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Abstract

Background Arabidopsis thaliana is the leading model plant used to study plant-pathogen inter-
actions. High-throughput phenotyping allows for the simultaneous study of many plants with
high-frequency image acquisition. Nevertheless, the segmentation of symptomatic plants on natural
soil remains challenging, requiring the annotation of hundreds of images and the subsequent train-
ing of specialized models for each pathosystem considered. This paper presents a novel approach to
segmenting A. thaliana plants’ time series using a single annotated image.
Results Images of A. thaliana plants infected with Pseudomonas syringae pathovar tomato strain
DC3000 were annotated with precise segmentation masks. We compared various mask segmentation
methods; our one-shot learning approach obtained a Dice score of 0.977 on our test dataset. Variables
extracted from the segmented images allowed statistical discrimination between infected and control
plants. We used our one-shot learning approach without further fine-tuning on a new pathosystem; A.

thaliana infected with Ralstonia pseudosolanacearum, strain GMI1000. We obtained a Dice score of
0.966 in the second test dataset. We also obtained a Pearson correlation coefficient of -0.928 between
the annotated quantitative disease index and the variable generated with our method.
Conclusion This work provides a pipeline to segment symptomatic A. thaliana plants by leveraging
a visual foundation model. The method has been used successfully on two different pathogens, is fast
to train, and does not need a large dedicated graphical processing unit. Our method has characterized

1



052
053
054
055
056
057
058
059
060
061
062
063
064
065
066
067
068
069
070
071
072
073
074
075
076
077
078
079
080
081
082
083
084
085
086
087
088
089
090
091
092
093
094
095
096
097
098
099
100
101
102

plant-pathogen interactions of two pathosystems without fine-tuning for the second pathosystem.
Its ease of use and low computing requirements should make adapting our approach to other high-
throughput phenotyping platforms easy.

Keywords: Deep learning, Visual foundation model, Arabidopsis thaliana, Pseudomonas syringae pv.
tomato DC3000, Ralstonia pseudosolanacearum

1 Background

Arabidopsis thaliana is one of the most-studied

plants in contemporary biology [1] despite not

having an agronomic interest. Indeed, its small

footprint, ease of growth, availability of genomic

and other resources, and susceptibility to multiple

pathogens make it an ideal candidate for study-

ing plant growth [2], the effect of biotic [3, 4], or

abiotic stresses [5]. One such biotic stress is Pseu-

domonas syringae, a bacterial pathogen that can

infect various plants, including many crops [6].

Among its pathovars, P. syringae pathovar tomato

strain DC3000 (Pst hereafter) has been found

to infect various A. thaliana ecotypes [7]. This

discovery has made the A. thaliana-Pst pathosys-

tem the most used model to study plant-pathogen

interactions, both plant resistance mechanisms

and pathogen fitness properties. The pathogen’s

leaf symptoms consist of stains with colors ranging

from yellow to brown.

In recent years, high-throughput phenotyp-

ing, in combination with deep learning tech-

niques, as an alternative to manual phenotyp-

ing, has improved our ability to conduct studies

on plant-pathogen interactions. This approach is

faster when using many plants, removes human

bias, thus improving consistency, and yields far

more parameters. However, deep learning meth-

ods require many annotated images. Furthermore,

(a) Healthy. (b) Early symptoms.

(c) Late stage.

Fig. 1: Healthy A. thaliana sample plant (a) and
two samples of A. thaliana with Pst symptoms:
one for early stage (a) and one for late stage (c).

each new pathosystem requires new annotations

and training. Another essential drawback is that

segmentation performance decreases when the

foreground and background have similar visual

properties, which is the case when plants are

infected with leaf pathogens, as seen in Fig. 1.

This study proposes a novel approach to seg-

menting time series of symptomatic A. thaliana

plants on soil using a single annotated image.

We present OneRosette, a pipeline that lever-

ages a visual foundation model using a one-shot
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learning approach. We obtained good segmenta-

tion scores even when plants presented advanced

symptoms. We validated the pipeline’s usability

to describe plant-pathogen interactions by per-

forming two experiments using color, morphology,

and texture features extracted from the segmented

images. In the first experiment, we assessed how

early we could detect Pst symptoms in infected

A. thaliana. In the second experiment, we used

the same pipeline with no further fine-tuning

to track the symptoms’ evolution of A. thaliana

plants infected with a second bacterial pathogen,

Ralstonia pseudosolanacearum (Rps hereafter).

2 Related work

To our knowledge, there are no studies on the A.

thaliana-Pst interaction with whole plants grown

on soil using image processing phenotyping. One

of the reasons for this lack of studies is the added

difficulty of segmenting symptomatic A. thaliana

rosettes on soil.

When automatically phenotyping A. thaliana-

disease interactions, a common approach was to

study excised leaves on uniform backgrounds.

In [8], the authors study the interaction between

detached leaves on a blue background infected

with Botrytis cinerea after their excision for up

to 96 hours after infection. This method allows

for easy segmentation, but we can’t exclude that

excised leaves behave differently from their plant-

attached counterparts. Furthermore, the study

duration is limited to the time that a detached leaf

can survive. In [9], the authors used excised leaves

to study a bacterial pathogen, Xanthomonas

campestris pv. campestris. These two articles show

a common problem when using machine learning

techniques: the need for separate tools for each

pathogen studied.

AraDQ [10], a digital phenotyping software,

allows the study of A. thaliana rosettes grown on

agar Petri dishes and infected with Pst. In this

work, segmentation used a YOLO v4 [11] model

and needed 1996 annotated images for training.

The disease was evaluated using 10 image param-

eters, 4 for colorimetry and 6 for morphology.

The pipeline was then validated with two case

studies. This is an improvement, as it allows

whole-plant phenotyping. However, there is still a

need for a large amount of annotated images, and

importantly, the requirement of in vitro settings

prevents any actual soil plant conditions.

