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Abstract

Accurate identification of plant diseases is paramount for ensuring optimal crop
health and minimizing yield losses. This study focuses on Solanum melongena L.
(eggplant), a widely cultivated vegetable highly susceptible to fungal infections. We
employ a semantic segmentation approach to detect leaf symptoms and damage,
utilizing deep learning models. A comparative analysis is conducted on three
convolutional neural network architectures: U2-Net, U-Net, and WU-Net, for image
segmentation tasks. Each model is trained on a dataset comprising 500 augmented
images derived from an initial set of 200 images, with a resolution of 256 x 256 % 3.
Model performance is evaluated based on pixel accuracy, Dice coefficient, and
Intersection over Union. Experimental results demonstrate that U2-Net exhibits
outstanding performance, particularly in capturing fine-grained details, attributed to
its deeper architecture and enhanced feature extraction capabilities. The proposed
U2-Net model achieved a training accuracy of 96% and test accuracy of 93%,
demonstrating its effectiveness in precise symptom detection and plant disease
classification. This study contributes to leaf disease detection, facilitating timely
intervention and targeted disease management in agriculture.

Keywords U2-Net, U-Net, WU-Net, Segmentation, Classification, Fungal infection,

Controlled, Disease leaf

1 Introduction

The identification of plant diseases is essential for minimizing yield loss, preserving and
maintaining the quality of plant products. Timely detection of plant diseases serves as
the initial step in controlling and preventing disease outbreaks. The study of plant dis-
eases focuses on analysing morphological symptoms that appear on plants [1, 2]. Plant
pathogens are the organisms that infect the plants, causing disease by invading their tis-
sues and extracting essential nutrients. These pathogens include fungi, virus, bacteria,
nematodes and other harmful microbes. Among the pathogens, the fungal pathogens
cause substantial yield reductions and pose severe challenges to global food security [3].
Leaf spot disease was prevalent in the Mattu Gulla, a unique brinjal variety and different
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type of fungal disease was recorded in fields during 2018-2019 and 2019-2020 [4]. A
predominant leaf spot disease was caused by fungal genera such as Alternaria, Cerco-
spora, and Septoria was observed in eggplant [5]. Pathogens infiltrate plants through
wounds, natural openings, or by being transmitted and injected by vectors like insects.
They invade plant tissues by producing enzymes that degrade cell structures, leading to
cell death. Additionally, pathogens release various bioactive compounds, including toxins
that directly kill cells and growth regulators that trigger abnormal growths such as galls
[6, 7]. Measuring the severity of the plant disease is crucial for assessing infection lev-
els, predicting crop yield and determining appropriate treatments. Timely and accurate
evaluation of disease severity can help reduce these losses [8]. Conventionally, trained
experts assess disease severity through visual examination of plant tissues. However, the
high cost and inefficiency associated with manual assessment present challenges to the
preferment of modern agriculture [9]. Even skilled plant pathologist and experienced
agronomists find it difficult to accurately diagnose the plant diseases due to their intri-
cacy, vast number of cultivated crops and their ongoing phytopathological issues, this
leads to inappropriate conclusions and incorrect treatments [10]. With advancement in
technology, deep learning techniques have become more effective tools for identifying
and evaluating plant disease severity through image analysis, demonstrating significant
potential in accurately categorizing different levels of disease severity [11]. There are dif-
ferent performance metrices, such as accuracy, precision, recall and F1 score are used to
evaluate the efficacy of various strategies and architectures. Building strong plant disease
detection models requires precise evaluation using these measures, which will ultimately
increase agricultural output and food security [12—14]. Despite this, there are certain
challenges need to be addressed and considered which are restricting the effectiveness
and accurate performance of these models for crop disease diagnosis. The main issues
affecting automatic plant disease detection and classification includes unnecessary noise,
many non-essential elements in the image background, uneven and non-uniformity in
training dataset, different types of diseases with similar patterns and symptoms which
can be difficult to distinguish between disease type, capturing the images at controlled
environmental conditions and size of the dataset. Therefore, it is essential to develop
new methods and approaches to tackle the existing issues and have betterment [15, 16].
Semantic segmentation has been extensively employed in various medical applications
and has significantly improved diagnostic precision and treatment planning [17-23].
Alongside such advances, recent studies also highlight that accurate leaf identification is
often a necessary step prior to disease detection; for instance, a quantum classifier was
employed to recognize structural features of different leaf species with a 97.3% accuracy,
underscoring the importance of precise leaf recognition [24]. The novelty of the present
study lies in its application of semantic segmentation for detecting morphological pat-
terns in leaves.

