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capability to digitize entire microscope slides are allowing palynology to enter a
new era. Foundational to this transformation is building solid digital collections
that can be achieved by digitizing botanical collections.

We are digitizing the Smithsonian palynological collections, which contain
~18,000 species, most of which are Neotropical taxa in the Graham Pollen Collec-
tion. This digital product consists of high-resolution images of different types—
transmitted light, differential interference contrast, and optical superresolution
(Airyscan)—which will be freely available and lay the groundwork for training
deep-learning models and applying novel image analysis to palynomorph
morphology.

Image quality matters, so we outline the best practices we have developed
throughout the years of imaging and experimentation.

High-resolution imaging of palynological collections holds the key to unraveling

the full potential that the study of pollen and spores can offer.

KEYWORDS

Palynology is a century-old practice, contributing data to various fields,
from geology to medicine and forensics. Palynological analyses are
highly time-consuming and involve visually finding, identifying, and
counting thousands of palynomorph grains on microscope slides. These
analyses are especially challenging in high-diversity tropical settings.
Fortunately, the development of deep learning and the capability to
digitize entire microscope slides are allowing palynology to enter a new
era. Foundational to this transformation is building solid digital collec-
tions that can be achieved by digitizing botanical collections. We are
digitizing the Smithsonian palynological collections, which contain
~18,000 species, most of which are Neotropical taxa in the Graham
Pollen Collection. This digital product consists of high-resolution images
of different types—transmitted light, differential interference contrast,
and optical superresolution (Airyscan)—which will be freely available
and lay the groundwork for training deep-learning models and applying
novel image analysis to palynomorph morphology. Image quality mat-
ters, so we outline the best practices we have developed throughout
the years of imaging and experimentation. High-resolution imaging of
palynological collections holds the key to unraveling the full potential
that the study of pollen and spores can offer.

1 | INTRODUCTION

The discipline of palynology is over a century old (Edwards
et al.,, 2017). It is used in various fields of research, from pollination
ecology to vegetation paleoreconstructions and oil exploration. The
core of any routine palynological analysis is classifying and counting
pollen/spore grains. Thousands of isolated grains need to be detected
and tallied and then identified through comparison to the pollen mor-

phology of described plants, a task that is especially challenging in

digitization, paleobotany, paleoecology and paleontology, palynology, pollen and spores

tropical settings because of the thousands of potential plant species
that could serve as pollen sources. How do we accomplish this? A pal-
ynologist spends hundreds of hours scanning a microscope slide locat-
ing and then identifying pollen grains. Mastering palynology takes
years of training, particularly in tropical settings. However, this train-
ing enables the recognition of only a fraction of taxa, often limited to
a specific geographic area and a specific geological time. This problem
is compounded when dealing with the fossil record as there are thou-
sands of fossil pollen types that belong to extinct species. Another
major caveat is that individual identifications are rarely confirmed by
other experts, as the position of every grain on the microscope slide is
rarely recorded. Counts are therefore not reproducible, and identifica-
tions are often trusted at face value. Furthermore, the identification
of the isolated grains represents a major challenge. Across many plant
clades, there is correlation between pollen morphological similarity
and phylogenetic distance at species and genus level, but at higher
hierarchical levels, this correlation is lost (Mander et al., 2021). There-
fore, there are very few clades where a pollen grain trait is found as a
synapomorphy at the family level. Classification is even more chal-
lenging for paleopalynologists because an isolated grain must be com-
pared not only to modern taxa but also to the fossil taxa that have
been formally described in the paleontological literature, that is, the
roughly 4600 fossil taxa described for the tropics spanning the early
Cretaceous to the Pleistocene (Jaramillo & Rueda, 2024). The analyst
needs to review dichotomous keys in and reference published images
to search published catalogs searching for the taxon that matches the
mystery grain. It is a long and very inefficient process without global
digital databases.

Over the past decade, there have been multiple efforts to pro-
duce digital palynological databases, most of them being open

access (Table 1, Notes S1). For example, we have a database that
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TABLE 1
per taxa. P/A, presence/absence of photos with multiple focal planes.

Fossil/ Dynamic
Database N°taxa Nc°photos extant Taxa photos (P/A)
APSA 16,099 45,000 Both 0-9 O
PalDat 4533 36,207 Extant 2-8 0
MUPA 4408 27,645 Extant 2-8 0
GPP 2340 2771 Both 1-3 1
Palsys 6800 25,000 Fossil 0-22 O
APD 1165 5800 Extant 2-7 0
HIP 876 4300 Extant 2-10 O
Discoverlife 455 572 Extant 1-18 O
Pollen wiki 2577 4061 Extant 3-24 0
NZFSP 830 5000 Fossil 0-16 O
PCU 315 2617 Extant 1-16 0
Pollen atlas 173 1038 Extant 6 0
NPP ID 1635 2169 Fossil 1-4 0
MN-MP 160 900 Extant 3-10 O
MDC 151 151 Fossil 1 0
DC 78 304 Fossil 1-9 1
NPR 6271 34,000 Both 5-6 1
STRI database 5613 25,000 Both 5-6 O

contains the illustrations of 5613 taxa of fossil and extant pollen
and spores from the Neotropics (4633 fossils, 980 extant)
(Jaramillo & Rueda, 2024). Most of the illustrations are sourced
from the publications themselves and typically depict only one or
two planes of individual grains at most. However, there is still no
database with many photos per taxon where the photos capture
the complete depth of the grain (multiple focal planes) and the
image appears as the grain would appear under a microscope. All
current databases offer only a few focal planes (1-3) and a limited
number of grains (Table 1).

