International Journal of Innovative Scientific & Engineering
Technologies Research 14(2):194-211, April-June, 2026

shn
J © SEAHI PUBLICATIONS, 2026 www.seahipublications.org ISSN: 2360-896X

DOI:10.5281/zenodo.21131577
A Comparative Evaluation of Adaptive Neuro-Fuzzy

Inference System (ANFIS) and Artificial Neural
Networks (ANN) with Levenberg-Marquardt
Algorithm for Forecasting River Discharge Indexed to
Climate Change

Lead Author:
Engr. Dr. Sunday Egbiki
(FNSE, FIMC, FMP, EMBA, CEM, CCP, CMC)
Department of Civil Engineering
Nigeria Maritime University, Okerenkoko, Delta State, Nigeria
Email: egbikidu@yahoo.com

2nd Author:
Prof. Okeke Gerald Ndubuisi
(Professor of Climate Change & Environmental Sustainability).
FNisafetyE, FISPON, etc.
Highstone Global University, Texas, USA.

Engr. Dr. Chidiebele E J Uzoagba
Department of Petroleum and Energy Resources Engineering
African University of Science and Technology (AUST)
Abuja, Nigeria

Engr. Dr. Ekaba Ufuoma Abundance (Ph.D.)
Institute of Geosciences and Environmental Management
Rivers State University, Port Harcourt, Nigeria
Email: uekaba60@gmail.com
Phone Number: +2348027578982

194


mailto:uekaba60@gmail.com
http://www.seahipublications.org/

Egbiki et al..... Int. J. Inno. Scientific & Eng. Tech. Res. 14(2):194-211, 2026

ABSTRACT

This study evaluated and compared the forecasting power of Adaptive Neuro-Fuzzy Inference System
(ANFIS) and Artificial Neural Network (ANN) with Levenberg-Marquardt (LM) algorithm in forecasting
Ikpoba river discharge indexed with climate change. In applying both ANFIS and ANN, five different
models; model 1 to 5 were created. Model 1 to 4 were created using only the river discharge while model 5
was created by indexing temperature and precipitation into model 4 to cater for the effect of climate change.
Five performance evaluation criteria, coefficient of correlation (R), coefficient of determination (R?), mean
square error (MSE), modelling efficiency (E) and index of agreement (I0OA) were used for comparative
analysis and the results showed that though model 1 to 4 were able to forecast the river discharge to some
degree of accuracy, yet model 5 performed better than the other four models with only discharge data. The
training and testing phases of model 5 with (ANFIS) showed over-estimation of 0.043 % and 0.044 % of
the target output respectively while the training and testing phases of model 5 with (ANN-LM) showed
over-estimation of 0.11% and 0.14% of the target output respectively. These values are within acceptable
error tolerance of +/-10 % for data validation. It is therefore concluded that ANFIS has a better forecasting
power than ANN-LM in forecasting river discharge. Also, indexing river discharge with temperature and
precipitation improved the forecasting models. These information are useful for integrated water resources
planning and management.

Keywords: Neuro-fuzzy inference, artificial neural network, algorithm, forecasting, discharge

INTRODUCTION

Modeling and forecasting river discharge are critical components of water resources management and
hydrological studies. These activities are essential for various applications, including the planning and
operational analysis of water systems, the efficient management of reservoirs, and the implementation of
flood control measures. Additionally, accurate discharge forecasting is fundamental for the hydraulic design
of structures such as dams, weirs, bridge crossings, sluice gates, barrages, stilling basins, and spillways.
Beyond infrastructure, river discharge modeling plays a vital role in managing hydropower generation,
hydro-peaking operations, and understanding the complex interactions within river ecosystems, such as
sediment transport, river aggradation and armoring, ecohydraulic behavior, and aquatic life sustainability
(Firat, 2007).

Traditionally, mathematical and conventional time series methods have been employed to forecast river
discharge. However, these methods often face significant challenges due to inherent limitations in their
assumptions. Specifically, many of these traditional approaches assume linearity and stationarity in their
models, which can lead to inaccurate and ineffective forecasts when applied to the nonlinear and dynamic
nature of hydrological phenomena (Firat, 2007). Given the increasing complexity of hydrological systems,
exacerbated by factors such as climate change, there is a growing need for more robust and flexible
forecasting methods.

