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ABSTRACT
Species Distribution Models based on Convolutional Neural Networks (CNN-SDMs) have recently emerged, demonstrating 
greater effectiveness than traditional SDMs in several contexts. A limited number of studies, however, have focused on spe-
cies abundance patterns, as the datasets available for this purpose are generally too small to effectively learn a deep learning 
model with millions of parameters. Our study demonstrated that CNN-SDMs can circumvent the small sample size of species 
abundance datasets through the combined use of a large presence-only species dataset and transfer learning to significantly 
improve the performance of abundance-based CNN-SDMs. Applied to Mediterranean coastal fishes, our approach signif-
icantly improves the abundance prediction performance of CNN-SDMs, with average gains of 35% (D-squared regression 
score). This allows CNN-SDMs to perform better than classical SDMs in abundance prediction, with average gains of 10%. 
These gains are stemming from enhanced abundance predictions for rare species and where widespread species are locally 
rare.

1   |   Introduction

The local population abundances of many taxa are declining 
worldwide, even within protected areas, under the combined 
pressure of climate change and human exploitation (Chaikin 
et al. 2024; Edgar et al. 2023; van Klink et al. 2024; Nowakowski 
et  al.  2023; Pollock et  al.  2022; Rigal et  al.  2023). To identify 
the most at-risk populations (Ceballos et  al.  2020), it is there-
fore crucial to accurately predict species abundances across 
space and time. Species Distribution Models (SDMs) are key 

tools that establish relationships between species distributions 
(presence-only, presence-pseudo-absences, presence-absence, 
and abundances) and the covariates that inform about habi-
tat, environmental conditions, and anthropogenic conditions 
affecting their distribution (Srivastava et  al.  2019; Waldock 
et  al.  2022). However, predicting species abundances remains 
a challenge, especially for rare species or those with aggregated 
distributions (non-uniform distribution throughout the space, 
but rather concentrated in certain areas) (Chardon et al. 2022; 
Finn et al. 2023).
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In recent years, new types of SDMs based on deep learning, 
including Convolutional Neural Networks (CNN-SDMs) have 
emerged (Botella et  al.  2018). Basically, a CNN-SDM is an 
SDM that uses a CNN to predict the presence or abundance 
of species with spatial data like environmental rasters or sat-
ellite images centred on the location of observations (Botella 
et al. 2018; Deneu, Joly, et al. 2021). CNN-SDMs potentially pos-
sess greater predictive ability than classical SDMs (e.g., Random 
Forest) for three main reasons. Firstly, their architecture allows 
complex and non-linear combinations of covariates without 
over-constraining their functional form. This is an important 
advantage over classical SDMs, which generally use classifica-
tion or regression techniques with a limited dimensionality of 
habitat, environmental, and anthropogenic covariates (Phillips 
et  al.  2004, 2006; Waldock et  al.  2022). Secondly, the use of 
spatio-temporal data representing these covariates and remote 
sensing images as input data enables these models to capture a 
broader spatial context to predict species distributions (Botella 
et  al.  2018) which remains difficult to achieve with classical 
SDMs. Thirdly, in the context of SDMs that simultaneously pre-
dict the distribution of multiple species (multi-class SDM), un-
like conventional SDMs, CNN-SDMs can indirectly capture and 
use biotic associations (species co-occurrences, correlations in 
species abundances, etc.) via their convolutional layers (Chen 
et  al.  2017) to predict assemblages of multiple species (Brun 
et al. 2024; Hu et al. 2025).

CNN-SDMs have been successfully applied to better predict site 
occupancy from presence-only species data than machine learn-
ing methods like random forest (RF) (Deneu, Joly, et al. 2021; 
Estopinan et al. 2022), but their ability to predict species abun-
dances is still poorly known, whereas this information is cru-
cial for providing indications of habitat quality, conservation 
priorities, and ecosystem management. The limited application 
of CNN-SDMs for predicting species abundances is primarily 
due to the lack of large datasets because CNN-SDMs need more 
data than classical models to be trained. As shown by the main 
database aggregators (GBIF  2023; OBIS  2024), the presence-
only species datasets are much larger and more numerous than 
the species abundance datasets, which remain generally far 
below what is typically required to train CNN-SDMs (Botella 
et al. 2018). Although theoretically more efficient, CNN-SDMs 
can perform less well than classical SDMs when the training 
dataset is small. For this reason, most current CNN-SDMs uti-
lise occurrence datasets to predict species occurrence probabili-
ties (Wang and Tabeta 2023), excluding abundance predictions.

