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Cell segmentation for quantitative analysis of
anodized TiO2 foll

Hyun-Gyu Lee and Sang-Chul Lee, Member, IEEE

Abstract—We propose a quantitative analysis method using cell segmentation to evaluate the coating quality of anodic oxide. In order
to identify each cell in a titania surface, a boundary region is adaptively detected according to the regional intensity distribution, and a
boundary distance map is projected onto the scanning electron microscope (SEM) image of the titania surface. Each cell in the
projected image is divided via clustering centered on the local maximum point. The uniformities of the cell distribution, size, and
thickness are measured using the angle difference, size difference, and brightness difference between adjacent cells to
comprehensively evaluate the quantitative alignment of the titania surface. The proposed method demonstrates the best performance
in both cell detection and cell segmentation for SEM images of the titania surface compared with the state-of-the-art methods. The
quantitative analysis of the anodic oxide film alignment was verified using color coding, histogram, and quantification of uniformity.

Index Terms—Cell segmentation, Quantitative analysis, TiO2 foil, Anodization, Ordering score.
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INTRODUCTION
NODIZATION is a metal surface treatment technique
Athat results in an artificial increase in the thickness
of the oxide film on the metal surface to protect the metal
or display various colors on the metal surface. The time,
voltage, and temperature conditions of anodic oxidation are
adjusted to obtain the required pore alignment, size, and
shape, as shown in Fig. 1. Anodization may scatter and
refract light, realize color, maximize the surface area, or
waterproof the surface, depending on the alignment, size
and shape of the pores in the nanotubes thus formed. Such
nanostructures are used in various fields such as hydrogen
production, solar cells, photocatalysts, anti-reflective coat-
ings, lithium secondary batteries, and gas sensors [1]-[15].
Metals that produce protective coatings through anodic
oxidation include aluminum, tantalum, magnesium, copper,
and titanium [16]-[19]. Alumina, which is the most rep-
resentative anodized metal, is widely used for decorative
coatings of optical instruments, machine parts, household
appliances, telecommunication equipment, etc. Anodized
tantalum is an important acid-resistant material in the con-
denser and chemical industry, and it is used for nozzles for
the production of fibers. Copper, which has good softness,
has been used for decorative plating for a long time. Tita-
nium, which forms a passive film in water or air near room
temperature, and thus has high corrosion resistance similar
to gold or platinum, is used in airplane parts. It is used
for artificial joints, dental implants, ornaments, etc. due to
biocompatible characteristics. In addition, anodized titania
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Fig. 1. Titania illustration and an SEM image of titania produced by
anodization.

is used in dye-sensitized solar cells with a semiconductor
electrode using nanotubes, and thus, it has a wide range of
applications.

In recent years, new anodization techniques have been
developed to produce various regular nanostructures on
metal surfaces. The application range of anodization tech-
niques has also extended to metals different from aluminum
and titanium, which had been the focus of studies in the
past. Anodic oxidation techniques have been thoroughly
studied and defect detection techniques for a metal sur-
face have been studied often [20]-[22], however, studies
on methods for evaluating the degree of alignment of self-
ordered oxides are relatively lacking.

Segmentation, quantification, and detection of nanoma-
terials such as nanofibrous and nanoparticles have attracted
attention in industrial informatics [23], [24]. These tech-
niques can be a foundation of for monitoring and automatic
control systems, as well as predictive maintenance [25].

In general, an analytical method using a 2D Fourier
transform of a scanning electron microscope (SEM) image is
used to evaluate the alignment of a self-ordered porous ma-
terial [26]-[28]. However, because the alignment evaluation
method using the Fourier transform measures the approxi-
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Fig. 2. Overview of cell segmentation-based proposed quantitative analysis.
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mate characteristics of an entire image, it can not evaluate
local characteristics, and its results can be unreliable in an
environment where the imaging conditions are poor.

Threshold division, entropy-based fuzzy partitioning,
and histogram-based adaptive partitioning have all been
proposed in the last decade to quantitatively analyze images
of porous structures [29]-[31]. Quantitative analysis using
cell size, distance from the nearest cell, and an angle be-
tween nearest cells was also proposed; however, the only
alumina with a defined cell and boundary was considered.
Therefore, an expected result cannot be yielded from this
method when analyzing an anodized titania thin film whose
boundary is relatively ambiguous.

