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Abstract 37 

Herbarium specimens are physical, verifiable records that form the basis of taxonomic 38 

knowledge and biodiversity research. Their large-scale digitization has produced extensive collections of 39 

high-resolution images and associated specimen metadata, creating conditions in which artificial 40 

intelligence (AI) can play an important role in plant taxonomy, collection management, and ecological 41 

research. Early AI applications have primarily focused on automated species identification based on 42 

individual specimen images. Although increasingly accurate, such approaches remain limited by their 43 

emphasis on single-specimen label prediction and by treating identification outputs as final analytical 44 

decisions. Recent methodological advances—including segmentation-based preprocessing, automated 45 

trait extraction, structured extraction of label data, detection of potentially misidentified specimens, and 46 

multimodal integration of visual, textual, and genetic information—extend AI applications beyond species 47 

identification toward broader analytical frameworks, encompassing taxonomic interpretation as well as 48 

ecological and biodiversity research. In these approaches, specimens are placed within a shared analytical 49 

space, and identification results are used to support comparisons across multiple specimens rather than 50 

being treated as final decisions for single individuals. This multi-specimen perspective enables 51 

quantitative examination of species boundaries, morphological variation, data inconsistencies, and 52 

taxonomic stability within curated collections. In this context, AI serves not as an ultimate decision-maker 53 

but as a decision-support tool embedded in expert-guided workflows and biodiversity knowledge 54 

infrastructures. These developments can be summarized as Integrative Taxonomic AI, an approach that 55 

employs learned morphospaces to interpret and refine taxonomic categories by integrating multimodal 56 

evidence and curated specimen data under expert guidance. 57 

 58 

 59 

Keywords:  60 

Artificial intelligence, Automated species identification, Herbarium specimens, Integrative Taxonomic AI, 61 

Morphospace  62 
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Introduction 63 

Since Luca Ghini, a botanist and physician at the University of Bologna, devised the format of 64 

botanical specimen sheets in the 16th century, herbarium specimens have served as essential research 65 

materials for studying plants and their diversity (Heberling et al. 2019), providing physical and verifiable 66 

references that form the basis of taxonomic knowledge. Herbaria enabled the systematic assembly of 67 

dispersed observations and records of individual species at a single location, functioning as centralized 68 

repositories of biological information, analogous to modern digital data centers that integrate distributed 69 

data streams. 70 

For centuries, the collectors, curators, and users of these specimens were primarily plant 71 

taxonomists. Today, approximately 3,800 herbaria worldwide collectively house nearly 400 million 72 

specimens (Thiers 2025). Herbarium specimens are thus inseparably linked to plant taxonomy, which 73 

aims at a comprehensive and systematic understanding of plant diversity. In recent decades, this 74 

traditional taxonomic role has expanded substantially. Since the establishment of the Global Biodiversity 75 

Information Facility (GBIF) in 1999, large-scale digitization and archiving efforts have accelerated the 76 

use of herbarium specimens and other natural history collections for biodiversity research by making 77 

specimen images and associated metadata widely accessible in standardized digital formats. This 78 

transformation is exemplified by the emergence of major virtual herbaria worldwide. Examples include 79 

the Integrated Digitized Biocollections (iDigBio; https://www.idigbio.org/) in the United States, the 80 

Distributed System of Scientific Collections (DiSSCo) in the European Union, the Australasian Virtual 81 

Herbarium (AVH; https://avh.chah.org.au/), the Reflora Virtual Herbarium (https://reflora.jbrj.gov.br/) in 82 

Brazil, the Virtual Herbarium Germany (VH/de; https://herbarium.gbif.de/), and the Chinese Virtual 83 

Herbarium (CVH; https://www.cvh.ac.cn/) (reviewed in Hussein et al. 2022; Nelson and Ellis 2019; 84 

Takano et al. 2019). There are also institution-level portals such as that of the Royal Botanical Gardens, 85 

Kew (https://data.kew.org/).  86 

Together, these initiatives have made millions of specimen images and associated metadata 87 

openly accessible, enabling large-scale, image-based analyses that were previously impractical. In 88 

iDigBio alone, 45.6% of the 150 million specimen records and 81% of the 66 million media files are 89 

plant-derived (accessed November 8, 2025), illustrating the scale to which plant specimen data are now 90 

available digitally. The availability of such vast image resources has broadened the use of herbarium data 91 

beyond traditional taxonomic research to fields such as ecology, biodiversity science, and evolutionary 92 

biology. At the same time, this unprecedented data volume has created favorable conditions for data-93 

intensive computational approaches, including machine-learning methods that rely on large, well-labeled 94 

datasets. Although taxonomic and geographic coverage remains uneven, publicly accessible herbarium 95 

images now exist in quantities sufficient to support large-scale image-based modeling efforts. 96 

This review synthesizes recent advances in applying artificial intelligence (AI) to digitized 97 

herbarium specimens, with particular emphasis on automated species classification, image segmentation, 98 

 1 
 2 
 3 
 4 
 5 
 6 
 7 
 8 
 9 
10 
11 
12 
13 
14 
15 
16 
17 
18 
19 
20 
21 
22 
23 
24 
25 
26 
27 
28 
29 
30 
31 
32 
33 
34 
35 
36 
37 
38 
39 
40 
41 
42 
43 
44 
45 
46 
47 
48 
49 
50 
51 
52 
53 
54 
55 
56 
57 
58 
59 
60 
61 
62 
63 
64 
65 

https://www.idigbio.org/
https://avh.chah.org.au/
https://reflora.jbrj.gov.br/
https://www.cvh.ac.cn/
https://data.kew.org/


4 

 

trait extraction, label data extraction, and emerging multimodal approaches that integrate image, textual, 99 

and genetic data. While several recent reviews have summarized methodological developments in 100 

herbarium image analysis (e.g., Guo et al. 2025; Hussein et al. 2022), the present review emphasizes 101 

large-scale, real-world herbarium applications, including identification challenges related to dataset 102 

structure and morphology, misidentification detection, regional implementation in Asia, and broader 103 

implications for taxonomy, collection management, and biodiversity research. In this context, recent 104 

developments point beyond AI-assisted species identification toward broader forms of taxonomic 105 

interpretation within learned morphological representation spaces (morphospace sensu lato; Budd 2021; 106 

Cavanagh et al. 2021; Raup 1966), marking a shift in how AI-derived outputs are interpreted within 107 

taxonomic workflows. This conceptual transition is summarized in Fig. 1, which outlines the overall 108 

analytical framework linking AI-based processing, data integration, and taxonomic interpretation. 109 

 110 

Advances in automated plant image classification 111 

Efforts to automate plant identification date back more than five decades (Morse 1971), and 112 

automated identification systems based on plant images began to emerge in the 1990s (reviewed by 113 

Edwards and Morse 1995; Pankhurst 1991). By the early 2000s, large-scale digitization initiatives at 114 

major herbaria in Europe and North America significantly expanded the availability of digitized 115 

herbarium specimen images (Nelson and Ellis 2019; Thiers 2024). This progress facilitated advancements 116 

in automated species identification systems (e.g., Belhumeur et al. 2008; White et al. 2006). Rapid 117 

improvements in image classification techniques have driven recent progress in plant image analysis, 118 

including applications to herbarium specimens (see also Soltis et al. 2020 for an overview of machine 119 

learning applications in plant biology). International competitions aimed at improving image recognition 120 

have played a significant role, including the ImageNet Large Scale Visual Recognition Challenge 121 

