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ABSTRACT While machine learning (ML)-based crop disease classifiers mostly targeted individual leaf
images, real-world applications require disease classification on in-field foliage images. Since properly
annotated disease foliage image datasets are scarce for ML model training, it is desirable to generate large,
annotated foliage image datasets with primary crop disease categories to effectively train and evaluate
state-of-the-art (SOTA) crop disease classifiers on foliage images. This paper introduces a structure-based
framework that generates crop foliage images utilizing available datasets of individual leaf images, termed
Foliagen. Foliagen follows structural characteristics and diseased leaf distributions of natural plants to
generate the foliage image datasets of arbitrary sizes, instead of employing a generative artificial intelligence
(AI) approach, which usually produces ill-structured foliage images and is ineffective for model training.
Being annotated by design, such generated datasets are valuable for 1) augmenting often scarce diseased
foliage images for effective SOTA classifier training and 2) pre-training SOTA classifiers for in-field diseased
foliage image classification after fine-tuning themwith a handful of in-field images. The Foliagen framework
is exemplified by generating foliage image datasets for soybean and tomato. Our evaluation shows that
1) training classifiers on a combination of our generated dataset with a small portion (say, 5%) of an available
natural foliage dataset achieves up to 98% accuracy when evaluated on the natural foliage dataset and
2) classifiers pre-trained on our dataset can be fine-tuned via a few natural foliage images to achieve high
classification performance. Foliagen is effective in foliage image generation for in-field applications.

INDEX TERMS Classifier training, crop leaf images, disease image classification, image generation,
machine learning.

I. INTRODUCTION
Crops have been indispensable to human civilization since
its inception, serving as fundamental sources of food,
medicine, clothing, shelter, etc. According to the Food and
Agriculture Organization (FAO), however, crop diseases cost
approximately $220 billion annually in the world [1], with
soybean alone accounting for a loss up to $3.9 billion USD
in the USA [2]. They usually show prominent symptoms,
manifesting themselves as changes in the soybean’s leaf
appearance and/or shape. For example, rust in soybean
exhibits small, pale green to yellow spots on the upper surface
of leaves (see Figure 1(a)). Many crop disease categories
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possibly exist as illustrated in Figure 1, and early disease
diagnosis makes it possible to apply proper measures at
the onset of diseases for curbing damage they may cause,
retaining crop yields as best as possible.

Instead of relying on experienced farmers for disease iden-
tification, machine learning (ML) has been adopted [3], [4],
[5], [6], [7], [8], [9] to classify soybean and tomato diseased
leaf images with success. State-of-the-art (SOTA)MLmodels
automate disease classification through training on large
amounts of diseased and healthy leaf images. As exemplified
in Figure 1, quality images of individual diseased soybean
and tomato leaves exist in public datasets [10], [11], [12]
for model training. Although SOTA ML models exhibit
high classification performance on the existing datasets of
individual leaf images, they lack practicality for in-field
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applications, where sequences of foliage images are usually
captured over areas of interest by the cameras of uncrewed
aerial vehicles (UAVs) for disease identification. Therefore,
accurate automated disease classification on foliage images
is essential for practical applications. It requires a large
volume of high-quality, properly annotated diseased foliage
image datasets for effective training. However, obtaining
such datasets requires highly experienced agronomists with
substantial time and effort to annotate segmented parts
of foliage images for accurate classification, considered
prohibitively expensive and impractical to apply for in-field
applications. To the best of our knowledge, there is just
one annotated soybean foliage image dataset available to the
public, MH-SoyaHealthVision (SHV) [13], and no publicly
available dataset of tomato foliage images exists. Unfortu-
nately, the SHV dataset fails to include many predominant
soybean disease categories (see Figure 7 of Appendix) and
is likely to be inadequate to train an effective classifier
for identifying the diseases at their early stages, since its
images were not captured at the disease onset. While efforts
have resorted to generative artificial intelligence (GenAI)
to generate single-leaf images [14], [15], [16], [17], [18],
none have attempted to produce diseased foliage images.
Diseased foliage image generation remains challenging
for GenAI models, due to (1) a large number of leaves
present within each foliage image and (2) the absence
of sufficient foliage images needed for effective model
training.

This paper pioneers a framework, called Foliagen (short
for foliage gener-ation), for generating agronomist-approved
structure-based [19], [20], [21] crop foliage images by
leveraging available single-leaf image datasets. Foliagen
follows plant structural characteristics and diseased leaf
distributions to generate large foliage image datasets. Each
generated foliage image has a specified rate of diseased leaves
(denoted by γ ), with the rest being healthy. Such generated
datasets are annotated by design, tailored to in-field applica-
tions for foliage image classification. They are valuable for
(1) augmenting often scarce natural foliage images for SOTA
classifier training to get high classification performance,
unachievable solely by the scarce natural foliage images
alone and (2) pre-training general SOTA classifiers for
target farmland applications by employing a small number
of disease foliage images obtained from the farmland (say,
tens of them per disease category) for fine-tuning the pre-
trained ones to exhibit classification performance far higher
than that achievable by the obtained farmland foliage images
alone. The Foliagen framework is exemplified by generating
foliage datasets for soybean and tomato, using the diseased
single-leaf images from ASDID [10], PlantVillage [11], and
Kaggle [12] datasets. Its inputs are (1) disease categories and
(2) γ (the diseased leaves rate of each foliage image). Each
generated foliage image dataset covers nine predominant
disease categories for soybean and tomato (with samples
depicted in Figure 4 and respectively in Figure 7 and
Figure 8 of Appendix). Such datasets enable classifiers to

train for early disease identification when foliage images are
generated at a small disease rate γ (say, 5%).

Our Foliagen framework aims to generate foliage datasets
with specified disease distributions. When foliage images
are generated following the disease distribution of the
SHV dataset (the only known natural foliage dataset),
SOTA classifiers are expected to exhibit similar performance
results on generated foliage images as on SHV images,
as demonstrated in Section IV-A. Diseased foliage datasets
are inherently scarce, usually with limited numbers of images
and disease categories, due to the high cost and lengthy
time of skilled agronomists involved in various farmlands
for dataset creation. Fortunately, generated foliage images
can serve to augment often scarce natural foliage images
for classifier training to get high performance, as illustrated
in Section IV-B. In addition, generated foliage images can
pre-train classifiers for target field applications after they
are easily fine-tuned for high classification performance,
as revealed in Section IV-B. Classifiers so pre-trained learn
the abstract features of diseased foliage images under various
disease categories, making it possible to adapt soundly for
classifying the real-world foliage images accurately. Hence,
Foliagen facilitates the generation of diseased foliage image
datasets for any crop, enhancing the performance of crop
foliage disease classifiers for in-field applications, even when
only a limited amount of annotated field foliage images
is available. The overall contributions of this paper are
summarized as follows:

• The Foliagen framework is introduced for generating
properly annotated crop foliage image datasets by
utilizing public datasets of individual leaf images.
Datasets so generated can be arbitrarily large, properly
annotated, and aimed to cover various crop disease
categories common in the field and to target early
disease identification by setting a small disease rate γ

(say, 5%).
• Foliagen is demonstrated by generating foliage image
datasets for soybean and tomato, where the generated
soybean datasets are used to (1) augment the scarce
natural foliage images available (say, tens of them per
disease category only) for training SOTA classifiers,
resulting in significantly improved performance when
compared to training on scarce natural foliage images
alone.

• We demonstrate that generated foliage image datasets
can pre-train a general model for crop disease classifica-
tion, so that the pre-trained model can then be fine-tuned
by a small number of natural foliage images obtained
from the field to lift performance when applied to field
applications, as a result of transfer learning.

