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Plant diseases pose a significant threat to agriculture, impacting food security and public health. Most existing plant disease recognition methods operate within closed-set settings, where disease categories are fixed during training, making them ineffective against novel diseases. This study extends plant disease recognition to an open-set scenario, enabling the identification of both known and unknown classes for real-world applicability. We first benchmark the anomaly detection performance of three major visual frameworks—convolutional neural networks (CNNs), vision transformers (ViTs), and vision-language models (VLMs)—under varying fine-tuning strategies. To address the limitations of individual models, we propose a knowledge-ensemble-based method that integrates the general knowledge from pre-trained models with domain-specific knowledge from fine-tuned models in the logit and feature spaces. Our method significantly improves over existing baselines. For example, on vision-language models with 16-shot per class, our approach reduces the FPR@TPR95 from 43.88% to 7.05%; in the all-shot setting, it reduces the FPR@TPR95 from 15.38% to 0.71%. Extensive experiments confirm the robustness and generalizability of our approach across diverse model architectures and training paradigms. We will release the code soon at https://github.com/JiuqingDong/Enhancing_Anomaly_Detection.
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1 Introduction


Protecting crops from plant diseases plays a significant role in meeting the growing demands for food quality and quantity. Direct yield losses caused by pathogens, pests, and weeds result in a total loss of 20% to 40% of global agricultural productivity Oerke (2006). In reality, this value does not fully reflect the true cost to consumers, public health, and farmers caused by crop losses. This is because plant diseases often come with a decline in crop quality, including nutrients, taste, and appearance defects, among other additional costs Savary et al. (2012). To mitigate these impacts, early detection of plant diseases and taking remedial measures are effective in current crop protection Sarkar et al. (2023); Xu et al. (2024); Dong et al. (2022).


By leveraging advanced deep neural network frameworks Chai et al. (2021) and transfer learning techniques Iman et al. (2023), plant disease recognition performance has significantly improved. However, existing methods assume that the categories in the test datasets are entirely consistent with those in the training sets, which is unrealistic in real-world plant disease recognition scenarios. Given the variability and complexity of plant diseases, it is impractical to collect samples of all possible disease classes beforehand to train a neural network Meng et al. (2023). In this paper, we refer to classes not included in the training set as unknown or anomalous classes. Existing methods often treat these unknown instances as belonging to known categories, which increases the risk of incorrect decisions in the system. This decision risk is illustrated in 
Figure 1
. For example, in the figure, blue question marks are mistakenly classified under K
1, and yellow question marks under K
4. An ideal boundary should exclude these unknown instances while correctly classifying those within known categories. Such a decision mechanism can effectively alert humans to potentially risky examples within the system. Therefore, it is essential to develop plant disease recognition systems capable of identifying unknown disease types, ensuring robust and reliable performance in real-world applications Dong et al. (2023, 2024b, 2025).


[image: Scatter plot illustrating classification with four known classes and an unknown class. Classes are marked with shapes: blue stars (Class 1), green stars (Class 2), orange stars (Class 3), yellow triangles (Class 4), and question marks for unknowns. Dotted lines indicate ideal decision boundaries, and a dashed line represents a risky decision boundary, separating areas based on the two features on the axes.]
Figure 1 | 
The decision risk in closed-set learning. Algorithms based on closed-set learning will produce a risky decision boundary that may misclassify certain unknown instances as belonging to known classes. Feature 1 and Feature 2 are abstract axes representing two dimensions in the feature space. They do not correspond to specific semantic features.




Recognizing and rejecting unknown samples is commonly referred to as anomaly detection Cui and Wang (2022); Dong et al. (2023), out-of-distribution(OOD) detection Cui and Wang (2022); Dong et al. (2024c), or open set recognition(OSR) Mahdavi and Carvalho (2021). The term ‘anomaly detection’ is more widely used in applied fields, while ‘out-of-distribution detection’ is typically adopted in theoretical studies. Hence, we uniformly use ‘anomaly detection’ to align with our theme. In this paper, classes present in the training dataset are referred to as ‘known classes’, while those that appear in the test dataset but are absent from the training dataset are referred to as ‘unknown classes’. Both known and unknown classes are included in the test dataset, and our objective is to enable the model to identify and reject these unknown samples.


Recent advances have explored a variety of anomaly detection techniques specifically for agriculture, ranging from CNN-based classifiers on field-acquired images to multimodal integration frameworks. For instance, Mendoza-Bernal et al. proposed a CNN-based pipeline for anomaly detection in weed and crop images under both field and aerial settings, achieving high accuracy across multiple datasets while tackling common issues such as class imbalance and limited generalizability Mendoza-Bernal et al. (2024). Similarly, generative and contrastive approaches, such as f-AnoGAN Schlegl et al. (2019) and AACLIP Ma et al. (2025), have demonstrated strong performance by modeling anomalies beyond closed-set assumptions. Notably, Leygonie et al. explicitly addressed open-set challenges in plant disease detection, highlighting the critical need for systems that can recognize unknown diseases without prior exposure to their categories Leygonie et al. (2024). However, many of these methods rely on architectural modifications, additional modules, or reconstruction-based learning objectives, which are often task-specific and require retraining the entire model from scratch.


Additionally, post-hoc anomaly detection methods have gained popularity due to their advantage of not requiring modifications to existing training objectives or pipelines. However, their effectiveness in the specific context of plant disease anomaly detection remains underexplored. To address this gap, our study proposes a readily deployable knowledge integration method aimed at enhancing the anomaly detection capabilities of existing models in agricultural settings. Specifically, we begin by investigating how different training architectures affect the performance of state-of-the-art post-hoc anomaly detection algorithms, and we establish a comprehensive benchmark using the PlantVillage dataset Hughes and Salathé (2015). To this end, we apply advanced post-hoc detection techniques across three distinct training paradigms: convolutional neural networks (CNNs)Liu et al. (2022), vision transformers (ViTs)Dosovitskiy et al. (2020), and vision-language models (VLMs) Radford et al. (2021). The first two have become standard in recent visual recognition tasks, while the third represents a novel multimodal framework that has gained attention in the past two years.


Fine-tuning strategies also play a critical role in anomaly detection performance. Therefore, we further investigate the impact of different fine-tuning paradigms on anomaly detection. Specifically, for the convolutional neural network and vision transformer models, we implement full fine-tuning, visual adapter tuning Liu and Rajati (2020), and visual prompt fine-tuning Jia et al. (2022). For vision-language models, we examine contextual prompt fine-tuning Zhou et al. (2022b, 2022a), visual prompt fine-tuning Bahng et al. (2022), and dual-modality fine-tuning Zang et al. (2022). Additionally, we explore the performance differences of these anomaly detection methods under limited sample scenarios, referred to as few-shot anomaly detection. Our findings reveal that the performance of the same anomaly detection method varies significantly across different training architectures, fine-tuning paradigms, and sample configurations. Moreover, current state-of-the-art anomaly detection methods based on vision-language models perform poorly on plant disease detection tasks. We attribute this to the weak contextual representation of plant diseases in the text branch of these models.


To address these challenges, we propose a knowledge ensemble method that enhances the anomaly detection performance of baseline methods. Our approach reduces performance discrepancies across different training architectures and fine-tuning paradigms, providing a more robust solution for plant disease anomaly detection. Overall, our main contributions are as follows:


	
We establish an anomaly detection benchmark on the Plant Village dataset, and evaluate the performance of classical post-hoc detection methods across different training architectures, fine-tuning paradigms, and sample scales. To the best of our knowledge, this is the most comprehensive benchmark for anomaly detection in plant diseases to date.


	
We propose a knowledge integration method that combines the general knowledge of pre-trained models with the domain-specific knowledge of fine-tuned models in the logit space. This method significantly improves baseline methods and reduces performance discrepancies across different fine-tuning paradigms and training framework configurations.


	
Our method demonstrates outstanding performance across various training architectures, fine-tuning paradigms, and sample scales. Even under limited-sample settings, our method achieves results comparable to those obtained when training on the full dataset.


	
Using the vision transformer architecture as an example, we validate the effectiveness of the proposed enhancement method under different data partitioning strategies on additional plant disease recognition datasets.









2 Preliminary





2.1 Problem statement


In this section, we define the anomaly detection problem. The training set is represented as shown in 
Equation 1
:
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where x, y, and N denote the input sample, its label, and the total number of images, respectively. The set of known classes is denoted by K = {c
1
, c
2
, c
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,…,ck
}, where yi ∈ K. In few-shot settings, the training set is defined in 
Equation 2
:
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where M is the number of samples per known class and k is the number of known classes. Few-shot scenarios typically involve M ∈ {2, 4, 8, 16}.


We further assume the existence of a set of unknown classes, as shown in 
Equation 3
:
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which do not appear during training but may emerge during inference. To ensure open-set conditions, the known and unknown classes must be disjoint, as required in 
Equation 4
:
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Under this formulation, anomaly detection is modeled as a binary classification task.
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where S(xi
) represents the uncertainty score for a sample xi
. A higher score indicates greater uncertainty, and samples with S(xi
) > λ are classified as belonging to unknown classes.






2.2 Classic post-hoc anomaly detection


During testing, we utilize various scoring functions to classify images as either known or unknown. For CNN and ViT frameworks, we apply the maximum logits Basart et al. (2022) and energy-based Liu et al. (2020) scoring methods. For vision-language pre-trained models, we use the MCM score Ming et al. (2022).


Max Logits Basart et al. (2022). The max logits score utilizes the logits of the classification head. The uncertainty score calculated by max logits (SML
) can be formalized as 
Equation 6
:
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where zi
 denotes the logits for class i, K is the number of known classes, and T is the temperature scaling factor.


Energy Liu et al. (2020). Similar to the max logit method, the energy-based approach is less susceptible to the issue of overconfidence, thus enabling a more flexible utilization of the classifier to assess the uncertainty of samples. The uncertainty score calculated by energy (Senergy
) can be formalized as follows:
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where T = 1 is used as the default temperature scaling factor.


MCM score Ming et al. (2022); Ming and Li (2024). The MCM score utilizes the softmax score of global image features f and text features g. The uncertainty score calculated by MCM Ming et al. (2022) (SMCM
) can be formalized as follows:
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where gi
 denotes the text feature of known class i. K denotes the number of known classes. The rationale is that, for known samples, the image features f of known classes should be closer to the text features gi
, and vice versa.






2.3 Evaluation metrics



FPR@TPR95 Du et al. (2022): This metric computes the false positive rate when the true positive rate reaches 95%. It is defined based on 
Equation 9
:
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where TP, FN, FP, and TN represent true positives, false negatives, false positives, and true negatives, respectively.



