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Abstract—A novel interpolation-based model for the com-
putation of the Gray Level Co-occurrence Matrix (GLCM) is
presented. The model enables GLCM computation for any real-
valued angles and offsets, as opposed to the traditional, lattice-
based model. A texture directionality estimation algorithm is
defined using the GLCM-derived correlation feature. The robust-
ness of the algorithm with respect to image blur and additive
Gaussian noise is evaluated. It is concluded that directionality
estimation is robust to image blur and low noise levels. For
high noise levels, the mean error increases but remains bounded.
The performance of the directionality estimation algorithm is
illustrated on fluorescence microscopy images of fibroblast cells.
The algorithm was implemented in C++ and the source code is
available in an openly accessible repository.

I. INTRODUCTION

Gray Level Co-occurrence Matrix (GLCM) computations
are frequently used to capture second-order statistics of image
textures [1], [2], [3]. GLCMs are calculated over a selected
image region by counting the number of co-occurring intensity
pairs. Locations of the co-occurring pixels under consideration
are defined by fixed angle and offset (distance) values. Given
an image, the values of angle and offset are constrained by
a lattice consisting of integer row and column locations of
image pixels. The lattice constraints introduce uncertainty in
the GLCM computation, since only specific angle-offset pairs
correspond to the image lattice.

The gap between lattice-constrained and real-valued com-
putations of GLCM motivates our work. A summary of a few
software packages with GLCM computation is provided in
Table I. They are constrained by the lattice and somehow
limited to specific offset values and direction angles, according
to the seminal GLCM paper [4]. However, GLCM computa-
tions should be applicable for any direction of interest, which
motivates the need for any real-valued angle and offset.

From an application perspective, texture directionality es-
timation techniques are extremely useful in cell biology. For
example, the assembly mechanisms of stress fibers in response
to mechanical characteristics of the extracellular matrix are
related to cardiovascular diseases [10], [11]. However, mi-
croscopy images of cells are frequently being obfuscated by

TABLE I
A SUMMARY OF GLCM ANGLE AND OFFSET PARAMETERS ALLOWED IN

VARIOUS SOFTWARE PACKAGES SUPPORTING GLCM COMPUTATIONS (LC
- LATTICE CONSTRAINED).

Software Available angle Available offsets

QMaZda [5] 0, 45, 90, 135 1,2,3,4,5
MATLAB [6] 0, 45, 90, 135 Any (LC)
ImageJ/FIJI plugin [7] 0, 45, 90, 135 Any (LC)
WIPP [8] Any (LC) Any (LC)
Pythonxy/scikit-img [9] Any (LC) Any (LC)

cell clutter. In this context, the robustness of directionality
estimation with respect to noise and image blur needs to be
assessed.

The aforementioned motivations and needs can be summa-
rized into two objectives. The first objective is to enable the
computation of GLCM derived features over any real-valued
angles and offsets that are not constrained to an image lattice.
The second objective is to assess the performance of GLCM
derived features on texture directionality estimation in terms
of robustness to blur and noise.

After a brief overview of related work in Section II the
above objectives are addressed by defining an interpolation-
based GLCM computation that can operate on any real-valued
angle and offset pair (Section III-A), designing a method for
estimating texture directionality from GLCM derived features
(Section III-B), and evaluating its robustness with respect to
image noise and blur on synthetic images (Section IV). The
method is compared with the Fiji implementation of a Fourier
Transformation (FT)-based directionality estimation technique
[12] (Section IV-D), and it is demonstrated on fluorescence
microscopy images of fibroblast cells (Section IV-E). Section
V discusses this work and suggests future directions.

II. PREVIOUS WORK

Texture directionality estimation has been explored based
on Radon [13], Moijete [14], and Fourier transforms [15],
or on the auto-covariance function [16]. However, such ap-
proaches require a mapping between the visual perception of



directionality and its characteristics in the transformed space.
GLCM is more directly linked to human visual perception
[17]. Past work on seismic image data [18] and on the
characterization of collagen fibers [19] shows that GLCM
derived homogeneity and energy features are maximal when
computed along the perceived texture directionality. This
property of GLCM derived features was also pointed out in
[20]. However, GLCM computations are traditionally limited
to a small set of direction and offset pairs, since pair values
defining the locations of the co-occurring pixels belong to the
lattice consisting of integer row and column locations of image
pixels.