II. RELATED WORK
A. PLANT LEAF DATASETS
Various plant leaf datasets are available to the public, with
some covering a variety of plant species each [11], [22], [23],
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[24] and others being plant-specific [10], [12], [13], [25]
(all datasets detailed in A. Specifically, PlantVillage [11],
FieldPlant [22], PlantSeg [24], and PlantDoc [23] cover a
variety of plant species each. PlantVillage, FieldPlant, and
PlantSeg all contain expertly curated diseased single-leaf
images, with the first one captured in a laboratory-controlled
environment, the second one obtained in real-world envi-
ronments, and the third one being internet-sourced to suffer
from heterogeneous quality and inconsistent scales. PlantDoc
involves single-leaf images across 13 species downloaded
from the internet without quality annotations. On the other
hand, several plant-specific single-leaf image datasets are
publicly available, including the Auburn Soybean Diseased
Image Dataset (ASDID) [10], a soybean single-leaf diseased
dataset fromKaggle [12], and the TomatoVillage dataset [25].
ASDID contains individual soybean leaf images captured in
a laboratory-controlled setup and covers 7 disease categories,
whereas the soybean dataset from Kaggle involves 9 disease
categories. The TomatoVillage dataset includes individual
tomato leaf images captured in real-world settings, covering
9 disease categories. All of the aforementioned datasets
contain single-leaf images, limiting their applicability to
real-world disease foliage classification.

To the best of our knowledge, only one publicly
available diseased foliage image dataset exists, MH-
SoyaHealthVision [13], which was collected using a
UAV-mounted camera over soybean fields. However, it covers
only two disease categories, whereas in practical agriculture
settings, a wider range of diseases must be considered.
The acquisition of high-quality foliage images with expert
annotations is both costly and time-consuming, leading to
the scarcity of diseased foliage datasets. Therefore, there is
an urgent need for inexpensive and fast solutions, such as our
Foliagen, to advance research in real-time diseased foliage
image classification, whether deployed at fixed stations or on
edge devices.

B. GENERATION METHODS
Simple copy & paste methods have been utilized to augment
image data [26], [27] for improving object detection [28],
image classification [29], and instance segmentation [30],
[31], [32]. Separately, a probabilistic model of DDPM [33],
and a statistical model [34] were developed to generate
crop foliage images, with their generated images usually
ill-structured and clearly different from those captured in a
crop farm field.

Various generative AI (GenAI) models exist for leaf
data generation and augmentation [14], [15], [16], [17],
[18], [24], [35], [36], [37], [38], [39], [40]. For example,
RDCGAN [39] combines Deep neural networks (DNNs)
with Generative Adversarial Networks (GANs) for unsu-
pervised representation learning. Similarly, PixelCNN [38]
autoregressively models image distributions using masked
convolutions to capture spatial dependencies. They either
generate only single-leaf images or produce foliage images

that are structurally different from real ones. GenAI models
like Pixel-CNN [38], RDCGAN [39], and DDPM [33] fail
to generate realistic diseased foliage images due to a lot
of leaves per image and insufficient training data. Their
outputs differ starkly from UAV-captured field images (see
Figure 10 and Figure 11 of Appendix), necessitating Foliagen
for effective disease classifier training.

C. CROP LEAF DISEASE CLASSIFICATION MODELS
Automated disease classification studies have been con-
ducted lately based on the aforementioned publicly available
datasets, plus certain privately collected datasets, to exhibit
impressive classification outcomes [3], [4], [5], [6], [7], [8],
[9], [41], [42]. For example, standard CNN-based models
were employed to classify single-leaf images [10]. Enhanced
DenseNet121 [9] relied on transfer learning to classify
individual soybean leaf images. A conditional generative
adversarial network (C-GAN) was applied [3] to synthesize
individual tomato diseased leaves, on which DenseNet121
[43] achieved good classification performance.

Attention mechanisms [6], [7], [8], [44], [45], [46], [47]
have been proven effective for leaf classification, where leaf
colors and shapes are key features of interest [5], [8]. Swin
Transformer [46] introduces a hierarchical segmentation
along with the vision transformer to implement shifted
windows for capturing main features. CBAM-ConvNeXt [8]
employs both channel attention and spatial attention plus
ConvNeXt [48] to classify the individual soybean leaf
images.

While exhibiting impressive feats, almost all known
studies aim only at classifying single-leaf images, which
have limited application for real-world foliage disease
detection (as described in VII-D). In comparing SOTA
disease classification models under foliage image datasets,
we chose VGG19 [49], ResNet50 [50], DenseNet121 [43],
Swin Transformer [46], and CBAM-ConvNeXt [8] as rep-
resentative models for comparative evaluation, with their
results in Tables 1-4.

III. METHODOLOGY
The Foliagen framework generates diseased foliage images
out of available single-leaf diseased images for the classifica-
tion of diseased foliage images for (1) objectively evaluating
known and future crop disease classifiers when deployed
for in-field applications and (2) pre-training general crop
disease classifiers, which can be tailored for specific fields
with high classification performance after fine-tuned by a
small number of annotated foliage images gathered in those
fields, as the result of transfer learning. Instead of employing
a GenAI model, which usually fails to produce foliage
images resembling those gathered from crop farm fields
by cameras, Foliagen follows plant structural characteristics
and diseased leaf distributions to generate the annotated
foliage image datasets of arbitrary sizes, useful to train AI
models aimed at real-world crop disease classification. It is
exemplified by generating foliage images of soybean and
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FIGURE 1. Single-leaf images of soybean (a)-(e) and tomato (f)-(j), (f)=(j), with SDS, CLB, and TSSM denoting Sudden Death Syndrome, Cercospora
Leaf Blight, and Two Spotted Spider Mite, respectively. (All single-leaf disease categories for soybean and tomato are shown in Figure 5 and Figure 6
of Appendix, respectively).

FIGURE 2. Overall foliagen.

tomato, leveraging three publicly available individual-leaf
image datasets, ASDID [10], a Kaggle dataset [12], and
the PlantVillage dataset [11], which are detailed in III-A.
Note that the above three datasets were chosen from
several considered datasets (discussed in II-A) due to their
large numbers of well-annotated images, with high fidelity
and clarity. Single soybean leaf images are preprocessed
(as described in III-A) before being utilized by Foliagen
to generate diverse sets of foliage images for evaluating
known classifiers objectively. Such an image preprocessing
has been proven to be effective for image segmentation
and object detection data augmentation [28], [30], [31].
In addition, known classifiers, after being pre-trained by
generated soybean foliage images, are fine-tuned via a small
fraction (say 5%) of images from the real-world foliage
dataset of MH-SoyaHealthVision (SHV) [13] to achieve
improved performance when classifying soybean foliage
images captured from the farm fields.

A. DATA COLLECTION AND PRE-PROCESSING
1) SOYBEAN
A total of 10,722 high-resolution single-leaf images covering
7 disease categories, namely, bacterial blight, cercospora

leaf blight (CLB), downy mildew, frogeye, soybean rust,
target spot, and potassium deficiency, from ASDID [10] and
132 images (with 22 for Mosaic Virus and 110 for Sudden
Death Syndrome (SDS)) from a Kaggle dataset [12] were
chosen for foliage image generation. These images feature
diverse and complex natural/artificial backgrounds, which
are undesirable when generating foliage images. Therefore,
we pre-process the images using an open-sourced and AI-
enabled background remover, rembg [51], as shown in the
first stage of Foliagen depicted in Figure 2. Freely available
soybean field soil images are then included in the generated
foliage images as their backgrounds, to emulate the natural
habitat of soybean plants as best as possible.

The only publicly available and annotated dataset of
diseased soybean foliage images, SHV [13], comprises two
disease categories: rust andmosaic virus. The original images
have a very high resolution, and the dataset is imbalanced,
with rust images outnumbering healthy images by a factor
of four, leading to biased predictions favoring the majority
class and consequently reducing the model’s generalizability.
To address these issues, we crop the high-resolution foliage
images into ones with a lower resolution to ensure a
more balanced data distribution and to obtain a total of
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3210 images, comprising 1084 rust images, 1027 healthy
images, and 1099 mosaic virus images, respectively.

