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Introduction: The assessment of the severity of fruit disease is crucial for the
optimization of fruit production. By quantifying the percentage of leaf disease, an
effective approach to determining the severity of the disease is available.
However, the current prediction of disease degree by machine learning
methods still faces challenges, including suboptimal accuracy and
limited generalizability.

Methods: In light of the growing application of large model technology across a
range of fields, this study draws upon the DINOV2 visual large vision model
backbone network to construct the DINOV2-Fruit Leaf Classification and
Segmentation Model (DINOV2-FCS), a model designed for the classification
and severity prediction of diverse fruit leaf diseases. DINOV2-FCS employs the
DINOv2-B (distilled) backbone feature extraction network to enhance the
extraction of features from fruit disease leaf images. In fruit leaf disease
classification, for the problem that leaf spots of different diseases have great
similarity, we have proposed Class-Patch Feature Fusion Module (C-PFFM),
which integrates the local detailed feature information of the spots and the
global feature information of the class markers. For the problem that the model
ignores the fine spots in the segmentation process, we propose Explicit Feature
Fusion Architecture (EFFA) and Alterable Kernel Atrous Spatial Pyramid Pooling
(AKASPP), which improve the segmentation effect of the model.

Results: To verify the accuracy and generalizability of the model, two sets of
experiments were conducted. First, the labeled leaf disease dataset of five fruits
was randomly divided. The trained model exhibited an accuracy of 99.67% in
disease classification, an mloU of 90.29%, and an accuracy of 95.68% in disease
severity classification. In the generalizability experiment, four disease data sets
were used for training and one for testing. The mloU of the trained model
reached 83.95%, and the accuracy of disease severity grading was 95.24%.
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Discussion: The results demonstrate that the model exhibits superior
performance compared to other state-of-the-art models and that the model
has strong generalization capabilities. This study provides a new method for leaf
disease classification and leaf disease severity prediction for a variety of fruits.
Code is available at https://github.com/BaiChunhuiz001/DINOV2-FCS.
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1 Introduction

In the contemporary globalized food supply chain, fruits occupy
a pivotal position in the human diet. Fresh fruits, in particular, are
highly esteemed for their alluring aroma and distinctive flavor
(Wang et al., 2022). Fruit diseases represent a significant
challenge for the fruit industry, accounting for significant
economic losses annually. Timely identification of fruit diseases
helps control infections and ensure optimal productivity (Khan
et al., 2022). However, traditional fruit disease detection methods
are susceptible to subjective judgement and experience differences
of the inspector, leading to inconsistent and low accuracy of
detection results (Khattak et al., 2021). Deep learning-based fruit
disease detection methods not only significantly increase detection
speed and accuracy, but also further optimise and enhance the
ability of disease identification through continuous data
accumulation and learning (Shoaib et al.,, 2023).

The development and implementation of autonomous plant
disease detection has been made easier by the ongoing advancements
in artificial intelligence technologies. A study (Atila et al., 2021)
employed the EfficientNet model to identify diseases of plant leaves,
with the objective of enhancing diagnostic accuracy and efficiency. By
contrasting it with advanced convolutional neural network models, the
study demonstrated that EfficientNet performs well in classifying plant
leaf images, thereby validating its potential for automated diagnosis of
plant diseases. The RIC-Net (Zhao et al., 2022) was developed on the
foundation of the Inception and residual structure fusion models, with
an enhanced Convolutional Block Attention Module (CBAM)
integrated for the purpose of enhancing the efficacy of plant leaf
disease classification. The DFN-PSAN (Dai et al, 2024) model
demonstrated high performance in identifying diseases of plants
through the application of weather data augmentation techniques on
three datasets derived from real agricultural scenarios. The topic of
plant disease identification has already reached a mature state of
application for deep learning techniques.

Precisely determining the extent of plant diseases is vital from the
standpoint of application. This is because the detection of disease
severity assists farmers in making informed decisions to mitigate
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losses due to disease infection. A study (Zeng et al., 2020) created a
HLB-infected citrus leaf image dataset, expanded the original training
dataset with a deep convolutional generative adversarial network, and
trained six different deep learning models to perform severity
detection. A unique three-branch Swin Transformer classification
network (TSTC) was designed in another study (Yang et al., 2023)to
diagnose plant diseases and their severity independently and
concurrently. However, these plant disease severity estimates are
based on simple classification networks, which are less effective and
weakly interpretable. In practice, calculating the percentage of leaf
diseased area is a crucial step in assessing the severity of the disease
(Madden et al., 2007). A study (Goncalves et al,, 2021) trained six
semantic segmentation models for the purpose of recognizing and
estimating the severity of plant leaf diseases with an accuracy
comparable to that of commercial software. This was achieved
without the need to manually adjust the segmentation parameters
or remove complex backgrounds from the images. Another study
(Hu et al,, 2021) employed a support vector machine to segment the
lesion in order to better identify the disease and offered an elliptical
restoration approach to fit and restore the whole size of the occluded
or damaged tea leaves. Researchers presented a deep learning and
fuzzy logic based approach to establish an automated technique for
grapevine black measles disease identification and severity analysis (Ji
and Wu, 2022). To address the problem of cucumber downy mildew,
researchers proposed a two-stage segmentation framework to
calculate the percentage of leaf disease area (Wang et al, 2021).
The resulting accuracy of the disease severity classification was
92.85%. Nevertheless, all of these works have trained models just
for a single plant disease, thus leading to limited generalization.

As computer vision technology advances, large vision models
find extensive use in several domains. SAM (Kirillov et al., 2023), a
powerful model designed for segmentation tasks, has been developed
to achieve zero-sample migration to a variety of tasks through cueing
engineering. It has demonstrated excellent performance on a range of
image segmentation tasks, which has contributed to the advancement
of the computer vision field. However, the considerable
computational expense of SAM represents a significant obstacle to
its broader deployment in industrial settings. FastSAM (Zhao et al.,
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2023), MobileSAM (Zhang et al., 2023a), and MobileSAMv2 (Zhang
et al, 2023b) employ model parameter reduction and accelerate
inference techniques to mitigate this challenge. DINO (Caron et al,
2021) employs a novel contrast learning method to enhance its visual
generic representation. This method compares the features of the
original image with those of a randomly cropped image, resulting in
highly satisfactory outcomes. DINOv2 (Oquab et al, 2023) is a
method for pre-training an image encoder on a large image dataset
in order to obtain visual features with semantic meaning. These
features can be employed for a diverse range of visual tasks without
the necessity for further training to achieve performance levels
comparable to those of supervised models. In the application of
large vision models, MedSAM (Ma et al., 2024) was demonstrated to
have significantly enhanced segmentation performance on medical
images by fine-tuning SAM. SAMRS (Wang et al,, 2024) dataset
developed using SAM and existing remote sensing datasets. The
powerful feature extraction capability of large vision models can
better assist agricultural disease detection. Nevertheless, there hasn’t
been any information on the use of large vision models in plant
disease detection, particularly for classification and severity estimate.

