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Abstract. Citizen science data provide both species labels and ground-
level images, but their relative ecological value remains unclear. We com-
pare these modalities by pretraining separate contrastive models that
align either images or species labels with geographic location, producing
location embeddings. We use several taxonomic groups for pretraining.
We then evaluate with species classification as a downstream task.
Results show that species-based embeddings generally perform better
when training and evaluation distributions are closely related, while
image-based embeddings capture complementary environmental infor-
mation and perform better when such correlations are weaker. Overall,
the images provide more general ecological context and are a strong al-
ternative especially when labels are unavailable. 5

1 Introduction

We are experiencing a rapid and global decline in biodiversity [14]. In order
to tackle it in an informed way, we need to map, in an accurate and timely
manner, and at large scale, the state of ecosystems. Citizen science observations
have emerged as a formidable source of data about the presence of species at
a global scale, which can in turn be used to understand ecosystems and their
dynamics [7]. In many platforms for citizen science observations, such as iNat-
uralist and Pl@ntNet, users mainly contribute photographs of the specimens,
upon which a taxonomic label is assigned, often by other users, although not all
contributions end up having an agreed upon taxon [5,2].

This taxonomic label is what is typically used to inform geospatial models of
biodiversity [16,13,22], such as species distribution models (SDMs). This results
in discarding information contained in the photographs beyond the taxon of the
specimen (e.g. phenology, behaviour, substrate, background, etc.), secondary
data that can be seen as “ecologically relevant features that extend beyond the
primary information" [26,21,18,9], highlighting the need to better leverage this
information [4]. In addition, beyond this type of citizen science observations,
5 Code is available at: https://github.com/Adammenoud/species-and-images-CL
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images can originate from a variety of other sources, such as camera traps [1,19],
street view imagery or landscape photography.

Contrastive learning is a promising approach to extract such relevant infor-
mation from images. It enables different modalities to be embedded into a shared
vector space, effectively preserving their mutual information as a form of seman-
tic representation. This approach has been widely applied to remote sensing
imagery [15,3]. Its effectiveness has also been demonstrated for species identifi-
cation from ground-level images [12]. Additionally, several contrastive learning
approaches have been developed to extract more than species-level information
from ground images, often by incorporating textual data or location as a second
modality [8,25,24].

While these methods can theoretically achieve strong performance in ex-
tracting information from images, it remains unclear how much information is
actually contained in images compared to species occurrence data alone. In [25],
the authors use contrastive learning with both text and ground level images,
but the use of species labels is not considered. On the other hand, works that
use both species and images combine them into a single representation space
[12,24], which prevents a direct comparison. Given the widespread use of image
data, assessing its added value relative to more basic occurrence information is
therefore essential.

The question that we want to answer with this work is the following: Does
learning representations using images from citizen science observa-
tions encode more ecological information than learning to predict
species occurrences?

Our approach consists of using contrastive models using either citizen science
photos or their corresponding species label, along with their location, allowing us
to construct identical and independent pipelines for both image and species label
information. We then evaluate these representations using species classification
on a different taxonomic group as a downstream task, which allows us to assess
the value of the learned location embeddings on an ecological task beyond the
one used for training.

2 Methodology

2.1 General approach

The main idea to answer our research question is to pretrain two location em-
beddings in a contrastive manner, one using the images and another one using
the species labels. The other modality in both cases consists of the geographic
location as latitude-longitude (latlon) coordinates. By associating the informa-
tion to a specific place, the model is effectively asked to build a map of features,
that is an encoder from the latlon coordinates to the embedding space.

Once these models are pretrained, we evaluate the quality of the location em-
beddings produced by training lightweight Species Distribution Models (SDMs),
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with the task of predicting different set of species than the one used for pre-
training. This is meant to allow studying the generalization of the learned rep-
resentation to other, related tasks.
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Fig. 1: Summary of the pipeline. We train a different contrastive model for plant
images and species labels. We use location as the other modality. We then evalu-
ate and compare the location embeddings by training Species Distribution Mod-
els.

2.2 Contrastive learning

Contrastive learning [17] is a learning paradigm that aims to learn meaningful
data representations by pulling together paired samples and pushing apart un-
paired ones in a latent space. Instead of relying on explicit labels, the model can
learn from naturally paired samples and a large number of implicitly negative ex-
amples. Positive pairs are typically formed by different views or modalities of the
same data instance (e.g., an image and its caption, or two augmented versions
of an image), while negative pairs consist of other examples in the mini-batch
or dataset.

