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Abstract

Accurate segmentation of leaf lesions is essential for crop disease monitoring and precision
agriculture. However, most existing methods rely on pixel-level annotations, which are
costly and difficult to obtain in real agricultural scenarios. Weakly supervised approaches
alleviate this requirement but often suffer from incomplete lesion localization and back-
ground interference. In addition, recent foundation segmentation models demonstrate
strong generalization ability, yet their performance heavily depends on prompt quality,
which is difficult to design automatically. To address these challenges, this paper proposes a
weakly supervised lesion segmentation framework that integrates probabilistic feature dis-
entanglement and reinforcement learning-based prompt optimization. First, a probabilistic
class activation mapping (CAM) is introduced to model lesion confidence and guide feature
disentanglement, effectively suppressing background noise. Second, a dual-loss constraint
is designed to improve pseudo-mask quality by enforcing both region consistency and
structural regularity. Finally, a prompt optimization strategy is developed to automatically
select informative prompts, enabling a foundation segmentation model to refine lesion
boundaries without human interaction. Experimental results on multiple agricultural
datasets demonstrate that the proposed method achieves superior performance compared
with existing weakly supervised baselines. Specifically, the method achieves an mloU of
45.6% and Dice score of 57.1% on apple leaf disease datasets. The results indicate that
the proposed framework can effectively reduce annotation cost while providing reliable
segmentation performance, indicating potential for practical agricultural applications.

Keywords: SAM; weakly supervised; disease segmentation; reinforcement learning; leaf
lesion; probabilistic CAM; prompt optimization

1. Introduction

Plant diseases significantly affect crop yield and quality, posing a major challenge to
sustainable agricultural production [1]. Among various disease phenotypes, leaf lesions
are one of the most common and informative indicators for disease diagnosis and severity
assessment. Accurate segmentation of lesion regions is therefore essential for automated
crop monitoring and precision agriculture [2,3].

In recent years, deep learning-based semantic segmentation methods have achieved
promising results in plant disease analysis [4,5]. Models such as U-Net [6], DeepLab [7]
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and Transformer-based [8] architectures can provide accurate pixel-level predictions [9].
However, these approaches typically rely on large-scale pixel-level annotations, which are
labor-intensive and require expert knowledge. In practical agricultural scenarios, collecting
such annotations at scale is often infeasible due to time and cost constraints [10].

To alleviate this limitation, weakly supervised learning has been explored as an alterna-
tive paradigm, where models are trained using only image-level labels [11,12]. A common
approach is to employ class activation mapping (CAM) [13] to localize discriminative
regions. Despite its effectiveness, CAM-based methods often highlight only partial le-
sion regions and are sensitive to background interference, leading to incomplete or noisy
pseudo masks [14]. This limitation is particularly pronounced in agricultural images,
where complex backgrounds, leaf textures, and illumination variations can easily confuse
the model.

Meanwhile, foundation segmentation models have recently demonstrated strong
generalization capabilities across diverse visual tasks [15,16]. These models can produce
high-quality segmentation results when guided by appropriate prompts. However, their
performance heavily depends on the quality of the prompts. In agricultural applications,
manual prompt design is impractical for large-scale deployment, and existing automatic
prompt generation strategies are often heuristic and lack adaptability.

Therefore, three key challenges remain in weakly supervised leaf disease segmentation:

(1) Unreliable lesion localization due to background interference;
(2) Insufficient constraints in pseudo-mask generation under weak supervision;
(8) Lack of effective automatic prompt optimization for foundation models.

The objective of this study is to develop a weakly supervised framework for accurate
leaf disease lesion segmentation using only image-level supervision. Specifically, we aim to
improve lesion localization, stabilize pseudo-mask generation, and automatically optimize
prompts for a frozen foundation segmentation model. The proposed method consists of
three stages: leaf extraction, weakly supervised lesion localization, and prompt-based
segmentation refinement. Specifically, a probabilistic CAM-guided feature disentanglement
strategy is introduced to suppress background interference and improve pseudo-mask
quality. A dual-loss constraint is further designed to enhance the stability and structural
consistency of lesion localization. In addition, an automatic prompt optimization strategy
is developed to guide a foundation segmentation model for accurate lesion refinement
without human intervention.

