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Abstract. Benthic foraminifera tests preserved in marine sediments are well-established proxies for bottom-
water dynamics, yet their minute size and high diversity demand laborious manual identification of hundreds
of individuals to reconstruct subtle faunal shifts and are prone to observer-dependent taxonomic inconsisten-
cies. The recent advances in image acquisition hardware and image identification software have made it possible
to acquire and identify large image datasets quickly. Here, we trained convolutional neural networks (CNNs)
to identify benthic foraminifera morphospecies from 31 samples from two sedimentary cores from offshore
Peru, spanning the past 18 000 years. Our best-performing model achieves 92 % overall classification accuracy,
93.4 % precision, and 92.4 % recall, enabling high-temporal-resolution reconstructions of benthic foraminifera
assemblages along the Peruvian margin. Automated outputs closely matched manual results across 31 samples,
from counts and relative abundances to diversity indices, multivariate assemblage patterns, and dissolved oxygen
estimates, indicating the suitability of automated identification for paleo-ecological applications. The highest-
performing CNN model (trained on a dataset of 5860 images) from this study can be adapted to analyse benthic
foraminifera from equivalent depths of the Peruvian margin, providing high-resolution insights into the east-
ern tropical Pacific oxygen minimum zone (OMZ). In addition to offering a scalable, objective alternative for
high-temporal-resolution analysis of benthic foraminifera, this study also highlights the current limitations of
automated workflows.

1 Introduction

Foraminifera, unicellular protists abundant from the coast to
the deep ocean, are key microfossils utilized to study past
ocean conditions. Fossil evidence places the first appear-
ance of foraminifera in the early Cambrian, yet molecular
data point to a Neoproterozoic origin, hidden by their absent
or fragile early tests (Pawlowski et al., 2003). Their small
size, high sensitivity to the ambient environment, rapid evo-
lution, and high diversity make them an excellent biostrati-

graphic and paleoceanographic tool (e.g. Sen Gupta, 1999;
Schiebel and Hemleben, 2017). Foraminiferal assemblages
are typically analysed using a binocular microscope, with
each sample often requiring the picking (isolating the spec-
imens), the counting, and the identification of over 300 in-
dividuals to ensure statistically robust and reliable results
(Patterson and Fishbein, 1989; Schönfeld et al., 2012). This
process is time-consuming, requiring months to years of
training, and is prone to inter-observer variability (e.g. Al-
Sabouni et al., 2018; Mitra et al., 2019). The complexity is
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further increased by the fact that there are around 50 000
species of foraminifera, with about 9000 still existing to-
day (Hayward et al., 2025; Murray, 2008), of which about
50 are planktonic (Brummer and Kučera, 2022). Mitra et al.
(2019) found that taxonomists’ ability to identify species ac-
curately depends largely on their prior experience with those
specific species. Yet, greater overall experience in taxon-
omy does not always lead to improved precision in species
identification (Austen et al., 2016; Al-Sabouni et al., 2018).
Furthermore, this identification process becomes particularly
challenging for high-temporal-resolution studies of sediment
cores, where a greater number of samples is needed to cap-
ture finer timescales. Achieving precise and consistent data
across numerous samples complicates the analysis and in-
creases the time required for such studies.

Recent advances in automated identification techniques,
including convolutional neural networks (CNNs: the artifi-
cial neural networks trained on image datasets to find pat-
terns and utilize this information to classify a new dataset;
Marret, 2023) and deep-learning algorithms, have revolu-
tionized microfossil studies by improving the speed and ac-
curacy of species identification (e.g. Dollfus and Beaufort,
1999; Beaufort and Dollfus, 2004; Mitra et al., 2019). More-
over, the development of automated imaging systems has
enabled the rapid acquisition of thousands of images with
minimal human intervention. Such methods have been suc-
cessfully applied to a variety of fossil groups, including coc-
coliths (Beaufort et al., 2014), radiolarians (Tetard et al.,
2020), planktonic foraminifera (Mitra et al., 2019; Hsiang
et al., 2019; Johansen et al., 2021; Marchant et al., 2020;
Carvalho et al., 2020), benthic foraminifera (Johansen et al.,
2021; Marchant et al., 2020; Carvalho et al., 2020; Plavetić et
al., 2025), fusulinids (Pires De Lima et al., 2020), graptolites
(Niu and Xu, 2022), pollen grains (Gimenez et al., 2024), and
diatoms (Godbillot et al., 2024). There has been a growing in-
terest in the automated identification of foraminifera in recent
years, driven by their small size, easy extraction, morpho-
logical diversity, abundance, and crucial role in paleontol-
ogy and stratigraphy (Hsiang et al., 2019; Mitra et al., 2019;
Pires De Lima et al., 2020; Carvalho et al., 2020; Marchant
et al., 2020; Plavetić et al., 2025). User-friendly, open-source
software such as ParticleTrieur (Marchant et al., 2020; https:
//github.com/microfossil/particle-trieur, last access: 5 Au-
gust 2025), which requires neither high computing power nor
specialized training, has opened new avenues for paleontolo-
gists to incorporate CNNs into their workflow. By merging
machine learning techniques with micropaleontology, vast
datasets can be processed quickly and at low cost. How-
ever, despite their transformative potential, CNNs still rely
on extensive training with large datasets of labelled images.
So far, regarding foraminifera, their successful application
has been more common for planktonic forms as they com-
prise fewer species and show fewer variations in test shapes,
chamber arrangements, wall compositions, and aperture mor-
phologies compared to benthic foraminifera (Schiebel et al.,

2018; Gooday et al., 2008; Debenay, 2012; Murray, 2008).
For example, Mitra et al. (2019) used CNNs to identify
1437 specimens of planktonic foraminifera (> 250 µm, six
species), achieving precision (defined as the percentage of
images labelled as class X that are truly X) comparable to
and recall (defined as the percentage of actual class-X im-
ages that the model identified correctly) higher than that of
taxonomists. A substantially larger dataset of modern plank-
tonic foraminifera, mostly from core top sediments, compris-
ing 27 737 training and 6903 test images (35 species) of high
quality, was used by Hsiang et al. (2019), achieving a vali-
dation accuracy of 87 %. However, the study only retained
specimens with high on-screen agreement among experts,
e.g. at least 75 % agreement among four taxonomists for
24 569 specimens; the dataset overrepresents canonical spec-
imens that are easier to identify from 2D photographs. The
higher morphological diversity of benthic foraminifera im-
plies that CNN-based approaches developed for planktonic
foraminifera cannot be directly transferred to benthic assem-
blages without methodological adaptation.