(ILSVRC, 2010–2017) and ImageCLEF, part of the Cross Language Evaluation Forum (CLEF). Within 122 

ImageCLEF, LifeCLEF focuses on species identification and is subdivided into PlantCLEF (plants), 123 

BirdCLEF (birds), and AnimalCLEF (animals). The specific themes and configurations of these tasks 124 

vary slightly from year to year, and PlantCLEF has been held annually since 2011. In plantCLEF, the 125 

input images have evolved from controlled leaf scans to multi-organ photographs and, more recently, to 126 

complex images containing multiple plant species within a plot. Thus, input images have shifted from 127 

controlled leaf scans to diverse, real-world, multi-organ and multi-species scenes. In addition, cross-128 

domain datasets, such as images of herbarium specimens and living plants, have been used (Carranza-129 

Rojas et al. 2017; Chulif et al. 2023; Ong et al. 2025). These advances soon led to the development of 130 

automated plant identification applications, such as LeafSnap (Kumar et al. 2012) and Pl@ntNet (Joly et 131 

al. 2016). LeafSnap demonstrated species identification from isolated leaves photographed under 132 

controlled conditions, while Pl@ntNet extended automated identification to images of living plants 133 

captured in natural environments. Beyond angiosperms, identification systems have also been developed 134 
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for other plant groups (e.g., freshwater algae: Geronimo et al. 2023; bryophytes: Luo et al. 2025), as well 135 

as for non-plant organisms such as cyanobacteria (Topaloglu et al. 2025). 136 

Agricultural applications also emerged early, including non-destructive estimation of fruit 137 

maturity (oil palm: Fadilah et al. 2012; strawberry: Liu et al. 2014), detection of leaf diseases (Sladojevic 138 

et al. 2016), and identification of abnormalities in crop fields (Christiansen et al. 2016). This research area 139 

continues to grow rapidly. In 2025 alone, numerous image-based systems for detecting pests and diseases 140 

in crops such as grape (Al-Shamayleh and Ibrahim 2025), tea (Wen et al. 2025), rice (Raman and 141 

Jayaraman 2025), soybean (Zhang et al. 2025), and date palm (Mir et al. 2025) were developed. In 142 

parallel, high-resolution hyperspectral imaging has been used to identify crop provenance (e.g., 143 

wolfberry: Li et al. 2025), detect early disease symptoms (Goyal et al. 2025), and classify cereal seeds 144 

(Hu et al. 2025).  145 

Within this broader context, automated plant image classification has been developed across a 146 

wide range of image types, including scans of pressed material, images of living plants captured in natural 147 

or agricultural settings, and images captured under controlled conditions. Digitized herbarium specimen 148 

images represent a distinct visual domain: specimens are two-dimensionally flattened and may exhibit 149 

color fading or physical damage. Specimens are typically imaged under standardized conditions, with 150 

consistent backgrounds, fixed viewpoints, and accompanying scale and color references. These 151 

characteristics facilitate large-scale comparative analysis and model training but also introduce 152 

challenges, including two-dimensional compression and non-morphological artifacts such as labels and 153 

mounting materials. Recognition of both the strengths and constraints of specimen images has led to 154 

dedicated research on automated species identification in herbarium collections, discussed in the 155 

following section. 156 

 157 

Development of automated species identification systems using herbarium images 158 

Automated identification of herbarium specimens using AI-based models has gained attention as 159 

herbaria confront growing backlogs and limited taxonomic capacity. The ongoing digitization of 160 

specimens has generated a continuous influx of new material requiring timely identification, while large 161 

numbers of specimens already housed in collections have not been systematically re-examined or 162 

updated. In addition, many herbaria retain substantial backlogs of unidentified specimens from historical 163 

collections (sometimes unmounted), reflecting the cumulative effects of limited taxonomic capacity over 164 

time. This situation is not confined to small or under-resourced institutions; even large, internationally 165 

recognized herbaria face similar challenges. For example, historical collections from the Korean 166 

Peninsula collected by Emile Joseph Taquet at the Royal Botanic Garden Edinburgh (E) and by 167 

Takenoshin Nakai at the University of Tokyo (TI) continue to contain numerous unidentified specimens, 168 

thereby complicating collection management and taxonomic synthesis. These challenges have stimulated 169 

the development of deep learning–based species identification systems using herbarium specimen images 170 
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since the late 2010s.  171 

To date, most studies have emphasized model development and benchmarking for specific 172 

taxonomic groups or regional floras rather than sustained deployment in herbarium operations. Table 1 173 

summarizes representative examples of such studies, illustrating that existing research has largely 174 

emphasized model construction and performance evaluation across large and taxonomically diverse 175 

groups (Carranza-Rojas et al. 2017; de Lutio et al. 2022; Younis et al. 2018), region-specific floras (Park 176 

et al. 2024; Shirai et al. 2022; Xie et al. 2025), and taxonomically challenging taxa characterized by high 177 

morphological similarity (Arno et al. 2025; Kajihara et al. 2025).  178 

Performance evaluation has played a central role in herbarium-based image classification 179 

research, with studies commonly relying on two evaluation metrics: Top-1 accuracy and macro-averaged 180 

F1 scores (Russakovsky et al. 2015; Sokolova and Lapalme 2009). Top-1 accuracy provides an intuitive 181 

measure of overall classification success and remains a standard metric in large-scale image recognition 182 

benchmarks (Russakovsky et al. 2015). In contrast, macro-averaged F1 scores weight performance 183 

equally across all taxa, regardless of their representation in the dataset, and are therefore particularly 184 

informative for herbarium-derived datasets that exhibit severe class imbalance. Accordingly, many studies 185 

report both metrics, as overall accuracy alone can obscure poor performance on underrepresented taxa 186 

common in herbarium datasets (de Lutio et al. 2022; Shirai et al. 2022).  187 

Regarding model design, a clear evolution in architectural choices can be observed across the 188 

studies summarized in Table 1. Early and mid-scale investigations predominantly employed convolutional 189 

neural networks (CNNs), including Inception (Szegedy et al. 2015), ResNet (He et al. 2016), EfficientNet 190 

(Tan and Le 2019), and their variants, achieving moderate to high classification accuracy depending on 191 

dataset composition and curation level (Carranza-Rojas et al. 2017, 2018; Little et al. 2020; Shirai et al. 192 

2022; Tan et al. 2019; Xie et al. 2025). More recent work has increasingly incorporated vision 193 

transformers (ViTs) (Dosovitskiy et al. 2021) and hybrid CNN–ViT architectures (Chen et al. 2021; 194 

d'Ascoli et al. 2021; Wu et al. 2021), motivated by their ability to model long-range dependencies and 195 

global morphological structure through self-attention mechanisms (Arno et al. 2025; Kajihara et al. 2025; 196 

Park et al. 2024). Beyond single-model architectures, several studies have therefore adopted ensemble 197 

strategies that combine predictions from independently trained CNN- and transformer-based models. 198 

Such approaches aim to exploit complementary error patterns rather than introduce new representational 199 

mechanisms and frequently outperform single-model baselines in large-scale, highly imbalanced datasets, 200 

particularly in terms of macro-averaged F1 scores (de Lutio et al. 2022; Little et al. 2020; Park et al. 201 