The issue posed by the relatively small size of species abun-
dance datasets for training CNN-SDMs could be circumvented 
by a transfer learning procedure. Transfer learning allows the 
transfer of layer weights, i.e., the adjustable coefficients that 
modulate the transmission of information between artificial 
neurons, from a first CNN-SDM trained on species occurrence 
predictions towards a second CNN-SDM performing a new 
task like species abundance predictions (Gupta et al. 2022). The 
underlying idea is that the second model will be able to draw 
on the knowledge acquired by the first model to learn the new 
task more effectively. As explained by Taylor and Stone (2009) 
and then Weiss et  al.  (2016), since large training datasets can 
be difficult to acquire for some tasks or research fields, creat-
ing high-performance learners trained with other massive data 

can represent an alternative and relevant option. Yet, in general, 
there is a close connection between the data used for transfer 
learning and the final data to be predicted (Weiss et al. 2016; Yeh 
et al. 2020). So, using CNN-SDMs trained on species occurrences 
to better predict species abundances is not intuitive and cannot 
be taken for granted in ecology, even if some studies have al-
ready attempted to estimate species abundances using presence-
only data (e.g., Pearce and Boyce  2006). However, it has been 
pointed out that these various methods have many limitations 
and are proxies at best (Bradley 2016; Pearce and Boyce 2006).

In light of this, our article aims to address two primary objec-
tives. Firstly, we evaluate the extent to which CNN-SDMs can 
predict fish species abundances along the Mediterranean coast 
by leveraging transfer learning from occurrence-based CNN-
SDMs to overcome the small sample size of fish abundances. To 
achieve this, we hypothesise that the layers of the neural net-
work previously trained with massive presence-only data could 
capture general information and patterns that could be reused 
for a different but related task of predicting species abundances 
(Gupta et al. 2022). Secondly, we assess whether this procedure 
enables CNN-SDMs to outperform classical SDMs (here RF) 
in predicting fish species abundances with small datasets. We 
show that our two-step approach has the potential to revolution-
ise the way we train and utilise CNN-SDMs, even when working 
with limited datasets across various tasks.

2   |   Materials and Methods

2.1   |   Fish Occurrence and Abundance Datasets

The fish occurrence dataset was retrieved from GBIF by extract-
ing species presence-only data (taxa of the Chordata, excluding 
Tunicata and Tetrapoda) recorded in the Mediterranean Sea 
through observations carried out between 2011 and 2022, with 
a spatial resolution accuracy ranging from 0 to 100 m (“GBIF 
dataset”  2022; “GBIF dataset”  2023). We selected fish occur-
rences located up to 20 km from the coast in order to include 
as many areas as possible where abundances were collected 
(see next paragraph). Species observed at less than 5 km from 
areas with depth lower than 50 m were also selected (Figure 1A) 
to take into account small islets that are not georeferenced, as 
well as shallow reefs located on continental shelves. Thereafter, 
occurrences not identified at the species level and those where 
environmental data were not available were removed. Finally, 
species with fewer than 10 occurrences were removed, resulting 
in the final dataset of 62,240 occurrences for 181 fish species 
(Figure  1B and Table  S1). This threshold of 10 occurrences is 
relatively low but is useful for taking rare species into account 
(Breiner et al. 2015).