Research on species-level automated identification of ben-
thic foraminifera using CNNs remains limited; to the best of
our knowledge, there are four peer-reviewed studies. Their
morphological complexity and interspecies similarities make
identification far more challenging, requiring significantly
larger and more diverse image datasets. Marchant et al.
(2020) successfully applied ResNet50 to identify a set of fos-
sil benthic foraminifera species (12 species) from a north-
eastern Pacific core and achieved comparable relative abun-
dance trends among manual and automated identification.
Kahanamoku-Meyer et al. (2024) compiled 10 827 benthic
foraminifera images from the Santa Barbara Basin spanning
the past 800 years, covering 77 species, though only 28 had
more than 10 specimens. The data were split according to a
ratio of 80 / 10 / 10 into training, validation, and test sets. A
ResNet50 transfer-learning classifier reached 80.6 % species-
level and 85.6 % genus-level validation accuracy compared
to the on-screen image identification by six undergradu-
ate students, but rare species showed very high misclas-
sification. Yayan et al. (2024) reported the best accuracy
of 90 % (ResNet50) for benthic foraminifera identification
(nine species), yet the cited image source is Endless Forams,
which is a repository of modern planktonic foraminifera im-
ages (Hsiang et al., 2019). Moreover, train and test image sets
were generated by randomly splitting images from the same
folder, a procedure that risks data leakage and can inflate
performance estimates. Most recently, Plavetić et al. (2025)
applied the YOLO (You Only Look Once) object detection
model to images of picked benthic foraminifera and raw sed-
iment from Skagerrak fjords, distinguishing 29 species with
a mean average precision of 78.8 %–90.3 % across models.

In this study, we trained a CNN to identify benthic
foraminiferal morphospecies from the oxygen minimum
zone (OMZ) off the coast of Peru. This region is crucial for
studying past climatic and oceanographic variations as the
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highly productive Peruvian upwelling system preserves these
variations in laminated sediments, enabling high-temporal-
resolution paleo-oxygenation and paleo-productivity recon-
structions (Salvatteci et al., 2016). To do so, we built upon
the methodology of Marchant et al. (2020). However, since
each ocean basin has distinct species compositions, sed-
iment characteristics, and intraspecific variations, a sepa-
rate CNN model was necessary for this region. We trained
three CNN models using ∼ 100, ∼ 200, and ∼ 400 speci-
mens per species, with additional refinement by adding more
images of the most abundant and morphologically variable
species. We then compared manual (under binocular) and au-
tomated identification across 31 samples (from ∼ 18 kyr BP
to the late Holocene), evaluating how classification accuracy
varies. By analysing the impact of dataset size and species-
specific adjustments on classification performance, this study
provides insights into the strengths, limitations, and poten-
tial improvements in automated foraminiferal identification
while providing an open-source reference dataset for fu-
ture automated benthic foraminifera identification in the re-
gion. Downcore, time-resolved reconstructions are beyond
the scope of this methodological contribution and will be pre-
sented in a separate publication.

2 Materials and methods

2.1 Sampling site

Foraminifera samples were collected from two gravity ma-
rine sediment cores retrieved off the coast of Peru during the
Galathea-3 expedition (Salvatteci et al., 2014, 2019) (Fig. 1a,
b). Cores G10 (5.22 m length; 14.23° S, 76.4° W; 312 m wa-
ter depth) and G14 (5.25 m length; 14.38° S, 76.42° W; 390 m
water depth) were taken from the current core of the OMZ
(200–400 m water depth), which extends from 50 to 500 m
(Fuenzalida et al., 2009; Salvatteci et al., 2016). Based on
the age models of Salvatteci et al. (2016), core G14 covers
the time interval from 25.2 to 13.4 kyr BP, while core G10
covers 10.3 to 0.4 kyr BP.

2.2 Sample preparation

Sediment samples were wet sieved using a 125 µm sieve, and
the > 125 µm fraction was retained for analysis (Fig. 1c).
The > 125 µm fraction was used for all samples to ensure
methodological consistency as, in some cases, only this frac-
tion remained available after prior analyses. Previous studies
from the Peruvian margin used a range of size fractions, in-
cluding > 63 µm (e.g. Oberhänsli et al., 1990; Mallon, 2012;
Erdem and Schönfeld, 2017), > 125 µm (Heinze and We-
fer, 1992; Oberhänsli et al., 1990), and > 150 µm (Malmgren
and Funnell, 1990). Although a direct sieve size compari-
son is not available for Peru, this choice aligns with OMZ
studies elsewhere that reported broadly comparable commu-
nity structure across sieve sizes (e.g. the Arabian Sea (63–

125 vs. > 125 µm; Caulle et al., 2014), the Gulf of Alaska
(> 63, 63–125, > 125 µm; Sharon et al., 2021), the Cali-
fornia margin (> 150 vs. > 63 µm; Palmer et al., 2020)).
Smaller size classes increase misidentification rates (Fen-
ton et al., 2018) and disproportionately include propagules
and juveniles lacking diagnostic features, thereby obscuring
species-level patterns (Hermelin, 1986; Lo Giudice Cappelli
and Austin, 2019).

