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Abstract: [Objective]　Leaf diseases significantly affect both the yield and quality of tea throughout the year. To address 

the issue of inadequate segmentation finesse in the current tea spot segmentation models, a novel diagnosis of the severity 

of tea spots was proposed in this research, designated as MDC-U-Net3+, to enhance segmentation accuracy on the base 

framework of U-Net3+. [Methods]　Multi-scale feature fusion module (MSFFM) was incorporated into the backbone net‐

work of U-Net3+ to obtain feature information across multiple receptive fields of diseased spots, thereby reducing the loss 

of features within the encoder. Dual multi-scale attention (DMSA) was incorporated into the skip connection process to 

mitigate the segmentation boundary ambiguity issue. This integration facilitates the comprehensive fusion of fine-grained 

and coarse-grained semantic information at full scale. Furthermore, the segmented mask image was subjected to condition‐

al random fields (CRF) to enhance the optimization of the segmentation results [Results and Discussions]　The improved 

model MDC-U-Net3+ achieved a mean pixel accuracy (mPA) of 94.92%, accompanied by a mean Intersection over Union 

(mIoU) ratio of 90.9%. When compared to the mPA and mIoU of U-Net3+, MDC-U-Net3+ model showed improvements 

of 1.85 and 2.12 percentage points, respectively. These results illustrated a more effective segmentation performance than 

that achieved by other classical semantic segmentation models. [Conclusions]　The methodology presented herein could 

provide data support for automated disease detection and precise medication, consequently reducing the losses associated 

with tea diseases.
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0 Introduction 

Tea diseases represent a significant influence on 

both the yield and quality of the tea industry, while 

most of its green tea production in China comes from 

small farmers[1, 2]. The accurate, rapid discovery and 
identification of tea diseases can facilitate the imple‐

mentation of appropriate control measures at the earli‐

est possible stage, thereby preventing the spread of dis‐
eases and ensuring the safety, production, and quality 

Received date: 2025-07-04
Foundation items: Science and Technology Project of the Ministry of Agriculture and Rural Affairs of China; National Key Research and Development 
Program of Shaanxi Province (2023-YBNY-219); Agricultural Technology Extension Plan of Northwest A&F University (Z222021411); Basic Re‐
search Program of Natural Science in Shaanxi Province of China (2020JM-173)
First author: HU Yumeng, E-mail: yumenghu@nwafu.edu.cn
*Corresponding author: HUANG Lüwen, E-mail: huanglvwen@nwafu.edu.cn
copyright©2026 by the authors (登录www.smartag.net.cn免费获取电子版全文)



Vol. 8, No. 1智慧农业（中英文） Smart Agriculture

of tea[3-5]. Currently, the methodology used to identify 
and diagnose leaf diseases has evolved from general 
image processing to deep learning techniques, which 
have significantly improved the accuracy of recogni‐
tion[6, 7]. RITHARSON et al.[8] achieved 99.94% accura‐
cy in rice leaf disease recognition through an im‐
proved VGG16 (Visual Geometry Group 16) architec‐
ture, demonstrating the effectiveness of deep learning 
methods in plant disease identification. HU et al.[9] pro‐
posed a computer vision-based segmentation to diag‐
nose the disease severity of a self-constructed tea wilt 
dataset and validated a higher estimation accuracy of 
78%. NIE et al. [10] proposed Camellia-YOLACT (You 
Only Look At CoefficienTs), an enhanced instance seg‐
mentation model incorporating Swin-Transformer, 
weighted BiFPN (Bidirectional Feature Pyramid Net‐
work), and HardSwish activation for anthracnose se‐
verity grading in Camellia oleifera, achieved 86.8% 
mAP75 and 94.4% field grading accuracy. NATH et 
al.[11] employed a convolutional neural network (CNN) 
architecture based on depthwise separable convolution 
with an attention mechanism, enabling the precise ex‐
traction of disease features with an accuracy of 
99.27% on a tea image dataset. However, in a natural 
tea plantation environment, the applied and light‐
weight recognition task is challenging due to factors 
such as the fact that the target features are mutually in‐
fected and have a high resemblance to fine-grained fea‐
tures of each other. Therefore, it is particularly essen‐
tial to recognize and diagnose disease severity early 
for precise anti-disease control measures.

Due to the capability to extract extensive fine-
grained features, deep semantic segmentation can here‐
by enable end-to-end automated learning and the iden‐
tification of both high-level semantics and low-level 
detailed disease features regarding tissue sites[12-14]. It 
enables targeted classification while suppressing irrele‐
vant noise and focusing on key semantic features[15]. 
The most commonly used models mainly include fully 
convolutional networks (FCN) [16], DeepLab[17], Seg‐
Net[18], U-Net[19], etc. These models can more accurate‐
ly diagnose the severity of leaf disease in image data 
captured under challenging brightness and background 
conditions[20, 21]. An increasing number of researches 
have achieved accurate and efficient disease segmenta‐
tion by leveraging the strong transferability and high 
accuracy of these models. HU et al. [22] developed a 
lightweight DeepLabV3+ variant for precise segmenta‐

