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Abstract: Optical coherence tomography (OCT) is an imaging technique based on interferometry of

backscattered lights from materials and biological samples. For the quantitative evaluation of an

OCT system, artificial optical samples or phantoms are commonly used. They mimic the structure

of biological tissues and can provide a quality standard for comparison within and across devices.

Phantoms contain medium matrix and scattering particles within the dimension range of target

biological structures such as the retina. The aim was to determine if changes in speckle derived

optical texture could be employed to classify the OCT phantoms based on their structural composition.

Four groups of phantom types were prepared and imaged. These comprise different concentrations

of a medium matrix (gelatin solution), different sized polystyrene beads (PBs), the volume of PBs

and different refractive indices of scatterers (PBs and SiO2). Texture analysis was applied to detect

subtle optical differences in OCT image intensity, surface coarseness and brightness of regions of

interest. A semi-automated classifier based on principal component analysis (PCA) and support

vector machine (SVM) was applied to discriminate the various texture models. The classifier detected

correctly different phantom textures from 82% to 100%, demonstrating that analysis of the texture of

OCT images can be potentially used to discriminate biological structure based on subtle changes in

light scattering.

Keywords: optical coherence tomography; phantoms; texture analysis; principal component analysis;

support vector machine

1. Introduction

Optical coherence tomography (OCT) is now in routine use for the assessment of
morphological and physiological characteristics of biological structures such as the retina
at micron scales. OCT generates images derived from interferometry of incident and
backscattered beams of coherent light [1]. Commercially available OCT devices use low
coherence light sources typically centered in the wavelength range around 840 nm or
1040 nm; their axial resolution is determined by the full width at half maximum (FWHM)
of the light source and not by the aberrations of the optic system [2]. Thus, for a light source
of 1040 nm central wavelength with FWHM of 70 nm, the axial resolution is about 7 µm in
air (NP photonics 1-M-ASE-HPE-S). The resolution in clinical systems is not isotropic with
a lateral (aberration limited) resolution for ocular imaging in the range of 10 to 15 µm [3].

Variations in contrast along the imaging axis are analyzed to generate axial intensity
profiles that correlate with the underlying biological structure. Fourier-domain OCT
measures the phase of the Fourier transform of the spectral interference between the
backscattered lights from both arms of a device [4]. This phase is an estimate of structural
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information about the sample refractive index (RI) within the implicit coherence gating
enforced by the spectral bandwidth of the light source [5]. The measurement of retinal
layers is based on the segmentation and texture analysis of multi-cellular structures along
each axial intensity line.

Due to the influence on the quality and the performance of OCT scans, speckle is often
considered a type of noise that is routinely removed [6] to facilitate the segmentation and the
delineation of retinal layers. While this is a useful and pragmatic engineering solution, there
is evidence that a component of the speckle contains information of biological relevance.
Schmitt et al. [7] classified two types of speckles: ‘chance’ (stochastic) speckle and ‘inherent’
speckle. ‘Chance’ speckle is random and arises from multiply scattered photons, the width
of which equals one pixel and can be removed by averaging OCT scans. By contrast, larger
‘inherent’ speckle is consistent and located in the same region in repeated OCT images;
this speckle arises from the wavefronts from multiple scatterers, located in the same focal
volume [7]. Cumulatively, these speckle components produce a specific aggregate texture
from the region of interest, which can provide an optical signature that correlates with
structural changes that cannot be discerned by conventional OCT techniques [8]. The
texture is a measure of subtle optical differences in OCT image intensity, surface coarseness
and brightness of regions of interest [9,10]. Analysis of these parameters is based on the
assessment of the optical characteristics that contribute to an overall texture pattern within
an image; this method is frequently used in classification [11,12], segmentation [13,14] and
synthesis [15] of images.

Scatter has great potential as an image analysis method but is limited to providing
abstract textural indices that correlate with potential small-scale changes, particularly in
the context of imaging subcellular components. It is important that the rationale for using
speckle derived indices is validated and optical phantoms provide essential ground truth
objects for the purpose of such validation [16–19]. Phantoms with particle dimensions and
refractive indices that replicate the scales within the biological structure of interest can
produce an explicit textural picture. These similarities relate to the refractive incidence of
the component particles.

Therefore, in this study, we developed optical phantoms with components within the
scale range of cellular organelles (1–5 µm) to determine if changes in speckle derived optical
texture could be employed to classify the phantoms on the basis of their optical compositions.

