
Contents lists available at ScienceDirect

Journal of Hydrology

journal homepage: www.elsevier.com/locate/jhydrol

Review papers

An enhanced extreme learning machine model for river flow forecasting:
State-of-the-art, practical applications in water resource engineering area
and future research direction

Zaher Mundher Yaseena,⁎, Sadeq Oleiwi Sulaimanb, Ravinesh C. Deoc, Kwok-Wing Chaud

a Sustainable Developments in Civil Engineering Research Group, Faculty of Civil Engineering, Ton Duc Thang University, Ho Chi Minh City, Viet Nam
bDams and Water Resources Department, College of Engineering, University of Anbar, Ramadi, Iraq
cUniversity of Southern Queensland, Institute of Life Sciences and the Environment, Centre for Sustainable Agricultural Systems & Centre for Applied Climate Sciences,
School of Agricultural Computational and Environmental Sciences, Springfield, QLD 4300, Australia
dDepartment of Civil and Environmental Engineering, Hong Kong Polytechnic University, Hung Hom, Kowloon, Hong Kong, China

A R T I C L E I N F O

This manuscript was handled by Andras
Bardossy, Editor-in-Chief, with the assistance of
Ji Chen, Associate Editor

Keywords:
Extreme learning machine
Complete orthogonal decomposition
River flow forecasting
Water resources engineering
State-of-the-art
Future research direction

A B S T R A C T

Despite the massive diversity in the modeling requirements for practical hydrological applications, there remains
a need to develop more reliable and intelligent expert systems used for real-time prediction purposes. The
challenge in meeting the standards of an expert system is primarily due to the influence and behavior of hy-
drological processes that is driven by natural fluctuations over the physical scale, and the resulting variance in
the underlying model input datasets. River flow forecasting is an imperative task for water resources operation
and management, water demand assessments, irrigation and agriculture, early flood warning and hydropower
generations. This paper aims to investigate the viability of the enhanced version of extreme learning machine
(EELM) model in river flow forecasting applied in a tropical environment. Herein, we apply the complete or-
thogonal decomposition (COD) learning tool to tune the output-hidden layer of the ELM model’s internal neu-
ronal system, instead of the conventional multi-resolution tool (e.g., singular value decomposition). To
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demonstrate the application of EELM model, the Kelantan River, located in the Malaysian peninsular, selected as
a case study. For a comparison of the EELM model, and further model evaluation, two distinct data-intelligent
models are developed (i.e., the classical ELM and the support vector regression, SVR model). An exhaustive list of
diagnostic indicators are used to evaluate the EELM model in respect to the benchmark algorithms, namely, SVR
and ELM. The model performance indicators exhibit superior results for the EELM model relative to ELM and
SVR models. In addition, the EELM model is presented as a more accurate, alternative predictive tool for
modelling the tropical river flow patterns and its underlying characteristic perturbations in the physical space.
Several statistical metrics defined as the coefficient of determination (r), Nash-Sutcliffe efficiency (Ens),
Willmott’s Index (WI), root-mean-square error (RMSE) and mean absolute error (MAE) are computed to assess
the model’s effectiveness. In quantitative terms, superiority of EELM over ELM and SVR models was exhibited by
Ens=0.7995, 0.7434 and 0.665, r=0.894, 0.869 and 0.818 and WI=0.9380, 0.9180 and 0.8921, respectively.
Whereas, EELM model attained lower (RMSE and MAE) values by approximately (11.61–22.53%) and
(8.26–8.72%) relative to ELM and SVR models, respectively. The obtained results reveal that the EELM model is
a robust expert model and can be embraced practically in real-life water resources management and river
sustainability decisions. As a complementary component of this paper, we also review state-of-art research works
where scholars have embraced extensive implementation of the ELM model in water resource engineering
problems. A comprehensive evaluation is carried out to recognize the current limitations, and also to propose
potential opportunities of applying improved variants of the ELM model presented as a future research direction.

1. Introduction

1.1. River flow modeling background

It has been proven scientifically that the forecasting of river systems
and its water flow behaviors is particularly difficult, owing to the
physical processes and natural variabilities associated with the river
flow system (e.g., chaotic disturbances, random and non-stationary,
complex and non-linear behaviors) (Farmer, 2016). In hydrological
applications, the need to enhance the reliability and accuracy of fore-
casting hydrological variables has attracted a lot of attention. To date,
as the research agenda driven by hydro-meteorological researchers has
progressed, there has been no single identified approach that can gen-
erally be applied in hydrological process modeling under diverse con-
ditions, especially with different catchment characteristics. This is due
to several physical phenomena, such as the patterns in model input and
target data, periodicity or randomness, and natural stochasticity usually
observed in river flow datasets (Yaseen et al., 2016a, b, 2018; Prasad
et al., 2017). Considering this viewpoint, it may also be argued that
currently, no universal model exists, that can perform better than other
models for a diverse range of hydrological conditions, and different
watershed properties. A large number of models cannot generate the
forecasts in a consistent manner because of the dynamic and non-sta-
tionary pattern, including the existence of extreme events in historical
data. Because of these constraints, researchers are required to explore
and develop more robust and versatile models that have an enhanced
efficiency using available historical data. On the same standpoint, re-
searchers must take into consideration the advantage of rapidly evol-
ving and sophisticated computational power that has the potential to
improve modeling methodologies and accuracy threshold in hydro-
logical forecasting applications. Additionally, researchers are also ap-
plying complex modeling theorems and newly developed software in-
cluding techniques such as deep learning and convolutional neural
networks (Schmidhuber, 2015).

A plausible reason why river flow data has technically been quite
difficult to forecast can be gleaned by studying its complex, non-linear,
dynamical and chaotic disturbances, and the randomness present in its
historical behavior (Dietrich, 1987; Wen, 2009). The understanding of a
complex river flow systems, its phenomenon and the hydrological
processes that govern the flow is vital in proper management of water
resources. Many researchers have studied river flow phenomenon over
past few decades, emerging from their interests studying the impacts of
the changes in the global and regional climate pattern on the hydrologic
cycle, which is known to cause flooding and drought (Azmi et al., 2016;
Chang, 2008; Döll and Schmied, 2012; Yang et al., 2010). Two main
approaches have been used in modeling of river flow patterns based on

literature: (i) physically based models, such as those utilizing partial
differential equations and (ii) statistical models such as soft computing
(i.e. machine learning) methods under an artificial intelligence (AI)
approach. Huge research effort needs to be expended, including the
need for many hydrological variables to supply initial and boundary
conditions needed for the physically-based model to simulate the ele-
mental processes of a particular watershed. By contrast, the con-
ceptually-based approach utilizing historical input data (such as AI
models) are able to capture non-linear relationships between predictors
and the simulated variable without a need for a pre-knowledge of the
flow physics, and, advantageously, these models also require a smaller
number of hydrological inputs (Azmi and Sarmadi, 2016; Maier et al.,
2014). AI-based modeling generally involves the analysis of in-
vestigated issues, collection and pre-processing of data, selecting the
data-driven model, identifying optimal model from several trained
models and evaluating the final model (Araghinejad et al., 2011). The
identification of data-driven model is a major component of AI proce-
dure. This is the stage where the learning process and feature extraction
from input data is implemented, and the optimal model is approxi-
mated by reducing the training error between the forecasted and target
matrix, and the optimal model is selected (among several trained
models) on an independent validation set usually judged by lowest
mean square error. The approximation accuracy of AI models can be
affected by various factors that influence real hydrological conditions.
Some of these factors include the determinations of model input, the
time scale or forecast horizon, and the configuration of data-driven
models.

Conventional river flow forecasting is generally knowledge-driven
in nature with physical or semi-physical representation of the runoff
generating processes. Yet, the transformation from rainfall to stream-
flow is highly complex and is affected by many factors, such as topo-
graphy, rainfall distribution, soil properties, land use, climate change,
urban development, etc. A precise construction of such physics-based
model is very difficult to attain as an abundance of these data are re-
quired to fulfil the initial conditions. Furthermore, the forecasting
successfulness relies highly on attaining a reliable model fit, which
entails a high quality observed data with sufficient period length (Chau
and Jiang, 2002; Chau and Jin, 1998). Unfortunately, some influencing
parameters are often not available in many catchments. Besides, in
some catchments, the historical records may not be reliable after having
previously undergone certain climate change or land-use changes.
Thus, conventional models are often limited by incomplete data avail-
ability. With recent advances in artificial intelligence technologies,
machine learning rainfall-runoff models have become a viable alter-
native to their knowledge-driven counterparts (Chau, 2017;
Fotovatikhah et al., 2018). Machine learning algorithms can detect the
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complex interrelations among prominent parameters that control the
interaction mechanisms and hence can perform runoff prediction ac-
curately in real time, without the requirement of a thorough under-
standing of the interaction mechanisms (Wang and Yao, 2013; Wu and
Chau, 2011). Besides, data requirements are much less extensive than
those for physics-based models and the problem of missing data is
solved at the same time. As such, in all the following three circum-
stances, namely, (i) if we have a well-developed physics-based river
flow forecasting model, (ii) if we do not have a developed model, or (iii)
in a data limited situation, we may employ a machine learning tech-
nique to complement and/or replace it (Cheng and Chau, 2004; Cheng
et al., 2015).

1.2. Research motivation and enthusiasm

Undertaking accurate and reliable forecasts of daily river flow with
an expert system is a pivotal task of water resources management. Such
a robust model can be utilized as a pertinent tool by hydrologists for
effective sustainability assessment of water resources including its
usage in domestic, irrigation, hydropower and agriculture demand. In
addition, expert models are useful for planning of future applications in
environmental protection and developing water balance systems. In
general, establishing an accurate forecast model for all types of hydro-
climates and watershed environments is extremely significant, yet a
difficult task (Jeong and Kim, 2009). However, the efficiency of every
model’s output response is considerably based on the characteristics of
the modelled watershed (Cui and Singh, 2016). For example, tropical
climatic zones are influenced by heavy monsoon rainfall (which are
occasional, intermittent and often quite unpredictable) that can make
the variation in river flow patterns much more complicated and non-
linear in its character compared to its normal state (Gharun et al., 2015;
Parmar and Bhardwaj, 2014). As the prediction of such behaviors are
difficult with physical or hydrological models that require exact initial
conditions, exploring more versatile and more responsive soft com-
puting models in this area of need remains a desirable mission for hy-
drological forecasters.

