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Abstract

Sediment is an important facet of sand cay reefs as it is responsible for reef
accretion and island formation, with shifts in the proportions of sediment
producers being proxies for ecological shifts. However, manual sediment
analyses require experts to identify thousands of sand grains by hand before
beginning data analysis. To accelerate the process, we developed the Sediment
Analysis Neural-network Data-engine (SAND-e) to estimate the proportions of
sediment producers, based on segmentation and classification of carbonate sand
grains from microscope camera imagery. Sediment from Darvel Bay was used
for training due to the variability of sand cay reefs available in that area. SAND-e
segmented 1686 images into 32883 grains within 3.5h. The grains were then fed
through SAND-e's classifier ensemble, containing four classifiers that voted to
classify the grains into one of five classes (calcareous algae, coral, foraminifera,
molluscs and ‘other’) in 1hour. Both SAND-e and 11 humans annotated grains
from the same dataset to ensure that SAND-e's accuracy was within the already

accepted error rate deriving from multiple human annotators.
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and services such as tourism, coastal protection, food and the
provision of natural products and livelihood to millions of

Coral reefs are extraordinarily diverse and highly important people (Moberg & Folke, 1999). One of these critical functions
marine ecosystems contributing to a wide range of goods is carbonate sediment production, in which the dead shells,
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skeletons and tests of reef-dwelling creatures such as algae,
corals and molluscs sustain the reef morphology and build
low-lying islands (Kappelmann et al., 2023). However,
this important ecosystem service provided by coral reefs
is threatened (De'ath et al., 2009). As global temperatures
continue to rise, coral reefs are experiencing mass bleaching
events (Hoegh-Guldberg, 1999) with increasing intensity
and frequency, resulting in the mass death of reef corals and
potentially reducing their active role in sediment production
(Lange et al., 2024).

Sediment production is an ecosystem service provided
by coral reefs and an important component of reef car-
bonate budgets. Biogenic carbonate production occurs
both on a framework level (e.g. corals, large molluscs,
CCA) and through direct sediment production (e.g. fora-
minifera, micro-molluscs, Halimeda) (Perry et al., 2023).
Framework components can enter the sediment fraction
by mechanical or biological erosion (Perry et al., 2023).
Additionally, sediment is frequently transported off the
reef and onto the slope (Kappelmann et al., 2023). While
on-reef sediment mainly fills the space between corals
in framework reefs (Brown et al., 2021), it is what sus-
tains the morphology of sand cay reefs, providing ben-
efits such as continued reef island building (McKoy
et al., 2010; Woodroffe & Morrison, 2001; Woodroffe
et al., 2007). The latter is particularly important in re-
gions where reef islands are inhabited in times of rising
sea level.

Furthermore, reef sediment from cores is often used as
a proxy to reconstruct past conditions on a reef (Cramer
et al., 2017; Johnson et al., 2017; O'Dea et al., 2020) de-
spite taphonomic biases (Hausmann et al., 2018; Kosnik
et al., 2009; Zuschin et al., 2000). Comparisons with mod-
ern sediment allow researchers to detect ecological base-
line shifts that occurred before monitoring began (Cramer
et al., 2017; Johnson et al., 2017; O'Dea et al., 2020). While
some studies survey living organisms on a reef to estimate
overall carbonate production (Lange et al., 2024; Perry
et al., 2018; Perry et al., 2023), direct analysis of the sedi-
ments is needed to determine how much of the gross car-
bonate ends up in the sediment and contributes to reef
accretion and island building.

Manual sediment analyses are time-consuming
because they require an expert to identify at least 200
sediment grains (Kappelmann et al., 2023; Janfien
et al., 2017; Morgan & Kench, 2016; Cuttler et al., 2019;
Bonesso et al.,, 2022) or 400-point counts (McKoy
et al., 2010) per site to achieve a crude categorical level.
Therefore, we explored the capability of machine learn-
ing to accelerate the analysis of grain composition in
reef sediments. Ecologists and sedimentologists have
used images from photographs, drawings and paintings
to quantify processes like regime shifts, island building