In this study, we constructed the model DINOV2-FCS for leaf
disease classification and severity prediction of a variety of fruits
based on the DINOV?2 large vision model backbone network. The
contributions of this study are as follows:

1. We constructed the model DINOV2-FCS for leaf disease
classification and severity prediction of a variety of fruits
based on the DINOV2 large vision model backbone
network. This approach has been shown to have good
generalization ability.

2. In order to enhance the training of the model, the leaf and
lesion regions in the 2010 images were meticulously labeled.

3. An improvement to the MLP decoder has been proposed,
namely Explicit Feature Fusion Architecture (EFFA), which
fuses explicit feature information and multilevel feature
information and improves the segmentation accuracy of
the model.

4. We have proposed Alterable Kernel Atrous Spatial Pyramid
Pooling (AKASPP), which fuses contextual and detailed
edge information from different sensory fields in order to
enhance adaptability to varying sizes and shapes of lesion
targets and to align with the edge details of leaves
and lesions.

5. We have proposed Class-Patch Feature Fusion Module (C-
PFFM), which fuses local detailed feature information from

TABLE 1 Statistics on the number of datasets.

Apple black rot Cedar apple rust

Original 441 417
Enhanced 1323 1251
Total 1764 1668

10.3389/fpls.2024.1475282

patch tokens and global feature information from class token,
resulting in improved classification accuracy of the model.

2 Materials and methods

2.1 Datasets

This study collected 2,010 images related to five different fruit
foliar diseases: apple black rot, cedar apple rust, grape black measles,
grape black rot, and strawberry leaf scorch. These images were
obtained from the public PlantVillage dataset (Hughes and Salathe,
2015), which consists of images captured in an indoor laboratory
setting and is widely used for crop and plant disease research. We
increased the number of images to 8,040 using data augmentation
techniques, and all images were accurately labeled. The precise
number of images for each disease is presented in Table 1. The
procedure for processing the dataset was as follows:

1. Uniform image size: The selected images were resized to
512x512 pixels, consistent with the input specifications of
the model, by using the resize method of the Image class in
the Pillow library (version 10.2.0).

2. Data labeling: The leaf and lesion areas in the images were
manually labeled with high accuracy using LabelMe
(version 3.16.7). Each image was categorized into three
regions: background, leaf, and lesion, represented by black,
green, and red, respectively. The labeled images serve as a
benchmark for evaluating the accuracy of the segmentation
model. Figure 1A shows a selection of images from the
dataset, alongside their accurately labeled counterparts.

3. Data augmentation: To simulate various lighting
conditions and disturbances, data augmentation was
applied to the original images by introducing random
noise, applying blurring operations, and adjusting
brightness. Specifically, NumPy (version 1.24.4) was used
to generate Gaussian-distributed noise, which was added to
the images. Various blurring algorithms from the OpenCV
library (version 4.9.0.80) were applied, and brightness was
randomly adjusted using a factor generated by NumPy.
This enhanced the diversity of the dataset. Figure 1B shows
examples of the augmented images.

4. Data splitting: To train the model and evaluate its
performance, the dataset was randomly divided into

Grape Grape black rot Strawberry
black measles leaf scorch
419 404 329
1257 1212 987
1676 1616 1316
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FIGURE 1
(A) Sample dataset annotation; (B) Sample data augmentation.

training and test sets with a 7:3 ratio. To ensure
reproducibility, the random seed was set to 0.

In practice, calculating the percentage of leaf diseased area is a
crucial step in assessing the severity of the disease. Nevertheless,
there is as yet no uniform grading scale for the severity of disease.
Guided by the experience of experts as well as references to the
literature (Wang et al., 2021), this study graded the severity of leaf
disease to facilitate a better assessment of model performance.
illustrates the grading strategies employed to assess the severity of
leaf disease. Table 2 illustrates the grading strategies employed to
determine leaf disease severity.

TABLE 2 Grading strategies for the severity of leaf disease.

Disease grade = Proportion of disease spots in leaves P

Level 0 0

Level 1 0<P < 10%
Level 2 10%<P < 20%
Level 3 20%<P < 40%
Level 4 40%<P < 60%
Level 5 60%<P < 100%
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2.2 Model structure

In this study, a model, DINOV2-FCS, is constructed based on the
DINOV2 large vision model for the purpose of classifying and
segmenting diseased leaves of fruits. The DINOv2 model generates
generalized visual features through pre-training on a large amount of
well-curated data, which are effective across different image
distributions and tasks without the need for fine-tuning. The
DINOv2-FCS model uses the DINOv2-B (distilled) as the
backbone. The DINOv2-B model adopts the ViT-B/14 architecture
and consists of 12 consecutive Transformer Blocks. In this study, the
classification and segmentation modules are designed separately to
accomplish fruit leaf disease classification and severity prediction,
respectively, using the features obtained from the backbone.

In the classification module, this study proposes Class-Patch
Feature Fusion Module (C-PFFM) as a method of fusing patch
tokens and class token for effective feature fusion. C-PFFM is
demonstrated to more effectively utilise the features generated by
the backbone for disease classification of fruit leaves, and to
enhance the model’s classification accuracy. In the segmentation
module, the following methods are proposed: Explicit Feature
Fusion Architecture (EFFA) and Alterable Kernel Atrous Spatial
Pyramid Pooling (AKASPP). EFFA fuses explicit feature
information and multilevel feature information. AKASPP fuses
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(A) Represents the overall structure of DINOV2-FCS; (B) represents the structure of CAM; (C) represents the structure of Transformer Block.

contextual information and detailed edge information from
different sensory fields. These modules greatly enhance the
segmentation performance. The overall model structure is
shown in Figure 2.

2.3 Class-patch feature fusion module

In VIT (Dosovitskiy et al., 2020), the classifier typically inputs
the class token to a fully connected layer, after which the
classification result is obtained. The advantage of this approach is
that the classifier is constructed in a straightforward manner, the
number of parameters is minimal. However, utilising the class token
as the sole input to the classifier will result in the omission of a

patchtokens

substantial quantity of local, detailed feature information. To
address this issue, Class-Patch Feature Fusion Module (C-PFFM)
is proposed in this study. C-PFFM eftectively fuses the local detail
feature information of patch tokens and the global feature
information of class token, thereby enhancing the model’s
classification accuracy. The operation procedure of C-PFEM is
illustrated in Equation 1.

{H:(l—a)-avgpoolXp+a-Xc 0
1

o = CBS((avgpoolX, + X))
Xp denotes patch tokens feature; X, denotes class token feature;

avgpool denotes global average pooling operation; CBS denotes
Convolution + BN + Sigmoid; X denotes output feature map;

Sigmoid

clstoken

FIGURE 3
Structure of C-PFFM.
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The final two layers of the backbone feature extraction network,
patch tokens feature X, and class token feature X, are initially
identified. Feature W is obtained by performing a global average
pooling operation on feature X, and summing feature X, element
by element. The global average pooling operation is illustrated in
Equation 2 The feature W is then subjected to convolution and BN
operations to obtain the channel weights o via the Sigmoid
operation. Feature X, is subjected to element-by-element matrix
dot-multiplication with the channel weights (1 — ¢¢) and the feature.
The obtained features are subjected to element-by-element
summing operation to obtain the patch tokens and class token
fusion feature. The structure of C-PFFM is depicted in Figure 3.

