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ABSTRACT Ash dieback, caused by the fungal pathogen Hymenoscyphus fraxineus, is devastating ash
tree populations across U.K. and Europe, with projections indicating that up to 80% of ash trees may die
as a result of the disease. The extensive loss of this keystone species threatens biodiversity and may lead
to significant habitat degradation. Since no cure exists, early detection and removal of infected trees are
critical to slowing the spread of the disease. Traditional identification methods rely on visual assessments of
canopy loss, which are inefficient and impractical for large-scale monitoring. Leveraging advancements in
computer vision and deep learning, our key objective is to develop a tool to detect ash dieback symptoms at
the leaf level, classifying leaves into three categories: healthy, early-stage infection, and mid-stage infection.
Since there is no known available dataset for ash dieback at the leaf level, we generated a new synthetic
dataset and trained a YOLOv5 single-stage object detection model. The final model achieves mean Average
Precision (mAP) scores of above 90% for each category. Evaluations on real ash tree leaf footage captured
using uncrewed aerial vehicles (UAVs) show strong alignment between the model’s detections and expert
annotations. Our tool demonstrates the potential of integrating advanced computer vision techniques into
tree health monitoring platforms. In the near future, this can provide conservationists and researchers with a
novel, efficient means of early disease identification.

INDEX TERMS Environmental sensing, leaf disease severity estimation, ash dieback, computer vision.

I. INTRODUCTION
Trees play a vital role in maintaining the well-being of
both humans and the environments they inhabit. When
tree species are threatened and their populations decline,
the consequences can be far-reaching, severely impacting
ecosystem functions and the numerous species that depend on
the trees [1]. This work focuses specifically on ash dieback
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(also known as chalara), a disease prevalent throughout
Europe and the UK. Detecting ash dieback effectively in
its early stages is challenging, as symptoms first appear
on the leaves. Consequently, the most common method of
detection, whether using computer vision techniques or by
eye, is to assess tree canopy reduction once the disease has
caused visible leaf loss. Previous works have accomplished
this by using high-quality aerial imagery [2]. The use of
uncrewed aerial vehicles (UAVs) enables close proximity to
trees for gathering leaf imagery, providing an efficient and

VOLUME 13, 2025

 2025 The Authors. This work is licensed under a Creative Commons Attribution 4.0 License.

For more information, see https://creativecommons.org/licenses/by/4.0/ 55499

https://orcid.org/0000-0002-5331-5597
https://orcid.org/0000-0002-9720-2463
https://orcid.org/0000-0002-5253-3779


E. Bates et al.: Leaf Level Ash Dieback Disease Detection and Online Severity Estimation With UAVs

cost-effective means of collecting high-resolution data [3].
However, a significant challenge in developing real-time
deep learning-based leaf disease detection systems, such as
those for ash dieback, lies in the availability of training
data. Acquiring and annotating training data is costly due to
the difficulties of accessing large-scale forests with complex
terrains, the need for post-processing data, and the time and
effort required for manual human labelling.

Recent work has explored synthetic data generation to
overcome the issues of training data scarcity, as well as
the high cost and time associated with data collection [4],
[5]. In many application domains, including autonomous
driving [6] and object pose estimation [7], synthetic data has
facilitated model training and deployment. However, despite
its potential, synthetic data generation for leaf disease detec-
tion remains an underexplored research area due to several
unique challenges. First, the simulation environment must
accurately capture the biological complexity of the disease in
terms of leaf colour, texture, and shape. Second, sophisticated
modelling and simulation techniques are needed to model
the variability of symptoms, which depend on factors such
as infection severity and environmental conditions. Finally,
the research community lacks extensive publicly available
real-world data to use as a reference for synthetic data
creation.

To address these issues, we introduce a new synthetic
dataset and deep learning-based methodology for ash dieback
detection. Our goal is to leverage recent advances in synthetic
data generation to fill the critical gap in training data for
this problem. In our detection framework, we demonstrate
how synthetic data can be exploited for accurate real-time
ash dieback detection, including assessments of leaf health
and disease severity. The leaf-level disease detection platform
developed in [8] shows the ability to recognise and learn
visually complex textures like bacterial spots and mildew,
indicating that a multiclass infection severity model is a
promising research direction. In this work, we propose the
generation and use of a synthetic dataset and the You
Only Look Once (YOLO) algorithm to create a valuable
model for professionals in wildlife conservation, forestry,
or environmental sensing robotics. To the best of our
knowledge, it is the first work on a publicly available ash
dieback leaf disease dataset generated with expert inputs
and feedback by mimicking and diversifying the available
samples in Unity from scratch.

II. RELATED WORK
A. ASH DIEBACK SYMPTOMS
Ash dieback causes a rapid decline in the health of ash
trees, particularly in young trees and saplings. Key symptoms
include necrotic patches on leaves, brown midribs, leaf
discolouration, wilting, and tip dieback of branches. As the
disease progresses, it extends along stems and branches,
leading to canopy dieback. Dark, diamond-shaped lesions
may appear on the trunk at branch junctions, eventually
disrupting the tree’s fluid supply or weakening the trunk

through drying and cracking. The best time to identify
ash dieback is from June to September to avoid confusion
with seasonal changes [9]. There are many symptoms that
can indicate the presence of chalara, with the initial visual
indicators appearing on the leaves. Necrotic patches develop
on the leaves and spread, whilst the midrib of the leaves
slowly turns brown, and the natural green colour of the leaves
shifts to yellow and brown [10]. These patches can also
appear individually on the leaves, resembling brown spots
that often extend into the leaf rachises (leaf stalks) [11].

