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Abstract. Over the last few years, rapid advances in artificial intelligence, especially the application of convolu-
tional neural networks (CNNs), have created new opportunities for automated microscopic image identification.
Here we introduce a two-step pipeline for the automated detection and identification of Devonian miospore
species by integrating object detection with downstream classification. Our workflow focused on three biostrati-
graphically important species occurring in the upper Frasnian sedimentary sequences of Armenia: Teichertospora
torquata, Geminospora lemurata, and Samarisporites triangulatus. A YOLOv11-based detector localized ini-
tially individual miospore specimens on slide images, producing background-free crops and a size measure
based on bounding-box area. The detector reached 98 % precision on the test set. The cropped spore images
were then classified with the use of three different CNN architectures (VGG16, ResNet-18, and EfficientNet-
B0), with size included as an additional numeric feature alongside the image input. Among the three tested
models, ResNet-18 performed the best, achieving 87.9 % of classification accuracy. Our results show that com-
bining modern detection with compact classification and morphometric information provides a practical route
toward semi-automated palynology for Devonian spores.

1 Introduction

Despite the enormous significance of palynology for nu-
merous applications, miospore studies still rely on time-
consuming light microscopy workflows, in which special-
ists identify and count taxa by examining spore shape, color,
symmetry, and ornamentation. Manual identification requires
specialized training, scales poorly to large slide collections,
and is time-consuming. Recognizing these limitations, ef-
forts to automate taxonomic assessment in palynology began
at least 3 decades ago (Stillman and Flenley, 1996). Early
attempts to automate the classification process required sig-
nificant human intervention, which both introduced analyst
bias and demanded substantial time for data preparation.
Such studies relied on knowledge-based systems (Brough
and Alexander, 1986; Beightol and Conrad, 1988; Riedel,

1989) or on hidden Markov model classifiers (García et al.,
2012). In contrast, convolutional neural networks (CNNs),
first introduced by Fukushima (1980), learn features directly
from data and are now actively developed and applied across
many microfossil groups (e.g., Beaufort and Dollfus, 2004;
Hsiang et al., 2019; Carlsson et al., 2022, 2023; Tetard et
al., 2023). During the last decade, CNNs have also been ap-
plied to spore and pollen classification (e.g., Sevillano and
Aznarte, 2018; Khanzhina et al., 2018; Polling et al., 2021;
Olsson et al., 2021; Punyasena et al., 2022; López-García et
al., 2023) and detection (Feng et al., 2025). Most studies,
however, use images of modern pollen as a training set due to
both the availability of the material and its superior quality.
When these models are applied to fossil pollen, their accu-
racy decreases. Bourel et al. (2020) evaluated a multi-CNN
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approach on modern, damaged, and fossil pollen assem-
blages from eastern Africa and reported average per-class
misclassification rates of 0.0 % for modern pollen and 2.7 %
and 4.1 % for damaged and fossil material, respectively, indi-
cating that performance differs substantially across different
states of preservation. Durand et al. (2024) suggested a hier-
archical workflow in which six CNNs are integrated under a
main CNN. Their approach achieved an average per-class ac-
curacy (APC) of 91 % on recent pollen, whereas performance
was lower when applied to fossil pollen images. Fossil spores
from the Devonian period have received comparatively little
attention.

The aim of the present study is to evaluate the efficacy
of deep learning methods for the automated identification of
three selected Devonian miospore species, such as Teicher-
tospora torquata (Higgs, 1975) McGregor and Playford,
1990; Samarisporites triangulatus Allen, 1965; and Gemi-
nospora lemurata (Balme, 1962) emend. Playford, 1983,
which are biostratigraphically significant, widely distributed,
and critical for defining global biozones in Gondwana and
Laurussia. Indeed, all three index species are particularly
useful in biostratigraphic studies integrated in hydrocarbon
exploration, especially in Saudi Arabia (Al-Hajri et al., 1999;
Breuer, 2007).

