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Abstract

Accurate crop disease recognition is essential for
agricultural productivity and food security. Existing
methods mainly focus on visual features extracted from
crop leaf images, often insufficiently utilizing the com-
plementary information embedded in textual symptom
descriptions. To address this limitation, we propose a
framework for multimodal data fusion and cross-modal
alignment named MCDI-CVL, comprising a visual en-
coder and a text-enhanced dynamic encoder. The visual
and textual representations are coupled via a bidirec-
tional cross-modal attention mechanism and an adap-
tive fusion gating module, enabling effective alignment
and integration of complementary features for fine-
grained multi-crop disease recognition. We also in-
troduce CropsDisease-5M16, a new multimodal dataset
spanning five major crops and 16 representative dis-
ease types. Comparative experiments further show that
MCDI-CVL achieves state-of-the-art performance on
multimodal crop disease dataset, outperforming both
unimodal and existing multimodal competitors. This
study provides a practical and generalizable solution for
real-world agricultural disease diagnosis.

Keywords: Crop disease identification, Multimodal
learning, Cross-modal fusion, Agricultural Al

1. Introduction

Crop diseases pose a persistent threat to agricultural pro-
ductivity and food security worldwide [30]. However, con-
ventional identification rely heavily on expert knowledge
and visual inspection, which are labor-intensive and often
unreliable in field conditions [2]. These limitations have
spurred increasing interest in automated crop disease recog-
nition [14], a key task in agricultural visual intelligence that
enables scalable and timely monitoring for field diagnosis
and automated crop management.

Deep learning has substantially advanced crop disease
recognition, with convolutional neural networks (CNNs)

widely adopted for their effectiveness in capturing local
lesion features [25, 8, 29]. However, standard CNNs of-
ten struggle with limited receptive fields and insufficient
multi-scale representation, particularly under complex field
conditions. To address these issues, several studies have
explored structural enhancements for cross-scale feature
fusion, such as dilated convolutions [34], receptive field
modules [17], and cross-layer fusion strategies. Despite
these improvements, CNNs remain inherently constrained
in modeling long-range dependencies. Transformer-based
architectures have been introduced to mitigate the local-
ity bias of CNNs by modeling long-range dependencies via
self-attention [7]. Building on this, Karthik et al. [18] pro-
posed a dual-track fusion model that leverages Swin Trans-
former [21] as a global feature extractor alongside a lo-
cal dual-attention pathway, achieving improved robustness
to symptom scale variation. Similarly, Huang et al. [15]
developed EConv-ViT, a two-branch model that synergis-
tically combines context-aware and structure-aware fea-
tures for apple disease identification. While these mod-
els demonstrate superior performance, they remain funda-
mentally limited by their reliance on unimodal visual in-
puts, particularly under noisy or ambiguous real-world con-
ditions.

Despite their strong performance in many tasks, visual-
only models face inherent limitations, particularly evident
in real agricultural settings, where disease symptoms are
often subtle and difficult to detect in the early stages. As
the disease progresses, symptom expression can vary sig-
nificantly depending on crop type, environmental condi-
tions, and severity, and may still exhibit ambiguous visual
similarity across different diseases [19]. In such cases,
textual descriptions—derived from expert annotations, di-
agnostic manuals, or agricultural guidelines—offer com-
plementary semantic cues that can enhance model robust-
ness through cross-modal learning. Inspired by the success
of vision-language pretraining models such as CLIP [24]
and BLIP-2 [20], which demonstrate the potential of multi-
modal alignment, recent studies have begun exploring sim-
ilar frameworks for agricultural disease recognition. Wang



et al. [33] developed a unified cross-modal system com-
bining a wavelet-enhanced Mamba network [12], a vi-
sion—language alignment transformer, and a stochastic op-
timization module for joint feature refinement. While re-
cent studies have demonstrated the potential of multimodal
learning for crop disease recognition, most efforts remain
limited in both data scale and modeling capacity. Existing
methods often focus on individual crops such as cucumbers
or tomatoes and rely on small-scale datasets with limited
class diversity. In particular, these limitations in data cov-
erage and diversity pose serious challenges for leaf-based
disease recognition, where symptoms such as discoloration,
deformation, and lesion distribution are often subtle and
vary across species and disease stages. Moreover, many
approaches overlook the semantic correspondence between
disease descriptions and their visual manifestations on crop
leaves, limiting the model’s ability to interpret fine-grained
lesion patterns across diverse conditions.

