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RGB image-based method for phenotyping -1
rust disease progress in pea leaves using R

Salvador Osuna-Caballero', Tiago Olivoto?, Manuel A. Jiménez-Vaquero', Diego Rubiales' and Nicolas Rispail’

Abstract

Background Rust is a damaging disease affecting vital crops, including pea, and identifying highly resistant
genotypes remains a challenge. Accurate measurement of infection levels in large germplasm collections is crucial
for finding new resistance sources. Current evaluation methods rely on visual estimation of disease severity and
infection type under field or controlled conditions. While they identify some resistance sources, they are error-prone
and time-consuming. An image analysis system proves useful, providing an easy-to-use and affordable way to quickly
count and measure rust-induced pustules on pea samples. This study aimed to develop an automated image analysis
pipeline for accurately calculating rust disease progression parameters under controlled conditions, ensuring reliable
data collection.

Results A highly efficient and automatic image-based method for assessing rust disease in pea leaves was
developed using R. The method'’s optimization and validation involved testing different segmentation indices and
image resolutions on 600 pea leaflets with rust symptoms. The approach allows automatic estimation of parameters
like pustule number, pustule size, leaf area, and percentage of pustule coverage. It reconstructs time series data for
each leaf and integrates daily estimates into disease progression parameters, including latency period and area under
the disease progression curve. Significant variation in disease responses was observed between genotypes using
both visual ratings and image-based analysis. Among assessed segmentation indices, the Normalized Green Red
Difference Index (NGRDI) proved fastest, analysing 600 leaflets at 60% resolution in 62 s with parallel processing. Lin's
concordance correlation coefficient between image-based and visual pustule counting showed over 0.98 accuracy
at full resolution. While lower resolution slightly reduced accuracy, differences were statistically insignificant for most
disease progression parameters, significantly reducing processing time and storage space. NGRDI was optimal at all
time points, providing highly accurate estimations with minimal accumulated error.

Conclusions A new image-based method for monitoring pea rust disease in detached leaves, using RGB spectral
indices segmentation and pixel value thresholding, improves resolution and precision. It rapidly analyses hundreds of
images with accuracy comparable to visual methods and higher than other image-based approaches. This method
evaluates rust progression in pea, eliminating rater-induced errors from traditional methods. Implementing this
approach to evaluate large germplasm collections will improve our understanding of plant-pathogen interactions
and aid future breeding for novel pea cultivars with increased rust resistance.
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Background

Rusts are a group of plant diseases caused by species of
the Pucciniales order which is one of the largest orders
of plant fungal pathogens comprising more than 8,000
species [1]. They are obligate biotrophs that compromise
yields of important crops worldwide and exhibit complex
lifecycles with up to five different stages (i.e., pycnidial,
aecial, uredial, telial, and basidial stages) [2]. Rust life-
cycle begins when the spores, carried by wind or water,
germinate and infect the aerial tissue of the host. Once
inside the plant, it produces specialized structures called
haustoria mother cells, which penetrate the plant cells
via a neckband, and form haustoria to extract nutrients.
Then, the fungus produces secondary spores, which can
spread to other parts of the same plant or to new host
plants. This infection cycle and spore production can be
repeated several times along the cropping season, lead-
ing to the development of visible symptoms such as yel-
lowing, spotting or rust-coloured pustules on the leaves,
stems, or fruit of the host, depending on the rust species
or host reaction [2, 3]. In many cases two taxonomi-
cally unrelated hosts are required to complete the life
cycle. Different species of rust fungi have different host
ranges, but many can infect a wide variety of plant spe-
cies within a particular plant family or group, hindering
their management in the field [4]. In pea (Pisum sativum
L.), a valuable, versatile, and inexpensive protein source
for human food and animal feed [5], rust is a major dis-
ease spread worldwide [6]. Two rust species, Uromyces
pisi (Pers.) (Wint.) and U. viciae-fabae (Pers. de Bary)
[7], have been described as causal agent of pea rust.
The uredial stage of U. pisi produces the infective struc-
tures that affects pea crops in temperate regions while
in warmest countries the aecial stage of U. viciae-fabae
is the epidemic one [8]. Although agronomical practices
and chemical control of pea rusts have been explored to
reduce their incidence [9-15], the use of resistant culti-
vars is considered as the most effective, economic, and
eco-friendly strategy for rust control [16]. To face the
challenge of developing new rust resistant varieties, the
reference genomes recently available provide important
resources for pea breeding [17-20]. The constant reduc-
tion in sequencing cost coupled with the technological
advances that refine marker-trait association and genome
editing approaches are expected to boost future develop-
ment of pea resistance breeding. However, these meth-
ods need to be fed with detailed and accurate phenotypic
data to guide breeding and deepen our understanding of
the genetic variations controlling complex traits, such as
rust disease resistance. Phenotyping is therefore becom-
ing the main bottleneck for breeding. It is particularly
challenging when assessment of very large collection of
several thousand lines which is the typical size of nested
association mapping (NAM) populations [21-23]. It is
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therefore urgent to improve and optimize the available
methods of phenotyping.

The phenotypic characterization of pea response to
rust has relied on disease assays conducted under con-
trolled or field condition, in seedlings or adult plants,
and with natural or artificial infestation. In these assays,
disease was evaluated by measuring qualitative and/or
quantitative measurements. Qualitative assessment of
rust disease, known as infection type (IT) usually use a
scale ranging from O to 4, as described by Stakman et al.
in wheat [24]. The IT depends on the host reaction to the
pathogen. This reaction could be incompatible, when the
host shows no symptoms or develops a hypersensitive
response, or compatible when typical rust pustule devel-
ops on the susceptible host [4]. Quantitative assessment
of rust symptoms is conventionally assessed as a visual
estimation of the percentage of leaf area covered by rust
pustules (disease severity, DS). This can be decomposed
in more detailed components such as the infection fre-
quency (IF) and colony size (CS). IF is the number of
lesions (herein, pustules) within a limited area, usually
1 cm? These parameters defined as objective are weakly
affected by user bias but highly time consuming when
screening large germplasm collections. Contrary to IF or
CS, DS is a subjective parameter highly dependent on the
user interpretation that requires specialized training [25].
DS is also affected by IT, so the user can confound the
area surrounding pustules that sometimes develop chlo-
rotic/necrotic regions. In several foliar diseases, standard
area diagrams (SAD) can offer increased precision over
DS calculations [26—28]. However, SAD are not readily
available for pea rust.

Traditionally, qualitative, and quantitative measure-
ments have been performed to better understand the
resistance mechanisms that operate in pea-rust patho-
system, together with other ones considering the pustule
size [29-31]. Periodical evaluation of these quantitative
parameters allows to estimate disease progression fac-
tors such as the Area Under Disease Progress Curve
(AUDPC), the Latency Period (LP5;) and the Monocyclic
Disease Progress rate (MDPr) [32, 33]. Through these
factors, it is possible to capture most of the complexity of
rust disease evolution.

Little advances have been achieved toward automatiza-
tion of pea rust phenotyping in comparison with other
aerial fungal pathosystems, for which many platforms
and methodologies have been developed to increase
accuracy and precision of disease estimation including
from other fungal pathogens in legumes [34] to bacterial
pathogens in citrus plants [35, 36]. Among these so-called
high-throughput methods, development of image-based
phenotyping techniques has largely increased in the last
decade partly thanks to the decrease in imaging tech-
nologies cost and the increase in computing power [37]
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that contributed to make them more affordable and
accurate. These approaches take advantage of the clear
contrast between the lesion emerging on the leaf sur-
face and the healthy leaf background. These methods,
through the application of appropriate threshold, isolate
lesions from coloured images (in CMYK, RGB, CIELAB,
or HSV format) of the infected leaf to count their num-
ber and size in pixel. Some systems using RGB images
are already available to evaluate leaf rust disease in other
rust pathosystems, such oat leaf rust (Puccinia coronata
f. sp. avenae Fraser & Led.) in oat (Avena sativa L.) [38].
More complex methods using multi- and hyperspectral
sensors that collect information outside the visible light
spectrum have also been developed to quantify disease
severity in various pathosystem including soybean rust,
wheat leaf rust, and wheat steam rust [39-41]. In par-
ticular, it has been applied to quantify leaf rust (Puccinia
triticina Eriks.) diseases under controlled conditions in
wheat (Triticum aestivum L.) through vegetation indices
[40] and their application in the field have already been
explored using unmanned aerial vehicles (UAV) [42].
However, there are currently no high-throughput image-
based method that can be used to estimate rust disease
evolution during the complete cycle and to estimate dis-
ease progression parameters, particularly in pea.