1
Xavgpaal = ngl E}ZIX(I'J) (2)

X denotes the feature map; H denotes the height of the feature
map; W denotes the width of the feature map; X,,4,,, denotes the
feature after global average pooling.

Class token contains long-range global feature information and
is often used as input features for classifiers. However, the rich local
detailed feature information contained in patch tokens should not
be ignored. In particular, in the task of classifying fruit leaf diseases,
there is a great similarity between leaf spots of different diseases. If
the detailed features are ignored and only the global features are
focused on, it will lead to poor classification accuracy of the model.
Local information typically encompasses fine structural and local
features within an image, whereas global information encompasses
the overall context and background knowledge. The effective fusion
of the two enables the model to learn a complete and representative
feature, thereby enhancing its ability to comprehend the input data
and its classification performance.

2.4 Explicit feature fusion architecture

SegFormer (Xie et al, 2021) is a straightforward and effective
semantic segmentation framework for Transformer. This approach
avoids complex decoder design and fuses information from different
layers. For semantic segmentation tasks, these feature information are
multi-layered global feature information and lack explicit feature
information, which makes it difficult to segment some tiny targets.
CFPNet (Quan et al., 2023) proposes an Explicit Visual Center (EVC)
that focuses on aggregating local corner-region features of an image
to enhance the feature representation.In this study, Explicit Feature
Fusion Architecture (EFFA) is proposed. The output features from
each of the four stages of the DINOV2 backbone are input into the
MLP layer to obtain global feature information at multiple levels.
Subsequently, the features from the last layer of the DINOV2
backbone are inputted into the EVC to obtain explicit feature
information. The explicit feature information is integrated into the
global feature information of each layer through a summing
operation with the global feature information of multiple layers.
Finally, the multilevel feature information is spliced according to the
channels and fused by a channel attention. The specific structure of
EFFA is illustrated in Figure 2.
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The image of leaf disease exhibits a multitude of spots of varying
sizes. When the model performs segmentation, it is not uncommon
that disease spots are incompletely segmented or subtle spots are
directly ignored. EVC provides a powerful feature enhancement
mechanism for the model. This mechanism enables semantic
segmentation models to recognize and localize objects in an
image with greater accuracy, particularly in the context of images
comprising multiple segmented objects, such as those depicting leaf
diseases. The EFFA proposed in this study fuses explicit feature
information into global feature information at each level,
subsequently fusing multilevel feature information. Multi-level
fusion can exploit the complementarity between the underlying
and higher-level features to enhance the feature representation. The
lowest-level features typically comprise local details and texture
information about the image, whereas the highest-level features
encompass more abstract semantic information. These multilevel
features integrate explicit feature information from EVC.

2.5 Alterable kernel atrous spatial
pyramid pooling

In fruit leaf images, there are numerous spots with intricate
shapes and varying sizes that can significantly impact the
segmentation performance of the model. A Pyramid Pooling
Module (PPM), comprising a set of pooling blocks with distinct
scales, has been proposed in PSPNet (Zhao et al., 2017) based on the
concept of pyramid pooling. The PPM provides a comprehensive
global representation encompassing the interrelationships between
diverse scales and subregions, thereby minimizing the loss of
contextual information. DeepLabv2 (Chen et al., 2017a) proposed
Atrous Spatial Pyramid Pooling (ASPP) to fuse multi-scale
information. In light of this, DeepLabv3 (Chen et al., 2017b) and
DeepLabv3+ (Chen et al., 2018) have enhanced the ASPP module,
achieving notable outcomes. These modules employ diverse scales
of receptive fields for fusion, addressing the issue of varying target
sizes in images. However, in the context of fruit leaf disease images,
the spot targets are also characterised by intricate shapes and
indistinct edges. In this study, a novel approach, AKASPP, is
proposed for the fusion of contextual and detailed edge
information from different receptive fields. This approach is based
on inflated convolution and AKConv (Zhang et al.,, 2023).

Expansion convolution offers the potential to provide a larger
sensory field than conventional convolution. Conventional
convolution permits the construction of a receptive field of size K x
K when the convolution kernel size is K. In contrast, inflated
convolution provides a receptive field as illustrated in Equation 3
Alterable Kernel Convolution (AKConv) is a new type of
convolutional operation that allows convolution kernels to have
an arbitrary number of parameters and an arbitrary sampling shape.
In contrast to traditional convolution operations, which are
typically constrained to fixed-size windows and fixed sample
shapes, AKConv defines the initial position of an arbitrarily sized
convolution kernel through a novel coordinate generation
algorithm and introduces offsets to accommodate alterations in

frontiersin.org


https://doi.org/10.3389/fpls.2024.1475282
https://www.frontiersin.org/journals/plant-science
https://www.frontiersin.org

Bai et al.

. J_1 M2

r——

oncatenate

Conv+BN Conv+BN
Conv+BN

Sigmoid

FIGURE 4
Structure of ASPP.

the target shape. In semantic segmentation tasks, AKConv can
facilitate more precise local feature extraction and enhanced edge
detail fitting, thereby enhancing the accuracy and detail of
segmentation.

RF=((r-1)(K-1)+K)* (3)

RF denotes the receptive field of the convolution kernel;r
denotes the expansion rate of the expansion convolution; K
denotes the convolution kernel size;

In this study, AKASPP is proposed for fruit leaf disease images
with complex spot shapes, blurred edges, and different sizes.

Training Classification of Losses Over Iterations

10.3389/fpls.2024.1475282

Figure 4 illustrates the specific structure of AKASPP. AKASPP is
capable of fusing contextual and detailed edge information from
different receptive fields. In order to capture features under different
receptive fields, expansion convolution with different expansion
coefficients is employed. This enables the model to capture a
sufficiently wide range of contextual information at different
scales, thereby improving the recognition of targets of varying
sizes. AKConv permits the convolutional kernel to have an
arbitrary sampling shape, which differs from the traditional fixed
square sampling shape. This flexibility allows the convolutional
kernel to adapt more effectively to the varying shapes of spot targets,
and to be sufficiently flexible to capture image features and fit the
edge details of leaves and spots, thus improving performance.
AKASPP effectively fuses this feature information to better
segment different sizes and shapes of spot targets, and to better
handle the edge portions of leaves and spots.

2.6 Loss functions

The cross-entropy loss function is used in this work as the loss
function when the classification module is being trained. The cross-
entropy loss function is shown in Equation 4. Figure 5A illustrates
the variation of loss during the training of the classification model.
The loss curve gradually becomes smooth after 5000 iterations.

I on1
L= - ﬁEn:()ylog(P) (4)

L denotes the indicated cross-entropy loss; y denotes the true
label of the pixel; p denotes the prediction result of the pixel; N
denotes the number of difficult samples.

