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ABSTRACT
Sediment is a universal issue that is generated in the river catchment and affects the river flow, reservoir capacity,
hydropower generation and dam structure. This paper aims to present the result of experimentation in sediment
load estimation using various machine learning algorithms as a powerful AI approach. The data was collected
from eight locations in upstream area of Ringlet reservoir catchment. The input variables are discharge and suspended solid. It was found that there is strong correlation between sediment and suspended solid with correlation
coefficient of R = 0.9. The developed ML model successfully estimated the sediment load with competitive
results from ANN, Decision Tree, AdaBoost and SVM. The best result was produced by SVM (v-SVM version)
where very low RMSE was generated for both training and testing dataset despite its more complicated hyperparameters setup. The results also show a promising application of machine learning for future prediction in
hydro-informatic systems.
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INTRODUCTION
The information of sediment load applied in
designing reservoirs and dams, sediment transportation and pollutants in rivers and lakes, designing stable channels and dams, preservation
of aquatic life and wildlife, watershed management, and assessment for environmental impact
(Cigizoglu, 2004). The nature of suspended sediment is non-linear, which necessities application of a non-linear method for the forecasting
and predicting study. The prediction of sediment
is critical because it tends to affect the hydraulic river structures (Kisi et al., 2009; Kisi, 2010).
Sediment transport is one of the most significant
issues in surface water resources (Gericke and
20

Venohr, 2012). In the previous study, rainfall and
stream flow were reported as primary factors that
influenced the suspended load (Jie-Lun and YuShiue, 2011).
These phenomena attract researcher attention
to develop direct and also indirect simulation and
prediction models that could be accepted by operators worldwide; however, there is a demand
to look into each catchment for better forecasting (Abrahart et al. 2008 and Khan et al. 2019).
The estimation of suspended sediment is challenging because it is closely related to flow and
the mechanism of their non-linear relationship
and their complex interactions with each other.
Several kinds of research were conducted to estimate and understand the mechanism sediment
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concentrations and sediment movement in the
natural rivers, using various computing methods
(Demirchi et al. 2015 and Mustafa & Isa, 2014).
Establishment of a rating relationship between
flow and suspended sediment concentration is a
non-linear mapping. The commonly used statistical tools include curve fitting and regression.
With the complexity of the issue, these techniques
are not enough. There are techniques available for
time series analysis, assuming a linear relationship
between the variables. However, temporal changes in data exhibit complex non-linear behaviour
and impose difficulties for accurate prediction.
Therefore, , a non-linear model using artificial
intelligence can capture the complex temporal
variations in time series data, is user-friendly and
can produce results faster than most conventional
models, as mentioned by Khanchoul et al. (2015).
The objective of this paper was to develop
sediment load estimation from available input
predictor variables using various machine learning (ML) algorithms as a powerful AI approach.
The ML algorithms have been applied in numerous hydrology studies such as in (Hayder et al.,
2020) where ANN is used. Some studies also
used ANN particularly for sediment prediction,
such as (Olyaie et al., 2015) (Afan et al., 2014)
(Nivesh & Kumar, 2017).

METHODOLOGY
Study Area
Cameron Highland, well known to all as one
of the tourist hotspots that is rich in active highland agriculture such as vegetables and tea farms,
is situated in Pahang State, peninsular Malaysia
(Razad et al., 2018) as shown in Fig. 1 and Fig. 2.
Situated in the north-west State of Pahang, it bordered by another two states which are Kelantan
on the north side and Perak on the west side and
also bordered by Lipis district on the South-East
side of the Cameron Highlands district (Razali et
al., 2020a, Pradhan & Lee, 2010). This unique
district has a total area roughly in 69,699 km2
with a height between 300 m and 2,016 m above
sea level. Moreover, the Cameron Highlands district also situated in the main range of Banjaran
Titiwangsa and the highest temperature recorded
in this district was 34°C while the lowest temperature was 12°C (How Jin Aik et al., 2020, Gasim
et al., 2009a).

