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Abstract: The paper describes the enhancement of the Water Cycle Algorithm (WCA) using a 

fuzzy inference system to dynamically adapt its parameters. The idea of intuitionistic fuzzy 

systems for WCA parameter adaptation is discussed, too. The original WCA is compared in terms 

of performance with the proposed method called Water Cycle Algorithm with Dynamic Parameter 

Adaptation (WCA-DPA). Simulation results on a set of well-known test functions show that the 

WCA can be improved with a fuzzy dynamic adaptation of the parameters. 
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1 Introduction 

Dynamic parameter adaptation can be done in many ways, the most common being linearly 

increasing or decreasing a parameter. Other approaches include the use of nonlinear or stochastic 

functions. In this paper, a different approach is adopted: using a fuzzy inference system to replace 

a function or to change its behavior, with the final purpose of improving the performance of the 

Water Cycle Algorithm (WCA). WCA is a population-based and nature-inspired meta-heuristic 

algorithm, which is inspired on a simplified form of the water cycle process [8, 22]. 

The use of a fuzzy inference system (FIS) to enhance global-optimization algorithms opens 

a direction of active research. Some works of enhancing particle swarm optimization (PSO) are 

PSO-DPA [15], APSO [27] and FAPSO [23]. Since the WCA has some similarities with PSO, 

a FIS similar to the one in [15] was developed.  
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On the other hand, intuitionistic fuzzy logic (IFL) and intuitionistic fuzzy sets (IFS) [1–6] 

have gained recognition as useful tools for evaluation and handling of uncertainty in various 

phenomena. There are few application of IFL in adaptation of meta-heuristic algorithms 

parameters, namely genetic algorithms [18, 19] and bat algorithms [17, 20]. 

A comparative study was conducted which highlights the similarities and differences with 

other hierarchy based meta-heuristics. A performance study between the proposed Water Cycle 

Algorithm with Dynamic Parameter Adaptation (WCA-DPA) and the original WCA was also 

conducted, using ten well-known test functions frequently used in the literature.  

This paper is organized as follows. In Section 2 the WCA is described. In Section 3, some 

similarities with other meta-heuristics are highlighted. Section 4 concerns the improvement of the 

WCA with fuzzy parameter adaptation. An idea of intuitionistic fuzzy systems for parameter 

adaptation is proposed in Section 5. A comparative study is presented in Section 6 and, finally in 

Section 7 some conclusions and future work are given. 

2 Nonlinear Water Cycle Algorithm 

The WCA is a population-based and nature-inspired meta-heuristic algorithm, where a pop-

ulation of streams is formed from rain water drops. This population of streams follows a behavior 

inspired by the hydrological cycle, in which streams flow downhill, then they form rivers which 

also flow downhill towards the sea. This process in which streams flow toward rivers and rivers 

towards the sea is a simplified form of the run-off process of the hydrologic cycle. Some of those 

streams are evaporated and some new streams are formed from rain as part of the hydrologic 

cycle. 

 

2.1 The landscape 

There are a number of landforms involved in the hydrologic cycle, for example: streams, rivers, 

lakes, valleys, mountains and glaciers. But in the WCA only three of them are considered, which 

are streams, rivers and seas, in fact there is only one sea. In this subsection the structure, 

preprocessing and initialization of the algorithm are described.  

In the WCA an individual (a.k.a. stream) is an object which consist of � variables grouped 

as a �-dimensional column vector  

 
(1) 

The whole population of � streams is denoted by  

 
(2) 

which is often represented as a � ×  � matrix:  

 

(3) 
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In short each row is an individual stream and their columns are their variables. From the 

whole population some of those streams will become rivers and another one will become the sea. 

The number of streams and rivers are defined by the equations:  

 

(4) 

 (5) 

where Nsr is a value established as a parameter of the algorithm and Nstreams is the number of 

remaining streams. Which individuals become rivers or sea will depend on the fitness of each 

stream. To obtain the fitness, first we need an initial population matrix X, this matrix is initialized 

with random values as follows:  

 
(6) 

where blower, bupper are vectors in �� with the lower and upper bounds for each dimension which 

establish the search-space, and rrrr is an n-dimensional vector of independent and identically 

distributed (i.i.d) values, that follow a uniform distribution:  

 
(7) 

Once an initial population is created the fitness of each stream xi is obtained by:  

 
(8) 

where f(·) is a problem dependent function to estimate the fitness of a given stream. The fitness 

function represents what the algorithm tries to optimize.  