The foraminiferal residues were then dried in an oven
at 40 °C. Samples were split to achieve a count of at least
300 specimens unless the total number of foraminifera was
less than 300 in the sample (species counts are available
at https://www.seanoe.org/data/00976/108821, last access: 3
October 2025). Taxonomic identification of 31 samples (16
samples from core G10 and 15 from core G14) was per-
formed under a binocular microscope (Leica MZ16) before
the image acquisition. In 16 of these samples, foraminifera
were manually picked and placed onto Plummer cells with
a black background for taxonomic determination. In the re-
maining 15 samples, foraminifera were directly identified
and counted under the microscope. The taxonomic identifi-
cation of benthic foraminifera (Fig. 2) was based on standard
references for the eastern Pacific Ocean (Erdem and Schön-
feld, 2017; Mallon, 2012; Resig, 1981; Smith, 1963; Cush-
man and McCulloch, 1942).

2.3 Image acquisition

For image acquisition, foraminifera were photographed ei-
ther directly on the Plummer cells (for 16 samples) or within
the > 125 µm residue spread on a plate (for 15 samples). The
latter approach eliminates the need for the time-consuming
task of manual picking. Various background plates (ranging
from grey to black) were tested, and we ultimately chose
a 3D printed black plate with the least reflective surface,
along with black background Plummer cells. The photogra-
phy setup consists of a 3D printer with a camera attached
(Fig. 1d). We used a 4× telecentric lens with a resolution
of 3.45 µm2 per pixel. The plate (or Plummer cell) was illu-
minated by a ring light at a 30° angle. Due to the camera’s
limited depth of field (90 µm), images were captured at mul-
tiple depths and were later stacked using the image stack-
ing software HeliconSoft (Helicon Soft Ltd.). A slight over-
lap (300 µm) was maintained between images to minimize
the loss of foraminifera at the edges. The images were sub-
sequently stitched together with a custom image processing
algorithm using Python to create seamless, high-resolution
composite images (code will be uploaded to GitHub). After
stitching, we re-cut the composite image into its original tile
sizes, each tile with its coordinates, which were used in the
next steps for duplicate removal.
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Figure 1. Flowchart depicting the classification and automation workflow of foraminifera. Blue arrows represent training, and black arrows
represent model application. (a) Core location, (b) sample extraction from core, (c) wet sieving, (d) image acquisition, (e) model training
and application. ResNet50: residual network with 50 layers. CVAT: computer vision annotation tool.

2.4 Segmentation

Segmentation is a necessary step to differentiate all the par-
ticles in a sample into a few major classes and obtain crops
of each particle (Fig. 1e). Godbillot et al. (2024) detailed the
segmentation process. We used the computer vision annota-
tion tool (CVAT) to draw boxes around all of the particles
in 50 randomly selected images captured by the camera. We
trained two Faster region-based CNN (R-CNN) models, one
for Plummer cells (as it mainly has only foraminifera) and
one for raw sediments on a black plate (with foraminifera and
other particles). Each box was assigned to one of five cate-
gories: benthic foraminifera, planktonic foraminifera, debris
(diatom, radiolarian, fish bone, or sediment), cut (a parti-
cle truncated at the image boundary), or fragment (a broken,
unidentifiable piece of foraminifera) (Fig. 3). The Faster R-
CNN model was then trained using these annotated images.

Afterwards, images of each sample were uploaded to CVAT,
and the model was applied to obtain cropped images of all of
the particles classified into each category, separated into five
folders. The specifications of the computer system used for
segmentation are given in Appendix A.

2.5 Benthic foraminifera classification using CNN

Following segmentation, cropped foraminifera images were
processed using ParticleTrieur for classification (Fig. 1e). For
this study, we used a CNN-based classifier using ResNet50
architecture (He et al., 2015; Marchant et al., 2020) and
the MiSo-2v 3.0.6 library. To ensure robust classification,
species labels in the training set accounted for natural mor-
phological variations. The total number of images in each
model is 1690 for M-1, 3155 for M-2, 5455 for M-3, and
5860 for M-4. For each model, 80 % of the images were allo-
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Figure 2. Foraminifera images obtained from automation setup (a in each pair) and scanning electron microscope (b in each pair). Each pair
represents one class for the CNN models. The images in each pair are not of the same foraminifera specimen. (1) Bolivina humilis, (2) Bolivina
plicata, (3) Pseudoparrella pacifica, (4) Bolivina advena, (5) Cassidulina limbata, (6) Ebuliminella curta, (7) Bolivina seminuda, (8) Loxo-
tomum pseudobeyrichii, (9) Bolivina costata, (10) Epistominella obesa, (11) Epistominella pacifica, (12) Suggrunda porosa, (13) Nonionella
spp. (i) Nonionella auris, (ii) Nonionella stella, (14) Fursenkoina spp. (i) Fursenkoina fusiformis, (ii) Fursenkoina sp., (iii) Fursenkoina
texturata, (15) Buliminella elegantissima.

cated to training and 20 % to validation. Three CNN models
(M-1, M-2, and M-3) were trained on all the major species
(Bolivina humilis, B. costata, B. seminuda, B. plicata, B. ad-
vena, Ebuliminella curta, Fursenkoina spp., Epistominella
obesa, Pseudoparrella pacifica, Suggrunda porosa, and Cas-
sidulina limbata) and less abundant species (Buliminella el-
egantissima, Bolivina pacifica, Loxotomum pseudobeyrichii,
and Nonionella spp.) present in our samples from across the

core using increasing dataset sizes. Here, we define major
species as those comprising≥ 1 % of individuals in our man-
ual counts (across all samples combined) and less abundant
species as those comprising < 1 %. For each major species,
the number of specimens is ∼ 100 in M-1, ∼ 200 in M-2,
and ∼ 400 in M-3. The less abundant species are added to
each model in low numbers (see Table 1) based on the avail-
able number of photos and to keep the training data repre-
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Figure 3. Segmentation of different classes in CVAT. The five classes, including benthic foraminifera, debris, cut, fragment, and planktonic
foraminifera, are bounded by rectangles of different colours.

