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Abstract. Living and fossil benthic foraminifera are widely used as bioindicators of ecosystem quality, but
their analysis is time-consuming. With the help of artificial intelligence, models for the automatic identification
of fossil planktonic foraminifera and, more recently, benthic foraminifera are emerging. Although large datasets
of images can now be acquired automatically, efficient processing pipelines are still needed. Here we use convo-
lutional neural networks (CNNs) to automatically identify living benthic foraminifera at the species level. Rose
Bengal staining is widely used in ecological and biomonitoring studies to identify living foraminifera, which re-
flect present environmental conditions. We investigate both low-diversity assemblages from an intertidal mudflat
on the French Atlantic coast (Bourgneuf Bay) and high-diversity assemblages from the French Mediterranean
coast. Samples were imaged using a modified 3D printer equipped with a camera. The three trained CNN mod-
els are efficient in identifying species of the total community (i.e., living and dead foraminifera together) in
both low- and high-diversity settings with an accuracy of 96.0 % and 82.2 %, respectively. The results compare
well to published indices for ecosystem quality in high-diversity ecosystems. One CNN model can distinguish
both species and vital status (i.e., living and dead specimens) for the low-diversity spot with an accuracy of
94.2 %. The results of this first application of machine learning for identifying living benthic foraminifera are
very encouraging for improving the efficiency and applicability of these bio-indicators in biomonitoring studies.
This approach highlights the potential of automated image-based identification to accelerate the use of benthic
foraminifera as bioindicators in large-scale environmental monitoring programs.
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1 Introduction

Benthic foraminifera are widely used as bioindicators in
biomonitoring studies to assess ecosystem quality in coastal
environments (Barras et al., 2014; Dubois et al., 2021; Joris-
sen et al., 2018; O’Brien et al., 2021; Schönfeld et al., 2012).
Their potential for biomonitoring studies arises from their
species-specific and rapid response to changing environmen-
tal conditions (Gooday et al., 2000; Jorissen et al., 1995,
2018; Murray, 1989, 2006). Furthermore, their small size and
high abundance allow for the collection of statistically sig-
nificant numbers of specimens from minimal sediment quan-
tities, enabling minimally invasive sampling (Barras et al.,
2014; Jorissen et al., 2018; Murray, 2006).

In long-term studies, numerous samples have to be ana-
lyzed in a limited amount of time to monitor the effect of pol-
lution or climate change. Seasonal variations in population
dynamics require high-temporal-resolution sampling and ef-
ficiency in data processing. Yet, established protocols require
that entire samples are examined for the presence of living
foraminifera, which have to be picked and identified manu-
ally (including replicate samples). Moreover, it is essential
to distinguish living from dead fauna, which is commonly
achieved by Rose Bengal staining of living specimens. Fur-
ther ecological indices utilizing living foraminifera fauna are
derived using precisely identified specimens at the species
level (Barras et al., 2014; Jorissen et al., 2018).

Foraminifera tests show a variety of morphological fea-
tures – such as texture, chamber organization, and porosity –
that allow them to be identified (Hayward et al., 2020; Jones
and Brady, 1994; Jorissen et al., 2023; Loeblich and Tappan,
2015; Milker and Schmiedl, 2012). A total of 9600 modern
and 54 600 fossil species have been described today (Hay-
ward et al., 2020). The classical approach for foraminifera
identification is to visually inspect each specimen under a
stereomicroscope and pick foraminifera individuals one by
one, which is time-consuming and requires expert knowl-
edge (Ranaweera et al., 2009). Recently, several studies have
shown that the identification of planktonic foraminifera by
scientists with different levels of expertise/experience may
lead to inconsistencies (Al-Sabouni et al., 2018; Fenton et
al., 2018).

With the rise of artificial intelligence, it is now possible
to identify different groups of microorganisms, such as di-
atoms (Bueno et al., 2017; Godbillot et al., 2024; Kloster et
al., 2020; Lambert and Green, 2020; Pedraza et al., 2017; Ur-
bánková et al., 2016), coccolithophores (Beaufort and Doll-
fus, 2004), pollen (Bourel et al., 2020), radiolarians (Keçeli
et al., 2017; Tetard et al., 2020), monothalamid foraminifera
(Sabbatini et al., 2025), and planktonic foraminifera (Car-
valho et al., 2020; Harbowo and Muliawati, 2024; Hsiang
et al., 2019; Marchant et al., 2020; Mitra et al., 2019; Piva
et al., 2024). Studies taking advantage of artificial intelli-
gence techniques for the automatic identification of ben-
thic foraminifera are rare and focused on fossil faunas from

carbonate rock samples (Carvalho et al., 2020), open-ocean
cores (Hayat et al., 2026; Johansen et al., 2021; Marchant
et al., 2020; Yayan et al., 2024), or fjords (Plavetić et al.,
2025). Fossil specimens were automatically classified using
convolutional neural networks (CNNs), a well-proven ma-
chine learning (ML) technique (He et al., 2015; LeCun et
al., 1989). Yet, to the best of our knowledge, these tech-
niques have not been applied to the identification of benthic
foraminifera from coastal sediments. Moreover, the differen-
tiation between living (Rose Bengal (RB)-stained) and dead
specimens is necessary for biomonitoring purposes, and the
problem of color differences within one single species has
not yet been tackled. Historical time series of benthic com-
munities picked and stored in micropaleontological slides are
a unique archive for developing and constraining biotic in-
dices, yet they cannot be processed in a homogeneous, re-
producible manner.

In our study, we explore the potential of deep learn-
ing techniques to identify living benthic foraminifera from
shallow coastal sites, using historical and ongoing monitor-
ing time series mounted in micropaleontological slides. We
train CNN models to identify both living and dead benthic
foraminifera in two contrasted ecosystems previously stud-
ied using a manual classical approach (i.e., human identifi-
cation under a stereomicroscope). Specifically, we study the
low-diversity intertidal Atlantic ecosystem, which presents
four dominant species with a fairly comparable carbonate
test structure and morphology, and the Mediterranean coastal
ecosystem, which harbors numerous species with largely di-
verse test morphologies and composition.

To test the accuracy of the trained models, micropaleon-
tological slides containing manually identified foraminiferal
specimens (operator identification) from both studied
ecosystems are used to compare manual and automatic
CNN-based species identification. Beyond the comparison of
species identification between experts and AI techniques, we
analyze the outcomes in terms of ecological interpretations
and biotic index results.

2 Material and methods

2.1 Foraminiferal samples

The sediment samples used in our study originate from two
regions with contrasting environmental conditions and dif-
ferent communities of benthic foraminifera. The first loca-
tion is the Bay of Bourgneuf, on the French Atlantic coast,
where samples come from an intertidal mudflat. In contrast,
the second group of samples originates from different local-
ities along the metropolitan French Mediterranean coast and
the coast of Corsica.

Low-diversity samples from the Bay of Bourgneuf are part
of a foraminiferal and biogeochemical monitoring campaign
called MUDSURV that started in March 2016 with monthly
sampling at three stations until October 2020 (Choquel et al.,
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2026). The campaign is still ongoing with four samplings per
year, once per season. This highly dynamic environment is
influenced by the macrotidal cycle, where only a few species
of foraminifera can survive (Debenay et al., 2000; Martin,
2012). In this study, samples from the Bay of Bourgneuf,
Atlantic coast, are referred to as MUDSURV samples. Liv-
ing foraminifera (Rose Bengal-stained) were picked for a to-
tal of 29 samples (0–1 cm) from stations A and C that were
sampled between 2016 and 2020. The 29 resulting white mi-
cropaleontological slides contain between 33 and 869 spec-
imens (average = 220 specimens), which were also used to
train the classification model (Appendix A, list of species
and definitions used). One sample consists of “raw” sedi-
ment (125–500 µm fraction of the sediment sampled that was
sieved), including 868 foraminifera, and was also used to
train the model (living and dead; Appendix A). The stud-
ied size fraction of glued foraminifera (fixed on micropa-
leontological slides with tragacanth glue) ranged from 150
to 315 µm, whereas foraminifera from raw sediment (unpro-
cessed sediment on a tray) ranged from 125 to 500 µm. Liv-
ing foraminifera specimens (3199 specimens) from six fur-
ther samples were wet picked, stored in white micropaleon-
tological slides, identified, and counted using a stereomicro-
scope. These samples (monthly monitoring, October 2020 to
April 2021, except February 2021; Appendix A) acted as test
samples for the MUDSURV model.

Samples from the Mediterranean Sea (hereafter referred
to as MEDIT), characterized by high species diversity (63
species), were collected from 2009 to 2021 across various
sampling stations located along the southern French Mediter-
ranean coast, extending to the coast of Corsica, at depths
of up to 60 m (see Appendix A for more details). A to-
tal of 23 samples, consisting of the 0–1 cm sediment layer
stained with Rose Bengal and sieved to a 150–500 µm size
fraction, were used to train the MEDIT model (Appendix
A). These samples include 54 white micropaleontological
slides containing dried, Rose Bengal-stained foraminifera,
with specimen counts ranging from 3 to 591 (average = 316
specimens). Six additional micropaleontological cells from
the STARE-CAPMED (SCM) biomonitoring program from
Calvi Bay, on the northwest coast of Corsica, were used to
test the model (Donnay et al., 2016). Along a transect near
a waste outlet surrounded by Posidonia seagrass meadows,
samples were collected from three stations representing a
gradient of distance from the outlet: proximal (SCM Emi
P), mid-site (SCM Emi M), and distal (SCM Emi L). The
reference station, SCM Ref40, was located at the western
end of Calvi Bay. Similarly, as with the other test samples,
the Rose Bengal-stained specimens were previously manu-
ally wet picked, identified, and counted under a stereomicro-
scope. The taxonomy of all samples was carried out by the
junior lead author of this study and double-checked by an
expert taxonomist from each region.

