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Abstract 

Background Plant scientists have largely relied on pathogen growth assays and/or transcript analysis of stress-
responsive genes for quantification of disease severity and susceptibility. These methods are destructive to plants, 
labor-intensive, and time-consuming, thereby limiting their application in real-time, large-scale studies. Image-based 
plant phenotyping is an alternative approach that enables automated measurement of various symptoms. However, 
most of the currently available plant image analysis tools require specific hardware platform and vendor specific 
software packages, and thus, are not suited for researchers who are not primarily focused on plant phenotyping. In 
this study, we aimed to develop a digital phenotyping tool to enhance the speed, accuracy, and reliability of disease 
quantification in Arabidopsis.

Results Here, we present the Arabidopsis Disease Quantification (AraDQ) image analysis tool for examination 
of flood-inoculated Arabidopsis seedlings grown on plates containing plant growth media. It is a cross-platform appli-
cation program with a user-friendly graphical interface that contains highly accurate deep neural networks for object 
detection and segmentation. The only prerequisite is that the input image should contain a fixed-sized 24-color 
balance card placed next to the objects of interest on a white background to ensure reliable and reproducible results, 
regardless of the image acquisition method. The image processing pipeline automatically calculates 10 different 
colors and morphological parameters for individual seedlings in the given image, and disease-associated phenotypic 
changes can be easily assessed by comparing plant images captured before and after infection. We conducted two 
case studies involving bacterial and plant mutants with reduced virulence and disease resistance capabilities, respec-
tively, and thereby demonstrated that AraDQ can capture subtle changes in plant color and morphology with a high 
level of sensitivity.

Conclusions AraDQ offers a simple, fast, and accurate approach for image-based quantification of plant disease 
symptoms using various parameters. Its fully automated pipeline neither requires prior image processing nor costly 
hardware setups, allowing easy implementation of the software by researchers interested in digital phenotyping 
of diseased plants.
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Background
The Arabidopsis thaliana–Pseudomonas syringae patho-
system has been widely used as a model for studying 
plant immunity and plant–microbe interactions. Exten-
sive studies on their tug-of-war have provided a basis for 
unraveling the complexity of plant defense mechanisms. 
P. syringae is a widespread and agriculturally important 
plant pathogen that comprises more than 60 patho-
vars, a few of which, including P. syringae pv. tomato 
(Pst) DC3000 and P. syringae pv. maculicola, are patho-
genic to Arabidopsis [1, 2]. The pathogen enters plants 
through stomatal openings and colonizes the apoplastic 
space. The characteristic disease symptoms in Arabi-
dopsis include leaf yellowing, necrosis, and transient 
water-soaked spots during the early stages of infection 
[3, 4]. In general, plants mount multiple layers of innate 
immune responses to defend themselves against patho-
gen attacks, leading to stomatal closure, reactive oxygen 
species (ROS) burst, callose deposition, and sometimes, 
rapid cell death at the site of infection [5]. These factors 
collectively create a hostile environment for microbial 
growth. Consequently, plant pathogens have evolved sev-
eral mechanisms for utilization of various virulence fac-
tors that counteract plant defenses. During infection, Pst 
DC3000 produces the phytotoxin coronatine that inhibits 
stomatal closure [6, 7]. Many bacterial species, including 
Pst DC3000, also deliver type III effectors into the plant 
cytoplasm to subvert host cellular processes for their 
own benefit [8].

To enhance our understanding of plant–microbe inter-
actions, it is highly desirable to develop methods for the 
precise evaluation of disease severity in a high-through-
put manner. Conventional inoculation methods, includ-
ing syringe/vacuum infiltration, foliar spray, and dipping, 
are hardly applicable for high-throughput assays because 
of the difficulties in handling many samples at a time. On 
the other hand, the flood-inoculation method, which was 
first introduced as an assay for assessment of virulence 
of Pst DC3000 in tomato seedlings, was subsequently 
applied to Arabidopsis and has several advantages over 
the other methods in terms of simplicity, efficiency, and 
reliability [9, 10]. Moreover, this method allows uniform 
treatment and minimal mechanical wounding during 
inoculation, as well as relatively strict regulation of envi-
ronmental conditions during the study period, since the 
only prerequisite for this method is that seedlings grown 
on solid medium in Petri plates should be submerged in 
a bacterial solution. For inoculation using conventional 
methods, 4- to 5-week-old plants are generally used, 
whereas 2-week-old seedlings are used for the flood-
inoculation method, allowing the total set of experiments 
(from sowing to performing virulence assays) to be com-
pleted within 3 weeks.

Previous studies have shown that the flood-inoculation 
method can be effectively used to compare the effects of 
different plant lines and bacterial strains on disease devel-
opment [11–14]. However, like that for other inoculation 
methods, a limitation of this method is that no proper 
quantification technique has been devised to measure 
disease severity at the phenotypic level, and thus, further 
verification steps need to be performed. Although bac-
terial growth assays have been widely used to evaluate 
plant disease severity, labor-intensive procedures such as 
homogenization and dilution plate counting often cause 
problems with reproducibility of the results [15, 16]. To 
overcome these limitations, several attempts have been 
made to develop reliable and simple quantification meth-
ods. For example, to examine bacterial growth in planta, 
a bioluminescence assay was conducted using chro-
mosomally tagged P. syringae strains that constitutively 
expressed the lux operon [17]. Furthermore, quantitative 
real-time polymerase chain reaction (qRT-PCR) analysis 
of P. syringae genes was performed using DNA templates 
extracted from diseased plants [16]. However, for analysis 
using these approaches, the destruction of plant samples 
prior to performing the assays and/or the use of certain 
optical instruments and reagents is required.

Image-based phenotyping is an attractive alternative 
approach for quantifying plant disease symptoms. Non-
invasive evaluation of plants via automated image-pro-
cessing tools can provide an opportunity to expand the 
scale and the depth of analysis [18, 19]. Two-dimensional 
top-view images captured by a digital red, green, and 
blue (RGB) color camera are sufficient for phenotyping 
features such as growth and greenness of Arabidopsis 
rosettes. Furthermore, other sensor devices, including 
three-dimensional scanning systems and cameras for 
chlorophyll-fluorescence, thermal, and hyperspectral 
imaging, could be implemented to detect changes in 
not only anatomical but also physiological properties 
of plants during disease development [20–23]. Diverse 
image analysis tools have been developed to extract bio-
logically relevant information from Arabidopsis rosette 
images, and those developed specifically for disease 
quantification purposes include PhenoPhyte (web-based 
tool for measurement of green plant area) and PIDIQ 
(ImageJ-based tool for measurement of chlorotic plant 
area) [15, 22, 24–26]. Despite the impressive quality of 
their performance, most of these tools have some limi-
tations such as the requirement of specific hardware 
platforms, programming/scripting languages, or vendor 
lock-in tools with undocumented black box procedures. 
These image processing pipelines also lack provisions for 
adjustment of variations in scale and illumination, result-
ing in low batch-to-batch data consistency [27]. Most 
importantly, plant image segmentation of non-green 



Page 3 of 14Lee et al. Plant Methods           (2024) 20:44  

components, for which accuracy is critical in ensuring 
reliable measurement of various parameters, remains 
challenging, especially if leaves turn yellow-white and dry 
up after inoculation.

