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PAPER

Morphological Phenotyping of Corneal Endothelial Cells 
Using Elliptic Fourier Descriptors

ABSTRACT
Corneal endothelial cell morphology is clinically important to understand corneal health, and 
is routinely examined using specular microscopy. Traditional metrics such as endothelial cell 
density (ECD), coefficient of variation (CV), and hexagonality percentage provide limited mor-
phological information and are unreliable when used on large diverse datasets. This paper 
presents an automated phenotyping framework using Elliptic Fourier Descriptors (EFDs), 
Zernike moments, and geometric features combined with unsupervised K-Means clustering 
for endothelial cell classification. The framework was validated on two independent datasets. 
The primary dataset comprised 179 cells (1,253 post augmentation) from four specular micros-
copy images. The external validation set (SREP-18-33533B) comprised 35,890 cells across 
385 images. EFD based features achieved a mean silhouette score of 0.6213 (SD = 0.056) on the 
primary dataset, representing a large effect size over traditional measures (Cohen’s d = 5.290). 
Across datasets, traditional measures declined by nearly 40% (0.5986 to 0.3628), whereas 
EFD based scores remained stable with under 1% change (0.6213 to 0.6119), as confirmed 
by the Wilcoxon signed-rank test (p < 0.001). Three reproducible phenotypes were identified. 
Cluster 0, contained regular compact cells (64.4%). Cluster 1, contained moderately regular 
cells (29.2%) and Cluster 2, contained irregular or elongated cells (6.4%). These results indi-
cate that EFD based shape analysis remains discriminative on a 35,890 cells where traditional 
clinical metrics fail. The framework can support real world analysis of corneal endothelial 
cell phenotypes when combined with clinical expertise of researchers and ophthalmologists.

KEYWORDS
corneal endothelial cells, Elliptic Fourier Descriptors (EFD), specular microscopy, unsupervised 
clustering, morphological phenotyping, K-Means, Zernike moments, statistical validation

1	 INTRODUCTION

The corneal endothelium is a single layer of cells lining the inner surface of 
the cornea. The endothelial cell layer performs a critical pumping function that 
removes excess fluid from corneal tissue and keeps the cornea transparent [1]. A key 
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characteristic that distinguishes this cell layer from other tissues in the body is its 
inability to self-repair, when individual cells die they are not replaced by new ones. 
Instead, surrounding cells stretch and migrate to fill the gap, which over time leads 
to changes in cell size and shape [2]. Two recognised changes are polymegethism, 
where the variation in cell size increases beyond normal levels, and pleomorphism, 
where cells deviate from the typical six sided hexagonal arrangement [3]. Specular 
microscopy is the standard non-invasive clinical technique used to photograph this 
cell layer and monitor these shape changes [4]. Assessment of the images obtained is 
important for evaluating patients before and after corneal transplantation, screen-
ing donor corneas for viability, and tracking the long term effects of procedures such 
as LASIK surgery, cataract removal, and extended contact lens wear, including the 
use of rigid PMMA lenses [5].

Software that uses specular microscopes typically reports three summary mea-
surements for a given image viz: the cell density per square millimetre, the extent 
of variation in individual cell sizes expressed as a coefficient of variation (CV), and 
the proportion of cells that are six sided [6, 7]. Although these three measures have 
a long history of clinical use, they compress the rich information of individual cells 
into a small set of numbers, discarding details about cell boundary shape, local tex-
ture and structural regularity [8]. These traditional measures also perform poorly 
when used on large and diverse datasets, which makes them less suitable for large 
scale automated analysis [9].

Mathematical shape descriptors provide more detailed and scalable way to 
describe cell morphology [10]. Elliptic Fourier Descriptors (EFDs) describe the cell 
boundary using a series of elliptic curves, providing a compact representation that 
stays consistent under rotation and scaling [11]. Zernike moments capture overall 
shape within a circular region using a set of orthogonal functions. When these EFDs 
and Zernike moments are combined with standard geometric descriptors, they pro-
duce a feature vector that captures both fine boundary detail and broader region 
level properties. Such feature vectors can then be used with unsupervised group-
ing methods to identify cell phenotypes without requiring any manually labelled 
training data [12].

