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Abstract

Deep learning has accelerated progress in plant disease recognition, providing strong tech-
nical support for early diagnosis and precision management. However, models often lack
robustness and generalization when confronted with novel crops absent from the training
set, leading to a marked performance drop in cross-unseen-crop scenarios. Cross-crop
generalization for plant disease recognition requires models to identify known disease
categories in crop domains never observed during training. A central challenge is that
disease symptoms are strongly coupled with crop-specific appearance cues, which severely
degrades generalization. Here, TDC (Text-guided feature Disentanglement Contrast) is in-
troduced as a feature-disentanglement framework for cross-crop plant disease recognition.
The proposed method employs a dual-branch visual encoder to separately capture dis-
ease semantic representations and crop-domain representations, and it leverages a frozen
CLIP text encoder to use disease and crop prompts for text-guided semantic anchoring. A
semantic-anchor-only contrastive disentanglement strategy is further formulated under
a hybrid label space, where crop-branch features are incorporated as stop-gradient hard
negatives to suppress semantic-domain information leakage and strengthen the intra-class
aggregation of the same disease across crops. Residual domain-discriminative cues are
mitigated via domain-adversarial learning. During inference, only the disease branch
is retained for classification, improving generalization while reducing deployment over-
head. Experiments demonstrate that under the PlantVillage cross-crop setting, the method
achieves 98.04% and 74.29% Top-1 accuracy on seen and unseen crop domains, respectively.
Moreover, it attains 81.99% on a real-world field dataset of strawberry powdery mildew
and 76.31% on a low-illumination degradation set, validating robustness under realistic
imaging distribution shifts.

Keywords: cross-crop generalization; disentangled representation learning; vision-language
alignment; contrastive learning; plant disease classification

1. Introduction

With continued global population growth and accelerating climate change, ensuring
food security has become an urgent worldwide priority. Plant diseases are among the
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primary threats to crop yield and quality, imposing substantial losses on agricultural
productivity and economic returns [1,2]. In practice, disease diagnosis still largely relies on
visual assessments by experts—an approach that is labor-intensive, time consuming, and
increasingly constrained by a shortage of trained personnel [3]. Improving the accuracy
and efficiency of disease classification has therefore become a pressing objective in modern
agricultural research, motivating intensive efforts to build accurate and efficient automated
disease recognition systems at the intersection of agriculture and computer vision [4].
Although leaf symptoms are not the earliest manifestation for all plant diseases, they
constitute one of the first observable signs for a large proportion of diseases. Consequently,
leaf imagery provides an important basis for the early detection of many plant diseases [5].
Early detection and classification from leaf images are critical for enhancing agricultural
productivity and strengthening risk early-warning capabilities [6].

In recent years, deep learning has advanced rapidly in plant disease detection and
recognition [7,8]. Karthikeyan et al. [9] developed a DenseNet-based framework using deep
transfer learning for the content-based retrieval of agricultural plant disease images, aiming
to improve recognition accuracy and retrieval efficiency. To address the diversity issue
in plant disease classification, Eunice et al. [10] developed a cross-crop disease detection
method that integrates multi-domain data augmentation and transfer learning with the
aim of improving the learning of disease representations across different crop types. Based
on multi-crop leaf images collected under relatively controlled conditions, their model
achieved good classification results, indicating that the method can effectively capture
cross-crop differences in leaf disease data.

Despite recent progress, most plant disease classification methods assume that training
and test data share the same crop domains and disease label space. Here, we instead
consider a more challenging and practically relevant setting in which disease categories are
seen during training, whereas the crop domain at test time is unseen. The goal is therefore
not to recognize novel diseases but rather to generalize disease recognition across crop
species. Such a setting better reflects real agricultural scenarios, where the exhaustive
annotation of all crop—disease combinations is unrealistic. Moreover, the same disease
category may not be observed for every crop species during training, leading to missing
crop—disease combinations in the training set. Consequently, at test time, the model may
need to recognize a known disease category in a crop domain that has never been seen
during training. This poses a fundamental challenge for cross-crop generalization.

The central difficulty in cross-crop generalization lies in a pronounced domain shift
and the strong coupling between disease semantics and crop-appearance cues. Because
crop morphology, texture, and imaging background are often correlated with disease labels
during data collection, models can easily learn shortcut features tied to crop appearance or
acquisition conditions. When transferring from source crop domains to a new crop domain,
such domain-dependent representations often fail, leading to a substantial performance
drop in cross-crop testing. This highlights the limited adaptability of coupled crop—disease
features in disease recognition. We promote the aggregation of shared disease labels across
crops and the separation of distinct disease categories in a disease semantic space. Crop-
specific variation is constrained to an independent crop-domain subspace, as shown in
Figure 1.

Motivated by these challenges, this paper focuses on plant disease recognition under
unseen-crop generalization. During training, the model observes only a set of seen crop do-
mains, whereas at test time, it must recognize seen disease concepts in unseen crop domains.
This setting closely matches practical needs: a disease may migrate to, or be newly recorded
on, a previously unobserved crop species, while collecting sufficient labeled samples for
every crop—disease combination is unrealistic in both cost and time. Consequently, learning
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feature representations with strong generalization ability has become an important research
direction in this field.
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Figure 1. (a) Extracting disease-related, domain-invariant semantic representations, where samples
of the same disease are closer and different diseases are more separable. (b) Correctly classifying
disease categories in the disease-embedding space. (c) Correctly classifying crop domains in the
plant-embedding space.

We note that domain generalization and disentangled representation learning provide
a principled framework for mitigating crop-domain shift by learning domain-invariant
semantic representations from multiple source domains. Domain generalization methods
seek to improve robustness to domain variation through feature alignment and regular-
ization, invariant risk minimization, meta-learning strategies, and style perturbation [11].
Disentangled representation learning [12] explicitly separates the underlying generative
factors within samples, thereby reducing the interference of domain-specific nuisance
factors in category discrimination and improving generalization to unseen target domains.
However, existing methods still show clear limitations in cross-crop plant disease recog-
nition. Many methods implicitly assume similar crop distributions in the training and
test sets. Some methods require additional annotations. Others are limited to coarse bi-
nary recognition. In this task, disease symptoms are closely coupled with crop-specific
appearance cues. Domain-invariant learning in the visual space does not explicitly remove
semantic-domain coupling. It may even weaken visual cues that are critical for disease
discrimination. As a result, crop-domain information can still be encoded into the learned
disease representation.

To address these challenges, TDC (Text-guided feature Disentanglement Contrast) is
introduced as a text-guided framework for contrastive feature disentanglement. Cross-crop
disease recognition is formulated from the perspective of domain generalization (DG):
during training, only a set of seen crop domains is observable, whereas at test time, seen
disease categories must be recognized in unseen crop domains. TDC employs dual-branch
visual encoders to separately extract disease semantic representations and crop-domain rep-
resentations. To construct a transferable disease semantic space, a frozen CLIP text encoder
provides disease and crop textual prompts as semantic anchors, enabling cross-modal align-
ment and concept-level constraints. To suppress semantic-domain coupling and prevent
information leakage, a semantic-anchor-only contrastive disentanglement objective in a
mixed label space is further developed in which crop-branch features are incorporated
as stop-gradient hard negatives. This design discourages disease representations from
absorbing crop-domain information at the optimization level. Domain-adversarial learning
is employed to eliminate residual crop-domain-discriminative information. During infer-
ence, only the disease branch is retained for classification, thereby balancing generalization
capability with deployment efficiency. The framework addresses a setting with shared
disease labels and unseen crop domains. Text-guided disease prompts are used as semantic
anchors for cross-crop alignment. Crop-domain variation is explicitly separated from
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disease semantics. A semantic-anchor-only contrastive disentanglement is further designed
for the mixed crop-disease label space. This formulation targets semantic-domain coupling.
The main contributions are summarized as follows:

®  The cross-crop plant disease recognition task is systematically defined from a domain
generalization perspective. Under the setting where crop domains are unseen but
disease categories are seen, disease-specific domain-invariant representations are
learned, substantially reducing the reliance on crop-appearance cues and enabling
disease-semantic-centered disease classification across plant species, thereby markedly
improving generalization in multi-plant disease classification.