III. METHODS

In this section, we define an interpolation-based GLCM
computation. Then, a texture directionality estimation algo-
rithm is designed using the interpolation-based GLCM.

A. Interpolation-based GLCM Computation

The mathematical notations introduced by Haralick[4] are
used here. Let us define an image I that is a mapping from a
lattice of pixels to integer values of gray level intensities. The
mapping assigns a set of quantized (or binned) gray levels
G = {0, 1, 2, , NG} to each lattice point defined by LY =
{0, 1, 2, , NY } × LX = {0, 1, 2, , NX}. Thus, an image I is
defined as a mapping I : LY × LX → G. According to [4],
the lattice-based GLCM entry at i-th row and j-th column
C(i, j, d, α) is defined for angles α = 0◦, 45◦, 90◦ and 135◦

at a distance (i.e., offset) d as follows:

C(i, j, d, α) =

= #
{(

(k, l), (m,n)
)
∈ (LY × LX)×

×(LY × LX)
∣∣∣I(k, l) = i, I(m,n) = j,

|k −m| = V 1(α), |l − n| = V 2(α)
} (1)

where the symbol # refers to the number of elements in the
set, and the four angles α = 0◦, 45◦, 90◦ and 135◦ correspond
to the following four combinations of the V 1, V 2 values:

{V 1(0◦) = 0; V 2(0◦) = d}
{V 1(45◦) = d; V 2(45◦) = −d}
{V 1(90◦) = d; V 2(90◦) = 0}
{V 1(135◦) = −d; V 2(135◦) = −d}

applied to the lattice location coordinates k, l,m and n. The
GLCM is of size NG×NG. The GLCMs in [4] are defined to
be symmetric, which implies C(i, j, d, α) = C(j, i, d, α). The
quantization (binning) into NG gray levels is carried out as in
Eq. (2).

G
(
I(i, j)

)
=

[
I(i,j)−min(k,l)∈II(k,l)

max(k,l)∈II(k,l)−min(k,l)∈II(k,l)

]
∈

∈ {0, 1, . . . , NG}
(2)

The operations min and max are performed over the entire
image I , and G is the quantized gray level of an intensity
I(i, j).

Interpolation-based rather than lattice-based GLCM com-
putations are introduced here. The general element of the

interpolation-based GLCM at i-th row and j-th column is
defined below for a given interpolation model Model, real-
valued angle α and offset d.

C(i, j, d, α,Model) =

= #
{(

(k, l), (m = k + d cos(α),

n = l + d sin(α)
)
∈ (LY × LX)×

×(RY ×RX)
∣∣∣I(k, l) = i &

& Interpolated I(m,n,Model)
}

(3)

where the symbol # refers to the number of elements in the
set and InterpolatedI(m,n,Model) denotes the interpolated
intensity for the real-valued location (m,n) ∈ (RY × RX).
The bilinear interpolation model is used in this work. The main
idea behind the interpolation-based GLCM computation is
that, by definition, lattice constraints limit the direction/offset
pairs that must be considered. In the proposed approach one of
the two points needed for GLCM calculation is in the image
lattice and the second one is interpolated (Fig. 1).

Ref. point 

Model 

d = 3 
 = 65° 

Fig. 1. Instance of interpolation-based GLCM computation. Locations in blue
represent a reference point on the lattice and an interpolated point located at
distance d = 3 and angle α = 65◦. The intensity value at the latter point is
obtained by bilinear interpolation over the 4 closest neighbors (in red)

B. Texture directionality estimation algorithm based on
GLCM derived features

Four GLCM features, originally implemented in MatLab
software [21], are considered in this paper: homogeneity,
contrast, correlation, and energy. Those features are modified
below to take into account the interpolation-based GLCM, by
simply substituting C(i, j, d, α) with C(i, j, d, α,model).

homogeneity =
∑
i,j∈[1,G]

C(i,j,d,α,model)
1+|i−j|

contrast =
∑
i,j∈[1,G] |i− j|2C(i, j, d, α,model)

correlation =
∑
i,j∈[1,G]