Image segmentation is a critical task in computer vision, enabling the partitioning of
images into meaningful regions for applications ranging from medical imaging to auton-
omous driving. Convolutional neural networks (CNNs) have significantly advanced this
field, with architectures like U-Net setting benchmarks for segmentation tasks. Recent
developments, such as U2-Net and WU-Net, have introduced modifications aimed at
enhancing segmentation performance [25, 26]. The primary focus of this study is the
semantic segmentation of fungal-infected regions in brinjal leaves using U?-Net. While
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image-level classification results are also reported, they are derived from the segmenta-
tion outputs and serve only to validate the practical utility of the proposed model.
The contribution of the study is as follows.

« In this study, we focus on eggplant (Solanum melongena L.,), a widely consumed
vegetable that is highly susceptible to fungal diseases.

+ We employ sematic segmentation to detect leaf damage, aiming to enhance the
disease identification and improve crop health.

+ The proposed U2-Net model scored training accuracy of 96% and 93% for test

accuracy.

2 Literature review

A thorough review from the previous studies reveals that traditional methods were
employed to detect the plant diseases as reported by Khakimov et al., include optical
examination, microscope based visualisation and mycological analysis [27]. According to
Ray et al., these techniques, often considered as the ‘gold standard, where they depend
on symptom observation, culture-based methods, and morphological and biochemi-
cal identification [28]. Patel et al. addressed that these methods were time consuming,
labour intensive and requires more time to estimate the severity of the disease [29].
To overcome these limitations, Khakimov et al. reported advanced techniques, such as
molecular-genetic methods, mass spectrometry and immunodiagnostics. Serological
assays and DNA-based methods are widely used molecular biology techniques for plant
disease detection. Martinelli et al. noted that serological assays, such as ELISA approach
is more reliable and provide rapid and specific pathogen detection, On the other hand,
quantitative PCR (qPCR) is widely available and effective method [30]. Aslam et al. and
Hariharan & Prasannath, according to their analysis they mentioned that polymerase
chain reaction (PCR) and its variants, including nested PCR, multiplex PCR, and quan-
titative PCR, are widely used for detecting plant pathogens [31, 32]. Despite the fact that
these methodologies are trusted for developing effective management programs for vari-
ous plant diseases, Gharbi et al. mentioned that their effectiveness may be limited by
factors such as the indeterminate spread of the disease, the presence of asymptomatic
infections, and the absence of verified sampling protocols [33].

To overcome the limitations of traditional plant disease detection and improve spa-
tial identification of diseased leaf regions, several segmentation-based deep learning
methods have recently emerged. (Lin et al., 2019) developed a CNN-based semantic
segmentation model to identify and quantify powdery mildew on cucumber leaves at
the pixel level. The model achieved 96.08%-pixel accuracy, 72.11% IoU, and 83.45% Dice
score, outperforming traditional methods like K-means and Random Forest, and offer-
ing a valuable tool for assessing disease severity in breeding programs [34]. Deng et al.
proposed MC-UNet, a tomato leaf disease segmentation model integrating a Multi-
scale Convolution Module and Cross-layer Attention Fusion to enhance edge detection,
achieving 91.32% accuracy on a custom dataset [35]. Addressing geometric variation
in persimmon leaf lesions, Jia et al. enhanced UNet with deformable convolution and a
self-attention mechanism, achieving 89.18% mPA and 83.58% mIoU [36]. For small spot
segmentation on potato leaves, Fu et al. introduced RS-UNet using ResNet50 and SE
attention, resulting in 79.8% mloU and 88.86% Dice score [37]. Similarly, Wang et al.
developed FFAE-UNet for pear leaf disease segmentation by incorporating an attention
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guidance module (AGM) and a feature enhancement supplementation module (FESM),
achieving 86.60% mlIoU, 92.58% Dice, and 91.85% MPA, outperforming existing methods
[38]. Shwetha et al. employed a UNet model with a MobileNetV4 backbone was used for
identification and segmentation of leaf blight spots, achieving 0.91 average pixel accu-
racy and 0.95 mloU [39]. Building on segmentation approaches, a MobileNetV3-based
classifier was later developed by Shwetha et al. for leaf blight spot disease, incorporat-
ing depthwise convolutions, max-pooling layers, and data augmentation via Conditional
GAN. This classifier achieved 97% training accuracy and 94—96% test accuracy under
varied real-world conditions, demonstrating robust and efficient disease identification
[40].

