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Abstract—In image clustering applications, deep feature clus-
tering has recently demonstrated impressive performance, which
employs deep neural networks for feature learning that favors
clustering exercises. In this context, density-based methods have
emerged as the preferred choice for the clustering mechanism
within the framework of deep feature clustering. However, as the
performance of these clustering algorithms is primarily effective
on the low-dimensional feature data, deep feature learning models
play a crucial role here. With far infrared (FIR) thermal imag-
ing systems working in real-world scenarios, the images captured
are largely affected by blurred edges, background noise, thermal
irregularities, few details, etc. In this work, we demonstrate the
effectiveness of granular computing-based techniques in such sce-
narios, where the input data contains indiscernible image regions
and vague boundary regions. We propose a novel adaptive non-
homogeneous granulation (ANHG) technique here that can adap-
tively select the smallest possible size of granules within a purview of
unequally-sized granulation, based on a segmentation assessment
index. Proposed ANHG in combination with deep feature learning
helps in extracting complex, indiscernible information from the
image data and capturing the local intensity variation of the data.
Experimental results show significant performance improvement
of the density-based deep feature clustering method after the in-
corporation of the proposed granulation scheme.

Index Terms—Adaptive non-homogeneous granulation, Ameri-
can sign language, deep feature clustering, density-based clust-
ering, far infrared thermal imaging, granular computing.

I. INTRODUCTION

IN RECENT times, collaborative robotics has gained much
prominence, and, from industrial sectors to domestic utilities,

assistive robots and human-robot interaction (HRI) systems have
emerged as more useful options [1]. In such systems, vision-
based, audio-based, and wearable sensor-based interfaces offer
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commonly used interaction modalities [2]. In the applications
of speech detection, speaker identification, source localization,
aural emotions study, musical stimulation, etc., auditory signal-
based modalities are the most commonly used ones for inter-
action [2]. Non-contact, wear-free sensors are largely favored
over the contact-based sensors in e.g. environmental monitoring,
human detection and following, human-centered navigation,
etc. [3], [4], [5]. Non-contact, vision sensing systems include
RGB imaging cameras, depth cameras, thermal/infrared (IR)
imagers [6], [7], [8], [9], [10], [11], [12]. Among vision-based
systems, hand gestures from human are popular input stimuli
because of their hassle-free acquisition and intuitive interpre-
tation [13]. However, human hand gestures can often be open
to various expositions and ambiguous meaning across different
geographical and socio-cultural boundaries.

To uniformly standardize the interpretation of hand gestures
in a more distinct and unambiguous way, several sign languages
(SLs) have been formed [14]. As of today, there exist several SL
dictionaries worldwide, among which American sign language
(ASL) is one of the most popularly used ones [13]. The American
manual alphabet (AMA) library contains 36 hand signs i.e. 26
letters from the English language and 10 numerals. In the present
research work, we have considered hand signs corresponding
to those 10 numerals from the AMA. 10 distinct hand gesture
signs according to the standard finger-spelling library of AMA
have been captured from human volunteers using a far infrared
thermal imaging camera (FIR-TIC). Despite user comfort and
other advantages of color vision sensing, they impose some
challenges in real-world scenarios, e.g., improper ambient il-
lumination, poor night vision, sensor noise, etc. To combat
issues like insufficient lighting or varying illumination, thermal
imaging systems offer excellent alternatives to the regular RGB
systems. Thermal cameras can work efficiently in both day and
night conditions, under adverse weather conditions, significant
background variations, etc. However, infrared images still suf-
fer from challenges, such as blurred edges, background noise,
thermal irregularities, low signal-to-noise ratios, as well as few
details.

In this study, we propose a novel, robust framework of
image clustering to partition the dataset of challenging FIR
sign language images into clusters, such that images that are
similar to one another are placed together in the same cluster,
while dissimilar images are grouped into different clusters.
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Being an unsupervised approach of learning, clustering some
unlabeled irregular real-world data becomes more challenging
than classifying the same with labeled inputs. Image clustering
is a technique used in computer vision and machine learning
to group similar images together into clusters based on their
visual features. However, for higher-dimensional image data,
clustering becomes a very cumbersome task, primarily because
of difficulty in obtaining reliable similarity measures in the
high-dimensional space [15]. Therefore, in general, the image
clustering approaches first lower the dimensionality of the data
using feature extraction or feature selection methods, and then
carry out clustering in reduced dimensional space. The features
could include color histograms, texture patterns, shapes, edges,
or even higher-level features extracted from pre-trained deep
neural networks (DNNs).

Recent development of deep clustering techniques in this re-
gard, have shown significant improvement in the clustering per-
formance in the latent learned feature space [16]. Deep clustering
methods combine the power of deep learning techniques with
traditional clustering algorithms to learn feature representations
from data and then perform clustering based on those learned
representations. Deep embedded clustering (DEC) [17], deep
clustering network (DCN) [18], deep convolutional clustering
method (DCCM) [19], etc. are a few state-of-the-art deep clus-
tering techniques to name here. Despite being able to utilize
deep features for cluster representations, most of these methods
essentially apply a partitional clustering mechanism in the latent
feature space and usually require the prior information of number
of clusters, which is not very practical in real-world situations.

Among popular traditional clustering techniques, such as par-
titional clustering, hierarchical clustering, density-based clus-
tering, spectral clustering, etc. [20], density-based methods [20]
have the advantages, over other clustering algorithms, of being
able to detect clusters that are irregularly shaped and sized,
and they do not require the number of clusters to be specified
prior, which is particularly useful for practical clustering tasks.
In addition, these methods are less sensitive to initialization
conditions and are also very robust to outliers. Density-based
spatial clustering of applications with noise (DBSCAN) [21],
DENsity-based CLUstEring (DENCLUE) [22], ordering points
to identify cluster structure (OPTICS) [23] are some of the
popular density-based clustering methods. However, these tech-
niques are primarily implemented in the original feature space
and they do not perform well when grouping images with high
dimensionality, owing to the limited representation capability.