2) TOMATO
The single-leaf diseased images of tomato are from the
PlantVillage dataset [11], with 9 primary tomato disease
categories, namely, leaf curl virus, Mosaic virus, leaf mold,
septoria spot, two-spotted spider mite (TSSM), bacterial spot,
early blight, late blight, and target spot, and the dimension
of 256 × 256, some of the disease categories are shown in
Figures 1(f)-(j).

B. FOLIAGEN FRAMEWORK
Foliagen takes pre-processed individual leaf images as input
to generate foliage images with a customizable rate of
diseased leaves. After preprocessing single leaf images for
background removal via rembg [51], it then involves three
generating levels, Leaf Level, Plant Level, and Foliage
Level, as depicted in Figure 2. Each level incorporates
plant-specific information like disease categories, target
disease rate, and inherent leaf structural characteristics,
as denoted by ‘Configuration File’ (detailed in VII-I) in
Figure 2. Pathologically, the infected leaves of a disease
foliage image are often clustered in a few small areas of the
image, called disease clusters. A foliage image is expected to
have more disease clusters as its disease rate (γ ) rises. Under
a small γ (say, 5% to indicate an early disease stage), a foliage
image is likely to contain just one disease cluster, making it
harder for accurate disease classification.

1) LEAF LEVEL
Plant leaves exhibit diverse inherent structural arrangements
(e.g., trifoliate, bifoliate, etc.). For example, soybean leaves
arrange themselves into 3 leaflets in each petiole, with a
slightly bigger central leaflet and lateral leaflets on the
two sides of the central leaflet, as illustrated in Figure 2.
On the other hand, tomato leaves arrange themselves around
a central axis, called the rachis. In practice, crop leaflets may
be either healthy or diseased. Therefore, each foliage image
contains a mixture of healthy and diseased leaflets, with
the proportion of diseased leaflets governed by the disease
rate (γ ).

2) PLANT LEVEL
The number of leaves in an adult crop differs largely, based on
the crop. For example, an adult soybean plant might contain
30-40 leaves, while an adult tomato plant may have 20-
40 leaves. Both crops exhibit spiral phyllotaxis [19], [20],
in which leaves are arranged in a spiral arrangement that
makes the golden angle, i.e., 137.5◦, to maximize sunlight
exposure and minimize leaf overlap. The algorithm for
implementing spiral phyllotaxis (Algorithm 1) is shown in
Appendix F. Foliagen creates plants individually, with those
within a disease cluster having diseased leaves (at the rate
governed by the foliage disease rate) and all others possessing
solely healthy leaves. In an individual plant, both diseased

and healthy leaves are arranged according to spiral phyllotatic
coordinates at the plant level to determine leaf positions and
angles, thereby maintaining natural spiral phyllotaxis [19].

As a tomato plant has branches, with a pair of leaves
attached at a similar stem height and arranged in opposite
directions, a sub-layer, called the branch layer, is added to
create branches, each with 3-9 leaves. Such an emulated
branch is then attached to the main stem in a way following
the spiral phyllotactical order.

3) FOLIAGE LEVEL
A foliage image usually consists of multiple rows of crops
planted in a farm field. Observation from real-world foliage
images taken using UAVs [13] reveals that the major area
of an image is covered by leaves, with only a small area
being field soil [52]. Hence, Foliagen partitions every foliage
image into a grid of (α) rows and (β) columns, resulting
in a total of (N = α · β) positions, each corresponding to
a single plant. Each disease foliage image usually involves
just one or a few disease clusters, with the disease rate(s)
of its disease cluster(s) summing to the image’s disease
rate γ (e.g., 5% or 15%). Plants located within a disease
cluster are assigned positional disease rates, denoted by
γ p, whereas plants outside disease clusters contain only
healthy leaves. This clustered disease leaf distribution enables
realistic modeling of disease spread across generated foliage
images. Samples of generated foliage images are illustrated
in Figure 4. Note that a soybean (or tomato) foliage image
generated by Foliagen is dominated by leaves, with only a
small fraction of its area being background (see Figure 4 and
also Figure 7 and Figure 8 of Appendix), in contrast to an
individual leaf image where background or noise takes up a
considerable area (see Figure 5 and Figure 6 of Appendix).
The foliagen framework outlined above is realized via two

algorithms, Algorithm 2 and Algorithm 3, which correspond
respectively to the plant level and the foliage level, besides
Algorithm 1 on spiral phyllotaxis, as detailed in Appendix F.

C. DISEASE DISTRIBUTION
The distribution of disease in plant leaves is influenced by
multiple interacting factors, including insect vectors, wind-
mediated spore dispersal, plantation age, and environmental
conditions, such as humidity, rainfall, and temperature.
Although the spatial pattern of disease may vary considerably
depending on these influences, a consistent phenomenon
is that infections generally begin in a small area and
subsequently spread outward to one (ormultiple) neighboring
area(s), ultimately forming a larger area, called a disease
cluster [53], [54], [55]. This diseased leaf distribution is con-
firmed by our close examination of real-world foliage images
in the SHV dataset [13] (see Figure 3(c)), leading us to devise
a three-level disease distribution manner, as explained next.

1) REGION LEVEL
The whole image is divided into a α × β grid with a total
of α × β regions. e.g., 4 × 3 = 12 regions. Most regions are
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FIGURE 3. (a) Disease cluster distribution across all generated soybean foliage images for γ = 15%, (b) the disease cluster distribution of the natural
foliage images in SHV [13], and (c) the disease rate distribution of γ = 15%.

disease-freewhen the disease rate (γ ) is small, and the disease
regions tend to fall within one or a few disease clusters. Each
disease cluster is provided with a cluster disease rate, with all
cluster disease rate(s) aggregating to γ . Infected leaves within
a disease cluster are distributed normally across the cluster.

2) CLUSTER LEVEL
The number of disease clusters in a single foliage image
varies from 1 to 5, given that our target disease rate for early
detection is low (say, ≤ 20%. The overall disease rate (γ )
of a foliage image is distributed across its disease cluster(s),
represented by a vector γ c, with its ith vector element
registering the disease rate of the ith disease cluster. The
disease rate of the ith cluster, γ c[i], is distributed normally
across all regions within the cluster, with the highest disease
rate at the cluster center (see Lines 10-12 of Algorithm 3
in Appendix F). Naturally, a higher γ is expected to yield
more disease clusters in a foliage image. The distribution of
disease clusters among all generated foliage images follows
a skewed graph as shown in Figure 3(a), which is similar to
that of SHV images [13], as depicted in Figure 3(b) with the
number of disease clusters per image dominated by 2 and the
mean disease rate of approximately 15%.

3) DATASET LEVEL
We have analyzed SHV images fully, discovering that the
disease rate (γ ) of those images follows a normal distribution.
Accordingly, Foliagen generates every foliage image dataset
with the disease distribution of its images governed by the
normal distribution characterized by a standard deviation (σ )
of 1.5 and the variable mean µ equal to γ . Figure 3(c) depicts
the disease rate distribution for a mean value of γ = 15%,
signifying that the disease rate varies from 10% to 20%. For
early disease identification, foliage image datasets are also
generated with their disease rates ranging from 1% to 9% for
the mean value of γ = 5%.

4) CROP LEVEL CUSTOMIZATION
Foliagen is a common framework, aiming to generate foliage
imagery datasets for various crops, utilizing those crops’
single leaf images. Given crops differ in many factors (like
leaf shapes, leaf arrangements, phyllotaxis, number of leaves
in single branch, numbers of leaves in single branches, etc.),

Foliagen is provisioned with a configuration file as its input
to account for the crops’ variability (see Figure 2), with the
file listing such crop-specific customization parameters as the
disease rate, the size of individual leaf, the size of individual
plant, the foliage size, disease categories, etc., (as described
in VII-I) to properly emulate crops’ natural structures.

