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Abstract—Target recognition for aerial images is an important
research issue in remote sensing applications. Many feature-based
recognition methods have been introduced for target recognition.
Nevertheless, these methods have their limitations when consid-
ering the large amount of data provided by satellite imagery. In
this paper, we explore several techniques for target recognition
in aerial images with a contour matching approach. Contours in
our approach are detected by a contour grouping strategy and
described by edge potential function, which provides an attraction
field for edges with similar curves. In this sense, target recognition
can be formulated as an optimization problem. An improved
chemical reaction optimization (CRO) algorithm is proposed in
this paper to deal with the target matching problem. Experi-
mental results demonstrate the robustness and high efficiency of
our approach over the state-of-the-art evolutionary algorithms,
which include the original CRO, predator–prey biogeography-
based optimization, an improved version of brain storm opti-
mization, artificial bee colony, quantum-behaved particle swarm
optimization, a self-adaptive differential evolution algorithm, and
stud genetic algorithm. In addition, several case studies regarding
remote sensing are also presented. The results show that the
proposed method is capable of improving the application ability
of recognizing target in aerial images.

Index Terms—Aerial image, edge potential function (EPF), elitist
chemical reaction optimization (ECRO), target recognition.

I. INTRODUCTION

AUTOMATIC target recognition (ATR) systems play an
important role in multiple applications, including intelli-

gence, surveillance, and reconnaissance [1]–[3]. A typical ATR
process is composed of three stages, i.e., detection, discrimi-
nation, and recognition, and applies various computer vision
techniques such as image segmentation, feature extraction, and
template matching [4], [5]. Target recognition is a vital post-
processing for the region of interest extracted in the detection
and discrimination steps, to distinguish a target from clutter and
nontargets [6]. Since target recognition is fundamental to the
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whole ATR process, it has been gaining increasing importance
in recent years.

In the remote sensing literature, many schemes have been
established to tackle the target recognition problem and can
be classified into two main categories: feature-based strategy
[7]–[14] and template-based strategy [15]–[26]. Feature-based
schemes often address a target recognition problem by object or
scene classification. The crucial part of these schemes lies in the
extraction of features. In the last few years, a wide variety of vi-
sual features have been proposed, from low-level features (e.g.,
raw pixel values, filter-bank responses, and local feature de-
scriptors [7]–[11]) to high-level cues (e.g., context and semantic
information [12]–[14]). Shackelford and Davis [7] combined
both pixel- and object-based features for object classification
in their fuzzy model. Porway et al. [12] came up with a
hierarchical and contextual model that is learned in a statistical
framework for parsing aerial images. More recently, Cheriyadat
[8] incorporated sparse coding into bag-of-visual-words model
to encode low-level features for aerial scene classification. This
unsupervised learning method achieves the highest accuracies
with the UCMERCED data set [9]. In spite of the fact that these
methods described above have demonstrated their effectiveness
in target recognition, they are not without limitations: 1) Their
architectures are generally complex and ambiguous; 2) a great
amount of data are needed in the training stage; and 3) they are
computationally expensive and time consuming.

Compared with feature-based schemes, template-based
schemes are much more simple and efficient. The key insight of
these schemes is similarity measurement. A matching pro-
cedure of some image features (e.g., scale-invariant feature
transform [15]–[17], edges [18], [19], contours, or shapes [20]–
[24]) is generally adopted to seek out the occurrence of a tar-
get template or a reference image [18]. The invariance of
the contour representation to brightness change, color, texture,
scale, and rotation can significantly reduce the number of train-
ing samples. Therefore, contour matching has become a very
popular method for target recognition.

In a typical contour matching problem, the contour of an
object is generally detected, segmented, and then involved
in a procedure to be matched to a template contour [22].
Thus, a good contour detection algorithm is essential for con-
tour matching. In [23], Kennedy et al. proposed a contour
grouping approach called contour cut for object detection,
in which salient contours in an image are identified by sol-
ving a Hermitian eigenvalue problem. This approach makes an
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excellent performance in avoiding foreground and background
clutter and then detecting reliable contours for natural images.
In this paper, the contours of aerial images are extracted by
implementing this approach and described by edge potential
function (EPF) for target recognition afterward.

EPF was first proposed by Dao et al. [25] as an innovative
similarity evaluation of contours. Traditional contour matching
methods generally require sophisticated descriptions of con-
tours and large computation of point-to-point distances [16],
[20]. Loosely speaking, EPF is a kind of contour descriptors
which is used to attract the template or sketch of the tar-
get without needing to compute point-to-point distances. This
novel approach has been demonstrated to be more promising
compared with traditional contour matching methods in terms
of performance and computational complexity [25]–[28].

A Canny–Rothwell edge detector is used to build the edge
map in [25]. However, the edge map of a high-resolution aerial
image is enriched with noise and textures, which makes the
representation of target ambiguous. Therefore, salient contours
of objects instead of naive edges are considered in this paper.
The salient contours are proved to be more powerful to inhibit
noise, textures, and other interferences. Since the target shape
is expressed in a robust way by contours, this target recog-
nition method becomes more efficient and practical for aerial
images.

