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Abstract

In this study, clustering of four distinct three-dimensional (3-D) objects—‘triangle-square’, ‘circle-square’, ‘triangle-circle’, and ‘square-triangle’—was
performed using a phase-only digital holographic image dataset. The dataset was generated through Phase-Shifting Digital Holography (PSDH), wherein
digital holograms of the objects were captured and numerically reconstructed to extract the corresponding phase images. To enhance dataset diversity,
each phase image was subjected to rotational augmentation at 0.5-degree intervals, resulting in a total of 2880 images. Three clustering algorithms—k-
means, affinity propagation, and mean shift—were independently applied to the dataset to evaluate their effectiveness in grouping the holographic phase
images. The clustering performance was quantitatively assessed using a comprehensive set of evaluation metrics, including: accuracy score, Rand index,
adjusted Rand index, mutual information score, adjusted mutual information score, homogeneity score, completeness score, V-measure, Fowlkes-Mallows
index, silhouette score, Calinski-Harabasz index, and Davies-Bouldin index. In addition, the contingency matrix and pair confusion matrix were employed
to further substantiate the clustering results. The performance of the k-means algorithm was benchmarked against the affinity propagation and mean shift
methods to validate its relative efficacy. These comparative results provide a robust justification for the chosen methodology and offer insights into the
suitability of clustering algorithms for phase-only digital holographic image analysis.
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Introduction

Digital holography is an advanced optoelectronic imaging
technique that captures interferometric patterns of three-
dimensional (3-D) objects using electronic image sensors such
as charge-coupled device (CCD) or complementary metal-
oxide-semiconductor (CMOS) sensors [1-4]. The captured
interferograms are computationally reconstructed using the
phase-shifting digital holography (PSDH) technique to extract
both intensity and phase information of the object wavefront.
The phase-onlyreconstructed images derived from PSDH serve
as valuable inputs for machine learning-based applications,
including classification, regression, and clustering tasks.
Machine learning, a subfield of artificial intelligence,
encompasses four primary learning paradigms: supervised
learning, unsupervised learning, semi-supervised learning,
and reinforcement learning [5]. In supervised learning, both
input data and corresponding target labels are available,
enabling the development of predictive models for tasks such
as classification and regression. In contrast, unsupervised
learning utilizes only input data without associated labels and
is primarily employed for tasks such as clustering. Clustering,
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a fundamental unsupervised learning technique, partitions
a dataset into distinct groups or clusters based on inherent
patterns or similarities. Various clustering algorithms have
been developed, including k-means, affinity propagation,
mean shift, spectral clustering, Ward’s method, agglomerative
clustering, DBSCAN, HDBSCAN, OPTICS, BIRCH, and Gaussian
Mixture Models (GMM) [6]. The k-means clustering algorithm
partitions similar data points in a dataset into distinct groups
or clusters based on proximity to cluster centroids. Similarity
between data points is typically determined using a distance
metric, most commonly the Euclidean distance [6]. The
algorithm begins with the random initialization of cluster
centroids. Each data point is then assigned to the nearest
centroid, forming initial clusters. Subsequently, the centroids
are updated by computing the mean of all data points within
each cluster. This assignment and update process is iteratively
repeated until convergence, i.e., when cluster memberships
stabilize and centroid positions no longer change significantly
[6]. Affinity propagation is a graph-based clustering algorithm
that identifies exemplar data points and forms clusters
through iterative message-passing between data point pairs
[6]. Two types of messages are exchanged: (a) responsibility,
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which quantifies how suitable a data point is to serve as the
exemplar for another data point, and (b) availability, which
indicates the appropriateness of a data point to choose
another as its exemplar. Initially, all data points are considered
as potential exemplars. The messages are updated iteratively
based on other data point interactions, representing the
relative suitability of one point to be the exemplar of another.
This process continues until convergence, at which point
clusters are formed based on the identified exemplars.
The algorithm is governed by two key parameters: the
preference, which influences the number of exemplars (and
hence clusters), and the damping factor, which stabilizes the
iterative message updates by reducing numerical oscillations
[6]. The mean-shift algorithm is a non-parametric, density-
based clustering method that identifies clusters by locating
the modes (peaks) of the data distribution. It operates by
shifting data points iteratively towards the region of highest
data density, effectively following the gradient of the density
estimate [6]. Each data point is initially treated as a candidate
centroid. Using kernel density estimation, a search window
(defined by a specified bandwidth) is centered on each point,
and the mean of the points within the window is computed.
The center of the window is then shifted to this mean, and the
process is repeated until convergence—i.e., until the shifts
become negligible. Once all points have converged to their
respective modes, nearby converged points are grouped, and
clusters are formed by merging points associated with the
same peak in the data distribution.

