMYT LINE30 Susceptible in Ethiopia & Kenya 961 1635 2355 5040 2290 2456 50
31  CIMMYTLINE31 Susceptible in Ethiopia & Kenya 1315 1808 2210 5430 2787 2710 60
32 CIMMYT LINE 32 Susceptible in Ethiopia & Kenya 1301 1643 2320 5308 2742 2663 40
33 CIMMYTLINE33 Susceptible in Ethiopia & Kenya 1026 1449 1980 5010 2517 2396 60
34  CIMMYT LINE 34 Susceptible in Ethiopia & Kenya 919 1155 1545 4638 2232 2098 50
Lines with known resistance genes introgressed through marker-assisted selection
35 CIMMYT LINE 35 Resistant -5r25 Monogenic 141 175 185 985 400 377 15
36 CIMMYT LINE 36 Resistant - 5138 133 285 272 1151 900 548 10
37  CIMMYT LINE37 Susceptible - 5138 (marker only?) 661 494 1465 2778 1079 1295 40
38  CIMMYT LINE38 Resistant - 5r22 111 618 163 456 445 358 30
39  CIMMYT LINE39 Resistant - 5122 +5125 5 0 0 0 630 127 0
40 CIMMYT LINE 40 Resistant - 5122 +5125 24 8 0 0 225 51 0
Various sources of resistance and suceptible checks
41  AMRIA Resistant in Ethiopia 181 0 60 979 0 244 10
42 TUMILLO Resistant in Ethiopia 18 23 0 384 0 85 5
43 KHAPLI Resistant in Ethiopia 298 34 0 1395 315 408 0
44  SNITAN*2/RBC Resistant in Ethiopia 438 470 555 2067 353 776 40
45  JUPAREC2001*2/KHAPLI Resistant in Ethiopia 5 20 0 155 450 126 10
46  JUPAREC2001*2/RBC Resistant in Ethiopia 191 106 383 798 563 408 30
47 BOOHAI Resistant in Ethiopia 215 109 56 1344 113 367 30
48 KRONOS Resistant in Ethiopia 446 193 272 1548 315 555 20
49  TRINAKRIA Resistant in Ethiopia 234 129 177 867 439 369 20
50  WESTBRED 881 Resistant in Ethiopia 211 129 56 1290 405 418 0
51  CALERO Resistant in Ethiopia 336 135 639 564 1070 549 15
52 CARPIO Resistant in Ethiopia 241 251 272 410 468 328 15
53  ATRED#1 Susceptible in Ethiopia 1495 869 2070 4233 2473 2228 60
54  TUMILLO Susceptible in Ethiopia 489 384 1098 2275 685 986 40
55 ~ REICHENBACHII Resistant in Ethiopia 486 629 1225 2580 1622 1308 40
56 RWG35-5m47 Resistant in Ethiopia 85 320 86 630 743 373 10
57  RWG36-5147 Resistant in Ethiopia 72 234 12 541 630 298 0
58 RWG37-5147 Resistant in Ethiopia 211 523 250 689 332 401 0
59  ATRED#2 Susceptible in Ethiopia 1248 1623 1565 5180 2410 2405 60
60  SOOTY_9/RASCON_37 Susceptible in Ethiopia 925 1420 1750 4433 2410 2188 60
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Stem rust differentials

61 ISR5-RA CI14159 376 830 978 2102 1070 1071 20
62 ISR6-RA -SR6 321 873 1235 2458 1020 1181 40
63 ISR7B-RA SR7B-? 370 712 1263 2472 1250 1213 50
64 ISR8A-RA CI14176 435 947 1595 2405 1125 1301 30
65 ISR9A-RA 418 660 1200 2440 817 1107 50
66 W2691 SR9B SR9B-? 978 918 930 2440 1825 1418 70
67  VERNSTEIN-SR9E CI3686 825 1864 2000 4538 2310 2307 50
68 CNS TC 2B/LINEE, SROG 1091 1568 2850 4700 3288 2699 30
69 ISR9D-RA SRID-? 592 1202 3045 2940 1697 1895 30
70 W2691 SR10 SR10-? 1058 1471 2610 3273 1580 1998 60
71 ISR11-RA SR11-? 261 361 570 1545 955 738 50
72 COMB.VII-SR17,SR13 CRL1.15 459 752 690 1675 1025 920 20
73 T. MONOCOCCUM-SR21+ CRL5.23 315 811 323 2298 2805 1310 40
74 LCSR24AG -SR24 159 503 413 1980 1183 848 30
75 BTSR30WST SR30 567 988 723 4588 2565 1886 50
76 SR31/6*LMPG -SR31 476 1272 1125 4052 2020 1789 50
77 W2691SRTT-1 SR36-? 543 1646 1640 4400 1990 2044 50
78 CNSSRTMP -SRTMP 501 1297 1153 4012 1621 1717 40
79 TRIDENT 475 1015 1355 3563 1374 1556 50
80 MCNAIR-701 618 1320 2300 3300 2062 1920 50
81 MDS/W2691/-SR7A,SR10 1171.330.11 575 1568 1540 3998 3322 2201 60
82 BARLETA BENVENUTO,SR8B 593 1528 1200 4320 2675 2063 50
83 ISR5SB-SROF CI14162 357 856 663 2420 1295 1118 60
84 BTSR 12TC 316 1325 900 2380 1275 1239 50
85 W2691Sr13 430 1451 1193 1482 439 999 50
86 W2691*2/NORKA-SR15 CRL1.13 933 1663 2660 4915 3765 2787 70
87  ISR16RA SR16-? 252 829 875 2028 1887 1174 60
88 LC-SR19-MQ 292 913 1350 2560 1677 1358 70
89 LC-SR20-MQ 508 1206 1500 3683 2930 1965 60
90 SWSR22T.B. 1.70.565.11-? 530 701 413 1792 1150 917 50
91 EXCHANGE-SR23,SRMCN CI12635 530 754 840 2385 1987 1299 50
92 LC-SR25-ARS 532 703 963 2720 2162 1416 60
93 EAGLE-SR26,SR9G 616 313 701 2955 2042 1325 60
94 COORONG TRITICALE-SR27 230 252 538 1295 560 575 20
95 PUSA/EDCH-SR29 491 533 848 1965 1887 1145 60
96 C77.19 SR32 225 181 185 497 335 284 20
97  TETRA CANTHATCH/AE.SQ-S RL5405 401 310 204 1122 488 505 40
98 COMPAIR-SR34 PI325842 325 393 808 1795 1445 953 60
99 W3763-SR35 41 398 375 715 1143 534 15
100  W2691 SR37TT2 CRL5.171.B 666 1005 1845 2047 700 1253 50

3.5 Discussion

In southern Spain, wheat is produced primarily under rainfed, often drought-
prone, conditions with highly variable, but generally low yields, depending primarily on
the amount and distribution of rainfall during the cropping season (Table 3.1). In such an
extensive and relatively high-risk production system, the economic viability of any crop
requires the maximization of yield potential expression under the prevailing climate
conditions in any given year and the minimization of production costs. Genetic control of
rust diseases, possibly the biotic factor most likely to prevent maximum yield expression
in the region, does both. Not only is it key to the economic viability of wheat, but it also
reduces the environmental footprint of the crop and the entire production system. The
first step in achieving effective and durable genetic control of rust diseases is the thorough
characterization of the lineages/races of the pathogen present in the region and the
adjacent areas. The second step involves assessing the previously characterized genetic
options available (known resistance genes) as well as non-characterized resistance
sources for their suitability against the prevailing lineages/races of the pathogen. The
objectives of the present study were to collect such information and provide such an
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assessment for the south of Spain, with the ultimate goal of guiding breeding and variety
selection programs serving the region in their efforts to develop and deploy cultivars with
effective and durable resistance to yellow and stem rust.

The present study relied exclusively on natural infection of both rusts. This
ensured that pathogen sampling for race analyses and genotyping did involve
lineages/races that were representative of those actually present and relevant in the region.
The long duration of the study (seven years) also contributes to the robustness and
relevance of our results. The results reported herein were exclusively from location/year
combinations where disease incidence was sufficiently high and uniform to enable the
reliable differentiation between genotypes. Location/year combinations with too little or
no disease incidence were not considered.

Results from samples taken from plots from the present study indicated that
yellow rust lineages PstS10 (Warrior-), PstS13, and PstS14 prevailed in southern Spain
in recent years. Reports from other areas of Spain also refer to the presence of PstS4 and
PstS7 (Warrior). Some of these lineages were known to be present in the Guadalquivir
valley (Martinez-Moreno and Solis, 2019), but did not cause serious epidemics until
2015, when an outbreak in northern Spain was attributed to the Warrior race. This race,
previously described in Denmark, France, England, Germany, and Sweden, circumvented
the resistance of most commercial wheat cultivars in these countries. It is reported to have
originated in the Himalayan region of Pakistan, subsequently spreading rapidly
throughout the wheat area of Europe (Maet al., 1995, Hovmoller et al., 2016). The region
where our research was conducted, was in fact, one of the last to be reached by this race,
probably because it was in the far southwestern corner of Europe with infrequent
occurrences of favorable weather conditions. The newer lineages, PstS13 and PstS14, are
probably those to pay more attention to, as their presence was generally associated with
slightly higher disease incidence on commercial cultivars evaluated in this study. This
was particularly visible in the commercial durum wheat cultivars, with the appearance of
some incidence, albeit at very low levels, during the last years of the study, as PstS13 and
PstS14 became present. PstS14 was detected in 2016 in Morocco and Sicily (Italy) by the
GRRC. This lineage (virulenton Yr2,Yr3,Yr6, Yr7,Yr8, Yr9, Yrl7,Yr25,Yr32,and YrSp)
was first detected in Spain in 2017 (GRRC, 2023).

The monitoring of the reaction of commercially grown cultivar of bread wheat,
durum wheat and triticale has been useful to provide an assessment of the risk facing the
southern Spain wheat production sector, and how urgent it is to mitigate it. The fact that
highly resistant, locally adapted, commercially successful, cultivars exist for the three
crops, is a very positive outcome as they provide immediate genetic solutions to the threat
of yellow rust, on the wheat production in southern Spain, solutions that seed companies
and growers have successfully deployed and that breeding entities could use as sources
of resistance in their improvement programs.
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While the number of commercial cultivars of each crop evaluated in this study
may be too small to make generalized inferences on the resistance to yellow rust of the
different species, our results clearly indicate that the durum wheat and triticale cultivars
evaluated were much less affected by the southern Spanish lineages of yellow rust than
bread wheat. Durum wheat cultivars were in most instances immune to the disease, and
even when some symptoms were present, generally starting the 4™ year of the study, they
amounted to very low infection scores, too low to consider them susceptible. One possible
exception may be the cultivar Athoris, which closely approached a susceptible score, but
only at one location in the last year of the study. Recently released commercial triticale
cultivars also maintained near-immunity or immunity to yellow rust over the duration of
the study. The old cultivar Trujillo, selected from a group of CIMMYT lines released in
the early 1980s in several countries worldwide, has lost its resistance to yellow rust (and
other diseases) decades ago in Mexico, Spain and Tunisia (M.S. Gharbi, personal
communication). While this was reflected during the duration of this study, Trujillo
susceptibility levels remained inferior to those observed in the susceptible bread wheats.
While resistant bread wheat cultivars Tejada and Arthur Nick exhibited resistance levels
similar to that of resistant durum wheat and triticale cultivars, susceptible cultivars Califa
and Escacena were characterized by levels of susceptibility unseen in the other two
species.

The generally better and, to a certain extent, more frequently seen genetic
resistance of durum wheat and triticale compared to bread wheat observed in the small
sample of cultivars evaluated in this study, has been observed more widely in the south
of Spain and worldwide. Among the germplasm of the three crops annually sent by
CIMMYT to southern Spain for the past 20 years, highly susceptible durum or triticale
lines were extremely rare, but highly susceptible bread wheat lines were regularly
observed, albeit at a low frequency. Unpublished data collected from International
Nurseries distributed globally by CIMMYT to numerous cooperators worldwide, indicate
that the great majority of the CIMMYT durum wheat germplasm exhibits virtually
generalized high level resistance, almost everywhere it is tested. On the other hand, a
significant, even though generally low, frequency of susceptibility can be seen in the
CIMMYT bread wheat germplasm distributed in the same International Nurseries.

The results of this study and the information discussed in the above paragraph
may objectively indicate less of an emergency to work on enhancing the genetic basis for
resistance to yellow rust in durum wheat. However, recent developments in the
pathogen’s populations in Chile should serve as a call for vigilance for breeding programs
working with this crop. In 2019, a never-before-seen yellow rust epidemic appeared in
commercial durum wheat fields in central Chile and, in the experimental fields of the
national program, 70% of the lines evaluated as part of CIMMYT’s International Durum
Wheat Screening Nursery exhibited, atypically, high levels of susceptibility to the disease
(I. Matus, INIA-Chile, personal communication), while the same germplasm maintained
its virtually generalized resistance to yellow rust everywhere it was tested outside of Chile
(data not published). Thousands of breeding lines from the CIMMYT program were
subsequently send to INIA Chile for evaluation of their reaction to the local race of yellow
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rust, confirming the very high frequency (close to 70%) of susceptible lines, within this
germplasm group. While there is no evidence so far that this race made it out of Chile,
durum wheat breeders in the Mediterranean basin, including those providing germplasm
to southern Spain, need to assess the risks associated with such a devastating race
appearing in their region. The collaboration between INIA-Chile and CIMMYT to
address this threat to the local durum production has also resulted in a proactive
preventive breeding effort by CIMMYT, to increase the frequency of resistance to the
Chilean race in its germplasm pool.

Since the 1970s, a significant part of the spring bread wheat cultivars sown in
southern Spain originated from the Mexico-based CIMMYT breeding program. A wide
range of Yr genes were deployed by this program, such as Yr6, Yr9 and Yr17. These were
quite common in the past, but their resistance has been overcome by new races. On the
other hand, Yr27, a gene still used by CIMMYT and most likely present in the bread
wheat material planted in Andalusia, is effective against the Warriors lineage (Ali et al.,
2017, Hovmoller et al., 2016, Yan et al., 2003). In this study, this gene has provided an
intermediate resistance. The other genes that are worth mentioning in terms of their
usefulness against the southern Spanish lineages are Yr5, Yr10 and Yr15, which presence
in the differentials series was associated with an immune reaction for the duration of the
study. Yr5, located on chromosome 2BL, is effective against most yellow rust races
worldwide and originated from T. spelta (YYan et al., 2003). Yr15 is another gene that is
performing well all over the world, including against the Warrior races. It originated from
wild emmer (T. turgidum ssp. dicoccoides) and was transferred to chromosome 1BS of
bread and durum wheat. It has been recently cloned and found to encode a compound
protein kinase-pseudokinase in tandem (Klymiuk et al., 2018). Because of their global
effectiveness against most yellow rust races worldwide, and the availability of reliable
molecular markers, that could facilitate their introgression in elite germplasm, these genes
represent very attractive protective solutions, and are bound to be used extensively by
breeding programs worldwide and deployed over large production areas across
continents. This could, theoretically, expose them to being circumvented by rapidly
evolving pathogen populations, as seen in the past for many such genes. It is therefore
useful to keep characterizing new sources of effective resistance to yellow rust, to
facilitate their use in breeding and provide wheat breeders and variety developers, with a
more ample and diversified set of genetic options to mitigate the threat of yellow rust.

Unlike yellow rust, stem rust is not yet a commercial problem in Spain, but, in
recent years, the pathogen occasionally appeared at the end of the regular wheat growing
season in the south of the country. Historically, when the very late maturing and generally
stem rust susceptible landraces were grown extensively around the Mediterranean basin,
the disease was not uncommon. It was a scenario of a susceptible host maintaining green
tissue well into the late spring season (May-June) providing the late appearing pathogen
with favorable conditions to successfully infect the crop. With the complete displacement
of these landraces by the earlier, fast maturing semi-dwarf wheats from the Green
Revolution, which also were mostly resistant to the older stem rust races in the region
thanks to the effective genes Sr2 and Sr31, the disease virtually disappeared and stopped
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being a yield threatening concern. However, recent developments in the pathogen
populations and more regular appearances of the disease around the Mediterranean basin,
as presented in the introduction, have raised concerns, and prompted us to consider stem
rust as a potential emerging threat to wheat production in southern Spain.

All evaluations were again done relying exclusively on natural infections, that
occurred during each of the five years of this study and developed into intense epidemics,
thanks to the weekly irrigations implemented for the summer sowing (off-season
planting), which brings together green leaf tissue from susceptible hosts, a virulent
pathogen, and favorable conditions for infection. Based on the off-season field readings
from this study and DNA analysis at the GRRC, the predominant groups present during
the current study were Clade 1VV-B (TKKTF) and Clade IV-F (TKTTF) (GRRC, 2023).
As reported by Abdedayem et al. (2023), stem rust has recently reappeared in many parts
of Europe, and Clade IV-B and Clade IV-F were found to be present in Spain, Italy,
France, Morocco, and Tunisia. The presence of the Sicilian TTRTF race in southern Spain
and during the present study was considered improbable, as this race is virulent on Sr13
(Olivera et al., 2021), and the line harboring Sr13 was always resistant (partial resistance)
over the duration of this study. Molecular markers identified 37 strains collected in France
in 2021, as part of the sampling campaign from the RustWatch (European project
coordinated from the GRRC aimed at characterizing the main rusts races in Europe). All
of them clustered into two genetic groups, namely Clade IV-B and Clade IV-F. These
two groups were already detected in 2019 and 2020 in nurseries of Tle-de-France and in
2018 and 2019 in Italy. All this information strongly indicates that these are indeed the
main stem rust races in Mediterranean Europe (Hovmoller et al., 2023), and probably also
in North Africa. Besides, according to DNA analyses of samples sent to the GRRC from
all parts of Europe, the races of the Ug99 family have not reached Europe. This was
confirmed in the case of southern Spain as the local races and the Ug99 lineage differed
in their virulence on Sr24 and Sr31 (Bhavani et al, 2019, Hale et al., 2013, Shahin et al.,
2020).

