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Abstract

The Distributed System for Scientific Collections (DiSSCo) is a research infrastructure to

integrate European natural  science collections (NSCs) digitally. The aim is to facilitate

and enhance the access, management and analysis of collection assets in one unified

digital collection. The Machine Annotation Services (MAS) are essential components of

DiSSCo’s  Digital  Specimen Architecture  (DSArch).  These  services  automate  the

annotation of digital objects to enable labeling and categorization of NSC's digital assets.

To  further  advance  this,  a  Machine  Learning  as  a  Service  (MLaaS)  approach  was

developed which provides researchers with the access to pre-trained machine learning

models for complex tasks such as instance segmentation and morphological analysis of

datasets.  MLaaS  enhances  the  DiSSCo’s  scalability  and  flexibility  and  allows  the

integration  of  machine  learning  tools  in  close  alignment  with  the  FAIR  (Findable,

Accessible, Interoperable, Reusable) principles.

This  study  employs  DiSSCO's  MLaaS  framework  for  the  quantitative  analysis  of

herbarium specimens. Machine learning models such as Mask R-CNN and YOLO11 are

comparatively applied to  detect and generate  the pixel-level  masks of plant organs in

herbarium sheets. Subsequently, these models are used to reconstruct the scale in the

herbarium sheet and to calculate the surface area of identified plant organs.  

Based on  our finding  that YOLO11 performs better than  the  Mask R-CNN for our use

case, we  deployed  a  YOLO11-based  service  as  MAS in  DSArch  to  open  up  natural

science  collections on  scale  for  research  fields such  as plant phenology and  climate

change science.
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Introduction

The  loss  of  biodiversity  in  the  anthropocene,  intensified  by  climate  change,  has  a

significant  impact  on  human  societies  by  reducing  the  benefits  -  designated  as

Ecosystem Services - that humans derive from ecosystems and environment (Pörtner et

al. 2021).

To address this critical challenge, natural science collections, including in particular their

enriched and annotated digital representations, have a pivotal role for assessment and

analysis of the current and future biodiversity loss by providing the fundamental baseline

data  collection  reflecting  the  actual  and  past  dynamics  of  marine,  freshwater  and

terrestrial biodiversity. A major aim of DiSSCo’s infrastructure ecosystem is thus to open

up specimen data and make it widely reusable in compliance with the FAIR Principles (

Koureas et al. 2023), preparing data for both discovery by humans and for autonomous

processing by machines (i.e. machine-actionability,  Jacobsen et al. 2020). 

To achieve this machine-actionability, DiSSCo developed its core data model, the Digital

Specimen,  in  close  alignment  with  the  approach  of  FAIR  Digital  Objects  (FDOs)  to

represent the physical specimen also in the digital domain (Islam et al. 2020, Hardisty et

al. 2022b): A Digital  Specimen  encompasses and  persistently  links to  all  information

artefacts,  which  are  about  this  physical  specimen  including  sequence  data,  images,

chemical  measurements  or  taxonomic  determinations  (according  to  the  respective

specimen type). In this way, an object-centered and machine-interpretable representation

of a specimen and it’s connections is realised, which makes independent operations on

this  digital  object  by  machines  possible,  e.g.  machine  learning-based  annotation  of

scanned images  and  extraction of associated data such as labels (Hardisty et al. 2022

).  

 

The wider objective of establishing a “Machine Learning as a Service” (MLaaS, Grieb et

al. 2021) framework for DiSSCo is to mobilise traceable geo- and biodiversity data for the

large  analysis  and  prognosis infrastructures set up  currently  in  the  context of the  so-

called  Common European  Data  Spaces (Scerri  et al. 2022), which  could  significantly

increase visibility and subsequent reuse of collection data. Building on that, the objective

of the present study is the functional integration of a Machine Annotation Service (MAS)

enabling quantitative determinations of morphological parameters into DiSSCo’s Digital

Specimen  infrastructure (DSArch, Leeflang et al. 2022).
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The paper is further organised as follows: In the next section, we outline the components

developed for the MAS. Afterwards we present the results achieved using the framework

with Senckenberg’s herbarium collection. The final section concludes the paper detailing

directions for further developments.

Methods

Model selection

Building  on  previous research  on  detecting  and  annotating  the  plant organs from the

digitized herbarium scans (Younis et al. 2018, Younis et al. 2020b), we present now an

extended approach involving an advanced segmentation technique to facilitate detailed

quantitative analysis of morphological  traits. The aim of the segmentation method is to

subdivide  images  into  objects  or  regions.  Fundamentally,  there  are  two  types  of

segmentation: semantic and instance segmentation (Long et al. 2015, He et al. 2017).

