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Abstract

Detecting and quantifying the diseased regions in a leaf
is an important task in plant breeding in order to select
plants based on disease resistance. Ratings done by eye
and hand are not accurate, can be highly subjective and
take a lot of work hours. Using machine learning, it is
possible to generate faster more accurate data. By com-
bining modern anomaly detection algorithms with mask-
ing algorithms a robust method capable of estimating the
infected leaf area was developed, resulting in a novel
method with superior results. Using unsupervised mod-
els both for the masking and for the detection, the method
can easily be used for different kinds of detection tasks.

Keywords
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1 Introduction
Quantifying disease resistance is crucial for the selection

of disease-resistant plants in breeding programs. Disease
resistance is often governed by multiple genes, resulting

in a spectrum of resistance levels that range from highly
resistant to highly susceptible plants. Therefore, accu-
rately measuring or evaluating the severity of diseases is
of paramount importance [22]. Traditionally, direct mea-
surements of disease severity have involved quantifying
the affected area on plant organs, such as leaves or stems.
This also includes assessing parameters that are indirectly
influenced by diseases, such as crop yield and quality
[17].

The conventional approach to estimating the extent of
diseased areas on plant leaves relies heavily on subjective
visual assessments. This process requires extensive train-
ing to ensure the accuracy and consistency of the evalu-
ations [7]. Typically, ordinal scales ranging from 1 (in-
dicating very little disease presence) to 9 (indicating very
severe disease presence) are employed, which are similar
to the Likert scale used in social sciences. These scales
help to reduce biases such as the raters’ preference for cer-
tain percentage values like 5, 10, or 50 [5, 13]. However,
despite these measures, manual ratings are inherently sub-
ject to variability over time and between different raters,
which can lead to inconsistent and unreliable data.

This inherent variability raises a critical question: Can
unsupervised machine learning techniques effectively re-
place manual ratings in the evaluation of disease sever-
ity? Addressing this question is essential for improving



the precision and objectivity of disease assessments in
plant breeding.

To meet the need for precise estimations of the diseased
leaf area in plant breeding, this work proposes a novel
method based on machine learning. This method adopts
an unsupervised approach, which offers greater flexibility
and applicability across a wide range of crops and pheno-
types. Specifically, the method combines an unsupervised
anomaly detection model with a leaf selection algorithm
to improve the accuracy of estimating diseased areas on
plant leaves [22].

The implementation of this method is available in the
Diffusion Diseases Repository. This repository provides
the necessary resources and guidelines for applying the
proposed machine learning approach to different plant
species and disease phenotypes, facilitating broader adop-
tion in the field of plant pathology and breeding.

2 Related Works

Accurate detection of plant diseases is a critical prerequi-
site for precise estimation of the affected area. Recent
advancements in computer vision, particularly through
the application of deep learning models, have signifi-
cantly enhanced the capabilities for detecting plant dis-
eases [26, 6]. It is important to differentiate between
image-level predictions, commonly known as image clas-
sification, and pixel-level predictions, referred to as im-
age segmentation. While image classification is adept at
distinguishing between healthy and diseased plants, im-
age segmentation provides the detailed information nec-
essary for accurate estimation of the disease-affected area
[24, 11, 16].

Supervised learning models, which are widely used
in these applications, require pre-labeled ground truth
masks. The process of generating these labels is both
time-consuming and costly [34, 31]. Unsupervised ma-
chine learning, in contrast, does not rely on annotated
data. Instead, it employs various learning methods to
detect disease by treating it as an anomaly compared to
healthy plant tissue. This approach has been explored
extensively in both plant disease detection and medical
imaging, where anomaly detection models are tailored to
meet specific needs such as rapid inference times and the
ability to handle diverse types of anomalies [19, 21, 1].

Innovative unsupervised methods for plant disease de-
tection have been explored, including the use of autoen-
coders and encoder-decoder networks to detect anomalies
based on color differences between healthy and diseased
leaf images [2, 10]. These models identify deviations
from the norm by analyzing patterns in the data. To es-
timate the percentage of the diseased area on leaves, leaf
segmentation algorithms are employed. Both supervised
and unsupervised approaches to background-foreground
segmentation are considered, with unsupervised meth-
ods generally performing more slowly and less effectively
than their supervised counterparts [30, 35].

