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Abstract

Phytoliths constitute microscopic SiO,-rich biominerals formed in the cellular system of many living plants and are often
preserved in soils, sediments and artefacts. Their analysis contributes significantly to the identification and study of botani-
cal remains in (paleo)ecological and archaeological contexts. Traditional identification and classification of phytoliths rely
on human experience, and as such, an emerging challenge is to automatically classify them to enhance data homogeneity
among researchers worldwide and facilitate reliable comparisons. In the present study, a deep artificial neural network (NN)
is implemented under the objective to detect and classify phytoliths, extracted from modern wheat (Triticum spp.). The pro-
posed methodology is able to recognise four phytolith morphotypes: (a) Stoma, (b) Rondel, (c) Papillate, and (d) Elongate
dendritic. For the learning process, a dataset of phytolith photomicrographs was created and allocated to training, validation
and testing data groups. Due to the limited size and low diversity of the dataset, an end-to-end encoder-decoder NN archi-
tecture is proposed, based on a pre-trained MobileNetV2, utilised for the encoder part and U-net, used for the segmentation
stage. After the parameterisation, training and fine-tuning of the proposed architecture, it is capable to classify and localise
the four classes of phytoliths in unknown images with high unbiased accuracy, exceeding 90%. The proposed methodology
and corresponding dataset are quite promising for building up the capacity of phytolith classification within unfamiliar (geo)
archaeological datasets, demonstrating remarkable potential towards automatic phytolith analysis.

Keywords Phytolith automatic classification - Semantic-segmentation - Transfer learning - Emerging techniques -
Archaeological Method

Introduction

Biomineralisation, the natural process by which living organ-
isms produce mineral accumulations of diverse shapes/forms
and sizes (Lowenstam 1981; Lowenstam and Weiner 1989),
has been a vital process for terrestrial plants over their >400
myr evolution history (Perry 2003; Trembath-Reichert et al.
2015). Biomineralisation in the plant kingdom may act as an
agent for mechanical support, protection, detoxification, pho-
tosynthesis optimisation, and these functions may depend,
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among others, on the geometrical and morphological attrib-
utes of the plant biominerals (Meunier et al. 2017; Pieran-
toni et al. 2018; Stromberg et al. 2016). Phytoliths constitute
microscopic SiO,-rich biominerals (commonly 10-30 pm in
diameter and up to 200 pm in length), formed in the cellu-
lar system (within or between the cells) of many living plants
(Bauer et al. 2011; Piperno 2006 and references therein;
Shillito 2018). Phytoliths are often preserved (through decay in-
situ mechanisms) in soils and sediments [and to a lesser extent
on artefacts (e.g. Wendrich and Ryan 2012) or ecofacts (e.g.
Cummings and Magennis 1997)] during the decomposition/
burning of plant material, and their analysis contributes sig-
nificantly to the identification and study of botanical remains
in (paleo)ecological and archaeological contexts (Meunier and
Collin 2001; Neumann et al. 2017; Rosen 1992), especially
when used in conjunction with other archaeobotanical proxies
(Garcia-Granero et al. 2021; Horrocks 2005; Yao et al. 2012).

