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Identification of Liquid-Vapor Phase Transition using
the Co-occurrence Matrix and Haralick Features

Abstract

Identification of a phase transition—specifically, the precise timing of the
critical temperature crossing—is challenging due to the thermal inertia of
the enclosure holding the fluid, the fluid’s finite thermal conductivity, con-
vective flows, and sedimentation. The human eye is particularly well adapted
to detecting such phase transitions in images produced by transmitted light
through critical fluids. In this study, we used Haralick image features that
most closely correspond to human visual perception to identify gas-liquid
phase transitions. The images were recorded during the phase transition
of sulfur hexafluoride (SFg) in microgravity—a particularly challenging sce-
nario.

The first goal of this study was to demonstrate that Haralick features
can identify a phase transition from recorded images of supercritical fluids
in microgravity. While highly sensitive to minute changes in image detail,
Haralick features are not inherently normalized; thus, conclusions based on
their values for a given image bit depth cannot be reliably compared to those
derived from images captured with different cameras or quantization schemes.

The second goal of this study was to identify empirical scaling laws for
Haralick features that enable the prediction of their behavior as image bit
depth varies. Such flexibility would allow direct comparison of results ob-
tained from phase transition datasets recorded using different quantization
schemes and imaging systems.

Keywords: Supercritical Fluids, Microgravity, Fluctuations, Phase
Separation, Image Processing, Scaling Laws, Haralick Features

1. Introduction

Since their introduction over five decades ago, Haralick features [1, 2]
have become some of the most widely used tools in image analysis and
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classification [3]. The human visual system is particularly adept at per-
ceiving image characteristics such as “smoothness” and “granularity,” which
are governed by second-order statistics to which the brain is naturally at-
tuned [4]. In grayscale images, first-order statistics capture intensity-based
moments—such as the mean and variance—derived from the image his-
togram. An image I(x,y) is defined as a two-dimensional array of size
N, x N, where each coordinate (z,y) represents the light intensity at a
specific pixel. For grayscale images, these intensity values I(z,y) are inte-
gers within the range N, = 0 to 2° — 1, known as gray levels, where b is
the image’s bit depth. For example, a binary black-and-white image has
b =1 and two gray levels: 0 (black) and 1 (white). In this study, we use
grayscale images with b = 8, i.e., N, = 256 levels ranging from 0 (black) to
255 (white). Second-order statistics rely on a bivariate histogram that cap-
tures the co-occurrence of intensity values at neighboring pixel locations—a
process believed to be mimicked by the human visual cortex [5].

The Gray Level Co-occurrence Matrix (GLCM), denoted Py(i,7), is a
bivariate histogram that counts how often pixel intensities ¢ and j occur at a
specific distance d = (Az, Ay) (in pixels) from each other. The GLCM is a
square matrix of size Ny, X N,, where IV, is the number of gray levels in the
image. Haralick proposed a set of scalar, dimensionless features derived from
the GLCM to summarize texture patterns [1, 2|. In this work, we use three
commonly cited Haralick features—Energy f; (Eq. 3), Contrast fo (Eq. 4),
and Correlation f3 (Eq. 6)—to analyze critical fluids [6, 7]. One reason for
the widespread adoption of Haralick features is their robustness to image
noise, which has minimal impact on texture analysis performance [8].

The macroscopic mechanical properties of materials are deeply influenced
by their microstructure, which evolves in response to mechanical, thermal,
or operational stresses. Phase separation plays a key role in materials pro-
cessing, including in metallic alloys [9], polymer blends, and polymer—liquid
crystal mixtures [10]. Analyzing microstructural features helps elucidate the
bulk properties of materials. The GLCM and Haralick features have proven
highly sensitive to phase transitions and are effective for quantifying thermo-
physical properties across diverse applications. Examples include identifying
metallurgical phases in steel microstructures [11], tracking surface hardening
during steel cooling [12], detecting two-phase transitions in steel [13], and
analyzing changes in microstructure due to tempering parameters [14].

In soft condensed matter systems, Haralick features have been employed
to detect phase transitions in polymers and liquid crystals (see [15, 16] and
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references therein). They have also enabled quantitative estimation of ther-
mophysical properties, including shear modulus, failure temperature, and
zero-shear viscosity in polymeric colloids [17].

As a fluid approaches its critical point, thermal fluctuations induce small
variations in local density, which in turn cause minute changes in the re-
fractive index [10, 18, 19, 20, 21]. These density fluctuations disrupt the
transmitted light intensity [18, 19, 22, 23, 24, 25, 26]. Near the critical point,
the fluctuations become long-ranged [27] and follow universal power-law be-
haviors that govern physical quantities such as thermal compressibility and
correlation length [28].

Gas—liquid mixtures near the critical temperature T, have been widely
studied [29, 30, 31, 32, 33, 34, 35, 36, 37, 38, 39, 40, 41, 42, 43, 44, 45, 46]. Due
to the high compressibility near T, such experiments are often conducted in
microgravity to avoid gravitational sedimentation and to suppress convective
flows [24, 31, 47, 48, 49].

When a control parameter (e.g., temperature) shifts and initiates phase
separation, minority domains grow dynamically in an out-of-equilibrium pro-
cess. Phase separation is not only a model system for non-equilibrium statis-
tical physics [50], but also holds significant practical importance [51, 52, 53].
Two-phase heat and mass transfer processes [54, 55| are fundamental to a
wide range of engineering applications [56, 57, 58].

