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Societal Impact Statement

Understanding and protecting plant life is essential for tackling the twin challenges of

biodiversity loss and climate change. To support this, we have developed a new digi-

tal approach that helps identify plant species more quickly and accurately. By using

images of preserved plant specimens from global collections sourced through the

Global Biodiversity Information Facility and combining computer vision technology

with expert knowledge from plant scientists, our approach makes it easier to cata-

logue and study plants. This innovation not only speeds up scientific research but

also strengthens the connection between traditional physical plant collections and

modern digital collections and tools—helping scientists, conservationists and commu-

nities work together to safeguard nature.

Summary

• Computer vision applied to digital herbarium collections holds tremendous prom-

ise to streamline specimen identification and accelerate the work of taxonomists

and herbarium curators.

• We present a sampling and image preprocessing pipeline applicable to any image

dataset that uses the Darwin Core data standard. We tested it on Cyperaceae, a

large monocot plant family known for its identification challenges, and on Rhamna-

ceae, a eudicot plant family, to demonstrate broad applicability across angiosperms.

• Digitised herbarium specimens were sampled via the Global Biodiversity Informa-

tion Facility to create image datasets with balanced representation annotated with

taxon labels. These were used to train deep learning models at genus level in

Cyperaceae and Rhamnaceae, and at species level in the genera Bulbostylis and

Ziziphus.
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• A model fine-tuned on the data performed efficiently and consistently achieved

top-1, top-3 and top-5 accuracy rates of ≥72%, ≥88% and ≥92% in identifying

digitised herbarium specimens of Cyperaceae and Rhamnaceae to genus level.

Species-level identification in Bulbostylis reached 65%, 83% and 89%, while Zizi-

phus achieved higher rates of 72%, 85% and 90%. Our approach integrates an

automated pipeline for dataset generation with expert verification to enhance

data quality. This framework supports scalable, accurate identification of herbar-

ium specimens and fosters a more dynamic relationship between digital and physi-

cal collections.
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1 | INTRODUCTION

Understanding plant diversity is critical for the development of sus-

tainable nature-based solutions to the biodiversity and climate crises

(Antonelli et al., 2020). Accurate identification and delimitation of spe-

cies, the most widely used component of biodiversity (Coates

et al., 2018), is fundamental in this process. Rapid, accurate, scalable

and cost-effective species identification and delimitation methods are

needed for understudied species-rich plant groups (Grace

et al., 2021), particularly in the tropics where most species occur and

the threats to plant diversity are most acute. While DNA barcoding

fulfils these criteria for some plant groups (Hollingsworth et al., 2016,

2011), a single DNA region does not provide enough evidence for

accurate species identification in others (Hollingsworth, 2011), but

genome-scale sequencing is not yet cost-effective at the scale of nat-

ural history collections nor where laboratory and sequencing

resources are scarce. Now, innovations in machine learning enable us

to accelerate and democratise species identification, discovery and

delimitation in silico, through new tools and workflows using expert-

identified herbarium specimens as a reference or training dataset.

The application of deep learning methods—a subset of machine

learning that uses large neural networks to learn from data—could

provide a major boon to accelerate taxonomic research through the

use of convolutional neural networks (CNNs) and vision transformers

(ViT) (Arno et al., 2024; Karbstein et al., 2024; Perez et al., 2022).

Neural networks are trained to learn and extract useful features from

images in the form of image embeddings that can be applied to com-

puter vision tasks such as classification, segmentation, object detec-

tion, image restoration and more. These models have shown

impressive performance on benchmark tasks (Bello et al., 2021;

Dosovitskiy et al., 2021; Liu et al., 2021; Szegedy et al., 2017), demon-

strating the quality of the features extracted by these models. To

make practical use of advances in deep learning models, high-quality

training data for the target are needed, particularly with respect to the

quality of the labels; in the herbarium context, correct taxonomic

identification of the specimens used as reference for training the algo-

rithm are needed.

There has been extensive research into training computer vision

models to classify plant taxa using their leaves and flowers (Apriyanti

et al., 2021; Brun et al., 2025; He et al., 2016; Lee et al., 2018; Rzanny

et al., 2019, 2022; Seeland & Mäder, 2021). Use of image sets of fresh

leaves has been very popular over the last 20 years as benchmark

datasets in hundreds of studies (Ahmed et al., 2023). The size and

challenge of the available plant datasets has developed from simple

datasets such as the Swedish Leaf Dataset (Söderkvist, 2001), which

comprises 15 species with 75 images of fresh leaves each, to millions

of images of dried specimens representing thousands of species, such

as the Half-Earth dataset (de Lutio et al., 2022) (Table 1).

Benchmark datasets have been useful for assessing the perfor-

mance of computer vision models for classification (i.e., plant identifi-

cation), while progression in vision models has justified much larger

datasets comprising millions of images (Table 1). These have begun to

reflect the challenges of automated plant identification, such as the

variation in the number of available example specimens between taxa,

the prevalence of misidentified specimens and the fine-grained visual

differences in challenging taxa that can confound real-world classifica-

tion tasks.

