
ORIGINAL RESEARCH
published: 06 May 2022

doi: 10.3389/fpls.2022.839279

Frontiers in Plant Science | www.frontiersin.org 1 May 2022 | Volume 13 | Article 839279

Edited by:

Alex Charles Wiedenhoeft,

United States Forest Service (USDA),

United States

Reviewed by:

Mirko Di Febbraro,

University of Molise, Italy

Emily Bellis,

Arkansas State University,

United States

*Correspondence:

Benjamin Deneu

benjamin.deneu@inria.fr

Specialty section:

This article was submitted to

Frontiers in Plant Science,

a section of the journal

Frontiers in Plant Science

Received: 19 December 2021

Accepted: 22 March 2022

Published: 06 May 2022

Citation:

Deneu B, Joly A, Bonnet P,

Servajean M and Munoz F (2022) Very

High Resolution Species Distribution

Modeling Based on Remote Sensing

Imagery: How to Capture

Fine-Grained and Large-Scale

Vegetation Ecology With Convolutional

Neural Networks?

Front. Plant Sci. 13:839279.

doi: 10.3389/fpls.2022.839279

Very High Resolution Species
Distribution Modeling Based on
Remote Sensing Imagery: How to
Capture Fine-Grained and
Large-Scale Vegetation Ecology With
Convolutional Neural Networks?
Benjamin Deneu 1,2,3*, Alexis Joly 1,2, Pierre Bonnet 3,4, Maximilien Servajean 2,5 and

François Munoz 6

1 Inria, Montpellier, France, 2UMR LIRMM, Université de Montpellier, Montpellier, France, 3UMR AMAP, Université de

Montpellier, Cirad, CNRS, INRAE, IRD, Montpellier, France, 4Cirad, Montpellier, France, 5Université Paul Valéry, Montpellier,

France, 6 LIPhy, Université Grenoble Alpes, Grenoble, France

Species Distribution Models (SDMs) are fundamental tools in ecology for predicting the

geographic distribution of species based on environmental data. They are also very

useful from an application point of view, whether for the implementation of conservation

plans for threatened species or for monitoring invasive species. The generalizability

and spatial accuracy of an SDM depend very strongly on the type of model used

and the environmental data used as explanatory variables. In this article, we study a

country-wide species distributionmodel based on very high resolution (VHR) (1m) remote

sensing images processed by a convolutional neural network. We demonstrate that this

model can capture landscape and habitat information at very fine spatial scales while

providing overall better predictive performance than conventional models. Moreover, to

demonstrate the ecological significance of the model, we propose an original analysis

based on the t-distributed Stochastic Neighbor Embedding (t-SNE) dimension reduction

technique. It allows visualizing the relation between input data and species traits or

environment learned by the model as well as conducting some statistical tests verifying

them. We also analyze the spatial mapping of the t-SNE dimensions at both national and

local levels, showing the model benefit of automatically learning environmental variation

at multiple scales.

Keywords: species distribution model, convolutional neural network, ecological interpretation, plant functional

traits, t-SNE, very fine scale prediction, remote-sensing imagery

1. INTRODUCTION

Understanding and predicting the spatial distribution of species is a crucial issue in
theoretical and applied ecology. In particular, Species Distribution Models (SDMs)
are used to characterize the ecological niche of species, i.e., the environmental
conditions that explain their presence (Elith and Leathwick, 2009). The ecological
niche is inherently multi-dimensional and can involve a large number of factors
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FIGURE 3 | Visualization of the remote sensing imagery patch (RGB) of occurrences on the t-SNE space. The grid corresponds to a uniform slicing of the t-SNE

space (the result of the convolutional neural networks (CNN) feature space dimension reduction) and each cell displays the RGB image of the occurrence closest to its

center. The position of the occurrences in this space is the result of the dimension reduction of their activation of the feature space.

observing any particular bias in the data nor that knowledge of
the area seems to explain. This could be the result of multiple
factors combined and difficult to untangle such as unidentified
bias in data, the influence of near training occurrences, and
unidentified environmental shift.