There are no studies or datasets related to

symptomatic A. thaliana plants; however, in the

Computer Vision Problems in Plant Phenotyp-

ing (CVPPP) challenge dataset [12–14] mask-

annotated images of A. thaliana plants and Nico-

tiana benthamiana plantlets are present. These

datasets are the de facto benchmark for healthy

A. thaliana plant segmentation. Improvements in

this data set since 2014 have led to the current
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state of the art described in [15] that uses a U-

Net architecture [16] with a MobileNetV2 encoder

[17].

In contrast to existing methods, our pipeline

can segment healthy and symptomatic plants

growing on soil using only a single annotated

image. This study used two bacterial pathogens

that cause various symptoms: wilting, chlorosis,

and leaf spots of diverse colors, textures, and

shapes affecting the healthy A. thaliana leaves.

3 Methods

3.1 Image Acquisition

PHENOPSIS [18] is a fully automated growth

chamber that regulates temperature, lighting,

watering, and hygrometry. The chamber can

accommodate 504 plants in 14 trays containing

36 pots each. An RGB line scanner takes top-

view photos of the plants multiple times daily; the

images have a 3337x3337 pixel resolution.

Let us define the following abbreviations:

D{XX} is the XX day after sowing. D{XX}-

{YY}h refers to the timestamp of the image

acquisition cycle that started the XX day after

sowing at Y Y hours.

3.2 Plant Material

All A. thaliana were of ecotype Columbia (Col-

0). All experiments consisted of 144 plants. Seeds

were sown at D00 in individual pots 72mm in

diameter and grown for the entire length of the

experiments inside the PHENOPSIS chamber.

The pots were filled with long Jiffy ”forestry” pel-

lets soaked in tap water overnight. The Jiffy inside

the phenopsis pots were topped up with PAM 2

Proveen’s potting soil. These pots were then gen-

tly sprayed on the top with water and seeded. The

target weight watering was set at 172g per individ-

ual pot. Each pot was weighed and watered daily

at midnight.

We performed two separate experiments with

two bacterial pathogens. In the first experiment,

we used Pst DC3000, a bacterial pathogen capa-

ble of infecting A. thaliana plants. Observed

leaf symptoms included water-soaked patches

(Fig. 1b) and later necrosis with chlorosis (Fig. 1c)

[19]. We used 144 plants grown on an 8/16h

day/night cycle, with day temperatures set at

22°C and night temperatures at 21°C. Image

acquisition for all plants started on D18 at 12

hours and ended on D32 at 15 hours. Image acqui-

sition cycles were performed twice daily at 12 and

15 hours. We obtained 4032 images. After D21-

12h, when the plants were at a development stage

suitable for infection, the plants were divided into

two equal-sized groups, infected and control, using

stratified randomization on the tray. The infected

group plants were inoculated with a spray contain-

ing a solution at 10−7 cfu/ml in 10mM MgCL2

with 0, 04% Silwet. Each plant was inoculated

with three sprays, allowing a complete leaf area

4
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coverage. After the infection, all plants were cov-

ered with small (60 mm diameter) Petri dishes for

22 hours to facilitate infection. While plants were

covered, acquisition cycles were paused.

(a) Rps DI 0. (b) Rps DI 1.

(c) Rps DI 2. (d) Rps DI 3.

(e) Rps DI 4.

Fig. 2: Rps sample images for all disease index
values.

In the second experiment, we used Rps, the

causal agent of bacterial wilt, a second bacterial

pathogen capable of infecting A. thaliana plants.

The first infection symptom was leaf wilting (Fig.

2b), then, yellow stains progressively appeared

(Figures 2c and 2d, and the whole plant finally

died and turned brown (Fig. 2e). In this exper-

iment, we used 144 plants grown on an 8/16h

day/night cycle, with day temperatures set at

23°C and night temperatures at 22°C. One day

before infection (D26), we raised the tempera-

tures to 28°C during the day and 27°C at night,

the optimal pathogen infection temperature. Like

the previous experiment, image acquisition started

at D18 at 13 hours and ended at D40 at 17

hours. Image acquisition cycles were performed

twice daily at 13 and 17 hours, producing 6336

images. After D27-12h, when the plants were in

a development state suitable for infection, they

were divided into two equal-sized groups, infected

and control, using stratified randomization on the

tray. The infected group plants were inoculated,

by watering, with 20ml per plant of an Rps bacte-

rial solution at 108 cfu/ml in tap water. We added

20 ml of water to the control plants to equilibrate

for the added water weight. We did not need to

cover the plants or pause the acquisition cycles for

this experiment.

3.3 Proposed Method

As seen in Fig. 3, the proposed pipeline has five

steps. The source images were cropped (i) to the

main pot. The first cropped image of the time

series was then thresholded (ii) to obtain a three-

class image, which was used to select both plant

and background prompts (iii). The cropped image
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Fig. 3: Time series segmentation pipeline.

and the prompts were then used to predict the

first image’s mask (iv), which was propagated (v)

to the rest of the time series’ cropped images.

The method has three hyperparameters: a per-

centile q for thresholding and the number of plant

and background prompts. Hereafter, a detailed

description of the method’s steps.

Image Cropping

The images generated by the high-throughput

platform were 3337x3337 pixels in RGB format.

They contained one pot at the center, of a diam-

eter of 2200 pixels, and parts of neighboring pots

and plants on the borders. The position of the

central pot in the image could vary by up to 128

pixels on the x-axis and 176 pixels on the y-axis.

To avoid issues when segmenting the time series,

we cropped the source images to the central pot

using a Hough circle detector [20] as implemented

in the OpenCV library [21]. We used a Canny fil-

ter [22] with a Sobel kernel size of three on the

RGB blue channel as input for the Hough detector

to take advantage of the contrast between the blue

background, the white pot, and the brown soil.

We used lower and upper hysteresis thresholds of

0 and 255 while looking only for circles with diam-

eters between 2100 and 2200 pixels to improve

the chances of finding the pot. The detected cir-

cles had an average diameter of 2124.96 pixels; to

ensure that all resulting images had the same size,

we resized all circles to 2200 pixels before cropping

to the bounding square.
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Image Thresholding

Fig. 4: Separated accumulated histograms for all
channels of all color spaces. Green histogram for
plant pixels and orange histograms for background
pixels. The best histogram is highlighted in green.

