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Abstract. Accurate plant disease segmentation remains challenging due to complex
natural backgrounds, diverse lesion appearances, and ambiguous disease boundaries.
In this paper, we propose a Channel-Attentive Pyramid and Bottleneck-Guided Context
Network for plant disecase segmentation. The proposed network improves DeepLabV3-
ResNet50 by recalibrating multi-scale atrous branch features, refining lesion-related
spatial context, and combining pixel-wise supervision with region-level overlap opti-
mization. Experiments on the PlantSegl15 dataset show that the proposed method
achieves 44.52% mloU and 57.51% mAcc, outperforming the DeepLabV3 baseline by
1.43 and 2.11 percentage points, respectively. These results validate the effectiveness
of channel-attentive multi-scale representation and bottleneck-guided context refine-
ment for plant disease semantic segmentation.

Keywords: Plant disease segmentation, Semantic segmentation, Channel-attentive
pyramid, Bottleneck-guided context refinement.

1 Introduction

Plant disease segmentation is an important task in agricultural computer vision, with
practical value for disease monitoring, precision management, and intelligent crop pro-
tection. Deep learning has been widely investigated in agricultural vision and plant dis-
ease diagnosis, showing strong potential for automatic crop monitoring and disease as-
sessment [15,7]. Compared with image-level disease recognition, semantic segmenta-
tion provides pixel-level localization of infected regions, enabling more detailed anal-
ysis of lesion distribution, disease severity, and spatial characteristics. This is particu-
larly useful for plant disease diagnosis in natural scenes, where accurate lesion bound-
aries can provide direct visual evidence for subsequent disease assessment and deci-
sion-making.

Existing studies on plant disease analysis have progressed from image-level recog-
nition to pixel-level segmentation. Early plant disease datasets and recognition methods
mainly focused on classifying disease categories from whole images [14], [19], [24],
[20]. With the development of dense prediction models, plant disease segmentation has
received increasing attention because it can provide more precise lesion localization
and support fine-grained disease assessment [21,29,6]. Meanwhile, general semantic
segmentation models, such as fully convolutional networks, encoder-decoder architec-
tures, and multi-scale context networks, have provided effective technical foundations



for dense visual prediction [17], [1], [22], [32]. Among them, DeepLabV3 is a repre-
sentative framework that introduces Atrous Spatial Pyramid Pooling (ASPP) to capture
multi-scale contextual features through parallel atrous convolution branches [4].

Despite these advances, accurate plant disease segmentation in natural scenes re-
mains challenging. First, plant disease images often contain complex backgrounds, il-
lumination variations, leaf occlusion, shadows, and irrelevant texture interference.
These factors make it difficult for segmentation models to distinguish disease regions
from healthy tissues and background areas. Second, disease lesions usually exhibit
large variations in scale, shape, color, and texture. Some lesions occupy large continu-
ous regions, while others appear as small and scattered spots. Third, the boundaries
between diseased and healthy regions are often ambiguous, especially when symptoms
are weak, low-contrast, or gradually distributed. These challenges may lead to incom-
plete lesion masks, rough boundaries, and background false positives.

Although DeepLabV3 can effectively enlarge the receptive field through ASPP, its
original multi-branch design still has limitations for plant disease segmentation. Differ-
ent atrous branches may contribute unequally to different lesion patterns, but the orig-
inal ASPP structure treats branch features in a relatively uniform manner after multi-
scale extraction. As a result, directly concatenating multi-scale features may introduce
redundant or weakly relevant responses, especially in complex disease scenes. In addi-
tion, after multi-branch feature fusion, the segmentation head still needs to further re-
fine lesion-related spatial context. Without effective spatial refinement, the predicted
masks may suffer from fragmented regions, inaccurate boundaries, or false responses
caused by leaf veins, shadows, and background textures.

To address these problems, we propose CAPBNet, a Channel-Attentive Pyramid
and Bottleneck-Guided Context Network for plant disease segmentation. The proposed
framework is built upon the DeepLabV3-ResNet50 baseline and enhances the segmen-
tation head from both multi-scale representation and spatial context perspectives. Spe-
cifically, a Channel-Attentive Pyramid (CAP) Block is introduced to recalibrate multi-
scale atrous branch features before feature fusion, allowing the model to adaptively
emphasize informative lesion-related channels from different receptive fields. Further-
more, a Bottleneck-Guided Context Attention (BCA) Block is designed to refine the
fused feature representation by generating a lesion-related spatial attention response
and enhancing disease-relevant regions through residual fusion. In training, Pixel-Re-
gion Consistency Optimization (PRCO) is adopted to balance pixel-wise category dis-
crimination and region-level overlap consistency, thereby improving the completeness
of predicted lesion masks without introducing additional inference cost.

