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The framework of our proposed for segmenting ob-
jects using spatial location information from stereo
images. An efficient graph-based image segmenta-
tion algorithm within this framework for combin-
ing changes in optical features and physical loca-
tion to segment reality scenes into perceptually and
semantically uniform regions. Optical and phys-
ical location are extracted using k-means cluster-
ing, and we propose a rules table for combining
optical and spatial features together. The perfor-
mance of our proposed framework is demonstrated
in a series of reality-scene images using experimen-
tal data from the Middlebury stereo image data
(http://vision.middlebury.edu/stereo/data/).
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1. Introduction

Problems of image segmentation and grouping on
computer vision even though increasing numbers of ap-
proaches based on perceptual and semantic segmentation
have been applied to artificial intelligence in image recog-
nition, environment learning, etc. Studies on image seg-
mentation for low-level feature extraction include thresh-
old methods [1], stochastic model-based approaches [2—
4], watershed techniques [5], edge flow techniques [6],
and normalized cuts [7]. These approaches are based on
changes in optical features such as luminance, color, tex-
tures and shapes, however, it is difficult to distinguish a re-
gion in which a new object or background texture is based
on optical feature changes alone. Our framework, which
segments objects using spatial location information, orig-
inates in binocular vision combining obvious changes in
color, textures, and physical location to segment reality
scenes into uniform regions. Such an approach similar
to ours has not existed until now, and the results of this
framework can be used to assist robust systems in, for ex-
ample, environment learning and object/obstacle recogni-
tion.
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Our proposed framework is based on two types of input
images. One a reality-scene image describing the optical
physical world, and the other one a stereo image of loca-
tion and distance information on individual objects from
the reality-scene image. With many approaches already
proposed to deal with stereo matching [8—10], we do not
deal with this problem here.

2. Algorithm Overview

Our proposed framework segments a reality image us-
ing physical space. The goal is to segment objects in phys-
ical space similar to what a human being would see. In
segmentation, the central question is how to estimate a
pair of neighboring pixels by either splitting or combin-
ing them. The segmentation of our framework uses an ef-
ficient graph-based image segmentation algorithm which
defining a predicate for measuring evidence for a bound-
ary between two regions using graph-based image repre-
sentation as shown in Fig. 1.

Once, both types of images, reality and stereo, are in-
put, we use a Gaussian filter to smooth both images to
compensate for digitization artifacts before segmentation.
Thanks to our efficient graph-based image segmentation
algorithm, which is a kind of minimum spanning tree
clustering, in the next block, we attempt to construct re-
spective graphs from the two types of images. In Fig. 1,
G, is a graph describing optical features from the real-
ity image and G is the graph describing spatial informa-
tion from the stereo image. When graph-construction is
completed, G, and Gj are fused (Gy) with an array of our
proposed rules, and we will discuss the rules in detail in
the next section. The graph-based segmentation algorithm
that runs once in O(mlogm) for m graph edges [11]. In
the last block, the segmentation algorithm runs with merg-
ing intensity that continues increasing.

3. Efficient Graph-Based Image Segmentation

The section that follows reviews efficient graph-based
image segmentation.
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Fig. 1. Block diagram of proposed framework.

3.1. Graph-Based Image Segmentation

In graph theory, a graph is a pair G = (V,E) of sets in
which E C [V]? (JA]¥ is the set of all k-element subsets of
A). In image segmentation, each node v; € V corresponds
to the pixels of an image, and edges e,, € E connect cur-
rent pixel v, to its neighboring pixel v,. Weight is asso-
ciated with edge length based on pixels property, such as
image intensity or RGB color. Earliest graph-based meth-
ods use fixed thresholds and local measures in computing
segmentation. The segmentation algorithm of our frame-
work is based on minimum spanning tree (MST) cluster-
ing, detailed in the section that follows.

3.2. Segmentation Algorithm

In Felzenszwalb’s work [11] defining a predicate for
measuring evidence for the boundary between two re-
gions, a region consists of a minimum spanning tree, and
the predicate is based on measuring the dissimilarity be-
tween elements along the boundary of the two compo-
nents relative to a measure of dissimilarity among neigh-
boring elements within each of the two components.