There are six water catchments within the
area of Cameron Highlands, namely Mensun,
Lemoi, Wi, Terla, Telom and Bertam. Furthermore, several towns are located in the district
such as Kampung Raja, Kuala Terla, Kea Farm,
Brinchang, Teringkap, Tanah Rata and the southernmost town in the district, Ringlet (Gasim et
al, 2009b). Sultan Abu Bakar (SAB) Dam and
Ulu Jelai Dam are the major impoundments in
the Cameron Highlands district (Razali et al.,
2020b). With the height of 39.6 m and length of
135 m, the concrete SAB Dam was built with an
amount of 19,000 m3 of rockfill and 52,000 m3 of
concrete. Another name for SAB Dam is Ringlet
Dam and this dam was built in the 1960s (Kun &
Saman, 2004, Luis et al., 2013).
In addition, due to the construction of SAB
Dam, a lake that is known as Ringlet Reservoir was produced. As an intrinsic part of the
Cameron Highlands Hydroelectric Scheme of
the National Electric Board, Ringlet Reservoir
produces twenty per cent of total power in West
Malaysia (Tayebiyan et al., 2014). The reservoir is approximately 0.4 km wide and 3.2 km
long and it is operated by Tenaga National Berhad (TNB), one of the national utility companies in Malaysia. Moreover, the reservoir impounds the combined of several rivers, namely
Kial, Kodol, Plau’ur and Telom Rivers which
have been redirected from Telom water catchments through a tunnel (Telom Tunnel) into the
Bertam catchments and also the Bertam River and its tributaries (Tayebiyan et al., 2016,
Faudzi et al., 2019). Apart from being a hydropower generator for Jor Power Plant, Ringlet
Reservoir also acts as a flood control to protect
the people who live in the Bertam Valley from
flood damage. Installed and managed by Tenaga Nasional Berhad (TNB), Metrological Department of Malaysia (MMD) and the Department of Irrigation and Drainage (DID), it has
shown that the Cameron Highlands catchment
is equipped with huge hydrological network including stream flow, rainfall and weather stations (Razad et al., 2020a, Razad et al., 2020b).
The locals are taking advantages of the cold
climate at Cameron Highlands to make incomes
from two main sectors, namely tourism and agriculture. However, landslide and soil erosion
occur instead due to the advanced development
which increases in land use (Maturidi et al.,
2020). The activities may also have indirectly
or directly reduce the river water quality, thus
21
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Figure 1. The Map of Cameron Highlands.

affecting the water quality of the Ringlet Reservoir (Jamil et al., 2014). Furthermore, the
storage volume of water in the reservoir is always used to the fullest extent for generation
of hydropower and to control flood. Nonetheless, due to sedimentation, the reservoir storage volume is gone and the energy output from
the power station will be affected. The worst
scenario would happen if the Ringlet Reservoir
slowly lost its ability to hold huge flood inflows and therefore, inevitable control over the
release of flood discharge through the spillway
would occur (Luis et al., 2012).
Machine Learning Algorithms
Machine learning (ML) has attached much
attention nowadays, due to emergence of success of deep learning applications, especially in
computer vision. ML is subfield of AI approach
that learns the behaviour of pattern from data
to make prediction of output. In other words,
machine learning a data-driven predictive modelling. Often, ML works in the same way as statistical learning, because it is also a data-driven
approach. Classical statistical learning that can
be categorized as basic ML is, for example,
multiple linear regression (MLR) and also multiple non-linear regression (MLNR).
22

There are various ML algorithms available
that some might not have attracted huge attention
in applied research despite their performance.
Some ML algorithms that were applied in this
paper to estimate the sediment load in the river
systems are: multiple linear regression (MLR),
artificial neural networks (ANN), support vector
machine (SVM), decision tree (DT), random forest (RF), and adaptive boosting/AdaBoost (AB).
Some fundamental concepts of ML can be found
in many resources, including those available online such as (Machine Learning 101 – Medium,
n.d.). The mathematical detailed discussion of
each algorithm is beyond the scope of this paper.
One thing that is common in ML predictive
model building, is the algorithm training prior to
the ML model validation/testing and deployment.
Generally, the following flowchart in Figure 2
shows the model development workflow using
the AI-machine learning approach which begins
with data collection and preparation as well as
ends with model deployment, monitoring and
updating. This paper presents the middle stage of
experimentation to train the various ML model
using training dataset and validate the accuracy
using testing dataset.