Sorting the individuals by fitness and in ascending order using:  

 
(9) 

the first individual becomes the sea, the next Nsr – 1 the rivers, and the following Nstreams 

individuals turn into the streams who flow towards the rivers or sea, as show in:  
 

 

(10) 

 

Each of the Nstreams are assigned to a river or sea, this assignation can be done randomly. But 

the stream order [24, 25], which is the number of streams assigned to each river/sea is calculated 

by:  
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(11) 

 
(12) 

where � ≈  0. The idea behind the Eq. (11) is that the amount of water (streams) entering a river 

or sea varies, so when a river is more abundant (has a better fitness) than another, it means that 

more streams flow into the river, hence the discharge (stream-flow) is mayor. This means, the 

stream-flow magnitude of rivers is inversely proportional to its fitness in the case of minimization 

problems.  

The Eq. (11) has been changed from the original proposed in [8]. The round function was 

replaced by a floor function, a value of � was added to the divisor, and the Eq. (12) was also add 

to handle the remaining streams. These changes are for implementation purposes and an 

alternative to the method proposed in [22].  

After obtaining the stream order of each river and sea, the streams are randomly distributed 

between them.  

 

2.2 The run-off process 

The run-off process is one of the three processes considered in the WCA, which handles the way 

water flows in form of streams and rivers towards the sea. The following equations describe how 

the flow of streams and rivers is simulated at a given instant (iteration):  

 (13) 

 (14) 

 (15) 

for � = 1,2, . . . ,Nit, where Nit and C are parameters of the algorithm, and rrrr is a vector with i.i.d 

values defined by Eq. (7), although any other distribution could be used.  

The Eq. (13) defines the movement of streams who flow directly to the sea, Eq. (14) is for 

streams who flow towards the rivers, and Eq. (15) is for the rivers flow toward the sea. A value 

of � >  1 enables streams to flow in different directions towards the rivers or sea. Typically, the 

value of C is chosen from the range (1,2]. The value of C = 2 is the most common.  

 

2.3 Evaporation and precipitation processes 

The run-off process of the WCA, basically consist of moving indirectly towards the global best 

(sea). Algorithms focused on following the global best although they are really fast, tend to 

premature convergence or stagnation. The way in which WCA deals with exploration and 

convergence is with the evaporation and precipitation processes. So when streams and rivers are 

close enough to the sea, some of those streams are evaporated (discarded) and then new streams 

are created as part of the precipitation process. This type of re-initialization is similar to the 

cooling down and heating up re-initialization process of the simulated annealing algorithm [13].  
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The evaporation criterion is: if a river is close enough to the sea, then the streams assigned to 

that river are evaporated (discarded) and new streams are created by raining around the search 

space. To evaporate the streams of a given river the following condition must be satisfied:  

 
(16) 

where dmax  ≈  0 is a parameter of the algorithm. This condition must be applied to every river, 

and if its satisfied each stream who flow towards this river must be replaced as:  

 

(17) 

A high value of dmax will favor the exploration and a low one will favor the exploitation. 

To increase the exploration and exploitation around the sea an especial evaporation criterion 

is utilized for the streams which flow directly to sea:  

 
(18) 

where xseastream is a stream which flows directly to the sea. If this criterion defined by the inequality 

(18) is satisfied then, the stream is evaporated and a new one is created using:  

 
(19) 

where gggg is an n-dimensional vector of i.i.d values, that follow a normal distribution:  

 (20) 

2.4 Steps of WCA 

The steps of WCA are summarized as an algorithm in the Figure 1.  

 
Figure 1. The Water Cycle Algorithm 
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3 Similarities and differences with other meta-heuristics 

The WCA has certain similarities with other meta-heuristics, but yet is different from those. Some 

of the similarities and differences have already been studied. For example, in [8], differences and 

similarities with Particle Swarm Optimization (PSO) [12] and Genetic Algorithms (GA) [9] are 

explained. In [21], WCA is compared with the Imperialist Competitive Algorithm (ICA) [7] and 

PSO [12]. In [22], WCA is compared with two nature-inspired meta-heuristics: the Intelligent 

Water Drops (IWD) [10] and Water Wave Optimization (WWO) [28]. So far similarities and 

differences with population-based and nature-inspired meta-heuristics have been studied, in this 

subsection, WCA is compared with two meta-heuristics that use a hierarchy.  