tion of premium tea buds in automated harvesting, the 
model integrates MobileNetV2 with an ECA-ASPP 
(Efficient Channel Attention-Atrous Spatial Pyramid 
Pooling) fusion module, achieving 93.71% mIoU 
(mean Intersection over Union) while reducing param‐
eters by 89.4%. ZHOU et al. [23] enhanced the Deep‐
LabV3+ and introduced a new segmentation model 
called GS-DeepLabV3+, achieved an mIoU of 87.77% 
and an average pixel accuracy of 94.55% on a self-con‐
structed leaf disease dataset of oil tea. CHEN et al. [24] 
introduced a novel multi-feature fusion module based 
on the YOLOv7 model to capture local and global de‐
pendencies, thereby obtaining more comprehensive 
feature information of tea bud leaves, achieved a final 
average detection accuracy of 94.43%. SUN et al. [25] 
designed TeaDiseaseNet, which also used a multi-
scale self-attention mechanism to enhance disease de‐
tection performance. HU et al.[26] utilized U-Net for the 
segmentation of diseased spots and proposed an el‐
lipse recovery for occluded or damaged leaves, em‐
ploying conditional random fields (CRF) optimization. 
The algorithm achieved an average precision (AP) of 
91.22%. In a subsequent study, the initial disease se‐
verity (IDS) coefficient was utilized to assess the se‐
verity of tea wilt, resulting in enhanced estimation ac‐
curacy[27]. As above, an encoder-decoder-based seman‐
tic segmentation is capable of effectively learning to 
extract feature representations at various sizes and inte‐
grate contextual information. Therefore, for multi-size 
and multi-target leaf blob features within a wide field 
of view, the segmentation accuracy can be significant‐
ly improved by utilizing features from different recep‐
tive fields.

The recognition of tea-leaf disease is complex, re‐
quiring large-scale computing and a large model size, 
which needs a considerable dataset to train. Therefore, 
a lightweight detection model with an optimal target 
recognition algorithm needs to be explored. 
SHWETHA et al. [28] developed a lightweight Mobile‐
NetV3-based CNN classifier for detecting leaf blight 
spot disease in jasmine plants. They employed depth-
wise convolutions and max pooling for feature extrac‐
tion. Conditional GAN was used for data augmenta‐
tion, and particle swarm optimization (PSO) was ap‐
plied for feature selection. The classifier achieved over 
94% accuracy in real-world conditions. GUI et al.[29] in‐
troduced the Ghost_conv module as a replacement for 
the original convolution block in YOLOv5. This modi‐
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fication significantly decreased both the computational 
effort and the model size. WU et al.[30] developed an en‐
hanced end-to-end RGB-D multi-modal object detec‐
tion network based on YOLOv7, referred to as YOLO-
RGBDtea, whilst the parameter increment of the pro‐
posed model was 17.8%. MACDONALD et al. [31] de‐
veloped a novel lightweight CNN approach for plant 
disease classification in a smart grow-light monitor‐
ing system. Their lightweight model with dense resid‐
ual connections achieved high accuracy (96.75%) us‐
ing only 228 479 parameters, outperforming many full-
scale models with significantly less computational re‐
quirements. To reduce the model parameters and to im‐
prove the computation efficiency and segmentation ac‐
curacy, U-Net3+ was designed for medical image seg‐
mentation, and its full-scale skip connections incorpo‐
rate low-level details with high-level semantics from 
feature maps in different scales[32, 33]. To fully leverage 
the features from each layer, many extensions of U-
Net3+ , such as ConvUNeXt[34], Evo-GU-Net3++[35], 
ConvNet-HIDE[33], and Trans-Res-U-Net3+[36], have 
been proposed for various small-object-sensitive areas 
of segmentation. The multi-scale feature-fusion mod‐
ule (MSFFM)could be redesigned to extract more reli‐
able multi-scale features for varied sizes of diseased 
leaf spots and to better the final detection performanc‐
es[37]. The dual attention mechanism based on MSFF in‐
tegrated color texture and spatial structure features to 
improve the semantic segmentation[38]. 

Since those U-Net3+ based lightweight models 
and related extensions of varied attention mechanisms 
and MSFFM have achieved great progress in fine-
grained feature segmentation tasks, the proposed meth‐
od applied a customized U-Net3+ network to semanti‐
cally segment the tea leaf disease image. A series of 
parameter optimizations and feature fusion modules 
improvements were conducted on the lightweight se‐
mantic segmentation of the U-Net3+ architecture. This 
model not only maintains a high precise recognition 
rate but also can greatly reduces network parameters, 
effectively decreasing computation and model size, re‐
spectively. The main contributions, the new MDC-U-
Net3+ was proposed on the base framework of U-
Net3+. The main contributions are summarized as fol‐
lows: 1) Development of a new U-Net3+ based seman‐
tic segmentation. 2) Redesign of the MSFFM in the 
backbone network to replace the original convolution‐
al block of U-Net3+ . 3) Integration of dual multi-

scale attention (DMSA) at the skip connection stage. 
4) Post-processing of segmented spot and leaf mask 
images using a fully connected conditional random 
field (CRF). 