Concerning the maps of logit distributions of the four selected
species, the first observation is that the activation is also at fine
resolution with notable changes observable from 50 m (distance

between points). This confirms that the learning of the model
makes it possible to identify a change in the environment on the
order of 10 m and that its prediction quickly changes spatially.
For the four species, the activation seems to correspond globally
to the expected distribution of the species. In comparison,
the activations of the MaxEnt model, based on much coarser
resolution data, do not allow such spatial resolution. With the
exception of Anthemis maritima L., the dynamics of the MaxEnt
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FIGURE 4 | Zoom of Figure 3 with examples of landscape features identified.

FIGURE 5 | (A) Color space applied to t-SNE space (the result of the CNN feature space dimension reduction), each occurrence is associated with a color

corresponding to its position in t-SNE space. (B) Map of France at 1 km/px resolution, each pixel takes the color of the closest spatial occurrence, a color defined by

the (A) color space.

predictions over the area for the different species also seem to
be fairly consistent even if much less fine-grained. We remind
for this analysis that only the dynamics of the predictions of
the two models (knowing that the species is present in the area
but not everywhere) are compared and that we cannot directly

compare predictions of the probability of presence. Another
point to note is that the environmental rasters are not defined
on the seawater ponds present on the map (presence of no
data). The MaxEnt model does not give predictions in these
areas.
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FIGURE 6 | Visualization of the features learned by the CNN in an area of 10 × 15 km on the French Mediterranean coast. (A) Remote sensing RGB image. (B)

Geographical projection (50 m/px) of the t-SNE space (the result of the CNN feature space dimension reduction). Highlighted environments: (a) the mountain of the

Gardiole, (b) the beach of the Aresquiers, (c) the Wood of the Aresquiers, (d) villages, and (e) crops.
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FIGURE 7 | Species CNN logits activation (left) and MaxEnt predictions (right) in an area of 10 × 15 km on the French Mediterranean coast (50 m/px). (A) Ailanthus

altissima (Mill.) Swingle. (B) Cistus albidus L. (C) Capsella bursa-pastoris (L.) Medik. (D) Anthemis maritima L.

Frontiers in Plant Science | www.frontiersin.org 12 May 2022 | Volume 13 | Article 839279

https://www.frontiersin.org/journals/plant-science
https://www.frontiersin.org
https://www.frontiersin.org/journals/plant-science#articles


Deneu et al. Very High Resolution CNN-SDM

Ailanthus altissima (Mill.) Swingle., illustrated in Figure 7A,
is known to be an invasive tree species of agricultural, urban and
forested areas of the Mediterranean and temperate regions, that
develop along with transport infrastructures thanks to its winged
seeds that are easily spread by the wind. It is well-predicted by
the CNN in the various habitats disturbed by human activity.
We can note for example the visible activation along the highway
(in the northeast) and the activations limited to the agricultural
plots, wastelands, and paths in the forest of the massif. We can
also see that the model correctly identified the habitats in which
this species can not be observed, and which are unfavorable to
its development, such as the temporary pools in the center of the
map, or the coastline of the Aresquiers. The MaxEnt prediction
follows roughly this dynamic with the highest values in the areas
most impacted by human activity and the lowest values in the
ponds (for the few ponds that have data on the rasters). However,
the prediction is much less precise and much smoother than for
CNN. The MaxEnt model tends not to predict on ponds but
everywhere else.

