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Apple leaf diseases significantly impair the photosynthetic efficiency and growth quality of apple 
trees, leading to reduced fruit yields. Existing methods for disease detection and severity classification 
struggle to quickly and accurately segment and quantify diseased areas on leaves, particularly in 
complex backgrounds. To address this issue, we propose a method for assessing the severity of apple 
leaf diseases based on a combination of improved HRNet and DRL-watershed algorithms. First, we 
selected HRNet_w32 as the backbone feature extraction network and incorporated a Normalization 
Attention Mechanism (NAM). Then, we combined the Dice Loss and Focal Loss functions to construct 
an enhanced HRNet based semantic segmentation model for pixel-level segmentation of both 
apple leaf and diseased regions. Furthermore, the segmented leaf and disease regions were further 
optimized using the DRL-watershed algorithm to distinguish overlapping leaf regions. Experimental 
results demonstrate that the modified HRNet model achieved a mean intersection over union (mIoU) 
of 88.91% and a mean pixel accuracy (mPA) of 94.13%, representing improvements of 8.77 and 7.25% 
points, respectively, over the original HRNet. The disease severity assessment accuracy reached 
97.65%. This study not only accurately segments apple leaves and diseased areas, but also effectively 
addresses the impact of complex backgrounds and leaf overlap on disease severity assessment, 
providing a solid scientific basis for disease management strategies.
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 Apples are highly nutritious, widely cultivated economic crops known for their high yield and survival rate, 
making them a staple in global agriculture1. Their yield and quality have a significant impact on the agricultural 
economy. Yuncheng, located in southern Shanxi Province on the southeastern Loess Plateau at approximately 
35°N latitude, provides an optimal environment for premium apple production. As one of the advantageous 
apple-growing regions on the Loess Plateau, Yuncheng boasts fertile soil, a climate characterized by cold winters 
and hot summers, significant annual temperature variation, and an average annual sunshine duration of 2,366.2 h. 
These conditions are ideal for apple cultivation. The region has abundant water resources, including freshwater 
from underground sources and the potential to utilize Yellow River water for irrigation. Under such favorable 
natural conditions, Yuncheng apples are renowned for their uniform shape, vibrant color, white flesh, smooth 
and delicate skin, and excellent storage properties. However, during late June, rising temperatures and increased 
precipitation create high-humidity, low-sunlight conditions, accelerating the spread and severity of diseases. 
The frequent and severe occurrence of pests and diseases has become a major limiting factor in achieving high 
apple yields2,3. Therefore, the timely and accurate identification of apple leaf diseases and the grading of their 
severity are crucial for guiding farmers in implementing targeted control measures and formulating effective 
management strategies. Such measures can optimize pesticide use, reduce environmental pollution, improve 
production efficiency and minimize unnecessary economic losses.

Traditional disease severity assessment methods largely rely on the subjective judgment of experts, 
agricultural technicians, and farmers4. These methods are not only time-consuming and labor-intensive but also 
subjective and inefficient, making them difficult to apply on a large scale. In recent years, machine learning and 
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image processing techniques have been widely adopted to evaluate crop disease severity. Common approaches 
include threshold segmentation, region growing, and edge detection5–9. Chaudhary et al.10 converted RGB 
images into CIELAB, HSI, and YCbCr color spaces and used the OTSU method to detect threshold values 
for disease grading based on the color features of lesions and leaves. Jothiaruna et al.11 proposed a leaf disease 
lesion segmentation method combining color features and region growing, achieving an average segmentation 
accuracy of 87%. Gargade et al.12 employed K-nearest neighbors (KNN) and support vector machine (SVM) 
algorithms to classify leaf disease severity, achieving a classification accuracy of 99.5%. Jiang et al.13 applied 
K-means clustering, spectral clustering, support vector machines, random forests (RF), and KNN algorithms to 
assess the severity of wheat stripe rust, developing a model based on the proportion of diseased area to leaf area. 
Li et al.14 proposed an image processing-based method for grading the severity of grape downy mildew, using 
the K-means clustering algorithm to segment leaf and disease areas and a pixel counting method to calculate the 
ratio of diseased area to leaf area for severity classification.

With the development of artificial intelligence and deep learning technologies, deep learning-based methods 
for disease severity classification have gradually gained attention. These models are capable of automatically 
extracting deep features from large image datasets, thereby improving the accuracy of disease segmentation. 
Currently, disease severity classification primarily relies on two-stage models, where the first stage involves leaf 
segmentation, and the second stage further segments the disease regions on the leaf. Wang et al.15 proposed a two-
stage model, DUNet, which integrates DeepLabV3 + and U-Net for cucumber leaf disease severity classification. 
In the first stage, DeepLabV3 + is used to segment the leaves from complex backgrounds, and in the second stage, 
U-Net segments the disease areas on the leaves. The severity is then classified by calculating the ratio of lesion 
pixel area to leaf pixel area. Khan et al.16 introduced an end-to-end semantic segmentation model based on deep 
convolutional neural networks (CNNs) to identify ten different diseases on tomato leaves, achieving an average 
accuracy of 97.6% on the PlantVillage database and a self-constructed dataset of 20,000 images. Wu et al.17 
proposed an improved DeepLabV3 + algorithm for segmenting spot disease and brown spot disease on maple 
leaves, achieving a mean intersection over union (mIoU) of 90.23% and a mean pixel accuracy (MPA) of 94.75%. 
Disease severity classification was then performed based on pixel statistics of the segmented lesions. Baliyan et 
al.18 developed a deep learning model based on CNN for classifying five different severity levels of corn gray leaf 
spot (CGLS), achieving 95.33% detection accuracy for the highest severity images. Ji et al.19 proposed a method 
for detecting and evaluating grape black rot using the DeepLabV3 + model to segment the diseased leaf regions, 
combined with a decision rule system from pathologists to assess disease severity. Liu et al.20 utilized the PSPNet 
model with a MobileNetV2 backbone for apple leaf segmentation and the U-Net model with a VGG backbone 
for segmenting Alternaria leaf spot disease. The severity of the disease was assessed by calculating the ratio 
of diseased area to leaf area. Liu et al.21 introduced a multi-task distillation learning framework (MTDL) for 
tomato disease severity assessment, where the EfficientNet optimized by MTDL achieved 91.25% classification 
accuracy and 92.36% severity estimation. Xu et al.22 proposed a two-stage method, Coformer and SegCoformer, 
for the rapid assessment of early and late blight severity in potatoes, achieving an accuracy of 84%. Wang et al.23 
developed a two-stage model, TUNet, where TRNet extracts the target cucumber leaves in the first stage, and 
U-Net with a ResNet50 backbone extracts the lesions in the second stage. The disease severity is then classified 
by calculating the ratio of the total lesion area to the entire leaf area.