The different tissues in the plant organs have cells that
often present distinct morphologies, hence, certain phytolith
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morphotypes relate to specific parts of the plant (e.g. inflo-
rescence, leaves, stem) that may correlate with specific past
(or present) human choices and activity that took place in the
contexts where phytoliths are recovered (Esteban et al. 2018;
Harvey and Fuller 2005; Tsartsidou et al. 2009). Further-
more, phytolith shape/form variation (e.g. rounded, angular)
may be of high importance in discriminating between plant
species (Ball and Brotherson 1992; Hoskova et al. 2021;
Twiss et al. 1969). In order to secure reliable information
regarding phytolith assemblages, it is important that phy-
toliths remain morphologically and mineralogically/chemi-
cally unaltered at the highest possible level (Andriopoulou
2020; Cabanes and Shahack-Gross 2015; Jenkins 2009).
Understanding the processes involved in the formation and
preservation of phytoliths of defined shapes/forms and sizes
remain challenging. Optical light microscopy (OLM), scan-
ning electron microscopy (SEM), X-ray micro-computed
tomography (X-ray MicroCT), confocal laser scanning
microscopy (CLSM) and fluorescence microscopy (FL)
constitute effective tools for phytolith examination and
assessment of their geometry and morphology. The method
of observation depends on the specific research questions
(e.g. Andriopoulou et al. 2019; Fishkis et al. 2010; Gallaher
et al. 2020; George et al. 2020; Puppe and Leue 2018; Russ
and Rovner 1989; Soukup et al. 2014; Tsutsui et al. 2016).
Phytoliths are typically classified by their morphological
characteristics, the plant taxon (or habitat type) and/or the
anatomical plant part where they are formed onto (Madella
et al. 2005; Neumann et al. 2019). Traditional phytolith clas-
sification (i.e. prediction of the class of an unknown sample)
is mainly based on qualitative criteria and performed manu-
ally using OLM, which is usually time-consuming and may
inherit human observer biases. Over the last few decades,
there has been an increasing interest in the quantitative crite-
ria using morphometrics (measurements of phytolith shape/
form and/or size) based on semi-automatic image analysis
(Ball and Brotherson 1992; Ball et al. 2016 and references
therein). Computer-assisted approaches (geometric modern
morphometrics) have been also conducted to obtain more
complex morphometric parameters of individual (single-
cells) or sometimes articulated phytoliths (multi-cells) (e.g.
Ball et al. 2017; Hoskova et al. 2021; Niu et al. 2021; Out
et al. 2014) for the improvement of taxonomic resolution,
especially when diagnostic features of phytoliths overlap.
Despite the valuable advances in the phytolith research,
methods, techniques and data collection vary considerably
and thus the comparability of the results remains restricted.
An emerging challenge is the automatic classification
of phytoliths that may enhance data homogeneity among
researchers, reduce potential subjective observer bias and
facilitate reliable comparisons, given that the method of
microscopy remains the same. Evett and Cuthrell (2016)
established the conceptual framework for a computer-assisted
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morphometric-based phytolith analysis and classification sys-
tem (i.e. data acquisition, analysis, classification, integration,
dissemination, accessibility). In recent years, interest has
shifted towards the application of machine and deep learning
algorithms on phytolith analysis. Deep learning (DL) is a new
subfield of machine learning, which utilises complex (“deep’)
artificial neural networks in order to learn higher level of data
representations without the need of feature engineering, a
time-consuming procedure in order to fine-tune the traditional
machine learning algorithms (Goodfellow et al. 2016). The
automatic phytolith classification approach has the advantage
to classify morphotypes with a higher unbiased precision, and
may be continuously refined, as more data become available.

Despite the significant contributions made in this direc-
tion, studies on phytolith classification using machine learn-
ing methodologies (Cai and Ge 2017; Diez-Pastor et al. 2020;
Gallaher et al. 2020) remain extremely limited, while to the
best of our knowledge, Andriopoulou et al. 2021 (additional
data are given in the Online Resource 1) is the first study
that utilised deep neural networks (deep learning) in (sin-
gle- and multi-cell) phytolith classification (genus: Triticum).
Recently, Berganzo-Besga et al. (2022) have also presented
an algorithm for automatic classification of multi-cell phyto-
liths (genera: Avena, Hordeum and Triticum) with a high level
of accuracy, using a convolutional neural network (CNN)
architecture and three types of data augmentation techniques.
Cai and Ge (2017) focused on the classification of short cell
phytoliths extracted from several plant taxa. Among the four
classification algorithms that they evaluated, support vector
machines (SVM) and k-nearest neighbors (KNN) provided
the highest performance in terms of accuracy. According to
the comparison of six classification algorithms (with three
different sets of features/attributes) applied on sediment
phytoliths (composed of eight classes, i.e. morphotypes)
by Diez-Pastor et al. (2020), the most accurate results were
obtained using SVM (in accordance with Cai and Ge 2017)
and random forests (RFs). Gallaher et al. (2020) explored the
possibilities of three-dimensional (3D) geometric morpho-
metrics of phytoliths (instead of the typical 2D), and through
the study of fossil grass silica short cell phytoliths and the
evaluation of six classification algorithms, they further devel-
oped an automatic approach to phytolith classification and
analysis of shape evolution. Based on their results, linear dis-
criminant analysis (LDA) consistently exhibited the highest
accuracy with the exception of a case of logistic model trees
(LMT), while SVM and multi-layer perceptron (MLP) were
the lowest-performing among the tested algorithms.