The fish abundance datasets were provided by underwater 
fish counts (species abundances per site at a given time for all 
observed fish individuals). This survey was performed in the 
Mediterranean Sea between 2011 and 2020 by the Reef Life 
Survey programme (Galaxy for Ecology  2022). This Reef Life 
Survey dataset is also available in GBIF (key: 38f06820-08c5-
42b2-94f6-47cc3e83a54a) but has not been included in our fish 
occurrence dataset (see column 2 of Table S1). To construct this 
abundance dataset, divers counted and identified all the fish 
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observed in two 5 m wide by 5 m deep blocks along 50 m transect 
(Edgar et al. 2020). Here, diver counts were aggregated based on 
their SurveyID in order to combine the counts of the different 
blocks of the same transect. After that, our abundance dataset 
consists of 406 fish abundance counts spread over 217 sites with 
some counts made at the same site on different dates (Figure 1C). 
Taxa not identified at the species level and species present in 
fewer than 10 fish abundance counts were removed. The final 
fish abundance dataset used in this article (Table  S2) consists 
of 47 species, including 3 species absent from the presence-only 
dataset.

2.2   |   Environmental Dataset

For each fish occurrence or abundance count, the corresponding 
environmental dataset was composed of 15 rasters representing 
14 environmental covariates and one satellite image (Table 1). 
Each raster resulted from on-the-fly extraction (the source data 

used for extraction are indicated in Table 1) and was spatially 
centred on the GPS position of the associated observation. 
Three sizes of raster windows (size of the raster centred on the 
GPS position) were arbitrarily defined in order to have enough 
cells inside each raster window to obtain spatial patterns of 
3 × 3, 30 × 30, or 63 × 63 km. Eight out of 15 rasters were multi-
channel. The different channels in the same raster represent ei-
ther different colours (e.g., RGB rasters), different depths (e.g., 
salinity raster) or different spatial axes (e.g., coordinate raster). 
Details regarding these channels are available in Table 1. Data 
in the rasters are quantitative, except for the substrate, which 
had 9 classes, one per raster (Table S3).

2.3   |   Data Pre-Processing

We used two datasets, one for fish species occurrences and 
another for fish species abundances, which were both split 
into training, validation, and test sets. The validation set was 

FIGURE 1    |    Maps of the Mediterranean Sea showing (A) the study area, (B) the location of the 62,240 GBIF occurrences, and (C) the 217 sites 
grouping the 406 fish abundance counts of Reef Life Surveys.
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used during the learning phase to provide independent eval-
uation of the model's performance and to refine the model's 
hyperparameters. The test set was used after the training and 
validation phase to evaluate the performance of the model 
on completely new data. The data split was carried out with 
spatial blocks in each marine ecoregion defined by Spalding 
et  al.  (2007) to avoid the underestimation of the predictive 
error (Roberts et al. 2017). These blocks were defined as 10 × 10 
km for occurrences and 5 × 5 km for abundance counts. In 
each ecoregion, the blocks are randomly divided into training, 
validation, and test sets, with 70%, 15%, and 15% respectively 
for the occurrence dataset and 60%, 20%, and 20% respectively 
for the abundance dataset since we had fewer observations. 
When the number of blocks was not sufficient to meet these 
exact proportions, the surplus was automatically allocated to 
the training set (Data S1).

For environmental data, the rasters were resized to 256 × 256 
pixels using nearest neighbour interpolation to ensure that all 
rasters had the same pixel size, thus enabling consistent inputs 
into the model. This transformation changed the pixel size 
of the rasters, but not the size of raster windows (spatial ex-
tents), which remained fixed (Table 1). Each undefined value 
(“NaN”) was replaced by the mean value of the associated 
channel. The values of rasters were all standardised (Data S1), 
except for the rasters representing the marine substrate and 
coordinates (Table  1). Additionally, for substrate raster, the 
single channel with 9 classes (8 marine substrate classes and 
the land class) was replaced by 8 new channels with 3 classes 
per channel: class 1 for one of the 8 substrate classes, class 0 
for the other substrates and class-1 for land. This modification 
increased the number of channels in the 15 rasters from 30 
(Table 1) to 37 (30–1 + 8).

Finally, the channels of the 15 rasters were concatenated into a 
3D tensor of dimensions 256 × 256 × 37, where 37 was the total 
number of raster channels. Each tensor was associated with the 
corresponding species occurrences and species abundances in 
each dataset (Table S1 and Table S2). For the abundance dataset, 
we obtained vectors, one per fish abundance count, consisting 
of 47 values representing the 47 fish species. The values in these 
vectors were organised according to the alphabetical order of the 
species (Table S2).