Traditional image processing methods have limited feature extraction capabilities and struggle to capture 
fine-grained details, which affects segmentation accuracy. While existing deep learning methods have made 
progress in disease segmentation, they primarily focus on single-leaf images and employ two-stage models for 
severity classification. Although these methods can provide relatively accurate results, they are computationally 
intensive, inefficient, and lack flexibility for real-time applications. Additionally, most studies are limited to the 
classification of severity for a single type of disease. In practical applications, there is a notable lack of research 
on severity classification involving multiple diseases and overlapping leaves.

To address the aforementioned issues, this study proposes an improved high-resolution HRNet model 
combined with the DRL-watershed algorithm for assessing the severity of apple leaf diseases. The model 
enhances segmentation accuracy by incorporating multi-scale features while maintaining high-resolution 
feature representation. First, the Normalization Attention Mechanism (NAM) is introduced into the backbone 
feature extraction network and the encoder section to capture both local and global contextual information, 
thereby strengthening the model’s ability to express features of the diseased regions. Second, the combination 
of Focal Loss and Dice Loss functions is utilized to improve the model’s segmentation accuracy for small, 
imbalanced lesion areas. Finally, the DRL-Watershed algorithm is employed to accurately segment overlapping 
leaves, effectively addressing the issue of inaccurate disease severity evaluation for overlapping leaves in complex 
environments. Experimental results demonstrate that the proposed HRNet model, combined with the DRL-
Watershed algorithm, can effectively distinguish overlapping leaf regions and accurately assess disease severity 
for each individual leaf. This approach resolves the issue of inaccurate disease assessment in real-world scenarios 
involving overlapping leaves, and provides technical support for apple leaf disease management and control.

Materials and methods
Dataset construction
To ensure the quality and representativeness of the dataset, this study focused on Fuji apple leaves from 
Yuncheng City, Shanxi Province, China. Data collection was conducted between June and September 2023, 
capturing images under all weather conditions during three time periods: morning, midday, and evening. A 
Xiaomi 10 smartphone was used for image acquisition, with each image having a resolution of 1080 × 1080 
pixels. Additionally, to enrich the dataset and enhance the robustness of the model, a subset of data from the 
publicly available AppleLeaf9 dataset on AI Studio was incorporated into this study.
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Apple leaf disease dataset composition
A total of 417 images of apple leaf diseases were manually selected from the collected data, covering four types of 
diseases: Alternaria Blotch, Brown Spot, Gray Spot, and Rust. Some sample images are shown in Fig. 1.

The apple leaves and disease regions were annotated using the polygon annotation mode of the Labelme tool. 
The annotated images are shown in Fig. 2. The apple leaf region is marked in red, while the four types of diseases-
Alternaria Blotch, Brown Spot, Gray Spot, and Rust, are indicated in green, yellow, blue, and purple, respectively.

Data preprocessing
To prevent overfitting and sample bias, and to improve the model’s generalization ability and robustness, data 
augmentation was applied to the original dataset using three techniques: rotation, brightness perturbation, and 
horizontal flipping. Sample images after data augmentation are shown in Fig. 3.

Dataset partitioning
 The dataset was divided into three subsets: training, validation, and testing. The training set was used to 
train the model, adjusting its parameters based on the features and labels in the data to capture underlying 
patterns. The validation set was employed for model tuning during the training process, assisting in selecting 
appropriate hyperparameters and preventing overfitting. The test set was used to evaluate the final model’s 
performance, providing an objective measure of its ability to generalize to unseen data. To ensure the dataset’s 
representativeness, each subset was composed of real-world apple leaf data. The dataset was partitioned as 
follows: the training, validation, and test sets were divided in an 8:1:1 ratio. For detailed augmentation methods, 
refer to Section 2.1.2.

The distribution of the dataset before and after data augmentation is shown in Table 1.
Figure 4 illustrates the distribution of severity levels in the test set across three categories: Single Blade (inner 

ring), Multiple Leaf Separation (middle ring), and Multiple Leaf Overlap (outer ring). Each ring represents a 
different type of leaf occlusion condition, and the segments are color-coded based on severity levels (Level 0 to 
Level 9).

Improved HRNet based semantic segmentation algorithm for Apple leaf disease
Wang et al.24 proposed the High-Resolution Network (HRNet) for 2D human pose estimation, which, due to its 
unique parallel structure, maintains high resolution during feature extraction and has been subsequently applied 
to image semantic segmentation tasks. The HRNet model effectively captures fine-grained spatial and contextual 
information by fusing features of different resolutions through a parallel multi-scale feature extraction structure. 
Additionally, HRNet uses cross-resolution connections to enhance feature propagation and fusion, thereby 
improving the accuracy of disease region identification in complex backgrounds.

