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Abstract. Recent advances in large-scale visual representation learn-
ing have significantly improved performance in plant species and plant
disease recognition tasks. However, state-of-the-art models, often based
on high-capacity vision transformers or multimodal foundation models,
remain computationally expensive and difficult to deploy in resource-
constrained environments such as mobile or edge devices. This limita-
tion hinders the scalability of automated biodiversity monitoring and
precision agriculture systems, where efficiency is as critical as accuracy.
In this work, we investigate knowledge distillation as an effective ap-
proach to transfer the representational capacity of large pretrained mod-
els into smaller, more efficient architectures. We focus on plant species
and disease recognition, and conduct an empirical study on two challeng-
ing benchmarks: P1@ntNet300K-v2 and Deep-Plant-Disease. We evaluate
two representative architectures, a ConvNeXt model and a vision trans-
former, with pretrained initialization, each with and without distillation.
Our results show that knowledge distillation consistently improves per-
formance. Distilled models are able to closely match the performance of
significantly larger models while maintaining substantially lower com-
putational cost. These findings demonstrate the potential of knowledge
distillation techniques to enable efficient and scalable deployment of plant
recognition systems in real-world environmental applications.®

Keywords: Automatic plant monitoring, transfer learning, knowledge
distillation, green pattern recognition

1 Introduction

The rapid decline of biodiversity and the increasing prevalence of plant diseases
pose major challenges for ecosystems, agriculture, and global food security [17].

% Code and models: https://github.com /ilyassmoummad /distillplant
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Scalable monitoring solutions are therefore essential to support biodiversity con-
servation, ecological research, and precision agriculture [9]. In this context, au-
tomated visual recognition systems have emerged as a key enabling technology,
allowing non-experts and large-scale platforms to identify plant species and di-
agnose diseases directly from images [3].

Recent progress in computer vision has significantly advanced the capabilities
of such systems. In particular, large-scale pretrained models, often based on
transformer architectures, have demonstrated strong performance in fine-grained
visual recognition tasks [6]. By leveraging massive datasets and high-capacity
architectures, these models are able to capture subtle visual differences between
species and disease patterns [23]. As a result, modern systems such as large vision
encoders [15] and deployed applications like P1@ntNet [3] achieve high accuracy
across diverse environmental conditions.

However, these gains come at a substantial computational cost [18]. High-
capacity models require significant memory and processing resources, making
them difficult to deploy in practical scenarios such as mobile devices, embedded
platforms, or in-field sensors. This limitation is especially critical for environ-
mental monitoring, where scalability, energy efficiency, and accessibility are key
constraints [21]. Consequently, there is a growing need for approaches that retain
the accuracy of large models while enabling efficient inference.

Model compression techniques provide a natural direction to address this
challenge [13]. Among them, knowledge distillation has emerged as a flexible
framework for transferring information from a large teacher model to a smaller
student model [7]. Rather than training compact models solely from labeled data,
distillation leverages the richer supervisory signal provided by the teacher, en-
abling improved generalization and performance. While this paradigm has been
successfully applied in several computer vision domains, its application in fine-
grained plant recognition and disease classification settings remains unexplored.

To address this gap, we present a comprehensive empirical study of knowledge
distillation for plant species and disease recognition. We evaluate distillation on
the Pl@ntNet300K-v2 and Deep-Plant-Disease benchmarks using a convolutional
network and a vision transformer as student architectures. Our analysis compares
standard fine-tuning and distillation-based training under pretrained settings
across multiple teacher—student configurations. The results show that knowledge
distillation consistently improves the performance of compact models, enabling
them to better approximate the discriminative capabilities of larger architectures
while maintaining lower computational requirements. These findings highlight
the potential of distillation as an effective model compression strategy for efficient
biodiversity monitoring and plant health assessment systems.

