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A B S T R A C T

Reliable, quantitative information on the presence and severity of crop diseases is essential for site-specific crop
management and resistance breeding. Successful analysis of leaves under naturally variable lighting, presenting
multiple disorders, and across phenological stages is a critical step towards high-throughput disease assessments
directly in the field.

Here, we present a dataset comprising 422 high resolution images of flattened leaves captured under
variable outdoor lighting with polygon annotations of leaves, leaf necrosis and insect damage as well as point
annotations of Septoria tritici blotch (STB) fruiting bodies (pycnidia) and rust pustules.

Based on this dataset, we demonstrate the capability of deep learning for keypoint detection of pycnidia
(𝐹 1 = 0.76) and rust pustules (𝐹 1 = 0.77) combined with semantic segmentation of leaves (𝐼𝑜𝑈 = 0.96), leaf
necrosis (𝐼𝑜𝑈 = 0.77) and insect damage (𝐼𝑜𝑈 = 0.69) to reliably detect and quantify the presence of STB,
leaf rusts, and insect damage on symptom level under natural outdoor conditions. An analysis of intra- and
inter-annotator agreement on selected images demonstrated that the proposed method achieved a performance
close to that of annotators in the majority of the scenarios.

We validated the generalization capabilities of the proposed method by testing it on images of unstructured
canopies acquired directly in the field and without manual interaction with single leaves. This enables
significantly higher throughput and automated data acquisition, which is critical to harness the full potential
of image-based disease assessments. Model predictions were in good agreement with visual assessments of
in-focus regions in these images, despite the presence of new challenges such as variable orientation of leaves
and more complex lighting. This underscores the principle feasibility of diagnosing and quantifying the severity
of foliar diseases under field conditions using the proposed imaging setup and image processing methods.

By demonstrating the ability to diagnose and quantify the severity of multiple diseases in highly complex
field scenarios, we lay the groundwork for high-throughput in-field assessments of foliar diseases that can
support resistance breeding and the implementation of core principles of precision agriculture.
1. Introduction

Modern mitigation of plant diseases in agriculture relies heavily
on pesticides and resistant plant varieties (Fones et al., 2020). Unfor-
tunately, pathogens can adapt to both host resistance and pesticides
used to control them (Fisher et al., 2018) which poses a recurrent
threat to global food security. Resistant plant varieties typically contain
a combination of resistance genes or even just a single resistance
gene (Fuchs, 2017; Brown, 2015) which can prompt boom-and-bust
cycles where the pathogen overcomes the resistance mechanism. Cases
of pathogens overcoming resistance genes within only a few years of
their introduction have been well documented (Cowger et al., 2000;
Rouxel and Balesdent, 2017; Van de Wouw et al., 2010).

∗ Corresponding author.
E-mail address: radek.zenkl@usys.ethz.ch (R. Zenkl).

One of the tools that breeders commonly employ is qualitative,
major resistance genes (Nelson et al., 2018; Poland et al., 2009). The
presence of a major resistance gene can be readily ascertained through
inoculation assays under controlled conditions. Once a major resistance
gene has been identified, isolated and introgressed into commercial
germplasm, it can be deployed in the field with a high confidence of
success because the effect results from strong and direct interaction
between single genes of the pathogen and the host (i.e. gene-for-
gene interactions) (Flor, 1956). In the case of Quantitative Resistance
(QR), multiple genes with minor effects typically contribute to re-
sistance (Nelson et al., 2018; Poland et al., 2009). The mechanisms
underlying QR can have varying degrees of complexity. In contrast
https://doi.org/10.1016/j.compag.2024.109854
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to gene-for-gene mechanisms, hosts typically do not exhibit the same
oom-and-bust cycles but rather a gradual decrease in QR efficiency as
athogens slowly adapt to QR, thereby leading to a much longer lasting
esistance effect (Brown, 2015; Nelson et al., 2018; Poland et al., 2009;

Parlevliet, 2002).
The search for QR requires a precise and quantitative assessment of

the disease intensity when the host is interacting with pathogen popu-
lations in a natural environment. These interactions vary depending on
he crop growth stage, many environmental factors, of which some can

be influenced by field management practices, existing disease pressure,
and co-infections with other diseases, amongst other factors (McDonald
and Mundt, 2016; Singh et al., 2023; Abdullah et al., 2017). It is
herefore not feasible to evaluate QR reliably under controlled condi-
ions (Stewart et al., 2016). Moreover assessments of disease escape and
isease tolerance are based largely on yield and require realistic canopy
tructure and plant morphology for reliable assessment, also calling for
ield-based evaluation of disease.

Since QR leads to a reduction rather than an absence of the dis-
ase symptoms, evaluating symptoms at a single time point does not

describe the full impact of QR. Rather, QR alters epidemic progression,
for example by reducing pathogen reproductive rates. Therefore, it is
important to measure the effect of QR at the right time (French et al.,
2016). In addition, the tolerance of many host plants to disease-related
amage is strongly affected by the developmental stage (Whalen,

2005), so when assessing the potential yield loss it is imperative to
describe the extent of the epidemics with respect to the phenological
stage of the crop (Bancal et al., 2007). Repeated measurements during
a growing season not only ensure that the cultivars are assessed at the
appropriate time, but also allow for modeling of disease progression
over time which reduces the impact of errors associated with single
measurements.