AUROC Muschelli (2020): This metric treats known data as positive and unknown data as negative, generating various TPRs and FPRs at different thresholds to calculate the area under the receiver operating characteristic curve. This metric in anomaly detection tasks indicates the probability that the uncertainty score for unknown data is higher than that for known data. In our formulation, any unknown sample predicted as a known class is considered a misclassification, and vice versa.



Accuracy: We assess the accuracy of the known classes, following the method described by Krizhevsky et al. (2012).







3 Methodology


In this section, we first establish a benchmark on the Plant Village dataset, covering three training frameworks and classical anomaly detection methods. Furthermore, we propose a novel enhancement method that improves the performance of the original anomaly detection methods from the perspective of feature similarity.





3.1 Benchmark of plant disease anomaly detection


Our motivation for constructing a benchmark for plant disease anomaly detection is based on the following points: First, current anomaly detection methods are primarily developed by training on the entire dataset. However, obtaining large amounts of labeled data is sometimes impractical. Secondly, these methods are often not validated across all frameworks during development; some use CNN frameworks for training, while others employ ViT or VLM. Third, in the context of plant disease anomaly detection, there has been no research analyzing the impact of different training frameworks on anomaly detection performance. To fill this gap, we first need to establish a comprehensive benchmark. Our benchmark incorporates different training frameworks, fine-tuning paradigms, sample scales, and anomaly detection methods.





3.1.1 CNN and ViT frameworks


In deep learning, it has been probed that using a pre-trained model can broadly improve performance in downstream tasks, due to its strong generalization capabilities. We first investigate using single-modal visual pre-trained models, such as CNN and ViT, for anomaly detection in plant diseases. Specifically, we explore fully fine-tuning (FFT), visual adapter tuning (VAT), and visual prompt tuning (VPT) in visual models, which are typical fine-tuning methods. The schematic diagrams of these fine-tuning paradigms are shown in 
Figures 2A–F
. A brief review of these three techniques is as follows:


[image: Diagram showing various tuning methods for image classification models, including CNN and ViT architectures. Sections A to J illustrate processes like fully fine-tuning, visual adapter tuning, and visual prompt tuning. Each process involves an image encoder, classifier head, and adjustments with visual prompts or adapters. The diagram also includes specific methods like CoOp and CoCoOp tuning for vision-language models and anomaly detection protocols, visualizing data flow and decision-making processes in classification.]
Figure 2 | 
Overview of different training frameworks with fine-tuning paradigms. Subfigures (A–H) illustrate sketches of different fine-tuning techniques, while Subfigure (I) depicts the process of post-hoc anomaly detection methods.




Fully fine-tuning refers to the process where all the parameters of a pre-trained neural network are updated during the training phase. This approach assumes that while the pre-trained model has learned general knowledge from its initial training, further adjustments to all of the weights can help the model better adapt to the nuances of the new data or task. However, fully fine-tuning can be computationally expensive and prone to overfitting, especially if the new dataset is small.


Visual adapter tuning is a more parameter-efficient fine-tuning (PEFT) method where instead of updating all the parameters, small adapter modules are inserted into the pre-trained model. Only the parameters of these adapters are updated, while the original network parameters remain frozen, which helps the model to learn task-specific features without overwriting the general knowledge learned during pre-training. This approach is less resource-intensive compared to fully fine-tuning and reduces the risk of overfitting. This study uses a basic multilayer perceptron (MLP) module with a residual connection in Transformer layers, as suggested by Houlsby et al. (2019); Pfeiffer et al. (2020).


Visual prompt tuning is a novel PEFT approach inspired by advances in natural language processing. For visual tasks, prompt tuning involves modifying either the input data or the model architecture by adding a set of trainable parameters (the prompts) while keeping the rest of the model fixed. The idea is to “prompt” the model to apply its pre-trained knowledge in a way that’s useful for the new task. This method is useful for adapting large models to new tasks without the need for extensive re-training. This study follows Jia et al. (2022) approach, inserting ten learnable prompt tokens in each Transformer layer.






3.1.2 Vision-language model


Vision-language models (VLM) are replacing traditional supervised pre-training models [e.g., based on ImageNet Deng et al. (2009)] as the new generation of foundational models for vision tasks. For instance, in early 2021, OpenAI released CLIP Radford et al. (2021), a large-scale multi-modal model designed for aligning images and text. It was pre-trained on 400 million internet image-text pairs, acquiring rich visual-linguistic knowledge through contrastive learning. By using text features as classification weights during the inference phase, CLIP enables zero-shot predictions and can be applied to a variety of downstream tasks in a zero-shot manner. However, CLIP primarily excels in general domain datasets like ImageNet and often underperforms when processing data from certain fine-grained domains Dong et al. (2024a). Therefore, it is necessary to fine-tune the model using specific data from downstream tasks.


Fine-tuning based on textual prompts is a classic approach to addressing the issue of small sample generalization in large language models. Thus, consistent with Ming and Li (2024), we first investigated two representative works, CoOp Zhou et al. (2022b) and CoCoOp Zhou et al. (2022a). CoOp is the first to incorporate the idea of prompt learning into the adaptation of downstream tasks for multimodal pre-trained foundational models. It uses learnable word embeddings to automatically construct contextual prompts instead of manually designing prompt templates for each task. Subsequently, Zhou et al. (2022a) introduced visual features to guide the context optimization, proposing Conditional Contextual Optimization (CoCoOp). CoCoOp constructs a meta-network to learn features from images. These features are then combined with prompt vectors to enhance CoOp’s generalization performance for new category data. Both CoOp Zhou et al. (2022b) and CoCoOp Zhou et al. (2022a) methods only fine-tune the textual side of CLIP. However, a multi-modal model where both visual and textual aspects are equally important. By incorporating visual information as a condition for text optimization, CoCoOp achieved significant improvements. Hence, we argue that visual information may be more effective for plant disease anomaly recognition than textual information. We further investigated the visual side fine-tuning method of CLIP. For visual prompt tuning Jia et al. (2022), we use ‘This is a photo of a [CLS]’ as the textual prompt. For vision-language prompt tuning Zang et al. (2022), we use unified prompt tokens to adapt downstream tasks. Overall, we re-implemented these fine-tuning paradigms for plant disease anomaly detection, including CoOp Zhou et al. (2022b), CoCoOp Zhou et al. (2022a), VPT-CLIP Bahng et al. (2022), and VLPT Zang et al. (2022). The schematic diagrams of these fine-tuning paradigms are shown in 
Figures 2G–I
. To ensure a fair comparison, we set the same number of learnable text prompt tokens, with a length of 16.







3.2 Uncertainty score based on knowledge ensemble


Fine-tuning models on more training samples can acquire more domain-specific knowledge, but inevitably, the model will lose some of the more general knowledge from the original pre-trained model Wortsman et al. (2022). In other words, fine-tuning pre-trained models using specific domain data often comes at the cost of model robustness and generalization in exchange for significant performance improvements on the target domain distribution. Although strategies like freezing the backbone, as in the PEFT method, are effective in preserving general knowledge, the learnable adapters and prompts trained from scratch, cannot encompass all general knowledge in the output features. Therefore, we propose an uncertainty score-based ensemble method. It integrates the uncertainty distribution of category predictions, domain-specific knowledge, and general knowledge to balance general and domain-specific knowledge. 
Figure 3
 shows the pipeline of our method.


[image: Flowchart illustrating a process involving text and image embeddings. Context prompts feed into a text encoder and image embeddings feed into a CNN/ViT system. Both systems utilize fine-tuned and original image encoders to assess feature similarity and classification, producing outputs labeled \(S_{CDP}(x_i)\), \(S_{DSK}(x_i)\), and \(S_{GK}(x_i)\). Outputs combine to form a final result labeled “Ours.” An image of a leaf is used as input.]
Figure 3 | 
Overview of our ensemble method for anomaly detection in plant disease recognition. The method is applicable to three types of models: CNNs, ViTs, and VLMs. We leverage domain-specific scores SCPD
from fine-tuned models and generalizable scores SGK
from original (frozen) image encoders to perform score-level integration. This strategy enables our method to combine discriminative power with generalization, improving robustness in open-set and few-shot scenarios.







3.2.1 Uncertainty score based on category prediction distribution


For CNN and ViT frameworks, we estimate the uncertainty score of test samples using the distribution of logits from the output categories of the fine-tuned model’s classification head. We refer to this branch as the uncertainty score based on category prediction distribution, denoted by SCPD
, as shown in 
Figure 3
. Please note that we allow for further processing of the logits, as is done in methods based on energy Liu et al. (2020). Take the max-logits Basart et al. (2022) as an example, for a test sample xi
, the uncertainty score based on category prediction distribution is formalized as:
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where zi
denotes the logits of known class i, and T denotes the temperature scaling factor. Energy-based and MCM-based uncertainty scores are illustrated in Equations 7, 8.






3.2.2 Uncertainty score based on domain-specific knowledge


The classification head retains only information directly relevant to making the classification decision, ignoring other information. In contrast, the final layer of the feature extractor typically contains a highly abstract and compressed representation of the original data, preserving more visual information. To effectively utilize the visual information in the feature extractor, we draw on the concept-matching approach and propose visual information matching. Specifically, given the fine-tuned model Mft
, we compute the features Mft
(Xt
) for all training set samples Xt
. For a test sample xi
, we compute the feature Mft
(xi
). Then, we normalize gi
 and ft
 and calculate the maximum similarity, taking the negative value as the uncertainty score. Finally, the uncertainty scores for all samples are normalized to the [0,1] interval. Since fine-tuned models generally focus better on the domain-specific knowledge of downstream tasks, we refer to this as the uncertainty score based on domain-specific knowledge, denoted by SDSK
(as shown in 
Figure 3
). For a test sample xi
, the uncertainty score based on domain-specific knowledge can be formalized as:
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3.2.3 Uncertainty score based on general knowledge


We argue that the general knowledge extracted through the original pre-trained model can enhance anomaly detection performance. Therefore, given the original pre-trained model Mpt
, we compute the features Mpt
(Xt
) for all training set samples Xt
. For a test sample xi
, we compute the feature Mpt
(xi
). Then, we normalize Mpt
(xi
) and Mpt
(Xt
) and calculate the maximum similarity, taking the negative value as the uncertainty score. In this study, we use cosine similarity to compute feature similarity. Similar to the domain-specific feature-matching process, the uncertainty scores for all samples are normalized to the [0,1] interval. For a test sample xi
, the uncertainty score based on general knowledge can be formalized as:
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Finally, given a text sample xi
, the final ensemble uncertainty scores can be formalized as 
Equation 13
:
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We use three types of knowledge integration for purely visual frameworks like CNN and ViT. For VLM, we only utilize feature similarity scores from the visual branch for evaluation. The detailed implementation of this method can be found in 
Algorithm 1
.


