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Abstract

Natural  history  collections  house  over  three  billion  specimens  critical  to  biodiversity

research, yet fewer than 2% of North American arthropod specimens have been imaged,

creating a bottleneck for trait-based analyses at broad temporal and spatial scales. Batch

photography of multiple specimens improves throughput, but linking detected individuals

to database records at scale remains an unsolved operational challenge. The National

Ecological  Observatory  Network  (NEON)  collects  specimens  from  across  the  US

alongside co-located biotic and abiotic data providing an unprecedented opportunity to

explore how digitization efforts can be linked to extended specimen data across space

and time. Notably NEON’s curation practice of ordering specimens logically in alignment

with  metadata  enables  linking  image  regions  to  individual  metadata  from  images

containing  multiple  specimens in  a  unit tray. We present an  accessible  framework for

high-throughput  batch  imaging and  individual  specimen  extraction  from  pinned

entomological collections, demonstrated on 65,236 ground beetles (Carabidae) from the

NEON  Biorepository.  The  workflow  integrates  standardized  tray  photography  using

consumer  equipment, redundant metadata  capture  by  trained  technicians, automated

validation  against  the  NEON  database,  and  foundation  model-based  detection  and
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segmentation  (Grounding  DINO,  SAM)  to  produce  individual  specimen  images  with

validated metadata linkages. Automated logical queries successfully linked specimens in

78% of trays; the remaining 23% were resolved through structured manual review. The

iterative  detection  pipeline  achieved  96%  tray-level  accuracy  across  3,649  trays

spanning 518 species. Additionally, this pipeline enables the detection of minor curatorial

errors providing an opportunity for imaging and metadata linkage efforts to give back to

the  collections  housing  specimens  by  flagging  areas  in  need  of  curatorial  attention.

Complete code, documentation, and standard operating procedures are provided.

Keywords

Computer  vision,  Foundation  models, object  detection, Image  segmentation,  Natural

history  collections, Biodiversity  informatics, Carabidae  (ground  beetles), Darwin  Core,

Collection digitization, FAIR for AI

Introduction

Natural  history  collections  house  over  3  billion  specimens  documenting  Earth's

biodiversity  across space and  time, and  recent efforts  to  convert specimen  data  from

analog to digital (i.e., digitization) have accelerated the rate and scale at which natural

history collections are used in  research (Nelson and Ellis 2019, Sanders et al. 2023).

Digitization  involves transcription  of specimen  data  from associated  physical  notes or

labels  to  digital  form,  and  may  also  include  georeferencing  (converting  locality

descriptions to  coordinates) and  imaging  (creating  digital  photographs of specimens).

Presently, only ~10% of natural history research specimens have been digitized in any

way  and  far  fewer  have  associated  images  (Beaman  and  Cellinese  2012,  National

Academies of Sciences et al. 2020). Moreover, digitization and imaging rates vary widely

across  disciplines,  with  vertebrate  collections  and  herbarium  digitization  being  most

complete with estimates of 50% and 20% completion, respectively, compared to just 4%

of  entomological  specimens  (summarized  in  National  Academies  of  Sciences  et  al.,

2020).  Imaging-specific  challenges  that  slow  photographic  digitization  of  invertebrate

specimens include high taxonomic and morphological  diversity, the small  and delicate

nature of the specimens, and the way small specimen labels are stacked vertically on the

specimen pins. These factors, along with the large number of specimens in entomology

collections,  have  contributed  to  a  low  percentage  of  imaged  arthropods  specimens,

which was at 2% in North America in 2019 (Cobb et al. 2019). This imaging bottleneck is

a  central  obstacle  to  overcoming  the  Raunkiæran  shortfall,  the  persistent  lack  of

knowledge about species' traits and their ecological functions (de Bello et al. 2025, Hortal

et al. 2015). Addressing it at the macroecological  scales required to respond to global

environmental change depends on interdisciplinary work at the intersection of computer

vision (a field of artificial  intelligence that trains computers to interpret and understand

digital images) and trait-based ecology.
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Specimen  metadata  are  the  descriptive  records linked  to  each  specimen, such  as its

taxonomic identification, collection date, locality, and collector, that make the specimens

and any associated images useful for biological research. Imaging single individuals and

collecting  associated  metadata   can  yield  high  quality  images  and  easy  metadata

tracking, but this process (Ong et al. 2023) is time-consuming and prohibitive for larger

collections. The  scale  of this challenge  has driven  major institutions toward  exploring

automated machinery options or batch processing workflows where multiple specimens

are  photographed  together  in  unit  trays  rather  than  individually  (i.e.,  batch  imaging).

Specialized  high-throughput  imaging  stations  have  achieved  imaging  efficiency  with

conveyor-belt  systems  for  botanical  sheets  and  systematic  tray  photography  for

entomological  collections  (Blagoderov  et  al.  2012,  Sweeney  et  al.  2018).  Recent

computer vision advances enable automated extraction of individuals from these batch

images.  In  particular,  large  neural  networks  pretrained  on  broad,  general-purpose

datasets (hereafter “foundation models”) can be applied directly to new tasks. Foundation

models using text prompts to guide detection (Liu 2024), combined with universal image

segmentation approaches (Kirillov et al. 2023, Ravi et al. 2024), can process thousands

of specimens without task-specific training (Feng et al. 2025, Liu et al. 2025, Rayeed et

al.  In  Pressin  Press).  Together  with  established  imaging  best-practices  for  computer

vision applications (East et al. 2025), these approaches provide a powerful framework for

processing specimen images at scale.