Fig. 2.  Example of Image Annotation. (a) Alternaria Blotch; (b) Brown Spot; (c) Gray Spot; (d) Rust

 

Fig. 1.  Examples of the four disease types. (a) Alternaria Blotch; (b) Brown Spot; (c) Gray Spot; (d) Rust
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Fig. 4.  Test Dataset Severity Distribution

 

Class
Original
Datasets

Augmented Datasets

Training Set Test Set Validation Set Total

Alterna Blotch 105 420 52 53 525

Brown Spot 103 412 51 52 515

Grey spot 104 416 52 52 520

Rust 105 420 53 52 525

Total 417 1668 208 209 2085

Table 1.  Distribution of Apple leaf disease Data

 

Fig. 3.  Example of Data Augmentation. (a) Original image; (b) Horizontal flip; (c) Rotate 90 degrees; (d) 
Rotate 180 degrees; (e) Brightness enhanced by 1.5 times; (f) Brightness enhanced by 0.5 times
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Despite its promising performance on apple leaf disease datasets, the HRNet model still faces several 
challenges. While HRNet preserves high-resolution features, its ability to distinguish between diseased and 
healthy regions is limited. Furthermore, the standard convolutional operations in HRNet fail to fully capture the 
complex contextual information between the disease and healthy regions, potentially leading to the omission of 
valuable feature information during the feature extraction process in the encoder. Additionally, HRNet struggles 
with the class imbalance between diseased and healthy areas, which impacts overall segmentation accuracy. By 
redesigning the HRNet model, its segmentation performance can be significantly optimized, overcoming these 
limitations.

To improve the segmentation performance and address these shortcomings, the following modifications 
were made to the original HRNet model:

(1) Feature Extraction Network: To achieve an optimal balance between model complexity and parameter 
efficiency, HRNet_w32 was selected as the backbone feature extraction network for the encoder. This 
configuration includes 32 basic convolutional layers, which maintain high-resolution feature representation 
while reducing model complexity.

(2) Normalization Attention (NAM): NAM was introduced between the ResBlocks in each Stage module 
to enhance the fusion of feature information. The primary function of the ResBlock is to integrate information 
from different sources and improve the model’s ability to represent the required features. However, it may also 
introduce noisy information. The NAM effectively weights useful information, enhancing the model’s ability to 
focus on key features while reducing the influence of redundant or noisy information. Furthermore, NAM was 
applied during the feature fusion process between Stages, further improving the model’s attention to important 
features and making the fusion of features at different resolutions more precise. This, in turn, improves overall 
segmentation performance and the accuracy of disease recognition.

(3) Loss Function Optimization: A hybrid loss function combining Dice Loss and Focal Loss was employed. 
Dice Loss helps to reduce the influence of difficult-to-categorize samples (disease regions) and improves the 
accuracy of disease region segmentation. While Focal Loss enhances the model’s sensitivity to minority classes 
and effectively solves the category imbalance problem.

The architecture of the proposed Improved HRNet network is shown in Fig. 5.

Normalization attention mechanism
The Normalization Attention Mechanism (NAM) is a lightweight and efficient attention module that includes 
two submodules: spatial attention and channel attention. It uses the scaling factor in batch normalization (BN) 
to measure the variance of each channel, indicating the importance of the input feature map channels. By 
suppressing less significant feature variations, NAM enhances the representation of more prominent channel 
features. As shown in Fig. 6, after feature extraction through five CBL layers, the resulting feature map is processed 
separately through both the spatial attention and channel attention modules and subsequently fused. The fused 
feature map is then multiplied by the input feature map for adaptive feature refinement, which highlights the key 
features of the target.

Fig. 5.  Architecture of the Improved HRNet Network

 

Scientific Reports |        (2025) 15:30071 5| https://doi.org/10.1038/s41598-025-15246-8

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


Loss function optimization
In the apple leaf disease segmentation task, to address the issue of class imbalance and improve the model’s 
ability to handle hard-to-classify samples, we introduce two loss functions: Focal Loss and Dice Loss.

Focal Loss is an enhanced version of the cross-entropy loss, specifically designed to mitigate class imbalance. 
By introducing a modulation factor, it reduces the loss contribution from easy-to-classify samples, thereby 
focusing on the learning of hard-to-classify samples. The formula is as follows:

	 F ocal Loss = −αt(1 − pt)γ log (pt)� (1)

Where, Pt is the model’s predicted probability for the correct class, γ is the modulation parameter that controls 
the suppression of easy samples, and αt is a balancing factor that addresses class imbalance. Focal Loss increases 
the loss weight for hard-to-classify samples, promoting more effective learning of their features, which enhances 
classification accuracy.

Dice Loss is a similarity-based loss function that uses the Dice coefficient to measure the overlap between 
two sample sets. It maximizes the overlap between the predicted result and the ground truth to improve the 
segmentation performance. The formula is:

	
Dice Loss = 1 −

2
∑N

i=1 pigi∑N

i=1 p2
i +

∑N

i=1 g2
i

� (2)

Where, Pi and gi represent the predicted and ground truth pixel values, respectively. Dice Loss has significant 
advantages in handling small targets or minority classes, as it emphasizes the matching of target regions rather 
than the absolute number of pixels. By combining Focal Loss and Dice Loss, the model’s robustness and accuracy 
in semantic segmentation tasks are significantly improved, particularly in handling class imbalance and small 
target recognition.