Fortunately, microscopy and image analysis have gone through
a revolution over the past decade to the point that the develop-
ment of deep learning and the capability to digitize an entire
microscope slide at multiple focal planes have made it possible for
palynology to enter a new era. This paper outlines our experiences
and recommendations for incorporating these approaches into the
pollen analysis workflow. The manuscript is divided into two major
sections. In Section 1, we describe best practice methods for digi-
tizing a palynological collection at a massive scale to yield results
that are useful for both long-term digital archival of a pollen speci-
men and for building image datasets useful for training neural net-
works. In Section 2, we explore some of the uses of digitized
images that we believe are just the beginning of a revolution in
the analysis of palynological images that will incorporate new
methods and broaden the questions that can be addressed using

palynological data.
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Digital pollen databases including extant and/or extinct taxa. None of them have confocal images. Photos taxa: number of photos

Source

https://apsa.anu.edu.au/samples/
https://www.paldat.org/search/A
https://data.oreme.org/observation/pollen
https://globalpollenproject.org
https://palsys.org/genus
https://africanpollendatabase.ipsl.fr/#/photos

https://keyserver.lucidcentral.org/key-server/data/0f030b07-0200-4bO0f-
8,509-0a0808060703/media/Html/index.html

https://www.discoverlife.org/mp/20p?res=120&see=I_POL/0005
https://pollen.tstebler.ch/MediaWiki/index.php?title=Kategorie:Bild
https://pal.gns.cri.nz/catalog/index.htm

https://science.uct.ac.za/plant-conservation/resources-databases/pcu-
pollen-database

https://pollenatlas.net/atlas/pollen-profiles
https://non-pollen-palynomorphs.unigoettingen.de/NPPDatabase.html
https://pollen.jimdofree.com/galerie/pollen/
https://www.ucl.ac.uk/GeolSci/micropal/palynology.html
https://data.nhm.ac.uk/dataset/duxbury-collection-database
https://research.fit.edu/paleolab/pollen-database/
https://biogeodb.stri.si.edu/jaramillosdb/web/

2 | SECTION 1: DIGITIZING THE
SMITHSONIAN PALYNOLOGICAL
COLLECTION (EXTANT AND FOSSIL)

A growing number of studies demonstrate the feasibility of using arti-
ficial intelligence in palynological studies, including our own (Adaimé
et al.,, 2023; Adaimé et al., 2024; Punyasena et al., 2022; Romero,
Kong, et al., 2020). We are now scaling up our imaging and model
development efforts to encompass the entire plant kingdom, with a
focus on Neotropical clades. One of the most critical steps in using
artificial intelligence for image analysis is building a robust training set.
We are in the process of creating an ambitious dataset of hundreds of
thousands of pollen images by digitizing the Smithsonian palynological
collection and the Smithsonian collection of fossil pollen from the
Neogene of tropical America.

We are digitizing 20 grains per taxon, using both brightfield
(BF) and differential interference contrast (DIC) microscopy and five
grains per taxon using confocal (CF) microscopy of each of the extant
taxa in the collection, and 50 grains per taxon of the most abundant
fossil taxa of the Neogene of the Neotropics in both BF and DIC
(150 fossil species) (Figure 1).

We describe the process in detail in the headings that follow, as it
requires several steps given the large file size and number of the
images and the number of taxa to be digitized. We built a database
network, named “PollenGeo,” to manage the digitization process. The

microscope equipment consists of four upright microscopes: a Zeiss
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M1 -TL WORKSTATION 1| | WORKSTATION 2
NIKON 1 NIKON ZEISS
FOSSIL .
TAXA
M2- TL
NIKON 2
EXTANT
COLLECTIONS
T M3 - TL NEURAL NETWORK
ZEISS (A
GRAINS PORTAL FOR
LOCATION T IDENTIFICATION
NATIONAL CENTER
M4 - CONFOCAL SUPERCOMPUTING
ZEISS APPLICATIONS
U. ILLINOIS
MENDEL STRI 1K Tb TRUENAS STRI PUBLIC
(SHINY APP) POLLENGEO DATABASE
NANOZOOMER PUBLIC VIEW
HAMAMATSU OMERO
NMNH
FIGURE 2 “PollenGeo” database network illustrating all the components of the digitization process. This consists of four upright

microscopes: a Zeiss confocal LSM 980, a Zeiss Axio Imager with a computer-controlled Piezo stage, and two Nikon Eclipse 80i with a computer-
controlled Piezo stage. We scan full slides using a Hamamatsu Nanozoomer S20. Software used includes OMERO (hosted on a Smithsonian
server), Nikon NIS-elements AR 5.42.04, Zeiss Zen 3.2 and 3.4, and a custom-built MySQL database on a shiny server. NMNH: Smithsonian

Museum of Natural History, STRI: Smithsonian Tropical Research Institute.

confocal LSM 980, a Zeiss Axio Imager with a computer-controlled
Piezo stage, and two Nikon Eclipse 80i with a computer-controlled-
Piezo stage. Plan Apochromat with a numerical aperture (NA) of 1.4
and 60x to 63x objectives, and NA of 1.3 and 0.95 and 40x objec-
tives. We also scan full slides using a Hamamatsu Nanozoomer S20
with 400x optical magnification and NA 0.95. Software used includes
Open Microscopy Environment (OMERO) (hosted on a Smithsonian
server), Nikon NIS-Elements AR 5.42.04, Zeiss Zen 3.2 and 3.4, and a
custom-built MySQL database on a Shiny server (Figure 2).

2.1 | Step one: Collection curation

The acetolyzed Smithsonian palynological collection housed at the
Smithsonian National Museum of Natural History (Dataset S1) con-
tains 18,746 species, 5685 genera, and 548 families. It is composed of
several collections (Moreno et al., 2014) including the Graham Palyno-
logical Collection, which was built by Alan Graham starting in 1954
with 15,202 species mostly from the Neotropics, the largest collection
for this region (Stevens et al., 2014). This collection, donated by
Dr. Graham to the Smithsonian in 2008, comprises 23,271 microscope
slides corresponding to 15,202 taxa, and each one has a correspond-
ing physical index card that contains data on the pollen that is on the
slide (Figure 3). The second collection is the Joan Nowicke collection,

with 5315 slides corresponding to 4141 taxa, mostly from temperate

North America. Next is the Barro Colorado collection, which served as
the basis for the widely used 1991 catalog, Pollen and Spores from the
Barro Colorado Island (Roubik & Moreno, 1991), with 1305 taxa.
The Amazon collection (Colinvaux et al., 1999), with 1038 taxa repre-
senting the most common taxa found in the Holocene palynological
record of Amazonia. The last collection is the Sian Ka'an (México) col-
lection, comprising 650 species from lowland tropical forest of south-
eastern Mexico (Palacios-Chavez & Ludlow-Wiechers, 1991).
Sometimes the same species was in different collections. When that
occurred, we chose the best slide (e.g., grains with the best preserva-
tion and large abundance) to digitize out of all collections.