2. Materials and Methods

2.1. OCT Device

Images were acquired using a custom OCT (Figure 1). The light source 1-M-ASEHPE-S
(NP Photonics, USA) has a center wavelength of 1040 nm and a FWHM of 70 nm. It was
connected via a 2 × 2 optical fiber coupler (AFW Technologies, Australia) to the sample and
reference arms. The sample arm included close-coupled 2-dimensional optical scanners
(Cambridge Technology Division, Germany), an achromatic off-axis parabolic reflector
and a near-infrared telecentric scan lens from Thorlabs (UK). Parabolic mirror collimator
provides an optical beam of Ø 2 mm (1/e2). Given the lateral resolution of 15.6 µm (NA of
eye = 0.029), the minimum scaling distance per pixel is 7.8 µm. For a standard 512-pixel OCT
scan, the maximum angular size the image can be in order to achieve Nyquist sampling
is 3994.4 µm. This is the theoretical maximum; it is likely that the real lateral resolution is
slightly worse due to optical aberrations and the true Nyquist sampling distance may be
slightly higher. The maximum scan angle is therefore 13.3◦ for a standard eye.

2.2. Phantom Preparation and Imaging

Polymer beads, in a range of sizes that correspond to subcellular organelles (1–15 µm)
were embedded in a gelatin matrix. Polystyrene beads (PBs) are most frequently used for
retinal phantom fabrication purposes [20] and consist of embedded hydrogel-based agents,
such as gelatin and agarose [21,22] whose refractive index is close to commonly imaged
biological structures. Four groups of phantoms were fabricated: various concentrations of
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gelatin solution (1); diverse diameter of PBs (2), their volume differences in the solution (3)
and scatterer RIs (4).

 

Figure 1. OCT system structure (explained in the text).

If the RI of the retina equals 1.36 [23], the refractive indices of the cell nucleus and
isolated mitochondria amount to 1.36–1.39 [24,25] and 1.41 [26], respectively. So, the RIs of
medium (gelatin = 1.33) and scatterer (polystyrene beads = 1.57) were determined using
an Abbe Refractometer Model 60/70. The steps for phantom preparation are shown in
Figure 2.

Figure 2. The preparation procedure of the retinal phantoms for the OCT.

Five OCT scans of size 512 × 512 × 1024 pixels, x, y, z) were collected from each
phantom with Z max = 1 mm. The first scan (Z0) was taken below the surface of the
phantom to avoid the refractive effects of the air-phantom interface. Each pixel was sorted
at 8-bit resolution (0–255) with a grayscale applied for visualization. For each image,
five volumes of interest (VOIs) were extracted (30 × 30 × 30 pixels) for the analysis of
texture and classification of OCT images (Figure 3).

2.3. Texture Analysis

For the purpose of texture analysis, feature extraction and image classification were
achieved using the plug-ins of ImageJ (NIH) and MATLAB Simulink (MathWorks). Groups
of parameters from the grey-level co-occurrence matrix (GLCM) were selected. The GLCM
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provides a spatial histogram of the image, showing the relationship between each intensity
level caused by alterations between grey levels i and j. For the quantification of grey-scale
distributions, probability density functions Sθ (i, j|d,θ) were calculated [27]. In the present
study, the distance d between i-th reference pixel and j-th pixel was equal to 1 pixel and the
directions θ between i and j pixels were 0◦, 90◦, 180◦, 270◦.

 
(a) 

 
(b) 

 
  (c) 

θ θ

θ
θ

θ θ

𝐺𝐿𝐶𝑀 𝐴𝑆𝑀 =  ∑ ∑ 𝑆𝜃(𝑖, 𝑗|𝑑)𝐺𝐿𝐶𝑀 𝑖𝑛𝑒𝑟𝑡𝑖𝑎 =  ∑ ∑ (𝑖 𝑗) 𝑆𝜃(𝑖, 𝑗|𝑑)𝐺𝐿𝐶𝑀 𝑒𝑛𝑡𝑟𝑜𝑝𝑦 =  ∑ ∑ 𝑆𝜃(𝑖, 𝑗|𝑑) log(𝑆𝜃(𝑖, 𝑗|𝑑)) 𝐺𝐿𝐶𝑀 𝐼𝐷𝑀 =  ∑ ∑ ( ) 𝑆𝜃(𝑖, 𝑗|𝑑)

Figure 3. Image processing and data preparation for the classifier: (a)—OCT scan of phantom and the
VOI cube image; (b)—schematic view of the 3D cube of the size 30 × 30 × 30 pixels; (c)—extraction
of grey level of each pixel for further grey-level co-occurrence matrix analysis.