Very recently, several deep clustering techniques, namely,
deep density clustering of unconstrained faces (DDC-UF) [24],
deep embedding determination (DED) [25], etc., have been
proposed to deal with the issue of estimating the number of
clusters K, which is a major issue in clustering problems and
a proper estimation of K is non-trivial. Nevertheless, these
techniques do not take into account the local structures inside
each cluster and prevent points from having distinct roles based
on their densities. Addressing the same, Ren et al. has proposed
a two-stage deep density-based clustering (DDC) [15] method
for images that significantly improves clustering performance
by taking into consideration both the importance of points

and local cluster structures. However, the performance of deep
clustering techniques is largely influenced by the aptness of
features extracted by DNN models, whereas the performance
of DNNs are dependent on the nature of the input data to a great
extent.

In this work, we have incorporated a computing framework
known as granular computing (GrC) [26] to broadly abstract
useful knowledge and information from the image data be-
fore feeding into the deep networks. In recent years, GrC has
rapidly gained popularity, which helps in extracting complex,
indiscernible information from data in form of information
granules. The GrC has been an integral part of a rough en-
tropy thresholding (RET) method applied in various computer
vision applications. Pal et al. first developed the maximum RET
(MRET) method [27] in which crisp granulation is performed
on the image, i.e., non-overlapping square blocks of fixed size
are used to granulate the image. The granule size is chosen
to be half of the smaller peak of the image histogram. Later,
the MRET method was extended by Dariusz and Jaroslaw [28]
to include multilevel thresholding in combination with evolu-
tionary algorithms (EAs). In this study, overlapping rectangular
blocks were employed to perform image granulation. In [29],
a novel spatio-temporal segmentation method based on the
MRET algorithm was proposed for moving object recognition.
This study considered quad-tree decomposition (QtD) for image
granulation. In recent times, Lei and Fan [30] defined a novel
form of square rough entropy to quantify the image roughness,
and proposed the corresponding image thresholding algorithm.
In this work, the granule size was selected to be one half of
the minimum peak width in the homogeneity histogram, taking
noise into account. However, a common drawback of all these
granulation techniques is that none of them can automatically
determine the granule size in conjunction with image informa-
tion, which is especially crucial in the context of real-world
images subjected to photometric challenges, e.g., non-uniform
ambient illumination, poor night vision, background clutter,
sensor irregularities, etc.

To address this limitation, very recently, a novel granulation
method for adaptively selecting the granule size, called adaptive
granulation Renyi rough entropy thresholding (ARRET) algo-
rithm [31], has been proposed, which works on the principle of
maximizing the uniformity of the segmented regions of image.
In this method, the size of the granule can be chosen adaptively
in accordance with the input image. The study also introduces
a parametric rough entropy on the basis of Renyi entropy form.
More flexibility is provided by the new Renyi rough entropy
measure with the inclusion of parameter. Homogeneous crisp
granulation serves as the foundation for the ARRET algorithm,
where the size of the even granules stays constant throughout
the image and the algorithm adaptively determines the optimal
granule size based on the image information.

However, our experimental study reveals that the image seg-
mentation performance of the homogeneous granulation based
ARRET method deteriorates when, instead of standard datasets,
raw high-dimensional vision data with challenging attributes
acquired by real sensors is taken into consideration (for in-
stance, visual color images or infrared images having local
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Fig. 1. Overall architecture of the proposed thermal sign language recognition
scheme ANHG-DDC.

intensity variations and varying clumping profiles captured by
a real camera or thermal imager). As already mentioned, there
are several techniques of granule formation for dealing with
the ambiguity in images. The shape of the granule could be
even or uneven with fixed or variable size. Uneven granules
with varying size are more natural and effective in dealing
with real-world circumstances, particularly for image areas with
varied levels of distinguishability. The quad-tree decomposition
(QtD) [29] is a popular non-homogeneous granulation approach
in this context, which generates different sized uneven gran-
ules of regular shape based on the spatial proximity and gray
level homogeneity of the image pixels. However, the extent of
decomposition, i.e., the smallest possible granule size is not
uniform for all images and directly influences the segmentation
outcomes. Therefore, selecting an appropriate minimum granule
size is a crucial task in the context of image thresholding [31].
In this work, a novel adaptive non-homogeneous granulation
(ANHG) method is proposed to adaptively select the minimum
granule size for the QtD algorithm based on a segmentation
assessment index, so that an optimal segmentation threshold is
obtained for a single-channel image. The concept of threshold
determination can easily be extended for three-channel RGB
images.

In the present study, a new density-based deep feature clus-
tering model integrating our proposed ANHG technique is
developed, which is referred to as ANHG-aided deep density-
based clustering (ANHG-DDC). The functional diagram of the
ANHG-DDC scheme is given in Fig. 1.

The contributions of the work are summarized as follows:
i) To the best of our knowledge and belief, this study is

first of its kind to demonstrates how the photometrically
challenging FIR image data of AMA finger-spelling nu-
merals can be grouped into an appropriate number of
disjoint clusters, not knowing anything about the label
information or the number of clusters beforehand.

ii) Considering real-world photometric challenges, such as
non-uniform ambient illumination, poor night vision,
background clutter, sensor irregularities, etc., this study
proposes a novel adaptive non-homogeneous granulation
technique to determine the threshold for segmentation of
a single-channel image. The smallest possible granule
size for the non-homogeneous granulation is selected
adaptively in accordance with the input image.

Fig. 2. Originally captured raw FIR image with Sonel KT − 384 and its
processed versions with Sonel ThermoAnalyze software v1.7.0.10.

iii) The proposed work is also unique in formulating a ro-
bust two-tier feature extraction and learning framework,
where an adaptive non-homogeneous granulation scheme
is cascaded to a deep feature learning mechanism with a
view to extracting the complex, indiscernible information
from the image data as well as capturing the varying local
intensity distribution of the data.