In response to the limitations of traditional methods, soft computing techniques have gained traction as
powerful tools for hydrological forecasting. Among these, Artificial Intelligence (AI) models such as
Artificial Neural Networks (ANN), Fuzzy Logic Inference Systems (FLIS), and Adaptive Neuro-Fuzzy
Inference Systems (ANFIS) have become increasingly popular. These models mimic the human brain's
ability to learn and adapt, allowing them to model complex, nonlinear systems without requiring prior
knowledge of the underlying physical processes (Chang and Chang, 2006). This capability is particularly
valuable in hydrology, where systems are often characterized by deterministic, nonlinear, or stochastic
behaviors that are difficult to describe using traditional methods.

ANFIS has proven to be a versatile Al technique in hydrological applications. It has been employed in
various studies for tasks such as rainfall-runoff modeling, river flow time series predictions, and the
simulation of event-based rainfall-streamflow relationships (Zounemat-Kermani and Teshnehalb, 2008;
Valenca and Ludermir, 2000; Chang and Chen, 2001, 2006; Nayak et al., 2004, 2005). For instance, Tayfur
and Singh (2006) demonstrated the effectiveness of ANFIS models in simulating rainfall-streamflow
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events, while Mukarji et al. (2009) successfully applied ANFIS to forecast streamflow in the Ajay River
Basin in India. The technique has also been utilized in optimizing the operation of multipurpose reservoirs
(Mehta and Rain, 2009), predicting hydrological time series (Zounemat-Kermani and Teshnehalb, 2008),
and modeling various water-related processes, including municipal water consumption (Yurdusev and Firat,
2009), sediment volume prediction (Cigizoglu and Alp, 2006), groundwater flow prediction (Gungor,
2007), and evapotranspiration forecasting (Firat, 2007).

Similarly, ANN models have been widely adopted in hydrology due to their proven ability to simulate
complex hydrological processes, including river flows (Actil and Rat, 2005; Shamseldin, 2006; Coulibaly et
al., 2009). Their applications range from streamflow forecasting (Sinha et al., 2013) and temperature
prediction (Tabari et al., 2010; Bilgili, 2010) to reservoir inflow forecasting (Jain and Srivastava, 2005),
sediment yield modeling (Senthil Kumar et al., 2012), and runoff prediction for watersheds (Wu et al.,
2005). ANN models have also been employed for river flow generation, river level prediction, and the
forecasting of intermittent streamflows (Leahy et al., 2008; Kisi, 2004, 2007; Kisi et al., 2012).

The Levenberg-Marquardt (LM) algorithm stands out as one of the most effective training algorithms in the
field of hydrology and water resources management (Haykin, 2009). The LM algorithm is designed to solve
nonlinear least squares problems, which are commonly encountered when fitting parameterized functions to
a set of measured data points. Due to its efficiency and robustness, LM has been extensively used to train
Al models such as ANN and ANFIS, ensuring that these models can accurately capture the complex
relationships within hydrological datasets.

The relevance of advanced forecasting techniques like ANFIS and ANN has become even more pronounced
in the context of climate change. Climate change is introducing unprecedented variability and uncertainty
into hydrological systems, affecting precipitation patterns, temperature regimes, and river discharge
behaviors. Accurate forecasting models are crucial for adapting to these changes and mitigating their
impacts on water resources management. By incorporating Al-based methods and robust training
algorithms such as LM, researchers and practitioners can develop models that not only forecast river
discharge with higher accuracy but also account for the non-stationary and nonlinear effects induced by a
changing climate.