In the context of plant disease detection, unsuper-
vised models have the potential to transform the way dis-
eases are identified and quantified. These models, which
have been successfully developed for industrial defect or
anomaly detection, can be adapted to plant disease sce-
narios. One notable model is the Revisiting Reverse Dis-
tillation (RD++) developed by Tien et al. [29]. RD++
enhances the Reversed Distillation (RD) approach [8] and
has achieved the highest Area Under the Receiver Operat-
ing Characteristic (AUROC) score on the MVTec dataset
[19] at the time of its selection.

The predecessor of the RD++ model, the RD method,
utilizes a teacher-student model architecture. In this
setup, a pre-trained teacher encoder remains frozen and
is capable of extracting distinct features from the data.
This allows the student model to learn by mimicking
the teacher’s output, which is particularly effective for
anomaly detection where labeled data is scarce. Applying
such a model to the detection of plant diseases is expected
to yield high performance, offering a robust solution for
precise disease area estimation in various agricultural ap-
plications.

3 Proposed Method

The training process, illustrated in Figure 1, involves
a trainable student decoder that learns to replicate the
teacher’s representations when trained on data devoid of
anomalies. The RD++ method introduces modifications
to the RD architecture and loss function. By incorporat-
ing pseudo-anomaly noise during training, the compact
feature representations are trained to suppress abnormal
information, thereby preventing the student network from
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Figure 1: Training Process for the RD++. The input images without anomalies are fed with and without noise into the
teacher network (T). The information is then fed forward within the teacher network to compact feature presentation
before fed into the OCBE module. Then the student network (S) replicates the input for the OCBE module. A

combination of loss functions is optimised during training.

receiving such information. Pseudo-anomalies are simu-
lated using Simplex noise [32] during the training phase.
Additionally, a projection layer is introduced to receive
features from the corresponding teacher’s block. These
projection layers, encouraged by a new reconstruction
loss, learn to reconstruct normal features during training.
A contrastive loss ensures a focus on deeper representa-
tions of normal features by excluding abnormal informa-
tion. Moreover, a self-supervised optimal transport loss is
employed to minimize the distance between feature em-
beddings in the compact feature space.

During inference, the advanced RD++ anomaly detec-
tion model performs a series of steps to detect diseased
regions across various levels of complexity, as depicted in
Figure 2. The complexity of features is associated with

the depth of the respective layer in the model’s architec-
ture.

The inference image is first processed by the teacher
network, where it undergoes manipulation to generate
three representations with increasing feature complexity.
Shallow layers extract low-level features such as color
and texture, while high-level layers capture more global
information. These representations are passed to their
corresponding compact feature presentations, which are
trained to suppress abnormal features and compact them.
The three compact feature presentations are then fed into
the OCBE module, which further compacts the inputs.
Subsequently, the student network reconstructs the input
with decreasing feature complexity and increasing spatial
resolution. The cosine similarity between the teacher and
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Figure 2: The training process for the RD++ model involves feeding input images, both with and without noise, into
the Teacher network (T). The Teacher network processes these images into a compact feature representation, which is
then fed into the OCBE module. The Student network (S) replicates this input for the OCBE module. During training,
a combination of loss functions is optimized to improve the model’s performance.

the corresponding student layers is calculated, with differ-
ences indicating anomalies due to the student’s inability to
restore abnormal features.

The complexity of features and detected anomalies
varies significantly across layers (Figure 2). By com-
bining the anomaly maps, a merged anomaly map rep-
resenting different levels of complexity is generated. The
sample-level prediction of anomalies is determined based
on the pixel with the highest anomaly value within an in-
stance, compared to a threshold. This method is preferred
over averaging pixel anomaly scores to avoid disregard-
ing small anomalies. At the pixel level, anomaly segmen-
tation identifies all pixels exceeding a certain threshold as
anomalous.

As detailed in Table 1, the teacher and student pre-
sentations are symmetrical in the corresponding layers.
The teacher network employs downsampling with a ker-
nel size of one and a stride of two, while the student net-
work decodes with a kernel size of two and a stride of
two. The OCBE module combines the three representa-
tions from the teacher network by adding two low-level

teacher representations and one mid-level teacher repre-
sentation. This is followed by 3x3 convolutional layers,
batch normalization, and a 1x1 convolutional layer with a
stride of one.