Although segmentation-based models focus on identifying diseased regions at the
pixel level, deep learning classification models aim to directly categorize leaf images. In
this context, EfficientNet-based deep learning model have been proposed by Atila et al.
for plant leaf disease classification, achieving up to 99.97% accuracy on the PlantVillage
dataset, performing better than the other state-of-the-art architectures [41]. El-Shahat
et al. introduced a hybrid MobileNet-DNN model (HMobileNetDNN) for detecting rice
plant diseases. When tested on the Paddy Doctor dataset, the model achieved 0.918
accuracy, 0.918 precision, 0.907 recall, 0.912 F1 score, and 0.949 AUC, indicating its
strong capability in disease detection [42]. These studies provide the foundational basis
for this research. The models employed are highly reliable, robust, and accurate in plant
disease detection, demonstrating their potential to advance the field.

3 Methodology
The input images in the given diagram are leaf images, which serve as the primary data
for the segmentation and classification process. These images likely include both healthy
(control) leaves and diseased leaves with visible symptoms such as discoloration, necro-
sis, or other signs of infection. The images are processed to extract relevant features for
segmentation and classification into control or diseased categories. Figure 1 depicts the
workflow for the proposed framework.

Training the U2-Net model for 50 epochs on a dataset of 500 augmented images (orig-
inally 200 images) with a resolution of 256 x 256 x 3 involves several key steps:

3.1 Dataset
Figure 2 illustrates the image samples of control and fungal-infected diseased leaves
used in this study. The dataset for these images was developed in collaboration with an

- 9

=
‘r‘-—» Preprocessing Segmentation (a) control
\\r' 1

Input images (b) diseased

Fig. 1 The overall workflow of the proposed framework for detecting and segmenting diseased regions in egg-
plant leaves, highlighting preprocessing, segmentation using U*Net, and classification stages
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F

(a) Control

Fig. 2 a Control and b fungal-infected diseased leaf

(a) Original image (b) masked image

Fig. 3 a Original image of an eggplant leaf showing visible brown lesion symptoms, and b the corresponding
binary ground truth mask highlighting the infected lesion area used for segmentation training

expert from the Manipal School of Life Sciences, Manipal, Karnataka, India. A digital
camera was used to systematically capture the images for further analysis. To ensure the
image quality and consistency, standard lighting conditions and uniform background
were maintained during the image capture.

3.2 Lesion mask generation

To facilitate segmentation model training, each original leaf image was paired with a
binary ground truth mask highlighting the diseased region. The lesion masks help the
model learn to localize infection-affected areas. An example of an original leaf image
and its corresponding lesion mask is depicted in Fig. 3.

3.3 Preprocessing

The dataset comprised 200 original images with corresponding segmentation masks,
including 50 healthy and 150 diseased leaves. Data augmentation including rotations,
flips, scaling, and elastic deformations expanded the dataset to 500 images. All images
were resized to 256 x 256 pixels with three color channels. From the augmented dataset,
an 80:20 train/test split was applied, resulting in 400 training images and 100 test images.
During training, 20 percent of the training set (80 images) was held out as a validation
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set for learning-rate scheduling and checkpointing, yielding final counts of 320 training,
80 validation, and 100 test images.

3.4 Model architecture
U-Net is a widely adopted architecture for image segmentation that features a symmet-
ric encoder-decoder structure with skip connections, facilitating the transfer of spatial
information between corresponding layers. An evolution of U-Net, U2-Net incorporates
a two-level nested U-structure with Residual U-blocks (RSU) at each stage, enabling
effective multi-scale feature extraction without significant computational overhead.
WU-Net, a variant of U-Net designed to enhance edge information extraction, employs
a deeper network structure with two independent paths for feature extraction, where the
feature maps from both paths are concatenated for classification, ultimately improving
the accuracy of edge information extraction in high-resolution images.

The architectural structure of U-Net used for segmentation is illustrated in Fig. 4.

The figure provides an overview of the U2-Net architecture used for brinjal leaf dis-
ease segmentation, while the detailed per-layer model configuration, output shapes, and
parameter counts are provided in Table 1.

3.4.1 Implementation details

PyTorch: Construct the U2-Net model using the torch.nn module. Implement custom
datasets and dataloaders to manage image-mask pairs efficiently. Employ the torchvi-
sion.transforms module for on-the-fly data augmentation during training.

3.4.2 Proposed U2-Net
To adapt the U2-Net model for binary segmentation of diseased and healthy leaves with
an input size of 256 x 256 pixels, we modified the architecture as outlined in Table 1.