The rest of this article is organized as follows: Section II
demonstrates the FIR-TIC-based data acquisition system and
the dataset created. Section III first presents the proposed
ANHG based threshold determination (ANHG-TD) algorithm
for a single-channeled image, and then demonstrates how an
advanced fuzzy logic-based color image segmentation scheme
can subsequently be employed to perform segmentation of the
three-channel FIR images. Section IV describes the deep density
clustering framework involved in this work, which incorpo-
rates a deep feature learning mechanism and a density-based
clustering approach. The obtained results with extensive ex-
perimental studies are reported in Section V along with its
analyses and inference studied. Finally, Section VI concludes the
article.

II. EXPERIMENTAL BENCH AND DATA ACQUISITION

Thermal cameras have advantages against illumination vari-
ation and are suitable especially under dark environments and
unstructured environments in presence of background clutter [9].
For capturing the hand sign images, we have utilized a far
infrared thermal imaging camera. FIR thermal images demon-
strating the fingerspelled AMA numerals have been captured
from 20 volunteers aged 18− 45 years. During data acquisition,
the plane of the volunteer’s hands in the air and the plane of the
camera were kept parallel. An originally captured raw image
using IRONBOW color palette with temperature marker and
its processed equivalents are shown in Fig. 2 [33]. The col-
ormap with temperature gradient demonstrates how the variation
in temperature contributes in different color tones across the
images. For detailed experimental platform and configuration,
please refer to Section V-A.

For each volunteer, 10 sets of images have been taken cor-
responding to individual classes i.e., 1− 10, giving a total of
2000 images. Fig. 3 presents representative hand sign images
from individual classes, acquired from various participants.
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Fig. 3. Sample FIR thermal fingerspelling images depicted in IRONBOW
palettes representing the AMA numerals (a) 1, (b) 2, (c) 3, (d) 4, (e) 5, (f)
6, (g) 7, (h) 8, (i) 9, and (j) 10.

III. COLOR IMAGE SEGMENTATION BASED ON ADAPTIVE

NON-HOMOGENEOUS GRANULATION

A. Concept of Adaptive Non-Homogeneous Granulation
Based on the Uniformity Measure (UM)

In QtD method [29], a rectangular/square window is picked
from the image and then QtD is performed over the pixels inside
the corresponding window, depending on the differences in their
gray levels. The image is continued to be decomposed as long as
the difference between the minimum and maximum gray levels
within a granule does not drop below a certain threshold. The
decomposition is carried out by recursively partitioning a chosen
image segment into four equal quadrants. The size and extent of
decomposed granules are governed by a pre-specified granule
detection threshold, which is roughly approximated based on the
25th and 75th percentile information from the image gray-level
distribution.

The experimental analysis, however, demonstrates that the
empirical threshold may give rise to improper granule formation,
especially when non-bimodal FIR sign-language images with
non-uniform local densities and differing clumping tendencies
are considered. Moreover, if the smallest possible granule size
(denoted as minGrSz) for the QtD is reasonably large, it can
potentially result in the loss of desirable image information. On
the other hand, relatively smaller minGrSz may lead to the
detection of spurious unwanted regions, as well as a failure to
capture distinctive features of the images. Therefore, variation
in the minGrSz can have a direct impact on the segmentation
results, which is demonstrated with a representative example in
Fig. 4. In this work, we present a new approach for selecting
the most favorable minGrSz by optimizing the segmentation
evaluation index corresponding to each region of the segmented
image, with a view to automatically granulating the image using
the image information.

A popular index for evaluating the quality of image segmenta-
tion is uniformity measure (UM) [31], denoted herein by α. The
uniformity of an image region has an inverse relationship with
the variance of the region. A greater region uniformity indicates
that the grayscale distribution is more concentrated. Assuming
that τ is the threshold used to segment the image, the UM α can
be calculated by using the following equation:

α = 1− 1

β

1∑
k=0

ϑ2
k (1)

Fig. 4. (a) A representative FIR sign language image; Segmentation results:
(b) A relatively higher minGrSz (minGrSz = 35) leads to the loss of several
desirable regions, (c) The minGrSz = 2 results in detection of different spu-
rious unwanted regions, as well as missing crucial image features, and (d) An
intermediate minGrSz (minGrSz = 17) demonstrates comparatively better
granulation effect.

withϑ2
k denoting the variance within the k-th region in the image

undergoing segmentation (k = 0, 1), the normalized constant,
β, makes α fall within the interval [0, 1]. The value of β is in
general taken as greater than the maximum image variance. The
larger the α value, the greater the uniformity of the regions in
the segmented image.

Now, as discussed earlier, results of segmentation may vary
depending on the smallest possible granule sizes minGrSzs.
The optimal minGrSz, denoted by minGrSz∗, should be such
that it leads the α to approach its maximum value

minGrSz∗ = arg max
minGrSz

α (2)

To maximize the UM α, the choice of the parameter minGrSz
is varied. The α corresponding to each threshold τ can be
calculated using (1). For each minGrSz within a defined range,
an optimal threshold τ̃ will be obtained by the thresholding
algorithm. The optimal minGrSz, i.e. minGrSz∗, can be de-
termined using (2) while the minGrSz travels through its value
range. Hence, this reflects a nested optimization framework [31].
The value interval of minGrSz is selected as: [2, �Û/2�],
Û = min{U, V }, with Û being the minimum between the width
V and height U of the image.

B. Proposed Adaptive Non-Homogeneous Granulation Based
Threshold Determination (ANHG-TD) Algorithm

The work proposes a segmentation threshold determination
algorithm for a single-channel image based on a novel adaptive
non-homogeneous granulation technique, where the smallest
possible size of the granules formed by quad-tree decomposition
technique is adaptively selected based on the segmentation
assessment index (UM) α. The value of the index α depends
on the threshold τ , while τ itself varies in accordance with
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the minimum granule size. Hence, the said algorithm, referred
to as ANHG-TD, is executed through a nested optimization
mechanism. The proposed ANHG-TD algorithm is detailed in
Algorithm 1.