2.4   |   CNN-SDMs

The CNN-SDMs were built using a ResNet-50 from scratch (He 
et al. 2016) in PyTorch (Paszke et al. 2019). ResNet-50 is a deep 
learning model, and more specifically, a CNN designed to take 
the 3 channels of RGB images as inputs. Here, we modified it to 
take the 37 channels of our 3D tensor (environmental data) as 
inputs. In addition, the last fully connected layer of the ResNet-50 
was replaced by a sequence that begins with a dropout layer to 
prevent overfitting, followed by the original last fully connected 
layer. For fish abundance models, the PyTorch's relu activation 
function was added at the end of this sequence to replace negative 
outputs with 0. Finally, a data augmentation step was incorpo-
rated. Details of data augmentation, optimiser, hyperparameters, 
and regularisation methods are presented in Data S1.

CNN-SDMs trained with occurrence data used the Cross 
Entropy Loss (Equation  1) of PyTorch to perform a multi-
class classification with 181 classes corresponding to the 181 
fish species. These occurrence models predicted species oc-
currence probabilities using presence-only data, so they did 
not require the use of absences or pseudo-absences. This 
choice avoided the methodological issues related to pseudo-
absence generation (Raiter and Hawlena  2024). CNN-SDMs 
trained with fish abundance data employed the L1 Log Loss of 
PyTorch (Equation 2).

where n = number of classes (here species), pi = true probability 
distribution for the i class, and p̂i = predicted probability distri-
bution for the i class.

where n = number of samples (here species abundance counts), 
yi = true value of i sample, and ŷi = predicted value of i sample.

The training of a model consists of several epochs. An epoch cor-
responds to a complete passage of all the learning data. The train-
ing of the model stops automatically when the performance of the 
model on the validation data has not improved after 6 epochs. At 
the end of training, the layer weights saved are those correspond-
ing to the epoch with the best performance on the validation set 
before overfitting, if any (Data S1). The results of CNN-SDMs pre-
dicting fish occurrences were based on a single cross-validation 
(hold-out validation) using a single split from presence-only data 
(Table S1). This choice of the single split is explained in Data S1. 
The results of CNN-SDMs for abundances were based on a k-fold 
cross-validation, using k = 20 random splits of spatial blocks from 
the dataset (Table S2). These 20 random folds were the same for 
models with and without transfer learning.

2.5   |   Transfer Learning From Occurrence to 
Abundance CNN-SDMs

The transfer learning procedure consisted of transferring the 
weights of the layers obtained from the model trained to pre-
dict species occurrences to the model predicting species abun-
dances, with the exception of the last fully connected layer that 
was initialised randomly. In view of the preliminary tests car-
ried out during the training phase of the abundance model, all 
layer weights were updated.

2.6   |   Benchmarking With Random Forest Model

To evaluate the performance of the CNN-SDMs, we employed an 
RF, a more conventional yet highly effective machine learning 
model (e.g., Waldock et al. 2022). We used an RF classifier on oc-
currence data and an RF regressor on abundance data to compare 
them, respectively, to the CNN-SDM models predicting species 
occurrences and to the CNN-SDM models predicting abundances. 
For that, we trained and tested the RF models with the same splits 

(1)Cross Entropy Loss= −

∑n

i=1
pi× log

(
p̂i
)

(2)L1 Log Loss =
1

n

∑n

i=1

|
|
|
log

(
yi + 1

)
− log

(
ŷi + 1

)|
|
|
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and folds between the training, validation, and test sets as those 
used with the corresponding CNN-SDMs (Tables S1 and S2).

To train and test these different RFs, we used scikit-learn 
(Pedregosa et al. 2011). As for the CNN-SDMs, we used the Cross 
Entropy Loss criterion for the RF predicting species occurrences 
to perform a multi-class classification and predict species occur-
rence probabilities. As for the CNN-SDMs, this RF did not require 
species absences or pseudo-absences. For the RF predicting abun-
dances, we used the Mean Absolute Error criterion. The settings 
of the RFs used for predicting both occurrences and abundances 
were optimised using GridSearchCV from scikit-learn (Pedregosa 
et al. 2011). Basically, GridSearchCV optimised the hyperparame-
ters of RFs by testing all the combinations of values and selecting 
the best one. Only our test and validation sets were used for this. 
All the details of the optimisation and the selected hyperparameter 
values can be found in Data S1. Finally, unlike CNNs which pro-
cess raster data as spatially structured inputs (i.e., 2D arrays), ran-
dom RFs require vector-format inputs. To solve this problem and 
perform a fair comparison, we used the mean and the standard 
deviation of the pixels for each channel in RFs (Data S1) (Tables S4 
and S5).