The main contributions of this work are summarized as follows:

* A probabilistic CAM-guided feature disentanglement strategy is proposed to improve
lesion localization under weak supervision.

* A dual-loss constraint is designed to enhance pseudo-mask quality by enforcing region
consistency and structural regularity.

* Anautomatic prompt optimization strategy is developed to improve segmentation
performance without manual interaction.

*  Experimental results demonstrate the effectiveness and robustness of the proposed
method, while showing partial transferability across different crop scenarios.

2. Related Work
2.1. Fully Supervised Plant Disease Segmentation

Semantic segmentation has been widely studied in computer vision and has achieved
significant success in plant disease analysis [17,18]. Convolutional neural network (CNN)-
based models, such as U-Net and DeepLab, have been extensively applied for pixel-level
segmentation of leaf lesions due to their strong feature extraction capability [19,20]. U-Net
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adopts an encoder—decoder architecture with skip connections, enabling effective fusion of
low-level and high-level features, and has been widely used in plant phenotyping tasks [6].
DeepLab further improves segmentation performance by introducing atrous convolution
and spatial pyramid pooling, allowing multi-scale context modeling [21,22].

Researchers have made substantial improvements based on the above classic models.
Shafiq and Gu [23] proposed MU-Net, which optimizes U-Net by introducing residual
modules and residual paths, improving segmentation accuracy but remaining sensitive
to background noise. Zeng and He [3] proposed an improved DeepLabv3+ network us-
ing ResNet101 as the backbone, incorporating a feature fusion branch based on a feature
pyramid network in the encoder to achieve multi-level feature map fusion for black rot
spot segmentation on grape leaves. Furthermore, methods based on Transformer have
gradually emerged, such as UPFormer [24], SegFormer [25], and AISOA-SSformer [26].
UPFormer adopts a U-shaped hierarchical structure and generates small tokens to opti-
mize computational cost. In addition, it combines Prototype Perception and Pixel-Aware
Broadcasting to extract low-frequency global and high-frequency local features, which
is crucial for accurately identifying small disease regions. AISOA-SSformer integrates a
sparse global update perceptron and a saliency feature attention mechanism, achieving
excellent performance in rice leaf disease segmentation. SegFormer achieves competitive
performance while maintaining computational efficiency. These methods have achieved
good results in grape and rice leaf disease segmentation, respectively. The emergence
of the Mamba architecture provides a new solution. As a structure based on the State
Space Model, Mamba [27] can more naturally maintain local continuity of sequences while
efficiently capturing long-range dependencies by introducing time-varying parameters
and hardware-aware algorithms [28]. Although these methods achieve high accuracy, they
generally rely on a large amount of manual annotation and are designed for specific crops,
resulting in limited generalization ability.

2.2. Weakly Supervised and Unsupervised Segmentation

To reduce annotation costs, weakly supervised and unsupervised methods have be-
come research hotspots. Researchers explored weakly supervised segmentation methods
based on image-level labels and proposed ResNet-CAM and WSLSS [29]. Although their
accuracy is lower than that of fully supervised methods, they exhibit good generaliza-
tion ability on unknown disease types. Xu et al. [30] proposed C>AM, which generates
class-agnostic activation maps via contrastive learning, achieving unsupervised class-
agnostic object segmentation. Subsequent methods such as WSCUOD [31], A25-V2 [32],
and FOUND [33] performed poorly on leaf disease datasets because they can only segment
leaf regions but cannot effectively localize disease spots. Tian et al. [16] further proposed
the UPLS framework, combining contrastive learning and the SAM [34] model to achieve
annotation-free segmentation of leaf disease regions, and improved segmentation accu-
racy through a high-frequency attention module and multi-scale feature extraction. These
methods provide feasible paths for reducing annotation dependence.

2.3. Foundation Model-Based Segmentation and Prompt Optimization

Foundation segmentation models have recently emerged as a powerful tool for general-
purpose image segmentation [35]. Models such as the Segment Anything Model can
generate high-quality segmentation masks when provided with appropriate prompts,
demonstrating strong generalization across diverse visual domains.

