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Abstract: This publication presents methods of distinguishing the focal texture of the conical smectic
phase A (SmA) and the crystalline smectic B phase (CrB). Most often, characteristic transition bars
are observed in polarized light at the temperature point of the SmA–CrB phase transition. TOApy
software transforms each image from a series of images recorded during POM observation to a
function of light intensity versus temperature. Thermo-optical analysis is a powerful quantitative tool
to notice this phase transition, but it has some limitations. The other applied method, the local binary
pattern (LBP) algorithm, with high probability, detects differences between the textures of the conical
focal fan of the SmA and CrB phases. The LBP algorithm is an efficient tool for texture classification.
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1. Introduction

Liquid crystals are considered a kind of soft matter that has anisotropic and viscoelastic
properties. In liquid crystal phases, the molecules have some degree of order like those
in a solid, but they can still flow and move around like those in a liquid. This results in a
state of matter with intermediate properties between those of a liquid and a solid. Liquid
crystals have different phases, including nematic, smectic, and cholesterol phases, each
with unique characteristics based on the arrangement of the molecules. Many liquid crystal
compounds have rich mesophase polymorphism [1–3]. The behavior of liquid crystals is
sensitive to temperature, pressure, and electric field changes. These properties make them
highly useful in various technological applications. Their most important application is
the liquid crystal display (LCD) industry [4]. Liquid crystals are also a promising class of
materials for other applications, such as biosensors [5], temperature indicators, paints, or
opto-electronic devices [6]. Overall, liquid crystals have revolutionized the display industry
and are an essential to modern electronic devices. The study of liquid crystal compounds
exhibiting rich mesomorphism is important in basic science and various applications.

Several experimental methods can be used to detect the temperature range of mesophases.
The simplest and most frequently used are the observations of textures with the help of a
polarizing microscope (POM) as well as differential scanning calorimetry (DSC) [7–9]. An
extremely powerful tool, more advanced, is X-ray diffraction (XRD) research. But unfor-
tunately, this method most often fails with monotropic mesophases. The method called
miscibility criterion also exists. The unknown phase of the new substance is mixed with a
known phase of the reference sample. If no boundary is observed between them, it means that
these phases are the same. In liquid crystal research, texture analysis with POM is the simplest,
most essential, and most commonly used method. It requires a small sample mass and
allows for monitoring the occurring changes in texture, which enables the identification of
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mesophases. However, the assignment of the phase transition temperatures using only the
POM technique is limited by the researcher’s experience and the human eye’s capabilities.
For this reason, POM observations are equipped with a sophisticated analysis of recorded
textures [10–12]. In addition, there are many similar textures with different mesophases as
so-called paramorphic textures. An example of this problem is the focal conical fan texture
of smectic phases A (SmA) and smectic phases B (SmB). In SmA, the molecules are arranged
randomly in the layer, and the overall direction of the long molecular axes and the normal
of the smectic layer are parallel. There are two types of B smectic phases: hexatic-B (HexB)
and crystalline-B (CrB). The HexB phase’s molecular ordering corresponds to the board-like
structures’ disordered hexagonal packing. The CrB phase is characterized by a long orien-
tation order of molecules in smectic layers [13]. In the SmA phase, the appearance of focal
conics is connected to the requirement of equidistance of fluid flexible layers. The focal
surfaces in the packings of parallel equidistant curved layers transform into lines (confocal
conics) to reduce the energy of singularities. In the SmB phase, there is an additional order
within the layers. Typically, a focal conic fan texture of smectic B appears below the SmA
with the same texture. Transition bars usually occur at the SmA–CrB phase transition. The
lack of texture change during the SmA–HexB phase transition is a characteristic feature of
the HexB phase [14]. The literature describes only a few substances with both HexB and
CrB smectic phases [15,16].

The paper compares two methods used to distinguish the focal conic fan texture of
the SmA phase from the focal conic fan texture of the CrB phase: TOA analysis and the
local binary pattern (LBP) algorithm. One can find in literature publications where machine
learning methods are used to classify liquid crystal textures [12,17–19]. Usually, chosen
textures vary from each other.