* A text-guided semantic anchoring module is introduced. Disease and crop textual
prompts constrain the disease and crop branches, respectively, mapping visual dis-
ease features into a shared, semantically invariant concept space. This promotes the
structured separation of semantic and domain factors and improves cross-domain
transferability and interpretability.

¢ A semantic-anchor-only contrastive disentanglement strategy is proposed. Within a
mixed label space, same-disease aggregation across crops and different-disease sepa-
ration are strengthened, while semantic-domain coupling and information leakage
are explicitly weakened by treating crop-branch representations as stop-gradient hard
negatives, thereby enhancing robust recognition in unseen crop domains.

In summary, TDC builds on a dual-branch architecture and combines text-guided
semantic anchoring with mixed-label-space contrastive constraints to enable the stable
extraction of disease semantics in cross-crop scenarios. By retaining only the disease
branch at the inference time, deployment overhead is reduced while strong generalization
performance is preserved. The remainder of this paper is organized as follows. Section 2
reviews related work; Section 3 presents the problem formulation, data construction, and
the network architecture, loss functions, and training procedure of TDC; Section 4 reports
comparative experiments and ablation studies with visualization-based analyses; Section 5
discusses methodological strengths, limitations, and potential applications; and Section 6
concludes the paper and outlines directions for future work.

2. Related Work
2.1. Disease Recognition in Unseen Crop Domains

Deep learning has been extensively adopted for plant disease recognition. Recent sur-
veys have summarized advances in plant disease detection based on state-of-the-art deep
learning models with emphasis on the performance of different network architectures and
feature-learning strategies across diverse recognition scenarios, commonly used datasets
and evaluation protocols, key challenges, and future research directions [13]. Recent studies
have begun to address the distribution shift in plant disease recognition more explicitly. Wu
et al. [14] proposed an unsupervised domain adaptation framework for plant disease recog-
nition from laboratory to field settings. Their method improved cross-domain recognition
by combining multi-representation learning, subdomain adaptation, and uncertainty regu-
larization. Gao et al. [15] further investigated multi-source domain adaptation for potato
disease recognition in field environments. Their model addressed the domain mismatch
caused by illumination variation and heterogeneous acquisition conditions. Yang et al. [16]
examined cross-domain few-shot learning for crop disease identification and showed that
performance drops markedly when source and target domains differ. More recently, Zhan
et al. [17] introduced domain generalization benchmarks for plant leaf disease recognition
and evaluated generalization to unseen domains. These studies confirm the importance
of cross-domain robustness in plant disease analysis. However, most existing methods
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still focus on domain adaptation, few-shot transfer, or benchmark-specific settings. Robust
recognition under unseen crop domains therefore remains insufficiently explored.

To meet the demand for cross-crop generalization, several studies have attempted to
weaken reliance on crop-disease combination labels. Bouacida et al. [18] partitioned leaf
images into small patches, labeled each patch as either diseased or healthy, and classified
the patches using a lightweight Inception network. This design avoids explicit distinctions
among crop species or disease types, alleviating the dependence of deep models on specific
crop—disease pairs and enabling efficient cross-crop, cross-disease detection and severity
assessment. Nevertheless, the formulation is primarily a binary discrimination (healthy vs.
unhealthy) and is therefore insufficient for fine-grained identification across multiple crops
and multiple diseases. Another line of work links leaf-image features with expert-defined
binary semantic attributes, constructing a zero-shot classification framework capable of
recognizing disease categories unseen during training [19]. Although this framework can
support cross-species disease classification, its performance is contingent on the choice
and quality of the semantic attributes, and accuracy may decline when visual differences
among crops are pronounced. In addition, per-image attribute annotation incurs substantial
extra cost.

Crop—disease recognition has also been formulated as Compositional Zero-Shot Learn-
ing (CZSL) [20,21]. This setting focuses on unseen crop—disease compositions while assum-
ing that both crop concepts and disease concepts are observed during training [22,23]. In
contrast, the present task targets seen diseases in unseen crop domains. Its core difficulty
lies in domain shift, not merely missing concept pairs. As a result, CZSL does not fully
address the cross-crop generalization problem considered here.

2.2. Disentangled Representation Learning for Cross-Domain Robustness

Domain generalization has long focused on maintaining stable model performance
under domain shift. In this setting, models are trained on data from multiple source
domains and are expected to generalize to unseen target domains. Disentangled repre-
sentation learning aims to separate different generative factors of the data into distinct
subspaces, thereby reducing the influence of nuisance factors on task discrimination. Re-
lated surveys have noted that disentanglement can be achieved through mechanisms such
as reconstruction-based constraints, adversarial learning, or information bottlenecks, and
it has demonstrated value in tasks including cross-domain recognition. Peng et al. [24]
proposed a domain-irrelevant learning framework that mitigates interference from domain
factors via disentangled representations. The deep adversarial disentangled autoencoder
DADA (Deep Adversarial Disentangled Autoencoder) further promotes the separation
of domain-irrelevant factors through an adversarial mechanism in a unified procedure.
Lin et al. [25] introduced an enhanced feature disentanglement module; by combining
disentanglement with response alignment, the approach effectively alleviates performance
bottlenecks caused by feature mismatch in both classification and regression tasks. Zhang
et al. [26] proposed DisMAE, integrating masked autoencoders with disentanglement
learning for unsupervised domain generalization and achieving competitive performance
on cross-domain vision tasks. These methods improve domain robustness, but they are not
sufficient for the current task. They are mostly developed for general cross-domain vision
settings. They do not explicitly address the semantic coupling between disease symptoms
and crop-domain cues. They also do not target the recognition of seen diseases in unseen
crop domains. This leaves the cross-crop disease recognition problem only partially solved.

Nevertheless, disentanglement learning in vision often suffers from an under-
constrained learning objective. With only visual reconstruction or adversarial constraints,
models may still encode mixtures of class-relevant and domain-relevant information, result-
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ing in subspaces with limited semantic purity and, consequently, constrained interpretabil-
ity and transferability. This issue is particularly acute for cross-crop disease recognition. In
settings where crop-appearance cues are strongly coupled with disease symptoms, pursu-
ing domain invariance solely within the visual feature space makes it difficult to explicitly
separate disease semantics from crop-appearance variation, thereby undermining the
stability of disease-centric representations. Moreover, overly strong domain-invariance con-
straints may suppress not only domain-specific noise but also critical disease-discriminative
cues, leading to suboptimal generalization on unseen crop domains.

2.3. Vision—-Language Multimodality and Textual Semantic Anchors

To mitigate semantic-domain information leakage during disentanglement and to
enhance the purity and cross-domain consistency of the semantic subspace, it is essen-
tial to introduce cross-domain-stable semantic anchors that impose targeted constraints
on the representation space. Semantic priors provided by vision-language pretrained
models can more effectively regularize the structure of representations learned during
disentanglement. CLIP (Contrastive Language-Image Pretraining) [27] performs con-
trastive learning on large-scale image—text pairs to jointly train image and text encoders,
enabling the use of natural-language supervision to produce highly transferable visual
representations and yielding substantial gains in zero-shot and few-shot classification. In
addition, Huang et al. [28] improved multimodal domain generalization by disentangling
representations into modality-shared semantics and modality-specific domain information.
Jiang et al. [29] fuse CLIP’s global semantic representations with DINOv2’s multi-scale
structural features via cross-modal integration to enable zero-shot anomaly detection in
industrial scenarios. Zi et al. [30] recast unsupervised dense counting as an image—text
matching problem and leverage multimodal deep shared prompt tuning together with
cross-modal alignment ranking to exploit the complementarity between CLIP’s visual and
textual modalities, thereby improving unsupervised counting performance. Together, these
studies indicate that incorporating language-driven semantic constraints can help structure
representation spaces and support generalization.

In agricultural vision, multimodal learning has also attracted attention, particularly
for complex pattern classification and automated feature extraction. Phan et al. [31] pre-
sented a multifaceted vision-language pretraining framework that enhances pathological
detection by decomposing disease descriptions. Nevertheless, such approaches often
still depend on extensive annotations or powerful pretrained models, which may be con-
strained by computational resources in practical applications. While multimodal fusion
is advantageous, cross-species classification remains challenging. Liaw et al. [32] applied
text-guided mechanisms to crop disease recognition. By leveraging language priors to
improve distributional consistency in a synthesized feature space, this approach effectively
improved recognition performance for unseen crop—disease combinations. Overall, these
studies suggest that combining CLIP’s multimodal alignment capability with text-guided
mechanisms can bridge visual and semantic gaps, offering strong support for cross-domain
disease classification.