Felzenszwalb proposed the comparison predicate is de-
fined as follows:

true Dif(Cy,Ca) > MInt(Cy,C
D(Cl,Cz)z{ fC,C) (G.G2)

false otherwise

€]

MInt(Cy,Cs) returns the minimum internal difference for
components C| and Cy, and Dif(Cy,C;) returns the mini-
mum weight edge connecting the two components C; and
C,. The two functions are defined as follows:
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Fig. 2. 8-connected neighbor graph. v, is the center node,
vp; are §-connect neighbor nodes of v,, and thick lines edges
connecting neighbor nodes.

MInt(Cl,Cz) = min(Int(Cl)—i—r(Cl),
Int(C)+r(C2)) . . . . . (2

Dif(Cy,Ca) = min(weight (v;,v;))
v;eCy ,VjGCZ,(V,',Vj)EE

3)

Int(C;) is the internal difference of component C; (C; C V)
determined to be the largest weight in minimum spanning
tree (Gysr (V,E)) of the component. Int(C;) is defined as

follows:
Int(C;) = Max(weight(e))
eeGmsr (V,E)

4

In Eq. (2), r(C;) is a threshold function controlling the dif-
ference in degree between two components, which must
exceed their internal differences to yield evidence of a

boundary between them (D(Cj,C;) is true). Function
r(C;) is defined as follows:
k
rCG)=— . . . 5)

|Ci| is the size of component C; and & is the initial parame-
ter. According to Egs. (1)-(5), parameter k is the merging
intensity of this algorithm, meaning that larger k causes a
preference for larger components.

4. Spatial Object Segmentation

This section gives more detailed introduce about our
approach as graph construction and information fusion.

4.1. Graph Construction

Our approach involves two graphs, G, of the color in-
tensities from a reality image and G, of physical space
information from a stereo image. Reality and stereo im-
ages are shown in Fig. 1. For the stereo image, the higher
the luminance of object pixels, the nearer they are to the
camera in physical space.

Graphs G, and G are constructed as the 8-connection
neighbor shown in Fig. 2.

Section 3.1 introduced the image segmentation prob-
lem in which each node v; € V corresponds to pixels of
an image, and edges e,, € E connect current pixel v,
to neighboring pixel v,. Weight is associated with edge
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Fig. 3. Four different neighborhood partitions.

length based on a pixels property and calculated as fol-
lows:

e =Va=Voll . . . . (6

For reality images, nodes are 3-elements RGB vectors,
so weight between two neighboring nodes is calculate as
follows:

eab = ||Va = Va||
=/ (Ria— Rup)* + (Bua — Bup)? + (Gua — Gup)? (7

R, G and B are vector v elements for obtaining the color
values. For stereo images, nodes V; have only one lumi-
nance element, making introducing its formula unneces-
sary.

We defined the four different neighborhood partitions,
as shown in Fig. 3.

Blue and red nodes are pairs of neighbor nodes, whose
weight between them pairs is calculated as follows:

€ab =

N YlVai=Veil oo o (®)

vai € {Neigborhood of v, }
vpi €{Neigborhood of v, }

N is the amount of current neighborhood. The graph
is constructed with four neighborhood partitions selected
with orientations between a pair of neighbor nodes.

4.2. Information Fusion

When graph construction is completed, it must be de-
termined how to fuse the two types of information (G,
G;,). In human vision, boundary is important in object
recognition. Two types of boundaries from binocular vi-
sion are optical and spatial, but changes in physical loca-
tion have stronger probability than optical one for spatial
object segmentation, so we propose a rules table for modi-
fying the weight between a pair of neighbor nodes in color
Graph G,, based on this pair of neighbor node weights in
physical location in Graph G.

Due to the segmentation problem having two types of
operators that merge and split, we define k-means cluster-
ing as k = 2 by grouping histograms into two groups each
{Group 1, Group 2}. Group I has a strong probability
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Fig. 4. Edges histogram, where M1 and M2 are mean point,
and TH is the threshold plot between Groups 1 and 2.
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Fig. 5. Weight update rules table.

of merging operators and Group 2 has a strong probabil-
ity of splitting operators. Mean points for each group are
also divided into two groups, meaning, the histograms are
divided into four groups { Very Low, Low, High, and Very
High}. k-means clustering results are shown in Fig. 4.

