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The mechanical properties of materials greatly depend on the microstructure morphology. The quantitative character-
ization of material microstructures is essential for the performance prediction and hence the material design. At present,
the quantitative characterization methods mainly rely on the microstructure characterization of shape, size, distribution,
and volume fraction, which related to the mechanical properties. These traditional methods have been applied for several
decades and the subjectivity of human factors induces unavoidable errors. In this paper, we try to bypass the traditional
operations and identify the relationship between the microstructures and the material properties by the texture of image
itself directly. The statistical approach is based on gray level Co-occurrence matrix (GLCM), allowing an objective and
repeatable study on material microstructures. We first present how to identify GLCM with the optimal parameters, and then
apply the method on three systems with different microstructures. The results show that GLCM can reveal the interface
information and microstructures complexity with less human impact. Naturally, there is a good correlation between GLCM
and the mechanical properties.
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1. Introduction

The mechanical properties greatly depend on the mi-
crostructure morphology. The performance, composition, mi-
crostructures, and processing technology which are interre-
lated with each other together compose the research frame-
work of material science.[1] Among all these factors, mi-
crostructures play an important part in the material analysis
and design. It is well known that there is a famous Hall–
Petch formula to illustrate the relationship between the grain
size and material strength for single-phase alloys. For duplex-
phase complex structures, such as hypereutectic structures and
precipitated structures, the strength is related to two-phase vol-
ume fraction, morphology and micro-distribution. Regulating
microstructures by improving the composition and technology
to enhance the mechanical properties is an eternal theme in
material science.

Quantitative characterization of material microstructures
is the foundation of microstructures investigation.[2] As the
computing power increases and the microscope technology
(such as optical microscopy, electron microscope, transmis-
sion electron microscope, and atomic force microscope) de-
velops over time, image analysis and processing have become
more and more important for the microstructure characteriza-

tion and performance prediction.[3,4] At present, digital image
preprocessing including binaryzation, filtering, erosion, dila-
tion, open-close operation, and so on has been widely used in
the microstructure quantitative characterization. However, the
images still need to be manually separated for the data relia-
bility and repeatability.[5] After that, the information such as
grain shape, size, distribution and volume fraction can be ex-
tracted to quantitatively characterize the microstructures and
related to the mechanical properties. In the premise of huge
statistics, the mechanical properties can be predicted by the
quantitative information. Although the image acquisition tech-
nology and processing software are more and more advanced,
the basic methods applied for the quantitative characterization
have remained the same for several decades[2,6–9] and may in-
duce appreciable error to the final results. For example, the
phase volume fraction is usually measured by the area ratio
of section, the percentage of interception of line segments or
the percentage of point numbers observed, corresponding to
area measurement method, intercept method, and point-count
method, respectively.[10–14] Due to the easier realization on
computer programming, the area method has become the most
popular way to obtain the volume fraction. Even though it
avoids the manual interception selection, the error still exists
for the image quality, boundary segmentation, threshold value,
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and so on.
In summary, the traditional operations first detect the mi-

crostructure characterization (grain shape, size, distribution,
and volume fraction) by image processing techniques and then
establish the correlation to mechanical properties, which is
time consuming and offers low repeatability due to the human
errors and subjectivity. Despite lots of researches have tried to
apply computer and digital image processing technology for
material science,[15,16] the original methods to obtain the mi-
crostructure characterization still depend on the subjectivity of
human factors which will induce unavoidable error, but these
approaches demonstrate the potential of computer vision con-
cepts in microstructures.

In this paper, we try to bypass the traditional operations
and achieve the quantitative characterization of microstruc-
tures by a novel method which can be used to describe the
relationship between the microstructures and the mechanical
properties by the texture of image itself directly. The statis-
tical approach is based on gray level Co-occurrence matrix
(GLCM), allowing an objective and repeatable study on mate-
rial microstructures. Three applications illustrate that the tex-
ture features reveal the intrinsic mechanism of microstructures
and well reflect the mechanical properties.

2. Background of GLCM
GLCM, proposed by Haralick et al. in the 1970s[17–19] is

an important feature extraction method in the domain of tex-
ture analysis. Since then, it has been widely used for image
classification and segmentation in many applications, for ex-
ample, remote sensing image retrieval,[20–22] medicine disease
detection,[23,24] and so on. However, this method has been sel-
dom applied in microstructures of material science. It is en-
couraging that the development of interdiscipline is breaking
the subject diversity. Very recently, Renzetti et al.[25,26] used
GLCM in duplex stainless steels. They pointed out that GLCM
is quite effective to classify material textures especially when
the structure is fairly homogeneous. However, the relation-
ship between the texture features and the material properties is
ignored, which is the main purpose of this paper.