Experiments are conducted on the PlantSegl15 dataset, which contains 115 plant
disease categories and pixel-level annotations. The proposed CAPBNet achieves
44.52% mloU and 57.51% mAcc. Compared with the DeepLabV 3 baseline, CAPBNet
improves mloU by 1.43 percentage points and mAcc by 2.11 percentage points. These
results demonstrate that channel-attentive multi-scale representation and bottleneck-
guided context refinement are effective for improving plant disease segmentation under
complex natural conditions.

The main contributions of this paper are summarized as follows:

* We propose CAPBNet, an enhanced DeepLabV3-based framework for plant dis-
ease segmentation, which improves lesion representation through channel-attentive
pyramid modeling and bottleneck-guided context refinement.



* We design a CAP Block to recalibrate multi-scale atrous branch features, enabling
the model to adaptively emphasize informative channels from different receptive fields
before feature fusion.

* We introduce a BCA Block to refine lesion-related spatial context after multi-scale
feature fusion, improving the consistency of predicted disease regions and reducing
background interference.

The remainder of this paper is organized as follows. Section 2 reviews related work
on plant disease segmentation, semantic segmentation networks, and attention-based
feature refinement. Section 3 introduces the proposed CAPBNet framework and de-
scribes the CAP Block, BCA Block, and PRCO strategy in detail. Section 4 presents
the experimental setup, quantitative comparison, ablation study, and qualitative analy-
sis. Section 5 concludes this paper.

2 Related Work

2.1 Plant Disease Segmentation

Plant disease analysis has become an important research topic in agricultural com-
puter vision [14], [19], [24], [20]. Early studies mainly focused on image-level disease
classification [33-37], where the goal is to assign a disease category to the whole image.
Existing studies have also shown that dataset scale, image diversity, and deep model
design strongly affect the robustness of plant disease recognition systems [2], [23]. Alt-
hough these methods can provide useful diagnostic information, they usually cannot
indicate the exact location and shape of diseased regions. For practical agricultural ap-
plications, pixel-level segmentation is more informative because it can localize lesion
areas and support more detailed analysis of disease severity and spatial distribu-
tion [21], [29], [6].

With the development of deep learning, convolutional neural networks have been
widely used for plant disease segmentation. Encoder-decoder networks and fully con-
volutional architectures can learn hierarchical visual representations and produce dense
predictions. These methods improve segmentation performance compared with tradi-
tional hand-crafted feature methods. However, plant disease images collected in natural
scenes often contain complex backgrounds, illumination variations, occlusion, and
large intra-class appearance changes. Disease regions may also vary significantly in
scale, color, texture, and shape. Therefore, segmentation models still face difficulties
in distinguishing small lesions from background noise and in preserving complete le-
sion boundaries [21], [29].

Another challenge lies in the fine-grained nature of plant disease segmentation. Dif-
ferent diseases may share similar visual symptoms, while the same disease may appear
differently across plant species or growth stages. This increases the demand for dis-
criminative feature representation. A model needs to capture both local lesion details
and broader semantic context. Methods that rely only on local convolutional [38-45]
responses may fail to model sufficient contextual information, while methods that em-
phasize global semantics may lose small or weak disease regions. Therefore, effective
plant disease segmentation requires a better balance between local detail representation
and high-level semantic understanding [29], [6].



2.2 Semantic Segmentation with Multi-scale Context

Semantic segmentation aims to assign a semantic category to each pixel in an image.
Since the introduction of fully convolutional networks, deep segmentation models have
become the dominant paradigm for dense prediction by replacing image-level classifi-
cation heads with pixel-level prediction structures [17]. Encoder-decoder architectures
further improve segmentation by recovering spatial details from high-level semantic
features. Representative models such as SegNet and U-Net exploit decoder structures
or skip connections to recover fine-grained spatial information and produce dense seg-
mentation maps [1], [22].

