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A clonal selection algorithm model for daily rainfall data
prediction
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ABSTRACT
This study applies the clonal selection algorithm (CSA) in an artiﬁcial immune system (AIS) as an
alternative method to predicting future rainfall data. The stochastic and the artiﬁcial neural network
techniques are commonly used in hydrology. However, in this study a novel technique for forecasting
rainfall was established. Results from this study have proven that the theory of biological immune
systems could be technically applied to time series data. Biological immune systems are nonlinear
and chaotic in nature similar to the daily rainfall data. This study discovered that the proposed CSA
was able to predict the daily rainfall data with an accuracy of 90% during the model training stage. In
the testing stage, the results showed that an accuracy between the actual and the generated data
was within the range of 75 to 92%. Thus, the CSA approach shows a new method in rainfall data
prediction.
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INTRODUCTION
In this study, the clonal selection algorithm (CSA) in an artiﬁcial immune system (AIS) is utilized in the development of a
daily rainfall prediction model. AIS is one of the branches of
computing inspired by biological systems. The AIS is used to
describe a wide-range of systems, taking inspiration from
different aspects of immunology (Timmis & de Castro
). Like other bio-inspired paradigms, the AIS attempts
to deﬁne the properties of the biological systems upon
which they are based. Many philosophies and perceptions
have been extracted from biological immune systems to
develop a new algorithm. The new algorithm can be applied
in the real world of engineering and scientiﬁc problems. In
biology, the main role of an immune system is to defend
human bodies from the attacks of external microorganisms
or to launch a response to the invading pathogens (de
Castro & Zuben ).
There are several applications of AIS to computer
science and engineering problems, such as optimization,
classiﬁcation and intrusion detection. The AIS has three
main algorithms, CSA (Burnet ), Immune Network
Algorithm (Farmer et al. ) and Negative Selection Algorithm (Forest et al. ). Figure 1 shows the relationships in
the human biological immune system.
doi: 10.2166/wst.2014.420
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CLONAL SELECTION ALGORITHM
CSA is inspired by the clonal selection principle that only
those cells capable of recognizing an antigenic stimulus
will proliferate and differentiate into selected cells (Timmis
& de Castro ). The clonal selection theory in a human
body system comprises the immunological processes of the
cloning selection and afﬁnity maturation. The main operators in a CSA are selection, cloning and mutation. The
clonal selection principle describes how an adaptive immunity functions when a foreign pathogen attacks the organism
(Timmis & de Castro ). The basic idea of a CSA involves
matching the antibodies (Abs) with antigen. The generated
Abs will create clones of themselves. This process is called
proliferation (Yashwant & Amir ). The B-cells and Tcells are major cells in the immune system antibodies. The
CSA objective is to develop an antibody pool that represents
the solutions, while the antigens represent the elements of
an evaluation. In short, the CSA essentially centers on a
repeated cycle of match, clone, mutate and replace, and
numerous parameters can be tuned, including the cloning
rate, the initial number of antibodies, and the mutation
rate for the clones (Greensmith et al. ).
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Human biological immune system.

RAINFALL MODELLING
The rainfall model has become an increasingly indispensable tool in the planning of water resources projects. It can
be used to assess ﬂoods, aid in reservoir operation, and
predict transport in water born contamination. Accuracy
in rainfall prediction can bring a great achievement in
water resources planning. Accurate rainfall analysis is pertinent for applications such as severe rainfall and ﬂash
ﬂood forecasting (Georgakakos & Hudlow ; Seo &
Smith ), long term water resources planning and management (Newsome & Collier ), crops-yield
forecasting, and studies of probable design storms and
ﬂoods (Hardaker & Collier ). However, detailed
spatial and temporal information on rainfall intensity distribution is required for rainfall prediction. Therefore,
model prediction is important for water resources engineering management.
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There are many methods or models that have been used
for rainfall prediction. Each model has its own achievement
and accuracy. Methods for rainfall prediction can be divided
into two categories, which are the statistical and the artiﬁcial intelligence. Several techniques have been utilized to
generate rainfall data, such as regression (Ranhao et al.
), Gray Markov (Liu et al. ) and ﬂow duration matching (Hughes & Smakhtin ). The biological immune
system has good learning ability in new things, and it can
be applied to complicated model matching and organization
of network structure to support the memory of things it
meets (Zhao & Davis ). In this study, a proposed CSA
is employed for rainfall modelling.
Model development
The development of the rainfall prediction model utilizing
the CSA approach is summarized in Figure 2. The steps in
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selection theory. Each antibody in N forms a string
of real numbers represented in a sequence used as
the Abs
N ¼ ½Ab1 , Ab2 , . . . Abn 