Another clear difference between yellow and stem rust resides in the level of
expression of their resistance. While resistance for yellow rust was often expressed as a
fully immune reaction (complete absence of pustules), such reaction was very rare for
stem rust (1 genotype out of the 100 evaluated in the present study), including when genes
know to have major effects, such as Sr22, Sr25 and the combination of both, were present.
None of the differential lines exhibited a near immune reaction indicating that no known
R-gene would in fact provide such a “clean” reaction. This is consistent with the
observations made by Ethiopian and CIMMYT scientists over many years, screening
thousands of lines in Ethiopia, at the Debre Zeit experimental site hosted by the Ethiopian
Institute of Agricultural Research (EIAR). This different expression of resistance to stem
rust is important to point out as breeding programs around the Mediterranean basin have
traditionally selected immune types with regards to leaf and yellow rusts. Those
contemplating local resistance breeding efforts against stem rust will need to adjust their
visual selection thresholds for what would constitute an effective and useful resistance
level.
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Results from the monitoring of the reaction to stem rust of the main cultivars
grown in Spain, clearly indicate suitable commercial genetic solutions are immediately
available to farmers in the south of Spain, should this disease become an issue in the main
season. While the probability of this happening may be considered low, it did indeed
materialize during the present study at the Jerez location in 2022. Durum cultivars
Amilcar, Don Ricardo and Calero, bread wheat cultivars Tejada and even Conil, and
triticale cultivar Bondadoso and Valeroso, were consistently resistant to both yellow and
stem rusts. While the commercial availability of locally adapted cultivars with such
resistance is a very positive result, it is important to keep in mind the virulence spectrum
of the races these commercial cultivars were resistant to, particularly with regards to the
avirulence of the Spanish races on Sr13. Virulence on Srl13, a gene that has substantially
contributed to the protection of durum wheat from several germplasm pool, while still
absent in Spain, is present in the south of Italy, and it is unavoidable to assume that this
virulence will soon reach the south of Spain. Results from screening a large collection of
durum wheat lines from different germplasm pools against the race JRCQC (with
combined virulence on Sr9e and Sr13) (Olivera et al., 2012), revealed a very low
frequency of resistance, reportedly 5.2% (Olivera et al., 2010). The very low frequency
of resistance against the Ethiopian races, with combined virulence on Sr9e and Sr13, was
consistently confirmed upon screening thousands of CIMMYT lines over years in
Ethiopia (data not published). In this context, it becomes clear that the races currently
present in Spain do not represent an unmanageable threat to the local wheat production,
but that the most important and consequential threat would come from an eventual
appearance of races with Sr13 virulence. Any preventive breeding effort or variety
selection program to provide stem rust resistant cultivars for the south of Spain should be
aiming at resistance to races with combined virulence on Sr13/Sr9e, and not resistance
merely to the races currently present in Spain. This can be effectively addressed using
recent CIMMYT germplasm that was pre-screened for resistance to the African races,
either to the Ug99 lineages via the selection in Kenya for bread wheat or to the Sr13/Sr9e
virulence, via evaluation of lines in Ethiopia for durum wheat. Results from the present
study confirm the suitability of this approach, as many of the durum lines known to have
acceptable levels of resistance in Ethiopia and Kenya were also resistant to the currently
present races in the south of Spain.

In terms of the usefulness for the south of Spain of single genes or gene
combinations known to provide good resistance to stem rust globally, Sr22 and Sr25 in a
monogenic state, were found to provide adequate protection against the Spanish races in
the present study, while also known to be effective against the African stem rust races
(data not published). Sr22 originated from T. monococcum ssp. boeoticum and T.
monococcum and the translocated segment has been mapped on chromosome 7AL of
wheat (Khan et al., 2005). It has not been extensively used due to an associated yield
penalty and a delay in heading date (Khan et al., 2005). In fact, the Sr22 introgression
line used in this study, is agronomically inferior and, based on unpublished CIMMYT
data, has limited yield potential and drought tolerance, and was therefore never distributed
globally, but used as new donor of the gene for subsequent crossing/selection to pyramid
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with other resistance genes, while selecting for better agronomic types with the least
possible yield penalty. Sr25, linked to Lrl9, was transferred to bread wheat in a
translocated segment from Lophopyrum ponticum, also mapping on chromosome 7AL. It
has been extensively deployed in many spring bread wheat cultivars of the middle and
lower Volga regions of Russia (Sibikeev et al., 2021); with some presence in the
CIMMYT bread wheat germplasm. When introgressed into durum wheat, this gene
provides good levels of resistance to the Spanish races (as indicated in the present study),
as well as to the Ethiopian durum races. The first generation of CMMYT lines with Sr25
introgressed expressed variable levels of yield penalties, especially under drought. After
two cycles of crossing/selection, new CIMMYT germplasm carrying Sr25 with no yield
penalty has been developed (data not published). The combination Sr22+Sr25 is
attractive to use in breeding as loci for the two genes, are very closely linked on
chromosome 7AL. Once assembled in the correct genetic configuration, they should
effectively be inherited together with very little probability of being separated in further
cycles of crossing/selection. The combination was found to be the most effective against
the current Spanish races of stem rust, with reactions generally close to an immune
response in the present study. Its use in spring bread wheat breeding programs in Russia
was found to be associated with a higher ratio of dough tenacity to extensibility and lower
flour strength, porosity, and bread volume (Sibikeev et al., 2021). In CIMMYT durum
wheat backgrounds, the first generation of lines carrying both genes were characterized
by severe yield and drought tolerance penalties, but after two cycles of crossing/selection,
the last generation of such lines have compensated for much yield or drought tolerance
penalties, making them useful improved parents to use in any breeding programs.

Other genes, such as Sr38, with limited usefulness in bread wheat breeding against
stem rust may still be useful for durum wheat. Included in a translocated 2NS fragment
from T. ventricosum onto bread wheat chromosome 2AS (Bariana et al., 1993), it was
extensively used for its triple resistance to rusts, as it carries genes Lr37 and Yrl8, in
addition to Sr38. This gene is now considered to have limited utility against stem rust in
bread wheat. In the present study, it was carried by the cultivar Trident that was found to
be susceptible to the Spanish races. However, when introgressed into a durum
background, it had a variable effect against the Spanish races, ranging from complete
immunity to complete susceptibility. The original introgression line (line 36) had and
intermediate level of resistance to the Spanish races, with highly resistant field reactions
to the African durum races in Ethiopia and Kenya. The other Sr38 introgression line (line
37), had a rather susceptible reaction to the Spanish races, and was characterized by an
intermediate to susceptible reaction against the Ethiopian races, suggesting a possible
recombination between the molecular marker used in the introgression and the actual
gene. Line 1 of the set evaluated herein, was a result of introgression of Sr38 via marker-
assisted selection in a CIMMYT elite background, that had already a good level of
resistance to the African races of stem rust, hence its immune reaction, likely due to
additive effects of several genes, including Sr38. Rust resistance genes with limited to no
usefulness in bread wheat but with significant value for durum wheat breeding are not
unheard off. A clear example is that of Lr14a gene for leaf rust resistance. It is useless in
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bread wheat breeding, as most bread wheat leaf rust races are virulent on this gene.
However, most races that are virulent on durum wheat are avirulent on Lrl4a gene,
making it one of the most useful sources of genetic resistance in durum wheat for many
years (Maccaferri et al., 2010), until it was recently circumvented around the
Mediterranean basin (Soleiman et al., 2016), but continues to be highly effective
everywhere else, to this day.

The only other known and well characterized genes, to consider in
developing/selecting stem rust resistant cultivars for the south of Spain, are Sr27, Sr32
and Sr35. These were characterized by very low levels of infection in the presence of the
Spanish races (this study) and are also provide good protection against the Ug99 lineage
and derivatives (Jin et al., 2007, Upadhyaya et al., 2021, Mago et al., 2013). Sr27 is
located on a segment from chromosome 3R of rye translocated onto chromosome 3A of
bread wheat (Upadhyaya et al., 2021). Sr32 originated from A. speltoides and was
transferred to chromosome 2DS in bread wheat (Mago et al., 2013). Finally, Sr35 is
located on chromosome 3AL of bread wheat, and was transferred from T. monococcum
(Jin et al., 2007). As for several of the previously mentioned, the origin of these genes is
a translocated segment from wild relatives of wheat, which will require an assessment of
the likely yield or quality penalties that could come with the resistance genes, especially
if they are to be transferred to durum wheat.

3.6 Conclusions

Results of the present study clearly indicated that the main lineages of yellow rust
detected in recent years in southern Spain were PstS13, PstS14 and PstS10 (Warrior-),
and those for stem rust were Clade 1V-B and Clade IV-F, both avirulent on the important
gene Srl3, as seen in most of Europe and North Africa, with the exception of southern
Italy, with its Sicilian races harboring virulence on Srl13. For both diseases, the high
and/or useful levels of resistance to the Spanish lineages/races exhibited by some of the
most widely grown commercial cultivars of bread wheat, durum wheat and triticale
indicate that, on the short term, the threat to these crop production may be effectively
mitigated. Various known resistance genes were shown to be potentially useful in
breeding for resistance to either disease and could provide effective protection in the near
future. However, future breeding efforts will need to consider not only the lineages/races
currently present in Spain, but also the rapidly evolving pathogen populations in and
outside the Mediterranean basin, implementing strategies that include resistance to
linages/races currently absent locally but that could potentially come in and threaten the
wheat production in southern Spain in the near future.
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Capitulo 4. Tackling unbalanced datasets for yellow and leaf
rust detection in wheat. A novel methodological approach

4.1 Abstract

This study assesses the efficacy of hyperspectral data in detecting yellow and leaf rust in
wheat. Machine learning models—ANN, SVM, RF, and GNB—were evaluated, with
SVM and RF models demonstrating the highest accuracies, particularly when SMOTE-
enhanced datasets were used. For yellow rust, the RF model achieved 70% accuracy using
unaltered data, while for leaf rust, the SVM model performed best, with an accuracy of
78.35% when SMOTE was applied to the training set. The study underscores the potential
of spectral data and machine learning in plant disease detection and calls for advanced
research in data processing techniques, particularly in the application of SMOTE and its
impact on model performance.

4.2 Introduction

Wheat is most cultivated crop in the world, with an annual area of about 220 Mha
in 2022/23 (Faostat, 2023). The severity of foliar diseases, such as the rusts is directly
related to decreased yield and grain quality (Sauceda-Acosta et al., 2015). Yield loss
caused by diseases like the wheat rusts vary depending on the resistance/susceptibility of
the cultivars deployed in particular regions, the climate and soil of the region, and the rust
species affecting the crop (Savary et al., 2019). Potential loss may reach up to 1% in
resistant varieties but, in susceptible cultivars, this value can be almost 100% under
favorable conditions for the disease (Beard et al., 2005). Consequently, early disease-
detection is essential to optimize their management and maximize crop production
(Salvagiottu et al., 2005; Orchi et al., 2021).

As it was mentioned before, crop disease identification has primarily relied on
human visual inspection (Yadav et al., 2019). However, this method is subjective, time-
consuming, and prone to human error (Bock et al., 2010). As an alternative to visual
methods, many technologies based on remote sensing have been developed to achieve
more accurate, rapid, and cost-effective detection of crop diseases (Zhang et al., 2019).
These technologies offer great potential for early and non-destructive detection of plant
diseases, enabling timely intervention (Terentev et al., 2021).

From a remote-sensing perspective, disease detection is carried out using various
tools (Yang, 2020). However, in the past year, the use of spectral information has gained
significance, as highlighted by Wan et al. (2022). The reliance on spectral information is
based on the understanding that each disease induces unique spectral reflectivity patterns
in crops, resulting from the harm inflicted on plant tissues (Clevers, 1999). The changes
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can be detected by hyperspectral sensors (spectroradiometers and cameras), considered
the state of the art for disease detection in crops (Guzman-Alvarez et al., 2022). These
sensors offer an exceptional level of spectral resolution, capturing data related to biotic
and abiotic stresses that might not be easily detected by other sensors with lower spectral
resolution (Di Bella et al., 2008).

Among the hyperspectral sensors, hyperspectral cameras have emerged as a
promising alternative to spectroradiometers. They provide the unique capability to
capture a high-resolution spectrum for each pixel in an image. Despite their advantages,
hyperspectral images do have several limitations, including the equipment’s cost that
should be considered. According to the work conducted by Roberts et al. (2018), the
issues are related to the availability of robust commercial instrumentation and the large
amount of data generated during the analysis. Due to the large amount of data generated,
hyperspectral images require extensive processing work, which involves a significant
amount of time and complex algorithms to reduce spectral dimensionality (Paoletti et al.,
2019). In this regard, spectroradiometers, while less precise because they don't provide
an image as an outcome, are a more affordable solution both from an economic standpoint
and in terms of data processing.

Many approaches have been derived for data processing of spectroradiometers
and hyperspectral cameras. One of the most widely used approaches is the application of
vegetation spectral indices, obtained from the combination of specific spectral bands
(Gilabert et al., 1997). These indices may detect crop diseases by observing changes in
the leaf external (i.e., necrosis and chlorosis,) and internal architecture (i.e., chloroplast
dysfunction) as is explained by Ling et al. (2017). Extensive research has been conducted
to detect diseases using spectral indices. As an example, Devadas et al. (2009) showed
the suitability of specific indices like the Anthocyanin Reflectance Index (ARI) to
discriminate between healthy and rust-infected wheat leaves at a medium-late growth
stage, and the Transformed Chlorophyll Absorption in Reflectance Index (TCARI) to
detect wheat leaf rust. Other studies, such as the one conducted by Ashourloo et al. (2014),
demonstrated remarkable accuracies exceeding 85% in estimating disease severity using
a Leaf Rust Disease Severity Index (LRDSI). While the LRDSI has been successful, it
has limitations in the early detection of symptoms due to the spectral similarity between
affected and healthy leaf areas. Spectral indices offer valuable insights; however, in
certain scenarios, they may fall short, as they don't encompass the comprehensive data
required for in-depth research analysis.

An alternative to employing spectral indices for disease identification is
leveraging the full spectrum of radiation reflected and captured by hyperspectral sensors.
However, given the vastness of hyperspectral datasets and their intricate processing
requirements, the integration of machine learning (ML) models with hyperspectral data
for disease identification has garnered increased interest in recent years. In this sense,
models such as Artificial Neural Network (ANN), Support Vector Machine (SVM),
Random Forest (RF) or Gaussian Naive Bayes (GNB), among others, have been proposed
(Su et al., 2020, Singh et al., 2016).
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While there has been success in utilizing hyperspectral information for disease
detection, the research thus far often relies on datasets with limited data volume. This is
particularly concerning in the context of machine learning. For the construction of a
resilient ML model, a comprehensive and balanced dataset is essential for achieving broad
generalization. However, field data collection requires considerable effort and resources,
which limits the availability of data for analysis. Because of this, it is common to employ
data augmentation techniques to improve the overall learning procedure and performance
of ML models. Data augmentation is primarily performed on imbalanced datasets, which
exhibit a significant disparity in the number of data instances in each class (Hadad et al.,
2009). This imbalance has consequences for the learning process by resulting in low
predictive accuracy for the minority class (Daskalaki et al., 2006), as many performance
measures used to guide training penalize minority classes. Rules that predict minority
classes are highly specialized and have low coverage, which often causes them to be
discarded in favor of more general rules. In addition, the treatment of noise may affect
the classification of minority classes, as they may be erroneously discarded as noise
(Pulgar et al., 2018).

According to the literature review by Kamilaris and Prenafeta-Bold( (2018), 37%
of the reviewed articles apply data augmentation and highlight the importance of such
techniques in scientific works with small hyperspectral datasets (i.e., images). Regarding
the augmentation of hyperspectral data obtained through spectroscopy, little information
is available. Chawla et al. (2002) introduced the Synthetic Minority Over-sampling
Technique (SMOTE), which interpolates between minority class instances to address data
imbalance. This tool augments the minority class by generating new synthetic data based
on existing examples. From an agriculture perspective, researchers like Ma et al. (2019)
employed SMOTE to balance the imbalanced training dataset, aiming to develop a model
that distinguishes between powdery mildew and aphid infestations in winter wheat using
bi-temporal Landsat-8 imagery. A more recent study by Divakar et al. (2021) utilized
SMOTE to classify areas affected by wilt disease in bananas.

Based on the aforementioned literature review and to the best of our knowledge,
this technique has rarely been applied to agricultural tasks, particularly for the detection
of wheat leaf rust. Hence, this study aims to evaluate the feasibility of differentiating
cultivars affected by yellow rust and leaf rust in bread and durum wheat, respectively,
using full spectral signatures acquired through spectroscopy. Moreover, it will assess the
impact of the SMOTE algorithm on the development of machine learning models for the
accurate detection of both types of rust.
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4.3 Materials and Methods

4.3.1 Greenhouse experiment and data collection

The greenhouse experiment was conducted in the facilities at the School of
Agricultural Engineering, University of Seville (37°21'9” N, 5 °© 56 ' 10.5 ' W; Datum:
WGS84), Spain, during the growing season 2020/2021. The experiment involved two
separate trials: one with durum wheat (Triticum turgidum L. ssp. durum (Desf.) Husn.)
and another with bread wheat (Triticum aestivum L. ssp. aestivum). The first trial
comprised three cultivars of durum wheat with different types of resistance to leaf rust:
Don Ricardo (resistant), Amilcar (intermediate resistant), and Kiko Nick (susceptible);
while the second trials involved three cultivars of bread wheat with different degrees of
resistance to yellow rust: Arthur Nick (resistant), Conil (intermediate resistant), and
Califa (susceptible). In both trials, four seeds of each cultivar were sown in 3 liters pots
(filled with a peatmoss and sand mix, 2:1 vol./vol.) to finally get two healthy plants. Pots
were arranged in a randomized design with twelve pots per cultivar, resulting in an
experiment of 36x2=72 pots. All plants were properly irrigated and fertilized throughout
the experiment. Wheat plants were inoculated at DC 53 (flag leaf extended and a quarter
of the ear emerged) (Zadoks et al., 1974), on days 87 and 94 after sowing for bread and
durum wheat, respectively. The plants of six pots of each cultivar were rust inoculated,
while the other six remained rust free. Durum wheat plants were inoculated with leaf rust
isolate CONDJA13 (BBBSJ) (Aoun et al., 2020), while the other half were used as
uninfected checks. The plants of the 18 pots of each trial were inoculated by dusting a
mix of uredospores and talcum powder (20 mg of spores: 1.200 mg of talcum powder).
The leaves of the plants were manually bent to a semi-horizontal position that facilitated
the inoculation and deposition of the spores. Inoculated plants were placed in an
incubation compartment within the greenhouse at 18-20 °C, with darkness and humidity
at saturation for 15 hours. Then, pots were placed back to their grown compartment. In
the same way, six pots of each bread wheat cultivar were inoculated with yellow rust
isolate ECIJER18 (PstS10 or Warrior-) (Ali et al., 2017), but plants were incubated for
24 hours. Infection type was assessed visually about 16 days after inoculation according
to the McNeal scale. This scale is 0-9, where infection type lower than 7 indicated a
resistant response, and infection type of 7 or more indicated a susceptible response
(McNeal et al., 1971). Besides, rust severity was taken weekly during three times,
beginning the day of infection type scoring. Severity was assessed following the modified
Cobb scale (Peterson et al., 1948), expressed as a proportion of foliar surface covered by
pustules with respect to the total plant (from 0 to 100%). In the resistant cultivars, necrosis
(yellowish) tissue surrounding the pustules were also measured as a proportion of total
foliar area.
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Figure 4.1 Illustration showing the experimental design (a), the inoculation process (b) a detailed view of
leaves with leaf rust (c) and, the position of the spectroradiometer during the measurements (d).

