Preprints are preliminary reports that have not undergone peer review.

6 Research Sq uare They should not be considered conclusive, used to inform clinical practice,

or referenced by the media as validated information.

An improved DSCCA-UNet for apple leaf disease
severity estimation and prescription map generation

Shixin Huo
Jiangsu Normal University

Na Duan
duanna0i8E163, com

Jiangsu Normal University

Zhizheng Xu
Jiangsu Normal University

Hui Feng
Jiangsu Normal University

Research Article

Keywords: Spots segmentation, Prescription map, Apple leaf diseases, DSCCA-UNet
Posted Date: August 7th, 2025

DOI: https://doi.org/10.21203/rs.3.rs-6911991/v1

License: © ® This work is licensed under a Creative Commons Attribution 4.0 International License.
Read Full License

Additional Declarations: No competing interests reported.


https://doi.org/10.21203/rs.3.rs-6911991/v1
https://doi.org/10.21203/rs.3.rs-6911991/v1
https://doi.org/10.21203/rs.3.rs-6911991/v1
https://creativecommons.org/licenses/by/4.0/

An improved DSCCA-UNet for apple leaf
disease severity estimation and prescription
map generation

Shixin Huo, Na Duan *, Zhizheng Xu, Hui Feng

School of Electrical Engineering & Automation, Jiangsu Normal
University, Xuzhou, 221116, China.

Abstract

This paper investigates the problems of disease severity estimation and prescrip-
tion map generation. By introducing dynamic snake convolution (DSC), a DSCC
multi-scale feature extraction module is designed to build a new UNet architec-
ture. The combination of DSCC module with VGG16 backbone can enhance the
receptive field for segmented edge feature information which can achieve more
detailed edge feature fusion. The channel attention (CA) and spatial attention
(SA) in the CBAM attention module are disassembled and used in the skip con-
nection part and the upsampling part, respectively. This new connection can
obtain more location information of the spots and mitigate the effect of back-
ground on network learning. Moreover, an automatic pixel counting algorithm
based on the improved DSCCA-UNet is designed to estimate the disease severity.
Finally, the system of the apple leaf disease severity estimation and the variable
prescription maps are obtained based on the PyQt5 tool and ArcGIS component.
The experimental results show that the improved DSCCA-UNet model outper-
forms other mainstream semantic segmentation models. It can more effectively
complete the tasks of disease severity estimation and prescription map generation
in actual orchard scenarios.
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1 Introduction

Disease problems can affect apple yield and quality [1-3]. The accurate estimation of
disease severity and the generation of prescription maps are essential for the reduction



of economic loss. The conventional method for estimating disease severity relies on
expert experience. It employs the human eye to perceive the severity of disease symp-
toms within the visible range, by combining with a scale and a standard area map
to judge disease severity [4, 5]. However, in a complex field environment, the reliabil-
ity of visual estimation is low due to the heterogeneity of different diseases and the
subjectivity of visual estimation.

Disease severity estimation based on traditional image processing methods is
more accurate than visual estimation methods. The image quality is improved by
pre-processing operations, such as grey scale conversion, noise removal and image
enhancement. The shape, colour, texture and other features of the spots are then
extracted manually and combined with threshold segmentation [6-8|, area growth
[9, 10] and edge detection [11] to obtain the final segmentation results. The ratio
between the area of diseased spots and the area of healthy leaves are calculated to
obtain the disease severity. However, background noise and lighting conditions are
often present in real field environments. Traditional image processing methods rely on
manually extracted features [12]. These low-level features are difficult to be adapted
to the diverse and complex problem of disease severity estimation in complex field
environments.

Recently, deep convolutional neural networks has been gradually applied to the
task of image semantic segmentation for performing pixel-level classification [13, 14].
It is more efficient and accurate to use deep learning semantic segmentation method
to get the pixel ratio of diseased spots and healthy leaves, then get the severity of dis-
ease. The mainstream semantic segmentation networks include UNet, HRNet, PSPNet,
DeepLabv3+, Segformer and UNet++ [15-21]. These semantic segmentation networks
have been widely applied in spots semantic segmentation tasks. In [22], for persimmon
leaf spot and grey mould diseases, Jia et al. used deformable convolution in the UNet
downsampling stage to accommodate the geometrical deformation of the diseases. The
self-attention mechanism was used to obtain global spatial and contextual information
to improve segmentation accuracy. For cucumber downy mildew and powdery mildew,
Li et al. [23] proposed a semantic segmentation model based on the DeepLabv3+. In
this model, hybrid attention and transfer learning were used to improve the segmenta-
tion accuracy. Meanwhile, Wang et al. proposed a two-stage model using DeepLabv3+
and UNet, in [24]. In the first stage of the model, the DeepLabv3+ model was used to
segment and extract whole cucumber leaves. Then the results of previous stage were
used to further segment and extract the diseased spots, thus achieving segmentation of
diseased leaves and spots in a complex background. However, the two-stage semantic
segmentation model consumed more computational resources and reduced efficient.