Semantic segmentation labels pixels with a class without distinguishing into individual

objects,  whereas  the  instance  segmentation  labels  each  pixel  and  differentiates  the

individual  objects of each  class. Instance  segmentation, used  in  the  present context, 

enables the model to detect the plant organs and segment each organ individually. This

is particularly beneficial  for distinguishing  closely positioned  or overlapping  specimen

organs such  as leaves, stems, fruits, seeds and  flowers. Within  the  framework of this

study, Mask R-CNN and YOLO11 were chosen as instance segmentation models. These

models  are  based,  as  further  explained  below, on  different  architecture  approaches:

Mask R-CNN is a two-stage model, while YOLO11 is single stage. In the initial stage of

the Mask R-CCN classification, it identifies regions of interest in  an image, and in  the

second  stage,  it  utilizes  local  features  around  these proposed  regions  to  determine

contained objects. On the other hand, single-stage detectors like YOLO employ a fully

convolutional approach to gridded regions of an image for the simualtaneous prediction

of bounding boxes and segmentation in a single pass (Redmon et al. 2016)

Plant organ segmentation dataset preparation  

As in  the  aforementioned  previous studies Younis et al. 2020b), the  dataset used  for

training  organ  segmentation  consists  of  652  images  of  herbarium  scans  from  the

Muséum national d’Histoire naturelle's (MNHN) vascular plant collection (Le Bras et al.

2017). These images are openly accessible through the Global Biodiversity Information

Facility (GBIF) portal (MNHN and Chagnoux 2020).

Out of 652 images, 497 images were used for training and 155 images were used for

testing. As shown in Table 1, the images were annotated into 6 different categories: leaf,

stem,  flower,  fruit,  root,  seed.  These  images  were  previously  annotated  for  object

detection  in  plant organs. The training  subset has 15486 annotations, and the  testing

subset has 4137 annotation.
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For the instance segmentation task, the annotations from the previous study were further

refined to generate detailed pixel-level  masks for each plant organ using the Segment

Anything  Model  (SAM, Kirillov et al. 2023). The  files containing  the  annotations were

parsed to  extract the  bounding  box  information, which  was then  passed  to  the  SAM

model along with the corresponding original images. 

The SAM model iteratively segmented the plant organs for each bounding box and the

resulting segmentations were combined for each image. Next, the masks were used to

prepare  instance  segmentation  annotations by uniquely identifying  and  labeling  each

organ type across all  images (Fig. 1).This approach facilitates the reuse of the existing

dataset and annotations were produced suitable for MASK R-CNN training. Additionally,

the  dataset was reformatted  to  comply  with  YOLO11's  input specifications and  allows

precise  segmentation  of individual  features  in  the  scans and  supports  more  detailed

morphological analysis.

Scale training dataset preparation  

The model was further trained to detect the scale in the digitized herbarium sheets and to

calculate  the surface area of plant organs in  the  digital  herbarium sheet. The training

dataset consists  of 167  annotated  images  sourced  from the  Senckenberg  herbarium

dataset (Younis et al. 2020a) along with additional 107 images from the GBIF to increase

variability in the dataset for the training for scale detection.

Model training and testing 

The Mask R-CNN model  (He et al. 2018) is trained using PyTorch (Paszke et al. 2019b)

to perform instance segmentation on digitized herbarium scans. Out of 652 images, 497

annotated images were used for training, and 155 images were used for testing. Data

transformations such  as random horizontal  and  vertical  flips, colour jitter, scaling  and

rotation  were  applied  during  training  to  introduce  variability  to  improve  the  model’s

generalisation.

The  Mask  R-CNN  model  used  a  ResNet-50  backbone to  balance  feature  extraction

quality and computational  efficiency for the segmentation of high-resolution herbarium

images. Training  strategies, such  as early stopping, were  implemented  by comparing

mean  Average  Precision  (mAP)  of  current  epoch  and  previous  epoch,  involving  a

patience  threshold  to  avoid  overfitting  (Ying  2019).  Additionally,  the  model  was

customised  with  a  modified  Region  Proposal  Network  (RPN)  anchor  generator  and

adjusted Region Of Interest (ROI) heads to improve performance on the dataset  (He et

al. 2017).

The  model  performance  was evaluated  with  metrics  such  as precision  and  recall  for

object  detection  and  segmentation.  To  test  the  model  generalisation, inference  was

conducted on the images from the Frankfurt Senckenberg herbarium dataset  (Younis et

al. 2020a) . 
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The YOLO 11x-seg (Jocher et al. 2023) segmentation model was trained with the same

dataset used for MASK R-CNN training (Jocher et al. 2023). The model was trained using

input images with  a  resolution  of 1064 × 1064 pixels and training strategies, such as

early stopping of training, were appiled in the same way as in the previous case.