A lack of accurate phenotypic data is the main reason for the current
under-utilization of QR in breeding programs (Furbank and Tester,
2011; Poland et al., 2009; Willocquet et al., 2017; Cobb et al., 2013).
The gain of a breeding program with respect to QR scales directly with
experiment size because larger experiments allow for a larger volume of
genetic material to be tested, which increases the chances of identifying
favorable allele combinations (Araus et al., 2018; Furbank and Tester,
2011). Additionally, given substantial genotype-by-environment inter-
actions in QR (e.g., Schilly et al. (2011)), intense field testing across
many environments is required to robustly identify superior genotypes.
This underlines the need for new assessment methodologies capable
of evaluating large volumes of data to separate the genetic factors
conferring QR from other factors while processing large amounts of
enetic material.

The goal of this work was to investigate Septoria Tritici Blotch
STB), the most damaging wheat disease in Europe, caused by the

fungal pathogen Zymoseptoria tritici, as a model disease for acquiring
quantitative disease phenotypes under field conditions. More specif-
ically, we aimed to develop a high throughput method capable of
diagnosis and accurate assessment of STB under uncontrolled outdoor
lighting during co-infection with other naturally occurring diseases.
The underlying task consists of assessing the Percentage of Leaf Area
Covered by Lesions (PLACL) as a quantification of the host damage and
the pycnidia density as a measure of reproductive potential for STB. The
atter is especially important as STB epidemics are driven primarily by
plash-dispersed pycnidiospores (Zhan et al., 1998).

The measures of PLACL and pycnidia are largely independent and
hus both need to be measured (Karisto et al., 2018). Several different

approaches in terms of sensor modality, resolution and throughput have
already been explored. The oldest and still most widely used assessment
relies on visual scoring by trained personnel, where the PLACL and
pycnidia density are each assigned to a class based on a visually
estimated severity (Rosielle, 1972; Shaner et al., 1975; Eyal and Brown,
1976; Brown et al., 2001). These measurements are time intensive and
herefore not amendable for use at scale. Significant efforts have been
2 
invested into achieving higher throughput. The developed methods
can be grouped based on the level of detail that they achieve, with
many methods sacrificing the ability to resolve individual pycnidia
to achieve higher throughput by using RGB or multispectral imagery
with lower physical resolution (Walter et al., 2019; Anderegg et al.,
2023; Bebronne et al., 2020) or one-dimensional spectral measurements
n a small plot basis (Yu et al., 2018; Anderegg et al., 2019, 2020).
n the other side of the detail spectrum, methods utilizing very high

esolution of more than 0.01 mm per pixel, were developed to detect
ndividual pycnidia in addition to the necrotic lesions (Karisto et al.,

2018; Stewart et al., 2016; Mathieu et al., 2024). However, these latter
methods require invasive, tedious sample preparation to capture high
resolution images, greatly limiting the potential throughput. None of
the mentioned methods is capable of handling naturally occurring co-
nfections due to missing data or an inability to distinguish among
he diseases due to the underlying evaluation method. Novel methods
ncreasingly utilize data driven deep learning methods (Mathieu et al.,

2024; Anderegg et al., 2023) instead of color thresholding and visual
indices (Karisto et al., 2018; Stewart et al., 2016; Walter et al., 2019).

o the best of our knowledge, no prior work has attempted large scale
TB assessments that can resolve individual pycnidia under natural

field conditions. We believe that conducting STB phenotyping under
natural field conditions represents the next key step to improving
quantitative STB resistance in breeding programs. Our aim is to achieve
throughput without sacrificing quality in order to enable scoring of
STB resistance in a non-invasive manner or even in a fully autonomous
manner without any human input.

2. Materials and methods

2.1. Data acquisition

To achieve a representative sample of STB symptoms under natural
onditions, we conducted a field experiment using a set of 16 wheat
enotypes exposed to various treatments, including inoculation with
 mixture of Zymoseptoria tritici strains. Wheat cultivars were chosen
o maximize variation in terms of morphology and STB susceptibility

based on data from Anderegg et al. (2021) and Karisto et al. (2018).
he key selection factors were planophile and erectophile leaves, high

and low levels of flag leaf glaucousness and degree of STB resistance or
susceptibility. A mixture of 10 Swiss Z. tritici isolates named 1A5, 1E4,
A1, 3A8, 3B2, 3B8, 3D1, 3D7, 3G3, and 3F5 were selected to maximize
ymptom diversity based on data from Dutta et al. (2021). Three treat-

ments consisting of different combinations of fungicide applications
and artificial inoculations were applied. For more information on the
experimental design see Anderegg et al. (2023).

One of the key challenges in acquiring highly detailed images in an
outdoor environment is the trade-off between maximizing the scanned
area whilst guaranteeing sufficient ground sampling distance. The lim-
iting factor in our task is the appropriate imaging of pycnidia which are
around 0.1 mm in diameter. For very small features such as pycnidia,
a high physical resolution of the imaging setup is required to achieve
sufficient resolution. Our data were collected using a full-frame mirror-
less digital camera (EOS R5, Canon Inc., Tokyo, Japan; 45 megapixel,
36 × 24 mm sensor) combined with a macro lens (RF 35 mm f/1.8 IS