2 Materials and methods

The studied material comes from the upper Frasnian succes-
sion of the Ertych section in central Armenia (39°43.850′ N,
45°16.300′ E; Fig. 1a). Sampling was carried out during sev-
eral field campaigns over the last few years. For more details
about the lithostratigraphic, biostratigraphic, and chronos-
tratigraphic framework of the studied section, the reader is
referred to Serobyan et al. (2023), Khachatryan et al. (2025),
Yeghiazaryan et al. (2025), Tsatryan et al. (2025), and Lok-
teva et al. (2025a). In total, 14 beds were sampled, with
miospores recovered from 12 of them (Fig. 1b).

Details about the preparation of the studied samples are
given in Khachatryan et al. (2025). Three to five slides were
prepared for each productive sample, which were observed
afterwards with the use of a Leica DM2700 transmitted-
light microscope. All specimens qualitatively identified as T.
torquata (Fig. 2a), S. triangulatus (Fig. 2b), and G. lemurata
(Fig. 2c) were manually photographed individually with the
use of a Flexacam C5 camera.

2.1 Image annotation and datasets

The 209 obtained images were individually annotated
by an operator using the web-based software platform
Roboflow (Dwyer et al., 2025). Each individual spore was
enclosed by a rectangular bounding box. For every anno-
tation, the image ID, class label, and microscope magnifi-
cation were recorded as metadata. The original micropho-
tographs were annotated to create the base detection dataset.

This dataset consisted of five classes: G. lemurata (22 %),
S. triangulatus (19 %), T. torquata (16 %), “other” (19 %),
and background (24 %), as shown in Fig. 3. Here, the “other”
class includes non-target miospore taxa, whereas the back-
ground class comprises images without miospores, domi-
nated by phytoclast material.

For training the detection model, the 209 annotated im-
ages were split into three different subsets – “train”, “vali-
dation”, and “test” – with a 70/20/10 split. After training,
the detection model was applied to the same set of 209 origi-
nal images to localize spores and export a table linking each
source image to its predicted bounding-box area (in pixels)
and background-free crops of individual spores. This infer-
ence step produced 159 spore crops, which formed the clas-
sification dataset. The latter includes four classes (G. lemu-
rata, S. triangulatus, T. torquata, and “other”) and was split
into three different subsets – “train”, “validation”, and “test”
– with a fixed 70/15/15 split. Alongside each crop, the cor-
responding bounding-box area was retained as an auxiliary
numeric feature for classification.

2.2 Image augmentations

Image augmentation artificially expands the training subset
of the original dataset by applying transformations that im-
prove generalization and reduce overfitting. For detection,
augmentation was applied before training to the training split
of the 209-image annotated detection dataset, using bright-
ness adjustment (−20 % to +20 %), random noise (≤ 0.46 %
of pixels), horizontal and vertical flips, blur (≤ 1 px), small
rotations (−15° to +15°), and 90° rotations. The validation
and test splits were kept unaugmented. After augmentation,
the detection dataset contained 420 training images, 40 val-
idation images, and 20 test images. For classification, aug-
mentation was performed on the fly during training and ap-
plied only to the training split of the classification dataset de-
rived from detection. At each training iteration, images were
resized to 224× 224 pixels and randomly transformed with
horizontal and vertical flips, rotations (±15°), color jitter,
normalization, and random erasing. The classification vali-
dation set underwent only resizing, normalization, and tensor
conversion, ensuring an unbiased evaluation.

3 Models and metrics

CNNs are tailored to image data by learning local features
via stacked convolution, nonlinearity, and pooling. In this
study, we used supervised learning, training on labeled im-
ages with taxonomic categories as targets. All models were
implemented in PyTorch (Paszke et al., 2019) and trained
with transfer learning: convolutional feature extractors were
frozen, and only task-specific heads for detection and classi-
fication were fine-tuned on the miospore data.
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Figure 1. (a) Red star indicates the locality of the studied Ertych section in Armenia. (b) Stratigraphic framework of the studied material
from the upper Frasnian interval of the Ertych section (adapted from Khachatryan et al., 2025).

3.1 Detection model

For detection, YOLOv11, a one-stage network, was used. In
a single forward pass, it predicts bounding-box coordinates,
objectness, and class probabilities. The model was initialized
with COCO-pretrained weights (Redmon et al., 2016). Per-
formance was assessed using precision, recall, and mean av-
erage precision (mAP). Precision is defined as the fraction
of predicted boxes that are correct, and recall is defined as
the fraction of true objects that the model detects. mAP at
different intersection-over-union (IoU) thresholds is also re-
ported, where IoU measures the overlap between a predicted
and a ground-truth box: mAP@0.5 is computed at a fixed
IoU of 0.5, whereas mAP@[0.5 : 0.95] averages mAP over
IoU thresholds from 0.5 to 0.95 in steps of 0.05, providing a
stricter summary metric of detection quality.