The motivation for this study stems from the need to improve river discharge forecasting accuracy in the
face of climate change-induced variability. Traditional forecasting methods have proven inadequate for
capturing the complex, nonlinear behaviors exhibited by hydrological systems under changing climatic
conditions. Therefore, this research aims to comparatively evaluate the performance of ANFIS and ANN
models, trained using the LM algorithm, in forecasting river discharge. The primary objective of this
research is to conduct a comparative evaluation of the Adaptive Neuro-Fuzzy Inference System (ANFIS)
and Artificial Neural Networks (ANN) using the Levenberg-Marquardt algorithm. The goal is to determine
which model offers superior performance in forecasting river discharge, particularly in the context of
climate change. By exploring the strengths and limitations of each approach, this study aims to contribute to
the development of more effective tools for managing water resources in an era of increasing environmental
uncertainty.

MATERIALS AND METHODS

The Study Area

The Ikpoba River is located within the rainforest belt of Edo State, within the Western Littoral hydrological
area (HA-6) of Nigeria, as classified by Akintola (1986). HA-6 is one of the eight hydrological areas into
which Nigeria is divided. Data for this study was collected from a gauging station situated along the Ikpoba
River in Benin City, approximately 160 km east of Lagos. The river originates from the Ishan Plateau in the
northern region and flows southwest through a steeply incised valley and sandy terrains before passing
through Benin City and joining the Ossiomo River Basin. Geographically, the river is positioned between
Latitude 6°19'41.71" and 6°54'53.41” and Longitude 5°38'45.39" and 5°55'49.77”, encompassing a drainage
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area of 922 km? (BORBDA, 2005). Fig. 1 illustrates the location map of the study area, while Table 1
provides the parameters of the hydrological gauging station
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Fig. 1: Location Map of Ikpoba dam along Ikpoba River (Ibezute et al., 2016)

Table 1: Ikpoba River Hydrological Gauging Station Parameters

Location of Station Location Basin Latitude  Longitude Drainage Area (km?)

Ikpoba River Edo, Nigeria ~ Ossiomo  6°20 °N 5°39°E 922

Source: (BORDA, 2005)

Materials

The discharge datasets utilized in this study were sourced from the Owena River Basin located in Benin
City, Edo State. Precipitation and temperature datasets were acquired from the Nigerian Meteorological
Agency (NIMET) in Lagos, Nigeria. The analysis was conducted using the only available daily discharge,
temperature, and precipitation records for the Ikpoba River, spanning a five-year period from 1991 to 1995.
No data of the above was available prior to and after the period under investigation.
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Methods

The general structures of the forecasting models are given in Eqs. 1-3 below and the structures of the

forecasting models are given in table 2.2.

Q(t) = Q(t—1) + Q(t—2) + ..Q(t—n) (1)
T(t)= T(t—1), T(t—2)+ .. T(t—n) ()
P(t) = P(t—1),P(t—2) + .. P(t—n) 3)

Where n is the number of year(s) under forecast.

Table 2: Structure of the forecasting models

S/N  Model Input Input Structure No of Input Target

Parameters Variables Output

1 Model 1 Q Q(t-1) 1 Q(t)

2 Model 2 Q Q(t-1), Q(t-2) 2 Q(t)

3 Model 3 Q Q(t-1), Q(t-2), Q(t-3) 3 Q(t)

4 Model 4 Q Q(t-1), Q(t-2), Q(t-3), Q(t-4) 4 Q(b)

5 Model 5 T T(t-1), T(t-2), T(t-3), T (t-4) 12 Q)
P P(t-1), P(t-2), P(t-3), P(t-4)
Q Q(t-1),Q(t-2), Q(t-3), Q(t-4)

Where , Q (t) represents the river discharge at time (t). T(t-1), T(t-2), T(t-3), T (t-4); P(t-1), P(t-2), P(t-3),
P(t-4) and Q(t-1), Q(t-2), Q(t-3), Q(t-4) represent the temperature, precipitation and the river discharge at
one time step (1994), second time steps (1994 and 1993), third time steps (1994, 1993 and 1992) and fourth
time steps (1994, 1993, 1992 and 1991) lag respectively.