In order to further the development of automatic phytolith
classification, in the present study and based on our previous
findings as shown in the Online Resource 1 (Andriopou-
lou et al. 2021), a deep artificial neural network (NN) with
an encoder-decoder architecture is implemented to clas-
sify phytoliths extracted from modern wheat and digitally
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Fig. 1 Harvesting two wheat
plots in the experimental field
at Chania, Crete, Greece. Soil
and control samples for future
phytolith analyses were also
taken from the plots at different
depths, before and after the cul-
tivation period [source: Andrio-
poulou 2020 (photographs:
Michelakis and Andriopoulou)]

imaged using OLM. We propose an image-segmentation
methodology, which is capable of detecting four phytolith
morphotypes: (a) Stoma, (b) Rondel, (c) Papillate, and (d)
Elongate dendritic. The resulting annotated dataset of phy-
tolith photomicrographs was allocated to training, validation
and testing data groups, feeding the deep neural network,
in order to create a model that classifies and localises the
four classes of phytoliths in the predicted images with high
unbiased accuracy. The main contribution of this study is
the implementation of a deep learning architecture capable
to classify phytoliths efficiently using a limited size of phy-
tolith dataset paving the way towards its application across
different plant taxa and different methods of microscopy and
phytolith representation.

Materials and methods
Phytolith extraction and image acquisition

Wheat (Triticum spp.) was selected because it produces large
quantities of phytoliths (Albert and Weiner 2001), and its
impact on economy since prehistory has been well docu-
mented (Zohary et al. 2012). Humans have been using wheat
and its derivatives over time for food, beverages, medicine,
animal fodder or straw for bedding and for other uses such
as a structural material, fuel, temper for pottery/mudbricks
and also for industrial purposes (Dzhanfezova 2020; Vala-
moti 2009 and references therein). Wheat is not only used
in everyday life settings but also in feasts and rituals (Megas
2001; Miligou-Markantoni 2006). The last decade there has
been a growing interest in the identification of cereals or
cereal preparations (Fuller and Gonzalez Carretero 2018;
Liu et al. 2020; Valamoti 2011), and especially wheat (often
when its chaff has been processed) in (geo)archaeological
contexts using, among others, phytolith analysis (Ball et al.
1999; Berlin et al. 2003; Cabanes et al. 2012).

Phytoliths were extracted from Triticum aestivum, Triti-
cum dicoccum, Triticum durum and Triticum spelta origi-
nated from ecological crops (four plant plots) in Lleida,

Catalonia, Spain, where extensive experimental archaeobo-
tanical research is conducted (Alonso et al. 2013; Andrio-
poulou 2014 [unpublished Master’s thesis]; Asensio et al.
2011). In order to further understand changes in the phy-
tolith assemblage that are related to the particular stage in
the life cycle of the plant, phytoliths were also extracted
using the same laboratory method from Triticum durum and
Triticum monococcum (two plant plots) that we ecologically
cultivated in an experimental field (Fig. 1) under similar
growing conditions at Chania, Crete, Greece (Andriopoulou
2020).

The phytoliths were extracted from dried mature plants
using a slightly modified version of the dry method (Parr
et al. 2001). Andriopoulou and Christidis (2020, 2021)
have focused on the impact of the two conventional phy-
tolith extraction methods on the preservation status of
the phytoliths, and suggested that dry method has cer-
tain advantages compared with the wet method. The
entire plants including leaves, stems and inflorescences
were manually cut, stored in bakers and washed twice in
deionised water using the sonicator bath for ca. 15 min,
to remove impurities attached to the plant surface. The
root system, when available, was separated from the rest
of the plant material and stored, to prevent soil contami-
nation. The washed plant material was dried overnight in
an oven at ~ 120 °C and weighted. The dried parts of the
plant material were transferred to crucibles and burned in
a muffle furnace at ~550 °C for 4 h.