parameters setup. Some ML algorithms involve
Journal of Ecological Engineering 2021, 22(7), 20–27

Figure 2. General ML predictive model development workflow

Data Collection and Preparation
The main ingredient of this research is the data
itself. The data recorded was originally obtained
from the dam operator. The raw data consists of
records from input variables namely discharge in
mg/L (DC), suspended solid in cumecs (SS) and
output/target variable namely sediment in ton/
day unit. From the initial observation of the raw
data recorded, extensive data cleansing needs to
be performed such as imputing missing data and
exploratory data analysis. This task is normally
a time-consuming and tedious effort in building
a machine learning model. After the process, the
available data with two input variables (DC and
SS) in eight locations are compiled. The eight locations surrounding the river systems in Ringlet
reservoir are listed in Table 1. The total number of
data compiled is 415 data instances scattered on
random days from 12 December 1997 to 12 May
2010 with only 1 sediment data missing. Prior to
the training, the missing value was replaced with
the average and the input features are normalized
to the range of [0 to 1].
Table 1 summarizes the data used in the ML
prediction model building. Furthermore, these
415 data instances are partitioned with random
sampling method to split the data into a training
dataset and a testing dataset with ratio of 80%20% resulting 332 and 83 data instances for the
training and the testing dataset, respectively.

complicated parameters setup prior to the training, while some involve very simple setup or
none whatsoever. In the applied research of
this paper, the ML parameters setup and the
benchmarking algorithms setup, i.e., MLR and
MNLR, is summarized in Table 3 provided according to the respective algorithms. In this
case, two MNLR (MNLR-1 and MNLR-2) are
used to have different non-linear model equations. MLNR-1 model has been inspired by another study in sediment prediction (Olyaie et
al., 2015). The implementation of the experimentation was carried out using free Orange
software ver-3.25 with visual programming approach (Orange – Data Mining Fruitful & Fun,
n.d.). This setup was obtained after some extensive experimentation with experienced initial
guess and trial-and-error tuning.
Model Evaluation and Correlation Analysis
The task in this research is basically building nonlinear multi-variable regression model
except for MLR. For the benchmarking purpose,
Table 1. Locations with available data in the river
systems (Ringlet reservoir)
No.

Location

1

Sungai Plaur at Outfall

2

Sungai Telom at Batu 49

Parameter Setup of The Regression
Algorithms

3

Sungai Bertam at Robinsons Fall

4

Sungai Kial Above Intake

In the ML model building, the task is basically to find the optimum configuration of the
model involving the architecture and the hyper

5

Sungai Ringlet at Indian Temple

6

Sungai Habu above Kuala Habu

7

Sungai Anak Ulong at The Boh Estate

8

Sungai Bertam above Ringlet Reservoir
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Table 2. Statistical information of the data (415 instances)
Unit

Min value

Max value

DC

Variables

mg/L

0.03

12.50

Average value
1.63

SS

cumecs

0.05

8575.00

125.24

Sediment (y)

ton/day

0

1052.79

17.98

Table 3. Parameters setup of the regression algorithms
ML Algorithms

Information and setup
Model: 𝑦𝑦̂ = 𝑏𝑏0 + 𝑏𝑏1 𝐷𝐷𝐷𝐷 + 𝑏𝑏2 𝑆𝑆𝑆𝑆; where: 𝑏𝑏0 , 𝑏𝑏1 , 𝑏𝑏2 are coefficients in MLR. Lasso regression (L1) with
regularization 𝛼𝛼 = 0.2

MLR
MNLR-1

Model: 𝑦𝑦̂ = 𝑏𝑏0 + 𝑏𝑏1 𝐷𝐷𝐷𝐷 + 𝑏𝑏2 𝑆𝑆𝑆𝑆 + 𝑏𝑏3 𝐷𝐷𝐶𝐶 2 + 𝑏𝑏4 𝑆𝑆𝑆𝑆 2 ; where: 𝑏𝑏0 , 𝑏𝑏1 , 𝑏𝑏2 , 𝑏𝑏3 , 𝑏𝑏4 are coefficients in MNLR-1.

