
Z. Cai et al. (Eds.): ISICA 2010, LNCS 6382, pp. 95–102, 2010. 
© Springer-Verlag Berlin Heidelberg 2010 

Diversity Analysis of Opposition-Based Differential 
Evolution—An Experimental Study 

Hui Wang1, Zhijian Wu1, Shahryar Rahnamayan2, and Jing Wang1 

1 State Key Lab of Software Engineering, Wuhan University, Wuhan 430072, P.R. China 
2 Faculty of Engineering and Applied Science, University of Ontario Institute of Technology 

(UOIT), 2000 Simcoe Street North, Oshawa, ON L1H 7K4, Canada 
wanghui_cug@yahoo.com.cn, zjwu9551@sina.com, 

shahryar.rahnamayan@uoit.ca, wj.jxufe@gmail.com 

Abstract. Opposition-based differential evolution (ODE) is a recently proposed 
DE variant, which has shown faster convergence speed and more robust search 
abilities than classical DE. The concept of opposition was utilized for the first 
time in optimization area to propose ODE. It is based on two important steps, 
generation jumping and elite selection. Some studies have pointed out that the 
first step improves diversity and provides more potential points to be searched 
(diversification), while the second step decreases diversity and accelerates con-
vergence speed (intensification). However, there is not any experimental study 
to support this explanation. In this paper, we present an experimental study to 
analyze how the diversity changes in ODE. The experimental results confirm 
the explanation, and show that ODE makes a good balance between generation 
jumping and elite selection. 
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1   Introduction 

Many real-world problems may be formulated as optimization problems with vari-
ables in continuous domains (continuous optimization problems). In the past decades, 
different kinds of nature-inspired optimization algorithms have been proposed to 
solve optimization problems, such as Simulated Annealing (SA) [1], Evolutionary 
Algorithms (EAs) [2], Particle Swarm Optimization (PSO) [3], and Differential Evo-
lution (DE) [4], etc. According to frequently reported experimental studies [5], DE 
has shown better performance than many other nature-inspired algorithms in terms of 
convergence speed and robustness over several benchmark functions and real-world 
problems. 

Since the DE algorithm is simple, efficient and easy to implement, it has attracted 
many researchers to work on improving its performance. Among different kinds of 
DE variants, opposition-based DE (ODE) [6] is one of the most excellent ones. The 
ODE employs an opposition-based learning (OBL) concept for opposition-based 
population initialization and generation jumping, in which current estimate and its 
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opposite estimate are considered at the same time in order to achieve a better ap-
proximation for a current candidate solution. It has been proved in [7], an opposite 
candidate solution has a higher chance to be closer to the global optimum solution 
than a random candidate solution. In [8], the OBL used in ODE is regarded as a diver-
sity enhancement strategy to explain why ODE converges faster than classical DE. 
However, it did not give any experimental results to support the explanation. In this 
paper, we focus on analyzing the diversity of ODE based on experimental studies, and 
try to explain why ODE shows faster convergence speed and more robust search abili-
ties than classical DE.  

The rest paper is organized as follows. In Section 2, the opposition-based DE is 
briefly introduced. In Section 3, we analyze the diversity of ODE. Section 4 presents 
the test functions, experimental results and discussions. Finally, the work is concluded 
in Section 5. 

2   Opposition-Based Differential Evolution 

Opposition-based Learning (OBL) [9] is a new concept in computational intelligence, 
and has been proven to be an effective concept to enhance various optimization ap-
proaches [10], [11], [12], [13], [14]. When evaluating a candidate solution x to a given 
problem, simultaneously computing its opposite solution will provide a better chance 
to find another candidate solution closer to the global optimum. 

Opposite Number [6]–Let x ∈ [a, b] be a real number. The opposite of x is  
defined by: 

*x a b x= + − . (1) 

Similarly, the definition is generalized to higher dimensions as follows. 
Opposite Point [6]–Let X=(x1,x2,...,xD) be a point in a D-dimensional space, where 

x1,x2,...,xD ∈R and xj ∈[aj, bj], j ∈{1,2,...,D}. The opposite point X* = 
(x1*,x2*,...,xD*) is defined by: 

*j j j jx a b x= + − . (2) 

By applying the definition of opposite point, the opposition-based optimization can 
be defined as follows. 

Opposition-based Optimization [6]–Let X=(x1,x2,...,xD) be a point in a D-
dimensional space (i.e., a candidate solution). Assume f(X) is a fitness function which 
is used to evaluate the candidate's fitness. According to the definition of the opposite 
point, X* = (x1*,x2*,...,xD*) is the opposite of X=(x1,x2,...,xD). If f(X*) is better than 
f(X), then update X with X*; otherwise keep the current point X. Hence, the current 
point and its opposite point are evaluated simultaneously in order to continue with the 
fitter one. 