DRL-Watershed algorithm
The watershed algorithm, based on topological theory, is widely used for edge detection and image segmentation 
tasks25. The core idea of this algorithm is to treat an image as a topographical surface and simulate water flow 
from local minima, expanding outward to identify the boundaries between different “valleys.” However, in leaf 
segmentation tasks, the watershed algorithm can be susceptible to noise, which may result in poor boundary 
identification. To address this issue, this paper combines the watershed algorithm with preprocessing steps, such 
as filtering and morphological operations. Additionally, each leaf region is filled with a distinct color to enhance 
segmentation accuracy, followed by the localization of disease regions within the target areas.

The principles of the DRL-Watershed algorithm are summarized in Table 2. The parameters used for the 
DRL-Watershed algorithm are summarized in Table 3.

Experimental setup
The experimental setup is summarized in Table 4.

Evaluation metrics
The evaluation metrics used in this study include the mean Intersection over Union (mIoU), pixel accuracy (PA), 
mean pixel accuracy (mPA), and confusion matrix.

In semantic segmentation, Intersection over Union (IoU) represents the ratio of the intersection to the union 
of the ground truth and predicted values for each class. mIoU is an average metric used to evaluate the mean 
IoU across all categories in a dataset. It is calculated by determining the ratio of true values to predicted values 
for each class and averaging these ratios across all classes. The formula is as follows:

	
mIoU = 1

k

k∑
i=1

T Pi

T Pi + F Pi + F Ni
� (3)

Where, k is the total number of classes, and TPi, FPi, FNi refer to true positives, false positives, and false negatives 
for class i, respectively.

Pixel accuracy (PA) is used to measure prediction accuracy, calculated as follows:

Fig. 6.  Normalization attention module
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PA =

∑k

i=1 pii∑k

i=1

∑k

j=1 pij

� (4)

Where, Pii represents the number of correctly predicted pixels for class i, and Pij is the total number of pixels in 
class i.

Mean pixel accuracy (mPA) assesses the percentage of correctly classified pixels for each category and 
averages these across all classes. The formula is:

Configuration Items Information

Operating System Windows 11

CPU Intel i7-13600

GPU NVIDIA GeForce RTX4060

Development Environment Pytorch 1.12.0, python 3.8

Table 4.  Experimental platform Configuration

 

Parameter Value Description

Morphological kernel size 3 × 3 Kernel size for morphological gradient

Morphological operation Gradient Extracts object boundaries

Distance transform type L2 (Euclidean) Distance metric

Distance mask size 5 Mask size for distance transform

Distance threshold ratio 0.3 Threshold for foreground

Dilation iterations 3 To define sure background

Erosion iterations 2 To refine sure foreground

Watershed boundary color [0, 0, 255] Color for watershed boundaries

Table 3.  Parameters used for the DRL-Watershed algorithm

 

DRL-Watershed Algorithm

Input: 8-bit mask image I.

1. Convert the image I to a grayscale image G.

2. Compute the gradient magnitude of image G to obtain the edge strength for each pixel.

3. Initialize markers.

4. Initialize an empty priority queue Q, used to store each pixel, sorted by its gradient value in ascending order.

5. for each marker pixel (x, y) do
Assign unique label to each marker.
Insert (x, y) into Q with priority based on gradient magnitude.
end for

6. while Q is not empty do
Remove pixel p with the highest priority from Q.
Get neighbors of p that have not yet been labeled.
for each unlabeled neighbor q of p do
Assign q the label of p.
Insert q into Q with priority based on gradient magnitude.
end for
end while

7. For each marker:
If marker = = −1(boundary):
Fill positions in markers equal to −1 with the boundary color [255, 0, 0].
If marker > 1 (leaf region):
Fill positions in markers equal to marker with a random color.
Calculate the area of this leaf region and store it in the leaf_areas dictionary.
Create a Boolean mask for the current leaf region.
Extract the pixel values from the region indicated by the mask.
For each disease type and associated color:
If matching pixels for the disease color are found in the region:
Set this disease type as the detection result and exit the loop.
Store the disease detection result in the leaf_diseases dictionary.
end for

Table 2.  Pseudocode for core steps of the DRL-Watershed Algorithm
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mPA = 1

k + 1

k∑
i=0

pii∑k

j=0 pij

� (5)

Where, k is the total number of classes and Pii and Pij represent the correctly predicted pixels and total pixels in 
class i, respectively.

The confusion matrix displays the correspondence between predicted and true labels for disease severity 
classification. It is calculated as follows:

	
Confusion Matrix =

(
T P F P
F N T N

)
� (6)

	
Accuracy = T P + T N

T P + T N + F P + F N
� (7)

Where, TP is the number of true positives (samples correctly classified as positive), TN is the number of true 
negatives (samples correctly classified as negative), FP is the number of false positives (samples incorrectly 
classified as positive), and FN is the number of false negatives (samples incorrectly classified as negative).

Results
The experimental process
To enhance the model’s generalization ability and convergence speed, pretrained backbone network parameters 
were used. During training, the input image size was set to 480 × 480, and the number of epochs was adjusted to 
100. The optimal combination of hyperparameters and the best optimization algorithm were selected to ensure 
the model could effectively learn a sufficient number of features. The Adam optimizer was used for all models, 
with an initial learning rate of 0.001. If the loss showed little variation, the learning rate was reduced by 50%.

Table 5 indicates that the selection of hyperparameters significantly affects the segmentation performance of 
the HRNet model in apple leaf disease segmentation tasks.

The performance of the HRNet model demonstrates remarkable stability across different hyperparameter 
settings, with minimal variations in evaluation metrics. The results indicate that HRNet is relatively stable when 
applied to the apple leaf disease segmentation task. The optimal segmentation performance is achieved when the 
learning rate is set to 0.0001 and the Adam batch size is 8.

To evaluate the segmentation performance of the Improved HRNet model for four types of apple leaf diseases, 
a comparison with the original HRNet model was made. Figure 7 compares the performance of HRNet and 
Improved HRNet in terms of IoU and PA for four diseases: Alternaria Blotch, Brown Spot, Grey Spot, and Rust.