acro STM, Canon Inc., Tokyo, Japan). The camera was mounted on a
custom-made stand to ensure a consistent working distance of 15 cm.
uch close-up imaging with a high-resolution sensor led to challenging
ehavior in terms of exposure and blur, due to the small size of a pixel
n the sensor, in our case 4.39 μm. Our imaging setup resulted in a
hysical resolution of approximately 0.03 mm/px. For comparison, the
arlier flatbed scanning technique (Stewart et al., 2016) using 1200 dpi

provided a resolution of approximately 0.02 mm/px.
During image acquisition, the F-stop was fixed at 10 to provide a

reasonable trade-off between depth-of-field, amount of incoming light
and lens diffraction. Concerning sensor gain (ISO), the lowest possible
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Computers and Electronics in Agriculture 232 (2025) 109854 
values are preferred because sensor gain amplifies sensor noise. In
the scope of resolving small objects, the resulting size of noise peaks
operates on a similar scale as pycnidia due to the effect of de-bayering
where one noisy pixel influences its neighbors as well. ISO was kept
under 3200 to prevent high levels of background noise. The upper
bound for ISO was determined experimentally by observing the noise
dynamics with respect to resulting contrast between pycnidia and back-
ground noise. The F-stop and ISO settings led to typical exposure times
between 1/100 and 1/1000 s depending on the lighting conditions
during acquisition. These parameters were set once in the camera
settings and required no further attention from the operator.

Two flag leaves per plot were detached and photographed outdoors
under both diffuse and direct lighting when possible. The leaves were
fixed onto a blue background plate by gently pressing them onto
adhesive putty. This process was repeated for three separate time
points (16.6.2022, 25.6.2022, 29.6.2022, corresponding approximately
to growth stages 71–73, 75, and 77, respectively) leading to 432
leaves imaged mostly under both diffuse and direct lighting. As the
whole imaging process was conducted in the field, direct lighting was
available only under clear skies. Diffuse lighting, on the other hand,
was achieved by the operator casting a shadow over the imaging setup.
The scanned leaves were not moved between the diffuse and direct light
images, so the images were identical except for the different forms of
lighting. After the field imaging, the leaves were flattened and addi-
tional flatbed scanner images were obtained according to the protocol
f Stewart et al. (2016). This resulted in both field and flatbed scanner

images of the exact same leaves, ensuring that the same physical objects
were consistently represented across both imaging methods.

2.2. From images to deep learning dataset

To maximize the number of annotated leaves within a fixed anno-
ation budget, we reduced image size through cropping, rather then

annotating fewer, larger images. This preserved the original resolution
hile reducing the visible area. Each collected image was cropped to

orm 8 smaller patches of 1024 × 1024 px. From the resulting set of
ropped images a subset of 422 images was selected at random for
nnotation, forming the Eschikon Foliar Disease (EFD) dataset. Com-
letely healthy or completely necrotic samples were removed because
hese leaves were not useful for symptoms training. Completely necrotic
eaves tended to be senescent rather than heavily diseased. All images
ere annotated using the CVAT (CVAT.ai Corporation, 2022).

The annotated classes were: necrotic tissue, leaf, insect damage, STB
ycnidia and leaf rust pustules. To simplify the annotation process,
TB pycnidia and leaf rust pustules were annotated as points placed

at the object’s centroid. The remaining classes were annotated on a
ixel level using polygons. Annotated images covered a wide range of

scenarios (see Fig. 2) due to different lighting conditions, varying symp-
toms, different symptom severities, the occurrence of chlorosis and
ifferent host genotypes at different phenological stages as described
n Section 2.1.

The semantic meaning of the annotations leaves room for potential
mistakes due to overlapping regions such as a pycnidium on top of
a necrotic lesion which itself is located on top of a leaf. To ensure
reproducible results, the annotated polygons were exported as pixel-
level segmentation masks. The individual masks from the polygon
annotations were stacked using the following order where the previous
labels are overwritten by the ones with higher priority. First, the
polygon annotations are converted: the base layer is the leaf, followed
by necrosis and insect damage. Regarding the point annotations for
pycnidia and rust pustules, the point annotations are denoted in a
YOLO-Pose dataset format.1 The annotations of keypoints were ex-
ended by estimated bounding boxes of size 8 × 8 px for pycnidia and
2 × 32 px for rust pustules. This combination of formats should ensure
epeatable and flexible use of the dataset.
3 
Manual annotations are the gold standard for creating the ground
truth data for training and validation. Unfortunately, field-collected
leaf samples exhibit many ambiguities due to ill-defined symptom
boundaries, inconclusive diagnosis of symptoms, and occasional images
with lower quality. To put performance metrics into perspective, we
quantified the uncertainty of the ground truth labels by conducting
multiple independent annotations on the same images and investigating
the resulting differences. For this, we selected 10 images from the
validation set where we annotated lesions and pycnidia. Each of five
annotators annotated each image twice, leading to a set of 10 labeled
sets per image. This data enabled a quantification of the inter-annotator
and intra-annotator reliability (Bock et al., 2010). By utilizing a one-
vs-rest cross-validation, we computed IoU for lesions and F1 scores for
pycnidia, where detection of pycnidia is considered correct when its
placement is within 5 px of the reference. Finally, to put the annotators’
performance into perspective, we compared the performance of the
proposed method with respect to the annotator statistics by computing
the metrics for each annotation attempt separately.

2.3. Image processing method

The overall goal of the image processing method can be summa-
rized as keypoint detection and semantic segmentation. Both tasks are
andled separately by individual models, to provide a modular method.