1 Materials and methods 

1.1　Tea disease dataset　

The images of tea diseases were taken from the 
Xixiang tea experimental demonstration station of 
Northwest A&F University and adjacent tea gardens in 
Xixiang county, Hanzhong city, Shaanxi province, Chi‐
na (107°40'51.801 6" E, 32°57'56.055 6" N, at an alti‐
tude of 400 to 500 m above sea level). Image data for 
five disease types, including tea leaf blight, tea red 
leaf spot, tea red scab, tea blister blight, and tea an‐
thracnose, were collected for Shaanxi Tea 1 and 
Longjing 43. The images were captured in natural en‐
vironments, utilizing soil and tea branches as the back‐
drop. The camera was positioned at 0.2 to 0.4 m from 
the leaves to ensure optimal clarity and detail. To en‐
hance the diversity of the training samples, the image 
data were collected using various shooting techniques,
including capturing images with and against the light, 
from multiple angles, and at different elevations. The 
image samples are shown in Fig. 1, comprising a total 
of 3 260 samples collected. The image data underwent 
a series of preprocessing operations, including crop‐
ping, filling, and scaling, to ensure uniformity in im‐
age size, which was subsequently standardized to 224 
pixels. The leaves were labeled using LabelMe soft‐
ware, which generated the corresponding masks.

The same leaf exhibits varying characters in dif‐
ferent shooting environments, leading to significant 
changes in its size, position, orientation, and bright‐
ness or darkness. In Fig. 1b, the disease of tea leaf 
blight spot in fact appears as the original brown color‐
ation, and certain areas of the leaves show a reddish 
hue, which is influenced by the light and shooting an‐
gle, resulting in a blurred appearance. Additionally, 
spots on tea leaves are irregularly shaped and vary in 
size, while the clarity of the images is influenced by 
different lighting conditions. Moreover, some images 
of diseased leaves are affected by rain, dew, and mud, 
which have produced image noise. To address poten‐
tial issues of overfitting or underfitting that may arise 
from the uneven number of images and to enhance the 
generalization capability of the network model, five 
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data augmentation methods were employed. These 

methods included blurring, scaling, rotating, brighten‐

ing or darkening, and adding noise. The effects of data 

enhancement are illustrated in Fig. 2. Following data 

enhancement, a total of 13 158 image data were gener‐

ated. The changes in the number of samples for each 

disease type, both before and after data enhancement, 

are presented in Table 1.

According to the practical experience of compre‐

hensive measurement and control of diseases in stan‐

dardized and large-scale tea plantations[39], specific cal‐

culation criteria for diagnosing the severity of tea leaf 

diseases are outlined, as presented in Table 2. For the 

study of tea red leaf spot disease, tea anthracnose, tea 

blister blight, and tea leaf blight, the semantic segmen‐

tation technique can be employed to determine the ar‐

ea of disease spots and leaves. The severity of these 

diseases can then be assessed based on the ratio of the 

spot area to the leaf area, along with the grading crite‐

ria for disease severity. To assess the severity of tea 

red scab in tea plants, it is crucial to quantify the num‐

ber of spots on the leaf surface and subsequently apply 

the relevant grading criteria.

a. Tea anthracnose b. Tea leaf blight c. Tea red scab d. Tea blister blight e. Tea red leaf spot

Fig. 1  Disease samples of tea leaf

a. Original image

e. Brightening

b. Blurring

f. Darkening

c. Rotation

g. Gaussian noise

d. Scaling

h. Salt-and-pep‐
per noise

Fig. 2  Methods of data enhancement for disease 

samples of tea leaf

Table 1  Number of images corresponding to each disease of tea 

leaf before and after data augmentation 

Disease types

Tea anthracnose （Gloeosporium 
theae-sinensis Miyake）

Tea leaf blight （Colletotrichum 
camelliae Massee）

Tea red scab （Cercospora theae 
BreadaDe Haan）

Tea blister blight （Exobasidium 
vexans Massee）

Tea red leaf spot （Phyllosticta 
theicola Petch）

Pre-augmentation

428

375

486

469

435

Post-augmentation

2 568

2 250

2 916

2 814

2 610

Table 2  Classification standard of tea leaf disease

Disease severity

0

1

2

3

4

Classification standard of leaf

Area of leaf spots

none

less than 25% of the leaf area

25% to 50% of the leaf area

50% to 75% of the leaf area

more than 75% of the leaf area

Number of leaf spots

0

1

2

3

4
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In the context of disease diagnosis, diseases are 
typically characterized by their severity and disease in‐
dex. Disease severity is defined as the extent of the dis‐
eased unit and is expressed as a percentage of the total 
area of the diseased unit[39]. This calculation is repre‐
sented by the following Equation (1).

S =
∑i

n( )Xi × Si∑i

n Xi

× 100% (1)

Where S is the disease severity; i is the diseases 
level, take the value 1~n; Xi is the number of units 
with level i; Si is the level of diseases with i.

1.2　MDC-U-Net3+ for semantic segmen⁃
tation

1.2.1　Improvement of U-Net3+ base network　
Aiming at addressing the indistinct boundaries 

among the tea disease severity levels of five investigat‐
ed diseases, a novel lightweight model of MDC-U-
Net3+ was proposed. The overall structure of the 
MDC-U-Net3+ framework is shown in Fig. 3, which 
is redesigned to solve the indistinct boundaries among 
the disease severity levels of five investigated diseas‐
es. The model improved the U-Net3+ base network by 
optimizing the backbone network, full-scale skip con‐
nection structure, and segmentation modules. This op‐
timization can alleviate the encoder's vulnerability to 
feature loss and the decoder's underutilization of multi-
scale features, which can preserve the clarity of dis‐
ease edge features and can achieve better segmentation 
results characterized by indistinct boundaries.