Five GLCM parameters were extracted from each VOI in all θ: entropy, energy (or angu-
lar second moment), inverse difference moment (IDM), correlation and inertia (or contrast)
(Equations (1)–(5)). Therefore, a total of 20 GLCM features were derived from each VOI. The
regularity of the local greyscale distribution was measured by the angular second moment
by the sum of the squares of Sθ (i, j|d,θ). Inertia provides higher weights to each value in
the matrices and corresponds to areas of higher contrast. The sum of the multiplication of
each probability density function value by the log of this function computes the entropy as
a measure of randomness. The inverse difference moment parameter measures the local
minimal changes and correlation calculates the joint probability of occurrence. The latter is
higher in regions with uniform grey-scale values.

GLCM ASM = ∑
L−1
i=0 ∑

L−1
j=0 [Sθ(i, j|d )]2 (1)

GLCM inertia = ∑
L−1
i=0 ∑

L−1
j=0 (i − j)2Sθ(i, j|d) (2)

GLCM entropy = ∑
L−1
i=0 ∑

L−1
j=0 Sθ(i, j|d) log(Sθ(i, j|d )) (3)

GLCM IDM = ∑
L−1
i=0 ∑

L−1
j=0

1

1 + (i − j)2 Sθ(i, j|d) (4)
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GLCM correlation =
∑

L−1
i=0 ∑

L−1
j=0 (i − µx)

(

j − µy

)

Sθ(i, j|d)

σxσy
(5)

where Sθ (i, j|d,θ) is the i-th and j-th elements of GLCM and L is the number of grey levels
in the image.

Then, extracted parameters were analyzed by principal component analysis (PCA) and
support vector machine (SVM). PCA is a vector space transform method, which converts
high-dimensional data sets into a set of values of linearly uncorrelated variables. This can
subsequently be employed to reduce the feature dimensions by eliminating redundant
data. PCA computes the eigenvalue decomposition of the covariance matrix of the image
without matrix-to-vector conversion [28]. The SVM is a supervised machine learning
tool, which constructs a set of hyperplanes in feature space to allow the separation of the
data into different classes. The datasets were then classified by SVM with and without
preliminary PCA.

3. Results

For the purpose of classification, we developed 4 phantom groups based on differences
in the concentration of gelatin, particle size, particle concentration and particle refractive
index. 10 OCT scans were obtained for each phantom variable (160 scans in total, Table 1).
Ø 5–15 µm particles, which fell within the resolution limit of the OCT could be discerned
as discrete objects. As expected, particles below 5 µm in diameter could still be discerned
as discrete entities although collectively they generated differences in the overall texture
of the phantom. Submicron (384 nm) polystyrene beads had no discernible effect on the
optical properties of the phantom; single- or multi-pixel speckle noise in the scans from
these phantoms (Figure 4). OCT scan thresholding was achieved using ImageJ software
built-in technique for automatic computing of a value cutoff.

Table 1. Groups and types of phantoms.

Phantom Groups Phantom Types Number of OCT Scans

Different concentrations of
gelatin solution

2% gelatin solution (2% GS) 10
5% gelatin solution 10
10% gelatin solution 10

Different size of scatterers

2% GS + 384 nm 50 µL PBs 10
2% GS + 1 µm 50 µL PBs 10
2% GS + 2 µm 50 µL PBs 10
2% GS + 5 µm 50 µL PBs 10
2% GS + 15 µm 50 µL PBs 10

Different concentration of scatterers

2% GS + 1 µm 5 µL PBs 10
2% GS + 1 µm 10 µL PBs 10
2% GS + 1 µm 20 µL PBs 10
2% GS + 1 µm 30 µL PBs 10
2% GS + 1 µm 40 µL PBs 10
2% GS + 1 µm 50 µL PBs 10

Different refractive index of scatterers
2% GS + 1 µm 50 µL PBs 10
2% GS + 1 µm 50 µL SiO2 10

Following the learning of the model with various random training and validation
datasets, a test dataset was evaluated with the generated function codes and the whole
procedure was reiterated 10 times and the results are average.

Phantoms with different concentrations of gelatin in the medium could be segregated
with a classification accuracy of 91.8% with PCA and 100% without (Table 2). While 2% and
10% gelatin solutions could be classified accurately in 96% and 99% of cases, respectively,
only 74% of 5% gelatin solution was truly discriminated by PCA and SVM (Figure 5). We
found that OCT texture generated by a “5% solution” can mimic the texture of “2% and
10% gelatin solutions” in 16% and 9% of cases, respectively. These ‘false positive’ and ‘false
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negative’ results can be the consequences of the local variations of the texture within the
gelatin solution.