Building on this background, the present study addresses three explicit research 
questions (RQ). First, can a multi-feature representation based on EFDs, Zernike 
moments, and geometric descriptors produce reproducible morphological pheno-
types of corneal endothelial cells through unsupervised clustering? Second, how do 
EFD based features compare with traditional clinical metrics and with other shape 
descriptors (Zernike moments, geometric descriptors) in terms of clustering qual-
ity and stability across datasets of differing size and acquisition conditions? Third, 
do the identified phenotypes align with known biological categories of endothelial 
cell morphology, particularly in relation to PMMA-induced changes? The corre-
sponding objectives are: (i) To design and implement a scalable EFD based feature 
extraction and clustering pipeline, (ii) To compare five feature configurations using 
silhouette analysis, effect size measures, and non-parametric statistical tests on both 
primary and a large external dataset and (iii) To interpret the resulting clusters in 
light of established corneal endothelial biology.

This framework falls within the scope of online and biomedical engineering. The 
proposed pipeline is automated and suitable for integration into web or cloud based 
ophthalmic image analysis workflow. The principal contributions of the study are 
therefore as follows: First, a multi feature extraction pipeline combining EFDs with 
standard and custom normalisation, Zernike moments and geometric descriptors is 
proposed and evaluated across five feature configurations. Second, the framework 
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is evaluated on a primary dataset of four images with effect sizes reported and sta-
tistically validated on a 385 image external dataset using Wilcoxon signed rank tests 
and the Friedman test (chi-square = 1298.16, p < 0.001). Third, quantitative evidence 
is provided that traditional clinical metrics fail to generalise at scale (silhouette drop 
of 0.236, Wilcoxon p < 0.001), supporting the adoption of shape based descriptors in 
automated corneal cell analysis pipelines [13, 14].

2	 RELATED WORK

Researchers have been working on automated tools for corneal endothelial cell 
analysis. Among the earlier contributions, Ruggeri et al. [15] developed a system that 
combined edge-based image processing with a region growing algorithm to count 
and segment cells in specular microscopy images, achieving accuracy levels compa-
rable to manual counting on good quality images. Its performance heavily depends 
on manual parameter tuning, which reduces its reliability across images captured 
under different conditions.

Among image segmentation methods, watershed-based techniques have been 
widely adopted for dividing touching cells in specular microscopy images. Fabijańska 
[16] showed that using gradient images at multiple spatial scales before applying 
the watershed transform improved the accuracy of cell boundary detection com-
pared with simpler threshold-based approaches. More recently, deep learning has 
produced strong results in this area: Vigueras-Guillén et al. [17] reported cell counts 
errors below 5% using a convolutional neural network. The similar deep learning 
and computer vision techniques have shown strong performance in broader bio-
medical and visual recognition applications [18]. These approaches typically require 
substantial volumes of labelled training images, and their internal representations 
are difficult to interpret clinically. The present study takes a different path, using 
mathematically defined shape features and unsupervised clustering, which requires 
no labelled data and produces results that can be directly related to established 
biological concepts.

Elliptic Fourier Descriptors were originally introduced by Kuhl and Giardina [19] 
and have since been used to characterise cell shapes in areas such as haematology 
and histological tissue analysis. Zernike moments, applied to cell classification tasks 
by Lowe et al. [20, 21], offer a different type of shape encoding based on global 
region properties. Both descriptors have been used independently in biomedical 
image analysis. Their joint use with standard geometric features for unsupervised 
corneal endothelial cell phenotyping, with cross dataset validation by Wilcoxon 
signed rank and Friedman tests on 385 images, has not previously been reported.

3	 MATERIALS AND METHODS

3.1	 Overall framework

Figure 1 presents the overall processing pipeline. Raw specular microscopy images 
are pre-processed and segmented to extract individual cell contours. Cell boundaries 
are reconstructed using EFD and validated using Hausdorff and RMS Chamfer dis-
tances. A multi modal feature vector combining EFD coefficients, Zernike moments, 
and geometric descriptors is constructed for each cell. K-Means clustering is applied 
and results are visualised using PCA and t-SNE for phenotype identification.
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Fig. 1. Overall processing pipeline for corneal endothelial cell morphological phenotyping

Raw images are pre-processed and segmented, cell contours extracted and recon-
structed using EFD, multi-modal features extracted, and K-Means clustering (k = 3) 
identifies distinct cell phenotypes visualised via PCA or t-SNE.