2.2 Automation system and CNN training

2.2.1 Image acquisition

Images were taken automatically by scanning the
foraminifera or raw sediment using a modified 3D
printer acting as a gantry system for X, Y , and
Z hyperfocal image acquisition (“Sashimi system”;
https://github.com/microfossil/particle-scanner, last ac-
cess: 18 March 2026). A 5-megapixel camera (Basler
ace acA2440-35uc), a telecentric lens (VS Technology
VS-TCH4-65) with 4× magnification, and a ring light (VS
Technology VL-LR2550W) for constant illumination were
attached to the 3D moving head of the printer. Using the
software called Sashimi, the 3D printer and camera could be
controlled in the X, Y , and Z directions and enabled auto-
mated imaging of foraminifera and particles (Fig. 1). Stacked
images were acquired with constant parameters: exposure
(1500 µs), stack height (1600 µm), and stack step (20 µm; see
example of stacking and fused image in Appendix B). Fusing
the individual images into a fully focused image was done us-
ing the Helicon Focus Pro software (Helicon Software: https:
//www.heliconsoft.com/heliconsoft-products/helicon-focus/,
last access: 9 May 2023). Automatic white balance was
activated using the Basler Pylon Camera Software Suite
(https://www.baslerweb.com/de-de/software/pylon, last
access: 18 March 2026). Only the stacked images were used
in this study. A complete scan of a micropaleontological
slide takes approximately 1.5 h. Sashimi and the instruc-
tions for building the 3D printer can be found on GitHub
(https://github.com/microfossil/particle-scanner, last access:
18 March 2026).

The image acquisition process yielded images with multi-
ple foraminifera per field of view. The full-size images were
cropped to obtain individual image objects using a CNN-
based object detection workflow (Godbillot et al., 2024). This
process requires the constitution of an annotated dataset to
train the model. We annotated images from both MUDSURV
and MEDIT using the open-source Computer Vision Anno-
tation Tool (CVAT.ai Corporation, 2023). For the annotation
step, we drew a bounding box for all occurrences of liv-
ing foraminifera on the images, which were pooled into a
single “generalForam” category. We used this image dataset
to train a faster region-based convolutional neural network
model (He et al., 2020), using a ResNet50 pre-trained on
COCO as the backbone with a threshold of 0.5 (Godbillot
et al., 2024). Bounding boxes were drawn for 20 min, which
were then used to train a starting model. This model was
applied, and we corrected the inference using this as a new
batch for the end model. This step was repeated, and, in the
end, 10 micropaleontological slides of each region (MUD-
SURV: 5846 boxes, 1134 pictures; MEDIT: 1406 boxes, 682
pictures; total of 3605 foraminifera; Appendix A) were used.
Object detection was done on a shared server hosted by the
OSU Institut Pythéas, geared with a Quadro RTX 4000 GPU
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card. To train this “generalForam” object detection model, 10
micropaleontological slides of each region were used.

A test step was added to evaluate the performance of the
object detection model. We selected one sample from both
regions with 100 pictures containing foraminifera. None of
the images had previously been used during training, ensur-
ing an independent analysis of the model. We applied the
object detection model to these 200 pictures using a detec-
tion threshold of 0.5 to detect the highest possible number
of foraminifera, i.e., increase the recall. This low threshold
was chosen to guarantee that a maximum of instances of
foraminifera was detected on the images while ensuring that
multiple bounding boxes were not generated for single in-
stances of foraminifera (Godbillot et al., 2024). For all im-
ages, we manually counted the true positive, false positive,
and false negative instances, which we then used to derive
values for accuracy, precision, recall, and F1 score.

2.2.2 CNN classification model training

Three classification models were trained, two on the Atlantic
MUDSURV low-diversity time series and one on the highly
diversified Mediterranean Sea. The MUDSURV intertidal
Atlantic samples were used to build the first model, called
“MUDSURV species model”, distinguishing the species of
foraminifera, regardless of whether the specimens are dead
or alive (Rose Bengal-stained). The second model, named
“MUDSURV living dead model”, includes two classes for
each species, one for living and one for dead specimens,
differentiating the staining as well. The third model is the
“MEDIT species model”, used for differentiating species
from the Mediterranean coast.

Individual images (13 679 images) of foraminifera, ob-
tained from the object detection workflow, were manually
labeled using the software ParticleTrieur (version 3.0.5e;
GitHub: https://github.com/microfossil/particle-trieur, last
access: 18 March 2026) to train a CNN for the automatic
recognition of different species (Marchant et al., 2020). Du-
plicates and images with multiple objects or with blurred,
partial, or unrecognizable foraminifera were manually dis-
carded. When possible, manual foraminifera determination
based on pictures was performed to species level accord-
ing to the literature (Barras et al., 2014; Hayward et al.,
2020; Jones and Brady, 1994; Jorissen et al., 2023; Milker
and Schmiedl, 2012) and reference slides from the Labora-
tory of Planetology and Geosciences (LPG) at the Univer-
sity of Angers (France). After completion of the dataset’s la-
beling process, the particle/object classification models were
trained with the MISO library, containing the scripts to train
a CNN and the TensorFlow framework to be able to run
machine learning tasks (Marchant et al., 2020; TensorFlow
Developers, 2021; GitHub: https://github.com/microfossil/
particle-classification, last access: 18 March 2026). Parti-
cleTrieur offers several CNNs to choose from (Marchant et
al., 2020) and was run on an HP ENVY x360 Convertible 15

laptop equipped with an AMD Ryzen 7 4700 CPU, 16 GB
RAM, and an integrated AMD Radeon Vega 7 GPU. The
training of the models was carried out with the foraminifera
classes containing more than 10 specimens. A total of 80 %
of the dataset was used as “training” to train the model, while
the remaining 20 % was grouped into a “validation” dataset
and used to evaluate the model performance at each iteration.

Several CNNs proposed by ParticleTrieur were tested, and
the best model output for the MUDSURV dataset was ob-
tained using a residual network 50 architecture with transfer
learning (ResNet50 TL), while for the MEDIT images, the
best results were achieved with a residual network 101 ar-
chitecture using transfer learning (ResNet101 TL). In both
cases, pre-trained weights from the ImageNet database were
used, speeding up the training step (He et al., 2015). The
ResNet50 TL is a CNN that consists of a total of 50 layers
with a special feature that allows it to skip layers if there is
a previous strong positive weighting (He et al., 2015). This
results in a reduction in gradients, which facilitates classifi-
cation and makes it possible to form deeper networks with
increased accuracy (He et al., 2015). With transfer learn-
ing (TL), knowledge already acquired from previous tasks
is reused to perform new tasks and facilitate training (Torrey
and Shavlik, 2010). Input image sizes are fixed at 224 pix-
els (224×224×3) and included color images. Class balanc-
ing by weighting was enabled. The epoch (training iterations)
size was 10, and the batch size (number of pictures that go
through the network in one run) was 32.

Mislabeled images were estimated using a K-NN clus-
tering technique implemented in ParticleTrieur during the
first training. Using the estimated mislabeled images, the
dataset was revised after a manual check. This process was
done once for both MUDSURV and MEDIT, and only labels
tagged as misclassified were edited.

2.3 Statistics

Our trained models were used to automatically identify the
foraminifera in their respective independent test samples, us-
ing a confidence threshold of 0.8. Below this score, individ-
ual foraminifera images were labeled as “unsure” and were
included in the sample total abundances and taken into ac-
count in the faunal parameter calculations (i.e., relative abun-
dances, biotic indices).

To evaluate the potential impact of different classifica-
tion methods (manual vs. automatic) on ecological interpre-
tations of the Atlantic time series, we compared monthly total
foraminiferal abundances, which are indicative of reproduc-
tion events.

We calculated the unsure rate for each species, defined as
the number of unsure specimens divided by the total speci-
mens of that species, in the Mediterranean test samples. We
then compared these rates against the models’ training accu-
racy to assess whether the models’ confidence reflects their
true performance.
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Figure 1. Synthetic workflow (red line) of this study. Automated imaging of micropaleontological slides (with white background) captures
multiple foraminifera per field of view (FOV). Bounding boxes for each foraminiferal specimen are detected by a segmentation model
(Faster-R CNN, yellow box) trained using the Computer Vision Annotation Tool (CVAT). This step extracts individual foraminifera from
FOV images as single-specimen pictures. Specimen labeling (blue box) is performed with the open-source software ParticleTrieur and
involves manual verification (green). The final classification models are trained using predefined CNN topologies from the MISO library.
The classification models were then applied to independent test samples from each region for comparison.

The ecological Tolerant Species Index (TSI-Med; Bar-
ras et al., 2014; Parent et al., 2021) was calculated for the
Mediterranean samples to assess the ecological quality sta-
tus (EQS) at the station. Herein, the percentage of tolerant
species (%TSx) is calculated following the list of species by
Parent et al. (2021). Using the grain size percentages of the
sample, a reference percentage of tolerant species is calcu-
lated (%TSref; Eq. 1). The TSI-Med is calculated as follows
(Eqs. 1 and 2):

%TSref = 0.1547 · (% grains < 63µm)− 0.3638, (1)

TSI-Med=
%TSx −%TSref

100− %TSref
· 100. (2)

3 Results

3.1 Object detection

A total of 100 pictures from micropaleontological slides, per
studied region, were viewed after completing the inference
of the “generalForam” segmentation model. However, addi-
tional non-foraminifera particles, glue residues, and bound-
ary lines within the slides were also considered particles by
the model and therefore segmented and counted. Out of 381
foraminifera specimens across 100 images from the MUD-
SURV micropaleontological slides, only 1 specimen was not
recognized as a foraminifera (Table 1), yielding an accuracy
and recall of 99.74 %, precision of 100 %, and an F1 score of
0.99. In the MEDIT micropaleontological slides, out of the
131 foraminifera specimens on 100 images, 129 were cor-
rectly identified as such, and 2 were missed (Table 1). The

Table 1. Validation of the object detection: 100 pictures from both
regions including foraminifera were observed to assess detection
performance using the Computer Vision Annotation Tool (CVAT).

MUDSURV MEDIT

True positive 380 129
True negative 0 0
False positive 0 30
False negative 1 2

model identified 30 false positives, yielding a precision of
81.11 % and an accuracy of 80.12 %. The recall is the highest
(98.47 %), with only two foraminifera missed by the model.
Overall, the F1 score is 0.89.