The next step was to classify the pixels of

the first image in the time series into one of

three classes: plant, background, and unknown.

To do this, we used all available images in the

dataset with their segmentation masks to calcu-

late separate accumulated histograms for the plant

and background pixels for each channel of four

color spaces: RGB, HSV, YIQ, and Lab [23]. Let

Pcs,cn = (p0, ..., p255) and Bcs,cn = (b0, ..., b255)

respectively be the plant and background pixels

histograms for the channel cn of the cs color space.

We calculated the Hellinger distance

H(Pcs,cn, Bcs,cn) =
1√
2

√

√

√

√

255
∑

i=0

(
√
pi −

√

bi)2, (1)

for all channels of all color spaces, where

higher H(Pcs,cn, Bcs,cn) values indicate less over-

lap between the histograms. Figure 4 shows his-

tograms for all channels of all color spaces with

a green highlight for the channel with the highest

Hellinger distance.

Fig. 5: Selected histogram with plant (green) and
background (orange) thresholds. The bottom hor-
izontal bar shows the ranges for each class: plant
in green, unknown in black, and background in
orange.

Figure 5 shows an example of a histogram

selected with Eq. 1. In this example, pixels with

low values belong primarily to the plant, and

pixels with higher values belong mainly to the

background. A small portion of the pixels in the

middle had an equal probability of belonging to

the plant or the background. We positioned two

thresholds using the selected histogram to clas-

sify the cropped image pixels into the three classes

automatically. The first threshold was positioned

at the percentile b of the background histogram,

with 0 < b < 0.5, green vertical bar in Fig. 5, pix-

els with values under the threshold were assigned

to the plant class. The second threshold was posi-

tioned at the percentile p of the plant histogram,

with 0.5 < p < 1, orange vertical bar in Fig. 5, pix-

els with values over the threshold were assigned to

the background class. The pixels between the two

7
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thresholds had a similar probability of belonging

to the plant and the background and were assigned

to the unknown class. To simplify the method, we

derived both percentiles from a single value q, such

as b = q and p = 1 − q. This percentile q was

the first method’s hyperparameter we needed to

fine-tune.

Prompt Selection

(a) Plant prompts. (b) Background prompts.

Fig. 6: Plant (a) and background (b ) prompts
were extracted from the plant and background
pixels images using the SLIC method.

Once the image pixels were classified into the

three classes, we selected prompts from pixels

belonging to the plant and background classes.

The SAM v2 [24] Visual Foundation Model uses

images and prompts to predict segmentation

masks. The prompts can be bounding boxes,

masks, or points. We chose the points because

they allowed for creating plant and background

prompts. The number of plant and background

prompts were the two other methods’ hyperpa-

rameters that needed fine-tuning. We treated the

classified plant and background pixels as separate

images. We applied the SLIC method [25] with the

number of segments equal to the corresponding

prompts count. We chose a SLIC compactness of

50 to prioritize shape over color, as foreground and

background colors are homogeneous in the first

image of a time series. From each segment gener-

ated with SLIC, we extracted the point of inac-

cessibility [26] as implemented in polylabel [27],

which, contrary to the centroid, is guaranteed to

always be within the shape even if they are con-

cave. Figure 6 shows an example of SLIC segments

and the points of inaccessibility used as prompts

for plant and background pixels. Points extracted

from the plant pixels were used as plant prompts,

and the ones extracted from background pixels

were used as background prompts.

First Mask Prediction

Once we had the cropped image and prompts

for the first image of the time series, we used

them as input for the SAM v2 model. The model

outputs three objects: the predicted mask, the

mask’s confidence score, and the mask’s logits, a

low-resolution unthresholded version of the mask.

Once the first logits are predicted, SAM v2 can be

used iteratively by supplying the previous itera-

tion’s mask’s logits as input for the next iteration.

We used the mask’s score to monitor the mask’s

evolution and stopped iterating when the score

between two iterations improved by less than

8
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(a) First logits. (b) Last logits.

(c) First mask. (d) Last mask.

Fig. 7: Comparison between first and final logits
(a, b) and mask (c, d).

0.001. Figure 7 shows an example of the logits and

mask for the first and last iterations.

Mask Propagation

Once we had cropped images for all photos in the

time series and the first mask, we leveraged SAM

v2’s video segmentation capabilities to propagate

the first predicted mask throughout the whole

time series and obtain masks for each image.

3.4 Datasets

In this study, we performed two types of experi-

ments. To validate the OneRosette accuracy at a

pixel level, we conducted a segmentation exper-

iment on A. thaliana plants infected with Pst

and Rps. Then, to assess OneRosette’s perfor-

mance at a time series level, we performed two

types of disease tracking experiments: in the first

one, we tried to detect disease onset as early as

possible, and in the second, we aimed at track-

ing the disease’s evolution. This needed multiple

datasets of different types, which prompted us to

create a naming convention to distinguish them

easily. The names of datasets can consist of up to

four parts: (i) Pathogen, either ”Pst” or ”Rps”,

(ii) Type either ”segmentation” when images are

annotated with segmentation masks, ”quantita-

tive” when annotated data is based on a disease

index, or ”qualitative” when the symptom’s pres-

ence is annotated as a binary value, (iii) Subset

either ”training”, ”validation”, or ”test”, and (iv)

Composition (only for segmentation datasets),

either ”full”, when the dataset contains control

and infected plants, ”healthy”, when only con-

trol plants are present, and ”one-shot” when the

dataset contains a single image from the first

acquisition cycle.