A simultaneous increase in the availability of digitised herbarium

specimens, available under Creative Commons license conditions, and

the improvement in the performance of computer vision using deep

learning models (de Lutio et al., 2022; Goëau et al., 2022) now allows

real-world applications of in silico species identification. Whilst the

quest for increasingly accurate, accessible plant identification tools for

non-specialists is a continued challenge for the machine learning com-

munity (de Lutio et al., 2022; Wäldchen et al.2018), specialist applica-

tions are also required for use in herbaria. Millions of herbarium

specimen images are becoming available online each year through

large digitisation programmes by natural history institutions (e.g., De

Smedt et al., 2024; Le Bras et al., 2017) and by national and interna-

tional projects in which institutions work together such as REFLORA,

DiSSCO and iDigBio (Pinheiro et al., 2024; Smith et al., 2022;

Thiers, 2024). As a result, the Global Biodiversity Information Facility

(GBIF) currently includes images of �120 million preserved specimens

of plants (GBIF.org, 2024a). Three scenarios stand to benefit from
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such innovation: (1) identifying species, (2) finding misidentified speci-

mens in a collection and (3) grouping visually similar specimens to

identify or re-evaluate taxon boundaries. Representation learning, in

which data classes are automatically identified among large image

datasets, can be fine-tuned for set-valued classification to aid identifi-

cation or to produce similarity scores for automated visual compari-

sons of specimens.

Here, we present a pipeline for plant identification from digitised

herbarium specimens. We validate it at the genus and species ranks in

the large monocot family Cyperaceae (>5600 species, 95 genera;

Larridon, 2022). Both the family in general and the genus Bulbostylis

(hair sedges, �230 species) in particular are taxonomically complex

and difficult to identify to species level, due to unclear species limits

linked to factors such as wide intraspecific variation and narrow inter-

specific variation (Larridon et al., 2021; Xanthos et al., 2023). Sedges

are key components of open ecosystems such as grasslands and wet-

lands (e.g., Rasaminirina et al., in press). Besides their ecological impor-

tance, sedges are also economically important for a variety of uses

(Simpson & Inglis, 2001) or because they are problematic weeds

(e.g., Bryson & Carter, 2008). Overall, �20% of sedge species are Near

Threatened or threatened (IUCN, 2025), although in some groups

>70% are threatened (e.g., Costularia; Larridon et al., 2019). Tools to

help identify challenging species-rich plant groups like Cyperaceae will

support our understanding, conservation and use of these groups for

nature-based solutions to the climate and biodiversity crises. To con-

trast our results from this challenging monocot group and

demonstrate broad applicability across angiosperms, we also tested

our pipeline on Rhamnaceae, a eudicot family that is taxonomically

well-understood (Richardson, Fay, Cronk, Bowman, & Chase, 2000;

Richardson, Fay, Cronk, & Chase, 2000). The genus Ziziphus Mill. in

this family is a particularly useful test case, as it displays a wide diver-

sity of habit types (climbers, shrubs, and trees), leaf and fruit shapes

and indumentum types (Cahen et al., 2021). Our pipeline allows

researchers to scale up their ability to develop and test dedicated

deep learning models to improve the efficiency and accuracy of taxo-

nomic identification of digitised herbarium specimens.

2 | MATERIALS AND METHODS

2.1 | The pipeline

We developed a pipeline that enables the generation of datasets for

training deep learning models for specialised tasks using specimen

images and observations provided in the DarwinCore (DwC) format, the

data standard for sharing biodiversity information (Wieczorek

et al., 2012). Several considerations need to be addressed to effectively

use DwC query data as a training set for a deep learning model.

(1) Observation records are unbalanced (de Lutio et al., 2022): Images of

a plant group will typically comprise a small number of taxa for which

many digitised herbarium specimens are available, and many taxa with

very few digitised specimens. For example, tens of thousands of images

TABLE 1 Development of benchmark datasets generated for training computer vision models for plant identification.

Dataset

Number of

images Categories Type

Flavia (Wu et al., 2007) 1095 33 species belonging to 17 families Fresh leaf images for species

classification

PlantVillage (Hughes & Salathe, 2016) 54,309 14 crop species from 8 families. There are a

mixture of healthy and diseases specimens with a

total of 38 categories.

