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Abstract: The aim of this study is to accurately forecast the changes in water level of a reservoir
located in Malaysia with two different scenarios; Scenario 1 (SC1) includes rainfall and water level as
input and Scenario 2 (SC2) includes rainfall, water level, and sent out. Different time horizons (one day
ahead to seven days) will be investigated to check the accuracy of the proposed models. In this study,
four supervised machine learning algorithms for both scenarios were proposed such as Boosted
Decision Tree Regression (BDTR), Decision Forest Regression (DFR), Bayesian Linear Regression
(BLR) and Neural Network Regression (NNR). Eighty percent of the total data were used for training
the datasets while 20% for the dataset used for testing. The models’ performance is evaluated using
five statistical indexes; the Correlation Coefficient (R2), Mean Absolute Error (MAE), Root Mean
Square Error (RMSE), Relative Absolute Error (RAE), and Relative Squared Error (RSE). The findings
showed that among the four proposed models, the BLR model outperformed other models with R2

0.998952 (1-day ahead) for SC1 and BDTR for SC2 with R2 0.99992 (1-day ahead). With regards to
the uncertainty analysis, 95PPU and d-factors were adopted to measure the uncertainties of the best
models (BLR and BDTR). The results showed the value of 95PPU for both models in both scenarios
(SC1 and SC2) fall into the range between 80% to 100%. As for the d-factor, all values in SC1 and SC2
fall below one.

Keywords: forecasting water level; machine learning algorithms; boosted decision tree regression;
decision forest regression; neural network regression; Bayesian linear regression

1. Introduction

A reservoir is a physical structure (artificial and natural) used as water storage for water storage
preservation, control, and regulation of water supply [1]. Thus, climate change is likely to cause
parts of the reservoir’s water cycle to intensify as warming global temperatures increase the rate of
evaporation around the world. More evaporation is causing more precipitation on average where it
leads to increasing of water level in reservoir. When a reservoir is full at the top water level because of
excessive inflow, it will cause the water level to rise and increase the rates of discharge over the spillway.
This event can cause flooding downstream. Flooding is one of the extreme events that has a major
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impact on reservoirs, especially at unregulated sites where it can directly or indirectly cause extreme
losses to the public such as houses, facilities, assets, or innocent souls [2]. The water level in all water
bodies changes to some extent and the intake facility should be considered in terms of the anticipated
varieties. During drought season, the water level in reservoirs will be low and abstraction might not be
permitted. Though the abstraction is permitted, the water level may still not be high enough to drive
the desired stream into the intake. A weir or torrent may be required to sustain an adequate water
level. One major problem in current dam impact studies is the lack of a reliable model for simulating
the implications of water level on the reservoir operation. It reduces the efficiency of the reservoir
operation as some amount of water has to be released through the spillway to ensure the water level is
below the full supply level. In forecasting reservoir water levels, two methods can be applied, which is
to weigh the model utilizing the water level’s natural factors and to acknowledge the natural factors
effecting historical water level to anticipate future levels [3]. Essentially, utilizing historical water level
information can altogether diminish the inconsistency between factors in a model. Also, the importance
of prior knowledge of water level will give benefit to the operator regarding the optimal draw of
the water level and sustainable plan for hydropower generation. Therefore, this paper focuses on
forecasting changes on water level using Machine Learning (ML) algorithms.

The term ML means to facilitate machines to review without programming them explicitly.
In particular, the performance of ML in intelligence tasks is largely due to its ability to discover
a complex structure that has not been defined prior [4]. There are four general ML methods [5,6]:
(1) Supervised, (2) unsupervised, (3) semi-supervised, and (4) reinforcement learning methods.
The difference between supervised and unsupervised learning is that supervised learning already has
the expert knowledge to develop the input/output [7]. Meanwhile, unsupervised learning only has
the input and the model will learn the hidden structure or data distribution to produce the output as
cluster or feature [8–10]. The aim of ML is to allow machines to predict, cluster, extract association rules,
or make decisions from a given dataset [11]. Over the past years, there has been numerous techniques
employed in forecasting the hydrological events. Previously, the tools to forecast reservoir water
level used conventional approach of linear mathematical relationships based on operator experience,
mathematical curves, and guidelines [12]. However, due to the complexity and lack of access to the data,
overestimating parameters and high missing values in data cause poor performances and undermining
of numerical models. With regards to these issues, the use of ML approaches has been introduced,
on the condition of improved results in modelling nonlinear processes and forecasting than traditional
models, such as moving average methods [13–15]. The core advantage of this modelling is the skill of
the software to plot the input–output patterns without the aforementioned expertise of the factors
affecting the forecast parameters [16,17]. Hence, researchers have since started to practice this ML to
predict variety of modelling approaches and parameters to improve the accuracy and reliability of
describing the predicting model.