1.3. ELM model employment in the field of water resources engineering: A
review

Extensive review of literature, presented in the following section,
will show that the investigation of the ELM model has not been limited
to the river flow or hydrological process modeling problems. That is,
beyond this application, the ELM model has also been extended, ex-
plored and tested in: (1) climatological, (2) morphological, (3) en-
vironmental, (4) energy and health and (5) hydraulic areas. An ex-
tensive set of ELM-based studies that have been piloted on the
climatological aspects including wind speed prediction (Lazarevska,
2016; Peng et al., 2017; Shamshirband et al., 2016), evaporation pro-
cess modeling (Deo et al., 2015), evapotranspiration prediction
(Abdullah et al., 2015; Feng et al., 2017a, 2017b, 2016; Kisi and
Alizamir, 2018; Kumar et al., 2016; Patil and Deka, 2016; Yin et al.,
2017), weather temperature prediction (Paniagua-Tineo et al., 2011),
global solar radiation modeling (Deo et al., 2017; Hosseini Nazhad
et al., 2017; Mohammadi et al., 2015; Şahin, 2013; Sahin et al., 2014;
Salcedo-Sanz et al., 2014; Shamshirband et al., 2015a, 2015b; Salcedo-
Sanz et al., 2018), rainfall forecasting (Acharya et al., 2014; Ortiz-
García et al., 2014), drought index determination (Deo et al., 2016; Deo
and Sahin, 2014; Mouatadid et al., 2018), air pollution estimation
(Vong et al., 2015, 2014; Wang et al., 2017), air temperature
(Sanikhani et al., 2018a), dew point temperature computation
(Amirmojahedi et al., 2016; Deka et al., 2017), soil moisture prediction
(Prasad et al., 2018a, 2018b), real-time environment monitoring and
water quality parameter prediction (Fijani et al., 2019) and the
downscaling of global climate models for the projection of evapo-
transpiration (Yin et al., 2017).

Morphological-related studies have also exhibited a remarkable
progress in using the ELM model. For instance, notable ELM-based
studies were based on land surface temperature retrieval (Bai et al.,
2015), landslide displacement prediction (Cao et al., 2016; Huang et al.,
2016; KV et al., 2017; Lian et al., 2014a, 2014b), landslide suscept-
ibility mapping modeling (Huang et al., 2017), reservoir body para-
meters estimation (Cao et al., 2015), land slope stability evaluation and
prediction (Liu et al., 2014), and groundwater level fluctuation
(Alizamir et al., 2017; Barzegar et al., 2017b; Yadav et al., 2017,
2016a).

Water quality modeling is another magnificent component in water
resources engineering and this area has received much attention re-
cently by environmental engineers. The feasibility of applying a non-
tuned and a hybrid extended version of ELM had been attempted by
various research scholars. These include studies related to prediction of
dissolved oxygen in streamflow (Heddam, 2016; Heddam and Kisi,
2017; Wang et al., 2015), electrical conductivity prediction (Barzegar
et al., 2017a), fresh water alga bloom prediction (Lou et al., 2014),
groundwater contamination (Barzegar et al., 2018a, 2018b), water
quality parameters modelling including chlorophyll-a (Chl-a) and dis-
solved oxygen (DO) in a lake reservoir environment (Fijani et al.,
2018), rainfall forecasting in a drought prone region (Ali et al., 2018),
soil moisture and temperature forecasting in an agricultural zone
(Prasad et al., 2018a; Sanikhani et al., 2018b) and the spatial en-
vironmental data modeling (Leuenberger and Kanevski, 2015).

Another branch of water resources engineering with potential
practicality of the ELM model is in the area of hydraulic structural
characteristic engineering. In this regard, numerous properties of the
hydraulic structures have been investigated over past two years, such as
the sediment transport estimation in open channel (Ebtehaj et al., 2016;
Ebtehaj and Bonakdari, 2016), bridge piers scouring prediction
(Ebtehaj et al., 2017), discharge coefficient of open channel analysis
(Azimi et al., 2017; Karami et al., 2016), surface roughness of water jet
(Ćojbašić et al., 2016), and ocean wave height prediction (Kumar et al.,
2017).

1.4. River flow modeling using ELM model: A review

In the light of the present literature, classical regression tools have
been used massively, but such models have attained a generally low
level of accuracy (Fahimi et al., 2016). Consequently, AI have recently
been given the credit for being a reasonably accurate and non-linear
tool within the scope of hydrological science (Nourani et al., 2014;
Yaseen et al., 2015). Some popular examples of AI models include ar-
tificial neural network (Jain and Kumar, 2007; Kagoda et al., 2010;
Yonaba et al., 2010), support vector machine (Behzad et al., 2009; He
et al., 2014; Noori et al., 2011), adaptive neuro-fuzzy system (Greco,
2012; Pramanik and Panda, 2009; Sharma et al., 2015), evolutionary
computing (Kashid et al., 2010; Ni et al., 2010), and the hybrid wavelet-
AI model (Danandeh Mehr et al., 2013; Makwana and Tiwari, 2014;
Prasad et al., 2017; Sahay and Srivastava, 2014; (Deo et al., 2017;
Prasad et al., 2017, 2018b)). However, all of these applied models still
have a notable degree of shortcoming about their generalization and
implementation as an expert system, including its time-consuming
characteristic and human controlled (i.e., non-automated) modeling
process. Therefore, the design of an automated approach where AI
models can be implemented universally, and over different local (e.g.
catchment) scales, remains a passionate challenge that continues to be
undertaken by practicing hydrologists.

Recently, a relatively new learning approach has been proposed,
namely the extreme learning machines (Huang et al., 2006). The main
advantage of this model lies within its internal feature mapping feature
without the need of iterative tuning of the hidden neuron parameters,
which is required for the case of a conventional artificial neural net-
work model. In an ELM model the input and hidden neuron weighting
are randomly computed from a large number of pre-assigned neurons
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without passing through every neuron in the model. In addition, the
ELM model has an acceptable generalization skill and has less time
consumption cost based on several implemented applications (Huang
et al., 2015, (Deo and Şahin, 2016; Deo et al., 2017). It has also been
observed over the past five years that an extensive trend in the im-
plementation of the ELM model has been noted, with particular use in
text analysis (Atsawaraungsuk and Horata, 2015; Bazi et al., 2014),
control system designs (Li et al., 2013), system modeling and predic-
tions (Mantoro et al., 2011), remote sensing applications (Pal, 2009),
and several fields of science and engineering (Barzegar et al., 2018a,
2018b; Salcedo-Sanz et al., 2018; Yaseen et al., 2018).

Most recently, the investigation of the ELM approach in practical
problems related to hydrology, meteorology, climatic studies, mor-
phology, hydraulic engineering, soil moisture studies and environ-
mental sciences has yielded very optimistic findings. The first attempt
to model the river flow system using ELM algorithm was established by
Siqueira et al. (2014). In this study, the authors proposed the ELM
method as an unorganized machine learning predictive model to cap-
ture non-linearity of hydrological problem in Brazilian hydropower
plant seasonal river flow data. Results of that study showed a noticeable
outcome in term of modeling the river flow time series that opened the
door for several scholars to explore the applicability of this approach in
hydrology. This was followed by other attempts undertaken by Li and
Cheng (2014) where researchers applied a new predictive model on two
reservoirs with monthly inflow scale located in China. The modeling
results, which were validated with one of the dominant AI models, the
SVR, showed excellent prediction skill. In 2015, researchers have also
performed river flow prediction conducted using a coupled extreme
learning machine model integrated with binary-coded swarm optimi-
zation (BCSO) based on implicit base flow separation. The BCSO
method was used to optimize digital filter of the input variable re-
construction in this modelling research. Results revealed a noticeable
underestimation of the base-flow process due to the non-efficiency of
reflected geographical information of the studied watershed region.
Atiquzzaman and Kandasamy (2015) developed a traditional ELM
model for hydrological time series prediction (i.e., focusing on river
flows) using daily time series information in USA. The adopted ELM
model, when compared with an evolutionary computing support vector
regression model (EC-SVR), showed slight difference in the level of
accuracy.

A more thorough investigation was carried out by applying ELM to a
total of nine environmental regression-based problems (Lima et al.,
2015). The modeling proficiency was compared with conventional re-
gression model and several AI models, including the ANN, SVM and
random forest models, under large number of cases and model pre-
dictors. It was noticed that the ELM attained very good results with less
computational time vis-à-vis the AI and linear regression models for
almost all inspected problems.

Recently, an alternative version of ELM, namely, the online se-
quential extreme learning machine (i.e., OS-ELM), has been developed
and applied for daily, monthly and yearly river flow forecasting in
Canada (Lima et al., 2016). The findings demonstrated a remarkable
degree of forecasting accuracy in comparison with a multi linear re-
gression (MLR) model as a benchmark. The same method (i.e., OS-ELM)
applied for flooding events forecasting in the case of Neckar River in
Germany was demonstrated in another study (Yadav et al., 2016b). In
that paper, hourly meteorological dataset was used to construct and
evaluate the data intelligent model based on OS-ELM. In 2016, Zaher
et al. proposed the non-tuned ELM-based predictive model for modeling
monthly time scale streamflow data in a semi-arid region in Iraq. The
proposed model was verified against generalized regression neural
network and support vector regression models. The established models
proved the effectiveness of ELM for the inspected region, and particu-
larly for monthly time scale forecasting. Rezaie-Balf and Kisi (2017)
studied three different predictive models including an optimally pruned
ELM (i.e., OP-ELM), traditional ANN and evolutionary polynomial

regression (EPR) for daily streamflow forecasting on three different
regions located in Iran Overall, the EPR model outperformed traditional
ANN and OP-ELM model for all cases studies. It was also noted that OP-
ELM model was unable to capture the stochasticity of this region’s
streamflow patterns. Deo and Şahin (2016) evaluated the ELM model in
respect to an ANN model for streamflow prediction in Queensland,
Australia where a set of nine predictors with the month (to consider the
seasonality of QWL); rainfall; Southern Oscillation Index; Pacific Dec-
adal Oscillation Index; ENSO Modoki Index; Indian Ocean Dipole Index;
and Nino 3.0, Nino 3.4, and Nino 4.0 sea surface temperatures (SSTs)
were utilized. Not only did the ELM model outperform the ANN in
terms of testing accuracy, but also was several folds faster than the ANN
model, revealing its potential as a real-time simulator of streamflow.

In literature, the latest usage of the ELM model was undertaken on
the Johor River located in Malaysia over a daily time scale forecast
horizon (Yaseen et al., 2016a). Besides, the investigation of river flow
forecasting based on multi-station information using hybrid ELM cou-
pled with wavelet denoising method was conducted by (Nourani et al.,
2017). The developed hybrid model was also validated against least
square support vector machine (LSSVM) model. In conclusion, very
good results were obtained by coupling ELM model with wavelet
transformation compared to a benchmark model. It should be con-
sidered that the input variable attributes have scientifically been
proven to contribute to the level of accuracy of any machine learning
model (Taormina and Chau, 2015a). Based on this conceptual idea,
Dariane and Azimi, (2017) integrated the ELM model with evolutionary
input selection algorithms (i.e., the genetic algorithm) for monthly river
flow forecasting at the Ajichai basin. The study confirmed a significant
coupling of the input selection algorithm that influenced the ELM
model’s forecasting efficiency.

In the area of river flows, the latest version of the ELM model was
employed for river flow forecasting by Lima et al. (2017) where the
researchers developed a new form of the online sequential ELM (OS-
ELM) model from their earlier published article (Lima et al., 2016), and
later, applied in context of rainfall forecasting (Ali et al., 2018). This
model was denoted as the variable complexity ELM (i.e., VC-OS-ELM)
applied for online daily river flow forecasting at a hydrological station
in British Columbia, Canada. The merit of the proposed VC-OS-ELM
resulted in its ability to be applied as an online expert predictive model
with updated features for the most recent hydrological information. The
online predictive model was demonstrated as a robust soft computing
model that could be applied efficiently in hydrological prospective.