and predator-prey dynamics in a relatively slow and
low-throughput method for many years (Kappelmann
et al., 2023; Laux et al., 2022; Roelfsema et al., 2006).
However, modern digitalisation techniques have al-
lowed for image collection speeds to progress at an ever-
increasing rate and frequently can outpace the capacity
to manually extract meaningful data from images (Liirig
et al., 2021; Marchant et al., 2020; Mimura et al., 2022).
Machine learning (ML), a form of artificial intelligence
(AI), has been applied in many Earth Sciences domains
such as land use estimation (Jin et al., 2019), crop yield
prediction (Jin et al., 2019) and ocean current model-
ling (Sinha & Abernathey, 2021). Machine learning uses
a bottom-up approach in which algorithms learn rela-
tionships between input data and output results as part
of the model-building effort and can discover patterns
and trends buried within vast volumes of data that are
not apparent to human analysts. Computer vision (CV),
the automated extraction and processing of information
from digital images, provides an opportunity to allevi-
ate the longstanding bottleneck with the capability to
be an efficient and comprehensive data extraction tech-
nique (Lirig et al., 2021; Marchant et al., 2020; Mimura
et al., 2022). Recent examples of successful ecological
applications were published by Porto and Voje (2020) in
which biological structures in images of fly wings, sea
basses and bryozoan colonies were automatically de-
tected and landmarked, finding that the time-weight
performance of annotation was massively advantaged
compared to manual annotation but also describes
boundaries to these machine learning models, such as
limitations to 2D images. Machine learning is already
being applied to sedimentology. Automated sedimento-
logical data generation has a long history, especially in
siliciclastic environments (Butler et al., 2001), with mod-
els capable of automatically classifying sediment type
and grain-size distributions available (Buscombe, 2020).
More recently, segmenters have been developed for
siliciclastic sediments. Segment Every Grain, an off-
shoot of the Segment Everything models, allows for
one-click segmentation of siliciclastic grains from each
other and a background (Sylvester, 2023). By contrast,
GrainID allows for segmentation of fluvial sediments
automatically while also measuring the size of the sed-
iment grains (Mair et al., 2024). However, no machine
learning-based tools have been developed to work with
carbonate sediments.

Most of the existing understanding of the ecological
function, diversity, and sedimentary development of
coral reefs is based on data from clear-water settings,
but there is increasing recognition of the importance
of reefs in turbid, nearshore settings (Guest et al., 2012;
Morgan et al.,, 2017; Anthony et al., 2007; Rosedy
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et al., 2023, Santodomingo et al., 2016). Evidence of
long-term persistence and resilience of turbid reefs
comes from the fossil record (Santodomingo et al., 2016)
and from the observed ability to reduce the impact or
even escape the most recent bleaching events in 2010
(Guest et al., 2012), 2016-2017 (Morgan et al., 2017) and
2020-2021 (Rosedy et al., 2023; Zweifler et al., 2024). We
ensure that our models can function on sediment from
both habitat types by analysing nine sediment samples
across three contrasting environments in Darvel Bay
(Sabah, Malaysia): the clear-water reef of Blue Lagoon,
the turbid Triangle Reef and the more turbid reef at
Sakar North. The purpose is to demonstrate the appli-
cability of machine learning in coral reef sedimentology
by the following:

 Building an image set of sediment grains collected in
three different environments.

 Training the Sediment Analysis Neural-network Data-
engine (SAND-e) to segment and classify the main
components.

« Using Darvel Bay as a test case to demonstrate the ap-
plicability of machine learning-based methods for anal-
yses of reef sediments.

2 | METHODS

2.1 | Study Area

Darvel Bay is located on the eastern coast of Sabah,
North Borneo, Malaysia. Three coral reef sites were se-
lected based on their contrasting environmental con-
ditions, particularly differences in turbidity, that is,
the suspended sediment content, with Blue Lagoon
representing the clear-water environment, Triangle
Reef a moderate turbidity environment, Sakar North
the very turbid-water environment (Figure 1). Sakar
North is situated 280 m from shore and 5km south of
Lahad Datu, a city whose main economic activities
are small-scale fisheries and oil palm plantations. Its
high turbidity (6.28 NTU) comes from terrestrial runoff
from the nearby Segama River and the coastal devel-
opment of Lahad Datu (Rosedy et al., 2023). However,
there is relatively high coral cover with healthy coral
colonies (Figure 1E). In contrast, Blue Lagoon is a sub-
merged semi-atoll reef located 13 km from the coast, in
the middle of the bay and relatively away from coastal
influence. Midday light availability is three orders of
magnitude higher in Blue Lagoon than in Sakar North,
while turbidity is very low (Rosedy et al., 2023). Finally,