Cistus albidus L., illustrated in Figure 7B, is a native species
of the Mediterranean region and is found in areas of degraded
scrublands of Mediterranean forests. Adapted to sunny and dry
areas, it can be found over almost all of the territory illustrated
in Figure 7B, with the exception of the coast, which explains
its broad predicted distribution on the maps produced by the
models. It is on the mountain of Gardiole that it is observed
in greater numbers, which is well-represented by its strong
prediction for this area on both models’ maps. For this species,
the predictions of the two models are particularly similar. This
species is frequent in the region and abundant in the dataset
whichmay allow bothmodels to have a consistent prediction. The
main difference still lies in the resolution of the prediction. The
CNN prediction can vary quickly where MaxEnt is smoother.
Unlike the previous species, there are no clearly visible factors to
visually explain the rapid variations in predictions by the CNN. It
could be due to differences in vegetation type at a fine scale that
might be better captured by the CNN-SDM (such as differences
in forest cover density).

Capsella bursa-pastoris (L.) Medik. Figure 7C is a
cosmopolitan herbaceous species observed along paths, in
crops lands, and wastelands. Here again, the prediction dynamics
of the models are visually quite consistent. Its intense prediction
in urban and crops areas is in line with what is known about its
ecology. The predictions of the CNN are also finer, it does not
predict in the forests, it is noticeable at the level of the woods
at the edges of the ponds in the center of the map for example,
but predicts the non-forest parcels present on the massif in the
middle of the forests.

Anthemis maritima L., Figure 7D growing in marine sands, is
correctly predicted by the CNN along the coastal line, as well as
around the swamps and in the sandy areas between the Gardiole
mountain and the sea. However, the MaxEnt model seems less
consistent for this species. First, as it cannot predict the coastline
(due to no data) this highlights a problem for the training of this
model for coastal species. Unless the raster coverage is artificially
extended to include the entire coastal zone, it is difficult to predict
its presence accurately on the coast. Second, apart from the fact

that the model is limited in its prediction area, the strongest
activations of the prediction are in urban areas, which does
not correspond to the ecology of the species. The difficulty in
predicting this species by the MaxEnt model seems to lie both
in the spatial definition of the rasters introducing biases on the
observed niche of the species in the training and also in the
fact that this species was particularly rare in the dataset (only
24 occurrences). On the contrary, the data used by the CNN
and its resolution allow covering completely the coastline and
previous studies have already shown the ability of the CNN to
predict rare species by joint learning on many species (Deneu
et al., 2021). This last result is confirmed in Figure 2. Despite
close performances between the CNN and the random forest on
the most frequent species, the CNN score is largely superior on
the species with few learning occurrences.

We can observe that the activation of logits can change
rapidly from one pixel to another (i.e., within 50 m). Contrary
to the visualization of the feature space by the t-SNE,
here, the activations do not seem to remain uniform on
the identified landscape structures. For example, the species
Anthemis maritima L. is globally predicted along the coastline,
but there are some areas of low activation, whereas the t-SNE
map seems to be consistent along the entire coastline. This
can be the result of several factors. First, the visualization of
the feature space by the t-SNE is done using strong dimension
reduction, which retains the most important information about
the dynamics of the feature space but certainly overlooks weaker
variations. The logits are the result of a linear model on the
feature space and not of its reduced representation in the t-
SNE space. These variations can, therefore, have an impact on
the logits without being visible on the map through the t-
SNE. Another factor is the learning of the model. The model is
evaluated by competing species against each other and the linear
models of the last layer producing the activation of the logits
are optimized during training to differentiate species which is
not equivalent to a prediction of the probability of presence. The
model may, therefore, emphasize one species more than another
depending on very local factors or sampling bias. One way to
limit this effect could be to reduce the size of the representation
space (the feature space z) leaving less freedom for the model to
separate individual species. As the identification of common and
representative factors of habitats and communities seems to have
more impact, the model would probably tend to favor this aspect.

Statistical analysis between the environmental or ecological
data and the t-SNE space reveals that the CNN captures
information strongly related to species ecology.We propose here
a very basic analysis of this statistical correlation. We do not
directly take into account here the possible collinearities between
the different variables, and we use a linear regression whereas
the dynamics of the t-SNE space are not necessarily linear (as
can be seen in Figure 8D). This may explain why significant
relationships are still associated with fairly low coefficients. The
idea here is simply to provide a numerical confirmation that the
model does capture information directly related to the ecology
of the species. Moreover, the significant correlations of this
simplistic approach with the highly reduced dimensional space
suggest that with further statistical analysis stronger and more
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FIGURE 8 | Visualization of two species traits (left) and two environmental variables (right) in the t-SNE space (the result of the CNN feature space dimension

reduction): (A) species temperature preference (EIV T), (B) species light preferences, (C) annual mean temperature (bio_1), and (D) temperature annual range (bio_7).

