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Abstract. Many real-world constrained problems have a set of predefined static 
constraints that can be solved by evolutionary algorithms (EAs) whereas some 
problems have dynamic constraints that may change over time or may be 
received by the problem solver at run time. Recently there has been some 
interest in academic research for solving continuous dynamic constraint 
optimization problems (DCOPs) where some new benchmark problems have 
been proposed. Intelligent constraint handling evolutionary algorithm (ICHEA) 
is demonstrated to be a versatile constraints guided EA for continuous 
constrained problems which efficiently solves constraint satisfaction problems 
(CSPs) in [22], constraint optimization problems (COPs) in [23] and dynamic 
constraint satisfaction problems (DCSPs) in [24]. We investigate efficiency of 
ICHEA in solving benchmark DCOPs and compare and contrast its 
performance with other well-known EAs. 
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1 Introduction 

Many engineering problems ranging from resource allocation and scheduling to fault 
diagnosis and design involve constraints that must be satisfied to have an acceptable 
solution. Some of these constraints and/or objective function can change over time 
which makes the problem more complex like ship scheduling, vehicle routing, 
dynamic obstacle avoidance, the adaptive farming strategies and 
aerodynamic/structural wing design problems [5, 16, 21]. The constraint problems can 
be divided into four classes: static constraint satisfaction problems (CSPs), dynamic 
constraint satisfaction problems (DCSPs), static constraint optimization problems 
(COPs) and dynamic constraint optimization problems (DCOPs). The difference 
between static/dynamic constraint optimization and constraint satisfaction is that in 
first an optimal solution that satisfies all the constraints available at that particular 
time should be found, while in second any solution as long as all the constraints 
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available at the given time are satisfied is acceptable [7]. This paper concentrates only 
on DCOPs. 

EAs have been successful in solving many static COPs where objective function of 
non-contained optimization problem is generally bundled with problem dependent 
penalty functions. A penalty term is used in general for reward and punishment for 
satisfying and/or violating the constraints [4] where the aim is to decrease (punish) the 
fitness of infeasible solutions as to favor those feasible individuals in the selection and 
replacement processes. The main advantage of the use of penalty functions is their 
simplicity; however, their main shortcoming is that penalty factors, which determine 
the severity of the punishment, must be set by the user and their values are problem 
dependent that requires a careful fine-tuning of parameter to obtain competitive 
results [12, 13]. There are some other novel approaches in the literature to handle 
static constraints effectively. Some of the important relevant approaches applied in 
constraint handling for EAs are summarized below from [4, 10]. 

Some other constraint handling approaches include expensive repair algorithms 
that promote the local search to transform infeasible solutions to feasible solutions 
because the feasible parents not necessarily produce feasible progenies [4]. In multi-
objective optimization (MOO) constraints are transformed into multiple objectives. 
There are many established MOO algorithms like MOGA [8], VEGA [20], NSGA 
and NSGAII [6]. Paredis in [17] has used co-evolution strategies that utilizes 
predator-prey model to keep two populations – one population represents solutions 
that satisfies many constraints while other population represents those individuals 
whose constraint(s) is violated by lots of individuals in the first population. This 
strategy requires extra computational effort to find the intersection of a line with the 
boundary of the feasible region. 