Model: 𝑦𝑦̂ = 𝑏𝑏1 𝐷𝐷𝐷𝐷 + 𝑏𝑏2 𝑆𝑆𝑆𝑆 + 𝑏𝑏3 𝐷𝐷𝐶𝐶𝑏𝑏4 + 𝑏𝑏5 𝑆𝑆𝑆𝑆𝑏𝑏6 ; where: 𝑏𝑏1 , 𝑏𝑏2 , 𝑏𝑏3 , 𝑏𝑏4, 𝑏𝑏5 , 𝑏𝑏6 are coefficients in MNLR-2.

MNLR-2

Multi-layer ANN; hidden neurons {250+250} in two hidden layer; ReLu activation function; max
iteration = 1000

ANN
DT

The depth of tree is limited to 1000

RF

Number of tress is 100

AB

Number of estimators is 50; learning rate is 0.5
𝜈𝜈 − 𝑆𝑆𝑆𝑆𝑆𝑆 type with regression cost 𝐶𝐶 = 1 and complexity bound 𝜈𝜈 = 0.9; polynomial kernel:
(𝑔𝑔𝑥𝑥 𝑇𝑇 . 𝑦𝑦 + 𝑐𝑐)𝑑𝑑 with 𝑔𝑔 = 2, 𝑐𝑐 = 2, 𝑑𝑑 = 2

SVM

the results of ML model were also compared with
conventional MLR model and MNLR as used by
(Olyaie et al., 2015) for sediment prediction. The
developed model after the training process was
evaluated in terms of the accuracy (as illustrated
in Figure 2). The metrics of evaluation are regression coefficient (R2) and root mean squared error
(RMSE) expressed as:
2

𝑅𝑅 = 1 − 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁
𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 =

∑𝑛𝑛𝑖𝑖=1(𝑦𝑦̂𝑖𝑖 − 𝑦𝑦𝑖𝑖 )2
𝑀𝑀𝑀𝑀𝑀𝑀
= 𝑛𝑛
𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣(𝑦𝑦𝑖𝑖 ) ∑𝑖𝑖=1(𝑦𝑦𝑖𝑖 − 𝑦𝑦̅𝑖𝑖 )2
𝑛𝑛

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 = √∑
𝑖𝑖=1

(𝑦𝑦̂𝑖𝑖 − 𝑦𝑦𝑖𝑖 )2
𝑛𝑛

𝐶𝐶𝐶𝐶𝐶𝐶(𝑥𝑥, 𝑦𝑦)
𝜎𝜎𝑥𝑥 𝜎𝜎𝑦𝑦

(1)

𝑅𝑅 =

(2)

RESULTS AND DISCUSSION

(3)

where: 𝑦𝑦̂𝑖𝑖 denotes the predicted value,
𝑦𝑦𝑖𝑖 is the actual value
𝑦𝑦̅𝑖𝑖 is the mean. NMSE is normalized mean
squared error (MSE).

In addition, the correlation analysis was also
performed to see how the target variable was
24

correlated with the input variables. This analysis is
often useful in selection of input variables/features
especially when many number of input variables
involved. The correlation coefficient (R) between
two variables χ and y can be calculated by dividing the covariance with the product of the standard
deviations (σ) of the two variables as follows:
(4)

The experimentation in Orange software follows the concept of visual programming that is
compiled in a workflow. The workflow consists
of blocks (called widgets) connection, as illustrated in Figure 3.
The widgets workflow shown in Figure 2
includes the correlation analysis result. On the
basis of the data, the correlation analysis shows
strong correlation between target variable (sediment) and the SS (R=0.9) and weak correlation
to DC (R=0.24). This strong correlation between
sediment and SS indicates the potential success of
predictive model building for sediment using SS
as predictor in addition to DC.
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Figure 3. ML model development workflow using widgets in Orange software

