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Abstract
Context

Species distribution models (SDMs) are critical in conservation decision-making and ecological or
biogeographical inference. However, species distribution models are typically limited to using a single
source of information as input to the model. This leaves us with a poor understanding of species
distribution and landscape ecology processes.

Objectives

The aims are to explore the feasibility of multimodal models for biodistribution prediction and address
this limitation by developing a multimodal species distribution model that can simultaneously input
multiple information sources to investigate a solution to the species distribution model's lack of accuracy
with a single information source.  

Methods

The proposed “multimodal species distribution model” used ResNet50 and Transformer network
structures as the backbone for multimodal data modeling. (i) The ResNet50 network structure was used
to compare different input sources' effects on the model's accuracy (SDMM-Net v1 and SDMM-Net v2).
(ii) The Transformer network structure was used to investigate the effect of different feature fusion
structures and feature fusion methods on the accuracy of the model (PreFuzeMM-Swin, PostFuzeMM-
Swin and MidFuzeMM-Swin).

Results

Our model's accuracy was validated using the GEOLIFE2020 dataset, and we achieved the state-of-the-art
(SOTA). We discovered that the prediction accuracy of the multimodal species distribution model with
multiple data sources of remote sensing images, environmental variables, latitude and longitude
information as inputs (29.56%) was higher than that of the model with only remote sensing images or
environmental variables as inputs (25.72% and 21.68%, respectively). We also discovered that using a
Transformer network structure to fuse data from multiple sources can signi�cantly improve the accuracy
of multimodal models, and the PreFuzeMM-Swin network model accuracy is higher than that of the
PostFuzeMM-Swin network and MidFuzeMM-Swin network.

Conclusions

We proposed the �rst multimodal model with multiple sources of information as input for species
distribution prediction to advance the research progress of multimodal models in the �eld of ecology.

1 Introduction
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Species distribution models (SDMs) have become a fundamental tool in ecology, biodiversity
conservation, biogeography and natural resource management (Franklin, 2013; Guillera-Arroita et al.,
2015; Guisan et al., 2013; Guisan & Thuiller, 2005; Newbold, 2010). Traditional SDMs typically correlate
the presence (or presence/absence) of species at multiple sites with relevant environmental covariates
(temperature, precipitation, altitude, land cover, soil type, etc.) to estimate habitat preferences or predict
distributions; these outputs are commonly used to inform ecological and biogeographical theory as well
as conservation decisions (Bekessy et al., 2009; Ferrier et al., 2002; Keith et al., 2014; Pearce &
Lindenmayer, 1998; Re ~ it Ak ~ akaya et al., 1995). Researchers in the �eld of ecology and geology use
remote sensing images for automatic classi�cation, providing a convenient means of classifying forests
and classifying land use types. Although with the continuous development of remote sensing technology
and the improvement of remote sensing image accuracy, many researchers started to try to incorporate
remote sensing images as variables in the species distribution models (Brown et al., 2014; Cerrejón et al.,
2020; K. S. He et al., 2015; Sumsion et al., 2019; B. Zhang et al., 2020), they only extracted the point
information corresponding to species in remote sensing images and did not use the image information,
which is still essentially the same as using environmental covariates to model, for example, Cerrejón et al
(2020) (Bhattarai et al., 2020) used remote sensing data combined with species distribution models to
predict and map bryophyte communities and diversity patterns in a 28436 km2 northern forest in Quebec
(Canada). Bhattarai et al (2020) (Scholl et al., 2020) used Sentinel-1 synthetic aperture radar (SAR) and
Sentinel-2 multispectral images in combination with a total of 191 covariates from northern New
Brunswick, Canada several site variables and mapped the distribution and abundance of spruce
glowworm (SBW) host species using a random forest.