In [25], Lu et al. proposed the MixSeg model, which contains both encoder and
decoder parts. In the encoder, the Mix Transformer, the position indexer and the
local optimization module were designed to obtain global information and optimize
the segmentation effect on local edges. In the decoder, shallow and deep features were
integrated to facilitate the generation of accurate segmentation results. This model
was tested in the complex environments. However, diseases are complex and diverse
in real orchard environments. It is necessary to explore a more accurate and suitable
segmentation method for more kinds of apple leaf disease in disease severity estimation.



Prescription map is a crucial tool for implementing variable-rate application (VRA)
in precision agriculture [26-28]. It indicates the geographical coordinates and dosages
needed for agrochemicals at specific locations throughout the field. This map is then
transferred to the spraying unmanned aerial vehicles (UAV) or other machinery, guid-
ing them to deliver precise treatments accordingly [29]. In the field of prescription map
generation, the traditional generation techniques are achieved mainly through remote
sensing techniques. In [30], Chen et al. generated prescription maps for rice false smut
disease in complex environments based on near-earth remote sensing. Nowadays, it is
possible to use deep neural networks to obtain spots classification results and thus gen-
erate prescription maps. In [31], Huang et al. captured high resolution UAV imagery
over a rice field. For weed mapping and prescription map generation, fully convo-
lutional networks (FCN) is applied for a pixel-level classification. The image-based
prescription map generation method offers a cost-effective alternative by reducing
dependence on remote sensing technologies. Therefore, it is significant to futher explore
how to generate prescription maps by leveraging image-related information.

This paper investigates an improved DSCCA-UNet model and an automatic pixel
counting algorithm to increase the accuracy and efficiency of apple leaf disease sever-
ity estimation. Then a severity estimation system and a prescription map of apple
leaf alternaria spot disease are generated by combining this method. The main
contributions can be summarized as follows:

(1) A DSCC multi-scale feature extraction module is designed and constructed
by introducing dynamic snake convolution and convolutional block attention module
(CBAM). The DSCC multi-scale feature extraction module is introduced in the middle
of the last layer of encoder and decoder. The channel attention, spatial attention in
the CBAM attention module are disassembled and used in the skip connection part
and the upsampling part, respectively. It enhances the feature extraction and fusion
capability of the model for the edge feature information of various scales.

(2) An automatic pixel counting algorithm based on DSCCA-UNet is designed to
estimate the disease severity. Subsequently, an interface for apple leaf disease severity
estimation system is developed. The system can realise functions related to disease
segmentation and disease severity estimation.

(3) Combining the apple leaf disease severity estimation system and the ArcGIS
tool, a vision-based method for generating prescription maps of apple leaf disease is
proposed. For actual captured apple leaf images, the system is used for disease severity
estimation to obtain prescription values. By introducing ArcGIS tools, the prescription
maps are generated to visualise disease infection. It is more convenient for orchard
management.

The remainder of this paper is as follows. Section 2 covers evaluation indicators
and the disease severity grading criteria. Section 3 proposes the improved DSCCA-
UNet model, the apple leaf disease severity estimation method and the prescription
map generation method. In section 4, the apple leaf diseases dataset, the experimental
setup and the results and analysis of the experiments are presented. The prescription
map of alternaria spot disease is given in section 5. Finally, conclusions are provided.



2 Evaluation indicators and disease severity grade

This section introduces evaluation indicators and some preliminary knowledge. In
the part of apple leaf spot segmentation, the evaluation metrics used for compara-
tive experiments include mean intersection over union (MIoU), mean pixel accuracy
(MPA), mean precision (Mprecision), F1 and parameters [32]. The formulas are
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where P;; represents the number of pixels that actually belong to class i but are
predicted as class j, Pj; represents the number of pixels that actually belong to class
j but are predicted as class i, and P;; is the number of true positive pixels, the term
k + 1 refers to the number of segmentation classes, including one background class,
TP denotes true positives, and F'P denotes false positives.