The ANHG-TD algorithm contains two loops. The first loop
sees the minGrSz rise from its minimum to maximum values.
For each individual minGrSz, quad-tree decomposition tech-
nique is applied on the input image and the image is subdivided
into non-overlapping square blocks with the smallest possible
size of minGrSz, which are more homogeneous compared to the
image itself. Inside the second loop, the threshold τ rises from the
minimum to the maximum gray levels present in the input image.
For each τ , based on the knowledge of the non-homogeneous
granules formed, the rough set representations of the foreground
Fτ and background Bτ are given as follows [27]:

The inner and outer approximations of the foreground (de-
noted as F τ and F τ , respectively):

F τ =

{⋃
k

Φk|qi > τ∀i = 1, . . . , ukvk, with qi ∈ Φk

}
(3)

F τ =

{⋃
k

Φk, ∃i, i=1, . . . , ukvk s.t. qi>τ, with qi∈Φk

}

(4)

The inner and outer approximations of the background (denoted
as Bτ and Bτ , respectively):

Bτ =

{⋃
k

Φk|qi ≤ τ∀i = 1, . . . , ukvk, with qi ∈ Φk

}
(5)

Bτ =

{⋃
k

Φk, ∃i, i=1, . . . , ukvk s.t. qi≤τ, with qi∈Φk

}

(6)

where a non-overlapping window with size uk × vk is con-
sidered as the granule Φk and qi is a pixel in Φk. Then, the
foreground and background roughnesses (denoted as ρFτ

and
ρBτ

, respectively) are calculated as follows [27]:

ρFτ
= 1− |F τ |

|F τ |
=

|F τ | − |F τ |
|F τ |

(7)

ρBτ
= 1− |Bτ |

|Bτ |
=

|Bτ | − |Bτ |
|Bτ |

(8)

where | · | is the cardinality of a set. Given the roughnesses ρFτ

and ρBτ
, the rough entropy of the image (denoted as στ ) can be

computed by using the following equation [27]:

στ = −e

2
[ρFτ

loge (ρFτ
) + ρBτ

loge (ρBτ
)] (9)

The optimal threshold τ̃ is obtained by performing the maxi-
mization of the rough entropy, as indicated in (9)

τ̃ = argmax
τ

στ (10)

The threshold τ̃ categorizes the pixels in the input image into
two classes. Then, with the help of (1), the UM α is computed
according to τ̃ . So, anα value and an optimal threshold τ̃ will be

Algorithm 1: The Proposed ANHG-TD Algorithm.

Input: Single-channel image;
Output: Segmentation threshold for the image τ̃s;

1: Initialization: m: lower limit of the smallest possible
granule size minGrSz, M : upper limit value of the
minGrSz, gray_min: minimum gray level of the
image, and gray_max: maximum gray level of the
image.

2: for minGrSz = m to M do
3: Perform QtD on the image with minGrSz;
4: for threshold τ = gray_min to gray_max do
5: Compute the inner and outer approximations of the

foreground and background by the threshold τ
in accordance with (3)–(6);

6: Compute the roughness values of the foreground and
background by using (7) and (8);

7: Compute the rough entropy by (9);
8: end for
9: Determine the optimal threshold τ̃(minGrSz) with the

help of (10);
10: Calculate the uniformity measure α(minGrSz) corre-

sponding to τ̃(minGrSz) based on (1);
11: end for
12: Determine the optimal minimum granule size

minGrSz∗ according to (2);
13: The optimal threshold corresponding to the minGrSz∗

is the segmentation threshold τ̃s for the image.

obtained corresponding to each minGrSz. A certain minGrSz
for which the UM α achieves the maximum value is selected as
the optimal minGrSz (denoted as minGrSz∗). The optimal τ̃ ,
which corresponds to the optimal minGrSz, i.e. minGrSz∗, is
considered the segmentation threshold τ̃s for the input image.

C. Fuzzy Logic-Based Color Image Segmentation

Considering the aspects, such as loss of information in RGB
to grayscale conversions [8] or lack of useful information in
single-channel images compared to multi-channel images, an
advanced fuzzy logic-based color image segmentation scheme
has been adopted in this work. In this approach, instead of
a single-channel or grayscale FIR image, a more informative
RGB (three-channel) FIR image is considered, whose individual
channels are granulated with our proposed ANHG technique and
the respective thresholds for segmentation are determined. Let
the segmentation threshold values in R, G, and B channels be
respectively denoted as τ̃sr, τ̃sg , and τ̃sb. Based on these thresh-
old values, pixels in an image are assigned as foreground or
background pixels. As the intensity value I(p) of an individual
pixel p approaches the segmentation threshold τ̃ from the lower
side, its likelihood to be categorized as a foreground pixel
increases. Similarly, pixel intensity values lesser than the seg-
mentation threshold τ̃ make the pixel’s likelihood tend towards
becoming a background pixel. This foreground-background
likelihood of the image pixels can be better represented by
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Fig. 5. Reverse order pi fuzzy membership function for granular foreground-
background segmentation: (a) Overall membership, (b) Foreground member-
ship, and (c) Background membership.

fuzzy membership functions. Considering the nature of varia-
tion, we have considered a reverse order pi fuzzy membership
(ROPFM) function here. Another equally fitting fuzzy rule-
base in this regard is offered by a reverse order triangular
fuzzy membership (ROTFM) function. Let the minimum and
maximum values of pixel intensities be defined as Ilow and
Ihigh which are usually set to 0 and 255, respectively. For
an individual pixel p, the foreground membership μf (I(p)),
background membership μb(I(p)), and the overall member-
ship μ(I(p)), with respect to the pixel intensity variation fol-
lowing ROPFM function is demonstrated in Fig. 5. Conse-
quently, the foreground fuzzy membership values in R, G, and
B color channels are obtained as {μf (I(p))}r, {μf (I(p))}g ,
and {μf (I(p))}b, respectively. Similarly, the respective back-
ground fuzzy membership values are calculated as {μb(I(p))}r,
{μb(I(p))}g , and {μb(I(p))}b. Hence, the combined fore-
ground and background memberships are respectively obtained
as:

{μf (I(p))}c = {μf (I(p))}r + {μf (I(p))}g + {μf (I(p))}b
{μb(I(p))}c = {μb(I(p))}r + {μb(I(p))}g + {μb(I(p))}b

(11)

For {μf (I(p))}c ≥ {μb(I(p))}c, the pixel is assigned as a fore-
ground pixel and for {μf (I(p))}c < {μb(I(p))}c, the pixel is
assigned as a background pixel. Now, to obtain the final seg-
mented image, foreground pixels are thresholded up to a value
of 1, whereas the background pixels are thresholded down to
0. Segmented images thus obtained based on ANHG technique
are next fed to the deep feature learning module for the purpose
of extracting effective low-dimensional feature representations
from high-dimensional image data, as demonstrated in the fol-
lowing section.

The flowchart of the overall color image segmentation scheme
based on our proposed ANHG technique with reverse order pi
fuzzy rule-base is presented in Fig. 6. Moreover, representative
RGB-channel hand sign images and their corresponding ANHG-
segmented images are shown in Fig. 7.

IV. DENSITY-BASED DEEP FEATURE CLUSTERING

Let a given dataset comprising n number of raw RGB FIR im-
ages be denoted as X = {x1, x2, . . . , xn}, with each xi ∈ 
D

lying in aD-dimensional space. Also, we assume that the dataset
of the corresponding segmented images obtained with the pro-
posed ANHG technique is represented as X = {xi ∈ 
D′ }ni=1.
The overall framework of DDC is divided into two stages: (i)

deep granulated feature learning and low-dimensional mapping,
and (ii) density-based clustering. It does not require any prede-
fined cluster count or class labels, as it inherently estimates an
suitable number of clusters and shapes in the reduced space.

A. Granulated Feature Learning Via Deep Autoencoder

A deep autoencoder or simply autoencoder is a typical artifi-
cial neural network for encoding and representing the input data
in a dimensionality reduced form. Such representations become
very useful in unsupervised data learning problems such as
image clustering. An autoencoder is made of three components:
encoder, code, and decoder. The encoder z = fθ(x) projects an
input data point x to its low-dimensional representation z. This
encoded representation can be retrieved from the part defined
as code. Finally, a decoder reconstructs the learned data in its
original space as x′ = gφ(z). Here, θ and φ define the set of
network parameters for the encoder and decoder, respectively. In
this work, deep convolutional autoencoder (CAE) is adopted for
clustering the thermal sign images. CAE solves the optimization
problem defined as [34]:

argmin
θ,φ

1

n

n∑
i=1

‖xi − gφ(fθ(x̃i))‖22 (12)

Here, corrupted samples are denoted by x̃, which can be
infiltrated by random noises e.g., Gaussian noise. (12) uses the
generalized representation of a denoising autoencoder. After
the deep autoencoder is trained (solving (12)), a set of en-
coded feature representations is observed, which is defined as
Z = {zi = fθ(xi) ∈ 
d}ni=1. Later, for better visual represen-
tation and optimal fitting of the density-based clustering, this
d-dimensional representation of the data is further transformed
into a 2-dimensional space using t-distributed stochastic neigh-
bor embedding (t-SNE) [36], which has excellent capability to
preserve pairwise similarity.

B. Density-Based Clustering

The density-based clustering approach DDC approximates
suitable clusters from the data in the 2-dimensional feature
space without any previously defined cluster number. Follow-
ing t-SNE, let the data in the 2D feature space be defined as
Y = {yi ∈ 
2}ni=1.

1) Generation of Local Clusters: Similar to ‘clustering by
fast search and find of density peaks’ (DenPeak) [37], in DDC,
two quantities are computed first for each point yi: the local
density ρi and its distance δi from the higher density points. In
DDC, the density parameter ρi is defined as [15]

ρi =
∑

yj∈Y\{yi}
exp

(
−
(
Δij

Δc

)2
)

(13)

The Euclidean distance between data points yi and yj is defined
as Δij with a predefined distance cutoff Δc. With a higher
density of data point yi, the value of ρi increases. The distance
parameter δi of yi refers to the minimum Euclidean distance
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Fig. 6. Flow diagram of the overall color image segmentation scheme based on adaptive non-homogeneous granulation.

Fig. 7. (a)–(c) Representative FIR hand sign images in IRONBOW color
palettes, and (d)–(f) their corresponding ANHG-segmented versions.

between yi and points with larger densities than yi.

δi = min
j:ρj>ρi

(Δij) (14)

For the data points with highest density, its density parameter ρ is
considered as the maximum of pairwise distances. In DDC, the
points with comparatively larger ρ and δ values are considered
as local cluster centers. Mathematically, the criteria can be
expressed as

δi > Δc and ρj > ρ̃ (15)

where ρ̃ represents the average of all the density values {ρi}ni=1

corresponding to the data points {yi}ni=1.
It can easily be verified that a local cluster center yi possesses

the highest density in its Δc-neighborhood represented by a
circular region with center yi and radius Δc. After obtaining all
of the local cluster centers, each remaining data point is assigned
to the cluster as its nearest neighbor with a greater density. A
group of clusters are then identified, which will be utilized to
produce the final clustering outcome.

2) Combining Local Clusters: Assuming N local clusters
{LC(1), LC(2), . . . , LC(N)} are found, the final clustering out-
put will be achieved by combining them. In this context, the
definitions of core and border points need to be realized. A data
point yi, assumed to be from local cluster LC(m), is considered
a core point if the following condition is met:

ρi > ρ̃(m) (16)

with ρ̃(m) = 1
cm

∑
yj∈LC(m) ρj being the average density of the

data points belonging toLC(m) and cm being the total number of
data points in LC(m). If not, yi is taken into account as a border
point.