B. CROWN-LOSS DETECTION
Recent research has explored methods for identifying ash
trees infectedwith chalara by detecting crown loss, a common
indicator of late-stage disease. High-quality aerial satellite
imagery [12], [13] and real-time crown loss estimation
models using UAV imagery and object detection have been
developed [14], [15]. Another similar work with aerial
imagery investigated structure from motion data to identify
ash dieback at the crown loss level [16]. Other studies
have investigated chalara detection using hyperspectral image
clustering [17], [18] and combining aerial hyperspectral
imaging and LiDAR for emerald ash borer detection [18].
LiDAR is also increasingly used in forest health monitoring
for 3D information collection and individual tree segmenta-
tion [19]. However, to the best of our knowledge, there is
currently no open leaf-level ash dieback dataset or severity
level estimation framework available in this context.

C. USE OF UAVS
UAVs are increasingly used for environmental applications
such as agricultural sensing and plant health monitoring [20],
[21]. Advances in image resolution, data collection, deep
learning, and GPU capabilities have made UAV-based iden-
tification, classification and segmentation tasks feasible and
efficient [22]. Applications include seed planting [23], inva-
sive plant monitoring [24], and wetland management [25].
UAVs can be equipped with various sensors to collect specific
types of data [26] and can perform leaf-level information
gathering and sample collection via perching [8], [27], [28].
Prior work has demonstrated UAV-based forest topology
sensing, leaf sample collection, leaf infection detection, and
crown loss estimation [8], [29]. However, most aerial imaging
studies related to this problem have focused on ash dieback
symptoms at the tree level [3], [14]. In this work, we extend
the applicability of UAV-based sensing to the detection and
classification of ash dieback, specifically at the leaf level.

D. OBJECT DETECTION
Detecting leaves with ash dieback symptoms using UAVs
is an object detection task. Traditional methods relied
on hand-crafted feature extraction [30], [31], [32], but
convolutional neural networks (CNNs) have yielded more
successful models [33], [34]. CNNs learn multi-level spatial
features and outperform traditional methods [35], [36]. There
are two main CNN-based approaches for object detection:
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two-stage models (e.g. R-CNN) and single-stage models
(e.g. YOLO, SSD) [37], [38], [39]. Single-stage models
are faster, while two-stage models tend to have higher
accuracy [38], [40]. Both have been applied to object
detection in UAV-based footage with reasonable speed and
high accuracy [8], [41]. Detecting chalara early at the
leaf-level is ideal for minimising its spread. Existing work
on leaf detection uses computer vision [42] and combines
segmentation and classification with CNNs [43]. CNN-based
models achieve high accuracy for leaf disease detection [8],
[44], [45]. However, these methods are trained on datasets
focused on crops (e.g. PlantVillage [46], DiaMOS [47],
BRACOL [47], [48]) and lack specific ash tree leaves or
chalara symptoms. A small dataset of Austrian broad leaf
trees includes 25 healthy ash leaf images [49], but no
extensive ash dieback dataset currently exists. In this work,
we propose a new synthetic dataset to address this gap.

E. SYNTHETIC DATASETS
Generating synthetic data can overcome the limitations of
real datasets, such as time-intensive collection and manual
human labelling [4]. Techniques like ray and path tracing
have improved realism [50], and software like Unity and
Blender enable synthetic image creation. Combining syn-
thetic and real data has been shown to generally boost model
accuracy [6], [14], [51]. In some applications, significantly
more synthetic data relative to real data is needed to achieve
the same training results as with real data due to the lack
of variation in synthetic datasets generated using traditional
methods [5].
We propose a new synthetic dataset and a deep

learning-based methodology that can detect and recognise
ash tree leaves at various stages of chalara infection. Figure 1
shows an overview of our approach. Our framework takes
images and video as input, allowing aerial footage of ash
foliage to be analysed in real-time and with the class of ash
dieback infection displayed. Classes of ash dieback severity
have previously only been distinguished by canopy loss [52];
by the time that crown loss is evident on ash trees, the
severity of the chalara infection is likely past its early stage.
Our dataset is available from Zenodo1 and the associated
detection framework is available from GitHub.2

In this work, our model detects multiple classes of
leaf-level ash dieback infections, presenting a novel chalara
risk detection tool that could be used alongside existing
canopy loss estimation platforms. Since our goal is to identify
infections in real-time, we leverage a single-stage YOLO
detection model to ensure fast inference times. It is hoped
that this work could be helpful for conservationists and future
research in this area, with the goal of efficient ash dieback
detection and consequent action to slow the spread across the
UK and all over the world.