Figure 8 shows an overview of all the datasets

from experiments with this pathogen. We started

by creating the Pst Qualitative dataset, where an

expert annotated whether there were or were not

any visible symptoms (i.e., the smallest visible

symptom on at least one leaf was considered); the

control plants’ images were automatically anno-

tated as not having any symptoms. Figure 9 shows

the evolution of the number of symptomatic plants

over time. All infected plants were symptomatic

at D24-12h, three days after infection. This first

9
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Fig. 8: Overview of the Pst datasets.

dataset was split into two subsets: Train, which

had 36 plants, and Validation, which had 108

plants. Next, we randomly selected the images of

six control and 18 infected plants from the Pst

Qualitative Train dataset. We annotated them

with segmentation masks using Make Sense [28], a

mask segmentation annotation software, to create

the Pst Segmentation dataset and its descendants.

Fig. 9: Evolution of the percentage of Pst infected
plants with symptoms. After infection (after D21-
12h).

The resulting dataset contained 672 annotated

images and was split into three subsets: Train,

containing 476 photos from 17 plants, Validation,

containing 84 images from three plants, and Test,

containing 114 images from four plants. To assess

the impact of the size and the composition of the

training dataset on the different approaches’ per-

formance, we created three datasets with different

compositions:

• Pst Segmentation Train Full contains the

entire training dataset, 476 images from 17

plants, 4 control, and 13 infected plants.

• Pst Segmentation Train Healthy includes 112

images from four control plants from the

training dataset.

• Pst Segmentation Train One-shot contains

the first image in the time series of each plant

in the Pst Segmentation Train Full dataset.

10
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All images in this dataset were taken before

infection and are therefore asymptomatic.

Table 1: Image distribution for the Pst seg-
mentation datasets.

Train Validation Test
Countss Images(plants)

Full Dataset 476(17) 84(3) 112(4)
Healthy Dataset 112(4) - -

One-Shot Dataset 17(17) - -

Table 1 shows an overview of all the Pst segmen-

tation datasets.

Fig. 10: Overview of the Rps datasets.

We then created the datasets related to the

Rps pathogen. Figure 10 shows an overview of all

the datasets created with images infected with this

pathogen. For the Rps Quantitative dataset, an

expert annotated all the infected plants’ images

with a disease index score [29] with values ranging

from 0 to 4 with the following code:

0. No symptoms, Fig. 2a.

1. The first day displaying at least one wilted

leaf can be more than one, Fig. 2b.

2. Half of the rosette leaves are wilted, and yel-

low stains may appear, but the rosette can

also be green overall, Fig. 2c.

3. Almost all leaves are wilted, and yellow stains

appear. Young leaves remain green, Fig. 2d.

4. All leaves, including the young ones, are

wilted. Yellow, brown, and black stains cover

most of the plant, Fig. 2e.

All images from the control plants were automat-

ically assigned a disease index of 0.

Fig. 11: Evolution the percentage of Rps infected
plants with symptoms.

Figure 11 shows the evolution of the percent-

age of symptomatic plants over the experiment’s

duration. The vertical black bar marks the infec-

tion timestamp. Compared to the Pst experiment,

11
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symptoms took longer to appear post-infection,

27 hours for Pst symptoms and 52 hours for

Rps symptoms. At the end of the experiment,

four infected plants remained asymptomatic. The

dataset was split into two subsets: Train and Val-

idation. Table 2 shows the number of images

Table 2: Count of annotated images for
each disease index score.

disease index 0 1 2 3 4

count 5133 138 251 289 525

for each disease index in the annotated dataset.

We selected the images from four plants of the

Rps Quantitative Train dataset to create the

final dataset and annotated them with segmenta-

tion masks to create the Rps Segmentation Test

dataset.

3.5 Pixel Level Validation

We used two metrics to assess the different models’

performances when segmenting images:

Dice(U, V ) =
2 ∗ |U ∩ V |
|U |+ |V | (2)

and Intersection over Union (IoU)

IoU(U, V ) =
|U ∩ V |
|U ∪ V | . (3)

Both metrics evaluate segmentation, but IoU

penalizes more errors, thus being a good indicator

of the worst-case scenario.

Fig. 12: OneRosette time series segmentation
hyperparameter fine-tuning process.

We fine-tuned the three hyperparameters:

q-percentile, plant prompts, and background

prompts using 5-fold cross-validation coupled with

a grid-search on the Pst Segmentation Train Full

dataset. Folds were created to guarantee that all

the images from a plant would always be in the

same fold. We tested the following values for each

hyperparameter:

• Histogram percentile: 0.0005, 0.001, 0.005,

0.01.

• Plant prompt count: 32, 64, 128, 256.
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• Background prompt count was defined rela-

tive to plant prompt count with values none,

half, same, or double.

We used the best hyperparameters to train

pipelines on the two other Pst Train datasets.

We used 4-fold cross-validation for the healthy

dataset, one less fold than for the Full dataset

because the Healthy dataset contained only four

plants. We also trained pipelines on each image in

the Pst Segmentation Train One-shot dataset. We

validated them on the hold-out Pst Segmentation

Validation dataset as a validation dataset.

In the absence of previous studies on our

dataset, we used a neural network composed of

a U-Net [16] architecture with a MobileNetV2

encoder [17] pre-trained on ImageNet [4] as a

baseline comparison to our approach. The mod-

els were implemented using Segmentation Models

Pytorch [30], and training was performed using

Pytorch Ignite [31]. We performed image augmen-

tation using the Albumentations [32] library. All

images were resized to 1024x1024 pixels using lin-

ear interpolation. Then, a series of augmentations

was randomly applied each time an image was

sent to the network. The selected augmentations

were rotations, vertical and horizontal symme-

tries, brightness and contrast modifications with

limits of 0.2 and 0.2, respectively, random gamma

with upper and lower bounds of 0.8 and 1.2, and

contrast limited adaptive histogram equalization.

For the training, we selected a batch size of 27

to fill as much as possible the GPU’s RAM, an

NVIDIA A100 80G, and a learning rate of 0.001.

The models were trained for a maximum of 500

epochs with an early stopping monitoring of the

Dice loss and a waiting time of 10 epochs. We

trained the model 10 times with each training

dataset: Full, Healthy, and One-shot. In all cases,

we used the hold-out Pst Segmentation Validation

dataset as a validation dataset.