3.2 MUDSURV classification models

3.2.1 MUDSURV classification model training

After the segmentation, the resulting dataset consisted of
6388 images of individual (living and dead) foraminifera
showing four dominant calcareous species with similar spi-
ral shell shapes (trochospiral for Ammonia confertitesta and
planispiral for Elphidium oceanense, Elphidium selseyense,
and Haynesina germanica) and two additional less abundant
species: one agglutinated with an initial planispiral turn fol-
lowed by a uniserial shell (Ammobaculites balkwilli) and one
monothalamid species (Psammophaga sp.) (Appendix A).
Finally, four very rare species, represented only by a few
images (< 10), were not included in the training set: Am-
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motium salsum (n= 5), Lagena sp. (n= 3), Leptohalysis
scottii (n= 1), and Quinqueloculina sp. (n= 4), yielding a
final dataset of 6375 foraminifera images (Appendices A and
C).

This image dataset was used for both models (species
with or without a living/dead distinction); only the labels
differed according to the purpose of the model: (i) the first
model (MUDSURV species model) distinguished the differ-
ent species (Fig. 2), and (ii) the second model (MUDSURV
living dead model) distinguished the different species and
included an indication of whether they were living or dead
specimens according to the staining.

The MUDSURV species model, intended to distinguish
the six different species (i.e., six classes), shows an accuracy
of 96.0 %, a precision of 96.1 %, a recall of 95.5 %, and an F1
score of 95.8 % (Fig. 2; Appendices C and D). Five of the six
species are recognized with an accuracy of over 96 %, while
Ammobaculites balkwilli and Psammophaga reach 100 %.
Three of the dominant species reach an accuracy around
96 %–98 %, namely Ammonia confertitesta, Elphidium ocea-
nense, and Haynesina germanica. Elphidium selseyense (104
specimens) has the lowest accuracy (83 %), showing the
highest misidentifications with the species Ammonia confer-
titesta (9 %) and Elphidium oceanense (7 %) (Fig. 2). For the
MUDSURV species model, 61 foraminifera were mislabeled
(0.96 %).

The MUDSURV living dead model, designed to distin-
guish the different species and their vital status defined by
the RB stain, achieves an accuracy of 94.2 % for 10 different
classes (see Fig. 2; Appendices C and E). This results in a
precision of 91.5 %, a recall of 93.7 %, and an F1 score of
92.2 (Fig. 2). Herein, 8 of the 10 classes are recognized with
an accuracy of over 90 %. The Ammonia confertistesta dead
specimen (101 specimens) class shows an accuracy of 80 %,
followed by the Elphidium dead specimen class with an ac-
curacy of 86 % (66 specimens), the only two classes being
under 90 %. All Psammophaga sp. specimens (n= 2) were
misclassified as dead. Of the dead Ammonia confertitesta,
14 % were classified as alive with the CNN, and, in contrast,
6 % of living Elphidium were classified as dead. Between
the Elphidium species, 7 % of Elphidium selseyense were
wrongly classified as Elphidium oceanense and vice versa
for an extra 3 %. For the MUDSURV living dead model,
138 foraminifera were mislabeled (2.16 %). The MUDSURV
species model was trained in 540 s and the MUDSURV liv-
ing dead model in 600 s.

3.2.2 MUDSURV model testing

To verify the applicability of the MUDSURV species model,
six independent test samples from MUDSURV (monthly
monitoring, October 2020 to April 2021, except Febru-
ary 2021) with a minimum of 145 (B-01/21) and a maxi-
mum of 1650 (B-10/20) specimens were used (Appendix A).
The number of foraminifera per species counted manually

was compared with the number automatically counted us-
ing the CNN model for each station (Fig. 3). Overall, the
CNN correctly identifies 91.48 % of the specimens on aver-
age. This value ranges from 85.11 % for the January 2021
sample to 93.34 % for the October 2020 sample. The abso-
lute densities of the four major species exhibit similar tem-
poral trends between monthly samples for human and CNN
analyses (Fig. 3). For Ammonia confertitesta and Haynesina
germanica, the absolute densities are similar between both
approaches, whereas they are slightly different for the El-
phidium species, especially for E. selseyense, which also ex-
hibited lower accuracy according to the model performance
(Figs. 2, 3). When a difference is noticed, this is mostly the
CNN that underestimates the absolute density of the species.
This is mainly due to the classification of specimens in the
“unsure” class when the threshold of 0.8 is not reached.

3.3 MEDIT

3.3.1 MEDIT model

The dataset for the Mediterranean region comprises a total
of 7291 images of individual foraminifera out of which 7148
were used for the CNN training (species with fewer than 10
pictures were discarded) of 63 species of foraminifera, which
correspond to the 63 classes defined in the model (Appen-
dices A, C, and F). The training of the MEDIT species model
took 873 s.

The MEDIT species model reaches an accuracy of 82.2 %
in species recognition. It achieves a precision of 77.3 %, a re-
call of 70.5 %, and an F1 score of 72.3 (Fig. 4). More than
half of the species (40 classes) reach an accuracy of over
70 %. For 10 of them, the accuracy lies between 70 %–80 %
and for an extra 15 species between 81 %–90 %, while 16
species are recognized with an accuracy > 90 %. Finally, a
total of seven species are recognized with 100 % accuracy.
Identification rates of 100 % were achieved for Ammodis-
cus planus, Cornuspira foliacea, Nonion scaphum, Non-
ionella turgida, Spiroloculina grateloupi, Trochamminula,
and Valvulineria bradyana. In contrast, a total of 12 species
present an accuracy below 50 %, with Biloculinella irreg-
ularis, Miliolinella subrotunda, and Quinqueloculina spp.
completely unpredicted by the model (accuracy = 0 %). For
the MEDIT species model, 918 foraminifera were mislabeled
(12.84 %).

3.3.2 MEDIT model testing

The MEDIT model above was applied to the six “indepen-
dent test samples” (Appendices A and G) to compare its
identification with an expert ground truth. The foraminiferal
abundance in samples ranges from 36 to 327 specimens. The
accuracy of correct predictions of the model spans 63.75 %
(mid, September 2014) to 79.26 % (proximal, May 2014),
with an average value of 69.69 %. Two species were present
in the test samples but were not identified as a class in
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Figure 2. Confusion matrices of the two classification CNN models trained on the MUDSURV Atlantic dataset (6375 pictures of 6 species).
Each row represents the actual class with percentages, and the diagonal values (top left to bottom right) show the proportion of correctly
classified specimens. Off-diagonal values indicate misclassifications. Left panel: MUDSURV species model at the species level (accuracy:
96.0 %, precision: 96.1 %, recall: 95.5 %). Right panel: MUDSURV living dead model combining the species level and the vital status (Rose
Bengal staining) (accuracy: 94.2 %, precision: 91.5 %, recall: 93.7 %).

the model since they were absent from the training set
(Fursenkoina acuta and Cassidulina oblonga). Figure 5
shows the comparison between human counts and CNN pre-
dictions for the four most common taxa in the test samples
(Eggerella scabra, Reophax sp., Rosalina sp., and Textularia
sp.). Overall, the CNN prediction follows similar trends to
human counts across all samples, although discrepancies in
magnitude occur.

Out of a total of 28 species declared as tolerant in Parent
et al. (2021), 8 were present in the test samples. Of the six
samples analyzed by the CNN, only one resulted in an EQS
different from the expert assessment (Fig. 6). In sample ref.
05/14, the EQS changes from “very good” to “good” after
the CNN classification (Fig. 6).

A general trend where higher training accuracy is associ-
ated with lower uncertainty (number of unsure specimens of
a species divided by total specimens of this species) is ob-
served in Fig. 7, although this relationship is not strictly lin-
ear. Several species with high accuracy (above ∼ 85 %) ex-
hibit low unsure rates, indicating confident model predictions
when sufficient training performance is achieved. Larger
bubble sizes (representing more images) are mostly concen-
trated in this high-accuracy, low-uncertainty region, suggest-
ing that greater data availability improves both accuracy and

confidence. Seven species have unsure rates of 100 %. Two
of them were not present in our dataset (Fursenkoina acuta
(11) and Cassidulina oblonga (15)), having an unsure rate
of 100 % and accuracy of 0 %. Cassidulina oblonga, being
notably a tolerant species, was used to calculate for the TSI-
Med. On the other hand, two species reach unsure rates of
100 % but have accuracies of over 80 % (Reussella spinulosa
(18) and Asterigerinata mamilla (22)). Additionally, several
species with moderate accuracies (40 %–70 %) display rela-
tively high unsure rates (40 %–60 %), suggesting transitional
performance.

4 Discussion

Overall, CNN-based solutions for the identification of
foraminifera (species, Rose Bengal-stained) show promising
results in the two locations studied, although higher accura-
cies are achieved in environments with lower diversity. This
is the first time that a model on benthic foraminifera has been
trained to identify living foraminifera and a large quantity of
species.

Generally speaking, using the Sashimi approach is faster
than manually identifying living foraminifera under a micro-
scope. Scanning a single micropaleontological slide is done
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Figure 3. Comparison of the human-based (point) vs. automatic (CNN MUDSURV species model, threshold 0.8, square) counts of the four
main species from the low-diversity MUDSURV environment (Station B, October 2020 to April 2021, except February 2021). (a) Ammonia
confertitesta, (b) Haynesina germanica, (c) Elphidium oceanense, and (d) Elphidium selseyense.

in about 1.5 h, and applying the already-developed mod-
els with ParticleTrieur to obtain the final identification of a
foraminiferal dataset takes less than a minute (depending on
the size of the dataset). Right now, our approach is limited
to micropaleontological cells, where the foraminifera have
previously been picked and glued. As a next step, focus-
ing on scanning sieved raw samples would make hand pick-
ing foraminifera unnecessary while leading to faster iden-
tification, yet it would imply a recognition of all the ob-
jects in the sediments. This would involve either pre-sorting
foraminifera from particles using an additional model or in-
creasing the number of classes during the training part in Par-
ticleTrieur.