Similar to all population-based optimization, two main steps are distinguishable for 
DE, namely, population initialization and producing new generations by evolutionary 
operations such as mutation, crossover, and selection. ODE enhances these two steps 
using the OBL scheme. The original DE is chosen as a parent algorithm and the pro-
posed opposition-based ideas are embedded in DE to accelerate its convergence speed.  
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For the population initialization, we implement this step as follows. 
 

1) Randomly initialize the population P (Np). 
2) Calculate opposite population OP by  

, , ,i j j j i jOP a b P= + − . (3) 

where 1,2,..., ; 1,2,...,pi N j D= = , Pi,j and OPi,j represent the jth variable of the ith 

individual of the population and the opposition population, respectively. 
3) Select the Np fittest individuals from {P ∪ OP} as initial population.  

 

For the second step, ODE employs an opposition-based generation jumping as fol-
lows. By applying a similar approach to the current population, the evolutionary proc-
ess can be forced to jump to a new solution candidate, which ideally is fitter than the 
current one. Based on a jumping rate Jr, the opposition is conducted on the current 
population after generating new populations by original DE operators. Then the Np 
fittest individuals are selected from the union of the current population and the oppo-
site population. Unlike the population initialization, generation jumping calculates the 
opposite population based on dynamic boundaries. 

p p
, j j ,MIN MAX ,i j i jOP P= + − . (4) 

where MINj
p and MAXj

p are the minimum and maximum values of the jth dimension 
in current search space, respectively. 

 
 

The main steps of ODE are presented in Algorithm 1, where P is the current population, 
OP is the opposite population, rand(0,1) is a uniform random number within [0,1], Jr is the 
jumping rate, BFV is the best fitness value so far, VTR is the value-to-reach [6], NFC is the 
number of evaluations, and MAX_NFC is the maximum number of evaluations. 

3   Diversity Analysis of ODE 

In DE, large population size Np will improve the search abilities of DE to explore 
more potential regions. But this will slow down the convergence speed. In order to 

Algorithm 1: ODE Algorithm
Begin 
Opposition-based Population initialization; 
while(BFV > VTR and NFC < MAX_NFC) do 
Execute classical DE algorithm; 
If (rand(0,1) < Jr) do 
  Generate opposite population OP; 
  Select Np fittest individuals from P and OP as 
new population P; 

End if 
End while 

End 
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increase the number of potential points to be searched while staying with a lower 
population size gives rise to the various strategies for diversity enhancement [8]. Op-
position-based DE (ODE) is a typical example for diversity enhancement, which uses 
either the mutant vector obtained in the usual way or its opposite point based on a 
jumping rate Jr. Once the opposite population is generated, there are 2*Np individuals 
available, Np from the current population and another Np from the opposite popula-
tion. Based on an elite selection mechanism, the Np fittest individuals are selected 
from those 2* Np individuals to form the next generation population.  

The ODE contains two important steps, generation jumping and elite selection. The 
first step can be regarded as a diversity enhancement mechanism, which increases the 
number of potential points to be searched. More potential points are generated to 
explore more regions. This will be helpful to improve the robustness of ODE. The 
second step is an elite section, which usually decreases diversity and speeds up con-
vergence because only the best individuals are retained. Higher diversity can make 
convergence slower but it can increase robustness, while lower diversity can make 
convergence faster but it easily suffers from premature convergence. From the pre-
sented experimental results in [6], ODE obtains faster convergence speed and more 
robust search abilities than classical DE. It shows that ODE might make a good bal-
ance between generation jumping and elite selection. In this paper, we will focus on 
analyzing how ODE adjusts the diversity from the view of experimental studies. 

4   Experimental Verification 

4.1   Test Functions 

In Rahnamayan’s study [6], there were 58 benchmark functions used to verify the 
performance of ODE. In this paper, only the first 30 functions (f1-f30) are used (for the 
rest 28 functions, we got similar conclusions). For the descriptions of these functions, 
please refer to [6]. 

4.2   Results 

In order to analyze the effects of the two steps, generation jumping (opposition) and 
elite selection, on the diversity, we divide the two steps into three states, before oppo-
sition, after opposition, and after selection. Then we calculate the diversity for each 
state, and observe the changes of diversity in these states. Let DivBO, DivAO, and 
DivAS represent the diversity of the three states, respectively (see Fig. 1).  