Artificial colors from purple (lowest values) to yellow (highest values).

precise correlations could be highlighted. Linear models on the
t-SNE using species or environmental trait data displays one of
the highly significant relationships (Tables 5, 6). For example,
the coefficient associated with EIV T (species temperature
preferences) is high on both axes of the t-SNE. Looking at
the models using Ellenberg traits we see that trait values alone
explain a significant portion of the variance in the position of

occurrences in the t-SNE space (adjusted R2 of 0.111 and 0.231).
This highlights that the information captured by the model in the
input data is well-correlated with the ecology of the species.

Figure 8A displays the Ellenberg temperature preference trait
(EIV T) and Figure 8C displays the mean annual temperature,
both of which are information related to either the species
of occurrence or the location of the occurrence, over t-SNE
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TABLE 5 | Ellenberg’s species traits linear models on the two axes of the t-SNE

space (the result of the CNN feature space dimension reduction).

tsne_1 tsne_2

Estimate (std. error) Estimate (std. error)

EIV L −1.562∗∗∗ (0.236) 2.630∗∗∗ (0.214)

EIV T −5.035∗∗∗ (0.260) 9.478∗∗∗ (0.235)

EIV K 2.523∗∗∗ (0.389) 0.150 (0.352)

EIV AirH 0.732∗ (0.378) −0.869∗∗ (0.341)

EIV F 1.461∗∗∗ (0.409) 2.328∗∗∗ (0.370)

EIV R 0.461∗∗ (0.213) −0.686∗∗∗ (0.192)

EIV TroL 2.902∗∗∗ (0.181) 3.851∗∗∗ (0.163)

EIV S −2.714∗∗∗ (0.366) −0.981∗∗∗ (0.331)

EIV SoiT 1.649∗∗∗ (0.252) 2.848∗∗∗ (0.228)

EIV N 0.211 (0.212) −0.598∗∗∗ (0.192)

Intercept −5.951 (3.947) −113.831∗∗∗ (3.569)

R2 0.111 0.232

Adjusted R2 0.111 0.231

∗p < 0.1; ∗∗p < 0.05; ∗∗∗p < 0.01.

space. One can see in these two representations a strongly
pronounced gradient. The coherence between these two figures
is expected since the species that have the most affinity with
high temperatures are located in the warmest regions and
vice versa. If this gradient is so pronounced on the t-SNE
space it indicates that information strongly related to the
temperature is captured is mostly important in the feature
space of the model. Figure 8D represents the Temperature
Annual Range of occurrences data on the t-SNE. We can
see here that the distribution is characterized by pronounced
clusters. Contrary to the annual mean temperature there is
no particular gradient on one of the axes but the presence
of these clusters also confirms the ability of the model to
discern different types of environments. Figure 8B represents
the species’ light preferences, and here, it is more difficult to
see global dynamics. However, a darker cluster (corresponding
to species with an affinity for low light) stands out on the left
of the image. Figure 3 shows that this area of t-SNE space
corresponds to forests. This is another example of information
on the ecology of species that the model can capture with the
help of VHR remote-sensing data. These results highlight that
the information captured by the model is strongly related to
the environment and ecology of the species, even though this
data was not used directly in model construction. It confirms
the potential of remote sensing data for characterizing plant
functional types (Ustin and Gamon, 2010; Alleaume et al.,
2018).

These results bring some elements for the analysis
of the CNN-SDM performances. The simultaneous
learning of many species, at a large scale and high
spatial resolution, allows the CNN to capture common
and consistent information with the ecology of species
at several scales ranging from fine landscape to large
biogeographic regions.