A  critical  gap  in  batch  imaging  is  the  operational  challenge  of  maintaining  accurate

specimen-to-data linkages.  Physical  specimens  exist  in  complex  informational

ecosystems where data are distributed across collector notes, specimen labels, collection

databases, field records, and later curatorial updates. Metadata management is routinely

identified  as  a  primary  impediment  to  scalable  imaging  and  digitization  workflows  (

Nelson  et  al.  2012).  Discrepancies  between  the  physical  collection  and  its  digitally

accessible  data  arise  from  several  sources:  transcription  errors  during  data  entry,

curation  practices  that  vary  through  time,  taxonomic  identifications  updated  without

synchronized database modifications, and temporal lag between physical specimen work

and database updates. 

The metadata challenge intensifies for high-throughput batch imaging. Some specimens

are  stored  together  and  organized  in  ways  that  implicate  common  metadata  (e.g.,

collector, collection event, identification, location), but individuals have unique identifiers

that may link to detailed records. While batch photography improves efficiency by orders

of magnitude (Blagoderov et al. 2012), linking each detected individual to its database

record  requires  robust  validation,  assuming  a  database  record  even  exists  for  each

specimen. In batch image processing, establishing one-to-one mappings between image

regions  and  database  records requires  accurate  physical  curation,  accurate  object

detection, spatial  reasoning  about specimen  arrangement, and  validation  frameworks

detecting  inevitable  inconsistencies.  Without  such  frameworks,  batch  imaging  would

prove useless, as a high level of manual transcription would still be required to prevent

errors from cascading into systematic specimen-data mismatches, rendering downstream

analyses unreliable.
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We present an accessible framework for automated batch processing of multi-specimen

images that addresses metadata challenges while leveraging computer vision to detect

and crop individual specimens. While specialized infrastructure (Blagoderov et al. 2012, 

Sweeney et al. 2018, Allan  et al. 2019) represents the  gold  standard  for high-volume

imaging, the substantial investment in equipment and technical expertise required place

these systems beyond reach for most institutions. Our approach requires only standard

collections photography equipment, paired with collaborative metadata entry tools and

open  source  foundation  models, making  this  workflow  achievable  without substantial

infrastructure investment in automated imaging systems (East et al. 2025, Ong et al. 2023

).  The  workflow  integrates  standardized  imaging,  redundant  metadata  capture  (with

automated cross-validation), and foundation model-based detection and segmentation.

The framework we present complements the existing iDigBio workflow module framework

(Nelson et al. 2015), emphasizes modular, flexible approaches for specimen digitization

with  built-in  quality  control, and  we  advance  the  approach  by adding  implementation

details for metadata validation at scale. 

We demonstrate  our framework using pinned ground beetles (Coleoptera: Carabidae)

from the National Ecological Observatory Network (NEON) Biorepository at Arizona State

University. NEON has collected carabid beetles using standardized, repeated pitfall trap

protocols across 47 field sites spanning 20 major ecoclimatic domains seasonally since

2013, resulting in tens of thousands of individually recorded specimens with associated

temporal, geographic, and environmental metadata NEON 2025b. These specimens are

stored in a highly organized and fully digitized, but not completely imaged, entomological

collection. Recently  there  have  been  efforts  to  use  images of NEON invertebrates by

several research groups (Blair et al. 2020, Rayeed et al. In Press, Stachewicz et al. 2021, 

Kaspari  et  al.  2024).  Our  workflow  leverages  the  NEON  Biorepository's  systematic

collection  policies and  curation  results and  enables extraction  of individual  specimen

images  with  validated  metadata  linkage  from  batch  photographs  where  multiple

individuals are contained in the same image (e.g., in a photo of a box containing multiple

pinned specimens). This novel workflow empowers large-scale imaging of entomological

collections while dramatically reducing time investment compared to individual-specimen

photography.

Our contributions include: (1) an accessible framework for automated batch processing

requiring only standard photography equipment; (2) integration of redundant metadata

capture,  automated  validation, and  conservative  correction  protocols  that  maintain

specimen-database  links  at  scale  while  preventing  data  loss;  (3)  demonstration  that

imaging  workflows can  simultaneously serve  as collection  management tools through

roundtripping, returning derived data and flagged curation discrepancies to the source

collection for curatorial review. We provide complete documentation, code, and standard

operating  procedures,  with  design  principles  that  should  be  generalizable  to  other

pinned insect collections.
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Methods

The overall imaging and metadata tracking workflow is designed to automate many of the

tedious  tasks  associated  with  data  collection  and  transcription  while  incorporating  a

human-in-the-loop for judgement calls around uncertainties (Fig. 1).  

Image and metadata capture 

NEON Data

Staff stationed across NEON field sites spanning the continental  United States, Puerto

Rico, Alaska, and Hawaiʻi  collect beetles in the field using pitfall  traps (Hoekman et al.

2017).  Before  sending  the  collected  beetle  specimens  to  the  NEON  Biorepository  at

Arizona State University in Tempe, Arizona, for archiving, field staff sort the beetles from

other bycatch (non-target species), and pin a subset (LeVan and Nagel 2025). Beetles

that are  easily  identified  by  the  field  staff  (“parataxonomists”)  are  sent directly  to  the

NEON Biorepository, whereas beetles that are not easily identifiable to species are sent

to expert taxonomists for further identification and potential DNA barcoding before being

finally  deposited (LeVan  and  Nagel  2025) . Upon  receipt by the  NEON Biorepository,

specimens are accessioned into the collection, their associated data are made available

online, and individual specimens can be requested for loan (NEON Biorepository Portal

2025). Specimens are organized into standardized Cornell unit trays of size A, B, and C

(Suppl. material  1: Table  1), with  each  tray containing  specimens that share  identical

metadata, including  taxon, collection  year, NEON ecoclimatic  domain, and  taxonomic

identification method (expert vs. parataxonomist). Critically, specimens within each tray

are systematically arranged in ascending order according to their NEON alphanumeric

sample identifiers.

