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Abstract

This article is devoted to discussion of the problem of detection and
classification of objects in digital images by using genetic programming (GP).

1. Introduction

Automatic systems of object detection in digital images have many applications in target
recognition, video surveillance. The major task of object detection is to locate and extract
regions of an image that may contain potential objects [1]. The quality of object detection is
dependent on the type and quality of features extracted from an image that may contain potential
objects [2]. In this work we tried synthesze composite operators by means of GP, which classify
many different types of objects [3], [4]. A composite operator consists of primitive operators and
primitive feature images [5].

GP uses five major considerations in the task of object detection. The set of terminals is sixteen
primitive feature images generated from the original image, the set of primitive operators (see
Table 1), the fitness measure, parameters and termination. Brief discussion about these
considerations is followed.

The set of terminals include following images: F, F, ..., F,, where Fp is the original image,
the £, F,, F, are 3x3, 5x5, 7x7 mean images, theF, £, F,are3x3, 5x5, 7x7deviation images, the
F,,F, F, are 3x3, 5x5, 7x7maximum images, the 5, £, F,,&re 3x3, 5x5, 7x7minimum images
and theF,, F,, F, are 3x3, 5x5, 7x7median images. The primitive operators are given below in
the Table 1.

The fitness value of a composite operator is computed in the following way. Suppose G and G’
are foregrounds in the ground truth image and the resultant image of the composite operator
respectively. Let n(X) denote the number of pixels within region X, then Fitness =.n (GNG') /n
(G VG). :

Table 1.

. | Onerator | Deserintion
ADD(4,B) | Add images A and B.

SUB(4, B) Subtract image B from A.

MUL(A4,B) | Multiply images A and B.

DIV(A,B) Divide image A by image B (If the pixel in B has
value 0, the corresponding pixel in the resultant
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i takes the maximum pixel value in A).
MAX2(A,B) | The pixel in the resultant image takes the larger pixel
3 value of images A and B.

MIN2(4,B) The pixel in the resultant image takes the smaller
pixel value of images A end B.

ADDC(A) Increase each pixel value by c.

SUBC(A) Decrease each pixel value by c.

MULC(A) Multiply each pixel value byc. -

DIVC(4) Divids each pixel value by c.

SORT(A) For each pixel with value v, if v > 0, change its value
to v . Otherwise, to —+/=v.0

LOG(A) For each pixel with value v, if v 2 0, change its value
2 to In(v). Otherwise, to —In(-v).

MAX(A) Replace the pixel value by the maximum pixel value
9 in a 3x3, 5%5 or 7x7 ne

MIN(4) Replace the pixel value by the minimum pixel value

b= (-1 1 X1 - N

— |
—

A% in a 3x3, 5x5 or 7x7 neighborhood.
15 MED(A) Replace the pixel value by the median pixel value in
a 3x3, 5%5 or 7x7 neighborhood.

16 MEAN(4) Replace the pixel value by the average pixel value of
a 3x3, 5x5 or 7x7 nei

17 | V@ Replace the pixel value by the standard deviation of
pixels in a 3x3, 5x5 or 7x7 neighborhood.

Parameters and termination are: population size M, the number of generation N, the crossover
rate, the mutation rate and the fitness threshold. The GP stops whenever it finishes the pre-
specified number of generations or whenever the best composite operator in the population has a
fitness value greater than the fitness threshold.

2. Crossover and Mutation

By searching through the composite operator space, GP adapts the population of composite
operators from generation to generation and improves the overall fitness of the whole population,
The search is done by performing selection, crossover and mutation operations.
The selection operation involves selecting composite operators from the current population. In
this work, tournament selection is used, where a number of individuals are randomly selected
from the current population and the one with the highest fitness value is copied into the new
population.
Tope{formmaswer,twoeompositeopemtommselectedonthcbasisoﬂheixﬁmuswluu.
The higher the fitness value, the more likely the composite operator is selected for crossover.
These two composite operators are called parents. One internal node in each of these two parents
is randomly selected, and the two subtrees rooted at these two nodes are exchanged between the
parents to generate two new composite operators, called offspring.
m?midwm maintain grmntE il -
of some to in the diversity of the population. Composite operators
m&&mﬁot?lywemdfnrmumﬁmMmﬂnpruofmmﬁonMed“dmeqw
pro H
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1. Randomly select a node of the binary tree representing a composite operator and
replace the subtree rooted at this node, including the node selected, by another randomly
generated binary tree.

b Rmdom]ysdeﬂtnodeoflhcbimymwprmﬁngawmposiuopemmm
replace the primitive operator stored in the node with another primitive operator of the same
number of inputs as the replaced one. The replacing primitive operator is selected at random
from all the primitive operators with the same number of input as the replaced one.