With the setup of the ML parameters listed in
Table 3, the experimentation results can be compiled from the prediction widget. The results of
the ML model performance is shown in Table 4.
The results shows good performance for all ML
model. The worse performance is undoubtedly
produced by conventional MLR which is a linear regression method and MNLR despite its
deterministic nonlinearity. The result of the rest
non-linear ML algorithms produce R2 higher than
0.94 both in training and testing. The best result
is produced by SVM where very low RMSE is
generated for training and testing dataset. Figure 4 shows the estimation result of SVM on test
dataset where the error line (green) is flat at all
instances of test dataset.
Lastly, the workflow of the AI-based predictive model development in this paper is not
only useful for the local case study area. It can
be useful as a modelling approach in other river
systems. If the approach is applied in other area,
the main task of the project to collect the data for
predictive model building.

CONCLUSIONS
This research presents the experimentation
results of sediment load prediction using various machine learning algorithms with two input
variables, namely discharge and suspended solid.
The data used in the case study was obtained in
river systems surrounding Ringlet reservoir in
Cameron highlands, Malaysia. The main finding
indicates a promising result of sediment prediction using machine learning approaches. However, the developed ML model framework in this
paper must be validated further using larger dataset in the next phase of data collection before
being deployed. In this experimentation, SVM
shows the outstanding performance as compared
to the rest despite its more complicated parameter setup that must be done carefully during the
model building. In addition, the performances
of ANN, Decision Tree and AdaBoost are very
competitive to that of SVM.
Furthermore, the antecedence values of input
variables can also be used as predictor variables

Table 4. ML model performance
ML model

R2 – train

RMSE – train

R2- test

RMSE- test

MLR

0.88

10.65

0.88

13.12

MNLR-1

0.88

22.5

0.76

24.58

MNLR-2

0.89

22.0

0.72

26.24

ANN

0.99

5.18

0.97

6.69

DT

1

0

0.97

6.48

RF

0.94

2.33

0.96

7.43

AB

1

0.05

0.99

4.14

SVM*

0.99*

0.46

1*

0.19*
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Figure 4. Estimation result of SVM on test dataset.

as these values can affect the target variable values. If dredging of sediment at downstream is carried out, i.e. Ringlet Weir in this case, this variable and its antecedent can also be used as predictor variables.
In the deployment stage, the selection of suitable ML model should consider some aspects
such as human interpretability of the model and
feasibility of the model deployment from the
perspective of computational cost. Furthermore,
deployment of the ANN-based model as an AI approach is of future interest in the scenario digitalization in hydro-informatic systems and involvement of IoT (Internet of things).
Acknowledgement
The authors would like to acknowledge the
support from Tenaga Nasional Berhad (TNB),
Universiti Tenaga Nasional (UNITEN), and
UNITEN R&D Sdn. Bhd. (URND) under seeding fund project.

REFERENCES
1. Abdulkadir, T.S., Mustafa, M.R., Yusof, K.W., &
Hashim, A.M. (2016). Evaluation of rainfall-runoff
erosivity factor for Cameron Highlands, Pahang,
Malaysia. Journal of Ecological Engineering, 17(3).
2. Abrahart, R., See, L., & Solomatine, D. (2008). Practical Hydroinformatics (1st Ed.). Berlin: Springer.
3. Afan, H.A., El-Shafie, A., Yaseen, Z.M., Hameed,
M.M., Wan Mohtar, W.H.M., & Hussain, A. (2014).
ANN Based Sediment Prediction Model Utilizing
Different Input Scenarios. Water Resources Management, 29(4), 1231–1245. https://doi.org/10.1007/
s11269–014–0870–1
4. Bahagian Sumber Air dan Hidrology, JPS Malaysia