3.2	 Datasets

Two datasets were used in this work. The primary dataset consists of four spec-
ular microscopy images: Control 1C, Control 4C, PMMA 1X, and PMMA 4X, acquired 
at 477 × 260 pixels (8-bit grayscale), resized to 256 × 256 pixels. A total of 179 cells 
were extracted after segmentation and quality filtering (42, 58, 45, and 34 cells for 
Control 1C, PMMA 1X, Control 4C, and PMMA 4X respectively) [22]. Following data 
augmentation [23], the total number of cell instances used for feature extraction and 
clustering was 1,253. Figure 2 shows all four images.

Fig. 2. Primary dataset: four specular microscopy images of corneal endothelium
Notes: Left to right: Control 1C, PMMA 1X, Control 4C, PMMA 4X. PMMA images show visibly larger and 
more variable cell morphology compared to Control images. Used with permission of Association for 
Research in Vision and Ophthalmology (ARVO), from ‘Corneal Endothelial Polymegathism Induced by 
PMMA Contact Lens Wear,’ Stocker EG and Schoessler JP, Investigative Ophthalmology & Visual Science, 
Vol. 26, No. 6, 1985; [22]. Permission conveyed through Copyright Clearance Center, Inc.
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The external validation dataset consisted of 385 specular microscopy images from 
Daniel et al. [24]. Ground truth cell centre coordinates were provided for 324 images 
(42,147 annotated cell centres); the remaining 61 images, with empty annotation 
files, were excluded from count accuracy evaluation. The images in this dataset dif-
fer widely in cell density, contrast, and acquisition conditions, making it a challeng-
ing benchmark for generalisation for the proposed approach.

3.3	 Pre-processing and segmentation

The images were first resized to 256 × 256 pixels. To improve local contrast, con-
trast limited adaptive histogram equalization (CLAHE) was applied with a clip limit 
of 3.5 and a tile size of 6 × 6. The bright and dark regions near the image borders 
were excluded, as they did not provide useful cell information [25, 26]. Cell contours 
were detected using a watershed algorithm based on a multi scale morphological 
gradient. After segmentation, regions that were too close to the image border or that 
had irregular shape were removed from the analysis. The output of segmentation on 
the primary dataset is shown in Figure 3.

Fig. 3. Segmentation results on the primary dataset with numbered cell contours
Notes: Green = correctly segmented cells; red = border-excluded cells. Cell counts: Control 1C = 42, 
PMMA 1X = 58, Control 4C = 45, PMMA 4X = 34.

3.4	 Elliptic Fourier Descriptors reconstruction validation

Figure 4 shows the reconstruction of cell shape from harmonics 1 to 20, illustrat-
ing how the contour progressively recovers its original form as the number of har-
monics increases [27, 28]. The Hausdorff [29] and RMS-Chamfer [30] reconstruction 
errors decrease as the number of harmonics increases (see Figure 5), with dimin-
ishing improvement beyond the 15th harmonic. The errors at the 1st harmonic 
(Hausdorff distance = 1.46 pixels, RMS Chamfer distance = 0.79 pixels) were small 
enough to justify the use of the 1st harmonic for downstream clustering.
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Fig. 4. Elliptic Fourier Descriptors reconstruction
Notes: Elliptic Fourier Descriptors reconstruction progression for a Control 1C cell (top) and PMMA 1X 
cell (bottom) at 1, 4, 6, 10, and 20 harmonics. H-Dist and RMSE confirm progressive shape recovery with 
increasing harmonic order.

Fig. 5. Mean reconstruction error (Hausdorff and RMS Chamfer distance)

3.5	 Feature extraction

Five feature configurations were evaluated in this work, summarised as shown 
in Table 1. The geometric only set comprised seven region descriptors (area, perime-
ter, eccentricity, solidity, circularity, compactness, and hexagonality). The traditional 
Clinical Metrics set comprised six traditional per cell metrics derived from clinical mea-
sures (area, area deviation, hexagonality score, circularity, solidity, eccentricity) [31].  
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EFD Standard (EFD std): denotes the b1 and d1 coefficients derived from the stan-
dard normalised first harmonic of the EFDs. EFD Custom: denotes the b1 and 
d1 coefficients derived from the phase corrected normalised first harmonic of 
the EFDs. The Zernike only set comprised 25 moments computed at a radius of 
30 pixels [32]. The Combined sets concatenated the EFD, Zernike, and geometric 
descriptors into 34-dimensional feature vectors. No additional feature scaling was 
applied prior to clustering, as the individual feature types (EFD coefficients, Zernike 
moments, geometric descriptors) are internally normalised through their respec-
tive computation procedures. It is acknowledged that K-Means clustering is sensi-
tive to feature scale, the decision not to apply further scaling was made to retain the 
natural units of each descriptor and to avoid introducing an additional arbitrary 
pre-processing step.