3   |   Metrics

For the evaluation of the models predicting species occur-
rences, we used both the micro average and macro average ac-
curacy, which are complementary (Equations 3 and 4). Micro 
average accuracy measured overall accuracy by considering all 
fish observations together, which favours the major or domi-
nant species. Macro average accuracy instead calculates the 
average accuracy per species, giving equal weight to each spe-
cies, whatever the number of fish observations. For both aver-
age accuracies, we reported the Top 1, Top 5, Top 10, and Top 
20 values. The Top-k accuracy is the proportion of cases where 
the right species are within the first k species predicted by the 
model (the k species with the highest prediction probabilities).

where TP = True Positives, TN = True Negatives, FP = False 
Positives, FN = False Negatives, n = number of classes (here spe-
cies), and i = for class i.

For the evaluation of the fish abundance models, we use the D-
squared score function on the log-transformed data (D2log) and 
the R-squared regression score function on the log-transformed 
data (R2log) (Equations 5 and 6), estimating the error in abun-
dance predictions. We used the R2log because it is a standard 
metric in ecology, but it is more sensitive to outliers and more 
prone to instability caused by extreme values (which is the case 
here) than the D2log (Willmott and Matsuura 2005). These two 
metrics have values ranging from -∞ to 1; the closer the value 
is to 1, the fewer errors in the predictions (the perfect model 
is at 1). We also evaluated the extent to which the ranking of 
species abundances (the order in which species are ranked on 

a site according to their abundance) is well predicted by the 
model for each site (independently of abundance prediction 
errors) using the Spearman rank-order coefficient (Spearman 
coefficient) (Equation 7). This metric has values ranging from 
−1 to 1; the closer the value is to 1, the better species ranking is 
respected (the perfect model is at 1).

where n = number of species abundance counts, yi = true abun-
dance of species i in a given site, ŷi = predicted abundance of spe-
cies i in a given site, ỹ = median true abundance of species, and 
ȳ = mean of true abundance of species.

where n = number of species abundance counts, ui = rank from 
smallest to largest of the ith true abundance of species (in all true 
species abundances) and ûi = rank from smallest to largest of the 
ith predicted abundance of species (in all predicted abundance 
of species). Equal species abundances are assigned to the mean 
rank for their positions.

3.1   |   Statistical Tests

For each metric, we first performed a Welch's ANOVA via Scipy 
(Virtanen et al. 2020) to check whether significant differences were 
present between the abundance models. We use a Welch's ANOVA 
because the data are heteroscedastic but are approximately nor-
mally distributed (Table S6) (Liu 2015). For metrics with a p < 0.05 
in Welch's ANOVA, we then performed a Dunn's test with Scikit 
Posthocs (Terpilowski 2019) to assess in which models these dif-
ferences were significant (p < 0.05). In addition to Dunn's test, we 
performed a pairwise permutation test, which does the same thing 
but is more reliable and flexible on small datasets.

4   |   Results

4.1   |   CNN-SDMs Versus RFs for Fish Occurrences

For the CNN-SDM predicting fish occurrences, the training 
was chaotic during the first epochs, but became more regular 
as the number of epochs grew and the learning rate decreased 
(Figure S1). We saved the layer weights corresponding to the best 
model on the validation set before overfitting, in this case, epoch 
9. These layer weights were used for the final results (Table 2) and 
transfer learning.