2024). 202 

Despite these advances in model architecture and evaluation strategies, practical constraints 203 

related to image resolution remain a significant bottleneck in herbarium-based image classification. A key 204 

methodological issue is the gap between the high resolution of digitized herbarium specimens and the 205 

much smaller image sizes used for deep learning models. Recently digitized herbarium specimens often 206 
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exceed 20 megapixels per image, enabling observation of fine details such as surface hairs. However, in 207 

most AI-based studies, these images are resized to approximately 60~260 kilopixels (196 X 292–512 X 208 

512) (Table 1). This reduction reflects the substantial computational demands associated with high input 209 

resolutions, including increased GPU memory usage and longer training times. Consequently, a 210 

considerable amount of diagnostically useful fine morphological information is not being fully utilized in 211 

the current classification pipeline. Importantly, evidence from studies employing higher-resolution inputs 212 

or multi-scale strategies suggests that retaining finer morphological detail can improve classification 213 

performance, particularly for taxonomically challenging groups (Kajihara et al. 2025; Park et al. 2024; 214 

Shirai et al. 2022; Vaishnav et al. 2022). However, increasing input image size inevitably raises 215 

computational demands, making the selection of an appropriate resolution a practical trade-off between 216 

morphological resolution and feasibility. Systematic, simulation-based evaluations that jointly assess 217 

image resolution, performance gains, and computational cost would therefore be valuable for identifying 218 

optimal input sizes for each taxon.  219 

Collectively, the studies summarized in Table 1 demonstrate that herbarium-based automated 220 

identification has matured methodologically but remains constrained by persistent biological and data-221 

related constraints. These constraints can be broadly categorized as intrinsic morphological complexity 222 

and extrinsic dataset limitations. We first consider the intrinsic factor: morphological complexity, which 223 

imposes fundamental constraints on achievable performance. Plant identification from images represents 224 

a fine-grained classification problem, as closely related species often differ only in subtle morphological 225 

traits (Guo et al. 2025). In addition, herbarium specimens frequently exhibit significant morphological 226 

variation within species across different life-cycle stages (e.g., flowering versus fruiting). At the same 227 

time, some taxa possess extremely small or obscured reproductive organs, which require microscopic 228 

examination and dissection, thereby making species-level discrimination more difficult. Examples of such 229 

intrinsic difficulty include taxonomically challenging genera such as Bulbostylis, Salix, and Iris, in which 230 

reliable species delimitation often depends on reproductive characters that are frequently absent in 231 

herbarium specimen images (Arno et al. 2025; Park et al. 2024; Shirai et al. 2022). Additionally, low-232 

resolution training images can obscure diagnostic features, such as hair structures, thereby having a 233 

particularly significant impact on small-bodied taxa. Taken together, these intrinsic limitations reflect the 234 

biological properties of the specimens themselves and cannot be fully resolved through improvements in 235 

model architecture or expanded training datasets. In this context, future studies may also benefit from 236 

focusing on taxon-specific models targeting morphologically complex or species-rich groups (e.g., 237 

Poaceae, Cyperaceae, Salicaceae, Fabaceae, and Asteraceae), rather than broad, multi-family 238 

classification. 239 

We next consider the extrinsic factor: dataset-related constraints that arise from data quality and 240 

long-tailed class distributions before model training. At the dataset level, data quality is the most critical 241 

extrinsic factor, encompassing both the reliability of specimen identification through expert validation 242 
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and the intrinsic quality of the specimens. Accordingly, expert validation remains crucial, and non-243 

specimen images (e.g., field photographs, botanical illustrations) or specimen records containing 244 

insufficient morphological information (e.g., specimens consisting only of twigs) should be removed 245 

during the filtering process (Arno et al. 2025; de Lutio et al. 2022; Kajihara et al. 2025; Shirai et al. 246 

2022). Another major extrinsic constraint is the extremely long-tailed distribution of herbarium datasets, 247 

characterized by highly skewed class frequencies: widespread species are represented by many images, 248 

whereas only a few images represent rare or narrowly distributed species. This pattern is further 249 

reinforced by uneven geographic sampling, as easily accessible lowland regions tend to be 250 

overrepresented, while alpine or remote habitats remain comparatively undersampled. Such an imbalance 251 

inherently leads to reduced classification performance, necessitating consideration of both minimum and 252 

maximum image counts per species when constructing training datasets (Arno et al. 2025; Kajihara et al. 253 

2025; Park et al. 2024; Shirai et al. 2022; Xie et al. 2025). In practice, restricting analyses to taxa with 254 

sufficient image counts improves accuracy but reduces the number of taxa included, creating a clear 255 

trade-off between coverage and performance. Several technical strategies have been proposed to mitigate 256 

data imbalance, including ensemble models, increased input image resolution, and specialized loss 257 

functions such as ArcFace (Deng et al. 2020) to address class imbalance (de Lutio et al. 2022; Little et al. 258 

2020; Park et al. 2024). 259 

In response to these methodological and dataset-level challenges, a major milestone was the 260 

series of "Herbarium Challenge" competitions hosted by the New York Botanical Garden (NYBG) on 261 

Kaggle from 2019 to 2022 as part of the Fine-Grained Visual Categorization (FGVC) workshop series 262 

(FGVC6–FGVC9). The Herbarium 2019 dataset (FGVC6; 46,469 images, 683 taxa) focused on 263 

Melastomataceae and was carefully curated by taxonomic experts to reflect realistic long-tailed 264 

distributions of specimens (Little et al. 2020; Tan et al. 2019). The subsequent Herbarium 2020 dataset 265 

(FGVC7; 1,169,039 images, 32,094 taxa) expanded coverage to vascular plants from the Americas, 266 

although competition results have not been systematically reported in the literature. This effort was 267 

further extended by the Herbarium 2021 "Half-Earth" dataset (FGVC8; 2,500,779 images, 64,500 taxa), 268 

which increased geographic and taxonomic scope by integrating specimens from five major herbaria 269 

worldwide (de Lutio et al. 2022). However, despite its scale, it covered only about 14% of vascular plant 270 

species in the sampled regions (Park et al. 2024). To overcome this limitation, the Herbarium 2022 dataset 271 

(FGVC9), NAFlora-1M (1,050,182 images, 15,501 species), was developed using specimens from 54 272 

North American herbaria and achieved 90.06% coverage of known vascular plant species in the region 273 

(Park et al. 2024). 274 

Notably, recent studies demonstrate that automated identification models can also contribute to 275 

herbarium curation by assisting in the detection of potentially misidentified specimens. By highlighting 276 

specimens that are repeatedly or inconsistently classified across multiple training runs, such approaches 277 

enable curators to prioritize expert review and efficiently improve data quality (Hollister et al. 2025; 278 
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Shirai et al. 2022). Together, these developments underscore a shift from automated identification as a 279 

stand-alone classification task toward AI-assisted decision-support frameworks, in which models 280 

complement rather than replace taxonomic expertise, supporting identification, quality control, and 281 

iterative refinement within herbarium-based workflows. 282 

The feasibility of deploying these approaches at scale is further shaped by regional differences in 283 

digitization capacity and data availability, an issue that is particularly pronounced in Asia. 284 

 285 

Current status of herbarium specimen digitization in Asia 286 

Asia harbors exceptionally high plant diversity, reflecting its wide climatic range, complex 287 

topography, and heterogeneous vegetation patterns, and includes multiple biodiversity hotspots of global 288 

conservation importance (Myers et al. 2000; Tietje et al. 2023). Despite this biological richness, Asia has 289 

long been regarded as a data-poor region in terms of digitally accessible plant specimen data compared 290 

with Europe and North America (Wang et al. 2020). According to GBIF records, only 5.2 million of the 291 