To address the above limitations, we construct a new
multimodal dataset of leaf disease images paired with fine-
grained symptom descriptions generated by a pretrained vi-
sion-language model, enabling aligned image—text super-
vision for real-world agricultural scenarios. Building on
this resource, we propose MCDI-CVL, a multimodal fu-
sion and cross-alignment framework for leaf-based disease
recognition that jointly models visual and textual features
via semantic-aware attention and gated fusion to support ro-
bust classification.

The main contributions of this paper are as follows:

e We construct CropDisease-5M16, a new multimodal
dataset of 4,800 crop leaf images from five diverse
crops and 16 disease types, each paired with a fine-
grained symptom description.

* We propose a text-enhanced dynamic encoder that im-
proves the representation of disease descriptions via
keyword-aware masking and hierarchical semantic fu-
sion. Experiments show that symptom descriptions of-
fer complementary cues that benefit disease identifica-
tion across diverse crops with varying disease types.

* We design bidirectional cross-modal attention and
gated fusion mechanisms to align textual symptom de-
scriptions with visual lesion regions, enabling the en-
hanced fusion of visual and textual modalities for ac-
curate disease recognition.

2. Related Work

Crop Disease Identification. Conventional crop dis-
ease identification relies heavily on manual visual inspec-
tion by experts, which is subjective, labor-intensive, and
lacks scalability. To move beyond manual assessment, early

attempts at automated crop disease recognition adopted tra-
ditional machine learning techniques, which relied on hand-
crafted features and exhibited limited adaptability to com-
plex symptoms. With the advent of deep learning, sig-
nificant advances have been achieved in image-based dis-
ease classification. For instance, Tripathi et al. [28] in-
troduced SoyaTrans, which improves small lesion detec-
tion and global context modeling through random shifting.
Hoang et al. [32] proposed LGENetB4CA, which incorpo-
rates the LeafGabor filter to enhance texture features for
chilli leaf disease classification. Arun et al. [1] designed
a hierarchical lightweight CNN with pointwise convolu-
tion and cross-layer feature concatenation to enable efficient
recognition under constraints. Despite these successes, ex-
isting approaches are limited to unimodal visual inputs and
lack semantic-level supervision, leading to weak feature in-
terpretability and vulnerability to background noise, symp-
tom ambiguity, and inter-class similarity.

Multimodal Crop Disease Dataset. Recent efforts
have explored the construction of multimodal datasets for
crop disease diagnosis by integrating heterogeneous sources
(e.g., crop images and symptom descriptions), and notably
combining expert knowledge with generative techniques to
produce semantically relevant image—text pairs. For exam-
ple, Wang et al.[33] utilized generative models to produce
descriptions aligned with visual symptoms. Zhou et al.[37]
relied on multi-level expert annotations grounded in agri-
cultural literature. Cao et al. [3] integrated web knowl-
edge bases and applied modality-consistent augmentation
through image enhancement and text variation. However,
most existing datasets focus on single crops such as tomato
or cucumber, and are limited in both semantic diversity
and cross-crop generalization. There remains a lack of im-
age—text paired datasets covering multiple crops to support
the development of generalizable multimodal recognition
models.

Multimodal Data Fusion for Disease Recognition. To
address the limitations of unimodal recognition, recent ef-
forts have explored cross-modal image—text modeling for
crop disease identification. Zhou et al. [37] proposed SLIP,
which combines image reconstruction with contrastive text
learning using unlabeled image—text pairs. Feng et al. [10]
developed ITC-Net to fuse image and text features for fine-
grained classification of vegetable diseases. Cao et al. [3]
introduced ITLMLP, which leverages contrastive and self-
supervised learning to align multimodal features for cucum-
ber disease recognition. Dai et al. [5] proposed ITF-WPI,
which integrates CoTN and ODLS encoders to achieve se-
mantic fusion for Lycium barbarum pest detection. No-
tably, these studies still face challenges in modeling rich
pathological semantics and maintaining a balance between
cross-modal alignment and robustness to noisy or ambigu-
ous inputs. Moreover, most methods focus on single-crop
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Figure 1: Example image—text pairs from the proposed CropsDisease-5M16 dataset, which includes five of the most widely
cultivated crops (i.e., maize, wheat, soybean, cotton, and potato) and 16 representative plant diseases.

settings and exhibit limited generalization across diverse
species and symptom types.