As such, numerous researchers used ML to forecast water level such as Artificial Neural
Networks [18,19], Support Vector Machines (SVM) [17,19,20], Adaptive Neuro-Fuzzy Inference Systems
(ANFIS) [17–20], Radial Basis Neural Networks (RBNN) [20], Generalized Regression Neural Networks
(GRNN) [20], Radial Basis Function-Firefly Algorithm (RBF-FFA) [21], and Cuckoo Optimization
Algorithms [18]. Furthermore, few researchers have also used hybrid and improvised models such
as Wavelet-Based Artificial Neural Network (WANN) and Wavelet-Based Adaptive Neuro-Fuzzy
Inference System (WANFIS) [22] and Least Squares Support Vector Machine (LSSVM) [23]. Damien [24]
stated that all approaches of ML are within the same range as they all showed decent prediction in
different scenarios and the quality of data used. However, the downside of using these ML techniques,
such as ANN and ANFIS, is the outcome dissimilarity that depend on the complexity of the modeled
system. Therefore, new ML approaches has been introduced in this study for forecasting the water
level, which is Boosted Decision Tree Regression (BDTR). This BDTR has become more popular because
of the simplicity of the model system. In spite of the simplicity, it can exhibit good predictive and tends
to improve accuracy with minor risk of less coverage.
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The major aim of the study is to provide the operator of the reservoir with accurate water level
forecasting tool and investigate different modelling approaches like Boosted Decision Tree Regression
(BDTR), Decision Forest Regression (DFR), Bayesian Linear Regression (BLR), and Neural Network
Regression (NNR) and the effectiveness of these algorithms in learning the parameter pattern of water
level. Secondly, the objective of this study is to assess and evaluate different scenarios and time horizons
to find the most accurate and reliable model. Thirdly, this study is essential for industrial activities and
progress, and better forecasting accuracy for water level would help generate better operation policies
for the reservoir, which leads to better condition for water users including the business of agricultural
process, industrial activities, and hydropower generation. As a result, the accurate forecasting for
water level will positively affect for better planning for all related industrial and business activities.
In a nutshell, the motivation of this study is necessary for predicting/forecasting the water level in the
reservoir as it is an important variable for the decision-maker or the operator of the reservoir to know
in order to be able to optimize the water resources planning.

2. Materials and Methods

2.1. Study Area and Dataset

Sultan Mahmud Power Station or Kenyir Dam is the Kenyir Lake, Terengganu, Malaysia hydroelectric
dam and is situated 50 km in distance southwest of Kuala Terengganu (latitude: 5◦1′25.23′′ N,
longitude: 102◦54′35.88′′ E) with catchment area is 1260 sq km. The Kenyir Reservoir was built by the
structure of the Kenyir dam to sustain Sungai Terengganu flows throughout the year for the production
of hydroelectric power. Figures 1 and 2 illustrate the Kenyir Dam location and station layout.
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Figure 1. Location of Kenyir Dam. Figure 1. Location of Kenyir Dam.

Data for this study were secondary data, a total of 12,531 (34 years) historical data points
were collected for the daily water level and daily rainfall from April 1985 to July 2019 and 82,057
(9 years) hourly sent out data from March 2010 to July 2019 were acquired from the Kenyir Operation
Unit. For reservoir water level, the range was based on the hydraulic features of Kenyir Dam;
minimum operating level was at 120 m, full supply level (FSL) was at 145 m, and the maximum
water level was at 153 m. The basic statistical parameters, namely minimum, maximum, average,
standard deviation (S.D.), and total count of the input are presented in Table 1.
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Table 1. Data acquired with descriptive statistics.

List of Data/Input Unit Minimum Maximum Average S.D. Count

Daily Water Level mm 133.63 148.08 140.12 2.6385 12,531
Daily Rainfall mm 0 1211 11.87 33.6455 12,531

2.2. Input Selection

In Machine Learning (ML), one of the main tasks is to choose input parameters that will
influence output parameters because it will require attention and good understanding of the
underlying physical process based on causal variables and statistical analysis of possible inputs
and outputs [10]. Reservoir water level is basically affected by the hydrological phenomena such as
rainfall, heat and temperature, evaporation, discharge, and also, the decision of send out water to the
river downstream. Rising water level can cause flooding downstream and the importance of forecasting
water level is to control the water release during dry and wet season.

There are two different input for forecasting water level, which are Scenario 1 (SC1) in Equation (1)
and Scenario 2 (SC2) in Equation (2).

WLt+n = Rt + WLt (1)

WLt+n = WLt + Rt + St (2)

where Rt is the rainfall and WLt is water level at time t and the water level for 7 days ahead, and where
n is a day-ahead value like tomorrow until the seventh day ahead will give an insight on the best
forecasting scenarios. Also, St is sent out as additional input for the scenarios 2. Also, SC1 will use the
data from 1985 to 2019 and SC2 from 2010 to 2019.