Simultaneously, three spectral measurements were acquired for each pot from a
distance of 0.15 m around the plant. These measurements were taken by directly targeting
the affected areas using a portable spectroradiometer (UNISPEC-DC, PP-systems, Inc.,
Amesbury, MA, USA). This sensor allows the measurement of reflectance from two
optical fibers, channels A and B. One channel records the incident radiation while the
other records the reflected radiation. Each channel includes a photodiode detector that
covers a spectral region ranging from 310 to 1100 nm. The sensor offers a spectral
resolution between 3.1 and 3.4 nm. To calibrate the spectroradiometer, a white reference
(99% reflectance Spectralon panel) was utilized. Hyperspectral data were collected
around noon under completely sunny conditions, with data collection performed for each
pot at intervals of 3-4 days. Seven measurements were made on pots inoculated with
yellow rust on DAS (days after sowing): 87, 94, 98, 101, 105, 108, and 112 DAS, and six
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measurements were made on pots inoculated with leaf rust on days 94, 98, 101, 105, 108,
and 112 DAS.

4.3.2 Data preprocessing

For each wavelength (1), the spectral reflectance (R;) was calculated following
equation 1:

R, (%) = %x 100 (Eqn. 1)

where L} denotes the spectral radiance reflected by the crop surface in wavelength 1 and
Lﬁl is the spectral radiance received by the crop surface in wavelength A.

The spectral signature of each pot was obtained by calculating the mean of the
three measurements taken. This resulted in a total of 36 spectral signatures for bread
wheat and 36 for durum wheat. These spectra were classified into three groups: ‘Healthy’
(H) for non-inoculated plants, ‘Asymptomatic Leaf” (AL) for inoculated plants without
visible symptoms, and ‘Symptomatic Leaf” (SL) for inoculated plants displaying visual
symptoms. The selection of these categories was deliberate, as they served as target
variables for prediction. Each category was carefully designed to encompass a variety of
instances, ensuring the creation of accurate and robust prediction models. Subsequently,
the spectra underwent standardization using the Scikit-learn package version 1.2.2,
scaling the values within the range of 0 to 1. Machine learning estimators often need
standardization procedures as they perform optimally when features exhibit
approximately normal distribution. Following standardization, was applied with the
following parameters: a window frame length of 11, polynomial order of 4, and the first
derivative.

To mitigate the substantial variance in the quantity of data entries across
categories, SMOTE (Synthetic Minority Over-sampling Technique) was utilized to
augment the available data. The SMOTE technique generated synthetic samples for the
underrepresented categories, thereby equalizing the dataset’s distribution. A random state
of 888 was employed to ensure reproducibility. Table 4.1 illustrates the data points for
each category both prior to and following the application of the SMOTE technique.
Furthermore, it provides the proportion of actual data within each category subsequent to
the SMOTE procedure.
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Table 4.1 Comparative data on bread wheat and durum wheat cultivars. The table presents the number and
percentage of actual data for each category: Healthy (H), Asymptomatic Leaf (AL), and Symptomatic Leaf
(SL).

Categories Bread wheat Durum wheat

Number of actual Actual data Number of actual Actual data

data (%) data (%)

H 125 100 107 100
AL 44 35.2 54 50.46
SL 64 51.2 36 33.64

Various dataset processing techniques were utilized to assess the influence of
synthetic data generated by SMOTE on the development of prediction models.
Throughout all scenarios, the H category was solely composed of actual data. The distinct
processing methods are as follows:

- No SMOTE applied: no synthetic data were introduced.

-  SMOTE applied to the entire data set: synthetic data were introduced into the
training, testing and second validation sets.

- SMOTE applied to the training set only: The testing and second validation sets
consisted exclusively of actual data.

4.3.3 Training of machine learning models

After the preprocessing step, the dataset was split into two parts: 30% for testing
and 70% for training the models. The flowchart (Figure 4.2) provides the workflow
associate of the different stages involved in disease detection.

Hyperspectral data Training of Evaluation of
Yp p_ . Data pre-processing Split the dataset classification R X
adquisition classification models
models

Figure 4.1 Workflow of hyperspectral data processing for disease classification in wheat. The process
begins with hyperspectral data acquisition, followed by data pre-processing that includes standardization
and Savitzky-Golay filtering, with an increase in the number of data points. The dataset is then split into
63% for training, 30% for validation, and 7% for testing. Subsequently, the training of classification models
is conducted, culminating in the evaluation of the models' performance.
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This study implemented four models with the scikit-learn library: Artificial Neural
Network (ANN), Support Vector Machine (SVM), Random Forest (RF), and Gaussian
Naive Bayes (GNB). The Random Forest and Gaussian Naive Bayes models were
configured with default parameters. For the SVM model, a second-degree polynomial
kernel was employed, with an independent term value of 2 in the kernel function.

The development of the Artificial Neural Network (ANN) entailed utilizing
RandomizedSearchCV to optimize the parameter settings. A total of 50 interactions were
performed, with a random state set to 42. The parameters considered during the
optimization process were alpha, hidden layer sizes, and learning rate init. For yellow
rust, alpha was set to 0.0001, hidden layer sizes were 20 and 20, and the learning rate was
set to 0.001. Conversely, for leaf rust, alpha was set to 0.1, hidden layer size was 30, and
the learning rate was set to 0.01. The solver employed for the yellow rust dataset was
Adam, while for leaf rust, LBFGS was selected due to its better suitability for the data
structure. All other parameters retained the default configuration of Scikit Learn. The
ANN models developed using the dataset without SMOTE application served as a
reference due to achieving the highest accuracy results (Table 4.2).

4.3.4 Metrics for model evaluation

The entire data processing was conducted using Google Collaboratory, which
provides the necessary Python environment and libraries for data analysis and
visualization. In terms of statistical assessment, the classification models were compared
based on their network classification accuracy. Accuracy (Equation 2) quantifies the
percentage of instances in which the model has made correct predictions, and it is defined
as follows:

Number of correct predictions ( )

Accuracy =

Total number of predictions

For each category with balanced data, evaluation was performed using the
F1 score (Equation 3) derived from the confusion matrix, and it is defined as:

Fl_score - 2 x precision x recall ( )

precision + recall

where precision (Equation 4) and recall (Equation 5) are defined as follows:

Precision = 4)
TP + FP
Recall = ——— (5)
TP + FN

where TP represents True Positive, FP stands for False Positive, and FN represents False
Negative. For models trained with imbalanced categories, precision was employed for
their evaluation.
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4.4 Results

4.4.1 Spectral reflectance analysis

Figure 4.3 illustrates the reflectance obtained for each category of yellow (4.3a)
and leaf (4.3b) rust. The lines on the plot represent the average values, while the shaded
areas indicate the standard deviations of the data.
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Figure 4.3. Reflectance spectra for healthy, asymptomatic, and symptomatic leaf categories are presented,
illustrating the spectra of wheat leaves affected by yellow rust (a) and leaf rust (b). Mean reflectance values
and standard deviations have been computed for these predefined categories.

As can be observed in Figure 3, the mean values can vary between categories,
especially for yellow rust (Fig. 4.3a). However, in leaf rust (Fig. 4.3b), the mean values
exhibit a higher degree of overlap between categories. Overall, the mean reflectance
values obtained for leaf rust are higher than in the case of yellow rust. In both cases, the
greatest degree of overlap occurs in the visible spectrum region, although it also occurs
between the "H" and "AL" categories for leaf rust. Both types of rust show considerable
standard deviations, leading to considerable overlap across all categories. To address with
this issue, specific classification models have been developed for each rust type to
enhance accuracy in categorization. Notably, for yellow rust, the mean value of the
healthy category exceeds that of the asymptomatic leaf category, while the reverse is true
for leaf rust.

A careful look at each plot at yellow rust level revealed (Figure 4.3a) that the
category with the lowest mean reflectance value is the asymptomatic leaf, followed by
the healthy category, while the symptomatic leaf category exhibits the highest mean
reflectance value. This trend remains consistent in both the visible-spectrum (400-700
nm) region and the NIR region (700-800 nm). All categories exhibit a standard deviation
wide enough to cause overlap, although the healthy category displays the highest
variability. In the visible spectrum region, the similarity in mean reflectance values
between the healthy and asymptomatic leaf categories is noteworthy, with the
symptomatic category achieving a higher mean value than both. In the NIR region, the
mean reflectance difference increases between the healthy and asymptomatic leaf
categories, while it decreases between the healthy and symptomatic leaf categories.
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In Figure 4.3b, the mean reflectance and standard deviation values obtained for
the different categories of wheat leaves infested with leaf rust. In the visible spectrum
region, the mean reflectance values and standard deviations are quite similar across
categories. However, in the NIR region, the mean reflectance value within the
symptomatic leaf category shows and increased difference compared to the others. This
implies that the category corresponding to healthy and asymptomatic plants is very
similar along the spectral signature, which cause difficulties in early detection. Similarly,
to yellow rust, the data obtained from leaf rust also exhibit significant standard deviations,
resulting in overlap among categories.

4.4.2 Models performance

The classification model was constructed using the training dataset, encompassing
labeled data from all wheat varieties. The model was fine-tuned using the validation
dataset. Subsequently, the developed model was tested for performance using the test set,
comprising spectral data from all varieties within each wheat type. The corresponding
accuracy (%) of each model used in this study, based on their respective datasets, is
presented in Table 4.2
Table 4.2 Performance comparison of ML models for yellow and leaf rust classification. The table presents
the accuracy percentages of Artificial Neural Networks (ANN), Support Vector Machines (SVM), Random

Forests (RF), and Gaussian Naive Bayes (GNB) with and without the application of Synthetic Minority
Over-sampling Technique (SMOTE) during training.

Models Yellow rust Leaf rust
Without SMOTE SMOTE  Without SMOTE SMOTE
SMOTE on SMOTE on
training training
ANN 65.71 76 60 57 76.3 55
SVM 68.6 85 62.86 58 78.35 63
RF 70 81.5 68.5 53 73.2 55
GNB 64 61 57 37 60 38

The results obtained show that the models’ accuracies are consistently higher for
classifying yellow rust than leaf rust. Among the models, the GNB model displayed the
least accuracy in both yellow and leaf rust contexts. Consequently, our analysis will
primarily concentrate on the outcomes achieved by the ANN, SVM, and RF models.

For the dataset where SMOTE was not applied, the highest accuracy was obtained
by the SVM model, immediately followed by ANN model, for leaf rust and RF model for
yellow rust. Similarly, in cases where the dataset was augmented using SMOTE, the
highest accuracy values were obtained by SVM models. The accuracy achieved in this
dataset is the highest among all models compared to the results obtained in the remaining
datasets. Furthermore, these models also excel in the dataset where the SMOTE algorithm
was exclusively applied during training. Nevertheless, it is noteworthy that the accuracies
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obtained in the SMOTE dataset during training decreased in comparison to the datasets
where SMOTE was and was not applied, for all models. However, the exception to this
trend is observed for the SVM and RF models in the case of leaf rust. In the SVM model,
the accuracy of the model trained with the original data increased by 5 points compared
to the model where SMOTE was applied in training. For the RF model, this increase was
2 points.

Table 4.3 presents the F1-score values of ANN models across different categories
and datasets utilized.

Table 4.3 F1-scores achieved by the ANN (Artificial Neural Network) model for wheat disease
classification are presented for the categories: Healthy (H), asymptomatic leaf (AL), and Symptomatic Leaf
(SL) across datasets for both yellow rust and leaf rust. The table compares model performance without the
use of SMOTE, with SMOTE, and with SMOTE applied during the training phase.

Yellow rust Leaf rust
Categories Without SMOTE SMOTEon Without SMOTE SMOTEon
SMOTE training SMOTE training
H 0.73 0.63 0.65 0.66 0.66 0.67
AL 0.45 0.77 0.50 0.47 0.81 0.61
SL 0.62 0.87 0.59 0.37 0.82 0.63

Regarding the yellow rust trial, it was observed that in the dataset without
SMOTE, the “H” category, characterized by a more substantial number of data points,
achieved higher values. In contrast, the “AL” category displayed the lowest value. It is
worth noting that this category was composed of a smaller number of data compared to
the others. In the dataset where the algorithm was fully implemented, notable
enhancements were observed in the “AL” and “SL” categories, both of which
incorporated synthetic data. However, the “H” category, comprised solely of actual data,
obtained a lower score than the dataset where SMOTE was not applied. Conversely, in
the dataset where SMOTE was only applied to the training dataset, it was observed that
the “H” category maintained a similar outcome to that of the dataset with full SMOTE
application and a decrease relative to the original dataset. However, the “SL” and “AL”
categories obtained similar and slightly higher results, respectively, than the dataset
where the SMOTE algorithm was not applied.

For leaf rust, a similar trend to yellow rust is observed. The category “H” results
were consistent across all three datasets. In n the categories “AL” and “SL,” higher values
were obtained in the dataset where SMOTE was fully applied. In contrast to the trend
observed in yellow rust, in the dataset where SMOTE was only used in the training,
categories SL and AL increased their accuracy by 26 and 14 points, respectively,
compared to the dataset where SMOTE was not applied.

The F1-score results obtained from the SVM models, as shown in Table 4.4,
exhibit similar behavior to the ANN model. The “H” category demonstrates consistent
performance across all three datasets with slight variations. For the “AL” and “SL”
categories, a notable enhancement is observed when SMOTE is applied to the entire
dataset, contrasting the non-SMOTE dataset performance. However, in the dataset where
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SMOTE was solely used during training The obtained accuracy decreases by 3-4 points
for yellow rust and increases for leaf rust. In the latter case, it is worth noting the 15-point
increase in the SL category compared to the original dataset.

Table 4.4 F1-scores achieved by the SVM (Support Vector Machine) model for wheat disease classification
are presented for the categories: Healthy (H), asymptomatic leaf (AL), and Symptomatic Leaf (SL) across
datasets for both yellow rust and leaf rust. The table compares model performance without the use of
SMOTE, with SMOTE, and with SMOTE applied during the training phase.

Categories Yellow rust Leaf rust
Without SMOTE SMOTE on Without SMOTE SMOTE on
SMOTE trainning SMOTE trainning
H 0.75 0.77 0.68 0.70 0.64 0.74
AL 0.54 0.87 0.50 0.46 0.75 0.54
SL 0.67 0.89 0.63 0.29 0.94 0.44

Table 4.5 displays the F1-score results of the RF model. In the case of yellow rust,
the “H” category maintains consistency across all datasets, with a slight advantage in the
non-SMOTE dataset. The “AL” category shows improvement with SMOTE applied
during training, while “SL” remains unchanged. A similar pattern is observed for the “H”
category in the context of leaf rust. Interestingly, the dataset containing actual data yielded
the lowest values for “AL” and “SL”, but the application of SMOTE during training
increased their values in 12 and 20 points respectively.

Table 4.5 Fl-scores achieved by the RF (Random Forest) model for wheat disease classification are
presented for the categories: Healthy (H), asymptomatic leaf (AL), and Symptomatic Leaf (SL) across

datasets for both yellow rust and leaf rust. The table compares model performance without the use of
SMOTE, with SMOTE, and with SMOTE applied during the training phase.

Categories Yellow rust Leaf rust
Without SMOTE SMOTE on Without SMOTE SMOTE on
SMOTE training SMOTE training
H 0.78 0.70 0.73 0.66 0.59 0.64
AL 0.32 0.84 0.50 0.34 0.71 0.46
SL 0.71 0.88 0.74 0.17 0.89 0.37

When comparing the results obtained for each model, it can be observed that the
best accuracies are achieved by the models that used datasets augmented which the
SMOTE algorithm. However, the presence of synthetic data in the test dataset may raise
concerns about the reliability of the results. Regarding the dataset for the category
consisting solely of actual data, RF was the best model for yellow rust classification. For
leaf rust, it was the SVM model the one that performed better when the same dataset was
used.

The SVM model achieved the highest F1-score for the “AL” category in both rusts
Conversely, for yellow rust, it occurred in the original dataset and for leaf rust, it occurred
in dataset where SMOTE was applied during training. Finally, the best F1-score for the
“SL” category in yellow rust was achieved by the RF model, and for leaf rust, it was the
SVM model, both using the dataset with SMOTE applied during training.
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4.4.3 Confusion matrix

The confusion matrices generated for each dataset in the RF and SVM models are
displayed in Figure 4.4
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Figure 4.4 Confusion matrix with three datasets for two machine learning models with categories H, SL,
and AL, in yellow rust. SVM for the dataset without SMOTE (a), RF for the dataset without SMOTE (b),

SVM for the dataset with SMOTE (c), RF for the dataset with SMOTE (d), SVM for the dataset with
SMOTE on training (), RF for the dataset with SMOTE on training (f).

For the set of confusion matrices shown in Figure 4.4, it was observed that in the
dataset where SMOTE was not applied, both models had a similar total number of errors.
However, the number of classification errors by categories differs significantly. In the
SVM model, the category with the highest number of errors was "H," particularly in
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distinguishing it from the "AL" category. It is also noteworthy the high number of errors
in classifying the "SL" and "H" categories. On the other hand, in the RF model, there is a
drastic decrease in the error rate for classifying the "H" category, which represents an
improvement compared to the SVM model. However, we observe an increase in
misclassifications in the "AL" and "SL" categories, especially when distinguishing them
from the "H" category.

In the dataset where SMOTE was applied entirely, both models exhibited the
highest number of correct predictions in the categories “AL” and “SL,” which contained
synthetic data. However, most errors occurred in the category “H”, composed entirely of
actual data, particularly in distinguishing between “H” and “AL”. It's worth noting that
the number of errors in this distinction is higher in this dataset than in the dataset
composed entirely of original data.