2 Related Work

Automatic plant monitoring. The development of automated plant monitoring
systems has accelerated in recent years [3], driven by the need for scalable bio-
diversity assessment and accessible tools for species identification. Applications



Energy-Efficient Plant Monitoring via Knowledge Distillation 3

such as Obsldentify [14], Flora Incognita [11], iNaturalist [8] and Pl@ntNet [3]
have demonstrated the potential of large-scale visual recognition systems to sup-
port both citizen science and expert-driven ecological studies. These systems typ-
ically rely on large deep learning models trained on massive datasets, enabling
robust performance across diverse environmental conditions and species distri-
butions [2]. However, these approaches depend on computationally intensive ar-
chitectures, limiting their deployment in real-world scenarios where low-latency
and energy-efficient inference are required. In contrast to prior work that priori-
tizes accuracy through increasingly large models, our work focuses on improving
the efficiency of plant recognition systems by transferring the capabilities of such
models into smaller architectures.

Plant recognition datasets. The progress of plant recognition methods has been
closely tied to the availability of large and diverse annotated datasets. General-
purpose biodiversity datasets such as iNaturalist [23] provide large-scale collec-
tions of species observations in natural conditions, supporting the development of
robust fine-grained classifiers. More specialized datasets have been introduced to
address domain-specific challenges: P1@ntNet300K-v2 [2] focuses on plant species
recognition from user-contributed images with high variability in viewpoint and
quality; Deep-Plant-Disease [1] targets disease classification with controlled and
field conditions; PlantDoc [20] and PlantWild [24] introduce challenging real-
world disease and species recognition scenarios with complex backgrounds; and
the Pl@ntCLEF benchmark series provides standardized evaluation protocols for
plant identification at scale [4].

Model compression and knowledge distillation. Model compression techniques
aim to reduce the computational and memory footprint of deep neural net-
works while maintaining predictive performance [13]. Common approaches in-
clude pruning [10], which removes redundant parameters, quantization [5], which
lowers numerical precision to improve efficiency, and knowledge distillation [7],
which transfers knowledge from a large teacher model to a smaller student model.
Among these methods, knowledge distillation has demonstrated strong empirical
effectiveness across a wide range of computer vision tasks [16,12]. However, its
application to fine-grained plant recognition, including plant species and disease
classification, remains underexplored. To address this gap, we investigate the
effectiveness of knowledge distillation across multiple teacher—student architec-
tures for plant species and disease recognition.

3 Knowledge Distillation for Plant Monitoring

3.1 Method

We aim to train efficient models for plant species and disease recognition by
transferring knowledge from large pretrained visual models. To this end, we
adopt a task-specific knowledge distillation framework from Marrie et al. [12],
in which a large teacher model is first adapted to the downstream task, and a



4 I. Moummad et al.

compact student model is subsequently trained to reproduce its predictions. The
overall pipeline is illustrated in Figure 1.

Step 1: Teacher Probing Step 2: Student Distillation
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Fig. 1. Two-step knowledge distillation pipeline. Step 1: A pretrained teacher model
is adapted to the downstream task via linear probing. Step 2: A student model is
trained to solve the task while aligning with the teacher’s predictions.

To evaluate the impact of distillation across realistic scenarios, we consider
multiple training configurations. Specifically, we vary (i) the training objective
(standard supervised learning or distillation), (ii) the teacher model (supervised,
self-supervised, or multimodal), and (iii) the student architecture, including both
a convolutional network and a vision transformer.

3.2 Experimental Setup

Datasets. We conduct experiments on two large-scale and complementary bench-
marks. P1@ntNet300K-v2 [2] is a fine-grained plant species recognition dataset
composed of images collected in real-world conditions, exhibiting high intra-class
variability and long-tailed distributions. Deep-Plant-Disease [1] focuses on plant
disease classification and includes diverse disease categories across multiple plant
species. Together, these datasets capture both biodiversity monitoring and agri-
cultural use cases.

Table 1. Summary of evaluation datasets.

Dataset #Train #Val #Test #Classes
Pl@ntNet300K-v2 243,866 31,115 31,106 1,000
Deep-Plant-Disease 198,710 — 49,866 175
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Teacher models. We consider three high-capacity pretrained models as teachers,
selected for their strong performance on plant-related visual tasks. BioCLIP-2 [6]
is a ViT-L model trained with a contrastive language-image pretraining objective
on a large-scale dataset structured around biological taxonomy, providing rich
multimodal representations. P1I@ntCLEF 2024 [4] is a ViT-B model pretrained
specifically for plant species classification on the flora of southwestern Europe,
making it suitable for fine-grained plant recognition. Finally, DINOv3 [19] ViT-
L is a self-supervised model pretrained on large-scale image data, producing
high-quality visual representations that capture general-purpose features with-
out relying on labels, that are potentially useful for plant recognition tasks. All
teacher models are adapted to downstream tasks using a linear probing strategy,
where a linear classification head is trained on top of frozen features. This ap-
proach yields strong yet computationally efficient teacher models for task-specific
knowledge distillation.

