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Abstract — This paper presents the result of modelling daily streamflow for a catchment area in
Malaysia by using rainfall and water level data. The data used in this paper are based on the data
recorded at the Sungai Pahang basin obtained from Department of Irrigation and Drainage (DID) and
this paper applies an approach of Genetic Algorithm model. Genetic programming software called
Discipulus is used for modelling the daily streamflow. In this paper, the data of the rainfall and water
level are extracted and filtered before the data are transformed into Training, Validation and Applied
Data for optimization process of Discipulus. The daily streamflow model that generated from
Discipulus is compared to actual streamflow data. The major aim of the research is to forecast daily
streamflow based on rainfall and water level data, to evaluate the performance and reliability of the
time series model for daily streamflow forecasting where evaluation of model performance is based on
Genetic Algorithm modelling by using Discipulus. The result shows that genetic programming able to
predict reliable model of daily streamflow for Sungai Pahang basin and it is recommended that more
catchment areas to be modeled using genetic programming in order to achieve better result
interpretation. Copyright © 2016 Penerbit Akademia Baru - All rights reserved.
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water level data.

1.0 INTRODUCTION

Rainfall is the driving force behind storm water studies and design. Adequate knowledge of
the rainfall-runoff process is important for optimal design of water storage and drainage
networks, management of extreme events such as floods and droughts, and determination of
the rate of pollution transport [1, 2]. An understanding of rainfall process and accurate rainfall
data is necessary for preparing satisfactory drainage and storm water management systems. In
Malaysia, rainfall data is collected by several departments and authorities including Malaysian
Meteorological Department and Department of Irrigation and Drainage (DID).

Urbanization has brought remarkable impacts such as increase in peak runoff and decrease in
time of concentration due to land covers change [3]. The principles of watershed hydrology
cannot be directly applied to urban hydrology because flow in an urban setting concentrated
into swales, open channels and storm sewers, all of which accelerate the flow [4]. Thus modern
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methods of rainfall-runoff analysis are needed to quickly assess and monitor the degree of
severity of these impacts. Considerable effort has been directed towards development of
mathematical models that can be used to analyse the urban drainage system [5]. This paper
aims to forecast the daily streamflow based on rainfall data and water level input and at the
same time to evaluate the performance and reliability of the time series model for daily
streamflow forecasting. The evaluation of model’s performance is based on genetic algorithm
programming.

In order to provide understanding of rainfall-runoff process, a model is calibrated to mimic real
hydrological conditions in the catchments. This model might give the peak discharge from a
small watershed as some function of the watershed area, a flood frequency curve, a
comprehensive “deterministic” model capable of generating synthetic streamflow records or it
might be a stochastic model for generating a time series of hydrologic data [6].

Modifying model parameters is essential to minimize prediction errors since surface runoff
varies in response to the characteristics of the catchments [7, 8]. Therefore, in most application,
a model must be guided into a useful tool by calibration and validation. A model should be able
to reproduce the behaviour of a watershed and be precise in terms of reproducibility, which is
strongly related to uncertainty or random errors [5].

In genetic algorithms, solutions to a problem are translated into coded strings. Genetic
algorithm search the optimal solution based on Darwin’s theory on the survival of the fittest
[9]. It means the strings survive from one generation to another and trade part of their genetic
material with other strings depending on their robustness as defined by the objective function
[10]. Genetic algorithms are extensively used stochastic search methods initially developed by
Holland [11, 12]. Genetic algorithms easily accept discontinuities present in the formulation of
the problem. They are also less dependent on initial conditions as they consider several
solutions simultaneously instead of only one, and this reduces the risk of ending the
optimization process at a local optimum. They are also well suited for combinatorial problems
and algorithm solving model [13, 14].

Genetic algorithms have been regularly employed on applications to water resources and
hydrology. Recent applications in these domains have been performed by Samuel and Jha in
2003 [15] for groundwater modelling and Cheng in 2002 [16] for rainfall-runoff modelling. A
particular advantage of genetic algorithms is that they are easy to implement, using very simple
yet efficient rules for reproduction of coded strings from one generation to another, crossover
for the sharing of information among the strings, and mutation to ensure the diversity of
solutions [13].