Image acquisition and standardization

Entire  unit trays from the  NEON  Biorepository  were  imaged using  a  Canon  EOS RP

mirrorless camera with  a  50 mm lens. Camera model  and lens type were adaptive to

body size (Supplemental–SOPs), with pointed beetles or small beetles under 0.5 cm total

body length  were imaged with  a  Canon EOS DSLR 7D and 24–105 mm macro lens.

Each  tray  was  photographed  using  standardized  protocols  and  included  elements

specifically  designed  for  downstream computer  vision  applications, including  species

identification labels, collection metadata, a color reference card, and a calibrated scale

bar  (1  cm) for  morphometric  standardization  (East et al. 2025) (Supplemental–SOPs).

Images were taken in CR3 format and exported to PNG format from the Adobe Lightroom

interface (Adobe Inc. 2024). Specimens within  each tray were  verified  to  be arranged

uniformly  and  in  the  correct  order,  enabling  automated  linkages  between  specimen

positions  and  their  corresponding  database  records (Fig.  2). Imaging  protocols  were
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implemented  through  three  weeks  of  interactive  training  of  collections  student

researchers, ensuring consistent image quality. 

Metadata capture

Trained  student  researchers  performed  comprehensive  metadata  entry  of  anchor

specimen IDs (format: NEON.BET.[DomainID].[NumericID]) (specimens that served as the

basis for logical  queries), along with unit tray data including scientific name, collection

year, NEON ecoclimatic domain identifier, tray size designation, taxonomic identification

method  (parataxonomist or  expert), and  total  unit tray specimen  count. Metadata  was

recorded with built-in redundancy to guard against data loss. For each tray, we recorded

not only primary anchor specimen individualID numbers (first and last specimens) but

also secondary identifiers (second and penultimate specimens) (Fig. 2). Metadata was

entered  in  a  spreadsheet  shared  on  the  cloud  with  track  changes  and  conditional

formatting  to  flag  inconsistencies  in  the  number  of  characters  in  individualID,  and

dropdown  entries  for  the  domain,  species,  and  identification  method  fields  to  avoid

mistranscription (Suppl. materials 2, 3). This redundant recording system provided critical

safeguards against transcription errors and enabled multiple validation pathways during

automated  processing.  Default  image  file  names  were  copied  and  pasted  into  the

metadata  spreadsheet  from  the  lightroom  interface  to  remove  opportunities  for

transcription  error,  and  image  files  were  duplicated  and  renamed  to  the  format

[Scientific_Name]-[trayType]-Y[yearCollected]-[IndividualID1]-[IndividualIDn].png   in  the

automated work flow once quality checks were conducted. 

Metadata linkage to Database 

NEON Reference Database

We created a custom scripted workflow using the R programming language version 4.4.0

(R Core Team 2024) to  retrieve identification data  from the NEON database using the

neonUtilities R package (Lunch et al. 2025). The system retrieved both parataxonomist

identification  records  (bet_parataxonomistID)  and  expert  taxonomist  records

(bet_expertTaxonomistIDProcessed) from the Ground Beetle Data Product via the NEON

API  (NEON  2025a,  NEON  Biorepository  Portal  2025),  with  expert  identifications

superseding parataxonomist records where both existed. Retrieved data were filtered to

include  only specimens confirmed  as physically available  at the  NEON Biorepository,

removing specimens not yet received by the NEON Biorepository, specimens out on loan,

consumed in destructive research, or archived at other facilities through cross-reference

with  the  NEON  Biorepository’s  pinned  beetle  collection  data  (NEON  2025a).  These

combined data served as the basis for all  further quality control  and metadata linkage

and  provided  a  list  of  digital  specimen  records  with  appropriate  data  for  linking  to

individual images. 
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Automated validation

For  each  tray,  domain  ID,  collection  year,  species,  and  identification  method  were

validated  in  that  sequence  by  querying  the  NEON  database  using  all  four  anchor

specimen IDs (first, second, penultimate, last). When all  four queries returned records

with unanimous agreement on a value differing from manual metadata entry, the system

automatically  corrected  the  metadata  and  appended  documentation  to  a  "processing

notes" field that tracked all workflow modifications (Fig. 3). 

Domain was checked first because it is embedded directly in every individualID, which

follows the structure NEON.BET.[DomainID].[NumericID]. For that same reason, domain

was validated  not from the  individualID  itself  but by  querying  the  database  on  each

anchor  specimen's  numericID  together  with  the  tray's  species  and  collection  year,

avoiding the circularity of testing a value against a query that already contains it (Fig. 3).

When all  four anchor specimens returned unanimous agreement on a domain differing

from the entered value, the correction was propagated through the domain component of

every individualID  in  the  tray. Only after  the  domain  was resolved  and  the  identifiers

rebuilt  did  the  system  validate  the  remaining  fields  (collection  year,  species,  and

identification  method),  applying  the  same  unanimous-agreement  rule  to  each

IndividualID (Fig. 3). Species validation implemented additional conservative logic: when

manual  entries provided specific identifications while database records contained only

generic placeholders (e.g., "Carabidae sp."), the more informative manual identification

was  preserved.  This  approach  prioritized  taxonomic  precision  while  still  enabling

systematic correction of transcription errors when all four specimen queries unanimously

returned identical species names differing from manual entries. All automated corrections

were documented in processing notes, creating a complete audit trail.