In recent years, a wide range of long-standing problems 
in the field of computer vision have been revolutionized 
by deep learning technology [28–31]. The accuracy of 
pixel-wise classification tasks, including object segmen-
tation, has been remarkably improved using deep con-
volutional encoder–decoder networks [32–34]. These 
networks facilitate end-to-end training because the 
encoder extracts low-resolution feature maps, and the 
decoder reconstructs them to the original input resolu-
tion. Some of the networks are particularly adapted for 
delineating the boundaries of small objects with the 
help of variations in color, and thus, these are promising 
resources for medical and aerial image analyses [35–37]. 
Problems in the segmentation of images of diseased 
Arabidopsis seedlings have been caused by similarities in 
semantic features of thin petioles and discolored leaves, 
and these problems can be effectively addressed using the 
deep neural approach.

In this study, we aimed to develop a digital phenotyp-
ing tool to enhance the speed, accuracy, and reliability 
of Arabidopsis disease quantification. We trained deep 
learning models to achieve a high degree of performance 
in terms of object detection and segmentation. Here, we 
present the Arabidopsis Disease Quantification (AraDQ) 
software, which enables the calculation of four different 
color parameters (green chromatic coordinate [GCC], 
excess green index [ExGI], green and red ratio vegeta-
tion index [GRVI], and hue saturation value [HSV]-based 
green/yellow color categorization) and six different mor-
phological parameters (perimeter, projected leaf area, 
convex hull perimeter, convex hull area, compactness, 
and stockiness) for individual seedlings in the given 
image. We conducted two case studies using bacterial 
and plant mutants and demonstrated that this software 
is easily applicable for comparison of disease symp-
toms using solely the images of seedlings taken before 
and after treatment. The simple requirements for image 
preparation, straightforward interface, and versatile ana-
lytical capabilities are of great benefit to a wide range of 
studies on plants. Using the information obtained from 
the results of the flood-inoculation assay, AraDQ has the 
potential to enhance our understanding of various plant–
microbe and plant-environment interactions.

Materials and methods
Plant materials and growth conditions
The genetic background of all mutant lines used in this 
study was the A. thaliana ecotype Columbia (Col-0). The 
fls2, efr1, and fls2/efr1/cerk1 Arabidopsis lines were gifted 

by Dr. Man-Ho Oh (Chungnam National University). 
For the flood-inoculation assays, the seeds were surface-
sterilized using 70% ethanol for 1 min and 12.5% sodium 
hypochlorite containing 0.1% Tween 20 for 15  min and 
then washed with sterile distilled water. The sterilized 
seeds were plated on half-strength Murashige and Skoog 
(MS) basal medium supplemented with 0.05% 2-(N-mor-
pholino)ethanesulfonic acid (MES), 1% sucrose, and 
0.75% phytoagar in deep Petri dishes (100 mm diameter 
and 25 mm height), followed by 2 days of stratification at 
4 °C. The plants were grown in a controlled growth room 
under a light intensity of 200  μmol   m−2   s−1 and a 12  h 
light/12 h dark photoperiod at 22 °C for two weeks.

Bacterial strains and growth conditions
Pst DC3000 strains harboring mutations in hrpA and 
cmaA were generated using the splice overlap extension 
mutagenesis as described previously [38, 39]. Briefly, 
1-kb-long upstream and downstream regions of the 
gene to be deleted were amplified and assembled using 
the kanamycin resistance cassette of pKD13 by the over-
lap extension PCR method. The final PCR product was 
inserted into the SmaI-digested pTok2 vector and intro-
duced into Pst DC3000 cells by electroporation. Transfor-
mants that were kanamycin resistant, but not tetracycline 
resistant, were selected and gene deletion was verified by 
PCR. The primer sequences used in this study are listed 
in Additional file 1. The bacterial strains were incubated 
at 28 °C on King’s medium B (KB) to which the following 
concentrations of antibiotics were added when required: 
100 μg/ml rifampicin, 50 μg/ml kanamycin, and 15 μg/ml 
tetracycline.

Image data acquisition
Flood-inoculation assays were performed as previously 
described with a few modifications [10]. Briefly, bacterial 
cells were allowed to grow overnight and then suspended 
in distilled sterile water supplemented with 0.025% Silwet 
L-77 (PhytoTechnology Laboratories, Shawnee Mission, 
KS, USA); the suspension was adjusted to the appropriate 
concentration. The bacterial suspension was dispensed 
into a Petri plate containing 2-week-old Arabidopsis 
seedlings, and after 3 min, the suspension was removed 
by decantation. After inoculation, the Petri plates were 
sealed with 3  M Micropore 2.5-cm-wide surgical tapes 
(3 M, Jeonju, Korea) and incubated in a controlled growth 
room under a light intensity of 200 μmol   m−2   s−1 and a 
12 h light/12 h dark photoperiod at 22  °C for 3 days. A 
maximum of four Arabidopsis seedlings were grown in 
one Petri plate, as our system was designed to detect up 
to four individuals to avoid overlapping of leaves from 
neighboring seedlings. Images were taken with a 24-color 
balance card, 2 × 3 inches (CameraTrax, Las Vegas, NV, 
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USA), placed on a white background for the use of the 
image processing model in AraDQ (Fig. 1).

For the preparation of deep learning training images, 
the ground truth data were generated by manual labeling 

using the Visual Geometry Group (VGG) Image Anno-
tator (VIA), which is an open-source image annotation 
software developed by VGG at the University of Oxford 
(Fig. 2) [40]. A total of 1,554 and 1,996 annotated images 

Fig. 1 Graphical user interface and image processing using AraDQ. A Elements of the AraDQ graphical user interface. (1) Button for uploading 
images, (2) button for selection of all images uploaded, (3) window displaying list of images uploaded, (4) window displaying selected image, 
(5) window displaying traits to be quantified, (6) button for showing information menu, (7) additional window displaying links to user manual, 
color card information, and contact information, and (8) button for starting image analysis. B Results provided following AraDQ analysis. (9) 
distortion-corrected image, (10) color-corrected image, (11) binary image, (12) images of individual seedlings after distortion correction, color 
correction, binary segmentation, and trait quantification, (13) Trait quantification results are shown in a comma-separated values (CSV) format
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of the color palette and the seedlings, respectively, were 
obtained and randomly split into training (80%) and vali-
dation (20%) datasets.

Implementation
System architecture
AraDQ is a cross-platform application program with pre-
trained deep neural networks and a trait-quantification 
pipeline for Arabidopsis seedlings. It offers a graphical 
user interface (GUI) that allows ease of use and access 
to any user. The pipeline has been designed to automate 
and facilitate all image-processing steps once the inputs 
are set. AraDQ consists of three sections: (1) uploaded 
image list, (2) check image, and (3) traits (Fig. 1a). Digital 
images for the analysis can be provided through manual 
selection by clicking the “Upload” button. The names 
and contents of the successfully uploaded images are 
displayed in the left and the middle sections. The images 
to be processed and the traits of interest can be selected 
before analysis using checkboxes, thereby speeding up 
the data acquisition process as required. The outputs 
are stored in the form of comma-separated values (CSV) 
files and different types of processed image files, includ-
ing distortion- and color-corrected images and binary 

images of the seedlings (Fig. 1b). The image files of indi-
vidual seedlings generated following image processing 
and trait quantification are also provided for visual com-
parison (Fig.  1b). These files can be found in the folder 
named according to the date and the time of analysis 
(YYYY_MM_DD_HH_MM) under the “Results” folder in 
the same location where AraDQ is installed, so that the 
results can be organized in chronological order. The port-
able software, system code, and installation manual are 
available at https:// github. com/ kist- smart farm/ AraDQ.