Although the collected images are cropped to generate a manage-
ble training dataset, our objective is to apply the image processing
ethod to full-resolution, uncropped images. This maximizes through-
ut and eliminates the need for image subdivision into multiple crops,
hich increases the proportion of border regions with degraded perfor-

mance. Specifically, we aim to train the model on diverse small image
crops, while ensuring that inference can be performed on full-resolution
images without sacrificing performance. Additionally, this strategy sim-
lifies the adoption by reducing the preprocessing requirements for the
mages, making the method easier to adopt by other researchers.

For semantic segmentation, a SegFormer backbone network (Xie
et al., 2021) was used in combination with the FPN decoder (Kirillov
et al., 2019). The implemented self-attention in this novel architecture
allows for a significantly wider effective receptive field compared to
convolutional neural networks (Xie et al., 2021). In the context of
disease diagnosis, this feature can be advantageous when context from
a distant region is needed for diagnosis. Especially under changing light
it might be beneficial to be able to get a reference for chlorosis in
order to assess whether a given segment is already necrotic or not.
The proposed combination of backbone and head enables inference on
arbitrary resolution which can differ from the training set. In addition,
the SegFormer Backbone is significantly more robust to distortions such
as blur or noise which naturally occur in outdoor computer vision
tasks (Xie et al., 2021). Keypoint Detection is achieved by using the
YOLOv8 Pose model (Jocher et al., 2023) which utilizes an anchor-free
etection head. This allows for effortless change of input size resolution
ithout the need for tuning of anchor-boxes.

Regarding the semantic segmentation, the very basis of hyperpa-
rameter tuning was the selection of an appropriate backbone network,
responsible for feature extraction. The palette of tested models was
limited to one model family. The rationale behind this is to limit the
extensiveness of the resulting hyperparameter search space in favor of
exploring various depths of the models from the same model family
rather than testing completely different model families. For semantic
segmentation the tested models are of the SegFormer Backbone (Xie
et al., 2021) architecture at different depths. The selection of a back-
one’s depth has a major impact on the overall performance of the
odel in terms of achieved metrics, runtime, and GPU memory con-

umption. All tested models were trained with the Adam optimizer,

1 https://docs.ultralytics.com/datasets/pose/.

https://docs.ultralytics.com/datasets/pose/
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Fig. 1. Sample images from the described imaging setup. The top image was taken under diffuse lighting. The bottom image was taken under direct sunlight.

Fig. 2. Samples from the Eschikon Foliar Disease (EFD) dataset which demonstrate the diversity of the images.
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Computers and Electronics in Agriculture 232 (2025) 109854 
batch size 4, images with full resolution of 1024 × 1024 px for 50
pochs. All semantic segmentation models were trained using the cross

entropy loss in a finetuning manner starting from Imagenet (Deng
et al., 2009) pretrained weights while using the FPN (Kirillov et al.,
2019) head. The same approach was also applied to the keypoint
detection network which uses the YOLOv8-pose architecture which
offers different depths of the backbone (Jocher et al., 2023). The
eypoint detection models were pretrained on the COCO 2017 keypoint
ataset (Lin et al., 2014). During training, the extensive default data

augmentation pipeline from Ultralytics was used.
Reported numbers correspond to the randomly sampled validation

plit of the dataset leading to 354 training images (80%) and 88 valida-
ion images (20%). The same split was used for semantic segmentation

and keypoint detection.

2.4. Generalization capabilities

Due to the relatively small size of the dataset, additional datasets
ere evaluated to quantify the robustness and transferability of the

trained models. First, a set of images was generated using flatbed
canners to evaluate the capabilities of dealing with another imaging
ensor (LiDE 400, Canon Inc., Tokyo, Japan), a different background,
nd artificial lighting. This imaging setup corresponds to the method
roposed by Stewart et al. (2016). Following their protocol, white

paper sheets were used as background and leaves were detached from
heat plants and pressed flat prior to the imaging, hence the visual
ppearance of the leaves differs compared to those contained in the

EFD. Second, images of an unstructured canopy were evaluated. Such
images correspond to a scenario much closer to the target application.

anopy images were acquired from a side view perspective and covered
pproximately the two uppermost leaf layers. The closest leaves of the
anopy were approximately 15 cm away from the camera (EOS R5,
anon Inc., Tokyo, Japan; 45 megapixel, 36 × 24 mm sensor) using
 macro lens (RF 35 mm f/1.8 IS Macro STM, Canon Inc., Tokyo,
apan) and imaged with aperture priority mode using F-Number of

8 with automatic ISO capped at 3200. These images also contained
new features such as ears, stems and unclear background. They are
characterized by large amounts of focus blur, primarily due to the close
proximity of the imaged leaves, resulting in a shallow depth of field.
n contrast to the previous two setups, the leaves are freely oriented
n space rather than fixed onto a flat surface. Finally, the lighting is

much more complex due to occluding plant organs and leaves being
semi-transparent, especially when illuminated from the back.

3. Results

3.1. Model performance

To achieve an optimal encoder depth, we benchmarked various
epths of SegFormer (Xie et al., 2021) for semantic segmentation

(Table 1) and of YOLOv8 (Jocher et al., 2023) for keypoint detection
Table 2). Generally, an increase in backbone complexity led to an
mprovement in performance (Table 1). This indicated that the more

complex backbones mitb1 and mitb2 outperformed mitb0 mostly due
o the large gap in IoU of insect damage. There were minor differences
n performance of mitb1 and mitb2 in terms of lesion IoU, but a more
izeable difference in terms of insect damage IoU in favor of the less
omplex mitb1. This left mitb1 as the best candidate for a backbone,

offering best performance whilst avoiding unnecessary computational
complexity.