(i−µi)(j−µj)C(i,j,d,α,model)
σiσj

energy =
∑
i,j∈[1,G] C(i, j, d, α,model)2

(4)
The characteristics of the GLCM features in Eq. (4) with
respect to texture directionality were tested for a set of
fixed offset values on synthetic images consisting of bars of
various thicknesses and orientations. A total of 1320 tests
were performed. GLCM features were generally maximal or



minimal along the bar direction and in overall agreement
with the previous studies [18], [19] and [20]. Specifically,
correlation was maximal in 99% of the cases, contrast was
minimal in 99%, homogeneity was maximal in 95%, and
energy was maximal in 68%. According to these results,
correlation and contrast seem to be the most reliable features
for texture directionality estimation. Correlation is used for
the texture directionality estimation algorithm defined in this
paper. Fig. 2 shows an instance of the above-mentioned tests,
where GLCM features are plotted for 4 offset values and over
181 direction angles α ∈ {0◦, 1◦, . . . , 180◦}. In this case, three
GLCM features reach their maximum or minimum value in
correspondence of the actual texture directionality, which is
α = 101◦. Only GLCM energy does not follow this behavior.
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Fig. 2. The four texture features derived from the interpolation-based GLCM
are plotted in function of the computation angle, for four offset values. The
GLCM is computed on a synthetic texture containing 8-pixel wide bars, 8-
pixel spaced, oriented at 101◦ with respect to the vertical axis (inset).

The algorithm for texture directionality estimation is defined
as follows. Observe that there are no restrictions on the size
and shape of the processed image region. Let A and D
be respectively the set of angles and offsets to use for the
interpolation-based GLCM computation. Let F (α, d,Model)
be the GLCM correlation feature from Eq. (4), where α
and d belong to sets A and D, and Model represents the
interpolation model. Then, TEXT DIR DETECT algorithm
consists of the steps below:

1) For each d ∈ D, compute GLCM based correlation
F (d = const, α) over every α ∈ A.

2) Find the angle αmax(d) corresponding to the maximum,
value of F (d, α) for a given offset d.

3) Find the highest occurrence of angle ᾱ among the
αmax(d) for all d ∈ D. The angle ᾱ represents the
detected texture directionality.

The outputs of Step 2 and 3 of the above algorithm can be
formally defined as αmax(d) = arg max∀α∈A F (d, α) and
ᾱ = Mo{αmax(d)}d∈D where Mo is the mode of the set
in parenthesis for every d ∈ D. Note that if no unique
mode is found then texture directionality is not reported
which is a valid outcome of the algorithm. The described

TEXT DIR DETECT algorithm was implemented in C++
using the OpenCV image processing library, and the source
code is available in the GitHub repository [22].

IV. PERFORMANCE TESTS AND EXAMPLES OF
APPLICATIONS

A. Definition of synthetic images and procedure for tests

The robustness of our texture directionality estimation al-
gorithm with respect to noise and image blur was evaluated
on synthetic texture images with depth of 16 bits per pixel
(BPP), with dimension of 512 × 512 pixels and with known
directionality, which were obtained as follows. Initially, evenly
spaced vertical bars were built, with thickness and spacing
equal to 8, 12 and 16 pixels, with background intensity equal
to 16384 (1/4 of the full scale), and with foreground intensity
equal to 49151 (3/4 of the full scale). Next, the bars were ro-
tated of angles 0◦, 1◦, . . . , 90◦,counterclockwise with respect
to the vertical direction. Please observe that, in general, a given
rotation involves the interpolation of the foreground intensity
values, which leads to multiple grayscale values for the rotated
image. This procedure yielded 273 images (91 directions by 3
bar thicknesses). In order to evaluate the robustness of the tex-
ture directionality estimation algorithm to noise, the synthetic
images were perturbed using the Gaussian PDF noise with zero
average and standard deviation σ = {2000, 4000, . . . , 20000}.
On the other hand, in order to evaluate the robustness of the
texture directionality estimation algorithm to blur, the synthetic
images were perturbed by filtering with square averaging
kernels of size {3×3, 5×5, . . . , 21×21} pixels. Instances of
the obtained synthetic images are shown in Fig. 3 in pseudo
colors, so that the intensity values can be seen more clearly.