Image pre‑processing and processing
Our AraDQ deep learning model involves two separate 
artificial intelligence models for object detection and 
segmentation, as shown in Fig. 2. For AraDQ, the input 
image should contain the indicated color palette with 
a known size and color distribution for standardized 
measurement of traits using different sources of data-
sets. The model trained using the You-Only-Look-Once 
(YOLO) version 4 (YOLOv4) network detects four edges 
of white, brown, black, and cyan patches in the palette, 
allowing distortion- and color-correction using projec-
tive transformation and gamma correction algorithms, 
respectively (Fig.  2a) [41–44]. Seedling segmentation is 

YOLO-based 
object detection 

model

B) Annotation of seedling boundary

A) Annotation of four edges of color palette
AraDQ

deep learning 
model

U-net-based 
segmentation 

model

Training

Training

Fig. 2 Deep learning models used in AraDQ. A Image annotation to train the You-Only-Look-Once (YOLO) model for detection of the four edges 
of the color palette. B Image annotation to train the U-net model for seedling segmentation

https://github.com/kist-smartfarm/AraDQ
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performed using the trained model with the customized 
U-net, where additional layers of batch normalization 
combined with early stopping are applied to avoid over-
fitting (Fig. 2b) [45].

The overall workflow of the image processing in 
AraDQ is shown using an input image as an example in 
Fig. 3. The model first detected the color palette edge in 
the image (Fig. 3a) and rotated it to place a white patch 
near the top-left corner (Fig.  3b). Since the size of the 
color palette itself is not variable, the input image was 
then corrected based on projective transformation using 
the absolute coordinates of the color palette edges as 
a reference (Fig.  3c). The transformed color palette was 
cropped (Fig.  3d) and used for color correction using 
the gamma correction algorithm (Fig.  3e). Meanwhile, 
the input image was also converted to a binary format 
with the seedling and the background displayed in white 
and black, respectively, to isolate the regions of interest 
through the deep learning-based binary segmentation 
(Fig.  3f ); the image was warped by the same transfor-
mation matrix that was used for distortion correction 
(Fig. 3g). The binary image was then used to extract the 
seedling parts from the color-corrected input image. 
Individual seedlings were isolated by a connected com-
ponent labeling algorithm and numbered by increasing 
the Euclidean distances from the top-left corner of the 
image to the center-points of the seedlings, and sub-
sequently, cropped in the form of a square image of the 
minimum size possible (Fig. 3h).

Trait quantification
For digital phenotyping, AraDQ offers 10 different 
parameters (six and four associated with rosette mor-
phology and color, respectively) that are useful for the 
quantification of plant disease severity [25, 26]. The mor-
phological parameters included perimeter (cm), pro-
jected leaf area  (cm2), convex hull perimeter (cm), convex 
hull area  (cm2), compactness (%), and stockiness (%). 
Using the binary image border extraction algorithm, con-
tour lines were extracted using the segmentation masks 
of each seedling [46]. The perimeter was determined by 
measuring the arc length for pixels along the contour, 
whereas the projected leaf area was determined by count-
ing the number of pixels in the binary image. The convex 
hull for each seedling was computed using the Quickhull 
algorithm [47], and the perimeter and area were deter-
mined using the method described above. These values 
were converted to cm units using the pixel-to-cm con-
version ratio; these calculations were performed using 
the fixed size of the color palette as a reference. Rosette 
compactness was calculated using the ratio between the 
projected leaf area and the convex hull area, and rosette 

stockiness was calculated using the following formula: 
4 × π × projected leaf area/perimeter2 [48].

The color parameters included GCC, ExGI, GRVI, and 
HSV-based green/yellow color categorization (in  cm2). 
The first three parameters are related to the greenness of 
leaves and were computed using the RGB color space as 
follows [49–52]:

Fig. 3 An overview of the image processing workflow in AraDQ. 
A Detection of four edges of the color palette. B Image rotation 
to place the white patch of the color palette near the top-left corner. 
C Distortion correction of original input image. D Cropping of color 
palette. E Color correction of distortion-corrected image. F Binary 
segmentation of seedlings. G Distortion correction of binary image. 
H Cropping images of individual seedlings for the subsequent trait 
quantification step
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where DN denotes the digital number of red, green, and 
blue channels. The mean values of the total pixels for 
each seedling were also calculated. In addition, the seg-
mentation images of each seedling were converted to the 
HSV color space, and the pixel numbers within different 
ranges of the hue channel (green-cyan class, 140° to 170°; 
green class, 81° to 140°; yellow-green class, 61° to 80°; yel-
low class, 51° to 60°; orange-yellow class, 41° to 50°) were 
counted for rating of the yellowing symptom [53]. This 
result was converted to cm units using the pixel-to-cm 
conversion ratio, as described above.

Deep learning training and model evaluation
The training environment in this project was equipped 
with an Nvidia GeForce RTX 2070 8  GB GPU with a 
32 GB RAM and an Intel Core i9-9900 K 3.60 GHz CPU. 
For color palette detection, the YOLOv4 model was 
trained in the Darknet framework with minor adapta-
tions to resize the input of size 480 × 480 and detect the 
four classes (edges of white, brown, black, and cyan color 
patches) of the object [43]. Some hyperparameters such 
as subdivision [35], max batches (16,000), learning rate 
(0.00087), and steps (12,800 and 14,400) were modified 
based on the GPU performance. The model performance 
was evaluated by measuring the  F1 score of the validation 
data for each epoch. The Jaccard index, also termed the 
Jaccard similarity coefficient and the Intersection over 
Union (IoU), was calculated as the intersection of the 
ground-truth bounding box with the predicted bound-
ing box over the union. A true-positive (TP) was consid-
ered if the measured Jaccard index was ≥ 0.5; otherwise, it 
was considered as a false-positive (FP). Missed detection 
was considered as a false-negative (FN). The  F1 score was 
calculated using precision (P) and recall (R), which indi-
cated classifier exactness and completeness, respectively, 
as follows:

GCC =
DNgreen

DNred + DNgreen + DNblue

ExGI = 2 ∗ DNgreen − (DNred + DNblue)

GRVI =
DNgreen − DNred

DNgreen + DNred

Precision (p) =
TP

TP + FP

Recall(R) =
TP

TP + FN

Our trained object detection model exhibited stable 
and high level of performance  (F1 score: 0.9725, preci-
sion: 0.9525, and recall: 0.995) after 3000 epochs.

The modified U-net model, consisting of four levels of 
depth with additional batch normalization on both the 
encoder and the decoder, was trained for seedling seg-
mentation [45]. The model performance was evaluated 
by measuring the  F1 score of the validation data for each 
epoch. In semantic segmentation, TP was defined as 
pixels correctly classified as objects, FP as pixels incor-
rectly classified as objects, and FN as pixels classified as 
objects in the ground truth but not classified as objects in 
the model prediction. The  F1 score was calculated using 
precision and recall as described above. Our trained seg-
mentation model exhibited stable and high level of per-
formance  (F1 score: 0.9915, precision: 0.9913, and recall: 
0.9917) after 100 epochs.

