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 A B S T R A C T

Identifying novel plant categories and diseases in open-world scenarios is crucial for modern agricultural 
production and applications. Recent studies have extended plant disease recognition from closed-set to open-
set scenarios, aiming to reject samples that do not belong to known classes. However, beyond rejection, it is 
necessary to classify unknown samples rather than merely labeling them as "unknown." This paper assumes 
that images of unknown samples, rejected by open-set recognition algorithms, are available. We aim to classify 
these unlabeled samples by leveraging prior knowledge from a labeled set. To the best of our knowledge, no 
existing research has addressed the classification of unknown plant species and diseases. To fill this gap, 
we propose a novel prototype network that models the category space relationship between known and 
unknown classes. Specifically, we learn a prototype vector for each known category, enabling samples to 
obtain distance-based category probabilities by measuring their similarity to these prototypes. This approach 
captures complex class boundaries more effectively than linear classification models, offering greater flexibility 
and accuracy. Additionally, we employ a knowledge distillation loss to optimize the category space relationship 
and calculate a consistency loss to balance the model’s classification performance for both known and unknown 
classes. To further boost performance, we incorporate the pre-trained model dino-v2. Experiments on the large-
scale plant specimen dataset Herbarium19 and the plant disease dataset Plant Village demonstrate that our 
method surpasses baseline approaches, improving novel class accuracy by 1%–30%. This research contributes 
to intelligent agriculture, and we will release the code to facilitate future work in the field.
1. Introduction

Agriculture is the cornerstone of human civilization and constitutes 
a significant portion of the global economy. According to the latest 
United Nations Food and Agriculture Organization statement, the world 
population is expected to increase significantly, reaching 9.1 billion by 
2050 (Alqahtani et al., 2023). Recently, artificial intelligence has been 
widely applied to automate various tasks related to plant sciences, such 
as wheat spike height estimation (Zaji et al., 2023), fruit grading (Palei 
et al., 2023), plant disease diagnosis (Xu et al., 2023). The application 
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of artificial intelligence in agriculture is expected to help farmers and 
agricultural experts increase global food production and promote the 
sustainability of agricultural ecosystems.

Recognizing plant species and diseases is crucial for the develop-
ment of agricultural ecosystems. Over the past decade, the field of deep 
learning has achieved great success in applying these methods to plant-
related areas. However, many models heavily rely on the availability of 
a large amount of labeled data for all relevant categories. This reliance 
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data mining, AI training, and similar technologies. 
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Fig. 1. Comparison of open-set recognition and novel class discovery. (A) Open-set recognition: The training stage involves labeled classes, and the testing stage requires identifying 
known classes and rejecting unknown classes. (B) Novel class discovery: The training stage includes labeled classes and unknown samples, with the testing stage focusing on classifying 
both known classes and novel classes.
poses a significant problem: Standard classification models may incor-
rectly classify instances that do not belong to any known category as 
belonging to one of the known categories. This increases the decision-
making risk for systems deployed in real-world scenarios (Dong et al., 
2023a). For example, a close-set model might identify invasive species 
as one of the known species.

When new entities cause significant problems, remedial measures 
should be considered, such as new diseases leading to substantial 
yield losses or invasive species that can cause rapid declines in other 
species. In these cases, identifying new species and diseases is a fun-
damental requirement. This task is called plant-related open-set recog-
nition(POSR) (Meng et al., 2023). Open-set recognition requires a 
model trained on a labeled dataset to recognize and reject samples of 
unknown categories, as shown in Fig.  1(A). This task rejects out-of-
distribution data and categorizes all unknown samples into a single 
class labeled ‘unknown’ (Dong et al., 2024). However, it is unrea-
sonable to categorize all unknown samples as ‘unknown’. We should 
address a more practical problem: Classifying unknown samples into 
specific categories. For example, an advanced system should further 
classify the samples in the top right corner of Fig.  1. Thus, the question 
arises: Can a model classify ‘unknown’ categories at a semantic level 
based on prior knowledge, similar to human ability?

Most current methods for recognizing unknown categories in plant-
related tasks only evaluate the performance of rejecting unknown 
samples without learning and classifying these unknown samples, po-
tentially leading to a waste of resources. Research (Dong et al., 2023a) 
has shown that a model trained to detect powdery mildew on tomato 
leaves can also detect powdery mildew on pepper leaves. This phe-
nomenon inspired us to explore the relationships between plant disease 
and species categories. This paper aims to further classify these unla-
beled data, a problem known as plant-related novel class discovery. Fig. 
1(B) illustrates the difference between novel class discovery and open-
set recognition. During the testing phase of open-set recognition, the 
model can easily reject some unknown samples in the test scenario. 
These samples, which should be further learned, are ignored in the 
open-set recognition task. In contrast, the novel class discovery task 
classifies all categories by learning from both labeled and unlabeled 
data.

After analyzing existing novel class discovery (NCD) algorithms
(Fini et al., 2021; Gu et al., 2023; Han et al., 2021; Zhong et al., 2021; 
Han et al., 2020), we identified their common characteristics. Almost 
2 
all NCD algorithms follow a structure consisting of three components: 
a feature encoder, a linear classification head, and a pseudo-label 
optimization algorithm. These methods primarily rely on feature ex-
tractors and linear classifier heads to classify known classes and assign 
unknown samples to specific regions. Subsequently, the pseudo-label 
optimization algorithm enhances NCD performance by improving the 
quality of the pseudo-labels. However, by visualizing the feature space 
of linear classifier heads, we observed a mismatch between the number 
of clusters and the actual number of classes. As shown in Fig.  2, the 
Uniform Manifold Approximation and Projection (UMAP) for a 10-
class tomato disease dataset reveals 13 clusters. We argue that such 
a mismatch resulted in smaller inter-class distances than intra-class 
distances, thereby negatively affecting pseudo-labels’ initialization and 
ultimately impacting the NCD performance.

From a representation learning perspective, a linear classifier head 
essentially establishes class relationships in the semantic space. Divid-
ing decision boundaries in the semantic space may result in a less 
compact feature space. This phenomenon is particularly pronounced in 
fine-grained datasets, such as plant disease datasets. Our motivation 
is that compact feature distributions for known categories generated 
during the pre-training phase benefit the category discovery process 
in the second phase. Therefore, we suggest constructing class space 
relationships directly in the feature space rather than the semantic 
space. To produce compact feature distributions, this paper proposes 
a new framework that constructs category spatial relationships using 
prototype networks. Specifically, a prototype network is a supervised 
learning neural network. It represents different categories of data by 
learning a category prototype for each category and adjusting the proto-
types during training to maximize the distinction between categories. In 
the testing phase, new samples are assigned to the category represented 
by the most similar prototype, enhancing generalization ability. Our 
approach focuses on modeling the distance between prototypes and 
samples. Unlike linear classifiers that establish class relationships in 
the semantic space, our model directly constructs class relationships in 
the feature space. The prototype classification head allows us to create 
more compact clusters by minimizing the distance between samples 
and prototypes. This compact feature distribution facilitates better 
pseudo-label initialization for unlabeled classes, thereby improving 
NCD performance on fine-grained datasets. Our main contributions can 
be summarized as follows:
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Fig. 2. UMAP visualization of Plant Village dataset in pre-training stage using a linear classification head. The pre-trained model initialized with dino-v2 shows a clearer separation 
and more distinct clustering. At Epoch 0 (left), the data points are highly overlapped. By Epoch 50 (right), the features form well-separated clusters. Despite the improved clarity, 
the distribution shows 13 clusters for 10 known categories, which could pose potential risks during the new class discovery process.
• We introduce a distance-based prototype classification head
within a knowledge distillation framework to address the fine-
grained task of novel class recognition for plant species and dis-
eases. Our method is simple yet efficient, forming more compact 
and discriminative clusters while tackling two key challenges: 
establishing relationships between known and novel categories 
and estimating the number of novel classes.

• We establish benchmarks for plant-related novel class discovery 
through diverse data partitions and experiments on the large-
scale Herbarium19 (Tan et al., 2019) and Plant Village (Hughes 
et al., 2015) datasets. Extensive experiments demonstrate that our 
method consistently outperforms baseline approaches under task-
agnostic protocols and challenging conditions, such as when the 
number of novel classes is unknown or imprecise.

• We provide extensive visualizations and quantitative analyses, 
laying a solid foundation for novel class discovery in plant-related 
fields. Our study explores the applicability of the prototype clas-
sification head in plant phenotyping, investigates the impact of 
openness on novel class discovery, and offers comprehensive 
visual interpretations.

This paper is organized as follows: Section 2 introduces related 
works, including plant-related unknown class recognition, novel class 
detection, prototype networks, and knowledge distillation. Section 3 
describes the problem definition and introduces the methodology for 
the NCD task. Section 4 reports the experimental details, data splits, 
evaluation protocol, main results, and related analysis. Section 5 dis-
cusses the effectiveness of the method, some issues related to novel 
class discovery, and the limitations of this work. Section 6 concludes 
our work.