Detection of scale and organ surface area calculation 

The  measurement  of  surface  area  of  plant  organs  is  an  essential  component  of

morphometric  analysis  in  biodiversity  studies  (Hodač  et  al.  2024).  To  calculate  the

surface area of a plant organ in the herbarium sheet, the scales need to be detected and

the surface area in  pixels needs to  be calculated and converted into  absolute values.

This  is  accomplished  through  a  combination  of  deep  learning  techniques  for  scale

detection and Optical Character Recognition (OCR) for extraction of numerical values. 

Scale detection 

The Mask R-CNN and YOLO11 models were again employed for the detection of scales

in the herbarium images. The surface area of plant organs is subsequently calculated.

We used 167 images, of them 124 images for training and 43 for testing. 

Once the scale was detected by the model, Tesseract OCR was employed to extract the

numerical values from the scale present in the images (Smith 2007).

Numerical extraction using Tesseract OCR 

Tesseract (Smith 2007) is a widely used optical character recognition tool to identify text

in  the  images. Image  preprocessing  techniques such  as  rotation  of scales  to  correct

orientation, grayscale conversion and bilateral  filtering are applied to enhance the text

visibility. Following the preprocessing, the Tesseract OCR was utilised on the scales to

extract the numerical values from the scale. The digits with a confidence level above 75%

and  in  the  range  of  numbers  from  0  to  10  are  filtered  and  sorted  to  identify  the

consecutive sequences. The pixel distances between adjacent digits are calculated and

averaged with the detected numbers to determine the number of pixels corresponding to

1 cm. In cases where the consecutive digits are not detected, the closest pair of digits is

used to estimate the pixel distance. The character recognition accuracy is computed by

comparing  the  detected digits with  a  ground truth  reference. Once the pixel  distances

between  consecutive  digits  on  the  scale  have  been  calculated,  the  next  step  is  to

establish the conversion factor that relates the relative pixel measurements to absolute

measurement in  centimeters.The  pixel-to-centimeter  conversion  factor  is  computed  as

follows:

 where

• Pixel Distance Between Digit A and Digit B is the pixel  distance between the

detected digits.
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• Difference  Between Digit  A  and Digit  B is  the  difference  between  the  actual

values of the digits.

Surface area calculation of detected plant organs 

With the pixel-to-centimeter conversion factor established, the next step is to calculate the

surface area of the detected plant organs.  The plant organ surface area is calculated as

follows 

where  

• Plant organ surface area in pixel is summed up pixel of segmented organs 

• One cm in pixel is the calculated pixel present 1 cm 

This additional functionality of calculating surface area supports detailed morphometric

analysis of herbarium specimens. 

Machine Learning as a Service (MLaaS) 

Both models for plant organ segmentation and surface area calculation are then hosted

as a single Machine Annotation Service (MAS) to  streamline the process of extracting

and analyzing the herbarium data within the DiSSCo platform.  Fig. 2 further illustrates

the process flow and communication between the DiSSCo Digital Specimen architecture

and the plant organ segmentation MAS. 

In  DSArch,  a  service  request  for  a  MAS  is  requested  through  the  user  frontend

DiSSCover.  This  request  adds  a  message  in  DiSSCover’s  Message  Broker,  which

triggers scheduling of a MAS.  The corresponding MLaaS APIs are hosted via Uvicorn on

a virtual machine (VM). Within the scope of our specific use case, the API receives image

URLs as the input from the Message Broker through the HTTP POST requests. The API

then adds the message to the processing queue, which forwards the message to a web

socket service hosted on a server for performing plant organ segmentation.  

Subsequently, the model  performs plant organ segmentation and scale detection on the

image  and  sends the  output information  comprising  bounding  box coordinates, class

labels, confidence scores and area in pixels. Both the pixel-to-centimetre conversion ratio

and an area calculation in cm² are returned to the Uvicorn API, which relays the results to

the  DiSSCo  infrastructure. This  processed  data  is  then  structured  into  an  annotation

event complying to DiSSCo's open Digital Specimen (openDS, Addink and Hardisty 2020

) specification. The message is publishedback to DiSSCo’s Core architecture by placing

it on the another broker topic, making it available for downstream applications.  