Multi-scale context modeling is another important direction in semantic segmenta-
tion. PSPNet introduces pyramid pooling to aggregate contextual information from dif-
ferent spatial regions, which improves the representation of objects and regions with
diverse scales [32]. The DeepLab series models further explore atrous convolution for
dense prediction. DeepLabV3 adopts Atrous Spatial Pyramid Pooling (ASPP), where
parallel atrous convolution branches with different dilation rates are used to capture
multi-scale contextual information while maintaining feature resolution [4].
DeepLabV3+ extends this framework with an encoder-decoder structure to refine ob-
ject boundaries and recover low-level spatial details [5]. In addition, UPerNet integrates
pyramid pooling and feature pyramid representations to exploit hierarchical multi-level
features for scene understanding [31].

The multi-scale design of DeepLabV3 is suitable for plant disease segmentation be-
cause disease lesions often appear with diverse sizes and irregular shapes. Small scat-
tered spots and large infected regions may require different receptive fields for effective
representation. However, the original ASPP structure mainly extracts multi-scale fea-
tures and fuses them in a relatively direct manner. It does not explicitly evaluate the
importance of different feature channels from each atrous branch. In complex plant
disease scenes, some branch features may contain useful lesion cues, while others may
include redundant background responses. Direct fusion of all branch outputs may there-
fore weaken discriminative disease information and introduce irrelevant interference.

To address this limitation, recent segmentation studies have increasingly explored
adaptive feature refinement and attention-based recalibration for improving multi-scale
representations. For plant disease segmentation, such mechanisms are particularly use-
ful because the contribution of different scales may vary according to lesion size, tex-
ture, and surrounding background. Therefore, a channel-attentive pyramid structure can
provide a more flexible way to refine multi-scale atrous features before feature fusion.

2.3 Context Refinement and Loss Optimization

In addition to multi-scale feature extraction, context refinement is also important for
semantic segmentation. Disease regions are often irregular, fragmented, and ambiguous
near boundaries. After multi-scale feature fusion, the segmentation head still needs to
refine spatial context to improve the consistency of predicted regions. Spatial context
modeling can help the model focus on lesion-related areas and reduce false responses
caused by background texture, leaf veins, shadows, or other visual noise.

Attention mechanisms have been widely studied to improve feature representation
in deep neural networks. Squeeze-and-Excitation networks introduce channel recalibra-
tion to adaptively emphasize informative feature channels [12]. CBAM further com-



bines channel attention and spatial attention to refine feature responses from comple-
mentary perspectives [30]. ECA-Net improves channel attention with efficient local
cross-channel interaction, avoiding dimensionality reduction and introducing only lim-
ited additional complexity [27]. These channel-oriented attention mechanisms provide
useful inspiration for recalibrating multi-scale branch features in segmentation net-
works.

Spatial and contextual attention mechanisms are also important for dense prediction.
Non-local networks capture long-range dependencies by modeling relationships be-
tween distant positions in feature maps [28]. CCNet improves semantic segmentation
by using criss-cross attention to efficiently aggregate contextual information along hor-
izontal and vertical directions [13]. DANet introduces position attention and channel
attention to enhance scene segmentation by jointly modeling spatial dependencies and
channel relationships [8]. For plant disease segmentation, these context refinement
strategies are useful because lesions are not only defined by color or texture at a single
pixel, but also by their surrounding structure and spatial distribution.

Loss function design also plays an important role in segmentation performance.
Cross-entropy loss is commonly used because it provides stable pixel-wise category
supervision. It is effective for learning discriminative class boundaries and is especially
important in multi-class segmentation tasks. However, cross-entropy mainly optimizes
pixel-wise classification and may not directly align with region-level metrics such as
intersection-over-union. Lovasz-Softmax provides a tractable surrogate for directly op-
timizing the intersection-over-union measure in neural networks, making it useful for
improving region-level mask consistency [3].

Therefore, combining pixel-wise classification supervision with region-level over-
lap optimization is a reasonable strategy for plant disease segmentation. Pixel-wise su-
pervision can maintain stable category discrimination, while region-oriented optimiza-
tion can encourage better mask-level consistency. Based on these observations, the pro-
posed framework integrates channel-attentive pyramid modeling, bottleneck-guided
context refinement, and Pixel-Region Consistency Optimization to improve plant dis-
ease segmentation under complex natural conditions.