Specimen-Database Linkage

Specimen-database linkages leveraged the systematic NEON Biorepository organization

where  unit  trays  contain  specimens  sharing  identical  collection  year,  NEON  domain,

species identification, and taxonomic identification method. The system queried database

records  using  validated  metadata  (domain,  species,  year,  identification  method)

constrained to  the numeric ID range from first to  last specimen. Initial  linkage queries

used  the  complete  range  from first to  last anchor specimen  identifier, with  successful

linkage confirmed when the number of database records retrieved exactly matched the

number of manually counted beetles in the corresponding image. This count-matching

approach provided immediate  validation while  identifying cases requiring  intervention.

When such an initial query failed to return exact matches in the number of individuals, the

system  leveraged  redundant  metadata  to  implement  alternative  filtering  strategies:

ranges excluding the first specimen (ID2 to IDn), last specimen (ID1 to IDn-1), or both

terminal specimens (ID2 to IDn-1), where n is the total number of individuals in the unit

tray. These approaches accommodated scenarios where the first or last specimens had
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transcription  or  organizational  errors  while  allowing  for  linkage  relationships  for  the

majority of specimens without the need for a manual check. 

Images with  unresolved count discrepancies were flagged for manual  checks (Fig. 3),

where we physically examined trays to check for any transcription errors and compared

tray  contents  against  generated  specimen  lists,  recording  presence/absence  and

sequential position while identifying specimens not captured in initial queries.

Roundtripping

Roundtripping  is  the  act  of  ensuring  that  downstream  data  and  findings  (including

annotations, images, and inconsistencies) derived from specimens are returned to  the

institutions that house  physical  collections (Nicolson  et al. 2018, Larsson  et al. 2019, 

Groom et al. 2022, Kinray Hub 2026). In our efforts to promote such roundtripping and

ensure  that  all  resulting  data  flowed  back  to  the  NEON  Biorepository,  all  individual

records were collated at the end of the pipeline into a final dataset with individualsID’s

and their associated photo, order in the photo, and notes from imaging or processing.

Processing notes include records of any automatic changes to the data from querying the

redundant metadata. For example, if the automatic validation from the metadata indicated

a  discrepancy between  the  queried  year and  the  year recorded  in  the  metadata, the

processing  notes would  include  a  flag  “yearCollected  updated  from [year  entered] to

[year queried] based on IndividualID queries”, to indicate that the new year was used for

querying  all  resulting  individual  linkages.  Similarly,  if  linkage  required  manual

transcription,  the  processing  notes  would  read  “Manually  Checked”.  Notes  were

iteratively appended in the pipeline in the event that multiple notes were needed. 

Automated individual detection and mapping 

Iterative detection framework 

Individual beetles within validated tray images were detected using an iterative process

built around Grounding DINO, a transformer-based open-vocabulary object detector that

enables detection without task-specific training (Liu 2024). The iterative approach was

designed  to  comprehensively  detect  all  beetles  in  each  tray  while  minimizing  false

positives from tray artifacts, labels, and background elements. 

In each iteration, the tray image and text prompt "a beetle" were input to Grounding DINO

(IDEA-Research/grounding-dino-base  checkpoint),  which  output  bounding  box

coordinates  for  detected  beetles.  Detection  parameters  were  set  to  box  confidence

threshold 0.3 and text relevance threshold 0.2, with detections limited to maximum 5% of

total image area to exclude tray-scale false positives. Following detection, white masks

were applied over all detected beetles based on their bounding boxes, and the modified

image proceeded to the next iteration. This masking strategy forced the model to focus on

remaining undetected specimens rather than re-detecting already-identified individuals.

The iteration terminated when Grounding DINO reported no further detections. 
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To verify detection completeness, the final masked image was evaluated using LLaVA-

NeXT (llava-hf/llava-v1.6-mistral-7b-hf  checkpoint),  a  vision-language  model,  with  the

prompt "Do you see beetles in this image?" constrained to output "YES" or "NO" as the

final output. Images receiving "NO" responses were considered successfully processed,

while "YES" responses flagged tray images for manual verification. 

Detection post-processing

Raw detections underwent comprehensive filtering to  improve precision and eliminate

common error patterns. Size-based filtering removed detections exceeding 5% of image

area, addressing cases where the model incorrectly identified entire specimen groups or

tray regions as single beetles. To remove cases where the same beetle  was detected

more  than  once,  we  applied  non-maximum  suppression,  which  keeps  the  highest-

confidence box among a set of heavily overlapping detections and discards the others.

The degree of overlap between two boxes was measured as their intersection-over-union

(IoU) and detections that overlapped a retained box by more than an IoU of 0.4 were

removed as duplicates. 

To address the problem of nested detections, a common issue where the model detected

both a complete beetle and portions of the same beetle (e.g., head and body separately),

smaller bounding boxes were removed when >60% of their area was contained within

larger boxes and their area was <75% of the containing box. This conservative threshold

preserved  legitimate  cases  of  small  beetles  positioned  near  larger  specimens  while

eliminating erroneous nested detections. 