Based on the above, a total of 3003 synthetic images
was obtained after noise perturbation (3barthickness ×
91directions × 11noisestandarddeviationlevels), and the
same number of synthetic images was obtained af-
ter blur perturbation (3barthickness × 91directions ×
11blurkernelssize). On each synthetic image 121 circular
regions of interest (ROIs) with diameter of 61 pixels, regularly
spaced and partially overlapping to fully cover each synthetic
image, were used to perform the directionality estimation.
Circular ROIs were chosen because they are not expected to
bias in any way the directionality detection, unlike square or
rectangular ROIs. Ultimately, our tests yield a total of 11011
directionality estimates (121ROIs × 91directions) for each
bar thickness and perturbation level. Our texture directionality
estimation algorithm was applied to the synthetic images
described above. The directionality estimation was carried out
using 1◦ sampling and the GLCM was computed using 16
intensity bins. Two metrics to evaluate the algorithm perfor-
mance were employed: the mean value and the maximum
value of the directionality detection error (DDE). The DDE
is defined as the absolute value of the difference between the
estimated directionality ᾱ and the known directionality α of a
synthetic texture image, as formally shown in Equation (5).

DDE = |ᾱ− α| (5)
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Fig. 3. Instances of synthetic images used for the evaluation of robustness
to blur and noise. On each image, the circular ROIs and the corresponding
detected directionalities are shown. The top row shows images consisting of
bars with thickness of 8 pixels (a), 12 pixels (b), and 16 pixels (c). The middle
row shows images consisting of 12-pixel thick bars after applying Gaussian
noise with standard deviation equal to 6000 (d), 12000 (e) and 1800 (f). The
bottom row shows consisting of 12-pixel thick bars after applying blur with
average kernels of pixel size 7×7 (g), 13×13 (h) and 19×19 (i).

B. Robustness of directionality estimation to Gaussian noise

The results of the tests of our texture directionality esti-
mation algorithm with respect to its robustness to Gaussian
noise are presented here. In Fig. 4, the average and maximum
DDE is plotted against the noise standard deviation. Gen-
erally speaking, the directionality estimation algorithm seems
sensitive to noise. In fact, there is no error only for noise
standard deviation below 4000, which is below the lowest
binning level (please observe that, since 0 − 65535 is the
intensity value range, which is grouped into 16 bins, each bin
represents consecutive 4096 intensity values). Above 4000, the
estimation error seems to grow proportionally to noise for both
the average and maximum DDE plot. Larger errors for thicker
bars are due to a lower incidence of the edges in the ROI,
since they mainly carry the directionality information. Despite
the decrease of the directionality estimation accuracy with the
increasing of Gaussian noise, it is important to observe that the
average DDE values remain limited to 1.23◦ for considered
range of noise standard deviations. This is an acceptable error
level, considering that 1-degree sampling was used for the
directionality in the GLCM computation.

C. Robustness of directionality estimation to image blur

The results of the tests of our texture directionality esti-
mation algorithm with respect to its robustness to blur are
presented here. In Fig. 5, the average and maximum DDE is
plotted against the average filter kernel size. The directionality
estimation algorithm does not seem to be significantly affected
by image blur. The average DDE for the bars of thickness
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Fig. 4. Average (left) and maximum (right) Directionality Detection Error
in function of the standard deviation of zero-mean Gaussian noise.

12 and 16 does not exceed 0.01◦ degrees, and the maximum
DDE does not exceed 3◦. For bars of thickness 8, the average
DDE does not exceed 0.01◦ degrees with averaging kernel
sizes up to 11×11 pixels. On the other hand, with kernel sizes
of 13 × 13 and up, the average DDE starts to grow without
exceeding 0.14◦. The maximum DDE for bars of thickness 8
is limited to 4◦ with averaging kernel sizes up to 19×19, and
it jumps to 26◦ with averaging kernel size of 21 × 21 pixels
(the largest tested averaging kernel size). The only significant
error increase was observed for bars of thickness 8, and it
is due to the fact that such bar thickness is smaller than the
size of averaging kernel. It should be noted that the observed
low sensitivity to image blur is a very important property of
the proposed texture directionality estimation algorithm, since
image blur is one of the commonly used methods for noise
reduction in images. In the future, the robustness to the other
types of distortions as intensity nonuniformity [23] will be
tested.
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Fig. 5. Average (left) and maximum (right) Directionality Detection Error
in function of the averaging kernel size.