sentative of actual samples. However, the species with fewer
than 10 images were not included as this would force the
model to learn a decision boundary from very few exam-
ples, which tends to produce unstable predictions and can de-
grade the performance of other classes. The number of spec-
imens of each species in different models is listed in Table 1.
Species with a very close morphological resemblance, e.g.
Fursenkoina fusiformis, F. texturata, and Fursenkoina sp.,
were assigned to a single class, i.e. Fursenkoina spp. Af-
ter training, each model generated a confusion matrix (i.e.
a matrix that compares the model’s predicted labels to the
true labels) (Fig. 4) and identified mislabelled species (Fig.
5), along with providing performance metrics. These out-
puts helped refine model accuracy and recall by correctly
labelling the misidentified species and adding more images
for species with low classification accuracy and recall. We
reran M-3 five times to see the fluctuation in performance. Fi-
nally, to further improve performance metrics, a fourth model
(M-4) was developed by incorporating additional specimens
of the most abundant species with high morphological vari-
ability (Bolivina humilis, Fursenkoina spp., and Suggrunda
porosa). The images used to train the model were different

from the ones the model was applied on to avoid circular-
reasoning bias.

2.6 Model application

Before applying the model for species identification, dupli-
cate images were removed in two steps. First, we applied a
custom algorithm (which will be released on GitHub) to the
foraminifera crops to flag duplicates based on the overlap in
coordinates between image pairs. Next, the images were up-
loaded to ParticleTrieur, where remaining duplicates were re-
moved using a 97 % similarity threshold based on the feature
vector (kNN (k nearest neighbour)-based clustering tech-
nique). Finally, the best-performing pretrained CNN model
(M-4) was applied to determine species counts. The auto-
mated counts were compared to manual taxonomic counts
conducted by a micropaleontologist following the standard
counting procedures. The CNN identification threshold for
model application was set at 50 %, e.g. if a specimen had
50 % similarity to B. humilis, 30 % similarity to B. seminuda,
and 20 % similarity to B. pacifica, it would be identified as
B. humilis. Raising the threshold to 70 %–80 % increased the
proportion of specimens relegated to an “unsure” category
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Figure 4. Confusion matrix of four CNN models (M-1 to M-4). The dataset contained 1690 images for M-1, 3155 for M-2, 5455 for M-
3, and 5860 for M-4, with 80 % used for training and 20 % for validation. Species names and the number of individuals in the validation
set are listed on the left. Each cell indicates the percentage of images from the true class (rows) that were predicted as the corresponding
class (columns). Perfect classification is indicated by 100 % values along the diagonal, while off-diagonal values reflect misclassifications,
indicating inter-class confusion.
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Figure 5. Example of the images that create confusion for the model. The image in the top-left corner (purple border) of each composite
image is mislabelled according to the model, and it suggests a different name (in purple) based on the surrounding training images. (a) Ebu-
liminella curta (top-left corner) is suggested to be Epistominella obesa by the model; it also shows other Epistominella obesa specimens for
comparison. (b) The model suggests that the “other particle” is Fursenkoina spp. (c) Nonionella spp. is confused with Epistominella obesa.
(d) Ebuliminella curta is confused with Bolivina advena.

(e.g. a best match of 70 % would remain “unsure” under an
80 % threshold setting). A total of 15 % of specimens were
labelled as unsure when the threshold was 80 % while only
3 % were labelled as such when the threshold was 50 %.

3 Results and discussion

3.1 CNN training

Our analyses showed that training-data size affects model
performance. Increasing the per-species training images

from∼ 100 to∼ 400 raised the overall accuracy from 87.3 %
to 91.0 % and the recall from 87.7 % to 91.1 % (Fig. 4, M-
1 and M-3). We ran M-3 five times to assess run-to-run
variability. Accuracy ranged from 91 % to 92.0 %, precision
ranged from 90.8 % to 92.0 %, and recall ranged from 91.4 %
to 91.8 %. We then expanded the training set by adding ad-
ditional specimens of the most abundant and morphologi-
cally variable species in our samples, Bolivina humilis (125),
Fursenkoina spp. (155), and Suggrunda porosa (135). This
enhanced the performance in terms of precision (93.4 %), re-
call (92 %), and accuracy (92 %) (Fig. 4, M-4), consistently
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with the trend reported by Zhong et al. (2017) for planktonic
foraminifera. The results highlight the need for a training
set that accurately reflects the distribution and morphologi-
cal variation of foraminifera in the samples to prevent over-
or under-representation of species.

The recall and precision metrics of our best-performing
model (M-4) (92 % and 93.4 %, respectively) surpass those
of earlier studies employing machine learning and image pro-
cessing techniques for foraminiferal classification. For in-
stance, Hsiang et al. (2019) reported an accuracy of 89 %
for planktonic foraminifera, while Marchant et al. (2020)
achieved 89 % accuracy and 80.7 % recall for benthic species
and 90.7 % accuracy with 77.6 % recall for planktonic
species. Also, the previous works reported recall rates below
80 % for several species (e.g. Marchant et al., 2020; Hsiang
et al., 2019), whereas our model M-4 achieved recall exceed-
ing 90 % for all but three species (B. advena, B. seminuda,
and E. obesa).