Inspired by these lines of work, our objective is to alleviate the performance degra-
dation caused by distribution shifts in cross-crop disease recognition by explicitly dis-
entangling disease semantic representations from domain-variant factors. This strategy
aims to guide models to prioritize disease-discriminative cues that remain stable across
crop domains while suppressing crop-domain-related interference in feature learning and
decision boundaries, thereby improving generalization and robustness on unseen crop
domains and in real-world application settings.
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Following the above review, this paper focuses on cross-crop plant disease recognition
in unseen crop domains. The proposed framework introduces text-guided semantic an-
choring to improve cross-domain semantic consistency. It also incorporates a contrastive
disentanglement design to separate disease-related cues from crop-domain variation. As a
result, the method reduces semantic-domain coupling and improves recognition robustness
under domain shift.

3. Materials and Methods
3.1. Problem Formulation

Cross-crop disease recognition aims to learn disease-discriminative representations
that are transferable across species, enabling the knowledge of disease categories observed
during training to generalize to crop species absent from training. The objective is to accu-
rately recognize known diseases in unseen crop domains, thereby achieving generalizable
disease recognition for new species.

Under the cross-domain generalization setting for recognizing seen disease categories
in unseen crop domains, let C denote the total number of disease categories and M the
number of crop domains. Without loss of generality, the unseen target domain is indexed
as the M-th domain, while the remaining M — 1 domains are treai;fed as seen domains. For

j
i=1’

number of samples in domain j, x; denotes an input image, and y; € {1,...,C} denotes

the j-th crop domain, the sample set is defined as X; = {(xf:, y{: ) where n; denotes the
the corresponding disease label. The unseen-domain test set is defined as X" = Xy =
{(xM,yM)}™, while the seen-domain test set is defined as X" = Ujj\ifl XN, where
steen denotes the test subset of the j-th seen crop domain. The model is trained on seen crop
domains and evaluated on both seen-domain and unseen-domain test sets with all disease
labels remaining in the same category space. The goal is to learn disease-discriminative
representations that remain stable under crop-domain shift and support reliable recognition
in unseen crop domains.

To address disease recognition in dynamic agricultural scenarios with unseen crop
domains, a text-guided feature disentanglement contrast framework, termed TDC, is
proposed, as shown in Figure 2. The framework is designed to mitigate the strong coupling
between disease semantics and crop-domain variation. It learns disease-discriminative
representations while suppressing crop-related nuisance factors. Text-guided semantic
anchoring provide stable cross-domain guidance, and disentanglement learning further
reduces semantic-domain leakage. This design improves the transferability of disease
representations across crop domains and supports reliable disease classification in unseen
crop domains.

3.2. Segment—Raw Cross-View Contrastive Enhancement and Background Randomization

To obtain domain-invariant disease semantic representations under cross-crop set-
tings, a two-view augmentation strategy is designed to address background bias in the
PlantVillage dataset, where raw images exhibit highly homogeneous backgrounds. This
strategy strengthens robustness to crop-domain-related perturbations. Because raw im-
ages share strongly homogeneous backgrounds, contrastive alignment can encourage
reliance on shortcut cues such as background consistency or boundary shape, thereby
aggravating semantic-domain entanglement. To counteract the background bias caused by
such homogeneity, a structured cross-view learning mechanism is adopted. Specifically, a
segmentation-based view is introduced and combined with background randomization
to explicitly suppress background-induced spurious correlations. For view construction,
two-view augmentation is used to improve coverage and robustness in contrastive learning.
Each raw image yields two views that jointly participate in contrastive learning. The
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Segment View serves as a structured alternative view of the same instance and is paired
with an augmented raw view as two observations of that instance. The augmented raw

view xaW

retains the original background information and provides rich contextual tex-
tures. The background-randomized segmentation view ¥ is a structured alternative
observation of the same instance. To address the highly homogeneous background in
PlantVillage raw images, background randomization is applied to the region outside the

X" and x%¢8 share the same disease-

segmented foreground. Under this construction,
instance foreground semantics, while their background distributions are fully independent
and may even be mutually exclusive. This design forces the model, during cross-view
alignment, to discard background noise and focus on the shared disease semantic cues,
thereby explicitly suppressing background-induced spurious correlations and ensuring that
cross-view consistency is primarily driven by lesion semantics. On the disease semantic
branch, a class-supervised contrastive objective is adopted to learn disease representations
that exhibit intra-class compactness and inter-class separability. Under this objective, x°¢8
and X" are not treated as the only positive pair. Instead, they are regarded as two sample
views from the same disease category and are included in the sample set, forming an intra-
class alignment constraint jointly with disease representations of all same-class samples.
For each disease semantic representation obtained from an augmented view, all represen-
tations in the batch are denoted as D; with label y;. The set of positives for D; consists
of all representations satisfying yx = y;, while representations from other categories are
treated as negatives. Defining positives via disease-category consistency enables a more stable
learning of cross-crop-consistent disease semantics and helps suppress background bias. The
resulting two-view representations are optimized under the mixed-label-space cross-branch
contrastive loss L,;sc, whose formal definition is given in Equation (3). In this formulation,
the two views are not treated as an isolated positive pair. Instead, they are incorporated into
the class-level positive set and jointly contribute to intra-class compactness and inter-class
separation. During training, £y;s is further combined with the cross-modal alignment losses
and the domain-adversarial loss in the overall objective, as defined in Equation (5). Aug-
mentations applied to raw images include cropping, color jittering, grayscale conversion,
random Gaussian blur, and random erasing. All views are normalized. In parallel, the
corresponding Segment View is constructed for each raw view and subjected to back-
ground randomization. During training, each sample is represented by two synchronized
inputs, namely one raw view and one segmentation view derived from the same image.
This design is intended to suppress shortcut learning caused by the highly homogeneous
background in PlantVillage. The raw view is augmented with random resized cropping
(scale = 0.7-1.0), color jittering (brightness/contrast/saturation/hue = 0.4/0.4/0.4/0.1),
random grayscale conversion (p = 0.2), and Gaussian blur (p = 0.3, sigma = 0.1-2.0). Nor-
malization is applied at the end of the pipeline. The segmentation view uses the same
geometric augmentation. Outside the leaf foreground, full background randomization is
performed. The randomized background is sampled from three sources, namely solid-color
backgrounds, Gaussian-noise backgrounds, and blurred natural backgrounds, with a ratio
of 0.4:0.3:0.3. A boundary feathering operation with a width of 3 pixels is further applied.
This setting suppresses background-driven shortcut learning in PlantVillage while preserv-
ing lesion-foreground semantics.All operations were implemented using PyTorch (v2.6.0)
in Python (v3.13.2).

3.3. Multimodal Feature Extraction

A dual-branch feature extraction architecture was adopted to disentangle disease-
related and crop-related representations. This design reduces the coupling of the two factors
in a shared feature space. For the visual modality, the disease branch employs a ViT-
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B/16 backbone with 12 Transformer layers, whereas the crop branch employs a ViT-B/16
backbone with 6 Transformer layers [33]. Both branches were initialized from the pretrained
CLIP visual encoder. For the textual modality, a frozen CLIP text encoder was used to
provide stable semantic priors. This strategy helps preserve the cross-modal knowledge
acquired during large-scale image-text pretraining. It is particularly beneficial under limited
training data. It also improves generalization across different crop categories.

The pretrained parameters were obtained from the official OpenAI CLIP implementa-
tion (GitHub repository: openai/CLIP, commit dcba3cb; OpenAl, San Francisco, CA, USA).