Generally, a large discrepancy in performance across individual
lasses was observed, where the class ‘‘leaf’’ always achieved a very
igh score whereas ‘‘lesions’’ and ‘‘insect damage’’ produced much
ower scores. This effect can be attributed to a large imbalance in the
umber of pixels assigned to the different labels, where the classes ‘‘le-

ion’’ and ‘‘insect damage’’ are under-represented compared the ‘‘leaf’’ m

5 
Table 1
Performance of different backbones for Semantic Segmentation of leaves, necrotic
lesions, and insect damage. Per-class intersection over union (IoU) and mean IoU across
ll classes are reported.
Model # param. mIoU IoU leaf IoU lesion IoU insect
backbone damage

mitb0 3.7M 0.76 0.96 0.77 0.53
mitb1 14.0M 0.81 0.96 0.77 0.69
mitb2 25.4M 0.79 0.95 0.76 0.64

Table 2
Performance of different YOLOv8 models for keypoint detection. Mean average preci-
sion at intersection over union (IoU) of 0.5 (mAP50), Mean average precision calculated
at different IoU thresholds ranging from 0.5 to 0.95 (mAP50-95) and F1 score across
all classes are reported.

Model # param. mAP50 mAP50–95 F1 score

YOLOv8n-pose 3.3M 0.78 0.77 0.72
YOLOv8s-pose 11.6M 0.80 0.79 0.75
YOLOv8m-pose 26.4M 0.82 0.81 0.76
YOLOv8l-pose 44.4M 0.82 0.81 0.76

class. Under-represented classes provide less information for training
which can lead to worse performance. In addition, smaller objects have
higher boundary to area ratios making the achievement of high metric
scores more difficult.

Similar behavior in performance and model complexity can be ob-
served in keypoint detection. Optimal performance was achieved with
the model YOLOv8m-pose, which performs on par with its more com-
plex counterpart YOLOv8l-pose, whilst outperforming the less complex
variants (Table 2). Interestingly, pycnidia exhibit a similar F1 Score as
rust pustules (𝐹 1𝑝𝑦𝑐 𝑛𝑖𝑑 𝑖𝑎 = 0.76 and 𝐹 1𝑟𝑢𝑠𝑡 = 0.77), though there were
pproximately three times more instances of pycndia than rust pustules.
oth pycnidia and rust pustules are confused with background but not
ith one another, leading to a high confidence of disease assignment

o the symptoms (see Supplementary Table A1).
The most intuitive parameter for a quality assessment of disease

stimation is the method’s performance with respect to indicators that
election decisions are based on. In the case of STB, this corresponds
o the Percent Leaf Area Covered by Lesions (PLACL) and the number

or density of pycnidia on leaves. Our proposed method achieved a
Mean Squared Error (MSE) of 4.0e−3 for PLACL and F1 Score of 0.76
for pycnidia. Fig. 3 shows a success case under diffuse lighting and a
failure case under direct lighting. Visual inspection of Fig. 3(a) reveals
that the vast majority of pycnidia and rust pustules were correctly
predicted. The necrotic lesion is correctly separated from healthy leaf
tissue and chlorotic regions. In Fig. 3(b) the method achieves a solid
performance in the upper part of the leaf, whilst the negative impact of
the hard shadows can be observed based on the inconsistent boundaries
of lesions in the bottom part of the leaf.

The number of annotated and predicted pycnidia and rust pustules
were highly correlated (Fig. 4). The range in terms of the numbers of
pycnidia and rust pustules differed for direct and diffuse lighting condi-
tions. No sizeable differences were observed between the performance
under diffuse and direct lighting. The same behavior was observed with
PLACL with the exception of multiple outliers under direct lighting
where the proposed method overestimated the PLACL values.

3.2. Data quality and labels uncertainty

The annotator agreement and the resulting metrics were consistent
for the majority of the images with both the lesion IoU mean and
pycnidia F1 score mean achieving values around 0.85. Typically, lower
values were found for lesion IoU than for pycnidia F1 scores (see Fig. 5).

o quantify the potential for model improvement, we computed the
ean differences between median annotation scores and the median
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Fig. 3. Sample images from the EFD dataset and corresponding predictions. Blue masks denote necrotic lesions, purple masks denote leaf and green masks denote insect damage.
Red circles denote pycnidia and green circles denote rust pustules. Transparent areas denote the background and regions where the confidence of predictions is below 0.5. Panel
(a) showcases a success scenario where the method achieves a good performance on all classes. Panel (b) demonstrates the performance on an edge scenario with complex lighting
resulting in hard shadows and directly illuminated regions at the same time.
Fig. 4. Pairwise correlation between annotated and predicted values for number of pycnidia (left panel), number of rust pustules (middle panel) and percent leaf area covered by
lesions (PLACL; right panel) across all validation images. Data points from images under diffuse lighting are denoted in red whereas images under direct light are denoted in blue.
prediction scores. Mean errors were 0.05 ± 0.03 (mean ± standard
deviation) and 0.03 ± 0.04 for lesion IoU and pycnidia F1, respectively.