Despite the effectiveness of Haralick features in texture classification,
careful consideration must be given to the GLCM parameters used in their
computation. For example, the image quantization scheme defines the num-
ber of gray levels N,, and thus the size of the GLCM. Reducing bit depth
enables faster computation but may lead to the loss of critical image informa-
tion. Moreover, Haralick features are sensitive to the choice of displacement
vector d = (Az, Ay) (in pixels). Yet, this dependency is typically explored
only qualitatively or empirically. Because Haralick features are not nor-
malized, variations in bit depth or displacement vector can produce vastly
different values for the same image. Ideally, one would derive analytical
models that predict how Haralick features scale with Ny and d—improving
reproducibility and enabling diagnostic standardization [59].

In the absence of such models, this study aims to: (1) evaluate whether
the three most commonly used Haralick features—Enerqgy f1, Contrast fo, and
Correlation fs3—are qualitatively sensitive to phase transitions in supercritical
fluids; and (2) empirically determine scaling laws for these features that could
be generalized to other critical phenomena and refined over time.
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Although Haralick features have been extensively used in image analysis,
to our knowledge, no prior study has applied them to characterize phase tran-
sitions in supercritical fluids. While a complete theoretical framework linking
light transmission and image formation in critical fluids is still emerging, this
work leverages the well-documented SFg phase transition in microgravity—an
especially challenging environment [43, 60, 61]—to qualitatively and quan-
titatively relate Haralick features to the macroscopic structures observed in
the resulting images.

The manuscript is organized as follows. Section 2.1 describes the exper-
imental data obtained under microgravity conditions. Section 2.2 reviews
the GLCM and the three Haralick features used: Energy f;, Contrast fo,
and Correlation f3. The results begin in Section 3.1 with an analysis of En-
ergy fi1, demonstrating its sensitivity to morphological changes during phase
transitions. We derive an empirical scaling law, f; oc N,*'d”*, where o and
B1 are scaling exponents for N, and the displacement vector magnitude d,
respectively. We observe similar sensitivity for Contrast f, (Section 3.2) and
Correlation f3 (Section 3.3). Section 4 offers a concise discussion contextu-
alized within related literature.

2. Materials and Methods

2.1. Transmitted Light Through a Supercritical Fluid in Microgravity

The ALICE2 facility [29, 62] was used to record images of density fluc-
tuations near the critical point of the pure fluid SFg under microgravity
conditions. Details of the experimental setup can be found in [29, 38, 43,
61, 63, 64, 65, 66, 67|. SFg is among the most convenient working fluids
used in weightlessness to investigate critical-point phenomena. Indeed, SFg
is an inert gas with a moderate critical pressure of p. ~ 3.8 MPa, a critical
temperature of T, ~ 45.6°C (T, =~ 318.733K), and a critical density of
pe = T734.3kg/m3, which facilitate experimentation [64, 68, 69]. Notably, it
was the working fluid in the ALICE2 experiments conducted aboard the MIR
space station between 1996 and 1999, which produced a wealth of images near
the critical point.

A cylindrical sample cell with an inner diameter of 12mm and an inner
thickness of 3.023 mm was filled with 99.98 % pure electronic-grade SFg (Al-
pha Gaz-Air Liquide) at a mean density slightly above the critical value [64].
Specifically, the fluid was prepared with a reduced density p* = (p—p.)/pe =
+ 0.02 %, where p is the mean density and p,. is the critical density [64].
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Light intensity measurements were performed using a He—Ne laser with
a vacuum wavelength Ao = 632.8 nm, a maximum power of approximately
1mW, and a laser stability better than 0.3 % after one hour [64]. Initially,
the sample cell was maintained at a constant temperature above T, for about
40 min (denoted the UP region in Fig. 1la). Subsequently, a thermal quench
of 300 pK lowered the temperature below 7., where it was held for another
40 min (the DOWN region in Fig. 1a). The onset of fluid separation following
the quench confirms that T lies between the UP and DOWN plateaux shown
in Fig. la [43, 60]. The temperature shown in Fig. la was recorded by a
thermistor embedded in the copper wall of the sample cell, providing an
approximation of the actual fluid temperature. This reading is influenced
by the higher thermal conductivity of the wall compared to that of the fluid
bulk [43, 61]. The temperature change during the quench occurred over
approximately 10s, as indicated in Fig. 1.

Images were recorded at 25 frames per second. Each frame was an 8-bit
grayscale image with dimensions 176 x 240 pixels and a spatial resolution of
3pm per pixel. This study focuses on the phenomena observed during the
early stages of phase separation.

Two types of light-scattering images were captured during the experiment:
(1) microscopic view images, acquired through a microscope objective and
analyzed in this study (see Fig. 1b and Fig. 1c); and (ii) full view images,
recorded without the microscope.

In the UP region, the first half of the microscopic images were focused
on the exit window of the sample cell, while the second half (including all
DOWN region images) was focused on the cell’s mid-plane. We analyzed 160
microscopic images from the UP region (approximately 6.4s of recording)
and 489 microscopic images from the DOWN region (approximately 19.5s),
as illustrated in Fig. la. Between these two recording periods, 472 full-view
images (approximately 18.9s) were captured without the microscope and
were excluded from the analysis.