For disease severity estimation, the evaluation metrics are root mean squared error
(RMSE) and the R-Square (R?) coefficient of determination. The formulas are

where y; represents the true value, y; represents the estimated value, and y; represents
the mean of the predicted values. The R? value ranges from [0, 1], where a higher R?
generally indicates a better model fit.

Disease severity classification plays a crucial role in grading the severity of plant dis-
eases and in plant disease management. Typically, disease grade is performed based on
the proportion of the leaf area affected by lesions [33, 34]. The formula for calculating
disease severity is »

lesion
P)lesion + Pleaf X 100 (5)
where Pjesion refers to the number of pixels in the lesion area within the segmentation
result, and P,y refers to the number of pixels in the healthy leaf area within the
segmentation result.

The proportion of lesion area pixels is obtained by an automatic pixel counting
algorithm. Using the Chinese Ministry of Agriculture’s NY/T992-2006 standard, Qual-
ity of Work for Orchard Air-Blast Sprayers, the final disease severity is determined.
The specific calculation criteria is shown in Table 1, the disease severity grade con-
tains six classes. This grade can be derived by calculating the ratio of diseased area
to total leaf area.



Table 1 The criteria of disease severity grade

Disease severity grade Criteria

0 No disease

Lesion area occupies less than 10% of the total leaf area
Lesion area occupies 11%-25% of the total leaf area
Lesion area occupies 26%-40% of the total leaf area
Lesion area occupies 41%-65% of the total leaf area

Lesion area occupies more than 65% of the total leaf area
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3 An improved DSCCA-UNet for disease severity
estimation

In this section, the improved DSCCA-UNet model is proposed. The DSCC multi-scale
feature extraction module is designed and introduced in the middle of the last layer of
encoder and decoder. It can achieve more detailed edge feature fusion for apple leaf dis-
ease, which can futher improve the accuracy of disease severity estimation. Meanwhile,
the CBAM’s channel attention and spatial attention components are separated, with
channel attention applied to the UNet skip connections and spatial attention utilized
in the upsampling stage. This new connection can obtain more location information
of the spots and mitigate the effect of background on network learning. Finally, the
apple leaf disease severity estimation method, and the prescription map generation
method are proposed to construct the disease severity estimation system.

3.1 DSCC multi-scale feature extraction module

As is well known, edges occupy a relatively small proportion of pixels within an
image, posing challenges for conventional convolution operations to effectively extract
their features. To address this problem, dynamic snake convolution is incorporated to
improve the network’s ability to recognize the curved and elongated tubular segmen-
tation edges of apple leaf spots. Based on the previous convolution position, dynamic
snake convolution can adjust the direction of convolution motion and capture richer
feature information than conventional convolution [35]. In contrast to deformable con-
volution, dynamic snake convolution pairs impose specific constraints on the process
of adjusting kernel sizes to align with the shape of the object being detected. For mul-
tiple perspectives and facilitate efficient multi-view feature fusion, this approach can
complement key features.

Figure 1 (a) illustrates a 3 x 3 conventional convolution. For 2D convolution, a
3 x 3 convolution kernel can be denoted as

K={z-1Ly—-1,(x—1,y),...,(z+ 1,y + 1)} (6)

where centre coordinates is (z,y). For a dynamic snake convolution, define its centre
coordinates as K; = (x;,y;). By introducing an offset A in the x-axis and y-axis
directions, constraints are imposed on the convolution kernel, where A = {§|0 €
[—1,1]}. Figure 1 (b) illustrates a 9 x 9 dynamic snake kernel, the specific position of
each lattice in the convolution kernel K can be expressed as K;1+. = (Zitc, Yitc), with



¢ ={0,1,2,3,4}. The selection of each grid K. is a cumulative process, starting
from the central position K;, with the distance from the central grid depending on
the position of the previous grid. To ensure that the convolution kernel conforms to a
linear morphological structure, the introduced offsets need to be accumulated. Using
dynamic snake convolution leads to

Ko = (Titer Yite) = (T + ¢,y + Z?c Ay) (7)
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(a) 3 x 3 conventional convolution (b) 9 X 9 dynamic snake convolution

Fig. 1 Example diagram of two convolutions

The DSCC multi-scale feature extraction module is constructed to further enhance
the receptive field for segmented edge feature information and achieve more detailed
edge feature fusion. This module can enrich the representation of curved edge features
across different scales. The module architecture draws inspiration from the atrous
spatial pyramid pooling (ASPP) in [36, 37].

