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Abstract

Analyzing plant traits from images is important, as the
information is essential for understanding the ongoing en-
vironmental change of earth. However, the vast amount of
various species of plants marks the difficulty of this task,
since annotating all the existing plants with detailed prop-
erties is time and cost-prohibitive, thus naively scaling-
up labeled data is not a feasible solution. On the other
hand, the foundation model paradigm facilitates knowledge
transfer from powerful pre-trained models to various down-
stream tasks. These models are particularly advantageous
Jfor adapting to new data domains with limited downstream
computational and labeling resources, where the general
knowledge of the foundation models are acquired from web-
scale data in advanced. In this study, we then propose
to employ vision foundation models to mitigate the data
scarcity issue of plant trait analyses. We explore the lim-
its with different ways of leveraging these models, includ-
ing different layers for representation extraction, different
representation aggregation methods, and different down-
stream modeling approaches. The techniques are verified
by the plant traits prediction challenge, PlantTraits2024-
FGVC1I, hosted on Kaggle', and the sofiware is open-
sourced”.

1. Introduction

The profound impact of plant traits on ecosystem dynamics
and human well-being cannot be overstated. Plant traits,
encompassing various properties such as leaf area, plant
height, and canopy structure, serve as crucial indicators
of how plants interact with their environment and compete
within ecosystems. As the planet faces accelerating changes
due to climate change, understanding these traits becomes
essential. Analyzing plant traits on a global scale allows
us to predict and mitigate the impacts of environmental

! https://www.kaggle.com/competitions/planttraits2024
2 https://github.com/leo19941227/plant_traits 2024

2fuh@csie.ntu.edu.tw

shifts on biodiversity, ecosystem productivity, and services.
Specifically, this understanding would help ensure food se-
curity, protect biodiversity, and sustain human life on Earth
amidst the evolving climate scenario.

Despite being critical, plant trait analysis remains an
unsolved problem. The difficulty mainly lies in the data
scarcity issue: the inaccessibility of high-quality and large-
scale labeled data. Supervised learning has long been an
simple and effective paradigm to solve problem. In the era
of deep learning, the model can further benefit from scal-
ing law [15]. By simply scaling up the model size and the
labeled data amount, the model performance improves con-
sistently. However, this direction is infeasible for plant trait
analysis, as annotating plant images with specific properties
requires domain expertise. Furthermore, the vast amount of
plant species and their diverse coverage aggravate the situ-
ation.

The foundation model paradigm [3] could be helpful for
resolving the above problems. The paradigm proposes to
pre-train a centralized and gigantic model with web-scale
data in advanced, and then transfer the acquired general
knowledge to various downstream tasks. Since most of
the knowledge are learned in the first stage, the second
stage only requires simple fine-tuning with limited down-
stream labeled data. This paradigm is thus especially suit-
able for the low-resource downstream senarios such as plant
trait analysis. Given the success of this paradigm in vari-
ous data domains including NLP [17, 23], CV [1, 26], and
speech [5, 19, 34], we propose to leverage this paradigm for
plant trait analysis in this work. Our findings are summa-
rized in the following:

* We present the first study on leveraging vision founda-
tion models for plant trait analysis. We employ two
types of state-of-the-art (SOTA) vision foundation mod-
els, namely Self-Supervised Learning (SSL) and Vision-
Language multi-modality learning. We verify that the
SSL approach is more competitive on this task, poten-
tially due to the more general knowledge acquired from
larger amount of unlabeled data.

* We explore the hidden layers of representations of the

40



The 37th IPPR Conference on Computer Vision, Graphics, and Image Processing (CVGIP 2024)
August 18 —20, 2024, National Dong Hwa University, Hualien

SSL model, specifically DINOv2 [22]. We find that the
deeper layers are more preferable for plant trait analysis
since the task requires high-level semantic information.

* We experiment two types of downstream modeling ap-
proaches: the classic Boosting method and the neural net-
work. We find that using deep layers of neural network
is essential for surpassing the classic XGBoost [6], and
using more layers provide a stable approach to improve
performances.