The growing interest in image-based disease phenotyp-
ing has driven the development of various image analysis
platforms. Particularly promising are the platforms based
on free and open-source environments that align with
the principles of open science, with Python language
being a notable example. Python’s versatility and ease of
use have made it a popular choice for various scientific
disciplines, including plant disease phenotyping trough
packages such as PlantCV [43, 44]. In parallel, the R
language, known for its extensive use in statistical com-
puting and graphics, is also gaining traction in the field
of plant phenotyping. Researchers are increasingly rec-
ognizing the capabilities of R for handling and analysing
complex datasets, making it a valuable tool for studying
plant diseases [45—47].

This study aimed to develop an image processing work-
flow using R software that achieves several goals, includ-
ing producing reliable and repeatable measurements of
rust-infected pea leaf area, counting the number of pus-
tules, and measuring them on the leaf surface, combining
leaf information over time to track disease progression,
automating the process to analyse thousands of images,
and allowing for data tracking from image acquisition to
output.

Results

Pea rust monitoring

The developed R script enables the tracking of rust pro-
gression through image analysis, as shown in Fig. 1A. The
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method allows the accurate detection of the pustules and
the storage of the results in a readily usable data frame
for further calculation. The evaluation of 33 diverse pea
genotypes randomly selected revealed their variability
in response to rust infection caused by U. pisi. A moder-
ate variation was detected in disease severity (DS) which
ranged from 1 to 14%. The average pustule size (PS) also
exhibited variability between 0.3 and 1.0 mm?, reflecting
the presence of some resistance mechanism reducing the
rust pustules size in some genotypes. As expected, a more
pronounced variability was detected for the infection fre-
quency (IF) that ranged from 10 to 82 pustules per cm? at
13 days after inoculation (dai) (Fig. 1B). Monitoring the
evolution of these disease parameters over time showed a
steady increase of DS and PS throughout the experiment
(Fig. 1B), although the increment rate varies according
to the genotype. IF also increment over time although
in this case the increment follows an exponential evolu-
tion with a slow increase from 8 to 9 dai followed by a
rapid increase from 9 to 11 dai and thereafter a saturation
plateau (Fig. 1B). As for DS and PS, the increment rate
of the different IF phase varied according to the geno-
types. Integration of these daily disease estimates from
8 to 13 dai allowed the calculation of AUDPC, LPg;, and
MDPr progression parameters which capture most of
the complexity of rust resistance and facilitate the selec-
tion and discrimination of genotypes (Additional file 1).
As expected, the susceptible genotypes GEN261 exhib-
ited the highest AUDPC and MDPr values and one of
the shortest latency periods (LP;;), while the susceptible
GENG62 displayed the lowest AUDPC and MDPr val-
ues and the longest LP;,, as expected (Additional file 1).
These progression parameters, combined with daily point
resistance mechanisms (IF, DS, and PS), enable a more
precise estimation of the resistance or susceptibility lev-
els of the pea genotypes to the pathogen. Similar results
were obtained with the visual counting. Accordingly,
these results showcase the potential of the image-based
method to accurately assess rust disease progression in
pea leaves and its capability to discriminate between gen-
otypes based on their disease severity and pustule size
variations.

Processing Time optimization and RGB segmentation
selection

To validate the method and select the optimal criterion, a
set of 100 leaflets x 6 time-points images were randomly
selected. The 600 pea samples affected by rust symptoms
were analysed following a parallel or sequential batch
processing approach to detect the fastest one. In all cases,
parallel strategy was five time faster than sequential strat-
egy on average (Additional file 3). Only small processing
time differences was detected with the parallel strategy
between segmentation index independently of the image
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Fig. 1 Pea rust evolution assessed with the RGB-based method. (A) The images show the evolution of rust pustule development at three different days
after inoculation (8 dai, 10 dai, and 12 dai) on a representative leaflet of three differential genotypes (GEN62, GEN56, and GEN261) covering the wide
range of susceptibility detected in the collection. White spots on the images indicate rust pustules detected by the image-based analysis methods. (B)
Line plots showing the progression of disease severity (DS), pustule size (PS) and infection frequency (IF) over time estimated from these genotypes with
the RGB-based method
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Fig. 2 Boxplots showing the effect of image compression on processing time per leaflet by index applied to segment the pustules from healthy tissue.
Different letters above the box indicate the statistical differences between indices for each image resolution estimated by Tukey HSD test at p=0.05 for

n=600

Table 1 Effect of image compression over processing time and

image size

Resolution Timeby Input Speed in- ROM sav-
leaflet Image crease vs. ing vs.
(ms) size (Mb)  full resolution full reso-

(%) lution (%)

full (3024 px) 274 35 - -

80% (2419 px) 178 3. 35 11

60% (1814 px) 106 20 61 43

40% (1210 px) ~ 65.7 1.0 76 71

resolution (Fig. 2). In most cases NGRDI (Normalized
Green Red Difference Index) tend to be faster than the
other segmentation index although the difference was
only statistically significant with images at 60% resolu-
tion. At this resolution the analysis of the 600 leaflets
with the NGRDI index took 62 s.

Clear differences in processing time were observed
between compression levels. The processing time
required to analyse a single leaflet image varied from an
average of 65.7 ms at 40% resolution to 274 ms at full
resolution (Table 1). Therefore, reducing the image res-
olution allowed decreasing processing time from up to
76% at 40% resolution (Table 1). The image compression
also allowed reducing storage space required in the ROM
memory. The average input image size in megabytes (Mb)
varied from 3.5 to 1.0 between full resolution to 40%
resolution, respectively, resulting in a store saving of up
to 71% at maximum compression in comparison to full
resolution (Table 1).

To select the most appropriate compression level with-
out compromising accuracy of rust pustule estimation,
concordance correlation coefficient (ccc) using a resa-
mpling approach were evaluated between visual pustule
counting and image-based analysis. As expected, the
averaged indices ccc and RMSE varied largely depend-
ing on the compression level. As expected, accuracy for
all traits was proportional to the image compression
level (Fig. 3A) while RMSE was inversely proportional to

image compression level (Fig. 3B). The highest accuracies
and lowest RMSE were always obtained at full resolu-
tion. However, the accuracies and RMSE obtained for all
traits at 80% resolution were not statistically different to
the full resolution (Fig. 3). At these resolutions, the accu-
racy of AUDPC and MDPr estimates ranged from 0.952
to 0.962 for AUDPC and from 0.918 to 0.922 for MDPr.
LP5, was more difficult to estimates with accuracies vary-
ing from 0.811 to 0.852. Increasing the compression level
reduced accuracy and increased RMSE although accu-
racies of AUDPC and MDPr estimations at 60% resolu-
tion was still higher than 0.9 (pc=0.918 and pc=0.901 for
AUDPC and MDPr, respectively) (Fig. 3).

Significant differences in accuracy and RMSE were
also detected between segmentation index for all esti-
mated disease parameters (Figs. 4 and 5). In all cases,
the NGRDI index was the best index accumulating sig-
nificantly less error and providing a significantly higher
accuracy while a* chrominance from LAB colour space
and GLAI (Green Leaf Area Index) were the worst. The
average accuracies of NGRDI were 0.975, 0.945, and
0.957 for AUDPC, LPs, and MDPr, respectively. The
average accuracy of HI (Primary Colours Hue Index) was
also higher than 0.9 in all cases, suggesting that this index
also provided suitable rust estimation, may be useful to
analyse leaves from other species.