Since EPF builds an attraction field for image contours to
attract the target template, the matching problem becomes an
optimization problem that can be solved by various strategies.
Dao et al. found the optimal matching with a template using
a genetic algorithm (GA)-based optimization [25]. An artificial
bee colony (ABC) optimized EPF approach is used for target
recognition of low-altitude aircraft in [26]. More recently, the
differential search algorithm is exploited in template matching
and shows good performance [29]. Evolutionary algorithms
have been widely applied to image matching in recent years due
to their efficiency of exploring the entire search space (i.e., the
whole image). This paper investigated several state-of-the-art
evolutionary algorithms for contour-based aerial image target
recognition.

The chemical reaction optimization (CRO) algorithm is a
newly developed evolutionary algorithm inspired by the nature
of chemical reactions [30]. A novel optimization framework is
established in CRO by mimicking the behaviors of molecules
involved in several kinds of chemical reactions. CRO has
demonstrated excellent performances in various engineering
applications, including task scheduling problem [31], brushless
motor design [32], and different economic dispatch problems
[33]. In CRO, the objective function value is defined as potential
energy (PE) of a molecule, just like the concept of potential in
EPF. In this sense, CRO algorithm is particularly appropriate
for matching contours described by EPF.

However, CRO is essentially stochastic when selecting which
molecule will be involved in the next reaction and in some
processes of reactions. This does not contribute to convergence
in effect. To overcome the drawback, this paper developed a
new elitist CRO (ECRO) algorithm by introducing a series
of elitist strategies into the processes of molecule selection
and renewal. Our ECRO algorithm is then applied to contour

matching in aerial images. Experimental results demonstrate
that the proposed strategies can improve the convergence ability
and searching performance compared with the original CRO.
Furthermore, several state-of-the-art evolutionary algorithms,
including predator–prey biogeography-based optimization
(PPBBO) [34], an improved version of brain storm optimization
(BSO-II) [35], ABC [36], quantum-behaved particle swarm
optimization (QPSO) [37], a self-adaptive differential evolu-
tion (jDE) algorithm [38], and stud GA (SGA) [39], are also
employed to implement target recognition for comparative
purposes.

The remainder of this paper is organized as follows.
Section II introduces the contour cut approach and the principle
of EPF. Section III describes the basic principle of the original
CRO. In Section IV, our ECRO algorithm is proposed, and the
overall recognition framework is provided. Some theoretical
analyses of ECRO algorithm are also given in this section. De-
tails of our comparative experiments and results are presented
in Section V. Conclusions are finally drawn in Section VI.

II. CONTOUR CUT AND EPF

The calculation of EPF originally started from the edge map
extracted from simple digital images by the Canny–Rothwell
edge extractor in [25]. For high-resolution aerial images with
cluttered backgrounds, although edge information is preserved
well by the edge extractor, other undesired signals such as noise
and textures are also maintained. This makes the representation
of target less prominent and unstable, thus influencing the
recognition performance. Kennedy’s contour cut approach [23]
formulates contour detection as a problem of searching for
closed topological cycles in graphs, producing much cleaner
contours that are easy to recognize in later process. This ap-
proach is adopted to construct contour maps for aerial images
in this paper.

A. Contour Map Extraction

The contour cut approach uses a graph formulation and an
untangling-cycle cost function provided in [40] for contour
grouping. Let us construct a graph G = (V,E,W ) from an
image, where graph nodes V and graph edges E correspond
to vertices and edges within the image, respectively. Graph
weights W are assigned according to the relative angles of
image edges. Since persistent cycles in this weighted graph
correspond to salient contours in the image, a contour can
be defined as (C,O), where C ⊆ V is a set of vertices and
O : C → {1, . . . , |C|} (|C| is the number of the vertices in C)
is a function specifying an ordering of C. The distinguished
advantages of this method stem from a graph circulation matrix
F introduced to measure the separation of a contour from the
others (the external cut) and the entanglement caused by graph
edges within the contour which infringe the ordering O (the
internal cut). The calculation of F is as follows:

F = diag(π) · P (1)

where P = (diag(
∑

j Wij))
−1W , i and j denote different

nodes, and diag(π) is a diagonal matrix of which all diagonal
elements are π. Nodes with a distant ordering are considered
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to be part of the internal cut. Let a positive integer k be the
width of the contour. Then, the external and internal cuts can be
defined as follows:⎧⎨

⎩
Ecut(C) =

∑
i∈C,j �∈C

Fij

Icut(C,O) =
∑

(i,j)∈C,|O(i)−O(j)|>k

Fij .
(2)

After that, we can evaluate a given contour by the cost
function in which the two cuts are both considered

Ccut(C,O) =
Icut(C,O) + Ecut(C)

Vol(C)
(3)

where the volume Vol is the sum of weights of all edges incident
with the contour, and it is defined as

Vol(C) =
∑

i∈C,j∈E
Fij . (4)

Optimizing the cost function is a hard combinatorial task. To
accelerate the computation without loss of accuracy, a circular
embedding strategy is employed to encode the two kinds of cuts
by mapping graph nodes to points in the complex plane. Using a
circular embedding, nodes of the contour are mapped to points
along a circle, while other nodes are mapped to the origin by
the following formula:

xj = rj exp(iθj) (5)

where i =
√
−1 is the imaginary unit and j is an index of nodes.