TABLE 6 | Environmental linear models on the two axes of the t-SNE space (the

result of the CNN feature space dimension reduction).

tsne_1 tsne_2

Estimate (std. error) Estimate (std. error)

bio_1 2.837∗∗∗ (0.287) −0.867∗∗∗ (0.279)

bio_2 −0.774∗∗∗ (0.251) −1.010∗∗∗ (0.244)

bio_3 3.838∗∗∗ (0.588) 2.667∗∗∗ (0.571)

bio_4 −0.106∗∗∗ (0.008) 0.027∗∗∗ (0.008)

bio_5 0.326∗∗ (0.153) 0.116 (0.148)

bio_6 0.225 (0.142) 0.462∗∗∗ (0.138)

bio_8 −0.008 (0.008) −0.021∗∗∗ (0.008)

bio_9 −0.068∗∗∗ (0.006) −0.012∗ (0.006)

bio_10 2.073∗∗∗ (0.415) 0.412 (0.403)

bio_11 −5.772∗∗∗ (0.291) 0.772∗∗∗ (0.282)

bio_12 −0.101∗∗∗ (0.018) 0.005 (0.018)

bio_13 −0.468∗∗∗ (0.064) −0.144∗∗ (0.062)

bio_14 1.303∗∗∗ (0.091) 0.180∗∗ (0.089)

bio_15 −0.052 (0.119) −1.430∗∗∗ (0.115)

bio_16 0.336∗∗∗ (0.035) 0.232∗∗∗ (0.034)

bio_17 −0.220∗∗∗ (0.042) −0.431∗∗∗ (0.041)

bio_18 0.148∗∗∗ (0.022) 0.047∗∗ (0.022)

bio_19 −0.009 (0.022) 0.063∗∗∗ (0.021)

bdticm 0.003∗∗∗ (0.0005) −0.001 (0.0005)

bldfie 0.042∗∗∗ (0.006) 0.043∗∗∗ (0.006)

cecsol −0.286∗∗∗ (0.078) 0.422∗∗∗ (0.076)

clyppt −0.042 (0.344) −0.286 (0.335)

orcdrc −0.251∗∗∗ (0.031) −0.005 (0.030)

phihox −0.087 (0.068) 1.818∗∗∗ (0.066)

sltppt 0.269 (0.343) 0.133 (0.333)

sndppt 0.215 (0.341) 0.557∗ (0.331)

Intercept −81.011∗∗ (41.240) −384.572∗∗∗ (40.078)

R2 0.100 0.217

Adjusted R2 0.099 0.216

∗p < 0.1; ∗∗p < 0.05; ∗∗∗p < 0.01.

4. CONCLUSION

In this article, we studied a country-wide species distribution
model based on VHR (1m) remote sensing images processed
by a convolutional neural network. The evaluation of this
model shows that its predictive performance is better than
state-of-the-art environmental models while its spatial resolution
is several orders of magnitude higher. This strong predictive
power at fine scales makes it possible to build maps of
potential species distribution at resolutions, spatial scales, and
taxonomic scales never before considered. We have illustrated
this potential on a few species and a small region in the
south of France and compared it with the less fine predictions
of a MaxEnt model, but it is important to notice that the
model has been built on the scale of the whole of France
and USA and thousands of plant species. In order to better
understand how this model captures ecological information,
we have further analyzed the learned features using t-SNE, a
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powerful dimension reduction technique often used to visualize
the representation space of deep learning models. This allowed
confirmation that the model captures the relevant landscape
and habitat information at fine spatial scales, highlighting the
capacity of the model to predict species assemblages locally.
In the future study, we plan to combine the remote sensing
data with more conventional environmental rasters to further
increase the performance of the model. We also plan to extend
the approach to the high-resolutionmapping of habitats, typically
via transfer learning approaches that will require little habitat
occurrence data.
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