Triangle Reef is located 3.5km from the coast and is
thought to have 10 m LUX values between those of Blue
Lagoon and Sakar North.

2.2 | Light Monitoring

HOBO Pendant® MX2202 loggers were placed at 10m
depth on all three reefs and measurements were taken
every 5min. The median LUX values between 10am and
3 pm were calculated for each day and used to find the me-
dian, upper quantile and lower quantile for each reef. Data
from October to November were used to calculate the dry
season values and June was used for the wet season. All
data were logged in 2019, which is the year sediment sam-
ples were taken. June was selected since it was the only
month for which all HOBO loggers were functional; no
dry season data could be recovered from the HOBO logger
at Blue Lagoon in 2019.

2.3 | Sample Acquisition

During fieldwork carried outin April 2019, three seafloor
samples of approximately 500 g were manually collected
at each site at 10 m depth from Blue Lagoon (Sed46-48),
Triangle (Sed22-24) and Sakar North (Sed37-39). Upon
collection, samples were rinsed with fresh water and
left in airtight containers for 24h to allow fine sedi-
ments to settle. Water was then siphoned off each con-
tainer and samples were air dried for another 24 hours.
They were subsequently oven-dried at 120-150°C for
lhour or until completely dried and kept in paper
envelopes sealed inside airtight plastic bags. In the
laboratory, samples were dry sieved into six fractions:
<1.0mm, 1.0-1.4mm, 1.4-2.0mm, 2.0-2.8mm, 2.8-
4.0mm and >4.0mm. Only the 1.0-1.4mm (Fraction
1) and a further sieved fraction of 0.5-1.0 mm (Fraction
0.5) were used to create the image set. A breakdown of
the images is shown in Table 1 These two size fractions
were chosen because previous work on Blue Lagoon
and Sakar North found that they are more abundant in
sediment samples than the larger size fractions (Rosedy
et al., 2023), both providing enough training data and
saving more time by automating them. Previous surveys
of sand cay reefs in the Coral Triangle found similar
grain-size distributions (Janfien et al., 2017), suggesting
that these models would be transferable to other stud-
ies. Smaller size fractions tend to contain vastly differ-
ent unidentifiable biota, so they were excluded from the
present study.
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FIGURE 1 (A)Overview of Darvel Bay showing locations of the three reef environments (Blue Lagoon, Sakar North and Triangle),
influential river systems and urban developments (B) Map of southeast Asia and the relative location of Darvel Bay (C-E) Imagery from the
reef sites taken during sample collection at Blue Lagoon, Triangle and Sakar North, respectively.

2.4 | Sample Imaging

Grains from the six sediment samples were photographed
to create an image set for both training the ML develop-
ment tool and for analyses. Images were taken using an
EOS 600D camera mounted on a Leica microscope and
the following camera settings: ISO: 1/200, F:800, Size L,
1x magnification for optimum focus and highest pixel
number (5184 x 3456). Between 6 and 56 sediment grains
were individually arranged on the glass petri dish for im-
aging to limit the number of grains in contact and arrange

for optimal grain numbers per image. A dark blue, untex-
tured background was used to obtain high-contrast levels
against the predominantly light-coloured grains.

We aimed at taking 50 images per size fraction per
sample for the nine samples (Sed37-39, Sed22-24 and
Sed46-48) and two size fractions of interest (Fraction 0.5
and Fraction 1), totalling 900 images. Some subsamples
did not contain enough grains in certain fractions to make
those targets, so others were imaged more intensively,
both to compensate and due to extra available time. In
total, 1676 images were taken (Figure 2A).
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TABLE 1 Total images taken through microscope camera
imagery, NHM Palaeontology Department October-November
2021, to build the imagery dataset from the nine samples across
the three environments prior to upload into AI development tool.
Fraction 1=1.0mm to <1.4mm, fraction 0.5=0.5mm to <1.0mm.