3. Method

Single-modal disease identification in agricultural set-
tings faces several challenges, including interference from
complex farmland backgrounds, high variability in symp-
tom morphology, unclear features in early disease stages,
and significant visual similarity across different disease
types. Compared with other modalities, textual semantic
information can offer more explicit and structured descrip-
tions of disease symptoms, which helps guide visual mod-
els to focus on critical regions and improve classification
accuracy [38]. Based on this insight, we propose a mul-
timodal framework, MCDI-CVL, which integrates disease
images with corresponding textual symptom descriptions to
address the above issues effectively.

3.1. CropsDisease-5M16

Most existing crop disease datasets are limited to single-
crop settings and lack paired image—text annotations, which
constrains the exploration of multimodal learning in agri-
cultural disease diagnosis. Inspired by recent progress in
clinical and industrial domains [35], where generative mod-
els are increasingly used to augment expert annotation, we
adopt a similar strategy for the agricultural setting.

The proposed CropsDisease-5M16 comprises five of the
most widely grown food and cash crops: maize, soybean,
cotton, wheat and potatoes [16], each crop contains mul-
tiple disease types. We collected annotated crop disease
image datasets from an open-source platform (i.e., Kag-
gle), covering five major crops and 16 disease categories
that are widely recognized as highly susceptible in agricul-
tural studies [26]. The selected images include both labo-
ratory settings and real farm environments, and the corre-
sponding disease categories are detailed in Figure 1. For

each disease, 300 representative images were curated un-
der expert guidance to ensure intra-class diversity and visual
relevance, while removing duplicates, mislabeled cases, or
severely corrupted samples, resulting in a total of 4,800 im-
ages.
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Figure 2: Example of symptom-level text generation
and expert correction in the construction of the proposed
CropsDisease-SM 16 dataset.

To construct semantically aligned image—text pairs, we
generated a textual description of the visible symptoms for
each image using a vision—language model, following the
recommendation from [35] and [11]. An example of the
prompt design and generated description is shown in Fig-
ure 2. Symptom descriptions were generated using the
Janus-Pro vision-language model, following the recom-
mendation of [4], then refined and verified based on ex-
pert suggestions to ensure linguistic fluency and consistency
with the visual content. To avoid label leakage, explicit
disease names or category-indicative terms were removed
during the revision process, and no additional pathological
descriptions with strong disease specificity were introduced
from the outside. This resulted in semantically aligned im-
age—text pairs that serve as a reliable foundation for vi-
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Figure 3: Overview and key components of the MCDI-CVL framework. The upper part illustrates the overall architecture,
where a visual encoder extracts features from disease images and a text-enhanced dynamic encoder (TEDE) encodes symptom
descriptions. Visual and textual features are aligned via bidirectional cross-modal attention (BCMA) and fused using an
adaptive fusion gating module (AFGM) to produce disease predictions. The lower part illustrates the design of the three

proposed modules: TEDE, BCMA, and AFGM.

sion—language modeling and analysis in crop disease recog-
nition.

3.2. The Proposed MCDI-CVL Framework

As illustrated in Figure 3, the proposed MCDI-CVL
framework integrates complementary visual and textual
cues for robust crop disease recognition. We adopt the
EMO-Transformer [36] as a backbone to extract multi-scale
visual features, upon which three core modules are designed
to enable fine-grained multimodal crop disease identifica-
tion:

1. A text-enhanced dynamic encoder (TEDE) that pro-
vides enhanced representations of symptom descrip-
tions via hierarchical fusion and keyword-aware mask-
ing;

2. A bidirectional cross-modal attention (BCMA) mech-

anism that aligns visual and textual representations
through multi-head attention and residual refinement;

3. An adaptive fusion gating module (AFGM) that dy-
namically balances modality contributions using con-
fidence scoring and residual projection.

The final fused features are passed to a classification head
to produce disease probability distributions.