Manual verification

Detection  accuracy was evaluated  by comparing  automated  specimen  counts against

manually verified values derived from initial metadata entry and physical tray inspection.

Trays achieving perfect count matches (automated count = manual count) proceeded to

the next step in the tray-to-individual extraction pipeline (Fig. 4). Discrepant cases were

flagged  for  manual  verification  following  standardized  protocols  (Suppl.  material  2),

where researchers examined detection outputs against physical trays to identify missed

specimens,  false  positives  from  body  parts  detached  from  the  pinned  specimen,  or

artifacts incorrectly classified as beetles (e.g., pin heads, labels, or header tray contents). 

Processing success rates and error patterns were monitored across different specimen

characteristics  (e.g.,  body  size,  tray  density,  specimen  condition)  to  refine  detection

parameters and identify systematic biases requiring algorithmic adjustment. This quality

control loop enabled continuous workflow improvement while maintaining data integrity

through human oversight of ambiguous cases. 

Spatial ordering and cropping

After  detections  and  manual  review,  individuals  requiring  drawing  manual  bounding

boxes were merged into the detection results. Individual  beetle images were extracted
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using  cropping  with  sequential  numbering  corresponding  to  their  spatial  arrangement

within trays. A left-to-right, top-to-bottom sorting algorithm based on bounding box top-left

coordinates ordered specimens to  match the systematic physical  arrangement verified

during imaging (Fig. 4). An algorithm iteratively groups individuals into rows by checking

pairs  of bounding  boxes based  on  whether  their  middle, top, or  bottom y coordinate

values are within a pixel tolerance defined by a tolerance ratio multiplied by the average

height of the bounding boxes in the image. For A and B trays, this tolerance ratio is 0.25

whereas C trays have a ratio of 1. This predictable spatial ordering enabled automated

linkage between extracted images and corresponding database records based on NEON

IndividualIDs. 

Calibration scales

Each  tray  image  included  a  1  cm  scale  bar  and  a  color  reference  card  to  enable

downstream morphometric  and  color  standardization  (East et  al.  2025; Figure  4).  To

locate and isolate these elements, we applied Moondream, an open-vocabulary vision–

language model, to each tray image in its pretrained form without fine-tuning (Reid 2026).

Consistent with the redundancy principle used throughout the workflow, each object was

queried  with  two  independent  text  prompts  (the  scale  bar  with  "a  scalebar"  and  "a

centimeter scale"; the color card with "a color palette" and "a colorpicker"), and the two

resulting  bounding  boxes  were  reconciled  by  spatial  agreement.  When  the  boxes

overlapped beyond an intersection-over-union threshold (0.6 for the scale bar, 0.75 for

the color card), they were averaged into a single high-confidence detection and accepted

automatically. When only one  prompt returned  a  detection, or the  two boxes failed  to

overlap sufficiently, the smaller candidate was retained and the image flagged for human

verification. To suppress spurious large-area detections, scale-bar boxes exceeding 10%

of total  image  area  were  discarded. Detected  coordinates and  verification  flags were

written to per-batch summary files, and annotated images were automatically routed into

"accepted" and "needs-review" sets to direct manual checking. Images that failed manual

review were annotated in CVAT ( CVAT.ai 2023 ) , and those annotations replaced the

pipeline detections. The final set of annotations and detections were then cropped with a

10% buffer applied around the bounding box to ensure no loss of information. As with

beetle detection, processing was parallelized across image subsets, with retry handling

for transient interruptions, to support high-throughput application. 

Results

Time, cost, and collection volume 

With  this  workflow implemented, we  imaged  a  total  of 65,236  individuals, from 3,649

collection trays of varying standard sizes (Table 1) across 518 species. The total imaging

and  metadata  tracking  effort  was  conducted  over  9  months  including  design  and

implementation. Two student researchers worked independently after initial training and

implementation for a total of 1040 student hours. Students were fully supervised during
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an initial  3 week design and training period by the designer of the workflow. Following

this  period,  the  students  worked  independently  with  the  supervisor  responsible  for

running automated data backups and sending weekly metadata reviews.  

The  Individual  Detection  stage  (Fig. 4)  processed  all  3,649  trays  (~97  GB)  to  detect

~64,500  individually-labeled  specimens  in  approximately  9.5  hours  using  4  parallel

H100 GPUs, operating within a 64 GB memory allocation. The order-match-crop stage

processed ~3,600 style trays (~97 GB) into ~64,000 individually-labeled specimen crops

(~17 GB) in approximately 1.4 hours using 8 parallel  CPU tasks, with a peak memory

footprint under 1 GB per task. Manual checks and annotation took an additional 6 hours,

including summarizing reasons for failure (Discussed in section Detection and Mapping

Accuracy below).  

Metadata validation uutcomes  

Logical  queries based  on  species, year, domain, and  individualID  range  successfully

identified the individuals in the trays ~77% of the time. The other 23% (n=802 trays) were

handled through the manual review process. 

A random subset of individual specimens from ~10% of trays from the full dataset were

selected  to  manually check for  correct identification  of individualID. Of the  individuals

checked  <1%  (n=3)  were  assigned  to  the  incorrect  individualID  by  the  processing

workflow. In all cases the incorrect individualID was due to specimens being out of order

in the middle of the tray. In these 3 cases, the errors were corrected in the final dataset.  

Workflow roundtripping 

The corrections to domain ID, collection year, and species based on agreement across

the 4 individualIDs (first, second, penultimate and last) caught and corrected a total  of

134 trays with errors (Table 2). These errors came from both curatorial errors where the

header labels of the trays were mislabeled, and transcription errors in metadata entry.