Ouir first major challenge was digitizing the information on the Gra-
ham Collection's index cards. To that end, we used the Smithsonian
Transcription Center, where an army of digital volunteers helped to
transcribe the cards. We photographed each of the 23,271 index cards
and uploaded them to the Transcription Center <https://transcription.
si.edu> where ~100 volunteers helped to transcribe the cards, a pro-
cess that took about 6 months. This effort allowed us to build a data-
base that contained the metadata associated with each slide including
the slide number, species, genus, tribe, family, author, herbarium, her-
barium number, herbarium abbreviation, precise locality, province, coun-
try, collectors, state, territory, processing technique, processing data,
collection date range, and a link to the index card image. A second step
was updating the taxonomy, a task that required intensive work, given

the constant evolution of botanical nomenclature as research
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Collector  Species epithet
Genus Author

[Abutilon][berlanderieril[A. Gray]

M, C. Johnson|[53175.9 J«—Herbarium No.
Sept. 27, 1953«—Collection date

Mesquite sand flat between sandhills, King Ranch,
Kenedy County, Texas :

.
Locality

Family—stialvaceae]
Herbarium—s[U. T.

progresses. We compared the digitized names with the taxonomic lists
of the World Flora Online (WFO, <www.worldfloraonline.org>), the tax-
onomic name resolution service (TNRS, <tnrs.biendata.org>), and the
r-package WorldFlora 1.14-5 (Kindt, 2020). We selected the WFO opin-

ion if discrepancies were found.

2.2 | Step two: Selecting what to digitize
We digitized 20 grains per taxon to capture the full variation in grain
orientation (e.g., polar view vs. equatorial view) and grain size/
morphology within each taxon. To do this, each slide was manually
reviewed, and slide numbers were verified against the initial database
derived from the Transcription Program using a query written in
R. This step could not be automated due to the unpredictable condi-
tion of the labels, so manual inspection of each slide was essential.
The quality of the slides also was variable, requiring microscopic
examination to remove those slides not suitable for digitization. For
example, the mounting medium used for permanent slide preparations
may include Canada balsam, glycerin, glycerin jelly, silicone oil, and
many types of industrial glues with differing densities. Each medium
has unique properties, including light refractive indices and resistance
to deterioration over the years (e.g., drying, lightening of grains,
changes in shape and size of grains, formation of air bubbles, contami-
nation, broken slides, and poor recovery), with almost 30% of slides
already deteriorated and no longer useful for digitization
(we established 13 criteria for discarding slides, see Notes S2). This is
a common problem with old palynological collections (>30 years old)
(Cushing, 2011), which makes digitizing them even more critical as
existing pollen slides in herbaria and museums have a limited lifespan.
We selected the slide in the best condition when there were mul-
tiple slides of the same taxon, and only specimens identified at the
species level were considered. We located 20 grains per slide using a
Nikon Eclipse Ni BF microscope (Figure 2) and annotated the coordi-
nates (X and Y values) of each of them into PollenGeo. These
coordinates were then translated automatically by PollenGeo into the

coordinates of any of the four microscopes used in the digitization.

FIGURE 3 Example index card
from the Graham Palynological
collection. The information in the
cards was digitized by an army of
volunteers at the Smithsonian
transcription center following
predefined categories as illustrated in
this figure.

23 |

Step three: BF and DIC digitization

Once all the slides in a box (containing up to 100 slides each) were
revised and grains were selected, the grains were imaged using one of
the three light microscopes, either the two Nikon Eclipse 80i or the
Zeiss Axioimager for the BF and DIC digitization.

PollenGeo provided the coordinates of all the grains that were
previously chosen and the analyst proceeded to import the coordi-
nates into the software that controls the microscope stage, either
NIS in Nikon or Zen in Zeiss. Once 20 grains were located, the
microscopist shifted to the objective with highest numerical aper-
ture (NA 1.4, 63x, if the grain was larger than ~80 um, we used
40x as the entire grain in 63x would be larger than the area cap-
tured by the camera), establishing the top and bottom axial plane
of each grain, and choosing the microscopy technique (BF) or DIC.
The software then calculated the number of Z-planes needed for
the highest optical resolution (e.g., when using an objective with a
numerical aperture of 1.4, Z-planes were spaced 0.2 um apart).
Once these parameters were established for all grains in the slide,
imaging was then automated by the microscope software, a pro-
cess that took 15 to 20 min. This process incorporated several
software features to enhance the photographs, such as white bal-
ance and continuous autoexposure (see Notes S3 for a detailed
step-by-step manual of each microscope). Once the imaging con-
cluded, it was repeated using a second technique (either DIC or
BF), to ensure that each grain is taken in both BF and DIC. BF
and DIC produced different visualizations of pollen specimens, with
DIC providing more morphological detail. However, BF is more
widely used by the palynological community than DIC, which
requires a more expensive setup. By including both imaging modali-
ties, we produced a dataset that could be used by palynologists
worldwide.

Fossil grains were imaged following the same protocol. The only
difference was that the England Finder (that is a glass microscope
slide with a uniquely indexed grid pattern that allows individual areas
of interest to be referenced) coordinates of each grain were added to

the file name. We also digitized 50 grains per species instead of 20, as
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the variation of fossil taxa due to differences in preservation is often
significant.