Input: training set Xtrain
, test set Xtest
, fine-tuned model Mft
, pre-trained model Mpt
, logits zi
from Mft
, temperature T
Output: uncertainty score S(xi
)
for each test sample xi
for each test sample xi
∈ Xtest
 do
1. Compute SCPD
(xi
):
For CNN or ViT, use the output logits from the linear classification head after the image encoder.
For VLM, use the similarity score between the image and textual embeddings.
2. Compute SDSK
(xi
):
Extract features fi
= Mft
(xi
) and Ft
= Mft
(Xtrain
). Note that the “features” here refer exclusively to those extracted by the image encoder, excluding features from the text encoder.
Normalize extracted features, then compute cosine similarity
Compute SDSK
(xi
) according to 
3. Compute SGK
(xi
):
Extract features Mpt
(xi
) and Mpt
(Xtrain
). Note that the “features” here refer exclusively to those extracted by the image encoder, excluding features from the text encoder.
Normalize extracted features, then compute cosine similarity
Compute SGK
(xi
) according to 4. Final Uncertainty Score:
Fuse scores according to  to obtain S(xi
)
end for





Algorithm 1 Knowledge-Ensemble-Based uncertainty scoring.










4 Experiments





4.1 Implementation details


For the convolutional neural network and vision transformer frameworks, we used ConvNeXt-base Liu et al. (2022) and ViT-base-patch16–224 Dosovitskiy et al. (2020) as backbone networks. These models have nearly equivalent parameters (87.57M in ConvNeXt-base vs. 85.80M in ViT-base-patch16-224) and were both pre-trained on the ImageNet-21k dataset Deng et al. (2009). For the vision-language model framework, we adopted CLIP Radford et al. (2021) with the CLIP-ViT-B/16 backbone.


For each architecture (CNN, ViT, and VLM), we fine-tune a backbone model using supervision from known classes only. Specifically, for CNN and ViT models, we adopt a standard linear classifier head and optimize using cross-entropy loss. For vision-language models (VLMs) such as CoCoOp, we fine-tune the learnable text prompts while keeping the vision encoder frozen, and the model is trained using a contrastive loss between image and text embeddings, following the CLIP training paradigm. Additionally, for the fine-tuning methods related to CNN and ViT architectures, we adopted the publicly available codebase provided by Jia et al. (2022) at https://github.com/KMnP/vpt, which includes implementations of adapter tuning and prompt-based tuning. For the VLM-related fine-tuning methods, we utilized the codebase released by Shen et al. (2024) at https://github.com/sIncerass/MVLPT/tree/main.


All models were optimized using the AdamW optimizer with a weight decay of 0.01. The initial learning rate was set to 0.0001 for full fine-tuning (FFT) and 0.001 for parameter-efficient tuning methods (e.g., VPT, VAT). The learning rate was linearly warmed up over the first 10 epochs and then decayed using a cosine scheduler. Training was performed for 100 epochs with a batch size of 128, and early stopping was applied based on the best validation accuracy. All experiments were conducted using PyTorch v1.10.0 on a single Nvidia RTX 4090 GPU.


After fine-tuning, we evaluate test samples using three score-level uncertainty measures: S
CPD (category prediction distribution from classification logits), S
DSK (domain-specific knowledge via feature similarity from the fine-tuned model), and S
GK (general knowledge via feature similarity from the frozen pre-trained model). The final anomaly score is computed as a non-parametric ensemble of these three components (see Equation 13). The final decision on whether a sample belongs to a known or unknown class is made based on a thresholding strategy applied to the ensemble score, as described in Equation 5.


Our enhancement method does not require additional training as long as pre-trained and fine-tuned models are available. The classification stage uses cross-entropy loss, while cosine similarity loss is used for the similarity-based scoring components, depending on the specific configuration.






4.2 Dataset splits


We utilize the Plant Village dataset Hughes and Salathé (2015) to construct a few-shot anomaly detection benchmark. Then, we proposed an enhancement method based on this benchmark. Plant Village Dataset Hughes and Salathé (2015) is a plant disease dataset containing 54,309 images, covering a total of 38 categories of both healthy and diseased leaf samples. Among these 38 categories, there are samples of 12 species of healthy leaves and 26 diseased leaves. The disease types include fungi, bacteria, oomycetes, viruses, and mites. In our study, we use the images of 12 types of healthy leaves as known categories to build the training dataset, and the remaining 26 disease categories are considered as unknown classes, included in the test dataset. We validated our method’s effectiveness using this partitioning strategy The dataset split information of the Plant Village dataset is shown in 
Table 1
.



Table 1 | 
Training and testing splits for the Plant Village dataset.





	Dataset split

	Known classes

	Unknown classes




	Classes

	Images

	Classes

	Images






	Training
	12
	12062
	–
	–



	Testing
	12
	3021
	26
	39220



	Known Class Names
	Cherry healthy leaf, Tomato healthy leaf, Grape healthy leaf, Raspberry healthy leaf, Apple healthy leaf, Blueberry healthy leaf, Soybean healthy leaf, Strawberry healthy leaf, Peach healthy leaf, Potato healthy leaf, Corn healthy leaf, Bell Pepper healthy leaf







The 12 known classes are selected from 12 healthy categories in the Plant Village dataset, such as healthy apple leaves.




We extended our method to more datasets to verify its effectiveness, including: Cotton Disease Dataset Dhamodharan (2023). This dataset contains approximately 4,800 images covering six categories: five cotton leaf disease types and one healthy category. The dataset maintains a balanced distribution with around 800 images per category. In our experiments, we construct different settings with 2–4 known classes and 2 unknown classes.


Mango Leaf Disease Dataset Ahmed et al. (2023). This dataset comprises 4,000 images of mango leaves across eight categories: seven disease types and one healthy category. The images evenly distributed with approximately 500 images per category. We use different splits with 2–6 known categories and 2 unknown categories for evaluation.


Strawberry Disease Dataset Afzaal et al. (2021). This dataset includes 2,500 images representing various stages of strawberry leaf diseases and healthy leaves. To ensure consistency across benchmarks, images of healthy strawberry leaves from the PlantVillage dataset Hughes and Salathé (2015) are added. This updated dataset comprises 2,974 images of strawberry leaves across eight categories: seven disease types and one healthy category. We configure 2–6 categories as known and 2 categories as unknown for anomaly detection evaluation.


Tomato Disease Dataset Hughes and Salathé (2015). A subset of the PlantVillage dataset, this collection focuses on tomato leaf conditions, containing 10 categories in total — 9 disease types and 1 healthy category. It exhibits class imbalance, with per-class image counts ranging from 300 to over 5,000. In our settings, we select 2–7 categories as known and 3 categories as unknown. More detailed category assignment can be found in 
Table 2
.



Table 2 | 
Division of known and unknown classes for other four dataset.





	Class id

	Cotton classes name

	Mango classes name

	Strawberry classes name

	Tomato classes name






	1
	Healthy
	Healthy
	Healthy
	Healthy



	2
	Powdery mildew
	Sooty mould
	Powdery mildew leaf
	Early blight



	3
	Target spot
	Anthracnose
	Anthracnose fruit rot
	Leaf mold



	4
	Aphids
	Powdery mildew
	Leaf spot
	Spider mites



	5
	Bacterial blight
	Bacterial canker
	Powdery mildew fruit
	Septoria leaf spot



	6
	Army worm
	DieBack
	Blossom blight
	Mosaic virus



	7
	–
	Cutting weevil
	Angular leaf spot
	Bacterial spot



	8
	–
	Gall midge
	Gray mold
	Late blight



	9
	–
	–
	–
	Yellow leaf curl virus



	10
	–
	–
	–
	Target spot



	Below is the division of known (K) and unknown (U) classes for each dataset.




	Exp. no.

	Cotton (K/U)

	Mango (K/U)

	Strawberry (K/U)

	Tomato (K/U)




	1
	1,2/5,6
	1,2/7,8
	1,2/7,8
	1,2/8,9,10



	2
	1,2,3/5,6
	1,2,3/7,8
	1,2,3/7,8
	123/8,9,10



	3
	1,2,3,4/5,6
	1,2,3,4/7,8
	1,2,3,4/78
	1,2,3,4/8,9,10



	4
	–
	1,2,3,4,5/7,8
	1,2,3,4,5/7,8
	1,2,3,4,5/8,9,10



	5
	–
	1,2,3,4,5,6/7,8
	1,2,3,4,5,6/7,8
	1,2,3,4,5,6/8,9,10



	6
	–
	–
	–
	1,2,3,4,5,6,7/8,9,10







K denotes known classes, and U denotes unknown classes.




To enhance reproducibility and clarity, we have added details regarding how the class splits are configured. For example, in the first experiment on the Tomato dataset, categories 1 and 2 are assigned as known classes, while categories 8, 9, and 10 are treated as unknown classes. Specifically, Healthy and Early Blight are treated as known categories, whereas Late Blight, Yellow Leaf Curl Virus, and Target Spot are treated as unknown. The model is required to perform classification among the known categories, and the classification accuracy on these is evaluated using standard accuracy metrics. During inference, when encountering samples from the three unknown categories, the model should ideally reject these samples. If the model classifies Early Blight as unknown, or misclassifies Late Blight as Early Blight, these are considered incorrect predictions. Such misclassifications negatively impact the AUROC score and increase the FPR@TPR95 score.






4.3 Main results


In this section, we present the main results of our study, as summarized in 
Tables 3
, 
4
. The results are analyzed from three perspectives: training frameworks, fine-tuning paradigms, sample sizes, and anomaly detection methods. Note that “Ours” in 
Tables 3
, 
4
 refers to the deployment of our proposed method. When using our approach, each model requires both a fine-tuned and a frozen version. In contrast, the other methods rely solely on the fine-tuned model.



Table 3 | 
Plant disease anomaly detection benchmark and our enhanced method.