1https://zenodo.org/records/13964157
2https://github.com/AerialRoboticsGroup/Leaf-level-Ash-Dieback-

Disease-Detection-and-Online-Severity-Estimation

III. OVERVIEW AND APPROACH
A reliable dataset of leaf diseases is essential for accurate
detection using deep learning-based models. To address
this, we propose a new dataset for ash dieback detection.
In contrast to previous work on real and synthetic datasets
summarised in the former section, our dataset considers ash
leaves at various infection levels. In addition, we exploit
synthetic data to facilitate model training. A key aspect of
our approach is a method for synthetic data generation based
on expert input, which enables training an accurate detection
model for this problem.

Knowing the chalara severity during detection is important
for assessing the disease risk and informing the appropriate
treatment procedure for the tree. To this end, we define
three classes for disease detection: (i) healthy, (ii) early-
stage, (iii) mid-stage foliar infection, as shown in Table 1
together with late-stage infection indicators. We developed
this taxonomy based on the literature, as well as images and
explanations from experts at Forestry Research. In particular,
early-stage infection is indicated by dark speckles and early
vein structure invasion, and mid-stage infection demonstrates
significant discolouration and signs of rachis infection [11].

FIGURE 1. Our framework for ash dieback detection. First, we generate a
dataset for ash dieback to train a deep learning-based detection model
(YOLO). We supplement real data with synthetically generated disease
images. We conduct ablation studies to validate our model choices for
accurate disease detection and finally deploy it on real UAV imagery.

Fig. 1 summarises the organisation of the approach and
each block is indicated with colours and addressed in
separate sections. Building the dataset block is explained
in Section III-A, dataset processing is explained in
Section III-B, the model training block is given in
Section III-C1 and the evaluation block is explained in
Section IV.

A. BUILDING A DATASET
To create this dataset, we designed a synthetic forest
environment with the Unity simulator with ash treesmodelled
at various stages of infection. To simulate as accurately
as possible, high-quality tree textures at each stage were
required. These can be extracted, colour corrected to reduce
brightness and then overlaid to the ends of branches.
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TABLE 1. Infection classes for leaf disease detection.

The leaves were placed in a generally flat orientation,
perpendicular to the main trunk of the tree, in order to copy
the look of a sapling tree. We simulated a sapling tree as this
was sufficient for generating images of the ash leaves, while
a larger, more complex tree might obstruct the view of certain
leaves.

FIGURE 2. Young ash tree with healthy leaves, synthetically generated in
unity.

A preliminary image of the generated tree can be seen
in Figure 2, with healthy ash leaves added. The textures
used were that of healthy, early-stage infection and mid-
stage infection, as seen in Figure 3. Late-stage infection,

like that described in Table 1, differs significantly from the
other infection levels in the shape, colour, and orientation
of the leaves. Consequently, this class of infection could
not be accurately modelled in a way that aligned with the
literature or the images provided by the Forestry Research
team. Therefore, we decided to limit the classes to only the
first 3 levels: Healthy, early-stage and mid-stage infection,
as these generated images closely resembled real ash
leaves. After evaluating the types of real datasets available,
we considered two options: either retaining the background
or removing it to isolate the leaves. We decided to retain
the background, like the images in the DiaMOS dataset [47],
to emulate the environment that real aerial footage might
capture.

FIGURE 3. Three selected examples of leaf textures used to create the
leaves in Unity, including healthy (left) [49], early-stage infection (middle)
and mid-stage infection (right) leaves (both acquired from email
correspondence with Forest Research experts).

We created an initial dataset consisting of 50 leaf images
from each class. These images were generated by pho-
tographing leaves at a single focal point on the tree, iteratively
varying the angle and lighting. The image processing,
detailed further in Section III-B1, required the images to be
simple enough for clear separation of the foreground (leaves)
and background. However, the initial images contained too
many overlapping leaves, making it challenging for computer
vision techniques to distinguish individual leaves. To address
this issue, we enhanced the depth of field to focus on the
leaves and altered the perspective to capture the leaves from
a closer range. Each image now features a single stem with
approximately 3-6 fully visible leaves as the main focus.
This adjustment was applied to the leaves of each class,
and examples from the final dataset are shown in Figure 4.
Samples from this dataset were sharedwith Forestry Research
experts for feedback and class confirmation. The final dataset
comprises 15,000 images, evenly distributed with 5,000
images for each infection class.

FIGURE 4. Three sample images of the full dataset from Unity, healthy on
the left, early-stage infection in the centre and mid-stage infection on the
right.
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B. DATASET PROCESSING
The dataset creation involved several stages: pre-processing,
augmentation, labelling, and conversion into a format
compatible with the YOLOmodel. For many object detection
models, such as YOLOv5, the required format includes
each image and a corresponding annotation text file. This
file contains a numerical value representing the class of
the object, along with the coordinates of the bounding box
around the object, in the following order: x_centre, y_centre,
width, and height. Initially, all images in the dataset were
labelled. Given the nature of dataset generation, this process
was straightforward: the first 5,000 images represent healthy
leaves, the next 5,000 early-stage infections, and the final
5,000 mid-stage infections. Image IDs, their corresponding
labels, and their location paths were stored in a data frame
to facilitate random shuffling and splitting into training,
validation, and test sets. The split was 70% training (10,500
images), 15% validation (2,250 images), and 15% testing
(2,250 images). Given the relatively large dataset size,
allocating 70% for training ensures computational efficiency
while maintaining representativeness across the training,
validation, and test sets.