Additionally, we tested the impact of different orienta-
tions of each species on classification accuracy. While we
attempted to include images of species in different orienta-
tions, we noticed that most species tend to land on the plate
in a distinctive position, and artificially (with a brush) alter-
ing their orientation led to misclassification. For example,
Bolivina humilis constantly lies flat with its aperture on the
side, with only a few specimens positioned vertically. More-
over, species that require 3D views for accurate identifica-
tion and that represent similar ecological conditions, such
as Fursenkoina texturata, Fursenkoina sp., and F. fusiformis,
were lumped together as Fursenkoina spp. (high photodetri-
tus input; low oxygen; Das et al., 2017) due to the difficulty in
distinguishing them in 2D images and co-occurrence in sam-
ples. Interestingly, while humans often misidentify species
within the same genus due to morphological similarities, ma-
chine learning models tend to make misclassifications that
are not always phylogenetically conservative (Hsiang et al.,
2019; Pires De Lima et al., 2020). For example, the model
confused different species like Epistominella obesa and Ebu-
liminella curta (Fig. 5a), as well as Nonionella spp. and Epis-
tominella obesa (Fig. 5c), due to similarities in light reflec-
tion patterns and outline. This suggests that CNNs focus pri-
marily on visual features without incorporating the contex-
tual or phylogenetic knowledge that human experts use, in-
dicating a fundamental difference in classification behaviour
between human experts and machine learning models. Some
species, especially Fursenkoina spp., were confused with the
“other particles” class due to their fragile and translucent
tests that often show partial breakage (Fig. 5b). Additionally,
some specimens that were altered or had surface deposits
were misclassified, which can be attributed to the lack of their
representation in the training data (Fig. 5d), highlighting the
challenges of capturing fine morphological details in auto-
mated identification systems.

3.2 Model application

In this study, we compared automated and manual counting
of benthic foraminifera from 31 samples to evaluate model
performance. Automated and manual counts show a strong
correlation for most species and samples (Figs. 6 and 7). No-
tably, our model successfully differentiated between Boliv-
ina species despite their significant morphological similar-
ities (Marchant et al., 2020). However, despite the strong
positive correlations between AI and manual counts (Fig.
7), some differences between the two methods can be no-
ticed. For each species, we tested whether the distribution
of paired differences between automated and manual counts
across samples was normal using the Shapiro–Wilk test; the
assumption was not met (p < 0.05). We therefore applied the
Wilcoxon signed-rank test (paired), which indicated signifi-
cant differences for all species except Epistominella obesa
and Fursenkoina spp. The direction of the effect, with auto-
mated counts that were generally higher, is consistent with
slight overcounting by the automated workflow (Fig. 6c),
likely due to misidentification of fragments as foraminifera.
However, Bolivina humilis, the most dominant species in
our samples, exhibits the highest discrepancy between au-
tomated and manual counts, with the human count being sig-
nificantly higher (Fig. 6c). This is probably because humans
tend to assign a species identity that is most common in sam-
ples to ambiguous individuals (Hsiang et al., 2019), a bias
known as “pull towards the common” that does not influ-
ence CNNs (Hsiang and Hull, 2022). Historically, Bolivina
humilis was considered to be a variety of Bolivina seminuda
(Bolivina seminuda var. humilis) by Cushman and McCul-
loch (1942) before being recognized as a separate species.
Although these species exhibit morphological differences,
such as a sub-cylindrical cross-section in B. seminuda vs. an
oval cross-section for B. humilis, they can be difficult to dif-
ferentiate in a 2D view (García-Gallardo et al., 2021). Over-
all, our model performed well in identifying both species (B.
seminuda and B. humilis), with a high correlation between
automated and manual counts.

Most misclassifications occurred in samples where
foraminifera were crowded (touching each other) or where
abundant diatoms were attached to the foraminifera tests. To
minimize such errors, proper spreading of sediment residues
on the imaging plate is necessary, and a quick preliminary
check under a binocular microscope to ensure adequate spac-
ing between particles is recommended. Some specimens of
Bolivina advena and Bolivina plicata were confused with
each other, probably due to their similar surface texture and
overall morphology, especially in juveniles. A similar issue
occurred with Loxotomum pseudobeyrichii as its early cham-
bers resemble those of Bolivina humilis, leading to misiden-
tification as B. humilis. Additionally, Bolivina pacifica con-
sistently had higher automated identification counts (Fig. 6),
likely due to its close morphological similarity with Bolivina
seminuda (Tetard et al., 2024).
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Figure 6. (a) Pie charts summarizing the relative proportions of species based on manual counts (left) and automated counts (right) from
all 31 samples considered together. The numbers on the pie charts show the number of specimens of each species. (b) Box-and-whisker
plots show the median and interquartile range of per-sample species’ counts, comparing the automated vs. manual identification. Diamonds
indicate means. (c) Paired per-sample differences in counts (automated−manual) for each species. Grey points represent individual samples,
while black points indicate mean differences.
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Table 1. Comparison of four classification models based on performance metrics and training-data distribution (80 % images were used for
training and 20 % for validation).

Model M-1 M-2 M-3 M-4

Recall 87.70 % 90.60 % 91.70 % 92 %
Precision 87.80 % 90.90 % 90.80 % 93.40 %
Overall accuracy 87.30 % 90 % 91 % 92 %
F1 score 87.8 90.74 91.74 92.9

Number of images per species Bolivina humilis 105 310 415 535
Fursenkoina spp. 105 205 400 555
Suggrunda porosa 100 205 405 540
Bolivina costata 105 210 405 405
Bolivina advena 105 210 365 365
Bolivina plicata 105 210 405 400
Ebuliminella curta 105 205 395 395
Epistominella obesa 100 205 395 395
Cassidulina limbata 105 200 390 395
Bolivina seminuda 100 215 400 405
Pseudoparrella pacifica 100 205 395 395
Bolivina pacifica 100 110 110 110
Nonionella spp. 100 155 155 155
Loxotomum pseudobeyrichii 100 110 160 160
Buliminella elegantissima 50 55 55 55
Planktonic foraminifera 100 140 200 195
Other particles 105 205 405 400

Total images 1690 3155 5455 5860

We observed that B. elegantissima is overrepresented in
the training dataset as compared to its actual abundance in
test samples. As a result, the CNN identified B. elegantissima
in samples where, according to human counts, it was absent
(Fig. 6). This highlights the importance of a well-balanced
training dataset that accurately reflects the real-world species
distributions. Moreover, it highlights a fundamental limita-
tion of CNN models trained on region-specific data. Such
models may not generalize well to other areas, leading to
erroneous classifications due to variations in species assem-
blage composition and distribution.