(1)

Step 2: This step shows a group of antigens (Ag) attacking
the Abs. In this study a random variable of antigen, Ag
in the immune system is chosen from daily rainfall
data on a random basis. When the Ag and Abs meet,
the ﬁrst measurement of an afﬁnity value is calculated
between the Ag and the Abs, which is performed in
Step 3
Ag ¼ ½Ag1 , Ag2 , . . . Agn 

(2)

Step 3: The afﬁnity is measured using the Euclidean distance, D whereby the two attribute strings into a
nonnegative real number that corresponds to their afﬁnity
or degree of match, S L × S L ! R þ as below
vﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
u L
uX
D ¼ t ðAbi  Agi Þ2

(3)

i¼1

Figure 2

|

Flowchart of the CSA.

the CSA begin with the training of the input data,
followed by the testing and prediction processes. The training process consists of four steps (Ting et al. ), as
explained below. This is followed by the testing process,
and then ﬁnally the prediction process.
Step 1: The daily rainfall data are used as an input. Theoretically this is where all the Abs are distributed. The
Abs used during the training stage are the daily rainfall
data from January 1990 to December 1999, excluding
the missing data. In a CSA, the historical rainfall data
represents the distribution of the Abs in a clonal
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where Ab is the real numbers of antibodies; Ag is the
random variable of antigen.
The mutation process is performed in Step 3.
The number of mutations are named as number of
detectors. In this study, the number of detectors used
was 100, which had been proved (Noor Rodi et al. ).
Step 4: The cloning process is being performed by selecting
the Abs with higher afﬁnity. Here, the cells which are
capable of recognizing an antigenic stimulus will proliferate and differentiate into the cells, being selected against
those that do not. These selected Abs are then cloned.
When the Abs are found to have a low afﬁnity value,
Step 3 is repeated. These iterations are named mutations.
The testing process of the proposed prediction model
begins from Step 4 until 7.
Step 5: The second measurement of the afﬁnity values
between the selected Ag and the cloned Abs (from
Step 4) is calculated. The selected Ag is obtained
from 10 cross-validations performed in the training process. This is to ensure that the accuracy of the model
veriﬁcation is being performed. In this study, 10 cross
validations are used through trial and error. In order
to obtain the selected Ag in Step 5, the forecasting
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rate (FR) is obtained from the calculated training process using
P
FR ¼

Actual value  Simulated value
No: of data

(4)

Step 6: The cloned Abs generated during the testing process
are compared with the actual data.
Step 7: The percentage of accuracy of the proposed model is
calculated. This is the end of the testing process.
Step 8: Lastly, the prediction process is performed using the
ﬁnal cloned Abs.

RESULTS AND DISCUSSION
In this study, the structure of an AIS Algorithm was designed
using a self-written coding via MATLAB 7.12 (R2011a). The
prediction process is performed using the ﬁnal cloned Abs.
A summary of the duration period was performed for the
training, testing and prediction modelling as shown in
Table 1.
Table 1
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Model validation
Historical rainfall data collected within the state of Selangor, Malaysia, were used to validate the proposed
prediction model. The catchment area analysed is
7,950 km2 and is located in the humid tropical zone.
From the month of April to May, the state of Selangor
is inﬂuenced by heavy rainy seasons called the south-westerly monsoon and once again from the month of
October to December which is called the north-easterly
monsoon. The source of the rainfall data is obtained
from by the Department of Irrigation and Drainage
Malaysia. The data from the three rain gauge stations
located along Klang River are selected as input data.
The three rain gauge stations selected are representing
upstream (Station 1  JPS Ampang), mid- (Station 2 
Genting Sempah) and downstream (Station 3  Klang
Town) of the Klang River.
In the model validation stage, the developed prediction
model was validated through a graphical presentation of the
actual and predicted data using the similarity percentage as
the equation below:

Summary of duration period for CSA simulation

% of similarity ¼ 100  sum(accuracy=10)

(5)

Training period

Testing period

Rainfall station (ID)

(year)

(year)

Prediction

Station 1
JPS Ampang
(3117070)

1990–1999

2000–2011

2012–2022

Comparisons between the actual and predicted rainfall
data for all the three rainfall stations were analyzed in the
testing stage as explained below.