The radius rj is set to one if j ∈ C and zero if otherwise, and
the angle θj = O(j)(2π/ |C|). The ordering of each node is
encoded by θj , and whether it is a part of the contour is encoded
by rj . Therefore, for the circular embedding of a contour
x ∈ C |C| (x is a vector composed of xj), (2) and (3) can be
updated as follows:

⎧⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎩

Ecut(x) =
∑

(i,j)∈E
Fijri (1− rj)

Icut(x) =
∑

(i,j)∈C
Fijrirj

(
1− cos

(
θj − θi − 2π

|C|

))

Vol(x) =
∑

(i,j)∈E
Fijri.

(6)

Substituting (5) and (6) into (3), we can finally obtain

Ccut(x)=
Icut(x)+Ecut(x)

Vol(x)
=

x∗
[
diag(π)−H

(
2π
|C|

)]
x

x∗diag(π)x
(7)

where H(2π/|C|)=(F exp(−i2π/|C|)+FTexp(i2π/|C|))/2, x∗

is the conjugate transpose of the complex vector x, and FT

is the transpose of the matrix F . So far, contour grouping is
converted into the problem of minimizing (7). Kennedy further
transformed it into a Hermitian eigenvalue problem, and the full
derivation of this process is given in [23].

In this paper, the contour cut approach is adopted to extract
the contour map from aerial images. This method starts with
edge detection, followed by optimizing a contour cut criterion
established above. Then, EPF can be used to build powerful
representations of the contour map for matching.

B. EPF

The conception of EPF is derived from the physics of elec-
tricity, modeling the image edges as charged elements in order
to generate an attraction field over objects with similar shapes
[25]. In EPF, a template of target is thus expected to be attracted
by a set of equivalent charged edge points which maximize
the potential. This provides an efficient method for contour
matching instead of the consumptive calculation of point-to-
point distances in traditional algorithms.

EPF simulates the phenomenon in electricity in which a set
of point charges Qi in a homogeneous background generates a
potential. The intensity of the potential is determined by

v �(r) =
1

4πε

∑
i

Qi

|⇀r − ⇀

ri|
(8)

where �r and �ri are the observation point and the charge location,
respectively, and ε is the electrical permittivity of the medium.
Similarly, the ith point in an image at coordinates (ui, vi) can
be regarded as a point charge Qeq(ui, vi); then, the potential of
each pixel in the image can be calculated as follows:

EPF(u, v) =
1

4πεeq

∑
i

Qeq(ui, vi)√
(u− ui)2 + (v − vi)2

(9)

where εeq is the equivalent permittivity of image background.
Dao et al. also proposed several alternative approaches in

[25], among which windowed EPF (WEPF) is a significant
improvement of the EPF similarity measure and computation
speed. In this model, a window W (εeq) is defined to limit
the influence radius of a charged element to the potential.
The potential of each pixel in WEPF model is calculated
according to

WEPF(u, v)=
Q

4πεeq

∑
(ui,vi)∈W (εeq)

1√
(u− ui)2+(v − vi)2

.

(10)

Here, all edge points are modeled as equal charges Q to
simplify the assumption. The window is defined to center on
each pixel in the image, and only edge points within it are
considered. This mechanism mitigates the impact of clutter and
highly dense edge map, thus improving both robustness and
speed of contour matching in the next stage.

In this paper, WEPF is adopted to translate contour map into
edge potential. In the matching process, a contour template
is expected to be attracted by the part of edge potential field
where a similar shape is present. The higher the similarity
of the contour template and the shape is, the higher the total
attraction generated by the potential field is. Once a set of
points with the maximal potential has been found, the searched
target is recognized. Since the potential function is complex
and multimodal, good optimization strategies are essential for
the matching problem. This paper proposed a new ECRO
for contour-based target recognition and further investigated
several advanced evolutionary algorithms for this visual task.
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TABLE I
ELEMENTARY ATTRIBUTES OF A MOLECULE

TABLE II
ELEMENTARY REACTIONS IN CRO

III. CRO

CRO was initially designed to work in the discrete domain.
In 2012, Lam et al. developed a real-coded version of CRO
[41], which is suitable for both continuous and discrete op-
timization problems. In CRO, some elementary reactions are
in analogy with the crossover operator of GA, and the energy
conservation law produces similar effects of the Metropolis
algorithm used in simulated annealing (SA). Therefore, CRO
enjoys the advantages of both SA and GA and demonstrated
its strong competitive advantage in solving many real-world
problems [31]–[33]. This section describes the basic principle
of the original CRO.

The basic operating agents of CRO are molecules, and the
structure of a molecule represents a potential solution. Each
molecule has some elementary attributes of which the mathe-
matical meanings are listed in Table I. The first two attributes
are essential for an optimization problem, while the last four
attributes are designed to help the algorithm escape from local
optima (more discussion can be found later in this section).
Other attributes can be optionally introduced, depending on
practical problems, e.g., the upper limit, the lower limit, and
the current optimal solution. Since molecules change their
structures and, consequently, their energies through collisions,
four kinds of elementary reactions are designed according to
the type of collisions in CRO. The operators of these reactions
are given in Table II.

Details of the specific operators in four kinds of reactions
are problem dependent and designed in Section IV. Since every
chemical reacting system tends to release energy, the initial
reactants with excess energy undergo a series of collisions, go
through some transition states, and become the final products in

Fig. 1. Illustration of a chemical reaction on the PES.

low-energy stable states on the PE surface (PES). This process
can be illustrated in Fig. 1. Chemical reactions attempt to seek
the structure of a molecule which has the lowest PE on the
PES. When the molecule with the lowest PE is generated after a
sequence of reactions, the structure of this molecule is the best
solution of the problem.