U-Net3+[32] is adopted as the base network, as 
shown in Fig. 4, which employs an end-to-end U-
shaped network framework mainly segmented into 
down-sampling and up-sampling stages. The down-

sampling process is similar to the process of U-
Net[40, 41] and U-Net++[19, 42] models. In contrast, during 
the up-sampling phase, U-Net3+ utilizes full-scale 
skip connections to extract additional information. 
This framework of U-Net3+ can optimally integrate 
low-level and fine-grained infested details with high-
level semantic features, better solving the gradient van‐
ishing in deeper network layers, facilitating the back-
propagation of gradients, and accelerating the training 
process of the model. To learn the hierarchical repre‐
sentations from the multi-scale aggregated feature 
maps, U-Net3+ applies a deeply supervised strategy. 
Therefore, in each decoding layer, the feature maps 
generated by feature aggregation are sequentially pro‐
cessed by 3×3 convolution, up-sampling, and sigmoid 
function to obtain the deeply supervised output, which 
is ultimately fed into the loss function. One of the up-
sampling methods utilized is bilinear up-sampling, 
which aims to restore the resolution of the feature map 
to that of the input image.

As shown in Fig. 3, to resolve the loss of features 
associated with disease spots, the MDC-U-Net3+ net‐
work, upon receiving image inputs of varying dimen‐
sions, first undergoes down-sampling through the en‐
coding layer. The decoder module of the original U-
Net3+ model is replaced with the MSFFM[43], allowing 
for the extraction of features related to tea disease 
spots. To improve the utilization of multi-scale infor‐
mation and refine segmentation boundaries, the 
DMSA module is integrated into all skip connection 
structures of the decoder. DMSA, an attention module 
proposed by Sagar[44] in 2022, aggregates feature infor‐
mation across different scales and employs spatial and 
channel attention mechanisms to capture contextual in‐
formation at varying levels. This approach facilitates 

MSFFM(128)

DMSA

DMSA

DMSA

DMSA

MSFFM(64)

MSFFM(256)

MSFFM(512)

MSFFM(1 024)

Up-sampling

Segmentation

CRF

OutPut

Input

P5_up

P4_up

P3_up

P2_up

P1_up

C

C

C

C

Fig. 3  The network structure of MDC-U-Net3+ for sematic 

segmentation of tea disease

Down-sampling Up-sampling Skip connection Skip connection

conv 3×3

ReLU

conv 3×3

ReLU

conv 3×3

ReLU

conv 3×3

ReLU

conv 3×3

ReLU

conv 3×3

ReLU

conv 3×3

ReLU

conv 3×3

ReLU

conv 3×3

ReLU

( )5
En 1 024X

( )4
En 512X ( )4

De 512X

( )3
En 256X

( )3
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( )2
En 128X

( )1
En 64X ( )1

De 64X

( )2
De 128X

Fig. 4  Structure of U-Net3+［32］
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the adaptive integration of local features with global 

information. To address the challenge of blurred seg‐

mentation boundaries, the resulting segmentation is 

processed through a conditional random field. This 

step enables the classification of pixel points accord‐

ing to their respective categories, enhances edge refine‐

ment, and improves overall segmentation performance.

1.2.2　Backbone network improvement via multi-
scale feature fusion　

To alleviate the feature loss issue in the coding 

layer during down-sampling, the U-Net3+ backbone 

network is improved by incorporating multiscale fea‐

tures. U-Net3+ typically employs either VGGNet or 

ResNet as its backbone network. However, due to the 

inconsistent image scales in the tea dataset and the 

variable external manifestations of the same disease 

spot, the original backbone network faces limitations, 

such as an inability to integrate global contextual infor‐

mation, which may lead to feature loss during the 

transmission process. In address these challenges, MS‐

FFM is proposed, as shown in Fig. 5, to effectively ex‐

tract information of tea leaf spots by acquiring feature 

images with different receptive fields. This module 

first applies standard convolution and dilated convolu‐

tion of varying sizes to the input feature maps to gener‐

ate feature maps with different receptive fields. Subse‐

quently, it performs channel concatenation on each fea‐

ture map using the concatenate operator, followed by 

refining the multi-receptive-field feature maps through 

double-layer 3×3 convolution, batch normalization 

(BN), and ReLU activation. Finally, the maximum 

pooling layer is employed to halve the size of the fea‐

ture maps while doubling the number of channels, 

which further enhances the accurate aggregation of 
feature maps across different receptive fields.
1.2.3　Skip connection structure improvement us⁃

ing the DMSA module　
The issue of insufficient exploitation of multi-

scale information during direct feature aggregation in 
the skip connections of the U-Net3+ network, which 
leads to edge blurring is addressed. To mitigate this is‐
sue, DMSA is employed in the skip connection phase, 
as illustrated in Fig. 6. The input to this module is de‐
rived from feature maps of the smaller-scale and same-
scale encoding layers, as well as the larger-scale de‐
coding layer. Feature maps from the smaller-scale en‐
coding layer preserve fine-grained detailed informa‐

tion of the disease, whereas those from the larger-scale 

decoding layer encapsulate coarse-grained semantic in‐

formation. These two types of feature maps are fused 

to generate 320-channel feature maps, thereby en‐

abling the initial integration of coarse-grained and fine-

grained semantic information. The fused feature maps 

are processed through spatial and channel attention 

mechanisms to enhance the expressiveness of disease-

related features by capturing the between channels and 

spatial positional relationships. Subsequently, local 

features are integrated with global information to 

achieve deep fusion of coarse-grained and fine-grained 

information. To further address the issue of blurred 

segmentation boundaries, the segmentation results are 

processed using a conditional random field(CRF), 

which evaluates the categories of pixel points to refine 

edges and improve segmentation accuracy.