Once all pipelines and models were trained, we

compared the best OneRosette pipelines and U-

Net neural networks trained on each of the three

Pst Segmentation Train datasets’ performances on

the hold-out Pst Test dataset. We also compared

the time needed to train each approach on each

dataset.

Finally, to assess the method’s performance

when changing the pathosystem, we compared the

scores of the best OneRosette pipelines and U-Net

neural networks trained on each of the three Pst

Segmentation Train datasets on the hold-out Rps

Segmentation Test dataset.

3.6 Time Series Level Validation

To validate the use of our pipeline trained on a

single image on biological studies, we performed

experiments using images of A. thaliana plants

infected with two pathogens Pst and Rps.

We segmented all available images with our

one-shot pipeline. Then, we extracted mean and

standard deviation values for each channel of

13
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the four color spaces. We also extracted mor-

phological features: area, bounding box area,

extent, convex hull, solidity, perimeter, and min-

imum enclosing circle radius. Finally, we used

gray-level co-occurrence matrices [33] (GLCM) to

extract contrast, dissimilarity, homogeneity, angu-

lar second moment (ASM), energy, and correlation

from the segmented images. In the images with

symptomatic plants, the transition between symp-

tomatic and asymptomatic areas was between 2

and 10 pixels wide. To build the GLCM, we

selected a distance of 10 pixels, which captured

all transitions. We selected angles at 0°, 45°, 90°,

and 135° with a symmetric matrix and averaged

results over angles because, in our case, symptoms

are rotationally invariant. This process created 24

color, 7 morphological, and 6 texture variables for

a total of 37 variables.

We then used the Pst Qualitative and the Rps

Quantitative datasets to find the variables that

best described the plant-pathogen interaction for

each pathosystem. To prevent the different magni-

tudes of each variable from influencing the selec-

tion process, we started by applying a min-max

feature scaling

v′ =
v − vmin

vmax − vmin

(4)

to all variables.

Let

v′T (Px) =

∑Px

px

∑T

t v′t(px)

|T | ∗ |Px|
(5)

be the average value of the normalized variable

v′ ∈ V ′, the variables extracted from the seg-

mented images, over T timestamps of all the

plants px ∈ Px where x the treatment is either

control (c) or infected (i). The selected variable

should satisfy two conditions: It should minimize

∆v′

t=0
= |v′t=0

(Pc)− v′t=0
(Pi)| (6)

the average distance between the values for control

and infected plants for the variable v at timestamp

0 between the control and infected plants, and it

should maximize

∆v′

t>0
= |v′t>0

(Pc)− v′t>0
(Pi)| (7)

the average distance between the values for control

and infected plants for the variable v for times-

tamps after infection between the control and

infected plants. Eq. 6 filtered variables that may

have different values before infection. At the same

time, Eq. 7 selected the variables with the largest

distance between control and infected plants dur-

ing the symptom onset phase. As a consequence,

we selected vs, the selected variable, the variable

that satisfied

vs = argmmax
v′∈V ′

f(v′) (8)
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with

f(v′) = ∆v′

t>0
−∆v′

t=0
(9)

as the variable that best describes the difference

between the infected and control plants. Some

variables may be highly correlated, which may

cause Eq. 9 to yield minor differences between the

top variables. To avoid this issue, we used boot-

strap sampling a thousand times on the dataset,

calculated f(v′) for all variables, and selected the

variable that came first on more occasions.

In the first experiment, we used the Pst images

to assess how early we could detect a significant

difference between the control and infected plants.

For that, we used the images acquired between

D21-12h, the infection timestamp, and D24-12h,

the moment when all infected plants were symp-

tomatic in the Pst Qualitative Train dataset to

select the variable that satisfied Eq. 8. We cal-

culated ANOVAs at each timestamp with data

extracted from the Pst Qualitative Validation

dataset. Our H0 hypothesis was that the means

of the control and infected plants for vs were the

same. We added the tray on which the plant was

positioned as a second factor to the ANOVAs and

checked whether there was an interaction between

the treatment and the plant’s position.

Similarly to the first experiment, we used

the Rst Quantitative Train dataset images taken

between D27-13h and D40-13h to select the vari-

able that satisfied Eq. 8. We then performed the

same ANOVAs with data from the Rst Quanti-

tative Validation dataset. Finally, we assessed the

possibility of using the selected variable as a dis-

ease evolution indicator by calculating the Pear-

son correlation coefficient between the annotated

disease index and the selected variable.

4 Results

4.1 Pixel Level Validation

Tables 3 and 4 show Dice and IoU score

means with standard deviation when using cross-

validation and grid-search for hyperparameter

selection. The best Dice score is 0.9803 with a

standard deviation of 0.0008. The best IoU score

is 0.9615 with a standard deviation of 0.0015. We

obtained the best scores in both metrics using

a q-percentile of 0.005, 128 plant prompts, and

256 background prompts. Scores are similar except

when using no background prompts and 128 or

more plant prompts, in which case, metrics drop

under 0.4 for Dice and IoU. Table 5 shows results

when comparing pipelines trained on each Pst

Segmentation Train dataset on the hold-out Pst

Segmentation Validation dataset. The pipelines

have identical IoU scores and a minimal difference

of 0.001 in favor of the pipeline trained on the

one-shot dataset for the Dice score.

When analyzing the results of training the U-

Net model with all three datasets (Tab. 6), we
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Table 3: Mean Dice with standard deviation for the cross-validation when fine-tuning hyperparameters
with grid-search. Best hyperparameters and their score in bold font.