GLCM provides a mature and effective statistical method
for analyzing textures. Unlike histograms which carry no in-
formation regarding the relative position of pixels with respect
to each other, GLCM considers not only the distribution of in-
tensities, but also the relative positions of pixels in an image.

By supposing that an image to be analyzed is rectangular

with Nx columns and Ny rows and the gray level appearing at
each pixel is quantized to Ng levels, the image f can be repre-
sented as a function that assigns some gray levels in G to each
pixel

f = {G(x,y)|x = 1,2, . . . ,Nx,y = 1,2, . . . ,Ny,

G = 0,1, . . . ,Ng}. (1)

Take the gray image in Fig. 1(a) as an example with
4× 4 pixels. Each pixel has a gray level (G = 0,1, . . . ,7).
The corresponding matrix of image f is shown in Fig. 1(b)
(Nx = Ny = 4).

(a) (b)

(c) (d)

Fig. 1. (color online) An example to show how to obtain GLCM from
an image. (a) Original image f , (b) matrix of image f , (c) initial GLCM
(d = 1, θ = 0◦), and (d) normalized GLCM (d = 1, θ = 0◦).

GLCM reflects the comprehensive information of the di-
rection, adjacent interval, and amplitude variations of image
gray levels. Hence, the texture-context information is spec-
ified by the matrix of relative frequencies P(i, j,d,θ) with
two neighboring pixels separated by distance d and a speci-
fied angle θ occur on the image, one with gray level i and the
other with gray level j.[17] Because matrices of gray level co-
occurrence frequencies are a function of d and θ between the
neighboring pixels, the extraction of a single direction will in-
duce the variation of texture features when the image rotates.
Formally, for angles quantized to 45 intervals, the frequencies
are defined in the following equations:

P(i, j,d,0◦) = ∑
{
[(k, l),(m,n)] ∈ (Lx×Ly)

∣∣|m−k|=d,n−l=0, f (k,l)=i, f (m,n)= j
}
,

P(i, j,d,45◦) = ∑
{
[(k, l),(m,n)] ∈ (Lx×Ly)

∣∣|m−k|=d,|n−l|=d, f (k,l)=i, f (m,n)= j
}
,

P(i, j,d,90◦) = ∑
{
[(k, l),(m,n)] ∈ (Lx×Ly)

∣∣
m−k=0,|n−l|=d, f (k,l)=i, f (m,n)= j

}
,
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P(i, j,d,135◦) = ∑
{
[(k, l),(m,n)] ∈ (Lx×Ly)

∣∣
(m−k=d,n−l=−d) or m−k=−d,n−l=d) f (k,l)=i, f (m,n)= j

}
, (2)

where Lx×Ly is the set of pixels, and then GLCM can be de-
scribed as follows:

W (d,θ) = [P(i, j,d,θ)] . (3)

By supposing d = 1 and θ = 0◦, the initial GLCM of im-
age f is shown in Fig. 1(c).

The next step to determine the texture features is to ex-
press GLCM’s terms as probabilities. Selected statistics are
applied by iterating through the matrix. The probability de-
scribes how often one gray level will appear in a specified
spatial relationship to another gray level on the image. The
normalization equation is as follows:

p(i, j,d,θ) =
P(i, j,d,θ)

R
, (4)

where
Nx
∑

i=1

Ny

∑
j=1

p(i, j,d,θ) = 1 represents the normalized

P(i, j,d,θ), and R is the total number of gray levels. Fig-
ure 1(d) shows the normalized GLCM of the sample image.

The properties of image texture cannot be obtained by
GLCM directly. The texture features are secondary statis-
tics defined in Haralick’s theory.[17–19] There are 14 differ-
ent texture features, but only 4 of them are independent,[27]

namely angular second moment (ASM), entropy (ENT), con-
trast (CON), and correlation (COR).

