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Abstract \/’
Influenced by light, houses, street lamps and other factors, tree images e¥o~ntain
n ri

noise and complex background information. The existing Otsu segmentat thms
have deficiencies such as poor anti-noise capability, ignoring tite cl hésion and so
on. Based on the traditional gray value-neighb averag adient Otsu

segmentation method, we propose an improved twe=difagnsional Ot orithm for tree
image segmentation. The algorithm takes into the b?wclass distance and
within-class distance, which combined the averag€=Variance ¢ pt of two categories
and proposed new threshold selection meth@and re the interference of noise
effectively. To achieve the best segméntation and ce over-segmentation of
background information, a method ovi @all areas and morphological
processing are used to optimize seg ion reg| perimental results show that the
proposed algorithm has a ﬁﬁ&tion effe% noise and the effect of tree image

segmentation is better than that tradit{@ one.

Keywords: noise; two—@iansional wmage segmentation; within-class distance
1. Introductlon\\

With the ge @us developmefit of image segmentation techniques, a series of studies
based on on forest @ eories have emerged, Tree image segmentation provided
important tethnical su JPOL for the stereoscopic measurements of trees characteristic,
growth trend evalu
Tree images ca

Of trees, species identification and classification, and so on[1].
in natural scenes are quite easily disturbed by noise such as

ntation particularly difficult[2]. As one of image segmentation methods,
method occupies a very important position because of its simple calculation,

n peed, high real-time performance and so on[3]. Wherein, Otsu method make the
%ﬁum degree of separation between target and background to be a segmentation
criterion to achieve image segmentation[4]. However, this method only used the grayscale
information on pixels without taking into account the spatial information on pixels, so the
segmentation results are often unsatisfactory when the images have low signal-noise-
ratio(SNR). For this reason, the literature [5] used the gray values of pixels and the
average grayscale of its neighborhood pixels to constitute an Otsu method based on a two-
dimensional (2D) histogram, the effect of segmentation improved obviously, but at the
same time, the dimension of solution space increased so that the calculated amount
increased and difficult to satisfy the requirements of real-time processing. In order to
reduce the amount of calculation and shorten the running time, He Zhiyong et al.[6]
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proposed an algorithm which can search the Otsu threshold quickly, the algorithm
overcame the disadvantages of exhaustive calculate between-class variance and increased
the segmentation speed. Zhang Xinming et al.[7] used the gray-level distribution of 2D
histogram to derive a new recursive algorithm to reduce the computational complexity.
However, these methods were based on the 2D (grayscale and average grayscale)
histogram[8], when they used a set of thresholds divide the 2D histogram into four
rectangular areas, only along the diagonal of the two rectangular area participated in the
calculation of the threshold but ignore the probability distribution of the two areas which
located near the threshold vector and close to the diagonal line, the segmentation results
obtained was not accurate enough. Literature [9] gives a grayscale - gradient 2D
histogram and its region partition method to overcome the shortcomings of traditional 2D
histogram, both segmentation effect and computing speed have clear advantages. The 2D
Otsu method based on the grayscale and neighborhood average gradient which was
proposed by literature [10] make the segmented intra-regional of image haveNbetter
consistency, more accurate boundary shape, and better noise |mmun|ty h

literature [9] and [10] had improved the effect of segmentation, the a only
considered the maximum between-class variance but ignore the class co hich led
to the background of the image segmentation is overmuch the anti rformance

is poor. Considering both the between-class distance anekl
background and target, Literature [11] make the . C d backgr of within-class
distance within their respective average variance p o ftion ch%cording to the area
ratio of target and background by adding wei ts SO that the th Id obtained is most
close to the best threshold of the artificial sel @

On the basis of literature [10] and [1} paper will ess the shortcomings in the

process of 2D Otsu image segmenta at t 0|se performance is poor, the
method ignore the class cohesion, s ed tar%ﬂ ed much background information

and others, we propose an |mpr v Otsu al which take into account between-
class distance and the wi dlstan r color trees image segmentation, and
optimize segmentation results i all areas, morphological processing and
other methods, in order t@leve the&e ect of tree segmentation.