3.2 Classification models

VGG16 (Visual Geometry Group 16) is a 16-layer CNN
that stacks small 3× 3 convolutions to expand the recep-
tive field while keeping the architecture simple, and it pro-
vides a stable, well-understood baseline for image recogni-
tion (Simonyan and Zisserman, 2015). ResNet-18 is an 18-

layer CNN that employs residual (skip) connections to pre-
vent optimization degradation in deeper models and offers
a lightweight, efficient feature extractor (He et al., 2016).
EfficientNet-B0 is the baseline model in the EfficientNet
family and provides a small footprint suitable for limited data
and computes while maintaining strong accuracy (Tan and
Le, 2019). Classification performance was assessed using ac-
curacy; macro-F1 (the mean of per-class F1 scores, robust in
relation to class imbalance); and the Matthew’s correlation
coefficient (MCC), which condenses the multiclass confu-
sion matrix into a single correlation-like coefficient (ranging
from −1 to 1, with 1 denoting perfect, 0 denoting random,
and−1 denoting inverted) and is robust in relation to skewed
class distributions. In addition, average per-class accuracy
(APC), defined as the mean of per-class accuracies, is re-
ported. APC highlights how consistently the model recovers
each taxon irrespective of its frequency and therefore com-
plements macro-F1 and MCC, together providing a clearer
picture of performance under the class imbalance typical of
palynological datasets.
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Figure 2. Miospore species from the upper Frasnian deposits of Er-
tych section, Armenia: (a) Teichertospora torquata (Higgs, 1975)
McGregor and Playford, 1990; (b) Samarisporites triangulatus
Allen, 1965; and (c) Geminospora lemurata (Balme, 1962) emend.
Playford, 1983.

Figure 3. Class distribution in the annotated dataset, based on
a total of 209 palynological micrographs containing dispersed
miospores.

4 Results

All results reported below were obtained on an independent
test set; none of the test images were used for training or
validation. This held-out test set, including both images and
labels, was used to evaluate the quality of both detection and
subsequent classification.

4.1 Detection

The YOLOv11 detector, trained with a single class label
“miospore”, sequentially processed the test micrographs us-
ing a confidence threshold of 0.7. For each detected spore,
the bounding-box coordinates (Fig. 4), a cropped image
patch, and the crop area (in pixels and calibrated to µm2)
were stored. Precision reached 0.98, recall was 1.0, and
mAP@0.5 was 0.995. When averaged across IoU thresholds
from 0.5 to 0.95, the model achieved a mean average preci-
sion (mAP@[0.5 : 0.95]) of 0.906.

4.2 Classification

The neural networks were trained on a dataset of 159 cropped
photographs, augmented with an additional numeric feature
in the form of the area of the cropped photograph. We com-
pared three neural networks – EfficientNet-B0, ResNet-18,
and VGG16 – in terms of accuracy and other metrics, aver-
aged over 10 runs (Table 1). Regarding the test set, ResNet-
18 achieved, on average, the highest accuracy (87.9 %) and
MCC (0.85), whereas VGG16 obtained the highest macro-
F1 (87.3 %) with comparable test accuracy (87.5 %). The
EfficientNet-B0 model performed below both: the test accu-
racy was 79.6 %, the test macro-F1 was 76.4 %, and the test
MCC was 0.75. The mean best validation accuracy was also
higher for VGG16 (81.2 %) and ResNet-18 (76.2 %) than for
EfficientNet-B0 (74.6 %). In the best single runs, the max-
imum test accuracy reached 95.8 % for ResNet-18 (run 5)
and 95.8 % for VGG16 (run 5), EfficientNet’s best result
was 87.5 % (run 2). Thus, based on average metrics, ResNet-
18 leads in terms of accuracy and MCC, VGG16 leads in
terms of macro-F1 with similar accuracy, and EfficientNet-
B0 shows lower values for all three metrics. These findings
are consistent across both the 10-run averages and the top
single-run results and reflect variability across runs.