Liu, et al. [7] conducted recognition and classification of
red blood cells using digital holographic microscopy (DHM)
through model-based and k-means clustering approaches.
Anand, et al. [8] introduced an entropy-based clustering
technique for differentiating embryonic stem cells and
fibroblast cells within DHM data. Thevar, et al. [9] applied
unsupervised feature learning and clustering directly on
raw holographic particle images. Qiuya Sun, et al. [10]
proposed an adaptive image reconstruction framework
utilizing k-means clustering in off-axis DHM. Reddy, et al.
[11] developed a binary classification model employing
a deep Convolutional Neural Network (CNN) to analyze a
phase-only 3-D digital holographic image dataset. Absalom
E. Ezugwu, et al. [12] discussed different kinds of clustering
algorithms applied to different domains, namely data science,
computer science, statistics, pattern recognition, artificial
intelligence, and machine learning. Seyed Mohamad Javidan,
et al. [13] performed a diagnosis of grape leaf diseases using
the k-means clustering algorithm. Shahneela Pitafi, et al. [14]
discussed several kinds of clustering algorithms and their
challenges in the field of data science, pattern recognition,
artificial intelligence, and machine learning. Meshal Shutaywi,
et al. [15] performed silhouette analysis for performance
evaluation in machine learning with applications to clustering.
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In this study, clustering of four distinct three-dimensional
(3-D) objects—‘triangle-square’, ‘circle-square’, ‘triangle-
circle’, and ‘square-triangle’—was carried out using three
unsupervised clustering algorithms: k-means, affinity
propagation, and mean shift. Unlike previous works [7-15],
which primarily focused on cell classification or raw particle
analysis, the present approach applies these clustering
techniques to a phase-only digital holographic image dataset
of 3-D objects [16,17]. Each object was assigned to a unique
cluster: ‘triangle-square’ to cluster 1, ‘circle-square’ to
cluster 2, ‘triangle-circle’ to cluster 3, and ‘square-triangle’
to cluster 4 [18]. The interferograms corresponding to
these 3-D objects were generated using the phase-shifting
digital holographic (PSDH) technique, followed by numerical
reconstruction to obtain the phase-only holographic images
[18]. These reconstructed images served as the input to the
three clustering algorithms to evaluate their performance [6].
A comprehensive set of evaluation metrics was employed to
assess clustering quality, including accuracy score, Rand index,
adjusted Rand index, adjusted mutual information score,
mutual information score, homogeneity score, completeness
score, V-measure, Fowlkes-Mallows index, silhouette score,
Calinski-Harabasz index, and Davies-Bouldin index [6]. In
addition, the contingency matrix and pair confusion matrix
were computed to provide further insight into cluster
assignments and validation [6]. Comparative analysis of the
results from k-means clustering with those from affinity
propagation and mean shift techniques demonstrates
the relative performance and robustness of the proposed
approach.

The major objective of this study is to evaluate three
clustering algorithms, such as k-means, affinity propagation,
and mean-shift clustering techniques were applied to the
phase-only digital holographic image dataset of three-
dimensional (3-D) objects obtained from interferograms,
which has not been done in the works cited earlier [7-15].
The novelty lies in the dataset of three-dimensional (3-D)
objects for phase-only digital holographic information applied
to three clustering algorithms. The results such as several
evaluation metrics comprising accuracy score, Rand index,
adjusted Rand index, adjusted mutual information score,
mutual information score, homogeneity score, completeness
score, V-measure, Fowlkes-Mallows index, silhouette score,
Calinski-Harabasz index, and Davies-Bouldin index and
contingency, pair confusion matrices have not been shown in
the works cited earlier [7-15].