2.0 METHODOLOGY
2.1 Study Area

The study is conducted at sungai Pahang basin. Sungai Pahang Basin has a catchment area of
29300km2 where the entrance to Sungai Pahang is located on an extensive, flat coastal plain
with 30km wide. Sungai Jelai and Sungai Tembeling linked at Kuala Tembeling to form Sungai
Pahang, which flows to south. The gradient of Sungai Pahang is even, averaging 1 to 6500
from Kuala Tembeling to the South China Sea. In this paper, daily rainfall and water level data
from the gauging stations of Sungai Pahang Basin are selected. Figure 2 shows telemetry
station in Pahang.
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2.2 Data Collection

The hydrological data for the rainfall and water level data in the study were obtained from DID
for the Sungai Pahang catchments. Daily rainfall and water level data of 20 years period were
selected for the eight selected stations. However, analysis has been done to determine and filter
only the accurate and complete data. Then, these data are input in Discipulus to be learnt by
the software in order to develop a streamflow forecasting model. The optimization process of
Discipulus used in the methodology for this paper is summarized in Figure 1.

DISCIPULUS optimization process
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Figure 1: Optimization process of Discipulus

2.2 Presentation of Data

The samples of data obtained are presented in table form as in Table 1. The data for rainfall at
four different stations (X1, X2, X3, X4) and water level at four different stations (Y1, Y2, Y3,
Y4) is recorded daily for 20 years. Therefore, there are all together 7300 numbers of data but
only 2048 numbers of data are fit to be used in this paper due to incomplete and inaccurate
data. The data were split into Training, Validation and Applied Data sets before the data are
input in the Discipulus. The data is analysed by Discipulus and genetic programming is applied
to develop relationship between the future water level at station Y4 with the rainfall data (X1,
X2, X3, X4) and water level data (Y1, Y2, Y3).
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Table 1: Samples of rainfall and water level data

. X2 “ “ Y1 Y2 Y3 Y4
Rainfall  Rainfall  Rainfall  Rainfall o Water Water Water
level level level level

R (m) (m) (m)

2.8 0.0 8.5 0.0 31.61 43.40 67.37 13.00
0.0 0.0 12.5 0.0 31.85 43.59 67.53 12.97
6.6 6.5 10.0 0.0 31.65 43.91 66.93 13.03
0.0 0.0 30.0 0.0 31.55 44.47 66.85 13.16
0.0 0.0 6.5 0.0 31.86 44.50 66.87 13.66
0.0 5.5 6.5 0.0 32.13 43.84 67.01 14.12
0.0 3.0 30.0 0.0 32.38 43.60 67.18 14.03
47.0 1.0 5.0 0.0 32.40 43.62 67.58 13.68
18.0 4.0 15.0 0.0 3242 575 67.47 13.55
0.0 7.5 35.0 0.0 32.60 44.11 67.50 13.56

3.0 RESULTS AND DISCUSSION

In order to simplify the daily streamflow model, the data for rainfall at four stations (X1, X2,
X3, X4) and water level at four stations (Y1, Y2, Y3, Y4) is consider as the daily data.
Therefore, there is only one set of data for each day. After these data is input in Discipulus, it
creates comprehensive reports that show the Best Program and the Best Team Model output
after the tabulated input data are ran. The target output is the actual reading of water level at
station Y4. It is found that the genetic programming model is able to evolve an equation that
trains well on the training and validation data and the performance on the applied data is also
good.

The data need to be divided into three sets which are training, validation, and applied data.
Training and validation data need to be input in Discipulus at the same time and Discipulus
will come out with a daily streamflow model and also to verify the model. Then, applied data

is used to check the performance and reliability of the model to predict the water level at station
Y4.

3.1 Genetic Programming Forecast and Results

Figure 3, Figure 4, and Figure 5 shows the actual water level and forecasted water level at the
catchment outlet (Y4) versus time. The time is referring to the day where the data of actual
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water level is recorded. Actual water level is obtained from DID based on recorded data while
forecasted water level is generated by Discipulus. The data is plotted to evaluate how well the
Discipulus would be able to predict the water level at catchment outlet (Y4) by comparing with
the actual water level. It is presented in Figure 3, Figure 4 and Figure 5 that the genetic
programming for training model, validation model, and applied model consistently predicts the
same trend of the water level at station Y4 compared with actual data. It shows that Genetic
programming model trains well and able to duplicate the actual reading of the water level at
station Y4 with a small tendency of error.
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Figure 2: Observation stations for rainfall and water level
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3.2 Training Data

The training data contains the data that Discipulus used for learning. In other words, the fitness
function or the hit-rate in Discipulus is calculated on the training file. The training data is a
daily basis data that obtained from DID which consist of daily tabulated rainfall at station X1,
X2, X3, and X4 and also daily water level at station Y1, Y2, Y3, and Y4. Once this data is
uploaded, Disciplulus will evolve program based on daily tabulated rainfall at station X1, X2,
X3, X4 and daily water level at station Y1, Y2, Y3 to predict the water level at station Y4. An
evolved program is ranked as more fit during training session if it generates better prediction
of water level at station Y4 when compared to the actual data of water level at station Y4 in
the training file. The difference between Discipulus forecasted data and actual data of water
level at station Y4 is visualised in Figure 3. It shows that Discipulus is able to imitate actual
data of water level at station Y4.