Fig. 7.  Comparison of Segmentation Performance between HRNet and Improved HRNet

 

Model Optimizer Initial Learning Rate Batch Size mIoU/% mPA/%

HRNet_w32

Adam 0.001 4 81.80 89.19

Adam 0.0001 4 83.45 90.01

Adam 0.001 8 82.21 89.59

Adam 0.0001 8 84.82 92.10

Table 5.  Comparison of hyperparameter performance of HRNet Network
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The results show that, compared to HRNet, the Improved HRNet significantly improved in the Alternaria 
Blotch segmentation task, with an 11.54% point increase in IoU and a 7.98% point increase in PA. In the Brown 
Spot segmentation task, IoU increased by 1.5% points and PA by 0.38% points. In the Grey Spot segmentation 
task, IoU increased by 9.14% points and PA by 2.6% points. However, in the Rust segmentation task, IoU increased 
by 2.71% points and PA by 0.65% points. These results indicate that the introduction of the NAM attention 
mechanism in the Improved HRNet model enhances the focus on local features of the lesions, improving the 
effectiveness of feature extraction and, consequently, the segmentation accuracy. On the other hand, the Brown 
Spot and Rust diseases have more distinctive features, so HRNet already performed well in these categories, 
resulting in a smaller improvement in the Improved HRNet model for these tasks.

Comparison of different backbone networks
This study improved the HRNet model by testing three different backbone network widths: HRNet_w18, 
HRNet_w32, and HRNet_w48, to compare their performance in apple leaf disease segmentation. Figures 8(a) 
and 8(b) present the training results for apple leaf disease image segmentation using models with different 
backbone network widths. The experimental results are shown in Table 6.

The results show that HRNet_w32 provides the best overall performance. Its average IoU (mIoU) is 82.21%, 
which is an improvement of 2.07% points over HRNet_w18 and 0.07% points over HRNet_w48. The average 
pixel accuracy (mPA) is 89.59%, which is an improvement of 2.71% points over HRNet_w18 and 0.97% 
points over HRNet_w48. Additionally, its average precision (mPrecision) reaches 89.53%. While HRNet_w48 
achieves the highest precision of 91.92%, the improvements in mIoU and mPA are marginal. This is likely due 
to the excessively large network width of HRNet_w48, which leads to overfitting during training and causes a 
performance bottleneck on the test set. Furthermore, the larger network increases computational complexity and 
cost, resulting in slightly underwhelming performance in terms of mIoU and mPA. Overall, HRNet_w32 strikes 
an optimal balance between performance and computational complexity, avoiding the overfitting issue observed 
with HRNet_w48 while delivering a solid segmentation performance. Therefore, HRNet_w32 is selected as the 
backbone network for apple leaf disease segmentation tasks.

Comparison of different attention mechanisms
To analyze the performance of different attention mechanisms in the apple leaf disease segmentation task, we 
conducted comparative experiments using CBAM, SENet, and NAM attention mechanisms. In each experiment, 
the attention module was added at the same position in the encoder. Figures 9(a) and 9(b) display the training 
outcomes for models with various attention mechanisms applied to apple leaf disease image segmentation. The 
experimental results are presented in Table 7.

As shown in the table, when the SENet module was added, the mIoU increased by 0.4%, reaching 85.22%. 
With the addition of the CBAM module, mIoU improved by 2.54%, reaching 87.36%. The introduction of 
the NAM module resulted in the highest increase of 3.51%, with an mIoU of 88.33%. This demonstrates that 
NAM outperforms the other attention modules in terms of segmentation accuracy. NAM enhances the model’s 
ability to learn apple leaf disease features by effectively weighting multi-source information and reducing the 
interference of background noise and redundancy. Furthermore, during the feature fusion process across 

Model mIoU/% mPA/% mPrecision/% FPS

HRNet_w18 80.14 86.88 90.03 45

HRNet_w32 82.21 89.59 89.53 41

HRNet_w48 82.14 88.62 91.92 38

Table 6.  Comparison results of different Backbones.

 

Fig. 8.  (a)Loss value change curve; (b) mIoU value change curve
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different resolutions, NAM improves the quality of multi-scale feature integration, thereby enhancing overall 
segmentation performance. Compared to CBAM and SENet, NAM exhibits superior capability in capturing 
local details, suppressing background noise, and adapting to multi-scale features, which significantly boosts the 
model’s segmentation performance. In apple leaf disease segmentation tasks, the NAM attention mechanism 
proves to be the most suitable choice.

Performance analysis of ablation experiment
To systematically evaluate the impact of each module on the overall model performance, we designed four 
ablation experiments. These experiments assess the effects of replacing the backbone network, adding the 
attention mechanism, and using Focal Loss and Dice Loss functions. The experimental results are summarized 
in Table 8.

The table shows that using HRNet_w32 as the backbone network significantly improved segmentation 
performance, with mIoU and mPA increasing by 4.68 and 5.22% points, respectively. The introduction of the 
NAM attention mechanism further boosted mIoU and mPA by 3.51 and 1% point, respectively, due to NAM’s 
enhancement in the multi-scale feature fusion process, which better refines features across different resolutions. 
The use of Focal Loss effectively addressed the issue of class imbalance, improving mIoU and mPA by 0.47 and 
0.17% points, respectively. Dice Loss enhanced segmentation accuracy for small targets and imbalanced classes, 
with mIoU and mPA increasing by 0.55 and 0.21% points, respectively.

When HRNet_w32, NAM attention mechanism, Focal Loss, and Dice Loss were combined, the model 
achieved the highest performance, with mIoU and mPA improving by 8.77 and 7.25% points, respectively. This 
significantly enhanced the model’s segmentation performance for apple leaf disease.