59.4 million digitized plant specimen images worldwide (8.78%) originate from Asia. Moreover, only 292 

34.31% of the 15.2 million plant specimens recorded from Asia have been digitized (accessed December 293 

25, 2025). This substantial discrepancy underscores the persistent gap between Asia's biodiversity 294 

richness and its representation in global digital repositories. 295 

To address this imbalance, several coordinated initiatives have been launched to improve the 296 

accessibility and integration of Asian plant biodiversity data. Among these, the Mapping Asia Plants 297 

(MAP) project under the Asian Biodiversity Conservation and Database Network (ABCDNet) aims to 298 

establish foundational infrastructure through standardized vascular plant checklists and distribution 299 

databases (Li et al. 2020; Sun et al. 2024; Wang et al. 2020; Xiao et al. 2023; Xu et al. 2020; Xue et al. 300 

2020). Complementary digitization efforts also target Asian plant specimens housed in overseas 301 

collections, particularly in the United States (e.g., All Asia TCN; https://allasiatcn.org/index.php). 302 

In parallel with these initiatives, the online availability of digitized herbarium specimen images 303 

within Asia has expanded rapidly. Major virtual herbaria and institutional portals are summarized in Table 304 

2. However, this expansion remains remarkably uneven. While the Chinese Virtual Herbarium (CVH) 305 

hosts nearly seven million images, many other national and university herbaria face challenges with 306 

incomplete digitization or restricted web access. This digital heterogeneity poses a fundamental 307 

challenge: the lack of a uniform, continent-wide dataset makes the development of a universal AI 308 

identification system impractical. 309 

In response to these structural constraints, AI research in Asia has increasingly adopted modular 310 

approaches. Regional or taxon-specific identification systems have therefore emerged as more feasible 311 

alternatives (Shirai et al. 2022; Xie et al. 2025). By targeting restricted geographic regions or 312 

morphologically coherent taxonomic groups, researchers can achieve high identification accuracy even 313 

with manageable dataset sizes and limited computational resources. As digitization continues to fill 314 
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existing data gaps, these localized efforts are paving the way for more integrated and expansive systems. 315 

The following sections review specific case studies that demonstrate how these targeted AI approaches 316 

are being implemented to address the structural and data-related constraints of Asian herbarium 317 

digitization. 318 

 319 

Segmentation-based preprocessing for removing non-plant information 320 

Herbarium specimen images contain substantial amounts of non-plant information that can 321 

confound AI–based analyses if not adequately addressed. Representative examples of these preprocessing 322 

strategies and their effects on model attention are shown in Fig. 2. In addition to biologically meaningful 323 

plant structures, specimen images routinely include non-plant components such as labels, barcodes, color 324 

palettes, rulers, background areas outside the specimen, and digitization artifacts introduced during 325 

curatorial and imaging practices (Fig. 2a). These sources of non-biological variation—arising from 326 

differences in specimen mounting, paper aging, and digitization methods—can divert model attention 327 

away from diagnostically informative plant structures and bias predictions toward herbarium-specific 328 

visual cues (Ariouat et al. 2025b; Arno et al. 2025; Han et al. 2026; Sklab et al. 2025; Tessler and Little 329 

2025). As a result, deep learning models trained on unprocessed herbarium images can exhibit reduced 330 

generalization across taxa and herbaria, particularly for taxa represented by few specimen images (Han et 331 

al. 2026). This limitation was also demonstrated by Xie et al. (2025), who reported a species 332 

identification accuracy of only 24.5% when applying a Chinese vascular plant identification system to 333 

herbarium images from the Royal Botanic Gardens, Kew, highlighting the impact of inter-herbarium 334 

image heterogeneity on model generalization.  335 

To mitigate these effects, several preprocessing strategies have been developed to reduce or 336 

neutralize non-plant information in herbarium specimen images. A common approach is to blur textual 337 

regions, which effectively suppresses explicit textual information such as labels and barcodes and has 338 

demonstrated robust generalization performance (Fig. 2b). This approach has been widely adopted in 339 

major benchmark datasets, including Herbarium 2019, 2021, and 2022, in which text and barcode regions 340 

were detected using models such as PhotoOCR (Bissacco et al. 2013), EAST (Zhou et al. 2017), and 341 

CRAFT (Baek et al. 2019), followed by Gaussian blurring (de Lutio et al. 2022; Park et al. 2024; Tan et 342 

al. 2019). Similarly, Arno et al. (2025) applied CRAFT-based text detection and blurring to specimens 343 

from Cyperaceae and Rhamnaceae and further removed non-plant components and background regions 344 

outside specimen margins through cropping. Despite their practicality, text blurring approaches have 345 

inherent limitations. Because non-textual elements—including background paper texture, color palettes, 346 

photographs, and digitization artifacts—remain intact, these methods do not fully standardize image 347 

inputs and may still allow models to rely on herbarium-specific visual biases. In addition, incomplete 348 

detection of textual regions and incidental loss of morphological information have been reported in large-349 

scale applications (de Lutio et al. 2022). 350 
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From both a conceptual and biological perspective, segmentation-based preprocessing provides 351 

the most comprehensive and logically coherent framework for removing non-plant information. By 352 

isolating plant regions at the pixel level in specimen images, segmentation ensures that classification 353 

models learn plant-derived morphological features (Fig. 2c). Unlike text blurring approaches, this strategy 354 

addresses non-plant variation at its source and offers a unified framework for image standardization 355 

across herbaria. Segmentation-based preprocessing has been applied to a wide range of analytical tasks 356 

using herbarium images, including trait identification, morphological measurement, and species 357 

classification. In trait analyses, segmentation has been used to isolate specific organs, such as leaves 358 

(Hussein et al. 2021; Triki et al. 2022b; Weaver et al. 2020) and reproductive structures (Goëau et al. 359 

2020). Beyond organ-level approaches, whole-plant segmentation has been applied to extract trait 360 

information (Ariouat et al. 2025a; Ariouat et al. 2025b; Sklab et al. 2025). It has also been extended to 361 

species identification in particular taxonomic groups, including ferns (White et al. 2020), Piperaceae 362 

(Kajihara et al. 2025), and Viola (Han et al. 2026; Lee et al. 2025). 363 

Moreover, beyond improvements in classification accuracy, segmentation substantially enhances 364 

the biological interpretability of deep learning models (Ariouat et al. 2025a). Gradient-weighted Class 365 

Activation Mapping (Grad-CAM) highlights image regions that most strongly influence model 366 

predictions (Selvaraju et al. 2017). These analyses consistently show that models trained on segmented 367 

images predominantly attend to plant structures (Fig. 2e), whereas models trained on unprocessed or text-368 

blurring images often focus on non-plant components (Ariouat et al. 2025a; Ariouat et al. 2025b; Shirai et 369 

al. 2022; Xie et al. 2025) (Fig. 2d).  370 

Despite these advantages, segmentation-based preprocessing remains technically challenging. 371 

Accurate segmentation is challenging when plant organs are thin (e.g., peduncles, petioles, stems, and 372 

roots), densely overlapping, or similar in color to the background in dried specimens (Ariouat et al. 373 

2025a; Ariouat et al. 2025b; Han et al. 2026; Kajihara et al. 2025; Sklab et al. 2025). Such challenges can 374 

result in partial loss of morphological information and, in some cases, marginal or inconsistent 375 

improvements in classification performance (Ariouat et al. 2025a; Sklab et al. 2025). In Ariouat et al. 376 