Variations were also detected in the estimation capac-
ity of each model over time. Indeed, accuracy and RMSE
obtained from the estimations obtained from the differ-
ent indices were more variable at 8 and 9 dai then at later
stages (Fig. 5). In general, accuracy increase while time
advances and RMSE decrease. NGRDI was the only index
which gave accuracies higher than 0.9 for all time points,
reaching an accuracy of 0.98 at 11 dai. Although accuracy
of HI was slightly lower, the estimation capacity of HI
was still acceptable (Fig. 5).



Osuna-Caballero et al. Plant Methods (2023) 19:86 Page 6 of 14
A
AUDPC LP50 MDPr
a a 1.00 4 a a b a a
b * e *
! | b 0.91 c $ *
0.94 : ° 0.75 1 ¢ 4
c 0.8+ : A |
8 c 0.50 4
© 084 E 074 o . $
0.25 .
0.6
074 !
é 0.00 4 ° 054 o
40% 60% 80% Ful 40% 60% 80% Full 40% 60% 80% Ful
B
AUDPC LP50 MDPr
6 1.5+
a
w a c 104 a
0N 4 1.0
4 : b
= b
o b b bc c
C 9
5y c 051 i > l
C
| + | -l |
40% 60% 80% Full 40% 60% 80% Full 40% 60% 80% Ful
Resolution

Fig. 3 Boxplots showing the effect of image compression in the precision of comparison, by accuracy (A) and RMSE (B), between visual calculation and
image-based calculation on LP5,, MDPr and AUDPC. Different letters above the boxes indicate statistically significant differences at p =0.05 according to

the Tukey HSD test for n=600

Discussion

In recent years, advancements in image analysis soft-
ware and computing power have enabled the use of
high-throughput methods for plant disease phenotyp-
ing. These methods are nowadays used to analyse plant
diseases at different architecture levels, including stems,
leaves, and roots [37]. Remote sensing techniques are
playing a major role in modern breeding programs, pro-
viding accurate and high-resolution methods for identify-
ing and quantifying novel natural variations within crops
[48-50]. This present study describes a new method for
the automatic assessment of daily rust disease parameters
from RGB images and their integration into rust disease
progression parameters fastening both disease ratings
and phenotype data analysis. The method, developed on
the R programming environment, counts, measures, and
reports the damage caused by rust on pea leaflets. More-
over, when images are provided in a temporal sequence,
the method can accurately integrate the damage into the
most common disease progression parameters and report
them by genotype in a ready-to-use data frame. Overall,
the image-based method proposed here to analyse rust
disease progression in pea provides breeders with a pow-
erful tool to improve the efficiency and effectiveness of

their breeding programs. It enables the rapid and accu-
rate screening of large germplasm collections against
rust, which will facilitate the future development of pea
cultivars with high level of rust resistance. Although not
tested, the method proposed should be easily applied to
evaluate rust in other plant species.

Automatization of pea rust progress monitoring

Traditional image-based methods for evaluating plant
aerial diseases have been destructive and do not allow
comprehensive disease tracking. The proposed method
enables the periodic evaluation of several disease param-
eters throughout the first cycle of rust disease on the
same sample and to integrated them into disease pro-
gression parameters (AUPDC, MDPr and LPg,) pro-
viding a comprehensive analysis of the pea genotype
response to rust. This approach is an adaptation of pre-
viously designed detached leaf assay used to assess other
foliar diseases such as powdery mildew in legumes [51]
and cereals [52] which enable the preservation of viable
leaflet simples throughout the first cycle of rust disease
and ensure standardize condition for image acquisition.
One of the key advantages of the proposed method is the
improved efficiency in data collection. The image analysis
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workflow (Additional file 2) allows for disease monitoring
and captures maximum information regarding disease
progression in an automatic process, which, as far as we
know, could not be achieved by the previously developed
methods [38, 50, 53, 54]. Here, estimation of the daily
resistance components (IF, DS, and PS) for each leaflet
allows the calculation of disease progression parameters
such as AUDPC, LP50, and MDPr for each genotype.
Application of this method was suitable to discriminate
between genotypes and identify pea genotypes with
high partial resistance such as GEN62 (Fig. 1) providing
seminal works for the implementation of this method
to evaluate large pea collection. The fast, accurate and
comprehensive information gathered by this method
is crucial for future breeding efforts of pea with higher
resistance to rust [6].

Very few image-based analysis methods tackle tempo-
ral analysis of fungal infection in plants [55, 56]. Beside

some studies in different Arabidopsis thaliana (L.) patho-
systems [55], Only one study targeted rust and com-
pared rust disease progression parameters estimated by
image analysis in R or visual rating [57]. This study that
counted rust pustules on ryegrass leaves with the “EBIm-
age” R package allowed to estimate AUDPC with an accu-
racy of 0.77 which is lower than the accuracy we obtain
in pea with the present method (p.=0.975). In addition,
by contrast with all previous method, calculation of dis-
ease progression parameters is integrated in the R script,
resulting in an automated process that incorporates all
quantitative assessments obtained through RGB image
analysis that will help researchers to better understand
disease progression and resistance mechanisms in aerial
diseases.
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Processing time optimization

Image-based disease assessments face the challenge of
balancing storage capacity, processing time, and accu-
racy. The present R-based approach is based on the “pli-
man” package functions. This package, recently launched
by Olivoto et al., is specifically designed for plant disease
image phenotyping [47]. It is a promising tool faster than
other software such as the widely used license-based APS
Assess 2.0 software or the LeafDoctor free-app, while
still maintaining high levels of accuracy [58]. The pro-
cessing speed of the R package “pliman” has been con-
siderably increased compared to the first stable version
available on CRAN (v 1.0.0). For example, the process-
ing time required to analyse one image of ~3 mega-pix-
els (1367x2160) with only one leaflet was previously
reported as ~1 and 3 s, for a parallel and sequential
strategy, respectively [58]. Considering the average time
to process one Petri dish (~900 ms) with 9 leaves using
an image of ~3.3 mega-pixels (1814x1814), we have
shown that the processing time per leaflet is almost nine
time faster. The greater speed observed here is attrib-
uted to recent improvements of the packages that now
use C++language for the most critical functions [59]
which offers faster computation speeds compared to
other languages such as JavaScript or Python [60]. The
potential of “pliman” to quantify disease severities was
initially explored on infected Populus spp. leaves, and it
was found to be faster and more efficient than manual

analyses with Image] software to estimate necrotic area
percentages [61]. However no previous studies used “pli-
man” to assess rust disease.

The present method can analyse 100 pea samples in
27.4 segs at full resolution, or in 10.6 segs at 60% reso-
lution, provide estimates with accuracies higher than
0.91 at all time-points. This is a significant improvement
compared to the previously developed RUST software
developed on Image-] that took 20 to 80 min to estimate
IF on 100 oat samples in automatic and semi-automatic
mode, respectively [38] [62]. Additional methods using
free or licensed image-based analysis software are able
to predict rust IF with good accuracy. Although not all
studies reported processing time. The present method
appears, as far as we know, 100 to 200 times faster than
previously existing method to quantifying rust IF. In
addition, these previous methods did not allow estima-
tion of disease progression parameters such as AUDPC
while they are automatically estimated by the present
method within the processing time. In others pathosys-
tems, incorporation of additional colour space trans-
formations or implementation of machine learning tool
was shown to improve lesion segmentation and accuracy
however each additional step increased processing time.
For example, McDonald et al. proposed an automated
method for measuring soybean [Glycine max (L.) Merr]
frogeye leaf spot that involves converting RGB images
to HSB (hue, saturation, brightness) and then to LAB
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(lightness, a* chrominance, b* chrominance) to remove
the background and isolate the lesion [34]. While the
method was highly accurate, reaching accuracy of 0.99
it took 16.7 min to analyse 100 leaf samples. Although,
this method was slightly more accurate, it was around
100 times slower than the method proposed here. Imple-
mentation of machine learning to segment and quantify
cassava (Manihot esculenta Crantz) bacterial blight dis-
ease severity also improved accuracy but takes 250 min
to analyse 100 cassava leaves due to higher computer
requirements [63]. The method proposed here is simpler
and more cost-effective allowing the comprehensive fast
analysis of pea rust disease without compromising accu-
racy. It is based on RGB spectral indices segmentations
discussed by Alves et al. [54]. These authors also coincide
in the use of NGRDI and HI as the optimal one for foliar
diseases segmentations when compared to others [54].