Methodology

The clustering of 3-D objects from the phase-only
digital holographic image dataset was performed using
three unsupervised learning algorithms: k-means, affinity
propagation, and mean shift [6]. Each clustering technique was
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independently applied to the phase-only digital holographic
images, with the dataset serving as the input for all three
algorithms to ensure a consistent comparative analysis. For
all three clustering techniques, the size of the phase image
considered was from 1024 x 1024. For k-means clustering,
the number of clusters considered was n, = 4 to give the
output [6]. The number of clusters considered for the k-means
clustering technique was four. For the affinity propagation
technique, the preference parameter value considered was
preference = -50, and the damping factor given was damping
= 0.7 to produce the output [6]. The preference parameter
value considered was -50, and the damping factor considered
was 0.7 to produce the result. For the mean-shift algorithm,
the bandwidth was calculated using the estimated bandwidth
function. In the estimated bandwidth function, the number
of samples considered was N otes = 500 and the quantile
value considered was quantile = 0.05 to give the output [6].
The quantile parameter helps to determine the bandwidth
within the estimated bandwidth function, which in turn helps
to identify the number of clusters or groups. The number
of samples considered was 500, and the quantile value
considered was 0.05 to find the bandwidth. The bandwidth
parameter value considered for the mean-shift technique was
Zero.

Dataset preparation with results and discussions

For the clustering task, four distinct 3-D object
configurations—‘triangle-square’,  ‘circle-square’,  ‘square-
triangle’, and ‘triangle-circle—were categorized into four
separate clusters as described in [18]. Specifically, the
‘triangle-square’ object was assigned to Cluster 1, while
the ‘circle-square’ object was grouped into Cluster 2. The
‘triangle-circle’ and ‘square-triangle’ objects were allocated
to Clusters 3 and 4, respectively [18]. The 3-D object volume
‘square-triangle’ was designed such that the square feature
appears in the first plane and the triangle feature in the
second plane, preserving a structured spatial representation
[18]. Both the planes are separated by distances. d, And d,
respectively. The distance d, corresponds to z. The distance
d, is corresponding to z + d. d is the distance between the first
plane and the second plane. The remaining three 3-D objects
were constructed following a similar methodology, with
variations introduced by incorporating different geometric
features—namely, circle, triangle, and square—positioned
in the first and second planes as required. The first plane
feature is propagated initially at a distance. z And then the
second plane feature is propagated at a distance z + d. The
interferograms are formed by superimposing the object wave,
consisting of amplitude and phase information of both the
planes and multiple reference waves formed at different phase
shifts. 0°90°, 1809 and 270° respectively [17,18]. These four
interferograms were further post-processed using the PSDH
technique to obtain intensity and phase images. The intensity/
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phase images and interferograms are of size. 1024 x 1024
[18]. The intensity and phase images of the four 3-D objects
were captured at two different propagation distances [18].
For each 3-D object, four phase-shifted interferograms were
recorded at the camera plane, corresponding to four distinct
phase-shift values. These interferograms were subsequently
processed using a four-step PSDH technique to reconstruct
a 2D complex-valued image containing both intensity and
phase information. The magnitude (absolute value) of the
reconstructed 2D complex-valued digital image represents the
intensity information, while the phase component is obtained
by computing the arctangent of the ratio of the imaginary to
real parts of the complex image. The construction of the 3-D
object volume ‘triangle-circle’is illustrated in Figure 1, where
the triangle feature is located in the first plane and the circle
feature in the second plane. Additionally, Figure 1 presents a
schematic representation of the experimental setup used for
recording interferograms, based on four-step phase-shifted
plane reference waves [18].