IV. EVALUATION AND RESULT DISCUSSION
Extensive experiments have been conducted to evaluate
state-of-the-art (SOTA) crop disease classifiers under gen-
erated foliage datasets and SHV [13] on two workstations,
each housing 2 NVIDIA RTX 6000 Ada GPUs (each
with 48 GB of GDDR6X VRAM). Various crop foliage
image datasets are generated by Foliagen for comparatively
evaluating the five representative disease classifiers of
VGG19 [49], ResNet50 [50], DenseNet121 [43], Swin Trans-
former [46], and CBAM-ConvNeXt [8] objectively without
any classifier-specific data pre-processing or manipulation.
Each generated soybean or tomato foliage dataset includes
nine primary disease categories that exist in the original
individual-leaf datasets. It contains about 1000 foliage
images for each disease category, plus a similar number of
healthy leaf foliage images. Foliage images with the disease
rate (γ ) ranging from 1% to 20% are generated for evaluation,
with γ = 5% reflecting an early disease stage. Our full
analysis of the SHV dataset indicates that the disease rate
(γ ) of foliage images ranges from 12% to 18%. Hence,
subsequent evaluation results reported mostly for γ = 15%.

Our evaluation adopts the Adam optimizer for model
training due to its fast convergence and adaptive learning
rates. Models are trained using a batch size of 8, constrained
by GPU memory, and an initial learning rate of 1 × 10−4

for up to 100 epochs, with early stopping (patience = 5)
applied. Accuracy and F1-score (detailed in Appendix E) are
used as the primary evaluation metrics, as accuracy reflects
the overall prediction correctness, while F1-score captures
the harmonic mean of precision and recall, making it more
suitable for classification scenarios. These comparative eval-
uation results shed light on the value of the generated dataset
for real-world applications, where disease identification is
based on in-field images captured by a camera.

Since our extensive classifier evaluation involves the real
soybean foliage dataset (SHV) and/or generated foliage
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FIGURE 4. Generated foliage images of soybean (a)-(e) and tomato (f)-(j), for γ = 15%, with SDS, CLB, and TSSM denoting Sudden Death Syndrome,
Cercospora Leaf Blight, and Two Spotted Spider Mite, respectively. (All generated foliage image categories for soybean and tomato are shown in Figure 7
and Figure 8 of Appendix, respectively).

TABLE 1. Notation for denoting classifier evaluation scenarios, where I (or S) represents natural soybean individual leaf datasets (or the natural soybean
foliage image dataset, i.e., SHV), and Gγ

So (or Gγ

To) represents the generated soybean (or tomato) foliage dataset with the disease rate of γ (in %).

TABLE 2. Comparative performance analysis under S (the SHV dataset) and G15
So (a generated soybean dataset with γ ranging from 10% to 20% for the

mean of 15%).

datasets, several notations are defined first and employed for
subsequent explanation throughout this section, as listed in
Table 1. Let image samples utilized for the three ML phases
be denoted by ⟨TR; VA; TE⟩, where TR refers to samples
for the classifier training phase and VA (or TE) denotes
samples for the validation (or testing) phase. Samples can
be from the SHV dataset (represented by S) or a generated
soybean (or tomato) dataset with the disease rate of γ

(represented by Gγ
So (or G

γ
To)). For example, the scenario of

classifier evaluation using 5% of foliage images from S for
training, 10% from S for validation, and 85% from S for
testing is denoted concisely by ⟨S(5%);S(10%);S(85%)⟩.
In general, foliage images can be from both S and Gγ

So for
classifier evaluation. As an instance, the scenario of ⟨S(5%)+
Gγ
So(80%);Gγ

So(10%);S(85%)⟩ signifies that 5% of S plus
80% of Gγ

So are mixed for training, 10% of Gγ
So are for

validation, and 85% from S are for testing. In the cases when
fine-tuning is involved, the notation includes fine-tuning
sample information in its second element, preceded by
‘‘|’’. Hence, ⟨Gγ

So(80%);Gγ
So(10%) | S(5%);S(85%)⟩ (or

⟨I(80%); I(10%) | S(5%);S(85%)⟩) denotes the scenario
that classifiers are trained by 80% of Gγ

So (or real soybean
individual leaf images, I) and then validated by 10% of Gγ

So
(or I) before being fine-tuned by 5% (a small fraction) of real
foliage images (S) for testing on 85% of S.

A. DATASET VALIDATION
The disease rate (γ ) distribution of SHV images was analyzed
fully according to the area covered by diseased leaves in
each foliage image with respect to the whole foliage image
area. Our analytic results indicate that (1) the disease rates
of SHV foliage image exhibit a near normal distribution
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and (2) the variable mean of µ = γ ≈ 15%, as shown
in Figure 3(c). For validating the value and usefulness of
generated datasets in comparison with SHV (the natural
soybean dataset), Foliagen generates a dataset with the
variable mean ofµ= γ = 15% and including three categories
(namely, rust, mosaic virus, and healthy ones) as present in
the SHV dataset. All five SOTA classifiers are trained on
both the SHV dataset and the generated dataset, with their
performance outcomes reported in Table 2. Both datasets
comprise similar numbers of images (around 1000) per
category. Our validation hypothesizes that the generated
dataset is representative of the natural foliage dataset (SHV)
if five SOTA classifiers yield similar performance outcomes
on the two datasets (treated as opaque systems). The accuracy
(or F1-score) outcome of each classifier on a opaque system
is viewed as one accuracy (or F1-score) feature of the
opaque system, with five classifiers to obtain five accuracy
(or F1-score) features for each opaque system, i.e., dataset.
Table 2 lists evaluated performance outcomes in terms of
accuracy and F1-score. For guaging the resemblance degree
of classifier accuracy outcomes under the two datasets, cosine
similarity is chosen, expressed by A·B

∥A∥ ∥B∥ , where A (or B)
denotes the accuracy (or F1-score) outcomes of classifiers
under one dataset (or the other dataset) as a vector, and the
numerator (or denominator) is the vector dot product (or
the product of the two vector Euclidean norms). A cosine
similarity value closer to 1.0 signifies that the two vectors
are more resemblant (with 1.0 only if A and B are identical).
The accuracy values of the considered classifiers listed in
Table 2 result in a cosine similarity equal to 0.9914, under
the accuracy metric. Meanwhile, the F1-scores in the table
give rise to the cosine similarity of 0.9997, under the
F1-score metric. These cosine similarity amounts (from the
two evaluation metrics) suggest that the generated dataset is
closely similar to SHV.

Additionally, the geometric distances between the
performance-metric vectors of the two datasets are computed
in a numeric space to quantify their similarity. The average
Euclidean distance per classifier based on accuracy (or
F1-score) is approximately 1% (or 2%), reaffirming that
the dataset generated by Foliagen is similar to the natural
dataset. In general, Foliagen is expected to generate datasets
that effectively capture data distributions and underlying
feature representations comparable to real-world datasets,
despite being constructed solely from individual-leaf images.
This validates the usefulness and value of generated foliage
datasets, able to serve as reliable substitutes for real data,
while significantly reducing the cost and labor associated
with large-scale foliage data collection and annotation.

B. EVALUATION ON REAL SOYBEAN FOLIAGE IMAGE
DATASET
1) BASELINE
As baseline evaluation, the five SOTA classifiers, under
various splits of SHV foliage images, were experimented
with the results for ⟨S(80%); S(10%); S(10%)⟩ shown in

Table 2, where the results are unsatisfactory. The highest
achieved accuracy and F1-score values stay below 91.5%
under Swin Transformer, despite the fact that the dataset
set involves just two disease categories. This unsatis-
factoriness is primarily attributed to insufficient training
data and a lack of image heterogeneity required for high
performance and robust generalization. In contrast, the
Foliagen framework can generate arbitrarily large foliage
datasets out of individual-leaf images available frommultiple
public sources, where images are captured under diverse
environmental conditions to have image heterogeneity. The
results under ⟨S(80%); S(10%); S(10%)⟩ in Table 2 serve
as the baseline for comparatively evaluating our generated
datasets below.