	Methods

	
	FPR@TPR95↓/AUROC↑ at different shots




	
CNN-based


	Promots

	2-shot

	4-shot

	8-shot

	16-shot

	All-shot






	
FFTEnergy


	–
	89.59/56.54
	74.86/75.70
	50.20/88.22
	68.37/74.24
	7.91/96.72



	
FFTEnergy
(Ours)
	–
	53.24/83.30
	23.60/95.77
	10.71/97.47
	21.83/94.02
	1.21/99.72



	
FFT

Max−Logits


	–
	89.23/56.53
	75.40/75.66
	51.70/88.19
	67.92/74.37
	7.91/96.72



	
FFT

Max−Logits
(Ours)
	–
	53.05/83.29
	23.87/95.73
	11.09/97.44
	21.51/94.14
	1.21/99.72



	
VATEnergy


	–
	98.11/44.86
	84.97/66.97
	92.00/53.84
	68.49/71.99
	16.20/95.86



	
VATEnergy
(Ours)
	–
	38.71/91.50
	24.31/95.28
	10.10/97.75
	10.81/97.66
	1.75/99.60



	
VAT

Max−Logits


	–
	98.03/44.91
	85.21/66.59
	91.62/54.79
	68.63/72.11
	16.08/95.89



	
VAT

Max−Logits
(Ours)
	–
	38.80/91.50
	24.33/95.29
	10.01/97.74
	10.78/97.66
	1.74/99.60



	
VPTEnergy


	–
	89.59/56.54
	74.86/75.70
	50.20/88.22
	68.37/74.24
	7.91/96.72



	
VPTEnergy
(Ours)
	–
	26.27/94.83
	27.42/93.75
	20.64/94.18
	10.67/97.55
	1.78/99.64



	
VPT

Max−Logits


	–
	89.23/56.53
	75.40/75.66
	51.70/88.19
	67.92/74.37
	7.91/96.72



	
VPT

Max−Logits
(Ours)
	–
	26.27/94.83
	27.42/93.75
	20.57/94.20
	10.67/97.55
	1.70/99.66



	
ViT-based


	Promots

	2-shot

	4-shot

	8-shot

	16-shot

	All-shot




	
FFTEnergy


	–
	72.42/78.32
	68.10/83.26
	26.47/94.93
	21.87/95.65
	6.14/98.62



	
FFTEnergy
(Ours)
	–
	34.39/93.13
	27.11/95.40
	10.36/98.06
	7.84/98.33
	1.68/99.62



	
FFT

Max−Logits


	–
	72.59/78.20
	65.58/83.60
	28.62/94.70
	21.78/95.59
	6.13/98.61



	
FFT

Max−Logits
(Ours)
	–
	34.82/92.87
	28.07/95.33
	10.91/97.99
	7.96/98.30
	1.66/99.62



	
VATEnergy


	–
	48.31/84.35
	70.39/83.50
	49.80/86.80
	43.43/90.32
	6.25/98.44



	
VATEnergy
(Ours)
	–
	26.06/94.60
	36.15/93.34
	13.68/96.94
	16.69/96.36
	2.28/99.55



	
VAT

Max−Logits


	–
	53.93/83.04
	73.57/83.21
	49.58/86.79
	44.10/90.35
	6.25/98.44



	
VAT

Max−Logits
(Ours)
	–
	26.25/94.38
	37.77/93.16
	13.79/96.97
	17.90/96.31
	2.25/99.56



	
VPTEnergy


	–
	54.74/88.62
	61.26/87.89
	22.49/95.91
	25.81/94.78
	8.82/98.36



	
VPTEnergy
(Ours)
	–
	30.73/94.41
	29.23/94.37
	11.06/97.96
	13.30/97.23
	2.11/99.54



	
VPT

Max−Logits


	–
	58.75/87.55
	56.10/88.46
	24.34/95.68
	26.44/94.64
	8.81/98.35



	
VPT

Max−Logits
(Ours)
	–
	29.79/94.12
	29.43/94.31
	11.90/97.85
	13.36/97.20
	1.99/99.57



	
VLM-based


	Promots

	2-shot

	4-shot

	8-shot

	16-shot

	All-shot




	
CoOpMCM


	LP + [CLS]
	93.50/54.40
	86.93/56.91
	89.32/60.09
	81.94/66.87
	68.97/75.28



	
CoOpMCM
(Ours)
	LP + [CLS]
	41.51/91.64
	35.16/92.62
	29.36/94.34
	23.50/95.63
	9.77/98.29



	
CoCoOpMCM


	LP + [CLS]
	91.81/60.92
	85.39/63.99
	77.37/76.63
	64.89/81.20
	40.08/88.61



	
CoCoOpMCM
(Ours)
	LP + [CLS]
	41.51/91.64
	35.16/92.62
	29.36/94.34
	23.50/95.63
	9.77/98.29



	
VPTMCM


	FP + [CLS]
	85.01/68.24
	72.90/73.66
	61.74/84.61
	51.55/84.20
	15.67/96.23



	
VPTMCM
(Ours)
	FP + [CLS]
	38.17/91.13
	21.68/94.94
	15.12/97.01
	9.36/97.83
	0.53/99.87



	
VLPTMCM


	LP + [CLS]
	80.60/72.00
	73.48/72.64
	63.88/80.34
	43.88/87.77
	15.38/96.50



	
VLPTMCM
(Ours)
	LP + [CLS]
	27.98/93.81
	16.17/96.16
	9.05/98.16
	7.05/98.41
	0.71/99.85







LP and FP denote a learnable prompt and fixed prompt where the fixed prompt is ‘This is a photo of a ‘. [CLS] denotes known class names. We present the results of deploying our method across various training frameworks, fine-tuning paradigms, shots, and anomaly detection methods.





Table 4 | 
Accuracy of known classes in Plant disease anomaly detection Benchmark.





	Methods

	Prompts

	Accuracy of known classes ↑ at different shots




	
CNN-based


	2-shot

	4-shot

	8-shot

	16-shot

	All-shot






	
FFT

	–
	77.99
	90.50
	96.13
	98.51
	100.00



	
VAT

	–
	45.55
	42.20
	59.68
	84.57
	100.00



	
VPT

	–
	88.58
	96.13
	97.91
	99.01
	100.00



	
ViT-based


	2-shot

	4-shot

	8-shot

	16-shot

	All-shot




	
FFT

	–
	81.76
	89.57
	93.15
	95.70
	100.00



	
VAT

	–
	73.55
	87.32
	97.29
	97.48
	100.00



	
VPT

	–
	91.56
	95.27
	98.41
	98.64
	100.00



	
VLM-based


	2-shot

	4-shot

	8-shot

	16-shot

	All-shot




	
CoOp

	learnable prompt + [CLS]
	78.07
	85.83
	92.73
	96.33
	99.20



	
CoCoOp

	learnable prompt + [CLS]
	74.13
	79.60
	92.03
	95.83
	99.20



	
VPT

	This is a photo of a + [CLS]
	86.90
	92.93
	95.77
	98.60
	100.00



	
VLPT

	learnable prompt + [CLS]
	84.23
	90.87
	96.00
	98.07
	99.99







[CLS] denotes known class names. We present the results of deploying our method across various training frameworks, fine-tuning paradigms, and shots.







4.3.1 Training frameworks


The benchmark includes three types of training frameworks: CNN-based, ViT-based, and VLM-based. For CNN-based models, the baseline methods demonstrated decent performance under all-shot settings, with AUROC values of 96.72% for FFTEnergy
 and 95.89% for V ATMax–Logits
. However, these methods struggled in low-shot settings, such as 2-shot, where AUROC scores dropped to 56.54% and 44.91%, respectively. In contrast, our enhanced methods significantly improved performance. For example, FFTEnergy
(Ours) achieved an AUROC of 83.30% in the 2-shot setting, a remarkable improvement of nearly 27% over the baseline. Similarly, V ATEnergy
(Ours) improved the 2-shot AUROC from 44.86% to 91.50%. Across all-shot settings, our enhancements consistently achieved near-perfect AUROC scores, such as 99.72% for FFTEnergy
(Ours).


For ViT-based models, baseline methods exhibited weaker performance under low-shot settings. For instance, FFTEnergy
 achieved an AUROC of 78.32% in the 2-shot setting. However, our enhanced method FFTEnergy
(Ours) dramatically improved this to 93.13%, an improvement of over 14%. Similarly, V ATEnergy
(Ours) outperformed its baseline counterpart in the 2-shot setting, achieving an AUROC of 94.60% compared to 84.35%. This trend was consistent across different shot counts, with the enhancements narrowing the performance gap between low-shot and all-shot settings.


The VLM-based models showed the most dramatic improvements with our enhancements. For example, in the 2-shot setting, the baseline CoOpMCM
 achieved an AUROC of only 54.40%, while our enhanced CoOpMCM
(Ours) reached 91.64%, an improvement of over 37%. Similarly, V LPTMCM
(Ours) achieved 93.81% in the 2-shot setting, compared to just 72.00% for the baseline. These results underscore the ability of our method to effectively leverage multi-modal architectures for anomaly detection.






4.3.2 Sample sizes


The evaluation across different sample sizes (2-shot, 4-shot, 8-shot, 16-shot, and all-shot) revealed consistent trends.


In the 2-shot setting, baseline methods generally struggled. For example, FFTEnergy
 in the CNN-based framework achieved an AUROC of 56.54%, while our enhanced method FFTEnergy
(Ours) improved this to 83.30%. Similarly, for the VLM-based framework, V LPTMCM
 achieved 72.00%, whereas V LPTMCM
(Ours) reached an impressive 93.81%.


As the sample size increased, both baseline and enhanced methods showed improved performance. For instance, in the CNN-based framework, FFTEnergy
(Ours) achieved an AUROC of 95.77% at 4shot and 99.72% at all-shot, maintaining robust performance throughout. In the VLM-based framework, V LPTMCM
(Ours) achieved 98.16% with only 8-shot, demonstrating capability in few-shot learning. When all available data is used for training, our method attains almost perfect AUROC scores close to or exceeding 99.5%, which indicates that the model can correctly detect almost all anomalous samples.


As for the accuracy of known classes, increasing the number of training samples per class leads to substantial improvements in classification accuracy across all models. As shown in 
Table 4
, most frameworks reach over 95% accuracy by the 8-shot setting and converge to nearly 100% in the all-shot configuration. This pattern confirms that the models are capable of quickly learning the known class decision boundaries with relatively few examples. It also provides reassurance that errors observed in anomaly detection are not due to poor discrimination among known categories, but rather the inherent difficulty of detecting unknowns.


While the overall trend aligns with the expectation that performance improves with more data, minor inconsistencies—such as 8-shot occasionally outperforming 16-shot in CNN-based settings—can be observed. We attribute these fluctuations to the randomness of few-shot data splits and the instability of training CNNs under low-data regimes. These variations are within the expected range in few-shot learning scenarios and do not undermine the overall upward trend.






4.3.3 Anomaly detection methods


We evaluated multiple anomaly detection approaches, including energy-based and max-logits-based methods. In general, energy-based methods achieved results comparable to their max-logits counterparts. For example, in the CNN-based framework, FFTEnergy
 achieved an AUROC of 96.72% in the all-shot setting, identical to that of FFTMax

–

Logits
. Similarly, in the ViT-based framework under the 2-shot setting, FFTEnergy
(Ours) reached 93.13% AUROC, while FFTMax–Logits
(Ours) achieved 92.87%.