HRNet_w32 NAM Focal Loss Dice Loss mIoU/% mPA/% FPS

80.14 86.88 45

√ 84.82 92.10 42

√ √ 88.33 93.10 39

√ √ √ 88.80 93.27 38

√ √ √ 88.88 93.31 38

√ √ √ √ 88.91 94.13 36

Table 8.  Ablation experiment.

 

Model mIoU/% mPA/% mPrecision/% FPS

HRNet 84.82 92.10 90.89 42

HRNet-CBAM 87.36 92.03 94.12 26

HRNet-SENet 85.22 91.09 92.29 33

HRNet-NAM 88.33 93.10 94.17 39

Table 7.  Comparison results of different attention Mechanisms

 

Fig. 9.  (a)Loss value change curve; (b) mIoU value change curve
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Comparison with other segmentation methods
To further validate the segmentation performance of the improved HRNet model, we compared it with several 
classic semantic segmentation models commonly used for plant disease tasks, including DeeplabV3 +[26] , 
U-Net27and PSPNet28. The results are presented in Fig. 10.

As shown in Fig.  9, the proposed model outperforms the others in disease segmentation, achieving the 
best accuracy with an mIoU of 88.91% and an mPA of 94.13%. The DeeplabV3 + model performed the worst, 
with an mIoU of 79.20% and an mPA of 87.35%. The U-Net model showed relatively superior segmentation 
performance, with an mIoU of 80.85% and an mPA of 86.38%. The PSPNet model had an mIoU of 79.71% and 
an mPA of 87.86%. The experimental results indicate that the NAM attention mechanism incorporated into 
HRNet enhances the model’s feature extraction and representation abilities. Additionally, the optimization of the 
loss functions im-proves the model’s segmentation accuracy for diseased areas and addresses the seg-mentation 
accuracy issues caused by data sample imbalance during training. Overall, the HRNet model, with its high-
resolution feature representation, is better suited to the requirements of apple leaf disease segmentation tasks.

This study visualized the segmentation results of five algorithms: Improved HRNet, HRNet, DeeplabV3+, 
U-Net, and PSPNet, as shown in Fig. 11.

Figure 11 reveals distinct performance variations among models in disease segmentation tasks. The 
morphological and chromatic similarity between Alternaria Blotch and Grey spot lesions induced misclassification 
errors in Models C, D, and E, which erroneously identified Alternaria Blotch as Grey spot. These models also 
demonstrated inadequate precision in segmenting overlapping healthy leaf regions. In Brown Spot segmentation, 
Models D and E showed minor false positives, while Models B, C, and E suffered significant under-segmentation 
issues. Grey spot detection revealed two critical failures: Models D and E produced misclassifications, Models B, 
D, and E generated oversimplified healthy tissue delineation, and Model C even segmented non-existent targets. 
For Rust identification, Model E exhibited false positives, while Models B-D displayed insufficient resolution in 
overlapping healthy leaf areas.

Notably, the Improved HRNet achieved accurate four-disease differentiation with exceptional edge 
delineation and complete lesion morphology while achieving pixel-level precision at disease-leaf boundaries. 
This architecture demonstrated superior robustness and segmentation accuracy through its hierarchical feature 
integration mechanism, effectively addressing the critical challenges of inter-class similarity and complex edge 
topology that compromised conventional models.

Assessment of disease severity levels
To accurately assess the severity of apple leaf diseases, this study refers to the local standard of Shanxi Province, 
“DB14/T 143–2019 Apple Brown Spot Disease Monitoring and Survey Guidelines,” to establish grading 
parameters for apple brown spot disease. Based on pixel statistics, Python was used to calculate the pixel count 
of the diseased and healthy leaf areas. The leaf disease severity was classified into six levels: Level 0 (healthy leaf), 
Level 1, Level 3, Level 5, Level 7, and Level 9. The detailed leaf disease grading standards are shown in Table 9.

Where, represents the ratio of the diseased area to the area of a single leaf, and is calculated using the following 
formula:

Fig. 10.  Comparison Results of Different Models
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Fig. 11.  Comparison of segmentation effects
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k = Ascab

Aleaf
=

∑
(x,y)∈scab

pixel(x, y)∑
(x,y)∈leaf

pixel(x, y)
� (8)

In the formula, Ascab denotes the area of the diseased region, Aleaf represents the area of a single leaf, and pixel(x, 
y) is used to count the number of pixels corresponding to the diseased and leaf regions, respectively.

In the process of grading apple leaf diseases in complex backgrounds, the diversity of leaf shapes and the 
complexity of the background affect pixel statistics, which in turn influences the grading results. To address 
this, pixel statistical analyses were performed under three scenarios: a single leaf, separated multiple leaves, and 
overlapping multiple leaves. The DRL-Watershed algorithm was used to accurately count the pixels of the disease 
and the leaf area in each scenario, ensuring the accuracy of the grading results. The visualized segmentation 
results of the DRL-Watershed algorithm for the three cases are shown in Fig. 12:

Pixel statistical analysis for a single leaf
To verify the effectiveness of the DRL-Watershed algorithm in pixel counting for a single leaf, a comparative 
experiment was conducted using the pixel statistics from the improved HRNet model. The grading results for 
disease severity on a single leaf are shown in Table 10.

As shown in Table 10, for the improved HRNet model, the total number of pixels in the leaf area (sum of leaf 
and disease pixels) is 127,917, with the disease occupying 46% of the area, resulting in a disease level of Level 
9. In the DRL-Watershed algorithm, the number of leaf pixels is 126,026, with the disease area occupying 47%, 
and the disease level is also Level 9. This demonstrates that both the Improved HRNet model and the DRL-
Watershed algorithm were able to accurately count the leaf pixels and calculate the disease proportion, yielding 
corresponding disease severity levels.