𝐺𝐿𝐶𝑀 𝑐𝑜𝑟𝑟𝑒𝑙𝑎𝑡𝑖𝑜𝑛 =  ∑ ∑ ( )(  ) ( , | )
θ θ

а

 
(a) 

 
(b) 

 
(c) 

 
(d) 

 
(e) 

     

Figure 4. Original OCT image scans and threshold images of 384 nm (a), 1 µm (b), 2 µm (c), 5 µm
(d) and 15 µm (e) PBs. Scatterers are more discernible in the threshold images.

Table 2. Classification accuracy of different phantom groups.

Phantom Groups
Accuracy of SVM AUC

with PCA without PCA with PCA without PCA

Different concentrations of
gelatin solution

91.9% 100% 0.99 1.00

Different size of scatterers 100% 100% 1.00 1.00

Different size of scatterers
with submicron particles

82.5% 100% 1.00 1.00

Different concentration
of scatterers

86.7% 99.9% 1.00 1.00

 

T
ru

e 
cl

as
s 

2% GS 96% 3% 1%  96% 4% 

5% GS 16% 74% 9%  74% 26% 

10% GS  1% 99%  99% 1% 

 2% GS 5% GS 10% GS  
True 

Positive 

Rate 

False 

Negative 

Rate 
 

Predicted class 

 

Figure 5. Confusion matrix of different concentrations of gelatin solution.
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Phantoms with Ø 1 µm, 2 µm, 5 µm and 15 µm of latex beads could be categorized
correctly in 100% of cases using SVM with and without PCA (Figure 6a). However, the
level of discrimination was significantly reduced with submicron PBs (384 nm), where only
27% of 384 nm PBs were detected correctly (Figure 6b). The latter was not unexpected
given the axial resolution limit of the optical coherence tomography in the range of 1–5 µm.

 
(a) 

 
(b) 

T
ru

e 
cl

as
s 

1µm 
100%     100%  

2µm 
 100%    100%  

5µm 
  100%   100%  

15µm 
   100%  100%  

  
1µm 2µm 5µm 15µm  True 

Positive 

Rate 

False 

Negative 

Rate 
  

Predicted class  

T
ru

e 
cl

as
s 

0.384µm 27% 3% <1%  69%  27% 73% 

1µm  >99%     >99% <1% 

2µm   100%    100%  

5µm    100%   100%  

15µm     94%  94% 6% 

 
 0.384µm 1µm 2µm 5µm 15µm  

True 

Positive 

Rate 

False 

Negative 

Rate 

  

Predicted class 

 

Figure 6. Confusion matrix of different sizes of scatterers: (a)—without 384 nm PBs; (b)—with 384 nm PBs.

The SVM-based classification of various scatterers’ concentrations with PCA reached
86.7% of accuracy and 99.9% without PCA (Table 2). Along with other GLCM properties,
contrast and angular second moment (ASM) discriminated the most benefit to the classification
performance during the feature selection process, the example of which is illustrated in
Figure 7a: clusters of various phantom types were separable in the feature space, except 20 µL
and 30 µL of scatterers in 2% gelatin solution. Figure 7b shows the similarity of textures
generated by these two phantoms: 60% of 30 µL PBs was classified as a 20 µL PBs sample.

With a refractive index (RI) of PBs equal to 1.57, SiO2 has the lower RI—1.43 [29].
Classification with and without PCA in both scenarios correctly discriminated the texture
of differing scatterers in all cases. The principal component scores of each scattering particle
for the 3 components are plotted in X, Y and Z dimensions (Figure 8a). According to the
type of scatterers (PBs = red, SiO2 = blue), the segregation of the clusters into different
types along the components can be detected. To illustrate the distribution of the groups
along with individual components, plots (b), (c) and (d) are projected.
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А
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(b) 

T
ru

e 
cl

as
s 

5µl 100%       100%  

10µl 1% 99%  <1%    99% 1% 

20µl  <1% 69% 30%    69% 31% 

30µl  >1% 60% 40%    40% 60% 

40µl   <1% <1% 96% 3%  96% 4% 

50µl     3% 97%  97% 3% 
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Figure 7. Different concentration of scatterers: (a)—clusters in the feature space: two most dis-
criminating GLCM features—contrast and angular second moment (ASM)—demonstrated better
classification performance; (b)—confusion matrix.
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Figure 8. Cont.
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(c) 

(d) 

Figure 8. Principle component analysis of the different refractive indices of scatterers. (a)—3-dimensional
principal component scores of PBs and SiO2; (b)—the distribution of the groups along with 1st and
2nd components; (c)—the distribution of the groups along with 1st and 3rd components; (d)—the
distribution of the groups along with 2nd and 3rd components. The 3-component solution included
95% of the variance within the data.