1. Input layer:

256%256x%3 256%256x 2 -
- 3, \
)
input image $256 64 128 644  output segmentation
—og
- §128128 256 1284
§512 512 512 2564

= cnv 3x3, RelLU
1024 % MaxPool 2x2

- 1x1
» 4 up-conv
I:I » = Skip Connections

Fig. 4 The architecture of the U?-Net model used for brinjal leaf disease segmentation, highlighting its nested U-
shaped design and multiscale Residual U-blocks (RSUs)
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Layer name Layer type Output shape Parameters
Input Input layer (256,256,3) 0

Conv1 Conv2D+RelU (256,256,64) 1,792
Conv2 Conv2D+RelU (256,256,64) 36,928
Pool1 MaxPooling2D (128,128,64) 0

Conv3 Conv2D+RelU (128,128,128) 73,856
Conv4 Conv2D+RelU (128,128,128) 147,584
Pool2 MaxPooling2D (64,64,128) 0

Conv5 Conv2D+RelU (64,64,256) 295,168
Convé Conv2D+RelU (64,64,256) 590,080
Pool3 MaxPooling2D (32,32,256) 0

Conv7 Conv2D+RelU (32,32,512) 1,180,160
Conv8 Conv2D+RelU (32,32,512) 2,359,808
Pool4 MaxPooling2D (16,16,512) 0

Conv9 Conv2D+RelU (16,16,1024) 4,719,616
Conv10 Conv2D+RelU (16,16,1024) 9,438,208
upConv1 UpConv2D (32,32,512) 2,097,664
Concat1 Concatenate (32,32,1024) 0

Conv11 Conv2D+RelU (32,32,512) 4,719,104
Conv12 Conv2D+RelU (32,32,512) 2,359,808
UpConv2 UpConv2D (64,64,256) 524,544
Concat2 Concatenate (64,64,256) 0

Conv13 Conv2D+RelU (64,64,256) 1,179,904
Conv14 Conv2D+RelU (64,64 256) 590,080
UpConv3 UpConv2D (128,128,128) 131,200
Concat3 Concatenate (128,128,256) 0

Conv15 Conv2D+RelU (128,128,128) 295,040
Convi6 Conv2D+RelU (128,128,128) 147,584
UpConv4 UpConv2D (256,256,64) 32,832
Concat4 Concatenate (256,256,128) 0

Conv17 Conv2D+RelU (256,256,64) 73,792
Conv18 Conv2D+RelU (256,256,64) 36,928
Output Conv2d+ Softmax (256,256,2) 130
Metric Value

Total parameters ~17.8 million
Trainable parameters ~17.8 million
Non-trainable parameters

FLOPs (approx.) ~324 GFLOPs

Dimensions: Adjust the input layer to accept images of size 256 x 256 pixels with 3 color

channels (RGB).

2. Output layer:

Classes: Configure the final layer to produce two channels corresponding to the two

classes: diseased and healthy.

Activation function: Apply the softmax activation function to obtain class probabilities

for each pixel.

The proposed U2-Net architecture consists of approximately 17.8 million parameters
and an estimated 32.4 GFLOPs for an input size of 256 x 256 x 3. Despite its nested struc-
ture, the model remains computationally feasible for deployment on modern GPUs and

high-performance edge devices.
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3.5 Training process
Each model was trained for 50 epochs using the Adam optimizer. The learning rate
was set to 0.0001 and adjusted dynamically using the ReduceLROnPlateau scheduler to
ensure better convergence. A batch size of 16 was used during training. To handle class
imbalance and improve segmentation performance, the Binary Cross Entropy loss func-
tion was employed. Additionally, model checkpoints were saved periodically to retain
the best-performing models and avoid data loss, as shown in Table 2.

The U2-Net, U-Net, and WU-Net models were trained using the following
hyperparameters:

Data augmentation techniques were employed to enhance model robustness and gen-
eralization, such as:

» Rotation (+30°)

+ Horizontal and vertical flips

« Zoom range: 0.8—-1.2

« Elastic deformations

+ Brightness/Contrast adjustment

3.5.1 Problem formulation and loss function

The fungal disease detection task was formulated as a binary semantic segmentation
problem, where each pixel of an input image I€R ™ * ¥ * 3 is classified into one of two
categories: healthy (0) or diseased (1). The corresponding ground-truth mask is denoted
as given in the Eq. (1).

M e {0,137V (1)

Let pi represent the predicted probability of pixel i belonging to the diseased class, and
yi €{0,1} denote the true label. To train the segmentation model effectively, the follow-
ing loss functions were employed:

1. Binary cross-entropy (BCE) loss
Binary Cross-Entropy (BCE) is a commonly used loss function for pixel-level binary

classification. It penalizes incorrect predictions at the pixel level and is defined in Eq. (2).