Furthermore, there are several laws and restrictions distin-
guishing CRO from other evolutionary algorithms. The most
important law in CRO is the conservation of energy, which can
be described as follows:

E ′
total =E ′

buffer + PEω′
1
+ KEω′

1
+ PEω′

2
+ KEω′

2

+ · · ·+ PEω′
n
+ KEω′

n

=Ebuffer + PEω1
+ KEω1

+ PEω2
+ KEω2

+ · · ·+ PEωm
+ KEωm

=Etotal (11)

where E ′
buffer and Ebuffer denote the energies in an energy

buffer before and after a reaction, and KE represents the kinetic
energy of a molecule. The terms n and m are the numbers of
products and reactants, respectively. In order to avoid molecules
from getting stuck to a local minimum, CRO has also designed
a restriction to govern the acceptance of a new solution in each
reaction. This restriction can be described as follows:

Eexcess > 0 (12)

where Eexcess is the excessive energy in a reaction, which is
calculated by subtracting the PE of products from the total
energy of reactants. Overall, if (11) and (12) are both satisfied,
a reaction can be successfully implemented; otherwise, it will
be canceled.

Another restriction also plays an important role in escaping
from local optima. Violent reactions such as decomposition and
synthesis should happen if

Indexcurrent − Indexlast > decThres (13)

where decThres is a user-defined threshold for inactive degree.
When the number of consequent reactions in which a better
solution has not been generated is sufficiently large, CRO is
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considered to get attentive in local optima. Then, more severe
reactions happen to make a big change of molecular structures.
As a result, the energy conservation law cooperates with these
restrictions to maintain the diversity of molecular structures and
keep CRO away from local optima.

IV. ECRO-OPTIMIZED CONTOUR-BASED

TARGET RECOGNITION

In previous sections, the contour extraction method and the
concept of EPF have been discussed, as well as the original
CRO algorithm. Although CRO is superior in many applica-
tions, some stochastic processes in CRO have a negative impact
on its convergence property. In this section, we designed a
new ECRO algorithm aiming at the issue of target recognition
in aerial images. Then, the procedure of ECRO-optimized
contour-based target recognition is given in detail.

A. Problem Formulation

In this method, we define a binary image containing a con-
tour of the target as a template, and we have a test image which
the template attempts to match. Before the execution of ECRO,
WEPF of the contour map extracted from a test image by the
contour cut approach is calculated. The ultimate goal of this
method is to find the optimal translation parameters (tu, tv),
rotation angle (θ), and scaling factor (s) of the template with
respect to a test image. So, the structure of a molecule is
defined as

ω = (tu, tv, θ, s). (14)

If the target is contained in a test image, the correctly roto-
translated and scaled template will be fitted within the potential
field of this image. To evaluate whether the presence of the
template is in a test image by similarity measure, the objective
function of ECRO is defined as a matching score, based on the
potential field

f(ω) =
1

N (ω)

N(ω)∑
n(ω)=1

{
WEPF

(
u(ω)
n , v(ω)

n

)}
(15)

where n(ω) is the nth pixel of the template contour after a
geometric transformation according to the four elements of
ω, (u

(ω)
n , v

(ω)
n ) are its corresponding vertical and horizontal

coordinates, and N (ω) is the total number of pixels in the
transformed template.

The average attraction generated by a test image upon the
roto-translated and scaled template is calculated using (15).
Once f(ω) is maximized by a combination of geometric param-
eters in ω, the test image is considered to contain the particular
target, and the target recognition task is thus efficiently accom-
plished. Since ECRO seeks a minimal nonnegative PE value,
the PE of a molecule with structure ω is set as follows:

PEω = M − f(ω) (16)

where M is a given positive constant large enough to guarantee
a legal PE. So far, we have formulated target recognition as a

problem of optimizing the geometric parameters, which can be
conveniently tackled by the ECRO algorithm.

B. ECRO

In the original CRO algorithm, molecule(s) involved in the
next reaction is (are) randomly chosen. Although this operator
contributes to the diversity of population, the converging rate of
CRO is low since molecules with worse solution can be chosen
in every reaction. This makes the target recognition method
time consuming and cannot be applied to a real-time practical
application. To overcome this shortcoming, we introduced eli-
tist selection procedure and operators with elitist strategies into
the original CRO algorithm and demonstrated the efficiency.

The elitist selection procedure speeds up the convergence of
CRO while still retains its performance. It is executed by defin-
ing two attributes of the molecule: affinity and concentration.
The affinity represents the quality of a solution to the problem,
and the concentration reflects the proportion of molecules with
similar structures in the current population [42].

We rearrange all molecules in terms of PE in ascending
sequence, and the affinity of a molecule moli with structure ωi

is defined as

Aff(moli) = rand · (1-rand)i−1 (17)

where i is the location index of the molecule after rearrange-
ment and rand is a random number in (0, 1). Thus, the affinity
value is only related with the index of the molecule rather than
its PE. Moreover, the concentration value of a molecule can be
obtained by⎧⎪⎪⎪⎨

⎪⎪⎪⎩
Con(moli) =

m∑
j=1

Ks(moli,molj)

m

Ks(moli,molj) =

{
1, . . . ‖ωi, ωj‖ ≤ ConThres
0, . . . otherwise

(18)

where ConThres is the concentration threshold and m is the
total number of molecules.