Locality Sample no. Fraction Images
Blue Lagoon (BL) Sed46 Fraction 1 229
Fraction 0.5 90
Sed47 Fraction 1 110
Fraction 0.5 90
Sed48 Fraction 1 40
Fraction 0.5 58
Triangle (TR) Sed22 Fraction 1 125
Fraction 0.5 30
Sed23 Fraction 1 105
Fraction 0.5 75
Sed24 Fraction 1 125
Fraction 0.5 68
Sakar North (SN) Sed37 Fraction 1 28
Fraction 0.5 100
Sed38 Fraction 1 162
Fraction 0.5 122
Sed39 Fraction 1 44
Fraction 0.5 75

2.5 | Model training

Models were trained using the Geti AI development tool
published by Intel (The Intel® Geti™ Platform, 2023). This
platform modifies the weights on a deep convolutional
neural network in order to minimise a loss function be-
tween the machine outputs and the example dataset.
The task chain within the machine learning tool con-
sisted of two phases: to segment grains within an image,
‘Segmentation’, and to classify the segmented grains using
labels, ‘Classification’ (Figure 2B). As the ML develop-
ment tool is reliant on user annotations of grains, where
annotations are assumed to be of 100% confidence during
training, it is important to classify grains into the class of
labels for which the identification of the grain can be cer-
tain. A total of 596 images were annotated in a segmenter
that used transfer learning protocols on the MaskRCNN-
ResNet50 model architecture. Once the segmenter had
enough annotations, Geti would begin making predictions
of the grain boundary. Once those were acceptably accu-
rate, we were able to focus entirely on training the classi-
fier. Images from Sakar North and Blue Lagoon were used
for this training set, as preliminary observations showed
that they contain a higher diversity of grains in compari-
son to the other localities. In order to train the classifier,

1210 grains from 600 images were sorted into nine classes
(bivalve, bryozoan, calcareous algae, coral, echinoderm,
foraminifera, gastropod, silt-clay lump and unidentified
molluscs). Halimeda and coralline algae were merged
into one category due to the paucity of Halimeda in the
samples; fewer than 10 Halimeda grains were identified.
The entire image set and its greyscale counterparts were
used to train four models. Two models used transfer learn-
ing from EfficientNet V2S and two used EfficientNet BO as
their basis. Models were further split based on the num-
ber of classes used. When training ‘mollusc split’ models,
the gastropod and bivalve classes were kept separate and
the unidentified mollusc class was excluded; bivalve and
gastropod identifications were later combined to form
the mollusc class. In contrast, the gastropod, bivalve and
unidentified mollusc classes were combined into a single
mollusc class in ‘mollusc united’ models. All four mod-
els were further trained on sediments from the islands of
Kudingareng Keke and Samalona near Makassar, South
Sulawesi, Indonesia that had not been dried in such hot
conditions; these sediments came from the 0.5- to 2.0-mm
size fraction (Harrison et al., unpublished data). All four
models were allowed to vote in an ensemble; if either a
majority of the classifiers voted for one classification with
an average softmax value of over 0.8, the grain was marked
as belonging to that classification. These thresholds were
chosen based on the Jaccard scores between the human
annotators involved in training the classifiers. If neither
condition was met, the grain was classified as ‘other’. Silt-
clay lumps, which were an artifact of the high drying heat,
were excluded from further analyses. Bivalve, gastropod
and unidentified mollusc were merged into ‘Mollusc’,
bringing the total number of output classes to seven: bryo-
zoan, calcareous algae, coral, echinoderm, foraminifera,
mollusc and other.