26

5. Cigizoglu, H. (2004). Estimation And Forecasting
of Daily Suspended Sediment Data by Multi-Layer
Perceptrons. Advances in Water Resources, 27(2),
185–195. doi: 10.1016/j.advwatres.2003.10.003
6. Demirci, M., Ülneş, F., Saydemir, S. (2015). Suspended sediment estimation using an artificial intelligence approach. In: Sediment matters. Eds.
P. Heininger, J. Cullmann. Springer International
Publishing p. 83–95.
7. Faudzi, S.M.M., Abustan, I., Kadir, M.A.A., Khairi, M., Wahab, A., & Razak, M.F.A. (2019). Twodimensional simulation of Sultan Abu Bakar Dam
release using hec-ras. International Journal, 16(58),
124–131.
8. Gasim, M.B., Ismail Sahid, E.T., Pereira, J.J.,
Mokhtar, M., & Abdullah, M.P. (2009a). Integrated
water resource management and pollution sources in
Cameron Highlands, Pahang, Malaysia. AmericanEurasian J Agric Environ Sci, 5, 725–732.
9. Gasim, M.B., Surif, S., Toriman, M.E., Rahim, S.A.,
Elfithri, R., & Lun, P.I. (2009b). Land-use change
and climate-change patterns of the Cameron Highlands, Pahang, Malaysia. The Arab World Geographer, 12(1–2), 51–61.
10. Gericke, A., & Venohr, M. (2012). Improving the
estimation of erosion-related suspended solid yields
in mountainous, non-alpine river catchments. Environmental Modelling & Software, 37, 30–40. doi:
10.1016/j.envsoft.2012.04.008.
11. Hayder, G., Solihin, M.I., & Mustafa, H.M. (2020).
Modelling of River Flow Using Particle Swarm Optimized Cascade-Forward Neural Networks: A Case
Study of Kelantan River in Malaysia. Applied Sciences, 10(23), 8670.
12. How Jin Aik, D., Ismail, M.H., & Muharam, F.M.
(2020). Land Use/Land Cover Changes and the
Relationship with Land Surface Temperature Using Landsat and MODIS Imageries in Cameron
Highlands, Malaysia. Land, 9(10), 372. http://h2o.
water.gov.my/v2/fail/rhnc/index.html

Journal of Ecological Engineering 2021, 22(7), 20–27
13. Jamil, N.R., Ruslan, M.S., Toriman, M.E., Idris,
M., & Razad, A.A. (2014). Impact of Landuse on
seasonal water quality at highland lake: A Case
Study of Ringlet Lake, Cameron Highlands, Pahang. In From Sources to Solution (pp. 409–413).
Springer, Singapore.
14. Jie-Lun, C., & Yu-Shiue, T. (2011). Suspended sediment load estimate using support vector machines
in Kaoping river basin. In International Conference
on Consumer Electronics, Communications and
Networks (CECNet) (pp. 1750–1753). XianNing,
China: IEEE.
15. Khan, M.Y.A., Tian, F., Hasan, F., & Chakrapani,
G. J. (2019). Artificial neural network simulation for
prediction of suspended sediment concentration in
the River Ramganga, Ganges Basin, India. International journal of sediment research, 34(2), 95–107.
16. Khanchoul K., Tourki M., Le Bissonnais Y. (2015).
Assessment of the artificial neural networks to geomorphic modelling of sediment yield for ungauged
catchments, Algeria. Journal of Urban and Environmental Engineering (JUEE), 8(2), pp. 175–185.
17. Kisi, O. (2010). River Suspended Sediment Concentration Modelling using a Neural Differential Evolution Approach, Journal of Hydrology, 389(1–2),
227–235.
18. Kisi, O., Haktanir, T, Ardiclioglu, M., Ozturk, O.,
Yalcin, E., Uludag, S., (2009). Adaptive Neurofuzzy
Computing Technique for Suspended Sediment Estimation, Advances In Engineering Software, 40(6),
438–444.
19. Kun, C.F., & Saman, D.H. (2004). Cameron Highlands/Batang Padang Hydroelectric Scheme: dam
surveillance and performance review. New Developments in Dam Engineering. London, 263–271.
20. Luis, J., Sidek, L. M., Desa, M.N.B.M., & Julien, P.
Y. (2013). Hydropower reservoir for flood control: a
case study on Ringlet Reservoir, Cameron Highlands,
Malaysia. Journal of flood engineering, 4(1), 87–102.
21. Luis, J., Sidek, L.M., Desa, M.N.M., & Julien, P.Y.
(2012). Challenge in running hydropower as source
of clean energy: ringlet reservoir, cameron highlands case study. In Proceedings National Graduate Conference.
22. Machine Learning 101 – Medium. (n.d.). Retrieved
November 11, 2019, from https://medium.com/
machine-learning-101
23. Maturidi, A.M.A.M., Kasim, N., Taib, K.A., Azahar,
W.N.A.W., & Tajuddin, H.A. (2020). Empirically
Based Rainfall Threshold for Landslides Occurrence in Cameron Highlands, Malaysia.
24. Mustafa, M.R., Isa, M.H. (2014). Comparative
study of MLP and RBF neural networks for estimation of suspended sediments in Pari River, Perak.
Research Journal of Applied Sciences, Engineering
and Technology. 7(18), pp. 3837–3841.