The detection of these errors and the manual review process provided a basis to check a

targeted subset of collections trays for curation review.  

The trays that were sent back to  the students for manual  review when logical  queries

failed (n=652) were each assessed for curation errors. If the query failed due to an error

in  data  entry, the  entry was revised and the  query was rerun, and thus would  not be

included in the final count of manually reviewed trays. While we did not record the reason

for manual  review  for  each  tray, they  fall  into  three  broad  categories: mislabeling  or

transcription  error, organizational  inconsistencies, and species identification. The most

common reason for discrepancy between image query and physical tray were errors in

the header label for the unit tray which were often caught and corrected as the workflow

progressed, the second most common was specimens out of sequential order (n=159 of

manually transcribed trays), and occasional  organizational  inconsistencies resulting  in

the mixing of species (Suppl. material 1: Figure 4), years, or domains within a single tray. 
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The final tabular dataset of individuals in a photo serves as a basis for querying these

kinds  of  possible  errors.  Critically,  these  queries  cannot  disentangle  the difference

between a transcription error in the manual entry of an individualID from a true curation

issue, however it can provide a basis for targeted review of the collection. In total, the final

dataset identified 421 trays for curation review. Most of those trays were flagged due to

sequential  ordering  discrepancies  (n=103),  or  flags  indicating  discrepancies  in  year

(n=125), or domain (n=49) often handled in  the pipeline by an automatic update from

metadata querying (see Automated validation). A total of 79 (2.2%) trays were flagged for

taxonomic discrepancies, while most of these flags were due to transcription errors, there

were some instances of updated identification of physical specimens to integrate into the

larger dataset (e.g. updating Carabidae sp. to Tetracha virginica, see Suppl. material 1:

Figure 6 & Table 2).  

Detection and mapping accuracy 

Automated detection of beetles had an accuracy of 96% for tray-level matches. Of the 157

images where the automated detection differed from the true count of individuals, 45 had

fewer detections than the true count, and 112 had extra detections. Over detection was

largely driven due to specimen damage. Of the 112 images where detection exceeded

true count ~50% were due to broken body parts appearing separated from the body (

Suppl. material  1:  Figure 1); the remaining instances were largely due to pinheads or

brace pins being detected as beetles (Suppl. material 1: Figure 2 & 3) or multiple boxes

detected  for  a  single  beetle  due  to  body  segmentation  (Suppl.  material  1: Figure  4).

Detection success, particularly underdetection, was positively correlated with body size.

The detection  accuracy for small  beetles was ~90%, and made up a  disproportionate

number (27%) of individuals that required manual annotation. 

Discussion

There  is  great  interest  in  imaging  and  digitizing  collections  (Vollmar  et  al.  2010, 

Blagoderov et al. 2012, Holovachov et al. 2014, Tegelberg et al. 2017, Sweeney et al.

2018, Rayeed et al. In Press, with many digitization projects including large investments

in  technology, automation (Tegelberg et al. 2017, Sweeney et al. 2018), and software

development (Price  et al. 2018). For  entomological  specimens, batch  imaging  of unit

trays  presents  an  efficient  approach  for  imaging  thousands  of  specimens  without

requiring  a  large  investment  in  equipment.  However,  a  key  challenge  to  such  an

approach  lies  in  linking  individual  specimens  to  their  individual  metadata.  Here  we

present a workflow to overcome this challenge. 

A deliberate  feature  of our workflow is its reliance on foundation models without fine-

tuning.  Fine-tuning  is  the  practice  of  further  training  a  general-purpose  model  on  a

curated, task-specific dataset. In this application that would have meant compiling and

manually  annotating  a  large  set of beetle  tray  images  to  retrain  the  detector  for  our

specimens. Such customization can improve accuracy (Liu 2024, Rayeed et al. 2025),
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particularly  for  difficult  cases  like  the  small-bodied  specimens  that  accounted  for  a

disproportionate share of our detection errors. Fine-tuning, however, introduces costs that

run  counter  to  the  accessibility  goals of this  framework: it requires annotated  training

data,  machine-learning  expertise,  and  substantial  computational  resources,  and  the

resulting models are typically narrower in scope. By applying Grounding DINO and SAM

in their pretrained form, we obtained strong tray-level accuracy with no model training,

indicating that off-the-shelf computer vision is sufficient for high-throughput, individual-

level  specimen  extraction  when  embedded  in  a  workflow  with  redundant  metadata

validation and human-in-the-loop review. Our detection accuracy of 96% at the tray level,

while high, indicates that perfect automation remains elusive, and some level of human

verification  will  likely  remain  necessary  for  production  workflows,  particularly  for

specimens  with  unusual  morphologies,  damage,  or  ambiguous  arrangements.

Institutions whose specimens, imaging conditions, or accuracy requirements differ from

ours may benefit from fine-tuning, but our results demonstrate that it is not a prerequisite

for operational digitization.

Our framework illustrates a method for extending traditional “Digitization 1.0” efforts into

"Digitization 2.0”, where large-scale imaging generates computationally-ready datasets

enabling  downstream, digital  analyses (Hedrick  et al.  2020). By  producing  individual

specimen images with validated metadata linkages, standardized scale bars, and quality

control flags, the framework contributes a critical component of an "extended specimen" (

Lendemer et al. 2020), supporting automated morphological trait measurements, species

identification, and ecological analyses at unprecedented spatio-temporal scales (Høye et

al. 2021, Hussein et al. 2022, Pollock et al. 2025, Davis 2023). This paradigm expands

the  role  of  digitization  beyond  documentation  and  data  mobilization  into  a  data

generation process that actively expands the research utility of physical collections.