The microscope software, Zen or NIS, wrote the image stack (all
Z-planes) of each grain into the hard disk of the computer that con-
trols the microscope. The microscopist inputted the location of the
photos into PollenGeo, and PollenGeo renamed them using a script
that did not require the user's input. This file label contains the name
of the taxon and the technique, and it also links the file to the Pol-
lenGeo database, which will then extract the metadata from the pho-
tograph itself. Lastly, the files are moved from the computer that
runs the microscope to a 1000-Tb unit within the Smithsonian Net-
work (TrueNas-PollenGeo). This was a critical step, as this unit has a
large storage space and multiple automatic backups. We had two
8-h shifts per microscope per day, generating ~1000 files per day
and ~2.5 Gb each. Therefore, it was essential for a project of this
scale to have a large storage unit protected from accidental
deletions.

As part of our protocol, the microscopist checked every single
photograph taken from all the slides in a box before moving to a
new one. If an error was detected, the image dataset was corrected
right away. Errors occur due to two main reasons, either there was
vibration in the floor when the photograph was taken or the stage
shifted. We attempt to minimize these errors by placing the micro-
scopes on an anti-vibration table and avoid walking, while the pho-
tographs are being taken. Small displacements (3-4 um) were
enough for a part of the grain to be out of the predefined Z-planes.
We also added one or two grains to the imaging (photographing
21 or 22 grains to ensure that we had a minimum of 20 usable
images).

We have also found that slides with a mounting medium that is
too thick (>100 um) were difficult to digitize due to the risk of acci-
dentally fracturing the slides or scratching the objectives. We
excluded these slides, as they involve considerably more time and risk.
The same is true for preparations that do not have a homogeneous
spread of material under the coverslip. Excess resin at the edges, for
example, hinders the movement of the objectives, limiting the acquisi-
tion of images to only the center of the slide. Sometimes, liquid or vis-
cous mounting media (e.g., glycerin) moved with the pressure of the
oil immersion required by the 60x objective, and grains could not be
digitized as grains were displaced while the picture was being taken.
Another common problem during light microscopy digitization
involves the light settings. There are many factors that can alter the
light going through the slide, including bubbles, cracks, stains, type
and thickness of mounting media, the age of the slide, excess organic
matter, and degradation. These conditions can cause abrupt changes
in light intensity in photographs even at different focal planes or cause
photos to have blue or yellow colorations instead of white. Although
it is possible to set a single light setting per technique and apply it to
all selected grains, the microscopist must identify when individual
adjustments are needed to correct these problems, even if the slide
appears clean and homogeneous at first glance. This process may be
automatized in the near future by using a properly trained neural

network.
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Step four: Confocal superresolution
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Zeiss Airyscan superresolution confocal microscopy (CF) has become
an essential tool in palynological studies, offering high-resolution,
three-dimensional optical light images of the internal and external
structure of pollen grains and spores that rival electron microscopy
and does not require additional sample preparation (Collevatti
et al., 2024; Quamar et al., 2022; Romero, Kong, et al., 2020; Romero,
Urban, & Punyasena, 2020).

Airyscan uses a 32-channel array detector that captures more
light and improves the signal-to-noise ratio compared to traditional
confocal systems that employ a single pinhole (Huff, 2015;
Korobchevskaya et al., 2017; Sivaguru et al., 2018). With a resolu-
tion of up to 140 nm, Airyscan facilitates the observation of fine
morphological details in palynomorphs (Huff, 2015; Romero,
Urban, & Punyasena, 2020; Sivaguru et al., 2018). Furthermore, mul-
tiple detectors allow for improved image sharpness and clarity with-
out the need to increase laser intensity or reduce image acquisition
speed.

Once a slide box was digitized using light microscopy (DIC and
BF), it was sent to the CF room. The microscopist uploaded the coor-
dinates of all the grains that were taken in BF/DIC into the CF com-
puter by querying PollenGeo and selected the five best to image. We
imaged only five grains because the acquisition takes much longer
than light microscopy, and we choose to image a large proportion of
taxa rather than many grains from fewer taxa.

Laser tuning was a critical step in our digitization process. We
employed the TRACK1-MPLX-CHA channel, which includes 405-,
488-, 561-, and 639-nm lasers. We used the 405-, 488-, and 561-nm
lasers, applied individually or in combination depending on the specific
characteristics of each grain. Laser selection and intensity, along with
parameter settings such as Master Gain and Digital Offset, are based
on the fluorescence response of each palynomorph and the mounting
medium, whether glycerin gelatin, Canada balsam, or other resins.
Each palynomorph has a unique fluorescence pattern that requires a
customized configuration of the lasers, as several factors influence
this pattern, including the thickness of the exine and the presence of
stains such as safranin. Thicker exines, for example, may require
higher laser intensity to adequately penetrate and reveal internal
details without causing oversaturation. The 561-nm laser is particu-
larly effective at intensifying exine fluorescence, but its improper use
can lead to oversaturation that obscures fine morphological details. In
contrast, the 405-nm laser tends to excite the mounting medium,
which requires careful adjustment to prevent it from overshadowing
the palynomorph. These adjustments are vital to obtain clear images
that highlight the exine structure. In addition, the type of mounting
medium can alter how the sample scatters or absorbs light, thus
impacting fluorescence quality. This variability makes meticulous con-
figuration of lasers essential to capture the key morphological features
of each species. A common complication is the loss of information
caused by pixel oversaturation or underexposure. Oversaturation can
obscure fine pollen details, while underexposure can result in areas

without useful data. To mitigate these problems, we used the Range
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Indicator, a tool that identifies in real-time oversaturated (shown in
red) and underexposed (shown in blue) areas.

In the image acquisition process, it is essential to correctly adjust
sampling and averaging, two key parameters that are specifically tai-
lored to the physical characteristics of the palynomorphs, such as size
and volume. Sampling determines the type of data acquisition,
whereas averaging significantly improves image quality by increasing
the signal-to-noise ratio, albeit at the cost of longer acquisition time.
There are three sampling modes in our system: SR-4Y (Super Resolu-
tion 4Y), SR-8Y (Super Resolution 8Y), and CO-8Y (Confocal 8Y). SR-
4Y is the default mode, used for medium-sized grains (between
20 and 50 um), as it offers the best resolution. For larger samples or
those with significant depths, such as grains from the Malvaceae fam-
ily, we opted for faster acquisition modes such as SR-8Y or CO-8Y,
which reduce acquisition time in exchange for a slight decrease in res-
olution, but without compromising image quality. Averaging is avail-
able in various configurations: none, 2x, 4x, 8x and 16x. For smaller
grains or those exhibiting extremely fine morphological details, we
used a higher averaging level, such as 8 x or 16, to maximize resolu-
tion and ensure that all details were captured. In contrast, for larger
grains, we used lower averaging, such as 2x, or combine 4x with SR-
8Y sampling. This combination of sampling and averaging ensured that
we obtained high-quality images with the appropriate resolution for
each type of palynomorph.

