ISSN 2541-1861

SIET 2016 Proceedings

Implementation of Real Coded Genetic Fuzzy System for Rainfall
Forecasting
Tirana Noor Fatyanosa1 and Wayan Firdaus Mahmudy2
Faculty of Computer Science, Universitas Brawijaya, Malang, Indonesia
1fatyanosa@gmail.com, 2wayanfm@ub.ac.id

Abstract. This paper deals with rainfall forecasting using three meteorological data (wind speed,
temperature, relative humidity) which taken from Indonesian Agency for Meteorology, Climatology
and Geophysics (BMKG) and NOAA Satellite and Information Service for Banyuwangi district.
To forecast the rainfall, this paper proposes a Real Coded Genetic Fuzzy System (RCGFS) which
utilizes real numbers as chromosome representation to determine the fuzzy membership function. The
novel of real number representation is used to reach some point solutions if the range of solution is in the
continuous area. The experiment results demonstrate that the RCGFS obtained 332 correct classifications
with accuracy 92.22% for four rainfall classes. The better results are also obtained using elitist selection
rather than the tournament selection. These results have proved the robustness of the RCGFS.
Keywords: Prediction, rainfall, fuzzy system, genetic algorithm.

1

INTRODUCTION

Indonesia is categorized as a tropical country because it is located at the equator. The characteristics of the
tropical climate in Indonesia is a heavy rain, a little wind, and the temperature and humidity are high. The
average rainfall in the lowlands in Indonesia is 180-320 cm (70-125 in) per year. While in some mountainous
areas increased to 610 cm (240 in) per year [1].
The rain became one of the important source of livelihood for the people of Indonesia. Various benefits
obtained from the rain, as a source of energy, water resources, until the economic resources of society,
especially in the agricultural sector because Indonesia is an agricultural country.
In Indonesia, approximately 82.71% is agricultural land. Various kinds of agricultural production are
produced in Indonesia specifically rice, sweet potatoes, soybeans, peanuts, corn, and the production of
horticulture which consists of vegetables and fruits [2]. One of the agricultural areas is Banyuwangi which
has food crops, horticulture, and plantation crops. The results of the agricultural sector in Banyuwangi are
strongly influenced by climate change.
The climate change is marked on the changing rainfall patterns, an extreme climate that often occurs from
floods or droughts, and rising temperatures and sea levels [3]. Therefore, proper handling should be done so
that the results obtained from the agricultural sector becomes more leverage.
One way of handling to address the impact of climate change on agriculture is by forecasting the rainfall
for the determination of the planting season in accordance with the intensity of rainfall that occurred for
maximum results.
Forecasting the rain became very complicated because a lot of things that become the benchmark
forecasting, among others, air humidity, wind direction, temperature, and things that become important
parameters in forecasting. Additionally, forecasting rain must also be able to measure the frequency of daily
rainfall, much of its outpouring, continuity of water, and others. Therefore we need an algorithm to solve the
problems of forecasting rainfall.
Several studies have been conducted for forecasting rainfall, such as statistical method, numerical
modelling, machine learning, and heuristic algorithm. One of the proposed methods is fuzzy
[4],[5],[6],[7],[8]. Their study concluded that fuzzy is a reliable and efficient method for forecasting rainfall.
However, according to [9], one of the shortcomings of the use of fuzzy forecasting is the need for trial and
error in designing the appropriate membership function parameters, create rules, and in the examination of
the performance of fuzzy. If the result is not appropriate then all the fuzzy parameters will be reset to get
better results. This, of course, will result in a fuzzy system are not optimal.
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To solve the problems non-optimal fuzzy system, in this study using the Real Coded Genetic Fuzzy
System, which is a method of merging fuzzy and genetic algorithm (GA). The rationale for this method is to
assist in determining the performance of fuzzy membership function, so the determination can be done
without the help of experts and the results obtained are more optimal.
From this study, it is expected the application of Real Coded Genetic Fuzzy System in forecasting rainfall
can be a solution for the government to determine the planting season agricultural products in order to
maximize results.