Just as the proposal of the imagenet dataset (Deng et al., 2009) has greatly advanced the development
of deep learning techniques, many researchers in the �eld of remote sensing image-based SDM research
have started to produce and open source their own datasets for comparing the performance and
accuracy of different models, while advancing the technology in the �eld. Marconi et al (2019) held a
competition for tree species classi�cation based on remote sensing images, which offered three tracks on
canopy segmentation, tree alignment and species classi�cation, contributing to the development of
remote sensing data for ecological and biological methods (Marconi et al., 2019). Deneu et al (2020)
organized a competition called GeoLifeCLEF to study the relationship between the environment and the
possible occurrence of species, a dataset that collected 1.9 million observations with their corresponding
remote sensing data, the largest remote sensing dataset to date open-sourced for studying species
distribution (Deneu et al., 2020.).

As deep learning algorithms make breakthroughs in various unimodal tasks, researchers are beginning to
focus on multimodal tasks that are closer to the real world. Currently, multimodal models are beginning to
be widely used in areas such as image captioning, Text-to-image Generation, Visual Question Answering,
and Visual Reasoning (C. Zhang et al., 2019). Jun et al (2020) proposed a multimodal deep attention
network model based on a deep self-attention network applied to image captioning, which can input an
image and output the text description corresponding to this image, and they won the MSCOCO Image
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Captioning Challenge in the then They won �rst place in the MSCOCO Image Captioning Challenge (Yu et
al., 2020). Tao et al (2018) proposed a deep attentional multimodal similarity model to train a graphical
text generator, which can supplement missing details in images based on the input text descriptions, and
improved the best score by 14.14% on the CUB datasets, while improving the best score by 170.25% on
the COCO datasets (Xu et al., 2018). Ben-Younes et al (2017) proposed a multimodal model based on
Tucker decomposition for the visual question and answer domain (Ben-Younes et al., 2017). Such models
typically input a textual description of a question and a corresponding image, and output the answer to
that question. Ham et al (2017) propose a model of Dual Attention Networks (DAN) that uses visual and
textual attention mechanisms to capture the interactions between vision and language, which can be
used for multimodal inference and matching (Nam et al., 2017).

Before the emergence of the Transformer model (Vaswani et al., 2017), the backbone of multimodal
modeling was primarily convolutional neural networks, which were �rst proposed for natural language
processing (nlp) with good results, and then the Transformer model and its variants were applied to the
�eld of vision, also with good results, and now some researchers have began to apply the Transformer
model to multimodal domains. Lu J et al (2019) proposed the ViLBERT model for visual question and
answer tasks, which used the bert model as the main architecture and achieved the best results on all
four visual response datasets tested (Lu et al., 2019). Chen Y et al (2019) proposed a joint image text
representation network called UNITER, which used a multilayer Transformer mechanism and achieved the
best results on six V + L datasets (Chen et al., 2019). Li C et al (2021) proposed a new pre-training method
SemVLP using the Transformer network as a pre-training model, which is effective in being able to align
cross-modal representations with different semantic granularities (Li et al., 2021). We need to note that
most of the current multimodal models based on Transformer are used for tasks that deal with the
combination of vision and language, while models for species distribution prediction have not been
proposed yet.

Although in the direction of species distribution prediction research, multiple modal information including
environmental variables and remote sensing images can be obtained for a single sample point, so far we
have not found researchers using multimodal models to study species distribution. Therefore, we propose
a multimodal model based on Transformer for species distribution prediction to explore whether the
accuracy of a species distribution prediction model using remote sensing images and environmental
variables as inputs is higher than that of a model using only remote sensing images or environmental
variables as inputs? How much does the different structural fusion methods of the Transformer-based
backbone species distribution model affect the model results?

2 Materials And Methods

2.1 Dataset
We used GeoLifeCLEF 2020 (Cole et al., 2020) as the dataset for training and testing, which collected
data from a total of 1.9 million sample points in the USA and France, including a total of 31,435
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categories of plant and animal information. Each of these sample points has a latitude and longitude
information and corresponding high resolution remote sensing image (Fig. 1) and is 256x256 in size and
have a spatial resolution of 1 meter per pixel. The dataset also provides 19 climate data and 8 soil type
information for each sample point (Table 1). To validate the effectiveness of the different algorithms, the
authors of the GeoLifeCLEF 2020 dataset randomly selected 2.5% of the data as test data and the rest of
the data as training data.
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Table 1
Summary of the low-resolution environmental variable rasters provided. The �rst 19 rows
correspond to the bio-climatic variables from WorldClim (Hijmans et al., 2005). The last 8