Some other notable studies on river flow system and general hy-
drological forecasting applications also demonstrated the ELM model to
exhibit sophisticated level of performance, particularly in modeling
river and lake water level (Deo and Şahin, 2016; Shiri et al., 2016),
rainfall-river flow (Roushangar et al., 2017), and urban water demand
estimation (Mouatadid and Adamowski, 2017; Tiwari et al., 2016). To
date, it is clear that the desire to apply the ELM model in a range of
hydrological prediction problems continues to be an attractive pathway
for decision-makers to solve practical problems in a diverse range of
geographic and hydrological (i.e. catchment-scale) scenarios.

1.5. Research review assessments

In light of the foregoing state-of-the-art of the extreme learning
machine algorithms and their applications in modeling water resources
and solving other engineering problems and also to solve these pre-
diction problems in a relatively shorter model execution time compared
to some of the other data-driven models (e.g., SVR and ANN), the need
to establish a comprehensive survey of the previous research works is
highly warranted and practically beneficial, mainly for the benefit of
young (new) hydrologists and research scholars who may be interested
in applying the ELM model to improve existing approaches.
Considering this viewpoint, an extensive review of the ELM model is
also required to recognise the current trends of using this data-
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intelligence tool, and also to propose a new way to showcase its prac-
ticality and versatility in hydrological forecasting problems, as it is
evident in the findings throughout the comprehensive details provided
(Appendix A)

• Based on conducted careful review of existing research works, it is
apparent that a majority of the ELM model applications have been
developed on multivariate applications, and particularly, on the
modeling of climatological and environmental systems. This has
resulted due to the fact that the ELM model is able to identify the
non-linear relationship that represent physical processes between
the predictors and the predictand by virtue of its merits driven by
the randomized learning process. In river flow forecasting model-
ling, different hydrological and geophysical parameters are usually
used as predictors whilst river flow time series at specific station is
the predictand. These models consider inherent assumption of sta-
tionarity in the relationship between predictors and predictand.
However, in real cases, depending on the actual data, this assump-
tion may not be correct. In cases of identification of non-stationary
in the relationships between predictors and predictand, the model
results become uncertain. As such, it is significant to determine
possible reasons after having identified any specific non-stationaries
and care should be made in selecting predictors to avoid the oc-
currence of any non-stationarity. Schmith and Foss (2008) demon-
strated that if a statistical downscaling model was non-stationary
over the training phase, the basic stationarity assumption became
questionable. Xenarios et al. (2018) highlighted the role and impacts
of non-stationarities and assessed non-stationarities between heavy
rainstorm events with mega-scale circulation in the Mediterranean
Sea.

• Despite the excellent capability of the ELM model in mimicking the
nonlinearities that represent the physical phenomena, mainly
through multivariate modeling approaches, hydrologist sometimes
still require univariate models to be developed, mainly as “time-
series prediction models” where the antecedent trends and magni-
tudes of the inspected hydrological variable is used to model the
future value of the variable. It is worthwhile to highlight the fact
that the ELM model has also been validated for its predictive ability
on univariate input data applications, and especially for river flow
forecasting.

• Another noticeable outcome of the review is that the feasibility of
the ELM model has improved magnificently by virtue of the hybrid
ELM models that were coupled with data pre-processing approaches
such as wavelet transformation algorithm. In such studies, a set of
hybrid models have often relied on the decomposition of the input
space with multiple levels of frequency-based information used to
improve the performance skill.

• The nature of the diverse patterns due to the regionalization effect of
the model’s accuracy, in terms of the hydrological differences,
clearly points out that there is no universal data-intelligence model
that is able to mimic global watershed features. However, for the
ELM model, results demonstrated that this tool was a sophisticated
predictive algorithm applied over numerous types of watershed re-
gions with different characteristics in modeling of key hydrological
variables.

• The review has also led to an extremely encouraging outcome,
particularly for a practical implementation of the ELM model. For
example, the recent version of the ELM model, known as the vari-
able complexity ELM (i.e., VC-OS-ELM), has a sophisticated and an
advanced applicability as an online predictive expert system with a
great potential for real-time forecasting. The VC-OS-ELM model is a
highly recommended expert system tool for flood control and
management purposes, including reservoirs system operation and
designing reliable irrigating systems for enhanced crop production.
Furthermore, the advantage of predicting and forecasting informa-
tion for future river flows, considering the environmental and

ecological aspects, is amicably possible through this newer, real-
time VC-OS-ELM model.

1.6. Research objectives

The purpose of the current research design is, to review the appli-
cation of ELM in hydrological contexts, and also to investigate an en-
hanced version of the extreme learning machine model (tuned with the
complete orthogonal decomposition (COD) (Hough and Vavasis, 1997),
instead of the conventional techniques such as singular value decom-
position (SVD) that have been used in highly stochastic river flow
pattern forecasting in tropical environments (i.e., Kelantan river, Ma-
laysia). Regression problem classically is solved in ELM model through
calculating the Moore–Penrose generalized inverse using SVD. Even
though SVD is a versatile and numerically stable method, the main
limitation of this procedure is computationally expensive, especially
when the number of hidden nodes is large, the computational com-
plexity will significantly rise (Guo et al., 2016). The large computation
complexity of SVD is the critical factor limiting the learning speed of
ELM. Hence, looking for more robust and reliable alternative to SVD
should be promising to improve the computation efficiency of ELM. In
this study, COD approach is adopted to solve the linear least squares
problem that is simpler than SVD; yet, provides more computation re-
liability and stability.

This study aims to provide a robust and reliable soft computing-
based tool for river engineering systems. Establishing an accurate data-
intelligence model can yield essential information for water resources
engineering applications (e.g., agriculture, irrigation management, and
environmental impact assessments). The proposed model has been
justified with respect to old-fashioned (e.g., SVR) and new generation of
classical neural network (e.g., ELM) models. As a major contribution of
this research work, a comprehensive literature survey is conducted
from most reliable sources in Scopus, Google Scholar, Web of Science
and trustworthy repositories of published research on the potential
viability of the extreme learning machine model applied in the water
resources engineering. Assessment and evaluation of the knowledge
and current state-of-the-art are performed based on the research
knowledge generated by key research scholars within the hydrological
community. The paper closes by providing propositions on future ef-
forts that can be devoted to this research area.

2. Theory and background

2.1. Extreme learning machine

ELM model is an innovative machine learning algorithm that is
characterized mainly by the fact that there is no need for a tuning of the
model’s internal parameters (i.e., the hidden neurons). In essence, ELM
is an improved version of conventional ANN model where it is able to
solve regression problems with a reduced model execution time (Deo
et al., 2017b; Deo and Şahin, 2015). This is because the input weights
(and biases) are randomly generated so that the output weights have a
unique least-squares solution solved by the Moore-Penrose generalized
inverse function (Huang et al., 2006). This can result in a better per-
formance when compared to ANN and SVR models (Acharya et al.,
2013; Deo and Şahin, 2015; Deo et al., 2017). An additional issue with
conventional techniques is that, the ANN model can suffer from a slow
convergence ability, inferior generalization, local minima issues, over-
fitting and the need for iterative tuning, all of which distinguish the
superiority of ELM over ANN. Considering the basic theory of ELM,
randomly initiated hidden neurons are fixed, so ELM is remarkably
efficient to attain a global optimum solution, following universal ap-
proximation capabilities (Huang and Chen, 2007; Huang et al., 2006).
The general structure of the ELM model can be visualized through
Fig. 1a.

Mathematically, the ELM model can best be summarized by
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assuming that there is a set of training data set samples
…x y x y{( , ), , ( , )}t t1 1 . In this assumption, xt is the explanatory variable

and ytis the response variable. The input vectors ( ⋯x x x, , , t1 2 ) present
the predictor variables that are based on the initiated model of the
antecedent values of the daily time series of river flow. The antecedent
values are obtained by using the auto correlation function statistical
approach (see Fig. 1b). For data points defined by t=1, 2, …, N, N is
the training samples. ∈xt

d and ∈yt . The single feed-forward neural
network (SLFN) can be expressed numerically as proposed by Huang
et al. (2006):

∑ + = = ⋯
=

B g α x β z i N( . ) , 1, ,
i

L

i i i t i t
1 (1)

The variables in Eq. (1) are: L (hidden nodes number), +g α x β( . )i i t i
(hidden layer output function), α β( and )i i (hidden node parameters that
are randomly determined), Bi (the weight factor connecting the ith
hidden nodes and output node), and zt (ELM model output).

The number of the input neurons are determined according to the
antecedent values, which are from 1 to 3 (i.e., the input combinations)
in this study. The output layer generates the forecasted values (one-
step-ahead river flow forecasting) based on the linear transfer function
followed recent literature research in hydrology (e.g., Deo and Şahin,
2016; Yaseen et al., 2016b).

In the ELM model, the hidden node parameters can be randomly
generated without any knowledge of the training data or without
iteratively tuning the hidden layer neurons one by one for the lowest
mean square error. That is, for any continuous target function f x( ) and
any randomly generated sequence =α β{( , ) }i i i

L
1 , Eq. (1) is used to ap-

proximate a set of N training sample through:

∑− = − + =
→∞ →∞ =

f x f x f x B g α x βlim ‖ ( ) ( )‖ lim ‖ ( ) ( . )‖ 0
L L L i

L

i i i t i
1 (2)

The primary merits of the non-tuned ELM model are that the hidden
layer weights are randomly obtained. This can yield a zero error, of-
fering the possibility of configuring the network’s output weights (B)
analytically for the training samples. It is worthwhile to highlight that
values of the internal activation function parameters α β( and )i i are
allocated based on probability distribution. Finally, Eq. (2) is equivalent
to =Y GB as a linear system formulation (Huang et al., 2006), such
that:
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G is the hidden layer output matrix and T is the transport of the
matrix. Eq. (3) can be simplified as:

=HB Y (5)

The minimum norm square solution of Eq. (4) is:

̂ =B H Y† (6)

The H† is the Moore-Penrose inverse of Hussain H( ) matrix.
Traditionally, SVD has been predominantly used for the ELM learning
process.

2.2. The proposed enhanced-ELM model

As an alternative to the singular value decomposition (SVD) ap-
proach, the complete orthogonal decomposition (COD) can exhibit an
excellent performance in solving linear problems using the method of
least squares with a simple and a reliable computation procedure
(Hough and Vavasis, 1997). With the purpose of enhancing the ELM
model’s learning process and efficiency, the COD algorithm in this study
is used to determine the output weights. It should be pointed out that
the main merits of the distinguished COD approach over the SVD model
are: (1) high efficiency – “much simpler computation procedure that
lead to improvement of the learning performance”, (2) high stability –
“a stable factorization for the matrix calculation”, and (3) high

Fig. 1. (a) The architecture of the extreme learning machine model, (b) auto-
correlation and partial auto-correlation function for the daily river flow time
series stream-flow, and (c) support vector regression model.
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reliability – “COD is usually highly efficient no matter the size of
Hussain matrix”. For more details about the complete orthogonal de-
composition and its applications in tuning the ELM model, please refer
to Guo et al. (2016).