Case studies for validation of AraDQ performance
Two case studies were conducted to validate the per-
formance of AraDQ, encompassing functions related to 
deep learning-based leaf segmentation and algorithm-
based calculation of color parameters. Plant images were 
sourced from an independent experimental dataset that 
did not overlap with the images used to develop the deep 
learning model.

In Case Study I, a total of 114 Arabidopsis seedlings 
were utilized for flood-inoculation assays, incorporating 
three different bacterial strains and six distinct inoculum 
concentrations, including a control group. Each factor 
combination in this study had six replicates for each indi-
vidual seedling.

In Case Study II, a total of 72 seedlings, consisting of 
four different plant mutants and wild-type plants, were 
subjected to assays involving three different bacterial 
treatments. Similar to Case Study I, there were six repli-
cates for each factor combination.

It’s important to note that the independent experimen-
tal dataset, non-overlapping with the images used for 
model development, was employed in both case studies 
to ensure the robustness and generalizability of AraDQ’s 
performance evaluation.

Results and discussion
Case study: analysis of disease symptoms caused 
by different mutant strains
Characterization of the role of virulence factors in disease 
development is critical for understanding how pathogens 
establish parasitic relationships with their hosts. Patho-
gens have evolved different proliferation and survival 

F1score = 2 ·
P · R

P + R
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strategies depending on their host range and lifestyle 
[54]. Comparative genomic analyses of several P. syringae 
strains have revealed that Pst DC3000 encodes a range 
of virulence factors, including effector proteins, phyto-
toxic compounds, cell wall-degrading enzymes, phyto-
hormones, flagella, attachment factors, and siderophores 
[55, 56]. Each virulence factor has a different functional 
significance in pathogenesis, and their coordinated action 
at the appropriate time is required for full virulence [57]. 
There have been a number of studies examining plant 
innate immune responses against Pst DC3000 mutants 
defective in virulence factor(s) [11, 58–61]; however, the 
effects on plant growth and chlorosis have rarely been 
reported due to the lack of proper phenotyping meth-
ods. AraDQ enables the calculation of changes in rosette 
growth and greenness after pathogen attack, allowing 
the comparison of disease symptoms caused by different 
mutant strains.

The phytotoxin coronatine and the type III secretion 
system (T3SS) are the two major virulence factors of 
Pst DC3000. Coronatine contributes to bacterial inva-
sion and disease symptom development, whereas T3SS 
is essential for overcoming plant defense responses [62, 
63]. In this study, we tested two strains mutated for cmaA 
and hrpA, in which coronatine production and functional 
T3SS formation were completely abolished, respectively 
[63–65]. First, Arabidopsis Col-0 seedlings were flood-
inoculated with 1 ×  106 colony-forming units (CFUs)/ml 
of the wild-type (WT) Pst DC3000 and the two mutant 
strains, and images of the seedlings were captured before 
and after inoculation. Visible chlorosis symptoms were 
observed only in the WT-treated seedlings at 3  days 
post-inoculation (DPI) (Fig. 4a). Although the cmaA- and 
hrpA-treated seedlings appeared morphologically similar 
to the negative control (mock-treated) seedlings, subtle 
changes in their size and color were detected by image 
analysis using AraDQ. In the mutant-treated seedlings 
at 3 DPI, clear decreases in leaf area were observed com-
pared to that in the negative control; however, the differ-
ences were not statistically significant (Fig. 4b). Statistical 
issues can be easily resolved by increasing the sample 
size, as this analysis was conducted using only six seed-
lings. Treatment with the mutant strains appeared to 
have no effect on GCC (Fig.  4c), whereas green/yellow 
color categorization of individual seedlings based on the 
HSV color space showed a noticeable increase in yellow-
green colored rosette area compared to that observed 
in the negative-control seedlings (Fig. 4d). On the other 
hand, the WT-treated seedlings at 3 DPI showed a sig-
nificant reduction in leaf area and GCC, as well as a 
dramatic increase in yellow-green colored rosette area 
compared to that observed in the negative-control seed-
lings (Fig. 4b–d).
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Fig. 4 AraDQ-based image analysis of Arabidopsis seedlings treated 
with different Pseudomonas strains. Seedlings of A. thaliana (Col-0) 
were flood-inoculated with 1.0 ×  106 colony-forming units (CFUs)/
ml of Pseudomonas syringae pv. tomato DC3000 wild-type (WT) 
and cmaA and hrpA mutant strains, and the disease symptoms were 
analyzed using AraDQ at 3 days post-inoculation (DPI). A Visual 
comparison of flood-inoculated seedlings after image correction. 
B Leaf area  (cm2) of flood-inoculated seedlings. C Green chromatic 
coordinate (GCC) of flood-inoculated seedlings. D Hue saturation 
value (HSV)-based green/yellow color categorization of individual 
flood-inoculated seedlings. The values of leaf area and GCC represent 
the means calculated using data obtained from six different 
seedlings, and error bars indicate standard deviation. Statistical 
significance was determined by one-way analysis of variance 
(ANOVA) and Tukey’s honestly significant differences (HSD) tests. 
Mean values marked with the same letter do not differ significantly 
(p < 0.05). The data shown are representative of three independent 
experiments
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To further determine plant size and color changes in 
response to the two mutant strains, we treated Arabi-
dopsis Col-0 seedlings with varying concentrations of 
the bacterial suspension and analyzed their images using 
AraDQ (Fig. 5a). Fold changes in leaf area and GCC for 
each treatment were compared to minimize the effects 
of differences in the original states of the plants. As the 
inoculum concentration increased, a gradual decrease 
in projected leaf area and GCC fold change values was 

observed in the WT-treated seedlings, whereas the two 
mutant-treated seedlings exhibited different severi-
ties of disease symptoms (Fig. 5b, c). In terms of rosette 
greenness, treatment with the hrpA mutant did not 
cause a statistically significant reduction in GCC com-
pared to that observed for the mock-treated seedlings 
at any concentration tested, whereas treatment with the 
cmaA mutant affected the GCC value at a concentra-
tion of 5.0 ×  106  CFU/ml (Fig.  5b). The fold change in 
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Fig. 5 AraDQ-based image analysis of Arabidopsis seedlings treated with different concentrations of Pseudomonas strains. Seedlings of A. thaliana 
(Col-0) were flood-inoculated with six different concentrations of wild-type (WT) and cmaA and hrpA mutant strains of P. syringae pv. tomato 
DC3000, and the disease symptoms were analyzed using AraDQ at 3 days post-inoculation (DPI). A Visual comparison of flood-inoculated seedlings 
after normalization. B Fold changes in values of green chromatic coordinate (GCC). C Fold changes in values of leaf area  (cm2). The fold change 
values represent the means calculated using data obtained from six different seedlings, and error bars indicate standard deviation. Statistical 
significance was determined by one-way analysis of variance (ANOVA) and Tukey’s honestly significant difference (HSD) tests. Mean values marked 
with the same letter do not differ significantly (p < 0.05). The data shown are representative of three independent experiments
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GCC values of the cmaA-treated seedlings was similar 
to that of the WT-treated seedlings at a concentration 
of 7.5 ×  106  CFU/ml. In terms of rosette size, treatment 
with both cmaA and hrpA mutants at a concentration 
of 2.5 ×  106  CFU/ml reduced the seedling growth rate 
compared to that of the mock-treated seedlings (Fig. 5c). 
However, at inoculum concentrations higher than 
2.5 ×  106 CFU/ml, cmaA-treated seedlings showed more 
severe growth retardation than that shown by hrpA-
treated seedlings. Consistent with the results mentioned 
in previous reports [66, 67], these results indicated that 
T3SS is an essential virulence factor of Pst DC3000 and 
plays a more important role in pathogenesis than coro-
natine. These results also showed that image analysis 
using AraDQ is sensitive enough to detect non-visible 
alterations in the color and the morphology of diseased 
plants, as shown in a slight growth retardation of hrpA-
treated seedlings without chlorosis symptoms likely due 
to the activation of plant basal defense response, and 
thus, AraDQ is capable of differentiating disease symp-
toms caused by various mutant strains. The image files 
used in this case study are provided in the released data-
set on GitHub.