4.1 Object detection

For the object detection, recall (i.e., the number of false neg-
atives) is the most important metric because the primary ob-
jective is to ensure that all foraminifera are detected. Missing
true specimens results in information loss, which is particu-
larly needed when analyzing living faunas. While the model
produced false positives from glue residues, grid lines, and
other non-foraminiferal particles, these will be corrected in
the classification step process. The high recall values demon-
strate that the approach minimizes missed specimens and
maximizes the reliability of the dataset.

4.2 Composition of the training dataset of the
identification models

Our results show that a small number (∼ 50) of species-
specific pictures is sufficient for the MUDSURV models
to reach high accuracies if the considered species present
significant morphological differences compared to other
species considered. For example, 24 and 112 pictures of Am-
mobaculites balkwilli and Psammophaga, respectively, were
enough to train the MUDSURV species model. Previous
studies dealing with automatic identification of foraminifera
have found lower model accuracies with a higher total num-
ber of images and images per species (Adebayo et al., 2023;
Hsiang et al., 2019; Marchant et al., 2020), showing that dis-
tinct morphologies throughout the dataset allows the use of a
minimal training set (e.g., Ammobaculites balkwilli in MUD-
SURV, Valvulineria bradyana in MEDIT). Species that have
a unique morphology achieve significantly better accuracies
(Marchant et al., 2020).

The average accuracy for the test samples from the
Mediterranean is ∼ 69.7 %. CNN-based results were com-
pared to the numbers of manually identified and counted
samples under a stereomicroscope. The presence of taxa in
the picked samples for which the model was not trained
(e.g., Brizalina difformis, Laevidentalina haueria, Pyrulina
fusiformis) leads to a significantly lower accuracy. The CNN
was thus not designed to identify these foraminifera. For in-
stance, Brizalina difformis was predicted as Textularia spp.
due to similar general morphology.
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Figure 4. Confusion matrix of the MEDIT species model. Each row represents the actual class with percentages, and the diagonal values
(top left to bottom right) show the proportion of correctly classified specimens. Off-diagonal values indicate misclassifications; 7148 pictures
of 63 classes were used for the training. Overall accuracy: 82.2 %, precision: 77.3 %, recall: 70.5 %, F1 score: 72.3.

Additional images per species should nevertheless be
scanned to optimize the model for species that share close
morphological patterns, as well as for species scarcely rep-
resented in the dataset, which were discarded due to an in-
sufficient number of pictures necessary for training (< 10).
The results of both models show that the number of train-
ing specimens is important for the identification. A higher

number of training pictures yields higher possibilities for ac-
curate identifications. The creation of a general model, loca-
tion independent, would be ideal; however, it may be difficult
to implement due to different working standards in differ-
ent institutes and taxonomic expertise. Classes that perform
well during model validation also tend to achieve high accu-
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racy when applied to independent test samples, confirming
the models’ reliability (Marchant et al., 2020).

The observed relationship between accuracy of a species
and unsure rate (Fig. 7) indicates that, although improved
classification performance is often associated with increased
model confidence, these two metrics are not strictly coupled.
Species represented by fewer test images may show greater
variability, including higher proportions classified as unsure
or lower accuracies. The presence of species with high accu-
racy but maximal unsure rates points to inconsistent model
confidence, potentially due to intra-class variability or simi-
larity with other taxa. Conversely, species with low accuracy
and elevated unsure rates likely reflect ambiguous morpho-
logical features (e.g., porcelaneous foraminifera). Overall,
these results highlight that unsure rates provide complemen-
tary information to accuracy, revealing ambiguities in model
predictions not captured by accuracy alone.

4.3 Identification based on morphology

Although the benthic foraminifera in the MUDSURV dataset
share the same outline morphology (Hayward et al., 2020),
the identification is successful, with minor misclassifications
(e.g., Ammonia confertitesta and Elphidium selseyense).
Misinterpretations are made due to low-quality pictures,
highlighting the limitation of the imaging setup, including
the 5-megapixel camera used. Switching to a camera and as-
sociated optics with a better resolution will probably improve
the results but will come with a computing trade-off, requir-
ing more time to be processed (uploading and downloading
data for object detection etc.).

When looking at the misclassified images of the CNN, it
is noticeable that some foraminifera are oriented with spe-
cific diagnostic features such as coiling and aperture being
poorly visible, leading to incorrect predictions (Marchant et
al., 2020). This is especially true for the Elphidium species
specimens. In some images, foraminifera are discolored, ren-
dering it difficult to recognize their features. Nevertheless,
these images also include specimens that were mislabeled
in retrospect, and an expert bias cannot be denied, as it is
a matter of supervised learning, based on the personal level
of knowledge and experience of the user (Al-Sabouni et al.,
2018; Fenton et al., 2018). Al-Sabouni et al. (2018) and Fen-
ton et al. (2018) concluded that benthic foraminifera exhibit
morphological differences when observed from the spiral
versus the umbilical side, making it necessary to have enough
pictures of both views of the same species (Fig. 8a–b). An-
other possibility would be to create distinct classes for both
the umbilical and the spiral sides of benthic foraminifera.
While feasible, this approach could result in a combinatori-
ally high number of classes, making the classification scheme
more complex and harder to manage. Labeling 2D images
can introduce errors due to experts not having access to both
views of all parts of the shell (in contrast to manually ma-

nipulating specimens under a microscope) but appears to be
able to capture broad trends in the data (Austen et al., 2018).

Accuracy of species identification generally increases with
the number of training images, particularly for species that
are morphologically distinct from others. Conversely, iden-
tification accuracy tends to decrease when multiple species
from the same genus (e.g., several porcelaneous species)
are included, likely due to their morphological similarity
(Marchant et al., 2020). Distinct characteristics of a species
reduces the number of pictures that are needed to train the
model. It is particularly noticeable that the CNN has diffi-
culties in distinguishing the different miliolid (porcelaneous
test) foraminifera (Fig. 8e–h). The common practice of us-
ing micropaleontological slides with a white background,
which aids in color differentiation when working with Rose
Bengal-stained specimens under a binocular microscope, ap-
pears to be suboptimal in our imaging workflow. Species of
the genera Quinqueloculina, Spiroloculina, and Triloculina
are therefore confused with other porcelaneous species like
Adelosina spp. in the MEDIT database. The morphological
features necessary for their determination at the species level
are often hardly visible on the images (Fig. 7e–h). For several
species of the genus Quinqueloculina, the accuracy of cor-
rectly identified foraminifera is usually less than 50 %. Only
Quinqueloculina aspera stands out with 74 % accuracy, most
probably due to the agglutinated texture of its miliolid shape
shell. Yet, Fenton et al. (2018) showed that between expe-
rienced identifiers, the median accuracy is around 79 % for
the cross-recognition of planktonic foraminifera, an accuracy
not that far from the worst species identified by our CNN. In
summary, to overcome the problems of miliolid identification
and distinguishing living from dead foraminifera, micropale-
ontological slides with a different background color should
be tested in the future. Previous studies have used micropa-
leontological slides, cups, or trays, with a black background
(Hayat et al., 2026; Hsiang et al., 2019; Marchant et al., 2020;
Mitra et al., 2019), but these studies focused on fossil faunas
and therefore did not aim to distinguish between living and
dead foraminifera.

The MEDIT species model exhibits limitations in re-
solving taxonomic distinctions among various agglutinated
foraminifera. They are often misidentified due to their mor-
phology and color. For example, there is a risk of confu-
sion between Cribrostomoides kosterensis and Haplophrag-
moides canariensis and between Lagenammina sp. and
Reophax sp. (Fig. 8i–l). For the first example, the differ-
entiation between these agglutinated species is difficult; in-
deed, Cribrostomoides is planispiral, and Haplophragmoides
is trochospiral, and these features often require direct ma-
nipulation under the stereomicroscope for accurate identifi-
cation. Lagenammina sp. and Reophax spp. are also often
misidentified, with Lagenammina sp. often classified as sin-
gle chambers of Reophax scorpiurus.

The model’s predictions become more uncertain as the
number of classes that are morphologically similar increases,
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especially when foraminiferal features are not recognizable
on the image. For trochospiral individuals, images of both
the spiral and the umbilical sides must be used in the dataset
to train the model (Marchant et al., 2020). This in turn en-
sures that the label extracts several features of a class, which
can potentially lead to complications. One possible solution
would be to create several classes that each represent the
umbilical or spiral side. However, an increased number of
classes and variables makes identification more complex and
difficult (He et al., 2015; Marchant et al., 2020). While this
study suggests that the use of CNN-based models can be used
to identify living benthic foraminifera, they still require com-
plementary expert taxonomic knowledge for accurate image
classification, particularly when processing 2D digital im-
ages (Al-Sabouni et al., 2018; Zhong et al., 2017).

4.4 Recognition of living and dead tests of the same
species

Of particular importance in assessing the ecological status of
marine sedimentary environments is the determination of the
vital status of foraminifera through the RB staining used in
marine biomonitoring studies (Schönfeld et al., 2012). Pro-
nounced visible RB staining is easier to handle for the CNN
and will provide better results in the automatic identification
of the stained foraminifera. Because the staining will fade
with time once the specimen is stored and dried in the mi-
cropaleontological slides, scanning of foraminifera should be
processed as fast as possible after picking to obtain good pic-
tures (Fig. 8). The staining from samples of intertidal At-
lantic time series is often very good in comparison to our
Mediterranean samples. In the Mediterranean samples, the
overall staining is not very pronounced, preventing us from
identifying living specimens.

Individuals of Ammonia confertitesta from the mudflat
samples (MUDSURV) were considered alive by the human
expert when cytoplasm was visible through all but the last
one to four chambers. These individuals did not necessar-
ily show strong coloration (Bernhard, 2000), which led to
misidentification of living and dead specimens by the CNN.
In general, species recognition remained easier than the vi-
tal state determination (dead or alive) of the specimen. This
seems to be, at least partly, a result of human bias through
inconsistent labeling of the training set based on stained
foraminifera and shows the importance of freshly sieved
samples with well-preserved foraminiferal tests (Bernhard,
2000).