2.3. Support vector regression (SVR)

In this study, the SVR model has been used as a second predictive
model to benchmark the efficiency of the EELM model. SVR is a robust
soft computing approach established for hydrological process modeling
(Raghavendra and Deka, 2014). The primary features of the SVR ap-
proach entails an optimization of the hyperplane in the original (input)
data set space, purposely to isolate the assigned training dataset accu-
rately, and to leave as much distance as possible from the closest in-
stances to the hyperplane on both sides (Vapnik, 1995).

The mathematical formulation of the regression problem can be
defined as follows. Assuming that a data set space is defined by t=1, 2,
…, N, N is the training samples, ∈xt

d is the “training input variables”
and ∈yt  “training output variable”, the non-linear regression func-
tion is presented in Drucker et al. (1997):

= +f x w φ x b( ) ( )T
1 (7)

The variables above are defined as: w =the matrix weight,
φ x( )1 = the high dimensional feature space, and b =bias.

The primary goal of the regression function is to fit the data T by
determining the main function value f x( ) that has the largest deviation
ε from the actual data set domain over all the training sphere (See
Fig. 1c). Hence, Eq. (7) is transformed into a constrained convex opti-
mization problem with an e-insensitivity loss function that can be
written as follows:
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ξ =the slack variable that define the upper and lower excess de-
viation ( +ξ1 and −ξ1 ). C is the positive regularization variable. ε is the loss
function that linked the approximation accuracies of the training data
phase. Radial basis function is used to solve the kernel function. It is
usually implemented to solve the nonlinearity feature space mapping
during the training procedure. The RBF internal parameters including
(γ ε, and C) are determined by using particle swarm optimization (PSO)
algorithm owing to its effectiveness (Ch et al., 2013; Chau, 2007;
Yunrong and Liangzhong, 2009).

2.4. Modeling implementation and performance skills

The models are trained by using the statistically correlated, ante-
cedent river flow data, as determined by the correlation and the auto-
correlation statistics (see Fig. 1b). This approach has been adopted in
several previous works in hydrological forecasting problems. Hence, a
total of three input attributes and the relevant combinations are con-
structed to build the architecture of the predictive models by using the
following formulation:

= −Q f QModel 1 [ ]t t( ) ( 1) (9)

= − −Q f Q QModel 2 [ , ]t t t( ) ( 1) ( 2) (10)

= − − −Q f Q Q QModel 3 [ , , ]t t t t( ) ( 1) ( 2) ( 3) (11)

It is noted that Q t( ) is the forecasted value of river flow, −Q t( 1) , −Q t( 2) ,
and −Q ,t( 3) are the antecedent values of the river flow one, two and
three days previous. All these antecedent river flow represent the
variables of the targeted Q t( ) through the data-intelligence functionality
(i.e., EELM, ELM and SVR) models. The prediction of the models are

evaluated by using various numerical statistic indicators in addition to
the graphical evaluation (i.e., scatter plots and relative error plots) (Ho,
2012; Nussbaum-Thom et al., 2013). These numerical indicators in-
clude determination coefficient (r), Willmott’s index (WI), Nash-Sut-
cliffe coefficient (Ens), root mean square error (RMSE), mean absolute
error (MAE) and relative error (RE) (Chai and Draxler, 2014; Legates
and Mccabe, 1999; Nash and Sutcliffe, 1970; Willmott, 1981).
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where Qo, Qf , Q̄f , and Q̄o are the observed value, forecasted value, mean
observed value, and mean forecasted value of river flow.

We utilize Eqs. (12)–(17) to provide a comprehensive assessment of
models since literature suggests that no single metric is sufficient to
fully validate a forecast model (ASCE, 2000; Chai and Draxler, 2014;
Krause et al., 2005; Nash and Sutcliffe, 1970; Willmott, 1982, 1981).
Chai and Draxler (2014) noted that model evaluation must include both
RMSE and MAE (Eqs. (15) & (16)) since RMSE is largely applicable
when the error distribution of the developed model is normal whereas
MAE is useful when it is uniform. However, both performance metrics
show the magnitude of overall (point-averaged) error in the test period
over the entire series, but on their own, they may fail to show the true
validation of a developed model. Considering this, the relative error
metric (Eq. (17)) should also be used where the error is presented as a
percentage within the test set. For a river flow regime that has a dif-
ferent mean property, or if it is situated in a hydrologically diverse
condition, the present model cannot be compared unless the relative
error (in a normalized percentage form) is presented. Therefore, this
study has employed the relative error together with the MAE and
RMSE. In traditional model assessments, the employment of the cor-
relation coefficient (r) computed between the forecasted and observed
dataset is paramount since a 1:1 correspondence is likely to show how
well the forecast model is able to fit the observed data, whilst also
showing the estimated amount of variance by means of the r2 equiva-
lent. However, this is a linear metric and an overall estimator, so a
normalized metric, the Nash-Sutcliffe coefficient (Ens) is also used. The
Ens is a well-established model evaluation tool (Nash and Sutcliffe,
1970) to provide advanced information that is often complementary to
r, RMSE and MAE. However, Willmott (1981, 1982) found that Ens
alone may not provide a true account of the forecast model perfor-
mance since it is based on the square of the differences between the
observed and forecasted data where an equal weighting could be given
to the low and the high flows (Deo et al., 2017). Therefore, in this study,
the Willmott’s Index is used where it includes the absolute value of the
predicted and observed means (including the observed and forecasted
means). For further information, the readers are referred to the several
studies (e.g., ASCE, 2000; Chai and Draxler, 2014; Krause et al., 2005;
Nash and Sutcliffe, 1970; Willmott, 1981).
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3. Case study and data description

In this research, daily time series river flow data measured at
Guillemard station, Kelantan River located in the north-east region of
the Malaysian Peninsula, is utilized. The statistical properties of the
training, testing and complete are tabulated in Table 1. Fig. 2 shows the
location of the selected river site. The historical river flow data are
obtained from the Department of Irrigation and Drainage (DID), Ma-
laysia. The river flow measurements are obtained using telemetry
methods where water level pressure remotely calculated using sensor at
particular river cross section. In general, the climatic conditions at this
study site is characterized by heavy monsoon rainfall events, which
often results in annual flood events. Therefore, the development of such
an intelligent forecasting model of stream-flow can be adopted as an
integral part of the flood hydrology assessments, and can have potential
implications in economic, infrastructural and agricultural development
dimensions. The total length and drainage area of Kelantan River are
approximately 248 km and 13,170 km2. The river flow data are ob-
tained for the observed period (of 1965–2014) over a daily time scale.

4. Results and discussion

In this study, based on the context of machine learning models, river
flow modeling has been categorized into two different approaches. One
approach considers the fact that a forecasting model can be based on
the river flow data itself by including the correlated lag times as an
attribute to forecast one step-ahead. On the other hand, the second
approach of modeling river flow entails an appropriate exogenous hy-
drological variable apart from the river flow data, such as rainfall,
water level, and other related physical parameters related to river flow
that can be used to forecast the river dataset. In this paper, the en-
hanced version of ELM model (EELM) is applied to forecast daily time
scale data (i.e., the tropical case study). It must be noted, however, that
using only river flow information to module the river flow itself is more
challenging for the hydrologist in terms of attaining the best level of
accuracy, as it may lack pertinent features of the catchment that lacks
the meteorological information.

The well-established data-intelligence predictive models (i.e., the
EELM vs. the ELM & SVR models) are evaluated numerically through
several performance statistics that are acceptable norms in hydrological
research community. Table 2 tabulates the performance assessment in
the testing phase of hydrological modeling. The best input combina-
tions for the EELM, ELM, and SVR are designated as (Model 2, Model 2,
and Model 1), in their order of the best to the worst performance. The
best fit-of-goodness metrics, including r, WI, and Ens values, are ap-
proximately 0.89, 0.93 and 0.79 for the EELM, 0.86, 0.91 and 0.74 for
ELM and 0.81, 0.89 and 0.66 for SVR model, respectively. To further
support this result, the mean absolute error indicators i.e., RMSE &MAE
are approximately 314.16m3s−1 & 100.41m3s−1 for the EELM,
355.42m3s−1 & 109.38m3s−1 for the ELM and 405.52m3s−1 &
110.05m3s−1 for the SVR model, respectively. In general, results of the
proposed EELM model reveal a noticeable enhancement when applied
at all daily time horizons in term of accuracy. Another important di-
agnostic evaluator displayed in Table 2 is the computational time for
the testing stage. It can be seen that a noticeable difference in the ex-
ecution speed of the EELM model is recorded in comparison with other
benchmark models (i.e., ELM and SVR). This remarkable speed of the

EELM model is owing to the potential of the complete orthogonal de-
composition learning approach (Guo et al., 2016).

For a more detailed insight into, and for further evaluation of the
predictive performance, a set of scatter plots are generated (Fig. 3). The
coefficient of determination, R2 and the regression formula
(y= aox+ a1) are also displayed in the scatter-plots. For each model, a
scatter plot of the actual observed river flow data versus the forecasted
river flow data is also prepared to assess the statistical correlation level.
The best regression values are obtained for the EELM, followed by the
ELM and SVR models, attaining approximately 0.80, 0.74 and 0.67,
respectively. Notably, the EELM model is found to demonstrate the best
model performance, which is displayed by the closest 1:1 line of fit
compared to the other data intelligent models. On the other hand, the
scatter plot generated for the testing period (i.e., 2009–2014) reveals
that the low-river flow forecasting accuracy has a slight variance. Re-
garding the medium river flow values, results show that they are
overestimated but for the high-flows values, these are underestimated
as obviously revealed by the relative error diagnostic indicator (See
Fig. 4). In terms of the maximum errors outlined in the seasonality peak
flows, again and consistently, the EELM model outperforms other data
intelligent models in forecasting these peak river flows.

By comparing all studied forecasting methods for the Kelantan River
case study (i.e., the EELM, ELM, and SVR) by means of a detailed
comprehensive analysis, the relative forecasting errors (Eq. (17)) are
examined for the testing period. Results of the three data intelligent
models are shown in Fig. 4(a–c). In general, the performance of the
three data intelligent models appears to be quite good for this tropical

Table 1
Descriptive statistics of the daily river flow, Q (m3s−1) for Kelantan River at Guillemard (Malaysia) (1960–2014).

Partition Time-Period No. Records Mean St. Dev. Median Minimum Maximum

Training 1-Jan. 1960 – 2-Jul. 2009 18,080 467.28 577.06 319.55 1.20 9929.30
Testing 2-Jul. 2009 – 31-Dec. 2014 2009 385.03 695.93 215.30 29.50 7786.00
Complete 1-Jan. 1960 – 13-Dec. 2014 20,089 459.06 590.52 307.4 1.20 9929.30

Fig. 2. Case study site: Guillemard river flow station located on Kelantan river,
Malaysia region.
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Table 2
The performance indicators, in terms of the correlation coefficient (r), Willmott’s Index (WI), Nash-Sutcliffe efficiency (Ens), root mean square error (RMSE), mean
absolute error (MAE), and the time consumption (in seconds) for the enhanced extreme learning machine (EELM) model and the comparative ELM and SVR models
evaluated in the testing phase.