3  Methodology

3.1 Overview of CAPBNet

In this section, we introduce the proposed CAPBNet, a Channel-Attentive Pyramid
and Bottleneck-Guided Context Network for plant disease segmentation. The frame-
work is built upon the DeepLabV3-ResNet50 baseline and aims to improve lesion rep-
resentation from three aspects: multi-scale atrous feature recalibration, spatial context
refinement, and segmentation-oriented loss optimization.

Given an input plant disease image, the ResNet-50-V1c backbone first extracts hi-
erarchical feature representations. ResNet provides a residual learning framework that
facilitates the optimization of deep convolutional networks and has been widely used
as a strong backbone for dense prediction tasks [10]. The shallow layers contain low-
level visual cues such as edges and textures, while the deeper layer provides high-level
semantic information. Following the DeepLabV3-style design, the main segmentation
head uses the high-level feature from the last backbone stage as the input for dense
prediction. This feature is then passed into the Channel-Attentive Pyramid (CAP)



Block, which enhances multi-scale atrous features through branch-wise channel recal-
ibration. After multi-scale fusion, the Bottleneck-Guided Context Attention (BCA)
Block further refines lesion-related spatial context and produces a more discriminative
representation for final classification.

The overall prediction process can be summarized as follows. The backbone extracts
the high-level feature F, from the input image. The CAP Block transforms F, into a
multi-scale recalibrated feature Fqp,. Then, the BCA Block refines 4, and generates
the enhanced feature Fj,,. Finally, a 1 X 1 classification layer maps the refined feature
into 116-class segmentation logits, and the final mask is obtained by pixel-wise cate-
gory prediction.

During training, the main segmentation head is supervised by the PRCO objective,
while an auxiliary head is used to provide additional supervision to intermediate back-
bone features. The auxiliary head is only used during training and is removed during
inference. In this way, CAPBNet keeps the original efficiency of the DeepLabV3-style
inference pipeline while improving multi-scale representation and spatial context mod-
eling. The overall architecture of CAPBNet is shown in Figure 1.
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Fig. 1. Overall architecture of the proposed CAPBNet. The framework is built upon
DeepLabV3-ResNet50 and enhances the segmentation head with the Channel-Attentive
Pyramid (CAP) Block and the Bottleneck-Guided Context Attention (BCA) Block.

3.2 Channel-Attentive Pyramid Block

Plant disease lesions usually show large variations in scale. Some disease regions
appear as small and scattered spots, while others occupy large continuous areas. There-
fore, multi-scale contextual modeling is important for accurate lesion segmentation.
Multi-branch convolutional designs have been widely used to capture complementary
receptive fields, and feature pyramid representations further demonstrate the im-
portance of multi-scale feature learning in visual recognition tasks [26], [16]. The orig-




inal DeepLabV3 head uses atrous spatial pyramid pooling to extract features from dif-
ferent receptive fields. However, different atrous branches may not contribute equally
to different lesion patterns. Directly concatenating all branch outputs may introduce
redundant background responses and weaken useful lesion-related cues.

To address this limitation, we introduce the Channel-Attentive Pyramid (CAP)
Block. The CAP Block follows the multi-branch atrous pyramid structure, but inserts a
channel recalibration operation after each atrous branch. In this way, each branch can
adaptively emphasize informative channels before feature fusion.

Let F, denote the high-level feature extracted by the backbone. The multi-scale
atrous branches are defined in Eq. (1):

B = m(F), me {1,234}, M

where ¢,,,(-) denotes the convolutional transformation of the m-th atrous branch.

These branches correspond to different receptive fields, including local, small-scale,

middle-scale, and large-scale contextual patterns. In addition, an image-level pooling
branch is used to provide global contextual information.

For each branch feature B,,, global average pooling is first used to obtain a compact
channel descriptor in Eq. (2):