1) IMAGE PROCESSING
To generate the bounding box information required for the
YOLO format, the leaves in the images had to be extracted
and enclosed within bounding boxes. A bounding box is
a simple rectangle that closely encompasses the object of
interest. The initial goal was to place bounding boxes around
all the fully visible leaves, which typically resulted in 3-6
bounding boxes per image. The first step was to separate
the main leaf structures from the background, producing a
binary image with a black background and white leaves.
The original RGB images were processed using k-means
clustering to retain only pixels with intensities close to the
darkest colour present. The images were then converted
to the LAB colour space, excluding the ‘luminosity’ (L)
component and focusing only on the A and B channels.
Minimal frame blurring was then applied, followed by Otsu’s
thresholding method on both channels. This technique min-
imises intra-class intensity variance, effectively converting
the images into binary format [53]. Closed contours in
the mask were filled, resulting in clearly separated masks.
We employed various imagemanipulation strategies to ensure
that individual leaves formed distinct contours. In addition,
we used morphological transformations, such as dilation
and erosion. Dilation involves convolving the image with
a kernel to enlarge the main contours, while erosion thins
the contours by computing a local minimum over the kernel
area. Although these methods worked for some images, the
variety of angles and overlapping leaves in many dataset
images often prevented proper isolation of individual leaves,
as shown in Figure 5.

We also used the watershed algorithm to separate the
leaves, with the intention of estimating the centre of the main

FIGURE 5. Example of 3 iterations of erosion (right) on the binary mask
of an image from the dataset (left).

leaves by applying a distance transform [54]. An example of
this applied to one of the images can be seen in Figure 6.
However, it is evident that each leaf is not completely
separated. Relying solely on these strategies would have
led to incorrect segmentation across the dataset, resulting in
inaccurate bounding boxes.

FIGURE 6. Example of the watershed algorithm applied to an image from
the dataset (left). The outcome of the distance transform (middle) and the
resulting image segmentation (right) can be seen.

Following these insights, we adjusted our approach so
that instead of treating individual leaves as the primary
objects, we applied a single bounding box to the main
cluster of leaves present. The dataset was designed such that
all leaves in each image shared the same label, allowing
the model to potentially learn the shape and compound,
pinnate pattern of ash leaves as a group. One significant
advantage of this strategy was that it avoided the need to
manually draw boxes around each leaf, a process that would
have been extremely time-consuming given the scale of the
dataset. However, grouping all leaves as a single large object
introduced challenges, such as increased visual variation
between images and a more complex nature for the detected
‘object’. This variation was less pronounced when individual
leaves were annotated. After training the model with these
larger bounding boxes, testing on real video footage showed
that the model often produced bounding boxes much larger
than the actual leaf clusters, sometimes occupying most of
the frame. This issue likely arose because the model learned
to associate large bounding boxes with correct predictions,
as this was the pattern it had been trained on. As a result,
the dataset was reconstructed to reduce the size of the initial
bounding box annotations, aiming for more accurate leaf
detection.

2) BACKGROUND ADDITION TO DATASET
To address the issue of overly large bounding boxes,
we modified the initial dataset so that the objects of interest
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no longer occupy the majority of the image. First, a series
of suitable background images were captured from a location
with an abundance of ash trees. Next, a collection of images
featuring ash foliage was taken to replicate the environment
that an aerial robot might encounter when identifying ash
dieback. Each image in the dataset was then resized, padded,
and randomly placed onto one of the background images.
The initial backgrounds of the smaller images were removed
during this augmentation process. Because the original
images already contained varying angles, no additional
rotation was applied, only random translation. However,
initial tests showed poor model performance when the
original backgrounds were left intact. This was possibly due
to the model detecting the sharp, square shape around the
smaller masked images, as shown in Figure 7. The new
dataset is no longer entirely synthetic, as the backgrounds
are now real images and will partially appear within the
bounding boxes. Using real, suitable backgrounds is likely
more beneficial than generating synthetic ones, as it provides
training images that more closely resemble future aerial
footage.

FIGURE 7. Example of augmented dataset images with the initial
background (left) and added synthetic sample (right).

3) BOUNDING BOXES AND ANNOTATION
A binary mask of the reduced and translated original image,
created after separating the foreground and background,
was used to identify the leaves and correctly position a
bounding box. The contours of this mask were sorted by
size, with the largest contour corresponding to the extracted
leaves. A bounding box was then placed around this contour,
and the coordinates were converted to the YOLO format.
However, a challenge with this approach was that some
images contained leaves that were not entirely in the frame,
resulting in many images featuring partial leaves alongside
complete ones. The implications of this are discussed in
Section IV-C. After this step, all new images in the dataset
were sorted into either the training, validation, or test folders.
Each image was accompanied by a text file of the same
name (image ID) containing class labels and bounding box
information, preparing the dataset for the YOLO training
process.