Data augmentation was applied to the primary dataset only, increasing the num-
ber of cell instances from 179 to 1,253 (a 7-fold increase). Each cell was transformed 
in six different ways. These comprised horizontal flip, vertical flip, rotations of 90º, 
180º, 270º, and translation, producing six additional copies of each cell. These copies 
are instances of the same biological cells after augmentation and are not indepen-
dent biological samples, but rather geometric transformations of the same 179 source 
cells from four images. Augmentation was used solely to provide a larger and more 
balanced set of contours for clustering.

Table 1. Feature sets evaluated in this work

Feature Set Dim. Description

Traditional Clinical Metrics 6 Area, area deviation, hexagonality score, circularity, solidity, 
eccentricity

Geometric Only 7 Area, perimeter, eccentricity, solidity, circularity, compactness, 
hexagonality

Zernike Only 25 Zernike moments at radius 30 px (25 moments)

EFD Std + Zernike + Geometric 34 Concatenation of EFD Std (b1, d1), Zernike, and geometric  
features

EFD Custom + Zernike + Geometric 34 Concatenation of EFD Custom (b1, d1), Zernike, and geometric  
features

3.6	 Clustering and statistical evaluation

K-Means (k = 3, K-Means initialisation, 10 runs) was applied to each feature set. 
The value k = 3 was selected based on elbow plot analysis (see Figure 6). Clustering 
quality was evaluated using silhouette score [33, 34]. For the primary dataset (n = 4  
images), statistical significance testing was not applied due to the small sample size 
(n < 10 required for reliable non-parametric testing); instead, effect sizes (Cohen’s d) 
and descriptive statistics are reported. For the external validation dataset (n = 385 
images), statistical significance was assessed using the Wilcoxon signed-rank test 
(non-parametric paired test) and the Friedman test (non-parametric repeated 
measures test across all feature sets). All tests used two sided alternatives with 
significance threshold alpha = 0.05. Cross feature set agreement was assessed 
using ARI [35].
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Fig. 6. Elbow plots (WCSS vs. k) for all four primary dataset images
Notes: (A) Control 1C, (B) PMMA 1X, (C) Control 4C, (D) PMMA 4X. All the images show an optimal k = 3 
(red dashed line) confirms choice of three clusters.

3.7	 Implementation details

The pipeline was implemented in Python 3.12.13 using OpenCV and scikit image 
for pre-processing and segmentation, pyefd for EFDs, mahotas for Zernike moments, 
scikit-learn for K-Means, PCA, t-SNE, silhouette, and ARI, SciPy for the Wilcoxon and 
Friedman tests, and pandas, NumPy, matplotlib, and seaborn for data handling and 
plotting. The primary dataset (4 images, 1,253 augmented cells) was processed on a 
laptop with an Intel Core i7 CPU and 16 GB of RAM in approximately 15 minutes. 
The external dataset (385 images, 35,890 cells) was processed on Google Colab with 
an NVIDIA L4 GPU in approximately 30 minutes, with segmentation accounting for 
the largest share of the runtime.

4	 RESULTS

4.1	 Primary dataset results

Table 2 reports the clustering performance for all feature sets across the primary 
dataset images based on silhouette scores. The EFD Standard + Zernike + Geometric 
set and the Geometric set alone achieved virtually identical mean silhouette scores 
of 0.6213 and 0.6215 respectively, a difference of only 0.0002. Zernike scored lowest 
at 0.4889 (SD = 0.049). EFD Standard and Geometric features consistently performed 
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best across all four images, followed by EFD Custom normalisation. The traditional 
features always performed below EFD and Geometric features, and Zernike only 
features ranked last in every single image. This ordering being preserved across four 
different images captured under different conditions. It confirms that the proposed 
method captures consistent and reproducible shape information rather than pro-
ducing random results.