The resulting ashes were transferred to 50 mL falcon
tubes. Ten (10) mililitre of 10% hydrochloric acid (HCI)
was added to the tubes to dissolve the carbonate minerals,
with extra HCI being added when necessary, until bubbling
ceased. The samples were then vortexed for a few seconds
and centrifuged at 3000 rpm for ca. 5 min. The supernatant
was discarded and 10 mL of deionised H,0O was added to
the tubes, which were centrifuged under the same condi-
tions as before. Washing with H,O was repeated twice and
the samples were dried overnight at ~80 °C. Subsequently,
the samples were transferred to watch glasses and 30 mL
of 33% hydrogen peroxide (H,0,) was added, to eliminate
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the remaining organic material. The watch glasses were
heated on a hotplate at ~ 80 °C to accelerate oxidation. Fur-
ther H,0, was gradually added until no charcoal/organic
remains were macroscopically observed. The remaining
peroxide was eliminated by centrifugation at 3000 rpm for
ca. 5 min followed by washing with deionised H,O. The
samples were dried overnight at ~ 80 °C, softly scratched off
from the watch glasses with a spatula and weighted.

The remaining fraction after the elimination of carbon-
ates and organic material is named Acid Insoluble Fraction
(AIF) (Albert and Weiner 2001). Three different slides were
prepared from each sample using 0.5-0.9 mg of the AIF that
is composed mainly of phytoliths. The mounting medium
used was Entellan (Merck). Photomicrographs of phytoliths
were acquired using OLM (an Olympus BX-41 and a Zeiss
Axioscop 40 microscope with an attached digital camera;
using the Delta Pix Viewer and the Leica Application Suite
software). Phytolith morphotypes with clear morphological
outer borders (outline) and morphologically unaltered at the
highest possible level were identified based on the standard
literature (Madella et al. 2005; Neumann et al. 2019; Piperno
2006; Twiss et al. 1969; Zurro 2018).

Dataset description

In the next step, the phytolith photomicrographs were further
processed in order to feed the neural network (NN) model.
It is worth pointing out that the qualitative dataset crea-
tion is crucial for the learning process of neural network
algorithms. Initially, the photomicrographs are manually
annotated (establishing its contours and colorizing with a
different colour per class) forming four classes of phytoliths
linked to different anatomical plant parts (i.e. leaves, stem,
and inflorescence). The resulting dataset, which includes the
raw images (photomicrographs) and the corresponding anno-
tated images (ground truth in deep learning terminology),
describes the aforementioned phytolith classes: (a) Stoma,
(b) Rondel, (c) Papillate, and (d) Elongate dendritic.

Subsequently, the dataset (images/annotations) was split
in training, validation and testing sets with a percentage of
70-20-10% respectively, feeding a deep NN with the aim of
learning and subsequently detecting and localising the four
classes of phytoliths using semantic-segmentation (Wang
et al. 2022). The resulting size of dataset was 250 pairs of
images, which is quite small for efficient learning processes,
while it was one of the main issues that the methodology
had to confront.

Neural network architecture
In Andriopoulou et al. (2021), which was the initial

approach of the present study, a fully convolutional neural
network (FCN) was implemented and trained from scratch
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using the aforementioned dataset in order to detect and
segment the phytolith morphotypes automatically (Online
Resource 1). More specifically, a U-net based architecture
was implemented because of its high efficiency in limited
size datasets (Ronneberger et al. 2015). The U-shaped
model of U-net was divided in two main parts: (a) the
encoder, which downscales the images, increasing the
feature maps and learns from the content of the training
dataset, and (b) the decoder, which upscales the images,
decreasing the feature maps and conducts precise locali-
sation of the detected phytoliths. Simultaneously, four
connections (skip connections) among different levels of
the encoder, transfer information to the decoder in order
to maintain the spatial details of images with the aim to
reconstruct them.

Although the accuracy of the above approach delivered
positive results, the limited size of the dataset in combina-
tion with the multi-class classification (which injects further
complexity to the process) and the use of higher content
complexity images with low diversity for a learning pro-
cedure, prevented the methodology from achieving more
accurate results.