2. Materials and Methods

For this study, three substances were chosen: 4-bromobenzylidene-4′-octyloxyaniline
(8BBAA), 4-bromobenzylidene-4′-nonyloxyaniline (9BBAA), and 4-bromobenzylidene-4′-
decyloxyaniline (10BBAA). Its polymorphism is well studied [17,20]. During cooling, the
following phase transitions are observed: isotropic liquid phase (IL)–SmA, SmA–CrB,
and CrB–crystalline (Cr) phase. All members of 4-bromobenzylidene-4′-alkyloxyaniline
homologous series were synthesized in Prof. Galewski’s group. The purity of the sample
was 99%.

POM observations were performed using Leica DM2700P polarized light microscope.
The temperature was stabilized by the Linkam T96-S temperature controller. The samples
were sandwiched between two plates during cooling and heating runs, with a temperature
rate of 10 ◦C/min.

Collected textures were converted into grayscale images and analyzed using TOApy
and LBP algorithms [10,21]. The image resolution was equal to 2560 × 1920 pixels (px).
Texture images were analyzed using a program written in the Python language (homemade
by Natalia Osiecka-Drewniak, Cracow, Poland). An OpenCV implementation of the LBP
algorithm was used [22]. The original images were converted into grayscale images. The
accuracy of the LBP algorithm strongly depends on the number of images. Therefore, three
chosen original images of each phase for each substance were cropped into 1200 images
of SmA texture and 1200 images of CrB textures images. Textures of thermotropic liquid
crystals exhibit self-similarity [23]. This feature allows one to manage the augmentation
procedure by cropping [24]. Images resolution analyzed by the LBP algorithm was equal
to 64 × 128 px. The data was divided into training and test datasets. The cross-validation
method was used to estimate the model’s accuracy and generalization capabilities. The
process of cross-validation involves dividing all datasets into multiple subsets. The model
is trained on subsets of the data and evaluated on the remaining data. This process was
repeated ten times, with different subsets used for training and resting each iteration. One
hundred images of each texture type of 8BBAA, 9BBAA, and 10BBAA were transferred
into the test dataset.
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3. Results and Discussion

The focal conic fan texture of SmA and CrB phases are presented in Figure 1. Distin-
guishing differences between textures of those mesophases by the human eyes is difficult.
An experienced researcher will notice transition bars (see the middle column in Figure 1), a
signature of the SmA–CrB phase transition. The transition bars appear and vanish quickly,
which is characteristic of that phenomenon. Usually, the existence of transition bars is
noticed in TOA thermograms (see Figure 2) as a collapse of light intensity between SmA
and CrB phases. That dependence has been noticed in the case of 8BBAA and 10BBAA,
but 9BBAA does not show it. Moreover, it is often noticed that the light intensity recorded
for the focal conic texture of SmA has higher values than the light intensity noticed for the
focal conic texture of the CrB phase [25]. Only 8BBAA compound follows that behavior.
For 10BBAA, some texture of the SmA phase occurs higher light intensity than textures
of the CrB phase and others lower. The light intensity of the focal conic fan texture of the
SmA phase of 9BBAA does not differ from the focal conic fan texture of the CrB phase of
9BBAA. One can find in literature TOA thermograms where the light intensity in the frame
of the same phase changes more rapidly than the light intensity shift observed between
SmA and CrB phase transitions for the 8BBAA, 9BBAA, and 10BBAA compounds [26–28].
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Figure 2. TOA thermogram for 8BBAA, 9BBAA, and 10BBAA compounds. Inserted figures show
the enlarged region for the light intensity in CrB and SmA phases. The straight lines mark phase
transition temperatures obtained from TOApy analysis of POM measurements.

The LBP method is a significant breakthrough in texture analysis. It is widely used
for texture analysis and classification in computer vision and image classification. The
basic idea behind the LBP algorithm is to encode an image’s local structure or texture
information by comparing the intensity values of a central pixel with its neighboring pixels.
The scheme of the LBP algorithm is presented in Figure 3. At first, each pixel gc in the image
is compared with a chosen number of neighboring pixel points (P) in a chosen distance, a
radius R, from that pixel gc (see Figure 3a). The user chooses the R and P values. Next, the
values of neighboring pixels gi are binarized (can take two possible values 0 or 1), due to
the value of the central pixel gc following with Equation (1) (Figure 3b):

s(gi) =

{
1, gi ≥ gc
0, gi < gc

(1)
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Then, based on the binary values, the decimal value is obtained (Figure 3c,d), usually
clockwise. This procedure can be described by the following Equation (2):