Training Chart
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Figure 3: Training Data Chart

3.3 Validation Data

Training and validation data must be uploaded simultaneously before Discipulus can be ran. In
the practise, Discipulus will train and validate the program at the same time. The validation
data is used by Discipulus to pick the best programs from the population. The validation data
should contain examples that are of the same type and structure as the training examples and
that comprise a good representative set of samples from the learning domain. Validation data
will ensure that the best program for the prediction of water level at station Y4 is chosen so
that it can accurately forecast the actual water level. Figure 4 shows the tabulated data for the
forecasted water level by Discipulus and actual water level at station Y4. Figure 4 indicates
that Discipulus come out with the best program which able to predict the actual water level at
station Y4 with minimum deviation.

Validation Chart
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Figure 4: Validation Data Chart
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3.4 Applied Data

The whole point of Discipulus is to evolve programs that are useful on data that are unavailable
when the program is trained and it can be done by using applied data. The applied data contain
examples that are of the same type and structure as the training examples and that comprise a
good representative set of samples from the learning domain. At this stage data of daily rainfall
at station X1, X2, X3, and X4 and also daily water level at station Y1, Y2, Y3 is uploaded into
Discipulus. Discipulus utilize the best program to predict the water level at station Y4. Then
the forecasted water level at station Y4 is compared with the actual data of the water level at
station Y4 and presented in Figure 5. It shows that Discipulus manage to imitate the actual data
where the pattern of forecasted data and actual data of water level at station Y4 is similar
although there is small discrepancy.

Applied Chart
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Figure 5: Applied Data Chart

Table 2: Goodness of fit measures for the catchments using MAPE

Data MAPE (%)
Training 2.36
Validation 2.85
Applied 3.66

In this paper, Discipulus forecast the water level at station Y4 based on input data of daily
rainfall at station X1, X2, X3, and X4 and also daily water level at station Y1, Y2, Y3. The
comparison of data between forecasted water level and actual water level at station Y4 is
presented in Figure 3, Figure 4, and Figure 5 for training data, validation data and applied data
respectively. Then, the forecast accuracy for the data is measured by applying Mean Absolute
Percentage Error (MAPE) as in (1). The Mean Absolute Percentage Error between forecasted
data and actual data of water level at station Y4 is calculated for training data, validation data
and applied data. The result in Table 2 shows that Mean Absolute Percentage Error of 2.36%
for training, 2.85% for validation, and 3.66% for applied data. This shows that the program has
used the training and validation data as a learning domain and produces the best applied data.
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n

MAPE :lz

n -

AZE x100% (D)

Where At, Ft, n are the actual data (actual data of water level at station Y4), forecasted data
(forecasted data of water level at station Y4), and number of data respectively.

4.0 CONCLUSION AND RECOMMENDATION

In this paper, the suitability of using the data-driven genetic programming for modelling the
rainfall-runoff process in catchments is studied. It is found that Disciplulus successfully
forecast the water level for the Sungai Pahang Basin catchments based on daily rainfall data
and daily water level data where the MAPE for training, validation, and applied data is 2.36%,
2.85% and 3.66% respectively. Thus, it proves that Discipulus is reliable in modelling the daily
streamflow and it shows that simple and small genetic programming models can be evolved
and come out with the best program which able to forecast the actual water level for the Sungai
Pahang Basin catchments.

Based on the results, genetic algorithm programming can be extended to be applied in
forecasting water level at river basin during flood to enhance disaster management in the
country. For that purpose, a more accurate data of rainfall and water level from corresponding
stations is essential so that genetic algorithm manage to forecast an accurate and useful data
for that purpose. Based on the study of streamflow modelling using genetic algorithm
programming, the followings conclusions are drawn:

* Genetic algorithm programming is easy to be applied and used by end-user to analyse any
kind of data problems that requires forecasting.

* Genetic algorithm programming is a reliable tool in developing a model to forecast the
daily streamflow based on rainfall and water level input.

* Rainfall and water level input can be used to study streamflow for forecasting water level
of river basin with long reliable record.

* It is identified that genetic algorithm programming is able to provide an alternative method
of streamflow generation. This can be applied to predict the water level of a specific
catchment area for future studies.

The followings are the suggestions for the further studies in similar streamflow modelling:

* More catchment areas needed to be modeled using genetic algorithm approach in order to
achieve better result interpretation. A large number of data stations may lead to a better
result.

* Hourly raining and water level data should be used in similar studies to improve capability
of solving more difficult problem.
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