4. Discussion

Although commercial clinical OCT machines with an axial resolution of 3–5 µm are
widely used for the diagnosis of retinal diseases, high-resolution OCT allows imaging of
the biological tissue structure with the axial resolution of 2–3 µm [30]. Neither of these
resolutions allows the unequivocal imaging of subcellular components. In this study, we
show that texture data can be extracted that correlates with light scatter from particles that
lie within and beyond the resolution limits of the OCT. Importantly, the texture information
can be used to classify phantoms with a high degree of accuracy.

The use of texture-based image analysis is gaining in popularity and has a number of
applications in the analysis of biological structures. GLCM has been used to quantify the
necrosis in cell cultures from microscope images [31], to discriminate the various prostatic
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tissues from ultrasonic B-scans [32] and to detect the normal and pathologic tissues from
OCT images [10]. Gossage et al. [10,33] reported that GLCM texture analysis provides better
outcomes than other features as it provides more valuable texture-context information than
the intermediate matrices of other texture analysis algorithms.

For the purpose of analysis of multidimensional data, we used an n-dimensional PCA
(nD-PCA) as suggested by Hongchuan and Bennamoun [34]. nD-PCA extends the PCA
method to a higher dimensional dataset and reduces the dimensionality of such datasets.
Moreover, the algorithm increases the interpretability while minimizing the information
loss as seen in the results (Table 2).

In this study, the classification of OCT scans was based solely on linear SVM. Although
other types of non-linear SVM were used in the study of Anantrasirichai et al. [12], linear
SVM significantly outperformed the radial basis and polynomial function SVM kernels in
our study.

Due to the inhomogeneities in the refractive index of the tissue structures, light is
reflected at various angles [7,35], which can contribute to the texture signal. Speckle arises
from the source of optical information about the microscopic structures of the tissue and
as noise [7]. Hence, in the process of noise filtering, some valuable data can be removed.
Consequently, this can lead to misinterpretation of the OCT results. Efficient noise reduction
is one of the main goals of image processing but remains one of the most challenging as it
needs to balance noise reduction and texture preservation.

Our data support the application of OCT derived speckle signatures from biological
structures. In the context of retinal imaging, one of the most popular applications of OCT,
texture analysis has great potential for the quantification of retinal neuronal health since
the fragmentation of neuronal organelles (in particular mitochondria) will generate texture
changes within the resolution of existing OCT devices. Gelatin-based matrix has the desired
absorbance, scattering, and background fluorescence. In the study of De Grand et al. (2006),
the optical properties of gelatin-containing medium were constant from 600 to 1000 nm for
2 weeks and more [36]. The index of refraction of gelatin phantom is 1.35 and the scattering
coefficient amounts to 1 at the central wavelength of 1280 nm, computed by Mie theory [37].
Due to their unique optical properties (controllable scattering coefficient and refractive
index), micro particles based on polystyrene beads are the first choice for OCT phantom
preparation. In gelatin-based phantoms, polystyrene nanoparticles are used frequently as a
scattering constituent.

Scattering and absorption properties of gelatin phantoms can be controlled and recre-
ated by mixing with lipid emulsion (Cubeddu et al. 1997; Wagnieres et al. 1997).

Further investigation into the utility of texture-based analysis will benefit from the
availability of white light superluminescent diodes with broader spectral bandwidth and
axial resolutions in the range 1–2 µm. However, robust evaluation of the potential of this
method will require the use of custom devices where speckle data has not been discarded
as a pre-processing step for tissue segmentation.

5. Conclusions

We introduce a semi-automated approach for image classification of high-resolution
OCT imagery using SVM-based machine-learning analysis. Although the OCT has insuffi-
cient resolution to differentiate subcellular components, the study results propose that the
changes in light scatter generated by particles distributed within the phantoms produce
meaningful optical signals. The quantification of speckle by texture analysis with machine
learning classification tools provides a convenient method that can be more widely applied
to the analysis of biological structures such as the retinal inner plexiform layer in the onset
of glaucoma and Alzheimer’s disease.
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