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Background
● Proliferation of digital record creation increases 

significance and feasibility of exploiting record 
types, particularly specimen images

● Specimen images possess unique metadata, 
study of such attributes further scientific 
discovery

● Modern AI/ML methods can gain new 
knowledge from large archives' metadata [1], 
but such archives are not readily usable, i.e., "AI-
ready"



We present a computational technique 
demonstrating the automatic outlining of 

museum specimen images

Background (cont.)



Research Aims
As part of ongoing efforts to develop methods 
for extracting AI-ready metadata profiles of 
museum specimens, we

● Present an improved image processing 
technique for extracting specimen outlines, a 
useful feature for biological research

● Explore distinguishing specimen outline 
representation via Elliptical Fourier Descriptors 
(EFDs)

● Demonstrate the effectiveness of the approach 
via downstream analyses (genus classification 
and UMAP)



Workflow Overview

● Segment the fish specimen image into its 
separate elements: fish, ruler, and information 
card

● Compute the outline of the fish

● Convert the pixels of the outline into a 
numerical shape description, specifically 
elliptical Fourier descriptors (EFD)

○ Transforms the 2D outline into a 1D form that 
may be used for machine learning analysis

● Perform a classification task on the EFD-based 
feature vector to demonstrate its usefulness in 
downstream AI applications



Methods: Fish Segmentation

We trained Facebook AI Research’s 
Detectron tool [6] on 100 hand-labeled 
images from the Illinois Natural History 
Survey (INHS). Then we used it to extract 
from each image:
● Specimen region of interest

● Image spatial resolution (pixels/cm) [4] 

● Specimen genus and species [3]



Methods: Outline Extraction

Continuing with the specimen ROI, we

● Convert to HSV color space

● Discard H and V channels, yielding a 
"saturation image"

● Binarize image on an adjusted 
Otsu threshold [5]

● Normalize scale and orientation

● Obtain ground truth outline from 
normalized shape



Methods: EFD Generation

Elliptical Fourier Descriptors (EFDs) [2] 
transform a list of 2D locations into a 
list of (scalar) elliptical Fourier 
coefficients
● Utilize Fourier series
● Consist of some number of 

harmonics 
● Approximate the ground truth 

outline with increasing accuracy for 
every additional harmonic



Methods: EFD Generation (cont.)

5mm tolerance, 1 harmonic 2.5mm tolerance, 3 harmonics 2mm tolerance, 4 harmonics

1.5mm tolerance, 6 harmonics 1mm tolerance, 10 harmonics
(used in this study)

0.5mm tolerance, 15 harmonics



Methods: Feature Engineering

Various transformations were applied 
to EFD vector data
● EFD Normalization – Removal of 3

coefficients from vector [2]
● N = 31 – Reducing noise, increasing 

subsequent classification results
● Z-Score Normalization –

EFD coefficients to have mean of 0 
and standard deviation of 1

● Linear Discriminant Analysis (LDA) 
– distills normalized coefficients to 
6D feature vector



Methods: Genus Classification

● To demonstrate expressiveness of archival 
records, outlining technique was applied on 
images of fish from various genera

● Allowed for classification via genus given a 2D 
outline – we applied the following algorithms:
○ Support Vector Machine (SVM) [8]
○ Multi-Layer Perceptron (MLP) [9]
○ XGBoost (XGB) [10]
○ K-Nearest Neighbors (KNN) [11]

● Out of all the algorithms, SVM proved to be the 
most successful



Results

● Dataset of images consisting of 1,071 fish [7] 
across 7 genera, with each genus containing 
153 specimens

● SVM classified fish with 96.3 ± 1.5% accuracy in 
5-fold cross-validation

● Demonstrates that our EFD representation is 
distinguishable

● But it is not highly interpretable

○ High interpretability allows scientists to identify 
distinguishing characteristics of shapes with ease



Results

● Despite limitations, EFDs' ability 
to capture identifying data is 
evident in UMAP visualization [12]

○ Convert to HSV color space

● Each data point represents a fish 
specimen color-coded by genus

○ Clusters demonstrate the fish 
genera are well-separated in 
feature space



Conclusion

● We developed a computational method for 
automatically outlining specimens in museum 
image

● Outlines can be extracted from museum 
archives for use in scientific studies

● Research demonstrates promise of 
computational techniques to support 
researchers in leveraging and exploiting
archival collections for scientific discoveries
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