Unbalanced categories or a lack of challenging examples are
common issues in semantic segmentation tasks, which can impair
model performance. In the fruit leaf disease scene segmentation job,
for instance, the disease spot category might only cover a minority
of the space, but the leaf category might represent the majority.
Insufficient performance in predicting other categories may result
from the model’s training primarily focusing on the leaf category.
Online Hard Sample Mining (OHEM) can assist the model in

Training Segmentation of Losses Over Iterations
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(A) Training classification of losses over iterations; (B) Training segmentation of losses over iterations.
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focusing on difficult and rare samples, thereby improving overall
performance (Shrivastava et al., 2016). In this study, the cross-
entropy loss function of the semantic segmentation module
includes OHEM. The loss function in this study is shown in
Equations 5-7. Figure 5A illustrates the variation of loss during
the training of the segmentation model. The loss curve gradually
becomes smooth after 100000 iterations.

lep = —ylog(p) (5)
lHurd = lCE’ lCE >0.7 (6)
L - Ly 7
ohemCE — Mzmzo Hard ( )

Icp denotes cross-entropy loss; y denotes the true label of the
pixel; p denotes the prediction result of the pixel; Iy,,4 denotes the
loss of difficult samples; L,j,,,cr denotes the loss function in the
OHEM combined with the cross-entropy loss function; M denotes
the number of difficult samples.

3 Experimental results
3.1 Disease classification results

The classification module of the model proposed in this study
achieved a ACC 0f 99.67% and a Macro F1 of 99.67% on the test set.
Figure 6 presents the evaluation results of five distinct plant disease
classification algorithms, including precision, recall, and F1 score.
The diseases are presented from left to right in the following order:
apple black rot, cedar apple rust, grape black measles, grape black
rot, and strawberry leaf scorch. For each disease, the values of the

BN Precision  EEE Recall = F1

1.00 4

0.98 4

0.96 4

0.94 4

0.92 4

Apple black rot

Cedar apple rust  Grape black measles ~ Grape black rot ~ Strawberry leaf scorch

FIGURE 6
Histogram of classification results.
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three evaluation metrics are nearly identical, indicating that the
model proposed in this study has high accuracy in recognizing these
specific plant diseases. Figure 7 depicts a confusion matrix plot for
the purpose of evaluating the performance of a classification model.
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FIGURE 8
Histogram of semantic segmentation results.
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The x-axis represents the predicted labels, the y-axis represents the
true labels, the diagonal of the matrix represents the number of
correct disease predictions, and the rest of the matrix represents
misclassifications. As illustrated in the figure, the model exhibited a
high degree of accuracy in classifying diseased leaves in the test set,
correctly identifying the vast majority of samples. Only a small
number of samples were misclassified. For instance, in the sample
pertaining to apple black rot, there were 529 correctly classified
samples, with only 1 misclassified as strawberry leaf scorch. Among
the samples of grape black rot, 483 were correctly classified, while 6
were misclassified as grape black measles due to the high degree of
similarity between the two grape diseases. Nevertheless, the model
achieved satisfactory results. In conclusion, the DINOV2-FCS
proposed in this study is an excellent tool for the classification of
fruit leaf diseases.

3.2 Semantic segmentation results

The semantic segmentation module of the model proposed in
this study achieved a mIoU of 90.29, a PA of 98.13%, and a Macro
F1 of 94.61% on the test set. Figure 8 presents the outcomes of the
evaluation of the semantic segmentation algorithm for three
categories, including three evaluation metrics: IoU, PA, and FI.
The IoU, PA, and F1 for the background category are 0.99, the leaf
category is 0.96, 0.98, and 0.98, respectively, and the disease
category is 0.77, 0.89, and 0.87, respectively. The data in Figure 8
indicates that the background category achieved the best evaluation
results, the leaf category was the next best, and the disease category
had the worst evaluation results. This phenomenon can be
attributed to the fact that in images where the background and
leaves tend to occupy the majority of pixels, the disease only
occupies a small number of pixels. This results in a significant
imbalance in the number of samples, which impedes the network’s
ability to learn sufficient information about the pixels in the disease
category. As illustrated in Figure 9, the vast majority of pixels are
correctly categorized, with only a small number of pixels not being
correctly classified. The figure also demonstrates that the disease
category has a relatively small number of pixels compared to the
other categories. In conclusion, the DINOV2-FCS proposed in this
study demonstrates satisfactory performance in the segmentation of
leaf diseases.

TABLE 3 Classification performance of different models.

Model ACC/% Macro F1/% | Params
ResNet101 92.28 92.42 0.43x10°
VIT(Base) 97.51 95.57 0.86x10°
ConvNext(Base) 98.46 98.50 0.88x10°
Swin(Base) 99.29 99.31 0.87x10%
Ours 99.67 99.67 0.87x10°
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Confusion matrix of semantic segmentation results.

3.3 Results of leaf disease
severity prediction

In this study, the fruit leaf disease severity was categorized into
five classes. The model proposed in this work exhibited 95.68%
accuracy in grading prediction on the test set. As illustrated in
Figure 10, the model employed in this study demonstrated
satisfactory performance in predicting the severity of fruit leaf
disease. The proximity between the ratio of diseased spot area to
total leaf area predicted by the model and the true label was high,
with a difference of less than 0.40% observed even in individual
samples where the prediction grading was erroneous. Consequently,
the model in this study exhibited satisfactory capacity for the
measurement of fruit leaf disease severity.

3.4 Comparison of other models

In order to evaluate the performance of the classification
module of DINOV2-FCS proposed in this study, four state-of-
the-art mainstream classification models, namely ResNet (He et al.,
2016), VIT, ConvNext (Liu et al., 2022), and Swin (Liu et al., 2021),
have been selected for comparison. The evaluation metrics chosen
are ACC, Macro F1, and Params. It should be noted that these
models freeze the backbone network during training as
DINOV2-ECS.

Table 3 shows a comparison of the performance of different
models on the fruit leaf disease classification task, where our model
performs best with 99.67% ACC and Macro F1, and the same
number of covariates is about 0.87 x 10% This indicates that the
model proposed in this study achieves top level accuracy and F1
score while maintaining relatively compact parameter scales,
outperforming all the benchmark models compared. Figure 11
shows scatter plots of the ACC and Params counts of the
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(A) Represents the samples with correct prediction of leaf disease severity grading; (B) represents the samples with incorrect prediction of leaf

disease severity grading.

different models, with five points representing five different models.
By observing the position of the points in the plot, we can see that
our model performs very well in terms of Params and ACC,
outperforming the other four models. In summary, the
classification module of DINOV2-FCS proposed in this study is
the most outstanding in terms of performance, not only achieving
the highest accuracy and F1 score, but also comparable to the Swin
base version in terms of model complexity, showing a very high
level of efficiency and optimization.

In order to evaluate the performance of the semantic
segmentation module for DINOV2-FCS proposed in this study,
we selected seven advanced mainstream semantic segmentation
models, namely FCN (Long et al., 2015), Deeplabv3+, SETR (Zheng
et al, 2021), SegMenter (Strudel et al, 2021), SegFormer,
MaskFormer (Cheng et al, 2021) and Mask2Former (Cheng
et al., 2022). The comparison is performed. The evaluation
metrics chosen are mIoU, PA, Macro F1 and Params. It should
be noted that these models are trained with and without backbone

100

Y Ours
@Swin
@ ConvNext
98
oVIT
96
xR
g
b4
94 4
() ResNet
92 4
90 T T T T T !
0.4 0.5 0.6 0.7 0.8 0.9 1.0
Params le8
FIGURE 11

Scatterplot of ACC and Params for different models.
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network freezing, respectively, and DINOV2-FCS proposed in this
study freezes the backbone network during training.