2.3. Data Partitioning

Data partitioning in ML has several ways to be used in an experiment. Training and test partition
or cross validation were the most popular ways for data partitioning [25,26]. In forecast modeling
purposes, a training dataset is employed for an ML algorithm to learn the pattern of the input and
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form a model; consequently, the test partition used to measure against the prediction precision of the
model [27]. The partition of data to train and test should be representative of each partition to avoid
issues or bias to the datasets. The training set should be a higher value than the test set as it has to learn
the data pattern before going to test the data. Researchers have chosen to go with training rate between
80% and 95% [10,21,28]. Thus, these datasets were randomly split into a training set that contained
80% of the total data and another 20% for the test set.

2.4. Models Used for Forecasting

The forecasting model will use four different ML algorithm, which are Boosted Decision Tree
Regression (BDTR), Decision Forest Regression (DFR), Neural Network Regression (NNR), and Bayesian
Linear Regression (BLR).

A BDTR is one of several classic methods to create an ensemble of regression trees where each
tree is dependent on prior tree [29]. In a simple word, it is an ensemble learning method during
which the errors of the primary tree will be corrected by the second tree, the third tree corrects for
the errors of the primary and second trees, and so on. Predictions are based together on the whole
set of trees, which makes the prediction. The BDTR shows an exceptionally great ability in dealing
with tabular data [30]. The advantages of BDTR is it robust to missing data and normally allocates
feature significance scores. Usually BDTR perform better than DFR because it appears to be the
method of choice with slightly better performance than DFR in Kaggle competition [31]. Unlike DFR,
BDTR may be more prone to overfitting because the main purpose is to reduce bias and not variance.
BDTR takes a longer time to develop since it has many hyperparameters to tune and trees are built
sequentially [32]. Figure 3 below shows the distribution of BDTR where the trees are generally shallow
with three parameter—number of trees, depth of trees, and learning rate.
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Figure 3. Boosted decision tree regression.

A DFR is an ensemble of randomly trained decision trees [33]. It works by constructing a
huge number of decision trees at training time and producing an individual tree model of classes
(classification) or mean forecast (regression) as the end of product. Referring to Figure 4, each tree is
developed using a random subset of features employing an irregular subset of data, which deviate
the trees by appearing them diverse datasets. It has two parameters, which is the number of trees
and number of features to be selected at each node. DFR is good at generating uneven data sets with
missing variables since it is generally robust to overfitting. It also has lower classification error and
better f-scores than decision trees but it is not easy to interpret the results [32]. Another disadvantage of
importance is that the feature may not be vigorous enough to deal with the variety within the prepared
dataset. Figure 4 below shows the distribution of DFR.
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Figure 4. Decision forest regression.

NNR is a chain of linear operations scattered with various nonlinear activation functions [34].
In general, the network has these defaults; the first layer is the input layer, the last layer is the output
layer, and the hidden layer, which consists of the number of nodes that should be equal to the number
of classes [24]. A neural network (NN) model is defined by the structure of its graph, which includes
these features; the number of hidden layers, the number of nodes in each hidden layer, how the layers
are connected, and which activation function is used and weights on the graph edges. Although NN
are widely known for use in deep learning and modeling complex problems such as image recognition,
they are easily adapted to regression problems. Any class of statistical models can be termed an NN if
they use adaptive weights and can approximate non-linear functions of their inputs. Thus, NNR is
suited to problems where a more traditional regression model cannot fit a solution. Figure 5 below
shows the architecture modelling system of NNR.
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Figure 5. Neural network regression.

Bayesian Inference is used in the Bayesian approach unlike linear regression [35]. Prior parameter
information is combined with a likelihood function to generate parameter estimates, which means
the forecast distribution evaluates the likelihood of a value y given x for a particular w, by means of
likelihood by current belief about w given data (y, X). Finally, all possible values of w are summed [35].
BLR enables the survival of insufficient data or incorrectly distributed data by a fairly natural process.
The major advantage is that, by this Bayesian processing, you recover the whole range of inferential
solutions, rather than a point estimate and a confidence interval as in classical regression. Figure 6
below shows the architecture modelling system of BLR.
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To summarize, the choice of the proposed methods to implement the forecasting for water level is
the difficulty for mimicking the water level process utilizing traditional model methods. This is due to
the fact that the water level behavior is affected by different stochastic and natural resources such as
reservoir inflow pattern from the upstream river and also the evaporation process from the reservoir
surface area as it affected by the stochastic changes in the temperature, relative humidity, etc.

2.5. Best Models Performance Evaluation

Model performance evaluation was used to signify the successful of scoring (datasets) that has
been by a trained model to mimicking the real values of the output parameters indicated as follows;

i Mean absolute error, MAE [36] reflects the degree of absolute error between the actual and
forecasted data.

MAE =
1
n

N∑
i=1

|MSLp −MSLo| (3)

ii Root Mean Square Error, RMSE [36] is compared between the actual and forecasted data.

RMSE =

√∑n
i=1 (MSLp −MSLo)

2

N
(4)

iii Relative absolute error, RAE [37] is the relative absolute difference between actual and
forecasted values.

RAE =

∑n
i=1

∣∣∣pi − ai
∣∣∣∑n

i=1

∣∣∣a− ai
∣∣∣ (5)

iv Relative squared error, RSE [37] similarly normalizes the entire squared error of the
forecasted values.