Model Application Using ANFIS

The study utilized standard procedures for designing network models to address time series
analysis and forecasting through the Adaptive Neuro-Fuzzy Inference System (ANFIS) within

198



Egbiki et al..... Int. J. Inno. Scientific & Eng. Tech. Res. 14(2):194-211, 2026

MATLAB, as outlined by Actil and Rat (2005). The process involved several key steps (Fig. 2),
each crucial for the effective application of ANFIS to forecast river discharge under climate
change conditions.
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Fig. 2: Steps m modelling using AFNIS

The selected input datasets, comprising discharge, temperature, and precipitation records, along with the
corresponding target datasets for each of the five models (Model 1 to Model 5), were input into the ANFIS
graphical user interface (GUI) of MATLAB. The dataset was specifically tailored for time series analysis,
ensuring that the temporal sequence was preserved to accurately reflect the real-world conditions. Each
model was designed to capture different aspects of the relationship between river discharge and climatic
variables, thereby enabling a comprehensive analysis.

Fuzzification, the process of converting crisp input data into fuzzy sets, was achieved using a first-order
Sugeno fuzzy inference system. This approach, characterized by a linear function for the output, was
selected for its simplicity and effectiveness in modeling non-linear systems. For each model, three fuzzy
membership functions were defined per input variable. The generalized bell (gbell) membership function,
known for its smoothness and the ability to generalize the Cauchy distribution (commonly used in
probability theory), was employed across all models (Jang et al., 1997). This choice was based on the gbell
function's widespread application in hydrological studies, where it effectively captures the variability and
uncertainty inherent in such systems.

The grid partitioning method was utilized to segment the data into training, testing, and validation subsets,
ensuring that the models were trained and validated on distinct data portions to avoid overfitting. The
training set comprised 70 % of the data, while the testing and validation sets each accounted for 15 %.
These ratios were determined through iterative experimentation, optimizing model performance and
generalization capabilities. The partitioning process allowed for a thorough examination of the models'
predictive accuracy across different data segments.

The ANFIS models were trained using a hybrid algorithm that combined the least squares estimation
method, Levenberg-Marquardt algorithm, and gradient descent backpropagation. This combination
enhanced the models' ability to learn from the data efficiently, improving both convergence speed and
accuracy. The parameters of the fuzzy membership functions were fine-tuned through this iterative process,
adapting the models to capture the underlying patterns within the data effectively.

Defuzzification was conducted using the weighted average (wtaver) method, a robust approach that
converts the fuzzy set outputs back into crisp values. The defuzzification process was performed
consistently across all five models, ensuring comparability. Several key settings were standardized,
including the number of epochs (10), error tolerance (set to 0), and the use of the PROD (product) AND
implication method. Model 5, which integrated both temperature and precipitation datasets with discharge
data, was specifically designed to evaluate the influence of climate change on river discharge forecasts. The
performance of each ANFIS model was assessed using a suite of statistical goodness-of-fit measures,
including the coefficient of correlation (R), coefficient of determination (R?), mean square error (MSE),
Nash-Sutcliffe efficiency (E), and the index of agreement (IOA). These metrics provided a comprehensive

199



Egbiki et al.... Int. J. Inno. Scientific & Eng. Tech. Res. 14(2):194-211, 2026

evaluation of the models' predictive capabilities, highlighting their strengths and limitations in capturing the
complex dynamics of river discharge influenced by climatic factors.

Through this rigorous methodological framework, the study effectively applied ANFIS to the challenging
task of forecasting river discharge, offering valuable insights into the potential impacts of climate change on
hydrological systems. Fig. 3 (a-j) below shows the network models for all the five models using ANFIS.
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Fig. 3 (a-j): Network models for all the five models using ANFIS
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Model Application using ANN-LM

The standard steps for designing network models to address time series analysis and forecasting problems
using Artificial Neural Networks (ANNs) in MATLAB were meticulously followed, in line with the
procedures outlined by Shamseldin (2006). The objective was to develop robust models that could
accurately forecast river discharge patterns by leveraging the power of ANN, particularly through the
application of the Levenberg-Marquardt (LM) algorithm.

The process began with the careful selection of input and target output datasets for each of the five models
(Model 1 to Model 5). These datasets were then fed into the ANN graphical user interface (GUI) within
MATLAB. This interface facilitates the design and configuration of ANN architectures tailored to the
specific requirements of the problem at hand.