The connectivity of clusters is also need to be accounted for
attaining the final clustering output, which is defined as [15]:

I. A cluster LC(m) is considered to be directly density-
connectable from another cluster LC(p) when

∃ core points yi ∈ LC(m) and yj ∈ LC(p), such thatΔij < Δc

(17)
II. A cluster LC(m) is considered to be density-connectable to
another cluster LC(p) when

∃ a pathLC(m) = LC1, LC2, . . . , LCu = LC(p) (18)

where local cluster LCl is directly density-connectable from
local cluster LCl−1 (l = 2, . . . , u) and u is length of the path.

The final clustering result is eventually obtained after merging
all the density-connectable local clusters. Following the merger
of two local clusters, the higher-density cluster center becomes
the center of the newly combined cluster. Further details of the
clustering algorithm DDC can be found in [15].

For ease of comprehension, the overall ANHG-DDC model
is summarized in Algorithm 2. Also, due to space limitations,
computational complexity analysis of the ANHG-DDC model
is presented in Section S-I of the “Supplementary File”.

V. RESULTS AND DISCUSSIONS

A. Experimental Platform and Configuration

In our experiments, we have utilized a completely
radiometric thermal imaging camera KT − 384 manufactured
by Sonel, Poland, as shown in Fig. 8 [32]. The microbolometric,
non-cooled, matrix-type detector of KT − 384 offers a ther-
mal pixel resolution of 384× 288 and thermal sensitivity of
< 0.08◦C [32]. The human volunteered image data acquisition
process has been carried out inside an indoor laboratory with an
approximate heat index of 22− 24◦C temperature and 77% hu-
midity. After acquisition, raw images are preprocessed through
the Sonel ThermoAnalyze software v1.7.0.10. The acquired hand
sign images have been taken into the RGB-channel IRONBOW
color palette before feeding into the ANHG-DDC module. For

Authorized licensed use limited to: Indian Statistical Institute  Kolkata. Downloaded on March 28,2025 at 07:16:46 UTC from IEEE Xplore.  Restrictions apply. 



1276 IEEE TRANSACTIONS ON EMERGING TOPICS IN COMPUTATIONAL INTELLIGENCE, VOL. 9, NO. 2, APRIL 2025

Algorithm 2: The Proposed ANHG-DDC Approach.

Input: 1) Dataset of RGB FIR sign language images X ,
2) Distance cutoff Δc;

Output: The final clustering distribution;τ̃s;

1: Stage 1 → RGB color image segmentation based on
ANHG-TD algorithm

2: for each image xi ∈ X do
3: Apply Algorithm 1 on individual channels of xi and

determine the respective segmentation thresholds τ̃ (i)sr ,
τ̃
(i)
sg , and τ̃

(i)
sb .

4: for each pixel p ∈ xi do
5: Compute the combined foreground and background

fuzzy memberships, {μf (xi(p))}c and {μb(xi(p))}c,
by using ROPFM function, in accordance with (11).

6: if {μf (xi(p))}c ≥ {μb(xi(p))}c
7: Classify p as a foreground pixel.
8: else
9: Classify p as a background pixel.

10: end for
11: Generate the segmented image for xi, denoted as xi.
12: end for
13: Form the dataset of ANHG-based segmented images X

corresponding to X .
14: Stage 2 → Deep granulated feature learning
15: Train a deep convolutional autoencoder (CAE) using

(12).
16: Use the encoder fθ(·) to transform X into

lower-dimensional feature representations Z .
17: Perform mapping of Z into a two-dimensional space Y

by using t-SNE.
18: Stage 3 → Density-based clustering
19: \∗ Generation of local clusters ∗\
20: for each data point yi ∈ Y do
21: Calculate ρi and δi using (13) and (14), respectively.
22: end for
23: Select local cluster centers using (15).
24: Assign all the remaining data points to the clusters and

realize a set of local clusters
{LC(1), LC(2), . . . , LC(N)}.

25: \∗ Producing the ultimate clustering outcome ∗\
26: Specify the data points from the local clusters as core or

border points based on (16).
27: Combine all the density connectable (whether directly or

not) local clusters using (17) and (18).
28: Return the final clustering output achieved.

all the experimental run, we have used our FIR-TIC-captured
fingerspelling image database described in Section II, originally
containing a total 2000 images corresponding to 10 different
types of AMA numerals.

B. Parameter Settings of the Deep Neural Network (DNN)

The network of the convolutional autoencoder (CAE) imple-
mented in this work is: CONV 5

32 → CONV 5
64 → CONV 3

128

Fig. 8. Sonel KT − 384 FIR-TIC used in the data acquisition process.

→ FC10 → CONV 3
128 → CONV 5

64 → CONV 5
32 [15]. Here,

for example, CONV 5
64 indicates a convolutional layer charac-

terized by a 5× 5 kernel and 64 filters. The value of stride is
selected as 2. Moreover,FC10 represents a fully connected layer
comprising 10 neurons. Except for the input, embedding, and
output layers, all internal layers in the CAE are activated by the
ReLU function. The number of neurons in the FC layer matches
the number of output classes, which is also manifested by the
dimensionality of learned feature representations Z (i.e., 10).

The loss function is the error function which is assessed during
the neural network training phase and the training attempts to
minimize the losses. In this work, the ‘mean squared error’ loss
function is tested. The optimizer that is used to minimize the
loss is ‘adam’. The batch size, which is the number of samples
per gradient update, is set to 256.

In order to avoid intractable computation time during the
hyperparameter optimization process, the number of epochs is
kept at a reasonably low value for all parameter combinations. It
has been observed that 500 epochs are sufficient for the CAE to
converge. Furthermore, the initialization scheme adopted for the
CAE is ‘Xavier initialization’ or ‘Glorot uniform Initialization’.
Xavier Initialization aims to initialize the weights in a way
that maintains the same variance of activations across every
layer. The constant variance helps prevent the gradient from
disappearing or exploding.