rows correspond to the soil variables from SoilGrid (Hengl et al., 2017).
Name Description Resolution

bio_1 Annual Mean Temperature 30 arcsec

bio_2 Mean Diurnal Range (Mean of monthly (max temp - min temp)) 30 arcsec

bio_3 Isothermality (bio_2/bio_7) (* 100) 30 arcsec

bio_4 Temperature Seasonality (standard deviation *100) 30 arcsec

bio_5 Max Temperature of Warmest Month 30 arcsec

bio_6 Min Temperature of Coldest Month 30 arcsec

bio_7 Temperature Annual Range (bio_5-bio_6) 30 arcsec

bio_8 Mean Temperature of Wettest Quarter 30 arcsec

bio_9 Mean Temperature of Driest Quarter 30 arcsec

bio_10 Mean Temperature of Warmest Quarter 30 arcsec

bio_11 Mean Temperature of Coldest Quarter 30 arcsec

bio_12 Annual Precipitation 30 arcsec

bio_13 Precipitation of Wettest Month 30 arcsec

bio_14 Precipitation of Driest Month 30 arcsec

bio_15 Precipitation Seasonality (Coe�cient of Variation) 30 arcsec

bio_16 Precipitation of Wettest Quarter 30 arcsec

bio_17 Precipitation of Driest Quarter 30 arcsec

bio_18 Precipitation of Warmest Quarter 30 arcsec

bio_19 Precipitation of Coldest Quarter 30 arcsec

orcdrc Soil organic carbon content (g/kg at 15cm depth) 250 m

phihox Ph × 10 in H20 (at 15cm depth) 250 m

cecsol cation exchange capacity of soil in cmolc/kg 15cm depth 250 m

bdticm Absolute depth to bedrock in cm 250 m

clyppt Clay (0–2 micro meter) mass fraction at 15cm depth 250 m

sltppt Silt mass fraction at 15cm depth 250 m

(GeoLifeCLEF 2020)
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Name Description Resolution

sndppt Sand mass fraction at 15cm depth 250 m

bld�e Bulk density in kg/m3 at 15cm depth 250 m

(GeoLifeCLEF 2020)

2.2 Multimodal models
Species distribution models (SDMs) can be classi�ed into three types based on the type of input data to
the model: those based on environmental variable algorithms, those based on remote sensing image
algorithms, and those based on multimodal data. Environmental variable algorithms-based models use
temperature, precipitation, longitude, latitude, elevation, slope, slope direction, and soil type as input to
achieve the �nal classi�cation via machine learning. Remote sensing-based classi�cation models take
remote sensing images (optical, radar, etc.) as input and classify the data using machine learning. They
are currently frequently employed in the disciplines of vegetation classi�cation and geology. Multimodal
data, on the other hand, has received little attention, and the work that has been reviewed thus far mostly
extracts remote sensing information relating to species points (surface temperature, vegetation indices,
elevation, and so on) for modeling to achieve categorization. Models that use only tabular data as input,
as shown in Fig. 2, are typically selected from machine learning models such as SVM and Random
Forest. Because such models only learn scalar data, such as environmental variables, the accuracy of
trained models is the lowest of the three types of models. Deep learning models that are commonly used
take remote sensing images as input. In terms of test accuracy, we can see from the results of the
GeoLifeCLEF 2021 competition (Lorieul et al., 2021) that deep learning models with remote sensing
images as input outperformed machine learning models with environmental variable data as input. By
analogy with the human information processing system, we know that the more comprehensive the
information about the sample points, the more accurate we can judge the classi�cation results of the
samples. As a result, we propose a multimodal model that uses both remote sensing data and
environmental variable data as input for SDM modeling.