Fig. 3 provides a detailed visualization of the annotations which allows users to explore

the extracted information by hovering over specific segments. This includes details such

as the type of organ, confidence score, segmented polygon coordinates, area in pixels,
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pixel-to-centimeter conversion ratios and calculated areas in square centimeters for each

segmented  region. Fig. 3 demonstrates the  integration  of MAS within  the  DiSSCover

platform highlighting  its  ability  to  generate  enriched  and  standardized  annotations  in

compliance with openDS . 

Results

MASK R-CNN

Mask R-CNN was employed on 203 herbarium images from the Senckenberg collection (

Younis et al. 2020a). Fig. 4 shows an example of object detection inference performed by

Mask RCNN on a herbarium sheet. 

When performing the inference on the Senckenberg images, the most recognized organs

were leaves, stems and flowers. The identified regions of interest were then passed on to

the  segmentation  process.  In  the  segmentation  process,  the  model  generates

segmentation masks for each identified organ and provides pixel-level masks as shown

in Fig. 4 

Table 2: Statistics of the MASK R-CNN inference on 203 images. The original annotated

herbarium sheet has the total plant organ count of 6693 where only 4022 organs were

detected with a confidence level of 50%. The model did not infer any root or seed due to

the strong bias in the training data. 

Fig.  5 represents  the  prediction  recall  curve  of  all  plant  organ  detections  and

segmentations at an intersection of unit (IOU) thresholds of 0.5. The precisions for the

detection of leafs and stems are better than for flowers and fruits. The model effectively

fails to predict roots and seeds.

Overall,  the  results  suggest  that  the  Mask  R-CNN  model  moderately  performs  in

identifying and segmenting the plant organs. However further addition of new images in

the dataset could improve its performance of organ detection and segmentation. 

YOLO11  

The YOLO11 model was used with the same dataset of 203 herbarium images which was

used for inference with Mask R-CNN . The model identified the distinct plant organs such

as leaves, stems, flowers, roots and seeds. In accordance with a similar study (Sapkota et

al. 2024), we found that YOLO11 model performs better than Mask R-CNN; YOLO11 was

able to identify all the organs as shown in  Fig. 6 

Below Table 3 shows the statistics of YOLO11 inference on 203 images. The model was

able  to  detect  and  segment  all  plant  organs,  compared  to Mask  R-CNN,  YOLO11

prediction count is higher. 
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Fig.  7 represents  the  prediction  recall  curve  of  all  plant  organ  detections  and

segmentations at IOU thresholds of 0.5. The mean average precision for all  classes is

relatively better than for the Mask R-CNN model. 

Scale detection

In addition to the plant organ detection, the YOLO11 model integrates a scale detection

component that successfully identifies the scales in 98% of the Senckenberg images. Fig.

8a shows an example of the scale detection.. 

 

Once  the  scale  is  detected,  the  model  further  uses  the  pixel-to-centimetre  ratio  to

calculate  the  surface  area  for  the  plant  organs  in  absolute  values  (cm²).  However,

variations in scale standards across different organisations necessitate further training to

improve scale detection. 

Fig. 8b shows detected plant organs and scale with bounding boxes, class labels an d

confidence scores. Additionally, Fig. 8b illustrates the segmentation mask alongside the

organ surface area calculations.

Table  4 represents  the  statistics  of  scale  detection,  text  recognition  and  character

accuracy with Mask R-CNN and YOLO11 on 203 images. Although the pipeline of text

recognition is the same for both models, there is difference in character accuracy due to

the  number  of  detected  digits.  The  resulting  bounding coordinates  have  small  pixel

variation due to the internal architecture of the models. The YOLO11 uses the single shot

object detection where the images are passed one time. Mask R-CNN, on the other hand,

uses two stage object detection where the first pass proposes the region of interest and

the second pass refines this prediction. This architecture difference impacts the resulting

bounding box coordinates and results in small offset pixel difference on pixel calculation

between the models. 

The  output data  then  sent to  DSArch  includes the  bounding  box of detected  organs,

class, confidence score, area in pixels, pixel length of one centimetre, area in cm² and

polygon data. 

Discussion

The plant organ segmentation MAS in the DiSSCo architecture has enriched the Digital

Specimen data by providing detailed morphological information. Compared to the Mask

R-CNN model with a ResNet-50 backbone, YOLO11 has shown a reliable performance in

identifying plant organs with computational efficiency. While YOLO11 shows more robust

overall  detection performance compared to Mask R-CNN, it struggles with small  object

detection. This highlights the need for further enhancements to improve robustness. The

performance can possibly be improved using artificially debiased training data (Kim et al.