Generally, two types of ambiguities were discovered: (1) perturba-
tions along the annotation contours, and (2) entire regions which were
6 
assigned a different class. The former arose primarily due to annota-
tion inaccuracies or ill-defined lesion edges (see Fig. 5.b.2 and .b.3).
Regarding the latter, difficulties in classifying very early or late stage
rust symptoms were often involved (see e.g. Fig. 5.b.5). In addition,
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Fig. 5. Ten selected images organized in panels (a) and (b). The top row of each panel corresponds to an annotation overlay where blue color denotes a 100% agreement of all
annotation runs. The disagreement among the annotation attempts is denoted in shades of red where bright color denotes high agreement (many annotator attempts classified the
region as lesion) and saturated red denotes low agreement (e.g. single annotator attempt classified the region as lesion). The middle row of the panels shows the original RGB
images. The bottom row of each panel shows a boxplot of intersection over union (IoU) score for lesions and F1 score for pycnidia.
damaged regions without pycnidia, especially on the rolled-up bottom
parts of leaves, showed lower annotator agreement (see e.g. Fig. 5.a.3).
Finally, newly forming lesions that contained pycnidia but were not yet
clearly necrotic caused difficulties (see Fig. 5.a.4).

3.3. Flatbed scanners compatibility

Automated image analysis of STB symptoms with flatbed scanners
has been the dominant method of symptoms quantification until now.
Thus, in the following experiment, images from flatbed scanners were
predicted with models trained on the EFD dataset to demonstrate the
backwards compatibility of the proposed method. Some resulting pre-
dictions are shown in Fig. 6. Generally, the major regions are predicted
accurately, but the boundaries of individual classes are less smooth and
more prone to error (see bottom leaf border of row (b) in (Fig. 6).
The already worse performing class of insect damage (see Section 3.1)
7 
seems to continue this trend as it is misclassified as leaf in the image
row (a) in Fig. 6. On the other hand, the detection of pycnidia reaches
a comparable performance, detecting even pycnidia located outside
of lesions (see row (a) in (Fig. 6). Generally, the proposed method
proved to be applicable on images from flatbed scanners, rendering it
backwards compatible with existing datasets acquired according to the
protocol from Stewart et al. (2016). For more prediction examples see
Appendix B1.

3.4. Inference in the wild

In order to assess the performance in the target environment, the
models trained on the compiled dataset were applied to images taken
directly in the field without interacting with the plants. We ana-
lyzed the performance of the proposed method in regions which cor-
responded to the appropriate regions of interest with sufficient quality.
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Fig. 6. Sample images from flatbed scanners following the protocol of Stewart et al. (2016) and the corresponding predictions. Blue masks denote necrotic lesions, purple masks
denote leaf and green masks denote insect damage. Red circles denote pycnidia and green circles denote rust pustules. Transparent areas denote the background and regions where
the confidence of predictions is below 0.5.
Within these regions, many additional challenges were present, in-
cluding different orientations, more complex lighting, backlit leaves,
continuous scaling of objects due to the changes in perspective and
varying degrees of blur. Under closer examination, necrotic lesions
that are in focus are typically predicted properly (see cyan and red
rectangles in Fig. 7), however with the decreasing image quality due
to factors such as focus blur or direct lighting the prediction quality
decreases to favor an incorrect assignment into the background or
insect damage classes (see blurred regions of cyan and red rectangles
in Fig. 7). Insect damage shows typically a much worse performance
because in the training data a blue background was visible through the
damage, and this is now missing in the freeform images.

A similar behavior was observed for pycnidia predictions. Areas
with high image quality generally show better performance (see cyan
rectangle in Fig. 7.a), though some areas showed dysfunctional perfor-
mance in spite of sufficient image quality (see cyan rectangle in row (b)
in (Fig. 7). In this case the entire region yielded poor pycnidia predic-
tion. More interestingly, other areas within the same image did yield
correct pycnidia predictions (see red rectangle in row (b) in (Fig. 7).
Up- and down-scaling the image as well as lowering the confidence
threshold for predictions did not increase performance for pycnidia in
this region (not shown). Besides the aforementioned aspects, we could
not identify an objective image quality factor that would cause this
8 
behavior and therefore suspect insufficient representation of such a sce-
nario in the EFD dataset. For more prediction examples see Appendix
B2.

4. Discussion

4.1. Performance evaluation

Here, we provide a proof of concept for in-field imaging of miniature
wheat foliar disease symptoms as well as their diagnosis and quantifi-
cation using deep neural networks. Image-based diagnosis is achieved
in full correspondence with the current gold standard in breeding
i.e., visual inspection of miniature diagnostic features associated with
individual symptoms, and without relying on proxies such as color
or spectral indices. This enables symptom-level visual validation for
quality control.