2. Related work

2.1. Plant-related unknown class recognition

In recent years, deep learning has made significant advancements 
in plant-related recognition (Alqahtani et al., 2023; Chang et al., 2024; 
Singh et al., 2024; Nawaz et al., 2024; Dong et al., 2022, 2023b), 
yet the recognition of unknown categories remains an area of ongoing 
exploration. Fuentes et al. (2021) first proposed an open-set domain 
adaptation method for plant disease recognition, showing improve-
ments in handling unseen data across different domains in tomato 
plant disease recognition. Studies (Shen et al., 2024; You et al., 2022; 
3 
Jiang et al., 2022) further explored open-set recognition (OSR) and 
out-of-distribution (OOD) detection techniques, achieving high perfor-
mance in open-set recognition tasks for the tephritid fruit flies dataset 
and strawberry dataset. Furthermore, Meng et al. (2023) introduced 
a Plant-relevant Open-Set Recognition (POSR) method using a ViT 
model pre-trained on the PlantCLEF2022 dataset, achieving superior 
performance across multiple public datasets by adopting AM-Softmax 
loss for compact feature distributions.  Dong et al. (2023a) were the 
first to advance the open-set recognition to open-set detection for plant 
diseases. They deployed an open-world paradigm for plant disease 
detection, capable of inferring and dynamically learning unseen disease 
categories, demonstrating robust generalization in cross-species disease 
detection experiments. These works have achieved decent performance 
in the task of recognizing unknown diseases. However, these works only 
categorize unknown classes as ‘unknown’ without further classification, 
which may be necessary in real-world applications. To this end, Alfarisy 
et al. (2025) proposed the unsupervised domain-specific open-world 
recognition framework, which addresses the challenges of identify-
ing, discovering, and continually learning novel classes in a domain-
specific open-world setting. Notably, their work demonstrates strong 
performance on plant species recognition using the VN-PLANT200 
dataset (Quoc and Hoang, 2021).

2.2. Novel class discovery

Before delving into the NCD task, it is essential to clarify two key 
points: 1. The sample space of known classes in labeled data and 
unknown classes in unlabeled data are disjoint. 2. Known classes and 
unknown classes share similarities but are distinct. Based on this set-
ting, Hsu et al. (2018) introduced the problem of transferring clustering 
models over tasks, which is consistent with the NCD problem. A main 
challenge in the novel category discovery task is that no labels exist 
for unknown categories. In this case, a common strategy is to use the 
compact feature space of known categories to guide the clustering of 
unknown samples. Han et al. (2019) aims to cluster novel classes with 
the help of known classes. They address the NCD problem proceeding 
in two steps: a data embedding is learned on the labeled data using 
a metric learning technique, and then fine-tuned while learning the 
cluster assignments on the unlabeled data. Interestingly, they also 
tackle the problem of estimating the number of classes in the unlabeled 
dataset. This work is also the first formally introduced The concept 
of novel class discovery. Currently, many NCD methods (Han et al., 
2021; Zhong et al., 2021; Fini et al., 2021) adopt the training paradigm 
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in Han et al. (2019). Some studies (Han et al., 2020, 2021) have found 
that contrastive learning (Jaiswal et al., 2020; Jing et al., 2023) can 
significantly increase the accuracy of NCD tasks.

Then, researchers optimized the traditional two-stage method into a 
single-stage method, allowing labeled and unlabeled data to be trained 
simultaneously to obtain a more general representation through con-
trastive learning. For instance, the neighborhood contrastive learning 
(NCL) (Zhong et al., 2021) method combines contrastive learning and 
neighboring sample mining, utilizing positive and negative sample pairs 
to enhance NCD performance and Hard Negative Generation (HNG) to 
improve contrastive learning effectiveness. Notably, UNO (Fini et al., 
2021) uses a multi-view self-labeling strategy (Asano et al., 2020) to 
generate pseudo labels suitable for known and unknown categories and 
then constructs a unified cross-entropy loss for training. It eliminates 
the need for self-supervised pretraining in NCD. Gu et al. (2023) ob-
served that the relationship between unlabeled categories and labeled 
categories is difficult to capture during the discovery phase. Therefore, 
they proposed using a knowledge distillation framework to facilitate 
knowledge transfer from known classes to unlabeled classes, demon-
strating the effectiveness of class relations in enhancing novel class 
discovery performance. Inspired by Gu et al. (2023), our work further 
explores the field of class relation modeling.

Recent works have extended NCD into more complex scenarios, 
such as generalized category discovery (An et al., 2024), object de-
tection (Bharadwaj et al., 2023; Hayes et al., 2024), semi-supervised 
learning (Liu et al., 2023; Xiao et al., 2024), long-tailed recogni-
tion (Zhang et al., 2023), continual learning (Huang et al., 2024), and 
ultra-fine-grained categorization (Liu et al., 2024). While these methods 
significantly expand the applicability of NCD, they often redefine the 
problem setting to fit specific domains. For instance, many recent 
studies assume that novel classes emerge in an open-world setting 
where unknown categories continuously appear and need to be dis-
covered in a semi-supervised manner and incrementally learned (Xiao 
et al., 2024; Huang et al., 2024). In contrast, our work adheres to the 
classical NCD definition where the known and unknown categories are 
disjoint but share certain semantic similarities. Unlike approaches that 
integrate knowledge distillation for incremental learning (Huang et al., 
2024), our method focuses on modeling class relationships through a 
prototype-based knowledge distillation framework without assuming 
a continuous influx of novel categories. This distinction is crucial as 
it ensures that our approach remains robust within the predefined 
scope of NCD while avoiding complications introduced by task-specific 
adaptations.

2.3. Prototype learning

Prototype networks are deep learning models designed to learn pro-
totype vectors that represent different categories. These vectors serve 
as central points for each category, enabling the mapping of unlabeled 
samples to the most similar prototype vectors of labeled classes and 
thereby enhancing the relationship between labeled and unlabeled 
data. Compared to traditional linear classifiers, prototype networks 
offer stronger representation and generalization capabilities, making 
them well-suited for tasks involving fine-grained sample spaces (Yang 
et al., 2018; Alfarisy et al., 2023a,b).

In plant-related recognition tasks, different species or diseases often 
exhibit similar visual characteristics, making fine-grained classification 
particularly challenging. Prototype networks are especially effective in 
addressing these challenges.  Yang et al. (2018) introduced convolu-
tional prototype learning, which improves model robustness by learn-
ing prototypes that capture class distributions, demonstrating strong 
generalization in open-world scenarios. Building on this idea, Alfarisy 
et al. (2023a,b) proposed a quad-channel contrastive prototype net-
work, which enhances prototype separation through contrastive loss 
and multi-view inputs, achieving excellent performance in domain-
specific open-set recognition tasks. Furthermore, they introduced a con-
tinual multi-channel contrastive prototype network to improve open-set 
4 
recognition and class discovery in dynamic environments (Alfarisy 
et al., 2025). Additionally, Zhou et al. (2024) constructs semantic class 
prototypes to represent category distributions without labeled source 
data, utilizing a classification score-based prototype learning mecha-
nism. Their findings further validate the role of prototype networks in 
refining class structures.

Inspired by the robustness and interpretability of these methods, we 
propose a prototype-based approach within a knowledge distillation 
framework to model the relationship between known and unknown 
categories in plant-related recognition tasks.

2.4. Knowledge distillation

Knowledge distillation is a crucial technique for effectively trans-
ferring knowledge from a teacher model to a student model, enabling 
model compactness and improved performance (Gou et al., 2021; Park 
et al., 2019; Wang and Yoon, 2021). Traditionally, this process involves 
aligning the outputs of the student model with those of a larger teacher 
model. In contrast, our approach employs teacher and student net-
works of identical parameter scales. This design focuses on leveraging 
knowledge distillation to establish relationships between known and 
unknown classes. During the pre-training stage, we train the teacher 
model exclusively on the labeled dataset. In the subsequent discovery 
stage, the teacher model is frozen and guides the training of the student 
model. By utilizing the output distributions of the unlabeled samples 
generated by the teacher model, the student model gains supervision 
for classifying these unlabeled instances.

To enhance plant-related novel class discovery, we integrate pro-
totype networks with knowledge distillation. The prototype network 
models spatial relationships between known and unknown categories, 
while the knowledge distillation framework facilitates the transfer 
of category relation distributions into a shared feature space. This 
shared feature space not only regularizes the discovery process but also 
improves class separation, thereby benefiting clustering methods. By 
enhancing feature discrimination, our approach ensures that novel and 
known classes are more distinctly represented, which aids in accurate 
clustering and robust recognition.

3. Materials and methods

3.1. Problem statement

In the task of novel class discovery (NCD), two distinct datasets 
are utilized: a labeled dataset 𝐷𝑙 = {(𝑥𝑙𝑖 , 𝑦

𝑙
𝑖)}

𝑁
𝑖=1 and an unlabeled 

dataset 𝐷𝑢 = {𝑥𝑢𝑖 }
𝑀
𝑖=1. The labeled dataset 𝐷𝑙 contains 𝑁 samples, each 

associated with a label 𝑦𝑙𝑖 ∈  𝑙 = {1,… , 𝐶 𝑙}, where 𝐶 𝑙 represents the 
number of known classes. For simplicity and feasibility, we assume that 
the number of novel classes 𝐶𝑢 is known a priori. Consequently, we 
denote the category of the unlabeled samples as 𝑦𝑢𝑖 ∈ 𝑢 = {1,… , 𝐶𝑢}. 
Here,  𝑙 refers to the known labeled classes, while 𝑢 represents the 
novel classes that the model aims to discover. Importantly, the known 
and novel classes are disjoint, such that  𝑙 ∩ 𝑢 = ∅.