To apply these models in automated settings, several studies have attempted to design
prompt generation strategies. Existing approaches include random sampling, geometric
heuristics, and feature similarity-based methods to generate point or box prompts. Several
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studies have attempted to achieve automatic prompt engineering for SAM by generating
geometric prompts [36]. Liu et al. [37] computed the feature similarity between pixels in a
target image and a reference image, creating a point prompt scheme using only a single
reference image. Liu et al. [38] introduced Matcher, an instance-level bidirectional matching
strategy for prompt point generation. Kumari and Bansal [39] also randomly selected
prompt points from masks produced by coarse segmentation, fine-tuned them, and then
fed them into SAM to obtain segmentation results. The quality of the prompts generated
by these methods is often limited because they do not fully account for the relationship
between positive and negative prompts, leading to redundant and erroneous prompts that
negatively affect segmentation performance.

More recently, reinforcement learning-based approaches have been explored to im-
prove prompt selection by modeling it as a decision-making problem. The introduction of
PPO [11] enables the combination of SAM with reinforcement learning, turning it into a
plug-and-play tool that directly improves model segmentation performance. While these
methods show potential, they often depend heavily on the quality of initial pseudo masks
and introduce additional computational complexity.

3. Methodology
3.1. Overview

To address the challenges of high annotation cost, complex lesion patterns, and back-
ground interference in agricultural images, this study proposes a three-stage weakly super-
vised framework for leaf lesion segmentation.

As illustrated in Figure 1, the framework consists of the following:

(1) Leaf extraction to suppress background interference;
(2) Weakly supervised lesion localization to generate reliable pseudo masks;
(3) Prompt-based refinement to improve segmentation accuracy using a foundation model.

The core idea is to progressively improve pseudo-mask quality and leverage automatic
prompt optimization for accurate lesion boundary refinement without human interaction.

Stage 1: Leaf Stage 2: Weakly Supervised Lesion Stage 3: RL-based
Extraction Localization Segmentation
(Preprocessing) Refinement

Refined Pseudo

Leaf Segmentation /

Background Removal

Figure 1. Overall architecture of the model.
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3.2. Weakly Supervised Lesion Localization

The goal of this stage is to generate accurate and stable pseudo masks using only image-
level labels. To address the limitations of conventional CAM-based methods, we introduce
two key components: probabilistic feature disentanglement and a dual-loss constraint.

3.2.1. Probabilistic CAM-Guided Feature Disentanglement (PCFD)

Conventional class activation mapping (CAM) often produces sparse and incomplete
responses and is sensitive to background noise, especially in agricultural images with
complex textures.

To improve localization reliability, we reformulate CAM as a probabilistic representa-
tion. Given a feature map F, the activation map is normalized to obtain a confidence map :

P(x,y) = o(A(x,y)) ©)

where P(x,y) € [0,1] represents the probability of each pixel belonging to lesion regions.
Compared with conventional CAM, this probabilistic formulation provides a smoother
and more consistent estimation of lesion regions. Based on this representation, we perform
feature disentanglement:

Ff$=pPoF, F8=01-P)OF )

where F/€ and F’8 denote foreground and background features, respectively. This soft
separation mechanism avoids the instability caused by hard thresholding and enables the
model to suppress background interference while preserving uncertain lesion regions. As a
result, more reliable pseudo masks can be generated for subsequent refinement.

3.2.2. Dual-Loss Constraint (DLC)

Under weak supervision, pseudo-mask generation is often unstable due to insufficient
constraints. To address this issue, we introduce a dual-loss constraint that jointly enforces
region consistency and structural regularity.

First, a region consistency loss is defined to align the predicted lesion regions with the
probabilistic CAM prior:

Loog =M~ P]| ®)

where M denotes the predicted mask. Second, a structural constraint is introduced to

regularize lesion shapes:
Perimeter(M)

Lotr = Area(M)

(4)

This term acts as a generic shape regularizer that discourages highly fragmented or
excessively irregular predicted regions. It is not intended to assume a disease-specific lesion
shape, but rather to provide a weak morphological prior that favors spatially coherent
lesion regions.