4.3. Update Rules

We defined five update rules {Strong Merging, Weak
Merging, Analysis, Weak Splitting, Strong Splitting} in
Fig. 5, and below is detailed introduce about the five up-
date rules.

A) STRONG MERGING RULE
IF: esap € [0,Msy) {Very Low}
THEN: | STRONG MERGING {SM]

This update rule assumes that current pairs of neighbor
nodes vr, and vr, (vry,vr, € V,) have a strong probability
of being combined, thus, the weight of er,, (from color

Journal of Advanced Computational Intelligence 647

and Intelligent Informatics



Hao, Y. et al.

graph G,) is modified into Group 1, which has a strong
probability of being combined in object segmentation.
The specific weight is calculated as follows:

TH,

MAX (Uerg,)
erg,€{VeryLow}

efap = I N )

eryp 1s an edge of graph G,, and T H, threshold points from
the graph G, histogram. MAX() is a function for finding
the maximum weight in graph G, under its correspond-
ing weight es,, in the {Very Low} group. ef,; is an edge
of graph G¢(Gy = {Vy,Ef}), and graph(Gy) will be seg-
mented in the last block of our framework.

B) STRONG SPLITTING RULE
IF: eSap € [Ms2, ESmay] {Very High}
THEN: | STRONG SPLITTING {SS}

This update rule assumes that current pairs of neighbor
nodes vr, and vry, (vry,vrp € V,) have a strong probability
of being divided into two different components, so the
weight of ery, from color graph G, is modified into
Group 2, which has a strong probability of being divided
into two different objects in the next step. We calculate
weight as follows:

_ | MAX (Uera) — TH, |

MAX (Uera,)
ergp€{Very High}

ef ab

cergp+TH, . . (10)

MAX() is a function for finding the maximum weight in
graph G, under its corresponding weight es,, in the { Very
High} group.

C) WEAK MERGING RULE
IF: esqap € [Ms1,TH;)  {Low}
AND

erqap € [0,TH,) {Groupl}
WEAK MERGING _{WM]}

THEN:

This update rule, because es,, belongs to {Low} and eryy
belongs to { Group 1}, assumes that current pairs of neigh-
bor nodes vr, and vry, (vr,,vr, € V,), tend to be combined,
so we reduce the weight of graph G,. This update rule is
calculated as follows:

|ITH, — ergl|

= — ~dgp(11
eJab = €ab AN (Udy) — MIN(Udgg)]] ‘Y
ergp€{Groupl}nes,,{Low}
dap = ||lerap — TH;|| + [|esap — T Hs|| . (12)

erg,€{Groupl}nes,,€{Low}

D) WEAK SPLITTING RULE
IF: esay € [THy,Ms;)  {High}
AND
ergp € [THy,Eryay]  {Group2}
THEN: | WEAK SPLITTING {WS}

This update rule, Because es,;, belongs to { High} and er,,
belongs to Group 2, assumes that current pairs of neighbor
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Fig. 6. es and er during the analysis rule.

nodes vr, and vry, (vrg,vrp € V,), tend to be divided into
two different objects, so we increase the weight of graph
G,. This update rule is calculated as follows:

ITH, — erg|

= ~dgp(13

b =100 ¥ AX Udgy)— MIN(d )]
erg,€{Group2}nes,,c{High}

dap = ||erap — THy|| + [|esap — T Hj|| - (14)

ergp€{Group2}Nes,,c{High}

E) ANALYSIS RULE

Condition 1: | es,, € [Ms;, TH,)Nery, € [THy, Erpax]
{Low}N{Group2}

IF: llesap — TH;|| > |lersy — TH,|

THEN: Tend to combine

ELSE: Tend to split

Condition 2: esqp € [THy,Msy)Nery, € [0,TH,)
{High}N{Group1}

IF: llesap — TH;|| > |lersy — TH,|

THEN: Tend to split

ELSE: Tend to combine

This rule, because changes is physical location are not
very low/high, optical changes would be major factor for
object segmentation. Because es,;, and er,;, are located on
both sides of the threshold, as shown in Fig. 6. We will
analyze which is farther from the corresponding split on
the histogram.