Fig. 5  The proposed structure of the multi-scale feature fusion 

module （MSFFM）

Fig. 6  The proposed structure of dual multi-scale 

attention （DMSA）
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1.2.4　Improvement of segmentation result with 
CRF　

In the UNet3+ model, repeated down-sampling 

operations reduce the size of feature map while in‐

creasing network depth, which results in substantial 

loss of edge information loss. This loss contributes to 

blurred segmentation boundaries. To address this is‐

sue, CRF is employed to optimize the segmentation re‐

sults. As a probabilistic model, CRF utilizes an energy 

function to represent segmentation results, with im‐

proved performance achieved by minimizing this func‐

tion. To effectively minimize the energy function ,it is 

essential to consider factors such as pixel distance and 

color similarity as well as to further assess the catego‐

ry of each pixel. This approach enables fine boundary 

segmentation, thereby optimizing the segmentation re‐

sults. The energy function is defined by Equations (2) 

to Equation (4). 

E ( y|x) = ∑i
θu( )yi，xi + ∑ij

θp( )yi，yj，xi，xj (2)

θ i( yi，xi) =   - logP ( yi|xi) (3)

θp( yi，yj，xi，xj) =  μ ( yi，yj) × ρ ( xi，xj) (4)

Where xi is the pixel observations; yi is pixel la‐

bel sequence; θu( yi, xi) is the unary potential function, 

which measures the cost of labeling pixel i as category 

yi; θp( yi, yj, xi, xj) is the pairwise potential function, 

representing the interaction between pixel i and pixel 

j; P ( yi|xi) is predicted results for given pixels; 

μ ( yi, yj) is potentials between different labels, which 

encourages neighboring pixel labels to be similar; 

ρ ( xi, xj) is the potential between different observa‐

tions, making consistent with labelling between neigh‐

boring pixels by observation similarity.

2 Results and discussions 

2.1　Experimental setup and evaluation 
metrics

To accelerate model training and optimize param‐

eters efficiently, experiments were conducted on the 

Ubuntu 20.04 operating system. The hardware configu‐

ration consisted an Intel Xeon E5-2690 V4 CPU and 

an NVIDIA GeForce RTX 3080 Ti with 12 GB of vid‐

eo memory. The software environment comprised Py‐

thon 3.8.12, TensorFlow 2.8.0 for model construction 

and optimization, and CUDA 11.4.0 with cuDNN 

8.2.4 for GPU acceleration. 
The model input was a 3-channel RGB image, 

with a batch size of 2, a total of 100 training epochs, 
and the Adam optimizer was employed with a momen‐
tum parameter of 0.9 and an initial learning rate of 
0.002. To improve training efficiency, a transfer learn‐
ing strategy was employed, utilizing weights derived 
from training on the ImageNet dataset as the initial pa‐
rameters. To further reduce training time, 50 rounds of 
freezing and unfreezing phases were implemented dur‐
ing model training. During the freezing phase, the 
model was initially loaded with parameters trained on 
ImageNet, after which the feature extraction network 
was rendered untrainable, allowing only the parame‐
ters of the tuning layer to be adjusted, followed by 
training the model to update the tuning layer parame‐
ters. In the unfreezing phase, all parameters of the fea‐
ture extraction network were first set to a trainable 
state, allowing all model parameters to be trained, 
while the learning rate was adjusted to balance the 
training speed between the pre-trained model and the 
fine-tuning layer. Freezing the weights of the pre-
trained model can expedite model convergence while 
reducing both training time and resource consumption. 
The unfreezing phase facilitates the inclusion of addi‐
tional parameters in the training process, enabling the 
model to gradually adapt to task requirements and en‐
hance performance through the fine-tuning of the pre-
trained model's weights.

Fig. 7 shows the loss curves of the model for both 
the training and validation sets. Initially, during the 
freezing phase, the loss decreases rapidly, indicating 
that the model converges quickly to the dataset. Subse‐
quently, the rate of decrease gradually slows as the 
model primarily focuses on learning generic features. 
At the onset of the unfreezing phase, the frozen 
weights must be readjusted to adapt to the dataset, re‐
sulting in a rapid increase in the losses of both the 
training and validation sets over a brief period. Finally, 
the increased number of updated parameters during 
the unfreezing phase necessitates additional training 
time to identify optimal weights, resulting in a more 
gradual decrease in the loss curve until it stabilizes.