ENT[17,18,28] In image processing, ENT measures the
disorder or complexity of an image, and reflects the random-
ness of grayscale distribution. Its largest value is found when
all elements in GLCM are as equal as possible. The more
dense the texture is, the more scattered the grayscale distri-
bution, and the more small elements GLCM has. Hence, the
entropy value is higher. ENT is strongly but inversely corre-
lated to ASM

ENT =−
l−1

∑
i=0

l−1

∑
j=0

p(i, j,d,θ) lg [p(i, j,d,θ)]. (5)

ASM[17,25] ASM is the squared sum of all the elements
of GLCM, also called energy. ASM measures the texture uni-
formity or thickness and is the opposite of ENT. Its value
achieves the smallest when all elements are almost equal. This
is a measure of local homogeneity

ASM =
l−1

∑
i=0

l−1

∑
j=0

p2(i, j,d,θ). (6)

CON[29,30] CON which is the moment of inertia of the
matrix around its main diagonal is a measure of intensity con-
trast between a pixel and its neighbor over the entire image. A

low value of CON is obtained when the image has almost con-
stant gray levels; vice versa, this indicator presents high values
for images of high contrast

CON =
l−1

∑
i=0

l−1

∑
j=0

[
(i− j)2 p2(i, j,d,θ)

]
. (7)

COR[30,31] COR is a measure of gray level linear-
dependencies in an image. This also reflects the degree of the
rows (or columns) of GLCM relative to each other. For exam-
ple, when the number of the texture in horizontal direction is
more than other directions, the value of the correlation feature
is higher along this direction compared to the values for others

COR =
l−1

∑
i=0

l−1

∑
j=0

[i jp(i, j,d,θ)−uxuy]/dxdy, (8)

where

ux =
l−1

∑
i=0

i
l−1

∑
j=0

p(i, j,d,θ),

uy =
l−1

∑
i=0

j
l−1

∑
j=0

p(i, j,d,θ),

d2
x =

l−1

∑
i=0

(i−ux)
2

l−1

∑
j=0

p(i, j,d,θ),

d2
y =

l−1

∑
i=0

( j−uy)
2

l−1

∑
j=0

p(i, j,d,θ).

All the definitions above have no relationship with the
real size of physical objects. Obviously, more pixels present
better average texture features. However, in essence, the tex-
tural features of material microstructures should be coinci-
dent no matter what the amplification factor of the electron
microscope sets or the size of image segmentation region se-
lects. Hence, the unit statistics are used to characterize the tex-
ture features of one pixel corresponding to the real dimension.
Take ENT as an example. The unit ENT value is as follows:

Φ(ENT) = ENT
dxdy
NxNy

, (9)

where dx (µm) and dy (µm) are the physical dimensions of
one pixel in the material microstructures.

3. Benchmark of GLCM
Before using the texture features to describe the material

microstructures, the effects of parameters (i.e., pixels distance
d, angular relationship θ , and gray level G) on the features of
GLCM should be discussed firstly. The typical grain structure
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is used as a benchmark to identify the proper parameters. Fig-
ure 2 shows different grain sizes when the grain grows with the
annealing time. This mainly refers to the numeric calculation,
so we ignore the scale here.

(a) (b)

(c) (d)

Fig. 2. Evolution of grain size along with the annealing time (an-time).
The results are from phase field simulation, where the dimensionless time
is 10000dt (720×720 pixels). (a) An-time = 2, (b) an-time = 8, (c) an-
time = 16, (d) an-time = 30.

As discussed above, GLCM is the function of pixel dis-
tance d, angular relationship θ , and gray level G. To eliminate

the influence of direction, the angular θ takes 0◦, 45◦, 90◦,
135◦, respectively and the mean value of the four directions is
taken as the texture features. The effects of these parameters
are evaluated to obtain the optimal GLCM.

Set G = 16. Figure 3 shows the curves of texture features
(ENT, ASM, CON, and COR) in different an-time when the
distance varies. For the same distance, the value of ENT and
CON decreases along with the annealing time while ASM and
COR increase. That is because when the grain size increases
with an-time, the texture becomes simple and sparse with less
grain boundary. The value of texture features changes corre-
spondingly which is coincident to the analysis above in Sec-
tion 2. With the increase of distance, ENT, ASM, COR, and
CON reach a constant value after a transient stage. When the
distance d ≥ 3, all the texture features tend to be stable and
show a good dispersion for the grain images at different time.
Considering that there may exist errors of texture features if
the distance d is larger than a grain, d = 3 will be the optimal
choice for GLCM.