In an elementary reaction, a roulette selection can be adopted
to choose molecule(s) to collide, and the selection probability
of a molecule is calculated as follows:

Pro(moli) =

Aff(moli)
Con(moli)

m∑
i=1

{
Aff(moli)
Con(moli)

} . (19)

Therefore, molecules with high concentration value would be
rejected while those with high affinity value would be selected,
which helps ECRO select the elitist of population. The elitist
selection procedure could avoid the elitist from staying un-
changed during iterations, thus contributing to convergence.
Note that, although the molecule is selected with priors, the
laws and restrictions still enable the algorithm getting rid of
local minima.

In ECRO, the molecule is selected through the elitist se-
lection procedure, and some mechanisms stated previously are
used to make a choice of reaction types. Each type of reactions
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corresponds to a search operator that changes the molecular
structure and, then, the PE. However, the operators in the ori-
ginal CRO are totally stochastic processes in which the global
information is not used at all. In order to improve the per-
formance of CRO on target recognition, elitist strategies are
combined into these operators. The pseudocodes of on-wall in-
effective collision and decomposition are shown in Operators 1
and 2, respectively.

Operator 1 OnwallIneffectiveCollision (ω)
Input: a solution ω
Duplicate ω to produce ω′

Get i randomly in the set of {1, 2, . . . , n}
λ ← 1− (FEcurrent/FElimit)
ω′(i) ← ω′(i) + λ · sz · (ωrep(i)− ω′(i))
Check (ω′)
Output: ω′

Operator 2 Decomposition (ω)
Input: a solution ω
Duplicate ω to produce ω′

1 and ω′
2

λ ← 1− (FEcurrent/FElimit)
for i ← 1 to n/2 do

Get rand randomly in (0, 1)
if (rand > 0.5) then

ω′
1(i) ← ω′

1(i) + λ · sz · (ωrep(i)− ω′
1(i))

else
ω′
2(i) ← ω′

2(i) + λ · sz · (ωrep(i)− ω′
2(i))

end if
end for
Check (ω′

1); Check (ω′
2)

Output: ω′
1 and ω′

2

These two operators are designed to generate a neighbor of
the solution ω selected by elitist selection toward the global
best solution ωrep. Here, n is the dimension of the solution,
and it is set as four in the target recognition. FEcurrent and
FElimit are the current and maximum function evaluations
(FEs), respectively, and the sz term denotes the step size toward
the global best solution. The important variable λ decreases
as FEcurrent increases and becomes zero when the maximum
FE criterion is matched. Since λ can control the intensity of
perturbations, global search gradually turns to local search as
iteration proceeds. In this way, ECRO is supposed to converge
faster and find a more precise result. The check function is used
to ensure that both upper and lower limits are met, which is de-
fined according to practical problems. In this paper, the function
examines the validity of the geometric parameters in this way:
If the size of the roto-translated and scaled template according
to ω exceeds the size of the test image, then one dimension of
ω is regenerated randomly until the size limits are met.

Intermolecular ineffective collision and synthesis operators
are similar to the crossover operator in GA, which produces off-
spring by recombining information from two parents. In ECRO,

two superior reactants exchange a part of their structures to
create two products by intermolecular ineffective collision.
In synthesis, they are combined into a single product. These
operators are described as follows:

Operator 3 IntermolecularIneffectiveCollision (ω1, ω2)
Input: solutions ω1 and ω2

for i ← 1 to n do
Get rand randomly in (0, 1)
if (rand > 0.5) then

ω′
1(i) ← ω1(i)

ω′
2(i) ← ω2(i)

else
ω′
1(i) ← ω2(i)

ω′
2(i) ← ω1(i)

end if
end for
Check (ω′

1); Check (ω′
2)

Output: ω′
1 and ω′

2

Operator 4 Synthesis (ω1, ω2)
Input: solutions ω1 and ω2

for i ← 1 to n do
Get rand randomly in (0, 1)
if (rand > 0.5) then

ω′(i) ← ω1(i)
else
ω′(i) ← ω2(i)

end if
end for
Check (ω′)
Output: ω′

By implementing these operators, the elitist of population
can be maintained and recombined to produce more promising
solutions. ECRO thus combines the framework of CRO and
the advantages of GA. Experimental comparisons demonstrate
the superiorities of ECRO in Section V. After the design of
optimizing variables, objective function, size limits, and oper-
ators with elitist strategies, we can directly implement ECRO
algorithm to accomplish the visual task.

C. Implementation Procedure

The implementation procedure of the proposed ECRO-
optimized contour-based target recognition can be described as
follows.

Step 1) Contour extraction: Obtain the test image, and con-
duct median filtering operation to it to alleviate the
effect of noise. Adopt contour cut approach to detect
salient contours in the image, in order to improve the
robustness of matching in cluttered environments,
and then extract them to build a contour map.
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Fig. 2. Schematic diagram of ECRO-optimized contour-based target recognition.

Step 2) WEPF calculation: According to the contour map
obtained by Step 1) and the windowed edge potential
field function model given in (10), calculate WEPF
of the test image.