2. 2D Otsu bass@he ale and Average Gradient

21.The G QNe ood Average Gradient Histogram

Let the size of an.ifaade M , in which the range of gray value changes from 0

toL—1,and L is ber of grayscale. The neighborhood average gray level g(X,Y)
of the plxel poi ated at (x, y) is defined as

g0y = D f(xy) @
Np (yep
r®1ere D generally takes the 8-neighborhood of pixel point (Xx,y), and N
ents the total number of pixels in the neighborhood D .
he average gradient |f(x, y)—g(x, y)| of pixel (X,y) is described in absolute

difference between the gray value and its neighborhood average gray level. For an image,
we define and calculate its 2D histogram when using representation as the form of

vector (f(x,y)=i,|f(x,y)-g(xy)|=j). The histogram is defined in a square area with a

size of Lx L, in which the horizontal expressed as the grey value of pixel and the
ordinate expressed as the neighborhood average gradient of pixel, the value p; of any
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point of the histogram expressed as the joint probability density of vector (i, j),and is
determined by the following formula

s @
P = M XN
Wherein 0<i, j<L-1, c; represents the number of times that (i, j) appears,
L-1L-1
and > p, =1
i=0 j=0

{p;} is the grayscale-neighborhood average gradient 2D histogram. Using the

threshold vector (s,t) divide the 2D histogram into 4 rectangular regions shown in Figure

1. Among them, the pixel gray level of region 0 and the gray gradient are smaller, which
indicates the target; the pixel gray level of region 1 is larger but the gray gradient is0
smaller, which indicates the background; the pixel gray level and gray gradient of regi
2,3 are larger, which indicates the edge and noise. Compared with the grayscal ge
grayscale histogram, the regional division of this histogram takes into a€c all the
pixels of target and background as much as possible, improved th nd noise
problems in the target and background region of traditiorh&ogram W/isien, and make
the segmentation results more accurate.

IfCx.y)-g(x.y)l OQ \\>/
N

(0,0)

. Q % (5.0) f(xy)
Q\\ ﬁi@e . Regional Division

2.2. 2D Otsu Algori @ased on the Grayscale-Neighborhood Average
Gradient

When the se@ation threshold (s, t) is used to split an image, region O represents the

target, a gion”1 represents the background, then the occurring probability of region 0
and the 6 g probability of region 1 are respectively as

@O @y =y (s,t) = ii Pi 3

i=0 j=0
L-1 t
o = (s,t) = z Z Pi (4)
i=s+1 j=0
The mean vector of region 0 and the mean vector of region 1 are respectively as
s t s t
Ho = Ho(S,) = (,uomuoj')T = (Zzipij /a)mzz jpij /wo)T (5)
i=0 j=0 i=0 j=0
T L-1 t . L-1 t . .
ILL.I.:M(SYt):(ILL_H’ILLIj) :(Z leij/wlizzmij/wl) (6)
i=s+1 j=0 i=s+1 j=0

Copyright © 2016 SERSC 201



International Journal of Hybrid Information Technology
Vol. 9, No.9 (2016)

The overall mean vector of the 2D histogram is given as
L-1 L-1 L-1 L-1

H, :(:uzi':uzj)T :(Zzipij'zszij)T (7)
i=0 j=0 i=0 j=0
Since it is assumed that all values are negligible in region 2 and region 3, we have
W, +w, ~1 (8)

Define the discrete measure matrix o, of the target class and the background class as
follows

0 = [t~ 14,) (o~ 1) 1+ (et — 44, ) (1t~ )] )
The trace of the matrix is used as the distance measure function between the target
class and the background class, then

t,05 (5, 1) = W [(tys — 14,)° + (4 _/’lzj)z]+ .
[ty — 113) + (s = 12)°] ?\/
= @y (S t)601(S t)[(ILL_l_I /u0|) +(/Ul] IUO]) ]

o (s,0) 1, = 24, (s,OF +[y (5,0 113 (S, @ (10)

- @, (3,)(1— o,

Formula(10), 44 (s,t) = Zs:zt:ipij  (8,1) =

0 -
i=0 j=0 TS 6
We chose the threshold vector (s°,t° ) corre }%0 the maximum value of the
distance measure functiont.oy as mal .t d vector of the 2D maximum
between-class variance threshold m