Finally, in the dataset where SMOTE was exclusively applied to the training set,
a similar pattern was observed as in the dataset where SMOTE was not applied. The
category with the most correct predictions was “H,” showing better RF results than SVM.
For this category, the SVM model made a greater number of incorrect predictions with
the 'SL' category. On the other hand, for the 'AL' category in the SVM model, the number
of errors was balanced with the 'SL' and 'H' categories. However, in the RF model, it is
observed that the majority of incorrect predictions were made mainly with respect to the
'H' category.

Based on the data obtained in Figures 4.4a, 4.4b, 4.4e, and 4.4f, we observe that
the RF model is better at classifying the majority category 'H," which is exclusively
composed of real data. Regarding the 'SL' category, whose spectral characteristics
differed the most from the other categories, all options behave similarly. Finally, for the
‘AL’ category, it is noteworthy that the SVM and RF models with SMOTE applied during
training both perform well. However, both models misclassify differently, with the RF
model standing out. This is because, within the error, it is capable of more accurately
approximating two categories with similar spectral characteristics, namely 'AL" and 'H'.
The confusion matrix generated by each dataset for the SVM model with the highest
accuracy are displayed in Figure 4.5
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Figure 4.5 Confusion matrix with three datasets for two machine learning models with categories H, SL,
and AL, in leaf rust. SVM for the dataset without SMOTE (a), SVM for the dataset with SMOTE (b),
SVM fir the dataset with SMOTE on training (c)
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For the set of confusion matrices shown in Figure 4.5, it was observed that in the
dataset in which SMOTE was not applied, it can be observed that the category with the
highest number of correct predictions is 'H." Within this category, it is noteworthy that the
highest number of errors was made with the 'AL' category. This same trend is repeated
for the 'AL' category, as all incorrect predictions were made with the 'H' category. In the
case of the 'SL' category, the highest number of errors occurred, with these being
distributed among the remaining categories.

In the dataset where SMOTE was applied entirely, the same trend is observed as
that which occurred for yellow rust. Finally, in the dataset where SMOTE was exclusively
applied to the training set, the trend noted for the 'H' category in the dataset where no data
augmentation was performed repeats itself. However, for the 'SL' and 'AL' categories,
there is a slight increase in the number of correct predictions, and the error ratio remains
consistent with respect to the original dataset. For this reason, this latter model exhibits
the highest efficiency in category distinction, although the 'SL' category exhibits serious
deficiencies.

4.5 Discussion

In the present study, the accuracy and F1-score results have been analyzed across
different models and datasets. The datasets used can be considered comparatively small
to other studies that utilize public datasets such as Plant Village (Thakur et al., 2022),
which has 54,305 images of 14 plant species, for machine learning training The study
conducted by Lu et al. (2021) is one of the few works that highlights a significant
challenge. This challenge pertains to the current inadequacy of dataset size and diversity
in the application of disease classification models in plants. Furthermore, it is essential to
consider all possible capture conditions, symptom variations, and sensor characteristics
used (Barbedo, 2018). Due to these reasons, it is inevitable to have complete datasets, and
therefore, the models in their application have limited scope.

There are several alternatives to address the effects of using incomplete datasets,
with one of the most common being data augmentation through various techniques that
can be combined with each other. However, according to the literature reviewed by
Kobayashi et al., (2018), each data augmentation technique affects the model's accuracy
in a different way. Finding a design pattern for selecting the most optimal method presents
a challenge.

In this study, the SMOTE algorithm is applied at varying degrees to a small dataset
for a single disease with three categories. This demonstrates how overall accuracy
increases with the application of data augmentation techniques. This result aligns with
those obtained in the study conducted by Uguz & Ulysal (2021), where a dataset of 3400
hyperspectral images was used to differentiate between two diseases and healthy plants
across three categories. However, their results demonstrate an increase in accuracy across
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all categories, whereas in the present study, accuracy does not increase in the category
consisting of original data.

Regarding the dataset where the SMOTE algorithm was applied only to the
training set, the results are consistent with those obtained by Singh & Arora (2020), as
the category with the highest accuracy is the one composed of the original data. However,
the overall accuracy of the models differs from the results obtained by Kannan et al.
(2020) in which a dataset of 12.206 hyperspectral images is used and 75% of the dataset
comprised synthetic data. In that study, the overall accuracy increases by 2.5%, whereas
in the current study, it decreases for yellow rust and increases to a lesser extent for leaf
rust.

The classification models that achieved the highest accuracy values in this study
were SVM and RF. Both models fall within the realm of classical machine learning (Li
et al., 2020). They differ from studies like the one conducted by Patil et al. (2017), where
three machine learning models were compared for late blight detection. In that study, the
best classifier was ANN, followed by SVM and RF, which represents a contrary trend to
what was found in this article. The variation in the obtained results may be attributed to
differences in the characteristics of the datasets used in this study. Specifically, in this
study, there are two categories, namely 'H' and 'AL," which exhibit similar characteristics.
Additionally, the dataset's size and the percentage of synthetic data within each category
could also contribute to these differences.

In terms of the achieved overall accuracy result, there is a limited body of research
utilizing the complete spectrum of a spectroradiometer for disease detection. The study
conducted by Naidu et al., (2021) is one of the few that show cases the potential of such
data combined with machine learning. In this study, the LDA model was employed, and
the results obtained align with those in the present study, yielding high accuracy rates for
healthy plants and higher classification errors for categories with similar spectral
characteristics. The study conducted by Khosrokhani & Nasr (2022), demonstrates higher
accuracies by combining machine learning with vegetation spectral indices, achieving
85% for the RF model and 89.5% for the SVM model. In conclusion, the findings in this
study contributes to the nuanced understanding of how data augmentation, particularly
SMOTE, influences ML performance in the context of plant disease detection,
underscoring the need for extensive datasets and the judicious application of
augmentation techniques.

4.6 Conclusions

This study evaluated the capability of different ML models using datasets,
composed of complete spectral signatures, with varying degrees of SMOTE to detect
yellow and leaf rust in wheat crops based on hyperspectral data obtained through
spectroscopy. The study demonstrates how the application of SMOTE in training and
testing sets the accuracy obtained in all models compared to the dataset where SMOTE
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was not applied. This increase in accuracy is particularly pronounced within the minority
categories, which contain a larger quantity of synthetic data. This phenomenon may
introduce a distortion in the accuracy of the model in real-world scenarios. On the other
hand, the best models for disease detection in a small dataset were for yellow rust, the RF
(70%) model with the dataset composed entirely of actual data, and for leaf rust, the SVM
(63%) model in the dataset where SMOTE was applied to the training set. Furthermore,
it is noteworthy that these models were capable of distinguishing between the features
more effectively. An exception to this trend was observed between the 'H' and 'AL’
categories, which exhibit similar spectral characteristics. Regarding the results obtained
by classes, it was observed that class composed exclusively of actual data “H” is
negatively affected by the application of SMOTE in RF and SVM models. However, the
presence of synthetic data in the training of the minority categories ("AL" and "SL")
increased the accuracy in both models, achieving an accuracy of 61% for the "AL"
category in the case of leaf rust. Therefore, the application of data augmentation
techniques during training is beneficial for achieving higher category-level accuracy,
resulting in a more comprehensive and balanced model.

Finally, these results suggest the potential of using complete spectral signatures
obtained through spectroradiometry combined with machine learning methods. Likewise,
it underscores the need for further research into new data processing methods and how
data augmentation techniques affect different model architectures.
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Capitulo 5. Diagnosis leaf rust and yellow rust detection using
point clouds from LiDAR sensor in wheat

5.1 Abstract

Leaf and yellow rust, a significant threat to wheat production, necessitates early
and accurate detection to mitigate yield losses. In this context, the current study leverages
3D LiDAR technology to discern the impact of rust diseases on wheat cultivars. Despite
rust inoculation, variations in plant height and biomass were negligible; however, notable
declines in grain yield were recorded, especially in varieties susceptible to rust. LIDAR-
derived data demonstrated substantial correlation with disease severity, underscoring its
promise for reliable biomass assessment and early rust detection. The study affirms the
vital role of LIiDAR in precision agriculture, offering a proactive approach to disease
management and safeguarding the stability of wheat yields.

Keywords: Lidar, phenotyping, leaf rust, yellow rust

5.2 Introduction

Wheat is the third most produced cereal grain worldwide behind corn and rice
(Igrejas and Branlard, 2020). In terms of area planted and production, wheat is grown in
almost all the planet’s surface with the exception of the polar and tropics-equatorial zones
(Le Gouis et al., 2020). Its production reached around 780 million tons in 2023 annually,
according to the FAO database (FAOSTAT, 2023). However, according to Choudhary et
al. (2020) wheat production needs to be increased by 2% annually in the coming years
(Jasrotia et al., 2020). As if not all this were enough, the future global climate change
scenarios and an estimated population of 9.6 billion by 2050 must be added together
(Bahar et al., 2020). Furthermore, based on the literature review, wheat yields are, on
average, around 20% lower than potential yields due to the effects of biotic (disease) and
abiotic (drought) factors. In this context, a profit rate of around 2% per year is required
to meet global food demands, but currently only a 1% annual increase in yield has been
reached (De La Fuente et al., 2013; Ray et al., 2013). With the large amounts of factors
that can affect wheat production fungal diseases (i.e., foliar and stem-base) have become
the major concern expressed by farmers (Vergara-Diaz et al., 2015).

Among the various fungal diseases that can affect wheat, rust is exceptionally
destructive. Wheat cultivars susceptible to leaf rust often experience yield losses ranging
from 5% to 15%, depending on the crop's developmental stage. In cases where the variety
is highly susceptible and weather conditions favor disease development, losses can reach
as high as 60%. (Kolmer, 1996). One of the primary factors contributing to reduced wheat
yields, with rust being particularly detrimental, is the indirect impact of rust on plant
architecture (Yuan et al., 2018). Infection typically coincides with the grain filling stage,
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diminishing both the interception and absorption of radiation. This, in turn, leads to
reduce assimilate supply per grain, resulting in a decrease in both grain count and ear
weight, as well as alterations in crop biomass (Roelfs et al., 1992). The current method
for assessing disease occurrence relies on visual inspection by the human eye, which is
effective when pustules are visible (Kumar and Kukreja, 2022). However, this inspection
is constrained to specific areas, such as individual leaves, and does not provide
comprehensive information about the entire crop architecture.

In the pursuit of more efficient crop monitoring methods, the integration of
remote-sensing technology into phenotyping techniques has emerged as a highly
promising approach for the non-destructive measurement of crop parameters
(Winterhalter et al.,, 2013; Araus and Cairns, 2014). These innovative tools are
particularly crucial as they facilitate a rapid acceleration of the breeding cycle, an
advancement unprecedented in modern agriculture (Yao et al., 2018). While molecular
data is readily available, there is a notable gap in phenotypic data, which these remote
phenotyping technologies aim to fill (Montes et al., 2011). Breeders traditionally select
leaf rust-resistant wheat cultivars by considering yield data and relying on their expertise
an approach that is constrained by its dependence on end-of-season outcomes, making it
inherently slow. Recognizing this limitation, research has highlighted that leaf rust not
only affects yield but also causes architectural changes in wheat plants, such as reduced
biomass, shorter plant stature, and altered leaf orientation (Holman et al., 2016; Jay et al.,
2015; Li et al., 2017). Given these insights, there is a clear necessity for advanced
techniques capable of early discrimination between wheat varieties based on their
response to rust infection. Such techniques should enable the analysis of three-
dimensional structural changes in plants from the earliest stages of infection, providing
breeders with timely information to make informed decisions without the need to wait for
the crop to reach maturity.

The characterization of plant architecture through 3D modeling has advanced
significantly, with LIDAR technology becoming a key instrument for extracting crop
parameters (Boogaard et al., 2021; Rebetzke et al., 2022). Although the application of
LiDAR has been widespread, its use for monitoring leaf rust in wheat remains in the early
stages. Li et al. (2021) were pioneers in utilizing 3D data to enhance leaf rust detection,
underscoring the method's promise for crop health management.

The first early detections of wheat diseases was heavily dependent on
hyperspectral imaging techniques. Research by Whetton et al. (2018) and Devadas et al.
(2015) has confirmed the effectiveness of these cameras in identifying diseases.
Nonetheless, the practical application of hyperspectral imaging is limited by the
substantial costs involved, which pose a financial challenge for low-margin crops like
wheat. Another method for early disease detection involves predictive models that use
meteorological data (Rodriguez-Moreno et al., 2020). Despite being a creative solution,
these models have not consistently achieved the necessary accuracy for dependable
disease prediction. The ongoing challenge is to strike an optimal balance between the
cost-effectiveness and accuracy of disease monitoring techniques for wheat.
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Therefore, the development of an effective early detection system for rust in wheat has
been initiated. This system employs LIDAR sensors, which offer a combination of
affordability and precision, to identify leaf rust in durum wheat and yellow rust in bread
wheat. While the use of LIDAR sensors has primarily been for analyzing plant
morphology—as demonstrated in the study of wheat leaf morphology by Li et al. (2022)
and in the segmentation of cucumber plant parts by Boogaard et al. (2021)—the current
focus is on refining 3D point cloud applications. The main goal of this initiative is to
perfect an early detection system for leaf rust, which is being tested on commercial
varieties of durum wheat, and for yellow rust, which is under evaluation in commercial
varieties of bread wheat. This system aspires to deliver precise, cost-effective rust
detection by leveraging the capabilities of LIDAR sensors and 3D point cloud technology.

5.3 Materials and methods

5.3.1 Greenhouse experiment description

The greenhouse experiment was conducted in the facilities at the School of
Agricultural Engineering, University of Seville (37°21'9" N, 5 © 56 ' 10.5 " W; Datum:
WGS84), Spain, during the growing season 2020/2021. The experiment involved two
separate trials: one with durum wheat (Triticum turgidum L. ssp. durum (Desf.) Husn.)
and another with bread wheat (Triticum aestivum L. ssp. aestivum). The first trial
comprised three cultivars of durum wheat with different types of resistance to leaf rust:
Don Ricardo (resistant), Amilcar (intermediate resistant), and Kiko Nick (susceptible);
while the second trials involved three cultivars of bread wheat with different degrees of
resistance to yellow rust: Arthur Nick (resistant), Conil (intermediate resistant), and
Califa (susceptible). In both trials, four seeds of each cultivar were sown in 3 liters pots
(filled with a peatmoss and sand mix, 2:1 vol./vol.) to finally get two healthy plants. Pots
were arranged in a randomized design with twelve pots per cultivar, resulting in an
experiment of 36x2=72 pots. All plants were properly irrigated and fertilized throughout
the experiment. Wheat plants were inoculated at DC 53 (flag leaf extended and a quarter
of the ear emerged) (Zadoks et al., 1974), on days 87 and 94 after sowing for bread and
durum wheat, respectively. The plants of six pots of each cultivar were rust inoculated,
while the other six remained rust free. Durum wheat plants were inoculated with leaf rust
isolate CONDJA13 (BBBSJ) (Aoun et al., 2020), while the other half were used as
uninfected checks. The plants of the 18 pots of each trial were inoculated by dusting a
mix of uredospores and talcum powder (20 mg of spores: 1.200 mg of talcum powder).
The leaves of the plants were manually bent to a semi-horizontal position that facilitated
the inoculation and deposition of the spores. Inoculated plants were placed in an
incubation compartment within the greenhouse at 18-20 °C, with darkness and humidity
at saturation for 15 hours. Then, pots were placed back to their grown compartment. In
the same way, six pots of each bread wheat cultivar were inoculated with yellow rust
isolate ECIJER18 (PstS10 or Warrior-) (Ali et al., 2017), but plants were incubated for
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24 hours. Infection type was assessed visually about 16 days after inoculation according
to the McNeal scale. This scale is 0-9, where infection type lower than 7 indicated a
resistant response, and infection type of 7 or more indicated a susceptible response
(McNeal et al., 1971). Besides, rust severity was taken weekly during three times,
beginning the day of infection type scoring. Severity was assessed following the modified
Cobb scale (Peterson et al., 1948), expressed as a proportion of foliar surface covered by
pustules with respect to the total plant (from 0 to 100%). In the resistant cultivars, necrosis
(yellowish) tissue surrounding the pustules were also measured as a proportion of total
foliar area.

Additionally, regular height measurements were taken for all plants. Upon harvest
at about 120 days after sowing, various parameters such as biomass, number of ears,
number of grains per plant, and wheat production were measured to assess the impact of
rust disease on different wheat cultivars, both in terms of inter-cultivar differences and
the effects within the same cultivar.

5.3.2 Collection of crop parameters information

At the end of the growing season, all pots, both inoculated and non-inoculated,
were harvested to measure various crop parameters that would serve as ground truth data,
alongside the severity measurements taken on the specified days after inoculation (DAIS).
The plants were cut at soil level in the pots, and their weight was measured using a
balance; this weight was recorded as the biomass. Subsequently, the ears were collected
individually to determine the number of ears (NoE), the number of grains (NoG), and the
grain weight (Gw).

5.3.3 Lidar data measurements

To conduct 3D plant reconstruction, a 2D LiDAR laser scanner (Model LMS-111,
Sick AG, located in Waldkirch, Germany) was employed. The scanner was mounted at
the front of the platform, positioned approximately 0.5 meters above the crop canopy.
This specific sensor placement aligns with the LiDAR sensor principle, where a pulsed
laser beam is emitted, and its reflection is detected by a photodiode. The distance to an
object is determined based on the time taken for the emitted signal to return after
reflection. Notably, this sensor boasts a 0.5-degree angular resolution, a 270-degree field
of view, a working range spanning from 0.5 to 20 meters, and operates at a frequency of
50 Hz.

To ascertain the platform's position, an odometer system was integrated, as
depicted in Figure 5.1. This system was directly affixed to the wheel axle and featured an
incremental optical encoder (Model E6B2-CWZ6C, OMRON Corporation, Kyoto,
Japan). The rotary encoder generated 1000 pulses per revolution, offering a 1.8 mm
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resolution in the direction of platform movement. The cumulative pulse count from the
odometer was collected using a low-cost open-hardware Arduino Nano V3.0
microcontroller (Arduino Project, Italy) programmed through the open-source Arduino
Software (IDE). After being collected by the microcontroller, the pulse data was
transmitted to a computer via a USB interface, where it was synchronized with the LIDAR
data to construct a 3D point cloud. These communication and computational processes
were executed on an Ubuntu 18.04.5 LTS desktop workstation, and the Robot Operating
System (ROS) Melodic (version 1.14.10) was employed for sensor control and data
recording. The LiDAR point cloud data was stored in a bag file, which serves as a raw
file format for storing ROS message data.