2.6 | Pipeline building

Following training and testing, the SAND-e pipeline
was put to work. Once the inference model for both the
‘Segmentation’ and ‘Classification’ tasks was extracted, all
images from the dataset could be run through each stage.
Images were first passed through the segmenter code, using
JSON (Pezoa et al., 2016) and NumPy (Harris et al., 2020)
libraries in Python, loading each image and passing it
through an OpenVINO (Demidovskij et al., 2019) model.
This process locates grains, crops around each boundary
from the background versus the grain, and outputs each
grain as an individual .png file. Subsequently, all individ-
ual grain files are run through the classifier code, which
uses a softmax layer to give the most probable classifica-
tion label for each grain and associates a confidence level
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to each. The output of the classifier is a file with classifi-
cations predicted for each grain, the confidence of each
prediction and the filename of each grain for sense check-
ing. All four classifiers were run on all grains, producing
four output files. Those files were then loaded into an R
script where the classifier ensemble voted. All Python and
R scripts required to run SAND-e locally are provided on
Github.

2.7 | Testing

While the internal testing offered preliminary precision
and recall values for the sanitised dataset provided to
Geti for training, these metrics held no practical utility

FIGURE 2 Schematic workflow
demonstrating the three phases of
methodological approaches carried out
towards the aims of the project between
October and December 2021 where (A)
data collection and preparation, (B)
model training, (C) model testing and (D)

analyses.
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Classify

’ Compare Humans
to machine

for real-world scenarios. Practical testing required com-
paring the output of the models against that of humans
on unsorted samples that were not included in the train-
ing dataset (Figure 2C). The segmenter was tested by
taking one image from each of the two size fractions of
all nine sites, following the same procedures used to gen-
erate training data. The images were then run through
the segmenter, and the resulting segmented images were
compared to the manually identified grains. To test the
comparability of the classifier ensemble and humans,
10 humans who are experts in sedimentology or ex-
perts in at least one of the grain types were asked to an-
notate the grains from the segmenter test. The humans
were given the same set of 18 images with the numbered
grains generated in the segmenter test. The classification
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algorithms were then run on the smaller files produced
by the segmenter from the original 18 images; the three
ensembles were allowed to vote, and their votes were
compared to the human results using Jaccard Indices and
Cohen's Kappa Coefficients; hierarchical clustering and
PERMANOVA tests were performed to detect differences
in error rates. Jaccard indices were chosen due to their
similarity to traditional methods of comparing percent
agreement between human instructors and students, al-
lowing for comparison between current methodologies
and the new methodology proposed here. Cohen's kappa
coefficients ensure that rarer classes are annotated cor-
rectly, unlike the Jaccard scores which can be biased if
the model performs well on common classes but not rare
ones. SAND-e failed to classify echinoderms at a human
level; thus they were excluded from further analyses.

2.8 | Deployment

All 1676 images were run through the segmenter and
the results were fed into all four classifiers (Figure 2D).
Silt-clay lumps, which were an artefact of the high tem-
peratures used for drying the samples, were retained for
model testing but excluded from environmental analysis.
Statistical analyses were performed with the R-statistical
software (R Core Team, 2021). PERMANOVA tests were
run in the vegan package (Oksanen et al., 2022) using
Bray-Curtis dissimilarities to test the a priori hypothesis
that sediment composition varied significantly between
reefs and/or size fractions. Additionally, hierarchical
clustering was run to find clusters beyond the a priori

hypotheses, while principal component analyses from the
vegan package (Oksanen et al., 2022) were used to visu-
alise these clusters. A schematic workflow is provided to
elucidate the processes described above (Figure 2).

3 | RESULTS

3.1 | Light Availability

Triangle Reef has half of the midday light availability in
comparison to Blue Lagoon (Figure 3), placing it almost
exactly halfway between Blue Lagoon and Sakar North
(Rosedy et al., 2023).

3.2 | Testing

During testing, the segmenter recovered 333 grains, in-
cluding all 324 grains identified by the humans but also
a few additional objects, including specks of dust and
tiny sand grains that humans generally did not annotate.
This is equal to a 2.8% difference. All grains identified by
SAND-e but not by humans were labelled ‘other’ by the
classifier ensemble. Due to the high success rate of the
segmenter, further testing was not conducted.