3.1 Hierarchical Particle Swarm Optimization  

In Hierarchical Particle Swarm Optimization (H-PSO), particles are arranged in a regular tree 

hierarchy that defines the neighborhoods structure [11]. This hierarchy is defined by a height h 

and a branching degree d, this is similar to the landscape (hierarchy) of the WCA, in fact the WCA 

would be like a tree of height h = 3 (sea, rivers, streams), but with varying branching degrees, 

since the level-2 consist of Nsr branches (rivers) and the level-3 depends of the stream order (so), 

so WCA hierarchy it is not a nearly regular tree like in H-PSO.  

Another difference is that H-PSO use velocities to update the positions of the particles just 

like in standard PSO. But the similarity is that instead of moving towards the global best like in 

PSO they move towards their parent node, just like streams flow to rivers and rivers flow to the 

sea. As in WCA, in H-PSO particles move up and down the hierarchy, and if a particle at a child 

node has found a solution that is better than the best solution so far, found by the particle at the 

parent node, the two particles are exchanged. This is similar yet different from the run-off process 

of the WCA, the difference being that WCA uses only the social component to update the 

positions, and H-PSO uses both the social and the cognitive components, and also the velocity 

with inertia weight. The cognitive component and the inertia weight are the ways in which H-

PSO deals with exploration and exploitation. The WCA uses the evaporation and precipitation 

processes for those phases.  

3.2 Grey Wolf Optimizer  

The Grey Wolf Optimizer (GWO) algorithm mimics the leadership hierarchy and hunting 

mechanism of grey wolves in nature. Four types of grey wolves are simulated: alpha, beta, delta, 

and omega, which are employed for simulating the leadership hierarchy [16]. This social 

hierarchy is similar to the WCA hierarchy with Nsr = 3, where the alpha could be seen as the sea, 

the beta and delta as the rivers and the omegas as the streams. Although the hierarchy is similar, 

the way in which the GWO algorithm updates the positions of the individuals is different. GWO 

positions update depends on the hunting phases: searching for prey, encircling prey, and attacking 

prey. Those hunting phases are the way in which the GWO deals with exploration and 

exploitation. As mentioned before, the WCA uses the evaporation and precipitation process which 

are very different to the hunting phases.  
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4 Fuzzy parameter adaptation  

The objective of dynamic parameter adaptation, is to improve the performance of an algorithm by 

adapting its parameters. Dynamic parameter adaptation can be done in many ways, the most 

common being linearly increasing or decreasing a parameter, usually the acceleration coefficients. 

Other approaches include using nonlinear or stochastic functions. In this paper, a different approach 

is undertaken. The approach is using a fuzzy system to replace a function or to change its behavior.  

In the WCA, there are two parameters which can be adapted dynamically, i.e., while the 

algorithm is running. One is the parameter C which is used in Eqs. (13) to (15) for updating the 

positions of the streams. The other one is the parameter dmax used in Eq. (16) as a threshold for 

the evaporation criterion. In [22] the parameter dmax is linearly decreased and a stochastic 

evaporation rate for every river is introduced, together those changes improve the performance of 

the WCA. Since there are already improvements with the parameter dmax, the subject of study in 

this paper is the parameter C.  

4.1. Mandani’s Fuzzy Inference System 

A single-input and multiple-output (SIMO) Mandani’s FIS [14] was developed. The system 

consists of the input Iteration and the outputs C and Crivers. In Figure 2, the layout of the FIS is 

shown. The idea is to use different values of the parameter C, one for Eqs. (13) and (14) which 

are for the flow of streams and another one (Crivers) for Eq. (15) which is for the flow of rivers. 

Before going into the FIS, the input Iteration is scaled to the interval [0, 1] by the equation:  

 
(21) 

 
Figure 2. Single-input and multiple-output Mamdani’s Fuzzy Inference System 

 

The membership functions for the input Iteration are shown in the Figure 3. The range of 

the first output C had been chosen as the interval (1.8, 3.7), and for the output Crivers the interval 

(2, 10), the details of the membership functions are shown in the Figures 4 and 5. The idea of 
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using higher values for these parameters is to favor the exploration in the run-off process at an 

early stage. Since having greater value than 2 means that there is a higher probability of moving 

beyond the rivers or sea. For the special case of Crivers it also helps to prevent the evaporation and 

precipitation processes. Figure 6 shows a flowchart of the WCA with the SIMO-FIS integrated.  