Images of healthy and diseased

crop leaves

Leaf-12 (Pearline & Kumar, 2019) 3840 12 species from 12 different families Fresh leaf images used for

species classification

LifeClef 2017 (Goeau et al., 2017) Challenge

dataset 1

256,287 10,000 species Images of living specimens from

the Encyclopedia of life (Parr

et al., 2014)

LifeClef 2017 Challenge dataset 2 1.1 million 10,000 species Images of living specimens

collected using a web scraper

PlantNet-300k (Garcin et al., 2021) 306,293 1081 species Crowdsourced images of living

specimens

FGVC6 2019 Herbarium Challenge (Tan

et al., 2019)

46,000 683 species, all from the Melastomataceae family Dried specimens from the New

York Botanical Garden

collection

A benchmark dataset of herbarium specimen

images with labelled data (Dillen et al., 2019)

1800 204 families from 58 orders Dried specimens from 9

institutions

Half-Earth Challenge dataset (de Lutio

et al., 2022)

2.5 million 64,500 species from 451 families Dried specimens from 5

institutions

The Herbarium 2022: Flora of North America

NAFlora-1M dataset (Park et al., 2024) for

FGVC9 challenge

1.05 million 15,500 North American species Dried specimens collected from

60 institutions
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for a few taxa when the others all have less than 100 would mean that

the over-represented taxa have an unnecessary number of images,

potentially affecting the performance of the models trained on these

data. (2) A practical and useful image dataset should be of a manageable

size and provide a more balanced representation of the different taxa.

This practice also helps the models to accurately recognise the poorly

represented categories. (3) Herbarium specimen repositories contain

misidentified specimens and images without plant material, such as cap-

sules and ethnobotanical objects, which may not be filtered out by the

query. Removing these images from the final useful image dataset may

require automated or manual steps. (4) The model must be prevented

from learning features not related to the plant material, so features such

as text labels, logos and barcodes need to be blurred. (5) Finally, the

images are divided into a training set and dedicated holdout test and

validation sets. Since some classes contain very few images, selecting a

validation set randomly from the entire set could result in some classes

being excluded. In our pipeline, this split is performed class by class to

ensure that the validation and test sets maintain the same class distribu-

tion as the original set. The holdout test set comprises 10% of the

images from each category. Twenty per cent of the remaining images

from each class are used for the validation set.

Our pipeline compiles a specimen image dataset from multiple

data providers via the GBIF data portal. The number of images per

taxon is balanced, text features are blurred and the model is trained to

classify the images into taxa (Figure 1). The output of the pipeline con-

sists of two subdirectories, one containing a set of images for model

training and a smaller set of images for model evaluation.

2.2 | Data compilation

The first step is to query GBIF.org (2024a) for herbarium specimens.

Each query must specify the ‘basis of record’ as a preserved specimen

to select images of herbarium specimens. Desired taxa can be selected

and further filtered. For example, ‘publisher’ and ‘location’ can be

applied if desired. We note that using images from different pub-

lishers within the same image dataset introduces further variation

as the resolution and layout of specimen images may vary between

publishers, that is, herbaria. Differences in image resolution can

affect the blurring of the labels, and high-resolution images require

more storage, so images were resized to 1090 � 1600 pixels for

consistency.

The DwC contains a lot of information about each observation

record. For this pipeline, we are only interested in the unique GBIF ID,

the ‘identifier’ that contains the image link, and the taxonomic labels

for the observation record. A table is created with a column for the

GBIF ID and the image link. The taxa are separated into ‘family’,
‘genus’ and ‘species’ columns, which allows for an analysis of the dis-

tribution of taxa in the observations and a selection of the labels used

by the classifier.

2.3 | Sampling from the query data

After selecting the taxonomic level to be used as a label set, a training

set can be sampled from the table. When sampling, the aim is to

reduce the size of the download and help balance the representation

of different taxa. Upper and lower thresholds are defined for the num-

ber of images for each taxon. This bounding of the number of images

per taxon allows us to (1) prevent the over representation of a small

number of taxa, (2) remove taxa with too few images for learning and

(3) reduce the range of the number of images for each taxon.

Subsampling is used to enforce the upper threshold. If a taxon

has too many images, then a subset of the images belonging to the

taxon is randomly selected. If a taxon has fewer images than the lower

threshold, it is removed. The resulting sample is thus selected to lead

F IGURE 1 Our pipeline for training
deep vision models using images from
GBIF. All steps are implemented in a user-
friendly Python package automating most
steps and requiring minimal programming
skills.
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to high accuracy while maintaining a manageable size to reduce mem-

ory requirements and training time. The sampling approach used is

given in Algorithm 1.

2.4 | Downloading and preparing images

Downloaded images are organised into folders for each label in the

training set. Organising images into folders by their label makes it easy

to import images when training a model. When downloading images,

if there are issues using the image link provided for an observation, it

is discarded. If there are unused observations of the same class in the

query results, then the observation can be resampled.

Before training a model on the images, some preprocessing needs

to be done. A lot of digitised herbarium specimens will contain more

visual information than needed. Anything around the herbarium speci-

men mounting sheet should be cropped out. Any labels or text found

on the sheet should be blurred. These steps are crucial to avoid learn-

ing spurious features and ensure the model makes predictions using

the features of the plant material.