By contrast, the classifier was tested more rigorously.
Jaccard Indices and Cohen's Kappa Coefficients were cal-
culated among all human annotators and between all hu-
mans and SAND-e. The Jaccard scores comparing SAND-e
to human annotators were not significantly different from
the inter-human annotator scores, albeit on the lower end.

o
S
S —
re)
N 19220.5 O Blue Lagoon
O Triangle
= B Sakar North
S -
S
N
x o
3 8 -
E 2
o
i 7899 9018.5
L o
8 8- T
FIGURE 3 Median light levels, = =
expressed as LUX, measured at mid-day
at 10m depth at Blue Lagoon and Sakar o
North. Measurements were taken every § N
5minutes by in situ dataloggers over a
period from October to November for the
dry season and June for the wet season. o J 12 41
All data was logged in 2019, which is the
Dry Season Wet Season

year sediment samples were taken.
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SAND-e performed within the range of human error on
all classes except echinoderms, so echinoderms were ex-
cluded from further analyses. Not enough bryozoans were
present in the test dataset to make the results statistically
significant, so they were also excluded. Precision, recall, F-
score and confusion matrices are available as appendices.

3.3 | Deployment

When deployed on the full dataset, a total of 32883 grains
were obtained from the 1676 images run through the seg-
menter model and subsequently classified. Segmentation,
Classification, and voting together took 1hour. Of the
32883 grains identified, 7409 (23%) were identified by the
ensemble; the remaining 25495 (77%) were either in the
‘other’ class (98.1%) or identified as bryozoan (0.1%) or
echinoderm (1.8%), and therefore excluded. Differences in
sediment producer contributions to the two size fractions
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used in this study were on the edge of significance (df=17,
R?’=0.18, F=3.57, p=0.054). Significant differences were
found between the sediments in Blue Lagoon, Triangle,
and Sakar North (df=8, R*=0.91, F=29.61, p=0.003,
Figures 4 and 5) and in both the 0.5-1.0mm (df=8,
R*=0.78, F=10.90, p=0.006) and 1.0-1.4mm (df=38,
R*=0.90, F=26.38, p=0.005) size fractions.

4 | DISCUSSION

The segmenter was fast and made virtually no errors rel-
ative to humans. Furthermore, segmentation was fully
automated and did not require any human input, making
it more efficient than one-click segmenters, such as those
based on the Segment Anything model (Sylvester, 2023).
In general, the classifier ensemble scored lower than the
general sediment experts but equal to the people who
specialise in only one taxon, especially if that taxon
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FIGURE 4 Bar charts showing the (A) raw abundances and (B) percent abundances of surveyed grains. Dots represent the three

replicate samples per site and bars represent the geometric mean of those three.
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was rare in the dataset (Table 2). Furthermore, the er-
rors were spread evenly across classes; SAND-e identi-
fied all components within the range of values produced
by human annotators (Figure 6A,B, supplemental ma-
terial), both including ‘other’ grains (Figure 6A) and
excluding them (Figure 6B). Additionally, the ecologi-
cal environment recovered by the NMDS analyses was
within the range of human annotators (Figure 6C) and
was only significantly different from three of the eleven
humans (Table 3). Hierarchical clustering placed SAND-
e's Jaccard scores within the error rate of expert human
sedimentologists, albeit at the lower end (Figure 6D).
These human-comparable rates of error indicate that
SAND-e is ready for deployment. The fact that these
models could function well even on sediments from the
Triangle Reef, on which they were not at all trained,
suggests that they possess some generalisability. Future
projects will require testing and possibly retraining the
classifiers to increase functionality to other sites and
geographic regions. Classifiers for specific groups of
sediment producers, such as foraminifera (Marchant
et al., 2020) or ichthyoliths (Mimura et al., 2022), are
becoming more common, but no one has yet attempted
to create a coarse sediment classification system. In the-
ory, SAND-e could serve as a starting point that other
researchers use to isolate the component they are study-
ing (e.g. foraminifera) and feed SAND-e's outputs into
a more specialised classifier of their design. Machine-
learning powered robotic sorters for insects, meiofauna
and other small samples are already in development; if
one could be modified to accept sediment then SAND-
e's fast-running MaskRCNN-ResNet50 and EfficientNet
models could be deployed as a preliminary sorting step,
in which sieved sand would be inserted and taxa of in-
terest would be automatically picked from the sediment.
Even with the crude classification level provided by
SAND-e, the signal of sediment producers showed great
variation between reefs. Blue Lagoon, the clear-water
reef, showed by far the most abundant calcareous algae
contents, which were the only exclusive autotrophs
prevalent in this study. There, mixotrophic foramini-
fers and symbiotic corals contributed in equal propor-
tions to the sediment as heterotrophic mollusks. In the
Triangle Reef, at mid-levels of turbidity, mixotrophic
foraminifera and corals were dominant, with mollusks
coming in second place as sediment producers and algae
trailing in third. In contrast, Sakar North reef, with the
highest turbidity, had a strong mollusk dominance and
a lower abundance of forams and corals. A high abun-
dance of mollusks has been reported from other turbid
reefs (Bonesso et al., 2022; Janflen et al., 2017) though
not with as high values as in Sakar North. The signifi-
cant differences in the distribution of trophic types of