Locs =~ 3 ilyilog (i) + (1 — yi) log (1 = pi) @)

where N=H x W is the total number of pixels in an image.
2. Dice loss
Since diseased regions typically occupy few pixels (much smaller portion of the image)

compared to healthy ones, class imbalance becomes a challenge. To address this, Dice

Table 2 Summary of key hyperparameters for model training

Hyperparameters Value/Description

Optimizer Adam

Learning rate 0.0001 (with ReducelLROnPlateau scheduler)
Batch size 16

Epochs 50

Loss function Binary cross entropy
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Loss was applied, which directly maximizes the spatial overlap between predictions and
ground truth. It is formulated in Eq. (3).

Lpice =1-2 iyipi+e/ Y iyi+ ) ipi 3)

where ¢ is a small constant to avoid division by zero.
3. Final loss function

The overall objective combined BCE and Dice Loss in a weighted form, as represented
in Eq. (4)

Liinat = aLpcr+BLDice (4)

with weights a=0.5 and =0.5.
This joint formulation balances pixel-wise accuracy with region-level overlap, enabling
the U?-Net model to achieve precise segmentation and capture fine-grained lesion

boundaries more effectively.

3.6 Evaluation metrics
The models were evaluated using the following metrics:

« DPixel accuracy: The ratio of correctly classified pixels to the total number of pixels.

+ Dice coeflicient: Measures the overlap between the predicted segmentation and the
ground truth.

« Intersection over union (IoU): Calculates the ratio of the intersection to the union of
the predicted and true masks.

3.7 Training environment

Model training was conducted on a high-performance computing setup to ensure effi-
cient execution and reproducibility. The environment included an NVIDIA Tesla T4
GPU with 16 GB VRAM, an Intel Xeon Silver 4210R CPU, and 32 GB RAM. All mod-
els were implemented using PyTorch version 1.13.1. On average, the training time per
epoch varied slightly depending on the model architecture: approximately 2.5 min for
U2-Net, 1.8 min for U-Net, and 2.2 min for WU-Net. Each model was trained for 50
epochs, resulting in a total training time of approximately 2 h. This setup provided an
optimal balance between computational efficiency and training accuracy, as demon-
strated in Table 3.

3.7.1 Reproducibility and statistical reporting
To assess the stability of each model, we trained every architecture five times using
different random seeds while keeping the hyperparameters constant. All reported

Table 3 Training environment and model runtime summary

Component Specification

GPU NVIDIA Tesla T4 (16 GB VRAM)

CPU Intel xeon silver 4210R

RAM 32GB

Framework PyTorch 1.13.1

Time per epoch ~ 2.5 min for U2-Net, ~ 1.8 min for U-Net, ~ 2.2 min for WU-Net

Total training time ~2h (50 epochs)
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segmentation and classification metrics (Pixel Accuracy, IoU and Dice) are presented as
mean * standard deviation across these independent runs. Where appropriate, pairwise
statistical tests were performed to ensure that the observed differences were statistically
significant.

3.8 Post-processing

+ Thresholding: Apply thresholding to the model’s output probabilities to obtain binary
segmentation masks.

+ Morphological operations: Utilize operations such as erosion and dilation to refine
segmentation results, removing noise and closing gaps.

3.9 Image-level classification from segmentation masks

In addition to segmentation, U>-Net outputs were used to derive image-level classifica-
tion results. Specifically, the binary masks generated by the segmentation model were
analyzed to determine whether an image belonged to the healthy or diseased category.
Images with lesion pixels exceeding a predefined threshold were classified as diseased,
while the absence of such lesions were classified as healthy. These binary labels were
then compared with the ground truth image labels to compute the classification accu-
racy. This post-processing step provided a practical validation of the segmentation mod-
el’s effectiveness for image-level disease diagnosis. The procedure was repeated over five
independent runs, and all metrics are reported as mean * standard deviation to account
for variability.

3.9.1 Comparison with U-Net and WU-Net

After training, the U2-Net model’s performance was evaluated against U-Net and WU-
Net architectures. Studies have shown that U2-Net often outperforms traditional U-Net
models in segmentation tasks due to its deeper architecture and efficient feature extrac-
tion capabilities. For instance, in calving front segmentation, U2-Net demonstrated
more effective classification compared to fully convolutional networks (FCN) and U-Net
models.

4 Results and discussion
The comparative analysis revealed that all three models performed effectively in seg-
menting images; however, notable differences were observed:

+ U2-Net: Demonstrated better performance in capturing fine-grained details, likely
due to its deeper architecture and efficient feature extraction capabilities.

» U-Net: Provided robust segmentation results but struggled with accurately capturing
complex edge information in high-resolution images.

+ WU-Net: Aimed to enhance edge information extraction through a deeper network
structure with two independent paths for feature extraction.