The Cohen’s d effect sizes were computed to measure how meaningful the dif-
ferences between feature sets are. The results are shown in Table 3. The EFD set 
scored substantially better than the traditional metrics (d = 5.290) and the Zernike 
set (d = 6.915). The results show EFD and geometric features showed virtually iden-
tical performance, with a difference of only 0.0002. Given the limited dataset size of 
the primary dataset, effect sizes were reported rather than statistical tests such as 
ANOVA, t-tests, or Wilcoxon.

Table 2. Silhouette scores for all feature sets on the primary dataset (4 images)

Feature Set Img 1 Img 2 Img 3 Img 4 Mean SD

Traditional Clinical Metrics 0.5795 0.5640 0.5668 0.6839 0.5986 0.057

Geometric Only 0.6067 0.5827 0.5929 0.7038 0.6215 0.056

Zernike Only 0.4864 0.4703 0.4421 0.5570 0.4889 0.049

EFD Std + Zernike + Geometric 0.6064 0.5824 0.5927 0.7036 0.6213 0.056

EFD Custom + Zernike + Geometric 0.5944 0.5730 0.5828 0.6982 0.6121 0.058

The results therefore describe about primary dataset only and should not be read 
as conclusions about the general population of corneal endothelial cells. Figure 7  
shows silhouette scores for each feature set separately for the primary dataset images. 
Where, Image 1 refers to Control 1C, Image 2 to PMMA 1X, Image 3 to Control 4C, 
and Image 4 to PMMA 4X. EFD Standard and Geometric features consistently scored 
highest while Zernike alone scored lowest, indicating that the method behaves reli-
ably across images.

Table 3. Effect size comparison of selected feature sets on the primary dataset

Comparison Mean A Mean B Cohen’s d Effect Size

EFD (Std + Zernike + Geometric) vs Traditional 0.6213 0.5986 5.290 Large

EFD (Std + Zernike + Geometric) vs Zernike Only 0.6213 0.4889 6.915 Large

EFD (Std + Zernike + Geometric) vs Geometric Only 0.6213 0.6215 4.330 Equivalent

4.2	 External validation dataset results (385 Images)

The statistical Friedman test was applied across the 385 images of the external 
dataset. It confirmed that clustering quality significantly differs between feature sets 
(chi-square = 1298.16, p < 0.001). This confirms that the choice of feature represen-
tation has a statistically significant impact on clustering quality across independent 
datasets. Table 4 shows the scores and variations between the two datasets. The 
EFD Std + Zernike + Geometric dropped only 0.0094 from the primary to the exter-
nal dataset, and EFD Custom + Zernike + Geometric dropped by 0.006. By contrast, 
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the traditional metrics dropped sharply from 0.5986 to 0.3628, demonstrating their 
limitations on large, diverse datasets.

Fig. 7. Silhouette scores for primary dataset images for all six feature sets

This drop of nearly 40% for traditional metrics contrasts sharply with the less 
than 1% drop for EFD based features, as illustrated in Figure 8. Figure 8a compares 
the mean silhouette score for each feature set on both datasets, making it easy to see 
which features hold up and which fall off. Figure 8b shows the distribution of the 
35,890 cells from the external dataset across the three identified cell shape groups. 
Together, Figure 8 confirm that EFD based and geometric features generalise well to 
unseen data, whereas traditional clinical metrics do not.

Fig. 8. Clustering performance
Notes: (a) Comparison of mean silhouette scores for all feature sets across the primary dataset (red bars) 
and the external validation dataset (385 images, blue bars). (b) Cluster size distribution across 35,890 
cells shown as a pie chart. EFD based and geometric features show minimal performance drop across 
datasets (difference 0.006–0.009), while traditional clinical metrics show a large drop (difference 0.236), 
confirming that EFD features generalise well to unseen data.
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Table 4. Clustering performance on primary (4 images) and external validation (385 images)  
datasets with cross-dataset generalisation assessment

Feature Set Silhouette Score 
(4 Images)

Silhouette Score 
(385 Images) Diff Generalisation

Traditional Clinical Metrics 0.5986 0.3628 −0.236 Poor (p < 0.001)
Geometric Only 0.6215 0.6121 −0.009 Excellent
Zernike Only 0.4889 0.4137 −0.075 Moderate
EFD Std + Zernike + Geometric 0.6213 0.6119 −0.009 Excellent
EFD Custom + Zernike + Geometric 0.6121 0.6061 −0.006 Excellent

Table 5 presents the results of pairwise Wilcoxon signed-rank tests carried out on 
the external validation dataset. These tests compare the per image silhouette scores 
of each feature set, treating the 385 images as paired observations. All comparisons 
involving EFD based features against Zernike only features were highly significant 
with large effect sizes. The Friedman test was used to determine whether all feature 
sets produced similar clustering quality. A significant result indicates that the choice 
of feature set has a measurable effect, supporting the relevance of the feature repre-
sentations evaluated here.