RSE =

∑n
i=1(pi − ai)

2∑n
i=1(a− ai)

2 (6)

v Coefficient of determination, R2 [38] shows the performance of forecasting model where zero
means the model is random while 1 means there is a perfect fit.

R2 =

∑n
i=1

(
MSLo −MSLo

)(
MSLp −MSLp

)
√∑n

i=1

(
MSLo −MSLo

)2 ∑n
i=1 (MSLp −MSLp)

2
(7)
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In a nutshell, the performance of forecasting is better when the value of R2 is close to 1 and differs
for RMSE and MAE because the model’s performance will be better if the value is close to 0 [39].

2.6. Sensitivity Analysis (SA)

The need of SA is crucial element of decision-making, to learn how the output of the decision-
making process changes when the input is varied [40]. The approach that we chose to determine the
SA involves using the ML with the BDTR algorithms. Table 2 shows the forecasting performance of the
coefficient of determination, R2 for each input reacting to finding the optimal decision-making of the
output, WLt+1. The value that is close to 1 shows better model’s performance.

Table 2. Sensitivity analysis with machine learning algorithms, Boosted Decision Tree Regression (BDTR).

No. Input Output R2

1 WLt + Rt + St WLt+1 0.982172
2 WLt + Rt WLt+1 0.982291
3 WLt + St WLt+1 0.981505
4 Rt + St WLt+1 0.009579
5 WLt WLt+1 0.98163
6 Rt WLt+1 −0.024897
7 St WLt+1 0.005845

2.7. Uncertainty Analysis (UA)

UA attempts to measure the output variance due to the input variability. It is carried out to define
the range of possible outcomes based on the input uncertainty and to examine the impact of the model’s
lack of knowledge or errors. Consideration is given to the percentage of measured data bracketed by
95% Prediction Uncertainty (95PPU) determined by [41]. This factor is calculated at the 2.5% XL and
97.5% XU levels of an output variable where it refused 5% of the very bad simulations.

Bracketed by 95PPU =
1
k

count(K|XL ≤ K ≤ XU) × 100 (8)

where k represents the total of actual data at test phases. Based on Equation (8), the value of “Bracketed by
95PPU” is greater (or 100%) when all measured data at testing stages are inserted between the XL
and XU. Eighty percent and above of the measured data ought to be within the 95PPU level if they
are of great quality. In case of a few regions where data are poor, 50% of data in 95PPU would be
appropriate [42]. D-factors will be used to estimate the average width of uncertainty interim band and
less than 1 will indicated the best value [42] as presented in Equation (9)

d− f actor =
dx

σx
(9)

σx represents standard deviation of actual data x and dx is the average distance between the upper
and lower bands [43] as in Equation (10)

dx =
1
k

k∑
i=1

(XU −XL) (10)

Figure 7 will show the flow chart of the model development.
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3. Results and Discussion

This study aimed to forecast the water level at time t (for seven days ahead) mimicking the closest
values to actual by using four ML’s algorithm (BDTR, DFR, NNR, and BLR) for both SC1 and SC2 and
the performance was accessed for each model for seven days. Mean Absolute Error (MAE), Root Mean
Square Error (RMSE), Relative Absolute Error (RAE), Relative Squared Error (RSE), and Coefficient of
Determination (R2) was the indexed used to validate the performance of each model. All of the model
was then optimized in order to improve accuracy by tuning the hyperparameter and learning rate of
each model. The thorough results are defined in the following sections.
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3.1. Models Performance and Optimization for SC1 and SC2

Table 3 (represent SC1) and Table 4 (represent SC2) summarizes the metrics for each model
for both result of train and tuning hyperparameter. Column 1 in Tables 3 and 4 presents the
one-day-ahead forecasting of the water level, column 2 presents the train model, and column 3
presents the hyperparameter, which searches for a configuration that results in the best performance
across different hyperparameter configurations. As summarized in Tables 3 and 4 for study location at
Kenyir Dam, the average performance of the correlation coefficient was 0.99 and 0.95 for training and
tuning hyperparameter, respectively.

Table 3. Model performance evaluation for SC1.

Days Train Model Tuning Hyperparameter
PERFORMANCE MAE RMSE RAE RSE R2 MAE RMSE RAE RSE R2

BAYESIAN LINEAR REGRESSION
WL+1 0.044009 0.090613 0.018764 0.001048 0.998952 0.044009 0.090613 0.018764 0.001048 0.998952
WL+7 0.279825 0.502471 0.119115 0.032283 0.967717 0.279825 0.502471 0.119115 0.032283 0.967717

NEURAL NETWORK REGRESSION
WL+1 0.111178 0.14177 0.047401 0.002566 0.997434 0.167443 0.188778 0.071391 0.004549 0.995451
WL+7 0.395672 0.622768 0.168428 0.049591 0.950409 0.402966 0.621098 0.171533 0.049326 0.950674

BOOSTED DECISION TREE REGRESSION
WL+1 0.058473 0.106762 0.02493 0.001455 0.998545 0.058791 0.109595 0.025066 0.001533 0.998467
WL+7 0.303549 0.513923 0.129213 0.033771 0.966229 0.307357 0.532512 0.130834 0.036258 0.963742

DECISION FOREST REGRESSION
WL+1 0.058406 0.123373 0.024902 0.001943 0.998057 0.059346 0.116136 0.025302 0.001722 0.998278
WL+7 0.331862 0.553743 0.141266 0.039207 0.960793 0.333282 0.558645 0.14187 0.039905 0.960095

Table 4. Model performance evaluation for SC2.