For each model, a multilayer perceptron (MLP) type architecture was specified, reflecting the nature of the
problem as a complex, nonlinear forecasting task. All models employed a three-layered perceptron
structure, which included an input layer, a hidden layer, and an output layer. The hidden layer, which plays
a crucial role in capturing the underlying patterns within the data, was configured with a varying number of
hidden neurons (HN) to optimize model performance. Through iterative testing, it was determined that
using 10 hidden neurons in the hidden layer yielded the best results, balancing computational efficiency and
predictive accuracy.

The activation functions used in the model were also carefully chosen to suit the task. A sigmoid transfer
function was employed in the hidden layer, providing the necessary non-linearity to model complex
relationships within the data. Meanwhile, a linear transfer function was used in the output layer to ensure
that the output values were suitable for regression tasks, such as forecasting continuous river discharge
values.

The backpropagation algorithm was selected as the learning algorithm due to its effectiveness and
simplicity in training neural networks. This algorithm iteratively adjusts the weights and biases of the
network to minimize the error between the predicted and actual outputs. Specifically, the Levenberg-
Marquardt (LM) algorithm, a variation of the backpropagation method, was used for training the models.
The LM algorithm is known for its superior convergence speed and accuracy, making it particularly suitable
for time series forecasting tasks.

Data partitioning was also a critical step in the model development process. The dataset was divided into
three subsets: a training dataset, a testing dataset, and a validation dataset. A partitioning ratio of 70% for
training, 15% for testing, and 15% for validation was adopted, as this ratio was found to provide optimal
results in terms of model generalization and performance. The training dataset was used to train the models,
while the testing and validation datasets were employed to evaluate the model's performance and to guard
against overfitting.

Finally, the models were subjected to rigorous training, testing, and validation processes using the
Levenberg-Marquardt (LM) algorithm. This approach ensured that the developed models were both
accurate and reliable, capable of making precise predictions on unseen data, which is essential for effective
river discharge forecasting under the influence of climate variability. Fig. 4 shown the network models for
all the five models using ANN.
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Fig. 4: ANN network model for Models 1 — 5

RESULTS AND DISCUSSIONS

The results obtained from model 1 to 5 using ANFIS and ANN-LM are presented and discussed below: The
coefficient of correction (R) and the mean square error (MSE) were used to monitor the performance during
the training and testing phases using MATLAB training interface. Validation data sets were used to check
and control the potential of the network models to over fit the data during training, hence they were not
discussed separately like the training and testing data sets. Coefficient of determination (R?), modelling

efficiency (E) and index of agreement (IOA) were further used to make detail comparative analysis.
Application of ANFIS
The results from ANFIS are presented in Fig. 5, Fig. 6 and Fig. 7.

Fig. 5 presents the performance metrics of five different Adaptive Neuro-Fuzzy Inference System (ANFIS)
models (Model 1 to Model 5) during the training phase. Each model is evaluated based on several key
metrics: Correlation Coefficient (R), Coefficient of Determination (R?), Mean Squared Error (MSE),
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Efficiency (E), and Index of Agreement (IOA). It was observed that the correlation coefficient (R) ranged
from 0.964 in Model 1 to 1.0 in Model 5. A higher R value indicates a stronger linear relationship between
the predicted and actual values. Model 5 achieves a perfect correlation (R = 1), showing that it predicts the
output almost perfectly during training. The coefficient of determination (R?) increased from 0.929 in
Model 1 to 1.0 in Model 5. R? represents the proportion of variance in the dependent variable that is
predictable from the independent variables. An R? of 1 in Model 5 indicates that it explains all the variance
in the training data, which is an ideal scenario.