Across CNN-, ViT-, and VLM-based frameworks, our enhanced multi-modal methods consistently demonstrated substantial improvements. For instance, CoOpMCM
(Ours) achieved an AUROC of 91.64% in the 2-shot setting, significantly outperforming the baseline CoOpMCM
 at 54.40%. Similarly, V LPTMCM
(Ours) reached 99.85% in the all-shot setting, surpassing the baseline score of 96.50%.


Overall, our proposed method consistently improved the performance of baseline anomaly detection approaches across different model architectures, fine-tuning paradigms, and few-shot configurations. These results indicate that our method generalizes effectively and enhances robustness in low-shot scenarios, providing a solid foundation for advancing anomaly detection in plant disease recognition tasks.







4.4 Ablation study


We present the results of our ablation experiments in 
Figure 4
, which evaluate the contributions of different components of our method under various training frameworks, fine-tuning paradigms, and shot configurations. The results demonstrate that integrating general knowledge from pre-trained models and combining it with domain-specific knowledge significantly improves anomaly detection performance, particularly in few-shot settings.


[image: Nine line graphs compare performance enhancement techniques across three model types: Convolutional Neural Network, Vision Transformer, and Vision-Language Model. Each model type includes three tuning strategies: Fully Fine-Tuning, Visual Adapter Tuning, and Visual Prompt Tuning. Techniques indicated by different line styles show varying effectiveness across 2-shot to all-shot settings, with accuracy increasing towards all-shot. Legends specify line techniques: Energy, Max Logits, MiCM, DSK, and GK combinations. Performance improvements are evident across model types as shot numbers increase.]
Figure 4 | 
Ablation results on the Plant Village dataset under different training frameworks, fine-tuning paradigms, shots, and anomaly detection methods.




The baseline method, represented by the green line, shows limited performance across all frameworks, especially in low-shot scenarios. For instance, in the fully fine-tuned CNN-based framework, the AUROC starts at 56.53% in the 2-shot setting and only reaches 96.72% in the all-shot setting, highlighting the model’s inability to generalize with limited data. By integrating general knowledge (blue line), the performance improves substantially, with AUROC increasing to 93.69% in the Vision Transformer framework (2-shot, visual adapter tuning) and 93.81% in the VLM-based VLPT model (2-shot). This demonstrates the importance of leveraging the pre-trained model’s general knowledge to handle few-shot scenarios effectively.


Further, the ensemble of general and domain-specific knowledge (red line) achieves the most significant improvements, consistently outperforming the baseline and general knowledge integration across all frameworks and fine-tuning paradigms. For example, in the Vision Transformer framework with fully fine-tuned models, the AUROC improves from 78.20% (baseline) to 94.95% (ensemble) in the 2-shot setting. Similarly, in the VLM-based VLPT model, the AUROC reaches 99.85% in the all-shot setting, demonstrating near-perfect performance. Importantly, our method reduces the discrepancies in detection performance across fine-tuning paradigms. For instance, in the CNN-based framework, visual adapter tuning achieves an AUROC of 97.14% in the all-shot setting, closely aligning with the fully fine-tuned paradigm at 99.72%.


Although the paradigm of parameter-efficient fine-tuning has preserved most of the general knowledge in the original pre-trained model, the explicit integration of this general knowledge can still further enhance anomaly detection performance. For instance, in VLM cases, we observe a slight performance improvement. In summary, the ablation study highlights that our method not only improves performance in few-shot settings but also ensures consistent and robust results across different training frameworks and fine-tuning paradigms.






4.5 Generalizability


To assess the generalization capability of our method beyond clean benchmark datasets, we conducted additional experiments on a real-world Cotton Disease dataset, which was collected under diverse field conditions, including natural illumination variations, complex backgrounds, and non-uniform image quality. This dataset presents a more challenging scenario compared to studio-collected datasets such as PlantVillage.


As shown in 
Table 5
, our method consistently improves the performance of baseline methods across various fine-tuning types (FFT, VAT, VPT) and few-shot settings (from 2-shot to all-shot). The improvements are particularly pronounced under limited-sample conditions. For example, in the 4-shot setting, VATMax-Logits(Ours) reduces the FPR@TPR95 from 81.71% to 58.87%. Moreover, as the number of samples increases, the model’s ability to distinguish unknown samples improves significantly. Under the VPT prompt, for instance, our method (VPTMax-Logits(Ours)) achieves an FPR@TPR95 of 12.24% and AUROC of 97.15% in the all-shot setting, which is highly competitive given the variability of field-acquired imagery. Similarly, in both FFT and VAT settings, our method achieves the best or second-best performance in the 8-shot and all-shot settings, demonstrating robustness in data-scarce scenarios.



Table 5 | 
Generalization results.





	Methods

	Prompts

	FPR@TPR95↓/AUROC↑ at different shots




	ViT-based

	2-shot

	4-shot

	8-shot

	16-shot

	All-shot






	
FFTEnergy


	81.71/77.04
	73.73/77.65
	77.58/81.53
	65.34/88.81
	24.76/95.52



	
FFTEnergy
(Ours)
	76.34/79.08
	69.92/81.88
	61.21/86.12
	51.44/89.83
	16.23/97.55



	
FFT

Max−Logits


	80.47/75.74
	73.59/76.65
	77.27/81.55
	65.75/88.66
	24.48/95.54



	
FFT

Max−Logits
(Ours)
	73.63/78.41
	70.45/78.36
	67.54/85.03
	52.68/89.08
	15.27/97.59



	
VATEnergy


	91.06/70.01
	81.98/78.02
	66.99/78.13
	63.41/83.64
	14.72/97.51



	
VATEnergy
(Ours)
	83.49/76.99
	64.51/80.05
	57.22/83.59
	51.44/86.93
	12.52/97.72



	
VAT

Max−Logits


	90.78/69.94
	81.71/78.14
	64.10/78.60
	63.55/84.10
	13.20/97.69



	
VAT

Max−Logits
(Ours)
	77.99/77.54
	58.87/80.12
	59.70/83.80
	53.65/87.15
	12.38/97.77



	
VPTEnergy

	96.29/60.13
	79.78/76.67
	68.23/80.24
	51.44/85.51
	13.76/96.77



	
VPTEnergy
(Ours)
	77.30/77.52
	62.31/82.72
	67.40/81.40
	51.17/87.65
	12.24/96.98



	
VPT

Max−Logits


	94.77/61.61
	85.01/77.95
	66.16/81.06
	51.86/85.71
	13.20/96.83



	
VPT

Max−Logits
(Ours)
	72.63/77.66
	63.41/82.72
	64.10/81.99
	50.48/87.71
	12.24/97.15







We evaluate the generalization capability of our method using the third experimental group on the Cotton dataset (refer to Table 2) with the standard ViT-base-patch16–224 model.




These results demonstrate that our approach not only performs well on standard benchmarks but also generalizes effectively to complex real-world agricultural data. However, we also observed that complex scenarios introduce significant challenges for anomaly detection. Under fow-shot settings, this may lead to performance degradation. For example, on the clean PlantVillage dataset, using just 2-shots can reduce FPR@TPR95 to 20%-30%(lower is better), whereas on the Cotton dataset, the same metric remains above 70% in all few-shot configurations. This limitation suggests that our method may require additional enhancement before being reliably deployed in practical agricultural systems.






4.6 Visualization of uncertainty distribution


To provide intuitive insight into how our knowledge integration method improves anomaly detection performance, we visualize the distributions of uncertainty scores for known and unknown samples across various training frameworks, fine-tuning paradigms, and ensemble configurations, as shown in 
Figure 5
. These visualizations allow us to analyze how effectively different models separate known and unknown samples.


[image: Grid of density histograms comparing various tuning methods. Each row represents different models: Fully Fine Tuning, Zero-shot-CLIP, and Visual Prompt Tuning variants. Columns show 2-shot or all-shot results. Plots display FPR@95 and AUROC values, with known and unknown uncertainty densities.]
Figure 5 | 
Comparing the uncertainty distributions among different frameworks, fine-tuning paradigms, and the deployment of the ensemble method. We fine-tuned on the Plant Village dataset in a 2-shot and all-shot settings and visualized these uncertainty distributions. For CoCoOp, we used the maximum concept matching to measure uncertainty. We calculated uncertainty using the maximum logits value for the single-modal visual pre-trained model.




We use 12 healthy classes from the PlantVillage dataset as known categories and 26 diseased classes as unknowns. For zero-shot settings, vision-language models (VLMs) rely solely on text prompts constructed from class names. For CoOp and CoCoOp, we adopt their standard prompting strategies, appending class names to learnable tokens. In addition to zero-shot inference, we present comparisons under 2-shot and all-shot settings to examine performance across varying supervision levels.


The distributions reveal three important patterns:


	
Poor separability in zero-shot and baseline settings. Zero-shot CLIP achieves an AUROC of only 58.47%, indicating severe overlap between known and unknown distributions. Although CoCoOp adds prompt adaptability, it remains suboptimal in the 2-shot setting with an AUROC of 60.92%, suggesting difficulty in modeling fine-grained visual differences in plant diseases without stronger visual grounding.


	
Effectiveness of our knowledge integration method. When our method is applied (rightmost columns), the distributions exhibit significantly improved separability. For instance, under visual prompt tuning in the 2-shot setting, our method improves AUROC from 87.55% to 94.12% and reduces FPR@TPR95 from 58.75% to 29.79%. In the all-shot setting, the improvement is even more dramatic, achieving an AUROC of 99.57% and reducing FPR@TPR95 to 1.99%, clearly outperforming all baselines.


	
Empirical validation of the integration mechanism. Our method works by combining three complementary uncertainty perspectives: prediction confidence (SCPD
), domain-specific feature similarity (SDSK
), and general knowledge feature similarity (SGK
). As seen in 
Figure 5
, this multi-view fusion leads to tighter distributions for known classes and a wider margin between known and unknown distributions. This suggests that general knowledge from frozen models plays a critical role in calibrating over-confident predictions made by fine-tuned models, especially in low-shot settings.





In summary, the results validate the critical importance of preserving and effectively utilizing the general knowledge embedded in pre-trained models. While lightweight fine-tuning paradigms like visual prompt tuning partially retain this knowledge, our knowledge integration method amplifies it, leading to superior separability between known and unknown categories.