* We find that the labels of the training data of the
PlantTraits2024-FGVC11 challenge is very noisy. Care-
ful data curation is necessary for all the methods to func-
tion normally. Specifically, we propose to discard the
training data points with outlier labels.

2. Plant Trait

Plant functional traits offer valuable insights into plant ecol-
ogy and functional diversity. Leaf traits such as Leaf Area
(LA) and Specific Leaf Area (SLA) influence photosyn-
thetic capacity and resource acquisition. Tropical rainfor-
est species like banana have large LA, while desert cacti
minimize LA to reduce water loss. SLA, the ratio of leaf
area to dry mass, is high in fast-growing dandelions and
low in drought-tolerant aloe. Leaf Nitrogen Concentra-
tion (LNC) indicates photosynthetic efficiency, with high
LNC in soybean and low LNC in desert succulents. Stem
traits, particularly Stem Specific Density (SSD), reflect me-
chanical support and growth strategies. Hardwood teak has
high SSD, providing structural resilience, while softwood
willow has low SSD, enabling rapid growth. Seed Mass
(SM) affects dispersal and establishment success. Coconut
produces large seeds that ensure seedling survival, while
dandelion generates lightweight seeds for dispersal. Lastly,
Growth Height (GH) indicates competition for light, with
redwood towering over shorter shrubs like rosemary. In
this work, the six plant traits mentioned above are predicted
given an input image.

3. Related works

In this work, our major focus is on leveraging vision foun-
dation models for plant trait analysis. The related works
include different types of vision foundation models and pre-
vious works on plant trait analysis.

3.1. Vision Foundation Models

Designing vision foundation models involve deciding the
pre-training data type and the learning objectives. Data
scale is extremely important. There are majorly two ma-
jor types of large-scale pre-training data: Unlabeled images
and weakly-labeled images. The former are naturally pre-
sented on internet and is easy to scale, and the latter relies
on the vast amount of images in internet which includes the

alt description. As a result, the weak paired relationship
between vision and text is also naturally presented on the
internet and the data is easy to scale. Learning from the first
type of data is called Self-Supervised Learning (SSL) and
the second type of data is Vision-Language representation
learning.

3.1.1 Self-Supervised Learning

The followings are some representative works on vision
SSL. CPC [21] and SimCLR [7] present the contrastive
learning frameworks that learn to distinguish between dif-
ferent images or different augmented versions of the same
image by maximizing agreement between differently aug-
mented views of the same data. MoCo (Momentum Con-
trast) [12] extends this concept by maintaining a dynamic
dictionary of encoded representations to provide a con-
sistent set of negative samples for contrastive learning.
Moreover, non-contrastive approaches like BYOL [11] and
DINO [4] remove the reliance on the negative samples
by simply maximizing the agreement between the positive
pairs. Removing the normalizing term results in representa-
tion collapsing issue, where the model can trivially outputs
constant representation to minimize loss. BYOL and DINO
find it important to maintain a slowly changing momentum
teacher network to avoid the collapse issue. In this work, we
leverage the SOTA vision SSL model DINOv2 [22], which
employs the same network architecture as DINO and is pre-
trained on a much larger amount of unlabeled data.

3.1.2 Vision-Language Representation Learning

Vision-language representation learning has significantly
advanced through the development of integrated models
that effectively fuse and leverage both visual and textual in-
formation. Models like VILBERT [20] and LXMERT [29]
exemplify the dual-stream architecture approach, where
separate pathways for image and text are interconnected
through co-attentional transformer layers, enhancing mu-
tual context understanding for tasks like visual question an-
swering. CLIP [24], takes a different approach by using a
contrastive learning framework to align images and texts in
a joint embedding space, facilitating robust transfer learning
and zero-shot capabilities. Similarly, ALIGN [14] scales
this concept by training on a larger corpus of data, further
refining the alignment between visual and textual represen-
tations. These models underscore the potential of vision-
language representation learning to develop more nuanced
and context-aware systems that perform a wide range of
multimodal tasks. In this work, we study the effectiveness
of vision-langauge representation learning with CLIP which
is open-sourced.
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3.2. Plant Trait Analysis