(2025a, 2025b), images processed with segmentation showed marginal improvements in classification 377 

performance for relatively large organs, such as leaves and fruits, whereas performance decreased slightly 378 

for thin or small structures, such as thorns and flowers. Similarly, in a Piperaceae species identification 379 

study by Kajihara et al. (2025), no substantial difference in classification accuracy was observed between 380 

segmented and unprocessed images. These observations indicate that, although segmentation provides the 381 

most conceptually robust preprocessing framework, its practical effectiveness depends on segmentation 382 

quality, target traits, and taxonomic context.  383 

Shirai et al. (2022) experimentally demonstrated that, under low-resolution input settings (e.g., 384 

299 × 299 pixels), non-plant elements—including textual information—did not significantly reduce 385 

classification accuracy. They therefore suggested that explicit removal of non-plant components is not 386 
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necessary to improve performance. However, Grad-CAM analyses revealed that models sometimes still 387 

attend to such non-plant elements during prediction (Fig. 2d), suggesting that models may still use 388 

herbarium-specific visual features, which can reduce their performance on specimens from other herbaria. 389 

Taken together, segmentation appears to offer a particularly comprehensive approach for 390 

removing non-plant information in AI-based analyses of herbarium specimen images. While alternative 391 

methods such as text blurring offer practical advantages for large-scale datasets, segmentation more 392 

directly enforces biological relevance, facilitates cross-herbarium standardization, and enhances model 393 

interpretability. Beyond preprocessing for species identification, segmentation has also been widely 394 

applied to trait-based analyses, as discussed in the next section. As segmentation algorithms continue to 395 

improve (e.g., Han et al. 2026; Sklab et al. 2025), this approach is likely to play an increasingly central 396 

role in the development of reliable, transparent, and taxonomically meaningful AI workflows for 397 

herbarium-based research (Ariouat et al. 2025a). 398 

 399 

Automated extraction of trait information 400 

Building on advances in AI-based image analysis techniques, including classification, object 401 

detection, and segmentation, automated extraction of trait information from herbarium specimen images 402 

has become possible, enabling large-scale phenological studies that were previously limited by labor-403 

intensive manual approaches (Pearson et al. 2020; Soltis et al. 2020). With more than 300 years of 404 

accumulated collections, European herbaria provide unique opportunities to reconstruct long-term 405 

ecological and evolutionary dynamics (Williamson et al. 2025). Herbarium specimens thus represent 406 

valuable resources for investigating long-term biological responses to environmental change, including 407 

climate-driven shifts in phenology (Katal et al. 2022).  408 

Early large-scale phenological studies using herbarium specimens relied primarily on manual 409 

scoring of reproductive status. For example, Hart et al. (2014) analyzed approximately 10,000 410 

Rhododendron specimen images from across the Himalayas and demonstrated that flowering times have 411 

advanced in recent decades. While their study relied on manual scoring, Williamson et al. (2025) 412 

subsequently developed an AI-based classifier capable of distinguishing flowering from non-flowering 413 

specimens using more than eight million images representing approximately 200,000 species, along with 414 

GBIF metadata. By comparing pre-1970s and post-1970s data across World Wildlife Fund (WWF) 415 

terrestrial ecoregions, they revealed globally advanced flowering phenology, with particularly strong 416 

shifts in tropical regions. These findings addressed a major gap in large-scale phenological research, 417 

which had previously focused mainly on temperate regions. Similarly, Bateux et al. (2025) used an AI-418 

based classification model to automatically extract phenological states, including budding, flowering, 419 

fruiting, and non-reproductive stages, from approximately 600,000 herbarium specimen images 420 

representing around 700 species, and documented widespread shifts in flowering time.  421 

Beyond phenology, automated trait extraction has been increasingly applied to studies of 422 
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taxonomy, evolution, ecology, plant adaptation to climate change, and the construction of large-scale trait 423 

datasets (Weaver et al. 2023). Whereas early phenological studies focused mainly on reproductive organs 424 

such as flower buds, flowers, and fruits (Lorieul et al. 2019), automated trait extraction has since 425 

expanded to non-reproductive organs, including leaves, roots, and spines (Sklab et al. 2025; Weaver et al. 426 

2023). These approaches include the classification of organs or phenological states (Ariouat et al. 2025b; 427 

Lorieul et al. 2019; Sklab et al. 2025; Younis et al. 2020), organ detection (Ott et al. 2020; Triki et al. 428 

2022a), organ counting (Davis et al. 2020; Goëau et al. 2020), and organ measurement (Pearson et al. 429 

2020; Weaver et al. 2020; Weaver et al. 2023). 430 

Leaves have received particular attention because they constitute a large proportion of herbarium 431 

specimens, are consistently preserved, and exhibit relatively stable and quantifiable morphological 432 

characteristics. Moreover, many leaf traits are closely associated with climate and environmental 433 

gradients (Li et al. 2020; Wright et al. 2017). For example, Wilde et al. (2023) demonstrated systematic 434 

variation in leaf size along latitudinal and climatic gradients in Syzygium and Ficus. LeafMachine2, 435 

developed by Weaver et al. (2023), provides an automated framework for extracting quantitative leaf 436 

traits, including leaf area, perimeter, length, and width, as well as shape-related traits such as aspect ratio 437 

and lobedness. It can also detect plant organs beyond leaves. In addition, several models have been 438 

developed to identify detailed leaf characters, including arrangement, structure, form, margin, and 439 

venation (Ott et al. 2020; Younis et al. 2018). 440 

Automated approaches have also been applied to the analysis of biotic interactions. Meineke et 441 

al. (2020) developed a model capable of automatically detecting two major types of insect herbivory 442 

(interior feeding and leaf margin feeding), building on earlier evidence that insect damage on herbarium 443 

specimens has increased over the past century (Meineke et al. 2019). The automation of herbivory 444 

detection enables analyses at unprecedented spatial and temporal scales, thereby providing new insights 445 

into long-term plant–insect interactions. 446 

Phenological and morphological traits are fundamental to species delimitation, the interpretation 447 

of morphological variation, and the analysis of plant responses to environmental change. By automating 448 

trait extraction from specimen images, recent approaches extend these analyses from small, manually 449 

curated datasets to continent- or global-scale biodiversity studies. However, the interpretability and 450 

reliability of such large-scale inferences depend not only on accurate species identification but also on 451 

temporally and geographically structured label metadata. The automated extraction and structuring of 452 

such metadata, which complements image-based trait analysis, are discussed in the next section. 453 

 454 

Automated extraction of label information  455 

Although hundreds of millions of herbarium specimens exist worldwide, fewer than half are 456 

currently digitized and accessible online. Because large-scale ecological and evolutionary inferences 457 

depend critically on collection dates and locality information, the analytical value of specimen images is 458 
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realized only when label metadata are reliably structured and interoperable. Manual transcription, 459 

however, remains a major bottleneck in digitization workflows, particularly for historical collections 460 

containing handwritten or multilingual labels. Consequently, automated approaches to label extraction 461 

have become essential for accelerating metadata generation and improving data quality at scale.  462 