Figure 2 provides a detailed illustration of the specific components of the DSCC
multi-scale feature extraction module. In the DSCC module, the input feature map is
processed through three dynamic snake convolutions and a 1 x 1 standard convolution
to extract multi-scale and multi-view feature information. The convolution kernel sizes
for the three dynamic snake convolutions are 1, 3, and 5. The extracted features are
then concatenated and passed through attention mechanism to further enhance the
representation of spot feature information and suppress background interference. The
feature map undergoes channel adjustment to produce the output feature map. The
DSCC multi-scale feature extraction module is able to capture curved segmentation
edge features at various scales by incorporating dynamic snake convolutions of different
sizes. It can also effectively improve the segmentation accuracy of apple leaf spots.
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Fig. 2 DSCC multi-scale feature extraction module

3.2 The improved DSCCA-UNet model

The baseline UNet model uses a self-encoder structure, where the encoder extracts the
image features and the decoder classifies each pixel and reconstructs the segmented
output [38]. In addition, the skip connection between the encoder and decoder can
effectively prevent the model from losing information during downsampling. Incor-
porating attention mechanism into the skip connection component enhances the
network’s ability to focus on relevant and beneficial information, thereby contributing
to improved overall performance. The CBAM attention module is a lightweight mecha-
nism composed of channel attention and spatial attention [39]. These two sub-modules
perform attention operations on the channel and spatial dimensions, respectively. They
can enhance the representation of information in each domain.

Figure 3 illustrates the details of the attention mechanism. The channel attention
module first compresses the input feature map along the spatial dimension, generat-
ing two one-dimensional vectors, or feature descriptors, via max pooling and average
pooling. These feature descriptors are then passed through a shared network consist-
ing of a multilayer perceptron. The outputs of the shared network are summed and
merged. Finally, after applying a sigmoid activation function, the channel attention
feature map is obtained. This process can be expressed as

M(F) = o(MLP(AvgPool(F)) + MLP(MaxzPool(F)))

o (Wi (Wo(Eey)) + Wi (Wo(Fs))) )

where F' represents the input feature map for channel attention, Fy,  and Fy,,, denote
the average pooling and max pooling features across the spatial dimensions, respec-
tively. W7 and Wy are the weight coefficients, and o denotes the sigmoid activation

function.
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For spatial attention, the input is first processed by max pooling and average pool-
ing along the channel dimension. The resulting feature maps are then concatenated,
followed by a convolution operation on the concatenated map. Finally, the spatial
attention feature map M, is obtained by applying the sigmoid activation function,
which can be expressed as

M,(F) = o(f™"([AvgPool(F); MaxPool(F)])) = o (f™ " (Fs,g; Fiaz)) (10)

avg’

where F represents the input feature map for spatial attention, while Fj,  and Fy .
denote the average pooling and max pooling features along the channel dimension,
respectively. The sigmoid activation function is denoted by o.

To construct the improved DSCCA-UNet model, channel attention (CA) is applied
in the skip connection stage, while the spatial attention (SA) is used in the upsampling
stages of the model. This combination aims to restore more detailed feature informa-
tion related to the spots, further improving segmentation accuracy. Figure 4 illustrates
the specific details of the model. In addition to the attention mechanism, the VGG16
are utilized as the backbone network for feature extraction in the improved DSCCA-
UNet model. The DSCC multi-scale feature extraction module is integrated between
the final stages of the encoder and decoder to enrich multi-scale feature representation,
mitigating the loss of fine-grained details.
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Fig. 4 DSCCA-UNet network model

3.3 Apple leaf disease severity estimation and prescription
map generation

The process of apple leaf disease severity estimation is shown in Figure 5. This process
has three parts. The required dataset is established, including the acquisition of images
and data enhancement of the obtained images. The established apple leaf disease
dataset is divided into training, validation and test sets in the ratio of 8:1:1. The
training set is used for model training. The function of validation set is to evaluate
the hyperparameters and preliminary estimation of performance. The test set serves
to evaluate the model performance. Finally, the obtained model is used for apple leaf
spot segmentation to obtain the final segmentation results. The pixel points of diseased
spots and healthy leaves are counted separately to obtain the estimation results of
disease severity.

