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Abstract
To investigate the uniformity of copper particles in formulation design of coppercoated graphite, a quadrat-based method was presented with the image processing.
Firstly, the particles were located by the foreground and background clustering algorithm.
Then, an improved uniformity quantification model was established using the size and
position of the particles. The findings based on the experimental results of the proposed
method are as follows: the method is an effective way to quantify the uniformity by
comparing with the human visual achievement; the quadrat number should be low to
preserve the high performance of the method; at last, it is reasonable to use the mean
uniformity in formulation design.
Keywords: copper-coated graphite, spatial uniformity, quadrat-based uniformity
model, particle distribution, formulation design

1. Introduction
In formulation design of composite materials, the spatial distribution of particles or
components highly affects the quality of the materials. The quality of materials is much
better due to the high uniformity of the particles. As for copper-coated graphite, electrical
conductivity, thermal conductivity, lubricity and mechanical strength are influenced by the
uniformity of copper particle distribution [1]. Since copper-coated graphite compositions
possess the characteristics of both copper and graphite, they are used in many fields such
as electrode material and conductive material [2-4]. Meanwhile, despite the inconvenient
and inaccurate of human perceptions, the uniformity of copper particles is commonly
estimated from human visual inspection in formulation design. Currently, there are a few
literatures on quantifying the uniformity of particles in formulation design. Hence, it is a
challenge task to design a suitable uniformity quantification model. The following section
lists the most popular uniformity evaluation approaches.
Most quantitative automatic uniformity calculation methods are based on spatial point
pattern. The hypothesis of these methods is that the particles could be considered as
dimensionless points due to their small size compared with the study regions. The metrics
of quantifying the uniformity based on spatial point pattern can mainly be categorized into
three groups: quadrat-based methods, distance-based methods and other methods [5-6].
Firstly, quadrat-based methods divide the study region into a number of minor grids, which
is called quadrats. Then, the number of particles in each quadrat is counted. Finally, the
mathematical model of counts is employed to calculate the uniformity of particles.
However, as only the counts are used, the spatial information is lost. Distance-based
methods, containing F-function, G-function, L-function, etc., focus on using the distance
between points to describe the uniformity. Most of these methods use the distance between
the nearest neighbors. The uniformity is quantified by the characteristics of the distance. As
it is indicated by Cressie [7], these methods utilize more spatial information than quadratbased method, but how to choose the distance is arbitrary. Other methods, including
projection index method [8], coefficient of variation exponential power method [9], etc.,
quantify the uniformity from other aspects. All these methods are under the
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aforementioned assumption. Nevertheless, according to the study region, such as the
evaluation of asphalt mixture homogeneity [10], the assumption that particles can be
treated as points is unsuitable, which implies that the particle size should be taken into
consideration.
To improve the disadvantages of current methods, a novel automatic uniformity
quantification model was presented, in which the spatial information was used as one index
in the model. Firstly, the copper particles should be located for automatic measuring the
uniformity. Hence, a clustering algorithm was employed to inspect the copper particles.
Thereafter, the size, number and position of copper particles could be captured. On one
hand, global Shannon entropy (GSE) was employed to describe the uniformity with the
particle size and number. On the other hand, the particle position is formulated with the
proposed method by considering the dispersion of particles. Experiments were implemented
based on the proposed model. Quadrat number has a vital influence on the uniformity. By
combining the GSE model and the proposed position-based model, the results were more
reasonable than just using a single model. Our approach could be easily extended to other
uniformity assessments, such as quality control in manufacturing.
The rest of this paper is organized as follows. Section 2 shows the procedure of particle
location. Section 3 analyses the factor influencing the uniformity and establishes the model
of uniformity quantification. Section 4 reports our experiments study. Section 5 concludes
our works and points out the future study directions.

2. Particle Locations
Particle detection based on image processing is extensively used in many studies [11].
Frequently, the image is first converted to gray image. Then, a bianrization method is
employed the binary the image. The particle is detected after the noise suppression. Fast
and accurate detection algorithm is necessary to analysis the quality of the particles.
In this study, particle location is the basis for uniformity calculation. It means the
results of image-processing critically affect the performance of uniformity
quantification, and the more accurate the particle located, the better the uniformity
quantified. To detect the particles, the image is divided into some unoverlapping subimages. Then, a thresholding algorithm is used to detect the particles. After that, a
morphological transformation is employed to fill up the gaps and suppress the noise. At
last, area filtering is used to remove the obvious noise. Figure 1 shows the flowchart of
the steps of particle location.