The use of domain knowledge within an EA can also be utilized to improve its 
performance as EAs are ‘blind’ to constraints. Recently, there have been few 
algorithms developed that move away from penalty based fitness functions to generic 
distance function given in Eq. (8). ICHEA [22] uses its intermarriage crossover 
operator to look for overlapping feasible regions through differentiating the 
boundaries of feasible regions for each constraint. This reduces the search space to 
obtain the solution efficiently. Cultural algorithms are also used to extract domain 
knowledge for its evolutionary search by using two subpopulations – population space 
and the belief space. Ricardo and Carlos in [18] proposed cultured differential 
evolution (CDE) that uses differential evolution (DE) as the population space and 
belief space as the information repository to store experiences of individuals for other 
individuals to learn. Amirjanov in [1] proposed changing domain range based genetic 
algorithm (CRGA) that adaptively shifts and shrinks the size of search space of the 
feasible region by employing feasible and infeasible solution in the population to 
reach the global optimum. Mezura-Montes et. al. in [14] proposed simple multi-
membered evolution strategy (SMES) that uses a simple diversity mechanism by 
allowing infeasible solutions to remain in the population. A simple feasibility-based 
comparison mechanism is used to guide the process toward the feasible region of the 
search space. The idea is to allow the individual with the lowest amount of constraint 
violation and the best value of the objective function to be selected for the next 
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population. PSO-DE proposed by [12] is another algorithm that integrates particle 
swarm optimization (PSO) and DE to solve real-valued COPs. 

A DCOP is a sequence of static constraints added, removed or updated in the 
search space of the problem. It is indeed easy to see that all the possible changes 
(constraint or domain modifications, variable additions or removals) can be expressed 
in terms of constraint additions or removals [26]. To solve such a sequence of 
constraints, it is always possible to solve each one from scratch as it has been done for 
the first one but this naive method, which remembers nothing from the previous 
reasoning, has two important drawbacks [26]: 

─ Inefficiency: which may be unacceptable in the framework of real time 
applications (planning, scheduling etc), where the time allowed for re-planning is 
limited. 

─ Instability: of the successive solutions, which may be unpleasant in the framework 
of an interactive design or a planning activity, if some work has been started on the 
basis of the previous solution 

A major question raises here is whether all the constraint handling approaches for 
static COPs are applicable for DCOPs as well [16]. This question has not been 
addressed extensively in the literature especially for real-valued DCOPs where 
benchmark problems were also unavailable unit Nguyen and Yao has introduced 
some problems in [15, 16] together with a penalty function based novel algorithm 
repair genetic algorithm (RepairGA) to solve these problems efficiently. Richter in 
[19] proposed memory design to solve DCOPs. Memory design is traditionally used 
to solve unconstrained dynamic optimization problems where the usual practice is to 
set aside a memory space to hold some promising individuals from the population that 
replaces other poor performing individuals when the change in environment is 
detected [19]. There are also two canonical EAs namely hyper-mutation genetic 
algorithm (hyperM) and random-immigrant genetic algorithm (RIGA) that are based 
on “introduce diversity” and “maintain diversity” strategies respectively to solve 
DCOPs. We have used the same benchmark problems to test the performance of 
ICHEA against RepairGA, hyperM, RIGA and canonical genetic algorithm (GA). 
There are some benchmark problems for dynamic optimization problems in [11] and 
[9] that are without constraints where some recently developed EAs have performed 
well on these benchmark problems like self-adaptive differential evolution algorithm 
(jDE) [3], dynamic hybrid particle swarm optimization (DHPSO) [9] and triggered 
memory based PSO (TMPSO) [27].  

This paper is organized as follows: Section 2 describes the mathematical 
formalization of real valued DCOPs. Section 3 briefly revisits ICHEA from [22–24] 
with addition to its applicability in handling DCOPs. Section 4 shows experimental 
results of ICHEA with other state-of-the-art EAs to solve benchmark DCOPs with 
analysis about the results in Section 5. Section 6 concludes the paper by summarizing 
the results and proposing some further extensions to the research.  
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2 Formalization of Real-Valued DCOPs 

A solution to real-valued static COP has two folds – search for an optimum solution 
that also must satisfy all the constraints. Real-valued COP can be formulated as: 

 optimize  (1) 

where COP’s objective function  has an -dimensional input vector  , , …  that is defined in a search space . More specifically,  , 
where    being the feasible region on the search space   . Usually, the 
search space  is defined as a -dimensional rectangle in . The domain of 
variables are defined by their lower bounds  and upper bounds : , 1  (2)

The feasible region  with bounds on each dimension is further restricted by a set of 
 additional constraints that can be given in two relational forms – equality and 

inequality [6, 12, 25].  0      1, … ,  (3)

 
 0      1, … ,     (4) 

The equality constraints  cannot be solved directly using EAs so it is converted 
into inequality constraints by introducing a positive tolerance value . 