Pixel statistical analysis for separated multiple leaves
The principle of using the watershed algorithm for handling multi-leaf separation in disease severity assessment 
is illustrated in Fig. 13. To assess the performance of the DRL-Watershed algorithm for scenarios with multiple 
separated leaves, pixel statistics were compared with the results from the improved HRNet model. The disease 
severity grading results for the separated leaves are shown in Table 11.

As shown in Table 11, the improved HRNet model calculates the disease-to-leaf pixel ratio across the entire 
image, resulting in a disease proportion of 18.22% and a disease level of Level 5, which reduces the overall 
disease proportion and severity. In contrast, the DRL-Watershed algorithm separately counts the pixels for each 
individual leaf and computes the disease ratio for each leaf, providing a more accurate reflection of the disease 
severity. For example, the DRL-Watershed algorithm calculates that the disease proportion for Leaf Area 2 is 
26.26%, corresponding to a disease level of Level 7, which accurately represents the disease severity on each leaf 
and offers a more precise grading assessment.

Pixel statistical analysis for overlapping multiple leaves
Similarly, the principle of applying the watershed algorithm for assessing disease severity in overlapping multi-
leaf scenarios is demonstrated in Fig. 14. To evaluate the DRL-Watershed algorithm’s performance for scenarios 
with overlapping leaves, a comparative experiment was performed using pixel statistics from the improved 
HRNet model. The disease grading results for the overlapping multiple leaves are shown in Table 12.

As shown in Table 12, the improved HRNet model calculates the disease-to-total-leaf pixel ratio, yielding a 
disease proportion of 24% and a corresponding disease level of Level 5. This method results in an underestimation 
of the disease severity because the disease pixels are compared to the total leaf area across all leaves. However, 
the DRL-Watershed algorithm effectively segments the overlapping leaf regions, allowing it to calculate the pixel 
count for each individual leaf. In the two overlapping areas, the DRL-Watershed algorithm calculates the disease 
proportion for Area 1 as 32%, with a corresponding disease level of Level 7, and for Area 2 as 22%, corresponding 
to Level 5. This approach provides a more accurate reflection of the disease severity in each overlapping leaf 
region, yielding a grading assessment closer to the actual situation.

Severity grading statistical analysis
In this study, the performance of the HRNet model and the DRL-Watershed algorithm in grading apple leaf 
diseases on the test set was evaluated and analyzed using confusion matrices. The true severity levels were 
determined based on the ratio of the disease area to the leaf area during the data annotation process. Figure 15 
compares the predicted results of the improved HRNet model with the true results, and the disease severity 

Plaque Level Description The Range of k

Level 0 No lesions present 0 ≤ k ≤ 0.01%

Level 1 Lesion area constitutes less than 5% of the total leaf area 0.01%< k ≤ 5%

Level 3 Lesion area accounts for 5–10% of the total leaf area 5%< k ≤ 10%

Level 5 Lesion area represents 10–25% of the total leaf area 10%< k ≤ 25%

Level 7 Lesion area covers 25–50% of the total leaf area 25%< k ≤ 50%

Level 9 Lesion area exceeds 50% of the total leaf area 50%< k

Table 9.  Classification table for Apple leaf Diseases
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Fig. 12.  Visualization of DRL-Watershed Algorithm Results◂

Fig. 14.  Example of the principle of the watershed algorithm

 

Method Disease Pixel Statistics Leaf Pixel Statistics Disease percentage (k) Disease level

Improved HRNet 12,749 69,981 18.22% Level 5

DRL-Watershed Algorithm
0 Area1: 21,401 0 Level 0

12,956 Area2: 49,329 26.26% Level 7

Table 11.  Example of grading results for separated multiple Leaves

 

Fig. 13.  Example of the principle of the watershed algorithm

 

Method Label Value/pixels Ratio Disease percentage (k) Disease level

Improved HRNet

background 134,227 51.20%

46% Level 9Leaf 68,898 26.28%

Brown_Spot 59,019 22.51%

DRL-Watershed Algorithm Area1 126,026 / 47% Level 9

Table 10.  Example of single leaf disease grading Results
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evaluation results of the DRL-Watershed algorithm on the same test set, respectively. The vertical axis represents 
the true labels, while the horizontal axis represents the model’s predictions. Each cell in the matrix contains the 
number of samples where a true category was predicted as a specific category. Higher values in the diagonal 
blocks indicate that the model correctly predicted the disease severity levels. The diagonal elements of the 
confusion matrix represent the number of correctly classified samples, while the off-diagonal elements represent 
misclassifications. The intensity of the diagonal color corresponds to the accuracy of the grading for each level.

In the confusion matrix of the HRNet model, 89 samples were correctly classified as Level 1. For Level 3, 
21 samples were misclassified as Level 1, while 36 samples were correctly classified as Level 3. In Level 5, 2 
samples were misclassified as Level 3, but most samples were correctly classified as Level 5. Levels 7 and 9 
exhibited some classification confusion, particularly with samples from Level 7 being misclassified as either 
Level 5 or Level 9. The HRNet model demonstrates high accuracy in predicting lower disease severity levels. 
However, there is some error in predicting higher severity levels, which can be attributed to the HRNet model’s 
tendency to underestimate disease severity in multi-leaf scenarios. This occurs because the HRNet model does 
not distinguish between individual leaves when processing multiple leaves, leading to lower predicted severity 
levels compared to the actual severity.