For disease severity estimation, manual counting of pixel points in the predicted
segmentation map can be time-consuming and inefficient. An automatic pixel count-
ing algorithm is proposed to address this problem [40]. As described in Algorithm
1, the predicted images are first transformed into grayscale maps to facilitate the
computation of the total number of pixels, wherein each pixel is subsequently cate-
gorized according to its corresponding class. The dataset includes six pixel classes,
background, healthy leaf, and four disease types—alternaria leaf spot, grey spot,
brown spot, and rust. During the counting process, a category flag variable i is set.
When i =0, 1,2, 3,4, 5, the pixels are counted for the background, healthy leaf, rust,
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Fig. 5 The process of apple leaf disease severity estimation

Algorithm 1 Count Pixels for Leaf Pixels

Input:

® ;mage_path: Path to the grayscale image to be processed
® num_classes: Number of disease classes, e.g., 6 (background, healthy leaf, rust,

alternaria, grey, brown)

® input_shape: Target input size for the model
® model: Trained deep learning model for segmentation

Output:

class_counts: Number of pixels for each class

Initialization:

1
2
3:
4

. class_counts < [0] x num_classes

: name_classes < [Background, Healthy leaf, Rust, Alternaria, Grey, Brown]
image + read_image(image_path)

. original_h, original _w < dimensions of image

Preprocess Image:

1
2
3

. image < resize(image, input_shape)
. image_data < preprocess(image)
. image_data + expand_dims(image_data)

Predict Pixel Classes:

1
2
3:
4

. output + model(image_data)

. output <+ softmax(output)

output < resize_to_original(output, original _h, original w)
. pizel_classes « argmax(output, axis = —1)

Count Pixels for Each Class:

1
2
3

4:

re

. total_pixels < original_h X original_w
. for i € [0, num_classes) do

class_counts[i] + sum(pizel_classes == i)
end for

turn class_counts

10



alternaria spot, grey spot, and brown spot categories, respectively. The percentage of
diseased pixels relative to the total number of leaf pixels is then calculated for each
category. By Table 1 and Algorithm 2, the final disease severity grades can be derived.
These results can inform the development of the disease classification estimation
system and the generation of prescription maps.

Algorithm 2 Disease Severity Estimation for Leaf Pixels

Input:

e class_counts: Number of pixels for each class (calculated in Algorithm 1)
o num_classes: Number of disease classes
® name_classes: Names of the disease classes

Output:
® disease_labels: Disease severity labels for each type

Calculate Disease Severity:

1: healthy_count + class_counts|[1]

2: for i € [2,num_classes) do

3: disease_count < class_countsli]

4: if disease_count == 0 then

5: Append ”"No Disease” to disease_labels

6: else

(£ severity,ratio — healthy,dci§52§i7§fsi226,count
8: if 0 < severity_ratio < 0.1 then

9: Grade 1

10: else if 0.1 < severity_ratio < 0.25 then
11: Grade 3

12: else if 0.25 < severity_ratio < 0.4 then
13: Grade 5

14: else if 0.4 < severity_ratio < 0.65 then
15: Grade 7

16: else

17: Grade 9

18: end if

19: Append corresponding severity label to disease_labels
20: end if

21: end for
return disease_labels

Figure 6 illustrates the process of prescription map generation. The first step
involves locating the operational plot and saving its latitude and longitude information.
This information is then imported into ArcMap software to generate a grid of surface
layers, which are rasterized to create the prescription map. The grid is subsequently
converted into editable and readable map layers. The collected images are analyzed
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for disease severity, and the estimation results are integrated into the surface map
layer to complete the prescription map generation. This generation method reduces
reliance on remote sensing technology. It also enhances the practical applicability of
disease severity estimation results.

Positioning of the target site
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information into ArcMap

l

Rasterisation of prescription
maps
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| ] I ] |
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Apple Leaf Disease Prescription
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Fig. 6 The process of prescription map generation

4 Experimental results and analysis

In this section, dataset and data augmentation method are introduced. Ablation exper-
iments and comparative experiments are conducted to demonstrate the advantages of
the proposed method. The experimental results are also visualized and analyzed.

4.1 Apple leaf diseases dataset and experimental setup

The images for train are sourced from the publicly available ATLDSD dataset, which
contains images of apple leaves with varying degrees of disease. The data are acquired
under varying weather conditions and at different time, encompassing both controlled
laboratory environments and real-world cultivation field settings [41]. Approximately
48.1% of the images are taken in real cultivation fields. The dataset includes a total
of 1,641 apple leaf images, consisting of 409 healthy leaves, 278 with spotted leaf
spot, 395 with gray spot, 215 with brown spot, and 344 with rust. Figure 7 presents
examples of images alongside their corresponding labels for each disease.