Previous estimates of T, using the histogram method placed it about
47K above the DOWN plateau [43]. Using the dynamic structure factor
method, T, was estimated to lie between 15 pK to 42 pK above the DOWN
plateau for the same dataset [61, 70].

As shown in Fig. 1b, the density fluctuations observed above T, appear
structureless. However, immediately below T, interconnected domains begin
to form, serving as precursors to phase separation—clearly visible in Fig. 1c.
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Figure 1: Critical Fluctuations Above and Below Critical Temperature. (a)
Temperature profile during the final 300 pK thermal quench crossing 7. The first shaded
region marks the acquisition of 160 images in the UP region (T > T.), spanning approx-
imately 6.4s. The second shaded region marks the 489 images recorded in the DOWN
region (T < T,), spanning approximately 19.5s [61]. (b) A representative image from the
middle of the UP region.

(c) A representative image from the middle of the DOWN region.

2.2. Gray Level Co-occurrence Matriz (GLCM)

The light intensity I(x,y) in a two-dimensional grayscale image of size
N, x N, is quantized and stored as an array of integers ranging over N, gray
levels. In this study, we employed the default image intensity quantization
scheme, in which I(z,y) takes N, evenly spaced discrete values ranging from
0 (black pixels) to N, — 1 (white pixels). The number of intensity bins N,
is related to the image bit depth b through N, = 2°. A Cartesian coordi-
nate system with the origin at the upper-left corner of the image is used,
as shown in Fig. 2a. The displacement (or offset) vector d = (Ax, Ay) de-
fines a horizontal shift Az (rightward) and a vertical shift Ay (downward),
both measured in pixel units, between a reference (starting) pixel and its
corresponding target (neighboring) pixel.

The example in Fig. 2b shows a quantized image of size N, = 5 and
N, = 3, with a bit depth of b = 2, resulting in N, = 2° = 4 gray levels, i.e.,
N, ={0,1,2,3}.

The GLCM counts how many times a reference pixel with gray level ¢
co-occurs with a neighbor of gray level j at a displacement d = (Az, Ay)
pixels from each other [1]:

Paiyj) = (i, vi)s (5, 95)) - L, yi) = i & I(zy,y;) = j}, (1)

where # denotes the count of such pixel pairs. Here, (z;,;) are the coordi-
nates of the reference pixel with intensity ¢, and (z;,y;) = (z; + Az, y; + Ay)
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Figure 2: Gray Level Co-occurrence Matrix (GLCM). (a) Neighboring pixels rel-
ative to a central (reference) pixel (shaded) are identified by the displacement vector
d = (Az, Ay) (in pixels). For instance, the first-order neighbor up and to the right corre-
sponds to d = (1,—1) pixels. (b) A 5 x 3 image with 2-bit quantization. For d = (1,0)
pixels, the two elliptical shaded areas mark the only pixel pairs with gray levels i = 3
and j = 0. (c) The resulting GLCM Py(¢,j) for the image in (b) with d = (1,0) pixels.
The entry P4(3,0) = 2 reflects the two shaded pairs. (d) The corresponding normalized
GLCM pqa(i, 5).

are those of the neighboring pixel with intensity j. For instance, in Fig. 2b,
with d = (1,0) pixels, two pixel pairs have (i = 3,5 = 0), resulting in
P,(3,0) =2 in Fig. 2c.

The normalized GLCM is defined as:

O Pd Za]
pali,j) = # (2)

Z Pd(iv ])

=0 ;=0

K2

In an image of size N, x N, the number of horizontal pixel pairs for d = (1, 0)
pixels is R, = (N, — 1)N,, and for vertical displacement d = (0, 1) pixels, it
is Ry = (Ny—1)N,. In the example from Fig. 2b, R, = 12 and R, = 10. The
normalized GLCM shown in Fig. 2d for a displacement vector of d = (1,0)
pixels satisfies pq(3,0) = Py(3,0)/R, = 2/12 ~ 0.17.

Note that the GLCM in Fig. 2c is asymmetric. However, Haralick’s orig-
inal definition [I, 2] uses a symmetric version that counts both i — j and
J — i transitions (e.g., 3 — 0 and 0 — 3).

From this point onward, we adopt the symmetric GLCM definition and drop
the subscript d for motational simplicity.

Angular Second Moment (ASM), or Energy, measures image ho-



mogeneity and is defined as [1, 2|:

Ny—1Ng—1

=0 pig)* (3)

i=0 j=0

Higher ASM values indicate greater homogeneity. For a completely uniform
image with a single gray level (e.g., i = 0), p(0,0) = 1 and all other entries
are zero, yielding the maximum energy f; = N, ;.

Contrast (CON) quantifies the intensity difference between neighboring
pixels and is defined as [1, 2]:

Ng—1
fa= Y K pey (k) (4)
k=0
where the marginal distribution p,_, (k) is:
Ng—1Ng—1
p@*y(k) = 5\1—]\,]@ p(la.])v (5)
=0 j=0

with 6,,, denoting the Kronecker delta.

The function p,_, (k) aggregates GLCM entries where the absolute inten-
sity difference between pixel pairs is k. For example, p,_,(0) sums entries
along the GLCM’s main diagonal, while p,_,(1) sums the first diagonals
above and below it. Lower contrast values correspond to minimal intensity
differences, while larger differences contribute more heavily due to the &2
weighting. For a purely diagonal GLCM, where ¢ = j, the contrast is fo = 0.