Segment-Raw Cross-View Contrast Feature extraction module Disentanglement module
Enhancement and Background Randomization

Seen crop-domain leaf images Crcp-do{_nf}n text:"a photo of {disease}”

% B Tﬂ.v
v L () | —>
—- Text Encoder
Black rot _—
Apple leaf

raw augmented view ot

Cherry leaf . cos
Grape leaf : D; CT T
. * . : Inference:
Pepper leaf’ . > fa() —_—> ] ' disease branch only
Bacterial spot Visual Encoder || !
Powdery mildew ! I — Lee
' l
: ' . Prototype-based
Potato leaf : ) ] | I classification
Squash leaf * e . : (fine-tuning stage)
X i
Tomato leaf — —
Heahhy - : : E"“‘c
M~ : }
segment augmented view P; X )
m—| KO | >
Visual Encoder ]
i |
Unseen crop-domain leaf images —// T Le,

Peach leaf L »l) | —>
| Text Encoder

Bacterial spot Healthy —
Disease text :"a photo of {plant}”

Figure 2. Overview of the proposed framework. During training, each sample includes two syn-
chronized inputs from the PlantVillage subset: an original leaf image with background and its
corresponding segmented leaf image. The original image is used as the raw view with visual aug-
mentation. The segmented image is used as the segment view with background randomization.
These two inputs are fed into the disease branch and the crop branch to learn disease-semantic and
crop-domain representations. On the text side, a frozen CLIP text encoder maps disease prompts
and crop prompts into semantic anchors for cross-modal alignment. In the mixed label space, the
disease representation serves as the only trainable anchor, while the crop representation is used as
a stop-gradient hard negative. Domain-adversarial learning is further applied to reduce residual
crop-related factors. During inference, only the disease branch is retained, and disease concepts are
predicted using class prototypes. The crop labels denote crop domains, and the visual examples
correspond to leaf images. Different colors are used to distinguish the visual encoder and the text
encoder for clarity. The leaf images shown are representative examples only.

For each training image x;, the two visual branches are applied in parallel to obtain
a disease visual feature D; and a crop visual feature P;. Meanwhile, the corresponding
disease description and crop description are fed into frozen text feature extractors g4(-)
and gy (-), respectively, yielding the text embeddings T, ; and T),;. These cross-modal em-
beddings provide comparable semantic anchors for subsequent alignment, enabling a more
robust separation of disease semantics from crop-domain information. Under contrastive
constraints, alignment can be performed more precisely, thereby supporting the robust
generalization of disentangled representations to unseen species. A dual-encoder configu-
ration is considered preferable to a single-encoder alternative. Dual-branch disentangled
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modeling is more conducive to learning disease representations that are both crop-domain
invariant and discriminative. In contrast, collapsing the architecture into a single encoder
would entangle crop-domain information and disease-category information within the
same representation space, making it difficult to distinguish domain-invariant factors
that benefit classification from domain-related but category-irrelevant nuisance factors,
thereby weakening cross-crop generalization. By modeling crop-domain-specific factors
and disease semantics separately, the dual-branch framework suppresses interference from
crop-domain bias on disease discrimination and, in turn, promotes the learning of transfer-
able disease features. Therefore, the dual-branch design constitutes a key component for
improving cross-domain classification performance in this task.

3.4. Disentangled Representation Learning
3.4.1. CLIP Text-Guided Feature Disentanglement

Because the same disease type can exhibit substantial differences in texture, shape,
and color across leaves from different crops, extracting domain-invariant disease semantic
representations using visual cues alone remains challenging. In recent years, large-scale
vision-language models have provided a new perspective for mitigating this difficulty.
Purely visual models often emphasize pixel-level details or local structures and thus are
more prone to learning shallow features correlated with background, illumination, or
imaging viewpoint while being less effective at capturing high-level task-relevant seman-
tics. In contrast, introducing textual descriptions can provide higher-level semantic priors,
guiding models to focus on semantic-invariant factors tightly related to the task rather
than being limited to low-level cues such as shape and texture. With the development of
a pretrained language model, text embedding spaces contain rich and domain-agnostic
semantic knowledge that can serve as semantic references for visual learning [34]. Aligning
the feature distributions of visual branches to the text embedding space can compensate
for semantic information that may be overlooked during purely visual training. Moreover,
textual descriptions typically emphasize the core attributes of target objects and naturally
downplay nuisance factors such as illumination, background, and viewpoint, thereby
suppressing semantically irrelevant noise during training and yielding more discrimina-
tive representations. Motivated by these observations, a text-guided semantic anchoring
strategy is adopted. Visual and textual feature branches operate in parallel, using disease
text descriptions as semantic anchors to continuously constrain and guide the learning of
visual representations from the early stages of training. This strategy facilitates the stable
learning of disease semantics that remain consistent across crop domains. By allowing
disease semantics and crop semantics to jointly regulate visual representations, features
are mapped into a more general and more discriminative disease—crop semantic space.
Contrastive losses are employed to promote the disentanglement and separation of visual
features, thereby improving robustness and generalization for disease classification in
unknown crop domains. Specifically, a frozen CLIP text encoder is used to map predefined
prompt templates, “a photo of a {Disease}” and “a photo of a {Plant}”, into semantic anchors
for cross-modal alignment. To construct textual semantic anchors, simple category-name
prompts are adopted. This design is intentionally lightweight. It preserves the core seman-
tic label while avoiding excessive lexical bias from manually expanded descriptions. Short
prompts are also more consistent with the label granularity used in classification. This
helps maintain a stable alignment target for the disease and crop branches. In addition,
compact templates reduce the risk that handcrafted attribute words dominate the text
embedding and introduce irrelevant prior cues. A comparative evaluation of different
prompt designs is provided in Section 4.3, where the category—name template achieves the
best unseen-domain accuracy. For the i-th sample, the disease and crop prompts are fed
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into the frozen text encoders g4(-) and gy (-) to obtain the corresponding textual semantic
embeddings Tj;; and T} ;. Meanwhile, the image is processed by two visual branches to
extract the disease feature D; and the crop feature P;. A cosine-similarity-based loss is
adopted to enforce cross-modal alignment, encouraging the visual features to approach
their semantic anchors. The loss between the disease feature D; and its textual embedding
T, is defined as

N T;:-D;
£l =y (1 4 ) 1
Z( T, ||Di||> 2

i=1

and the loss between the crop feature P; and its textual embedding T}, ; is defined as

N T. :-P;
Che=Y 1- . 2
Z( 1T mn) ”

i=1

where D; and P; denote the disease and crop visual feature vectors for the i-th sample, T, ;
and T, are the corresponding textual semantic anchors, - denotes the inner product, and
||-|| denotes the £, norm. Under these constraints, visual features are continuously pulled
toward their corresponding positions in the semantic space during training, enabling stable
cross-modal semantic alignment.

3.4.2. Semantic-Anchor-Only Contrastive Disentanglement Strategy

CLIP-style methods remain challenged in cross-crop disease recognition. Although
textual prompts provide semantic guidance, without explicit constraints, it is difficult to
preserve the purity of the disease semantic subspace, and semantic-domain information
leakage may still occur. Therefore, merely incorporating CLIP is insufficient to guarantee ro-
bust cross-crop generalization; it must be jointly designed with structured disentanglement
and objective construction. In addition, agricultural disease datasets are constrained by
acquisition cost and scene complexity, and real-world data distributions are often markedly
imbalanced. Limited and biased data can exacerbate the coupling between disease seman-
tics and crop-domain factors, biasing the discrimination process toward domain-specific
cues, inducing domain dependence, and weakening generalization. To address these is-
sues, a mixed-label-space semantic-anchor-only contrastive disentanglement strategy is
introduced, which is inspired by the mixed feature space construction in Chen et al. [35]. A
mixed label space refers to incorporating both disease-branch features D; and crop-branch
features P; into the same contrastive set for similarity computation, thereby explicitly
characterizing the similarity structure and separability between disease semantics and
crop-domain factors. Unlike conventional contrastive learning that constructs positive
and negative samples only within a single representation space, crop-domain features are
further included as hard negatives in similarity computation to strengthen the disease
representation’s repulsion to crop cues. Gradients are blocked via sg(-) such that the
optimization signal from this contrastive objective is back-propagated only to the disease
branch. Consequently, the disease branch is forced to learn stable discriminative cues that
are distant from crop-domain information and to more tightly aggregate same-disease
samples across crops, thereby suppressing semantic-domain information leakage at the
mechanism level. Since inference targets only disease-category discrimination, the crop
branch mainly serves to represent domain factors and facilitate disentanglement during
training. Accordingly, retaining only the disease branch at inference suffices for classifica-
tion and can substantially reduce the parameter count and computational overhead. Using
disease semantic anchors obtained from the text encoder as a unified reference, semantic
alignment and intra-class compactness constraints are imposed on the disease subspace
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within a contrastive learning framework. Specifically, the disease-invariant semantic fea-
ture f;(i) is used as the anchor, and a contrastive objective is constructed jointly with
the corresponding disease features and crop features in the same mini-batch. The crop
feature f,(i) participates in similarity computation as a hard negative but does not receive
gradients. A mixed-label-space cross-branch contrastive loss L. is defined as