26 = o L T B (), @

where BS, (i, j) represents the response of the c-th channel at spatial position (i, j),
and H and W denote the spatial size of the feature map. Then, a lightweight one-di-
mensional convolution is applied to model local cross-channel interaction as shown in
Eq. (3):

sm = 0(Conv1D,(z,)), 3)

where s,, is the channel attention weight of the m-th branch, o (-) denotes the sig-
moid activation function, Conv1D,(-) denotes one-dimensional convolution with ker-
nel size k, and k is the adaptive kernel size. The recalibrated branch feature is obtained

by Eq. (4): 3
By = Bin © S, “
where © denotes channel-wise multiplication.
After branch-wise channel recalibration, all enhanced branch features are concate-
nated and fused by a 1 X 1 convolution as shown in Eq. (5):
Foap = Convi; ([By, By, B3, By, Bpoo])- s)
Here, B,,,; denotes the image-level pooling branch. Through this design, the CAP
Block can preserve useful multi-scale lesion cues and suppress redundant channel re-
sponses before feature fusion. This is beneficial for plant disease segmentation because
lesion regions may appear at different scales and may require different channel re-
sponses from different atrous branches. The detailed structure of the CAP Block is il-
lustrated in Figure 2.
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Fig. 2. Structure of the Channel-Attentive Pyramid (CAP) Block. Each atrous branch is
followed by channel recalibration, enabling the model to adaptively emphasize informa-
tive multi-scale lesion features before feature fusion.

3.3 Bottleneck-Guided Context Attention Block

Although the CAP Block enhances multi-scale channel representation, the fused
feature may still contain spatially redundant responses caused by complex back-
grounds, leaf veins, shadows, and texture interference. In plant disease segmentation,
lesion regions usually exhibit irregular shapes and ambiguous boundaries. Therefore,
after multi-scale feature fusion, it is necessary to further refine lesion-related spatial
context before the final pixel-wise classification.

To address this problem, we introduce the Bottleneck-Guided Context Attention
(BCA) Block. The BCA Block takes the fused feature F,4, as input and refines it
through bottleneck transformation, local context aggregation, directional depth-wise
convolution, and residual gating. Direction-aware spatial modeling has been shown to
be effective for pixel-wise prediction, where long and narrow kernels such as 1 X N
and N X 1 can capture contextual dependencies along different spatial directions [11].
In addition, recent convolutional attention designs indicate that efficient convolutional
operations can provide effective contextual encoding for semantic segmentation [9].
Different from directly replacing the fused feature, BCA enhances lesion-related re-
sponses in a residual manner, which helps preserve the original multi-scale representa-
tion while suppressing irrelevant background responses.

Given the fused feature F,g,, a bottleneck transformation is first applied in Eq. (6):

Fy = P(Feap), ©)

where Y (-) denotes the bottleneck convolutional transformation. This step provides

a compact feature representation for subsequent context refinement. Then, local spatial
context is aggregated by a 7 X 7 average pooling operation in Eq. (7):



E, = AvgPool; ., (Fp). ©)
To capture directional spatial dependencies, horizontal and vertical depth-wise con-
volutions are further applied to the pooled feature as shown in Eq. (8):

F, = Convy,, (DWConv11Xl (DWConv1Xl1 (Conlel(Fp)))), @®)

where DWConv; 4, () and DWConv, .4 (-) model horizontal and vertical contex-
tual dependencies, respectively. The two 1 X 1 convolutions are used for feature trans-
formation before and after directional context modeling. The obtained F,; represents the
directional context response generated from the bottleneck feature.

Finally, sigmoid-gated residual fusion is used to obtain the refined feature in Eq. (9):

Fbca = Fcap + Fcap O G(Fd): (9)

where (-) denotes the sigmoid activation function and © denotes element-wise
multiplication. In this formulation, o (F,;) serves as the spatial gating response for en-
hancing lesion-related regions. The residual connection preserves the original fused
representation, while the gated branch strengthens disease-relevant spatial responses.

This design is beneficial for plant disease segmentation because disease regions of-
ten contain weak boundaries, irregular shapes, and background interference. By com-
bining bottleneck transformation, local context aggregation, directional depth-wise
convolution, and residual gating, the BCA Block can refine lesion-related spatial con-
text without discarding the original multi-scale feature. As a result, the segmentation
head can generate more spatially consistent and robust lesion representations before
final classification. The detailed structure of the BCA Block is shown in Figure 3.
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Fig. 3. Structure of the Bottleneck-Guided Context Attention (BCA) Block. The fused fea-
ture is refined through bottleneck transformation, local context aggregation, directional
depth-wise convolution, and sigmoid-gated residual fusion.