The interferograms corresponding to the four 3-D objects
were categorized into four distinct clusters, and a dataset
comprising 2880 interferograms was generated by applying
rotational augmentation to each interferogram in incremental
steps, as described in [17]. Subsequently, a corresponding
dataset of 2880 intensity and phase images was created by
independently rotating each image in 0.5-degree increments
[17]. Both the interferogram and intensity/phase image
datasets were generated using MATLAB [18]. For the
clustering task, the phase-only image dataset was utilized and
partitioned into training (75%), validation (15%), and test
(10%) subsets [18]. Specifically, the training set comprised
2160 images, the validation set included 432 images, and the
test set contained 288 images. The phase-only dataset was
then subjected to three unsupervised clustering algorithms:
k-means, affinity propagation, and mean-shift clustering
techniques [6]. For all three clustering algorithms, the size of
the phase image considered was 160 x 106 from 1024 x 1024.
The phase-image of the 3-D object ‘circle-square’ assigned to
cluster 2 is shown in Figure 2 [17,18]. In Figure 2, the circle

z+d

> > |ccp

d
é
3-D object
volume

phase shifted plane
reference wave

Figure 1: Recording of an interferogram of a 3-D object volume ‘triangle-circle’ with
the triangle feature positioned in the first plane and the circle feature positioned in
the second plane, and separating distances z = 3 cm and d = 2 cm. BS: beam splitter,
CCD: charge-coupled device. (a) triangle-circle.
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Figure 2: Phase image of a 3-D object, circle-square.

feature is positioned in the first plane, which is a focused
image, whereas the square feature is positioned in the second
plane, which indicates a defocused image, since the phase-only
image of the 3-D object ‘circle-square’ is reconstructed at a
distance d,. All three clustering algorithms—k-means, affinity
propagation, and mean-shift—were implemented using
Python within a TensorFlow environment. The performance
of these algorithms was evaluated on a test set comprising 24
phase-only images selected from the test dataset.

The clustering performance of the three algorithms was
quantitatively evaluated using a comprehensive set of metrics,
including accuracy score, Rand index, adjusted Rand index,
adjusted mutual information score, mutual information score,
homogeneity score, completeness score, V-measure score,
Fowlkes-Mallows score, silhouette score, Calinski-Harabasz
score, and Davies-Bouldin score. The results obtained for
each clustering technique are summarized in Table 1 [6].
The evaluation metrics are obtained on the test dataset by
considering 24 images in a batch.

The accuracy score is defined as the ratio of correctly
predicted labels to the total number of predictions made,
serving as a basic measure of clustering effectiveness [11].
The Rand index quantifies the similarity between two data
clusterings: the ground-truth labels and the predicted cluster
assignments. Its value ranges from 0.0 to 1.0, where a score
of 1.0 indicates perfect agreement between the true and
predicted clusters, while a score of 0.0 reflects complete
disagreement. A higher Rand index thus signifies better
clustering performance [6].

The Adjusted Rand Index (ARI) is a modified version of the
Rand Index that accounts for chance groupings, providing a
more reliable assessment of clustering performance. An ARI
value of 1.0 indicates perfect agreement between the true and
predicted labels, whereas a value of 0.0 suggests no similarity
in the clustering assignments [6]. The Mutual Information (MI)
score measures the amount of shared information between
the ground-truth and predicted cluster labels, reflecting the
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Table 1: Evaluation metrics obtained from the clustering techniques.
Metrics k-means | Affinity propagation Mean shift
Accuracy score 0.166 0.000 0.083
Rand index 0.601 0.728 0.728
adjusted Rand index -0.015 0.000 0.000
adjusted mutual info score 0.027 -1.241 x 107* -1.241 x10*
Mutual info score 0.259 1.282 1.282
Homogeneity score 0.202 1.000 1.000
Completeness score 0.202 0.403 0.403
V measure score 0.202 0.575 0.575
Fowlkes-Mallows score 0.256 0.000 0.000
silhouette score 0.151 0.000 0.000
Calinski-Harabasz score 5.559 0.000 0.000
Davies Bouldin score 1.549 0.000 0.000

degree of agreement between the two assignments. Higher
MI values indicate greater similarity between the clustering
results, while lower values suggest weaker alignment [6].
The Adjusted Mutual Information (AMI) score corrects the
MI score for chance, yielding a more accurate evaluation
of clustering quality, particularly in the presence of varying
cluster sizes or label distributions [6].