Mean Squared Error (MSE) decreased significantly across the models, from 6.5 in Model 1 to 0.57 in
Model 5. A lower MSE indicates that the model's predictions are closer to the actual values. The drastic
reduction in MSE from Model 1 to Model 5 suggests that Model 5 is highly accurate in predicting the river
discharge during training. The Efficiency metric improves from 0.932 in Model 1 to 0.991 in Model 5.
Higher efficiency values suggest better model performance. Model 5, with an E value of 0.991, is very
efficient in predicting the outcomes during the training phase. The IOA values range from 0.731 in Model 1
to 0.872 in Model 5. IOA measures the degree to which predictions match observations. Higher IOA values
indicate better agreement between predicted and observed values, with Model 5 showing the highest
agreement. Model 5 clearly outperforms the other models across all metrics during the training phase. It
achieves the highest possible R and R? values, the lowest MSE, and the highest E and IOA values. This
suggests that Model 5 is the most accurate and reliable for forecasting river discharge in the training dataset.
However, it is important to evaluate these models on testing and validation datasets to ensure that Model 5’s
performance generalizes well to new, unseen data and does not result from overfitting during training.

ANFIS Model 1-5 (Training)

7
Ll
=
—
g
[ O | [ | O [ N | Pl
MODEL MODEL MODEL MODEL MODEL
1 2 3 4 5
mR 0964 0.969 0.984 0992 1
R2 0929 0.939 0.968 0.984 1
MSE(M3/s) 65 377 3.15 267 0.57
E 0932 0.952 0962 0.981 0.997
m I0A 0.731 0.735 0.744 0.751 0.872

Fig. 5: Performance evaluations of model 1 to 5 in the training phase using ANFIS
Fig. 6 presents the performance metrics of the 5 ANFIS models (Model 1 to Model 5) during the testing
phase, providing insight into how well each model generalizes to unseen data. The R values ranged from
0.918 in Model 1 to 1.0 in Model 5. Model 5 maintains a perfect R value of 1.0, indicating an exceptionally
strong linear relationship between the predicted and actual values even during testing. Models 3 and 4 also
show high R values (0.978 and 0.98, respectively), indicating good performance. The coefficient of
determination (R?) values increased from 0.843 in Model 1 to 1.0 in Model 5. Model 5 again achieves a
perfect R? of 1.0, meaning it accounts for all the variance in the testing data, which is a highly desirable
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outcome. Model 4 follows closely with an R? of 0.96, suggesting it also explains a significant portion of the
variance. MSE values range from 10.55 in Model 1 to 0.57 in Model 5. Model 5 again shows the lowest
MSE, indicating the most accurate predictions among the models during the testing phase. The high MSE
values in Models 1 and 2 (10.55 and 6.68, respectively) suggest less accuracy in these models. The
Efficiency (E) varies from 0.911 in Model 1 to 0.992 in Model 5, with the Model 5 displays the highest
efficiency, confirming its robust performance during testing. Model 4 also shows high efficiency (0.978),
reflecting its capability to generalize well to new data. The IOA values range from 0.71 in Model 1 to 0.873
in Model 5. Also Model 5 shows the highest IOA, indicating the strongest agreement between observed and
predicted values, followed by Model 4 with an IOA of 0.741. Model 5 consistently outperforms the other
models across all metrics in the testing phase, just as it did during training. This indicates that Model 5
generalizes exceptionally well to unseen data, maintaining high accuracy, efficiency, and agreement. Model
4 also shows strong performance, with relatively low MSE and high R, R?, and E values, making it a close
second to Model 5. However, the performance of Models 1 and 2 during testing, particularly with higher
MSE values and lower R? suggests that these models may struggle with generalization, possibly due to
underfitting or overfitting during training. This highlights the importance of careful model selection and
tuning to ensure that models not only perform well during training but also maintain accuracy when
exposed to new data.