Case study: analysis of disease symptoms in different lines 
of Arabidopsis
Engineering disease-resistant crops is a major strategy 
for sustainable food production [68]. Arabidopsis has 
served as a valuable model system to understand plant 
defense mechanisms, and these research efforts have 
been actively translated into development of disease-
resistant crops [69–71]. Nevertheless, there are still many 
missing links in the understanding of defense signaling 
pathways [72]. To fill in these gaps in our knowledge of 
defense signaling pathways, genetic studies involving 
high-throughput quantitative evaluation of Arabidopsis 
lines with different levels of disease susceptibilities could 
be conducted.

In this study, we tested three Arabidopsis Col-0 
mutant lines, fls2, efr, and fls2/efr/cerk1. These are 
mutants of pattern recognition receptors that sense 
conserved microbial molecules called pathogen-asso-
ciated molecular patterns (PAMPs). FLS2, EFR, and 
CERK1 are localized to the plasma membrane and 
involved in the recognition of bacterial flagellin, bac-
terial elongation factor-Tu, and fungal chitin/bacterial 
peptidoglycan, respectively [73–75]. They play a cen-
tral role in initiating PAMP-triggered immunity (PTI) 
as a basal defense response against a broad spectrum 
of microbial attacks [76]. To analyze changes in dis-
ease severity in the absence of full activation of PTI, 
the Arabidopsis Col-0 seedlings and the three mutant 

seedlings were flood-inoculated with suspensions 
(7.5 ×  105  CFU/ml concentration) of the WT and the 
cmaA mutant of Pst DC3000. At low inoculum concen-
trations, no clear differences between the Col-0 and the 
mutant lines were observed (Fig. 6a), although previous 
studies using bacterial growth assays have shown that 
enhanced disease susceptibility is observed in the fls2 
and the efr single mutants, and the highest level of sus-
ceptibility is observed in the fls2/efr/cerk1 triple mutant 
[77, 78].

Interestingly, image analysis of the Arabidopsis mutant 
lines using AraDQ and comparison of the fold changes in 
values of rosette area and GCC for each seedling revealed 
alterations in the degree of disease susceptibility of the 
seedlings. To determine the effects of genetic variations, 
relative fold changes in values of rosette area and GCC of 
six bacteria- and mock-treated seedlings were calculated 
using the mean fold change in values observed for each 
Arabidopsis line for both parameters (Fig. 6b, c). In terms 
of the rosette area, the fold changes in values observed for 
the mock-treated seedlings were not statistically equiva-
lent to each other, indicating that Col-0 and the mutant 
lines had different growth rates (Fig. 6b). The growth rate 
of the fls2/efr/cerk1 triple mutant was higher than that of 
the fls2 and efr single mutants but was similar to that of 
Col-0. All three mutant lines showed a significant reduc-
tion in fold changes in rosette area values compared to 
that of Col-0 under both WT- and cmaA mutant-treated 
conditions. Comparison of relative fold changes in values 
observed for pathogen-treated seedlings revealed that 
the fls2/efr/cerk1 triple mutant showed the lowest growth 
rate, followed by that of fls2, efr, and Col-0. These find-
ings are consistent with the results previously obtained 
from assays that were conducted to monitor bacterial 
populations, suggesting that the growth rate of seedlings 
under pathogen attack is closely associated with the level 
of disease susceptibility [77, 78]. In contrast, in terms of 
leaf greenness, all three treatments (mock-, WT-, and 
cmaA mutant-treatment) caused no significant differ-
ences in GCC values of Col-0 and the three mutant lines, 
although the WT-treated seedlings showed reduced GCC 
levels compared to those of the other seedlings (Fig. 6c). 
Relative fold changes in values of GCC also showed no 
clear pattern of reduction in Col-0 and the mutant lines, 
suggesting that leaf chlorosis severity was not signifi-
cantly affected by defects in PTI defenses at low inocu-
lum concentrations. Taken together, these results show 
that image analysis using AraDQ allows a quantitative 
comparison of disease severity, which in turn could help 
in validation and/or screening of alterations in the level 
of disease resistance in plants. The image files used in 
this case study are provided in the released dataset on 
GitHub.
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Conclusions
AraDQ is a user-friendly software for image-based phe-
notyping of flood-inoculated Arabidopsis seedlings. Its 
fully automated pipeline allows image preprocessing 
and data extraction from individual seedlings without 
the need for manual intervention. Image preparation for 
the use of AraDQ requires no or negligible setup costs, 
enabling easy adaptation to both routine and large-scale 
experiments. AraDQ measures various color-based and 

morphological parameters, which can be used for the 
phenotypic evaluation of plant disease severity under 
varying conditions of the disease triangle agents (host 
plant, pathogen, and environment). The potential appli-
cations of AraDQ include phenotyping of rosette plants 
(other than Arabidopsis) grown on an agar plate medium. 
The trained neural networks used in AraDQ can also be 
further adapted for analysis of plant images showing dif-
ferent growth stages or soil backgrounds.

Availability and requirements
Project name: AraDQ-Arabidopsis Disease 
Quantification.

Project home page: https:// github. com/ kist- smart farm/ 
AraDQ.

Operating system(s): Windows, Mac OS, Linux.
Programming language: Python.
Other requirements: None.
License: Apache License 2.0, BSD 3-Clause “New” or 
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Any restrictions to use by non-academics: None.
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MES  2-(N-morpholino)ethanesulfonic acid
MS  Murashige and Skoog
PAMP  Pathogen-associated molecular pattern
Pst  P. syringae Pv. tomato
PTI  PAMP-triggered immunity
qRT-PCR  Quantitative real-time polymerase chain reaction
RGB  Red, green, and blue color model
ROS  Reactive oxygen species
T3SS  Type III secretion system
TP  True-positive
VGG  Visual geometry group
VIA  VGG image annotator
WT  Wild-type
YOLO  You-Only-Look-Once
YOLOv4  YOLO version 4

Supplementary Information
The online version contains supplementary material available at https:// doi. 
org/ 10. 1186/ s13007- 024- 01171-w.

Additional file 1. Primers used in this study. Primer sequences used for 
mutagenesis and confirmation of mutagenesis are listed in the table.

Acknowledgements
The authors thank Dr. Man-Ho Oh for providing the Arabidopsis mutant lines 
and members of the Smart Farm Research Center at the Korea Institute of Sci-
ence and Technology for assisting in maintaining the plant growth room.