Building upon an anomaly detection algorithm, the pro-
posed method effectively detects diseased areas and cal-
culates the leaf size-independent diseased leaf area per-
centage. Integrated into a single approach, these methods
function in real-time without the need for preprocessing.
Several modifications to the anomaly detection algorithm
are implemented to enhance performance.

The proposed method integrates a masking algorithm
for background segmentation, a disease detection model
based on anomaly detection principles, and a calculation
mechanism for determining the diseased leaf area percent-
age. Specifically, the RD++ model is utilized for anomaly
detection with the following modifications:

* Incorporation of a masking algorithm
* Modifications to the anomaly detection model

— Alteration of output weights
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Figure 3: Flowchart of the Area estimation Process

— Addition of enhanced noise

— Adjustment of the colorspace

¢ Inclusion of diseased region calculation capability

Algorithm 1 Pseudo Code for Anomaly Detection

Require: Images
Ensure: maskedImage, diseasedArea
1: Load pre-trained anomaly detection model
2: for image in images do
3:  maskedImage, initialMaskSize = LeafSelectionAl-

gorithm(image)

4:  anomalyMap = AnomalyDetection-
Model(maskedImage)

5:  mask = anomalyMap > predefinedThreshold

. secondaryMaskSize, anomalyMaskedlmage =

SecondaryMaskingAlgorithm(mask, maskedIm-
age)

7. diseasedArea = secondaryMaskSize / initialMask-
Size

8:  return anomalyMaskedImage, diseasedArea
9: end for=0

For a comprehensive understanding of the combined
method, refer to the pseudo code in Algorithm 1 and the
flowchart in Figure 3.

3.1 Leaf Selection Algorithm

There are several reasons for employing a mask around
the leaf. Disease detection is enhanced when models are
trained exclusively on the leaf area, excluding varying

backgrounds. The primary reason for using a mask is the
ability to calculate the diseased area accurately. The dis-
eased area of the leaf is determined by measuring the total
leaf area. A mask defines the leaf area and size.

A leaf selection algorithm must meet several require-
ments. To maintain the project’s unsupervised nature,
without annotated data, the masking algorithm must also
be unsupervised. Additionally, it must provide accurate
segmentation, selecting the entire leaf area and construct-
ing a mask around it. The algorithm should also utilize the
mask size and dimensions to calculate the diseased area.
Moreover, the chosen leaf selection algorithm should be
relatively fast and reliable.

3.1.1 OpenCV

OpenCV [15] (Open Source Computer Vision Library) is
a widely used open-source library for computer vision.
Images are transformed into the LAB color space due to
its resilience to changes in illumination and better sensi-
tivity to green. An Otsu [ 8] and a binary inverted thresh-
old are applied to the A channel, representing the green
content in a pixel. Dilation and erosion are then per-
formed to remove small noise and connect broken con-
tours. Leaf contours are identified and filled with masks,
which are merged with a black copy of the image, creating
a black mask around the leaves.

3.1.2 Self-Supervised Segmentation

Inspired by the research of X. Lin et al. [14], a self-
supervised approach was tested. This approach combines
a self-supervised segmentation model with a color-based



leaf segmentation model. By adding superficial labels,
traditional supervised machine learning techniques can be
applied. Labels are generated by assigning the same la-
bel to embeddings that are close in the embedding space,
as semantically similar pixels should be mapped close to
each other. These artificial labels are used to train the
model through backpropagation for each iteration until
the maximum iteration is reached. A loss function penal-
izes different labels for adjacent pixels, reducing the num-
ber of labels. Utilizing the green characteristic of leaves,
the most green labels are selected to create a binary mask
containing only leaf objects.

3.2 Modifications to Detection Model

3.2.1 Weights

Visualizing different layers of anomaly maps revealed that
low and mid-level anomaly maps provide better localiza-
tion of diseased areas, while high-level anomaly maps are
more general. When a, b, c, and d are the low, mid, high-
level, and resulting anomaly maps respectively, the per-
pixel anomaly score in RD++ is calculated as:

a+b+c=d, (1)

treating all feature levels equally. Adding weights to the
feature maps improved detection performance. The up-
dated per-pixel anomaly score is calculated as follows:

Ta+12b+ 4c =d. 2)

3.2.2 Noise

To ensure the algorithm learns only the leaf features and
not the background, the leaf contour is first calculated.
Noise is then added, and the background is masked based
on the contour. The Simplex-Noise used in the original
paper [32] is small in size and intensity and does not re-
semble the encountered disease closely.