During training, the objective is to leverage the labeled dataset 𝐷𝑙

to learn transferable semantic knowledge that facilitates the effective 
clustering of samples within the unlabeled dataset 𝐷𝑢, thereby enabling 
the discovery of novel classes. In the testing phase, the goal is to 
classify images from both the known and newly discovered classes. The 
comprehensive label set for testing is defined as  = {1,… , 𝐶 𝑙 , 𝐶 𝑙 +
1,… , 𝐶 𝑙+𝐶𝑢}, encompassing all 𝐶 𝑙 known classes and 𝐶𝑢 novel classes.
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3.2. Preliminary

We adopt the training strategy proposed in UNO (Fini et al., 2021), 
which incorporates multi-view exchange prediction and a unified loss 
function. For labeled data, we employ the standard cross-entropy loss, 
while for unlabeled data, we utilize the self-labeling loss introduced 
in Asano et al. (2020). The self-labeling approach assigns pseudo-labels 
to new category data by solving an optimal transport (OT) problem, 
using the generated pseudo-labels to train the model. To enforce an 
equipartition constraint and avoid degenerate solutions (e.g., all data 
points assigned to a single category), the Sinkhorn–Knopp (SK) algo-
rithm (Cuturi, 2013) is applied. Specifically, the model is trained by 
minimizing the average cross-entropy loss in a supervised setting: 

𝐸(𝑝|𝑦𝑖) = − 1
𝐵

𝐵
∑

𝑖=1
log 𝑝(𝑦𝑖|𝑥𝑖), (1)

where 𝐵 is the batch size. For the unsupervised setting, we replace the 
labels with posterior distributions 𝑞(𝑦|𝑥𝑖): 

𝐸(𝑝, 𝑞) = − 1
𝐵

𝐵
∑

𝑖=1

𝐶𝑢
∑

𝑦=1
𝑞(𝑦|𝑥𝑖) log 𝑝(𝑦|𝑥𝑖). (2)

To prevent degenerate solutions, we introduce an equipartition 
constraint, ensuring 𝐵𝑢 samples are uniformly distributed among the 
𝐶𝑢 categories, as shown in Eq. (3): 

min
𝑝,𝑞

𝐸(𝑝, 𝑞) subject to ∀𝑦 ∶ 𝑞(𝑦|𝑥𝑖) ∈ {0, 1} and
𝐵𝑢
∑

𝑖=1
𝑞(𝑦|𝑥𝑖) =

𝐵𝑢

𝐶𝑢 .

(3)

In our framework, let 𝑙 = 𝑝(𝑦𝑢|𝑥𝑢𝑖 ) and 𝐿 = [𝑙1,… , 𝑙𝐵𝑢 ] denote the 
prediction logits matrix, and 𝑌 = [𝑦̂1,… , 𝑦̂𝐵𝑢 ]⊤ represent pseudo-labels 
estimated by the SK algorithm. Following Cuturi (2013), we relax 𝑌  to 
be an element of the transportation polytope, as shown in Eq. (4): 

𝑌 ∈ {𝑌 ∈ R𝐶𝑢×𝐵𝑢
+ |𝑌 1 = 1

𝐶𝑢 ⋅ 1, 𝑌 ⊤1 = 1
𝐵𝑢 ⋅ 1}, (4)

where 1 are vectors of all ones of the appropriate dimensions. We then 
utilize the Frobenius dot-product for matrices 𝐿 and 𝑌 , as shown in 
Eq. (5): 
min⟨𝑌 ,− log𝐿⟩, (5)

where ⟨⋅⟩ is the Frobenius dot-product between two matrices and log
is applied element-wise. We recommend readers refer to Asano et al. 
(2020), Fini et al. (2021) for more details on self-labeling.

Finally, we use 𝑞(𝑦𝑢|𝑥𝑢𝑖 ) as the optimized pseudo-label. Rewriting 
Eq. (2), we derive our final clustering loss for unlabeled data, as shown 
in Eq. (6): 

𝑢
𝑐𝑙𝑢𝑠𝑡𝑒𝑟 = − 1

𝐵𝑢

𝐵𝑢
∑

𝑖=1
𝑞(𝑦𝑢|𝑥𝑢𝑖 ) log 𝑝(𝑦

𝑢
|𝑥𝑢𝑖 ). (6)

Following the UNO framework, the clustering loss and the super-
vised cross-entropy loss are unified as Eq. (7): 
𝑢𝑛𝑖𝑓 𝑖𝑒𝑑
𝑐𝑒 = 𝑙

𝑐𝑒 + 𝑢
𝑐𝑙𝑢𝑠𝑡𝑒𝑟. (7)

3.3. Framework

The framework consists of two modules: a pre-training module 
(upper part) for supervised learning and a discovery training module 
(lower part) for discovering unlabeled classes. Details are illustrated in 
Fig.  3.

Pre-Training Module: The pre-training module is designed to learn 
a feature extractor denoted as 𝛺𝑇 ∶ 𝑥 → 𝑧 ∈ R𝐶 𝑙 . The prototype 
network in this phase is denoted as 𝐏𝑇 (𝑆), where the superscript 𝑇 (𝑆)
indicates its role as a component in either the teacher or student model 
during knowledge distillation. This module aims to establish a robust 
feature representation for known classes using supervised learning.
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Discovery Training Module: The discovery training module adopts 
a dual-headed structure with a known class classification head 𝜙𝑙 and 
an unlabeled class discovery head 𝜙𝑢. The known class head 𝜙𝑙 connects 
to the prototype network 𝐏𝑆 to receive class spatial relation infor-
mation. The unlabeled class head 𝜙𝑢 employs a self-labeling method 
for clustering unlabeled classes. Class spatial relation information is 
derived from the pre-training module and transferred to the discovery 
training module through KL divergence regularization on 𝜙𝑙.

Data Flow: The pre-training module only processes labeled classes, 
generating logits through 𝜙𝑙. Further, the feature encoder is updated by 
calculating the cross-entropy loss, thereby obtaining a teacher model 
relevant to downstream tasks. The discovery training module simul-
taneously processes labeled and unlabeled data, producing logits for 
𝐶 𝑙 (labeled classes) and 𝐶𝑢 (unlabeled classes) through 𝜙𝑙 and 𝜙𝑢, 
respectively. The output distributions from the two heads are combined 
to generate the final prediction results.

Prototype Classification Head: We introduce a novel prototype 
classification head for labeled classes, where each class is represented 
by a single prototype 𝜇 ∈ {𝜇1,… , 𝜇𝐶 𝑙}. In this framework, similarity 
between samples and prototypes is measured using a combined metric 
that leverages both Euclidean distance and cosine similarity. For each 
sample (𝑥, 𝑦), we calculate its soft assignment to the prototype 𝜇, where 
the distance serves as an indicator of the probability that the sample 𝑥𝑖
belongs to the prototype 𝜇𝑗 .

To measure this similarity, we compute the distance between the 
feature representation of an instance 𝑥𝑖 and the corresponding proto-
type 𝜇𝑗 as shown in Eq. (8):
𝑆𝑖𝑚(𝛺(𝑥𝑖), 𝜇𝑗 ) = 𝑆𝑖𝑚𝑐 (𝛺(𝑥𝑖), 𝜇𝑗 ) − 𝑆𝑖𝑚𝑒(𝛺(𝑥𝑖), 𝜇𝑗 ),

𝑆𝑖𝑚𝑒(𝛺(𝑥𝑖), 𝜇𝑗 ) = 1
𝑑

∥ 𝛺(𝑥𝑖) − 𝜇𝑗 ∥22,

𝑆𝑖𝑚𝑐 (𝛺(𝑥𝑖), 𝜇𝑗 ) = 𝛺(𝑥𝑖) ⋅ 𝜇𝑗 , (8)

where 𝛺(⋅) denotes the feature extractor before the prototype classifier, 
and 𝑆𝑖𝑚𝑒 and 𝑆𝑖𝑚𝑐 represent the Euclidean distance-based dissimilarity 
and cosine similarity, respectively. The squared Euclidean distance is 
divided by the feature dimension 𝑑 for normalization, mitigating the 
impact of high-dimensional feature spaces on the similarity measure.