Models Correlation coefficient,
r

Willmott's index WI Nash-Sutcliffe Coefficient,
Ens

Root mean square error,
m3s−1, RMSE

Mean Absolute Error,
m3s−1, MAE

Model Run-Time,
s

EELM model
Model 1 0.836 0.8939 0.7013 383.5238 112.8537 5.76
Model 2 0.894 0.9380 0.7995 314.1600 100.4198 6.20
Model 3 0.842 0.9086 0.7049 381.2078 110.1949 6.76

ELM model
Model 1 0.801 0.8806 0.6261 429.0772 119.5461 14.3
Model 2 0.869 0.9180 0.7434 355.4255 109.3825 18.2
Model 3 0.861 0.9190 0.7351 361.1641 144.7502 27.7

SVR Model
Model 1 0.818 0.8921 0.6654 405.5268 110.0568 23.51
Model 2 0.812 0.8836 0.6347 423.4485 116.5815 27.12
Model 3 0.781 0.8659 0.6054 442.4958 124.0584 32.55

Fig. 3. Scatter-plots of the observed and forecasted daily river flow Q(t) using three sets of input combination (Model 1: Q(t− 1); Model 2: Q(t− 1, t− 2); Model 3:
Q(t− 1, t− 2; t− 3) (m3s-1). (a) EELM, (b) ELM and (c) SVR models.
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hydrological environment as all utilized approaches achieve almost the
same pattern of relative in graphical terms. A closer examination shows
that the residual error, however, is improved when using the proposed
EELM model over the traditional ELM and the SVR models. Based on
the graphical presentations in Fig. 4, the maximum percentages values
of model errors are allocated in the peak events of the testing phase.
This demonstrates that it is not possible to attain a high level of accu-
racy when utilizing such redundant historical data set. The prediction of
peak river flow values is difficult because of the sudden river flow re-
cords that is resulted due to the heavy rainfall events caused by the
monsoon where the environment is predominated with random rainfall
events. This result might also be due to the fact that the range of the
monitoring data for Kelantan River is between 100 and 8000m3s−1 so
that the proposed methods are likely to suffer from such large data

range (which is generally intermittent and less frequent compared to
the overall time series). If so, this perhaps renders it difficult for data
intelligent methods to be adequately trained, to mimic the pattern of
the river flow and to overcome the highly dynamic nature of the
modelled dataset. It is therefore possible that the availability of less
information in the model’s training stage likely leads to a set of fewer
patterns, to be adequately captured by data intelligent models. Never-
theless, the present study shows that the performance of the EELM
model remains optimal in respect to the ELM and the SVR models.
Given that most of the adopted algorithms for river flow forecasts rely
only on the use of algorithms such the conventional ANN model, the
performance of the proposed EELM model is significantly better for this
specific application.

In this paper, we perform modeling of river flow by using daily data

Fig. 4. Relative error distribution over the testing phase for the daily time scale river flow for Kelantan River, (a) EELM, (b) ELM and (c) SVR.
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for Kelantan River in Malaysia. This is due to the fact that the length of
the Kelantan River is about 250 km; hence, the travel time of water flow
in this system is only within a couple of days. On the contrary, on what
can be seen in the study conducted by (Yaseen et al., 2016b), the time
scale of the Tigris River modeled was monthly because that river system
was much longer and there was no major significance in terms of the
timescale to investigate the daily forecasting models. As a further as-
sessment, it is also evident that the 55 years’ stream-flow data used to
develop forecasting model for the tropical region may not be sufficient
since the RMSE and MAE values were relatively high, which were al-
most three times when compared with similar index in semi-arid region
(Yaseen et al., 2016b).

For a practical implementation of the present methods, the potential
use of the extreme learning machine model in general, and particularly,
the most recent version of the ELM (i.e., VC-OSELM) proposed by Lima
et al. (2017) can be a significant tool for river engineering operations.
This type of soft computing model is featured by the ability to update
the learning process online, and therefore, it may present an ideal in-
terface for real-time simulations. In more representable illustration,
Fig. 5 exhibits the online forecasting intelligence system that can be
envisioned in real time flooding control system. The online forecasting
system will start by obtaining the physical properties of the river, in-
cluding the area, velocity, and river flow discharge by using various
data sensors. Results of the ELM-based predictive model can be linked
to a global system for mobile communications (GSM) in the case of
expected flooding or in the case of danger events of river flow. GSM
networks can deliver a chain of messages to alarm the nearby civilians
for the preparation in an emergency evacuation task. This merit of the
ELM based model can provide a robust tool for the hydrologist and
other decision maker to perform the forecasts and to implement a re-
liable water resources management and planning system. In addition,
the perceived online forecasting system can be applied in practice on
several river flow time scales, both of a short and a long forecast hor-
izon. Moreover, reliable and accurate streamflow forecasts for future
events can also be used as an external attribute variable for the mod-
eling of the other hydrological components, such as water quality, river
water level, sediment concentration transport, and others.

Nevertheless, a pure machine learning model is a black-box model
and cannot show the involved physical processes. On the other hand,
hybrids of physically-based and machine learning models, which were
rarely considered so far, can take the advantages of both methods and
fill the existing research gap. In this regard, recently, researchers

commenced to undertake novel works on the inclusion of the physi-
cally-based process into machine learning techniques (Chen and Chau,
2016; Taormina and Chau, 2015b). Taormina and Chau (2015a, 2015b)
included expert knowledge on the baseflow separation in machine
learning streamflow modeling with extreme learning machine. Chen
and Chau (2016) reported a hybrid model with double neural networks
for prediction of suspended sediment loads, by incorporating a key
physically-based process, namely, the continuity equation, into the
structure. The preliminary results were promising. It is believed that it
is a cutting-edge task of systematically exploring the feasibility of de-
veloping novel hybrid physically-based and meta-heuristic river flow
forecasting models.

Nowadays, with recent advances in computer technologies, new
time series forecasting methods, including least absolute shrinkage and
selection operator (LASSO), elastic net, deep learning, etc., become
feasible alternatives for river flow forecasting. LASSO, being a novel
way for estimation in linear models, was proven to be able to minimize
the residual sum of squares of errors when the summation of absolute
value of their coefficients was smaller than a threshold value
(Tibshirani, 2011). Its ability was also demonstrated for applications in
different statistical models such as tree-based or generalized regression
models. The elastic net is recognized as a novel method for regular-
ization as well as variable selection (Ogutu et al., 2012). By employing
both hypothetical and real data, it was shown that elastic net out-
performed LASSO with a similar sparsity. Moreover, elastic net initiated
a grouping effect for predictor correlation and was demonstrated to
have advantages particularly if the predictors much outnumbered ob-
servations. Deep learning, being a rebranding of artificial neural net-
work in recent years, has effected revolutionary strides in its ability to
tackle problems that have been resisting artificial intelligence for a long
period of time (LeCun et al., 2015). Whilst earlier generation ANN
extracts feature from data strongly correlated with dependent variables,
deep learning undertakes it automatically via multiple levels of ab-
straction. The recent advances in computing power, particularly the
availability of graphics processing units, together with this emerging
technique, render it possible to train an artificial neural network with a
large number of hidden layers. The following are some cases in which
these novel techniques are starting to get attention by researchers for
applications in hydrology and/or weather forecasting. Jeon et al.
(2016) employed the generalized extreme value fused LASSO penalty
function to detect the change point of non-stationary annual maximum
precipitations in South Korea. Shahbazi et al. (2018) developed a

Fig. 5. The practical online forecasting system for river engineering using the feasibility of the extreme learning machine.
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regression imputation framework, with a two-layer structure coupling
neuro-fuzzy networks and elastic net, for filling missing records and air
pollution forecasting in Tehran. Fang et al. (2017) utilized a time series
deep learning neural network to create a system that predicted the soil
moisture active passive level-3 moisture product with atmospheric
forcing, model-simulated moisture, and static physiographic attributes
as inputs.

Considering the notably high performance of the proposed en-
hanced ELM model and the growing aspirations of deep learning al-
gorithms to be used for real prediction and classification purposes in
today’s data analytics era, a future study applying the EELM model that
aims to design a recurrent hidden layer ELM model, following deep
learning principles, is a promising step forward to advance the findings
of this study. In such a deep learning model (which was beyond the
scope of this research), researchers could employ a convolutional
neural network (CNN) (Ertugrul, 2016; Kim et al., 2017). In such a
model, the principles of ELM could still be retained to reduce the
computational burden of multiple hidden layer networks. However, one
possibility, is also to use a stacked enhanced ELM architecture within a
CNN framework with backpropagation algorithm to deduce targets of
hidden layers to learn network weights while maintaining good per-
formance levels (e.g., Kim et al., 2017).

5. Conclusions and future research direction

The primary motivation of conducting the current research is to
investigate the applicability and assess the capability of the enhanced
version of the ELM model tuned with the COD approach used in a
problem of forecasting one-step-ahead daily river flow in a tropical
environment, Kelantan River (Malaysia). The modeling efficiency of the
proposed EELM model is verified in respect to the classical version of
the ELM and the SVR model. In addition, the paper demonstrates a
timely and a detailed survey of the employment of the extreme learning
machine approach, and its well-established version in the field of water
resources engineering. A review of such works is necessary to provide
young hydrologists a set milestone for the new era of the soft computing
and research direction in water resources engineering, and in particular
in solving the non-linearity and non-stationarity issues in hydrological
modeling. The latter, of course, can be achieved by a data decomposi-
tion technique, such as the COD method applied in the present study.
Furthermore, this study aims to shed some light on future directions of
the ELM model for its development and implementation as a real-time
forecasting tool for practitioners in the field of hydrology.

The major findings of the inspected approaches and their applica-
tions are abridged in the following form:

i. In general, the EELM model is seen to exhibit itself as a very opti-
mistic predictive model that can be utilized as a viable alternative to
the state-of-the-art models for river flow forecasting, and particu-
larly in the hydrological region of a tropical environment.

ii. In the testing period (2009–2014), the EELM-based predictive
model reveals a great potential to improve the level of accuracy of
the ELM and SVR models. In quantitative terms, the absolute error
values (i.e., RMSE and MAE) are reduced significantly by about
(11.61–22.53% and 8.26–8.72%) respectively, when the EELM
model is evaluated compared to the ELM and SVR models.

iii. The proposed EELM model is likely to be considered as a very re-
liable forecasting tool for the inspected tropical environment. Yet,
the behavior of EELM model demonstrates a noticeable challenge in
forecasting high river flow patterns due to the high fluctuations and
stochasticity of the model input datasets.