LBPP,R =
∫ P

i=1
s(gc − gi)2

i (2)

where s is defined by Equation (1). After the LBP procedure of each pixel is calculated, a
histogram to represent the texture image is built (Figure 3e,f) [29,30]. Support vector ma-
chines (SVM) were employed to develop the classification performance of LBP histograms.
The SVM algorithm is designed to find an optimal hyperplane that best separates the data
points belonging to different classes in the feature space. The hyperplane is chosen in
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such a way that it maximizes the margin, which is the distance between the hyperplane
and the nearest data points from each class. These nearest data points are called support
vectors [31]. A comparison of the original image and the image after the LBP modification
is presented in Figure 4.

Crystals 2023, 13, x FOR PEER REVIEW 5 of 10 
 

 

where s is defined by Equation (1). After the LBP procedure of each pixel is calculated, a 
histogram to represent the texture image is built (Figure 3e,f) [29,30]. Support vector ma-
chines (SVM) were employed to develop the classification performance of LBP histo-
grams. The SVM algorithm is designed to find an optimal hyperplane that best separates 
the data points belonging to different classes in the feature space. The hyperplane is cho-
sen in such a way that it maximizes the margin, which is the distance between the hyper-
plane and the nearest data points from each class. These nearest data points are called 
support vectors [31]. A comparison of the original image and the image after the LBP 
modification is presented in Figure 4. 

 
Figure 4. Comparison of original image (left image) and its LP representation (right image). 

Distinguishing the texture of liquid crystals from each other is a classification issue. 
The LBP algorithm learns how to recognize each texture of a chosen phase from the train-
ing data. Evaluation of the LBP model is examined using the training data. Several metrics 
provide essential information about the model performance: accuracy, precision, and re-
call [32]. The description of those metrics consists of several terms: true positive (TP), true 
negative (TN), false positive (FP), and false negative (FN). TP are the number of instances 
correctly predicted as positive by the model. TN are the cases where the model correctly 
identifies negative samples as negative. FP are the instances where the model predicts 
positive when the actual label is negative. FN are the cases where the model predicts a 
negative when the actual label is positive. Figure 5 briefly presents those terms as a con-
fusion matrix. The confusion matrix shows the evaluation of the classification model on 
the test data set. The objects (i.e., images) are assigned to various classes, and this infor-
mation is compared to the original object labels. Accuracy is a ratio of correctly predicted 
observations to all elements in the data set. It is a commonly used evaluation metric in 
machine learning tasks. Accuracy is easy to understand and has an intuitive interpreta-
tion, while it measures the percentage of correct predictions made by a model out of the 
total predictions. This metric works well when the dataset has a roughly equal number of 
samples for each class. It is described by Equation (3): 𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  (𝑇𝑃 𝑇𝑁)(𝑇𝑃 𝑇𝑁 𝐹𝑃 𝐹𝑁) (3)

Figure 4. Comparison of original image (left image) and its LP representation (right image).

Distinguishing the texture of liquid crystals from each other is a classification issue.
The LBP algorithm learns how to recognize each texture of a chosen phase from the training
data. Evaluation of the LBP model is examined using the training data. Several metrics
provide essential information about the model performance: accuracy, precision, and
recall [32]. The description of those metrics consists of several terms: true positive (TP),
true negative (TN), false positive (FP), and false negative (FN). TP are the number of
instances correctly predicted as positive by the model. TN are the cases where the model
correctly identifies negative samples as negative. FP are the instances where the model
predicts positive when the actual label is negative. FN are the cases where the model
predicts a negative when the actual label is positive. Figure 5 briefly presents those terms
as a confusion matrix. The confusion matrix shows the evaluation of the classification
model on the test data set. The objects (i.e., images) are assigned to various classes, and
this information is compared to the original object labels. Accuracy is a ratio of correctly
predicted observations to all elements in the data set. It is a commonly used evaluation
metric in machine learning tasks. Accuracy is easy to understand and has an intuitive
interpretation, while it measures the percentage of correct predictions made by a model
out of the total predictions. This metric works well when the dataset has a roughly equal
number of samples for each class. It is described by Equation (3):

accuracy =
(TP + TN)