C. MODEL TRAINING
Our pipeline is agnostic to the model used for leaf detection.
As a demonstrative use-case, we employ the YOLOv5
for both training and evaluation against the synthetic test
data. We found that single-stage detector models, such as

those using the YOLO algorithm, deliver high accuracy and
precisionwith faster inference times.While two-stagemodels
often outperform single-stage ones, the lower computational
requirements of a model like YOLO make it more suitable
for mobile or smaller devices. This is particularly valuable for
conservation work, where real-time detection could enhance
fieldwork efficiency. Our former work also used the tiny
YOLOv3model [8], training on a dataset of 6,000 images and
achieving high mAP scores on their test data. This influenced
the decision to use a YOLO model in this study, along with
the opportunity to explore a more recent version and a larger
architecture.

1) YOU ONLY LOOK ONCE (YOLO) MODEL
The YOLO algorithm is widely recognised in the fields of
computer vision and machine learning as a fast and accurate
single-stage detector. It divides the input image into an S × S
grid and approaches object detection more like a regression
task than a classification task [39]. Each grid cell predicts the
object presence and bounding box properties. If the predicted
bounding box values exceed a specified Intersection over
Union (IoU) threshold, they are displayed [55]. The object
score and class probability are calculated using the binary
cross-entropy loss with logits, a loss function from PyTorch.
This loss function plays a crucial role in teaching the model
to accurately identify ash leaves at each infection stage, the
equation is provided in (1).

λcoord

s2∑
i=0

B∑
j=0

Mobject
ij

[(
xi − x̂i

)2
+

(
yi − ŷi

)2]

+ λcoord

s2∑
i=0

B∑
j=0

Mobject
ij

[(
√
wi −

√
ŵi

)2
+

(√
hi −

√
ĥi

)2
]

+

s2∑
i=0

B∑
j=0

Mobject
ij

(
Ci − Ĉi

)2

+ λnoobject

s2∑
i=0

B∑
j=0

Mnoobject
ij

(
Ci − Ĉi

)2

+

s2∑
i=0

Mobject
i

∑
c ϵ classes

(
pi(c) − p̂i(c)

)2 (1)

where B is the number of predicted bounding boxes in each
grid cell, s is the number of cells in the image, c is the
class prediction for each grid cell and p(c) represents the
confidence probability. λcoord and λnoobject are the weights
to decide the importance of localisation against recognition
during the training. In this equation, any box j of cell i,
xij and yij represent the coordinates of the centre of the
anchor box. The variable h gives height, w gives the width
of the box, M denotes if an object appears in a grid cell and
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C provides the confidence score [55]. The architecture for
the YOLOv5 consists of a backbone, neck, and head. The
backbone contains a CNN that aggregates image features at
various granularities, the neck consists of many layers that
mix image features and combine them for the prediction
phase, and the head uses the features to begin the class and
bounding box prediction stage.

The main activation function used in the YOLOv5 archi-
tecture is the Sigmoid Linear Unit (SiLU) function [56], also
known as the swish function, which nonlinearly interpolates
between the linear function and the ReLU function [57].

In terms of progression, the YOLO models have improved
significantly from the initial one. YOLOv2 performed better
due to the introduction of batch normalisation, as well
as an updated backbone architecture. It previously used
GoogLeNet [58], but replaced it with DarkNet-19 [59].
YOLOv3 updated the network for feature extraction again,
increasing the 19 convolution layers in YOLOv2 to a
53-layered network, called Darknet-53 [60]. This network
outperforms the previously more accurate ResNet-152 net-
work, which is substantially slower and does not use the
GPU as efficiently as Darknet-53. YOLOv4 was a bigger step
up, utilising methods like ‘‘bag of freebies’’, regularisation,
class label smoothing and self-adversarial training to name
a few. YOLOv5 was released soon after v4 and it seems the
main difference is that the anchor box selection process is
integrated into the model. Since 2022, many more YOLO
models have been released including the recent YOLOv11
released in late September 2024. Changes since YOLOv5
include architectural adjustments like the addition of an
‘EfficientRep Backbone’ in YOLOv6 and Extended Efficient
Layer Aggregation Networks (E-ELAN) in YOLOv7 to
increase model performance. The most recent versions
continue to improve incrementally with enhancements like
the ability to reduce model parameters and FLOPs and the
migration to an anchor-free model such that the centre of the
object is predicted, rather than the offset [61]. YOLOv5 was
used in this work since it was the most simple to implement
given the structure of our dataset and its performance on
the benchmarking MS COCO Object Detection Dataset is
sufficiently high [62] to justify the trade off in using a more
recent model. However, this methodology with the synthetic
dataset is agnostic to the object detection model, including
any version of YOLO.