3.3. Text Enhanced Dynamic Encoder

To facilitate cross-modal alignment, the text encoder
aims to generate hierarchical and symptom-aware represen-
tations that correspond to lesion-level visual features. In
order to capture rich symptom semantics from disease de-
scriptions, we adopt BERT [6] as the text encoder and de-
sign a multi-stage enhancement mechanism. Instead of us-
ing only the final BERT layer, we perform dynamic aggre-
gation across all 12 transformer layers. Each layer output
H() ¢ RBxLxd ig agsigned a learnable scalar weight o,
which is normalized via softmax to produce the fused token
representation:

o 12
et .
- — E 7 (@)
w; = 12 P Hfused — wzH (1)
23:1 e i=1

To emphasize symptom-related terms, we apply a keyword-
guided attention mechanism. A soft attention map Ay, is
computed from Hyyeq and modulated using a binary key-
word mask M; € {0,1}, which identifies clinically im-
portant tokens:

Ay = SOftmaX(HfusedWattn) © M, 2)
Henh = Hfused + Akw © Hfused (3)

where Wy, 1S a attention weighting matrix. We compute
a token-level attention over Hy}, to obtain a dynamic local



representation hgyy:

L
Br = Softmax(HenWp), hayn = > BHS), (@)
t=1

To balance this with global sentence-level information, we
fuse hgyn with the global category token embedding vector
hels via a gated mechanism:

Gsa = U(Wp [hdyn; hcls] + bg) (5)

T= Gsa ®© hdyn + (1 - gsa) © hcls (6)

where W, is dynamic weight projection matrix, b, is the
gated network bias term. The final output 7 € RZ*? in-
tegrates both fine-grained symptom expressions and global
semantic context and serves as the textual representation in
the subsequent cross-modal alignment.

3.4. Bidirectional Cross-Modal Attention

To align lesion features from images with symptom de-
scriptions from text, we propose a bidirectional attention
module that performs semantic-level interaction between
modalities. Given visual features V' € RZ*? and textual
features T € RB*?, we first project them into a shared em-
bedding space using linear transformations:

V=VW,, T=TW, (7

where W,,, W, € R4 are learnable weights. We then
apply multi-head scaled dot-product attention in both direc-
tions to facilitate fine-grained alignment. In the visual-to-
text path, the query is V, while keys and values come from

(VQu)(TK)"
Vd

where Q,, K;,V; € R *d" gre projection matrices for
query, key, and value. A symmetric process is performed
in the text-to-visual direction:

(TQt)(VKv)T> -

V' = Softmax < > (TV;) 8)

In order to retain original modality information and stabilize
training, residual connections and layer normalization are
applied to both paths:

T' = Softmax (

Vout = LayerNorm(V + V") (10)

Tow = LayerNorm(T + T") (11)

The output features V5, and Ty, capture modality-specific
patterns enhanced through cross-modal context, supporting
downstream multimodal fusion.

3.5. Adaptive Fusion Gating Module

To adaptively balance contributions from visual and tex-
tual modalities, we design an adaptive fusion module that
integrates confidence estimation, channel dynamic weight-
ing, and residual projection to suppress cross-modal noise
and enhance semantic aggregation. Given the core visual
feature Vo, € RP*? and an auxiliary instance feature
Tout (e.g., from cross-modal interaction), we first estimate
a modality confidence score Cyore € RB*1 via a two-layer
transformation:

Cvscore =0 (WCQ -ReLU (Wcl ‘/out + bcl) + bc2) (12)

where o(-) denotes the sigmoid function. In order to
achieve cross-modal dynamic weight assignment, we con-
catenate Vo, Tou, and Cyore along the channel dimen-
sion to form a joint representation fioin. This is passed
through a gating network to produce a gating weight vec-
tOr gaew € RE*4:

hacw = Dropout (ReLU(Wy1 fioint + bg1)) (13)

Gacw = O (Wg2 ~h+ bg2) (14)

Finally, we perform gated fusion by modulating Vg, with
Jacw, and projecting 1oy, to the core feature space via a resid-
ual mapping W,.. The fused feature fryseq is given by:

ffllSCd = gacw @ %ut + CSCOrﬁ @ (WrTout) (15)

where ® denotes element-wise multiplication. This module
enables the model to selectively integrate modality-specific
features based on confidence and semantic reliability, en-
hancing robustness under noisy or ambiguous conditions.

4. Experiments
4.1. Experimental Setup

All experiments were conducted in a controlled com-
puting environment equipped with the Intel Xeon Gold
6240 CPU and NVIDIA Tesla T4 GPU. We split the
CropsDisease-5M16 dataset into a training-validation set
(80%) and a test set (20%). The training-validation set is
further used for five-fold cross-validation to obtain the op-
timal hyperparameters. The final model is retrained on the
entire 80% set and evaluated on the held-out 20% test set.
We utilized the Adam optimizer with an initial learning rate
of 0.001, batch size of 32, and early stopping patience value
15 epochs. Cross-entropy loss function was used for train-
ing the model.