A cell estimation technique using 2D ray casting has
been proposed for the cell division of microscopic images
of such titania thin films [32], [33]. In a region where the
boundary is ambiguous and difficult to estimate, cells can be
found while repeatedly restoring the boundaries. However,
the technique is limited in that a suitable cell must be
estimated from within the candidate group owing to the
method of finding the most suitable cell from among the
estimated multiple cell candidates.

In this paper, we propose a quantitative method for
analyzing the alignment of an anodized titania thin film
using the cell segmentation of a distance map projected-
image, as shown in Fig. 2. The proposed method adaptively
detects a clear boundary in the nanotube according to the
local distribution of pixel intensity, and it divides each cell
by clustering the local maximum point in a projected image
that combines the SEM image with the detected boundary
and the boundary distance map. Finally, we evaluate the
coating quality of titania by calculating the total uniformity,
which measures the consistency of alignment through a
combination of angle difference, size difference, and bright-
ness difference between adjacent cells.

2 RELATED WORKS

A commonly used method for analyzing the porous struc-
ture of titania and alumina is the frequency domain-based
method using Fourier transform [26]-[28]. A sharp peak in
the 2D Fourier domain of the microscopic image indicates
whether a long-range crystalline order property is present
in the image, and the amplitude indicates the thickness of
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the layer. However, because the definition of a sharp peak is
ambiguous, and it is not possible to quantitatively analyze
the relationship between the long-range crystalline order
and the position and amplitude in the 2D Fourier domain,
our definition of the approximate characteristics of the entire
image depends upon a human subjective judgment. Such
a method, which shows the average characteristic of the
alignment, is greatly influenced by the image noise of the
SEM and the local ambiguity of the anodic oxide.

In order to overcome this problem, a method that rec-
ognizes each cell in an SEM image and analyzes it locally
has been proposed [29]-[31]. Simple binarization-based cell
identification by a threshold [29] enables the local analysis
of the alumina in an SEM image, and it identifies the center
point and contour of pores more precisely by applying an
entropy-based automatic fuzzy binarization technique [30].
These methods cannot guarantee a meaningful performance
for images where the contrast between the boundary and the
pore is locally different. For the regional analysis of alumina
images under the above-mentioned poor conditions, an
adaptive binarization method using the brightness value
of each pixel from a low-pass filtered image as a threshold
value has been proposed [31]. However, this method is ideal
for alumina images with sufficient distance between pores,
and it is not suitable for titania images with relatively small
pore distances.

In general, the active contour model (ACM) method
[32]-[35] is used for object contour recognition. However,
in order to apply the ACM technique to cell segmentation
of the titania image, the initial value of the region type
is required for each cell, and this technique requires time-
consuming iterative calculations for each cell in SEM images
containing a large number of cells [36].

Recently, existing morphological estimation-based seg-
mentation techniques typically used with alumina images
have been proposed for use with titania whose cell outlines
are far more difficult to detect [36], [37]. These methods
preferentially detect a clear boundary between adjacent
cells and select the final cell among several candidate cells
generated by two-dimensional ray casting. These methods
use either a radial-based maximum roundness [36] selection
method or a curvature-energy-based minimum roundness
[37] selection method. To be successful, these two types
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of roundness selection-based segmentation methods must
produce adequate cells among the estimated cell candidates.
It also cannot be guaranteed that the cell closest to the
original shape in the candidate group is selected because
the cell with the best roundness is not always the cell
with the most optimal shape. Therefore, a new method of
segmentation is needed to identify the shape of a cell more
accurately whose boundaries are ambiguous in titania SEM
images.

After each cell is divided, a quantitative analysis of self-
ordered nanoarrays should be performed. In the alignment
analysis of alumina images, the measurements of distance
and angular deviation from surrounding cells are used as
indices of the degree of alignment, while color coding and
a histogram are used to visualize the alignment [29], [31].
However, unlike alumina images where pores of similar
sizes should be detected, cell surfaces of various sizes are ex-
pected in the titania thin film. Therefore, additional analyt-
ical methods for angular deviation from surrounding cells
and a comprehensive quantification technique are needed
for titania images.