After setting up the imaging, including crop area adjustment,
lasers, sampling, averaging, and start and end planes for Z-stacks, we
started the acquisition process (see Notes S4 for a detailed step-by-
step manual). Images were captured sequentially from the foreground
to the background, according to the previously defined settings. The
acquisition time can vary considerably, from 1 to 60 min, depending
on the species and the specific settings of each sample. Once the
acquisition was completed, we processed the images using the Airys-
can module. This step allowed us to integrate all stacks into a single
file in .czi format. This process ensures that each palynomorph is cap-
tured integrally, without omitting segments, and ensures that it ade-
quately occupies the area defined for its acquisition. Once all
parameters have been verified, we selected the “Best Fit” option to
save the final image. This step is crucial to ensure maximum visual
quality of the morphological details.

Once the five imaging for each species were completed, we pro-
ceeded to rename and store the images using PollenGeo following the
same protocol for DIC/BF as described above. We generated about
90 Gb of image data per day.

2.5 | Step five: Cropping

Microscope images were taken using the entire field of view offered
by the camera chip (also called scene) as multiple grains could often
be observed within the same scene (Figure 4), and several grains could
be captured at once. The final step in digitization consisted of crop-
ping out individual grains from each scene (Figure 4) to reduce the file

size and exclude particles that are not pollen grains. This process was

done manually using a fully dedicated workstation that was not con-
nected to a microscope (Figure 2). This step also served as the last line
of quality control before the images go into the digital repository. The
individual responsible for image cropping opened the BF, DIC, and CF
images taken as described in the steps above and checked if the image
is of a good quality and the taxon name in the file corresponded to
the taxon in the PollenGeo database. If the image failed either of
those two parameters, the issue was noted in the PollenGeo database,
and the microscopist who took the photo received a message indicat-
ing the photo needed to be retaken. If the photograph passes this
assessment, every grain was manually cropped into a separate file. In
addition to cropping pollen grains on the X-Y-axes, noninformative
Z-planes (planes without in-focus sections of the grain) were removed
(Figure 4). The photo quality control also included verifying several
items, including resolution, the absence of digital noise, or oversatura-
tion, taxonomy (erroneous identifications due to contamination), that
the image was not a duplicate, and ensuring that entire grain was
imaged (see Notes S5 for a step-by-step manual of the cropping
process).

We used the NIS for the Nikon images (.nd2), and Zen for the
Zeiss images (.czi). Once the individual grains were extracted, the orig-
inal photograph was discarded. The files containing the individual
grains were renamed by PollenGeo, including the slide code, taxa
name, the original photo number, the technique, the acronym “SG”
that designates it as a single grain, and the appropriated file extension
(.nd2 or .czi). PollenGeo additionally collected the metadata from the

original photo and the individual grains.

2.6 | Step six: User interaction

Users will be able to interact with the digitized collection in several
ways once the work is completed. First, we will produce small-file.
gif images of each photograph such that the user can see the ani-
mated grain across all its Z-planes. These images will avoid the need
to upload/download the full-resolution image, thus facilitating user
interaction. Nevertheless, we will always offer the option to down-
load the full-resolution image in its native format. Second, we will
upload the images from both extant and fossil taxa to our morpho-
logical electronic database (Jaramillo & Rueda, 2024) at <https://
biogeodb.stri.si.edu/jaramillosdb/web/morphological/>. This is a
public database, custom-built using MySQL 8.2 and PHP 8 that con-
tains the morphological description of thousands of fossil taxa and
most of the taxa in the extant collection (Table 1). Users are able to
search for a taxon or a trait or combination of traits (e.g., aperture
and ornamentation). We hope to offer in the near future the possi-
bility of a fluid interaction with R for the user to perform queries
and retrieve data. Lastly, by mid-2026, we will create a simple web-
site where the user can access OMERO, search for a taxon, visualize
the grains as if using a microscope, and see the images' associated
metadata (e.g., where pollen/spore comes from, slide, position of
the grain in the slide, technique, resolution, number of Z-planes, and

file size).
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FIGURE 4 Nikon and Zeiss objectives were used to digitize the grains in brightfield (BF), differential interference contrast (DIC), and confocal
(CF) microscopy. Grains are digitized in multiple focal Z-planes and often there is more than one grain in a single scene. Once digitized, the grains
are cropped in both x-y plane and the z-planes and saved as individual files. (A) Grain in equatorial view. (B) Grain in polar view. NA, numerical

aperture.

3 | DIGITIZING ADDITIONAL
COLLECTIONS (EXTANT AND FOSSIL)

The Smithsonian palynological collection is one of several large collec-
tions across the world, each one with different geographic coverage.
For example, the ISEM collection at the Université de Montpellier
contains ~30,000 taxa; the Royal Botanic Gardens, Kew, contains
~16,000 taxa; the Muséum National d'Histoire Naturelle in Paris has
3500 extant taxa, along with thousands of single-grain fossil speci-
mens of the Boltenhagen Collection; the collection at the Swedish
Museum of Natural History holds >10,000 extant taxa; and the fossil
palynological collection of the Norwegian Offshore Directorate has
>100,000 slides. These are just a few of the world's largest collec-
tions. There are also hundreds of smaller palynological collections in
institutions across the globe that could be digitized.