In response to this need, contemporary systems have converged on modular, multi-stage 463 

architectures. Reliable label extraction typically follows a pipeline in which (1) label regions are localized 464 

within specimen images, (2) textual content is transcribed using optical character recognition (OCR) or 465 

handwritten text recognition (HTR), and (3) extracted text is transformed into structured metadata 466 

through downstream semantic processing. Because specimen images contain multiple visual elements—467 

including plant material, barcodes, color charts, and mounting artifacts—accurate label localization is a 468 

prerequisite for robust transcription and subsequent structuring. OCR-based extraction has been applied to 469 

herbarium labels since the early 2010s (Drinkwater et al. 2014). Takano et al. (2024) employed named 470 

entity recognition (NER) to structure OCR-derived text into discrete entities, including collection dates, 471 

localities, and scientific names, in both Japanese and English. While effective for clearly formatted fields, 472 

rule-based or entity-based systems often struggle with narrative descriptions, such as habitat notes or 473 

remarks. More recently, large language model (LLM)–based approaches have introduced greater 474 

flexibility in semantic interpretation. Guralnick et al. (2025) integrated natural language processing with 475 

ChatGPT-4 to extract Darwin Core–compliant metadata (Darwin Core: Wieczorek et al. 2012), and 476 

Stenhouse and Thrall (2025) developed SpeciMate, an open-source system that similarly leverages LLMs 477 

to generate structured data. This progression reflects a broader shift from rule-based entity extraction 478 

toward context-aware semantic modeling. However, as many LLMs are frequently updated or controlled 479 

by external providers, their outputs may vary over time, making reproducibility and long-term 480 

consistency difficult to ensure. This highlights the need for careful validation and documentation. 481 

A major limitation of conventional OCR is its difficulty in deciphering handwritten text, which is 482 

prevalent in historical collections. Advances in HTR have begun to mitigate this challenge. Sadek et al. 483 

(2024) demonstrated automated detection of printed and handwritten annotations in historical botanical 484 

works, and Turnbull et al. (2025) introduced Hespi, a pipeline combining Tesseract OCR for printed text 485 

with TrOCR (Li et al. 2023) for handwritten elements, followed by multimodal LLM-based validation. 486 

While effective for English-language materials, reliance on TrOCR currently limits applicability across 487 

diverse linguistic contexts. Multilingual platforms such as Transkribus (Colutto et al. 2019), a deep-488 

learning–based handwriting recognition system trainable on custom ground-truth data, offer broader 489 

language coverage, though performance depends on the availability of high-quality training corpora. In 490 

Japan, Chagi and Kawai (2025) further demonstrated that vision–language models (VLMs), including 491 

ChatGPT and Qwen2.5-VL-7B, achieved over 90% accuracy in recognizing handwritten labels at the 492 

herbarium of the University of Tokyo (TI). Collectively, these developments illustrate expanding 493 

technical capacity for automated transcription across historical and multilingual collections, albeit with 494 
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ongoing challenges in generalization, language coverage, and model stability. 495 

Importantly, automated label extraction complements advances in automated trait analysis. When 496 

semantically structured label metadata are integrated with image-derived morphological traits, herbarium 497 

specimens become multi-layered, machine-readable data entities that combine temporal, geographic, and 498 

morphological dimensions. Rather than functioning solely as inputs for species-level classification, 499 

specimens increasingly serve as integrated repositories of biological evidence within shared analytical 500 

frameworks. This convergence also supports downstream multimodal analyses, while providing a 501 

foundation for later discussion of more integrative, decision-support uses of AI in taxonomy. 502 

 503 

Multimodal approaches for herbarium-based biodiversity studies 504 

Multimodal learning refers to the integration of heterogeneous data types—such as images, text, 505 

genetic sequences, ecological metadata, or behavioral information—within a unified analytical 506 

framework. In contrast, most previous AI-based species identification studies have relied primarily on a 507 

single modality, typically specimen or field images. Although image-based models have achieved 508 

substantial success, their reliance on visual information alone reduces robustness in taxonomically 509 

complex groups, where closely related species differ only in subtle morphological traits (Javed et al. 510 

2025; Lhayani et al. 2025; Manolache et al. 2025). Incorporating complementary sources of evidence can 511 

therefore improve species-level inference. Herbarium specimens inherently provide such multimodal 512 

information, combining images with structured label metadata (Guo et al. 2025). Together with recent 513 

advances in extracting traits and label data, this enables integration within shared analytical frameworks. 514 

Building on this technical feasibility, empirical studies demonstrate that multimodal AI achieves 515 

higher classification performance than unimodal approaches. In plants, models integrating specimen or 516 

field images with DNA barcode sequences have been applied to taxonomically large and morphologically 517 

challenging families such as Asteraceae, Poaceae, and Fabaceae (Kösters et al. 2025; Lhayani et al. 2025). 518 

Other approaches combine images with ecological and geographic metadata—including taxonomic rank, 519 

longitude, and locality—yielding measurable improvements over image-only models (Javed et al. 2025). 520 

Similar strategies have been reported across other organismal groups, including the integration of images 521 

with ecological and taxonomic metadata for animals and cryptic species complexes (Li et al. 2025; 522 

Manolache et al. 2025; Sastry et al. 2025), fusion of image and genetic data in animals (Kösters et al. 523 

2025; Yang et al. 2022), combination of images with meristic characters in fishes (Masuda et al. 2020), 524 

and integration of microscopic images with expert-validated morphological descriptions in cyanobacteria 525 

(Blanco et al. 2025).  526 

Beyond research settings, multimodal AI is increasingly embedded in widely used identification 527 

and vision–language systems. General-purpose models such as ChatGPT and Google Lens integrate 528 

visual inputs with contextual or textual information to generate structured interpretations. Plant 529 

identification platforms such as Pl@ntNet and Flora Incognita (Mäder et al. 2021) similarly combine 530 
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image-based recognition with user-provided contextual cues—such as organ type, habitat, or taxonomic 531 

hierarchy—to refine species predictions. These applications illustrate how multimodal reasoning has 532 

moved from experimental systems to operational tools, reflecting the practical viability of integrating 533 

heterogeneous data streams. 534 

Multimodal integration also extends to textual taxonomic resources. Species descriptions 535 

constitute foundational components of taxonomic knowledge, yet their traditionally unstructured format 536 

has limited computational use. Recent LLM-based approaches have transformed descriptive texts into 537 

structured character databases (Marcos et al. 2025; Nainia et al. 2024; Schmidt-Lebuhn and Knerr 2025), 538 

enabling integration with image-derived features. For example, Sahraoui et al. (2023) developed a 539 

herbarium specimen image retrieval system based on a fine-tuned Contrastive Language–Image Pre-540 

training (CLIP; Radford et al. 2021) model, allowing retrieval of specimens corresponding to queried 541 

morphological descriptions. Similarly, Lesperance et al. (2025) proposed an interpretable multimodal 542 

framework for rare arthropods that combines image-derived captions with extensive morphological text 543 

datasets. Together, these studies reflect a transition from unimodal prediction toward integrative 544 

representation learning, in which visual, textual, ecological, and genetic information are embedded within 545 

shared representation spaces. 546 

Despite their promise, multimodal approaches face significant technical and conceptual 547 

challenges. Image data remain non-standardized across institutions, limiting cross-domain generalization. 548 

Integrating heterogeneous data streams increases model complexity and may exacerbate overfitting, 549 

particularly when training datasets are limited (Blanco et al. 2025; Javed et al. 2025; Kösters et al. 2025; 550 