2) TRAINING IN CONTEXT
There are various sizes of YOLOv5 architectures, depending
on the speeds, input image sizes, and the number of model
parameters. In this work, the YOLOv5m model was used so
as to maintain quick inference times and reasonable training
times. Our specific set of model hyperparameters is shown
in Table 2 and most of the default parameters are used in
this work. The larger YOLOv5l was tested too, but this took
much longer to train and produced mAP values that were
very similar to the smaller model. The training was conducted

using a T4 GPU, the batch size was 16, and the model
was trained for 50 epochs. This number of epochs seemed
appropriate since the values of precision and mAP began to
plateau around the 40 epoch mark. After training, the model
weights were saved as an ONNX file so they could be used
locally in a software environment.

TABLE 2. Main hyperparameters table for the YOLO model training.

IV. RESULTS, EVALUATION, AND DISCUSSION
With our work, we can consider two types of testing. The
mAP, precision and recall values are good indicators of model
performance, but this is strictly measuring how well the 15%
test portion of the synthetic data is being predicted. Since the
dataset is entirely synthetic in terms of the generated infected
leaves, it is critical that we test the model on real images of
ash tree leaves in each of the three classes.

TABLE 3. Results table for the synthetic data test.

A. SYNTHETIC TEST RESULTS
The model produced high mAP values on average over all the
classes, at 0.963 when averaged over different IoU thresholds
from 0.5 to 0.95. The values seen in Table 3 are the results
from the best epoch; throughout the training, the weights
of the current best model are saved iteratively. Precision is
useful to know in this context since it measures how many
of the predictions made by the model were correct. Recall,
however, is more about measuring how well the model can
detect positive samples. The average precision is the area
under the precision and recall curve, and so the mAP is
the average of AP. These three metrics improved over the
50 epochs of training. The loss values for class, object and
bounding box sharply decrease in the first 5 epochs and
continue to decrease at a slower rate. Class loss and object
loss plateau more so than object loss and are also lower
throughout the training process, indicating that binary cross
entropy loss is consistently the largest contributor to the total
loss. The confusion matrix seen in Figure 8 indicates the
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model was able to consistently identify the right labels for
both healthy and low-level infection leaves, and with slightly
less success for the mid-level infection leaves. Whilst this
confusion matrix is encouraging, it is only demonstrating the
success of the model on the synthetic dataset and it is likely
that this strong correlation would not be observed on a test set
of real leaves.

FIGURE 8. Confusion matrix of the model using the test dataset.

B. REAL TEST RESULTS
In order to evaluate the ability of the model to recognise
leaves and make predictions on real videos of leaves,
we acquired real video footage of ash leaves, e.g. shot from
an aerial robot in close proximity to tree foliage. The details
on the aerial robot vision pipeline can be seen in [14]. To test
our proposed framework, we integrated them into a DJI Tello
UAV,which is a palm-sized aerial platformweighing less than
250 g. We employed a ground computer to provide internet
connectivity to the UAV, enabling remote data streaming.
Online data streaming and inference were conducted on the
ground computer and we achieved near real-time processing
at approximately 20 frames per second.

We performed the experiments in an area with ash
trees, mainly saplings as these were within reach, recording
multiple videos in the field were taken. A variety of videos
were taken, some with just a few leaves, and some more
complicated ones with lots of foliage, to test how the
detector responds. Videos containing healthy, early-stage,
and mid-stage leaves were also taken, in order to see
whether all three classes can be identified. When these
videos are run through the developed model, the results
are encouraging, there are many detections and they seem
appropriate according to the metric described in Table 1,
though these are observational opinions. Random stills from
various videos were taken, and these were sent to the Forestry
Research experts for their opinion on the infection stage
of the leaves in each frame. The detection results of the
model on these same frames were found, and the results

can be seen in Figure 9. The detector agrees with the expert
opinion on most of the frames, and those that did not align
were only a single class apart. However, our results in the
confusion matrix illustrated in Fig. 8 are inconclusive. Since
the current bottleneck in this research is the lack of real
dataset availability, there is a need to test and validate the
proposed approach with a real dataset.

C. DISCUSSION
The results from the synthetic test set are encouraging, with
high mAP, precision and recall values across all the classes.
The lowest mAP value is 0.922 for mid-stage detection. It is
clear that the model detects healthy leaves the best, and then
the early-stage, followed by the mid-stage. This could be for
many reasons; the healthy leaves are slightly brighter than
the other classes, potentially making them clearer or more
recognisable. There is also less visual variation in the texture
of healthy ash leaves, whilst the symptoms of early and
mid-stage infected leaves can differ more in colour, texture
and placement.We also observe that some of the backgrounds
of the initial leaf images for the mid-stage infection were
not always entirely removed, along with partial leaves being
removed, see Figure 10. We anticipate that this had an effect
during the training and was one of the causes for the lower
precision, recall, and mAP values for this particular class.

Testing the model on videos of real ash leaves was
necessary to understand whether the synthetic dataset can
provide enough detail and information. This is also important
to verify that our pipeline is a useful tool for tackling the ash
dieback problem in real-world scenarios. The small sample of
frames used to cross-check the model’s prediction with that
of the expert is not comprehensive enough to be conclusive
about the model’s performance on real footage, though it
does demonstrate some positive results and that the synthetic
dataset was close enough visually that the model functions
with real data inputs. There is a level of subjectivity worth
considering about the experts’ opinions on the severity of the
leaf infections in Figure 9; it was expressed in their feedback
on these images that some were borderline in their categories
and difficult to label. Images 3, 5 and 11, for example, are
all identified as mid-stage by the detector, perhaps due to
the lighter green foliage making the infection spots more
prominent in contrast. Distinguishing an obvious difference
in the image, for example, image 9 which was labelled
mid-stage by the experts is not a clear-cut task even by
eye. Future research into applying hyperspectral imaging to
provide more information on the appearance and patterns of
infections at different levels could help tackle such issues.