B -1 eXP<Di -sg(Dj)/ T)
ﬁmsc - Z W Z log

ieT jeP(i) exp(D,- -sg(Dj)/T) + keAZ/(‘) exp(D; - sg(Dy)/T) + gzexp(Di ~sg(Pa)/T)
all a

where - denotes the inner product, 7 is a scalar temperature parameter, sg(-) denotes the

®)

stop-gradient operator, and N’ is the number of original samples in a mini-batch. The
mini-batch index setis Z = {1,...,2N"}. Each sample contributes two inputs during train-
ing, namely a raw image and a paired segmentation image from the dataset. These inputs
yield two disease representations. Hence, the contrastive set contains 2N’ representations,
leading to I = {1,...,2N"}. The positive set is defined by label-consistent disease represen-
tations, not by image pairs themselves. For sample i with disease label y;, the positive set
consists of disease representations from the same disease category. The positive index set is
P(i) ={pel|p+#1i yp=y:} with corresponding disease representations {Dp } ,cp(i)-
Negatives consist of two parts: (i) disease representations from different disease categories,
with index set N;(i) = {k € T | yx # y;} and corresponding disease representations
{ Dk} ke, (i), and (ii) all crop-domain representations in the mini-batch, where the crop-
domain negative index set is N/, = Z with crop representations {P; },c7. By restricting the
contrastive anchor to the disease-invariant semantic branch and applying a stop-gradient
operation to other vectors, the resulting training signal pulls same-disease samples across
crops closer while pushing different diseases farther apart. This mechanism imposes two
complementary constraints on the disease semantic branch by separating different dis-
eases while discouraging reliance on domain cues, thereby suppressing semantic-domain
information leakage and improving cross-domain generalization.

3.4.3. Domain-Adversarial Semantic-Domain Disentanglement

Semantic-domain disentanglement is promoted from two perspectives, namely seman-
tic anchoring and similarity-based contrastive objectives. However, due to data structure
constraints, the PlantVillage training set used here exhibits strong class-conditional domain
correlation, because each disease type appears in only two crops. Under this condition,
the model may encode crop-domain information into local subspaces or statistics of the
disease representation in a bypass manner without substantially disrupting the contrastive
similarity structure. Such residual domain signals can remain in dimensions that are rel-
atively insensitive to the contrastive objective. Although these signals may not increase
the loss on the seen domains, they can induce a class-conditional distribution shift on
unseen crop domains, making the decision boundary sensitive to domain changes and thus
weakening generalization. In addition, the training set exhibits strong domain correlation,
data imbalance, and limited imaging diversity, which can further exacerbate the class-
conditional distribution shift on unseen crop domains and ultimately limit cross-domain
generalization. Domain-adversarial learning provides a complementary and stronger
constraint by directly minimizing the domain decodability of disease representations. By in-
troducing a crop-domain discriminator on top of disease features and performing min-max
optimization via a gradient reversal mechanism, the feature extractor is explicitly driven
to produce disease representations from which crop identity is difficult to predict. This
optimization-level constraint suppresses any residual domain information that could be
exploited by a domain classifier. In effect, domain-adversarial learning explicitly minimizes
the separability between disease features and crop-domain labels, imposing an upper
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bound on domain information in the disease representation and blocking residual domain
signals that remain decodable. Concretely, crop labels are used as domain supervision. A
lightweight crop-domain classifier C, is attached to the disease-branch representation D;,
and a Gradient Reversal Layer is applied to construct a min—-max adversarial objective,
forcing D; to be predictive of disease while being uninformative about crop identity. The
domain-adversarial loss is defined as

grl 1
‘Cdom - 2N

7 Y CE(C.(GRL(D;)), ¢;), 4)
i€

where D; denotes the feature extracted by the disease branch for the i-th sample, c; is the
corresponding crop-domain label, C.(-) is the lightweight crop-domain discriminator, CE(-)
is the cross-entropy loss. This GRL-based adversarial objective follows the DANN-style
training paradigm [36]. It suppresses hidden domain shortcuts from the perspective of
decodability without relying on changes in similarity structure, thereby stabilizing class-
conditional distributions and decision boundaries on unseen crop domains and improving
robustness and generalization for cross-crop disease recognition. The total loss is

'Ctotal = Emsc + Al (ﬁleos + Lfos) + )‘2£ng (5)

dom*

3.5. Category-Prototype-Based Fine-Tuning for Classification

During fine tuning, a learnable prototype-based classifier is adopted for disease con-
cept prediction. Owing to the constraints introduced during training, learnable proto-
types are updated within a domain-invariant disease semantic space, thereby achieving
a better trade-off between discriminability and generalization. Specifically, for each class
c € {1,...,C}, a trainable prototype vector w. € R? is introduced. The negative squared
Euclidean distance between the disease semantic embedding D; and the prototype is used
as the classification logit [37,38]:

exp(fic)

_— 6
Y exp(lig) ©

2
bie==lIDi—wely,  plyi=clx)=
During training, supervised cross-entropy is minimized to update both the encoder
and prototype parameters:

1 N
Lee = N g CE(softmax(¥;), ;). @

Learnable prototypes can more readily adapt to calibrate class centers under class imbal-
ance and cross-crop appearance variations, thereby yielding a more stable decision boundary.

3.6. Dataset

Experiments were conducted on the PlantVillage (PV) dataset [39]. PV contains
54,306 leaf images from 38 original crop—disease combination classes. These labels are
defined at the crop—disease combination level rather than at the disease-concept level. For
cross-crop disease recognition, the original labels were reorganized into a disease-concept
label space. Identically named diseases across crops were merged. Healthy was treated as
an independent concept. The prediction target is the disease concept, whereas crop labels
are used only to define crop domains and evaluation splits.

Only disease concepts appearing in at least two crop domains were retained. This
constraint enables cross-crop positive supervision during training. The resulting sub-
set contains 6 disease concepts, including Healthy, across 8 crop domains. It includes
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21,521 original images with background and 19,369 segmented images. Segmented im-
ages were used only during training. The dataset used in this paper therefore contains
both images with background and images without background, as shown in Figure 3.
The figure presents representative examples and illustrates the split between seen and
unseen domains.

Crop-domain generalization was evaluated under a leave-one-domain-out protocol.
One crop domain was treated as unseen, and the remaining domains were used for training
and validation. Unseen-domain evaluation was restricted to disease concepts shared by the
training domains and the held-out domain. Because the bacterial spot is the only concept
present in three crop domains, full rotation over all eight domains is not feasible. Restricted
cross-validation was therefore performed by alternating the unseen domain between Peach

Potato Potato herry(including sour) : i Peach

and Pepper.

images with background

pple
7 %
V¥

! images segmented from the background

Squash Peach

(e)Bacterial spot

Pepperbell Appple

y

=

£
Peach

Grape Tomato Tomato Squash Tomato Cherry(including sour)
(a)Black rot (b)Early blight (c)Late blight (d)Powdery mildew (e)Bacterial spot (f)Healthy . (fHealthy

seen crop domain N
unseen crop domain

Figure 3. Representative samples from the PlantVillage subset used in this study. Original images
with background are shown in the upper part, and the corresponding background-removed images
are shown in the lower part. The left side presents samples from the seen crop domains, while the
right side presents samples from the unseen crop domain.