The  implementation  of this  unit  tray  imaging  protocol  to  return  images  of individuals

linked  with  specimen-level  metadata  was  dependent  on  both  the  existing  collection

information being digitized in the NEON database and also the curation of the collection,

as they provided the organizational structure that allowed for logical queries to return a

defined set of individuals. For other collections to implement such a workflow, collection

organization is paramount. In the case of NEON, each tray of pinned specimens contains

individuals that are all from one year, one geographic region (domain), one identification

method, and one species. Given the specificity of this organization and the sequential

ordering of specimens by individualID, logical queries can infer the individuals in the tray

with a high degree of accuracy. Similar implementations at other institutions would likely

be collection specific, but ultimately aid  in  both collection organization, quality control,

and ease of imaging.

A key feature of going from a tray of specimens with common species, year, and domain

to a map of individuals is redundancy in metadata collection. This workflow avoids the

manual transcription of individualIDs for every specimen, which would be both onerous

and prone to transcription error, but is still reliant on some redundant information for error

correction and alternative linkage queries. Recording four individualIDs instead of two

allowed for the  correction  of 134 errors in  the  entered metadata  that would  otherwise
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have  required  manual  checks (a  20% increase  in  manual  effort). Additional  technical

advances could further reduce work load of data transcription through the use of Optical

Character  Recognition  (OCR) for  automatic specimen  tag  transcription  (Karnani  et al.

2024, Price et al. 2018, Ahrens et al. 2024), or the implementation of specimen barcode

tags and readers (Copp et al. 2014).

The  use  of  rigorous  imaging  workflows  and  computer  vision  for  the  systematic

identification of collection management inconsistencies is growing (Hollister et al. 2025).

As a part of this effort, we implement roundtripping, where outputs and custom summaries

were returned to NEON to facilitate a value-added process to them as data providers (

Kinray Hub 2026, Larsson et al. 2019). Our validation framework identified approximately

8%  of  trays  that  should  be  assessed  for  curation  review  with  79  of  those  trays

representing high priority trays to review for taxonomic accuracy. These instances were

sometimes associated  with  specimen identification  updates or nomenclatural  changes

that either 1) happened on  the  physical  specimen and were  not matriculated  into  the

database, or 2) have changed in the NEON database but not on the physical specimen.

While the rate of such occurrences is low (2.2%) this error identification may be the most

important for  larger  dataset quality  control  given  the  importance  of  accurate  species

identification. Notably, the 2.2% includes errors from our own transcription errors, and

thus the occurrence of actual taxonomic errors is even lower, however this can only be

assessed  through  the  manual  review  process.  These  findings  reflect  the  inherent

complexity  of  maintaining  large,  actively  curated  collections  where  specimens  are

continually  accessed,  re-identified,  loaned,  and  integrated  with  incoming  material.

Metadata  management  challenges  and  temporal  lag  between  physical  updates  and

database synchronization are well-documented impediments to digitization workflows (

Nelson et al. 2012).

By generating targeted lists of trays requiring review, our framework enables collection

managers  to  efficiently  direct  limited  personnel  time  toward  specific  areas  needing

attention, transforming imaging from a purely output-driven process into an opportunity

for  continuous  quality  improvement  through  roundtripping.  While  this  workflow  was

developed for a pre-existing collection, it could readily be adapted to operate alongside

ongoing  specimen  accessioning.  For  example,  the  NEON  Biorepository  receives

approximately 12,000 new pinned beetle specimens annually, which are organized into

the systematic unit tray arrangement described above before integration into the main

carabid  collection.  Implementing  imaging  and  associated  metadata  processing  as

specimens are ingested into the collection could catch curatorial errors in near real-time

and  facilitate  corrections  before  integration  into  the  larger  collection.  This  approach

would simultaneously improve collection curation quality and data offerings while making

the  extended  specimens  images  immediately  available  through  publicly  accessible

images  and  machine-readable  metadata  (East  et  al.  2025,  Nelson  and  Ellis  2019, 

Sweeney et al. 2018), maximizing research utility of newly acquired specimens (Hedrick

et al. 2020, Lendemer et al. 2020).

Applying this workflow beyond the NEON Biorepository will require adaptation, because

its efficiency rests on conditions that many collections do not yet meet. NEON's pinned
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carabids are  unusual  in  being  effectively fully  digitized  and  consistently  curated, with

each tray sharing one year, domain, identification method, and species, and specimens

ordered by individualID. Most entomological collections, by contrast, have digitized only a

small  share  of their  holdings  (roughly  5%  of North  American  insect specimens have

databased occurrence data; Cobb et al. 2019) and many historical  collections contain

heterogeneous  metadata  and  inconsistent  curation  accumulated  over  decades  or

centuries (Copp et al. 2014, Price et al. 2018, Pepper et al. 2021). For such collections,

database validation and exact count-matching would need to give way to comprehensive

OCR  or  barcode-based  label  transcription  and  probabilistic  matching.  Even  so,  the

design  principles  that  make  this  workflow  robust  (redundant  metadata  capture,

conservative correction requiring unanimous agreement across queries, and human-in-

the-loop review of ambiguous cases) are not specific to NEON and can be carried into

those settings.