Species that were either absent from the training dataset or
present but unrecognized due to variations in orientation or
morphology were categorized as “unsure” by the model. One
pitfall of automated identification can be the failure to rec-
ognize species absent from the training data. However, sys-
tematically reviewing the “unsure” image folder provides an
opportunity to detect novel or misclassified species, thereby
addressing this concern and ensuring continuous taxonomic
discovery; e.g. we found some individuals of extremely rare
species that were absent in training data, like Virgulinella
fragilis, in the “unsure” folder. It should be noted that the
most abundant species, i.e. Bolivina humilis and Fursenkoina
spp., show the strongest correlation between manual and au-
tomated counts (Fig. 7) despite their morphological variabil-
ity, suggesting that enlarging the sample size helps to smooth
out discrepancies between the two methods.

3.3 Influence of imaging background

A sufficient number of high-quality images and consistency
in imaging conditions (lighting, exposure, zoom) are the ba-
sis for developing an accurate CNN model. We observed
that slight variations in the background do not significantly
impact the performance of the CNN model. Two types of
background materials were employed: Plummer cells with a
black paper background for picked specimens and a darker
3D-printed non-reflective black plate for raw sediments. To
assess whether background colour affected model perfor-
mance, we compared manual and automated classifications
using Welch’s t test (a variant of Student’s t test that does
not assume equal variances between groups; Welch, 1947).
Mean relative abundance errors were nearly identical be-
tween backgrounds (2.2 % vs. 2.5 %; t =−0.84, p= 0.40),
and mean absolute count errors likewise showed no differ-
ence (15.1 vs. 17.6 specimens; t =−1.00, p= 0.32). These
results demonstrate that background colour exerted no sys-
tematic influence on CNN performance.

4 Ecological implications

Paleo-ecology, paleo-oxygenation, and paleo-flux of organic
matter are usually reconstructed using relative abundances of
benthic foraminifera (e.g. Di Bella and Casieri, 2011; Goo-
day, 2003; Sharon et al., 2021; Tavera Martínez et al., 2022),
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Figure 7. Regression plots comparing manual counts (x axis) and automated counts (y axis) for the most abundant species. Each plot shows
samples as orange dots, a regression line (black) with the corresponding R2 value, and a dashed perfect-agreement line.

and indices based on them, e.g. the infaunal / epifaunal (I/E)
ratio (Rathburn and Corliss, 1994), Benthic Foraminiferal
Oxygen Index (BFOI) (Kaiho, 1994, 1999), Extended Ben-
thic Foraminiferal Assemblage (BFAex) index (Tetard et al.,
2024), and diversity (e.g. Castillo et al., 2017; Erdem et al.,
2020; Tetard et al., 2017), as the absolute abundances are
influenced by sedimentation rate and sediment volume. The
comparison of relative abundances (Fig. 8) obtained from
manual and automated workflows demonstrated that, in the
regression plots of major taxa, the data points cluster tightly
along the 1 : 1 line, with high R2 (> 0.8 in most cases). This
indicates that the CNN reproduces species proportions al-
most exactly as a taxonomist would do (also see Fig. 9).
Notably, there is no large bias; e.g. the dominant Boliv-
ina humilis often thriving under low-oxygen conditions re-
mains dominant in the automated counts, while other species
showed comparable relative abundances in both methods.
The low R2 value in the case of Bolivina costata is mainly

due to a few outliers as the rest of the samples cluster around
the regression line.

Figure 10a compares manual (red) versus automated (pur-
ple) counting based on three key indices, namely Evenness
(Pielou, 1966), Shannon diversity (H ) (Shannon, 1948), and
Simpson diversity (1-D) (Simpson, 1949), of the same sam-
ples. The paired t test for automated and manual indices
for Shannon H and Evenness (data following a normal dis-
tribution) gives p values of 3× 10−11 and 8.9× 10−4, re-
spectively, while the Wilcoxon signed-rank for Simpson 1-D
(data not following a normal distribution) gives a p value of
1.8× 10−6. These p values show that there are differences
in diversity index values between the two methods; however,
the Bland–Altman plots (Fig. 10b) show that the differences
are very minute, the trends are systematic, and there is no
proportional bias (also see Fig. 11). For the Evenness index,
both methods yield almost identical distributions (mean dif-
ference: 0.04), with automated counting-based values being
slightly tighter around the median. The Shannon index based
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Figure 8. Regression plots comparing the relative abundance (RA) of major species based on manual counts (x axis) and automated counts (y
axis). Each plot shows samples as orange dots, a regression line (solid black), a dashed perfect-agreement line (black), and the corresponding
R2 value.

on automated counts gives relatively higher diversity (mean
difference: 0.3) and a broader range as compared to the man-
ual workflow (Fig. 10a, b). However, the overall trend across
the samples shows a similar pattern (see Fig. 11). The differ-
ences can be attributed to the sensitivity of the Shannon di-
versity index to rare taxa, which can be over-counted in auto-
mated identification (e.g. B. elegantissima, B. pacifica). The
Simpson diversity index (1-D) shows tight clustering around
the zero-difference line (Fig. 10b), indicating that both ap-
proaches capture dominance patterns equally well, with the
manual approach yielding slightly higher values (mean dif-
ference: 0.08). This high degree of congruence is significant
because benthic foraminiferal diversity has long been used
as an environmental proxy, e.g. low-oxygen or high-organic-
flux environments yield low diversity and strong dominance
by a few tolerant species (Jorissen et al., 2007; Gooday,
2003).