2) AUGMENTING SCARCE SHV IMAGES (SAY, 5%) WITH
GENERATED IMAGES
Properly annotated public natural diseased foliage images
are usually scarce and imbalanced (e.g., the SHV dataset),
posing a significant challenge for training classifiers to
effectively classify diseased foliage images. Training solely
on a small fraction of the SHV dataset (to reflect likely
real-world situations where the annotated foliage image count
of each disease category may be in the order of tens) yields
inadequate performance. To address this inadequacy, our
inherently heterogeneous foliage images generated for γ =

15% to train the five SOTA classifiers, which are then
evaluated on 85% of the SHV dataset. Note that, in this
experiment, our generated dataset includes only the same
two disease categories present in the SHV dataset, along
with the healthy category. From the performance results
under the scenario of ⟨G15

So(80%); G15
So(10%); S(85%)⟩ as

listed in Table 3, it is clear that training classifiers solely
on the generated foliage images for evaluation on real-world
foliage images yields comparable performance results as
those under the scenario of ⟨S(5%); S(10%); S(85%)⟩ for
two classifiers, namely, ResNet50 and CBAM-ConvNeXt.
Meanwhile, DenseNet121 performs better under the scenario
of ⟨G15

So(80%); G15
So(10%); S(85%)⟩, where VGG19 and

Swin Transformer exhibit markedly lower performance. The
unsatisfactory results of the latest two are likely attributable
to domain shifts between the generated and the natural
datasets, caused by discrepancies in visual characteristics
such as texture patterns, lighting variations, background
diversity, and sensor noise, which together limit the models’
ability in effective generalization for real-world data. For
more accurate classification on natural foliage images, our
generated dataset is combined with a small portion (say, 5%)
of the SHVdataset for model training, creating the scenario of
⟨G15

So(80%) + S(5%); G15
So(10%); S(85%)⟩ for comparative

evaluation, with the results listed rightmost in Table 3.
The classifiers trained on the combined foliage images are
hypothesized to learn the underlying disease patterns from
the generated data, while the inclusion of 5% of SHV images
facilitates adaptation to the structural characteristics and the
distribution of the natural foliage dataset. Supporting this
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TABLE 3. Comparative performance results of models trained under different data sample mixes for evaluation on 85% of S.

TABLE 4. Comparative transfer learning performance of models pre-trained on the generated dataset of G15
So and G5

So) and individual soybean leaf
images (I), followed by fine-tuning on S(5%) for evaluation on S(85%).

TABLE 5. Ablation study of Foliagen for Soybean and Tomato (γ = 15%), with accuracy as the resulting measure.

hypothesis, all SOTA classifiers demonstrate significantly
higher performance metric values than those under the other
two scenarios listed in Table 3, up to 34% improvement when
compared to the scenario of ⟨S(5%); S(10%); S(85%)⟩,
mainly due to the heterogeneity of generated foliage images
capable of both data augmentation and implicit regularization
for improving the model’s generalization to unseen foliage
images. These results indicate that foliage images generated
using Foliagen can mix with scarce, homogeneous, and
imbalanced natural foliage images to yield a high-quality
dataset for classifier training to substantially lift classification
accuracy. The generated image datasets are thus useful to
make scarce real-world foliage images (with just tens of them
per disease category) effective and adequate for classifier
training, largely curbing the often costly effort of in-field
image collection and annotation.

3) TRANSFER LEARNING
Generated foliage image datasets can be leveraged for
pre-training crop disease classifiers, enabling them to become
generalizable classifiers able to be efficiently adapted to
any real-world foliage dataset via fine-tuning with a small
fraction (say, 5%) of the target dataset. To this end, the
pre-trained classifiers are evaluated under the real-world SHV

dataset [13] for various scenarios, with only the evaluation
results of a representative scenario, ⟨G15

So(80%); G15
So(10%) |

S(5%); S(85%)⟩, listed in the leftmost of Table 4. It can be
observed from tabular results that the pre-trained classifiers
with fine-tuning elevate their performance metric values
noticeably, to exceed 92.3% (or 91.3%) in accuracy (or
F1-score) for all but Classifier VGG19. Their performance
boosts signify that pre-training under generated foliage
datasets enables the classifiers to transfer the underlying
features captured from generated datasets to the real-world
dataset for performance improvement. It is interesting to
note that Swin Transformer, which excels without transform
learning (as demonstrated in Table 2), falls below ResNet50,
DenseNet121, and CBAM-ConvNeXt, partly due to its
limitations in (1) discriminating among disease categories
without noticeable visual differences (e.g., healthy, frogeye,
and downy mildew) and (2) capturing fine-scale features
(e.g., small lesions in downy mildew and frogeye leaf spot).

When classifiers are pre-trained by a generated soybean
foliage dataset with a small γ (say, 5%), they are geared
for identifying soybean diseases at an early stage, especially
useful for real-world field applications. To evaluate the SOTA
classifiers for early disease identification, soybean foliage
image datasets with γ = 5% were produced, with the
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TABLE 6. Comparative performance evaluation results (in %) under generated soybean and tomato foliage image datasets with γ = 15% and 5%.

outcomes of a representative scenario ⟨G5
So(80%); G5

So(10%) |
S(5%); S(85%)⟩ listed in Table 4. As expected, the results for
classifiers pre-trained on the generated dataset with γ = 5%,
show consistent performance declines, when compared with
those listed on the leftmost in Table 4. This is likely due to the
scarcity of disease-specific features in the dataset with such a
small γ , limiting the models’ ability to learn meaningful and
transferable feature representations. Nonetheless, ResNet50
and DenseNet121 still exhibit impressive classification
performance, with their accuracy and F1-score values all ≥
90.4%.

We also pre-trained the same five classifiers on individual-
leaf images, based on which Foliagen generates foliage
images. The pre-trained classifiers were then fine-tuned via
5% of the SHV dataset, with their results shown in Table 4
under the scenario of ⟨I(80%); I(10%) | S(5%); S(85%)⟩.
As expected, the results reveal that pre-trained classifiers
using individual-leaf images perform poorly when evaluated
on 85% of the SHV dataset, even after they were fine-
tuned. Substantial performance gaps are observed between
classifiers pre-trained on generated foliage images (γ =
15% or 5%) and those pre-trained on individual-leaf images.
This occur because individual-leaf images are typically
zoomed-in views where disease symptoms are prominent
and occupy a large portion of the image area. In contrast,
foliage images contain much smaller, spatially dispersed
diseased regions. Consequently, classifiers pre-trained on
individual-leaf datasets fail to effectively capture the subtle
and distributed disease patterns present in foliage images.
Only diseased foliage datasets with proper annotations can
train classifiers for effective and accurate classification of
diseased foliage images.

Note that foliage image annotations are usually very
expensive and time-consuming, making it infeasible to have
quality-annotated foliage image datasets. As a result, our
inexpensive and fast framework, Foliagen, for generating
properly annotated disease foliage datasets of arbitrarily large
sizes at any disease rate, is essential for (1) uplifting disease
foliage image classification performance, (2) early disease
detection, with lower γ value for timely notification to the

farmers for appropriate actions, and (3) the further study in
diseased foliage classification.

Due to the lack of publicly available real-world diseased
tomato foliage datasets, transfer learning evaluation could not
be conducted. Nevertheless, similar trends to those observed
for soybean are expected, as the classifiers that learn tomato
underlying disease patterns from generated foliage images
can also be transferred to better real-world foliage disease
classification.