Figure 5 presents the training and validation accuracy graphs. Figure 5a illustrates that
U2-Net demonstrates more stable and consistent learning behavior in detecting fungal
patterns on leaves, compared to U-Net in Fig. 5b and c depicts an underfitting scenario,
offering insights into model performance and supporting the selection of a suitable
architecture for the segmentation task.
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Optimal Fit: Training and Validation Accuracy

0.8
T 0.7
il
3
e
0.6
05414
/ —e— Training Accuracy
—=— Validation Accuracy
0 20 40 60 8‘0 160
Epochs
(a)
Overfitting: Training and Validation Accuracy
Pl SOl LA A,
0.9 4
0.8 v.,._uﬂwk'- -"MH_I‘L-'\- P e A P =y A‘IL
>
t | [/
507
2
0.6 1
0.5
—e— Training Accuracy
—=— Validation Accuracy
E) 20 4‘0 60 8’0 1(‘)0
Epochs
(b)
Underfitting: Training and Validation Accuracy
APV A an AN AAMA N 2 Aals PaAba A
0.75 ] LATAWALY S B4 Rl VoWl A" 4 S ]
0.70 f hwhvl“M.A‘Nwln“R\.lIH-VA'M‘MIA‘hV.v-'.vﬁh
0.65 +

Accuracy
o
3
H

0.55 /r/
0.50

.
/ —e— Training Accuracy
0.45 1 —=— Validation Accuracy |
T T T T T
0 20 40 60 80 100
Epochs
©

Fig. 5 Training and validation performance curves of different models: a U2-Net displays stable learning with
minimal gap between training and validation, indicating an optimal fit; b U-Net exhibits signs of overfitting; and ¢
WU-Net shows underfitting, with consistently low performance across both sets
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To assess the segmentation quality of deep learning models, three widely adopted met-
rics were considered: Pixel accuracy, intersection over union (IoU), and the Dice Coeffi-
cient. Each metric evaluates different aspects of the model’s ability to correctly delineate
segmented regions [33].

Pixel accuracy: Pixel accuracy reflects the percentage of pixels in the input image that
are correctly predicted by the model, regardless of class, as shown in the Eq. (5).

TotalCorrectlyPredicted Pixels
Total PixelsintheImage

Pizel Accuracy = (5)
Intersection over union (IoU): IoU evaluates how well the predicted segmentation over-
laps with the actual target area. It is the ratio of the intersection (common area) to the
union (combined area) of the predicted and ground truth regions, as represented in the
Eq. (6).

TruePositive (T P)
TP + FalsePositive (FP) + FalseNegative (FN)

IToU = (6)
Dice coefficient: The dice coefficient measures the similarity between the predicted and
actual segmented regions. It places more emphasis on correctly predicted pixels and is
particularly useful in handling class imbalance, as expressed in Eq. (7).

2xTP

DiceS =
iceScore S x TP FPLFN (7)

Here, TP (true positives) refers to correctly identified diseased cases, FP (false positives)
denotes instances incorrectly classified as diseased, and FN (false negatives) indicates
actual diseased cases that the model failed to detect.

Table 4 illustrates the performance scores of three segmentation models, including
U2Net, UNet, and WUNet, for leaf disease detection. The results derived from experi-
mental evaluations, are reported using standard segmentation metrics (Pixel Accuracy,
IoU, Dice) and are expressed in terms of mean + standard deviation over five indepen-
dent runs to reflect model’s accuracy and quality.

Figure 6 presents a bar plot comparing the performance of U2-Net, U-Net, and WU-
Net based on three key metrics: pixel accuracy, intersection over union (IoU), and Dice
Coefhicient. The results indicate that U2-Net outperforms the other models across all
metrics. Among these, U2-Net achieves the highest training accuracy of 96%.

Figure 7 presents the confusion matrices illustrating the performance of the models.
Figure 7a shows that the U2-Net model achieved an accuracy of 93%, while Fig. 7b indi-
cates that the U-Net model attained 89% accuracy. In comparison, Fig. 7c demonstrates
that the WU-Net model achieved an accuracy of 80%.

Table 5 presents the confusion matrix components—true positives (TP), true nega-
tives (TN), false positives (FP), and false negatives (FN), for each segmentation model.

Table 4 Segmentation performance metrics for each model, represented as mean + standard

deviation

Model Pixel accuracy loU score Dice score
U2-Net 0.98+0.01 0.95+0.01 0.97+0.01
U-Net 0.75+0.02 0.78+0.02 0.80+0.02

WU-Net 0.70+0.03 0.73+0.03 0.75+0.03
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Performance Metrics of Different Models

W Pixel Accuracy
Iy
M Dice Coefficient

Metrics

UNet
Models

Fig. 6 Comparative analysis of U2-Net, U-Net, and WU-Net across key segmentation metrics-Pixel Accuracy, loU,
and Dice. U2-Net achieved the highest values, indicating its enhanced capability to capture lesion boundaries
accurately

These values support the reported accuracy metrics and provide deeper insight into the
classification behavior and reliability of each architecture.