D. Comparison with Fourier Transformation-based direction-
ality estimation

The performance of our GLCM-based texture directionality
estimation algorithm was compared to the well-established and
widely used Fourier Transformation (FT)-based directionality
estimation technique implemented in Fiji [7]. The comparison
was based on the robustness of the directionality estimation
with respect to image blur and Gaussian noise. The two
algorithms were compared using the same synthetic images
described earlier. The only difference is that, since the FT-
based directionality estimation technique works only with
rectangular ROIs, squared ROIs with edge size of 61 pixels
were used rather than circular ROIs. In order to obtain the
same total number of ROIs, the centers of the squared ROIs
used for testing the FT-based texture directionality estimation



algorithm were defined so that they correspond to the centers
of the circular ROIs used for testing the GLCM-based texture
directionality estimation algorithm. In Fig. 6, the average
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Fig. 6. Average (left) and maximum (right) Directionality Detection Error
in function of the standard deviation of zero-mean Gaussian noise for the
Fourier based method. .

and maximum DDE are plotted against the noise standard
deviation for the FT-based directionality estimation algorithm.
Based on the plots, the FT-based directionality estimation
algorithm seems to be sensitive to Gaussian noise as well.
The average DDE is not equal to zero even in absence of
noise, and it increases not linearly with the increasing of
the noise standard deviation. The average DDE does not
exceed 0.5◦ for noise standard deviation values below 16000,
while for higher noise standard deviation values it grows
more rapidly. The maximum DDE behaves similarly, as it
does not exceed 3.6◦ for noise standard deviation values
below 16000, and then it rapidly grows. In comparison to
the GLCM-based directionality estimation algorithm, the FT-
based one is slightly less sensitive to Gaussian noise for noise
standard deviation values below 16000. In Fig. 7, the average
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Fig. 7. Average (left) and maximum (right) Directionality Detection Error
in function of the averaging kernel size for the Fourier based method. .

and maximum DDE are plotted against the averaging filter
kernel size (i.e., blur level) for the FT-based directionality
estimation algorithm. The obtained data shows that the FT-
based directionality estimation algorithm is sensitive to blur
as well. The average DDE is not equal to zero even in
absence of blur, but this time its increasing with the size of
the averaging kernel size is not fully monotonic. For averaging
kernel sizes below 13×13 pixels, the average DDE does not
exceed 3.8◦, while for larger averaging kernel sizes it grows
rapidly. A similar behavior was found for the maximum DDE,
which for averaging kernel sizes up to 7 × 7 pixels does not
exceed 10◦. Even in this case, larger averaging kernel sizes
results in a more rapid growth of the maximum DDE, not
necessarily monotonic. Clearly, in comparison to the GLCM-
based directionality estimation algorithm the FT-based one is

far more sensitive to blur.

E. Example of applications
The texture directionality estimation algorithm was applied

to microscopy images of actin fibers in fibroblast cells. In
order to detect the locally varying directionality of texture in
these images, each image has to be partitioned. The texture
directionality images in Fig. 8 was estimated using circular
overlapping tiles (41 − pixel diameter). The local direction
was superimposed on images as black lines. The resulting
direcionality histograms are shown in polar coordinates. In
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Fig. 8. Texture directionality estimation for three images of actin fibers
in fibroblast cells. The tiled images are shown in pseudo colors, each tile
containing the estimated directionality line with length proportional to DDC
(top row); the corresponding polar histogram representing the directionality
distribution is also shown for each image (bottom row).