Figure 5.1 The setup includes a ground wheel odometry system affixed to the HTFPP chassis (a), with the
encoder’s wires linked to the Arduino board (b), and the LIDAR device actively scanning a selection of the
pots utilized in the experiment (c).

5.3.4. Lidar data analysis

After data collection, all the ROS bag files generated by the LiDAR sensor were
converted into PCD (Point Cloud Data) using specific ROS commands. Each LiDAR
point cloud obtained was then processed to estimate the biomass, measured by the volume
occupied by the canopy, and severity, using several methods (Figure 5.2, which are
described as follows:

Evol: this method involves estimating plant volume using LIiDAR data by modeling the
plants as prisms. It excludes the outer 2% of lateral points to avoid edge anomalies and
removes the bottom 20% of points deemed to represent soil, ensuring the volume
calculation pertains solely to the plant.

Parea: this method involves estimating plant volume using LiDAR data by modeling the
plants through a projection of all the data points onto the ground surface.

Propl10, Prop20, Prop30, Prop40, Prop50: this method consists of estimating plant
volume by modeling the plants with a specific proportion of the data points from the top,
using LiDAR data.
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To estimate severity, the LiDAR-provided reflectance or intensity, which
functions analogously to spectral sensors, was utilized. Intensity has been identified by
Gregorio and Llorens (2021) as a potential feature for segmenting fruit within the canopy
of apple orchards. In this study, the mean reflectance was calculated using the
aforementioned proportions of data points. Therefore, the options explored were Int10,
Int20, Int30, Int40, and Int50. Finally, the actual plant height (Aph) was estimated by
calculating the average height of the top 3% of points.

Figure 5.2. Frontal view of a LiDAR point cloud displaying the percentage of points used to estimate the
volume and severity (a), alongside a top view of the 3D point cloud utilized for estimating volume as a
projection (Parea).

5.3.5 Statistical analysis

The statistical analyses in this study were carried out using Python, version 3.11.
The graphical plots vital for illustrating the findings were also generated using this
programming language. Linear correlation plots and matrix correlations employing the
Pearson r-value were utilized to evaluate the quality of the predictions.
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5.4 Results and discussion

5.4.1 Ground truth values obtained evolution
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Figure 5.3 Bar plots illustrate the progression of the measured crop parameters across all cultivars, with
the first row representing non-inoculated cultivars and the second row depicting those that were inoculated.

In Figure 5.3, no differences were observed in the parameters of plant height and
biomass between plants inoculated with rust and their non-inoculated counterparts, across
both resistant and susceptible varieties. This indicates that neither leaf rust nor yellow rust
has a significant impact on these growth parameters. Contrastingly, the grain production
parameter (grain weight) demonstrates a significant reduction, exceeding 50% in certain
instances. This was particularly notable in durum wheat cultivar Kiko Nick, which
presented high susceptibility to leaf rust, and the bread wheat cultivar Califa, highly
susceptible to yellow rust. Among other durum wheat varieties inoculated with leaf rust,
Don Ricardo showed an approximate 20% decrease in production, while the intermediate-
resistant Amilcar suffers a grain weight loss of about 30%. Similarly, among the bread
wheat cultivar inoculated with yellow rust, Arthur Nick underwent a production decrease
of about 10%, and Conil experienced a reduction of around 20%. This confirms that in
terms of grain weight, there was a noticeable difference of more than 50% in production,
especially in the durum wheat cultivar Kiko Nick, which was susceptible to leaf rust, and
the bread wheat cultivar Califa, which was susceptible to yellow rust. In other hand wheat
cultivars inoculated with leaf rust, Don Ricardo showed an approximate 20% loss in
production, and Amilcar around 30%. In the other bread wheat varieties inoculated with
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yellow rust, Arthur Nick experienced a loss of about 10%, whereas the inoculated Conil
lost around 20% of grain weight.
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Figure 5.4 Bar plots illustrate the progression of the measured crop parameters across all cultivars, with
the first row representing non-inoculated cultivars and the second row depicting those that were inoculated.

Figure 5.4 illustrates the impact of both leaf and yellow rust on the number of
grains per plant. In the durum wheat cultivars resistant to leaf rust, such as Amilcar and
Don Ricardo, there was a decline in grain number exceeding 20%, while the susceptible
cultivar Kiko Nick experienced a nearly 50% reduction. Among the bread wheat cultivars
inoculated with yellow rust, the resistant cultivar Arthur Nick only showed a 10%
decrease in grain number. The yellow rust-resistant Conil suffered a grain reduction over
20%, and the susceptible Califa underwent a 60% grain number reduction. It is important
to note that the number of spikelets per ear is not as directly correlated with yield as the
number of grains or the grain weight. A plant susceptible to rust infection may produce
smaller ears with fewer grains. Nonetheless, it has been noted that all cultivars, with the

114



sole exception of Arthur Nick, showed a reduction in the number of spikelets per ear in
the inoculated plants.
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Figure 5.5 Bar plots demonstrate the evolution of severity on days after inoculation (DAI) 3, 16, 31, and
39 across all inoculated cultivars.

Figure 5.5 presents a bar chart that tracks the progression of disease severity as a
percentage over time, measured at intervals of 3, 16, 31, and 39 DAI (days after
inoculation) across the six wheat cultivars. Initially, at 3 DAI, no cultivars displayed any
symptoms of disease. As time progresses to 16 DAI, there was a noticeable increase in
severity for all cultivars, with Arthur Nick and Kiko Nick experiencing a more
pronounced rise. By 31 DAL, the severity escalated further, with Kiko Nick exhibiting the
highest leaf rust severity, closely followed by Arthur Nick-yellow rust. Califa and Don
Ricardo present moderate severity scores, while Amilcar maintains the lowest severity
among the cultivars. At the final measured interval of 39 DAI, the pattern of increasing
severity continues, with Kiko Nick still showing the most substantial severity (leaf rust).
Notably, Arthur Nick and Califa demonstrated a significant increase in (yellow rust)
severity, suggesting that these cultivars possess intermediate levels of resistance. This
pattern of progression is typical for rust infections, as reported by Roelfs et al. (1992).
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5.4.2 Correlations between all the crop parameter measured manually and the
severity

This section delves into the analysis of correlations between various crop
parameters to determine their significance. Identifying those parameters that have a
considerable impact on disease severity is especially critical, as this investigation forms
a core part of the study's objectives. Subsequently, Figure 5.6 presents the correlation
matrices for all measured crop parameters in non-inoculated cultivars. Within the Don
Ricardo matrix, strong positive correlations are evident between Biomass and both Gw
and Nog (r? = 1.0), suggesting either potential redundancy or a pronounced relationship
among these growth-related traits for this variety. Aph demonstrates moderate to strong
correlations with the remaining traits, aside from a weaker link with Noe (r? = 0.3). In
contrast, Arthur Nick exhibits generally lower correlation coefficients compared to Don
Ricardo, with the most notable correlation occurring between Gw and Nog (r? = 1.0). The
correlations involving Aph are only modest, indicating a less marked interdependency
among traits for this variety. The Kiko Nick matrix reveals a diverse correlation
landscape, with the most significant correlation observed between Biomass and Gw (r? =
1.0). Aph is also strongly correlated with Biomass (r> = 0.8) and Gw (r?=0.7). In contrast,
Noe has a broad correlation spectrum, ranging from a strong positive association with Gw
(r? = 0.8) to a moderate negative correlation with Aph (r> = -0.3).
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Figure 5.6 Heat map showing correlation between the crop parameters measured in cultivars non-

inoculated for durum wheat. Number of ears (Noe), number of grains (Nog), grain weight (Gw) and actual
plant height (Aph).

Figure 5.7 depicts heat maps that illustrate the correlations between crop
parameters mentioned before measured in non-inoculated bread wheat cultivars. The
Arthur Nick cultivar matrix indicates robust positive correlations across all the growth-
related traits, with Biomass, Gw, and Nog exhibiting a perfect correlation (r?> = 1.0). This
suggests these traits may be highly interrelated or may exhibit redundancy within this
particular cultivar. Aph shows a strong correlation with these traits, ranging from r?> = 0.6
with Noe to r? = 0.8 with Biomass. In the Califa cultivar matrix, the correlations are
generally moderate. The strongest correlation is again observed between Gw and Nog (r?
= 1.0), indicating a tight linkage between these two traits. Other traits show moderate
correlations with one another, with Aph displaying the least degree of association with
Noe (r? = 0.6). The Conil cultivar matrix presents a different pattern, with the highest
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correlations involving Aph, notably with Biomass (r? = 0.8) and Gw (r? = 0.7). However,
Noe is less correlated with the other traits, shown by its varied correlation coefficients,
the strongest being with Gw (r? = 0.8) and the weakest with Aph (r?> = 0.4).
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Figure 5.7 Heat map showing correlation between the crop parameters measured in cultivars non-

inoculated in bread wheat. Number of ears (Noe), number of grains (Nog), grain weight (Gw) and actual
plant height (Aph).

Figure 5.8 presents a series of heatmaps for three durum wheat cultivars: Kiko
Nick, Don Ricardo, and Amilcar, following inoculation. The Kiko Nick heatmap reveals
a significant positive correlation between Severity and Aph (r?> = 0.8), indicating a
potential relationship between plant height and disease severity. A strong
interdependence is observed between Biomass and both Gw and Nog (r? = 1.0),
suggesting these growth traits are closely linked in this cultivar's response to inoculation.
The heatmap for Don Ricardo displays generally weaker correlations. The growth-related
traits of Biomass, Gw, and Nog are perfectly correlated (r> = 1.0), denoting a tight
association. Conversely, Severity exhibits a negative correlation with these traits, most
notably with Gw (r? = -0.5), which could imply a detrimental effect of disease on growth
parameters. In the heatmap for Amilcar, moderate to strong correlations are evident
among the growth traits, with Biomass exhibiting substantial positive correlations with
Gw (r? = 0.9) and Nog (r? = 1.0). The lack of significant correlation between Severity and
the growth traits suggests that in Amilcar, disease severity may not be closely linked to
these growth metrics.

Figure 5.8 Heat map showing correlation between the crop parameters measured in cultivars inoculated of
durum wheat. Number of ears (Noe), number of grains (Nog), grain weight (Gw) and actual plant height

(Aph).
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Figure 5.9 represents correlation matrices for the three bread wheat cultivars:
Conil, Califaand Arthur Nick. In the Conil heatmap, there is a notable positive correlation
between Aph and Severity (r? = 0.6), while most other variables such as Biomass, Gw,
Nog, and Noe exhibit strong positive inter-correlations (r> = 1), suggesting potential
redundancy or a high degree of association between these measurements within this
group. The Califa heatmap shows generally weaker correlations across all variables, with
the strongest positive correlation observed between Nog and Gw (r? = 1.0), and between
Nog and Noe (r? = 0.9). The Aph and Severity variables display no significant correlation
(r> = 0.0). In the Arthur Nick heatmap, moderate positive correlations are observed
between Aph and Severity (r? = 0.6), and Aph and Gw (r?> = 0.5). Conversely, a slight
negative correlation is seen between Aph and Noe (r? = -0.3). The variables Nog and Noe
again show a perfect positive correlation (r? = 1.0), consistent with observations in the
Conil heatmap.

Figure 5.9 Heat map showing correlation between the crop parameters measured in cultivars inoculated of
bread wheat. Number of ears (Noe), number of grains (Nog), grain weight (Gw) and actual plant height

(Aph).

5.4.3 Estimation of crop parameters of interest in leaf rust detection

In Section 5.4.2, the most relevant crop parameters associated with disease
severity were examined, as well as those that can be readily derived from 3D point cloud
data. This section presents the findings on the estimation of plant height and biomass.
Figure 5.10 depicts the correlation between Aph and Eph across three varieties of bread
wheat under non-inoculated and inoculated conditions. The non-inoculated panel reveals
varying degrees of positive linear associations: Arthur Nick exhibits a moderate
correlation (r2 = 0.64), Califa a relatively stronger one (r2 = 0.57), and Conil demonstrates
a weaker correlation (rz2 = 0.35). These disparities suggest that Eph's predictive accuracy
for Aph varies among the varieties in the absence of inoculation. In the inoculated panel,
each variety shows an enhanced correlation strength. 'Conil' presents a notably high
coefficient of determination (r2 = 0.81), indicating a strengthened predictive relationship
following inoculation. Arthur Nick and Califa also display significant correlations (r2 =
0.72 and rz = 0.53, respectively), suggesting inoculation potentially increases the
reliability of Eph in predicting Aph.
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Figure 5.10 Comparative analysis of actual plant height (Aph) and estimated plant eeight (Eph) in non-
inoculated and inoculated bread wheat cultivars.

On the other hand, Figure 5.11 presents a comparative linear regression analysis
between Aph and Eph for three durum wheat varieties under two distinct conditions: non-
inoculated (left panel) and inoculated (right panel). In the non-inoculated panel, the
scatter plot reveals a range of positive linear relationships between Aph and Eph. Kiko
Nick displays the strongest correlation (r2 = 0.63), followed by Amilcar (rz2 = 0.56), and
Don Ricardo (r? = 0.41). This variation indicates a differential accuracy in Eph's
estimation of Aph when inoculation is not applied. Conversely, the inoculated panel
indicates a generally stronger correlation across all varieties. Notably, Don Ricardo
exhibits a substantial rise in the coefficient of determination (r2 = 0.76) relative to its non-
inoculated counterpart. Kiko Nick and Amilcar also demonstrate increased r? values of
0.64 and 0.48, respectively, suggesting that inoculation may improve Eph's predictive
capability regarding Aph.
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Figure 5.11 Comparative analysis of actual plant height (Aph) and estimated plant eeight (Eph) in non-
inoculated and inoculated durum wheat cultivars.

Although biomass is not strongly correlated with disease severity, as mentioned
previously, this parameter is typically measured only at the end of the growing season.
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LIDAR data enable non-destructive estimation of biomass throughout the season.
Furthermore, biomass exhibits a high correlation with other parameters integral to
determining final yield. Figure 5.12 illustrates heatmaps of the Pearson correlation
coefficients between actual biomass and estimated biomass derived from varying
percentages (Prop10 to Prop50) of 3D point cloud data for three durum wheat cultivars:
Don Ricardo, Amilcar, and Kiko Nick. These proportions represent incremental captures
of the 3D plant structure used to estimate biomass at different growth stages. For the
majority of cultivars and methods, the heatmaps reveal generally low correlation values,
underscoring the challenge of accurately estimating biomass from 3D point cloud data.
This challenge is particularly pronounced when plants are in their green matter phase, as
opposed to the actual biomass measurements recorded post-senescence at season's end.
An exception to this trend is observed with the inoculated Kiko Nick cultivar, where an
acceptable level of positive correlation is evident. This suggests that the methods
employed for Kiko Nick may have been more effective in capturing the nuances of
biomass changes during the inoculated state.

Figure 5.12 Heatmap analysis of biomass estimation with three methods: Evol, Parea and based on
percentages (Prop10 to Prop50) of 3D point cloud data for durum wheat non-inoculated.
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On the other hand, in Figure 5.13, the heat maps for bread wheat cultivars are
depicted. In Arthur Nick, the correlations are generally moderate, peaking at Prop50,
which indicates that utilizing a higher percentage of 3D point data aligns more closely
with actual biomass measurements. Califa shows a progressive increase in correlation
values, culminating in strong correlations at higher data proportions. This trend suggests
that as more comprehensive point cloud data is employed, the accuracy of biomass
estimation improves. Conil follows a similar pattern, with the most substantial
correlations occurring at the later proportions (Prop30 to Prop50), signifying that
estimates based on denser point cloud data are more reflective of the actual biomass.
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Figure 5.13 Heatmap analysis of Biomass estimation three methods: Evol, Parea and based on percentages
(Prop10 to Prop50) of 3D point cloud data for bread wheat non-inoculated.

Alighted with the previous description, In Figure 5.14, the results are depicted for
inoculated durum wheat cultivars, showcasing the correlation between biomass estimates
and plant characteristics derived from 3D point cloud data. In Kiko Nick, there is a
moderate correlation between actual biomass and plant characteristics estimated from the
3D point cloud data, with the strongest correlation at the higher proportions (Prop40 and
Prop50). This suggests that the accuracy of biomass estimation improves with a greater
percentage of point cloud data. The Don Ricardo heatmap shows a similar trend, with
stronger correlations emerging at the higher data proportions, indicating that the
completeness of the point cloud data can lead to more accurate biomass estimations.
Conversely, Amilcar presents strong positive correlations across all data proportions,
reflecting a consistent and reliable relationship between the point cloud data and actual
biomass across all sampled percentages.
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Figure 5.14 Heatmap analysis of biomass estimation with three methods: Evol, Parea and based on
percentages (Prop10 to Prop50) of 3D point cloud data for durum wheat inoculated.

In Figure 5.15, for Conil the heatmap indicates weak to moderate correlations
between the actual biomass and the estimated proportions from the point cloud data, with
some improvement noted as the proportion of data used for estimation increases.
However, the overall low correlation values suggest challenges in biomass estimation for
this cultivar when utilizing point cloud data. The Califa heatmap reveals a trend of
increasing correlation coefficients with higher proportions of point cloud data, signifying
that more comprehensive data capture may enhance the accuracy of biomass estimation
for this cultivar. A similar observation is noted for Arthur Nick, although the correlations
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are generally stronger across all data proportions, indicating a more consistent
relationship between the estimated and actual biomass.
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Figure 5.15 Heatmap analysis of biomass estimation with three methods: Evol, Parea and based on
percentages (Prop10 to Prop50) of 3D point cloud data for bread wheat inoculated.