It is concluded that the space for further effort to be accomplished
within the current scope of research is still an ongoing endeavor. Based
on accomplished findings and extensive state-of-the-art, future research
trends can be undertaking in the following propositions:

i. The efficiency of a single hidden layer ELM model lies on random
initialization of the internal network weight during the learning
process, but this framework might be a limitation from a soft
computing prospective as the single hidden layer can affect the
network learning performance and lead to ineffective predictions.
The potential of thus extending ELM into a deep learning neural
network model (where recurrent hidden layers are positioned in the
feature space) is an area to be explored for a better internal weight
determination. For instance, Ertugrul (2016) designed a recurrent
ELM-based approach to forecast electricity load more accurately
and fast learning process, while a restricted Boltzmann approach
was applied (Hinton et al., 2006) to yield effective results on this
aspect. On the other hand, the harmony search approach can also
be used, seen to exhibit an excellent optimization of the ELM (Geem
et al., 2001) for the neurons and weight configurations. Deep-
learning based ELMs are largely unnoticed in hydrological sciences,
but due to their rapid training and testing times and high accuracy,
they are worth investigating in future research work. Further, an
integration of ELM model with nature inspired algorithms is highly
emphasized to be explored such as particle swarm optimization,
salp swarm algorithm and others (Mirjalili et al., 2017).

ii. In future research that applies ELM for hydrological forecasting
where the memory of hydrological features are prominent, an ad-
vanced variant of the deep learning process, constructed with the
gradient-based Long Short-term Memory Network (LSTM) with
recurrent (or convolutional) layers (Hochreiter and Schmidhuber,
1997) is a promising predictive tool. The premise of applying
LSTM-based recurrent ELM where LSTM can learn to bridge
minimal time lags in discrete steps to enforce constant error flow
through error carousels, and allow the multiplicative gate units to
learn to open/close access to the constant error flow, can lead to
promising results since such a model can implement time-series
lagged behavior of input data (Hochreiter and Schmidhuber, 1997;
Sak et al., 2014; Tian and Pan, 2015). Moreover, LSTM-based ELM
can also be implemented to search for features that are local in
space and time and its computational complexity is generally low
so that it can lead to extensive feature extraction with a low latency
output of the hydrological variable.

iii. It has been reported by Prof. Keith Beven “one of the famous sci-
entist in hydrology” in his advice for young hydrologist (Beven,
2016) that the hydrological science is facing a hazard in its de-
velopment owing to the limited resources and thus the use of soft
computing models is much inexpensive rather that the experi-
mentation investigations that are costly and necessitated for an
expensive equipment’s. Hence, engineering modelers must take the
advantage to build an expert-systems that can contribute to real
society problems solving such as flooding, hurricane, etc.

iv. It is worth to report that the efficiency of the ELM model should be
justified not only through its reliability in term of the numerical
accuracy, but rather on the practical implementation for the water
resources engineering and, most importantly, knowledge based
expert system. For instance, the typical modeling based on physical
based model exhibited excellent and useful methodologies in the
field of atmospheric engineering. Hence, the enclosure of the ELM
modeling potential into the existing decision-making outline is still
challenging to be considered “this is for sure with the well-though-
out of the system physics and information availability”.

v. Throughout the extensive review, there was a significant factor
absent from the modeling which is the humans’ activity impact. It
should be noted that, human activities influence the behavior of the
catchment basin with multiple criteria and thus hydrologist must
not neglect this constructive factor that certainly can manipulate
the modeling results.

vi. Correlated variables contribute remarkably for the prediction ac-
curacy as they provide an informative attribute to the targeted
output. For instance, more weather and hydrological information
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variables such as rainfall, evaporation, humidity, temperature, etc.
for modeling river flow can enrich the modeling learning process
and hence more researches are required to be devoted on this
prospect.

vii. With regard to the modeling process effectiveness, hydrology and
climate variables are usually associated with missing data and
especially in developing countries where less watershed manage-
ment and sustainability allocated. Hence, exploring a reliable
methods or mathematical procedures is highly recommended to be
obtained where those missing data are vastly influencing the
modeling performance. On the other hand, the methods for asses-
sing the prediction process should be reconsidered as for instance
leave-k-out method applied in the literature for modeling valida-
tion. However, as clearly reported by the extensive review research
conducted by Solomatine and Ostfeld (2008), the limitation of
using this approach is the data will not always be contiguous, so
that, for example, it would not be possible to visualize a hydro-
graph when the model is fed with the test set since different
training and testing sets would be used.

There are several water resources engineering processes that have
not been investigated using the application of ELM models or its more
advanced versions (such as deep learning-based or LSTM-based ELM
model). Awaiting a further independent study, the motivation for de-
signing and implementing such predictive models is a highly desirable
task, as revealed in this paper, for river water stage, groundwater table,
evaporation and rainfall forecasting.
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Appendix A. A comprehensive account of research papers reviewed on the feasibility of extreme learning machine (ELM) approaches and
their developed versions in solving problems of modeling water resources modeling related to river flows, climatological, environmental,
morphological and hydraulic engineering areas.

Hydrological pro-
cesses

Scholars & Case
study location

Application
type & Time
scale

Predictive models Variables (input/output) Unique aspects or salient features

River flow fore-
casting

(Siqueira et al.
(2014)/Brazil

Univariate/
Seasonal

ELM in addition to unorganized
architectures such as echo state
networks (ESNs), extended ESN
architectures and their hybrid
architectures

River flow/river flow The extended ESN architecture using
Volterra filters with PCA and hybrid
ELM-ESN models provided the best per-
formance indicating that recurrent
structures augmented with more flexible
readout structures were efficient for
dealing with the non-stationary and sea-
sonal character of the river flow pattern
series

Li and Cheng
(2014)/China

Univariate/
Monthly

ELM, SVR, WNN-ELM River flow/river flow The WNN-ELM model provided precise
discharge forecasts attributed by the
wavelet decomposition which is reported
to have time-localization capabilities in
addition to its ability to unravel the
underlying multi-scale phenomena

Taormina and
Chau (2015a,
2015b)/United
states

Multivariate/
Daily

ELM-BCSO Geographical information, snow, rainfall,
temperature, snow depth/river flow

A Multi-Objective Binary-coded Fully
Informed Particle Swarm Optimization
(MBFIPS) has been used for the auto-
matic selection of the optimal set of
inputs for obtaining generalized ELM
models. ELMs drastically reduced the
large computational times even when
integrated with other optimization algo-
rithms

Atiquzzaman
and Kandasamy
(2015)/United
states

Univariate/
Daily

ELM, ANN, EC-SVR River flow/river flow Authors acknowledged that, ELM’s fast
learning capability makes it suitable for
online and real-time forecast applications
wherever quick processing is vital with
lesser parameter tuning and computa-
tional burden

Lima et al.
(2016)/Canada

Univariate/
Daily,
monthly,
yearly

OS-ELM, MLR River flow/river flow The online sequential algorithm updated
ELM (OS-ELM) is more applicable for
modeling many real-world problems
where new data arrive continually.
Frequent updating can be cumbersome
and computationally costly for other al-
gorithms

Yadav et al.
(2016a,b)/Ger-
many

Univariate/
Hourly

OS-ELM, ANN, SVR, GP River flow/river flow OS-ELM takes the data in batches and
continuously updates the time-series
mapping which is suitable for real time
applications. OS-ELM accommodates the
relatively slow approach of ELM (in the
case of large data sets with multiple
predictors) and predicts the large number
of predictors faster than ELM

Z.M. Yaseen et al. Journal of Hydrology 569 (2019) 387–408

399



Yaseen et al.
(2016b)/Iraq

Univariate/
Monthly

ELM, SVR, GRNN River flow/river flow The applied ELM model performed an
excellent forecasting for the investigated
semi-arid environment and noticeably
superior in term of accuracy and com-
putational run-time over SVR and GRNN
models

Rezaie-Balf and
Kisi (2017)/Iran

Univariate/
Daily

OP-ELM, MLPNN, EPR River flow/river flow In peak flow forecasting, the EPR showed
higher accuracy than the MLPNN and
OP-ELM methods. The EPR is known to
combine the effectiveness of genetic
programming with the numerical regres-
sion taking the advantage of the evolu-
tionary computing approach that allows
the construction of several model ex-
pressions

Yaseen et al.
(2016a)/Ma-
laysia

Univariate/
Daily, weekly,
monthly

ELM, ANN River flow/river flow The study established to inspect the
performance of ELM model over multiple
time scale river flow located in tropical
environment. Daily time scale attained
the best modeling results in comparison
with weekly and monthly

Nourani et al.
(2017)/United
state

Univariate/
Daily

WT-ELM, WT-LSSVM. ELM,
LSSVM

River flow/river flow Threshold based wavelet denoised data
was used as inputs to ELM to forecast
Multi-Station river flow. The proposed
model performed an excellent univariate
simulation

Dariane and
Azimi (2017)/
Iran

Multivariate/
Monthly

GA-ELM, ELM, Rainfall (RF), temperature/river flow The input variables were decomposed
using both the wavelet transform and the
singular spectral analysis. GA based input
selection is employed to pick out the best
sub-signals from the pool of all decom-
posed signals and fed to ELM

Lima et al.
(2017)/Canada

Univariate/
Daily

OS-ELM, VC-OS-ELM River flow/river flow A variable complexity VC-OS-ELM algo-
rithm was used to dynamically add or
remove hidden neuron in the OSELM,
allowing the model complexity to vary
automatically as online learning pro-
ceeds

Roushangar
et al. (2017)/
Iran

Multivariate/
Monthly

WT-ELM, I-ELM, G-ELM RF, river flow, drainage properties/river
flow

The authors developed G-ELM model and
utilized spatio-temporal features in its
structure. The results presented a multi-
station modeling of accurate river flow
modeling

Water demand Tiwari et al.
(2016)/Canada

Multivariate/
Daily

ELM, WT-ELM, B-ELM, ANN, WT-
ANN, B-ANN

urban water demand, maximum tempera-
ture and rainfall/urban water demand

The scholars of this researcher proposed
a complementary predictive models:
Bootstrap-based ELM and Wavelet-based
ELM models that were performed con-
siderably in comparison with standalone
ANN and ELM models

Mouatadid and
Adamowski
(2017)/Canada

Multivariate/
Daily

ELM, SVR, MLR urban water demand, maximum tempera-
ture and rainfall/urban water demand

ELM emerged as a promising forecasting
method that can improve the accuracy of
short-term urban water demand forecasts

Water level Shiri et al.
(2016)/Iran

Univariate/
Daily

ELM, GP, ANN Lake water level/lake water level The authors investigated the dynamic
pattern of short term lake water level
using the feasibility of ELM to forecast
one and seven days ahead. The predict-
ability of ELM model evidenced over GP
and classical ANN model

Yadav et al.
(2017)/Canada

Multivariate/
Monthly

ELM, SVR RF, temperature, evapotranspiration, and
groundwater level/groundwater level

The uncertainty of groundwater fluctua-
tion modeled using various hydrological
and climatological information using the
potential of ELM model. The results pre-
sented a sophisticated outcome that
contributes to the policymaker and to
achieve better groundwater management

Barzegar et al.
(2017b)/Iran

Univariate/
Monthly

WT-ELM, WT-GMDH Groundwater level/groundwater level Boosting ensemble multi-wavelet ELM
models were developed for multi-step
ahead forecasting of groundwater level.
The proposed model exhibited an excel-
lent result