B.Mdm]ymmmﬁﬁnlmmmmdmm.Ofmm
neither of the two sub-trees can be a sub-tree of the other.

3. The Synthesis of Composite Operators

To synthesze composite operators for object detection in digital images is used following
algorithm: we may have a population of composite operators after one time applying this
algorithm, the best composite operator from the population identies one type of objects.
s forgen=11toN do//N is the number of generation,
keep the best composite operator in P,
repeal,
select 2 composite operators from P based on their fitness values for crossover,
select 2 composite operators with the lowest fitness values in P for replacement,
perform crossover operation and let the 2 offspring replace the 2 composite operators
selected for replacement,
execute the 2 offspring and evaluate their fitness values,
until crossover rate is met,
o perform mutation on each composite operator with probability of mutation rate and
evaluate mutated composite operators,
o Afier crossover and mutation, 2 new population P’ is generated,
o let the best composite operator from population P replace the worst composite operator in
P’ and let P=P’,
s if the fitness value of the best composite operator in P is above fitness threshold value
then,
s stop.
We have set of composite operators 0={0,,0,,...,0,) and set of terminals, Randomly generate
population P of size M from O and P. Let 0,,0,,0,be selected from O and E,E from F. We
obtain combination of them, for example o, (o, (F,))(composite operator). Then evaluate each
composite operator in P and perform crossover operation. If we show composite operators as
binary tree, they will be like on figure 1. We can have two offspring (composite operators) after
crossover operation, which is shown in figure 1.1. These two offsprings replace the two worst
composite operators in P. This is continued until crossover rate is met. Then mutation is
performed, which can replace the primitive operator stored in the node with another primitive
operator,
For example, if we observe the tree on figure 2.1, after mutation we can have the tree on figure
2.2. We get the tree, which is the best,

&Q‘E' &&fl 0-&5 E&F.l
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Figure. 1 Figure. 1.1 Figure. 2.1 Figure.2.2
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Experiments
Various experimi mumpafmmedonmlsyntheﬁcnpenmemdar(SAR)images(IZSx 128), to
d:t'eigtu:oms type of objects. Figure 5(a) is used to synthesze a composite operator. The objects in
imngeemmnds.Tnsynﬂtmtheoumpositeqpamthe?atofmmhmgma)mdmof
pﬁmx‘tiwopcrmmmused. Following composite operator is found [2]:

IVC (DIV(ADDC (ADD (ADDC (ADD (SUBC(ADDC (ADD (SUBC

(MAX (MAX ()
(STDV mm%gc PFIM15)))) (MAX (SUBCPFIM14))))) (MAX (SUBCPFIM14)))) (MAX

(SUBC PFIM14))))PFIM15)))). :
nodes, five leaf nodes, three conlain 5x5 median image and the

The composite operator has 27 : j
olhu'moconmin?ﬂmedimimage.Outpntofwmpositeapﬂmmshomml?igms(b)m
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Figure, 4, thlmmhy:bomdnofdubmwnpoﬁuw.
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a
Figure, 5, »- original image. b wmmmfvmmm
Thesamemmposiuopﬂmorisuudfuromﬂcxpuimm(nmsppﬁedonimagemﬁm
7(a), in which object also road), the result of which is shown in Figure 6.

[ b c

Hmﬁ.rd;ﬁdhnp,b—mpmhfmmnbupe—lﬂtrm

memuhorumﬂwrpuimmmewmposhcopmristhefoﬂoﬁngmvm(MEDMED
(MED(MED(MED(MED(MED(MED(MAX(MED(MAX{MED(NEN(ADDC(LOG
(ADD (MAX (MIN (MULCPFIM2))) (DIV (MIN MULC (MED (MIN (MAX (SUB PFIM2
(MULC PFIM2))))))) PFIM1)))))N)N)))) [2], is shown on Figure 7. This composite operator
hulﬂnodesmdiudepthisﬂ.Ithasfowlcafnodes,thmceonuinSKSmmimagemdthe
other one contains 33 mean image. The composite operator is applied on images, which contain
rim-andﬁeld.Ifweprmtthacomposﬂcopemorubimryh-ee,ilwﬁﬂb:sousshownin

Figure. 9.
- - LS -

c
Figure. 7. o- original images, b- composite feature images, c- after segmentation
Wemadcsomeclmngainﬁewmpoailcopemm(maddedmmmposite operator two MAX

primitive operators, which are signed by bold style). After changes the composite operator has
32 nodes and its depth is 25. The result of experiment after changes is given in Figure 8.
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Figure. 9. Binary tree of secand composite operator
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