Correlation (COR) captures the linear dependency between the gray
levels of neighboring pixels and is defined as [1, 2]:

Ng—1 Ng—1

;) ;) i p(i, J) — Hatly
fS == = = ) (6)

0.0y
where

Ny—1 Ny—1
pe(i) = > pli5), py(G) =Y pli,J) (7)

j=0 i=0

are the marginal distributions of the reference and target pixel gray levels.
Since the GLCM is symmetric, p, = pZ.
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The distribution p,(i) represents the probability of observing gray level
i at a distance |d| from any other pixel—essentially, the likelihood of gray
level ¢ occurring within a circular neighborhood of radius |d|. The mean and
standard deviation are defined as:

fr = Z ips(i), o= Z(i—uz)%(i) (®)

The correlation f; ranges between 0 and 1. A value of f3 = 0 indicates
no spatial correlation. For example, if all gray levels are equally likely at any
displacement, the image is purely noisy and the GLCM becomes uniform:
pli,j) = 1/N7. This implies p,(i) = 1/Ng, pto = pty = (Ny —1)/2, and the
double summation in Eq. 6 becomes:

Ng—1Ng—1 1 Ng_l. 2 N —1 2
LS %(m ) ()

i=0 j=0 "9 i=0

which exactly cancels the numerator of Eq. 6, yielding f3 = 0, confirming the
absence of correlation.

3. Results

In the following, we present all results obtained above the critical temper-
ature T, (UP dataset) using red circles, and those below T, (DOWN dataset)
using blue stars.

3.1. Energy Feature f,

The Angular Second Moment (ASM), also known as the Energy feature,
quantifies image homogeneity [1]. It is computed as the sum of the squares
of all normalized GLCM entries, as defined in Eq. 3. The value of f; lies
in the range [0, 1], with 1 corresponding to a perfectly homogeneous image.
Such images contain only a few dominant gray-tone transitions, resulting in
a GLCM P,(i,7) with a small number of large entries and many near-zero
ones. Therefore, f; is primarily influenced by these high-magnitude entries
in homogeneous textures, leading to large values.

As shown in Fig. 3a, f; values above T, (red circles) are consistently
higher than those below T, (blue stars). The mean £ standard deviation
of f1 is 0.037 £ 0.015 for the UP dataset and 0.017 4= 0.003 for the DOWN
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Figure 3: Energy feature f; for 8-bit images and horizontal displacement of
d = (1,0) pixels. (a) fi values above T, (red circles) are higher than those below T
(blue stars), reflecting stronger light scattering and longer-range correlations. Immedi-
ately below T, the images become more homogeneous, lowering f;. Thick dashed lines
indicate mean values; thin dashed lines denote one standard deviation. Insets show peri-
odic fluctuations in f; over 50 frames, with a dominant frequency of approximately 1.7 Hz.
Initial high values in the DOWN region likely reflect microscope movement. (b) f; values
for different displacement vector orientations, plotted against the horizontal displacement
baseline. The slopes from linear fits indicate anisotropy in spatial structure.

dataset, indicating a statistically significant difference. This suggests that f;
is sensitive to the strong image fluctuations caused by light scattering above
T.. Below T, as phase separation sets in, the scattering diminishes and the
images appear more uniform, reducing f.

The variation in f; across time is substantial and stable, as illustrated
in the insets of Fig. 3a. The coefficient of variation (CV) is relatively high:
0.40 for the UP dataset and 0.18 for the DOWN dataset. This may partly
result from differences in microscope focus: the first half of the UP im-
ages was acquired with focus on the cell’s exit window, whereas the second
half—including all DOWN images—was focused on the cell’s mid-plane. This
is evident in Fig. 3a, where greater variability is observed in the first half
of the UP dataset. Additionally, both datasets exhibit intrinsic variability,
evident from persistent oscillations in f; with a dominant frequency near
1.7Hz (15 frames at 25 fps), likely due to mechanical vibrations (see [71] for
MIR/ISS vibration analysis).

We also investigated how f; depends on the orientation of the displace-
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ment vector. In Fig. 3b, results for a horizontal displacement of d = (1, 0)
pixels are compared with those at 45° (d = (1,1) pixels), 90° (d = (0,—1)
pixels), and 180° (d = (—1,0) pixels). Rather than presenting raw f; values,
we compare each orientation’s fi; to the horizontal reference. If the values
matched, points would lie on the diagonal (dashed line). Only the 180° (left-
ward) orientation lies on the diagonal, indicating horizontal symmetry. For
90°, values are slightly lower (slope ~ 0.9), suggesting mild anisotropy, pos-
sibly due to residual gravity or weak temperature gradients aboard the MIR
station.

Diagonal orientations (e.g., 45°) show even lower f; values, with correla-
tion slopes between 0.618 and 0.778. This is unlikely to reflect true direc-
tional homogeneity and is more plausibly attributed to vector magnitude.
Horizontal and vertical displacements have a magnitude of |d| = 1 pixel,
while diagonal displacements have |d| = v/2 ~ 1.414 pixels. This suggests a
potential inverse relationship:

The asymptotic behavior of Haralick features with the magnitude |d|
of the displacement vector, as shown in Eq. 9, implies a scale-invariant or
fractal-like structure and long-range correlation in the image textures, where
correlation strength decreases predictably with distance. At small d, neigh-
boring pixels tend to have very similar gray levels in most natural or slowly
varying textures. This means that one or two entries of the GLCM dominate;
thus, fi is relatively large. As d increases, more distant pixels are sampled,
leading to greater gray-level mixing and more off-diagonal p(i, j) entries. As
a result, the Energy feature, computed from a more uniform GLCM, yields
a lower f; value. A power-law dependence of any Haralick feature propor-
tional to d~# implies that doubling the distance between pixel pairs causes
the Haralick feature to decrease by a factor of 2°.