RB-stained foraminifera (containing species with various
shell textures) from the Mediterranean samples are less easy
to identify in comparison to the ones from MUDSURV (con-
taining mainly hyaline tests), which is also why for the
Mediterranean samples only a species model was developed.
This is a typical problem for miliolid foraminifera where the
coloration is often easily visible through the shell when the
individual is in a solution, but the staining becomes less de-

tectable when the specimen is dry (Parent et al., 2021). If
foraminifera are maintained under wet conditions, the dis-
tinction between living and dead specimens is achieved more
easily. For that reason, miliolid foraminifera are often wet or
broken when hand-picked by humans (Fig. 8; Parent et al.,
2021). This cannot be applied to automatically photographed
individuals and consequently to the determination made by
the model.

4.5 Implications for ecological interpretations

4.5.1 Low-diversity intertidal study area

To evaluate the potential of automated foraminiferal identifi-
cation in ecological studies, we first focus on low-diversity
intertidal environments, where species dynamics are well-
documented and can be linked to environmental variabil-
ity. In the case of the Bourgneuf intertidal mudflat assem-
blages, Choquel et al. (2026) used species absolute abun-
dances in order to study foraminiferal dynamics through
time according to environmental parameters. In particular,
reproduction events (high-density events) were counted ev-
ery time a species’ abundance exceeded a certain limit. Ben-
thic foraminifera reproduction follows a change of genera-
tion every few months in sexual and asexual phases (Murray,
2006). These reproduction events can be influenced by envi-
ronmental factors, and because only the > 150 µm fraction is
analyzed, a time lag occurs between the actual reproduction
and observation in samples (Schönfeld et al., 2012).

The threshold value for a reproduction event was de-
termined to be above 600 living foraminifera per 50 cm3

for Ammonia confertitesta, Elphidium oceanense, and Hay-
nesina germanica and above 100 foraminifera per 50 cm3 for
Elphidium selseyense (Choquel, 2026). In the period from
October 2020 to April 2021, three high-density events could
be observed (Fig. 3). Elphidium selseyense high-density
events occurred in October 2020 and April 2021 (Fig. 3). In
October 2020, a high-density event took place for Haynesina
germanica (Fig. 3). Both of the high-density events which
occurred in October 2020 could be identified using the CNN
model with an accuracy of 67 % (Fig. 3).

In this case study based on low-diversity assemblages, we
can therefore attest that the CNN model is able to reach suf-
ficiently good results to study the seasonal dynamics of the
different foraminiferal species. Fully automating the analy-
sis of monitoring studies would enable increasing the sam-
pling frequency to monthly or bi-monthly intervals, allow-
ing a better understanding of foraminiferal responses to en-
vironmental changes in this kind of highly dynamic environ-
ment. The FOBIMO-group (Schönfeld et al., 2012) devel-
oped an international protocol for biomonitoring studies, rec-
ommending that sampling should be done once a year, prefer-
ably in autumn. To capture the variability of the environ-
ment, three replicates are necessary, yielding three samples
for one station (Schönfeld et al., 2012). Most biomonitoring

https://doi.org/10.5194/jm-45-623-2026 J. Micropalaeontology, 45, 623–652, 2026



634 T. Walla et al.: Identification of living (Rose Bengal)-stained benthic foraminifera

studies comprise several stations that are sampled seasonally
or monthly, leading to an overwhelming number of samples
(Alve et al., 2016; Bouchet et al., 2007; Burone et al., 2007;
Dubois et al., 2021; Kenigsberg et al., 2020; Morvan et al.,
2004). An automated approach saves time, enables the pro-
cessing of larger sample sets, and increases the amount of
data available on environmental dynamics while also improv-
ing taxonomic consistency by reducing operator-dependent
bias.

4.5.2 High-diversity coastal study areas

We then assess the applicability of the automated identifica-
tion model in more complex, high-diversity coastal environ-
ments, where ecological indices such as TSI-Med are used
to evaluate ecosystem quality (Barras et al., 2014; Cavaliere
et al., 2021; Dubois et al., 2021; Parent et al., 2021). De-
spite an average accuracy of ∼ 60 % for the correct identifi-
cation of the Mediterranean test foraminifera, the TSI-Med
index, on the test dataset, shows almost no differences in the
evaluation of ecosystem quality between the manual and au-
tomatic methods (Fig. 6). Unlike other indices, such as di-
versity indices (Bouchet et al., 2012) or Foram-AMBI (Joris-
sen et al., 2018), the TSI-Med requires only the identification
of a limited number of species listed as tolerant to environ-
mental stress and the accounting of the total number of liv-
ing foraminifera. Our findings indicate that taxa assigned as
tolerant according to Parent et al. (2021) are among those
yielding good accuracies as enough training pictures were
available. Examples include Cancris auricula and Leptohal-
ysis scottii. The human–machine comparison of the TSI-Med
values shows reliable automated results, indicating that the
combination of automated identification and TSI-Med calcu-
lation could be applied in studies of the ecosystem quality. To
confirm this result, it would be interesting to test the model
on samples including more species listed as tolerant since
only 8 out of 28 were present in our samples. For Foram-
AMBI (Alve et al., 2016; Bouchet et al., 2021; Jorissen et
al., 2018), all species would need to be correctly identified
with the CNN to obtain a correct value since all species are
classified into five different ecological groups from sensitive
to opportunist. Rare species would also need to be identified,
which would be more difficult due to the limited number of
images available to properly train the CNN.

4.5.3 Scientific and practical implications

The use of machine learning for the automated identifica-
tion of benthic foraminifera has the potential to substantially
transform current analytical workflows. Taxonomic identifi-
cation remains one of the main issues in foraminiferal stud-
ies, as it requires time and specialized expertise. It is impor-
tant to note that the reliability of CNN models is built upon
hundreds to thousands of expertly labeled images, underscor-

ing that such approaches depend on the essential role of tax-
onomists.

By enabling rapid and consistent species-level classifica-
tion from large image datasets, the approach presented here
could significantly reduce the processing time and facili-
tate the analysis of larger sample sets and higher-temporal-
resolution datasets. When combined with automated imag-
ing, such as the modified 3D printer setup used in this study,
CNN models could contribute to the development of inte-
grated, high-throughput systems for the analysis of benthic
foraminiferal assemblages. Such systems would enhance the
practicality of using foraminifera as bioindicators in environ-
mental monitoring programs, where rapid and standardized
assessments are increasingly needed.

5 Conclusions

Our method, based on automatic image acquisition and AI,
shows the potential and significant benefit of using convo-
lutional neural networks (CNNs) to streamline the identifi-
cation of living benthic foraminiferal species in biomonitor-
ing studies. This approach appears to be more efficient in
low-diversity ecosystems than in high-diversity ecosystems,
where the morphological space is often more complex.

This development tackles the need for long-term and high-
temporal- and high-spatial-resolution studies that are time-
consuming in terms of technical work but also face the prob-
lem of operator taxonomic bias. This would finally help to
promote the use of foraminifera as bioindicators in regula-
tions, allowing us to obtain faster and more reliable informa-
tion about the health and ecological status of our oceans and
coastal environments.
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Figure 5. Comparison of the human-based (point) vs. automatic (CNN MEDIT species model, threshold 0.8, square) counts of the four main
species from the high-diversity environment MEDIT along a sewage outlet from distal to proximal. (a) Eggerella scabra, (b) Reophax sp.,
(c) Rosalina sp., and (d) Textularia sp.

Figure 6. Comparison of the TSI-Med results derived from the human (points) and automatic (CNN MEDIT species model, threshold 0.8,
square) counting along a sewage outlet from distal to proximal. Ecological quality status is displayed by the color code: blue, green, and
yellow for “very good”, “good”, and “moderate” status, respectively (Parent et al., 2021).
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Figure 7. Relationship between training accuracy and unsure rate (unsure specimens divided by the total specimens of that species) across
species present in Mediterranean test samples. Each point represents a species (numbered 1–32; see legend), with the bubble size and color-
coding proportional to the number of test images available for that species.
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Figure 8. (a–b) Spiral (a) and umbilical (b) view of Ammonia confertitesta. The CNN has to recognize both of the sides as the same species
and also from every angle. (c–d) Degradation of Rose Bengal staining in Haynesina germanica from the Atlantic time series (MUDSURV),
complicating the CNN recognition of living specimens. Panel (c) shows a specimen with a bright pink color, indicating that it was alive
at the sampling time (preserved until scanning in ethanol), while (d) RB staining is faded even though it was considered alive at picking
time (sampling in 2016 preserved in ethanol, dried in 2017). (e–h) Porcelaneous foraminifera showing the limited visibility of whitish shells
on white background. (e–f) Adelosina spp., (g) Quinqueloculina aspera, and (h) Quinqueloculina bosciana. (i–l) Agglutinated foraminifera:
(i) Ammosclaria pseudospiralis, (j) Textularia spp., (k) Reophax spp., and (l) Lagenammina spp., showing that an assumption on the vital sta-
tus is not trivial, though for the left specimen, RB staining is visible, but determining if it is inside/outside is difficult. (k–l) Misclassifications
can also occur throughout agglutinated species because of their similar appearance through their composite material.
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Appendix A

Table A1. Sample overview. All samples shown in regular font were used for the training of the models. Samples shown in bold were used
for the segmentation training with CVAT, while the independent test samples are shown in italic. ∗ indicates raw samples scanned. MEDIT:
SCM Emi P, SCM Emi M, and SCM Emi L correspond to proximal, mid-site, and distal locations, respectively, relative to the sewage outlet.