The diversity of population is calculated as follows [15]: 

( )2

,
1 1

1
( ) ( ) ( )

pN D

i j j
i jp

Diversity t X t X t
N = =

= −∑ ∑ , (5) 

where Xi,j(t) is the jth value of the ith individual in population at generation t, and 

( )jX t  is defined by 
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Fig. 1. Calculating diversity in different states 
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Table 1 shows the average results of DivBO, DivAO and DivAS over the evolution 
on the 30 test functions (The DivAO is calculated for the double sized population, 
2*Np). As seen, for all test functions, DivAO > DivBO and DivAS < DivAO are satis-
fied. The former inequality means that the diversity increases after generation jump-
ing (opposition), and the latter one indicates that the diversity decreases after the elite 
selection. The first step is beneficial for diversification and improving the robustness, 
while the second step focuses on decreasing diversity and speeding up the conver-
gence (intensification). That is why GODE shows faster convergence and more robust 
performance than classical DE.  

Besides the average diversity analysis, we also calculate the probability of diversity 
increasing after generation jumping (Prob_Div_Inc_AO) and diversity decreasing 
after elite selection (Prob_Div_Dec_AS). The Prob_Div_Inc_OP and 
Prob_Div_Dec_Sel are computed as follows. 

Num_Div_Inc_AO
Prob_Div_Inc_AO = 

Num_OP
, (7) 

Num_Div_Des_AS
Prob_Div_Dec_AS = 

Num_OP
, 

(8) 

where Num_Div_Inc_AO is the number of diversity increasing after generation jump-
ing (it means that Div_AO > Div_BO), Num_Div_Dec_AS is the number of diversity 
decreasing after selection (it means that Div_AS < Div_AO), and Num_OP is the 
number of oppositions. 
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Highlight
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Table 1. The average results of DivBO, DivAO and DivAS  

Functions DivBO DivAO DivAS 
f1 1.268 1.312 1.189 
f2 1.191 1.236 1.114 
f3 16.949 17.928 16.795 
f4 0.0268 0.02817 0.02534 
f5 1.9893 2.2335 1.9658 
f6 146.15 150.611 137.30 
f7 1.3837 1.4122 1.3487 
f8 3.62709 3.7891 3.4074 
f9 1.05907 1.23316 0.9195 
f10 1.39196 1.62557 1.2717 
f11 21.1816 21.6471 19.457 
f12 0.163412 0.174889 0.1507 
f13 0.450783 0.52986 0.45443 
f14 1.13873 1.34012 1.1723 
f15 2.2847 2.3771 2.1457 
f16 49.656 51.0923 50.085 
f17 0.0684 0.1137 0.0689 
f18 0.157298 0.1821 0.1570 
f19 2.4949 2.8431 2.4886 
f20 3.1566 3.9480 3.243 
f21 1.132 1.211 1.092 
f22 18.958 19.204 17.628 
f23 68.5354 70.5751 64.149 
f24 0.19908 0.20393 0.19825 
f25 1.98192 2.57376 1.99292 
f26 2.08961 2.40776 1.90771 
f27 1.4323 1.83425 1.3224 
f28 1.41144 1.6711 1.29114 
f29 20.1733 24.2225 19.35 
f30 0.504458 0.509575 0.32736 

 
 
Table 2 shows the average results of Prob_Div_Inc_AO and Prob_Div_Dec_AS 

over 30 runs. It can be seen that both the generation jumping and the elite selec-
tion increases and decreases diversity with very high average probabilities (more 
than 99%). The results demonstrate that the generation jumping always increases 
the diversity and provides more chances to explore more potential regions, while 
the elite selection could decreases the diversity each time and accelerate conver-
gence speed. It also proves that Div_AO > Div_BO and Div_AS < Div_AO are 
satisfied.  
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Table 2. The average results of DivBO, DivAO and DivAS  

Functions Prob_Div_Inc_AO Prob_Div_Dec_AS 
f1 100% 100% 

f2 100% 100% 

f3 94% 91% 

f4 100% 100% 

f5 100% 100% 

f6 100% 100% 

f7 100% 100% 

f8 100% 100% 

f9 89% 100% 

f10 100% 100% 

f11 100% 100% 

f12 100% 100% 

f13 100% 100% 

f14 100% 100% 

f15 100% 100% 

f16 100% 100% 

f17 100% 100% 

f18 100%  99.7% 

f19 100% 100% 

f20 100% 100% 

f21 100% 100% 

f22 100% 100% 

f23 100% 100% 

f24 100% 100% 

f25 100% 100% 

f26 93% 100% 

f27 100% 100% 

f28 100% 100% 

f29 100% 94% 

f30 100% 100% 

Average 99.2% 99.5% 

5   Conclusion 

In this paper, we present an experimental study on diversity analysis of ODE. In 
ODE, there are two important steps, generation jumping and elite selection. The first 
step is beneficial for increasing diversity and exploring more promising regions, while 
the second one is helpful to speed up convergence. Although these two steps are in-
compatible, ODE makes a good balance between them towards searching candidate 
solutions. The experimental verification supports our explanations well. However, we 
only present an experimental study to analyze the diversity of ODE. That may not be 
enough to explain the advantages of ODE. Some theoretical analysis will be con-
ducted in our future work. 
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