In our case, the data used for pretraining the model consists of a set of
triplets of modalities D = f(In; Gn; Sn)gn�N of N images In, geographic latlon
coordinates Gn, and species label Sn of the occurrence. We also have the three
encoders I;G;S that allow the embedding of each modality into the same vector
space Rd. We denote the encoded data as follow:

(In;Gn;Sn) := (I(In);G(Gn);S(Sn))

We train two separate instantiations of the location encoder, Gimages and Gspecies.
Each encoder is obtained via contrastive pretraining using an auxiliary modality
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X, either images or species labels. For a mini-batch of B location-X pairs, the
following symmetric Cross-Entropy loss (or infoNCE loss) is computed [23]:

L infoNCE :=
1
2

(L location!X + L X!location )

with, for any pair of modalities u; v,
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Here � is a temperature parameter, that can be �xed or learnt. By pretraining
twice, with X = I and X = S, we obtain two location encoders G images ; Gspecies

that we can use on any new location. This allows testing on downstream task
involving location information. Note that the new points need to be located on
the same geographical domain than the data used for pretraining, since there is
no reason for the contrastive model to generalize outside of it.

2.3 Evaluation

The contrastive pretraining provides a pretext task aimed to learn �useful� em-
beddings, meaning that we need a downstream task to assess this usefulness.
We use the embeddings obtained from our model as covariate/input data for
the evaluation task. In order to evaluate with respect to a meaningful ecological
task, we �t a linear model with the task of predicting species occurrences of a
di�erent set of species. Our �nal metric is then the ROC AUC obtained by the
SDM on the test set; AUC is a standard metric in these cases [22].

2.4 Combinations of embeddings

Our method allow us to compare the information contained in images and in the
species through the encoders I and S that is shared with the location. Therefore,
we go further and try di�erent ways to combine these two kinds of embeddings In
and Sn during training. We use BioCLIP 2 as an encoder for images (see Section
3.3 for more details), which has been shown to encode ecological information
beyond mere species identity [12]. Therefore, we try taking the di�erence between
the image embedding and the species embedding, to have the model focus only on
the orthogonal information. We input this di�erence information either directly
or concatenated to the image embedding information, since we hypothesize that
it might encode for independent information. We also try to take the sum (or
equivalently, the average) of both embeddings, as some kind of joint embedding.
Finally, we also try a simple concatenation, to allow the model to use to both
embeddings freely. In all cases, we add (non-linear) layers after the operation.
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3 Experiments

3.1 Datasets

We use two di�erent and non-overlapping datasets that span over the same geo-
graphic domain, for the pretraining and the evaluation with SDMs respectively.
For the pretraining, we use the iNaturalist dataset from GBIF, that we cu-
rate to keep only the entries in metropolitan France. The full occurrence dataset
can be downloaded here: [11]. We then divide it into three pretraining subsets:

� Plant ('Plantae' kingdom), with 1.5M occurences and 6540 unique species
� Arthropods ('Arthropoda' phylum), with 2M occurences and 13382 unique

species
� Mushrooms ('Fungi' kingdom), with 130k occurences and 2594 unique species

For the dataset used for evaluation, we use the the GeoPlant dataset [22]
and also consider only the entries in metropolitan France. We then consider the
entries for which all relevant species are present, and keep only the species for
which the number of occurrences is above 20 for both Presence-Only (PO) and
Presence-Absence (PA) data. There is 84 such plant species, and the number of
observation is 1262 for PA (for each species) and 26850 for PO (with one species
recorded for one observation). We use the PO occurrences to train the SDM, and
the PA occurrences to test it, similarly to [10]. Note that this setup is di�erent
from some other SDM experiments on the Geoplant dataset [22], and thus the
AUC scores obtained with these methods should not be directly compared to
those obtained from our experiments.

3.2 Analysis of the pretraining subsets

If the species used during pretraining are the same as those used during evalu-
ation, then memorizing the species information contained in the training set is
su�cient, which could bias the analysis and favor using the species encoder only.
To this end, we train the main model on di�erent phyla (or kingdoms). Here, we
compare the similarity of these subsets with the original 'Plantae' kingdom, to
better interpret the performances of the model.