2.2.1 Multimodal model based on ResNet50
Although deep learning species distribution prediction models based on remote sensing images
outperformed machine learning approaches that only use environmental variables for prediction (Lorieul
et al., 2021), completely eliminating the use of environmental variables can result in a signi�cant loss of
useful information when making predictions. To allow the model to extract useful information from both
remote sensing images and environmental variable information, we created a multimodal model capable
of simultaneously inputting image information and environmental variable information, as well as
extracting and fusing remote sensing image information and environmental variable information from
sample points.
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Our proposed multimodal model based on ResNet50 uses ResNet (K. He et al., 2016) as the main network
structure for extracting remote sensing image features. By introducing a network structure of residuals,
the ResNet network is used to solve the problem of vanishing gradient caused by too deep layers of a
convolutional neural network. Since its inception, the ResNet network has been widely used for
classi�cation, detection, segmentation, and other tasks. It is one of the most common backbone
networks. The ResNet50 network structure consists of �ve stages, where stage 0 serving as the pre-
processing layer of the input image, containing a 7x7 convolution and a 3x3 max pool layer, and the last
four stages as the feature extraction layer of the image, all of which consist of Bottleneck, and their
structures are relatively similar, and each stage begins with each layer using Bottleneck down for feature
sampling. Stages 1, 2, 3 and 4 consist of 3, 4, 6 and 3 Bottlenecks respectively. Finally, an average pool
layer produces a 2048-dimensional feature vector.

The SDMM-Net network structure we propose has two input branches (Fig. 3). One of the branches takes
an RGB remote sensing image as input to provide image information to the model for that sample point,
and this input is passed through a ResNet network (K. He et al., 2016) to produce a 2048-dimensional
vector. The other branch feeds information on the 27 environmental variables at that sample site into the
model. To facilitate network processing of the data, each environmental variable feature was normalized
before being entered into the network. We start with a 27-dimensional vector, then pass it through an FC
layer to get a 2048-dimensional vector, and then concat (fuse) the two 2048-dimensional vectors from the
two branches to obtain a 4096-dimensional feature vector. Finally, the 4096-dimensional vector is
followed by an FC layer and a softmax layer to produce a 31435-dimensional result (a total of 31435
species classes in the training dataset).

2.2.2 Multimodal model based on Swin Transformer
The Swin Transformer (Liu et al., 2021) model is an attention mechanism-based model structure
proposed by Microsoft Research Asia. Once proposed, the network achieved SOTA on different datasets
and is the most effective attention mechanism model at this stage. There are four versions of the o�cial
proposed Swin Transformer model, Swin-T, Swin-S, Swin-B and Swin-L. Because the computational effort
of the Swin-T model is comparable to that of ResNet50, we designed a multimodal attention mechanism
model based on the Transformer model using the Swin-T model as the backbone network in order to
facilitate comparison of the Transformer-based multimodal model with the ResNet50-based multimodal
model.

The Swin-T model has a hierarchical design with four stages, each of which reduces the resolution of the
input feature map and expands the receptive �eld layer by layer, similar to how a CNN does. A Patch
Embedding was performed during the image pre-processing stage to cut the image into individual blocks
and embed them into the Embedding. Each stage consists of a Patch Merging module and several Block
modules, where the Patch Merging module primarily reduces the image resolution at the beginning of
each stage, while the Block consists of LayerNorm, MLP, Window Attention and Shifted Window Attention,
which are used to extract the feature values of the image.
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Current multimodal data fusion methods can usually be divided into data fusion, feature fusion and
model fusion. We designed three types of Transformer multimodal models based on the Swin
Transformer model structure according to different fusion methods (Fig. 4–6).

Pre-fuze-multimodel

The Pre-fuze-multimodel uses the Swin-T backbone network to extract the features of the data after
feature fusion. After reading the data, the model �rst encodes the image data into a feature vector using
the Patch Partition module, then normalizes the input environmental variable features using the feature
norm module, then fuses the image feature vector and environmental variable features using the feature
fusion module (feature norm), followed by the data fused input to the Swin T network structure, and
�nally outputs the classi�cation results (Fig. 4).

Post-fuze-multimodel

After reading the original data, the Post-fuze-multimodel extracts the features of the remote sensing
image using the Swin-T backbone network; at the same time, it uses the feature norm layer to normalize
the environmental variable features and uses the FC layer to up-dimension the feature vector; it then
performs feature fusion on the image features and environmental variable features; �nally, it classi�es
the fused feature values (Fig. 5).