5 Discussion

This study applied deep learning approaches to the auto-
mated detection and identification of Devonian miospores
in palynological slides, representing, to our knowledge, a
first ever attempt of such. The examined material was re-
covered from upper Frasnian strata of one of the best-
known sections in the region for palynological research.
A two-step pipeline combining object detection and su-
pervised taxonomic classification was implemented to rec-

J. Micropalaeontology, 45, 405–413, 2026 https://doi.org/10.5194/jm-45-405-2026



V. Lokteva et al.: AI-based miospore recognition 409

Figure 4. Example results of the YOLOv11 detection model applied to palynological micrographs. Detected miospores are enclosed in blue
bounding boxes with corresponding confidence scores.

Table 1. Summary of tests on the images and area size dataset using EfficientNet-B0, ResNet-18, and VGG16. All metrics are means over
10 runs; accuracy and macro-F1 are reported as percentages, and MCC is unitless.

Architecture EfficientNet-B0 ResNet-18 VGG16

Inputs Images + area size
Number of runs 10
Epochs per run 30

Best validation accuracy (mean, %) 74.6 76.2 81.2
Average test accuracy (%)±SD 79.6± 0.10 87.9± 0.08 87.5± 0.07
Average test macro-F1 (%)±SD 76.4± 0.13 86.9± 0.10 87.3± 0.07
Average test MCC±SD 0.75± 0.13 0.85± 0.09 0.84± 0.08
Average per-class accuracy (%) 86.25 84.5 85.5

ognize three biostratigraphically important species: Gemi-
nospora lemurata, Samarisporites triangulatus, and Teicher-
tospora torquata. These miospores are widely applied in De-
vonian biozonation schemes and, in some regions, consti-
tute key index species in biostratigraphic applications re-
lated to oil and gas reservoirs. Accordingly, the proposed
workflow has relevance beyond purely academic studies. The
two-step pipeline introduced here provides a robust frame-
work for semi-automated palynological analysis, in which
individual miospore specimens are first detected and subse-
quently classified using convolutional neural networks, with
bounding-box area being incorporated as an additional fea-
ture. During the first step of the pipeline, the YOLOv11-

based detector achieved high precision (0.98), recall (1.0),
and mAP@0.5 (0.995) on the test set, demonstrating its ef-
ficacy in localizing miospores in microscopic images. Auto-
mated detection significantly reduces the manual preprocess-
ing required in workflows where images are manually local-
ized and cropped prior to model training (e.g., Gonçalves
et al., 2016; Rostami et al., 2025). Because palynological
slides typically contain other palynomorphs (e.g., acritarchs,
prasinophytes, chitinozoans) and phytoclasts in addition to
miospores, this automated detection step streamlines dataset
preparation and reduces background interference. Among
the three CNN architectures (EfficientNet-B0, ResNet-18,
and VGG16) evaluated for classification, ResNet-18 con-
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Figure 5. Confusion matrices for EfficientNet-B0, ResNet-18, and VGG16 on the test set. Cells show percentages within each true class;
darker shades indicate higher values. Axes: rows – predicted labels; columns – true labels.