The high accuracy provided for all disease parame-
ters compared with the present method coupled with it
unprecedent speed which should be even more reduced
by reducing image resolution to 60% if needed allow it is
implementation to evaluate large collections. It could be
the method of choice for the evaluation of NAM popu-
lation, typically comprising several thousand genotypes
[21, 23] that cannot be evaluated by current rust evalua-
tion methods.

Rust resistance mechanisms estimations through RGB
images
The proposed RGB image-based method in controlled
conditions showed high accuracies (pc) exceeding 0.9,
and in most stages of the disease cycle. This method
requires neither a large budget nor specific training, mak-
ing it a cost-effective and feasible option for phenotyping
rust in pea and other crops. In contrast to other complex
techniques like multi- or hyperspectral imaging, which
have also proven useful in rust phenotyping in differ-
ent rust pathosystems [64, 65], our approach stands out
as a more accessible and user-friendly alternative. The
acquisition of these sophisticated phenotyping platforms
can be prohibitively expensive and demands specialized
training, limiting their widespread application [66].
Traditionally, DS is the measure used to assess the
extent of damage caused by plant diseases, especially
those affecting the aerial parts [54]. The colour thresh-
olding method used in this study is considered the most
reliable method to accurately determine DS in phytopa-
thometry [67]. To automate DS assessment, the capacity
to accurately predict DS of several free open-source or
licensed software have been explored [36, 68—70]. In the
context of the R environment, Mattos et al. [57] devel-
oped models that indirectly determined the percentage of
injured area from images of septoria leaf spot in toma-
toes (Solanum lycopersicum L.), achieving accuracies
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of 0.925 and 0.98 for the percentage of necrotic area
and the necrotic plus chlorotic area, respectively. These
accuracies are similar to the accuracies obtained with
the present method, but the method proposed by Mat-
tos et al. required to manually delimit the injured area
using an image software (GIMP) which is not require for
our method. Previous study on crown and stem rust in
perennial ryegrass (Lolium perenne L.), using the “EBIm-
age” R package predicted crown rust with similar accu-
racy (0.93) but only allow evaluation of from single-leaf
samples at a single time point and it was around 10 time
slower [56].

Despite being widely used, visual DS estimations can be
imprecise and biased for diseases with small and numer-
ous lesions like rust [25]. Therefore, researchers usually
also analyse IF and/or PS that are less prone to user bias
to quantify more precisely partial resistance in pea [71].
Some previous studies reported the estimation of some
of these disease components through RGB image analysis
with variable efficiency [38, 62, 72, 73].

For instance, the widely used license based Assess 2.0
software seems efficient to estimate rust PS in wheat
[72] although its accuracy to estimate IF was more lim-
ited as shown by a study on maize (Zea mays L.) leaves
(R?=0.49) [73]. By contrast, highly accurate estimation of
rust IF in oat was obtained with the license-based Image
Pro or the free Image]J softwares that reported accuracies
of 0.97 in pustules counting but with image resolution
doubling the image resolution required by the pres-
ent method [38][62]. Heineck et al. also estimate IF in
their methodology of crown and stem rust in perennial
ryegrass images, although the reported accuracies were
lower reaching 0.77 and 0.84 respectively [56].

Moreover, our image-based approach provides a more
detailed and precise characterization of rust disease
resistance mechanisms and its progression. Traditional
methods may suffer from subjectivity and limitations in
capturing subtle variations in rust disease development.
In contrast, our method captures the high complexity of
rust disease by analysing daily symptoms and integrating
them into disease progression parameters, allowing for a
more comprehensive understanding of the plant-patho-
gen interaction.

Conclusions

Accurate and detailed information on the phenotype of
rust disease in pea crop is crucial to develop new culti-
vars with improved genetic resistance. The proposed
method for image-based rust phenotyping uses RGB
spectral indices segmentation and pixel value threshold-
ing to separate important features from the image, such
as the leaf and pustule lesions if present. This enables
the measurement of disease severity by calculating the
percentage of the leaflet area affected and counting the
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number of pustules on a leaflet. With minimal computa-
tional requirements, the program can analyse hundreds
of images in seconds and has accuracy comparable to
visual methods. The proposed method is significantly
faster than previously developed image-based workflows
for plant disease phenotyping without compromising
accuracy. In addition, this is the first methods that allow
to capture most of the complexity of rust disease in pea
by assessing daily DS, IF and PS and integrating them
into three disease progression parameters through an
automated process. Being developed as an R script, the
proposed method can also easily adjust to evaluate rust in
other pathosystems where these detailed measurements
are necessary to comprehend partial disease resistance.
In addition, the application of image processing allevi-
ates the raters bias that can be introduce in traditional
methods, making it a convenient and precise approach to
gather data on rust disease symptoms. As a results, appli-
cation of the proposed method can have implications for
both basic research and plant breeding, paving the way
for more effective disease management strategies and the
development of pea varieties with higher resistance in the
future.

Methods

Plant materials, Pathogen isolate and Inoculation

The plant material used in the image analysis to set up
and validate our method was a randomly selected sub-
set of 33 accessions from a pea core collection of 320
genotypes which previously reported to show a wide
variability of responses to rust caused by Uromyces pisi
[74]. Disease assays were performed at seedling stage

Fig. 6 Example of a stored RGB image. The image represents a typical
Petri dish containing nine inoculated pea leaflets and their labels. Each
row contains the same genotype, and the columns are their biological
replicates. The example shows the genotypes 302, 301, and 280 at 8 dai
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under controlled conditions. The experiment followed a
randomized complete block design with three biological
replicates being planted at a time, using pea cv. Messire
as a high-susceptible rust control, meaning a total of 100
experimental units. Seeds of each accession were surface-
sterilized, scarified and vernalized to ensure optimal ger-
mination. Three germinated seeds per accession were
sown in a sand:peat mixture (1:1, w/w) in a 15 cm? plas-
tic pot. At 7 days post germination, plants were thinned
to one plant per pot to maximize light distribution. The
growth chamber was maintained at 20 °C with a photo-
period of 14 h of light and 10 h of darkness and 148 pmol
m~2 s7! of irradiance at plant canopy level. Once the
third leaf of each plant was fully expanded, plants were
inoculated with freshly collected urediospores of the
highly virulent isolate UpKeS-05 of U. pisi [7] previously
multiplied on cv. Messire seedlings. Inoculation was per-
formed by dusting the plants with 1 mg urediospores per
pot, mixed in pure talc (1:10, v:v) and the infected plants
were incubated for 24 h at 20 °C in complete darkness
and 100% relative humidity as previously described [75].
Then, plants were transferred back to the growth cham-
ber. Pustules associated with rust symptoms started to
emerge on pea plants eight days after inoculation (dai).

Image Acquisition

In order to cover the first rust disease cycle that goes
from 8 to 13 dai, a leaflet from the third leaf of each plant
(n=100) was cut at 7 dai and transferred to square Petri
dishes filled with water:agar (0.5%) media and 0.005%
Benzimidazole as fungicide with nine leaflets per Petri
dish (Fig. 6). Petri dishes were maintained in the growth
chamber until the end of the experiment. RGB images
of the whole Petri dishes were then acquired daily from
8 to 13 dai, with a smartphone brand Xiaomi, carrying a
Sony IMX363 Exmor RS Sensor with a focal ratio f/ 1.9
with a 12-megapixel resolution. To ensure homogeneity
of the RBG images, the smartphone was set on a tripod
0.35 m above the Petri dish and images were acquired on
a plain black background under fluorescent light tubes
set at 35° angles on both side of the plate. White balance,
shutter speed, aperture and ISO speed of the camera was
adjusted according to default parameters without flash.
Each Petri dish was opened before image acquisition to
avoid light reflection and closed thereafter to prevent
contaminations (Fig. 6). Daily RGB images were saved
in jpg format with an original resolution of 3024 x 3024
pixels.