Mutual Information between datasets The relevant quantity to know
whether knowledge about one distribution helps predicting the other is the mu-
tual information. Since the number of species is very high, determining the actual
mutual information between two subsets is a hard problem. For this reason, we
�rst rasterize the data and then use a clustering algorithm (k-means) to assign
a label to each site. Determining the (ajusted) mutual information between two
sets of clusters is then a much easier problem. This gives us quantitative in-
formation about how the subsets relate to the plant subset (and also to each
other).

We rasterize the territory with cells of 10k meters. To each cell we associate
the vector that counts the number of occurrences for each species. Then we run
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the k-means algorithm on these vectors for 3 � k � 50, compute the adjusted
mutual information (AMI), and report the results (see Figure 4).

Qualitative analysis of samples In order to have an idea of whether the
images contain more information than the species labels alone, we also took
a look at a sample of images of each of the subsets and identi�ed the shared
information in the surroundings. We plot the clusters obtained by running the
clustering algorithm on plant species (see Figure 5), and pick three locations
that we can clearly identify as being assigned a di�erent label: the mountains
(Alps), the Mediterranean basin and a city (Paris). We download 50 images
from these locations and report some of the similarities in the background. This
gives information on whether the image modality has access to some shared
information that is not present in the species modality.

3.3 Encoders

Since we train a contrastive model, the two important components are the en-
coders for both modalities, that is, species/images on one hand and location on
the other.

In both the cases of species and images, we use respectively the text encoder
and the image encoder of BioCLIP 2 [12]. BioCLIP 2 is itself a contrastive model
pretrained on a dataset of 200 million images of living organisms. It embeds
both the image and the full scienti�c name of the species observed into the same
embedding space, e�ectively giving a way to compare both modalities. Note
that it would be problematic for our analysis if the contrastive pretraining from
BioCLIP 2 had collapsed all information from the image to only the species
information. The authors of BioCLIP 2 show that it is not the case, e.g. the
image encoder performs well when applied to other biological visual tasks such
as habitat classi�cation and trait prediction. However, we also use another more
general image encoder in order to be able to compare, namely DINOv2 [20]. We
keep these encoders frozen and add two �nal linear layers, with ReLU activations,
in order to adapt the model to the speci�c task, as in [6].

For the location encoder, we take the location encoder from [6] and train it
with weights initialized at random. Although more details can be found in the
original article, we describe it here brie�y. The �rst step is to take the Equal
Earth Projection (EEP) in order to counterbalance the distortions of the usual
coordinate system. The coordinates are then encoded from two dimensions into
higher dimension using Random Fourier Features (RFF) at several frequencies
f� k gk . For each frequency, we compute the component of the vector to encode
along many random directions, and then encode these values using sine and
cosine. Drawing the random directions from a normal distribution once before
any training, the RFF encoding for a given frequency �k is the following:


(x) =
�
cos(2�Rx)
sin(2�Rx)

� T

R i;j � N (0; � k ) 8i � d=4; j � 2
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Fig. 2: AUC obtained for all subsets and encoders

with x the (lat; lon) T coordinate vector after EEP and d the RFF embedding di-
mension. For each frequency, the vector is then passed through a four-layer MLP,
and the results for each frequency are then added to give the �nal embedding
vector.

We noticed that during pretraining the model tends to produce a good qual-
ity map after a few epochs, but that the quality seems to drop afterwards, even
though the validation loss keeps going down. It seems like the model �ts informa-
tion on the highest frequencies, which produces poor results. We therefore also
consider a low-frequency regime as a regularization, and evaluate the models in
both settings.

3.4 Implementation details

The contrastive model is trained using 80% of the samples set, and 20% is used
for validation. we train for 40 epochs and take the model corresponding to the
best performance on the validation set. We train with a batch size of 4096 and
a �xed learning rate of 10�4 . For the frequencies of the RFF encoding, we use
the frequencies f1; 2�4 ; 2�8 g for the high frequency regime and f1; 2�4 g for the
low frequency regime. For the evaluation with SDMs, we consider the maximum
AUC score over the two regimes, unless speci�ed otherwise. Note that most
often, the low regime gives better performances. We repeat the same procedure
on each of the three subsets (plants, mushrooms, and arthropods).