The update rule is calculated as follows:

ergp — (llesap — THy|| — |leray, — TH;||)
efub =
ergp +(llesap — THy|| — |leray, — TH;||)

Condition] :

15)

Condition2 :

5. Experiments

This framework is based on two types of input
images reality scene and stereo image. Experimen-
tal data came from Middlebury stereo image data
(http://vision.middlebury.edu/stereo/data/). We selected
three pairs of images to verify our algorithm in experi-
ments. The first two pairs (Figs. 7 and 8) consisted of
complex textures and many objects. For the third pair,
in Fig. 9, we selected an image of objects with a similar
texture.
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Fig. 7. Exp. 1 input images.

Fig. 9. Exp. 3 input images.

5.1. Parameter Settings

Our algorithm has three parameters, o is used for the
Gaussian filter, k is the merging intensity, and size is the
minimum object size for object segmentation. We se-
lected k = 500 for the maximum merging intensity to
compare the result with different size from 100 to 500,
and the step is 100. Parameter setting results are shown in
Figs. 10-12(a).

The Gaussian filter in our framework smooths digitiza-
tion artifacts, and the Gaussian filter as ¢ = 0.15 in exper-
iments, which produces no visible changes in the image.
The object number result decreases with increasing merg-
ing intensity k, and converges at a stable order of magni-
tude. Figs. 10-12(b)-(e), compares image results from a
relatively stable convergence curve with the same param-
eter size minimum object size.

5.2. Results of Experiments

This section shows reasonable results for Experi-
ments 1-3. The evaluation function is calculated as fol-
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Exp. 1
Exp. 1: Object Segmentation (¢'=0.15)
450 |
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350 R
—4—Size=100|
g 300
2 w0 % —=—Size=200)
5 200 hY Size=300)
g Size=400
150 - B
| ——Size=500)
100 x—-—._
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0
0 100 200 300 400 500 600
Merging Intensity (K)

(a) Parameter curve

(b) 0 =0.15,k = 100, size = 200 (c) o =0.15,k = 200, size =200

(f) 0 =0.15,k =500, size = 200 (g) The edges of each objecté

Fig. 10. Exp. 1 parameter curve and segmentation results.

lows:
var[NUM(T —50) : NUM(T)] < Threshold . (16)

NUM() is the number of segmentation objects, T is the it-
eration number of merging intensity increasing, and var()
is the variance function. In Exps. 1 and 2, due to the
two images consisting of complex textures and many ob-
jects, segmentation results are converge slowly. Curves
are shown in Figs. 10(a) and 11(a). We defined the thresh-
old as 0.5 and the size minimum object size as 300. For
Exp. 3, which has a relatively simple image, the segmen-
tation result converge is rapidly as shown Fig. 12(a). We
defined the threshold for Exp. 3 as 0.1 and the size min-
imum object size as 400. The three segmentation results
are shown in Figs. 13-15.
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Exp. 2
Exp. 2: Object Segmentation (=0.15)
450 [
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350 R
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E 200 \ Size=300)
g Size=400
150 .
——Size=500
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(a) Parameter curve

(b) 0 =0.15,k = 100, size = 300 (c) o = 0.15,k =200, size = 300

BN

% L {H
(f) 0 =0.15,k =500, size = 300 (g) The edges of each objects

Fig. 11. Exp. 2 parameter curve and segmentation results.

5.3. Comparison of Results

We proposed a framework for segmenting objects using
physical location, and this subsection we want to com-
pare our framework to only reality image input frame-
work. The segmentation algorithm of the two frame-
works used the same segmentation algorithm, efficient
graph-based image segmentation, which was proposed by
Felzenszwalb [11]. This algorithm runs in O(mlogm)
time for m graph edges and is fast in practice, generally
running within a fraction of a second [11]. Results of the
comparison are shown as follows.