The rationale behind constructing 𝑆𝑖𝑚(⋅, ⋅) as the difference between 
𝑆𝑖𝑚𝑐 and 𝑆𝑖𝑚𝑒 lies in the complementary nature of the two metrics. 
Cosine similarity captures the directional alignment between the fea-
ture vector and the prototype, while Euclidean distance accounts for 
their magnitude difference. Since a smaller Euclidean distance indicates 
higher similarity and a larger cosine similarity indicates higher similar-
ity, subtracting 𝑆𝑖𝑚𝑒 from 𝑆𝑖𝑚𝑐 ensures that larger values of 𝑆𝑖𝑚(⋅, ⋅)
consistently represent higher similarity. This unified similarity measure 
simplifies subsequent processing and enhances the model’s ability to 
distinguish between prototypes in the feature space. Then, we calculate 
the probability that an instance 𝑥𝑖 belongs to prototype 𝜇𝑗 is calculated 
as shown in Eq. (9): 

𝑝(𝑥 ∈ 𝜇𝑗
|𝑥) = 𝑒−𝛾𝑆𝑖𝑚(𝛺(𝑥),𝜇𝑗 )

∑𝐶 𝑙

𝑛=1 𝑒−𝛾𝑆𝑖𝑚(𝛺(𝑥),𝜇𝑛)
. (9)

Then, we can define the cross-entropy (CE) loss as the objective loss 
of our framework, as shown in Eq. (10): 

prototypece (𝑥) = −
𝐶 𝑙
∑

𝑗=1
𝑦𝑗 log 𝑝(𝑥 ∈ 𝜇𝑗

|𝑥). (10)

By optimizing Eq. (10), the embedding features of the same classes 
are attracted to each other by the prototype centers and vice versa. 
Consequently, the feature embeddings obtained through the prototype 
network are distributed more discriminatively in the latent space, ex-
hibiting more compact intra-class and sparser inter-class distributions. 
In our proposed pre-training framework, we iterate through all samples 
and calculate the feature average of the corresponding samples by 
label to initialize the prototype. The model automatically learns the 
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Fig. 3. Overview of our method. First, the teacher model is trained on the labeled dataset, where 𝛺𝑇  and 𝐏𝑇  represent the feature extractor and prototype classification head of 
the teacher model, respectively. Similarly, 𝛺𝑆 and 𝐏𝑆 denote the feature extractor and prototype classification head of the student model, which are initialized with the parameters 
of the teacher model. Note that during the discovery training stage, the network from the pre-training stage is fixed.
prototype from the data. The sample category assignment is deter-
mined based on distance during inference, making our method more 
interpretable. Subsequently, we replace the classical cross-entropy loss 
in the unified loss 𝑢𝑛𝑖𝑓 𝑖𝑒𝑑

𝑐𝑒  with our prototype-based cross-entropy 
loss 𝑝𝑟𝑜𝑡𝑜𝑡𝑦𝑝𝑒

𝑐𝑒  and add the knowledge distillation loss 𝐾𝐷. The final 
objective function is expressed as Eq. (11): 
 = 𝑝𝑟𝑜𝑡𝑜𝑡𝑦𝑝𝑒

𝑐𝑒 + 𝑢
𝑐𝑙𝑢𝑠𝑡𝑒𝑟 + 𝛼𝐾𝐷, (11)

where 𝛼 is a hyperparameter to balance the knowledge distillation loss.
Knowledge Distillation Loss: The distributions of known classes 

can be acquired by pre-training the labeled dataset. To measure the 
relationship between a new class sample and the known classes, we 
input each new class sample into the supervised pre-training module. 
This process yields the output distributions of the teacher and student 
models, as shown in Eqs.  (12) and (13): 

𝑝𝑇𝑢 = softmax
(

𝐏𝑇
𝑙 (𝛺

𝑇 (𝑥𝑢))
𝑡

)

∈ R𝑐𝑙 , (12)

𝑝𝑆𝑢 = softmax
(

𝐏𝑆
𝑙 (𝛺

𝑆 (𝑥𝑢))
𝑡

)

∈ R𝑐𝑙 . (13)

Here, 𝛺𝑇 (⋅) and 𝛺𝑆 (⋅) represent the feature extractors of the teacher 
and student models, respectively. The functions 𝐏𝑇

𝑙 (⋅) and 𝐏𝑆
𝑙 (⋅) denote 

the classifier heads that output logits for the labeled classes. The 
𝑡 is used to soften the probability distributions, providing smoother 
gradients during training. Both 𝑝𝑇𝑢  and 𝑝𝑆𝑢  are probability distributions 
over the known class space for the unlabeled sample 𝑥𝑢, enabling the 
student model to mimic the teacher’s predictions.

The knowledge distillation process aims to align the output distribu-
tion of the student model with that of the teacher model. By comparing 
the softened output distributions (Eqs.  (12) and (13)), the student 
model learns to replicate the teacher’s predictions for the unlabeled 
samples. This alignment is quantified using the Kullback–Leibler (KL) 
divergence, as defined in Eq. (14): 

𝑢
𝑘𝑑 = 1

𝐵

𝐵
∑

𝑖=1
𝐾𝐿(𝑝𝑇𝑢𝑖 ∥ 𝑝𝑆𝑢𝑖 ), (14)

where 𝐵 denotes the batch size. This distillation process enables the stu-
dent model to capture the distribution of class relationships, thereby fa-
cilitating the learning of unknown classes while preserving knowledge 
about known classes.
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One of the benefits of freezing the teacher model parameters is the 
ability to reduce the influence of unlabeled data on the feature space 
of labeled data during the discovery phase. For the labeled data, the 
corresponding loss is defined in Eq. (15): 

𝑙
𝑘𝑑 = 1

𝐵

𝐵
∑

𝑖=1
𝐾𝐿(𝑝𝑇𝑙𝑖 ∥ 𝑝𝑆𝑙𝑖 ), (15)

where 𝑝𝑇𝑙𝑖  and 𝑝
𝑆
𝑙𝑖
 are the teacher and student distributions for the 

labeled samples.
Finally, the overall knowledge distillation loss is computed as a 

weighted combination of the losses for unknown and known classes, 
as shown in Eq. (16): 
𝐾𝐷 = 𝜂𝑢

𝑘𝑑 + (1 − 𝜂)𝑙
𝑘𝑑 , (16)

where 𝜂 is a balancing coefficient that controls the trade-off between 
the distillation losses for known and unknown classes.

3.4. Assumption reasonableness

Novel class discovery aims to leverage the prior knowledge from 
labeled data to guide the clustering of unlabeled data. Therefore, it is 
crucial to validate that the prototype classification head can establish 
category relationships between labeled and unlabeled classes. Figs.  4
and 5 provide empirical support for the hypothesis that a prototype-
based classifier is a reasonable approach for this task. As shown in Fig. 
4, samples are moved toward their corresponding prototypes to form 
more compact clusters in the training phase. This ensures that each 
prototype effectively represents its respective class, creating distinct 
and well-defined category representations. In the testing phase, input 
samples are mapped into the latent space. The distances between 
the input samples and each prototype are calculated. These distances 
are then converted into a probability distribution through a softmax 
layer to obtain the final prediction results. This method allows for the 
efficient classification of new samples based on their proximity to the 
learned prototypes.

The prototype network’s ability to create compact and distinct cat-
egory representations in the latent space makes it particularly suitable 
for fine-grained tasks, such as plant disease recognition. By aligning 
new samples with the closest prototypes, the model leverages the prior 
knowledge from the labeled data to make informed predictions about 
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Fig. 4. The illustration of the prototype network. In the training phase, samples are moved toward the corresponding prototype to obtain more compact clusters. In the testing 
phase, the input samples are mapped into the latent space to calculate the distances from each prototype, respectively. Then, the distance is converted into a probability distribution 
through the softmax layer to obtain the final prediction result. Images are from the Plant Village dataset.
Fig. 5. Predicted distribution of unlabeled apple leaf data on fine-tuned model. The result based on dino-v1 with prototype classification head.
the unlabeled data. We provide the predicted distribution of various 
unlabeled apple leaf samples when processed by a model fine-tuned on 
known tomato disease classes, as shown in Fig.  5. On the one hand, 
the model classifies more than 40% of healthy apple leaves as healthy 
tomato leaves. This demonstrates the model’s ability to generalize the 
concept of leaf health across different species, suggesting that the 
learned prototypes for healthy leaves can effectively represent similar 
health conditions in other species. On another hand, diseased apple 
leaves are classified into various known tomato disease categories. 
Although these classifications are not perfect due to the absence of 
specific apple disease categories in the training set, the model still 
recognizes disease-related features. For example, more than 80% of 
apple leaves affected by ‘cedar rust’ were classified as ‘tomato late 
blight’. This indicates that the learned disease features from the tomato 
classes are transferable to the apple classes, supporting the idea that 
disease characteristics share common visual patterns across different 
species.

These observations validate the hypothesis that there are inherent 
similarities between known and unknown classes, allowing a prototype-
based approach to effectively map unknown samples to the most similar 
known prototypes. The prototype network leverages these similarities 
by modeling the spatial relationships in the latent feature space, en-
abling the classification of new samples based on their proximity to 
the learned prototypes. This method not only improves the clustering of 
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new categories but also ensures that the model leverages the underlying 
structure of the feature space to enhance its generalization capabilities, 
thereby facilitating the discovery of novel classes in plant disease 
and species recognition tasks. Overall, these observations support the 
reasonableness of using a prototype-based approach for NCD.