Using plant biology expertise, improved noise types
were proposed to better simulate disease. Effective noise
should match the observed disease color range, appear
only in the leaf area, and be irregular in size. The orig-
inal Simplex noise [32] creates small white noise areas,
which are not representative of the encountered diseases.
Two improved noise algorithms are proposed:

Name Dimensions

Input- Image 3 X 256 x 256
Low-Level Teacher 256 x 64 x 64
Mid-Level Teacher 512 x 32 x 32
High-Level Teacher 1024 x 16 x 16
Low-Level Student 256 x 64 x 64
Mid-Level Student 512 x 32 x 32
High-Level Student 1024 x 16 x 16
Low-Level Compact Feature | 256 x 64 x 64
Mid-Level Compact Feature | 512 x 32 x 32
High-Level Compact Feature | 1024 x 16 x 16
OCBE Feature 2048 x 8 x 8
Output Anomaly Map 1 x 256 x 256

Table 1: Overview of the Dimensions and Datatypes
present in the different stages within the anomaly detec-
tion model.

OpenSimplex The first noise algorithm uses the Open-
Simplex [28] algorithm, producing smoother noise with a
larger kernel size but at a higher computational cost. For
each image, a new seed generates different noise per im-
age but consistent noise within the image. Four noise lay-
ers are created, each with a random scale and color from
a defined range, resulting in organic noise with irregular
shapes and fitting colors.

Random Points The second noise algorithm simulates
round disease spots seen in the dataset. A random num-
ber of spots (between 1 and 40) are placed on the leaf,
each with random coordinates and sizes. These spots are
filled with a random color from a brownish color range
and added to the leaf, replicating round disease spots.

The images used are initially coded in the RGB color
space and subsequently converted to the BGR color space
for model training. RGB-like color spaces are signifi-
cantly correlated, meaning high pixel values in one color
channel often correspond to high values in other channels
[20]. Consequently, structural changes impact all RGB
components.

Inspired by Schuler et al. [25], the CIE LAB color
space was selected to enhance model performance and
mitigate issues associated with the RGB color space.
The LAB color space comprises three channels and is



Noise Type Characteristics Description

Simplex Small, low intensity Basic white noise, less representative of disease
OpenSimplex Smooth, larger kernel Organic noise, irregular shapes and fitting colors
Random Points Random spots Simulates round disease spots, varying sizes and colors

Table 2: Comparison of Simplex Noise and Improved Noise Algorithms. This table summarizes three noise types
used for simulating diseased areas on leaves: Simplex (basic white noise), OpenSimplex (organic noise with fitting

colors), and Random Points (mimics round disease spots)

an achromatic-chromatic space. Chromatic information
(color) is represented separately from achromatic (bright-
ness) information. The Luminance (L) channel repre-
sents lightness or gray levels, effectively separating light-
ness from color information. The A channel stores green
to red hues, while the B channel stores blue to yellow
hues. By decoupling image lightness from color informa-
tion, the LAB color space allows for more illumination-
independent analysis. Consequently, a model trained on
the LAB color space should exhibit greater generalizabil-
ity to images with varying lighting conditions and im-
proved performance. Additionally, the A and B channels’
lack of lightness information enhances color contrast. The
LAB color space’s channels exhibit low inter-channel cor-
relation [20], making it well-suited for handling noise and
structural variance [23].

To implement the color space transformation, images
are converted to the LAB color space using OpenCV af-
ter masking and noise addition, and before normalization.
During inference, the model is applied to the LAB images.
Post-processing, including the calculation of disease cov-
erage, is performed in the BGR color space to ensure uni-
formity in both training and inference processes.

3.3 Calculation of Diseased Area

The percentage of diseased leaf area is a valuable met-
ric when related to the total leaf area, making it com-
parable across different leaves regardless of size or the
distance between the camera and the leaf. By threshold-
ing the combined anomaly map generated by the anomaly
detection model, the diseased area can be calculated by
summing the number of pixels above the threshold. This
diseased area is then divided by the total leaf area, cal-
culated in Section 3.1, and multiplied by one hundred to
return the diseased area as a percentage of the leaf.