L= ﬁreg + ALt (5)

where A balances the two terms. By combining semantic consistency and structural con-
straints, the proposed loss improves the stability and reliability of pseudo-mask generation.
The details are shown in Figure 2.
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Figure 2. Model details.

To examine the potential instability caused by the perimeter-to-area structural reg-
ularization during early training, we monitored the training losses in the initial epochs.
As shown in Figure 3, the total training loss decreased consistently from 2.4352 at epoch 0
to 2.0537 at epoch 8, while the major loss components also decreased without noticeable
oscillation or divergence. These observations suggest that the structural regularization
does not introduce apparent optimization instability in the early training stage under our
experimental setting.

251 —@— Total Loss
—— FgDiff Loss
—A— BgDiff Loss
2.0 f i
1549
4 —_— L
3 - — — - .
1.0 1
0.5 A
0 1 2 3 4 5 6 g .
Epoch

Figure 3. Loss.

To further examine the sensitivity of the structural regularization to boundary noise,
we compared the proposed perimeter-to-area formulation with two commonly used shape
descriptors in Table 1. Specifically, we evaluated the scale-normalized compactness

4TA
Cpp = 52 (6)
and the solidity
A
S=—, 7
Anull @)
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where Ay denotes the area of the convex hull. Their corresponding regularization
terms were defined as 1 — Cpp and 1 — S, respectively. These comparisons were con-
ducted under the same training configuration to evaluate the robustness of different
morphological constraints.

Table 1. Comparison of different morphological regularization strategies.

Structural Regularization mloU (%) Dice (%)
None 41.6 52.9
Perimeter-to-Area (P/ A) 441 55.8
Normalized Compactness (1 - ‘L;,TTA) 43.7 55.2
1. A
Solidity (1 - m) 435 54.9

3.3. Prompt-Based Segmentation Refinement

Although the pseudo masks provide coarse localization, they often lack precise
boundaries. To address this issue, we refine segmentation results using a foundation
segmentation model.

Given a pseudo mask M), candidate prompts are generated from lesion regions and
surrounding areas. These prompts are used to guide a frozen segmentation model to
produce refined masks:

M = SAM(I, P) 8)

where P denotes the selected prompt set. The key challenge is how to select informative
prompts automatically, which is addressed by the proposed optimization strategy.

3.4. Automatic Prompt Optimization Strategy (RLPO)

To improve prompt selection, we formulate it as a decision-making problem and
introduce an automatic prompt optimization strategy. See Figure 4 for RLPO.

( )
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,04,C4]
P — <
+ P=prup-
.
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[ —=
® H
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(] H
Calculate e — ¢
° H
®
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n
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Figure 4. RLPO details.
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3.4.1. Problem Formulation

Given a pseudo mask M, and a set of candidate prompts C = {c;}¥ |, the goal is to
select a subset of prompts P C C that maximizes the quality of the refined segmentation.
The process is modeled as a Markov decision process (MDP):

*  State s;: representation of the current prompt set and pseudo-mask context;
*  Action 4;: selecting a candidate prompt c;;

e Policy 7g(at|st): probability of selecting action ay;

e  Reward R;: segmentation improvement after applying the selected prompts.

3.4.2. Candidate Prompt Generation

The quality of the candidate prompt space directly affects the effectiveness of prompt
optimization. Therefore, candidate points are generated from the lesion localization results
rather than sampled independently from the entire image.

For each candidate point c;, the policy receives an 8-dimensional basic feature vector:

fi = [ri/gi/bi/ xi/yi/]’li/ai/mi]/ (9)

where 7;, g;, and b; denote the RGB values at the candidate location, x; and y; represent the
normalized spatial coordinates, y; and o; describe local image appearance statistics, and m;
indicates whether the candidate point lies inside the initial pseudo-mask.