sistently achieved the highest mean test accuracy (87.9 %)
and Matthews correlation coefficient (MCC = 0.85), indi-
cating strong and balanced performance in discriminating
the targeted miospore species (T. torquata, G. lemurata, and
S. triangulatus). VGG16 also performed well, yielding the
highest mean macro-F1 score (87.3 %) with comparable test
accuracy (87.5 %), whereas EfficientNet-B0 showed lower
performance across all metrics (test accuracy of 79.6 %,
macro-F1 of 76.4 %, MCC of 0.75). These performance pat-
terns were consistent across 10-run averages and the best
single-run results, indicating methodological robustness. The
bounding-box area derived during the detection step proved
to be a useful auxiliary feature for classification, particularly
where morphological similarity between taxa renders size an
important discriminative criterion. However, it is worth not-
ing that model performance varied among species, reflect-
ing differences in morphology and preservation. Per-class
F1 scores, together with the confusion matrix, provide in-
sight into these patterns (Fig. 5). All three classifiers reliably
identified T. torquata, achieving an F1 score of 1.00 across
all models. This species is characterized by a cavate struc-
ture, sub-triangular outline, distinct trilete mark, and rela-
tively large size (Fig. 2a), features that likely facilitate robust
recognition by the models. Classification performance was
also strong for G. lemurata, a cavate miospore with a broadly
rounded outline, clear trilete mark, and diameter of approx-
imately 40–50 µm (Fig. 2c), for which per-class F1 scores
ranged between 0.88 and 0.92. In contrast, performance was
lower for S. triangulatus, which exhibits a rounded-triangular
outline, an indistinct trilete mark, cone-shaped sculpture, and
a size of about 45–60 µm (Fig. 2b); F1 scores for this species
ranged from 0.73 to 0.80. This reduced performance likely
reflects the poorer state of preservation of S. triangulatus in
the available material, which obscures diagnostic features,
whereas the larger size and more distinctive morphology of
T. torquata (up to 85–140 µm) enhance model reliability.

In addition to the classes represented, classification ac-
curacy is also influenced by dataset characteristics and the
evaluation protocol. The dataset was comprised of 159 mi-
crophotographs prior to augmentation, which, although suffi-
cient for a proof-of-concept study, inevitably introduces vari-
ance in performance estimates. The inclusion of a hetero-
geneous “other” class, aggregating diverse taxa, further in-
creases within-class variability. Moreover, all images were
acquired using a single microscope and a single preparation
protocol; therefore results may vary when the method is ap-
plied to material prepared or imaged under different condi-
tions. Despite these limitations, the pipeline produced con-
sistent and satisfactory results, with a detection mAP@0.5
of 0.995 and classification average per-class accuracies of
84.5 %–86.25 %. These values fall within the range reported
in recent palynological and microfossil classification stud-
ies (approximately 83.3 %–99.8 %; Sevillano and Aznarte,
2018; Khanzhina et al., 2018; Bourel et al., 2020; Polling
et al., 2021; Punyasena et al., 2022; Durand et al., 2024),
highlighting the comparability of the present results despite
differences in taxa, image quality, and dataset size.

The approach could be further extended by enlarging the
image dataset, broadening the taxonomic coverage, incor-
porating material from additional sections and laboratories,
and integrating the detector with automated slide-scanning
systems to increase analytical throughput. It is important to
emphasize that supervised AI-based classification remains
dependent on expert-defined taxonomic concepts and care-
fully curated training datasets. Rather than replacing special-
ist knowledge, the proposed workflow functions as a screen-
ing and decision support tool that helps standardize routine
identification tasks, reduce observer bias, and improve re-
producibility. By accelerating the detection of index species
and enabling rapid screening of large image datasets, this ap-
proach facilitates more efficient taxonomic assessment, bios-
tratigraphic analysis, and stratigraphic interpretation.
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6 Conclusions

This study demonstrates that deep learning-based meth-
ods can be effectively applied to the automated detection
and identification of biostratigraphically important Devo-
nian miospores in palynological slides. A two-step work-
flow combining object detection and convolutional neu-
ral network-based classification achieved high detection ac-
curacy, with the YOLOv11 model providing reliable lo-
calization of palynomorphs even in complex backgrounds
affected by preservation and matrix variability. Further-
more, convolutional neural networks (VGG16, ResNet-18,
and EfficientNet-B0) trained on labeled palynological slides
provided robust classification performance, with ResNet-18
achieving the highest accuracy of up to 87.9 %. The integra-
tion of simple morphometric information, such as bounding-
box area, enhanced taxonomic discrimination and proved to
be particularly valuable for larger and morphologically dis-
tinctive taxa. Taken together, the results show that combining
image-based pattern recognition with quantitative size infor-
mation yields a scalable, reproducible, and efficient work-
flow suitable for routine palynological analysis. While fur-
ther improvements will require larger, more diverse training
datasets and broader taxonomic coverage, the proposed ap-
proach provides a solid methodological foundation for semi-
automated biostratigraphic studies and offers potential for fu-
ture extension to other fossil groups, including Paleozoic ma-
rine phytoplankton such as acritarchs and prasinophytes, as
well as scolecodonts.
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