Days Train Model Tuning Hyperparameter
PERFORMANCE MAE RMSE RAE RSE R2 MAE RMSE RAE RSE R2

BAYESIAN LINEAR REGRESSION
WL+1 0.037837 0.103938 0.018344 0.00168 0.99832 0.037837 0.103938 0.018344 0.00168 0.99832
WL+7 0.23899 0.47754 0.116389 0.035764 0.964236 0.23899 0.47754 0.116389 0.035764 0.964236

NEURAL NETWORK REGRESSION
WL+1 0.046995 0.108712 0.022784 0.001838 0.998162 0.102319 0.139191 0.049607 0.003014 0.996986
WL+7 0.237202 0.495747 0.115519 0.038543 0.961457 0.28669 0.48153 0.13962 0.036364 0.963636

BOOSTED DECISION TREE REGRESSION
WL+1 0.033527 0.063716 0.016255 0.000632 0.999368 0.013926 0.022633 0.006752 0.00008 0.99992
WL+7 0.151617 0.265342 0.073838 0.011042 0.988958 0.063898 0.102157 0.031119 0.001637 0.998363

DECISION FOREST REGRESSION
WL+1 0.025713 0.069899 0.012466 0.00076 0.99924 0.024367 0.066553 0.011814 0.000689 0.999311
WL+7 0.116423 0.264249 0.056699 0.010951 0.989049 0.116864 0.251473 0.056914 0.009918 0.990082

For SC1, all models are able to perform well in forecasting the water level. In the comparison
between four models used, the outcome of the results showed that the BLR outperformed the other
models for both training and tuning. By comparing the scenarios in BLR, it is clear that the model
performs better in predicting WL+1 in terms of R compared with its performance in predicting WL+7.
RMSE and MAE for BLR also shows much a lower value of WL+1 (RMSE = 0.090613, MAE = 0.044009)
than the others model, which indicates that the smaller the result, the better the performance of the
model shows.

For SC2 in Table 4, R2 shows that the performance decreasing along the water level one day
ahead. This not only happens in one ML Algorithms, the coefficients of determination for all model
(DFR, NNR, BLR, and BDTR) have the same pattern. Hence, water level for the first day (WL+1) is more
accurate in forecasting for all the ML Algorithms because the nearest R2 value to 1 means there is a
perfect fit. In addition, the BDTR model gives the best performance in forecasting water level compare
to other ML algorithms. When referring to R2, BDTR has the highest value for training (0.999368,
0.997656, 0.995418, 0.993893, 0.99146, 0.990325, 0.988958) followed by tuning hyperparameter (0.99992,
0.999774, 0.999518, 0.999279, 0.998875, 0.998596, 0.998363) to improve the model accuracy.
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Referring Tables 3 and 4, the result for MAE, RMSE, RAE, and RSE is increased along the water level
one day ahead. This shows that WL+1 for each ML Algorithms has the same pattern, which is increasing,
and it means that the lowest value gave the better performance. Therefore, the rank from highest to
lowest performance for other models in SC1 is BLR, BDTR, DFR, and NNR. Meanwhile, for SC2,
the rank performance is BDTR, DFR, BLR, and NNR. The results of each model for the time horizon
between two days to six days prediction are given in Appendices A and B.

3.2. Scatter Plot for Best Forecasting Model Performance

Figures 8 and 9 represent scatter plot the best models of dataset. WL+1 for both scenarios of the
dataset shows that the plot/distribution is close to each other compared to the next day of water level
until WL+7. The scatter plot of each model for the time horizon are given in Appendices C and D. It can
be seen clearly in scenario one that BLR has outstanding performance in predicting the water level
in the reservoir with a high level of precision for one day and seven days ahead. Similarly, the same
performance has been noticed for scenario two when BDTR was used. These results indicate that these
two models can be used to predict the expected changes in water level one week ahead.

3.3. Uncertainty Analysis of Best Model of SC1 and SC2

UA of the best model for SC1 is BLR while SC2 is BDTR was calculated using 95PPU and d-factor.
Table 5 represent the uncertainty analysis results for seven days and one day ahead of forecasting
water level.

Table 5. Uncertainty analysis of BLR model for SC1 and BDTR model for SC2.