Disease assessments

Infection frequency (IF) was estimated by counting the
number of rust pustules emerging daily on each leaflet
from 8 to 13 dai, visually or through the image analy-
sis procedure. The resulting daily counting were then
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integrated in three parameters representing disease
progression:

AUDPC. The Area Under Disease Progress
Curve [76] followmg the formula:

AUDPC = Z I s (111 — )

i=1

where y; is the IF at the ith observation, t; is days
at the ith observation, and n is the total number of
observations.

+ MDPr. The Monocyclic Disease Progress
rate, as described by Arneson (2001) [33], is a
proportionality constant that represents the rate of
disease progress per unit of inoculum.

+ LPy,. The Latency Period is the elapsed time between
inoculation day and the day when 50% of pustules are
formed.

Image segmentation

Image-based quantification of rust damage requires a
two-stage segmentation of the original images to sepa-
rate leaves from the background and to distinguish rust
damage from healthy tissue. This segmentation was per-
formed for each image subset allowing the estimation of
DS, IF and PS.

The colour differences between foreground and back-
ground in our images are represented by different values
from the red (R), green (G), and blue (B) channels in the
RGB colour space, allowing the object segmentation in
the images. Accordingly, the first segmentation was per-
formed by applying a HUE index prevailing the green
region to isolate the leaflets from the background with
the formula:

atan (2(B — G — R))

HUFE =
v 30.5(G — B)

The threshold used to separate the background from the
leaflets were based on the Otsu method [77]. To isolate
rust pustules from the healthy tissue, a second segmen-
tation step was performed. Four indices commonly used
in remote sensing and phytopathometry were tested
for their capacity to detect rust pustules [78-82], three
operating in the RGB channels and one in the CIELAB
colour space stack. The selected indices were the Nor-
malized Green Red Difference Index (/N GBDI =Z==

) [83], Primary Colours Hue Index (HI = %(C;é?
), Green Leaf Area Index (GLAIZMZE’?GW)

and the a*- chrominance channel from CIELAB band

0.7152G+0.0722B)) . .
(a* = 0.550=C 212”??02 56 a 1)), Each index applies

a different transformation of RGB values, therefore, each
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one requires a different threshold. The thresholds used
were set as 0, 1, 1, and 0.50 for NGRDI, HI, GLAIL and a*-
respectively. To maximize the accuracy of image-based
pustules counting, the Watershed algorithm was also
implemented, permitting to segment pustules connected
by a few pixels that could be considered as two distinct
lesions [84].

Image Compression and Processing Time

Image compression can improve the processing time
while saving store capacity in RAM and ROM memories.
To get the optimum processing time without compromis-
ing precision and accuracy, four different compression
levels ranged from full resolution (3024 %3024 pixels) to
40% of the full resolution (1210x 1210 pixels) were tested.
Images compression were performed by applying the
image_resize() function from “pliman” R package [47].
The processing time required to analyse all images at
each compression level was calculated using mark() func-
tion from “bench” R package [85].

Method validation

To validate and select the best segmentation index and
optimum image compression, the Lin’s concordance cor-
relation coefficient (ccc, p.) [86] was computed between
visual counting and software-estimation for each dai
(from 8 to 13) and disease progression parameter
(AUDPC, MDPr and LPj). The Lin’s ccc not only evalu-
ates how well the software-predicted values align with the
visual counting values but also considers their systematic
differences and scale variations. It provides a compre-
hensive assessment of the agreement by measuring both
the correlation and the bias between the predicted and
real values. Therefore, the ccc has been widely recom-
mended and utilized in studies that involve comparing
estimated severity values with actual severity values in
phytopathometry [25][87][88]. This parameter was cal-
culated using a resampling approach between predicted
and visual values for each parameter using the R package
“yardstick” [89]. In addition, the root-mean-square error
(RMSE) were also calculated for an additional accuracy
estimation between visual and software-based calcula-
tions. p. values range from O to 1 while RMSE values are
in the same units as the original data.

Description of rust evaluation method

The script controlling the image analysis method was
developed in R software version 4.2.2 [90] under RStu-
dio version 2022.07.2.576, using the R packages “pliman”
[47], “EBImage” [91], and “Tidyverse” [92]. The approach
to analyse the images using batch processing were also
implemented with the R package “foreach’, which facili-
tates to compute the analyses in a parallel process. This
parallel strategy allows to split the jobs across multiple



Osuna-Caballero et al. Plant Methods (2023) 19:86

cores in the CPU, regarding an extra processing time sav-
ing. All the analyses were performed on a PC equipped
with an AMD Ryzen 9 CPU (16 cores) with 3.4 GHz
frequency, a NVIDIA GTX 1660 Ti GPU, and 32 GB of
RAM memory.

The method was developed using the set of 600 individ-
ual leaflets with different levels of rust disease symptoms.
The symptoms ranged from no disease to leaflets heav-
ily covered with pustules. The image processing pipeline
(Additional file 2), developed as a R script [93], consists
of a function which imports and analyses the images fol-
lowing a batch processing strategy. First, the input plate
image is loaded following a name pattern inside the file
path, then it is resized, before the nine leaflets within
plate image are split according to the first index segmen-
tation (HUE index). Then the split samples are analysed
individually through a for loop using the measure_dis-
ease() function that estimates the total leaflet area, the
number of pustules, the leaflet area covered by pustules
and the mean pustule size, and saves these values for
each sample in the output data frame. Furthermore, the
developed function integrates an additional argument to
analyse the input images in parallel (“parallel” argument
set to “TRUE”) or sequentially (if parallel argument set to
“FALSE”).

Therefore, the method can rapidly and accurately count
the number of pustules (IF), report the percentage of leaf
area covered by pustules (DS) and the average pustules
size (PS) for each genotype daily from 8 to 13 dai. The
daily values obtained for the same leaflet/genotype are
then stored and combined into the AUDPC, MDPr and
LPs, parameters, also stored in the output data frame.

List of abbreviations

a* values relative to the green-magenta opponent colours in the
CIELAB colour space

AUDPC  Area under the disease progress curve

b* values which represent the blue-yellow opponent colours in the
CIELAB colour space

ccc the Lin's concordance correlation coefficient

CIELAB  Three-dimensional colour space defined by the International
Commission on lllumination

(@) Colony size

dai days after inoculation

DS Disease severity

GLAI Green Leaf Area Index

HI Primary Colours Hue Index

IF Infection frequency

T Infection type

L* values referred as perceptual lightness in the CIELAB colour space

LPso Latency period

MAS Marker-assisted selection

MDPr Monocyclic disease progress rate

NGRDI  Normalized Green Red Difference Index
PS Pustule size

RGB Red - Green - Blue

RMSE Root-mean-square error

SAD Standard area diagram

UAV Unmanned aerial vehicle

Oc Lin's concordance correlation coefficient
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Supplementary Information
The online version contains supplementary material available at https://doi.
0rg/10.1186/513007-023-01069-z.

Additional file 1. Histograms showing disease parameters distributions.
Red, yellow, and green arrows indicate the values for GEN261, GEN56 and
GENG62, respectively.

Additional file 2. Image processing pipeline. (A) shows the image
modifications from the original image to the individual leaflet output and
(B) represents the function flowchart summarized in the script. Every co-
loured region represents the four main steps. In green, the image loading;
in yellow, the leaflet segmentation; in blue, the lesion segmentation and,
in grey, the storing of the collected data and reporting.

