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Abstract

Butterflies are key bioindicators, yet their visual classifi-
cation is confounded by strong geographic and ecological
variability. We investigate whether adding habitat context
from satellite imagery can improve recognition accuracy.
Our pipeline fuses in-situ photographs with Sentinel 2 com-
posites from a 2.5 km area of interest, together with spa-
tiotemporal metadata (location and month), using a ResNet
50 image encoder with Feature wise Linear Modulation
(FiLM) for feature fusion. On a 40 species dataset (about 6k
observations), models enriched with multispectral and con-
textual features consistently outperform image-only base-
lines. The best configuration, which combines multispec-
tral imagery with spatio-temporal data conditioned through
FiLM, achieves 92% Top-1 accuracy in the standard test
set and 48% on a rare class split, showing that habitat-
aware multimodal learning is a promising direction for fine-
grained species classification.

1. Introduction

Traditional fine-grained classification models for species
identification primarily rely on image-based features de-
rived from in-situ photographs. While effective to a de-
gree, these approaches often overlook the broader ecolog-
ical context that shapes species distributions and traits. En-
vironmental factors such as vegetation structure, land cover,
and climate play a crucial role in determining suitable habi-
tats and influencing phenotypic variability, which in turn
help in monitoring and classification. Remote sensing of-
fers high-resolution, multispectral data capable of capturing
detailed habitat characteristics at scale. In this study, we
investigate the potential of integrating Sentinel-2 imagery
with conventional visual inputs along with spatiotemporal
data to improve butterfly species classification. By combin-
ing species-specific morphological cues with habitat-level
context, we aim to enhance classification performance and
develop a more ecologically informed, scalable framework
for biodiversity monitoring and research.
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2. Related Work

Fine-grained visual classification (FGVC) has seen signif-
icant progress in recent years, particularly in biodiversity
applications where distinguishing between visually similar
species is critical. Deep learning models, including con-
volutional neural networks (CNNs) and transformer-based
architectures, achieve strong performance on large-scale
datasets such as iNaturalist and NABirds, which span
thousands of species across taxa [14]. Nevertheless, FGVC
remains challenging due to high intraclass variability and
subtle interclass distinctions, especially under natural con-
ditions with heterogeneous lighting, complex backgrounds,
and varied viewpoints.

To mitigate these challenges, researchers have in-
creasingly moved beyond morphology and incorporated
contextual information. Species identity is often tightly
constrained by ecological and spatiotemporal factors such
as location, seasonality, and habitat. Leveraging this,
several studies have demonstrated that metadata, including
geographic coordinates, observation time, and habitat de-
scriptors, can significantly improve classification accuracy.
For example, Chu et al.[1], Mac[6], and Nguyen et al.[7]
show notable gains when augmenting visual features with
auxiliary metadata, while Skreta et al.[12] highlight the
value of spatiotemporal signals for butterfly classification.
These works underline that species recognition is as much
about ecological context as it is about morphology.

Remote sensing offers a powerful way to capture such
ecological context at scale. Multispectral satellite imagery
from platforms such as Sentinel-2 and Landsat encodes
detailed information about vegetation, land cover, and envi-
ronmental gradients that structure species distributions [9]
. While this data has long been used in species distribution
modeling (SDM) and habitat suitability assessments [3, 4],
it has only recently begun to be integrated directly into
fine-grained classification. This has motivated new work
that combines ground-level observations with habitat-scale
remote sensing signals.



Recent multimodal representation learning approaches
demonstrate the potential of such integration. BirdSAT [11]
jointly learns from ground-level and satellite imagery
through cross-view contrastive masked autoencoders,
showing that ecological context can sharpen bird classifica-
tion. TaxaBind [10] introduces a unified embedding space
for classification, retrieval, and distribution modeling,
emphasizing the scalability of multimodal ecological
frameworks. WildSAT [2], in turn, uses citizen science
wildlife observations to supervise habitat-sensitive satellite
representations by aligning remote sensing data with
habitat descriptions, occurrence records, and location
encoders. These enriched embeddings support downstream
prediction tasks such as bird encounter rate estimation and
cross-image retrieval.