Next, we fix d = 3 and discuss the impact of gray level on
GLCM shown in Fig. 4 (G = 2n, n = [3,4, . . . ,8]). Consider-
ing the data dispersion and computation complexity, we take
G = 128 as the optimal gray level. Noted that although GLCM
is a function of d, θ , and G, the texture features of ENT and
ASM are convergent to a constant and coincident in the same
variable environment.
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Fig. 3. (color online) Variation curves of texture features along with distance. (a) ENT with an-time, (b) ASM with an-time, (c) CON
with an-time, and (d) COR with an-time.
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Fig. 4. (color online) Variation of texture features along with the gray level G = 2n, n = [3,4, . . . ,8] (d = 3). (a) ENT with an-time,
(b) ASM with an-time, (c) CON with an-time, and (d) COR with an-time.

4. Applications and results

Three applications are presented in this paper to illustrate

how to use GLCM to analyze the material microstructures.

Considering that CON is sensitive to the brightness contrast

among one pixel and its neighboring pixels, it is effective for

image segmentation but insignificant for images obtained by

the electron microscope along with the microstructure evolu-

tion. Meanwhile, different from artificial textures, the texture

direction of microstructures is random, which means that there

is no principal direction as shown in Figs. 3 and 4. Therefore,

COR is negligible for the material textures analysis without

dominant orientation. Consequently, we only take the strong

factors ENT and ASM into consideration in this paper.

4.1. Grains in single phase

The grain growth is from the phase field simulation. In
general, the average grain size has a power law relationship
with the annealing time in single phase, i.e., D = Kt1/2. Based
on the Hall–Petch formula, the yield strength depends on the
average grain size[1]

σy = σ0 + kD−1/2 = σ0 + k(Kt1/2)−1/2. (10)

Using GLCM in Fig. 2, we plot the ENT and ASM curves
along with the annealing time as shown in Fig. 5. The figures
indicate that both ENT and ASM have a power law with the
annealing time. Accordingly, the yield strength have a power
law with ENT and ASM in the grain structure

σy = σ0 + k1(ENT)−1/2 = σ0 + k2(ASM)1/2, (11)
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Fig. 5. The power law relationship between texture features and annealing time of grain structure and the error bar by defining a
detection window (540×540 pixels). (a) ENT with an-time and (b) ASM with an-time.
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where k1 and k2 can be determined by the obtained GLCM.
Then, the texture features can be directly related to the me-
chanical properties. The basic idea behind GLCM is that the
interface (grain boundary) blocks the migration of disloca-
tions while GLCM reveals the statistic information of the grain
boundary.

4.2. Duplex phases

In the systems of duplex phases, there is no simple rela-
tionship between the microstructures and mechanical proper-
ties. The characterization of complex microstructures is one

of the obstacles to find a quantitative relationship. Figure 6
presents the typical microstructures of duplex-phase titanium
after heat treatment at different temperatures. It is difficult
to quantitatively identify the microstructures, although there
are some differences in these figures with a glance. By using
GLCM, we have two parameters of ENT and ASM to quantita-
tively reveal the difference of these images after different heat
treatment. Figure 7 indicates that the heat treatment around
940 ◦C may show the optimal mechanical properties which
are coincident with the practical situation.

(a) (b) (c) (d)

(e) (f) (g) (h)

Fig. 6. Microstructures of duplex-phase titanium after heat treatment at different temperatures (960×1280 pixels). (a) Temp = 860 ◦C,
(b) Temp = 910 ◦C, (c) Temp = 920 ◦C, (d) Temp = 930 ◦C, (e) Temp = 940◦C, (f) Temp = 950 ◦C, (g) Temp = 960 ◦C, and (h) Temp = 970 ◦C.
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Fig. 7. Texture features at different temperatures of duplex-phase titanium and the error bar by defining a detection window (720×960 pixels).
(a) Unit ENT with temperature and (b) unit ASM with temperature.

4.3. Eutectic microstructure

In the regular eutectic phase, the typical microstructure
is a lamellar structure. The lamellar spacing and the volume
fraction of the primary phase are usually measured to reveal
the mechanical properties. Figure 8 shows the microstructures
of eutectic high entropy alloys CoCrFeNiNbx with different
additions of element Nb. It has been reported that the hard-

ness and compress strength increase but the compress elon-
gation decreases with the increase of addition of Nb.[32] The
variation of mechanical properties is attributed to the increase
of volume fraction of the eutectic phase. The microstructure
characterization is shown in Fig. 9. Both ENT and ASM have
a monotonic relation with the increase addition of Nb. The re-
sults show that ENT and ASM have a good relationship with
the mechanical properties in the eutectic alloys.