the leftmost cell image from Fig. 8, two vertically oriented
actin bundles are clearly noticeable. In fact, the largest bin of
the corresponding polar histogram is very close to the vertical
direction, and about 33% of the estimated texture directional-
ities are within 5◦ from the vertical direction. The center cell
image from Fig. 8 contains several actin bundles with different
directions. In fact, the corresponding polar histogram contains
three dominating direction groups and not only one as before.
The three direction groups are roughly centered at 45◦, 90◦ and
135◦, and about 50% of the estimated texture directionalities
are within 10◦ from these three directions. Finally, one main
actin bundle is clearly noticeable in the rightmost cell image
from Fig. 8, along with several smaller actin fibers distributed
across the cell. The largest bin in the corresponding polar
histogram represents the estimated orientation of the main
actin bundle (≈ 140◦), whereas a few smaller bins also appear.
The standard deviation of the estimated actin directionality
is quite large in this case (≈ 40◦). In general, the standard
deviations of directionality estimates can be related to the
directional distribution of actin during various cell states and
hence to a quantitative imaging method for cell biology.

In conclusion, the above examples show that our texture
directionality estimation algorithm enables quantitative char-
acterization of texture directionality. Quantitative directionality
estimation for cell images can find application in several
biological studies, such as the ones focusing on the character-
ization of the arrangement of the proteins in the cytoskeleton
of cells [10] and [11].



V. CONCLUSIONS

An interpolation-based GLCM computation technique was
introduced in this paper. The technique allows GLCM com-
putation for virtually any real-valued angle-offset pair, as
opposed to current lattice-constrained GLCM computations.
Based on the interpolation-based GLCM computation, a tex-
ture directionality estimation algorithm was introduced by
finding the maximum of GLCM-derived correlation values
over all angles and offsets.

The proposed GLCM-based directionality estimation algo-
rithm was tested on synthetic images with known texture
directionality, using progressive blur and additive Gaussian
noise with increasing values of standard deviation. Results
show robustness to both image blur and Gaussian noise. Our
algorithm was also compared with the well-established FT-
based directionality estimation algorithm, showing comparable
performance with respect to noise, and much better perfor-
mance with respect to blur. It is important to observe that our
GLCM-based algorithm can be used with arbitrarily shaped
regions of interest, unlike the FT-based one.

Our algorithm was also demonstrated on microscopy images
of fibroblast cells. Results show a good match with the
perceived texture directionality, and a quantitative character-
ization of texture directionality distribution with immediate
interpretation is provided using polar histograms.

VI. DISCLAIMER

Commercial products are identified in this document in
order to specify the experimental procedure adequately. Such
identification is not intended to imply recommendation or
endorsement by the National Institute of Standards and Tech-
nology, nor is it intended to imply that the products identified
are necessarily the best available for the purpose.

ACKNOWLEDGMENT

We would like to thank Dr. Kiran Bhadriraju from the
Nanoscale Metrology group in the Physical Measurements
Laboratory at NIST and his colleagues from Material Mea-
surements Laboratory at NIST for sharing the fibroblast cell
images that were used in this paper.

REFERENCES

[1] E. O. Olaniyi, A. A. Adekunle, T. Odekuoye, and A. Khashman, “Au-
tomatic system for grading banana using glcm texture feature extraction
and neural network arbitrations,” Journal of Food Process Engineering,
vol. 40, no. 6, 2017.

[2] J. Neumann, U. Heilmeier, G. Joseph, F. Hofmann, W. Ashmeik,
A. Gersing, N. Chanchek, B. Schwaiger, M. Nevitt, C. McCulloch et al.,
“Texture analysis of t2 maps of the cartilage indicates differences in
knee cartilage matrix in subjects with type 2 diabetes: data from the
osteoarthritis initiative,” Osteoarthritis and Cartilage, vol. 25, pp. S73–
S74, 2017.

[3] K. Buch, B. Li, M. Qureshi, H. Kuno, S. Anderson, and O. Sakai,
“Quantitative assessment of variation in ct parameters on texture fea-
tures: pilot study using a nonanatomic phantom,” American Journal of
Neuroradiology, vol. 38, no. 5, pp. 981–985, 2017.

[4] R. M. Haralick, K. Shanmugam, and I. Dinstein, “Textural Features
for Image Classification,” IEEE Transactions on Systems, Man, and
Cybernetics, vol. 3, no. 6, pp. 610–621, nov 1973. [Online]. Available:
http://ieeexplore.ieee.org/document/4309314/
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