Many institutions are actively engaged in digitization efforts,
including the University of Montpellier, MNHN Paris, Amgueddfa
Cymru—National Museum of Wales, the Natural History Museum in
London, Cardiff University, and the University of York. While the ini-
tial cost in equipment and person effort can be high, the result is a
permanent digital archive that is can outlast the estimated 30-year

lifespan of the original palynological slide (Cushing, 2011) and is more

accessible to the global community. Imaging and digitization of paly-
nological collections support the research and education missions of
the many museums and institutes in which these collections reside.
These larger institutes can also serve as imaging hubs once their own
collections are digitized and lead the effort in digitizing smaller collec-
tions housed in university research labs and regional museums.

We anticipate that an aggregator could soon be developed to
allow a single taxon query to search all palynological digitization prod-
ucts simultaneously. Aggregating dispersed collections of pollen and
spore images would allow researchers to use these images in new
and novel ways, including training deep-learning models for region-

specific analyses or universal foundation models, as described below.

4 | SECTION 2: APPLICATIONS

Digital libraries of pollen images provide the critical training data
needed to develop and fine-tune computer-vision models for inter-
preting pollen morphology. This data-centered need motivated our
large-scale digitization effort. We envision that our digital images will
be used in a wide variety of applications, most of which still need to

be developed and even imagined, including automated taxa
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identification and counting, novel morphometrics, and large-scale
analysis addressing multiple ecological and evolutionary questions.
Our own research in developing machine-learning models in both low
diversity (Johnsrud et al., 2013; Punyasena et al., 2012; Romero,
Urban, & Punyasena, 2020) and higher diversity tropical systems
(Punyasena et al., 2022) demonstrates how deep learning can be used
to not only automate pollen identification but also improve upon
expert classifications and ecological and evolutionary interpretations
(Adaimé et al., 2023, 2024, 2025; Punyasena et al., 2012; Romero,
Kong, et al., 2020).

Recent studies have used DNA metabarcoding to identify pollen
by comparing the DNA of a sample against a reference library of
DNA sequences of genetic markers (e.g., Evans & Kitson, 2020
{Lowe, 2022 #3981}). This technique is an excellent complement to
the palynological analysis. However, DNA sequencing cannot be used
if DNA has degraded as happens with most fossils with a few excep-
tions (Kjer et al., 2022) and many environmental samples. Further-
more, palynological analyses do not require expensive equipment, a
simple microscope and the elements in a kitchen are enough
(Traverse, 2007).

41 | Neural networks to aid identifications

Since the late 1960s, the palynological community has been inter-
ested in automating pollen-grain recognition (Flenley, 1968; France
et al., 2000). A decade-old review anticipated that computer power
and digital microscopy had reached a point where some degree of
automation could finally be effectively applied to palynological studies
(Holt & Bennett, 2014). However, pollen identification remains a
highly specialized, laborious, and primarily visual skill, despite exten-
sive published work on automated identification methods. Over the
past decade, there has been a growing interest in attempts to auto-
mate pollen-grain recognition, mostly in the aerobiological medical
fields (allergies) and honey quality control, including teams in Algeria
(Menad et al., 2019); Australia (Lagerstrom et al, 2015); France
(Bourel et al., 2020; Chung & Rodriguez, 2017); Brazil (Astolfi
et al,, 2020; da Silva et al., 2014; de Geus et al., 2019; Gongalves
et al., 2016; Rodrigues et al., 2015); China (Wang et al., 2021);
Bulgaria (Nikolov & Tsankova, 2018); Czech Republic (Pospiech
et al., 2021); Germany (Oteros et al., 2015; Ronneberger et al., 2002;
Viertel & Konig, 2021; Viertel & Konig, 2022); Guadeloupe (Barnacin
et al, 2023); ltaly (Battiato et al., 2020, 2021); Japan (Miki &
Kawashima, 2021); New Zealand (Allen et al, 2008; Hodgson
et al., 2005; Holt et al., 2011; Lagerstrom et al., 2015; Li et al., 2004;
Li & Flenley, 1999); Russia (Khanzhina et al., 2018; Khanzhina
et al., 2023); Spain (Boldeanu et al., 2022; Bonton et al., 2002; De Sa-
otero et al., 2004; Diaz-Lépez et al., 2015; Gallardo-Caballero
et al, 2019; Garcia et al, 2012; Marcos et al., 2015; Pozo-Bafos
et al,, 2012; Redondo et al., 2015; Sevillano et al., 2020; Ticay-Rivas
et al., 2011; Valiente et al., 2023); Sweden (Midtvedt et al., 2021); the
Netherlands (Polling et al., 2021); Turkey (Kaya et al, 2014);
the United States (A. I. Daood et al., 2016b; A. Daood et al., 20163;

Filipovych et al., 2016; Nguyen et al., 2013; Ranzato et al., 2007); and
Uzbekistan (Jumanov & Safarov, 2022).

How will our effort make a difference? The majority of this
research is driven by experts in machine learning rather than by
practicing palynologists. Machine methods have still not been
adopted by the larger palynological community because of the mis-
match between the expertise of many pollen experts and the skills
needed for computer-vision analysis and the challenge of producing
the large image dataset needed to effectively train machine models
(Table 2).

Large datasets are a critical element for the development of auto-
mated pollen identification analyses. We have already digitized
~470,000 individual grains from 11,000 species and our goal by the
end of 2025 is to end with ~700,000 grains from 18,000 species. An
effort of this magnitude is unparalleled anywhere in the world
(Table 1). We are confident that once our image dataset is complete
and available to the public, other research teams will be able to use
our images to train deep-learning models. We also hope that other
researchers will be able to contribute similar images for additional
species using the infrastructure we have already built.

Deep-learning models are typically constrained by the image data
upon which they are trained. Building a larger shared image dataset
will allow a global community of researchers to experiment with
developing clade-specific or region-specific models tailored to their
research questions, or, alternatively, use a growing pool of palynologi-
cal images to develop foundation models (sensu Bommasani
et al., 2022) that can be used universally in the study of all pollen and
spores.