In the present study, an end-to-end encoder-decoder NN
architecture was implemented based on U-net (Ronneberger
et al. 2015) and MobileNetV2 (Sandler et al. 2018) neural
networks. More specifically, a pre-trained MobileNetV2 was
utilised for the encoder part, while the decoder of U-net was
used for the segmentation stage, maintaining the skip con-
nections that U-net implements between the encoder and
decoder. The basic idea of MobileNetV2 architecture is the
depth-wise separable convolutions, a DL technique, which
reduces the network parameters and the required compu-
tational power. The depth-wise separable convolutions are
the core components that compose the two main blocks of
MobileNetV2 architecture called inverted residual blocks
(Fig. 2) (Sandler et al. 2018).

In the present methodology, the MobileNetV2 is pre-
trained with ImageNet (Deng et al. 2009), a well-known
image dataset with more than 14 million of general pur-
pose photographs and more than 1 million groups of classes.
Thus, during the training of the proposed NN, the Mobile-
NetV?2 transfers information to the decoder which is related
with the abstract characteristics of the ImageNet dataset
(shapes, texture, patterns etc.), facilitating and accelerating
the learning process for phytolith classification and segmen-
tation. The process above is called transfer learning in deep
learning terminology.

After the training process, the proposed architecture was
able to classify and localise the four phytolith morphotypes
(Stoma, Rondel, Papillate, and Elongate dendritic) in photo-
micrographs completely unknown for the implemented NN.
Figure 3 presents the end-to-end architecture of the proposed
NN.
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Fig.2 MobileNetV2 inverted
residual blocks. The two blocks
are composed with three kinds
of layers: A linear 1 X1 con-
volution (Conv 1X 1) layer, a
1x 1 convolution (Conv 1x 1)
layer with a rectified linear unit
(RELU) 6 activation function
and a 3 x3 depth-wise layer

Input

Stride = 1

Conv 1x1,
Linear

DepthWise 3x3,
Relu6

Conv 1x1,
Linear

Output

Block

Input

Conv 1x1,
Relu6

DepthWise 3x3,
Relu6

Conv 1x1,
Linear

Output

Stride = 2

Block

Fig.3 Proposed NN architec-
ture for phytolith classification
and segmentation. The input
image (photomicrograph),
which is an RGB image with
256 X256 pixel resolution
feeds the encoder, the pre-
trained with ImageNet weights
MobileNetV2. In the next step,
the decoder from U-net model
proceeds to the segmentation
stage, while at the end the Soft-
max function is used as the last
activation function of the NN
and outputs the predicted image

Input image Weights

Encoder
(256, 256, 3)

Results

During experimentation, the final parameters of the pro-
posed architecture were defined, by fine-tuning the related
network parameters and optimising its efficiency. Concern-
ing the loss function, the Tversky loss function was utilised,
which is a quite effective loss function for unbalanced data-
sets (Salehi et al. 2017). Regarding the hyper parameters of
the model, the Nadam optimiser was used (Dozat 2016), the
learning rate was set in 0.0001 while the learning process
completed in 125 epochs with a batch size equal to 6. The
performance of the proposed architecture was assessed dur-
ing training and validation, by calculating three well-known
metrics for semantic-segmentation: dice- coefficient, recall
and precision (Seo et al. 2021). The NN architecture was
developed using the Keras'/Tensorflow? framework while
for the training process the Google colab platform® with
Tesla K80 GPU was utilised.

! https://keras.io/.
2 https://www.tensorflow.org/.

3 https://colab.research.google.com/.

ImageNet

Transfer
learning

MobileNetV2 —) Unet =

Predicted
image

Decoder

(256, 256, 1)

Table 1 Dice-coefficient, Recall and Precision results in training and
validation data

Dice coefficient Recall Precision
Training 92% 96% 96%
Validation 91% 96% 94%

The results demonstrate that the model classifies and
localises the phytolith morphotypes (Stoma, Rondel, Papil-
late, and Elongate dendritic) in the predicted images with
high level of accuracy. Table 1 presents the metrics results
of the proposed NN after the end of the training process
and Fig. 4 depicts the learning curves of the loss function in
training and validation data.