TABLE 2 Jaccard scores and Cohen's kappa coefficients for SAND-e and 11 human annotators. Jaccard scores are found on the top right portion of the table while Cohen's kappa

coefficients are on the bottom right. Jaccard scores were chosen due to their similarity to traditional methods of comparing percent agreement between human instructors and students,

allowing for comparison between current methodologies and the new methodology proposed here. Cohen's kappa coefficients ensure that rarer classes are annotated correctly, unlike the

Jaccard scores which can be biased if the model performs well on common classes but not rare ones.

Human 1 Human 2 Human 3 Human 4 Human 5 Human 6 Human 7 Human 8 Human 9 Human 10 Human 11

SAND-e

0.79
0.90
0.81
0.84
0.84
0.82
0.79
0.83
0.67
0.89
0.73

0.61
0.73
0.71
0.70
0.72
0.69
0.68
0.75
0.62
0.73

0.77
0.89
0.78
0.81
0.82
0.80
0.78
0.82
0.68

0.63
0.65
0.70
0.68
0.73
0.71
0.69
0.67

0.71
0.82
0.80
0.79
0.82
0.70
0.75

0.71
0.78
0.74
0.73
0.77
0.78

0.69
0.80
0.76
0.82
0.79

0.70
0.82
0.80
0.78

0.69
0.83
0.77

0.69

0.79

0.73

SAND-e

0.50
0.48
0.46
0.50
0.48
0.48
0.50
0.44

0.56

Human 1

0.64
0.69
0.68
0.66
0.59
0.68
0.47
0.77
0.54
0.80

Human 2

0.63
0.68
0.62
0.57
0.67
0.57
0.63
0.55
0.66

Human 3

0.64
0.70
0.55
0.66
0.54
0.64
0.53
0.70

Human 4

0.66
0.61
0.71
0.59
0.68
0.56
0.71

Human 5

0.63
0.68
0.57
0.64
0.52
0.67

Human 6

0.59
0.54
0.59
0.48
0.60

Human 7

0.52
0.68

Human 8

0.51
0.44
0.50

Human 9

0.54
0.77

0.61
0.70

Human 10

0.55

0.59

Human 11

Note: Green shows values between 1.0-0.7 for Jaccard indices and 1.0-0.6 for Kohen's Kappa Coefficients. Orange shows values between 0.7-0.5 for Jaccard indices and 0.6-0.4 for Kohen's Kappa Coefficients. Red shows

values under 0.5 for Jaccard indices and 0.4 for Kohen's Kappa Coefficients.
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FIGURE 6 Results of classification by SAND-e in grey and the human annotators in white with (A) and without (B) other grains.
(C) NMDS of results from SAND-e and human annotators. SAND-e is displayed with a filled circle while human annotators are shown with
empty circles. The average of all human annotators is shown with a square. (D) Jaccard scores of SAND-e (grey) and 11 human annotators

(white).

sediment producers suggest that sedimentology might
be influenced by environmental factors. Further stud-
ies are needed to test this initial trend, particularly on
turbid reefs, to better understand how they function on
a sedimentological level.