2

RELATED WORKS

There are three ways to forecast the rainfall, using time series, using radar, or based on the relationship
between meteorological indicators and rainfall. Different methodologies have been studied to solve the
rainfall forecasting based on those ways, such as statistical method, numerical modelling, machine learning,
and heuristic algorithm.
The statistical method is mostly used to modelling the rain from meteorological indicators such as
temperature, wind, sea level, humidity, dew point and etc. Different statistical methods have been used.
Partially Adaptive Classification Trees (PACT) was used by [10] to forecast rain over Puerto Rico. The result
shows that the PACT is better than climatology and accomplishes aptitude over perseverance. Additionally,
PACT is easier and natural than linear discriminant analysis. However, the results ought to be treated with
some consideration since they depend on a single experiment with a limited number of cases. Moreover,
PACT can be more effective if it’s combined with other models.
Besides PACT, another study conducted by [11] use First-order Markov Chain, Logistic model, and
Generalized Estimating Equation (GEE) to modelling the rainfall over the Eastern Thailand. They utilize the
normal of downpour volume from 15 climate stations and 52 variables from meteorological indicators. The
statistical method in this study has been proved that it is successful to observe the weather and modelling the
rain.
Another statistical method used to modelling the rain is GSTAR-SUR which implemented by [12]. They
use the method to forecast the rainfall in area Tengger, East Java. However, the RMSE from the forecast
result is extensive.
The numerical modellings which often used to forecast the rainfall are Generalized Linear Models
(GLMs) and Markov Chain Models (MCM). Chandler & Wheater [13] use the GLMs which can manage
abnormal amounts of variability, for example, those commonly connected with every day precipitation
successions.
Fuzzy inference also used to predict the rainfall by [8] using Tsukamoto Fuzzy Inference System. Based
on their carried out experiments, they observed that the proposed approaches deliver better results than
GSTAR-SUR. However, they only use the time series data for rainfall without considering the meteorological
data such as temperature, wind speed, and relative humidity which will cause inaccurate prediction.
Besides using Tsukamoto Fuzzy Inference System, Mamdani Fuzzy Inference System also used by [4] to
forecast rainfall between December to May in Khorasan province. The outcomes demonstrated that FIS model
is promising and productive and can effectively forecast the amount of the rainfall. However, there were
numerous missing values which will cause inaccuracies. The model could have been further enhanced by
giving all the more training data.
The fuzzy logic also used by [5] to predict rainfall using temperature and wind speed data. They
recommend the fuzzy logic to predict the rainfall and its volume. However, the membership function is
manually determined. This will cause the inappropriate result. In order to determine the appropriate
membership function, the GA is used in this research.
The previous research that uses GA to determine the membership function conducted by [14]. From their
experiment, it can be presumed that the Fuzzy-GA approach for Kemayoran weather produces high accuracy.
However, they use chromosome with binary representation which is not able to reach some point of the
solution if the solution is in range continue area. Moreover, when the function is complex and needs a lot of
generation, binary representation will take time. In order to overcome the shortcomings of binary
representation, the real-coded approach is used in this research.
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METHODOLOGY

Every day, we experience various issues that don’t have any available answer with the exception of making
a decision based on our past encounters. These induced choices are evaluated and accepted with real
circumstances by either perceptions or estimations [6].
Rainfall forecasting should have an accurate prediction because it affects agricultural production. Usually,
we asked experts to determine the level of rainfall. However, according to [6], expert knowledge is known as
an unclear or uncertain expression and not in the type of any measured quality. Furthermore, Pawar &
Ganguli [8] said that answers using words rather than using numbers are frequently more helpful for
maintenance engineers. Among the few soft computing methods, fuzzy inference system is one of the
methods that transform numerical inputs to linguistic. However, fuzzy inference system does not have the
capacity of gaining from the given information and the fuzzy rules must be created by human experts.
The process of building a fuzzy rule base is difficult and may turn out to be very complicated if the
quantity of input and output is growing. In order to solve this problem, there is a hybridization of fuzzy
inference system and the genetic algorithm called Genetic Fuzzy System (GFS), which produces an
automatically fuzzy rules from the information [9].
Besides produces the rules bases, according to Karr and Gentry (as cited in Ross [14]), in order to optimize
the membership function we can use the Real Coded Genetic Algorithm (RCGA). RCGA is the GA which
uses the real number as chromosome representation in an array. RCGA is used because when the function is
complex and need a lot of generation, binary representation will take time. RCGA help the optimization faster
than binary representation [16, 17]. The combination of GFS and RCGA will produce Real Coded Genetic
Algorithm (RCGFS) which is used in this study.
For example, the membership function used for all of the input and output use triangles as shown in Fig.
1 below.