In addition to these basic appearance and spatial features, contextual information is
incorporated to provide the policy with region-level cues. The additional feature vector is
defined as

e; = [dP°%, b}, vy, (10)

where d?"x represents the spatial relationship between the candidate point and the lesion-
related region, b?eg indicates whether the point belongs to a negative candidate region,
and v; represents local appearance variation.

The complete candidate representation is therefore

zi = [fi el (11)

The basic feature branch and the additional contextual feature branch are embedded
separately and subsequently fused by the policy network. This design enables the policy
to jointly exploit point-level appearance, spatial information, pseudo-mask information,
and region-level contextual cues.

During training, candidate points are sampled without replacement from the candidate
distribution. This prevents the policy from selecting the same point repeatedly within a
single prompt-selection episode.

3.4.3. Weakly Supervised Reward Design

A major challenge in weakly supervised prompt optimization is the absence of pixel-
level ground-truth masks during policy learning. Therefore, the reward cannot rely exclu-
sively on the ground-truth segmentation quality. We instead construct a weakly supervised
proxy reward using the Stage-2 pseudo-mask as a reference.

Let M, denote the initial pseudo-mask and M; denote the mask produced by SAM
after the current prompt selection. The proxy reward is defined as

Rproxy = tanh (Riu + 0.3Rnoundary — 0-5Rarea) (12)

Region consistency
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The first term measures the consistency between the refined mask and the initial
pseudo-mask:
RIoU = IOU(Mf, Mp). (13)

This term encourages the selected prompts to preserve the lesion regions identified by
the weakly supervised localization stage.

Boundary response

To characterize the change in boundary response after SAM refinement, a boundary-
energy term is calculated for the predicted mask. Let B(M) denote the boundary energy of
mask M. The boundary-response component is defined according to the increase relative to
the initial pseudo-mask:

max(0, B(M;) — B(M,))
Rboundary = \/m « 10

where H and W denote the height and width of the image, respectively.

(14)

This term provides the policy with information about changes in boundary response
after prompt selection.

Area expansion constraint

Because inappropriate prompts may cause SAM to expand the lesion region exces-
sively, we introduce an area-expansion penalty:

Rarea = max (0, |A/|Ij:/1t—|F€ — 1.5) , (15)
where | M| denotes the number of foreground pixels in mask M, and ¢ is a small constant
for numerical stability.

The penalty is activated when the refined mask becomes substantially larger than the
initial pseudo-mask. This constraint is particularly relevant to leaf disease segmentation
because inappropriate prompts may cause SAM to include large non-lesion regions.

The combination of Equations (12)—(15) allows the reward to simultaneously con-
sider lesion-region consistency, changes in boundary response, and excessive mask ex-
pansion. Importantly, this proxy reward can be calculated without pixel-level ground-
truth annotations.

3.4.4. Policy Network and Policy-Gradient Optimization

The policy network maps the candidate features to a selection probability. The 8-
dimensional basic feature vector is first projected into a 64-dimensional representation,
while the three additional contextual features are separately projected into a lower-
dimensional representation. The two representations are subsequently fused to obtain the
final candidate embedding.

For candidate c;, the policy network produces a scalar logit:

q9; = go(fiei)- (16)

The selection probability is obtained using a softmax function over the currently
available candidate set:

Jey — _ exp(ai)
7T9(HI|S,§) - Zjec, exp(qj)r (17)

where C; denotes the candidate points that remain available at step t.
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Candidate points are selected sequentially without replacement. After a point is
selected, it is removed from the candidate set before the next action is sampled.

The policy parameters are optimized using a policy-gradient objective. The policy-
gradient loss for a selected prompt set is written as

LPG = —Rt Z log 7'[9(&,‘|St), (18)
i€Py

where Rt denotes the normalized reward.
To encourage exploration during policy learning, an entropy regularization term is
incorporated:
LrL = Lpg — AnH(), (19)

where
H(my) = —an(ai|st)log e (a;|st) (20)

is the policy entropy, and Ay controls the entropy regularization strength. In the implemen-
tation, the entropy coefficient is set to 0.02.

The policy is therefore encouraged to assign higher probability to prompt selections
that lead to higher rewards while maintaining sufficient exploration during training.