Lhayani et al. 2025). Multimodal systems also require substantial computational resources, which 551 

constrain large-scale deployment. Furthermore, interpretability remains limited: although multimodal 552 

embeddings improve predictive performance, disentangling the relative contribution of each modality to 553 

final decisions remains difficult. These considerations underscore the need for rigorous evaluation 554 

frameworks, transparent model design, and robust cross-domain validation. 555 

Reflecting the biological complexity underlying species boundaries, Karbstein et al. (2024) 556 

advocate an AI-based integrative taxonomy that combines genomic, morphological, ecological, and 557 

behavioral evidence to reduce subjectivity in species delimitation. In herbarium-based research, 558 

multimodal AI therefore represents a shift from specimen-level label prediction toward integrative 559 

taxonomic reasoning. By embedding image-derived morphology, structured label metadata, and genetic 560 

and ecological information within shared representation spaces, these systems enable cross-validation 561 

among heterogeneous lines of evidence. The broader implications of this transition—for taxonomy, 562 

collection curation, and biodiversity knowledge infrastructures—are examined in the following section. 563 

 564 

Implications for taxonomy, curation, and biodiversity knowledge infrastructure: toward Integrative 565 

Taxonomic AI 566 
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Recent developments reviewed in previous sections—including automated species identification, 567 

segmentation-based preprocessing, automated trait extraction, label structuring, detection of potentially 568 

misidentified specimens, and multimodal integration—collectively signal a shift in how AI outputs are 569 

positioned within taxonomic research and collection management. Rather than functioning solely as tools 570 

for specimen-level label prediction, AI systems increasingly contribute to higher-level inference across 571 

sets of specimens. As summarized in Table 3, this shift reflects a transition from traditional species 572 

identification AI toward a broader framework of taxonomic interpretation within AI-assisted 573 

representation spaces. In this emerging perspective, identification results are not treated as final decisions 574 

but as intermediate evidence within broader analytical workflows. 575 

A central enabling concept underlying this shift is the embedding of specimens within learned 576 

morphological representation spaces (morphospace sensu lato; Budd 2021; Cavanagh et al. 2021; Raup 577 

1966). When specimens are situated in shared representation spaces, AI systems can assist in visualizing 578 

morphological structure, examining species boundaries, detecting outliers, and prioritizing material for 579 

expert review. This multi-specimen framework supports quantitative assessment of morphological 580 

variation and taxonomic stability while maintaining interpretation within expert-guided contexts. 581 

Multimodal integration further strengthens this approach by combining image-derived morphology with 582 

structured label metadata and, increasingly, genetic and ecological information (Javed et al. 2025; Kösters 583 

et al. 2025). The goal of such integration is not to eliminate uncertainty, but to generate richer and more 584 

comparable lines of evidence across specimens. In this way, AI may facilitate the discovery and formal 585 

description of overlooked taxa by identifying coherent but atypical specimen clusters that warrant further 586 

examination (Bebber et al. 2010).  587 

These developments also affect biodiversity knowledge infrastructures. Interactive online floras 588 

and continuously updated regional checklists (Renner 2025) show how AI can support identification, 589 

quality control, and data consistency in community-based platforms. In such systems, AI assists curation 590 

and interpretation rather than merely assigning species names, contributing to more responsive 591 

biodiversity documentation. 592 

At the same time, the increasing accessibility of AI-based identification tools highlights the 593 

continued importance of taxonomic expertise. Although predictive performance has improved 594 

substantially, automated systems remain susceptible to misclassification, domain-specific bias, and 595 

overconfidence (Arno et al. 2025; Wäldchen et al. 2018). Reliable species delimitation, evaluation of 596 

morphologically ambiguous specimens, validation of automated outputs, and refinement of taxonomic 597 

concepts continue to depend on expert judgment grounded in comparative morphology and nomenclature. 598 

AI, therefore, functions most effectively within human-guided workflows that integrate computational 599 

efficiency with disciplinary expertise (Guo et al. 2025). 600 

Taken together, these developments suggest a reorientation of AI in taxonomy: from isolated 601 

label prediction toward multi-specimen, evidence-based taxonomic interpretation embedded within 602 

 1 
 2 
 3 
 4 
 5 
 6 
 7 
 8 
 9 
10 
11 
12 
13 
14 
15 
16 
17 
18 
19 
20 
21 
22 
23 
24 
25 
26 
27 
28 
29 
30 
31 
32 
33 
34 
35 
36 
37 
38 
39 
40 
41 
42 
43 
44 
45 
46 
47 
48 
49 
50 
51 
52 
53 
54 
55 
56 
57 
58 
59 
60 
61 
62 
63 
64 
65 



18 

 

shared representation spaces and curated metadata infrastructures. For clarity, we refer to this integrated 603 

perspective as Integrative Taxonomic AI (Table 3). The term synthesizes ongoing methodological and 604 

conceptual advances rather than introducing a separate technological category. Within this framework, AI 605 

augments taxonomic reasoning by organizing, visualizing, and cross-validating heterogeneous evidence, 606 

while final interpretive authority remains grounded in expert evaluation. 607 

 608 

Conclusion 609 

Advances in image-based, trait-based, label-based, and multimodal AI have transformed 610 

herbarium specimens from static archives into active analytical resources. More importantly, these 611 

developments signal a shift from specimen-level label prediction toward multi-specimen, decision-612 

support–oriented interpretation embedded within taxonomic workflows. In this emerging framework, AI 613 

outputs are treated not as conclusive determinations but as intermediate inputs that support comparative 614 

reasoning across collections. 615 

Physical specimens, therefore, remain indispensable as authentic and verifiable references for 616 

training, validating, and refining AI-driven analyses. The perspective synthesized in this review—here 617 

referred to as Integrative Taxonomic AI—describes the integration of learned representation spaces, 618 

curated specimen data, and professional taxonomic judgment. Rather than replacing expertise, this 619 

framework reorganizes the relationship between computational systems and human interpretation in 620 

biodiversity research. 621 
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Table 1. Examples of deep learning–based plant classification using herbarium images (multimodal-based methods not included) 

Reference 

Dataset 
Input image 

size 

(pixels) 

Model architecture Model performance c 

Taxonomic or geographic 

category 
Source of dataset # of images 

# of 

taxa 

(Class) 

Taxonomic rank 
# of images 

per class 

Architecture category 
b 

Baseline architecture 

Top-1  

accuracy 

(%) 

Macro 

F1 

score 

Carranza-Rojas et al. 

(2017) 
- 

Herbarium 1K 

-iDigBio 
253,733 1,204 - - 224 x 224 CNN 

Inception v1 

(GoogleNet) 
79.6 - 

Younis et al. (2018) - GBIF 830,408 1,000 - 532≤n≤5494 196 x 292 CNN Modified ResNet 82.4  

 Tan et al. (2019); Little 

et al. (2020) 
Melastomataceae 

Herbarium 2019 

(FGVC6) 
46,469 683 1 family 20≤n≤865 448 x 448 CNN Ensemble 

SeResNeXt-101, 

ResNet-50 
89.8 - 

de Lutio et al. (2022) 
American, Oceanian, and 

Pacific species 

Herbarium 2021 

(FGVC8): Half-Earth 
2,500,779 64,500 - 

n≥3 

(test set: 

n≤100) 

256×256,  

256×256,  

352×352 

CNN Ensemble 

ResNest-101, 

ResNeXt-101-IBN-a, 

ResNeXt-101 

84.5 0.757 

Park et al. (2024) 

90% of North American 

vascular plants (Canada, 

Greenland, United States of 

America) 