5.4.4 Severity estimation

Figure 5.16 presents a series of heatmaps that analyze the correlation between
disease severity and varying intensities of LIDAR reflectance across three inoculated
durum wheat cultivars: Kiko Nick, Don Ricardo, and Amilcar. Each heatmap corresponds
to a cultivar and illustrates the correlation coefficients at different intensity thresholds,
ranging from 10% (Int10) to 50% (Int50) of the reflectance data. In the Kiko Nick
heatmap, a strong positive correlation is consistently observed between severity and all
intensity thresholds, with the correlation generally increasing with higher intensity data,
reaching up to 0.9 at Int50. This indicates that for Kiko Nick, higher reflectance intensities
are closely associated with greater disease severity. For Don Ricardo, the heatmap depicts
a different pattern, with a lack of significant correlation at lower intensity thresholds
(Int10 and Int20). However, a modest positive correlation emerges at higher thresholds
(Int30 to Int50), suggesting that the relationship between disease severity and reflectance
intensity becomes more pronounced when considering a broader range of data. The
Amilcar heatmap shows moderate to strong correlations across all intensity thresholds.
This cultivar exhibits a consistent relationship between disease severity and LiDAR
reflectance, indicating that even at lower intensity thresholds, there is a significant
correlation that can be utilized for disease assessment.
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Figure 5.16 The heatmap displays the correlation analysis of disease severity and LiDAR reflectance
intensities in durum wheat cultivars.
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Figure 5.17 depicts heatmaps that demonstrate the correlation between disease
severity and reflectance intensities measured by a LiDAR sensor for three bread wheat
cultivars: Conil, Califa, and Arthur Nick. In the Conil heatmap, there is a noticeable trend
of increasing correlation with higher percentages of data points. The correlation is
particularly strong at Int50, suggesting a more accurate estimation of disease severity
when a larger dataset is analyzed. The Califa heatmap exhibits a similar pattern, with
correlations strengthening at higher data point percentages. The strongest correlation is at
Int50, which indicates a robust relationship between the intensity of LIiDAR reflectance
and the severity of disease symptoms in this cultivar. Conversely, Arthur Nick shows a
consistent level of high correlation across all percentages, with only a slight increase
observed, as more data points are included. This implies a stable and significant
relationship between LiDAR reflectance and disease severity, regardless of the data
sample size.
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Figure 5.17 The heatmap displays the correlation analysis of disease severity and LiDAR reflectance
intensities in bread wheat cultivars.

5.5 Discussion

The estimation of disease severity using LIDAR reflectance intensities presents a
novel method that aligns with the growing interest in precision agriculture and the need
for timely disease management. The findings of this study reveal that disease severity can
be quantitatively assessed through LiDAR, supporting previous research that suggests
remote sensing technologies are viable tools for monitoring plant health (Shakoor et al.,
2017; Zhang et al., 2019). In inoculated durum wheat cultivars, the strong positive
correlations between LiDAR reflectance intensities and disease severity, especially in
Kiko Nick, align with findings by Fahey et al. (2020), who reported the utility of LIDAR
in detecting foliar diseases due to the distinct light absorption and reflection properties of
diseased tissue. The consistency of this relationship across intensity thresholds in Amilcar
cultivar further demonstrates that even subtle variations in reflectance can be indicative
of disease presence.

For Don Ricardo, the emergence of significant correlations at higher intensity
thresholds may suggest that the manifestation of disease symptoms is more discernible at
advanced stages, where the spectral signature of the plant's surface changes more
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noticeably. This delayed correlation is consistent with the findings by Khaled et al.
(2018), which indicated that the spectral detection of certain plant diseases becomes more
reliable as symptoms become more pronounced. However, the relatively weaker
correlations in Conil and Califa suggest that the detection of disease through LiDAR
reflectance may be more complex, potentially influenced by factors such as the cultivar's
canopy structure or the disease's spatial distribution within the field (Azadbakht et al.,
2019). These discrepancies underscore the need for calibrating LIDAR-based severity
estimation models to accommodate cultivar-specific and disease-specific factors, as also
suggested by Oblinger et al. (2020). Moreover, the results corroborate the potential of
LiDAR as a non-invasive method that can offer real-time data to farmers, enabling more
precise applications of fungicides, which can lead to reduced chemical usage and
associated costs (Mahlein et al., 2012). Implementing LiDAR in integrated disease
management programs could thus contribute to more sustainable agricultural practices
(Khan et al., 2021).

In conclusion, while the application of LIDAR technology for severity estimation
IS promising, it is imperative to consider the variability among different wheat cultivars
and the stages of disease progression. Future studies should focus on refining the
estimation models and exploring the integration of LiDAR data with other remote sensing
modalities to enhance the accuracy and reliability of disease severity assessments.

5.6 Conclusions

It is evident that rust infection both leaf and yellow significantly impacts grain
weight across various wheat cultivars, with notable reductions exceeding 50% in
susceptible varieties. This effect is less pronounced on growth parameters such as plant
height and biomass, which remain relatively unaffected by rust infection. The strong
correlations observed between actual biomass and larger proportions of 3D point cloud
data underscore the potential of LIiDAR technology for non-destructive biomass
estimation. However, the accuracy of these predictions varies among cultivars and is
contingent upon the developmental stage, highlighting the need for cultivar-specific
calibration. Moreover, disease severity can be reliably assessed using LiDAR reflectance
intensities, particularly when larger datasets are analyzed, demonstrating the technology's
utility in precision agriculture for disease monitoring and management. Overall, the
integration of 3D point cloud data presents a promising avenue for enhancing crop
parameter estimation and disease severity assessment, thereby supporting informed
decision-making in crop management.
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Capitulo 6. Discusion general

6.1 Roya de la hoja en trigo duro en Andalucia

En el sur de Espafia, el trigo se produce principalmente en condiciones de secano,
a menudo propensas a la sequia, con rendimientos muy variables, pero generalmente
bajos, que dependen principalmente de la cantidad y distribucion de las precipitaciones
durante la temporada de cultivo (Martinez-Moreno y Solis, 2017). En un sistema de
produccién tan extensivo y de riesgo relativamente alto, la viabilidad econémica de
cualquier cultivo requiere la maximizacion de la expresion del potencial de rendimiento
bajo las condiciones climéticas predominantes en un afio determinado y la minimizacion
de los costes de produccion (Borlaug, 2007). El control genético de las royas, el factor
bidtico mas importante en la regién, logra ambas cosas (Patpour et al., 2020). No sélo es
clave para la viabilidad econémica del trigo, sino que también reduce la huella ambiental
del cultivo y de todo el sistema de produccion (Martinez-Moreno et al., 2020). EI primer
paso para lograr un control genético eficaz y duradero de las royas del trigo es la
caracterizacion exhaustiva de los linajes (o grupos de razas) / razas del patdgeno presente
en la regién y las areas adyacentes (Hovmoller et al., 2023). El segundo paso implica
evaluar las opciones genéticas disponibles previamente caracterizadas (genes de
resistencia conocidos), asi como las fuentes de resistencia no caracterizadas, para
determinar su idoneidad frente a los linajes / razas predominantes del pat6geno
(Hovmoller et al., 2023).

La roya de la hoja ha sido la especie de roya mas frecuente en Andalucia, tanto en
trigo harinero como en trigo duro. Sin embargo, el trabajo de empresas e instituciones de
mejora vegetal como el CIMMYT, ha producido cultivares resistentes, y el control
eficiente de esta enfermedad (Borlaug, 2007). P. tritici-duri es otra especie de roya del
trigo presente en Marruecos, sur de Portugal y sur de Espafia, descrita desde hace décadas,
y que afecta principalmente a trigo duro (Roelfs, 1992). En el presente trabajo hemos
descrito el dafio causado por esta especie de roya sobre cultivares de trigo duro. Es un
dafo variable entre afios, pero la respuesta es bastante uniforme en todos los cultivares
tanto, en campo como en invernadero. Cuando infecta a los cultivares de trigo duro, casi
todos muestran una resistencia intermedia que, en ausencia de otras enfermedades, causan
un dafo apreciable. Existen muy pocos cultivares con un buen nivel de resistencia, como
Calero.

P. tritici-duri ha estado presente en la zona Mediterranea occidental durante
mucho tiempo (Anikster et al., 1997). Curiosamente, Anchusa azurea (el huésped
alternativo de P. tritici-duri) infectada por roya, fue citada en Espafia antes de 1902
(Navarro, 1902), y mas especificamente en el sur de Espafia, poco antes de 1918
(Gonzalez-Fragoso, 1918). La investigacion sobre la roya de la hoja del trigo duro se
reactivo a nivel mundial cuando, en 2001, apareci6 en México y mas tarde en otras partes
del mundo una nueva raza de roya de la hoja (BBG/BN), virulenta en Lr72 (un gen
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frecuentemente utilizado en cultivares de trigo duro a nivel mundial) (Herrera-Foessel et
al., 2014). Hasta ese momento, la resistencia a la roya en trigo duro a nivel mundial
dependia principalmente de dos genes, Lr72 y Lrl4a (Singh et al., 2004). Pero el
desarrollo de razas virulentas frente a estos dos genes convirtié a P. triticina en una
enfermedad importante en el trigo duro a nivel mundial, incluida Espafia (Martinez-
Moreno y Solis, 2019).

Aunque en principio P. tritici-duri fue detectada en el area de distribucion
geogréfica de Anchusa azurea, es posible que haya podido desplazarse de esta region a
otras sin ningun huésped alternativo. Esta capacidad de la roya para sobrevivir y coexistir
sin el huésped alternativo ha sido descrita previamente como lo indica la expansion de P.
triticina, fuera del &rea de su huésped alternativo, Thalictrum spp., en el sur de Europa
(Anikster et al., 1997).

Las royas siempre han sido un problema en el trigo, su naturaleza evolutiva y el
rpido desarrollo de virulencia hacia cultivares con resistencia efectiva es una
caracteristica de estos patdgenos (Figueroa et al., 2020). La roya de la hoja no es una
excepcion, y la aparicion de razas virulentas a cultivares de trigo duro que contienen el
gen Lrl4a en Espafia en 2013, es un buen ejemplo (Soleiman et al., 2016). Sin embargo,
en este estudio ha surgido otra especie de roya de la hoja, P. tritici-duri, en los campos
de trigo duro de Andalucia occidental. Esta especie de roya no es nueva, ya que ha estado
presente en Marruecos, Portugal e incluso en el sur de Espafia durante mucho tiempo,
pero el impacto en el desarrollo del trigo fue limitado (D" Oliveira y Samborski, 1966;
Anikster et al. 1997). Estos paises han tenido una gran tradicién en la plantacion de trigo
duro, especialmente Marruecos, pero también en el sur de la Peninsula Ibérica (Martinez-
Moreno et al., 2020). La distancia entre Marruecos y el sur de Espafia es muy corta, y las
condiciones climaticas son similares, por lo que las diferentes razas de roya vuelan
facilmente y se desplazan de un pais a otro (Martinez-Moreno y Solis, 2019). Aunque P.
tritici-duri puede estar presente en la zona desde hace mucho tiempo, el reciente aumento
de la incidencia en el trigo duro en Andalucia desde 2020 ha sido muy significativo y
alarmante para una region en la que se siembra el 60% de la superficie triguera, de trigo
duro (Martinez-Moreno y Solis, 2019).

P. triticina y P. tritici-duri mostraron diferencias importantes, principalmente en
el tamafio de sus pustulas, siendo las de P. tritici-duri mas grandes que las de P. triticina.
La otra diferencia, fue la velocidad con la que se desarrollan los telios, los primeros lo
hacen a los 26 dias después de la inoculacion, mucho mas rapido que los segundos, que
desarrollan telios a los 45 dias en las mismas condiciones. Estos resultados fueron
consistentes con lo publicado por Anikster et al. (1997). Los espectros de virulencia en el
conjunto diferencial de Thatcher también fueron bastante diferentes, siendo las razas de
Puccinia triticina recolectadas de trigo duro, avirulentas en Lrl, Lr3ka, Lr9, Lrl7 y
virulentas en Lr18 y Lr20. P. tritici-duri present0 una reaccion mesotética (mezcla de
pustulas con diferentes tipos de infeccion en la misma hoja) hacia casi todas las lineas
isogénicas Thatcher, donde las lesiones de infeccion tipo 1 se mezclaron con pustulas
bien formadas, pero pocas, de infeccion tipo 2-3. Sélo los genes Lr24, Lr26 y Lr28 fueron
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claramente eficaces contra P. tritici-duri. Lr24 esta ubicado en el cromosoma 3D y no
puede transferirse al trigo duro mediante cruzamiento y seleccion regular, y su
transferencia requeriria transferencias citogenéticas antes de poder usarse en programas
de mejora regulares. Lr26, ubicado en el cromosoma translocado 1B/1R y originario del
centeno, se ha utilizado ampliamente durante décadas en el trigo harinero (Mclintosh et
al., 1995), pero, hasta donde sabemos, no se ha implementado comercialmente en el trigo
duro. Es necesario evaluar criticamente su uso potencial como opcién de resistencia
contra P. tritici-duri, ya que se sabe que la translocacion 1B/1R causa tenacidad en las
masas inadecuadas en el trigo harinero y también podria afectar la fuerza del gluten y las
caracteristicas del trigo duro. Finalmente, Lr28, ubicado en el cromosoma 4A y originario
de T. speltoides (Mclntosh, 1995), se ha utilizado de manera mas limitada en el trigo
harinero, pero se ha descrito que la virulencia de este gen es muy frecuente en poblaciones
de P. triticina en todo el mundo (Mclintosh, 1995). Segun los resultados de este estudio,
los pocos genes de resistencia de plantulas bien caracterizados, utilizados en el trigo
harinero, que podrian usarse en el trigo duro como opciones de resistencia contra P.
tritici-duri, presentan importantes inconvenientes, que pueden desaconsejar su uso en
programas de mejora de trigo duro.

P. tritici-duri est& presente en Andalucia occidental y, aunque esporadicamente,
puede suponer un problema grave en el trigo duro, porque se han identificado muy pocos
genotipos completamente resistentes (Huerta-Espino et al., 2014). La mayoria de los
cultivares y genotipos evaluados en este estudio, y en conjuntos mas grandes se
caracterizan por la misma reaccién intermedia severa (Huerta-Espino et al., 2014). La
mayoria de los cultivares considerados resistentes a la roya de la hoja, como Don Ricardo
(Lr27+Lr31), que es, desde hace muchos afios el cultivar mas sembrado en Andalucia
(Martinez-Moreno y Solis, 2017), son susceptibles a P. tritici-duri. Otros genotipos con
genes Lr diferentes, como LrCamayo, presente en el cultivar mexicano Cirno C2008,
también se han visto afectados significativamente por esta especie de roya. Lr19 y Lr47
son genes globalmente eficaces que se originan a partir de parientes silvestres del trigo
(Kthiri etal., 2017). Se introdujeron en el trigo harinero dando una respuesta casi inmune,
y recientemente en el trigo duro (Ammar, c.p.). P. tritici-duri parece superar facilmente
la resistencia de estos dos genes. Hasta la fecha, entre los cultivares liberados cultivados
en Andalucia, sélo Calero mostré una resistencia interesante frente a las dos razas de P.
tritici-duri empleadas en este estudio. Es probable que la resistencia de Calero hacia las
razas de P. triticina esté ubicada en los cromosomas 6B, muy cerca de Lr61, ya que las
pruebas de alelismo entre Calero y Guayacan, la fuente de Lr61 (Herrera et al., 2008b)
no han arrojado ninguna planta susceptible recombinante, basada en estudios realizados
en el CIMMYT (Ammar, c.p.). Si esta es, 0 no, la base subyacente a la resistencia de
Calero a P. tritici-duri no se podra saber hasta que se realicen los estudios adecuados.

Dados los niveles casi generalizados y variables de susceptibilidad, observados en
los conjuntos relativamente pequefios de germoplasma evaluados en el sur de Espafia
contra P. tritici-duri, y las limitadas opciones disponibles con genes de resistencia
conocidos para proporcionar resistencia completa a P. triticina, para los mejoradores, sera
necesario explorar y encontrar nuevas fuentes de resistencia adecuada en conjuntos de
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germoplasma mas amplios y diversos. Estas actividades de busqueda de resistencia
deberan realizarse en condiciones que aseguren la presencia exclusiva de P. tritici-duri
sin el efecto de confusion de P. triticina. Sin embargo, antes de que se tomen iniciativas
tan costosas, es importante evaluar con precision la probabilidad de que P. tritici-duri se
convierta en un patdgeno importante que limite el rendimiento en el sur de Espafa, y
estimar el coste economico real, a través de la pérdida de rendimiento, cuando el patégeno
esta presente en los cultivares que sean resistentes a P. triticina.

6.2 Royaamarillay del tallo en Andalucia

En cuanto al estudio de roya amarilla y del tallo, se basd exclusivamente en la
infeccion natural de ambas royas. Esto asegurd que el muestreo de patdgenos para analisis
raciales y genotipado involucrara linajes/razas que fueran representativos de aquellos
realmente presentes en la region. Los resultados indicaron que los linajes de roya amarilla
PstS10 (Warrior-), PstS13 y PstS14 fueron los méas habituales en el sur de Espafia desde
el 2016 hasta la actualidad. Informes previos del GRRC de otras zonas de Espafia también
hacen referencia a la presencia de PstS4 y PstS7 (Warrior) (GRRC, 2023). Se sabia que
algunos de estos linajes estaban presentes en el valle del Guadalquivir (Martinez-Moreno
etal., 2019), pero no causaron epidemias graves hasta 2015, cuando se atribuy6 una fuerte
infeccion en el norte de Espafia a la raza Warrior. Esta raza, descrita anteriormente en
Dinamarca, Francia, Inglaterra, Alemania y Suecia, superd la resistencia de la mayoria de
los cultivares de trigo comerciales en estos paises (Hovmoller et al, 2016). Parece que se
origind en la region del Himalaya de Pakistan y posteriormente se extendio rapidamente
por toda la zona triguera de Europa (Hovmoller et al., 2016). La zona del sur de Espafia
fue, de hecho, una de las ultimas en ser alcanzada por esta dispersion, probablemente
porque estaba en el extremo suroeste de Europa con condiciones climaticas menos
favorables. Los linajes mas nuevos, PstS13 y PstS14, son probablemente aquellos a los
que se debe prestar mas atencion, ya que su presencia generalmente se asocio con una
mayor severidad en los cultivares comerciales evaluados en este estudio. Esto fue
particularmente visible en los cultivares de trigo duro, con la aparicion de cierta
incidencia, aunque en niveles muy bajos, durante los tltimos afios del estudio, a medida
que PstS13 y PstS14 se hicieron mas presentes. En 2016 se detectd PstS14 en Marruecos
y Sicilia (Italia) por el GRRC. Este linaje (virulentoen Yr2, Yr3, Yr6, Yr7, Yr8, Yr9, Yrl7,
Yr25, Yr32 y YrSp) se detect6 por primera vez en Espafia en 2017 (GRRC, 2023).