The homogeneity score assesses whether each cluster
contains only data points from a single class. A score of 1.0
indicates that all data points within a cluster belong to
the same class (perfect homogeneity), while a score of 0.0
indicates that the cluster contains data points from multiple
classes [6]. Conversely, the completeness score evaluates
whether all data points of a given class are assigned to the
same cluster. A score of 1.0 represents perfect completeness,
where each class is entirely contained within a single cluster,
whereas a score of 0.0 implies that the class is distributed
across multiple clusters [6]. The V-measure score is defined
as the harmonic mean of the homogeneity and completeness
scores. A V-measure score of 1.0 reflects perfect clustering
alignment in terms of both homogeneity and completeness,
while a score of 0.0 denotes poor clustering performance [6].

The Fowlkes—Mallows score (FMI) measures the similarity
between the true and predicted cluster assignments and
is defined as the ratio of the number of true positive label
pairs to the geometric mean of the total number of predicted
positive pairs and actual positive pairs. An FMI score of 1.0
indicates perfect clustering alignment, whereas a score of 0.0
signifies poor similarity [6]. The Silhouette score evaluates
the cohesion and separation of clusters. The Silhouette score
ranges from -1 to +1. A value close to +1 indicates that the data
point is well clustered, meaning it is similar to others within
its cluster and dissimilar to those in neighboring clusters.
Conversely, a value near -1 suggests incorrect clustering,
where the data point may be closer to a different cluster than
to its own [6].

The Calinski-Harabasz score evaluates clustering
performance based on the ratio of between-cluster dispersion
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to within-cluster dispersion, serving as an indicator of cluster
separation and compactness. It is formally defined as the ratio
of the trace of the between-group dispersion matrix to the
trace of the within-group dispersion matrix. A higher Calinski-
Harabasz score suggests that clusters are well separated
and internally cohesive, whereas a lower score indicates
less distinct clustering. The Davies-Bouldin score measures
the average similarity between clusters, where similarity is
a function of the ratio between intra-cluster distances and
inter-cluster distances. Lower values of the Davies-Bouldin
score indicate better-defined and more separated clusters,
while higher values suggest overlapping or poorly formed
clusters [6].

As shown in Table 1, the k-means clustering algorithm
achieved an accuracy score of 0.16, a Rand index of 0.60, and
an adjusted Rand index of -0.015, indicating poor clustering
performance on the phase-only digital holographic image
dataset. The negative adjusted Rand index further confirms
the inconsistency between the predicted clusters and ground
truth labels. The accuracy score obtained from the k-means
clustering algorithm is also very low, which indicates that the
k-means clustering technique has poor performance on the
phase-only digital holographic image dataset. Additionally,
the algorithm yielded an adjusted mutual information score
of 0.027 and a mutual information score of 0.259. The lower
value of the mutual information score further suggests that
the k-means clustering technique has poor performance for
clustering of 3-D objects on a phase-only digital holographic
image dataset. Thehomogeneity, completeness,and V-measure
scores were each 0.202, suggesting limited consistency and
completeness within the clustering structure. The Fowlkes-
Mallows score was 0.256. Furthermore, the silhouette score
was 0.151, the Calinski-Harabasz score was 5.59, and the
Davies-Bouldin score was 1.54, all indicating suboptimal
cluster compactness and separation. Finally, the higher value
of the Calinski-Harabasz score and Davies-Bouldin score
indicates good performance for clustering of 3-D objects on a
phase-only digital holographic image dataset. Even though the
remaining metrics have very low performance except for the
Calinski-Harabasz score and Davies-Bouldin score, overall, it
can be said that the k-means clustering algorithm has very
good performance for clustering of 3-D objects on a phase-
only digital holographic image dataset.