3 CELL SEGMENTATION FOR QUANTITATIVE ANAL-
YSIS

3.1 Boundary detection using local brightness distri-
bution

Titania exhibits very dense cells throughout the SEM image,
with very thin cell boundaries measuring about one to two
pixels thick. Since classic edge detectors such as Sobel and
Canny [38], [39] are sensitive to parameters and tend to
generate double edges in the SEM image, an intensity-based
edge detector with adaptive thresholding was proposed to
avoid these issues [36], [37]. Although their edge detector
cannot identify blurred or thin edges, it successfully min-
imizes the inaccurate detection of edge pixels in the grain
region while maximizing the number of correctly detected
strong pixels. The intensity-based edge detector C(:) is
defined as follows [37]:

Lifa(z,y) < I(z,y)
0, otherwise

C(LL', y) = {

) =a i
a(z,y) = argmin 3

1€[0,255]
m/2 m/2

(Z Z Z <I>(az+u,y+v,t))—5

t=0y=—m/2v=—m/2
Lif Iz +u,y+v)=t
0, otherwise

)

O(z+u,y+v,t) :{
¢y

where C(z,y) is an indicator function that takes the value
of one if the pixel at (z,y) represents the edge and zero
otherwise by means of identifying edge pixels whose in-
tensity is smaller than a. ¢ is the pixel intensity related to
a threshold, 3 is the rate of pixels that belong to edges in
a m x m window, and I(z + u,y + v) is the intensity of
the pixel at (z + u, y + v). The edge intensity is determined
by « that indicates the threshold intensity (i.e., green bar)

3

between the edge and the grain regions. ®(z + u,y + v, 1)
indicates one when ¢ is equal to the intensity of the pixel at
(x 4+ u,y + v) and zero otherwise.

Although the previous edge detector [37] uses local
images of the same size, the cell size and the thickness
of the boundary vary according to anodization conditions,
and thus, the ratio of the cell and the boundary may
vary. Therefore, in this paper, we improved the method by
adaptively changing the size of the local image according to
the characteristics of the local brightness distribution. The
difference Af(-) between the brightness distribution of the
whole image and the regional distribution determines the
size of the local image, and it is defined as follows:

n/2 n
Af(x,y) = Z(hz(l) - hz(Iuv)) - Z (h‘l(I) - hl(luv))a
i=1 =241
t <u< b <ov< b
S. .:r—f_u_x—l-*,y—g_v_y—*-i’
()

where h;(I) is the frequency of the i-th bin of the histogram
for the entire image I, h;(I,,) is the i-th bin of the normal-
ized histogram for the local image of the coordinates (u,v)
corresponding to :I:%, and b is the fixed size of the local
image. h;(I) and h;(I,,) are normalized histograms with a
sum of one. The distribution difference A f(-) contains neg-
ative values for which the lower bound is not determined.
Therefore, A f(+) is normalized for use as a weight, and the
adaptive local size w(-) as follows:

w(amy) = Afnorm(may)(b - blow) + blOW7

1, if A fopise(x,y) > 1
A norm \ <, = .
! (:9) {Afshift(x,y), otherwise

A fanite(,y) = Af (z,y) — min(Af)

where the normalized distribution difference A fyorm(+) is
small in the region where the cell size is small or the area
ratio of the cell and the boundary varies, and A fyorm(+)
is large in the region where the cell size is large and the
boundary is clear, as shown in Fig. 3. b is the fixed size
used in Eq. (2) and the upper-bound size of the local image,
biow is the lower-bound size of the local image, and w(-) is
a parameter for adaptively adjusting the size of the local
image. In order to find a clear boundary we define an
improved pixel brightness-based edge detector C*(-) using
an adaptively-sized local image as follows:

)

Fig. 3. (a) An SEM image and (b) brightness difference distribution A f
between the whole image and the local image. Warmer colors indicate
a higher distribution difference.
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Fig. 4. Results produced by (a) [24], (b) Eqg. (4), and (c) Eq. (5) using the
same set of parameters.

C* (2, y) = La(z,y) < I(z,y)
’ 0, otherwise

a(z,y) = argmin | ———5
@) 1€[0,255) w(xw,y)? @
w(z,y) w(z,y)

(x> ,

t=0 u=—w(z,y) v=—w(z,y)

@(m—l—u,y—l—v,t)) _5

where ®(-) is an indicator function equal to 1 if the pixel
intensity is equal to 1, and (3 is a parameter for adjusting the
border ratio in a local image.