Days Statistic BLR for SC1 BDTR for SC2

WL+1
L95PPU 0.909708687 92.4371394
U95PPU 0.954164831 96.1198655
d-factor 0.000075605 0.000028308

WL+2
L95PPU 0.909524827 92.301457
U95PPU 0.954078332 96.0992443
d-factor 0.000075771 0.000029241

WL+3
L95PPU 0.909376505 92.1516587
U95PPU 0.953682446 95.9710899
d-factor 0.000075350 0.000029441

WL+4
L95PPU 0.909255629 91.7296073
U95PPU 0.953625071 95.7751477
d-factor 0.000075458 0.00003123

WL+5
L95PPU 0.909175731 91.6601331
U95PPU 0.953904084 95.7378567
d-factor 0.000076068 0.000031504

WL+6
L95PPU 0.909081900 91.6177377
U95PPU 0.953521575 95.6896427
d-factor 0.000075577 0.000031501

WL+7
L95PPU 0.908999518 91.5594281
U95PPU 0.953486824 95.667071
d-factor 0.000075658 0.000031828

Table 5 specifies that about 95.42%, 95.41%, 95.37%, 95.36%, 95.39%, 95.35%, and 95.35% of data for
the best BLR in SC1 and 96.12%, 96.1%, 95.97%, 95.78%, 95.74%, 95.69%, 95.67% of data for the best BDTR
in SC2 relate to WL+1, WL+2, WL+3, WL+4, WL+5, WL+6, and WL+7, respectively. Hence, the d-factor
has values of 0.000075605, 0.000075771, 0.000075350, 0.000075458, 0.000076068, 0.000075577, 0.000075658
in SC1 and 0.000028308, 0.000029241, 0.000029441, 0.00003123, 0.000031504, 0.000031501, 0.000031828
in SC2 for WL+1, WL+2, WL+3, WL+4, WL+5, WL+6, and WL+7, respectively.



Sustainability 2020, 12, 6121 12 of 19

Sustainability 2020, 12, x FOR PEER REVIEW 12 of 21 

   

Figure 8. Scatter plot of water level actual versus water level forecasted for the best models (Bayesian Linear Regression (BLR)) for SC1. 

 
  

Figure 9. Scatter plot of water level actual versus water level forecasted for the best models (BDTR) for SC2.

130

132

134

136

138

140

142

144

146

148

150

134 136 138 140 142 144 146 148

W
at

er
 L

ev
el

 P
re

d
ic

te
d

 (
m

m
)

Water Level Actual (mm)

WL+1

130

132

134

136

138

140

142

144

146

148

150

134 136 138 140 142 144 146 148

W
at

er
 L

ev
el

 P
re

d
ic

te
d

 (
m

m
)

Water Level Actual (mm)

WL+4

130

132

134

136

138

140

142

144

146

148

150

134 136 138 140 142 144 146 148

W
at

er
 L

ev
el

 P
re

d
ic

te
d

 (
m

m
)

Water Level Actual (mm)

WL+7

130

132

134

136

138

140

142

144

146

148

150

134 136 138 140 142 144 146 148

W
at

er
 L

ev
el

 P
re

d
ic

te
d

 (
m

m
)

Water Level Actual (mm)

WL+1

130

132

134

136

138

140

142

144

146

148

150

134 136 138 140 142 144 146 148

W
at

er
 L

ev
el

 P
re

d
ic

te
d

 (
m

m
)

Water Level Actual (mm)

WL(+4)

130

132

134

136

138

140

142

144

146

148

150

135 137 139 141 143 145 147 149

W
at

er
 L

ev
el

 P
re

d
ic

te
d

 (
m

m
)

Water Level Actual (mm)

WL(+7)

Figure 8. Scatter plot of water level actual versus water level forecasted for the best models (Bayesian Linear Regression (BLR)) for SC1.
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Figure 9. Scatter plot of water level actual versus water level forecasted for the best models (BDTR) for SC2.
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This finding of the uncertainty analysis revealed that the proposed model exhibited a high level
of accuracy in predicting the water level where all 95PPU for the different time horizons attained more
than 80% and the d-factor value was at a very acceptable level, which fell below this. However, in spite
of such results, there is still a need for further analysis to adopt this model on another study area,
which can be achieved by modifying the architecture of the proposed model since each study area has
its own pattern in water level.

3.4. Taylor Diagram for Best Performance in Each Scenarios

Figure 10 shows the Taylor diagram from water level one day ahead. Taylor diagrams will facilitate
the comparative assessment of different models. It is used to quantify the degree of correspondence
between the modeled and observed behavior in terms of three statistics: The Pearson correlation
coefficient, the root-mean-square error (RMSE) error, and the standard deviation. Figure 10a shows the
four models used; namely, M1 presents BLR, M2 presents NNR, M3 presents BDTR, and M4 presents
DFR. Meanwhile, Figure 10b shows the four models used; namely, M1 presents DFR, M2 presents
NNR, M3 presents BLR, and M4 presents BDTR. From the diagram, we can conclude that the most
correspondence predicted to actual data is M1 for both scenarios, which represents BLR in SC1 and
BDTR in SC2 as the closest to the actual value.
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Figure 10. Taylor diagram of water level one day ahead; (a) SC1 and (b) SC2.