5 Discussion





5.1 Effect of ensemble strategies on VLMs


Recent research has shown that zero-shot language prompts in vision tasks and other lightweight fine-tuning methods have demonstrated potential for improving anomaly detection performance in natural language processing Ming et al. (2022); Ming and Li (2024). MCM Ming et al. (2022) matches the conceptual information of known categories with the visual features of test samples. However, designing effective language prompts for plant disease detection has proven to be more complex Dong et al. (2024a). For instance, using CoCoOp to generate adaptive context prompts for plant diseases reduced the FPR@TPR95 score to 40.08% in the all-shot setting, which is still much lower than expected. In comparison, we found that a single-modal visual pre-trained model achieved an FPR as low as 28.62% (max-logits in the ViT framework) in the 8-shot setting. Therefore, we argue that the visual symptoms of plant diseases are critical for distinguishing between known and unknown class samples. For fine-grained plant disease anomaly detection, a naive application of concept matching may introduce side effects, resulting in suboptimal performance.


To understand why performance is so much lower than expected, we visualize the distribution of uncertainty scores and 
the predicted category distribution in 
Figure 6
. We first tested CLIP’s zero-shot anomaly detection performance using diseased peach leaves as unknown classes. For all the diseased peach leaf samples, approximately 50% were classified as healthy cherry leaves, and about 25% were classified as healthy peach leaves, which indicates the shortcoming of zero-shot CLIP in plant-related tasks. From the perspective of uncertainty scores, the distribution is concentrated around 0.9, suggesting that the model was fairly uncertain about both known and unknown classes. When we tested the model’s anomaly detection performance in a 16-shot setting using diseased peach leaves and orange leaves as unknown classes, CoCoOp significantly reduced the uncertainty of known class samples, which is shown in 
Figure 6
. However, when testing the model with diseased peach leaves affected, the model confidently classifies most diseased peach leaves (more than 90% in CoCoOp) as healthy peach leaves. When testing with diseased orange leaves, the model still shows great uncertainty because the known classes do not include orange leaves. Therefore, we believe that vision-language models focus more on matching nouns and image features, neglecting adjectives, which severely impacts the VLMs’ performance in fine-grained identification tasks like plant disease anomaly detection.


[image: Bar and density plots comparing CLIP, CoOp-CLIP, and CoCoOpCLIP models. The top row shows counts for various healthy leaf types with labels like [CLS], Shot, Zero-shot, and Unknown Classes. The bottom row shows density plots for uncertainty with FPR@95 and AUROC values, differentiating known and unknown classes using colored areas. Each model displays different performance metrics.]
Figure 6 | 
Visualization of predictions and uncertainty scores. We trained CLIP-ViT-B/16 on the Plant Village dataset and visualized the prediction results as well as the uncertainty distribution. Note that the uncertainty score is calculated by MCM.




Finally, we attempted to integrate MCM with our method, as we did with the CNN and ViT frameworks. However, while performance improved, it did not surpass the results obtained by directly using feature similarity to identify anomaly samples. Relevant results are provided in 
Table 6
. Consequently, for VLM, we did not integrate category prediction distribution scores. Notably, our approach achieved an AUROC score of 91.64% in the 2-shot setting, significantly outperforming the baseline method [CoCoOp Ming et al. (2022)] fine-tuned on the entire dataset (88.61%). Furthermore, for visual prompt tuning and unified vision-language prompt tuning, we reduced the FPR@TPR95 to 0.53% and 0.71%, respectively, in the all-shot setting, which is remarkable.



Table 6 | 
Results of the different ensemble strategies for the VLM framework.





	Methods

	Prompts

	FPR@TPR95↓/AUROC↑ at different shots




	
CoCoOp


	
	2-shot

	4-shot

	8-shot

	16-shot

	All-shot






	
MCM

	LP + [CLS]
	91.81/60.92
	85.39/63.99
	77.37/76.63
	64.89/81.20
	40.08/88.61



	
MCM +GK +DSK

	LP + [CLS]
	47.95/85.44
	39.09/88.35
	30.15/92.73
	23.11/94.72
	7.94/98.25



	
GK +DSK(Ours)
	LP + [CLS]
	41.51/91.64
	35.16/92.62
	29.36/94.34
	23.50/95.63
	9.77/98.29



	
VPT


	
	2-shot

	4-shot

	8-shot

	16-shot

	All-shot




	
MCM

	FP + [CLS]
	85.01/68.24
	72.90/73.66
	61.74/84.61
	51.55/84.20
	15.67/96.23



	
MCM +GK +DSK

	FP + [CLS]
	58.79/82.86
	42.19/88.99
	31.71/92.96
	23.12/94.15
	2.26/99.56



	
GK +DSK(Ours)
	FP + [CLS]
	38.17/91.13
	21.68/94.94
	15.12/97.01
	9.36/97.83
	0.53/99.87



	
VLPT


	
	2-shot

	4-shot

	8-shot

	16-shot

	All-shot




	
MCM

	LP + [CLS]
	80.60/72.00
	73.48/72.64
	63.88/80.34
	43.88/87.77
	15.38/96.50



	
MCM +GK +DSK

	LP + [CLS]
	38.51/89.83
	30.21/91.46
	20.41/95.20
	13.22/96.80
	1.79/99.64



	
GK +DSK(Ours)
	LP + [CLS]
	27.98/93.81
	16.17/96.16
	9.05/98.16
	7.05/98.41
	0.71/99.85







LP and FP denote a learnable and fixed prompt where the fixed prompt is ‘This is a photo of a ‘. [CLS] denotes known class names. We present the results of deploying our method across various training frameworks, fine-tuning paradigms, and shots.








5.2 Validation of our method in open-set settings


In the Plant Village dataset, we selected healthy leaves as the known class and treated diseased leaves as anomaly samples to evaluate the anomaly detection performance of our method. In fact, open-set tasks can also be viewed as another application of anomaly detection. In this case, some disease categories within the same plant species are considered known, while others are treated as anomalies due to the assumption that they have not yet been collected. To further validate the effectiveness of our method, we conducted experiments on four commonly used plant disease datasets: cotton, mango, strawberry, and tomato. The results are summarized in 
Figure 7
. Note that the results in 
Figure 7
 are averaged over different experiment numbers based on various splits within the specific dataset. Please refer to 
Table 2
 for the corresponding experiment numbers. For example, for the Cotton dataset, we calculated the average results across three experiments.


[image: Bar charts showing FPR@95 and AUROC scores across disease datasets for cotton, mango, strawberry, and tomato. Each crop includes three rows labeled FFT, VAT, and VPT, with two columns for Energy and Max Logits. Bars represent different models: Original, GK, and GK + DSK. FPR@95 scores vary widely, while AUROC scores are close to 100, indicating high accuracy.]
Figure 7 | 
Results on four plant disease dataset in open-set settings. Dataset splits are provided in 
Table 2
. The report is based on CLIP-ViT-B/16 model. Green represents baseline. The blue and red denote ensemble with different knowledge.




The results demonstrate significant improvements in both FPR@TPR95 and AUROC scores when incorporating general knowledge (GK) and domain-specific knowledge (DSK). The baseline method, represented by the green bars, exhibits higher FPR@TPR95 across all datasets and frameworks, indicating a higher rate of false alarms. For instance, in the FFT framework, FPR@TPR95 for cotton starts at 29.78% but is reduced to 8.22% when combining GK and DSK. Similarly, in the VAT framework, FPR@TPR95 on strawberry decreases from 48.83% to 14.02%, and in the VPT framework, FPR@TPR95 on mango is reduced from 31.51% to 4.27%. These reductions highlight the effectiveness of our method in lowering false positive rates, particularly for challenging datasets like strawberry and tomato.


In terms of AUROC, our method achieves near-perfect scores when integrating GK and DSK. For example, in the FFT framework, AUROC on cotton improves from 92.33% to 98.85%, while in the VAT framework, AUROC on mango increases from 90.87% to 98.44%. The VPT framework demonstrates similar gains, with AUROC on tomato rising from 94.86% to 99.47%. These results underscore the robustness and adaptability of our approach across different datasets and frameworks. By explicitly integrating GK and DSK, our method enhances performance in open-set settings and ensures consistent improvements, making it highly practical for real-world anomaly detection tasks in plant disease datasets.






5.3 Complexity


We conduct a systematic comparison of model complexity in terms of trainable parameters, inference parameters, and inference time per image, across different architectures and fine-tuning paradigms, as shown in 
Table 7
. Our method introduces a minimal number of additional trainable parameters—approximately 6K to 12K—across all training paradigms. This overhead is negligible compared to the total model size (ranging from tens to hundreds of millions of parameters), making our approach lightweight and easy to integrate. This evaluation helps quantify the trade-offs between computational cost and anomaly detection performance, especially when deploying our knowledge integration method.



Table 7 | 
Comparison of parameters between baseline and our method.





	Architecture

	Trainable parameters

	Inference parameters

	Inference memory

	Inference time/Image






	
CNN-based


ConvNext-base


87.57 M

	
FFT


FFT(Ours)
	87.57 M + 0.012 M
87.57 M + 0.024 M
	87.57 M + 0.012 M
87.57 M * 2 + 0.024 M
	3.0 G
5.9 G
	1.09 ms
1.98 ms



	
VAT


VAT(Ours)
	11.92 M + 0.012 M
11.92 M + 0.024 M
	87.57 M + 11.92 M + 0.012 M
87.57 M * 2 + 11.92 M + 0.024 M
	3.3 G
6.4 G
	1.26 ms
2.15 ms



	
VPT

	0.028 M + 0.012 M
	87.57 M + 0.028 M + 0.012 M
	3.0 G
	1.10 ms



	
VPT(Ours)
	0.028 M + 0.024 M
	87.57 M * 2 + 0.028 M + 0.024 M
	5.9 G
	1.99 ms



	
ViT-based vit-base-patch16-224


85.80 M

	
FFT


FFT(Ours)
	85.80 M + 0.009 M
85.80 M + 0.018 M
	85.80 M + 85.80 M + 0.009 M
85.80 M * 2 + 85.80 M + 0.018 M
	2.8 G
5.5 G
	1.08 ms
1.98 ms



	
VAT


VAT(Ours)
	0.12 M + 0.009 M
0.12 M + 0.018 M
	85.80 M + 0.12 M + 0.009 M
85.80 M * 2 + 0.12 M + 0.018 M
	2.8 G
5.5 G
	1.11 ms
1.99 ms



	
VPT

	0.092 M + 0.009 M
	85.80 M + 0.092 M + 0.009 M
	3.1 G
	1.10 ms



	
VPT(Ours)
	0.092 M + 0.018 M
	85.80 M * 2 + 0.092 M + 0.018 M
	6.0 G
	1.99 ms



	
VLM-based


CLIP-ViT-B/16


63.4 M + 86.2 M

	
CoOp CoOp(Ours)
	0.008 M + 0.006 M
0.008 M + 0.012 M
	149.6 M + 0.008 M + 0.006 M
149.6 M + 86.2 M + 0.008 M + 0.012 M
	5.3 G
9.1 G
	2.09 ms
3.23 ms



	
CoCoOp CoCoOp(Ours)
	0.035 M + 0.006 M
0.035 M + 0.012 M
	149.6 M + 0.035 M + 0.006 M
149.6 M + 86.2 M + 0.035 M + 0.012 M
	5.6 G
9.7 G
	2.37 ms
3.52 ms



	
VPT


VPT(Ours)
	0.147 M + 0.006 M
0.147 M + 0.012 M
	149.6 M + 0.147 M + 0.006 M
149.6 M + 86.2 M + 0.147 M + 0.012 M
	5.4 G
9.3 G
	2.26 ms
3.42 ms



	
VLPT

	0.156 M + 0.006 M
	149.6 M + 0.156 M + 0.006 M
	5.6 G
	2.41 ms



	
VLPT(Ours)
	0.156 M + 0.012 M
	149.6 M + 86.2 M + 0.156 M + 0.012 M
	9.8 G
	3.56 ms







We didn’t introduce any extra trainable parameters in our methods. The report is based on the Plant Village dataset with a batch size of 128.