4.2. Comparative Experiments

CropsDisease-5M16 is a multimodal dataset proposed in
this study, designed to support cross-species disease classi-
fication and multimodal learning via paired visual-textual



Table 1: Classification results of MCDI-CVL on 16 crop disease categories from CropsDisease-5M16. The reported p-value
indicates the result of the Wilcoxon Signed-Rank Test on F1 scores between the proposed model (i.e., MCDI-CVL) and the

compared methods.

Methods Accuracy (%) Precision (%) Recall (%) F1(%) p-value
MobileNetV3 [13] 93.65 93.82 93.65 93.57 <0.05
EfficientNetV2 [31] 93.75 93.75 93.75 93.73 <0.05
MobileViT [22] 94.48 94.74 94.48 94.33 <0.05
Swin Transformer [21] 94.79 94.82 94.79 94.75 <0.05
Conformer [23] 95.00 95.02 95.00 94.99 <0.05
Multiscale ViT [9] 95.31 95.31 95.31 95.31 <0.05
EMO Transformer [36] 96.88 96.85 96.94 96.87 <0.05
MCDI-CVL 98.96 98.99 98.99 98.98 -

symptom representations. Its diversity in crop types and
symptom descriptions poses realistic challenges for agri-
cultural disease recognition. To assess the advantages of
our multimodal framework, we compare MCDI-CVL with
a series of state-of-the-art unimodal classification models
(i.e., models that use visual features only). As reported in
Table 1, the EMO Transformer [36] achieves the strongest
performance among the unimodal models, with an accuracy
of 96.88%. MCDI-CVL further outperforms EMO Trans-
former by 2.08% in accuracy, 2.14% in precision, 2.05%
in recall, and 2.11% in F1 score. Moreover, the p-values
from the Wilcoxon Signed-Rank Test on F1 scores confirm
that the proposed MCDI-CVL model significantly outper-
forms other methods (p < 0.05). Additionally, We evaluate

Table 2: Classification results of MCDI-CVL on 16 crop
disease categories from CropsDisease-5M16(%).

Disease Names Accuracy Precision Recall F1

Cotton bacterial blight 100.00  100.00 100.00 100.00
Cotton powdery mildew 97.83 100.00 97.83 98.90
Cotton target spot 100.00 95.56  100.00 97.73
Maize gray leaf spot 98.00 96.08  98.00 97.03
Maize northern leaf light ~ 96.00 97.96  96.00 96.97
Maize rust disease 100.00  100.00 100.00 100.00
Maize stripe disease 100.00 98.36  100.00 99.17
Potato early light 97.78 100.00 97.78 98.88
Potato late blight 100.00 97.83  100.00 98.90
Soybean angular leaf spot  98.04 98.04  98.04 98.04
Soybean rust disease 98.25 100.00 98.25 99.12
Soybean sudden S 100.00  100.00 100.00 100.00
Soybean yellow mosaic 100.00  100.00 100.00 100.00
‘Wheat brown rust 98.00 100.00  98.00 98.99
Wheat powdery mildew 100.00  100.00 100.00 100.00
Wheat stripe rust 100.00  100.00 100.00 100.00

the MCDI-CVL model on this dataset to assess its effec-
tiveness under complex field conditions. As shown in Ta-
ble 2, MCDI-CVL achieves robust performance across all

categories, with perfect classification in 9 out of 16 dis-
ease types, and an overall accuracy of 98.96%. These re-
sults demonstrate the model’s strong discriminative ability
in handling diverse disease manifestations across multiple
crop species.

4.3. Comparison of visualization result

In order to verify that the semantic guidance of disease
symptom text can make the model focus on the lesion area
more accurately, we use Grad-CAM [27] to visually ana-
lyze the attention distribution of different models in the le-
sion area. As shown in Figure 4, by comparing the perfor-
mance of MCDL-CVL, EMO Transformer, Multiscale ViT
and Conformer on CropsDisease-5M16 data set, it can be
seen that the attention area of MCDL-CVL can cover the
lesion more comprehensively and accurately, while the at-
tention to the non-pathological background is significantly
reduced. This result directly confirmed the excellent perfor-
mance of MCDL-CVL in lesion localization.