C. ABLATION STUDY
The Foliagen framework aims to ensure that generated foliage
images closely resemble real ones. The ablation study of
Foliagen is listed in Table 5 for both soybean and tomato.
The three columns after ‘‘Foliage’’ reflect the accuracy
measures of SOTA classifiers when classifying foliage
images produced by Foliagen with (1) the plant-level com-
ponent excluded, with foliage images generated following
the spiral phyllotactic pattern disregard to individual plants
(indicated by ‘‘No plant level’’), (2) randomly copy-pasting
leaves without enforcing phyllotaxis (indicated by ‘‘Random
copy-paste’’), which resembles a simple copy and paste
technique [30], and (3) background in individual leaf images
retained (indicated by ‘‘Unprocessed’’).

The results demonstrate that the final Foliagen framework
consistently outperforms all prior variants across the evalu-
ated SOTAmodels for both soybean and tomato. As expected,
retaining background content in leaf images degrades perfor-
mance significantly, underscoring the importance of precise
leaf segmentation for realistic foliage synthesis. Furthermore,
experiments with random leaf arrangements confirm that
preserving natural phyllotaxis is essential for accurately
mimicking the crop structure. Lastly, it is clearly revealed
that plant-level phyllotaxis plays a vital role in enhancing the
naturalness and overall quality of the generated images.

D. EVALUATION ON GENERATED FOLIAGE IMAGE
DATASETS
We generated many diseased foliage datasets of soybean and
tomato based on the ASDID [10], Kaggle dataset [12], and
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PlantVillage dataset [11] (with 9 primary disease categories),
under a range of γ for classifier evaluation. The evaluation
metric outcomes under a generated dataset with a larger γ

are expected to be higher because more diseased leaves exist
in each foliage image, enabling the classifiers to capture more
underlying features for better accurate and effective classifi-
cation. The comparative performance evaluation results are
obtained for γ ranging from 1% to 50% (detailed at VII-H2),
and they are found to follow similar trends. Here, the results
of foliage images for γ = 5% and γ = 15% are listed
in Table 6 as representative ones, denoted respectively by
the scenarios of ⟨G15

So(80%); G15
So(10%); G15

So(10%)⟩ and
⟨G5

So(80%); G5
So(10%); G5

So(10%)⟩ for Soybean and by
the scenarios of ⟨G15

To(80%); G15
To(10%); G15

To(10%)⟩ and
⟨G5

To(80%); G5
To(10%); G5

To(10%)⟩ for Tomato. Note that
γ = 5% signifies an early disease stage, while γ = 15%
represents the observed disease rate in the natural SHV
dataset. As evident from the Table 6, the considered SOTA
models all perform better under γ = 15% than under γ =

5%, with respect to accuracy and F1-score, underscoring the
fact that they tend to struggle in early disease detection (under
γ = 5%). The evaluation results exhibit that DenseNet121
outperforms the rest consistently, making it themost desirable
classifier for in-field foliage image classification.

E. COMPARISON WITH OTHER GENERATION METHODS
We compared Foliagen with several state-of-the-art (SOTA)
image generation counterparts for image generation and
augmentation in terms of generated image quality. Specif-
ically, we evaluated Google’s Simple Copy-Paste (SCP)
augmentation method [30], a probabilistic diffusion model
(DDPM [33]), and generative AI models of PixelCNN [38]
and RDCGAN [39]. As illustrated in Figure 10 of Appendix,
DDPM, PixenCNN, and RDCGAN all failed to produce
realistic diseased foliage images because of the large number
of leaves present in each foliage image and the limited amount
of training data available.While SCP generated visually plau-
sible foliage images, it lacks structural awareness, resulting
in disease leaves being randomly distributed throughout the
foliage without preserving the natural plant architecture.

In addition, Foliagen and the RCP (Random Copy-
Paste) method [30] are quantitatively compared under five
established SOTA image classifiers, where RCP denotes
a structure-agnostic implementation of the Google’s SCP
strategy. The classification results, presented in Table 5,
demonstrate that foliage images generated by Foliagen
consistently excels across all classifiers, indicating that
biological foliage structure preservation can substantially
improve the quality and utility of the generated foliage
images.

V. DISCUSSION
Foliagen demonstrates that realistic crop foliage images can
be generated from publicly available individual leaf datasets
while maintaining biologically plausible plant structures
and spatial disease distributions. Experimental results show

that classifiers trained with Foliagen-generated datasets
consistently outperform those trained using conventional
data generation methods, highlighting the importance of
structural realism and controllable disease prevalence for
improving in-field disease recognition. Moreover, the ability
to generate arbitrarily large, fully annotated foliage datasets
helps address the limited availability of expert-annotated field
images in agricultural computer vision.

Although the proposed framework is designed to be
general, its effectiveness depends on the quality and diversity
of the available individual leaf images. For crops with sub-
stantially different leaf morphologies, overlapping canopies,
or complex branching structures, incorporating crop-specific
architectural characteristics may be necessary to maintain
biological realism. Likewise, diseases whose visual symp-
toms vary with growth stage, environmental conditions,
or interactions among neighboring leaves may require more
advanced disease distribution strategies. Differences in leaf
shape, venation, texture, and canopy density across crop
species may also affect the realism of the generated foliage,
providing opportunities for further extending Foliagen toward
a more universal crop image generation framework.

VI. CONCLUDING REMARKS
This article introduces a framework (called Foliagen) to
generate fully-annotated and arbitrarily-sized datasets of crop
foliage images, with a given rate of diseased leaves (γ )
in each generated foliage image. Following plant structural
characteristics and diseased leaf distributions, it produces
foliage image datasets to cover all disease categories that exist
in publicly available datasets of individual leaf images. The
generated foliage images closely resemble those captured by
UAV-mounted cameras in crop farm fields with the disease
rate of γ , making it possible to better and objectively evaluate
state-of-the-art (SOTA) or future leaf disease classifiers for
real-world applications. Given limited natural crop foliage
images with expert annotations so far, the abundant foliage
image datasets produced easily and quickly by Foliagen
are valuable for training crop disease classifiers for in-field
application. Generated foliage images can augment scarcely
available natural foliage images so as to better train classifiers
for high accuracy. In addition, when a small number of natural
quality-annotated foliage images (say, only tens of them per
disease category) are available from the field, a pre-trained
classifier can be fine-tuned using those available images for
in-field application to yield high classification performance.
While Foliagen is exemplified for classifying the diseases
of soybean and tomato via SOTA models in this paper, it is
readily useful for the disease classification of other crops
and also for objectively evaluating future disease classifiers
aiming at real-world applications.

Future workwill extend Foliagen to a broader range of crop
species with diverse leaf morphologies and canopy structures.
Since the exact locations of diseased leaves are known during
image generation, the framework can also be extended to
generate datasets for semantic and instance segmentation.
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In addition, incorporating crop-specific structural charac-
teristics, disease progression, and environmental variations
could further improve the realism and generalization of the
generated datasets, enabling broader applications in precision
agriculture.

VII. DATA AND CODE AVAILABILITY
The datasets that support the findings of our study are
available in hugging face (Foliagen). Our Foliagen code is
available in github (Foliagen).

APPENDIX
A. AVAILABLE DATASETS
All the publicly available datasets that were inspected for
the Foliagen framework are listed next. These datasets were
analyzed in terms of image characteristics, disease coverage,
annotation quality, and suitability for foliage-level synthesis.
Particular attention was given to the availability of healthy
and diseased leaf samples, image resolution, and background
conditions, as these factors directly influence the quality of
foliage images generated by the Foliagen framework. The
selected datasets provide the foundational single-leaf imagery
used to construct realistic foliage-level representations for
downstream disease classification tasks.

PlantVillage dataset. PlantVillage [11] contains over
54,300 expertly curated healthy and diseased leaf images
from various plants, including thirteen major crop species
like soybean, tomato, etc. Its leaf classification has been
attempted by GoogleNet [56] and AlexNet [57] to attain high
accuracy.

PlantDoc dataset. The PlantDoc dataset [23] contains
2,598 single-leaf images of 17 disease categories across
13 plant species, including tomato and soybean. With
its images gathered in a controlled laboratory environ-
ment, this dataset has limited applicability in real-world
scenarios.