To help the broader palynological community take advantage of
this digital image resource, we are also developing a web-accessible
palynology image analysis platform for hosting published computer-
vision tools for automated pollen identification, including our own
work developing deep-learning models for phylogenetically meaning-
ful characterizations of pollen morphology and high-throughput auto-
mated pollen analyses (e.g., Adaimé et al., 2023, 2024, 2025;
Punyasena et al., 2012, 2022; Romero, Kong, et al., 2020). We antici-
pate that it will serve as a user-friendly gateway to machine-learning
analysis for the diverse communities that employ pollen data and is
accessible to researchers without experience in programming or
machine learning. It will be the first of its kind for palynology, serving
as a centralized system for sharing published machine-learning tool-
boxes and providing an incentive for the community to share pollen

images and expert knowledge in pollen identification.

4.2 | Recording routine palynological counts

The process of counting pollen and spores under the microscope is
performed daily by palynologists worldwide. This time-consuming
process requires years of training and yet it yields counts that are not
fully replicable, as recording the coordinates of and photographing
each of the 300-400 grains counted per slide would add tens of addi-
tional hours to the process. However, there is a solution: directly
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TABLE 2 Training sets employed over the past two decades in
algorithms for pollen identification.

Number of
species

VO 00 N N N N ootk D

T Y
» O O

11
12
13
15
15
15
15
17
17
17
19
19
20
23
23
23
26
27
30
30
33
46
73
73

80
134

Number of
individual grains

100
72
100
6472
300
93
2482
500
210
630
1102
768
392
300
4235

1774
4061
234
1800
1800
2890
1800
426
345
426
19,000
38,000
7745
805
575
805
1300
3686
1060
350
22,759
19,000
2523
13,000

1505
3752

Reference

(Hodgson et al., 2005)
(Li & Flenley, 1999)
(Filipovych et al., 2016)
(Polling et al., 2021)
(Holt et al., 2011)
(Nikolov & Tsankova, 2018)
(Pospiech et al., 2021)
(Oteros et al., 2015)
(da Silva et al., 2014)
(Duller et al., 1999)
(Bourel et al., 2020)
(Nguyen et al., 2013)
(Daood et al., 2016b)
(Kaya et al., 2014)

(Gallardo-Caballero
et al., 2019)

(Khanzhina et al., 2018)
(Diaz-Lopez et al., 2015)
(Li et al., 2004)

(Marcos et al., 2015)
(Redondo et al., 2015)
(Lagerstrom et al., 2015)
(Marcos et al., 2015)
(Garcia et al., 2012)
(Pozo-Banos et al., 2012)
(Ticay-Rivas et al., 2011)
(Valiente et al., 2023)
(Boldeanu et al., 2022)
(Khanzhina et al., 2023)
(Menad et al., 2019)
(Viertel & Konig, 2021)
(Gongalves et al., 2016)
(Ronneberger et al., 2002)
(Ranzato et al., 2007)
(Daood et al., 2016a)
(Bonton et al., 2002)
(Wang et al., 2021)
(Sevillano et al., 2020)
(Astolfi et al., 2020)

(Battiato et al., 2020; Battiato

et al., 2021)
(Barnacin et al., 2023)
(de Geus et al., 2019)
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recording counts and identifications on digitized slides. Slide-scanning

People Pla

microscopes like the Hamamatsu NanoZoomer, Zeiss Axioscan, and
many others have been developed in the last decade for pathology
research and are capable of scanning entire slides with multiple focal
planes. Counts can then be produced on a screen rather than behind a
microscope. We use a NanoZoomer N20 to scan our palynological
slides that consist of two 23 x 23 mm coverslips mounted on stan-
dard 75 x 25 mm microscope slides. Twenty-one focal planes of the
material in each coverslip produce an image that is ~22 Gb in size.
The image is then uploaded into OMERO (Allan et al., 2012), a client-
server environment for managing, viewing, annotating, and analyzing
imaging data that is stored on a central server with a database for the
metadata, and that can be accessed via a web-browser anywhere in
the world.

Digitally recording counts not only preserves the metadata for
each individual expert identification, it also produces training data that
can be used to train future neural networks capable of further stream-
lining the pollen counting process (Punyasena et al., 2022). It also
allows the interaction of multiple analysts across the world working
on the same image, as all are accessing the image via OMERO, thus
transforming the practice of palynology from a solitary endeavor to a

communitarian science.

4.3 | Novel morphometrics

Morphological descriptions of pollen and spores have been carried
out almost since the start of the discipline (Traverse, 2007), with a
heavy emphasis on size (length and width of morphological elements)
and categorical terms (e.g., type of sculpture, type of ornamentation,
and type of shapes). A vast number of studies have been published on

2 <,

pollen morphology. A Google Scholar query for “pollen” “morphology”
returns 979,000 results and even a more specialized query “pollen”
“morphometrics” returns 6530 results (queries performed March
4, 2025). There have been notable synoptic studies of pollen morphol-
ogy across angiosperms as a whole (e.g., Erdtman, 1952; Wortley
et al., 2015), studies of angiosperm pollen macroevolution using dis-
crete characters to quantify morphology (e.g., Lupia et al., 1999), and
studies of pollen morphological evolution in large clades such as the
Asterales in a phylogenetic context (Jardine et al., 2022). There have
also been focused studies of single genera. For example, de Souza
et al. (2020) studied the pollen morphology of 102 species in the
genus Croton and used 10 morphological categorical traits (e.g., type
of sexine elements in the lumen of rosettes O = absent, 1 = clava,
2 = pilum,3 = baculum, 4 = granulum, and 5 = gemma). This is an
example of a classical and thorough pollen morphological study. How-
ever, in common with other studies that use categorical traits (also
known as discrete characters) to describe morphology, there could be
considerable uncaptured morphological variation within each category

(Mander et al., 2021). An instance where such limitations occur is a
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study of pollen morphology on Barro Colorado Island (BCl), Panama,
in which pollen grains were assigned one of 22 different classes of pri-
mary surface ornamentation but subtle variations within each of these
classes were not captured (Mander et al., 2021). In the case of Astera-
ceae pollen on BCI, for example, the pollen surface is covered by
spines, but variation in the density of these spines between taxa was
not captured (Mander et al., 2021).