(s.1) ﬁoqs t)<L @(S 0} (11)

Compared with the itional 2 imum between-class variance method, the
results of this image ation S m have been greatly improved. However, the

algorithm is onlyt nt the maximum between-class distance, without
considering the clg he3|o sa@quently, this paper proposes an improved 2D Otsu
threshold ¢ I , Which considers both between-class distance and
within-cla @

3. Improved 2 @u Threshold Segmentation Algorithm

In the image{the gray value of the interior pixel which located in the target region and
the background tegion is generally uniform and the gray transition is smaller, so the
distance n pixels within each class should be kept as small as possible. To this end,
the 2 @r algorithm is improved to ensure maximum between-class distance, and also

u e minimum within-class distance[12]. Yet, the within-class distance is smaller
%w means the class cohesion is better, relative to the target and background, the
ler the variance of their respective regions. As one of the uniformity measurement,
average variance can directly reflect the uniformity of the image grayscale distribution, so
we introduce the concept of two classes of average variance to measure the quality of
cohesion, then

( ZZ[ — i)+ (i 0,10y (12)
ol (st o Y- + (- ) 1ny (13)

(S s+I<i<L-10< <t
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Where, 0'_02(S,t) represents the average variance of the target region, and a_f(s,t)

represents the average variance of the background region.
On this basis, a new threshold selection method is proposed, and the threshold
calculation formula can be shown as follows

oy [(14 _1u0i)2 + (ﬂlj — Hoj )2]
a0, (s,)+for (s
0wt~ 1 (S.F oty ~ 1 (S0
0,1 @)[ao, (5.0 + fo (5.1)] 14)
_ [ptt; — 14 (s.0 +[a)oluzj —H;j (s,
@, (1~ 5‘)0)[0-02 (s,t)+ O-12 (s,t)]

Formula (14), o represents the occurring probability of the target re ioNEat’
is @, (s,t) , ﬂ represents the occurring probability of the background re%\ at

isa)l(s,t), Z Z[ ru0| J :u0]) ]pu 101 (S t) % 'ulJ) ]p'l

G(s,t) =

0<i<s 0<j<t <| Po<j<t
Due to the divided area ratio of target and backgrou |ng an generaI trend

of uniformity measurement is also compleme that i the uniformity
y mea’@m of another region
lance is noda constant. In order to

measurement of a region becomes larger, the uni
reflect this complementary relationship, ag are u the weight coefficient to

will become smaller, so the sum of their average
measure the proportion of average variafi

e targ ackground
From formula (14), we can see tha %shold selection formula use the
ratio of the between-class varrance n ergh&%“% in-class average variance as the
selection criteria of the optima t Id vector. When the between-class variance is the
largest and the weighted v\ﬂ:%c SS va?%| is the least, the effect of segmentation

achieve the best. So when_G(s,t) tak aximum value, the corresponding vector is

the optimal threshold v hich is
é(s t >%90 max_{G(s.1)} (15)

is used Iculate the threshold calculation formula, the arbitrary
u@e accumulated from (1,1) , which makes the calculation
0

improve the running speed, we need to recursive the five
variables that is a)o@, M c,°(s,t) and ,°(s,t) . Literature [10] has given the

recurrence for fwy, u;, p; variable as follows
\l‘ ay(s,1) = ay(5,t -1+, (-1 1) - gy (s-Lt-1) + p (16)
@) w(s )= (s t-0+ 4 (s-10) - p(s-Lt-D+s-p, (17)

cording to the literature [13] recursive thinking, this paper recursive the
o,°(s,t)and &;%(s,t) variables, which the recursive formulas are

%O :uj(slt)::uj(slt_l)-l_:uj(s_]ﬂt)_ﬂj(S_]ﬂt_l)-l_t'p51 (18)
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o) =3 3 [(i- “') +(i- ”J) 1n,