Diseases Pictures MCDI-CVL Multiscale ViT Conformer

EMO Transformer

Figure 4: Comparison of visualization results.



4.4. Ablation experiments

To evaluate the individual and joint contributions of
the proposed modules, we conduct a series of ablation
experiments on three key components of MCDI-CVL:
TEDE, BCMA, and AFGM. Table 3 summarizes the perfor-
mance of different module combinations. Integrating TEDE
alone leads to a noticeable improvement over the unimodal
baseline, highlighting the value of incorporating adequate
symptom-aware textual features for crop disease identifi-
cation. When combined with AFGM, the model gains an
additional 1.83% in accuracy by adaptively fusing visual
and textual modalities. Pairing TEDE with BCMA yields a
2.35% improvement, underscoring the importance of fine-
grained cross-modal alignment for capturing complemen-
tary information.

Table 3: Ablation Study of Module Combinations(%)

Modules Metrics
TEDE BCMA AFGM Accuracy Precision Recall Fl1

93.88 94.57 9429 94.10

v 95.70 95.80  96.02 95.83
v v 97.53 97.49 9.65 9750
v v 98.05 98.08  97.99 98.01
v v v 98.96 98.99  98.99 98.98

In addition, the curve of the accuracy of each model with
the training rounds in the ablation experiment is shown in
Figure 5. Among them, TEDE module significantly im-
proves the baseline performance, and the accuracy is fur-
ther improved after combining AFGM or BCMA, and full
MCDI-CVL model, which integrates all three components,
achieves the highest accuracy of 98.96%. All the above
experimental results verify the effectiveness of our multi-
modal crop disease recognition framework.

Accuracy Comparison
100
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8 704
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—— TEDE+AFGM
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Figure 5: Accuracy curve of different groups in ablation
experiment.

In order to evaluate the impact of text quality on multi-
modal recognition, two groups of comparative experiments
were set up. In terms of text data, it is divided into the text
not processed after Janus’ generation and the text modified
by experts. The two groups of experiments used the same
image feature extraction and fusion architecture to ensure
that the performance difference only came from the text
quality variables. The experimental results are shown in Ta-
ble 4, compared with the text without expert processing, the
text revised by experts has significantly improved in vari-
ous evaluation indicators, which verifies the effectiveness
of expert revision in improving the quality of the text.

Table 4: Performance comparison between unprocessed
text and revised text.

Method Accuracy(%) Precision(%) Recall(%) F1(%)
Unprocessed 96.22 96.15 96.27  96.17
Revised 98.96 98.99 98.99  98.98

4.5. Comparison with other multimodal models

To further verify the performance of MCDI-CVL, a
comparative experiment was conducted against WCG-
Vmamba [33], a recently proposed multimodal classifica-
tion model for corn diseases. WCG-Vmamba also intro-
duced a corresponding multimodal dataset, which contains
4,633 images covering Fusarium wilt, rust, gray spot, and
healthy corn leaves. Each image is paired with descriptive
text generated by the LLaVA model, forming an image—text
pair [33]. To ensure a fair and valid evaluation, all experi-
ments were conducted on this dataset. As shown in Table 5,
MCDI-CVL consistently outperforms the WCG-Vmamba
model in identifying corn diseases. This demonstrates that
MCDI-CVL can more effectively integrate and utilize mul-
timodal features for accurate disease recognition.

Table 5: Performance comparison between WCG-VMamba
and MCDI-CVL on the corn disease multimodal dataset.

Method Accuracy(%) Precision(%) Recall(%) F1(%)
WCG-VMamba 96.97 95.94 96.04  95.99
MCDI-CVL 97.52 97.57 96.51 97.01

5. Conclusion

In this paper, we propose MCDI-CVL, a multimodal
framework for crop disease recognition that integrates vi-
sual and textual cues through hierarchical encoding, cross-
modal attention, and adaptive fusion, significantly im-
proving disease recognition accuracy. We also introduce
CropsDisease-5M16, a new image—text dataset spanning



multiple crops and disease types. Extensive experiments
have demonstrated that MCDI-CVL is more effective than
existing advanced image models and multimodal models
across different datasets. Future work will focus on in-
corporating a broader range of crop diseases, developing
lightweight optimizations to further enhance the applicabil-
ity of the model in the real world as a human-machine col-
laborative intelligent agricultural system for auxiliary diag-
nosis, and releasing the CropsDisease-5M 16 dataset to sup-
port further research.
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