These preliminary results demonstrate the utility of
SAND-e for sedimentologists. Rapid, crude classification
of sediments can assist sedimentologists in many differ-
ent analyses. Allowing sedimentologists to utilise repli-
cates is one pressing utility. Sediment from Blue Lagoon's
samples differed significantly despite the samples being

collected within 10 meters of each other. This is note-
worthy since most studies on intra-reef variation take
samples at 50-100m intervals on the assumption that
small-scale variation is negligible (Bonesso et al., 2022;
Kappelmann et al., 2023). SAND-e's rapid, crude clas-
sification of sediment would allow studies of replicates
taken near each other to elucidate the scale on which
sedimentological variation occurs on coral reefs. If future
studies confirm that significant variation occurs on scales
smaller than traditional sampling intervals, SAND-e can
allow sedimentologists to include metre-scale replicates
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TABLE 3 T statistics, degrees of freedom, and p-values
comparing SAND-e's performance to all 11 humans.

T-stat df p-value

Human 1 —2.16 22 0.041
Human 2 —1.43 21 0.166
Human 3 —1.58 22 0.126
Human 4 —2.01 21 0.057
Human 5 —1.66 21 0.112
Human 6 —1.06 21 0.299
Human 7 —1.87 21 0.075
Human 8 0.62 22 0.541
Human 9 —-2.27 21 0.034
Human 10 0.10 22 0.91

Human 11 —2.65 21 0.015

in their surveys without increasing the time costs of
projects, allowing sedimentologists to distinguish be-
tween large-scale trends in sediment composition and
metre-scale noise. Similarly, reef cores can be sampled
at more frequent intervals, allowing researchers a clearer
view of how sediments changed over time and helping
distinguish gradual changes from rapid shifts. Island
formation analyses, sediment transport studies, paleo-
ecological reconstructions and reef health studies are
among the many uses of coral reef sediment that would
benefit from increased data with consistent errors gener-
ated by SAND-e.

Despite its benefits, SAND-e has several major draw-
backs over traditional sedimentological methods. Firstly,
SAND-e works on images and therefore requires research-
ers to have access to a photo-microscope. While training
data was acquired on multiple microscopes with differ-
ent lighting conditions, SAND-e still requires reasonably
sharp images with decent lighting. Secondly, the current
version of SAND-e's segmenter requires grains to be
spread out; by contrast, most sedimentologists who work
from photographs of sediment use filled trays. Separating
the grains requires extra time input. That being said, it is
still faster than traditional methods and the photography
step can be conducted by volunteers with limited training,
unlike traditional picking, which requires all steps to be
conducted by an expert. Future versions of SAND-e will ei-
ther focus on improving the segmenter to handle touching
grains or will partner with an existing segmenter that can
already accomplish this. Thirdly, SAND-e is only trained
on grains between 2mm and 0.5mm. Sediment com-
ponents are known to vary depending on the size of the
fractions used for the analyses (Hausmann et al., 2018).
Smaller and larger size fractions will contain grains that
are not in its training data (e.g. small, heterotrophic fora-
minifera; large coral fragments) which it will not be able

to classify reliably. Future iterations of SAND-e will seek
to add smaller size fractions to its dataset, which will ex-
pand its applicability and make it more useful across a
broader range of sediment samples. Additionally, SAND-e
is unable to physically manipulate the sediment it pro-
cesses so it cannot return sorted sediment for weighing,
isotope analyses or other uses. Future work will include
creating or acquiring a sediment picking robot to allow
SAND-e to physically pick sediments. Furthermore, it is
useful to remember that the ‘other’ category is not a class
on which SAND-e was trained but rather a tag given to
any grain that does not have a high enough softmax value
to be classified. As such, grains may be incorrectly labelled
as ‘other’ if they are too poorly preserved for SAND-e to
classify them.

5 | CONCLUSIONS

SAND-e represents the first machine learning pipeline
capable of automatically segmenting carbonate sand
from images and classifying the producers of each in-
dividual component on a coarse scale. Its framework is
flexible by design, allowing the models to be swapped out
and re-trained as well as making it simple to add new
classes as needed by future projects. We expect the use
of machine learning in sedimentological workflows to
boost the speed and comparability of experiments, al-
lowing sedimentologists to process larger datasets than
were possible under traditional manual classification
methods.
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