4 Results and Analysis

4.1 Implementation Details

Experimental Settings. Utilizing a WideResNet50 [33]
as the backbone, as suggested in RD++, the models were
trained for 400 epochs with a batch size of 2. The Adam
Optimizer [12] was employed for optimization. The
learning rate was set at 0.005 for both the student compo-
nent and the OCBE module, while a lower rate of 0.001
was applied to the projection layers. The weighting of
various losses was configured as follows: the distillation
loss was assigned a weight of 1, and the weights for the
SSOT loss, contrast loss, and reconstruction loss were set
at 0.2, 0.02, and 0.002, respectively. This configuration,
except for the batch size and epochs, mirrors that used in
RD++.

4.1.1 Colorspace

Dataset. The dataset, available through the PlantVillage
project [9], is an extensive collection of leaf images from
various crops, categorized into healthy leaves and a vari-
ety of diseases. The dataset comprises over 54,000 im-
ages, divided into 14 crops and 38 different diseases. To
demonstrate the applicability of the developed method, a
subset of the PlantVillage dataset was selected. This sub-
set included all images of Malus domestica (Apple), with
1,645 healthy leaf images and 630 images of Apple Scab.
The healthy leaf images were split into 80% for training
and 20% for testing. Testing was conducted on the im-
ages with Apple Scab (630 images) and the remaining
healthy images. It is important to note that the distance
from which the pictures were taken varies between the
healthy and diseased leaf images. Most images of healthy
leaves include the leaf stem, whereas the diseased images
are closer and do not show the stem.



Random
Points

Simplex
RD[29]

Opensimplex

Table 3: Comparison of different noise added to a leaf
image. In column one, the original noise proposed in [29]
is seen. Small white areas are created here. In column
two, noise is produces by Opensimplex. Organic shapes
with colors close to the leaf and disease color are created.
In column three, noise in form of points are used.

Evaluation Metrics. To evaluate the segmentation and
classification for anomaly detection, the following met-
rics were used: AUROC image-wise, AUROC pixel-wise,
PRO metric [3], F1 score, and Precision. These met-
rics assess the classification capabilities of the model.
For image-wise classification, the highest anomaly score
within the image is thresholded for a binary classification.
For pixel-wise classification, each pixel is classified by
thresholding the anomaly score for a binary decision.

The primary output of interest for this method is the
area predictions, with segmentations serving as a means
to obtain these predictions. Consequently, the exact lo-
cation of the predicted leaf and disease segmentations is
not critical; only their relative size matters. Therefore, the
relevant metrics are not typical segmentation metrics that
evaluate overlay with the ground truth, but metrics that
assess the accuracy of the predicted sizes for the leaf, dis-
ease, and diseased leaf percentage relative to the ground
truth. For the area calculations, which are continuous
regression estimations, the metrics used include MAE,
MSE, RMSE, MAPE, R-squared, and CCC.

These metrics collectively provide a robust framework
for evaluating the performance of models in detecting and
quantifying plant disease anomalies, ensuring that predic-

tions are accurate and reliable for practical applications.

4.2 Performance of Proposed Method
4.2.1 Leaf Selection Algorithm

Using the OpenCV library script provides a good segmen-
tation, with a very fast inference time (Table 4). However
it struggles with low contrasts in color, especially in outer
regions where color changes due to diseases or shadow
are present. Additionally, there’s a need to optimize the
balance in the use of dilation and erosion techniques to
adequately fill the diseased areas without excessively ex-
panding beyond the leaf’s boundaries.

The Self supervised approach combines structural fea-
ture learning with color based thresholding, and is there
fore more robust on outer regions of the leaf. A prob-
lematic weakness, is the cutting out of regions within the
leaf, if they show both a strong contrast in structure and
color due to disease. Due to the immense inference time,
which was about 27 times longer than with the OpenCV
method, the self supervised segmentation was not chosen.
Proposed Method Instead, based on the faster inference
time and good prediction results the OpenCV method was
chosen. So, when referring to the leaf selection algorithm
the OpenCV method is meant, as it is used in the final
method. As shown in Table 5, when measured by the R-
squared, the prediction results are quite good. Besides the
good regression results, the segmentations are also good
in the measured metrics. Some of the metrics used here,
such as the MAE and MSE, are only relevant in compar-
ison. Meaning, they can only state a performance differ-
ence when compared to a method used on the same data,
since they are influenced my properties of the data with
which they were calculated on. For better understanding
the residuals area mapped. The leaf selection algorithm
tends to underestimate the leaf are pretty constantly (Fig-
ure 4).