Blurring the labels found on specimens is performed in three

stages: (1) using the CRAFT text detection model (Baek et al., 2019)

to identify text; (2) collecting and bounding clusters of text; and

(3) applying a Gaussian Blur to the boundaries. CRAFT stands for

Character-Region Awareness For Text Detection. Using VGG18

(Simonyan & Zisserman, 2014) as a backbone, features are extracted

at several points to identify region scores and affinity scores. The

region score is used for identifying characters, and the affinity score is

used to group characters into regions of text. Using CRAFT to con-

struct bounding boxes around text identifies regions at a ‘word level’.
These initial bounding areas may leave gaps on the text labels.

Detected text regions that are close together are grouped and merged

so that areas of the image that contain text can be blurred.

Lastly, images contain additional annotations around the speci-

men that would be useful to a human observer. Since we are inter-

ested in training a model on visual features found on the plant

specimen, we crop around the herbarium specimen mounting sheet to

remove any additional objects or background found in the image. The

blurring process has been tested on specimens belonging to different

families and from different publishers to show that the blurring pro-

cess works consistently. The main consideration is the resolution of

the image, which will affect the best margin value to use, as the mar-

gin is relative to the number of pixels.

2.5 | Expert verification

GBIF is the definitive aggregator for digital natural history collections,

and the vast data are sourced from a broad range of publishers

(i.e., herbaria). Observations downloaded may contain errors and

should be checked by an expert before training a model. This is the

main step in our pipeline that is not automated but requires human

input. Expert verification was carried out by (1) visually inspecting all

large size thumbnail images for any issues identified in the thumbnail

images checked at full resolution; and additionally (2) checking 10 ran-

dom images in detail at full resolution per genus (Cyperaceae and

Rhamnaceae datasets) or species (Bulbostylis and Ziziphus datasets).

2.6 | Application

To test the value of the pipeline presented here, the Cyperaceae

image dataset was used to train three classifiers using three ViT archi-

tectures: ViT-b/16, ViT-l/16 and ViT-h/14 (Table 2). The initial pre-

trained weights are from semi-supervised training (Cai et al., 2022) on

ImageNet1k (Deng et al., 2009). An input resolution of

224 � 224 � 3 is used for all models to match the input resolution

used for pre-training.

To deal with any remaining imbalance in the dataset, a weighted

sampling method was used in PyTorch (Paszke et al., 2019). The prob-

ability of selecting an image during training is adjusted by how well

TABLE 2 ViT architecture settings used for specimen classification.

Model
Number of tokens
(including class tokens) Number of hidden layers Number of encoder blocks Number of parameters Estimated Total size (MB)

ViT-b/16 197 768 12 86,567,656 3582.53

ViT-l/16 197 1024 24 304,326,632 9611.91

ViT-h/14 257 1280 32 632,045,800 20738.85
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each species is represented. The weights for each image are given in

the equation. The weights wi of a sample xi belonging to a class C is

the total number of samples in the dataset N divided by the number

of samples in the class Nc.

wi ¼ N
Nc

ð1Þ

Model training was performed on an NVIDIA L4 Tensor Core

GPU using Google Colab. The AdamW optimiser (Loshchilov &

Hutter, 2019) was used with a learning rate of 0.001, beta values of

0.95 and 0.999 and a weight decay of 0.01. Label smoothing cross

entropy (Szegedy et al., 2016) was used as the loss function, owing to

the fact that it is widely adopted in existing studies (Müller

et al., 2019). The classification head and the final encoder block were

trained using 12 epochs. The performance of the models was evalu-

ated using the top-1, top-3 and top-5 accuracy on the holdout test

data. Top-k accuracy measures how often the correct taxon name is

retrieved in the k most likely taxa predicted by the model. Conse-

quently, top-1 accuracy requires the model's single most likely predic-

tion to be correct, while top-3 accuracy considers the correct answer

to be correct if it is in the model's top three predictions, and top-5

accuracy reflects if the correct answer is among the top 5.

3 | RESULTS

3.1 | The pipeline

The pipeline is implemented as a collection of tools for sampling images

from a DwC that can be applied to any GBIF query. The code is avail-

able at https://github.com/jedarno/DarwinCoreToDataSetTools. The

tools include taxon frequency analysis at different taxonomic levels,

sampling of subsets, blurring of labels and preparation of training and

holdout test data. This pipeline is used to produce a dataset for training

a vision transformer for specimen identification purposes.

3.2 | Data compilation

Four image datasets were compiled using the pipeline: genus-level

datasets for Cyperaceae (GBIF.org, 2024b) and Rhamnaceae (GBIF.

org, 2025a) from the Kew Herbarium, and two species-level datasets,

one of the Cyperaceae genus Bulbostylis (GBIF.org, 2024c) from all

publishers (herbaria) and of the Rhamnaceae genus Ziziphus (GBIF.org,

2025b) from the Kew Herbarium. The data used for image datasets

were collected using GBIF queries. The queries contained image links

for the specimens and information about the observation, including a

taxonomic description broken down into separate columns for each

rank. The desired data frame contained one column of image links and

another column for the desired labels. For the Cyperaceae and Rham-

naceae images, the label column was the genus, and for the Bulbostylis

and Ziziphus image datasets, the label was the species.