Fig. 1. Membership functions for input and output are triangles

Where low, medium, and high are the linguistic membership. Base 1, base 2, and base 3 are the range of
the linguistic membership. Base 1 is the length from a to b. Base 2 is the length from c to d. Base 3 is the
length from e to f. In this research, we use triangular membership function shape. The membership function
shape for medium linguistic is an isosceles triangle.
Based on Fig. 1, the right side of the membership function is compelled to have the right point wedge at
the maximum limit of the fuzzy variable range. While the left side of the membership function is compelled
to have the left-point wedge at the minimum limit of the fuzzy variable range. The RCGFS is used to find the
bases’ lengths of the 14 membership functions.
This study uses three inputs (wind speed, temperature, and relative humidity) and a single output
(rainfall). The functional mapping between input and output are shown in Table 1. From Table 1, we see that
each of the inputs use three linguistic membership. Wind Speed uses medium, strong, and very strong.
Temperature and relative humidity use low, medium, and high. While the rain uses five linguistic membership
based on the rainfall range classified by BMKG (as cited in [14] (see Table 3). Each attribute has a range
based on available data (see Table 4).
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Table 3. Functional Mapping.
No

Wind Speed

Temperature

Relative Humidity

Rainfall

High

Moderate Rain

Medium

Mild Rain

3

Low

No Rain

4

High

No Rain

Medium

No Rain

6

Low

No Rain

7

High

No Rain

Medium

No Rain

9

Low

No Rain

10

High

Heavy Rain

Medium

Moderate Rain

12

Low

Mild Rain

13

High

Mild Rain

Medium

No Rain

15

Low

No Rain

16

High

No Rain

Medium

No Rain

18

Low

No Rain

19

High

Very Heavy Rain

Medium

Heavy Rain

21

Low

Moderate Rain

22

High

Mild Rain

Medium

Mild Rain

24

Low

Mild Rain

25

High

No Rain

Medium

No Rain

Low

No Rain

1
2

5

Low

Medium

8

High

11

14

Low

Strong

17

Medium

High

20

23

Medium

Low

Very Strong

26

Medium

High

27

Table 4. Example of the training data.
Temperature

Relative Humidity

Wind Speed

Rainfall

85.3

72.8

2.9

0

81.7

80.68

1.1

27
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Table 5. The rainfall range.
Rainfall

Range

No Rain

Rainfall ≤ 0.1 mm

Mild Rain

0.1<Rainfall ≤ 20mm

Moderate Rain

20 < Rainfall ≤ 50mm

Heavy Rain

50 < Rainfall ≤ 100mm

Very Heavy Rain

Rainfall > 100mm

Table 6. Attribute’s Range.
Attribute

Range

Base Range

Base

Wind Speed (knots)

0 – 20.2

0 – 20.2

1-3

Temperature (ºF)

75.2 – 87.4

0 – 12.2

4–6

Relative Humidity (%)

51.8 – 94.7

0 – 42.9

7-9

Rainfall (mm)

0 – 1965.5

0 – 1965.5

10 - 14

Chromosome Representation. Chromosome representation for membership function is shown in Table 5.
Table 7. Chromosome Representation.
Base
1

Base
2

Base
3

Base
4

Base
5

Base
6

Base
7

Base
8

Base
9

Base
10

Base
11

Base
12

Base
13

Base
14

19.2

20

12.5

5.2

10.3

4.3

40.5

12.5

32.5

53.6

50.5

34.3

54.7

10.6

The physical representation of the chromosome is shown in Fig. 2-5. The base values of Fig. 2 is obtained
from Table 5, columns Base 1, Base 2, and Base 3. From the chromosome, the base value for wind speed is
19.2, 20, and 12.5. Then the range for Medium is 0 and 19.2. For Strong fuzzy class, as in this research we
use the isosceles triangle, then the midpoint of the triangular is 20.2/2 = 10.1. So, the range from the midpoint
to maximum or minimum limit of Strong is 20/2=10. Then the range for Strong are 10.1 - 10 = 0.1 and 10.1
+ 10 = 20.1. The range for Very Strong fuzzy class is 20.2-12.5=7.7 and 20.2. This scheme also uses for
temperature and relative humidity.
The base values of Fig. 5 is obtained from Table 5, columns Base 10 - 14. From the chromosome, the base
value for wind speed is 53.6, 50.5, 34.3, 54.7, and 10.6. The range for No Rain is 0 and 53.6. As the rainfall
uses five linguistic membership, then we have 3 isosceles triangles. The midpoint for each triangle is 491.375,
982.75, and 1474.125. The range from the midpoint to maximum or minimum limit of Mild Rain is
50.5/2=25.25. Then the range for Mild Rain are 491.375 – 25.25 = 466.125 and 491.375 + 25.25 = 516.625.
The range from the midpoint to maximum or minimum limit of Moderate Rain is 34.3/2=17.15. Then the
range for Moderate Rain are 982.75 – 17.15 = 965.6 and 982.75 + 17.15 = 999.9. The range from the midpoint
to maximum or minimum limit of Heavy Rain is 54.7/2=27.35. Then the range for Heavy Rain are 1474.125
– 27.35 = 1446.775 and 1474.125 + 27.35 = 1501.475. The range for Very Heavy Rain is 1965.5 –
10.6=1954.9 and 1965.5.
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Fig. 4. The physical representation of wind

Fig. 5. The physical representation of
temperature.

speed.