Herbarium 2022 

(FGVC9): NAFLora-

1M 

105,000 15,501 - 10<n≤100 384 x 384 CNN-ViT Ensemble 

ResNeSt-101, 

EfficientNet-B6, DeiT-

III-B, Swin-B, Swin-L, 

ConvNeXt-B 

- 0.877 

Shirai et al. (2022) 
33.9 % of Japanese vascular 

plants a 

Japanese herbaria 

(author collection, 

download) 

500,554 2,171 

192 families, 

2064 species, 

9 subspecies, 

88 varieties, 

10 forms 

n≥50 299 x 299 CNN Inception-ResNet-v2 96 0.923 

Xie et al. (2025) 
53.9% of Chinese vascular 

plants 

Chinese Virtual 

Herbarium (CVH) 
6,500,000 21,589 

309 families, 

3144 genera, 

19723 species, 

1866 infraspecific taxa 

16≤n≤200 299 x 299 CNN EfficientNetV2 67.3 - 

Kajihara et al. (2025) Brazilian Piperaceae speciesLink 

10,503 236 

1 family,  

3 genera 

5≤n<240 

512 x 512 ViT ViT 

- 0.37 

9,977 160 10≤n<240 - 0.4 

9,237 106 20≤n<240 - 0.45 

Arno et al. (2025) 

Bulbostylis 
GBIF-Royal Botanic 

Gardens, Kew 

4,936 87 1 genus 

20≤n≤100 224 x 224 ViT 

ViT-H/14 65.38 - 

Ziziphus 1,654 27 1 genus ViT-B/16 72.61 - 

a % calculation based on the Flora of Japan (reviewed in Wang et al. 2023). 
b CNN, Convolutional Neural Network; ViT, Vision Transformer. 
c Only the best classification results were included. 
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Table 2. A list of the digital herbarium image portals in Asia (including transcontinental regions) 

Country Portal or herbarium name a 
Number of images  

(Accessed on Feb., 2026) 
URL 

China Chinese Virtual Herbarium (CVH)         8,559,422 https://www.cvh.ac.cn/ 

Russia Moscow University Herbarium (MW) 1,403,266 https://plant.depo.msu.ru/  

Japan National Museum of Nature and Science (TNS) 388,916 https://db.kahaku.go.jp/webmuseum_en/  

 Shimane University Digital Herbarium 332,278 http://tayousei.life.shimane-u.ac.jp/harbarium/  

 Makino Herbarium Type Specimen Image Database (MAK) ca. 740 http://ameba.i.hosei.ac.jp/BIDP/MakinoCD/makino/html_j/index0.html  

 Kobe Gakuin University Botanical Specimens in Saikei Collection ca. 20,000 https://db.kobegakuin.ac.jp/plant/index.html  

 Museum of Nature and Human Activities, Hyogo (HYO) 262,461 https://nathist-net.jp/  

 The Kagoshima University Museum, Herbarium (KAG) 171,184 https://www.museum.kagoshima-u.ac.jp/hyouhonsitu.html  

  The University of Tokyo, type collection database (TI) b https://umdb.um.u-tokyo.ac.jp/DShokubu_en/TShokubu.php  

Taiwan Herbarium of Taiwan Forestry Research Institute (TAIF)           ca. 579,000  https://taif.tfri.gov.tw/en/index.php 

 Plants of Taiwan , National Taiwan University Herbarium (TAI) 187,843 https://tai2.ntu.edu.tw/  

 Herbarium, Academia Sinica, Taiwan (HAST) 126,135 https://hast.biodiv.tw/en/ 

India Indian Virtual Herbarium (IVH) 155,531c https://ivh.bsi.gov.in/  

Nepal National Herbarium and Plant Laboratories (KATH) 164,471 http://plantdatabase.kath.gov.np/  

Korea Korea Biodiversity Information System, Korea National Arboretum (KH) b https://www.nature.go.kr/kbi/plant/smpl/selectPlantSmplGnrlSrch1.do  

  Plant DNA Bank in Korea, Korea University (KUS)              22,000  http://pdbk.korea.ac.kr/index.asp  

Singapore Singapore Botanic Gardens (SING) 46,985 https://herbaria.plants.ox.ac.uk/bol/sing  

Thailand Forest Herbarium (BKF) 13,827 https://botany.dnp.go.th/index_eng.html  

a the characters in parentheses are abbreviations for the portal or herbarium 
b not indicated on the website 

  

c  including vascular plants as well as algae, bryophytes, lichens, and fungi   

 1 
 2 
 3 
 4 
 5 
 6 
 7 
 8 
 9 
10 
11 
12 
13 
14 
15 
16 
17 
18 
19 
20 
21 
22 
23 
24 
25 
26 
27 
28 
29 
30 
31 
32 
33 
34 
35 
36 
37 
38 
39 
40 
41 
42 
43 
44 
45 
46 
47 
48 
49 
50 
51 
52 
53 
54 
55 
56 
57 
58 
59 
60 
61 
62 
63 
64 
65 

https://plant.depo.msu.ru/
http://tayousei.life.shimane-u.ac.jp/harbarium/
http://ameba.i.hosei.ac.jp/BIDP/MakinoCD/makino/html_j/index0.html
https://db.kobegakuin.ac.jp/plant/index.html
https://nathist-net.jp/
https://www.museum.kagoshima-u.ac.jp/hyouhonsitu.html
https://umdb.um.u-tokyo.ac.jp/DShokubu_en/TShokubu.php
https://taif.tfri.gov.tw/en/index.php
https://tai2.ntu.edu.tw/
https://ivh.bsi.gov.in/
http://plantdatabase.kath.gov.np/
https://www.nature.go.kr/kbi/plant/smpl/selectPlantSmplGnrlSrch1.do
http://pdbk.korea.ac.kr/index.asp
https://herbaria.plants.ox.ac.uk/bol/sing
https://botany.dnp.go.th/index_eng.html


31 

 

 

Table 3. Differences between traditional species identification (ID) AI and integrative Taxonomic AI 

Category ID AI 

(Traditional species identification AI) 

Integrative Taxonomic AI  
(Paradigm of the present study) 

Definition Species identification assisted by AI 

Taxonomic interpretation within an AI-assisted 

morphospace, integrating AI-driven taxonomic data 

curation  

Core question 
How accurately can a species label be predicted 

from a given specimen image? 

How can species boundaries, stability, and 

morphological variation be quantitatively represented, 

explored, and validated within a morphological 

representation space? 

Role of AI 
An automated decision-making system that directly 

outputs the final species identification 

A higher-level decision-support framework that 

integrates identification outputs with AI-driven 

taxonomic data curation to interpret morphological 

structure and evaluate species boundaries  

Scale of inference Individual specimen-level inference 
Multi-specimen and species-level inference within a 

morphospace 
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FIGURE 

 

 

Fig. 1. Conceptual framework of Integrative Taxonomic AI. Digitized herbarium specimens are processed 

through AI modules, followed by multimodal integration and taxonomic interpretation within an AI-

assisted morphospace. The dashed arrow indicates an alternative pathway in which interpretation is 

performed directly from individual module outputs without multimodal integration.  
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Fig. 2. Image preprocessing strategies and Grad-CAM–based interpretation in herbarium image analysis. 

(a) Raw herbarium specimen image with non-plant components. (b) Text blurring. (c) Segmentation-

based preprocessing. (d-e) Grad-CAM visualization highlighting model attention on raw (d) and 

segmented (e) images. In the raw image, the classification model often focuses on non-plant regions, 

whereas in the segmented image, it only focuses on plant structures. 
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