Table 4 shows the performance comparison of several semantic
segmentation models on different evaluation metrics, where
asterisks denote the freezing of the backbone network, and the
model DINOV2-ECS proposed in this study, which leads in all
metrics, with 90.29% of mIoU, 94.61% of Macro F1, 98.13% of PA,
and 1.50 x 10® of Params, reflecting the effectiveness and progress of
the model design. Figure 12 shows the scatter plots of mIoU and
Params for different models, where each color represents one
model. In the models, circles represent training without freezing
the backbone network, triangles represent training with freezing the
backbone network, and pentagram represents the model proposed
in this study. By observing the position of the pentagram in the
figure, we can see that our model outperforms the other models in
terms of Params and mIoU. In the case of freezing the backbone
network, all the other models show performance degradation, but
the model proposed in this study still outperforms all the models in

100 4
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FIGURE 12

Scatterplot of mloU and Params for different models.
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TABLE 4 Segmentation performance of different models.

mloU/ Macro PA/
% F1/% %

FCN(R101) 83.83 90.30 96.79 0.66x10%
FCN(R101)* 77.53 85.34 95.46 0.66x10%
Deeplabv3+(R101) 84.32 90.66 96.86 0.60x10%
Deeplabv3+(R101)* 82.48 89.31 96.49 0.60x10°
SETR(VIT-L) 80.28 87.60 96.06 3.04x10°
SETR(VIT-L)* 72.42 80.47 94.55 3.04x10°
SegMenter(VIT-B) 82.38 89.23 96.47 1.02x10*
SegMenter(VIT-B)* 79.92 87.37 95.84 1.02x10%
SegFormer(MIT-B5) 87.96 93.15 97.59 0.82x10*
SegFormer(MIT-B5)* 82.11 89.01 9646 | 0.82x10°
MaskFormer(R152) 86.03 91.88 97.12 0.76x10°
MaskFormer(R152)* 83.34 89.96 96.60 0.76x10%
Mask2Former(SwinB) 89.39 94.07 97.81 1.07x10%
Mask2Former 87.10 92.60 97.34 1.07x10%
(SwinB)*

Ours* 90.29 94.61 98.13 1.50x10%

(“*” indicates that the backbone network was frozen during model training.)

terms of performance in the case of freezing the backbone network.
In summary, this study proposes that the semantic segmentation
module of DINOV2-FCS has the best performance, not only

10.3389/fpls.2024.1475282

achieving the highest mIoU, Macro F1 and PA. Meanwhile, the
Params is smaller than that of SETR, which demonstrates its
superiority in semantic segmentation tasks.

In Figure 13, the models Mask2Former, SegFormer,
Maskforme, Deeplabv3+, and FCN, which exhibited superior
performance on the dataset, are presented for comparison with
the models in this study. It can be observed that although they also
achieved satisfactory results, instances were identified where a
considerable number of lesions were not entirely segmented, and
even numerous fine lesions were not detected. In contrast, the
model proposed in this study is not subject to the same limitations
when segmenting fruit leaf disease images, and the overall
segmentation effect is superior. This is due to the powerful feature
extraction capability of DINOV2 and the improvement of the
model by the characteristics of the disease spots in this study.

4 Discussions

4.1 Effectiveness of DINOV?2
backbone network

In order to verify the feature extraction capability of the
DINOV2 trunk feature extraction network, we performed
principal component analysis (PCA) on the patch features
extracted by the DINOV2 model. The features of the input image
extracted by this model were subjected to PCA dimensionality
reduction in order to map the high-dimensional features to the
three-dimensional space. The background and foreground portions

Image Label Mask2Former SegFormer
FIGURE 13
Segmentation effect of different models.
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of the image were then judged based on the results of PCA, with the
principal components of the foreground portion being
renormalized in order to highlight them. The visualization
facilitates comprehension of the feature extraction effect of the
DINOvV2 model on the image, as well as the structure and
distribution in the feature space after dimensionality reduction by
PCA. As illustrated in Figure 14, the DINOV2 model exhibits high
performance in distinguishing between foreground and background
regions in the image, and in delineating the boundaries of the main
objects in the picture. Moreover, the DINOV2 backbone feature
extraction network has not encountered these images prior to
extraction, and the backbone feature extraction network remains
fixed throughout the training process of this working model. This
indicates that the DINOV2 backbone feature extraction network is
well-suited for the extraction of features in images of fruit leaves
affected by disease.

4.2 Effectiveness of C-PFFM

In order to verify the effectiveness of the C-PFFM proposed in
this study, ablation experiments are designed to test the
effectiveness of the C-PFFM. In the classification module,
DINOV2 is used as the backbone feature extraction network in
the first group, and one fully connected layer is used as the classifier.
The second experimental group, which combined C-PFFM, was
constituted on the basis of the first group. The evaluation metrics
used are ACC, Macro F1, and Params. The results of the ablation
experiments are presented in Table 5. We performed multiple
replicated experiments on the proposed models. For the
classification model, we selected one of the most important
metrics, ACC, to conduct an ANOVA, and the results show that
the p-value is 3.8x10™, and the difference is statistically significant.

10.3389/fpls.2024.1475282

As illustrated in the accompanying table, the C-PFEM proposed in
this study has demonstrably enhanced the model’s predictive
capabilities. The benchmark model in the first group achieved an
ACC of 97.80%, a Macro F1 of 97.86%, and a Params value of 0.86 x
10°. In the second group, the C-PFFM was introduced, which represents
an effective fusion of local detail feature information from the patch
tokens and global feature information from the class token. This
resulted in an enhancement of the classification accuracy of the
model. The model achieved an ACC of 99.67%, a Macro F1 of
99.67% and 0.87x10° for the Params. The model’s accuracy was
significantly enhanced with the same number of parameters. This is
due to the fact that in the initial set of experiments, only the class token
was utilized as input to the fully connected layer, and the class token
contains global feature information over long distances. In the context of
classifying fruit leaf diseases, there is a notable similarity between the leaf
spots of different diseases. This can result in suboptimal model
classification accuracy if detailed features are overlooked and only
global features are prioritized. The C-PFFM proposed in this study
effectively integrates these features, leading to a notable

performance improvement.

4.3 Effectiveness of segmentation modules

In order to ascertain the efficacy of the proposed enhancements
to the segmentation module in this study, ablation experiments

TABLE 5 Classification module ablation experiment.

C-PFFM  ACC/% Macro F1/% Params
First group X 97.80 97.86 ‘ 0.86x10*
Second group v 99.67 99.67 ‘ 0.87x10°

FIGURE 14

Visualization of principal component analysis of DINOV2 generated features.

Frontiers in Plant Science

12

frontiersin.org


https://doi.org/10.3389/fpls.2024.1475282
https://www.frontiersin.org/journals/plant-science
https://www.frontiersin.org

Bai et al.