These values were derived from a test set of 100 images. The high TP and TN rates for
U2-Net validate its effective segmentation and classification performance.

Figure 8 illustrates the different stages of the image segmentation process. Figure 8a
represents the input image, Fig. 8b shows the segmented output generated by the pro-
posed model, and Fig. 8c presents the post-processed result after applying morphologi-
cal closing and opening operations.

Figure 9a shows the original eggplant leaf image with visible symptoms of infection.
Figure 9b displays the corresponding binary segmentation mask used to localize the dis-
eased region. Figure 9c illustrates the extracted brown lesion area obtained by apply-
ing the mask to the original image, effectively isolating the infected region for further
analysis.

Figure 10 presents the ROC curve analysis, demonstrating that all classifiers per-
formed effectively, with AUC values ranging from 0.95 to 1.0. The U2-Net model, uti-
lized for classification, exhibited better segmentation capabilities, leading to improved
accuracy. These results indicate that while U-Net remains a strong baseline for segmen-
tation tasks, U2-Net provides enhanced performance for applications requiring detailed
segmentation. Although WU-Net’s approach to edge information extraction offers
potential advantages, its effectiveness may depend on the complexity of the images.

In this study, we compared several state-of-the-art CNN architectures for leaf dis-
ease classification (Fig. 11), focusing on performance metrics such as accuracy, training
time, parameter count, and implementation platforms. Among the models evaluated,
EfficientNetBO achieved the highest classification accuracy at 94.3% while maintaining
a relatively low number of parameters (5.3 million), making it highly suitable for mobile
or edge device deployment. DenseNet121 also performed well, achieving 93% accuracy
with fewer parameters compared to older models like VGG16, which, despite its his-
torical popularity, is significantly heavier with 138 million parameters and offers lower
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Fig.7 Confusion matrices illustrating model classification performance: a U2-Net with 93% accuracy, b U-Net with
89%, and ¢ WU-Net with 80%. These matrices highlight true vs. false predictions across lesion classes
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Table 5 Quantification summary of confusion matrix and accuracy per model

Page 15 of 20

Model TP TN FP FN Accuracy
U%Net 93 93 7 7 93%
U-Net 89 89 11 1 89%
WU-Net 80 80 20 20 80%

Input Images

Segmented results

Post-Processing

(a)

(b)

(©)

Fig. 8 a original eggplant leaf image, b segmented lesion region output by the U2-Net model, and ¢ post-pro-
cessed mask after applying morphological operations to refine lesion boundaries

(a) Original image

(b) masked image

(c) brown lesion

Fig. 9 a Original eggplant diseased leaf image, b corresponding binary mask showing the diseased area, and ¢

extracted brown lesion area

efficiency. MobileNetV2 proved to be the lightest model (3.5 million parameters), offer-

ing faster training and compatibility with TensorFlow Lite, albeit with a slightly reduced

accuracy of 89.8%. Training times for all models ranged between 70 and 120 min,

depending on model complexity, with 35-50 epochs used across the experiments. The
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Fig. 10 ROC curve analysis for classification performance across models, with AUC values between 0.95 and 1.0.
U2-Net demonstrated improved segmentation, outperforming U-Net and WU-Net in handling complex lesion

patterns
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Fig. 11 Comparative performance of six CNN architectures (VGG16, MobileNetV2, InceptionV3, ResNet50,
DenseNet121, and EfficientNetBO) for leaf disease classification based on accuracy. EfficientNetB0O achieved the
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100.0

Page 16 of 20



Patil et al. Discover Artificial Intelligence (2026) 6:444 Page 17 of 20

Table 6 Performance comparison of CNN architectures used for brinjal leaf disease classification.
Metrics include classification accuracy, number of parameters, training time, number of epochs, and
the platform used. EfficientNetBO achieved the highest accuracy (94.3%) with low model size and
training time, indicating suitability for edge deployment

Model Accuracy (%) Parameters (M) Training time (min) Epochs Platform
VGG16 87.5 138 120 50 Keras
MobileNetV2 89.8 35 70 35 TensorFlow Lite
InceptionV3 90.1 239 90 40 Keras

ResNet50 92.5 25.6 100 50 PyTorch
DenseNet121 93.0 79 105 50 PyTorch
EfficientNetBO 943 53 90 40 TensorFlow Lite