Student models. We evaluate two compact architectures representative of mod-
ern vision models: ConvNeXt-Tiny (CNX-T) and ViT-Small (ViT-S). Models are
initialized from DINOv3 pretrained weights obtained via self-supervised learning
on the large-scale LVD-1689M [19]. All student models are trained under two
regimes: standard supervised fine-tuning, and knowledge distillation combined
with supervised fine-tuning.

Computational complexity. Table 2 summarizes the number of parameters and
estimated inference cost measured in GFLOPs (Giga Floating-Point Operations
per second) for both student and teacher models at a 224 x 224 resolution.
The compact student models require substantially fewer resources than the
larger teacher models, underscoring their practical efficiency for deployment in
resource-constrained scenarios.

Table 2. Model complexity at 224 x 224 resolution.

Model #Params GFLOPs
Student models

ConvNeXt-T 29M 3.8

ViT-S 21M 9.2
Teacher models

ViT-B 86M 36.0

ViT-L 300M 125.0

Training details. Both teacher and student models are trained for 30 epochs
using the AdamW optimizer with a learning rate of 1074, a minimum learning
rate of 1076 following a cosine decay schedule, and a weight decay of 1074
Teachers are trained via linear probing on frozen features, while students are
trained end-to-end. For a fair comparison across all configurations, we adopt this



6 I. Moummad et al.

single stable training setup without hyperparameter tuning, which is sufficient to
achieve reliable convergence within 30 epochs. For distillation hyperparameters,
we use the same setup as Marrie et al. [12].

3.3 Results on Pl@ntNet300K-v2

Table 3 reports Top-1 (micro) accuracy on P1@ntNet300K-v2. Different teacher
models achieve comparable performance, providing strong supervision signals.

Model Init Strategy Teacher Top-1 (%)

Teachers

BioCLIP-2 (300M) TreeOfLife-200M Linear Probe - 86.8

Pl@ntCLEF (86M) Pl@ntCLEF2024 Linear Probe - 86.1

DINOv3-L (300M) LVD-1689M Linear Probe - 86.1
Students

Finetune - 81.9

Distill BioCLIP-2 85.8

ConvNeXt-T (20M) LVD-1689M Distill PlantCLEF 85.4

Distill DINOv3-L 85.5

Finetune — 83.1

. Distill BioCLIP-2 85.5

VIT-S (21M) LVD-1689M Distill PlantCLEF  85.2

Distill DINOv3-L 85.3

Table 3. Task-specific distillation of large pretrained visual models on Pl@ntNet300K-
v2. Teacher models are trained via linear probing. Student models are trained either
with fine-tuning or distillation from teacher logits.

Effect of distillation. Knowledge distillation consistently improves performance
over standard fine-tuning, providing consistent improvements, typically in the
range of +2 to +4 points. Notably, ConvNeXt-T improves from 81.9% to 85.8%
when distilled from BioCLIP-2, nearly reaching teacher-level performance.

3.4 Feature space analysis

For qualitative analysis, we use a subset of the Pl@ntNet300K dataset from the
MetaAlbum benchmark [22], restricted to the 25 most populous classes following
BioCLIP [6], to visualize feature representations. We project the learned embed-
dings using t-SNE on this subset (Figure 2). CNX-T initialized from pretrained
DINOv3 features exhibits limited class separability, with overlapping clusters
across species. Fine-tuning improves the structure of the embedding space, lead-
ing to more compact and better-separated clusters, while distillation further
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enhances this effect by producing tighter clusters and clearer class boundaries.
Interestingly, the distilled student exhibits more structured representations than
the teacher in this setting, suggesting that task-specific distillation can refine
feature organization beyond what is directly inherited from large pretrained
models.