3.4.5. Inference Strategy

During inference, the learned policy is used deterministically to rank candidate
prompts. The top-k prompts with the highest selection probabilities are chosen:

P* = Top-k(my) (21)

This ensures stable and efficient segmentation without stochastic sampling.The de-
tailed algorithm is shown in Algorithm 1.

Algorithm 1 RL-based Prompt Optimization (RLPO)

Require: Image I, pseudo mask M, candidate set C
Ensure: Refined mask M
1: Initialize policy 7y
2: Initialize prompt set P < @
3: fort =1to T do
Construct state s;
Compute g (alst)
Select prompt a;
P+ PU {at}
M; + SAM(I, P)
R <+ ToU(M;, Mp)
10: Update 6
11: end for
12: Select top-k prompts
13: M + SAM(I, P)
return M

3.4.6. Difference from Existing Prompt Optimization Methods

Existing automatic prompt-generation approaches for SAM commonly rely on ran-
dom sampling, geometric heuristics, feature matching, or predefined rules. More recently,
reinforcement learning has also been explored for automatic prompt optimization. For ex-
ample, Plug-and-Play PPO formulates SAM point-prompt optimization as a reinforcement
learning problem and uses PPO to optimize prompt selection.
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The proposed RLPO differs from these approaches in its formulation for weakly
supervised leaf disease segmentation. First, the candidate prompt space is constructed
from the lesion localization results generated by the preceding weakly supervised stage,
rather than being independent of the lesion pseudo-mask. Second, candidate points are
represented using both appearance and spatial information together with pseudo-mask
and region-context cues. Third, the policy is trained using a weakly supervised reward that
evaluates consistency with the generated pseudo-mask while constraining excessive mask
expansion. Finally, the SAM parameters remain frozen throughout prompt optimization,
and only the prompt-selection policy is learned.

Therefore, the contribution of RLPO is not the introduction of reinforcement learning
itself. Instead, RLPO provides a task-specific formulation that connects weakly super-
vised lesion localization with automatic point-prompt selection for a frozen foundation
segmentation model.

4. Experiments
4.1. Datasets

To verify the effectiveness of the proposed method in agricultural disease segmen-
tation tasks, this paper conducts experiments on a publicly available apple leaf disease
dataset [40]. This dataset includes apple leaf images affected by five common diseases:
blotch, apple scab, black rot, cedar apple rust, and rust. These images were collected
under both laboratory-controlled and real-world agricultural conditions. Among the com-
plete apple disease dataset of 11,270 images, 1089 images were collected under real-world
agricultural conditions, including 869 Alternaria leaf spot images and 220 rust images.
The remaining 10,181 images were obtained under laboratory conditions. Additionally,
the dataset also includes grape and strawberry leaf disease datasets: these contain images
of grape and strawberry leaf diseases and serve as additional test datasets to evaluate
generalization to unseen leaf disease types. Detailed information is presented in Table 2.

Table 2. Dataset of apple, grape, and strawberry leaf diseases with pixel-level annotations.

Category Disease Name Source Images
Apple scab Plant Village 2028
Black rot Plant Village 2119
Apple diseased leaves Cedar apple rust Plant Village 1247
Alternaria leaf spot ~ Apple Leaf Dataset 1820
Rust Apple Leaf Dataset 4056
Grape black rot Plant Village 1300
Grape & strawberry dataset Grape esca Plant Village 1300
Strawberry leaf blight Plant Village 1209

4.2. Evaluation Metrics

We adopt standard segmentation metrics to quantitatively evaluate performance:

1 ¥ |Ml'ﬂGl'|

oU=—=-) ———— 22
mloy Ni:l |M,‘UG,‘| (22)

: 2IM NG|
Dice = ——— (23)

(M| + |G|

.. TP
Precision = TP L EP (24)
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TP
TP+ FN

where TP, FP, and FN denote true positives, false positives, and false negatives, respec-

Recall = (25)

tively. These metrics comprehensively measure segmentation accuracy, region overlap,
and detection completeness.