The model tended to pick up at most 5 or 6 leaves in a
frame, and usually only 1. Not all identifications are correct,
but the ones that are untrue usually only differ by one class;
healthy and low-level infection classes seem to bemislabelled
most frequently. This is likely partially due to these two
classes being the most present in the collected videos.
Interestingly, the model most often detects single leaves and
sets of 2 or 3 leaves grouped together, despite the annotations
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FIGURE 9. Comparison of expert opinions of leaf infection stage vs the model’s prediction. The left bar shows the expert’s assessment, right bar shows
the model’s prediction. The bar indicates [healthy, early-stage, mid-stage] of the disease.

FIGURE 10. One of the lower quality images from the dataset, including
partial leaves and some of the background unremoved (left). Incorrect
prediction of mid-stage infection leaves from a distance (right).

of the bounding boxes during training being exclusively
around groups of approximately 5 leaves.We hypothesise that
these single leaves are frequently identified since the model
learned during training that these features were critical to a
correct prediction. The initial aim was to make a leaf-level
infection detector; the model’s ability to predict both single
leaves and small groups of leaves is a positive outcome that
remains useful when detecting ash dieback from aerial level
footage. The model also seems to frequently place boxes
around partial leaves or leaves on the edges of the frames.
This could be because when the background is removed from
each of the generated images, the foreground often contains
both full and partial leaves within the frame. The bounding
box is placed around the main foreground contour, which

frequently includes these partial leaves. It is likely the model
has also learned to associate these with each class label.

A limitation of this model is that it often incorrectly
classifies objects as mid-stage infection leaves when the
video input is zoomed out, and the leaves and foliage are
much smaller, like in Figure 10. Additionally, we observed
that occasionally dead leaves or those in the late-stage of
infection were also detected as mid-stage. These misclassi-
fications may be due to the similar texture of the mid-stage
infection leaves and that of dark, small or late-stage infected
leaves. In terms of the detection of other leaf species, it was
unusual for the model to predict the healthy or early-stage
classes, however, some instances of mid-stage infections
were predicted. The addition of more textural samples of
mid-stage infection leaves to the generated dataset would
likely improve the model’s performance, along with the
addition of real images to train on.

The model could place multiple bounding boxes at a time.
These were often correct, and the placement and size were
frequently true to the leaves being detected. The detector also
worked in different lighting conditions and tested on videos
from both a very sunny and a more overcast day. The variety
of lighting and angles provided in the generated dataset meant
that leaves could be detected from different viewpoints and in
shady areas as well as bright ones. The next step in regard to
testing the performance would be to collect a larger sample
of frames for expert opinion comparison. To fully assess the
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generalisability of the model, our future work aims to test it
on a real dataset created with support from field researchers.

D. COMPARISON DISCUSSION
The PlantVillage is a popular dataset for leaf disease
detection, comprising of roughly 54,000 high-quality images
that capture a range of health states and diseases across
various crop species [46], [47]. Despite its extensive scope
and quality, the dataset is unsuitable for our research as
it does not include ash leaves. Furthermore, the images
in PlantVillage feature individual leaves set against plain,
uniform backgrounds. This poses a challenge for real-world
applications where the backdrop is often complex, involving
varied colours, textures, and overlapping leaves.

The DiaMOS plant dataset comprises approximately 3,000
leaf images and 500 fruit images from pear plants. These
images display a range of symptoms, including spot, curl,
and slug infestation, in addition to healthy leaves. However,
it is important to highlight the dataset’s class imbalance: over
2,000 images pertain to slug infestation, while leaf curl is
represented by a meagre 54 images [47]. Training a model
on this dataset would disproportionately excel at detecting
slug infestation at the expense of other conditions. To address
this issue, the original DiaMOS study employed data aug-
mentation techniques [47]. Another distinctive feature of this
dataset is that it incorporates different severity levels, gauged
by the infected leaf area percentage. Uniquely, the images
are captured in situ, encompassing varied lighting conditions,
angles, and complex backgrounds. This contextual diversity
provides an edge for real-world applicability, as the model
becomes acclimated to conditions closely resembling actual
pear leaf environments.

The BRACOL dataset centres on the Coffea arabica plant,
featuring close to 2,000 leaf images that depict diseases such
as brown leaf spot, leaf rust, and leaf miner [47], [48]. While
smaller in scope compared to datasets like PlantVillage,
BRACOL’s focus on a single plant species lends it specificity
for targeted disease detection. However, its utility is curtailed
by the choice of awhite, homogeneous background for all leaf
images, a limitation it shares with the PlantVillage dataset.
This design decision hampers the model’s performance
in naturalistic settings where leaves are viewed against
diverse backgrounds. Other datasets like the plant pathology
dataset and the Citrus dataset both specialise in fruit tree
leaf infections but diverge in their imaging approaches.
Specifically, the plant pathology dataset captures leaves in
their natural habitat, enhancing its ecological validity for
real-world applications [63]. In contrast, the Citrus dataset,
akin to PlantVillage and BRACOL, opts for monochro-
matic backgrounds, potentially limiting its generalisability
[47], [64].