Another factor influencing f; is image bit depth. Bit depth may vary due
to filtering, noise reduction, or acquisition settings. To assess its impact, we
computed f; on the same image set across different bit depths (quantization
schemes). As shown in Fig. 4, lower bit depths consistently lead to higher f;
values.

This trend arises because reducing bit depth decreases the number of
GLCM bins while preserving the number of pixel pairs. Consequently, the
GLCM has fewer but larger entries, increasing f.
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Figure 4: Effect of bit depth on Energy feature fi. (a) f1 values above T, (red circles)
and below T, (blue stars). (b) Mean and standard deviation of f; show a decreasing trend
with increasing bit depth.
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Figure 5: Bit depth reduction and its effect on f;. (a) A 3 x 5 image at 2-bit depth

(Ng = 4). (b) The same image at 1-bit depth (N; = 2). (c) The corresponding 4 x 4
GLCM (2-bit image). (d) The 2 x 2 GLCM (1-bit image).
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In Fig. 5c, the 2-bit GLCM includes many small values: f; = 6(1/12)* +
3(2/12)? = 0.125. The 1-bit GLCM in Fig. 5d has fewer but larger values:
fi = 2(1/12)? + 2(5/12)* = 0.361. This results from dropping the least
significant bit and combining gray levels (e.g., 0 and 1 — 0; 2 and 3 — 1) [7].

Figure 4 suggests that f, does not scale linearly with N,. Histograms of
/1 across bit depths (Fig. 6) confirm this. For example, in Fig. 6a3 (8-bit UP
data), most f; values exceed 0.016, while in Fig. 6b3 (8-bit DOWN), they
fall below it. Furthermore, histograms for 8-bit, 4-bit, and 2-bit data show
minimal overlap. The approximate ranges are:

e 8-bit: [0.01,0.1]
e 4-bit: [0.16,0.35]
e 2-bit: [0.35,0.88]
These results support an empirical relationship:

9

The scaling law given by Eq. 10 enables direct comparison of Haralick fea-
tures across non-homogeneous datasets obtained using different quantization
schemes.

Figure 6 also shows that the f; distribution in the UP dataset (al-a3) is
consistently broader than in the DOWN dataset (b1-b3). This is expected,
as light scattering near and above T is more intense and leads to greater pixel
variability. Universal amplitude ratios from critical phenomena suggest that
fluctuation amplitudes and correlation lengths are roughly twice as large
above T, as below [46]. Below 7., domain growth begins, enhancing light
scattering contrast (see further analysis below).

8.2. Contrast Feature fy

As defined by Haralick, “the contrast feature f; is a difference moment of
the GLCM and is a measure of the contrast or the amount of local variations
present in an image” [1]. The f, feature emphasizes local dissimilarities
by assigning higher weights to GLCM entries with large differences in gray
levels and lower weights to entries with similar gray levels. In contrast, the f;
(Energy) feature weights all GLCM entries equally and is thus more sensitive
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Figure 6: Histograms of Energy feature f;. Panels al-a3: UP dataset at 2-bit, 4-
bit, and 8-bit depths. Panels b1-b3: DOWN dataset at matching bit depths. Bit depth
strongly influences the f; range and distribution, with minimal overlap between depths.

to overall image homogeneity—for instance, during the uniform phase just
below T. in early-stage phase separation.

The f, feature is particularly effective at highlighting local intensity vari-
ations, such as the edges between liquid and vapor domains seen in Fig. lc.
This contrasts with the low fy values associated with more uniform textures,
like the image shown in Fig. 1b. Quantitatively, this distinction is reflected
in the increased f; values observed during the onset of phase separation, as
illustrated in Fig. 7a.

Interestingly, the lower f, values observed above T, suggest that the
GLCM entries are concentrated near the principal diagonal (where |i — j| =
0), implying that pixel intensities are spatially correlated and not randomly
distributed.

Image contrast in this context is governed by local refractive index gra-
dients, which are, in turn, determined by local density gradients. Above T,
these density gradients arise from thermal fluctuations and are modulated
by the thermodynamic coupling parameter (3—5’,) , which diverges at T, and
allows these fluctuations to become optically observable. The characteristic
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Figure 7: Contrast feature f, for 8-bit depth images with a horizontal displace-
ment vector of d = (1,0) pixels. (a) Below T, (red circles), fo values are statistically
higher than those above T, (blue stars). Insets show periodic oscillations across intervals
of 15 images. The elevated fo values above 1. are consistent with universal amplitude
ratios in critical phenomena, where the amplitude and range of density fluctuations are
approximately twice as large above T, compared to below [46]. (b) f2 values for different
displacement orientations plotted against the horizontal baseline. Slopes indicate direc-
tional variation in contrast.

length scale for these gradients is the correlation length &. Below T, contrast
is further enhanced by the formation of liquid—vapor domains, where sharp
interfaces—also on the order of {—produce larger refractive index gradients.
Although the system is in a quasi-stationary state below T, these domains
continue to grow, originating from fluctuations of size £ seeded at the moment
of the thermal quench.