Mid-fuze-multimodel

The Mid-fuze-multimodel will fuse image features and environment variable features at each stage of
Swin-T (Fig. 6). Because the network structure of Swin-T performs a down-sampling-like operation on the
image at each stage, the feature input dimensions of the four stages here are 3136, 784, 196, and 49
dimensions respectively. In order to enable the image features and the environment variable features to
be fused, the environment variable features must be up-dimensioned to the same dimension using the FC
layer prior to the fusion of each stage structure.

Feature fusion methods

Feature addition and feature concatenation are two commonly used feature fusion methods. The feature
addition method necessitates unifying two feature vectors to the same dimension and then directly
adding the two vectors. The lengths of the two feature values are typically uni�ed by up-dimensioning the
lower dimensional feature values through the FC layer to the same dimensional length as the higher
dimensional vector. Typically, feature concatenation is accomplished by directly concatenating an N-
dimensional vector with an M-dimensional vector, yielding an N + M-dimensional vector. and we
experimented with Transformer-based networks using two feature fusion methods. respectively.

3 Results
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We used the top-30 correctness rate as the model evaluation metric to facilitate cross-sectional
comparisons with other methods (Cole et al., 2020). Top-30 accuracy refers to using the model to predict
the 30 species with the highest probability of occurring at that sample point, and a prediction is
considered correct if the correct result is included among the 30 predicted results. We assume that each
sample point i has a unique label Ci and the K categories with the highest con�dence in the model
prediction are ci1, …ciK. If there exists a certain prediction value cij = Ci,the model prediction for that
sample, is considered to be correct. We assume that

dij = d cij, Ci =
1, ifcij ≠ Ci
0, othersise

The following is the formula for calculating Top-K accuracy:

Precision@K=1-\frac{1}{N}\sum _{i=1}^{N}\begin{array}{c}min\\ K\end{array}{d}_{iK}
where N is the total number of test samples and K is set to 30.

3.1 Test results
To investigate the variation in accuracy of SDMs with different data type inputs, as well as the variation
in model accuracy caused by different ways of fusing model structures, we propose the ResNet50
network model (including SDMM-Net v1 and SDMM-Net v2) and the Swin-T network model (including
PreFuzeMM-Swin, PostFuzeMM-Swin and MidFuzeMM-Swin). Among the various types of models, we
list the test results for the model with the highest accuracy (Table 2).

The test codes for the Top-30 most present species and Random forest models were taken directly from
the code repository provided by E. Cole et al (https://github.com/maximiliense/GLC) (Cole et al., 2020).
The Top-30 most present species prediction method is used as a baseline method, which directly uses the
30 most frequent species in the training data as the prediction result for each test sample point, this
method uses entirely statistical methods to make predictions, and the predicted results are only
statistically signi�cant. The Random forest model is a popular machine learning model that uses a
statistical approach to condition on environmental variables, predicting sample points with similar
environmental variables as likely to have the same species. The test results for the ss model (using
remote sensing images as input) from the test results provided by S. Seneviratne (Liu et al., 2021), which
is the model with the highest accuracy among the public methods, the model is trained using RGB remote
sensing images as training data, using a deep learning contrast representation learning approach. The
rest of the models from the test results of our model based on the public test set in the GEOLIFE dataset.

According to the test results, we can observe that (1) the highest accuracy of our proposed PreFuzeMM-
Swin model is 29.37%, the accuracy of this model has exceeded the existing ss model with the highest
accuracy by 3 percentage points, improving the highest accuracy by 11.6%. This indicates that a
multimodal model with multiple data types as input can signi�cantly improve the accuracy of the existing

( ) {



Page 11/20

SDMs. (2) The accuracy of the random forest model using only environmental variables as training data
was 21.68%, and the accuracy of the ResNet50 model using only remote sensing images as training data
was 25.72%, indicating that both environmental variables and remote sensing data can be used as valid
training data for SDM. (3) The accuracy of the SDMM-Net v2 model, which uses remote sensing images,
environmental features and latitude and longitude as input data, is higher than that of the SDMM-Net v1
model, which uses only remote sensing images and environmental variable features as input data,
indicating that adding latitude and longitude as input data can effectively improve the accuracy of the
model. (4) The accuracy of the PreFuzeMM-Swin model with Swin-T as the backbone network
outperforms the SDMM-Net v2 model with ResNet50 as the backbone network (29.56%>26.4%),
indicating that the accuracy of the multimodal model with Transformer as the backbone network is
higher than that of the multimodal model with the traditional ResNet structure. (5) PreFuzeMM-Swin
model has a higher model accuracy than the MidFuzeMM-Swin model and PostFuzeMM-Swin model.