No. Location Original name of the station Sampling date Scanning date Size fraction Training
(name used in the figures) (month/year) (day/month/year) [µm] specimens

1 MUDSURV A 02/16 29/06/23 150–315 158
2 MUDSURV A 12/16 28/06/23 150–315 42
3 MUDSURV A 01/17 28/06/23 150–315 92
4 MUDSURV A 02/17 27/06/23 150–315 70
5 MUDSURV A 03/17 29/06/23 150–315 189
6 MUDSURV A 04/17 28/06/23 150–315 152
7 MUDSURV A 07/17 27/06/23 150–315 366
8 MUDSURV A 09/17 27/06/23 150–315 235
9 MUDSURV A 10/17 27/06/23 150–315 90
10 MUDSURV A∗ 05/20 13/07/23 125–500 868
11 MUDSURV B 11/16 29/06/23 150–315 182
12 MUDSURV B 12/16 29/06/23 150–315 45
13 MUDSURV B 01/17 29/06/23 150–315 306
14 MUDSURV B 02/17 28/06/23 150–315 33
15 MUDSURV B 03/17 28/06/23 150–315 342
16 MUDSURV B 04/17 29/06/23 150–315 72
17 MUDSURV B 07/17 28/06/23 150–315 568
18 MUDSURV B 09/17 27/06/23 150–315 205
19 MUDSURV B 10/17 28/06/23 150–315 180
20 MUDSURV C 11/16 29/06/23 150–315 306
21 MUDSURV C 01/17 28/06/23 150–315 62
22 MUDSURV C 02/17 29/06/23 150–315 143
23 MUDSURV C 03/17 28/06/23 150–315 126
24 MUDSURV C 04/17 27/06/23 150–315 169
25 MUDSURV C 07/17 27/06/23 150–315 404
26 MUDSURV C 09/17 27/06/23 150–315 159
27 MUDSURV C 10/17 28/06/23 150–315 180
28 MUDSURV C 08/18 29/06/23 150–315 249
29 MUDSURV C 11/18 29/06/23 150–315 386
30 MUDSURV B 10/20 19/07/23 150–315 –
31 MUDSURV B 11/20 19/07/23 150–315 –
32 MUDSURV B 12/20 19/07/23 150–315 –
33 MUDSURV B 01/21 19/07/23 150–315 –
34 MUDSURV B 03/21 19/07/23 150–315 –
35 MUDSURV B 04/21 19/07/23 150–315 –
36 MEDIT DCE1_Aléria 04/09 04/07/23 150–500 223
37 MEDIT DCE1_Bonifacio_a 04/09 04/07/23 150–500 364
38 MEDIT DCE1_Cargèse_a 04/09 04/07/23 150–500 169
39 MEDIT DCE1_SantaGuilia_a 04/09 04/07/23 150–500 226
40 MEDIT DCE2_Agde_W 04/09 05/07/23 150–500 311
41 MEDIT DCE2_Antibes_a 04/09 05/07/23 150–500 0
42 MEDIT DCE2_Antibes 2 a 04/09 05/07/23 150–500 419
43 MEDIT DCE2_Carry_a 04/09 03/07/23 150–500 538
44 MEDIT DCE2_Frejus_a 04/09 05/07/23 150–500 416
45 MEDIT DCE2_IleLevante_a 04/09 05/07/23 150–500 137
46 MEDIT DCE2_Marseille_jetée 04/09 03/07/23 150–500 272
47 MEDIT DCE2_Sète_a 04/09 05/07/23 150–500 334
48 MEDIT DCE2_Villefranche_a 04/09 05/07/23 150–500 933
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Table A1. Continued.

No. Location Original name of the station Sampling date Scanning date Size fraction Training
(name used in the figures) (month/year) (day/month/year) [µm] specimens

49 MEDIT PLN2021_St02_C2 2021 03/07/23 150–500 212
50 MEDIT PLN2021_St32_C2 2021 04/07/23 150–500 882
51 MEDIT SCM_Emi_L_1 09/14 30/06/23 150–500 190
52 MEDIT SCM_Emi_L_GC1 05/14 26/06/23 150–500 205
53 MEDIT SCM_Emi_L_GC1 09/14 26/06/23 150–500 69
54 MEDIT SCM_Emi_M_1 09/14 30/06/23 150–500 87
55 MEDIT Emi M 1 09/14 30/06/23 150–500 57
56 MEDIT SCM_Emi_M_GC1_1 05/14 26/06/23 150–500 61
57 MEDIT SCM_Emi_M_GC1_2 05/14 03/07/23 150–500 50
58 MEDIT SCM_Emi_P_GC1_1 05/14 30/06/23 150–500 36
59 MEDIT SCM_Emi_P_GC1_2 05/14 26/06/23 150–500 54
60 MEDIT SCM_Emi_P_GC1_3 05/14 26/06/23 150–500 64
61 MEDIT SCM_Emi_P_GC1_4 05/14 26/06/23 150–500 49
62 MEDIT SCM_Emi_P_GC1_5 05/14 30/06/23 150–500 64
63 MEDIT SCM_Emi_P_GC1_6 05/14 30/06/23 150–500 68
64 MEDIT SCM_Emi_P_GC1_7 05/14 03/07/23 150–500 40
65 MEDIT SCM_Emi_P_GC1_8 05/14 30/06/23 150–500 101
66 MEDIT SCM_Emi_P_GC1_9 05/14 26/06/23 150–500 142
67 MEDIT SCM_Emi_P_GC2 05/14 30/06/23 150–500 206
68 MEDIT SCM_Ref40_1_1 09/14 30/06/23 150–500 136
69 MEDIT SCM_Ref40_1_2 09/14 26/06/23 150–500 38
70 MEDIT SCM_Emi_L_GC2 (Distal) 05/14 10/07/23 150–500 –
71 MEDIT SCM_Emi_M_GC2 (Mid) 05/14 10/07/23 150–500 –
72 MEDIT SCM_Emi_M_GC2 (Mid) 09/14 10/07/23 150–500 –
73 MEDIT SCM_Emi_P_GC3 (Proximal) 05/14 10/07/23 150–500 –
74 MEDIT SCM_Ref40_GC2 (Ref.) 05/14 10/07/23 150–500 –
75 MEDIT SCM_Ref40_GC2 (Ref.) 09/14 10/07/23 150–500 –

Appendix B

Figure B1. Example of image fusing.
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Appendix C

Table C1. Classes and number of pictures for each species in the
training dataset of the MUDSURV species/living dead models and
the MEDIT species model; ∗ indicates that this species was not used
for training because fewer than 10 pictures were available.

MUDSURV species model

Classes Pictures

Ammobaculites balkwilli 24
Ammonia confertitesta 2702
Ammotium salsum∗ 5
Elphidium oceanense 698
Elphidium selseyense 518
Haynesina germanica 2320
Psammophaga 112
Lagena∗ 1
Leptohalysis scotti∗ 3
Quinqueloculina∗ 4

Total 6387

MUDSURV living dead model

Classes Pictures

Ammobaculites balkwilli 24
Ammonia confertitesta 2196
Ammonia confertitesta dead 506
Ammotium salsum 5
Elphidium dead 332
Elphidium oceanense 593
Elphidium selseyense 291
Haynesina germanica 1597
Haynesina germanica dead 723
Psammophaga 101
Psammophaga dead 11
Lagena∗ 1
Leptohalysis scottii∗ 3
Quinqueloculina ∗ 4

Total 6387

MEDIT species model

Classes Pictures

Adelosina spp.∗ 149
Adercotryma glomerata∗ 1
Ammobaculites agglutinans∗ 1
Ammodiscus planus 18
Ammodiscus sp. 12
Ammoglobigerina globigeriniformis 13
Ammonia spp. 240
Ammoscalaria pseudospiralis 250
Astacolus sp.∗ 5
Asterigerinata mamilla 173
Astrononion stelligerum 79
Biloculinella irregularis 15
Bolivinia sp.∗ 1

Table C1. Continued.

MEDIT species model

Classes Pictures

Bolivina spathulata∗ 1
Bolivina subaenariensis∗ 1
Bolivina variabilis∗ 2
Buccella granulata 88
Bulimina aculeata 80
Cancris auricula 217
Carterina spiculotesta∗ 1
Cassidulina carinata∗ 3
Cibicides lobatulus 213
Cibicidoides ungerianus∗ 1
Clavulina cylindrica∗ 7
Cornuspira foliacea 20
Cornuspira involvens∗ 9
Cribrostomoides kosterensis 43
Cribrostomoides subglobosus 11
Cycloforina sp.∗ 1
Dentalina advena∗ 1
Dentalina haueri∗ 3
Eggerella scabra 681
Elphidium spp. 114
Fissurina spp. 33
Fursenkoina acuta 6
Fursenkoina sp.∗ 1
Gavelinopsis praegeri 59
Glandulina laevigata∗ 9
Glandulina ovula∗ 1
Glandulina sp.∗ 4
Globobulimina affinis∗ 1
Globocassidulina spp.∗ 4
Gyroidina umbonata∗ 1
Hanzawaia boueana 150
Haplophragmoides canariensis 43
Haynesina spp. 33
Hyalinonetrion clavatum∗ 1
Lachlanella undulata 12
Lagenammina spp. 294
Lenticulina peregrina∗ 2
Leptohalysis scottii 186
Melonis barleeanus∗ 1
Miliolinellla spp. 137
Miliolinella subrotunda 21
Miliolinella webbiana 19
Neoconorbina terquemi 311
Neolenticulina variabilis∗ 1
Nonion scaphum 129
Nonionella auricula ∗ 1
Nonionella turgida 86
Nouria spp. 117
Nubecularia lucifuga∗ 2
Peneroplis pertusus∗ 4
Peneroplis planatus∗ 1
Planorbulina mediterranensis 102
Planorbulina sp1∗ 3
Planorbulina sp2∗ 7
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Table C1. Continued.