In addition to the horizontal displacement vector of d = (1,0) pixels
analyzed in Fig. 7a, panel (b) presents f, values for orientations at 45°
(d = (1,1) pixels), 90° (d = (0,—1) pixels), and 180° (d = (—1,0) pixels).
The near-identical fy values for rightward (0°) and leftward (180°) displace-
ments—indicated by upright red triangles (UP) and inverted blue triangles
(DOWN)—suggest horizontal symmetry in the image textures. This sym-
metry is confirmed in Fig. 7b, where these data points lie along the y = =
diagonal.

The same holds for other symmetric directions; however, f, values for
the vertical (90°) displacement are consistently higher than those for the
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horizontal orientation, with slope values ranging from approximately 1.56 to
1.66. This indicates mild vertical anisotropy in texture, possibly due to weak
residual gravity or temperature gradients onboard the MIR space station.
Diagonal displacements (e.g., 45°) result in even greater f, values, with
slopes between 2.19 and 2.26. The increase in f> values for diagonal displace-
ments, relative to horizontal or vertical displacements, could be explained by
differences in displacement vector magnitude. Indeed, the horizontal and
vertical displacements have a magnitude of |d| = 1 pixel, while diagonal
displacements have a magnitude of |d| = v/2 ~ 1.414 pixels. The steeper
slope observed for diagonals likely reflects this geometric factor, suggesting
the following scaling law:
fo o< |dl. (11)

Interestingly, the slope for the 45° orientation is slightly smaller in the DOWN
dataset than in the UP dataset, consistent with similar findings for f; (see
Fig. 3b).

Using horizontal displacement as the reference, Fig. 7a shows a wide
spread in fy values. To assess how image quantization affects fs, we re-
computed the feature at various bit depths (Fig. 8). The results show that
f2 increases nonlinearly with increasing bit depth.

This trend can be understood by considering Fig. 5. Increasing the bit
depth from 1-bit to 2-bit quadruples the number of GLCM entries (from
21 x 21 to 2% x 22), allowing for more pixel pairs with larger |i — j| values and
thus boosting fs.

For example, in the 1-bit image from Fig. 5b, f, = 0?- % +1%. }—2 = 0.83,
based on two diagonal and ten off-diagonal GLCM entries (Fig. 5d).

For the 2-bit image (Fig. 5a), f, = 0%~ {5 +17- 5 +2%- 5 +3%- {5 = 3.92,
using the GLCM entries in Fig. 5¢. This increase arises from the squared
weighting of larger |i — j| differences.

Although the precise scaling behavior is complex, the squared term k2
in the definition of fo, along with the observed nonlinear growth in Fig. 8,
supports the approximate relationship:

f2 o< Ng. (12)

Figure 9 confirms that f; values for the UP dataset (al-a3) are shifted
toward higher values compared to the DOWN dataset (b1-b3), with mini-
mal histogram overlap. This is consistent with stronger light scattering and
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enhanced fluctuations above T, as well as with the presence of sharp domain
boundaries below T.

The narrower f, distributions observed below T, reflect reduced fluctua-
tion amplitudes and the emergence of ordered domains. However, the growth
of liquid—vapor interfaces enhances optical contrast, contributing to the ele-
vated fy values during the early stages of phase separation.

3.3. Correlation Feature f3

Haralick defined the correlation feature f3 as “a measure of gray-tone
linear dependencies in the image” [1]. This feature quantifies how strongly
the intensity of a given pixel is linearly related to that of its neighbors across
the entire image [72].

As shown in Fig. 10a, f3 values are consistently higher above T, (mean
0.964 £ 0.007, red circles) than below T, (mean 0.934 £ 0.009, blue stars).
This indicates that f3 is sensitive to spatial correlations in pixel intensity,
particularly those arising from density fluctuations and strong light scatter-
ing above T,. Below T,, the onset of phase separation appears to reduce
fluctuation amplitude and correlation length, disrupt the symmetry of the
GLCM, and thereby lower f5.

In addition to the horizontal displacement of d = (1,0) pixels analyzed in
panel (a), Fig. 10b shows f3 values for orientations at 45° (d = (1,1) pixels),
90° (d = (0,—1) pixels), and 180° (d = (—1,0) pixels). As with f; and
fa, the leftward (180°) and rightward (0°) displacements yield identical f3
values, confirming horizontal symmetry—evident from the alignment along
the y = x diagonal.

This symmetry also approximately holds for vertically symmetric dis-
placements (e.g., 90° and 270°). However, the 90° orientation produces lower
f3 values, with slopes between 1.295 and 1.518, suggesting mild anisotropy
between vertical and horizontal directions.