  0 (5) 

A set of individual feasible regions , , . .  for each constraint can also be 
defined as: 

   |  0, 1 ,  (6) 

where  is the set of integers. Many EAs uses a distance function as their fitness 
function to rank individuals. The distance function indicates how far a chromosome is 
from the feasible regions [6]. This fitness function tries to bring the chromosomes 
closer to the feasible region using the following function for 1 : 

  ,             00,                     0 (7) 

  ∑ | | (8) 

The fitness function fitness  is a measurement of euclidean distance of a vector x 
from a feasible region . The error function  is the summation of all the fitness 
functions. Minimizing the error value   leads toward a CSP solution where the 
objective function  is not needed. A solution to CSP is found when 0. To 
get a COP solution, CSP solutions are further processed to get optimum value of x 
that optimizes the objective function . For DCOPs the total number of 
constraints  is not know a priori and the solution has to be produced based on  
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constraints that come to hand where the constraints and objective functions can 
change over time. Hence the fitness functions for static COP given in Eq. (7) and Eq. 
(8) has to be transformed into dynamic COP by making it time dependent by 
introducing a parameter for time t. 
 

 ,  ,  ,             , 00,                         , 0 (9) 

  ∑ | , | (10) 

where ,  is inequality constraint function at time  that delivers fitness , . Its dynamic CSP solution with total number of constraints  at 
time  is given by .  

To determine the performance of an algorithm at time  is usually measured by an 
offline performance measure described in [2, 27] which is an average fitness error 
between the optimal fitness of the current environment and the best-of-generation 
fitness at each generation. The average fitness error ( ) at time  can be 
calculated as: 

 ∑  (11) 

where  is the known optimal fitness and  is the fitness of the best 
solution achieved at generation . Nguyen and Yao in [15] has modified this offline 
performance that demonstrates the performance based on “good feasible solution” 
rather than any good solution that may be infeasible. This measure is always greater 
than or equal to zero. If in any generation there is no feasible solution, the worst 
possible value that a feasible solution can have is taken for ; however, this 
can be incomputable for some hard problems (for example problems discussed in 
[22]) where any feasible solution may not be found for the entire generations. 
Fortunately, all of these benchmark problems in [15] are able to find at least one 
feasible solution easily before the change in environment. We used both of these 
offline errors for our experiments and to differentiate these measurements the first one 
is called traditional performance measure and later one is called feasibility 
performance measure. Feasibility performance measure is more applicable for 
constrained problems as it takes feasibility into account because infeasible solutions 
are not acceptable for constrained problems.   

3 ICHEA for DCOPs 

ICHEA is a variation of EA that is an effective and versatile constraint handling tool 
that has been demonstrated to outperform other EAs to solve hard benchmark CSPs in 
[22] and DCSPs in [24]. It has also shown very competitive results for benchmark 
COPs in [23]. ICHEA uses its novel search operator intermarriage crossover that uses 
knowledge from constraints rather than blindly searching for the solution. In this 
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crossover both parents belong to different feasible regions  and  where . It 
is also possible that a parent does not belong to any of the feasible regions . 
These parents are made to come closer towards the boundary of their corresponding 
feasible regions to locate the overlapping regions where more constraints are satisfied.  
Please refer to [22–24] for details about this operator. The generated offspring from 
intermarriage crossover contains genes from both parents. The purpose is to make a 
“generic” offspring that tries to satisfy more than one constraint because its parents 
are from two different feasible regions. The algorithm favours those offspring which 
satisfy more constraints by utilizing Deb’s ranking scheme based on feasibility [6] to 
rank the population where the population is first sorted according to number of 
satisfied constraints in decreasing order then by fitness value given in Eq. (10) in 
increasing order. The pseudocode of ICHEA can be given as: 