Plant trait analysis is pivotal for understanding ecological
interactions and evolutionary patterns within plant commu-
nities. The emergence of global databases such as TRY has
been instrumental in aggregating and standardizing plant
trait data, which has been extensively used in ecological
modeling and comparative studies [16]. Advanced sta-
tistical and machine learning methods, including general-
ized linear models and deep learning, are increasingly em-
ployed to analyze these data, revealing insights into trait-
environment relationships [27]. Moreover, high-throughput
phenotyping and remote sensing technologies have revolu-
tionized the way traits are measured, enabling more scal-
able and detailed assessments [9]. Research often focuses
on key functional traits such as leaf area, plant height, and
photosynthetic capacity, which are crucial for understand-
ing plant performance and survival under varying environ-
mental conditions [33]. The integration of genomic data
with phenotypic traits is also burgeoning, offering deeper
insights into the genetic underpinnings of trait variation and
adaptation [10]. This multidisciplinary approach enhances
our predictive understanding of plant responses to environ-
mental changes and informs conservation and management
strategies. In this work, we go beyond classical statisti-
cal machine learning methods and leverage the latest vision
foundation model techniques to analyze the plant traits.

4. Methods
4.1. Leveraging Vision Foundation Models

We explore both vision SSL and vision-language represen-
tation learning for plant trait analysis. Specifically, we pick
DINOv2 [22] for the former and CLIP [24] for the latter.
Both models rely on the ViT architecture [8]. The architec-
ture is composed of multiple layers of Transformer encoder
block [31]. The model takes an image as input, tokenize it
into several patches as a 1-D sequence, and then feed the
sequence to the Transformer encoder block. The patches
are then encoded by several layers of self-attention mecha-
nism. Finally, the temporal representations are pooled into
a single vector embedding the image. In this work, we ex-
plore leveraging the final pooled embedding for plant trait
prediction along with the multiple layers of hidden states we
obtained when propagating through several Transformer en-
coder blocks. To aggregate the temporal dimension of the
hidden states, we explore mean pooling and statistical pool-
ing, which concatenates the mean vector and the standard
deviation vector.

4.2. Downstream Models

After the steps in Section 4.1, we can represent each image
with a single embedding, either the original official pooled
embedding or the pooled embedding obtained by aggre-

gating across time axis. To predict the plant trait proper-
ties given this embedding, we explore two options: XG-
Boost [6] and multi-layer perceptrons (MLP). For MLP,
we further explore different number of layers and hidden
sizes. We use GeLU [13] for the non-linearity in MLP.
This comparison aims to understand the necessity of using
deep learning models for plant trait analysis and whether
the newly collected training data in the challenge is suf-
ficient for fitting deep learning networks. For each plant
trait, we train a separate downstream model. When training
the downstream MLP model, we use Mean Squared Error
(MSE) as the learning objective. We did not find significant
boost from multi-task learning. In fact, multi-task learning
is frequently worse.

4.3. Data Curation

4.3.1 Training Data Creation

The newly released training dataset in this challenge relies
on the species identification apps (examples are iNatural-
ist or Pl@ntNet). These apps help the users recognize un-
known plants in the wild for their species. On the other
hand, iNaturalist database includes plant trait data that sci-
entists have been curating for decades for various species.
Combining both information, the challenge organizers link
the images and their potential plant trait properties with
iNaturalist database given the recognized species names.
Specifically, two different images with the same recognized
species name were labeled by the exactly same 6 plant trait
properties (See Section 2).

4.3.2 Noisy Label Issue

Given this information, we can infer that the training data

is weakly labeled, as the annotation process is automatic

without manual check from human experts. On the other

hand, to make the evaluation results credible, we assume

that the testing set must contains high-quality annotations.

As a result, the training data is much more noisy than the

testing data. This situation raises two concerns:

* The noisy (incorrect) training annotations could hurt the
model performance on the testing data

* The noisy (incorrect) validation annotations would pro-
duce misleading validation results and misguide the
model development.

Note that in practice, the training set and validation set are

disjoint subsets from the original training data given by the

challenge organizers.