3.5. Estimating the number of novel classes

Setting an accurate number of novel classes before training often 
improves clustering accuracy in NCD (Fini et al., 2021; Gu et al., 
2023). However, the challenge of estimating the number of novel 
classes has been largely overlooked in previous studies. In this work, 
After constructing a compact feature space for labeled datasets using 
prototype-based classification, the optimal number of clusters can be 
easily determined using the elbow method (Liu and Deng, 2020). The 
elbow method essentially identifies the ‘elbow point’ on the curve 
of the sum of squared errors (SSE), where the rate of decrease in 
error slows significantly. SSE measures the distance between each data 
point and its respective cluster center, reflecting the compactness of 
the clustering solution. In this work, we propose three elbow-based 
methods to determine the optimal number of clusters using K-means 
clustering.

The Max Second Derivative method (Ketchen and Shook, 1996) 
identifies the point of maximum curvature on the SSE curve by cal-
culating the second derivative, effectively capturing the ‘elbow’ point 
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Table 1
Dataset split.
 Dataset Labeled set images Novel set images
 Training Test Classes Training Test Classes 
 Herbarium19 17,013 1,335 341 17,212 1,344 342  
 Plant Village(T/A) 10,785 7,374 10 1,889 1,282 4  
 Plant Village(T/C) 10,785 7,374 10 2,333 1,519 4  
 Plant Village(T/G) 10,785 7,374 10 2,428 1,634 4  
 Plant Village(T/P) 10,785 7,374 10 1,297 855 3  
 Plant Village(T/H) 10,785 7,374 10 6,111 3,999 7  
 Plant Village(T/D) 10,785 7,374 10 7,696 5,101 6  

where adding more clusters yields diminishing returns in SSE reduction. 
The Max Distance method (Milligan and Cooper, 1985) calculates the 
distance of each point on the SSE curve from a straight line connecting 
the curve’s endpoints and selects the point with the greatest distance as 
the optimal cluster number. The Min Angle method (Thorndike, 1953) 
identifies the point with the smallest angle between three consecu-
tive points on the SSE curve, indicating a sharp change in the error 
reduction rate.

In addition to these elbow-based methods, we implement several 
traditional algorithms for determining the optimal number of clus-
ters. These methods evaluate clustering quality using different validity 
indices rather than relying directly on the SSE curve. Specifically, 
the Silhouette Coefficient (Rousseeuw, 1987) assesses both cohesion 
and separation, achieving its optimal value when intra-cluster dis-
tances are minimized and inter-cluster distances are maximized. The 
Calinski–Harabasz Index (Caliński and Harabasz, 1974) evaluates the 
ratio of inter-cluster dispersion to intra-cluster dispersion, reaching its 
maximum when clusters are compact and well-separated. Lastly, the 
Davies–Bouldin Index (Davies and Bouldin, 1979) calculates the ratio 
of intra-cluster distances to inter-cluster distances, minimizing when 
clusters are both tight and well-separated.

4. Experiments

4.1. Implementation details

During the supervised training phase, we trained the models on 
Herbarium19 and Plant Village datasets for 50 epochs. Subsequently, 
we conducted joint training for 100 epochs, encompassing both known 
and new categories, following a methodology similar to UNO (Fini 
et al., 2021). We utilized an SGD optimizer with a learning rate that 
starts with linear growth and then undergoes cosine decay. We initial-
ized the backbone network vit-base using dino-v1 (Caron et al., 2021) 
and dino-v2 (Oquab et al., 2024), with dino-v2 being the primary back-
bone for the main experimental results. Our approach is implemented 
based on PyTorch and can be executed on a single GPU device (Nvidia-
4090). For a fair comparison, we adopted the same training settings 
to implement K-means (MacQueen et al., 1967) and Cr-kd (Gu et al., 
2023) on these datasets based on their released code, ensuring that all 
training processes converged. Our visualization methods are based on 
the ‘umap’ and ‘grad-cam’ libraries.

4.2. Datasets and splits

Novel class discovery has not yet been addressed in plant-related 
recognition work. Therefore, we first need to construct datasets and 
set partitioning schemes. This paper involves two significant plant-
related themes: species recognition and plant disease identification. We 
select two representative datasets: the Herbarium19 (Tan et al., 2019) 
(species recognition) dataset and the Plant Village (Hughes et al., 2015) 
(plant disease classification) dataset.

The Herbarium19 dataset (Tan et al., 2019) consists of 46,469 high-
resolution digital images of herbarium sheets, representing 683 species 
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from the flowering plant family Melastomataceae, also known as the 
princess flower family. Challenges associated with this dataset include 
significant class imbalance and the reliance of expert botanists on subtle 
features like leaf veins and flower shapes for species identification, 
which may not be adequately captured by low-resolution imaging 
methods typically used in image classification. Additionally, there is 
considerable intraclass variation, where individuals of the same species 
vary greatly, and minimal interclass variation, making different species 
visually similar. For Herbarium19, we follow the partitioning strategy 
of Vaze et al. (2022), dividing 341 classes as labeled categories and the 
remaining 342 classes as novel categories. We further create subsets of 
the novel categories based on sample size, selecting the top 25, 50, 
100, 200, and 300 classes. These subsets are referred to as Top-25, 
Top-50, Top-100, Top-200, and Top-300, respectively. The results for 
these subsets are presented in supplementary discussions rather than 
the main results.

The Plant Village dataset (Hughes et al., 2015) is a publicly accessi-
ble database widely used in agricultural and plant pathology research, 
especially for identifying and classifying plant diseases. It contains 
54,309 images spanning 14 crop species: apple, blueberry, cherry, 
corn, grape, orange, peach, bell pepper, potato, raspberry, soybean, 
squash, strawberry, and tomato. The dataset includes images of 17 
fungal diseases, four bacterial diseases, two mold diseases, two viral 
diseases, and one disease caused by a mite. Twelve crop species have 
images of healthy leaves that are not visibly affected by a disease. 
We construct different subsets for the Plant Village dataset to divide 
labeled categories and new classes. The subsets T, A, C, G, P, H, and D 
in Plant Village correspond to tomato, apple, corn, grape, potato, and 
other healthy, and other diseased leaves, respectively. Ten classes of 
tomato diseases serve as labeled categories, while the other subsets are 
treated as novel categories. More details about the datasets are shown 
in Table  1.

4.3. Protocol and evaluation metrics

We employ two protocols to evaluate our model: task-aware and 
task-agnostic. In the task-aware protocol, we follow the transductive 
learning setting proposed in Gu et al. (2023) to evaluate model per-
formance. Specifically, we assess performance on the training novel 
dataset using ClusterAcc. In this setting, we assume that all obtained 
unlabeled samples are used for training, and their clustering perfor-
mance is evaluated. Since the samples are unlabeled, it is reasonable to 
assess performance on these unlabeled samples. ClusterAcc is defined 
as: 

𝐶𝑙𝑢𝑠𝑡𝑒𝑟𝐴𝑐𝑐 = max
𝑝𝑒𝑟𝑚∈𝑃

1
𝑁

𝑁
∑

𝑖=1
1{𝑦𝑖 = 𝑝𝑒𝑟𝑚(𝑦𝑖)}, (17)

where 𝑦𝑖 and 𝑦𝑖 denote the ground-truth and predicted labels, re-
spectively, and 𝑃  represents the set of all permutations. The optimal 
permutation is calculated using the Hungarian algorithm (Kuhn, 1955).

In the task-agnostic protocol, we follow the task-agnostic setting 
proposed in Fini et al. (2021) to evaluate the model’s performance. 
Specifically, the accuracy of labeled data is computed using the stan-
dard accuracy metric, while the performance of class discovery for 
unlabeled data is measured using ClusterAcc. In this setting, the eval-
uation is performed on a test dataset containing both known and 
novel class data. As this protocol does not require prior knowledge 
about whether a given sample belongs to a known or novel class, it 
is more suitable for real-world applications compared to the first type 
of evaluation.