4.3. Implementation Details

The framework is implemented in PyTorch 1.12.1. The backbone is initialized with
pre-trained weights and fine-tuned using image-level disease labels only. During training,
images are resized to 512 x 512 and randomly horizontally flipped. ImageNet mean and
standard deviation are used for normalization. The batch size is 32, the initial learning
rate is 0.001, the weight decay is 1 x 1074, and the default training schedule consists of
10 epochs. A polynomial learning-rate schedule is used during optimization.

For CAM-based inference, multi-scale evaluation is performed at scales of 0.5, 1.0, 1.5,
and 2.0. At each scale, both the original and horizontally flipped images are evaluated,
and the flipped CAM is mapped back before fusion. The resulting CAMs are summed
across scales and normalized by their maximum activation. Unless otherwise specified,
a threshold of 0.25 is used to obtain the binary localization mask. No CRF refinement
is applied in the reported default setting (CRF iterations = 0). For prompt optimization,
the number of candidate points is set to 50, and the number of selected prompts during
inference is fixed to k = 3.

To assess the robustness of the experimental results, all trainable models and stochastic
prompt-selection procedures were evaluated using five independent random seeds (0, 1, 2,
3, and 4). The same training and test partitions were maintained across all runs. For each
metric, we report the mean and standard deviation across the five runs. The proposed
method was evaluated across different disease categories and imaging conditions, with the
results summarized in Table 3.

Table 3. Segmentation performance under field and laboratory imaging conditions for different apple
leaf disease categories.

Disease Condition mloU (%) Precision (%) Recall (%)
Apple scab Laboratory 46.8 96.1 64.2
Black rot Laboratory 47.2 96.4 65.1
Cedar apple rust Laboratory 459 95.7 62.8
Alternaria leaf spot Labl:?::lléory ;L?é zgi gi?
Rust Lab(?ratory 45.7 95.6 62.9
Field 38.9 90.7 55.6

4.4. Comparison with Existing Methods

To verify the effectiveness of the proposed method, we compared it with several
baseline methods (Table 4), including the following: CAM Baseline: directly generating
lesion regions using traditional CAM; CCAM: a weakly supervised localization method
based on contrastive learning; Grad-CAM: generating CAM by leveraging the class-specific
weights of diseased classes in the output layer and the feature maps before the global
average pooling layer. Our method first applies probabilistic CAM and then performs
feature decoupling.

Figure 5 presents qualitative visualizations of the intermediate localization outputs
and final segmentation results produced by the compared methods. As shown in Figure 5,
ResNet-CAM is able to identify image regions containing visible disease spots, indicating

https:/ /doi.org/10.3390/agriengineering8100440
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that the model learns disease-related visual cues. However, its localization maps remain
relatively coarse. Several background pixels, particularly shadow regions, are incorrectly
activated, while some diseased regions are not covered. These false-positive and false-
negative regions reduce the spatial overlap between the predicted mask and the ground-
truth mask, resulting in a relatively low IoU.

In contrast, the proposed framework produces more spatially concentrated lesion
localization after probabilistic CAM-guided feature disentanglement. The subsequent
pseudo-mask refinement and RL-based prompt optimization further improve the spatial
completeness and boundary quality of the predicted lesion regions. These qualitative
observations are consistent with the quantitative results reported in Table 4.

Original image

Ground truth

CAM

Grad-CAM

CCAM

Ours

Figure 5. Visualization comparison.

Table 4. Comparison of different methods on segmentation performance.

Method Supervision mloU (%) Precision (%) Recall (%)
U-net Full 75.0 84.5 85.4
DeepLab Full 82.9 89.7 90.5
WSLSS-400 Semi 43.4 74.7 58.5
ResNet-CAM Weak 19.8 30.4 50.3
Grad-CAM + ExG Weak 18.0 28.0 489
DeepLab + Pseudo Weak 19.7 30.8 49.7
DeepLab + Pseudo + ExG Weak 35.7 71.3 51.1
WSLSS-200 Weak 43.1 74.9 57.9
Ours (no RLPO) Weak 441 94.6 55.8
Ours Weak 45.6 95.4 63.6

4.5. Ablation Study

To analyze the contribution of each component, we conduct ablation experiments
(Table 5).
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The results show that each component contributes to performance improvement.
In particular, the RL-based prompt optimization significantly improves boundary refine-
ment, while PCFD and DLC enhance pseudo-mask quality.