Step 3) ECRO search: Initialize the parameters of ECRO,
such as the population of molecules iniPopSize,
the kinetic energy iniKE, and the energy in the
center buffer iniBuffer. Initialize the maximum FEs
FElimit, the step size sz used for search, and some
control parameters decThres, synThres, lossRate,
and collRate. Assign random solutions to the molec-
ular structures as (14) within the upper and lower
limits.

Step 4) Calculate the fitness value PE of each molecule
according to (15) and (16) and then the affinity
and concentration value according to (17) and (18)
based on its PE. Calculate the selection probability
of each molecule according to (19). Generate a
random number rand in the range of (0, 1). If rand >
collRate, select a molecule by roulette selection, and
go to Step 5). Otherwise, select two molecules, and
go to Step 6).

Step 5) If Indexcurrent − Indexlast > decThres, the decom-
position is successfully implemented when restric-
tions are satisfied. Otherwise, conduct the on-wall
ineffective collision operator. Go to Step 7).
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TABLE III
COMPLEXITY ANALYSIS OF ADDED OPERATIONS IN ECRO

Step 6) If the synthesis criterion is matched, the synthesis
is successfully implemented when restrictions are
satisfied. Otherwise, conduct the intermolecular in-
effective collision operator.

Step 7) Check for any new minimum solution. Update the
global best solution ωrep, current FEs FEcurrent, and
some other variables in ECRO.

Step 8) Check whether the stopping criterion is matched.
If so, output the optimal solution and its objective
function value f (ω). Otherwise, return to Step 4).

Step 9) Visualize the matching result by marking the roto-
translated and scaled template according to the opti-
mal solution on the original test image.

The schematic diagram of the contour-based target recogni-
tion using the ECRO algorithm is given in Fig. 2.

D. Theoretical Analysis

The theoretical analysis of evolutionary algorithms is very
important. Here, we have concisely analyzed our ECRO algo-
rithm in respect of computational complexity and convergence
property. Reference [43] gives a survey on the time complexity
of evolutionary algorithms developed in the recent decade.
To simplify the problem, we compare the difference between
the time complexity of ECRO and that of the original CRO.
In ECRO, the molecule is selected through elitist selection
procedure; thus, there are some operations only involved in
ECRO. The complexity analysis of these added operations in
an iteration is given in Table III.

Therefore, the total complexity of the added operations in
ECRO in all iterations is Θ(FElimit ·m2). Even though ECRO
implements more calculations compared with the original CRO,
the advantage of our method is that the increase in the amount
of computation is not great with the significant improvement of
performance.

In [44], Lam et al. have already demonstrated that CRO
can be modeled as a finite absorbing Markov chain. Since the
solution space of the target recognition problem in this paper is
discrete, large, and finite, it can be regarded as a combinatorial
optimization problem A. We denote the solution space of A by
χ and the additional information of a molecule, including the
kinetic energy, the local minimum, etc., by ζ. Then, a molecule
ω can be represented by an element of χ× ζ. According
to [44], the evolving process of CRO on solving A can be
modeled by an absorbing Markov chain {SA

t }+∞
t=0 which sat-

isfies P{St+1 �∈ Ω|St ∈ Ω} = 0, t = 0, 1, 2, . . .. Here, SA
t

Δ
=

ωA,rep
t × ωA

1 × ωA
2 × · · · × ωA

n , where ωA,rep
t is the current

TABLE IV
CONTROL PARAMETERS IN THE EIGHT ALGORITHMS

best solution up to time t, ωA
i ∈ χ× ζ for 1 ≤ i ≤ nmax, and

nmax is the maximum population size of CRO.
Under the framework of Markov process, Lam et al. have

proved the convergence of CRO by associating CRO with a
Markov chain that constitutes a nonrecessionary sequence. De-
tails of the proof are given in [44]. Since the whole framework
of our ECRO is the same as that of CRO, the conclusions of
CRO algorithm also apply to ECRO. To investigate the effect
of elitist strategies on the convergence property, we examined
solution graphs based on the operators designed in our ECRO
according to [44]. Since there is not a solution graph that is
not optimum reachable, ECRO will converge to an optimal
solution.

V. EXPERIMENTS ON AERIAL IMAGES

To test the feasibility and effectiveness of the proposed
ECRO algorithm in contour-based target recognition, a series
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Fig. 3. Target recognition results obtained by the eight evolutionary algorithms for Case I: (a) Test image, (b) relevant contour map obtained by the contour
cut approach, (c) relevant edge map extracted by the Canny–Rothwell algorithm, (d) edge potential distribution of (b), (e) template contour, (f) optimal matching
results of these algorithms, and (g) evolution curves of these algorithms.

of experiments has been conducted on two real remote sensing
data sets: UCMERCED data set [9] and aerial images extracted
from Google Earth [45]. In this paper, the performance of
ECRO algorithm is compared with those of the original CRO
and other state-of-the-art evolutionary algorithms, including
PPBBO [34], BSO-II [35], ABC [36], QPSO [37], jDE [38],
and SGA [39]. In the last few years, these algorithms have
been widely used for optimization in the fields of science and
engineering. Most of them are the improved version of the

original algorithms, showing more excellent performance. We
employ these algorithms to optimize the matching score of a
template and a test image. When the maximal score is obtained
by algorithms, the particular target such as an airplane and a
boat is recognized in aerial images.