In can be seen based on the correlation and standard deviation between the actual water level and
the predicted one from the proposed model that the developed model is not only capable of predicting
the changes in water level accurately during the entire dataset, but also the standard deviation of
predicted data is close to the actual one. This indicates that the proposed model is capable of mimicking
the variation in the dataset.

3.5. Accuracy Improvement

In order to compare between scenario one and scenario two, the percentage of accuracy
improvement formula was used as follow:

AI% =

(
R2

SC1 −R2
SC2

R2
SC1

)
× 100 (11)

where R2
SC1 is the value of the coefficient of determination given by SC1, while R2

SC2 is the same
coefficient of determination given by the proposed SC2. This comparison of R2 from the best model of
BDTR for the both scenario. Referring to Table 6, this shows that SC2 has the best result rather than
SC1 since the accuracy improvement is positive. The result is the accuracy improvement getting better
among the water level for the next seven days. In can be concluded that by introducing scenario
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two, there is noticeable improvement in predicting the changing in the water level of the reservoir.
In addition to that, the accuracy improvement percentage after introducing scenario two shows that the
model performs better in predicting water level in different lead times where the highest percentage of
accuracy improvement is achieved when the model is used to predict the water level one week ahead.

Table 6. Accuracy improvement with machine learning algorithms, BDTR.

Days AI (%)

WL+1 0.1
WL+2 0.5
WL+3 0.8
WL+4 1.0
WL+5 1.7
WL+6 2.6
WL+7 3.5

4. Conclusions

This study investigated different Machine Learning techniques such as Boosted Decision Tree
Regression (BDTR), Decision Forest Regression (DFR), Neural Network Regression (NNR), and Bayesian
Linear Regression (BLR) to identify the most accurate model for water level prediction based on
daily measured historical data from 1985 to 2019. Different time horizons were examined from one
day ahead to seven days ahead. The results showed that all the models performed well and can
mimic the actual values, however, the BLR model outperformed all other models for SC1 where the
predicted values were found to be close to the coefficient of determination of 1 for forecasting water
level. Meanwhile, BDTR outperformed all other models for SC2. The best model performance of R2

for SC1 is 0.994992, 0.9917, 0.990856, 0.984186, 0.97562, 0.967717 while for SC2 is 0.999368, 0.997656,
0.995418, 0.993893, 0.99146, 0.990325, and 0.988958 for each water level, respectively. After conducting
uncertainty for the proposed models, using 95PPU and d-factor analysis, it can be concluded that
the BLR (for SC1) and BDTR (for SC2) show high satisfaction in degree of uncertainty. In this study,
in spite of introducing few inputs to the proposed models, two input parameters (water level and
rainfall) used in SC1 and three input parameters (water level, rainfall, and sent out) used in SC2, it can
be seen that the models performed well in predicting the changes in water level with a high level of
accuracy. The proposed models can be used as a tool in operating the reservoirs in Malaysia efficiently
and could be an effective method for water decision makers by relying on the highly demanding new
technologies such as Artificial Intelligence. However, further study is needed by including more input
parameters such as the change in rainfall due to climate changes in order to improve the accuracy of
the model and also investigate the impact of the projected rainfall on the water level of the reservoir.
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Appendix A

Table A1. Model performance evaluation for SC1.

Days Train Model Tuning Hyperparameter
PERFORMANCE MAE RMSE RAE RSE R2 MAE RMSE RAE RSE R2

BAYESIAN LINEAR REGRESSION
WL+2 0.090283 0.197871 0.03853 0.005008 0.994992 0.090283 0.197871 0.03853 0.005008 0.994992

WL+3 0.127499 0.255112 0.054307 0.0083 0.9917 0.127499 0.255112 0.054307 0.0083 0.9917

WL+4 0.155695 0.267746 0.066274 0.009144 0.990856 0.155695 0.267746 0.066274 0.009144 0.990856

WL+5 0.19999 0.352059 0.085301 0.015814 0.984186 0.19999 0.352059 0.085301 0.015814 0.984186

WL+6 0.241575 0.437652 0.102644 0.02438 0.97562 0.241575 0.437652 0.102644 0.02438 0.97562
NEURAL NETWORK REGRESSION

WL+2 0.189688 0.270432 0.080954 0.009354 0.990646 0.240352 0.308583 0.102576 0.012179 0.987821

WL+3 0.2535 0.355357 0.107975 0.016104 0.983896 0.299017 0.390702 0.127363 0.019466 0.980534

WL+4 0.296894 0.392924 0.126378 0.019694 0.980306 0.331586 0.417982 0.141145 0.022286 0.977714

WL+5 0.303754 0.453846 0.129559 0.026281 0.973719 0.317227 0.465085 0.135306 0.027598 0.972402

WL+6 0.354343 0.549381 0.150558 0.038417 0.961583 0.361796 0.549335 0.153725 0.03841 0.96159
BOOSTED DECISION TREE REGRESSION