ANFIS Model 1-5 (Testing)

u 12

o

-

<[ — — - - - -

> MODEL MODEL MODEL MODEL MODEL

1 y) 3 4 5

mR 0.918 0.934 0978 0.98 1
R2 0.843 0872 0.956 0.96 1
MSE (M3/s) 10.55 6.68 5.85 4.58 0.57
E 0911 0942 0953 0.978 0.992

mI0A 071 0726 0738 0.741 0.873

Fig. 6: Performance evaluations of model 1 to 5 in the testing phase using ANFIS
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Fig. 7: Comparing predicted discharge using training and testing sets against the
target data sets (ANFIS)

Using the performance evaluation criteria (R, R%, MSE, E and IOA) from Fig. 4, Fig. 6 and Fig. 7, the
results showed that though all the models were able to forecast the river discharge with certain degree of
accuracy, yet model 5 performed better than the other four models both in the training and testing phases.
Also, model 4 performed better than model 3 and in that order. This indicated that the more the data set, the
better the forecasting power of ANFIS.
Application of Levenberg-Marquardt (LM) Algorithm
The results from Levenberg-Marquardt (LM) are presented in Fig. 8, Fig. 9, and Fig. 10.
In Fig. 8, the LM algorithm has been employed to evaluate their performance during the training phase. The
R values show a progressive improvement from Model 1 through Model 5, indicating that each successive
model better captures the linear relationship between the predicted and actual river discharge values during
training. Model 5 achieves a perfect R value of 1, suggesting a nearly flawless linear fit. Like the R values,
the R? values indicate an increasing ability of the models to explain the variance in the training data. Model
5, with an R? of 1.0, explains 100% of the variance, demonstrating the highest predictive power among the
models. The MSE values decreased substantially from Model 1 to Model 5, signifying that the models
become increasingly accurate in their predictions as the MSE decreases. Model 5, with an MSE of 0.57, has
the lowest error, indicating that it is the most precise in predicting the river discharge values during training.
The efficiency which reflects how well the models perform compared to a simple mean predictor, improve
from Model 1 to Model 5. Model 5, with an efficiency of 0.991, demonstrates the highest efficiency,
indicating that it is the most effective at minimizing error compared to the simpler models. The IOA values,
which measure the degree of agreement between the observed and predicted values, also show improvement
across the models. Model 5, with an IOA of 0.872, indicates the best agreement between the predicted and
actual discharge values during training. Based on these performance metrics evaluated using the Levenberg-
Marquardt (LM) algorithm during the training phase, Model 5 clearly outperforms the other models across
all metrics. It achieves a perfect correlation and determination coefficient, the lowest mean squared error,
the highest efficiency, and the best index of agreement. These results suggest that Model 5 is highly
accurate and reliable in predicting river discharge during training.
However, while these results are promising, it is crucial to also consider the model's performance on the
testing and validation datasets to ensure that Model 5's superior performance is not due to overfitting during
the training phase. Nonetheless, in the context of training, Model 5 demonstrates optimal performance and
is likely the most robust model among the five analyzed.
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ANN-LM Model 1-5 (Training)

25
20
= 15
—
< 10
5
0 e — e —
MODEL 1 MODEL 2 MODEL 3 MODEL 4
mR 0.818 0.842 0.87 0.891
m R2 0.669 0.709 0.757 0.794
MSE (M3/s)  19.21 15.23 10.58 518
E 0.88 0.91 0.94 0.95
m [OA 0.64 0.65 0.66 0.68

MODEL 5

0.948
0.899
3.58
0.968
0.732

Fig. 8: Performance evaluations of model 1 to 5 in the training phase using LM

In Fig. 9, The performance of the models improves progressively from Model 1 to Model 5, with Model 5
exhibiting near-perfect accuracy and generalization capability. LM Algorithm. The use of the Levenberg-
Marquardt (LM) algorithm across all models allows for effective training, with significant improvements in
prediction accuracy as the models become more refined (from Model 1 to Model 5). This highlights the LM
algorithm's capacity to optimize complex models efficiently.
Best Model: Model 5 stands out as the best-performing model across all metrics, making it the most suitable
for forecasting river discharge in this context. The high R, R? and low MSE, coupled with excellent
efficiency and IOA, confirm that Model 5 provides the most reliable predictions.
In conclusion, while all models benefit from the LM algorithm's robust optimization capabilities, Model 5
emerges as the superior choice for accurate and reliable river discharge forecasting during the testing phase.