The improved intensity-based edge detector C*(-) de-
tects more adequate cell boundaries than the previous edge
detector [37]. In combined with the C*(-), we define the
cumulative edge binarization B(-) to reduce the binarization
noise, as follows:

1, if Buorm(z,y) >
0, otherwise

B(‘T7y) = {

Bacc(mv y)
Bnorm .’E, = ?
(@,y) w(z,y)max(Bace/w) ®)
w(z,y) w(z,y)
Bacc(xay) = Z Z C*(‘T+U7y+v)a

u=—w(z,y) v=—w(z,y)

where B(-) is the binarized image for the boundary gener-
ated by the improved binarization technique, and + is the
threshold to produce the normalized cumulative binarized
image Bporm (*)-

As shown in Fig. 4, the proposed binarization according
to Eq. (5) is less influenced by the anodization quality of the
cell, cell size, and thickness of the boundary in comparison
with the original binarization method, and is better able to
extract a strong boundary line in the presence of noise in a
better manner, compared with Eq. (4).

3.2 Cell segmentation of distance projected images

If the boundary region is removed from the image by the
method proposed in Section 3.1, only the cell region remains
in the image. In order to identify such a cell region as an
individual cell, the cell is regarded as one cluster, and the
number of cells is set to the number K of clusters in K-means
clustering [40].

Our K-means clustering employs the features proposed
in segmentation research on human U20S cells [41], [42],
defined in our case as the coordinates of each pixel in the
cell region and the local maximum point coordinate. They

N:‘N fe) ‘Oi(;’AO O
PPTTLLIY ]

Fig. 5. (a) An SEM image, (b) distance projection image generated by
(5), and (c) detected local maximum point (red circle).

consider each pixel in a region of interest (ROI) to be a
feature of clustering. However, if only pixel coordinates are
used, some pixels will be erroneously classified as those
belonging to the other nuclei due to an elliptic shape of
the nucleus. In [41], [42], this problem was solved by using
the local maximum point coordinate of the original pixel
estimated by the gradient ascent (GA) method. Starting from
each position x in the ROI, GA ascends to a local maximum
point following a path expressed by x"™! = x* + ZvG(x¥),
where VG(x*) is the gradient at x* in the Gaussian image
G, k is the iteration number, and 7 is the step size. The GA
method terminates when |x* — x**!|| converges within a
tolerance.

In order to increase the efficacy of the GA method, a
projection image P that transforms the surface of the cell
into a convex shape is generated through the combination
of the original image and the distance map as follows:

D(x)
P(x) = G(x) + — =5,
max(D) ©)
D(x) = Hx - argxmin(x —xp)||, xg € B,

where G(-) is the Gaussian blurred image, x is the (x,y)
coordinates of the distance map D(-), and B is the set of
coordinates xg of the boundary detected by Eq. (5). The
projection image P is defined as P with the boundary region
B =1 set to 0, as shown in Fig. 5(b).

As shown in Fig. 5(b), the final projection image P
from which the boundary region is removed can detect a
maximum point at a position near the center of the cell
because the surface of the cell is convex. In the P, the local
maximum point is used as the initial value of the cluster
if the local maximum point is also the point of maximum
brightness within the adaptive size range w, as follows:

x = {(z,y)|P(z,y) > P(u,v)},
st.ou € [z —w(z,y), x+w(x,y)], u#zx, (7)
veEly—w(xy) yt+wy)l, vy

As shown in Fig. 5(c), the center of most cells can be
accurately detected by the variable local size. However,
in a projection image, two or more center points may be
extracted from some cells that are not transformed to the
convex surface. In order to prevent such a problem, the
upper bound b of Eq. (4), which determines the variable
size w(-), is continuously reduced and clustered when a
cell returns two or more center points in Algorithm 1.
LMestimation in Algorithm 1 is a local maximum estimation
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Algorithm 1. Iterative cell division
procedure ITERATIVE_DIVISION(P, A foorm, b, biow)
Variable description and initialization:

X : coordinate set of cell region
Xy: local maximum coordinate of X
X: cell seed to be used as initial cluster mean
n: the number of local seeds
¢;: i-th cluster consisted of coordinate elements
C: cluster set produced from X
Cell division:
for i < b, bjow do
X =LMestimation(P, A fnorm,, )
Cx = kmeans(X, XV,X), ci € Cx
forj <+ 1, ndo
if roundness(c;) > §
C+ ¢
remove elements of X, X, and X, related to c;
end for
end for
return C
end procedure

function that finds the position of initial point set X of K-
means clustering using Eq. (7). The number of initial points
in X is directly used as the number K of the cluster in K-
means. The local maxima from the largest to the smallest
scale are gradually used as the initial points of the K-means,
and clusters having a shape satisfying the roundness of the
cells are identified as cells. The identified local maximum
points and the cells are excluded from the ROI when esti-
mating the next scale. Eventually, we identify one cluster
through K-means clustering as one cell.

The computational complexities of our boundary detec-
tion, image projection, and cell segmentation are O(Nimage),
O(NcellNarea2+Nimage)/ and O(Nimage+NcellNarea)/ respec-
tively, where Nipage is an image size, Nep is the number of
cells in an image, and N,,e, is area of each cell. Therefore,
the computational complexity of the whole cell segmenta-
tion algorithm is O(Nimage + Neelt Varea + NCCHNamaQ).

4 QUANTITATIVE ANALYSIS FOR UNIFORMITY

Various features have been suggested to define the image
or object characteristics for decades, and the features are
selected and modified to better explain training model in
supervised learning [43], [44]. In feature selection such as
PCA, ls-norm is the most common least square loss function
and is easily implemented. Compared with /3-norm based
loss function that is sensitive to outliers, I3 ;-norm based loss
function showed good performance in dealing with noisy
data. The loss functions are used in dimension reduction
and unsupervised feature selection to decrease the com-
putational cost for high dimensional data and to improve
accuracy in processing noisy data. However, these are not
suitable to assess uniformity or ordering scores of the titania
thin films, because our study is to quantify uniformity and
directly visualize it. In titania thin films, the surface of the
thin film consists of cells that are distinct from alumina
pores. Therefore, in order to analyze the surface, we propose
metrics for cell size and thickness uniformity, as well as a
quantitative analysis [29], [31] using the standard deviation
of the angles between adjacent cells.

The brightness of a surface in an SEM image is related to
several conditions, including the luminance and direction

5

of the light source, the distance between the lens and the
thin film, and the normal vector of the thin film surface.
All surfaces are the same metal and therefore, they have
the same properties. Thus, eliminating conditions related to
the properties of the metal, the brightness of each pixel is
described by the formula L = Ly, + m (Laig +
Lgpec) for light attenuation along the distance d [45], where
Lamb, Laig, and Lgpec are the ambient light, diffuse reflec-
tions and specular reflection, respectively, and a., a;, and aq
are the light source attenuation factors depending on the
distance.

It is assumed that each cell is influenced by the same
light source in view of the characteristic of reflected light
appearing on the whole cell surface in the image. Our
uniformity analysis of the cell thickness considers the rel-
ative distance rather than the absolute distance between
the lens and the thin film during imaging; therefore, the
attenuation factor can be ignored in our method. Thus, L
for distance and brightness can be approximated in a linear
form. We propose an evaluation metric for uniformities of
layer thickness, cell distribution, and size by measuring
the depth difference Ad between neighboring cells using
a linear approximation of L, the standard deviation o for
the angle between adjacent cells, and the size difference Ao
between neighboring cells.

d= ,s.t.s, t €c,
22 2 (s,t) x K)
=Y, (6 - 0)? vy
o; = =117 R 91 = SiIl_1< e ),
N-1 [vill[[vital]
AQ; =

where N is the number of references of the nearest neighbor
cells, v is a vector from the center of an target cell to
the center of the adjacent cell, 0; is the angle between the
neighboring vector aligned clockwise or counterclockwise,
0 is the average of these inter-angles, (s,t) are coordinates
belonging to the segmented cell ¢, d; ; is the inverse of
the average brightness of the j-th cell among the neighbor
cells of the i-th target cell, and Q is the number of pixels
in the cell. Based on the three proposed cell uniformity
measurements, we define the distribution uniformity Uangle,
size uniformity Usi,e, thickness uniformity Unickness and
overall uniformity Usota1 of the whole SEM image as:

1
Utotal - g(Uanglc + Usizc + Uthickncss),

n
—1 Z

Uangle =1-n We0Ti,
i=1

" &)
Usize = 1 — n! Z woAQ;,
1=1
Uthickness = 1 — nil Z wdAdiv
=1
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where n is the number of divided cells, and w,, wq, and
w, are weight parameters that normalize the range of each
uniformity.