Encouragingly, the organizational preconditions this workflow depends on are becoming

more common. Thematic Collection Networks (TCNs) have digitized the occurrence and

identification  data  of  entire  taxonomic  groups  across  many  institutions;  LepNet,  for

example, captured records for 1.7 million North American Lepidoptera specimens across

26 institutions (Seltmann et al. 2017). Wherever such specimens are already databased

and arranged in systematic order within their trays, batch imaging and automated linkage

of the kind we describe could be applied directly, and future TCN efforts could build the

modest curation and ordering conventions it requires into their protocols from the outset.

Entomological collections hold the largest and least-imaged share of the world's natural

history specimens, and the resulting scarcity of trait-ready images is a central obstacle to

addressing  the  Raunkiæran  shortfall  at  the  spatial  and  temporal  scales  that  global

change  research  demands  (Hortal  et  al.  2015).  By  pairing  standard  collections

photography with  redundant metadata  capture, automated  validation, and  off-the-shelf

foundation  models,  the  framework  we  present  turns  trays  of  pinned  specimens  into

individually  cropped,  metadata-linked,  AI-ready  images  without  the  specialized

infrastructure that has kept high-throughput imaging out of reach for most institutions. Just

as importantly, it does not only extract value from collections but returns it: by flagging

curatorial  and  transcription  discrepancies  for  targeted  review,  the  workflow  feeds

enriched  data  back  to  the  source  collection  and  treats  digitization  as  an  ongoing

collaboration with the institutions that steward these specimens. Realizing this potential

broadly will depend on the continued digitization and organization of collections, but the

requirements  are  deliberately  modest,  and  as  more  collections  reach  that  threshold,

accessible  batch  imaging  offers  a  practical  path  toward  mobilizing  entomological

biodiversity data at the scale that trait-based ecology now requires.

Code Availability

All  code  is available  in  the  CarabidImaging  github:  https://github.com/Imageomics/

CarabidImaging/
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Supplementary Documentation

Supplemental tables and figures are available in Suppl. material 1. Standard Operating

Procedures (SOPs) for imaging technicians are available at https://imageomics.github.io/

beetle-imaging-procedure/.  Templates  for  data entry  used  in  imaging  are  available

at Suppl. material 3.
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Figure 1. 

Overview of  the beetle specimen digitization workflow, integrating three parallel processing

streams: human-in-the-loop collection processing (orange), an automated data pipeline (blue),

and a computer vision pipeline (green). A count-matching decision point routes mismatches to

manual review. The metadata is then analyzed to improve collection quality,  while Grounding

DINO detection and SAM segmentation produce spatially ordered individual images that are

merged with validated metadata to generate the final output of individual beetle photos with

associated metadata.

22

https://arpha.pensoft.net/zoomed_fig/14433835
https://arpha.pensoft.net/zoomed_fig/14433835
https://arpha.pensoft.net/zoomed_fig/14433835


Figure 2. 

Annotated  example  of  a  NEON  Biorepository  unit  tray  containing  expert  IDed  Tetracha

virginica (Linnaeus, 1767) specimens from NEON Domain 06, collection year 2018, illustrating

the metadata structure and spatial ordering conventions exploited by the digitization workflow.

Tray-level metadata collected by trained student researchers (orange labels) includes species

identification, collection year, NEON domain, and expertise of taxonomist (parataxonomist or

expert). IndividualIDs are recorded for four anchor specimens: the first (Individual 1), second

(Individual 2),  penultimate (Individual n−1),  and last (Individual n)  specimens in the tray,  with

intermediate IndividualIDs inferred from sequential positioning (blue labels). Arrows indicate

the left-to-right, top-to-bottom numerical ordering that enables automated specimen-to-record

linkage. Upper  left insert of a single pinned specimen illustrates the ordered physical labels

carrying full occurrence data, parataxonomist identification, individualID, and expert taxonomist

identification. 
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Figure 3. 

Decision  tree  for  automated  metadata  validation  against  the  NEON  database  using  four

redundant  individualIDs.  Auto-correction  requires  unanimous  agreement  across  all  four

queries  and  is  applied  sequentially  to  domain,  year,  species,  and  ID  method;  domain

corrections cascade to individualID  formatting.  Records failing any criterion are flagged as

"Query Mismatch" for manual review. 
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Figure 4. 

Tray-to-individual extraction pipeline illustrated with a Zacotus matthewsii unit tray (Domain 16,

2021, expert identification). The raw tray image (left) is processed by Grounding DINO, which

generates boxes for  all  detected  specimens which  are  then  sorted  in  left-to-right,  top-to-

bottom  spatial  order  (n  =  39  detections  and  order  shown).  The  pipeline  produces:  a

standardized tray-level image with a filename encoding tray metadata, an isolated scale bar,

an isolated color reference card (yellow box), and sequentially numbered individual specimen

images (red box). Each individual image is linked to its NEON database record via spatially-

inferred IndividualID, inheriting the full suite of associated collection metadata (blue box). 
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  A Tray B Tray C Tray Total

Number of Trays 1,024 923 1,702 3,649 

Number of Individuals 41,954 16,841 6,441 65,236

Table 1. 

Distribution of trays and specimens by tray size. 
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Update Made Number of Individuals Number of Trays Percent of total dataset

Domain ID updated 225 14 0.3%

Collection Year updated 1483 61 2.3%

Species Identification updated 516 18 2.3%

Identification Method updated 920 39 1.4%

Table 2. 

Count of automatic corrections made to data based on redundant metadata entry. These automatic

corrections represent trays that would otherwise have needed to be manually reviewed for  data

linkage. 
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