2021).  The  addition  of  scale  detection  is  an  advancement  to  convert  the  pixel

8

Author-formatted, not peer-reviewed document posted on 29/05/2025. DOI:  

https://doi.org/10.3897/arphapreprints.e160486



measurements into  real-world  units. In  this way, NSC's data  mobilized  from DiSSCo's

collections  can  effectively  contribute  to  application  areas  such  as  the  assessment of

plants functional trait diversity and the biogeography of plant life-cycles (Díaz et al. 2015

Perez et al. 2020, Poppenwimer et al. 2023).

The  pipeline  integrated  with  the  Uvicorn  API  and  WebSocket  services  provides  a

scalable  asynchronous framework for  managing  high-throughput data  streams in  line

with DiSSCo’s FAIR principles for the accessible and reusable data. This flexibility allows

it to  be  extended  for  other  datasets and  segmentation  tasks which  promises broader

applications  in  biodiversity  informatics.  Some  challenges  emerged  during  the

implementation particularly on scale detection due to varying types of scale present in the

different herbarium sheets. The scale markings are minute which causes difficulties for

OCR systems to interpret the values. Additionally, the presence of various scale types

further complicates the process as the OCR system is not optimised for all  formats. To

address these issues, different scale formats need to be included in scale detection. The

pipeline  establishes  a  strong  foundation  for  data  processing  to  extract  additional

information  on  herbarium  sheets  with  future  directions  to  further  enhance  the  scale

detection  and  to  adapt  batch  processing  of  herbarium  sheets  for  faster  real-time

performance.

As part of the DiSSCo Transition Project (Koureas et al. 2024), we are also developing

comprehensive  MAS-related  documentation,  including  service  policies,  usage

guidelines, a MAS policy, and a template service-level  agreement (SLA). These efforts

aim to  ensure  clarity, reliability, quality  and  sustainability  of MAS offerings within  the

broader DiSSCo infrastructure.

To  facilitate  reproducibility  and  further  research  in  plant  organ segmentation  we

published an annotated sample  dataset including digitized herbarium specimens from

Senckenberg's  collection  (Rajendran  et  al.  2025).  This  dataset  includes  organ-level

segmentation  masks  and  scale bar  detection  annotations  and  enables  training,

evaluation and comparision of similar models. 
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Figure 1. 

Mask generated by SAM Model for a herbarium scan (FR-0030810) from the dataset.
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Figure 2. 

Schematic overview illustrating the information flow between DiSSCo and the MAS workflow,

highlighting key components such as Message Broker, MLaaS API (hosted via Uvicorn), MAS

and their service interactions.
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Figure 3. 

Annotated herbarium sheet processed by the DiSSCover platform, displaying the plant organ

segmentation results including bounding boxes, class labels, confidence scores, area in pixels,

pixel-to-centimeter conversion and segmented polygon coordinates.
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a b

Figure 4. 

Mask R-CNN 

a: Plant organ detection 

b: Plant organ segmentation 
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a b

Figure 5. 

Precision Recall Curve of MASK R-CNN

a:  object detection 

b: segmentation 
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a b

Figure 6. 

YOLO11

a: Plant organ detection 

b: Plant organ segmentation 
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a b

Figure 7. 

Precision Recall curve of YOLO11 

a: object detection 

b: segmentation  
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a b

Figure 8. 

Scale detection and area calculation

a: Scale detection 

b: Area Calculation 
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Category Training subset 

(497 images)

Testing subset 

(155 images)

Complete dataset 

(652 images)

Leaf 7865 2051 9916

Stem 3315 961 4276

Flower 3179 763 3942

Fruit 1045 296 1341

Root 78 60 138

Seed 4 6 10

Total 15486 4137 19623 

Table 1. 

The number of annotated bounding boxes and segmentation masks for each plant organ category

is presented for both the training and testing subsets.
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Category Organ Count Detected Count 

Leaf 3362 3072

Stem 1063 782

Flower 1921 1407

Fruit 183 144

Root 117 77

Seed 47 5

Total 6693 5487

Table 2. 

Plant organ counts in the inferred images compared to the detection counts by the Mask R-CNN

model at a 50% confidence threshold.
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Category Organ Count Detected Count 

Leaf 3362 3072

Stem 1063 782

Flower 1921 1407

Fruit 183 144

Root 117 77

Seed 47 5

Total 6693 5487

Table 3. 

Plant organ counts of the inferred images compared to the detection counts by the YOLO11 model

at a 50% confidence threshold.
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Metrics MASK R-CNN YOLO11 

Scale Detection Counter 203   202

Scale Text Counter 196   195

Overall Average OCR Character Accuracy 23.76%   57.16%

Table 4. 

Performance metrics for  scale detection and scale text counting and in addition overall average

OCR character accuracy for both Mask R-CNN and YOLOv11.
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