Together, these studies highlight an important shift:
from treating FGVC as a purely visual problem to embrac-
ing ecologically grounded multimodal learning. Much of
the recent progress has been driven by large foundation
models, with FGVC cast as a downstream task. However,
these successes need not hinge on scale alone. Careful
alignment between visual, spatial, and ecological modali-
ties can itself yield strong gains even for simpler models
and limited data regimes.

Building on this perspective, our work investigates how
Sentinel-2 imagery can be fused with species-specific vi-
sual cues to improve butterfly classification. By combin-
ing fine-grained appearance features with broader habitat
context, we aim to demonstrate that ecologically grounded
alignment can drive progress in biodiversity monitoring.

3. Methodology
3.1. Dataset

To demonstrate this, we constructed a fine-grained butterfly
classification dataset by querying the iNaturalist platform
for observations from 40 species (=6000 image-based
records). Each observation includes the contributed
photograph and structured metadata (GPS coordinates
and timestamp), spanning diverse habitats and capture
conditions. We also define a Rare split comprising species
whose training frequency lies below the 20th percentile of
per-species counts.

To provide habitat context, for each observation we ex-
tract a Sentinel-2 surface reflectance imagery over a 2.5 km
square area-of-interest (AOI) centered at the GPS location
within a +7-day window around the timestamp with less
than 20% cloud coverage. We use Google Earth Engine to
download imagery with 9 bands and compute indices as de-
scribed in 3.2.3.
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Figure 1. Temporal distribution of observations and species.
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Figure 2. Seasonal distribution of observations and species.

Figure 3. Geographic locations of observations.

The entire dataset was split using 80-10-10 rule and the
rare species dataset constructed out of the test split had 56
observations and 8 species.

3.2. Architecture

Our approach integrates three sources of information: (1)
in-situ butterfly photographs, (2) satellite imagery, and (3)
structured metadata consiting of location (lat, lon), time
(month and year) and indices (Normalized Difference Vege-
tation Index, Enhanced Vegetation Index,and Green Chloro-
phyll Index). Each modality is encoded separately and
fused for classification of the species.

3.2.1. Image Backbone

We use a ResNet-50 [5] initialized on ImageNet and fine-
tuned it on the dataset with Cross-Entropy loss. Images are
resized to 224 x 224 and augmented with vertical and hori-
zontal flips, and color jitter.



3.2.2. Satellite Imagery backbone

For the RGB satellite ablation, we feed a 3-band Sentinel-2
RGB composite to an ImageNet-pretrained ResNet-50
(fine-tuned end to end).

For the multispectral ablation, we use a TorchGeol[ |3]
ResNet-50 initialized with Sentinel-2 multi-spectral SAT-
LAS weights, that accepts bands B2, B3, B4, BS, B6, B7,
B8,B11 and B12.

3.2.3. Metadata & Index Encoding

We encode location (latitude, longitude), time (month,
year), and the vegetation indices (NDVI/EVI/GCI) with a
two-layer MLP (ReLU + dropout). To respect periodicity,
month is mapped via sine/cosine:

iy, = sin 27 73 (2 35)
in,, = sin — = —
sin,, = s 71'12 ,  COS,, = COS 7712

Latitude/longitude are converted to radians and similarly
mapped:

sinpas = sin(latyaq), €osiat = cos(latyad),
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We also extracted vegetation indices from the Sentinel-2
bands, specifically:
e NDVI (Normalized Difference Vegetation Index):

NIR - RED
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* EVI (Enhanced Vegetation Index):

NIR - RED
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where G =2.5,C1 =6,Cy =7.5,and L = 1.
¢ GCI (Green Chlorophyll Index):
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The indices and year were standardized using min-max
scaling and the combined vector was fed into an MLP with
two hidden layers to generate a fixed-size embedding vec-
tor.

3.2.4. Fusion and Classification

The image embedding, satellite embedding, and metadata
embedding are concatenated and passed to a one-layer MLP
classifier with 0.2 dropout, producing a softmax over the 40
species.

Hyperparameter  Value

Optimizer Adam
Learning rate 1x107°
Weight decay 1x107°
Epochs 100
Batch size 32
Loss Cross-Entropy
Backbone ResNet-50
LR scheduler ReduceLROnPlateau
Monitor Validation loss
Mode min
Factor 0.2
Patience 3

Table 1. Training hyperparameters.