4.3.3 Outlier Filtering

To mitigate the above issues, we propose to curate data with
the following procedure. First, identify the outliers of each
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plant traits. Specifically, we mark a training/validation sam-
ple as invalid if any of its plant trait value fall outside the
1% and 99% interval among all the values of that trait. In-
tuitively, we consider extreme plant trait values as abnormal
and discard the samples with these values.

5. Experiment
5.1. Dataset

We follow the plant trait challenge, PlantTraits2024-
FGVC11, hosted on Kaggle!, including the datasets and
the evaluation metric. Specifically, the challenge offers a
comprehensive plant trait dataset that combines trait obser-
vations from the TRY database with plant photographs from
the iNaturalist database. The dataset links species-specific
mean and standard deviation trait information from the
TRY database to citizen science plant photographs based
on matching species names. To enrich the dataset, ancillary
predictors derived from globally available raster data were
also included. These predictors were associated with each
plant photograph using geocoordinates and include:

1. WORLDCLIM: temperature and precipitation data

2. SOIL: global soil grids dataset with various soil proper-
ties like sand content and pH value

3. MODIS: satellite data measuring optical reflectance
across multiple wavelengths

4. VOD: radar constellation data sensitive to plant water
content and biomass.

These geospatial datasets provide supplementary envi-
ronmental context to the plant photographs, enabling a more
comprehensive analysis of plant traits. These context in-
formation serve as ancillary variables to facilitate potential
better prediction of the six target plant trait, as illustrated in
Section 2. However, in this study we focus on studying the
quality of visual representation alone, so we do not include
these ancillary variables as the model inputs.

5.2. Training and Evaluation Details

We pre-process the images following the official pipeline of
the vision foundation model. For example, for DINOv2 the
pre-processing steps include resizing the input image input
into 224 X 224 and normalize each RGB channel with the
pre-defined mean and variance. We leverage the Transform-

ers library [32] for the standard image processing steps and
the embedding extraction pipeline. For training the down-
stream MLP models, we use Adam [ 18] optimizer with the
initial learning rate of 0.0001 without explicit learning rate
scheduler. To create our offline standard split for develop-
ment, we randomly (but deterministically) split the original
training data from the organizers into 90% and 10% subsets
for training and validation respectively. When reporting the
evaluation results, we report the mean R2 score which is an
average across the 6 separate R2 scores for individual plant

Table 1. The number of data samples of the training and validation
sets under each filtering strategy.

Filtering Training  Validation
No 49940 5549
1% ~99% 45233 4993
5% ~ 95% 29836 3274

traits (See Section 2). We report the mean R2 score on three
evaluation sets: our offline validation set, Kaggle public set
and Kaggle private set.

5.3. Effectiveness of Outlier Filtering

Before directly jump into the modeling approach, we first
examine the dataset quality. This examination is an impor-
tant step to ensure our offline evaluation set is reflecting the
Kaggle public score, so that we are guided to develop mod-
els which are more robust against domain shift. With this
robustness, we avoid risks of overfitting on the Kaggle pub-
lic set. Furthermore, examining data quality help filter out
invalid training samples which hurt model performances.

In the following experiments, we employ DINOV?2 as the
embedding extractor and use the default pooler output as
the image embedding. We train a XGBoost model for each
plant trait given the image embeddings. Thus, 6 models are
trained. We set the different optimization iterations of XG-
Boost to simulate the different model performances. This
simulation is to examine the correlation among the valida-
tion score, Kaggle public score, and Kaggle private score.

Firstly, we do not filter out any samples. Both training
and validation sets are noisy. As shown by Table 2, all three
scores are meaningless and are not well correlated. This
might due to that training and validation samples are too
noisy, which leads to nearly random results.