Author contributions
JHL and UL designed the study, performed the image analysis, and inter-
preted the results. JHL performed the bacterial treatment, collected images, 
generated figures, and wrote the original manuscript. UL trained the deep 
learning models, developed the AraDQ interface, and assisted with editing the 
manuscript. JHY collected images and assisted in editing the manuscript. TSL 
performed testing and debugging AraDQ software. JHJ assisted interpretation 
of the changes in plant phenotypes after pathogen inoculation. HSK inter-
preted the results and revised the manuscript. All authors read and approved 
the final manuscript.

Funding
This work was supported by the Korea Institute of Planning and Evaluation 
for Technology in Food, Agriculture, and Forestry (IPET) and Korea Smart Farm 
R&D (KosFarm) through the Smart Farm Innovation Technology Develop-
ment Program, funded by the Ministry of Agriculture, Food and Rural Affairs 
(MAFRA) and Ministry of Science and ICT (MSIT), Rural Development Adminis-
tration (RDA) (Grant No. 421002-04); and by the National Research Foundation 
of Korea (Grant No. 2022R1C1C1012137).

Availability of data and materials
The AraDQ software package, including the installation manual, and the 
datasets generated and analyzed during the current study are available in the 
GitHub repository at https:// github. com/ kist- smart farm/ AraDQ.

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.

Author details
1 Department of Agricultural Biotechnology, Seoul National University, 
Seoul 08826, Republic of Korea. 2 Research Institute of Agriculture and Life 
Sciences, Seoul National University, Seoul 08826, Republic of Korea. 3 Smart 

Farm Research Center, Korea Institute of Science and Technology, Gangne-
ung 25451, Republic of Korea. 

Received: 7 February 2023   Accepted: 9 March 2024

References
 1. Dong XN, Mindrinos M, Davis KR, Ausubel FM. Induction of Arabidopsis 

defense genes by virulent and avirulent Pseudomonas syringae strains 
and by a cloned avirulence gene. Plant Cell. 1991;3:1.

 2. Whalen MC, Innes RW, Bent AF, Staskawicz BJ. Identification of Pseu-
domonas syringae pathogens of Arabidopsis and a bacterial locus deter-
mining avirulence on both Arabidopsis and soybean. Plant Cell. 1991;3:1.

 3. Katagiri F, Thilmony R, He SY. The Arabidopsis thaliana-Pseudomonas 
syringae interaction. Arabidopsis Book. 2002;1: e0039.

 4. Xin XF, Nomura K, Aung K, Velasquez AC, Yao J, Boutrot F, et al. Bacteria 
establish an aqueous living space in plants crucial for virulence. Nature. 
2016;539:7630.

 5. Buttner D. Behind the lines-actions of bacterial type III effector proteins in 
plant cells. FEMS Microbiol Rev. 2016;40:6.

 6. Melotto M, Underwood W, Koczan J, Nomura K, He SY. Plant stomata 
function in innate immunity against bacterial invasion. Cell. 2006;126:5.

 7. Katsir L, Schilmiller AL, Staswick PE, He SY, Howe GA. COI1 is a critical 
component of a receptor for jasmonate and the bacterial virulence factor 
coronatine. Proc Natl Acad Sci USA. 2008;105:19.

 8. Xin XF, Kvitko B, He SY. Pseudomonas syringae: What it takes to be a patho-
gen. Nat Rev Microbiol. 2018;16:5.

 9. Uppalapati SR, Ishiga Y, Wangdi T, Urbanczyk-Wochniak E, Lshiga T, 
Mysore KS, et al. Pathogenicity of Pseudomonas syringae pv. tomato 
on tomato seedlings: phenotypic and gene expression analyses of the 
virulence function of coronatine. Mol Plant Microbe Interact. 2008;21:4.

 10. Ishiga Y, Ishiga T, Uppalapati SR, Mysore KS. Arabidopsis seedling flood-
inoculation technique: a rapid and reliable assay for studying plant-
bacterial interactions. Plant Methods. 2011. https:// doi. org/ 10. 1186/ 
1746- 4811-7- 32.

 11. Ishiga Y, Ichinose Y. Pseudomonas syringae pv. tomato OxyR is required 
for virulence in tomato and Arabidopsis. Mol Plant Microbe Interact. 
2016;29:2.

 12. Butcher BG, Chakravarthy S, D’Amico K, Stoos KB, Filiatrault MJ. Disruption 
of the carA gene in Pseudomonas syringae results in reduced fitness 
and alters motility. BMC Microbiol. 2016. https:// doi. org/ 10. 1186/ 
s12866- 016- 0819-z.

 13. Park E, Lee HY, Woo J, Choi D, Dinesh-Kumar SP. Spatiotemporal monitor-
ing of Pseudomonas syringae effectors via type III secretion using split 
fluorescent protein fragments. Plant Cell. 2017;29:7.

 14. Neuser J, Metzen CC, Dreyer BH, Feulner C, van Dongen JT, Schmidt 
RR, et al. HBI1 mediates the trade-off between growth and immunity 
through its impact on apoplastic ROS homeostasis. Cell Rep. 2019;28:7.

 15. Laflamme B, Middleton M, Lo T, Desveaux D, Guttman DS. Image-based 
quantification of plant immunity and disease. Mol Plant Microbe Interact. 
2016;29:12.

 16. Ross A, Somssich IE. A DNA-based real-time PCR assay for robust growth 
quantification of the bacterial pathogen Pseudomonas syringae on 
Arabidopsis thaliana. Plant Methods. 2016. https:// doi. org/ 10. 1186/ 
s13007- 016- 0149-z.

 17. Fan J, Crooks C, Lamb C. High-throughput quantitative luminescence 
assay of the growth in planta of Pseudomonas syringae chromosomally 
tagged with Photorhabdus luminescens luxCDABE. Plant J. 2008;53:2.

 18. Spalding EP, Miller ND. Image analysis is driving a renaissance in growth 
measurement. Curr Opin Plant Biol. 2013;16:1.

 19. Mutka AM, Bart RS. Image-based phenotyping of plant disease symp-
toms. Front Plant Sci. 2015. https:// doi. org/ 10. 3389/ fpls. 2014. 00734.

 20. Humplik JF, Lazar D, Husickova A, Spichal L. Automated phenotyp-
ing of plant shoots using imaging methods for analysis of plant stress 
responses—a review. Plant Methods. 2015. https:// doi. org/ 10. 1186/ 
s13007- 015- 0072-8.

 21. Mahlein AK. Plant disease detection by imaging sensors—parallels and 
specific demands for precision agriculture and plant phenotyping. Plant 
Dis. 2016;100:2.

https://doi.org/10.1186/s13007-024-01171-w
https://doi.org/10.1186/s13007-024-01171-w
https://github.com/kist-smartfarm/AraDQ
https://doi.org/10.1186/1746-4811-7-32
https://doi.org/10.1186/1746-4811-7-32
https://doi.org/10.1186/s12866-016-0819-z
https://doi.org/10.1186/s12866-016-0819-z
https://doi.org/10.1186/s13007-016-0149-z
https://doi.org/10.1186/s13007-016-0149-z
https://doi.org/10.3389/fpls.2014.00734
https://doi.org/10.1186/s13007-015-0072-8
https://doi.org/10.1186/s13007-015-0072-8


Page 13 of 14Lee et al. Plant Methods           (2024) 20:44  

 22. Minervini M, Giuffrida MV, Perata P, Tsaftaris SA. Phenotiki: an open 
software and hardware platform for affordable and easy image-based 
phenotyping of rosette-shaped plants. Plant J. 2017;90:1.