As presented in Table 1, all metrics in testing and valida-
tion data were greater than 90%, while as observed in Fig. 4,
both learning curves conclude in a loss function value of
about 0.08, which denotes a high level of accuracy. It is
worth pointing out that all the metric values between training
and validation were similar in each metric, which means that
the proposed NN does not overfit. In other words, the pre-
sent architecture performs with high accuracy in validation
data during the learning process, showing that it does not
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Fig.4 Loss learning curves during training and validation. The Y
axis represents the values of the loss function while the X axis repre-
sents the epochs of the learning process

Table2 Evaluation of the proposed NN using Precision, Recall,
Dice-coefficient and Jaccard score metrics for each phytolith class
and in average

Precision  Recall  Dice-coef  Jaccard score
Elongate den- 0.66 0.44 0.53 0.37
dritic
Rondel 0.49 0.90 0.63 0.39
Stoma 0.70 0.82 0.76 0.53
Papillate 0.61 0.51 0.56 0.32
Average 0.62 0.67 0.62 0.40

memorise the training data (overfitting), instead it produces
valid predictions.

Beyond the evaluation during the training process, the
proposed NN was further tested aiming to evaluate the clas-
sification and localisation performance for each specific phy-
tolith class, using the testing data, which constitutes 10% of
the whole dataset.

More specifically, the overall accuracy of the proposed
NN is 0.92 while the Precision, Recall, Dice-coefficient and
Jaccard score for each class are presented in Table 2:

As presented in Table 2, the Precision, Recall and Dice-
coefficient of all the classes is about 0.60 or above while
the Jaccard score is in a level of 0.40. The class “Stoma”
provides the highest performance both localisation and clas-
sification while the class “Rondel” although achieves high
classfication performance, it provides lower efficiency in the
localisation since Jaccard score is in a level of 0.40. The
classes “Elongate dendritic”” and “Papillate” achieve similar
performance with Dice-coefficient in a level of 0.50 and Jac-
card score about 0.35.

The results are considered satisfactory taking into account
the limited size of dataset, while in most images the phy-
toliths over quite small region in the image, a fact that
increases the difficulty of accurate segmentation. It is worth
noting that the background, which technically is considered

@ Springer

Fig.5 Phytolith photomicrographs that the model has never seen
before (1% column), annotated images (2™ column) and predicted
images (3" column). Regarding the colorisation, the class “Stoma”
is represented with green colour, the class “Rondel” with red colour,
the class “Papillate” with yellow colour and the class “Elongate den-
dritic” with purple colour

as a class, is not included in the Table 2 because it would
fictitiously increase the mean of the results since its perfor-
mance is about 0.95 in all the metrics.
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Visual results of the predicted images are present in
Fig. 5. The phytolith photomicrographs from the testing
data, which are data that the model has never seen before
are depicted in the first column. The annotated images are
present in the second column, while the predicted images
are visualised in the third column.

The proposed architecture produces robust and accu-
rate results in phytolith photomicrographs with low image
content complexity as present in the first three images (a-c)
of Fig. 5. On the other hand, in higher content complexity
images, although the accuracy of the present methodology is
satisfactory, detecting all the types of classes, yet, the locali-
sation of phytolith morphotypes is not as accurate as in a-c
examples. For instance, in Fig. 5d, the one of two Papillate
morphotypes are localised, while in Fig. 5f the model does
not predict the class “Papillate” with high performance in
terms of segmentation. On the other handin Fig. 5g, the pro-
posed NN has predicted the class “Papillate” with high level
of accuracy, while it has not detected the one of two Elongate
dendritic morphotypes. However, in Fig. Se the proposed NN
achieves high performance in detection and localisation. It is
worth mentioning that although it detects one more Rondel
than the ground truth, indeed in this specific location, there
is a feature that resembles a Rondel morphotype.

Discussion

As the experimentation proved, the present methodology
achieved accurate classification and detection of four phy-
tolith classes, while it encountered the aforementioned issue
of a limited and unbalanced dataset. Initially, Tversky func-
tion was utilised as the loss function of the proposed NN,
because of its efficiency in datasets with an unequal num-
ber of examples per class. Subsequently, data augmentation
was used, a technique that distorts the images of dataset
through rotation, translation, re-scaling, etc. in order to
pseudo-increase the size of dataset and enrich its content.
While these techniques improved the results, transfer learn-
ing encountered efficiently the dataset size issue. The pro-
posed encoder-decoder NN architecture utilises a pre-trained
MobileNetV2 NN as the encoder, while the U-net decoder
is used to reconstruct and segment the photomicrographs.
Thus, the present architecture is not trained from scratch;
instead, it already holds an “experience” from millions of
general purpose images.