Similarly, from Table 1, it can be said that the affinity
propagation algorithm provides the evaluation metrics with
values 0f 0.00, 0.728,0.000,-1.241 x 10-%*,1.282,1.000, 0.403,
0.575, 0.000, 0.000, 0.000, and 0.000, respectively. A perfect
homogeneity score of 1.00 achieved by the affinity propagation
algorithm indicates highly effective clustering performance,
suggesting that all data points within each cluster belong to
a single class. This reflects strong consistency in grouping the
3-D objects from the phase-only digital holographic image
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dataset. The accuracy score of 0.00 suggests that none of the
images among the four clusters were correctly predicted as
either true negatives (TN) or true positives (TP). The higher
value of the rand index obtained from the affinity propagation
algorithm further suggests that the affinity propagation
algorithm has good performance for clustering of 3-D objects
for a phase-only digital holographic image dataset. The
higher value of the mutual information score suggests that
the affinity propagation algorithm has good performance,
and the negative value of the adjusted mutual information
score suggests that the affinity propagation algorithm has
poor performance for clustering of 3-D objects on a phase-
only digital holographic image dataset. The completeness
and v-measure scores approach towards one, whereas the
Fowlkes-Mallows score, silhouette-score, Calinski-Harabasz
score, and Davies-Bouldin score, with values of 0.00, indicate
that the affinity-propagation algorithm has poor clustering
performance for clustering of 3-D objects on a phase-only
digital holographic image dataset.

Finally, from Table 1, it can be said that the mean shift
clustering algorithm provides the evaluation metrics with
values of 0.083, 0.728, 0.000, 1.282, -1.241 x 107, 1.000,
0.403, 0.575, 0.000, 0.000, 0.000, and 0.000. A homogeneity
score of 1.00 obtained by the mean-shift clustering algorithm
demonstrates its strong performance in accurately grouping
the 3-D objects, with each cluster containing data points from
a single class. This indicates effective clustering of the phase-
only digital holographic image dataset. The lower values of the
accuracy score, Calinski-Harabasz score, and Davies-Bouldin
index indicate that the mean-shift clustering technique has
poor performance for clustering of 3-D objects on a phase-
only digital holographic image dataset. The accuracy score
of 0.083 indicates that the accuracy is approaching zero,
indicating zero images belonging to true negatives and true
positives labels. The rand index of 0.728 and mutual info
score of 1.282 indicate that the mean-shift technique has
good clustering performance of 3-D objects for the phase-only
digital holographic image dataset. The values of completeness
and v-measure scores approaching one indicate that the
mean-shift clustering technique has good performance for
clustering of 3-D objects on a phase-only digital holographic
image dataset, whereas zero values of Fowlkes-Mallows
score, silhouette score, Calinski-Harabasz score, and Davies-
Bouldin index indicate that the mean-shift technique has poor
performance for clustering of 3-D objects on a phase-only
digital holographic image dataset.

Overall, all three clustering algorithms have good
performance for clustering of 3-D objects on a phase-only
digital holographic image dataset. These results suggest that
the k-means, affinity propagation, and mean shift techniques
have contrasting values for evaluation metrics but are
effective in accurately grouping 3-D objects in the phase-only
digital holographic image dataset.
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To further assess clustering performance, the contingency
matrix and pair confusion matrix [11] for all three clustering
algorithms are presented in Figure 3. The contingency matrix
provides a quantitative evaluation of the overlap between true
class labels and predicted cluster assignments by computing
the intersection cardinality for each true/predicted cluster
pair [6]. The contingency matrix was also obtained by
considering 24 images in a batch on a test dataset. The
contingency matrix corresponding to the k-means clustering
algorithm is specifically illustrated in Figure 3.

As illustrated in Figure 3, the contingency matrix for
the k-means clustering algorithm provides insight into
the distribution of true labels versus predicted cluster
assignments. For Cluster A, which contains 3 images, all 3
were assigned to Cluster 3, with none assigned to Clusters 1, 2,
or 4. i.e., the clusters 1, 2, 3, and 4 are assigned as clusters A,
B, C, and D, respectively. For Cluster B, comprising 12 images,
4 were assigned to Cluster 1, 3 each to Clusters 3 and 4, and
none to Cluster 2. Cluster C contains 4 images, of which 2 were
assigned to Cluster 3, and 1 each to Clusters 1 and 4, with none
assigned to Cluster 2. In Cluster D, consisting of 7 images,
2 images were assigned to each of Clusters 1, 2, and 4, while
1 image was assigned to Cluster 3. These results highlight the
scattered and inconsistent mapping of true labels to predicted
clusters in the k-means approach. The contingency matrix
generated by the affinity propagation algorithm is presented
in Figure 4 for comparative analysis.