Fig. 6. The physical representation of humidity

Fig. 7. The physical representation of rainfall.

Fitness Function. This study uses the fitness function as follows.

𝐹𝑖𝑡𝑛𝑒𝑠𝑠 = 1000 − 𝑅𝑀𝑆𝐸

(2)

1

𝑅𝑀𝑆𝐸 = √ ∑𝑛𝑖=1(𝑦𝑖 − 𝑦′𝑖 )2 (3)
𝑛

The square errors from the difference between the output value and the actual value are used
to determine the fitness. The actual value is using the data from Table 2.
Reproduction. The crossover used in this research is extended intermediate recombination which uses the
following formula [18]:
𝑧𝑖 = 𝑥𝑖 + 𝛼𝑖 (𝑦𝑖 − 𝑥𝑖 )𝑖 = 1, … , 𝑛

(4)

α randomly selected on the interval [-0.25, 1.25]. Two parents were selected to do the crossover (P 1 and P2),
the offspring of C1 and C2 is calculated based on the following formula [16]:
𝐶1 = 𝑃1 + 𝛼(𝑃2 − 𝑃1 )𝐶2 = 𝑃2 + 𝛼(𝑃1 − 𝑃2 )

(5)

The mutation method that used in this research is random mutation which is done by adding or subtracting
the value of the selected genes with small random number with the following formula [16]:
𝑥′𝑖 = 𝑥′𝑖 + 𝑟(𝑚𝑎𝑥𝑖 − 𝑚𝑖𝑛𝑗 ) (6)
Range r randomly selected on the interval [-0.1, 0.1].
Selection. The selection method that used in this research is elitist selection compared with tournament
selection.
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DATASET

The source of meteorological indicators is from NOAA Satellite and Information Service and the source of
rainfall data is from Indonesian Agency for Meteorological, Climatological, and Geophysics (Badan
Meteorologi, Klimatologi, dan Geofisika or BMKG). This study uses Banyuwangi stations with 1200 data
from the year of 2010 to 2016. Banyuwangi is a city that included in East Java province in Indonesia. The
attributes that used in this study is meteorological data (temperature, relative humidity, and wind speed) and
rainfall data. Each meteorological attribute has three linguistic membership (low, medium, high). Rainfall
has five linguistic membership (no rain, mild rain, moderate rain, heavy rain, very heavy rain).

5

EXPERIMENTAL RESULT

The dataset used in this paper will be divided into two parts, 70% of data will be used as data training (840
records) and 30% will be used as testing data (360 records). The parameters used in this study are determined
as follows:
 Crossover rate is 0.4
 Mutation rate is 0.2
 Number of generation is 1000
 Elitist Selection
By using those parameters, we run the RCGFS ten times and conduct results of best, average and worst
RMSE as shown in Table 6.
Table 8. Best Population Scenario using elitist selection.
Population Size
50
100
150

Best RMSE

Average RMSE

Worst RMSE

8.540214

8.783407

9.196407

8.465588

8.758668

9.383976

8.460691

8.582472

8.655353

RMSE

Best Population Size
75
65
55
45
35
25
15
5
0

100

200

300

400

500

Generation
50 Individual

100 Individual

150 Individual

Fig. 8. Best Population using Elitist Selection

From Table 6, the lowest RMSE was achieved when the population size is 150. The RMSE value
decreases in accordance with the increasing number of population. It can be concluded that the higher
population size, the lower RMSE that can be achieved and increases the accuracy of the RCGFS.
Fig. 6 shows that when the population size is 50, the graph converges after the 407th generation, while
when the population size is 100, the graph converges after the 333rd generation. When the population size is
150, the graph converges after the 195th generation. It can be concluded that the higher population size, the
faster its convergence.
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In order to expand the differing qualities of solutions, we compare the elitist and tournament selection to
determine the best selection method for RCGFS within 50 individual. After done some test with tournament
selection, we found that the result is not better than the elitist selection and the implementation on real-coded
resulted in early convergence.
As shown in Fig. 7, the RCGA using tournament selection encounter premature convergence under 100
generation. In order to overcome this problem, we decided to use random injection every ten generation and
test it for 50, 100, and 150 individuals (see Fig. 8).
Tournament Selection