4.4. Main result

The main result is reported in Tables  2 and 3. K-means leverages 
the prior knowledge of known classes to directly cluster the unknown 
classes, making it a straightforward solution for novel class discovery. 
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Table 2
Main results. Note that all methods in this report is based on the dino-v2 pre-training model. The bold indicates the best results. Note that 
‘Novel’ denotes unlabeled classes.
 Dataset Methods Pre-training Task-aware (%) Task-agnostic (%)
 Labeled/Unlabeled Accuracy Novel All Novel Labeled 
 K-means 85.18 33.69 52.03 31.77 72.43  
 Herbarium19 UNO 85.18 33.96 57.20 38.21 76.33  
 (341/342) Cr-kd 85.18 34.71 58.47 39.03 78.05  
 Ours 86.43 35.88 59.29 40.18 78.54  
 K-means 99.95 74.01 93.43 57.49 99.67  
 Plant Village UNO 99.95 63.98 93.91 60.57 99.7  
 (T/A) Cr-kd 99.95 63.98 94.00 61.47 99.65  
 Ours 99.95 93.70 98.45 91.38 99.68  
 K-means 99.95 69.70 95.61 74.92 99.88  
 Plant Village UNO 99.95 66.95 93.33 63.30 99.52  
 (T/C) Cr-kd 99.95 69.01 94.38 67.54 99.92  
 Ours 99.95 90.76 98.19 91.28 99.62  
 K-means 99.95 72.08 94.04 69.46 99.68  
 Plant Village UNO 99.95 91.17 97.88 89.75 99.75  
 (T/G) Cr-kd 99.95 89.11 97.84 88.98 99.87  
 Ours 99.95 99.59 99.57 99.48 99.59  
 K-means 99.95 94.76 92.45 65.26 95.64  
 Plant Village UNO 99.95 84.58 96.94 85.03 98.33  
 (T/P) Cr-kd 99.95 86.93 98.22 85.85 99.67  
 Ours 99.95 85.39 98.36 86.43 99.76  
 K-means 99.95 42.99 79.85 43.64 99.88  
 Plant Village UNO 99.95 57.01 84.28 56.01 99.90  
 (T/H) Cr-kd 99.95 56.93 83.87 54.89 99.90  
 Ours 99.95 67.65 88.06 66.77 99.83  
 K-means 99.95 65.47 79.03 49.21 99.85  
 Plant Village UNO 99.95 66.84 86.00 66.28 99.77  
 (T/D) Cr-kd 99.95 67.02 86.40 67.07 99.90  
 Ours 99.95 67.35 87.02 68.75 99.77  
Despite its simplicity, K-means shows reasonable performance but often 
falls short compared to more sophisticated methods. For instance, 
in the Herbarium19 dataset, K-means achieves a task-aware novel 
class accuracy of 33.69% and a task-agnostic novel class accuracy of 
31.77%, which are significantly lower than the results obtained by 
our method (35.88% and 40.18%, respectively). Additionally, Cr-kd 
utilizes knowledge distillation but does not perform as well as our 
approach in most scenarios. In the Plant Village (A) subset, for example, 
Cr-kd achieves a task-aware novel class accuracy of 63.98% and a task-
agnostic novel class accuracy of 61.47%, while our method reaches 
93.70% and 91.38%, respectively.

Our method consistently excels in novel class detection across differ-
ent subsets of the Plant Village dataset. For instance, in the Plant Village 
(C) subset, our approach attains a task-aware novel class accuracy of 
90.76%, outperforming both K-means (69.70%) and Cr-kd (69.01%). 
Similarly, in the Plant Village (G) subset, our method achieves a task-
agnostic novel class accuracy of 99.48%, significantly higher than 
K-means (69.46%) and Cr-kd (88.98%).

The task-agnostic evaluation protocol is more reflective of real-
world applications than the task-aware protocol, as it demonstrates the 
model’s ability to distinguish between known and unknown classes. In 
practical scenarios, models must effectively identify whether a sample 
belongs to a known class or a novel one without prior task-specific 
information. Our method also consistently shows high performance in 
task-agnostic settings, such as achieving 86.43% in the Plant Village (P) 
subset, compared to K-means (65.26%) and Cr-kd (85.85%).

The above analysis is based on the dino-v2 pre-trained model. 
Notably, all methods in Tables  2 and 3 utilize the same pre-trained 
model to ensure a fair comparison. Consequently, the observed perfor-
mance improvements primarily stem from our distance-based prototype 
network and knowledge distillation strategy, rather than differences in 
pre-training models.

In summary, the results demonstrate that our method consistently 
outperforms existing approaches in both task-aware and task-agnostic 
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settings across various datasets, regardless of whether dino-v1 or dino-
v2 is used for pre-training. Our approach effectively discovers and 
classifies novel classes while maintaining high accuracy on labeled 
data, underscoring its advantages over baseline methods such as K-
means and Cr-KD. Furthermore, the task-agnostic evaluation reaffirms 
our method’s practical applicability, highlighting its robustness and 
strong generalization capabilities in distinguishing between known and 
unknown classes.

4.5. Ablation study

We conducted an ablation study to investigate the contribution of 
different components in our framework, as shown in Table  4. This 
study evaluates the impact of using different knowledge distillation 
losses (𝑢

𝑘𝑑 and 𝑙
𝑘𝑑) and classifier types (Linear vs. Prototype) on the 

model’s performance. The evaluations were conducted using the dino-
v1 and dino-v2 pre-training models across various metrics, including 
pre-training accuracy, task-aware, and task-agnostic protocol. Ablation 
experiments are conducted on the Herbarium19 dataset, a highly com-
plex species recognition dataset characterized by significant challenges 
such as uneven data distribution, limited sample sizes, and a large 
number of categories.

From the ablation results, several key observations can be made. 
Firstly, using a linear classifier with the dino-v1 pre-training model, 
without any knowledge distillation losses, achieves a pre-training ac-
curacy of 75.43%. However, its performance in the task-aware novel 
class accuracy and task-agnostic settings is relatively low, with scores of 
26.73% and 33.97% for novel classes, respectively. Incorporating 𝑢

𝑘𝑑
alone does not significantly enhance the performance, suggesting that 
additional regularization is needed to improve the model’s ability to 
handle novel classes.

Switching to a prototype classifier with the dino-v1 model and 
using only 𝑢

𝑘𝑑 increases the pre-training accuracy to 77.12%. This 
setup shows a slight improvement in task-aware and task-agnostic 
evaluations, indicating the benefit of using a prototype-based approach. 
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Table 3
Main results. Note that all methods in this report is based on the dino-v1 pre-training model. The bold indicates the best results. Note that 
‘Novel’ denotes unlabeled classes.
 Dataset Methods Pre-training Task-aware (%) Task-agnostic (%)
 Labeled/Unlabeled Accuracy Novel All Novel Labeled 
 K-means 75.43 23.11 43.26 26.71 59.93  
 Herbarium19 UNO 75.43 24.58 47.63 32.63 63.13  
 (341/342) Cr-kd 75.43 26.77 48.92 33.74 64.19  
 Ours 77.12 27.65 50.63 34.93 66.44  
 K-means 99.80 45.84 94.18 63.81 99.46  
 Plant Village UNO 99.80 60.51 89.93 59.98 99.39  
 (T/A) Cr-kd 99.80 63.95 93.91 61.66 99.51  
 Ours 99.80 77.58 96.55 79.13 99.57  
 K-means 99.80 81.31 96.29 79.33 99.80  
 Plant Village UNO 99.80 64.67 92.50 63.33 99.35  
 (T/C) Cr-kd 99.80 66.91 94.10 67.12 99.67  
 Ours 99.80 88.64 97.63 88.87 99.44  
 K-means 99.80 62.03 91.35 54.59 99.78  
 Plant Village UNO 99.80 77.22 93.21 75.52 99.29  
 (T/G) Cr-kd 99.80 77.76 95.94 79.16 99.78  
 Ours 99.80 85.03 96.24 82.80 99.33  
 K-means 99.80 76.56 81.85 54.15 85.10  
 Plant Village UNO 99.80 81.80 97.95 82.60 99.19  
 (T/P) Cr-kd 99.80 82.69 97.81 81.46 99.73  
 Ours 99.80 84.50 98.03 85.61 99.49  
 K-means 99.80 64.95 86.95 63.74 99.78  
 Plant Village UNO 99.80 58.63 85.09 57.82 99.75  
 (T/H) Cr-kd 99.80 57.63 84.31 56.41 99.74  
 Ours 99.80 59.79 85.88 60.53 99.90  
 K-means 99.80 59.45 77.43 45.29 99.88  
 Plant Village UNO 99.80 63.95 84.01 63.39 99.40  
 (T/D) Cr-kd 99.80 63.62 85.01 63.84 99.79  
 Ours 99.80 68.95 86.85 68.70 99.51  
Table 4
The impact of different modules on model performance.
 𝑢

𝑘𝑑 𝑙
𝑘𝑑 Classifier Pre-training Task-aware (%) Task-agnostic (%)

 Model Accuracy Novel All Novel Labeled 
 7 7 Linear dino-v1 75.43 26.73 47.35 33.97 60.82  
 ✓ 7 Linear dino-v1 75.43 26.77 48.92 33.74 64.19  
 ✓ 7 Prototype dino-v1 77.12 27.88 49.03 34.15 64.01  
 ✓ ✓ Prototype dino-v1 77.12 27.65 50.63 34.93 66.44  
 ✓ ✓ Prototype dino-v2 86.43 35.88 59.29 40.18 78.54  
Table 5
The result of our methods by using different pre-training models.
 Dataset Pre-training Task-aware (%) Task-agnostic (%)
 labeled/unlabeled Model Accuracy Novel All Novel Labeled 
 Herbarium19 dino-v1 77.12 27.65 50.63 34.93 66.44  
 (341/342) dino-v2 86.43 35.88 59.29 40.18 78.54  
 Plant Village dino-v1 99.80 77.58 96.55 79.13 99.57  
 (T/A) dino-v2 99.95 93.70 98.45 91.38 99.68  
 Plant Village dino-v1 99.80 88.64 97.63 88.87 99.44  
 (T/C) dino-v2 99.95 90.76 98.19 91.28 99.62  
 Plant Village dino-v1 99.80 85.03 96.24 82.80 99.33  
 (T/G) dino-v2 99.95 99.59 99.57 99.48 99.59  
 Plant Village dino-v1 99.80 84.50 98.03 85.61 99.49  
 (T/P) dino-v2 99.95 85.39 98.36 86.43 99.76  
 Plant Village dino-v1 99.80 59.79 85.88 60.53 99.90  
 (T/H) dino-v2 99.95 63.44 86.70 62.89 99.86  
 Plant Village dino-v1 99.80 68.95 86.85 68.70 99.51  
 (T/D) dino-v2 99.95 67.35 87.02 68.75 99.77  
When both 𝑢
𝑘𝑑 and 𝑙

𝑘𝑑 are applied, the prototype classifier shows 
further gains, particularly in the task-agnostic labeled class accuracy, 
which rises to 66.44%. The result demonstrates the effectiveness of the 
prototype head on the NCD task.