The performances of semantic segmentation mod‐
el are primarily evaluated using four indicators: mPA, 
mIoU, Precision and Dice. The lightweight nature of 
the models is assessed based on frames rate (FPS), av‐
erage training time, and model size. mPA, or mean pix‐
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el accuracy, is a pixel-level performance evaluation 
metric that measures the average pixel classification 
accuracy of the model over the entire dataset. mIoU 
represents the average ratio of intersection to union, 
serving as a metric for evaluating the performance of 
segmentation models by quantifying the overlap be‐
tween predicted and ground truth regions. Precision 
represents the ratio of correctly predicted positive re‐
gions to the number of predicted positive regions. The 
dice coefficient is used to calculate the similarity be‐
tween predicted and the labeled region. All indicators 
are defined as shown in Equations (5) to Equation (8). 

mPA =
1

N + 1 ∑
i = 0

N Pii

∑
j = 0

N

Pij

× 100% (5)

mIoU =
1

N + 1 ∑
i = 0

N Pii

∑
j = 0

N ( )Pij + Pji - Pii

× 100% (6)

Precision =
Pii

∑
j = 0

N

Pji

× 100% (7)

Dice =
2Pii

∑
j = 0

N ( )Pij + Pji

× 100% (8)

Where N is the number of target categories other 
than background; Pij is the number of pixels with true 
value i but predicted to be j; Pii is the number of pixels 

with true value i and predicted to be i; Pji is the num‐
ber of pixels with true value j but predicted to be i.

To analyze the impact of different dataset split‐
ting ratios on the model further, the data was split into 
training, validation and test sets using the following ra‐
tios: 6:2:2, 7:2:1, 7:1:2, and 8:1:1. These were then en‐
hanced and trained separately. The results are shown 
in Table 3. The model performed worst across all met‐

rics when the dataset split ratio was 8:1:1. The 6:2:2 
split ratio yielded the best performance, providing suf‐
ficient data volume in the training set while ensuring 
adequate sample sizes in the validation and test sets. 
This resulted in improved generalization capability 
and stability. Therefore, the split ratio of 6:2:2 was ad‐
opted for subsequent experiments across all category 
datasets.

2.2　Backbone network selection experi⁃
ment

To identify the most suitable backbone network, 
experiments were conducted to compare the effects of 
various backbone networks on the performance of the 
base model U-Net3+ in tea spot segmentation. The 
backbone networks utilized for the comparative experi‐
ments included VGG16[45], VGG19[46], ResNet50[47,48], 
ResNet101[49], and a 5-layer MSFFM, with the results 
presented in Table 4. The results indicate that the mod‐
el utilizing ResNet as the backbone network outper‐
forms the model employing VGG in terms of all indi‐
cators. This model utilizing the 5-layer MSFFM as the 
backbone network exhibits varying degrees of im‐
provement in all indicators compared to U-Net3+ with 
the backbone networks. Specifically, the mPA im‐
proved by 1.22 percentage points, and the mIoU by 
0.5 percentage points when compared to the optimal 
ResNet50. Conversely, when the least effective 
VGG19 was considered, the mPA was improved by 
1.58 percentage points, and the mIoU by 0.24 percent‐
age points.

Table 4  Performances comparison of different models as back‐

bone networks for tea leaf disease segmentation models

Backbone network

VGG16

VGG19

ResNet50

ResNet101

5-layer MSFFM

mPA/%

93.35

92.71

93.07

93.69

94.29

mIoU/%

88.84

89.04

88.78

88.92

89.28

Fig. 7  Loss curves of MDC-U-Net3+ on training set and 

validation set

Table 3  Segmentation experiment results of MDC-U-Net3+ on 

different dataset division ratios

Dataset division ratios

8∶1∶1

7∶2∶1

7∶1∶2

6∶2∶2

mPA/%

93.73

94.20

94.90

94.92

mIoU/%

89.20

90.26

90.88

90.90

Precision/%

94.63

95.28

95.24

95.24

Dice/%

93.78

94.29

94.56

94.58
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2.3　Performance comparison of semantic 
segmentation models　

This study evaluated the effectiveness of the pro‐
posed model against four classical semantic segmenta‐
tion models: DeepLab V3+[50], PSPNet[51], U-Net[40], and 
U-Net3+[32], using the tea leaf spot segmentation datas‐
et. The performance comparison results were evaluat‐
ed using mPA, mIoU, Precision, Dice, and three light‐
weight indicators. As shown in Table 5, compared to 
the performance of DeepLab V3+ and PSPNet, net‐
works based on the U-Net architecture were more ad‐
vantageous for tea leaf disease spot segmentation. 
MDC-U-Net3+ outperformed other networks across 
four evaluation metrics, achieving the optimal results 
in segmentation performance. Compared with U-

Net3+ (which ranks second in performance), MDC-U-
Net3+ demonstrates varying degrees of improvement 
across all four metrics. Its mPA value reached 94.92%, 
representing a 1.85 percentage point improvement 
over the baseline U-Net3+ model. The mIoU value in‐
creased by 2.12 percentage points, achieving 90.9%. 
This not only validated the effectiveness of the pro‐
posed optimization strategy but also confirmed its abil‐
ity to achieve higher segmentation accuracy. In the 
lightweight evaluation, the U-Net model takes the lead 
overall, achieving 24.57 frames/s in FPS and 38.63 ms 
in average inference time. DeepLab V3+ performs 
best in terms of volume, at only 10.99 MB. While 
MDC-U-Net3+ excels in segmentation accuracy, it 
comes with high costs in lightweight performance.