 
Table 2

Comparison of test results
model input data top-30

accuraccy
RGB
images

environmental
variable

longitude and
latitude

Top-30 most present
species

4.36

Random forest ✓ 21.68

ss model ✓ 26.32

ResNet50 ✓ 25.72

SDMM-Net v1 ✓ ✓ 25.8

SDMM-Net v2 ✓ ✓ ✓ 26.4

Swin-T ✓ 25.13

PreFuzeMM-Swin ✓ ✓ ✓ 29.56

PostFuzeMM-Swin ✓ ✓ ✓ 26.07

MidFuzeMM-Swin ✓ ✓ ✓ 29.37

3.2 Comparison of different feature fusion structures
To compare the effects of different feature fusion structures on the accuracy of the multimodal models,
we compared the �nal test accuracies of three models with Swin-T as the backbone network,
PreFuzeMM-Swin, PostFuzeMM-Swin and MidFuzeMM-Swin, all of which were fused by choosing the
feature addition method (Table 2, Fig. 7). We came to the following conclusions after 20 rounds of
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training our model using the feature addition approach to feature fusion. (1) Regardless of the fusion
structure, the accuracy of the multimodal model was higher than that of the base model using only
remote sensing images as input. (2) PreFuzeMM-Swin has the highest model accuracy, which is slightly
higher than MidFuzeMM-Swin. (3) The model accuracy of PostFuzeMM-Swin is the lowest.

3.3 Comparison of different feature fusion methods
We selected the two most common feature fusion methods: feature concatenation and feature addition
for testing. According to the test results (Table 3), we found that the fusion accuracy of feature
concatenation is much lower than that of feature addition when the Transformer is the main network, and
even lower than that of the network without feature fusion, which may be due to the unique attention
mechanism of the Transformer network.

Table 3 Comparison of different feature fusion methods

4 Conclusion And Discussion
In this paper, we propose a multimodal network model for species distribution prediction that can extract
both image and environmental features from sample points. We called the network species distribution
multimodel net (PreFuzeMM-Swin), tested it on the GeoLifeCLEF 2020 dataset, and obtained SOTA
results. Our experiments demonstrate that multimodal models that incorporate both image information
and environmental variables predict species distributions better than models using only image
information or single variable inputs using only environmental variables. Furthermore, using Transformer-
based multimodal models for SDM can signi�cantly improve the accuracy of existing models. While
different model structure fusion methods have a greater impact on the model accuracy, we found that the
model accuracy of the PreFuzeMM-Swin network is higher than that of the PostFuzeMM-Swin network
and MidFuzeMM-Swin network, and the model accuracy of the feature addition is higher than that of the
feature concatenation.

At the same time, we discovered that the current species distribution prediction model's overall accuracy
is still very low. The main reason for this is in the experimental data, speci�cally the uneven distribution
of categories in the datasets we used, and secondly, the datasets we used are all single category labels,
whereas the reality is that a sample point can correspond to multiple biological species. In a subsequent
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study, we may consider using novel methods to address the existing issues of unbalanced data
categories and single labels. Furthermore, we can think about adding more information to the remote
sensing images and environmental data. As a result, in future research, we can concentrate on creating
better datasets and then validating the performance of existing algorithms on this basis.
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Figures

Figure 1

Each species observation is paired with high-resolution covariates (Lorieul et al., 2021).
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Figure 2

Classi�cation of SDM models
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Figure 3

SDMM-Net network structure

Figure 4

PreFuzemm-Swin network structure
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Figure 5

PostFuzemm-Swin network structure

Figure 6

MidFuzemm-Swin network structure
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Figure 7

Comparison of different feature fusion structures on model accuracy