PlantSeg dataset. The PlantSeg dataset represents a
major advance in plant disease research with 7,774 in-
the-wild images across 115 disease classes and 34 plant
species, featuring expert-annotated pixel-level segmenta-
tion masks. Unlike traditional lab-captured datasets like
PlantVillage, PlantSeg sources its images from internet
search engines, capturing real-world complexities such as
occlusions, variable lighting, and complex backgrounds
essential for field deployment. This addresses the domain
gap limiting prior datasets, though its heterogeneity—
ranging from single leaves to full foliage with occasional
text overlays—poses challenges for standardized model
training.

ASDID. Auburn Soybean Diseased Image Dataset
(ASDID) [10] provides high-quality individual leaf images
of the soybean plant, covering 9 disease categories, namely,
bacterial blight, cercospora leaf blight, downy mildew,
frogeye leaf spot, soybean rust, target spot, and potassium
deficiency. The dataset was captured primarily at the EV
Smith Agricultural Research Station in Tallassee, Alabama,

and added with 80 images per disease category from
the publicly available Image Database of Plant Disease
Symptoms (PDDB) [58]. Several ML-based classifiers [43],
[49], [50] were employed to evaluate the dataset, with
DenseNet201 [43] achieving the highest performance.

Kaggle dataset. Soybean Diseased Leaf Dataset contains
individual leaf images from Kaggle [12], embracing 10 dis-
ease categories and having an artificially generated complex
background added to each image. Among the 10 diseases,
onlymosaic virus and sudden death syndrome are considered.

FieldPlant dataset. FieldPlant [22] is a dataset of
individual crop leaf images annotated by pathologists,
containing 8,629 images across 27 disease categories for
three crops, including tomato. It aims at practical crop disease
classification with every leaf image involving a complex
background.

Tomato-Village dataset. Compensating for the negative
effects due to the laboratory-controlled environment setup
for gathering PlantVillage’s leaf images, the Tomato-Village
dataset [25] contains real-world images, which belong to
three groups, respectively for (1) multi-class tomato disease
classification, (2) multi-label tomato disease classification,
and (3) object detection-based tomato disease detection.
This dataset covers seven disease categories, namely, early
blight, late blight, leaf miner, magnesium deficiency, nitrogen
deficiency, potassium deficiency, and spotted wilt virus, for
multi-class classification applications.

MH-SoyaHealthVision dataset. As far as we know, MH-
SoyaHealthVision [13] is the only public and well-annotated
dataset of diseased soybean foliage images. The dataset
provides both ground-level leaf images and foliage leaf
images, collected using a UAV, from the soybean fields
of Maharashtra, India. It comprises a total of 5,680 high-
resolution images grouped into (1) single leaf images of
4 diseases categories (i.e., frogeye, mosaic virus, septoria
brown spot, and rust), two types of pest attacks, and healthy
leaves and (2) UAV-captured soybean foliage images, which
belong to two disease categories of mosaic virus and rust, plus
the healthy category.

B. SINGLE-LEAF IMAGES
Samples of single-leaf images for each disease category,
along with healthy samples, are illustrated in Figure 5
for soybean and in Figure 6 for tomato. These single-leaf
images are obtained from ASDID [10], Kaggle dataset [12],
and Tomato village [25], which are preprocessed and
subsequently used to generate foliage images for each disease
category using our Foliagen framework.

C. GENERATED FOLIAGE IMAGES
Our Foliagen framework, after preprocessing the single-leaf
images, creates foliage images as described in Section III in
the main text. The generated diseased foliage images for both
Soybean and Tomato are shown next in Figure 7 and Figure 8,
respectively.
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FIGURE 5. Soybean single leaf images of 9 diseases, labeled by (a) to (i), with SDS denoting Sudden Death Syndrome.

FIGURE 6. Tomato single leaf images of 9 diseases, labeled by (a) to (i), with TSSM denoting Two Spotted Spider Mite.

FIGURE 7. Generated soybean foliage images of 9 diseases, labeled by (a) to (i), for γ = 15%, with SDS denoting Sudden Death Syndrome.

D. FOLIAGE GENERATION USING GENERATIVE MODEL
Recently, generative models have been used to generate
almost all digital artifacts, including photos, videos, and
texts. In the context of photos, the generative adversarial
networks (GANs) and diffusion models have been used
extensively.While these models performed very well in many
aspects, there is very little evidence that they are capable of
generating diseased plant foliage images. Hence, we exper-
iment with recent state-of-the-art (SOTA) models, namely,
Regularized Deep Convolutional Generative Adversarial
Network (RDCGAN), Denoising Diffusion Probabilistic
Model (DDPM), and PixelCNN, to generate diseased foliage
images from the real-world MH-SoyaVisionHealth dataset.
All generative models are trained for 100 epochs before
generating images from them,with their outcomes depicted in
Figure 10.

E. NATURAL FOLIAGE IMAGE
Foliagen is based on observations of natural foliage and find-
ings reported in published studies to generate high-quality
data for foliage disease classification. Our work evaluates
MH-SoyaVisionHealth [13], a natural soybean foliage dataset
containing two disease categories: rust and mosaic virus.
Figure 11 presents real-world soybean foliage images col-
lected using UAVs at a farm in India.

F. ALGORITHMS
Foliagen comprises three core algorithms for generating
realistic foliage images of arbitrary crop species. The key
steps of each algorithm are briefly described next.

Spiral Phyllotaxis. The placement of leaves in a single
plant follows a spiral phyllotaxis pattern (as illustrated in
Algorithm 1), which is inspired by the natural arrangement of
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FIGURE 8. Generated tomato foliage images of 9 diseases, labeled by (a) to (i), for γ = 15%, with TSSM denoting Two Spotted Spider Mite.

Algorithm 1 Leaf Coordinates via Spiral Phyllotaxis
Require: Center (Cco)(x0, y0), Number of leaves Nl
Ensure: Leaf coordinates Co
1: Initialize: Scaling factor (s)← 35, Co← ∅
2: Golden angle (θ radg )← 137.5◦ × π

180
3: for n = 1 to Nl do
4: θn← n · θg, rn← s

√
n

5: xn← x0 + rn cos(θn)
6: yn← y0 + rn sin(θn)
7: Co← Co ∪ {(xn, yn)}
8: end for
9: return Co

leaves observed in soybean (or tomato) like plants. Starting
from the center of the plant, each new leaf is positioned by
rotating it by the golden angle (137.5◦) relative to the previous
leaf while gradually increasing its distance from the center.
This approach distributes leaves evenly in all directions,
reducing leaf overlap and producing a realistic canopy
structure. A scaling factor controls leaf spacing (Line 1),
allowing the density of the generated plant to be adjusted
while preserving the natural spiral pattern (see Line 4).
As a result, Algorithm 1 creates visually realistic leaf
arrangements using a simple and computationally efficient
procedure.

Plant Generation. Given a target disease class and the
desired disease prevalence, Algorithm 2 generates a single
plant by first determining the total number of leaves and
the corresponding numbers of healthy and diseased leaves
(Lines 2 and 3). Leaf positions and orientations are
then computed (see Line 6) using Algorithm 1, resulting
in a biologically plausible spatial arrangement around the
plant center. Based on the assigned disease category, each
leaf is subsequently selected from the corresponding leaf
pool, progressively scaled to introduce depth perception (see
Line 17), rotated to the appropriate orientation before
pasted onto its spiral phyllotaxis coordinate (as specified in

Algorithm 2 Plant Generation
Require: Position disease rate γp, disease type δ, plant

image size (H ×W )
Ensure: Single plant image Is
1: Initialize:Depth scale factor (sd ), depth scale offset (1s)
2: No. of leaves (Nl) ∈ [min, max]
3: Nhl ← NumHealthyLeaves(Nl, γp)
4: Is← single plant image
5: Cco ← center coordinates
6: Co← GetLeafCoords(Cco,Nl)
7: A← GetLeafAngles(Cco, Co)
8: for i = 1 to |Co| do
9: if i mod 2 = 0 and Nhl > 0 then
10: δi← healthy
11: Nhl ← Nhl − 1
12: else
13: δi← δ

14: end if
15: sd ← sd +1s · i
16: L← GetLeaves(δi,A[i])
17: Ls← Scale(L, sd )
18: Is←PasteLeaf(Is,Ls, Co[i])
19: end for
20: return Is

Line 18), and composited onto the soil background at its
designated location. By iteratively repeating this process for
all leaves, Algorithm 2 produces a realistic single-plant image
with controllable disease severity while preserving the natural
spatial organization and visual characteristics of the foliage.
The alternating scheme listed in Lines 9 - 14 ensures a
balanced distribution of healthy and diseased leaves across
both depthwise and planar dimensions.