As a preprocessing step, we implement scaling to prevent
numerical difficulties in the calculation and ensure that the
upper and lower limits defined in algorithms are suitable for
different cases. All test images are normalized in size as
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TABLE V
PERFORMANCE COMPARISON OF THE EIGHT ALGORITHMS ON THE THREE TEST CASES

256 × 256, and all templates are normalized as 120 × 120.
The experimental platform is a PC with Intel Core i5, 2.6-GHz
CPU, 4-GB memory, and 32-b Windows 7. All algorithms are
implemented by Matlab 8.0.0.783(R2012b) and use the same
template, contour map, and WEPF description of the test image
for fair comparisons. In all test cases, the control parameters in
these algorithms are set as follows: 1) for CRO and ECRO, the
common parameters are taken as in [41], and other parameters
are selected empirically through trial and error, and 2) for other
algorithms, the parameters are those widely adopted by other
research works, and good performances are reported. These
parameters are given in Table IV.

We first test our method on the UCMERCED data set [9],
images in which are manually extracted aerial orthoimagery
from the U.S. Geological Survey National Map. This data set
containing 21 challenging scene categories with 100 samples
per class is quite representative in the research of aerial scene
classification and target recognition. The objective of this ex-

periment (Case I) is to find an airplane at the airport with a
template. In this experiment, the template is manually extracted
from the edge map of the test image. The population size and
maximum iteration in each algorithm are set as 200 and 50,
respectively.

Fig. 3 shows the best matching results of Case I obtained
by the aforementioned eight algorithms during 30 independent
runs and the convergence curves of the best fitness values. The
statistical results of these algorithms are also listed in Table V,
where the better values are highlighted in boldface. Note that
the matching score of each algorithm reported in Fig. 3 is not
the prime fitness value but similarity measure of the matching
obtained by (15). Since two molecules at most are involved
in a reaction, the best value for every 200 FEs in CRO-based
algorithms is considered as the fitness value for a generation in
other algorithms for comparative purposes.

Fig. 3(b) is the contour map of the test image obtained by the
contour cut approach, in which different groups of contours are
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Fig. 4. Many-to-one matching results obtained by ECRO using the template in Fig. 3(e): (a)–(c) are the recognition results for different targets with similar shape
to the model. The matching scores of (a)–(c) are 11.0134, 12.3478, and 8.9939, respectively.

Fig. 5. Discrimination test results obtained by ECRO: (a)–(c) are the recognition results for a target from its corresponding alternatives. The template in each
test is shown in each image. The matching scores of (a)–(c) are 16.2215, 22.4547, and 15.7331, respectively.

represented using different colors. Compared with the edge map
extracted by the Canny–Rothwell algorithm in [25], the contour
cut approach inhibits noise and textures in an effective way
and extracts salient and integral contours of the target, which is
quite beneficial to matching in the next stage. For example, the
lawn abundant in textures is fully extracted in Fig. 3(c), while
abandoned by the contour cut approach. The reason for this is
that edge detection methods such as the Canny–Rothwell only
make use of the gradient information in an image and therefore
cannot distinguish between textures and the target. The first
step of contour cut approach is edge detection, and then, the
architecture information of the detected edges is fully utilized
to obtain salient and integral contours of the target. Since lawns
are very common backgrounds in aerial images, the contour cut
approach shows outstanding performance in the preprocessing
step of aerial target recognition.

Many matching methods rely on one-to-one matching of
descriptors to a target. In these methods, the template must
be extracted from the same object as the target. Contour-based
target recognition can address this problem by using many-to-
one matching of image contours to a target. Namely, we can
use a template extracted from a typical object to recognize a
category of targets. In this approximate matching, the match-
ing score can be treated as the degree of similarity between

an object and the target. For example, we use the template
contour in Fig. 3(e) to recognize airplanes in Fig. 4. Each
result is obtained by implementing the ECRO algorithm for
once. Although the targets are not the extract same as the
template, they can be successfully recognized. Experimental
results demonstrated that contour representation can deal with
the slight shape deformation of the target, and the proposed
recognition method is effective in a category of targets which
have similar but not identical shapes.

At the same time, our method has acute discernment of
objects with different shapes. In the precise matching, a high
matching score can distinguish the identical shape from the
similar shape. In Fig. 5, some aerial scenes, in which several
airplanes with different shapes are presented, have been used
to test the discriminating power of our method. The template
in each test is shown in each image. Each result is obtained
by implementing the ECRO algorithm for once. Results show
that the proposed method can effectively discriminate the visual
target from its corresponding alternatives, thus being more
resistant to interferences.

The following experiments (Case II and Case III) are per-
formed on the aerial images captured from Google Earth
[45]. In these experiments, the visual task is to recognize a
boat alongside the wharf. The population size and maximum
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Fig. 6. Target recognition results obtained by the eight evolutionary algorithms for Case II (map data are copyright of 2014 Google and 2014 Digital Globe):
(a) Test image, (b) relevant contour map obtained by the contour cut approach, (c) relevant edge map extracted by the Canny–Rothwell algorithm, (d) edge
potential distribution of (b), (e) template contour, (f) optimal matching results of these algorithms, and (g) evolution curves of these algorithms.

iteration are 200 and 100, respectively. Figs. 6 and 7 show
the best results of Case II and Case III during 30 independent
runs and the convergence curves of the best fitness values. The
corresponding statistical results are illustrated in Table V, and
the results of many-to-one matching experiment using ECRO
in Case II are shown in Fig. 8.