Regarding macro average accuracy, the CNN-SDM predicting 
fish occurrences clearly outperformed RF predictions. Although 
similar for Top 1, the macro average accuracy was at least 1.5 

(3)Micro average accuracy =
TP + TN

TP + TN + FT + FN

(4)Macro average accuracy =
1

n

∑n

i=1

TPi + TNi

TPi + TNi + FPi + FNi

(5)D2 log = 1 −

∑n
i=1

�
��
log

�
yi + 1

�
− log

�
ŷi + 1

����
∑n
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���
log

�
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�
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���
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∑n
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�
log

�
yi+1

�
− log

�
�yi+1

��2
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times higher for Top 5, Top 10, and Top 20 species (Table 2). In 
terms of micro average accuracy, the CNN-SDM predicting fish 
occurrences performed slightly better (+0.00 to +0.02) than the 
RF for Top 1, Top 5, Top 10, and Top 20 species (Table 2).

4.2   |   CNN-SDMs With and Without Transfer 
Learning for Fish Abundances

The CNN-SDM predicting fish abundances with transfer learn-
ing consistently outperformed those of the same model without 
transfer learning for the three performance metrics, whatever 
the fold (Figure 2 and Table S7). The average gain obtained with 
transfer learning was 35% for the D2log with a maximum gain 
of 82%, 15% for the Spearman coefficient with a maximum gain 

of 41%, and 72% for the R2log with a maximum gain of 171%. In 
terms of performance homogeneity between folds, the standard 
deviation of the three metrics was divided between 2 and 3 with 
transfer learning (Figure 2). The differences between these two 
models for each of the three metrics were significant. For each 
metric, this is supported by Welch's ANOVA, followed by Dunn's 
test and by the pairwise permutation test (Table S6).

4.3   |   CNN-SDMs With Transfer Learning Versus 
RFs for Fish Abundances

The CNN-SDM predicting fish abundances with transfer 
learning outperformed RF predictions for both the D2log and 
the Spearman coefficient whatever the fold, except for fold 
17 where it was a little less efficient (Figure  2 and Table  S8). 
More precisely, the average gain of the CNN-SDM predicting 
fish abundances with transfer learning compared to RF was 
10% for the D2log with a maximum gain of 23%, and 4% for 
the Spearman coefficient with a maximum gain of 8%. On the 
contrary, R2log values were always better for the RF model 
predicting fish abundances than for the CNN-SDM with trans-
fer learning (Figure 2 and Table S8). The differences between 
these two models for each of the three metrics were significant. 
For each metric, this is supported by Welch's ANOVA, followed 
by Dunn's test and by the pairwise permutation test (Table S6).

The mean D2log values per species over the 20 folds showed 
that the CNN-SDM predicting fish abundances with transfer 
learning performed better than the RF when species were 
present on less than 30% of the total fish abundance counts 
(Figure  3). Using predicted fish abundance maps, we also 
find that CNN-SDM with transfer learning was better where 
widespread species are locally rare (Figure 4). The abundance 
prediction maps for both models for each species are available 
in Data S2.

FIGURE 2    |    Violin plots showing models' performances on the fish abundance counts for test sets over the 20 folds for (A) the D-squared regres-
sion score function on the log-transformed data (D2log), (B) the Spearman rank-order coefficient (Spearman coefficient) and (C) the R2 regression 
score function on log-transformed data (R2log). For these three metrics, the closer the value is to 1, the better the model. Std = Standard deviation.

TABLE 2    |    Performance of the CNN-SDM and of the Random Forest 
model on the presence-only fish occurrence test set.

Random forest CNN-SDM

Micro average accuracy

Top 1 0.06 0.06

Top 5 0.25 0.26

Top 10 0.43 0.45

Top 20 0.65 0.67

Macro average accuracy

Top 1 0.02 0.02

Top 5 0.08 0.12

Top 10 0.13 0.22

Top 20 0.25 0.42
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5   |   Discussion