Our method natively operates at the highest level of detail provided,
assessing each symptom individually without any impact on the pro-
cessing speed. While breeders can also analyze individual miniature
features like pycnidia, due to time constraints they typically utilize this
capability only for occasional diagnosis in doubtful situations rather
than for quantification.
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Fig. 7. Two images of an unstructured canopy directly from the field with their corresponding predictions. The red and cyan rectangles denote specific areas for closer observation.
Zoom into the image for sufficient scaling. Blue masks denote necrotic lesions, purple masks denote leaf, and green masks denote insect damage. Red circles denote pycnidia and
green circles denote rust pustules. Transparent areas denote the background and regions where the confidence of predictions is below 0.5.
Despite the great complexity of the task and the challenging size
of the EFD dataset, our method achieves a similar segmentation per-
formance for lesions 𝐹 1𝑛𝑒𝑐 𝑟𝑜𝑠𝑖𝑠 = 0.87 as a similar deep learning based
method for STB evaluation 𝐹 1𝑛𝑒𝑐 𝑟𝑜𝑠𝑖𝑠 = 0.9 (Mathieu et al., 2024)
despite including more diverse imaging conditions. We achieved higher
performance for pycnidia detection 𝐹 1𝑝𝑦𝑐 𝑛𝑖𝑑 𝑖𝑎 = 0.76 compared to
𝐹 1𝑝𝑦𝑐 𝑛𝑖𝑑 𝑖𝑎 = 0.36 (Mathieu et al., 2024). We speculate that this might be
due to the older, anchor-based architecture of YOLOv5 (Jocher, 2020)
in combination with high resolution images with large aspect ratio and
small objects to be detected.

We emphasize the proposed method’s ability to process images of
arbitrary size without performance loss. This enhances usability for
researchers and enables the analysis of large images, reducing the
proportion of border areas where performance typically degrades. The
transformer-based segmentation model can additionally benefit from an
increased input size because the receptive field can in principle cover
the whole image. This can enhance model robustness and performance
because larger images provide more context. This can help to clarify
cases such as leaf tip necrosis, or assessing general color scheme based
on lighting conditions present, which would be difficult to handle based
on a small localized image patch.

4.2. Challenges and limitations

Resistance breeding for QR in particular is limited by the availability
of phenotypic data. Established workflows in breeding programs do
not typically collect information beyond estimated severity based on
9 
visual inspection. Existing high precision phenotyping methods cannot
be deployed in the field as they rely on controlled conditions. Our
method attempts to bridge the gap between field deployment and high
precision evaluation by demonstrating the capability to conduct the
analysis in field conditions. However, with the single leaf imaging (see
Section 2.1) we do not achieve a significant improvement in terms of
throughput as single leaves still need to be selected and manipulated
by the human operator. Whilst feasible for collecting training data, for
a high-throughput screening it is necessary to analyze the canopy as
is. This will also render the analyses non-invasive, yielding additional
benefits (Hund et al., 2019).

The underlying newly created EFD dataset contains an authentic set
of disease symptoms with a sub-millimeter resolution under outdoor
lighting. To the best of our knowledge, the EFD is the first dataset
to combine co-infections, varying host genotypes, samples from field-
grown adult plants, and uncontrolled imaging conditions. Compared
with existing datasets, the EFD dataset contains more diverse sample
and symptom phenotypes. This diversity reflects variations in leaf
properties, a wide array of host-pathogen interactions, and naturally
occurring co-infections, such as brown rust and insect damage which
can be observed within one image.

Mathieu et al. (2024) reported that a small dataset was sufficient
to deliver a solid performance for lesion segmentation and pycnidia
detection on scanned images of seedling leaves. For in-field analysis
of foliar diseases, a large-scale dataset seems essential to reach a
robust performance because many more scenarios are present. Within
the scope of model families, the hyperparameter search (see Tables 1
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and 2) delivered rather shallow variants of the respective models (see
ection 3.1) which can indicate that deeper models are too complex

for the underlying dataset, while more shallow models offer a way of
regularization. Utilizing larger datasets is likely to boost the perfor-
mance by enabling deeper models to extract more complex patterns
and reducing the risk of overfitting due to the increased dataset size.
Furthermore, we observed sub-optimal performance in predictions on
some images of an unstructured canopy (Section 3.4) and even on
amples from the EFD dataset (Section 3.1). This underlines the need to
rovide more training samples in order to reach a stable performance.
e believe that complex datasets encompassing a wide range of field-

ealistic scenarios are currently the bottleneck for developing robust
ield applications capable of providing accurate measures of disease
ntensity. Our method is compatible with expanding the dataset to
mprove its performance as well as potentially introducing additional
iseases.

Therefore, one of the main limitations of our work is the size and
diversity of our dataset. While we made significant efforts to capture a
broad spectrum of symptoms across diverse cultivars (see Figs. 1 and 2),
it would be naive to assume that data from a single location and season
an provide a robust out-of-the-box solution for other researchers,
armers or breeders. Nevertheless, the proposed method demonstrates
olid performance and generalizes well to different contexts, such as im-
gery from flatbed scanners or unstructured canopies (see Sections 3.3

and 3.4). We would like to encourage the scientific community to
collaborate in compiling a large-scale dataset that encompasses data
from multiple years and sites, extensive coverage of various growth
stages, and differing disease pressures.

Similar community efforts have been already achieved in high
hroughput field phenotyping for head detection (David et al., 2020)
nd are currently ongoing for organ segmentation (Hund and et al.,

2024).

4.3. Potential applications

We see the main application of the method in providing the missing
phenotypic data (see Sections 1 and 4.2) for QR research and breeding
in the form of repeated high-precision field assessments of germplasm.
This would provide much needed insights into resolving different phe-
notypes e.g. through the evaluation of PLACL and pycnidia at scale in
the presence of multiple pathogens. In the context of resistance breed-
ng, throughput and precision of the underlying method determine the
reeding gain as it drives the feasible size of screenings and the degree
f effects that the method is capable of resolving.