MEDIT species model

Classes Pictures

Polymorphina sp.∗ 3
Polystomammina nitida∗ 1
Psammosphaera fusca 105
Pseudotriloculina sp.∗ 1
Pyrgo sp.∗ 8
Quinqueloculina aspera 174
Quinqueloculina bosciana 44
Quinqueloculina bradyana∗ 5
Quinqueloculina costata 53
Quinqueloculina disparilis∗ 4
Quinqueloculina eburnea∗ 5
Quinqueloculina laevigata 22
Quinqueloculina lamarckiana 49
Quinqueloculina seminulum 206
Quinqueloculina sp1 41
Quinqueloculina spp. 36
Quinqueloculina stalkeri 25
Quinqueloculina stelligera 27
Rectuvigerina phlegeri 190
Recurvoides sp. 62
Reophax spp. 393
Reussella spinulosa 74
Robertinoides bradyi∗ 4
Rosalina spp. 447
Rosalina vilardeboana 34
Sigmoilina grata 90
Sigmoilina sp1 13
Siphotextularia concava∗ 4
Sorites variabilis∗ 6
Spirillina sp. 134
Spiroloculina grateloupi 41
Spiroloculina sp.∗ 4
Spiroloculina spp. 16
Spiroplectinella sp.∗ 2
Stainforthia fusiformis∗ 3
Textularia spp. 326
Trifarina angulosa∗ 1
Triloculina spp. 27
Triloculina trigonula 244
Tritaxis sp. 36
Trochammina sp. 22
Trochamminula sp. 22
Valvulineria bradyana 47
Vertebralina sp.∗ 3
Vertebralina striata∗ 1

Total 7291
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Appendix D

Table D1. Metrics of the MUDSURV species model after training.

Species Precision Recall F1 score Total pictures Validation pictures

Ammobaculites balkwilli 100.00 % 100.00 % 1.00 24 5
Ammonia confertitesta 96.48 % 96.48 % 0.96 2702 540
Elphidium oceanense 91.16 % 95.71 % 0.93 698 140
Elphidium selseyense 91.49 % 82.69 % 0.87 518 104
Haynesina germanica 97.64 % 98.28 % 0.98 2320 464
Psammophaga sp. 100.00 % 100.00 % 1.00 112 22

Appendix E

Table E1. Metrics of the MUDSURV living dead model after training.

Species Precision Recall F1 score Total pictures Validation pictures

Ammobaculites balkwilli 100.00 % 100.00 % 1.00 24 5
Ammonia confertitesta 94.07 % 97.49 % 0.96 2196 439
Ammonia confertitesta dead 96.43 % 80.2 % 0.88 506 101
Elphidium dead 87.69 % 86.36 % 0.87 332 66
Elphidium oceanense 90.55 % 96.64 % 0.93 593 119
Elphidium selseyense 88.33 % 91.38 % 0.90 291 58
Haynesina germanica 98.05 % 94.38 % 0.96 1597 320
Haynesina germanica dead 93.29 % 95.86 % 0.95 723 145
Psammophaga 100.00 % 95.00 % 0.97 101 20
Psammophaga dead 66.67 % 100.00 % 0.80 11 2
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Appendix F

Table F1. Metrics of the MEDIT species model after training.

Species Precision Recall F1 score Total pictures Validation pictures

Adelosina spp. 72.72 % 80.00 % 0.76 149 30
Ammodiscus sp. 100.00 % 50.00 % 0.67 12 2
Ammodiscus planus 80.00 % 100.00 % 0.89 18 4
Ammoglobigerina globigeriniformis 100.00 % 33.33 % 0.50 13 3
Ammonia spp. 87.23 % 85.42 % 0.86 240 50
Ammoscalaria pseudospiralis 92.31 96.00 % 0.94 250 50
Asterigerinata mamilla 86.84 % 94.29 % 0.90 173 35
Astrononion stelligerum 80.00 % 75.00 % 0.77 79 16
Biloculinella irregularis 0.00 % 0.00 % 0.00 15 3
Buccella granulata 100 % 77.78 % 0.88 88 18
Bulimina aculeata 82.35 % 87.50 % 0.85 80 16
Cancris auricula 91.30 % 97.67 % 0.94 217 43
Cibicides lobatulus 69.57 % 74.42 % 0.72 213 43
Cornuspira foliacea 100.00 % 100.00 % 1.00 20 4
Cribrostomoides kosterensis 66.67 % 66.67 % 0.67 43 9
Cribrostomoides subglobosus 50.00 % 50.00 % 0.5 11 2
Eggerella scabra 88.55 % 85.29 % 0.87 681 136
Elphidium spp. 75.00 % 78.26 % 0.77 114 23
Fissurina sp. 83.33 % 71.43 % 0.77 33 7
Gavelinopsis praegeri 81.82 % 75.00 % 0.78 59 12
Hanzawaia boueana 82.35 % 93.33 % 0.87 150 30
Haplophragmoides canariensis 87.50 % 77.78 % 0.82 43 9
Haynesina spp. 83.33 % 71.43 % 0.77 33 7
Lachlanella undulata 100.00 % 50.00 % 0.67 12 2
Lagenammina spp. 75.93 % 69.49 % 0.73 294 59
Leptohalysis scottii 100.00 % 97.30 % 0.99 186 37
Miliolinella spp. 64.29 % 66.67 % 0.65 137 27
Miliolinella subrotunda 0.00 % 0.00 % 0.00 21 4
Miliolinella webbiana 100.00 % 50.00 % 0.67 19 4
Neoconorbina terquemi 89.71 % 98.39 % 0.94 311 62
Nonion scaphum 92.86 % 100.00 % 0.96 129 26
Nonionella turgida 100.00 % 100.00 % 1.0 86 17
Nouria spp. 77.78 % 91.30 % 0.84 117 23
Planorbulina mediterranensis 81.82 % 90.00 % 0.86 102 20
Psammosphaera fusca 57.14 % 57.14 % 0.57 105 21
Quinqueloculina aspera 83.33 % 85.71 % 0.85 174 35
Quinqueloculina spp. 0.00 % 0.00 % 0.00 36 7
Quinqueloculina bosciana 44.44 % 44.44 % 0.44 44 9
Quinqueloculina costata 57.14 % 36.36 % 0.44 53 11
Quinqueloculina laevigata 50.00 % 50.00 % 0.50 22 4
Quinqueloculina lamarckiana 36.36 % 40.00 % 0.38 49 10
Quinqueloculina seminulum 47.62 % 48.78 % 0.48 206 41
Quinqueloculina sp1 53.85 % 87.50 % 0.67 41 8
Quinqueloculina stalkeri 40.00 % 40.00 % 0.40 25 5
Quinqueloculina stelligera 80.00 % 80.00 % 0.80 27 5
Rectuvigerina phlegeri 94.87 % 97.37 % 0.96 190 38
Recurvoides 20.00 % 25.00 % 0.22 62 12
Reophax spp. 81.40 % 88.61 % 0.85 393 79
Reussella spinulosa 92.86 % 86.67 % 0.90 74 15
Rosalina spp. 89.66 % 86.67 % 0.88 447 90
Rosalina villardeboana 100.00 % 71.43 % 0.83 34 7
Sigmoilina grata 100.00 % 88.89 % 0.94 90 18
Sigmoilina sp1 100.00 % 66.67 % 0.80 13 3
Spirillina sp. 100.00 % 85.19 % 0.92 134 27
Spiroloculina grateloupi 100.00 % 100.00 % 1.00 41 8
Spiroloculina spp. 100.00 % 33.33 % 0.50 16 3
Textularia spp. 92.65 % 96.92 % 0.95 326 65
Triloculina spp. 50.00 % 20.00 % 0.29 27 5
Triloculina trigonula 73.21 % 83.67 % 0.78 244 49
Tritaxis sp. 100.00 % 57.14 % 0.73 36 7
Trochammina sp. 100.00 % 50.00 % 0.67 22 4
Trochamminula sp. 100.00 % 100.00 % 1.00 22 4
Valvulineria bradyana 100.00 % 100.00 % 1.00 47 9
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Appendix G

Table G1. Total abundances of foraminifera species in the Mediterranean test sample distal, 05/14; ∗ indicates species used to calculate for
the TSI-Med (after Parent et al., 2021).

Sample distal, 05/14

Human CNN

Species Amount Species Amount

Adelosina spp. 2 Adelosina spp. 1
Ammonia spp. 1 Buccella granulata 1
Asterigerinata mamilla 1 Cribrostomoides kosterensis 1
Buccella granulata 1 Eggerella scabra 4
Cribrostomoides kosterensis 1 Gavelinopsis praegeri 2
Cribrostomoides subglobosus 1 Lagenammina spp. 1
Eggerella scabra 16 Leptohalysis scottii∗ 1
Gavelinopsis praegeri 1 Neoconorbina terquemi 1
Leptohalysis scottii∗ 1 Psammosphaera fusca 3
Miliolinella spp. 1 Quinqueloculina aspera 3
Miliolinella subrotunda 1 Quinqueloculina costata 1
Neoconorbina terquemi 1 Quinqueloculina seminulum 3
Psammosphaera fusca 1 Recurvoides sp. 2
Quinqueloculina aspera 6 Reophax spp. 6
Quinqueloculina laevigata 2 Reussella spinulosa 1
Quinqueloculina seminulum 4 Rosalina spp. 1
Rectuvigerina phlegeri∗ 1 Sigmoilina grata 1
Reophax spp. 6 Triloculina trigonula 1
Reussella spinulosa 5 Trochammina sp. 1
Rosalina spp. 2 Trochamminula sp. 1
Sigmoilina grata 1 unsure 15
Spiroloculina elevata 1
Trochammina sp. 2

Total foraminifera 59 Total foraminifera 51

Number of species 23 Number of species 21
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Table G2. Total abundances of foraminifera species in the Mediterranean test sample mid, 05/14; ∗ indicates species used to calculate for
the TSI-Med (after Parent et al., 2021).