Additional Table 3.Table 1. This table shows the processing time for 600
leaflets of the CPU in hh:mm:ss format by index, processing strategy and
resolution applied.

Acknowledgements

We acknowledge support of the publication fee by the CSIC Open Access
Publication Support Initiative through its Unit of Information Resources for
Research (URICI).

Author contributions

NR, SOC, and DR conceptualized the research and designed the study. SOC
and MAJV performed the methodology and the image acquisition. SOC

and TO developed the R scripts and performed the validation. SOC wrote

the original manuscript draft, completed statistical analysis, and generated
figures. DR oversaw the project and funding acquisition. All authors assisted in
manuscript and figure review and editing. All authors read and approved the
final manuscript.

Funding

This research was supported by the project PID2020-114668RB-100 funded by
MCIN/AEI/ https://doi.org/10.13039/501100011033 and by Qualifica Project
[QUAL21_023 IAS] by Junta de Andalucia. SOC and MAVJ are supported by
the predoctoral fellowships PRE2018-083717 and FPU20/04024, respectively,
funded by MCIN/AEI/https://doi.org/10.13039/501100011033 and by “ESF
Investing in your future.

Data Availability

The datasets generated during and/or analysed during the current study are
available in the Zenodo repository, https://doi.org/10.5281/zenodo.7991462
[93].

Declarations

Ethics approval and consent to participate
Not applicable.

Consent for publication
Not applicable.

Competing interests
The authors declare that they have no competing interests.

Received: 1 June 2023 / Accepted: 4 August 2023
Published online: 21 August 2023

References

1. Toome-Heller M. Latest developments in the Research of Rust Fungi and
their allies (Pucciniomycotina). In: Li D-W, editor. Biology of Microfungi. Cham:
Springer International Publishing; 2016. pp. 147-68.

2. Helfer S.Rust fungi and global change. New Phytol. 2014;201(3):770-80.

3. Newcombe G. PATHOLOGY | Rust Diseases. Encyclopedia of Forest Sciences.
Elsevier; 2004. 785-92.


https://doi.org/10.1186/s13007-023-01069-z
https://doi.org/10.1186/s13007-023-01069-z
https://doi.org/10.13039/501100011033
https://doi.org/10.13039/501100011033
https://doi.org/10.5281/zenodo.7991462

Osuna-Caballero et al. Plant Methods

20.

21

22.

23.

24,

25,

26.

27.

(2023) 19:86

Duplessis S, Lorrain C, Petre B, Figueroa M, Dodds PN, Aime MC. Host
adaptation and virulence in Heteroecious Rust Fungi. Annu Rev Phytopathol.
2021;59(1):403-22.

Tulbek MC, Lam RSH, Wang YC, Asavajaru P, Lam A. Pea: a sustainable
vegetable protein crop. Sustainable protein sources. Elsevier Inc.; 2016. pp.
145-64.

Rubiales D, Fondevilla S, Chen W, Gentzbittel L, Higgins TJV, Castillejo MA, et
al. Achievements and Challenges in Legume breeding for Pest and Disease
Resistance. CRC Crit Rev Plant Sci. 2015;34:195-236.

Barilli E, Moral A, Sillero JC, Rubiales D. Clarification on rust species potentially
infecting pea (Pisum sativum L.) crop and host range of Uromyces pisi (pers.)
Wint. Crop Prot. 2012;37:65-70.

Beniwal D, Dhall RK, Yadav S, Sharma P. Overview of rust (Uromyces viciae-
fabae) and powdery mildew (Erysiphe polygoni DC) of pea (Pisum sativum L).
Genetika. 2022,54(1):499-512.

Shtaya MJ, Emeran AA, Ferndndez-Aparicio M, Qaoud HA, Abdallah J, Rubiales
D. Effects of crop mixtures on rust development on faba bean grown in
Mediterranean climates. Crop Prot. 2021;146:105686.

Luo C, Lv J, Guo Z, Dong Y. Intercropping of Faba Bean with Wheat under
different Nitrogen levels reduces Faba Bean Rust and Consequent Yield loss.
Plant Dis. 2022;106(9):2370-9.

Barilli E, Cimmino A, Masi M, Evidente M, Rubiales D, Evidente A. Inhibition

of early development stages of rust fungi by the two fungal metabolites
cyclopaldic acid and epi-epoformin. Pest Manag Sci. 2017;73(6):1161-8.
Barilli E, Cimmino A, Masi M, Evidente M, Rubiales D, Evidente A. Inhibition of
spore germination and appressorium formation of Rust Species by Plant and
Fungal Metabolites. Nat Prod Commun. 2016;11(9):1343-7.

Barilli E, Agudo FJ, Masi M, Nocera P, Evidente A, Rubiales D. Anthraquinones
and their analogues as potential biocontrol agents of rust and powdery
mildew diseases of field crops. Pest Manag Sci. 2022,78(8):3489-97.

Khalil M, Ramadan A, EL-Sayed S, El-Taher A. Effectiveness of natural antioxi-
dants on physiological, anatomical changes and Controlling Downy, Powdery
Mildew and Rust Diseases in pea plants. Asian J Plant Sci. 2023;22(1):25-36.
Villegas-Fernandez AM, Amarna AA, Moral J, Rubiales D. Crop diversifica-
tion to Control Rust in Faba Bean caused by Uromyces viciae-fabae. ) Fungi.
2023,9(3):344.

Li Q Wang B, Yu J, Dou D. Pathogen-informed breeding for crop disease
resistance. J Integr Plant Biol. 2021;63(2):305-11.

Yang T, Liu R, Luo Y, Hu S, Wang D, Wang C, et al. Improved pea reference
genome and pan-genome highlight genomic features and evolutionary
characteristics. Nat Genet. 2022;54(10):1553-63.

Kreplak J, Madoui M-A, Capal P, Novak P, Labadie K, Aubert G, et al. A refer-
ence genome for pea provides insight into legume genome evolution. Nat
Genet. 2019;51(9):1411-22.

Martins LB, Balint-Kurti P, Reberg-Horton SC. Genome-wide association study
for morphological traits and resistance to Peryonella pinodes in the USDA pea
single plant plus collection. G3 Genes|Genomes|Genetics. 2022;25:129).

Bari MA, Al, Fonseka D, Stenger J, Zitnick-Anderson K, Atanda SA, Morales

M, et al. A greenhouse-based high-throughput phenotyping platform for
identification and genetic dissection of resistance to Aphanomyces root rot
in field pea. Plant Phenome J. 2023;7(1):6.

Gireesh C, Sundaram RM, Anantha SM, Pandey MK, Madhav MS, Rathod S, et
al. Nested Association Mapping (NAM) populations: Present Status and future
prospects in the Genomics era. CRC Crit Rev Plant Sci. 2021;40(1):49-67.
Diers BW, Specht J, Rainey KM, Cregan P, Song Q, Ramasubramanian V

et al. Genetic Architecture of soybean yield and agronomic traits. G3
Genes|Genomes|Genetics. 2018;8(10):3367-75.

Li G, Sun B, LiY, Liu C, Wu X, Zhang D, et al. Numerous genetic loci identified
for drought tolerance in the maize nested association mapping populations.
BMC Genomics. 2016;8(1):17.

Stakman EC, Stewart DM, Loegering WQ. Identification of physiologic races of
Puccinia graminis var. tritici. US Dep Agric Agric Res Serv. 1962;54.

Del Ponte EM, Cazon LI, Alves KS, Pethybridge SJ, Bock CH. How much do
standard area diagrams improve accuracy of visual estimates of the percent-
age area diseased? A systematic review and meta-analysis. Trop Plant Pathol.
2022;47(1):43-57.

Modesto LR, Welter LJ, Steiner DRM, Stefen D, Dias AH, Dalbo MA, et al. Phe-
notyping strategies for Elsinée ampelina symptoms in grapevine (Vitis spp). J
Phytopathol. 2022;170(10):746-52.