The confusion matrix for the DRL-Watershed algorithm shows significant improvements, particularly for 
Level 3. In the 55 samples for Level 3, only 2 were misclassified as Level 1, with the rest correctly classified as Level 
3. Classification accuracy for Level 5 also improved, with 31 samples correctly classified and only 1 misclassified 
as Level 3. For Level 9, all 13 samples were correctly classified. Compared to Figure a, the classification results for 
Level 7 were notably better, with 8 samples correctly classified and no significant misclassifications. These results 
suggest that the DRL-Watershed algorithm, by separately analyzing the disease proportion in each leaf region, 
provides a more accurate assessment of disease severity, especially in complex and overlapping leaf scenarios.

In the confusion matrix for the DRL-Watershed algorithm, two Level 3 samples were misclassified as Level 1, 
one Level 5 sample as Level 3, and one Level 9 sample as Level 3. These errors may be caused by noise introduced 
by lighting, shadows, or other environmental factors, which result in unclear boundaries in the overlapping leaf 
regions. In these regions, the gradients are less pronounced, leading to inaccurate seg-mentation of the leaf area, 
which in turn affects the final disease severity predictions.

Discussion
The detection and statistical analysis of apple leaf diseases are crucial for orchard health management. They 
provide timely indicators of disease severity, enabling precise pest control measures that effectively reduce the 
impact of diseases on fruit quality and yield. In research on apple leaf disease severity assessment, Xing et al.29 
developed an apple leaf disease grading model using PCA-logistic regression analysis, achieving an average 

Fig. 15.  Disease severity confusion matrix. (a) Confusion Matrix for Grading Evaluation of the Improved 
HRNet Model.; (b) Confusion Matrix for Grading Evaluation of the DRL-Watershed Algorithm

 

Method Disease Pixel Statistics Leaf Pixel Statistics Disease percentage (k) Disease level

Improved HRNet 27,370 88,399 24% Level 5

DRL-Watershed Algorithm
14,999 Area1: 47,446 32% Level 7

10,349 Area2: 46,340 22% Level 5

Table 12.  Example of grading results for overlapping multiple Leaves
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accuracy of 90.12%. Lu et al.30 employed the MixSeg semantic segmentation model to segment apple leaves 
and diseases in complex environments, achieving IoU scores of 98.22% and 98.09% for leaf segmentation, and 
87.40% and 86.20% for disease segmentation. These studies primarily focus on individual leaf segmentation, 
neglecting the complexities of real orchard conditions. Therefore, this study is based on a dataset of apple leaf 
images from real-world orchard settings and proposes an improved HRNet segmentation model combined with 
a DRL-watershed algorithm. This approach enables accurate segmentation of multiple leaves and overlapping 
disease regions in the complex background of actual orchard environments, along with efficient disease severity 
assessment. It provides a theoretical foundation for low-cost, high-precision disease severity quantification, 
offering scientific support for disease management and control in apple orchards.

The proposed improved HRNet segmentation model achieves an average intersection-over-union (mIoU) of 
88.91% and an average pixel accuracy (mPA) of 94.13%. Although this mIoU is slightly lower than the 98.22% 
IoU reported by Lu et al. for leaf segmentation, it is important to note that their work focuses on segmenting 
individual apple leaves under relatively controlled backgrounds. In contrast, our model is designed for real-
world orchard environments where leaves often appear in clusters with occlusions, overlaps, and complex 
background interference. This inevitably introduces greater segmentation challenges and may reduce overall 
IoU, but it significantly enhances the model’s robustness and applicability in practical scenarios. Therefore, the 
slightly lower mIoU is a trade-off for improved adaptability and generalization in more realistic and complex 
conditions. Meanwhile, the DRL-watershed algorithm yields a classification accuracy of 97.65% for disease 
severity assessment. These results demonstrate the model’s capability to accurately segment and evaluate apple 
leaf diseases in real orchard environments. However, during the study, it was observed that factors such as leaf 
overlap, angular variations, and complex backgrounds may introduce segmentation errors, affecting the accurate 
assignment of leaf regions and severity assessments. Future work will focus on integrating additional spatial 
information and directional features to improve the model’s adaptability to leaf pose variations. Efforts will also 
be directed towards reducing the computational complexity of the model, optimizing the training process, and 
implementing acceleration on hardware platforms to meet real-time requirements in practical applications. This 
will enable more efficient disease detection and evaluation in complex environments.

Conclusions
This paper presents an apple leaf and disease segmentation method that combines an improved HRNet and 
DRL-Watershed algorithm for assessing disease severity in real-world orchard environments. First, the HRNet_
w32 with moderate network width, which yields optimal segmentation performance, is selected as the backbone 
network. The NAM attention mechanism is incorporated in the encoder to enhance the model’s feature extraction 
capabilities. Additionally, both Dice Loss and Focal Loss functions are jointly employed to improve the accuracy 
of lesion area segmentation. To further refine the segmentation results, the DRL-Watershed algorithm is applied 
to precisely separate overlapping leaves in real-world scenarios, clearly delineating the boundaries of each leaf 
and providing a more accurate assessment of disease severity for each individual leaf.

The improved HRNet model outperforms the original HRNet model, achieving a 7.25% increase in mean 
pixel accuracy (mPA) and an 8.77% increase in mean intersection-over-union (mIoU). This enhancement 
enables effective segmentation of both apple leaf and disease areas. The DRL-watershed algorithm achieves an 
overall classification accuracy of 97.65%, demonstrating its ability to accurately distinguish overlapping leaves 
in real-world scenarios. This improvement strengthens the model’s adaptability and reliability in multi-leaf 
scenarios, accurately counting the pixel number in each leaf region. Consequently, it enhances the authenticity 
and effectiveness of disease severity assessment, providing more precise information support for disease 
management and control.

Data availability
This dataset is currently being used for ongoing research and is therefore not publicly available. However, the 
data are available from the corresponding author upon reasonable request.
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