 23. Kunita I, Morita MT, Toda M, Higaki T. A three-dimensional scanning sys-
tem for digital archiving and quantitative evaluation of Arabidopsis plant 
architectures. Plant Cell Physiol. 2021;62:12.

 24. Green JM, Appel H, Rehrig EM, Harnsomburana J, Chang JF, Balint-
Kurti P, et al. PhenoPhyte: a flexible affordable method to quantify 2D 
phenotypes from imagery. Plant Methods. 2012. https:// doi. org/ 10. 1186/ 
1746- 4811-8- 45.

 25. Dhondt S, Gonzalez N, Blomme J, De Milde L, Van Daele T, Van Akoleyen 
D, et al. High-resolution time-resolved imaging of in vitro Arabidopsis 
rosette growth. Plant J. 2014;80:1.

 26. Zhou J, Applegate C, Alonso AD, Reynolds D, Orford S, Mackiewicz M, 
et al. Leaf-GP: An open and automated software application for measur-
ing growth phenotypes for Arabidopsis and wheat. Plant Methods. 2017. 
https:// doi. org/ 10. 1186/ s13007- 017- 0266-3.

 27. Tomé F, Jansseune K, Saey B, Grundy J, Vandenbroucke K, Hannah MA, 
Redestig H. rosettR: protocol and software for seedling area and growth 
analysis. Plant Methods. 2017;13:1.

 28. LeCun Y, Bengio Y, Hinton G. Deep learning. Nature. 2015;521:7553.
 29. Guo YM, Liu Y, Oerlemans A, Lao SY, Wu S, Lew MS. Deep learning for 

visual understanding: A review. Neurocomputing. 2016;187.
 30. Dobrescu A, Valerio Giuffrida M, Tsaftaris SA. Leveraging multiple datasets 

for deep leaf counting. In Proceedings of the IEEE international confer-
ence on computer vision workshops. 2017;2072.

 31. Ren M, Zemel RS. End-to-end instance segmentation with recurrent 
attention. In Proceedings of the IEEE conference on computer vision and 
pattern recognition. 2017;6656.

 32. Ronneberger O, Fischer P, Brox T. U-Net: Convolutional networks for 
biomedical image segmentation. Lect Notes Comput Sci. 2015;9351.

 33. Badrinarayanan V, Kendall A, Cipolla R. SegNet: A deep convolutional 
encoder-decoder architecture for image segmentation. IEEE T Pattern 
Anal. 2017;39:12.

 34. Zhou ZW, Siddiquee MMR, Tajbakhsh N, Liang JM. UNet plus plus : a 
nested U-Net architecture for medical image segmentation. Deep Learn 
Med Image Anal Multimodal Learn Clin Decis Support. 2018;2018:11045.

 35. Iqbal S, Khan MUG, Saba T, Rehman A. Computer-assisted brain tumor 
type discrimination using magnetic resonance imaging features. Biomed 
Eng Lett. 2018;8:1.

 36. Amirkolaee HA, Arefi H. Height estimation from single aerial images using 
a deep convolutional encoder-decoder network. ISPRS J Photogramm 
Remote Sens. 2019;149:50.

 37. Salem M, Valverde S, Cabezas M, Pareto D, Oliver A, Salvi J, et al. Multiple 
sclerosis lesion synthesis in MRI using an encoder-decoder U-NET. IEEE 
Access. 2019;7:25171.

 38. Heckman KL, Pease LR. Gene splicing and mutagenesis by PCR-driven 
overlap extension. Nat Protoc. 2007;2:4.

 39. Chatnaparat T, Li Z, Korban SS, Zhao YF. The stringent response mediated 
by (p)ppGpp is required for virulence of Pseudomonas syringae pv. tomato 
and its survival on tomato. Mol Plant Microbe Interact. 2015;28:7.

 40. Dutta A, Zisserman A. The VIA annotation software for images, audio 
and video. Proceedings of the 27th Acm International Conference on 
Multimedia (Mm’19). 2019.

 41. Hartley R, Zisserman A. Multiple view geometry in computer vision. 2nd 
ed. New York: Cambridge University Press; 2003.

 42. Constantinou I, Neofytou M, Tanos V, Pattichis M, Christodoulou C, Pat-
tichis C. A comparison of color correction algorithms for endoscopic 
cameras. IEEE Int C Bioinf Bi. 2013.

 43. Bochkovskiy A, Wang CY, Liao HYM. Yolov4: Optimal speed and accuracy 
of object detection. arXiv preprint arXiv. 2020;2004.

 44. Dubrofsky E, Woodham RJ. Combining line and point correspondences 
for homography estimation. Adv Vis Comput Pt Ii Proc. 2008;5359:202.

 45. Lee U, Silva RR, Kim C, Kim H, Heo S, Park IS, et al. Image analysis for 
measuring disease symptom to bacterial soft rot in potato. Am J Potato 
Res. 2019;96:3.

 46. Suzuki S, Abe K. Topological structural analysis of digitized binary images 
by border following. Comput Gr Image Process. 1985;30:1.

 47. Barber CB, Dobkin DP, Huhdanpaa H. The Quickhull algorithm for convex 
hulls. Acm T Math Softw. 1996;22:4.

 48. Jansen M, Gilmer F, Biskup B, Nagel KA, Rascher U, Fischbach A, et al. 
Simultaneous phenotyping of leaf growth and chlorophyll fluorescence 
via GROWSCREEN FLUORO allows detection of stress tolerance in Arabi-
dopsis thaliana and other rosette plants. Funct Plant Biol. 2009;36:902.

 49. Tucker CJ. Red and photographic infrared linear combinations for moni-
toring vegetation. Remote Sens Environ. 1979;8:2.

 50. Woebbecke DM, Meyer GE, Vonbargen K, Mortensen DA. Color indexes 
for weed identification under various soil, residue, and lighting condi-
tions. Trans ASAE. 1995;38:1.

 51. Sonnentag O, Hufkens K, Teshera-Sterne C, Young AM, Friedl M, Braswell 
BH, et al. Digital repeat photography for phenological research in forest 
ecosystems. Agr Forest Meteorol. 2012;152:159.

 52. Larrinaga AR, Brotons L. Greenness indices from a low-cost UAV imagery 
as tools for monitoring post-fire forest recovery. Drones. 2019;3:1.

 53. Bai G, Jenkins S, Yuan WA, Graef GL, Ge YF. Field-based scoring of soybean 
iron deficiency chlorosis using RGB imaging and statistical learning. Front 
Plant Sci. 2018. https:// doi. org/ 10. 3389/ fpls. 2018. 01002.

 54. Mansfield J, Genin S, Magori S, Citovsky V, Sriariyanum M, Ronald P, et al. 
Top 10 plant pathogenic bacteria in molecular plant pathology. Mol Plant 
Pathol. 2012;13:6.

 55. Buell CR, Joardar V, Lindeberg M, Selengut J, Paulsen IT, Gwinn ML, et al. 
The complete genome sequence of the Arabidopsis and tomato patho-
gen Pseudomonas syringae pv. tomato DC3000. Proc Natl Acad Sci USA. 
2003;100:18.

 56. Lindeberg M, Myers CR, Collmer A, Schneider DJ. Roadmap to new 
virulence determinants in Pseudomonas syringae: insights from compara-
tive genomics and genome organization. Mol Plant Microbe Interact. 
2008;21:6.