0<i<s 0<j<t

=3 S IG- ”') +(j- ')leij+

0<i<s 0<j<t-1

3 [i- “'>2+(t ”’) 1p,

0<i<s

—ol(st-+ 3 (- ”') (- ”’)]p.,

0O<i<s-1

{(s—ﬂ)%(t—ﬂf] Py

Wy @y

—ol(st-D+ Y S [i- ”') +(j- ”’)]p.,

0<i<s-10<j<t

Z Z [(l Hi )2+(J j)z]pij+ VV

0<i<s—10< j<t-1

{(S—ﬁ)%(t ”‘) pst 0 9
=0, (s, t-D+0, 2 (s-Lt) - \Al)"' @
{(s ”‘)+(t ’u')‘ \/
o'lz(slt): z Z[(I Hyi i . :uq
ssisl 102 QE \b
2l ﬂl

s+Ki<L—1@

\Q @_ i_,Ui)z_I_(t_luzjazlluj)z}.pst

2]
6@0‘1 (st-1)+ z Z[ Ha™ —ﬂZj_ﬂj)z]pij

s<i<L-10<j<t 0)1

® e YT Y
- i- +(j- i -
6\ T T,
\{* (s- by y BBy g,

O I &

=0/ (st-0)+0’(s-Lt) -0/ (s 1t—1)—

@ (S_:uu lul) _I_(t_’uZJ 'ul) 'ps(
@,

L @ J
Compared to the traditional threshold selection method, although the improved 2D
Otsu method has the same time complexity and both of them are O(L?), while it can not

only consider the maximum between-class distance, but also take into account the
minimum within-class distance. Obviously, it is more reasonable. The area ratio of target
and background is changing actually, so the improved formula added to the weight
coefficient when considering the within-class distance, making the average variance of
target and background which in the within-class distance account for the proportion in
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accordance with the target and background in their size changes, the segmentation result
is more accurate, and the specific algorithm flowchart as shown in Figure 2.

START

Input the original
image

Calculate the gray value-
neighborhood average gradient 2D
histogram

Recursive calculate the probability of target and
background, mean vector, average variance

The optimal threshoﬁd vector is obtained V
by calculating the threshold selection
formula 0
¥
The binary image is obtained by
using the optimal threshold \ @
vector to segment the image, ‘

EYONN
Figure 2. Algcbt@mzlowc@

4. Tree Image Segmentation KQ%& on %mproved 2D Otsu Algorithm

The tree images captured raI are susceptible to the interference of
illumination, weather and o oise, a: e are buildings, street lamps, signs and

other complex backgro informati Ing the traditional 2D Otsu algorithm for

image segmentatlon menta on®effect is not ideal, greatly influenced by noise.
Therefore, this s the &%oved 2D Otsu threshold selection algorithm for
splitting the coI images ze the segmentation results, which can reduce the
impact of hile obta ng e better segmentation results. The steps of tree image

segmentatl ed on d 2D Otsu algorithm are as follows

Stepl: Getd few pic of the color trees in the natural scene.

Step2: Image pr ssing. In order to verify the anti-noise performance of the
algorithm prop this paper is better than the traditional threshold segmentation

algorithm, add ise points after gray the color image so that the effect of the contrast

more Viv
Step improved Otsu algorithm which considers both between-class distance and
withi distance. The noisy gray tree image uses this algorithm for threshold

tion so as to get a binary image.
p4: Filtering process. The binary image after segmentation has noise and other
interference, in order to do further optimization of the segmentation results, we need for
image filtering.

Step5: Optimize segmentation results. To remove small connected areas, corrosion,
expansion and other processing after the segmentation of the image to get the final result
of the tree segmentation.
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5. Experimental Results and Analysis

In order to validate the effectiveness of the improved 2D Otsu algorithm for color tree
image segmentation, this paper compares the proposed algorithm with the algorithm of
literature [10]. In the experiments, 4 color tree images of size 2448*3264 are shot by
mobile phone, the size of the source images will be scaled to 240*320 in the treating
process because of the too large images. In order to make the segmentation results of two
algorithms compared more vivid, adding salt and pepper noise in the four images. The
tests are conducted under the Windows 7 operating system, programming language for the
MATLAB R2014a. The segmentation results of two algorithms are compared as shown in
Figure 3-6.

AN
Q.

(@) Color tregdimage 1. (b) Grayscale image with noise. (c) Segmentation result of
image b by litergture [10]. (d) Median filter image c. (e) Final result after optimize the
image d.’(@gmentation result of image b by the proposed method. (g) Median filter
image f@ inal result after optimize the image g.