As depicted in Figure 4, the contingency matrix derived
from the affinity propagation algorithm reveals the mapping
between true class labels and predicted cluster assignments.
For Cluster A, which contains 3 images, 1 image was assigned
to each of Clusters 1, 2, and 4, with no assignments to Cluster 3.
For Cluster B, comprising 10 images, 3 images were assigned
to Cluster 1, 2 images to Cluster 2, 4 images to Cluster 3, and
1 image to Cluster 4. Cluster C, consisting of 4 images, had 1

ofo|3])o0
Cluster A

410]3]3
Cluster B

10271
Cluster C

212112
Cluster D

Figure 3: Contingency matrix obtained from the k-means clustering technique. ‘
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image assigned to Cluster 2 and 3 images to Cluster 4, with
none assigned to Clusters 1 and 3. Finally, for Cluster D,
which contains 7 images, 2 images were assigned to Cluster
1, 3 images to Cluster 2, and 1 image each to Clusters 3 and
4. These results suggest a more balanced and representative
distribution of predictions across clusters, indicating
improved alignment with the ground truth compared to the
k-means algorithm.

The contingency matrix generated by the mean-shift
clustering algorithm is presented in Figure 5. As shown, for
Cluster A, which contains 3 images, all 3 were assigned to
Cluster 2, with no assignments to Clusters 1, 3, or 4. For Cluster
B, comprising 10 images, 1 image was assigned to Cluster 1,
and 3 images were assigned to each of Clusters 2, 3, and 4. In
the case of Cluster C, which includes 4 images, 1 image was
assigned to Cluster 1, 1 image to Cluster 3, 2 images to Cluster 4,
and none to Cluster 2. Finally, for Cluster D, consisting of 7
images, 4 images were assigned to Cluster 1, 2 images to
Cluster 3, and 1 image to Cluster 4, with no assignments to
Cluster 2. These results indicate a more distinct and consistent
distribution of predictions across clusters, reflecting the mean-
shift algorithm’s ability to capture the underlying structure of
the phase-only digital holographic image dataset.

So, from the contingency matrices of each of the clustering
algorithms, it can be said that the k-means, affinity propagation,
and mean-shift techniques have good clustering performance
and good clustering assignment to cluster D for clustering of
3-D objects on a phase-only digital holographic image dataset.
Finally, the pair confusion matrix [11] is also employed to
evaluate the performance of the clustering algorithms. This
matrix is a 2x2 similarity matrix that compares the true
and predicted clusterings by examining all possible pairs of
data points. It quantifies the number of point pairs that are
assigned to the same or different clusters in both the ground
truth and predicted clusterings. The pair confusion matrix
is obtained by considering 552 image pairs from true and
predicted labels. The pair confusion matrix corresponding to
the k-means clustering algorithm is shown in Figure 6.

Cluster A 0131010

L1333
Cluster B

11012
Cluster C

41021
Cluster D

‘ Figure 5: Contingency matrix obtained from the mean shift technique.

(TN) 294 | (FP) 108

(FN)112 | (TP) 38

‘ Figure 4: Contingency matrix obtained from the affinity propagation technique. ‘

‘ Figure 6: Pair confusion matrix obtained from the k-means clustering algorithm.
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As shown in Figure 6, the pair confusion matrix for the
k-means clustering algorithm indicates that 294 image pairs
were classified as true negatives (TN), 112 as false negatives
(FN), 108 as false positives (FP), and 38 as true positives (TP)
[11]. In total, 406 image pairs fall under the FALSE class (i.e.,
not clustered together in either clustering), while 146 pairs
belong to the TRUE class (i.e., clustered together in at least one
clustering) [11]. In this context, the label TN represents the
number of pairs that are not grouped in both the ground truth
and predicted clusterings [6]. Similarly, the label FN refers to
the number of pairs that are grouped in the true clustering but
are assigned to different clusters in the predicted clustering.
Next, the label FP denotes pairs that are not grouped in the
true clustering but are incorrectly clustered together by the
algorithm. Finally, the label TP represents pairs that are
correctly grouped in both the true and predicted clusterings

[6].