WL+2 0.102537 0.202972 0.04376 0.005269 0.994731 0.104744 0.209917 0.044702 0.005636 0.994364

WL+3 0.140846 0.257757 0.059991 0.008473 0.991527 0.143561 0.263563 0.061148 0.008859 0.991141

WL+4 0.16882 0.268846 0.071861 0.00922 0.99078 0.17548 0.294912 0.074696 0.011094 0.988906

WL+5 0.219524 0.362353 0.093633 0.016753 0.983247 0.221657 0.372882 0.094543 0.01774 0.98226

WL+6 0.262386 0.445628 0.111486 0.025277 0.974723 0.266723 0.466787 0.113329 0.027734 0.972266
DECISION FOREST REGRESSION

WL+2 0.114304 0.227581 0.048782 0.006625 0.993375 0.106757 0.216453 0.045561 0.005993 0.994007

WL+3 0.154058 0.277072 0.065619 0.00979 0.99021 0.154313 0.284775 0.065728 0.010342 0.989658

WL+4 0.190404 0.311362 0.081049 0.012366 0.987634 0.188965 0.314756 0.080436 0.012637 0.987363

WL+5 0.22917 0.373477 0.097747 0.017797 0.982203 0.24428 0.416531 0.104192 0.022137 0.977863

WL+6 0.288314 0.487031 0.122503 0.030192 0.969808 0.286161 0.485307 0.121588 0.029978 0.970022
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Appendix B

Table A2. Model performance evaluation for SC2.

Days Train Model Tuning Hyperparameter
PERFORMANCE MAE RMSE RAE RSE R2 MAE RMSE RAE RSE R2

BAYESIAN LINEAR REGRESSION
WL+2 0.073987 0.198314 0.035874 0.006114 0.993886 0.073987 0.198314 0.035874 0.006114 0.993886

WL+3 0.111681 0.282965 0.054134 0.012442 0.987558 0.111681 0.282965 0.054134 0.012442 0.987558

WL+4 0.145041 0.335153 0.070375 0.017485 0.982515 0.145041 0.335153 0.070375 0.017485 0.982515

WL+5 0.179148 0.39311 0.086971 0.024095 0.975905 0.179148 0.39311 0.086971 0.024095 0.975905

WL+6 0.209249 0.435136 0.101734 0.0296 0.9704 0.209249 0.435136 0.101734 0.0296 0.9704
NEURAL NETWORK REGRESSION

WL+2 0.082241 0.200608 0.039876 0.006257 0.993743 0.156883 0.230574 0.076068 0.008265 0.991735

WL+3 0.109485 0.285484 0.053069 0.012664 0.987336 0.126924 0.28191 0.061522 0.012349 0.987651

WL+4 0.138645 0.340039 0.067272 0.017999 0.982001 0.139091 0.331222 0.067488 0.017077 0.982923

WL+5 0.168694 0.397663 0.081896 0.024656 0.975344 0.167162 0.387644 0.081152 0.023429 0.976571

WL+6 0.199873 0.444197 0.097175 0.030846 0.969154 0.196044 0.431862 0.095314 0.029157 0.970843
BOOSTED DECISION TREE REGRESSION

WL+2 0.054147 0.122797 0.026254 0.002344 0.997656 0.022937 0.038136 0.011121 0.000226 0.999774

WL+3 0.078774 0.171721 0.038183 0.004582 0.995418 0.03285 0.05569 0.015923 0.000482 0.999518

WL+4 0.097424 0.19807 0.047271 0.006107 0.993893 0.40008 0.068048 0.019412 0.000721 0.999279

WL+5 0.11883 0.234035 0.057688 0.00854 0.99146 0.050998 0.084957 0.024758 0.001125 0.998875

WL+6 0.135067 0.248772 0.065668 0.009675 0.990325 0.05683 0.094765 0.02763 0.001404 0.998596
DECISION FOREST REGRESSION

WL+2 0.042122 0.133456 0.020424 0.002769 0.997231 0.040975 0.125642 0.019867 0.002454 0.997546

WL+3 0.062979 0.178128 0.030527 0.00493 0.99507 0.059936 0.165005 0.029052 0.004231 0.995769

WL+4 0.076572 0.186112 0.037153 0.005392 0.994608 0.07575 0.177029 0.036755 0.004878 0.995122

WL+5 0.095061 0.235254 0.046149 0.008629 0.991371 0.094676 0.223153 0.045963 0.007764 0.992236

WL+6 0.10246 0.24563 0.049815 0.009432 0.990568 0.103292 0.23867 0.050219 0.008905 0.991095
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Figure C1. Scatter plot of water level actual versus water level forecasted for the best models (BLR) 

for SC1. 
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Figure A1. Scatter plot of water level actual versus water level forecasted for the best models (BLR)
for SC1.
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Figure A2. Scatter plot of water level actual versus water level forecasted for the best models (BDTR)
for SC2.
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