In terms of inference, our method approximately doubles the number of parameters involved in score computation, leading to a 0.5x to 1x increase in inference-time parameters. Consequently, the per-image inference latency increases by about 1–2 ms. This time-increase remains acceptable for real-time or near real-time applications, especially considering the substantial performance gains demonstrated in previous sections. However, the total inference time remains within 1–4 ms per image, which is sufficiently fast for most practical and industrial applications, including large-scale plant disease monitoring systems.


Overall, across all training frameworks, our method introduces only minimal additional trainable parameters (0.006M −0.012M). The inference cost primarily stems from computing two independent logits and integrating them in score space, not from modifying the backbone itself. This design ensures that the proposed knowledge integration method is model-agnostic and readily deployable across various architectures without extensive retraining. Importantly, these moderate complexity increases yield significant improvements in anomaly detection performance, justifying the trade-off for real-world applications.






5.4 Limitations and future direction





5.4.1 Limitations


While our study proposes a standardized benchmark and a practical knowledge integration strategy for anomaly detection in plant disease recognition, it has several limitations.


First, although our method is architecture-agnostic and demonstrates consistent improvements across CNNs, ViTs, and VLMs, it does not introduce a novel backbone or feature extractor. Our goal is not to outperform highly specialized state-of-the-art (SOTA) models designed for fine-grained classification [e.g., DetailCLIP Monsefi et al. (2024); Mendoza-Bernal et al. (2024)], but rather to offer a general and lightweight enhancement strategy that can be readily applied across model families. We acknowledge that integrating our approach into more complex backbones may yield higher accuracy, but this lies beyond the current scope and would require considerable computational resources.


Second, although our evaluation includes datasets collected under real-world agricultural conditions—with varying illumination, complex backgrounds, and image quality—we do not explicitly analyze how each visual factor impacts detection performance. A detailed investigation into the role of environmental variability is an important avenue for future work.


Third, our approach requires computing logits from both the pre-trained and fine-tuned branches, which nearly doubles the inference-time parameters and memory footprint. We acknowledge that this could pose challenges in edge-computing environments such as drones or mobile devices. Future research could explore model compression techniques, such as knowledge distillation or pruning, to reduce resource demands and enable more efficient deployment.






5.4.2 Future direction


Despite these limitations, we believe our work provides a valuable and extensible foundation for advancing anomaly detection under few-shot and open-set conditions in plant disease recognition. A promising direction for future research is to move beyond anomaly rejection and toward a more unified open-world learning framework. Specifically, we aim to integrate open-set recognition, novel class discovery, and incremental learning into a single system. Such a system would be capable of (1) detecting unknown instances, (2) discovering and grouping new categories, and (3) continuously updating the model to recognize them. In our recent work Dong et al. (2025), we explored this direction by using prototype guided representation to discover novel plant species and diseases. We envision that combining this approach with our current method could lead to robust, real-time plant health monitoring systems that adapt to continuously evolving agricultural environments.








6 Conclusion


Identifying and rejecting anomalous disease categories is critical for ensuring the reliability of plant disease recognition systems. This study systematically explored the performance of different training frameworks, including CNN, ViT, and VLM, in the context of plant disease anomaly detection. Among these, the naive concept matching approach in VLM showed the poorest performance, especially when compared to using max-logits in CNN and ViT frameworks. Additionally, we examined the impact of various fine-tuning strategies on model performance and established a benchmark using the Plant Village dataset. To address the limitations of baseline methods, we proposed a general knowledge integration method to enhance anomaly detection performance. Experimental results demonstrated that our approach consistently improved performance across different training frameworks, fine-tuning strategies, sample scales, and baseline methods. Importantly, our findings highlight the critical role of selecting appropriate fine-tuning methods and pre-trained models, which can directly enhance anomaly detection without requiring additional computational resources.


In summary, this study opens a new pathway for addressing the challenge of anomaly detection in plant diseases. Our work provides a foundation for future research in developing robust and efficient plant disease detection and classification systems. We encourage researchers to further explore these methods, contributing to the advancement of reliable and scalable solutions in agricultural technology.









Data availability statement


The original contributions presented in the study are included in the article/supplementary material. Further inquiries can be directed to the corresponding authors.







Author contributions


JD: Writing – review & editing, Conceptualization, Writing – original draft, Visualization, Methodology. HZ: Validation, Writing – review & editing, Methodology, Investigation. AF: Funding acquisition, Writing – review & editing, Validation. SY: Formal Analysis, Writing – review & editing, Supervision. DP: Funding acquisition, Writing – review & editing, Supervision.







Funding


The author(s) declare financial support was received for the research and/or publication of this article. This research was supported by Basic Science Research Program through the National Research Foundation of Korea(NRF) funded by the Ministry of Education (No. RS-2019-NR040079); the National Research Foundation of Korea (NRF) grant funded by the Korea government (MSIT) (RS-2024-00360581); and partly supported by the Institute of Information & Communications Technology Planning & Evaluation(IITP)-Innovative Human Resource Development for Local Intellectualization program grant funded by the Korea government(MSIT)(IITP-2025-RS-2024-00439292).







Conflict of interest


The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.


The author(s) declared that they were an editorial board member of Frontiers, at the time of submission. This had no impact on the peer review process and the final decision.







Generative AI statement


The author(s) declare that no Generative AI was used in the creation of this manuscript.







References

	

 Afzaal U., Bhattarai B., Pandeya Y. R., Lee J. (2021). An instance segmentation model for strawberry diseases based on mask R-CNN. Sensors 21, 6565. doi: 10.3390/s21196565, PMID: 34640893



	

 Ahmed S. I., Ibrahim M., Nadim M., Rahman M. M., Shejunti M. M., Jabid T., et al. (2023). MangoLeafBD: A comprehensive image dataset to classify diseased and healthy mango leaves. Data Brief 47, 108941. doi: 10.1016/j.dib.2023.108941, PMID: 36819904



	

 Bahng H., Jahanian A., Sankaranarayanan S., Isola P. (2022). Exploring visual prompts for adapting large-scale models. arXiv preprint arXiv:2203.17274. doi: 10.48550/arXiv.2203.17274




	

 Basart S., Mantas M., Mohammadreza M., Jacob S., Dawn S. (2022). Scaling out-of-distribution detection for real-world settings. Int. Conf. Mach. Learn. 8759–8773.



	

 Chai J., Zeng H., Li A., Ngai E. W. (2021). Deep learning in computer vision: A critical review of emerging techniques and application scenarios. Mach. Learn. Appl. 6, 100134. doi: 10.1016/j.mlwa.2021.100134




	

 Cui P., Wang J. (2022). Out-of-distribution (ood) detection based on deep learning: A review. Electronics 11, 3500. doi: 10.3390/electronics11213500




	

 Deng J., Dong W., Socher R., Li L.-J., Li K., Fei-Fei L. (2009). “ImageNet: A large-scale hierarchical image database,” in 2009 IEEE conference on computer vision and pattern recognition (New York, NY, USA: IEEE), 248–255.



	

 Dhamodharan. (2023). Dataset: Cotton plant disease. Available online at: https://www.kaggle.com/datasets/dhamur/cotton-plant-disease.



	

 Dong J., Fuentes A., Yoon S., Kim H., Jeong Y., Park D. S. (2023). A new deep learning-based dynamic paradigm towards open-world plant disease detection. Front. Plant Sci. 14, 1243822. doi: 10.3389/fpls.2023.1243822, PMID: 37849839



	

 Dong J., Fuentes A., Zhou H., Jeong Y., Yoon S., Park D. S. (2024a). The impact of fine-tuning paradigms on unknown plant diseases recognition. Sci. Rep. 14, 17900. doi: 10.1038/s41598-024-66958-2, PMID: 39095389



	

 Dong J., Jin W., Fuentes A., Lee J., Jeong Y., Yoon S., et al. (2025). Harnessing prototype networks for novel plant species and disease classification in open-world scenarios. Eng. Appl. Artif. Intell. 156, 111016. doi: 10.1016/j.engappai.2025.111016




	

 Dong J., Lee J., Fuentes A., Xu M., Yoon S., Lee M. H., et al. (2022). Data-centric annotation analysis for plant disease detection: Strategy, consistency, and performance. Front. Plant Sci. 13, 1037655. doi: 10.3389/fpls.2022.1037655, PMID: 37082512



	

 Dong J., Yao Y., Fuentes A., Jeong Y., Yoon S., Park D. S. (2024b). Visual information guided multi-modal model for plant disease anomaly detection. Smart Agric. Technol. 9, 100568. doi: 10.1016/j.atech.2024.100568




	

 Dong J., Yao Y., Jin W., Zhou H., Gao Y., Fang Z. (2024c). Enhancing few-shot out-of-distribution detection with pre-trained model features. IEEE Trans. Image Process. 33, 6309–6323. doi: 10.1109/TIP.2024.3468874, PMID: 39446552



	

 Dosovitskiy A., Beyer L., Kolesnikov A., Weissenborn D., Zhai X., Unterthiner T., et al. (2020). “An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale.” in International Conference on Learning Representations.. doi: 10.48550/arXiv.2010.11929




	

 Du X., Wang Z., Cai M., Li Y. (2022). Vos: Learning what you don’t know by virtual outlier synthesis. arXiv preprint arXiv:2202.01197. doi: 10.48550/arXiv.2202.01197




	

 Houlsby N., Giurgiu A., Jastrzebski S., Morrone B., De Laroussilhe Q., Gesmundo A., et al. (2019). “Parameter-efficient transfer learning for NLP,” in International Conference on Machine Learning (Cambridge, MA, USA: PMLR), 2790–2799.