For the visual comparison of differences in species
composition between manual and automated methods, a
Bray–Curtis-dissimilarity-based (Bray and Curtis, 1957)
non-metric multidimensional scaling (nMDS) (Taguchi and
Oono, 2005) was performed using the Vegan package in
the R programming language (Oksanen et al., 2025; R
Core Team, 2025). We used relative abundances of species,
only including species with > 1 % abundances. Figure 12a
presents a Bray–Curtis-dissimilarity-based nMDS ordination
comparing foraminiferal assemblages derived from manual
counts (red symbols) versus automated counts (purple sym-
bols). Each point represents a single sample’s species com-
position, positioned so that distances between points reflect
their community dissimilarity. Each sample appears twice
(once as a red dot for the manual count, once as a purple
dot for the automated count), and these paired points mostly
lie adjacent to each other, which shows that samples cluster
by their inherent faunal similarity regardless of the identifi-
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Figure 9. The relative abundance of major species in all of the studied samples in cores G10 and G14 obtained from manual and AI methods.
The background of the samples is indicated as orange (black plate) and grey (Plummer cell) stripes.

cation method. The purple and red convex hulls, delineating
the spread of samples in each method, overlap considerably.
The stress value of 0.147 indicates a correct two-dimensional
representation of community differences (Kruskal and Wish,
1978). Differences between different samples (but the same
method) (median 0.35) are larger than the difference between
the same sample in the two methods (median 0.17) (Fig.
12b), showing the effectiveness of automated identification
in representing the species composition.

Finally, we estimated dissolved O2 (mL L−1) using BFAex
(Eqs. 1 and 2) (Tetard et al., 2024), which provides oxy-
gen class assignments for most benthic foraminiferal species
in our cores. Unlike Kaiho’s original BFOI (Kaiho, 1994,
1999), the BFAex framework does not treat biserial taxa
as uniformly dysoxic: many biserial species occur out-
side dysoxic conditions, while some non-biserial species
are characteristic of dysoxic to anoxic environments, high-
lighting the need for species-level identification rather than
morphogroup-based classification. For species not covered

by BFAex, oxygen classes were assigned from published tol-
erances for the study area (Mallon et al., 2012; Cardich et
al., 2015; Erdem et al., 2020). Only species with relative
abundance > 1 % were included. The oxygen classes were
as follows: anoxic (< 0.1 mL L−1) – Bolivina seminuda, B.
humilis, Epistominella obesa, Suggrunda porosa; dysoxic
(0.1–0.3 mL L−1) – B. advena, B. costata; suboxic (0.3–
1.4 mL L−1) – B. plicata, Epistominella pacifica, Ebulim-
inella curta; low-oxic (1.4–3 mL L−1) – Fursenkoina spp.;
high-oxic (> 3 mL L−1) – Cassidulina limbata. The follow-
ing formula was used to calculate BFAex:

BFAex = 2 · (%anoxic)+ (%dysoxic)

−

(
%lowoxic+

%other
2

)
− 2 ·

(
%highoxic+

%other
2

)
. (1)

BFAex was then converted into dissolved O2 (mL L−1) using:
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Figure 10. (a) Box-and-jitter plots for 31 samples showing the distribution of three indices (Evenness index and Shannon (H ) and Simpson
(1-D) diversity indices) measured using automated (purple) and manual (red) methods. (b) Bland–Altman regression: the difference between
manual and automated values is plotted against their mean for all three indices. The dashed line marks zero difference, and the blue line is
ordinary least-squares (OLS) fit of the difference of the mean with the 95 % confidence interval (grey). Slopes are small and non-significant,
indicating no proportional bias. However, the vertical offset shows systematic differences.

O2BFAex = 0.3441 · exp(−0.01479 ·BFAex). (2)

The dissolved-O2 estimates based on automated and manual
counting show agreement as shown in Fig. 13, indicating that
automated identification can be used reliably to reconstruct
the past oxygen using benthic-foraminifera-based indices.

5 Strengths and limitations of the automated
identification

Our study shows that, once the CNNs are trained and cali-
brated to reach the required accuracy and recall, the time and
effort required to process a sample is reduced significantly
to 35 min per sample (Fig. 14). The most time-consuming

step is image acquisition, but it does not require continu-
ous human supervision. Our setup used a plate with 10 com-
partments (Plummer cell size, each 24 cm2), allowing for the
programming of sequential imaging of 10 samples in a row.
Most samples in this study are mud-dominated, which allows
for an efficient concentration of foraminiferal tests by wet
sieving through a 125 µm mesh. In sand-rich sediments, sub-
stantially larger bulk volumes are typically required to ob-
tain comparable specimen yields that would lead to a higher
imaging time. The Peruvian upwelling ecosystem represents
an extreme environment (OMZ) where the species diversity
of benthic foraminifera is low but abundance is very high;
e.g. in our samples, sometimes after splitting the sample 10
times, we still end up with more than a thousand specimens
in the final split. Automated identification can be a very valu-
able tool in high-temporal-resolution studies of such areas.
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Figure 11. Diversity indices across the studied samples obtained using manual and AI methods.