Table 5. Ablation study of probabilistic CAM and feature disentanglement.

PCFD DLC RLPO mloU (%) F1-Score (%)
v X X 41.6 £ 0.7 529 £0.8
X v X 412+038 52.8 £0.9
v v X 441+ 06 55.8 £ 0.7
v v v 45.6 £ 0.5 571+ 0.6

4.6. Effect of Prompt Optimization

To validate the effectiveness of the proposed prompt optimization strategy, we com-
pare it with heuristic methods in Table 6 and also compare the impact of the number of
prompts on the metrics in Table 7.

Table 6. Comparison of RL prompt strategies.

Prompt Strategy Description mloU (%) F1-Score (%)
Baseline Random sampling 426+10 542+£11
Heuristic + random Distance-based selection 44.4+0.7 56.1 +0.8
RL (Ours) Learned policy 456+05 57.1+£06

Table 7. Effect of number of prompts.

Number of Prompts mloU (%) F1-Score (%)
1 43.1+0.8 53.8+0.9
2 439+ 0.6 543 £0.7
3 45.6 £ 0.5 57.1£0.6
5 40.5+0.8 520+ 0.7
10 379 £ 1.0 492 +1.1

The proposed RLPO strategy achieves higher mean segmentation performance than
the random and heuristic prompt-selection strategies across the repeated runs.

4.7. Visualization Results

Figure 6 shows qualitative segmentation results.
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Figure 6. Model effect visualization.

The proposed method produces more complete lesion regions and cleaner boundaries
compared with baseline methods. In particular, it effectively suppresses background noise
and captures fine-grained lesion structures.

4.8. Cross-Crop Generalization

To further evaluate the generalization ability of the proposed method, we conducted
experiments on grape and strawberry leaf disease datasets. The proposed method achieved
an mloU of 37.9% in the cross-dataset evaluation, as reported in Table 8.

Table 8. Cross-crop generalization from apple to grape leaf disease images.

Method mloU (%) Precision (%) Recall (%)
Ours 379 4+0.8 824 +1.2 66.3 +1.0

Compared with the in-domain performance on apple leaves (45.6%), the performance
degradation indicates that the proposed method still suffers from domain shifts across differ-
ent crops. Differences in leaf appearance, disease characteristics, background, and imaging
conditions may affect the quality of disease localization and subsequent SAM prompt opti-
mization. Therefore, the cross-dataset result demonstrates partial transferability rather than
strong cross-crop generalization. While the proposed framework can still produce mean-
ingful segmentation on an unseen crop, its performance decreases substantially without
target-domain adaptation. Improving crop-invariant representation learning and domain
adaptation will be considered in future work.

5. Conclusions

This paper presents a weakly supervised framework for leaf disease segmentation
that integrates probabilistic feature disentanglement and reinforcement learning-based
prompt optimization. The proposed method addresses key challenges in agricultural image
analysis, including incomplete lesion localization, background interference, and the lack of
effective prompt selection strategies.

By introducing probabilistic CAM-guided feature disentanglement and a dual-loss
constraint, the framework improves the quality and stability of pseudo masks under weak
supervision. In addition, the proposed prompt optimization strategy enables adaptive and
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References

automatic selection of informative prompts, allowing a foundation segmentation model to
refine lesion boundaries without human intervention.

Experimental results demonstrate that the proposed method achieves competitive
performance compared with existing approaches while significantly reducing annotation
requirements. Cross-crop experiments further demonstrate that the proposed framework
retains meaningful segmentation capability on unseen crops, although a performance
degradation is observed under cross-domain conditions. These results indicate partial
transferability while highlighting the need for further domain adaptation to improve
robustness across different imaging conditions and crop types.

Future work will focus on improving computational efficiency and extending the
proposed framework to more diverse agricultural datasets and real-world field conditions.
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