El seguimiento de la reaccion de cultivares de trigo harinero, trigo duro y triticale,
ha sido util para proporcionar una evaluacion de una posible mayor infeccion de roya
amarilla. EI hecho de que existan cultivares resistentes y con buenos rendimientos para
los tres cultivos es un resultado muy positivo, ya que proporcionan soluciones genéticas
inmediatas frente a la roya amarilla sobre la produccién de trigo en el sur de Espafia,
soluciones que las entidades de mejora vegetal podrian utilizar como fuentes de
resistencia en sus programas de mejora.
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Si bien, el nimero de cultivares estudiado ha sido pequefio, nuestros resultados
indican que los cultivares de trigo duro y triticale fueron menos afectados por los linajes
de roya amarilla del sur de Espafa, que de trigo harinero. Los cultivares de trigo duro,
fueron en la mayoria de los casos, inmunes a la enfermedad, e incluso cuando algunos
sintomas estaban presentes, generalmente a partir del cuarto afio del estudio, mostraron
una severidad muy baja. El cultivar Athoris tuvo una severidad mayor, pero s6lo en una
ubicacion durante el dltimo afio del estudio. Los cultivares de triticales evaluados,
también mantuvieron inmunidad o casi inmunidad a la roya amarilla durante la duracién
del estudio. El antiguo cultivar Trujillo perdio su resistencia a la roya amarilla (y a otras
enfermedades) hace décadas en México, Espafia y Tunez (M.S. Gharbi, c.p.). Mientras
que los cultivares resistentes de trigo harinero Tejada y Arthur Nick exhibieron niveles
de resistencia similares a los de los cultivares resistentes de trigo duro Y triticale, los
cultivares Califa y Escacena fueron claramente susceptibles, se caracterizaron por niveles
de susceptibilidad, no observados en las otras especies.

La mayor resistencia del trigo duro y triticale respecto al trigo harinero se ha
observado mas ampliamente en todo el mundo. Entre el germoplasma de los tres cultivos
enviados anualmente por el CIMMYT al sur de Espafia durante los dltimos 20 afios, las
lineas de trigo duro o triticale altamente susceptibles eran poco frecuentes, pero se
observaban regularmente algunas lineas de trigo harinero altamente susceptibles. Por otra
parte, se puede observar una frecuencia baja de susceptibilidad en el germoplasma de
trigo harinero del CIMMYT, distribuido en los mismos viveros internacionales.

Los resultados de este estudio indican que es menos urgente trabajar para mejorar
la base genética de la resistencia a la roya amarilla en trigo duro. En 2019, una epifitia de
roya amarilla nunca vista, aparecio en campos comerciales de trigo duro en el centro de
Chile y, en los campos experimentales del programa nacional, un 70% de las lineas
evaluadas como parte del Vivero Internacional de Deteccion de Trigo Duro del CIMMYT
fueron susceptibles (I. Matus, INIA-Chile, c.p.), mientras que el mismo germoplasma
mantuvo su resistencia practicamente generalizada a la roya amarilla en ensayos fuera de
Chile (datos no publicados). Posteriormente, miles de lineas de mejora del programa del
CIMMYT fueron enviadas al INIA Chile para evaluar su reaccion a la raza local de roya
amarilla, confirmando la alta frecuencia (cerca del 70%) de lineas susceptibles dentro de
este grupo de germoplasma. Si bien, hasta el momento, no hay evidencia de que esta raza
haya salido de Chile, los mejoradores de trigo duro de la cuenca mediterranea, incluidos
los que suministran germoplasma al sur de Espafia, deben evaluar los riesgos asociados
con la aparicién de una raza peligrosa para su region.

Desde la decada de 1970, una parte importante de los cultivares de trigo harinero
de primavera, sembrados en el sur de Espafia, se originaron en el programa de mejora del
CIMMYT, con sede en México. Este programa implementd una amplia gama de genes
Yr, como Yr6, Yr9 e Yrl7, los cuales eran bastante comunes en el pasado, pero su
resistencia ha sido superada por nuevas razas. Por otro lado, Yr27, un gen todavia
utilizado por el CIMMYT, y probablemente presente en el material de trigo harinero
plantado en Andalucia, ya que es eficaz contra el linaje Warrior (Hovmoller et al., 2016).
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En este estudio, este gen ha proporcionado una resistencia intermedia. Los otros genes
que cabe destacar por su utilidad frente a los linajes del sur de Espafia son Yr5, Yrl0 e
Yrl5, cuya presencia en las series diferenciales se asocio a una reaccion inmune durante
todos los afios. EI gen Yr5, ubicado en el cromosoma 2BL, es eficaz contra la mayoria de
las razas de roya amarilla en todo el mundo y se originé a partir de T. spelta (Yan et al.,
2003). Yrl5 es otro gen que esta funcionando bien en todo el mundo, incluso contra las
razas Warriors. Debido a su eficacia global, contra la mayoria de las razas de roya amarilla
en todo el mundo, y a la disponibilidad de marcadores moleculares confiables, que
podrian facilitar su introgresion en el germoplasma de élite, estos genes representan
soluciones protectoras muy atractivas, y seguramente, seran utilizados ampliamente en
programas de mejora en todo el mundo. En teoria, esto podria exponerlos a las
poblaciones de patdgenos en rapida evolucion, como se ha visto en el pasado con muchos
otros genes.

A diferencia de la roya amarilla, la roya del tallo ain no es un problema comercial
en Espafia, pero, en los Gltimos afios, el patdgeno aparecié ocasionalmente al final de la
temporada regular de cultivo del trigo en el sur del pais. Histéricamente, cuando las
variedades locales de maduracion muy tardia, y generalmente susceptibles a la roya del
tallo, se cultivaban extensamente en la cuenca mediterranea, la enfermedad era muy
habitual. Era un escenario en el que un huésped susceptible, mantenia el tejido verde hasta
finales de la temporada de primavera (mayo-junio), proporcionando al patdégeno de
aparicion tardia condiciones favorables para infectar con éxito el cultivo (Pretorius et al.,
2000). Con el desplazamiento completo de estas variedades locales por cultivares
semienanos y de rapida maduracién de la Revolucion Verde, (que también eran en su
mayoria resistentes a las razas antiguas de roya del tallo en Andalucia y Espafia, gracias
a los genes efectivos Sr2 y Sr31), la enfermedad préacticamente desaparecio y dejo de ser
una preocupacion que amenazaba el rendimiento. No solo desapareci6 de Espafia, sino de
casi todo el mundo en el periodo 1955-1998 (Pretorius et al., 2012). Sin embargo, la
evolucion reciente de las razas de patdgenos, y la aparicion mas regular de la enfermedad
en la cuenca mediterranea, han generado preocupacién y nos han llevado a considerar la
roya del tallo, como una posible amenaza emergente para la produccién de trigo en el sur
de Esparia.

Todas las evaluaciones se realizaron nuevamente basandose exclusivamente en
infecciones naturales, que ocurrieron durante cada uno de los cinco afios de este estudio,
y se convirtieron en intensas epidemias gracias a los riegos semanales implementados
para la siembra de verano (plantacion fuera de temporada o contraestacion), que relne
tejido foliar verde de huéspedes susceptibles, un patdgeno virulento y condiciones
favorables para la infeccion.

Segun las lecturas de campo de este estudio y el analisis de ADN en el GRRC, los
grupos predominantes presentes durante el estudio actual fueron el Clade IV-B (TKKTF)
y el Clade IV-F (TKTTF) (GRRC, 2023). Segun lo informado por Abdedayem et al.
(2023), la roya del tallo ha reaparecido recientemente en muchas partes de Europa y norte
de Africa. La presencia de la raza TTRTF, también llamada raza siciliana, en el sur de
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Espafia, se considerd improbable, ya que esta raza es virulenta frente al gen Sr13 (Olivera
et al., 2021), y la linea que alberga Sr13 siempre fue resistente (resistencia parcial),
durante la duracion de este estudio. Los marcadores moleculares identificaron 37 aislados
recolectados en Francia en 2021 en el marco de la campafia de muestreo del RustWatch
(proyecto europeo coordinado por el GRRC destinado a caracterizar las principales razas
de royas en Europa). Todos ellos se agruparon en dos grupos genéticos, Clade IV-B y
Clade IV-F. Estos dos grupos ya fueron detectados en 2019 y 2020 en Francia 'y en 2018
y 2019 en Italia. Toda esta informacion indica claramente que estas son las principales
razas de roya del tallo en la Europa mediterranea (Hovmoller et al., 2023), y
probablemente en el norte de Africa. Ademas, segin los anélisis de ADN de muestras
enviadas al GRRC desde todas partes de Europa, las razas del linaje Ug99 no han llegado
a Europa. Esto se confirmé en el caso del sur de Espafia, ya que las razas locales y el
linaje Ug99, diferian en su virulencia sobre Sr24 y Sr31.

Otra clara diferencia entre la roya amarilla y la roya del tallo reside en el nivel de
expresion de su resistencia. Mientras que la resistencia a la roya amarilla a menudo se
expresaba como una reaccion totalmente inmune (ausencia total de pustulas), la
resistencia a la roya del tallo es casi siempre incompleta, como la debida a los genes Sr22
0 Sr25.

Los resultados del seguimiento de la reaccion a la roya del tallo, de las principales
variedades sembradas en el sur de Espafa, indican que los agricultores de esta regién
disponen de soluciones genéticas comerciales adecuadas, en caso de que esta enfermedad
se convierta en un problema. Si bien, la probabilidad de que esto suceda puede
considerarse baja, de hecho, se materializ6 durante el presente estudio en la localidad de
Jerez en 2022. Los cultivares de trigo duro Amilcar, Don Ricardo y Calero, los cultivares
de trigo harinero Tejada e incluso Conil, y los cultivares de triticale Bondadoso y
Valeroso, fueron consistentemente resistentes tanto a la roya amarilla como a la roya del
tallo. En Espafia las razas de roya del tallo no son virulentas frente al gen Sr13, aunque la
virulencia si estd presente en el sur de Italia, por lo que, seguramente, pronto llegara a
Espafia. Los resultados de la seleccion de una gran coleccién de lineas de trigo duro de
diferentes conjuntos de germoplasma contra la raza JRCQC (con virulencia combinada
en Sr9e y Sr13) (Olivera et al., 2012), revelaron una frecuencia muy baja de resistencia,
supuestamente del 5,2%. La baja frecuencia de resistencia contra las razas etiopes con
virulencia combinada en Sr9e y Sr13 se confirmo al examinar miles de lineas del
CIMMYT a lo largo de afios en Etiopia (Ammar c.p.). En este contexto, queda claro que
las razas actualmente presentes en Espafia no representan una amenaza inmanejable para
la produccién local de trigo, sino que la amenaza mas importante vendria de una eventual
aparicion de razas con virulencia al gen Sr13. Cualquier esfuerzo de mejora preventiva o
programa de seleccion de variedades para proporcionar cultivares resistentes a la roya del
tallo para el sur de Espafia, deberia apuntar a la resistencia a razas con virulencia
combinada en Sr13/Sr9e, y no simplemente de la resistencia a las razas actualmente
presentes en Espafia. Esto se puede abordar eficazmente usando germoplasma reciente
del CIMMYT, que fue, previamente seleccionado, para detectar resistencia a las razas
africanas, ya sea a los linajes Ug99, mediante la seleccion en Kenia para trigo harinero, o
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a la virulencia Sr13/Sr9e, mediante la evaluacién de lineas en Kenia y Etiopia para el
trigo duro. Los resultados del presente estudio confirman la idoneidad de este enfoque,
ya que muchas de las lineas de trigo duro, que se sabe que tienen niveles aceptables de
resistencia en Etiopia y Kenia, también eran resistentes a las razas actualmente presentes
en el sur de Esparia.

En términos de utilidad para el sur de Espafia, se encontré que los genes Sr22 y
Sr25 proporcionaron una proteccion adecuada contra las razas espafiolas en el presente
estudio, al igual que se sabe también que es eficaz contra las razas africanas de roya del
tallo (Ammar c.p.). El gen Sr22 se origin0 a partir de T. monococcum, y se ha mapeado
en el cromosoma 7AL del trigo. Sin embargo, no se ha utilizado muchodebido a una
penalizacion de rendimiento (Khan et al., 2019). El gen Sr25, ligado a Lr19, se transfirio
al trigo harinero en un segmento que también se maped en el cromosoma 7AL. Se ha
utilizado ampliamente en muchos cultivares de trigo harinero de primavera, de las
regiones media y baja del VVolga en Rusia (Sibikeev et al., 2021), con cierta presencia en
el germoplasma de trigo harinero del CIMMYT. Cuando se introduce en trigo duro, este
gen proporciona buenos niveles de resistencia a las razas espariolas (como se indica en el
presente estudio), asi como a las razas de trigo duro etiopes. La primera generacién de
lineas CMMYT con Sr25, experimentd mermas en el rendimiento, especialmente en
condiciones de sequia. Después de dos ciclos de cruzamiento/seleccion, se desarrolld
nuevo germoplasma del CIMMYT, que porta Sr25 sin penalizacion en el rendimiento
(Ammar c.p.). La combinacion Sr22+Sr25 es atractiva para su uso en la mejora, ya que
ambos genes estan estrechamente vinculados en el cromosoma 7AL. Una vez
ensamblados en la configuracion genética correcta, deberian efectivamente heredarse
juntos con muy poca probabilidad de ser separados en ciclos posteriores de
cruce/seleccion. Se descubrié que era la combinacion mas eficaz contra las razas
espafolas actuales de roya del tallo, con reacciones generalmente cercanas a una respuesta
inmune en el presente estudio. En material de trigo duro del CIMMYT, la primera
generacion de lineas portadoras de ambos genes se caracterizo por severas penalizaciones
en rendimiento y tolerancia a la sequia, pero después de dos ciclos de cruce/seleccion, la
ultima generacién de dichas lineas tuvo menor pérdida de rendimiento y tolerancia a la
sequia, lo que hace que sean parentales mejorados Utiles para usar en cualquier programa
de mejora.

Otros genes, como el Sr38, con utilidad limitada en la mejora del trigo harinero
contra la roya del tallo, aun pueden ser Utiles para el trigo duro. Incluido en un fragmento
2NS translocado al cromosoma 2AS del trigo harinero, se utiliz6 ampliamente por su
triple resistencia a las royas, ya que ademas porta los genes Lr37 e Yr18. Actualmente se
considera que el gen Sr38 tiene una utilidad limitada contra la roya del tallo del trigo
harinero. En el presente estudio fue transmitido por el cultivar Trident, que resulto ser
susceptible a las razas espafiolas. Sin embargo, cuando se introdujo en un fondo genético
de trigo duro, tuvo un efecto variable contra las razas espafolas, que iba desde la completa
inmunidad hasta la completa susceptibilidad. La linea de introgresion original (linea 36)
tenia un nivel intermedio de resistencia a las razas espafiolas, con reacciones de campo
altamente resistentes a las razas africanas de trigo duro en Etiopia y Kenia. La otra linea
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de introgresién Sr38 (linea 37) tuvo una reaccion bastante susceptible a las razas
espafiolas, y se caracteriz6 por una reaccion intermedia-susceptible contra las razas
etiopes, lo que sugiere una posible recombinacion entre el marcador molecular utilizado
en la introgresion y el gen real. La linea 1 del conjunto evaluado en nuestro trabajo fue el
resultado de la introgresion de Sr38 mediante seleccion asistida por marcadores en un
fondo genético de élite del CIMMY'T que ya tenia un buen nivel de resistencia a las razas
africanas de roya del tallo, de ahi su reaccion inmune, probablemente debido a efectos
aditivos de varios genes, incluido el Sr38. Los genes de resistencia a la roya con utilidad
limitada o nula en el trigo harinero, pero con un valor significativo para la mejora del
trigo duro, no son desconocidos. Un claro ejemplo es el del gen Lr14a de resistencia a la
roya de la hoja. Es completamente ineficaz en la mejora del trigo harinero, ya que la
mayoria de las razas de roya de la hoja del trigo harinero son virulentas en este gen. Sin
embargo, la mayoria de las razas que son virulentas en trigo duro, son avirulentas frente
al gen Lrl4a, lo que lo convierte en una de las fuentes mas utiles de resistencia genética
en el trigo duro durante muchos afios (Macaferri et al., 2010). De todas formas, su efecto
fue vencido en Espafia en 2013 y otras zonas de la cuenca mediterranea (Soleiman et al.,
2016), pero sigue siendo muy eficaz en otras partes del mundo hasta el dia de hoy.

6.3 Eficacia de los datos hiperespectrales para detectar la roya
amarillay de la hoja en el trigo

Respecto al estudio de sensores, la precision y los resultados de la puntuacién F1
se analizaron en diferentes modelos y conjuntos de datos. Los conjuntos de datos
utilizados pueden considerarse comparativamente pequefios con respecto a otros estudios
que utilizan conjuntos de datos publicos como PlantVillage (Thakur et al., 2022), que
tiene 54.305 imagenes de 14 especies de plantas, para el entrenamiento de aprendizaje
automatico. El estudio realizado por Lu et al. (2021) es uno de los pocos trabajos que
destaca un desafio importante. Este desafio se relaciona con la insuficiencia actual del
tamafo y la diversidad de los conjuntos de datos en la aplicacién de modelos de
clasificacion de enfermedades en plantas. Ademas, es fundamental considerar todas las
posibles condiciones de captura, variaciones de sintomas y caracteristicas de los sensores
utilizados (Barbedo, 2018). Por estas razones, es inevitable tener conjuntos de datos
completos y, por lo tanto, los modelos en su aplicacion tienen un alcance limitado.

Existen varias alternativas para abordar los efectos del uso de conjuntos de datos
incompletos, siendo una de las mas comunes el aumento de datos a través de varias
técnicas que se pueden combinar entre si. Sin embargo, segun la literatura revisada por
Kobayashi et al., (2018), cada técnica de aumento de datos afecta la precision del modelo
de manera diferente.

En este estudio, el algoritmo SMOTE se aplica en diversos grados a un pequefio
conjunto de datos para una sola enfermedad con tres categorias. Esto demuestra como la
precision general aumenta con la aplicacion de técnicas de aumento de datos. Este

133



resultado se alinea con los obtenidos en el estudio realizado por Uguz y Ulysal (2021),
donde se utilizé un conjunto de datos de 3.400 imagenes hiperespectrales para diferenciar
entre dos enfermedades y plantas sanas en tres categorias. Sin embargo, sus resultados
demuestran un aumento en la precision en todas las categorias, mientras que, en el
presente estudio, la precision no aumenta en la categoria que consta de datos originales.