C. Experimental Results and Performance Evaluations

Originally the dataset contains 2000 granulated binary images
of hand signs uniformly distributed across classes 1− 10. To
improve the performance of the DNN model, the dataset has
been further augmented and enhanced by increasing the image
samples count to 10000. We have selected a width shift of
5%, height shift of 5%, and a rotational range of ±10◦ for
data augmentation. Before feeding into the DNN, individual
granulated images have been resized into a pixel dimension
of 32× 32. With the deep features obtained from the DNN
model of deep autoencoder, t-SNE has been performed further
to realize the final two-dimensional features of the data. These
two-dimensional features have been utilized to obtain the final
clusters in the latent feature space by using the DDC technique.
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TABLE I
CLUSTERING PERFORMANCE OF DIFFERENT GRANULATION

TECHNIQUES-AIDED DEEP DENSITY-BASED CLUSTERING APPROACHES ON THE

ORIGINALLY ACQUIRED DATASET

For the comparative analyses, we have considered no granula-
tion (XG), homogeneous granulation (HG), non-homogeneous
granulation (NHG), ARRET, and the proposed approach of
ANHG in conjunction with DDC approaches (denoted as XG-
DDC, HG-DDC, NHG-DDC, ARRET-DDC, and ANHG-DDC,
respectively) in the experimental studies. The average clustering
performance of the originally acquired dataset with 2000 sam-
ples without data augmentation has been reported in Table I, for
all of the four above-mentioned competing techniques. Three
clustering evaluation metrics have been considered here, namely
clustering accuracy (ACC),1 normalized mutual information
(NMI), and adjusted rand index (ARI) [15]. Bold entities in
Table I represent the best results obtained with the competing
techniques corresponding to three performance metrics. The
same convention is followed for the remaining tables presented
in this paper and the tables in the associated Supplementary File.
Without any form of granulation the system achieves a clustering
accuracy of 41.85%. While, even with the most primitive form
of granulation, i.e., HG-aided DDC, the accuracy jumps up
to a value of 57.03%. This clearly demonstrates a significant
improvement in the clustering performance on the FIR images
after the incorporation of image granulation. The accuracy has
been further improved to 62.86% and 64.61% with the un-
evenly shaped granulation technique (i.e., NHG)-aided DDC
and adaptive crisp granulation technique (i.e., ARRET)-aided
DDC models, respectively. Finally, with our proposed granu-
lation technique ANHG-aided DDC, a substantially enhanced
clustering accuracy of 69.77% has been achieved, outperforming
the previously competing methods. The corresponding NMI
and ARI values as reported in Table I also develop a similar
understanding here. The clustering results in this case is visually
depicted in Fig. 9(a1)–(a5).

In a similar manner, experiments have been carried out with
the augmented FIR hand sign dataset containing 10000 image
samples. The average results for all the granulation techniques-
aided DDC methods have been reported in Table II. With data
augmentation, significant performance improvement can be seen
corresponding to all of the five granulation techniques, owing

1Computation of clustering accuracy is based on figuring out the optimal
setting that would maximize the metric, where “setting” indicates what labels in
predicted clusters correspond to what labels in ground-truth clusters. The label
mapping, essentially a linear sum assignment problem, is also referred to as
minimum weight matching in bipartite graphs. Here modified Jonker-Volgenant
algorithm [38] with no initialization is used to solve the graphs.

TABLE II
CLUSTERING PERFORMANCE OF DIFFERENT GRANULATION

TECHNIQUES-AIDED DEEP DENSITY-BASED CLUSTERING APPROACHES ON THE

AUGMENTED DATASET

TABLE III
PERFORMANCE COMPARISON AMONG THE PROPOSED ANHG-DDC AND THE

INTEGRATED APPROACHES COMBINING VARIOUS DR TECHNIQUES AND

k-MEANS ALGORITHM

to the architecture of deep feature extraction models. With-
out any granulation, clustering accuracy has been improved
to 51.46%. The ARRET-DDC model produces an accuracy
of 73.28%, which is a significant improvement of clustering
performance, especially for a database with highly variational
features. However, our proposed ANHG technique based DDC
outperforms the remaining four models with an accuracy of
78.77%. The corresponding NMI and ARI values have also been
mentioned in the table, and a similar performance improvement
in terms of those can be seen with the ANHG-DDC. In this
case, the representative clustering results of all the competing
models are pictorially demonstrated in Fig. 9(b1)–(b5), which
reveals a more coherent and ordered clustering behavior for the
ANHG-DDC.

After that, to demonstrate the effectiveness of our proposed
ANHG-DDC, the method is compared with a number of in-
tegrated approaches combining various non-granulation tech-
niques and non-density-based clustering methods. In this con-
text, various popular classical dimensionality reduction (DR)
techniques, namely Laplacian eigenmap (LE), isometric map-
ping (ISOMAP), t-SNE, and uniform manifold approximation
and projection (UMAP) [39], [40], have been combined with a
widely used partitional clustering method, i.e., k-means clus-
tering [20] (herein referred to as LE + k-means, ISOMAP + k-
means, t-SNE + k-means, and UMAP + k-means, respectively).
The average clustering performances of these integrated ap-
proaches, as well as the ANHG-DDC are presented in Table III,
which evidences that the ANHG-DDC significantly outperforms
all four models in terms of clustering accuracy, NMI and ARI
results.