CNXT (DINOvV3 init) CNXT (finetuned) CNXT (distilled) BioCLIP 2 (teacher)

#4

Fig. 2. t-SNE visualization of feature embeddings on the PlantNet MetaAlbum dataset
(P1@ntNet300K subset with 25 most populous classes) for different models.

3.5 Results on Deep-Plant-Disease

Table 4 presents results on Deep-Plant-Disease. Compared to P1@ntNet300K-v2
(Table 3), overall accuracy is lower for teacher models, reflecting the distribution
shift and increased complexity of disease classification relative to the pretraining
data.

Effect of distillation. Distillation again leads to consistent improvements across
all architectures. For example, ViT-S improves from 80.5% to 82.2% when dis-
tilled from BioCLIP-2, while ConvNeXt-T improves from 79.9% to 82.4% when
distilled from DINOv3-L. These findings suggest that the benefits of knowledge
distillation are not limited to species recognition but also extend to disease clas-
sification, despite the substantial distribution shift from the pretraining data.

Teacher comparison. In contrast to P1@ntNet300K-v2, DINOv3-L emerges as the
strongest teacher on this dataset, yielding the highest accuracy among probed
models. While teacher probing alone underperforms compared to student fine-
tuning (e.g., DINOv3-L linear probe achieves 76.6% versus 80.5% for a ViT-S
student initialized from LVD-1689M), it still provides valuable guidance. Distil-
lation from these teachers consistently improves student performance, indicating
that even suboptimal teacher probes can benefit student models when aligned
with the target domain.
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Model Init Strategy Teacher Top-1 (%)

Teachers

BioCLIP-2 (300M) TreeOfLife-200M Linear Probe — 74.2

Pl@ntCLEF (86M) Pl@ntCLEF2024 Linear Probe - 72.9

DINOv3-L (300M) LVD-1689M Linear Probe - 76.6
Students

Finetune - 79.9

Distill BioCLIP-2 82.7

ConvNeXt-T (20M) LVD-1689M Distill PlantCLEF 80.7

Distill DINOv3-L 82.4

Finetune - 80.5

. Distill BioCLIP-2 82.2

VIT-S (21M) LVD-1689M Distill PlantCLEF  80.7

Distill DINOv3-L 82.1

Table 4. Task-specific distillation of large pretrained visual models on Deep-Plant-
Disease, following the same experimental setup as in Table 3.

3.6 Discussion

Across both datasets, our experiments demonstrate that knowledge distillation
is a robust and effective strategy for improving compact models on plant-related
tasks. It consistently enhances performance across both convolutional and trans-
former architectures, as well as across different tasks. While pretrained models
already provide strong performance, distillation systematically complements pre-
training, enabling smaller models to closely match the performance of much
larger systems. These results highlight the practical value of knowledge distil-
lation for deploying efficient and accurate models in real-world environmental
monitoring applications, particularly when large pretrained models are available
as teachers but are costly to fine-tune.

4 Conclusion

In this work, we explored knowledge distillation as a practical approach to reduce
the computational footprint of modern plant recognition systems while preserv-
ing high predictive performance. Large pretrained models have become central
to biodiversity monitoring and plant disease recognition, but their deployment
at scale remains constrained by their cost in terms of memory, computation,
and energy. Our results show that distillation provides an effective mechanism
to transfer their capabilities into significantly smaller models, enabling more
efficient inference without sacrificing much accuracy.

Through a comprehensive empirical study across datasets, architectures, we
demonstrated that distilled models consistently outperform their non-distilled
counterparts and can closely match the performance of much larger teacher
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models. Importantly, these gains hold across both species recognition and dis-
ease classification tasks, and complement strong pretrained initializations. This
suggests that distillation can be a key tool for improving the efficiency—accuracy
trade-off in environmental monitoring applications. By reducing model size and
inference cost, distillation facilitates deployment on resource-constrained plat-
forms such as mobile devices, embedded sensors, or edge computing infrastruc-
tures, which are essential for large-scale and continuous biodiversity observation.

Looking forward, combining distillation with other model compression tech-
niques, such as pruning and quantization, represents a promising direction to
further decrease energy consumption and hardware requirements. Overall, this
work contributes to the development of more sustainable machine learning ap-
proaches for biodiversity monitoring, and we hope it will encourage further re-
search at the intersection of model efficiency, computer vision, and environmental
applications.
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