Dice
Background
prompts

None Half Same Double

Percentile Plant prompts

0.0005

32 0.93±0.08 0.95±0.06 0.90±0.16 0.91±0.09
64 0.92±0.06 0.92±0.07 0.96±0.04 0.93±0.09
128 0.33±0.11 0.975±0.003 0.9785±0.0023 0.9786±0.0018
256 0.25±0.05 0.9727±0.0016 0.9784±0.0017 0.979±0.003

0.001

32 0.9740±0.0017 0.9781±0.0010 0.979±0.003 0.9796±0.0014
64 0.9702±0.0018 0.9776±0.0025 0.9795±0.0011 0.9796±0.0021
128 0.41±0.18 0.9777±0.0019 0.9797±0.0026 0.9797±0.0019
256 0.25±0.08 0.976±0.003 0.9798±0.0014 0.9796±0.0012

0.005

32 0.9741±0.0018 0.9785±0.0019 0.9800±0.0025 0.9798±0.0013
64 0.9694±0.0020 0.9780±0.0012 0.9800±0.0024 0.9799±0.0017
128 0.32±0.10 0.9771±0.0019 0.9803±0.0013 0.9803±0.0008

256 0.26±0.04 0.9753±0.0016 0.9799±0.0011 0.9802±0.0011

0.01

32 0.9739±0.0013 0.9780±0.0027 0.9795±0.0024 0.9796±0.0020
64 0.9685±0.0016 0.9776±0.0020 0.9799±0.0015 0.9799±0.0018
128 0.36±0.14 0.9767±0.0015 0.9801±0.0013 0.9802±0.0016
256 0.25±0.06 0.9751±0.0022 0.9798±0.0014 0.9794±0.0018

observed that the model’s performance was opti-

mal when trained with the full training dataset,

and scores decreased when removing images from

symptomatic plants. The scores decreased even

further when the one-shot dataset was used to

train the model. As seen in Tab. 7, our approach

is around 35 times faster to train than a U-Net

when using the full dataset.

We used the validation scores to select the best

U-Net models and the best OneRosette pipelines

and compared the metrics scores on the hold-

out Rps Test Dataset. As shown in Tab. 8,

the best results were obtained with the U-Net

model trained on the Full Training Dataset. The

OneRosette pipelines came behind with a differ-

ence in Dice score between 0.005 and 0.006, and

the difference for IoU of 0.01. U-Net networks

trained on the Healthy and One-shot datasets

obtained the worst scores.

We used a symptomatic image from the last

acquisition timestamp, Fig. 13a, to compare the

predictions of our pipeline trained on the One-

shot dataset to the U-Net models. The ground

truth to which all predictions were compared is

shown in Fig. 13b. Our pipeline, Fig. 13c, made

the best prediction with a Dice score of 0.985;

errors consisted of small over-segmentation near

the plant’s core, no moss was mistaken as part of

the plant, and no symptomatic leaves were missed.
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Table 4: Mean IoU with standard deviation for the cross-validation when fine-tuning hyperparameters
with grid-search. Best hyperparameters and their score in bold font.

IoU
Background
prompts

None Half Same Double

Percentile Plant prompts

0.0005

32 0.90±0.10 0.91±0.08 0.87±0.20 0.88±0.11
64 0.88±0.09 0.89±0.09 0.92±0.05 0.90±0.11
128 0.22±0.12 0.951±0.006 0.958±0.004 0.958±0.003
256 0.16±0.04 0.947±0.003 0.958±0.003 0.958±0.006

0.001

32 0.949±0.003 0.9572±0.0020 0.959±0.006 0.9600±0.0027
64 0.942±0.003 0.956±0.005 0.9600±0.0021 0.960±0.004
128 0.32±0.18 0.957±0.004 0.960±0.005 0.960±0.004
256 0.155±0.059 0.953±0.006 0.9604±0.0025 0.9602±0.0022

0.005

32 0.950±0.003 0.958±0.004 0.961±0.005 0.9605±0.0025
64 0.941±0.003 0.9571±0.0024 0.961±0.005 0.961±0.003
128 0.21±0.10 0.955±0.003 0.9614±0.0025 0.9615±0.0015

256 0.16±0.04 0.952±0.003 0.9606±0.0022 0.9611±0.0021

0.01

32 0.9493±0.0024 0.957±0.005 0.960±0.005 0.960±0.004
64 0.939±0.003 0.956±0.004 0.9607±0.0029 0.961±0.004
128 0.26±0.14 0.9545±0.0029 0.9611±0.0024 0.961±0.003
256 0.15±0.04 0.952±0.004 0.9605±0.0027 0.960±0.003

Table 5: Dice and IoU scores on the
hold-out validation dataset when train-
ing OneRosette pipelines with the best
hyperparameters.

Train dataset Dice IoU

Full 0.980±0.006 0.962±0.010
Healthy 0.980±0.006 0.962±0.010
One-shot 0.981±0.006 0.962±0.010

Table 6: Dice and IoU scores on the hold-
out validation dataset when training U-Net
neural networks on the three datasets.

Train dataset Dice IoU

Full 0.9850±0.0005 0.970±0.001
Healthy 0.937±0.010 0.891±0.014
One-shot 0.85±0.16 0.77±0.22

The U-Net model trained on the Full Dataset,

Fig. 13d, obtained a Dice score of 0.967 with errors

of over-segmentation of moss near the plant. The

U-Net models trained without symptomatic plants

Table 7: Average time to train
each approach on each dataset.

Dataset U-Net OneRosette

Full 1:46:13 3:10
Healthy 18:56 2:15
One-Shot 9:31 1:14

Table 8: Dice and IoU with standard deviation
on the hold-out Pst segmentation test dataset for
the best models of each approach trained on each
dataset.

Method Dataset Dice IoU

OneRosette
Full 0.976±0.010 0.954±0.018
Healthy 0.977±0.010 0.954±0.018
One-shot 0.977±0.010 0.954±0.018

U-Net
Full 0.982±0.007 0.964±0.012
Healthy 0.93±0.09 0.89±0.13
One-shot 0.961±0.021 0.93±0.04

came last, with the one trained on the Healthy

dataset, Fig. 13e, having a Dice score of 0.637,

and the model trained on the One-Shot dataset,
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(a) Source. (b) Ground truth.