3.4 Pixel-Region Consistency Optimization

In semantic segmentation, the training objective directly affects pixel-wise category
discrimination and region-level mask consistency. Region-level overlap objectives
have been widely studied for segmentation tasks with foreground-background imbal-
ance, since they can directly encourage better agreement between predicted masks and
ground-truth regions [25]. For plant disease segmentation, this issue is particularly im-
portant because disease lesions often have irregular shapes, ambiguous boundaries, and
large intra-class appearance variations. A conventional pixel-wise objective can pro-
vide stable category supervision, but it may not sufficiently encourage the structural
completeness and overlap consistency of predicted lesion masks.

To address this problem, we introduce a Pixel-Region Consistency Optimization
(PRCO) strategy for CAPBNet. Instead of relying on a single optimization criterion,
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PRCO formulates a unified Pixel-Region Objective, denoted as Lprg, to jointly con-
sider pixel-level discriminative learning and region-level mask consistency. The objec-
tive consists of a pixel-discriminative term and a region-consistency term, as defined
in Eq. (10):
Lpgo = wpiprix + wregLreg: Wpix T Wreg = 1, (10
where Ly, focuses on pixel-level category discrimination, Lo encourages region-
level overlap consistency, and wpiy and wyeg are the corresponding balancing coeffi-
cients.

Let 2 denote the set of valid pixels, C denote the number of semantic classes, z{
denote the logit of pixel i for class ¢, and y; denote the ground-truth label of pixel i.
The predicted probability of pixel i belonging to class ¢ is computed by the softmax
function in Eq. (11):

o - o)
i = Tfoq exp(zf)’

The pixel-discriminative term is defined in Eq. (12):
1

Lpix = =5 Liealogp; . (12)
This term provides stable pixel-wise supervision and helps the model distinguish
fine-grained disease categories.
To further improve mask-level consistency, the region-consistency term is intro-
duced from an IoU-oriented perspective. For class c, the binary ground-truth indicator
is defined in Eq. (13):

(11)

yi =1y =c), (13)

where I(-) denotes the indicator function. The per-pixel margin error for class c is
formulated in Eq. (14):

1—-pf, ifyf=1,

m={ P

pi» 1y =4

Let m¢;y = mg,y = -+ = m(jq) be the sorted errors in descending order, and let y(;,

be the corresponding sorted binary labels. The region-consistency term is computed in
Eq. (15):

(14

i Seeq, Tizuméy g (15)
where C, denotes the set of valid classes and gy is the discrete gradient of the Jac-
card error after sorting, as shown in Eq. (16):
gi =Ji —Jicv Jo=0. (16)
Here, J{ is defined in Eq. (17):
Ge=Xj=1 ()

c —
)

In this way, L., provides region-level supervision by approximating the optimiza-
tion of the Jaccard error, which is closely related to the mIoU evaluation metric.

In our implementation, wpiy and wyeg are set to 0.8 and 0.2, respectively. This set-
ting maintains stable pixel-wise category learning while introducing region-level over-
lap guidance for more complete lesion masks. In addition, an auxiliary segmentation
head is used during training to provide intermediate supervision for the backbone fea-
ture representation as shown in Eq. (18):

Loux = ALy 18)

pix

Lreg =

G, =3 yf. (17
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where L5:* denotes the auxiliary pixel-discriminative loss and 4 is set to 0.4. There-

fore, the final training objective is formulated in Eq. (19):
Leotar = Lpro + Laux- 19)
Through this optimization design, PRCO provides complementary supervision for
plant disease segmentation. The pixel-discriminative term improves category-level dis-
crimination among multiple disease classes, while the region-consistency term encour-
ages the predicted masks to better match ground-truth lesion regions. The auxiliary su-
pervision further improves feature learning during training and is removed during in-
ference. Therefore, PRCO improves segmentation-oriented optimization without intro-
ducing additional inference cost.

4 Experiments

4.1 Experiment Setup

All experiments were implemented on a server equipped with 8 NVIDIA Tesla P40
GPUs, each with 24 GB memory. Four GPUs were used for model training. The batch
size was set to 4 on each GPU, resulting in a total batch size of 16. The models trained
under our implementation setting were optimized for 40k iterations. The stochastic gra-
dient descent (SGD) optimizer was adopted with a momentum of 0.9 and a weight de-
cay of 5 X 10™*. The initial learning rate was set to 0.01 and decayed according to the
polynomial learning rate schedule. For the DeepLabV3 baseline, cross-entropy loss was
used as the basic optimization objective. For CAPBNet, the proposed PRCO strategy
was adopted as the main training objective. The software environment was based on
Python 3.8, PyTorch 1.12.0 with CUDA 11.3, and the MMSegmentation toolbox [18].