The filters used for collecting images from GBIF are provided in

Tables 3 and 4. To collect images for the Cyperaceae family from the

Kew Herbarium, the filters in Table 3 are used. This query returns all

observations of preserved specimens from the Kew Herbarium that

belong to the Cyperaceae family. To collect images for the genus Bul-

bostylis from all publishers, that is, all herbaria, the filters in Table 4

are used. This query returns all observations of preserved specimens

belonging to the genus Bulbostylis of the Cyperaceae family.

Similar queries were used to collect the Rhamnaceae images.

Images from the Kew Herbarium were used to create a Rhamnaceae

dataset to be classified to genus level, and a dataset of the genus Zizi-

phus to be classified by species. Unlike with Bulbostylis, there were

enough Ziziphus images in the Kew Herbarium collection to create a

dataset, so adding images from other publishers was unnecessary.

The Cyperaceae query (Table 3) returned 156,121 observations.

Not all observations were identified to genus level, and some were

missing image links. After creating a data frame with the image links

and their taxonomic description, all entries with null values were

removed using the Pandas method dropna, leaving 145,662 records.

The Bulbostylis query (Table 4) returned 70,075 observations. After

creating a dataframe and removing all records with any null values,

39,694 records remained. The Rhamnaceae query (Table 3) returned

20,249 observations, and the Ziziphus query (Table 4) returned 3345

observations from the Kew Herbarium. For both Rhamnaceae queries,

no records needed to be removed due to null values.

3.3 | Sampling from the query data

A subset of the Cyperaceae and Bulbostylis image datasets was

selected using Algorithm 1 with an upper threshold of 100 images and

a lower threshold of 20. The selected Cyperaceae sample contains

5092 images belonging to 65 genera with an average of 79.6 images

TABLE 3 GBIF query for preserved Cyperaceae and Rhamnaceae
specimens published by the Royal Botanical Gardens, Kew.

GBIF field Family 1 Family 2

Scientific

name

Cyperaceae Family Rhamnaceae Family

Basis of

record

Preserved specimen Preserved specimen

Publisher Royal Botanic Gardens,

Kew

Royal Botanic Gardens,

Kew

TABLE 4 GBIF query for preserved Bulbostylis from any source
publisher and Ziziphus specimens published by the Royal Botanical
Gardens, Kew.

GBIF field Cyperaceae genus Rhamnaceae genus

Scientific name Bulbostylis Kunth Ziziphus Mill.

Basis of record Preserved specimen Preserved specimen

Publisher - Royal Botanic Gardens, Kew

6 ARNO ET AL.

https://github.com/jedarno/DarwinCoreToDataSetTools


per genus and a standard deviation of 28.4. Twenty-seven genera

represented by fewer than 20 images were removed. At the genus

level, the Bulbostylis query initially returned observations of 195 spe-

cies, but many species did not meet the lower threshold of 20 images

and were removed. The final subset of Bulbostylis images contained

5954 images belonging to 87 species, with an average of 68.4 images

per species and a standard deviation of 32.7.

Some of the image links provided did not work. The image links

were verified automatically and where possible broken image

links were replaced with another image from the same category.

There were 11 cases in the Cyperaceae image dataset where broken

links could not be replaced leaving 5081 images in the Cyperaceae

image dataset. The initial Bulbostylis download from all publishers

included 105 broken image links that could not be replaced, leaving a

total of 5849 images.

Initially, the distribution of images-per-genus in the Cyperaceae

image dataset was very imbalanced (Figure 2a). Some genera had only

one example image whilst others had tens of thousands. For optimal

model training, it is important that each category has sufficient exam-

ples but having too many images in some categories can introduce

bias and create unnecessary storage requirements. This was resolved

after applying the sampling method from Algorithm 1 to sample the

Cyperaceae images (Figure 2b). The resulting data frame contained

image links and taxonomic labels suitable for model training, and a

weighted random sampling method was applied during training to

address the remaining imbalance in images-per-genus. The distribu-

tion of species in the Bulbostylis images available on GBIF shows a

similar distribution to the Cyperaceae images, with a longer tail, which

was similarly addressed by sampling the distribution of images

(Table 3, Figure 2c,d).

The same threshold values were used for sampling a subset of

the Rhamnaceae images. The Rhamnaceae sample contains 3751

images belonging to 45 genera with an average of 83.4 images per

genus and a standard deviation of 26.7 after removing 18 genera with

less than 20 example images (Figure 2e,f). The Ziziphus image dataset

contained 1654 images belonging to 27 species with an average of

61.3 images and a standard deviation of 31.3 (Figure 2g,h). Thirty spe-

cies were removed due to having less than 20 images.