  chromosomes  = initializeChromosomes(); 
  for each generation 
  parents = NoveltyTournamentSelection(); 
  offspring = interMarriageCrossover(parents); 
  Mutation(offspring); 
  chromosomes = chromosomes + offspring; 
  SortAndReplace();  
  ResolveLocalOptimalSolutions();                
  CheckTerminationCriteria(); 
  End for loop; 

The description of algorithm and subroutines can be found in [22–24].  

4 Experiments 

As mentioned in Section 1, Nguyen and Yao have proposed some new benchmark 
problems in [16] which we will be using to compare the performance of ICHEA with 
aforementioned dynamic constraint handling algorithms RepairGA, RIGA, hyperM 
and GA. The description of test problems is given in Table 1 where some problems 
have been omitted because of their common properties with the listed ones and 
unavailability of published results. Please note that the problem G24_3 has a 
typographical error for variable  which should be 2 . 
The paramter settings for RepairGA, RIGA, hyperM and GA have been kept same as 
in the published results in [16]. ICHEA is a problem independent tool and it does not 
require any penalty function. The parameters settings to solve all the benchark 
problems are: Population = 100, crossover rate = 1.0, muation rate = 0.1, | | = 2. 

An average of 10 successive runs for ICHEA is taken into account to demonstrate 
its solution quality against published results of above mentioned algorithms in [16]. 
The problem environment changes after every 1000 evaluations as in [16] which is 
approximately 40 generations. To compare the performance of ICHEA with other 
algorithms we used both performance measures given in Eq. (11). The experimental  
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Popsize=25, G240: unconstrained dynamic objective function
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Popsize=25, G244: dynamic objective function+dynamic constraints
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Popsize=25, G243: fixed objective function + dynamic constraints
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Popsize=25, G241: dynamic objective function + fixed constraints
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Fig. 1. Plots of current best solution on each generation for repairGA, RIGA, hyperM and 
ICHEA 
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Table 1. Properties of Benchmark Problems [21] 

Problem objFunc Constr DFR SwGO GIB NAO 

G24_0 Cyclic No - - Yes No 
G24_1 Cyclic Fixed 2 Yes Yes No 
G24_3 Fixed Linear 1-3 Yes Yes Yes 
G24_4 Cyclic Linear 1-3 Yes Yes No 
DFR Number of disconnected feasible regions 
SwGO Global opt. switches among disconnected regions 
NAO Newly appearing optima without changing existing optima 
GIB Global optimum is in the boundary of feasible area 

Table 2. Traditional Performance Measure 

Algorithms Error StDev vsGA Error StDev vsGA 

 G24_0 (dynF + noC) G24_1 (dynF + fixC) 

ICHEA 0.0051 0.004 88.44 0.0333 0.005 24.35 
RepairGA 0.2531 0.026 1.77 0.0448 0.009 18.13 
RIGA 0.2854 0.043 1.57 0.5734 0.076 1.42 
HyperM 0.2660 0.012 1.69 0.6472 0.271 1.25 
GA 0.4488 0.049 - 0.8117 0.077 - 
 G24_3 (fixF + dynC) G24_4 (dynF+dynC) 
ICHEA 0.0187 0.003 52.24 0.0799 0.006 11.07 
RepairGA 0.0148 0.002 66.11 0.0695 0.009 12.72 
RIGA 0.6664 0.063 1.46 0.5937 0.054 1.49 
HyperM 1.1079 0.482 0.88 2.3370 1.942 0.38 
GA 0.9760 0.127 - 0.8842 0.081 - 