2.4　Ablation experiment　

To better understand the proposal, ablation test 
was conducted to evaluate the practical results by com‐
paring U-Net3+ , MSFFM+U-Net3+ , DMSA+MS‐
FFM+U-Net3+ , and MDC-U-Net3+ in terms of four 
indicators across identical datasets and testing environ‐
ments. The performance of each model on the test set 
is shown in Fig. 8. The lightweight versions of the 
four models were also evaluated at the same time, and 
the results are shown in Table 6.

Fig. 8 shows that U-Net3+ archieves an mPA of 
93.07% and an mIoU of 88.78%. When the encoders 
in each layer of the U-Net3+ network are replaced 
with the MSFFM, the mPA of the resulting MSFFM+
U-Net3+ model increases to 94.29%, reflecting an im‐
provement of 1.22 percentage points compared to U-

Net3+ . This enhancement suggests that the MSFFM 
module mitigates the feature loss during down-sam‐

Table 5  Performance comparison of tea leaf spot segmentation across different models

Model

DeepLab V3+

PSPNet

U-Net

U-Net3+

MDC-U-Net3+

mPA/%

88.59

91.91

92.50

93.07

94.92

mIoU/%

84.38

84.81

86.71

88.78

90.90

Precision/%

94.67

86.71

92.55

94.59

95.24

Dice/%

89.85

88.78

91.50

92.96

94.58

Frame rate/（f/s）

22.476 2

9.601 5

24.568 7

20.633 6

14.173 4

Average inference time/ms

44.898 6

44.499 6

38.632 2

48.576 1

68.313 2

Model size/MB

10.987 4

9.601 5

95.031 1

143.031 8

308.483 8

Fig. 8  Four indicators analysis for each model on test set of 

segmentation study

Table 6  Lightweight ablation of MDC-U-Net3+ on test set of segmentation study

Model

U-Net3+ （Baseline）

MSFFM+ U-Net3+

DMSA+MSFFM+ U-Net3+

MDC-U-Net3+

Frame rate/（frames/s）

20.633 6

20.102 2

16.813 7

14.173 4

Average training time/ms

48.576 1

49.984 4

57.489 6

68.313 2

Model size/MB

143.031 8

308.008 4

308.483 8

308.483 8
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pling by capturing feature information across various 

receptive fields. However, it also causes slight back‐

ground misclassification, leading to a drop precision to 

93.96%. Moreover, the addition of extra convolutional 

layers and fusion operations triggers an exponential in‐

crease in the parameter count, resulting in a substantial 

increase of model size. Incorporating the DMSA mod‐

ule into MSFFM+U-Net3+ results in an mIoU of 

89.92% for the DMSA+MSFFM+U-Net3+ model, 

0.64 percentage points higher than that of MSFFM+U-

Net3+, with a slight 0.32 percentage points rise in the 

Dice coefficient. This improvement indicates that the 

DMSA module effectively enhances the model's capac‐

ity to leverage spatial and channel information across 

all scales. This performance gain, however, comes 

with a 0.12 percentage point reduction in pixel classifi‐

cation accuracy in specific regions, along with degrad‐

ed inference metrics such as frame rate and increased 

average training time due to higher computational 

complexity. Finally, refining segmentation results us‐

ing CRF boosts the mPA of the MDC-U-Net3+ model 

by 0.75 percentage points compared to DMSA+MS‐

FFM+U-Net3+ , with more substantial improvements 

in mIoU and Dice, This is primarily due to the im‐
proved delineation of segmentation boundaries be‐
tween the background and diseased tea leaves. These 
findings indicate that the optimized model significant‐
ly improves average pixel accuracy for tea disease di‐
agnosis, with each improvement contributing positive‐
ly to overall segmentation performance. Nevertheless, 
these improvements are accompanied by a trade-off in 
inference efficiency. 

2.5　Visualization analysis　

To visualize the segmentation effect of MDC-U-
Net3+ on tea leaf spots and evaluate the practical effi‐
cacy of its edge processing module, the segmentation 
results are presented in Fig. 9. The results indicate that 
multi-scale disease-related features has been fully ex‐
ploited, achieving fine segmentation of the edges of 
both diseased spots and tea leaves. This thus lays a 
foundation for the accurate calculation of diseased 
spot and leaf areas. Furthermore, as illustrated in 
Fig. 9, the model can achieve effective segmentation 
even when a single tea leaf is infected  with multiple 
diseases, which allows for the independent assessment 
of the severity of each disease during diagnosis.

2.6　Disease diagnosis　

To assess the severity of the disease, the areas of 

disease spots and tea leaves were calculated. Distinct 

colors were used to represent different categories in 

the segmented images, and the number of pixels corre‐

sponding to each category was counted. Taking tea 

leaf blight in Fig. 9 as an example, the segmented im‐

age has a resolution of 512×512 pixels, with disease 

spots accounting for 14.22% of the total leaf area. Ac‐
cording to the grading standards for tea leaf diseases 
presented in Table 2, this sample was classified as 
Grade 1 infection for disease severity. 