Table 1 reports the detailed dataset configuration when Peach is used as the unseen
crop domain. Seven crop domains were used for training and validation. One crop domain
was held out as a strictly unseen test domain. The held-out domain was not used for
model selection. Within the seen domains, samples in each combination of crop domain
and disease concept were divided into training and validation sets at a ratio of 9:1. This
stratified split preserved the relative class composition within each seen domain. It enabled
a more controlled evaluation of in-domain performance and unseen-domain generalization.
The retained crop domains are not class-balanced. Apple, Grape, Cherry (including sour),
Pepper (bell), and Peach each include 2 classes. Potato includes 3 classes, Tomato includes
4 classes, and Squash includes 1 class. Under the restricted cross-validation protocol, the
held-out domains are Peach and Pepper. For each held-out domain, 2 classes are assessed,
namely Bacterial spot and Healthy.
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To further validate the proposed method, an external strawberry powdery mildew
dataset [40] was used. The dataset was obtained from the Strawberry powdery mildew
image dataset released on Zenodo. Strawberry was treated as an unseen crop domain and
was absent from the PV training data. This dataset was used only for external testing. No
model updating was performed on it. To evaluate robustness under low-light conditions,
a degraded version of this dataset, denoted as SP_low, was further constructed. The
degradation was applied at the pixel level without changing the original geometry or
semantic content. It includes reduced brightness, additional noise, a slight color bias,
and mild blur. Figure 4 presents representative examples from the real-world strawberry
powdery mildew dataset and its low-light counterpart. The figure illustrates the visual
characteristics of the external test data used for cross-dataset evaluation.

Table 1. Data distribution in the constrained PlantVillage subset. “With background” denotes original
images, and “segmented” denotes background-removed leaf images.

Category Crop Domain With Background Segmented
Bacterial spot Pepper (bell) 997 897
Bacterial spot Tomato 2127 1914
Bacterial spot Peach 2297 0

Black rot Apple 621 559

Black rot Grape 1180 1062

Early blight Potato 1000 900
Early blight Tomato 1000 900
Late blight Potato 1000 900
Late blight Tomato 1909 1718
Powdery mildew Cherry (including sour) 1052 947
Powdery mildew Squash 1835 1652
Healthy Apple 1645 1481
Healthy Cherry (including sour) 854 769
Healthy Grape 423 381
Healthy Pepper (bell) 1478 1330
Healthy Potato 152 137
Healthy Tomato 1591 1432
Healthy Peach 360 0
6 8 21,521 19,369

””A\{“.\ N

<]

Figure 4. Strawberry powdery mildew real-world and low-light field datasets.

4. Analysis of Experimental Results
4.1. Experimental Setup and Implementation Details

TDC was implemented under a pretraining—fine-tuning paradigm. The model used
a dual-branch visual architecture. The disease branch adopted ViT-B/16 with depth 12.
The crop branch adopted ViT-B/16 with depth 6. Both branches were initialized from the
pretrained CLIP visual encoder. A frozen CLIP text encoder was used to provide semantic
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anchors for disease and crop concepts. This design preserved the general semantic prior
learned from large-scale image—text pairs.

During pretraining, all input images were resized to 224 x 224 pixels. Optimization
was performed using AdamW. The initial learning rate was set to 1 x 10~*. The weight
decay was set to 0.05. Training was conducted for 100 epochs. The batch size was set to
E x 8, where E denotes the number of crop domains used in training. The temperature
parameter in contrastive learning was fixed at 0.07. The text-guidance weight was set
to 0.3. The domain-adversarial weight followed a warm-up schedule. It was activated
from epoch 9 and increased to 0.35 at epoch 20. To improve reproducibility, deterministic
computation was enabled through the corresponding cuDNN settings. The data split
seed, denoted as trial_seed, was fixed to 0. For each test environment, the data partition
remained unchanged, while training was repeated three times with different random seeds
(0, 1, and 2). The final result was reported as the average of the three runs.

All experiments were conducted on an NVIDIA RTX 4090 GPU with 24 GB memory.
The detailed configuration of the experimental environment is provided in Table 2. At
inference time, the text branch was removed, and only the disease branch was retained for
classification. This inference protocol is consistent with the task objective, which targets
disease recognition rather than crop-domain prediction.

Hyperparameters were optimized using a coarse-to-fine strategy based on validation
performance. Initial values and candidate ranges were determined from prior experience,
common practice, and preliminary pilot experiments. For the most influential hyperpa-
rameters, one-factor analysis was then conducted to further narrow the search space. A
targeted grid search was subsequently performed within the reduced ranges, and the final
configuration was selected according to the best harmonic mean (HM) on the validation set.
Finally, sensitivity analysis was carried out in the neighborhood of the selected optimum to
assess the robustness of the configuration. The corresponding search space and selected
values are summarized in Table 3.

Table 2. Experimental environment configuration.

Environment Parameters
GPU NVIDIA GeForce RTX 4090 (24 G)
CPU Intel(R) Core(TM) i9-14900K 3.20 GHz
Development PyCharm 2024.3.4
Language Python 3.13.2
Framework PyTorch 2.6.0
Operating platform CUDA 12.4
Operating System Windows 11 Professional

Table 3. Hyperparameter search space and selected values.

Hyperparameter = Empirical Initialization =~ Search Space Selected Value
Learning rate 1x1074 (5x1072,1x 10742 x 107%,5 x 1074} 1x1074
Batch size 16 {8, 16, 32} 8

Temperature T 0.07 {0.03, 0.05, 0.07, 0.10, 0.15} 0.07

Text weight 0.3 {0.1,0.3,0.5,0.8} 0.3

Da weight 0.30 {0.25, 0.30, 0.35, 0.40} 0.35

Epochs 100 {50, 100, 150} 100

4.2. Comparative Evaluation
4.2.1. Performance Analysis on Seen and Unseen Domains

To systematically evaluate the effectiveness of the proposed method, comparative
experiments are conducted on the PV dataset against eight representative baseline models.
The baselines span different learning paradigms to ensure comprehensive and interpretable
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comparisons. Specifically, a standard supervised ViT backbone is first included as a refer-
ence to characterize the performance ceiling under a purely supervised paradigm as well
as the cross-domain generalization bottleneck. Second, the conditional multi-task learn-
ing method CMTL-VIiT [41] is introduced to assess the extent to which task-conditioning
information improves transferability in disease recognition. The third category of meth-
ods focuses on a key research direction in the field of unseen crop disease recognition,
namely, the representation learning of unseen crop-disease combinations. This category
includes the purely visual FE-ViT [22] and its self-supervised variant, CL-ViT [23], with
FF-ViT being widely adopted as the baseline in this setting. The fourth category comprises
vision-language pretraining and language-augmented visual representation methods, as
exemplified by CLIP, CoCoOp [42], and FF-CLIP [32]. In particular, FF-CLIP is specifically
designed to classify previously unseen crop-disease combinations. Finally, to validate the
applicability of existing domain-generalization paradigms to the specific task of recogniz-
ing previously unseen crop diseases, two domain-generalization methods were included
for comparison. DADA [24] is a domain-generalization approach based on adversarial
disentanglement, whereas DisMAE [26] is a self-supervised reconstruction method that
integrates disentangled representation learning. The Top-1 classification accuracy of all
models on the seen and unseen domains is reported in Table 4. In addition, the harmonic
mean (HM) of these two scores is provided, offering a comprehensive indicator of how well
each model balances in-domain performance with out-of-domain generalization ability.

All methods were evaluated under the same benchmark protocol. The compared
methods used the same constrained PlantVillage subset, the same disease-concept label
space, and the same leave-one-domain-out split. For fair comparison, all methods were
implemented with a unified ViT-B/16 backbone. Methods originally designed for unseen
crop—disease composition recognition were adapted by changing the output target from
crop—disease combinations to disease concepts while preserving their original learning
strategies. For supervised and domain-generalization methods, all models were trained on
the same source-domain data and evaluated directly on the same held-out crop domain.

The proposed method maintains strong performance on the seen domains while
delivering the highest accuracy of 74.29% on the unseen domains and the best HM of
84.53%. Compared with the current strongest baseline, FF-CLIP, its HM is further improved
by 2.90 percentage points. These results indicate that the method achieves a better balance
between in-domain performance and out-of-domain generalization, demonstrating greater
robustness and transferability, particularly for the critical task of recognizing previously
unseen crop diseases.

Table 4. Performance comparison on seen and unseen crop domains.