Table 3. Feasibility Performance Measure 

Algorithms Error StDev Error StDev 

 G24_0 (dynF + noC) G24_1 (dynF + fixC) 
ICHEA 0.005 0.004 0.033 0.005 

RepairGA 0.468 0.059 0.226 0.024 
RIGA 0.131 0.034 0.401 0.046 
HyperM 0.173 0.042 0.450 0.094 
GA 0.214 0.037 0.587 0.085 
 G24_3 (fixF + dynC) G24_4 (dynF+dynC) 
ICHEA 0.019 0.003 0.066 0.009 
RepairGA 0.116 0.008 0.211 0.015 
RIGA 0.340 0.045 0.492 0.071 
HyperM 0.461 0.104 0.494 0.039 
GA 0.384 0.092 0.627 0.045 

result of the traditional performance measure is given in Table 2 and feasibility 
performance measure is given in Table 3. Both tables show the error value as their 
performance value with standard deviation (StDev) and comparison measurement 
with GA (vsGA) that indicates how many times the tested algorithms is better than 
GA. Table 2 shows ICHEA has outperformed other algorithms on test problem G24_0 
and G24_1, and showed similar performance with RepairGA for G24_3 and G24_4  
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based on traditional performance measurements while Table 3 shows the feasibility 
performance measure which is more applicable measurement in the context of 
constrained problems as infeasible solutions are not taken into account where ICHEA 
has completely outperformed all other algorithms on all the tested problems. Plots of 
the current best individuals for every generation for all the algorithms are shown in 
Fig. 1.  

5 Discussion 

All the tested benchmark problems are unique in nature in the context of DCOPs. 
G24_0 objective function changes over time that does not have any constraint, G24_1 
also has dynamic objective function but fixed constraints. The constraints of G24_3 
and G24_4 change over time but G24_3’s objective function is fixed while G24_4’s 
objective function is dynamic. The performance comparison based on traditional 
performance measure shows ICHEA has outperformed all other algorithms where 
problems have no constraints or constraints are fixed. For dynamic constraints 
ICHEA has produced similar performance as of RepairGA; however, this traditional 
measurement does not reflect the quality of solutions in terms of their feasibility. 
Hence feasibility performance measure is more applicable when there are constraints 
in the problem. The test results based on feasibility performance measure shows that 
ICHEA has clearly outperformed all other algorithms because ICHEA’s main strength 
is that it makes use of knowledge from constraints rather than blindly search in the 
solution space as traditional EAs do [22–24]. Fig. 1 and Table 3 show ICHEA is not 
only able to immediately recover from change in environment but also produces good 
quality feasible solutions. ICHEA runs two parallel processes internally – one to keep 
looking for feasible solutions and another to optimize the existing feasible solutions 
[23]. Any disruption in the search space invokes ICHEA to prioritize search for 
feasible solutions through its intermarriage crossover that results in high quality 
feasible solutions. Another advantage of ICHEA is that it does not use problem 
dependent or problem class dependent penalty functions as RepairGA uses penalty 
value of 2.5 for these benchmark problems.  

6 Conclusion 

ICHEA is a versatile EA to solve various types of real-valued constraint problems. It 
has already been demonstrated to perform well for benchmark CSPs, DCSPs and 
COPs [22–24]. The aim of this paper is to evaluate the performance of ICHEA on 
newly proposed benchmark DCOPs where it has outperformed other state-of-the-art 
EAs on the scale of feasibility performance measurement; however, there is need to 
diversify the benchmark problems with high dimensional problems as current 
problems are limited to two dimensional only. An advantage of ICHEA over other 
EAs is that it is a problem independent constraint handling EA that utilizes knowledge 
from constraints without using any repair or penalty functions. It extracts and exploits 
knowledge from constraints for its evolutionary search and is independent of the 
characteristics of the problems. For future work ICHEA still needs to be tested on 
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discrete constraint problems as it has all the potential to perform well. The 
enhancement will also include incrementailty in search through changing constraints 
and addition/retraction of constraints. 
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