(TP + TN + FP + FN)
(3)
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However, accuracy treats all errors equally, which may not align with the practical
importance of certain misclassification. It does not distinguish between FP and FN. For this
reason, it is essential to consider other evaluation metrics like precision and recall. Precision
shows how well an algorithm can identify the TP from all that is predicted as positive:

precision =
TP

(TP + FP)
(4)

Recall is ascribed as a ratio of correctly predicted positive observations to all observa-
tions in a given class:

recall =
TP

(TP + FN)
(5)

The results of classification accuracy to SmA or CrB focal conic fan textures of 8BBAA,
9BBAA, and 10BBAA (considered together) using different LBP features are presented in
Table 1. The maximum accuracy (0.85) was obtained for the following LBP parameters
(R = 4, P = 28), (R = 4, P = 30), (R = 4, P = 32). The highest precision score (0.89) for the SmA
phase was obtained for R = 4 and P = 30, while for CrB (0.84), LBP parameters were equal
to R = 4 and P = 32. This information suggests that CrB textures occur in more false positive
classifications than SmA textures. The maximum recall for SmA textures was obtained
for the following LBP parameters R = 4, P = 32, while for CrB textures R = 4, P = 30. This
observation indicates that SmA textures occur in more false negative classifications than
CrB textures.

The LBP algorithm was also performed on each dataset textures of 8BBAA, 9BBAA
and 10BBAA separately (see Tables 2–4). The highest accuracy score (0.94) was performed
for 9BBAA, where LBP parameters were equal to R = 4, P = 28. Precision and recall (for
R = 4 and P = 28) obtained similar values. Also, high accuracy score was noticed for 8BBAA
textures (0.93) for LBP parameters R = 3 and P = 24. For those parameters, there is almost
no difference between precision and recall values. The lowest accuracy scores were obtained
for 10BBAA. The LBP methods give the best results (accuracy = 0.86) for R = 3 and P = 24.
The LBP algorithm for R = 3 and P = 24 in the case of 10BBAA notices a higher precision
value for SmA textures, while recall values are higher for CrB textures. This information
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suggests that CrB textures result in more false positive classifications than SmA textures,
while SmA textures show more false negative classifications than CrB textures.

Table 1. Accuracy, precision, and recall of focal conic fan texture classifications to SmA or CrB phases
of 8BBAA, 9BBAA, and 10BBAA using the LBP model with selected radius and points values. The
uncertainty of those parameters is equal ± 0.01.

Radius Points Accuracy
Precision Recall

SmA CrB SmA CrB

1 4 0.66 0.74 0.60 0.55 0.79
1 6 0.76 0.81 0.71 0.72 0.81
1 8 0.80 0.80 0.87 0.75 0.75
2 8 0.81 0.81 0.86 0.77 0.78
2 10 0.81 0.81 0.84 0.77 0.79
2 12 0.79 0.79 0.82 0.76 0.78
2 14 0.83 0.83 0.86 0.80 0.82
2 16 0.83 0.83 0.88 0.78 0.79
3 24 0.83 0.83 0.86 0.80 0.81
3 20 0.84 0.84 0.87 0.80 0.82
3 16 0.83 0.83 0.86 0.81 0.83
3 12 0.84 0.84 0.88 0.81 0.82
4 26 0.84 0.84 0.88 0.81 0.82
4 28 0.85 0.85 0.88 0.81 0.83
4 30 0.85 0.85 0.89 0.82 0.83
4 32 0.85 0.85 0.87 0.84 0.85

Table 2. Accuracy, precision, recall, and score of focal conic fan texture classifications to SmA or CrB
phases of 8BBAA using the LBP model with selected radius and points values. The uncertainty of
those parameters is equal ± 0.01.