3.4 | Preparing downloaded images

Label blurring and cropping were applied to all downloaded images for

Cyperaceae and Bulbostylis. The barcode and labels were blurred, and

anything around the mounting sheet was cropped out (Figure 3).

3.5 | Expert verification

The accuracy of digital specimen identification varies due to the varia-

tion in the preparation of herbarium specimens, taxonomic progress,

and the many different sources of records (with varying quality con-

trol and data quality standards) in aggregators such as GBIF. As such,

images downloaded from GBIF may be misidentified, resulting in

incorrectly labelled images. Although misidentifications are challeng-

ing to spot by eye among potentially large image sets, particularly at

species rank, expert verification reduces the risk of perpetuating inac-

curacies if a model is trained on inaccurate data. How damaging the

incorrect labels will be to the analyses based on the image dataset

depends on the size of the training set and the visual diversity of the

taxon.

Issues relating to the provided image link, such as corrupted files

or duplicate files, were identified when selecting a sample from the

downloaded query. Each link is verified automatically before down-

loading. Any invalid links were then discarded and replaced with a dif-

ferent observation from the GBIF query. Post-analysis, we also tested

automation of this process (Notes S1).

Expert verification of the Cyperaceae image dataset of 5081

images identified 42 problematic images, which were manually

deleted after the image dataset was downloaded, resulting in a final

Cyperaceae image dataset of 5039 images (Table S1). Issues encoun-

tered included misidentifications, images representing ethnobotanical

objects, photographic vouchers, insufficient plant material or non-

representative features (e.g., roots only) and the plant material being

hidden within a capsule on the herbarium sheet. Of the 5849 Bulbos-

tylis images, 913 were removed, providing a verified dataset of 4936

images (Table S2). Part of the reason for the higher number of prob-

lematic images in this dataset was the presence of duplicate images,

an issue that did not occur in the Cyperaceae image dataset, which

was restricted to specimens from the Kew Herbarium. Including her-

barium specimen images from all publishers (herbaria) provided a

much larger image dataset but also resulted in a higher percentage of

problematic images. For the Rhamnaceae images at genus (Table S3)

and species level (Table S4), no such intervention was required. No

images were identified for removal.

3.6 | Application

After verifying the quality of the datasets, we used them to train three

ViT architectures for classification tasks. The three ViT architectures

were trained and tested on our Cyperaceae and Rhamnaceae datasets

with 10% of the images from each category set aside for testing. For

both families, the models were trained for two tasks. The first task

involved classifying images from each family into their respective gen-

era. The second task used images from a specific genus (Bulbostylis

and Ziziphus) and classified them at the species level. The performance

of the ViT architectures is compared to the CNN architecture

ResNet50 (He et al., 2016).

The models were trained for classifying the Cyperaceae images

into 65 genera and classifying Cyperaceae Bulbostylis images into

87 different species. The performance of each model on classifying

the Cyperaceae specimens at genus level, and of classifying Bulbostylis

specimens at the species level is provided in Table 5.

Additionally, the models were trained for classifying the Rhamna-

ceae images into 55 genera and classifying Ziziphus images into

ARNO ET AL. 7



F IGURE 2 Frequency of images for the genera or species in the image datasets in descending order. (a) Cyperaceae initial query,
(b) Cyperaceae sampled subset, (c) Bulbostylis initial query, (d) Bulbostylis sampled subset, (e) Rhamnaceae initial query, (f) Rhamnaceae sampled
subset, (g) Ziziphus initial query and (h) Ziziphus sampled subset. Note that the y-axis is log-scaled in (a, c, e, g).
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27 different species. The performance of each model on classifying

the Rhamnaceae specimens at genus level and of classifying Ziziphus

specimens at the species level is provided in Table 6. The models per-

formed slightly better on the Rhamnaceae dataset than the Cypera-

ceae dataset (Table 7).

A confusion matrix illustrates the prediction results for each

Cyperaceae genus using the most performant model, that is, ViT-

L/16 (Table 5), with the correct predictions shown along the diago-

nal (where the predicted identifications equal the true identifica-

tions). Figure 4a demonstrates that most Cyperaceae genera are

accurately identified, with high diagonal values. Misidentifications

can be seen between genera that are visually similar, for example,

Schoenus L. and Tetraria P.Beauv. These two genera have recently

been redelimited based on molecular studies (Larridon et al., 2018)

and are difficult to distinguish based on morphology alone. A sec-

ond confusion matrix shows prediction results for the Rhamnaceae

genera using the most performant model, that is, ViT-L/16 (Table 6),

further confirming its effectiveness (Figure 4b). However, a few

Rhamnaceae genera are shown to be particularly challenging to

identify, that is, Ampelozizyphus Ducke, Noltea Rchb. and Retanilla

(DC.) Brongn. These three genera are only represented by 17–22

training images resulting in very few holdout test examples.