Compared with the initial approach of this methodol-
ogy (Andriopoulou et al. 2021), the proposed architec-
ture extracts more accurate and robust results (Table 3;
Fig. 6), while the required time of the learning process
is significantly reduced. In Andriopoulou et al. 2021
(Online Resource 1), the U-net model used was trained
from scratch with 250 phytolith images (training dataset),

Table 3 Evaluation of U-net model, trained from scratch using the
limited sized dataset

Precision  Recall  Dice-coef  Jaccard score
Elongate den- 0.22 0.52 0.31 0.16
dritic
Rondel 0.76 0.36 0.49 0.31
Stoma 0.12 0.55 0.20 0.13
Papillate 0.04 0.06 0.05 0.02
Average 0.29 0.37 0.26 0.16

while the present architecture is trained with the same phy-
tolith dataset utilising the knowledge of ImageNet dataset
through the pre-trained MobileNetV2.

More specifically, to quantify the initial approach’s
performance in terms of classification and segmentation,
the metrics Precision, Recall, Dice-coefficient and Jaccard
score were used and as presented in Table 3:

As presented in Table 3, the performance of the U-net
model is decreased compared with the proposed NN. Con-
cerning the classification performance of the two models,
the initial model provides about two timesless performance,
since U-net model’s Precision and Recall are in a level of
0.30 instead of the proposed NN, which are in a level of
0.65. Moreover, regarding the segmentation performance,
the initial model provides about three times less efficiency,
since U-net model’s Dice-coefficient and Jaccard score are
in a level of 0.20 and 0.15 compared with the proposed NN,
which are in a level of 0.65 and 0.40 respectively. However,
the main drawback of the initial methodology is that the
initial model provides quite low performance in “Papillate”
class, as it is presented in Table 3.

Beyond the quantitative results, a sample of visual results
for the initial and proposed architectures are presented in
Fig. 6:

As depicted in Fig. 6, in images with uncomplicated con-
tent both architectures extract similar results (Fig. 6a, b),
while in images with medium or high level of complexity
(Fig. 6c¢, d, e), the performance of the initial approach is
decreased. As depicted in Fig. 6b, while the proposed NN
produces an accurate result, the U-net implementation of the
initial approach detects the “Stoma” class but falsely local-
ises more than one Rondel morphotypes while in Fig. 6¢
although the proposed NN provides satisfactory perfor-
mance, the initial model does not detect all the “Stoma”
features and localises many more Rondel morphotypes than
the reference image. Moreover, in the Fig. 6d, the U-net
model localises most of the Papillate morphotypes but clas-
sifies them as Rondel morphotypes, while it does not detect
the “Elongate dendritic” class. Finally, in Fig. 6e while the
proposed NN localises and classifies both classes, the initial
model produces a quite inaccurate prediction.
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Fig.6 a-e Comparison results Input Image
between the initial approach
(Andriopoulou et al. 2021) and
proposed architecture. In each
example (a-e), the third column
is the result from the proposed
architecture, while the forth
column is the corresponding
result from the initial approach
of this methodology (Online
Resource 1). The first and sec-
ond column is the raw and the
ground truth image respecively.
Regarding the colorisation, the
class “Stoma” is represented
with green colour, the class
“Rondel” with red colour, the
class “Papillate” with yellow
colour and the class “Elongate
dendritic” with purple colour

Although the proposed NN provides satisfactory per-
formance, one drawback is the limited segmentation
accuracy in the classes “Elongated dendritic” and “Papil-
late” as presented in Fig. 5, More specifically, it does not
accurately predict the ridges of the Elongate dendritic
and Papillate morphotypes but it depicts the correspond-
ing features with a more rounded and spherical shape.
This issue is quantified by the segmentation metrics,
since the model provides Dice-coefficient in a level of
0.55 and Jaccard score in a level of 0.35 in both classes
which are decreased compared with the classes “Rondel”
and “Stoma”. This shortcoming of the model could be
overcome, using a larger dataset.