Also, for the sake of fair and unbiased comparison, the clus-
tering performance of the proposed ANHG-DDC is compared
to that of three other well-established density-based clustering
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Fig. 9. Clustering performances of different granulation technique-aided deep density-based clustering approaches on the FIR image dataset without augmentation:
(a1) XG-DDC, (a2) HG-DDC, (a3) NHG-DDC, (a4) ARRET-DDC, and (a5) ANHG-DDC. Clustering performances of different granulation technique-aided deep
density-based clustering approaches on the FIR image dataset with augmentation: (b1) XG-DDC, (b2) HG-DDC, (b3) NHG-DDC, (b4) ARRET-DDC, and (b5)
ANHG-DDC. Clustering performances of the integrated approaches combining various DR techniques and k-means algorithm on the augmented FIR image
dataset: (c1) LE + k-means, (c2) ISOMAP + k-means, (c3) t-SNE + k-means, and (c4) UMAP + k-means. Clustering performances of various ANHG-aided deep
density-based, deep spectral, and deep subspace clustering models: (d1) ANHG-DDC-DN, (d2) ANHG-DDC-OP, (d3) ANHG-DDC-DB, (d4) ANHG-DSPC, (d5)
ANHG-DSSC(bu), and (d6) ANHG-DSSC(td) on the augmented FIR image dataset.

algorithms, viz. DENCLUE, OPTICS, and DBSCAN, embed-
ded variants of ANHG-DDC, formulated in this study itself
(herein referred to as ANHG-DDC-DN, ANHG-DDC-OP, and
ANHG-DDC-DB, respectively). The corresponding results are
reported in Table IV, which shows that the ANHG-DDC consis-
tently produces better mean clustering results than its competing
variants embedding density-based mechanisms.

Furthermore, performance comparison is made between the
ANHG-DDC and several other deep granulated feature clus-
tering approaches. In this context, a deep spectral clustering
(DSPC) method based on popular Ng–Jordan–Weiss (NJW)
algorithm [41], and two deep subspace clustering (DSSC) meth-
ods respectively based on well-established CLIQUE (CLus-
tering In QUEst) [42], a bottom-up subspace approach, and
PROCLUS (PROjected CLUStering) [43], a top-down subspace
approach, have been introduced in the proposed ANHG-DDC

TABLE IV
COMPARISON OF CLUSTERING PERFORMANCE OF THE PROPOSED ANHG-DDC

AND VARIOUS ANHG-AIDED DEEP DENSITY-BASED, DEEP SPECTRAL, AND

DEEP SUBSPACE CLUSTERING MODELS

framework replacing the DDC method. The resulting models,
formulated in this work itself, are referred to as ANHG-DSPC,
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ANHG-DSSC(bu), and ANHG-DSSC(td), respectively. Similar
to ANHG-DDC, ANHG-DSPC or ANHG-DSSCs first extracts
low-dimensional feature representations from granulated image
data using a deep CAE and then adopt t-SNE to map the
learned features into a 2-D space, while maintaining the data
instances’ pairwise similarity. Finally, a spectral or subspace
clustering method, i.e., NJW, CLIQUE, or PROCLUS is applied
on the 2-D embedded data to produce the final clustering result.
Considering a k clustering problem, the NJW algorithm divides
up a dataset by employing the largest k eigenvectors of the
normalized affinity matrix obtained from the dataset. CLIQUE
is a grid-based subspace approach that locates density-based
clusters in subspaces. PROCLUS is a k-medoid-like approach,
which, using a sample of a high-dimensional data set, first forms
k candidate cluster centers for the dataset and then iteratively
refines the subspace clusters. Table IV presents the compari-
son of average clustering results obtained by ANHG-DSPC,
ANHG-DSSC(bu), ANHG-DSSC(td), and ANHG-DDC, which
reveals the supremacy of the proposed ANHG-DDC over other
three competing models. As evidenced by Table IV, overall, the
class of deep density-based clustering algorithms outperforms
the deep spectral or subspace clustering methods, indicating
that they are better suited for the thermal image dataset under
investigation.

The representative visual demonstrations of the clustering re-
sults obtained by the above 10 approaches, i.e., (i) LE +k-means,
(ii) ISOMAP + k-means, (iii) t-SNE + k-means, (iv) UMAP
+ k-means, (v) ANHG-DDC-DN, (vi) ANHG-DDC-OP, (vii)
ANHG-DDC-DB, (viii) ANHG-DSPC, (ix) ANHG-DSSC(bu),
and (x) ANHG-DSSC(td) are presented in Figs. 9(c1)–(d6),
respectively. The selection of parameter values for different
models follows the guidelines provided in the respective seminal
works. From the comparison of Figs. 9(d1)–(d6) and Fig. 9(b5),
it is also evident that the ANHG-DDC manifests more regular
and definite distribution of clustering in comparison to the
competing methods.

Additionally, we conduct a comprehensive experimental in-
vestigation to evaluate the clustering performance of the pro-
posed ANHG-DDC in various challenging settings, which, due
to space limitations, are presented in different sections of the
“Supplementary File”. Firstly, we assess the clustering efficacy
of the ANHG-DDC in diverse thermally challenging environ-
ments, which is presented in Section S-II. Then, to demonstrate
the generalizability and universality of the ANHG-DDC on
other relevant potential datasets and datasets of other application
fields, performance evaluations are conducted in Section S-III.
Finally, robustness of the ANHG-DDC at different noise levels
is studied in Section S-IV.

VI. CONCLUSION AND FUTURE WORKS

The present study demonstrates how the photometrically af-
fected far infrared image data of AMA finger-spelling numerals
can be categorized into a suitable number of disjoint clusters,
without having any prior knowledge about the label information
or the number of clusters. For this purpose, a robust granular
computing-aided deep feature learning framework has been
designed to derive effective low-dimensional feature represen-
tations from high-dimensional image data. In this context, the

work has proposed a novel granulation approach ANHG, where
the smallest possible granule size for quad-tree decomposition
is obtained adaptively in alignment with the characteristics
of the input image. Once the feature extraction and learning
process is over, the low-dimensional representations are further
reduced to a 2-D space with the application of t-SNE. Then
density-based clustering is exercised on the 2-D embedded data
to automatically identify a suitable number of arbitrarily shaped
clusters. Experimental results and performance evaluations aptly
demonstrate the superiority of our proposed ANHG-aided DDC
over the original DDC, as well as its variants integrating different
rough entropy based granulation techniques, formulated in this
work itself. An intriguing area of future research is to embed the
concept of transfer learning or semi-supervised learning into the
framework of DDC.
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