Model Seen (%) Unseen (%) HM (%)

ViT 99.34 + 0.1 24.78 + 0.3 39.67 + 0.3
CMTL-ViT 99.49 +0.2 31.72 £ 0.6 48.10 + 0.6
DADA 97.76 +£ 0.3 4232 4+ 0.4 59.07 + 0.4
FE-ViT 99.53 £ 0.1 52.15 £+ 0.3 68.44 £ 0.3
CL-ViT 99.31 +£0.3 5428 + 0.4 70.19 £ 0.4
CLIP 98.59 4+ 0.2 4932 + 0.3 65.75 +0.3
CoCoOp 99.36 0.5 55.06 & 0.6 70.86 = 0.6
FE-CLIP 99.19 + 0.2 69.35 + 0.5 81.63 = 0.4
DisMAE 98.56 + 0.4 68.27 + 0.8 80.67 = 0.8
TDC 98.04 +£ 0.4 7429 + 0.7 84.53 +£ 0.6

https:/ /doi.org/10.3390/ electronics15081553


https://doi.org/10.3390/electronics15081553

Electronics 2026, 15, 1553

18 of 25

4.2.2. Parameter Efficiency and Inference Overhead

To evaluate deployment friendliness from the perspective of parameter efficiency, the
total number of inference-time parameters and the average per-image inference latency
were further compared. The results are summarized in Table 5. The comparison was
conducted on a representative subset of disease-recognition methods under the same
measurement setting. Within this subset, the proposed method uses the fewest inference-
time parameters, achieves the lowest inference latency, and attains the highest HM. These
results suggest a favorable efficiency-accuracy trade-off among the evaluated methods. In
addition to its strong performance on unseen domains, this method maintains a relatively
balanced profile in terms of model efficiency and predictive accuracy.

Table 5. Comparison of parameter efficiency and inference overhead across models.

Model CMTL-ViT FF-ViT CL-ViT FF-CLIP TDC
Total parameters (M) 89 200 125 310 85
Execution time (ms) 191 4.69 343 4.97 1.89

HM (%) 48.10 68.44 70.19 81.63 84.53

4.2.3. Cross-Dataset Generalization and Distribution Robustness Evaluation

Due to data structure limitations, the unseen domain evaluation on the PV dataset,
excluding the healthy category, is only validated on the unseen crop—disease combination
of Peach and Bacterial spot. The unseen domain accuracy for this combination is 71.27%.
To further eliminate model overfitting to specific crops or data distributions, and to test its
cross-domain generalization ability, we conducted cross-dataset testing on datasets with
significant differences in acquisition conditions and data distributions. We evaluated the
model on the PlantDoc [43] dataset and a strawberry powdery mildew dataset collected
from actual field conditions, where strawberry was an unseen crop during training. Ad-
ditionally, we constructed a low-light test set, SP_low, based on the SP dataset. SP_low
consists of normally exposed images, simulating low-light imaging characteristics with-
out altering the geometric structure or semantic content. This includes reduced overall
brightness, a lower signal-to-noise ratio, and slight color bias with mild blur, which were
used to analyze the model’s robustness and scalability under low-light conditions. The
assessments reported in this subsection do not belong to a single evaluation category.
Rather, they represent several distinct but complementary forms of evidence. The PV result
corresponds to in-benchmark unseen-domain evaluation. The PlantDoc result reflects
robustness to cross-source distribution shift. The SP result provides evidence of cross-crop
transferability on a real-field dataset. The SP_low result assesses robustness under low-light
image degradation. These results should therefore be interpreted as complementary rather
than homogeneous. Taken together, they indicate that the learned representation remains
relatively stable under multiple forms of distribution shift. The results are shown in Table 6.

Table 6. Evaluation on real-world and low-light datasets.

Dataset Category Unseen (%)
PV Bacterial spot 71.27
PlantDoc Bacterial spot 61.11
SP Powdery mildew 81.99
SP_low Powdery mildew 76.31

In the PlantDoc dataset, the crop categories overlap highly with the seen crop domain
in the PV dataset, making it challenging to create a completely consistent unseen crop
domain as in PV. However, there are significant differences in the imaging devices, shooting
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distance, and background between PlantDoc and PV, which allows for the evaluation
of the model’s robustness to distribution shifts across data sources. The results show
that the model achieves an accuracy of 61.11% on PlantDoc, suggesting that the learned
representation retains a certain degree of cross-source transferability.

To examine whether the learned representation extends beyond a single unseen crop—
disease case, additional evaluation was conducted on the SP and SP_low datasets. The SP
dataset contains field-acquired images of strawberry powdery mildew, where strawberry
was not observed during training. Under this setting, the method achieves an accuracy of
81.99%. The SP_low dataset was constructed from SP to simulate low-light degradation
while preserving the geometric structure and semantic content of the original images. On
this set, the accuracy is 76.31%. The decrease from SP to SP_low is limited in magnitude,
which is consistent with a degree of tolerance to the constructed illumination-related
perturbation. Accordingly, the SP and SP_low results are more appropriately interpreted as
suggestive evidence of transferability and low-light tolerance.

In summary, although the unseen-domain evaluation on PV is limited to a single
unseen crop—disease combination, the additional evaluations under different conditions
provide complementary evidence relevant to generalization beyond the benchmark setting.
Taken together, these results indicate that the learned representation retains a degree of
transferability under the tested unseen or shifted conditions and shows some tolerance to
low-light degradation.

4.3. Ablation Studies

To better reflect the training pipeline, the ablation analysis considers both the pre-
training stage and the fine-tuning stage. Table 7 reports the effect of the main pretraining
components in terms of HM. Starting from the dual-branch backbone, adding contrastive
learning alone yields only a limited gain, increasing HM from 74.71% to 75.19%. In contrast,
text guidance and domain-adversarial learning each lead to more noticeable improvements,
reaching 79.64% and 77.89%, respectively. When these components are combined, the gain
becomes more pronounced, and the full pretraining configuration achieves the best result
of 83.39%. These results indicate that semantic guidance and domain-related suppression
contribute in a complementary manner during pretraining.

Table 7. Pretraining ablation.

D;:;irj::h Contrastive Text Guidance AdD:eI;;Zl:;al HM (%)
v 74.714+0.3
Ve v 75.19 £ 0.5
v v 79.64 + 0.6
v v 77.89 +0.9
v v v 81.84 £ 0.6
v v v 8212+ 0.8
v v v 81.62+ 0.5
v v v v 83.39 0.6

v indicates that the corresponding component is enabled.

Table 8 further examines the effect of prototype-based fine-tuning. On top of the full
pretraining configuration, adding the prototype constraint improves HM from 83.39% to
84.53%. This result suggests that prototype regularization provides an additional benefit
beyond pretraining alone. Overall, the gains of TDC are not driven by any single com-
ponent; rather, they arise from the coordinated optimization across three aspects, namely
semantic alignment, domain invariance, and intra-class aggregation, thereby enabling
stronger generalization in unseen-crop disease recognition.
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Table 8. Prototype ablation.

Setting HM (%)
Without prototype 83.39 £0.7
With prototype 84.53 £ 0.6

To justify the prompt design in Section 3.4.1, an additional comparison of text templates
was conducted. Three prompt forms were considered: (1) the category-name template
used in the main model, (2) a manually written descriptive template, and (3) a decoupled
descriptive template. The category-name template uses only the disease or crop label,
such as “a photo of a disease”. The descriptive template expands the prompt with textual
attribute descriptions. The decoupled descriptive template further separates disease-related
and crop-related textual content. All variants were evaluated under the same training
protocol and the same unseen-domain test setting. The objective was to examine whether
more detailed textual descriptions provide stronger semantic guidance than the simple
label-based template.

As shown in Table 9, the category-name template yields the best performance on both
the seen and unseen domains. The gain on the seen domain is marginal. The gain on the
unseen domain is more pronounced. Compared with the descriptive template, unseen
accuracy increases from 69.85% to 74.29%. Compared with the decoupled descriptive
template, unseen accuracy increases from 72.21% to 74.29%. The results indicate that under
domain shift, the decoupled descriptive template further reduces semantic entanglement
relative to the descriptive design. However, its performance remains inferior to that of the
concise category-name template. Concise label-level prompts provide more stable semantic
anchors for cross-modal alignment.

To assess whether the reported performance depends on an overly narrow parameter
configuration, sensitivity analysis was conducted for the most influential hyperparameters.
The analysis focuses on the text-alignment loss weight and the domain-adversarial loss
weight, as these terms directly control the strength of semantic anchoring and domain-
invariant representation learning, which are central to the proposed framework. The final
training configuration is given in Section 4.1. In each analysis, only one hyperparameter
was varied, while all others were fixed to the final selected configuration. Performance was
evaluated on both the seen and unseen domains. The harmonic mean (HM) of the two
Top-1 accuracies was used as the main summary metric. As shown in Table 10, the model
remains relatively stable under moderate perturbations around the selected values.