The location encoder consists of a four-layer MLP for each frequency, with
hidden dimension 1024 and output dimension 512, with ReLU activation layers.
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For the image encoder, the embeddings from both BioCLIP and DINOv2 are
of dimension 512. We add two learnable layers of dimension 512 with ReLU
activation in between. The temperature parameter is learnt as a free parameter,
and initialized at 0:07. For evaluation, we use Poisson regression for the linear
models, and train one model for each species, and take the average for the �nal
AUC. When combining the embeddings, we train the models only using the low-
frequency setting in order to reduce the number of runs. We concatenate the raw
outputs of BioCLIP 2 and then apply the two �nal layers. When concatenation
is applied, the input dimension doubles, but we keep the two �nal layers at the
same size. Other than that, the training procedure is identical to that described
previously.

4 Results

4.1 Performance of the contrastive models

Figure 2 shows the results on the GeoPlant benchmark subset. We observe that,
for both pretraining subsets containing plants and arthropods, the species em-
bedding gives higher AUC than the BioCLIP 2 image embedding. The opposite
is true for the mushroom subset, for which the species embeddings gives poorer
results than the BioCLIP 2 image embeddings and comparable to DINOv2. We
also observe that the DINOv2 encoder consistently performs worse than Bio-
CLIP 2. Note that it is also possible, for any location, to compute its similarity
with a speci�c image. The similarity is just computed as the dot product of the
normalized embeddings (i.e. cosine similarity). This gives a similarity map over
the geographic domain [25], that we can use to have visual insight about how the
model works, and ensure that the pretraining was successful. Using this process
with an image of a plant that grows in the mountains, for instance "Epilobum
Angustifollium", we get a similarity map of France that recovers the topology
of the territory (see Figure 3).

4.2 Additional analysis of pretraining subsets

Mutual information When evaluating the AMI for several values of k on the
three pairs of pretraining subsets, we can see clear trends. The mushrooms subset
has a low AMI with both other subsets (see Figure 4). On the contrary, the subset
of arthropods is relatively similar to the subset of plants. These di�erences can
also partly be seen of the raster plots; the mushrooms do not seem to have a
speci�c cluster for the Mediterranean basin (see Figure 5), for instance.

Qualitative analysis of sample images In addition to the AMI analysis, we
also examine the visual background present in the images (see Figure 6). We
can see that, for each location, several recurring elements can be observed across
datasets, such as meadows in the Alps, limestone in the Mediterranean and
manmade elements in Paris. We hypothesize that the image encoders capture
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(a) Image of "Epilobum an-
gustifolium"

(b) Occurrences in pretrain-
ing dataset

(c) Similarity map in
France

Fig. 3: Occurrences and similarity map comparison

Fig. 4: Ajusted Mutual Information for each number of clusters (with 3 � k � 50)

this information. This is discussed by the authors of BioCLIP 2, indicating that
the encoder performs well for habitat classi�cation, for instance. Contrastive
learning could then incorporate this information in the location embeddings.
This could enable the model to perform better with images than with species in
the case where species information is correlated with the downstream task.

4.3 Combinations of embeddings

Finally, we explore what happens when we apply operations to combine the
di�erent kind of embeddings before pretraining. For both the arthropods and
the plant pretraining subsets, in which the species embeddings perform better
than the image, we notice that all the di�erent combinations lie in between the
two or lower than both 7. This suggests that none of them are a better way to
incorporate the two sources than the species or image embeddings alone.
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Fig. 5: Cluster assigned to each site for each subset (all 41 clusters with the least
cells are aggregated in '9')

5 Discussion

5.1 Interpretation of Results

The observed results exhibit strong dataset-dependent di�erences. For the Bio-
CLIP 2 embeddings, images outperform species-only embeddings only for the
mushroom subset. The additional analysis provides a clue about the origin of
these di�erences. The strong performance of species embeddings for plants and
arthropods can be explained by their similarity in species distribution. The dis-
tribution of species learned during pretraining can be directly exploited by the
SDMs, resulting in high AUC values. We also hypothesize that the models cap-
ture background information in all three cases. While species information ap-
pears su�cient for plants and arthropods, background information seems to play
a more important role in the mushroom dataset, where image-based embeddings
perform better. Both �ndings are informative. If the goal is to use contrastive
learning to directly model species distributions, then using species occur-
rences alone appears to be more e�ective. If the objective is to learn general
ecological features, using images seems preferable. Additionally, in cases
where species information is unavailable [5], images seem su�cient for generating
ecological features. Finally, despite these complementary strengths, we do not
yet identify an e�ective strategy to jointly integrate both information sources
during pretraining.
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