Figure 1: Steps of Particle Location
2.1. Thresholding
There are various methods to detect objects in an image, in which thresholding method
is a simple but effective way to separate objects from the background. About forty
thresholding methods are studied by Sezgin [12], and the research indicates that there is no
universal thresholding method suiting for all images.
An example of copper-coated graphite TEM images is shown in Figure 2. The small
black regions (see the red rectangle) in the image are copper particles, while the others are
continuous graphite sheet (see the blue rectangle). The size of copper particles on the
surface of copper-coated graphite approximately comes to be 1-50nm. The entire image is
unclear and inadequate contrast. So it is difficult to locate the copper particles in the image
with just one threshold. In this case, the image is divided into M× N sub-images. In each
sub-image, the method proposed by Ridler [13] is utilized to get the binary image.
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The iterative algorithm is as following:

Figure 2: The TEM Image of Copper-Coated Graphite
Step1. Set m1=0, m2=0, th0= (m1+ m2)/2.
Step2. At step k, compute m1 and m2 as the mean background and object gray-level,
where f(x, y) is the pixel value at point (x, y),
N1and N2 are the number of background and
object pixels, respectively. The threshold thk is determined by the equation in Step 3. The
formula of m1 and m2 can be written as follows:
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Step4.If thk+1= thk, halt and thk+1 denotes the best threshold, otherwise return to Step 2.
2.2. Morphological Transformations
After binarization, TEM image contains amount of noise, which should be filtered.
Herein, the noise is filtered from two aspects, including morphological transformations and
area filtering. Copper particles become black regions after thresholding, and the color
should be inversed, so the particles are located as white regions. The formula is:
ⓒⓒ

0

Then, morphological transformations are taken to filter the image. The formula can be
written as follows:
(4)
Where,
and
are morphological closing and opening. SE1 and SE2 are isotropic
structuring elements. Closing and opening are used to eliminate specific image details
smaller than the structuring element, while the global shape of the objects is not distorted
[14]. Closing connects objects that are close to each other, fills up small holes and
smoothes the object outline by filling up narrow gulfs. Opening removes the minor objects,
separates the objects that are connected with limited points and also smoothes the object
outline. Size of structuring element, which is chosen based on the specific
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problems has an influence on the object size.
2.3. Area Filtering
The objects contain some particles, which are so tiny that they cannot be the actual
copper particles after morphological transformation. Thus, area filtering is employed to be
carried out. By setting area threshold , the particles are filtered by the following
formula:
(5)
Where, S(x,y) is the area of region containing point (x,y). The area in an image is the
number of pixels constituting the region. Minor holes in detected particles are filled up
with a flood-fill method.
With the image processing, the copper particle size, number and position can be
obtained, which is used to evaluate the uniformity of the copper particles. Based on the
database, the uniformity quantification model can be established.

3. Uniformity Quantifications
Quadrat-based methods are commonly employed to quantify the particle uniformity.
However, such methods use no spatial information. A novel index, which is called as the
local distance index, the distance between quadrat center and average particle centroid is
used to quantify the uniformity. Three uniformity indices, including particle number,
particle size and local distance index, are specified to describe the particle uniformity,
respectively. The three indices are listed in follows.
Number index characterizes the uniformity with the counts in each quadrat. The
uniformity is better if the counts in each quadrat are similar, which means the number
index is lager.
Size index characterizes the uniformity with the particle size in each quadrat. The larger
the size index is, the better the uniformity is. The case in uniformity evaluation through the
size index is the same as using number index.
Local distance index characterizes the uniformity with the distance between quadrat
center and particles average centroid in each quadrat. The index describes the symmetry
about the quadrat center. The larger the distance is, the more uneven the particles are.
3.1. Particle Number and Area Index