25. Nivesh, S., & Kumar, P. (2017). Modelling river
suspended sediment load using artificial neural network and multiple linear regression: Vamsadhara
River Basin, India. ~ 337 ~ International Journal of
Chemical Studies, 5(5), 337–344.
26. Olyaie, E., Banejad, H., Chau, K.W., & Melesse,
A. M. (2015). A comparison of various artificial intelligence approaches performance for estimating
suspended sediment load of river systems: a case
study in United States. Environmental Monitoring
and Assessment, 187(4). https://doi.org/10.1007/
s10661–015–4381–1
27. Orange – Data Mining Fruitful &amp; Fun. (n.d.).
Retrieved March 12, 2019, from https://orange.biolab.si/
28. Pradhan, B., & Lee, S. (2010). Regional landslide
susceptibility analysis using back-propagation neural network model at Cameron Highland, Malaysia. Landslides, 7(1), 13–30.
29. Razad, A.A., Samsudin, S.H., Setu, A., Abbas, N.A.,
Sidek, L.M., & Basri, H. (2020a, July). Investigating the Impact of Land Use Change on Sediment
Yield for Hydropower Reservoirs through GIS Application. In IOP Conference Series: Earth and Environmental Science (Vol. 540, No. 1, p. 012037).
IOP Publishing.
30. Razad, A.A., Sidek, L.M., Jung, K., Rahman, N.F.,
& Shamsuddin, S.H. (2020b). Prediction of reservoir sedimentation using Soil Water Assessment
Tool (SWAT) towards development of sustainable
catchment management. In IOP Conference Series:
Materials Science and Engineering (Vol. 736, No.
2, p. 022041). IOP Publishing.
31. Razad, A.Z.A., Sidek, L.M., Jung, K., & Basri, H.
(2018). Reservoir inflow simulation using MIKE
NAM rainfall-runoff model: Case study of cameron
highlands. J. Eng. Sci. Technol, 13, 4206–4225.
32. Razali, A., Syed Ismail, S.N., Awang, S., Praveena,
S.M., & Zainal Abidin, E. (2020a). Distribution and
source analysis of bioavailable metals in highland
river sediment. Environmental Forensics, 1–14
33. Razali, A., Syed Ismail, S.N., Awang, S., Praveena,
S.M., & Zainal Abidin, E. (2020b). The impact of seasonal change on river water quality and dissolved metals in mountainous agricultural areas and risk to human
health. Environmental Forensics, 21(2), 195–211.
34. Tayebiyan, A., Ali, T.A. M., Ghazali, A.H., & Malek,
M.A. (2014). Future Consequences of Global Warming on Temperature and Precipitation at Ringlet Reservoir, Malaysia. In Int’l Conference on Advances
in Environment, Agriculture & Medical Sciences
(ICAEAM’14), Kuala Lumpur (pp. 16–17).
35. Tayebiyan, A., Mohammad, T. A., Ghazali, A.H., &
Mashohor, S. (2016). Artificial neural network for
modelling Rainfall-Runoff. Pertanika J Sci Technol, 24(2), 319–30.

27