Table 5. Results of pairwise statistical tests between feature sets on the 385-image external dataset

Comparison Mean A Mean B p-Value Cohen’s d Effect
EFD Std vs Zernike Only 0.6238 0.4260 <0.001*** 4.889 Large
EFD Std vs EFD Custom 0.6238 0.6174 <0.001*** 1.300 Large
EFD Custom vs Traditional 0.6174 0.6238 <0.001*** 1.305 Large
EFD Std Combined vs Std Only 0.6238 0.6182 0.013* 0.121 Negligible
Friedman (all feature sets) – – <0.001*** chi-sq = 1298.16 –

Notes: Asterisks denote statistical significance of the two sided Wilcoxon signed-rank test,  
where * denotes p < 0.05 and *** denotes p < 0.001. The final row reports the Friedman test across  
all five feature sets, in which the value in the Cohen’s d column is the Friedman chi-square statistic.

4.3	 Cluster maps and phenotype identification

Figure 9 shows cluster coloured maps of cells from the primary dataset, where 
each colour represents a group of similar cell shapes. Three clusters were identified 
viz, blue cells are regular, compact and mostly hexagonal. Orange cells are mod-
erately regular and of medium size. Green cells are elongated and irregular. The 
PMMA images show consistent morphological changes associated due to PMMA lens 
wear. On the Daniel external dataset, the cluster distribution was: Cluster 0 = 23,096 
cells (64.4%), Cluster 1 = 10,480 cells (29.2%), Cluster 2 = 2,314 cells (6.4%).

Fig. 9. Clustered cell maps for the primary dataset images
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4.4	 PCA and t-SNE visualisation

PCA and t-SNE projections show clear separation of the three clusters across all 
images as shown in Figure 10. It confirms that the identified phenotypes are distinct.

Fig. 10. (A) PCA and (B) t-SNE visualisations on primary dataset images

4.5	 Geometric feature distributions

Figure 11 shows the distribution of geometric features across Control and 
PMMA groups using violin plots. PMMA cells shows greater variation in area, 
compactness, and perimeter, which indicates more pronounced morphological 
change. Control cells are more circular and closer to the hexagonal shape charac-
teristic of healthy endothelium. These differences show that the proposed method 
is able to captures biologically meaningful morphological variation at the single 
cell level.

Fig. 11. Comparison of geometric feature distributions among Control and PMMA groups
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4.6	 Adjusted rand index (ARI) analysis

Table 6 compares ARI between different feature set clustering on the external 
dataset. The EFD Std + Zernike + Geometric and Geometric only feature sets pro-
duced almost identical groupings (ARI = 0.9961). Zernike features grouped the cells 
very differently from geometric features (ARI = 0.3754), indicating that they cap-
ture different aspects of cell shape. EFD only features produced a markedly different 
grouping from all other sets, reflecting their focus on boundary detail that is not 
captured by region based descriptors.

Table 6. ARI between feature set clustering assignments on the external dataset (35,890 cells)

Feature Set A Feature Set B ARI Interpretation

Geometric Only EFD Std + Zernike + Geometric 0.9961 Same grouping

EFD Std + Zernike + Geometric EFD Custom + Zernike + Geometric 1.0000 Same grouping

Zernike Only Geometric Only 0.3754 Different complementary info

EFD Std Only Geometric Only −0.003 Different boundary level info

EFD Std Only Zernike Only 0.010 Different boundary level info

4.7	 Segmentation count accuracy

Table 7 reports cell count accuracy on the 324 Daniel images with ground truth. 
The pipeline detected 30,272 cells against 42,147 ground truth (under count 28.2%). 
Median per-image count error was 50.76%, with 62 images (19.1%) achieving errors 
below 20%. This variability reflects the challenge of fixed parameter watershed on 
variable density images and represents a known limitation discussed in Section 5.