 

 
Figure 3. Input: Iteration 

 

 
Figure 4. Output: C 

 

 
Figure 5. Output: Crivers 
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Figure 6. Flowchart of the Water Cycle Algorithm  

with fuzzy dynamic adaptation of parameters 

5 Intuitionistic fuzzy logic systems 

According to Atanassov [1–6], an IFS on the universum X ≠ ∅ is an expression A given by: 
 

  A = {〈x, µA(x), νA(x)〉 | x ∈ X}, (22) 
 

where the functions  
 

  µA, νA : X → [0, 1]  (23) 
 

satisfy the condition  
 

  0 ≤ µA(x) + νA(x) ≤ 1 (24) 
 

and describe, respectively, the degree of the membership µA(x) and the non-membership νA(x) of 

an element x to A. Let  
 

  πA(x) = 1 – µA(x) – νA(x), (25) 
 

therefore, function πA determines the degree of uncertainty. 
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Considering IFL system the design of the input (Iteration) and the output (C and Crivers) 

variables is presented in Figures 7–9, respectivelly.  

 

 

Figure 7. Input: Iteration 

 

 
Figure 8. Output: C 

 

According to [5] the geometrical forms of the intuitionistic fuzzy numbers can be 

generalized as follows: For the first case functions 
A

µ  and 
A

ν  satisfied the conditions [5]: 
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∈
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Figure 9. Output: Crivers 

 
For the first case we have: For the second case we have: 

A
µ  is increasing function from −∞  to 1x ; 

A
µ  is increasing function from −∞  to 0x ; 

A
µ  is decreasing function from 2x  to +∞ ; 

A
µ  is decreasing function from 0x  to +∞ ; 

A
ν  is decreasing function from −∞  to 1x ; 

A
ν  is decreasing function from −∞  to 0x ; 

A
ν  is increasing function from 2x  to +∞ . 

A
ν  is increasing function from 0x  to +∞ . 

 

Obviously, in both cases the functions 
A

µ  and 
A

ν  can be represented in the form 

left right ,A A Aµ µ µ= ∪  left right ,A A Aν ν ν= ∪  

where left

Aµ  and left

Aν  are the left, while right

Aµ  and right

Aν  are the right sides of these functions. 

Therefore, the above conditions can be re-written in the (joint) form [5]: 
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y E
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∈
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y E
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∈

= =  

for each 1 2[ , ]x x x∈  and in the particular case, when 1 0 2x x x= = , left

Aµ  is increasing function; 

right

Aµ  is decreasing function; left

Aν  is decreasing function and right

Aν  is increasing function. 

Following [5], we will consider, ordered by generality, the definitions: 
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In the considered here WCA parameter adaptation, for simplicity, it can be used the 

presented in Figures 7–9 design of the input and the output variables. 

6 Numerical experiments and comparisons  

For comparison between the WCA and the WCA-DPA, a subset of test functions was used. 

Although in the literature there is no agreed set of test functions for measuring the performance 

of algorithms, a diverse subset of 10 test functions who had been used before for some bio-inspired 

algorithms was chosen. In the Table 1 the specifications of those functions are summarized. In 

the Figure 10 the plots for 2-dimensions seen from a 3D perspective and from above are shown. 

In [26] there is a more detailed description of those functions.  

 

Table 1. Test functions used for comparisons 

 

Numerical experiments in two and thirty dimensions were performed. The experiments 

consisted of 100 samples, taking the mean absolute error (MAE) as the measure of performance. 

Optimization results for the experiments in 2 and 30 dimensions are listed in Tables 2 and 3, 

respectively. Also, the parameters used are listed at the end of each table. From the results 

obtained in 2 dimensions (Table 2), we can observe improvements in most of the test functions. 

However, for 30 dimensions (Table 3), although it performed better for most of the test functions 

the results are only slightly better. 
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Figure 10. Test functions plots for 2-dimensions, shown from a 3D perspective and from above 

 

 

 

Table 2. MAE of 100 experiments for each test function in 2-dimensions 
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Table 3. MAE of 100 experiments for each test function in 30-dimensions 

7 Conclusions  

The improvement of WCA applying FIS to adapt dynamically algorithm parameter is presented. 

The WCA parameter subject to this study is the parameter C. From the experiments it can be 

concluded that dynamically adapting the parameter C can help improving the performance of the 

WCA. But establishing an interval for the outputs, to work with any number of dimensions for 

the type of FIS developed, could be a difficult or impossible task. It would be more appropriate 

not to bound the outputs to a given interval.  

Instead, it could be better to have as outputs an increment or decrement of the parameter 

similar to the improved versions of particle swarm optimization: APSO or FAPSO developed in 

[27] and [23], respectively. Another alternative could be to add a velocity component to the 

equations that update the positions of the streams, and then adapt an inertia weight instead of 

actual value C. Moreover, the application of the presented in this work idea of intuitionistic fuzzy 

systems for WCA parameter adaptation could be also considered. 
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