TABLE 6 Segmentation module ablation experiment.

10.3389/fpls.2024.1475282

EFFA AKASPP mloU/% Macro F1/% PA/% Params
First group X X 84.56 ‘ 90.81 96.98 0.90x10%
Second group y X 88.46 ‘ 93.45 97.77 1.37x10°
Third group x v 89.22 ‘ 93.94 97.93 1.03x10°
Fourth group v v 90.29 ‘ 94.61 98.13 1.50x10°

have been designed to assess the impact of these improvements. In
the segmentation module, the DINOV2 network is employed as the
backbone feature extraction network in the first group, resulting in
the generation of a segmented image through up-sampling using
the MLP decoder. The second experimental group, which combined
EFFA, was constituted on the basis of the first group. The third
experimental group, which combined AKASPP, was constituted on
the basis of the first group. The fourth experimental group, which
combined EFFA and AKASPP, was constituted on the basis of the
first group. The evaluation indexes are mIoU, Macro F1, PA, and
Params. The results of the ablation experiments are presented in
Table 6. We performed multiple replicated experiments on the
proposed models. For the semantic segmentation model, we
selected one of the most important metrics, MIoU, for ANOVA,
and the results showed that the p-value was 1.5x10-5, and the
difference was statistically significant.

As illustrated in the accompanying table, the proposed
enhancements to the segmentation module have demonstrably
enhanced the model’s performance. The mIoU of the benchmark
model in the first group reached 84.56%, the Macro F1 reached
90.81%, the PA reached 96.98%, and the Params was 0.90 x 10°. The
incorporation of the EFFA into the second group, which fuses
explicit feature information with multilevel feature information,
resulted in an mIoU of 88.46%, a Macro F1 of 93.45%, and a PA of
97.77%. Additionally, the Params increased to 1.37 x 10%. Despite
an increase in the number of parameters, there was a notable
improvement in accuracy, with an increase of 3.9% in the mIoU.

10.65% , L2 10.43% L2

9.48%.

10.00%,, L2

FIGURE 15

This is attributed to the incorporation of explicit feature
information from EVC into multilevel features, which enables the
model to simultaneously consider the details and semantic
information, thereby enhancing its ability to comprehend the
image content. The addition of AKASPP to the third group
enables the fusion of contextual and detail edge information from
different sensory fields, resulting in an mIoU of 89.22%, a Macro F1
0f 93.94%, and a PA of 97.93%, with a Params of 1.37 x 10%. With a
modest increase in the Params, the mIoU was enhanced by 4.66%,
which can be attributed to the fact that the fruit leaf disease image
spots exhibit complex shapes, fuzzy edges, and varying sizes.
AKASPP effectively fuses contextual and detailed edge
information from disparate sensory fields, enabling more precise
segmentation of diverse spot targets of varying sizes and shapes, as
well as enhanced processing of leaf and spot edge components. The
fourth group incorporated both EFFA and AKASPP, based on the
findings of the first group. This resulted in an mIoU of 90.29%, a
Macro F1 of 94.61%, a PA of 98.13%, and a Params of 1.50x10°%,
which achieved the optimal performance.

4.4 Validation of model
generalization capabilities

In order to assess the model’s ability to generalize, four of the
five labeled fruit leaf disease datasets were used as the training set,
with one dataset reserved for the test set. The training set includes

11.40%, L2 11.76%, L2

9.70% L1 10.0%% L2

(A) Represents the samples with correct prediction of leaf disease severity grading; (B) represents the samples with incorrect prediction of leaf

disease severity grading.
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images of four diseases: apple black rot, cedar apple rust, grape black
measles, and strawberry leaf scorch. The test set includes images of
grape black rot. The semantic segmentation module achieved an
mloU of 83.95% and the fruit leaf disease severity reached the
grading accuracy of 95.24%, thereby verifying the strong
generalization ability of the model. As illustrated in Figure 15, the
model exhibited strong generalization ability. The model
demonstrated effective performance in segmenting diseases that
had never been encountered before. The proximity between the
ratio of diseased area to total leaf area predicted by the model and
the true label was high, and the difference was minimal even in
individual samples where the prediction was incorrectly graded.

5 Conclusion

In this study, we constructed the model DINOV2-FCS for leaf
disease classification and severity prediction of a variety of fruits
based on the DINOV?2 large vision model backbone network. The
model addresses the shortcomings of current models in disease
severity prediction, namely their lack of accuracy and limited
generalizability. DINOV2-FCS employs DINOv2-B (distilled) as
the backbone feature extraction network to enhance the extraction
of features from fruit diseased leaf images. In the context of fruit leaf
disease classification, where the leaf spots of different diseases
exhibit considerable similarity and the loss of detail information
is a significant issue, we propose Class-Patch Feature Fusion
Module (C-PFFM), which fuses the local detail feature
information of patch tokens and the global feature information of
class token. This results in an improvement in the classification
accuracy of the model. In light of the fact that the model frequently
fails to complete the segmentation of lesions, including those that
are subtle, and that lesions are often ignored entirely, we have
enhanced the MLP decoder and proposed EFFA, which fuses
explicit feature information and multi-level feature information.
This has led to an improvement in the segmentation accuracy of the
model. Furthermore, we have proposed AKASPP, which fuses
contextual information and detailed edge information from
different sensory fields, thereby enabling better adaptation to the
varying sizes and shapes of lesion targets and the edge details of
leaves and lesions. To verify the accuracy and generalizability of the
model, two sets of experiments were conducted. First, the labeled
leaf disease dataset of five fruits was randomly divided. The trained
model exhibited an accuracy of 99.67% in disease classification, an
mloU of 90.29%, and an accuracy of 95.68% in disease severity
classification. These results demonstrate superior performance
compared to other state-of-the-art models. In the generalizability
experiment, four disease data sets were used for training and one for
testing. The mIoU of the trained model reached 83.95%, and the
accuracy of disease severity grading was 95.24%. The strong
generalization ability of the model was verified. The subsequent
stage of the process involves the augmentation of the dataset with
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respect to both species diversity and environmental diversity,
thereby aligning it with more realistic scenarios. Furthermore, the
model was tested on an NVIDIA GeForce RTX 3090 graphics card,
achieving an inference speed of 21.56 frames per second (F/S). The
next phase of the project will focus on refining the model to enable
its deployment on mobile devices. This will support agricultural
workers by assisting with disease identification in the field.

Data availability statement

The raw data supporting the conclusions of this article will be
made available by the authors, without undue reservation.

Author contributions

CB: Writing - review & editing, Writing - original draft,
Visualization, Validation, Methodology, Formal analysis, Data
curation, Conceptualization. LZ: Writing - review & editing,
Conceptualization. LG: Writing - review & editing. LP: Writing -
review & editing, Funding acquisition. PL: Writing - review &
editing, Methodology, Conceptualization. LY: Writing - review &
editing, Supervision, Project administration.

Funding

The author(s) declare financial support was received for the
research, authorship, and/or publication of this article. This study
was supported by Yunnan Provincial Science and Technology
Major Project(No. 202202AE090008) titled “Application and
Demonstration of Digital Rural Governance Based on Big Data
and Artificial Intelligence”.