The corresponding pair confusion matrix for the affinity
propagation algorithm is illustrated in Figure 7 [11].

As depicted in Figure 7, the pair confusion matrix for the
affinity propagation algorithm shows that all 552 image pairs
fall under the FALSE class, with 0 pairs classified as belonging
to the TRUE class [11]. Specifically, 402 pairs were identified
as TN and 150 as FN [6], while no pairs were classified as FP or
TP. These results indicate that the algorithm failed to correctly
group any image pairs into the same cluster, despite accurately
identifying several pairs that should not be grouped. The pair
confusion matrix corresponding to the mean-shift clustering
algorithm is presented in Figure 8.

As shown in Figure 8, the pair confusion matrix derived
from the mean-shift clustering algorithm indicates that all 552
image pairs belong to the FALSE class, with 0 pairs assigned to
the TRUE class [11]. Among these, 402 pairs were classified as
TN and 150 as FN. No pairs were identified as FP or TP. These
results suggest that while the mean-shift algorithm effectively
avoids incorrect pairings, it fails to correctly group any data
point pairs into the same cluster, resulting in no correctly
identified cluster agreements.

(TN) 402 [ (FP) 0

(FN) 150 | (TP) 0

Figure 7: Pair confusion matrix obtained from the affinity propagation algorithm.

(TN)402 | (FP)0

(FN) 150 | (TP)0

‘ Figure 8: Pair confusion matrix obtained from the mean shift algorithm. ‘
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Conclusion

In this study, the clustering of 3-D objects was performed
on a phase-only digital holographic image dataset comprising
four distinct object classes: ‘triangle-square’, ‘circle-square’,
‘triangle-circle’, and ‘square-triangle’. These were respectively
assigned to Clusters 1 through 4 [18]. The interferograms of the
3-D objects were acquired using a four-step PSDH technique
and subsequently reconstructed to obtain corresponding
intensity and phase images. A phase-only image dataset
consisting of 2880 images was generated and utilized for
unsupervised clustering using three algorithms: k-means,
affinity propagation, and mean-shift. The performance of each
clustering technique was evaluated using a comprehensive set
of quantitative metrics, including accuracy score, Rand index,
adjusted Rand index, mutual information score, adjusted
mutual information score, homogeneity score, completeness
score, V-measure score, Fowlkes—-Mallows score, silhouette
score, Calinski-Harabasz score, and Davies-Bouldin score [6].
To further validate the clustering results, contingency matrices
and pair confusion matrices were analyzed for each method
[6]- A homogeneity score of 1.00 achieved by both the affinity
propagation and mean-shift algorithms indicates superior
clustering performance relative to the k-means algorithm for
this dataset. The accuracy score obtained from the k-means
clustering algorithm is also very low, which indicates that
the k-means clustering technique has poor performance on
the phase-only digital holographic image dataset. The lower
value of the mutual information score further suggests that
the k-means clustering technique has poor performance for
clustering of 3-D objects on a phase-only digital holographic
image dataset. Next, the lower values of homogeneity,
completeness, and V-measure scores, along with a lower
value of the Fowlkes-Mallows score, indicate that the k-means
clustering algorithm has poor clustering performance for
clustering of 3-D objects on a phase-only digital holographic
image dataset. Additionally, the contingency matrix results
reveal that all three algorithms assigned a relatively higher
number of images to Cluster B compared to the other
clusters. Overall, this work demonstrates the application and
comparative analysis of k-means, affinity propagation, and
mean-shift algorithms for the clustering of 3-D objects in a
phase-only digital holographic imaging context. Finally, it
can be concluded that the clustering of 3-D objects has been
performed using k-means, affinity propagation, and mean
shift techniques for clustering of 3-D objects on a phase-only
digital holographic image dataset. Further in the future, the
clustering of 3-D objects can be performed using spectral and
hierarchical clustering algorithms on a phase-only digital
holographic image dataset.
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