Apart from the expansive PlantVillage dataset, most
available datasets are notably smaller in size. This limitation
is understandable given the considerable time and expertise
required to amass and accurately label thousands of leaf

images. However, the availability of large, high-quality
datasets is instrumental for training robust models. Moreover,
the specificity of the data–in terms of both the leaf species
and the targeted disease–is critical. While many leaf diseases
exhibit overlapping symptoms, models trained on precise and
specific datasets are likely to yield the most reliable and
accurate results.

The TensorFlow ‘plant_leaves’ dataset comprises of 4,502
high-quality images spanning 12 distinct species [65]. Each
image features a centrally-placed leaf or leaflet against a
dark, uniform background. The dataset is rich in diversity,
capturing a range of healthy leaves as well as various disease
symptoms like spots and necrotic sections, which are also
indicative of ash dieback. Future research on ash dieback
could leverage this general leaf dataset as an initial training
ground for a potential generative model. Because of having
similar features, it is also possible to make use of the
‘plant_doc’ dataset [66], a comprehensive collection of 2,598
images that cover 13 plant species and 17 disease categories,
for our comparison studies.

The creation and annotation of extensive datasets for
machine learning are both labour-intensive and potentially
costly endeavours, particularly when expert labelling is
required for specialised data. Synthetic data generation
presents a viable alternative to alleviate these challenges by
enabling the creation of large, customised datasets without
manual labeling [4]. However, for visual tasks like disease
detection, additional metadata such as bounding boxes may
still be necessary for effective training. Automating this
aspect can mitigate some costs but also presents challenges.
The primary obstacle in the usage of synthetic data lies in
generating photorealistic models and textures that accurately
represent both healthy and diseased leaves, a task that
currently defies easy automation.

Even though there are many ways of generating pho-
torealistic synthetic samples and synthetic datasets are a
valuable training resource, it remains essential to validate
model performance on real-world data in addition to synthetic
test sets.

Recent studies indicate that combining real and artificial
image data can significantly improve model accuracy [6],
[51], while the exclusive use of synthetic data also holds
promise [4]. For instance, [5] explored this approach in
the context of urban and traffic scenes, finding that the
inclusion of synthetic data alongside real images enhanced
the model’s performance. Moreover, their results suggest that
a substantially larger volume of synthetic data is needed to
achieve comparable performance when real data is not part
of the training set. Given the limited availability of ash tree
dieback-specific images, our new synthetic dataset presents a
valuable asset for advancing research in this domain.

It would be beneficial to collect a substantial amount of
real data to add to the generated synthetic dataset; many
studies demonstrated that a combination of real and generated
data yields good results [6], [51]. Various augmentation
techniques could even be applied to the real data collected
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to further expand the number of images to train on.
Alternatively, a smaller amount of pictures could be taken
to collect more textures for the leaf generation process in
Unity. This would have the effect of diversifying the dataset
further, which would be expected to improve the prediction
performance, especially for the more complex mid-stage
infection class. Taking more images of late-stage infected
leaves and changing the modelling method in Unity could
also make incorporating this class into the detector possible.
This extends the applicability of our tool.

The Forestry Research experts consulted during this work
provided insight into symptoms and developmental patterns.
It was explained that a large proportion of symptomatic leaves
are prematurely shed at various stages of infection. Future
work could perhaps explore this point further, and whether
ground evaluation to identify fallen infected leaves as well as
those present in the canopy could help identify trees in the
early stages of ash dieback.

V. CONCLUSION
In this work, we introduce a synthetic image dataset to train
a detector for recognising and identifying ash tree leaves at
various stages of infection. The multiclass dataset of infected
ash leaves is novel in that it is the only dataset of its kind with
accompanying annotations and a large number of images,
sufficient for training a deep convolutional neural network.
The model built is capable of being used on real videos of
ash leaves despite being trained on solely synthetic data. The
detector enables assessing the infection severity of ash leaves
that are suffering from chalara, a tool that does not currently
exist to the best of the authors’ knowledge. We evaluated this
model using real video images. Although our study is not
extensive, it shows promising results and validates the value
of our contribution in the area of tree health monitoring using
aerial robotics.

A. FUTURE WORK
The results of this work are encouraging considering
the small, but still noticeable gap, between synthetically
generated leaf images and real ones. There are many avenues
worth exploring in future work to improve the performance
of this tool on real aerial footage of ash dieback leaf
infections. In future work, we intend to close this gap between
the synthetic leaf images and real ones using generative
adversarial networks (GANs) or diffusion models. We expect
this to improve the results of the model when retrained
on more realistic images. We are also exploring potential
ways [67] to segment the diseased leaves at a finer scale.
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