Conflict of interest

The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could be
construed as a potential conflict of interest.

Publisher’'s note

All claims expressed in this article are solely those of the authors
and do not necessarily represent those of their affiliated
organizations, or those of the publisher, the editors and the
reviewers. Any product that may be evaluated in this article, or
claim that may be made by its manufacturer, is not guaranteed or
endorsed by the publisher.

frontiersin.org


https://doi.org/10.3389/fpls.2024.1475282
https://www.frontiersin.org/journals/plant-science
https://www.frontiersin.org

Bai et al.

References

Atila, U., Ugar, M., Akyol, K., and Ugar, E. (2021). Plant leaf disease classification
using EfficientNet deep learning model. Ecol. Inf. 61, 101182. doi: 10.1016/
j.ecoinf.2020.101182

Caron, M., Touvron, H., Misra, I, Jégou, H., Mairal, J., Bojanowski, P., et al. (2021).
Emerging properties in self-supervised vision transformers. Proc. IEEE/CVF Int. Conf.
Comput. Vision, 9650-9660. doi: 10.1109/ICCV48922.2021.00951

Chen, L.-C., Papandreou, G., Kokkinos, I., Murphy, K., and Yuille, A. L. (2017a).
Deeplab: Semantic image segmentation with deep convolutional nets, atrous
convolution, and fully connected crfs. IEEE Trans. Pattern Anal. Mach. Intell. 40,
834-848. doi: 10.1109/TPAMI.2017.2699184

Chen, L.-C., Papandreou, G., Schroft, F., and Adam, H. (2017b). Rethinking atrous
convolution for semantic image segmentation. arXiv preprint arXiv 1706, 5587.
doi: 10.48550/arXiv.1706.05587

Chen, L.-C., Zhu, Y., Papandreou, G., Schroff, F., and Adam, H. (2018). Encoder-
decoder with atrous separable convolution for semantic image segmentation. Proc. Eur.
Conf. Comput. Vision (ECCV), 801-818.

Cheng, B., Misra, L, Schwing, A. G., Kirillov, A., and Girdhar, R. (2022). “Masked-
attention mask transformer for universal image segmentation,” in Proceedings of the
IEEE/CVF conference on computer vision and pattern recognition, New York: IEEE
1290-1299.

Cheng, B., Schwing, A., and Kirillov, A. (2021). Per-pixel classification is not all you
need for semantic segmentation. Adv. Neural Inf. Process. Syst. 34, 17864-17875.

Dai, G., Tian, Z., Fan, J., Sunil, C., and Dewi, C. (2024). DFN-PSAN: Multi-level
deep information feature fusion extraction network for interpretable plant disease
classification. Comput. Electron. Agric. 216, 108481. doi: 10.1016/
j.compag.2023.108481

Dosovitskiy, A., Beyer, L., Kolesnikov, A., Weissenborn, D., Zhai, X., Unterthiner, T.,
et al. (2020). An image is worth 16x16 words: Transformers for image recognition at
scale. arXiv preprint arXiv 2010, 11929. doi: 10.48550/arXiv.2010.11929

Goncalves, J. P, Pinto, F. A., Queiroz, D. M., Villar, F. M., Barbedo, J. G., and Del
Ponte, E. M. (2021). Deep learning architectures for semantic segmentation and
automatic estimation of severity of foliar symptoms caused by diseases or pests.
Biosyst. Eng. 210, 129-142. doi: 10.1016/j.biosystemseng.2021.08.011

He, K., Zhang, X,, Ren, S., and Sun, J. (2016). Deep residual learning for image
recognition. Proc. IEEE Conf. Comput. Vision Pattern recognition, 770-778.
doi: 10.1109/CVPR.2016.90

Hu, G., Wei, K, Zhang, Y., Bao, W, and Liang, D. (2021). Estimation of tea leaf
blight severity in natural scene images. Precis. Agric. 22, 1239-1262. doi: 10.1007/
s11119-020-09782-8

Hughes, D., and Salathe, M. (2015). An open access repository of images on plant
health to enable the development of mobile disease diagnostics. arXiv preprint arXiv
1511, 8060. doi: 10.48550/arXiv.1511.08060

Ji, M., and Wu, Z. (2022). Automatic detection and severity analysis of grape black
measles disease based on deep learning and fuzzy logic. Comput. Electron. Agric. 193,
106718. doi: 10.1016/j.compag.2022.106718

Khan, A. I, Quadri, S., Banday, S., and Shah, J. L. (2022). Deep diagnosis: A real-time
apple leaf disease detection system based on deep learning. Comput. Electron. Agric.
198, 107093. doi: 10.1016/j.compag.2022.107093

Khattak, A., Asghar, M. U., Batool, U., Asghar, M. Z., Ullah, H., Al-Rakhami, M.,
et al. (2021). Automatic detection of citrus fruit and leaves diseases using deep neural
network model. IEEE Access 9, 112942-112954. doi: 10.1109/ACCESS.2021.3096895

Kirillov, A., Mintun, E., Ravi, N., Mao, H., Rolland, C., Gustafson, L., et al. (2023).
“Segment anything,” in Proceedings of the IEEE/CVF international conference on
computer vision, New York: IEEE 4015-4026.

Liu, Z, Lin, Y., Cao, Y., Hu, H., Wei, Y., Zhang, Z., et al. (2021). “Swin transformer:
Hierarchical vision transformer using shifted windows,” in Proceeding s of the IEEE/
CVF international conference on computer vision, New York: IEEE 10012-10022.

Liu, Z., Mao, H., Wu, C.-Y., Feichtenhofer, C., Darrell, T., and Xie, S. (2022). “A
convnet for the 2020s,” in Proceedings of the IEEE/CVF conference on computer vision
and pattern recognition, New York: IEEE 11976-11986.

Frontiers in Plant Science

15

10.3389/fpls.2024.1475282

Long, J., Shelhamer, E., and Darrell, T. (2015). “Fully convolutional networks for
semantic segmentation,” in Proceedings of the IEEE conference on computer vision and
pattern recognition, New York: IEEE 3431-3440.

Ma, ], He, Y., Li, F,, Han, L., You, C,, and Wang, B. (2024). Segment anything in
medical images. Nat. Commun. 15, 654. doi: 10.1038/s41467-024-44824-z

Madden, L. V., Hughes, G., and Van Den Bosch, F. (2007). The study of plant disease
epidemics (St. Paul: APS Press), 421.