The experiments were conducted on the PlantSeg115 dataset [29], which is a large-
scale in-the-wild plant disease segmentation dataset with pixel-level annotations. The
dataset used in this work contains 11,458 images covering 115 plant disease categories.
Following the provided data split, the dataset was divided into 7,916 training images,
1,247 validation images, and 2,295 test images. The segmentation task contains 116
semantic classes, including 115 disease classes and the background class. This setting
is adopted consistently for all compared experiments to ensure that the reported results
are evaluated under the same data protocol.

Mean Intersection over Union (mloU) and Mean Accuracy (mAcc) were adopted as
the evaluation metrics. The mloU measures the average overlap between the predicted
segmentation results and the ground-truth masks across all valid classes. It is defined
in Eq. (20):

1 TP;
mloU = —Eévzl —l,
N TPi+FP;+FN;

where N denotes the number of semantic classes, TP; denotes the number of true
positive pixels for the i-th class, FP; denotes the number of false positive pixels for the
i-th class, and F N; denotes the number of false negative pixels for the i-th class.

The mAcc measures the mean of per-class pixel accuracy and is defined in Eq. (21):

—1yn _TPi
mAcc = NZL=1 e @1

where N, TP;, and FN; have the same meanings as those in Eq. (20). A higher mloU
or mAcc indicates better segmentation performance. In this work, mloU is used as the

(20)
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primary evaluation metric, while mAcc is reported as a complementary indicator of per-
class prediction accuracy.

4.2 Main Results

We compare CAPBNet with representative semantic segmentation methods on the
PlantSegl 15 dataset, including DeepLabV3, SegFormer, and STAR-Net. The reported
quantitative results of SegFormer (MiT-B2), STAR-Net (Swin-T), and STAR-Net with
Combo Loss are taken from the PlantSeg evaluation in the STAR-Net study [6], while
DeepLabV3 and CAPBNet are evaluated under our implementation setting. The quali-
tative SegFormer (MiT-B2) results shown in Figures 4 and 8 are generated from our
reproduced SegFormer model under the same visualization protocol. As shown in Ta-
ble 1, CAPBNet achieves the best performance, with 44.52% mloU and 57.51% mAcc.
Compared with the DeepLabV3 baseline, CAPBNet improves mloU by 1.43 percent-
age points and mAcc by 2.11 percentage points.

Compared with the reported PlantSeg results of SegFormer and STAR-Net, CAP-
BNet also achieves higher performance in both metrics. Specifically, CAPBNet outper-
forms SegFormer (MiT-B2) by 3.86 percentage points in mloU and 2.27 percentage
points in mAcc. It also outperforms STAR-Net (Swin-T) by 3.39 percentage points in
mloU and 4.84 percentage points in mAcc. These results indicate that CAPBNet pro-
vides competitive segmentation performance on PlantSeg115, especially for disease re-
gions with diverse scales and complex visual appearances.

Table 1. Comparison with representative methods on the PlantSegl15 dataset.

Method mloU (%) 1 mAcc (%) 1
DeepLabV3 43.09 55.40
SegFormer (MiT-B2) [6] 40.66 55.24
STAR-Net (Swin-T, Combo Loss) [6] 39.34 51.95
STAR-Net (Swin-T) [6] 41.13 52.67
CAPBNet (Ours) 44.52 57.51

Figure 4 shows qualitative comparisons among DeepLabV3, SegFormer (MiT-B2),
and CAPBNet on representative samples. CAPBNet produces more complete lesion
masks and reduces missing responses in challenging disease regions, which is con-
sistent with the design of the CAP Block and BCA Block. Figure 5 further reports cat-
egory-wise foreground IoU on representative categories, showing that CAPBNet im-
proves lesion localization across different disease appearances.