Next, we try to filter out a few extreme values for each
plant trait. Specifically, only training samples whose all six
plant trait values reside in the 1% ~ 99% are kept. With
this filtering, the amount of training and validation data de-
crease, as shown by Table 1. We also show the training
and validation result in Table 2. The results show that fil-
tering out a few extreme values have huge impact on the
model training stability, where the validation scores align
well with public scores and private scores’

Finally, we further experiment with a more aggressive
filtering to only use samples with trait values within the
range of 5% ~ 95%. This filtering results in halving the
amount of both training and validation data as shown by
Table 1. The results in Table 2 show that despite the result-
ing validation set still correlating well with Kaggle public

3We collect the private scores after the competition is due with late
submissions.
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Table 2. We compare the R2 1 score of different filtering thresholds for determining the outlier samples. Valid means the R2 score on
our offline validation set; Public and Private means the public and the final private score on Kaggle. The experiment is conducted with
DINOV2 default image embedding and XGBoost as the downstream model. Different optimization /ferations are used to simulate different

model performances.

No filtering

Use 1% ~ 99% Use 5% ~ 95%

Iterations

Valid Public Private Valid Public Private Valid Public Private
10 -2487.63 -53053468.73 -23049345.50 0.17 0.16 0.16 0.16 0.09 0.09
50 -7587.17  -129202866.27 -684826347.35 0.34 0.31 0.31 0.31 0.21 0.22
100 -11442.67 -123827883.95  -1399241312.82  0.38 0.35 0.34 0.34 0.25 0.25
150 -13355.20 -121663196.97  -2189251893.06  0.40 0.36 0.36 0.36 0.27 0.27
200 -13950.59  -113213039.38  -2631452536.32  0.41 0.37 0.37 0.38 0.29 0.29

Table 3. The R2 1 score of using MLP as the downstream model
show superior performance compared to the classic XGBoost tech-
nique. Each score is the mean R2 score over 6 plant traits on the
different evaluation sets. The best result according to the Kaggle
public score is highlighted in bold. Note that we can only select
the best entry according to the public score. The examined foun-
dation model is DINOv2.

Model Valid Public Private
XGBoost (baseline) 0.411  0.373  0.374
MLP with 768 hidden size
1 layer 0.437  0.381 0.385
3 layer 0463 0374 0375
5 layer 0463 0.377 0.388
MLP with 1024 hidden size
1 layer 0443  0.377 0.380
3 layer 0472 0364  0.398
5 layer 0.479 0.394 0.405
10 layer 0484 0.393 0415

and private scores, the severe decrease in the training data
amount leads to significant model degradation. As a result,
we conclude that outlier filtering is critical and can boost
model performances significantly when the filtering hyper-
parameters is well-tuned.

5.4. Effectiveness of Neural Network

Given the initial success of outlier filtering and the ba-
sic XGBoost technique, we next explore the possibility of
fitting an neural network (MLP) given the relative large
amount of training data (despite being slightly noisy.) The
modeling and training details for MLP is described in Sec-
tion 4.2 and Section 5.2. We explore different number of
hidden layers and different hidden sizes in this section since
neural networks can rely on the scaling law [15] to improve
model performances.

Table 4. Exploring the R2 1 score of using hidden states as the
image embedding. Mean pooling and statistical pooling are used
for collapsing the time axis. The examined foundation model is
DINOV2. The Pooled Output row uses the default model output,
which is already a single embedding.

Model Mean Pooling ~ Statistical Pooling
Layer 0 0.037 0.039
Layer 3 0.074 0.083
Layer 6 0.102 0.118
Layer 9 0.139 0.153
Layer 12 0.176 0.198
Layer 15 0.233 0.248
Layer 18 0.289 0.291
Layer 21 0.335 0.348
Layer 24 0.382 0.391
Pooled Output 0.479

As shown by Table 3, the benefit of using MLP is not ev-
ident when only using the hidden size of 768 with less than
5 hidden layers. Despite the higher validation score, the
actual Kaggle public scores do not improve significantly.
When increase the number of hidden layers to 5, the model
starts to surpasses XGBoost significantly*.

We next try to further improve model performances with
the scaling law. Specifically, we enlarge the hidden size
from 768 to 1024 to increase the model size. As shown
by Table 3, when using more and more layers, the model
performances increase significantly and achieve the public
score of 0.394. We conclude that using neural network as
the downstream model is effective and can benefit from the
neural scaling law.