Alizamir et al.
(2017)/Iran

Multivariate/
Monthly

ELM, ANN, ARIMA Rainfall, evaporation, groundwater level/
groundwater level

Various input scenarios of hydro-climatic
information were inspected to predict the
groundwater level fluctuation using ELM
model. The outcomes evidenced the re-
duction of the correlation lead time over
two months antecedent values
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Deo and Şahin,
(2016)/Aus-
tralia

Multivariate/
Monthly

ELM, ANN Rainfall, southern Oscillation index, pacific
decadal oscillation, ENSO Modoki index,
Indian ocean dipole index, Nino 3.0, Nino
3.4, Nino 4 sea surface temperature/river
water level

A synoptic climatize signal information
were used to build an ELM predictive
model over multiple sites in the eastern
part of Queensland to predict river flow
stage. In comparison with ANN model,
the ELM model showed a practical solu-
tion modeling for the investigated pro-
blem

Water quality Heddam (2016)/
United State

Univariate/
Daily

OP-ELM, MLP Dissolved oxygen concentration (DO)/DO ELM allows the use of only sigmoid
kernels. However the OP-ELM offers the
use of three kernel types, namely sig-
moid, Gaussian and linear

Leuenberger and
Kanevski
(2015)/France

Multivariate/
Monthly

ELM, KNN Spatial environmental information/nickel,
nickel shuffled, zinc

Capabilities of ELM as a wrapper method
are explored and presented. Wrapper
methods allow the evaluation of different
subsets of input variables. Then, optimal
subset is selected based on minimum
mean squared error

Barzegar et al.
(2017a)/Iran

Univariate/
Monthly

ELM, WT-ELM, ANFIS, WT-ANFIS Electrical conductivity/electrical conduc-
tivity

Least squares boosting (LSBoost) en-
semble function was used to combine the
advantages of the different individual
WA-ANFIS and WA-ELM models

Heddam and Kisi
(2017)/USA

Multivariate/
Hourly

S-ELM, R-ELM, OS-ELM, OP-ELM Water temperature (WT), turbidity (TU),
power of hydrogen (pH), specific conduc-
tance (SC)/DO

OP-ELM provided more accurate esti-
mates than the OS-ELM, S-ELM, and R-
ELM methods by pruning away irrelevant
variables using the multi-response sparse
regression

Lou et al.
(2014)/Macau

Multivariate/
Monthly

ELM, SVR Hydraulic retention time (HRT), WT, TU,
pH, DO, conductivity, chloride (Cl−1), sul-
fate (SO4

−2), silicon (SiO2), alkalinity, bi-
carbonate (HCO3

−1), nitrite (NO2
−1), ni-

trate (NO3
−1), total nitrogen (TN),

phosphorus (PO4
−3), total phosphorus

(TP), suspended solid, total organic carbon
(TOC), UV254, and iron (Fe)/alga bloom

ELM-based predictive model was effi-
cient to simulate the dynamic changes of
phytoplankton abundance in Macau
Reservoir using a variety of water quality
variables as inputs. Effective prediction
models are necessary for water quality
monitoring and management of drinking
water storage reservoirs

Barzegar et al.
(2018a, 2018b)/
Iran

Multivariate/
N/A

ELM, MARS, M5 Tree, SVR Groundwater level, DEM, geological infor-
mation/groundwater contamination
“(NO3

−1)”

DRASTIC method was improved for
mapping groundwater contamination
risk (GCR) using ELM, SVR, M5 Tree and
MARS algorithms. Multi-model en-
semble-based approach was designed for
mapping groundwater contamination
risks of multiple aquifer systems with
multi-model techniques

Fijani et al.
(2019)/Greece
(Small Prespa
lake)

Multivariate/
Daily

ELM, LSSVM Chlorophyll-a (Chl-a) and dissolved oxygen
(DO) in Lake reservoir

A new hybrid framework for the water
quality parameters (Chl-a & DO) estima-
tion incorporating a hybrid two-layer
decomposition using CEEMDAN and
VMD algorithms with LSSVM and ELM
models. The study showed the robustness
of the two-phase VMD-CEEMDAN-ELM
model in identifying and analyzing cri-
tical water quality parameters with a
limited set of model construction data
over daily horizons

Air pollution Vong et al.
(2015)/Macau

Multivariate/
Daily

MC-OS-ELM, ELM Meta-cognitive
online sequential extreme
learning machine.

Nitrogen dioxide (NO2), sulfur dioxide
(SO2), ozone (O3), atmospheric pressure
(AtmP), weather temperature (T), mean
relative humidity (RH), wind speed (WS),
RF, wind direction (WD), sunshine hour
(SHr)/air pollution “suspended particulate
matters” (PM10)

MC-OS-ELM was developed to improve
the data imbalance problem for sequen-
tial learning. MC-OS-ELM combined
meta-cognitive learning strategy with
OS-ELM to alleviate imbalance data pro-
blem and sequential learning at the same
time

Wang et al.
(2017)/China

Multivariate/
Daily

DE-ELM RF, T/air quality index (AQI) ELM model was optimized by DE algo-
rithm for fast convergence and parameter
search. Variational mode decomposition
was employed to conduct the secondary
decomposition of intrinsic mode func-
tions with high frequencies

Vong et al.
(2014)/Macau

Multivariate/
Daily

ELM, SVR Nitrogen dioxide (NO2), sulfur dioxide
(SO2), ozone (O3), atmospheric pressure
(AtmP), weather temperature (T), mean
relative humidity (RHmean), WS, RF, WD,
SHr/(PM10)

ELM along with prior duplication, an
approach in data-based strategy (DS),
was employed for generalization for data
imbalance problem. The input variables
were selected based on principal compo-
nents analysis (PCA)

Dew point Amirmojahedi
et al. (2016)/
Iran

Multivariate/
Daily

WT-ELM, ELM, SVR, ANN Average ambient temperature (Tavg), RH,
AtmP/dew point temperature (Tdew)

A hybrid approach combining the ex-
treme learning machine (ELM) with wa-
velet transform (WT) algorithm was pro-
posed to predict daily dew point
temperature
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Deka et al.
(2017)/India

Multivariate/
Daily

ELM, SVR Wet bulb temperature (WBT), (RH), vapor
pressure (VP)/dew point temperature
(Tdew)

The potential of ELM was tested for the
estimation of daily dew point tempera-
tures of two diverse climatic zones in a
way to check the generalization cap-
ability of ELM

Air temperature Paniagua-Tineo
et al. (2011)/
Europe

Multivariate/
Daily

ELM, SVR, ANN (Tmin and Tmax), rainfall, sea level pressure,
RH, global radiation, synoptic situation,
monthly temperature cycle/air tempera-
ture

The study included synoptic meteorolo-
gical conditions into the prediction vari-
ables such as Hesse Brezowsky classifi-
cation (HBC), one of the large-scale
circulation patterns

Wind speed Shamshirband
et al. (2016)/
Iran

Multivariate/
Daily,
monthly

ELM, SVR, GP, ANN Windspeed/shape and scale of Weilbull
distribution function

ELM was employed to compute the shape
(k) and scale (c) factors of Weibull dis-
tribution function and the same were
used as inputs to estimate the wind
density distributions

Peng et al.
(2017)/China

Univariate/
Minutes

ELM, A-ELM, ANN, SVR Windspeed/windspeed An improved AdaBoost.RT algorithm
coupled with ELM is proposed for wind
speed forecasting. The AdaBoost.RT al-
gorithm generates a sequence of ELM
models wherein each subsequent ELM
concentrates more on the points which
were not well predicted by the previous
one

Lazarevska
(2016)/N/A

Multivariate/
N/A

ELM Average ambient temperature (Tavg),
dewpoint, AtmP, RH, SR/WS

Random assignment of some ELM para-
meters can cause uncertainty problem.
This study addresses on how to provide
the best random assignment for all the
specific ELM parameters

Drought Deo and Sahin
(2014)/Aus-
tralia

Multivariate/
Monthly

ELM, ANN RF, (Tmin, Tmean, Tmax), southern
Oscillation index, pacific decadal oscilla-
tion, southern annular mode, Indian ocean
dipole moment/effective drought index
(EDI)

The optimum ELM model was designed
by using the hard-limit function. The
study reported that the learning speed of
the ELM was 32 times and testing speed
was 6 times faster than the ANN model

Deo et al.
(2016)/Aus-
tralia

Multivariate/
Monthly

ELM, WT-ELM, LSSVR, WT-
LSSVR, ANN, WT-ANN

(EDI)/(EDI) DWT sub-series were used to develop
new EDI sub-series as inputs for the W-
ELM model. The relationship between,
climatic drivers and the EDI could po-
tentially be identified by nonlinear input
variable selection

Mouatadid et al.
(2018)/Aus-
tralia

Monthly/
Multivariate

ELM, LSSVR, ANN Statistically significant lagged SPEI data-
sets used as input, determined by Partial
Autocorrelation Function

The ELM and ANN models outperformed
the MLR and LSSVR models, and all four
models revealed a greater predictive ac-
curacy for the 12-month compared to the
3-month SPEI predictions

Evaporation Deo et al.
(2015)/Aus-
tralia

Multivariate/
Monthly

ELM, MARS, RVM SR, (Tmin, Tmax), VP, RF/evaporation losses The RVM model based on the Bayesian
formulation of a linear model with ap-
propriate prior provided similar results
as that of ELM and MARS models

Evapotranspiration Kumar et al.
(2016)/India

Multivariate/
Daily

ELM, SVR, ANN, GP RF, RHmin, RHmax, Tmin, Tmax, SHr, WS/
evapotranspiration (ETo)

The quick learning ability of ELM algo-
rithm was attributed to choice of hidden
nodes randomly and determining the
output weights of the SLFNs analytically

Feng et al.
(2017a)/China

Multivariate/
Daily

ELM, GRNN RF, RH, T, WS, WD, SR,/ETo The generalization ability of ELM and
GRNN in the prediction of (ETo) were
compared by checking them against six
meteorological stations of Sichuan basin,
southwest China

Abdullah et al.
(2015)/Iraq

Multivariate/
Monthly

ELM, ANN RH, Tmin, Tmax, SHr, WS/ETo ELM was regarded as a possible alterna-
tive method to estimate (ETo) since it
provided a unified learning base with
large scale computations and feature
mapping

Feng et al.
(2016)/China

Multivariate/
Daily,
monthly

ELM, GRNN, WT-ANN RF, RH, Tmin, Tmax, SHr, WS/ETo Radiation-based ELM and Temperature-
based ELM models very superior than
Makkink, Priestley-Taylor, Ritchie
models, Hargreaves and modified
Hargreavesmodels

Feng et al.
(2017b)/China

Multivariate/
Daily

ELM, GRNN RF, RHmean, Tmin, Tmax, SHr, SR, WS/ETo ELM provided better estimates than the
well-known empirical Hargreaves models

Patil and Deka
(2016)/India

Multivariate/
Daily

ELM, ANN, LSSVR Tmin, max, SR, (ETo)/(ETo) ELM algorithm without any prior tuning
of meta-parameters like input weights
and hidden layer biases provided better
estimates than traditional neural network
methodology