To enhance data diversity and prevent overfitting, the acquired dataset for each
type of disease is augmented through random image transformations. The data
augmentation strategy included image rotation (80% probability, £10°), horizontal
flipping (50% probability), and scaling (30% probability) to 85% of the original size.

12



These operations increased the number of images to approximately 10 times the orig-
inal amount, with corresponding label transformations applied to produce the final
dataset.

(a) Alternaria leaf spot (b) Grey spot (c) Brown spot (d) Rust

Fig. 7 Example of apple leaf disease images and labels

The apple leaf spot segmentation network model in this paper is developed using
Pytorch 2.0.1 on a Windows 10 operating system. The hardware environment for
network training included a 12th Gen Intel(R) Core(TM) i7-12700KF CPU with a
3.61GHz clock speed, 32GB of memory, and an NVIDIA GeForce RTX 3070 GPU,
with GPU acceleration provided by CUDA 11.7. The network training parameters
contain a batch size of 4, a learning rate of 0.0001, a momentum factor of 0.9, and the
model is iterated 70 times. The final training weights are obtained and saved once the
model’s loss function and mean intersection over union (MIoU) values stabilized. To
validate the accuracy of the proposed network model for apple leaf spot segmentation,
ablation experiments are conducted. The model is also compared with state-of-the-art
semantic segmentation models.

4.2 Ablation experiments

Ablation experiments are conducted on the apple leaf disease dataset. It can verify
the effectiveness of the proposed DSCC multi-scale feature extraction module and
attention mechanism within the model. During model training, the UNet model is
used as the baseline, and three optimized models are created by sequentially incor-
porating VGG16 as the backbone feature extraction network, the DSCC multi-scale
feature extraction module, and the attention mechanism. Finally, the final DSCCA-
UNet (UNet+DSCC+Attention) model is obtained by equipping the baseline UNet
model with VGG16, DSCC, and the attention mechanism.

Table 2 shows the overall performance of the model after incorporating each mod-
ule. Compared to the baseline UNet model, using VGG16 as the backbone feature
extraction network improves MIoU, MPA, Mprecision and F1 by 1.29%, 0.66%, 0.95%
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and 0.8% respectively. This indicates that the improvement in the backbone feature
extraction network enhances the model’s ability to focus on useful information. By
integrating the DSCC multi-scale feature extraction module and attention mechanism
into the enhanced backbone feature extraction network, the model demonstrates sig-
nificantly improved performance compared to the baseline UNet architecture. Notably,
the combination of the DSCC module with the VGG16 backbone improves MIoU,
MPA, Mprecision and F1 by 2.61%, 2.04%, 1.1% and 1.58%, over the baseline UNet
model, respectively. It improves MIoU, MPA, Mprecision and F1 by 1.32%, 1.38%,
0.15% and 0.78% compared to using only the VGG16 backbone. Meanwhile, MIoU,
Mprecision and F1 are improved by 0.38%, 0.67% and 0.23% respectively after
using the DSCC multi-scale feature extraction module than the ASPP module. The
DSCC module improves segmentation accuracy at class boundaries. It enables precise
differentiation between lesions and leaves as well as between leaves and the background.

Table 2 The results of ablation experiment

DSCC ASPP Attention .
Backbone module  module  mechanism MIoU/% MPA/%  Mprecision/% F1/%

X X X X 87.01 91.93 93.65 92.78
v X X X 88.30 92.59 94.60 93.58
v v X X 89.62 93.97 94.75 94.36
v X X v 89.59 93.50 95.21 94.35
v X v v 89.38 94.06 94.39 94.22
v 4 X v 89.76 93.84 95.06 94.45

In conclusion, the proposed DSCCA-UNet model achieves MIoU, MPA, Mprecision
and F1 values of 89.76%, 93.84%, 95.06%, 94.45% respectively, representing improve-
ments of 2.75%, 1.91%, 1.41% and 1.67% over the baseline UNet model. The enhanced
DSCCA-UNet model integrates the advantages of the DSCC module and attention
mechanisms, leading to further improvements in segmentation accuracy and IoU per-
formance. It contributes to more accurate pixel counting of lesions and leaves in the
disease severity estimation task, reducing bias in severity assessments.

4.3 Comparative experiments among different models

In this section, the proposed DSCCA-UNet model is compared with mainstream
semantic segmentation algorithms such as UNet, HRNet, PSPNet, DeepLabv3+, Seg-
former, and UNet++. It can further validate the effectiveness for lesion segmentation.
To ensure fairness in the comparison, the same training strategies and environments
are used across all models.