(c) Our pipeline. (d) U-Net FD.

(e) U-Net HD. (f) U-Net OSD.

Fig. 13: Comparison of symptomatic Pst pre-
dicted segmentation masks with the tested meth-
ods. Displaying results for one source image (a)
with the corresponding ground truth (b). Pre-
dicted masks are shown for our method (c), and
the U-Net models trained on the Full Training
Dataset (d), the Healthy Dataset (e), and the One-
shot Dataset (f).

Fig. 13f, 0.757. Both models have severe over-

and under-segmentation issues, with surprisingly

better results for the model trained on a smaller

dataset.

Finally, we compared the same models without

further fine-tuning on the Rps Segmentation Test

Table 9: Dice and IoU with standard devia-
tion on the hold-out Rps Segmentation Test
Dataset for the best models of each approach
trained on each dataset.

Method Dataset Dice IoU

OneRosette
Full 0.97±0.04 0.94±0.07
Healthy 0.97±0.04 0.94±0.07
One-shot 0.97±0.04 0.94±0.07

U-Net
Full 0.96±0.05 0.93±0.08
Healthy 0.88±0.16 0.82±0.21
One-shot 0.91±0.08 0.85±0.11

dataset. The OneRosette pipelines obtained the

best scores with a drop of 0.01 in Dice and 0.027 in

IoU compared to the Pst scores; all the pipelines

obtained identical Dice scores. The U-Net model

trained on the Full Training dataset came fourth

with a drop of 0.023 in Dice and 0.038 in IoU.

The remaining U-Net models came last, with more

significant drops in both metrics.

As we did with the Pst segmentation experi-

ment, we used a symptomatic image from the last

acquisition timestamp, Fig. 14a, to compare the

predictions of our pipeline trained on the One-shot

dataset to the U-Net models. The ground truth

to which all predictions were compared is shown

in Fig. 14b. Once again, our pipeline, Fig. 14c,

made the best prediction with a Dice score of

0.979; no symptomatic leaves were missed. The U-

Net model trained on the Full Dataset, Fig. 14d,

obtained a Dice score of 0.85 with portions or

whole symptomatic leaves missing in the predicted

mask. The U-Net model trained on the One-shot

dataset, Fig. 14f, scored 0.756 in the Dice met-

ric with missing leaves and background portions
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(a) Source. (b) Ground truth.

(c) Our pipeline OSD. (d) U-Net FD.

(e) U-Net HD. (f) U-Net OSD.

Fig. 14: Comparison of symptomatic Rps pre-
dicted segmentation masks with the tested meth-
ods. Displaying results for one source image (a)
with the corresponding ground truth (b). Pre-
dicted masks are shown for our method (c), and
the U-Net models trained on the Full Training
Dataset (d), the Healthy Dataset (e), and the One-
shot Dataset (f).

added to the predicted mask. Finally, the U-Net

model trained on the Healthy Dataset, Fig. 14e,

showed the worst results with a Dice score of

0.537.

4.2 Time Series Level Validation

P. syringae pathovar tomato strain

DC3000 Qualitative Analysis

Table 10: Occurence count and type for
the variables found when applying EQ. 9
to the boostrapped Pst Qualitative Train
Dataset.

Variable Occurrences Variable type

Homogeneity 710 texture
ASM 208 texture
Energy 49 texture
HSV H mean 13 color
Lab b std 13 color
Dissimilarity 4 texture
Lab b mean 2 color
Lab L std 1 color

Table 10 shows the results from the vari-

able occurrences when looking for the best-

discriminating feature using the bootstrapped Pst

Qualitative Train Dataset. The top three vari-

ables accounted for 96.7% of the occurrences. The

top three variables all came from the GLCM.

The remaining five variables came mostly from

color features and represented 3.3% of the occur-

rences. No morphological variable was selected in

any instance. The most often selected variable is

homogeneity, with 71% of the occurrences.

Once the best variable was selected, we calcu-

lated independent ANOVAs with the Pst Quali-

tative Validation dataset from D21-12h, the last

timestamp before infection, until D24-12h, the

first timestamp at which all infected plants were

symptomatic. We present the ANOVAs results

in Tab. 11. No significant difference was found
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Table 11: ANOVAs for each selected timestamp calculated using homogeneity as the variable and
treatment and tray as interactions. F − statistic and p− values are displayed for each source of variance
at each timestamp.

F − statistic p− value

Source of variance tray tray:treatment treatment tray tray:treatment treatment

timestamp

D21-12h 1.99 1.16 0.27 0.07 0.33 6.07E-01
D22-15h 2.80 0.93 38.03 0.01 0.49 1.83E-08
D23-12h 2.54 0.60 292.87 0.02 0.76 2.43E-30
D23-15h 2.55 0.99 390.93 0.02 0.44 6.91E-35
D24-12h 2.27 1.40 1159.41 0.04 0.21 6.15E-54

between infected and control plants before infec-

tion. The data from the first recorded timestamp

after infection showed a significant difference in

the treatment as a source of variance between the

control and the infected plants with a p − value

of 1.83E − 8, which allowed us to reject the

H0 hypothesis on the first available timestamp

after infection. After the infection timestamp, the

ANOVAs show significant differences between the

control and infected plants regarding their tray

position. The p− values range from 0.01 to 0.04,

much lower than the ones for the treatment, and

the F −statistic is low at all timestamps; further-

more, the ANOVAs show no interaction between

the plant’s treatments and their tray position.

Ralstonia pseudosolanacearum

Quantitative Analysis

Next, we present the results for the Ralstonia

pseudosolanacearum quantitative disease index.