Radius Points Accuracy
Precision Recall

SmA CrB SmA CrB

1 4 0.81 0.79 0.83 0.85 0.77
1 6 0.86 0.90 0.82 0.81 0.91
1 8 0.81 0.84 0.78 0.77 0.85
2 8 0.87 0.88 0.86 0.86 0.88
2 10 0.85 0.86 0.83 0.83 0.86
2 12 0.84 0.83 0.84 0.85 0.82
2 14 0.86 0.84 0.88 0.89 0.82
2 16 0.87 0.88 0.86 0.86 0.87
3 24 0.93 0.93 0.92 0.93 0.92
3 20 0.90 0.92 0.88 0.88 0.92
3 16 0.91 0.92 0.89 0.89 0.92
3 12 0.84 0.91 0.79 0.76 0.92
4 26 0.91 0.92 0.91 0.91 0.92
4 28 0.89 0.91 0.86 0.86 0.92
4 30 0.90 0.94 0.87 0.86 0.94
4 32 0.89 0.92 0.86 0.85 0.92
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Table 3. Accuracy, precision, recall, and score of focal conic fan texture classification to SmA or CrB
phases of 9BBAA using the LBP model with selected radius and points values. The uncertainty of
those parameters is equal ± 0.01.

Radius Points Accuracy
Precision Recall

SmA CrB SmA CrB

1 4 0.72 0.72 0.73 0.75 0.70
1 6 0.76 0.77 0.75 0.75 0.77
1 8 0.82 0.84 0.81 0.8 0.85
2 8 0.82 0.82 0.83 0.84 0.81
2 10 0.85 0.85 0.86 0.87 0.84
2 12 0.85 0.84 0.85 0.86 0.83
2 14 0.80 0.83 0.78 0.77 0.84
2 16 0.82 0.86 0.79 0.77 0.87
3 24 0.90 0.87 0.93 0.93 0.86
3 20 0.88 0.87 0.89 0.89 0.86
3 16 0.90 0.89 0.91 0.92 0.88
3 12 0.86 0.86 0.86 0.87 0.86
4 26 0.92 0.92 0.92 0.92 0.92
4 28 0.94 0.94 0.95 0.95 0.93
4 30 0.91 0.92 0.91 0.91 0.92
4 32 0.93 0.93 0.93 0.93 0.92

Table 4. Accuracy, precision, recall, and score of focal conic fan texture classification to SmA or CrB
phases of 10BBAA using LBP model with selected radius and points values. The uncertainty of those
parameters is equal ± 0.01.

Radius Points Accuracy Precision Recall

SmA CrB SmA SmB

1 4 0.68 0.76 0.63 0.53 0.83
1 6 0.84 0.93 0.78 0.75 0.94
1 8 0.76 0.85 0.70 0.64 0.88
2 8 0.80 0.82 0.79 0.79 0.82
2 10 0.78 0.81 0.76 0.75 0.81
2 12 0.78 0.76 0.79 0.81 0.74
2 14 0.82 0.80 0.84 0.86 0.78
2 16 0.80 0.80 0.80 0.81 0.80
3 24 0.86 0.89 0.84 0.84 0.89
3 20 0.85 0.85 0.85 0.85 0.84
3 16 0.82 0.83 0.81 0.81 0.83
3 12 0.79 0.82 0.77 0.76 0.82
4 26 0.84 0.88 0.81 0.80 0.89
4 28 0.83 0.87 0.80 0.80 0.87
4 30 0.82 0.85 0.79 0.78 0.86
4 32 0.79 0.83 0.76 0.75 0.84

4. Conclusions

The molecular arrangement in the SmA phase and CrB phase vary from each other
in the smectic layers. The focal conic fan texture of those phases exhibits high similarity.
TOA analysis and LBP algorithms are powerful methods that allow distinguishing the
focal fan texture of SmA from CrB phases. However, the results of TOA analysis are
subjective and depend on the researcher’s experience. The results of the LBP algorithm
are quantitative and qualitative. LBP techniques’ accuracy in recognizing focal conic
fan texture of the SmA phase and CrB phase for several substances is around 85% (for
R = 4 and P = {28, 30, 32}). The accuracy prediction increases when textures of each phase
are studied separately for each substance. The chosen values of the LBP algorithm (R and
P) influence the classification accuracy. The highest texture classification accuracy for the
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SmA or CrB phases for 8BBAA and 10BBAA was observed for R = 3 and P = 24. In the case
of 9BBAA, the best LBP parameters were R = 4 and P = 28. For low R values, the accuracy
of texture classification was also low. Focal conic texture also occurs for the SmC phase and
is a signature of the appearance of the ferroelectric nematics [33]. The LBP algorithm could
be applied to distinguish various focal conic phases.
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