 57. Xin XF, He SY. Pseudomonas syringae pv. tomato DC3000: a model patho-
gen for probing disease susceptibility and hormone signaling in plants. 
Annu Rev Phytopathol. 2013;51:473.

 58. Guo M, Tian F, Wamboldt Y, Alfano JR. The majority of the type III effector 
inventory of Pseudomonas syringae pv. tomato DC3000 can suppress 
plant immunity. Mol Plant Microbe Interact. 2009;22:9.

 59. Schellenberg B, Ramel C, Dudler R. Pseudomonas syringae virulence factor 
syringolin A counteracts stomatal immunity by proteasome inhibition. 
Mol Plant Microbe Interact. 2010;23:10.

 60. Crabill E, Karpisek A, Alfano JR. The Pseudomonas syringae HrpJ protein 
controls the secretion of type III translocator proteins and has a virulence 
role inside plant cells. Mol Microbiol. 2012;85:2.

 61. Ishiga T, Ishiga Y, Betsuyaku S, Nomura N. AlgU contributes to the 
virulence of Pseudomonas syringae pv. tomato DC3000 by regulating 
production of the phytotoxin coronatine. J Gen Plant Pathol. 2018;84:3.

 62. Roine E, Wei WS, Yuan J, NurmiahoLassila EL, Kalkkinen N, Romantschuk 
M, et al. Hrp pilus: An hrp-dependent bacterial surface appendage pro-
duced by Pseudomonas syringae pv tomato DC3000. Proc Natl Acad Sci 
USA. 1997;94:7.

 63. Brooks DM, Hernandez-Guzman G, Kloek AP, Alarcon-Chaidez F, Sreed-
haran A, Rangaswamy V, et al. Identification and characterization of a 
well-defined series of coronatine biosynthetic mutants of Pseudomonas 
syringae pv. tomato DC3000. Mol Plant Microbe Interact. 2004;17:2.

 64. Boureau T, Routtu J, Roine E, Taira S, Romantschuk M. Localization of 
hrpA-induced Pseudomonas syringae pv. tomato DC3000 in infected 
tomato leaves. Mol Plant Pathol. 2002;3:6.

 65. Taira S, Tuimala J, Roine E, Nurmiaho-Lassila EL, Savilahti H, Romantschuk 
M. Mutational analysis of the Pseudomonas syringae pv. tomato hrpA 
gene encoding Hrp pilus subunit. Mol Microbiol. 1999;34(4):737.

 66. Penaloza-Vazquez A, Preston GM, Collmer A, Bender CL. Regulatory inter-
actions between the Hrp type III protein secretion system and coronatine 
biosynthesis in Pseudomonas syringae pv. tomato DC3000. Microbiol-
Sgm. 2000;146:2447.

 67. He P, Chintamanani S, Chen ZY, Zhu LH, Kunkel BN, Alfano JR, et al. 
Activation of a COI1-dependent pathway in Arabidopsis by Pseudomonas 
syringae type III effectors and coronatine. Plant J. 2004;37:4.

 68. Piquerez SJM, Harvey SE, Beynon JL, Ntoukakis V. Improving crop disease 
resistance: lessons from research on Arabidopsis and tomato. Front Plant 
Sci. 2014. https:// doi. org/ 10. 3389/ fpls. 2014. 00671.

 69. Boschi F, Schvartzman C, Murchio S, Ferreira V, Siri MI, Galvan GA, et al. 
Enhanced bacterial wilt resistance in potato through expression of Arabi-
dopsis EFR and introgression of quantitative resistance from Solanum 

https://doi.org/10.1186/1746-4811-8-45
https://doi.org/10.1186/1746-4811-8-45
https://doi.org/10.1186/s13007-017-0266-3
https://doi.org/10.3389/fpls.2018.01002
https://doi.org/10.3389/fpls.2014.00671


Page 14 of 14Lee et al. Plant Methods           (2024) 20:44 

commersonii. Front Plant Sci. 2017. https:// doi. org/ 10. 3389/ fpls. 2017. 
01642.

 70. Wang B, Sumit R, Sahu BB, Ngaki MN, Srivastava SK, Yang Y, et al. Arabidop-
sis novel glycine-rich plasma membrane PSS1 protein enhances disease 
resistance in transgenic soybean plants. Plant Physiol. 2018;176:1.

 71. Li ZW, Huang JZ, Wang ZY, Meng F, Zhang SY, Wu XQ, et al. Overexpres-
sion of Arabidopsis nucleotide-binding and leucine-rich repeat genes 
RPS2 and RPM1(D505V) confers broad-spectrum disease resistance in 
rice. Front Plant Sci. 2019. https:// doi. org/ 10. 3389/ fpls. 2019. 00417.

 72. Zhang MM, Su JB, Zhang Y, Xu J, Zhang SQ. Conveying endogenous and 
exogenous signals: MAPK cascades in plant growth and defense. Curr 
Opin Plant Biol. 2018;45:1.

 73. Gomez-Gomez L, Boller T. FLS2: An LRR receptor-like kinase involved in 
the perception of the bacterial elicitor flagellin in Arabidopsis. Mol Cell. 
2000;5:6.

 74. Zipfel C, Kunze G, Chinchilla D, Caniard A, Jones JDG, Boller T, et al. 
Perception of the bacterial PAMP EF-Tu by the receptor EFR restricts 
Agrobacterium-mediated transformation. Cell. 2006;125:4.

 75. Willmann R, Lajunen HM, Erbs G, Newman MA, Kolb D, Tsuda K, et al. 
Arabidopsis lysin-motif proteins LYM1 LYM3 CERK1 mediate bacterial 
peptidoglycan sensing and immunity to bacterial infection. Proc Natl 
Acad Sci USA. 2011;108:49.

 76. Couto D, Zipfel C. Regulation of pattern recognition receptor signalling in 
plants. Nat Rev Immunol. 2016;16:9.

 77. Gimenez-Ibanez S, Ntoukakis V, Rathjen JP. The LysM receptor kinase 
CERK1 mediates bacterial perception in Arabidopsis. Plant Signal Behav. 
2009;4:6.

 78. Prince DC, Drurey C, Zipfel C, Hogenhout SA. The leucine-rich repeat 
receptor-like kinase BRASSINOSTEROID INSENSITIVE1-ASSOCIATED 
KINASE1 and the cytochrome P450 PHYTOALEXIN DEFICIENT3 contribute 
to innate immunity to aphids in Arabidopsis. Plant Physiol. 2014;164:4.

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

https://doi.org/10.3389/fpls.2017.01642
https://doi.org/10.3389/fpls.2017.01642
https://doi.org/10.3389/fpls.2019.00417

	AraDQ: an automated digital phenotyping software for quantifying disease symptoms of flood-inoculated Arabidopsis seedlings
	Abstract 
	Background 
	Results 
	Conclusions 

	Background
	Materials and methods
	Plant materials and growth conditions
	Bacterial strains and growth conditions
	Image data acquisition

	Implementation
	System architecture
	Image pre-processing and processing
	Trait quantification
	Deep learning training and model evaluation
	Case studies for validation of AraDQ performance

	Results and discussion
	Case study: analysis of disease symptoms caused by different mutant strains
	Case study: analysis of disease symptoms in different lines of Arabidopsis

	Conclusions
	Availability and requirements
	Acknowledgements
	References