Station 2
Genting Sempah
(3317004)

1990–1999

2000–2011

2012–2022

(a) Station 1 (JPS Ampang)

Station 3
Klang Town
(3014080)

2002–2006

2007–2011

2012–2016

Figure 3

|

Figure 3 shows a graphical presentation of the actual
and predicted daily rainfall data in year 2000. From the
simulation, the similarity percentage obtained was 86.53%.
The predicted data were obtained using the historical data

Comparison between the actual and predicted rainfall data for Station 1 in year 2000.
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Comparison between the actual and predicted rainfall data for Station 2 in year 2000.

Figure 5
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Comparison between the actual and predicted rainfall data for Station 3 at year 2007.
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from the pattern values from the years 1990 to 1999, which
were calculated during the training stage.

Table 2

Similarity percentage

Historical

(b) Station 2 (Genting Sempah)

Rainfall station

(%)

data

Station 1 – JPS Ampang
(3117070)

86.53

10 years

Station 2 – Genting Sempah
(3317004)

92.24

10 years

Station 3 – Klang Town
(3014080)

82.66

5 years

The comparison between the actual and predicted daily
rainfall data for Station 2 in year 2000 is shown in Figure 4.
From the simulation, the similarity percentage obtained
between the actual and predicted data was 92.24%.

Summary of similarity percentage at testing stage

(c) Station 3 (Klang Town)
Figure 5 shows the comparison between the actual
and predicted rainfall data for Station 3 in year 2007.
From the simulation, it was found that the similarity percentage between the actual and predicted rainfall data
was 82.66%.
Table 2 shows a summary of similarity percentage
between the actual and predicted rainfall data for all the
three rainfall stations analyzed in the testing stage. The
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proposed model underwent a cross-validation process to
further verify the model’s improvement and capability as
stated in Equation (4). From the results, Station 2, had the
highest similarity percentage  92.24%. During the training
stage, the number of historical data for Station 1 was lower
than Station 2 due to the missing data. Station 3 had the
lowest percentage of similarity  82.66%. The predicted
data in this station were obtained from the 5 years of
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historical data available as compared to Station 1 and
Station 2, which had 10 years of available historical data.
It can be concluded that the greater the amount of historical
data used, the greater the accuracy achieved. The CSA can
be used as an alternative method for predicting future rainfall data, as compared to the traditional statistical,
stochastic and artiﬁcial neural network techniques commonly used in hydrology.

CONCLUSIONS
This study has successfully developed a time series prediction model for the daily rainfall data using an AIS
approach. It is proven that the theory of biological
immune systems can be applied in this study. A large population of the historical rainfall data used can be represented
by the population of antibodies in the human body system.
The attacking antigens in the human body system are presented by the pattern of historical input data.
In the training stage of this study, it was found that the
proposed CSA can predict with an accuracy of more than
90% at different numbers of detector sets. In the testing
stage, the results obtained show that the percentages of
accuracy between the actual and generated data were
within the range of 75 and 92%.
During the testing stage, it was found that the Genting
Sempah rainfall station had the highest percentage of similarity between the actual and generated data. From this
observation, the numbers of historical data used during the
training stage among these three rainfall stations were analysed differently. Even though the JPS Ampang and
Genting Sempah rainfall stations were both using 10 years
of historical data, the amount of missing data for the JPS
Ampang rainfall station was higher than the Genting
Sempah rainfall station. This has made the number of data
available for the training stage less for the JPS Ampang rainfall station. Therefore, it can be concluded that the larger the
amount of historical data available, the greater the accuracy
of future data that can be made using the CSA approach.
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