F IGURE 3 Bulbostylis specimen image sourced from GBIF from the Kew Herbarium (K) (a) before and (b) after blurring was applied.

TABLE 5 Classification performance
of the models on the holdout test images
of Cyperaceae representing 65 genera,
and of Bulbostylis representing 87
species.

Dataset Model Top-1 accuracy Top-3 accuracy Top-5 accuracy

Cyperaceae ResNet50 0.4906 0.6981 0.7862

ViT-B/16 0.7023 0.8616 0.9057

ViT-L/16 0.7505 0.8784 0.9182

ViT-H/14 0.7421 0.8868 0.9224

Bulbostylis ResNet50 0.3978 0.6516 0.7355

ViT-B/16 0.5849 0.8129 0.8882

ViT-L/16 0.6528 0.8344 0.8860

ViT-H/14 0.6538 0.8258 0.8796
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Additional training samples are likely needed to improve perfor-

mance for these cases.

To assess performance across genera with varying representation

in the training data, categories were grouped into three frequency

levels based on image count: low (20–49), medium (50–89) and high

(90–100). For each group, the average accuracy, precision and recall

of ViT-L/16 on holdout test images are reported in Table 7. Precision,

defined as the ratio of true positives to total positive predictions,

reflects the accuracy of positive predictions, while recall measures the

model's ability to identify all positive samples. Surprisingly, the low-

frequency group performed best in the Cyperaceae dataset, with

exceptionally high precision and recall—indicating no false positives.

This may be due to reduced variation in the training images. For

Rhamnaceae, the model showed slightly lower performance for low

and high-frequency groups compared to medium. This may stem from

redundant details in high-frequency classes and limited cues in low-

frequency ones.

4 | DISCUSSION

4.1 | A pipeline for automated plant identification

Our pipeline takes advantage of the rapidly increasing number of digi-

tal herbarium specimens in public repositories like GBIF to generate

datasets for training deep learning models for plant specimen identifi-

cation. Attributes incorporated into the pipeline such as blurring labels

and text annotations, and balancing representation of images per

taxon contributed to top-5 identification accuracy rates of up to

0.9224 (92%) at genus (Table 5) and 0.8860 (89%) at species level

(Table 6), respectively. This rate compares favourably to other CNN-

based approaches that have achieved accuracy rates exceeding 85%

in recent years (Arno et al., 2024; Carranza-Rojas et al., 2017; Shirai

et al., 2022). This is owing to the efficiency of the pre-processing

steps (e.g., text removal and blurring) and superior feature learning

capabilities of the selected fine-tuned transformer models.

The pipeline can be rapidly run when connected to the internet

and with access to a GPU, or services such as Google Colaboratory.

The pipeline is applicable to any plant group for which there are her-

barium specimen images on GBIF or other repositories using the Dar-

win Core data standard. Methods are provided in the pipeline that

can be used to sample manageable datasets from large query results,

remove supplementary material such as labels and barcodes and pro-

vide an easy-to-use directory of images for model training. These

directories can be easily used with Python libraries such as PyTorch

(Paszke et al., 2019) and Keras (Chollet, 2015) that, in turn, make

deep vision models easily accessible in the specimen identification

process.

The extraordinary rate at which deep learning models have devel-

oped for extracting useful image features now permits their applica-

tion beyond vision tasks. Deep computer vision models such as ViT

(Dosovitskiy et al., 2021) and SWIN (Liu et al., 2021) produce versatile

image representations that can be trained for set-valued classification

for identification or similarity scores for visual comparisons such as

those used in face recognition problems (Deng et al., 2019; Schroff

et al., 2015). Trained to learn useful representations in more specific

contexts, such as recognising similarity among digital herbarium speci-

mens, such models are highly effective.

TABLE 6 Classification performance
of the models on the holdout test images
of Rhamnaceae representing 55 genera,
and of Ziziphus representing 27 species.

Dataset Model Top-1 accuracy Top-3 accuracy Top-5 accuracy

Rhamnaceae ResNet50 0.5811 0.7757 0.8486

ViT-B/16 0.6811 0.8811 0.9486

ViT-L/16 0.7216 0.8946 0.9297

ViT-H/14 0.7216 0.8784 0.9135

Ziziphus ResNet50 0.6624 0.8535 0.8917

ViT-B/16 0.7261 0.8471 0.8981

ViT-L/16 0.7006 0.8599 0.9045

ViT-H/14 0.6943 0.8662 0.9045

TABLE 7 The performance of ViT-L/16 across the different frequency values for the different genera in the Cyperaceae holdout test images
and the Rhamnaceae holdout test images.