Using larger-scale pre-trained models can further enhance our meth-
ods. Notable improvements were observed when using the dino-v2 
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pre-training model. This configuration achieves the highest pre-training 
accuracy of 86.43%. In the task-aware setting, the novel class accuracy 
reaches 35.88%, indicating a substantial improvement over the other 
configurations. The task-agnostic performance also shows significant 
enhancement, with a novel class accuracy of 40.18% and a labeled 
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class accuracy of 78.54%. These results indicate that our method is 
compatible with larger-scale pre-trained models.

Table  5 further illustrates the impact of using different pre-training 
models, dino-v1 and dino-v2, on the performance of our method across 
various datasets. The results show that using dino-v2 significantly 
improves the model’s performance compared to dino-v1. For instance, 
in the Plant Village (A) subset, task-aware novel class accuracy jumps 
from 77.58% with dino-v1 to 93.70% with dino-v2, and task-agnostic 
novel class accuracy increases from 79.13% to 91.38%. Similar trends 
are observed across other subsets. These results highlight that our 
method significantly boosts the model’s ability to discover and classify 
novel classes while maintaining high accuracy on known classes.

4.6. Estimation of novel classes

Table  6 presents the results of estimating the number of novel 
classes using various methods across two datasets: Herbarium19 and 
Plant Village. The estimated values and their corresponding absolute er-
rors (in parentheses) are shown for multiple subsets. For Herbarium19, 
the subsets are represented as Top-25, Top-50, Top-100, Top-200, Top-
300, and Top-342, while for Plant Village, the subsets are labeled as 
(A)-4, (C)-4, (G)-4, (P)-3, (H)-7, and (D)-6, with the numbers indicating 
the true number of novel classes.

Across the Herbarium19 dataset, the Maximum Distance method 
consistently outperforms other methods, achieving an absolute error of 
zero for Top-25, Top-50, and Top-342. It also maintains relatively small 
errors (e.g., 2 for Top-100 and 5 for Top-200), demonstrating its robust-
ness in handling varying levels of complexity. In comparison, methods 
like the Second Derivative and Minimum Angle show good performance 
for smaller subsets but suffer from higher errors as the subset size 
increases (e.g., 60 for Second Derivative and 30 for Minimum Angle 
in Top-342). The Silhouette Coefficient, Calinski–Harabasz Index, and 
Davies–Bouldin Index consistently exhibit larger errors, particularly for 
larger subsets, indicating their limitations in estimating the number of 
novel classes in complex datasets.

For the Plant Village dataset, both the Second Derivative and Maxi-
mum Distance methods show strong and consistent performance across 
all subsets, with absolute errors typically at or near zero. Other meth-
ods, such as the Silhouette Coefficient and Minimum Angle, tend to 
overestimate the number of classes, resulting in higher errors. These 
results highlight the superior reliability of the Maximum Distance and 
Second Derivative methods in simpler datasets compared to other 
clustering quality indices.

These results suggest that methods leveraging the geometry of the 
SSE curve, such as Maximum Distance, are better suited for estimating 
the number of novel classes in diverse datasets. For example, the 
Maximum Distance method often yields perfect or near-perfect pre-
dictions, particularly in larger datasets. This indicates that applying 
simple elbow-based methods within our framework can achieve accu-
rate estimation of unknown classes, thereby addressing the limitation 
of assuming the number of unknown classes is known in NCD.

4.7. Visualization

In this section, we provide the class activation maps from the pre-
training stage to explain how the model leverages learned disease 
concepts to guide the clustering of unknown categories. Fig.  6 illus-
trates the gradient class attention maps for both labeled and unlabeled 
classes, highlighting the model’s attention regions when processing 
different types of leaf samples. In the upper section of Fig.  6, each 
leaf sample from the labeled classes is paired with its corresponding 
gradient class attention map. These attention maps reveal that the 
model predominantly focuses on distinct regions of the leaves that 
exhibit significant features, such as lesions, color changes, and mor-
phological anomalies. The concentrated hotspots in these maps suggest 
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that the model effectively identifies and utilizes the critical charac-
teristics of labeled classes to make accurate classification decisions. 
This focused attention indicates the model’s capability to leverage the 
provided labeled data to discern critical features that are instrumen-
tal in distinguishing between different known categories. The model 
achieves classification by focusing on disease regions, as evident in the 
visualizations of labeled classes.

Conversely, the lower section of Fig.  6 presents the gradient class 
attention maps for the unlabeled classes. In these cases, the attention is 
more dispersed and less confident compared to the labeled classes. For 
example, in the first two instances of the last row, despite significant 
lesions on the leaves, there are few red high-attention areas. This 
attention dispersion likely reflects the model’s uncertainty and the 
inherent difficulty in processing novel classes without prior labeled 
examples. Despite this, the model is somewhat adaptable, indicating 
its potential to generalize beyond the training data. These visualiza-
tions help to understand how our method learns class concepts and 
establishes relationships between known and unknown categories.

We also visualize the unlabeled samples’ feature in the discovery 
stage by UMAP visualization techniques, as shown in Fig.  7. The anal-
ysis of the Plant Village dataset demonstrates the effectiveness of our 
method in distinguishing novel classes across different subsets: Apple, 
Corn, Grape, Potato, Healthy, and Other Diseases. For the Apple, Corn, 
Grape, and Potato subsets, our method produces clusters equal to the 
number of categories, indicating the model’s robustness in identifying 
subtle differences in disease features and its generalization capability 
across different crop types. For instance, despite the complex inter-class 
similarities in the grape subset, our method effectively differentiates be-
tween various diseases, showcasing the method’s strength in handling 
fine-grained classification tasks. The Other subsets further corroborate 
these findings with distinct clusters, reflecting the model’s proficiency 
in recognizing diverse disease symptoms. These visualizations show 
well-defined clusters and clear boundaries, suggesting that the model 
accurately captures the variations among different diseases and healthy 
leaves.

However, we also observe a significant aggregation of samples from 
different categories in the upper right corner of the healthy subset. This 
phenomenon is primarily due to the difficulty in establishing category 
relationships. The NCD problem assumes that knowledge from known 
categories helps classify unknown ones. However, in our setting, the 
labeled categories are from the tomato disease subset, which includes 
one healthy category and nine disease categories. Classifying healthy 
leaves from seven different species using just one healthy category is 
challenging. Therefore, the model may need to rely on the outline or 
texture of the leaves to determine the category of unknown samples, 
but this information is lacking in our setting.

Overall, the visual and quantitative analyses demonstrate the scala-
bility and robustness of our method. It effectively manages an increas-
ing number of novel classes while maintaining superior performance, 
making it a robust solution for practical applications in biodiversity and 
agriculture.

5. Discussion

5.1. Prototype and linear classification head

In this section, we discuss why the prototype classification head 
is a more effective solution from the perspective of feature distribu-
tion. Previously, in Fig.  2, we demonstrated the feature distribution 
of known classes using a linear classification head during the pre-
training stage. Despite appearing compact, these clusters revealed 13 
clusters instead of the ten actual known categories, indicating that 
the decision boundaries created by the linear classification head could 
lead to smaller intra-class distances. This phenomenon could negatively 
impact the subsequent discovery phase for clustering novel classes. 
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Table 6
Result of estimating the number of novel classes.

 Method Herbarium19 (Estimated Value and Absolute Error)
 Top-25 Top-50 Top-100 Top-200 Top-300 Top-342  
 Second Derivative 26 (1) 52 (2) 104 (4) 180 (20) 260 (40) 282 (60)  
 Maximum Distance 25 (0) 50 (0) 102 (2) 205 (5) 290 (10) 342 (0)  
 Minimum Angle 25 (0) 58 (8) 102 (2) 205 (5) 250 (50) 372 (30)  
 Silhouette Coefficient 20 (5) 44 (6) 80 (20) 165 (35) 240 (60) 262 (80)  
 Calinski–Harabasz Index 20 (5) 40 (10) 80 (20) 160 (40) 240 (60) 262 (80)  
 Davies–Bouldin Index 20 (5) 42 (8) 88 (12) 165 (35) 250 (50) 272 (70)  
 Method Plant Village (Estimated Value and Absolute Error)
 (A)-4 (C)-4 (G)-4 (P)-3 (H)-7 (D)-6  
 Second Derivative 4 (0) 5 (1) 4 (0) 4 (1) 4 (3) 4 (2)  
 Maximum Distance 5 (1) 4 (0) 5 (1) 4 (1) 6 (1) 5 (1)  
 Minimum Angle 8 (4) 5 (1) 8 (4) 8 (5) 8 (1) 7 (1)  
 Silhouette Coefficient 8 (4) 2 (2) 6 (2) 4 (1) 10 (3) 8 (2)  
 Calinski–Harabasz Index 3 (1) 2 (2) 2 (2) 2 (1) 3 (4) 2 (4)  
 Davies–Bouldin Index 2 (2) 4 (0) 5 (1) 2 (1) 9 (2) 7 (1)  
Fig. 6. Gradient class attention map for labeled and unlabeled classes in the pre-training stage. Red areas denote high attention.
In contrast, Fig.  8 showcases the feature distribution when using a 
prototype classification head for training. For analytical convenience, 
we focus on the Plant Village dataset to illustrate the effectiveness of 
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the prototype classification head. The prototype classification head pro-
duced ten compact clusters during the pre-training stage, corresponding 
accurately to the number of known categories. Furthermore, we present 
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Fig. 7. UMAP visualization for unlabeled samples’ feature in the discovery stage. Different colors represent different categories. We present the feature distribution of novel classes 
in six subsets of the Plant Village dataset.
Fig. 8. UMAP visualization of prototype classification head in the pre-training stage. The left and right subplot denote Herbarium19 and Plant Village datasets, respectively. Note 
that Herbarium19 dataset contains 342 novel classes, each with a relatively small number of samples, which makes the visualization appear cluttered.
how the number of clusters impacts the clustering process during the 
discovery training stage, as shown in Fig.  9.