Table 7 Comparison of model size, training and inference times, coverage of leaf varieties, and leaf
surface employed

Model Param-  Training Inference Leaf variety Leaf surface
eters (M) time (50 time (per coverage
epochs) image)
U?-Net 443 ~2h 03s Multiple cultivars Upper side only
U-Net 310 ~1.5h 055 Multiple cultivars Upper side only
WU-Net 36.5 ~1.8h 045 Multiple cultivars Upper side only
Classifier A (baseline CNN) 52 ~45 min 01s Limited (subset only) Upper side only
Classifier B (ResNet-18) 11.7 ~1.2h 0.15s Limited (subset only) Upper side only

models were implemented using platforms such as PyTorch and Keras. This compari-
son highlights that models like EfficientNetBO and MobileNetV2 are optimal choices for
real-time, low-resource agricultural applications, while ResNet50 and DenseNet121 are
more suited for high-accuracy laboratory environments. Such evaluations help guide the
selection of deep learning architectures based on specific application constraints and
performance goals.

To complement the visual comparison in Fig. 11, a detailed quantitative summary of
each CNN model’s performance, complexity, and training requirements is presented in
Table 6.

This table summarizes the CNN architectures used for brinjal leaf disease classifica-
tion. EfficientNetBO outperformed others in terms of accuracy (94.3%) with relatively
low parameter count (5.3 M) and training time, making it optimal for mobile and edge
deployment scenarios.

Table 7 represents a comparative analysis of various models used for leaf disease
detection, focusing on their computational requirements and the extent of dataset cov-
erage. U2-Net, model, which features a size of 44.3 M, demonstrates a training duration
of 2 h across 50 epochs and an inference time of 0.3 s per image, reflecting its effective-
ness in modeling. Conversely, the classification-oriented baselines, specifically Classifier
A and ResNet-18, exhibit a markedly reduced number of parameters along with acceler-
ated inference speeds; however, they are constrained to a more limited array of cultivars.
Importantly, it is noteworthy that all models examined exclusively analysed the adaxial
(upper) surface of leaves, thereby underscoring a prevalent limitation associated with
surface variability.

4.1 Ablation study
We conducted ablation studies to evaluate the individual contribution of three

components:



Patil et al. Discover Artificial Intelligence (2026) 6:444 Page 18 of 20

Table 8 Ablation study results showing the impact of key components in the U2-Net architecture

Model variant loU (%) Dice (%) Accuracy (%)
U-Net (full) 88.5 916 93.0
Without RSU blocks 80.2 85.7 88.5
Without data augmentation 768 82.0 84.1
Without post-processing 824 87.6 89.2

1. Data augmentation
2. Post-processing (morphological operations)
3. U2-net structural components (RSU blocks)

Each variant was tested under controlled conditions using the same dataset and training
configuration. The results are summarized in Table 8.

5 Limitations and future work

This study has certain limitations that should be acknowledged. The dataset was con-
structed from a limited number of original images (200). Although extensive data aug-
mentation was applied, the small base set restricts diversity in terms of lighting, leaf
variety, and field conditions, as a result, the generalizability of the models to broader
agricultural scenarios may be limited. Practical deployment will require a larger dataset
spanning multiple locations and seasons, along with additional validation strategies such
as k-fold cross-validation. Detection is currently limited to the upper (sun-exposed) leaf
surface and specific cultivars, so expanding coverage to include different leaf surfaces,
additional cultivars, and varied field conditions will be essential for real-world appli-
cability. Future work will focus on addressing these limitations to improve robustness,
scalability, and generalizability.

6 Conclusion

This study highlights the importance of selecting an appropriate model architecture for
image segmentation tasks in plant disease detection. Among the evaluated models, U*-
Net consistently outperformed U-Net and WU-Net, achieving the highest segmentation
accuracy (Pixel Accuracy=0.98, IoU=0.95, Dice=0.97) and demonstrating advanced
ability to capture fine-grained lesion details. With a training accuracy of 96%, test accu-
racy of 93%, and AUC values ranging from 0.95 to 1.0, U?-Net proved most effective for
brinjal leaf fungal disease segmentation and classification, confirming its practical utility
in disease diagnosis and management. U-Net, a robust model, provided the best balance
between accuracy and detail preservation while maintaining relatively low computa-
tional cost, making it well-suited for pixel-level segmentation in agricultural environ-
ments. These findings underscore the model’s value in enabling timely intervention and
targeted disease management within precision agriculture. Future research may focus
on hybrid or attention-based architectures, advanced post-processing methods, larger
datasets, and real-time detection strategies to further enhance segmentation accuracy,
robustness, and real-world applicability.
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