5.1   |   Benefits of CNN-SDMs Over RFs to Predict 
Rare Species Occurrences

The relative performances of the CNN-SDM and RF predicting 
species occurrences are similar in terms of micro average accu-
racy, but the CNN-SDM is more efficient than the RF in terms 
of macro average accuracy (Table 2). To interpret these results, 
it is necessary to bear in mind that the fish occurrence dataset 
used in this study is highly imbalanced. It contains occurrences 

of 181 species, but the 13 most frequent species account for 50% 
of total occurrences (Table  S9). This challenge of class imbal-
ance is almost always present in all biodiversity datasets due 
to the natural hyper-dominance of some species (Callaghan 
et  al.  2023; ter Steege et  al.  2013) and the rarity of many oth-
ers with long-tailed distributions (Beery et  al.  2020; Enquist 
et  al.  2019) but also sampling biases linked to socioeconomic 
factors (Troudet et al. 2017) or fishing gears (Mbaru et al. 2020). 
In the context of imbalanced datasets, the most common species 
(over-represented classes) have a disproportional influence on 
the micro average accuracy, while the influence of rare species 

FIGURE 3    |    D-squared regression score function on the log-transformed data (D2Log) deviation by species between the CNN-SDM with transfer 
learning and the Random Forest calculated for each of the 20 folds. Here, D2 log deviation =

(
D2logA − 1

)
−

(
D2logB − 1

)
 because D2log ∈ ] −∞;1]. 

The percentage in brackets next to the name of each species indicates the percentage of fish abundance counts on which the species is present for the 
406 fish abundance counts of Reef Life Surveys.
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FIGURE 4    |    Maps of Formentera, Ibiza, and Mallorca showing the average abundance (number of fish) of Serranus cabrilla over 5 km2 areas be-
tween 2011 and 2022 for the true abundances, the abundances predicted by the CNN-SDM with transfer learning, the abundances predicted by the 
RF, and the difference between predictions and true values for the two models. The predicted abundances for each fish abundance count are based 
on the average of the predicted values across the 20 test folds, with the predicted abundance values in each fold first rounded up to the nearest value 
with a threshold of 0.05. Occurrence percentage: The percentage of fish abundance counts on which the species is present.

 14610248, 2025, 7, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/ele.70177 by E

lla C
lausius - U

niversity O
f T

asm
ania , W

iley O
nline L

ibrary on [21/06/2026]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



11 of 14

is negligible (underrepresented classes). In contrast, the rare 
and common species have an equivalent impact on the macro 
average accuracy (Estopinan et al. 2022). Our results show that 
CNN-SDMs perform as well as the RF for predicting occur-
rences of common species, but that CNN-SDMs perform much 
better for predicting rare species occurrences. This aspect is 
critical since rare species are the main targets of conservation 
strategies like protected areas (Sanchez et al. 2024) and can be 
essential for ecosystem functioning (Soliveres et  al.  2016) and 
contributions to human societies (Dee et al. 2019).

These results are novel in the marine domain and are in line 
with the few studies carried out in the continental domain. For 
example, in predicting orchid species occurrences worldwide, 
Estopinan et al. (2022) highlight the better performance of CNN-
SDMs for rare species. Complementarily, Deneu, Servajean, 
et al. (2021) conclude that, when comparing four models (punc-
tual Deep Neural Networks, Boosted Trees, RF, and CNN-SDM) 
for predicting plant occurrences, the CNN-SDM performs the 
best for rare species, up to twice better than the RF. In our study, 
the performance gain in Top 5, 10, and 20 macro average accu-
racy provided by the CNN-SDM over the RF is of comparable 
magnitude (Table 2). Deneu, Servajean, et al. (2021) demonstrate 
that the ability of CNN-SDMs to associate species occurrences 
with the spatial structuring of their local landscape is a signifi-
cant advantage over other SDMs for predicting the distribution 
of rare species. Similarly, the ability of CNN-SDMs to capture 
and reuse biotic associations in the context of multi-class SDM 
is also probably an advantage over classical SDMs for this task 
(Chen et al. 2017).

5.2   |   Effectiveness of Transfer Learning 
for CNN-SDMs Predicting Species Abundances

The important variations in the metrics of CNN-SDM predict-
ing species abundance without transfer learning between the 
folds (Table  S7) are linked to the small amount of data to be 
split. Transfer learning induces a significant reduction in this 
phenomenon for the three performance metrics (Figure  2). In 
addition to this regularisation of performance, compared to the 
same model without transfer learning, the performance gains 
of the CNN-SDM predicting species abundances with transfer 
learning are significant for both absolute abundance values and 
the ranking of abundances among species. This improvement in 
the prediction of species abundances can be seen with the sig-
nificant increase in D2log and R2log, and the improvement in 
the ranking of species abundances through the increase in the 
Spearman coefficient.