However, we think that pollen morphology offers more informa-
tion than can be described using terminology and encoded in sys-
tems of discrete characters, and that could be used to enhance the
morphological descriptions. In particular, the use of digital image
analysis will augment significantly the number of meaningful charac-
ters that can be used in analyses of pollen morphology. For example,
we studied the pollen morphology of the palm Mauritiinae using light
and confocal microscopy and developed several algorithms that
generate quantitative data. This enabled us to measure a set of
parameters not easily obtained by hand or using other microscopy
methods and showed the potential to automate analysis (Collevatti
et al., 2024). We measured nine quantitative parameters and one
qualitative parameter, including volume, aperture, skewness, and
spine shape and density. We then used a CART and Random Forest
analysis that correctly identified both fossil and extant grains. This is
only an example, as we are at the early stages of a revolution in the
analysis of palynological morphospace, where several paths are being
developed (e.g., Mander et al., 2013; Punyasena et al., 2012; Quamar
et al, 2022; Romero, Kong, et al, 2020; Romero, Urban, &
Punyasena, 2020; Trivedi et al., 2022), and there is still room for cre-
ating new ways to analyze pollen morphology. For example,
creating metrics for measuring surface ornamentation such as the
geometry of reticula, or the outline of projecting elements, or the
spatial distribution of sculptural elements. We anticipate that this,
coupled with neural networks as described above, will facilitate the
study of variation in pollen morphology over evolutionary time
scales. In particular, certain fossil groups, such as the marine micro-
fossils (e.g., radiolaria, diatoms, and foraminifera), have a sufficiently
complete fossil record that the types of speciation can be recon-
structed from morphometric data, with the gradual speciation of the
(Benton &

Pearson, 2001). However, while the fossil record of pollen and spore

diatom  Rhizosolenia a  well-known example
rivals that of many such groups in terms of abundance and com-
pleteness, the nature of our current morphometric approaches
means that is very difficult to observe transitions between morpho-
types generated by systems of discrete morphological characters
rooted in the language of descriptive palynology (Punt et al., 2007).
There are some notable morphometric studies of single genera
through time, such as a study of Echitriporites pollen across the
Cretaceous-Paleogene (K-Pg) boundary in northern South America,
which showed that only one species E. trianguliformis persisted after
the K-Pg boundary in this region (Cardenas et al., 2019), but devel-
oping metrics to quantify fine scale-variation in surface ornamenta-
tion over long timescales could allow modes of speciation among
plants to be reconstructed in the manner shown for marine fossil

groups (Benton & Pearson, 2001).

Deep learning also provides new approaches for quantifying and
analyzing morphological characters. Notably, features identified by
neural networks can be used directly in phylogenetic placement
(Adaimé et al, 2023) or in ecological inference (Adaimé
et al., 2024, 2025).

44 | Bigdata analysis

The morphological diversity of pollen grains is extremely high, especially
in tropical rainforests (Roubik & Moreno, 1991). However, we still do
not know whether this variation reflects ancestry, or ecological func-
tion, or is purely a result of biogeochemical drift. Pollen ornamentation
forms by primexine phase separation coupled to membrane undula-
tions, which reach equilibrium in some taxa but in most, it forms in
kinetic arrest (Radja et al., 2019), and it is still uncertain what forces
drive the kinetic arrest. Morphology is very conservative in some fami-
lies (e.g, Poaceae) whereas it is highly variable in others
(e.g., Acanthaceae) (Mander & Punyasena, 2014). The relation of func-
tion and morphology is also unclear (Mander et al., 2021), and perhaps
pollen morphology is an all-general-purpose design not specifically
fitted for a single task (Crane, 1986). A recent analysis comparing the
morphological pollen distance of 700 taxa in BCl with its corresponding
phylogenetic distance found a strong relationship at the species and
genus level, but this relationship breaks down at higher levels (Mander
et al., 2021). There was no relationship between morphology and biotic
and abiotic pollination, and some pollen morphotypes or pollen traits
were unique to certain pollination ecologies. These results, however,
represent a small proportion of tropical diversity. We envision a similar
set of analyses but on the large-scale dataset that our digitization pro-
gram is producing. A big data approach would also facilitate the large-
scale comparison of different biogeographical regions. For example, Jar-
amillo and Dilcher (2001) showed an 11% and 11.5% similarity in the
taxonomic composition of vegetation in northern South America and
tropical Africa during the Eocene and Paleocene, respectively, highlight-
ing that biogeographical differences in the rainforests of the Neotropics
and Old World tropics are geologically ancient. Recently, the
Paleocene-Eocene pollen and spores systematics from tropical West
Africa have been overhauled, with the description of two new spore
species and one new genus and 18 new species of angiosperm pollen
(Mander et al., 2023). The updated systematics of Mander et al. (2023)
were harmonized with that of northern South America using type mate-
rial inspected in museum collections and an online morphological data-
base (Jaramillo & Rueda, 2024) to overcome barriers in taxonomic
practice between the two biogeographic regions. However, while this
will permit a detailed comparison of tropical vegetation in northern
South America and West Africa during the Paleocene and Eocene that
builds on the analysis of Jaramillo and Dilcher (Jaramillo &
Dilcher, 2001), it will cover just two regions and at most two time-
points. Synthesizing a pantropical view of rainforest evolution using the
empirical data of the fossil record, and spanning the birth of modern-
aspect rainforests in the aftermath of the K-Pg mass extinction

(Carvalho et al., 2021) to the present day, demands a big data approach
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that leverages modern and fossil pollen and spore collections such as
the Smithsonian Graham-Nowicke palynological collection together

with neural networks and automation.

5 | CONCLUSIONS

We are at the threshold of an exciting new era in palynological
research that will unlock the full power of palynological analysis, aided
by a digital revolution in microscopy, the rapid development of neural
network algorithms that aid pollen and spore identification, and image
analysis that can add novel ways to quantify morphology. Digitizing
massive collections like the Smithsonian Graham-Nowicke palynologi-
cal collection plays a pivotal role in this revolution, transforming the
practice of the entire field of palynology, with ripple effects across
various fields, including paleontology, entomology, medicine, foren-

sics, archeology, and paleoclimate.
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