	

 Hughes D., Salathé M. (2015). An open access repository of images on plant health to enable the development of mobile disease diagnostics. arXiv preprint arXiv:1511.08060. doi: 10.48550/arXiv.1511.08060




	

 Iman M., Arabnia H. R., Rasheed K. (2023). A review of deep transfer learning and recent advancements. Technologies 11, 40. doi: 10.3390/technologies11020040




	

 Jia M., Tang L., Chen B.-C., Cardie C., Belongie S., Hariharan B., et al. (2022). “Visual prompt tuning,” in European Conference on Computer Vision (Cham: Springer Nature Switzerland), 709–727.



	

 Krizhevsky A., Sutskever I., Hinton G. E. (2012). Imagenet classification with deep convolutional neural networks. Adv. Neural Inf. Process. Syst. 25, 1097–1105.



	

 Leygonie R., Lobry S., Wendling L. (2024). Can we detect plant diseases without prior knowledge of their existence? Int. J. Appl. Earth Observation Geoinformation 134, 104192.



	

 Liu Z., Mao H., Wu C.-Y., Feichtenhofer C., Darrell T., Xie S. (2022). “A convnet for the 2020s,” in Proceedings of the IEEE/CVF conference on computer vision and pattern recognition, (New York, NY, USA), 11976–11986.



	

 Liu J., Rajati M. R. (2020). “Transfer learning with shapeshift adapter: A parameter-efficient module for deep learning model,” in 2020 International Conference on Machine Learning and Cybernetics (ICMLC) (IEEE), 105–110.



	

 Liu W., Wang X., Owens J., Li Y. (2020). Energy-based out-of-distribution detection. Adv. Neural Inf. Process. Syst. 33, 21464–21475.



	

 Ma W., Zhang X., Yao Q., Tang F., Wu C., Li Y., et al. (2025). “AA-CLIP: Enhancing zero-shot anomaly detection via anomaly-aware clip,” in Proceedings of the Computer Vision and Pattern Recognition Conference. 4744–4754.



	

 Mahdavi A., Carvalho M. (2021). “A survey on open set recognition,” in 2021 IEEE Fourth International Conference on Artificial Intelligence and Knowledge Engineering (AIKE) (New York, NY, USA: IEEE), 37–44.



	

 Mendoza-Bernal J., Gonzalez-Vidal A., Skarmeta A. F. (2024). A convolutional neural network approach for image-based anomaly detection in smart agriculture. Expert Syst. Appl. 247, 123210. doi: 10.1016/j.eswa.2024.123210




	

 Meng Y., Xu M., Kim H., Yoon S., Jeong Y., Park D. S. (2023). Known and unknown class recognition on plant species and diseases. Comput. Electron. Agric. 215, 108408. doi: 10.1016/j.compag.2023.108408




	

 Ming Y., Cai Z., Gu J., Sun Y., Li W., Li Y. (2022). Delving into out-of-distribution detection with vision-language representations. Adv. Neural Inf. Process. Syst. 35, 35087–35102.



	

 Ming Y., Li Y. (2024). How does fine-tuning impact out-of-distribution detection for vision-language models? Int. J. Comput. Vis. 132, 596–609. doi: 10.1007/s11263-023-01895-7




	

 Monsefi A. K., Sailaja K. P., Alilooee A., Lim S.-N., Ramnath R. (2024). Detailclip: Detail-oriented clip for fine-grained tasks. CoRR.




	

 Muschelli III, J. (2020). ROC and AUC with a binary predictor: a potentially misleading metric. J. classification 37, 696–708. doi: 10.1007/s00357-019-09345-1, PMID: 33250548



	

 Oerke E.-C. (2006). Crop losses to pests. J. Agric. Sci. 144, 31–43. doi: 10.1017/S0021859605005708




	

 Pfeiffer J., Rücklé A., Poth C., Kamath A., Vulić I., Ruder S., et al. (2020). “Adapterhub: A framework for adapting transformers,” in 2020 System Demonstrations of the 2020 Conference on Empirical Methods in Natural Language Processing, EMNLP 2020. (Stroudsburg, PA, USA: Association for Computational Linguistics (ACL)). 46–54.



	

 Radford A., Kim J. W., Hallacy C., Ramesh A., Goh G., Agarwal S., et al. (2021). “Learning transferable visual models from natural language supervision,” in International conference on machine learning (Cambridge, MA, USA: PMLR), 8748–8763.



	

 Sarkar C., Gupta D., Gupta U., Hazarika B. B. (2023). Leaf disease detection using machine learning and deep learning: Review and challenges. Appl. Soft Computing 145, 110534. doi: 10.1016/j.asoc.2023.110534




	

 Savary S., Ficke A., Aubertot J.-N., Hollier C. (2012). Crop losses due to diseases and their implications for global food production losses and food security. Food Secur. 4, 519–537. doi: 10.1007/s12571-012-0200-5




	

 Schlegl T., Seeböck P., Waldstein S. M., Langs G., Schmidt-Erfurth U. (2019). f-anogan: Fast unsupervised anomaly detection with generative adversarial networks. Med. image Anal. 54, 30–44. doi: 10.1016/j.media.2019.01.010, PMID: 30831356



	

 Shen S., Yang S., Zhang T., Zhai B., Gonzalez J. E., Keutzer K., et al. (2024). “Multitask vision-language prompt tuning,” in Proceedings of the IEEE/CVF Winter Conference on Applications of Computer Vision. 5656–5667.



	

 Wortsman M., Ilharco G., Kim J. W., Li M., Kornblith S., Roelofs R., et al. (2022). “Robust fine-tuning of zero-shot models,” in Proceedings of the IEEE/CVF conference on computer vision and pattern recognition. 7959–7971.



	

 Xu M., Park J.-E., Lee J., Yang J., Yoon S. (2024). Plant disease recognition datasets in the age of deep learning: challenges and opportunities. Front. Plant Sci. 15, 1452551. doi: 10.3389/fpls.2024.1452551, PMID: 39399537



	

 Zang Y., Li W., Zhou K., Huang C., Loy C. C. (2022). Unified vision and language prompt learning. arXiv preprint arXiv:2210.07225. doi: 10.48550/arXiv.2210.07225




	

 Zhou K., Yang J., Loy C. C., Liu Z. (2022a). “Conditional prompt learning for vision-language models,” in Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 16816–16825.



	

 Zhou K., Yang J., Loy C. C., Liu Z. (2022b). Learning to prompt for vision-language models. Int. J. Comput. Vision 130, 2337–2348. doi: 10.1007/s11263-022-01653-1












Publisher’s note: All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.



Copyright © 2025 Dong, Zhou, Fuentes, Yoon and Park. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.



OEBPS/Images/crossmark.jpg
©

2

i

|





OEBPS/Images/fpls-16-1623907-g001.jpg
Feature 2

Known Class 1
Known Class 2
Known Class 3
Known Class 4
Unknown Class

- - Risky Decision Boundary

Feature 1

>

Ideal Decision Boundary





OEBPS/Images/fpls-16-1623907-g003.jpg
Inputs

Context Prompts Text Embeddings Text
Encoder

Fine-tuned

- 5 wow > Scop(Xi)
5] ] !
5} e
g Fine-tuned
Fine-tuned Ei S s
> - &
el B EveroyTWaxLogts cop(Xi) Encoder
g
Feature
E— > Simiany > Sosk()
Simitarity > Spsk(Xi)
i Original
Original . o
case, [ simtary > Sax() g o2 S —>Sax(xi)





OEBPS/Images/fpls-16-1623907-g007.jpg
VAT

VPT

FFT

VAT

VPT

Cotton Mango Strawberry Tomato
= o
:: 678 P :g st P 2 0 s e
30 o ol 2
2 20 579 010 poss s
o E w210 2 |10 i

10 10 S |10 [ N I ‘l
0 L 0 Hm |, | 0 |

Maxtogts ey Maxtogis frergy _ Mantogis fregy _ mantogis
W 0 % [ — 30

500 o 1036
30 | s 0 = | . e 2
» © ~a 3 i =
10 10 M ( I wl I
o 0 o . e, .
o [ = 0 50 0
30 30 ﬁ b nm 20 | 16,
20 nn 2 7725 65 oo [0 “"
'" Bz o | Ain NN

|
o = | - Ly o
Mxtogts Erergy  Mantogis energy

s | s ss| | % »
o238 234 | il o 94 |
\ | =} 2| I
| HER N 4| = o mER u=HN (| NN
ey maxtopts frergs _wantonts Eesy_maxtons =
w0 = @ | 100 PR— S 10
[ P bt va _om
I ‘ o 5 " 2
s awomll oy e -« K
o 5 5| >
1N I | | E
% o 0| = = ©
foony vasioss ey tartopss ooy tastops fregy _wactogss
100 100 100 10
s man -
=y & 9% i
T w3l -4 |
% | | 95 55 % |
-1 I
ol B © o N | U ‘
fe  waxtons G wartonts foogy  wastogs Eoey _mactopss
SR s R e R Rl W A e E






OEBPS/Images/fpls-16-1623907-g005.jpg
Density

[ Pully Fine Tuning

Zahon e |[zanor o5 | 2anox e || 2t rnens
s sarsn s i
o s o swan

L cotatplory
oshor rrreos | (2ot
e
s
suame
|
i ining for VT
All-shot oS Allshot. FPROIS.
Py oo
e Ao
seese s

Alshot rress || Allshor FrRe9s | Alshor ress | alshor FrRess
oom% 1% 1538% on%
Aumoc. aumoc. Auoc Aumoc.
o 9829% 96s0% 9985%

Uncertainty





OEBPS/Images/logo.jpg
, frontiers ‘ Frontiers in Plant Science





OEBPS/Images/fpls.2025.1623907_cover.jpg
& frontiers | Frontiers in Plant science

Enhancing anomaly detection in plant
disease recognition with knowledge
ensemble





OEBPS/Images/fpls-16-1623907-g002.jpg
;
s
I-






OEBPS/Images/fpls-16-1623907-g004.jpg
Fully Fine-Tuning Visual Adapter Tuning Visual Prompt Tuning
i =
"
"
"
»
:
" 60 Encriy + GK
“ . S |,
oMo ok © I eok c
Fully Fine-Tuning Visual Adapter Tuning Visual Prompt Tuning
g = - m
£
E % % %0
5w 5 5
s>
CoCoOp VPT for VLM VLPT for VLM
3w
2
&
£ s
5 » “meMOM » —aMOM Bl amMOM
2 e s By s
- ZaDSKGK. S DSKeGK STDSKGK
“ “ “

[

e—— Tehot 4ehet Sohot 16-shet Alkshot Sdot Gdet Saiet S6:dt AR





OEBPS/Images/fpls-16-1623907-g006.jpg
CoOp-CLIP CoCoOp-CLIP CoCoOp-CLIP

cLp