Table 3 shows the comparison of performance for different semantic segmenta-
tion models on apple leaf disease dataset. For segmentation accuracy, the improved
DSCCA-UNet model outperforms other models. The DSCC module can enhance the
representation of curved edge features at various scales, improving the model’s abil-
ity to classify edge pixels. Furthermore, the integration of the attention mechanism
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strengthens the focus on both leaves and lesions, improving segmentation precision for
these regions.

Table 3 Performance comparison of different models

Model MIoU/% MPA/%  Mprecision/% F1/%  Parameters/MB
DeepLabv3+ 84.20 89.40 92.70 90.94 54.71
HRNet 86.93 91.47 94.01 92.72 29.54
PSPNet 83.94 88.07 93.21 90.57 2.376
UNet 87.01 91.93 93.65 92.78 43.93
Segformer 86.19 94.35 90.40 92.33 3.720
UNet++ 83.19 88.48 92.48 90.44 9.163
DSCCA-UNet 89.76 93.84 95.06 94.45 43.20

Compared to DeepLabv3+, HRNet, PSPNet, UNet and UNet++, the improved
DSCCA-UNet model achieves a 5.56%, 2.83%, 5.82%, 2.75% and 6.57% increase in
MIoU, respectively. For the MPA, it exhibits improvements of 4.44%, 2.37%, 5.77%,
1.91% and 5.36%. For Mprecision, the improvements are 2.36%, 1.05%, 1.85%, 1.41%
and 2.58%, respectively. While for F1, it improves 3.51%, 1.73%, 3.88%, 1.67%, 4.01%,
respectively. Although the MPA of the improved DSCCA-UNet is 0.51% lower than
that of Segformer, it shows increases of 3.57%, 4.66% and 2.12% in MIoU, Mprecision
and F1, respectively. It surpasses the baseline UNet model’s performance in these
areas.

Comparison of different models and classes for lol Comparison of different models and classes for Precision

Deeplabvd+  HRNet  Segformer PSPnet  Unet  Unetv+ DSCCA-Unet Doeplabvd+ HRNet Seglormer PSPnet  Unet  Unets+ DSCCA-Unet
Model Model

(a) (b)

Fig. 8 The segmentation performance of different models across various classes

Figure 8 presents histograms of IoU, PA, and Precision for different semantic seg-
mentation models on six categories, they are leaf, alternaria leaf spot, grey spot, brown
spot, rust, and background. All models perform exceptionally well in the background
and alternaria leaf spot disease categories. Therefore, the following discussion focuses
on other categories. For the leaf category, the improved DSCCA-UNet model achieves
an IoU of 90%, surpassing the best-performing HRNet by 2% and outperforming the
worst-performing UNet++ by 14%. In the rust category, the improved DSCCA-UNet
model reaches an IoU of 79%, 5% higher than the best-performing UNet and 14%
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higher than the worst-performing PSPNet. For brown spot, the improved DSCCA-
UNet model achieves an IoU of 81%, 2% higher than the best-performing Segformer
and 10% higher than both PSPNet and UNet++. In the grey spot category, it achieves
an IoU of 91%, at least 2% higher than other models. For Precision, the improved
DSCCA-UNet demonstrates the most significant advantage in the rust category, out-
performing the best original UNet by 3% and the worst-performing Segformer by
11%.

Figure 9 shows the segmentation results on several test images. It can visually
compare the results of the semantic segmentation models. When the leaf exhibits
extensive diseased areas with a high density of lesion pixels, the segmentation outputs
of DeepLabv3+ and Segformer tend to display merged or confluent lesion regions,
indicating a loss of boundary delineation between individual lesions. When diseased
areas contain few lesion pixels, deep learning models often fail to distinguish lesions
from leaves, noise, or other interferences. Compared to other semantic segmentation
models in [13-18], the improved DSCCA-UNet exhibits fewer instances of missed or
false detections of lesion pixels, and the issue of lesion region sticking is alleviated.
The DSCC module enhances the model’s ability to capture curved and tubular edge
features more effectively. The new type of attention mechanism connection can reduce
background noise.