Figure 12. (a) Bray–Curtis dissimilarity-based non-metric multidimensional scaling (nMDS) of foraminiferal assemblages counted manually
(red) and by CNN (purple). Convex hulls represent the spatial distribution of each group in ordination space. Different symbols indicate
different samples. (b) Bray–Curtis distance distributions: left, within-sample dissimilarity between manual and automated methods; right,
between-sample dissimilarities within method. Lower values indicate a more similar community composition.

The only major remaining manual component of the work-
flow is washing and sieving, which do not require advanced
training and expertise. By eliminating the requirement of
highly skilled labour, the automated system reduces not only
resource allocation but also the chances of human error. If we
compare this workflow with manual identification of benthic
foraminifera, where we sometimes needed more than a day

for picking and identification from one sample, and if the
accuracy is dependent on the level of tiredness, automated
identification shows promise to become a reliable tool for
paleo-ecologists. Moreover, species with fragile tests, e.g.
Fursenkoina spp., often get fragmented during the picking
and result in the loss of the specimen. Automated identi-
fication reduces such losses. Although the CNNs have the

J. Micropalaeontology, 45, 95–116, 2026 https://doi.org/10.5194/jm-45-95-2026



S. Hayat et al.: Automated identification of fossil benthic foraminifera 111

Figure 13. Comparison of dissolved O2 (mL L−1) estimated from
automated and manual counts using BFAex (Tetard et al., 2024).
Green circles are individual samples, the solid green line is the re-
gression line, and the dashed line shows the 1 : 1 agreement.

potential to bring efficiency to the time-consuming process
of foraminiferal identification, especially for well-preserved
samples from the Late Quaternary to Holocene (e.g. Mitra
et al., 2019; Marchant et al., 2020; Hsiang et al., 2019),
the increase in speed and scale comes with limitations. For
species whose key characteristics (e.g. aperture details or
spiral–umbilical asymmetry) are only visible from a spe-
cific viewing angle, automated taxonomy based on a sin-
gle resting view is inherently limited. This limitation par-
ticularly affects strongly trochospiral taxa, for which differ-
ent sides can convey distinct taxonomic information. While
manually reorienting each specimen or acquiring multiple
views could improve classification, such approaches would
substantially reduce throughput and undermine a core ad-
vantage of automated workflows. The best compromise is
therefore to (i) accept the constraint of natural resting ori-
entation and (ii) allow the model to learn from the range
of orientations that occur naturally in the samples for each
species. CNNs operate within predefined class boundaries
and cannot accurately identify morphological intermediates,
intraspecific variations, and partially preserved tests, cases
where human expertise remains indispensable (Marchant et
al., 2020; Harbowo and Muliawati, 2024). For instance, in
the present study, the overcounting of B. plicata was due to
its confusion with white carbonate particles or the confusion
of Fursenkoina spp. with fragments. This limits the reuse of
training data across different basins. Additionally, parameter
differences during image capture can significantly affect the
comparability of datasets between labs. Standardizing pro-
tocols for image capture, similar to established standards in
foraminiferal studies such as those regarding mesh size, sam-

pling strategies, and the number of specimens per sample,
could mitigate this issue.

Another major limitation of CNNs is their “black-box”
nature, offering limited insight into the morphological cri-
teria used for classification, unlike the interpretable logic
employed by taxonomists (e.g. size, chamber and aperture
shape, porosity, texture) (Pires De Lima et al., 2020). CNN-
based methods are biased towards abundant taxa, reduc-
ing accuracy for rare morphotypes. Nonetheless, this limi-
tation is unlikely to affect the main ecological and paleo-
environmental conclusions that are mostly based on major
species. A hybrid approach may address most of these lim-
itations: CNNs can rapidly identify large numbers of speci-
mens, while ambiguous cases are reviewed by a taxonomist.
This method could achieve scalability without compromising
accuracy.

6 Conclusions

In this study, we trained four CNN models to identify fossil
benthic foraminifera from the Peruvian OMZ spanning the
last 18 kyr to expedite the benthic foraminifera-based high-
temporal-resolution studies of OMZ dynamics. The perfor-
mance metrics of each model (trained on a different number
of images) were compared, and the best-performing model –
built on the most extensive, morphologically inclusive image
set – was applied to 31 samples. For optimal model perfor-
mance, we recommend (1) using a non-reflective black back-
ground, (2) imaging specimens in their natural resting ori-
entation, (3) maintaining spacing between individual tests,
and (4) including every morphological variant in the train-
ing set. The automated identification results closely matched
manual identification for total counts, relative abundances,
diversity metrics, oxygen estimation, and multivariate ordi-
nation. This agreement demonstrates the utility of automated
identification and counting for paleo-ecological research and
its capacity to accelerate high-temporal-resolution benthic
foraminiferal studies; however, occasional overcounting of
rare taxa still requires manual review.
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Figure 14. The time requirement of different steps in the automated identification workflow.

Appendix A

Table A1. The specification of the computer used for CVAT segmentation.

Component Specification

GPU NVIDIA RTX A5000 (24GB, 8192 CUDA Cores, 256 Tensor Cores)
CPU Intel Core i7-13700 (16 Cores, 5.2 GHz Turbo)
RAM 64GB DDR5 (4400 MT s−1)
SSD (Primary Storage) 1TB M.2 PCIe NV Me (Class 40)
Hard Drive (Secondary Storage) 4TB 5400 RPM (3.5 in. (8.89 cm))
OS Windows 11 Pro (64-bit)

Code and data availability. The raw data associated with this
work are available online through the SEANOE repository
https://doi.org/10.17882/108821 (Hayat et al., 2025a).

The full CNN training-image dataset is deposited on Zenodo at
https://doi.org/10.5281/zenodo.17965134 (Hayat et al., 2025b).

The code for stitching, recutting, and duplicate removal will be
uploaded to https://github.com/microfossil/ (last access: 8 August
2025; Marchant et al., 2020) upon publication of the article.
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