?é e Image 1 and Its Segmentation Results
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*

Figure 4. Tree Image 2 and Its Segmentation ResultsQQ )

() Color tree image 2. (b) Grayscale image with ngise.\(cy Seg result of
image b by literature [10]. (d) Median filter image c. inal result optimize the
image d. (f) Segmentation result of image b by t@ ed methad. Median filter

image f. (h) Final result after optimize the image g \\/

(

Figure 5. Tree Image 3 and its Segmentation Results

(a) Color tree image 3. (b) Grayscale image with noise. (c) Segmentation result of
image b by literature [10]. (d) Median filter image c. (e) Final result after optimize the
image d. (f) Segmentation result of image b by the proposed method. (g) Median filter
image f. (h) Final result after optimize the image g.
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Figure 6. Tree Image 4’@5 Segmentation Results

A
imag@ noise. (c) Segmentation result of
image b by literature [10]. (d) filter imag® c. (e) Final result after optimize the

image d. (f) Segmentation result o |mage the proposed method. (g) Median filter
image f. (h) Final result after op |ze eg.

Observing Carefully 3 can hat the background portion and noise points
are relatively more, medlan ilt ng Figure 3(c) to get the Figure 3(d), the noise
points reduced gr ut t e ized segmentation results Figure 3(e) can still see
that there are comple round information in the portion of the trunk.
Compared ure 3( igure 3(f) has a decrease in grassland section and better
noise |mm . In Fi (g) can be clearly seen that the most of background
information around nk separates from the truck, the segmentation results Figure

3(h) after optgr@1 better than Figure 3(e). From the original image of Figure 4 can

be seen that exi§t\some obstacles such as buildings and street lamps, due to the sunlight,
the shadow ,of trees appears beside the street. In this case, Figure 4(c) relative to
Figure 4(f)\the-part of ground over-segmentation, while in Figure 4(f) the noise points are
less tha t'in Figure 4(c), high segmentation accuracy, the optimized result from Figure
4(e) s that shadows and lights are connected together, stairs and tree crown even

, didn’t separated with the trees, significant misclassification. While there is not
t uch ground and street lamps and other information in Figure 4(h), closer to the real
images. From Figure 5 shows, obviously there is more noise in the segmentation results of
literature [10] than that in the algorithm of this paper, the tree trunk is connected to the
ground, which makes more over-segmentation, unsatisfactory results. Compared to the
final optimal results, the segmentation result of the trunk in Figure 5(h) is slightly better
than that in Figure 5(e). As can be seen from Figure 6, the algorithm in this paper has a
strong inhibitory effect on noise, this is far superior to the algorithm of literature [10]. By
contrast in Figure 6(e) and Figure 6(h) can be found that using the proposed algorithm in
this paper to split the trunk is often more accurate.
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The algorithm in this paper considers both between-class variance and class cohesion,
which has good practicability. Theoretically, since the proposed algorithm involves in the
calculation of within-class mean variance, the amount of calculation increases, but its
time complexity is the same as that of literature [10], are the O(L*) and the actual

operation shows that this algorithm has minimal impact on the running speed.

6. Conclusions

In this paper, the study of color tree image segmentation algorithm, in view of the
traditional algorithm based on grayscale-neighborhood average gradient has the problems,
such as weak anti-noise performance, only consider the between-class distance but ignore
the class cohesion. Combined with the mean variance, this paper proposes an improved
Otsu threshold segmentation algorithm that taking into account the between-class distance
and within-class distance for the color tree image segmentation, and through t

optimization method to optimize the segmentation results to get the fin S.
Experimental results show that in the case of adding a lot of noise, com ith the
traditional Otsu algorithm, this paper has stronger inhibitory gffect on ngis though
there is the complex background information in the im eq%i’algo an also split
out the trees well, and compared with the traditional t

ithim, the fina¥ segmentation
results of this algorithm are more close to the real.ﬂ'! ion. Cogseq y, whether from
‘ )

the effect of segmentation or the anti-noise perfo e to cc)\ compared with the
traditional algorithm, this algorithm has disting@dvantages.
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