Diagonal displacements (e.g., 45°) result in even lower f3 values, with
slopes ranging from 2.014 to 2.242 relative to the horizontal reference. While
slight anisotropy could contribute, these differences are largely attributed to
the magnitude of the displacement vector:

fa oc|d]. (13)

The correlation feature reflects how rapidly the joint gray-level distribu-
tion broadens as d increases. When these features follow a power law with
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Figure 10: Correlation feature f; for 8-bit depth images. (a) f3 values for a horizon-
tal displacement of d = (1,0) pixels are higher above T, (red circles), reflecting enhanced
spatial correlation. Below T, (blue stars), GLCM asymmetry due to emerging domain
boundaries reduces correlation. Insets show that f3 oscillates with a dominant frequency
of approximately 1.7Hz. (b) f3 values for other displacement directions plotted against
the horizontal reference; slopes reflect directional differences in correlation.

exponent 3, the slope in log-log space quantifies the texture’s “long-range”
organization. Many textures in nature—e.g., cloud patterns, tissue histology,
turbulent gradients—are neither purely random nor purely periodic, but ex-
hibit statistical self-similarity over a range of scales. For such processes,
second-order statistics based on the GLCM often decay as a power law with
distance. From a statistical viewpoint, if the underlying field (e.g., intensity,
density, or refractive index variation) has a power-law-type correlation func-
tion C(r) o< r~7, then sums built from pairwise statistics—including some
Haralick features such as Correlation—will inherit a related exponent (see
Eq. 13).

We also evaluated the influence of bit depth on f3, as shown in Fig. 11.
Although the increase is less pronounced than for fo, fs still rises nonlinearly
with bit depth:

f3 X Ng. (14)

Unlike f; and fy, estimating f3 analytically is more challenging due to
its dependence on the mean and standard deviation of the GLCM marginal
distributions. However, we can approximate its unnormalized component
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using the raw correlation sum:

N.qil N‘]—]‘
fs=>_> " ijnli,j). (15)
=0 j=0
For the 1-bit image in Fig. 5b, using the GLCM in Fig. 5d and the
definition from Eq. 15:
= 1 5 5 1
=0-0.-— 1= 41-0-—4+1-1-— =0.08. 1
f3=0-0 12+0 12+ 0 12+ B 0.08 (16)
For the 2-bit image in Fig. 5a, using the GLCM from Fig. 5¢ and the
definition from Eq. 15:

f3:0-1-$+0-2-1—12+~--+3-2-1—22:1.23. (17)
As seen from Eq. 17, higher bit depth enables larger gray-level values and
increases the contribution of high-weight pixel pairs to the correlation sum,
compared to lower bit depth (see Eq. 16).
Figure 12 shows that f3 histograms for the UP dataset (al-a3) are skewed
toward higher values compared to those for the DOWN dataset (b1-b3), with
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Figure 12: Histograms of Correlation feature f;. Panels al-a3 show histograms of
f3 for images above T, at 2-bit, 4-bit, and 8-bit depths, respectively. Panels b1-b3 show
the corresponding distributions for images below 7.

minimal overlap between the two sets. This confirms that spatial correlations
in pixel intensity are stronger above T, consistent with larger fluctuation
amplitudes and longer correlation lengths near the critical point.

4. Discussion and Concluding Remarks

Despite being introduced over five decades ago [1], Haralick features re-
main analytically underexplored. Among the few studies that have attempted
to optimize their computation—particularly with respect to the number of
gray levels and other GLCM parameters—Churchill et al. [73] proposed the
concept of an optimal bin width for constructing the bivariate GLCM. How-
ever, their suggested bin width of 10 corresponds to a very low image bit
depth of approximately log,(10) ~ 3 bits, which is significantly lower than
the 8-bit or higher bit depth quantization schemes typically used in prac-
tical imaging applications. Moreover, while Churchill et al. attempted to
normalize features using the square of the bin width, they found that the
features scale with different orders of complexity relative to the number of
gray levels—necessitating further empirical adjustments to achieve effective
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normalization.

Efforts to improve radiomics continue, particularly in standardizing imag-
ing protocols [74, 75] and enhancing the performance of texture-based clas-
sifiers in biomedical applications [76]. A persistent challenge is the lack of a
unified normalization framework for Haralick features [76, 77|, which limits
reproducibility and hampers the identification of robust radiomic biomark-
ers. Other ongoing concerns include the reproducibility of radiomic features
across imaging platforms [78], the impact of convolution kernels on feature
extraction [79], and the computational cost of GLCM construction for large,
high-bit-depth, or multispectral images. Haralick features also exhibit sensi-
tivity to image rotation and textural scaling [80].

Haralick features are based on the GLCM, which is computed over a slid-
ing window with a directional displacement vector. They are local measures
associated with image textures, capturing variations within small neighbor-
hoods. This is especially useful when the texture is nonstationary—i.e., dif-
ferent “patches” of the image exhibit distinct statistical properties, as in the
phase separation regime. It is worth noting that GLCM storage requires
memory on the order of O(N,; x N,) and is independent of the image size
N, x Ny. Typical GLCM bit depths are 32 or 64, although we also used
128 and 256 levels in this study. GLCM-based features can be sensitive to
the quantization scheme. For example, too many gray levels can create spu-
rious bins due to image noise and may lead to unstable features. This is
why GLCMs are typically downsampled to 16, 32, or 64 gray levels. Due to
their discrete nature, Haralick features can be more robust to certain types of
quantization—since they summarize counts rather than amplitudes—if the
quantization scheme is chosen judiciously.

Haralick features are also easy to interpret. For example, the Energy
measure assesses the uniformity of the co-occurrence distribution; Contrast
measures the intensity difference between neighboring pixels; and Correlation
indicates how correlated a pixel is with its neighbor at offset d. For small
images of 176 x 240 pixels, as in this study, Haralick’s GLCM can still extract
local gray-level pair statistics, whereas other methods—such as the Fourier
Transform (FT)—may yield a spectrum that is too coarse (i.e., with low
frequency resolution).