The first and second rows of Fig.  9 display the feature representa-
tions of novel classes during the discovery training stage using a linear 
and prototype classification head. We used Apple, Corn, and Grape 
as novel class subsets. The prototype classification head consistently 
produced clusters equal to the number of novel categories, aligning 
with observations from the pre-training stage. However, the linear 
classification head resulted in more clusters than the actual novel 
categories. For example, in the Apple disease leaf subset, around 7–8 
clusters were generated despite there being only four novel categories. 
We observed that some samples were closer to clusters of different 
categories rather than their own, a phenomenon also observed in the 
Corn and Grape subsets (showing 7 and 6 clusters, respectively). This 
issue likely arises from suboptimal class representations with a linear 
classification head during the pre-training stage.

On the other hand, the prototype classification head constructs more 
precise decision boundaries by leveraging prototype vectors of known 
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categories, which helps maintain distinct and accurate clusters. This 
method better captures the semantic relationships between classes, 
providing higher flexibility and accuracy for classification tasks, espe-
cially in complex scenarios involving numerous novel categories. For 
example, in the Herbarium19 dataset, the prototype classification head 
also yields well-defined boundaries, as shown in the left of Fig.  8. 
Although the visualization appears chaotic, distinct decision boundaries 
and clusters are still discernible. Thus, the prototype classification head 
proves to be a superior choice for new class discovery tasks, ensuring 
robustness and reliability in the clustering process. We will discuss 
more results from the Herbarium19 dataset in the following section.

5.2. The impact of openness

Discussing the impact of openness on clustering performance is 
of significant importance (Yuan et al., 2022; Scheirer et al., 2012). 
Therefore, this section explores the effect of openness on clustering 
performance based on experiments conducted on the Herbarium19 
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Fig. 9. Comparison of linear and prototype classification head in the discovery training stage. The number of clusters is provided in the top-right corner of each subplot.
Fig. 10. UMAP visualization on discover stage. We visualized the feature distribution of novel class samples when the number of new classes is 25, 50, 100, 200, 300, and 342, 
respectively. Note that the pre-training model is dino-v2.
dataset. Following the definition provided in Scheirer et al. (2012), we 
calculated the openness for different data splits of the Herbarium19 
dataset, which is displayed in the top-right corner of each subplot in 
Fig.  10. We provide a visual representation of the feature distribution 
of novel class samples using UMAP visualization during the discovery 
stage, as depicted in Fig.  10. As openness increases, the clustering task 
becomes significantly more challenging. Specifically, for lower levels 
of openness, where fewer novel categories are present relative to the 
known categories, clusters are relatively well-defined and separated. 
As openness grows and the proportion of novel categories increases, 
the clusters become more intertwined.

Fig.  11 illustrates the performance trends of three methods – K-
means, Cr-KD, and our method – under different levels of openness 
across various evaluation protocols. The three subplots represent the 
task-aware novel accuracy, task-agnostic novel accuracy, and task-
agnostic overall accuracy, respectively. Under the task-aware protocol, 
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our method outperforms Cr-KD and K-means as openness increases in 
most settings. At lower openness levels (e.g., 0.05), all methods achieve 
relatively high accuracy, with our method and Cr-KD showing simi-
lar performance. However, as openness increases, the accuracy of all 
methods declines due to the increased complexity introduced by more 
novel classes. K-means perform the worst, reflecting the limitations of 
the training-free method in handling complex scenarios with higher 
proportions of novel classes.

The task-agnostic protocol poses a more challenging setting, as 
no distinction is made between known and unknown classes during 
evaluation. In this scenario, training-based methods (Ours and Cr-kd) 
show a significant advantage over K-means. It suggests that training 
on unlabeled data containing both known and unknown classes is 
an effective strategy to improve the clustering accuracy of unknown 
categories, rather than using cluster algorithms like K-means.
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Fig. 11. The performance of three methods under different levels of openness.
Fig. 12. The 𝑥-axis in these plots represents the error rate or absolute error of the estimated number of novel clusters. For the Herbarium19-Top100 dataset, which has 100 novel 
classes, -10% and 10% denote underestimated and overestimated 10 classes, respectively.
Overall, compared to Cr-KD, our method achieves improvements 
under different levels of openness, although the gains appear modest 
(0%–2%). However, given the high complexity of the Herbarium19 
dataset, such an improvement is already quite remarkable.

5.3. The number of clusters is unknown

The above experiments assume that the number of novel classes is 
known. However, this assumption may not hold in practical scenarios. 
Therefore, to further validate the effectiveness of our method in real-
world situations, we conduct experiments under the condition of an 
unknown number of classes. We assume that the deviation between the 
estimated and true class numbers ranges from −10% to +10%, which 
aligns with the results of our class number estimation experiments. For 
instance, in the case of 100 novel classes, a -10% error rate means that 
the estimated number of classes is 10 fewer than the true number, while 
a +10% error rate indicates that the estimated number of classes is 
10 more. Since the subsets in the Plant Village dataset contain fewer 
categories, we use absolute errors instead of percentages. The results 
are reported on the test novel dataset.

As shown in Fig.  12, our method performs better than the baseline 
method in most cases. Moreover, the more accurate the class estima-
tion, the higher the clustering accuracy of novel classes tends to be. This 
15 
phenomenon is particularly evident in datasets with fewer categories, 
such as Plant Village. In subsets (T/H) and (T/D), accuracy peaks when 
the absolute error is 0 and declines significantly as the error increases 
to ±1. Our method demonstrates superior performance, with notable 
margins over Cr-KD across all error conditions.

We also find that, for the Herbarium19 dataset (Top-50 and Top-
100 subsets), clustering accuracy peaks when the number of novel 
clusters is underestimated (−5% error). Both underestimation (−10%) 
and overestimation (+10%) result in a noticeable decline in accuracy, 
with overestimation having a more detrimental impact. We speculate 
that when the class estimation error is relatively large, multiple novel 
classes may merge or split, making the relationship between the novel 
and known classes noisy and not conducive to learning relations.

In summary, Fig.  12 highlights the critical importance of accu-
rate cluster estimation for NCD performance. Our method consistently 
achieves higher accuracy and demonstrates greater resilience to estima-
tion errors across all datasets and subsets, underscoring its robustness 
in handling both underestimation and overestimation scenarios. These 
findings emphasize the practical value of methods that can tolerate in-
accuracies in cluster number estimation without significant degradation 
in performance.
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5.4. Limitation

Despite the promising results, our method has several limitations. 
First, it relies heavily on large-scale pre-trained models like dino-v2, 
which may not be feasible in resource-constrained environments due 
to their computational and memory demands. Secondly, we have not 
extended our validation to other datasets, and doing so may require 
significant additional work beyond this research’s scope. Our observa-
tions and motivations for this work are indeed grounded in experiments 
conducted on plant-related datasets, as this study focuses on addressing 
challenges specific to this domain. However, we believe the methodolo-
gies and principles presented here could potentially inspire adaptations 
or applications in other domains, and we welcome future studies to 
explore these possibilities.

6. Conclusion

In this study, we present a framework for novel class discovery 
in plant species and disease recognition. Our method leverages the 
strengths of prototype networks and knowledge distillation to effec-
tively balance learning new classes while preserving the recognition 
ability of known classes. The results show that simple methods like 
K-means are effective when the number of novel classes is small and 
under straightforward evaluation protocols such as class-aware settings. 
However, our method excels in handling more complex and practi-
cal open-world scenarios. Extensive experiments have demonstrated 
the effectiveness of the prototype classifier and knowledge distillation 
loss in extracting the relationship between novel and known classes. 
Our method consistently outperforms baseline approaches under class-
agnostic protocols, even when the number of novel classes is unknown 
or inaccurately estimated. Overall, our method provides a powerful 
and flexible solution for plant-related NCD tasks. These findings pave 
the way for further advancements in the field. Future work will focus 
on refining the framework to handle even larger and more diverse 
datasets and exploring its applicability to other areas of ecological and 
agricultural research.
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