In contrast to the other four disease types, the se‐
verity of tea red scab is determined by the number of 
spots present on the diseased leaves, in accordance 
with the established disease grading criteria. Conse‐
quently, the closed areas on the affected leaves were 

Original image

Label

Segmentation results of 
the proposed method

Tea red leaf spot Tea blister blight Tea anthracnose Tea leaf blight Tea red scab

Fig. 9  Results of tea leaf disease segmentation of MDC-U-Net3+
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quantified, with each closed area corresponding to a 

single spot. For instance, as illustrated in Fig. 9, there 

are 26 closed areas in addition to the background. Ac‐

cording to the disease grading standards for tea leaves 

presented in Table 2, the severity of tea red scab in this 

image is classified as Grade 2. 

To conduct a comprehensive evaluation of the dis‐

ease severity diagnosis accuracy, 100 images repre‐

senting various disease categories were randomly se‐

lected from the dataset using stratified sampling. The 

experimental results indicate that image segmentation 

with MDC-U-Net3+ yields accuracy of disease severi‐

ty diagnosis for five diseases, as presented in Table 7.

As indicated in Table 7, the diagnosis accuracy of 

disease severity for tea red scab was only 70%, with a 

substantial proportion of undiagnosed cases exhibiting 

underestimated severity level. This discrepancy can be 

attributed to the optimization of the segmented image 

using CRF, which resulted in certain pixel points being 

misclassified as diseased leaves. Consequently, the 

number of identified diseased pixels was lower than 

that in the manually labeled images, leading to an un‐

derestimation of disease severity and adversely affect‐

ing the statistical accuracy of this category. For tea 

blister blight, the final stage is characterized by brown 

discoloration surrounding the disease spots. This fea‐

ture overlaps with a key symptom of tea anthracnose, 

which also exhibit brown circles around their lesions. 

This morphological similarity causes misclassification 

between the two diseases, thereby reducing mIoU in 

semantic segmentation. Moreover, background infor‐

mation significantly influences the accuracy of diag‐

nosing disease severity. The presence of extraneous 

green leaves in the background of certain images re‐

sults in an overcount of healthy lesf pixels (misclassi‐

fied as diseased leaf tissue), which in turn results in an 
inflated denominators when calculating the damage de‐

gree using area ratios, thereby adversely impairing the 
accuracy of the  subsequent statistical analysis. 

3 Conclusion 

In this study, an innovative semantic segmenta‐
tion model, MDC-U-Net3+ , is proposed for the diag‐
nosis of tea leaf diseases. Based on the U-Net3+ archi‐
tecture, this model integrates a MSFFM module and 
embeds a DMSA module, which is incorporated at the 
skip connection stage. These modifications are de‐
signed to alleviate the issues of feature loss and the 
segmentation edges blurring in the encoder stage. To 
further refine the segmentation results, CRF process‐
ing is applied to the the fully connected layer. Compar‐
ative experiments with state-of-the-art models demon‐
strate that the proposed model exhibits superior seg‐
mentation performance. Experimental results indicate 
that the improved MDC-U-Net3+ model increases the 
mean pixel accuracy and the mIoU by 1.85 and 2.12 
percentage points, respectively, compared with U-
Net3+. This improvement provides an effective techni‐
cal solution to the key segmentation challenges in tea 
leaf disease spots.

While this study successfully achieves accurate 
segmentation of tea leaf diseased spots, it is crucial to 
acknowledge that certain infected leaves may exhibit 
morphological fragmentation due to disease tprogres‐
sion or adverse environmental conditions. To alleviate 
this issue, the contour information of diseased leaf im‐
ages can be leveraged to perform the image restoration 
and enhancement, thereby reducing diagnostic errors 
associated with the quantitative evaluation of disease 
severity. 
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基于增强型轻量U-Net3+的茶叶病害诊断方法

胡雨萌 1， 关非凡 1， 谢东辰 1， 马 萍 1， 余有本 2， 周 杰 2， 

聂炎明 1， 黄铝文 1，3*

（1. 西北农林科技大学 信息工程学院，陕西杨凌 712100，中国； 2. 西北农林科技大学 园艺学院，陕西杨凌 712100，中国； 
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摘 要： ［目的/意义］茶叶病害常年影响着茶叶的产量和品质，针对既有茶叶病斑分割模型分割精细程度不足的

问题，提出了一种茶叶病斑分割模型。［方法］提出了一种基于多尺度特征融合模块（Multi-scale Feature Fusion 
Module, MSFFM）、多尺度注意力机制 （Dual Multi Scale Attention, DMSA） 和条件随机场 （Conditional Random 
Fields, CRF）的茶叶病斑分割模型MDC-U-Net3+。在U-Net3+的骨干网络中加入MSFFM获取病斑多个感受野下的

特征信息，以减少编码器中特征的丢失；针对分割边界模糊问题，在跳跃连接过程中加入DMSA，充分融合全尺

度下的细粒度和粗粒度语义信息；为进一步优化分割结果，利用CRF处理分割后的掩模图像。［结果和讨论］经

验证，改进后模型平均像素精度 （Mean Pixel Accuracy, mPA） 为 94.92%，平均交并比 （Mean Intersection over 
Union, mIoU）为 90.9%。相较于U-Net3+的mPA和mIoU分别提升了 1.85和 2.12个百分点，相对其他经典语义分割

模型体现出了更优越的分割效果。［结论］本方法能够为病害自动检测与精准用药提供数据支持，减少病害造成的

损失。

关键词： 病害诊断；语义分割；U-Net3+；多尺度特征融合；注意力机制；条件随机场
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