4.2.2 Anomaly Map Weights

By optimising the weights for the anomaly maps, which
combine the final anomaly map, a strong improvement
both the AUROC Pixel and PRO metrics are archived.
Since the performance already was perfect on the clas-
sification task no performance improvements can be read
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mentation algorithms. Color code: Green false negatives
(leaf classified as background), red false positives (back-
ground wrongly classified as leaf ), black true negatives
(background detected as background), white true positive
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Figure 4: It presents the residual plots for leaf area esti-
mation, showing the residuals (estimation error) for each
data point (n). The red line indicates zero residual, where
perfect estimation would lie.

from this, but the AUROC Pixel matrix and PRO matrix
show improved segmentation results.

4.2.3 Noise

By comparing the original Simplex noise, used by RD++,
the Point and Opensimplex noise, across a small anno-
tated dataset and a big not annotated dataset, it was shown
that the improved noises increased the model performance
strongly. The annotated dataset gives insight on the seg-
mentation and an indication for classification. The big
dataset was used to validate the classification on an large
number of images with large variation. The Opensimplex
noise performed the best and had perfect classification re-
sults on the Big Dataset (Table 8).

4.2.4 Colorspace

The performance of the LAB colorspace was worse than
the results by the RGB colorspace, for all performance
metrics (Table 8). The performance was particular bad
for the segmentation task. Due to the weak performance,
the LAB colorspace model configuration was not tested
on the Big Dataset or trained with the noise variations.

4.2.5 Proposed Method

Resulting is a disease detection model using the RGB col-
orspace with opensimplex noise. The model has problems
detecting disease on the outer leaf parts and very small,
disease spots. The latter fits with the low PRO metric re-
sult, with the high AUROC Pixel result (Table 8).

The disease area prediction have a high performance
with a certain error, explain a good R-square, but a high
MAPE, showing variation in both ways (Table 5). All
healthy leaf images in the annotated dataset were detected
correctly as healthy with no diseases detected.

4.2.6 Diseased Lea Area Percentage Calculation

The diseased leaf area percentage calculation is dependent
on the leaf masking and the disease detection. The dis-
eased leaf area percent predictions have a high R-squared
combined with a relative high MAPE (Table 5). Again,
as in the diseased area prediction, the healthy images are
correctly detected as healthy also. The prediction results



MAE MSE RMSE | MAPE | R-squared | CCC

Leaf Area 1046.34 | 1568087.97 | 1252.23 | 3.35 0.96 0.98

Diseased Area 812.6 | 2478619.52 | 1574.36 | 43.26 0.89 0.94
Diseased Leaf Area Percentage 2.45 23.11 4.81 45.17 0.84 0.93

Table 5: Evaluation metrics for the regression results on a annotated test set of 32 healthy and 32 diseased leaf images.

Accuracy | IoU | Dice Coefficient

Leaf Area 0.98 0.95 0.98

Table 6: Evaluation metrics for the segmentation results
for the leaf area on an annotated test set of 32 healthy and
32 diseased leaf images.
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Figure 5: Residual plots for the diseased leaf area per-
centage. The 0 values at the data points are due to healthy
images in the annotated inference dataset. The healthy
leafs have no disease detected, and therefore the residuals
are zero.

deviate as much as 20 percent from the ground truth val-
ues (Figure 5). To understand the combined results, the
proposed method has to be evaluated separately. So, first,
the leaf selection algorithm is evaluated, then the disease
detection algorithm with its variations is compared before
the leaf area estimation computation is evaluated.

5 Discussion

The performance of the unsupervised anomaly detec-
tion model was highly influenced by the dataset char-
acteristics. The PlantVillage dataset, with its homoge-
neously strong green contrast between the background
and the leaf, facilitated effective leaf segmentation using
the OpenCV-based method. This approach yielded lower
prediction errors in leaf area estimates be default, which
could potentially be corrected by adjusting the image pro-
cessing steps, such as increasing dilation or reducing ero-
sion around leaf contours. Furthermore, the presence of
outliers (Figure 4), necessitates a closer examination to
determine if the discrepancies are due to inaccuracies in
the ground truth masks or the prediction method itself.
Despite the successful application of the OpenCV
method, which proved competitive with the supervised
model developed by Shoaib et al. [27] by providing com-
parable accuracy, IoU, and Dice coefficients in a fraction
of the time and without the need for training or annota-
tions, there is still room for improvement. For instance,
the self-supervised segmentation approach, though not
utilized in the final model due to its high inference time,
might still be enhanced with a smaller, optimized model.
In the realm of anomaly detection, direct comparisons
with other methods were challenged by the limited ap-
plication of our model to the Apple Scab subset of the
PlantVillage dataset and the variety of evaluation metrics
used in other studies, some of which do not report per-