The proposed method was also used to track disease development in
field-based image series of individual leaves (Anderegg et al., 2024b).
This required extending the EFD dataset by about 10% with samples
from the previous experiment representing another growing season,
other host genotypes, multiple leaf layers, and contrasting growth
tages. The ability to extract stable patterns over time suggested that
he models were highly robust. Furthermore, this use-case illustrated
he flexibility and adaptability of the data set and method.

With the appropriate dataset, such a pipeline will be capable of
uantifying not only STB and brown rust but also other common wheat

diseases (e.g. yellow rust, powdery mildew, and fusarium head blight)
and thus offer a powerful new tool for plant breeders to conduct high-
throughput screening of symptoms associated with the most common
cereal diseases.

In addition, such approaches will allow not only for disease de-
tection and quantification but also for assessment of specific symp-
om phenotypes which can provide additional insights into pathogen-
ost interactions (Strelkov and Lamari, 2003; Friesen and Faris, 2021;

Leucker et al., 2016; Anderegg et al., 2022).
Furthermore, a method capable of assessing foliar diseases can be

leveraged as a decision support system for farmers, optimizing costs
and reducing the development of pathogen resistance to pesticides by
10 
limiting unnecessary exposure. Unfortunately, these strategies are often
not followed due to the overhead involved in disease assessment.

Unlike other approaches that aim at presymptomatic detection
(e.g., Conrad et al. (2020), Arens et al. (2016), Zarco-Tejada et al.
(2018) and Rumpf et al. (2010)), our method diagnoses and quanti-
fies visible disease symptoms. Presymptomatic disease detection can
e particularly valuable in pathosystems where visible damage does

not necessarily correlate with economic loss (e.g., Fusarium head
blight, Alisaac and Mahlein (2023)), or where asymptomatic infections
can be infectious (e.g., Xylella fastidiosa, Zarco-Tejada et al. (2018)).

In contrast, the goal of STB management is not to maintain disease-
free canopies but rather to manage diseases within economically viable
thresholds. Current intervention strategies for STB are based on visible
damage thresholds particularly on the uppermost, most yield-relevant
leaves (Forrer et al., 1998; Jenny et al., 1999), since wheat yields
are constrained by canopy photosynthetic capacity only during certain
periods, and even then some damage may be tolerated without signif-
icant economic loss (Collin et al., 2018). STB development is typically
gradual due to a long latency period without immediate impact on
yield (Kema et al., 1996) and splash-dispersal of pycnidiospores over
short distances. This leads to the most yield-relevant leaves at the top of
the canopy being most affected at later stages of disease development.
Thus in the case of wheat foliar diseases, the detection and quantifi-
cation of visible symptoms enable the use of threshold-based disease
management. Once the throughput limitations (see Section 4.2) are
mitigated, our method becomes viable for adoption by farmers.

4.4. Outlook

Despite its current limitations, the proposed method has already
chieved a satisfactory performance in quantifying STB symptoms (see
ection 3.1). We believe that the next milestone in the development

of a disease quantification tool will be to improve the throughput
and minimize the necessary human input. Since the leaf sampling and
manipulation requires the greatest time investment, the returns of faster
inference are diminishing (see Section 3.1) and the method would
greatly benefit from being able to avoid direct sampling of individual
leaves.

As indicated in Section 3.4, the proposed method trained solely on
the EFD dataset is already capable of a solid performance in some re-
gions on field images with unstructured canopies. In order to achieve a
more robust performance, the training dataset will need to be extended
by annotating samples containing new scenarios, particularly including

ore complex lighting and partial blur.
Experiments on field images (see Section 3.4) showed that the

nalysis in this highly unstructured scene is indeed possible, though
it will require localization of relevant image regions for the analysis
(see Section 4.2). This can vary depending on the investigated disease.
For STB, the reference region should include parts of an image which
have sufficient quality to analyze the symptoms and especially identify
pycnidia, whilst identifying leaf surfaces that are in the correct location
within the canopy. Fortunately, this can be divided into separate prob-
lems known to the scientific community: Focus estimation and plant
organ segmentation. The former can be achieved by abstracting the
task to depth estimation or texture analysis. The latter is a task of
plant organs segmentation which was already applied in the context
of agriculture and foliar diseases (Anderegg et al., 2023, 2024a; Qiu
t al., 2019).

Once these additional processing steps are available, the proposed
ethod will become arbitrarily scalable, since no direct interaction

with plants will be required for data acquisition. This will standardize
in-field data collection and eliminate potential operator-induced mea-
surement bias. Moreover, since no specific aiming or interaction with
the canopy will be necessary, the imaging apparatus can be mounted
on an autonomous agricultural machine, allowing for fully automated

analysis.
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5. Conclusion

The proposed method offers a novel approach for data-driven sub-
millimeter analysis of foliar diseases on detached wheat leaves under
outdoor conditions. Using the case study of STB we demonstrate the
ability of the method to perform in complex and ambiguous scenarios
nduced by varying external factors including lighting, visually differ-

ent wheat cultivars and co-infection with other diseases. The already
solid performance of the proposed method can be further improved
by extending the datasets to include new samples and allows for
urther extensions to additional diseases. The proposed method lays
he groundwork for future applications under field conditions with the

goal of eliminating the need for manual sampling and manipulation
of leaves. Combining the proposed method with focus estimation,
organ segmentation and automation of data acquisition will unlock
its full potential for resistance breeding and disease monitoring and

anagement.
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