Figure 6 presents the training behavior of DeepLabV3 and CAPBNet. The losses
decrease stably, while the decode accuracy curves show consistent optimization. To-
gether with the validation comparison in Figure 7, these results indicate better valida-
tion performance of CAPBNet. Figure 8 provides further qualitative comparisons,
where CAPBNet better preserves lesion completeness and reduces boundary errors.
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Ground Truth DeepLabV3 SegFormer (MIT-B2) CAPBNet (Ours)

() Bean mosaic virus

Fig. 4. Qualitative comparison among DeepLabV3, SegFormer (MiT-B2), and CAPBNet
on representative PlantSegl 15 samples. From left to right, each row shows the ground-
truth mask, the predictions of DeepLabV3, SegFormer (MiT-B2), and CAPBNet (Ours),
respectively.
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Fig. 5. Category-wise foreground IoU comparison between DeepLabV3 and CAPBNet on
representative PlantSeg1 15 categories. The radial axis denotes foreground IoU in percent-
age, and the values are estimated from the saved qualitative comparison maps.
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Fig. 6. Training curve comparison between DeepLabV3 and CAPBNet on the
PlantSegl15 dataset. Subfigure (a) reports total training loss, and subfigure (b) reports de-

code accuracy.
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Fig. 7. Validation metric comparison between DeepLabV3 and CAPBNet at 20000 and
40000 iterations. From left to right, the subfigures report mloU, mAcc, and aAcc, respec-

tively.
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() App}p black rot

Fig. 8. Additional qualitative comparison among DeepLabV3, SegFormer (MiT-B2), and
CAPBNet on representative PlantSeg115 samples.

4.3 Ablation Experiments

Table 2 studies the influence of different PRCO weight settings. The setting wpix =
0.80 and wyeg = 0.20 achieves the best result, with 44.52% mloU and 57.51% mAcc.
When the region-consistency weight is increased to 0.25 or reduced to 0.15, the perfor-
mance slightly decreases. This indicates that a proper balance between pixel-wise cat-
egory discrimination and region-level overlap consistency is important for PlantSeg115
segmentation.

Table 3 reports the module-wise ablation results. Using the CAP Block alone ob-
tains 43.15% mloU and 55.79% mAcc. After adding the BCA Block, the performance
increases to 44.04% mloU and 56.34% mAcc, showing the benefit of bottleneck-guided
context refinement. With the full design, CAPBNet achieves 44.52% mloU and 57.51%
mAcc, which confirms that CAP Block, BCA Block, and PRCO provide complemen-
tary improvements.

Table 2. Ablation study of PRCO weight settings on the PlantSeg115 dataset.

PRCO Weight Setting mloU (%) 1 mAcc (%) 1
wpix = 0.75, oreg = 0.25 43.85 56.88
opix = 0.80, oreg = 0.20 44.52 57.51
opix = 0.85, oreg =0.15 43.84 56.97

Table 3. Module-wise ablation study on the proposed modules.
Method mloU (%) 1 mAcc (%) 1
DeepLabV3 43.09 55.40
CAP Block 43.15 55.79
CAP Block + BCA Block 44.04 56.34

CAP Block + BCA Block + PRCO 44.52 57.51
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5 Conclusion

In this work, we present CAPBNet, an enhanced DeepLabV3-based framework for
plant disease segmentation. The proposed method introduces channel-attentive pyramid
modeling and bottleneck-guided context refinement to improve the representation of
disease lesions under complex natural conditions. Specifically, the CAP Block strength-
ens multi-scale atrous features through branch-wise channel recalibration, enabling the
segmentation head to better capture lesion patterns at different scales. The BCA Block
further refines the fused feature representation by enhancing lesion-related spatial con-
text and suppressing redundant background responses. In addition, PRCO balances
pixel-wise category supervision and region-level overlap consistency, which helps the
model generate more complete and stable segmentation masks.

Experiments on the PlantSegl15 dataset demonstrate the effectiveness of the pro-
posed framework. Compared with the single CAP Block setting, introducing the BCA
Block improves the segmentation performance from 43.15% to 44.04% in mloU and
from 55.79% to 56.34% in mAcc. Furthermore, combining CAP Block, BCA Block,
and PRCO achieves 44.52% mloU and 57.51% mAcc, showing that the proposed com-
ponents provide complementary benefits for plant disease segmentation. These results
indicate that CAPBNet can improve both lesion localization and region-level segmen-
tation consistency.

Although CAPBNet improves the segmentation performance, there is still room for
further research. Future work will focus on developing a more lightweight version of
the proposed framework for practical agricultural deployment. In addition, we plan to
evaluate the model on more plant species and real field scenarios to further verify its
robustness and generalization ability. More effective strategies for small lesion seg-
mentation and weak-boundary refinement will also be explored.
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