Castellar C, Jauch F, Moreira RR, da Silva Silveira Duarte H, De Mio LLM.
Standard area diagram set for assessment of severity and temporal progress
of apple blotch. Eur J Plant Pathol. 2021;160(3):599-609.

28.

29.

30.

31.

32

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

45.

46.

47.

48.

49.

50.

51.

52.

Page 13 of 14

Lopes FS, Pozza EA, Porto ACM, da Silva CM, Miguel LA, Pereira WA. Develop-
ment and validation of a diagrammatic scale for white mold incidence in
tobacco leaf discs. Australas Plant Pathol. 2022;51(1):31-8.

Barilli E, Sillero JC, Moral A, Rubiales D. Characterization of resistance
response of pea (Pisum spp.) against rust (Uromyces pisi). Plant Breed.
2009;128(6):665-70.

Barilli E, Sillero JC, Fernandez-Aparicio M, Rubiales D. Identification of resis-
tance to Uromyces pisi (pers.) Wint. In Pisum spp. germplasm. Field Crop Res.
2009;114(2):198-203.

Barilli E, Sillero JC, Serrano A, Rubiales D. Differential response of pea (Pisum
sativum) to rusts incited by Uromyces viciae-fabae and U. pisi. Crop Prot.
2009;28(11):980-6.

Simko 1, Piepho H-P. The Area under the Disease Progress Stairs: calculation,
advantage, and application. Phytopathol. 2012;102(4):381-9.

Arneson PA. Plant Disease Epidemiology: Temoral Aspects. In: Plant Heal Instr.
2001. https://www.apsnet.org/edcenter/advanced/topics/EcologyAndEpide-
miologyInR/DiseaseProgress/Pages/References.aspx. Accessed 15 Jan 2023.
McDonald SC, Buck J, Li Z. Automated, image-based disease measurement
for phenotyping resistance to soybean frogeye leaf spot. Plant Methods.
2022;18(1):103.

Bock CH, Cook AZ, Parker PE, Gottwald TR. Automated image analysis of the
severity of Foliar Citrus canker symptoms. Plant Dis. 2009;93(6):660-5.

Bock CH, Parker PE, Cook AZ, Gottwald TR. Visual rating and the Use of Image
Analysis for assessing different symptoms of Citrus Canker on Grapefruit
Leaves. Plant Dis. 2008;92(4):530-41.

Bock CH, Poole GH, Parker PE, Gottwald TR. Plant Disease Severity estimated
visually, by Digital Photography and Image Analysis, and by Hyperspectral
Imaging. CRC Crit Rev Plant Sci. 2010;10(2):29.

Gallego-Sénchez LM, Canales FJ, Montilla-Bascon G, Prats E. RUST: a robust,
user-friendly Script Tool for Rapid Measurement of Rust Disease on cereal
Leaves. Plants. 2020;9(9):1182.

Cui D, Zhang Q, Li M, Hartman GL, Zhao Y. Image processing methods for
quantitatively detecting soybean rust from multispectral images. Biosyst Eng.
2010;107(3):186-93.

Ashourloo D, Mobasheri M, Huete A. Developing two spectral disease
indices for detection of Wheat Leaf Rust (Puccinia triticina). Remote Sens.
2014;6(6):4723-40.

Abdulridha J, Min A, Rouse MN, Kianian S, Isler V, Yang C. Evaluation of Stem
Rust Disease in Wheat Fields by Drone Hyperspectral Imaging. Sensors.
2023;21(8):23.

Guo A, Huang W, Dong Y, Ye H, Ma H, Liu B, et al. Wheat yellow rust detection
using UAV-Based Hyperspectral Technology. Remote Sens. 2021;13(1):123.
Gehan MA, Fahlgren N, Abbasi A, Berry JC, Callen ST, Chavez L, et al. PlantCV
v2: image analysis software for high-throughput plant phenotyping. Peer.
2017;5:24088.

Fahlgren N, Feldman M, Gehan MA, Wilson MS, Shyu C, Bryant DW, et al. A
versatile phenotyping system and analytics platform reveals diverse temporal
responses to Water availability in Setaria. Mol Plant. 2015;8(10):1520-35.
Beare R, Lowekamp B, Yaniv Z. Image Segmentation, Registration and charac-
terization in R with SimplelTK. J Stat Softw. 2018,86(8):1-35.

Miller MD, Schmitz Carley CA, Figueroa RA, Feldman MJ, Haagenson D, Shan-
non LM. TubAR: an R Package for quantifying tuber shape and skin traits from
images. Am J Potato Res. 2023;100:52-62.

Olivoto T. Lights, camera, pliman! An R package for plant image analysis.
Methods Ecol Evol. 2022;13(4):789-98.

Yang K-W, Chapman S, Carpenter N, Hammer G, McLean G, Zheng B, et al.
Integrating crop growth models with remote sensing for predicting biomass
yield of sorghum. in silico Plants. 2021;3(1):1-19.

Watanabe K, Guo W, Arai K, Takanashi H, Kajiya-Kanegae H, Kobayashi M, et al.
High-throughput phenotyping of Sorghum Plant Height using an unmanned
aerial vehicle and its application to genomic prediction modeling. Front Plant
Sci. 2017;8:421.

Dissanayake R, Kahrood HV, Dimech AM, Noy DM, Rosewarne GM, Smith

KF, et al. Development and application of image-based high-throughput
phenotyping methodology for Salt Tolerance in Lentils. Agronomy.
2020;10(12):1992.

Barilli E, Gonzélez-Bernal MJ, Cimmino A, Agudo-Jurado FJ, Masi M, Rubiales
D, et al. Impact of fungal and plant metabolites application on early develop-
ment stages of pea powdery mildew. Pest Manag Sci. 2019;18:ps5351.
Rubiales D, Carver TL. Defence reactions of Hordeum chilense accessions

to three formae speciales of cereal powdery mildew fungi. Can J Bot.
2000;78(12):1561-70.


https://www.apsnet.org/edcenter/advanced/topics/EcologyAndEpidemiologyInR/DiseaseProgress/Pages/References.aspx
https://www.apsnet.org/edcenter/advanced/topics/EcologyAndEpidemiologyInR/DiseaseProgress/Pages/References.aspx

Osuna-Caballero et al. Plant Methods

53.

54.

55.

56.

57.

58.

59.

60.

62.

63.

64.

65.

66.

67.

68.

69.

70.

71

72.

73.

74.

(2023) 19:86

Pierz LD, Heslinga DR, Buell CR, Haus MJ. An image-based technique for
automated root disease severity assessment using PlantCV. Appl Plant Sci.
2023;11:211507.

Alves KS, Guimaraes M, Ascari JP, Queiroz MF, Alfenas RF, Mizubuti ESG, et al.
RGB-based phenotyping of foliar disease severity under controlled condi-
tions. Trop Plant Pathol. 2022;47(1):105-17.

Pavicic M, Overmyer K, Rehman A, ur, Jones P, Jacobson D, Himanen K.
Image-based methods to score Fungal Pathogen Symptom Progression and
Severity in Excised Arabidopsis Leaves. Plants. 2021;10(1):158.

Heineck GC, McNish IG, Jungers JM, Gilbert E, Watkins E. Using R-Based
image analysis to quantify rusts on perennial ryegrass. Plant Phenome J.
2019;2(1):1-10.

Mattos A do, P, Tolentino Junior JB, Itako AT. Determination of the severity of
Septoria leaf spot in tomato by using digital images. Australas Plant Pathol.
2020;49(4):329-56.

Olivoto T, Andrade SMP, Del Ponte M. Measuring plant disease severity

in R:introducing and evaluating the pliman package. Trop Plant Pathol.
2022;47(1):95-104.

Eddelbuettel D, Francois R, Rcpp. Seamless R and C + + integration. J Stat
Soft. 2011;40(8):1-18.