Yin et al.
(2017)/China

Multivariate/
Monthly

ELM, SVR (Tmin, Tmean, Tmax), WS, SR, RF, AtmP, RH/
ETo

The comparison of the ELM potential
with classical support vector regression
exhibited the outstanding of ELM model
in mimicking the physical mechanism
between the climatological information
and the evapotranspiration process
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Rainfall Ortiz-García
et al. (2014)/
United states,
Spain

Multivariate/
Daily

ELM, SVR, ANN T, WS, WD/RF Novel predictive variables were consid-
ered such as upper air sounding data,
variables derived from a numerical
weather prediction model as well as the
synoptic pattern of the atmosphere (by
means of the Hess–Brezowsky classifica-
tion) for development of models

Acharya et al.
(2014)/India

Multivariate/
Monthly

ELM, SVD-MLR RF, hind cast runs information/RF ELM has been employed on general cir-
culation model(GCM) products to make
the multi-model ensemble(MME) based
estimation of northeast monsoon rainfall
(NEMR)

Ali et al. (2018)/
Pakistan

Multivariate/
Monthly

Online Sequential ELM & RF
(coupled with Markov Chain
Monte Carlo (MCMC) based bi-
variate copulaAnd Bat algorithm

Significant antecedent rainfall (t – 1) Multi-stage hybrid MCMC-Cop-Bat-OS-
ELM model utilizing online sequential
ELM integrated with MCMC based bi-
variate copula and the Bat algorithm is
employed. Twenty-five MCMC based co-
pulas (Gaussian, t, Clayton, Gumble,
Frank and Fischer-Hinzmann etc.)
adopted to determine dependence of t – 1
rainfall with current and future rainfall
and bat algorithm applied to sort optimal
MCMC-copula model via a feature selec-
tion strategy

Soil Moisture Prasad et al.
(2018b)/Aus-
tralia

Multivariate/
Monthly

ELM integrated with complete
ensemble empirical mode de-
composition with adaptive noise

Using a physical model (i.e., WaterDyn)
model's hind-simulated soil moisture data
to forecast future soil moisture

Hybrid data-intelligent ELM model is
designed to address the chaotic, complex
and dynamical behaviour of soil moisture
data where versatile, computationally
efficient and self-adaptive multi-resolu-
tion tools: complete ensemble empirical
mode decomposition with adaptive noise
(CEEMDAN) and ensemble empirical
mode decomposition (EEMD) algorithms
is used to address non-stationarity issues

Prasad et al.
(2018a)/Aus-
tralia

Multivariate/
Monthly

ELM is used as the fitness func-
tion of the fsrnca algorithm to
identify the set of most perti-
nentmodel variables

Uses climate dynamics (i.e., the climate
indices, atmospheric and hydro-meteorolo-
gical parameters) as the model inputs

Multi-model ensemble committee
learning approach based on artificial
neural network (ANN-CoM) is developed
to forecast upper layer (∼0.2 m from
surface) and lower layer (∼0.2–1.5 m
deep) SM at four agricultural sites in
Australia’s Murray-Darling Basin. ELM is
used to generate simulations first level
inputs for the committee-based ANN-
CoM model

Solar radiation Shamshirband
et al. (2015b)/
Iran

Multivariate/
Monthly,
daily

ELM, SVR, GP, ANN (Tmin, Tmean, Tmax), SR, SHr, RH/SR Sensitivity analysis was used to deter-
mine which input has the most impact
and influence on monthly mean daily
global solar radiation from the given
inputs. ELM was evaluated against the 4
empirical models

Hosseini Nazhad
et al. (2017)/
Iran

Multivariate/
Daily

ELM, SAELM, OSELM Diffuse fraction-clearness index and diffuse
coefficient-clearness index/SR

Hybrid ELM methods such as complex
ELM (C-ELM), Self-adaptive evolutionary
ELM (SaE-ELM), and online sequential
ELM (OS-ELM) have been developed for
the prediction of the daily horizontal
diffuse solar radiation

Sahin et al.
(2014)/Turkey

Multivariate/
Monthly

ELM, ANN Satellite-based land surface temperature,
altitude, latitude, longitude/SR

Solar Radiation prediction was achieved
by using satellite data acquired from the
NOAA advanced very high-resolution
radiometer with an aim of acquiring
missing data

Şahin (2013)/
Turkey

Multivariate/
Monthly

ELM, ANN Satellite-based land surface temperature,
altitude, latitude, longitude/SR

A performance comparison in terms of
the estimation capability and the
learning speed was made between the
ELM model and the conventional artifi-
cial neural network (ANN) model with
backpropagation

Salcedo-Sanz
et al. (2014),
Spain

Multivariate/
Daily

ELM, CRO-ELM Aerosol optical depth, total ozone amount,
total precipitable water, cloud amount,
extraterrestrial solar irradiation, global
solar radiation/SR

A novel Coral Reefs Optimization –
Extreme Learning Machine (CRO–ELM)
algorithm was applied for global solar
radiation prediction. The algorithm is
designed in such a way that the ELM
solves the prediction problem, whereas
the CRO evolves the weights of the
neural network, in order to improve the
solutions obtained
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(Shamshirband
et al., 2015a)/
Iran

Multivariate/
Daily

KELM, SVR Tmin, Tmean, Tmax/SR The potential of KELM to predict the
daily horizontal global solar radiation
from the maximum and minimum air
temperatures is appraised. The effective-
ness of the proposed KELM method is
evaluated against the grid search-based
support vector regression

Deo et al.
(2017)/Aus-
tralia

Multivariate/
Minute

ELM, MARS, M5 Tree Solar zenith angle/global and diffuse solar
ultraviolet index

In this paper ELM was developed in
contradistinction to similar studies,
which instead used ANN as the UVI
modelling tool

Salcedo-Sanz
et al. (2018)/
Australia

Multivariate/
Daily

ELM, MARS, MLR, SVR, CRO Global solar radiation In this paper, the hybrid CRO-(ELM)
algorithm is applied in two stages: first
for the feature selection process guided
by an ELM as the model’s fitness function
to screen an optimal set of predictor
variables and second, for the estimation
of the solar radiation using the optimally
screened variables by hybrid CRO-(ELM)
system

Morphology studies Cao et al.
(2016)/China

Multivariate/
Daily

ELM, SVR RF, reservoir water level, groundwater
level/land sliding displacement

Prediction of the landslide displacement
based on the multiple-variable ELM
model better reflected the dominant ef-
fect of the periodic variation of the
triggering factors. ELM evolved as an
effective method for predicting the dis-
placement of landslides

Bai et al.
(2015)/China

Multivariate/
Daily

ELM Thermal infra-Red information/land sur-
face temperature (LST)

Synthetic high spatial resolution LST
images from available satellite-borne
sensors was developed by thermal shar-
pening method based on extreme
learning machine (ELM) algorithm

Huang et al.
(2016)/China

Multivariate/
Monthly

ELM, WT-ELM, ANN, WT-ANN Reservoir water level fluctuation and geo-
logical condition information/land sliding
displacement

Chaos theory-based discrete wavelet
transform (DWT)–extreme learning ma-
chine (ELM) model to predict landslide
displacement

Lian et al.
(2014a)/China

Multivariate/
Monthly

Ensemble-ELM, ELM, ANN Reservoir water level fluctuation and rain-
fall/land sliding displacement

Ensemble of extreme learning machine
(E-ELM) is proposed to investigate the
interactions of different inducing factors
affecting the evolution of landslide. Grey
relational analysis is used to identify
more influential inducing factors as the
inputs in Ensemble-ELM

Huang et al.
(2017)/China

Multivariate/
Monthly

ELM, SVR, SOM-ELM, SOM-SVR Digital elevation model information, geo-
logical maps, remote sensing images, field
survey data, and environmental factors/
land sliding susceptibility mapping

Self-organizing-map (SOM) network-
based extreme learning machine (ELM)
model was used as an improved version
to compute the landslide susceptibility
indexes. SOM-ELM showed a remarkable
superiority over the other models

KV et al. (2017)/
China

Multivariate/
Monthly

EL-ANFIS, EMD-EL-ANFIS Reservoir water level fluctuation and rain-
fall/land sliding displacement

Prediction of displacement of step-like
landslides was carried out using extreme
learning adaptive neuro-fuzzy inference
system (EL-ANFIS) with empirical mode
decomposition (EMD) technique.
ELANFIS reduced the computational
complexity of conventional ANFIS by
incorporating the theoretical idea of ex-
treme learning machines (ELM)

Liu et al.
(2014)/World-
wide

Multivariate/
N/A

ELM, GRNN Geomaterials properties/slope stability
safety factor

The ELM was used to evaluate the stabi-
lity of slopes subjected to potential cir-
cular failures by means of predicting the
factor of safety (FS)

Lian et al.
(2014b)/China

Multivariate/
Monthly

ELM, EEMD-ELM Reservoir water level fluctuation and rain-
fall/land sliding displacement

Ensemble empirical mode decomposition
(EEMD) based extreme learning machine
(ELM) was used as distinguished new
machine learning for modelling landslide
displacement

Hydraulic Ebtehaj et al.
(2016)/N/A

Multivariate/
N/A

ELM, GP Sediment, flow and channel properties/
sediment transport in open channel

The feed-forward neural network (FFNN)
was used to predict the densimetric
Froude number (Fr) and the extreme
learning machine (ELM) algorithm was
utilized to train it

Karami et al.
(2016)/N/A

Multivariate
N/A

ELM, ANN, GP Hydraulic parameters/coefficient discharge
coefficient of triangular labyrinth weir

Accurate determination of the Cd in
triangular labyrinth side weirs was ex-
perimented by applying ELM
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Ebtehaj et al.
(2017)/N/A

Multivariate/
N/A

SaE-ELM, SVR, ANN River and piers hydraulic properties/scour
depth

Self-adaptive evolutionary extreme
learning machine (SaE-ELM) was em-
ployed for the prediction of local scour
around bridge. The enhanced version of
ELM was evidenced its capacity in mod-
eling scouring depth

Ebtehaj and
Bonakdari
(2016)/N/A

Multivariate/
N/A

ELM, SVR Hydraulic and channel parameters/sedi-
ment transport in open channel

The effective dimensionless parameters
were determined to represent sediment
transport without deposition in open
channel flow using dimensional analysis.
Following this, the ELM and SVM
methods were used to predict the lim-
iting velocity

Azimi et al.
(2017)/N/A

Multivariate/
N/A

ELM Dimensional hydraulic parameters/coeffi-
cient discharge coefficient of triangular
labyrinth weir

The side weir discharge coefficients
within trapezoidal channels are predicted
using Extreme learning machine (ELM).
Sensitivity analysis was also carried using
ELM to recognize the factors affecting the
discharge coefficient

Ćojbašić et al.
(2016)/N/A

Multivariate/
N/A

ELM, ANN, GP Fluid and water jet properties/surface
roughness

ELM proved to be superior in predicting
surface roughness compared to GP and
ANN
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