Tab. 12 shows the results when looking for the

best-discriminating variable using Eq. 9 on the

Table 12: Occurence count and type
for the variables found when applying
EQ. 9 to the boostrapped Rps Qual-
itative Train Dataset.

variable occurrences var type

Lab b mean 508 color
Lab b std 420 color
YIQ I std 25 color
RGB R std 21 color
Lab a std 11 color
RGB R mean 8 color
HSV H mean 7 color

bootstrapped Rps Qualitative Train Dataset. All

selected variables came from the color-extracted

features, with Lab b mean being selected over 50%

of the times and Lab b standard deviation com-

ing second with over 40% of the occurrences. The

ANOVAs, Fig. 15c, detected a significant differ-

ence between the control and infected plants at

D31-13h with a p-value of 2.8E − 03 and an F-

statistic of 9.4E when the average disease index

was still below 1.0. The difference stayed signifi-

cant, with p-values decreasing up to 2.9E−42 and

F-statistics increasing to 540 by the end of the

experiment. The other sources of variation remain

under the 0.5 threshold for the duration of the
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Fig. 15: From top to bottom: (a) average disease index over time. (b) Evolution of the selected variable,
Lab b mean, over time for the control and the infected plants. (c) The ANOVAs −log(p − value) for
each source of variation over time. The vertical black bar at the timestamp indicates where the difference
between control and infected plants is statistically significant.

experiment. The average disease index, Fig. 15a,

and the Lab b mean variable, Fig. 15b, have a

Pearson correlation score of −0.928 with a p-value

lower than 2.2E − 16.

5 Discussion

In this paper, we proposed a novel one-shot

method, ”OneRosette”, to segment A. thaliana

plants’ time series growing in pots. Our method
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trained on a single asymptomatic image has sim-

ilar metrics to a U-Net model trained on a full

dataset containing symptomatic plants. It out-

performs U-Net models trained without symp-

tomatic plants. We tested the same OneRosette

pipeline without further fine-tuning on a new

pathosystem and obtained similarly good pre-

diction scores, while the U-Net models obtained

worse scores. This indicated that our one-shot

learning approach could be invariant toward the

selected pathosystems. Since we don’t train a neu-

ral network, once the hyperparameters described

in section 3.3 are found, setting up our pipeline

takes far less time and fewer resources than train-

ing an entire U-Net neural network.

We used two experiments to assess whether the

segmented plants’ data extracted with OneRosette

could be used in biological experiments. In the first

case study, we used A. thaliana plants infected

with Pst to assess the moment at which a sig-

nificant difference in symptom presence could be

detected between the control and infected plants

with our segmentation method and compare the

results to human annotations. Our method could

discriminate between infected and control plants

on the first available timestamp after infection

when the expert annotated less than half of the

plants as symptomatic.

In the second experiment, we used A. thaliana

plants infected with Rps. This showed that our

method can perform the same tasks with these two

pathogens without further fine-tuning. Despite the

new pathosystem, we obtained good segmentation

scores (cf. Tab. 9) and found a statistical differ-

ence between the control and infected group at

D31-13h, 44 hours after the expert annotated the

first symptoms, while the average disease index

was still under 1. Visually, the evolution of the

disease index, Fig. 15a, and the selected variable,

Lab b mean, Fig. 15b, appeared similar, which was

confirmed by their Pearson correlation coefficient

of 0.91.

This work could be expanded in multiple ways.

In this study, we tested diseases caused by two

bacterial agents. It would be interesting to test

the pipeline with other pathogens, such as fungi

like Sclerotinia sclerotiorum or a virus like the

turnip mosaic virus; both pathogens can infect

A. thaliana and develop different symptoms. It

would also be interesting to extend this method to

other plants like Solanum lycopersicum, also a host

of both studied pathogens, could be interesting.

This would allow for the better characterization of

symptoms like wilting, which is better described

by the plant’s centroid vertical evolution [29], a

variable that is challenging to estimate from a

top view. Finally, in this study, we used images

exclusively generated in a controlled conditions

environment. It would be interesting to measure

how using a time series of plants grown in the field

would impact the method’s performance.

22



1123
1124
1125
1126
1127
1128
1129
1130
1131
1132
1133
1134
1135
1136
1137
1138
1139
1140
1141
1142
1143
1144
1145
1146
1147
1148
1149
1150
1151
1152
1153
1154
1155
1156
1157
1158
1159
1160
1161
1162
1163
1164
1165
1166
1167
1168
1169
1170
1171
1172
1173

6 Conclusion

A. thaliana is one of the leading plant models

used to study plant-pathogen interactions. The

segmentation of symptomatic whole plants as part

of high-throughput phenotyping is a significant

challenge requiring either training deep learn-

ing models for each pathosystem or limiting the

study to detached leaves. This paper introduced

a one-shot learning pipeline leveraging automatic

prompting on a visual foundation model capa-

ble of segmenting time series of symptomatic A.

thaliana plants infected with one of two bacterial

pathogens. We obtained a Dice score of 0.977 with

plants infected with Pst and 0.966 when infected

with Rps. We successfully used our method to

perform quantitative and qualitative analysis to

describe plant-pathogen interactions. We believe

that the low annotation requirements and the

method’s ease of use will make it easy to transfer

to other pathosystems.
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Appendix A Annotation

User Interface

We provided the expert with an online user inter-

face to annotate Pst qualitative data and Rps

quantitative disease index.

Sidebar

The file manager allows the user to download

a clean annotation CSV file; then, the user can

either upload an empty CSV or continue annotat-

ing an existing one.

The ”treatment” combo box allows the selec-

tion of a treatment in case the experiment contains

multiple pathogens. The ”plant combo box” pro-

vides for the individual selection of plants, and

underneath the ”Show completed plants” check-

box, it toggles the display of annotated plants.

Main Window

The currently annotated image is displayed at the

top. Overlay controls allow the user to zoom in

and out or pan the image as needed. The controls

below the image are from left to right:

• The discrete player control allows the user to

navigate within the image time series.

• The disease index spin edit allows the modifi-

cation of the score value of the current image.

If the value is modified, all pictures after

the current image will get the same score;

this allows the user to annotate only changes

instead of every One-Shot.

• An indicator that turns green once the plant

has been annotated.

• The download button allows downloading a

CSV file with the current annotation state.

The downloaded file can be used as a start-

ing point if annotation has to be done over

multiple sessions.
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