Weights
Source | low level | mid level | highlevel | F1 | Precision | AUROC Pixel | AUROC Image | PRO
RD++ 1 1 1 1 1 0.904 1 0.55
Proposed 7 12 1 1 0.92 1 0.61

Table 7: Comparison of weights from RD++ and the proposed weights, done on a model trained with Opensimplex

noise in the RGB colorspace.

Annotated Dataset Big Dataset
Colorspace Noise F1 | Precision | AUROC Pixel | AUROC Image | PRO | F1 | Precision
RGB Simplex 1 1 0.91 1 0.56 | 0.91 0.84
RGB Point 1 1 0.92 1 0.60 | 0.99 0.98
RGB Opensimplex 1 1 0.95 1 0.61 1 1
LAB Simplex 0.88 0.78 0.36 0.54 0.07 - -

Table 8: Inference for the compared methods. The annotated dataset consisted of 32 healthy and 32 annotated diseased
leaf images with ground truth masks. The big dataset consisted of 200 healthy and 200 diseased leaf images without

ground truth masks.

formance metrics [23, 31, 10]. Nonetheless, compared
to the supervised methods [ 6], our method demonstrated
improvements in precision and F1 scores, achieving per-
fect scores of 1.0. The analysis of model parameters like
weights, noise, and colorspace revealed that fine-tuning
specific to the dataset could enhance performance. Par-
ticularly, the use of OpenSimplex noise helped improve
generalization capabilities, while switching from RGB to
LAB colorspace did not yield beneficial results, possi-
bly due to the pre-trained model’s backbone being opti-
mized for RGB. Calculating the percentage of leaf area
with disease emphasized how errors in predicting both
the total leaf area and the diseased area can multiply each
other. Our model’s ability to combine both predictions
into a coherent estimation of diseased leaf area percent-
age, demonstrates its utility. The residuals from these
calculations (Figure 5) suggest that while the model per-
forms well within known data variance as indicated by
solid R-squared values, the biggest improvements can be
made by enhancing the accuracy of diseased area predic-
tions.

The implementation of this unsupervised method of-
fers a reliable alternative to manual estimations, provid-
ing consistent results with known precision and no drift
over time, which marks a substantial improvement over

traditional methods. The method’s fast inference time and
high accuracy make it suitable not only for applications in
apple scab detection in apple cultivation [4] but also for
other area estimation tasks where anomalies or diseases
need to be quantified. Future applications could extend to
diverse fields such as quantifying growth in petri dishes or
counting flies on flypaper, underscoring the method’s ver-
satility and potential for broad applicability in automated
disease detection.

6 Conclusion

The improved unsupervised anomaly detection model,
using a leaf segmentation algorithm based on OpenCV,
demonstrated high accuracy and low error in predicting
diseased leaf area percentages on the PlantVillage dataset.
This method, which outperformed self-supervised seg-
mentation methods, offers a state-of-the-art approach to
unsupervised disease detection in plants, making it suit-
able for field use and reducing the need for manual labor.
By analyzing model parameters, such as weight changes,
noise, and color space, this approach provides valuable
insights for future research and development in plant dis-
ease detection. This novel method simplifies the applica-



Masked Leaf

Ground Truth
Comparison

Detected Disease

Table 9: Non-cherry-picked inference results showcasing
the performance of the proposed method for disease de-
tection on various leaf images. The middle column, high-
lighted in furquoise, indicates the areas where disease has
been detected by the model. The color coding for the
comparison with ground truth is as follows: Green rep-
resents false negatives (regions where the ground truth
indicates disease, but the model did not detect it), red
represents false positives (areas where the model incor-
rectly detected disease in the background), black repre-
sents true negatives (background correctly identified as
disease-free), and whifte represents true positives (dis-
eased areas correctly identified by the model).

tion of machine learning to plant breeding and disease de-
tection by eliminating the need for disease-specific train-
ing data, thus facilitating broader and more efficient de-
ployment, particularly in real-time applications. Further
testing across different species, diseases, and tasks is sug-
gested to fully explore its potential.
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