Table 9. Effect of different prompt templates on seen-domain and unseen-domain classification performance.

Prompt Type Seen (%) Unseen (%)
Descriptive template 97.97 69.85
Decoupled descriptive template 98.00 72.21
Category-name template (ours) 98.04 74.29

Table 10. Sensitivity analysis of key hyperparameters measured by HM (%).

Hyperparameter Setting Value HM (%)
Text weight 0.1 82.27
Text weight 0.3 84.53
Text weight 0.5 83.58
Da weight 0.30 83.61
Da weight 0.35 84.53
Da weight 0.40 80.63
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4.4. Representation Visualization

To provide an intuitive assessment of whether the disease representations learned
by TDC are consistent across crop domains, t-SNE was applied to visualize the features
output by the disease branch, as shown in Figure 5. The visualization suggests that the
learned disease representations are relatively more aligned with pathology-related cues
than with crop-domain-specific appearance factors. A similar cross-domain mixing pattern
is observed for the Healthy class with a comparatively stable intra-class structure. These
patterns are consistent with the interpretation that the proposed method may capture
cross-domain disease semantics and reduce reliance on superficial crop-domain cues. This
visualization provides qualitative support for this interpretation.

® Pepper
Tomato

o Cchery L o Cheny
® squash Vi Sy ® FPepper

(a) Bacterial spot on Pepper vs Tomato (b) Powdery mildew on Cherry vs Squash (c) Healthy on Pepper vs Cherry

e Potato ® Potato ® Apple
Tomato Tomato ® Grape

(d) Early blight on Potato vs Tomato (e) Late blight on Potato vs Tomato (f) Black rot on Apple vs Grape

Figure 5. t-SNE visualization of the domain-invariant disease representations learned by TDC on the
dataset. Each subplot shows the embedding distribution of a shared cross-domain category under
different crop domains with point colors indicating the crop-domain source.

4.5. Semantic Invariance and Disentanglement Verification

In unseen-crop disease classification, the domain invariance of the learned disease
representations is assessed using the crop-domain decodability of the disease-branch fea-
tures. Specifically, a crop-species classifier is trained on the disease-branch features, and its
accuracy reflects the amount of residual crop-domain information encoded in the disease
representation. If this branch captures disease semantics that are independent of the crop
domain, its ability to discriminate crop species should be close to random; under this
setting, the random baseline is 14.29%. Incorporating text guidance and contrastive con-
straints improves feature discriminability and yields a certain degree of disentanglement.
However, because crop appearance and disease symptoms are strongly correlated visually,
the crop-domain classification accuracy based on disease features remains persistently
high, indicating that domain-related factors have not been sufficiently removed. This
phenomenon can be attributed to the strong visual coupling between crop appearance and
symptom patterns. In contrast, after feature learning becomes relatively stable, introducing
GRL-based domain-adversarial training further suppresses and removes residual crop-
domain cues while preserving domain-invariant disease semantics. Correspondingly, the
crop-domain classification accuracy drops substantially and gradually stabilizes, indicating
that domain-adversarial learning further encourages the model to capture disease semantic
features with stronger cross-domain consistency. Taken together, these results provide
supportive evidence that the learned disease representations become less crop-domain-
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decodable while retaining disease-relevant semantics. This pattern is consistent with
improved representational generalization in cross-crop recognition, as shown in Figure 6.

100

—— w/ GRL-based domain-adversarial disentanglement

a wie GRL (no domain adversarial term)

804

104

60

50

40

30 4

Plant classification accuracyi)

20
14.29 o
10 H

0 Q 2'0 4'0 Gb BID 100
Epoch

Figure 6. Domain-disentanglement evaluation for disease representations. A crop-domain classifier
is trained on features produced by the disease branch, and its classification accuracy serves as a
proxy for crop-domain information leakage. The orange curve reports crop-domain accuracy when
only text guidance and mixed label-space contrastive learning are applied. The blue curve reports
crop-domain accuracy after incorporating domain-adversarial training using a gradient reversal layer.
The gray dotted line represents the random baseline for classification.

5. Discussion

Compared with existing supervised, disentanglement-based, and vision-language
methods, the present framework is better suited to the task of recognizing seen diseases in
unseen crop domains. The results suggest that the performance gain does not arise only
from stronger visual encoding. A more important factor lies in how disease semantics and
crop-domain variation are organized during representation learning. Compared with con-
ventional supervised methods and domain-generalization baselines, the proposed design
is more consistent with the current task setting, which requires the recognition of seen
diseases in unseen crop domains. Purely visual disentanglement or reconstruction-based
methods can improve robustness. However, they do not explicitly anchor disease features
to a cross-domain semantic reference. Vision-language baselines introduce semantic priors.
However, they still do not sufficiently constrain the leakage of crop-domain information
into disease representations. From the deployment perspective, retaining only the dis-
ease branch during inference enables strong parameter efficiency and low latency. This
makes the method suitable for field inspection and early warning applications. It also
supports its use as a core visual module in multimodal agricultural perception systems.
The method does not require attribute annotation. Instead, it uses a text-guided disentan-
glement mechanism to separate disease semantics from crop-domain-related factors with
the aim of learning disease-invariant features that remain robust across plant species. To
avoid ambiguity, the claimed state-of-the-art performance is limited to the setting of unseen
crop-domain generalization.

Several limitations still remain in this paper. Owing to constraints in the dataset
structure, only disease concepts appearing in at least two crop domains were retained. As
a result, the final benchmark covers only six disease concepts and eight crop domains.
Therefore, the current evaluation does not yet cover a broader range of crop species and
disease categories. This choice helps the model focus on common patterns across plants
and allows a clearer validation of methodological feasibility. However, it also limits appli-
cability to more diverse plant species and disease types. Therefore, the current benchmark
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is better interpreted as a controlled feasibility test rather than a fully comprehensive
cross-crop benchmark.

Accordingly, future work will further expand the study to larger real-world field
datasets that cover multiple dimensions, including species, season, region, and device
conditions. More plant species and disease categories will also be included to improve
coverage and practical applicability. The current setting assumes that all disease concepts
are already seen. In real deployment, however, the system may face novel diseases, co-
infections, and differences in disease severity. The integration of open-set recognition
and uncertainty estimation may improve operational safety. The text-guided mechanism
may also be further optimized to improve accuracy and usability under diverse plant
backgrounds. Another important direction is the construction of cross-crop datasets with
attribute annotations and compositional graphs together with the exploration of integrating
TDC as a disease-semantic disentanglement module into compositional zero-shot learning
frameworks. Embedding the framework into IoT and edge-computing environments
for near-real-time monitoring, and exploring multimodal fusion with spectral images,
weather signals, and agronomic sensor data, may further improve robustness under extreme
environmental changes such as unseen crops. In addition, uncertainty estimation and active
learning may help reduce annotation cost and adaptation overhead during deployment.

6. Conclusions

Motivated by the practical need for transferring the recognition of the same dis-
ease across crop species in real agricultural settings, this paper proposes TDC from a
domain-generalization perspective. The framework learns cross-crop transferable disease
representations through three complementary elements: semantic anchoring, structural
disentanglement, and optimization constraints, thereby improving stability in cross-crop
disease classification. Specifically, a semantic anchor is introduced to guide visual dis-
ease features toward a semantically invariant space, and an anchor-driven contrastive
disentanglement strategy is adopted to effectively separate disease-related cues from
plant-related factors. In addition, domain-adversarial learning via a Gradient Reversal
Layer (GRL) and prototypical metric-based classification are incorporated to enhance the
domain indiscriminability of disease representations and to improve the discriminative
stability for key categories. Experimental results show that the proposed method out-
performs existing state-of-the-art models on unseen crop-domain disease classification,
substantially improving cross-crop generalization while preserving strong performance on
seen-domain tasks. Beyond performance gains, the framework provides a reproducible,
interpretable, and deployable solution for cross-crop disease recognition, and it demon-
strates the methodological value of using vision-language concept priors as semantic
anchors to drive disentanglement-based domain generalization in agricultural intelligent
perception. These findings establish a solid foundation for the rapid deployment of disease
early-warning systems to new crop species.
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