ANN-LM Model 1-5 (Testing)

25
20
= 15
= 10
5
o ——E_ — - —_— —_—
MODEL 1 MODEL 2 MODEL 3 MODEL 4 MODEL 5
=R 0.783 0.807 0.842 0.882 0.954
mR2 0613 0.651 0.709 0778 0.91
MSE (M3/s) 19.88 16.08 12.18 577 3.55
E 0.81 0.86 0.87 0.89 0.97
m 10OA 062 0.64 0.65 0.67 0.736

Fig. 9: Performance evaluations of model 1 to 5 in the testing phase using LM
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Fig. 10: Comparing predicted discharge of model 5 only in the training and testing phases with the target
discharge data sets (LM)

Using the performance evaluation criteria (R, R?, MSE, E and IOA) from figures 3.4 to 3.6, the results

showed that though all the models were able to forecast the river discharge with certain degree of accuracy,

yet model 5 performed better than the other four models both in the training and testing phases. Also, model

4 performed better than model 3 and in that order. This indicated that the more the data set, the better the

forecasting power of ANN-LM.

Comparing the best model (Model 5) using the ANFIS and LM Algorithm

Figures 3.7 and 3.8 compared model 5 (the best model) using ANFIS and ANN-LM in the training and

testing phases respectively using the performance evaluation criteria. The results showed that ANFIS

performed better than ANN-LM both in the training and in the testing phases. In (R, R?, E and I0A) the

bigger the value, the better the result while in MSE, the smaller the value, the better the result.
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3.5

25

VALUE
[

15

1
- . . . .
0
R R2 MSE [M3/s) E 10

B MODEL 5 (ANFIS) 1 1 0.57 0.991 0.872
B MODEL 5 (ANN-LM) 0.948 0.899 3.58 0.968 0.732

Figure 3.7: Comparison of model 1-5 (training) using ANFIS and ANN-LM

WALUE
(%)

0.5

R R2 MSE (M3/s) I 10A

m MODEL 5 (ANFIS) 1 1 0.57 0.992 0.873
® MODEL 5 (ANN-LM) 0.954 091 3.55 0.97 0.736

0

Figure 3.8: Comparison of model 1-5 (testing) using ANFIS and ANN-LM
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= Model 5 (ANN-LM) 0.11 D14

Figure 3.9: Percentage over estimation of model 5 (training and testing) using ANFIS and ANN-LM

In Figure 3.9, the training and testing phases of model 5 with (ANFIS) showed over-estimation of 0.043%
and 0.044% of the target output respectively while the training and testing phases of model 5 with (ANN-
LM) showed over-estimation of 0.11% and 0.14% of the target output respectively. These values are within
acceptable error tolerance of +/-10% for data validation. Also, indexing the river discharge with
temperature and precipitation improved the forecasting models. These information are useful for integrated
water resources planning and management.

CONCLUSIONS

The integration of ANFIS and LM provides a powerful approach for forecasting river discharge in the
context of climate change. ANFIS's ability to model complex, non-linear relationships and incorporate
fuzzy logic makes it well-suited for handling the uncertainties associated with climate impacts on river
systems. The LM algorithm enhances this capability by optimizing model parameters to ensure precise and
reliable forecasts. The combination of ANFIS and LM results in accurate and adaptive forecasting models
that account for both historical discharge patterns and the effects of climate change. This is crucial for
effective water resource management and planning. ANFIS's flexibility in incorporating climatic variables
allows for a nuanced understanding of how changing climate conditions influence river discharge. LM’s
optimization ensures that the models remain robust and accurate as climatic conditions evolve, especially
indexing river discharge with temperature and precipitation to cater for effect of climate change improved
the forecasting methods. Improved forecasting models aid in better decision-making for flood management,
water resource allocation, and environmental protection. Understanding the impact of climate change on
river discharge can help stakeholders anticipate and mitigate potential adverse effects.

ANFIS, with its hybrid approach, and LM, with its optimization prowess, collectively contribute to
advanced forecasting and modeling of river discharge indexed to climate change. Their integration
enhances the accuracy and reliability of predictions, providing valuable insights for managing river systems
in a changing climate. Adaptive neuro-fuzzy inference system (ANFIS) and Artificial neural networks
(ANN) are adequate forecasting methods for forecasting river discharge.
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