PSPNet Segformer Unet++ Unet  DSCCA_UNet

Fig. 9 Semantic segmentation results on the test set

5 The generation of severity estimation system

In this section, we select the apple orchard of Dashahe, Feng County, Jiangsu Province
as the study area, the prescription maps for apple alternaria leaf spot diseases is
generated. Furthermore, a disease severity estimation system is established based on
the improved DSCCA-UNet model and the pixel counting algorithm. It can meet the
needs for estimating disease severity and generating prescription maps.
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Fig. 10 Disease severity estimation results for different semantic segmentation models

In disease severity estimation, 30 images are randomly selected from the actual
captured images to validate the effectiveness of the improved DSCCA-UNet model.
The segmentation results are obtained by using the semantic segmentation models.
The lesion and leaf pixel counts are calculated. The RMSE and R? for each model
are computed, leading to the final disease severity estimation results. As shown in
Figure 10, the fitted lines for Deeplabv3+, HRNet, PSPNet, and UNet++ fall below
the desirable lines, indicating that these models tend to underestimate disease sever-
ity. This underestimation is related to missed detections and false positives in lesion
pixel segmentation. On the other hand, Segformer tends to overestimate disease sever-
ity, implying the issue of lesion pixel merging in its segmentation results impacts its
accuracy in severity estimation. Then, the improved DSCCA-UNet model achieves the
best estimation performance, with an R? of 0.998 and an RMSE of 0.00297.

A disease severity estimation system for apple leaves is developed using PyQt5
framework. It can facilitate the estimation of apple leaf disease severity in real orchard
scenarios. This system employs the improved DSCCA-UNet model, using the trained
best.pt weights file to perform semantic segmentation on apple leaf images. Based on
the segmentation results, the system counts the number of lesion pixels and healthy
leaf pixels, and ultimately determines the severity grading by referencing the disease
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severity grading criteria. As shown in Figure 11, the system allows users to upload
images locally and receive both the semantic segmentation result and the disease
severity grading.

Segmentation and disease severity estimation

No Rust
Alternaria
Leaf Spot Grade 1
No Grey Spot
No Brown Spot

Upload pictures

Start detection

Fig. 11 The interface of apple leaf spot segmentation and disease severity estimation system

An experimental field in the apple orchard of Dashahe, Feng County, Jiangsu
Province, is selected as the study area of this paper to generate prescription maps.
Firstly, the LocaSpaceViewer is used to locate the study field. The study area is delin-
eated using the ”Draw Surface” command, enabling the acquisition of the geographical
location of the study field and the preservation of its corresponding latitude and lon-
gitude coordinates. The obtained field information is then imported into ArcMap
software to generate a surface layer grid to rasterise the prescription map. Then the
element class is added to generate the fishing net, so that the grid becomes an editable
and readable surface map layer. The images collected in the orchard are uploaded to
the apple leaf spot segmentation and disease severity estimation system to obtain the
disease severity grade. Finally, the disease severity grades is imported into the cor-
responding surface layer as prescription values to generate the final apple leaf spot
prescription map. In the case of apple alternaria leaf spot, Figure 12 shows a prescrip-
tion map in the study field. Most of the disease severity grades are 1 and 3, with fewer
occurrences of grades 5-9 due to the presence of anthropogenic treatments.

.
|
|
|
'|
'|
|
|

[

| = Mo Alternaria Leaf S pot
Alternaria Leaf Spot Grage 1
Alternaria Leaf Spot Crage 3

Fig. 12 Prescription map of apple alternaria leaf spot
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6 Conclusion

This paper proposes an improved DSCCA-UNet model by incorporating the DSCC
multi-scale feature extraction module and designing the new type connection of atten-
tion mechanism. This model can enhance the ability to capture features of curved
spot edges and reduce background noise interference, effectively improving spot seg-
mentation accuracy. A method is designed for disease severity estimation, which is
combined the improved DSCCA-UNet and an automatic pixel counting algorithm.
Experiments show that, the proposed model achieves MIoU, MPA, Mprecision and F1
of 89.76%, 93.84%, 95.06% and 94.45%, respectively. It shows improvements of 2.75%,
1.91%, 1.41% and 1.67% over the baseline UNet model. The improved DSCCA-UNet
demonstrates significant advantages in segmentation accuracy, compared to semantic
segmentation models such as DeepLabv3+, HRNet, PSPNet, and UNet++. It achieves
an R2 of 0.998 and an RMSE of 0.00297 in disease severity estimation, demonstrat-
ing the best estimation performance compared to other models. Based on the spot
segmentation results and the automatic pixel counting algorithm, an apple leaf spot
segmentation and disease severity estimation system is developed. A prescription map
generation method is proposed for application in real-world orchard management sce-
narios, facilitating the practical implementation of prescription map generation tasks.
In the future, we will investigate pest and disease early warning models.
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