The computational complexity of each uniformity evalu-
ation is O(Nee Narea )-

5 EXPERIMENTAL RESULTS
5.1 Experimental setup and tested algorithms

Ten 1280 x 860-pixel SEM images of titania thin films were
prepared using different anodization times, as shown in
Fig. 6. The ground truth, in which the cell and boundary
regions of the titania image were discriminated by domain
experts, was constructed to measure the cell detection and
segmentation accuracy of the proposed method. Further, we
compared the cell detection and segmentation accuracy of
the proposed method with model-based cell segmentation
methods [36], [37] which were developed for application to
the titania images. All parameters in both methods were
set to those proposed by their authors. To compare with
segmentation methods used in cell segmentation, we tested
two methods: graph-based modular interactive nuclear seg-
mentation (MINS) [46] and interactive learning (ilastik) [47].
MINS produces promising segmentation results through pa-
rameters tuning, and ilastik yields adequate results through
feature extraction and learning. In the comparison exper-
iment, parameters in MINS were empirically set, and the
intensity, edge, and texture were used as features in ilastik.
All experiments were performed on a PC with an Intel i7
CPU running at 2.3 GHz and with 8 GB of memory.

5.2 Performance evaluation for cell detection

The parameters b, bioy, and the binarization threshold «
represent the local image size in Eqs (2), (4), and (5), respec-
tively, used to find clear boundaries. These parameters were
set to 50, 8, and 0.06, respectively, just as with the previous
boundary detection method [36]. The parameters b, by, and
0 of Algorithm 1 were set to 12, 5, and 0.8, respectively.

Fig. 6. Examples of ten SEM images and their ground truth used in the
experiments.
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Fig. 7. Cell centers detected by the proposed method and other cell
detection methods.

As shown in Fig. 7, the center coordinates of the cell
detected by the proposed method were consistently nearest
to the ground truth coordinates when compared with the
other methods. To quantitatively evaluate the result of cell
detection, the segmented cells with the cell centers located
within 8 pixels from the cell center coordinate of the ground
truth were defined as true positive (tp), and otherwise
defined as false positive (fp). The segmented cells without a
cell center located within 8 pixels from the cell center of the
ground truth were defined as false negative (fn). The pro-
posed method detected the center position of the cell more
accurately than the state-of-the-art cell detection methods,
achieved higher precision and recall, and demonstrated the
best performance in terms of cell counting, as summarized
in Table 1. However, the general cell segmentation methods
[46], [47] failed to yield reliable results to be used in quanti-
tative analysis.

5.3 Performance evaluation for cell segmentation

In terms of cell segmentation accuracy, the result of the
proposed method was the most similar to the ground truth.
Morphological estimation methods using ray casting [36],
[37] did not detect some cells and generated smooth con-
tours that merged other cells together as shown in Fig. 8.
The following three similarity measures were used for the
quantitative analysis of cell segmentation accuracy.

TABLE 1
Performance evaluation for cell detection: MEAN and STD are the
average distance and standard deviation between the center
coordinates of the ground truth and the segmented cells belonging to
tp, respectively; PRE and REC are the precision and recall,
respectively. Bold text indicates the highest performance for each
evaluation method.

MEAN STD PRE REC

MINS [46] 4.100 1.880 0.816 0.214
ilastik [47] 1.311 1459 0.809 0.678
GOS-C [37] 2.358 1.901 0.887 0.769
GOS-R [36] 1.187 1.228 0955 0.907
Ours 0.824 0.575 0.997 0.989
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Fig. 8. Cell segmentation results produced by the proposed method and other methods.

Sensitivity(SEN) = |R|2|S|,
Jaccardindex(JAC) = EB?I, (10)
L . 2|RN S|
Dicesimilarity coef ficient(DSC) = ———,
( Bl +1S]

where S and R are the segmented cells belonging to ¢p and
the ground truth, respectively.