3.2.5. Feature Modulation (FiLM)

To strengthen cross-modal interaction, we condition inter-
mediate image features on ecological context using Feature-
wise Linear Modulation (FILM) [8]. A one-layer MLP
maps the metadata embedding to per-channel ~y, 8 applied
to selected ResNet-50 blocks:

FiLM(z) =y @z +

This encourages the visual pathway to adapt to habitat and
season cues (e.g., vegetation and phenology). We ablate
FiLM on/off and report detailed results in Table 4.

3.3. Training Strategy

We use Adam optimizer. The initial learning rate of 10~
is chosen. The ReduceLROnPlateau scheduler moni-
tors validation loss and multiplies the current learning rate
by 0.2 after 3 epochs without improvement, and a floor
at 10~8.The best checkpoint is selected by validation loss
over the 100-epoch run. In most cases the following hyper-
parameters were used (Table 1).

4. Results

Table 2 reports Top-1 accuracy across core training config-
urations. Table 3 focuses on Feature-wise Linear Modula-
tion (FILM) with multispectral satellite imagery. The best
results in each column are bolded.

4.1. Key Findings

 Satellite cues drive the largest gains: Adding satel-
lite imagery improves accuracy by up to 11% on the
Test split and 13% on the Rare split. In contrast, us-
ing only geographic and temporal metadata (without im-
agery) yields more modest improvements of 4. 8% (test)
and 4% (rare).

* Multispectral advantages: Switching from a frozen to
an end-to-end multispectral pipeline raises Rare accuracy



Table 2. Results with configurations consisting of metadata (Loca-
tion & Time) and RGB satellite imagery (referred to as Sat (RGB))
. Note: Satellite Imagery encoders here are pretrained on Ima-
geNet and fine-tuned on the curated dataset

Configuration Test Rare
Image only 0.764  0.32
Image + Location + Time 0.812  0.36
Image + Location + Time (FiLM) 0.880 041
Image + Sat (RGB) 0.877 0.46
Image + Location + Sat (RGB) 0.878 0.44
Image + Location + Time + Sat (RGB) 0.880 0.44
Image + Location + Sat (RGB; FiLM) 0.891 0.50

Image + Location + Time + Sat (RGB; FiLM) 0.883  0.50

Table 3. Results with configurations consisting of FiLM with mul-
tispectral (MS; fine tuned) satellite imagery. Note: We omit vege-
tation indices since multispectral bands already capture this infor-
mation.

Configuration Test  Rare
Image + Sat 0.877 0.48
Image + Sat + Location(FiLM) 0913 044

Image + Sat + Location+Time(FiLM)  0.920  0.48

from 0.38 to 0.48, outperforming ImageNet-pretrained
RGB bands (0.46 Rare).

* Role of FiLM: Without FiLM, augmenting MS with Lo-
cation+Time increases Test accuracy to 0.895 but reduces
Rare to 0.42. With FiLM, the same cues push Rare to
0.50, while keeping the test accuracy competitive (0.880-
0.891).

* Best configurations: The highest overall Test accuracy is
0.920 (MS + Location+Time with FiLM), while the best
Rare accuracy is 0.50 (RGB + FiLM with Location or
Location+Time).

Interestingly, we observe that adding multispectral (MS)
cues improves overall Test accuracy (from 0.891 with
Location and 0.883 with Location+Time using RGB+FiLM
to 0.913 and 0.920 with MS+FiLM), but reduces Rare
accuracy (from 0.50 with RGB+FiLM to 0.44-0.46 with
MS+FiLM). We believe this may be as many rare taxa co-
occur with common species in similar habitats, and subtle
spectral or structural differences may not be captured by
Sentinel-2 imagery and indices in particular, leading FiLM
to reinforce habitat-level shortcuts. To address this, we plan
to incorporate higher-resolution PlanetScope imagery and
leverage pre-trained encoders such as those provided by
taxabind[10] and WildSat[2] to learn richer, species-aware
spectral features that can improve generalization to rare
classes.
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Figure 4. Error analysis. Confusions concentrate among visually
similar species; adding Sentinel-2 and FiLM reduces several high-
frequency off-diagonal blocks.