Tournament Selection
120

200
180

100

160
140

80

RMSE

RMSE

120
100

60

80
40

60
40

20
20
0
0

100

200

300

400

500

0
0

200

400

Generation
Best RMSE

600

50 Individual
150 Individual

Worst RMSE

Fig. 9. Tournament Selection

800

1000

Generation

Average RMSE

100 Individual

Fig. 10. Tournament Selection with random
injection.

Table 9. Best Population Scenario using Tournament Selection with random injection.
Population Size

Best RMSE

Average RMSE

Worst RMSE

50

8.618335

8.790474

9.303635

100

8.454973

8.860081

9.384711

150

8.589251

8.623194

8.664468

After comparing the best, average, and worst RMSE using elitist (Table 6) and tournament selection (Table
7), we found that the tournament selection is worse than elitist selection. Those low RMSE values in elitist
selection indicate that elitist selection can be used as the selection method for RCGFS.
Fig. 8 shows that when the population size is 50, the graph converges after the 898th generation, while when
the population size is 100, the graph converges after the 445th generation. When the population size is 150,
the graph converges after the 418th generation. It can be concluded that the higher population size, the faster
its convergence.
The next testing is conducted to find the best crossover rate and mutation rate. According to Lozano and
Herrera (as cited in Mahmudy [13]), balance exploration and exploitation capabilities can be obtained through
the right determination on crossover rate and mutation rate. In order to get the best crossover rate and mutation
rate for RCGFS, based on Mahmudy [13], the crossover rate between 0.3 to 0.8 and mutation rate between
0.1 to 0.3 usually sufficient for initial testing. Then, we conducted the balanced combination between
crossover rate (cr) and mutation rate (mr) in such way that cr+mr=0.6 with the population size = 100 and the
best number of generation = 1000.
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Table 10. Best Crossover Rate and Mutation Rate Scenario.
Crossover Rate

Mutation Rate

Average RMSE

0.3

0.3

8.813995

0.4

0.2

8.758668

0.5

0.1

8.857979

As shown in Table 8, the best average RMSE is conducted when the crossover rate is 0.4 and the mutation
rate is 0.2.
After done some testing to get the best population size, selection method, crossover rate, and mutation rate,
we obtained the following parameter values.






Population size is 150
Number of Generations is 195
Crossover Rate is 0.4
Mutation Rate is 0.2
Selection method is Elitist Selection

In order to find out the accuracy after obtained the best parameter of genetic algorithm and the membership
function of fuzzy inference, we examined scenarios as follows.
1. Five rainfall classes: no rain (<=0.1 mm), mild rain (<=20mm), moderate rain (<=50 mm), heavy rain
(<=100 mm), and very heavy rain (>100 mm).
2. Four rainfall classes: no rain or mild rain (<=20 mm), moderate rain (<=50 mm), heavy rain (<=100
mm), and very heavy rain (>100 mm).
Using 30% testing data, the first scenario obtained 245 correct classifications with accuracy 68.05% and the
second scenario obtained 332 correct classifications with accuracy 92.22%. The RMSE and fitness value for
both scenarios are respectively 150.104547 and 849.895453. The second scenario obtained higher accuracy
than the first scenario. This happens probably because the number of data is too small.

6

CONCLUSIONS

This paper has shown the using of Real Code Genetic Fuzzy System (RCGFS) to solve the rainfall forecasting.
The real number representation of genetic algorithm demonstrates that the RCGFS is reliable and very helpful
in determining the membership function. After conducting some experiment, we reached three conclusions.
First, the higher population size, the lower RMSE that can be achieved, and increases the accuracy of the
RCGA. Second, the higher population size, the faster its convergence for both selection method (elitist and
tournament selection). Third, the membership function obtained from RCGFS can be used for predicting
rainfall with four rainfall classes (no rain or mild rain, moderate rain, heavy rain, very heavy rain).
Future Works. The RCGFS could improve by also use Genetic Algorithm to determine the base rules and
the shape of the membership function. Furthermore, in order to increase the correctness, it could use more
meteorological indicators and also use larger datasets.
Acknowledgments. We thank Mahendra Data (Lecturer at the Brawijaya University) for his help to run the
application on his server, thus speeding up the process of testing and analysis.
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