Foliage Generation. Algorithm 3 generates composite
foliage images by arranging the single-plant images produced
using Algorithm 2. It first determines the number of disease
clusters and distributes the overall disease severity among
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Algorithm 3 Foliage Generation
Require: Disease rate γ , disease type δ, grid G(α, β)
Ensure: Composite foliage image I
1: Initialize: C ← ∅, γ ← [ ]
2: N ← α · β, I ← background image
3: nc← GetNumClusters(γ )
4: γ c← GetClusterRates(γ, nc)
5: for i = 1 to nc do
6: h← GetClusterIndex(1,N )
7: N (h)← GetNeighbors(h)
8: C ← C ∪N (h) ∪ {h}
9: K ← |N (h)| + 1

10: r← NormalizedSplit(γ c[i], K )
11: Assign max(r) to h
12: Append r to γ

13: end for
14: for each position p ∈ [1 . . .N ] do
15: if p ∈ C then
16: Pp← GeneratePlant(γ p, δ)
17: else
18: Pp← GeneratePlant(0)
19: end if
20: Paste Pp onto I at coord(p)
21: end for
22: return I

TABLE 7. Comparative performance evaluation results (in %) under the
generated tomato foliage image dataset with 2× upscaled leaf size.

these clusters. Cluster centers are randomly selected on the
foliage grid, and neighboring plants are assigned related
disease rates to create localized infection patterns that closely
resemble those observed under natural field conditions.
A single plant is then generated for each grid position (see
Line 16 of Algorithm 3) according to its assigned disease
rate, while plants outside the selected clusters are synthesized
as healthy (see Line 18). Finally, all generated plants are
composited onto a background image, producing realistic
foliage images with controllable disease prevalence, spatial
distribution, and natural variability.

G. EVALUATION METRICS
In classification tasks, predictions are evaluated using true
positives (TP), true negatives (TN), false positives (FP), and
false negatives (FN), representing correctly and incorrectly
classified instances. Based on these, four metrics are
calculated for the performance evaluation of classifiers on
generated and natural datasets, which are detailed next.

Accuracy measures the overall proportion of correctly
classified instances among all predictions. It provides a
general view of model performance but can be misleading
when the dataset is imbalanced. It is most useful when
all classes are represented relatively equally. Its formula is
shown next.

Accuracy =
TP+ TN

TP+ TN + FP+ FN
Precision measures how many predicted positive instances
are actually positive, calculated as shown next. A high
precision indicates that the model makes few false positive
errors. It is important in tasks where false alarms should be
minimized.

Recall measures how many actual positive instances are
correctly identified by the model. A high recall means the
model misses few positive cases. It is crucial when missing
positives is costly. Its formula is shown next.

Precision =
TP

TP+ FP
, Recall =

TP
TP+ FN

F1-score is the harmonic mean of precision and recall,
balancing both metrics into a single value. It is especially
useful when classes are imbalanced or when both false
positives and false negatives matter. A higher F1-score
indicates better combined precision and recall performance.
The calculation formula is presented next.

F1 = 2 ·
Precision · Recall
Precision+ Recall

H. ADDITIONAL EXPERIMENTAL RESULTS
We conducted extensive experimentation with multiple
strategies aimed at strengthening the viability and reliability
of our dataset. These efforts included (1) exploring alter-
native data preparation and augmentation techniques and
(2) comparing the results of Foliagen with the baselines to
ensure that its resulting dataset captures realistic variability
while preserving essential pathological characteristics. The
outcomes of these investigations are presented in the
following sections.

1) VARYING LEAF SIZES
The current version of the dataset reduces the size of
individual leaves to a similar size as that of natural foliage
leaves. This step gave a huge performance hike in the
evaluated model. Many variations in leaf sizes, maintaining
their aspect ratio, were used to create the dataset and were
evaluated. One of the experimental results is shown in
Table 7. It is vivid from the table that upscaling the leaf size
leads to degraded performance for all classifiers; this is also
true when the leaves are downscaled in size.

2) SENSITIVITY ANALYSIS OF DISEASE RATE
Figure 9 illustrates the sensitivity analytic results across
disease rates, revealing consistent performance patterns
among the classifiers. Accuracy increases for all models as
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FIGURE 9. Sensitivity analysis on the disease rate for soybean and tomato.

FIGURE 10. Foliage generated using generative models.

FIGURE 11. Sample soybean foliage images from the MH-SoyaVisionHealth dataset [13].

TABLE 8. Comparative performance results for models trained using 5 categories of generated images with starkly different features and with similar
features (The classifiers were trained on ⟨G15

So(80%); G15
So(10%); G15

So(10%)⟩ data split).

disease prevalence intensifies, with DenseNet maintaining
the highest and most stable performance levels across the full
disease rate range and ResNet showing a similarly smooth
upward trend. VGG improves more gradually, becoming
competitive only at higher disease rates, whereas CBAM
remains highly sensitive to disease severity, performing
poorly at low levels but rising sharply once pathological cues
become pronounced. Swin consistently yields the weakest
performance with limited benefit from increased disease
information.

3) EXPLAINING BEHAVIOURS OF SOTA CLASSIFIERS ON
OUR DATASET
After extensive experimentation with different variations of
the dataset under the five state-of-the-art (SOTA) classifiers,
we observed that models performed better on different
variants of the dataset. Especially, the Swin transformer
performed better than other models for a dataset containing
disease categories displaying starkly different (distinguish-
able by the human eye) features than the dataset displaying
similar leaf symptoms. Two datasets with 4 disease categories
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each were created with (1) diseases displaying starkly
different features (including mosaic virus, rust, sudden death
syndrome, and target spot) and (2) diseases displaying similar
features (including downey mildew, mosaic virus, frogeye,
and potassium deficiency), indicated by ‘‘Dissimilar cate-
gories’’ and ‘‘Similar categories’’, respectively, in Table 8.
Note that both datasets contain healthy foliage images aswell,
making the datasets have 5 categories.

I. CONFIGURATION FILE
As depicted in Figure 3 of the main text, all levels of foliage
generation require plant-specific information to generate
high-quality foliage images. The configuration file includes
the number of leaves, disease rate, and other factors listed
next.

{
" num_leaves " : 50 ,
" d i s e a s e s " : " l i s t _ o f _ d i s e a s e s " ,
" f o l i a g e _ s i z e " : " ( 1024 , 1500 ) " ,
" s i n g l e _ p l a n t _ s i z e " : 512 ,
" s i n g l e _ l e a f _ s i z e " : 70 ,
" num_plan t s " : 16 ,
" p l a n t _ o f f s e t " : 100 ,
" d i s e a s e _ r a t e " : 15 ,
" backg round_ image_pa th " : "< pa th >" ,
" i n p u t _ p a t h " : "< p a t h _ t o _ i n pu t _ image s >" ,
" o u t p u t _ p a t h " : "< pa t h_ t o_ou t pu t _ image s >" ,
" t ype " : " tomato " ,
" l e a f _ s p a c i n g " : 60

}
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