A large field of deep learning applications successfully uses 
transfer learning (Do et al. 2022; Karaman et al. 2021; Nawaz 
et  al.  2023; Qasim et  al.  2022; Schwessinger et  al.  2020; Yeh 
et al. 2020), but, to our knowledge, this is the first time that this 
approach is applied to SDMs predicting species abundances. 
With our CNN-SDMs, we show that learning patterns from 
presence-only species data can deeply improve predictions of 
species abundances. This paves the way for a new generation 
of SDMs pre-trained with large species occurrence datasets and 
transferred to tasks with smaller available datasets, like species 
abundances in the marine realm.

5.3   |   Advantages of CNN-SDMs With 
Learning Transfer Over Traditional Approaches 
for Abundance Prediction

The D2log indicates that the CNN-SDM predicting species 
abundances with transfer learning performs better than the 
RF on the same task with the same data split and folds, but the 
R2log indicates the opposite. This can be easily explained by 
the fact that (i) the R2log is much more sensitive to outliers and 
extreme values in terms of species abundances than the D2log 
and (ii) the RF predicting species abundances is slightly bet-
ter on the common species, although weaker for rare species 
(Figure 3). It is also important to note that in areas where a 
widespread species is locally rare, the CNN-SDM with transfer 
learning performs better (Figure 4). Yet, some of these species 
are present in shoals up to tens of thousands of individuals, 
so their counts are extremely approximate and the resulting 
errors are generally very large (Edgar et al. 2020). Moreover, 
some sites surveyed twice on the same day host, for example 
at the site CAT11, either 395 Chromis chromis individuals or 
2838 individuals (cf. Survey ID n°912349329 and n°912349330 
in Table S2) so one diver has surely seen a shoal and the other 
has not. The Spearman coefficient is also consistent with 
this and D2log, showing that the CNN-SDM predicting spe-
cies abundances with transfer learning more closely respects 
the general ranking in species abundances than the RF does 
(Figure 2). This is a remarkable result in terms of ecological 
interpretation and potential applications in conservation.

However, it should be noted that these advantages come at a cost 
in terms of computing time and energy. It is an approximation, 
but if all the calculations had been carried out on the same com-
puter, the whole process of training our CNN-SDM with transfer 
learning would have required 30 times more time than the RF. 
The quality of the source data used for transfer learning (here, 
presence-only) is also a limitation. A model trained on poor-
quality data may transfer or amplify errors to the target model 
(here, abundances), resulting in ‘negative transfer’ that can de-
grade performance. It is therefore recommended to compare 
performance with and without transfer, and to consider specific 
methods to limit this risk when the quality of data sources are 
known to be low (De et al. 2020). Finally, our approach does not 
correct the imbalance between classes. Models may therefore 
exhibit biases in favour of underrepresented species. This is a 
problem that affects both CNNs and RFs and therefore should 
not significantly impact the model comparison.

6   |   Conclusion

This study produces several novel results that extend the range 
of applications and the predictive capacity of CNN-SDMs in 
ecology towards a new generation of SDMs based on deep learn-
ing (deep-SDMs). We demonstrate that these deep-SDMs can 
significantly improve species abundance predictions even on 
limited abundance datasets by applying a transfer learning from 
CNN-SDMs trained on large presence-only species datasets. 
This transfer learning compensates for the small size of abun-
dance datasets, which is a classical limitation in ecology when 
using deep learning methods (Hu et  al.  2025), by taking ad-
vantage of massive occurrence datasets in presence-only. This 
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ability of deep-SDMs to extract relevant information predicting 
species abundances from presence-only data is a new result. 
This finding paves the way towards a more general use of deep 
learning to better predict local population sizes through space 
and time, which remains challenging (Lertzman-Lepofsky 
et al. 2025), and to feed indicators like the Red List Index (Dulvy 
et al. 2024) or the Living Planet Index (Dove et al. 2023). Yet, 
additional work is needed at the interface between computer 
science and ecology to better comprehend how the information 
extracted from presence-only models can be successfully used 
by species abundance models.
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