Dataset Frequency group Average accuracy Average precision Average recall

Cyperaceae Low frequency (20–49 training images images) 0.9408 1.0000 0.9254

Medium frequency (50–89 images) 0.7247 0.9698 0.7241

High frequency (90–100 images) 0.7228 0.7870 0.7216

Rhamnaceae Low frequency (20–49 training images images) 0.7073 0.9268 0.7073

Medium frequency (50–89 images) 0.8095 1.0000 0.8095

High frequency (90–100 images) 0.7175 0.7594 0.7175
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Despite the large and increasing number of digitised herbarium

specimens publicly available online and the progress in the develop-

ment of deep learning models, barriers exist for those who lack

specialist analyst skills or have no access to the infrastructure needed

to use these resources (Groom et al., 2023). Our pipeline contributes

to democratising access to machine learning for specimen

F IGURE 4 (a) Confusion matrix of the
ViT-L/16 predictions on the genera of the
Cyperaceae holdout test images and
(b) confusion matrix of the ViT-L/16
predictions on the genera of the
Rhamnaceae holdout test images.
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identification and addresses barriers facing plant taxonomists and her-

barium curators who wish to adopt machine learning approaches to

expedite their research or collections management.

While much of the pipeline is automated, the manual expert veri-

fication step is critical to ensure the quality and accuracy of the image

datasets. This is even more critical in case of taxonomically complex

plant families which are hard to identify such as Cyperaceae. Previous

studies reported that plant groups like Cyperaceae, Poaceae or bryo-

phytes, of which images often lack the distinguishing characters

needed for fine-scale identification, can have a significant effect on

the accuracy of species identification (White et al., 2023). Expert veri-

fication at genus level in the Cyperaceae dataset identified <1% prob-

lematic images, while expert verification at species level in the

Bulbostylis image dataset identified 15.6% problematic images (Notes

S1, Table S1) highlighting the importance of this step, particularly at

the species level and when including images from across multiple pub-

lishers (herbaria) on GBIF. Our results show that expert-verified train-

ing image datasets, even of a very complex taxonomic group at

species level, can achieve a favourable accuracy rate for identification.

4.2 | Application scenarios to accelerate taxonomy
and enhance herbarium curation

Making reliably accurate identification models available for specialists

to enhance and accelerate their work will help tackle the taxonomic

impediment and have a net positive effect on understanding plant

diversity (Engel et al., 2021; Gorneau et al., 2022). Scenarios for use

of these tools allow the deployment of deep vision methods to spe-

cific target problems, be it identification of specimens of a challenging

taxon, specimens from a geographical region or the curation of speci-

mens to support naming and determination. Our empirical test on

Cyperaceae and Rhamnaceae at genus level and on Bulbostylis and

Ziziphus at species level showed that the automated specimen

localisation process along with background noise removal serves as

an effective pre-processing technique for specimen image quality

enhancement for most application scenarios. The pipeline can

handle background text and other noise removal for specimen images

with various lighting conditions, image resolutions and background

contrast.

Potential application scenarios for taxonomic research and speci-

men curation:

1. Identification of plant specimens to genus or species level: Using

an expert-verified image dataset, the pipeline can be applied to

unidentified herbarium specimens to provide an ordered list of

possible identifications starting with the most likely identification.

For taxa already represented by substantial numbers of digitised

herbarium specimens, this ‘possible identifications’ list can acceler-

ate specimen identification by the expert. Our preliminary experi-

mental example, applying the pipeline for the identification of

Cyperaceae and Rhamaceae at genus level, and in Bulbostylis and

Ziziphus at species level using the processed dataset, showed

promising performances. However, there is room for further

enhancement: the algorithms could benefit from the incorporation

of additional metadata (e.g., distribution, phenology, traits, etc.) to

further increase accuracy rates.

2. Locating misidentified specimens: For specimens in existing collec-

tions, the current identification can be used as an indicator of

potentially misidentifications against the model's output. If the

model considers the current identification unlikely, specimens can

be quickly flagged for re-identification.

3. Finding taxa that are putatively new to science: The feature encod-

ings learned by these models can be used to automatically com-

pare visual similarity among specimens using similarity metrics or

clustering methods. This step is automatable when visual compari-

son is undertaken on specimen image embeddings. Specimens

identified as dissimilar to the others in their category could help

detect misidentified specimens, support species delimitation, and

even aid in discovering species new to science.

4.3 | Future prospects and challenges

On-going digitisation efforts, evolving methods, and the dynamic

nature of taxonomy jointly suggest that the relationship between

physical and digital herbarium collections is evolving: the physical

specimen is no longer the de facto ‘accurate’ reference but rather can

be refined through analysis of the digitised herbarium specimen. In

this context, the most urgent challenges confronting the herbarium

curator and collections organisations now include resourcing the digi-

tisation of herbaria, updating identification workflows to include deep

learning approaches and providing training to curators and collection

users to address skills gaps. Herbarium curation can now include deep

learning steps to locate specimens requiring an updated determination

or label. The taxonomic process will be accelerated and enhanced with

human supervisors assisted by deep learning approaches such as this.

The role of the specialist taxonomist remains, as ever, critical for mani-

fold tasks, including assessing accuracy; but it should now also include

training deep learning models to accelerate species identifications.
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