As listed in Table 2, the proposed method achieves
high sensitivity; this implies that it detects the cell area

TABLE 2
Performance evaluation for cell segmentation. Comp.Time(s) is the
average computation time of each method for an image.

SEN JAC DSC  Comp.Time(s)
MINS [46] 0.723 0594 0.741 26.4
ilastik [47] 0.686 0.652 0.786 2.8
GOS-C[37] 0711 0.679 0.805 122.7
GOS-R[36] 0.886 0.844 0915 210.1
Ours 0.980 0.890 0.941 599.2

very accurately. The Jaccard index and the dice similarity
coefficient were also the highest for the proposed method,
implying that it returns the most accurate detection of the
cell area while maintaining a low false detection rate in
the borderline area. Although the proposed method was
slowest among the comparison methods, it is suitable for
the segmentation for quantitative analysis because accurate
segmentation is required to locally analyze the SEM image.

5.4 Quantitative analysis of the titania alignment

In order to evaluate the degree of alignment of the titania
thin film, the number N of the nearest neighbor cells was
set to 6 as in the quantitative analysis study of alumina [29],
[31]. The weights w,, wg, and wy of the three uniformities of
the anodic oxide proposed in Eq. (9) were set to 8—10, ﬁ, and
20, respectively. The average computation time of alignment
analysis was 91.48 sec for each image.

Fig. 9 shows the distribution, size, and thickness unifor-
mity of cells using color coding, histogram, and uniformity
graphs resulting from the proposed quantitative analysis
method for the anodic oxide alignment. In the color-coded
images, the cold colors represent a relatively low uniformity
value, and the warm colors represent a relatively high
uniformity value. In this way, it is possible to intuitively
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Fig. 9. The results of analysis of oxide alignment by uniformity analysis of segmented cells. Each column shows the image of a titania thin film
anodized for 1 hour, 3 hours, 6 hours, or 48 hours, respectively, and its quantitative analysis. (a) SEM images of titania, color-coded images for
uniformities of (b) cell distribution, (c) cell size, and (d) cell thickness; uniformity histograms of (e) distribution, (f) size, and (g) thickness; and (h)
quantification of the uniformity of anodic oxide in the whole image.
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view the distribution, size and thickness uniformity of the
cells of the oxide. Such characteristics are also expressed
in the histogram. The image in the third column with the
cold color regions with the largest area has the most even
distribution of hexagonal structures as shown in the his-
togram. It is also possible to see that the cells of similar size
are the most prevalent, their size is relatively small, and the
thickness of the layer is flat. In terms of the anodic oxidation
time, the degree of cell alignment increased with time up
to 6 h, after which the alignment decreased again. The
overall uniformity Uiotal, which comprehensively reflects
the distribution, size, and thickness of the oxide, was the
highest for the third-column image with the best alignment
and was lowest for the image in the first column with the
worst alignment.

6 CONCLUSION

In this paper, we proposed a quantitative analysis technique
for the alignment of titania thin films through cell seg-
mentation. Adaptive local binarization was used to detect
the boundaries between the nanotubes, and each cell was
recognized by clustering based on the local maximum point.
The proposed method achieved higher accuracy than any
existing titania cell detection and segmentation techniques.
Following cell segmentation, the anodized titania surface
was quantitatively analyzed using the proposed alignment
and thickness uniformity evaluation method, the results of
which were visualized for intuitive analysis. Through our
quantitative analysis, we can extract semantic information
such as ordering score, thickness uniformity, and required
anodization time to make a target oxide, and so on.

The quantitative evaluation method of the surface qual-
ity of anodic oxides described in this study can be applied to
other anodic oxides such as alumina, as well as titania. Our
cell detection and segmentation method is highly accurate
and can be easily combined with other kinds of quantitative
evaluation methods. Since our method makes it possible to
quantitatively evaluate the results of the anodic oxidation
technique, which requires the formation of a self-aligned
porous oxide structure close to the target shape and size, it
can be used for the evaluation and automation in industrial
applications such as hydrogen production and the fabrica-
tion of solar cells, photocatalysts, anti-reflective coatings,
lithium secondary batteries, and gas sensors.
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