4.2. Error Analysis

Figure 4 shows confusion patterns. Errors concentrate
among visually similar species; adding Sentinel-2 multi-
spectral cues and FiLM reduces several high-frequency off-
diagonal blocks.

4.3. Summary

Overall, FiLM-based fusion of satellite imagery with
geographic and temporal metadata provides a principled
and robust approach. It seems to consistently outper-
form image-only baselines and simple concatenation, and
improves recognition of rare species, a crucial factor for
ecological monitoring and biodiversity applications.

Detailed data are shown in the appendix (FiLM source-
by-source in Table 4 and multispectral variants in Table 5)
where we see how location and time drives the largest gain
in experiments as opposed to using Indices, particularly
when taking rare species into account.

5. Conclusion

We studied context-aware fine-grained species classifica-
tion by fusing in-situ photographs with Sentinel-2 habitat
cues and structured ecological metadata. Our simple
recipe, ResNet-50 for images, ResNet-50 for satellite
image and MLP with a linear layer for AOI-aggregated
NDVI/EVI/GCI features, and sine/cosine encodings of
location and month, with optional FiLM conditioning,
consistently improves over image-only baselines.

This work has one main limitation. Evaluation uses ran-
dom (non-blocked) splits and therefore does not enforce ge-
ographic or temporal disjointness.



6. Future Work

We see several directions to strengthen both methodology

and evaluation:

 Spatially blocked evaluation: adopt geographic block
cross-validation to prevent train/test location overlap and
quantify out-of-region generalization.

e Temporally blocked evaluation: year-held-out or
forward-chaining splits to assess robustness under sea-
sonal/yearly distribution shift.

* Long-tailed learning and calibration: incorporate
class-balanced or focal losses, temperature scaling,
and selective prediction/abstention to better serve rare
species.
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8. Appendix

In tables 4 and 5, FM denotes Feature Modulation (FiLM).
Sat denotes Sentinel-2 imagery downloaded from Google
Earth Engine encoded using ResNet-50. “Frozen” keeps
the satellite image encoder backbone fixed; “Fine-tuned”
updates entire encoder.

Takeaways for Table 4.

 Fine-tuning generally outperforms frozen backbones
when fusing satellite cues.

* Location and month metadata help, and FM further boosts
performance by conditioning the image encoder on con-
text.

» Without Satellite Imagery, FiLM recovers a portion of the
gains; with Satellite Imagery, FILM yields the strongest
accuracy on both Test and Rare splits.

Takeaways for Table 5.

» Multispectral fusion improves over image-only baselines;
end-to-end fine-tuning show significant improvements
over frozen encoder.

* The best configuration combines Location+Time meta-
data, Sentinel-2 features, and FM, reaching the top Test
and Rare scores.

Link to main results. These detailed ablations support
the headline results in Table 2, showing consistent gains
from Sentinel-2 fusion and additional improvements from
FiLM.

Table 4. Top-1 accuracy on the standard Test set and the Rare
Test set for different input configurations. FM-Feature Modula-
tion, Sat-RGB Satellite Imagery at 10m resolution

Configuration Test Rare
Baseline Models
Image Only 0.764 0.32
Image + Sat 0.877 0.46
Image + Meta 0.8014 0.32
Image + Meta + Sat  0.873 0.48
Feature Modulation Enabled
Image + Meta 0.864 0.40
Image + Meta + Sat  0.884 0.48
Without FM, Without Sat
Location Only 0.8041 0.34
Location + Time 0.812 0.36
Indices Only 0.792 0.32
Without Year 0.805 0.38
Without FM, With Sat
Location Only 0.876 0.44
Location + Time 0.88 0.44
Indices Only 0.883 0.42
Without Year 0.875 0.46
With FM Without Sat
Location Only 0.867 0.46
Location + Time 0.880 0.42
Indices Only 0.827 0.30
Without Year 0.849 0.38
With FM With Sat
Location Only 0.891 0.50
Location + Time 0.883 0.50
Indices Only 0.865 0.40
Without Year 0.899 0.48
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