(a) (b) (c) (d)

Fig. 8. Microstructures of eutectic high entropy alloys CoCrFeNiNbx (x = 0.1, 0.25, 0.5, 0.65)[29] (960×1280 pixels). (a) Nb0.1, (b) Nb0.25,
(c) Nb0.5, and (d) Nb0.65.

098104-6



Chin. Phys. B Vol. 26, No. 9 (2017) 098104

Φ
(A

S
M

)/
1
0

-
9

Φ
(E

N
T

)/
1
0

-
6

. . . .

9.0

1.2

1.5
 ENT

. . . .

0

2.0

4.0

 ASM

(a)

(b)

x

x

Fig. 9. Texture features of eutectic high entropy alloys CoCrFeNiNbx
(x = 0.1, 0.25, 0.5, 0.65) and the error bar by defining a detection win-
dow (720×960 pixels). (a) Unit ENT with Nbx and (b) unit ASM with
Nbx.

5. Results analysis
Three applications of GLCM have been presented on the

microstructure characterization. ENT and ASM show signifi-
cant correlation with the mechanical properties. The intrinsic
mechanism of the correlation depends on the description of
interface in GLCM. For the mechanical properties, the inter-
face including grain boundary in a single phase and interface
between phases in duplex phases, will be the barrier of dis-
location migration. In the microstructures, it is the interface
again outlines the grains and phases. In previous microstruc-
ture characterization, the grains and phases were focused and
the related information was statistically counted. Here, by
GLCM, the interface gains more attentions, and the complex-
ity of the microstructures is revealed. That is why GLCM can
reveal the mechanical properties quantitatively. However, the
properties are also determined by the property of phases and
interface in different systems. Therefore, the correlation func-
tion of ENT or ASM and the mechanical properties may be
different in different systems, where the function type or pa-
rameter may differ.

Meanwhile, figures 5, 7, and 9 also show the error bars
by GLCM calculations of different areas of the original fig-
ures. Take grains in the single phase (Fig. 5) as an example.
The areas are defined by a detection window smaller than the
original one and 5 different positions for the texture features
are calculated. Then, the error range and the average value
are identified in the figures. The details are shown in the cor-

ner of the figure. It is obvious that the error is very small (no
more than 2%) and the power law relationship keeps constant.
There is similar phenomenon in both duplex phases (Fig. 7)
and duplex phases (Fig. 8) applications. The reason is that the
microstructures are uniform as while as the texture features
are statistics, and the errors depend on the homogeneity of the
microstructures. That is why the error is much smaller in sin-
gle phase and the largest error appears for Fig. 8(a). It also
demonstrates that GLCM method is objective and repeatable.

As to the errors in relationship between the microstruc-
tures and the mechanical properties, the errors from GLCM
analysis will be smaller than that in traditional analysis.
Firstly, there are errors in the measurements of mechani-
cal properties, which are inevitable. Secondly, the previ-
ous methods[10–14] have limitations in image segmentations
and introduce errors from the subjectivity of human factors.
GLCM is more powerful in characterizing the image with high
precision. Therefore, the error range by using GLCM to pre-
dict the mechanical properties is smaller than previous meth-
ods. The exact error range depends on the homogeneity of
the microstructures and the scatter of the material properties
in specific processing.

6. Conclusion
In summary, the strategy of material microstructure anal-

ysis using GLCM is proposed. The mechanical properties
mainly depend on the microstructures which can be well de-
scribed by its texture features of the microscope image. This
enables the idea that bypasses the traditional microstructure
characterization methods and establishes the relationship be-
tween the mechanical properties and the image features itself
be possible. Taking the typical grain structures as an example,
we discuss the effect of different parameters, i.e., the distance
d and the gray level G on GLCM and present how to iden-
tify the proper value, and then the GLCM method is applied
in three different microstructure systems. The results show
that GLCM can reveal the interface information and the mi-
crostructures complexity. The parameters in GLCM can be
used as fundamental parameters to establish models for the
correlation of microstructures with the mechanical properties.
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