However, it is clear that although the “experience” that
was transfered in the proposed NN through the transfer
learning technique, was derived from general purposed

@ Springer
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images, it offered an essential advantage since the fine-
tuning of the final NN parameters was improved and accel-
erated, achieving higher level of effectiveness at the same
time.

It is worth noting that the proposed NN, is able to detect
and localise the four morphotypes among articulated (multi-
cells) phytoliths, such as in the Fig. Se, with respectable
accuracy which is significantly complex for machine learn-
ing algorithms to achieve (e.g. Cai and Ge 2017). This is
quite important, because it indicates that deep learning pro-
vides an added value in automatic phytolith classification.
Most of the studies consider that deep learning requires
thousands of data for an automatic classification (Diez-Pas-
tor et al. 2020), while the present study proves that only 250
pairs of phytolith images are enough to build a deep learning
model for phytolith classification.
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Although DL automates all the human effort that is
needed to fine-tune machine learning algorithms, which is
called feature engineering (Goodfellow et al. 2016), super-
vised classification requires the time-consuming process of
manual image annotation in order to build the dataset for
the training and validation process. The dataset creation
with raw and annotated images is one of the main issues of
deep learning community in each implementation. For this
reason, huge projects for dataset creation and development
are being developed either for general or specific purposes.
In the same direction, phytolith community could create a
collective and dynamic platform for data creation and anno-
tation in order to reinforce and accelerate the next phytolith
classification methodologies. The phytolith dataset existence
is crucial because it automates the most time-consuming part
of a DL implementation, while it facilitates and encourages
the development of more NN models for phytolith classifi-
cation. As a result, phytolith researchers could integrate a
trained NN in their methodology loading just one file, build-
ing a ready-to-use automatic phytolith classification system.

The present study is a quite promising methodology for
automatic phytolith classification through semantic-segmen-
tation with remarkable potential for further development.
The number of phytolith morphotypes to be detected could
be increased, adding more classes with multiple spatial
orientations for even more useful and robust results. The
application of DL algorithms on phytolith analysis may fur-
ther include the sub-classification of phytoliths subjective
or based on more detailed geometrical and/or morphologi-
cal features/attributes, combining insights from 3D imaging
results.

The proposed methodology may find future applications
in the study of other (archaeo)botanical microremains, such
as pollen and starch granules that are often used in conjuc-
tion with phytolith analysis (e.g. Cummings and Magennis
1997; Holst et al. 2007; Yao et al. 2012). Previous studies
have already combined human input with computer vision
and employed datasets for automatic pollen (e.g. Dunker
et al. 2021; Gongalves et al. 2016; Kubera et al. 2021) or
starch granules classification (e.g. Arréiz et al. 2016; Earles
et al. 2018; Wilson et al. 2010).

Our long-term goal is to facilitate the establishment of
automatic phytolith analysis and expand the archaeobotani-
cal network based on three main contributions:

e Free available code under an open source license (e.g.
GPL3%) for a deep learning phytolith classification
system where every researcher could use, modify and
improve.

4 https://www.gnu.org/licenses/gpl-3.0.html.

e Already trained NNs for phytolith classification, where
non-DL experts could integrate just one file in their
methodology with the earned “experience” of the NN
and the model would be ready to classify without all the
above procedure.

e Arich, free accessible database with a plethora of anno-
tated phytolith images, which would be a valuable source
for new deep learning implementations in phytolith clas-
sification.

Conclusions

An implementation of an end-to-end encoder-decoder NN
architecture for phytolith classification and segmentation is
proposed. The present architecture is based on MobileNetV2
and U-net, while transfer learning is utilised through the
MobileNetV2 in order to improve the NN efficiency and
encounter the limited dataset issue. The methodology is able
to detect four phytolith classes (Stoma, Rondel, Papillate,
and Elongate dendritic) in photomicrographs (using OLM)
completely unknown for the NN and achieve robust and
accurate results. Although additional training samples and
plant species datasets are required to optimise the results,
the present dataset extracted from modern plant material
is promising for building up the capacity of phytolith clas-
sification within unfamiliar (geo)archaeological datasets for
the study of the diachronic human (or non-human animal)
and plant interactions.
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tary material available at https://doi.org/10.1007/s12145-023-00975-z.
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