It can be observed that almost all tested algorithms can find
the correct target in a relatively clean background in Case I, but
in the latter two cases, only part of algorithms can recognize the
target precisely in complex backgrounds within 100 iterations.
For example, although ABC found high matching scores in
Case II, Fig. 6(f) shows that it has actually gotten stuck to a
local extremum instead of a global optimum. A similar situation
has been observed in Case III in which PPBBO found higher
fitness values than ABC. This is because of the character of

the objective function and the behavior of the algorithm. Since
the function is complex and multimodal with more than one
peak, there are some local optima which are not the correct
results but have relatively high fitness values. This also reflects
that ABC and PPBBO have worse ability to maintain the
diversity of population and to get rid of local optima compared
with other algorithms. It is noticed that the character of the
objective function does not influence the performance of our
ECRO algorithm. In all cases, ECRO has successfully found the
global optimum that is the true position of the target, demon-
strating the effectiveness of both objective function and ECRO
algorithm.

In addition, there is a severe translation of the visualized
results obtained by QPSO in Case II and ABC and jDE in
Case III. The reason is that these algorithms have very low
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Fig. 7. Target recognition results obtained by the eight evolutionary algorithms for Case II (map data are copyright of 2014 Google and 2014 Digital Globe):
(a) Test image, (b) relevant contour map obtained by the contour cut approach, (c) relevant edge map extracted by the Canny–Rothwell algorithm, (d) edge
potential distribution of (b), (e) template contour, (f) optimal matching results of these algorithms, and (g) evolution curves of these algorithms.

Fig. 8. Many-to-one matching results obtained by ECRO using the template in Fig. 6(e) (map data are copyright of 2014 Google and 2014 Digital Globe): (a)–(c) are
the recognition results for different targets with similar shapes to the model. The matching scores of (a)–(c) are 14.5745, 17.2863, and 14.9043, respectively.
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converging rate and have not found an optimum within 100 iter-
ations. In this regard, the fast convergence speed of an algorithm
is crucial for target recognition, particularly in aerial images
with complex backgrounds. In the three groups of experiments,
the best matching results obtained by our ECRO algorithm are
obviously better than those obtained by others. An intuitive
reason is that the underlying principle of CRO-based algorithms
is the conservation of energy, which is more appropriate for the
optimization of EPF. In addition, CRO-based algorithms have a
variable population size in the implementation process. By ad-
justing the population size, they can prefer either diversification
or intensification according to the problem to be solved.

Although the original CRO has an acceptable performance
among these algorithms, the efficiency of CRO is low compared
with ECRO. Since CRO behaves like a random search to traverse
the whole PES, the practical time for convergence may be very
long. By utilizing the elitist of the whole population, our ECRO
can be considered to focus on some promising regions in PES
where the global optimum solution is more likely to be, proved to
enhance the efficiency of CRO for the target recognition problem.

Furthermore, ECRO has an excellent searching performance.
From Table V, it can be seen that the maximal matching scores
in the three test cases are 24.5365, 18.3489, and 16.0261,
respectively, which are all obtained by ECRO. Moreover,
ECRO obtained the best average matching scores in Case I and
Case III, which are much higher than those obtained by others.
Although the variances in ECRO are still higher than those in
other algorithms, it can be observed that ECRO has enhanced
the robustness of the original CRO. Based on an overall con-
sideration of computational complexity, convergence property,
efficiency, and searching ability, the proposed ECRO algorithm
is superior to the seven advanced evolutionary algorithms in
solving the contour-based aerial target recognition problem.

VI. CONCLUSION

A novel ECRO-optimized contour-based target recognition
method has been proposed in this paper, aiming at designing
an automatic, fast, and robust process of target recognition
for aerial images. At the systematic level, a salient contour
identification approach is adopted to extract discriminating
contour groups in aerial images. This method also integrates
the conception of EPF to build an attraction pattern for image
contours to attract the template. At the algorithmic level, an
improved CRO algorithm has been proposed to seek for the
optimal matching results in this paper.

This hybrid method takes advantage of the stability of con-
tour cut approach and the accuracy of EPF, having demon-
strated very good performances even in the presence of noise
and clutters. Experimental results in case studies show that our
method succeeded in target recognition in aerial images through
translation, rotation, and scaling. Moreover, it is effective for
many-to-one matching when the template is not directly cap-
tured from the test image, thus making the target recognition
method more robust and applicable.

The proposed ECRO algorithm incorporates elitist strategies
into the framework of CRO, which include elitist selection,
evolution, and crossover. The elitist strategies can improve the

searching ability of CRO by utilizing the global information. In
addition, a time-variant parameter is adopted here to control the
intensity of elitist evolution.

Several advanced evolutionary algorithms, including
PPBBO, BSO-II, ABC, QPSO, jDE, SGA, and the original
CRO, are also employed in our work to accomplish target
recognition in aerial images. The statistical performances of
the algorithms are presented in Section V. It is concluded that
ECRO outperforms the state-of-the-art evolutionary algorithms
in terms of exploring ability and convergence rate. As a result,
the proposed method can enhance the accuracy and robustness
of target recognition for aerial images.
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