Sample mid, 05/14

Human CNN

Species Amount Species Amount

Ammodiscus planus 2 Adelosina spp. 2
Ammonia spp. 2 Ammodiscus planus 2
Asterigerinata mamilla 2 Ammonia spp. 2
Astrononion stelligerum 1 Cancris auricula∗ 1
Biloculinella cylindrica 1 Gavelinopsis praegeri 3
Bolivina dilatata∗ 1 Haynesina spp. 3
Cancris auricula∗ 1 Leptohalysis scottii∗ 2
Cribrostomoides kosterensis 1 Neoconorbina terquemi 1
Eggerella scabra 3 Nonionella turgida∗ 2
Elphidium spp. 1 Planorbulina mediterranensis 1
Fursenkoina acuta 1 Psammosphaera fusca 1
Gavelinopsis praegeri 3 Quinqueloculina aspera 1
Haynesina spp. 4 Quinqueloculina costata 1
Lagenammina spp. 2 Quinqueloculina laevigata 1
Leptohalysis scottii∗ 2 Quinqueloculina seminulum 6
Nonionella turgida∗ 2 Rectuvigerina phlegeri∗ 2
Quinqueloculina aspera 2 Reophax spp. 28
Quinqueloculina lamarckiana 1 Reussella spinulosa 2
Quinqueloculina seminulum 10 Rosalina spp. 7
Rectuvigerina phlegeri∗ 2 Textularia spp. 3
Reophax spp. 38 Tritaxis sp. 1
Reussella spinulosa 3 unsure 17
Rosalina spp. 8
Sigmoilina grata 1
Textularia spp. 2

Total foraminifera 96 Total foraminifera 89

Number of species 25 Number of species 21
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Table G3. Total abundances of foraminifera species in the Mediterranean test sample mid, 09/14; ∗ indicates species used to calculate for
the TSI-Med (after Parent et al., 2021).

Sample mid, 09/14

Human CNN

Species Amount Species Amount

Adelosina spp. 1 Ammodiscus planus 1
Ammodiscus planus 1 Ammonia spp. 1
Ammonia spp. 1 Bulimina aculeata∗ 1
Asterigerinata mamilla 1 Cancris auricula∗ 1
Bulimina aculeata∗ 1 Cibicides lobatulus 2
Cancris auricula∗ 1 Cribrostomoides kosterensis 2
Cassidulina oblonga∗ 1 Eggerella scabra 7
Cibicides lobatulus 4 Elphidium spp. 1
Cribrostomoides kosterensis 2 Gavelinopsis praegeri 3
Eggerella scabra 12 Quinqueloculina aspera 25
Elphidium spp. 1 Quinqueloculina costata 1
Gavelinopsis praegeri 3 Quinqueloculina lamarckiana 1
Polystomammina nitida 1 Quinqueloculina seminulum 3
Quinqueloculina aspera 34 Quinqueloculina sp1 1
Quinqueloculina bosciana 2 Recurvoides sp. 1
Quinqueloculina lamarckiana 2 Reophax spp. 9
Quinqueloculina seminulum 3 Rosalina spp. 6
Reophax spp. 11 Sigmoilina grata 4
Reussella spinulosa 1 Spiroloculina grateloupi 2
Rosalina spp. 5 Textularia spp. 6
Sigmoilina grata 5 Triloculina trigonula 4
Spiroloculina spp. 7 unsure 16
Textularia spp. 8
Triloculina trigonula 2
Trochammina sp. 1

Total foraminifera 111 Total foraminifera 98

Number of species 25 Number of species 21
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Table G4. Total abundances of foraminifera species in the Mediterranean test sample proximal, 05/14; ∗ indicates species used to calculate
for the TSI-Med (after Parent et al., 2021).

Sample proximal, 05/14

Human CNN

Species Amount Species Amount

Adelosina spp. 7 Adelosina spp. 9
Ammonia spp. 1 Ammonia spp. 8
Ammoscalaria pseudospiralis 2 Ammoscalaria pseudospiralis 3
Asterigerinata mamilla 1 Astrononion stelligerum 8
Astrononion stelligerum 14 Bulimina aculeata∗ 1
Brizalina difformis 1 Cancris auricula∗ 1
Bulimina aculeata∗ 2 Cibicides lobatulus 3
Cancris auricula∗ 1 Eggerella scabra 3
Cibicides lobatulus 6 Elphidium spp. 8
Cribrostomoides kosterensis 1 Gavelinopsis praegeri 1
Deuterammina dublinensis 1 Hanzawaia boueana 1
Eggerella scabra 3 Haplophragmoides canariensis 1
Elphidium spp. 6 Haynesina spp. 1
Glandulina ovula 1 Lagenammina spp. 1
Hanzawaia boueana 2 Miliolinella spp. 1
Lagenammina spp. 3 Neoconorbina terquemi 65
Miliolinella subrotunda 2 Nonionella turgida∗ 2
Neoconorbina terquemi 89 Nouria spp. 1
Nonion scaphum∗ 1 Planorbulina mediterranensis 1
Planorbulina mediterranensis 2 Psammosphaera fusca 2
Pyrulina fusiformis 2 Quinqueloculina aspera 5
Quinqueloculina aspera 19 Quinqueloculina bosciana 2
Quinqueloculina costata 1 Quinqueloculina costata 3
Quinqueloculina laevigata 11 Quinqueloculina laevigata 1
Quinqueloculina lamarckiana 2 Quinqueloculina lamarckiana 2
Quinqueloculina seminulum 11 Quinqueloculina seminulum 9
Reophax spp. 19 Quinqueloculina sp1 11
Rosalina spp. 24 Reophax spp. 15
Sigmoilina grata 8 Rosalina spp. 17
Sorites marginalis 1 Sigmoilina grata 3
Spiroloculina spp. 7 Spiroloculina grateloupi 2
Textularia spp. 72 Textularia spp. 60
Triloculina trigonula 2 Triloculina trigonula 6
Trochammina sp. 1 Trochammina sp. 1

unsure 35

Total foraminifera 326 Total foraminifera 293

Number of species 34 Number of species 34
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Table G5. Total abundances of foraminifera species in the Mediterranean test sample ref., 05/14; ∗ indicates species used to calculate for the
TSI-Med (after Parent et al., 2021).

Sample ref., 05/14

Human CNN

Species Amount Species Amount

Adelosina spp. 13 Adelosina spp. 14
Ammodiscus planus 1 Ammodiscus planus 1
Asterigerinata mamilla 4 Ammonia spp. 1
Astrononion stelligerum 1 Astrononion stelligerum 1
Bolivina variabilis 1 Eggerella scabra 9
Eggerella scabra 14 Elphidium spp. 1
Gavelinopsis praegeri 2 Gavelinopsis praegeri 1
Hanzawaia boueana 2 Hanzawaia boueana 1
Haynesina spp. 1 Haynesina spp. 1
Lachlanella bicornis 1 Lagenammina spp. 1
Laevidentalina haueri 1 Leptohalysis scottii∗ 6
Lagenammina spp. 4 Miliolinella spp. 4
Leptohalysis scottii∗ 4 Miliolinella webbiana 1
Miliolinella webbiana 2 Neoconorbina terquemi 6
Neoconorbina terquemi 6 Nonionella turgida∗ 2
Nonionella turgida∗ 1 Quinqueloculina aspera 4
Nubecularia lucifuga 2 Quinqueloculina costata 1
Parafissurina lateralis 1 Quinqueloculina laevigata 1
Quinqueloculina aspera 19 Quinqueloculina lamarckiana 9
Quinqueloculina bosciana 13 Quinqueloculina seminulum 8
Quinqueloculina costata 6 Quinqueloculina spp. 1
Quinqueloculina laevigata 2 Rectuvigerina phlegeri∗ 6
Quinqueloculina lamarckiana 16 Recurvoides sp. 1
Quinqueloculina seminulum 3 Reophax spp. 59
Rectuvigerina phlegeri∗ 5 Reussella spinulosa 10
Reophax spp. 83 Rosalina spp. 7
Reussella spinulosa 14 Sigmoilina grata 3
Rosalina spp. 11 Spiroloculina spp. 5
Sigmoilina grata 7 Textularia spp. 9
Spiroloculina spp. 13 Triloculina trigonula 9
Textularia spp. 12 Tritaxis sp. 2
Triloculina spp. 2 unsure 57
Vertebralina striata 4

Total foraminifera 271 Total foraminifera 242

Number of species 33 Number of species 30
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Table G6. Total abundances of foraminifera species in the Mediterranean test sample ref., 09/14; ∗ indicates species used to calculate for the
TSI-Med (after Parent et al., 2021).

Sample ref., 09/14

Human CNN

Species Amount Species Amount

Ammodiscus planus 1 Ammodiscus planus 1
Asterigerinata mamilla 1 Asterigerinata mamilla 2
Cibicides lobatulus 2 Gavelinopsis praegeri 4
Gavelinopsis praegeri 4 Lagenammina spp. 1
Lagenammina spp. 1 Nonionella turgida∗ 1
Nonionella turgida∗ 1 Psammosphaera fusca 1
Psammosphaera fusca 2 Quinqueloculina aspera 8
Quinqueloculina aspera 14 Quinqueloculina lamarckiana 2
Quinqueloculina laevigata 1 Quinqueloculina seminulum 1
Quinqueloculina lamarckiana 2 Quinqueloculina sp1 1
Rectuvigerina phlegeri∗ 1 Quinqueloculina spp. 1
Reophax spp. 3 Rectuvigerina phlegeri∗ 1
Rosalina spp. 2 Reophax spp. 3

Rosalina spp. 1
unsure 7

Total foraminifera 35 Total foraminifera 35

Number of species 13 Number of species 14

Code availability. All source code associated with this study
is openly available. Detailed instructions for building the
imaging setup and operating the Sashimi imaging system
are provided under https://github.com/microfossil/particle-scanner
(https://doi.org/10.5281/zenodo.21670445, Lanoy et al., 2026).
The CNN training scripts used in this study were described
by Marchant et al. (2020) and are available via Zenodo
(https://doi.org/10.5281/zenodo.3996358, geometrikal, 2020) and
GitHub (https://github.com/microfossil/particle-classification, last
access: 18 March 2026). The ParticleTrieur software package, used
for labeling and the automated classification of foraminifera im-
ages, is available through https://particle-classification.readthedocs.
io/en/latest/ (last access: 18 March 2026) and https://github.com/
microfossil/particle-trieur (last access: 18 March 2026) (Marchant
et al., 2020).

Data availability. All data, models, and pictures
used in this study are publicly available on Zenodo
(https://doi.org/10.5281/zenodo.20266790, Walla et al., 2026).

Sample availability. All samples are stored in the collection of
the Laboratoire de Planétologie et Géosciences (LPG), University
of Angers, France.
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