6.4 Deteccion de roya de la hoja y amarilla en cultivares de trigo,
usando sensor LiDAR

Respecto al conjunto de datos donde se aplico el algoritmo SMOTE Unicamente
al conjunto de entrenamiento, los resultados son consistentes con los obtenidos por Singh
& Arora (2020), pues la categoria con mayor precision es la compuesta por los datos
originales. Sin embargo, la precision general de los modelos difiere de los resultados
obtenidos por Kannan et al. (2020), en el que se utiliza un conjunto de datos de 12.206
imagenes hiperespectrales, y el 75% del conjunto de datos estaba compuesto por datos
sintéticos. En ese estudio, la precision general aumenta en un 2,5%, mientras que, en el
estudio actual, disminuye para la roya amarilla y aumenta en menor medida para la roya
de la hoja.

Los modelos de clasificacion que alcanzaron los valores de precisién mas altos en
este estudio fueron SVM y RF. Ambos modelos entran dentro del &mbito del aprendizaje
automatico clasico (Li et al., 2020). Se diferencian de estudios como el realizado por Patil
et al. (2017), donde se compararon tres modelos de aprendizaje automatico para la
deteccion del tizén tardio. En ese estudio, el mejor clasificador fue ANN, seguido de
SVM y RF, lo que representa una tendencia contraria a lo encontrado en este articulo. La
variacion en los resultados obtenidos puede atribuirse a diferencias en las caracteristicas
de los conjuntos de datos utilizados en este estudio. Especificamente en este estudio, hay
dos categorias, a saber, 'H" y 'AL', que exhiben caracteristicas similares. Ademas, el
tamafio del conjunto de datos y el porcentaje de datos sintéticos dentro de cada categoria,
también podrian contribuir a estas diferencias.

En términos del resultado de precision general logrado, existe un conjunto
limitado de investigaciones que utilizan el espectro completo de un espectroradiometro
para la deteccion de enfermedades. El estudio realizado por Naidu et al. (2021) es uno de
los pocos que muestra el potencial de dichos datos combinados con el aprendizaje
automatico. En este estudio, se empled el modelo LDA vy los resultados obtenidos se
alinean con los del presente estudio, lo que arroja altas tasas de precision para plantas
sanas, y mayores errores de clasificacion, para categorias con caracteristicas espectrales
similares. El estudio realizado por Khosrokhani y NasR (2022) demuestra mayor
precision, al combinar el aprendizaje automatico, con indices espectrales de vegetacion,
logrando un 85% para el modelo RF y un 89,5% para el modelo SVM.
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Conclusiones

1. P. tritici-duri infecta a casi todos los cultivares de trigo duro sembrados en el sur
de Espafia, y en el invernadero mostrd un tipo de infeccion mesotético frente a la
mayoria de las lineas isogénicas Thatcher, y frente a una coleccion de cultivares
y lineas de trigo duro resistentes a P. triticina. Esta resistencia intermedia no es
suficiente para detener al patdgeno, que produce dafios importantes en todos los
cultivares y lineas estudiadas, excepto en Calero, Thatcher-Lr24, Thatcher-Lr26
y Thatcher-Lr28. Los programas de mejora deberan identificar nuevas fuentes de
resistencia en conjuntos de germoplasma mas amplios. Los aislados de P. tritici-
duri obtenidos en este estudio seran Utiles para estudios futuros.

2. Las principales razas de roya amarilla detectadas en los Gltimos afios en el sur de
Espafia fueron PstS13, PstS14 y PstS10 (Warrior-). Esta especie de roya infecta
mas a los trigos harineros que a los trigos duros o triticales. Aun asi, algunos
cultivares de trigo harinero como Arthur Nick o Tejada fueron resistentes frente
a estas razas. EI gen Yr27 utilizado frecuentemente por el CIMMYT esté presente
en numerosas variedades cultivadas en Andalucia y ofrece una proteccién
intermedia frente a la raza PstS10 (Warrior -). Los genes Yr5, Yr10 e Yrl5 son
potencialmente interesantes por su resistencia a todas las razas de roya amarilla
de Andalucia, y podrian emplearse en programas de mejora.

3. Las razas de roya del tallo encontradas en Andalucia en contraestacion (en Conil
de la Frontera) y estacion (Jerez de la Frontera) fueron Clade IV-B y Clade IV-
F, (que son las mas frecuentes en la mayor parte del territorio europeo). Ambas
son avirulentas frente al gen Sr13, muy importante en la proteccion de numerosas
variedades de trigo duro. La peligrosa raza siciliana y la familia Ug99, no fueron
detectadas en el sur de Espafia, pero podrian llegar en un futuro proximo. Afectan
de forma parecida a trigos harineros y duros, mientras que los triticales son mas
resistentes. Los cultivares de trigo harinero Escacena y Conil, los cultivares de
trigos duros Calero, Amilcar y Don Ricardo, y el cultivar de triticale Bondadoso
fueron resistentes a la roya del tallo. Los genes Sr27 y Sr35 son potencialmente
interesantes ya que las lineas que portaban esos genes presentaron una menor
severidad de roya del tallo.

4. Elestudio demuestra como la aplicacion de SMOTE, en entrenamiento y pruebas,
establece la precision obtenida en todos los modelos, en comparacion con el
conjunto de datos donde no se aplico SMOTE. Por otro lado, los mejores modelos
para la deteccion de enfermedades fueron, para la roya amarilla, el modelo RF,
(70%), con el conjunto de datos compuesto enteramente de datos reales, y para
la roya parda, el modelo SVM, (63%). Ademas, cabe destacar que estos modelos
eran capaces de distinguir entre las diferentes caracteristicas de forma mas eficaz.
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Se observd una excepcidn a esta tendencia entre las categorias 'H' y 'AL’, que
exhiben caracteristicas espectrales similares.

Los resultados obtenidos sugieren el potencial de utilizar firmas espectrales
completas, obtenidas mediante informacion hiperespectral, y combinadas con
métodos de aprendizaje automatico. Asimismo, subraya la necesidad de seguir
investigando sobre nuevos métodos de procesamiento de datos, y como las
técnicas de aumento de datos afectan las diferentes arquitecturas de modelos.

La infeccion por roya, tanto de la hoja como amarilla, impacta significativamente
en el peso del grano en varios cultivares de trigo, con reducciones notables, que
superan el 50% en los cultivares mas susceptibles. Las fuertes correlaciones
observadas entre la biomasa real y los datos proporcionados por las nubes de
puntos 3D, subrayan el potencial de la tecnologia LiDAR para la estimacion de
biomasa no destructiva. Sin embargo, la precision de estas predicciones varia
entre cultivares, y depende de la etapa de desarrollo, lo que destaca la necesidad
de una calibracion especifica de cada cultivar. En general, la integracion de datos
de nubes de puntos 3D, presenta una via prometedora para mejorar la estimacién
de los parametros en los cultivares, y la evaluacion de la gravedad de las
enfermedades, apoyando asi la toma de decisiones en el manejo del cultivo del
trigo.
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Glosario

Se incluyen varias definiciones relacionadas con la presente tesis doctoral, muchas
de ellas de acuerdo a Niks et al. (2019) y otras tantas del sector de la digitalizacion.

Adam (Adaptive Moment Estimation): en aprendizaje automaético es un algoritmo de
optimizacion utilizado para actualizar los pesos de la red neuronal durante el
entrenamiento. Combina las ventajas de otros dos métodos de optimizacion: Momentum
y RMSprop, ajustando los pesos de manera méas eficiente. Adam mantiene tasas de
aprendizaje adaptativas para diferentes parametros, lo que lo hace efectivo en practica
para una amplia gama de problemas.

Aislado: Muestra de un patdégeno que es almacenado vivo 0 mantenido en aislamiento
sobre plantas o en medio nutritivo (isolate).

Algoritmo: Secuencia de pasos finitos bien definidos que resuelven un problema
(algorithm).

Artificial Neural Network (ANN): una red neuronal artificial es un modelo
computacional inspirado en la estructura y funcionamiento de las redes neuronales
bioldgicas. Consiste en capas de nodos, o "neuronas”, conectadas por "sinapsis™ que
transmiten sefiales. Estas redes aprenden a realizar tareas ajustando los pesos de las
conexiones, basandose en los datos de entrada y su retroalimentacion durante el
entrenamiento, lo que las hace muy efectivas para tareas complejas como reconocimiento
de patrones, clasificacién y prediccion.

Avirulencia: Es la propiedad de un patdégeno de no poder infectar a una planta huésped
debido a la efectividad de uno o méas genes mayores para resistencia (hipersensible). El
término implica que opera una relacion gen a gen (avirulence).

Diferenciales (conjunto): Un grupo de lineas o cultivares mediante el cual se pueden
distinguir o caracterizar los patotipos de un enemigo natural (cultivar differential set).

Efector: proteina del patdgeno que manipula las funciones celulares de la planta huésped.
Cuando un efector del patdgeno es detectado por la planta, puede actuar también como
factor de avirulencia para inducir una respuesta hipersensible (effector).

Enfermedad: Cualquier alteracion fisioldgica de una planta o, de una parte considerable
de la misma, causada por un factor de estrés bidtico o una combinacién de factores de
estreses resultando en la manifestacion de sintomas (disease).

Epifitia: Fendmeno consistente en que una enfermedad afecte simultaneamente a un gran
numero de plantas de la misma especie en la misma region. Puede deberse a agentes
quimicos, fisicos o bidticos (epiphytia).

Gaussian naive bayes: Algoritmo de clasificacion en aprendizaje automatico que se basa
en el teorema de Bayes con la suposicion de independencia entre las caracteristicas.
Especificamente, utiliza la distribucion gaussiana (0 normal) para modelar las
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caracteristicas continuas. Este algoritmo es eficiente y efectivo, particularmente en tareas
de clasificacion donde las caracteristicas son continuas y se asume que siguen una
distribucion normal.

Haustorio: Estructura que forman algunos hongos patogénicos en la célula viva de la
planta y que les sirve para extraer nutrientes de esa célula (haustorium).

Huésped (planta): Especie de planta que es susceptible a un patdgeno y le sirve como
fuente de alimento y como sustrato para vivir (host plant).

Hipersensibilidad: Capacidad de una planta para defenderse de un patégeno o parasito
mediante una reaccion de muerte celular programada (apoptosis) de células vegetales en
el sitio de infeccion (hypersensitivity).

Infeccion: El uso de una planta como fuente de nutrientes por un patégeno resultando
generalmente en reproduccion de ese enemigo (infection).

Inmunidad: Resistencia del organismo frente a un agente infeccioso externo.

Machine Learning (ML): el aprendizaje automatico es una rama de la inteligencia
artificial que se centra en desarrollar algoritmos y técnicas que permitan a las
computadoras aprender y hacer predicciones o tomar decisiones basadas en datos, sin ser
explicitamente programadas para cada tarea. Utiliza patrones y estructuras de datos
historicos para crear modelos que mejoran automaticamente a través de la experiencia y
la incorporacion de nueva informacion.

Marcador molecular: es un elemento (normalmente un fragmento de ADN) que nos
permite diferenciar los alelos de un locus (molecular marker).

Mesotética (reaccion): Respuesta de infeccion indefinida en un cultivar, donde se
observan pustulas pequefias rodeadas de necrosis, y pustulas grandes rodeadas de
clorosis. Es decir, en la misma planta, se pueden observar pustulas tipo 1-2 y pustulas tipo
3-4, guiandonos por la escala de Stackman, llegando al punto, de no saber diferenciar si
el cultivar es resistente o susceptible a la raza de roya por la que ha sido infectado
(mesothetic).

Patogeno: Microorganismo que explotan la planta como fuente de nutrientes (pathogen).

Patosistema vegetal: Combinacién de una especie hospedante y de una de sus especies
de enemigo natural (plant pathosystem).

Periodo de latencia: Periodo desde el momento de la inoculacion hasta el inicio de la
esporulacion del patogeno. En el caso de la roya se mide mejor calculando el tiempo en
el cual han aparecido el 50% de las pustulas (latency period).

Patotipo: Grupo de genotipos dentro de una especie de patdgeno que sedistinguen por su
espectro de virulencia. Es sinonimo del término raza (pathotype/race).

Piramidar: Proceso por el cual se combinan, en un Unico genotipo, varios genes de
resistencia de diversas fuentes genéticas (gene pyramiding).
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Postulacion de genes: Metodo para averiguar el gen de resistencia de un genotipo
asumiendo una relacion gen a gen entre planta y patégeno. La forma mas frecuente es
usar genotipos con genes conocidos (diferenciales) e inocularlas con una serie de
patotipos diferentes. El tipo de infeccion de estos genotipos se compara con el tipo de
infeccion del genotipo cuyo gen(es) de resistencia queremos averiguar (gene postulation).

Pustula: ver uredinio (pustule).

Random forest: es un algoritmo de aprendizaje supervisado que combina multiples
arboles de decision para formar un "bosque". Cada arbol en el Random Forest produce
una prediccion y la clase con la mayoria de los votos se convierte en la prediccion del
modelo. Este método mejora la precision y controla el sobreajuste, aprovechando la
diversidad de los arboles.

Randomizedsearch CV: es una técnica en aprendizaje automatico que se utiliza para
seleccionar de manera aleatoria y eficiente los mejores hiperparametros para un modelo.
A diferencia de la busqueda en cuadricula (GridSearchCV) que prueba todas las
combinaciones posibles, RandomizedSearchCV explora un numero fijo de
configuraciones de hiperparametros seleccionadas al azar dentro de los rangos
predefinidos. Esto lo hace mas rapido y a menudo maés efectivo para encontrar una buena
combinacion de hiperparametros, especialmente cuando se trabaja con grandes espacios
de busqueda.

Relacion gen a gen: Relacidn hospedante-patégeno en la cual cada gen de resistencia en
la planta puede ser fenotipicamente expresado solo cuando el patdgeno posee un
correspondiente gen de avirulencia (gene for gene relationship).

Resistencia: Capacidad de una planta para reducir o detener el crecimiento, desarrollo y
reproduccion del patégeno después del establecimiento de un contacto intimo
(resistance).

Resistencia horizontal: Es una resisntecia, de una cultivar frente a un organismo
infeccioso, que esta determinada por la presencia y accion de muchos genes. No suele ser
una resistencia total, pero en cambio, suele ser muy duradera en el tiempo (horizontal
resistant).

Resistencia parcial: Resistencia que produce una menor tasa epidémica por parte del
patdgeno, a pesar de que manifiesta un tipo de infeccion susceptible, o sea, que no se
observa hipersensitividad (partial resistance).

Resistencia vertical: Es una resistencia, de un cultivar frente a un organismo infeccioso,
que esta determinada por la presencia de un solo gen de resistencia R, suele tener una
respuesta de resistencia total, pero puede ser poco duradera en el tiempo, ya que
venciendo al gen R, por ejemplo, con un pequefio cambio de raza del patdégeno, el cultivar
se vuelve susceptible.

Resistencia raza especifica: Resistencia que es efectiva contra genotipos especificos
(avirulentos) de un patogeno (race specific resistance).
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Rotura de la resistencia: Es el fendbmeno donde la efectividad de la resistencia contra
un enemigo natural decrece como resultado de los cambios en la poblacion de ese
enemigo. También se le llama erosion (breaking down of resistance).

Scikit learn: Es una biblioteca de software libre y de codigo abierto para Python que
proporciona herramientas sencillas y eficientes para analisis de datos y aprendizaje
automatico. Incluye algoritmos para clasificacion, regresion, agrupacion, reduccion de
dimensionalidad, seleccidén de modelos y preprocesamiento de datos, siendo ampliamente
utilizada tanto en la academia como en la industria por su versatilidad y facilidad de uso.

SMOTE (Synthetic Minority Over-sampling Technique): es una técnica de
preprocesamiento de datos utilizada en aprendizaje automatico para abordar el desbalance
en los conjuntos de datos de clasificacion. Funciona generando muestras sintéticas de la
clase minoritaria para igualar la cantidad de muestras en la clase mayoritaria. Esto se logra
seleccionando muestras existentes de la clase minoritaria y creando nuevas muestras
sintéticas que son variaciones ligeras, utilizando interpolacion entre muestras y sus
vecinos mas cercanos. SMOTE ayuda a mejorar el rendimiento de los modelos de
clasificacion en conjuntos de datos desequilibrados.

Support Vector Machine (SVM): es un algoritmo de aprendizaje supervisado utilizado
principalmente para tareas de clasificacion y regresion. Funciona encontrando el
hiperplano 6ptimo que separa las clases de datos con el mayor margen posible. En casos
no lineales, utiliza un truco conocido como el "kernel” para transformar los datos a un
espacio donde puedan ser linealmente separables. Las SVM son conocidas por su eficacia
en espacios de alta dimensién y su capacidad para manejar datos no lineales.

Susceptibilidad: Incapacidad de una planta para reducir el crecimiento, desarrollo y
reproduccion de un enemigo natural (susceptibility).

Tipo de infeccion: Reaccion o respuesta de la planta a una infeccién (o intento de
infeccion) por un patoégeno, la cual se expresa por un nimero de acuerdo a una escala
normalizada. El término es sindnimo de ‘tipo de reaccion’ (infection type).

Uredinio (o uredio): Sintoma tipico de infecciones de roya en la planta huésped
principal. Consiste en manchas de color generalmente rojizo o anaranjado que aparecen,
sobre todo, en las hojas de las plantas infectadas. En realidad, son erupciones de esporas
(urediniosporas) producidas en el interior de la hoja por una unidad de infeccién de roya
gue ha progresado y ha creado una colonia. En esta colonia se producen tal cantidad de
nuevas esporas que éstas presionan y rompen finalmente la epidermis foliar para
dispersarse en el exterior. Es sinénimo de puastula (uredinium; plural, uredinia).

Urediniospora: Es el nombre que se da a las esporas de las royas que infectan a la planta
huésped principal. Son transportadas por los vientos a grandes distancias, a veces miles
de kilébmetro. Es sindnimo de uredospora (uredospore).

Virulencia: Capacidad de un patégeno para infectar una planta con uno 0 mas genes
mayores de resistencia (hipersensibilidad), debido a que no posee ninguno de los genes
complementarios de avirulencia (virulence).
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