Figures 16-18(b) show the same parameters as our re-
sults, and (c¢) shows reasonable results with only reality
image input.
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Exp. 3
Exp. 3 Object Segmentation (0=0.15)
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(a) Parameter curve

(b) 0 =0.15,k = 100, size = 400 (c) o =0.15,k = 200, size = 400

(d) 0 =0.15,k = 300, size = 400 (e) o = 0.15,k = 400, size = 400
[ \/

A Y
A T T\ r |
N/ VF— v
\ /] v o/ Y
{ \
\‘! Ly \_N f/
1 I
RS U S
== ﬁ ) T’r
—Zl A
)
/ \? \\

i )
(f) 0 =0.15,k =500, size = 400 (g) The edges of each objects

Fig. 12. Exp. 3 parameter curve and segmentation results.

6. Conclusions

We have proposed a framework for segmenting ob-
jects using spatial location information from stereo im-
ages. Our framework segmentation is based on an ef-
ficient graph-based image for combining changes in op-
tical features and physical location to segment reality
scenes into perceptually and semantically uniform re-
gions. We proposed a rules tables for combining opti-
cal and spatial features together, which are extracted us-
ing k-means clustering. A series of reality-scene images
demonstrate the performance of our framework and ex-
perimental data are from the Middlebury stereo image
data (http://vision.middlebury.edu/stereo/data/).
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Fig. 14. Exp. 2 result (¢ = 0.15,k = 340, size = 300).

Exp. 3

Fig. 15. Exp. 3 result (o = 0.15,k = 350, size = 400).
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Exp. 1

Fig. 16. (a) Our result (¢ = 0.15,k = 330, size = 300),
(b) reality image only (¢ = 0.15,k = 330, size = 300), (c) re-
ality image only (6 = 0.5,k = 500, size = 300).

Exp. 2

Fig. 17. (a) Our result (¢ = 0.15,k = 340, size = 300),
(b) reality image only (¢ = 0.15,k = 340, size = 300), (c) re-
ality image only (6 = 0.5,k = 400, size = 300).

Exp. 3

©

Fig. 18. (a) Our result (¢ = 0.15,k = 350, size = 400),
(b) reality image only (¢ = 0.15,k = 350, size = 400), (c) re-
ality image only (6 = 0.5,k = 300, size = 400).
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Appendix A.

Algorithm 1 The Algorithm of our Framework

1: Input:
I, = {ir,,lm=0,1,2..N % Reality Image
I, = Et’sW m=0, 1,2...N§ % Stereo Image
2: Output:
Num % The amount of Objects

I, = {iop|m =0,1,2..N} % Result Image
I, = {ienjm = 0,1,2..N} % The probability of current pixel
iey, € {The boundary of any ob jects}
3: Parameters:
O, Kmax, size

4: begin:
5: I, < gauss(I,0);
I gaussgls,cgg
6: G, = (V,,E,) graphé],);
7 Gy = (VY;E.V) Hé’raph Is);

B

Mry,Mry, TH,) < kmeans(E,,k = 2);
Msy,Ms>, TH) < kmeans(Es,k =2

. ) erw €E,
8: for each edges.{ es, € Ey do

9: if esy, € EVery Low} then

10: Gr = (Vy,Ef) «{Strong Merging}

11: else if es,, € {Very High} then

12: Gy = (Vy,Ef) < {Strong Splitting}

13: else if es,, € {Low}Nery, € {Groupl} then
14: Gy = (Vy,Ef) «—{Weak Merging}

15: else if es,, € {High}Nery, € {Group2} then
16: Gy = (Vy,Ef) +—{Weak Splitting}

17: else if (esq, € {High}Nery, € {Groupl})
OR

(esab € {L()W} Nergp € {GroupZ}) then

18: Gr = (Vy,Ef) <{Analysis}

19: end if

20: end for

21: T+ 0;k+1

22: repeat

23: (NUM, 1,) < Segment (k,size,G);
24: for each pixel:i, € I, do

25: if io,, € {The boundary of any ob jects} then
26: iey ++;

27: end if

28: end for

29: if Var(NUM(T —50) : NUM(T)) < Threshold then
30: break;

31: end if

32: k++,T++;

33: until k < K¢
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