q

1

Global Shannon entropy (GSE) whose value ranges from 0 to 1 is a commonly used
entropic measure and has been applied in many fields, such as Camesasca [15] and Guida
[16] to assess mixing quality in material processing. Under complete spatial randomness,
the probability of particles in each quadrat is the same, and thus GSE=1. A small GSE
value indicates a substantial departure from uniform meaning a low degree of uniformity.
GSE describes the average self-information obtained from the sum of the self-information
of each possible event weighted by the probability of occurrence of the event itself. It can
be expressed as follows:
GSE ( x ) = ( p log ) / log q
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Where, q is the number of quadrats. In other words, TEM image is divided into
quadrats. x=(x1, x2, ..., xq )signifies the index used to calculate the particle uniformity,
and it is a q dimensional vector. p is the probability of index in each quadrat. The formula
includes the case 0log1/0, so it is justified by the limit:
(8)
According to the counts and area captured in each quadrat, the uniformity can be
calculated with formula I1=GSE(n) and I2=GSE(s), where n=(n1, n2, ..., nq ), s=(s1, s2,
..., sq ). ni and si represent the particle number and area in quadrat i. I1 and I2 describe the
uniformity using the particle number and area, respectively.

i
D

1i

3.2. Local Distance Index
I3 denotes the uniformity evaluated with the DCC. The particle average centroid in
quadrat I is:
( 9)
Where, (xj, yj) is the jth particle centroid in quadrat i , ni is the particle number in this
quadrat.
The quadrat
particles
is: center is (Xj, Yj), so the distance between average centroid and center of
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If the particle distribution is complete randomness, the distance distribution should also
be randomness. Di is the maximum distance between centroid and center in quadrat i.
Uniformity in quadrat i can be quantified in the following:
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If there is no particle in the quadrat, let di=Di, which leads to =0 .
The average of
is used to measure the entire particle uniformity with the local
information. The formula is as follows:

I3

(12)

qi
1

Local distance index I3 value has limited the variation in a small range form 0 to 1 where
the larger I3 value indicates better uniformity.
With the combination of the three indices, the model of copper particle uniformity is as
follows:

3
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4. Experiments and Discussions
4.1. Copper Particle Detections
The copper is detected by the proposed method. Three samples are used in the
numerical implementations. The parameters used in the experiments are as follows: TEM
image is divided into 10× 10 sub-images; the structuring element of morphological closing
and opening was a square element with four pixels as its width. Figure 3 illustrates the
particle detection results. Figure 3(a) shows the TEM images for sample A. Figure 3(b)
and (c) represent the sample B and C, respectively. Figure 3(d)-(f) show the results image
processing, where the area threshold in noise reduction is sA=100, sB=100 and sC=100. It
could be found that the particle size change little due to small structuring element. Figure
3(g)-(i) show the position of the particles, where the red stars represent the centroid of the
particles. It could be seen that the algorithm performs well. Hence, the particle number,
size and position are reliable.

Figure 3: Results of Copper Particle Locations through Image Processing
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Table
1 use
presents
the
data provided
by the
result on particle
location.
The
option
is to
a set
of well-known
metrics
forexperiment
quantitative
purposes,
including
hits,
missed
and
false.
Hits
denote
the number
of correctItevaluation
detections.
Missed
means
the
particle
is
not
detected.
False
represents
false
detections.
could
be
seen
from
the
table
that
the accuracy
is more than
93%, which
also indicates
the effective
of our
approach.
Meanwhile,
it
is
sufficient
to
quantify
the
uniformity
of
copper
particles
based
on
the
detection results.

ⓒ
426
B
35.87
A


ⓒ
932.6
C


Table 1: The Detection Result Of Copper Particles
Sample

Particle
number

A
41
B
17
C
16
4.2. Particle Quantifications

Hit
s

Miss
ed

Fals
e

40
16
15

1
0
1

1
1
1

Location
accuracy (%)
97.56
94.12
93.75

In this part, TEM image is divided into 2×2 quadrats. The particle number and size in
each quadrat can be achieved by the following steps.
If the kth particle centroid belongs to the ith quadrat, let Sk,i= Sk-1,i+ak, Nk,i = Nk-1,i+1.
Where, Sk,i denotes the overall size of particles in the ith quadrat. ak is the size of the kth
particle. Nk,i is the particle number in ith quadrat. Hence, our database is established. Figure
4 illustrates the data collection method. It can be found that the blue boundaries pass
through some particles. Hence, it is obvious to decide the quadrat holding the particle by
the centroid of the particle. It also shows that the local uniformity affects the entire
uniformity by the particle size, number and position, which mean the proposed model is
reasonable.