Table 7. Segmentation count accuracy on external validation dataset

Metric Value

Images evaluated 324/385

Total ground truth cells 42,147

Total predicted cells 30,272 (under count 28.2%)

Median count error per image 50.76%

Images with count error < 20% 62/324 (19.1%)

Images with count error < 10% 32/324 (9.9%)

5	 DISCUSSION

The most important finding of this work is that EFD based shape features pro-
duced stable and repeatable clustering results across two datasets that differed 
greatly in size and acquisition conditions. On the four image primary dataset, every 
feature set ranked exactly the same order across all four images, with EFD Standard 
and Geometric features achieving the highest silhouette scores (0.6213 and 0.6215 
respectively) and Zernike only features scoring lowest (0.4889). The practical 
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significance of these differences was large in all cases: the effect size between 
EFD Standard and Traditional metrics shows Cohen’s d = 5.290, and between EFD 
Standard and Zernike it was d = 6.915. Effect sizes of this magnitude confirm that 
the performance gaps are genuine and not the result of random variation in a 
small dataset.

When the same feature sets were applied to the 385 images external dataset, a 
Friedman test confirmed that clustering quality varied significantly depending on 
which features were used (chi-square = 1298.16, p < 0.001). EFD Standard and geo-
metric features each showed only a small drop in silhouette score compared to the 
primary dataset results, with differences of 0.006 to 0.009 respectively. This small 
gap demonstrates that these feature sets describe aspects of cell shape that are con-
sistent across different imaging conditions and cell density levels. Traditional clini-
cal features, by contrast, fell sharply from a silhouette score of 0.5986 on the primary 
dataset to 0.3628 on the external dataset, a statistically significant drop (Wilcoxon, 
p < 0.001) that highlights a fundamental limitation of population level metrics when 
used outside the narrow conditions for which they were designed.

The large effect size (Cohen’s d = 4.889) indicates a strong difference between EFD 
and Zernike features on the external dataset. Several alternative explanations for the 
weaker Zernike performance are possible and cannot be fully disentangled from the 
present data. Firstly, Zernike moments encode global region level intensity patterns 
over a circular support. They are less sensitive to fine boundary undulations than 
EFDs, which directly parametrise the contour. For endothelial cells, the diagnosti-
cally important variations (polymegethism and pleomorphism) manifest primar-
ily as changes in boundary shape and side count rather than in interior intensity, 
and the encoding mismatch is therefore plausible. Secondly, Zernike moments are 
sensitive to small segmentation errors and to the choice of radius parameter. With 
variable cell sizes and the fixed 30-pixel radius used in this study, some of the under-
performance may reflect a parameter selection effect rather than an intrinsic limita-
tion of the descriptor. Thirdly, the orthogonality of Zernike moments holds only over 
a continuous unit disk, and discretisation on small cell images introduces approxi-
mation error that may further reduce their discriminative power on this task. Future 
work should explore adaptive Zernike radius selection and a denoised contour pipe-
line before drawing stronger conclusions about the descriptor itself.

It should be noted that on the primary dataset, geometric features alone achieved 
a silhouette score of 0.6215, virtually identical to the EFD combined feature set at 
0.6213, a difference of only 0.0002. This means that on the small primary dataset, 
the EFD combined set does not visibly outperform the geometric descriptors alone. 
However, the advantage of the combined EFD representation becomes more appar-
ent at scale on the large external dataset, where it performed consistently with 
performance difference 0.009. It suggests that the EFDs feature set captures stable 
morphological information.

ARI analysis indicates that EFD features capture different morphological infor-
mation than the other feature sets. Future work is required to investigate whether 
EFD provides additional biological information beyond these metrics.

Regarding comparison with existing work, the Daniel et al. [24] dataset forms the 
external validation corpus of this study. The work focused exclusively on automatic 
cell segmentation and density estimation using U-Net, and the authors explicitly note 
that the cell centroids generated by their pipeline could be used in a downstream 
classification step to differentiate normal and pathological endothelial cells but did 
not themselves implement such a step. The present study addresses this open gap 
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by applying EFD based unsupervised clustering to the same dataset. Three morpho-
logically distinct phenotypes are identified with a mean silhouette score of 0.6119. 
To the best of the author’s knowledge, this is the pioneer study which perform unsu-
pervised morphological clustering with silhouette score based internal evaluation 
on a corneal endothelial dataset of this scale (35,890 cells across 385 images). The 
EFD based silhouette scores changed only marginally between the primary (0.6213) 
and external (0.6119) datasets. It proves that the proposed method generalises well 
to new data.