Other measures of image texture can use, for example, two-dimensional
Fourier Transforms (FT). In general, the FT is a global descriptor of an im-
age’s frequency content. It cannot distinguish between texture changes in
different subregions unless the image is explicitly partitioned for use with
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the short-time “windowed” FT. A cropped or windowed image produces
boundary-induced spectral artifacts that require additional windowing—such
as the Hamming or Hann window—before applying the Fourier transform.
Generally, the FT works well if the texture is homogeneous throughout the
entire image. If spatial localization is essential, then the short-time Fourier
transform (STFT) is required, which increases computational complexity.
The computational complexity of a 2D FT is on the order of O(N, N, log(N,N,)),
with standard image sizes exceeding 256 x 256 pixels; for high-quality images,
sizes can exceed 1024 x 1024 pixels. A 2D FT is sensitive to additive noise, as
even small-amplitude noise creates energy across all frequencies. Typically,
one can apply a low-pass filter or compute band-limited spectra to reduce
the influence of noise. However, noise may overlap with structural patterns
in the frequency domain. Disentangling them requires careful filtering or
thresholding. If the texture is stochastic, the FT may fail to distinguish it
from uniform noise unless specific frequency bands are targeted.

This study first investigated whether the three most widely used Haralick
features could reliably detect the phase transition in supercritical SFg un-
der microgravity—an especially challenging setting. This question remains
largely unexplored, as prior applications of Haralick features have primarily
focused on phase transitions in polymers [16, 17] or microstructural changes
in metals [11, 13]. Our analysis showed that all three features—Energy (f1),
Contrast (fs), and Correlation (f;)—displayed statistically significant dif-
ferences above and below the critical temperature (see Fig. 3, Fig. 7, and
Fig. 10, respectively). Because the dataset includes a well-characterized tran-
sition point [43, 60, 61], these results serve as a proof of concept for applying
Haralick features to study liquid-gas phase transitions using imaging data.
To summarize, we found that the three features used in this study—Energy
(Fig. 3), Contrast (Fig. 5), and Correlation (Fig. 7)—can distinguish be-
tween datasets recorded above T, (the UP dataset) and those recorded below
T. (the DOWN dataset), as shown in Table 1. The values given in Table 1
correspond to 8-bit depth images and a horizontal displacement vector of
d = (1,0) pixels. They represent the mean + standard deviation of the
corresponding features.

The original dataset consists of 176 x 240 pixel images at a spatial reso-
lution of approximately 3 pm per pixel (see [61] for optical details). Analysis
revealed slight anisotropy under 90° rotations for all three features, possibly
due to residual gravity aboard the MIR, Space Station and/or weak thermal
gradients. A stronger anisotropy was observed when comparing the horizon-
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Table 1: Haralick Features Below vs. Above T,
Feature Above T, Below T,

Energy (f1) 0.037 &= 0.015 0.017 £ 0.003
Contrast (fs) 24.6 + 5.2 464 + 7.3
Correlation (f;) 0.964 + 0.007 0.934 + 0.009

tal reference displacement vector to the 45° diagonal orientation (see Fig. 3b,
Fig. 7b, and Fig. 10b). This anisotropy is largely attributable to the increased
magnitude of the displacement vector at 45°, which is /2 times that of the
horizontal vector. After correcting for this effect—Dby dividing the slopes in
the 45° orientation by v/2—the adjusted values closely match those for the
90° direction. Thus, after accounting for vector magnitude, a consistent and
modest directional anisotropy emerges, likely caused by microgravity pertur-
bations or thermal convection. This correction enables the formulation of
empirical scaling laws of the form f oc |d|?, given by Eq. 9 for fi, Eq. 11 for
f2, and Eq. 13 for fs.

We also evaluated how the selected Haralick features vary with image bit
depth (see Fig. 4 for fi, Fig. 8 for f5, and Fig. 11b for f3). This analysis led
to an additional scaling relationship of the form f oc N¢¥, given by Eq. 10 for
f1, Eq. 12 for f5, and Eq. 14 for f3.

Histograms of each feature (see Fig. 6 for fi, Fig. 9 for f, and Fig. 12b
for f5) further demonstrated minimal overlap between the UP (above T.)
and DOWN (below T.) datasets. Notably, the DOWN distributions were
consistently narrower, likely due to the reduced variability and structured
morphology associated with early-stage phase separation.

It must be emphasized that consistent use of Haralick features requires
that images be recorded under the same conditions—i.e., microscopic images
from both the UP (above T,) and DOWN (below T,) regions, as shown in
Fig. 1. Since the images recorded during the phase transition were acquired
without the use of a microscope, the Haralick feature values from that interval
cannot be directly compared to those obtained using microscopic imaging.
Therefore, the precise temporal location of the phase transition could not be
determined using the Haralick feature approach due to the gap between the
UP and DOWN datasets. Nonetheless, based on the available microscopic
images, it can be stated that all three Haralick features used in this study
exhibit significant differences below T, compared to those above T..

To summarize, our findings suggest that Haralick features are capable of
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identifying phase transitions in pure fluids. Moreover, if the dataset were
recorded under consistent imaging conditions throughout the entire phase
transition, Haralick features might also serve to identify the precise moment
of critical temperature crossing. Nonetheless, further datasets are needed
to accurately estimate the scaling exponents a and (3, and to explore their
potential universality near critical points.
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