B
A


Figure 4: Data Collections with the Quadrat Number Q=4
The histograms of particle number and size distribution are illustrated in Figure 5. From
the subjective judgment, it could be found that sample A holds the best uniformity, sample
B takes the second uniformity, and sample C has the lowest uniformity. It is the similar
situations to the particle size distribution. From the objective aspects, the standard
deviation is
,
and
in the number distributions. Meanwhile,
,
and
are captured in the size distributions. It is mostly the
same to visual achievement. It is worth to notice that
in the number distribution, while
in the size distribution. Hence, it can be concluded that only using one index to quantify
Copyright ⓒ 2015 SERSC

379

the uniformity is unreasonable.

International Journal of Control and Automation
Vol.8, No.8 (2015)

Figure 5: Distributions of Particle Size and Number with Q=4
4.3. Uniformity Quantification With Different Quadrat Number
Experiments are implemented with the proposed uniformity model. The weight of each
index is chosen to be 1/3. Firstly, sample A is used to verify the performance of the
proposed method. Then, we compare the three samples with the changing quadrat
number. Finally, it is suggested to use the average uniformity to represent the particle
uniformity.
Figure 6 shows the uniformity quantification results of sample A. In figure 6(a), it
can be seen that the uniformity is reduced with the growth of quadrat number. The
reason is that there are so many particles are on the quadrat boundaries that the indices
cannot reflect the actual situation of the particle uniformity. Hence, the quadrat number
should be low. Figure 6(b) shows the uniformity results with the deferent index. It can
be found the quadrat number has the most influence on the local distance index. The
other two indices also reduced with the growth of quadrat number. Therefore, it can be
concluded that all the indices are sensitive to the quadrat number. Currently, it is
difficult to restrain the sensitive of the indices. It also implies that the quadrat number
should be low.

Figure 6: Uniformity Quantifications with Q from 4 to 256.
Based on the aforementioned, the quadrat number varies from 4 to 36. Figure 7 shows
the comparisons of the three samples. From figure 7(a), it can be seen the sample A holds
the best uniform. Sample B has the better uniformity than the sample C. Hence, it is
consistent with visual achievement. Now, it can be concluded the proposed model is
effective. It is apparent that all the indices of sample A have the best uniform (see figure
7(b)-(d)). However, the indices in sample B and sample C have the intersection, which
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indicates the uniformity of sample B and sample C should use all the indices for the
comparison. It is more satisfactory with the implementation of the spatial information.
To get more dependable uniformity results and to eliminate the impact of image
processing error, average of the first n uniformity is noted as the final uniformity of the
copper particles. The results are shown in Table 2. It can be found that the average
uniformity is higher than the corresponding uniformity. Hence, it is implied that the
average uniformity is more reliable than the uniformity calculating by a certain quadrat
number.

Figure 7: Calculation of Uniformity and Index Value in Figure A, B and C
Corresponding To Different Quadrat Number Q.
Table 2: Uniformity and Average Uniformity Calculation With Quadrat
Number Q

Sample
q=4
A
B
C

0.9627
0.9069
0.8247
First one

A
B

0.9627
0.9069
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Uniformity with quadrat number q
q=9
q=16
q=25
0.9400
0.8219
0.7906

0.8853
0.6513
0.6889

0.8056
0.5802
0.6298

Average uniformity
First
First two
First four
three
0.9513
0.9293
0.8984
0.8644
0.7934
0.7401

q=36
0.7839
0.5215
0.5214
First five
0.8755
0.6964
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C

0.8247

0.8076

0.7681

0.7335

0.6911

5. Conclusions
In this paper, an image-based method for uniformity quantification in formulation
design is proposed, where the copper-coated graphite is used as the experiment material.
The findings are as follows.
Firstly, the accuracy of particle location is more than 93% location accuracy based on
the clustering algorithm. Hence, the database is robust to the noise and the background.
Secondly, the advantage of the proposed uniformity model is the combination of particle
size, number and its local spatial information. It shows more information of the particle is
used in the proposed model. Hence, the result is more reasonable than the conventional
model.
Thirdly, quantifying the particle uniformity using the average uniformity is more
reliable than only using a certain quadrat number to quantify the uniformity. Meanwhile,
the quadrat number should be low in the quadrat methods based on the results of
uniformity evaluation with the changing quadrat number.
Finally, according to the above-mentioned conclusions, the proposed model is effective
to quantify the uniformity of particles, and the proposed method can be easily extended to
other quality control systems.
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