The three clusters identified in this study shows direct biological interpretation 
based on the literature of corneal endothelial morphology. Cluster 0 comprising 
64.4% cells indicates the majority of cells are regular, compact and nearly hexagonal 
same as the healthy cornea. In healthy cornea, approximately 70–80% of endothelial 
cells exhibit a hexagonal shape [36]. Cluster 1 comprising 29.2% of cells with moder-
ate morphological irregularity. It indicates intermediate polymegethism arising from 
mild corneal stress or age. Cluster 2 comprising 6.4% of cells, captures elongated and 
irregular cells. It indicates severe polymegethism and pleomorphism. It is observed 
that PMMA images contain a higher proportion of Cluster 1 and Cluster 2 cells com-
pared to Control images, consistent with prior findings [37]. This observation should 
nevertheless be treated with caution, since only two PMMA and two Control images 
were available in the primary dataset. The percentages reported are specific to the 
primary dataset and segmentation settings, and confidence intervals would require 
a larger dataset to compute reliably.

This observation is therefore presented as preliminary evidence requiring vali-
dation on a larger and independently acquired dataset.

The Carlson et.al [38] noted that prolonged PMMA contact lens wear is well doc-
umented to induce corneal hypoxia, leading to polymegethism and pleomorphism, 
without necessarily reducing overall cell density. MacRae et al. [39] illustrate that 
long term PMMA wearers show significantly increased polymegethism (CV 0.32 
vs. 0.26 in age matched controls, p < 0.01) and significantly shows severe pleomor-
phism (frequency of hexagons < 40%), which corresponds precisely to the morpho-
logical profile of Cluster 2 identified in the PMMA images. The EFD based pipeline 
detected these three biologically meaningful phenotypes automatically, without per 
cell manual labelling [40, 41]. The pipeline processed 35,890 cells in approximately 
30 minutes on the external dataset, a throughput that supports its use on datasets of 
a size that would be impractical to label by hand.

The segmentation pipeline showed a median per image counting error of about 
50.76% on the external dataset. It is because of a single fixed watershed param-
eter configured across images with widely varying cell densities. The clustering 
results remained statistically reliable in spite of this error, indicating that the EFD 
based feature extraction and grouping is not heavily affected by the segmenta-
tion noise present in this dataset, which is important for practical use in clinical 
analysis. The Ruggeri et al. [15] and Fabijańska [16] focused on cell counting and 
segmentation. Vigueras-Guillén et al. [17] used a supervised CNN to achieve count 
errors below 5% but did not perform unsupervised morphological phenotyping 
or report cross dataset validation. Daniel et al. [24] released the U-Net-segmented 
external corpus used here but did not undertake downstream classification. 
The present work extends these studies in two respects. First, EFD based shape 
descriptors are combined with unsupervised clustering on a 35,890 cells dataset. 
Second, cross dataset silhouette stability is reported with Friedman and Wilcoxon 
statistical evidence.
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6	 CONCLUSION

This work developed and statistically validated a morphological framework 
for clustering corneal endothelial cells into biologically meaningful phenotypes. It 
tested across a total of 36,069 cells drawn from two independent datasets. On the 
primary dataset, EFD Standard features produced a mean silhouette score of 0.6213 
and ranked consistently highest across all images, with a large practical advantage 
over traditional clinical metrics (Cohen’s d = 5.290). Applying the same approach 
to the large external dataset confirmed these findings are statistically significant. 
The Friedman test showed that the feature set choice significantly affected cluster-
ing quality as chi-square = 1298.16, p < 0.001. EFD Standard features outperformed 
Zernike with Wilcoxon p < 0.001 and Cohen’s d = 4.889. The traditional clinical 
metrics showed a large and statistically significant performance drop at scale with 
Wilcoxon p < 0.001. The three identified cell clusters align with published descrip-
tions of normal, early stressed, and severely stressed endothelial cell morphology. 
PMMA images containing a higher proportion of the latter two groups (moderately 
regular cells and irregular or elongated cells) as expected from the known biolog-
ical effects of that lens type. Future work would include developing adaptive seg-
mentation that adjusts to varying cell densities, exploring deep learning based cell 
detection at a pre-processing step, and carrying out formal clinical validation of the 
identified phenotypes through collaboration with clinical experts to confirm its use-
fulness for practical real world applications.
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