“Note that the hyper-parameters of XGBoost is well-tuned with and
extensive grid search.
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Table 5. Exploring R2 1 using hidden states as the image em-
bedding. Statistical pooling is used for collapsing the time axis.
The examined foundation model is DINOv2. The Pooled Output
row uses the default model output, which is already a single em-
bedding. This table shows the Kaggle scores for the layer-wise
results.

Model Valid Public Private
Layer 0 0.039 0.017 0.027
Layer3 0.083  0.043 0.042
Layer 6 0.118 0.074  0.080
Layer 9 0.153 0.104 0.115
Layer 12 0.198 0.135  0.159
Layer 15 0.248 0.200 0.214
Layer 18 0.291 0.221 0.231
Layer 21 0.348 0.267  0.280
Layer 24 0.391 0.294 0.317

Pooled Output 0.479 0.394  0.405

5.5. Exploring the Hidden Layers

As discovered in NLP [30] and speech [34], when using the
frozen foundation models, the last layer of representation
is not universal for all the tasks, and careful layer selection
should be conducted. We examine whether the internal hid-
den states of foundation models are potentially better em-
beddings for plant trait analysis.

The hidden states of foundation models are usually in
three dimensions: batch size, number of timestamps, and
embedding hidden size. We need to first reduce the tem-
poral representations into a single embedding. We try two
prevailing methods for the pooling operation: mean pooling
and statistical pooling [28]. The latter involves concatenat-
ing mean vector and standard deviation vector. The vari-
ance information has been proven critical for speaker ver-
ification in [28]. To explore all the layers more efficiently
and observe the general trend of the information flow across
layers, we examine hidden states for every three layers.

Table 4 shows two major findings. Firstly, statistical
pooling is always better than mean pooling in the context
of plant trait analysis. Second, unfortunately, all the hidden
states of DINOV2 fail to produce promising results com-
pared to the original model output. By verifying with Kag-
gle submissions in Table 5, we further confirm that the in-
ternal layers of DINOv2 do not possess useful information
for plan trait analysis.

5.6. Exploring Vision-Language Representation

We explore different types of learning paradigms for pre-
training vision foundation models. Specifically, we study
the difference between and SSL and Vision-Language with
DINOV2 and CLIP. The motivation behind this study driven

Table 6. Exploring R2 1 with different types of learning paradigms
for vision foundation models. Specifically, we compare SSL with
Vision-Language representation learning with DINOv2 and CLIP.

Model Valid Public Private

DINOv2[22] 0479 0394 0405
CLIP [24] 0362 0321 0334

by the success of Whisper [25]. Whisper is an Automatic
Speech Recognition (ASR) model trained by large-scale
weakly supervised transcriptions on internet. Despite still
being a smaller scale compared to purely unsupervised pre-
training [2], Whisper achieves similar or even better ASR
performances compared to speech SSL models. The results
indicate that SSL and weakly supervised learning are both
promising approaches to learn powerful representations. As
a result, we aim to understand the representation quality of
the weakly supervised vision model, CLIP, which exploits
the knowledge from pairs of image and alt text on Internet.
We show the result of CLIP in Table [24]. Compared to DI-
NOV2, the representation quality of CLIP is not ideal, and it
lags behind DINOV2 by over 7 R2 points. We conclude that,
despite DINOv2 and CLIP showing similar performances
in regular image classification tasks, their transferability to
plant images is hugely different, with DINOv2 being much
more robust against domain shifts’.

6. Conclusion

We leverage vision foundation models to mitigate the data
scarcity issue in plant trait analyses. Our results show that
the state-of-the-art (SOTA) self-supervised learning (SSL)
model, DINOv2, achieves competitive performance on this
task. Combined with our proposed data curation technique,
we achieve scores of 0.394 and 0.405 on the Kaggle pub-
lic and private leaderboards, respectively. As a result, we
ranked 41st in the PlantTraits2024-FGVCI11 Kaggle chal-
lenge. In this study, we further explore different direc-
tions for improvement, including the hidden states of the
vision foundation model and the Vision-Language foun-
dation model. Our results verify that the hidden states
do not possess useful information for plant trait analy-
ses and that SSL techniques are generally more competi-
tive than multi-modality learning in this task. Finally, we
make our training script available as open source to aid
reproducibility?.
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