Oquab, M., Darcet, T., Moutakanni, T., Vo, H., Szafraniec, M., Khalidov, V., et al.
(2023). Dinov2: Learning robust visual features without supervision. arXiv preprint
arXiv 2304, 7193. doi: 10.48550/arXiv.2304.07193

Quan, Y., Zhang, D., Zhang, L., and Tang, J. (2023). Centralized feature pyramid for
object detection. IEEE Trans. Image Process. 32, 4341-4354. doi: 10.1109/
TIP.2023.3297408

Shoaib, M., Shah, B., Ei-Sappagh, S., Ali, A., Ullah, A., Alenezi, F., et al. (2023). An
advanced deep learning models-based plant disease detection: A review of recent
research. Front. Plant Sci. 14. doi: 10.3389/fpls.2023.1158933

Shrivastava, A., Gupta, A., and Girshick, R. (2016). Training region-based object
detectors with online hard example mining. Proc. IEEE Conf. Comput. Vision Pattern
recognition, 761-769. doi: 10.1109/CVPR.2016.89

Strudel, R., Garcia, R., Laptev, I, and Schmid, C. (2021). ). Segmenter: Transformer
for semantic segmentation. Proc. IEEE/CVF Int. Conf. Comput. Vision, 7262-7272.

Wang, C., Du, P., Wu, H,, Li, J., Zhao, C,, and Zhu, H. (2021). A cucumber leaf
disease severity classification method based on the fusion of DeepLabV3+ and U-Net.
Comput. Electron. Agric. 189, 106373. doi: 10.1016/j.compag.2021.106373

Wang, C,, Liu, S., Wang, Y., Xiong, J., Zhang, Z., Zhao, B., et al. (2022). Application of
convolutional neural network-based detection methods in fresh fruit production: a
comprehensive review. Front. Plant Sci. 13. doi: 10.3389/fpls.2022.868745

Wang, D,, Zhang, ], Du, B, Xu, M,, Liu, L, Tao, D,, et al. (2024). Samrs: Scaling-up remote
sensing segmentation dataset with segment anything model. Adv. Neural Inf. Process. Syst., 36.

Xie, E., Wang, W., Yu, Z., Anandkumar, A., Alvarez, ]. M., and Luo, P. (2021).
SegFormer: Simple and efficient design for semantic segmentation with transformers.
Adv. Neural Inf. Process. Syst. 34, 12077-12090.

Yang, B., Wang, Z., Guo, J., Guo, L., Liang, Q., Zeng, Q,, et al. (2023). Identifying
plant disease and severity from leaves: A deep multitask learning framework using
triple-branch Swin Transformer and deep supervision. Comput. Electron. Agric. 209,
107809. doi: 10.1016/j.compag.2023.107809

Zeng, Q., Ma, X,, Cheng, B., Zhou, E.,, and Pang, W. (2020). Gans-based data
augmentation for citrus disease severity detection using deep learning. IEEE Access 8,
172882-172891. doi: 10.1109/ACCESS.2020.3025196

Zhang, C.,, Han, D, Qiao, Y., Kim, J. U, Bae, S.-H.,, Lee, S., et al. (2023a). Faster
segment anything: Towards lightweight sam for mobile applications. arXiv preprint
arXiv, 2306.14289. doi: 10.48550/arXiv.2306.14289

Zhang, C., Han, D., Zheng, S., Choi, J., Kim, T.-H., and Hong, C. S. (2023b).
Mobilesamv2: Faster segment anything to everything. arXiv preprint arXiv, 2312.09579.
doi: 10.48550/arXiv.2312.09579

Zhang, X., Song, Y., Song, T., Yang, D., Ye, Y., Zhou, ], et al. (2023). AKConv:
convolutional kernel with arbitrary sampled shapes and arbitrary number of
parameters. arXiv preprint arXiv, 2311.11587. doi: 10.48550/arXiv.2311.11587

Zhao, X,, Ding, W., An, Y., Du, Y., Yu, T., Li, M,, et al. (2023). Fast segment anything.
arXiv preprint arXiv, 2306.12156. doi: 10.48550/arXiv.2306.12156

Zhao, H., Shi, J., Qi, X, Wang, X,, and Jia, J. (2017). “Pyramid scene parsing
network,” in Proceedings of the IEEE conference on computer vision and pattern
recognition, New York: TEEE 2881-2890.

Zhao, Y., Sun, C., Xu, X, and Chen, J. (2022). RIC-Net: A plant disease classification
model based on the fusion of Inception and residual structure and embedded attention
mechanism. Comput. Electron. Agric. 193, 106644. doi: 10.1016/j.compag.2021.106644

Zheng, S., Lu, J., Zhao, H,, Zhu, X, Luo, Z., Wang, Y., et al. (2021). “Rethinking semantic
segmentation from a sequence-to-sequence perspective with transformers.” in Proceedings
of the IEEE/CVF conference on computer vision and pattern recognition 2021, 6881-6890.

frontiersin.org


https://doi.org/10.1016/j.ecoinf.2020.101182
https://doi.org/10.1016/j.ecoinf.2020.101182
https://doi.org/10.1109/ICCV48922.2021.00951
https://doi.org/10.1109/TPAMI.2017.2699184
https://doi.org/10.48550/arXiv.1706.05587
https://doi.org/10.1016/j.compag.2023.108481
https://doi.org/10.1016/j.compag.2023.108481
https://doi.org/10.48550/arXiv.2010.11929
https://doi.org/10.1016/j.biosystemseng.2021.08.011
https://doi.org/10.1109/CVPR.2016.90
https://doi.org/10.1007/s11119-020-09782-8
https://doi.org/10.1007/s11119-020-09782-8
https://doi.org/10.48550/arXiv.1511.08060
https://doi.org/10.1016/j.compag.2022.106718
https://doi.org/10.1016/j.compag.2022.107093
https://doi.org/10.1109/ACCESS.2021.3096895
https://doi.org/10.1038/s41467-024-44824-z
https://doi.org/10.48550/arXiv.2304.07193
https://doi.org/10.1109/TIP.2023.3297408
https://doi.org/10.1109/TIP.2023.3297408
https://doi.org/10.3389/fpls.2023.1158933
https://doi.org/10.1109/CVPR.2016.89
https://doi.org/10.1016/j.compag.2021.106373
https://doi.org/10.3389/fpls.2022.868745
https://doi.org/10.1016/j.compag.2023.107809
https://doi.org/10.1109/ACCESS.2020.3025196
https://doi.org/10.48550/arXiv.2306.14289
https://doi.org/10.48550/arXiv.2312.09579
https://doi.org/10.48550/arXiv.2311.11587
https://doi.org/10.48550/arXiv.2306.12156
https://doi.org/10.1016/j.compag.2021.106644
https://doi.org/10.3389/fpls.2024.1475282
https://www.frontiersin.org/journals/plant-science
https://www.frontiersin.org

	DINOV2-FCS: a model for fruit leaf disease classification and severity prediction
	1 Introduction
	2 Materials and methods
	2.1 Datasets
	2.2 Model structure
	2.3 Class-patch feature fusion module
	2.4 Explicit feature fusion architecture
	2.5 Alterable kernel atrous spatial pyramid pooling
	2.6 Loss functions

	3 Experimental results
	3.1 Disease classification results
	3.2 Semantic segmentation results
	3.3 Results of leaf disease severity prediction
	3.4 Comparison of other models

	4 Discussions
	4.1 Effectiveness of DINOV2 backbone network
	4.2 Effectiveness of C-PFFM
	4.3 Effectiveness of segmentation modules
	4.4 Validation of model generalization capabilities

	5 Conclusion
	Data availability statement
	Author contributions
	Funding
	Conflict of interest
	Publisher’s note
	References