A repo which. compares the speed of different programming languages.
https://github.com/niklas-heer/speed-comparison. Accessed 20 May 2023.
Dreischhoff S, Das IS, Haffner F, Wolf AM, Polle A, Kasper KH. Fast and easy
bioassay for the necrotizing fungus Botrytis cinerea on poplar leaves. Plant
Methods. 2023;19(1):32.

Milus EA, Kristensen K, Hovmeller MS. Evidence for increased aggressiveness
in a recent widespread strain of Puccinia striiformis f. sp. tritici Causing Stripe
Rust of Wheat Phytopathol. 2009,99(1):89-94.

Elliott K, Berry JC, Kim H, Bart RS. A comparison of ImageJ and machine
learning based image analysis methods to measure cassava bacterial blight
disease severity. Plant Methods. 2022;18(1):86.

Zhang J,Yuan L, Pu R, Loraamm R, Yang G, Wang J. Comparison between
wavelet spectral features and conventional spectral features in detecting
yellow rust for winter wheat. Comput Electron Agric. 2014;100:79-87.
Zhang J, Pu R, Huang W, Yuan L, Luo J, Wang J. Using in-situ hyperspectral
data for detecting and discriminating yellow rust disease from nutrient
stresses. Field Crop Res. 2012;134:165-74.

Simko I, Jimenez-Berni JA, Sirault XRR. Phenomic approaches and tools for
phytopathologists. Phytopathol. 2017;107(1):6-17.

Bock CH, Barbedo JGA, Del Ponte EM, Bohnenkamp D, Mahlein A-K. From
visual estimates to fully automated sensor-based measurements of plant
disease severity: status and challenges for improving accuracy. Phytopathol
Res. 2020;2(1):9.

Barbedo JGA. A review on the main challenges in automatic plant disease
identification based on visible range images. Biosyst Eng. 2016;144:52-60.
Schneider CA, Rasband WS, Eliceiri KW. NIH Image to ImagelJ: 25 years of
image analysis. Nat Methods. 2012,9(7):671-5.

Vale F, Fernandes-Filho E, Liberato J. QUANT: a software for plant disease
severity assessment. In: Proceedings of the 8th International Congress of
Plant Pathology. Christchurch, New Zealand: Horticulture Australia; 2003.

p. 105.

Barilli E, Sillero JC, Prats E, Rubiales D. Resistance to rusts (Uromyces pisi and U.

viciae-fabae) in pea. Czech J Genet Plant Breed. 2014;50(2):135-43.

Bade CIA, Carmona MA. Comparison of methods to assess severity of
common rust caused by Puccinia sorghi in maize. Trop Plant Pathol.
2011,36(4):264-6.

Diaz-Lago JE, Stuthman DD, Leonard KJ. Evaluation of components of
partial resistance to Oat Crown Rust using Digital Image Analysis. Plant Dis.
2003;87(6):667-74.

Osuna-Caballero S, Rispail N, Barilli £, Rubiales D. Identification and charac-
terization of Novel sources of resistance to Rust caused by Uromyces pisi in
Pisum spp. Plants. 2022;11(17):2268.

75.

76.

77.

78.

79.

80.

81.

82.

83.

84.

85.

86.

87.

88.

89.

90.

91.

92.

93.

Page 14 of 14

Sillero JC, Moreno MT, Rubiales D. Characterization of new sources of resis-
tance to Uromyces viciae-fabae in a germplasm collection of Vicia faba. Plant
Pathol. 2000;49(3):389-95.

Jeger MJ, Viljanen-Rollinson SLH. The use of the area under the disease-prog-
ress curve (AUDPC) to assess quantitative disease resistance in crop cultivars.
Theor Appl Genet. 2001;102(1):32-40.

Otsu N. A threshold selection method from Gray-Level Histograms. IEEE Trans
Syst Man Cybern. 1979;,9(1):62-6.

Gitelson AA, Stark R, Grits U, Rundquist D, Kaufman Y, Derry D. Vegetation
and soil lines in visible spectral space: a concept and technique for remote
estimation of vegetation fraction. Int J Remote Sens. 2002;23(13):2537-62.
Best RG, Harlan JC. Spectral estimation of Green leaf area index of oats.
Remote Sens Environ. 1985;17(1):27-36.

Motohka T, Nasahara KN, Oguma H, Tsuchida S. Applicability of Green-Red
Vegetation Index for remote sensing of vegetation phenology. Remote Sens.
2010;2(10):2369-87.

Blancon J, Dutartre D, Tixier MH, Weiss M, Comar A, Praud S, et al. A high-
throughput model-assisted method for phenotyping maize green leaf area
index dynamics using unmanned aerial vehicle imagery. Front Plant Sci.
2019;10(June):1-16.

Chapu |, Okello DK, Okello RCO, Odong TL, Sarkar S, Balota M. Exploration

of alternative approaches to phenotyping of late Leaf spot and groundnut
rosette Virus Disease for Groundnut breeding. Front Plant Sci. 2022;13:1-17.
Tucker CJ. Red and photographic infrared linear combinations for monitoring
vegetation. Remote Sens Environ. 1979;8(2):127-50.

Castleman KR. Digital Image Processing. Prentice-Hall. New Jersey: Pearson;
1996.

Hester J, Vaughan D, bench. High Precision Timing of R Expressions. 2023.
https://cran.r-project.org/package=bench.

Lin L. A concordance correlation coefficient to evaluate reproducibility.
Biometrics. 1989;45(1):255-68.

Del Ponte EM, Pethybridge SJ, Bock CH, Michereff SJ, Machado FJ, Spolti P
Standard area diagrams for aiding severity estimation: scientometrics, patho-
systems, and methodological trends in the last 25 years. Phytopathology.
2017;107:1161-74.

Pereira WEL, de Andrade SMP, Del Ponte EM, Esteves MB, Canale MC, Takita
MA, et al. Severity assessment in the Nicotiana tabacum-Xylella fastidiosa
subsp. pauca pathosystem: design and interlaboratory validation of a stan-
dard area diagram set. Trop Plant Pathol. 2020;45:710-22.

Kuhn M, Vaughan D, Hvitfeldt E. yardstick: Tidy Characterizations of Model
Performance. 2023. https://cran.r-project.org/package=yardstick.

R Core Team. R: A Language and Environment for Statistical Computing. R
Found Stat Comput. 2021,Vienna(Austria). Available from: https://www.r-
project.org/.

Pau G, Fuchs F, Sklyar O, Boutros M, Huber W. EBImage-an R package for
image processing with applications to cellular phenotypes. Bioinformatics.
2010;26(7):979-81.

Wickham H, Averick M, Bryan J, Chang W, McGowan L, Frangois R, et al.
Welcome to the Tidyverse. J Open Source Softw. 2019;4(43):1686.
Osuna-Caballero S, Olivoto T, Rubiales T, Jiménez-Vaquero MA, Rispail N.
Script and images for “RGB image-based method for phenotyping rust dis-
ease progress in pea leaves using R" Zenodo. 2023. https://doi.org/10.5281/
zeno0do.7991462.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in
published maps and institutional affiliations.


https://github.com/niklas-heer/speed-comparison
https://cran.r-project.org/package=bench
https://cran.r-project.org/package=yardstick
https://www.r-project.org/
https://www.r-project.org/
https://doi.org/10.5281/zenodo.7991462
https://doi.org/10.5281/zenodo.7991462

	﻿RGB image-based method for phenotyping rust disease progress in pea leaves using R
	﻿Abstract
	﻿Background
	﻿Results
	﻿Pea rust monitoring
	﻿Processing Time optimization and RGB segmentation selection

	﻿Discussion
	﻿Automatization of pea rust progress monitoring
	﻿Processing time optimization
	﻿Rust resistance mechanisms estimations through RGB images

	﻿Conclusions
	﻿Methods
	﻿Plant materials, Pathogen isolate and Inoculation
	﻿Image Acquisition
	﻿Disease assessments
	﻿Image segmentation
	﻿Image Compression and Processing Time
	﻿Method validation
	﻿Description of rust evaluation method

	﻿References


